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Motivation

~ Weeds cut crop yields by 25 to 80%.
~  Pixel-level labels for segmentation are
~  Standard augmentation adds only

» Small, imbalanced datasets on the rare weed class.
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Segmentation quantitative results
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What we propose

WeedDiffusion, which fine-tunes Stable Diffusion v1.5 with DreamBooth [1] to
generate labeled crop and weed data through two branches:
. inpaints new crops into real fields.
: generates weeds, cuts them out with SAM, and pastes them into
backgrounds.

From 37 real images, we produced 120 synthetic samples that improve mloU across

ERFNet, DeepLabV3+, and UNet, most on the weed class.
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Segmentation qualitative results
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