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The WUR AI group

yield forecasting

cross scale interactions (GXExM, space, time)
partial views — domain shifts

actionable

agricultural advise trustworthy

mitigate and adapt to (climate) risks - good
practices

ag model improvement
improve performance - suggest new theory Food security

Climate change
Biodiversity
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“Traditional” data-driven Al
aka machine learning

Data

mpDesign  mmpML mmpPredict mmp Teacher

features mbdatn <mm émm feedback

vz |y wizere
B 318

Design and select the right features is a challenge!

WAGENINGEN

Icons from https://www flaticon.com



Machine learning (pre 2012)

Incorporate knowledge in
designing features mathematically

: Complex
Feature Design

(e.g., NDVI, NDWI, Textures) (Random Forest, Boosting)

Output

Classes C

Design and select the right features was the challenge!

WAGENINGEN




Deep learning — representation learning

Data m=) Deep learning model mmpPredict mmp Teacher
Design features + Prediction - hfeed back

-
=k Xaa
=k Raa

!_earn common filters_ _
i.e. convolutions for vision

WAGENINGEN




Feature learning instead of feature design (2012)

e.g.,

Inout Feature Learning  512-dim Simple Output

npu = Classifier -
[ | L

j = @)

u [7)]
I ol
. 0 Ol
. —

learned feature representation J (Linear/Logistic Regression)

Plus:

- Very big datasets with labels

- Tailored hardware for computation

- Optimized software implementations

WAGENINGEN




Remote sensing for precision agriculture and livestock
farming (2000) o

- Image-based remote sensing
for detecting
vegetation density,
water deficit and
crop stress

Moran M. Susan. Image-Based Remote Sensing for Precision
Crop Management: A Status Report. Space 2000 185-193 (2000)



ML for estimating major crop traits
from satellite-monitored continent-wide field trials

Fig.1: NVTs and large-scale environmental patterns captured by satellite.

From: Explainable machine learning models of major crop traits from satellite-monitored continent-wide field trial data
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Explainable machine learning models of major crop traits from satellite-monitored continent-wide field trial data.
Nature Plants, 7(10), 1354-1363. https://doi.org/10.1038/s41477-021-01001-0
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Machine Vision for Plant Phenotyping (2014)

Raw image

leaf center

plant bounding box

Leaf counting error (lower is better)
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G IE N INGIENN Tsaftaris, S. A. & Scharr, H. Sharing the Right Data Right: A Symbiosis with Machine Learning.

Trends Plant Sci. 24, 99—-102 (2019)

UNIVERSITY & RESEARCH




Reinforcement learning = AT
for crop management (2022) |

Nitrogen application (cumulative)
1990
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) .
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o
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W standard practise

Kallenberg et al. (2023).
WAGENINGEN

Nitrogen management with reinforcement learning and crop growth models.
Environmental Data Science 2, e34.




Hybrid models for improving generalization (2025)

Shared model

Chilling Heating One model Shared model '
Reguirement Requirement per location per Variety per Va”ety
Dormancy Dermancy _ 3 (new years) (New years) (New years and
Initiation Release Flowering 2 new locations)
— =
L=
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0]
E b Evaluate on large dataset of 40 years of data

in Japan, Switzerland and South Korea
Improves generalization both in time and in space

van Breg, et al,
Hybrid Phenology Modeling for Predicting Temperature Effects on Tree Dormancy,
AAAI 2025
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Deep learning — Generative models (2017)

HUGE amounts of data and computation

No teacher feedback - learn the input data!

WAGENINGEN

A Vaswani et al. Attention Is All You Need. NeurlPS (2017).




Deep learning — Generative models

Data =) Deep learning model

Magic wand Magic __ ? Magic wand

WAGENINGEN

Brown, T. B. et al. Language Models are Few-Shot Learners. arXiv, (2020)



Vision Transformer Models (ViT) - 2020

Input “Tokens” Output “Tokens”
l.e., vectors i.e., vectors

: L (convolutional)
\
i patch —

embedding

Vision MLP _[.
Transformer -» classifier S

Model head

3D input Image
[H x W x D] split into
N Patches [P x P x D]

Input tokens Output tokens Class
[P2X Dot [P? X Dmodel ] Probabilities

WAGENINGEN Dosovitskiy et al.(2020)

An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale.




Contrastive learning across modalities (CLIP)

1. Contrastive pre-training 2. Create dataset classifier from label text

pepper the Text
aussie pup Encodar a photo of Text
] ] 1 1 a {object}. Encoder ) N )

— L I,,T, I, T, I,T; I,-Ty
T2 Loilh Il Mol | =i o Ty 3. Use for zero-shot prediction
his Tz T Ty
Image
Encoder Iz I;:T, IzT, I3T; Te-Toy
Image
Encoder I T I;T, I,T; I, Ty
In IyTy IyT, IyTs ITy
a photo of
adog.

