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Abstract

Methods for Earth System Analysis in the West African Sahel:
Land Cover and Climate Through Computational and Applied Sciences

by
Mollie M. Van Gordon
Doctor of Philosophy in Geography
Designated Emphasis in Computational Science and Engineering
University of California, Berkeley

Associate Professor Laurel Larsen, Chair

Precipitation and land cover in the West African Sahel have changed dramatically over the
past 50 years. Region-wide data on land cover change in the Sahel, however, have been
sparse or unreliable. I present a new 30 meter 2000-2016 annual resolution land cover
dataset for the West African Sahel. The product is built from hand-classified land cover
maps using random forest machine learning methods with Landsat, precipitation, and
topography features. The resulting maps confirm the widespread extensification of
agriculture in the region over this time period. Contrary to the common narrative of
desertification, this increase in agriculture has not been accompanied by an increase in bare
soil or sandy area. Land cover change volatility is shown to be spatially heterogeneous, both
at local and regional scales. In addition to the new land cover dataset, I present spatial and
temporal analyses of precipitation during the recent years of increased variability in the West
African Sahel. I examine seasonal trends, interannual variability, and differences among
datasets representing precipitation in the Sahel. Region-wide spatial organization of
precipitation is identified using the self-organizing mapping pattern recognition technique.
The number of days spent in the monsoon transition period is strongly negatively correlated
with annual precipitation anomaly” indicating a tradeoff with the peak monsoon period, a
result that supports the upped-ante hypothesis of precipitation in the Sahel.
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Introduction.

My first experience in West Africa was in 2008. I studied reforestry efforts in Burkina Faso
across scales: community organizations, local NGOs, national programs, multilateral
development projects. In the ten years since, I have worked in the region in different
capacities and in different sectors. These have included: grant proposal writing and grant
management for water, sanitation, and hygiene projects; serving as a consultant on women’s
reproductive health projects; and most recently my work has been climate, land cover, and
hydrology research. My collaborations have included local, national, regional, and
international organizations.

The context, relationships, and experience I've gained along the way are invaluable to what I
do, no matter the sector or geographic location. The work presented herein as the
culmination of my graduate studies is fundamentally shaped by and rooted in West Africa. It
is also, by design, a development of flexible and adaptable methods and perspectives
applicable to many different questions, regions, and disciplines. My work and my
perspectives are concurrently informed by active attention on the dynamic contexts, politics,
and impacts of my science.

Background

Both land cover and climate in the West African Sahel have been sites of interaction,
negotiation and contention since at least the early colonial era. These are arenas where
science, development, and natural resource management all play a role. The concepts of
drought, desertification and deforestation have been powerful narratives in the region,
influencing colonial practices, national policies and international development efforts.

For the entirety of the 20th century, desertification has been a dominant narrative of past,
current, and potential changes in climate, vegetation, and soil in the West African Sahel.
Although there is no universal definition of desertification, the general idea is that the
environment of the Sahel is becoming dryer, there is a trend toward less precipitation and
reduced availability of surface moisture, and a reduction in vegetation that requires more
water to thrive. This narrative is accompanied by a sense that the soil is becoming less fertile,
less able to support vegetation and agriculture. The concept of desertification also expands
beyond the purely physical characteristics of a landscape.

From its inception, the desertification narrative has held that land use and land management
by humans, and particularly local people, are critical causal factors in the perceived or
asserted trend toward environmental destruction or degradation. Human activity is seen as

the driver behind the destruction of fragile dryland environments, and the changes are
vii



conceptualized as drastic and potentially irreversible. The relationships between human
activity and the landscape is in reality much more nuanced and variable. In some areas, like
the W Biosphere Reserve in Benin, the land use visions of agriculturalists, pastoralists and
land managers have been at odds (Tamou et al. 2018). In the Maradi and Zinder regions of
Niger and elsewhere, agricultural changes have been associated with restoration and
increased tree growth (Boubacar 2016; Sendzimir et al. 2011). In northern Burkina, zai pits
and stone bunds have been successful agricultural practices for the management of rainfall
runoff (Roose et al. 2010).

