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Abstract: Objective: Earthquake-induced mass landslides are a severe type of secondary disaster following
earthquakes, causing significant casualties and substantial economic losses. Rapidly and accurately identifying these
earthquake-induced landslides after an event is crucial for national emergency departments to assess disaster severity
and formulate relief measures. Although Synthetic Aperture Radar (SAR) offers all-day, all-weather imaging
capabilities, its effectiveness in identifying landslides is currently limited due to the complexity of the background
and the less prominent features of landslides in SAR images. Methods: This paper proposes a Siamese network for
landslide identification in SAR images, named the Difference and Aggregated feature Cross fusion Siamese Network
(DACS-Net). This network, composed of an encoder-decoder structure, utilizes a Siamese feature extraction network
in the encoder to extract features of pre- and post-earthquake SAR images at different levels. In the decoder, multi-
scale difference feature and aggregated feature generation modules are constructed, to perform difference extraction
and feature aggregation for landslide feature maps at different scales, fully representing the characteristics of
earthquake-induced landslides. The proposed multi-feature cross-fusion module densely connects and decodes
different scales of aggregated and difference features layer by layer, enhancing the extraction of detail and semantic
features, leading to the identification results. Results: In the experiment, Sentinel-1 data on earthquake-induced
landslides in Papua New Guinea and Milin is used, and the results show that the proposed method could effectively
identify earthquake-induced landslides. The landslide identification precision (PA) could reach 70.75% and 76.5%,
Recall are 60.92% and 71.2%, F1 Score are 65.46% and 74.0%, and Overall Accuracy (OA) are 91.00% and 86.1%
for the two cases, respectively. Conclusion: By utilizing this network, achievements have been made in the
recognition of landslides in SAR images, enhancing the practical application value of deep learning networks in
landslide detection. This holds significant importance for disaster emergency response.

Key words: SAR Images; Earthquake-induced Landslides; Target Recognition; Deep Learning; Siamese Networks
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Fig.2 Early fusion and late fusion
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Fig.7 Landslides identification results of Scene 11
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Tab. 1 Performance Comparison of different network

W % & % Precision F1_score Recall OA mloU
K-means 0.2417 0.2740 0.3169 0.7639 0.4559
DeepLabV3+ 0.5859 0.6050 0.6256 0.8874 0.6661
U-Net 0.6038 0.6033 0.6028 0.8887 0.6551
MFAFNet 0.6391 0.6148 0.5924 0.8916 0.6629
ChangeNet 0.5219 0.5624 0.6105 0.8448 0.5848
SNUNet 0.6434 0.6121 0.5846 0.8814 0.6194
FC-Siam-diff 0.6441 0.6163 0.5955 0.8980 0.6702
DACS-Net 0.7075 0.6546 0.6092 0.9100 0.6923
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Tab. 2 Inference Time of different network

MR A E /s

VS SHEM

X 1 X1l PR /s
UNet 31.80 0428 0.903 0.665
Deeplabv3+ 40.35 0.518 0.834 0.676
MFAFNet 49.26 0.532 0.893 0.712
ChangNet 36.64 0.724 1.108 0.916
SNUNet 43.92 0.961 1.431 1.196
FC-Siam-diff 40.32 0.672 1250 0.961
DACS-Net 47.67 0.792 1316 1.054
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Fig.8 The fusion map of landslide inventory and optical remote sensing iamge in Milin
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Fig.9 The identification result of Milin earthquake-triggered landslides
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