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Abstract. Ancient glass is highly susceptible to weathering by the burial environment, and a large
number of internal elements are exchanged with environmental elements, resulting in changes in its
composition ratio, which affects the correct determination of its category. In this paper, we analyze
the statistical pattern of the chemical compaosition content of the surface of artifact samples with and
without weathering and predict the chemical composition content of artifacts before weathering by
combining the types of glass. A random forest algorithm and a support vector machine algorithm are
used to classify the glass, and a sensitivity analysis is performed, and the model is robust.
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1. Introduction

The Silk Road was a channel for cultural exchange between China and the West in ancient times,
of which glass was valuable physical evidence of early trade exchanges [1]. The early glass was often
made into bead-shaped jewelry in the West Asian and Egyptian regions of our country, our ancient
glass absorbed its technology and was made in situ locally, so the appearance of glass products with
foreign similarities, but the chemical composition is not the same [2].

The main raw material of glass is quartz sand, the main chemical composition is silicon dioxide
(Si02). Due to the high melting point of pure quartz sand, to reduce the melting temperature, it is
necessary to add a flux during refining. The main chemical composition of the added flux differs from
one flux to another [3]. Ancient glass is highly susceptible to weathering by the burial environment.
During the weathering process, a large number of internal elements are exchanged with
environmental elements, resulting in a change in their composition ratio, which affects the correct
judgment of their category.

Since ancient glass is highly susceptible to weathering by the influence of the burial environment,
a large number of internal elements are exchanged with environmental elements, which affects the
correct judgment of its category. Therefore, in response to the above situation, we conducted the
following research. Combining the relevant data of ancient glass products, this paper analyzes the
relationship between the surface weathering of glass artifacts and their glass types, ornamentation,
and color; combining the types of glass, we analyze the statistical patterns of the chemical
composition content of artifact samples with and without weathering on their surfaces and predict
their chemical composition content before weathering based on the weathering point detection data[4].
Analyze the classification pattern of high potassium glass and lead-barium glass; for each category
select the appropriate chemical composition for its subcategory, give specific division methods and
division results, and analyze the reasonableness and sensitivity of the classification results. To analyze
the chemical composition of unknown categories of glass artifacts, identify the types to which they
belong, and analyze the sensitivity of the classification results [5].
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2. Methods

The relationship between weathering or not and glass type, ornamentation, and color was tested
using the chi-square test and Spearman test [6], where both glass type and ornamentation are
unordered categorical variables, and correlation analysis was performed using the chi-square test [7].
And color is an ordered categorical variable, so Spearman's test was used.

Analyze the classification law of high potassium glass and lead-barium glass, each glass has 14
features such as silica, sodium oxide, etc. Combined with the prediction of the change of chemical
content of the weathered and unweathered glass, the unweathered chemical content of all data is
obtained, after which the random forest model is used to process this multi-featured data for
classification [8], and the number of parameter trees is set to 100 in Python, and the depth is 5 The
known data were randomly divided into training and acceptance sets, and the training set was
substituted into the model for training, and the acceptance set was substituted to obtain an OOB score
and accuracy after obtaining the trained model.

This paper uses the K-means clustering algorithm in Python to cluster high potassium glass and
lead-barium glass separately, and the contour coefficients are used to find the most suitable category
number, and the high potassium glass is divided into 2 subclasses and the lead-barium glass is divided
into 3 subclasses. The chemical components that have a greater impact are silica, potassium oxide,
and aluminum oxide for high potassium glass, and sulfur dioxide, lead oxide, and sulfur dioxide for
lead-barium glass. The data were then extracted according to these characteristics and divided into
two tables, the high potassium glass subclass table, and the lead-barium glass subclass table, and then
substituted into the SVM model [4,5] for training and prediction, and the error was controlled within
0.001, and the final calculation accuracy was also 100%, which was very effective.

After that, we performed the reasonableness and sensitivity analysis of the models, and the
reasonableness reflected that several models described have reasonableness according to the accuracy
of prediction. In the sensitivity analysis we mobilized the number of trees in the random forest, depth
parameters, and then substituted the data into the model prediction, and found that the result
fluctuation is not very obvious, but if we change the number of specific features, such as the content
of silica will certainly have an impact on the result, because this feature has a large impact on the
result. SVM model, we also changed the kernel function, function dimension, and kernel function
constant term, and We found that the SVM model has a greater impact on the results in terms of
function dimension and error limit because there are multiple features in this dataset, so a slightly
larger function dimension is better, and the error limit directly affects the training results because a
larger error model must not be good for classification. After sensitivity analysis, our model has good
robustness.

The data to be predicted were substituted into the model and their classification was derived. Also,
we introduced other irrelevant features with smaller initial values and put them into the model for
classification prediction.

