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Impuls AgriTech Call 2025

Tutorial subvencionat pel Departament d'Empresa (Programa Primer)
i amb el cofinançament del Fons Social Europeu Plus

Motivation: Why Digital Twins for Agriculture?
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What is a Digital Twin?
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Digital Twins in Agriculture

Plantation with green crops growing in agricultural farm [pexels.com]
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Case Study: AI4WATER Project Digital Twin (i)
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Case Study: AI4WATER Project Digital Twin (ii)
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Tutorial Outline
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Plants need water to develop, and only a portion of the total 
biomass is converted into crops 
 You can't produce "more with less"

Traditional Management of Irrigation Water (i)

8/10/2025/ © A. Camps, UPC 2025

Adapted from “Experiencia en la Mejora de la Eficiencia en el Uso del Agua en Agricultura de Regadío: 
Tecnología, Información e Implicación de los usuarios”, Vicente Bodas, Albacete, 29/2-1/3, 2024
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• FAO56 model supported by Remote Sensing

ET = Transpiration + Evaporation

ET = Ks · Kcb · ETo + Ke ·ETo

Satellite:
Temporal Evolution

Agroclimatology
SiAR network[1] / RuralCat[2]

Water balance 
in the root zone

Water balance 
in the surface
(evaporation)

Adapted from “Evapotranspiración y balance de agua en suelo en cultivos leñosos”, Juan Manuel Sánchez & Jaime Campoy , Albacete, 29/2-1/3, 2024

Readily Available Water (RAW) Total Available Water (TAW)

ETo

Tarazona de La Mancha 
(Albacete) https://www.fao.org/3/x0490E/x0490e0c.htm#t

ranspiration%20component%20(kcb%20eto)

Kcb

[1] https://servicio.mapa.gob.es/websiar/NecesidadesHidricas.aspx
[2] https://ruralcat.gencat.cat/web/guest/agrometeo.estacions

Ks

Traditional Management of Irrigation Water (ii)
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𝐶𝑊𝑆𝐼 = 1 −
𝐸𝑇

𝐸𝑇௖

0 < CWSI < 1

Hydric stress 
coefficient real ET

potential ET 

CWSI=0 CWSI=1 Difference between actual ET and potential ET is a
measure of the degree of water stress of the plant.

Traditional Management of Irrigation Water (iii)

 AquaCrop - The FAO Crop Water Productivity Model [https://www.fao.org/aquacrop]

8/10/2025/ © A. Camps, UPC 2025
Adapted from “Evapotranspiración y balance de agua en suelo en cultivos leñosos”, Juan Manuel Sánchez & Jaime Campoy , Albacete, 29/2-1/3, 2024
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The Role of Remote Sensing (i)
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The Role of Remote Sensing (ii)

NDVI crop mapping. Credits: poco_bw [istockphoto.com]
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Active:

Passive:

Microwaves Optical

RADAR LIDAR

Microwave Radiometers Optical Radiometers

[http://web.physik.uni-rostock.de/
cluster/students/fp3/lidar_en.html]

[http://www.srh.noaa.gov/srh/sod/radar/
radinfo/radinfo.html]]

[http://lcogt.net/spacebook/black-body-radiation]

[http://dusty.physics.uiowa.edu/~goree/
teaching/thermal.html]

[http://www.smos-
bec.icm.csic.es/south_america_seen_by_smos]

GNSS-R GNSS-RO 

Using Signals of Opportunity

Types of Remote Sensors

8/10/2025/ © A. Camps, UPC 2025 13/93

Key satellites for Agricultural Monitoring

8/10/2025/ © A. Camps, UPC 2025 14/93
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Synthetic Aperture Radar - SAR (i): Sentinel-1

Acquisition number: |Shh+Svv|, |Shv+Svh|, |Shh-Svv|

dB=δp 3-Entropy (H)

1 2 3 4 5 6 7 8

Acquisition number:

dB=δp 3-Alpha

Anisotropy (A)
1 2 3 4 5 6 7 8

• SAR Polarimetry (PolSAR) 
• Multi-temporal data: 

 object & change detection
VV VH

HH HV

[https://hyp3-docs.asf.alaska.edu/hyp3-docs/guides/introduction_to_sar/]

