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2030 Sustainable Development Goals

NO ZERO GOOD HEALTH QUALITY GENDER CLEANWATER
POVERTY HUNGER AND WELL-BEING EDUCATION EQUALITY AND SANITATION
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2030 Agenda for Sustainable Development: 17 goals, 169 targets, 232 Indicators

New norms to integrate the principles of sustainable development into country policies and programs

https://sdgs.un.org/2030agenda https://sdgs.un.org/qgoals




Applying Data Science & Al to SDGs

Transdisciplinary research, reasoning, and discovery from
interconnected information contents

Data Engineerin ‘{. Model Engineering

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

- Feature engineering )
{ — Spatiotemporal & dynamic models
| - Uncertainty quantification
— Constraint reasoning
Optimization

/

A wide range
of non-CS
disciplines: Earth,
Environmental,
Social sciences, etc.

/ ’

Citizen Science
- Crowd sensing/sourcing

- Behavioral game theory
- HITL




A Decade of Al Contributions & Initiatives
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Artificial Intelligence

Big Data in Climate: and Social Work
Opportunities and Challenges for Machine Learning
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ABSTRACT

The climate and Earth sciences have recently undergone a
rapid transformation from a data-poor to a data-rich envi-

ronment. In particular, massive amount of data about Earth ; 3 - w3 ” 2 = =
and its environment is now continuously being generated s & : APPLIED ECONOMIC P
by a large number of Earth observing satellites as well as S = 8 O AAEA
physics-based earth system models running on large-scale P emman
computational platforms. These massive and information- AND POLICY
rich datasets offer huge potential for understanding how the
Earth’s climate and ecosystem have been changing and how ) )
they are being impacted by humans actions. We discuss the ubmitted Article
challenges involved in analyzing these massive data sets as <
well as opportunities they present for both advancing machine H i ; .
learning as well as the science of climate change. Big Data in AgHCUItu re:A Cha”enge for the Future .
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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 hon-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



ML for SD: Main Challenges

I. 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

)

% data preprocessing

= 4.Energy efficiency and carbon footprint reduction of
ML models

. 2. 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

« > C O 8 https://sdg-tracker.org w O,

SDG Tracker About Our World in Datz

Measuring progress towards the
Sustainable Development Goals

The United Nations Sustainable Development Goals (SDGs) are targets for global development adopted in
September 2015, set to be achieved by 2030. All countries of the world have agreed to work towards achieving
these goals.

Our SDG Tracker presents data across all available indicators from the Our World in Data database, using official
statistics from the UN and other international organizations. It is a free, open-access publication that tracks global
progress towards the SDGs and allows people around the world to hold their governments accountable to
achieving the agreed goals.

The 17 Sustainable Development Goals are defined in a list of 169 SDG Targets. Progress towards these Targets is
agreed to be tracked by 232 unique Indicators. Here is the full list of definitions.

https://sdg-tracker.org/




Example: The Lack of Data

Represents a change in condition based on this indicator in a positive direction between
2000-2018 (does not represent that the SDG target will be achieved).

presents a change in condition based on this indicator in a negative direction
between 2000-2018
Some data is available, but not enough to analyse changes over time.

.No data is available.

SDG 1: END POVERTY

I l Land Tenure (1.4.2)

Disasters'Jersons affected (1.5.1)

Disasters: economic loss (1.5.2)

Disaster risk reduction strategies (1.5.3)

l Disaster risk reduction strategies for local government (1.5.4)

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




Progress on the SDGs

2000-2018 (does not represent that the SDG target will be achieved).

Represents a chang; i based on this indicator in a ne,
between 2000-2018

SDG 1: END POVERTY

Represents a change in condition based on this indicator in a positive directio

Some data is available, but not enough to analyse changes over time.

‘ Investment in energy efficiency (7.b.1)

SDG 8: DECENT WORK AND ECONOMIC GROWTH

Material footprint (8.4.1)
-
Domestic material consumption (8.4.2)

L SDG 9: INDUSTRY, INNOVATION AND INFRASTRUCTURE

Land Tenure (1.4.2)

% [COZ issions (9.4.1)

SDG 10: REDUCED INEQUALITIES

Disasters: economic loss (1.5.2)
-

Disaster risk reduction strategies (1.5.3)

The I d is not

p d in Goal 10
SDG 11: CITIES AND COMMUNITIES

SDG 2: FOOD SECURITY

Disaster risk reduction strategies for local government (1.5.4

Access to public transport (11.2.1)

