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Abstract. This paper discusses the classification of high potassium glass and lead-barium glass,
and puts forward the model establishment and solution method using Fisher linear discriminant
analysis and system cluster analysis. This PAPER points out THE obvious changes of chemical
composition in glass cultural relics, and explores the classification rules of glass according to the
different weathered states. The establishment of the model includes the steps of index selection,
training group and test group division, Fisher linear discriminant function construction and cluster
analysis. Through independent sample t-test and data analysis, the chemical components affecting
the classification of glass were selected, and the Fisher linear discriminant function was successfully
constructed, which reached 100% classification accuracy on the training group data. In the
systematic cluster analysis, the sub-categories of high potassium glass and lead-barium glass are
realized by distance calculation and grouping merging. The results of the model have been verified
and sensitivity analysis show that its high reliability and robustness have the potential to accurately
classify glass in practical applications. These methods provide effective analytical tools and
strategies to solve the problem of ancient glass classification.
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1. Introduction

Influenced by the Silk Road, China had frequent trade and close exchanges with foreign countries in
ancient times. Therefore, the foreign popular glass jewelry was also introduced into our country early.
In ancient times, our country absorbed its technology and made its own glass with local materials [1].
Therefore, although the ancient glass of our country and foreign glass products looks similar, but the
chemical composition is very different.

The main chemical component of glass is silicon dioxide (SiOz2), which has a high melting point. In
order to facilitate preparation, we need to add flux in refining to reduce the melting temperature [2].
There are many kinds of flux commonly used in our country in ancient times. Due to the flux, the
content of lead oxide (PbO) and barium oxide (BaO) is high; High potassium glass is fired with
substances with high potassium content such as grass and wood ash as flux, which has high potassium
content [3].

Ancient glass is highly susceptible to weathering due to the influence of burial environment.
Weathering, that is, the process of large exchanges between internal elements and environmental
elements. This process will lead to changes in the proportion of glass components, which will affect
the judgment of its category. If there is no weathering on the surface of some cultural relics, the color
and decoration can still be clearly seen, but the possibility of shallow weathering in some parts cannot
be ruled out. However, the surface of some cultural relics is seriously weathered, and large areas are
grayish-yellow and purple, which are called obvious weathered areas (weathering layer) and general
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weathered surfaces respectively, but there may also be unweathered areas [4]. In this study, we deeply
explored the application of Fisher linear discriminant analysis in the classification of ancient glass,
combined with the systematic cluster analysis method, aiming to improve the accurate classification
of ancient glass samples [5]. As one of the important research objects in archaeology and cultural
heritage, the classification and identification of ancient glass has always been one of the focuses of
museums and cultural relics institutions [6]. However, ancient glass samples are often diverse and
complex, and the traditional classification methods have been unable to meet the needs of rapid and
accurate classification of large-scale samples. In this context, we will introduce the idea of Fisher
linear discriminant analysis and combine it with systematic cluster analysis to propose a
comprehensive method, in order to improve the accuracy and efficiency of ancient glass sample
classification [7]. Through the problem analysis ideas of this study, we will explore how to effectively
apply these methods, so as to bring new enlightenment and methods to the field of ancient glass
classification.

2. Establishment and solution of the model

2.1. Selection of classification indicators

Because there are many types of chemical components contained in glass cultural relics, and the
differences of some components in different types of glass are not significant, it is not suitable for the
classification standard of glass types. Therefore, in this paper, independent sample t-test was first
conducted on glass types and chemical components to find out the chemical components that showed
significant differences in different types of glass, and to explore the classification rules of high-
potassium glass and lead-barium glass [8].

The weaved and unweaved data were imported into SPSS (27) for independent sample t-test, and the
final results are shown in Table 1:

Table 1: Independent sample t-test results

Name of variable P value for weathered glass P value for unweathered glass
(SiOy) 0.000*** 0.026**
(Na20) 0.300 0.998
(K20) 0.010** 0.000***
(Ca0) 0.010*** 0.000***
(MgO) 0.160 0.021**
(Al203) 0.371 0.001***
(Fe203) 0.232 0.077*
(CuO) 0.705 0.711
(PbO) 0.000*** 0.000***
(BaO) 0.002*** 0.000***
(P20s) 0.009*** 0.954
(SrO) 0.000*** 0.017**
(Sn0y) 0.603 0.284
(SO2) 0.456 0.767

