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Motivation
Accurate crop and weed segmentation is essential for precision agriculture, enabling site-specific weed management and reducing unnecessary herbicide use.

However, many existing models rely mainly on RGB imagery and struggle to generalize across different field conditions, growth stages, crop types, and weed species.

We address this limitation by combining multispectral UAV imagery with vision—language foundation models for robust crop and weed semantic segmentation.

Proposed Method

The proposed framework combines three complementary sources of
information:
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 5-channel ResNet50 branch: extracts low-level multispectral
spatial features from RGB, Near-infrared (NIR), and Red-Edge
(RE) bands.

« DINOv3 branch: provides high-level self-supervised visual
representations and global semantic context.
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« CLIP-guided cross-attention decoder: injects class-level
language priors using text prompts such as “background soil”,
“crop”, and “weed”.
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Overview of the proposed crop & weed multispectral semantic segmentation architecture.

CLIP Text Guidance

Novel Contributions

« Multi-scale attention fusion mechanism combines multispectral
CNN features with DINOv3 semantic representations.

« CLIP-guided cross-attention decoder injects language-based
class priors into the segmentation decoder.

* The proposed framework unifies multispectral imagery with vision—
language foundation models for crop and weed segmentation.
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Experiments

The proposed model was evaluated on the WeedsGalore UAV
multispectral dataset for both 3-class and 6-class crop and weed
segmentation tasks.
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It achieves 85.42% mloU on the 3-class task and approximately
60.0% mloU on the more challenging 6-class task, outperforming
DeeplLabV3+, MaskFormer, and DINOv2-based variants.
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The results show that combining multispectral features with DINOv3
visual priors and CLIP semantic guidance improves robustness,
especially under class imbalance and fine-grained weed species
variation.
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Comparison with state-of-the-art on the test set of "WeedsGalore™ 3-class task.
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Overview of the proposed: Multi-scale attention fusion mechanism (left) & CLIP-guided cross-attention decoder (right).
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Qualitative results on the 3-class "WeedsGalore" segmentation task. Qualitative results on the 6-class "WeedsGalore" segmentation task.
Conclusion

By combining multispectral imagery, DINOv3 representations, and CLIP-guided semantic priors, the proposed model achieves state-of-the-art crop and weed segmentation on WeedsGalore.

The proposed approach supports scalable precision agriculture by enabling more reliable site-specific weed management and reducing unnecessary herbicide use.
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