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Today’s View of Our World 
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Marine Pollution Glacier retreat Land erosion 

Natural disaster Deforestation 

Coral bleaching Wildfires 

Zoonoses 

6th Mass extinction 



2030 Sustainable Development Goals 

	
	
	
	

https://sdgs.un.org/goals  3 https://sdgs.un.org/2030agenda  



Transdisciplinary research, reasoning, and discovery from 
interconnected information contents 

 
 

A wide range  
of non-CS 

disciplines: Earth, 
Environmental, 

Social sciences, etc.  

SD 
-  Information extraction 
-  Data linking, integration 
-  Multiscale data fusion 
-  Data curation/preparation 
-  Data analytics 
-  … 

Applying Data Science & AI to SDGs 
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Data Engineering Model Engineering 

   Citizen Science 
-  Crowd sensing/sourcing 
-  Behavioral game theory 
-  HITL 
-  … 

-  Feature engineering 
-  Spatiotemporal & dynamic models 
-  Uncertainty quantification 
-  Constraint reasoning 
-  Optimization 
-  … 
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A Decade of AI Contributions & Initiatives 

www.compsust.net 

https://sdgacademy.org/ 

www.climatechange.ai  

www.climateinformatics.org  
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SD as Optimization Problems 

•  Maximizing the probability of achieving an SD target 
•  Minimizing the degradations of environmental and human 

conditions 
Complexity: 

–  Multi-objective:  improve the quality of human life, preserve the 
Earth’s diversity, minimize the depletion of non-renewable resources 

–  Multi-disciplinary: environmental, social sciences, etc. 
–  Multi-scale in time and space: global, national, regional, local with 

various horizons  
–  Multi-actor: civil society, private companies, government 
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ML for SD: Main Challenges 
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1.  Lack of representative ground truth data  
2.  Dirty and imperfect data with data quality issues, 

uncertainty, label noise, bias 
3.  Inappropriate feature engineering and inadequate 

data preprocessing 
4. Energy efficiency and carbon footprint reduction of 

ML models 
5.  Non actionable and misleading outputs 
6.  Difficult to measure the impact of ML-based 

solutions 
7.  Interpretability and trust issues for local actors 

 



Progress on the SDGs 
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https://sdg-tracker.org/  



Example: The Lack of Data 

	
	
	
	

9 https://www.unep.org/resources/publication/measuring-progress-environment-and-sdgs  



Progress on the SDGs 
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Outline	
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1- Challenges in ML & data science pipelines 
–  Building the pipelines 
–  Preparing the data 

II- Current Projects 
– Combining satellite imagery and socio-economic 

indicators to estimate poverty evolution in Africa 
– Finding sustainable transition pathways in 

Nordeste 
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Illustrative Example 1 

Minas Gerais 

  1.  SD Question 

2.  Actors 

3.  Time/space of Interest 
 

4.  Data & Knowledge 
 



1.  SD Question 

2.  Actors 

3.  Time/space of Interest 
 

4.  Data & Knowledge 
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Illustrative Example 1 
 

What are the fines effective for 
reducing deforestation? 

 
Coffee farmers, policy makers, local 
administrators 
 
 
 
 

 

2018-2022, Minas Gerais, Brazil 

Minas Gerais 

Satellite images, surveys, 
agroecology datasets, etc.  
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Decision 
makers 

 
Policy 

makers 
 

Local 
actors 

 
Experts 

Example 2. SD Data Science Pipeline 
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Actionate 

Are the fines effective  for reducing 
deforestation?  

HITL 

Data 
Preparation 

Normalization 

Transformation 

Validation 

Featurization 

Data 
Collection Model Building  

& Training 

Hyper-
parameter 

 tuning 

Model testing 

Model selection 

Model validation 

Model 
Deployment 

Deployment 

Visualization 

Explanation 

Collect 
Data 

Prepare 
Data 

Build &  
Train Models 
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Data prep is crucial (1/2) 
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Are the Mexican rivers of Humaya, Tula, Tamazula, 
and Culiacan polluted ? 
 

