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Foreword

The climate and Earth sciences have recently undergone a rapid transformation from a data-poor to a
data-rich environment. In particular, massive amounts of climate and ecosystem data are now available
from satellite and ground-based sensors, and physics-based climate model simulations. These information-
rich data sets o�er huge potential for monitoring, understanding, and predicting the behavior of the Earth’s
ecosystem and for advancing the science of global change.

While large-scale machine learning and data mining have greatly impacted a range of commercial appli-
cations, their use in the �eld of Earth sciences is still in the early stages. This book, edited by Ashok
Srivastava, Ramakrishna Nemani, and Karsten Steinhaeuser, serves as an outstanding resource for any-
one interested in the opportunities and challenges for the machine learning community in analyzing these
data sets to answer questions of urgent societal interest.

This book is a compilation of recent research in the application of machine learning in the �eld of Earth
sciences. It discusses a number of applications that exemplify some of the most important questions faced
by the climate and ecosystem scientists today and the role the data mining community can play in answer-
ing them. Chapters are written by experts who are working at the intersection of the two �elds. Topics
covered include modeling of weather and climate extremes, evaluation of climate models, and the use
of remote sensing data to quantify land-cover change dynamics. Collectively, they provide an excellent
cross-section of research being done in this emerging �eld of great societal importance.

I hope that this book will inspire more computer scientists to focus on environmental applications, and
Earth scientists to seek collaborations with researchers in machine learning and data mining to advance
the frontiers in Earth sciences.

Vipin Kumar, PhD
Department of Computer Science and Engineering

University of Minnesota
Minneapolis, MN
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Introduction

Our society faces an unprecedented challenge in understanding, modeling, and forecasting Earth sys-
tem dynamics that involve complex interactions among physical, biological, and socioeconomic systems.
Addressing these challenges requires the ability to incorporate potentially massive data sets taken at mul-
tiple physical scales from sensors that are geospatially distributed, which can provide information at
di�erent sampling intervals. In addition, computer simulations generate data that need to be reconciled
with observational data at di�erent spatial and temporal scales.

In recent years, researchers in Earth science, computer science, statistics, and related �elds have devel-
oped new techniques to address these challenges through interdisciplinary research. The purpose of this
book is to provide researchers and practitioners in these �elds, a broad overview of some of the key chal-
lenges in the intersection of these disciplines, and the approaches that have been taken to address them.
This highly interdisciplinary area of research is in signi�cant need for advancement on all fronts; our hope
is that this compilation will provide a resource to help further develop these areas. This book is a collection
of invited articles from leading researchers in this dynamic �eld.

The book begins with the chapter entitled, “Network Science Perspectives on Engineering Adaptation to
Climate Change and Weather Extremes” by Bhatia and Ganguly. The authors observe that extreme climate
and weather events can be correlated and can cause signi�cant stress on human-built and natural systems,
which in turn can lead to negative impacts on human populations and the economies in which they live.
They discuss in detail the idea of teleconnections, in which spatiotemporal events spanning enormous
geographical distances can show high degrees of correlation. Thus, extreme climate and weather events in
one location can induce other potentially extreme events in a distant location. The authors emphasize the
use of methods developed by network science to understand and discover such teleconnections.

Chapter 2, entitled “Structured Estimation in High Dimensions: Applications in Climate,” continues the
theme of making predictions based on observational data. Goncalves and Banerjee focus on two speci�c
problems: �rst, the authors address the problem of making temperature and precipitation predictions over
nine landmasses given measurements taken over the oceans. The authors show that by imposing known
structure on the prediction variables, the prediction quality can exceed prior baselines. The second focus of
the chapter is on combining predictions made by global climate models using a multitask learning approach
based on structured learning yielding predictions, which signi�cantly exceed competing methods.

Chapter 3, by McQuade and Monteleoni entitled, “Spatiotemporal Global Climate Model Tracking”
describes the use of ensemble machine learning models to combine predictions of global climate models
using information from spatial and temporal patterns. They explore the �xed-share algorithm and provide
an extension that allows the prediction weights of the global climate models to switch based on both spatial
and temporal patterns. This approach has thematic commonality with the preceding chapter, although it
addresses the problem using Markov random �elds.

Chapter 4 features a discussion on “Statistical Downscaling in Climate with State-of-the-Art Scalable
Machine Learning” in which Vandal, Bhatia, and Ganguly explore the important problem of projecting

xv



xvi Introduction

the output of simulations made at low spatial resolution to higher spatial resolutions necessary for study-
ing the impacts of climatic changes on socioeconomic and ecological systems. They discuss techniques
such as sparse regression, Bayesian methods, kriging, neural networks, and other transfer function-based
techniques to address the problem. In addition, the authors discuss deep belief networks and provide a
comparison of this method against other methods on a precipitation prediction problem.

In Chapter 5, Johnson and Chawla provide an overview of methods to understand and predict the
proliferation of biological species due to changes in environmental conditions. In their chapter entitled,
“Large-Scale Machine Learning for Species Distributions,” the authors provide an overview of this pressing
problem and discuss correlative methods to predict species distributions based on environmental variables.
These methods are contrasted with causal approaches that rely on signi�cant domain knowledge regarding
the species in question and the impact of environmental variations on those species. The authors provide
a theoretical framework for the correlative approaches and show how this problem can be reduced to a
familiar classi�cation problem.

Chapter 6 addresses the problem of “Using Large-Scale Machine Learning to Improve Our Under-
standing of the Formation of Tornadoes.” In this chapter, McGovern, Potvin, and Brown show how
spatiotemporal relational random forests can be used to analyze massive four-dimensional data sets to
detect and potentially di�erentiate storms that will lead to tornadoes from those that do not. The challenge
that the researchers address is multifold due to the fact that the data sets are massive while the processing
must be done in near real-time to yield actionable results. In addition to trying to address the actionability
of the results, the authors also address the problem of providing potential explanations for tornadogenesis.

Ganguly et al., utilize a critical innovation in neural networks in Chapter 7 entitled, “Deep Learning for
Very High-Resolution Imagery Classi�cation.” The authors address the problem of classifying images that
have very high resolution using a class of deep learning algorithms. The authors show the performance
of stacked autoencoders, deep belief networks, convolutional neural networks, and deep belief neural net-
works with a special set of features derived from the underlying data used as inputs. The study is performed
on a modern cloud-based computing platform and the NASA Earth Exchange (NEX) platform and reveals
that the feature extraction method coupled with the deep belief neural network has a signi�cantly higher
classi�cation performance compared to the other methods.

Chapter 8 by Kumar et al., addresses the critical problem of unmixing spectral signals in remote sensing
images of land cover. By the inherent nature of remote sensing data, any given image pixel, regardless of the
imaging resolution can be composed of many underlying sources—grass, trees, cement, water, etc. Land
cover classi�cation techniques can be improved signi�cantly through the application of algorithms that
use principled methods to decompose the spectral signals to reveal the underlying sources. This chapter
features a detailed analysis of numerous unmixing algorithms followed by a comprehensive set of results
across several data sets. Given the proliferation of medium- to high-resolution global satellite data sets,
these algorithms will play a key role in the monitoring of our planet for detecting changes in forest cover,
urbanization, and surface water.

Chapter 9 addresses the “Semantic Interoperability of Long-Tail Geoscience Resources over the Web.”
In this chapter, Elag, Kumar, Marini, and Peckham apply long-tail distributions, which are a well-known
concept in business, economics, and other disciplines in the context of numerous small, highly curated
data sets that an individual scientist may have on their local network. While each data set by itself has a
certain scienti�c value, the authors present the idea that the totality of the information contained in union
of all of these data would present an invaluable source of information across the Earth sciences. For such
data sets to be easily accessible, the authors discuss methods to improve the interoperability of the data sets
using semantic web mining. They provide concrete examples of potential approaches to embed context
and other relevant information in a geosemantics framework.

The editors are thankful to the authors of this book who have given a detailed discussion of press-
ing research issues covering a diverse array of topics ranging from combining global climate models to
new methods for creating semantic interoperability across data sets, large and small. We believe that these
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contributions will form an important resource for interdisciplinary research in the Earth and computer sci-
ences. Developing a deeper understanding of the issues facing our planet through the pursuit of scienti�c
inquiry based on observable data is more pressing now than ever before.

Ashok N. Srivastava, PhD
VP Data and Arti�cial Intelligence Systems

Chief Data Scientist, Verizon

Ramakrishna Nemani, PhD
Senior Earth Scientist

NASA Ames Research Center

Karsten Steinhaeuser, PhD
Research Scientist, Computer Science & Engineering

University of Minnesota
Data Scientist, Progeny Systems Corporation

MATLABⓇ is a trademark of The MathWorks, Inc. and is used with permission. The MathWorks does not
warrant the accuracy of the text or exercises in this book. This book’s use or discussion of MATLABⓇ

so�ware or related products does not constitute endorsement or sponsorship by The MathWorks of
a particular pedagogical approach or particular use of the MATLABⓇ so�ware.
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Network Science
Perspectives on

Engineering Adaptation
to Climate Change and

Weather Extremes

Udit Bhatia
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1.5 Case Studies: Telescoping Systems of Systems ...........................8
1.6 Conclusion...........................................................................9

1.1 Introduction

Weather and hydrological extremes, which may be exacerbated by climate variability and change [1,2],
severely stress natural, engineered, and human systems. What makes these climate hazards particularly
worrisome is their rapidly changing nature, along with our lack of understanding of the hazards attributes
that may matter the most for impact analyses. With climate change as threat multiplier, the weather
extremes have devastating impacts on essential functionality of infrastructure networks, speci�cally, life-
lines including transportation networks, power-grid, water distribution networks, and communication
networks [3]. The failure of one of the lifeline systems may cause massive social disruption, and localized
damage may trigger a cascade of failure within the network or across network multiplex [4,5]. Environ-
mental impacts of such infrastructures also span spatial scales from regional to national to global. For
example, fossil fuel combustion in power generation facilities can result in heat island e�ects, all of which
can have profuse impact on humans and biodiversity in the natural systems. The impacts of climate hazards,
and hence preparedness and management of natural hazards as well as climate adaptation [6] and to a
great extent mitigation, crucially depend upon our understanding of the interdependencies of the complex
systems. While component-based risk management frameworks have long been used to inform the dis-
aster mitigation and management, there is a growing realization that the conventional risk management
framework should be coupled with a system-based resilience approach that can confront the ever-growing
complexity and interdependencies of infrastructure systems. Challenges stem from the attributes of the
data, the systems under consideration, and the nature of the problems. One concern is the ability to deal
with “Big Data,” typically de�ned through attributes such as volume, variety, and velocity [7]. The interest in
extremes or large changes, o�en unprecedented, requires the extraction of signatures or precursors of rare
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2 Large-Scale Machine Learning in the Earth Sciences

events and anomalies. Interrelationships among systems motivate the need for correlative and predictive
analyses [8], to understand processes such as spatiotemporal complexity, cascading failures [9], and �ow
or spreading phenomena [10]. A combination of the best-available methods in data sciences (e.g., machine
learning), process models (e.g., agent-based systems), and physics models (e.g., global climate models) is
required to address these challenges. Machine learning in particular needs to be able to look for extremes,
anomalies, and change from massive and diverse (“Big”) data while being aware of complex dependence
structures. This has motivated recent advances in the machine learning literature in areas such as rare
event analytics and extreme value theory, network science, and graphical models and algorithms specif-
ically designed for massive spatiotemporal data. Complex networks, including their theory and e�cient
computational implementations [11], are among the tools that are increasingly being used by theoretical
and applied machine learning researchers to solve the urgent societal problems discussed in this chapter.

1.2 Motivation

Unprecedented end correlated weather extremes, and drastic regional climate changes, are no longer sur-
prising; legacy infrastructures are crumbling, while multilayer lifeline networks magnify stresses through
percolation within and cascading failures across layers; natural environments from wetland to marine
ecosystems are degrading beyond the stage when they can protect coastlines or cities, or recover from bio-
diversity loss, while population and assets continue to be moved in vulnerable urban or coastal regions [12];
and indirect multiplier e�ects can be large given increased connectivity [13]. Crucial issues that need to
be understood in this context are generation and/or exacerbation of extreme stresses, resilience (robust-
ness and recovery) of the interconnected built and natural systems to these stresses, and consequences
of the stresses and systemic resilience elements across impacted natural, infrastructural, and societal sys-
tems. Key knowledge gaps include understanding the generation processes [14] and statistical attribute
of the extremes, potential changes in the nature of stressors and/or stressed and impacted systems, and
uncertainties (including intrinsic variability) associated with our understanding of these entities.

In the context of climate-related hazards, there has been increasing recognition of spatial and spa-
tiotemporal correlation [15] and tail dependence among extreme events. Therefore, understanding the
dependence structure among extreme events (such as large-scale extremes and anomalies and intense local
storms, global warming, and extreme precipitation events [16]) is important to understand impacts of
these stressors on infrastructure and natural systems (stressed systems), and human lives and economies
(impacted systems). Correlation and interdependency in climate systems over large spatial scales are char-
acterized by teleconnection patterns, which refer to a recurring and persistent large-scale pressure and/or
circulation pattern that spans over vast geographical area [17]. The organization of teleconnections plays a
crucial role in stabilization of climate patterns, and hence delineating the global changes in architecture of
these patterns could be useful to identify the signature of global climate change. Temporally, climate sys-
tems are a�ected by the slow responding subsystems such as oceans, and hence climate variability usually
exhibits long-term memory, which means the present climate states may have long-term in�uences on the
states in far future [18]. Thus, the dominance of long-term processes suggests that any future exceedance
in threshold of sea-level rise regionally might be exceeded earlier or later than from anthropogenic change
alone as a result of melting glaciers and snowcaps [19]. Also, the simultaneous occurrence of extreme
events, such as simultaneous storms and �oods at di�erent locations, has serious impact on risk assessment
and mitigation strategies.

A strong feedback that exists between the weather extreme-induced stresses, and built and natural sys-
tems severely impacts these systems [20], resulting in loss of their essential functionality. These impacts
are further exacerbated by aging of critical infrastructure systems and lifelines, habitat loss and mass
extinctions in ecosystems as a result of increasing urbanization, and high population pressure. Infras-
tructure systems, which are “backbone” of prosperity and quality of life in modern societies, are highly
networked in nature, and failure of some speci�c components can result in the disruption of entire system’s
functionality via cascading failure [21]. Hence, failure in one system can percolate across the multiple sys-
tems, resulting in the extreme state of disruptions by “triggering a disruptive avalanche of cascading and
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Cascading interdependencies across natural and built environments

Stressed systems:
natural environment

Stressed systems:
built environment

Impacted systems:
society

Stressors

FIGURE 1.1 Strong interdependencies exist between the stressors (e.g., hurricane, shown in the �gure), stressed sys-
tems (e.g., ecosystems and lifeline networks for coastal megacities), and the impacted systems (e.g., urban communities
and �nancial institutions).

escalating failures” [4,5]. Similarly, loss of a small fraction of species from a natural ecosystem causes a
series of extinction of other dependent species, putting these systems at the risk of ecological community
collapse [22].

The climate- and weather-related extremes not only expose built environments to multiple hazards but
also bring about myriad consequences for humans and society. Community structure and connectivity
in the society are the key factors that determine how di�erent shocks and disruptions, both natural and
man-made, impact the society. With the arrival of new tide of “so� technologies” [23], the societies are
getting less connected physically and strongly connected virtually. While closely operating societies may
be more adaptable and resilient to these shocks [24], the vulnerability of distant people is strongly corre-
lated through global environmental changes, global market linkages, and �ows of information as shown in
Figure 1.1.

Past few decades have witnessed the steep rise in population in coastal regions, megacities, and adjoining
regions, which is expected to continue for coming decades. These populations are highly sensitive to many
hazards and risks: �ood, climate change-induced sea-level rise, and disease outbreaks. Also, the severe pop-
ulation stress in these cities as a result of mass migration and urban-centric growth puts extreme stress on
already crumbling infrastructure systems of these megacities. The combined e�ect of over-virtualization
of social networks and mass migrations coupled with evolving nature of hazards, speci�cally in the back-
drop of climate change, has made these social networks dynamic in space and time, thus contributing to
the “nonstationarity” in social networks [25]. Table 1.1 summarizes the role of “nonstationarity” and “deep
uncertainty” across the three systems under consideration.

1.3 Network Science in Climate Risk Management

Given the strong correlation that exists within and across the stressors, stressed, and impacted systems, net-
work representation can be a plausible uni�ed framework to represent knowledge in the aforementioned
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TABLE 1.1 Common Attributes of the Stressors, Stressed, and Impacted Systems

Attributes →
and systems ↓ Correlation Extremes Nonstationarity Deep uncertainty

Climate change
and weather
extremes
(stressors)

Teleconnections [17];
multivariate and
multiscale dependence;
long-term memory [8]

More intense heat
waves [26]; persisting
cold extremes [27];
intensifying precipitation
extremes [16]

Trends in
extremes [28]

Climate chaos [29];
predictive surprises [30];
climate variability [31]

Lifeline and
natural systems
(stressed)

Interdependent
systems [32];
mutualistic ecological
networks [33]

Cascades [34]; �rst-order
transition [35]; ecological
community collapse [36]

Time-evolving
networks [37]

Topological diversity [38];
parameter uncertainty [39];
chaos in ecosystems [29]

Social systems
(impacted)

Social network
analysis [40]

Extreme stress on
communities [40]

Mass
migrations [40]

Uncertain data [25];
unanticipated policies [41]

systems. However, knowledge acquired from network-based representation and analyses should be supple-
mented and complemented with the information that aids our understanding about individual systems. For
example, in case of climate-related stressors, while network can give dynamical understanding of climate
oscillators and teleconnections, data sciences, statistics, and local-scale physics [14] still play a pivotal role
in generation of actionable insights. In case of infrastructure systems, both built and natural, the network-
based knowledge needs to be complemented and supplemented with data acquisition, data representation,
information management, real-time data ingestion, and o	ine data analyses. Finally, in impacted sys-
tems, while network-based solution framework can bridge the key knowledge gaps in our understanding
of societal resilience, this knowledge may not be su�cient enough to inform the policy, econometrics, and
incentive structures for decision making.

The three systems alluded to above and represented in Figure 1.2, speci�cally, stressors (climate change
and weather extremes), stressed (lifelines and natural environment), and impacted systems (societal and
human) share two important attributes. First, the systems are dependent, o�en in a complex manner, and
further, they may be either subject to or cause/exacerbate extremes dependent in space and time, termed as
“correlated extremes.” Second, recent evolution of these system lead to what has been called “nonstation-
arity with deep uncertainty”, or considerable changes in patterns (giving rise to situations where history
is no longer a su�cient guide to future) and unwieldy uncertainty (a mix of known unknowns, unknown
unknowns, and intrinsic systemic variability).

Despite the increasing complexity in threats and interdependencies in technical, social, and econom-
ical systems, conventional risk management frameworks have focused on strengthening these speci�c
components to withstand the identi�ed threats to an acceptable level and hence preventing the overall
system failure. As outlined in the commentary in Nature Climate Change [6], enabling these capacities
requires speci�c methods to de�ne and measure resilience and modeling and simulation techniques for
highly complex systems to develop resilience engineering. Figure 1.3 shows the resilience management
framework with risk as a central component. Risk of climate-related hazards results from the interaction
of climate-related hazards with the vulnerability and exposure of natural, built, and human systems [42].

It is noted that analogy can be drawn between the three elements of risks (Figure 1.3) with the three
layers shown in Figure 1.2. That is, threats are analogous to climate stressors, vulnerabilities to the stressed
systems, and exposed systems to the impacted systems, which are social systems in the present con-
text. However, given the strong bidirectional feedback among the three systems referred to in Figure 1.2,
this analogy may not always hold true since speci�c system can assume any of the three roles in risk
management framework.

1.3.1 New Resilience Paradigm

While conventional risk management framework focuses on strengthening one speci�c component at a
time, resilience management framework adopts a holistic system-level approach to identify system-level
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Network view to stressors, stressed, and impacted systems

Regional change
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FIGURE 1.2 (See color insert.) A multilayered and uni�ed framework can represent the coupled system where
(a) climate change and weather or hydrological extremes are the stressors; (b) interdependent lifeline and envi-
ronmental systems are the stressed systems; and (c) social networks of communities and regions are the impacted
systems. This representation enables a uni�ed quantitative framework, but particular instantiations of this network
are necessary and su�cient to answer speci�c questions.
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FIGURE 1.3 In system resilience framework, risk can be interpreted as the total reduction in critical functionality,
while resilience is related to absorption of the stress, rate of reduction in essential functionality, and recovery of essential
functionality a�er adversity. The postrecovery state of the system—measured in terms of essential functionality—can
be better, equal to, or worse than prehazard state of the system.
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functionalities that are crucial, understand and improve the interconnectivity of interdependent net-
works, enhance social networks, and bridge the gaps in policy shortfalls to mitigate and recover from the
unforeseeable impacts the evolving stressors, including climate change, can produce. It should be noted
that resilience is not an alternate to either risk management or engineering design principles for designing
speci�c components. Rather, resilience is a complementary attribute to improve the traditional risk man-
agement framework, which is useful and widely accepted tool in mitigating the foreseeable and anticipated
stress situations.

A roadmap to enable resilient design practices requires (1) understanding the correlations and evolving
nature of adverse events that can impact the functionality of infrastructure systems and/or society; (2)
approaches for computing robustness of the highly complex systems; (3) identifying the most important
(or in�uential) components within individual systems; and (4) development of new simulation techniques
to understand the resilience (response and recovery) of isolated as well as interdependent systems. The
next section discusses how network science-based technology Stack (Net tech Stack) can serve as a uni�ed
framework to understand and hence quantify resilience for highly complex and interdependent systems.
However, the instantiations of each of these systems, represented by networks, are necessary to address
speci�c challenges. The representation and model can be combined with sensor and data engineering,
computational process models, data science methods, and uncertainty propagation in forward or feedback
processes to develop intervention strategies for monitoring and early warning, managing cascading failures
and graceful recovery, proactive designing, and developing vulnerability and risk models.

1.4 Network Technology Stack

As discussed in previous sections, the three systems under consideration, stressors, stressed, and impact,
are highly complex, interconnected, and interdependent in nature. Hence, understanding the complicacy
and control of these systems is one of the key challenges to enable resilient design practices. Network
science-based technology stack (Figure 1.4) in combination with data diagnostics, online (real-time) data
acquisition, o	ine data analyses, and process modeling can help in understanding the complexity and
interdependency, thus enabling the embedment of resilient engineering practices into design of the net-
worked systems. Network science-based methods have been used for change detection, correlative and
predictive analyses in weather and climate [8], robustness and resilience of infrastructures [3] and ecosys-
tems, including percolations and cascades of failures, as well as for characterization of social systems.
Thus, network science methods may act as a connective technology across the stressors, stressed, and the
impacted systems, even though a comprehensive treatment of each system will require other approaches
as well. The full technology stack that enables network science methods and their adaptation to climate
change and resilient engineering is described next.

Network science �nds its roots in graph theory and statistical physics. What distinguishes the network
science from graph theory is its empirical and data-driven nature. Tools of networks derive the formalism
to deal with graphs from graph theory and the conceptual framework to deal with universal organizing
principles and randomness from statistical physics [43]. Since real-world networks usually have massive
volume of data behind them, this �eld actively borrows algorithms from data sciences, including database
management, and data mining. From modeling perspective, a network comprises of nodes and links. Links
between a pair of nodes are placed to reproduce the complexity and randomness of individual systems. The
key attribute of each node in a given network is degree, representing the number of links it has to other
nodes with degree distribution representing the probability distribution of these degrees over the entire
network. Along with the topological complexity, these systems display a large heterogeneity in the capacity
and intensity of links, which is measured by the weight of each link. Analogous to the degree of the node,
strength of a node is measure of the sum of weight of all links incident upon a node.

Since processes that shape individual systems di�er greatly, the network architecture behind individual
systems may vary greatly. Yet a key discovery of network science is universality, which means that evolution
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Network Technology Stack
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FIGURE 1.4 (See color insert.) Complex network-based technology stack in combination with sensor and data engi-
neering, computational process models, and data science methods can potentially serve as a uni�ed framework to meet
these challenges. Tools to model single and interdependent networks come from network science and contribute to
insights for the lifelines and ecosystems. Since all the three systems—stressors, stressed, and impacted systems—share
common attributes of correlation and interdependence, fundamental network science breakthroughs and state of the
art leads to novel adaptations or (in some cases) customization and then onward to new science or engineering insights.

of networks emerging in various domains of science and technology are similar to each other, enabling the
applications of common set of mathematical and machine learning-based tools to explore these similarities
making network science applicable to the heterogeneous systems. For example, many real-life systems such
as transportation networks [44] and communication networks [45] exhibit a exponentially decaying tail in
degree distribution and hence characterized as “scale-free” networks [43].

Although real-world infrastructure systems are highly interdependent and interconnected in nature,
large number of studies have modeled and analysed the networks as single networks with underlying
assumption that these networks can be isolated from each other. However, in interdependent networks,
relatively localized failure in one system can percolate through the interconnected web or network of net-
works [5], triggering a “disruptive avalanche of cascades” [4]. Despite the fact that network science-based
methods have advanced our understanding of individual and interdependent systems, percolation-based
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models are a very stylized representation of the network’s response to the damage and hence lack the
realism to capture many of the features that contribute to the resilience and robustness of real-world sys-
tems [4]. Moreover, given the strong bidirectional feedback that exists between the climate-induced stres-
sors, stressed, and impacted systems, enabling resilient design practices requires a coherent understanding
of the feedbacks within and across these systems, network science-based frameworks, in combination
with sensor and data engineering and computational process models, which can lead to new scienti�c
and engineering insights.

1.5 Case Studies: Telescoping Systems of Systems

Given this universality and applicability of network science, complex networks have been used to under-
stand the structure, dynamics, and robustness of individual systems such as climate, Internet, transporta-
tion networks, and ecological and social systems. Network science analysis can delve into complex systems
ranging from climate networks, infrastructure systems, to ecology and human systems. While under-
standing the network characteristics is crucial to understand the fundamental network properties (such
as degree and strength distribution, network centrality measures, community structure, identi�cation of
hubs), enabling resilience into the system design may require information at higher spatial resolution (e.g.,
vulnerabilities and interdependencies of lifeline networks at facility level). In case of natural systems, net-
work science has been used to understand the large-scale interdependencies among climate variables,
regional analysis of spatial and temporal analysis of extreme rainfall patterns over South East Asia [46],
sub-system level analysis using spatial pattern analysis [52], and phase synchronization analysis to track
the climate oscillators in di�erent geographical regions [47].

In context of built systems, complex network-based framework has been used to understand the con-
nectivity patterns in infrastructure systems ranging from global (e.g., world air transportation network,
global cargo ship networks) to national (e.g., Chinese [44] and Indian railroad networks [53]) to system
scale (e.g., Boston subway) [51].

Similarly, social networks have been studied at multiple spatial scales to understand the network charac-
teristics at global scales (e.g., robustness and search in global social networks), national scale (e.g., impact of
climate-related hazards on social networks in Uruguay), and to answer speci�c questions (e.g., identifying
key players in the key network).

Table 1.2 shows the applicability of network science to stressors, stressed, and impacted systems at spatial
scales ranging from global to regional to local. Despite the generalizability of network science-based tools
to a broad spectrum of systems, the insights obtained at a particular spatial scale may not be generalized at
multiple spatial scales. Hence, development of network science-based “telescoping of systems-of-systems”
(Figure 1.5), analogous to nested systems in climate (e.g., regional climate models [RCMs] that sit within

TABLE 1.2 Conceptual Representation of “Telescoping Systems of Systems” for Infrastructure Systems Operating at
Spatial Scales Ranging from System to Regional to National and Global Scales

Scale → and systems ↓ Global Regional/national System level

Climate change and
weather extremes
(stressors)

Multiscale dependence in
climate systems [8]

Analysis of spatiotemporal
monsoon rainfalls over
South Asia [46]

Phase synchronization
analysis to track
El-Niño [47]

Lifeline and natural
systems (stressed)

Air transportation
network [48]; global cargo
networks [49]

National Railways
system [44]; resilience of
urban infrastructure [50]

Small world property in
Boston subway [51];
nestedness in
ecosystems [33]

Social systems
(impacted)

Search in global social
networks

National social networks;
Anatomy of urban–social
networks

Key players in social
networks
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FIGURE 1.5 “Telescoping systems of systems” for multiscale infrastructure systems.

global circulation models [GCMs]), can provide more speci�c detailed simulations for systems operating
at diverse spatial scales.

1.6 Conclusion

The challenges in the coupled system-of-systems comprised of the stressors (climate change and extreme
weather), stressed (built-natural lifelines), and impacted (human and social) systems are twofold: corre-
lated and unprecedented extremes on highly interconnected systems as well as nonstationarity and deep
uncertainty in the systems. Nonstationarity in this context goes beyond statistical de�nitions to large
changes where history is no longer a su�cient guide to the future and engineering and planning principles
need to change accordingly, while deep uncertainty refers to situations where translation to likelihood-
based risks and hence risk-based design may not be feasible, thus motivating �exible design principles.
While complex network-based frameworks, including network science technology stack and “telescoping
systems of systems,” could potentially help enable the resilient design practices in changing climate scenar-
ios. Given the promise these climate networks have exhibited to understand the characteristics of highly
complex systems, it may not be even necessary and su�cient to represent the systems’ state. For example,
in context of social networks, though network science-based methodologies have delved crucial informa-
tion about architecture of these networks, it does not take into behavioral, social, and cultural attributes of
these systems into account. Similarly, in context of climate-related stressors, while understanding of cou-
pling in climate systems may yield new insights about stability of climate systems, processes that generate
extremes may be synoptic or mesoscale. This means that the network science should not serve as “the ham-
mer and the nail” solution to the challenges discussed for each of the three systems. Enabling the resilient
design and engineering practices, speci�cally in the context of climate change and weather-related haz-
ards, needs to integrate the system-level visualization with sensor and data engineering, computational
process models, data science methods, and uncertainty propagation in forward or feedback processes.
A 2014 survey at the World Economic Forum (WEF) identi�ed “failure of climate change mitigation and
adaptation” and “greater incidence of extreme weather events (e.g., �oods, storms, �res)” as two of the top
ten global risks of highest concern. The U.S. National Academy of Engineering (NAE) lists “restore and
improve urban infrastructures” and “engineer the tools for scienti�c discovery” as two of fourteen grand
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FIGURE 1.6 Motivating climate-aware engineering to meet the uncertain disasters.

challenges in engineering. The broad vision for future research is to create a consensus for addressing the
challenges described in this chapter. A critical momentum is needed (Figure 1.6) to prevent from plunging
into a vicious cycle of economic disincentives, policy myopia, and social inertia, resulting in stagnation
of engineering and science, to a virtuous cycle of resilient infrastructures, climate preparedness, sustained
economic growth, social justice, and greater security.

References

1. Climate change: Cold spells in a warm world. Nature, 472(7342):139–139, April 2011. Available at
http://www.nature.com/nature/journal/v472/n7342/full/472139d.html.

2. Aiguo Dai. Increasing drought under global warming in observations and models. Nature Climate
Change, 3(1):52–58, January 2013.

3. Udit Bhatia, Devashish Kumar, Evan Kodra et al. Network science based quanti�cation of resilience
demonstrated on the Indian railways network. PLOS ONE, 10(11):e0141890, 2015.

4. Alessandro Vespignani. Complex networks: The fragility of interdependency. Nature,
464(7291):984–985, April 2010.

5. Jianxi Gao, Sergey V. Buldyrev, H. et al. Percolation of a general network of networks. Physical Review
E, 88(6):062816, December 2013.

6. Igor Linkov, Todd Bridges, Felix Creutzig et al. Changing the resilience paradigm. Nature Climate
Change, 4(6):407–409, June 2014

7. Amit Sheth. Transforming Big Data into smart data: Deriving value via harnessing volume, vari-
ety, and velocity using semantic techniques and technologies. In 2014 IEEE 30th International
Conference on Data Engineering (ICDE), pp. 2–2, March 2014.

8. Karsten Steinhaeuser, Auroop R. Ganguly, and Nitesh V. Chawla. Multivariate and multiscale
dependence in the global climate system revealed through complex networks. Climate Dynamics,
39(3–4):889–895, June 2011.

9. Zhenning Kong and E.M. Yeh. Resilience to degree-dependent and cascading node failures in ran-
dom geometric networks. IEEE Transactions on Information Theory, 56(11):5533–5546, November
2010.

http://www.nature.com/nature/journal/v472/n7342/full/472139d.html


Network Science Perspectives on Engineering Adaptation 11

10. Linyun Yu, Peng Cui, Fei Wang et al. From micro to macro: Uncovering and predicting infor-
mation cascading process with behavioral dynamics. arXiv:1505.07193 [physics], May 2015. arXiv:
1505.07193.

11. Mario Ventresca and Dionne Aleman. E�ciently identifying critical nodes in large complex net-
works. Computational Social Networks, 2(1):6, March 2015.

12. Jeroen C. J. H. Aerts, W. J. Wouter Botzen et al. Evaluating �ood resilience strategies for coastal
megacities. Science, 344(6183):473–475, May 2014.

13. S.M. Rinaldi, J.P. Peerenboom, and T.K. Kelly. Identifying, understanding, and analyzing critical
infrastructure interdependencies. IEEE Control Systems, 21(6):11–25, December 2001.

14. Paul A. O’Gorman and Tapio Schneider. The physical basis for increases in precipitation extremes
in simulations of 21st-century climate change. Proceedings of the National Academy of Sciences,
106(35):14773–14777, September 2009.

15. Gabriel Kuhn, Shiraj Khan, Auroop R. Ganguly et al. Geospatialtemporal dependence among weekly
precipitation extremes with applications to observations and climate model simulations in South
America. Advances in Water Resources, 30(12):2401–2423, December 2007.

16. Seung-Ki Min, Xuebin Zhang, Francis W. Zwiers et al. Human contribution to more-intense
precipitation extremes. Nature, 470(7334):378–381, February 2011.

17. Anastasios A. Tsonis, Kyle L. Swanson et al. On the role of atmospheric teleconnections in climate.
Journal of Climate, 21(12):2990–3001, June 2008.

18. Naiming Yuan, Zuntao Fu, and Shida Liu. Extracting climate memory using fractional integrated
statistical model: A new perspective on climate prediction. Scienti�c Reports, 4, October 2014.

19. Sönke Dangendorf, Diego Rybski, Christoph Mudersbach et al. Evidence for long-term memory in
sea level. Geophysical Research Letters, 41(15):2014GL060538, August 2014.

20. D. J. Rapport, H. A. Regier, and T. C. Hutchinson. Ecosystem behavior under stress. The American
Naturalist, 125(5):617–640, May 1985.

21. Sergey V. Buldyrev, Roni Parshani, Gerald Paul et al. Catastrophic cascade of failures in interdepen-
dent networks. Nature, 464(7291):1025–1028, April 2010.

22. Mikael Lytzau Forup, Kate S. E. Henson, Paul G. Craze et al. The restoration of ecological inter-
actions: Plantpollinator networks on ancient and restored heathlands. Journal of Applied Ecology,
45(3):742–752, June 2008.

23. Zhouying Jin. Global Technological Change: From Hard Technology to So� Technology. Chicago:
Intellect Books, 2011.

24. W Neil Adger, Hallie Eakin, and Alexandra Winkels. Nested and teleconnected vulnerabilities to
environmental change. Frontiers in Ecology and the Environment, 7(3):150–157, May 2008.

25. Eytan Adar and Christopher Ré. Managing uncertainty in social networks. IEEE Data Engineering
Bulletin, 30:2007, 2007.

26. Gerald A. Meehl and Claudia Tebaldi. More intense, more frequent, and longer lasting heat waves
in the 21st century. Science, 305(5686):994–997, August 2004.

27. Evan Kodra, Karsten Steinhaeuser, and Auroop R. Ganguly. Persisting cold extremes under 21st-
century warming scenarios. Geophysical Research Letters, 38(8):L08705, April 2011.

28. Kenneth E. Kunkel, Karen Andsager, and David R. Easterling. Long-term trends in extreme precipi-
tation events over the conterminous United States and Canada. Journal of Climate, 12(8):2515–2527,
August 1999.

29. William M. Scha�er. Order and chaos in ecological systems. Ecology, 66(1):93–106, February 1985.
30. Ning Lin and Kerry Emanuel. Grey swan tropical cyclones. Nature Climate Change, advance online

publication, August 2015.
31. Richard W. Katz and Barbara G. Brown. Extreme events in a changing climate: Variability is more

important than averages. Climatic Change, 21(3):289–302, July 1992.
32. Jianxi Gao, Sergey V. Buldyrev, H. Eugene Stanley et al. Networks formed from interdependent

networks. Nature Physics, 8(1):40–48, January 2012.



12 Large-Scale Machine Learning in the Earth Sciences

33. Jordi Bascompte, Pedro Jordano, Carlos J. Melin et al. The nested assembly of plant animal mutu-
alistic networks. Proceedings of the National Academy of Sciences, 100(16):9383–9387, August
2003.

34. Leonardo Dueñas-Osorio and Srivishnu Mohan Vemuru. Cascading failures in complex infrastruc-
ture systems. Structural Safety, 31(2):157–167, March 2009.

35. Jianxi Gao, Sergey V. Buldyrev, Shlomo Havlin et al. Robustness of a network of networks. Physical
Review Letters, 107(19):195701, November 2011.

36. Thomas LaBar, Colin Campbell, Suann Yang et al. Restoration of plant-pollinator interaction
networks via species translocation. Theoretical Ecology, 7(2):209–220, January 2014.

37. Reka Albert and Albert-Laszlo Barabasi. Topology of evolving networks: Local events and univer-
sality. Physical Review Letters, 85(24):5234–5237, December 2000.

38. James Winkler, Leonardo Dueñas-Osorio, Robert Stein et al. Performance assessment of topologi-
cally diverse power systems subjected to hurricane events. Reliability Engineering and System Safety,
95(4):323–336, 2010.

39. Gangquan Si, Zhiyong Sun, Hongying Zhang et al. Parameter estimation and topology identi�-
cation of uncertain fractional order complex networks. Communications in Nonlinear Science and
Numerical Simulation, 17(12):5158–5171, December 2012.

40. Berman Rachel, Claire Quinn, and Jouni Paavola. The impact of climatic hazards on social net-
work structure: Insights from community support networks in Western Uganda. Working paper,
Sustainability Research Institute, Leeds, United Kingdom, June 2014.

41. Vincent A. W. J. Marchau and Warren E. Walker. Addressing deep uncertainty using adaptive
policies: Introduction to section 2. Technological Forecasting and Social Change, 77(6):917–923, 2010.

42. IPCC. Climate Change 2014: Impacts, Adaptation, and Vulnerability. Part B: Regional Aspects. Contri-
bution of Working Group II to the Fi�h Assessment Report of the Intergovernmental Panel on Climate
Change. Barros, V.R., C.B. Field, D.J. Dokken, M.D. Mastrandrea, K.J. Mach, T.E. Bilir, M. Chat-
terjee, K.L. Ebi, Y.O. Estrada, R.C. Genova, B. Girma, E.S. Kissel, A.N. Levy, S. MacCracken, P.R.
Mastrandrea, and L.L. White (eds.). Cambridge and New York: Cambridge University Press, 2014.

43. Reka Albert and Albert-Laszlo Barabsi. Statistical mechanics of complex networks. Reviews of
Modern Physics, 74(1):47–97, January 2002.

44. W. Li and X. Cai. Empirical analysis of a scale-free railway network in China. Physica A: Statistical
Mechanics and its Applications, 382(2):693–703, August 2007.

45. Reka Albert, Hawoong Jeong, and Albert-Laszlo Barabasi. The Internet’s Achilles’ heel: Error and
attack tolerance of complex networks. Nature, 406:200–0, 2000.

46. Nishant Malik, Bodo Bookhagen, Norbert Marwan et al. Analysis of spatial and temporal extreme
monsoonal rainfall over South Asia using complex networks. Climate Dynamics, 39(3-4):971–987,
August 2011.

47. A. Gozolchiani, S. Havlin, and K. Yamasaki. Emergence of El Niño as an Autonomous Component
in the Climate Network. Physical Review Letters, 107(14):148501, September 2011.

48. R. Guimerà, S. Mossa, A. Turtschi et al. Amaral. The worldwide air transportation network: Anoma-
lous centrality, community structure, and cities’ global roles. Proceedings of the National Academy of
Sciences of the United States of America, 102(22):7794–7799, May 2005.

49. Pablo Kaluza, Andrea Kölzsch, Michael T. Gastner et al. The complex network of global cargo ship
movements. Journal of the Royal Society Interface, 7(48), July 2010.

50. Min Ouyang, Leonardo Dueñas-Osorio, and Xing Min. A three-stage resilience analysis framework
for urban infrastructure systems. Structural Safety, 3637:23–31, May 2012.

51. Vito Latora and Massimo Marchiori. Is the Boston subway a small-world network? Physica A:
Statistical Mechanics and its Applications, 314(14):109–113, November 2002.

52. Karsten Steinhaeuser and Anastasios A. Tsonis. A climate model inter-comparison at the dynamics
level. Climate Dynamics, 42(5-6):1665–1670, April 2013.

53. Parongama Sen, Subinay Dasgupta, Arnab Chatterjee et al. Small-world properties of the Indian
railway network. Physical Review E, 67(3):036106, March 2003.



2
Structured Estimation in

High Dimensions:
Applications in Climate

André R Goncalves

Arindam Banerjee

Vidyashankar
Sivakumar

Soumyadeep
Chatterjee

2.1 Introduction....................................................................... 13
2.2 Sparse Structured Estimation and Structure Learning .............. 14
2.3 Sparse Group Lasso and Climate Applications ........................ 16

SGL and Hierarchical Norms • Experiments
2.4 Multitask Sparse Structure Learning and Climate Applications . 20

Multitask Sparse Structure Learning • Experiments on GCMs
Combination

2.5 Conclusions ....................................................................... 30

2.1 Introduction

One of the central challenges of data analysis in climate science is understanding complex dependencies
between multiple spatiotemporal climate variables. The data are typically high dimensional with each cli-
mate variable in each spatial grid or time period denoting a separate dimension. In fact, in many climate
problems, the dimensionality, that is, the number of possible features or factors potentially a�ecting a
response variable, is usually much larger than the number of samples that are typically reanalysis data
sets over the past few decades. For example, in one of the problems considered in this chapter, one wants to
predict climate variables like monthly temperature, precipitable water, etc. over land locations using infor-
mation from six climate variables over oceans. We formulate it as a regression problem with the climate
variable over a land location as the response variable. We consider 439 locations on oceans, so that there
are a total of 6 × 439 = 2634 covariates in our regression problem. The data are the monthly means of
the climate variables for 1948–2007 from the National Centers for Environmental Prediction/National
Center for Atmospheric Research (NCEP/NCAR) Reanalysis 1 data set [1], so that we have a total of
60× 12 = 720 data samples. Traditional statistical methods like least squares regression do not work in
such high-dimensional, low-sample scenarios.

Another key feature in these data sets is the presence of spatial and temporal patterns and relationships.
Capturing these relationships in statistical models o�en improves estimation and prediction performance.
As an example, consider the problem of multimodel global climate model (GCM) ensemble combina-
tion. GCMs are complex mathematical models of climate systems which are run as computer simulations,
to predict climate variables such as temperature, pressure, and precipitation over multiple centuries [2].
Several such GCMs are reported to the Intergovernmental Panel on Climate Change (IPCC). Due to the
varied nature of the GCM assumptions, future projections of GCMs show high variability. To minimize the
variability and prediction error, the predictions from the various GCMs are suitably combined. One of the
popular approaches is to perform a weighted combination of GCM predictions, where the weights signify

13
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model skills. GCM model skills are estimated for each spatial location based on their performance in repro-
ducing historical observations at that spatial location. For each spatial location, GCM skill estimation is
posed as a regression problem. Reanalysis data provide historical observations of the response variable,
while the GCM predictions are the covariates, and the model skills are the parameter vectors that are to be
estimated. The model skills at di�erent spatial locations are related to each other. This can be represented
as a spatial graph, where the spatial locations are the nodes and edges represent a relationship between the
model skills for the two spatial locations connected by the edge. For example, [3] shows that, for model-
ing temperature, imposing a constraint that encourages neighboring locations to have similar weights not
only improves prediction performance but also gives interpretable results for model skill evaluation. But
in many problems, we do not know the structure of the spatial graph, that is, we do not know which spatial
locations are related, and thus one has to simultaneously learn the graph structure while estimating model
skills. Learning the structure from the data is challenging because of the large number of spatial locations.
For example, for our problem of predicting temperature over South America, the data set has 250 spatial
locations.

Similar to the climate domain, the above highlighted issues of dealing with high-dimensional data sets
are increasingly faced in domains such as astronomy, �nance, biotechnology, medicine, ecology, etc. with
the rapid development of data collection and storage technologies [4–6]. Recent advances in the �eld of
high-dimensional statistics have developed a suite of tools to analyze such high-dimensional data sets.
All of these methods are based on imposing additional constraints on the problem, which enforces some
prior structure known from the problem domain. As an example, consider the climate variable prediction
problem described earlier. We assume that only a few ocean locations are relevant for the prediction prob-
lem. It is also evident that the climate variables at a particular location are naturally grouped. Similarly,
for the GCM multimodel ensemble combination problem, we impose the constraint that the spatial graph
is sparse, that is, each node is connected to only a few other nodes in the graph. Such models have the
additional advantage of learning a parsimonious and compact model which is more interpretable. Gen-
erally, estimation involves solving a convex optimization problem, which can be e�ciently solved using
well-known convex optimization techniques.

The rest of this chapter is organized as follows. We give a brief introduction to methods in high-
dimensional statistics in Section 2.2. We elaborate on the two problems, which we brie�y discussed above,
in Sections 2.3 and 2.4 before concluding in Section 2.5.

2.2 Sparse Structured Estimation and Structure Learning

Estimating dependencies in the context of climate sciences needs to consider a few key aspects which pose
serious challenges to the state-of-the-art. Climate phenomena of interest such as change of surface air tem-
perature (SAT), can be considered manifestations of a complex nonlinear dynamical system. From such
a perspective, �nding the dependency of a variable y on another variable x is di�cult, since the number
of possible native and derived features can easily run into millions, o�en with strong spatial and temporal
correlations. Recent work on sparse regression methods provides a solution to such challenges, even in the
case when the sample size is less than the total number of features.

Structured Regression: Given a set of p covariates (X1,… ,Xp) and a predictand Y , where
E[Y|X1,… ,Xp] =

∑p
i=1 θ

∗
i Xi, linear regression aims to estimate the (unknown) statistical parameter θ∗,

from n samples (xi, yi) , i = 1,… , n. Note that a coe�cient θ∗i is zero if and only if the predictand y is
conditionally independent of Xi, given all other variables X⧵i. Thus, regression also provides an estimate of
the set of conditional dependencies between Y and the covariates. For example, for Gaussian conditional
distributions (Y|X1,… ,Xp), linear regression amounts to maximizing the conditional log-likelihood.

Regression in high-dimensional scenarios faces a key issue due to the dimensionality (p) of the problem
being larger than the sample-size (n) [7]. For a �xed sample size, the matrix of covariates, called the design
matrix, becomes ill-conditioned, or even singular when p > n [8]. In such scenarios, the estimation of
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the parameter θ is di�cult without additional constraints. Recent work on sparse regression focuses on
the scenarios where the model parameter θ∗ is sparse, meaning that many of its entries are zero [8–10],
which also signi�es a low-complexity model, since most covariates are conditionally independent of the
predictand y. Estimation proceeds by maximizing the penalized log-likelihood of data, which leads to a
regularized regression problem of the form

min
θ

((y,X), θ) + λ(θ), (2.1)

where (y,X) constitute the predictands and predictors, and (θ) is a regularizer. For example, the pop-
ular Lasso problem [9] considers an L1 norm regularizer, and least squares loss function, and requires
optimization of the following objective:

θ̂n = argmin
θ

{ 1
2n

‖y − Xθ‖2 + λn‖θ‖1

}

, (2.2)

where λn > 0 is a penalty parameter. Recent literature in machine learning and statistics has proposed
several other regularizers, such as the Group Lasso [11], which considers R(θ) =

∑

G ‖θG‖2 and enforces
sparsity of groups, the Fused Lasso [12], which considers R(θ) = ‖θ‖1 +

∑p
j=2 |θj − θj−1| and ensures that

non zero coe�cients have similar magnitudes, etc. The Lasso and related methods have been applied to
a variety of problems and domains [11,13–15], and have provided encouraging empirical results. A gen-
eralization of the Lasso is the notion of structured sparsity, wherein the model parameter θ∗ is allowed to
follow a certain hierarchical structure in the sparsity induced by the regularizer (⋅). In Section 2.3, we
discuss one such hierarchical sparse regularizer, called the Sparse Group Lasso [16–18]. The SGL has been
proposed in [17,18], and has been found to outperform unstructured sparse regularizer, such as Lasso in
various scienti�c domains [16,18].

Multitask Learning: A multitask learning (MTL) problem consists of learning, in a uni�ed framework, a
set of tasks simultaneously rather than independently. By exploiting the fact that some of the tasks might
be related, it is possible to transfer information (data samples, learned parameters, etc.) between related
tasks so that it may improve the performance of individual tasks. This transfer capability is particularly
interesting when a limited amount of data is available for each task.

In the uni�ed framework, an internal shared representation is needed to allow information exchange
between tasks. Examples of such representations include: shared hidden nodes in neural networks [19],
common prior in hierarchical Bayesian model [20], shared parameters of Gaussian process [21], etc. Other
MTL methods do not have an explicit shared representation, but instead use regularizers to impose certain
structure about task relationship, leading to a minimization problem of the form

min
�

m
∑

k=1

(

(yk,Xk), θk

)

+ λ(�) (2.3)

where λ > 0 is a penalization parameter and (⋅) is the loss function corresponding to the task being dealt
with, and includes squared loss, logistic loss, and hinge loss as examples;� is a matrix whose columns are
the parameter vectors θk for each task k = 1, ...,m. The goal is to learn K parameter vectors θ1, ..., θm ∈ ℝd

such that f (Xk, θk) ≈ yk. Examples of structure assumption include task parameter vectors of all tasks are
close to each other [22], tasks are related in a group structure [23], all models share a common set of features
[24], and task relatedness via a shared low-rank structure [25].

In many problems, only a high level or sometimes no understanding about the task relationship is avail-
able. The structure of the tasks relationship thus needs to be learned from the data. Only a few methods with
such capability have been proposed in the literature [26,27]. In Section 2.4, we discuss in detail our method-
ology for GCM combination which belongs to this class of algorithms. We also show that our method
provides a better estimation of future temperature in South America when compared with traditional
methods, while capturing the underlying dependencies between geographical locations.
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2.3 Sparse Group Lasso and Climate Applications

In order to motivate this section, let us consider a particular predictive modeling task. The task is to pre-
dict climate variables over target regions on land by using information from multiple climate variables
over oceans. From a climate science point of view, it is o�en of importance to understand how oceanic
phenomena a�ect atmospheric variables over land. For example, it is well known that Paci�c SST a�ects
much of climate across the world due to the El Niño oscillation.

The predictands of interest in this problem are (1) SAT (in ◦C) and (2) precipitable water (in kg/m2)
over nine “target regions” on land, viz., Brazil, Peru, Western and Eastern United States, Western Europe,
Sahel, South Africa, Central India, and Southeast Asia, as shown in Figure 2.1. Prediction was done for
SAT and precipitable water at each of these 9 locations and, in total, we considered 18 response variables.
These regions were chosen following [28] because of their diverse geological properties and their impact on
human interests. The covariates in our problem are six climate variables measured at ocean locations over
the entire globe: (1) SST, (2) sea level pressure, (3) precipitable water, (4) relative humidity, (5) horizontal
wind speed, and (6) vertical wind speed. From the NCEP Reanalysis 1 data set [1], one can obtain monthly
measurements of these variables from 1948 to 2007. At a 10◦ × 10◦ resolution, the data set has T = 439
locations on the oceans, so that we have p = 6 × T = 2634 covariates in our regression model. Further,
we only have N = 720 samples of monthly values over 60 years, and therefore one encounters a high-
dimensional regression problem. In such scenarios, using sparse regularizers is essential in order to control
model complexity.

Assuming a linear model, we can denote

y ∼ Xθ∗ + w, (2.4)

where y ∈ ℝn is the n-dimensional vector of observations of a climate variable at a target region, θ∗ ∈ ℝp is
the coe�cient associated with all p variables at all locations,X ∈ ℝn×p is the covariate matrix and w ∈ ℝn

is the noise vector. Our goal is twofold:

1. Understand which covariates are relevant/important for predicting the target variable.
2. Build a suitable regressor based on these relevant variable(s).

Note that the spatial structure of the data indicates a natural “grouping” of the variables at each ocean
location. Simple sparse regularizers, such as the L1 norm used in Lasso, do not respect this structure inher-
ent in the data. Structured regularizers, which impose structured sparsity that respects this spatial nature,
tend to be more useful in this scenario. The SGL (in the sequel) is a regularized regression method, a
generalization of sparse regression methods, such as the Lasso [9,10], or group Lasso [11,13].

Western U.S.

Peru

Eastern U.S.

Brazil

South Africa

IndiaSahel

Western
Europe

South-East
Asia

FIGURE 2.1 Land regions chosen for predictions (From Steinhaeuser et al. Statistical Analysis and Data Mining, 4(5),
2011).
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2.3.1 SGL and Hierarchical Norms

The geographic grouping of variables gives rise to a natural sparsity structure among covariates, viz., if a
particular location on oceans is irrelevant, then coe�cients of all variables at that location should be zero.
For example, if a particular location is deemed “relevant” then we should be able to select the “most impor-
tant” variable(s) at that location to be considered for prediction. Note that Group Lasso or Overlapping
Group Lasso will only enforce sparsity over groups of locations, and cannot select the most relevant vari-
able(s) at any geographical location. Therefore, SGL regularization is better suited to this task than only
group sparsity.

Formally, recall that we have T = 439 locations over oceans, and consider that the total number of
variables as covariates in the regression problem is p = 6 × T. Then, for a penalty parameter λn, the SGL
estimator [16] is given by

θ̂SGL = argmin
θ∈ℝp

{ 1
2N

‖y − Xθ‖2
2 + λnr(θ)

}

, (2.5)

where r is the SGL regularizer given by

r(θ) ∶= r(1,2,α) = α‖θ‖1 + (1 − α)‖θ‖1,, (2.6)

where

‖θ‖1 =
p
∑

i=1
|θi| , ‖θ‖1, =

T
∑

k=1
‖θGk

‖2 (2.7)

and  = {G1,… ,GT} are the groups of variables at the T locations considered. The mixed norm ‖θ‖1,
penalizes groups of variables at irrelevant locations, while the L1 norm ‖θ‖1 promotes sparsity among
variables chosen at selected locations.

The SGL regularizer is a tree-structured hierarchical norm regularizer, when the height of the tree is
2. The �rst level of the tree contains nodes corresponding to the T disjoint groups  = {G1,… ,GT},
while the second level contains the singletons (Figure 2.2). It combines a group-structured norm with an
element-wise norm (Equation 2.6).

Theoretically, we have illustrated in [16] that when the covariates form a hierarchy as in Figure 2.2,
SGL provides statistically consistent estimate of θ∗, that is, the estimation error ‖θ̂SGL − θ∗‖2 decreases to
zero with high probability with increasing sample size. Theoretically, the bene�t of using structured sparse

G0

G1

V1, 1 V1, 6 V2, 1 V2, 6 VT, 1 VT, 6

G2 GT

FIGURE 2.2 The hierarchical structure of the SGL norm. G1,… ,GT are groups of variables at T ocean locations,
while Vk,1,… ,Vk,6 are groups of variables at the kth location.
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regularizers over Lasso, when presence of such hierarchies are known, is twofold. First, SGL requires lower
model complexity than Lasso for similar statistical performance since the model is more constrained than
simple sparsity. Second, the error in estimation for a given (�nite) sample size is lower since entire groups
of irrelevant variables are forced to have zero coe�cients, as opposed to Lasso, which does not consider
any group sparsity.

2.3.2 Experiments

Experiments were conducted on the prediction problem discussed earlier, viz. to predict climate variables
over certain land regions using climate variables over oceans. We considered the data from January 1948
to December 1997 as the training data and from January 1998 to December 2007 as the test data in our
experiments. Therefore, the training set contained ntrain = 600 samples and the test set ntest = 120 sam-
ples. Last, we used the Sparse Learning with E�cient Projections (SLEP) package [29] for MATLABⓇ to
run SGL on our data set. It may be noted that we do not take into account temporal relationships that
exist in climate data. Moreover, since we consider monthly means, temporal lags of less than a month are
typically not present in the data. However, the data does allow us to capture more long-term dependencies
present in climate.

Removing Seasonality and Trend: As illustrated in [28], seasonality and autocorrelation within climate
data at di�erent time points o�en dominate the signal present in it. Hence, when trying to utilize such data
to capture dependency, we look at a series of anomaly values, that is, the deviation at a location from the
“normal” value. First, we remove the seasonal component present in the data by subtracting the monthly
mean from each data point and then normalize by dividing it by the monthly standard deviation. At each
location, we calculate the monthly mean μm and standard deviation σm for each month m = 1,… , 12 (i.e.,
separately for January, February, etc.), for the entire time series. Finally, we obtain the anomaly series for
location k as the z-score of the variable at location k for month m over the time series.

Further, we need to detrend the data to remove any trend components in the time series, which might
also dominate the signal present in it and bias our regression estimate. Therefore, we �t a linear trend to
the anomaly series at each location over the entire time period 1948–2010 and take the residuals by sub-
tracting the trend. We use this deseasonalized and detrended residuals as the data set for all our subsequent
experiments.

2.3.2.1 Prediction Accuracy

Evaluation of our predictions was done by computing the root mean square errors (RMSEs) on the test data
and comparing the results against those obtained in [28], using ordinary least squares (OLS) estimates, and
using Lasso. Note that the problem is high-dimensional, since the number of samples (∼ 600) for training is
much less than the problem dimensionality (∼ 2400). [28] uses a correlation-based approach to separately
cluster each ocean variable into regions using a k-means clustering algorithm. The regions (78 clusters in
total) for all ocean variables are used as covariates for doing linear regression on response variables. Their
model is referred to as the Network Clusters model. RMSE values were computed, as mentioned earlier,
by predicting monthly mean anomaly for each response variable over the test set for 10 years. The RMSE
scores are summarized in Table 2.1. We observed that SGL consistently performs better than both the
Network Clusters method and the OLS method.

The higher prediction accuracy might be explained through the model parsimony that SGL provides.
Applying SGL, only the most relevant predictor variables are given nonzero coe�cients and any irrelevant
variable is considered as noise and suppressed. Since such parsimony will be absent in OLS, the noise
contribution is large and therefore, the predictions are more erroneous. Further, SGL o�en performs better
than Lasso, although Lasso also provides model parsimony and has more freedom in selecting relevant
covariates. Moreover, structured variable selection provided by SGL o�en has greater interpretability than
Lasso. We elaborate on this aspect in Section 2.3.2.2.
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TABLE 2.1 RMSE Scores for Prediction of SAT (in ◦C) and Precipitable
water (in kg/m2) Using SGL, Lasso, Network Clusters, and OLS. The Num-
ber in Brackets Indicate Number of Covariates Selected by SGL from among
the 2634 Covariates. The Lowest RMSE Value in Each Task Is Denoted as Bold

Variable Region SGL Lasso Network Clusters OLS
A

ir
Te

m
pe

ra
tu

re
Brazil 0.198 (651) 0.211 0.534 0.348
Peru 0.247 (589) 0.259 0.468 0.387
West USA 0.270 (630) 0.291 0.767 0.402
East USA 0.304 (752) 0.307 0.815 0.348
W Europe 0.379 (835) 0.367 0.936 0.493
Sahel 0.320 (829) 0.322 0.685 0.413
S Africa 0.136 (685) 0.130 0.726 0.267
India 0.205 (664) 0.206 0.649 0.3
SE Asia 0.298 (596) 0.277 0.541 0.383

Pr
ec

ip
ita

bl
eW

at
er

Brazil 0.261 (762) 0.307 0.509 0.413
Peru 0.312 (739) 0.344 0.864 0.523
West USA 0.451 (824) 0.481 0.605 0.549
East USA 0.365 (133) 0.367 0.686 0.413
W Europe 0.358 (820) 0.321 0.450 0.551
Sahel 0.427 (94) 0.413 0.533 0.523
S Africa 0.235 (34) 0.215 0.697 0.378
India 0.146 (593) 0.143 0.672 0.264
SE Asia 0.159 (571) 0.168 0.665 0.312

Source: K. Steinhaeuser, et al. Statistical Analysis and Data Mining, 4(5), 2011.
Abbreviations: Lasso, Least Absolute Shrinkage and Selection Operator; OLS, ordi-
nary least squares; RMSE, root mean square errors; SGL, Sparse Group Lasso.