In the later half of the 20th century, there was a shift in desertification discourse to include
climate change as a causal factor. The 1994 convention text of the United Nations
Conference to Combat Desertification (UNCCD) states: “Desertification is land degradation
in arid, semi-arid and sub-humid areas resulting from various factors, including climatic
variations and human activities.” (UNCCD 1994). This institutionalization of the concept of
desertification is vague enough to be all empassing, and available to be shaped for different
contexts and different applications. This flexibility makes it a powerful concept in the
political sphere, but hard to grapple with in a scientific or analytical context.

Although desertification of the Sahel has long been rejected by the scientific community, the
narrative persists. Desertification, to the extent that it evokes visions of vegetation turning
into dust and the sands of the Sahara marching southward, does not accurately describe
observed land cover change in the Sahel (Behnke & Mortimore, eds. 2016; Mortimore 1989;
Thomas & Middleton 1994; Warren & Agnew 1988; Swift 1996). Further, while
desertification discourse tends to cast drylands as fragile vulnerable environments, current
literature does not clearly support that hypothesis. (Behnke & Mortimore, eds. 2016;
Shanahan 20106).

In recent decades, degradation has gained in popularity as an alternative or additional
framework of land cover change. Where the desertification narrative envisions drastic step
changes in land cover, the degradation approach captures a wider array of possible land
cover dynamics. In the degradation framework, multi-directional, multi-dimensional, and
more subtle land cover change is possible. Relevant characteristics for this conceptualization
of land cover change include vegetation population distributions, hydrology, and land
management practice. The valuation of land cover characteristics is of course subjective.
Different agenda—for example ecosystem preservation or restoration, biofuel production,
maximal agricultural yield, and pasture suitability—impose different criteria for optimal
versus degraded land cover.

Recent debates over observations of regreening in the Sahel illustrate the significance of
these finer grained understandings land cover change. As annual regional rainfall has been

increasing in the past few decades after severe drought in the 1970s and 80s, satellite data for
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the Sahel has begun to show an increase in spectral indicators of vegetation. In many of
these cases, however, co-located field studies do not find evidence of increasing vegetation
(Herrmann & Sop 2016). This has generated an active debate on the significance of the
contradictory observations. Studies increasingly support the idea that satellite detection of
recent greening in the Sahel is related to herbaceous biomass, while woody vegetation has
not exhibited an increase in prevalence (Spiekermann et al 2015; Brandt et al. 2017;
Herrmann & Tappan 2013; Herrmann & Sop 2016). This distinction affects, for example,
the suitability of the land for grazing. The potential roles and effects of anthropogenic land
management are likewise an open topic of study (Bégué et al. 2011; Hiernaux et al. 2009;
Olsson et al. 2005).

Degradation as a framework for understanding land cover change is an advance over
desertification. Degradation, with its finer grained conceptualization of land cover change,
allows a more nuanced understanding of land cover change, which can be used for a wider
array of priorities (e.g. yield for food production). Relative to the desertification framework,
degradation is less all-or-nothing alarmist, less threatening impending catastrophic and
irreversible crisis. While not necessitated, the degradation framework can be more focused
on farmer and land manager agency, although degradation frameworks tend to be still
prejudiced against local land users as destructive. Nonetheless, for complex understandings
of the landscape, such as in the regreening debate, neither desertification or degradation are
sufficient frameworks.

Origins of Desertification

Desertification, a concept now well-entrenched at the global scale, traces its lineage back to
European desiccation theory (Davis 2016). In the late 17th and early 18th centuries, western
writers such as Edmund Halley (b.1656; d.1742), John Woodward (b.1665; d.1728), and
Stephen Hales (b.1677; d.1761) developed the desiccation theory of land cover change (e.g.
Woodward 1699). The theory suggested that the aridity of a landscape is causally connected
to its level of vegetation. Land cover could be moved in either direction along a moisture

gradient by forest management: deforestation led to aridification; afforestation to
humidification (Grove 1996).

While early desiccation writing generally promoted the agricultural and health benefits of
deforestation, this began to change toward the end of the 1700s (Davis 2016). In the 1760s
and 70s, influential writing from colonial officials working in the tropics began to focus on
deforestation as a threat to habitability and vitality (Grove 1996, 1997). Pierre Poivre (b.1719;
d.1786) and Joseph Banks (b.1743; d.1820) were among those to warn that the lush Edenic
environments of tropical islands could be lost to uninhabitable desert conditions under
deforestation and overgrazing (e.g. Poivre 1797).



