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Deep Learning-Based Multi-Task Approach for Agricultural Field Extraction
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Visual Comparative Assessment Conclusion & Perspectives

•Accurate agricultural field delineation is essential for crop monitoring, yield forecasting, and

CAP subsidy management

• Traditional methods often struggle to generalize across diverse, large-scale agricultural regions

• Multi-task learning enhances model generalization by sharing information across related tasks

• Sentinel-2 Level-3A offers consistent, open-access, cloud-free imagery ideal for operational use

• This work addresses the need for early-season, large-scale agricultural field extraction

• We proposed an efficient, scalable framework for early-season

agricultural field delineation using single-date Sentinel-2

Level-3A imagery and a multi-task ResUNet-a d7 model

• The model achieved robust results across diverse regions and

years (avg. F1: 91.7%), with no need for Satellite Image Time

Series (SITS) or Very High-Resolution (VHR)

• Model generalizes well across years and regions without

retraining.

• Future work will explore Sentinel-2 super-resolution and

multi-date prediction fusion to refine delineation in complex

and fragmented landscapes

Data Partition Total Patches

Training 93198

Validation 18252

Test 12128

Generalization 8644

Total 132222

Table 1 - Dataset Partition Sentinel-2 image and labels

ResUNet-a d7

Instance-level via 

post-processing

Multi-Task Learning 

The ResUNet-a d7 architecture is a deep encoder-decoder 

convolutional network designed for multi-task 

segmentation.

The decoder terminates in a multi-task block, 

which generates four outputs: 

(1) HSV image reconstruction

(2) Distance map

(3) Boundary mask

(4) Extent mask

We designed a multi-step post-processing workflow 

based on Gaussian Mixture Models (GMM) 

(1)Train GMM on predicted patches (Extent, Boundary)

(2)Compute optimal threshold as weighted average of GMM 

means (components)

Weighted Average (optimal threshold) =෍
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(3) Apply thresholds to extent and boundary predictions

(4) Generate binary masks & apply morphological thinning to 

boundary mask

(5) Subtract boundary from extent to separate adjacent fields

(6) Vectorize final mask & Smooth field boundaries using 

Chaikin’s algorithm & Assign unique IDs for instance 

segmentation

Post-processing For Field Refinement

Training & Validation sites

• The study includes 14 representative 

sites across France. Each site 

corresponds to a Sentinel-2 tile or a 

subset, covering diverse geographic, 

environmental, and agricultural 

conditions. 

• Year : 2021 and 2022

• Each site is divided into three subsets : 

Train = 75%

Valid= 15%

Test= 10%

Spatio-temporal generalization sites

6 additional sites were selected to evaluate 

the model’s generalization across space and 

time, covering data from 2023.

Year Weighted F1 OA MCC IoU

2021 91.6 91.7 80.2 83.9

2022 91.8 91.8 80.7 84.3

Table 2 - Year-based evaluation of ResUNet-a d7 model on 2021 and 

2022 datasets

Site-specific performance of the ResUNet-a d7 model on test datasets

Model Performance 

Highlights

• High accuracy :

Weighted F1 scores of 91.6% (2021) 

and 91.8% (2022) demonstrate strong 

year-to-year consistency.

• Stable class-wise accuracy:

F1 scores for “field” and “non-

field” remained stable around 

91.0% and ~89.3%.

• Consistent across regions:

Despite geographic variability, 

the model maintained strong and  

balanced performance, with 

weighted F1 scores ranging from 

84.8% to 96%

• Spatio-temporal generalization:

High accuracy on 2023 dataset (F1 ≥ 

90%) without retraining confirms the 

model’s early-season and cross-

region applicability.

• Segmentation challenges:

The model can merge adjacent fields 

or underestimate their separation, 

especially in complex landscapes, 

despite correctly excluding non-field 

areas like forests.

Visual assessment of model performance at site T31UEP (area ~2.5 

km × 2.5 km), 2022: Green circles indicate correctly detected field 

boundaries, while red circles highlight missed or ambiguous 

separations between fields
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