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Abstract: In landslide mapping from remote sensing imagery, complex and highly variable target morphologies often lead to
fragmented segmentation, while complex backgrounds may cause false positive detections and jagged boundaries. To address these
issues, a Shape-Aware and Boundary Refinement Network (SABR-Net) is proposed. The proposed model employs a multi-branch
heterogeneous convolutional structure to enhance the feature representation of narrow, elongated, and irregular landslide morphologies.
Simultaneously, a gated boundary refinement module is introduced, which utilizes high-level semantic information to dynamically
suppress background noise in low-level features, thereby improving the delineation quality of landslide boundaries. The SABR-Net
model is validated on the rainfall-induced landslide dataset in Zixing City, Hunan Province. Experimental results demonstrate that
SABR-Net achieves a mean Intersection over Union (mloU) of 75.23% and an F1 score of 70.87%. Its comprehensive performance
outperforms seven mainstream models, including Trans-UNet, while maintaining a total parameter count of only 1.50 M. The proposed
method achieves a favorable balance between extraction accuracy and computational overhead, effectively alleviating the issues of
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morphological fragmentation and jagged boundaries. It provides a feasible solution for disaster emergency monitoring and deployment

on edge devices.

Key words: Landslide mapping; Remote sensing imagery; Shape awareness; Lightweight model
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Fig. 1 Examples of typical landslide geometries (Data from Fu et al., 2025)
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Table 1 Datasets used in this study
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Fig. 3. Sample images and labels from RLZX-LDD-SAT.

IR EVEAICSE T 2024 4 7 A 26 HZE 28
HHE, 26X “K3E” ok 0 b i s,
7E Hp [ i 48 B 6T 51 R I K A 2 4 B3k 2
WAt (Fuetal,2025) . 1ZEHEENITX A3
BRI S FER R, YO MR/ 4m 2] B 8L
171,982m AN5E . X Pl 2 748 (1) LA A5 N 58 UF
AL T AE 2 ROBE R AR IR A Be 0384t 1
R ) E s LAk, R B A B TR SR AR S N R
FEME I B A B 4 S R T AR T A R 25 R )
AE 1. TEMEZEIEEM B /A% (Ground Truth)
i, FIH T K ETH Sentinel-2 L2A Yo #5185 % G
(o DR AGAE 3D I35, I EERL |
AT S A N T B AR, AT ERAIE T FE AR
VR S () YR PE S T S .

RLZX-LDD-SAT JLit$2 4t 1 78 &5 %M 7t X
(1) 2848 NMEBYIFFEA . BAEIMBRS 256 x
25608 % . A, NAASVEAEREBEIZ R ST, A&
A 56 11E X 28 P BE IF 7 ik I i R P i A, A
SEHK A A AL IR 70% 20%. 10%[ELf, ™
FBENLRI 2 NN ZREE (1994 MNEEA) R4
(570 MEEAD) FIIGIESE (284 MFEA) o ARSI

A FH 5 dhs i) BUAAS B0 1 B . EARE R

ZEAR AR T I I IERE AR 2T 5 AU 7.16%.
XA R E AR AR EAR NS, EEEE
FH A 96 AR SO R0 0 53 4 15 55 e 75 DL RORS 4 Ak
W N FLR RS S RLZX-LDD-SAT #8340 FEA S 31
EFR2 BB 3 B

2.2 LWEE

AT A P25 R R L I R 5 HE BRI
YJTE LT Python [ PyTorch VA £ 2% SJHEZE T 5 1o
A S I6 FITE AT 6 2 AL FESS AMD Ryzen 7 9700X,
iZ4T N AE 64 GB, NVIDIA GeForce RTX 5090 &
AR SCRE YNGR I HE AL HE K /N (Batch Size) #7%
EN 160 AT 28 5 F B &A1 AL
O ) AdamW, AR R B K I R B IR
(Epochs) #EN 200 & o AR A
ML) R 5%IE K (Cosine Annealing) %] R 3
WK, HARRKFEIREEN 1x1073,
filhi 2= IR B E N 1 x 1076,

R TR R AN R 3 7 ) RO AR AL KR
PSR 2= RS, IR BCR T BE LK T B
B. BEMLIEELRNEG . BEHLIEEE LS BE AL 4 B0 Y
SR R SR RN s IR IR 5 KB B f FH BE HLEL



%% 2 RLZX-LDD-SAT #4576} bb sz 86 45 R

Table 2 Comparative experimental results on the RLZX-LDD-SAT dataset.

HTR 42 TR Precision(%)? Recall(%)t F1 Score(%)? mIoU(%)?t %P’%i% FLOPs(G)|  #HEHLFERS (ms)]
Swin-Unet 70.84 69.87 70.35 74.94 27.18 7.73 3.40
Unet++ 69.25 71.10 70.16 74.77 9.16 34.90 3.84
UNeXt 67.48 70.84 69.12 74.05 1.47 0.57 1.42
SlideNet 65.91 71.52 68.60 73.67 117.44 32.58 5.24
DeeplabV3+ 75.59 61.92 68.08 73.65 5.22 4.28 1.54
Trans-Unet 65.24 71.69 68.31 73.46 59.62 31.19 8.12
SABR-Net (A3CHE) 72.39 72.29 70.87 75.23 1.50 131 1.62
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Fig. 4. Visual comparison of landslide detection results on the RLZX-LDD-SAT dataset.
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Table 3 Ablation results for SABR-Net.

e
Baseline X X 66.12 61.50 64.26 68.15 1.12
Variant 1 ASPP X 69.45 67.80 68.61 70.30 2.56
Variant 2 N4 X 71.80 70.10 69.94 73.85 1.48
Variant 3 X v 70.05 68.50 69.15 72.50 1.14
SABR-Net v v 72.39 72.29 70.87 75.23 1.50
% 4 ARIRHR S DU L AU S BT 4 5
Table 4 Sensitivity analysis results under different loss weight combinations.

M (BCE Loss) A2 (Dice Loss) Precision(%)1 Recall(%)1 F1 Score(%)?1 mloU(%)1

0.5 1.0 70.68 72.64 70.31 74.36

1.0 0.5 73.05 68.41 69.38 73.92

1.0 1.0 72.39 72.29 70.87 75.23

1.0 1.5 71.20 73.15 70.56 74.85

1.5 1.0 73.42 69.77 70.16 74.45

NN SAB, T2 51 N8 i i 233 23 1) 4 7 8
Mtk A (ASPP) 1E AL RN ERFESRELE (Chen
etal.,2017) .
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