             

[Serrano Balderas et al. 2015, 2017] 
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Data prep is crucial (2/2) 
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Various data cleaning/preparation strategies lead 
to different and misleading conclusions 

             

Preprocessing 1 Preprocessing 2 
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Data prep is challenging 
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Data prep is challenging 
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So many preparation pipelines are possible… 
 
 
 
 
 
 
 
 
 
 
 
Reiterate some steps is possible… 
 
Selective prep is also possible  
… and even recommended 



19 

Reinforcement Learning  
can help data prep 
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https://github.com/LaureBerti/Learn2Clean  

[Berti-Equille, 2019, 2020] 
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Outline	
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1- Challenges in ML & data science pipelines 
–  Building the pipelines 
–  Preparing the data 

II- Current Projects 
– Combining satellite imagery and socio-economic 

indicators to estimate poverty evolution in Africa 
– Finding sustainable transition pathways in Brazil 
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Predict Poverty Evolution from  
Series of Satellite Images 
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Starting 
date 

Ending 
date 

Deep 
 Learning Model 

Ø  Incomplete surveys from 2009 to 2016 for 4 African Countries 

Ø  Sequences of images at different resolutions 

•  Malawi : 3 surveys 
•  Ethiopia : 3 surveys 
•  Ouganda : 2 surveys 
•  Tanzania : 3 suveys 

5800 ground truth 
data points as 
indicators 

Economic 
wealth 
indicators 
 

Landsat 7  
100 km2  
 30m resolution 

CNN 
Transformer 
Student/Teacher 

 
MPA Poverty 

funded by ANR 
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Poverty	Evolution	Prediction:		
A	Naive	Spatial	Approach	

Spatial Model 
(Yeh, 2020) 1.98 $/d/p 

2000 
R² = 0.71 

1C. Yeh, A. Perez, A. Driscoll, et al. “Using publicly available satellite imagery and deep learning to understand economic 
well-being in Africa.” Nat Commun 11, 2583 (2020).  

Spatial Model 
(Yeh, 2020) 2.74 $/d/p 

2020 

. 

. 

. 

. 

. 

. 
R² = 0.71 

22 

Wealth 
indicators 

Area covered 
by  SITS 
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Poverty	Evolution	Prediction:	Limited	
Results	of	the	Naive	Approach	

23 

[Kondmann et al., 2020]1 

1L. Kondmann, et Zhu, X. X. “Measuring Changes in Poverty with Deep Learning and Satellite Images”, 2020 
ICLR Practical ML for Developing Countries Workshop 
2C. Yeh, A. Perez, A. Driscoll et al. “Using publicly available satellite imagery and deep learning to understand 
economic well-being in Africa.” 2020 Nat Commun 11. 

Ø Very heterogeneous evolution map 
Ø   Consistency in time and space may not be preserved  
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Poverty	Evolution	Prediction:	
Naive	Approach	:	Limited	Results	

24 

Burke et al, 20211 

1Marshall Burke, Anne Driscoll, David B. Lobell, Stefano Ermon. “Using satellite imagery to understand and promote sustainable 
development”. 2021 Science 

 
 

Contrainte 7 : La séquence de 
pauvreté est altérée 
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Poverty	Evolution	Prediction	using	
Transformers		
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Spatio-Temporal 
Model 

Input: Series of images 

Output 1 : series of 
poverty indicators  

Increase / 
Decrease / 

 Stable 
Output 2 : classes of 

evolution trend 

* 

Constraint 1 : Avg Spatial Resolution (30m) 
Constraint 2 : Avg Temporal Resolution (1 an) 
Constraint 3 : Sensor Noise in the signal 

2000-2020 

$/d/p 
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Poverty	Evolution	Prediction:	
Constraints	
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409 points in 
Tanzania 
(LSMS ISA) 

