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Spatial susceptibility analysis of landslide based on PBLC algorithm
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School of Geography and Planning, Sun Yat-sen University, Guangzhou 510006, China

Abstract: Statistical modeling of landslide susceptibility requires both positive (landslide) and nega-
tive (non-landslide) samples, but historical records of landslides only contain information on positive
data. Selecting negative samples from areas without historical landslide records is problematic because
landslides could have occurred without being observed or will occur in the future. This problem is
referred to as case-control sampling with contaminated controls, which will affect the predictive accuracy
and robustness of statistical models. To address this problem, we propose applying a semi-supervised
learning algorithm PBLC ( positive and background learning with constraints ) and investigate its
effectiveness in landslide susceptibility modeling. Taking Eastern Guangdong Province as the study
area, we select 11 environmental variables, including elevation, slope, aspect, profile curvature, the
shortest distance from roads, the shortest distance from fault lines, the shortest distance from rivers,
mean annual precipitation, normalized difference vegetation index, and spatial coordinates, to investi-
gate the effectiveness of the PBLC algorithm. Experimental results show that traditional artificial neural
network underestimates the probabilities of landslide occurrences, and the degree of underestimation is

affected by the number of negative samples. By contrast, the predicted probabilities of landslide occur-
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rences by PBLC are more accurate and robust. The predicted landslide susceptibility map by PBLC

shows that the areas with high susceptibility class are concentrated in the northern and southwestern re-

gions in Eastern Guangdong Province, and slope and elevation are two of the most important factors

that affect landslide susceptibility in the study area. We conclude that the semisupervised learning algo-

rithm PBLC is effective in addressing the case-control sampling with contaminated controls in landslide

susceptibility modeling.

Key words: landslide susceptibility; positive and background learning with constraints; artificial neu-

ral network ; unlabeled data; Eastern Guangdong Province
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FREWIH ¢ WA, A LUSE HH IERE AR FER AR DA
ARINGERNERP(s=1x, u=1), FRIELAK
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AP(y=1|x)=f(x, ®), P(s=1|x, pu=1)=
g(x, ), Hrh Mg HEMIERX LRt o
B AR R TG S A TR E S TR
I FERARIEREAS , AT LL3E 3 d5e /N 38 SO 453 2K o
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Fig. 1 Spatial distribution map of landslides

in Eastern Guangdong Province
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AR, ARG — il 30 m AE A% £ i A% )
KN, g BEARRR TG B 58 Y B2 85040 7 0 58
1% UL DEM (45 (30 m <30 m) F A /MY Sk Bk
WESEAT AR P2 150 o X 0 P 3 1 [ T 2 4
P, AR HR A 1 R P S A 72 A2 B 30 m
x30 m o HEREE , K T R R 1R s ) RS
Gi—. Wi, BETA PR N T T R/ ME - oK E
H—Ab, BBtk 443 [o, 1] X, T4
BRI SN . ot giitstr, Db 145
M K- %) Spearman A 5¢ R 503 /NF 0.8, H 7 20
ik K] -7~ VIF (variance inflation factor) {H 3% /> 5,
WA PR - FH A R 1 R R i
2.3 SRt

ANN ) BT 2, BAAES M
WERES, "TLMER 5% (Lucchese et al., 2021;
Richardetal., 1991; Yilmaz, 2010), t, Ak
HUANN Ry 73 S 25 00 e 3 25 [l oy R MR ARY I %)
Fi A PBLC 5.7 17 J 0 R A 750 g i 00 245 S 0 47 %

R BRI S HdER A
Table 1 Data source and data type

VG AN A&/ S Al I3 HER
i T o E R G SR PR R R e S
DEM ASTER GDEM M 30 m x30 m
W rh B2 e B IR AR 5 R o kA% 30 m x30 m
Weia) b E R B SRR R SRR HtA% 30 m x30 m
IR H1 DEM £4fi 115315 2 LIS 30 m x30 m
Rk o E R G SR P R R S R e i 1 km x1 km
NDVI Wk 23 J Sentinel-2 Y62 5444 HiiA% 30 m x30 m
LK R B S [ A b A PSS
TH R0 2% 4 [ ST e P A AR P ESi
W22 B Hp E R B PR IR SR S R e FSi
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S, MR SR B P R e R, AR, AR
WL SESEL
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oI 7 DAy 1250 A I 52 AR AR R AR I 4R 28T T AR
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o Ttz LSS TSR SARE A, F AR IC S = Bl
B AR A SR R 09 7 15 (Jiménez- Valverde,
2012; Peterson et al., 2008). AR#EAH XIS,
TSR 2 BEREAR G R R D A, TR
1331 AUCTE 2 %, PRIt AUC B 48 % B ik = 32
SC, ABARXSAE AT AR AT LI BB i) P4 BE R 47 HE 5 (Li
et al., 2021; Lobo et al., 2008; Sofaer et al.,
2019) . FAEE(S B IR BCPH IR BE R A, Al LA

