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Sustainability …



Sustainable?





AI for SDGs?



AI can provide ...
● Better weather prediction, and better climate projections

● Better impact assessment and extreme event detection

● Better forecasting models on land, agriculture, water bodies and air quality

● Deeper understanding of the relations between humans and the planet

● Resources allocation & optimization: 
○ power consumption, 
○ location of solar panels, 
○ quantify emissions for fitted carbon budget



AI for SDGs



AI for SDGs



AI for Good



Earth science



Earth observation



Earth observation

https://docs.google.com/file/d/1Q4Z--vLw_T4GyDTNbuyf1ubxGZ6QWnnE/preview


Prediction of crop yield from space

“A unified vegetation index for quantifying the 
terrestrial biosphere”, Gustau Camps-Valls et al, 
Science Advances, 2021

“Learning main drivers of crop progress and 
failure in Europe with interpretable machine 
learning”, Anna Mateo et al, International Journal of 
Applied Earth Observation and Geoinformation, 2021



Coastlines, water bodies and oceans?

“Learning Relevant Features of Optical Water 
Types” Blix, K. and Ruescas, A. and Johnson, E. and 
Camps-Valls, G. IEEE Geoscience and Remote Sensing 
Letters, 2022

“Estimation of Oceanic Particulate Organic 
Carbon with Machine Learning” Sauzède, R and 
Johnson, J Emmanuel and Claustre, H and Camps-Valls, 
G and Ruescas, AB. ISPRS Annals of the 
Photogrammetry, 2 :949--956, 2020

“Predicting regional coastal sea level changes 
with machine learning”, V Nieves, C. Radin & G. 
Camps-Valls, Scientific Reports, 2021



What about the atmosphere and air quality?

“Transferring deep learning models for cloud 
detection between Landsat-8 and Proba-V”. 
Mateo-García, Gonzalo and Laparra, Valero and 
López-Puigdollers, Dan and Gómez-Chova, Luis
ISPRS Journal of Photogrammetry and Remote Sensing 
160 :1-17, 2020

“Mapping methane point emissions with the 
PRISMA spaceborne imaging spectrometer”, L. 
Guanter et al, Remote Sensing of Environment, 2021







Better forecasts...

Anomaly correlation of 500 hPa Geopotential 







By 2050, 70% Of The World's Population Will Be Urban



DL for the city - climate change mitigation & adaptation



DL for urban sustainability

● DL may catalyze food, health, water & 
energy services to the population

● DL+EO unique to monitor cities with high 
spatial and temporal resolution

● DL exploits data to accurately estimate 
key SDG urban indicators: air quality, 
energy fluxes, urbanization, poverty, ...





DL for climate change mitigation

"Roofpedia: Automatic mapping of green and solar roofs for an open roofscape registry and evaluation of urban sustainability." 
Wu, Abraham Noah, and Filip Biljecki. Landscape and Urban Planning 214 (2021): 104167.



DL for climate change mitigation

"Truck traffic monitoring with satellite images." Kaack, Lynn H., George H. Chen, and M. Granger Morgan. 
Proceedings of the 2nd ACM SIGCAS Conference on Computing and Sustainable Societies. 2019.



DL for climate change adaptation



Behavior, wealth and health



DL for wealth, energy & activity analysis

Global wealth map    
http://penny.digitalglobe.com

NASA’s black marble – https://blackmarble.gsfc.nasa.gov/

"Poverty prediction with public Landsat 7 satellite imagery and 
machine learning." Perez, Anthony, et al.  arXiv:1711.03654 (2017).



DL for health analysis
https://ispguv.users.earthengine.app/view/covid19-reproductive-meteo-estimation

https://healthmap.org/en/



AI … problem solved?



AI promises to transform scientific discovery ...



Deep learning challenges
● Do Models respect Physics Laws?
● What did the ML model learn?
● Do they get cause-effect relations?



Deep learning challenges
● Do Models respect Physics Laws? Physics-aware ML
● What did the ML model learn? Explainable AI
● Do they get cause-effect relations? Causal inference



Machine learning

F(X) = y



Why does machine learning work?