Rough surface

Volume

Double bounceV-pol

H-pol

8/10/2025/ © A. Camps, UPC 2025 15/93

SAR Polarimetry (PolSAR) & Multi-temporal data for crop monitoring

Entropy FQ9 ASC FQ9 ASC

1 2 3 4 5 6

1

2
3

4
5

6 1

2
3

4
5

6

Synthetic Aperture Radar - SAR (ii): Sentinel-1

8/10/2025/ © A. Camps, UPC 2025 16/93
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[https://land.copernicus.eu/global/products/]

Sentinel-1

ASCAT

Daily 1 km Soil Moisture Index (SSM)

• It is not Soil Moisture, it is an “index” from [0, 1]
• Measures reflectivity changes
• SAR is affected by speckle noise  average from 10 m to 1000 m

6 combined passes: 14-19/6/2023Single pass: 19/6/2023

Synthetic Aperture Radar - SAR (iii): Sentinel-1

8/10/2025/ © A. Camps, UPC 2025 17/93

NDVI (Normalized Difference Vegetation Index):
• It does not measure the soil moisture
• It does measure the plant “health”
• It is sensitive to the outer layer
• Many applications for laptop and cell phone

𝑁𝐷𝑉𝐼 =  
𝜌ேூோ − 𝜌ோ௘ௗ

𝜌ேூோ + 𝜌ோ௘ௗ

[https://physicsopenlab.org/wp-content/uploads/2017/01/veg.gif]
[https://bikeshbade.com.np/media/uploads/2020/05/07/
ndvichart_eD4HXBw.png]

[credits ESA]

Sentinel-3 OLCI (300 m)

Sentinel-2 MSI (20 m)

18

Optical Sensors: Sentinel-2 and Sentinel-3

Sentinel-2

8/10/2025/ © A. Camps, UPC 2025 18/93
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Vegetation water content (VWC) diurnal cycle

• Reflectometry using satellite navigation signals 
(GNSS-R) allows to estimate Surface Soil 
Moisture and vegetation opacity (linked to 
vegetation water content).

• Average difference between afternoon –
morning VWC computed in 2 h Windows 
centered at 5 h and 17 h, from 12/2000 to 
6/2021 (wet season) and 7/2021-11/2021 (dry 
season), at 36 km resolution.

GNSS-Reflectometry: NASA CyGNSS (present), and ESA HydroGNSS & Atlantic Constellation (future)

Vegetation water content (VWC) seasonal cycle

8/10/2025/ © A. Camps, UPC 2025 19/93

[doi:10.3390/rs12152352]

• Transmissometry using navigation signals (GNSS-T) allows to estimate the opacity of vegetation, which is linked to 
water content, locally and continuously over time

GNSS-Transmissometry (in situ)

8/10/2025/ © A. Camps, UPC 2025 20/93
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Soil Moisture Missions: SMOS & SMAP (i)
ESA SMOS NASA SMAP

8/10/2025/ © A. Camps, UPC 2025 21/93

Soil Moisture Missions: SMOS & SMAP (ii)

Combined Product SMOS+Sentinel-2  or 
MODIS at 1 km, daily, European coverage

Credits: Miriam Pablos (UPC)  & Gerard Portal (UPC)

Sea salinity

Sea ice cover (< 60 cm)

Soil Moisture

Fire risk index

http://cp34-bec.cmima.csic.es/

• L-band Microwave Radiometers: Very sensitive to surface soil moisture and vegetation water content

ML
S-2 (12 bands...) 
Aux data: DEM, 

slopes, ERA5 Land...)

SMOS Soil Moisture
native resolution 50 km (L2)

SMOS Soil Moisture
60 m resolution 60 m (L4)

8/10/2025/ © A. Camps, UPC 2025 22/93
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Copernicus ERA-5 Land Reanalysis

8/10/2025/ © A. Camps, UPC 2025 23/93

Accessing Data via Sentinel Hub

[https://browser.dataspace.copernicus.eu/]

8/10/2025/ © A. Camps, UPC 2025 24/93
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Vegetation Indices for Irrigation Insight

8/10/2025/ © A. Camps, UPC 2025 25/93

Sample NDVI Time Series

NDVI Time Series & Crop Calendar Alignment

8/10/2025/ © A. Camps, UPC 2025 26/93
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NDVI Time Series & Crop Calendar Alignment

Estimated net irrigation ratio vs average 
NDVI July-August Multiannual Woody 
Average 2018-2020

Woody crop Consumption
(m3/ha)