Land consumption (11.3.1)

Sustainable agricultural practices (2.4.1)

Urban pl (11.3.2)

Investment in cultural and natural heritage (11.4.1)

Secure genetic resources for food (2.5.1)
-

Local breeds for agriculture (2.5.2)

Disasters: persons affected (11.5.1)
-

SDG 3: HEALTH
Air pollution mortality (3.9.1)
Water-related mortality (3.9.2)
-

Disasters: economic loss (11.5.2)
-

Urban solid waste (11.6.1)
—

Ambient air pollution (11.6.2)

Unintentional poisoning (3.9.3)

Public land in cities (11.7.1)

SDG 4: EDUCATION

Disaster risk reduction for local government (11.b.1)

. l :Educaﬁonfor inable devell (4.7.1)

Disaster risk reduction gies (11.b.2)

SDG 5: GENDER

- SDG 12: RESPONSIBLE LIFESTYLES

I [ Women agricultural land owners (5.a.1)

]

Action plans for sustainability (12.1.1)

SDG 6: WATER

Material footprint (12.2.1)
L}

Safe drinking water (6.1.1)

Domestic material consumption (12.2.2)
-

Handwashing facilities with soap and water (6.2.1)
Wastewater treatment (6.3.1)

_Food loss (12.3.1a) and Food waste (12.3.1b)

Climate change action plans (13.2.1)

h gas emissions (13.2.2)
Education for sustainable development (13.3.1)
Resources mobilized for climate action (13.a.1)
Climate action support for LDCs (13.b.1)

SDG 14: OCEANS

Marine pollution and coastal eutrophication (14.1.1)

of marine areas (14.2.1)

Ocean acidification (14.3.1)

ble fish stocks (14.4.1)

Marine protected areas (14.5.1)
-—
Fishing regulation (14.6.1)

Fisheries

economic benefits to SIDS and LDCs (14.7.1)

Scientific knowledge, research capacity and transfer of marine technology (14.a.1)

Instruments for conservation and sustainable use of oceans and their resources (14.c.1)

SDG 15: LAND AND BIODIVERSITY
E)res( area (15.1.1)

Protection of key biodiversity areas (15.1.2)
—

Forest area annual net change rate (15.2.1)

Land degradation (15.3.1)

Mountain protected areas (15.4.1)
—

Mountain green cover (15.4.2)
-

Jang d species (15.5.1)

1
Strategies for sharing biodiversity benefits (15.6.1)

Trade in poached or illicitly trafficked wildlife (15.7.1)

Information Transmitted under Chemicals and Waste Conventions (12.4.1)
-

Water quality (6.3.2)

Hazardous waste generation (12.4.2)

Strategies for preventing invasive alien species (15.8.1)
———

Progress towards Aichi Biodiversity Target 2 (15.9.1)
———

lVater efficiency (6.4.1)

Recycling (12.5.1)

Water stress (6.4.2)

Corporate sustainability reporting (12.6.1)

Water resource management (6.5.1)

Water cooperation (6.5.2)

Water related ecosystems (6.6.1)
| |

Sustainable public procurement (12.7.1)

Education for sustainable lifestyles (12.8.1)

Research for sustainable lifestyles (12.a.1)

Investment in biodiversity and ecosystems (15.a.1)

1t in sustainable forests (15.b.1)

Protection against poaching, trafficking and trade (15.c.1)

SDG 16: PEACE AND JUSTICE

Investment in water and sanitation (6.a.1)

Sustainable tourism strategies (12.b.1)

Local water (6.b.1)

Fossil fuel subsidies (12.c.1)

| SDG 7: ENERGY

SDG 13: CLIMATE ACTION

Reliance on clean fuels (7.1.2)

Renewable energy (7.2.1)

Disasters: persons affected (13.1.1)
Disaster risk reduction strategies (13.1.2)

Energy intensity (7.3.1)

| l Disaster risk reduction for local government (13.1.3)

Clean energy research and technology (7.a.1)

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

The | d is not rep d in Goal 16
SDG 17: PARTNERSHIPS AND MEANS OF IMPLEMENTATION

Funding for envir Ily sound technologies (17.7.1)

Funding for capacity building (17.9.1)

Mechanisms enhancing policy coherence (17.14.1)

Progress in multi-stakeholders monitoring frameworks (17.16.1)

Statistical capacity for SDG (17.18.1)

