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Abstract. In this paper, for a batch of existing data related to ancient glass objects in China, by
analyzing the relationship between the basic information of cultural relics and the information of
chemical composition detected by cultural relics, a prediction model that can predict the chemical
composition data before weathering by the chemical composition data after weathering is
established, a classification model based on the existing data is built to simulate the original
classification law, and the model is used to identify the type of unclassified cultural relics, and then
by The importance of the feature selects barium oxide as a criterion for subcategory classification.
The proportion of chemical composition of the classified glass artifacts was determined by feature
engineering to determine whether the 0 in the detection data was filled in artificially, and it was used
as a new feature to reduce the impact of extreme data 0 on the model. The data were then used for
model training to obtain the LightGBM classification model. The mean value of the chemical
components with the highest feature importance in the model was selected as the criterion for
subclass classification, and the values in each class were divided into 2 subclasses. The chemical
components with the top 3 feature importance were subjected to sensitivity analysis, and sensitivity
judgments were made by the indicators of the model. After first performing feature engineering on
the data information of the unknown category of artifacts, the type identification output results were
performed using the classification model built in Problem 2. The top 3 chemical components of
importance in the model were selected to let their values fluctuate up and down by 5%, and the
model indicator curves were plotted for sensitivity analysis.

Keywords: Antigue Glassware, Chemical composition, LightGBM Classification Model, Sensitivity
Analysis.

1. Introduction

The main chemical composition of glass is silicon dioxide (SiO2), in order to reduce the melting
temperature of pure quartz sand is often added to a variety of accelerants, ancient glass due to the
addition of different accelerants resulting in its main chemical composition is different [1-3].
Archaeologists have classified ancient glass into two types, high potassium glass and lead-barium
glass, through chemical composition analysis [4-6]. At the same time, because ancient glass is easily
affected by the burial environment and weathering, the internal elements in the weathering will
exchange with the environmental elements, which will lead to changes in the chemical composition
ratio and lead to the judgment of the category [7-10]. This paper intends to solve the following
problems.

(1) Analyze the statistical laws of classified high potassium glass and lead-barium glass according
to the test data; for each category take the appropriate chemical composition of the category for sub
classification, get the detailed classification method and classification results, and analyze the
reasonableness and sensitivity of the classification results.

(2) Analysis of the chemical composition of unknown categories of glass artifacts to determine the
type of glass artifacts, as well as the sensitivity of the results of the analysis.
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2. Building a Light GBM classification model

2.1. Feature engineering and model building

In the process of weathering, the main chemical composition of glass artifacts will be lost in large
quantities, but this paper concludes that the main chemical composition is still the main factor in
determining the type of artifacts. Secondly, we analyze the influence of different basic information
on whether weathering, and conclude that ornamentation, color has no significant effect on whether
weathering, but different types of glass have a certain influence on the judgment of whether
weathering, according to this paper, the known glass artifacts will be used as a feature data for training
the glass artifact type discrimination model.

a. Whether the proportion of chemical element content is manually added to the data: In the
assumption of the model, the proportion of chemical element content of the vacancy is set to 0 in this
paper, but in fact, some of the data in the original data would have been 0. In order to reduce the
impact of extreme values such as 0 on the model, we choose to add the indicator of whether the
element is detected by feature engineering.

b. The mean value of the elements of the repeatedly sampled artifacts: Considering the problem
that different locations of the same artifact are sampled multiple times and the chemical composition
ratio obtained from different locations on the same artifact is inconsistent, this paper chooses to use
the mean value of the chemical element content of the artifacts sampled multiple times as the chemical
element content. In the problem of feature engineering mentioned in the first has been extracted by
way of number to determine whether the artifacts are repeatedly sampled, only the same number of
different sampling points to obtain the proportion of each chemical composition of the average can
be derived. As shown in Table 1. Results of mean processing of delineated components at some
sampling points.

c. Whether the artifacts are weathered or not: In order to better make the discrete data better for
model training choose a unique thermal encoding of the raw data to make the calculation between
features more reasonable. As shown in Table. 2. Test of Light GBM prediction results.

