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Influencing Factors Analysis and Assessment of Storm and Flood
Susceptibility——A Case Study of Anyi County

LYU Xixi', ZHANG Chunjv'*, HUANG Jianwei', TIAN Yu' and WANG Xiaoli'
(1. College of Civil Engineering, Hefei University of Technology, Hefei 230009, China;
2. Key Laboratory of Geospatial Technology for the Middle and Lower Yellow River Regions Ministry of
Education, Henan University, Kaifeng 475004, China)

Abstract: Due to differences in regional geographic environments, the selection of influencing factors of flood
susceptibility is mainly determined based on regional geographic characteristics and personal experience, and lacks
unified standards, systematic analysis and scientific evaluation. The relationship between flood disasters and influ-
encing factors is a complex, multi-variable, non-linear relationship, which is closely related to the geology, land-
form, land cover and many other factors of the study area. For different research areas, collecting as comprehensive
as possible influencing factors and optimizing them are the prerequisite and guarantee for realizing accurate assess-
ment of flood susceptibility. Anyi County, Nanchang City is located in the middle and lower reaches of the Liaohe
River and is the main area affected by flood disasters. Based on remote sensing image data and geographic informa-
tion system technology, this article takes Anyi County, Nanchang City as an example to carry out the influencing
factors analysis and susceptibility assessment of storm and flood. First, Sentinel-1 radar images before and after the
disaster were used to extract the inundation range of storm and flood in Anyi County from June 30 to July 5, 2016,
and 15 influencing factors of flood susceptibility were selected such as elevation, precipitation, land use, distance
from the rivers and slope, etc. Then, based on the random forest, the importance of influencing factors was ob-
tained, and the unimportant influencing factors were gradually reduced according to the ranking results of the im-
portance, and the influencing factors were optimized and selected based on the neural network model. Finally,
based on the optimized influencing factors, the neural network model was used to evaluate the flood susceptibility of
Anyi County, and an example was used to verify the reliability of the flood susceptibility assessment results. The re-
search results show that after reducing the five least important influencing factors of convergence index, aspect,
profile curvature, topographical position index and stream power index, the performance of the neural network mod-
el has been improved to a certain extent; Areas with moderate or higher flood susceptibility levels are mainly dis-
tributed on both banks of the Liaohe River, occupying approximately one third Anyi County, and nearly 70% of the
floods are distributed in areas with moderate or higher flood susceptibility levels, the possibility of floods occurring
in areas with flood susceptibility levels of medium or above is very high, and the result of flood susceptibility assess-
ment is consistent with the actual situation in Anyi County.

Key words: storm and flood ; susceptibility assessment; sentinel-1; random forest; neural network