Note: *** ** I* represent the significance level of 1%, 5% 10%, respectively
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According to the above results, under the condition of weathering, there are significant differences in
the following seven chemical components of different types of glass: SiO2, K20, CaO, PbO, BaO,
P20s and StO. Therefore, the above seven chemical components can be used to classify the weathered
glass. However, in the case of unweathered glass, different types of glass have significant differences
in the following eight chemical components Si02, K20, CaO, MgO, Al203, PbO, BaO, SrO, so the
above eight chemical components can be used to classify the unweathered glass.

2.2. Set up the training and test groups.

In order to test the accuracy of the model and prevent the occurrence of overfitting, this paper divides
the data into training group and test group according to the ratio of 8:2, uses the data of training group
to estimate the model, and uses the data of test group to test. Taking the weathering data as an example,
the selection method of training group and test group is described: in the weathering glass data, there
are 6 data of high potassium type, among which one data is randomly selected as the test group, and
the rest as the training group; There are a total of 21 data with the type of lead and barium, from which
4 data are randomly selected as the test group and the rest as the training group. The same is true for
unweathered data.

2.3. Fisher linear discriminant analysis.

In the case that the glass has been weathered, the classification rules of high-potassium glass and
lead-barium glass were found, and the data of the weathered glass were imported into SPSS (27) for
Fisher linear discriminant analysis. The results are as follows (1 represents high-potassium glass, 0
represents lead-barium glass); In the case of weathering, the Fisher linear discriminant function of
high potassium glass is shown in Equation 1:

F1=82.659*Si0, +18.681*K,0 +284.708*CaO - 63.007* PbO

1
+90.094*Ba0 +54.207*P205-118.291*SrO—-4017.357 @
The Fisher linear discriminant function of lead-barium glass is shown in Formula 2:
F2=71.107*Si0, +18.289* K,0 + 250.934*CaO —55.093* PbO )

+78.573*Ba0 +46.337*P205-130.913*SrO -3000.056

Then the constructed Fisher linear discriminant function was used to classify the data in the training
set, and the results are shown in Table 2:

Table 2: Classification of the training set of weathering data by Fisher linear discriminant functions

F1 and F2
Type = high potassium | 0 1 | Total amount

0 18| 0 18

Count up 1 0 5 5

The original Unclassified cases 3 1 4
0 100| O 100
% 1 0 |100 100
Unclassified cases 75 | 25 100
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Under the condition that the glass is not weathered, the classification rules of high potassium glass
and lead barium glass are found, and the data of unweathered glass are imported into SPSS (27) for
Fisher linear discriminant analysis. The results are as follows (where 1 represents high potassium
glass and O represents lead barium glass):

In the case of no weathering, the Fisher linear discriminant function of high potassium glass is shown
in Equation 3:

F3=15.065*Si0, +19.230*K,0 + 20.128*CaO —8.548* MgO + 24.429

3
*Al,O, +14.307*PbO +25.837*Ba0 -111.053*SrO—-721.571 ®)
The Fisher linear discriminant function of lead-barium glass is shown in Formula 4:
F4=15.693*Si0, +19.458*K,0 +18.388*Ca0 —15.240* MgO + 27.843 @

* AlLO, +15.383* PhO + 26.665* BaO —112.365* SrO—783.552

Then the constructed Fisher linear discriminant function was used to classify the data in the training
set, and the results are shown in Table 3:

Table 3: Fisher linear discriminant function F3 and F4 classification on the training set of
unweathered data

Type = high potassium | 0 1 | Total amount

0 10 | O 10

Count up 1 0 8 8

o Unclassified cases 2 2 4

The origina

0 100 | O 100
% 1 0 |100 100
Unclassified cases 50 | 50 100

3. Analysis and test of the results

In the case of weathering and unweathering, the constructed Fisher linear discriminant function can
achieve 100% classification accuracy for the training group data, and the model performs well. In
determining the type of glass that has weathered on its surface, Select it Si02, K20, CaO, PbO, BaO,
P20s, SrO the data of are respectively substituted into F1 and F2 We get a constant in fl and 2. If
fl > 2. then the glass is divided into high potassium glass [9]. If fl < {2, the glass is divided into
lead-barium glass. When judging the type of surface unweathered glass, select it SiO2, K20, CaO,
PbO, BaO, P20s, SrO. The data of are respectively substituted into F3 and F4 get a constant in f3 and
f3. If f3 > f4. the glass is divided into high potassium glass. If f3 < {4, the glass is divided into lead
barium glass.