Olive trees and pistachio (support irrigation) 1500

Almond tree (support irrigation) 1800

Nuts, olive groves and others (0.35  NDVI < 0.45) 3000

Nuts, olive groves and other intensive irrigation (0.4   NDVI < 0.55) 4000

Nuts, olive groves and other super-intensive irrigation (NDVI  0.55) 5000

8/10/2025/ © A. Camps, UPC 2025 27/93

Other Vegetation Indices (i)

8/10/2025/ © A. Camps, UPC 2025 28/93
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Other Vegetation Indices (ii)

8/10/2025/ © A. Camps, UPC 2025 29/93

Other Vegetation Indices (iii)

8/10/2025/ © A. Camps, UPC 2025 30/93
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Remote Sensing: Data Quality Issues 

8/10/2025/ © A. Camps, UPC 2025 31/93

Evolution of RFI @ L-band over time

Fusion with Ground Data

8/10/2025/ © A. Camps, UPC 2025 32/93
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Case Study: Soil Moisture Maps vs. Probe readings

8/10/2025/ © A. Camps, UPC 2025 33/93

Open Tools for Remote Sensing Data & Digital Twins

[https://browser.dataspace.copernicus.eu/]

[https://earthengine.google.com/]

[https://bec.icm.csic.es/]

8/10/2025/ © A. Camps, UPC 2025 34/93
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Summary: Remote Sensing in Digital Twins for Agriculture

[Picture from Unsplash]

8/10/2025/ © A. Camps, UPC 2025 35/93

The Role of Meteorological Data (i)

8/10/2025/ © A. Camps, UPC 2025 36/93
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The Role of Meteorological Data (ii)

[Picture from Unsplash]

8/10/2025/ © A. Camps, UPC 2025 37/93

Meteorological Data Sources

ECMWF, NOAA, national and regional meteorological agencies  May require specific APIs for each

8/10/2025/ © A. Camps, UPC 2025 38/93
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Key Meteorological Variables

8/10/2025/ © A. Camps, UPC 2025 39/93

Example API Call for Automated 
Weather Data Retrieval: 

1. Client sends a POST request with JSON 
data to create a new user 

2. API Gateway validates the request with 
the authentication service 

3. Authentication Service confirms the 
token is valid 

4. Business Logic Service processes the 
validated request 

5. Database stores the data and returns 
confirmation 

6. The response flows back through the 
same path with status information

8/10/2025/ © A. Camps, UPC 2025 40/93
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Integration with EO

8/10/2025/ © A. Camps, UPC 2025 41/93

Uncertainty Issues

[Picture from Unsplash]

8/10/2025/ © A. Camps, UPC 2025 42/93
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Summary: Meteorological Data in Digital Twins for Agriculture

[Picture from Unsplash]
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The Role of Ground Observations (i)

8/10/2025/ © A. Camps, UPC 2025 44/93
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The Role of Ground Observations (ii)

45

Bell-lloc d’Urgell

La Fuliola

AI4WATER in situ sensors:
• Blue: meteorological stations
• Red: soil moisture/temperature/electric conductivity probes
• Yellow: probes not operational any more

Secà
al 2023 Irrigat

al 2023

8/10/2025/ © A. Camps, UPC 2025 45/93

Types of Ground Data

8/10/2025/ © A. Camps, UPC 2025 46/93
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Soil Probes (Sentek/Irrimax)

20 x IRRIMAX probes: SM, 
T, EC every 10 cm from 5 to 115 cm

8/10/2025/ © A. Camps, UPC 2025 47/93

ATMOS-41 Station

2 x ZENTRA ATMOS 41 
meteorological stations: rays, 
ETo, atmospheric pressure, 
vapor pressure, precipitation, 
solar radiation, air 
temperature…

8/10/2025/ © A. Camps, UPC 2025 48/93
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Example measurements
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Example of moisture profiles (rainfed field 2023, La Fuliola)
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Example of moisture profiles from a probe (irrigated field, Bell-lloc d’Urgell)

8/10/2025/ © A. Camps, UPC 2025 51/93

Precipitation [mm]

Vapor Pressure Deficit [kPa]

Air Temperature [C]

Solar Radiation [W/m2]

Example of meteorological
station data – ATMOS 41

8/10/2025/ © A. Camps, UPC 2025 52/93
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Data Integration

