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ABSTRACT

Accurate nodule detection supports mungbean root phenotyping.

We developed a patch-based workflow and compared different
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Recall

4. Detection Challenge

2. Detection Workflow

1 Root image 2 Image tiling 3 Detection 4 Reconstruction

Train set (n = 226)

New-camera photograph 500 x 500-pixel patches YOLOX-P2 or Co-DETR Whole-image coordinates
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5. Conclusion and Future Work

Conclusion: Co-DETR outperformed YOLOX-P2 across the reported
performance metrics, showing promise for automated mungbean
nodule detection. However, old nodules were underrepresented in
the training data and were detected less reliably, highlighting the
effect of class imbalance on model performance.

Future work: Increase the number and diversity of old-nodule
examples through additional annotation and targeted data
augmentation. Evaluate both models on a broader range of root
Images and imaging conditions, then refine the detection workflow.
Once detection is reliable across nodule types, extend the pipeline to
quantify nodule number, size distribution and spectral characteristics
for larger-scale root phenotyping.
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Montages show nodule-level predictions; stitched views show full-
iImage results. Blue: predictions; orange: ground truth.
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