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Development of Machine Learning Model to Predict
the Ground Subsidence Risk Grade According
to the Characteristics of Underground Facility
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ABSTRACT : Ground Subsidence has been continuously occurring in densely populated downtown. The main cause of ground
subsidence is the damaged underground facility like sewer. Currently, ground subsidence is being dealt with by discovering cavities
in ground using GPR. However, this consumes large amount of manpower and cost, so it is necessary to predict hazardous area for
efficient operation of GPR. In this study, OQcity is divided into 500 mx500 m grids. Then, data set was constructed using the
characteristics of the underground facility and ground subsidence in grids. Data set used to machine learning model for ground
subsidence risk grade prediction. The purposed model would be used to present a ground subsidence risk map of target area.
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Fig. 1. Conceptual diagram of RF
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Fig. 3. Conceptual diagram of ROC curve
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Table 2. Category of factors

Factors Category
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1~100, 101~200, 201~300, 301~400, 401~500,
501~600, 601~700, 701~800, 801~900

Diameter (mm)

Table 3. Configuration of datasets

Year Diameter Risk

(year) (mm) level
M-1 5 100 3
M-2 5 100 4
M-3 10 100 3
M-4 10 100 4
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Table 4. Summary of hyper parameters in the model

Model Hyper parameter
Estimators (500)
Max depth (2)
Estimators (300)
XGB Max depth (1)
Learning rate (0.01)
Estimators (500)
Max depth (1)
Learning rate (0.001)
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LightGBM
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Table 5. Result comparison for each models

Model Test Train F-1 ‘score
score score (micro)

RF 0.688 0.705 0.50

M-1 XGB 0.750 0.783 0.72
LightGBM 0.719 0.758 0.66

RF 0.744 0.798 0.39

M-2 XGB 0.744 0.76 0.39
LightGBM 0.750 0.797 0.40

RF 0.775 0.817 0.75

M-3 XGB 0.788 0.839 0.77
LightGBM 0.644 0.709 0.51

RF 0.756 0.808 0.40

M-4 XGB 0.769 0.887 0.41
LightGBM 0.781 0.861 0.45
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