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Fig. 1 The proposed FIRE-DET architecture

Yy =L Gn)) =LO [i(%00) s
— I EREB S5 ] IR s

N=f,0OLO/() = © flxpun) (1)

PRSI B AR 2 08 B o 2 BB,
BB B b i A 2 L A R R R 2 R TR, AR
SCAT L UL E SN

N :jzl(?“‘kfj(x(h,w,c) ). (2)

P2 S BATACRIE A5 BB (] 2a AR SERY
BRI, BB — 10 5 B0 pR B0 AL e B
BenT LARIR N

g1 (x) = relu(BN(Conv(x,, ., ))) , (3)
Horr, Conv RFFAEAL B B4 BURAE BN 0 — 1L 4
B relu ST PR, g, AL G IR B0 58 1 5]
2b R T UL GR 22 B i PR AL G BB A
AL LR 2E B AR BT AR IR A

g,(x) =208, (%4000) F Xipuor- (4)
Multi-
Conv Block

Input Input

|
()

Conv

Leaky relu

(Add)

a. Conv Block b. Res Block

K2 AURMEE R

Fig.2 Representative convolution blocks
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Table 1 FIRE-Net network layer structure
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Fig. 3 Feature fusion network
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Fig. 5 Original image and attraction map
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Fig. 6 Flow chart of image segmentation loss calculation
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Fig. 8 Diagrams of true positive ,false positive and false negative
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Fig. 9 Examples of test result
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Table 4 Performance comparison between
FIRE-DET and other detectors
WRES A/ % P/% R/% FRR
FPS
YOLOv3[!2) 70. 49 72.55 72.32 22
YOLOv4! ') 76.83 77.29 71.68 24
YOLOv4-tiny!*)  74.29 72.43 70.29 73
YOLOX! 3! 72.42 71.30 70.23 15
CenterNet 2! 65. 07 90. 31 36. 99 56
Faster R-CNN!") 67.62 34.41 76.99 34
Dunnings 4510 95.41 96. 41 95.11 17
FIRE-DET 97.42 95. 84 98.21 85
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Table 5  Ablation experiment results

25 a B % A/% P/% R/% *&iﬁ'ﬂ;ﬁsﬁ/
papilctil 76.83 77.29 71.68 22
i v 85.12 88.31 81.51 53
Mol v 96.17 95.22 98.31 42
I3l v v 97.42 95.84 98.21 85

RIS K IAERAE I BB, HO & Rl FIRE-Net (%)
AU T 3 T RAE, S TR R LA 2 45K
IOTEES 1 4L SRl LW N T FIRE-Attention [
26 PR TR (R I MR R K RN T
W B R R R LA, ER AR AR T R AR ) 3508 5
3 HHSEYRTESS 2 2H SC A LA E VSN T BiFPN-mini
P 4%, (AR F RGN R TR B T 85 FPS, HAR 2 415K
BRI Ak R 4 T 1 A5 A5 SRR FIRE-DET 4%
K@ 17 FIRE-Net W 2% 5 FIRE-Attention % % A] D)3
IS AE B EUAA SR, 48 v A AR A 0 194 2 5 3 AR 0 54
M BiFPN-mini BRI fr) A6 00 R
3 it

R T HE A A SRR X ARG I 1) A N
FE AR SO BRI AL A 0 %, S5 5 i I PL G
TR 28 2 FE R AR S I A 34 $2 0 T — L F
FIRE-DET B4 K IR 7 2% A8 3 [ 45 vh oFI F 24
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Abstract

timization schemes to improve the flame detection models in model efficiency as well as the detection performance. A

In view of the increasing concern on model efficiency in computer vision , this paper proposed several op-

backbone network ( FIRE-Net) was constructed from a multi-convolution combined structure , which can efficiently
extract rich flame features from multiple scales. Then an improved weighted bidirectional feature pyramid network
(BiFPN-mini) was used to quickly achieve multi-scale feature fusion.In addition, a new attention mechanism
( FIRE-Attention) was proposed to make the detector more sensitive to flame characteristics.The above optimizations
were combined to develop a new flame detector abbreviated as FIRE-DET, which was then trained on self-built data-
set and tested on internet videos.The experimental results showed that the FIRE-DET outperformed mainstream algo-
rithms by its flame recognition accuracy of 97% and frame rate of 85 FPS | thus provides a more common solution to
solve the flame detection.

Key words

feature extraction ;feature fusion ;attention mechanism ;flame detection