Table 1. Results of mean processing of delineated components at some sampling points.
Sampling Points  Before processing  After mean processing

03 Part 1 87.05 74.38
03 Part 2 61.71 74.38
06 Part 1 67.65 63.73
06 Part 2 59.81 63.73

The Light GBM model was used to analyze the classification pattern and to obtain a classification
model that can be used to discriminate the type of glass artifacts of unknown types.

Table 2. Test of Light GBM prediction results.

Artifact Number Type Prediction Type
01 High Potassium High Potassium
02 Lead barium Lead barium
03 High Potassium High Potassium
04 High Potassium High Potassium
05 High Potassium High Potassium
06 High Potassium High Potassium
07 High Potassium High Potassium
08 Lead barium Lead barium
09 High Potassium High Potassium
10 High Potassium High Potassium
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Subcategorization refers to the identification of new discriminative indicators to further classify
the elements in the original categories. In this paper, we calculate the importance of each feature in
the model after constructing the discriminant model, and select the mean value of the most important
feature (lead oxide) in each category as the discriminant criterion for the subcategory classification.

As shown in Table. 3. Results of sub classification of high potassium glass.

The mean value of lead oxide content in the category of high potassium glass was calculated to be
0.27, and the mean value of lead oxide content in the category of lead-barium glass was calculated to
be 33.35. The subcategories of high potassium glass and lead-barium glass were further classified
according to these criteria. As shown in Table. 4. Lead barium glass sub-classification results.

In each category, further sub classification is made according to the discrimination criteria: data
greater than the average value of lead oxide in this category are classified as category 1, while data
less than and equal to the average value of lead oxide in this category are classified as category 2. As
shown in Figure 1. Feature importance.
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Figure 1. Feature importance.
Table 3. Results of sub classification of high potassium glass.

1 class number Numerical value 2 class number Numerical value
O3 part1 283 1
06 part 1 1.38 03 part 1
06 part 2 0.97 4
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Table 4. Lead barium glass sub-classification results.

1 Class Numerical value 2 Class Numerical value
8 31.23 19 30.565
8 Severe weathering point 30.62 25 Unweathered spots 25.39
11 14.61 28 9.3
19 2355 29 16 98
20 11.86 30 part 1 29.14
23 Unweathered spots 26.23 30 part2 31.9
24 3225 31 29 725
25 For weathering point 35.45 32 29.725
26 10.83 33 17.14
26 Severe weathering point 10.88 34 12.31
36 10.96 35 16.55
42 14.2 37 19.76
44 15.45 38 zh16.16
50 17.3 39 22.05
56 40 32.92

2.2. Reasonableness and sensitivity analysis

Rational analysis:

The analysis of the importance of the features shows that lead oxide is the most important feature,
and based on the information in the question that lead oxide is the main component of lead-barium
glass, it can be inferred that the results obtained from the model are reasonable and do not violate the
established rules of the question.

Sensitivity analysis: In constructing this classification model, there are a large number of features,
including the proportion of each chemical element and whether it is detected or not. In this paper, the
top three features of barium oxide, copper oxide, and silica were selected for sensitivity analysis based
on the importance of these features.

In this paper, the change curves of precision Precison_score, recall_score, and roc_auc_score of
the model are plotted by setting their values to fluctuate up and down by #5%, and their sensitivity is
analyzed by observation.

TP

Precision = "
TP+FP
Recall = —F N
TP+PN
AUC = Lpositive Tank; _w N
TP+FP

Similarly, the three feature controls of the top3 importance in the model are changed numerically
by #5% each time, and the change curves of the precision Precison_score of the model, recall
recall_score of the model, and roc_auc_score of the model are plotted, and their sensitivity is analyzed
by observation. As shown in Figure 2(BaO sensitivity test), Figure 3(CuO sensitivity test) and Figure
4(SiOz2 sensitivity test).
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Figure 2. BaO sensitivity test.
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Figure 3. CuO sensitivity test.
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Figure 4. SiO2 sensitivity test.
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The above image curves reveal that:

When the value of barium oxide fluctuates between -10% and 30%, the model has almost no effect,
but below -50%, the accuracy of the model is lower than the original one by nearly 20%, and above
40%, it is obvious that the recall_score and roc_auc_score of the model decrease rapidly by nearly 5%
and 10% respectively.

