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A Fusion Improvement of YOLOv7-tiny and ByteTrack Tracking for Belt Conveyor Speed Measurement Method
LIANG Xu'. ZHANG Huifeng', GAO Kai*
(1.Shaanxi Xiaobaodang Mining Co.. Ltd.. Yulin, Shaanxi 719302, China;
2.College of Computer Science and Technology, Xi’an University of Science and Technology, Xi’an, Shaanxi 710699, China)

Abstract: Aiming at the problems of deformation of object motion, trajectory drift, and tracking loss, which lead to large errors
in belt conveyor speed measurement, a method based on fusion improvement of YOLOv7-tiny and ByteTrack tracking was
proposed for belt conveyor speed measurement. Firstly, the improved YOLOv7-tiny object detection algorithm was used as a
detector to achieve accurate positioning of objects in images. Secondly, a secondary data association strategy was applied to
strengthen the association matching of low-score confidence, while a Kalman algorithm with introduced confidence was used to
make the predicted trajectory tend to the detector results, so as to improve the stability of object tracking trajectory on the belt
conveyor. Finally. the camera calibration method was simplified using the image coordinates between the belt conveyor’s two
support rods and the distance between the support rods, and the belt conveyor speed measurement model was established to
realize the speed estimation of the belt conveyor. The test results show that the MAE and MSE indicators of the proposed
method have been reduced by 0.037 m/s and 0.022 m/s, respectively, effectively reducing the speed measurement error of the
belt conveyor.
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Network architecture of improved YOLOV7-tiny
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Fig.3 Scheme of speed measurement for tape conveyor
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Fig.7 Continuous tracking of multiple frames
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Table 4 Calculated speed based on the first video
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180 3.6 0.195 7 3.52
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