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Component Analysis and Identification of Ancient

Glass Products Based on Statistical Methods

ABSTRACT

This paper analyzes its role in the composition analysis and identification of ancient glass
products by flexible use of statistical methods, and emphasizes four statistical methods: systematic
clustering algorithm, K-means algorithm, logistic regression model and grey correlation analysis.
Taking the C project of CUMCM in 2022 as an example, this paper systematically introduces these four
common data classification and statistical methods to classify and analyze the given data. In this
paper, suitable chemical components of high potassium and lead barium glass were selected for
subdivision, and the specific division methods and results were given. The chemical composition of
glass relics of unknown category was analyzed to identify their type. The grey correlation matrix of
surface weathering of high-potassium cultural relics was obtained, and the correlation degree of
chemical components was analyzed. This greatly promotes the composition analysis and identification
of chemical components in ancient relics.

Keywords:System cluster analysis algorithm, K-means clustering analysis, Logistic regression
model, Grey correlation method
1. INTRODUCTION

With the development of society, statistics has been widely used in market research, financial
analysis, risk assessment and other fields, which has important significance and status. There are many
statistical models, and the thinking of statistical models is also applied in all aspects of social life. Based
on the C project of CUMCM in 2022, this paper will focus on the application of systematic clustering
algorithm, K-means algorithm, logistic regression model and grey correlation analysis in data analysis
and identification.

Among them, the application of K-means algorithm to the clustering model can maximize the
similarity between the same class and the difference between the different class, and the clustering
effect is good. Using the system clustering algorithm can clearly show the tree-like relationship between
classes, and the result is straightforward and reliable. The logic regression model is clear and concise,
and the training speed is very fast, and the adjustment of the output results can be easily realized by
adjusting the threshold value. Grey correlation analysis is widely applicable to correlation comparison
and evaluation of various index variables, and its application scenarios are wide and flexible.

Then, these statistical methods are improved in the analysis and identification of chemical
components of ancient glass products, and provide help for their development and optimization.




2. SYSTEMATIC CLUSTER ANALYSIS AND K-MEANS CLUSTER ANALYSIS
2.1 Subdivision of High Potassium Glass
2.1.1 Data Processing and Analysis

The data of high potassium glass were preprocessed and the appropriate chemical components
were selected to classify them into sub-classes. It can be seen from the sorted data table that the
contents of strontium oxide, tin oxide, sulfur dioxide, lead oxide and barium oxide at different sampling

points are very different, so they can be ignored in the cluster analysis. Systematic clustering algorithm
is applied to nine chemical components of silicon dioxide, sodium oxide, potassium oxide, calcium
oxide, magnesium oxide, alumina, iron oxide, copper oxide and phosphorus pentoxide.

Systematic cluster analysis can be done without considering the weight of each index, and only
needs to score the evaluation index type in aggregate[”. By using square Euclidean distance as the
measurement method, the distance between the above 16 samples and 9 index factors is calculated,
and the nearest two categories are combined into a new typem. The distance between the new class
and each category is calculated until the number of classes is 1, and the cluster diagram is drawn. Get
the final number of categories.

2.1.2 Results of Systematic Cluster Analysis
In the line diagram of polymerization coefficient shown in Figure 1, the horizontal coordinate is the

number of categories of clustering(K), and the vertical coordinate is the polymerization coefficient. It can
be seen that when the value of K is from 1 to 3, the degree of distortion changes the most. When the
number of categories is 3, the downward trend of the curve is significantly slowed down, so the number

of categories can be set to 3. The 16 samples are analyzed in the following three categories[3].

