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Abstract: In this paper, we take the composition analysis and identification of lead-barium glass and
high-potassium glass as the starting point, and analyze and solve the problems related to the
weathering and chemical composition of the two glass types through machine learning and random
forest. In this paper, the mean value and content interval of the given data are initially processed,
and the classification basis can be roughly determined. Then the random forest classification model
is used to classify them, and the importance of each feature is obtained. The K-mean clustering
algorithm is adopted to solve the problem, and the reasonableness test is performed using the fuzzy
clustering algorithm, and the results of both are similar, indicating good reasonableness. Finally, a
random forest model was used to train the new sample data, and then a sobol sensitivity test was
performed on them according to the classification results to obtain a higher sensitivity of alumina to
the classification results of high-potassium glass and a higher sensitivity of lead oxide to the
classification results of lead-barium glass.

Keywords: Machine Learning; Random Forest; Clustering Algorithm; Glass Component
Identification.

1. Introduction

Glass is a valuable physical evidence of the early trade exchanges along the Silk Road in China.
Glass was introduced into our country from abroad, our country to absorb technology, local materials,
and foreign glass products are similar in appearance but different chemical composition. Glass in the
refining, due to different fluxes, its main chemical composition is different, lead barium glass with a
high content of lead oxide, barium oxide[1]. Potassium glass is fired with a high content of potassium
substances such as grass wood ash as a flux. This paper analyzes the classification rules of high
potassium glass and lead-barium glass; for each category, we select the appropriate chemical
composition to classify them into subcategories, give the specific classification methods and results,
and analyze the rationality and sensitivity of the classification results[2].

To investigate the classification pattern of high potassium glass and lead-barium glass, we need to
investigate which chemical components play a key role in their classification, so we need to do
statistics and analysis of their content distribution. Then the random forest classification model was
used to test the classification and obtain the importance of each feature, so as to analyze which feature
plays an important role in its classification[3]. Next, the subclasses of high potassium glass and lead-
barium glass are divided, because the division is based on the sample set and the classification cannot
be trained, so the K-mean clustering algorithm is adopted to solve the problem, and the fuzzy
clustering algorithm is used to test the rationality, and if the results obtained by the two algorithms
are similar, it means that the rationality is good; finally, the random forest model is used to train the
new sample data, and then according to the classification results, the sobol sensitivity test is
performed.
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2. Model assumptions and notation
2.1 Assumptions [4-6]

1 It is assumed that the only factors that may affect the degree of weathering are the type,
decoration, and color of the glass artifacts.

2 It is assumed that the small amount of data does not have a significant impact on the study of
this problem.

3 It is assumed that the change in the chemical content of the glass artifacts is only affected by the
degree of weathering

4 1t is assumed that all chemical components in the glass artifacts have been detected.

2.2 Notations

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

Symbols Definition

A Real Value

T Theoretical Value
x> Cardinality

X; The ith value of the X series
Y; i-th value of Y-series

r Pearson coefficient

X X Sequence average

Y; Y Sequence average

P Significance

3. Model construction and solving
3.1 Analysis of the classification law of high potassium glass and lead-barium glass

In the process of classification, each feature is independent of the data between them, which just
meets the conditions of the random forest classification model, and the algorithm is applied to the
classification + regression model in general, which not only prevents overfitting and fast classification,
but also can estimate the importance of features in the classification and has a strong resistance to noise
interference. Subclassification of glass artifacts is unsupervised, and k-means clustering (k-means)
algorithm can be used, which is a clustering algorithm based on sample set division and can accurately
and effectively classify glass artifacts according to their common characteristics[7].

3.2 Model solving
3.2.1 Data analysis and random forest model validation

Preliminary analysis of the data shows that silica content has a great influence on its classification,
silica content lower than 50% will only be lead-barium glass, higher than 80% will only be high
potassium glass, and higher silica content is more likely to be high potassium glass. Secondly,
potassium oxide and lead oxide also play a great role in its classification, and the following Table 2
to Table 5 shows that potassium oxide has a higher content in high potassium glass and lead oxide
has a higher content in lead-barium glass.
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Table 2 High potassium glass silica content

Ingredient content Quantity Ratio
50-60 2 16.67%
60-70 7 58.33%
70-80 2 16.67%
80-90 1 8.33%
Total 12 100.00%
Table 3 High potassium glass potassium oxide content
Ingredient content Quantity Ratio
0 1 8.33%
5-10 6 50.00%
10-15 5 41.67%
Total 12 100.00%
Table 4 Lead barium glass potassium oxide content
Ingredient content Quantity Ratio
30-40 2 15.38%
40-50 0 0.00%
50-60 2 15.38%
60-70 7 53.85%
70-80 2 15.38%
Total 13 100.00%
Table 5 Lead barium glass calcium oxide content
Ingredient content Quantity Ratio
0-5 3 27.27%
5-10 8 72.73%
Total 11 100.00%

In order to verify the analysis, the random forest model will be used next to analyze the data, take
the sampling with put-back to construct sub-datasets, ensure the same order of magnitude between
different sub-sets (elements can be repeated), use the sub-datasets to construct sub-decision trees, put
the data to be predicted into each sub-decision tree, output one result for each sub-decision tree, count
the voting results of the sub-decision trees, and the one with more votes is the random The output
result of the forest[8]. In this problem, the variables are first assigned to 0 for high potassium and 1
for lead-barium, 0 for no weathering and 1 for weathering, and 0 to 13 for each feature component in
Form II. The random forest analysis based on the data information of each feature quantity in the
table yields[9]as shown in Figure 1.

