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Multi-scale object detection algorithm for recycled objects based on
rotating block positioning

DONG Hong-zhao, FANG Hao-jie, ZHANG Nan
(ITS Joint Research Institute, Zhejiang University of Technology, Hangzhou 310014, China)

Abstract: An improved algorithm MR2.-YOLOVS5 based on YOLOv5 was proposed aiming at the problem that the
traditional target detection algorithm did not consider the diversity of the target shape scale in the actual sorting
scene and could not obtain the rotation angle information. Precise rotation angle detection was completed by adding
angle prediction branches and introducing angle classification method of ring smooth label (CSL). The target
detection layer was added to improve the detection ability of different scales of the model. Transformer attention
mechanism was used at the end of the backbone network to give different weights to each channel and strengthen
feature extraction. The feature graphs of different levels extracted from the backbone network were input into the
BiFPN network structure to conduct multi-scale feature fusion. The experimental results showed that the mean
average precision (mAP) of MR>-YOLOVS5 on the self-made data set was 90.56%, which was 5.36% higher than that
of YOLOvS5s with only angle prediction branch. Categories and rotation angles can be recognized for objects such as
occlusion, transparent and deformation. The detection time of single frame is 0.02-0.03 s, which meets the
performance requirements of target detection algorithm for sorting scenes.
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Fig.1 MR2-YOLOVS network structure
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Fig.2 MR2-YOLOVS structure of each module
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Fig.3 CSL schematic diagram
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Tab.3 Ablation experiment based on YOLOvVSs model
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Fig.8 Training curves of each model ( without angle prediction branch )
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