Constraint 4 : 
 Data Sparsity  

5km 

Constraint 5 :  
Randomization of the 
poverty indicator for 

anonymization 

Constraint 6 : 
 Relatively Small time 
window (few number 

of points) 
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Poverty	Evolution	Prediction:	
Need	for	intermediate	training	
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Spatio-Temporal 
Model 

Output 1 : series of 
poverty indicators 

Increase /Decrease /Stable 

Output 2 : classes of 
evolution trend 

* 

●  Much more data available 
●  More accurate locations 
●  Longer time series 
●  Presumably correlated with poverty 

evolution 

Intermediate Training on NLI 
(proxy) Night Light Intensity 

Input: Series of images 

Output 1 : series of 
poverty indicators  

2000-2020 

$/d/p 



28 

Challenges in Poverty Evolution 
Prediction from Satellite Images 

 

  

28 

 

1.  Neural architecture search and tuning is difficult, 
especially when training data is scarce in time/space 

2.  Finding the right proxy for pre-training is crucial 

3.  Finding the right resolution and aggregation level 
in time/space is challenging 

4.  Uncertainties are at every stage of the process 
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Outline	
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1- Challenges in ML & data science pipelines 
–  Building the pipelines 
–  Preparing the data 

II- Current Projects 
– Combining satellite imagery and socio-economic 

indicators to estimate poverty evolution in Africa 
– Finding sustainable transition pathways in 

Nordeste  
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Finding Sustainable Pathways 

- 	Administrators	
- 	Site	Managers	
- 	Elected	
Representatives	
- 	Exploitation	
owners	
- 	Farmers	
- 	Indigenous	
representatives	

IDEAL International Joint Lab 
https://ideal.ufpb.br/  
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Existing datasets 

- 	Administrators	
- 	Site	Managers	
- 	Elected	
Representatives	
- 	Exploitation	
owners	
- 	Farmers	
- 	Indigenous	
representatives	

Finding Sustainable Pathways 
IDEAL International Joint Lab 

https://ideal.ufpb.br  
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Multiple views as many 
as actors Multiple co-

specified targets Existing datasets 

SHS Fieldwork with 
local populations 

- 	Administrators	
- 	Site	Managers	
- 	Elected	
Representatives	
- 	Exploitation	
owners	
- 	Farmers	
- 	Indigenous	
representatives	

Finding Sustainable Pathways 
https://ideal.ufpb.br   
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33 SHS Fieldwork with 
local populations 

Multiple views as many 
as actors Multiple co-

specified targets Existing datasets 

- 	Administrators	
- 	Site	Managers	
- 	Elected	
Representatives	
- 	Exploitation	
owners	
- 	Farmers	
- 	Indigenous	
representatives	

Finding Sustainable Pathways 

33 

https://ideal.ufpb.br/  
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Data 
Fusion Decision 

Fusion 

Prediction, 
Uncertainty 

quantification 

Multimodal 
data 

Challenges in Data and Decision Fusion 		
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Architectures for Multimodal Data Fusion 
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+  Ideally will find the best architecture 
on each dataset and task 

-  Very computationally expensive and 
slow 

-  In practice not always manage to 
find the best architecture 

+  Computationally less expensive than 
NAS models 

+  Because of smaller time complexity 
allow to design and train more 
complex architectures 

-  Need careful planning and manual 
adaptation for different tasks 

-  Models designed for one task/
dataset may not transfer well to 
others 
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Concluding Remarks 

•  ML and data analytics provide efficient tools to help 
us answering many SD questions 

•  But crucially need principled data curation and prep 
•  ML for SD require humans in the loop and UQ to 

provide actionable outputs 
•  There are many opportunities for: 

– Managing and orchestrating human/machine resources 
– Proposing impactful ML applications for SDGs  
– Revisiting our methods & technologies to serve SD 
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Thanks! 

 
 
 
 


