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Abstract. As one sort of cultural relic, glassy antiques can effectively convey the historical
information of a certain era and reveal the cultural exchanges in different regions as a symbol of
foreign trade. However, due to long-term weathering and corrosion when buried in soil, the shape,
color, and chemical components of a glassy antique can change considerably, and hence identifying
it and recognizing its category is particularly difficult. Clustering is a popular technique of data
analysis and data mining. K-means is one of the most popular data mining algorithms, as it is simple,
scalable, and easy to modify in different contexts and fields of application. This paper uses k-means
to find the clustering center showing the characteristics of the chemical components of different
categories of glassy antiques. Then the particle swarm optimization algorithm (PSO) that offers a
globalized detailed search methodology is utilized to improve the k-means clustering. The new result
compared to the previous one of traditional k-means clusterin shows better classification capacity.
Finally, it compares the results of k-means with that of PSO-k-means and analysis the advantages
and disadvantages of PSO-k-means.
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1. Introduction

Through the combination of computer-aided technology and porcelain cultural relics protection
technology, cultural relics restoration will achieve a leap from digitalization to intelligence and high-
speed. Computer aided technology provides a new solution for the efficient and accurate restoration
of cultural relics. With the high speed and parallelization of computer computing power, the
development of deep convolution neural network is further accelerated. Computer vision tasks such
as image classification and image semantic segmentation based on the powerful automatic feature
extraction ability of deep convolution neural network have achieved significant performance
improvement. In image classification, the convolution neural network avoids the complex feature
extraction process by taking the original image as the input, and then effectively learning the
corresponding features from a large number of samples, and can extract more abstract and refined
features, thus achieving better image classification performance. Therefore, no matter how to
effectively classify ceramic cultural relics fragments or cultural relics fragments, convolution neural
network can avoid the shortcomings such as the loss of feature information easily caused by manual
feature extraction and the poor classification effect, and help cultural relics restoration workers to
improve the accuracy and efficiency of the restoration of Qin Terracotta and ceramic cultural relics
fragments, which has become a feasible and worthy of in-depth research. With the rapid development
of virtual reality, augmented reality and other technologies, virtual digital museum is an application
scenario with great development potential.

2. Classification of Ancient Glassy antiques by PSO-k-means

2.1. Processing the Data

Before any analysis, the original data need some preprocessing. Following is raw data supplied by
the China Society for Industrial and Applied mathematics. As shown in Table 1. It includes 77
sampling points from 66 pieces of glassy antiques with respective percentages of 14 sorts of chemical
components contained as well as the category and the weathering status. Glassy antiques here are
divided into two categories: high-potassium glass & lead-barium glass. On account of the small
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volume of data, here consider the sampling points on the same glassy antique but in different positions
as taken from different antiques, as to richen training sample. For the same reason, 10% of the data
is used as the test set, and the remaining data is used as the training set. Here the last 8 samples are
selected as the test set. In the following part of this paper, they will be used to test the clustering result.
And the remaining 69 pieces of data will be used as the training set of the model.

Table 1. Raw data parameters
K20 CaOo MgO Al203 Fe203 CuO PbO
BaO P205 SrO Sn0O2 SO2 category weathering

Before applying the clustering method, the raw sample data of training set needs to be properly
preprocessed. (DAs the China Society for Industrial and Applied mathematics, the data supplier
suggests, delete samples whose total chemical components proportion is lower than 85% and higher
than 105%. 2 Delete variables with massively missing data: SnO2 (89.86% data missed) and SOz
(88.41% data missed). 3 Fill in 0 for the remaining missing data.There are still 67 samples left in
total, including 18 high-potassium glassy samples, of which 12 are weathered and 6 are unweathered,
and 49 lead-barium glassy samples, of which 13 are weathered and 36 are unweathered.

