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Abstract. Glass artifacts are weathered due to age and improper preservation, etc. This paper
analyzes the classification laws of high potassium glass and lead-barium glass based on the data;
for each category, suitable chemical compositions are selected to classify them into subcategories,
and firstly, a decision tree classification model is used to analyze the classification laws of the two
categories of glass by substituting the data set for machine learning, and specific classification
methods and classification results are given. And the chemical composition of the unknown category
of glass artifacts is analyzed, and the random forest classification model is used to predict the training
set and test set by.
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1. Introduction

The Silk Road was an important route for trade between Asian, European and African countries
in ancient times. The Silk Road was not only a trade route, but also an important road for the spread
of culture and technological exchange. Among them, glass products were loved by various countries
because of their special craftsmanship and exquisite shapes. After West Asia and other countries
introduced glass products into China, China absorbed their technology and made them with local
materials, so our glass products will have different chemical composition compared with other
countries [1-4].

The main raw material of glass is quartz sand, which has a melting point of 1750°C. In ancient
times, it was not possible to reach this temperature, so it was chosen to add co-solvents such as lead
oxide, grass ash and saltpeter to lower the melting point. The co-solvents for making glass products
differed from time to time, such as K20, Ca0O, and SiO2 from the Spring and Autumn Period to the
Warring States Period, BaO, PbO, and SiO2 from the Warring States Period to the Eastern Han
Dynasty, and PbO and SiO2 from the Eastern Han Dynasty to the Tang Dynasty [5-7].

Glass products are weathered due to age and improper preservation, etc. Weathering of glass is the
loss of crystalline water of glass components in the natural state, which makes glass fragile, reduces
light transmission, easily produces cracks, and scale-like flaking. In this process, the chemical
composition and proportion of glass products will change, which in turn affects the identification of
glass products: such as marked as non-weathered artifacts may also have weathered parts, while
marked as weathered artifacts may also exist unweathered parts [8-10].

2. Build a Glass Classification Model

2.1 Machine Learning - Decision Tree Classification

Decision tree classification: Starting from the root node, a feature of the instance is tested, and the
instance is assigned to its child nodes according to the test results, at which time each child node
corresponds to a value taken for that feature, and so on recursively, the instance is tested and assigned
until it reaches the leaf node, and finally the instance is divided into the classes of the leaf nodes.
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For analyzing the classification laws of high potassium glass and lead-barium glass, the processed
data are integrated, with high potassium type and lead-barium type coded as 1 and 2, and the
corresponding chemical composition content (due to the large number of tables, they are placed in
the appendix), as the training set and test set, and substituted into the MATLAB decision tree
classification program to derive the classification tree graph, and the predicted results are compared
with the true values, from which the accuracy rate is derived, while A confusion matrix visualization
is performed and used to summarize the classification model prediction results.

2.2 K Means Clustering Analysis

K Means algorithm, also known as k-means algorithm, k-means algorithm in the k-means
represents the clusters of k clusters means to take the mean of the data values in each cluster as the
center of the cluster, or called the center of mass, that is, the description of the cluster with the center
of mass of each class.

The idea of the algorithm is as follows: first, k samples are randomly selected from the sample set
as cluster centers, and the distance between all samples and these k "cluster centers" is calculated,
and for each sample, it is divided into the cluster with the closest "cluster center", and for the new
"cluster centers" of each cluster are calculated for each new cluster.

First, by comparing the differences in chemical composition before and after weathering of the
same type, we selected the top eight chemical components for each of the two types of high potassium
glass and lead-barium glass, respectively, and for the high potassium type we selected the following
chemical components: NaO, KO, CaO, MgO, AlO, FeO, BaO, and P205; for the lead-barium type
we selected the main chemical components. Silicon dioxide, sodium oxide, calcium oxide, copper
oxide, lead oxide, phosphorus pentoxide, strontium oxide, sulfur dioxide (see appendix for details of
chemical composition difference value data). Then K Means clustering analysis was performed on
the content of the eight components separately.