The established model is used to classify the test group data left above, and the data of different
surface weathering conditions are respectively put into the corresponding fisher linear discriminant
function, and the function values of different glass types are calculated and compared. The glass types
corresponding to the test group data are shown in Table 4 and Table 5 respectively:
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Table 4: Validation of the surface weathering test group
(Si0)(K20)(Ca0)|(Pb0O)|(BaO)|(P.05)(SrO)Surface weatheringType of judgment
9272 0 |094| O 0 036 O weathering High potassium

29.15| 0 |1.21|41.25|15.45| 254 | O weathering Barium lead
2542 0 [131(451|173| O 0 weathering Barium lead
30.39| 0.34 | 3.49 139.35| 7.66 | 8.99 [0.24 weathering Barium lead

Table 5: Validation of the surface unweaved test group

. Surface Type of
(Si0y)(K20)(Ca0)((MgO)|(Al03)(PbO)|(BaO)|(SrO) weathering Actual type judgment
79.46/9.42| 0 |153|305| 0 | 0 |0.07| unweathered High —yiah potassium

potassium
7668 0 [471]122|619| 1 |[197| 0 | unweathered High —yiah potassium
potassium

51.54|10.29(0.87 | 0.61 | 3.06 | 25.4|9.23|0.85| unweathered | Barium lead | Barium lead
4901 0 113 O 1.45 |32.92/795| O unweathered | Barium lead | Barium lead

It can be seen that the classification results are completely consistent with the actual situation, and
the classification accuracy of the test group data reaches 100%, indicating that the established Fisher
linear discriminant function has strong reliability, and can accurately reflect the classification law of
high potassium glass and lead barium glass.

4. Establishment and solution of system clustering model

Considering that the type of cultural relic will not change before and after weathering, for example,
lead-barium glass will not change into other types of glass after weathering, so it must still be lead-
barium glass [10]. Therefore, only the non-weathered data are classified in this question. Firstly, we
first classified the original data in "Form 2" according to whether there was weathering or not,
screened out all the non-weathering data, and then classified the data to separate the data of non-
weathering lead-barium glass and non-weathering high-potassium glass.

4.1. Treat each sample as a class and calculate the distance between pairs

The data of each group of samples are recorded as shown in Formula 5:

X = (X1 Xigreen %), (1 =14) ®)

Of which. 1=12,...n_If cluster analysis is carried out on high potassium glass. the n=10. That

is, there are 10 groups of samples to be clustered. If cluster analysis of lead-barium glass is carried
out, the N=10. That is, there are 12 groups of samples to be clustered. Consider each set of data as

aclass and writeas G,(i=12,..n). Atthis point, the distance between the two classes is the distance

between the two samples. In this paper, the square Euclidean distance is selected as the distance
between two samples, so the distance formula between two samples is shown in Formula 6:
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d; :d(xi,xj):IZ(xik—xjk)z (6)

4.2. The two classes with the smallest distance are merged into a new class, and the distance
between the new class and all classes is re-calculated

The hypothesis X;, and Xj, the distance between diojo minimum distance, then will X;and X;, to a

new class, let's call it G,,;. and then calculate G,,; 5 Distance between other classes. At this point,

we choose to use the shortest distance method (or nearest element method) to calculate the distance
between classes. The distance calculation formula is shown in Formula 7:

d(G,,G,) =mind; =mind(x;,x;),(x €G,,X; €G,) (7)

4.3. Repeat Step2 until all classes are finally merged into one

The above process is realized in SPSS (27) software, and the system clustering pedigree diagram can
be finally obtained as shown in Figure 1 and Figure 2:
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Figure 1: Cluster lineage diagram of lead-barium glass system and high potassium glass system

In order to determine the final number of clusters, this paper uses the elbow rule to roughly estimate
the optimal number of clusters through graphics. Suppose n samples are divided into K

classes (k <n-1), us d(C,(k=12,...K) represents the KTH class, and the center of gravity of this