The data of the percentage of chemical components hold the constant-sum property that for a single
sampling point, all the numbers of each component should sum up to 100%. Hence there can be multi-
colinearity between different components thus increasing the cost of explaining the model results.
Additionally, limitations of the production formula can involve some correlations between
components [1]. For example, to control the pH value during the whole production process, KOH and
NaOH are widely used which have different influences on the production formula of different sorts
of glassy antiques [2]. Hence PCA is used here to cancel the correlation of components. The result is
as follows. As shown in Table 2.

Among them, the cumulative contribution rate of the first seven principal components reaches
89.63%. Hence in the following part of this paper, the original variables will be replaced with these
seven variables. After conversion, the data is as follows. As shown in Table 3.

Table 2. Partial PCA processing

principal component eigenvalue contribution Accumulated contribution
rl 3.8625 32.1876 32.1876
r2 2.4083 20.0691 52.2567
Table 3. Partial after conversion
Samples rl r2 r3 r4 r5 r6 r7
01 33.35463 -16.7142 2.081832  -8.87109 7.470024  10.93096 8.450387
02 -2.55222 2321177  -14.5419 -3.36204 -6.1809  -4.69827 4.261953

2.2. Use the k-means to find clustering centers

In this part, k-means will be used to find the clustering center [3,4]. Then the result will be
compared with the real data and the clustering center will be used to predict the test set to see if it
works well.

2.2.1 Apply k-means and compare the result with real data

First, the elbow method is utilized to find an appropriate k to use. Here input the data expressed
by the principle components obtained from the previous part, and the output is as the following Fig.1.
It can be seen that a clear change of gradient appears when k=4. Therefore, k=4 will be selected as
the number of clusters to apply the k-means. And the result is as follows Table 4. Compared with the
real data, it can be found that this result doesn’t tell the status of weathering well that in each class
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there is a mixture of weathered samples and unweathered samples. However, it classifies the category
better that class 1 & class 3 consist completely of lead-barium samples and class 4 only contains high-
potassium samples. But in class 2, these two kinds of samples account for almost half each. To an
extent, it reflects that weathering impacts the proportion of chemical components as materially so that
some characteristics of the category are obscured.
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Table 4. k-means result
2 10 11 20 27 28 32 37 41 42 43 44 47 48 54 56 58 59

class 1 60 62 63 65 66 67
1 4 5 6 7 8 16 17 18 30 31 34 35 36 38 40 49 50
class 2
53 61
class 3 14 21 24 25 26 33 39 45 46 51 52 55 57 64
class 4 3 9 12 13 15 19 22 23 29

2.2.2 Predict the test set and compare the real data

From the previous part, 4 clustering centers are obtained, which will be used to classify the test
set. First, express the test set by the principal components. Next, match each sample to the nearest
clustering center and the following result can be obtained. It implies that according to the clustering
result, all the samples in the test set are lead-barium glassy antiques. Except for the 5 one, the rest
are predicted correctly. Although this clustering result doesn’t classify the training set well, it has
good prediction ability.

2.3. Use the PSO-k-means to find clustering centers
In this part, PSO is introduced to improve the clustering accuracy of k-means [5,6].

2.3.1 Improve k-means with PSO

The first thing to do is the transformation of the problem type. The clustering problem can be
transformed into an optimization problem: find k center points to minimize the Euclidean distance
from each sampling point to the center point in each cluster range:

min  F(DX, 1) = $K_, ¥ dist (4™, 1) 1)

Where DK= {d¥!, d...., d“"}: It represents the data set to be divided into k classes. C= {ci..., ck}:
It represents the center set of clustering. Dist(a, b): It calculates the Euclidean distance between a&
b. Specific steps of PSO-k-means: 1) Initialize a group of particles, including random position and
velocity; 2) Evaluate the fitness of each particle, where fitness here is how well the clustering center
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minimizes the sum of Euclidean distance from itself to the points in its class; 3) For each particle,
compare its fitness value with the best position it has been in, and if it is better, take it as the current
best position; 4) For each particle, compare its fitness value with the best position record the group
hold, and if it is better, take it as the current best position; 5) Move particles and update the velocity;
6) Determine whether the stop signal is reached (reach the optimization threshold, or reach the upper
limit of iterations). Particle position update:

