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Early smoke detection algorithm based on multi-path enhanced features

Si Panzhao He Li Wang Hongwei Ran Teng
(School of Intelligent Manufacturing Modern Industry, School of Mechanical Engineering,

Xinjiang University , Urumgqi 830017, China)

Abstract: Early smoke detection is an effective means to eliminate fire hazards in a timely manner, but the small size
and complex diffusion form of smoke in the early stage of a fire make its detection extremely difficult. To address the
above problems, this paper proposes a multi-path enhanced feature-based YOLO (MEF-YOLO)early smoke detection
algorithm, which adopts QA-ELAN to improve the backbone network and optimise the model complexity and
accuracy, and develops FGCA to autonomously enhance the feature differences between the sampling regions to
effectively capture the spatial information of the smoke. And the feature fusion path is optimised by the MEFAN,
which realises the direct interaction between cross-level features and effectively mitigates the loss of detail information;
and a Wise-IOU loss function is introduced, which comprehensively takes into account the position and scaling
information through the weight adjustment mechanism to improve the robustness of the model in the complex scene.
The experimental results show that the algorithm proposed in this paper has an accuracy of up to 92.5% for early
smoke detection in experimental scenarios with different lighting and small-scale smoke and smoke diffusion, and has a
lightweight advantage, with the number of parameters and GFLOPs reduced by 27.5% and 30. 6%, respectively.
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Table 5 Results of ablation experiments with MEF-YOLO

QA-ELAN FGCA MEFAN WloU AP, P R params/M  GFLOPs/G
— — — — 0. 891 0. 867 0. 836 7.2 16.0
N — — — 0. 901 0. 892 0. 845 4.3 10.7
NG NG — — 0. 908 0. 898 0. 841 4.3 10.7
NG NG NG — 0.919 0. 908 0. 857 5.1 1.1
N N NG NG 0.925 0.912 0.873 5.1 1.1

(2) EIRE A (0 A
(@) Euly amoke samples (%) YOLOVSS (¢) MEF-YOLO (d) FGCA (e) MEFAN (5 Oure

9 I S g6 P T ET HLAE

Fig. 9 Visualisation of the ablation experiment heat map

K6 TEBEBPWLWHERITLL

Table 6 Comparison of experimental results for different models

K50 FEL Y AP, ; P R params/M GFLOPs/G FPS/fps Size/ MB
Faster R-CNN 0.772 0. 739 0.551 60. 3 195. 3 16. 4 108. 0
SSD 0. 246 0.243 0. 254 25.4 215.3 58.5 91. 1
FCOS 0. 844 0. 869 0.77 32.12 125. 6 19. 6 122.5
) YOLOVS5s 0. 891 0. 867 0. 836 7.2 15. 8 53.3 13.7
;iz YOLOX-s 0. 909 0. 872 0. 854 9.0 26. 8 78.5 34. 4
YOLOvSs 0. 895 0. 895 0. 837 11.1 28. 6 70. 3 23.5
RT-DETR-1®" 0. 897 0. 875 0.786 31.9 110 42.9 92.0
YOLOv9s 0. 893 0. 904 0. 844 7.2 26.8 62.2 14.3
YOLOv10s™" 0. 909 0. 892 0. 851 8.0 24. 4 69.7 15. 8
k(5] 0. 891 0. 908 0. 897 8.57 23.2 46.5 17.2
M 2% C#k[10] 0. 866 0. 843 0. 825 8.3 19. 4 51.6 15. 8
LAY k[ 21] 0.923 0. 901 0.817 8.9 26.7 64.2 69.5
MEF-YOLO(ZR30) 0. 925 0.912 0.873 5.1 11.1 55.4 11.2

H13% 6 R0, L Z A A L, SSDLFCOS Faster 22, YOLO ZR 80 AGIAE 5275 B¢ I A IR0 1o A AL 4, 2
R-CNN A5 A0 AG I ROCR A E 55 9 DR FE 07 i R B 4 HHAH k4% . R R SCHR HE 9 MEF-YOLO Z5-4 46 I
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Fig. 10 Comparison of YOLOv5 and MEF-YOLO in

complex scene detection effect

3.5 TFAHfLattt
HEWE R MEF-YOLO 7£ i % B3] 40 55 X 38/ )
YHOERE P EE ) 5 Bl Grad-CAM F13:M 4 i

A E, B 11 PR Y SO E RO EL R A AP
MEY BB 5% B RELWMA. 5 C LTk
14 32 A A A

W11 AT LUE 7R 5 A B, YOLOvS Z A
B R T 5 T30, %K s 0D I R B T AR SR Y R R
F1.,0 MEF-YOLO 7T LA i b 56 71 30 22 T Mk B w
Ab 7R AT EON RS Ao B, MEF-YOLO X4 %5
SR SR T Rk, AR 8% OC T B F T o B X8R
YOLOv5s %40 %54 Hi DX 38l 3R 9010 19 56 1 885 B C
OISR T YOLOVS 32 3 7 /™ 8 3t , B & X
W B AL, T MEF-YOLO #7878 M0 55 X 38, 5 o
Fr.

12 fim R /NREENSE A D7 L 3 Bt AJB F1 C =
MR YR A WEBA/NRENEMZIWA. R B AT
A T C oy PR 2 MBI f 3 5%

(a) R

YOLOv5
(a) Original images (B ¥OLOws

(¢) MEF-YOLO
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Fig. 11 Heat map visualisation of diffuse smoke
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(a) Original images
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Fig. 12 Visualisation of small-scale smoke thermograms
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