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Raspberry Pi flame recognition system based on improved YOLOvS5

DENG Li, XIE Shuangshuang, ZHU Bo, WU Dandan, LIU Quanyi”
(College of Civil Aviation Safety Engineering, Civil Aviation Flight University of China, Guanghan Sichuan 618307, China)

Abstract: Fire disaster can cause great harm to the safety of people and property, and how to detect flame
intelligently and efficiently is of great significance. In order to achieve accurate flame recognition under high
space conditions, an infrared camera with two degrees of freedom that can detect environmental conditions
in all directions is designed, and the target detection algorithm YOLOvVS5 is improved combined with deep
learning. The K—Means clustering algorithm is employed to obtain nine width and height dimensions of
clustering center by matching and replace the original network anchor parameters. Considering the relative
proportion of the target frame, the loss function is optimized and applied to the Raspberry Pi to achieve flame
recognition. The test results show that it takes 2.9 s for the improved YOLOvS5 algorithm to detect a single
sheet on the Raspberry Pi, which is less than that for the original YOLOvS5 algorithm by 78%. The accuracy
of the system is 100%, and the confidence of identifying the target frame is above 0.9. The proposed system
can identify the flame fast and accurately.
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Tablel Test results of identification system

no change(Raspberry Pi ) improved(PC side ) improved(Raspberry Pi )
video duration/s 120 120 120
FPS 0.08 100.00 0.35
single time consuming/s 13.20 0.01 2.90
precision ratio/% 82.7 100.0 100.0
fallout ratio/% 6.1 0 0
highest confidence 0.80 0.95 0.95
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