2.3 Elbow Rule and Contour Factor

Elbow Method

We know that k-means takes minimizing the squared error between sample and prime as the
objective function, and the sum of squared distance error between prime and sample points within
each cluster is called distortion degree (distortions). Then, for a cluster, the lower its distortion degree,
the tighter the cluster members are, and the higher the distortion degree, the looser the cluster structure
is. The degree of distortion decreases as the category increases, but for data with a certain degree of
differentiation, the degree of distortion improves greatly when a certain critical point is reached, and
then decreases slowly, and this critical point can be considered as the point with better clustering
performance.

Silhouette Coefficient

For a clustering task, we want to obtain clusters that are as close as possible within the clusters
and as far as possible between the clusters.

Silhouette Coefficient:

N b(i)—a(i)
S(L) - max{a(i)—b(i)} (1)

Among them, a(i) represents the cohesiveness of the sample points and is calculated as follows:

a(i) = ﬁZ?ﬂ distance(i, ) (2)

The mean value of S(i) of all samples is called the contour coefficient of clustering result, defined
as S, which is a measure of whether the clustering is reasonable and effective. The value of the contour
coefficient of the clustering result is between (-1,1), and the larger the value, the closer the similar
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samples are to each other, and the farther the different samples are from each other, the better the
clustering effect.

The data of the 8 chemical components picked from the high potassium type and the data of the 8
chemical components picked from the lead-barium type were substituted into the MATLAB elbow
rule program respectively, and the best number of clusters could be derived; then the data and the
number of clusters were substituted into the contour coefficient program, and the contour coefficient
graph was drawn to visually evaluate the good or bad clustering effect.

2.4 Machine Learning - Decision Tree Classification Results

x9 <546 9>=546

Figure 1. Decision tree classification chart

From Figure 1, the decision variable for the classification of high potassium and lead barium is:
x9, which is the lead oxide content, when the lead oxide content is less than 5.46, it is high potassium
glass; when the lead oxide content is greater than or equal to 5.46, it is lead barium glass
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Figure 2. Comparison of prediction results Figure 3. Confusion matrix

From the figure 2 and 3, the prediction results are accurate and the decision tree classification
model is accurate. This results in the correct decision variables and a reasonable model.

2.5 K_Means Clustering Analysis Results

The results are shown in the figure 4 and 5, table 1 and 2.

KrMe155ns Clustering Number of Clusters:3 Outline of the coefficient of SC:0.51596 K—Meaﬁns Clustering Number of Clusters:3 Outline of the coefficient of SC:0.59876
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Figure 4. High potassium clustering Figure 5. Lead-barium clustering
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Table 1. Cluster labeling of high potassium class data sets
Cl“g;‘ng Na20 K20 CaO MgO A203 | Fe203 BaO P205
1 0 9.99 1.07 0.87 3.93 1.74 0 1.17
1 0 5.19 0.62 0 4.06 0 0 0.66
1 0 12.37 0.21 1.11 5.5 2.16 2.86 0.7
1 0 9.67 0.72 1.56 6.44 2.06 0 0.79
1 0 10.95 1.66 1.77 7.5 2.62 0 0.94
4 0 7.37 0.94 1.98 11.15 2.39 1.38 4.18
4 0 7.68 6.32 1.73 10.05 6.04 0.97 4.5
2 0 0 2.01 0 1.98 0.17 0 0.61
2 0 0.59 5.87 0 1.32 0.32 0 0.35
2 0 0.92 7.12 0 0.81 0.26 0 0
Table 2. Cluster labeling of lead-barium class data sets
Cl‘isyt;gng Si02 Na20 Ca0 Cu0 PbO P205 Sro S02
| 36.28 0 2.34 0.26 47.43 3.57 0.19 0
| 20.14 0 1.48 10.41 28.68 3.59 0.37 2.58
3 4.61 0 3.19 3.14 32.45 7.56 0.53 15.03
| 33.59 0 3.51 4.93 25.39 9.38 0.37 0
| 29.64 0 2.93 3.51 42.82 8.83 0.19 0
2 37.36 0 0 4.78 9.3 5.75 0 0
2 53.79 7.92 0.5 2.99 16.98 0 0.33 0
| 31.94 0 0.47 8.46 29.14 0.14 0.91 0
2 50.61 231 0.63 1.12 31.9 0.19 0.2 0
| 19.79 0 1.44 10.57 29.53 3.13 0.45 1.96

