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Improve YOLOvVS object detection algorithm for shelf tobacco videos
QIN Yishuang, TAO Wen, JIA Jianshuang, CHEN lJie, QIN Qionghui

(China Tobacco Guangxi Industrial Co. , Ltd. , Nanning 530000, China)

Abstract ; In the management of cigarette marketing, accurate statistics of cigarette quantity in the counter of tobacco retail terminal
plays a vital role in inventory control and product display optimization. In order to achieve efficient cigarette product identification
and statistics, this paper proposes a video detection method of lightweight cigarette specification display based on YOLOVS. Firstly,
in order to reduce the complexity of the model, the lightweight MobileNetV3 backbone network is introduced in YOLOVS5 to reduce
the amount of calculation and parameter size; Secondly, the video frame matching technology is used to fuse the frame level
detection results to ensure the accurate matching and statistics of cross frame targets. The experimental results show that compared
with the original YOLOv5—-1 model, the parameters of the improved model are reduced by 87. 81% and the amount of calculation
(FLOPs) is reduced by 89. 82% with almost the same detection accuracy. The overall results show that this method not only ensures
high—precision detection, but also significantly reduces the computational cost, and provides effective technical support for the
automatic statistics and intelligent management of cigarette quality regulation. In addition, the visual record of cigarette product
display location provides strong support for the management decision — making of industrial enterprises, and helps to optimize
inventory management and product specification display layout.
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Fig. 2 Network structure diagram of the proposed algorithm
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