Automated blueberry fruit trait phenotyping from field images by integrating a
foundation segmentation model
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* Three Ilmaglng views: top, left and right view Fig.2: Overview of proposed automated fruit phenotyping pipeline
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Dataset preparation: machine-assistant labeling with pretrained maturity the compactness of each cluster B 3
classifier and visual foundation model Segment Anything model (SAM) for breeder analysis. E—T—

Compactness jyster =

Area of cluster

Model training: customized Al models to enhance blueberry cluster detection Fig.5: Cluster compactness calculation

and fruit segmentation (baseline: YOLOv8)
» P2 feature: lower feature map for enhancing small object perception Reference & ACkﬂOWlEdgemEnt
« C2f-faster: lightweight and faster feature extractor
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