2.3.2.2 Variable Selection for Brazil

The high prediction accuracy of SGL brings to light the inherent power of the model to select appropriate
variables (or features) from the covariates during its training phase. To quantitatively elaborate on this
aspect, we looked more closely at temperature prediction in Brazil.

In order to evaluate the covariates which consistently get selected from the set, we conduct hold out
cross-validation. During the training phase, an ocean variable was considered selected, if it had a corre-
sponding nonzero coe�cient. So, in each run of cross-validation, some of the covariates were selected,
while others were not.

We observed that there are ∼ 60 covariates among the 2634 covariates that are selected in every single
run of cross-validation. In Figure 2.3, we plot the covariates which are given high-coe�cient magnitudes by
SGL by training on the training data set from years 1948 to 1997, in order to illustrate that SGL consistently
selects relevant covariates. It turns out that these covariates are exactly those which were selected in every
cross-validation run. Most of these covariates lie o� the coast of Brazil. The in�uences of horizontal wind
speed and pressure are captured, which is consistent with the fact that the ocean currents a�ect land climate
typically through horizontal wind. The tropical climate over Brazil is expected to be in�uenced by the inter
tropical convergence from the north, polar fronts from the south, and disturbances in ocean currents from
the west, as well as the in�uence of Easterlies from the east and immediate south. It is interesting to see that
SGL model captures these in�uences, as well as the spatial autocorrelation present in climate data, without
having any explicit assumptions.

In order to do a comparison, in Figure 2.4 we plot the variables selected by Lasso in every cross-
validation run. There is overlap between this set of variables and the ones selected by SGL, particularly
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FIGURE 2.3 Temperature prediction in Brazil: SGL-selected variables. All the plotted variables are selected in every
single run of cross-validation. SGL, Sparse Group Lasso.
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FIGURE 2.4 Temperature prediction in Brazil: Lasso-selected variables. All the plotted variables are selected in every
single run of cross-validation. Lasso, Least Absolute Shrinkage and Selection Operator.

similar variables are selected o� the coast of Brazil. However, Lasso has less discretion in the geographic
spread of variables chosen. Thus, wind, pressure, and relative humidity at various locations around the
globe are also selected, as shown in the �gure. These variables are hard to interpret climatologically, and
the model learnt by Lasso, as shown in Table 2.1, o�en performs worse than SGL.

2.4 Multitask Sparse Structure Learning and Climate Applications

GCMs are complex mathematical representations of the major climate system components (atmosphere,
land surface, ocean, and sea ice) and their interactions [2]. GCMs are important tools for improving
our understanding and predictability of climate behavior on seasonal, annual, decadal, and centennial
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timescales. Several GCMs have been proposed by climate science institutes from di�erent countries
(Table 2.2 gives a few examples).

Due to di�erent assumptions and parameterizations adopted by the di�erent models, the forecasts of
climate variables as predicted by these models exhibit high variability [2]. This in turn introduces uncer-
tainty in analysis based on these predictions. A common approach to deal with such uncertainty is to
suitably combine the projections from the di�erent climate models [2]. The simplest of such methods is
to use the average model, that is, assigning equal weights to all models. Still, other models learn weights
on models based on their skill in predicting observed climate variables. These weights are then used in a
weighted average combination model to predict future climate. The fundamental hypothesis in such mod-
els is that di�erent models have di�erent skills in modeling the climate variables or processes at di�erent
spatial locations. More recently, Subbian and Banerjee [3] proposed a spatially regularized model, which
encourages nearby geographical locations to have similar weights.

In this work, we pose the GCM combination problem as a MTL problem. Learning the model weights
at each spatial location constitutes a task. Like in [3], we assume that the di�erent tasks are related, but
instead of assuming the relationship structure we model it as a sparse graph. The graph is estimated from
the data using sparse estimation techniques. As will be seen from the results, the resulting graph is climato-
logically meaningful, and the prediction accuracy across South America signi�cantly outperforms existing
approaches.

2.4.1 Multitask Sparse Structure Learning

In this section, we describe the basic idea of our multitask sparse structure learning (MSSL) framework.
We start by giving a small description of the notations used throughout the section, followed by a short
introduction to the structure estimation problem. It will be good to remember that for this problem, learn-
ing the weights at each spatial location constitutes a task, the GCM model’s predictions for the locations
are the covariates and the samples are the GCM model’s monthly predictions across a few decades. So, for
a particular location k, the model is

yk = Xkwk + ek (2.8)

where yk represents the observed values for a climate variable for example, temperature, Xk is the GCM
model output,wk is the parameter vector, which is the model skill for location k and ek represents the error.
Our aim is to learn the wks, given a few decades of data of (yk,Xk). The idea behind MTL is that there is a
relationship between the m tasks, and we can perform better in learning thewk’s if we use this relationship
in our model than by learning the wk’s separately for each spatial location.

2.4.1.1 Notation and Preliminaries

Let m be the number of tasks, d be the number of covariates which are shared across all tasks, and nk,
k ∈ [1, ....,m] be the number of samples for each task. Also Xk ∈ ℝnk×d be the covariates matrix (input
data) for the kth task, yk ∈ ℝnk×1 be the response for the kth task, andW ∈ ℝd×m be the parameter matrix,
where columns are parameters wk for each task and ŵj denotes the j-th row ofW.

We consider a linear model yk = Xkwk + ek for each task where ek is the residual error for the kth task.
When we consider task relatedness based on the residual errors ek, we assume that all tasks have the same
number of training samples n and we de�ne the matrix E = (e1, e2, ..., em) ∈ ℝn×m. We denote the j-th
row of E as êj. Also, 
 ∈ ℝm×m is a symmetric matrix that captures the task relationship structure. ‖A‖1
and ‖A‖F are the l1 and Frobenius norm of the matrix A, respectively.

2.4.1.2 Structure Estimation

We show how to model the task relationship structure using 
 ∈ ℝm×m. Let s = (s1,… , sm) be an
m-variate random vector with joint distribution  . Any such distribution can be characterized by an
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undirected graph G = (V,E), where the vertex set V represents the m covariates of s and edge set E
represents the conditional dependence relations between the covariates of s. If si is conditionally inde-
pendent of sj given the other variables, then the edge (i, j) is not in E. Assuming s ∼  (0,�), the missing
edges correspond to zeros in the inverse covariance matrix or precision matrix given by �−1 = 
, that is,
(�−1)ij = 0 ∀(i, j) ∉ E.

Classical estimation approaches [30] work well when m is small. Given n independent and identi-
cally distributed (i.i.d.) samples s1,… , sn from the distribution, the empirical covariance matrix is �̂ =
1
n
∑n

i=1(si − s̄)
⊤(si − s̄), where s̄ = 1

n
∑n

i=1 si. However, when m ≫ n, �̂ is rank-de�cient and its inverse
cannot be used to estimate the precision matrix 
. However, for a sparse graph where most of the entries
in the precision matrix are zero, several methods exist that can estimate
 [8,31].

2.4.1.3 General MSSL Formulation

Consider the linear model, yk = Xkwk+ ek, for each task. MSSL will learn both the task parameterswk for
all tasks and the structure which will be estimated based on some information from each task. Further, the
structure is used as inductive bias in the model parameter learning process so that it may improve tasks
generalization capability. So, the learning of one task is biased by other related tasks [32].

We investigate and formalize two ways of learning the relationship structure, represented by
: (1) mod-
eling 
 from the task-speci�c parameters wk,∀k = 1, ..,m, and (2) modeling 
 from the residual errors
ek,∀k = 1, ..,m. Based on how we model 
, we propose p-MSSL (from tasks parameters) and r-MSSL
(from residual error).

At a high level, the estimation problem in r-MSSL is of the form

min
W,
≻0

m
∑

k=1

(

(yk,Xk),wk

)

+ (W,
) +1(W) +2(
), (2.9)

where (⋅) denotes a suitable task-speci�c loss function, (⋅) is the inductive bias term, and 1(⋅),2(⋅)
denote suitable sparsity inducing regularization terms. The interaction between parameters wk and the
relationship matrix 
 is captured by the (⋅) term. When 
k,k′ = 0, the parameters wk and wk′ have no
in�uence on each other.

2.4.1.4 Parameter Precision Structure

If the tasks are unrelated, one can learn the columns wk of the parameter matrix W independently for
each of the m tasks. However, if there exist relationships between the m tasks, learning the columns ofW
independently fails to take advantage of these dependencies. In such a scenario, we propose to utilize the
precision matrix
 ∈ ℝm×m among the tasks in order to capture pairwise partial correlations.

In the p-MSSL model, we assume that each row ŵj of the matrix W follows a multivariate Gaussian
distribution with zero mean and covariance matrix�, that is, ŵj ∼ (0,�) ∀j = 1,… , d, where�−1 = 
.
The problem then is to estimate both the parametersw1,… ,wm and the precision matrix
. By imposing
such a prior over the rows ofW, we are capable of explicitly estimating the dependence structure between
the tasks via the precision matrix
.

Having a multivariate Gaussian prior over the rows ofW, its posterior can be written as

 (W|(X,Y),
) ∝
m
∏

k=1

nk
∏

i=1

(

y(i)k
|

|

|

x(i)k ,wk

)

d
∏

j=1

(

ŵj|

)

, (2.10)

where the �rst term in the right-hand side denotes the conditional distribution of the response given the
input and parameters, and the second term denotes the prior over rows of W. We consider the penalized
maximization of Equation 2.10, assuming that the parameter matrix W and the precision matrix 
 are
sparse.
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2.4.1.5 Least Squares Regression

With a Gaussian conditional distribution we have


(

y(i)k
|

|

|

x(i)k ,wk

)

=
(

y(i)k
|

|

|

w⊤
k x

(i)
k , σ2

)

, (2.11)

where we assume σ2 = 1 and consider penalized maximization of Equation 2.10. We can write this opti-
mization problem as minimization of the negative logarithm of Equation 2.10, which corresponds to a
linear regression problem [33]

min
W,
≻0

{

1
2

m
∑

k=1
‖Xkwk − yk‖

2
2 −

d
2

log |
| + 1
2

tr(W
W⊤)

}

. (2.12)

In order to avoid the task imbalance problem, which arises when one task has so many data points that
it dominates the joint empirical loss, we weigh each task empirical loss inversely to its number of data
samples. Further, assuming 
 and W are sparse, we add l1-norm regularizers over both parameters and
obtain a regularized regression problem [33]. Therefore, the new formulation is

min
W,
≻0

{

1
2

m
∑

k=1

1
nk

‖Xkwk − yk‖
2
2 −

d
2

log |
| + 1
2

tr(W
W⊤) + λ‖
‖1 + γ‖W‖1

}

, (2.13)

where λ, γ > 0 are penalty parameters. The sparseness inducingl1 regularization in the weight matrixW is
to appropriately select the important features for the learning task, by setting to zero the nonrelevant ones.
From the optimization perspective, such penalization adds a nonsmooth term into the problem, which, in
principle, makes it more challenging. However, plenty of e�cient algorithms for large-scale l1-regularized
convex problems have been proposed in the recent past [34].

In this formulation, the term involving the trace outer product tr(W
W⊤) a�ects the rows ofW, such
that if
ij ≠ 0, then the columnswi andwj are constrained to be similar. We also observe that for a �xed
,
since we have the inductive bias term, the regularization overW is more like the elastic-net penalty, since it
has both l1 and l2 regularization onW. Such elastic-net type penalties have the added advantage of pick-
ing up correlated relevant covariates (unlike Lasso), but have the downside that they are hard to interpret
statistically. The objective function is nevertheless well de�ned from an optimization perspective. Also,
we note that modeling the relationship as a multivariate Gaussian distribution is not necessarily a restric-
tive assumption. Recently there has been work in developing the Gaussian copula family of models [35],
which addresses a large class of problems commonly encountered. Our framework can be extended to such
models.

To solve the optimization problem (Equation 2.13), we propose an iterative optimization algorithm
which alternates between updating W (with �xed 
) and 
 (with �xed W). This results in alternating
between solving two nonsmooth convex optimization problems in each iteration.

Alternating Optimization: The alternating minimization algorithm proceeds as follows:

1. Initialize
0 = Im andW0 = 0d×m
2. For t = 1, 2,… do

W(t+1)
|
(t) = argmin

W

{

1
2

m
∑

k=1

1
nk

‖Xkwk − yk‖
2
2 +

1
2

tr(W
(t)W⊤) + γ‖W‖1

}

(2.14)


(t+1)
|W(t+1) = argmin


≻0

{

1
2

tr(W(t+1)
W⊤(t+1)) − d
2

log |
| + λ‖
‖1

}

(2.15)



24 Large-Scale Machine Learning in the Earth Sciences

Note that this alternating minimization procedure is guaranteed to converge to a minima, since the
original problem (Equation 2.13) is convex in each argument
 andW [36].

Update forW: The update step (Equation 2.14) is a general case of the formulation proposed by Subbian
and Banerjee [3] in the context of climate model combination, where in our work,
 is any positive de�nite
precision matrix, rather than a �xed Laplacian matrix.

Using vec() notation, we can re-write the optimization problem in (Equation 2.14) as

min
W

{1
2

ñ
∑

i=1
aik

(

x̄i vec(W) − vec(Y)i
)2
+ 1

2
vec(W)⊤P(
⊗ Id)P⊤ vec(W) + γ‖W‖1

}

(2.16)

where ñ =
(

∑m
k=1 nk

)

is total number of samples from all tasks, aik is a weight corresponding to 1
nk

when
the i-th data sample is from the kth task, x̄i is the i-th row of the matrix X̄, ⊗ is the Kronecker product, Id
is a d × d identity matrix, and P is a permutation matrix that converts the column stacked arrangement of
W to a row stacked arrangement. X̄ is a block diagonal matrix where the main diagonal blocks are the task
data matricesXk,∀k = {1, ..,m} and the o�-diagonal blocks are zero matrices. Therefore, the problem is a
l1 penalized quadratic optimization program, which we solve using established proximal gradient descent
methods such as fast iterative shrinkage thresholding algorithm (FISTA) [37].

We note that in the MTL formulation, the multiple original learning tasks in Equation 2.8 are put
together in a larger regularized joint task, Equation 2.16. Therefore, even if the original tasks are in a low-
dimensional space, when dealing with hundreds of tasks, the joint task lies in a high-dimensional space.
This will be clearer from the experiments.

Note that the optimization of Equation 2.14 can be scaled up considerably by using an alternating
method of multipliers (ADMM) [38] algorithm, which decouples the non smoothl1 term from the smooth
convex terms in the objective of Equation 2.14 ADMMs [38] is a strategy that is intended to blend the ben-
e�ts of dual decomposition and augmented Lagrangian methods for constrained optimization. It takes
the form of a decomposition–coordination procedure in which the solutions to small local problems are
coordinated to �nd a solution to a large global problem [38].

Update for
:The update step for
, given in Equation 2.15, is known as sparse inverse covariance selection
problem [39], which can be e�ciently solved using ADMM [38]. We refer interested readers to Section 6.5
of [38] for details on derivation of the updates.

The problem (Equation 2.15) can be simpli�ed as

min
W

tr(S
) − log |
| + λ̄‖
‖1 (2.17)

where S is the sample covariance matrix of the task parametersW, that is, S = 1
dW

⊤W and λ̄ = 2
dλ. As λ̄ is

a user de�ned penalty parameter; we embed the scaling factor into λwithout any e�ect on the optimization
problem.

We start by forming the augmented Lagrangian function of the problem (Equation 2.17)

Lρ(
,Z,U) = tr(S
) − log |
| + λ‖Z‖1 +
ρ
2
‖
 − Z + U‖2

F −
ρ
2
‖U‖2

F (2.18)

where U is the scaled dual variable. Note that the nonsmooth convex function (Equation 2.15) is divided
into two functions by adding an auxiliary variableZ, besides a linear constraint
 = Z. The ADMM update
steps for the problem (Equation 2.17) is presented below:

1. Initialize�0 = 
(t), Z0 = 0m×m, U0 = 0m×m.
2. For l = 1, 2,… do

�(l+1) ∶= argmin
�≻0

{

tr(S�) − log |�| +
ρ
2
‖� − Z(l) + U(l)‖2

F

}

(2.19)
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Z(l+1) ∶= argmin
Z

{

λ‖Z‖1 +
ρ
2
‖�(l+1) − Z + U(l)‖2

F

}

(2.20)

U(l+1) ∶= U(l) +�(l+1) − Z(l+1). (2.21)

3. Output
(t+1) = �l, where l is the number of steps for convergence.

Each ADMM step can be solved e�ciently. For the �-update, we can observe from the �rst-order
optimality condition of Equation 2.19 and the implicit constraint� ≻ 0 that

ρ� −�−1 = ρ(Z(l) − U(l)) − S. (2.22)

Next, we take the eigenvalue decomposition of ρ(Z(l) − U(l)) − S = Q�Q⊤, where � = diag(λ1,⋯ , λm)
and Q⊤Q = QQ⊤ = I. We now multiply Equation 2.22 by Q⊤ on the le� and by Q on the right to get
ρ�̃ − �̃

−1
= Λ, where �̃ = Q⊤�Q.

�̃ii =
λi +

√

λ2
i + 4ρ

2ρ
(2.23)

Now� = Q�̃Q⊤ satis�es Equation 2.22.
The Z-update (Equation 2.20) can be computed in closed form

Z(l+1) = Sλ∕ρ
(

�(l+1) + U(l)
)

, (2.24)

where Sλ∕ρ(⋅) is an element-wise so�-thresholding operator [38].

2.4.1.6 Residual Precision Structure

In r-MSSL, we assume that the rows of the residual error matrix E, êj ∼  (0,�),∀j = 1, ..., n, where
�−1 = 
, and 
 is the precision matrix among the tasks. In contrast to p-MSSL, the relationship among
tasks is modeled in terms of partial correlations among the errors e1,… , em instead of considering explicit
dependencies between the parameters w1,… ,wm for the di�erent tasks.

Finding the dependency structure among the tasks now amounts to estimating the precision matrix
.
Such models are commonly used in spatial statistics [40] in order to capture spatial autocorrelation between
geographical locations. For example, in domains such as climate or remote sensing, there o�en exist noise
autocorrelations over the spatial domain under consideration. Incorporating this dependency through the
precision matrix of the residual errors is then more interpretable than explicitly modeling the dependency
among the parametersW.

We assume that the parameter matrix W is �xed, but unknown. Since the rows of E follow a Gaussian
distribution, maximizing the likelihood of the data, penalized with a sparse regularizer over
, reduces to
the following optimization problem:

min
W,
≻0

{ m
∑

k=1

1
nk

‖yk − Xkwk‖
2
2 −

d
2

log |
| + 1
2

tr(E
E⊤) + λ‖
‖1 + γ‖W‖1

}

subject to ek = Xkwk − Yk, k = 1,… ,m.

(2.25)

We use the alternating minimization scheme illustrated in previous sections to optimize the above objec-
tive. Note that since the objective is convex in each of its argumentsW and
, it is thus guaranteed to reach
a local minima through alternating minimization [36]. Further, the model can be extended to losses other
than the squared loss, which we obtain by assuming that the columns of E are i.i.d. Gaussian.
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Similar to most earlier work on GCMs combination, both p-MSSL and r-MSSL formulations assume that
the GCMs’ skill, characterized by the tasks’ weights, do not change over time. Ways to handle time-varying
GCMs’ skill in an MTL setting is an ongoing work.

2.4.2 Experiments on GCMs Combination

In this analysis, we consider the problem of GCM outputs combination for land surface temperature pre-
diction in South America. Being the world’s fourth-largest continent, covering approximately 12% of the
Earth’s land area, the climate of South America varies considerably. The Amazon river basin in the north
has the typical hot wet climate suitable for the growth of rain forests. The Andes Mountains, on the other
hand, remain cold throughout the year. The desert regions of Chile is the driest part of South America.

We use 10 GCMs from the CMIP5 data set [41]. The details about the origin and location of the data
sets are listed in Table 2.2.

The global observation data for surface temperature is obtained from the Climate Research Unit
(CRU, http://www.cru.uea.ac.uk). We align the data from the GCMs and CRU observations to have
the same spatial and temporal resolution, using publicly available climate data operators (CDO,
https://code.zmaw.de/projects/cdo). For all the experiments, we used a 2.5◦ × 2.5◦ grid over latitudes and
longitudes in South America, and monthly mean temperature data for 100 years, 1901–2000, with records
starting from January 16, 1901. In total, we consider 1200 time points (monthly data) and 250 spatial loca-
tions over land (Data set is available at http://www.cs.umn.edu/∼andre). For the MTL framework, each
geographical location forms a task (regression problem). Note that the original regression problems are in
a 10-dimensional space. However, as discussed earlier, when solving all the 250 regression problems in an
MTL formulation, the resulting joint regression task is in a 2500-dimensional space.

Baselines and Evaluation: We consider the following four baselines for comparison and evaluation of
MSSL performance. We will refer to these baselines and MSSL as the “models” in the sequel and the con-
stituent GCMs as “submodels,” the four baselines are (1) Average model is the current technique used
by IPCC (http://www.ipcc.ch), which assigns equal weight to all GCMs at every location; (2) Best GCM,
which uses the predicted outputs of the best GCM in the training phase (lowest RMSE), this baseline is
not a combination of models, but a single GCM instead; (3) Linear Regression is an OLS regression for
each geographic location; and (4)Multimodel Regression with Spatial Smoothing (S2M2R) is the model
recently proposed by [3], which is a special case of MSSL with pre de�ned dependence matrix 
 equal to
the Laplacian matrix.

TABLE 2.2 Earth System Models Description

Global Climate Model (GCM) Origin Ref.

BCC_CSM1.1 Beijing Climate Center, China [42]
CCSM4 National Center for Atmospheric Res., USA [43]
CESM1 National Science Foundation,

Department of Energy, NCAR, USA [44]
CSIRO Commonwealth Scienti�c and Industrial

Research Organisation, Australia [45]
HadGEM2 Met O�ce Hadley Centre, UK [46]

IPSL Institut Pierre-Simon Laplace, France [47]
MIROC5 Atmosphere and Ocean Research Inst., Japan [48]
MPI-ESM Max Planck Inst. for Meteorology, Germany [49]

MRI-CGCM3 Meteorological Research Inst., Japan [50]
NorESM Norwegian Climate Centre, Norway [51]

http://www.cru.uea.ac.uk
https://code.zmaw.de/projects/cdo
http://www.cs.umn.edu/~andre
http://www.ipcc.ch
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For our experiments, we considered a moving window of 50 years of data for training and the next
10 years for testing. This was done over 100 years of data, resulting in �ve train/test sets. Therefore, the
results are reported as the average RMSE over these test sets.

Table 2.3 reports the average and standard deviation RMSE for all 250 geographical locations. While
average model has the highest RMSE, r-MSSL has the smallest RMSE in comparison to the baselines. We
note the similarity of OLS and S2M2R performances. r-MSSL performance is slightly better than p-MSSL,
but it is not statisticallly signi�cant. Next, we show a detailed discussion focusing only on r-MSSL results.

Figure 2.5 shows the precision matrix estimated by r-MSSL algorithm and the Laplacian matrix assumed
by S2M2R. Not only is the precision matrix for r-MSSL, able to capture the relationship between a
geographical locations’ immediate neighbors (as in a grid graph), but it also recovers relationships between
locations that are not immediate neighbors.

The RMSE per geographical location for average model and r-MSSL is shown in Figure 2.6. As previously
mentioned, South America has a diverse climate and not all of the GCMs are designed to take into account
and capture this. Hence, averaging the model outputs as done by IPCC, reduces prediction accuracy. On the
other hand, r-MSSL performs better because it learns the right weight combination on the model outputs
and incorporates spatial smoothing by learning the task relatedness.

Figure 2.7 presents the relatedness structure estimated by r-MSSL among the geographical locations.
The regions connected by blue lines are dependent on each other. We immediately observe that locations
in the northwest part of South America are densely connected. This area has a typical tropical climate and
comprises the Amazon rainforest which is known for having a hot and humid climate throughout the year
with low-temperature variation [52].

TABLE 2.3 Mean and Standard Deviation of RMSE over All Loca-
tions for r-MSSL and the Baseline Algorithms. r-MSSL Performs Best
in Predicting Temperature over South America

Average Best GCM OLS S2M2R p-MSSL r-MSSL

1.621 1.410 0.866 0.863 0.783 0.780
(±0.020) (±0.037) (±0.037) (±0.067) (±0.040 ) (±0.039)

Abbreviations: MSSL, multitask sparse structure learning; S2M2R, Multi
Model Regression with Spatial Smoothing.
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FIGURE 2.5 The Laplacian matrix (on grid graph) assumed by S2M2R (le�) and the precision matrix learned by
r-MSSL (right). r-MSSL can capture spatial relations beyond immediate neighbors. MSSL, multitask sparse structure
learning; S2M2R, Multi-Model Regression with Spatial Smoothing.
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FIGURE 2.6 [Best viewed in color] RMSE per location for each one of the four approaches. Since S2M2R produced
almost the same RMSE than OLS, it is not shown in the �gure. OLS, ordinary least squares; RMSE, root mean square
errors; S2M2R, Multi-Model Regression with Spatial Smoothing.

South America

FIGURE 2.7 Relationships between geographical locations estimated by r-MSSL algorithm. The blue lines indicate
that connected locations are dependent on each other. Also see Figure 2.8 for a chord diagram of the connectivity graph.
MSSL, multitask sparse structure learning.
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FIGURE 2.8 [Best viewed in color] Chord graph representing the structure estimated by r-MSSL algorithm.

The cold climates which occur in the southernmost parts of Argentina and Chile are clearly highlighted.
Such areas have low temperatures throughout the year, but there are large daily variations [52].

An important observation can be made about the South American west coast, ranging from central Chile
to Venezuela passing through Peru, which has one of the driest deserts in the world. These areas are located
to the le� side of the Andes mountains and are known for their arid climate. The average model is not
performing well on this region compared with r-MSSL. We can see the long lines connecting these coastal
regions, which probably explains the improvement in terms of RMSE reduction achieved by r-MSSL. The
algorithm uses information from related locations to enhance its performance on these areas.

The lack of connecting lines in central Argentina can be explained by the temperate climate which
presents greater range of temperatures than the tropical climates and may have extreme climatic varia-
tions. It is a transition region between the very cold southernmost region and the hot and humid central
area of South America. It also comprises Patagonia, a semiarid scrub plateau that covers nearly all of the
southern portion of the mainland, whose climate is strongly in�uenced by the South Paci�c air current
which increases the region’s temperature variability [52]. Due to such high variability, it becomes harder
to provide accurate temperature predictions.

Figure 2.8 presents the dependency structure using a chord diagram. Each point on the periphery of
the circle is a location in South America and represents the task of learning to predict temperature at that
location. The locations are arranged serially on the periphery according to the respective countries. We
immediately observe that the locations in Brazil are heavily connected to parts of Peru, Colombia, and
parts of Bolivia. These connections are interesting as these parts of South America comprise the Amazon
rainforest. We also observe that locations within Chile and Argentina are less densely connected to other
parts of South America. A possible explanation could be that while Chile, which includes the Atacama
Desert is a dry region located to the west of the Andes, Argentina, especially the southern part experiences
heavy snowfall which is di�erent from the hot and humid rain forests or the dry and arid deserts on the
west coast. Both these regions experience climatic conditions which are disparate from the northern rain
forests and from each other. The task dependencies estimated from the data re�ect this disparity.
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2.5 Conclusions

Structured regression methods provide powerful tools for high-dimensional data analysis problems
encountered in climate science. In this chapter, we considered two such climate problems, both of which
can bene�t from the recent developments in high-dimensional regression methods. First, we considered
the task of predicting climate variables over land regions using climate variables measured over oceans.
We illustrated that the SGL can encode sparsity arising from the natural grouping within covariates,
using a hierarchical norm regularizer. Experiments prove improved prediction accuracy, and interpretable
model selection by SGL compared to ordinary least squares. Second, we considered the problem of GCM
model combination, in order to improve predictions. We formulated the problem as an MTL problem and
provided a framework for learning relationships within tasks using structure learning methods, while esti-
mating the model skills. Experimental results showed that the proposed MSSL method vastly outperforms
traditional methods such as independent regression and even state-of-the-art MTL techniques in terms
of RMSE of prediction and learns task dependencies interpretable in terms of the varied topography and
vegetations of the region. Thus, structured estimation methods hold enormous promise for applications to
statistical modeling tasks in varied climate science problems.
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3.1 Introduction

We seek to combine the predictions of global climate models in the spatiotemporal setting by incorporat-
ing spatial in�uence into the problem of learning with expert advice. Climate models, in particular general
circulation models (GCMs), are mathematical models that simulate processes in the atmosphere and ocean
such as cloud formation, rainfall, wind, ocean currents, radiative transfer through the atmosphere and so on
and are used to make climate forecasts. GCMs designed by di�erent laboratories will o�en produce signi�-
cantly di�erent predictions as a result of the varying assumptions and principles that are used to derive the
models. The Intergovernmental Panel on Climate Change (IPCC) is informed by di�erent GCMs from a
number of di�erent laboratories and groups. Due to the high variance between the di�erent models, climate
scientists are currently interested in methods to combine the predictions of this “multimodel ensemble,”
as indicated at the IPCC Expert Meeting on Assessing and Combining Multi-Model Climate Projections
in 2010.

In the usual setting for online learning with expert advice (see [1]), an algorithm maintains a set of
weights over the experts and outputs a combined prediction at each time iteration. Here an expert can be
any “black-box predictor,” and the learning algorithm does not directly incorporate any domain knowledge
of a particular set of experts. A�er outputting the combined prediction, the true state of the environment
is revealed and then the algorithm may update the weighting over experts. This problem of online learn-
ing with expert advice has been well-studied, and a number of theoretical bounds on the performance of
proposed algorithms have been established (see [1] for a thorough overview). Our contribution extends
several of these algorithms to learn with expert advice in the spatiotemporal setting.

We �rst show that several existing algorithms for online learning with expert advice are equivalent to
performing marginal inference on an appropriately de�ned Markov random �eld (MRF). We are concerned
with the setting where the best expert may change over time and space. The �xed-share algorithm of [2]

33
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models the setting where the best expert may vary over time, �xed-share can be represented as a chain MRF
(or simply a hidden Markov model [HMM] with respect to time) where there is a separate latent variable
representing the identity of the best expert at each time iteration. These latent variables are chained together
in the MRF by links that represent the transition dynamics of the best expert over time. We extend this
paradigm from the single temporal MRF chain to a lattice over space and time, developing a framework
that allows the best expert to “switch” over both space and time.

3.1.1 Related Work

A number of studies have looked at how a multimodel ensemble of climate models can be used to enhance
information over and above the information available from just one model. For example, [3,4] showed that
the average of the models’ output gives a better estimate of the real world than any single model. Addition-
ally, there has been recent work on developing and applying more sophisticated ensemble methods [5–12].
For example, Richard et al. [11], proposed univariate and multivariate Bayesian approaches to combine
the predictions over a variety of locations of a multimodel ensemble, in the batch setting. In the case of
regional climate models, Sain and Furrer [12] proposed ensemble methods involving Bayesian hierarchical
models.

Previous work provided techniques to combine the predictions of the multimodel ensemble, at various
geographic scales, when considering each geospatial region as an independent problem [4,13]. However,
since climate patterns can vary signi�cantly and concurrently across the globe, this assumption is unrealis-
tic and could therefore limit the performance of these previous approaches. Our work relates most directly
to the tracking climate models (TCMs) approach of Claire Monteleoni et al. [13]. To our knowledge, our
work is the �rst extension of the TCM to model spatial in�uence.

MRF-based methods have been used recently to analyze climate data. In [14], an MRF-based approach
was used to spatially and temporally detect drought states throughout the twentieth century. Our proposed
method di�ers from [14] in that (1) we are primarily interested in making an inference about the most
recent time slice in the MRF cube (representing best models at the current time) as the MRF grows and
evolves over time, and (2) we attempt to learn the optimal parameters for the MRF over time.

3.2 Technical Approach

3.2.1 Background

The �xed-share algorithm of [2] is one of the several “share update” algorithms from the literature on online
learning with expert advice [2,15,16] that incorporate switching dynamics to model situations where the
best expert may switch over time. Fixed-share uses the following update rule:

pt(i) =
1
Zt

[

(1 − α)pt−1(i)e−Lt−1(i) + α
n − 1

∑

j≠i
pt−1(j)e−Lt−1(j)

]

(3.1)

Here pt(i) is the weight of expert i (the probability of being the best predictor) at time t, Lt(i) is the loss
of expert i at time t (in this paper we use the squared loss: the squared di�erence between a prediction and
the observation), n is the number of experts, Zt is a normalization constant to ensure that the weights sum
to 1, and α is a parameter that captures how frequently the identity of the best expert switches. The second
term in Equation 3.1 determines, via the α parameter, how much weight an expert “shares” with the other
experts during an update. In the case where α = 0, this update rule reduces to the multiplicative updates
of the static-expert algorithm of [2], which models situations where the best expert does not change over
time.
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In [17], it was shown that a family of algorithms for online learning with experts, including �xed-share,
could be derived as Bayesian updates of the appropriately de�ned generalized* HMM, where the identity of
the current best expert is the latent variable. This family of algorithms generalizes the �xed-share algorithm
due to [2] to arbitrary transition dynamics among experts.

3.2.2 Fixed-Share Represented as an MRF

Figure 3.1 shows a standard HMM that can be used to represent �xed-share, expressed as an MRF. The
black nodes are observed variables or evidence: Lt represents the losses we observed for each GCM at time t.
The white nodes are the latent variables: pt represents the identity of the GCM that is the best predictor at
time t. Here we are primarily interested in inferences about the latent variables conditioned on the values
of the observed variables, so we are not concerned with any dependencies between the observed variables
(this can be thought of as a simpli�cation of the generalized HMM of [17], which does model dependencies
between the observed variables).

In an MRF, the joint probability distribution of all variables is expressed as a product of factors, where
each factor is a function of a subset of the variables. For pairwise MRFs, such as Figure 3.1, all factors are
a function of only two variables, and each edge in the graph represents a factor involving the two variables
connected by the edge. For every neighboring (i.e., connected by an edge) pair of variables, xi and xj, there is
an associated “energy” function E(xi, xj) that de�nes the dependency between the two variables, with lower
energy indicating a more likely state assignment for the pair. The energy between an observed variable
yi and a latent variable xi can be encoded as a function of latent variable, E(xi|yi) (for simplicity we will
represent this as E(xi)with an implied conditioning on the observed variables y). The factor associated with
each energy function is simply the exponential of the negative energy function, so the joint distribution of
all latent variables (conditioned on the observed variables) becomes

p(x1, x2,… xmax) =
1
Z

exp

{

−

(

∑

(i,j)
E(xi, xj) +

∑

i
E(xi)

)}

The indices (i, j) are over the set of all neighboring variables, and Z is a normalization factor (also known
as the partition function) [18]. The energy functions in Figure 3.1 can be de�ned to accommodate arbi-
trary transition dynamics among the experts; however, in this paper, we focus speci�cally on the transition

ptLt

Lt – 1

Lt – 2

pt – 1

pt – 2

FIGURE 3.1 Fixed-share expressed as an MRF.

* This HMM generalization allows arbitrary dependence among the observations.
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dynamics that correspond to �xed-share, which are de�ned using the α parameter. To make the marginal
inference of pt in this MRF equivalent to the �xed-share updates, we de�ne the energy functions as

EL(pt,r = i) = Lt,r(i) (3.2)

Etime(pt,r = i, pt−1,r = j) =

{

− log(1 − αtime) if i = j
− log( αtime

n−1 ) if i ≠ j
(3.3)

EL (represented by the black links in Figure 3.1) de�nes the energy between the loss and best expert
at time t (where the loss is the observed variable), and Etime (represented by the gray links in Figure 3.1)
de�nes the energy between the best experts at two sequential time iterations (both latent variables). This
is equivalent to an HMM transition matrix consisting of (1 − α) diagonal terms and α

n−1 o�-diagonal
terms. Here we also index the variables by the region (or location) r, which will be used in our extension
to the spatial lattice. Similarly, we specify αtime to indicate that this parameter represents the temporal (as
opposed to spatial) switching rate. At time t = T, before we have observed Lt , we can calculate the marginal
probability of pT in Figure 3.1 using Equations 3.2 and 3.3 to con�rm that it is equivalent to the �xed-share
update rule in Equation 3.1:

pT(i) =
1

ZT

∑

p1...pT−1

exp

{

−

(T−1
∑

t=1
E(pt+1, pt) +

T−1
∑

t=1
E(pt)

)}

Let p∗T−1 be the marginal inference of p∗T−1 at time t = T − 1

p∗T−1(i) =
1

ZT−1

∑

p1...pT−2

exp

{

−

(T−2
∑

t=1
E(pt+1, pt) +

T−2
∑

t=1
E(pt)

)}

Then

pT(i) =
1

Z′
T

∑

j
exp

{

−
(

E(pT(i), pT−1(j)) + E(pT−1(j))
)}

p∗T−1(j)

Here Z′

T normalizes this form of pT . Applying Equation 3.2

pT(i) =
1

Z′
T

∑

j
e−E(pT (i),pT−1(j))e−LT−1(j)p∗T−1(j)

Applying Equation 3.3

pT(i) =
1

Z′
T

[

(1 − α)e−LT−1(i)p∗T−1(i) +
∑

j≠i

α
n − 1

e−LT−1(j)p∗T−1(j)

]

which is equivalent to Equation 3.1.

3.2.3 Extension to the Spatial Lattice

While the �xed-share MRF in Figure 3.1 models temporal dependencies between the best expert, we also
allow the best expert to vary spatially in this work. Since an MRF is an undirected graph, this “switching”
energy function can be naturally applied to spatial links between variables as well.
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Time t

Time t

Time t – 1

FIGURE 3.2 (See color insert.) The MRF extended over space.

Figure 3.2 illustrates how we construct a spatial lattice MRF by using a �xed-share MRF at each location.
The pt node for each region is linked to each of its four adjacent spatial neighbors (the horizontal links
in Figure 3.2), with the energy of each link (Espace) taking the same form as the energy of the temporal
switching dynamics (Etime) but with a di�erent switching rate parameter αspace:

Espace(pt,r1
= i, pt,r2

= j) =

⎧

⎪

⎨

⎪

⎩

− log(1 − αspace) if i = j

− log
( αspace

n−1

)

if i ≠ j
(3.4)

where r1 and r2 are neighboring regions. Naturally, we would not expect the spatial and temporal switch-
ing rates to be the same due to the arbitrary scales for time and space, and so we have separate αspace and
αtime parameters. Note that since we now have loops in the MRF, we can no longer simply interpret these
switching rates as the probability of the best expert switching, as we could in the loopless �xed-share model.
These links represent factors of the joint distribution and in the case of a loopy MRF the strength of the
links will generally not be equivalent strength of the marginal dependence between the two variables (e.g.,
in our case, if we marginalize out all but two latent variables associated with a link, the resulting marginal
dependence will typically be stronger than the link). This does not turn out to be a problem in our frame-
work as we attempt to directly learn the optimal values for these factorized switching rates. In this work, we
assume a constant αspace value over all locations, however, extensions to allow αspace to vary over di�erent
locations could be explored in future work.

3.2.4 Learning Parameters

Since we have restricted the energy functions in the MRF to be of the form of Equations 3.2 through 3.4, we
have only two parameters that de�ne the MRF: αspace and αtime. This simpli�ed structure allows us to utilize
a variant of the Learn-α algorithm of [17]. Learn-α, depicted in Figure 3.3 [19], is a hierarchical learner that
treats each possible value of a parameter (using a discretization in the case of a continuous parameter) as
a separate expert running an instantiation of the base algorithm. Learn-α uses an exponentially weighted
update scheme to track and combine the predictions of these meta-experts. Since we have two parameters
in our MRF, and independence between the two would be too strong of an assumption, we must learn these
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Experts i = 1 . . . n

Algorithm learn–α

pt ; α(i)

pt
(α)

α–experts 1 . . . m

FIGURE 3.3 The Learn-α hierarchy.

parameters jointly—each possible pair of values (given a discretization) is treated as a separate meta-expert
by Learn-α.

3.2.5 Addressing Challenges in Climate Data

As described below, our proposed framework addresses two common challenges with climate data—grid
distortion and incomplete observation data.

3.2.5.1 Grid Distortion

GCMs produce predictions on a geographic latitude and longitude coordinate system. This type of grid
su�ers from spherical distortions toward the poles (i.e., the spacing between longitudinal lines decreases
towards the poles). Since we assume that our αspace switching rate is constant over the Earth, we need
to make an adjustment for these compressed distances. Each spatial link can be interpreted as a single-
iteration Markov chain as described in Section 3.2.1, with a transition matrix consisting of (1−α) diagonal
terms and α

n−1 o�-diagonal terms. For transition dynamics de�ned by αspace over distance d0, we need to
�nd α∗space(d) that corresponds to appropriately adjusted switching dynamics over some shorter distance d.
Given an initial set of weights p0, it can be shown algebraically that a�er k iterations of this Markov chain
(de�ning only the switching dynamics and not incorporating the loss updates), the weights will be

pk(i) =
1
n
+
(

1 − αn
n − 1

)k (
p0(i) −

1
n

)

(3.5)

The weights converge toward their steady-state uniform distribution at a rate of (1− αn
n−1 ). Indeed, (1− αn

n−1 )
is the only nonunitary eigenvalue of this transition matrix.

The compressed transition dynamics (over d) applied d0 times should be equivalent to our normal tran-
sition dynamics (over d0) applied d times, since in both cases the resulting dynamics should correspond
to a distance of d0d. Evaluating this in the context of Equation 3.5 yields

α∗space(d) =
n − 1

n

[

1 −
(

1 − αn
n − 1

)
d

d0

]

(3.6)

In the case of the latitude and longitude grid over a sphere, at a latitude of ϕ degrees, the distance between
the longitudinal lines will be compressed by a factor of

d
d0
= cos

(

ϕπ
180

)

(3.7)
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3.2.5.2 Handling Missing Observations

In many cases, observed data are not available over the entire Earth for all time iterations. Our MRF-based
framework proposed in this paper can easily handle partially or completely missing observed data. When
observed data are not available, there is no observed “loss” node attached to the hidden variable for that
location and time because loss is a function of the observation (in other words, E(xi) can be treated as a
constant). This allows for both spatial and temporal in�uence to continue passing through that hidden
node without creating discontinuities in the grid, and an inference can still be made for that node based
on the spatial and more distant temporal neighbors.

3.2.6 Inference in the MRF

In the case of the temporal �xed-share MRF with no loops, the exact marginal probabilities of the
hidden variable can be quickly calculated using simple algorithms such as belief propagation [18],
producing results equivalent to the �xed-share algorithm. However, in our spatiotemporal MRF, the
presence of loops makes both maximum a posteriori (MAP) inference and marginal inference much
more di�cult. There has been much progress in developing e�cient approximate MAP solvers in recent
years; see [20] for an overview of recent methods. These MAP solvers can be useful in our frame-
work for predicting with the most likely expert at each location, however, in many cases we will want
to form a combined weighted prediction using all of the experts. In these situations, we need to esti-
mate the full marginal distributions of the hidden variables, which is a di�erent problem than MAP
estimation.

For the majority of our experimental results, we utilize Gibbs sampling to perform inference on the MRF.
Gibbs sampling is a Markov chain Monte Carlo (MCMC) technique for generating unbiased samples from
the probability distribution [21]. By accumulating Gibbs samples, we obtain an unbiased estimate for the
marginal distribution of each latent variable. We use this estimated marginal distribution to form a �nal
prediction for each location and time, either by taking a weighted average of the GCM predictions (using
the marginal distribution as the weights) or by taking the prediction of the most likely (max-marginal)
GCM.

While Gibbs sampling does produce unbiased estimates, it can be computationally expensive to achieve
su�cient convergence, particularly with MRFs with stronger (more deterministic) links between variables.
Furthermore, our MRF cube grows at each time iteration, and we must restart the Gibbs sampling at each
time iteration on the new larger MRF. These challenges motivate us to develop a fast approximate algorithm
that can be run in a true online setting, which we describe in Section 3.2.8.

3.2.7 Summary of the MRF-based Method

The entire MRF-based procedure including the calculation of the losses, the construction of the MRF,
inference in the MRF, and hierarchical learning of the α parameters is summarized in Box 3.1. The
MRF-based procedure takes a set of q geospatial regions indexed by r as input, along with weights
wr . These user-speci�ed weights are used to calculate a weighted global prediction and could capture
information such as the number of data points in each region or the area of each region. There are n
global climate models that are indexed by i; here the ith model’s prediction at time t, Mi,r(t) is addi-
tionally indexed by r, the geospatial region. Similarly, j and k index the hierarchical meta-experts (in
the context of the Learn-α algorithm), each MRF inference algorithm running with di�erent values of
the parameters αtime and αspace, computed via the discretization procedure in [17]. The weight of each
meta-expert indexed by (j, k) is represented by pAlpha[t, j, k, r] at region r and time t. The weight of
each GCM i is represented by pt,j,k,r(i) at time t and for αtime and αspace values indexed by j and k,
respectively.
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Box 3.1 MRF-BASED
TRACKING OF CLIMATE
MODELS

Input:
Set of geographic subregions, indexed by r ∈ {1,⋯ , q} that collectively

span the globe, with weights wr .
Set of climate models, Mi,r , i ∈ {1,⋯ , n} that output predictions Mi,r(t) at

each time t and each region r.
Set of αtime,j ∈ [0, 1], j ∈ {1,⋯ ,mtime} //Discretization of αtime parameter.
Set of αspace,k ∈ [0, 1], k ∈ {1,⋯ ,mspace} //Discretization of αspace parameter.

Initialization:
∀j, k, MRFj,k ← ∅ //Initialize the MRF to an empty graph.
∀j, k, r pAlphat=1,r(j, k)← 1

mtimemspace
//Initial weight of each meta-expert.

Upon tth observation:
For each r ∈ {1… q}, i ∈ {1… n}:
Lt,r(i) ← (yt,r −Mi,r(t))2

For each j ∈ {1…mtime}, k ∈ {1…mspace}:
Append a new time layer to MRFj,k using Equations 3.2 through 3.4
∀t, r, pt,j,k,r ← Marginals(MRFj,k) //Inference to assign weights to each GCM.
For each r ∈ {1… q}:

LossPerAlpha[j, k, r] ← − log
∑n

i=1 pt,j,k,r(i) e−Lt,r(i)

pAlphat+1,r(j, k)← pAlphat,r(j, k) e−LossPerAlpha[j,k,r]

//Weighted or Max Prediction Combination:
PredictionPerAlpha[j, k, r] ←

∑n
i=1 pt+1,j,k,r(i)Mi,r(t + 1)

Normalize pAlpha over j, k.
//Weighted or Max Prediction Combination:
∀r, Prediction[r] ←

∑

j,k
pAlphat+1,r(j, k) PredictionPerAlpha[j, k, r]

GlobalPrediction ←
∑q

r=1 wr Prediction[r]

3.2.8 NTCM: An Approximate Online Method

We now address some of the computational issues in the MRF-based framework and propose an alternative
online algorithm, Neighborhood-augmented Tracking Climate Models (NTCM), which we introduced in
[19], to approximate the spatial in�uence of our MRF in a more e�cient manner. NTCM can be viewed
as a spatial extension to the nonspatial TCMs algorithm of [13]. TCM maintains a set of weights over
climate models in a single region using a Learn-α hierarchy (see Section 3.2.4) of �xed-share algorithms
(see Section 3.2.1). The TCM algorithm is equivalent to our MRF-based framework run on only one region
(i.e., no spatial switching dynamics). In this situation, the MRF becomes a chain without loops and exact
inference is computationally simple. With NTCM, we attempt to preserve the computational e�ciency of
TCM, while incorporating some notion of spatial in�uence between neighboring regions. We accomplish
this in NTCM by running the TCM algorithm at multiple locations and modifying the transition dynamics
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over time (corresponding to a nonhomogeneous HMM) to favor transitions to experts that are performing
well in neighboring regions.

P(i | k; α, β, r, t) =

⎧

⎪

⎨

⎪

⎩

(1 − α) if i=k

1
Z

[

(1 − β) + β 1
|S(r)|

∑

s∈S(r)
Pexpert(i, t, s)

]

if i≠k (3.8)

where Z = 1
α

∑

i ∈ {1⋯ n}
s.t. i ≠ k

[

(1 − β) + β 1
|S(r)|

∑

s∈S(r)
Pexpert(i, t, s)

]

Box 3.2 shows our NTCM algorithm, using similar notation to Box 3.1. Note that in the context of
NTCM there is only one α parameter (governing the temporal switching rate), so we simply refer to this

Box 3.2 NEIGHBORHOOD-
AUGMENTED TRACKING
CLIMATE MODELS

Input:
Set of geographic subregions, indexed by r ∈ {1,⋯ , q} that collectively

span the globe, with weights wr .
Set of climate models, Mi,r , i ∈ {1,⋯ , n} that output predictions Mi,r(t) at

each time t and each region r.
Set of αj ∈ [0, 1], j ∈ {1,⋯ ,m} //Discretization of α parameter.
β, a parameter for regulating the magnitude of the spatial in�uence

Initialization:
∀j, r, pAlphat=1,r(j)←

1
m //Initial weight of each meta-expert.

∀i, j, r, pt=1,j,r(i)←
1
n //Initial weight of each expert.

Upon tth observation:
For each r ∈ {1… q}:
Set P(i|k; αj, β, r, t) using Equation 3.8, ∀i, k ∈ {1,… , n}, j ∈ {1,… ,m}.
For each i ∈ {1… n}:
Lt,r(i)← (yt,r −Mi,r(t))2

For each j ∈ {1…m}:
LossPerAlpha[j] ← − log

∑n
i=1 pt,j,r(i) e−Lt,r(i)

pAlphat+1,r(j) ← pAlphat,r(j)e−LossPerAlpha[j]

For each i ∈ {1… n}:
pt+1,j,r(i) ←

∑n
k=1 pt,j,r(k) e−Lt,r(i) P(i|k; αj, β, r, t)

Normalize pt+1,j,r
//Weighted or Max Prediction Combination:
PredictionPerAlpha[j, r] ←

∑n
i=1 pt+1,j,r(i)Mi,r(t + 1)

Normalize pAlphat+1,r
//Weighted or Max Prediction Combination:
Prediction[r] ←

∑m
j=1 pAlphat+1,r(j) PredictionPerAlpha[j, r]

GlobalPrediction ←
∑q

r=1 wr Prediction[r]
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parameter as α, whereas in context of the MRF framework we have two separate α parameters and usually
specify αspace or αtime. Figure 3.4 illustrates the general concept of NTCM—separate instance of Learn-α
running in di�erent regions with spatial in�uence between neighbors.

For each region r, the nonhomogeneous transition matrix among experts is de�ned by P(i | k; α, β, r, t) in
Equation 3.8. S(r) is the set of all geographical regions that are spatial neighbors for the region r. This set is
determined by the neighborhood scheme, which could be de�ned using a variety of shapes and sizes. In this
work, we de�ne the neighborhood as the four adjacent regions (as described in more detail in Section 3.3),
however, one could also consider other options such as more circularly de�ned neighborhoods or a scheme
that is complex enough to model teleconnections. β is a parameter regulating the magnitude of the spatial
in�uence, Pexpert(i, t, s) (conditioned over allα values) is the current probability of expert (climate model)
i, as determined by the modi�ed Learn-α algorithm for spatial neighbor s, and Z is a normalization factor
that ensures that each row of the transition matrix sums to 1 (i.e., the o�-diagonal terms of each row sum
to α).

The β parameter regulates the in�uence of the spatial neighbors. β value of 0 models no spatial
in�uence and corresponds to the normal Learn-α algorithm (with the switching probability α being shared
equally by all experts). Note, however, that our master algorithm still di�ers from Learn-α in that we run
multiple instances of Learn-α, one per geospatial region, r. A β value of 1 would distribute the switching
probability α based solely on the expert probabilities of the spatial neighbors. An interesting direction of
future work is to extend the algorithm to simultaneously learn β, analogously to the learning of α.

3.2.8.1 Time Complexity of NTCM

The total running time of the global Learn-α algorithm with m values of α, a set of n models, over t time
iterations, is bounded by O(tmn2), excluding all data preprocessing and anomaly calculations. Subdividing
the globe into q regions adds a factor of q to this bound. The addition of the neighborhood augmentation

FIGURE 3.4 (See color insert.) The NTCM algorithm with Learn-α running on each region and spatial in�uence
between the regions.
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requires O(sn2) steps each time an HMM transition matrix is updated, where s is the number of neighbors.
Since the matrix would need to be updated for each time iteration, for each geographic region and for each
α-value, the overall complexity would be increased by a factor of qs to O(qstmn2). Additionally, if b separate
β values are used, the complexity would further increase by a factor of b. The total running time of NTCM
will be bounded by O(bqstmn2), linear in all factors except the number of models.

3.3 Experiments

In this section, we describe empirical results comparing our MRF-based method and the more e�cient
NTCM algorithm to several existing methods. We primarily compare our results to the Learn-α algorithm
[17] that was used for TCMs in [13]. Note that the TCM approach is equivalent to our NTCM approach
without any spatial in�uence (i.e., NTCM with β = 0). Throughout our results, we refer to our proposed
MRF framework as the MRF-Based Approach and NTCM (typically with β = 1) as NTCM. For comparisons
with existing methods, we evaluate the performance relative to Learn-α run independently on multiple
regions as Regional Learn-α and Learn-α run at the global level as Global Learn-α.

All of the methods we examine maintain a set of weights over the models in the ensemble (these weights
can be interpreted as the probability of a model being the best predictor in the context of our graphical
models). Given these weights, several di�erent prediction strategies could be employed. Two examples
of simple prediction strategies are the weighted mean (using the weights to combine all model predic-
tions) and most probable expert (using the prediction of only the highest weighted expert). Since our
primary objective was to identify the best model at a given time and location, we use the most probable
expert strategy in most experiments to produce our results. In the context of our MRF, the most probable
expert strategy is equivalent to marginal MAP estimation for all the latent variables individually, where
we estimate the state of each latent variable (i.e., the identity of the best climate model) by calculating the
mode of its marginal distribution. In our simulated data experiments, we use the well-studied graph cuts
method (see [22]) to produce an exact MAP estimate for all latent variables in our MRF (in general, the
MAP estimate is not the same as the marginal MAP estimate that corresponds to the most probable expert
strategy).

We primarily report two types of loss in our results—the global loss and the mean regional loss. We
use the squared loss for all algorithms and results. In this context, the global loss is the squared di�erence
between the most probable model prediction (averaged over all valid regions) and the observed value (also
averaged over all valid regions). The mean regional loss is the regional loss averaged over all regions, where
the regional loss is the squared di�erence between the most probable model prediction and the observed
value in a given region.

We are interested in the performance of our algorithms over large time periods, rather than at individual
time iterations. As we are limited to a single hindcast data set for the climate model predictions, we report
bootstrapped results to establish the signi�cance between the performance of di�erent algorithms over the
entire time period. We use the block bootstrap method of [23], with a block size of 10, to help preserve the
time dependencies in the sequences of losses.

In many of our results, we report the cumulative loss, which is the cumulative sum of losses up to a certain
point in the hindcast (we typically plot this quantity as it increases over the entire hindcast period). Our
motivation here is to analyze how performance changes over the hindcast, rather than to just summarize
performance over the whole hindcast. Not that the cumulative loss at the end of the hindcast period is
simply the mean loss over the hindcast multiplied by a constant factor (the number of time iterations).

Note that for these results we do not employ the correction for grid distortion or missing data described
in Section 3.2.5. While the MRF-based approach is entirely capable of handling these issues, we omit the
corrections for a fair and direct comparison with NTCM and the Learn-α methods, which do not have
similar corrections to account for these issues. As such, we discard any region where observed data were
not available at any point during the hindcast run.
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In Section 3.3.1, we report results of experiments using simulated data in a simpli�ed setting. The
object of these simulated data experiments is to verify that our MRF-based approach performs well in
its intended setting and that the NTCM provides a reasonable approximation. In Section 3.3.2, we report
results of experiments involving surface air temperature predictions of historical climate models ensembles
(hindcasts), using records of observed data to calculate the losses.

3.3.1 Simulated Data

We conducted experiments with simulated data sampled from an MRF (the generating MRF) that was
structured similarly to the MRF used in our proposed algorithm. The primary goal of these experiments
was to demonstrate that our proposed framework performs well when the MRF model accurately describes
the data generation process. The generating MRF replicated the latent nodes and their interconnections
(but not the observed nodes) from our proposed MRF model. We then ran a MCMC simulation on the
generating MRF, resulting in an unbiased sample of values for all the nodes. These sampled values represent
simulated identities of the best GCM at each location and time. The MCMC simulation was conducted with
the following parameters: 36 × 72 grid of spatial locations (simulating a 5 degree latitude/longitude grid),
100 time iterations, two GCMs, αspace = αtime = 0.25, MCMC burn-in period of 1000 iterations.

A�er obtaining a sample of the latent nodes, the observed nodes (representing the losses for each GCM
at each location and time) were simulated by sampling from a normal distribution as follows: for the “best”
GCM (corresponding to the sampled value of the latent node), the loss was generated by normal (0,1)
distribution truncated at 0 so that the loss would be positive; for the other GCM (not the best), the loss was
generated by normal (1,1) distribution again truncated at 0.

One motivation behind this simpli�ed setting that only includes two GCMs is that we were able to use
an exact and e�cient MAP estimation algorithm based on minimum graph cuts [22] to estimate the most
likely con�guration of the latent variables in our MRF. We integrated the UGM package of [24] to perform
this MAP estimation. We only used this method for the simulated data experiment as complications arise
when there are more than two GCMs; for the rest of the experiments we used the Gibbs sampling method
described in Section 3.2.6 for inference in the MRF.

Figure 3.5 and Table 3.1 show the cumulative global loss results for several algorithms on the simulated
data set. Figure 3.6 and Table 3.2 show the cumulative mean regional loss results for the same experiment.
For our proposed MRF-based approach, we evaluated a version that was provided with the optimal αspace
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FIGURE 3.5 Cumulative global loss on simulated data.
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TABLE 3.1 Mean and Cumulative Annual Global Loss on Simulated Data

Mean Annual Loss Standard Deviation Cumulative
(Bootstrapped) (Bootstrapped) Annual Loss

MRF w/ Optimal � 0.6832 0.0029 68.4127
MRF Learning � 0.6916 0.0039 69.3467
Regional Learn-α 0.7519 0.0121 75.2155
Global Learn-α 0.7769 0.0323 77.6634
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FIGURE 3.6 Cumulative mean regional loss on simulated data.

TABLE 3.2 Mean and Cumulative Annual Regional Loss on Simulated Data

Mean Annual Loss Standard Deviation Cumulative
(Bootstrapped) (Bootstrapped) Annual Loss

MRF w/ Optimal � 0.8081 0.0012 80.8060
MRF Learning � 0.8122 0.0012 81.2171
Regional Learn-α 0.8864 0.0015 88.6387

and αtime parameters (i.e., the parameter values used to simulate the data) as well the regular version that
learns these parameters hierarchically from the data. As shown in both the global and regional losses,
the parameter-learning version performs almost as well (within 2%) as the version with knowledge of the
parameters used in the simulation. These MRF-based methods were compared to the global and regional
variants of Learn-α. In both cases, the MRF-based methods showed signi�cantly smaller loss than the
Learn-αmethods.

