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Landslide Detection and Landslide Susceptibility Mapping using
Aerial Photos and Artificial Neural Networks

Hyun-Joo Oht
Geoscience Information Department, Korea Institute of Geoscience and Mineral Resources (KIGAM)

Abstract : The aim of this study is to detect landslide using digital aerial photography and apply the
landslide to landslide susceptibility mapping by artificial neural network (ANN) and geographic
information system (GIS) at Jinbu area where many landslides have occurred in 2006 by typhoon
Ewiniar, Bilis and Kaemi. Landslide locations were identified by visual interpretation of aerial
photography taken before and after landslide occurrence, and checked in field. For landslide
susceptibility mapping, maps of the topography, geology, soil, forest, lincament, and landuse were
constructed from the spatial data sets. Using the factors and landslide location and artificial neural
network, the relative weight for the each factors was determinated by back-propagation algorithm. As
the result, the aspect and slope factor showed higher weight in 1.2-1.5 times than other factors. Then,
landslide susceptibility map was drawn using the weights and finally, the map was validated by
comparing with landslide locations that were not used directly in the analysis. As the validation result,
the prediction accuracy showed 81.44%.

Key Words : Landslide susceptibility, Geographic information system (GIS), Artificial neural
network (ANN), Weight, Aerial photography, Jinbu.
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Fig. 1. DEM of study area with landslide location.
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Table 1. Data layer related io tlandsiide of study area
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Category

Factors

Data Type

Scale

Geological hazard map

Landslide

Point

1:5000

Topographic map

Slope
Aspect
Curvature
TWI
SPL
Lineament

GRID

1:5000

Forest map

Timber diameter
Timber type
Timber density
Timber age

Polygon

1:25000

Soil map

Topography
Soil drainage
Soil material
Soil thickness

Polygon

1:25,000

Soil texture

Geological map Geology

Polygon 1:50000

Land use map Land use

Polygon 1:5000
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Fig. 5. Constructed spatial database for landslide susceptibility analysis.

57




Landslide Detection and Landslide Susceptibility Mapping using Aerial Photos and Artificial Neural Networks

eof FoFeh 289 B2 g2hd 4= IthOhlmacher,
2007). B9 $52 AFHY T2 Qs Fasjth
B $53 #9E #aE AF alole TWIRE SPI
7} QltH{Beven and Kirkby, 1979, Moore, et al.,
1993). TWIFig. 50& E%¥C] B3 - 3314 £4E9)
ddstche 7S] A 32 FEHHWilson and
Gallant, 2000). tanfe= AEHS| & Hoj|Ae] Ao|
1, o= SEA Hoje] FAbge |

Sie 8elezH A BHo] Y
AATE Fo ZelAE TWIRe]
SPIFig. 50)= W] G BT 2
Hsithe 7Hgsl] B0 $30] 2 HHE9 o)
Yage 2300) Hek(2) 4),

= %E‘
@

a: Upslope contributing area per unit contour length
tanf3: Local slope

<
i

Hu

O 2FE A 0l

23

tanfs
SPI= o tanf3

TWI = ln( 3)

@«

ne
0z
H

~

oz

o rlo
S

]
912)

7}A

A

AFael] o= wle)
e o, A Bels &
A SHgE &

C=E =

4

]

R
B !

o ofN

=
.

= R =)

re

3]
£02 VoA, 2009),
1:]]7:1
o4 ST 289 23243 B
29) FuAae PAZ BAA A, &

ERRE
& &%,
o o BAE FEUT, G3(Fg, 5g)e TEH A
2 ol Uehll ASE 109 U92 785
| 1~69FoR FENT AUE(Fg, 5)E S8
o A= el TN $BLESS 75

o83t SHIIL £, F, T A GAE FEIT

do i >

(o)

-

to mo k

—53-

AR O] Y R
g8 wEkA 79l ¢
Yo AThod

T v o

. IFEhA] A

nt

[e3

7, BPAE, A3kee], AP v
2=, w5 PHEFHEA 27N, 2
A, FHA "2 20%018, A9 50-100cm), ozt
FLEA ¢ 2BA, A GRE o7t L, Asked
100cm We)), FE4 @ B4 2N, e
£, A315$] 100-150cm) %
4 AAA 2 A3 ¢, Aske
=8, FREANFig. )<
| BE 5 Ye doIZ EY

o
D

=10

=Ry

24,

REICRRE

150cm °J3h=E F
Yt gEoR S8

s
o]
Rel
<

AR

ol

foh

o

2 FEE EAFg 5m)2 2, ujat 2 HE] A
tiFel vlgE TEEY X9y, =4 3 AAES}
ol F=2 FEAY AL 715 A0-2%, B
B2)), BO-7%, W% okt AARA]), C(7-15%, oFst 7
XA, DU5-30%, ZAHA), E(30-60%, A%t AR,
FO60%, "¢ st FAR)E 2R 2A(Fig. 5n)

= g Bssol A Ty
13, AL AR By 4

]

1:50,000 3HRIR =Zo|1, A

o
—



Korean Journal of Remote Sensing, Vol.26, No.1, 2010

HHejolr]o] 25 Hulghg 7|gkog 1 9Jof B
dog oo 244 43dET HA =YL
PN dASIYe] #E Wy, dAse o
FA o] 7 WA B2t YTk Fig 50), AEHE
Sieh= NNE-SSW 939 a8 &agf 90
5 ©&old, oF 4km 7HE O )22 o]RojH e},
3% 2z7t 7G9S BT 9loH, 3 HE A
ol AedFo] iz Saet Uth(Fig. 5p). 2
2 RS NNW-SSE e 338 fAl3tuA
g Fefoly UF 89 24E o1 Yt A%
71elE WNW-ESE ¥3e] 33fo)s whio| Fista
=

