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Study on the Applicability of Ascending and Descending Orbit Sentinel-1A

Data in Geological Hazard Monitoring in High Mountainous Canyon Areas

CHEN Kuayue' , WANG Baoyun'”, WANG Ting’
(1. School of Mathematics, Yunnan Normal University, Kunming, Yunnan, China 650500 ;
2. Yunnan Key Laboratory of Modern Analytical Mathematics and Applications, Kunming , Yunnan, China 650500
3. School of Foreign Languages & Literature, Yunnan Normal University, Kunming, Yunnan, China 650500)

Abstract: In response to the difficulty in selecting the appropriate ascending or descending orbit Sentinel-1A data for geological hazard
monitoring in high mountainous canyon areas using InSAR technology, this article uses SBAS-InSAR technology and combines slope and
aspect data to calculate the deformation values of the vertical slope direction and along the slope direction in the study area. The
applicability of the lifting rail Sentinel-l1A data source for different slope directions in geological hazard deformation monitoring is
studied. The results indicate that: 1) Sentinel-1A ascending orbit data are more suitable for monitoring deformation information on
north-facing and east-facing slopes, while descending orbit data are more suitable for monitoring deformation information on south-facing
and west-facing slopes. 2) Deformation rates along the slope are greater than vertical slope deformation rates on north-facing slopes; the
difference between along-slope and vertical slope deformation rates is not significant on south-facing slopes; vertical slope deformation
rates are greater than along-slope deformation rates on east-facing slopes; both vertical and along-slope deformations are significant on
west-facing slopes. Therefore, combining ascending and descending orbit data can address the issue of insufficient accuracy of
monitoring results for certain areas or specific angles using a single orbit, and can provide more comprehensive and accurate deformation
information.

Key words: small baseline subset interferometric synthetic aperture radar ( SBAS-InSAR) ; Sentinel-1A data source; Two-dimensional

deformation decomposition; deformation monitoring; geological hazard
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Debris Flow Gully Identification Based on Improved ResNet50 Network

LIU Qiuyu', WANG Baoyun'”
(1. School of Mathematics, Yunnan Normal University, Kunming, Yunnan, China 650500 ;
2. Yunnan Key Laboratory of Modern Analytical Mathematics and Applications ,
Yunnan Normal University, Kunming, Yunnan, China 650500)

Abstract; Traditional convolutional neural networks have problems such as low accuracy, poor image feature extraction and blurred
edges when used for landslide disaster valley image classification. This paper improves the ResNet50 network by adding a CBAM
attention mechanism module before some residual blocks of the ResNet50 network, which enables it to have higher performance and
accuracy and accurately capture the terrain and landforms in landslide disaster valley images. The experimental results show that the
improved ResNet50 network achieves a classification accuracy of 83.02% for landslide disaster valley images, which improves its
classification performance by 11.32 percentage points compared to the ResNet50 network. Moreover, its accuracy, recall rate,
precision rate, F1 value, and AUC value are better than those of the ResNet50 network and other deep learning recognition algorithms.
Key words: attention mechanism; convolutional neural network; debris flow disaster; ResNet50
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