Note that for this simulated data set with only two GCMs, we did not explicitly evaluate the proposed
NTCM approach since NTCM is equivalent the the regional Learn-α method when there are only two
possible “best models.”

3.3.2 Climate Model Data

We ran experiments with our algorithm on historical data, comparing temperature observations and GCM
hindcasts (predictions of the GCMs using historical scenarios). Since the GCMs are based on �rst principles
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and not data-driven, it is valid to run them predictively on past data. The hindcast GCM predictions were
obtained from the IPCC Phase 3 Coupled Model Intercomparison Project (CMIP3) archive [25]. Data from
the climate of the 20th century experiment (20C3M) were used. Multiple institutions have contributed a
number of di�erent models and runs to the 20C3M archive. In this experiment, a single model from each
institution, and a single run of that model, was arbitrarily selected, as this is standard practice according
to [13]. Our ensemble size was 13.

We obtained historical temperature anomaly observations from across the globe and during the
relevant time period from the NASA GISTEMP archive [26]. Temperature anomalies are explained in
Section 3.3.2.2.

3.3.2.1 Preprocessing

The di�erent climate model data sets had been created with di�erent parameters, including di�erent initial-
ization dates and spatial resolutions. We performed several preprocessing tasks on the data sets to improve
uniformity and consistency. All data sets, including both the models and the observed anomaly data, were
temporally truncated to the period occurring between the beginning of 1890 and the end of 1999. The data
were then averaged over entire years, forming a consistent time series of 110 points across all data sets. The
data set were also spatially resampled to a geographic grid of 5 degree squares across the globe, creating a
consistent spatial grid of dimensions 36x72. The data were spatially resampled using an unweighted mean
of all original data points that fell within each 5 degree square. Note that these “degree square” were de�ned
using the WGS 84 coordinate system, and as such they are neither perfect squares (in terms of their foot-
print on the Earth) nor of a consistent area. However, the same grid of “squares” was used for all data
sets.

The observed anomaly data set contains a number of “missing” data points, where the observed tem-
perature anomaly was not available for a variety of reasons. As described in Section 3.2.5.2, our proposed
MRF framework provides a natural method to handle missing data. However, in order to directly compare
results with other methods that cannot handle missing data gracefully, any 5 degree geographic square that
had missing data (no observed data points within the 5 degree square) for at least 1 year in the time series
was excluded from the experiment. The majority of the excluded cells are close to the Polar regions, where
limited historical temperature observations are available, particularly for the early part of the data set.

3.3.2.2 Temperature Anomalies

Climate scientists o�en work with temperature anomalies as opposed to raw temperatures. A tempera-
ture anomaly is the change in temperature at a particular location from the (average) temperature at that
same location during a particular benchmark period. Temperature anomalies are used by climate scientists
because they tend to have lower variance when averaged across multiple locations than raw temperatures
(as discussed further in [13]). Figure 3.7 shows the observed global temperature anomalies from NASA
GISTEMP, as well as the anomalies for input data (GCM predictions), over the 1890–2000 period. Both
the observed data and the input data had been spatially averaged over all of the valid 5 degree cells (the
included regions).

The observed data from NASA GISTEMP had already been converted to temperature anomalies. The
benchmark data used to create these anomalies were not provided, however, the benchmark period was
noted as 1951–1980. The models provided data in absolute temperatures. To convert the absolute data
to anomalies, separate benchmarks were calculated for each model by averaging the model data over the
1951–1980 period. Another motivating factor for using anomalies based on benchmarks from the respec-
tive data set was that the GCMs had been initialized at di�erent times with di�erent parameters. This
caused a sizable and consistent o�set between di�erent models, around 4◦C for some pairs of models.
Using anomaly values based on a consistent benchmark period mitigates this constant o�set.

In this work, we standardize all predicted and observed temperature anomalies by dividing by an esti-
mate for the standard deviation of a temperature anomaly (this same estimated standard deviation is
used to scale all anomalies at all locations). The purpose of this standardization is to make our learning
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FIGURE 3.7 The observed global temperature anomaly (heavy gray), and the predicted anomalies from the 13
individual climate models.

algorithms invariant to the scale of the observations and predictions (e.g., Celsius versus Fahrenheit). This
is particularly important with exponentially weighted algorithms such as NTCM, where the scale of the
data is directly related to the e�ective learning rate.

3.3.2.3 Spatial Influence Parameters

We conducted several experiments to investigate the e�ect of the spatial in�uence parameters on the perfor-
mance of the algorithms. The MRF framework and NTCM have a similar, but not equivalent, parameter
that controls the amount of spatial in�uence between neighboring regions. In the MRF framework, the
αspace parameter de�nes the link between neighboring locations in the graph. Smaller values ofαspace repre-
sent stronger links, and thus more spatial in�uence. In NTCM, the β parameter de�nes how much a region’s
“switching probability” is in�uenced by well-performing GCMs in neighboring regions (as opposed to
poorly performing GCMs). In other words, larger β values increase the spatial in�uence of well-performing
GCMs.

3.3.2.4 Effect of αspace in the MRF Framework

Figure 3.8 shows our results for varying αspace over the hindcast. We set αtime = 0.05 and ran experiments
with di�erent values for αspace. The right-most point on the graph corresponds to αspace =

n−1
n (n is the

GCM ensemble size) for an algorithm variant with no spatial in�uence, equivalent to regional Learn-α.
Spatial in�uence increases with subsequent smaller αspace values. When αspace = 0 the spatial in�uence is
at a maximum, and all the hidden variables must have the same state (this case is equivalent to tracking a
single set of experts over all locations without modeling any spatial variation, the same as global Learn-α).
Figure 3.8 indicates that the optimal value of αspace is between these two extremes, as the performance ini-
tially improves with increasing spatial in�uence (decreasing αspace), but eventually diminishes with αspace
values that are too small.

3.3.2.5 Effect of β in NTCM

Figure 3.9 shows the mean annual losses over a range of β values for several di�erent region sizes, as well
as the mean losses over all the regions. While there is not a monotonic decrease in losses with increasing β
values for all of the individual region sizes, the mean loss (over all region sizes) does show a clear trend of
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αtime = 0.05. The gray line represents our proposed approach. The black line is equivalent regional Learn-α with no
spatial in�uence.

0.100.12

0.22

0.2

0.18

G
lo

ba
l l

os
s

0.16

0.14

0.24

0.90.80.7
β

0.60.50.40.30.2 1

90 degree regions
60 degree regions
45 degree regions
36 degree regions
30 degree regions
20 degree regions
18 degree regions
Mean of all regions

FIGURE 3.9 The performance (global loss) across di�erent β values for seven di�erent region sizes. The bold black
line represents the average performance over all these regions, demonstrating decreased average losses as β increases
to 1.

decreasing loss with increasing β values, indicating that increased in�uence (in the context of the β param-
eter) from the spatial neighbors improves the performance. Note that this is not completely analogous to
the MRF situation, as the total “switching rate” in NTCM is governed by its α parameter, where β deter-
mines the fraction of that switching rate that is directed toward well-performing GCMs in neighboring
cells.



Spatiotemporal Global Climate Model Tracking 49

3.3.2.6 Performance on the Hindcast

We compared the performance of the MRF-based approach and NTCM with the global and regional ver-
sions of Learn-α on the hindcast data set. We used 36 degree cells for all region-based methods. Figure 3.10
and Table 3.3 display the global losses while Figure 3.11 and Table 3.4 display the mean regional losses.
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FIGURE 3.10 Cumulative global loss of the hindcast.

TABLE 3.3 Mean and Cumulative Annual Global Losses

Mean Annual Loss Standard Deviation Cumulative
(Bootstrapped) (Bootstrapped) Annual Loss

MRF-Based Method 0.1559 0.0244 16.2102
NTCM 0.1583 0.0225 16.5762
Regional Learn-α 0.1680 0.0215 17.6812
Global Learn-α 0.2415 0.0263 25.6658
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FIGURE 3.11 Cumulative mean regional loss of the hindcast.
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Over the entire hindcast, the MRF-based method performed slightly better than NTCM, and both per-
formed better than the Learn-α variants. At certain intermediate points in the hindcast, NTCM actually
had a lower cumulative loss than the MRF-based method. These results support our conjecture that, in
practice, NTCM is a reasonable approximation for the MRF-based method, and both of these methods
that incorporate spatial in�uence outperform simpler methods that do not model for spatial variation and
in�uence.

3.3.2.7 Regional Analysis

We now examine the performance of our proposed methods at the regional level, using the same losses
we generated in the experiments described in Section 3.3.2.6. These experiments with 36 degree square
regions split the surface of the Earth into 50 cells. Figure 3.12 shows the method that had the smallest
regional loss (averaged over time) for each cell, and Table 3.5 shows the number of regions where each
approach produced the smallest loss. Here NTCM actually produced the smallest loss in slightly more
regions than the MRF approach, which contrasts with the total mean of all regional losses in Table 3.4
where the MRF approach produced the smallest loss. This is not entirely surprising as both measures are
fairly close for NTCM and the MRF approach, and the number of regions with the smallest loss does not
take into account the magnitude of the di�erence in performance in each region.

The regions where each of our proposed approaches produce the best results appear to be somewhat
clustered in Figure 3.12. This could provide an interesting direction for future research, as the apparent
clustering may indicate that each approach performs well in di�erent areas of the Earth. So in addition to
the identity of the best climate model changing over space, the best approach for TCMs may also change
over space (and possibly over time as well). This observation may also motivate a location-speci�c αspace
parameter (instead of the assumption that αspace does not change over space), as there may be di�erent
spatial transition dynamics in di�erent areas).

TABLE3.4 Mean and Cumulative Annual Regional Losses, Summed over All
Regions

Mean Annual Loss Standard Deviation Cumulative
(Bootstrapped) (Bootstrapped) Annual Loss

MRF-Based Method 3.8092 0.2127 418.9585
NTCM 4.1289 0.2584 455.2941
Regional Learn-α 4.7508 0.3166 523.5269

90° N

45° N

180° W

45° S

90° S

135° W 90° W 45°W 45° E 90° E 135° E 180° E0°
0°

MRF-based method
NTCM
Regional learn-α

FIGURE 3.12 The method with the smallest cumulative loss in each of the 50 regions.
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TABLE 3.5 Number of Regions Where Each
Approach Produced the Smallest Loss

Number of Regions

MRF-Based Method 21
NTCM 23
Regional Learn-α 6
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FIGURE 3.13 The three super-regions, each consisting of a set of the 36 degree regions.
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FIGURE 3.14 Mean regional losses for each method within the “Americas” region.

Continuing to investigate this idea that the best approach may depend on the geographic location, we
analyzed our results within “super-regions,” which are groups of individual region cells. We formed three
super-regions, based on partitions loosely the Americas, Asia, and Oceans. The extents of these super-
regions are displayed in Figure 3.13.

We show the cumulative regional loss (averaged over each super-region) in Figures 3.14 through 3.16
and Table 3.6. We again see that both our proposed approaches, NTCM and the MRF-based approach,
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FIGURE 3.15 Mean regional losses for each method within the “Asia” region.
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FIGURE 3.16 Mean regional losses for each method within the “Ocean” region.

outperform the simpler method of tracking the best climate model in each region independently (regional
Learn-α). Also of note, NTCM actually outperforms our MRF approach by a small margin in the Ocean
super-region. While the di�erence in this super-region is not as signi�cant as the other super-regions, it
does indicate that the strength of each approach may di�er based on geographic area.

3.4 Summary

We proposed two methods for incorporating spatial in�uence into the multimodel ensemble problem,
extending temporal learning methods into the spatial dimension. Our MRF-based framework provides
a spatiotemporal probabilistic model for the best GCMs and can handle practical issues such as distorted
geospatial grids and missing observation data points. Our online algorithm NTCM provides an approxima-
tion to the MRF-based framework and is more computationally e�cient with large data sets. We evaluated
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TABLE 3.6 Mean Regional Losses for Each of the Super-Regions

Mean Annual Loss Standard Deviation Cumulative
(Bootstrapped) (Bootstrapped) Annual Loss

Americas
MRF-Based Method 6.3062 0.6863 688.8846
NTCM 7.5265 0.9636 819.9221
Regional Learn-α 8.6580 1.0253 954.9650

Asia
MRF-Based Method 6.6316 0.6634 726.1517
NTCM 7.7689 0.7894 861.7909
Regional Learn-α 9.3655 1.0091 1026.7740

Ocean
MRF-Based Method 1.1457 0.0854 126.3621
NTCM 1.1014 0.0862 121.7379
Regional Learn-α 1.3436 0.2042 148.1649

our algorithms on both simulated data and hindcasts of climate models. In both cases, our proposed algo-
rithms produced predictions with smaller losses than several other existing algorithms that do not model
spatial in�uence. We also observed that the performance of our proposed approaches varied in di�erent
geographic areas. For the simulated data, our MRF-based framework, which hierarchically learns (from the
data) the parameters regulating the amount of spatial and temporal dependence, produced losses that were
less than 2% larger than the losses produced when the algorithm was provided with the optimal parameter
values.

There are several open questions related to our framework that could be explored in future work. We
restricted our model to two parameters, one each for regulating spatial and temporal in�uence, in order
to simplify the parameter learning process. A richer framework could accommodate links of di�erent
strengths at di�erent locations (or at di�erent time iterations); however, there are computational chal-
lenges with learning a large number of parameters jointly. Another area for exploration is the structure of
the MRF; our MRF (lattice-based in this work) might bene�t from additional links for certain applications,
particularly climate patterns that exhibit teleconnections over large distances.
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4.1 Introduction

The adaptation of infrastructure to events including hydrological and weather extremes, which may be
exacerbated by climate change, largely depends on high-resolution climate projections decades and cen-
turies into the future. Consider the damage produced by Hurricane Katrina to the city of New Orleans in
the year 2005, causing an estimated 1570 deaths and $40–$50 billion in losses [1]. Climate models used to
project future climate are unable to provide the necessary resolution needed to plan accordingly for such
events. A wide variety of models have been suggested to increase the resolution of coarse projections, but
due to the poor results and lack of consistency, stakeholders are unable to rely on the estimates. Hewitson et
al. exempli�ed how the choice of assumptions and implementation can drastically change the projections,
both in terms of magnitude and direction of change [2]. To improve our projections and give con�dence
to stakeholders to make important decisions, we must advance our understanding of the coarse resolution
data, provide more resilient and general models, and communicate the results e�ectively.

Climate projections that inform stakeholders are derived from climate models that are too computation-
ally expensive to provide outputs at a local scale but rather at scales around 100 km2. Downscaling is used
to give local climate projections by leveraging information content from lower resolution climate models
(see Figure 4.1 for a graphical representation). The implicit complexity of the environment challenges the
ability for downscaling models to be generalized from one region to another. Measurements of many highly
complex climate and weather variables attempt to represent the environment. Each is represented at multi-
ple elevation levels and spatial points around the globe. The combination of variables, spatial, and temporal
dimensions creates high-dimensional problems. General circulation models (GCMs) are used to project

55



56 Large-Scale Machine Learning in the Earth Sciences

2.5° × 2.5° Grid 1/8° × 1/8° Grid

(a) (b)

FIGURE 4.1 Two separate data sets of mean monthly temperature in January 1950. (a) A coarse data set at 2.5◦ by
2.5◦. (b) A much higher resolution gridded data set at 1∕8◦ by 1∕8◦.

future climate scenarios many years into the future by simulating the climate variables along with certain
assumptions regarding greenhouse gases and initial conditions. Though GCMs are considered reliable for
projecting average global and regional climates, they are coarse and fail to project high-resolution local
climate. These local climate projections have the potential to inform stakeholders about the monsoons in
South Asia and many other important policy decisions for years into the future.

4.1.1 Categories of Downscaling Techniques

Given that downscaling is needed to provide these local projections, two main techniques are used, dynam-
ical downscaling and SD. Dynamical downscaling, based on regional climate models (RCMs), has been
used extensively for increasing the resolution of GCMs by accounting for regional forces. This technique
of downscaling allows the inclusion of sub grid parameters, such as convective schemes, soil processes, and
vegetation processes, to capture the high-resolution physical processes. However, certain crucial issues con-
cerning the use of dynamical downscaling limit its applicability. One key issue is whether this technique
is capable of adding more information at di�erent spatial scales compared to the GCMs, which impose
lateral boundary conditions to the RCMs [3]. Also, sub grid-scale parameterization is not independent of
the nonstationarity assumption. As the parameters and physical processes are tuned to speci�c regions,
the models are unable to generalize from one to another. While the use of RCMs plays a pivotal role in
hypothesis testing, it is much more resource intensive in comparison to the SD. The increased computa-
tional expense limits researchers’ ability to produce multiple downscaled climate projections with di�erent
initial conditions and parameters. Without this ability, one is unable to provide a comprehensive evalua-
tion of future climate scenarios. The decrease in computational cost and increased generalization make SD
models preferred by many.

The SD approach uses historical data to learn a transfer function that can project local climate using
GCMs. These models tend to be much more general than RCMs, which are tuned to speci�c regions,
and are less computationally expensive. The goal is to learn a (transfer) function f with some set of coarse
resolution predictors X to project a high spatial or temporal resolution variable y. Learning such a function
f is challenging with the changing climate and high dimensionality. The data and method must be chosen
with the knowledge of multiple assumptions: (1) X should adequately represent the variability found in
y, (2) the statistical attributes to X and y must be valid outside of the time period used for �tting the
model (nonstationary), and (3) X must incorporate the future climate change signal [4]. Since the climate
is known to be nonstationary due to climate change, this assumption challenges many SD and machine
learning models available.
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4.1.2 Uncertainty within Data

As noted previously, projections of future climate are modeled using GCMs, which are then downscaled
using a transfer function. The Program for Climate Model Diagnosis and Intercomparison (PCDMI) cur-
rently manages the Coupled Model Intercomparison Project Phase 5 (CMIP5) by joining a suite of highly
dynamic and complex models produced by research labs all over the world. CMIP5 models attempt to sim-
ulate the climate system by encapsulating a comprehensive set of physical processes governing the system.
Constraints from unknown physical processes governing the climate increase uncertainty of these models.
Each CMIP5 model relies on initial conditions, boundary conditions, and parameters. The initial condi-
tions represent the state of the climate at time 0, while the boundary conditions apply physical constraints
on the model. The parameters in CMIP5 models are set to consider speci�c greenhouse gas and other
e�ects that govern the climate system. Just small changes in a model’s initial conditions and parameters
drastically e�ect projections adding discrepancies between models. SD models must acknowledge such
uncertainty and be applied appropriately.

To quantify uncertainty and provide valid comparisons of SD models, it is customary to use reanalysis
data sets, assimilated from observed data, for modeling. Observed data sets capture the true dynamics of the
climate system but contain a signi�cant amount of uncertainty [5]. This uncertainty stems from measure-
ment errors including failing remote sensors, sampling errors, bias errors, and others. Advanced reanalysis
data sets incorporate quality control of these uncertainties by accounting for anomalies and biases, allow-
ing researchers to be con�dent of their data. These data sets have high dimensionality, sometimes reaching
tens of thousands of attributes, and at most 60 years of temporal observations, causing extreme over�t-
ting. The NCEP Reanalysis I and II data sets are commonly used as predictors for SD, containing more
than 50 years of global climate data [6]. Predictands also come from observational data, stemming from
a mixture of stations and reanalysis data sets. When station data are used, users must be aware of possi-
ble anomalies and biases. Precipitation and temperature e�ect each and every one of us, making them the
most common and important variables to downscale. For some applications, modeling mean precipitation
and temperature provides knowledge of long-term climate e�ects. Other applications, like �ood modeling,
require the projection of extremes at �ner resolutions for regional impact assessment and mitigation.

To decrease the number of dimensions in our data sets, we may consider the inclusion of climate indices.
Climate indices are high-level measures of the overall climate, accounting for known physical dependen-
cies and global trends. The El Nino Southern Oscillation (ENSO) precipitation index is one example that
measures the El Niño and La Niña patterns by examining spatial averages of precipitation in the Paci�c
Ocean [7]. The use of such a climate index may allow for one to remove many features located far from the
target variable, condensing data sets signi�cantly.

The �rst step of creating SD models lies in the choice of predictors. Climate variables tend to be highly
dependent both spatially and temporally, reducing information content in the data set. So even though the
data set is very high dimensional, many of those variables are highly correlated, leading to multicollinearity
in models. To choose the predictors, covariate selection techniques are applied, which will then be used
as inputs to our model, reducing dimensionality and over�tting in the model. In theory this is a great
idea but in practice it is very challenging. As Caldwell showed, obtaining statistically signi�cant covariates
through data mining alone is not su�cient and can return false dependencies [8]. This notion motivates
physics-guided data mining, where covariates are chosen from a set of known physical dependencies in
the environment.

4.2 Current State

SD methods are o�en placed into one of three possible groups including weather types, regression, and
weather generators. Weather types estimate high-resolution predictions by using historical data to �nd the
most similar scenarios that match the test data. For example, if one is predicting whether or not it will rain
on a given day with certain features, a weather type would �nd the most nearest neighbor to the features
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given and return a similar precipitation value found in that nearest neighbor. The method of analogues has
shown reasonable results [9] but, in most cases, fails to account for the assumption of nonstationarity by
assuming similar observations in the future. Regression methods are the most common, using historical
data to estimate a set of transfer functions that transform a set of features to a prediction. Multiple linear
regression, neural networks, and support vector machines are widely used methods, all having the potential
for further improvement—these methods will be discussed in further detail in the rest of this chapter.
Weather generators, which di�er signi�cantly from weather types and regressions methods, use historical
data to make predictions on future weather by using time series techniques. Stochastic weather generators
have shown success in this area in the attempt to generate higher temporal resolution projections [10–12].

The downscaling of climate averages versus those focused on extreme events require their own consid-
erations. The selection and validation of models should be carefully considered when building SD models.
By de�nition, the number of average events greatly outweighs the number of extreme events. For example,
say we want to downscale monthly mean precipitation, we are given 12 observations per year. But on the
other hand, downscaling the maximum monthly mean precipitation over a year gives us just one observa-
tion per year. While the number of observations di�ers, so does the uncertainty in the data. GCMs are just
models given a set of initial conditions; their ability to estimate extreme events, say the 95th percentile pre-
cipitation, will have a much larger con�dence interval than the mean or median precipitation. The limited
number of observations and uncertainty enhances the di�culties of downscaling extreme events.

Much research has been conducted in downscaling both extremes and averages. In 2010, Maraun
reviewed several methods, covering applications in both mean and extreme precipitation, including lin-
ear models, additive models, method of analogues, nonlinear methods, and arti�cial neural networks
(ANNs) [13]. Linear models are the most widely used due to their simple formulation and our theoretical
understanding of variability. The IPCC 2007 Fourth Assessment report explains that linear models may be
preferred over more complex nonlinear methods. Still, nonlinear methods are popular because they have
the ability to gain information from the nonlinear nature of climate variables. ANNs have been shown to
predict interseasonal variability but tend to underestimate heavy rainfall, also noted by the IPCC’s Fourth
Assessment report.

Burger et al. compared �ve popular methods–automated regression-based SD, bias correction spatial
disaggregation (BCSD), quantile regression neural networks, TreeGen, and expanded downscaling–for
downscaling extremes [14]. These methods were tested and compared on the same data sets with a broad
range of predictands including both temperature and precipitation indexes. Concentrating on extremes
both shrinks the sample size and reduces our con�dence in GCMs. A�er a thorough testing procedure,
expanded downscaling and BCSD provided the best performance compared to the others. The testing
applied concentrated on three important keys: (1) check for sensitivity of anomalies by correlating observed
and downscaled values; (2) check if the distribution of the observed matches the downscaled values; (3)
lastly, a simulation of present distribution of an index from a GCM. Each of these tests concentrates on
important aspects of SD, which should be carefully analyzed during validation.

BCSD has shown remarkable results in multiple studies and comparisons [15]. This method uses an
important concept of quantile mapping to adjust biased data with the ability to extrapolate on data out-
side of the calibration range. The quantile mapping then allows for future data to be estimated in a similar
distribution as the calibration set. Such quantile mapping should be considered during pre- and postpro-
cessing for predictands as well as predictors. Similar approaches are taken in both expanded downscaling
and quantile regression neural networks. This evidence suggests that future SD models should incorpo-
rate such quantile mapping to preserve the distribution but should still allow for nonstationary climate
variables. This may lead to quantile mappings that change relative to future projections.

Though relatively promising methods have been proposed and a reasonable amount of data exist for data
scientists to work with, there are still gaps within the observed and modeled data. As Maraun points out,
data in remote locations are sparse, and sometimes errors are inherited by broken sensor, limiting valida-
tion results [13]. Along with observed data sets, GCMs are challenged with their own di�culties. The lack
of understanding of the temporal variability and uncertainties between models provide valid concerns for
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downscaling. For example, the CMIP5 GCMs are known to have disagreement between both models and
initial conditions, caused by a combination of unknown physical processes and di�erent greenhouse gas
scenarios [10]. The uncertainties in observations, climate models, and statistical models will continue to be
a challenge for SD. In order to be aware of how these uncertainties e�ect SD, it is vital to test statistical mod-
els on a large set of climate models while di�ering the parameters and initial conditions. The development
of SD models must stay aware of such restrictions but not be persuaded away from such research.

4.3 Recent Developments in SD

The previous sections have introduced some of the past applications and traditional methods of SD as
well as challenges in observed and modeled data sets. In this section, we present recent work in climate
science and data mining that have not been fully integrated with SD but may provide valuable insights in
prediction and covariate selection. These developments focus on the assumptions, covariate selection, and
transfer functions used for downscaling, each with possibilities of further improvements and research.

4.3.1 SD Model Validation

As mentioned previously, the assumption of nonstationarity in SD models is o�en overlooked and therefore
compromised. Recently, Salvi et al. introduced a framework that attempts validation in a nonstationarity
climate [16]. This work focused on a method to split training and test data sets by separating data with con-
trasting climate conditions, rather than the traditional method of chronological separation where 30 years
may be in the training set and the following 10 years in the test set. For example, one may consider splitting
data by hot versus cold years or ENSO versus non-ENSO years. This will provide more credible validation
in the test set with the assumption that the model performs well outside of the calibration data. As radiative
forcing is expected to alter climate conditions signi�cantly in the future, it is important for researchers to
consider such frameworks for validations of SD models.

Though these climate conditions are expected to change, it is unlikely that the basic relationships among
atmospheric variables, governed by conservation law of physics, will be altered, allowing for assumptions
regarding climate signatures, which have been shown to perform e�ectively [16]. Climate signatures may
be viewed in both spatial and temporal dimensions to provide a higher level view of climate conditions.
Such signatures can be applied using the method of analogues or other weather typing methods. Advanced
approaches to quantify signatures in space and time may prove to satisfy the assumption of nonstationarity
while providing improvements in predictions.

4.3.2 Data Science Developments

In parallel of developing frameworks allowing for credible validation, the statistics and machine learning
communities are working on speci�c methods for covariate selection and prediction on various climate
applications. The concentration of models utilizing advancements dimensionality reduction, sparse regres-
sion, covariate selection, and Bayesian statistics has been shown to provide advances in SD. The process of
SD, as illustrated in Figure 4.2, relies on data science at each step.

Dimensionality reduction is the �rst step to solving important SD problems and can come in many
forms. Principal component analysis (PCA), which is o�en used in many data science disciplines, has
been shown to e�ectively reduce dimensionality in climate data sets. In 2010, Ghosh presented a frame-
work which uses a PCA and support vector regression to downscale average precipitation on a monthly
scale [17]. The idea here is that thousands of covariates can be described in just a few principal compo-
nents, which is then followed by a nonlinear transfer function. This technique provides a relatively e�cient
algorithm with good results but has some downfalls that may limit future applicability. Firstly, though the
principal components reduce the dimensionality, they fail to account for nonlinear dependencies. Also,
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FIGURE 4.2 (See color insert.) The process of statistical downscaling for regression has four steps. (1) Data collec-
tion and splitting data into training and test sets; (2) covariate selection via various methods (no covariate selection is
possible); (3) train a statistical model; (4) using the trained model and hold-out data validate using multiple statistical
measures. Validation can be done on both historical and projected data.

interpretability of the components is lost during this transformation; in many cases, it would be advanta-
geous to choose a subset of covariates which can be interpreted rather than transforming the entire data set.
Lastly, as long as the feature set does not change, the principal components will stay the same for di�erent
target variables.

4.3.2.1 Sparse Regression

Recently, climate modelers have adapted sparse regression models to SD. Sparse regression models keep the
interpretability of covariates and allow for the ability to update covariates depending on the target variable.
This category of models is based on ordinary least squares but includes a regularization parameter to limit
the number of covariates. For example, ordinary least squares estimates a parameter vector θ by solving

θ̂OLS = argmin
θ∈IRp

{ 1
2n

‖y − Xθ‖2
2

}

.

Such a formulation is unidenti�able to solve if n < p and will force all features to have nonzero coe�cients.
Traditional statistics techniques to solve this problem use some sort of best subset selection by comparing
di�erent sets of covariates and choosing those which return the best performing model. This process is
computationally expensive, especially as the number of covariates increases, so di�erent methods must be
adapted. With the addition of a regularization term to ordinary least squares, we can guarantee a subset of
coe�cients to be zero, removing them as covariates, by solving the formulation

θ̂ = argmin
θ∈IRp

{ 1
2n

‖y − Xθ‖2
2 + λr(θ)

}

where r is a sparse regularizer.
Chatterjee et al. have applied the sparse group lasso regularizer to downscaling precipitation,

demonstrating good predictive performance, robust variable selection, and interpretability of chosen
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covariates [18]. This work presented the model applicability in nine geographical regions at over 400 loca-
tions. Validating SD models over a variety of geographical and climatological regions around the world is
valuable to the credibility of the approach and is shown to be good practice. The ability to �nd nonlinear
covariates as well as capturing nonlinearity in the prediction may be bene�cial, but could force over�tting.

4.3.2.2 Bayesian Methods

Recently, Bayesian methods in climate have been preferred by some for their ability to generalize over
applications and locations as well as providing levels of uncertainty in predictions. Bayesian developments
in both covariate selection and prediction are now allowing for nonlinear covariate selection. Das et al.
proposed a Bayesian framework adapted from LASSO by obtaining a posterior distributions over the
regression coe�cients and applying it to covariate selection for extreme precipitation [19]. Lasso itself
is a linear sparse regression using the L1 regularization term ‖β‖1. Applying the Poisson prior on precip-
itation extremes and using Guassian prior on the model’s error, we can obtain a joint distribution of the
frequencies and parameters. An application of a Laplace prior on β allows the implementation of sparsity.
The posterior of this particular Bayesian model must be approximated using variational inference, making
it very computationally expensive but is shown to outperform non-Bayesian lasso signi�cantly while still
providing sparse representation of covariates. Though this model is not directly applied to downscaling,
the ability to identify nonlinear dependencies could prove to be valuable to covariate selection.

Along with covariate selection, Bayesian approaches are being applied to the predictive step of SD. An
approach using Bayesian modeling averaging was recently adapted by Zhang et al. as an alternative to
ordinary least squares [20]. This particular model concentrates on estimating the posterior distribution,
P(Monthly Precipitation|covariates), over monthly mean precipitation. The idea is to lead a set of weights,
wk, for each covariate, xk, such that

p(y|x1...xK) =
K
∑

k=1
wkpk(y|xk).

Using the set of weights found, we are able to compute the expected value of monthly precipitation as
well as the uncertainty around that prediction. This particular approach performed better than ordinary
least squares, just as many other models we have presented and should be tested against more advanced,
sparse, linear models. Nevertheless, the framework for using Bayesian averaging is intriguing and should
be researched further.

4.3.2.3 Kriging

Until now we have discussed SD approaches which have a set of covariates that can predict some observa-
tion with the hope to apply it to GCMs in the future. Such observations are assumed to be available and
plentiful in space. O�en times, remote sensing is used to capture these observations at stations around the
world. These stations are irregularly spaced unlike the data from climate models and reanalysis data sets.
The ability to transform these irregularly spaced observations to gridded data sets can be advantageous
to multiple climate applications. The most popular approach is referred to as �xed kriging that uses an
interpolation method to increase resolution between points. Fixed kriging focuses on computing a �xed
nonstationary covariance function, computed from observed stations, to interpolate to arbitrary points in
space [21].

Nychka et al. recently improved �xed kriging by introducing a Gaussian Random Markov Field to the
model, while increasing the e�ciency of computation over �xed kriging [22]. By accounting for the lattice
structure, the model can be iterated on by increasing the resolution by a factor of two, to create multires-
olution predictions, resulting in smooth and gridded data sets that may be used for further analysis. Such
a method provides a strong base for the use of random processes to estimate the variability caused by
downscaling.
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4.3.2.4 Analogue Techniques

Previously, we had introduced multiple methods using various transfer functions for SD, but ongoing
research has also continued to push the state of the art on weather typing methods. Traditionally, the nearest
neighbors in the method of analogues were found by computing a distance measure between an observa-
tion and all other possibilities, treating each feature uniformly relevant. Following the theme of Bayesian
hierarchical models for SD, Manor and Berkovic have developed a Bayesian inference model to aid the
method of analogues [23]. Here, Manor proposed that computing the probability that two observations
are nearest neighbors �nds the best pair of analogues. This particular work improves two main aspects
over the use of distance measures: (1) the re�ection of nonlinearity between the distance and the probabil-
ity is the optimal solution and (2) each feature’s relevance is weighted by its statistical signi�cance. These
are signi�cant advantages—the incorporation of nonlinearity and feature relevance has been shown to be
a common theme in many of the state-of-the-art methods.

As mentioned earlier, the development of SD for climate extremes is a challenging task due a mix-
ture of rarity and uncertainty. Weather typing has seldom been applied to the prediction of extremes, but
rather daily, monthly, or seasonal means. Castellano and DeGaetono recently proposed a framework using
a combination of classi�cation and prediction [24]. To remove the bias created by most days having min-
imal precipitation, Castellano started by classi�cation of extreme precipitation on a given day followed by
estimation of the amount of rainfall, given extreme precipitation. In this case, all days without extreme
precipitation are then removed from the training set. Though the method is simpler than the previous
approaches examined, the framework for removing bias by excluding data in the training set allows for
more precise predictions without the need for postprocessing bias correction.

The methods introduced provide an overview of the research currently underway in the �eld of SD.
Each method addresses di�erent challenges with SD, including the feature selection of many covariates,
di�culties of predicting extremes, over�tting, and the quanti�cation of uncertainty into predictions. In
Table 4.1, we provide a summary of these methods along with their strengths and weaknesses. Broadly,
the role of Bayesian methods is becoming more pronounced in each aspect of the development. Also, the
advancements sparse regression models and nonlinear dependence measures continue to improve feature
selection, leading to a reduction in over�tting.

TABLE 4.1 A Brief Summarization of the Strengths and Weakness of a Subset of Well-Known Statistical
Downscaling Methods for Regression

Method Strengths Limitations

Automated
regression-based [25]

Interpretable model, automatic
feature selection

Nonlinear relationships not captured, spatial
dependencies not considered

Bayesian ordinary least
squares [20]

Interpretable model, inclusion of
prior information, distribution of
uncertainty, and parameter space

Nonlinear relationships not captured, spatial
dependencies not considered, manual features
selection

Bias correction spatial
disaggregation [26]

Quantile mapping, considers spatial
dependencies

Can only be applied to well-modeled GCMs (this
excludes precipitation)

Kriging [21] In�nite resolution, robust to
irregular spatial data points

Single variable, spatial dependencies not
considered, physical processes not accounted for

Quantile regression
neural network [27]

Nonlinear relationships captured,
quantile mapping

Not interpretable, spatial dependencies not
considered

Support vector
machine [17]

Nonlinear relationships captured,
computationally e�cient

Not interpretable, spatial dependencies not
considered

Sparse group lasso [18] Chooses informative covariates,
reduces over�tting by regularization

Nonlinear relationships not captured, not
interpretable, spatial dependencies not considered
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4.4 Bridging the Gaps

4.4.1 Physics-Guided Data Mining

As discussed in the previous section (see dynamical downscaling), small-scale physical processes such as
those related to clouds, vegetation, and soil processes are o�en parameterized in the GCMs. Given that
not all physical information can be incorporated within these models, either due to incomplete under-
standing or incompatibility with present structure of the models, purely data-driven techniques without
appropriate constraints based on physical principles may yield spurious insights. For example, selection
of predictors or covariates is a crucial step in any of the SD approaches. Covariate selection requires a
balanced understanding of knowledge of physical processes driving the predictand and data mining tech-
niques [28]. Covariate selection based on purely data-driven techniques, including PCA and correlation
measures, may result in selection of the variables whose relation with predictand cannot be interpreted
physically. Also, these techniques may not be able to capture the implicit relationships between predic-
tors and predictand, which are otherwise physically signi�cant [29]. Therefore, inclusion of the processes,
which are not directly simulated or cannot be incorporated in current GCMs, could potentially help in
informing the better choice of predictors. The premise of bringing together the physical understanding
which may or may not be encapsulated in the computational models with state-of-the-art data mining
algorithms has been termed as physics-guided data mining (PGDM).

PGDM can be incorporated into SD in three ways: (1) pre- and postprocessing of data, (2) constraining
statistical models, and (3) in�uencing statistical model architecture. The example above, highlighting the
selection of covariates using our understanding of known physical processes, shows how PGDM can a�ect
pre processing. While building a statistical model to downscaling precipitation, we may consider explicitly
accounting for known relationships between humidity and precipitation. The use of an indicator variables
representing humidity, or other known processes related to rainfall, may inform the model accordingly.
A similar approach can be applied in developing a model’s architecture. We previously studied an example
where a classi�cation algorithm �rst predicted if precipitation would occur and then given precipitation,
another model was used to estimate extremes. This approach may be used to indicate which model is the
most applicable to a given set of covariates of one observation. By incorporating each of these PGDM
approaches, we may be able to develop more general models that can account for a changing climate.

4.4.2 Advancements in Spatiotemporal Data Mining

Interest in spatiotemporal data mining in the machine learning community has recently emerged, both
in and outside the climate space. As interest continues, we are presented with an assortment of tools that
may aid in SD. The use of complex networks in spatiotemporal data, which has shown to be applicable
to many �elds, is beginning to arise in application to climate data. With this, and the interest in causal
networks, we see opportunities to use this work as a basis for covariate selection in SD. Prediction may
also assist by leveraging techniques associated with multitask learning (MTL), and mixture of models may
also provide greater accuracy. Accounting for the progression in spatiotemporal data mining may provide
valuable results to SD and should be researched further.

4.4.2.1 Climate Networks for Covariate Selection

The application of complex networks to climate data signi�cantly di�ers from most network architectures.
For example, infrastructure networks examining the power grid are made up of generators connected by
transmission lines. Transmission lines do not connect each and every generator, but transferring energy
from one generator to the next, power can be distributed. Various statistical measures have been built to
understand the robustness of these networks, which may have applicability to certain climate applications.
In order to use these measures to understand climate networks, we must be able to develop networks which
explain climate dependencies. The choice of nodes in climate networks largely depends on the application;
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for some, high-level climate indices may be valuable, while spatial locations may be relevant to others, or
even a combination of both. Here, we propose that spatial nodes could be e�ectively applied to covariate
selection.

As each location contains temporal climate observations, dependency measures can be applied to cal-
culate each edge. For instance, in the case of a single variate network, including just temperature, we could
compute the edge as the correlation between two locations. Such a method will create an edge for each and
every pair of locations in the data set; so by pruning the edges, we can eliminate weak dependencies. A�er
removing a large portion of edges, the network is built on highly correlated nodes that can inform covari-
ate selection by choosing only those locations relevant to the problem. O�en times, these networks lead to
long-range dependencies, known as teleconnections, that the user may not have previously been aware of.
However, we must be aware of false dependencies in these networks simply found by chance. Donges et
al. used a similar method to relate air temperature to global surface ocean currents [30]. By using climate
networks, Donges was able to uncover wave-like structures of high energy �ow related to global surface
ocean currents. The ability to �nd and understand these physical dependencies shows promise in the use
of climate networks.

The potential of multiple climate variables challenges many dependency measures previously explored.
For instance, as previously examined, most dependency measures are built to compare two variables
temporally. Such measures are able to create single variate climate networks but cannot account for the
multivariate dependencies. Steinhaeuser et al. proposed a method which computes these multivariate
dependencies via the Euclidean distances of cross-correlations [31]. This particular measure naively esti-
mates the dependency by assuming that each pair is uniformly relevant and only accounts for linear
dependencies. An extension of this work to allow for multivariate spatiotemporal dependency measures
may not only aid the development of climate networks but also for feature selection in SD problems.

The computational costs of assembling spatial climate networks is vast due to the number of possible
edges. In order to limit the computations and false dependencies found, we can consider multiscale net-
works by using climate indices, measuring high-level climate conditions. Joining these climate indices with
locations in close proximity of our high-resolution target could greatly reduce the number of covariates.
Denli et al. recently proposed a method to learn the interaction within multiscale graphical models for
spatiotemporal processes [32]. The model presented has the ability to apply physically derived priors on
the data, while learning sparse and rich graphical structures, accounting for both spatial and temporal
dependencies. The multiscale applicability allows for high-level indices to join with lower level interac-
tions returning physically meaningful results. This particular work, including concepts from PGDM, has
the potential to provide meaningful covariate selection for SD.

4.4.2.2 Multitask Learning

Just as we have examined instances where graphical models can be used for covariate selection, they may
also be used for learning related tasks in the form of MTL. MTL allows similar tasks to capture information
about each other while still learning separate, hopefully high-performing, models. Similar tasks can be
identi�ed by the use of graphical models, in the form of clusters or dependency measures. In SD, we o�en
have a larger number of spatially de�ned points that are similar in nature. Traditionally, SD models model
each location independently without any information regarding others. Clearly, locations that are nearby
are not independent from one another and could be leveraged for more informative models. In this case,
MTL could be used to leverage such information.

A method called multitask sparse structure learning (MSSL) was recently proposed for a similar problem
of forecasting temperature using GCMs [33]. This model is built to leverage dependencies in graphical
structures while minimizing false dependencies by using a sparse precision matrix (inverse covariance).
For SD, the dependencies in each model represent similar spatial dynamics, in both the feature set and
target variable. The method itself assumes each location will have the same set of covariates, which as
we have seen is not normally true for SD. To account for such an assumption, we may consider selecting
locations that are dependent on a similar set of covariates by computing spatial distances or using methods
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from weather typing and clustering. For example, the Bayesian framework for covariate selection proposed
by Das et al. clusters spatial regions with similar dependencies. This framework could be leveraged for the
selection of spatial regions followed by MSSL to estimate downscaling.

4.4.2.3 Mixture of Experts

Just as MTL takes advantages of multiple tasks, the combination of multiple models may also contribute
to better predictions. The models previously suggested all have their pitfalls and fail in certain situations.
By using the collective power of many models, we may be able to outweigh these pitfalls by accounting
for the better model in certain situations. Jacobs et al. originally introduced this idea in 1991 in the form
of adaptive mixture of local experts (Figure 4.3), with the idea that some neural networks were better at a
given task than another [34].

Adaptive mixture of experts has the potential for application in SD by using a combination of high-
performing SD models as the experts. Mixture of experts has also been shown to increase the generality over
many traditional models that may be able to reduce over�tting, even with a greater number of parameters.
This idea has been widely studied in the form of ensembles of weather forecasting [35] and GCMs [36],
further motivating the use of SD.

4.4.2.4 Downscaling Extremes

As previously mentioned, the downscaling of climate extremes is particularly challenging but is of great
interest to many stakeholders. The statistical and machine learning methods outlined above are generally
applicable to both downscaling means and extremes. In order to downscale extremes e�ectively, we must
modify such methods accordingly. For example, we may consider using indicator variables that will �rst
classify whether precipitation is likely or temperature is above some threshold to signal our transfer func-
tion to account for such a scenario, much like how Castellano and DeGaetano [24] did with the Bayesian
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Expert 1

Gating
network

Input
Output

o1

o2

o3

p2

p3

p1

FIGURE 4.3 Adaptive mixture of local experts. Each expert is trained independently from one another. The outputs
of each experts, oi, are the same size and inputted to a basic neural network. The gating network is used to change the
weights of each expert depending on the input features.
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inference framework. The combination of these indicator variables within a mixture of experts type archi-
tecture may be a promising direction for researching climate extremes. The approach taken from BCSD
which does quantile matching has also been shown to be e�ective for projecting extremes. The incorpora-
tion of quantile matching while accounting for changing distributions under nonstationarity may provide
valuable projections of future extremes. Building models that can incorporate such approaches may be
bene�cial to downscaling climate extremes.

4.4.2.5 Computational Cost

We have introduced many models that are currently applied to SD and other which may be applicable in
future work. Each of these methods requires extensive computational cost, some more than others. Along
with these computationally expense contributed by training these statistical models, we must also consider
the scalability of downscaling multimodel ensembles of climate models. As the number of climate mod-
els increases with more initial conditions, the greater the number of models must be downscaled. As the
computational cost increases, the ability to downscale thousands of locations diminishes. The combination
of both the training of statistical and machine learning models along with future downscaled projections
must be considered during the process of developing models.

Some of these computations can be done in parallel, utilizing the power of distributed computing archi-
tectures. Typically, SD does not need to be applied in real time, which allows for the sacri�cing of computing
time. Even though these real-time computations are not needed, decreasing the cost may allow for faster
iterations of experiments. Since many of these methods are directly applicable to weather forecasting, a
lower cost which does allow for real-time computing may allow for a broader range of relevance. Com-
puter vision applications, which also work with high-dimensional data, have began to use GPU computing
to increase processing time with enormous success by allowing faster iterations of experiments. With this
evidence, climate scientists may consider methods that can be trained on GPU processors to increase the
productivity of research.

4.4.3 Deep Learning for SD

In the past years, interest in data science and machine learning has drastically increased corresponding
to higher performing, more advanced, methods. The vast majority of the state-of-the-art work has been
developed by researchers in the domains of computer vision, speech recognition, and natural language
processing. The computer vision applications are vast, ranging from medical imaging to self-driving cars.
Methods developed in this area focus on spatial dependencies within images, temporal dependencies in
consecutive images (e.g., videos), dimensionality reduction, and others. Developments in speech recogni-
tion and natural language processing o�en build o� each other, due to their temporal structure. The high
dimensionality in all of these data sets continue to provide challenges, leading to solutions which may aid
in climate problems.

The common theme of high dimensionality in modern data sets has led to drastic improvements in
dimensionality reduction methods. PCA, which we have seen used in SD, and other traditional tech-
niques to reduce dimensionality tend to focus on linear dependencies. The lack of nonlinearity in such
models fails to take advantage of large-scale data sets. Recently, the use of unsupervised deep learning
techniques have been applied to dimensionality reduction, showing large improvements over PCA. For
example, when given a large number of observations, stacked autoencoders outperform PCA [37]. Autoen-
coders are neural networks that try to recover the input a�er signi�cantly reducing the number of neurons
in the hidden layers. For example, to “autoencode” a 28 by 28 pixel image, 784 input features, we could
�lter this through a hidden layer of just 50 units and then try to recover the image. Using such a model
on high-dimensional data greatly reduces the number of dimensions while preserving information about
the input. As we have seen, the high dimensionality of climate data produces challenges through the
�eld. The use of these more complex techniques to climate data has the potential to improve prediction
performance.
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Autoencoders represent the most basic form of deep learning. The goal of deep learning is to allow the
algorithm to learn higher level representations of the features for the given problem, rather than doing
feature selection by hand. These ideas originated with basic neural networks trained through backprop-
agation in the early 1990s but ended up being too computationally expensive to be practical and had
di�culties locating global minimums. In recent years, the increase of computational resources as well as
more advanced methods to �nd global minimums has renewed interest in the machine learning com-
munity, known as deep learning. These deep learning methods are able to turn a complex feature space
to higher level features, allowing for more generality. Many of the methods also can take advantage of
unlabeled data sets within supervised models, including deep belief networks (DBNs).

DBNs are built by stacking multiple layers of restricted Boltzmann machines (RBMs) [38]. RBMs are
used to create high-level feature representations by learning probability distributions over the inputs. By
stacking these RBMs, using the output of one layer as the input to the next, we are able to learn reasonable
weights for a regular neural network. A�er these weights are established, the weights can be �ne-tuned by
using the labels provided in the data set. We notice that the original stacking of RBMs does not depend on
the labels. Since the number of unlabeled data points is o�en much greater than the labeled data points,
we are able to gain a more general network structure. In climate data sets, it is common to have both high
dimensionality and unlabeled data points, which may allow us to make use of such methods.

4.4.4 Case Study: Deep Belief Networks

As previously noted, methods such as ANNs and sparse regression models have been used extensively for
SD. Here, we present a daily rainfall SD comparison between a Lasso regression model, an ANN, and a
DBN. The NCEP Reanalysis I data set is used for selecting training features; a gridded data set at 2.5◦ by
2.5◦ at 6-hour and daily timeframes. We select the variables air temperature, relative humidity, precipitable
water, vertical wind, horizontal wind, and pressure at 363 locations over and surrounding the continental
United States, a total of 2178 features, and normalize them by subtracting the mean and dividing by the
standard deviation. Our target variable, daily precipitation, is taken from the CPC Uni�ed Gauge-based
data set, which is gridded and high resolution (1∕8◦ by 1∕8◦). The years 1950–1980 are used for training
(11,323 days) and years 1981–1999 are used for testing. For this case study we will only train for one target
location, −71.0◦ longitude and −42.36◦ latitude, which is directly in the middle of the continental United
States.

Lasso is a linear model under the constraint of a L1-norm, forcing many of the covariate coe�cients to
zero, acting as a feature selector. The ANN consists of three hidden sigmoid activation layers of sizes 500,
100, and 50 with a linear-Gaussian output layer. By decreasing the number of units in each following layer,
we aim to compress the features to allow for a more general representation. The initial weights from the
ANN are chosen randomly from a normal distribution. For the DBN, we take a modi�ed approach com-
pared to the ANN. The NCEP Reanalysis I data set contains data in 6-hour intervals, four times the number
of observations in the daily data set, but lack precipitation data in this same interval. The pretraining step
of the DBN, the stacking of RBMs, is able to take advantage of such unlabeled data. The �rst layer uses a
Guassian RBM, allowing for continuous variable inputs, with the following two layers being plain RBMs.
A�er the unsupervised training is complete, we are able to initialize an ANN much more intelligently, using
the weights learned from the RBM. The higher level representation learned from the �rst layer RBM can be
visualized by viewing the weighted distribution over each unit. We show an example of these distributions
over the variable temperature in Figure 4.4. Hopefully, these weights will allow for the network to �nd a
more optimal solution and maximize generality during the supervised �ne-tuning stage with daily data.

A�er each model is trained, we validate each with the test set using the overall mean, root mean square
error (RMSE), Pearson correlation, and Spearman correlation. Computing the overall mean will give us an
idea of how biased each model is to low or high daily precipitation. The RMSE provides a measure of vari-
ance associated relative to the observed precipitation, so the lower the RMSE the better. Both Pearson and
Spearman correlations will be used to incorporate both linear and rank type measures. These results are
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First layer RBM weights: Temperature

(a) (b)

(c) (c)

FIGURE 4.4 Each �gure, (a)–(d), weights for just temperature for a random neuron in the RBM. (a) A representation
of the input where the eastern United States is warmer while the western United States is colder. (b) Colder weather
over the region with warmth above the Paci�c Ocean. (c) Warmth over the Paci�c and western United States while
colder weather elsewhere. (d) A colder northeastern United States with average to warmer temperatures elsewhere.

TABLE 4.2 Estimation Results: 1981–1999

ANN DBN Lasso Observed

Mean 2.97 2.74 3.40 3.27
Pearson 0.54 0.68 0.63 –
RMSE 7.49 6.45 6.74 –
Spearman 0.50 0.66 0.66 –

DBN is biased with a mean lower than the observed
but has the highest overall correlations and low-
est RMSE. Lasso is biased to be above the average
and also has good results on correlation and RMSE.
ANN has the highest RMSE and lowest correlations.

presented in Table 4.2 and the corresponding time-series are presented in Figure 4.5. The ANN performed
signi�cantly worse than the DBN, even though the same features were used and the network architecture
was the same. The only di�erence between these two is the way the weights within the network were ini-
tialized. By pretraining the network with stacked RBMs, we gain a better approximation of the network
allowing for greater generality and the ability to locate a more likely minimum of the cost function. From
other analyses, outside of this case study, we have shown this to be consistent between locations. However,
the estimates for lasso are quite similar to the DBN model, if not better. In this case, the simplicity of the
lasso model may outweigh the complexities of using a DBN. The large number of features relative to num-
ber of observations is likely causing over�tting in both the ANN and DBN models. With more intelligent
covariate selection methods, the DBN model may perform signi�cantly better.

This implementation of a DBN for downscaling certainly showed advancements over plain ANNs that
have been used in the past, giving us hope that such a method can be improved. We also note that DBNs
are able to take advantage of large numbers of observations but do not natively account for multivariate
spatiotemporal data. As spatiotemporal data appear in both the predictand and predictor, we may con-
sider using a mixture of techniques from convolutional neural networks (CNNs) and MTL. As we have



Statistical Downscaling in Climate 69

Downscaled estimates versus observed precipitation
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FIGURE 4.5 Over the �rst 60 days of 1981, we estimate the daily precipitation with each SD model and compare
to the observed data. (a) Compares the DBN with observed; we notice that the estimate learns precipitation must be
greater than or equal to zero but underestimates days with large rainfall amounts. (b) An ANN compared with observed;
here we see a high variance above and below the observed values. (c) The lasso estimate which is reasonably good at
predicting rainfall and similar to the DBN.

already illustrated how MTL could improve the use of sparse regression models, its use in deep downscal-
ing models could also be valuable. Spatiotemporal data sets have been successfully applied to videos for
action recognition [39] where consecutive frames contain spatial information by using a CNN to create
higher level representations. Though CNNs would account of spatial structure in climate data sets, it is
expected hundreds of thousands of unique time-steps will be necessary to see improvements over other
methods. Even with this limitation, the idea of a convolution over gridded climate data sets may be valuable
to incorporating the spatial structure into SD models.

Up until now we have focused on covariate selection and regression of spatiotemporal data to minimize
collinearity in our data sets. Unfortunately, this is only accounting for three dimensions of our data, lat-
itude, longitude, and time. The fourth dimension is the multivariate nature, including variables such as
wind, pressure, humidity, temperature, etc. Many of these variables will also be correlated, for instance,
when there is vertical wind there is likely to be horizontal wind. Adding the fourth dimension begins
to make the data set more di�cult to visualize, becoming more abstract, as well as more challenging to
model. A ��h dimension could also be added by incorporating di�erent elevation levels into the data
set. Most models are not built to handle this many dimensions, forcing scientists to �atten the data and
sometimes, making false assumptions. Research in these high-dimensional problems is beginning, though
not yet popular, which incorporate the use of tensors, n-dimensional matrices. Bahadori et al. proposed
a low-rank tensor learning framework for multivariate spatiotemporal analysis, highlighting geospatial
applications [40]. This approach is shown to work on both forecasting and cokriging (multivariate ver-
sion of kriging), while providing a fast and greedy approach to learning. By accounting for both spatial
and multivariate linear correlations, the method is able build a low-rank tensor to represent the predictors
by assuming nearby variables are likely to be correlated. Models similar to this, those incorporating all
dimensions, is yet another area where machine learning can improve SD.

4.5 Conclusion

The advancement of SD is critical to understanding the future climate and providing valuable information
to stakeholders. Awareness of uncertainties in both climate models and observed data sets is essential to
the calibration and validation of SD models. The downscaling of a wide range of GCMs is imperative to
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understanding climate change at a local scale. The choice of methods for SD should account for the non-
stationarity of the climate, generalize over regions, and choose physically interpretable covariates. As work
in Bayesian feature selection and network science continue to improve, they must also be applied and val-
idated with SD models. These covariate selection models should lead to transparent end-to-end processes
of SD models, allowing for replication and comparison to other models. State-of-the-art machine learning
methods that are pushing the boundaries in �elds such as computer vision, natural language processing,
and speech recognition should be carefully considered for incorporation into SD. More speci�cally, the
deep learning models being developed, focusing on dimensionality reduction and spatiotemporal data,
have potential to improve over the current generation of SD models. Utilizing MTL to take advantage
of spatially dependent observations will allow for more generalizable models. All in all, an interdisci-
plinary e�ort is crucial to improving the state of the art, allowing the interaction between climate scientists
and computer scientists to e�ectively identify problems, use sound model validation, and thoroughly
communicate results to stakeholders.
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5.1 Introduction

Among the greatest challenges facing biologists and ecologists today is predicting how species will respond
to climate change—a challenge that necessitates an unprecedented coordination and mobilization of data,
information, and knowledge [1]. Understanding the factors that determine where species live and devel-
oping predictions about their niches are important tasks for developing strategies in conservation biology
and ecology. This understanding informs important actions such as setting restoration and reintroduction
targets, setting conservation priorities geographically, and protecting sites against potential invasion by
pest species [2–5]. The increasing availability of data and tools has facilitated the large-scale use of com-
puter algorithms to further this understanding by predicting species’ ecological niches and geographic
distributions, a process broadly known as correlative niche modeling.

The development of modeling approaches has arisen in part from substantial increases in the availability
of the data on individual species known as “occurrence data” or “presence data” [6–8]. The increasing
availability of species occurrence data results from e�orts to digitize and georeference specimens preserved
in natural history collections [9,10] and to improve access to large stores of observational records accessible
via Internet portals [11]. Despite these large stores of data, only a small fraction of extant species has been
described in any meaningful detail, with most recent estimates suggesting that approximately 86%–91%
have yet to be discovered [12]. Yet, the number of individual data points that have been collected to provide
even this limited amount of information is truly enormous—and it will only get larger.

Information regarding environmental variables is now similarly plentiful and continues to grow. Exten-
sive environmental data about climate, topography, soil, oceanographic variables, vegetation indices,
land-surface re�ectance, and many other factors are available across the entire planet, and at increasingly
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�ner resolutions. These data sets are being generated by a diverse assortment of entities, such as the
European and U.S. space agencies, the United Nations, university researchers, and many national insti-
tutions [13]. As these environmental data sets become larger, more accurate, and more comprehen-
sive, their utility for the modeling of species’ ecological niches and geographic distributions will only
increase.

Several resources survey the �eld of correlative niche modeling exist (e.g., [2,3,14–17]). We o�er this
chapter as a synthesis of concepts relevant to the large-scale deployment of correlative niche models, mar-
rying many useful concepts from ecology and machine learning in the development and application of
these models. While the chapter is written with a focus to the machine learning community, we hope that
it will be of interest to researchers in diverse aspects of ecology, biogeography, and other related �elds.

We begin by describing the conceptual idea of and theory behind correlative models in Section 5.2,
followed by a discussion of the domain-speci�c challenges that must be considered when deploying these
models in Section 5.3. Next, in Section 5.4 we provide a review of commonly used correlative niche models,
highlighting their theoretical and practical similarities and di�erences. Expanding on our discussion of
modeling e�orts, in Section 5.5 we provide a summary of platforms used to deploy these models and the
technologies that enable their large-scale use. Finally, we outline the latest trends and future directions that
we believe to hold particular promise in Section 5.6.

