453 5528 € Op oM R Vol .45,N0.2
20254F6 1 SOUTH CHINA JOURNAL OF SEISMOLOGY Jun.,2025

W, 5 e R L A L TR B 2 2 i 0 R e G AR T AR TR Uy SR RS L), AR RS MR L 2025, 45(2) : 66-74. [CHEN Long, GE Cheng,
DAI Yingchao, et al. Research on Landslide Detection in High-Resolution Remote Sensing Image Based on Deep Learning [J]. South China journal of
seismology ,2025 ,45(2) :66-74]

ETREFINE o BEFERZE
eI AR B T EM R
% k', B B, BAKLY, TETF, M4y

(1. AR B = B R B G BRA ], MHS 6100955 2. DU RINH X BIHE 4058 Be, W 610299; 3. ERKFH
SkEpe, HIK 4000445 4. dbnt TR, dbE 100081)

4

FEE : BEXT UG W S AR IORS AR A B (), 4R T — A TR F%7M@ﬁWhMEWOWE LA, B A R
LA RIERERE . KBS = A4y, W RlE 2 TR A CHE R R T I R R R Ty o 4R T AR Y KIA-
lexNet #5278, ] SRR G- FIWON , A RCHRL & 78 [RHE . 50004 %%%,%%KMMMMﬁﬂﬁﬁgﬁﬁm%
WeRK I EE /), 5 U-Net, U=Net++, FC_DenseNet, YOLOv9—seg 2577 VEAH ML BLAG ULy, SEI0 45 HLI0HIE 1 F4R 77
ARSI, 2O BT R A R AT .

KW WA W, SRS M, FHERREG B Rl

FESES: TP393 XERERIRAD: A XEHS: 1001-8662(2025)02-0066-09
DOI: 10.13512/j.hndz.2025.02.09

Research on Landslide Detection in High-Resolution Remote
Sensing Image Based on Deep Learning

CHEN Long', GE Cheng', DAI Yingchao®’, WANG Hongyu*, LIU Weiwei’

(1. Chengdu Big Data Industry Technology Research Institute Co., Ltd., Chengdu 610095, China; 2. Innovative
Equipment Research Institute of Beijing Institute of Technology in Sichuan Tianfu New Area, Chengdu 610299,
China; 3. School of Automation, Chongqing University, Chongqing 400044, China; 4. Beijing Institute of Tech-
nology, Beijing 100081, China)

Abstract: In response to the current issue of low precision in landslide detection, a deep learning—based landslide
detection framework was proposed. This framework includeed three parts: data collection and processing, feature
selection, and detection model, which can effectively improve the detection capability of landslides by integrating
multi-source data. A multimodal KIAlexNet model was proposed, which could achieve pixel-level segmentation pre-
diction and effectively fuse spatial features. Experimental results indicate that the proposed KlAlexNet model has
high precision in landslide detection. Compared with methods such as U-Net, U-Net++, FC_DenseNet, and YO-
LOv9-seg, it demonstrates advantages. The experimental results validate the effectiveness and practicality of the
proposed method, indicating its broad application prospects.
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Fig.1  Structure diagram of landslide detection method based on remote sensing image
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Fig.2  Structure of KIAlexNet detection model
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Table 3 Landslide detection accuracy under different feature selection quantities
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Fig.5 Comparison results of different methods
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