Western approaches to land management in the 18th and 19th centuries were further shaped
by increasing capitalism, economic liberalization, and the agricultural improvement
movement (Davis 2016). The growing agricultural improvement movement demanded a
shift in the usage and governance of the commons. Peripheral lands managed in the
commons, once considered a productive form of land use, became underutilized spaces, lost
agricultural potential, and viewed as susceptible to misuse and degradation (Goldstein 2013).
Proponents of the agricultural improvement movement in France worked for decades to
change domestic land use and tenure rights, campaigning on the vilification of pastoral
livelihoods, said to be hastening the demise of productive land by means of poor
management and overgrazing. The prolonged battle for enclosure of the commons that
played out in France over the 19th century left a widespread discourse of degradation,
deforestation, overgrazing, and desiccation (Davis 2007; Whited 2000).

These domestic conceptualizations of landscape and land use were transferred to French
colonial governance. Land cover types in the region were interpreted by Europeans, in lieu
of historical data, in accordance with the imposed idea that the grasslands had once been full
of dense forest (Benjaminsen 2016). These grassland ecosystems were labeled “derived
savanna,” that is, degraded from their “natural” forest climax vegetation (Fairhead & Leach
1998; Clements 1916). The French colonial forester Louis Lavauden, in his 1927 “Les Forets
du Sahara,” simultaneously coined the term “desertification” and ascribed the phenomenon
to the ill-effects of nomadic people of the Sahara and the overgrazing by their animals
(Lavauden 1927). Deforestation was often attributed to local agriculturalists and pastoralists,
and colonial forest management and preservation governance served to dispossess local
people of access to land and resources (Fairhead & Leach 1998). These coercive colonial
policies carried through after independence in national environmental protection strategies
(Boubacar 2010).

Desertification in Development Discourse

In the 1970s, the severe drought in West Africa brought widespread use and
institutionalization of desertification language to national and international contexts. During
the 1980s, however, climate change and biodiversity began to eclipse desertification as a
priority concern for international development efforts. The creation of the UNCCD was
seen by some as a concession made to African countries rather than a global commitment to
the issue of desertification (Toulmin & Brock 2016). The UNCCD, ratified in 1996, holds a
conference of the parties (COP) every two years to review progress. Their rhetoric supports
local decentralized approaches, but program implementation is accomplished via National
Action Programmes. The funding mechanism for the UNCCD, the “Global Mechanism,”
channels existing funding only. Any new funding comes through the Global Environment
Facility, but there desertification projects are relatively underfunded compared to competing
projects for biodiversity and climate change. As a result, project funding often comes from
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outside programs, such as the World Bank Sustainable Land Management Program
(Toulmin & Brock 2016). Global attention, visibility, and narrative are of particular
importance for the ability to secure funding for desertification projects.

Regardless, desertification remains embedded in the missions—and names—of international
and regional cross-cutting institutions that exist based on the concept of desertification, such
as the UNCCD and the Permanent Interstate Committee for drought control in the Sahel
(CILSS). The institutionalization and fundamental embeddedness of desertification language
within organizations working on land cover management and change constrains the
flexibility to reconsider other land cover change narratives. In national and regional levels as
well, desertification features prominently but is positioned in relation to drought and climate
change issues. The close connections with international mechanisms are evident in the
language incorporated into national policy documents. Niget’s environmental management
strategy, for example, echoes verbatim the definition of desertification used in the UNCCD
(Boubacar 2016). In the most recent decades, desertification discourse has been coupled with
the spectors of conflict, terrorism, and mass-migration. The Great Green Wall project was
launched in 2007 by the African Union and supported by the European Union and the Food
and Agriculture Organization of the United Nations (FAO). In its original conception, the
project endeavored to plant a wall of trees across the continent east to west to fend off the
advance of the Sahara desert (UNCCD 2016). The project was relaunched in 2013, backed
by the UNCCD and the World Bank. The current semantics of the project emphasize
reforestation benefits, including: “Growing a reason to stay to help break the cycle of
migration” and “Growing a symbol of peace in countries where conflict continues to
displace communities” (UNCCD 2016).

