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ABSTRACT : In this study, the liquefaction potential index was assessed using actual borehole data and seismic waves, and a
predictive model was developed based on machine learning methods. A total of 10 features were selected including factors reflecting
the characteristics of the seismic waves. To identify candidate methods, a preliminary test was conducted using commonly used
machine learning methods for regression, followed by Bayesian optimization to optimize the hyperparameters for these candidate
methods. Among artificial neural networks, Gaussian process regression, and random forest, it was found that the random forest
effectively predicted the liquefaction potential index, as indicated by a low root mean square error, a high coefficient of determination,
and considerations regarding overfitting. However, it was noted that the model tends to underestimate the liquefaction potential index

when the index was 5 or higher.
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Table 1. Earthquake information considered in this study

M
Magnitude | Distance | PGA e-an
Earthquake | Country | Year Period
M) (km) (®

(sec)

Pohang Korea | 2017 5.4 9.5 0.27 | 0.48

Gyeongju | Korea | 2016 5.8 9.1 0.41 0.15

Hokkaido | Japan | 2018 6.7 26 0.17 | 0.52
N. Palm

. USA | 1986 6.06 16.55 0.13 | 0.15
Spring

Kozani Greece | 1995 6.4 14.13 0.21 0.28

siermd | pea L1991 | sl 1036 | 028 | 025
Madre

L’Aquila Italy | 2009 5.6 14.95 0.14 | 032
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Fig. 1. Horizontal acceleration seismic waves matched with a return
period of 2,400 years
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Fig. 2. Considered features obtained from the earthquake record
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Table 2. Considered features for LPI prediction

No Feature Unit
1 SPT-N -
2 Unit weight t/m’
3 Fine content %

Effective vertical overburden stress
at the center of layer

Effective vertical overburden stress

> at layer interface kPa

6 Depth m

7 Water table m

3 Acceleration difference between maximum o
and minimum value

9 Predominant frequency Hz

10 Amplitude at predominant frequency g
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Table 4. Results of hyperparameter optimization

Optimizati
Method Hyperparameter | Considered range phmization
result
Number of layers 1~5 3
Activation function | relu, tanh, sigmoid sigmoid
Neural -
Network A (L2 regulation) | 2.7205e-10~2.7205 | 2.5644e-05
(NN) Ist layer: 100
Layer size 10~100 2nd layer: 22
3th layer: 3
Gaussian Sigma 1.e-4~48.0670 4.1128e-4
Process
Regression constant, none,
with Basis function linear, pure linear
exponential quadratic
kernel
(GPR) Kernel scale 41.38~41380 40922
Maximal number
of branch node 1~30,000 3397
splits
Number of least
observation needed 1~20 5
Random at each leaf
Forest Number of
(RF) predictor variables
(randomly selected) 1~9 9
for each decision
split
Number of
umber © 10~500 414
learning cycles

(Accuracy)2 W] 519 00, BEATLOANE B wel 4

W= (Precision)& 4515

5

E]
3.2 1
Zuj s 225kE Bl 7 O Aysh WS 2|

0] o ATF= Fig. 3-5, Table 59} 2tk

HRATRLAE SRR 71202 FSAI ZRAA

Table 5. Results for each ML

RMSE R’
Machine Learning Model - -
Train Test Train Test
Neural Network (NN) 2.327 | 2352 | 0.766 | 0.753

Gaussian Process Regression

0.014 | 1.874 | 0.999 | 0.844
with exponential kernel (GPR)

Random Forest (RF) 1.077 | 1.629 | 0.950 | 0.882

Train data Test data
35 v 35

Neural Network ~ Neural Network
o 30+

N
o
N
o
o
o

Predicted LPI

(a) Train data (R?=0.766) (b) Test data (R*=0.753)

Fig. 3. LPI predicted from Neural Network Model
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Fig. 4. LPI predicted from Gaussian Process Regression Model
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Fig. 5. LPI predicted from Random Forest Model
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