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National-Scale Crop Field Delineation in 

Sub-Saharan Africa using SPOT 6/7 Data 

and Transfer Learning
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UAV orthomosaic with manually delineated 
field boundaries in Northern Mozambique.

Problem statement
 
• Field delineations are Essential Agricultural 

Variables in light of SDGs[1].

• Field size links to actors, socio-economic contexts, 
and environmental impacts of agriculture[2]. 

• Field delineations and field size data are lacking in 
smallholder contexts[3].

• Deep learning for computer vision boosted state-of-
the-art performance in field delineation[4].

• Bottlenecks in reference and image data availability 
remain a challenge in smallholder contexts[3]. 
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Objectives

• Create national-scale field inventory for Mozambique 
using 1.5 m resolution SPOT 6/7 data and transfer 
learning.

• Perform quantitative evaluation of thematic accuracy, 
spatial agreement, and field size estimates. 

• Characterize the spatial distribution of field size across 
Mozambique.

• Explore the relationship between field size and net 
forest cover change pointing to actors contributing to 
deforestation. 
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Quantitative Evaluation

• High spatial agreement given complexity 
of the context (median IoU: 0.81).

• Field size estimates have low overall bias 
towards overestimation (0.037 ha).

• Remaining challenges in active cropland 
identification (UA/PA ~65%).

*IoU=

Field Size

• Mean field size across 21 million fields is 
0.32 ha, 50% of fields are smaller than 
0.16 ha, 94% smaller than 1 ha.

• Large fields (>2.5 ha) occupy ~10% of 
national cropland area.

• Combining SPOT 6/7 data with transfer learning enables national-level field delineation.

• Field size can be mapped with low bias, active cropland identification remains a challenge.

• Fields in Mozambique are very small (mean 0.32 ha, median 0.16 ha), but local variation is high.

• Forest cover loss increases with field size and further investigation on actors is suggested.

• Tackling field size data bottleneck helps to improve understanding of smallholder farming.

Field Size & Forest Cover Change

• Net forest cover loss[7] dominates across 
agricultural regions of Mozambique.

• Higher forest loss rates coincide with 
larger field sizes.

• Field size estimates permit 
nuanced perspective on 
deforestation processes.
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Field Size Estimates
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Results of quantitative evaluation based on reference fields.
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Top: Proportion of fields and 
cropland area across size 
categories. Right: Mean field size at 
0.05° with zoom ins illustrating 
heterogeneous regions.

Relationship between cropland 
fraction, field size, and net forest 
cover change at 0.05°.
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