Overview

CILSS is the parent organization to a number of regional research institutes, including the
regional center for research on agriculture, hydrology, and meteorology (AGRHYMET).
Early in my graduate school career I found my way to Niamey, Niger to visit the institute.
My conversations with researchers there about their work, progress and challenges were the
germination of the land use land cover dataset presented in the first chapter. The dataset
covers the West African Sahel at 30m resolution over the years 2000 to 2016, more than an
order of magnitude increase in the land cover data available for land managers and
decision-makers in the region. One of the tenets of my approach to science is the
importance of applied research, and I embarked on this project in service of that goal.
Knowing what questions to tackle required asking scientists in the region about the work
already in progress. This kind of seeking and listening is crucial for producing useful, usable
research.
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I follow the presentation of the land use land cover dataset with details of its methodology
development process. This work produced insights on spatial scale and factors affecting
algorithm choice for machine learning classification of land cover from remote sensing data.
Opening the methodology of the dataset to review, critique and adaptation promotes open
science, strengthens the science itself, and fosters ethical, equitable research practices. I go
on to lay out, in the service of open and collective effort, routes for future improvements of
the dataset and methodology. Open presentation of possibilities for future work paves the
way for continuing and nascent collaborations. Currently, development of the dataset is
ongoing with collaborators at NASA and AGRHYMET. Further advances will be shaped by
the involvement and ownership taken by scientists who are in and from the regions of study.
I proceed from the land cover dataset and its methods to a demonstration of possibilities for
rethinking approaches to spatio-temporal precipitation dynamics from a complex systems
perspective. Exploring whether and how precipitation systems give rise to seasonal
characteristics and trends provides an opportunity to explore inductive pattern recognition
techniques and to question the representations of various precipitation datasets.

My portfolio of projects is, broadly speaking, an exploration of innovative methods,
methods intended to offer new approaches to previously intractable questions. The
interconnectedness of land cover, climate, humans, governance and science is a driving
concept behind the work of this dissertation. In short: Chapter One presents a new 30 meter
annual land use land cover dataset for the West African Sahel; Chapter Two discusses in
more detail the methodology used to create the dataset and the insights gained in the
process; Chapter Three describes promising directions and next steps for ongoing
development of the land cover dataset; Chapter Four investigates precipitation dynamics in
West Africa across spatial scales. Pattern recognition techniques are used to link synoptic
scale regional precipitation patterns to annual rainfall characteristics; spatial organization of
seasonal rainfall trends are compared across precipitation data products. Concluding remarks
address some of the institutional contexts with which this research interacts and offer an
alternative to the desertification narrative that has dominated discourse about land cover
change in the region.
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Chapter One.

A New High-Resolution LULC
Dataset for West Africa

Building on visually classified maps

Introduction

This chapter presents a regionally-calibrated 30 m annual resolution (2000-2016) land use
land cover (LULC) dataset for West Africa. Both the spatial and temporal resolution of this
new dataset represent significant improvement over previously available LULC data. The
process by which the dataset was created (discussed at length in the following chapter)
enables: classification of future years of satellite observations; the creation of custom
classifiers for the West African region; and future application of the methodology to other
regions of the world. The dataset and these tools will be openly available, and are designed to
be accessible regardless of local computing or internet connectivity capacity.

Global land cover products are notoriously unreliable for the Sahel, and accurate land cover
data for the region are sparse (Leroux et al. 2014; Mbow et al. 2015). To address this gap, the
U.S. Geological Survey (USGS) and the Regional Center for Agriculture, Hydrology and
Meteorology (AGRHYMET) in Niger produced high-quality land cover maps for the region
via hand-classification of Landsat images (Tappan et al. 2016). Classification of land cover by
visual inspection of satellite images produces maps which are highly accurate, but the
method is costly. The practical considerations of the time, labor, and money required
constrain the spatial and temporal resolution of the end product. The advance presented
here builds on these visually classified maps with machine learning techniques to successfully
increase the resolution of available LULC maps by 1-2 orders of magnitude, from 2 km
decadal resolution to 30 m annual resolution.

Classification of land cover for the entire West African Sahel can now be accomplished in a
matter of hours and for free. The classification is carried out by a machine learning algorithm
trained on the original hand-classified Atlas. The accuracy of the classification is stunning;
case study validation has shown the machine learning classification matches or exceeds the
accuracy of the hand-classified map.

The outputs from the project are three-fold: the completed 30 m annual time series of LULC
for the entire region from 2000 to 2016; the methodology used to create the time series such



that future years of data can be likewise classified; and the modular data pipeline itself, open
source script that can be adapted for use with different inputs, different training datasets,
different regions.

