Active search in agricultural fields
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UAV-based monitoring of fields

" UAVs can be useful to monitor agricultral fields

" To monitor growth and development of the crop, UAVs typically
cover the whole field

" But some weeds/pest/diseases are located in patches in
specific locations







Overview of Rick’s PhD work
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Reinforcement learning to find objects
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Essen, R., Kootstra, G., & van Henten, E. J. (2025). UAV-based path planning for efficient
localization of non-uniformly distributed weeds using prior knowledge: A reinforcement-
learning approach. Computers and Electronics in Agriculture, 237, 110651




Learning to search a field for weed patches
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Reinforcement learning to find objects

Full prior knowledge Incomplete/erroneous prior knowledge
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Essen, R., Kootstra, G., & van Henten, E. J. (2025). UAV-based path planning for efficient
localization of non-uniformly distributed weeds using prior knowledge: A reinforcement-
learning approach. Computers and Electronics in Agriculture, 237, 110651




Results: from simulation to real-world data
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RL-agent on real-world data

van Essen, R., & Kootstra, G. (2025). A drone that learns to efficiently find objects in
agricultural fields: From simulation to the real world. Proceedings of IEEE ICRA Workshop
on Novel Approaches for Precision Agriculture and Forestry with Autonomous Robots.







Rule-based active search




Taking a closer look
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Example of a planned path at different altitudes
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van Essen, R., van Henten, E., Kooistra, L., & Kootstra, G. (2025). Adaptive path planning for efficient object
search by UAVs in agricultural fields. Smart Agricultural Technology, 101075.




Some results
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Some results

" The adaptive path planner
detects more objects

" When number of objects is
limited, path length is
much shorter

" Most effective when
objects are in patches
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Thank you for you
attention

Efficient UAV flight using
adaptive path planning

Essen, R., et al. (2025). UAV-based path planning for
efficient localization of non-uniformly distributed weeds
using prior knowledge: A reinforcement-

learning approach. Computers and Electronics in
Agriculture, 237, 110651

van Essen, R., & Kootstra, G. (2025). A drone that learns
to efficiently find objects in agricultural fields: From
simulation to the real world. Proceedings of IEEE ICRA
Workshop on Novel Approaches for Precision Agriculture
and Forestry with Autonomous Robots.

van Essen, R., et al. (2025). Adaptive path planning for
efficient object search by UAVs in agricultural fields. Smart
Agricultural Technology, 101075.
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