10



Outline

|- Challenges in ML & data science pipelines
— Building the pipelines
— Preparing the data

lI- Current Projects

— Combining satellite imagery and socio-economic
indicators to estimate poverty evolution in Africa

—Finding sustainable transition pathways in

Nordeste T LY T e
w| @55 ['E

11



lllustrative Example |

|. SD Question Brezi

2. Actors

ssssssss

3. Time/space of Interest

4. Data & Knowledge

( at country-scale )

- National authorities
- Policymakers

- Scientific community
- General public

at state-scale

- Federal authorities
- Regional actors

at territory-scale

- Administrator
representatives of the
population (stakeholders
private and public)

- Site managers

- Local administrations

- Elected representatives of
the local authorities

- Agroforestry exploitation
owners

- Farmers

- Indigenous

Q’epresentatives j




lllustrative Example |

|. SD Question Brazi
What are the fines effective for Eplent. .
reducing deforestation?

2. Actors

Coffee farmers, policy makers, local
administrators

3. Time/space of Interest

ssssssss

Goignia

Belo Hoizonte

2018-2022, Minas Gerais, Brazil |\ L

: e )
Area of study
4. Data & Knowledge |
Satellite images, surveys, P i W0,
agroecology datasets, etc. N

( at country-scale )

- National authorities
- Policymakers

- Scientific community
- General public

at state-scale

- Federal authorities
- Regional actors

at territory-scale

- Administrator
representatives of the
population (stakeholders
private and public)

- Site managers

- Local administrations

- Elected representatives of
the local authorities

- Agroforestry exploitation
owners
- Farmers

- Indigenous

!epresentatives J

13



Example 2.SD Data Science Pipeline B2

Multiple datasets

5883888

>

>

LIFE
ON LAND

1o

Are the fines effective for reducing

Data
Collection

Dataset
search

Integration/
Fusion

Aggregation

Indicator
design/
selection

Data
Preparation

Cleaning pmm

Normalization

Transformation

Validation

Featurization

Model Building
& Training

Hyper-
parameter
tuning
Model selection

Model testing

Model validation

uncertainties

deforestation?

Model

Deployment

Deployment

Visualization

Explanation

' Actionate

r

\

NN A

Decision
makers

Policy
makers

Local
actors

Experts

14



Data prep is crucial (1/2)

1 LIFE
BELOW WATER

Are the Mexican rivers of Humaya, Tula,Tamazula,
and Culiacan polluted ?

Sampling of liquid

[Serrano Balderas et al. 2015, 2017]

Water quality assessment using:

’ © 43 Physical-chemical variables

@ 35 Biological indicators based on the presence/
absence of aquatic macroinvertebrates

e pH

e Metals

o Nitrates

e Phosphates

e Pesticides, etc.

e Measures of richness

and enumerations

e Diversity and
similarity indices

e Biotic indices

e Functional feeding
groups measures

e Multimetric approach

Analysis of samples

Solid Phase Extraction (SPE)

Corixidae

»

Pyralidae

Environmental
Chemistry

1

UNAM Mexico

“1

IRD, Montpellier

France

Statistics & Computer Science ‘

Data preprocessirms
Data quality control
Data Mining

‘ Hydrobiology ’

LIVE,
Strasbourg
France

npectar
Kiros ampeer

Chemical &
Physiochemical analysis

B BiotAic ihdices 8:
Macroinvertebrates
—~———

15



1 LIFE
BELOW WATER

Data prep is crucial (2/2)

Various data cleaning/preparation strategies lead
to different and misleading conclusions

e Duplicates e Inconsistencies e Outliers e Incomplete and
missing data
:E S
A 3.2
. T T 6.3
I R NA
Preprocessing 1 s e msecs waasn na o ven  Preprocessing 2
e Moderately polluted
N sites
- | Not polluted
| U i sites
et Ne
: : Polluted sites | - 5 Soluted o :
D 1 (62 40% Dwm 1 (06 54
Not polluted ofluted sites
sites




Data prep is challenging

So many methods and
parameter settings

Imputation Deduplication Cﬁggi}?ﬁ% ?Ze Normalization Feature Selection
M) M M)
J N N N\ N\

Hot Deck EditDistance ¢ Rule-based

MICE Token-based ¢ FD-based  Zscore—based ML method

IRMI N-grams » Constraints | Decimal scaling | Missing ratio

. FIFO » MinMax : : O

NS 7 Median » Patterns | » Linear correlation
Dirty Data, Mean Fusion ... » Model-based

