5545 B 2 W) K A P 3 4 Vol.45, No.2
2025 4F 4 H Bulletin of Soil and Water Conservation Apr., 2025

ETFHEAEAEREFERNNEES & TN
Baw, EWR, FRK, B F

(PRS2 B = be . H K 402247)

8 FE: [HM] WIS R VO R A8 Sl T SRR A SRR T 1 FRRAE 3R BOOE S A AT A BT L Sy X I
WY TR B WM e 2, (k] B oh KOREE SR NG B SL AL B3I T —Fh 3L T B i bl
#% (convolutional auto-encoder, CAE) B9 3E 3 3% #E A UL 1k J7 . 1% 7 163 b 24 >0 W B AR AR W RRAE . A1)
P15 22 i A FOE A0 3E T AR AR . AR T M B 5 T, 51 OA B B B 1 858 (convolutional block attention
module, CBAM) F| %% 2% M 4% (ResNet) 41, ¥ 2 ResNet-CBAM ¥ 3¢ 5 & PETEM A8, DI B IR )2 R CE
2% A9 HARRME MR . a0 DL = ek IR IX P T O M DX R B A X, R R AR AR 12 AP L R
SVM.DNN,CNN Fl ResNet-CBAM 4 F5 1 , % 22 oft X R AE Fl T CAE DAL R AE B9 P40 45 BE A48 21 47
XL oy, [45 3] AR PPN BT, B T CAE (i 4k i =l 18 SR A SR A R W B A7 0 8 Ay ) & 1 55 ME
P 5 ZEAH R R AL Mg T ResNet-CBAM #2 BU7EAE A 28 4% 1 I F ) 43800 AUC %4545 B 00 T 1
b ASE D 5 25 450 AL (0 DT 4 25 S ELA AR 35 50 R X R 35 5 R IX 2 B Ay A FE K VLV R AR B R LA
KT ST X ] T T CAE AL R AN ResNet-CBAM #5521 52 1 HH 541 i 1500 28 3, 07 3@ B 7%
IR 3 5 R AETFH A9 . L4518 0 N DX 3 o P 48 B0 s X350 P9 A A0 Rt TS 7 T XL IR,
T CAE M Ak 1 5 9 e A% SR AE 55 W% I ResNet-CBAM T4 455 78 R A5 250 58 125 W 3k 5 & PR 37 18 B
KEWE: WS RO AERAEA B A A FR2E M4 HIEE IR

X EEFRIRAD: B XEHE: 1000-288X(2025)02-0190-11 FESES: P642.22

XS REW, FER, BHEK, S ETHANAS HEERAESE B8 W 5 &6 [T] 0K 3 0 fr il
R ,2025,45(2) :190-200. Xu Jinhong, Li Qingquan, Wei Chuntao, et al. Landslide susceptibility evaluation
based on sample optimization and deep feature extraction [ J]. Bulletin of Soil and Water Conservation,

2025,45(2) :190-200. DOI:10.13961/j.cnki.stbeth.2025.02.020; CSTR:32312.14.stbcth.2025.02.020.

Landslide susceptibility evaluation based on sample
optimization and deep feature extraction
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Abstract: [ Objective] The efficacy of the non-landslide sampling method and a model with excellent feature
extraction in evaluating landslide susceptibility were explored, so as to provide theoretical support and
scientific guidance for regional landslide prevention and control work. [ Methods ] A non-landslide sample
optimization method based on Convolutional Auto-Encoder (CAE) was proposed, which was built based on
the buffer sampling strategy. This method optimizes non-landslide samples by learning the features of
landslide samples and using reconstruction errors. For the evaluation model, the Convolutional Block
Attention Module (CBAM) was integrated into the Residual Network (ResNet) to construct the ResNet-
CBAM landslide susceptibility model, which captures deeper, and more complex and representative features.
Taking the Wanzhou District, Chongqing City in the Three Gorges reservoir area as the study area, 12
influencing factors (e.g., such as elevation) were selected. Four models, namely, SVM, DNN, CNN, and
ResNet-CBAM, were used to compare and analyze the evaluation accuracy and results of buffer zone
sampling versus CAE-based optimized sampling. [ Results] Under the same evaluation model, the CAE-based

optimization sampling strategy for non-landslide samples yielded higher reliability and accuracy. Under the

5 B #:2024-09-24 &= B #:2024-12-15 K ABH:2024-12-16

BETIE ERT ARFR RS 10 E “#BARENE 5S8R b AR R IS W (CSTB2023NSCQ-MSX0781)

FE—EHF AR 1976—), 5 QOB VL &8 T B 4, 8l 882, EZMNF 3SH AR H MBS . Email: xujh814@163.com,

BEESE  BAEM968—) . & CBUE) ) 0L [ 34 KAEAR T A 18 4, #0825 5\ 3938 B AR 40 2807 | A9 BF 9% . Email : gxglwet @163,

