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Introduction
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1999-09-21 01:47 (UTC+8) CHI-CHI earthquake

M 7.7 - 21 km S of Puli, Taiwan

1999-09-20 17:47:18 (UTC) ‘ 23.772°N 120.982°E ‘ 33.0 km depth
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Estimated Intensity Map
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View Nearby Seismicity.

Time Range

E + Three Weeks

Search Radius

@ 250.0 km

Magnitude Range

A >40

Report from USGS

Cause :

Nearly 10,000 landslides

Nearly 2500 fatality
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Introduction

ooeo -
.- Rapid identification of landslides Is very important:
@* 1. Assessment of earthquake impacts

2. Hazard mitigation

In recent year: | Two kinds of methods |

@ 1sed
~ |1. Precisely : most landslides can be predicted
2. Quickly : near real-time (maybe in few minute) |*nkey
m— - 1d landslide
ATHSHdES (Jib 1., 2000) (Nowicki J 1., 2018)
Ibson et al., OWICKI Jessee et al.,
@ caused References (Gallen et al., 2017) (Robinson et al., 2018)
AZEH
fatality Apply to Small Area Large Area
I
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Methodology

Flow Chart

00

L A
Tramimg
data DEM CWB Pro. Lee Lab NLS data
Terrain factor Trigger factor L e Rﬂlld:}g l}t?]iﬂtﬁ
. . outsiae e
Slope » Total slope AT ST landslide area
Terrain height
. E?ESEHESS * Aspect * Anas Intensity l l
roughness * Lithology Delete the data in the
Curvature non-analysis area
"W "
4l r ™
Test Test area Logistic Susceptibility
data grid point regression model map
AUC of the
model |
NLS : Non-Landslide Confusion
martrix

CWB : Central Weather Bureau




| Methodology Logistic Regression

- o oo )
I Target : Factor 1 Objective Function
Find objective function to t X \

separate two groups of data X 8323 38R 8% & &3
fx) =ay+ Zf*f:lanxn 8383 2383 X -0
: | 5= OO =15
aq : Intersection O O e =) O
a, : coeficient of the factor O O ) 00
Xy, : value of the factor £
k : number of factors Factor 2
I Apply to: (O Landslide (Positive)
1. Binary case $23  Non-Landslide (Negative)

2. Discontinuity variable



Methodology

Logistic Regression Susceptibility |

= 809

D)

J

Objective Function:  f(x) = ap + Z¥_,a,,x,
=7

1+eY

Susceptibility =

If the data point located at :
v Right side of the function
y > 0 > Susceptibility > 0.5
Landslide may occur
v" Left side of the function

y < 0 Susceptibility < 0.5
Landslide may not occur

Factor 1 Objective Function

Factor 2

susceptibility

1.0 A
0.9 1
0.8 A
0.7 1
0.6 -
0.5
0.4 -

e¥/(1+eY)

0.3 4
0.2
0.1
0.0 '
-10-9-8-7-6-5-4-3-2-10 1 2 3 4 5 6 7 8 9 10

Y 9




Methodology  Logistic Regression Models

L
§ 00 ]

Use all of data to build mode| =g Model 1

Use corrected Arias Intensity —p Model 2

- : to separate into a few groups
Use intensity to separate P group

different groups and

build model _ _
Use uncorrected Arias Intensity

to separate into a few groups
~

=P [\/]0del 3

[Factors In my model : (Arias Intensity () correction equation :\

Slope 5. Total Slope Height la(correcteay = f X Iq

Terrain roughness 6. Arias Intensity h f : Magnification
r=(

0.5
Slope roughness 7. Aspect 93.8+0'287> 0464 1 . Siope Height

1

2

3.

