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1. The Challenge
2. Our idea

3. How it works

4. How it scales

5. Next steps
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Crop type labels with
Earth observation data
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Crop type label

Traditional data collection
is a lot of work



1. The Challenge
2. Our idea

3. How it works

4. How it scales

5. Next steps



Crop type label

Rapid data collection
Helmets labeling crops
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Helmets labeling crops

> L

Crop type label

2) Crop type object 3)
detection Distance
offset

algorithm

10



1. The Challenge
2. Our idea

3. How it works

4. How it scales

5. Next steps

11



1) GoPro photos
with coordinate

2) Crop type object
detection

3)
Distance
offset
algorithm

Crop type label

12



1) GoPro photos with coordinate

Easy setup Helmet mount

Car mount
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1) Partners leading data collection

Makerere University Sokoine University of
Collection in Uganda Agriculture
Collection in Tanzania
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2) Crop type object detection (inference)

Trained crop type
detection model

Input GoPro photo Output crop type
bounding boxes

predictions
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2) Crop type object detection (model training)

Pretrained YOLO v5 Trained crop type

object detection detection model
model architecture

Manually labeled
bounding boxes
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Partners helping with labeling images

International Institute for
Applied Systems Analysis
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3) Distance offset algorithm

= (lfoca,l * hc'rop * himage)
(hbbox * hsensor)

|_focal: focal length of camera

h_crop: height of crop based on lookup table
h_image: image height in pixels

h_bbox: detected bounding box height in pixels
h_sensor: sensor height obtained from GoPro website
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1) GoPro photos
with coordinate

How can we generate 1000s of labels?
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Generating 1000s of labels with a cloud architecture
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Next Steps

Pilot data collection
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Next Steps

Extensive quality assessment/control

. Evaluate multiple distance offset algorithms

. Using generated labels in NASA Harvest's [eEacRikX
eXiSting Workflows pip install cropharvest Il

. Releasing datasets for public use £&Radiant MLHub

EARTH IMAGERY FOR IMPACT
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Contribution

A novel rapid data collection method
for in-situ crop type labels
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