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Factory fire detection with BiFPN and YOLO v5
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[ Abstract] In factory fire detection, there are problems such as complex environment, dense targets, small targets at the initial

stage of the flame, low sample pixels, and inconspicuous flame boundary characteristics. Aiming at above problems, a factory fire

detection algorithm Bi—-YOLO v5 based on improved YOLO v5 is proposed. This proposed method enhances feature information by

fusing weighted bidirectional feature pyramids ( BiFPN) and improves the generalization ability of the network through the

optimization of anchor frame parameters. The loss function is improved to boost the convergence of the network. Experimental results

show that the recall rate and average accuracy of the Bi—YOLO v5 model are increased by 2.2% and 1.7% compared with YOLO

v5, and the inference time per frame reaches 27ms, which meets the requirements for fire detection in complex factory

environments.

[ Key words] factory fire detection; YOLO v5 algorithm; weighted two—way feature pyramid; anchor box parameters; loss

function
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Fig. 1 The structure of YOLO v5 network
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Fig. 2 The structure of FPN, PAN and BiFPN
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Fig. 3 The structure of feature pyramid in Bi-YOLO v5
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Tab. 1 Anchor box allocation
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Fig. 4 The instance of Mosaic data enhancement
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Tab. 2 Parameter settings

ELICAN ZHE
#it i K/ (Batch_size) 32
EAREEL(Epochs) 100
Bl ( Momentum ) 0.9
HUHE B8 ( Weight_decay) 0.000 5
2 2] # (Learning_rate ) 0.01

3.4 SLIRERSHT
R4 H 2B ScfE2# 1 Bi-YOLO v5 1 YOLO v5
FRIFE D i BE AP 1Y Loss fE 5T FL il £k, an 181 5 Fr

No

AN 4025 1 LE AR

0.054
0.05
0.04
i 0.04(

X 0.03
£
0.03

0.02]
0.02

0.01

20 40 60
WARH AL
5 Loss fExTLL g2k E
Fig. 5 Comparison curve of Loss

A LA ) Bi-YOLO v5 Y Loss {E 1 £k 44
ZAE YOLO v5 T 5, HiEAR 30 85 Loss (A28 0T
JAEZE 15 Bi-YOLO v5 #5558 [ YOLO v5 A Al
SO W RAETE /N,

AN X A T3 AR T ARG B R
TS BEAS ], 36 3E T L AN B 5L A1 Bi- YOLO v5
FITERE, 25 L2 3,

#3 SWMAHRMTLE

Tab. 3 Comparison with existing algorithms
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Fig. 6 Fire detection in practical scenes
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