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Research on single detection box multi-label detection method based on YOLOvSs
WANG Jinghao

(School of Computer Science, Xi’an Shiyou University, Xi'an 710065, China)

Abstract: Current object detection methods typically focus on detecting single class labels for objects. However, in real —world
scenarios, it is often necessary to identify multiple relevant labels for an object in order to provide a more comprehensive feature
description. The paper develops a single detection box multi—label detection method based on the YOLOvVSs framework, which
enables simultaneous recognition and labeling of multiple relevant labels within a single detection box. To improve the accuracy and
efficiency of multi—label classification, a joint prediction strategy is proposed. The paper uses a loss function that incorporates
hierarchical weights and hierarchical associations, balancing the weights of different tasks and considering the hierarchical
relationships between different labels to establish connections between relevant labels. Using the joint prediction strategy, the paper
achieves a 4. 9% improvement in mAP@ 0. 5 compared to previous methods. This research provides a new perspective and direction
for implementing multi-label detection based on YOLOVSs and holds significant practical value for real-world object recognition and
classification.
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Table 1 Data annotation format

Class x y w h
0 0.429 688  0.538 542 0.037 500  0.047 917
1 0.429 688  0.538 542 0.037 500  0.047 917
2 0.429 688  0.538 542 0.037 500  0.047 917
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Fig. 1 Improved preprocessing module
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Fig. 2 Soccer robot color code design
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Fig. 3 The relationship between forward and reverse direction of robot and color code
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function improvement
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Table 2 Algorithm detection performance comparison

IR Precision/%  Recall/% MAP/ % F1
YOLOv5s 0.90 0.94 0.93 0.92
5835 YOLOvSs 0.98 0.97 0.98 0.98
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Fig. 5 Test results before the improvement
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Fig. 6 Test results after the improvement
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