Most Frequent ¢t ... b b ...
\—/ K-NN




Data prep is challenging

So many preparation pipelines are possible---

Different orderings
matter

. N Consistency N ,
Imputation Deduplication Check/Enforce Normalization Feature Selection
O I O I
N Y N\
Deduplication Normalization Imputation  Feature Selection ML method
« ¥ ® ® ® O O
Dirty Data,
\—/

Reiterate some steps is possible---

Selective prep is also possible
--- and even recommended

18



Dirty Data
D

Reinforcement Learning
can help data prep

Cw ) (=)
N\ J

[ Data Curation Actions
( Preparation \ Cleaning
s Normalization ﬂ Imputatio Deduplication

(o )(

(o )( -

= )(w )

— ) )

=P transition

[Berti-Equille, 2019, 2020]

MSE

Action g

State s

Learn2Clean /

Huwawn
In the Loop

[

Active
Reward
Learning

https://github.com/LaureBerti/Learn2Clean

19



QOutline

lI- Current Projects

— Combining satellite imagery and socio-economic
indicators to estimate poverty evolution in Africa

—Finding sustainable transition pathways in Brazil

1 NO 1 GLIMATE 1 LIFE 1 LIFE

POVERTY ACTION BELOW WATER ON LAND
* oo o NAAAS S
it | & | o | &=

20



POVERTY

Predict Poverty Evolution from  F¥#¥
Series of Satellite Images VIPA Poverty

funded by ANR

» Incomplete surveys from 2009 to 2016 for 4 African Countries

uuuuuu

Economic N\l o
wealth e e « Malawi : 3 surveys 5800 ground truth
indicators | — - = - Ethiopia : 3 surveys _ data points as
\ « Ouganda : 2 surveys indicators
Lone « Tanzania : 3 suveys

...............

I
Pn1
Starting
date -} L N
& prédictions
N images R
a8 CNN
Landsat 7 Transformer s

Ending 100 km2 o
date 30m :'gsolution Student/Teacher 21



NO
POVERTY

Poverty Evolution Prediction:
A Naive Spatial Approach

Tt

Area covered 2000 R2=(.7
by SITS 2000
| Spatial Model f
) (Yeh, 2020) L1-98 $/d/p }
j \w M
AR
T e A R?=0.7"
Wb 3 0 2020
#, " Spatial Model f
(Yeh, 2020) L2-74 $/d/p J
Wealth
indicators
C. Yeh, A. Perez, A. Driscoll, et al. “Using publicly available satellite imagery and deep learning to understand economic 22

well-being in Africa.” Nat Commun 11, 2583 (2020).



NO
POVERTY

Poverty Evolution Prediction: Limited
Results of the Naive Approach

® Nightlight Activity @ Transfer Learning

[Kondmann et al., 2020]"

Mean Training R*  Test R*  Test R*

2005 2010 2015

Transfer Learning & ResNet50 047 0.69 0.57

Mean Nightlights per cluster 0.52 0.74 0.61

ResNet50 0.55 043 0.36
Time Change TL Change NTL Poverty Reduction ~ GDP Growth
2005 - 2010 0.00 0.03#* 0.11 0.49
2010- 2015 0.00 0.02%%* 0.07 0.44
2005 - 2015 0.00 0.057%** 0.18 1.15

» Very heterogeneous evolution map
» Consistency in time and space may not be preserved

L. 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 23

economic well-being in Africa.” 2020 Nat Commun 11.



NO
POVERTY

Poverty Evolution Prediction:
Naive Approach : Limited Results

Tt

Burke et al, 20211

Ethiopia Malawi Nigeria

=, ® °
]
S > E 2
;’ [ . o ®
2, °° ° o '
> 4 B 1)
-~ . ° —@“‘. Number of
& -l °. .  households
S 14 . S ® 500
5 @ 1000

0; R2=0.15 R2=0.11 R2=0.00 @ 1500

0 1 2 3 0 1 2 3 0 1 2 3

LSMS survey-based yield (t/h&3ontrainte 7 : La séquence de
pauvreté est altérée

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

24



NO
POVERTY

Poverty Evolution Prediction using
Transformers

Tt

Input: Series of images

2000-2020
e 2000

Output 1 : series of
poverty indicators

2000

Spatio-Temporal 2.359 $/d/p
Model

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
25



NO
POVERTY

Poverty Evolution Prediction:
Constraints

Tt

.......