5.2 Theory and Concept

Impacted by the increasing availability of curated and crowdsourced data sets, the �eld of ecology now
stands poised to bene�t more than ever from the large-scale modeling of species distributions and eco-
logical niches, two related domains. Ecological niche models (ENMs) focus on the estimation of a species’
potential geographic distribution—areas that ful�ll both the abiotic and biotic requisites of the species—
under changed conditions and circumstances. Species distribution models (SDMs) must include further
steps to transform estimated area from potential to actual distributional areas [16]. While these terms have
o�en been used interchangeably in the literature, they entail conceptual and practical di�erences beyond
the scope of this chapter [18]. Despite di�erent objectives, both approaches estimate distributional areas on
the basis of correlations of known species occurrences with environmental variables. Both ENM and SDM
refer to what is in e�ect the same set of analyses and employ methods chosen from essentially the same set
of mathematical algorithms, which combine similar types of species data and similar—o�en identical—sets
of environmental variables.

Broadly, estimates of species distributions and ecological niches can be generated by two di�erent types
of models: (1) mechanistic simulation models that explicitly describe distributional processes and (2) sta-
tistical models that, by de�nition, describe correlative—but not necessarily causal—relationships [19].
Although mechanistic models have been proven to be powerful in capturing spatiotemporal population
changes in response to environmental change, their formalism also requires the application of detailed pop-
ulation processes that are presently unavailable for the vast majority of species [19]. Accordingly, statistical
and machine learning techniques that correlate species distribution data with environmental variables—
thereby obviating any dependency on population processes—are used in many ecological applications to
characterize the relationship between a species and its environment (e.g., [20,21]).

Correlative niche models are generated by combining occurrence data—locations where a species has
been identi�ed as being present or absent—with ecological and environmental variables—conditions such
as temperature, precipitation, and vegetation—to model a species’ ecological distribution or niche [22].
This process is illustrated in Figure 5.1. These models can forecast a species’ unrealized niche (the region
that is habitable for the species, but in which it has not yet been observed) and provide information
regarding the potential e�ects of climate change, making them particularly useful where more detailed
physiological data are not available for developing a process-based or mechanistic model [21,23]. In cor-
relative niche modeling, the principal challenge is to determine, given a set of known observations (and,
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FIGURE 5.1 (See color insert.) Correlative model based on current observations in combination with tempera-
ture and precipitation levels. Observations are typically binary valued (presence or nonpresence), while environmental
variables may be continuous. Correlative models identify correlations between current observations and environmen-
tal values. Darker hues indicate larger values.

potentially, absences) of a species, the ecological niche of that species within a geographic range (a set of
points). To accomplish this task, correlative models need to be trained or calibrated on a set of known
species observations from which they can be used to generate predictions on testing data.

By relating observational data (occurrence or abundance at known locations) of species distribu-
tions with information regarding the environmental and/or spatial characteristics of those locations,
correlative models aim to identify the most in�uential variables explaining presences, presence/absences,
abundances, or even the optimal relationships between species’ distributions and these explanatory
variables [2]. Figure 5.2 illustrates the correspondence between a species’ geographical space and its dis-
tribution in environmental space. A correlative model identi�es relationships in environmental space,
with the model predictions mapped back to geographical space. These models enable future projec-
tions of species’ distributions that do not depend on extensive prior knowledge of population processes,
but simply on environmental and species’ distribution data. The interpretation of these models can
then be used to help better understand the processes underlying the correlative relationships that are
inferred [24].

Fundamental to the problem of correlative modeling is the prediction of species occupancy at a given
geographic location based upon the environmental characteristics of that location. This dichotomy makes
correlative modeling a problem inherently amenable to binary classi�cation. More formally, the classi�-
cation task is to characterize every location within a region or study area in terms of quantitative values
related to the probability of a species being present, P(Y = 1), as a function of the environmental con-
ditions presented in that location, e ∈ E, where the environment and species occurrences are linked by
a model. The model, represented as μ(Gdata,E), is a method used to estimate f (X). Thus, given a set of
observations, Gdata, which has a corresponding environmental space E, the aim is to generate a model,
̂f (X) = μ(Gdata,E), that approximates f (X).
This formulation, while powerful, also presents signi�cant challenges. Some of these challenges are

unique to learning species’ ecological niches and geographic distributions, while others manifest in a
wide range of machine learning applications. In the next section, we highlight several of the focal chal-
lenges that arise when using correlative niches models and relate them to the broader context of machine
learning.
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FIGURE 5.2 (See color insert.) Correlative models use as input current observations and environmental factors
in geographical space, combining them in environmental space to generate predictions. These predictions are then
transformed back to geographical space for interpretation.

5.3 Challenges of Learning Species Distributions

A growth in the use of correlative niche models has followed from increased computational ability, algo-
rithm development, and readily and freely available environmental, climatic, and species occurrence
data [25–28]). Despite growth in the use and usability of these models, the methods used to analyze the
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dependencies of species occurrences with environmental factors still require sophisticated computational
resources, advanced technical skills, and access to curated biological and climatic data. Many correlative
approaches have also been criticized in the literature [29,30], mainly due to their underlying assumptions
and the danger of overemphasizing results without proper acknowledgment of limitations that are o�en
poorly understood [24]. Others recognize that although the tools are imperfect, they o�er a useful way to
understand potential e�ects of future environmental conditions for species under climate change [21,31].

An element of di�culty in using correlative niche models is the complexity of what drives species’ actual
and potential distributions. Despite signi�cant progress in the development of this understanding, many
challenges remain [32]. Some of these challenges are common to many applications of machine learning
methods, such as questions of evaluation, interpretation, and reliability. Others arise as consequences of
the spatial nature of correlative modeling, including issues of extent, scale, and bias. O�en, niche modeling
is hindered by a paucity of absence, or nonoccurrence, data, which are necessary for the development of
presence/absence models. Further confounding the modeling task, the localities at which a species is not
present can be either genuine absences or simply areas lacking occurrence information [33].

In this section, we elaborate on a variety of factors that introduce challenges into the modeling of species
distributions and ecological niches. These challenges include spatial sampling, sample bias, model evalua-
tion, skewed or imbalanced data, and model evaluation. Collectively, we believe that they characterize the
primary challenges currently facing the domain of correlative niche modeling.

5.3.1 Spatial Extent

Spatial extent refers to the area over which data are collected and modeling is employed. The choice of spa-
tial extent (e.g., state, region, continent) can have a signi�cant e�ect on the output of correlative models,
both conceptually and statistically. As we discuss below, performing analysis on an inappropriately expan-
sive or restrictive spatial extents has the potential to seriously alter the interpretability and reliability of
model results.

If analysis is performed over a larger spatial extent than is representative of a species’ niche, the model
may be prone to over�tting to environmental conditions present in the species’ documented range. This can
occur as a consequence of the model recognizing spurious environmental di�erences between the region
that a species actually inhabits and other regions that, based on the available environmental features, it
could inhabit but does not [34]. In the context of machine learning, this e�ect constitutes over�tting to the
sampling bias present in the data, as the species occurrences do not represent a truly random sample from
the species’ potential distribution. Such over�tting leads to arti�cially lowered transferability of a model
across space or time and should be avoided for applications that require the ability to predict new and
independent data [35].

In contrast, when calibrating (i.e., training) a model using a smaller spatial extent and then applying it to
a larger extent, the values for one or more environmental variables in some pixels of the larger study region
may not be evaluated by the model. This e�ect is referred to as truncation. It typically occurs because such
values do not exist in the spatial extent used for model parameterization, and instead lie outside the range
of values for the corresponding variable(s) in the model [36]. This e�ect concerns the generalizability of
the model, and the knowledge or assumptions the model makes beyond the data it has been given in order
to generalize beyond it. Consequently, in order to produce predictions for pixels beyond calibration data,
a model must make some assumptions [37], which may or may not hold over an unseen spatial extent.

No matter whether it is relatively larger or smaller, the extent of the study area in relation to species
ranges and environmental gradients will a�ect how well the model describes the relationship between
species distributions and environmental variables. However, the degree to which spatial extent a�ects cor-
relative models is still unclear. While some have argued that including observations of species absence that
are well beyond the range of environmental values where the species is present may lead to biased mod-
els [38], others contend that statistical models are robust to this type of error and may be able to overcome
such limitations [39]. Restricting an analysis to the region of interest ensures that outputs are informed
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by data speci�c to the experimental region, though model results should always be interpreted with due
consideration of the limitations involved [21,40].

5.3.2 Spatial Resolution

The distribution of species is usually mapped on the basis of a grid of environmental layers. Spatial scale
refers to the resolution or grain size (i.e., the size of each location) of the environmental layers used in mod-
eling. The choice of spatial scale is an important factor for correlative modeling that may a�ect predictions.
As we discuss below, performing analysis on an inappropriately granular or coarse spatial scale has the
potential to seriously a�ect the interpretability and reliability of model results.

Initially, one might assume that for a given extent, more granular data should always result in better
predictions—and therefore better performance—than coarser data, as it should provide more information
for modeling. However, a chief argument in favor of correlative models is that climatic in�uences on species
distributions are dominant at large scales, obviating the need for modeling the small-scale interactions and
processes of species distributions mechanistically [21]. While the use of coarser scales have been generally
found to result in degraded model performance for �xed or locally mobile species [41], models that employ
data of �ner granularity are likely to have lower predictive power unless mechanistic, ecological rationales
can be provided for the principal environmental predictors [25].

The e�ect of spatial scale also depends on the quantity and quality of the species occurrence data avail-
able, as illustrated in Figure 5.3. While larger sample sizes generally result in better models that tend to
be more sensitive to scale, insu�cient data will result in a model that is unreliable regardless of the gran-
ularity of the spatial scale [41]. The degree of sampling necessary to produce a reliable model is greater
for more narrowly distributed species, as such models exhibit greater variability in their predictions than
models for widespread species [42]. Additionally, the e�ect of spatial scale is only noticeable for models
reaching su�cient performance or using initial data with an intrinsic error that is impacted by a coarser
spatial scale [41]. If the model cannot make su�cient use of granular data, then the practical e�ect of highly
granular data on subsequent analysis may be negligible.

Current understanding suggests that the incorporation of mechanistic e�ects—species migration, pop-
ulation dynamics, biotic interactions, community ecology, etc.—into correlative models at multiple spatial
scales can improve model performance. However, to e�ectively make use of this information, it is impor-
tant to provide a precise spatial matching between the scale at which the mechanistic e�ect occurs and the

Environmental factor

Increasing granularity

Increasing granularity

Current observations

(a)

Matched

Mismatched

Mismatched

(b)

FIGURE 5.3 Correspondence between the spatial resolution of observational and environmental data. (a) Spatial
resolution of observations and environmental factors. Observations and environmental factors may have di�erent res-
olutions. (b) Illustration of matching observational and environmental resolutions. Environmental data that are too
coarse or too granular with respect to observational data may present problems for correlative models.
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scale at which it is modeled [25]. If only a single spatial scale is used, it is important that the granularity is
appropriate for the species in question.

5.3.3 Spatial Sampling

In many cases, observing and cataloguing every individual member of a species is clearly impractical. Spa-
tial sampling refers to the use of observations of individuals at a limited number of locations in geographic
space to faithfully estimate characteristics of the larger population. A key goal of correlative modeling is
to construct a model that �ts well to calibration (i.e., training) data, but that does not over�t in ways such
that its predictive ability is low when presented with new data, ensuring the generalizability of our learned
model. As we discuss below, the manner in which training data is selected can seriously impact the quality
of inferences derived from correlative niche models.

Meaningful evaluation of correlative models and their corresponding geographic predictions typically
employ measures of performance and signi�cance. These measures depend vitally on the careful and
appropriate selection of suitable occurrence data sets, with evaluation data that would ideally be fully
independent from calibration or training data. Unfortunately, fully independent occurrence data sets rarely
exist [16]. Out of necessity, most evaluation e�orts are based on partitions of individual samples into cali-
bration and evaluation data sets. Perhaps most commonly, the evaluation data derive from the same study
extent as the calibration data, with occurrence data typically selected at random and without respect to
geography [16]. However, this approach can yield overly optimistic assessments of model predictive per-
formance due to environmental bias [43]. This is known in the machine learning community as the sample
selection bias problem [44].

To address this problem, it is possible to �lter occurrence data spatially, thereby reducing the spatial bias
present in the data set [16]. Semivariogram analysis, an approach that can be used to provide information
about the nature and structure of spatial dependencies, has been recommended for this purpose [43]. While
semivariogram analysis provides a way to identify and eliminate correlated, proximal occurrences, this
only challenges models to �ll gaps in a more densely sampled area. To challenge correlative models to
predict accurately across unsampled areas of geographic space, available occurrence data for a species may
be separated into quadrants based on whether their coordinates fall above or below the median longitude
and median latitude of the species’ occurrence data [45]. Models can then be calibrated using one pair of
quadrants and evaluated using the other pair, permitting the use of all occurrences for both calibration and
evaluation. An advantage of this approach is that the models are challenged to predict into large, unsampled
regions, rather than simply interpolating or �lling in small gaps in a densely sampled area [46].

Sampling biases in species occurrence data can degrade the performance of correlative models. While
some modeling methods are more robust than others to the e�ects of spatial bias [47], careful consideration
of how calibration data is selected can eliminate many sources of bias. In general, so long as focal environ-
mental features are not missing and the range of environmental values that are sampled is similar to the
range of values in the overall extent, it has been shown that correlative models can produce reasonable
inferences and predictions. Further, in the event that spatial sampling does not ful�ll these criteria, it has
been shown that it may still be possible to derive reasonable inferences from presence-only data provided
with some knowledge of the spatial distribution of sampling e�ort [34,48].

5.3.4 Presence-Only Data

Due to the paucity of data that characterize where a species is absent, most species data sets consist only of
the known species observations (presence data) [49]. Accordingly, the data typically available to a correla-
tive model are comprised of a set of species observations and the remaining, unlabeled geographic points.
In the context of machine learning, this is referred to as partially labeled data. Additionally, the number of
observations in these data sets is o�en far outnumbered by the number of unlabeled points—exhibiting a
skew or imbalance. In the context of machine learning, this is known as the class imbalance problem [50].
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Sample size has been found to be positively related to performance of SDMs [51–53]. Some studies,
however, have found that only 50–100 observations of species presence were necessary to achieve accept-
able performance [54–56]. As a large random sample of survey sites where the species is mostly absent
may not give enough observations of presence, the adequate overall sample size depends on the rarity of
the species. This occurs when species prevalence in the sample (i.e., the proportion of localities where the
species is present) is allowed to vary with the “natural” prevalence of the species in the study area. Then,
the proportion of sites that a species occupies re�ects the rarity of the species within the study area [57].

In trying to distinguish environmental suitability based on presence and absence data, some studies
have shown that an equal number of presence and absence observations yields an optimal balance between
the omission and commission errors in model predictions [58]. These results suggest that perceived rela-
tionships between range size and model performance may be an artifact of species prevalence within
the study area [59]. However, it has been found in other studies that model performance increases with
species rarity [60], independent of manipulated sample prevalence, suggesting that rarer species have more
predictable patterns of occurrence relative to environmental variables [58].

The e�ect of a species’ natural prevalence on presence/absence modeling may be di�erent from the
e�ect of prevalence on modeling methods that employ only presence data. In the case of presence-only
data, the sample prevalence or skew is a function of the number of background locations [31]. When
augmenting presence-only species data via a random sample of background locations, many background
points—several orders of magnitude more than the number of presences—may be required to capture and
represent the full variation of environmental factors [61,62].

5.3.5 Model Evaluation

The value of a model depends on the accuracy of its outputs [63]. A crucial phase of correlative niche
modeling is evaluating the predictive performance and statistical signi�cance of a model. While e�ective
models are always desired, it is not necessarily obvious how to best evaluate a model. Yet, as we discuss
below, the manner in which a correlative model is evaluated can seriously in�uence the perceived quality
and utility of its results.

As correlative models discriminate between geographical localities that constitute a species niche and
those that do not, quantitative evaluation metrics can be used to measure the accuracy of these mod-
els. A variety of evaluation measures exist and have been discussed extensively in the literature [63–67].
In general, they measure either correlation (e.g., kappa coe�cient, Pearson’s correlation coe�cient) or
discrimination (e.g., F-measure, precision-recall, ROC, true skill statistic [TSS]). Correlation measures
the degree to which the estimation of a predictive model matches the real outcome probability (i.e., the
observed proportion of the event). Discrimination measures the ability of a model to distinguish a status
(presence/absence).

Table 5.1 provides information on evaluation metrics commonly used in correlative niche model-
ing. These evaluation metrics are computed based on omission errors (false negatives) and commission
errors (false positives). However, special considerations arise because of the questionable notion of what
constitutes an “absence” in correlative niche modeling. While omission errors (Y = Ŷ = 0) are typically

TABLE 5.1 Evaluation Methods Commonly Employed

Method Type Reference

Area under the P-R curve (AUPR) Discrimination [50]
Area under the ROC curve (AUC) Discrimination [46]
F-measure Discrimination [71]
Cohen’s kappa coe�cient (kappa) Correlation [72]
Pearson’s correlation coe�cient (COR) Correlation [73]
True skill statistic (TSS) Discrimination [65]



Large-Scale Machine Learning for Species Distributions 81

genuine indicators of model failure, commission errors (Y = 0, Ŷ = 1) may not be erroneous at all in such
applications. Apparent omission errors may arise from georeferencing mistakes or misleading factors. By
contrast, apparent commission errors may arise not from mistakes, but from incomplete or unrepresen-
tative sampling of species data. Strategies for addressing these errors have been the subject of extensive
work [68–70].

The e�ect of omission and commission errors on the evaluation of correlative models is impor-
tant to consider. Results have shown that the area under the ROC curve (AUC), a popular measure of
model performance, can be an unreliable guide for model selection when calculated from presence-only
data [46,74,75]. Other results have demonstrated theoretical and empirical evidence that kappa has seri-
ous limitations that make it similarly unsuitable when calculated from presence-only data [65]. Similar
concerns apply to the other measures as well.

In general, measures such as AUC, F-measure, kappa, and TSS should be calculated from the presence–
absence data that are randomly sampled from the population being modeled [71]. Additionally, using
measures in combination may at times be more informative than reporting a solitary value [75].

5.4 Modeling Methods

A wide assortment of correlative models exist that employ di�erent strategies drawn from a variety of
related disciplines. Several extensive evaluations have shown that these di�erent methods—some devel-
oped solely for application in modeling species niches—can produce markedly di�erent predictions
[15,22,76]. In this section, we outline the methods that have found widespread use in species modeling,
highlighting their similarities and di�erences. While the set of models included in our discussion is by no
means exhaustive, we believe that it is representative of the variety of correlative models that have been
used to investigate species distributions.

Table 5.2 provides summary information for the models discussed. Some important di�erences exist
between correlative models, including: (1) the type of species data that the method requires (i.e., pres-
ences only, presences and absences, or presences and background data); (2) the underlying methodological
approach (e.g., distance metrics, bounding boxes, statistical modeling, machine learning, etc.); and (3)
the form of output (e.g., continuous predictions versus binary or ordinal predictions). As result of these
numerous di�erences, correlative models may be classi�ed and categorized in a variety of ways.

We categorize correlative models according to the type of input data they require. The type of data
required by a model is a practical consideration that is of categorical importance. Based on input data
requirements, correlative models can be categorized into three groups, as follows:

1. Presence/absence methods. These methods function by contrasting the environment at locations
where the species has been documented as present with locations where the species has been docu-
mented as absent, and therefore require both presence and absence data. Note that, in principle, any
presence/absence algorithm can be implemented using background (sampling from the study area
as a whole) or pseudoabsence (sampling from areas where the species has not been detected) data.

2. Presence/background methods. These methods assess how the environment at locations where the
species is known to occur contrasts with the environment across the entire study area (i.e., the “back-
ground”). Accordingly, these approaches use presence data along with a sample of environmental
data drawn from the study area, potentially including the known species occurrence localities.

3. Presence-only methods. These methods rely solely on environmental data where the species is known
to occur, without need for reference to any other information drawn from the study area.

5.4.1 Presence/Absence Methods

Presence/absence models discriminate between localities where a species is observed to exist (presence
data) and where it is observed not to exist (absence data). Several popular machine learning methods
used in other domains can be leveraged to model species distributions with presence/absence data. These
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TABLE 5.2 Modeling Methods Commonly Employed

Method Explanation Dataa Reference

ANN Arti�cial neural network pa [103,104]
BIOCLIM Bounding-box/envelope model p [97,98]
BIOMAPPER Factor analysis pa [52,105]
BRT Boosted regression trees pa [82]
DOMAIN Multivariate distance p [101]
DT Decision tree; classi�cation and regression tree pa [106,107]
GAM Regression; generalized additive model pa [35,91]
GARP Rule sets from genetic algorithms pa [94,108]
GDM Generalized dissimilarity modeling; uses community data pa [15]
GLM Regression; generalized linear model pa [35,109]
HABITAT Bounding-box/envelope model p [99]
LIVES Multivariate distance p [15,102]
LR Logistic regression pa [110,111]
MARS Regression; multivariate adaptive regression splines pa [93,112]
MAXENT Maximum entropy pa [33,62]
MAXLIKE Maximum likelihood pa [95,96]
RF Decision tree ensemble pa [80,113]
SPECIES Neural network; uses climate data pa [84]
SVM Support vector machine p/pa [114]

a p—only presence data used; pa—presence and some form of absence required—e.g., a background
sample.

methods include decision trees (DTs), arti�cial neural networks (ANNs), support vector machines (SVMs),
and variants thereof.

Classi�cation trees (CTs) are DTs constructed by repeatedly partitioning species data into pairs of mutu-
ally exclusive groups, maximizing the homogeneity of each group. This partitioning procedure is applied
to each group separately, and repeated until a tree is “grown.” This tree is usually then “pruned” to achieve
a desired level of simplicity or complexity [77,78]. The performance of an individual tree can frequently
be improved by �tting many trees and combining them to generate predictions. Random forest (RF) is an
ensemble DT that grows many CTs. Each CT is �t to a bootstrap sample of the data, but at each node,
only a small number of randomly selected variables are available for the binary partitioning of the tree.
The trees are fully grown and the predicted class of an observation is calculated by the majority vote from
the ensemble for that observation [79,80]. Boosted regression trees (BRTs) build on regression trees �tted
previously by focusing iteratively on the observed records that are hardest to predict. At each iteration, a
regression tree is �tted on a weighted version of the data set, where the weights are continuously adjusted
to take account of observations that are poorly �tted by the preceding models [81,82].

ANNs and SVMs are commonly employed computational models. Inspired by the way the brain works,
ANNs “learn” species’ responses to environmental predictor variables by repeatedly passing calibration
data through a network of arti�cial “neurons.” By adjusting internal structures of the neural network a�er
each iteration, ANNs estimate a response in one part of the network based on inputs (environmental
variables or latent factors thereof) at a di�erent point in the network [83]. Spatial evaluation of climate
impact on the envelope of species (SPECIES) is a domain-speci�c method that couples an ANN with a
climate-hydrological process to model species distributions [84]. When employed with presence/absence
data, two-class SVMs search for an optimal separating hyperplane capable of discriminating between
species presences and absences in the environmental space. This is accomplished by nonlinearly map-
ping the environmental data into a high-dimensional feature space, wherein a linear decision surface is
constructed [85,86].
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Generalized dissimilarity models (GDMs) model the compositional dissimilarity between pairs of
species presence localities as a function of environmental di�erences between these localities. The approach
combines elements of matrix regression and generalized linear modeling in order to model nonlinear
responses to the environment that capture ecologically plausible relationships between environmental
dissimilarity and ecological distance [87,88]. For predicting species’ distributions, an additional kernel
regression algorithm [89] may be applied within the transformed or latent environmental space generated
by a GDM to estimate the likelihood of occurrence of a given species at each locality [15].

5.4.2 Presence/Background Methods

Presence/background methods discriminate between localities where a species is observed to exist (pres-
ence data) and the entire geographic study area (i.e., the “background”). These methods include factor
analysis, regression-based techniques, genetic algorithms, and maximum entropy models.

A domain-speci�c factor analysis technique, known as ecological niche factor analysis (ENFA), calcu-
lates a measure of habitat suitability based on the analysis of how the species mean di�ers from the global
mean (marginality) and how the species variance di�ers from the global variance (environmental toler-
ance) [49]. A threshold on the suitability value can then be applied to determine the boundaries of the
ecological niche [52].

Several regression approaches have been used for modeling species distributions. Generalized linear
models (GLMs) generalize linear regression by allowing a linear model to be related to a response variable
via a link function. This approach enables the modeling of species responses to a wide range of environmen-
tal data types under a single theoretical and computational framework [90]. Generalized additive models
(GAMs) are a nonparametric extension of GLMs that use data-de�ned smoothing functions to �t nonlin-
ear responses. Because of their greater �exibility, GAMs are more capable of modeling complex ecological
response shapes than GLMs [91]. Both have found widespread use in correlative niche modeling because
of their strong statistical foundation and ability to realistically model ecological relationships [92]. Mul-
tivariate adaptive regression splines (MARS) provide an alternative regression-based method for �tting
nonlinear responses based on using piecewise linear �ts rather than smooth functions, with the advantage
of being faster than GAMs [93].

A popular genetic algorithm used for modeling species distributions is known as the genetic algorithm
for rule-set production (GARP). GARP produces sets of rules (e.g., adaptations of regression and range
speci�cations) that delineate ecological niches. Like many evolutionary algorithms, GARP works in an
iterative process of rule selection, evaluation, testing, and incorporation or rejection. At each iteration,
predictive accuracy is evaluated on the test presence data and a set of pseudoabsence points, and the change
in predictive accuracy from one iteration to the next is used to evaluate whether or not a particular rule
should be incorporated into the model [94].

One of the most widely used methods for modeling species’ responses to environmental factors is the
maximum entropy approach known as Maxent. Maxent estimates species’ distributions by �nding the
distribution of maximum entropy (i.e., the distribution closest to uniform) subject to the constraint that
the expected value of each environmental variable (or its transform and/or interactions) under this esti-
mated distribution matches its empirical average [37]. Recently, Royle et al. [95] advocated a similar model,
informally called Maxlike, to remedy issues that they found with Maxent [96].

5.4.3 Presence-Only Methods

Presence-only models rely solely on information at localities where the species is known to exist. As species
absence data is relatively uncommon compared to a growing amount of presence data available, there has
been increasing focus on developing methods that can be applied to presence-only data (i.e., data lacking
information on surveyed locations where a species is absent). Presence-only models include bounding-box,
distance-based, and statistical methods.
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The �rst correlative niche model to �nd widespread use was BIOCLIM, a bounding-box or envelope-
style method that characterizes the species niche as the bounding hyper-box that encloses all the records of
the species in the climatic space [97,98]. HABITAT de�nes the distribution as the convex hull of the species
observations in the environmental space [99]. In general, HABITAT is more e�ective than BIOCLIM at
adjusting the boundaries of the environmental envelope to the distribution of the species observations in
the environmental space [49]. As with BIOCLIM, however, only the outer observations (i.e., those obser-
vations that constitute the boundary of the convex hull in environmental space) are used to determine the
boundaries of the species distribution.

A variety of distance-based methods exist. One approach ranks potential sites by their Mahalanobis dis-
tance to a vector expressing the mean environmental conditions of all the records in the environmental
space. A speci�ed distance threshold is then used to de�ne the boundaries of the species distribution, pro-
ducing an ellipsoidal envelope that explicitly accounts for potential correlations between the environmental
variables [100]. DOMAIN and LIVES are distance-based methods that assess new occurrence localities in
terms of their environmental similarity to localities of known species presence. DOMAIN uses a point-
to-point similarity metric (based on the Gower distance) to assign a value of habitat suitability to each
potential site based on its proximity in the environmental space to the closest (most similar) occurrence
location [101]. LIVES is based on limiting factor theory, which postulates that the occurrence of a species
is solely determined by the factor that most limits its distribution [102].

Note that an important limitation of models �t to presence-only data is that they can only predict the
relative likelihood of species presence or habitat suitability at a given location. This is because presence-
only data lack information about species prevalence. By contrast, presence/absence data can be used to
predict the probability of species presence.

5.5 Deploying Large-Scale Models

A variety of tools are available for generating correlative niche models. However, these tools are becom-
ing increasingly fragmented, implementing di�erent best practices and each only providing access to a
small subset of the commonly used methods. Moreover, the large-scale deployment of correlative models
demands sophisticated computational resources, technical skills, and access to biological and climatic data.
In this section, we outline the tools available for generating correlative models and the e�orts underway to
unify them into coherent cloud-based platforms.

5.5.1 Modeling in Practice

A variety of approaches to correlative niche modeling exist. These approaches are accessible through a simi-
larly diverse range of platforms, from packages for popular programming languages to stand-alone desktop
applications. We highlight some of the focal developments in the practical deployment of correlative niche
models.

Presently, the programming language R* is the most widely used modeling platform. Popular R pack-
ages include BIOMOD [115], dismo [116], and SDMTools [117]. R provides a free and open-source
option for deploying correlative models as it allows users a great deal of �exibility with a variety of rel-
evant packages. However, properly leveraging these packages requires a sophisticated understanding of
related programmatic, computational, and statistical concepts. The programming language Python also
enables the deployment of free and open correlative models via the package scikit-learn,† which provides
functionality for modeling species’ geographic distributions [118].

* http://www.r-project.org
† http://www.scikit-learn.org

http://www.r-project.org
http://www.scikit-learn.org
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To simplify the model deployment process, stand-alone applications have been developed for certain
algorithms that feature graphical user interfaces and more clearly de�ned work�ows. Examples include
Maxent [37] and Desktop GARP [94]. While these applications serve to support individual algorithms,
openModeller Desktop [119,120] was conceived as a generic desktop framework to provide an open,
standardized, and integrated infrastructure for accommodating a �exible, user-friendly, cross-platform
environment capable of handling di�erent data formats and multiple algorithms that can be used in cor-
relative niche modeling. Accordingly, openModeller serves an underlying framework that uni�es a variety
of algorithms into a single coherent desktop application.

5.5.2 Modeling in the Cloud

Despite the availability of modeling so�ware, the large-scale deployment of correlative models demands
sophisticated computational resources, technical skills, and access to biological and climatic data. Correla-
tive models require the handling and storage of large spatial data sets that o�en need intensive formatting,
rescaling, projecting from di�erent pieces of data, cropping (clipping) to match certain spatial extents, and
reclassifying such that categorical elements are consistent across years. This �ltering and processing can be
a signi�cant burden and can represent a signi�cant barrier to entry. Further, the required expertise prevents
many potential stakeholders (e.g., natural resource managers) from generating their own simulations for
use in forming adaptation plans. The use of correlative modeling to inform adaptation plans is also beset
with fundamental issues that involve proper use and interpretation of modeling outputs.

“Collaboratories” are emerging as a potential solution to overcome these limitations. As originally
coined by William Wulf, prior director of the National Science Foundation’s Directorate for Computer
and Information Science and Engineering, a “collaboratory” was envisioned as virtual scienti�c research
collaboration: “A ‘center without walls,’ in which ... researchers can perform their research without regard
to geographical location—interacting with colleagues, accessing instrumentation, sharing data and com-
putational resources, accessing information in digital libraries” [121]. Collaboratories are characterized by
features that include: (1) a shared interest in a common goal and/or problem; (2) active interaction and
contribution by participants; (3) shared information resources; (4) extensive use of technologies; and (5)
bridge geographical, temporal, institutional, and disciplinary divides.

To this end, several online, cyberinfrastructure-based collaboratories have been developed that
cater to the large-scale application of correlative niche models, including EUBrazil OpenBio* and the
Collaboratory for Adaptation to Climate Change.† The EUBrazilOpenBio initiative is a cyberinfrastructure
that provides the biodiversity community with a rich set of computational and data resources exploit-
ing existing cloud technologies from the European Union and Brazil. The platform provides ecological
practitioners with a work�ow through which they may generate, evaluate, and interpret correlative niche
models [122]. The Collaboratory for Adaptation to Climate Change relies on cyberinfrastructure, data and
knowledge management, simulations, scenario analysis, and visual analytics to provide next-generation
biological models for simulating geographic-range change and assessing ecosystem vulnerability due to
climate change. The Collaboratory provides access to NatureServe’s climate change vulnerability index
(CCVI) [123] and hosts the Spatial Portal for Analysis of Climatic E�ects on Species (SPACES), an online
platform with access to cutting-edge modeling techniques and a multidisciplinary community.

5.6 Future Directions

As ecological data sets continue to grow larger and as the availability of a diverse collection of modeling
choices continues to expand, correlative niche models stand poised to contribute more than ever to e�orts

* http://www.eubrazilopenbio.eu/
† https://adapt.nd.edu/

http://www.eubrazilopenbio.eu/
https://adapt.nd.edu/
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in ecology and conservation ecology. These trends suggest that the techniques with the most to gain may
be those that can e�ectively leverage the increasingly available assortments of data and algorithms.

With crowdsourced ecological data becoming more readily available, correlative models are being
increasingly deployed on the large, longitudinal data sets curated from these “citizen science” e�orts. While
these e�orts can serve to expand the potential for spatial ecology research by producing data sets that are
larger than those otherwise available [124,125], they also serve to introduce further concerns about the
quality of data gathered. These e�orts also risk fragmentation and di�ering standards, with data potentially
gathered in di�erent ways, through di�erent e�orts, and at di�erent extents and granularities. Increasingly
relevant are techniques that can improve the quality of crowdsourced data and methods that can provide
a level of resiliency against the e�orts of imperfectly collected data [126,127].

The growth of data is not limited to correlative variables. Promising work is also being applied to the
inclusion of information that can supplement correlative data, such as expert- or survey-derived estimates
of detectability, of species dispersal or occupancy correlates, or of relative phylogenetic position [126].
These are all powerful forms of information if many species are assessed in a single framework, similar to
the practice of using a collection of related species to correct for sample selection bias [128]. The output
of resulting integrative models (i.e., models that, unlike ordinary correlative models, manage to combine
information from a broader range of data types and uncertainties) can subsequently be used to depict the
best possible estimate of the distribution of a species over a speci�c timeframe [129].

A continuing di�culty in the use of correlative methods to estimate species distributions is the di�culty
of reliably estimating species abundance. Though many correlative models provide reliable estimates of
the relative abundance rate over the study extent, few methods are able to provide a reliable estimate of the
actual rate of abundance over the same extent. Promising lines of research have focused on addressing
this de�ciency of correlative modeling by introducing new models [95,130], though the e�ectiveness and
validity of such methods are the subject of ongoing debate [131–133].
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6.1 Introduction and Motivation

Meteorologists, like all scientists, are driven by mysteries. One of the greatest mysteries of the atmosphere
is how a storm can produce a tornado while a nearby, very similar storm does not. This is much more than
an academic curiosity; tornadoes on average produce dozens of fatalities annually in the United States [1],
and as demonstrated on April 27, 2011, a single tornado outbreak can still cause hundreds of deaths [2].
This is largely because of the di�culty of predicting the occurrence and tracks of tornadoes with enough
lead time and accuracy for those impacted to receive and respond to the warning. Average tornado warning
lead times have remained near 17 minutes over the last few decades, 15% of tornadoes still occur without
warning, and nearly 75% of warnings are false alarms [3]. This lack of progress in tornado forecasting
arises largely from limited understanding of the internal storm processes leading up to tornadogenesis. We
seek to fundamentally transform understanding and prediction of tornadogenesis through the develop-
ment and application of spatiotemporal data mining techniques to simulations of tornadic and nontornadic
thunderstorms.

The vast majority of signi�cant tornadoes are spawned by supercell thunderstorms but it should be
noted that most supercells do not produce tornadoes [8]. Supercells are especially long-lived thunder-
storms (o�en lasting several hours) that can form when strong vertical wind shear and moderate-to-strong
thermodynamic instability are present in the atmosphere. Supercells are characterized by a deep, rotating
updra� known as a mesocyclone (Figure 6.1a). This updra� is sustained by warm, converging in�ow, the
disruption of which (e.g., by rain-cooled air) o�en initiates storm demise. Upon the onset of signi�cant
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FIGURE 6.1 These �gures are best viewed in color. (a) Structure of a classic supercell adapted from [4–6]. (b) Radar
re�ectivity observations of the 3 May 1999 tornadic supercell near Oklahoma City, OK (from [7]). The hook echo
re�ectivity signature (dBZ) at 4 km is indicated by a dashed circle.

precipitation, regions of descending air develop in the forward and rear �anks of the supercell. When sig-
ni�cant tornadogenesis occurs, it is nearly always preceded by the development of the rear-�ank downdra�
(RFD). The presence of an RFD is o�en signi�ed by a hook echo signature in the radar re�ectivity �eld,
which provides a measure of precipitation intensity (Figure 6.1b). Low-level mesocyclones (LLMs), typ-
ically de�ned as mesocyclones whose base extends to within 1 or 2 km of the ground, are also closely
associated with tornadogenesis. The presence of an LLM signi�es a substantially higher probability of
tornadogenesis [8] and, conversely, signi�cant tornadoes are usually associated with an LLM.

There are two primary pathways by which better understanding of tornadogenesis would improve
tornado warnings. First, better understanding of the physical processes and scales associated with tornado-
genesis would help guide and prioritize e�orts to improve numerical weather prediction (NWP) models.
NWP models play an increasingly important role in severe weather forecasting as observational, modeling,
and computational capabilities advance. This transition to the “Warn-on-Forecast” paradigm [3,9] is criti-
cal for improving the tornado forecasting process, which is currently overly dependent on visual and radar
cues that are o�en ambiguous or arise once a tornado is already in progress. Second, discoveries of tornado
precursors that can be accurately represented in real-time storm analyses could be used to develop auto-
mated tornado prediction algorithms. Automated algorithms will be increasingly needed as the volume of
observational and model data available to forecasters increases beyond their ability to process subjectively.

Present lack of understanding of tornadogenesis arises largely from the strong nonlinearity and com-
plexity of the relevant processes and the importance of scales down to O(10 m, 1 s). At present, such small
scales can only be observed by fast-scanning mobile radars positioned within a few kilometers of devel-
oping tornadoes (e.g., [10]). Due to the unpredictability of storms in general and tornadoes in particular,
collecting such observations is di�cult and dangerous, making high-quality data sets rare. Furthermore,
no tornado observations have yet been collected within 10 m of the ground, thought to be a critical layer
for tornadogenesis [11].

The lack of observations of tornadogenesis motivates the use of high-resolution supercell simulations
as a complementary research tool. Idealized tornadic supercell simulations have been used since the 1980s
to investigate tornadoes (e.g., [12,13]). The advent of mobile radars and sophisticated storm-scale data
assimilation techniques have recently enabled the blending of observations and simulations into highly
descriptive analyses of real-world tornadoes [14]. Case studies of both simulations and data assimilation
analyses have yielded some critical insights into the genesis, evolution, and decay of tornadoes.

An important downside, however, of the time-intensive case studies traditionally performed by tor-
nado researchers is the limited number of storms that can be examined in a reasonable timeframe. This
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reduces the generality of conclusions drawn about tornadogenesis. Data mining techniques, on the other
hand, can be used to analyze numerous cases simultaneously, allowing more rigorous hypothesis testing.
Even more critically, by introducing an element of automation into the hypothesis development and test-
ing process, the data mining approach can discover important relationships whose relevance a human
researcher may not have ever suspected. This approach is particularly suited to investigations of highly
complex phenomena that generate huge data sets and may therefore prove invaluable to unlocking the
secrets of tornadogenesis.

Simulations provide a valuable picture of the atmosphere for studying tornadogenesis. Mobile radars
can measure the intensity of the precipitation near a tornadic storm but they cannot measure the full state
of the atmosphere because they are not designed to measure variables such as temperature and pressure.
Simulations can produce a complete picture of the atmosphere, which is necessary to achieve an improved
fundamental understanding of the processes involved in tornadogenesis. However, simulations produce
a large volume of data, necessitating that our machine learning and data mining methods be capable of
learning with large data. This chapter describes our current approach to performing large-scale data mining
on the supercell simulations.

6.2 Severe Weather Simulations

The supercell simulations used to train the SRRF were generated using the compressible mode of the Bryan
Cloud Model 1 (CM1) [15]. The CM1 is a three-dimensional, time-dependent, nonhydrostatic numerical
model designed primarily for research on deep precipitating convection (i.e., thunderstorms). The hori-
zontal and vertical grid domain lengths were set to approximately 200 and 20 km, respectively. To reduce
computational cost, both horizontal and vertical grid stretching were used. Vertical grid spacing increased
from 40 m within the lowest model layer to 500 m above 18.2 km. Horizontal grid spacing was set to 100 m
within the middle 125 km of the domain, and increased to 400 m at the lateral boundaries. A total of
1536 × 1536 × 99 ≈ 234 million model grid points were used. Cloud microphysics were parameterized
using a sophisticated three-moment scheme developed at the National Severe Storms Laboratory [16]. Typ-
ical of idealized storm simulations, a horizontally uniform analytical base state was used, and storms were
initiated using a thermal bubble. Additional simulation details are listed in Table 6.1.

In order to produce a variety of tornadic and nontornadic supercells, each simulation used a di�erent
base state. The �rst simulation was initialized using a vertical sounding of the atmosphere collected near
a tornadic supercell that impacted Geary, Oklahoma, on 29 May 2004 [17]. The base states used in the
remaining simulations were produced by perturbing the original sounding. The sounding perturbations
were computed by scaling typical operational model sounding errors [18] to 25% (20 simulations), 50% (30
simulations), or 100% (20 simulations) of their original magnitudes, resulting in a total of 71 simulations.
For this chapter, we focused on the 50% simulations, of which seven were discarded due to model boundary
artifacts.

TABLE 6.1 CM1 Con�guration for Supercell Simulations

Large/small time steps 0.5 s / 0.083 s
Lateral boundary conditions open-radiative
Turbulence parameterization 1.5-order TKE closure
Coriolis e�ect O�
Surface drag O�
Radiation parameterization O�
Cumulus parameterization O�
Surface layer physics O�
Boundary layer parameterization O�
Explicit numerical di�usion O�
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FIGURE 6.2 (a) Control sounding and (b) perturbation 29 simulations. Composite re�ectivity for these two simu-
lations at 6000 seconds. In both cases, one of the storms is moving out of the top boundary of the domain and a new
storm is in the center.

The simulations were produced using XSEDE resources,* speci�cally at the National Institute for Com-
putational Science (NICS) using Darter [19] and Nautilus.† Each simulation used 4096 cores and ran for
6 hours, producing 2.5 hours of simulated storm time. Each simulation produced approximately 5 TB of
data.

Figure 6.2 shows the simulated radar re�ectivity from two of the simulations at 6000 seconds into the
simulation. The redder areas are regions with more intense precipitation and the more blue regions have
less precipitation. Any values below 30 dBZ are not shown. The le� panel shows the control sounding, and
the right panel shows one of the perturbations. It is clear that there is signi�cant variation in the storms
from the perturbations.

6.3 Spatiotemporal Relational Random Forests

Meteorologists study storms using high-level features such as updra�s (regions where the air �ows upward)
and downdra�s (regions where the air descends). To facilitate learning a physically plausible model, we use
statistical relational learning (SRL) [20–22] to study the simulations. SRL methods learn about objects (e.g.,
the high-level features that meteorologists already use to study storms) and the relationships between these
objects. SRL has proven to be very successful in a wide variety of applications (e.g., [23–26]).

The relationships between the high-level features, or objects, are crucial to fully understanding the causes
of tornadogenesis. The particular goal of our project is to identify critical spatiotemporal relationships, that
is, the relationships that change as a function of space, time, or space and time together. We have previously
developed the spatiotemporal relational probability tree (SRPT) and its related spatiotemporal relational
random forest (SRRF) techniques [27–31]. We chose to use the SRRF in this work since we have previously
shown that it can be successfully applied to severe weather investigations.

We describe the SRRF algorithm in su�cient detail here for the reader to understand the results.
Interested readers are referred to [31] for further implementation details.

* https://www.xsede.org
† https://www.nics.tennessee.edu

https://www.xsede.org
https://www.nics.tennessee.edu
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6.3.1 Spatiotemporally Relational Attributed Data

A traditional Random Forest [32] is an ensemble of decision trees learned using ID3 or C4.5 [33,34]. SRPTs
and SRRFs are trained using a similar method to the Random Forest but the two approaches use very
di�erent data. A traditional decision tree uses data that can be described by attribute–value pairs. For
example, the storm data would be reduced to a series of attributes such as the maximum temperature
within a storm, the duration of the storm, the maximum updra� strength, and so on. Although such an
approach can work in many situations, it does not take advantage of the objects and relationships already
in the data and which we know are critical to understanding the data.

The SRRF learns from spatiotemporal relational attributed data, speci�cally from an enhanced version
of the relational attributed graph representation developed by [35]. For this work, our relational data con-
tain only objects, which are de�ned to be high-level concepts that meteorologists already use to describe
the data. The SRRF can learn from data that also contain prede�ned relationships between the objects but
we focus on the objects here and enable the relationships to be discovered automatically by the SRRF. In
previous work, we enabled objects to have spatiotemporally varying �elds of scalar and vector data associ-
ated with them. We call these �elded objects, following the convention in geographic information systems
[36,37].

Table 6.2 lists the objects we extracted from each simulation and for each storm. Each object was tem-
porally varying and had an associated start and end time. Because the SRRF can autonomously identify
spatial, temporal, and spatiotemporal relationships, we did not identify prede�ned relationships between
the objects.

The SRRF can learn from static attributes, meaning they don’t change during the lifetime of the object,
or dynamic ones, which can change throughout the lifetime of the object. Dynamic attributes can either
be scalar (such as a measurement of the maximum wind speed inside an updra�) or �elded, where there

TABLE 6.2 Objects Extracted for the SRRF and a Description of Why We Chose Those Objects

Name Description

Updra� A concentrated region of ascending air. The updra� forms the core of the supercell and is
responsible for stretching near-ground rotation to tornadic magnitude.

Downdra� A concentrated region of descending air. The rear-�ank downdra� has been shown to play a
critical role in generating near-ground rotation.

Re�ectivity Measure of the precipitation intensity (units of dBZ). We use re�ectivity objects to help
identify and track storms.

Cold pool A mass of cold air at the surface produced by a storm downdra�. The strength and location of
the cold pool strongly in�uence whether tornadogenesis occurs.

Convergence (Divergence) A measure of the contraction (spreading out) of the wind �eld. Due to conservation of mass,
strong low-level convergence tends to intensify the storm updra�.

Vertical vorticity A measure of local rotation about the vertical dimension. Once substantial vertical vorticity
occurs near the ground, it may be stretched to tornadic magnitude by the low-level updra�.
Positive (negative) vorticity corresponds to counterclockwise (clockwise) rotation.

Tilting Tilting of horizontal vorticity into the vertical dimension. This mechanism is o�en important
as air descends toward the ground or ascends as it enters the updra�. Positive (negative) tilting
corresponds to increasing (decreasing) vorticity.

Stretching Intensi�cation of vorticity as air accelerates within an updra�. Positive (negative) stretching
corresponds to increasing (decreasing) vorticity.

Mesocyclone A deep column of rotating air associated with a supercell updra�. The existence of a
mesocyclone identi�es a storm as a supercell. We de�ne a positive (negative) mesocyclone as
one that rotates counterclockwise (clockwise) when viewed from above.

Low-level mesocyclone A mesocyclone with base 1–2 km above the ground. LLMs are signi�cantly more likely to be
associated with tornadoes than higher based mesocyclones.

Tornado A strong low-level rotation de�ned herein to be associated with an LLM.
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TABLE 6.3 Attributes Extracted for Each Object in Our Data

Name Type Description

Hydrometeor buoyancy 3D scalar �eld Vertical drag force exerted by precipitation particles. Negative
hydrometeor buoyancy contributes to the intensity of downdra�s.

Thermal buoyancy 3D scalar �eld Vertical force arising from horizontal gradients in air density.
Positive thermal buoyancy contributes to the intensity of the main
updra�.

Total buoyancy 3D scalar �eld Sum of hydrometeor and thermal buoyancy.
Re�ectivity 3D scalar �eld Measure of precipitation intensity.
Potential temperature perturbations 3D scalar �eld Potential temperature is the temperature an air parcel would have

if brought adiabatically down to a reference level, typically 1000
mb. Large negative potential temperature perturbations
(deviations from the storm environment) in the cold pool can
promote baroclinic (buoyancy-gradient-induced) vorticity
generation but also decelerate parcels rising within the main
updra�.

Wind 3D vector �eld A full �eld of the wind vectors inside an object.
Vorticity 3D vector �eld A full �eld of the vorticity (measure of instantaneous spin)

vectors inside an object.

is a gridded series of measurements. The �elds can be either two or three dimensional and can comprise
either scalar values or vectors. For this work, we extracted only temporally and spatially varying attributes.
Table 6.3 lists the attributes extracted within the 3D boundaries of each object.

Each simulation and each storm within a simulation provided a di�erent set of objects and attributes.
The SRPT and SRRF are classi�ers, which means they learn from labeled data. We describe the details of
how we labeled each storm below. The storms were broken into three categories: tornadic, tornado-failure,
and nontornadic. We trained the SRPT and SRRF on the tornadic and tornado-failure storms.

6.3.2 Training the SRPT

SRPTs are probability estimation trees [38] that learn with the spatiotemporally varying relational data
described above. SRPTs di�er from existing tree-based relational learning approaches such as TILDE
[39,40] through their ability to handle the discovery of multidimensional spatial, temporal, and spatiotem-
poral relationships and their ability to handle spatially and temporally varying data. SRPTs also di�er from
the relational probability tree (RPT) [35] and the temporal extensions to the RPT [41,42] in their ability
to handle spatially and spatiotemporally varying relational data. This is critical for applications to severe
weather.

We �rst discuss how to grow an SRPT from the spatiotemporal relational attributed data and then we
discuss how to train the SRRF. We follow the standard approach for training a random forest and do not
introduce pruning mechanisms into the individual model training. Algorithm 6.1 describes the approach
for growing an individual SRPT.

Algorithm 6.1: Train-SRPT: Algorithm for growing an individual SRPT

Input: Data = Spatiotemporal relational attributed graphs used for training data
Input: numSamples = Number of questions to sample when growing the tree
Input: maxDepth = Maximum depth of tree
Input: currentDepth = Current tree depth
Input: p = p-value used to stop tree growth
Output: A single SRPT
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if maxDepth is reached or Data is too small then
return a leaf node using Data;

end
split ← Find-Best-Split(Data,numSamples,p);
if split ≠ ∅ then

tree ← ∅;
for all possible values v in split do

add a child to tree by calling Train-SRPT recursively and using only Data where split = v;
end
Return tree

else
return a leaf node using Data;

end

Each SRPT is grown using the standard greedy approach also used by ID3 and C4.5 [33,34]. The primary
di�erence between these approaches and that outlined in Algorithm 6.1 is in the way the best split is iden-
ti�ed. In a standard ID3 or C4.5 decision tree, the number of possible splits is �nite and each is examined.
In a Random Forest [32], the number of attributes is limited signi�cantly in order to introduce diversity
into the forest. The trees are then grown using the standard algorithm but only examining the limited set of
attributes available at each node. Due to the continuous nature of the spatiotemporal relational attributed
data, for the SRPT, the number of possible questions or ways to split the tree is essentially in�nite and the
best split is identi�ed using a random sampling of the possible splits. Algorithm 6.2 describes how the best
split is identi�ed in an SRPT.

Algorithm 6.2: Find-Best-Split: Finds the best split for the data

Input: Data = Spatiotemporal relational attributed graphs used for training data
Input: numSamples = Number of questions to sample
Input: p = p-value used to stop tree growth
Output: A split if one exists that satis�es the criteria or ∅ otherwise
best ← ∅;
for i = 1 to numSamples do

split ← generate a random split by choosing a question type randomly and �lling in the
values by randomly sampling from the training data;
eval ← evaluate the quality of split using chi-squared;
if eval is statistically significant (using p) and eval is best evaluation so far then

best ← split;
end

end
Return best;

The splits for the SRPT provide the key di�erences between the SRPT and other decision tree algorithms.
Decision trees must split the data in a way that provides meaningful information. In a typical decision tree,
these splits take the form of yes/no questions such as “Is it raining?" In the SRPT, the splits are derived
from a set of spatial, temporal, and spatiotemporal questions. The full list of questions is given in [31]. We
describe the types of questions that are possible, using examples from the tornado domain. Since there are
essentially an in�nite number of possible values for each split, the speci�c values are chosen by sampling
from the training data.
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Nonspatial, nontemporal questions: Does the storm contain a downdra�? Does the storm contain an
updra� with a maximum speed of at least 30 m s−1?

Temporal questions: Does the storm contain a downdra� that lasts at least 5 minutes? Does the re�ec-
tivity region have a re�ectivity maximum that exceeds 60 dBZ for at least 5 minutes? Is the partial
derivative of the maximum updra� strength (computed using �nite di�erences) at least 0.02 m s−2

over 5 minutes?

Spatial and spatiotemporal questions for �elded attributes: Does the updra� have a re�ectivity value
of at least 60 dBZ? Does an updra� have a maximum magnitude of the gradient of its
re�ectivity �eld of at least x? Does the downdra� have a potential temperature value (mean/
maximum/minimum/standard deviation) of at least x at any or all time steps?

Spatial and spatiotemporal questions for wind vectors: Does the updra� have a maximum divergence
or minimum convergence of at least x? Does the downdra� have a maximum/minimum stretching
or shearing of x? Does the updra� have a vorticity (computed from the wind vector �eld) of at least
x? Is the average direction of the wind vector in a cold pool object to the northwest?

Two-dimensional shape questions: Does the shapelet [43,44] of the updra�’s composite match the
template (trained from the data)?

Three-dimensional shape questions: Does the shape of the updra� match the template (trained from the
data)? Does the shape of the space between the updra� and the downdra� match this template? Does
the shape change over time in a way that matches two templates? Does the shape stay the same for
5 minutes?

Combination questions: Are there at least �ve downdra� objects? Is there a temporal relationship
between the items matching question 1 and question 2? The temporal relationships (from [45]) are
before, meets, overlaps, equals, starts, �nishes, and during. Are the centroids of the objects matching
question 1 within Euclidean distance d of the objects matching question 2?

Since severe weather features are unlikely to correspond to canonical shapes such as a circle or a sphere,
we have developed two approaches that can distinguish arbitrary shapes. For two-dimensional data, we
use shapelets as developed by [43,44]. Shapelets are pieces of a time series that can be used to distinguish
di�erent time series. Shapelets can be applied to either univariate time series data, such as the maximum
updra� within a �eld at each time step, or to two dimensional shapes. For the latter, we convert the outline
of a two dimensional shape into what [46] calls a time series.

Three-dimensional shapes are more di�cult to distinguish as they cannot be easily reduced to a single
time series. Instead, we use shape distributions, which are statistical distributions that characterize a 3D
shape [47]. These can be formed by sampling from random points on the surface of the shape and calcu-
lating a simple statistic, such as the distance between the two points. We use this idea to distinguish shapes
from one another and to distinguish spatial and spatiotemporal relationships by sampling from the space
between objects. The distributions are distinguished using Kolmogorov–Smirnov.

In standard decision trees, the best split is chosen by measuring which split provides the largest infor-
mation gain. For the SRPT, we use the chi-squared statistic, which we found to be a more robust solution
than information gain. To handle smaller numbers of examples, we also used Fisher’s exact test when there
were fewer than 20 examples at that point in the tree. Chi-squared was used for 20 or more examples.

6.3.3 Training the SRRF

The SRRF is an ensemble of SRPTs, trained using a very similar approach to that of Random Forests [32].
Random Forests are a powerful machine learning method that make use of the fact that an ensemble of
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weak learners can become a strong learner through diverse models. One way that Random Forests pro-
vide diversity to the underlying models is to train each model on a di�erent set of data. These data are
constructed using bootstrap resampling on the training data. The other way that Random Forests ensure
diversity is through sampling the attributes available for each split (our approach for this was described
above).

Algorithm 6.3 describes the procedure for training a SRRF given our spatiotemporal relational attributed
data. Although this can be computationally intensive on large data sets such as those we use here, it is easily
implemented in parallel since the training of each tree is independent from one another. We implemented it
using a single thread for each tree, which signi�cantly improved the running time of the algorithm. Further
improvements could also multithread the Train-SRPT algorithm but that was not necessary for our data,
despite the largeness thereof.

Algorithm 6.3: Train-SRRF: Trains a full spatiotemporal relational random forest

Input: Data = Spatiotemporal relational attributed graphs used for training data
Input: numSamples = Number of questions to sample
Input: p = p-value used to stop tree growth
Input: numTrees = Number of trees in the forest
Output: A SRRF
forest ← ∅;
for i = 1 to numTrees do

newData ← create a new data set using bootstrap resampling from Data;
tree ← call Train-SRPT on newData;
add the tree to the forest;

end
Return forest;

6.4 Preparing Simulations for Machine Learning

Each simulation produces over 5 TB of raw data that we must process prior to inputting to our machine
learning techniques. This section explains the details of how we identi�ed and tracked distinct storms
within each simulation, how we extracted each type of object, and how we labeled each storm.

6.4.1 Identifying Storms and Storm Objects

Preparing the simulations for machine learning and data mining requires an automated approach to pro-
cessing the data. The �rst step is to automatically identify and track the distinct storms from within each
simulation. As Figure 6.2 shows, there can be multiple distinct storms within a given simulation. In order
to identify and track individual storm cells, we need a de�nition of what a storm cell is. We de�ne a storm
using the updra� since that is the central feature of supercell thunderstorms.

Most objects are extracted from the simulation data using thresholds to de�ne their boundaries. The
thresholds and heights over which the thresholds are applied are given in Table 6.4. Because the simulations
can have small areas of noisy data that appear to cross a threshold but are not really useful, objects are also
subjected to minimum area and volume constraints. Objects must also persist for at least two consecutive
time steps (60 seconds) in order to be saved for machine learning.

With the threshold approach, objects can be extracted from each time step in parallel, facilitating large-
scale machine learning. Before sending the �nal data to the SRRF, the objects must be identi�ed and
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TABLE 6.4 De�nitions for A Objects Extracted Using Thresholds on the Simulation Data

Name De�nition Heights Min area Min volume

Updra� w ≥ 15m s−1 0–8 km 5 km2 10 km3

Downdra� w ≤ −6m s−1 0–8 km 2 km2 4 km3

Intense re�ectivity dBZ ≥ 60 0–8 km 5 km2 20 km3

Radar re�ectivity dBZ ≥ 40 0–8 km 5 km2 20 km3

Cold pool θ′ ≤ −2◦K 0–500 m 2 km2 0.5 km3

Positive vertical vorticity ζ ≥ 0.05s−1 0–8 km 1 km2 1 km3

Negative vertical vorticity ζ ≤ −0.05s−1 0–8 km 1 km2 1 km3

Convergence ▽ ≥ 0.05s−1 0–500 m 1 km2 0 km3

Positive tilting T ≥ 0.03s−2 0–3 km 1 km2 0 km3

Negative tilting T ≤ −0.03s−2 0–3 km 1 km2 0 km3

Positive stretching S ≥ 0.03s−1 0–5 km 1 km2 0 km3

Negative stretching S ≤ −0.03s−1 0–5 km 1 km2 0 km3

tracked across time, with each object being tracked uniquely. Since the data are available at 30-second inter-
vals, approaches that have been developed for less frequent real-time weather data [48] are not needed.
Instead, we track objects from one time to another by looking for the nearest object in the previous
time step. Objects do not move signi�cantly within 30 seconds and so this approach has proven very
reliable.

Figure 6.3 shows the updra� and downdra� objects identi�ed at 6000 seconds in one simulation. In
order to show the three-dimensional structure of the objects, Figure 6.3 shows the composites across the
vertical and the two horizontal dimensions. The updra� regions are the central feature of each storm and
each storm can only have one updra�. Other objects are associated with the nearest updra� and all objects
within a speci�ed radius (20 km for this work) are assumed to belong to the same storm. Figure 6.3 shows
three identi�able storms that are present at the time.