4. Curvature 8. Lithology (Statistical seismic landslide hazard analysis:
g ) \_ An example from Taiwan, Chyi-Tyi Lee, 2014))




Methodology

Confusion Matrix

. C o oo 5
: LS : Landslide
Confusion rved : =
. / gﬁ NLS : Non-Landslide TPR : True Positive Rate
matrix NLS : e _
TP True Positive TNR : True Negative Rate
i oicic LS FP FP : False Positive  FPR : False Positive Rate
NLS |\ FN / TN | TN:True Negative FNR : False Negative Rate
A FN : False Negative
TPR = — e FNR = s
TP+ FN " TN + FP ~ TN + FP TP+ FN
: - TP
HEHE2 (Precision) = TP+ 7D A2 (Recall) = TP TN

% If the Recall is higher, it means more landslides will be predicted

11




Methodology Area Under Curve

L

C oo -
True Positive rate fi‘;lsgfy
| m—ROC AUC>0.9 as excellent, t e OGS
0.9>AUC > 0.8 as good, e
0.8 >AUC > 0.7 as fair,
0.7 >AUC > 0.6 as poor, _ AUC =05
AU C=05 AUC < 0.6 as very poor Factor Value '
L

False Positive Rate

Factor Vafue 4

Use different threshold of susceptibility
to calculate TPR and FPR, and plot the
data on the figure.

. AUC = 0.9

Factor Value

12




Methodology

Area Under Curve

L

0 cece |
True Positive rate
Example data : Confusion Observed { mmm ROC
matrix LS | NLS
Observed Susceptibility
LS TP FP
1 0.8 predicted
1 0.4 NLS | FN TN y
: - TPR = ——— + FPR = —— UGS
0 0.2 TP + FN TN + FP >
False Positive Rate
ibili True Positive rate ® @
Susceptibility mmm ROC .
TPR FPR &
Threshold
0 as 1
0.3 1 0.5 O o
0.5 0.5 05
0.7 0.5
AUC = 0.75
1 0 e

False Positive Rate 13




I Methodology Cross Validation

00 )
( )

Dataset :

.. 10%
0)
S0 Urelinlig CElE validation data
g ﬁ validation data AUC \

_ = _ different from training data
Build Logistic Regression Model —, This model may over fitting

* or under fitting

Semparesmpce LAl L NElWeen # ;];r;]/ﬁ;??ct;?rnaidnaif Aagtc;
training data and validation data J
-

This model may be suitable

,




| Methodology Training data selection

00 ))
( )

Landslide data : total landslide grids

Landslide polygon
® |andslide data
© Non-Landslide data

..............

0 RS

S
5655

.........

......

Non-Landslide data : randomly selected g

Seeaved
.............

data of similar size with landslide data

..........

15




Methodology Training data selection

L
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§ 00 ]

-

Important thing for Non-Landslide data :
Delete data on: 1. Shadow area 2. Stable area 3. History landslide area

2. Stable area :
Slope gradient below 10% and
Continuation area above 1 hectare

3. History landslide area :
The geological conditions in this area
are unstable.

16
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False Positive Rate

Result AUC of Each Model

)
- J
Model 1 Model 2 Model 3
Ko B AAUC Arias Intensitys BAEAUC Arias Intensity H % E4% BE#AIAUC
1.0 A — 10 1.0 A
0.8 1 //'/ 0.8 0.8
0.6 //'/ § 0.6 %2 0.6
0.4 4 % 0.4 é 0.4 1
0.2 1 0.2 0.2 4
— AUC=0. 906 o — AUC=0. 873 — AUC=0. 884
0.0+ 0.0 0.0 4
O.IG U-IZ ’[‘rﬂt;le/1 M 0.I8 U-ID O-I2 Tr[tlj Positive [I)E-Iaﬁte 0-18 1.'0 O.ID 0.12 TrDL.llj Positive %;Gte U.IS LIO
Model 1 - all data AUC>0.9 as excellent,
Model 2 : group by corrected 0.9>AUC > 0.8 as good,
Arias Intensity 0.8 >AUC > 0.7 as fair,
Model 3 : group by uncorrected 0.7 >AUC > 0.6 as poor,

LS (TS G AUC < 0.6 as very poor g




Result Cross Validation
. oo0o
L
Training data AUC = 0.906
Model 1 Validation data AUC = 0.905 0.001
Training data AUC =0.873
Model 2 Validation data AUC = 0.874 tud
Model 3 Training data AUC =0.884 0.003

Model 1 : all data

Model 2 : group by corrected
Arias Intensity

Model 3 : group by uncorrected

Validation data AUC = 0.881

Arias Intensity under fitting.