CLIP pre-trains an image encoder and a text encoder to predict which images were paired
with which texts in cur dataset. We then use this behavior to turn CLIP into a zero-shot
classifier. We convert all of a dataset's classes into captions such as "a photo of a dog" and
predict the class of the caption CLIP estimates best pairs with a given image.

WAGENINGEN Radford et al.(2021)

UNIVERSITY & RESEARCH

Learning transferable visual models from natural language supervision



https://www.v7labs.com/blog/contrastive-learning-guide
https://www.v7labs.com/blog/contrastive-learning-guide
https://www.v7labs.com/blog/contrastive-learning-guide
https://www.v7labs.com/blog/contrastive-learning-guide
https://www.v7labs.com/blog/contrastive-learning-guide

Multi-modal foundation models for Earth Observation
(Tessera, AlphaEarth, 2025)

Modalities Modality-wise Tokenization Correlation Learning Downstream Applications

::::Z:Z ti: Pixel-level input Multimodal Generation
Sentinel-2 RGB = EN .. [P s212A Sampled target tokens T x
SHENE  Hs2u«c — HNNEEEEN & .
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Sentinel-1 RTC . [s1cro N | | Generate data based on
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W22 O B .
yegetation ‘ 1Ll DDDD D
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Token- B o —
Land-use/ ization : s :
BRdcoes . [Jnovi BEEEEEEER Native support for multi-modal inputs
maps (LULC) . LULC | S T R R
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Jakubik, J., et al (2025).
\U’ZI'E\EESEY':'R'ESEAEC': TerraMind: Large-scale generative multimodality for Earthobservation. ICCV 2025.

http://arxiv.org/abs/2504.11171




What FMs can do?

Compressing geospatal big data Integrating with other founcstion models

» R

Fusing diffecent data modalties

*l” —

WAGENINGEN Klemmer, et al. 2025. “Earth Embeddings: Towards AI-Centric Representations of Our Planet.”

HNIVERSITY & RESEAREH EarthArXiv. December 9, 2025. https://eartharxiv.org/repository/view/11083/.




The beehive of Geo-Al models

Prithvi

(IBM/NASA)

TerraMind
(IBM/ESA)

- single-mult. RS modalities
- EO only+weather + elev+
- space-time resolution

- geolocalization

- pre computed

WAGENINGEN

UNIVERSITY & RESEARCH




Foundation models in agricultural tasks

Ideal CropFM > 1 year

MMEarth
AnySat

Galileo

Presto

ClimaX
Pritvi WxC

Pangu-Weather

GraphCast
Aurora
FourCastNet

WAGENINGEN

UNIVERSITY & RESEARCH

Temporal

Extent Res.
< 1 day
140 weeks 1 week
2 years 1 month
2 years 1 month
1 week 6 hours
36 hours 3 hours
24 hours 1 hour
18 hours 6 hours
18 hours 6 hours
12 hours 6 hours

Spatial RS Meteo
Extent Res. MS VI SAR T P + S
>1 km?2 <10m X X X X X X X
0.4km?2 10m X X X X X
1.6km2 0.2m X X
0.9km?2 10m X X X X X
100m2 10m X X X X X
global 1.14° X X X
global 0.50° X X X X
global 0.25° X X X
global 0.25° X X X
global 0.10° X X X
global 0.25° X X X
Crop Type Yield
Model
F1 Score NRMSE
RFTM 0.559 14.28
RF FM — 26.59
Presto + RF 0.840 31.10
Galileo + RF 0.845 29.32

V. Nedungadi, X. Xiong, A. Potze, R. Van Bree, T. Lin, M. RuBwurm, I. N. Athanasiadis,
From general to specialized: The need for foundational models in agriculture,
ICCV 2025 Workshop on Sustainability with Earth Observation and AI, 2025

Phenology
RMSE (d)
10.19
9.19
9.82
9.41




Foundation models in agricultural tasks

—_ =7
Ry —
7 : Reality:
; | Agricultural Al routinely fails to generalize across
TheAtsticultutal space, time, species and production systems
: Anomaly: General- -
- purpose vision and Nature X PEOple X BlOIOgy

language models
[ severely underperform.

Why? Severe domain Environment ) /Munﬂgemenr \‘ /(;.E"Eﬁcs I
7 shifts, complex

— human-environment Landscape Agricoltural ‘EE b L
- interactions, and Climate Cultivars

T constant spatio- prachices

~ temporal variability. Remote Sensing % Crop calendar Giﬂ Phenctypes é

= ' Weath Genotypes
\(Y \w : samer Iw Historical yields
3 Soil —

b, el N\ AN VAN J

Glebal scale Farm scale Field/Plot scale

WAGENINGEN I. N. Athanasiadis, Foundation models for agricultural sciences - Challenges and opportunities,
UNIVERSITY & RESEARCH r Science, 2026,

ICLR 2026 Workshop on Foundation Models fo
. i 2id =



https://openreview.net/forum?id=2gewa9tg5p

One label per year

Technical challenge 1

Internet-Scale Velocity
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https://openreview.net/forum?id=2gewa9tg5p