● Regression, classification, clustering, ...
● Deals well with heterogeneous 

spatio-temporal multidim. big data
● Can incorporate inductive priors by new 

losses & architectures
● Now a democratized commodity tool

Reichstein, Camps-Valls et al, Nature, 2019
Camps-Valls, Tuia, Xiang, Reichstein.  Wiley & Sons book, 2021



And don’t forget analogies!

Reichstein, Camps-Valls et al, Nature, 2019
Camps-Valls, Tuia, Xiang, Reichstein.  Wiley & Sons book, 2021



Machine learning for the Earth sciences

Reichstein, Camps-Valls et al, Nature, 2019
Camps-Valls & Bruzzone. Wiley & Sons book, 2012
Camps-Valls, Tuia, Xiang, Reichstein. Wiley & Sons book, 2021



ML needs domain knowledge

F(X,                     ) = y

* physics-aware ML, aka physics-guided, physics-informed, physics-constrained, science-guided, ...



Living in the ML-Physics interplay

“Living in the Physics - Machine Learning Interplay for Earth Observation” 
Camps-Valls et al. AAAI Fall Series 2020 Symposium on Physics-guided AI for Accelerating Scientific Discovery, 2020. arxiv.org/abs/2010.09031



A- Hybrid machine learning
● ML that learns laws of physics (e.g. model-data consistency, mass and energy conservation)

“Deep learning and process understanding
for data-driven Earth System Science” 
Reichstein, Camps-Valls et al. Nature, 2019.

B: A motion field is learned with a 
convolutional-deconvolutional net, 
and the motion field is further 
processed with a physical model

A: “Physisizing” a deep 
learning architecture by 
adding one or several physical 
layers after the multilayer
neural network

“Deep Learning for Physical Processes: 
Incorporating Prior Scientific Knowledge”. 
de Bezenac, Pajot, & Gallinari, arXiv:1711.07970 (2017).

https://github.com/DL4ES/DL4ES



B- Emulating complex codes

“Emulation of Leaf, Canopy and Atmosphere Radiative Transfer Models for Fast Global Sensitivity Analysis”, 
Verrelst, Camps-Valls et al  Remote Sensing of Environment, 2016
“Emulation as an accurate alternative to interpolation in sampling radiative transfer codes”,
Vicent and Camps-Valls, IEEE Journal Sel. Topics Rem. Sens, Apps. 2018

https://github.com/dhsvendsen/AMOGAPE

https://www.mdpi.com/2072-4292/8/8/673
https://ieeexplore.ieee.org/document/8510901


C- Learn parametrizations with variational inference



D- Discover equations from data

“Discovering governing equations from data by sparse identification of nonlinear dynamical systems” Brunton, Proctor, Kutz, PNAS 2016
“Discovering Differential Equations from Earth Observation Data” Adsuara, J.E.; Camps-Valls, G.; Reichstein, M. and Mahecha, M. IGARSS 2020

https://github.com/dhsvendsen/sample4Acause



DL decisions should be explainable and accountable 

F(X) = y



A full family of XAI

“A Survey on Explainable Artificial 
Intelligence(XAI): towards Medical 
XAI”, Tjoa 2019
“Advancing Deep Learning For Earth 
Sciences: From Hybrid Modeling To 
Interpretability”, Camps-Valls, G. and 
Reichstein, M. and Zhu, Z. and Tuia, D.  
IEEE IGARSS (2020)



Earth observation

https://docs.google.com/file/d/1jnbwfdVjqbm4HXSgMVgEWiq16zh5yVs0/preview


1- Explaining droughts with XAI

“Spatio-Temporal Gaussianization Flows for Extreme Event Detection”. Miguel-Ángel Fernández-Torres and J. Emmanuel Johnson and María Piles and Gustau Camps-Valls 
EGU General Assembly, Geophysical Research Abstracts, Online, 19-30 April 2021



1- Explaining droughts with XAI

“Spatio-Temporal Gaussianization Flows for Extreme Event Detection”. Miguel-Ángel Fernández-Torres and J. Emmanuel Johnson and María Piles and Gustau Camps-Valls 
EGU General Assembly, Geophysical Research Abstracts, Online, 19-30 April 2021



2- XAI explains climate-induced migrations

“Exploring interactions between societal context and natural hazards on human population displacement”. M. Ronco, JM Tárraga, M Piles and Gustau Camps-Valls, Nature Comms. 2023

● Large, harmonized, 
global database of 
disaster-induced 
movements in the 
presence of floods, 
storms & landslides

● RF is accurate
● SHAP: displacements 

attributed to the 
combo of poor 
household conditions & 
intense precipitation



DL needs to be causal

F(X,Y) = 



Causal inference



The rungs of inference ...