These high-resolution regionally calibrated land cover datasets, along with the classification
algorithm developed to produce them, offer a foundation for major advances in the
understanding of land surface processes in the region. These products can ultimately be used
to provide more accurate inputs for food security modeling, hydrologic modeling, analyses
of land cover change, and climate change adaptation efforts. The land cover classification
tool presented here will be publicly available for use in creating additional West Africa land
cover datasets with future remote sensing data, and can be adapted for use in other parts of
the world.

Background

IL.and cover in the Sahel

The land cover of the West African Sahel has undergone drastic changes over the past fifty
years. In the region, land cover is central to climate, demographic, and hydrologic changes,
but data on regional land cover has historically been sparse. Field surveys of land cover are
limited in spatial and temporal coverage, and global satellite products are notoriously
inaccurate over West Africa. Land cover class schemas used in global products do not
sufficiently represent the land cover types relevant in West Africa (Leroux et al. 2014; Mbow
et al. 2015).

The land cover dataset from the Moderate Resolution Imaging Spectroradiometer (MODIS)
is one of the best existing global land cover products (Channan et al. 2014; Friedl et al.
2010). It covers years 2001 to 2012 at 500 m resolution, and achieves a global accuracy of
72.3% to 77.4% overall, and 64.8% for agriculture (Herold et al. 2008). The 2013 MODIS
map of land cover in West Africa is shown below. The five most common MODIS land
cover classes in the Sahel collectively account for 98.75% of the area: grasslands; barren or
sparsely vegetated; croplands; savannas; cropland/natural vegetation mosaic. Note that
cropland appears spread across two land cover types in the MODIS dataset: cropland and
vegetation/cropland mosaic.



Figure 1. MODIS 2013 land cover for West Africa.

Table 1. MODIS land cover class legend.
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The issue of class definitions aside, the land cover classes prevalent in West Africa are not
easily distinguishable from one another by spectral signature alone. Traditional spectral land
cover classification methods rely on land cover types having distinguishable characteristic
patterns of reflectance across a number of different wavelengths. Without distinguishability
in the characteristic spectra of different land cover types, algorithmic spectral classification
breaks down. Examining the spectral signatures of land cover types present in the MODIS
dataset for the West African Sahel offers insight into the difficulty with spectral
classification.



Agriculture, for example, has been very challenging to reliably classify in West Africa using
spectral data with algorithmic methods. It is perhaps the most important land cover type for
understanding region-wide trends, targeting climate change adaptation measures, and
planning food security measures. Differences in the appearance of agriculture over the
course of the year and in different areas of the Sahel compound the issue of spectral
separability. Variability in agricultural practices and changes across the region are influenced
by national and multilateral agricultural extension programs and development initiatives and
shaped by history, culture, and environment. Different staple crops are grown in different
regions, and have different hydrological impacts (Ibrahim et al. 2014). Spatial organization of
agriculture is not uniform across the region. Different trade offs are made between
agricultural extensification (increasing the area under cultivation) and intensification
(increasing the density of crops, reducing fallow periods, increasing intraseasonal crop
cycles).

To date, efforts to monitor agriculture at a regional scale have depended on global land
cover products produced with these methods. Despite being one of the highest performing
products for agriculture worldwide, MODIS achieves only 51% accuracy for this class in
West Africa (Leroux et al. 2014). With this level of accuracy, even the state-of-the-art
MODIS product is largely useless for the study of agriculture in the region.

The plots below show the 2013 spectral signatures for different land cover classes in the
West African Sahel, for two seasons: mid-September to mid-November; and mid-March to
mid-May. The top row depicts the top five MODIS land cover classes in the Sahel, one
column for each season. The second row depicts the top six land cover classes from the
Atlas, a hand-classified land cover dataset, described in the next section. The top five land
cover classes from MODIS account for 98.75% of the area of the Sahel; the top six classes
from the Atlas dataset account for 88.50% of the area of the Sahel. Mean values of
reflectance (y-axis) in the wavelengths captured by Landsat 7 bands (x-axis) are shown as
solid lines. The shading indicates the standard deviation of each distribution.

