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Research on improved algorithm of fire target detection
based on YOLOV5

WANG Chengmao, HUANG Runcai, GU Leixin

( School of Electronic and Electrical Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)

Abstract: Aiming at the problems of low detection accuracy due to the lack of smoke and flame data sets and the weak anti-
interference ability of the detection model, the current research on smoke and flame detection in fires is relatively single, and an
improved YOLOVS pyrotechnic target detection algorithm is proposed. Firstly, fire pictures are obtained through Web crawlers, then
the open source software Labellmg is used to mark smoke and flame targets in the pictures, a high—quality smoke and flame dataset
are built, and the dataset enhancement method is used to expand the dataset to improve the generalization ability of the model.
Secondly, the adaptive anchor frame technology of YOLOVS is used to cluster and analyze the flame smoke data set to obtain the
optimal clustering result. Finally, the CSP1 module in YOLOVS is improved, and the features are fused to obtain a more expressive
image, which improves the detection effect of the model on flame smoke. The experimental results show that the improved
algorithm has an overall detection accuracy and recall rate of 85. 9% and 88. 4% for flames and smoke, and the average detection
precision (mean Average Precision, mAP) mAP@ 0. 5 is 90% , which is improved by 2% compared with the original YOLOvV5, and
the detection speed is 42. 2 frames/s ( Frame Per Second, FPS), which can meet the accuracy and real—-time performance of fire
detection, and can effectively detect fire.
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Fig. 4 The label display picture of the spliced large picture
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Fig. 6 Schematic diagram of channel attention module
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Fig. 9 Statistical results of smoke and flame dataset
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Table 1 Comparison of accuracy, recall and mAP between the

original model and the improved model %
Algorithm Category  Precision Recall mAP
Original YOLOvS fire 86.3 88.0 88
smoke 81.6 87.9 88
Improved YOLOvS fire 87.8 88.4 90
smoke 84.0 88.5 90
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Fig. 10 Comparison of recognition effects of different algorithms
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Table 2 Comparison between improved YOLOvV5 and mainstream

detection algorithms

Ak mAP/ % FPS
Faster RCNN 87.3 28
SSD 76.7 47
YOLOv3 73.2 45
Efficient Det 89.2 43
Center Net 88.7 46
Improved YOLOVS 90.0 42
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