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Abstract. This paper proposes a method for the classification and identification of glass artefacts
based on a K-mean clustering model. Using weathered and unweathered glass with high potassium
and lead-barium as the main constituent as the main samples, a cluster analysis of their chemical
composition was carried out to derive subclass subdivision and extract characteristic chemical
components, based on which a sub-classification model of unknown glass based on the K-mean
clustering model was established to provide a new method for the identification of glass artefact
types. The results were analysed for reasonableness and sensitivity, and the model was proved to
be of generalisation and application value.

Keywords: Entropy weighting, K-means clustering model, Spearman's correlation coefficient
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1. Introduction

The classification and identification of glass artefacts are of great importance to the study of
ancient glass. The chemical composition of glass artefacts reflects their essential properties, and in-
depth data analysis can provide an effective means of classifying and identifying glass artefacts. In
recent years, there has been a growing interest in classifying and identifying ancient glass based on
chemical composition analysis.

The K-means clustering model has been studied in great depth and its application is widespread.
In the literature [1], K-means clustering algorithms were applied to categorise the intensity of low
carbon travel intentions of residents, and in [2], K-means clustering algorithms were used to classify
and identify sediment anomalies in aqueous systems, but this method has rarely been applied to the
classification and identification of palaeoglass. The literature [3] points out that chemical composition
analysis of glass artefacts is rarely carried out at this stage, and there is an obvious gap in the study
of glass artefacts relying on chemical composition data analysis. This paper, therefore, proposes a K-
mean clustering model-based method for the classification and identification of glass artefacts, in
which glass is subdivided into subclasses by K-mean clustering of characteristic chemical
composition data.

2. Glass classification model building and solving

The literature [4] states that high potassium and lead-barium glass are the most common. Therefore,
this paper combines the data of high potassium and lead-barium glass artefacts from online databases
and the literature [5] as a sample for the study and is labelled...The selected 58 groups of sample
data have the following characteristics:

The only two types are high potassium and lead-barium; their surface weathering is known; their
main chemical content is known and the main chemical constituents include: silica (SiO,), sodium
oxide (NaO), potassium oxide (K,0), calcium oxide (Ca0), magnesium oxide (Mg0O), aluminium
oxide (Al,03), iron oxide (Fe,03), copper oxide (CuO), lead oxide (PbO), barium oxide (BaO),
phosphorus pentoxide (P,05), strontium oxide (Sr0), tin oxide (Sn0), sulphur dioxide (SO,).
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The classification pattern of high potassium glass and lead-barium glass was described by relying
on the chemical composition data. Subsequently, the number of subclass categories was determined
according to the aggregation coefficient, and the K-means clustering method could be used to
discover the structure implied by the data [6], and the data were automatically categorised [7], and
finally, the subclass subdivision results were derived by using SPSS software. The significance test
value in the analysis results was used as a criterion to screen the characteristic chemical components,
and the category segmentation was based on the minimum distance between the content of this
component in the sample data and the central value of the clustering. Subsequently, this classification
result was compared with the classification type in the sample, and the rationality of the clustering
model was described by solving for the error rate magnitude. The raw data were processed at 5%
and #10% fluctuation rates, and the theoretical classification was compared to the results to describe
the sensitivity of the clustering model by analysing the rate of change.

2.1. Description of the classification pattern of high-potassium glass and lead-barium glass

After qualitative analysis of the sample data, the classification pattern between high-potassium
glass and lead-barium glass is elaborated: for high-potassium glass, weathering causes SiO, a sharp
increase in content, while a more significant decrease in the content of K,O, Ca0,Al,0; and
P,0c.In the case of lead-barium glass, weathering causes a more significant increase in PbO, a slight
increase in the content of P,0<,a more significant decrease in the content of SiO,

2.2. Subclass subdivision based on K-means clustering

The number of categories determined.

The number of categories in the systematic clustering model was determined using aggregation
coefficients. The study samples can be initially divided into four categories: high potassium
unweathered, high potassium weathered, lead-barium unweathered and lead-barium weathered, with
each of the major categories of m. The samples were divided into K The number of samples in each
of these categories was divided into four subcategories, and the number of samples in each
subcategory was guaranteed to be K < (m — 1). The samples were divided into four subclasses, one
for each major class and one for each subclass. If A, denotes then of the major class subcategory,
the u,, denotes the first k the central position of the subclass, then the corresponding coefficient of
aggregation J, is obtained from equation (1).