2.6 Elbow Law and Contour Factor Results
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Figlire 6. High potassium clustering profile coefficients
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Figure 7. High potassium clustering elbow rule
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From the above figures 6 and 7, the optimal number of clusters for high potassium clustering is 4
and the values of contour coefficients are greater than 0. Therefore, the results of high potassium
clustering are reasonable.
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Figure 8. Lead-barium clustering profile coefficient
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Figure 9. Lead-barium clustering elbow rule

From the above two figures 8 and 9, the best number of clusters for lead-barium clustering is 3
and the values of contour coefficients are greater than 0. Therefore, the results of lead-barium
clustering are reasonable.

3. Build a Glass Identification Model

3.1 Machine Learning - Random Forest Classification Model

Random forest is composed of multiple decision trees, each of which is not the same. In building
the decision tree, we randomly select a portion of the samples from the training data that we put back,
and we do not use all the features of the data, but randomly select some of the features for training.
Each tree uses different samples and features, and the training results are not the same.

Our data were substituted into MATLAB as samples, and the confusion matrix and chemical
composition-importance graphs for the training and test sets were plotted to visualize which chemical
components were more important, and predictions were made for the training and test sets, and the
predicted results were plotted against the true values, along with the accuracy rates, and the number
of decision trees-error curves were plotted to show that as the number of decision trees increased, the
trend of error magnitude.

Finally, the data required to be predicted by the problem are substituted into the program for
prediction and the classification results are derived.
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3.2 Machine Learning - Random Forest Classification Model Results

T T T
Error Curve

Error

5 10 15 20 25 30 35 40 45 50 55 60
Number of Design trees

Figure 10. Number of decision trees - error
From the above figure 10, it can be obtained that the random forest prediction model has a high
accuracy rate for the prediction result of this question, and the model is reasonable, so the prediction

of the sample in the question can be carried out, and the prediction result is as follows table 3:

Table 3. Sample prediction results

Artifact Al A2 A3 A4 A5 A6 A7 A8
Number
ngh Barium lead|Barium lead|Barium lead|Barium lead, ngh ngh Barium lead|
Category | potassium potassium potassium
glass glass glass glass glass
glass glass glass

4. Conclusion

In this paper, firstly, we used decision tree classification model to analyze the classification laws
of two types of glass by substituting the data set for machine learning, and the results were obtained
as high potassium glass when the lead oxide content was less than 5.46, and lead-barium glass when
it was greater than or equal to 5.46. Finally, the eight chemical components with significant changes
before and after weathering in the two types of glass were screened according to the table of chemical
component difference values, and the eight chemical components were analyzed by K Means
clustering, and the reasonableness of the model was evaluated by the elbow rule and the contour
coefficient, and the results were obtained as the best number of clusters for the high potassium class
was 4 and for the lead-barium class was 3. The sensitivity was detected by changing the number of
screened chemical components.

To identify the glass types, a random forest classification model was subsequently used, and the
accuracy was 100% by predicting the training and test sets, followed by substituting the samples in
the problem for prediction, and the results were: A1, A6, and A7 for high potassium glass; A2, A3,
A4, A5, and A8 for lead-barium glass. At the same time, the accuracy of the BP neural network
classification model optimized by the particle swarm algorithm was lower than that of the random
forest classification model for the training and test sets.
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