Spectral signatures in both land cover datasets generally have at least some overlap,
illustrating the challenge of spectral distinguishability between land cover classes in the Sahel.
There are also some key differences to note between the two datasets. Relative to the Atlas
data, the fewer classes in the MODIS dataset perhaps appear to have less overlap in their
spectra. This is an indication that a spectra-based classification of land cover into the
MODIS land cover types would be more successful than a spectral classification into Atlas
land cover types. The question of the underlying accuracy of the two datasets, however, is
key.

Under the assumption that a hand-classified locally-specific land cover dataset (Atlas) is
generally more accurate and appropriate than a globally-tuned coarser resolution dataset
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(MODIS, accuracy evaluation ibid.), the Atlas dataset is the indicator of spectral separability
for accurate land cover classification into locally appropriate land cover types. Where the
MODIS classification trades accuracy for separability, the consistent overlap in the Atlas
land cover spectra illustrates the hurdle for spectral land cover classification in the Sahel.

Figure 2. Landsat 7 spectral signatures for MODIS (a & b) and Atlas (c & d) land cover
classes in the Sahel, data from 2013. a & c) Spectral signatures in the fall season,
mid-September to mid-November; b & d) Spectral signatures in the spring season,
mid-March to mid-May. Season definitions are identical to those used as features in the
AtlasV2 classifier (see Data & Methods section). Mean spectral signatures are plotted as
solid lines, shaded with * one standard deviation.

Figure 2.a) MODIS fall season spectral signatures.
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Figure 2.b) MODIS spring season spectral signatures.
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Figure 2.c) Atlas fall season spectral signatures.
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Figure 2.d) Atlas spring season spectral signatures.
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The Atlas project

To address this dearth of accurate regional LULC datasets, CILSS, USGS, and USAID
partnered to create three LULC maps specifically for West Africa for the years 1975, 2000,
and 2013 (Tappan et al. 2016). Because spectral classification performs so pootly over the
region, the Atlas project trained technicians to visually classify land cover from Landsat
imagery. The LULC map construction occurred in three parts: Landsat scene selection,
visual classification, and map post-processing. Landsat imagery used for the classification
was drawn from three year spreads centered on each year of the final LULC maps to create
quality images free from clouds. To produce a single map representing 2013 at 2 km



resolution, technicians classified one 30 m pixel from Landsat imagery every 2 km. The
choice to classify only one 30 m pixel every two km was forced by the sheer magnitude of
the task: even at that limited density, a single map of the region requires classifying 1.2M
land cover pixels by hand. The land cover class of each 30 m pixel was then assigned to the 2
km cell surrounding it, for an aggregate resolution of 2 km.

Every pixel of the resulting LULC map was visually inspected twice more to compare to
Landsat imagery from 2000 and 1975, in order to produce maps for these two additional
years. The maps were examined in workshops with regional experts, verified by field visit
spot checks, and reviewed for quality control in post-processing. The final output of this
monumental effort, which took 21 years to complete (1995-2016), was three hand-classified
regional LULC maps for the years 2013, 2000 and 1975. They offer unprecedented accuracy
and coverage for the region. However, with the visual classification approach scalability and
resolution are limited.

Figure 3. Atlas 2013 land use land cover map with land cover class legend.
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Image from online data viewer at https://eros.usgs.cov/westafrica/land-use-land-cover-map.

While purely spectral-based methods for LULC classification have been unsuccessful for the
region, the visually classified maps present a unique opportunity to create a new blended
approach. It was specifically the Atlas project’s methodological choice to classify a single 30
m pixel and then scale up to 2 km that allowed this breakthrough. By taking advantage of the
hidden 30 m data set embedded in the 2 km Atlas product, the resolution and scalability of


https://eros.usgs.gov/westafrica/land-use-land-cover-map

LULC mapping in the region can be drastically increased. Machine learning trained by the
highly accurate visually classified Atlas map was used to develop a land cover dataset for the
region at annual 30 m resolution, representing a two orders of magnitude increase in spatial
resolution and an order of magnitude improvement in temporal resolution. This method
produced maps with 73% accuracy overall. For the agriculture class, these maps have
accuracies of 70.9%, drastically out-performing MODIS agriculture classification both in the
region and globally.