The AUC between training data and validation data are similar

Three of model didn’t have problem about over fitting or




Result Confusion Matrix

- cece —

Model 1 : all data

Model 2 : group by corrected Confusion matrix| _ observation | Tpg.: (831
Arias Intensity (model 1) LS NLS | TNR:0.833(/ Precision: 0.831
Model 3 : group by uncorrected LS | 162083 | 32973 | FPR:0.169\ Recall: 0.857
' ' rediction :
Arlas Intensity P NLS | 27084 | 135388 FNR: 0.167
Contusion Observed Confusion matrix| _ observation :
matrix LS | NLS TPR:0.794
(model 2) LS NLS | TNR:0.788 Precision: 0.794
redicted S DL Jio | LS | 154846 | 40234 | FPR:0.206  Recall: 0.791
rediction .
NLS | FN | TN ; NLS | 40916 | 151776 | FNR:0.212
St (Precision) = TP Confusion matrix|  observation TPR: 0.798
7 (_P — b . .
s (model 3) LS  NLS | TNR:0.803 Precision: 0.798
= 12 (Recall) = TP v LS | 158498 | 40135 | FPR:0.202 Recall: 0.804
T TP + FN ; NG emmn | asEEm | e e




Result Susceptibility Distribution

( )
L )
Lo B S IF L A R R B A B Lo A £ IR L TR R R B B Lo 2 9E L R R R 0 A B
20000 o - LS 12000 A - LS 17500 1 - LS
- NLS 10000 - - NLS 15000 A - NLS
120009 12500 1
8000 -
10000 A
10000 6000 7
7500 4
4000 A
5000 4
5000 4

"0 02 04 06 08 10 00 02 04 06 08 10 60 02 04 06 08 1.0

Susceptibility Susceptibility Susceptibility
Model 1 : all data
Model 2 : group by corrected Model 2 and model 3 are better than model 1

Arias Intensity : . :
Model 3 : group by uncorrected Because it can separate landslide and non-landslide better

Arias Intensity
21
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Result Susceptibility of Each Model

o0 0

0.99




Conclusion
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Conclusion

( C o-0-0 5 )
AUC :
1. From the point of view of AUC, Model 1 = 0.906
model 1 is the best model. Model 2 =0.873
2. From the point of view of recall, Model 3 =0.884

more landslide can be predicted in model 1.

3. From the point of view of susceptibility distribution,
model 2 or model 3 are better than model 1

4. Three of model didn’t have problem about over
fitting or under fitting.

Recall :

Model 1 = 0.857
Model 2 =0.791
Model 3 =0.804

Model 1 Model 2 Model 3
o i 5 9F L R R B B o A £ 9 L T R R B A B oL i Sk WL R R B A )
N (S eco{ [N LS msoo{ [ LS
Model 1 : all data S NLSJ) o | W NLS N
Model 2 : group by corrected |
Arias Intensity AN
Model 3 : group by uncorrected i ‘ H m
Arias Intensity "0:0 02 04 06 08 1.0 00 02 04 06 08 1.0 00 02 04 06 08 1.0

Susceptibility Susceptibility Susceptibility 24
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Future work
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1. Modify the logistic regression model and choose the best one

2. Convert these steps into automatically program
3. Extend susceptibility map to the whole of Taiwan

earthquake signal

Get

automatically
program

2.68

2.66

2.64

2.62

2.60

200000 220000 240000 260000 280000

le

6 susceptibility

'

Susceptibility
Map of whole of
Tailwan

0.99

0.88

0.77

0.66

0.55

0.44

0.33

0.22

0.11

0.00
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Introduction
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1. Collect topography information

ArEG | 5 2. Calculate the factor which the model need

1. Automatically program

2. Build logistic regression model

3. Export susceptibility map

Python
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- PIE1E1& Arias Intensity 73 &

