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Fig. 1 The geographical location of the study area
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Fig. 2 Sample examples of high — spatial resolution image of seismic debris flow from unmanned aerial vehicle
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Fig. 3  Effect diagrams under different segmentation scales
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Fig. 4 Linear class elimination model

of convolution neural network
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Fig. 5 Transfer learning and detection of seismic

debris flow disaster information flow
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detected by two methods
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Abstract

A lot of debris flow disasters ( known as the earthquake debris — flow ) occurred in post — earthquake,
which cause great damage. UAV low - altitude remote sensing technology has the characteristics of convenience,
timeliness and so on, and becomes a means of rapid access to disaster information. However, the spectral infor-
mation of the UAV images is not enough, and it is difficult to detect the information of the earthquake debris
flow disaster accurately. Taking into account of the above problems, a method based on transfer learning mecha-
nism for earthquake debris flow detection was proposed. Based on the established earthquake debris flow disaster
sample database, features trained by convolution neural network were transferred to earthquake debris flow infor-
mation detection and the information was detected automatically. The earthquake debris flow information detected
based on object — oriented and transfer learning were compared and analyzed. The experimental results showed
that the information detection result of earthquake debris flow disaster based on transfer learning was slightly bet-
ter than that of object — oriented and the former was better than the latter in maintaining smoothness and integrity
of earthquake debris flow.

Keywords: earthquake;

debris flow; UAV high — spatial resolution images; transfer learning; informa-

tion detection