PR



52 TR

W45 B TR A PO AL 5 TR R AR 4R IR T 3 o) e M PRAD 191

same sampling strategy, the ResNet-CBAM model outperformed the other models in terms of accuracy,

precision, recall, F'; score, and area under the curve (AUC) values. The evaluation results were similar

across models, with higher and very higher susceptibility areas predominantly located in regions with lower

vegetation cover and frequent human activity, such as along the Yangtze River. Moreover, the ResNet-

CBAM model with CAE-based optimized sampling demonstrated superior prediction results and was more

suitable for landslide susceptibility evaluation in this area. [ Conclusion] Wanzhou District exhibits a high

landslide susceptibility index, with numerous potential landslide risk zones identified within the area. The

non-landslide sampling strategy and ResNet-CBAM evaluation model based on CAE optimization can

effectively improve the accuracy of landslide susceptibility evaluations.

Keywords: landslide susceptibility evaluation; non-landslide samples; convolutional auto-encoder; residual

network; convolutional block attention module
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Fig.1 Evaluation of landslide vulnerability impact factors in Wanzhou District



5% 2

TRy 2 B T REA DU AL 5 TR L R AT 52 BRCRG 3 3 5 Se M PR A 193

H G H T35 AR i m e 2 235 E
TR BB BT 22 A D i PR A 2 5 A 25 S A o
Wtk . DRI, AR SR OG5 ) Y AT T Ay
BT 22 F L2 43 B FUAH OC 1 4347

{5 B 25 R (information gain ratio, IGR) B %L
{1 7L R AR A R AR R L SRR T A BOEE . AR
T Python ZifE 18 5 7H5H T 12 A 82w 7 (19 53
BRANCEE L Z5 SRR 1 B . 45 R BOR . R RAR N
T TTERAE /N A 0,011, BEAh . 34T & 30 M 2
REE B 15 Z A~ HoAth 52 iy R 177 7 550 5 1) AR G
AR I 22 o3 B b S BRI

Z o 2R MR A I J2 BRI Uy 22 B K IR (VIE)
M2 E CTOL) A S5 S 500, Mo iF o 2 R i,
2 VIF>10 8] TOL<C0.2 B}, 4% R F 814776 ™ 1Y £
AL ), 7E S B R AR TS AR SCOR
SPSS & TH# 4K T8 VIF A TOL . 45 Rtk 1

JiR . BiA TR VIE R TOL B35 764 B B A
PR [ AN A7 A5 22 R4 P 1)

2 IR %% Al % & % (Pearson correlation coeffi-
cient) f M et A% dk ] 28 M AH OC R B 0 I B AR AR
A OE R B A XTE/N T 0.5 I, £ P 7 8 R 77 7 B
WA s KT 0.5, W R WIAFAE — 78 B AR DG HE
TE 5 5 3 e 2 AR B IH] 7- f ly b, A SCRI T SPSS it
B AT R RE SR A 2 R, WE 2
ATLLE AR R T 5 8 R 1 R DG R B4 ) e K
0,792, Ul B = 3% A7 R B AH OGS L A B T
HEKREEMHCRE N 0472, W2 — & B JE
IR G

PRI A SO A B3 R o PR B30 B3 e 8 v AR
ers Ylimy b2 A e FEIRZE S ONDVIL, LA A
PR ZR B P 10 B 48 % TWI IR T8 6 B 29 3 10
A5 R 5 T IR 2850 Hr

x1 ANRBREREEZMEAFEEURSTEZELRBESINER

Table 1

Importance analysis and multiple covariance analysis results of

each influence factor of landslide disaster in Wanzhou District
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Table 2 Setting of 4 model parameters
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Table 3 Precision evaluation results of models
FAE WG e HEH 2R RS 4 ] 2 F. 7% M4 T HEAL(AUC)
SVM 0.744 1 0.762 1 0.726 9 0.744 1 0.817 3
5 Bl K TR DNN 0.767 8 0.783 7 0.754 6 0.768 9 0.836 1
55 292w X R
fesn s R CNN 0.791 5 0.812 2 0.758 3 0.784 3 0.873 6
ResNet-CBAM 0.815 2 0.818 2 0.810 4 0.814 3 0.899 8
SVM 0.765 4 0.782 6 0.750 0 0.766 0 0.843 8
ST CAE i AL i 7 b DNN 0.791 5 0.823 2 0.754 6 0.787 4 0.854 5
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Fig.5 ROC curve of 4 evaluation models
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Fig.6 Results of evaluation of landslide vulnerability of traditional buffer zones
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Fig.7 Evaluation results of landslide susceptibility based on CAE optimization
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Table 4 Landslide susceptibility zoning results statistics for Wanzhou District

SRR A E%ﬂﬁﬁﬁt‘tﬁﬂ/% : ?‘é‘*ﬂﬁi%fﬁ/(ﬁ‘\ « km %) ‘
SVM DNN CNN  ResNet-CBAM SVM DNN CNN  ResNet-CBAM
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