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ABSTRACT : Ground subsidence shows a mechanism in which the upper ground collapses due to the formation of a cavity due to
the movement of soil particles in the ground due to the formation of a waterway because of damage to the water supply/sewer pipes.
As a result, cavity is created in the ground and the upper ground is collapsing. Therefore, ground subsidence frequently occurs mainly
in downtown areas where a large amount of underground facilities are buried. Accordingly, research to predict the risk of ground
subsidence is continuously being conducted. This study tried to present a ground subsidence risk prediction model for two districts
of OO city. After constructing a data set and performing preprocessing, using the property data of underground facilities in the target
area (year of service, pipe diameter), density of underground facilities, and ground subsidence history data. By applying the dataset
to the machine learning model, it is evaluated the reliability of the selected model and the importance of the influencing factors used
in predicting the ground subsidence risk derived from the model is presented.

Keywords : Ground subsidence, Underground facilities, Density of underground facilities, Machine learning, Ground subsidence risk
prediction model
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Fig. 1. Conceptual diagram of ROC curve

Table 1. Model evaluation according to AUC (Fawcett, 2005)

AUC Evaluation
AUC=0.9 Excellent
0.8=AUC<0.9 Good
0.7=< AUC<0.8 Fair
AUC<0.7 Poor
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Table 3. Category of factors

Factors Category
S 1~5, 6~10, 11~15, 16~20, 21~25, 26~30,
Year 31-35, 36-40, 41-45, 46~50
(year)
10 1~10, 11~20, 21~30, 31~40, 41~50
1~50, 51~100, 101~150, 151~200, 201~250,
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Diameter 451~500, 501~550, 551~560
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Table 4. Configuration of datasets

Year (year) | Diameter (mm) | Density | Risk level
MD-1 10 100
MD-2 10 50 .
Density 3
MD-3 5 100
MD-4 5 50
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Table 5. Summary of hyper parameters in the model

Model Hyper parameter
RF Estimators(500)
Max depth(4)
Estimators(500)
XGB Max depth(3)
Learning rate(0.006)
Estimators(200)
LightGBM Max depth(3)
Learning rate(0.01)
AdaBoost Estlfnators(lOO)
Learning rate(0.05)
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Table 6. Result comparison for each models

Test Train F
Model Score
Score Score R
(micro)
RF 0.600 0.691 0.580
XGB 0.615 0.675 0.610
MD-1
LightGBM 0.600 0.669 0.600
Ada 0.600 0.715 0.620
RF 0.708 0.808 0.730
XGB 0.800 0.871 0.800
MD-2
LightGBM 0.769 0.850 0.770
Ada 0.523 0.675 0.500
RF 0.554 0.669 0.540
XGB 0.554 0.653 0.570
MD-3
LightGBM 0.600 0.713 0.620
Ada 0.554 0.607 0.570
RF 0.692 0.764 0.700
XGB 0.692 0.798 0.690
MD-4
LightGBM 0.646 0.701 0.660
Ada 0.723 0.772 0.730
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