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Abstract

To address the issues of high missed detection rate for small targets and severe multi-category confu-
sion in existing medical waste classification models under open scenarios, this study proposes an im-
proved GroundingDINO model incorporating visual-language joint modeling. The model constructs
a cross-modal contrastive learning framework to enhance effective feature extraction and precise
positional information while suppressing irrelevant interference. It implements lightweight optimiza-
tion through Low-Rank Adaptation (LoRA) technology, achieving high accuracy with reduced compu-
tational resource consumption. The introduction of Enhanced IoU (EloU) loss function further improves
bounding box localization accuracy and enhances model robustness in complex medical waste clas-
sification tasks. Experimental results demonstrate superior performance in constructing a medical
waste image dataset covering 5 major categories and 20 subclasses based on the national medical waste
management regulations. Compared with baseline model GroundingDINO and Alibaba Cloud’s
Qwen2.5-vl-72B visual understanding model, the fine-tuned GroundingDINO-MW based on Ground-
ingDINO comprehensively outperforms these detection models in precision, recall, mAP, and F1 scores.
This also fully validates that it can be better used in open-scenario medical waste classification and
recognition compared to original models.
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Figure 1. GroundingDINO model structure diagram
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Table 2. Statistical table on types and quantity of data sets
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Figure 3. Training loss convergence curve of the GroundingDINO-MW model
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Figure 4. Scatter trend chart of three models
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Table 4. Comparison of experimental results on medical waste dataset

F 4. BT EFUBEESWNERIIL

TR 4R Precision Recall mAP F1 AUC
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Figure 5. Comparison diagram of medical waste recognition performance
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