Deep learning world Interaction world Scenarios world



The rungs of inference ...

Deep learning world Interaction world Scenarios world



Causality & Disasters

55



Understanding Disasters is about  answering causal queries

56

● Causal inference: draw 
conclusions about causal 
relations

● Causal discovery: learn 
relations from data & 
assumptions

● Cause-effect estimation: 
quantify impacts of 
interventions



Causal discovery from data

Image credits: Jakob Runge, 2019

“Inferring causation from time series with perspectives in Earth system sciences”, Runge, Bathiany, Bollt, Camps-Valls, et al. Nat Comm., 2019
“Causal Inference in Geoscience and Remote Sensing from Observational Data,” Pérez-Suay and Camps-Valls, IEEE Trans. Geosc. Rem. Sens, 2018
“CauseMe: An online system for benchmarking causal inference methods,” Muñoz-Marí, Mateo, Runge, Camps-Valls. In preparation (2019). CauseMe: http://causeme.uv.es



1- Learning drivers of displacement

58



1- Learning drivers of displacement

59
“Causal discovery of drought-induced human displacement drivers”, Tarraga, Piles, Sevillano, Muñoz, Ronco, Camps-Valls, et al. Submited, 2023



1- Learning drivers of displacement

60
“Causal discovery of drought-induced human displacement drivers”, Tarraga, Piles, Sevillano, Muñoz, Ronco, Camps-Valls, et al. Submited, 2023



1- Learning drivers of displacement

61
“Causal discovery of drought-induced human displacement drivers”, Tarraga, Piles, Sevillano, Muñoz, Ronco, Camps-Valls, et al. Submited, 2023



Earth observation

https://docs.google.com/file/d/1G4grvu4OR9El__zES-QywuYiSwB_tM8u/preview
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CAUSEME meets chatGPT



2- Impact on food insecurity

“A total of 6.5 million people face 
acute food insecurity amid the driest 
conditions in 40 years(...) A total of 
1.84 million children under 5 face 
acute malnutrition. (...) over 1.5 million 
drought-driven displacements since the 
start of the climate crisis.” 

World Food Programme, Jan 2023

64Image credits to: FEWS NET,  https://fews.net

https://fews.net/


2- Impact on food insecurity
Baidoa District
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● Monthly data
● 2016 - 2021
● 37 districts
● N~70
● Market/food/livestock/wate

r prices, displaced people, 
fatalities, climate variables, 
humanitarian aid

● Target: malnutrition
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2- chatGPT for Constrained-Based Causal Discovery

“Large Language Models for Constrained-Based Causal 
Discovery” K-H Cohrs, G. Varando, G. Camps-Valls, AAAI 2024



67

2- chatGPT for Constrained-Based Causal Discovery

“Large Language 
Models for 
Constrained-Based 
Causal Discovery” K-H 
Cohrs, G. Varando, G. 
Camps-Valls, AAAI 2024
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2- chatGPT for Constrained-Based Causal Discovery

● El Niño Southern Oscillation (ENSO)
● Standardized Precipitation Index (SPI)
● Fatalities due to conflicts (VC)
● Local market prices (LMP)
● Sorghum yield production (Y)
● Drought-induced IDP (DD)
● People receiving cash from 

humanitarian aid (RC)
● Global Acute Malnutrition (GAM).

“Large Language Models for Constrained-Based Causal 
Discovery” K-H Cohrs, G. Varando, G. Camps-Valls, AAAI 2024

●  Find traces of causal 
reasoning in model’s 
answers

●  Promising, alternative 
avenue for automated 
causality

●  Useful for fast response, 
scarce data regimes



Outlook



Take-home messages

● All models are wrong, some are useful → Physics-informed AI!
● Prediction is not enough → Explainable AI!
● You can be right for the wrong reason → Causality!

On the quest for “Educated AI”

         http://isp.uv.es              @isp_uv_es           gustau.camps@uv.es


