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Research on Landslides Based on Multi—source Data Fusion
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Abstract; Landslide is a frequent geological disaster. It is an important task to prevent and control landslides by identifying them. At
present , the efficiency of landslide identification is low due to the single data source. Landslide research based on landslide remote sensing
images alone cannot fully identify terrain features such as slope,direction and height change. In this experiment,landslide remote sensing
images and DEM data were combined for research,and a twin network without shared weights was designed to fuse the features of two
multi—source heterogeneous data. Secondly,a DeeplabV3+ semantic segmentation model based on the improved attention mechanism was
used for segmentation research, and the improved model was compared with the FCN, Unet, SegNet and AED—-Net and other semantic
segmentation models. The experimental results show that the fusion of multi—source data has better landslide segmentation effect than
single data,and the Precision,Recall ,Fl -score and mean intersection over union ( MlIoU) are improved by 3.5 percentage points,4. 9
percentage points,4.2 percentage points and 3. 1 percentage points, respectively. The F1-score and MIoU of the DeepLabV3 + model
with the introduction of the attention mechanism are respectively improved by 1.6 percentage points and 1. 1 percentage points compared
with the original model.
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