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MOTIVATION OUR APPROACH: RESULTS
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GPS navigation is not reliable.
LiDAR is costly, captures only geometric and not
semantic information.
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heading and distance ratio labels GENERALIZATION TO SOYBEAN

* We note strong transfer of
the model trained on Corn
to Soybean even without
retraining
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Project website with data and videos:

View from on-board camera of the robot https://ansivakumar.github.io/learned-visual-navigation/

Additional Soy Training Data Size (# images, log scale)
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