3. Results

3.1. Chemical composition prediction

A chi-square test was performed for glass type and weathering: the data were quantified with
weathering set to 1 and unweathered set to 0. High potassium in glass type was set to 1 and lead
barium was set to 2, resulting in a final result detection value = 0.009 < 0.05, indicating a significant
correlation between glass type and weathering degree.

The data were quantified with weathering set to 1 and an unweathered set to 0. The final result
detection value = 0.862>0.05 for A, B, and C in decoration, indicating that the correlation between
decoration and weathering was not significant.

Spearman's rank correlation coefficient to study the correlation between color and weathering:
color can be seen as continuous variable observation data transformed to get the rank data, so
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Spearman's rank correlation coefficient can be used to conduct the study. The correlation coefficient
is 0.067>0, which indicates that there is a certain positive correlation between them. For the
correlation coefficient, 0 means no correlation between them, -1 means negative correlation, and 1
means sign correlation, and the closer to -1 or 1, the stronger the correlation. 0.067 is close to 0, not
close to -1, and not close to 1, which means the correlation is not strong. It proves that the correlation
between color and weathering degree is not significant.

In summary, the ornamentation of the artifacts, color, and weathering are not correlated, and the
glass type of the artifacts and weathering are correlated.

Combined with the type of glass, the statistical pattern of the content of chemical components with
and without weathering on the surface of the artifact samples was analyzed, and the content of their
chemical components before weathering was predicted based on the weathering point detection data".
Lead and barium artifacts’ weathered and unweathered elements average for comparison is shown in
Figure 1.
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Figure 1. Comparison of the average values of weathered and unweathered elements of lead and
barium artifacts

In Figure 1 we can see that the weathered artifacts of lead and barium class and unweathered
artifacts in silica, sodium oxide, calcium oxide, lead oxide, barium oxide, phosphorus pentoxide, and
sulfur dioxide on the content of a large difference: weathered artifacts than unweathered silica content
decreased by 54.5%, sodium oxide content decreased by 63.6%, calcium oxide, lead oxide, barium
oxide, phosphorus pentoxide, sulfur dioxide The content of weathered artifacts is significantly higher
than that of unweathered artifacts, with a large difference of 47.9% increase in the content of lead
oxide, 78.9% increase in the content of phosphorus pentoxide, and 67.3% increase in the content of
sulfur dioxide.

Comparison of the mean values of weathered and unweathered elements for artifacts in the high
potassium category in the same way.

There is a big difference between the weathered artifacts with high potassium and the unweathered
ones in the content of silica, potassium oxide, calcium oxide, and aluminum oxide: the weathered
ones have 27.7% more silica, 92.2% less potassium oxide, 86.4% less calcium oxide, and 70.8% less
aluminum oxide than the unweathered ones. Meanwhile the unweathered has more elements of
sodium oxide, iron oxide, lead oxide, and tin oxide than the weathered.

According to the weathering point test data, the average difference between the elemental content
of different artifacts by the average data of elements and the same unweathered:

Let the average value of an element be X the content of the element in different artifacts of the
same type be X; then the absolute value of the average difference of n artifacts P; is.
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Combined with the above analysis and conclusions can be predicted (calculated value of the last
integer, if no single digit takes a decimal).

(1) for lead and barium glass artifacts, 46% to 65% of silica, 16% to 29% of lead oxide, 5% to 12%
of barium oxide, 2% to 7% of aluminum oxide, 0 to 5% of sodium oxide, 0 to 3% of copper oxide, 0
to 3% of iron oxide, 0 to 3% of calcium oxide, 0% to 2% of phosphorus pentoxide, 0 to 1% of
magnesium oxide, 0 to 0.5% of strontium oxide, 0 ~ 0.5% potassium oxide.

(2) for high potassium class glass artifacts, the artifacts before weathering have 61%~75% silica,
0~3% sodium oxide, 8%~12% potassium oxide, 5%~8% calcium oxide, 0~2% magnesium oxide,
5%~9% aluminum oxide, 0~3% iron oxide, 2%~5% copper oxide, 0~2% lead oxide, 0~2% barium
oxide, 0.5%~3% phosphorus pentoxide, 0~0.1% strontium oxide, 0~0.5% sulfur dioxide.

3.2. Glass classification

We started the analysis based on the chemical composition ratios of the classified glass artifacts
in the data, firstly, we eliminated the invalid data (composition ratios summed up not between 85%
and 105%) to get the valid data, and secondly, we set the high potassium glass as "0", i.e., a negative
sample, and the lead-barium glass as "1", i.e., a positive sample, according to the attached Form 1.
"The data were then divided into training data and acceptance data. Subsequently divided into training
data and acceptance data, the training data were put into the random forest model for training, the
type was used as prediction data, and the rest were feature variables. After the training, we get: the
OOB score of the random forest: 1.0, Accuracy on the training dataset: 1.0, and Accuracy on the
validation dataset: 1.0. The accuracy is calculated by the formula:

TP+TN
P+N )
Where: P (Positive Sample): the number of positive samples. N (Negative Sample): the number of
negative samples. TP (True Positive): the number of positive cases correctly predicted. FP (False
Positive): the number of negative cases predicted as positive. FN (False Negative): the number of
positive cases predicted as negative cases. TN (True Negative): the number of negative cases correctly
predicted.

