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Abstract. This paper presents a model for composition analysis and identification of glass products.
Based on the XGBOOST algorithm, the XGBOOST model was constructed to find the type of glass,
ornamentation, and color in the weathering and non-weathering points. The main component of glass
products is SiO2, which imparts the desired functional properties by mixing different oxides. Ancient
glass products are very susceptible to weathering caused by the buried environment, resulting in
changes in the proportions of the various components inside. Since glass products of different
materials have different properties, the classification of glass products is worth studying.
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1. Introduction

There are many kinds of ancient Chinese glass, each with its characteristics, which not only has
artistic and practical value, but its historical and scientific value is more worthy of attention. Ancient
glass products are witnesses of history and carriers of civilization [1]. The study of ancient glass is of
great significance for excavating the value of cultural relics and inheriting Chinese civilization [2].
This paper will study the chemical composition of these glass cultural relics, analyze the differences
in the composition and content of different types of glass, and establish a model to solve the problem
of identification and identification of cultural relics [3].

2. Materials and methods

2.1. Data

The data in this article is derived from Mathematical Modeling Question C
(http://www.mcm.edu.cn/) in 2022. Form 1 is missing 4 sets of color data, which are removed in order
not to affect the model analysis. Form 2 gives the corresponding proportion of the main components,
with some missing values filled with 0. Considering the valid data required by the title, the two groups
of cultural relics sampling points No. 15 and No. 17 were finally screened as invalid data and rejected.

2.2. Introduction to the method
For datasets containing n m-dimensions, the XGBOOST model [4] can be represented as:

y =31 (), f. e Fi=12..n) 0

F={f(x)=w, }a:R"—{1,2,...,T}, weR") 2)

Where (6) is the set of decision tree structures [5], and when constructing the model, it is necessary
to find the optimal parameters according to the principle of objective function minimization to
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establish the optimal model. The model’s objective function can be divided into the error function
term L and the model complexity function term Q. The objective function can be written as:

Ii:i(yi_)//\i) 3)

1 T
Q=T+ EZZ‘W? (4)
=
Obj=L+Q (5)

When using the training data to optimize the training of the model [6], you need to keep the original
model unchanged and add a new function f to the model to reduce the objective function as much as
possible, the specific process is:

y|<o> 0 (6)
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Where yi® is the predicted value of the tth model and ft (xi) is a new function added to tth. The
target function is represented as:

Obj® =Z(yi SCARI (;i))j +Q (10)

In this algorithm, to quickly find the parameters that minimize the objective function, the
approximate objective function is obtained by second-order Taylor expansion:

Oby" ~ Z( Vi =Y + 20y = Y ) F () - R £ (%) +© (1D

When the constant term is removed, the objective function is expressed as:

¢ 1 5 1,
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If g is known, the objective function can be used to find the optimal wj and obtain the optimal
objective function value. Its essence can be classified as the minimum solution problem of quadratic
functions. Solution:

* Z| I g'
w; = (14)

z h+1

(9
:__ZZ h+i d (15)

Among them, Obj can be used as the scoring function [7] of the evaluation model, and the smaller
the value, the better the model effect. By recursively calling the above tree establishment method, a
large number of regression tree structures can be obtained, and the optimal XGBOOST model can be
established by using Obj to search for the optimal tree structure and put it into the existing model.

3. Model building and solving

3.1. Problem analysis

The topic requires analyzing the correlation between the chemical composition of different types
of glass artifacts and comparing the differences.

Based on the above analysis, we can see that the chemical composition is not only related to the
type of glass, the content is different, but also affects the surface weathering. The four situations
before and after the differentiation of the two types of glass cultural relics were classified and
discussed, and after preliminary scatter plotting between the index variables, it was found that there
was a linear relationship between the variables, which met the premise requirements of Pearson's
correlation coefficient calculation. The Pearson correlation [8] coefficient is used to illustrate the
correlation between different chemical components, and the difference is analyzed by the solution of
the model.