6.4.2 Identifying Strong Vortices

In order to label storms as tornadic, tornado-failures, or nontornadic, we identify mesocyclones and torna-
does in the simulation data using an updated version of the vortex detection and characterization (VDAC)
technique [49]. The VDAC algorithm variationally produces a least-squares �t of the local wind �eld to
a low-order model of a vortex. The vortex model parameters retrieved by this process include location,
radius of maximum wind, and maximum tangential wind. Vortex detections are made based on thresholds
of the retrieved radius and maximum tangential wind. Each retrieval operates on a single height and time,
making it necessary to impose continuity criteria to identify 3D or 4D vortex objects. The 3D mesocyclone
and tornado objects at each time are constructed from 2D objects at each vertical level. The location and
boundary of each 2D object are de�ned by the location and radius of the corresponding VDAC detection.
VDAC detections have a sign indicating which way the vortex is spinning and detections are only matched
with other detections of the same sign.

Mesocyclone objects must have at least one VDAC detection within the 2–4 km height interval, and
at least four detections total from 0 to 8 km. Any detections below 2 km must have a radius of more
than 750 m. Tornado objects require a VDAC detection at height 100 m with vortex radius of less
than 500 m as well as one or more additional detections over the 0.5–3.0 km height interval. Any tor-
nado detections in between are added to the tornado object. Detections at successively higher levels
are associated with the same object if they are within 60◦ from the vertical of the next-highest detec-
tion. Both mesocyclone and tornado objects extend from their lowest altitude VDAC detection to their
highest.
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FIGURE 6.3 (See color insert.) Visualization of the three-dimensional updra� and downdra� objects. The lower le�
panel shows the composite over the vertical and the top and right panels show the composites across the north–south
and east–west directions, respectively. Updra� objects are shown in shades of red, and downdra� objects are shown in
shades of blue. The colors correspond to the object number, not to values within the updra� or downdra� themselves.
The vertical composite also includes re�ectivity. The triangles in the horizontal composites indicate locations of strong
vortices (described in Section 6.4.2).

Figure 6.4 shows the mesocyclone objects identi�ed in the same simulation and the same time step as
Figure 6.3. The �gure also shows all of the VDAC detections in the vertical and horizontal composites. The
tornado objects do not appear until later in this simulation.

The mesocyclone and tornado objects are used to label each storm for the SRRF for training. A tornadic
storm is de�ned as having a LLM and colocated tornado object at the same time (for at least 60 seconds).
A tornado-failure storm has an LLM (lowest height of 2 km or less) but no tornado. A nontornadic storm
has neither an LLM nor a tornado object. The SRRF learns from the 30 minutes prior to the start of the
tornado or the time of tornado-failure (de�ned as the start of the LLM). This focuses the SRRF on the
environment directly associated with tornadogenesis. The training data consisted of 34 tornadic storms
and 21 tornado-failure storms.
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FIGURE 6.4 (See color insert.) Mesocyclone objects at time 6000. The lower le� panel shows the vertical composite
with the VDAC detections shown using either a star or a triangle. Detections shown using a triangle were used in the
mesocyclone objects. Positive mesocyclones are shown in red and negative in blue. There were no tornado objects at
this time step.

6.5 Empirical Results

We �rst examine the performance of the SRRF as a function of the main parameters to the algorithm. The
main parameters are the number of trees in the forest and the number of samples of questions asked when
building each tree. In previous work, we have demonstrated that the performance of the tree increases
initially as both of these parameters are increased but it quickly reaches an asymptote [30,31]. The results
shown in Figure 6.5 con�rm this. Panel (a) shows the performance as a function of the number of trees
and panel (b) shows the performance as a function of the number of samples. For the graphs, we measured
performance using the area under the ROC curve. A score of 1 means the SRRF scored perfectly, and
a score of 0.5 means it was performing as a random algorithm would. The �gure shows the mean AUC
and the 95% con�dence interval of the AUCs as a function of the two main parameters. These results are
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FIGURE 6.5 Average AUC with the 95% con�dence interval in shading for (a) as a function of the number of trees
in the forest and (b) as a function of the number of samples used to grow the trees.

TABLE 6.5 TSS for the SRRFs as a Function of the Two Main Parameters. The 95%
Con�dence Interval Is Shown in Parentheses and the Average Is Shown in Bold

Number of Trees Number of Samples
100 500 1000

10 0.31 (−0.45,0.88) 0.59 (0.23,1.00) 0.70 (0.18,1.00)
55 0.44 (−0.31,1.00) 0.62 (0.12,1.00) 0.67 (0.13,1.00)
110 0.47 (−0.03,1.00) 0.56 (0.07,1.00) 0.59 (0.00,0.86)

averaged over 30 runs. As the number of trees increases, the con�dence interval is tighter and the mean
AUC increases. This is also true as the number of samples increases.

We also evaluated the results using the true skill statistic (TSS) [50] as calculated on the contingency
tables for each forest. This statistic is very similar to the area under the curve except that it varies from −1
to 1 with 0 being the performance of a random classi�er. A TSS value of 1 is perfect. Table 6.5 shows the
TSS with the con�dence intervals for each parameter setting. As with the AUC results shown graphically
in Figure 6.5, the con�dence interval bounds grow tighter as either the number of trees increases or the
number of samples increases.

Given these results, we chose to use 110 trees and 1000 question samples for the remaining experi-
ments. Here, we examine individual forests for physical insights into the causes of the tornadogenesis in
the simulations. The �rst step is to examine the variable importance results. The SRRF implements variable
importance in the same manner as Random Forests [32]. Table 6.6 shows the variable importance for a for-
est with 1000 samples and 110 trees. Mesocyclone wind attributes are found to best discriminate between
tornado and tornado-failure cases in the forest.

Our next step in examining what is learned from the forests is to see what types of questions are asked
in the trees and what objects or relations are being referenced in those questions. Table 6.7 shows the top
questions and object types used for each question. The mesocyclone wind attributes that were shown by the
variable importance values to be most critical to discriminating between tornado and tornado-failure cases
are here revealed as vorticity, deformation, and divergence. Questions involving these attributes comprise
nearly 60% of all the tree branches of the forest.
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TABLE 6.6 Top Five Variables as Measured by Variable
Importance

Object Attribute Score

Positive mesocyclone Wind 10.9
Negative mesocyclone Wind 5.0
Updra� Wind-shape 3.5
Downdra� Wind-shape 1.4
Updra� Wind 0.8

TABLE 6.7 Top Eight Question Types and the Percentages of Tree Branches
Containing Them

Question Type Object Percentage (%)

Vector �eld vorticity Positive mesocylone 24.2
Vector �eld vorticity Negative mesocylone 12.7
Vector �eld deformation Positive mesocylone 10.4
Vector �eld divergence Positive mesocylone 6.5
Vector �eld deformation Negative mesocylone 5.1
Array temporal duration Updra� 5.1
Array shapelet Updra� 4.8
Vector �eld vorticity Updra� 3.4

Our �nal step in examining the SRRF output was to assess the roles of the aforementioned questions
within their trees. Only one question category was found to consistently and frequently discriminate
between tornado and tornado-failure cases. An answer of “yes” to the question of whether the horizon-
tal vorticity vector within a positive mesocyclone points within 22.5◦ of southwest led to a 100% tornado
probability in 15 out of 17 trees. In 14 of those 15 tornado classi�cations, the question was asked of a
model level 700–1500 m above the surface. This result is consistent with the known importance of tilting
and stretching of low-level vorticity near the mesocyclone, and therefore helps validate our methodology.
The signi�cance of the southwestward orientation of the horizontal vorticity vector in the tornadic cases
is intriguing and requires further investigation. For now, we hypothesize that vorticity generated within
the buoyancy gradient along the forward �ank of the storm, which in nature o�en extends northeastward
from the LLM, contributes strongly to tornadogenesis in our simulations.

Figure 6.6 shows a sample tree from the forest. In this tree, the wind and vorticity vector average
directions are examined and found to be critical in distinguishing tornadic storms from tornado-failure
storms.

6.6 Discussion and Future Work

While we have worked with large-scale data before, including severe weather data, the data we used here
were on a much larger scale than anything we have used before (such as the results presented in [30,31]).
Our lower resolution simulations were less than 1 TB each and other severe weather data such as aircra�
turbulence still comprised signi�cantly less data than our simulations used here, which were over 5 TB
each. While applying the SRRF to the new simulations, we learned several valuable lessons about large-
scale machine learning applications. Many of the lessons are computational in nature but they also include
statistical and algorithmic lessons.

First, creating realistic large data sets for machine learning requires signi�cant computational e�ort that
should not be underestimated. Simulations of complex events such as severe weather require extensive
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FIGURE 6.6 Sample tree from an SRRF with 110 trees and 1000 samples.

high-performance computing experience and a signi�cant involvement from domain scientists to ensure
that the data are realistic. We have been working with high-resolution simulations for over a decade and the
results presented here are our �rst simulations that can resolve tornadoes. This was made possible through
a combination of improvements in supercomputing power and improvements in simulations.

Second, data handling techniques for large-scale data must be very e�cient. It is important to properly
store and process the data so that the automated post-processing techniques do not spend the majority of
their time in disk input/output.

Third, the algorithms for learning from large data sets must be designed to learn from large data from
the beginning. The SRRF had been applied to other large data sets but these simulations were signi�cantly
larger. As discussed above, each simulation was approximately 5 TB of raw data. The reduced meta-data for
learning was approximately 1 TB per simulation. Although the time complexity of the algorithm remained
steady as the data increased, the space complexity increased signi�cantly and required a supercomputer
with large memory.

Fourth, because generating and processing large data sets requires signi�cant computational e�ort,
statistics may need to be adjusted to handle smaller data sets than expected. Our original SRPT algorithm
relied on chi-squared to score potential tree splits but chi-squared is most reliable with more than 20 exam-
ples. With so few training examples available and 20% being used for a test set, we adjusted the tree to use
Fisher’s exact test for smaller contingency tables and to use chi-squared only when there were more than
20 examples.

Finally, successfully applying machine learning to a domain such as meteorology cannot have the �nal
result of a black-box method. The output must be interpretable and able to guide new physical intuitions
into the causes of the event being studied. When the meteorologists inspected the SRRF output, it became
clear that objective post-processing techniques need to be developed in order to quickly and accurately
identify those questions that most consistently and frequently distinguish between tornadogenesis and
tornado-failure cases.
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We emphasize that the results presented herein are very preliminary. We will implement many method-
ological improvements before drawing �rm conclusions about how storm processes di�er preceding
tornadogenesis versus tornado failure. Object de�nitions will be re�ned to ensure features are properly
captured, and new objects and attributes related to tornadogenesis will be added. Since the processes
contributing to tornadogenesis evolve leading up to the beginning of the tornado, some of our future exper-
iments will restrict the data input to the machine learning technique to, say, 15–30 or 0–15 minutes (rather
than 0–30 minutes) prior to tornado formation or failure. Physical inferences from the SRRFs will be val-
idated against nature using high-quality analyses of real supercells observed by mobile radars. Given the
demonstrated value of machine learning to gaining insights into large data sets in other domains, we antic-
ipate our e�orts will culminate in new understanding of tornadogenesis, and ultimately improved tornado
warnings. In future work, we will also apply our techniques to assimilated data from observed tornadic
storms.
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Very high-resolution (VHR) land cover classi�cation maps are needed to increase the accuracy of current
land ecosystem and climate model outputs. Limited studies are in place that demonstrate the state-of-the-
art in deriving VHR land cover products [1–4]. Additionally, most methods heavily rely on commercial
so�wares that are di�cult to scale given the area of study (e.g., continents to globe). Complexities in present
methods relate to (1) scalability of the algorithm, (2) large image data processing (compute and memory
intensive), (3) computational cost, (4) massively parallel architecture, and (5) machine learning automa-
tion. VHR satellite data sets are of the order of terabytes and features extracted from these data sets are of
the order of petabytes. This chapter demonstrates the use of a scalable machine learning algorithm using
airborne imagery data acquired by the National Agriculture Imagery Program (NAIP) for the Continen-
tal United States (CONUS) at an optimal spatial resolution of 1 m [5]. These data come as image tiles
(a total of quarter million image scenes with∼60 million pixels) that are multispectral in nature (red, green,
blue, and near-infrared [NIR] spectral channels) and have a total size of ∼60 terabytes for an individual
acquisition over CONUS. Features extracted from the entire data set would amount to ∼8–10 petabytes.
In the proposed approach, a novel semiautomated machine learning algorithm rooted on the principles
of “deep learning” is implemented to delineate the percentage of canopy tree cover. In order to perform
image analytics in such a granular system, it is mandatory to devise an intelligent archiving and query sys-
tem for image retrieval, �le structuring, metadata processing, and �ltering of all available image scenes.
This chapter showcases an end-to-end architecture for designing the learning algorithm, namely deep

113
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belief network (DBN) (stacked restricted Boltzmann machines [RBMs] as an unsupervised classi�er) fol-
lowed by a backpropagation neural network (BPNN) for image classi�cation, a statistical region merging
(SRM)-based segmentation algorithm to perform unsupervised segmentation, and a structured prediction
framework using conditional random �eld (CRF) that integrates the results of the classi�cation module and
the segmentation module to create the �nal classi�cation labels. In order to scale this process across quar-
ter million NAIP tiles that cover the entire CONUS, we provide two architectures, one using the National
Aeronautics and Space Administration (NASA) high-performance computing (HPC) infrastructure [6,7]
and the other using the Amazon Web Services (AWS) cloud compute platform [8]. The HPC framework
describes the granular parallelism architecture that can be designed to implement the process across mul-
tiple cores with low-to-medium memory requirements in a distributed manner. The AWS framework
showcases use-case scenarios of deploying multiple AWS services like the Simple Storage Service (S3) for
data storage [9], Simple Queuing Service (SQS) [10] for coordinating the worker nodes and the compute-
optimized Elastic Cloud Compute (EC2) [11] along with spot instances for implementing the machine
learning algorithm.

Deep learning has gained popularity over the last decade due to its ability to learn data representations in
an unsupervised manner and generalized to unseen data samples using hierarchical representations. The
most recent and best-known deep learning model is the DBN [12]. Over the last decade, numerous break-
throughs have been made in the �eld of deep learning; a notable one being [13], where a locally connected
sparse autoencoder was used to classify objects in the ImageNet data set [14] producing state-of-the-art
results. In [15], DBNs have been used for modeling acoustic signals and have been shown to outperform
traditional approaches using Gaussian mixture models for automatic speech recognition (ASR). Another
closely related approach, which has gained much popularity over the last decade, is the convolutional neu-
ral network (CNN) [16]. This has been shown to outperform DBN in classical object recognition tasks like
Mixed National Institute of Standards and Technology database (MNIST) [17] and Canadian Institute for
Advanced Research (CIFAR) [18].

A related and equally hard problem is image classi�cation from remotely sensed images from satel-
lite and airborne platforms. It comprises of terabytes of data and exhibits variations due to conditions in
data acquisition, preprocessing, and �ltering. Traditional supervised learning methods like random forests
[19] do not work well for such a large-scale learning problem. This is primarily because of the fact that
these algorithms require labeled data and are unable to generalize when the amount of labeled data is
very low as compared to the total size of the data set. A novel classi�cation algorithm for detecting roads
in aerial imagery using deep neural networks was proposed in [1], however, the problem of classifying
multiple land cover types is a much harder problem considering the signi�cantly higher intraclass vari-
ability in land cover types such as trees, grasslands, barren lands, water bodies, etc. relative to that of
roads.

In this chapter, we focus on leveraging the power of DBNs for the representation and classi�cation of
aerial imagery data acquired at very high spatial resolutions of the order of 1 m. Aerial image representa-
tion and classi�cation is a challenging problem that lies at the intersection of machine learning, computer
vision, and remote sensing. To address this large-scale classi�cation problem, an automated probabilistic
framework is proposed for the segmentation and classi�cation of 1-m VHR NAIP data to derive large-
scale estimates of tree cover from the image tiles. The results from the classi�cation and segmentation
algorithms are integrated using a discriminative undirected probabilistic graphical model [20] based on
CRF that performs structured prediction and helps in capturing the higher order contextual dependencies
between neighboring pixels.

This chapter is organized as follows: Section 7.1.1 provides a detailed description of the unsupervised
segmentation phase using the SRM algorithm. Sections 7.1.2 and 7.1.3 enumerate the key components of
the feature extraction step and the learning phase based on DBN. The details of the CRF algorithm and
the online update procedure for the training data are illustrated in Sections 7.1.4 and 7.1.5, respectively.
An overview of the NASA Earth Exchange high-performance computing (NEX HPC) architecture is pro-
vided in Section 7.2 and details of the AWS infrastructure are provided in Section 7.3. Section 7.4 contains
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results and comparative studies with National Land Cover Database (NLCD), and light detection and
ranging (LiDAR). We �nally conclude this chapter with related work in Section 7.5 and a comprehensive
summarization in Section 7.6.

7.1 Proposed Approach

7.1.1 Unsupervised Segmentation

An image segment can be considered to be any region having pixels with uniform values for the various
spectral bands. The aim of the segmentation is to �nd regions with uniform spectral band values represent-
ing a particular land cover class. Segmentation is performed using the SRM algorithm [21]. A generalized
SRM algorithm is used that incorporates values from all the four multispectral bands from the NAIP data.
The SRM algorithm initially considers each pixel as a region and merges them to form larger regions based
on a merging criterion. The merging criterion used is as follows: Given the di�erences in red, green, blue,
and NIR channel values of neighboring pixels that correspond to ΔR, ΔG, ΔB, and ΔNIR, respectively,
merge two regions if (ΔR < τ&ΔG < τ&ΔB < τ&ΔNIR < τ), where τ is a threshold that determines
the coarseness of segmentation. The merging criterion can be formalized as a merging predicate that is
evaluated as “true” if two regions are merged and “false” otherwise. The generalized version of the merging
predicate (adopted from [21]) can be formally written as follows:

P(∇,∇
′
) =

{

true, if ∀c ∈ {R,G,B,NIR} ||
|

∇′c − ∇c
|

|

|

≤
√

b2(∇) + b2(∇′)
false, otherwise

(7.1)

where Rc and R′c denote the mean value of the color channel c for regions R and R′, respectively. b is a
function de�ned as follows:

b(∇) = g

√

(

1
2Q|∇|

)

ln
(

|∇
|∇||

δ

)

(7.2)

where g is the number of possible values for each color channel (256 in this case). |∇| denotes the cardinal-
ity of a segment, that is, the number of pixels within the boundaries of an image region∇.∇

|∇| represents
the set of all regions that have the same cardinality as ∇. δ is a parameter that is inversely proportional to
the image size. Q is the quantization parameter that controls the coarseness of the segmentation. A care-
ful analysis of Equations 7.1 and 7.2 shows that a higher value of Q results in a lower threshold thereby
reducing the probability of two segments getting merged into a bigger segment, henceforth resulting in
a �ner segmentation. On the other hand, a lower value of Q results in a higher threshold and a coarser
segmentation.

The algorithm calculates the di�erences between neighboring pixels and sorts the pairs using radix sort.
If the merging criterion is met, then it merges corresponding segments into one. Algorithm 7.1 provides
the details of the SRM algorithm. A low threshold (or a higher Q value) is used in order to perform over-
segmentation. In essence, each class (e.g., forest, grass, etc.) might be divided into multiple segments, but
one segment would ideally not contain more than one class. This is achieved by selecting a quantization
level of 215. This is useful for eliminating the possibility of interclass overlap within a segment.

In the case of an oversegmented image, areas within large homogeneous patches of vegetated pixels are
also split into multiple segments owing to slight variability in spectral characteristics, for instance, shadows
arising amid tree/nontree regions and grassy areas with occasional dry brown patches. This ensures that the
chances of interclass overlap are averted. SRM is more e�cient compared to other segmentation algorithms
like k-means clustering [22]. The lists of merging tests can be sorted using radix sort with color di�erence
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as the keys and hence has a time complexity of O[|I|log(g)]which is linear in |I|. Here, |I| is the cardinality
or size of the input image. SRM segments a 512× 512 image in about 1 second on an Intel Pentium 4 2.4G
processor and hence is better suited for the current application since the size of the data set is of the order
of terabytes. However, SRM has high memory requirements—around 3 gigabytes per 6000 × 7000 image.
This is mitigated by splitting the input image into 256 × 256 windows as illustrated in Section 7.2.

Algorithm 7.1: Statistical region merging algorithm

1. Compute the set of 2 |I| couples of adjacent pixels in a 4-connected neighborhood in image I.
2. Sort the pixel pairs in this list using radix sort.
3. For each pixel pair (∇,∇′ ), compute the merging predicate P(∇,∇′ ) as de�ned in Equation 7.1.
4. If the merging predicate returns true, merge the two pixels into a single uni�ed region.
5. Continue the merging of segments recursively until none of the remaining segments satisfy the merging

predicate.

7.1.2 Feature Extraction

Prior to the classi�cation process, the feature extraction phase computes 150 features from the input
imagery. Some of the key features used for classi�cation are mean, standard deviation, variance, second
moment, direct cosine transforms, correlation, covariance, autocorrelation, energy, entropy, homogeneity,
contrast, maximum probability, and sum of variance of the hue, saturation, intensity, and NIR channels
as well as those of the color co-occurrence matrices. These features were shown to be useful descriptors
for classi�cation of satellite imagery in previous studies [23–25]. The red and NIR bands already provide
useful features for delineating forests and nonforests based on chlorophyll absorptance and re�ectance,
however, derived features such as vegetation indices from spectral band combinations are more repre-
sentative of vegetation greenness—these include the enhanced vegetation index (EVI) [26], normalized
di�erence vegetation index (NDVI) [27,28], and atmospherically resistant vegetation index (ARVI) [29].

These indices are expressed as follows:

EVI = G × NIR − Red
NIR + cred × Red − cblue × Blue + L

(7.3)

Here, the coe�cients G, cred, cblue, and L are chosen to be 2.5, 6, 7.5, and 1 following those adopted in the
moderate resolution imaging spectroradiometer (MODIS) EVI algorithm [30].

NDVI = NIR − Red
NIR + Red

(7.4)

ARVI =
NIR − (2 × Red − Blue)
NIR + (2 × Red + Blue)

(7.5)

The performance of the deep learning algorithm and its convergence to the optima depends to a large
extent on the selected features. Some features contribute more than others toward optimal classi�cation.
The 150 features extracted are narrowed down to 24 using a feature-ranking algorithm that uses a statistical
t-test [31]. Examples of computed image features in the proposed framework are shown in Figure 7.1.
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FIGURE 7.1 Some example features computed from a sample National Agricultural Imagery Program image tile in
California.

7.1.3 Classification Using DBN

DBN consists of multiple layers of stochastic, latent variables trained using an unsupervised learning
algorithm followed by a supervised learning phase using feedforward BPNN. In the unsupervised pre-
training stage, each layer is trained using an RBM. Once trained, the weights of the DBN are used to
initialize the corresponding weights of a neural network [32]. A neural network initialized in this man-
ner converges much faster than an otherwise uninitialized one. Unsupervised pretraining is an important
step in solving a classi�cation problem with terabytes of data and high variability. A DBN is a graphical
model [33] where neurons of the hidden layer are conditionally independent of each other, given a par-
ticular con�guration of the visible layer and vice versa. A DBN can be trained layer-wise by iteratively
maximizing the conditional probability of the input vectors or visible vectors, given the hidden vectors
and a particular set of layer weights. As shown in [12], this layer-wise training can help in improving
the variational lower bound on the probability of the input training data, which in essence leads to an
improvement of the overall generative model. Algorithm 7.2 details this greedy layer-wise training proce-
dure for DBNs. We �rst provide a formal introduction to the RBM. The RBM can be denoted by the energy
function

E(v, h) = −
∑

i
aivi −

∑

j
bjhj −

∑

i

∑

j
hjwi,jvi (7.6)

where each RBM consists of a matrix of layer weights W = (wij) between the hidden units hj and the visi-
ble units vi. ai and bj are the bias weights for the visible units and the hidden units, respectively. The RBM
takes the structure of a bipartite graph and hence it only has interlayer connections between the hidden
or visible layer neurons but no intralayer connections within the hidden or visible layers. So, the visi-
ble unit activations are mutually independent given a particular set of hidden unit activations and vice



118 Large-Scale Machine Learning in the Earth Sciences

versa [34]. Hence, by setting either h or v constant, the conditional distribution of the other can be
computed as follows:

P(hj = 1|v) = σ

(

bj +
m
∑

i=1
wi,jvi

)

(7.7)

P(vi = 1|h) = σ

(

ai +
n
∑

j=1
wi,jhj

)

(7.8)

where σ denotes the log sigmoid function:

f (x) = 1
1 + e−x (7.9)

The training algorithm maximizes the expected log probability assigned to the training data set V . So if
the training data set V consists of the visible vectors v, then the objective function is as follows:

argmax
W

E

[

∑

v∈V
log P(v)

]

(7.10)

Algorithm 7.3 details the contrastive divergence algorithm for training RBMs.

Algorithm 7.2: Greedy layer-wise training algorithm for DBNs

1. The �rst layer of the DBN is modeled as an RBM and its input neurons are connected to the visible vectors v.
2. Using this RBM, an input data representation can be obtained for the second layer as the conditional distribution

p(h = 1|v) using the activation function given in Equation 7.1.
3. Train the next layer of the DBN as an RBM with the vector h as the input data vector.
4. Repeat steps 2 and 3 for all the RBMs in the DBN model.
5. Perform supervised �ne-tuning of the parameters using a supervised learning algorithm (a feedforward

BPNN in this case).

Once trained, the DBN is used to initialize the weights and biases of a feedforward BPNN. The neural
network gives an estimate of the posterior probabilities of the class labels, given the input vectors, which is
the feature vector in this case. As illustrated in [35], the outputs of a neural network trained by minimizing
the sum of squares error function approximate the conditional averages of the target data

yk(x) = tk|x = ∫ tkp(tk|x)dtk (7.11)

Here, tk are the set of target values that represent the class membership of the input vector xk. For a binary
classi�cation problem, in order to map the outputs of the neural network to the posterior probabilities of
the labeling, we use a single output y and a target coding that sets tn = 1 if xn is from class C1 and tn = 0
if xn is from class C2. The target distribution would then be given as

p(tk|x) = δ(t − 1)P(C1|x) + δ(t)P(C2|x) (7.12)

Here, δ denotes the Dirac delta function which has the properties δ(x) = 0 if x ≠ 0 and
∞
∫
−∞

δ(x)dx = 1.
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Combining these equations, we get y(x) = P(C1|x).
So, the network output y(x) represents the posterior probability of the input vector x having the

class membership C1 and the probability of the class membership C2 is given by P(C2|x) = 1 − y(x).
This argument can easily be extended to multiple class labels for a generalized multiclass classi�cation
problem.

Algorithm 7.3: The contrastive divergence algorithm for training restricted boltzmann machines

1. For a training sample v, compute the probabilities of the hidden layer neurons and sample a hidden activation
vector h from this probability distribution.

2. Compute the positive gradient as the outer product of v and h.
3. From h, reconstruct a vector sampling v′ of the visible units, then resample the hidden activations h′ from

this using Gibbs sampling.
4. Compute the negative gradient as the outer product of v′ and h′.
5. The update rule for the weights can be de�ned as the di�erence between the positive gradient and the

negative gradient, multiplied by the learning rate η as follows:

Δwi,j = η(vhT − v′h
′T)

The biases can be also be updated using the same update rule.

7.1.4 Conditional Random Field

A CRF has been used in the pattern recognition literature for performing structured prediction [36]. In
structured prediction, the labeling of a pixel depends not only on the label assigned to that particular pixel
but also on the values assumed by “neighboring” pixels. The word “neighboring” here can mean either a
4-connected or 8-connected neighborhood or some custom metric de�ning the notion of neighborhood.
The concept of neighborhood is useful in encoding contextual information. The �nal labeling of a pixel
as a vegetated pixel depends not only on whether that pixel is classi�ed as a tree but also on the classi�ca-
tion results of neighboring pixels. For example, if a pixel has been classi�ed as a tree pixel by the classi�er
and all the neighboring pixels have been classi�ed as nontree pixels, then it is safe to assume with a high
probability that the result of the classi�er is due to random classi�cation noise. A CRF is a type of discrim-
inative undirected probabilistic graphical model that encodes contextual information using an undirected
graph [20]. The probability distributions are de�ned using a random variable X over a set of observations
and another random variable Y over corresponding label sequences. Y is indexed by the vertices of an
undirected graph G = (V,E) such that Y = (Yv)v∈V . The tuple (X,Y) is known as a CRF if the random
variable Y conditioned on X exhibits the Markov property with respect to the graphical model, that is,
p(Yv|X,Yw,w ≠ v) = p(Yv|X,Yw,w ∼ v), where w ∼ v means that w and v are neighbors in G. Fol-
lowing the conventions de�ned in [37], the random variable X is de�ned over a lattice V = {1, 2,… ,N}
and a neighborhood system N. A CRF de�nes a set of random variables XC conditionally dependent on
each other as a clique c. So, a probability distribution associated with any random variable Xi of a clique
is conditionally dependent on the distributions of all other random variables in the clique. The posterior
probability distribution Pr(x|D) over a set of label assignments x to a set of data D in a CRF is given by a
Gibb’s distribution where the Gibb’s energy function can be written as

E(x) = − log Pr(x|D) − log Z =
∑

c∈C
ψc(xc) (7.13)

Here, Z is a normalizing constant known as partition function, C is the set of all cliques and ψc(xc) is the
potential function that de�nes the Gibb’s energy over the clique c.
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Thus, estimating the maximum a posteriori (MAP) probability of a label assigned to a random variable
X involves estimating the label assignment that minimizes the Gibbs energy. Denoting this optimum label
assignment as xopt , we have

xopt = argmaxx∈L Pr(x|D) = argminx∈LE(x) (7.14)

Here, L = {L1, L2,… , Ln} is the set of all labels that can be assigned, given the input data D, which is
{tree, nontree} in this case.

The Gibbs energy function de�ned in [37] takes the form

E(x) =
∑

i∈V
ψi(xi) +

∑

i∈V,j∈Ni

ψij(xi, xj) +
∑

c∈S
ψc(xc) (7.15)

whereψi(xi) is the unary potential,ψij(xi, xj) is the pairwise potential, andψc(xc) is the function associated
with robust higher order region based and quality sensitive consistency potentials de�ned over a segment
S. We use this same energy function, but de�ne the unary, and pairwise potentials di�erently in order to
capture the semantics of the aerial image classi�cation problem. The unary potential de�ned in [37] takes
the form

ψi(xi) = θTψT(xi) + θcolψcol(xi) + θlψl(xi) (7.16)

where θTψT(xi) denotes the potential obtained from [38], θcolψcol(xi) the potential from color and θlψl(xi)
the potential from location. However, we use an updated form of the unary potential function as follows:

ψi(xi) = θNψN(xi) + θbandψband(xi) (7.17)

Here, we get rid of the location term θlψl(xi) de�ned in Equation 7.16 in order to achieve shi�-invariance.
The term θNψN(xi) denotes the potential due to the output produced by the neural network classi�er
described in Section 7.3. This is similar to the shape-texture term de�ned in [38]. So, we can de�ne the
potential ψN(xi) as

ψN(xi) = − log P(Ci|x) (7.18)

Here, P(Ci|x) denotes the normalized distribution generated by the classi�er. Plugging this into
Equation 7.11, we have

ψN(xi) = −logyi (7.19)

where yi denotes the output distribution from the classi�er.
We also update the θcolψcol(xi) term de�ned in [37] with the θbandψband(xi) term because images in the

NAIP data set consist of four bands—red, green, blue, and NIR. This is just for notational clarity and is
a generalization of the ψcol(xi) potential. Similarly, the pairwise term ψij(xi, xj) is updated to encode the
band information as

ψij(xi, xj) =

{

0 ifxi = xj
θP + θv exp(−θβBi − B2

j ), otherwise (7.20)

Here, Bi and Bj are the band vectors for pixels i and j, respectively. The model parameters θN , θband, θP, θv,
and θβ are learned from the training data.
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The term ψc(xc) denotes the region consistency potential as de�ned in [37] and is given by

ψc(xc) =
{

0 ifxi = lk
θP |c|θα , otherwise (7.21)

Here, |c| is the number of pixels in the segment. θP |c|θα denotes the cost associated with labeling that do
not con�rm with the labeling of the other pixels in the segment. This term ensures that the labels assigned
to the pixels belonging to the same segment are consistent with one another, that is, pixels belonging to the
same segment are likely to belong to the same object/class. This is useful in obtaining object segmentations
with �ne boundaries and particularly helpful for accurate delineation of tree-cover areas in aerial images,
where a single pixel denotes an area of 1 m2. In the unsupervised segmentation stage using SRM algorithm,
an oversegmentation of the image is performed and hence, the likeliness of interclass overlaps is minimized
in the framework. So, we can safely get rid of the quality term in the potential function.

7.1.5 Online Update of the Training Database

Once the �nal results are obtained, the training database is updated online with incorrectly labeled
examples using expert knowledge on the �y. This is done as follows:

A�er the generation of tree-cover maps from a certain number of NAIP tiles (100, here), 10 (10% in gen-
eral) maps are chosen at random and a reference to the NAIP tiles corresponding to these maps are saved to
a database. An automated image-rendering tool (developed as part of the framework), then allows experts
to relabel misclassi�ed image patches. These relabeled patches are then saved to the training database with
the correct labeling. This improves the quality of results produced by the classi�er in subsequent iterations.
100 consecutively processed NAIP tiles cover a relatively small geographic area. Hence, a random 10% of
the tiles represent a uniform selection of tiles from every spatial window and choosing every 100 images
ensures a uniform selection from the entire mapped region. Every time the training data set is updated,
automated online training is done. The online update phase helps in reducing the false positive rate (FPR)
and at the same time, signi�cantly increases the true positive rate (TPR). Algorithm 7.4 provides details of
the online update algorithm.

Algorithm 7.4: Algorithm for online update of the training data set

1. For every 100 images from the output data set O, select 10 images at random.
2. For each selected image, use expert knowledge to label 100 randomly selected pixels in the corresponding

tiles from the NAIP input data set.
3. Compare these pixel labels with those generated by the deep learning framework.
4. For each misclassi�ed pixel take the corresponding input feature vectors and append it to the training data set.
5. Using the new training data set retrain the classi�er for future iterations.
6. Repeat steps 1–5 for the entire test

data set.

7.2 The NEX HPC Architecture

The abovementioned modules have been deployed as standalones on the NEX supercomputing cluster
[39]. NEX is a collaborative computing platform that brings together state-of-the-art computing facility
with large volumes (hundreds of terabytes) of satellite and climate data from NASA along with multiple
climate and ecosystem models. NEX facilitates the execution of various research projects related to the
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FIGURE 7.2 High-performance computing architecture.

Earth Sciences and provides an end-to-end computing infrastructure along with data acquisition, analysis,
model executions, and result sharing. The deployment of the modules was done through QSub routines
and the message passing interface (MPI). The data were accessed through a MySQL database. The NAIP
tiles were processed in parallel in the cores of the NEX HPC platform. Each node in the cluster having
Harpertown CPUs consists of 8 gigabytes of memory and eight cores with 3 GHz processors per node. So,
in order to process eight tiles in parallel, one tile per core, the memory requirement per core has to be
kept lower than 1 gigabyte. However, the problem arises with the use of the SRM algorithm illustrated in
Section 7.1. Despite being fast, the algorithm has to store all the indices of the image gradients in memory
while sorting them using radix sort as it makes decisions about region boundaries using global scene-level
image descriptors. This has space complexity of the order of O(n2), which indicates all image gradients in
an n × n image, which is of the order of ∼3 gigabytes for a typical NAIP tile. So, in order to address this
memory-performance tradeo�, each image is being split into λ × λ windows and then fed in a pipeline to
each core in the HPC node. λ was chosen to be 256 for the experiments, because higher values led to a
higher memory requirement while lower values resulted in a substantial increase of processing time. The
current architecture takes a maximum of approximately 4 hours to process each NAIP tile. Figure 7.2 shows
the details of the architecture.

7.3 The AWS Computing Infrastructure

An alternative implementation of the classi�cation framework was done on the AWS cloud compute
platform. AWS system components like S3, EC2, and SQS were used to provide a cost-e�ective yet e�-
cient computing architecture that is fault tolerant and adaptive to processing requirements for the various
classi�cation modules being deployed in the framework.
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Figure 7.3 depicts how one can construct a low-cost processing system using some of the many services
that AWS has to o�er. Currently, the e�ort to architect and deploy such a batch processing system is amaz-
ingly easy and can be done very quickly as compared to building out an “in house” compute cluster and
“machine learning” so�ware stack. Our demonstration AWS setup is semiresilient, cheap relative to the
alternatives, reasonably secure, and e�ective at solving our problem of classifying a relatively large set of
aerial imagery.

We �rst con�gure a base set of AWS services to build the processing pipeline and initialize our setup.
Using the AWS Identity and Access Management (IAM) facility and keeping in mind the principle of mini-
mal privilege [40], we created identities to enable services to access each other at the appropriate interface
as well as identities for humans to allow them to initiate the processes described in the article. Next, we
stage our aerial imagery data in the persistent AWS S3 input bucket. Then, we construct a virtual private
cloud (VPC), which is a network-based logically isolated section of our transient EC2 compute nodes;
note, compute nodes are only active or instantiated, when there is work to be done. We then setup and
activate our SQS message queue with the appropriate parameters, such as queue item visibility timeouts,
and so on [10].

Once the base level services are setup and in a ready state, we must build a single Amazon Machine Image
(AMI) template that can perform the image classi�cation. Within our template AMI, we use a python script
to interface with the SQS message queue, which is a basic loop consumer that pulls a queue item containing
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FIGURE 7.3 (See color insert.) The AWS computing infrastructure. AMI, Amazon Machine Image; AV, availabil-
ity; AWS, Amazon Web Services; EC2, Elastic Cloud Compute; IAM, AWS identity and access management; MCR,
MATLABⓇ compiler runtime; S3, Simple Storage Service; SQS, Simple Queuing Service; VPC, virtual private cloud.
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only the location of the input image in S3 that is to be processed and some algorithm parameters. This
python script stages the current image to be processed from S3, instantiates an existing MATLABⓇ-based
code that performs the classi�cation described in this chapter, and then writes the resultant data to our
persistent S3 output bucket. The classi�cation package runs on the MATLABⓇ compiler runtime (MCR), a
default installed package in the AMI. The MATLABⓇ package that preforms the classi�cation described in
this chapter only processes one full image at a time. As our AMI boots, the python consumer is automatically
started via a simple system V init script and if the consumer “starves” for more than several minutes it will
terminate the instance it is running in.

Once we build our simple template AMI described above and then test it on small image set, it is saved
and then ready for use. The AMI can now be concurrently instantiated as many times as needed, giv-
ing us a consistent replicate compute environment that “leans” on the message queue to coordinate the
processing.

The pipeline is now constructed and ready for our human user to send small messages from their per-
sonal computers to SQS and then begin placing “bids” in the AWS spot market. As the message queue �lls,
spot instance bids are ful�lled, machines are instantiated, and the processing of the data set can commence.
Note that the processing, bidding, and bid ful�llment all occur asynchronously. The rate of input consump-
tion depends on the ability to ful�ll the bids we place in the spot market (and any other limits imposed by
AWS). This brings us to the importance of having a bid placement strategy to determine the optimal price
evaluation and selection strategy.

We use our VPC and its associated subnets as logical units for our bidding and simplistic pricing strategy.
Each subnet within the VPC is assigned to an availability (AV) zone. AWS provides an API call for retrieving
price histories for each AV zone, which is the smallest unit of price variability for EC2 computing. Using
the expected runtime of one unit of processing, our urgency factor, the pricing history for each AV, and our
overall processing budget goals, we place meaningful bids on a per instance basis to each zone within the
spot market in an e�ort to reduce our overall costs of the project. One must take care when submitting a
price to the bidding system, if it is too low, the machines may terminate too soon, since a spot instance can
be taken away at any time and given to a user that places a higher bid or pays the on-demand price. If the bid
is too high we pay more than necessary, but the machines are less likely to terminate. The previous sentence
reemphasizes the importance of the transient and persistent components of our pipeline as the expensive
computing is transient (and procured in the spot market) and the other less expensive components are
persistent (procured in a standard fashion), without this fact, it may not make sense to construct such
a system. Note that using the message queue (SQS) we can achieve a better level of bidding and price
granularity as opposed to using something like Hadoop, which o�en requires one to bid in larger chunks
to be meaningful.

This brief introduction gives the reader an overview on how one may create a simple yet e�ective batch
processing systems on AWS, usually within a matter of days to hours, and use the spot market to reduce
processing costs. Note that in our system we are able to scale out our almost desktop like machine learning
stack to hundreds of machines without expensive so�ware modi�cation or sophisticated development,
without any large hardware outlays and time-consuming procurements, and at a reduced cost in our cloud
processing environment.

7.4 Results and Comparative Studies

A pilot study was performed to compare the feature extraction-based DBN framework with various tradi-
tional deep learning algorithms, namely Stacked Autoencoder, DBN, and CNN that learns features from
the raw pixel values of the multispectral data. For this experiment, a total of 405,000 image patches each
measuring 28 × 28 pixels covering six broad land cover classes were extracted from a randomly selected
subset of NAIP tiles for the state of California. In order to maintain the high variance inherent in the
entire NAIP data set, image patches were sampled from a multitude of scenes (a total of 1500 image tiles)
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covering di�erent landscapes like rural areas, urban areas, densely forested, mountainous terrain, small to
large water bodies, agricultural areas, and so on.

The various land cover classes include barren land, trees, grassland, roads, buildings, and water bod-
ies. 324,000 images were chosen as the training data set and the rest were chosen as the testing data set.
Table 7.1 reports the results from the classi�cation framework. Figure 7.4 shows the output probability
maps generated by the feature extraction-based DBN classi�er and the �nal probability map generated by
the CRF. Figure 7.5 shows a sample NAIP tile extracted from the Blocksburg area in California and the
corresponding tree-cover map generated by the framework. To generate this binary tree-cover map, the
output probability map from the CRF is �ltered with a threshold τ to eliminate pixels with output proba-
bility less than the threshold. The threshold τ is set as 0.5. So, for the CRF output probability for a pixel x
being Pr(x), the �nal output map value for pixel x

O(x) =
{

1, if Pr(x) ≥ 0.5
0, otherwise . (7.22)

Figure 7.6 shows the receiver operating characteristic (ROC) curve generated by varying the sample size
of the training data set from 1000 samples per class to 2500 per class in steps of 100 for a particular tile in
the NAIP data set from the Blocksburg area in California. The �at response toward the end of the curve
indicates that increasing the training sample size has minimal e�ect beyond a point, which is around 2200
training samples for this exercise. This shows the robustness of the algorithm and the fact that a minimal
amount of training samples is su�cient for training the classi�er.

In a separate experimental setup, the tree-cover maps generated by our algorithm were validated against
a high-resolution airborne LiDAR data footprint. The data were obtained in the Chester area in California,
using the NASA Goddard’s LiDAR, hyperspectral and thermal (G-LiHT) airborne imager [41]. NASA’s
Cessna 206 was used for acquiring the G-LiHT data. The Cessna was �tted with the VQ-480 (Riegl USA,
Orlando, FL, USA) airborne laser scanning (ALS) instrument and was �own at an altitude of 335 m. The
data acquired had a swath width of 387 m and a �eld of view of 60◦. The sampling density was 6 pulses/m2.

TABLE 7.1 Comparative Results with Various Traditional Deep Learning Algorithms

Classi�cation Accuracy of
Stacked Autoencoder (%)

Classi�cation Accuracy of
Deep Belief Network (%)

Classi�cation Accuracy of
Convolutional Neural
Network (%)

Classi�cation Accuracy of
DBN with Feature Extraction
Framework (%)

78.43 76.51 79.063 93.916
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FIGURE 7.4 (See color insert.) The output probability maps. A sample NAIP tile from the Blocksburg region in Cali-
fornia (le�), the output probability map from the DBN-based classi�er (center) and the output from the CRF algorithm
(right).
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FIGURE7.5 The output tree-cover map from a sample NAIP tile from the Blocksburg area in northwestern California
(7610 m × 6000 m). The green pixels denote tree-cover areas while the white pixels denote nontree areas.
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FIGURE 7.8 Percentage of tree-cover (le�) and nontree areas (right) obtained using DBN, NLCD, and LiDAR for the
same area as Figure 7.6. A 100 × 100 sliding window was used to obtain the percentage of tree-cover pixels in NAIP,
NLCD, and LiDAR.

The spatial resolution of the �nal LiDAR data was 1 m. Tree-cover maps were also obtained from the NLCD
[42] algorithm and Figure 7.7 shows the TPR and FPR of the feature extraction-based DBN framework
and the NLCD algorithm with the results from the LiDAR data considered as the ground truth. It can
be seen that the DBN-based framework produces higher TPR as compared to the NLCD results and has
signi�cantly lower FPR. Figure 7.8 shows the percentage of tree-cover areas and nontree areas for the same
area as Figure 7.7.

7.5 Related Work

Present classi�cation algorithms used for MODIS [43] or Landsat-based land cover maps like NLCD pro-
duce accuracies of 75% and 78%, respectively. The MODIS algorithm works on 500-m resolution imagery,
and the NLCD works at 30-m resolution. The accuracy assessment is performed on a per-pixel basis
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and the relatively lower resolution of the data set makes it di�cult to analyze the performance of these
algorithms for 1-m imagery. A method based on object detection using a Bayes framework and a subse-
quent clustering of the objects into a hierarchical model using latent Dirichlet allocation was proposed
in [44]. However, their approach detected object groups at a higher level of abstraction like parking lots.
However, detecting the objects like cars or trees in itself was not addressed in their work. A deep convolu-
tional hierarchical framework was proposed recently by Romero et al. [45]. However, they reported results
on the AVIRIS Indiana’s Indian Pines test site. The spatial resolution of the data set is limited to 20 m
and it is di�cult to evaluate the performance of their algorithm for object recognition tasks at a higher
resolution.

7.6 Summary

The probabilistic framework based on feature extraction and DBNs has proved to be a useful tool for ana-
lyzing 1-m NAIP imagery for large-scale tree-cover mapping. The algorithm scales seamlessly to millions
of scenes and can handle high variations, as is o�en the case for aerial imagery. The use of handcra�ed
features extracted from the hue, saturation, intensity, and NIR channels provides a useful framework for
classifying NAIP imagery. The integration of the structured prediction framework based on CRF helped
in increasing the TPRs while at the same time reducing the FPR by incorporating classi�er outputs from
the neighboring pixels located within the same neighborhood system. The NIR channel in the NAIP data
set was also useful in segregating chlorophyll from nonchlorophyll regions and proved to be a very useful
discriminative feature for addressing the tree/nontree classi�cation of the 1-m NAIP data set. Compara-
tive studies with various traditional deep learning algorithms have proved the e�ectiveness of the feature
extraction step in creating better representations for the classi�cation of very high-resolution imagery data.
The NEX HPC infrastructure and the AWS cloud compute platform have shown to be useful for scaling
up machine learning for the classi�cation of terabytes of very high-resolution imagery data.
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8.1 Introduction

Land cover (LC) signi�es the physical and biological cover present over the surface of the land, includ-
ing water, vegetation, bare soil, and/or arti�cial structures and is a way of portraying the surface of the
Earth. Changes in the LC induced by humans or caused due to certain environmental phenomena play a
major role in global as well as regional-scale patterns, which in turn in�uence weather and climate. Hence,
understanding LC at the regional to global levels is essential to evolve appropriate management strategies to
mitigate the impacts of these changes. The LC information in conjunction with other primary and ancil-
lary data is indispensable in addressing a variety of remote sensing (RS) applications such as geological
research [1,2], wetland mapping [3–5], crop estimation [6,7], vegetation classi�cation [8], forest classi�-
cation [9], urban studies [10], feature extraction [11], LC change detection [12], Earth system modeling
[13,14], global change research [15], etc.

The LC patterns can be captured through multiresolution spaceborne RS data that facilitate observa-
tions across a larger extent of Earth’s surface compared to the ground-based observations [16]. However,
the accuracy of LC mapping for larger spatial extent is limited by spatial and temporal characteristics of
the currently available RS data. In this context, assignment of a single LC category to a pixel is appropriate
if the spatial resolution of the imagery is comparable to the size of the object of interest [17]. Since many
landscape features occur at spatial scales much �ner than the resolution of the primary satellites used for
continental or global LC mapping, observed data are a mixture of spectral signatures of individual objects
resulting in mixed pixels. Regardless of the spectral resolution of the RS data, the spectral signals collected
by most satellite sensors are undoubtedly mixtures of di�erent class signatures within the sensor’s instan-
taneous �eld of view (IFOV). This scale–resolution mismatch is one of the greatest challenges in modeling
LC changes, where the spatial resolution of detail is less than what is required and the pixels consist of a
mixture of multiple LC classes. Even at the spatial resolution of Landsat, which is of the order of tens of
meters, each observed pixel is a mixed spectrum. These mixed spectra are combinations of the character-
istics of the spectrally homogeneous components at the surface within the pixel [18]. It also means that the
observed re�ected electromagnetic spectrum from a pixel has not interacted with an area composed of a
single homogeneous material. This necessitates identifying appropriate techniques for LC mapping at sub-
pixel level and are thus of great interest. Quantitative interpretation of these mixed pixel spectra requires
an understanding of the models and spatial scales of mixing of the spectrally homogeneous components
in the area of interest. The solution to mixed pixel problem typically centers on spectral unmixing tech-
niques [19] for estimating the proportion of each class within individual pixels. The main objective is to
�nd out the proportion of each category in a given pixel, or in other words, unmix the pixel to identify the
categories present.

During the last two decades, numerous methods have been proposed ranging from modeling the com-
ponent mixtures to solving the linear combinations to obtain abundances through geometrical, statistical,
and sparse regression-based approaches [20,21]. Commonly used approaches to mixed pixel classi�cation
include linear spectral unmixing [22,23], supervised fuzzy-c means classi�cation [24], arti�cial neural net-
works (ANNs) [25], Gaussian mixture discriminant analysis [26], linear regression and regression tree [27],
and spatial correlation-based unmixing [28], which use the linear mixture model (LMM) to estimate the
abundance fractions of spectral signatures lying within a pixel. The LMM assumes that the re�ectance
spectrum of a mixture is systematic combination of the component re�ectance spectra in the mixture
(called endmembers). The combination of these endmembers is linear if the component of interest in a
pixel appears in spatially segregated patterns, that is, no interaction between materials is assumed, and
a pixel is treated as a linear combination of signatures with relative concentrations, where these concen-
trations or fractions correspond to the area occupied by that LC type. However, if the components are in
intimate association, the electromagnetic spectrum typically interacts with more than one component as
it is multiple scattered, and the mixing systematics between the di�erent components are highly nonlinear
[29,30].
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There have been a few studies comparing the unmixing techniques but most of them have focused on the
theoretical foundation of the algorithms. Ichoku and Karnieli [31] reviewed linear, probabilistic, geometric-
optical, stochastic geometric, and fuzzy models concluding that there was some di�erence in the number
and nature of components that could be resolved with the di�erent models. Keshava [32] surveyed spec-
tral unmixing algorithms characteristics through hierarchical taxonomies that revealed the commonalities
and di�erences according to their philosophical assumptions such as interpretation of data, randomness,
and optimization criterion. Pu et al. [10] found that ANN-based unmixing outperformed unconstrained
least squares (UCLS) unmixing of Advanced Spaceborne Thermal Emission and Re�ection Radiometer
(ASTER) data when compared to a hard classi�ed map obtained from linear discriminant analysis. Par-
ente and Plaza [33] carried out a survey on the geometric and statistical approaches for unmixing. Zandifar
et al. [34] compared a projected gradient nonnegative matrix factorization (NMF) independent component
analysis (PG-NMFICA) algorithm with minimum spectral dispersion-minimum spatial dispersion NMF
and vertex component analysis. However they pointed that unmixing of real data was not very successful
with these algorithms. Bioucas-Dias et al. [20] reviewed signal-subspace, geometrical, statistical, sparsity-
based, and spatial–contextual unmixing algorithms and their characteristics. To this end, studies assessing
the performance of the classical, state-of-the-art linear unmixing algorithms using a uni�ed framework
through quantitative approaches and intercomparative assessment are still lacking, that can be used as a
reference to perform continental to global LC mapping. Most of the existing literature describing new
methods of unmixing compare their result only to a few standard unmixing techniques to establish their
advantages.

In this chapter, analyses of the theory of di�erent mixture models along with a quantitative and inter-
comparative assessment of the popular unmixing algorithms is performed based on the evaluation of the
derived LC fractional estimates in a comprehensive and rigorous manner on the NASA Earth Exchange
(NEX) computing platform [15]. The objective is to perform a quantitative study of six unconstrained
and eight partially and fully constrained unmixing algorithms. The unconstrained algorithms are (1)
UCLS, (2) matched �ltering (MF), (3) mixed-tuned matched �ltering (MTMF), (4) constrained energy
minimization (CEM), (5) sparse unmixing via variable splitting and augmented Lagrangian (SUnSAL),
and (6) SUnSAL total variation (TV). The partially and fully constrained algorithms considered are
(1) sum-to-one constrained least squares (SCLS), (2) normalized sum-to-one constrained least squares
(NSCLS), (3) nonnegative constrained least squares (NCLS), (4) normalized nonnegative constrained
least squares (NNCLS), (5) fully constrained least squares (FCLS), (6) modi�ed fully constrained least
squares (MFCLS), (7) constrained SUnSAL (CSUnSAL), and (8) constrained SUnSAL TV (CSUnSAL
TV). These algorithms have di�erent genesis and are based on di�erent underlying assumptions. In the
�rst set of experiments, the fraction estimates of di�erent LC types obtained from the unmixing algo-
rithms on computer-simulated noise-free data and noisy data of di�erent signal-to-noise (SNR) ratio
were evaluated. In separate tests, Gaussian noise (a random variable with 0 mean and �xed variance)
was added to the data to judge the robustness of the algorithms in unmixing. The error in the frac-
tional estimate was examined as the noise power (variance) was set to 2, 4, 8, 16, 32, 64, 128, and 256.
In the second and third set of experiments with the real-world data, 11 Landsat scenes of an agricultural
environment (near Fresno, California) and a Landsat scene of an urban setup (San Francisco, Califor-
nia) were used to evaluate the algorithms. These data were analyzed by deriving vegetation, substrate,
and dark objects endmember fractions with respect to the ground measurements for an agricultural
area and comparing with the high-resolution World View-2 (WV-2) unmixed image for an urban area,
respectively. The idea was to identify the most robust technique in performance on di�erent real land-
scapes. This study provides practical observations regarding the utility and type of technique needed to
analyze di�erent data sets pertaining to various landscapes. The results were evaluated and the sources
of errors were analyzed using descriptive statistics—Pearson product–moment correlation coe�cient
(cc), root mean square error (RMSE), probability of success (ps), boxplot, and bivariate distribution
function (BDF).
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This chapter is organized as follows: Section 8.2 formulates linear spectral unmixing problem,
Sections 8.3 and 8.4 lay down the theoretical foundation of unconstrained and partially and fully con-
strained unmixing algorithms while Section 8.5 details the data used in this study and the endmember
generation procedure, followed by methodology in Section 8.6. Section 8.7 presents the experimental
results and their evaluation from the computer-simulated data (Section 8.7.1) followed by assessment of the
algorithms on Landsat data of an agricultural scenario (Section 8.7.2) and of an urban setup (Section 8.7.3).
Section 8.8 discusses the evaluation results along with the merits and demerits of the algorithms with
concluding remarks in Section 8.9.

8.2 Unmixing Algorithm

At the outset, if there are M spectral bands and N classes, associated with each pixel is an
M-dimensional vector y whose components are the gray values corresponding to the M bands. Let
E = [e1,… en−1, en, en+1 … , eN] be a M × N matrix, where {en} is a column vector representing the
spectral signature (endmember) of the nth target material. For a given pixel, the abundance or fraction of
the nth target material present in the pixel is denoted by αn, and these values are the components of the
N-dimensional abundance vector �.

Assuming LMM [35], the spectral response of a pixel in any given spectral band is a linear combination
of all of the endmembers present in the pixel at the respective spectral band. For each pixel, the observation
vector y is related to E by a linear model written as

y = E� + � (8.1)

where � accounts for the measurement noise. We further assume that the components of the noise vec-
tor � are zero-mean random variables that are independent and identically distributed (i.i.d). Therefore,
covariance matrix of the noise vector is σ2I, where σ2 is the variance, and I is a M × M identity
matrix.

8.3 Unconstrained Unmixing Algorithms

In the unmixing jargon, nonnegativity and sum-to-one constraints are termed abundance nonnegativity
constraint (ANC) and abundance sum-to-one constraint (ASC) (details about these constraints are dis-
cussed in Section 8.4). Sometimes, when these constraints are not imposed on the solution, the individual
fractions can be negative, and/or abundance fractions sum to less than or greater than one, since the algo-
rithm does not account for every class in a pixel. The algorithms producing negative fraction estimates
or non–sum-to-unity abundance in a pixel are called unconstrained algorithms. Below, we discuss the six
unconstrained unmixing algorithms.

8.3.1 Unconstrained Least Squares

The conventional approach [36] to extract the abundance values is to minimize ‖y − E�‖

�̂UCLS = (ETE)−1ETy (8.2)

which is termed as UCLS estimate of the abundance. The value of αn is the abundance of the nth class in
an abundance map. UCLS with full additivity is a nonstatistical, nonparametric algorithm that optimizes a
squared-error criterion but does not enforce the nonnegativity and unity conditions. It does not incorporate
noise in its signal model and assumes that the endmembers are deterministic [32].



Unmixing Algorithms 135

8.3.2 Matched Filtering

MF was intended for target signal detection processing [37–39] that involves calculation of a linear opera-
tor, which seeks to balance target detection and background suppression. MF eliminates the requirement
of knowing all the endmembers by maximizing the response of a known endmember and suppressing the
response of the unknown background, thus matching the known signature [37,40–44].

The MF score is calculated for each pixel by matching minimum noise fraction (MNF) transformed
input data to a spectrally pure endmember target spectra while suppressing the background. Spectra that
closely match the training spectrum will have a score near one while background noise will have a score
near zero [45]. This is achieved through a set of orthogonal matched �lter vectors (MFVs) (target spectrum
in MNF space) constructed to estimate the unmixing coe�cients via a dot product with the observed pixel
spectra:

α̂ =MFV.y (8.3)

Each �lter vector is chosen to maximize the SNR ratio and is orthogonal to all the endmember spectra
except the one that it represents. Using the calculus of variations, Bowles et al. [46] suggested a �lter vector
given by

MFV = (AE)−1A (8.4)

where A = ET −
(

J
M
E
)T

and J is an N by M matrix with each element as 1 [47].
This �lter vector is projected onto the inverse covariance of the MNF transformed data and normalized

to the magnitude of the target spectra [45]. The length of the MF vector equates to target abundance esti-
mations that range from 0% to 100% [48], which provide means of estimating relative degree of match to
the reference spectrum. Since the detection scheme is linear, a half-�lled target pixel is expected to score
0.5 in a normalized MF method [49]. The MF vector linearly divides spectral space into equal MF scores.
A high MF score with low infeasibility value is assigned to a correctly classi�ed pixel. Discrimination among
spectrally similar infrequent targets is problematic for the normal MF.

MF rapidly detects desired classes of interest, having wide applications in mineral mapping. Yet, it gen-
erally su�ers from false positives. Other techniques like MTMF, which is discussed next, are used to reduce
the false positive cases by considering noise variance and by estimating the probability of MF estimation
error in each pixel [48].

8.3.3 Mixed Tuned Matched Filtering

MTMF resolves the selectivity problem inherent in the existing classical MF technique between a target
class and the background [37,40,42,49]. It combines the strength of MF (no requirement to know all the
endmembers) with physical constraints imposed by mixing theory (the signature at any given pixel is a
linear combination of the individual components contained in that pixel).