When the value of copper oxide is lower than 0%, there is almost no effect on the model, and the
system results are stable, but the accuracy of the model and roc_auc_score change when the value
fluctuates between 0% and 5%.

The accuracy and roc_auc_score of the model change when the value of silica is lower than 30%,
and the system results are stable.

From the above analysis, it is easy to see that the trained model has excellent stability, and the
performance of the model will not be affected when the features fluctuate.

3. Classification using LightGBM classification model

3.1. Request unknown category of glass artifact identification type.

Using the model constructed above, it is possible to identify the type of glass artifacts from the
available data. Since the model constructed in Problem 2 is to be used, feature engineering is also
required first.

Feature engineering:

a. Fill vacant values: Fill the vacant data with 0.

b. Discriminate whether the element is detected or not: As in problem 2, the keyword is used to
discriminate whether the element is detected or not.

The processed data is fed into the type discrimination model constructed above, and the output is
the class of the unknown glass artifacts identified by the model. The identification results are shown
in Table 5.

Table. 5. Results of data identification for unknown categories.

Number Predicted results
Al High Potassium
A2 Lead Barium
A3 Lead Barium
Al Lead Barium
A5 Lead Barium
A6 High Potassium
A7 High Potassium
A8 Lead Barium

3.2. Sensitivity Analysis

Similarly, the three features (BaO, CuO, and SiOz) of the top 3 importance in the model were
controlled to change numerically by #5% each time, and the curves of the precision Precison_ score,
the recall recall_score, and the roc_auc_score of the model were plotted to analyze their sensitivity
by observation. As shown in Figure 5. BaO sensitivity test, Figure 6. CuO sensitivity test and Figure
7. S102 sensitivity test.
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Figure 5. BaO sensitivity test.
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Figure 6. CuO sensitivity test.
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Figure 7. SiO2 sensitivity test.
Analysis by image:
When the value of PbO fluctuates between - 10% and 40%, the model has almost no effect, but
below - 50% the accuracy of the model is almost 20% lower than the original one.
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The recall_ score and roc_ auc_ score of the model decreased rapidly when the value was higher
than 40%, and decreased by 25% and 10%, respectively, compared with the original model.

When the number of copper oxide fluctuates arbitrarily, the three judgment indexes of the
observation analysis model do not receive significant influence, and the system performs stably.

When the value of silica fluctuates between -5% and 40%, the model is almost unaffected, but
below -5% the ecall_ score of the model is not affected.

The ecall_ score and roc_ auc_ scor of the model are lower than the original by nearly 20%, and
the accuracy of the model decreases when the value is higher than 40%, which is lower than the
original accuracy by nearly 5%, but it tends to stabilize again at 40%-70% until it decreases again
when it exceeds 70%, which is lower than the original model data by nearly 10%.

According to the above conclusions, the Light GBM model in Problem 2 has a stable index
fluctuation of less than 30% in identifying unknown categories of artifacts, which can be judged as a
stable model that does not affect the accuracy of the model due to rare numerical fluctuations. The
model has a good generalization capability for the identification of glass artifacts in the previous
categories.

4. Conclusions

This paper combines the advantages of Light GBM's leaf-wise leaf growth strategy with depth
limitation to achieve a more accurate prediction of the chemical composition before glass weathering
without overfitting. By combining the advantages of Light GBM with depth-limited leaf-wise leaf
growth strategy, the prediction of the chemical composition content before glass weathering is not
over-fitted and the prediction results are more correct. Given that extreme values such as manually
filling in 0 may affect the accuracy of the model, new features are introduced to distinguish between
manually added 0 values and detected 0 values, which greatly reduces the impact of the quarterly one
on the model construction. The prediction accuracy of the LightGBM model was used to predict the
chemical composition of unclassified glass artifacts, and the resulting glass type predictions were
high and accurate in terms of model scores.

The LightGBM model quickly predicts the chemical composition of two types of glass before
weathering and presents them as histograms, giving a better visualization of the chemical composition
of two types of glass before weathering.
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