Data & Methods

Input data construction

As seen in the previous section, spectral information alone does not provide an obvious
separation between land cover classes. In light of that information, input data for training
and classification were constructed from three different sources: Landsat Ecosystem
Disturbance Adaptive Processing System (LEDAPS) surface reflectance bands 1-5 and 7
(USGS 2018); Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS)
precipitation (Funk et al. 2015); and Shuttle Radar Topography Mission (SRTM) elevation
with derived slope, aspect, and hillshade (Farr et al. 2007).

Landsat composites were constructed for each year, 2000-2016. Landsat 7 scenes only were
used to maintain consistency across the time period. To ensure good coverage from which
to create quality composites, Landsat scenes were pulled from a three-year spread around
each year. This also served to smooth the Landsat time series. Cloudy and saturated pixels
were masked using the Landsat quality band, and multiple observations of the remaining
pixels were composited by choosing the median value for each pixel. Compositing by
median value offers robustness to outlier observations. The choice of time of year for which
to create composites was informed by the methodology used for the original Atlas
classification.

Commonly, land cover classification is done with imagery from the season of peak
greenness. The original Atlas project, however, used imagery from the time of year
immediately after the end of the rainy season. The contrast between land cover types is
highest during this time, skies are clear, and the fire season has not yet begun. In the Sahel,
this time of year corresponds to mid-September to mid-November. The timing of the rainy
season, however, is not the same everywhere in the region. Monsoon rains start in the
coastal regions in March-April, move northward to the Sahel for peak northern rainfall in
July-August, and then recede back to the coast to be followed by a dry season.

The northern Sahel receives as little as 200 mm of annual precipitation, with a single peak in
August, while southern coastal regions of West Africa can receive 1500-2200 mm of rainfall
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per year, with peak rainfall in June and October, and clouds obscuring land surface for a
much higher proportion of the year. To allow for differences in the seasonality of the rainy
season throughout the region, and to capture more information particularly for regions with
frequent cloud cover, two separate seasons were included as input data for the classifier
training: a “fall” season from mid-September to mid-November; and a “spring” season from
mid-March to mid-May. The inclusion of two seasons in the feature collection also
potentially captures differences in annual phenological cycles between different land cover
types, improving classification skill.

Figure 4. CHIRPS precipitation climatology with season selection.
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To construct precipitation input data, CHIRPS pentad precipitation was scaled to 30 m
resolution via nearest neighbors interpolation. Following the same protocol as for the
Landsat data, precipitation for a given year is a composite of that year and one year before
and after. Precipitation occurring in the spring season in all three years is summed to create
the spring precipitation feature. Precipitation occurring in the fall season in all three years is
likewise summed to create the fall precipitation feature. As with the Landsat data, this serves
to smooth the precipitation time series. SRTM topography data was included as constant
parameters.

The result of the input data construction process was a 30 m basemap of information to be
used for algorithm training and land cover classification. Each 30 m pixel of this basemap
contained, for any given year 2000-2016, 18 features:

(6 Landsat Bands + 1 Precipitation Total) * 2 Seasons + 4 Topography Features = 18 Basemap Features

The Atlas data was then paired with the corresponding 30 m basemap pixel to create a
training dataset for the classification algorithm. Because the random forest algorithm is not
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sensitive to data range or distribution, input data was not scaled. Random forests also tend to
be robust to noise, which incentivizes inclusion of more features (Rodriguez-Galiano et al.
2012). The primary practical limitation in this case was the tractability of the dataset in terms
of size: with two seasons of six Landsat bands plus precipitation, along with four SRTM
features, each year of basemap data is 120 Gb.

Algorithm and parameters

The process by which the algorithm training methodology was developed, as well as the
insights gained from these intermediate results are detailed in chapter two. The final
optimized choices for the algorithm training procedures and parameterizations are as
tollows. The classification algorithm was trained on data from 2000 and 2013, using Atlas
data from those years for model testing and validation.

The final land cover maps were classified using an array of geographically-specific random
forest classifiers. The West Africa region was divided into 0.5 degree zones, and a separate
random forest classifier was trained for each zone. In this particular case of algorithm-based
classification, the smaller-scale classifiers outperformed larger regional classifiers trained on
more data. This suggests that the effects of local variation in the appearance of land cover
classes outweigh any classification skill gain from increasing the size and geographical extent
of the training data. Such a result is in line with the existing hypothesis that local variation is
one of the reasons that pure spectral classification has performed so poorly in West Africa.