Pavreté ($/j/p)

2000 Makdmaka

T T T
2008 2010 2012
Année

409 points in
Tanzania
(LSMS ISA)
Constraint 4 : Constraint 5 : Constraint 6 :
Data Sparsity Randomization of the Relatively Small time
poverty indicator for window (few number
anonymization of points)

26



NO
POVERTY

Poverty Evolution Prediction:
Need for intermediate training

Tl

Input: Series of images

2000-2020

Output 1 : series of
L1~ ) 2000

poverty indicators

2000

ncrease /Decrease /Stable

Spatio-Temporal 2.359 $/d/p
Model
5 I

Output 2 : classes of
evolution trend

Much more data available

Intermediate Training on NLI | - More acourate locations
. . . S . Longer time series
(proxy) ng ht ng ht |ntenS|ty . Presumably correlated with poverty

evolution 27




POVERTY

Challenges in Poverty Evolution ¥
Prediction from Satellite Images

. 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

28



Outline

—Finding sustainable transition pathways in

N O rd e Ste (1] CLIMATE LIFE LIFE
1 POVERTY 1 ACTION 1 BELOW WATER 1 ON LAND
il | & | »@ 8-

29
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Finding Sustainable Pathways F=Y B3 L2
https://ideal.ufpb.br/

Agroecology & Al
Joint Lab

ﬁdministrators \

- Site Managers

- Elected
Representatives

- Exploitation
owners

- Farmers

- Indigenous

Qpresentatives j

30



13 soroi 14 v [ 10 ovinn

Finding Sustainable Pathways F=Y B3 L2
https://ideal.ufpb.br
p p

_ IDEAL International Joint Lab
Data Science &
Engineering
Satellite )
images Land cover/ |
Land use
datasets

Socio-
economic
datasets

Pictures  Biological
flora and
E fauna
I' datasets
/ \ Social media A|r/wat?r/soﬂ
- Administrators @ @ quality

Site M datasets
- Site Managers @ @ @
- Elected Climate
Representatives @ change
- Exploitation lnlteErlviews datasets
owners O~ =0 Local 7
- Farmers governance
- Indigenous datasets
Qpresentatwes j Existing datasets

31
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Finding Sustainable Pathways &3
https://ideal.ufpb.br

Data Science & Coviabili Ideal
Engineering Diagnosis w

Satellite v e N 7 N
images territorial scale terfitorial scale

Land cover/
Land use )
datasets )

Socio- 1
economic L :
datasets - J

Biological !
flora and l\ regional or regional or

Pictures

- datasets )
/ \ S:'al media Air/ watleg soil ] —
i ini - quali ~
(s | 880z {3
- Elected

Climate '
Representatives @ change
- Exploitation Interviews datasets J
owners oEl EI'O

Local 4
- Farmers governance
- Indigenous datasets ,J
Qpresentatives j

fauna departmental scale departmental scale

Multiple views as many Multiple co-

MUP
Existing datasets as actors specified targets

32



Finding Sustainable Pathways

ﬁdministrators \

- Site Managers

- Elected
Representatives

- Exploitation
owners

- Farmers

- Indigenous

Qpresentatives j

https://ideal.ufpb.br/

Satellite
images Land cover/ |

Land use

datasets

Socio-
economic

datasets
Biological

flora and

fauna

datasets
Social media Air/watle_gsoil

_ . quali

(¢ KB datasets
Climate

@ change
Interviews datasets

o E"O Local

governance |
datasets

Existing datasets

]

]

%ﬁ\
(3

(3

Data Science & Coviabili
Engineering Diagnosis

( territorial scale \

regional or
departmental scale

Multiple views as many
as actors

1 CLIMATE
ACTION

Artificial

Intelligence

Machine learning algorithms

& 58

Reinforcement
Learning

@0 ®O0
0 Oe
®0O @O

66066
20606066
506600606606
CRCICICICICRCACNCNE)
GO HGHO
CICICICICICICRCICCRCKE)

T
-~

14 Sowwre
NAAAS

’ Ideal ‘

f territorial scale \

regional or
departmental scale

hway
local scale

-
\_

Multiple co-
specified targets

33



Challenges in Data and Decision Fusion

8/

Multimodal Data . Prediction,
) Decision .
data Fusion : Uncertainty
Fusion e s
quantification

34



Architectures for Multimodal Data Fusion

Multi-modal Data

Fusion

MUFASA
~MFAS

- NAS - Based -

Ad-hoc

~BM-NAS

RandomNet

Multimodal Gated Unit
Two-stream

SMIL

CentralNet

Pre-trained Transformes

MMBT

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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