
Abstract

We propose a novel semi-supervised learning approach for crop type
classification that incorporates auxiliary crop trait regression to address the
scarcity of labelled remote sensing data

Our method outperforms fully supervised approaches by
leveraging both labelled and unlabelled data through

biophysical variable prediction

Key Innovation: Integration of PROSAIL radiative transfer model with
Bayesian inversion estimates coupled in time to generate crop trait time
series labels for auxiliary learning
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Loss Function:

Two Experimental Settings:
Spatial Task: Hard parameter sharing in Pixel Set Encoder, traits not
temporally coupled

Temporal Task: Hard parameter sharing in Temporal Attention Encoder,
traits temporally coupled

Problem & Motivation

Challenges in Crop Classification:
Label Scarcity: Ground truth annotations are
expensive and time-consuming

Poor Generalisation: Models overfit to
training regions

Limited Scalability: Difficulty extending to
new regions and time periods

Our Approach:

Semi-supervised Multi-task Learning
Primary Task: Crop Type Classification
Auxiliary Task: Crop Trait Regression (LAI,
Chlorophyll a/b content, Dry matter
content, Water Content, Brown pigment
content)

Hypothesis: Incorporating crop trait regression
as an auxiliary task enhances the model's ability
to learn meaningful crop-specific representations

Methodology

1. PROSAIL Radiative Transfer Model
Simulates light-vegetation interaction to predict
spectral reflectance from biophysical parameters

2. Bayesian Inversion

Estimates crop traits (LAI, Cab, Cm, Cw,
Cbrown) with uncertainty quantification using
MCMC

3. State-Space Time Series Model
Couples crop traits temporally using random
walk model for smooth trait evolution

4. PSETAE Architecture
Pixel Set Encoder (PSE) for spatial processing

Temporal Attention Encoder (TAE) for temporal
dynamics

Hard parameter sharing for multi-task learning

EngScotCrop

New Benchmark Dataset
Multi-year, annotated multispectral and
SAR data accessible through 

Crop Type Classification Dataset:
Scotland: 400,000+ samples sourced from
LPIS

England: 13,675 samples, sourced from RPA

Crop Types: 59 classes hierarchically
arranged into a higher tier of 8 groups

Sensors: Sentinel-2 multispectral + Sentinel-1
SAR

Coverage: England in 2020 and Scotland in
2019

Geographical Validation:
Samples separated into NUTS-based
geographical folds for spatial generalisation
evaluation

Results

84.2%
Overall Accuracy
(Temporal Task)

Outperforms Fully
Supervised model up to

10,000
samples/class

+0.4%
Improvement over
Fully Supervised

3.5%
Avg. Generalisation

Gap Reduction

Semi-supervised approach achieved greater
performance, especially in data-deprived
regimes

Temporal task model consistently
outperformed fully supervised baseline at
spatial generalisation (lower mean

 with less variance)

In an era of massive self-supervised pre-
trained models, domain-specific approaches
still have merit

🎯 Superior Performance
Semi-supervised approach outperforms fully
supervised methods, especially with limited

labelled data (<5000 samples/class)

🌍 Better Generalisation
Temporal task model shows smallest

generalisation gap across different geographic
regions

⏱️ Temporal Dynamics Matter
Temporally coupled crop traits provide more

effective auxiliary supervision than spatial-only
approaches

📊 New Benchmark Dataset
EngScotCrop dataset provides a valuable

resource for future crop classification research
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