
Fields of The World: A Machine Learning Benchmark Dataset 
For Global Agricultural Field Boundary Segmentation

Motivation

Hannah Kerner1,  Snehal Chaudhari1, Aninda Ghosh1, Caleb Robinson2, Adeel Ahmad3,4, Eddie Choi4, Nathan Jacobs4 
Chris Holmes5, Matthias Mohr5, Rahul Dodhia2, Juan M. Lavista Ferres2, Jennifer Marcus5

1 Arizona State University, 2 Microsoft AI for Good Research Lab, 3 Taylor Geospatial Institute, 4 Washington University in St. Louis, 5 Taylor Geospatial Engine

Benchmark and Transfer Learning Results Tools & CLI

Fields of The World (FTW) Benchmark Dataset
● Urgent need for crop field 

boundary datasets in agricultural 
monitoring, sustainable 
agriculture, and development 
applications

● Digitized field boundaries do not 
exist for most of the world

● Goal: automatic field delineation 
in global satellite imagery

● Challenge: Field morphologies, 
agricultural practices, and climate 
patterns vary greatly worldwide, 
making semantic reasoning hard 

Acknowledgements: This project was supported by funding from the Taylor Geospatial Engine and a NASA Supplemental Open Source Software Award.
References: [1]  Garnot, V.S.F. & Landrieu, L. (2021). Panoptic Segmentation of Satellite Image Time Series with Convolutional Temporal Attention Networks. ICCV.  [2]  d’Andrimont, R. et al. (2023). AI4Boundaries: an open AI-ready dataset to map field 
boundaries with Sentinel-2 and aerial photography. Earth System Science Data, 15(1).  [3]  Persello, C. et al. (2023). AI4SmallFarms: A Data Set for Crop Field Delineation in Southeast Asian Smallholder Farms. IEEE Geoscience and Remote Sensing Letters.

Existing 
benchmark 
datasets 
[1-3] do not 
capture this 
global 
variability 

Credit: NASA/GSFC/METI/ERSDAC/JAROS and the U.S./Japan ASTER Science Team

Credit: Kern County, CA GIS

Label masks: Semantic (2- and 3-class) 
and instance segmentation masks created 

from ground-truth field polygons

Input data: RBG-NIR 
Sentinel-2 satellite images 
from two time windows, 
drawn from approximate 
planting & harvesting times Credit: USDA Crop Calendars

Highly diverse field morphologies

Field orientation histograms for selected countries

Field area histogram for selected countries fieldsofthe.world

>70,000 samples drawn from 24 countries on 4 continents
(an order of magnitude larger than next-largest benchmark, AI4Boundaries)

Benchmark results
We recommend evaluating 
on per-country test sets 
with individual or 
aggregated (mean or 
minimum) results. 

⬅ Performance for U-net 
with EfficientNet-b3 
backbone with 3-class 
masks, ignoring 
background pixels for 
presence-only samples. 

⬆ Models fine-tuned and tested on the target 
region. Each cell reports no fine-tuning / after 

fine-tuning using target training set.
Note: We only report recall metrics for presence-only countries.

Transfer learning results 

Strong performance 
on challenging 

regions (e.g., Ethiopia) 
with no 

labels/fine-tuning. ➡

● Available via direct download, TorchGeo Dataset, 
and Source Cooperative

● Pre-trained model weights on Github and 
Hugging Face (CC-BY and -NC versions)

● Github repo provides command-line interface 
(CLI) with tools for:
○ Downloading dataset
○ Downloading new Sentinel-2 data and 

performing model inference on new data
○ Post-processing (e.g., polygonizing/vectorizing)

https://github.com/fieldsoftheworld/ftw-baselines


