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(Design and Implementation of Real-time Object Detection
based on Drone Video Streaming Data)
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This paper proposed the real-time object detection (car and people) system based on

drone’s video data by utilizing YOLOv3(You Only Look Once) for the disaster situation analysis,

disaster relief, etc. To do this,

the real-time video streaming data collected by the drone’s

camera via LTE, was analysed by the machine learning model (YOLOv3, DarkNet) in the server.
Also, the machine learning model learned the labeling data (10,000) included car and people by
the pre-training method. We newly developed the labeling data collection method. The proposed

system was developed and evaluated.

In the performance evaluation,

the object detection

accurate rate of car and people showed over than 96 percents.
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Fig. 1. Incorrect Detection results in Original Model
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Fig. 2. Proposed system structure
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~ Table 1. Construction data
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Fig. 4. Generate labeling data
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5. Detection results in trained models
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