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Abstract

The occurrence of ground subsidence and sinkhole in downtown areas, which threatens the safety of citizens, has
been frequently reported. Among the various mechanisms of a sinkhole, soil erosion through the damaged part of the
sewer pipe was found to be the main cause in Seoul. In this study, a random forest model for predicting the occurrence
of sinkholes caused by damaged sewer pipes based on sewage pipe information was trained using the information on
the sewage pipe and the locations of the sinkhole occurrence case in Seoul. The random forest model showed excellent
performance in the prediction of sinkhole occurrence after the optimization of its hyperparameters. In addition, it was
confirmed that the sewage pipe length, elevation above sea level, slope, depth of landfill, and the risk of ground subsidence
were affected in the order of sewage pipe information used as input variables. The results of this study are expected
to be used as basic data for the preparation of a sinkhole susceptibility map and the establishment of an underground

cavity exploration plan and a sewage pipe maintenance plan.
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Fig. 1. Locations of sinkhole and the sewer pipe network in Seoul (Kim et al., 2018)

Table 1. Basic statistics of continuous predictor variables
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Length (m) Radius (m) Elevation (m) Depth (m) Slope (%) Age (years)
Mean 30.50 0.333 24.54 0.993 32.49 2416
Standard deviation 21.96 0.243 16.35 0.619 48.39 12.68
Minimum 0.1 0.1 0.14 0.01 0 0
Median 28.08 0.3 20.425 0.85 14.42 24
Maximum 199.75 2.44 226.66 17.76 399.61 82
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Fig. 2. Probability density function of continuous predictor variables (occurrence cases versus non—occurrence cases)
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Fig. 3. ROC curve of random forest model trained with default
values

Table 2. Hyperparameters of random forest model
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7}5}5iTk. Hosmer et al.(2000)-2 AUC Ztol| wh mgo]

A& 452 Table 33} o] AABIALE Scikit-learn 2Ho] =
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Table 3. Area under curve and model performance

olgstett kA WA HES Hl

Lo 2= FGrislr] 5| o]

AUC Model performance
09 -10 Outstanding
08 - 09 Excellent
0.7 - 0.8 Acceptable
06 — 0.7 Poor
05 -06 No discriminatory ability

Parameter Default value Options Explanations
n_estimators 100 int The number of trees in the forest.
‘auto’
max_features ‘auto’ ‘sart’ The number of features to consider when looking for the best split.
‘log?’
L . ‘gini’ ) ) )
criterion gini . , The function to measure the quality of a split.
entropy
max_depth None int The maximum depth of the tree.
min_samples_split 2 int or float The minimum number of samples required to split an internal node.
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Table 4. Summary of hyperparameter optimization

Rank max_features criterion max_depth AUC

1 5 entropy 7 0.8420

2 4 entropy 7 0.8419

3 3 entropy 7 0.8413

4 5 entropy 6 0.8406

5 6 entropy 7 0.8403
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