130



Highlights in Science, Engineering and Technology

CEAM 2022

Volume 21 (2022)

X[0] <=-2.04
squared_error = 0.194
samples = 36
value = 0.736

TI’LV %Ise

squared_error = 0.0
samples =8
value = 0.0

XM4]<=-15
squared_error = 0.046
samples = 28

value = 0.951

/

N

= X[9] <=-0.464
squ:ﬂ_g;o; ; 0.0 squared_error = 0.024

valu'?a =00 samples = 27
. value = 0.975

X[2] <=-1.109 \ _

squared_error =0.222 SquaredTerr2r2—40_0
samples =3 San”llp es ; 2
value = 0.667 value = 1.

LN

squared_error = 0.0
samples = 1
value = 0.0

squared_error = 0.0
samples = 2
value = 1.0

Figure 1 Decision Tree Results for Random Forest
The results show that silica plays a key role in the classification of high potassium glass and lead-
barium glass, and magnesium oxide, sodium oxide, and copper oxide also have some influence on
their classification. The importance of each feature is obtained. The importance ranking chart was
generated by sorting them in descending order of feature importance as shown in Figure 2.
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Figure 2 Importance of each chemical component

3.2.2 Subcategories of glass artifacts

High potassium glass.
Table 6 High potassium glass artifacts are divided into proportions according to composition
Chemical composition content (%) Quantity Proportion (%)
Aluminum oxide 3-8 ? 75.00
8-12 3 25.00
Total 12 100.00
. . 0-5 3 27.27
Calcium Oxides 5-10 ] 7273
Total 11 100.00

Lead barium glass.
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Table 7 Lead barium glass artifacts according to the composition of the proportion

Chemical composition content (%) Quantity Proportion (%)
Lead oxide 0-20 6 46.15
20-40 7 53.85
Total 13 100.00
1-2 3 23.08
2-3 3 23.08
Alumina 3-4 3 23.08
4-5 3 23.08
5-6 1 7.69
Total 13 100.00

According to the division of the content of each chemical composition, it is initially presumed that
the high potassium glass can be divided into two subclasses according to the content of aluminum
and calcium, and the lead-barium glass can be divided into four subclasses according to the content
of'lead and aluminum. Because the above chemical components have a certain amount in each content
range and are more evenly distributed, it is reasonable to use them as the basis for classification.

For each type of subclassification, an unsupervised learning clustering algorithm is used to verify
the speculation. k-means clustering (k-means) is a clustering algorithm based on sample set
partitioning, in which the data are divided into K groups and K objects are randomly selected as the
initial clustering centers, and then the distance between each object and the clustering center is
calculated so that each object is assigned to the clustering center closest to it[9].The specific
implementation process is as follows.

(1) Data source: get the excel sub-table of high potassium type in calcium oxide (CaO), aluminum
oxide (AI203)

in the excel sub-table.

(2) Cluster analysis: The high potassium is divided into two major classes, so the a priori method
is used to define k=2, and the following Figure 3 is obtained.
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Figure 3 k-means clustering results

Where green is the sample point and red is the center of mass, whose coordinates are
(0.903749999999999999, 2.336249999999999997), (6.19799999999999999995, 7.233)
respectively, so it is possible to divide the high potassium glass into two subclasses.

Since the composition content of lead oxide in lead barium is uniformly distributed in five intervals,
the k value cannot be defined directly by the a priori method, so the elbow method is used to determine
the k value[10], and the graph of the elbow method is obtained by running the Figure 4 of lead barium
as follows.
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Figure 4 Elbow method to determine the center of mass
Therefore, k=4 is defined, and similarly the K-mean clustering algorithm is used to obtain 4 prime
points, which are [2.2, 61.001999999999995], [2.4458333333333333, 29.61416666666666666],
[3.02375, 43.890625], [5.68625, 16.9675], as follows Figure 5.
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Figure 5 k-means clustering results
Initially, it was judged that it was reasonable to divide lead barium into four subclasses, and in
order to verify the rationality of the model, the fuzzy mean clustering algorithm was used to perform
cluster analysis, and by running the sample data of lead barium, the following Figure 6 was obtained
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Figure 6 Fuzzy mean clustering results
It can be seen that the results of the two types of algorithms are basically the same, which proves
the reasonableness of the model. In the high potassium glass the low chalcogenide glass is marked as
1 and the high chalcogenide glass is marked as 2, and in the lead barium glass it is divided into pbl,
pb2, pb3 and pb4, which are marked as 1, 2, 3 and 4 respectively, and the subclasses of high potassium
glass and lead barium glass according to the above model can finally obtain the following results as
shown in Table 8 and Table 9.

