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The fire smoke detection algorithm based on improved YOLOvSs research
CAI Jing, ZHANG Zan, RAN Guangjin, LI Zhen, LI Liangrong

(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] In order to solve the problems of false detection, missed detection and poor real—time performance in fire smoke
detection algorithm, a fire smoke detection model based on yolovSs is proposed. Firstly, ghost revolution module is used to replace
the conventional convolution module in the original yolov5s network structure to reduce the calculation cost and model parameters of
the detection model on the basis of maintaining the same performance; Secondly, the vision transformer structure is added to the
backbone network of the original yolovSs model to reduce the dependence on convolutional neural network and improve the ability to
obtain global and local features; Finally, the coordinated attention mechanism is introduced to effectively extract feature information
and further improve the accuracy of detection. The experimental results show that the parameters of the proposed fire smoke detection
model are reduced by 18% , the accuracy is improved by 3.12%, and the detection speed is improved by 20% , which can meet the
fire smoke detection in the actual scene.
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Fig. 6 Improved structure diagram
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Fig. 7 Component diagram of improved structure diagram
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Tab. 1 Comparison of test results before and after the improvement
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Fig. 9 Yolov5s test result chart
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Fig. 10 Image of improved YOLOV5s test results
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