6) EX|0IE=

B0l Aue SEAYEY Y 1:25,000
EAolGE2RE FE31inh EXol8=Y &4
SPOT 027 E FEF HX, 7, 3¢, 4%,
wE, FTAL, = T, 7IEAEA, Hegded, 4
G, TEY, AQRA, 7EERA 2 USSARE 7

£=of $lthFig. 5q).

o dal gare} o] é«?ﬂiﬂr@% AbAL] WRAR 2] o3}
AR ANSEA] ok A 9E ATl RS l7]4A]
e AgeEn & J—}é%
224 71 SRE Al Het. Paola®t Schowengerdt
(1995) AFAFT EAA] Ababe] 2Ry A3t n] Y
Aol gt ke A=A 7 Fasithal 8t
MUr wHEbA] AR 2] AbALe] Y9} u] W] o
< EAE A A9 AR 091 X 9E dide
2 Zﬂ, A 126171 918 FE3t5ch T AR
o T 2AEY g2 0.1914] 0.9 Aol FHe Zi=E

A% stk ol ABAFTeN 225 B
£ 9Ish ARgBHE ATROIE 944 0o Lol gt
& 27| ol of7|4 Szt deizel ojs) 71t

= A 282 Aigh2 0.97F dek a4 7
Ele ST 44 93k Aol AF 0.7 &
of W7] f3f steaes st daesg 43t
°oF T3kl 74 ad MIEAE 2AST
(Table 2). 71542 Adsl7] 3l AF3AAY T2
17x34x12 4Q3a, B exjof mgder] o

a3

[

Table 2. Weight of each factors calculated by neural network

Run

Factos 1 2 3 4 5

6

7 8 9 10 | Mean Nwx

Slope 00726 | 00668 | 00668 | 00761 | 0.0845

00767

00744 | 00704 | 0.0799 | 00776 | 0.0746 | 0.0053 | 1.4290

Aspect 00842 1 0.0788 | 0.0788 | 00751 | 0.0867

00835

00753 1 00737 { 00837 | 0.0646 | 0.0784 | 0.0062 | 1.5030

Curvature | 0.0548 | 0.0456 | 0.0456 | 0.0689 | 0.0579

0.063

00594 | 0.054 | 0.053 | 00609 | 00563 | 00070 | 1.0789

TWI 0.0520 | 0.0585 | 0.0585 | 0.0505 | 0.0437

00561

00516 | 00566 | 0.0627 | 0.0442 | 0.0534 | 00059 | 1.0240

SPL 00640 | 00672 | 00672 | 00502 | 00716

0.0589

00544 1 00461 | 00469 | 0.0612 | 0.0588 | 0.0086 | 1.1261

Lineament |0.0446 | 00525 | 0.0525 | 00592 | 0.0593

0.064

0042 | 00626 | 0.0617 | 00591 | 0.0558 | 0.0072 | 1.0682

Geology | 00598 | 00551 | 0.0551 | 0.0472 | 0.0459

00578

0.0568 100545 | 0.055 | 0.0549 | 0.0542 | 00041 | 10387

Landuse | 00504 10055300553 | 0.0584 | 0.0464

00583

0.0565 | 0.0534 | 0.054 | 00591 | 00547 | 00037 | 1.0483

Timber diameter | 0.0701 | 00581 | 00581 | 0.0519 | 0.0551

00563

0.0676 | 00539 | 00623 | 0.0547 | 0.0588 | 0.0057 | 1.1268

Timber type | 0.0570 | 00613 | 0.0613 | 00783 | 0.0507

00651

00474 | 00572 | 0.0485 | 0.0636 | 0.0590 | 00087 | 1.1313

Timber density| 0.0516 | 00695 | 0.0695 | 00497 | 0.0612

0.0497

00558 | 0.0463 1 0.0607 | 0.0596 | 00574 | 0.0078 | 1.0991

Timberage | 0064200533 |0.0533 | 00583 | 00547

00489

00623 {00574 | 6.0681 | 0.0583 | 0.0579 | 0.0055 | 1.1090

Topography | 0.0622 | 0.0494 | 0.0494 | 00593 | 0.052

00502

00641 | 0.0678 | 00581 | 0.0575 | 0.0570 | 0.0062 | 1.0922

Soil drainage | 0.0570 | 0.0647 | 0.0647 | 0.0626 | 0.0649

00493

00647 100603 | 00518 | 0.0526 | 0.0593 | 0.0058 | 1.1355

Soil material | 0.0497 | 00469 | 00469 | 0.0613 | 0.0564

00508

00552 {00759 | 00515 | 0.0677 | 0.0562 | 0.0090 | 10774

Soil thickness | 0.0478 | 00563 | 0.0563 | 0.0445 | 0.0653

00538

0.0592 | 00583 | 0.0627 | 0.0557 | 0.0560 | 0.0059 | 1.0728

Soil texture | 0.0579 | 0.0605 | 0.0605 | 0.0486 | 0.0438

00576

0.0533 {00517 | 0.0393 | 0.0487 | 0.0522 | 0.0068 | 1.0000

* Normalized weight with respect to soil texture
S.D.: Standard deviation
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Fig. 6. Landslide susceptibility map based on artificial neural network.
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