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ABSTRACT : Recently, ground subsidence has been continuously occurring in downtown areas, threatening the safety of citizens.
Various underground facilities such as water and sewage pipelines and communication pipelines are buried under the road. It is
reported that the cause of ground subsidence is the deterioration of various facilities and the reckless development of the underground.
In particular, it is known that the biggest cause of ground subsidence is the aging of sewage pipelines. As an existing study related
to this, several representative factors of sewage pipelines were selected and a study to predict the risk of ground subsidence through
statistical analysis has been conducted. In this study, a data SET was constructed using the characteristics of OO city’s sewage pipe
characteristics and ground subsidence data, The data set constructed from the characteristics of the sewage pipe of OO city and the
location of the ground subsidence was used. The goal of this study was to present a classification model for the occurrence of ground
subsidence according to the characteristics of sewage pipes through machine learning. In addition, the importance of each sewage
pipe characteristic affecting the ground subsidence was calculated.

Keywords : Ground Subsidence, Sewer, Machine Learning, Ground subsidence prediction model

2 Xl 2 EAAo A ANSE ASH0R waste] AnlY Qb SIS Atk ASeER, B4 5 4% A5t
go] w2 ol tjAslo] Qe AuHste] Aozt mA o] BlaEo] qlt b MR wFatel FAT EABkE olat
Aok WA QIRF A0R MaEn Qlek 53] ANt /g 2 e sl wFsk erelA k. olsh wAiE J|E
AT siezel YEA B 7H 89S Hste] BARAL Bal AuHst 1L ASTH: A7 A= B Aol
A 00A19] Stat B4k AuHsH Blo]el B ol gate] Hlolel e 73k, 00419 ket SA3 ARIaHE WAy 917 Hlolg]
2 75E golesloR /AR Be siew S0 e ANRiE wy Bi BUES vuste] 483 RS ARSI
stglom, A48 Bl EEE AuekE dFe AL sw S4E FaEg Astad shgrh

F20 1 AuiRlE, sk, VAIsy, AR ¢ 2

227} dasity @A AHE o) HEE ol A%
=313 0] (GPR, Ground Penetrating Radar)S &-83}o] Z|

2 A ThES] ol MPANEE AURRESE ol X ¥ FES BARET AR 2AF F5h ek ShA:
uRhEo] Pl WAL glof AWIES Hoto] WA B BENIT AL $Hed glo] B AL v ulE
1 oleh AURHEL ofel 714 HetdQl Ao whast  Holul, W vlgol 2uE7] wle] Buet AugE
Agk AEAQOIOIA WIS ANYSE BAR] e A e YA BAFT FHEE AR o] Aok
MR SR SANS4SY), AT A%, A Aok B e A ) vl pRED} YA A=A
22 A 5 VR3S SEes} g 2 ek wl olel o Aol s Rt wEEel et o)
ATHL stk ANREE A AR Aam 9t AYOR Ad Al Zw A5 WA RS 3
WAo] G BANE FAHOR WA, AT A AR A7IE of2] ATAREe] RYARS Folo] Bxol shed
Sj3)  QIgslshE oplshus Abae] e SR AASl o) g BAlalo] &40 mE ANRHE B dAUSE

1) Postdoctoral Researcher, Department of Geotechnical Engineering Research, Korea Institute of Civil Engineering and Building Technology
T Senior Researcher, Department of Geotechnical Engineering Research, Korea Institute of Civil Engineering and Building Technology

(Corresponding Author : goldcamp@kict.re.kr)

2) Senior Researcher, Department of Geotechnical Engineering Research, Korea Institute of Civil Engineering and Building Technology
3) Professor, Department of Rural and Biosystems Engineering, Chonnam National University

ISSN 2714-1233 (Online)
DOI https://doi.org/10.14481/jkges.2022.23.4.5



vk 519 thKuwano et al., 2006). =U|2] x]EkalE dhay o]
71 293k Yolo gl dbyt Ao RAF HQlo
(Seoul City, 2016), AHP £-4-& E3lo] 3l EAJo] o2
A kehE WY FRFIAte] 7 AE AR it =5otof
71Q1%E slpte] 4o 7HY & 7S AIE Foi2 Ao
e THIin, 2018). E3L, 7|AskE9] Yate|E 5 kel
EAAE IR Foto] ANRkE e B7HE 9
gk Aol A= ARKEE FEFE vlAle s AR
il Eae, BAE, B S, we] 27, o] do), uidA
=, BA IR AAACHKim et al., 2017).

olo} Zro] AHIRhEe] A%l A W iRt 7S 28
A= A& S Bl AL EAAES *WOﬂ 8511
At7h D] % 5“511 %EP 71E ATRE 37} 9

g =

o
(ot rsi'

rﬁ:L

o mlo

(o]

filo
m&ﬁ

O

o
2
N
=
o

2
9"{1
o oy
lo
ot
B
0,
1=
f
o
)
o,
n)
o
-,
o
_>df
o
o,
HUoomolh g 1

il
T
m

(

©
i oo i)
S
o
‘o
offt r
o
2,
H
2
o
o
)
© o
ol
5
>
N
in
N
S

oS
o
En)

o

6] E4of &-go] golgt 7|Holrt
Oﬂ"ih 00A|9] 3l EXJT} 2|1 ut
-g-3lo] glo|ElAS kAL 7] AIBks ] B
S 2 AE(Random Forest, RF), LightGBM,
KNN’% %kg_a]-oq 3}"*‘4‘ T‘:@}Oﬂ w2 A|UHE By B n
3 BellS Aotstual shgick

re
l‘_&

ket

True

e N 7 \

Fig. 1. Conceptual diagram of RF

2.2 LightGBM(Light Gradient Boosting Model)
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Fig. 2. Conceptual diagram of LightGBM
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Fig. 3. K—Nearest Neighbor (KNN) Method
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Fig. 4. Conceptual diagram of ROC Curve
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/\ Sewer Pipeline
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Fig. 5. Combination of sewer pipi and ground subsidence data
using ArcGIS

Table 2, Summary of sewer pipe features

. Standard . .
Category Unit Average Median | Min Max
error
Age Year 27.08 0.03 28.00 | 5.00 82.00
Slope Degree 0.022 | 0.0002 | 0.007 0 16.31
Depth Meter 1.00 0.001 0.85 0.01 147.41
Diameter | Millimeter | 548.23 0.36 | 450.00 | 100.00 | 2,800.00
Length Meter 27.72 0.04 25.11 | 0.02 | 1140.00
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Table 3. Summary of hyper parameters in the model

Model Hyper parameter
KNN n neighbors(1)
RF n_estimators(100), Max depth(12),
Min samples split(16), Min samples leaf(8)
LightGBM n_estimators(400), Max depth(10),

Learning rate(0.1), Max iter(100)

Table 4. Summary of hyper parameters in the model

Model | Accuracy | Precision | Recall | FI-Score AUC
KNN 0.990 0.473 0.481 0.477 0.738

RF 0.995 130 0.579 0.733 0.851

Light

0.993 0.666 0.712 0.688 0.852
GBM
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