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An Optimized Thangka Image Object Detection Method Based on YOLOvVS

CHENG Weilong, SENG Bingfeng, LIU Xiaojing
(School of Computer Technology and Application, Qinghai University, Xining 810016, China)

Abstract: Complex and multi-scale rendering of elements in thangka can affect the accuracy of object detection technology tasks. Therefore,
a Tangka element object detection method is proposed to optimize the YOLOv8 model. Firstly, a cascaded fusion network is used to extract im-
age features, and the feature extraction parameters are used for subsequent feature fusion to effectively increase parameter utilization efficien-
cy; Secondly, drawing on the idea of bidirectional feature pyramid network, an additional path is added in the feature information transmission
layer of the same layer to achieve cross scale connection, in order to enhance the model’s feature fusion capability; Finally, EloU Loss and
ClOU Loss are introduced into the regression loss function of the detection head, taking into account various factors of bounding box regres-
sion, and combining width to height and aspect ratio parameters to improve the efficiency and accuracy of model target localization. The experi-
ment showed that the optimized YOLOv8 model reduced the parameter and computational complexity by 7.21% and 7.23% respectively com-
pared to the original model, while mAP50 and mAP50-95 increased by 3.72% and 4.55% respectively; Compared to other object detection al-
gorithms, it has significant advantages; The ablation experiment also verified the positive effects of different improvement modules on the mod-
el.
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Fig.1 YOLOVS network structure
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Fig.2 Optimized YOLOVS network structure
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Fig. 4 Bidirectional pyramid network structure
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