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Abstract

In this paper, we propose a system for processing and analyzing drone image information which can be applied variously in
disasters-security situation. The proposed system stores the images acquired from the drones in the server, and performs image
processing and analysis according to various scenarios. According to each mission, deep-learning method is used to construct an
image analysis system in the images acquired by the drone. Experiments confirm that it can be applied to traffic volume
measurement, suspect and vehicle tracking, survivor identification and maritime missions.
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Figure / Order 1 2 3 4 5 Figure / Order 1 2 3 4 5
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training training
Accuracy(%) | 59% | 63% 68% | 72% | 85% Accuracy(%) | 34% | 58% | 66% | 81% | 70%
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