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Application of deep learning techniques to large-scale

landslide identification based on images

Abstract

People are increasingly worried about unstable climatic conditions in
the age of growing demand for urbanization and resource development,
and environmental safety issues have become a priority. As the world
population gradually decreases in existing regions or unmanned residential
areas, more and more geological environments are disturbed. Natural
disasters are one of the most threatening to human life and property safety.
Different natural disasters cause different types of damage, but more
dangerous is that they tend to combine chain effects. This disaster is not
easily treated with a single solution or theory.

Although the Water Protection Bureau has regulated slope
conservation and other related requirements, Taiwan's relatively young
geology, and steep terrain may still lead to uncontrollable large-scale
landslides resulting in disaster and property damage. The current challenge
for slope monitoring and early warning system is that the monitoring
location may not be accurately set on the sliding surface, and therefore may
not be able to collect enough signals to achieve the early warning effect.
Therefore, this project aims to use deep learning methods to automatically
detect slope hazards using images. The information can be used as a

reference for other applications later.

Keywords : Landslide ~ Artificial intelligence ~ Image identification -

Mobile App - Safety Factor
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