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Abstract: Glass is the precious material evidence of the early trade of the ancient Silk Road, but the
ancient glass is easily weathered by the influence of burial, and its composition ratio changes, which
affects the correct judgment of its category. The study of the composition analysis and identification
of ancient glass products is of great help to understand the social culture and foreign trade civilization
at that time. This paper mainly studies the composition analysis and identification of ancient
glassware, to evaluate, predict and classify the ancient glassware, this paper establishes a
comprehensive evaluation model, using the chi-square test, K-means clustering model, decision tree
model, Lasso regression and grey correlation degree test. It helps archaeologists to analyze and
predict the correlation between the weathering degree of cultural relics and their attributes and
chemical composition content, and according to the existing classification standards of cultural relics.
A labelled subclassification scheme is formulated to identify the types of unknown cultural relics. At
the same time, the correlation between the chemical components of different types of cultural relics
was analyzed.
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1. Introduction

Glass is one of the earliest silicate materials invented by human beings, which was introduced into
China as jewellery from the Western Regions in ancient times and became a precious cultural relic
through the precipitation of time. However, due to the physical and chemical properties of glass, it is
easy to react with moisture and gases in the air, which makes it difficult to confirm the types of
cultural relics and other information, thus affecting more detailed archaeological work. Therefore, it
is urgent to analyze the weathering mechanism of glass cultural relics and find an effective
classification method.

Cao Caixia and other scholars used the theory of fuzzy mathematics to study the classification of
glass cultural relics. ''Yang Yun and other scholars used the method of BILSTM-CRF to study the
extraction of knowledge points of glass cultural relics, which provided a solid mathematical
foundation for subsequent researchers.”’lChen Min used atomic absorption spectrophotometer,
infrared reflectance spectroscopy and other methods to study the influencing factors of lead-barium
glass weathering with detailed experimental data, and constructed conditions for further analysis of
the mechanism. B'Wang Chengyu and other scholars have made a detailed explanation of the
weathering mechanism of silicate glass and provided a research direction for improving the
weathering of glass.['In a word, the weathering composition analysis and classification identification
of glass cultural relics has gradually become a hot research topic, which has broad research space and
great value of dual significance of technology and culture, and more scholars will participate in the
research of this issue in the future.

However, the above research methods are only aimed at analyzing the relationship between the
type, decoration and colour of glass cultural relics and whether the surface is weathered or not, and
then exploring the existing classification rules of glass cultural relics through data, and dividing them
into subcategories with explicable and clear rules. Finally, the chemical composition of the unknown
type of glass relics was analyzed to identify its type, and the correlation analysis of chemical elements
was carried out by grey correlation analysis.
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2. Establishment and solution of the model
2.1 Correlation analysis

To explore the relationship between the type, decoration and colour of glass relics and whether the
surface is weathered or not, we use the method of calculating the correlation coefficient. Since the
glass relic "weathered or not" and the other three variables are all categorical variables, the Pearson
coefficient used for continuous variables is no longer applicable, and we consider using the Spearman
rank correlation coefficient (Spearman's rank correlation coefficient). We select the four factors of
ornamentation, type, colour and surface weathering, and get relatively reliable results through
quantitative analysis.

We intend to explore the correlation coefficient between the surface weathering of glass relics and
the glass type, ornamentation and colour . The results are shown in Table 1.

Table 1 Spearman Coefficient

Ornamentation Type Color Surface weathering
Ornamentation 1.000 (0.000%**)  0.190 (0.176)  0.470 (0.000*** ) -0.095 (0.504 )
Type 0.190 (0.176 ) 1.000(0.000***)  0.470(0.000%*%*) -0.272(0.051%)
Color 0.470(0.000***)  0.470 (0.000%*** ) 1.000(0.000) 0.142(0.314)
Surface -0.095 (0.504 ) -0.272(0.051%*) 0.142 (0.314) 1.000 (0.000*** )

weathering

Based on the above, there is no correlation between the ornamentation and the weathering of the
surface. There is no direct connection between the decoration of glass relics and its weathering, but
there may be some indirect connection. There is a certain correlation between glass type and surface
weathering, and the correlation coefficient is large, 90% of the confidence is that the glass type is
directly related to the weathering of the cultural relics themselves. There is no correlation between
color and surface weathering. There is no direct connection between the color of glass relics and its
weathering, but there may be some indirect connection.