]n = le<<=1 ZiEAnklxni - unkl2 (1)

Accordingly a line graph of the aggregation coefficients for the four broad categories was made,
as shown in Figures 1 to 4.
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Figure. 1 High Potassium weathered Figure. 2 High potassium unweathered
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Figure. 3 Lead and barium weathered Figure. 4 Lead and barium unweathered

Analysis shows that there is a clear inflexion point in the line graph, whose horizontal coordinate
corresponds to a value. Before this category, the ], there is a clear downward trend, after which the
Jn the inflexion point can be used as the elbow of the coefficient of aggregation graph. According to
the elbow principle, when K = a The number of subcategories is optimal at that time, and the number
of subcategories for the four main categories can be derived as shown in Table 1.

Table 1 Results of the determination of the number of subcategories

Broad Category | High potassium | High Potassium | Lead and barium | Lead and barium
Divisions unweathered weathered unweathered weathered
Number of
. 2 2 2 3
subcategories
K-means clustering analysis model building
| Input the number of clusters and upper iteration limit |
——l Cluster Center Initialization }4—‘
| Distance solution and data classification | change

| Cluster Center Update |

Judge center invariance or objective function value

not change

N
Judge whether the maximum number of iteration is reached

Y

End

Figure. 5 K-means clustering model building flowchart

The K-means clustering model building process is shown in Figure 5 and its specific steps are
divided into:

(1) Input parameter setting: Based on the result determined by the number of subclassifications,
select an as the number of clusters, and set the maximum number of iterations b.

(2)Cluster centre initialisation: from the original data set, i.e. the data of each chemical component
content of the four major classes, randomly select a. The internal objects are used as the initial
clustering centroid.

(3)Distance solving and data assignment: for the remaining data, calculate the first i data value e;
with the selected first j cluster centre data value E; Euclidean distance between d;;.
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djj = \/Zisgla i=1(ei — Ep)? 2)

This reflects the proximity of the source data to the cluster centres: the smaller the Euclidean
distance, the greater the proximity of the data to the cluster centres and the higher the degree of
aggregation. Therefore, the Euclidean distance can be used as a classification indicator to determine
the cluster centre with the highest degree of aggregation with any of the component data values. e;
The clustering centre with the highest degree of aggregation will be assigned to the sub-category
represented by this cluster. A total of a subclasses can be divided, each containing f data.

(4)Cluster centre update: take the first j of all data values in the subclasse;of the first subclass

%Zfﬂ e; as the cluster centre of the corresponding category, and solve for the objective function

value.

(5)Conditional judgement: the clustering results are output when the central value or the objective
function value remains unchanged and the upper limit of the iteration is reached, which is the
classification result of further subdivision of the four major classes of artefacts.

2.3. Breakdown of results

The partial significance values, and cluster centroids, of the data on the content of the chemical
components contained in the major classes are shown in Table 2. From this, the characteristic
components for continuing the subclassification of each major category can be derived as the basis
for subclassification. The specific division method and results are shown in Figure 6, where feature
component 1 refers to K,0,Ca0 and Al,05,feature component 2 refers toSiO, and Al,0;,feature
component 3 refers toAl,05,PbO and BaO,feature component 4 refers to SiO,,Al,05,Cu0,Pb0,Ba0
and SO,.Some of the clustering results are shown in Table 3.

Table. 2 Significance values of chemical composition content, cluster centroids

Data type Major categories Si0, [K,0/Ca0MgO|Al, 04

High potassium unweathered |0.00|0.01/0.04/0.65| 0.08
High Potassium weathered |0.02(0.100.06/0.12| 0.04
Clustering  [High potassium unweathered 281.06/4.87[2.24/0.92| 4.43

Central value | High Potassium weathered 2 [95.36/0.84/0.52/0.00| 1.20

Significance value

Table. 3 Clustering results

CI:t:aoa(;jr High potassium | High Potassium | Lead and barium | Lead and barium
ategory unweathered weathered unweathered weathered
Divisions
Subcategories 1 2 1 2 1 2 1 2 3
Number of 9 3 3 3 7 6 | 17| 3 | 4
subcategories
Individual 01 03 09 07 20 23 02 | 08 | 26
number 03 18 10 22 24 28 11 19 | 39
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Figure. 6 Graph of specific division methods and results

2.4. Reasonableness of results, sensitivity analysis

Reasonableness analysis

Analysis of the complete data corresponding to Table 2 shows that when the significance value
P < 0.05 when a significant correlation between the chemical component and the category can be
considered to exist. Therefore, the chemical component that meets the significance test is selected as
the characteristic indicator for subcategory classification, and the j = 1,2,---,q denotes the marker
of the selected characteristic indicator. After that, the first k The clustering centre of the firstj The
cluster centroids of the chemical components of the first subclass were extracted Hy; .