2
class is denoted asuk . Then the distortion degree of the KTH class is i;' X = Uy | . The total

distortion degree of all classes is defined as shown in Equation 8:

1= Y%y, f ®)

K=lieC,

In the above equation, J is also called the aggregation coefficient. Visualize the calculated aggregation
coefficient, and get the line chart of aggregation coefficient as shown in Figure 2:
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Figure 2: Plot of polymerization coefficient of lead-barium glass and high potassium glass

It can be seen from the above figure that when the number of categories of lead-barium glass is 2, the
downward trend of the broken line is significantly slowed down, so the number of categories can be
set as 2, that is, K=2; From the line chart of polymerization coefficient of high potassium glass, it can
be seen that when the value of K is from 1 to 2, the distortion degree changes the most, and when the
value exceeds 2, the distortion degree changes significantly, so the elbow is K=2, so the number of
categories can be set as 2. After the number of clustered categories K is determined, the pedigree
diagram above can be performed as shown in Figure 3:
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Figure 3: Division of the spectra of lead-barium glass and: high potassium glass

It can be clearly seen from the above figure that lead-barium glass can be divided into two sub-
categories according to the content of SiO2, CuO and BaO chemical components: the first category
is low SiOz2 to high CuO and BaO, which includes three cultural relics numbered 20,24 and 30. The
second category is high SiO2 ~ low CuO, Ba0 classes, which include Numbers for 32, 35, 31, 33, 37,
45, 46, 47, 55 nine cultural relics. High potassium glass can be divided into two sub-categories
according to the content of SiO2, PbO and P20s chemical components: the first category is low SiO2
to high PbO and P20s, which only includes one cultural relic numbered 03. The second category is
high SiO2 ~ low PbO, P20s classes, including such number 05, 06, 04, 01, 13, 14, 16, 18, 21 nine
cultural relics.

5. Rationality analysis of system cluster model

According to the above conclusions, according to the results of cluster analysis, we choose SiO2, CuO,
BaO three chemical components as the basis for the sub-classification of lead-barium glass; SiOa,
PbO and P»Os were selected as the basis for the sub-classification of high potassium glass. In order
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to verify the rationality of the above classification method, we used the graph constructor in SPSS
software to draw the clustering effect diagram, as shown in Figure 4:
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Figure 4: Clustering effect of lead-barium glass and high potassium glass

As can be seen from the figure above, for the three chemical components of lead-barium glass and
high-potassium glass, the distribution of the two sub-categories in space is obviously a cluster of their
own, independent distribution, no overlap occurs, and the space is far away, which indicates that the
results of the clustering model established in this paper are relatively reasonable.

Taking high potassium glass as an example, it can be seen from the model establishment part of this
question that the data of each sample is expressed as: Xi = (X, Xiz5, X; )i =12,...10)  Without loss

of generality, we choose for each sample X;; Element adds the disturbance term €, that is, X; +&in

place of X;; , Of which & ~ N(0,1) . Keep up X; Other elements remain unchanged, and cluster analysis

is conducted again according to the perturbed data. Similarly, the treatment of lead-barium glass is
the same as above. The above steps are repeated three times in SPSS, and the classification results
before and after the disturbance are compared and analyzed. It can be found that the sub-categories
of both high-potassium glass and lead-barium glass after the disturbance are completely consistent
with those before the disturbance, which indicates that the model established in this paper has very
low sensitivity and is very robust.

6. Conclusion

This study focuses on the application of Fisher linear discriminant analysis in the classification of
ancient glass, combined with the systematic cluster analysis method, to improve the accurate
classification of ancient glass samples. Through in-depth analysis of the problem, we show the
limitations of traditional classification methods for complex and diverse ancient glass samples, and
propose a comprehensive method combining Fisher linear discriminant analysis and systematic
cluster analysis, aiming to improve the classification accuracy and efficiency. This study not only
brings new ideas and methods to the field of ancient glass classification, but also provides
enlightenment for similar complex sample classification problems. Through the practice and analysis
of this research, we show innovative thinking and methods for traditional problems, and contribute
new insights and possibilities to the development of ancient glass research and cultural relic
protection.
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