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Abstract

In this paper, we propose a real-time drone—based violent protest detection system. Our proposed

system uses drones to detect scenes of violent protest in real-time. The important problem is that

the victims and violent actions have to be manually searched in videos when the evidence has been

collected. Firstly, we focused to solve the limitations of existing collecting evidence devices by using

drone to collect evidence live and upload in AWS(Amazon Web Service)[1].

Secondly, we built a

Deep Learning based violence detection model from the videos using Yolov3 Feature Pyramid

Network for human activity recognition,

in order to detect three types of violent action. The built

model classifies people with possession of gun, swinging pipe, and violent activity with the accuracy

of 92, 91 and 80.5% respectively. This system is expected to significantly save time and human

resource of the existing collecting evidence.
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Fig. 1. Related Work: Screenshots
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Fig. 2. Architecture of the proposed system

Table 2. Parameters and results

batch subdivision learning_rate max_batches accuracy
yolov3.cfg 64 16 0.001 500200 74%
yeonsu.cfg 64 2 0.001 500200 76%
yolo_oct25.cfg 64 32 0.001 75000 80%
yolo_nov5_test.cfg 64 16 0.004 60000 73.2%
yolo_nov5.cfg 64 16 0.004 50000 78%
yolo_nov6_2.cfg 32 8 0.001 45000 82%
yolo_nov6.cfg 128 32 0.001 60000 79.6%
yolo_nov7.cfg 64 16 0.00025 160000 87.8%
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Fig. 3. Data augmentation
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VI. Conclusion
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