Extract the first artifact from the original data r of an object j,The content data of the first
characteristic chemical component of the object G,;.The distance between the content data and the

cluster centroid is calculated according to Equation 3.
dic= [ZL4(Gy — Hi? ©)

This distance reflects the proximity between the chemical content of the object and the subclass
range; the smaller the distance, the closer the chemical composition of the object is to the
characteristics of the subclass, and therefore the minimum distance can be min{d,} as the basis for
subcategorisation of cultural objects.

Accordingly, the results of the theoretical analysis of the sub-classification of artefacts were
derived by classifying each artefact according to its chemical composition only. The results were
compared with the K-means clustering results of the artefacts and their error rates were calculated
based on equation (4) :

T= ZI‘=1 Lr (4)
S
L. is a logical variable, taking 1 when the control results are inconsistent.s indicates the total
number of artefacts for which controls were carried out.
Some of the results of the rationality analysis are shown in Table 4.
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Table. 4 Results of the rationality analysis

. High -

) Lead barium Lead and barium Potassium Mini e

Heritage weathered mum | Classificati
unweathered subclass 2 weathered )
number subclass 1 . Dista | on results
di distance Subclass 1
istance - nce
Distance
High

01 66.438 21.700 23275 | 5.770 | Potassium
unweathere
d subclass 1

Lead and

11 25.997 28.957 58.980 g.727 | barium
unweathere
d subclass 1
High

22 83.505 37.361 0.868 0.868 | Potassium
weathered

subclass 1

Lead and

26 42.694 64.635 ggge2 | 109 | barium

8 weathered

subclass 2

According to the results of the rationality analysis, the theoretical results of the subclassification
of the chemical components of each artefact agreed with the results of the K-means clustering model
with a number of 60 and an error rate of 0.1045, indicating that the K-means clustering model
obtained a high accuracy rate of subclassification and a more significant rationality.

Sensitivity analysis

(1) Sensitivity interpretation and choice of volatility ratio

Sensitivity refers to the degree of variation in the output when the input data fluctuates compared
to the baseline data, the greater the variation, the more unstable the output and the more sensitive the
model.

When the data fluctuates within a smaller interval, the model's resistance and sensitivity both have
a greater impact on the output results, so it is not possible to use the smaller fluctuation interval for
sensitivity analysis; when a larger fluctuation interval is chosen, the output results are mainly affected
by sensitivity, so a larger fluctuation interval should be chosen for sensitivity analysis of data
fluctuation processing.

The increased volatility of the input content data can be reflected in the sensitivity of the model by
the magnitude of the change in the output indicators. Therefore the selected volatility ratio p,; for

the content data G,; The volatility update is carried out and the updated data is Gy’

The data is updated and then passed into the model for the reasonableness analysis for the rate of
change solution, and the final bar chart reflects the distribution of the rate of change under different
volatility.

Some of the results of the sensitivity analysis are shown in Table 5. The rates of change are shown
in bar chart 7.
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Table. 5 Results of sensitivity analysis

High Potassium | Mini
Fluctuatio | Heritage Lead barium weathered weathered mum | Classificatio
n ratio number subclass 1 distance Subclass 1 Dista n results
Distance nce
High
5% 01 68.80 19.83 9.9 | Potassium
unweathered
subclass 1
Lead and
-506 11 26.47 60.66 1056 | barium
unweathered
subclass 1
High
10% 22 91.11 9.09 6.77 | Potassium
weathered
subclass 1
Lead and
-10% 26 3253 74.79 786 | barium
weathered
subclass 2
0.6
0.5
0.4
0.3
0.2
0.1
0
0 5% —5% 10% -10%

Figure. 7 Rate of change histogram

Based on the rate of change at different volatility ratios, it can be concluded that an increase in
data volatility leads to a significant increase in the rate of change and therefore a higher sensitivity of
the clustering segmentation method. At the same time, the rate of change increases significantly more
significantly in the stages where volatility increases from 0 to 5% or decreases to -5% than in the
stages where it increases from 5% to 10% or decreases from -5% to 10%, i.e. as the volatility of the
data increases, the instability of the model gradually increases and the more sensitive the model
becomes.

3. Development and solution of glass identification models

The compositional data for the unknown chemical major group (i.e. unknown whether it is high
potassium or lead-barium) was identified in the web database as a test sample for use as the test data
here. The degree of surface weathering of the glass artefacts in this data for the unknown chemical
major category is known and the chemical composition type is consistent with that in the 2 data.

Based on the above subclass subdivision of glass artefact samples of known broad classes,
chemical compositions with high significance of differences were selected as generic feature
indicators and a generic subclass delineation model based on K-means clustering was established.
The compositional data of unknown chemical macroclasses (i.e. unknown whether they are high
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potassium or lead-barium) were identified in the web database as test samples for subclassification.
Their sensitivities were analysed using similar ideas, but given the small amount of data in the test
sample compared to the study sample, the results were only analysed for individual controls.