2.2 Prediction of chemical composition content before weathering

The erosion of glass by atmospheric action is called weathering of glass, which is essentially a
long chemical reaction process. This process and its products are closely related to the properties of
glass itself and environmental conditions. Environmental factors mainly refer to the temperature,
humidity and time of glass storagel®), while the nature of glass itself is mainly reflected in the category
of glass cultural relics (affecting the chemical composition of atmospheric reaction), decoration
(affecting the contact area with air), colour (physical characterization of chemical composition). Here,
we assume that each relic sample undergoes the same weathering process and external environment,
so that the weathering process is determined only by the nature of the glass relic itself. We can select
the weathered and unweathered cultural relics which are similar to the nature of the sample to be
tested, calculate the rate of change of each chemical component in the weathering process, and
approximately think that the weathering process of the sample to be predicted can also be described
by this rate of change!®!.

In particular, we take the artefact sample numbered 54 as an example to illustrate our prediction
method.

The decoration of the cultural relic numbered 54 is category C, which is a light blue lead-barium
glass relic. Therefore, first of all, we find 9 groups of data of weathered lead-barium glass relics 2,
11 and 43, which are both light blue, and 11 groups of data of unweathered lead-barium glass relics
25, 28 and 29, which are both light blue (or taken from the unweathered points of weathered samples).
Assuming that the mass of weathered and unweathered samples is 1g, then the mass change rate of
each chemical component is calculated by the formula (1).
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é = (C after — Cbe/bre)

(1

before
Where ¢ denotes the rate of change of the mass of the chemical composition.

Then, we set the mass of the chemical composition of the sample to be tested as Cx, and deform
the formula (1.1) to obtain the formula (1.2).

-9
Cx = s )
Where ¢y is the mass of the chemical composition of the sample to be predicted. The mass of

each component of the sample to be tested before weathering can be obtained by calculating according
to the change rate obtained in Formula (2) and Table 3, and then the content ratio of each component
can be obtained by normalizing. The results of the calculation are shown in Figure 1.

Sr0:0. 82% P20s:1. 84%

,

Pb0:31. 34%

S102:54. 59%
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- A1203:8. 88%

Mg0:1. 19%

Fig. 1 Prediction of chemical composition content of No.54 cultural relic before weathering

Similarly, we can also get the predicted values of the contents of various chemical components of
other weathered cultural relics.

3. Study on classification of high-potassium and lead-barium glass based on
decision tree

Decision trees are widely used models for classification and linear regression tasks. Compared
with other classification algorithms, the decision tree has two advantages: one is that the resulting
model is easy to visualize, and the other is that the algorithm!”! is completely independent of data
scaling.

From the decision tree, we can know that the PbO content alone can completely distinguish the
two: the glass with a PbO content of less than 5.46% belongs to high potassium glass, otherwise, it
belongs to lead-barium glass.

3.1 Use the K-means algorithm to determine the number of subclasses

After using the decision tree model to divide the glass relics into high-potassium and lead-barium,
the title requires us to select the appropriate chemical composition to further divide them according
to the physical and chemical properties of the samples and plans to divide them into more
subcategories. Since the classification criteria and the number of classes are unknown, we can first
use the K-means algorithm to determine the number of subclasses, and then further analyze the
classification criteria.

To find the most appropriate number of subclasses, we use the "elbow rule", that is, with the
number of clusters K as the abscissa and the sum of squared errors SSE (or distortion distance) as the
ordinate, SSE will gradually decrease with the increase of the number of clusters. The number of
clusters K corresponding to the inflexion point where the decline rate suddenly slows down is the
most appropriate choice.
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Fig. 2 Elbow diagram for finding the optimum K

We write Python code , select the number of clusters in the range of [2,9], and find the most
suitable number of clusters for high-potassium glass and lead-barium glass respectively.

According to Figure 2, we can find that the decline rate of the distance score of high-potassium
glass suddenly slows down when K = 3, while the corresponding inflexion point of lead-barium glass
comes later, and the decline rate slows down significantly when K = 5. According to the elbow rule,
we can confirm that the most suitable number of subclasses of high-potassium glass is 3, while the
most suitable number of subclasses of lead-barium glass is 5.