The algorithm consists of three phases: (1) MNF transformation of the data, (2) MF calculation for
abundance estimation and background suppression, and (3) mixture tuning (MT) calculation for the iden-
ti�cation and rejection of false positives [45,49]. The known target signature de�nes a corner of a mixing
simplex and the background covariance (eigenvectors and eigenvalues) gives the shape, orientation, and
size of the background spectral scatter. Since MTMF works with data that have been whitened and decor-
related with the MNF transform, the noise distribution about a given point is a unit variance isotropic
Gaussian distribution [49]. Now, the algorithm assesses the probability of MF estimation error for each
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pixel by calculating infeasibility values (a measure of goodness of match or the likelihood of each pixel
being a mixture of the known class and the background materials) in the following three stages: (1) deter-
mination of the target vector component of the pixel, (2) interpolation of variance eigenvalues respective
to the target vector component, and (3) calculation of the standardized separation between a pixel and its
ideal target vector component [48]. The MTMF algorithm [49] is summarized below:

1. MNF transformation of the data: Computation of noise covariance, noise-whitening transforma-
tion of data, mean subtraction from noise-whitened data, and data decorrelation by projecting it to
its eigenvectors.

2. Abundance estimation through matched �lter: Projection of target spectrum to the MNF space,
estimation of background covariance matrix followed by inversion, calculation of normalized MF
projection vector, and projection of the MNF data to the MF vector to obtain target proportion.

3. Measurement of feasibility: Interpolation of mixture distributions, calculation of mixture infeasi-
bilities, and segregation of true detections from false positives.

8.3.4 Constrained Energy Minimization

CEM is suitable for target detection as an unconstrained algorithm [50] but constrains a desired target
signature by using a speci�c gain. It only utilizes knowledge of the target class signature and designs a �nite
impulse response (FIR) �lter to pass through the desired target class while minimizing its output energy
resulting from the undesired classes [21,42,51–55]. The following CEM �lter is derived based on [21].

Let X = (y1, y2,… , yp−1, yp, yp+1,… , yP) be a data matrix representing P pixels in an image, where
yp = (yp1, yp2, ..., yPM)T for 1 ≤ p ≤ P is an M-dimensional pixel vector.E = [e1,… en−1, en, en+1,… , eN]
is the spectral signature of N targets (t1,… , tn−1, tn,… , tN) present in the image. We intend to design a
constrained FIR linear �lter with a M-dimensional weight vector wv = (wv1,wv2,… ,wvM)T speci�ed
by a set of M �lter coe�cients that minimize the �lter output energy subject to the following constraints:

ETwv = c, where eT
nwv =

M
∑

m=1
enmwvm = cn for 1 ≤ n ≤ N (8.5)

where c = (c1,… cn−1, cn, cn+1,… , cN)T is a constraint vector. If Op represents the output of the designed
FIR �lter resulting from input yp, then

Op =
M
∑

m=1
wvmypm = wvTyp = yT

pwv (8.6)

From Equations 8.5 and 8.6, we obtain a linearly constrained minimum variance-based target class detector,
which minimizes the average energy of the total �lter outputs

1
P

[ P
∑

p=1
O2

p

]

= 1
P

[ P
∑

p=1
(yT

pwv)
TyT

pwv
]

= wvT

(

1
P

[ P
∑

p=1
ypyT

p

])

wv = wvTS_matM×Mwv (8.7)

where S_matM×M = 1
P

[

P
∑

p=1
ypyT

p

]

is a sample spectral matrix of the image. So, S_matM×M = 1
P

[

XXT].

Combining Equation 8.7 with Equation 8.5 results in constrained optimization problem of the form

min
wv
wvTS_matMMwv subject to ETwv = c. (8.8)
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The solution to Equation 8.8 is achieved by Chang et al. [56,57]. For details, the readers are referred to
[21, p. 54]. CEM works for a single target signature tn,(E = tn), the constraint vector c in Equation 8.5

can be substituted by tTnwv =
M
∑

m=1
tnmwvm = 1 and becomes a constraint unity scalar. Then, Equation 8.8

reduces to minwv
{

wvTS_matM×Mwv
}

subject to tTnwv = 1 with the optimal solution wvCEM given by

wvCEM =
S_mat−1

M×Mtn
tTn S_mat−1

M×Mtn
.

Substituting the optimal weight wvCEM for wv in Equation 8.6 gives CEM �lter with a detector,
detectorCEM(y) given by Harsanyi [58] in Chang [21]

detectorCEM(y) = (wvCEM)Ty = (tTn S_mat−1
M×Mtn)

−1(S_mat−1
M×Mtn)

Ty. (8.9)

8.3.5 Sparse Unmixing via Variable Splitting and Augmented Lagrangian

Sparse regression [59] is a new direction for unmixing which is related to both statistical and the geometri-
cal frameworks. A mixed pixel with sparse linear mixtures of spectral signatures from a library (available a
priori) is �tted. Estimating or generating the endmembers from the data is not required here. The method
depends on searching an optimal subset of signatures that can model each mixed pixel in the data. The
degree of coherence (isometry) between the data matrix and sparseness of the endmember signals [60]
decides the algorithm’s ability to obtain sparse solutions for an underdetermined system. When the data
matrix has low coherence and the signals are sparse, it is an ideal situation for sparse unmixing.

Endmember search is conducted in a large library, say E ∈ ℝM×N , where M is the number of spectral
bands and N is the number of spectral class (or target material) signatures in the library, M <Nand� ∈ ℝN .
It is possible that only a few of the signature contained in E would involve in the mixed pixel spectrum.
Therefore, � will contain many values of zero, so � is a sparse vector. The sparse regression problem [60]
is expressed as

min
�

‖�‖0 subject to ‖y − E�‖2 ≤ δ, (8.10)

� ≥ 0, 1T� = 1

where ‖�‖0 denotes the number of nonzero components of �, and δ ≥ 0 is the noise and modeling error
tolerance. Note that δ in Equation 8.10 is the error tolerance and � in Equation 8.1 is a M × 1 vector
collecting errors a�ecting the measurements at each spectral band. � ≥ 0 and 1T� = 1 refer to ANC
and ASC, respectively. A set of sparsest signals belonging to the (N−1) probability simplex satisfying error
tolerance inequality de�nes the solution of Equation 8.10.

When the fractional abundances from sparse regression follow ANC and ASC, the problem is referred to
as constrained sparse regression (CSR) given by Equation 8.11, which is used to �nd sparse linear mixtures
of spectra selected from large libraries [59]

minα(1∕2) ‖E� − y‖2
2 + λ ‖�‖1 (8.11)

subject to � ≥ 0, 1T� = 1

where ‖�‖2 and ‖�‖1 are the l2 and l1 norms and λ ≥ 0 is a weighing factor between the l2 and l1
terms. SUnSAL solves the problem stated by Equation 8.11 based on the alternating direction method
of multipliers (ADMM) [59,61,62]. ADMM can be derived as a variable splitting procedure followed by



138 Large-Scale Machine Learning in the Earth Sciences

the adoption of an augmented Lagrangian method to solve the constrained problem. The algorithm is
brie�y stated below. For more detailed derivation, the readers are encouraged to refer Bioucas-Dias and
Figueiredo [59]. Assume that matrix E (library of spectral signatures) is known and corresponds to under-
determined systems (N > M) rather than obtained from an endmember extraction algorithm (where
N < M). Consider arbitrary � > 0,u0,d0 ∈ ℝa� _dim (where a�_dim is an a�ne dimension), and
{�i ∈ ℝN ,ui,di ∈ ℝa� _dim,where i = 0, 1,…}.

Step 1: Let i = 0, select � > 0, u0,d0.
Step 2: Continue step 3 to step 8 until speci�ed condition is achieved.
Step 3: Compute w = ETy + �(ui + di).
Step 4: Compute �i+1 = B−1w − C (1TB−1w − 1).
Step 5: Compute �i = �i+1 − di.
Step 6: Compute ui+1 = max{0, so�

(

�i, λ∕�
)

}.
Step 7: Compute di+1 = di − (�i+1 − ui+1).
Step 8: Increment i by 1.
Step 9: Exit.

whereB ≡ ETE+�I,C ≡ B−11(1TB−11)−1, and λ is a parameter controlling the relative weight. (Note:
the symbol ≡ means “is de�ned as” or “equivalence”). So�-threshold function is discussed in Chen et al.
[63]. SUnSAL with ANC and ASC imposed has been referred to as CSUnSAL in this chapter.

8.3.6 SUnSAL Total Variation

While sparse unmixing techniques characterize mixed pixel problems using spectral libraries, they do not
deal with the neighboring pixels and tend to ignore the spatial context. SUnSAL TV [64] take into account
spatial information (the relationship between each pixel vector and its neighbors) on the sparse unmix-
ing formulation by means of the TV regularizer [65] assuming that it is very likely that two neighboring
pixels have similar fractional abundances for the same endmember. The TV regularizer acts as a priori
information and unmixing is achieved by a large nonsmooth convex optimization problem.

Let � ∈ ℝE×P (E =matrix containing endmembers and P = number of observed M-dimensional pixel
vector) represent a fractional abundance matrix. Below, the SUnSAL TV algorithm is brie�y discussed

based on the derivation by Iordache et al. [64]. Assume ‖�‖F ≡
√

trace {��}T be the Frobenius norm of

�, let ‖�‖1,1 ≡
P
∑

p=1

‖

‖

‖

αp
‖

‖

‖1
(αp denote the pth column of �), let λ ≥ 0 and λTV ≥ 0 be the regularization

parameters. Then the sparse unmixing optimization problem is

min
�

1
2
‖E� − y‖2

F + λ ‖�‖1,1 + λTVTV(�) subject to� ≥ 0 (8.12)

where TV(�) ≡
∑

{p,n}∈ε
‖

‖

‖

αp − αn
‖

‖

‖1
, p is the pth observed M-dimensional pixel vector, n is the nth class,

and ε is a set of horizontal and vertical neighbors of the pixel in consideration in the image. Also note that
ASC has not been imposed. Equation 8.12 can also be written as

min
�

1
2
‖E� − y‖2

F + λ ‖�‖1,1 + λTV ‖H�‖1,1 + ιR+(�) (8.13)

where ιR+(�) =
P
∑

p=1
ιR+(αp) is the indicator function, H� accounts for the horizontal and vertical neigh-

boring pixel’s di�erences (Hh� = [dp,… , dP], where p = 1 to P, dp = αp − αph with p and ph denoting
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a pixel and its horizontal neighbor and Hv� = [vp,… , vP]) where p = 1 to P, vp = αp − αpv with p

and pv denoting a pixel and its vertical neighbor. So, H� ≡
[

Hh�
Hv�

]

. Equation 8.13 can be written in a

constrained form as

minU,V1,V2,V3,V4,V5

1
2
‖

‖

V1 − y‖‖
2
F + λ ‖‖V2‖‖1,1 + λTV ‖

‖

V4‖‖1,1 + ιR+(V5) (8.14)

whereV1 = EU,V2,V3,V5 = U, andV4 = HV3 and Equation 8.14 can be expressed in a smaller form as

minU,Vg(V) whenGU + BV = 0 (8.15)

where V =
(

V1,V2,V3,V4,V5
)

, g(V) ≡ 1
2
‖

‖

V1 − y‖‖
2
F + λ ‖‖V2‖‖1,1 + λTV ‖

‖

V4‖‖1,1 + ιR+(V5),

G =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

E
I
I
0
I

⎤

⎥

⎥

⎥

⎥

⎥

⎦

, and B =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

−I 0 0 0 0
0 −I 0 0 0
0 0 −I 0 0
0 0 H −I 0
0 0 0 0 −I

⎤

⎥

⎥

⎥

⎥

⎥

⎦

.

Equation 8.15 is solved using ADMM algorithm. The overall steps in SUnSAL TV are summarized
below:

Step 1: Let i =0, select � ≥ 0, U(0),V(0)1 ,V(0)2 ,V(0)3 ,V(0)4 ,V(0)5 ,D(0)1 ,D(0)2 ,D(0)3 ,D(0)4 ,D(0)5 .
Step 2: Continue step 3 to step 6 until speci�ed condition is achieved.
Step 3: Compute U(i+1) = arg minU (U,V(i)1 ,V

(i)
2 ,V

(i)
3 ,V

(i)
4 ,V

(i)
5 ,D

(i)
1 ,D

(i)
2 ,D

(i)
3 ,D

(i)
4 ,D

(i)
5 ).

Step 4: For j in 1:5

V(i+1)
j = arg min

Vj
(U(i),V(i)1 ,… ,V(i)j ,… ,V(i)5 ).

Step 5: Update Lagrangian multipliers as follows:

D(i+1)
1 = D(i)1 − EU(i+1) + V(i+1)

1

D(i+1)
2 = D(i)2 − U(i+1) + V(i+1)

2

D(i+1)
3 = D(i)3 − U(i+1) + V(i+1)

3

D(i+1)
4 = D(i)4 −HV(i+1)

3 + V(i+1)
4

D(i+1)
5 = D(i)5 − U(i+1) + V(i+1)

5 .

Step 6: Increment i by 1.
Step 7: Exit.

where  (U,V,D) ≡ g (U,V) + �
2 ‖GU + BV − D‖2

F is the augmented Lagrangian, � is a positive con-
stant, D∕� is a Lagrangian multiplier with the constraint GU + BV = 0. For detailed derivation and
optimizations, the readers are requested to refer to the Appendix of [64]. SUnSAL TV with ANC and ASC
imposed has been referred to as CSUnSAL TV among the constrained unmixing algorithms, discussed in
Section 8.4 of this chapter.
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8.4 Partially and Fully Constrained Unmixing Algorithms

If no constraints are imposed on abundance, the estimated abundance fractions may deviate with a wide
range. To avoid such conditions, generally, two constraints are imposed on the model described in Equation
8.1: the ANC given as Equation 8.16 and the ASC expressed as Equation 8.17

αn ≥ 0 ∀ n ∶ 1 ≤ n ≤ N (8.16)

and

N
∑

n=1
αn = 1 (8.17)

This allows proportion of each pixel to be partitioned between classes. Below we discuss constrained
unmixing algorithms.

8.4.1 Sum-to-One Constrained Least Squares

Imposing the unity constraint on the abundance values (i.e., α1 +…+ αn−1 + αn + αn+1 +…+ αN = 1)
as in Equation 8.17 while minimizing ‖y − E�‖, gives the SCLS estimate of the abundance as

�̂SCLS = ETE−1
(

ETy − λ
2

1
)

(8.18)

where

λ =
2(1T(ETE)−1 ETy − 1)

1T(ETE)−11
. (8.19)

The SCLS solution may have negative abundance values but they add to unity.

8.4.2 Normalized Sum-to-One Constrained Least Squares

Here, the negative values are considered to be 0 and the abundance fractions of the remaining target
signature are normalized to unity resulting in NSCLS solution. The abundance values range from 0 to 1.

8.4.3 Nonnegative Constrained Least Squares

NCLS utilizes the nonnegative least squares (NNLS) algorithm to minimize ‖E� − y‖ subject to � ≥ 0.
The N-vectors x and z specify the working dimension, and index sets ℘ and Z are initialized and adjusted
during execution. Variables indexed in Z are initialized to zero and variables indexed in ℘ can take any
nonzero values. In case the variable in ℘ takes negative value, the algorithm either assumes a positive value
for the variable or assigns it to zero and moves its index from℘ to Z. Once the algorithm terminates,� is the
solution vector and x is the dual vector. Algorithm NNLS (M,N, y, E, �, x, z, ℘, Z) is brie�y summarized
below [66].

Step 1: Set ℘ = NULL, Z = {1, 2, ..., N}, and � = 0.
Step 2: Compute x = ET(y − E�).
Step 3: If Z = Φ or xj ≤ 0∀jϵZ, stop (� is the solution).
Step 4: Find an index k ∈ Z such that xk = max{xj ∶ j ∈ Z}.
Step 5: Move the index k from Z to ℘.



Unmixing Algorithms 141

Step 6: Let E℘ denote the M × N matrix de�ned by

Column j of E℘ =
{

column j of E if j ∈ ℘
0 if j ∈ Z

compute N-dimensional vector z as least squares solution of ‖‖
‖

E℘z − y
‖

‖

‖

. Note that only the
components zj, j ϵ℘ are determined by this problem. De�ne zj = 0∀j ∈ Z.

Step 7: If zj > 0∀j ∈ ℘, then � = z. Go to step 2.
Step 8: Find an index q ∈ ℘ such that

αq

αq − zq
= min

{

αj

αj − zj
∶ zj ≤ 0, j ∈ ℘

}

.

Step 9: Let β =
αq

αq−zq
.

Step 10: Let � = � + β(z − �).
Step 11: Move all indices j ∈ ℘ from set ℘ to set Z for which αj = 0. Go to Step 6.
Step 12: Exit.

Upon execution, � satis�es two conditions: αj > 0forj ∈ ℘ and αj = 0 for j ∈ Z and is a solution for
the least squares problem E℘� ≅ y. The dual vector x satis�es the following conditions: xj = 0 forj ∈ ℘,
xj ≤ 0 forj ∈ Z and x = ET(y − E�). The above settings together constitute the Kuhn–Tucker conditions
characterizing a solution vector � for NNLS. This algorithm �nitely converges, the discussion of which is
beyond the scope of this chapter, and readers are encouraged to refer Lawson and Hanson [66, p. 162], for
details.

8.4.4 Normalized Nonnegative Constrained Least Squares

The NNCLS solution is obtained by dividing each class abundance (αn) of the NCLS solution by the sum
of all the abundances (α1 +…+ αn−1 + αn + αn+1 +…+ αN) in that pixel resulting in abundance values
adding to unity.

8.4.5 Fully Constrained Least Squares

Most of the constrained algorithms discussed above impose ANC and ASC sequentially (if at all both
the constraints are forced on the solution). As discussed earlier, for a SCLS solution, the target signatures
with negative abundances can be discarded and the abundance fractions of the remaining target signatures
can be normalized to unity, resulting in an NSCLS solution. The NCLS results can be normalized to unity
to obtain NNCLS solution. However, Chang [21] claims that neither NSCLS nor NNCLS yields optimal
solutions since the two constraints ANC and ASC are carried out sequentially and not simultaneously.
Heinz et al. [50] produced a nearly optimal solution and recently Chang [21] proposed a FCLS solution that
produces accurate abundance fraction of target signatures similar to Haskell and Hanson [67] and extends
the NNLS algorithm in Lawson and Hanson [66] discussed above by including ASC. ASC is included in
the signature matrix E by a new signature matrix (SME) de�ned by

SME =
[

θE
1T

]

(8.20)
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with 1 = (11111… 1
⏟⏞⏞⏟⏞⏞⏟

N

)T , and

s =
[

θy
1

]

. (8.21)

θ in Equations 8.20 and 8.21 regulate ASC. Using these two equations, FCLS algorithm can be derived
directly from the NNLS algorithm by replacing signature matrix E with SME and the pixel vector y
with s [21].

8.4.6 Modified Fully Constrained Least Squares

ANC is a major problem in solving constrained linear unmixing problems as it forbids use of the Lagrange
multiplier. Chang [21] proposed the replacement of αn ≥ 0 ∀n ∶ 1 ≤ n ≤ N with absolute ASC (AASC),

N
∑

n=1
|

|

αn|| = 1. AASC allows usage of the Lagrange multiplier along with exclusion of negative abundance

fractions leading to optimal constrained least squares solution satisfying both ASC and AASC with all
nonnegative fractions. This method is called MFCLS, expressed as

min
α∈Δ

{(y − E�)(y − E�)T} (8.22)

subject to Δ =

{

α|
N
∑

n=1
αn = 1 and

N
∑

n=1
|

|

αn|| = 1

}

.

It turns out that the solution to Equation 8.22 is

α̂MFCLS = α̂UCLS − (ETE)−1[λ11 + λ2 sign (α)] (8.23)

where α̂UCLS = (ETE)−1ETy which is the unconstrained solution as in Equation 8.2. ASC and AASC are

now used to compute λ1 and λ2 by replacingαwith α̂UCLS with the following constraints:
N
∑

n=1
αn = 1Tα = 1,

and
N
∑

n=1
|

|

αn|| = sign(α)Tα = 1 where sign(α) = (ω1,ω2,… ,ωn−1,ωn,ωn+1,… ,ωN)T and

ωn =

{ αn
|αn|

; if αn ≠ 0

0; ifαn = 0

the MFCLS algorithm is brie�y stated as

Step 1: Set α̂MFCLS = α̂SCLS from Equation 8.18.
Step 2: Compute λ1 and λ2.
Step 3: Compute α̂MFCLS = α̂SCLS − (ETE)−1[λ11 + λ2sign(α)].
Step 4: If α̂MFCLS has any negative value, go to step 2 else exit.

The MFCLS algorithm utilizes the SCLS solution. Step 4 terminates the algorithm when all the compo-
nents are nonnegative. Alternatively, a preselected threshold can be used for a fast implementation. For a
more detailed derivation, readers are directed to refer [21, p. 184].

The value of abundance in any given pixel range from 0 to 1 (in an abundance map) and there are as
many abundance maps as the number of classes. 0 indicates absence of a particular class and 1 indicates
presence of only that class in a particular pixel. Intermediate values between 0 and 1 represent a fraction of
that class. For example, 0.4 may represent 40% presence of a class in an abundance map and the remaining
60% could be other classes.
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8.5 Data

In this section, details about computer-simulated data, Landsat data, WV-2 data, ground data used for
validation, and endmembers used in the analysis are discussed.

8.5.1 Computer Simulations

One of the major problems of analyzing the quality of fractional estimation methods is the fact that exact
ground truth information about the real abundances at subpixel level for all classes is di�cult to obtain
[68]. In order to avoid this shortcoming, simulation of imagery was carried out as a simple and intuitive
way to perform preliminary evaluation of the techniques. The primary reason for the use of simulated
imagery as a complement to real data analysis is that all the details of the simulated images are known. As
a result, an algorithm’s performance can be examined in a controlled manner.

First, a set of multispectral images was clustered into three groups. From this clustered image where each
pixel belongs to any of the three groups, the �rst test pixel was chosen, (at row 1 and column 1) assuming
that group 1 represents endmember 1, group 2 represents endmember 2, and group 3 represents endmem-
ber 3. If this chosen test pixel belonged to group 1, then we allocated a maximum random abundance
of endmember 1 to this pixel followed by small random abundances to endmembers 2 and 3 by follow-
ing ANC and ASC. The second test pixel (at location 1, 2) was selected and if this test pixel belonged to
group 2 or 3 then endmember 2 or 3 was allocated maximally and the remaining two abundances were
given small random proportional values while maintaining the constraints. This was carried out for all the
pixels in the image and the �nal output was three abundance maps, one for each endmember. Now, with
the given global spectra of three endmember libraries of substrate, vegetation, and dark objects, (available
at http://www.ldeo.columbia.edu/~small/GlobalLandsat/styled-3/index.html) and three abundance maps,
the linear mixture Equation 8.1 was inverted to generate computer-simulated synthetic noise-free data of
six bands of size 512 × 512. So, arti�cial band = abundance_map1 × endmember1 + abundance_map2 ×
endmember2 + abundance_map3 × endmember3.

In a separate set of experiments, noise was added to the data to judge the robustness of the algorithms.
We examined the error in the estimate as the noise power increased by 2, 4, 8, 16, 32, 64, 128, and 256.
This noise is a random number drawn from a Gaussian distribution where the mean of each endmember
is set to 0 and the variability is controlled. Since user-de�ned means and spread around the mean could be
added to the synthetic data in the form of random �uctuations, noise are assumed to be of the form mean+
�xed variance, that is, Gaussian noise =mean+ random perturbation; random perturbation is a Gaussian
random variable of speci�c variance. A multitude of LMMs were applied with di�erent endmembers (sub-
strate, vegetation, and dark objects) and a series of subpixel class composition estimates were obtained for
a pixel of many given spectral response. Table 8.1 lists the statistical properties of the simulated data. In
this way, not only the impact of subpixel classi�cation in noise-free data was analyzed, but also the impact
of variable noise with respect to the �xed spatial resolution was assessed.

8.5.2 Landsat Data

A spectrally diverse collection of 11 scenes of Level 1 terrain corrected, cloud-free Landsat-5 16 bit (path
43, row 35) for Fresno, California were used in this study. These data were captured on April 4 and
20, May 22, June 7 and 23, July 9 and 25, August 26, September 11 and 27, and October 13 for the year 2008
and were calibrated to exoatmospheric re�ectance using the calibration approach and coe�cients given by
Chander et al. [69]. These scenes were selected because a coincidental set of ground canopy cover was avail-
able for a number of surveyed �elds within the footprint of Landsat Worldwide Reference System (WRS)
path 43, row 35 [70]. The atmospheric re�ectance was converted to surface re�ectance correcting for atmo-
spheric e�ects by means of the 6S code implementation in the Landsat Ecosystem Disturbance Adaptive
Processing System (LEDAPS) atmospheric correction method [71]. Atmospheric correction reduces the

http://www.ldeo.columbia.edu/~small/GlobalLandsat/styled-3/index.html
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TABLE 8.1 Statistical Properties of the Computer-Simulated Data

Computer-Simulated Noise-Free Data

Bands Minimum Maximum Range Mean Variance Variation Coe�cient (%)

1 260 1766 1506 753.46 266,644 68.53
2 272 3342 3070 1436.59 931,455 67.18
3 248 4536 4288 1619.09 2,215,320 91.93
4 801 6681 5880 6012.21 236,759 8.09
5 482 6775 6293 3654.63 2,406,200 42.44
6 348 6388 6040 2608.48 3,671,680 73.46

Computer-Simulated Data with Noise (μ = 0 and σ2= 2)

1 260 1766 1506 753.52 2,66,499 68.51
2 272 3344 3072 1436.57 9,314,33 67.18
3 250 4538 4288 1619 2,215,090 91.93
4 799 6685 5886 6012 2,367,82 8.1
5 481 6776 6295 3655 2,406,350 42.45
6 349 6389 6040 2608 3,672,000 73.47

Computer-Simulated Data with Noise (μ = 0 and σ2= 4)

1 260 1766 1506 753.6 266,355 68.49
2 273 3346 3073 1436.56 931,397 67.18
3 251 4539 4288 1618.89 2,214,910 91.93
4 797 6689 5892 6011.89 236,797 8.09
5 480 6778 6298 3654.61 2,406,570 42.49
6 349 6391 6042 2608.26 3,672,440 73.47

Computer-Simulated Data with Noise (μ = 0 and σ2= 8)

1 259 1765 1506 753.69 266,143 68.45
2 273 3350 3077 1436.52 931,384 67.18
3 253 4542 4289 1618.71 2,214,490 91.93
4 792 6697 5905 6011.58 236,885 8.1
5 478 6780 6302 3654.6 2,406,980 42.45
6 351 6396 6045 2608.05 3,673,370 73.49

Computer-Simulated Data with Noise (μ = 0 and σ2= 16)

1 258 1764 1506 753.91 265,787 68.38
2 274 3357 3083 1436.44 931,386 67.19
3 247 4547 4300 1618.33 2,213,650 91.94
4 784 6713 5929 6010.95 237,117 8.10
5 474 6786 6312 3654.6 2,407,910 42.46
6 353 6405 6052 2607.62 3,675,120 73.52

Computer-Simulated Data with Noise (μ = 0 and σ2= 32)

1 258 1764 1506 753.91 265,787 68.38
2 274 3357 3083 1436.44 931,386 67.19
3 247 4547 4300 1618.33 2,213,650 91.94
4 784 6713 5929 6010.95 237,117 8.10
5 474 6786 6312 3654.6 2,407,910 42.46
6 353 6405 6052 2607.62 3,675,120 73.52

Continued
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TABLE 8.1 (Continued) Statistical Properties of the Computer-Simulated Data

Bands Minimum Maximum Range Mean Variance Variation Coe�cient (%)

Computer-Simulated Data with Noise (μ = 0 and σ2= 64)

1 −22 1976 1998 670.589 232,049 71.83
2 −58 3505 3563 1257 837,980 72.83
3 −163 4716 4879 1385.26 1,888,630 99.21
4 −55 6834 6889 5506.74 2,750,490 30.11
5 −72 6951 7023 3234.5 2,680,060 50.61
6 −130 6587 6717 2257.35 3,272,960 80.14

Computer-Simulated Data with Noise (μ = 0 and σ2= 128)

1 −256 2226 2482 670.61 244,276 73.70
2 −295 3689 3984 1256.93 850,354 73.37
3 −472 4880 5352 1385.23 900,980 99.53
4 −228 7045 7273 5507 2,762,550 30.18
5 −223 7159 7382 3234.69 2,692,390 50.73
6 −315 6751 7066 2257.46 3,285,280 80.29

Computer-Simulated Data with Noise (μ = 0 and σ2= 256)

1 −724 2725 3449 670.65 293,295 80.75
2 −771 4138 4909 1256.81 899,574 75.47
3 −1090 5332 6422 1385.18 1,950,160 100.82
4 −574 7672 8246 5506.52 2,811,240 30.45
5 −571 7620 8191 3235.09 2,741,700 51.18
6 −687 7113 7800 2257.69 3,334,520 80.88

perturbations caused by Rayleigh scattering and the absorption of the mixing atmospheric molecules and
aerosols [72].

The surveyed �eld for the ground observations was located within an area of about 25×35 km southwest
of the city of Fresno (Figure 8.1). Seventy-four polygons of the fractional vegetation cover were generated
from digital photographs taken with a multispectral camera mounted on a frame at nadir view pointed 2.3
m above the ground at the commercial agricultural �elds of the San Joaquin Valley (in central California)
on the 11 dates mentioned above, except for one date when the Landsat acquisition preceded the ground
observation by 1 day. For each date, 2–4 evenly spaced pictures were taken for an area of 100 m × 100 m
with center location marked by a global positioning system (GPS) [70]. These fractional measurements
belonged to a diverse set of seasonal and perennial crops in various developmental stages, from emergence
to full canopy that represented an agricultural scenario/environment in the RS data.

A second set of a pair of coincident clear sky Landsat thematic mapper (TM) data (at 30-m spatial
resolution) and WV-2 data (of 2-m spatial resolution) for an area of San Francisco was used to assess the
algorithm. San Francisco is chosen for the test site because of its completely di�erent urbanized landscape,
having colonial and eclectic mix of building architectures on the steep rolling hills.

WV-2 data were acquired a few minutes a�er the Landsat TM data acquisition on May 1, 2010 for an
area near the Golden Gate Bridge, San Francisco as shown in Figure 8.2. The spectral range of the �rst four
bands of Landsat data has a good correspondence with the WV-2 bands 2, 3, 5, and 6 in terms of wavelength
range in the electromagnetic spectrum as given in Table 8.2 which shows that they have a similar mixing
space. WV-2 data were converted to top-of-atmosphere (TOA) re�ectance values using python program
(available at https://github.com/egoddard/i.wv2.toar) in Geographic Resources Analysis Support System

https://github.com/egoddard/i.wv2.toar
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FIGURE 8.1 Study area: San Joaquin Valley in central California. Field data collection site in San Joaquin Valley with
surveyed boundaries (marked in black color polygons) overlaid on a false color composite (FCC) of Landsat data from
which ground fractional cover were derived for validation.

Geographic Information System (GRASS GIS) 7.1. The Landsat unmixed images were compared with the
corresponding WV-2 fraction images for accuracy assessment.

8.5.3 Endmember Generation

Global mixing spaces were sampled by Small and Milesi [73] using a spectrally diverse LC and diversity
of biomes with 100 Landsat ETM+ scenes. This de�ned a standardized set of spectral endmembers of
substrate (S), vegetation (V), and dark objects (D). Vegetation refers to green photosynthetic plants, dark
objects encompass absorptive substrate materials, clear water, deep shadows, etc., and substrate includes
soils, sediments, rocks, and nonphotosynthetic vegetation. For simplicity, we refer substrate, vegetation,
and dark objects as “S” (endmember 1 or E1), “V” (endmember 2 or E2), and “D” (endmember 3 or E3) in
the rest of this chapter.

The endmembers are found to de�ne the topology of the three-dimensional tetrahedral hull that
envelopes ∼98% of the spectra found in the global Landsat mixing space. The S-V-D endmember coef-
�cient, in addition to dates and locations of each subscene is available at http://www.LDEO.columbia.edu/
∼small/GlobalLandsat/. The estimates obtained from the global endmembers have been compared to frac-
tional vegetation cover derived vicariously by linearly unmixing near-coincidental WV-2 acquisitions over
a set of diverse coastal environments, using both global endmembers and image-speci�c endmembers to

http://www.LDEO.columbia.edu/~small/GlobalLandsat/
http://www.LDEO.columbia.edu/~small/GlobalLandsat/
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Pacific Ocean

Golden Gate Bridge

San Francisco

FIGURE 8.2 (See color insert.) Study area: FCC of a part of San Francisco city. Zoomed image of the urban area
(marked with rectangles in inset) shows mixing of substrate with vegetation, roads, shadow, and dark objects.

TABLE 8.2 Landsat and WV-2 Band Details Used in Unmixing

Landsat WV-2

Band Band name Wavelength (μm) Band Band name Wavelength (μm)

1 Blue 0.45–0.52 2 Blue 0.45–0.51
2 Green 0.52–0.60 3 Green 0.51–0.58
3 Red 0.63–0.69 5 Red 0.63–0.69
4 NIR 0.77–0.90 7 NIR1 0.77–0.895

Abbreviation: NIR, Near-infrared.

unmix the WV-2 images. The strong 1:1 linear correlation between the fractions obtained from the two
types of images indicates that the mixture model fractions scale linearly from 2 to 30 m over a wide range of
LC types. When endmembers are derived from a large enough sample of radiometric responses to encom-
pass the Landsat spectral mixing space, they can be used to build a standardized spectral mixture model
with global applicability [74].

8.6 Methodology

Among the above discussed algorithms in Sections 8.2 through 8.4, UCLS, SCLS, NSCLS, NCLS, NNCLS,
FCLS, and MFCLS were implemented in C++ programming language with OpenCV (Open Source
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Computer Vision) package (http://opencv.org/) and boost C++ libraries (www.boost.org) on the NEX at
the NASA Advanced Supercomputing Facility. MF, MTMF, and CEM were implemented in ENvironment
for Visualizing Images (ENVI) image processing so�ware. The SUnSAL programs were obtained from the
authors and are also available online for download (http://www.lx.it.pt/∼ bioucas/code/sunsal_demo.zip).
GRASS—a free and open source package was used for visualization of results and statistical analysis was
carried in R statistical package in a Linux system environment. SunSAL and SUnSAL TV were used in
the unconstrained form, and CSunSAL and CSUnSAL TV were used with both ANC and ASC enforced.
The parameter λ in SUnSAL was set to 10−5, δ = 10−4; λ in SUnSAL TV was set to 5 × 10−4 and λTV in
SUnSAL TV was set to 5×10−3 for computer simulated data and 10−3 for the Landsat data. The maximum
number of iterations was set to 100 and all other parameters were set to default.

For validation of the computer-simulated data, the estimated class proportion maps were compared
with the synthetic true abundance maps using visual checks and various other measures such as descriptive
statistics (minimum and maximum fractional estimates), Pearson product–moment cc, RMSE, ps, boxplot,
and BDF.

If true abundances are known as in synthetic images, cc and RMSE are calculated between
the true abundance and estimated fractional abundance. Considering the true abundance � =
(α1,… , αn−1, αn, αn+1,… , αN) and estimated abundance �̂ = (α̂1,… , α̂n−1, α̂n, α̂n+1,… , α̂N), cc (r) is
de�ned as

r =

∑P
p=1(αp − ᾱ)(α̂p − α̂)

√

∑P
p=1 (αp − ᾱ)

2
√

∑P
p=1 (α̂p − α̂)

2
(8.24)

r ranges from−1 to 1. 1 implies that a linear equation describes the relationship between� and �̂ perfectly,
with all the data points lying on a straight line for which �̂ increases as � increases. r = −1 infers that all
data points lie on a line for which �̂ decreases as � increases and r = 0 means there is no linear correlation
between the true and estimated abundances.

RMSE [75] is de�ned as

RMSE = 1
N

N
∑

n=1

⎡

⎢

⎢

⎢

⎣

√

√

√

√

√

1
P

P
∑

p=1
(α̂np − αnp)

2
⎤

⎥

⎥

⎥

⎦

(8.25)

Smaller the RMSE, better the unmixing result and higher is the accuracy.
Probability of success (ps) is an estimate of the probability that the relative error power is smaller than

a certain threshold [60]. It is de�ned as ps ≡ P
(

‖α̂−α‖2

‖α‖2 ≤ threshold
)

. If threshold is 10, and ps = 1, it
suggests that the total relative error power of proportional abundances is less than 1/10 with a probability
of 1. Here, the estimation result is accepted when ‖α̂−α‖2

‖α‖2 ≤ 0.95 (5.22 dB). 0.95 is the average of the 99th
percentile of all the abundances of the three endmembers for the noise variance 8. At noise variance 8,
the SNR which is the logarithm to the base 10 of the ratio of sum of the square of the true abundances
(α2

1 + α
2
2 + α

2
3) to the sum of the square of the di�erence between the estimated and the true abundances

((α̂2
1 − α1

2) + (α̂2
2 − α2

2) + (α̂2
3 − α3

2)) turns out to be 5.22 dB. Empirically, we found that when ps = 1,
then 1 dB ≤ the SNR for the entire pixels in the abundance ≤ 8 dB for our data set.

BDF was used to visualize the accuracy of prediction by mixture models. Points along a 1:1 line on
the BDF graph indicate predictions that match completely with the real/actual/reference proportions. The
smaller the di�erence between reference and estimated proportions, the closer the point will lie to the
diagonal 1:1 line.

http://opencv.org/
http://www.boost.org
http://www.lx.it.pt/~bioucas/code/sunsal_demo.zip
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8.7 Experimental Results

This section briefs the results from the unmixing algorithms on computer-simulated data and Landsat data
of an agricultural landscape near Fresno and an urban agglomeration in San Francisco.

8.7.1 Computer-Simulated Data

Two images from the six-band computersimulated data are shown in Figure 8.3: a (band 3), and
b (band 4). The S-V-D endmembers were used to unmix the computer-simulated six bands.

Figure 8.4a through c shows noise-free synthetic abundance maps for endmember 1, 2, and 3. Figure
8.4d through f shows estimated abundance maps obtained for each signature class (for the three endmem-
bers) corresponding directly to the gray scale values for each image from UCLS, Figure 8.4g through i are
estimated abundance maps obtained from MTMF, Figure 8.4j through l are estimated abundance maps
obtained from SUnSAL, and Figure 8.4m through o are estimated abundance maps from SUnSAL TV with
the range of abundance fraction values speci�ed in square bracket [minimum abundance value–maximum
abundance value] underneath each �gure. Visual inspection of the abundance maps obtained from the six
algorithms show that they are similar and the relative fractions of the classes look alike. Also, from the
detection point of view, all the six methods performed similarly.

Table 8.3 shows the minimum and maximum abundance values for the three endmembers (E1, E2, and
E3) for noise-free data and noise variance 256 for the six unconstrained algorithms. Table 8.4 shows the
cc (which were found to be statistically signi�cant at 0.99 con�dence level, p-value <2.2e−16) between the
synthetic true abundance and the estimated abundance for the three endmembers for noise variance 0
and 256. The details of other noise variances are omitted due to space constraints. When minimum and
maximum estimated abundance values are compared to the synthetic true abundance, it is observed that
for the noise-free data, UCLS, SUnSAL, and SUnSAL TV are closer to true abundance, whereas, at 256
noise level, only UCLS is closer to synthetic true abundances for all the three endmembers, although the
minimum abundances are negative and maximum abundances are more than one.

Table 8.4 reveals that for noise-free data, UCLS, SUnSAL, and SUnSAL TV have high cc, low RMSE, and
ps = 1. For noise variance 256, only UCLS results had the highest cc and lowest RMSE. It was observed
that MF and MTMF had consistent performance overall, although they did not perform very well among
the unconstrained algorithms.

Overall, through various measures of accuracy, it was found that all the techniques performed almost
equally well at lower noise levels (up to noise variance 32), however, when the noise variance increased, the
performance of the algorithms decreased. UCLS performed best among the six unconstrained algorithms,

(a) (b)

FIGURE 8.3 A six bands computer-simulated data: (a) band 3, and (b) band 4.
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FIGURE 8.4 (a)–(c) synthetic abundance maps for endmember 1, 2, and 3, (d)–(f) abundance maps obtained from
UCLS, (g–i) abundance maps obtained from MTMF, (j)–(l) abundance maps obtained from SUnSAL, and (m)–(o)
abundance maps obtained from SUnSAL TV from noise-free data. In the �gure, black indicates absence of a particular
class (the minimum abundance value) and white indicates full presence of that class in a pixel (the maximum abun-
dance value). Intermediate values of the shades of gray represent mixture of more than one class in a pixel. MTMF,
mixed-tuned matched �ltering; SUnSAL, sparse unmixing via variable splitting and augmented Lagrangian; SUnSAL
TV, SUnSAL total variation; UCLS, unconstrained least squares.

followed by MF/MTMF in second place, SUnSAL/SUnSAL TV in third position, and CEM had the worst
performance.

Next, the results from constrained algorithms are discussed. Figure 8.5 shows noise-free estimated abun-
dance maps obtained for each signature class corresponding directly to the gray scale values for each image
from �ve selected algorithms: Figure 8.5a through c SCLS, Figure 8.5 d through f NSCLS, Figure 8.5 g
through i FCLS, Figure 8.5j through l MFCLS, and Figure 8.5 m through o CSUnSAL with the range of
abundance fraction values speci�ed in the square bracket [minimum abundance value–maximum abun-
dance value] underneath each �gure. As with the unconstrained algorithms, the various abundance maps
obtained from the di�erent constrained algorithms were similar in appearance.

Table 8.5 shows the minimum and maximum values of the abundance maps corresponding to the three
endmembers (E1, E2, and E3) for noise-free data and noise variance 256 from the eight constrained algo-
rithms. The details of other noise variances were omitted due to space constraints. It is evident that the
constrained algorithms are much better than unconstrained algorithms as they are able to maintain the
ANC and ASC to a good extent.

Figure 8.6 shows the cc (statistically signi�cant at 0.99 con�dence level, p-value <2.2e−16) and RMSE
between real abundance and estimated abundances obtained from the eight constrained algorithms for all
the three endmembers corresponding to di�erent levels of noise. For endmember 1 and 2, all the meth-
ods show a high cc (close to 1) when variance in the noise was increased until 32, beyond which the cc
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TABLE 8.3 Minimum and Maximum Values of the Abundance Maps Corresponding to the Three Endmembers (E1,
E2, and E3) for Noise Variance 0 and 256 from the Di�erent Unconstrained Algorithms

Algorithm Minimum Maximum
E1 E2 E3 E1 E2 E3

Synthetic true abundance 0 0 0 0.9986 0.9998 0.9978

Noise σ2 = 0

UCLS −0.0001 −0.0001 −0.0037 0.9986 0.9999 0.9976
MF −0.4062 −1.5976 −0.1910 0.9994 1.0018 0.9982
MTMF −0.4021 −1.5930 −0.1890 0.9982 1.0019 0.9979
CEM −0.0312 −0.2071 −27.0048 0.9986 8.0605 0.9876
SUnSAL −0.0001 −0.0001 −0.0036 0.9986 0.9998 0.9943
SUnSAL TV −0.0001 −0.0001 −0.0037 0.9986 0.9999 0.9976

Noise σ2 = 256

UCLS −0.1153 −0.1995 −5.7013 1.0644 1.1510 6.3070
MF −0.5222 −2.0249 −0.3406 1.0942 1.3778 1.1103
MTMF −0.5216 −2.0228 −0.3408 1.0936 1.3733 1.1107
CEM −0.2482 −0.1328 −27.6291 1.2665 1.2962 10.1251
SUnSAL −4.2286 −12.6948 −153.1474 14.0273 11.1966 429.1562
SUnSAL TV −4.2389 −12.6954 −153.6396 14.0283 11.1965 430.5347

TABLE 8.4 Correlation Coe�cient (cc or r), RMSE, and Probability of Success (ps) for Endmember 1,
2, and 3 (E1, E2, and E3) for Noise Variance 0 and 256 for the Unconstrained Algorithms

Algorithm r RMSE ps

E1 E2 E3 E1 E2 E3

Noise σ2 = 0

UCLS 1 1 0.99 0 0 0 1
MF 0.99 0.99 0.99 0.28 0.83 0.14 0.68
MTMF 0.99 0.99 0.99 0.28 0.83 0.14 0.68
CEM 0.99 −0.64 0.28 0.06 3.31 11.54 0.01
SUnSAL 1 1 0.99 0 0 0 1
SUnSAL TV 1 1 0.99 0 0 0 1

Noise σ2 = 256

UCLS 0.99 0.87 0.17 0.04 0.20 1.2 0.46
MF 0.99 0.99 0.99 0.29 0.84 0.14 0.68
MTMF 0.99 0.99 0.99 0.29 0.84 0.15 0.68
CEM 0.93 0.40 0.21 0.19 0.46 8.74 0.16
SUnSAL 0.32 0.42 0.12 0.84 0.9 64.39 0.46
SUnSAL TV 0.32 0.42 0.12 0.84 0.9 64.6 0.46

gradually decreases and reaches a minimum of 0.32 for endmember 1, 0.42 for endmember 2, and 0.12
for endmember 3 (for CSUnSAL TV) at maximum noise level. Overall, SCLS, NSCLS, NCLS, and FCLS
show a higher cc (~0.99) for endmember 1, SCLS, NSCLS, NCLS, FCLS, MFCLS, and CSUnSAL render a
higher cc (~0.87) for endmember 2 and SCLS, NSCLS, FCLS, MFCLS, and CSUnSAL produce a higher cc
(~0.81–0.83) for endmember 3 at 256 noise variance (highest noise level).

RMSEs for all the algorithms and endmembers follow a hyperbolic curve. For endmember 1, SCLS,
NSCLS, NCLS, and FCLS had least RMSEs (~0.03), whereas CSUnSAL TV exhibited highest error (0.88
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FIGURE 8.5 (a)–(c) Abundance maps obtained from SCLS for endmember 1, 2, and 3, (d)–(f) abundance maps
obtained from NSCLS, (g)–(i) abundance maps obtained from FCLS, (j)–(l) abundance maps obtained from MFCLS,
and (m)–(o) abundance maps obtained from CSUnSAL from noise-free data. In the �gure, black indicates absence
of a particular class (the minimum abundance value) and white indicates full presence of that class in a pixel (the
maximum abundance value). Intermediate values of the shades of gray represent mixture of more than one class in
a pixel. For synthetic abundance of endmember 1, 2, and 3, see Figure 8.4: (a)–(c). CSUnSAL, constrained SUnSAL;
FCLS, fully constrained least squares; NSCLS, normalized sum-to-one constrained least squares; MFCLS, modi�ed
fully constrained least squares; SCLS, sum-to-one constrained least squares.

for endmember 1, 0.9 for endmember 2, and 64.6 for endmember 3) at maximum noise level. SCLS, NSCLS,
NCLS, FCLS, MFCLS, and CSUnSAL gave the lowest RMSE (~0.20) for endmember 2 and SCLS, NSCLS,
FCLS, MFCLS, and CSUnSAL had the lowest RMSEs (~0.15) for endmember 3. To a certain noise level
(noise variance 32), all the algorithms are robust, however as noise increases in the data, they tend to
produce higher RMSEs. Figure 8.7 shows the plot of ps for the various constrained algorithms against
di�erent noise variance levels. Up to noise variance 16, all the algorithms have ps = 1, beyond which it
gradually decreases with least for CSUnSAL TV (0.46) for which the quanti�cation results were worse and
highest (0.92) for SCLS, NSCLS, FCLS, MFCLS, and CSUnSAL.

Figure 8.8 shows the execution time taken by each of the algorithms for unmixing computer-simulated
data for di�erent levels of noise. From the �gure, it is obvious that MTMF took maximum time for exe-
cution followed by CEM and MF. MTMF performs MNF transformation of the original data followed by
unmixing of pixels, background suppression, and then rejection of false positives, so it is more time inten-
sive. SUnSAL and NCLS took comparable time; the complexity of SUnSAL is O(P2) per iteration [59], and
CSUnSAL was found to be slower than SUnSAL, which also has complexity O(P2) per iteration where P is
the total number of pixels. SUnSAL TV and CSUnSAL TV have complexity O(M2P)+ (MP logP), where
M is the number of bands [64] and were slower than SUnSAL. The least squares algorithms (UCLS, SCLS,
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TABLE 8.5 Minimum and Maximum Values of the Abundance Maps Corresponding to the Three Endmembers (E1,
E2, and E3) for Noise Variance 0 and 256 for the Di�erent Constrained Algorithms

Algorithm Minimum Maximum
E1 E2 E3 E1 E2 E3

Synthetic Abundance 0 0 0 0.9986 0.9998 0.9978

Noise σ2= 0

SCLS −0.0001 −0.0001 −0.0001 0.9986 0.9999 0.9978
NSCLS 0 0 0 0.9986 0.9998 0.9978
NCLS 0 0 0 0.9986 0.9998 0.9976
NNCLS 0 0 0 1 1 0.9978
FCLS 0 0 0 0.9986 0.9998 0.9978
MFCLS 0 0 0 0.9986 0.9998 0.9978
CSUnSAL 0 0 0 0.9986 0.9998 0.9978
CSUnSAL TV −0.0001 −0 −0.0037 0.9986 0.9998 0.9976

Noise σ2= 256

SCLS −0.0939 −0.1992 −0.1593 1.0684 1.151 1.0082
NSCLS 0 0 0 1 1 0.9869
NCLS 0 0 0 1.0506 1.0981 6.2925
NNCLS 0 0 0 1 1 1
FCLS 0 0 0 1.0212 1.0148 0.9904
MFCLS 0 0 0 1 1 0.9904
CSUnSAL 0 0 0 1.0023 1 0.9904
CSUnSAL TV −4.2388 −12.6954 −153.6288 14.0283 11.1965 430.5271

NSCLS, NCLS, NNCLS, FCLS, and MFCLS) took close to average execution time of all the algorithms for
di�erent noise levels. UCLS and SCLS took least time per execution among all.

Considering the various measures of performance discriminators in the above analysis, it was found
that overall, FCLS had the highest accuracy among the constrained algorithms followed by SCLS/NSCLS
with lower accuracy marginally, and MFCLS/CSUnSAL with slightly lower accuracy in third position
in the absence and presence of noise with computer-simulated data. NCLS, NNCLS, and CSUnSAL TV
performed worst among all, with poor accuracy measures.

The e�ect of noise induced in the data on the output of UCLS and FCLS algorithms was analyzed that
had superior performance among the unconstrained and constrained algorithms. Figure 8.9 shows box-
plot of the distribution of synthetic true abundance (represented as Syn_abn in Figure 8.9) and estimated
abundance obtained from UCLS and FCLS for endmember 1, 2, and 3.

It highlights that the abundance maps of endmember 1 has a distribution symmetric about its median,
whereas abundance map 2 is right skewed, that is, most of the abundances are toward higher side (~0.9)
and abundance map 3 is le� skewed. Both abundance map 1 and 3 have outliers. The boxplot also reveals
that abundance map 1 and 3 have maximum pixels with lesser abundances (between 0 and 0.2) and fewer
pixels with abundance between 0.8 and 1. Spatially, endmember 2 is most dominant in the scene than
the other two endmembers. However, the boxplot does not show signi�cant di�erence between the abun-
dances obtained from UCLS and FCLS. When noise was added to the data, the abundance distribution
changed. Figure 8.10 shows the e�ect of noise on FCLS output for the three endmembers. The whiskers of
the boxplots increase monotonically as the variance in the noise increase from 2 toward 256. The outlier
for endmembers 1 and 3 increase drastically as maximum noise variance is reached. The pattern and dis-
tribution of the abundance maps obtained from the di�erent algorithms with di�erent levels of noise for
all the endmembers were similar to Figure 8.4 (abundance maps without noise) and Figure 8.5.
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FIGURE 8.6 (See color insert.) Pearson product–moment correlation coe�cient (cc on Y-axis) and RMSE
(secondary Y-axis) between abundance values obtained from the eight constrained algorithms and true abundances at
di�erent levels of noise. (X-axis: Noise variance.) NCLS, nonnegative constrained least squares; NNCLS, normalized
nonnegative constrained least squares; RMSE, root mean square error.
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FIGURE 8.8 Time taken by algorithms for unmixing data of di�erent noise levels. CEM, constrained energy
minimization; MF, matched �ltering; UCLS, unconstrained least squares.

Figure 8.11 shows BDFs of abundance estimated from FCLS against synthetic true abundance for
endmember 1 for noise variance 0, 4, 16, 64, 128, and 256.

The points from the true abundance versus estimated abundance from FCLS fell almost in a 1:1 line for
all the three endmembers for data without noise (noise variance = 0). It is clear that as the noise increases,
the point fall away from the 1:1 line and for noise with variance 128 and 256, most of the points do not lie
on the straight diagonal line; they tend to diverge. It indicates that as noise increases, the estimated abun-
dance tends to deviate from the real abundance and the algorithms wrongly predict the class proportions.
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The same trend was observed with all the endmembers and algorithms, for which the BDFs were worse
than FCLS. In Section 8.7.2, we discuss implementation of the algorithms on real-world data of di�erent
landscapes.

8.7.2 Landsat Data—An Agricultural Setup

Each of the 11 atmospherically corrected Landsat scenes was unmixed using the six unconstrained algo-
rithms and eight constrained algorithms to obtain the abundance estimates within each pixel. Visually,
the results obtained for each scene from the di�erent algorithms were identical. Figure 8.12 shows sample
estimated abundance maps from one of the Landsat scenes for S, V, and D classes obtained from the FCLS
algorithm.

For each scene, the proportions of vegetation fraction in the image were compared with the ground
observations. Figure 8.13 shows scatter plots of the real/true vegetation fractions against estimated abun-
dances along with the regression line and R2 values for UCLS, SUnSAL, FCLS, and MFCLS. Among the
unconstrained algorithms, the mean absolute error (MAE) of vegetation fraction for UCLS, SUnSAL, and
SUnSAL TV was 0.08, MF was 0.22, MTMF was 0.67, and CEM was 0.11. The cc (statistically signi�cant
at 0.99 con�dence level, p-value <2.2e−16) between fractions of vegetation ground polygons to the fraction
abundance estimates for UCLS, MF, SUnSAL, and SUnSAL TV was 0.98, MTMF was 0.57, and CEM was
0.96. UCLS, SUnSAL, and SUNSAL TV gave similar results with MAE close to 8%.

The constrained algorithms, SCLS, NSCLS, NCLS, FCLS, MFCLS, and CSUnSAL had an MAE of 0.08,
NNCLS of 0.15, and CSUnSAL TV had an MAE of 0.29. The cc (statistically signi�cant at 0.99 con�dence
level, p-value <2.2e−16) between fractions of vegetation ground polygons and fraction estimates from SCLS,
NSCLS, NCLS, FCLS, MFCLS, and CSUnSAL was 0.98, NNCLS was 0.82, and CSUnSAL TV was 0.21.
SCLS, NSCLS, NCLS, FCLS, MFCLS, and CSUnSAL gave identical results with an MAE of 8%. Although,
MF has a high cc (0.98), its MAE was also high (0.22) when compared to UCLS, SUnSAL and SUnSAL
TV. On the other hand, CSUnSAL TV had a low cc (0.21) and a high MAE (0.29), indicating that two
di�erent error distributions can have dissimilar range, yet they can have similar means. This is the reason
for similar MAEs of MF and CSUnSAL TV with di�erent ccs when compared to the ground vegetation
fractions. However, it is to be noted that at a higher decimal order in MAE, MFCLS, FCLS, and CSUnSAL
were more accurate than the other methods.

A comparison of the satellite derived vegetation fraction with ground measurements showed that three
unconstrained and six constrained mixture models provided a reasonably accurate direct estimation of
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FIGURE 8.10 Boxplots of abundance maps obtained from FCLS with di�erent levels of noise (2, 4, 8, 16, 32, 64, 128,
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fractional cover from Landsat data in the context of this study. This indicates that the mixture models were
able to accurately reproduce the proportions of S-V-D endmembers in the 11 scenes under investigation.

On an average in ascending order, UCLS took 52 seconds, CEM—166 seconds, MF—190 seconds,
MTMF—318 seconds (20 seconds for MNF transformation of the bands and 298 seconds for algorithm
execution), SUnSAL—7200 seconds (approximately), SUnSAL TV —118,800 seconds (approximately) for
unmixing each scene of Landsat with approximately 7321 rows and 8367 columns. Among the constrained
algorithms, SCLS took 66 seconds, MFCLS—147 seconds, NSCLS—201 seconds, NCLS—997 seconds,
NNCLS—1053 seconds, FCLS—1215 seconds, CSUnSAL—7200 seconds (approximately), and CSUnSAL
TV—118,800 seconds (approximately) to process each Landsat scene. An important point to highlight here
is that although SUnSAL, SUnSAL TV, and CSUnSAL gave higher accuracies, they took highest execution
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FIGURE 8.11 BDFs of true synthetic abundance against abundance obtained from FCLS for endmember 1 for noise
variance 0, 4, 16, 64, 128, and 256. BDF, bivariate distribution function.

time: SUnSAL/CSUnSAL took nearly 2 hours/scene (22 hours for entire Landsat data with 11 scenes), and
SUnSAL TV took 33 hours/scene (363 hours for entire Landsat data). Nevertheless, though time exhaustive,
CSUnSAL TV did not produce satisfactory results with Landsat data.

8.7.3 Landsat Data—An Urban Setup

Urban areas are currently among the most rapidly changing LC types and the loci of human population
activity and are therefore sites of signi�cant natural resource transformation [76]. Usually, urban areas
have more heterogeneity with contrasting features and variability compared to other LC classes. Urban
environments are particularly di�cult to model because of considerable spectral variation and deriving



Unmixing Algorithms 159

Substrate (S) Vegetation (V) Dark objects (D)
0 1

FIGURE 8.12 Abundance maps obtained from FCLS for S-V-D classes. In the legend, 0 (black) indicates absence of
a particular class and 1 (white) indicates full presence of that class in a pixel. Intermediate values of the shades of gray
represent mixture of more than one class in a pixel.
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FIGURE 8.13 Scatter plots of vegetation fraction at each of the sampled locations and regression lines of ground
estimated (real abundance) versus estimated abundance from UCLS, SUnSAL, FCLS, and MFCLS.

accurate, quantitative measures over urban regions remains a fundamental research challenge due to the
great spatial and spectral variability of the materials [77–79].

As discussed earlier, characteristics of the WV-2 mixing space are similar to the Landsat mixing space.
Therefore, a pair of coincident Landsat and WV-2 data of San Francisco was unmixed using the same
set of global endmembers (S-V-D) to study the performance of the algorithms (Figure 8.14). WV-2 data
were unmixed using FCLS, since FCLS was robust against noise with the synthetic data and was among the
techniques that gave superior performance in the Landsat data analysis of the agricultural setup. Moreover,
its time complexity is reasonable for unmixing, so it emerged as a natural choice.

Figure 8.15 shows the estimated abundance fraction corresponding directly to the gray scale values for
each image from Landsat and WV-2 for S-V-D classes. The Landsat fraction estimates are validated by
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FIGURE 8.14 FCC of San Francisco area in Landsat and WV-2 resolution.
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FIGURE 8.15 Endmember fractions of S-V-D from the Landsat data (�rst row) and WV-2 endmember fractions of
S-V-D (second row) from FCLS. In the legend, 0 (black) indicates absence of a particular class and 1 (white) indicates
full presence of that class in a pixel. Intermediate values of the shades of gray represent mixture of more than one class
in a pixel.

quantifying the degree of correspondence to S, V, and D fraction estimates derived from WV-2 multispec-
tral imagery. A high-resolution WV-2 imagery allows imaging the individual components of the urban
area at a signi�cantly higher resolution than the 30 m imagery. As it is evident from Figure 8.16, buildings,
sidewalks, streets, and trees can be easily identi�ed in WV-2 FCC. The 2 m resolution is adequate to capture
small to medium sized buildings and small streets. This is expected as the higher spatial resolution results
in less mixing between individual components of urban scenario such as roofs, streets, trees, pavements,
etc. than at 30 m spatial resolution. At 30 m resolution, each 2 m WV-2 pixel is even less than 0.5% of
the area within the 30 m full width half maximum of Landsat point spread function. The validity of using
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Validation site: Landsat FCC WV2 FCC

FIGURE 8.16 FCC of validation site near Golden Gate bridge, San Francisco at 30 m (Landsat) and 2 m (WV-2)
spatial resolution.

high-resolution fraction abundance maps to assess a moderate resolution fraction depends on whether
there is a consistent bias in the mixture model that corrupts both the Landsat and WV-2 estimates in a
consistent fashion and consistently erroneous [80]. A subset of the scene having mix of buildings, shadows
of buildings, streets, trees, and parks were taken in the two data sets (Landsat and WV-2) for pixel-to-pixel
comparison as shown in Figure 8.16.