Confusion matrix observation Confusion matrix observation

(model 1) LS NLS (model 1) LS NLS

o | LS | 169517 [3998320 oo | LS | 152799 | 3035719

P NLS | 24820 16057343 ¥ NLS | 41538 (17019944
TPR: 0.041 TPR: 0.048
TNR: 0.998 TNR: 0.998

' FPR: 0.952
EEF\F)Q %%%92 Accuracy. 0.801 FNR: 0.002 Accuracy: 0.848
Precision: 0.041 Precision: 0.048

Recall: 0.872 Recall: 0.786
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1e6 susceptibility
2.68 0.99
0.88
2.66 - 0.77
- 0.66
2.64 - 0.55
- 0.44
2.62 - 0.33
- 0.22
2.60 0.11
0.00

200000 220000 240000 260000 280000

PUEIE£ Arias Intensity 7

1e6 susceptibility

2.68

2.66

2.64

2.62

2.60

200000 220000 240000 260000 280000

0.99

0.88

~LIT

- 0.66

- 0.55

L 0.44

=0:33

~0,22

0.11

0.00




Training data ]

C $:0:-9 =
A EmEE FERNE 7 EEE
Confusion matrix observation Confusion matrix observation
(model 1) | S NLS (model 1) LS NLS
radiction LS (178916 ;& Bt o LS (183416 ) 35734
P NLS | 33897 (174540 g_’p NLS | 29396 (177070
TPR: 0.824 ¢ iRl 0,837
TNR: 0.837 TNR:0.858
FPR: 0.176 FPR:0.163
ENR: 0.163 Accuracy: 0.830 ENR: 0.142 Accuracy: 0.847
Precision: 0.824 Precision: 0.837
Recall: 0.841 Recall: 0.862

Training model AUC: 0.907 Training model AUC: 0.923
)




Training data ]

C o000 J

nEINE 7 EEE ZTEE nEREE
Confusion matrix observation Confusion matrix observation

(model 1) NLS (model 1) LS NLS
- LS ( 166614 ) 4444/ LS (183416 ) 35734
prediction B

167655 Y= Prediction| o PSoeer 177070

NLS
TPR: 0.789 INEease  TPRE 0.837
TNR: 0.784 TNR: 0.858
FPR: 0.211 FPR: 0.163
ENRUQ. 16 i oacy ) Bos ENR: 0.142 Accuracy: 0.847
Precision: 0.789 Precision: 0.837
Recall: 0.783 Recall: 0.862

Training model AUC: 0.868 Training model AUC: 0.923
Sy




Testing data

C $:0:-9 =
Ao E FEINEZ FEESE
Confusion matrix observation Confusion matrix observation
(model 1) LS NLS (model 1) LS NLS
radiction LS | 169517 | 3998320 B o LS | 178549 | 4738958
P NLS | 24820 |16057343 ¥ NLS | 15788 |15316705
TPR: 0.041 TPR:0.036
TNR: 0.998 TNR: 0.999
: FPR: 0.964
Ei:; %90%92 Accuracy: 0.801 ENR: 0.001 Accuracy: 0.765
Precision: 0.041 Precision: 0.036
Recall: 0.872 Recall: 0.919

Testing model AUC: 0.913 Testing model AUC: 0.922
oY




Testing data

C 00 J

TEINE nEEE TENE nEEE
Confusion matrix observation Confusion matrix observation
(model 1) LS NLS (model 1) LS NLS

T LS 152799 | 3035719 B o LS 178549 | 4738958
P NLS | 41538 |17019944 ¥ NLS | 15788 |15316705
TPR: 0.048 TPR: 0.036
TNR: 0.998 TNR: 0.999
FPR: 0.952 FPR:0.964
ENR: 0.002 Accuracy: 0.843 ENR: 0.001 Accuracy: 0.765
Precision: 0.048 Precision: 0.036
Recall: 0.786 Recall: 0.919

Testing model AUC: 0.905 Testing model AUC: 0.922
34




