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Abstract: Objectives: Landslide susceptibility assessment can provide scientific basis and technical sup-
port for disaster prevention and mitigation. Additionally, factors such as engineering projects, land use,
and heavy rainfall contribute to the frequent occurrence of landslides. In response to the challenges of inac-
curate landslide prediction caused by using single—scale feature extraction in different levels of network
structures, and the high resource demands and computational costs due to model complexity, a light-
weight network based on multi-scale feature learning (MFL-LN) for landslide susceptibility assessment is
proposed. Methods: Combining the geological environment characteristics of landslide development, the
Spearman correlation analysis was conducted on evaluation factors. This analysis led to the identification of
13 evaluation factors across four categories, including human activity factors, hydrological factors, topo-

graphical factors and vegetation factor. These factors were used to establish a landslide susceptibility evalua-
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tion factor system. The MFL-LN method employed the deep feature enhancement module (DFEM) to
construct the network architecture, reducing the number of parameters and computational load to achieve
model lightweighting. Additionally, it dynamically adjusted the attention to different channel features, en-
hancing the ability to perceive and utilize important features. Subsequently, the multi-scale feature fusion
module (MSFF) was employed to integrate the features extracted through down-sampling in the encoding
phase, enabling information interaction on the fused deep features and adaptively adjusting the feature
weights. It can effectively capture both global and local spatial characteristics of landslides and compensate
for the feature extraction loss caused by down-sampling, thereby improving the predictive capability for
landslide susceptibility. Results: An ablation study was conducted on the MFL-LN method, and it was
compared with the five traditional models. The accuracy of the susceptibility evaluation models was ana-
lyzed from three perspectives: landslide susceptibility zoning maps, landslide hazard point density zoning
statistics, and evaluation model accuracy. The hazard point density for very low and very high susceptibility
areas in the MFL-LLN model was 0.009 and 0.557, respectively, ensuring that the hazard point density is
lower in very low susceptibility areas and highest in very high susceptibility areas. Additionally, the area un-
der the receiver operating characteristic curve was the highest at 0.837. The proposed model was analyzed
for lightweight optimization based on parameter count and floating—point operations. The parameter count
of the MFL-LN model was 0.081, and the floating—point operation count was 41.102. It effectively re-
duced the model training costs and improved the accuracy of landslide susceptibility zoning. Conclusions:
By selecting Ankang City in Shaanxi Province as the study area and analyzing the historical landslide hazard
data, the MFL-LN model was constructed utilizing the DFEM and MSFF with an encoder—decoder struc-
ture to evaluate landslide susceptibility. It improved computational efficiency while maintaining the perfor-
mance of model, making the landslide prediction model more efficient and practical.

Key words: landslide; susceptibility; lightweighting; attention; multi-scale feature learning
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Table 2 Results Comparison of Different Spatial
Neighborhood Sizes

RO P R OA F1
TX7 0.724 5 0.7519 0.7330 0.737 9
9Xx9 0.724 0 0.8150 0.752'1 0.766 8

11X11 0.706 2 0.790 9 0.730 9 0.746 2
13X13 0.714 5 0.770 6 0.7314 0.7415

1) UCNN: 452 fifi i & # DFEM ) CNN.,

2)DS-UCNN (depthwise separable UCNN) :
I 28 25 K A fif FH DEEM A oK B0k i) DSC AR B, 5%
LM EZ B RR .

3)DFECNN (depth feature enhanced CNN) :
¥ DS-UCNN H1 ) DSC B H B M DFEM, % £
TELRHAE I BRI

4)MFL-LN: f£ DFECNN 4 il MSFF, %f
S IO 245 4 I TR 2 IR SR R R AT 2 RUBE RS

&9 JEIR T AN A 15 80 1) 1 % ) kM 3 IX 25
e, Hoh UCNN BB AT SR F BE il 1) 45 B2 45 4
DS-UCNN B #E UCNN B8 i L7k F X 5 B2
HEAT WOk B 4 S BT8R 22 25 M 1) DSC, B i X
PR 5 VAR R T I 3 oy R PR3 X451 S i
AR e 3 ABATS A A — S 22 5%

(UM

(a) UCNN (b) DS-UCNN

(¢) DFECNN

(d) MFL-LN
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= 5 RIX m i B X
K9 MEFL-LNA[R] 457 (9 35 38 by e 1 53 X
Fig. 9 Landslide Susceptibility Zones for Various
MFL-LN Submodels
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Fig. 10 Point Density Statistics of Landslide Susceptibility Zones for Different Submodels

35
® UCNN  mDS-UCNN mDFECNN ~ ® MFLIN |
30 F 2891
2729
2627
< 25+ 2349 s
ey 2043 ‘ 20.67
1935 19.96
J-mi:[ 20 + 17.95 18.56 8'861801 19.67,
= 16.64gmm 16.57 ;
#H 15t
X
IR
10 F
5t
O J|
AR5 X &5 KIX. g R X T o KX Wi oy R X
1 R R 0 5 % o IX O Hege it

Fig. 11 Proportion Statistics of Landslide Susceptibility Zones for Different Submodels
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2) Z 4k CNN # & J7 i (multi-dimensional

convolutional neural network coupled, Multi-
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BRI RS 1o S S B S i | U

3V BT 43 25 45 B 22 M 2% (depthwise sepa-
rable convolutional neural network, DS-CNN) ™.
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4) Z R 2 FURH 22 W 4% (multi-scale convolu-
tional neural network, MSCNN) "/, gt & % J2 Al
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5) %% & gl oy 3 W B B 4 (light
weight separable factorized convolution network,
SFCNet) : 2% FI T 73 B 45 BURN A 350 ik 2 B ik
DT SE R TR R R



55 50 &5 6 ]

TR A A - 2 RUZFRAE 7 2] 1 42 i AL 8 3 5 S M U i 1185

101
08F
s 06T
B
04 —UCNN (AUC=0.812)
—DS-UCNN (AUC=0.818)
— DFECNN (AUC=0.823)
02 —MFL-LN (AUC=0.837)
1 1 1 1 ]
0 02 04 06 08 10
1Rtk

Fl12 MFL-LN A F R ROC ik
Fig. 12 ROC Curves of Different Submodels of MFL-LN
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Fig. 13 Landslide Susceptibility Zones for Different Models
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Fig. 15 Proportion Statistics of Landslide Susceptibility Zones for Different Models
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