3.2 Use decision tree to explore the criteria and basis for subclassification

K-means clustering algorithm can control the granularity of clustering and is very good at finding
the most suitable number of subclasses. However, because the classification of the algorithm is more
abstract and can not be interpreted well, it can not be directly used as our target division.

The decision tree can give us a scientific and clear way of classification after the number of
classifications is given, so we decided to establish a decision tree model based on K-means clustering
analysis to explore the different sub-classification criteria of the two kinds of glass,which is shown
in Figure 3.
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Fig. 3 Decision tree for subclasses of high-K lead and barium glasses

From the decision tree, we can find that the content of SiO2 plays a vital role in the classification
of high-potassium glass and lead-barium glass, and it is the only criterion in the classification of high-
potassium glass. Finally, the classification model of glass cultural relics can be obtained, as shown in
formula (3).
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A(SiO: < 73.005)
High potassium(PbO > 5.46)4 B(73.005 < SiO2 < 89.7)
C(Si0: > 89.7)
Glass artifacts A(Si02<42.95,PbO <50.325,Ba0 < 21.765) (3)

B(Si02 £ 42.95,PbO < 50.325,Ba0 > 21.765)
C(Si02<42.95,Pb0O > 50.325)

D(42.95 <Si02 < 57.665)
E(SiO2 > 57.665)

Lead and barium(PbO > 5.46)

4. Establishment and solution of prediction model

After cross-validation, we select the appropriate regularization parameter a and use the data in the
datasheet as the training set to write the Python source program to construct the Lasso regression
model. Run the program to obtain the regression expression as shown in Formula (3). Where L
represents the Lasso regression score because we convert the two qualitative variables of high-
potassium glass and lead-barium glass into quantitative variables. It is specified that 1 is high-
potassium glass and 2 is lead-barium glass, so the value range of the Lasso regression score is [1,2].
We believe that a score below 1.5 is high potassium glass, and vice versa is lead-barium glass.which
is shown in formula (4).

xl1
x2
L =[-0.004 0.025 -0.042 0.007 0.004]| x3 | + 1.755 4)

x4
x5

4.1 Prediction of unknown cultural relic categories

We take A1l in Table 3 as an example to illustrate the specific steps of prediction, and other samples
are also carried out in the same way.First of all, we substitute the chemical indicators of A1 cultural
relic into formula (4), and calculate the Lasso score of Al cultural relic L = 1.441. Considering the

Table 2 Classification prediction of glass cultural relics of unknown category

Cultural Surface  Lasso regression Lasso regression Classification rule and
relic number weathering score prediction type prediction type
Al Unweathered 1.441 High potassium High potassium
A2 weathering 1.844 Lead and barium Lead and barium
A3 Unweathered 1.866 Lead and barium Lead and barium
A4 Unweathered 1.783 Lead and barium Lead and barium
AS weathering 1.607 Lead and barium Lead and barium
A6 weathering 1.326 High potassium High potassium
A7 weathering 1.351 High potassium High potassium
A8 Unweathered 1.735 Lead and barium Lead and barium
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above division basis, Al cultural relics should belong to high-potassium glass cultural relics.In
order to verify the rationality of Lasso regression, we can use the classification rules found in the
second question to verify. The scores and prediction results of each cultural relic sample in Table 2.

It can be seen from Table 2 that the classification results obtained by using the Lasso regression
model are completely consistent with the classification results under the guidance of the classification
rules found in the previous text, which highlights the rationality of Lasso regression and achieves the
effect of mutual confirmation.

4.2 Correlation analysis of chemical composition

To explore the correlation between the chemical composition of different types of glass cultural
relics, we adopt the idea of the first classification and then correlation.

From the analysis of the prediction model, it can be seen that the type and weathering of glass
relics will have a significant impact on their chemical composition. Therefore, we first divide the data
of glass cultural relics into four categories according to the above two elements, namely, high
potassium weathering, high potassium non-weathering, lead-barium weathering and lead-barium
non-weathering. Because the Pearson coefficient and Spearman coefficient do not apply to the sample,
we consider using the method of grey correlation analysis to analyze the correlation among the
cultural relics of the same category. The procedure is as follows[®!.