The Landsat S-V-D fraction estimates were directly compared to WV-2 S-V-D estimates. Here, the sam-
pling operation was duplicated that occurred in the Landsat sensor as per Small and Lu [80]. The 2 m WV-2
fractions were convolved with a Gaussian low-pass �lter having 30 m full width half maximum, with the
point spread function of the Landsat sensor and resampled to 30 m. Convolution followed by resampling of
the high-resolution data to 30 m resolution allows assessing the geo-correction and comparison of the two
data sets. Coordinate comparison of the high- and low-resolution data sets at many random pixels corre-
sponding to same spatial location did not reveal any systematic image registration error. The WV-2 S-V-D
fractions were then compared to Landsat S-V-D fractions through the MAE and cc for each abundance
map.

Among the unconstrained algorithms, MAEs of S, V, and D fractions for UCLS, SUnSAL, and SUnSAL
TV was 0.11, 0.07, and 1.99. MF and MTMF had MAE of 0.29 (S), 0.08 (V), and 0.49 (D) and CEM had
MAE of 0.29 (S), 0.08 (V), and 0.96 (D). UCLS, SUnSAL, and SUnSAL TV had ccs (statistically signi�cant
at 0.99 con�dence level, p-value <2.2e−16) 0.86 for S, 0.88 for V, and −0.03 for D classes. Note that the
third endmember (D) has not been classi�ed properly with the unconstrained algorithms. The minimum
and maximum abundance values for the third endmember (D) from UCLS was (−20.7, 57.2), and from
SUnSAL and SUnSAL TV were (−20, 57). MF, MTMF, and CEM had a lower cc compared to the other
unconstrained algorithms. Figure 8.17 shows scatter plots of the S, V, and D fractions of the true (WV-2)
abundances against the estimated abundances along with the regression line and R2 values for UCLS and
SUnSAL. UCLS, SUnSAL, and SUNSAL TV gave similar results with the MAEs close to 11% for S and 7%
for V and D classes.

For the constrained algorithms, minimum and maximum abundance values were almost between 0
and 1. SCLS, NSCLS, FCLS, MFCLS, and CSUnSAL had MAE of 0.09 (for S), 0.06 (for V), and 0.06
(for D); other algorithms had higher MAEs. The cc (statistically signi�cant at 0.99 con�dence level, p-
value <2.2e−16) between true fractions (of S, V, and D) and estimated fractions from SCLS, NSCLS, FCLS,
MFCLS, and CSUnSAL were 0.87, 0.88, and 0.63; other algorithms had lower cc values. Figure 8.18 shows
scatter plots of the S, V, and D fractions of the true (WV-2) abundances against the estimated abundances
along with the regression line and R2 values for FCLS and CSUnSAL. SCLS, NSCLS, FCLS, MFCLS, and
CSUnSAL gave similar results with average MAEs of 9% for S and 6% for V and D classes.

Chronologically, UCLS took 65 seconds, CEM and MF—157 seconds, MTMF—586 seconds (30 seconds
for MNF transformation of the data and 286 seconds for algorithm execution), SUnSAL—7200 seconds
(approximately), SUnSAL TV—118,800 seconds (approximately) for unmixing Landsat scene of 7151 rows
and 8241 columns. Among the constrained algorithms, SCLS took 129 seconds, MFCLS—157 seconds,
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FIGURE 8.17 Scatter plots of S-V-D fractions from WV-2 and Landsat and regression lines of WV-2 estimate (real
abundance) versus estimated abundance from UCLS and SUnSAL.

0.1

0.5
0.4
0.3
0.2
0.1

0

0.6
Sy = 1.1739x – 0.1425

R2 = 0.75525

y = 1.5234x + 0.0031
R2 = 0.78215

y = 1.0166x + 0.0264
R2 = 0.40214

0.2 0.3Es
tim

at
ed

 ab
un

da
nc

e (
FC

LS
)

Es
tim

at
ed

 ab
un

da
nc

e (
FC

LS
)

Es
tim

at
ed

 ab
un

da
nc

e (
FC

LS
)

0.4 0.5 0.6 0.3 0.4 0.5 0.6 0.7 0.8
Real abundance (WV2) Real abundance (WV2) Real abundance (WV2)Real abundance (WV2)

V D

0.1

0.5
0.4
0.3
0.2
0.1

0

0.6
Sy = 1.1739x – 0.1425

R2 = 0.75525

0.2 0.3 0.4 0.5 0.6
Real abundance (WV2)

Es
tim

at
ed

 ab
un

da
nc

e (
CS

Un
SA

L)

Es
tim

at
ed

 ab
un

da
nc

e (
CS

Un
SA

L)

0 0.1 0.2 0.3 0.4 0.5 0.6

0.5
0.4
0.3
0.2

0.8
0.9

0

0.6
0.7

y = 1.5234x + 0.0031
R2 = 0.78215

Real abundance (WV2)

V

0 0.2 0.4 0.6

0.5
0.4
0.3
0.2
0.1

0

0.6
0.7
0.8

y = 1.0166x + 0.0264
R2 = 0.40218

Es
tim

at
ed

 ab
un

da
nc

e (
CS

Un
SA

L)

0.3 0.4 0.5 0.6 0.7 0.8
Real abundance (WV2)

D

0.5
0.4
0.3
0.2

0.8
0.9

0.6
0.7

0.5
0.4
0.3
0.2
0.1

0.6
0.7

FIGURE 8.18 Scatter plots of S-V-D fractions from WV-2 and Landsat TM and regression lines of WV-2 estimate
(real abundance) versus estimated abundance from FCLS and CSUnSAL.

NSCLS—204 seconds, NCLS—977 seconds, NNCLS—1023 seconds, FCLS—1155 seconds, CSUnSAL—
7200 seconds (approximately) and CSUnSAL TV—118,800 seconds (approximately) to unmix the Landsat
TM data. The SUnSAL family of algorithms was most time exhaustive, although CSUnSAL TV did not
produce reasonable results.

8.8 Discussion

Over the past years, many algorithms have been developed for unmixing mixed pixels. In particular, linear
spectral unmixing analysis has been widely used for multispectral and hyperspectral image classi�cation
as well as for subpixel target detection [81]. The main assumption is that mixed pixels can be expressed in
the form of linear combinations of a set of pure pixels (endmembers), which are known in advance, either
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from an endmember library or extracted from the image itself. In this chapter, we assessed the techniques
developed for spectral unmixing—six unconstrained and eight constrained algorithms. The ultimate goal
was to analyze the potential of various unmixing algorithms in solving the spectral unmixing problem.

Several unmixing experiments based on computer-simulated data with di�erent levels of noise, 11
Landsat-5 scenes of an agricultural landscape and a Landsat TM data of an urban setup were performed to
compare the accuracies and the computational costs of these methods with a set of three global endmem-
bers (S, V, and D). The abundance maps obtained through unmixing temporal 11 Landsat scenes were
validated through ground fractional vegetation cover obtained from the �eld on the same day as that of the
satellite pass, and the urban Landsat fraction estimates were assessed by comparing them to high-resolution
unmixed abundance maps. Quality of the results were assessed through several indicators—descriptive
statistics, cc, RMSE, ps, boxplot, BDF, MAE between the true abundance and the estimated abundance
maps, and execution time. These assessments were an attempt to validate abundance maps produced by
spectral unmixing algorithms in an independent and quantitative manner. The results obtained from most
of these methods were quite accurate and promising. This chapter reinforces the universal agreement that
pixel unmixing enables a better estimation of the LC proportion than per-pixel classi�cation.

Although adequate measures were taken, there could be e�ect of a few factors contributing to the errors
in abundance estimates from the images. For the Fresno area, the acquisitions were taken during clear sky
conditions (except for 3 days) and they also coincided with the approximate time of the satellite overpass
that took into account the illumination e�ect. The images were corrected to surface re�ectance to curtail
the e�ect of atmospheric noise. To avoid the geolocation errors caused due to misregistration, atmospheric
e�ects, presence of background mixed with substrate, etc. a matrix of 3 × 3 pixels centered over the GPS
location was used. Thus, estimates of ground fractional cover from the two to four digital photographs well
represented the �eld conditions within the Landsat IFOV of the 3 × 3 pixels window to which they were
compared. Nevertheless, since fraction estimates from digital images were based on image segmentation
and thresholding identi�ed from distribution of camera pixels, there could be issues while resolving the
ground cover estimates with the mixture model outputs. However, the image derived fraction estimates
from the di�erent mixture model algorithms closely matched the ground observations on sparse vegetation
conditions, appreciating the fact that vegetation fraction from the image is modeled only for the portion
that is illuminated by sunlight and the shaded portions of the canopy are likely to be assigned to the dark
fractions.

Given that the dark fraction class represents an endmember, they do not represent a unique set of materi-
als [82], because they may correspond to absorbing surfaces as well as nonilluminated surfaces such as clear
and deep or turbid water bodies, which transmit and absorb, respectively, nearly all the radiation falling
on it. Some dark component is also present in most substrates in the form of humic materials, tars, dark
rocks, soil moisture, etc. In the image, they are present in the form of shadows falling over substrates (soils
or rocks) caused by topography, vegetation, canopy roughness with leaves shading other leaves, infras-
tructure materials, etc., o�en responsible for variations in the substrate albedo. The algorithms with the
available global endmembers accounted for the variance in the soil by substrate and dark object fractions,
given the fact that crop conditions were overall very uniform.

For the San Francisco area, most of the urban pixels were either mixed with vegetation (urban forest),
roads, shadows, or appear like dark objects because of the di�erent materials used in construction of the ter-
race as shown in Figure 8.2 (inset). Nevertheless, this study shows that urban re�ectance can be accurately
modeled with a three-endmember mixture model using Landsat and WV-2 data. Error in San Francisco
Landsat data fraction estimation could be either due to error in estimates from di�erent algorithms or geo-
registration or both. S-V-D model represented the land surface as independent constituents with di�erent
landscape properties such as vegetation and urban. It characterized the fraction of illuminated vegetation,
substrate or impervious materials and the shadowed or nonre�ective surfaces such as water, roo�ng tar, etc.
High substrate fractions are rational estimates of the impervious surface in developed land in temperate
and tropical regions as pervious surfaces are mostly covered by some kind of vegetation and exposed sub-
strate are most likely impervious. Sometimes, if both pervious and impervious surfaces are exposed and
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illuminated, then this leads to ambiguity; a problematic classi�cation in arid and semiarid regions. Small
and Lu [80] argue to use vegetation fraction as a proxy for fractional pervious surface because vegetation
cannot thrive on impervious surface, so presence of vegetation implies presence of some amount of per-
vious surface. Therefore, using detectable vegetation as an indicator of permeable surface can account for
the range of natural and built surfaces.

The mixed pixel classi�cation problem is unconstrained without ANC and ASC imposed on the abun-
dance fractions. In such cases, the estimate is used for target detection, discrimination and classi�cation,
but not for target quanti�cation [21]. UCLS does not impose any constraints on the abundance vector. So, it
may not provide accurate estimates of the abundance fractions and only o�ers an unconstrained solution.
However, it gave reasonably good unmixing results in this study among the unconstrained algorithms. MF
uses the covariance matrix of the scene to model the spectral variability of the background. A known target
spectrum is projected onto the generalized inverse of the background covariance matrix to derive the MF
projection vector. However, false positives are common to MF where materials may be randomly matched
if they are rare in a pixel (thus not contributing to the background covariance) because the technique is not
subject to the nonnegative and sum-to-one constraints inherent to spectral signals within bounded image
pixels [40] and the rare classes do not contribute signi�cantly to the background covariance calculation;
thus, they are not nulled properly by the MF method [49]. Systems with low spectral contrast [83] may have
increased potential for spectral confusion, which in turn would have introduced irregularity in output MF
scores in this study, possibly resulting in MF scores greater than one. These high MF scores are an artifact
of class variability and occur as unique mixtures of background materials that falsely represent the class
spectra [48].

In MTMF, the units of MNF-space are expressed with respect to noise standard deviations. Therefore, the
closeness of a pixel’s actual location to its projected location is expressed in term of its spectral variance from
the target class. Pixels that have high proportion of target class component have low variance because the
target class dominates their spectral characteristics. Therefore, measures of data variance are standardized
based on estimates of mixing feasibility [48]. MTMF preserves the ease of calculation of MF and allows for
enhanced target class selectivity, excelling at accurate mapping of extremely small subpixel targets with very
low false alarm rates [49] and is speci�cally very useful for detection and discrimination among multiple
rare target classes with low spectral contrast between targets and the background. MTMF ranked high in
the synthetic data analysis because it had a consistent performance in class detection throughout various
noise levels.

Sometimes, when signatures of all the classes are not available, the unidenti�ed sources may include
interferes, for which signatures are not easily detectable. In such cases, a well-represented target class sig-
nature is not realistic and algorithms like CEM constrain the target of interest while minimizing the energy
of unknown signal sources [21]. CEM is considered to be a target detector but may not necessarily imply
that it can also classify the target it detected. Here, the detection rate could be quiet high and the classi�-
cation could be very low. CEM has a disadvantage that it can only detect one target class at a time and is
sensitive to the target knowledge that is used in the constraint. It minimizes the interfering e�ects but does
not eliminate undesired targets, so does not achieve its optimal performance. Ideally, a detection model
should detect the desired targets, annihilate the undesired targets, and minimize the interfering e�ects,
which is possible through target-constrained interference-minimized �lter (TCIMF) [84]. If there is spec-
tral variability and noise, CEM �lter may miss these targets and give unsatisfactory output. In this study,
CEM has overestimated the abundances. Harsanyi and Chang [42] described CEM and MF to be identical.
It has also been referred to as an optimal linear detection method for locating a known signature in the
presence of a mixed and unknown background [49].

Unconstrained solutions so far have been used for quanti�cation of classes present in a pixel, but the esti-
mated abundance fractions are not accurate. Subsequently, these abundance estimates do not indicate the
corresponding true abundance. It is important to state that for many target detection applications, where
high error in the accuracy of the estimated fraction of target class abundance is tolerable, unconstrained
algorithms are preferred. To the extent that the estimated abundance from unconstrained algorithms are
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helpful to discriminate and detect objects from the background, the unconstrained algorithms are useful
without ANC and ASC. It is o�en the case that in target detection applications, fully constrained solutions
are not as e�cient as unconstrained or partially constrained solutions since the fractional abundance range
between 0 and 1 con�nes the target detection solution.

On the other hand, among the constrained algorithms, SCLS imposes ASC on the abundance fractions
with no ANCs. It minimizes the observation error subject to the constraint that sum of abundances add
to one at every pixel. Therefore, actually it is possible that abundance may be greater than one for an end-
member and negative for other endmembers, in order to equate the sum of the abundances to one. The
ASC in SCLS is sometimes a disadvantage and the algorithm performs unsatisfactorily in object detection
in a scene with interferers, while trying to constrain the solution. The situation worsens when many target
signatures are present in the image with complicated image background. This is avoided by either normal-
izing the abundance values through NSCLS or by imposing ANC through NCLS (via NNLS algorithm).
NCLS ensures the abundance fractions of the target signature to be nonnegative, but discards the ASC.
As a result, both methods without either ANC or ASC are not able to estimate target abundance fractions
accurately. To this end, it is justi�able to say that the estimated abundance fractions with either ANC or
ASC are more accurate than the unconstrained methods and can also be used for target detection. Chang
[21] argued that since abundance maps obtained from SCLS sum to one, the magnitude of the abundance
fractions are generally small so that ASC is satis�ed, and this is especially true when many classes of similar
spectra are present in a scene reducing the target detectability. NCLS being unrestricted from ASC, assigns
any abundance value, enhancing the target detectability, despite the point that it may not re�ect accurate
abundance fraction. In such target detection applications, NCLS is preferred over SCLS. In fact, both SCLS
and NCLS are considered to render partially constrained solutions.

ANC and ASC can be imposed simultaneously through the FCLS or MFCLS approaches. FCLS makes
use of a numerical algorithm based on a least squares approach [85] for optimal solutions. MFCLS modi�es
the fully constrained linear mixing problem by replacing ANC with absolute ASC (AASC), which replaces
ANC in FCLS, while still implementing ASC. It converts a set of inequality constraints to an equality con-
straint so that a closed form solution can be found through Lagrangian multiplier. Both FCLS and MFCLS
use SCLS to obtain a fully constrained solution [21]. The FCLS and MFCLS algorithms used here have
higher accuracy among all the algorithms assessed, and MFCLS is also computationally e�cient. The FCLS
algorithm presented here has slightly higher time complexity since it is computationally iterative in nature.

A more e�cient FCLS algorithm has been proposed [86] that used fast NNLS algorithm [87,88]and was
computationally e�cient than the NNLS algorithm in Lawson and Hanson [66] but its implementation is
not discussed here. An application of FCLS to large-scale machine learning with the global endmembers
is demonstrated below. FCLS was used for continental unmixing of monthly web-enabled Landsat data
(WELD) to study the changes in vegetation and urban areas. Figure 8.19 shows unmixed maps of S-V-D
classes for North America (mosaicked with 1673 Landsat scenes of August 2009) obtained from the FCLS
algorithm at the NEX, generated in 12 minutes, 41 seconds with 10 nodes and 20 CPUs. These unmixed
maps can be used for wetlands delineation, urban growth studies, forest cover mapping, mineral mapping,
urban vegetation estimation, etc.

Constrained algorithms are better than unconstrained algorithms in target abundance estimation
because they enforce the fractions to be nonnegative and sum-to-one, which is a more practical way of
looking and interpreting the LC proportions, as one does not expect to have minus 10% water class in a
pixel or 125% of water+ park+ building classes added together in a pixel, which are obviously meaningless
and di�cult to interpret.

Sparse unmixing problems are o�en nonconvex optimization formulations and thus, very di�cult to
solve. Sparse unmixing techniques convert them to a sequence of simpler ones that are convex optimization
problems with su�cient conditions for convergence. Sparse techniques are meant to look fundamentally
for the endmembers in a spectral library containing spectra of many materials, with only a few of them
present in a pixel, that is, the vector of fractional abundances is sparse and enforce the sparsity of the
solution explicitly [60]. However, sparse unmixing techniques demonstrated better performance in this
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FIGURE 8.19 Abundance maps of substrate, vegetation, and dark objects classes for North America.

study even when the number of endmembers were low, which is o�en the case and realistic in practice. In
the absence of spectral library, these techniques can also be used with image-derived endmembers. SUn-
SAL TV accounted for the spatial contextual information while solving the unmixing problem. SUnSAL,
SUnSAL TV, CSUnSAL, and CSUnSAL TV programs in MATLABⓇ were time in-depth. Their equivalent
C or C++ code could decrease the execution time. New directions in sparse unmixing such as subspace
matching pursuit, structured sparse unmixing, and their applications can be referred in Shi et al. [89,90]
and Zhu et al. [91].

The experimental results conducted with both computer-simulated and real data sets are encouraging
and the outcomes suggest that among the unconstrained algorithms, UCLS followed by MTMF, MF, and
then SUnSAL, SUnSAL TV performed best in decreasing order. UCLS, SUnSAL, and SUnSAL TV per-
formed equally well on Landsat data from both an agricultural and urban landscape. However, SUnSAL
and SUnSAL TV have very high time complexity making them slower. Additionally, some more exper-
iments of object/target class detection are required to come to a strong conclusion about unconstrained
algorithms, as they are more suitable for applications where target class detection is required rather than
target class quanti�cation. For the constrained algorithms, MFCLS, FCLS, CSUnSAL, SCLS, and NSCLS
had equally high performance in terms of accuracy for computer-simulated and Landsat data unmixing. In
spite of the good performance, it is evident that SCLS can also generate negative abundance values; NSCLS
is no longer an optimal solution as it is a normalized value of the SCLS solution, and CSUnSAL has high
execution time, so MFCLS and FCLS have advantage over these methods.
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Although the mixture models evaluated here di�er from one another, a close observation reveals certain
speci�c similarities between them. All the models have a common objective that is accurate estimation of
subpixel LC proportion. The purpose of this study was to examine how well the models perform toward
achieving this objective and their impact on Landsat data processing. The mixed pixel classi�cation prob-
lem was analyzed in the absence and presence of constraints on the abundances. Comparing one relative to
another has been very challenging due to lack of standardized data and no de�ned rules to compare algo-
rithms. Another di�culty arises from the fact that there are no rigorous criteria to substantiate an algorithm
[92]. From the results, it is di�cult to suggest the best algorithm for unmixing di�erent data sets pertain-
ing to various landscapes. Fortunately, owing to the consistency in the accuracy estimation procedures and
standards, this study gives a clear vision of the accuracies of the di�erent algorithms and overall, UCLS,
SUnSAL, and SUnSAL TV models proved to �t the data very well, superior than other unconstrained algo-
rithms. FCLS, MFCLS, CSUnSAL, SCLS, and NSCLS were robust with superior performance than other
constrained algorithms. The outcome of this study clearly indicates that the large repository of Landsat data
can be used to quickly assess state and distribution of S-V-D classes. Mapping of time series S-V-D classes
can be used as a periodic investigation tool, which could be valuable information for planning and can
be used for physical process models requiring biophysical responses such as S-V-D abundances. Despite
our e�ort to conduct comprehensive and rigorous comparative analysis of various unmixing algorithms,
completion is not claimed. A few target detection and unmixing algorithms such as unmixing by simplex
projection [93], collaborative sparse unmixing [94], unmixing based on distance geometry model [95],
and normal composite model-based unmixing [96] have been proposed in the recent literatures which
are the areas of future directions in this domain. Accounting endmember variability [97,98] is beyond the
scope of this work, and this study shows that it is reasonable and pragmatic to use a global spectral library
based on the most representative endmembers of each category to obtain very accurate unmixing results.
Global endmembers have diverse applications in continental to global LC mapping where local endmem-
bers restricted to a particular geographical location may not be easily available. An endmember that is the
most representative of its class, in this case of endmember selection, has captured the LC with distinct spec-
tra that occupy smaller areas within the scene. At the same time, it is acknowledged that fractional errors
can occur occasionally either when too few endmembers are used [99], resulting in spectral information
that cannot be accounted for by the existing endmembers, or too many, in which case minor departures
between measured and modeled spectra are o�en assigned to an endmember that is used in the model, but
not actually present.

8.9 Conclusion

So� classi�cation analyses have attracted considerable attention as a means of solving the mixed pixel
problem that is o�en encountered in remote sensing (RS) applications. The exploitation of LMMs has
nurtured a plethora of unmixing algorithms that can be used to estimate the fractions of classes of interest,
which may be part of a pixel or smaller than the pixel’s spatial resolution in RS data with numerous spectral
bands. The exact nature of the unmixing results depends on the classi�cation algorithm and endmember
de�nitions.

In this chapter, survey, de�nition, and analysis of the state-of-the-art unmixing algorithms were pre-
sented for subpixel classi�cation. ANC and ASC were imposed on the abundance fractions. The algorithms
were tested on computer-simulated data with di�erent levels of noise, 11 Landsat scenes of an agricultural
landscape, and a Landsat data of an urban setup. These approaches were compared for accuracies in both
a quantitative and qualitative manner along with the computational costs of these methods with a set of
three global endmembers. It was observed that the areas with high fractional abundance of the considered
endmember are well delineated while mixed regions with low abundance are more homogeneous. The
abundance maps obtained from both unconstrained and constrained algorithms have spatial consistency
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with good accuracy in the spatial distribution of the classes. The outcomes of this study based on the quan-
titative and intercomparative assessment of the algorithms reveal a strong conclusion that the constrained
algorithms could adequately model the data for unmixing better than the unconstrained unmixing algo-
rithms. The compendium of unmixing algorithms dealt here highlight the increasing complexity of diverse
disciplines such as image and signal analysis, algebra, statistics, computer graphics, models, and the need
for development of advanced algorithms for large-scale machine learning.

Acknowledgments
We are grateful to NASA Ames Research Center for providing the RS data, computational facilities, and
infrastructural support to carry out the analysis. We thank Oak Ridge Associated Universities (ORAU)
for funding this research as part of the NASA Postdoctoral Program (NPP). We acknowledge Jose M.
Bioucas-Dias, Instituto de Telecomunicações, Instituto Superior Técnico, Portugal for providing the sparse
unmixing codes.

References

1. Crósta, A. P. and Moore, J. M., 1989, Geological mapping using Landsat Thematic Mapper
imagery in Almeria Province, south-east Spain. International Journal of Remote Sensing, vol. 10(3),
pp. 505–514.

2. Kenea, N. H., 1997, Improved geological mapping using Landsat TM data, Southern Red Sea Hills,
Sudan: PC and IHS decorrelation stretching. International Journal of Remote Sensing, vol. 18(6),
pp. 1233–1244.

3. Baker, C., Lawrence, R., Montagne, C., and Patten, D., 2006, Mapping wetlands and ripar-
ian areas using Landsat ETM+ imagery and decision-tree based models. Wetlands, vol. 26(2),
pp. 465–474.

4. Lunetta, R. S. and Balogh, M. E., 1999, Application of multi-temporal Landsat 5 TM imagery for
wetland identi�cation. Photogrammetric Engineering & Remote Sensing, vol. 65(11), pp. 1303–1310.

5. Huang, C., Peng, Y., Lang, M., Yeo, I., and McCarty, G., 2014, Wetland inundation mapping and
change monitoring using Landsat and airborne LiDAR data. Remote Sensing of Environment, vol.
141, pp. 231–242.

6. Lobell, D. B. and Asner, G. P., 2004, Cropland distributions from temporal unmixing of MODIS
data. Remote Sensing of Environment, vol. 93, pp. 412–422.

7. Pacheco, A. and McNairn, H., 2010, Evaluating multispectral remote sensing and spectral unmixing
analysis for crop residue mapping. Remote Sensing of Environment, vol. 114, pp. 2219–2228.

8. Hostert, P., Roder, A., and Hill, J., 2003, Coupling spectral unmixing and trend analysis for monitor-
ing of long-term vegetation dynamics in Mediterranean rangelands. Remote Sensing of Environment,
vol. 87, pp. 183–197.

9. DeFries, R., Hansen, M., Steiinger, M., Dubayah, R., Sohlberg, R., and Townshend, J., 1997, Subpixel
forest cover in central Africa from multisensor, multitemporal data. Remote Sensing of Environment,
vol. 60, pp. 228–246.

10. Pu, R., Gong, P., Michishita, R., and Sasagawa, T., 2008, Spectral mixture analysis for mapping
abundance of urban surface components from the Terra/ASTER data. Remote Sensing of Environ-
ment, vol. 112, pp. 939–954.

11. Dópido, I., Villa, A., Plaza, A., and Gamba, P., 2011, A quantitative and comparative assessment of
unmixing-based feature extraction techniques for hyperspectral image classi�cation. IEEE Journal
of Selected Topics in Applied Earth Observations and Remote Sensing, vol. 5(2), pp. 421–435.

12. Turner II, B. L., Meyer, W. B., and Skole, D. L., 1994, Global land-use/land-cover change: Towards
an integrated study. Ambio, vol. 23(1), pp. 91–95.



Unmixing Algorithms 169

13. Pielke, R.A. Sr., 2001, Earth system modeling—An integrated assessment tool for environmen-
tal studies. In Present and Future of Modeling Global Environmental Change: Toward Integrated
Modeling, Matsuno, T. and Kida, H., (Eds.). Tokyo: Terra Scienti�c Publisher, pp. 311–337.

14. Collins, W. J., Bellouin, N., Doutriaux-Boucher, M., Gedney, N., Halloran, P., Hinton, T., Hughes,
J., Jones, C. D., Joshi, M., Liddicoat, S., Martin, G., O’Connor, F., Rae, J., Senior, C., Totterdell, I.,
Wiltshire, A., and Woodward, S., 2011, Development and evaluation of an Earth-system model–
HadGEM2. Geoscienti�c Model Development Discussion, vol. 4, pp. 997–1062.

15. Nemani, R., Votava, P., Michaelis, A., Metlon, F., and Milesi, C., 2011, Collaborative supercomputing
for global change science. EOS Transactions, vol. 92(13), pp. 109–116.

16. Yang, X. and Lo, C. P., 2002, Using a time series of satellite imagery to detect land use and land cover
changes in Atlanta, Georgia metropolitan area. International Journal of Remote Sensing, vol. 23(9),
pp. 1775–1798.

17. Liu, W. and Wu, E. Y., 2005, Comparison of non-linear mixture models: Sub-pixel classi�cation.
Remote Sensing of Environment, vol. 94, pp. 145–154.

18. Boardman, J. W., 1989, Inversion of imaging spectrometry data using singular value decomposition.
In Proceedings of the 12th Canadian Symposium on Remote Sensing with Geoscience and Remote
Sensing Symposium, IGARSS, Vancouver, Canada, IEEE, 10–14 July 1989, vol. 4, pp. 2069–2072.
doi:10.1109/IGARSS.1989.577779.

19. Ceamanos, X., Doute, S., Luo, B., Schmidt, F., Jouannic, G., and Chanussot, J., 2011, Intercomparison
and validation of techniques for spectral unmixing of hyperspectral images: A planetary case study.
IEEE Transactions on Geoscience and Remote Sensing, vol. 49(11), pp. 4341–4358.

20. Bioucas-Dias, J. M., Plaza, A., Dobigeon, N., Parente, M., Du, Q., Gader, P., and Chanussot, J., 2012,
Hyperspectral unmixing overview: Geometrical, statistical, and sparse regression-based approaches.
IEEE Journal of Selected Topics In Applied Earth Observations and Remote Sensing, vol. 5(2),
pp. 354–379.

21. Chang, C.-I., 2003, Hyperspectral Imaging Techniques for Spectral Detection and Classi�cation. New
York, NY: Kluwer Academic/Plenum Publishers, pp. 54.

22. Adams, J. B., Sabol, D. E., Kapos, V., Filho, R. A., Roberts, D. A., Smith, M. O., and Gillespie, A. R.,
1995, Classi�cation of multispectral images based on fractions of endmembers: Application to land
cover change in the Brazilian Amazon. Remote Sensing of Environment, vol. 52, pp. 137–154.

23. Kumar, U., Kerle, N., and Ramachandra T. V., 2008, Constrained linear spectral unmixing technique
for regional land cover mapping using MODIS data. In: Innovations and Advanced Techniques in
Systems, Computing Sciences and So�ware Engineering, Elleithy, K., (Ed.), Berlin: Springer. ISBN:
978-1-4020-8734-9. Paper 87. p. 9.

24. Foody, G. M. and Cox, D. P., 1994, Subpixel land cover composition estimation using a linear mix-
ture model and fuzzy membership functions. International Journal of Remote Sensing, vol. 15(3),
pp. 619–631.

25. Kanellopoulos, I., Var�s, A., Wilkinson, G. G., and Megier, J., 1992, Land-cover discrimination
in SPOT imagery by arti�cial neural network-a twenty class experiment. International Journal of
Remote Sensing, vol. 13(5), pp. 917–924.

26. Ju, J., Kolaczyk, E. D., and Gopal, S., 2003, Gaussian mixture discriminant analysis and sub-pixel
land cover characterization in remote sensing. Remote Sensing of Environment, vol. 84, pp. 550–560.

27. Olthof, I. and Fraser, R. H., 2007, Mapping northern land cover fractions using Landsat ETM+.
Remote Sensing of Environment, vol. 107, pp. 496–509.

28. Karoui, M. S., Deville, Y., Hosseini, S., and Ouamri, A., 2013, Blind unmixing of remote sensing data
with some pure pixels: Extension and comparison of spatial methods exploiting sparsity and non-
negativity properties. In Proceedings of the 8th International Workshop on Systems, Signal Processing
and Their Applications (WoSSPA), Algiers, Algeria, 12–15 May, pp. 42–49.

29. Kumar, U., Kumar Raja S., Mukhopadhyay, C., and Ramachandra T. V., 2012, A neural network
based hybrid mixture model to extract information from non-linear mixed pixels. Information, vol.
3(3), pp. 420–441.



170 Large-Scale Machine Learning in the Earth Sciences

30. Liu, W., and Wu, E. Y., 2005, Comparison of non-linear mixture models: Sub-pixel classi�cation.
Remote Sensing of Environment, vol. 94, pp. 145–154.

31. Ichoku, C. and Karnieli, A., 1996, A review of mixture modeling techniques for sub-pixel land cover
estimation. Remote Sensing Reviews, vol. 13, pp. 161–186.

32. Keshava, N., 2003, A survey of spectral unmixing algorithms. Lincoln Laboratory Journal, vol. 14(1),
pp. 55–78.

33. Parente, M. and Plaza, A., 2010, Survey of geometric and statistical unmixing algorithms for hyper-
spectral images. In Proceedings of the 2nd Workshop on Hyperspectral Image and Signal Processing:
Evolution in Remote Sensing (WHISPERS), Reykjavik, Iceland, IEEE, 14–16 June 2010, pp. 1–4.
doi:10.1109/WHISPERS.2010.5594929.

34. Zandifar, A., Babaie-Zadeh, M., and Jutten, C., 2012, Aprojected gradient-based algorithmto unmix
hyperspectral data. In Proceedings of the 20th European Signal Processing Conference (EUSIPCO
2012), Bucharest, Romania, IEEE, 27–31 August 2012, pp. 2482–2486. Electronic ISSN: 2076-1465,
Print ISSN: 2219-5491, Online ISSN: 2219-5491

35. Shimabukuro, Y. E. and Smith, A. J., 1991, The least-squares mixing models to generate frac-
tion images derived from remote sensing multispectral data. IEEE Transactions on Geoscience and
Remote Sensing, vol. 29(1), pp. 16–20.

36. Nielsen, A. A., 2001, Spectral mixture analysis: Linear and semi-parametric full and iterated par-
tial unmixing in multi-and hyperspectral image data. International Journal of Computer Vision, vol.
42(1), pp. 17–37.

37. Chen, J. Y. and Reed, I. S., 1987, A detection algorithm for optical targets in clutter. IEEE Transactions
on Aerospace Electronic Systems, vol. AES-23(1), pp. 46–59.

38. Clark, R. N., Swayze, G. A., Livo, K. E., Kokaly, R. F., Sutley, S. J., Dalton, J. B., McDougal, R. R.,
and Gent, C. A., 2003, Imaging spectroscopy: Earth and planetary remote sensing with the USGS
Tetracorder and expert systems. Journal of Geophysical Research, vol. 108(E12): 5131, pp. 5–1 to
5–44. doi:10.1029/2002JE001847.

39. Kruse, F. A., 2008, Expert system analysis of hyperspectral data. In Proceedings of the SPIE Defense
Security, Algorithms Technologies for Multispectral, Hyperspectral, Ultraspectral Imagery XIV, Con-
ference DS43, 16–20 March, Orlando, FL: Orlando World Center Marriott Resort and Convention
Center, Paper Number: 6966–25.

40. Boardman, J. W., 1998, Leveraging the high dimensionality of AVIRIS data for improved subpixel
target unmixing and rejection of false positives: Mixture tuned matched �ltering. In Proceedings of
the 5th JPL Geoscience Workshop, R.O. Green (Ed.), Pasadena, CA: NASA Jet Propulsion Laboratory,
pp. 55–56.

41. ENVI Tutorial: Advanced Hyperspectral Analysis, 2014, pp. 27–30. URL: http://www.
exelisvis.com/portals/0/pdfs/envi/Adv_Hyperspectral_Analysis.pdf [Last accessed: February
20, 2015, 04:15:00 p.m.].

42. Harsanyi, J. C. and Chang, C.-I., 1994, Hyperspectral image classi�cation and dimensionality reduc-
tion: An orthogonal subspace projection. IEEE Transaction on Geoscience and Remote Sensing, vol.
32(4), pp. 779–785.

43. Stocker, A. D., Reed, I. S., and Yu, X., 1990, Multidimensional signal processing for electro-optical
target detection. In Proceedings of the SPIE 1305, Signal and Data Processing of Small Targets 1990, 1
October, vol. 1305, p. 218.

44. Yu, X., Reed, I. S., and Stocker, A. D., 1993, Comparative performance analysis of adaptive multi-
spectral detectors. IEEE Transactions on Signal Processing, vol. 41(8), pp. 2639–2656.

45. Mitchell, J. J. and Glenn, N. F., 2009. Subpixel abundance estimates in mixture-tuned matched �lter-
ing classi�cations of leafy spurge (Euphorbia esula L.). International Journal of Remote Sensing, vol.
30(23), pp. 6099–6119.

46. Bowles, J., Palmadesso, P., Antoniades, J., Baumback, M., and Rickard, L. J., 1995, Uses of �lter vec-
tors in hyperspectral data analysis. In Proceedings of SPIE Infrared Spaceborne Remote Sensing III,
Sandiego, CA, pp. 148–157.

http://www.exelisvis.com/portals/0/pdfs/envi/Adv_Hyperspectral_Analysis.pdf
http://www.exelisvis.com/portals/0/pdfs/envi/Adv_Hyperspectral_Analysis.pdf


Unmixing Algorithms 171

47. Tseng, Y.-H., 2000, Spectral unmixing for the classi�cation of hyperspectral images. International
Archives of Photogrammetry and Remote Sensing, vol. 33, Part B7, Amsterdam 2000, pp. 1532–1538.

48. Mundt, J. T., Streutker, D. R., and Glenn, N. F., 2007, Partial unmixing of hyperspectral imagery:
Theory and methods. In Proceedings of the ASPRS Annual Conference, 7–11 May 2007, Tampa, FL,
Bethesda, MD: American Society of Photogrammetry and Remote Sensing, pp. 46–57.

49. Boardman, J. W. and Kruse, F. A., 2011, Analysis of image spectrometer data using–dimensional
geometry and a mixture-tuned matched �ltering approach. IEEE Transactions on Geoscience and
Remote Sensing, vol. 49(11), pp. 4138–4152.

50. Heinz, D. C., Chang, C.-I., and Althouse, M. L. G., 1999, Fully constrained least squares based linear
unmixing. In Proceedings of the IEEE International Geoscience and Remote Sensing Symposium, 28
June–2 July, Hamburg, Germany, pp. 1401–1403.

51. Du, Q., Ren, H., and Chang, C.-I., 2003, A comparative study for orthogonal subspace projection
and constrained energy minimization. IEEE Transactions on Geoscience and Remote Sensing, vol.
41(6), pp. 1525–1529.

52. Harsanyi, J. C., Farrand, W., and Chang., C.-I., 1994a, Detection of subpixel spectral signatures
in hyperspectral image sequences. In Proceedings of the Annual Meeting, American Society of
Photogrammetry & Remote Sensing, Reno, NV, pp. 236–247.

53. Harsanyi, J. C., Farrand, W., Hejl, J., and Chang, C.-I., 1994b. Automatic identi�cation of spectral
endmembers in hyperspectral image sequences. In Proceedings of the International Symposium on
Spectral Sensing Research (ISSSR), San Diego, CA, 10–15 July, pp. 267–277.

54. Ren, H., Du, Q., Chang, C.-I., and Jensen, J. O., 2004, Comparison between constrained energy
minimization based approaches for hyperspectral imagery. In Proceedings of the IEEE Workshop on
Advances in Techniques for Analysis of Remotely Sensed Data, 2003, vol. 244(248), pp. 27–28.

55. Settle, J., 2002, On constrained energy minimization and the partial unmixing of multispectral
images. IEEE transactions on Geoscience and Remote Sensing, vol. 40(3), pp. 720–721.

56. Chang, C.-I., Du, Q., Sun, T. S., and Althouse, M. L. G., 1999, A joint band prioritization and band
correlation approach to band selection for hyperspectral image classi�cation. IEEE Transactions on
Geoscience and Remote Sensing, vol. 37(6), pp. 2631–2641.

57. Chang, C.-I., Du, Q., Chiang, S.-S., Heinz, D., and Ginsberg, I. W., 2001, Unsupervised sub-
pixel target detection in hyperspectral imagery. In Proceedings of the SPIE Conference on Algo-
rithms for Multispectral, Hyperspectral and Ultraspectral Imagery VII, 20–24 April, Orlando, FL,
pp. 370–379.

58. Harsanyi, J. C., 1993, Detection and Classi�cation of Subpixel Spectral Signatures in Hyperspec-
tral Image Sequences, Department of Electrical Engineering. Baltimore County, MD: University of
Maryland.

59. Bioucas-Dias, J. M. and Figueiredo, M. A. T., 2010, Alternating direction algorithms for constrained
sparse regression: Application to hyperspectral unmixing. In Proceedings of the 2nd Workshop on
Hyperspectral Image and Signal Processing: Evolution in Remote Sensing (WHISPERS), 14–16 June
2010, vol. 1(4), pp. 14–16.

60. Iordache, M.-D., Bioucas-Dias, J. M., and Plaza, A., 2011, Sparse unmixing of hyperspectral data.
IEEE Transactions on Geoscience and Remote Sensing, vol. 49(6), pp. 2014–2039.

61. Eckstein, J. and Bertsekas, D., 1992, On the Douglas-Rachford splitting method and the proximal
point algorithm for maximal monotone operators. Mathematical Programming, vol. 5, pp. 293–318.

62. Gabay, D. and Mercier, B., 1976, A dual algorithm for the solution of non-linear variational
problems via �nite-element approximations. Computer and Mathematics with Applications, vol. 2,
pp. 17–40.

63. Chen, S., Donoho, D., and Saunders, M., 1995, Atomic decomposition by basis pursuit. SIAM
Review, vol. 43(1), pp. 129–159.

64. Iordache, M. D., Bioucas-Dias, J. M., and Plaza, A., 2012, Total variation spatial regularization for
sparse hyperspectral unmixing. IEEE Transactions on Geoscience and Remote Sensing, vol. 50(11),
pp. 4484–4502.



172 Large-Scale Machine Learning in the Earth Sciences

65. Chambolle, A., 2004, An algorithm for total variation minimization and applications. Journal of
Mathematical Imaging and Vision, vol. 20(1/2), pp. 89–97.

66. Lawson, C. L. and Hanson, R. J., 1995, Solving Least Squares Problems, Philadelphia, PA: SIAM.
67. Haskell, K. H. and Hanson, R. J., 1981, An algorithm for linear least squares problems with equality

and nonnegativity constraints generalized. Mathematical Programming, vol. 21, pp. 98–118.
68. Rumelhart, D. E., Hinton, G. E., and Williams, R. J., 1986, Learning representations by back-

propagating errors. Nature, vol. 323, pp. 533–535.
69. Chander, G., Markham, B. L., and Helder, D. L., 2009, Summary of current radiometric calibration

coe�cients for Landsat MSS, TM, ETM+, and EO-1 ALI sensors. Remote Sensing of Environment,
vol. 113, pp. 893–903.

70. Johnson, L. and Trout, T., 2012, Satellite-assisted monitoring of vegetable crop evapotranspiration
in California’s San Joaquin Valley. Remote Sensing, vol. 4, pp. 439–455.

71. Masek, J. G., Vermote, E. F., Saleous, N., Wolfe, R., Hall, F. G., Huemmrich, F., Gao, F., Kutler, J.,
and Lim, T. K., 2006, A Landsat surface re�ectance data set for North America, 1990–2000. IEEE
Geoscience and Remote Sensing Letters, vol. 3(1), pp. 68–72.

72. Vermote, E. F., Tanré, D., Deuzé, J. L., Herman, M., and Morcrette, J. J., 1997, Second simulation of
the satellite signal in the solar spectrum: An overview. IEEE Transactions on Geoscience and Remote
Sensing, vol. 35, pp. 675–686.

73. Small, C. and Milesi, C., 2013, Multi-scale standardized spectral mixture models. Remote Sensing of
Environment, vol. 136, pp. 442–454.

74. Small, C., 2004, The Landsat ETM plus spectral mixing space. Remote Sensing of Environment, vol.
93, pp. 1–17.

75. Nascimento, J. M. P. and Dias, J. M. B., 2005, Vertex component analysis: A fast algorithm to unmix
hyperspectral data. IEEE Transaction on Geoscience and Remote Sensing, vol. 43(4), pp. 898–910.

76. Lambin, E. F., Turner, B. L., Geist, H. J., Agbola, S. B., Angelsen, A., Bruce, J. W. et al., 2001, The causes
of land-use and land-cover change: Moving beyond the myths. Global Environmental Change, vol.
11, pp. 261−269.

77. Forster, B. C., 1985, An examination of some problems and solutions in monitoring urban areas
from satellite platforms. International Journal of Remote Sensing, vol. 6, pp. 139–151.

78. Lu, D. and Weng, Q., 2004, Spectral mixture analysis of the urban landscape in Indianapolis with
Landsat ETM+ imagery. Photogrammetric Engineering and Remote Sensing, vol. 70, pp. 1053–1062.

79. Xian, G. and Crane, M., 2005, Assessments of urban growth in the Tampa Bay watershed using
remote sensing data. Remote Sensing of Environment, vol. 97, pp. 203–215.

80. Small, C. and Lu, J. W. T., 2006, Estimation and vicarious validation of urban vegetation abundance
by spectral mixture analysis. Remote Sensing of Environment, vol. 100, pp. 441–456.

81. Sabol, D. E., Adams, J. B., and Smith, M. O., 1992, Quantitative subpixel spectral detection of targets
in multispectral images. Journal of Geophysical Research, vol. 97(E2), pp. 2659–2672.

82. Tompkins, S., Mustard, J. F., Pieters, C. M., and Forsyth, D. W., 1997, Optimization of endmembers
for spectral mixture analysis. Remote Sensing of Environment, vol. 59, pp. 472–489.

83. Okin, G. S., Roberts, D. A., Burray, B., and Okin, W. J., 2001, Practical limits on hyperspectral veg-
etation discrimination in arid and semiarid environments. Remote Sensing of Environment, vol. 77,
pp. 212–225.

84. Ren, H. and Chang, C.-I., 2000, Target-constrained interference-minimized approach to subpixel
target detection for hyperspectral images. Optical Engineering, vol. 39(12), pp. 3138–3145.

85. Scharf, L. L., 1991, Statistical Signal Processing. Reading, MA: Addison-Wesley.
86. Heinz, D. C. and Chang, C.-I., 2001, Fully constrained least squares linear spectral mixture analysis

method for material quanti�cation in hyperspectral imagery. IEEE Transactions on Geoscience and
Remote Sensing, vol. 39(3), pp. 529–545.

87. Bro, R. and Jong, S. D., 1997, A fast nonnegativity-constrained least squares algorithm. Journal of
Chemometrics, vol. 11(5), pp. 393–401.



Unmixing Algorithms 173

88. Chang, C.-I. and Heinz, D. C., 2000. Constrained subpixel target detection for remotely sensed
imagery. IEEE Transactions on Geoscience and Remote Sensing, vol. 38(3), pp. 1144–1159.

89. Shi, Z., Zhai, X., Borjigen, D., and Jiang, Z., 2011, Sparse unmixing analysis for hyperspectral
imagery of space objects. In Proceedings of the International Symposium on Photoelectronic Detec-
tion and Imaging 2011: Space Exploration Technologies and Applications, Proceedings of SPIE, John
C., Zarnecki, Carl A. Nardell, Rong Shu, Jianfeng Yang, Yunhua Zhang (Eds.), vol. 8196, p. 81960Y-1.

90. Shi, Z., Tang, W., Duren, Z., and Jiang, Z., 2014, Subspace matching pursuit for sparse unmixing of
hyperspectral data. IEEE Transactions on Geoscience and Remote Sensing, vol. 52(6), pp. 3256–3274.

91. Zhu, F., Wang, Y., Xiang, S., Fan, B., and Pan, C, 2014, Structured sparse method for hyperspectral
unmixing. ISPRS Journal of Photogrammetry and Remote Sensing, vol. 88(2014), pp. 101–118.

92. Chang, C.-I. and Ren, H., 2000, An experiment-based quantitative and comparative analysis of tar-
get detection and image classi�cation algorithms for hyperspectral imagery. IEEE Transactions on
Geoscience and Remote Sensing, vol. 38(2), pp. 1044–1063.

93. Heylen, R., Burazerovic, D., and Scheunders, P., 2011, Fully constrained least squares spectral
unmixing by simplex projection. IEEE Transactions on Geoscience and Remote Sensing, vol. 49(11),
pp. 4112–4122.

94. Iordache, M. D., Bioucas-Dias, J. M., and Plaza, A., 2014, Collaborative sparse regression for
hyperspectral unmixing. IEEE Transactions on Geoscience and Remote Sensing, vol. 52 (1), pp.
341–354.

95. Pu, H., Xia, W., Wang, B., and Jiang, G-M., 2014, A fully constrained linear spectral unmixing algo-
rithm based on distance geometry. IEEE Transactions on Geoscience and Remote Sensing, vol. 52(2),
pp. 1157–1176.

96. Zhang, B., Zhuang, L., Gao, L., Luo, W., Ran, Q., and Du, Q., 2014, PSO-EM: A hyperspectral unmix-
ing algorithm based on normal compositional model. IEEE Transactions on Geoscience and Remote
Sensing, vol. 52(12), pp. 7782–7792.

97. Song, C., 2005, Spectral mixture analysis for subpixel vegetation fractions in the urban environment:
How to incorporated endmember variability? Remote Sensing of Environment, vol. 95, pp. 248–263.

98. Powell, R. L., Roberts, D. A., Dennison, P. E., and Hess, L. L., 2007, Sub-pixel mapping of urban
land cover using multiple endmember spectral mixture analysis: Manaus, Brazil. Remote Sensing of
Environment, vol. 106, pp. 253–267.

99. Roberts, D. A., Gardner, M., Church, R., Ustin, S., Scheer, G., and Green, R. O., 1998, Mapping cha-
parral in the Santa Monica Mountains using multiple endmember spectral mixture models. Remote
Sensing of Environment, vol. 65, pp. 267–279.





9
Semantic

Interoperability of
Long-Tail Geoscience

Resources over the Web

Mostafa M. Elag

Praveen Kumar

Luigi Marini

Scott D. Peckham

Rui Liu

9.1 Introduction..................................................................... 175
9.2 Scienti�c Long-Tail Web Resources .................................... 176

Characteristics of the Scienti�c Data and Models • Considerations
for Web Resources

9.3 Interoperability of Resources: Semantic Web ........................ 180
Typologies of Interoperability • Semantic Web: Linked Data and Web
Services

9.4 Semantic Interoperability in Geoscience .............................. 183
Semantic Heterogeneity Constrain • Semantic Interoperability
Initiatives in Geosciences • Semantic Annotation • Finding and Con-
necting Scienti�c Web Resources • Semantic Knowledge Discovery

9.5 Geosemantic Framework ................................................... 191
Overview of Functionalities • Architecture

9.1 Introduction

Scientists today have to manipulate resources such as data and models, which originate and reside in mul-
tiple autonomous and heterogeneous repositories over the Web. Several resource management systems
have emerged within geoscience communities for sharing long-tail data, which are collected by individ-
ual or small research groups, and long-tail models, which are developed by scientists or small modeling
communities. While these systems have increased the availability of resources within geoscience domains,
de�ciencies remain due to heterogeneity in the methods that are used to describe, encode, and pub-
lish information about resources over the Web. This heterogeneity limits our ability to access the right
information in the right context so that it can be e�ciently retrieved and understood by humans and
machines—without the scientist’s mediation. A primary challenge of the Web today is the lack of seman-
tic interoperability among the massive number of resources that already exist and are continually being
generated at rapid rates. The Semantic Web (SW) holds the promise to build a Web-scale topology of
linked and interoperable resources, which will allow users to search simultaneously across many di�er-
ent and distributed information structures. This chapter focuses on de�ning the long-tail concept in the
context of scienti�c resources, identifying the role of the SW in increasing the interoperability of long-tail
resources, analyzing the reasons for their semantic heterogeneity, and introducing the design and archi-
tecture of a Geosemantic framework for addressing the semantic heterogeneity challenges associated with
the interoperability of these long-tail resources.
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9.2 Scientific Long-Tail Web Resources

Data availability has seen a dramatic increase in the last two decades across di�erent domains such as busi-
ness, art, science, and engineering. Early websites have been used to publish data for particular scienti�c
communities or projects with no established metadata standards that describe, locate, and manage data
resources [1], especially in distributed network environments such as the Web. Therefore, most of the data
on the Internet were not easily discoverable or reusable and lacked the information required to facilitate
their synthesis or integration with models for scienti�c analysis.

The Internet’s rapid growth has resulted in a huge increase in information generated and shared by
scienti�c communities. This information explosion has created an equally huge, but unmet, need for tools
and approaches to make geoscience resources fully interoperable and reusable over the Web. Indeed, recent
transdisciplinary research initiatives within many scienti�c communities depend on the synthesis of data
from multiple resources, at multiple scales, and across scienti�c disciplines. We are now at a point where
our ability to collect data far outstrips our capabilities to e�ectively analyze it using existing technologies,
and where the inadequacy of tools available for describing and sharing data leads to heterogeneity in the
way data are organized, described, and encoded.

Scientists are now encouraged to share data and models (henceforth referred to as resources) over the
Web, including an unstructured and uncurated collection of spreadsheets, documents, images, numerical
models, etc. Unstructured collections is one of the major challenges in information technology because it is
not straightforward to extract information out of these collections and transform it into actionable knowl-
edge [2]. The �le system model is considered an unstructured data model, which provides a chance to
preserve resources that cannot be constrained by a schema such as curation of models in Web repositories.
Large collections of distributed and heterogeneous Web resources are o�en referred to in scienti�c com-
munities as long-tail resources [3]. Discoverability of these resources is de�ned as the ability to navigate
within the unstructured content of resources and track their relationships.

Due to the ubiquity of the World Wide Web, searching for data that �t a particular model seems much
easier today than it has ever been. A user can search the Web for suitable data, which on many occasions
results in multiple hits for data or the repositories that curate these data. Unfortunately, despite a large
number of potential hits, we are o�en frustrated by the lack of quality in the search outcomes, which are
not o�en well-aligned with our search goals. Searching is one of the most popular applications on the
Web that is based on the occurrence of a speci�c object (e.g., a word in a document) or availability of a
speci�c attribute (e.g., collected by a speci�c organization). In the context of the Web, advanced search
engines like Google augment the information retrieval mechanism by storing information about the Web
page structure and content, which allows retrieval of Web pages that are better related to search criteria.
The availability of large amounts of structured information about a wide range of unstructured Web pages
provides an emerging solution for treating unstructured data over the Web [4].

Creating a well-structured and descriptive information pro�le that follows a standard schema for each
scienti�c resource is the key for indexing and linking resources over the Web. An information pro�le
de�nes the metadata associated with a Web resource based on a metadata schema. The quality of infor-
mation pro�les varies and ranges from standard information that is used by large data centers to ad hoc
labeling that is used by small research groups. Publishing information pro�les for resources over the
Web has become one of the focus areas for many research communities (e.g., [5–7]). However, only 5%
of the scienti�c resources are stored using standard information schemas [8]. It is rare to �nd a scien-
ti�c resource uploaded to the Web with descriptive information. Incomplete information about resources
results in inconsistency in vocabularies pertaining to names of variables, units, spatial characterization,
query formats, retrieval methods, and Web transfer protocols [9]. Lack of information makes automating
the integration of scienti�c resources over the Web particularly challenging.

A primary challenge that hinders the seamless integration of resources over the Web is the semantic
heterogeneity among resources that span across various geoscience disciplines. Semantics represents the
agreement among resources and tools on the meaning of terms and concepts that are used to describe
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the characteristics of a resource. For example, use of the Dublin Core identi�er “dc: creator” to de�ne the
relationship between a creator X and a document Y allows the machine to automatically understand this
relationship. SW technologies rely on identifying the relationships among resources using standards such
as Dublin Core to promote the accessibility and reusability of resources by Web applications. SW allows
a machine or a Web application to understand the information pro�le of a resource and do sophisticated
inference processing [10]. Application of the SW technologies requires structured information about each
resource that describes its content, behavior, function, and relationships with other resources [1]. There-
fore, there is an immediate need for techniques and methods to create this standard information pro�le
for each resource and allow the synthesis of the existing information pro�les.

9.2.1 Characteristics of the Scientific Data and Models

Currently, there are tremendous amounts of scienti�c data available online [8]. As illustrated in Figure 9.1,
the relationship between the volume of resources and their dispersion represents a proxy for the variability
and heterogeneity of information �ows across geosciences disciplines. The le� side of the curve represents
the “large” or “big” data, which are usually characterized by being relatively more homogeneous, well-
de�ned, continuously maintained, and easy to reuse, such as remote sensing data produced by NASA. On
the right side of the curve, individual researchers and small groups provide a large variety of scienti�c
data. Two data reuse patterns can be identi�ed in this graphic: (1) large scienti�c agencies produce stan-
dardized data that are self-descriptive and easy to reuse and (2) small research groups individually produce
a small volume of data, which is o�en complex and harder to (re)use. Scientists have used the term “long
tail” [8] to indicate the lower quantity but higher complexity of available data, which is usually unstruc-
tured, uncurated, harder to �nd, and less frequently reused. “Dark,” “Gray,” and “Wide” are synonyms for
long-tail, which re�ects that these data cover a broad range of the scienti�c data production and are
currently underused [8].

O�en, individual scientists and small groups collect long-tail data to address speci�c scienti�c issues that
usually have limited geographic or temporal range [11,12]. However, a large number of such collections
together constitute a large database that is of immense value to the scienti�c community. Such data are
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forces that are re-sketching the shape of the long-tail resources curve in science, and identi�cation of sources that are
contributing to the geoscience long-tail collection.
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complex in that they encompass a heterogeneous collection with many dimensions, coordinate systems,
scales, variables, providers, users and scienti�c contexts [11,13,14] (Figure 9.2). Long-tail data are o�en
relegated to hard drives or servers, which are generally only available on local area networks. Sometimes
they are published on the Internet in less formal ways and are contained in Web servers as �les in direc-
tories or curation Web services. In a similar vein, we coin the term “long-tail models” to characterize a
heterogeneous collection of models and/or modules developed for targeted problems by individuals and
small groups, which together provide a large valuable collection [9,15–18] (Figure 9.2). Such models are
also complex in that they incorporate di�ering variable names and units for the same concept, run at di�er-
ent time steps, use di�ering naming and reference conventions (e.g., angles with respect to east or north),
etc. The ability to integrate long-tail models with long-tail data across the geoscience �eld will provide a
transformative opportunity for the community where not only can models be coupled, but it will also be
possible to discover and use data in model application contexts of space, time, and scienti�c questions.
Harnessing the complex, heterogeneous, and extensive set of distributed resources is essential to represent,
understand, predict, and manage heterogeneous but interconnected Earth system processes.

Three drivers are reshaping the distribution of long-tail resources curve in science (Figure 9.1): (1)
advancements in resource production tools, (2) availability of resource distribution technologies over the
Internet, and (3) multidisciplinary research collaborations. Advances in computational, sensing, informa-
tion, and modeling technologies allow more scientists to contribute more resources. This high production
rate elongates the curve of the long-tail scienti�c resources (horizontal expansion in Figure 9.1). The avail-
ability of easy and accessible digital storage, publication, and curation repositories provides scientists with
the tools and environments to share, distribute, and reproduce more resources. For example, Data Obser-
vation Network for Earth (DataOne, https://www.dataone.org/what-dataone) enhances the discoverability
of well-described Earth observation data over the Web, and Sustainable Environment Actionable Data
(SEAD, http://sead-data.net/) provides data services to manage and preserve long-tail data. In addition,
multidisciplinary collaboration advances the sharing and reuse of available data, models, and tools, which
leads to resource proliferation. These two forces fatten the long-tail curve of scienti�c resources (vertical
expansion in Figure 9.1).