1000

00

(0]

600
400

200

1 2 3456 7 8 9 101112 13 14 15

Figure 1. The curve of polymerization coefficient with K value of high potassium type

As shown in Figure 2, when the number of categories is known, high-potassium glass is divided
into three categories according to the results of cluster analysis, and the results of systematic cluster
analysis of high-potassium glass are obtained, among which there are three cultural relics of the first
category, seven cultural relics of the second category, and six cultural relics of the third category. The
first category contains 03, 21, 18, the second category contains 01, 04, 05, 06, 13, 16, 14, and the third
category contains 07, 09, 10, 12, 22, 27.
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Figure 2.Systematic cluster analysis diagram of high potassium glass

2.1.3 The Result Analysis of K-means Algorithm
By SPSS, K-means algorithm was used to cluster the classification of high potassium glass'. In

the system cluster analysis, the number of categories is set to 3, and the K value is still entered here as
3, and the final output result is as follows.

Table 1. Number of cases in each cluster

Number of cases in each cluster

1 3.000
Cluster 2 7.000
3 6.000
effective 16.000
missing .000

In addition, it can be found that the K-means clustering analysis algorithm, taking K value as 3, can
obtain the same results as the systematic clustering analysis of high potassium glass, as shown in
Table 2.

Table 2. Classification result

Category Quantity Cultural relic number

First kind 3 03,21,18
Second kind 7 01,04,05,06,13,16,14

Third kind 6 07,09,10,12,22,27

Therefore, according to the analysis and comparison data, it can be concluded that the
sub-category of high-potassium glass is divided into three categories according to the different contents
of silica, potassium oxide and calcium oxide in 16 high-potassium glass relics®®. When the proportion of
silica is greater than 90% and the proportion of potassium oxide is very low, it is divided into a class.
Then the remaining data, that is, the data of silicon dioxide accounting for less than 90%, is analyzed,
and the calcium oxide accounting for less than 5% is divided into one category, and the rest is divided



into another category, a total of three categories, the specific difference between these three categories
is as follows.

The first category: the proportion of silica of this kind of cultural relics is greater than 74% and less
than 80%, the proportion of potassium oxide is about 10%, the proportion of calcium oxide is less than
5%, and the surface of high potassium cultural relics is weathered, and the decoration is A.

The second category: This kind of cultural relics silica accounted for less than 70%, potassium
oxide accounted for about 10%, calcium oxide accounted for about 7%, high potassium cultural relics
surface weathering.

The third category: the proportion of silica of this kind of cultural relics is greater than 90%, the
proportion of potassium oxide is very low (only about 1%), the proportion of calcium oxide is less than
2%, the surface of high potassium cultural relics is weathered, and the decoration is B.

2.2 Subdivision of Lead Barium Glass
2.2.1 Data Processing
The lead barium glass data were pretreated and the appropriate chemical components were

selected for subdivision. It can be seen from the sorted data table that the contents of strontium oxide,
tin oxide, sulfur dioxide and potassium oxide at different sampling points differ little, so they can be
ignored in cluster analysis. The systematic clustering algorithm is applied to the ten chemical
components of silicon dioxide, sodium oxide, calcium oxide, magnesium oxide, alumina, iron oxide,
copper oxide, lead oxide, barium oxide and phosphorus pentoxide!®.
2.2.2 Results of Systematic Cluster Analysis

The polymerization coefficient output by SPSS is converted into the line diagram of the

polymerization coefficient as shown in Figure 3. When the value of K ranges from 1 to 5, it can be seen
that the distortion degree of the curve changes the most, and when the value exceeds 5, the distortion
degree changes significantly decrease. Therefore, the number of categories can be set to 5, and 45
samples are analyzed in the following 5 categories.
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Figure 3. The curve of polymerization coefficient of lead barium type with K value

As shown in Figure 4, when the number of categories is known, lead barium glass is divided into
five categories according to the results of cluster analysis, and the results of systematic cluster analysis
of lead barium glass are obtained'” Among them, there are 5 cultural relics of the first category, 2
cultural relics of the second category, 16 cultural relics of the third category, 3 cultural relics of the fourth
category and 19 cultural relics of the fifth category. The first category contains 08 (two sampling points),
24, 26 (two sampling points), the second category contains 11, 20, the third category contains 02, 19,