[Picture from Unsplash]
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Challenges

8/10/2025/ © A. Camps, UPC 2025 54/93

… a ~2400 € probe smashed by a tractor (top) or animal (bottom)
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Summary: Ground Observations in Digital Twins for Agriculture

[Picture from Unsplash]
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Data Pipeline (i)
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Data Pipeline (ii)

8/10/2025/ © A. Camps, UPC 2025 57/93

FAIR Principles in Meteorological Data

8/10/2025/ © A. Camps, UPC 2025 58/93
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Data Platforms
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Data Fusion Challenges

[Picture from Unsplash]
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AI4WATER Server Architecture

8/10/2025/ © A. Camps, UPC 2025 61/93

Metadata Standards

8/10/2025/ © A. Camps, UPC 2025 62/93
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Summary: Data Pipeline

[Picture from Unsplash]
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Virtual Layer - the “core” of the Digital Twin (i)

8/10/2025/ © A. Camps, UPC 2025 64/93
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Virtual Layer - the “core” of the Digital Twin (ii): Why Machine Learning ?
• Capture Non-Linear Interactions in Agro-Environmental Systems
• No need to “implement” FAO56 models... ML “learns” them from the data

8/10/2025/ © A. Camps, UPC 2025 65/93

Time Series Forecasting Methods

8/10/2025/ © A. Camps, UPC 2025 66/93
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Why LSTM ? 

8/10/2025/ © A. Camps, UPC 2025 67/93

LSTM Architecture [1]

Ct-1 Ct

ht-1 htit ot

ft

[1] Hochreiter, S. and Schmidhuber, J. , Long Short-Term Memory. Neural Computation, 9(8), 1735-1780,1997.

8/10/2025/ © A. Camps, UPC 2025 68/93
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Training Setup

8/10/2025/ © A. Camps, UPC 2025 69/93

Training Curves Preventing Overfitting

8/10/2025/ © A. Camps, UPC 2025 70/93
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Validation Metrics

8/10/2025/ © A. Camps, UPC 2025 71/93

Layers Input variables Learning 
rate

Batch 
size

epochs lookback Forecast 
length

Number 
of layers

dropout hidden 
size

Train/test 
split

0 – 10 cm @ 60m '0_10cm soil moisture’, 'temperature_2m’, 
'relative_humidity_2m’, 'precipitation’,

‘cloud_cover’,
‘et0_fao_evapotranspiration’, 

'wind_speed_10m’,
‘wind_gusts_10m’, 

'vapor_pressure_deficit'

0.0001 128 100 
(early stop at 58)

7 14 1 0.1 64 81%/19%

10 – 40 cm @ 60m '0_10cm soil moisture’, 
'soil_moisture_10_to_40cm’,

'temperature_2m’, 
'relative_humidity_2m’, 'precipitation’,

0.0001 128 100 
(early stop at 20)

1 14 1 0.1 64 81%/19%

40 – 100 cm @ 60m '0_10cm soil moisture’, 
'soil_moisture_10_to_40cm’,

'soil_moisture_40_to_100cm’,
'relative_humidity_2m’, 'precipitation’ 

0.0001 128 100 
(early stop at 28)

7 14 1 0.1 64 81%/19%

Training and validation @ 60 m spatial resolution (i)
Parameter settings

8/10/2025/ © A. Camps, UPC 2025 72/93

•Learning Rate: The step size that controls how much the model’s weights are updated during each optimization step.
•Batch Size: The number of samples processed together before the model’s weights are updated.
•Epochs: The number of times the entire training dataset passes through the model during training.
•Lookback: The number of past time steps used as input to predict the next value in a time series.
•Forecast Length: The number of future time steps the model predicts.

•Number of Layers: The number of stacked LSTM layers in the neural network.
•Dropout: A regularization technique that randomly deactivates a fraction of neurons during training to 
prevent overfitting.
•Hidden Size: The number of neurons in each LSTM layer, representing the dimensionality of the hidden state.
•Train/Test Split: The proportion of the dataset allocated to training versus validation or testing.
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Training performance

0-10 cm @ 60 m 10-40 cm @60 m
40-100 cm @ 60 m

Layers MSE RMSE MAE

0 -10 cm @ 60 m 0.0009 0.0296 0.0233

10 - 40 cm @ 60 m 0.0012 0.0356 0.0296

40 – 100 cm @ 60m 0.0018 0.0430 0.0357

Evaluation metrics

Training and validation @ 60 m spatial resolution (ii)