Step 1: Determine the comparison sequence and the reference sequence.

Step 2: Determine the corresponding weight of each indicator.

Step 3: Calculate the grey correlation coefficient. The calculation formula is shown in formula (5).

mini<s<mMini</<n

ao(t) —ax(t)‘ +pmaxi<s<mmaxi<:<n

ao(t) - ax(t)‘
5
aot) — as(?)| ®)

si(N=

ao(j) —ai(j)‘ +pmaxi<s<mmaxi<c<n

Here p = 0.5 is chosen.
Step 4: Calculate the grey weighted correlation degree. The calculation formula of grey weighted
correlation degree is shown in formula(6).

ri= ,Z:w@(k) (6)

5. Analysis of results

5.1 Analysis of classification results of high-potassium and lead-barium glasses based on
decision tree

It can be seen from the above that for the given data sets of several relevant indicators affecting
the classification of glass cultural relics, 3 characteristics are selected in the subclassification of high-
potassium glass, and 5 characteristics are selected in the subclassification of lead-barium glass. To
analyze the sensitivity and rationality of the classification algorithm, we carry out the following
operations:

Firstly, the training set of samples is classified by the CART decision tree algorithm, and the
optimal decision tree is generated. According to the characteristics of the subset divided by nodes,
we can know that in high-potassium glass, the chemical composition content of SiO2 is the most
sensitive to its subset division; The chemical compositions of SiO2, PbO and BaO in Pb-Ba glass are
more sensitive to the classification of their subclasses, while the rest of the chemical compositions
not mentioned in the decision tree are less sensitive to the classification of their subclasses.

When dealing with the data, we select 80% of the data, use the CART algorithm to divide the sub-
categories from two aspects of high-potassium glass and lead-barium glass and construct decision
trees to describe the characteristics of different categories of customer groups. For the new decision
tree, using the remaining 20% of the data to test, it is found that the correct rate of classification rules
of the decision tree obtained by the algorithm is 90.7% and 93. It shows that the decision tree
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constructed by the algorithm is reliable and effective, so more detailed classification types can be
induced from the obtained classification rules. At the same time, we also fully refer to the previous
literature!! to analyze the division rules of glass cultural relics. By comparison, it is found that our
classification rules are similar to them, so it can be concluded that our decision tree model is
reasonable and accurate.

5.2 Use the K-means algorithm to determine the number of subclasses for result analysis

Variance-based sensitivity analysis, also known as Sobol analysis, is a global sensitivity analysis
method. In the Sobol sensitivity analysis, we first determined the range of input parameters according
to the results of Lasso regression, selected five relatively important independent variables in the
regression model as input parameters for sensitivity analysis!!”), and then carried out model
construction simulation tests for 1536 times. The sensitivity of each input parameter to the target is
obtained. The results are shown in Figure 4.
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Figure 4 Class Prediction and Second-order interactive heat map

6. Conclusion

The classification and prediction model of glass cultural relics established in this paper has the
characteristics of clear division and simple practice. For the newly unearthed glass relics, we can use
physical means to accurately determine the chemical composition of the relics, and then we can get
their classification according to the model established in this paper, which lays the foundation for the
study of the age and culture of glass relics and has important value and significance for the
development of archaeological and cultural undertakings in China.

In this paper, the elbow rule is used to determine the number of subclasses of high-potassium and
lead-barium glass, which avoids the blindness and subjectivity caused by artificial selection of the
number of categories, and the decision tree is used to further divide, which ensures the interpretability
of the division results. In the final prediction of the unknown sample category, we use the
classification law and Lasso regression to compare the prediction results to ensure that the Lasso
regression results are reasonable and the classification law is reliable. When predicting the chemical
composition content of pre-weathering samples, the rigour of the method of converting content to
quality is still open to question, and the accuracy of decision tree division may be affected due to the
small number of samples. Based on this paper, we can use the appropriate algorithm to carry out the
difference value of the vacancy value, reduce the amount of data elimination, and further optimize
the existing model to get better results.
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