Accuracy =

O00ROCHD

AUC = 1.0
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Figure 2. ROC curve

The size of the area enclosed by the ROC curve and the horizontal axis as shown in Figure 2 is
called the AUC (Area Under the ROC curve) of the learner, and the closer the value is to 1, the better
the algorithm model is, and this time the result ROC is 1, so the model is good.

To select the appropriate chemical composition for each category for its subclassification, we first
applied the cluster analysis model to solve the problem. In the first step, Annex 2 data were divided
into "high potassium™ and "lead-barium™ to obtain two data sets. The clustering analysis was

196



Highlights in Science, Engineering and Technology MMML 2022
Volume 22 (2022)

performed separately for the two data sets. Since each indicator in the data set is of the same
magnitude, no standardization is required.
With n glasses, the data of p indicators for n glass samples form a data matrix as follows.

_X11 X12 le_
X = X21 X22 --- X2p
- . . . . (3)
_an Xn1  --- an_

Each row represents a glass sample, each column represents an indicator, and X_ij represents the
observation of the ith sample about the jth indicator. The basic idea of cluster analysis is to define the
distance between samples and the similarity coefficient between indicators, and the similarity
coefficient between samples inscribes the similarity between indicators. The samples (or variables)
are grouped one by one according to the magnitude of similarity, and the closely related ones are
clustered into a smaller category, and the distant ones are clustered into a larger category.

The data are substituted for cluster analysis, and the contour coefficients with different K values
are also derived. The following figure 3 shows.
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Figure 3. High potassium class profile coefficients

Contour coefficient of 0.55 for high potassium glass K of 2; 0.48 for high potassium glass K of 3.
a contour coefficient of 0.41 for high potassium glass K of 4; a contour coefficient of 0.45 for high
potassium glass K of 5.

Similarly, the contour coefficient of lead-barium glass K for 2 is 0.38; the contour coefficient of
lead-barium glass K for 3 is 0.43. the contour coefficient of lead-barium glass K for 4 is 0.39; the
contour coefficient of lead-barium glass K for 5 is 0.39

From the above analysis, it can be seen that high-potassium glass can be divided into 2 subclasses
and lead-barium glass can be divided into 3 subclasses. After dividing the subclasses, we averaged
the chemical composition of all samples of each subclass.

According to the chemical composition table of the lead-barium class, we can see that we can
continue to classify lead-barium glass according to sulfur dioxide, lead oxide, and sulfur dioxide, and
those that do not contain sulfur dioxide and the ratio of silica to lead oxide is about 1:2 will be
classified as lead-barium A, those that contain sulfur dioxide and the ratio of silica to lead oxide is
3:1 will be classified as lead-barium B, and those that contain sulfur dioxide and the ratio of silica to
lead oxide is about 1:1 will be classified as lead-barium C. Of course, this is only a general analysis
based on the chart. Of course, this is only a general analysis based on the chart, and now we will
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analyze the three features based on silica, lead oxide, and sulfur dioxide by substituting them into the
SVM support vector machine model. The error is controlled within 0.001, and the final prediction
accuracy Accuracy is 100%

Accuracy = % 4)

where Y is the number of correctly predicted samples and N is the total number of samples.

According to the chemical composition table of the high potassium class, it can be seen that the
high potassium glass can be classified according to silica, potassium oxide, and alumina, and the ratio
of silica to potassium oxide to alumina is about 9:1:1 for high potassium class A, and the ratio of
silica to potassium oxide to alumina is about 30:1:1 for high potassium class B.

We substituted the composition table of the chemical subclasses of lead-barium glass and the
chemical subclasses of high-potassium glass into the model to obtain an accuracy Accuracy of 100%.

The plausibility analysis has been given above and we used a random forest model with an
accuracy of up to 100% and a subclass division model of up to 95%. Now that we have a data matrix
with behavioral glass types, listed as chemical components, we vary the number of trees in the random
forest model and the maximum depth of the trees and observe the change in accuracy as the Figures
4 and 5.
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Figure 4. Changing the number of trees accuracy change
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Figure 5. Changing the number of trees accuracy changes the graph

It can be seen that the model is insensitive to changes in the number of trees and the depth of trees,
but if the chemical components of any glass type are changed, it produces different prediction results
because the model itself is a model based on these characteristics.