Driving motivations for advancing the interoperability of resources over the Web are (1) increasing
the productivity of scientists and research groups, (2) repurposing quali�ed resources for new research
objectives, (3) providing �exibility for interdisciplinary research and collaboration, and (4) enhancing the
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FIGURE 9.2 Classi�cation of heterogeneity elements that are common in data and modeling communities. These
types of heterogeneity hinder the development of a uni�ed information system for describing resources. The complexity
of using data by models is characterized in how to preprocess data to be suitable for model requirements.
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quality of available resources. Advances in the interoperability of scienti�c resources will maximize the use
of our extensive but widely dispersed data and information.

9.2.2 Considerations for Web Resources

One of the key considerations for long-tail resources is their immense value for the advancement of science.
These data are irreplaceable and expensive to reproduce [3,13]; they are generated from various sources
such as scienti�c experiments, �eld observations, model simulations, or derived from other data sets. In
many cases, scientists will not be able to reproduce long-tail data because they record a unique event. On
the other hand, a long-tail model is typically used to simulate speci�c physical, chemical, biological, or
other processes. Such models are valuable because scientists spend time and e�ort as well as collaborate to
develop, test, validate, and integrate models into di�erent integration work�ows. The content of the same
model may vary from one project to another by adding or removing a piece of a subroutine, or changing
the assumptions and conditions to �t the new project needs. This continuous change in the models’ content
minimizes their reusability. Therefore, to ensure the maximal use of a model, it is necessary to describe its
content and operational requirements in a way that a computer can understand.

Reproducibility of results coming from the analysis of data or models is another consideration for long-
tail resources. Independent scientists, that is, scientists who are not involved in the production of resources
but use them, should be able to reproduce the same results if they retrace the production work�ow steps
[19]. Currently, most of the resources’ curation e�ort focuses on the physical preservation of resources more
than linking existing and new resources. An advanced preservation of the products should aim to preserve
the resources in a Web-accessible format, allow their connectivity to related scienti�c activities, and store
the log of changes that are associated with the resource. Reproducibility requires a machine-understandable
description of the relationships between resources and conditions that de�ned their production work�ow
[19].

Con�dence in the quality of information used to describe a resource impacts its reusability. This reason
leads to an important consideration for resource curation: How do we identify the reliability of the infor-
mation that is used to describe a resource? The reliability of information used for resource description
depends on using standard information protocol to de�ne resources and preserving the changes in their
content, especially if many users are contributing to the resource de�nition [20]. Long-tail resources are
poorly curated and follow di�erent information models, which decreases their reliability [3,13]. Addition-
ally, if we assume that users are willing to use a standard information schema to describe their resources, the
heterogeneity between information standards minimizes reusability of resources. Heterogeneity between
schemas minimizes con�dence in the quality of hits returned by search engines, which to a lesser extent
decreases reusability across geoscience disciplines. Many initiatives in the geoscience community have pro-
posed a wide range of solutions, including crosswalks, translation algorithms, information registries, and
specialized data dictionaries to achieve interoperability between equivalent standards. Yet despite some
genuine advances, it is still not easy to identify the common elements in di�erent information standards
to allow mapping between information standards [21].

Building a �exible information system that is capable of increasing the interoperability of scienti�c
resources requires (1) creation of tools for associating descriptive information with preserved research
outcomes, (2) allowance of crosswalks between related information standards, (3) leveraging the SW tech-
nologies to organize resources over the Web and publish their contextual relationships, and (4) provision
of a low-barrier technology for scientists who are not experts in information systems to contribute their
information or update the existing information. Long-tail resources are important in science, but they
are not meaningful until they became interoperable among related scienti�c disciplines. Interoperable
preservation of resources over the Web will allow scientists to mine data or incorporate models in their
studies. The SW technologies will allow scientists to connect the current silos of distributed resources,
which have nonuniform curation systems. This will allow users to easily �nd resources related to their
search context with higher precision compared to the current status.
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9.3 Interoperability of Resources: Semantic Web

ISO/IEC 2382-01, Information Technology Vocabulary, de�nes interoperability as “the capability to com-
municate, execute programs, or transfer data among various functional units in a manner that requires
the user to have little or no knowledge of the unique characteristics of those units.” Interoperability allows
scientists and scienti�c communities to share and reuse their resources and connect distributed systems.
It minimizes the need for building and maintaining large and costly warehouses to hold data; that is, it
will minimize the need for a centralized approach to managing distributed resources. Interoperability is
a core concept for enabling the decentralization of resources over the Web, where each resource has the
information required to make it self-descriptive and machine processable. With an appropriate level of
interoperability, data can be harvested in real time from distributed information systems. Interoperability
represents perhaps the most signi�cant paradigm shi� in how resources and information are managed and
utilized since the emergence of the Internet [22].

The Web provides a seamless environment where users can navigate through published resources. There
is a strong contrast between the reality of the seamless Web and the prevailing culture of information
dissemination over the Web. Usually, scienti�c communities manifest their resources individually on the
Web using information models, which only satisfy their domain requirements and do not integrate with
the universal standards. Therefore, there is a need for a new perspective that facilitates communication
among resources that are curated in di�erent servers and �t the needs of the Web environment. In the
following sections, we will elaborate on the di�erent interoperability levels and explain the role of the SW
to achieve interoperability among geoscience resources.

9.3.1 Typologies of Interoperability

The typologies of interoperability between information systems are classi�ed based on the interpretation
level of data and information exchanged between the information systems [23]. The levels of conceptual
interoperability model (LCIM) de�nes six levels of interoperability between systems [23,24]. This model
can be used to characterize the interoperability problem among scienti�c resources over the Web. The inter-
operability levels vary from no connection to conceptual interoperability (Table 9.1). We suggest adding
the automatic level of interoperability on top of these existing characterizations. In this level, the systems
are conceptually interoperable, and the contents of the data being exchanged are error-free (e.g., no noise,

TABLE 9.1 Level of Conceptual Interoperability Model (LCIM)

Level Interoperability de�nition Description

L7 Automatically interoperating Systems are conceptually interoperable, and they are exchanging objects’ content
that is error-free.

L6 Conceptually interoperating Systems are completely aware of each other’s information, processes, contexts, and
modeling assumptions.

L5 Dynamically interoperating Systems can reorient information consumption based on understood changes to
meaning, due to changing context.

L4 Pragmatically interoperating Systems are aware of the context and meaning of exchanged information.
L3 Semantically interoperating Systems are exchanging a set of terms that they can semantically parse.
L2 Syntactically interoperability Systems have a protocol to exchange the right forms of data in the right order, but

the meaning of data elements is not established.
L1 Technically interoperating Systems can exchange data.
L0 No NA

Source: Wenguang Wang et al., Proceedings of the 2009 Spring Simulation Multiconference, Society for Computer Simulation
International, p. 168, 2009.
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no missing values, no anomalous values, no values out of expected bounds, etc.). Promotion of the inter-
operability between two systems from one category to another requires ful�lling the requirements of the
previous category. Currently, we can argue that most of the geoscience systems have achieved the syntac-
tic interoperability level (L2) over the Internet, where they can exchange information. Systems that are
syntactically interoperable use a prede�ned data format and/or schema to communicate with each other.
The lower bound of L2 is using a prede�ned data format, which is known as structural communication
between systems. Interaction at this bound relies on the data format, and any change in the format breaks
the systems’ interoperability. The upper bound of L2 depends on storing data in commonly accepted and
agreed-upon information systems (e.g., relational database and/or markup languages). An agreement on
the data syntax is de�ned between the syntactically interoperable systems. Syntactic interoperability is a
prerequisite for semantic interoperability.

Semantic interoperability refers to the ability of a resources management system to understand the
information models of related systems. Semantics is at the center of Web intelligence, as it intricately
de�nes the way in which information is exchanged, classi�ed, and conceptualized. Semantics studies the
meaning of words and represents their interpretation based on the context of use. It focuses on the con-
ception of meaning—how the meaning of an element is constructed, interpreted, and illustrated. Since we
express our resources and information with human language, we need to understand the sources of seman-
tic heterogeneity. The focus here is on the interpretation of vocabularies and consolidating their de�nitions
across related scienti�c domains over the Web. Advancing the semantic interoperability among resources
is the gateway to promoting their connectivity, reusability, and discoverability over the Web.

9.3.2 Semantic Web: Linked Data and Web Services

Two standards are the core of the World Wide Web: the Hypertext Transfer Protocol (HTTP), which is used
as the communication protocol [25,26], and the Hypertext Markup Language (HTML), which is the format
for content representation used by Web browsers. HTML is used to semantically mark up the structure of
a Web page to provide cues for the visual presentation of the content included in the page. It was designed
for human consumption through mediation by user agents such as the Web browser, but it is not optimal
for machine consumption [27].

Web services were introduced to characterize machine-to-machine communication built over HTTP
[28]. A set of standards has been developed by the World Wide Web Consortium (W3C) working groups
over time to describe machine processable formats and communications protocols such as the Web Ser-
vices Description Language (WSDL) and the Simple Object Access Protocol (SOAP). Over time, some of
these standards have fallen out of popularity because of their complexity and have been replaced by sim-
pler so�ware architecture styles such as Representational State Transfer (REST); conceptually it is built
upon the same principles of HTTP and provides methods to facilitate the development of Web services.
Most RESTFul web services are written as plain HTTP services using eXtensible Markup Language (XML)
or JavaScript Object Notation (JSON) for content representation. XML was developed by the W3C for
data exchange over the Web [29]. It is a �exible, self-describing markup language format and provides a
hierarchical syntax structure for encoding data and their relationships. However, using XML can produce
syntactic heterogeneity because data can be organized in many di�erent ways. JSON is a lightweight inter-
change format native to the Web, easy for both humans and machines to read and write. Although Web
application programming interface (API) can refer to both types, over time it is becoming synonymous with
the RESTFul approach. Both RESTFul and API use simple protocols, but they have shortcomings in self-
description methods, and built-in ways to support interoperation among services. Today many resources
are available through Web API, but the format in which these resources are made available and described
varies greatly.

The SW movement led by W3C attempts to provide methods for associating semantics with data, to
overcome Web APIs’ heterogeneity and the lack of standards for embedding structured data in HTML.
SW technologies provide standards and languages to describe data, rules for interpretation of information
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associated with data, and methods to include external rules from related knowledge representation systems
[10]. One family of speci�cations is the Resource Description Framework (RDF) data model, which is
designed to provide conceptual descriptions and an information model for Web resources. Similar to the
entity-relationship model popular in relational databases, RDF is based on the idea of making statements
about Web resources in the form of subject–predicate–object triples. RDF represents resources as graph
nodes and their associated properties as labeled arcs. RDF subjects and predicates have to be de�ned as
Uniform Resource Identi�er (URIs), while objects can be URIs or literal strings. This property makes every
RDF statement globally identi�ed and, as a result, more easily portable between databases. It helps to avoid
collisions and mismatches when trying to aggregate and normalize data from di�erent sources. Further-
more, RDF does not require the de�nition of a schema before creating new statements. This enables a
�exibility that is not typical of relational databases.

RDF in Attributes (RDFa) [30] is another attempt at solving the problem of embedding machine-
readable data within HTML using RDF. It provides markup attributes to augment existing markup with
machine-readable hints. RDFa follows the lightweight approach of microformats to the semantic markup
of HTML pages in such a way that the content of a Web page is readable by humans and machines alike.
Although many microformats exist, RDFa includes the advantages of RDF and the wider SW echo system.
RDFa is also the basis on which other microformats are built, such as the Open Graph protocol [31] created
by Facebook to make it easier for Facebook to include external pages in its social graph. E�orts by search
companies such as schema.org exist to standardize microformats for search engine retrieval that include
both new standards, microformats in this case, and the adaption of existing standards (RDFa).

The Linked Data paradigm emerged in the context of SW technologies for publishing and sharing data
over the Web. It connects related individual Web resources in a graph database, where resources represent
the graph nodes, and an edge connects a pair of nodes. Generally, a graph has (1) global metrics, which
describe the characteristics of the graph as a whole such as graph diameter and number of fully connected
subgraphs, and (2) individual analysis, which seeks to establish relationships between individuals based
on their information pro�les, such as creating a coauthor relationship between scientist (data nodes) if
they publish a journal article. The Linked Data approach allows a machine to navigate among resources
by tracing the edges that correspond to search criteria. It aims to link Web resources together seamlessly
to enable structured and well-described information to transfer between users and allow the machine to
understand the content and context of a Web resource. Implementation of the Linked Data paradigm to
organize scienti�c resources has a great potential to increase their interoperability.

Publishing and linking scienti�c resources using SW technologies require that the user community fol-
lows the three Linked Data principles (Figure 9.3). First, each resource needs to be represented using a
unique Uniform Resource Identi�er (URI), which consists of (1) a Uniform Resource Locator (URL) to

http://www.domainB.com:5000/Object path

http://www.domainC.com:8000/Predicate path
Predicate (P)

Object (O)

http://www.domainA.com:9000/subject path
Subject (S)

Protocol URL URN
URI

FIGURE 9.3 Representation of the Linked Data principles: a unique URI for each Web resource, relationships
between resources [represented in triple format (S,P,O)], and HyperText Transfer Protocol (HTTP) (as universal access
mechanism for resources). An example demonstrates the relationship between a subject that is stored in server A, an
object that is stored in server B, and a predicate that is stored in server C.

http://www.domainA.com:9000/subject
http://www.domainC.com:8000/Predicate
http://www.domainB.com:5000/Object
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de�ne the server path over the Web, and (2) a Uniform Resource Name (URN) to describe the exact name
of the resource. Second, the relationships between resources are described using the triple format, where a
subject (S) has a predicate (P) with an object (O). A predicate is either an undirected relationship (bidirec-
tional), where it connects two entities in both ways or a directed relationship (unidirectional), where the
presence of a relationship between two entities in one direction does not imply the presence of a reverse
relationship. The triple format is the structure unit for the Linked Data system. Finally, the HTTP is used
as a universal access mechanism for resources on the Web [32].

For machine-to-machine communication, patterns used by SW technologies have evolved over time
to be organized under the Linked Data approach (Figure 9.3). This approach provides best practices for
building Web services using RDF, HTTP, and URIs. Relationships between URIs allow services to interpret
information that is de�ned by distributed services. Accessing a semantic object allows the Web agents to
navigate between services using HTTP as the communication protocol. This is similar to a user navigation
between links in any Web browser. Machines can now follow a link in the data and rely on a global
knowledge graph, instead of using the semantics of speci�c service.

The graph-oriented nature of RDF also helps in building framework-based knowledge representation
and ontologies. The Web Ontology Language (OWL) [32,33] and RDF Schema (RDFS) are two knowledge-
base representations built on RDF that provide basic ways to de�ne ontologies used to structure RDF
graphs. They provide a mechanism for de�ning internal relationships between properties and concepts
[34] and allow the creation of engines for reasoning for RDF data. They are machine-readable languages
that were designed to process information on the Web instead of just representing information for human
use [35]. RDFS extends the RDF approach for representing data by introducing means to model classes,
properties, and hierarchies of classes and properties [35]. RDFS is considered to be a lightweight ontology
language that can be used for creating taxonomies [35]. RDFS provides vocabularies to describe relation-
ships between classes, relationships between properties, and relationships between classes and properties.
However, it does not provide a mechanism for de�ning internal relationships between properties and con-
cepts (e.g., explicit cardinalities in properties relationships and union in classes) [34]. OWL is the standard
language for representing knowledge on the Web. It is a machine-readable language that was designed to
process information on the Web instead of just representing information to human users [35]. OWL can be
used to express more sophisticated relationships between terms, compared to RDFS. OWL can explicitly
represent the meaning of terms in vocabularies and relationships. OWL is recommended by the W3C as an
ontology language. It is XML-based, applies RDF syntax, and is compatible with most querying languages
[22,32,34].

9.4 Semantic Interoperability in Geoscience

Migration from the Web to SW encourages scientists to adapt SW technologies in their research, such
as running so�ware through a Web browser and combining services with data. For example, a new
paradigm emerged to use models as a sca�old to integrate data sources on di�erent spatiotemporal reso-
lutions (e.g., [12,36]). Meanwhile, this migration has provided a new level of well-structured information,
which requires the advancement of the current information retrieval mechanisms or the development of
new mechanisms [37]. This section analyzes the sources of semantic heterogeneity over the Web, pro-
vides examples of the main semantic interoperability initiatives in geoscience, and brie�y summarizes our
understanding of the role of semantic enrichment in advancing resource discovery approaches.

9.4.1 Semantic Heterogeneity Constrain

Semantic heterogeneity occurs when there is a disagreement about the meaning of the label used to describe
a resource or one of its parts, ambiguity about the interpretation of the content of a resource, or its usage
pattern among related parties. Among the scienti�c communities, four sources of semantic heterogeneity
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can be identi�ed: (1) Structural—that is, the syntax of the language used to describe and code the resources,
including the natural language, programming languages, and data encoding languages; (2) Content—that
is, the method and vocabularies used to describe the elements within each resource, including the naming
process and missing information inside a �le; (3) Conceptual—that is, the heterogeneity between related
domains in the conceptualization of their information system, including heterogeneity in the structure of
concepts, their level of granularity and relationships, and the terminologies that are used to describe these
concepts; and (4) Contextual—that is, the mismatch between schemas used to map resources between
information systems [38].

Figure 9.4 demonstrates the sources of semantic heterogeneity among resources and provides illustra-
tive examples from the water resources domain. Structural heterogeneity, for instance, prevents integration
between models that are coded in di�erent programming languages. It begs the question—how to make
a model usable by another programming language without the need to recode the model’s content? Con-
ceptual heterogeneity comes from the inappropriate use of the terms to describe a resource over the Web.
A considerable percentage of semantic heterogeneity arises due to the inconsistency of concepts among
related scienti�c domains. For example, adding a water �ow annotation to a data set is not enough to make
it self-descriptive for a machine. But, annotating the same data set with a standard name (SN), which inher-
its its de�nition from a domain ontology, can guide the machine to a proper consumption pattern of this
data. Content heterogeneity refers to how the information is organized and described within each data �le,

Content
Naming
Case sensitivity: Uppercase vs. Camel case
Synonyms: Geo and earth
Acronyms: Watershed name vs. location
Homonyms: Watershed name and county
Misspellings: As stated
Missing or mismatch ID: Truncated URIs
Missing data: As stated
Element ordering: As stated 
Contextual 
Schematic discrepancy:
Element-value to element-label mapping
Attribute-value to element-label mapping
Attribute-value to attribute-label mapping
Scale or units
Measurement type: meter vs. feet
Units: m vs. cm
Precision: 5.01 vs. 5.00001
Data representation
Primitive data type: literals vs. URIs
Data format: Type of delimitation 

Conceptual
Naming
Case sensitivity: Uppercase vs.
Camel case
Synonyms: Runoff vs. surface runoff
Acronyms: Temperature vs. T
Homonyms: County and city name
Misspellings: As stated
Generalization/specialization:
“Velocity” is it air or water
Aggregation
Intra-aggregation: Clustering data
based on attributes
Inter-aggregation: Exchanging data
between systems
Internal path discrepancy
missing item
Content discrepancy: Velocity
column in an excel file
Missing content: Velocity in
different location within a watershed
Attribute list discrepancy:
Difference in attribute completeness
between data sets
Missing attribute: Multiple use of
same attribute
Type mismatch: Absence of indices
(tags) that refer to the related
domains domain
Constraint mismatch: When
attributes referring to the same thing
have different cardinalities

Structure 
Encoding
Ingest encoding mismatch: ANSI vs. ASCII
Ingest encoding lacking
Query encoding mismatch
Query encoding lacking
Languages
Script mismatch:
Parsing/morphological: Arabic vs. Latin
Syntactical and semantics errors 

FIGURE 9.4 Sources and types of semantic heterogeneity among scienti�c resources over the Web. (Adapted
from AI3, adaptive information, adaptive innovation, and adaptive infrastructure, 2013. http://www.mkbergman
.com/1825/why-clojure/.)

http://www.mkbergman.com/1825/why-clojure/
http://www.mkbergman.com/1825/why-clojure/
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such as arrangement of a data column within a spreadsheet and the mismatch in symbols used to describe
each column header.

9.4.2 Semantic Interoperability Initiatives in Geosciences

The problem of determining the semantic similarity or equivalence of data items across heterogeneous
resources or collections has long been recognized within the geoscience community. In 1967, the U.S.
O�ce of Naval Research and Department of Defense had already a project called TEST (Thesaurus of
Engineering and Scienti�c Terms) [39], the results of which were published by the Engineers Joint Council
(1969) in a book that can still be purchased online. Since then, there have been many e�orts, across many
di�erent science domains, to introduce some level of semantic standardization. These e�orts take many
di�erent approaches and are usually restricted to a fairly narrow scienti�c domain. Some are best described
as Controlled Vocabularies (CVs), while others may be viewed as ontologies or data models.

CVs are essentially lists of standardized labels for object names, quantity or attribute names, and other
terms that are important for a particular scienti�c domain. It provides unique, descriptive, and unam-
biguous labels for the entities that are contained within a given resource, and is simultaneously both
human- and machine-readable. Most of these CVs were designed to be human-readable and have no inten-
tion of being machine-understandable or parsable. Usually, CVs use domain-speci�c jargon and concepts
without further explanation. Many CV initiatives take a fairly unstructured approach, making no e�ort
to categorize terms or break concepts into parts (e.g., objects, quantities, operations, adjectives, etc.). For
example, there may be no distinction made between object names and quantity names, with both appearing
in the same list. Sometimes an object name, like a chemical substance name, is meant to be understood as
a particular quantity of that substance (e.g., mass concentration in water) without this being made explicit,
that is, by relying on a human understanding of the scienti�c context.

9.4.2.1 CUAHSI Variable Names

In the domain of hydrology, the Consortium of Universities for the Advancement of Hydrologic Science,
Inc. (CUAHSI, https://www.cuahsi.org/) Controlled Vocabulary—a set of 13 separate CV [40]—has been
developed for describing quantities measured at a point over time, that is, time series data. One of these
sets is the CUAHSI VariableName; it provides 614 standardized quantity names that support hydrologic
observations. All but 136 of these names are for water chemistry and biota. Like many CVs, these are
very much a work in progress and were designed to be extended by the hydrologic community. However,
CUASHI names in no way span the breadth of quantities used in the domain of hydrology, including very
few names for the hydrology-related disciplines such as snow hydrology, open channel �ow, hydraulics,
in�ltration, evaporation, soil physics, glaciology, and hydrometeorology.

9.4.2.2 NASA Global Change Master Directory

In the geosciences, one of the �rst large e�orts to create a CV began at NASA in 1995 and is
called the NASA Global Change Master Directory (GCMD). The latest version (8.0) of the GCMD
Science Keywords component consists of 2542 entries, organized hierarchically into earth science
domains and subdomains and sometimes ending in a quantity name [41]. The GCMD continues to
be in�uential and was part of the inspiration for the Semantic Web for Earth and Environmental
Terminology (SWEET) ontology [42]. A goal of the SWEET ontology was to further organize earth
science terminology by breaking the terminology used to describe a complex concept or quantity
into distinct parts. For example, using SWEET, the single-string Climate and Forecasting Standard
Name (CFSN) “tendency_of_mole_concentration_of_dissolved_inorganic_phosphorus_in_sea_water_
due_to_biological_processes” is stored as a so-called multi-attribute parameter name:

• Property: mole_concentration
• Science_Processing: tendency (i.e., time derivative)

https://www.cuahsi.org/


186 Large-Scale Machine Learning in the Earth Sciences

• State: dissolved, inorganic
• Substance: phosphorous
• Medium: sea_water
• Process: biological_processes

However, the parts of a speci�c quantity name, which may refer to one or more objects, o�en does not
map neatly to the attribute types available in SWEET. When one considers the wide variety of objects that
can occur in a model or data set and the quantities associated with them, it seems unlikely that a general
set of attribute types can be identi�ed for classifying them beyond the more fundamental attributes of
quantities such as objects, parts of objects, adjectives, base quantities, and mathematical operations.

9.4.2.3 Climate and Forecasting Standard Names

The CFSNs [43] are used in the domain of ocean and atmosphere modeling for labeling output variables
from models that have been saved into NetCDF �les [44]. This set of naming conventions extends and
generalizes the Cooperative Ocean Atmosphere Research Data Service (COARDS) conventions that were
introduced in 1995 [45]. Each name consists of a single string, with words separated by underscores, as
in the previous SWEET example. While there are guidelines, there are no hard and fast rules for con-
structing CFSNs. Some names represent a quantity name while others contain object names, operations,
assumptions, and other semantic constructs. The CFSNs contain terms for quantities that describe the
ocean and atmosphere, along with a limited set of hydrologic terms. There is no intention of adding terms
for other geoscience domains because these are considered out of scope. Although created for the purpose
of uniquely labeling quantities stored in NetCDF �les, the Earth System Modeling Framework (ESMF,
http://www.earthsystemmodeling.org/) uses a subset of these names to support model coupling [46].

While these CFSNs are intended to be unambiguous and support mathematical operations (called trans-
formations in CF, and applied to the whole name), they are not suitable for use as a domain-independent
“lingua franca” for the geosciences. To be speci�c, CFSNs: (1) use domain-speci�c terminology (e.g., “ten-
dency” instead of “time derivative”); (2) have complicated construction guidelines (vs. rules) that are not
applied consistently; (3) do not include provisions for dimensionless numbers, mathematical and physical
constants, empirical parameters, or reference quantities; (4) do not have a natural grouping (e.g., alphabet-
ical) of related names; (5) include assumptions in the name using “assuming”; and (6) have a scope that is
limited to atmosphere and ocean modeling.

There are currently 2514 CFSNs, with 183 new proposed names under review (some since 2010). The
names have been grouped into categories with Atmospheric Chemistry as the largest category with 968
names. However, a large fraction of these result from selectively applying 8–26 quantity name patterns
(e.g., atmosphere mass content of X) to each of about 90 chemical species (e.g., ammonia, benzene, carbon
dioxide, toluene, xylene.) There are 661 names that include the due to construct to identify one possible
source contribution to a given quantity. Other constructs that are meant to capture an assumption are
expressed as, assuming, and excluding and are used in 197 names. Mathematical operations are supported
but are used in very few names, except for tendency of, used in 690 names. Other name categories are
Atmospheric Dynamics (146), Cloud (128), Hydrology (176), Ocean Dynamics (32), Radiation (179), Sea
Ice (64), and Surface (229). The purpose of this summary is not to be overly critical of but rather to clarify
the relatively narrow scope of these names, despite their number and widespread use.

9.4.2.4 Community Service Dynamic Modeling System Standard Names

The Community Service Dynamic Modeling System (CSDMS) Standard Names (CSNs) [47] were intro-
duced in 2013 as an alternative to the CFSN with a somewhat similar purpose but were designed
to overcome many of the shortcomings of the CFSN and of other CVs that are less structured and
domain-speci�c. They were created to solve the semantic mediation problem that arises in the context
of component-based, “plug-and-play” geoscience modeling. Di�erent models—each with its own “inter-
nal vocabulary” of input and output variable names—map these internal variable names to the CSN in a

http://www.earthsystemmodeling.org/


Semantic Interoperability of Long-Tail Geoscience Resources over the Web 187

“hub-and-spoke” approach where CSN serves as a domain-independent lingua franca. Since this mapping
is made by the model developers as a key part of implementing a CSDMS basic model interface (BMI) for
their model, it allows the CSDMS modeling framework to automatically and reliably connect a model that
provides a given variable to other models that wish to use it in their computations.

CSNs are designed to (1) obey speci�c construction rules, (2) be domain independent, (3) be unam-
biguous, (4) distinguish between many di�erent parts of the name, and (5) produce names that are both
human- and machine-readable. Since CSN has structure and is constrained by rules, it provides a con-
cise de�nition for a scienti�c quantity that appears in many CVs such as “heat capacity.” However, “heat
capacity” by itself is ambiguous because there are many di�erent types of heat capacity. Some vocabularies
include the term “speci�c heat capacity,” but this is still ambiguous because it could be either a mass-
speci�c (per unit mass) or volume-speci�c (per unit volume) heat capacity. It also matters whether the
heat capacity is isobaric (associated with a constant pressure) or isochoric (associated with a constant vol-
ume). Only quantity names that clearly specify each of these attributes can be unambiguously mapped
to a speci�c quantity name such as “volume_speci�c_isobaric_heat_capacity.” This example is typical in
that most familiar quantity names require one or more adjectives before they become unambiguous. Other
common examples are compressibility, concentration, density, hardness, latitude, and viscosity.

The CSN conventions are based on a relatively small number of robust rules for constructing unambigu-
ous quantity names that are both human- and machine-readable. Each name is a single string that contains
two main parts: a chain of object names and a speci�c quantity name. The chain of object names begins with
a general or container object, followed by a nested set of “subobjects” or parts of objects and ends with the
speci�c object or object part to which the quantity name part applies (e.g., “automobile_engine_cylinder”).
This leads to a natural alphabetical ordering that puts the di�erent quantities that are used to describe a
particular object close to one another. Each quantity name ends with a base quantity name, which may
be thought of as a quantity type and o�en implies particular units. Both the quantity name and the base
quantity name are drawn from two separated and carefully constructed CVs. Quantity names can also be
pre�xed with one or more mathematical operations, also drawn from a relatively small but robust Con-
trolled Vocabulary, to generate a new quantity name with a narrower scope. Many quantity names consist
of a process name (another CV) paired with a base quantity name, like “melt_volume_�ux.”

CSNs are constructed using �ve special delimiters that make it easy to decompose them into their parts.
The object and quantity parts of names are separated by a double underscore. Separate words in either the
object or quantity part of a name are separated by single underscores, unless the words need to be treated
as a single object, in which case a hyphen is used to bind them, as in “carbon-dioxide.” A tilde character is
used to attach a chain of one or more modi�ers or adjectives to each object or subobject in the object part
of the name. These adjectives are attached to the right of the object name, which contributes to a natural
alphabetical ordering of the names. The ��h delimiter is the word “of,” which appears at the end of every
operation name; this re�ects a human speech pattern and is both human- and machine-parsable. Note
that the object part of a name could include chemical compounds and these sometimes use commas and
apostrophes.

The naming conventions of the CSN have been tested for broad applicability across science domains
and result in names that are easily understood by scientists, but that are also easily machine-parsed with
a simple Python script. Considerable research has gone into building these conventions and making sure
that constructed names are unambiguous and consistent. There are currently over 2500 distinct variable
names. Crosswalks between the CSN and other CVs, including the CFSNs, are being developed as part
of the National Science Foundation (NSF) EarthCube project called Earth System Bridge. In addition to
standardized variable names, the CSN also includes a large collection of standardized assumption names
that can be used to describe and classify models.

Another interesting and ongoing project is Commonwealth Scienti�c and Industrial Research Organi-
zation (CSIRO) Spatial Information Services Stack Vocabulary Service (SISSVoc) [48], which is developing
a Linked Data API for Simple Knowledge Organization System (SKOS) vocabularies. Like the CSNs, there
is a focus on being able to accurately encode multiple names in a standard way as a composition of parts.
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9.4.3 Semantic Annotation

We classi�ed the semantic interoperability between resources over the Web into �ve classes based on
the ability of one resource to programmatically reuse and understand the information model associated
with another resource (Table 9.2). The Interoperable class includes resources that follow global meta-
data standards (e.g., Dublin Core). Reusing this type of resources is straightforward and usually can
be done programmatically. The Semi-Interoperable class de�nes the interoperability between a resource
that follows a global standard and another one that compiles to domain-level standards, henceforth
described as partially-standardized resources. Semantic mediation between the two standards is necessary
to make resources interpretable for each other. The Potential-Interoperable class describes the interop-
erability between two partially-standardized resources, where each resource is de�ned using its domain
concepts and vocabularies. The One-Sided Interoperable class identi�es the interoperability between a
non-standardized resource and another resource that is not supported with metadata, henceforth de�ned
as non-standardized resources. In this class, frequent scientist intervention is required to allow the non-
standardized resource to programmatically interpret and process the partially-standardized resources.
Finally, the Non-Interoperable class groups resources that are not supported with information. While it is
di�cult to quantify the cost that results from the lack of semantic interoperability, we believe it is necessary
to leverage the partially-standardized and non-standardized resources to the standardized class (Table 9.2).

Annotation of Web resources can leverage partially-standardized and non-standardized resources to
the standardized level. Raw hypertext information can be converted into semantic-based information that
is understandable and accessible by remote Web agents. Building this type of information will empower
Web Mining agents to make intelligent decisions such as creating relationships between URIs of resources,
discovering of association rules between resources, and auto-categorization of resources. Thus, knowledge
discovery tools will manipulate semantic annotation to extract useful knowledge, instead of manipulat-
ing the data itself. For instance, using vocabularies from the GeoNames ontology for tagging of images
and videos triggers the development of Geo-miners, which group resources in new geo-collections and
recognize the relationships between users that share the same locations.

Semantic Annotation
A semantic annotation T is a formal annotation that machines can understand based on a de�ned

ontology. It consists of a triple (Ts, Tp, To), where Ts is the annotated subject (a Web resource or one
of its sections), To is the annotating object (ontological term, which is an SN de�ned by reference
ontology), and Tp is the predicate (the annotation relation) that de�nes the type of the relationship
between Ts and To (e.g., Model input).

TABLE 9.2 Classes of Semantic Interoperability among Resources over the Web and the Description of Each Class

Class Description Examples

Interoperable Two scienti�c resources are using global
standard vocabularies to describe their
attributes.

Use of SWEET unit ontology to describe data
or model units.

Semi-interoperable One resource is using global standard
vocabularies, and other is using domain-level
vocabularies.

Water velocity versus the Community Service
Dynamic Modeling System Standard Names
(CSN)a de�nition for stream water velocity.

Potential-Interoperable Both resources are using their domain-level
vocabularies.

Use of temperature to describe water or soil
temperature.

One-sided Interoperable One resource is using domain-level
vocabularies while the other has no
information.

Non-Interoperable Both resources have no information.

a http://csdms.colorado.edu/wiki/CSDMS_Standard_Names.

http://csdms.colorado.edu/wiki/CSDMS_Standard_Names
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Semantic Annotation of a Web resource is de�ned as an association of one or more SNs with a Web
resource. It can describe the content of a resource using an ontology-based annotation, or more pre-
cisely, by inserting pointers to appropriate ontology. Semantic Annotation increases the discoverability
and connectivity of resources by allowing cross-domain annotation; that is, a resource can be annotated
for di�erent purposes using di�erent ontologies and should be retrieved using a common framework. It
prepares resources for reuse and allows Web clients in identifying the contextual relationship among Web
resources. For example, semantic annotation supports Web clients in identifying the contextual spatial rela-
tionship between resources that share the same watershed. Semantic annotation provides a platform for
inference engines and algorithms to process information and discover new facts about resources. Because
many information systems do not provide information about their resources, we have to build tools that
can analyze the data and infer an information pro�le for each resource based on the available ontolo-
gies. Semantic annotation tools are important to generate such information by matching of concepts and
attributes of an ontology to information included in semi-structured data �les such as identi�cation of the
spatial location of a data �le. Generally, automatic analysis of �les is error-prone, but it is the primary key
for harnessing distributed and heterogeneous resources.

9.4.4 Finding and Connecting Scientific Web Resources

A truly vast number of resources are available to scientists on the Web. Unfortunately, it is currently not
easy or straightforward to �nd resources that are relevant to a given problem; even if they are available,
it is hard to connect them together (or “integrate them”) into a functional unit that can be used to solve
the problem of interest. When connecting them is possible, it requires a signi�cant amount of human
time and e�ort by someone who has extensive technical knowledge (e.g., formats, interfaces, etc.) as well
as knowledge of one or more science domains. Much of this work can, in principle, be automated, but
�rst resources must be equipped with standardized information that describes their contents and inter-
faces to make them machine-understandable. Depending on the use case, it may also be necessary for this
information to capture relationships between entities to allow machine reasoning.

It is helpful to think in terms of three major “use cases” that occur when a scientist wants to �nd and
connect resources (whether doing so over the Web or on a local machine). The �rst use case is discovery,
where the scientist is searching for resources that are relevant to a given problem. In this case, seman-
tic technology is required to assess semantic similarity. At a minimum, this requires some thesaurus for
mapping the search terms provided by the user to a set of synonyms and other closely related terms. Word-
Net http://wordnet.princeton.edu/ uses a similar approach, including the conceptual-semantics and lexical
relationships between terms (nouns, verbs, etc.) that are required to create a network of meaningful words
and concepts. One di�culty here is the lack of uniqueness because di�erent people tend to create di�erent
associations and hierarchies in their minds between terms. These may be characterized as “world views”
and their non-uniqueness and personal preference is a major challenge; it can make the underlying database
a source of contention. This contention can be particularly increased, if there is a requirement for concepts
and terms to be organized into a hierarchical, that is, tree-like data structure. One way around this issue is
to use annotation instead of trees, that is, to annotate terms with any number of relevant annotations from
a CV list.

A second major use case is semantic mediation or matching. This arises in the context of connecting
resources, where one resource (e.g., a data set or model) provides some sort of data item and another
resource (e.g., model) needs to use it to perform a calculation. Scientists aim to connect the various
heterogeneous resources needed to solve a given problem in a simple, �exible, “plug-and-play” manner.
The connectivity between resources may be arbitrarily complex, both graph-like and iterated in time.
Moreover, the passing of data between the resources may occur in machine memory (o�en referred to
as “tight coupling”), through a �le I/O or across the Web (“loose coupling”). In this use case the focus
is on semantic equivalence instead of semantic similarity. The resource that wants to ingest data from
another resource has to be assured that it is getting the expected and required data—there is no room
for error or mismatches. This is a very di�erent type of semantic problem than the discovery use case.

http://wordnet.princeton.edu/
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The underlying data structure is required to be in the form of a lookup table that contains pairs of equiv-
alent terms, drawn from di�erent vocabularies. This data structure might be implemented as a Python
dictionary or a SKOS [49] �le, which can express equivalence and di�erent degrees of similarity. The pri-
mary di�culty for this use case is that there are a large number of CVs, as well as “resource-speci�c” or
“internal” vocabularies that may use domain jargon, standard symbols, or abbreviations for the data items.
In addition, a term in one controlled or internal vocabulary may have no counterpart in another vocabu-
lary so that a mapping between them is not even possible. Creating mappings (or lookup tables) between
all possible pairs of controlled (or internal) vocabularies is not scalable or even possible—a fool’s errand.
While RDF allows a resource to expose its internal vocabulary with others as “preferred labels,” there are
no ways to solve the problem of creating accurate semantic mappings between di�erent sets of preferred
labels. The most reasonable, sustainable, and scalable solution to this problem is to identify the semantic
relationships (crosswalks) among CVs using a highly expressive information model, which serves as a lin-
gua franca. This is the approach that is being pursued by the CSNs [47], and signi�cant progress has been
made in the context of model coupling.

A third major use case can be described as knowledge representation, which is used to enable machine
reasoning. This is the most challenging of the three cases, because it depends on capturing many di�er-
ent types of relationships (functional, hierarchical, semantic, etc.) between terms. Children are �rst taught
the names of things in the world—a set of unique labels or identi�ers in their native language. They are
later taught how those things relate to one another, for example, “dogs chase cats,” “dogs chase cars,” “cats
eat birds,” and “men may have beards.” Note that objects are nouns and the things that objects can do, as
well as the relationships that can exist between objects, are expressed as verbs (or more technically, predi-
cates). The number of relationships between things is far larger than the number of individual things. Given
enough pairwise relationships between things, it becomes possible to perform chains of reasoning on their
relationships. Reasoning computes the relationships between things such as “part of,” “synonymous,” and
“specialization of.” The SW initiative uses Description Logic, which captures the terminological relation-
ships between things as assertions. This is similar to how mathematicians use deductive reasoning, chaining
together lemmas and theorems to create proofs for new assertions.

9.4.5 Semantic Knowledge Discovery

Knowledge discovery seeks to extract implicit and uncover potentially useful information from a standard-
ized collection of data using Machine Learning and Data Mining techniques [50,51]. Knowledge discovery
is traditionally used for analysis of large amounts of data or the information associated with these data to
recognize unknown patterns and identify new relationships among data sets. Mining resources over the
SW may start o� in one collection of resources, and navigate using the connections between resources to
end up in a di�erent collection. Building a semantic knowledge discovery approach is one layer above the
information retrieval mechanisms that is used by search engines [31]. In semantic knowledge discovery,
search engines have to be connected with databases and knowledge bases, which include domain ontologies
and the logic rules required to discover patterns, trends, and dependencies between resources. In addition,
the query statement has to be analyzed both syntactically and semantically to retrieve the Web results that
are more relevant to the user’s query. Knowledge discovery techniques have been successfully applied not
only to structured data, that is, databases, but also to semi-structured and unstructured data including text,
graphs, images, and video [52]. For example, in the digital library community, knowledge discovery meth-
ods have been used to identify the coauthorship network by parsing the social graph of the scientists to
identify the common publication between authors and their scienti�c interests. Therefore, using the same
analogy of combining the knowledge discovery techniques with prede�ned logic rules can improve the
interoperability among geoscience resources, that is, build the SW.

Semantic heterogeneity represents one of the primary challenges in Federated Information Retrieval
(FIR) systems [53]. Currently, there are billions of triples (relationships) of data publicly available in the
Web [54]. Although centralized databases can be used to collect and query large volumes of Web data, this
approach requires signi�cant disk space, dynamic synchronization between distributed data prepositions
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and a central repository, as well as optimization for the query statements [55]. FIR is considered a primary
alternative for centralized databases [56]. It can exploit multiple disparate information systems with one
query. An FIR system provides a single endpoint to multiple information resources and returns the related
data in a standard and homogeneous format. It consists of a three-tier approach with independent partic-
ipants constituting the back end. An information catalog or schema is used to act as a mediator between
the user’s query and the participant information systems. Users interact with the FIR system through an
interface, which could be an HTML form or a Web service, that is, front end.

Leveraging the crosswalks or semantic relationships between SNs in the FIR mechanism can enhance
the search capabilities of the FIR systems [57]. Precisely, using the crosswalks between SNs can help in
semantic mediation between the SNs that a user provides in a query argument and the SN used to annotate
a resource in its information system. Development of this approach requires the annotation of domain
ontologies with their semantic relationships with related ontologies across domain boundaries. SKOS
ontology provides the information model required to link and manage the SN through the SW [58]. In
this context, ontologies can be considered another resource that should be searched during the FIR pro-
cess. The federated search engine has to query the related ontologies to retrieve a list of semantically linked
SNs. A fundamental limit of this approach is the absence of precise and robust crosswalks between domain
ontologies due to the need for collaboration among scientists of related domains to build these semantic
relationships.

9.5 Geosemantic Framework

In this section, we introduce the Geosemantic framework, which provides a set of Web services to support
semantic interoperability among geoscience resources including data, models, and SNs. The Geosemantic
framework is intended to enable structured information to �ow between resources without violation of its
meaning in order to achieve better semantic interoperability. It provides methods to enrich, share, link, and
evaluate the information associated with individual resources. The Geosemantic framework adopts the
Linked Data and RESTFul microservices approaches to advance the interoperability of distributed geo-
science resources. The Linked Data approach is used for linking resources at Web scale that are easier
to parse by independent data and model providers. It allows di�erent providers (servers) to continue to
use local de�nitions while still providing a way for consumers (clients) to ingest information from vari-
ous sources. RESTFul Web services provide a resource-oriented architecture using standard and common
interfaces that are highly compatible with Linked Data. Combining both approaches simpli�es the task
of contributing new functionality to the scienti�c community with the goal that development cycles can
be shortened, and the number of people contributing to it can easily increase beyond individual teams.
Instead of one monolithic solution, a distributed and nimble solution has the potential to result in steady
growth created by the community, not unlike that of the Internet over the past 30 years.

9.5.1 Overview of Functionalities

The framework considers semantic annotation with standards and CVs as the primary approach to
enrich the semantics of partially-standardized and non-standardized resources (Figure 9.5). In the Geose-
mantic framework, semantic annotation considers two categories: (1) user-based annotations, where a
user in any data management environment chooses the annotating object (To) and annotation pred-
icate (Tp) from the framework’s knowledge base to annotate a subject (Ts), and (2) automatic anno-
tation, which is suitable for �les that have a known structure and information about its content in
the human-based format (e.g., ASCII and tabular data �les). In automatic annotation, the information
is extracted from the document, mapped to a suitable standard, then shared using the Linked Data
format.

The Geosemantics framework provides semantic alignment services between the information pro�le
associated with resources for data synthesis, model and data integration, as well as models coupling. This
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FIGURE 9.5 (See color insert.) High-level architecture of the Geosemantic framework. The framework uses micro
services architecture and provides each service as an endpoint through a RESTFul API. KIS ingests standards and can
annotate them back. A unique endpoint is provided for each registered standard. The Logic Ingestion component infers
the relationships among registered standards. Reasoning among ingested standards is based on the Jena Reasoners and
Rules Engine. The Semantic Processing component handles the requests to the knowledge base and the communication
among micro services.

alignment is used to programmatically perform the semantic mediation and matching between resources
that are supposed to interact, such as models, as well as model and data integration. The semantic align-
ment checks the consistency between the information pro�le associated with two resources and provides
the conversion tools required to map the source pro�le to the target pro�le. Semantic alignment maps
the �elds and values that are related to space, time, �le format, variable names, and unit attributes of
resources.

Another key functionality of the framework is to allow semantic linkage between SNs by annotat-
ing their relationship based on SKOS Ontology. Cross-domain interoperability requires the presence of
links, which map the relationship between terms of SNs, such as the relationship between CUASHI: rain-
fall and CSN: precipitation. The Geosemantic framework developed an information system to represent
each SN as a single unique Web entity and describe its attributes including the SNs’ relationships with
other SNs. This information system supports semantic mediation across domain-speci�c vocabularies.
Each SN is indexed by an HTTP URL (Linked Data essential rule), has its HTML page that displays its
attributes, and facilitates the visual navigation among related SNs. The framework provides a RESTFul API
(http://hcgs.ncsa.illinois.edu/skosmos), which relies on the Skosmos controlled vocabulary browser [59]
to enable a programmatic search across and retrieval of the information pro�les associated with the SN.
This information system allows navigation among domain-speci�c vocabularies, advances the program-
matic search capabilities for SNs, and provides a structured display of concept hierarchies. In addition, it
provides the technology required for building a multilingual user interface.

http://hcgs.ncsa.illinois.edu/skosmos
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Scientists’ intervention is essential to evaluate and ensure the quality of the SNs and their links. The
Geosemantic framework does not provide a new user interface to de�ne and edit standard vocabularies
and their connections, but it relies on existing tools (e.g., [60,61]) to help scientists to build the crosswalks
between SNs. For users with experience in information systems, the Protégé (http://protege.stanford.edu/)
or NeOn (http://www.neon-project.org) ontology editors could be used to de�ne ontologies on the desk-
top and then manually upload them to the Geosemantics knowledge base. But, these tools are suitable
for information experts and do not keep track of the changes in the knowledge base. In addition, to
provide a semantic collaborative environment for users to link standard vocabularies and create new
terms, the framework includes a Geosemantics Wiki, which is an extension of the Semantic MediaWiki
(https://semantic-mediawiki.org/), to incorporate ontologies that are registered in the knowledge base of
the Geosemantic framework. The Geosemantics Wiki is an easy-to-use, low-learning curve interface for
users to produce, share, and track semantic annotations.

Technically, the design of the framework is constrained by the objectives of maximizing the framework
�exibility to adopt new technologies and its scalability to serve a broad range of geoscience communities.
Provision of well-de�ned interfaces (e.g., APIs and standardized Web service interfaces) is required to
allow third parties to embed Geosemantics Web services in their applications. The framework can use and
integrate ontologies and thesauruses of standard vocabularies regardless of their serialization language to
decrease the dependency on domain-level solutions and ensure the capability of the framework to ingest
new standards. The framework components are loosely coupled; that is, components can be interconnected
without the need to change their contents. Scientists will be able to use existing services or plug in a new
service with additional functionality. The framework considers the scalability issues from the following
aspects: type and amount of resources required for knowledge discovery, and the size and granularity level
of their meta-information.

9.5.2 Architecture

The Geosemantic framework has been designed to address the previously mentioned functionalities, par-
ticularly annotating, integrating, and reasoning about the integration of geoscience resources. It aims
to close the semantic loop among data, models, and SNs. The framework serves three types of Web
clients: data management, model coupling framework, and SN clients. A basic assumption for the frame-
work is the availability of resources over the Web. Although this might not yet be the case for all data
and models, many initiatives in the geoscience communities are allowing publication of their resources
or moving toward using the Web as an environment for publishing and integrating disparate resources
(e.g., [17,62–65]).

The Geosemantic framework is a set of RESTFul Web services using JSON-LD data format for the body
of the service calls. The current version has been implemented using the Play Web application framework
[66] and the Apache Jena middleware [67]. Play provides a lightweight server for applications written in
Java and Scala, a complete RESTFul API supporting all standard HTTP actions, and Web session man-
agement. Jython [68], an implementation of Python over the Java Virtual Machine, is used to provide the
extensibility required to include scripts written in Python into a Java environment. Jena provides libraries
to manipulate RDF triples, serialize and desteriliaze JSON-LD, and reason on the relationships among RDF
triples using logic rules.

Figure 9.5 shows the general architecture of the Geosemantic framework and illustrates the information
�ow from the distributed knowledge sources, through the framework, and to its clients. The architecture
is made of three building blocks (each block may include one or more component): a knowledge base,
three sets of services, and a pipeline for simple reasoning and manipulation of the RDF triples going into
the knowledge base. The knowledge base stores the URIs of registered elements as graph nodes and can
create URIs for the elements that are not serviced. Entities from the distributed ontologies are loaded in the
knowledge base. The pipeline ensures the consistency of information �ow in the framework. The service
layer provides interfaces for humans and machines to the underneath components of the framework. Each

http://protege.stanford.edu/
http://www.neon-project.org
https://semantic-mediawiki.org/
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service represents a standalone set of functions implemented as RESTFul Web service endpoints that can
be used individually or combined in a work�ow.

9.5.2.1 Knowledge Base

The Geosemantic framework uses a corpus of ontologies that are de�ned in its knowledge base. The
Apache Jena Tuple DataBase (Jena TDB) is used as a persistent RDF graph storage for the framework.
Jena TDB is a high-performance RDF store and is compatible with the Jena SPARQL query engine. The
knowledge base level provides a triple store for storing meta-information of ontologies and list of the
registered SNs. The backbone ontology of the knowledge base, that is, upper level, consists of the three
main classes Space, Time, and Variable. The Space and Time classes use vocabularies from W3C Geospatial
ontologies (http://www.w3.org/2005/Incubator/geo/XGR-geo-ont-20071023/) and W3C Time ontology,
(http://www.w3.org/TR/owl-time/) respectively. The Variable class de�nes the SNs and their semantic
relationships according to SKOS ontology.

9.5.2.2 Knowledge Management Pipeline

The knowledge management pipeline consists of four components that are responsible for handling the
ontologies used by the framework. First, the ontologies are stored in the register, a catalog for storing
a URI of an ontology and the related query statement that is required to retrieve information from the
ontology. For example, the CSNs’ ontology URI is stored in the register with its related query statement,
which is required to retrieve the SN entities and not the whole ontology. The Register allows mutual
information exchange between the Ontology namespace and the knowledge base of the framework. Second,
the Logic ingestion component ingests the semantic links that are established between SNs and checks their
consistency based on the SKOS ontology. It updates the Knowledge Integration Services (KIS) with the
semantic links associated with each SN to annotate its information pro�le. Third, a reasoner is built on top
of the Jena reasoner and rule engines to allow the semantic reasoner in the discovery of resources and the
alignment of their information pro�les. The reasoner validates and asserts facts about the ontologies stored
in the knowledge base using �rst-order logic reasoning. In addition, the reasoner is responsible for the
semantic knowledge discovery by issuing sophisticated queries that inject the knowledge graph associated
with an SN in the query statement. Finally, the semantic processor harvests the knowledge base to provide
functions for semantic mediation, SPARQL query, semantic similarity, and composition of RDF tags.

9.5.2.3 Services Layer

A full documentation of each service with example applications is available at (http://geosemantics.
hydrocomplexity.net). Figure 9.6 illustrates an example of using the microservice responsible for retrieving
SNs that match a user input such as wind speed by searching across register ontologies. The framework’s
services are designed to use a shared knowledge base. This approach minimizes the number of endpoints
required for communication and provides a simpler API for each service. Each service is composed of
a set of microservices that can be executed alone or in a work�ow. The Semantic Annotation Services
(SAS) annotates resources with their spatiotemporal context, variable, and provenance relationships, either
by running automatic extractors based on the data �les’ MIME type (e.g., GeoTIFF and CSV types) or
by providing an interactive interface for manual annotation. SAS is currently deployed in the Clowder
data management system (https://clowder.ncsa.illinois.edu), which a is scalable data repository for shar-
ing, organizing, and analyzing long-tail data. Clowder serves as a backbone for many NSF-funded projects
such as Sustainable Environmental Actionable Data http://sead-data.net/), Intensively Managed Landscape
Critical Zone Observatory data management system http://data.imlczo.org/geodashboard/), and the Great
Lakes Monitoring system (https://greatlakesmonitoring.org/geodashboard/).

The Resource Alignment Service (RAS) is a set of microservices used to align the data with the require-
ments of a model using the semantic annotations available on both resources. When the KIS returns a
partial match between model requirements and data, the RAS attempts to �nd a path between the current
data �le and the required data �le. For example, in the case of temporal realignment, the RAS could

http://www.w3.org/2005/Incubator/geo/XGR-geo-ont-20071023/
http://www.w3.org/TR/owl-time/
http://geosemantics.hydrocomplexity.net
http://geosemantics.hydrocomplexity.net
https://clowder.ncsa.illinois.edu
http://sead-data.net/
http://data.imlczo.org/geodashboard/
https://greatlakesmonitoring.org/geodashboard/
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GET  /hcgs/sas/vars/list?term=wind+speed  HTTP/1.1
Host:  hcgs.ncsa.illinois.edu
Accept:   */*

HTTP/1.1 200 OK
Vary:  Accept
Content-Type:  application/json

 {
    "@context" : [
"odm2" : “http://vocabulary.odm2.org/variablename”,
"csn" : “http://csdm.colorado.edu/wiki/CSN_Searchable_List
   ],
"variableName" :{
             "csn:earth_surface_wind__range_of_speed",
             "csn:land_surface_wind__reference_height_speed",
             "csn:land_surface_wind__speed_reference_height",
             "csn:projectile_origin_wind__speed"
             "odm2:windGustSpeed",
             "odm2:windSpeed"

}
}

GET /hcgs/sas/vars/list

Synopsis: Searches for variable names across all the stored graphs 
containing the given keywords and returns the results in JSON-LD format. 

Query Parameters: 
• term (string) – keywords separated by the character “+.”

Example request

Example response

FIGURE 9.6 Excerpts from the Semantic Annotation Services (SAS) illustrating the request and response for the
microservice vars, which is responsible for retrieving Standard Names that matches the request’s argument received
from a user.

interpolate data at minutes interval to data at hourly interval using temporal interpolation algorithms such
as linear. RAS minimizes heterogeneity between data storage format and the format required by a model
(e.g., converting from NetCDF to geoTiFF) by leveraging the Brown Dog services [69] for the �le format
conversions. Building an extensive list of alignment services that covers most common cases is not a trivial
task that requires the collaboration of the community to turn their tools into standard services and make
them available for the community. We have begun prototyping speci�c algorithms for the most common
cases.

The KIS is used to ingest and register the SN with the framework’s knowledge base. It collects meta-
information about ontologies and feeds this information to the Reasoner and Logic Ingestion components.
This service is supported by providing an API for external resources to register information about how
to access such services. This information is stored in the knowledge base. The knowledge discovery API
responds to four query types: (1) given a data source what models are compatible with it, (2) given a model
resource what data sources are compatible with it, (3) given a model resource what other models can be
coupled with it, and (4) given a data source what other data sources are related to it. Using the Jena generic
rule reasoner and a set of rules built around the SKOS exactMatch predicate, an inference model of the
original semantic annotations on both models and data is created at query time. These inference models

http://vocabulary.odm2.org/variablename%E2%80%9D
http://csdm.colorado.edu/wiki/CSN_Searchable_List
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include derived links between variables that can lead to matches between models and data that would not
have been present in the original data model. Similar to the federated query approach, when the data is not
present in the knowledge base, the KIS queries external sources, such as the Clowder data management
system, for data that matches a set of annotations derived from the inference model. In the case of multiple
results for the derived annotations, the KIS merges the lists of results by taking the union of the results
based on the SKOS exact match rules and the intersection of the query parameters originally speci�ed.

All services are written to be stateless to make it easier to deploy multiple instances of each next to each
other and allow easy horizontal scalability. The NGINX Web server (http://nginx.org/) is deployed as a
proxy in front of each service to load balance across multiple instances of the services. As client tra�c
increases, more instances can be added to the pool to service a greater load. All resources are universally
identi�ed using URLs so that di�erent instances of each service can be maintained and crosswalks between
di�erent instances maintained by di�erent communities are still valid. This places the burden of scaling on
distributed instances instead of a centralized one. The RESTFul and Linked Data approaches support a dis-
tributed approach similar to that of the World Wide Web. Although we are currently the only maintainers of
a set of these services, the long-term goal is to encourage speci�c communities to deploy speci�c instances
maintaining resources relevant to each community and links to related instances.
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Network view to stressors, stressed, and impacted systems
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FIGURE 1.2 A multilayered and uni�ed framework can represent the coupled system where (a) climate change
and weather or hydrological extremes are the stressors; (b) interdependent lifeline and environmental systems are the
stressed systems; and (c) social networks of communities and regions are the impacted systems. This representation
enables a uni�ed quantitative framework, but particular instantiations of this network are necessary and su�cient to
answer speci�c questions.



Network Technology Stack
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FIGURE 1.4 Complex network-based technology stack in combination with sensor and data engineering, computa-
tional process models, and data science methods can potentially serve as a uni�ed framework to meet these challenges.
Tools to model single and interdependent networks come from network science and contribute to insights for the life-
lines and ecosystems. Since all the three systems—stressors, stressed, and impacted systems—share common attributes
of correlation and interdependence, fundamental network science breakthroughs and state of the art leads to novel
adaptations or (in some cases) customization and then onward to new science or engineering insights.
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FIGURE 3.2 The MRF extended over space.

FIGURE 3.4 The NTCM algorithm with Learn-α running on each region and spatial in�uence between the regions.



Statistical Downscaling Process for Regression

Covariate selection
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FIGURE 4.2 The process of statistical downscaling for regression has four steps. (1) Data collection and splitting data
into training and test sets; (2) covariate selection via various methods (no covariate selection is possible); (3) train a
statistical model; (4) using the trained model and hold-out data validate using multiple statistical measures. Validation
can be done on both historical and projected data.
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FIGURE 5.1 Correlative model based on current observations in combination with temperature and precipitation
levels. Observations are typically binary valued (presence or nonpresence), while environmental variables may be con-
tinuous. Correlative models identify correlations between current observations and environmental values. Darker hues
indicate larger values.
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FIGURE 5.2 Correlative models use as input current observations and environmental factors in geographical space,
combining them in environmental space to generate predictions. These predictions are then transformed back to
geographical space for interpretation.
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FIGURE 6.3 Visualization of the three-dimensional updra� and downdra� objects. The lower le� panel shows the
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composite also includes re�ectivity. The triangles in the horizontal composites indicate locations of strong vortices
(described in Section 6.4.2).
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FIGURE8.2 Study area: FCC of a part of San Francisco city. Zoomed image of the urban area (marked with rectangles
in inset) shows mixing of substrate with vegetation, roads, shadow, and dark objects.
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FIGURE 8.6 Pearson product–moment correlation coe�cient (cc) and RMSE (secondary Y-axis) between abun-
dance values obtained from the eight constrained algorithms and true abundances at di�erent levels of noise. (X-axis:
Noise variance.) NCLS, nonnegative constrained least squares; NCLS, normalized nonnegative constrained least
squares; RMSE, root mean square error.
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