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Abstract: Semantic segmentation technology enables fine-grained understanding of complex and diverse scenes and
is one of the key technologies to promote efficient and intelligent work of unmanned systems. Large-scale unsupervised se-
mantic segmentation aims to learn semantic segmentation capabilities from a large number of unlabeled images. However,
the existing approaches suffer heavily from their noisy self-learned pseudo-labels with poor category and shape representa-
tions, leading to low final segmentation accuracy. In this paper, we propose a Pseudo-label Denoising and SAM Optimiza-
tion (PDSO) approach for large-scale unsupervised semantic segmentation to alleviate the problem mentioned above. Specif-
ically, we first propose a denoising-based feature fine-tuning module, which fine-tunes the pre-trained backbone network
with clean image-level pseudo-label samples selected from a large dataset based on a small loss criterion, enabling the net-
work to obtain more robust category representations. To further reduce category noise in pseudo-labels, we propose a clus-
tering-based sample denoising module to discard noisy samples that interfere with clustering based on the category propor-
tion and the distances between samples and cluster centers, thereby enhancing clustering performance. Moreover, we pro-
pose a SAM prompt optimization module, which identifies active categories in the image based on clustering distance to fil-
ter out noisy targets and uses points and boxes as SAM’s target prompt information to generate expected target masks and
refine the edges of targets in pseudo-labels. Our proposed PDSO reaches the mloU of 45.0%, 26.6%, and 14.5% on the test
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set of ImageNet-S,,, ImageNet-S,,, and ImageNet-S,, datasets, respectively, which significantly improves the category

accuracy and edge accuracy of the segmented targets.
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