30, 34, 36, 38, 41, 43 (two sampling points), 50, 51, 52, 54, 56, 57, 58, and the fourth category contains
39, 40 (two sampling points). The fifth category includes 23, 25, 28, 29, 31, 32, 33, 35, 37, 42, 44, 45,
46, 47, 48, 49 (two sampling points), 53, 55.
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Figure 4. Systematic cluster analysis diagram of lead barium glass

2.2.3 The Result Analysis of K-means Algorithm
By SPSS, K-Means algorithm was used to classify lead-barium glass. In the systematic cluster

analysis, the number of categories is set to 5, and the K value is still entered here as 5, and the same
result is obtained as the systematic cluster analysis of lead barium glass,as shown in Table 3.

Table 3. Classification result of K-means algorithm when K=5

Category Quantity Cultural relic number
08 (two sampling points), 24, 26 (two
First kind 5 ( P g P . ) (
sampling points)
Second kind 2 11,20
o 02, 19, 30, 34, 36, 38, 41, 43 (two sampling
Third kind 16 .
points), 50, 51, 52, 54, 56, 57, 58

Fourth kind 3 39, 40 (two sampling points)

23, 25, 28, 29, 31, 32, 33, 35, 37, 42, 44,
Fifth kind 19 45, 46, 47, 48, 49 (two sampling points), 53,
55




Therefore, according to the analysis and comparison data, it can be concluded that the
classification method can be divided into five categories according to the different proportions of silicon
dioxide, lead oxide and barium oxide in 45 high-potassium glass relics®. According to the difference of
silica content for the first classification, silica content greater than 50% is classified as a class, less than
50% is a class. Those with a content of less than 50% are further divided according to the content of
barium oxide. Those with a content of more than 55% are classified as one category, those with a
content of more than 35% and less than 55% are classified as one category, and those with a content of
less than 35% are classified as one category. The content of less than 30% is one category, a total of
five categories, and the specific differences of these five categories are as follows.

The first category: the silica content of these cultural relics is less than 50%, the lead oxide content
is less than 35%, the barium oxide proportion is higher than 30%, and the cultural relics are purple in
color.

The second category: the silica content of such cultural relics is less than 50%, the lead oxide
content is less than 25%, the barium oxide proportion is less than 20%, and the color of cultural relics is
light blue.

The third category: the silica content of such cultural relics is less than 50%, the lead oxide content
is about 35%-55%, and the surface of cultural relics is weathered.

The fourth category: the silica content of these cultural relics is less than 50%, the lead oxide
content is about 55%-70%, and the cultural relics are green in color.

The fifth category: the silica content of these cultural relics is greater than 50%, and the lead oxide
content is less than 15%.

3. LOGISTIC REGRESSION MODEL
3.1 Establishment of Model

Firstly, the data were processed. Considering that the contents of sodium oxide, strontium oxide,
tin oxide and sulfur dioxide were almost the same among each sample, which had little impact on
sample classification, it was not adopted in this paper. The remaining chemical components of silicon
dioxide, potassium oxide, calcium oxide, magnesium oxide, alumina, iron oxide, copper oxide, lead
oxide, barium oxide and phosphorus pentoxide are set as X, X5,X3,X4,X5,Xg,X7,Xg,Xg,X10 iN Order.

The species is set as the dependent variable y, where y is a qualitative variable, so corresponding
dummy variables need to be created™. In this paper, the high potassium class is recorded as 1, and the
lead barium class is recorded as 0. Consider y as the probability of event occurrence, when y=0.5
indicates occurrence, when y<0.5 indicates that this parameter does not occur. The independent
variable Xi,X5,X3,X4,Xs5,Xg,X7,Xg,Xg,X10 Was used to predict y[1°].

