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Abstract

Artificial Intelligence and machine learning techniques can offer
powerful tools for addressing the greatest challenges facing hu-
manity and helping society adapt to a rapidly changing climate,
respond to disasters and pandemic crisis, and reach the United
Nations (UN) Sustainable Development Goals (SDGs) by 2030. In
recent approaches for mitigation and adaptation, data analytics
and ML are only one part of the solution that requires interdisci-
plinary and methodological research and innovations. For example,
challenges include multi-modal and multi-source data fusion to
combine satellite imagery with other relevant data, handling noisy
and missing ground data at various spatio-temporal scales, and
ensembling multiple physical and ML models to improve prediction
accuracy. Despite recognized successes, there are many areas where
ML is not applicable, performs poorly or gives insights that are
not actionable. This tutorial will survey the recent and significant
contributions in KDD and ML for sustainable development and will
highlight current challenges that need to be addressed to transform
and equip engaged sustainability science with robust ML-based
tools to support actionable decision-making for a more sustainable
future.

CCS Concepts

« Social and professional topics — Sustainability; « Comput-
ing methodologies — Machine learning approaches; « Ap-
plied computing — Earth and atmospheric sciences; Envi-
ronmental sciences; Decision analysis.
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1 Context and Motivation

The United Nations’ Sustainable Development Goals (SDGs) are
a set of 17 goals adopted by UN members states in 2015 to help
create a safer, more sustainable, and prosperous planet. The SDGs,
which compass 169 individual targets, form part of the UN’s 2030
Agenda for Sustainable Development and are meant to “stimulate
action over the next fifteen years in areas of critical importance
for humanity and the planet". In-line with these salutary goals, the
tutorial will attempt to examine how ML and data mining have
contributed so far and advanced the state-of-the-art as applied
sciences. This tutorial will not cover exhaustively all the SDGs but
rather present successes and limitations of ML applied to a selected
set of use cases under the umbrella of three SGDs: (1) exploiting
Earth Observation data and satellite imagery to estimate poverty
[5, 8, 10] related to SDG #1 No Poverty; (2) ML-based climate data
analytics [6] related to SDG #13 Climate Action; and (3) ML-based
monitoring for forest and biodiversity conservation [4] related to
SDG #15 Life on Land.
Resources. The slide deck and videos are available at:
https://laureberti.github.io/KDD2021_Tutorial/.

2 Tutorial Outline

The tutorial will start with an introductory overview of the relevant
concepts and methods in Data Analytics and Machine Learning
applied to Sustainable Development (SD) with a SWOT analysis.
We will explore the use of data science and ML techniques as tools
to integrate multi-modal, multi-source data and human multidisci-
plinary expertise. We will reformulate a set of SD-related questions
into formal ML problem statements and present some illustrative
examples and real-world study cases from various application do-
mains related to climate action, clean and sustainable energy, and
biodiversity conservation [1]. We will provide an overview of the
opportunities and limitations, alongside with computational, tech-
nical, and operational challenges associated with ML applied to
sustainability development. Next, we will present the main chal-
lenges of ML applied to SD by articulating the presentation on the
following generic pipeline: (1) Understand the input and validation
data, actors, and the target SD goal; (2) Collect, integrate, and pre-
pare multi-source and multi-modal data sets; (3) Select features, ML
models/architectures, and parameters; (4) Include multidisciplinary
expertise with Human-In-the-Loop (HIL) and user interaction; and
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(5) Validate and evaluate the actionability, transferability, and re-
productibility of the pipeline to other SD settings. Next, we deep
dive into three SD applications that required the adaptation and
design of new ML methods to address various sets of technical and
theoretical challenges.

ML and Satellite Imagery to Estimate Poverty. Recent techno-
logical developments are creating new data streams that contain a
wealth of information relevant to sustainable development goals
[13]. Modern AI techniques have the potential to yield accurate,
inexpensive, and highly scalable models to inform research and
policy. A key challenge, however, is the lack of large quantities of
labeled data that often characterize successful machine learning
applications. We present new approaches for learning useful spatio-
temporal models in contexts where labeled training data is scarce
or not available at all [2, 9, 15]. We show applications to predict and
map poverty in developing countries, monitor agricultural produc-
tivity and food security outcomes, and map infrastructure access
in Africa. The proposed methods can reliably predict economic
well-being using only high-resolution satellite imagery. Because
images are passively collected in every corner of the world, the
methods can provide timely and accurate measurements in a very
scalable end economic way, and could revolutionize efforts towards
global poverty eradication.

ML-based Climate Data Analytics. Next, we present an
overview of different machine learning based approaches that have
been used in climate data analysis. First, we look at classical ap-
proaches such as principal component analysis (PCA) along with its
nonlinear extensions, which include kernel based methods as well
as autoencoder based approaches. We also discuss correlation-based
hierarchical clustering as an alternative to PCA for identifying a
lower dimensional representation of spatio-temporal climate data
sets. Then, we introduce climate networks and a sparse representa-
tion of functional relations between spatially distributed climate
time series, and we look at how climate networks have been used
to detect, quantify, and predict complex climate phenomena. In
a second part, we introduce the fundamental paradigm of paleo-
climate proxy measurements and the challenges that arise due to
dating uncertainties. We present a Bayesian estimation approach
of paleo-proxy uncertainties and its numerical approximation. This
allow us to formulate a new representation of time series, as a
sequence of probability density functions (PDFs) in lieu of point-
like measurements. Finally, we use the time series as PDF sequence
representation to show how recurrence plots can be used to detect
abrupt transitions in time series with uncertainties.

ML to Help Restore the Natural World. Land use and its evo-
lution play a critical role in our climate [7], taking up about a quarter
of annual anthropogenic emissions of greenhouse gases (GHGs)
during 2007-2016 [12]. In addition to being a key driver of global
warming, careless land use is also destroying valuable ecosystem
services and is threatening the livelihood for local populations and
a multitude of species. Major conservation and restoration efforts
are underway to mitigate and safeguard against these losses, and
to highlight the urgency of the issue, 2021-2030 has been declared
the “UN Decade on Ecosystem Restoration”. However, we cannot
preserve what we cannot measure. ML plays a significant role in
responding to this critical call for action and can accelerate the con-
servation and sustainable use of our natural world. We first present
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the background on the importance of the natural world on climate
change and the current biodiversity crisis. Next, we will give an
overview of current MRV (Monitoring, Reporting, and Verification)
pipelines and present a case study of how Al and ML can fit into
and scale the existing MRV pipelines [3, 11, 14].

Significant efforts must still be spent to adapt traditional KDD
and ML techniques to solve environmental and climate-related prob-
lems. We need solutions and pathways leading to robust mitigation
of dangerous anthropogenic climate change. Data science and ML
models can help in identifying such pathways toward a sustainable
future and can be used for informing the policymakers and the
wider public. Leveraging ML for SD is a vast, challenging, and still
understudied area for which the KDD community has a role to play.
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