Evaluating UAS Imaging Technologies for Precision Agriculture: Yield Prediction and
Disease Assessment in Table Beets
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underestimation in dense, low-stature
beet canopies.
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Conclusion

Multispectral imagery performed well for both yield and disease
estimation. Hyperspectral slightly improved yield prediction, but struggled

Overlapped multispectral
imagery enables point
cloud generation from
structure-from-motion
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