Let the connection function be F(x,a), and F(x,a) is the function defined on [0,1], where F(x,a) is the
Sigmoid function,then F(x,a)=S(x;"a), and then for this nonlinear model, the maximum likelihood
estimation method (MLE) is used to estimate, and @ is obtained™".

Therefore,§;=P(y;=1|x)=S(x; ®).If it is #;20.5, it is considered that the predicted y=1, that is, high
potassium glass; Otherwise, it is considered that the predicted y=0 is lead barium glass.

3.2 Model solving

It can be seen from Table 4.that the classification accuracy of each category is as follows: Among

the 16 high-potassium glass samples, 15 high-potassium glasses are predicted, with an accuracy of

93.8%; Among 45 samples of lead-barium glass, 43 high-potassium glass were predicted with an



accuracy of 95.6%. For the sample population, the classification accuracy of logistic regression is
95.1%.

Table 4.Classification accuracy

Actual Forecast

measurement 1 2 Accuracy

1 15 1 93.8%
2 2 43 95.6%
Overall 27.9% 72.1% 95.1%
percentage

From the final data list , the type of glass relics belonging to unknown categories can be obtained,
as shown in the following Table 5.

Table 5. Statistical table of the type of glass relics belonging to unknown category

species Cultural relic number
High potassium type Al, A6, A7, A8
Lead barium type A2, A3, A4, A5

4. THE GREY CORRELATION METHOD

4.1 Establishment of Model

At present, taking the weathered glass relics of high potassium type as an example, grey
correlation method is used to solve the correlation problem between chemical components“zl.Among
the high-potassium glass relics, there are 6 weathered glass relics. The chemical composition of glass
relics is analyzed by gray correlation analysis, and the dimensionless matrix A of weathered glass relics
is obtained™?.

9263 0 O 1.07 0 198 017 324 0 0 061 0 O O
[95.02 0 059 0.62 0 132 032 155 0 0 035 0 O 0]
A= 96.77 0 092 0.21 O 081 026 084 0 0 O 0 O O
9429 0 1.01 0.72 0 146 029 165 0 0 015 0 0 O
[92.35 0 074 166 064 35 035 055 0 0 021 0 O OJ
9272 0 O 094 054 251 02 154 0 0 036 0 0 O

Since most of the data in the seven columns 2, 5, 9, 10, 12, 13 and 14 are 0, that is, the above
seven groups of chemical indicators are not detected, so they are deleted, and the other seven groups
of values are preprocessed to obtain the following matrix:

099 0 123 1.03 064 207 218
1.01 1.09 071 0.68 121 0.99 1.25]
_|1.03 169 024 042 098 054 0 |
~[1.00 1.86 083 076 1.09 1.06 054
l0.98 136 191 181 132 035 0.75J
099 0 108 130 075 099 1.29

z

Through calculation:
0 = MiN g, MiNj <<, | a1¢ — a5 | = 0.00064
B = maxj<<mMaXi«< | a1r — age | = 1.19276
The calculated values of §; are as follows:



Table 6. The calculated value of §;;

K20 CaO Al>03 Fe203 CuO P20s
07 0.3773 0.7104 0.9380 0.6347 0.3543 0.3337
09 0.8897 0.6671 0.6463 0.7532 0.9706 0.7149
10 0.4739 0.4311 0.4948 0.9254 0.5486 0.3671
12 0.4112 0.7731 0.7079 0.8687 0.9192 0.5610
22 0.6120 0.3924 0.4184 0.6390 0.4866 0.7200
27 0.3771 0.8652 0.6560 0.7207 1.0000 0.6668

The value of grey correlation degree w;; = % Yi=1¢i; is shown in the following Table 7:

Table 7. Grey correlation degree ;;

Wi3 Wiy Wie Wj7 Wig Wi 11
0.5236 0.6399 0.6436 0.7569 0.7132 0.5606

As aresultw;; > wig > wig > Wiy > W11 > W;3

Therefore, it shows that among the weathered glass relics of high potassium type, the relationship
between silica and iron oxide is the most close, greater than copper oxide, greater than alumina, greater
than calcium oxide, greater than phosphorus pentoxide, greater than potassium oxide.

