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Multi-Scale Flame Detection Based on Enhanced Receptive Field Feature

Dong Ke,Yan Yunyang,Geng Jiawen,Yu Yongtao,Wang Panlong, Ye Xiang
(Faculty of Computer & Software Engineering, Huaiyin Institute of Technology , Huaian 223003, China)

Abstract ; Aiming at the problems of poor fire detection effect and weak anti-interference ability ,a multi-scale fire detection
method based on enhanced receptive field feature is proposed. Firstly, the Receptive-Field Attention Convolution
(RFAConv) is introduced to enhance the extraction of spatial features of receptive field. Secondly,the C2fiC module is
designed by combining the Inverted Residual Mobile Block (iRMB)and the Channel Prior Convolutional Attention( CPCA)
mechanism to improve the ability of the model to express and fuse different scale features. Then, the shared parameter
structure is adopted,and the lightweight convolution reconstruction detector is introduced to reduce the model parameters
and computational complexity. Finally,the Focaler-GloU loss function is introduced to balance the difficulty samples. The
experimental results show that the number of parameters and the amount of calculation of the improved model are reduced,
and the detection accuracy is higher,which can meet the detection requirements in flame detection.

Key words: flame detection,receptive field feature, attention mechanism,loss function, YOLOv8n
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i SGD ffk#% , batch size BEE A 8, epoch 15 & A 200.
32 HURKE

SC0G i FH Fire-Smoke-Dataset , Forest-Fire-Dataset #1 Huai-Gong-Fire — /> % 4§ #£. Fire-Smoke-Dataset
(https ;// github.com/DeepQuestAl/ Fire—Smoke—Dataset ) /3 FFEHEAE , 6 & KAUBLA/ N KK, Bt 3 000
K14, Forest-Fire-Dataset ( hitps ://www.kaggle.com/ datasets/irdiansyah/forest—fire—dataset ) /N 8P4 | {0,
15 7 167 M= TR K F . 25F Fire-Smoke-Dataset F1 Forest-Fire-Dataset ZUE 8375 00— ANl 2k
Ky W) 20 #5577 Huai-Gong-Fire (45 5. Huai-Gong-Fire f1 51 717 5K K K FUR AL, 155 T FR AR, T
I BB AT SEATR 5T B R . N BERLEER 5500 5RAN R 560 KR EUGHE TS5 50, KR BT
ARE 8 fron, Horp (a) ~ (¢) MIEFEAR, (d) ~ (f) M HAAEAR. 4 Fire-Smoke-Dataset | Forest-Fire-Dataset 1
Huai-Gong-Fire =/ MIHRAE S 14% 8:1:1 A LLBIREHLI] /3 Al 254 gk A Al 4.

[

B8 NREBEHAE
Fig.8 Fire data samples
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3.4 JHBLKIG

Ry BE AR R X I A DU R , 7R AR [R] A SE B A T X Huai-Gong-Five 5048 48 #4703, 1 e ik
BEHLHEAT AR LA, VAR £ AR H RN 4 BE A5, T Al S B0 AN 1 TR, 78 YOLOv8n F+ M 45
RFAConv BEHE R B FUE mAP $2/5 1 1.3%, $2FF T BB ReAiE SR BURE J) ; SEB M 25 5] A C2fiC 52
P mAP 85 T 1.7% , S50 At 5 i /N i B A SR I Sk i R s Al 3k, E 32 55 1.5% mAP 11 []
B, SR A5 B0 T 20% 1 33.3% , BEAR T RSk SE0TAY , ilE— DA R 4% Ak ; P Akt 2 o
B, mAP 3255 T 0.8% , SEIUMES FEA T, S RIS HR Y 20 6t S8 T A BNS B A 32 5 LA X S 4 Fn it
IR SRR A L YOLOVSn B mAP 42755 1 3% , S 80E A5 B T 33.3% Ml
39.5% ,EW] T GRS RY A R

F1 HEBER

Table 1 Ablation experiment

RFACony C26iC L3Rl Focaler-GloU mAP@ 0.5/ % Params/M GFLOPs FPS
84.2 3.0 8.1 119
v 85.5 3.0 8.2 108
v 85.9 2.6 7.5 90
v 85.7 2.4 5.4 123
v 85.0 3.0 8.1 120
v v 86.3 2.7 7.6 75
v v v 86.6 2.0 4.9 88
v v v v 87.2 2.0 4.9 90

3.5 TLbXEE

B R 5 H BT E AT Faster R-CNNM™  RT-DETR'™! | EfficientDet!"® | YOLOv5 , YOLOv7"'"
YOLOv8 1 YOLOv10"" JEA7XF Lt S5, 5256 5% FAR IR A BCE 45 Al 2k 2800, 0 L s i 2 SR n sk 2-3% 4 Jp
7N, BUHEREIYE Fire-Smoke-Dataset | Forest-Fire-Dataset Fll Huai-Gong-Fire =404 4E I mAP {5335 3] %
e, 53314 76.6% 81.0%F1 87.2% , AT I B/ TR AR T EfficientDet , K il B2 735118 5] T
RERPR IR 88  BERPAG IR 84 FNAFADKG TR 00. L7 b Bk | Me i AR AU S B 1 G IR 2 AR A ) ok 5
B, LSBT AR A s Ak, REASAR G N, H T 437 5 T 9 K I

% 2 Fire-Smoke-Dataset X bt 5238

Table 2 Comparison experiment on the Fire-Smoke-Dataset

Models mAP@0.5/% Params/M GFLOPs FPS
Faster R-CNN 69.8 136.7 369.7 50
RT-DETR-I 67.3 28.4 100.6 38
EfficientDet 70.7 3.8 4.7 78
YOLOv5s 70.7 7.0 15.8 131
YOLOv7-tiny 69.2 6.0 13.0 99
YOLOv8n 73.3 3.0 8.1 103
YOLOv10n 72.5 2.7 8.2 66
improved 76.6 2.0 4.9 88

# 3 Forest-Fire-Dataset X Lt S23&

Table 3 Comparison experiment on the Forest-Fire-Dataset

Models mAP@ 0.5/ % Params/M GFLOPs FPS
Faster R-CNN 37.2 136.7 369.7 7
RT-DETR-1 77.8 28.4 100.6 38
EfficientDet 52.3 3.8 4.7 9
YOLOv5s 78.7 7.0 15.8 129
YOLOv7-tiny 73.0 6.0 13.0 123
YOLOv8n 78.5 3.0 8.1 106
YOLOv10n 76.8 2.7 8.2 125
improved 81.0 2.0 4.9 84
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%4 Huai-Gong-Fire ¥ tt 5238

Table 4 Comparison experiment on the Huai-Gong-Fire

Models mAP@ 0.5/ % Params/M GFLOPs FPS

Faster R-CNN 61.6 136.7 369.7 10
RT-DETR-1 82.6 28.4 100.6 42
EfficientDet 79.8 3.8 4.7 11

YOLOv5s 82.5 7.0 15.8 130
YOLOv7-tiny 83.1 6.0 13.0 127
YOLOv8n 84.2 3.0 8.1 119

YOLOv10n 84.5 2.7 8.2 105

improved 87.2 2.0 4.9 90
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