XA HY () B T &5 R AT Ry, HA T R
A Fl 471 FE 7K (Sokolova et al., 2006; van Rijsbergen,
1979) o F,, &k Z AUOREA TS B0 T X FE R 2108
b, HAXHEREZ 2 L, HAXHE ] LU AR
TAHTRIN S R THEF (Lietal., 2013),
2 X TP
Fo= o v iN TP (6)

HoHr TP Ay AE B S0 R T 3 A AR, PN R B A TR T
DR AW B R, FP R AR AR 10 B Bl 0 o
W . TR FL R, SRR i ot
ELCRIDME S SAEM ) o AN AR A HE SR U P (y
=)t G, AT LAESE 0.5 75 R (A #E T —(E T
W RZ, GAREA P BERTIN G 3, %P 0.5
b B S 7= A AR RS B . Rk, R4
— i 0.5 & 47 B (B K A S 0 — (B AT F L 38
B, DA A1 PPAN A5 AU A S 0 11 5 B

3 4PRSTHE

R

AN IEREAS 8 S8 EL )R 10 YR B S50 1Y
BEALPEREXT bk 2, Hrhp,, P, P, 53 5h
TR B8 0 B /ME . FEME MR K(E . W LA
W, FEARNFEIFEA LG, Bk ANN 5 ANN-PBLC
M AUCTH tea i, HBEBEFEA LB 1:1~1:5,
BRI AUCH 2B BT filin, SHAEAS H )
g 1:18f, ANN 5 ANN-PBLC #J AUC {8 73 % K
0.695 4 F10.706 9; YA LGN 1:58F, BAHIA
XTIV Y AUC {543 %14 0.729 9 #10.732 3. 5 AUC
FEbRAN—FE, WAL P LA R B 22 5

3.1

#2  ANNHIANN-PBLC PSR TE AN [] IEAEAS 8 S s L) T B PERE X LE
Table 2 Comparison of performances of ANN and ANN-PBLC under different ratio values

between the numbers of positive and background samples

ANN ANN-PBLC
HEAILGE BUH

. P,, P, AUC F, P, P,. P, AUC F,

_ SERME 01215 0.4734  0.7550 0.6954 0.4574 0.0180 0.5010 0.9712 0.7069 0.4700
o FfEZE 0.0446 0.0134 0.0356 0.0195 0.0241 0.0107 0.0363 0.0148 0.0142 0.0274
_ I 0.0590 0.3215 0.6354 0.7154 0.2559 0.0126 0.4646 0.9708 0.7170 0.4835
b2 FRMEZ 0.0134 0.0118 0.0422 0.0160 0.0905 0.0104 0.0323 0.0067 0.0183 0.0262
. M 0.0249 0.2406 0.5768 0.7215 0.0453 0.0056 0.4311 0.9710 0.7215 0.4895
' 22 0.0152 0.0047 0.0450 0.0185 0.0285 0.0029 0.0344 0.0099 0.0140 0.0274
_ SERME 0.0195 0.1935 0.5410 0.7246 0.0134 0.0057 0.4297 0.9780 0.7284 0.4944
b FREZE 0.0115 0.0067 0.0489 0.0159 0.0118 0.0031 0.0493 0.0093 0.0149 0.0334
. S 0.0119 0.1664 0.4973 0.7299 0.0041 0.0043 0.4417 0.9826 0.7323 0.5002
e FRfiZ% 0.0051 0.0074 0.0371 0.0147 0.0057 0.0025 0.0468 0.0079 0.0132 0.0265
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TE R R (FEAS H ), ANN-PBLC [ F, {8 & T
ANN; BHEFEAR LB 1:1~1:5, ANN-PBLC [
F A0, T ANN [ F, {50 G R R, Y REAR
LBk 1: 1HF, ANN 5 ANN-PBLC i F, {5431 A
0.457 4F110.470 05 YFEALLGI A 1:50F, PR
Xt F (553514 0.004 1 F110.500 2., 14, ANN
TR YR ARE S 1 de  IMEL AR AL AN K, (B I (B A
KAG Pl B FEA LI 1:1~1: 5 B 45 /N I,
ANN-PBLC 5 R $5 0 4 2% 9 e /M .~ 2B A
KAEAEARRIBEA L] T 2 b ke e o