Matlab is now used to evaluate the grey correlation degree of w;;, w;g, W6, Wig, W; 11,Wi1,W;3, and
the obtained data are shown in the following Table 8:

Table 8. Grey correlation matrix of weathered cultural relics with high potassium

Wiy Wi3 Wig Wi Wiz Wig Wi11
Wi 1 0.5236 0.6399 0.6436 0.7569 0.7132 0.5606
w3 0.6761 1 0.5751 0.5823 0.7395 0.5830 0.5439
Wig 0.7164 0.4922 1 0.8913 0.6416 0.6803 0.6438
Wie 0.6969 0.4765 0.8694 1 0.6218 0.6318 0.6363
wWi7 0.8366 0.6789 0.6462 0.6519 1 0.6870 0.6058
W;g 0.7873 0.5515 0.7091 0.6877 0.7085 1 0.7560
;11 0.6959 0.5312 0.6990 0.7078 0.6576 0.7745 1

4.2 Result analysis
It can be seen from the data in the table that the substance most closely related to the content of
chemical composition silica is iron oxide, followed by copper oxide, and the correlation degree of the

14 Both alumina and calcium oxide

two indicators is more than 0.7000, which has a strong correlation
are more than 0.6000, which indicates that the content of alumina and calcium oxide is related to silicon
dioxide. Since the values of potassium oxide and copper oxide are between 0.5-0.6, it can be
preliminarily determined that the relationship between potassium oxide and copper oxide and silicon
dioxide content is not significant[l‘r’].

The substance most closely related to the content of potassium oxide is iron oxide, which has a
strong correlation, and the other five indicators have a smaller correlation with potassium oxide than

iron oxide.



The substance associated with calcium oxide is alumina, and the correlation between the two is
strong, while the potassium oxide content is less than 0.5, indicating that the correlation between the
two is small.

The substance with the strongest association with alumina is calcium oxide, although the
correlation between the two is the strongest, but the correlation distribution of alumina is more
dispersed than that of calcium oxide.

The strongest correlation with iron oxide is silica, reaching 0.8366, which is higher than the gray
correlation of iron oxide to silicon dioxide of 0.7569.

The substance with the highest correlation degree with copper oxide is silicon dioxide, with an
index of 0.7873, slightly lower than the gray correlation coefficient of 0.8366 of silicon dioxide compared
with iron oxide. In the calculation of the gray correlation coefficient with silicon dioxide as the reference
series, the obtained results are still highly logical and authentic, and conform to the cognitive law.

The gray correlation coefficient of phosphorus pentoxide as reference series shows that copper
oxide has the greatest correlation with it. In the gray coefficient of phosphorus pentoxide as reference
series, the two values are close to each other, only lower than the content of silicon dioxide.

5.CONCLUSION

This paper focuses on the application of four statistical methods in data analysis and identification,
namely, systematic clustering algorithm, K-means algorithm, logistic regression model and grey
correlation analysis.

Taking the C project of CUMCM in 2022 as an example, by constructing the above four models, we
obtained the subclass classification results, and finally divided high-potassium glass into three
categories and lead-barium glass into five categories. By comparing the result and the actual situation,
it is found that the two agree with each other, which indicates that the result is reasonable.Unknown
categories of glass artifacts are also classified. In this paper, Al, A6, A7 and A8 are classified as high
potassium glass, and A2, A3, A4 and A5 are classified as lead barium glass. And the correlation
analysis of chemical constituents in the group was also carried out through the correlation matrix data.

Thus, the application value and practical significance of statistics in the chemical composition and
identification of ancient cultural relics are realized. Statistics plays an important role in all fields of
society, facilitating people to analyze, process and apply all kinds of data, and promoting social
progress and development.
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