8/10/2025/ © A. Camps, UPC 2025 73/93

Multi-layer Predictions

8/10/2025/ © A. Camps, UPC 2025 74/93
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Dataset Resolution

8/10/2025/ © A. Camps, UPC 2025 75/93

Interpretability

importance

Sample SHAP values of NN 
to downscale SMOS soil moisture maps (0-10 cm)

push prediction higher push prediction lowerno impact

--
im

po
rt

an
ce

 +
+

Each dot represents one sample or 
observation in the dataset
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Example Predictions

8/10/2025/ © A. Camps, UPC 2025 77/93

Soil moisture profiles forecast 
up to 14 days from present

Scalability

8/10/2025/ © A. Camps, UPC 2025 78/93
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Training and validation @ 1 km spatial resolution (i)

Parameter settings

Layers Input variables Learning 
rate

Batch 
size

epochs lookback Forecast 
length

Number 
of layers

dropout hidden 
size

Train/test 
split

0_10cm_1km '0_10cm soil moisture’, 'temperature_2m’, 
'relative_humidity_2m’, 'precipitation’, 

'evapotranspiration’, 'vapor_pressure_deficit' 

0.0001 64 10 1 14 3 0.3 128 70%/30%

10_40cm_1km '0_10cm soil moisture’, 
'soil_moisture_10_to_40cm’,

'temperature_2m’, 'relative_humidity_2m’, 
'precipitation’, 'evapotranspiration’, 

'vapor_pressure_deficit' 

0.0001 64 10 1 14 3 0.3 128 70%/30%

40_100cm_1km '0_10cm soil moisture’, 
'soil_moisture_10_to_40cm’,

'soil_moisture_40_to_100cm’,
'relative_humidity_2m’, 'precipitation’, 

'evapotranspiration’, 'vapor_pressure_deficit' 

0.0001 64 10 1 14 3 0.3 128 70%/30%

8/10/2025/ © A. Camps, UPC 2025 79/93

Layers MSE RMSE MAE

0-10 cm @ 1 km 0.0016 0.0402 0.0320

10-40 cm @ 1 km 0.0002 0.0143 0.1003

40-100 cm @ 1 km 0.0003 0.0172 0.0128

Evaluation metrics

Training performance

0-10 cm @ 1 km 10-40 cm @ 1 km
40-100 cm @ 1 km

Training and validation @ 1 km spatial resolution (ii)

8/10/2025/ © A. Camps, UPC 2025 80/93
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Predictions vs. Actual (0 – 10 cm @ 1 km, validation dataset)
Training and validation(1 km spatial resolution)

A

A. Predictions vs Actual. 𝑹𝟐 is the coefficient of determination; the red dashed line is the perfect prediction line y=x (1:1 line)
B. Predictions vs Actual. Randomly selected from the 1000 samples from validation dataset to show the predictions with their corresponding actual values.
C. Residual plot. Residuals are calculated as predictions minus their corresponding actual values; the red dashed line is y=0; MAE is the mean absolute value of residuals.

B C

8/10/2025/ © A. Camps, UPC 2025 81/93

A B C

Predictions vs. Actual (10 – 40 cm @ 1 km, validation dataset)
Training and validation(1 km spatial resolution)

A. Predictions vs Actual. 𝑹𝟐 is the coefficient of determination; the red dashed line is the perfect prediction line y=x (1:1 line)
B. Predictions vs Actual. Randomly selected from the 1000 samples from validation dataset to show the predictions with their corresponding actual values.
C. Residual plot. Residuals are calculated as predictions minus their corresponding actual values; the red dashed line is y=0; MAE is the mean absolute value of residuals.

8/10/2025/ © A. Camps, UPC 2025 82/93
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A
B C

A. Predictions vs Actual. 𝑹𝟐 is the coefficient of determination; the red dashed line is the perfect prediction line y=x (1:1 line)
B. Predictions vs Actual. Randomly selected from the 1000 samples from validation dataset to show the predictions with their corresponding actual values.
C. Residual plot. Residuals are calculated as predictions minus their corresponding actual values; the red dashed line is y=0; MAE is the mean absolute value of residuals.