P12 Ry P A AUTE N [RI R A L A5 0 AR 242 11
WORE TR . B L, BEEE X N S R PR
R izER [0, 1] X, HAREAG T B
B ME A3 A5 %A% UE . 2 T LAA #], ANN-
PBLC B AU ME AR HUE I [ r A A 5], AERERAE
J VBT A, HBEE T SRR AR BB,
ANN-PBLC #5228 $5 I A% 22 719 A1 15007 (B LR
PR SEBR G oL R, ANN AR SR 0 AL 2 A 1 5
I AE I B A 2 IR 4, AERERAE 0 1 M iE B =
O3, HLBE A T SRR A 6 1 R 25 A i ) 51 >
T AR RT3, PSS AR (18 AR 5 T (S R A
JREIE, {0 ANN B BUABE SRR AR . SAEAS L A7)
R LR, A AT 3 U A VR TR AR A AR
RHEBERMH T HYHEALHI N 1:58F, ANN-
PBLC (14 48 6 70 [ A5 fb AR, {H ANN 14 35 0 48
R BAAE, REZHA WK E SIE T ANN il
DUHE SR AE BRI 1 T

ZE BT, ANN BRI U FEREAR L ok 101
h Y900 45 SR A kA 3, (R R R I {5 ANN-
PBLC A FATS SR AT o 8 7 b, DX — i 30 R B 0
WXL, ARAEE 3 TGS RO E, bR T E A
I3 S e UE S AN, WS XN A AR 2 KR
D3, PRI DA T M 39 i S 1) DX 3 R T o 2 S R AR
B AR 25 T v AU 1 7 M AR SRR A, 3K 2 3 A
ANN BEAHE A FROME A I 0 — A~ FZE IR . Ak,
T2 B A A L A5 2 3 A 7R AR A T g 25 1) D
— N AR L E 2% ) 09 R B (Hastie et al.,
2013; Ward etal., 2009), HAG 4YIZREH IEREAR
) 7 LEAE G 9 DX SE B P (y=1) B A5 3 A ]
PLIE AL 3 5 B HER P (=1]x), {H ANN f{43)2
Rt 7 2l OEFEAS Y o P AT AR 5 A X B S
WERAE BARSF, M, PBLC & —Fh4t 432 Rpt
J7 2 B 2 S L, KRR g T S B T AN
S PR VR UREAS, TR AE b IE AR AN B AR

APRA, TEATN S5 rh AR 4 DL 4 R B R4 T T
WERICIE, 7EBE BT IER A5 5 P O=11x) (Li
etal., 2020). FHNHL, ZAPRIEH ANN-PBLC X
T FRARE AT 25 44 L ANN TINS5, HLAEAS[A]
FEAS H ) FL I 45 SR R — 3. Bk, ANN-
PBLC A LU IR 5 1 AR 0 15 s 850 ok P2 m i Y
TIORG B L[ B O G B A E S 00 A

A YR S5 ANN Fl ANN-PBLC 75 FE 4 ok
B AUC I TE 0.73 247 . AUC {1 i 2 AR L Y
HEFF 8 7, 545 78 T 0 ARE 3 fg A KB AT DG i 5 4
X {H JC % (Lobo et al., 2008) . 42 = (1),
ANN BRI EE - P(s=1|x, u=1)5 ANN-PBLC
PSR P(y =1 | ) FFAERLIBIE R, P
AU HEF RE AL, L AUCH BT . T2
TR, M EE ) SRR AR L [R)RE 32 2135 4
EFEARMTG G, R R 1 AUC B2 [ 5K
{H i 1% (Jiménez-Valverde, 2012; Li et al., 2021) ., 1
JKH Li et al. (2021) £t BOASIE 57, WA R 5K
551 AUCfHTE 0.84 /247 . M55 (2016)f# H] Lo-
gistic BEARIXT ) AR 45 b B K B 5y AR PEM Th i AUC
HN0.78, SARRILKLE R NIEL, THE
(2021) ffi FH 7 PR BE 24 20 Dy i XL VE 4 H B84 1l
B3tz BT 00T, H AUCIE M 0.83, i
FE AR Y AUCTE T35 0.91, PBLC &—Fhgi Al
07k, WL 2R EG, ARRIFFAL
PLANN R, A4 R g, St — 2 3aTix
A5 2R or e s (U HOZ TR BE 2% ) FIAR s Ay )
IR SR
3.2 BRMREHTEZENE

Y& LL EA3#r, #i8 ANN-PBLC 7£ IEAE AT
SRR LB 125 B 00 T RS BE e, PRLG IR %
A T X L R s DXV 3 4 [R) B kL TR o b, 4
NP 4. 2 BE W0 AL S8 P 7 X J 43 b 4 455
g% . WARS K X (P<0.25) . 35 & X (0.25<P<
0.5) . 5 RIX(05<P<0.75) . W5 Kk IX
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Fig. 3 The predicted probability maps by ANN and ANN-PBLC with different ratio values

between the numbers of positive and background samples
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Table 3 The statistics of landslide susceptibility levels in Eastern Guangdong Province
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Table 4 The percentages of landslide susceptibility levels in different cities %
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