In the subclass partitioning model: we adjusted the main adjustable parameters C, kernel, degree,
gamma, and coef0 and found that the predicted results were the same for a small range of mobilization,
for the obvious reason that we controlled the error to 0.001, and if we changed the limiting error to a
larger value, we would find that the accuracy would also decrease.
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3.3. Identification of glass types

First, the data are substituted into the random forest model to obtain the initial classification such
as in figure 1.

Table 1. Initial classification

A”'faggisrft’;‘p"“g Si02[Na.0[K20/Cao]MgOJALOFe204Cu0|PbO |BaO |P20s| Sri [Sn02SOiSurface weathering 'F’)‘étt'é{as'sfl'ﬁs'lf'f;‘lte'gg(t?a'f“'}r'ﬁ;‘
AL 78.45 5.08[1.86] 7.23 | 2.15 [2.11 1060003 051 No weathering 0
A2 37.75 763 (233 33| 1427 weathering 1
A3 3195 [1.367.190.81] 2.93 | 7.06 [0.21/39.564.69| 2.68/0.52 No weathering 1
Al 3547 10.7912.891.05] 7.07 | 6.45 [0.96/24.288.31] 8.450.28 No weathering 1
A5 64.29 1.2 [0.37/1.642.34]12.75] 0.81 [0.9412.23]2.16 [0.19]0.21[0.49 weathering 1
A6 03.17  [1.350.64021] 1.52 | 0.27 [L.73 021 weathering 0
A7 00.83 (09812 [506]0.24 117 0.13 041 weathering 0
A8 51.12(0.00(0.2300.89(0.00] 2.12 | 0.00 [9.01[21.24/11.341.460.31]0.00 2.26]  No weathering 1

Subsequent substitution into the SVM model yields subclasses as in Table 2.
Table 2. Subcategory classification

Artifact 50, NaOK,0lCaMIOALOFe04cu0lPbo | Bao Psodlsri knodsoasurt thering|Initial classification(0 s high| ~ Subclass
Sapn;i[;‘l:l;g 102 Na2 2 ao|vig 203Fe203Cu al 205|511 oN0O2502jsurtace weathering| potassium, 1 is lead barium) division
High
Al 78.45] 6.08/1.86| 7.23 | 2.15 |2.11 1.06(0.03 0.51]  unweathered 0 potassium
class B
A2 P77 763  |2.33 43| 1427 weathered 1 Lead and
barium class B
Lead and
A3 31.95] 1.36(7.19/0.81 | 2.93 | 7.06 |0.21[39.58| 4.69 | 2.68 [0.52 unweathered 1 -
barium class A
A4 B547  [0.792.891.05|7.07 | 6.45 |0.96[24.28/8.31 | 8.45 0.28 unweathered 1 Lead and
barium class B
Lead and
A5 64.29) 1.2 |0.37[1.64{2.34|12.75| 0.81 [0.9412.23)2.16|0.19{0.21 0.49 weathered 1 barium class B
High
A6 93.17 1.350.64{0.21| 1.52 | 0.27 |1.73 0.21 weathered 0 potassium
class B
High
A7 90.83 0.98[1.12 5.06|0.24 |1.17 0.13 0.11] weathered 0 potassium
class B
Lead and
A8 51.12( 0.00 |0.23/0.89/0.00 | 2.12 | 0.00 {9.01[21.24/11.3411.46 |0.31]0.00 [2.26/  unweathered 1 -
barium class B

Analysis of tuning parameters: Other irrelevant features were introduced into the data, and a small
initial value was set and put into the model for classification, and it was found that the classification
results were consistent, and the resulting error variation was also very small, only about 0.5, which
shows that the model has good robustness.

3.4. Discussion

The accuracy of the random forest model is up to 100%, and the subclass division model is up to
95%; the sensitivity analysis of the model has been conducted, and the error variation derived is also
very small, only about 0.5, which shows that the model has good robustness; the elemental content
of unweathered artifacts predicted by the mean deviation method cannot predict more accurate values,
and the artifacts of different processes differ greatly in some elements, and such elements are difficult
to predict.

4. Conclusion

(1) this paper analyzes the relationship between the surface weathering of glass artifacts and their
glass type, decoration, and color; combined with the type of glass, analyze the statistical law of the
surface of artifact samples with and without weathering chemical composition content, and based on
the weathering point detection data, predict their chemical composition content before weathering.

(2) Analyze the classification pattern of high potassium glass and lead-barium glass; for each
category, select the appropriate chemical composition to classify them into subcategories, use SVM
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and random forest algorithm to give specific classification methods and classification results, and
analyze the rationality and sensitivity of the classification results.

(3) The chemical composition of unknown categories of glass artifacts was analyzed to identify

the types to which they belonged, and the sensitivity of the classification results was analyzed.
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