Predictions vs. Actual (40 – 100 cm @ 1 km, validation dataset)
Training and validation(1 km spatial resolution)

8/10/2025/ © A. Camps, UPC 2025 83/93

Forecasting Soil Moisture - 14-day SM Predictions for Multi-layer profiles
Actual Rain Rate from Meteo Data

8/10/2025/ © A. Camps, UPC 2025 84/93

Soil moisture profiles forecast 
up to 14 days from present
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Summary:  Virtual Layer - the “core” of the Digital Twin 
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Multi-layer Visualization
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Future Activities:
1. Addition of farmers’ irrigation: when, where, how much ?
2. Improved GUI

Easier interpretation (at a given day from d until d+14 days)

• Red: drier than threshold for more than X days

• Blue: wetter than threshold for more than X days

• Green: SM OK, lower than upper threshold & higher than 

lower threshold

8/10/2025/ © A. Camps, UPC 2025 87/93

3. Irrigation Scheduling (i)

8/10/2025/ © A. Camps, UPC 2025 88/93
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3. Irrigation Scheduling (ii) – Water savings

[Picture from Unsplash]
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4. Crop Yield Improvements

[Picture from Unsplash]

5. Coupling with other Digital Twins – ex. UCo, other countries
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Conclusions:
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Tutorial subvencionat pel Departament d'Empresa (Programa Primer)
i amb el cofinançament del Fons Social Europeu Plus

To know more about the AI4WATER project: [https://youtu.be/4E_Jd-oXzsw?si=qAdTzdskPQUh48PZ]
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Thanks for your attention.

Questions?
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Backup slides
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STAC Framework
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• An LSTM cell is a gated dynamical system combining multiplicative and additive pathways: ft decides what to forget, it what 
to add, ot what to expose. The memory cell Ct provides constant error flow stabilizing long-term gradient propagation

• The linear recurrence of Ct Ct Ct  maintains long-range memory, while gating non-linearities regulate information flow.
• In Digital Twins, LSTMs enable multi-scale temporal forecasting—learning coupled dynamics between climate drivers and 

observed responses such as evapotranspiration or biomass evolution.

LSTM Architecture

Ct-1 Ct
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ARIMA (AutoRegressive Integrated Moving Average) model

• ARIMA forms the statistical backbone of time-series 

forecasting.

• By decomposing a signal into autoregressive and moving-

average components after differencing, it captures linear 

temporal structure.

• In Digital Twin frameworks, ARIMA provides a physically 

interpretable baseline for process forecasting, anomaly 

detection, and uncertainty quantification before higher-

order ML models are applied.
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VAR (Vector Autoregression)

• VAR generalizes the AR model to vector time 

series, capturing inter-variable feedback 

loops.

• It enables analysis of how disturbances in 

one component propagate through the 

system.

• In Digital Twin applications, VAR provides a 

transparent statistical framework to 

diagnose causal relations and simulate multi-

sensor co-evolution before embedding into 

non-linear neural models.
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• Kalman filter is a recursive Bayesian estimator 

operating on linear Gaussian state-space models.

• It alternates between predicting the system 

evolution and correcting that prediction with new 

measurements.

• In Digital Twin systems, Kalman filtering ensures 

dynamic consistency between model forecasts and 

sensor observations, forming the core of real-time 

data assimilation pipelines.

Kalman filter 
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• RNNs introduce recurrence to neural computation, 

enabling context retention across time steps.

• The network’s hidden state acts as a compact 

sufficient statistic of all past inputs.

• In Digital Twins, simple RNNs provide fast, 

interpretable baselines for temporal forecasting 

and serve as precursors to gated and attention-

based architectures.

Recurrent neural Networks
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• GRUs simplify LSTM design by collapsing 

forget and input gates into a single update 

mechanism.

• Its reduced parameterization allows faster 

convergence with comparable temporal 

modeling capacity.

• In Digital Twin contexts, GRUs offer an 

excellent trade-off between accuracy and 

efficiency for near-real-time forecasting 

across multi-sensor data streams.

Gated Recurrent Unit (GRU)
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• Transformers replace recurrence with attention —

enabling direct modeling of global temporal and 

spatial dependencies.

• By weighing all positions simultaneously, they 

excel at long-sequence prediction and multi-

modal fusion.

• In Digital Twin applications, Transformers can 

assimilate satellite, sensor, and climate data 

streams for large-scale forecasting with 

unmatched interpretability via attention maps.

Transformers
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