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A lightweight flame detection algorithm based on YOLOv4

WANG Haiqun, ZHANG Chengjun, ZHANG Yi
(College of Electrical Engineering, North China University of Science and Technology, Tangshan 063210,China)

Abstract: To improve the existing flame detection algorithms that have such disadvantages as large numbers of mod-
el parameters and long training time, this paper proposes an improved lightweight flame detection algorithm based on
YOLOv4. Taking YOLOv4 as the basic framework and adopting MobileNet v3 as the backbone network, this algo-
rithm utilizes deep separable convolution to replace the 3 X3 ordinary convolution of the neck network and detection
network in YOLOv4 and changes its activation function into the H-swish function, thus constructing a lightweight
flame detection algorithm model. It not only significantly reduces model parameters, but also improves flame detec-
tion accuracy and reduces the leakage rate of flame detection. It is experimentally demonstrated that under the same
training conditions, the number of parameters of the proposed model is reduced to 18 % of YOLOv4, and the train-
ing time is reduced by 44 % compared with YOLOv4. Compared with MobileNet v3-DW-YOLOv4 when used to de-
tect the same flame images, the proposed algorithm improves the accuracy by 1% and the detection speed is 46
frames per second. Therefore, it can be embedded in terminal devices for better real-time detection.
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Fig. 2 Optimized depth separable convolution process
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Fig. 3 Improved network structure diagram
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Table 1 Comparison of algorithm parameters

Bk YOLOv4 MobileNet v3-YOLOv4 MobileNet v3-DW-YOLOv4

BB /105 A4 64.4 10.0 11.7

*R2 LIGFEE A E XL

Table 2 Comparison of experimental accuracy and time

ER7R KRG/ % AEIR/ % TIEREE/% i 5]/ ms FPS/ 1t Y Zkt ] /min
YOLOv4 81.65 74.97 78.28 22 45 330
MobileNet v3-DW-YOLOv4 81.21 70.99 74.68 20 49 200
ENIENC RS 82.54 74.69 78.67 21 46 220
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Table 3 Comparison of experimental accuracy
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MobileNet vI-DW-YOLOv4 80.20 70.49 73.69 15 69
MobileNet v1-DW-YOLOv4+ HS 81.49 72.84 77.08 15 64
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