Technical challenge 2: Continuous Unavoidable
Domain Shifts

Training Domain Inference Domain Historical data
rarely represent
g future conditions
Historical 5
istorica ! ! Climate change
climates H \ extremes
[} 1
\
Legacy crop Y. Novel
varieties \\ breeding lines
. The Non-Stationary Gap ,’ \
Traditional ) \
farming — ! "« New crop
technology F v protection tech
/ \
) \
/ \
’ \
/ \
/ S
s \\\

WAGENINGEN I. N. Athanasiadis, Foundation models for agricultural sciences - Challenges and opportunities,

ICLR 2026 Workshop on Foundation Models for Science, 2026,
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https://openreview.net/forum?id=2gewa9tg5p

Technical challenge 3: Misaligned and fragmented
corpora

Genetics ~ 2. Environment

T

-

w

f\ w0 &
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%
1 |
o
e 48 ol |
me e

s ,Mlg_h_up,lx]‘;','r, a r"\'h";”
wc 10 0% 200 2900

Data are structurally isolated
with very little or no overlaps

WAGENINGEN I. N. Athanasiadis, Foundation models for agricultural sciences - Challenges and opportunities,

ICLR 2026 Workshop on Foundation Models for Science, 2026,
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https://openreview.net/forum?id=2gewa9tg5p

The architectural pivot

Task-specific deep Opportunities for agricultural
learning models foundation models

Data Require massive, aligned Leverage small multi-modal unpaired
requirements labelled datasets corpora via self-supervised learning
Knowledge Learn observational Regularize with implicit knowledge and
representation correlations fundamental principles
Adaptability Overfits to local effects - AgriFMs act as jumpboards for robust
retraining per location or few-shot learning
task

WAGENINGEN I. N. Athanasiadis, Foundation models for agricultural sciences - Challenges and opportunities,

UNIVERSITY & RESEARCH ICLR 2026 Workshop on Foundation Models for Science, 2026,
. i Rid=
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The prerequisite for progress

Standardized Benchmarking — Honest Evaluations

|

Ag-Al Benchmark Suite

\

!

lll

v

Standardized Data

Rigorous Metrics

Dual Baselines

Established training and Evaluating downstream task Comparing models against
testing splits to eliminate accuracy alongside the state-of-the-art agricultural
case-study bias and ensure intrinsic quality of methods AND general-
total reproducibility. generated agriculture-specific purpose Al frameworks.
embeddings.
) o
AgriScienceFM Benchmarking Suite
=g NV ¥ g
22 ol & far'S

UC1 - Crop & Water
Monitoring from Space

Irrigation water |
needs estimation

WAGENINGEN ¥
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AgriScienceFM

Digital Soil
Mapping

UC2 - Farmer Advice
on Soil Health

UC3 - Phenotyping for
Climate-Resilient Crops

L B %) F

| Crop type
mapping

guidance monitoring

Soil fertility | | Crop health High-throughput
phenotyping

UC4 - Precision Farming for
Management of Pests and Disease

| Livestock Crop pest & |
movement disease detection

I.N. Athanasiadis Foundation models for agricultural sciences - Challenges and opportunities,
ICLR 2026 Workshop on Foundation Models for Science https://openreview.net/forum?id=2gewadtg5p




Proposed architecture

- Decouple the GXExM continuum

Phase 1: Single-focus foundation models and benchmarking
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Proposed architecture

- Decouple the GXExM continuum

Phase 2: Multimodal alignment and agentic reasoning for multi-focus benchmarking

r | é Synthetic Data & QWRGENINGEN wa
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Foundation
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$ % Z.
Other data

Models for Agricultural Sciences

AgriScienceFM Benchmarking Suite
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Challenges and opportunities

- How “foundational” are foundation models — how general should they be?
- How to interpret FM embeddings?
- How to effectively learn them
- What are the risks of transitioning to foundation models in ag?
- Do we need domain-specific FMs in agriculture?
- Do we have enough data for them?
- How to measure progress in agricultural AI?

- Are Silicon Valey business models suitable for agricultural AI?

WAGENINGEN




Al for Earth Transparency with Human Explainable

Reasoning

Earth observation data

‘<land cover> in <region name> with <av. rainfall>
at <elevation> with <list of indicator species>

present at <distance> from nearest road.’

Text caption (created rule-based

from geospatial data)

WAGENINGEN

UNIVERSITY & RESEARCH

EO efficient
concept
model

text encoder

Concept space

(s= 5

EO embedding

contrastive
learning

text embedding

@_—_I

Concepts\

Vegetation
density

Woody
encroachment

Soil wetness

Habitat
fragmentation

Species

0 Augmented
Generation

diversity )

vima  @oesa

Numerical prediction

Retrieval

f

Expert knowledge
documents

Text explanation

AETHER.wur.nl



Proteus

Trustworthy AI and Causal Inference
for Earth Observation
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PHENOM

Phenotyping with Foundation Models - From Drones to Genes

Starts Oct 2026
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