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Fire smoke detection combined with detailed features and
hybrid attention mechanism
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(College of Information and Control Engineering , Xi'an University of Architecture and Technology,
Xi'an 710055, China)

Abstract: To solve the problem that the detailed features of the high-level feature map are weakened and
the low-level features of the smoke image are lost, an improved YOLOv4 algorithm that combines the de-
tailed features and the attention mechanism is proposed. The detail feature fusion module is designed, and
the low-level features in backbone network are introduced into high-level features to obtain the fusion
feature map with extensive multi-scale information. Then, a hybrid attention mechanism in two separate
dimensions of channel and spatial is adopted, to reassign the weight of the fusion feature map. The smoke
target features are enhanced the background features are suppersed, hence the proposed algorithm is robust

in feature expression. The experimental results show that the average precision, precision and recall rate of
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the algorithm in this paper are increased by 4.31%, 1.21% and 9. 86% respectively compared with the

YOLOvV4 algorithm, while maintaining a high detection speed. The proposed algorithm can effectively ex-

tract the overall features of smoke targets, and is suitable for smoke detection tasks in complex back-

grounds.
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Fig.2 Detailed feature fusion module
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Fig.7 Examples of detection results. (a) Indoor smoke; (b) Indoor smoke under light interference ; (¢) Outdoor small target

smoke; (d) Outdoor smoke in complex background; (e) Forest fire smoke; (f) Night fire smoke.
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Tab.2 Experimental results of ablation study

KR/ % PENCIE- Y SEHRE R/ % K6 37 2/ (framees ')
YOLOv4 96. 16 81. 59 91.91 51.9
YOLOv4+DFF 94.52 88.79 92. 87 51.2
YOLOv4+CBAM 97. 32 85. 31 93. 47 52.7
AR 97.37 91.45 96. 22 50. 8
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Tab.3 Performance comparison with other algorithms

Wihx/% AR/ % T RE AR % e R / (framess ')
Faster-RCNN 73.82 81.72 82.55 20. 3
SSD 65. 31 71.46 69. 89 72.8
RetinaNet 91.49 79. 56 89.93 52.7
YOLOvV3 89. 89 79. 34 86.77 67.3
EfficientNet'* 82.91 83.71 87.66 49.5
SCHRL29] 74.82 82.21 80. 31 70.5
YOLOv4 96. 16 81.59 91.91 51.9
SE-YOLOv4* 93.32 86.47 93. 64 48.5
A SO 97.37 91.45 96. 22 50. 8
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