3.2. The composition of the model
(1) Assume that two sets of data sum, the specific formula is as follows:

Sample mean:
i _ Zi:lxi ,Yi _ Zi:lYi (16)
n n
Sample covariance:
X Y
Cov(X,Y)= 24 =0 =) (17)
n-1
o - (Xir:x) (18)
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Overall correlation coefficient:

Cov(X,Y)
P =" _ (20)
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Sample correlation coefficient:
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21)
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By calculating the size of the correlation coefficient between the indicators, the correlation
between the correlation coefficients is judged according to the correlation coefficient interval table,
as follows in Table 1:

Table 1. Correlation Judgment

correlation negative correct
No correlation -0.09~0.00 0.00~0.09
Weak correlation -0.3~-0.1 0.1~0.3
in relevance -0.5~-0.3 0.3~0.5
Strong correlation -1.0~-0.5 0.5~1.0

(2) Hypothesis testing
The null hypothesis is proposed: correlation coefficient, alternative hypothesis. By constructing a
distribution statistic, this article selects a distribution statistic as follows:

(22)

By proving, it is obtained that obeys the distribution of degrees of freedom. The P value between
the indicators can be calculated to reject the null hypothesis at a 99% confidence level, and if it rejects
the null hypothesis at a 95% confidence level [9], it cannot reject the null hypothesis anyway.
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3.3. Solvingthe model
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Figure 1. Heat map of the correlation coefficient between chemical components before weathering
of high-potassium glass

According to the results, at a 99% confidence level, there was a strong positive correlation between
strontium oxide, phosphorus pentoxide, and magnesium oxide, barium oxide and lead oxide,
phosphorus pentoxide, and iron oxide had a strong positive correlation, and strontium oxide had a
strong positive correlation between strontium oxide and lead oxide, calcium oxide, and sodium oxide.

Similarly, we use Pearson correlation analysis to obtain heat maps of correlation coefficients
between chemical components under different conditions after weathering of high potassium glass,
before weathering of lead barium glass, and after weathering of lead barium glass in Figure 1.
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Figure 2. Correlation coefficient heat map between chemical components after weathering of high-
potassium glass

It can be seen from the heat map in Figure 2 of the correlation coefficient between the chemical
components of high-potassium glass weathering that the chemical components such as strontium
oxide, phosphorus pentoxide, barium oxide, and copper oxide have a strong negative correlation with
silica, while potassium oxide, calcium oxide, magnesium oxide, alumina, and iron oxide have a strong
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positive correlation, and copper oxide, lead oxide, barium oxide, phosphorus pentoxide also have a
strong positive correlation with potassium oxide, calcium oxide, magnesium oxide, alumina,
respectively.
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Figure 3. Heat map of correlation coefficients between chemical components before weathering of
lead-barium glass

From the heat map inFigure 3 [10] of the correlation coefficient before weathering of lead-barium
glass, it can be seen that there is a strong positive correlation between tin oxide and calcium oxide,
barium oxide, and copper oxide, and the correlation between other components is not obvious. A heat
map of the correlation coefficient of chemical composition after weathering of lead-barium glass is
shown in Figure 4.
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Figure 4. Heat map of correlation coefficients between chemical components after weathering of
lead-barium glass

From the heat map of the correlation coefficient after weathering of lead barium glass, it can be
seen that tin oxide has a strong positive correlation with alumina, sulfur dioxide has a strong positive
correlation with barium oxide, iron oxide, and magnesium oxide, copper oxide, and barium oxide,
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and there is a certain positive correlation between alumina and magnesium oxide, calcium oxide and
magnesium oxide, calcium oxide, and iron oxide, but the correlation is weak.

4. Conclusion

In this paper, a model for the analysis and identification of glass product composition is proposed.
Based on the XGBOOST model, the glass is classified according to weathering point data, decoration
type and color. The performance of the model is good, which can well complete the task of glass
composition analysis and identification, and has strong research significance for analyzing the
correlation and difference between the chemical composition of different types of glass cultural relics.
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