3.1. Subclass classification modeling

The subclass classification model is shown in Figure 8. The data from the test samples were
analysed and processed to obtain a preliminary classification of the artefacts: weathered and
unweathered classes were distinguished by the index of weathering or non-weathering. Secondly, the
chemical components with significance values within the range of 0.05 were selected as the
characteristic indicators for subclassification of weathered and unweathered categories, and
clustering analysis and subclassification were carried out.

l Preliminary Classification ]

|
' '

n
| Significant Numerical Division Index |

: l

[Unweathered Index (q:7)] Weathered Index (q=7) I
Original Data of | |

Sample Chemical
Composition Content
Cluster Center Value
of Each Subclass
Fluctuation Data of
Sample Chemical

Composition Content I Minimum Distance Solution |
Y ! ! ! ' ¥ i i i
ngh ngh Lead Barium Lead Barium ngh ngh Legd Legd Legd
potassium  potassium Unweathered Unweathered potassium potassium Barium Barium Barium
Unweathered Unweathered Weathere Weathere Weathered Weathered Weathered
1 2 L . d1 d2 1 2 3

Figure 8 Model of heritage sub-categorisation
Table. 6 Results of the heritage category breakdown

renown Unweathered Weathering
categories
Heritage Al A3 Al A8 A2 A5 A6 A7
number
shortest | 673 | 1533 | 921 | 1083 | 11.66 | 3003 | 129 | 296
distance
Breakdown High Lead Lead Lead Lead High High High
by categor Potassiu | Barium | Barium | Barium | Barium | Potassiu | Potassiu | Potassiu
YR | m2 1 1 2 3 m1 m1 m1

3.2. Sensitivity analysis of results

Similar to the sensitivity analysis method in 2, the test data for the chemical composition of the
artefacts were I; were processed as follows.

Irj' =1+ lJ-rj)Irj (6)

The processed data was fed into the subclass classification model to obtain the classification results,
as shown in Table 7.
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Table. 7 Results of sub-categorisation of artefacts after treatment

Fluctua Known

tion . Unweathered Weathering

ratio categories

Heritage number Al A3 Al A8 A2 Ab A6 A7
Shortest | g 20 | 1473 | 1216 | 1250 | 11.06 | 3031 | 426 | 6.56
distance

-5% Break High Lead | Lead | Lead | Lead Lead High High
down by | Potassi | Bariu | Bariu | Bariu | Bariu | Barium | Potassi | Potassi

category um 2 m1l m1l m 2 m 3 3 um 1 um 1
(?hortest 6.65 1583 | 7.06 9.16 | 1257 | 26.96 3.01 4.17

istance
5% Break High Lead | Lead | Lead | Lead High High High

down by | Potassi | Bariu | Bariu | Bariu | Bariu | Potassi | Potassi | Potassi
category um 2 m1l m1l m 2 m 3 um 1 um 2 um 2
Shortest
di 8.42 16.54 | 552 | 19.26 | 21.47 | 24.63 7.14 6.31
istance
10% Break High Lead | Lead | Lead | Lead High High High
down by | Potassi | Bariu | Bariu | Bariu | Bariu | Potassi | Potassi | Potassi
category um 2 m1l m1l m 2 m1l um 1 um 2 um 2

Given the small sample size, the calculation of the rate of change was not performed and only
individual cases of the results were analysed against each other. When the percentage of fluctuation
is 5% or -5%, the number of inconsistencies between the category breakdown results and the original
data analysis is within 1, which means that the prediction results after the fluctuation treatment are in
good agreement with the prediction results of the standard data, and the model is not too sensitive at
this time. Very sensitive.

4. Conclusion

The K-mean clustering model-based method for classifying and identifying glass artefacts
proposed in this paper has the advantages of simple principles, easy implementation and better
clustering results [8]; the ANVOA discrepancy test is applied to improve the efficiency of the model,
the model is built based on known data and verified using other known data, which has high accuracy
and rigour. The analysis of the results shows that the model has a strong resistance to interference for
small fluctuation intervals, and a strong sensitivity for classification of large intervals. The model is
general enough to be used in other compositional-based classification and identification of substances.

Ancient times have left behind a large number of valuable glass objects, both of our own
manufacture and those imported from the West, which are an important cultural heritage. However,
they have all suffered from corrosion and damage to varying degrees, and some have been damaged
quite severely due to their instability [9]. The aim of this paper is not only to explore a model for the
analysis of the composition of ancient glass, but also to raise awareness of the conservation of ancient
cultural relics through the advancement of analytical techniques, so that these precious relics can be
properly protected and the study of Chinese ancient glass can go global [10].
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