{vid =w-vig+c 1 Pig—Xig) +Ca 12 (Pgd - xid) )
Xig = Xig T Vig

x; = [xi1, Xiz - Xiq]
{Ui = [vi1, Viz - Vi) )
Where v;;: The velocity of a particle, x;; is the position of this particle. w: The inertia controls
the residual proportion of the velocity in the last movement. r1&r2: A random number between (0,1).
pia- The best position this particle has been in. pg4: The best position of the group this particle
belongs to. ¢; &c,: Controls to what extent the new velocity learns from the best position record of
this particle& group's best position record. Specific steps of particle position update: Step 1: Initialize
two parameters: position and speed. They determine the motion state of a particle; Step 2: The result
(Euclidean distance) of each search is the particle fitness, and then record the individual historical
optimal position and the group’s historical optimal position; Step 3: The historical optimal positions
of an individual and the group are equivalent to two forces, which jointly affect the motion state of a
particle in combination with the inertia of the particle itself. The particle swarm optimization
algorithm and k-means algorithm are combined to find better clustering centers that minimize the
Euclidean distance as much as possible [6,7].

2.3.2 Apply PSO-k-means and predict the test set

After improvement, PSO-k-means is applied to the data again to find better clustering centers. The
stop threshold is set at 10e-3. After many adjustments of parameters to fit in the volume characteristics
of sample data, a version that can output a stable result is found and the result is as follows Fig 2.
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Fig 2. Output a stable result
It is a considerably beautiful result because class 2 is completely the same as the sample group of
high-potassium glassy antiques and the rest classes contain all samples in the sample group of lead-
barium glassy antiques, which implies that this clustering result recognizes the category of samples
in the training set completely correctly. And the clustering result also implicates the possibility of
sub-classification within lead-barium glassy antiques [8]. Then when using this result of clustering

centers to predict the test set. All samples are correctly predicted.
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2.4. Compare the results of k-means and PSO-k-means

From the clustering results, the clustering results of PSO-k-means are significantly better than that
of k-means. PSO-k-means correctly recognizes the category of all samples in the training set, while
k-means creates a bad class in which samples of two categories almost account for half. From the
perspective of prediction ability, PSO-k-means and k-means do not show obvious differences. The
results of both are almost completely correct, except that one of the eight test samples cannot be
accurately recognized due to the poor performance of class 2 of k-means. However, it can also be the
result of the small volume of the test set and if the volume of the test set increases, some differences
in prediction results may appear [9,10]. In addition, although PSO-k-means shows stronger clustering
ability, as an improved k-means algorithm based on an optimization algorithm, it may still fall into
the problem of local optimization that requires to take measures to prevent. Its parameters need to be
adjusted according to the volume characteristics of the input sample and the result is not very stable.

3. Conclusion

This paper focuses on the classification of glassy antiques by the composition ratio of chemical
components, Firstly, it uses principal component analysis to cancel the constant-sum property of this
kind of data that shows the proportion of each component and break the multi-colinearity that may
exist between different components to decrease the cost of explaining the results by subsequent
models. Then the elbow method helps to find out that k=4 should be used in the next part of k-means.
But the clustering result of k-means is not good that it classifies all samples into 4 groups, among
which the second one is a serious mixture of different categories. It also affects the result of
subsequent category prediction of the test set that the category of one sample cannot be determined
directly. Hence particle swarm optimization is utilized to improve k-means. And the result of PSO-
k-means is much better than k-means. It clusters the data clearly that 4 groups are all free of the
mixture and one group only contains one category. As a consequence, the prediction result is also
good that all samples in the test set are correctly predicted. However, the clustering result also
implicates the possibility of sub-classification. It can be seen that in the final result, high-potassium
samples all stay in one group which means that the chemical composition of high-potassium samples
are all around the same center, while lead-barium samples are divided into 3 different groups, which
implies that these 3 groups of lead-barium samples have a characteristic each in chemical composition.
Therefore, this can be used as a follow-up research direction and there is something about different
manufacturing processes and the use of materials in different regions and countries.
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