133



Highlights in Science, Engineering and Technology CEAM 2022
Volume 21 (2022)

Table 8 Classification of high potassium glass

Type Calcium oxide (CaO) Aluminum oxide (Al>O3) Subclass
High Potassium 6.32 3.93 1
High Potassium 2.01 4.06 2
High Potassium 5.87 5.5 2
High Potassium 7.12 6.44 2
High Potassium 7.35 7.5 2
High Potassium 0 11.15 1
High Potassium 5.41 10.05 2
High Potassium 1.07 1.98 1
High Potassium 0.62 1.32 1
High Potassium 0.21 0.81 1
High Potassium 0.72 1.46 1
High Potassium 8.7 6.16 2
High Potassium 8.23 9.23 2
High Potassium 8.27 6.18 2
High Potassium 0 3.05 1
High Potassium 4.71 6.19 2
High Potassium 1.66 3.5 1
High Potassium 0.94 2.51 1

Table 9 Classification of lead barium glass

Type Aluminum oxide (Al,Os3) Lead oxide (PbO) Subclass
Lead barium 5.73 47.43 3
Lead barium 1.34 28.68 2
Lead barium 1.11 32.45 2
Lead barium 2.69 25.39 2
Lead Barium 3.57 42.82 3
Lead Barium 5.45 9.3 1
Lead Barium 1.42 16.98 1
Lead Barium 1.59 29.14 2
Lead Barium 1.9 31.9 2
Lead Barium 0.7 29.53 2
Lead Barium 1.18 29.92 2
Lead Barium 4.7 17.14 1
Lead Barium 14.34 12.31 1
Lead Barium 4.35 39.22 3
Lead Barium 3.86 37.74 3
Lead Barium 3.11 16.55 1
Lead Barium 2.36 19.76 1
Lead Barium 2.35 16.16 1
Lead Barium 1.62 46.55 3
Lead Barium 1.44 22.05 2
Lead Barium 1.6 41.61 3
Lead Barium 2.72 17.24 1
Lead Barium 2.57 4931 3
Lead Barium 0.5 61.03 4
Lead Barium 0.45 70.21 4
Lead Barium 3.33 44.12 3
Lead Barium 3.53 21.88 1
Lead Barium 5.66 20.12 1
Lead Barium 2.25 59.85 4
Lead Barium 341 44.75 3
Lead Barium 12.69 13.61 1
Lead Barium 5 15.99 1
Lead Barium 4.79 25.25 2
Lead Barium 3.06 25.4 2
Lead Barium 13.65 15.71 1
Lead Barium 5.38 34.18 2
Lead Barium 6.5 23.02 1
Lead Barium 1.87 44 3
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Lead Barium 4.16 30.61 2
Lead Barium 5.25 40.24 3
Lead Barium 2.51 51.34 3
Lead Barium 1.16 47.42 3
Lead Barium 6.06 13.66 1
Lead Barium 4.15 55.46 4
Lead Barium 3.65 58.46 4
Lead Barium 1.45 32.92 2
Lead Barium 1.85 41.25 3
Lead Barium 2.18 45.1 3
Lead Barium 3.52 39.35 3
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Figure 7 Sensitivity of subclassification of high potassium glass
Then the new sample data is trained with the random forest model, and then a sobol sensitivity
analysis is performed on it according to the classification results, and the following Figure 7.
The figure shows that alumina is more sensitive to the classification results. Similarly, the same
model training and sensitivity analysis is performed for lead-barium glass, and the following Figure
8 is obtained
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Figure 8 Sensitivity of lead barium glass subclass division
The graph shows that lead oxide is more sensitive to the classification results

4. Conclusion

In this paper, the given data are initially processed by mean value and content interval division to
roughly determine the basis of their classification; then the classification is tested by random forest
classification model to obtain the importance of each feature, so as to analyze which feature plays an
important role in their classification. Next, the subclasses of high potassium glass and lead-barium
glass are divided, because the division is based on the sample set and the classification cannot be
trained, so the K-mean clustering algorithm is adopted to solve the problem, and the reasonableness
test is conducted using the fuzzy clustering algorithm, and if the results obtained by the two
algorithms are similar, it indicates good reasonableness; finally, the random forest model is used to
train the new sample data, and then the classification results are based on the sobol sensitivity test is
performed.

135



Highlights in Science, Engineering and Technology CEAM 2022

Volume 21 (2022)

The random forest model based on this problem has high accuracy and can classify and identify

glass artifacts in great detail. The random forest model based on the problem of this paper is fast to
train and can obtain the importance ranking of variables. The amount of data is small and may produce
error uncontrollable factors may affect the analysis of the model on the composition of glass artifacts
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