Figure 5. Map of 0.5 degree zones over West Africa. A separate random forest classifier was
trained for each of these zones. AtlasV2 includes zones only in the Sahel region of this map.
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All random forest classifiers were given the same parameters. The subset of features
available to each decision tree was sqrt(N features); minimum leaf split was one; there was
no maximum tree depth. The choice of forest size was informed by the point of plateau in
an accuracy vs. forest size plot tested on region-wide data. By qualitative evaluation, accuracy
plateaued around a forest size of 60 trees. To capture any subsequent marginal accuracy
gains, we increased the forest size to 100 trees with no loss in computational efficiency. The
final classification algorithms were trained on the combined 2000 and 2013 Atlas data,
holding 20% in reserve for validation. In order to smooth discrepancies in classification at
zone boundaries, a nearest-neighbors kernel was implemented wherein 50% of the training
data for each zone was taken from the surrounding eight zones and 50% of the training data
was sampled from the central zone to which the algorithm was assigned.

Platforms for algorithm development

Two platforms were employed for algorithm development and map classification: Google’s
Earth Engine (Gorelick et al. 2017) and UC Berkeley’s Savio computing cluster. Earth
Engine is open access; when working on this platform data is stored, and computational
operations are executed, on Google servers. This means access is independent of a uset’s
local computational resources and does not require high capacity internet connectivity.
Further, the platform offers a relatively approachable interface to high-powered computing
for which specialized knowledge is not necessary. Earth Engine does have drawbacks,
including the limited customizability of its machine learning routines, and limitations
imposed on computational resource allocations.

While random forest training and classification software exists within the Earth Engine
platform, working on UC Berkeley’s Savio cluster allowed greater control over both
algorithm implementation and use of computing resources. Input data was assembled and
pre-processed within Earth Engine; subsequently composite images were exported and
loaded onto Savio for training and classification. Algorithm development and final
classification was conducted on Savio using the Scikit-learn toolbox (Pedregosa et al. 2011).
Classified land cover maps were then uploaded to Earth Engine.
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Results: AtlasV?2

Overview

Figure 6. AtlasV2 map for the year 2016, overall accuracies, and dataset summary. The
AtlasV2 map is bounded by (minLat, maxLat) = (9.0, 18.417); (minLon, maxLon) = (-17.542,
18.883); not including Chad, with ocean and bad data areas masked. Accuracy values
presented are accuracies measured against the original Atlas classification for the years 2000
and 2013.

Source Data Design Performance Result
* Landsat + 30m spatial resolution AtlasV2 MODIS
(two seasons) . . g
. b - Annual 2000-2016 Overall 73.01%' 72.%;[3?3}'-.4%
recipitation * Free through Earth Engine ) o Global: 64.8%
« Topography - Dynamic updates Agriculture  70.9% Sahel: 51%

Land Cover Accura
Region-wide 0.730
Savanna 0715
Steppe 0.782
Agriculture 0.709
Snort grass 0.766
0.841
0.659
0.644
a.73z2
0.662

N

The figure above shows the AtlasV2 classified land cover map for the year 2016; years
2000-2015 not shown. Overall accuracy for the produced dataset, in terms of true positive
rate, is 73.0%. This is comparable to MODIS global accuracy, at 72.3%-77.4%. For
agriculture, AtlasV2 is 70.9% accurate, a vast improvement over MODIS accuracy for
agriculture in the region (51%) and even over MODIS global agriculture accuracy (64.8%).
The inclusion of precipitation in the AtlasV2 approach is of key importance for the
classification accuracy, as detailed further in the feature importance section below. The
accuracy improvements of the AtlasV2 accompany an increase in resolution over the original
Atlas, from 2 km to 30 m in spatial resolution, and from decadal to annual temporal
resolution. The data can be accessed, and custom analyses developed, through the Google
Earth Engine platform, which is free to use. All data and computations are hosted on
Google servers, which enables access regardless of local computational resources or internet
connectivity.
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Feature importance

The feature importance plot below depicts the relative importance of all features to the
classification algorithm. Results indicate that precipitation is important to the land cover
classification, more than spectral bands alone. The inclusion of precipitation information is
an important augmentation over algorithmic methods that rely on spectral information

alone.

The feature importance metric is calculated with the Gini impurity index as follows. Each
node of a decision tree contains a collection of samples with associated labels. The Gini
impurity is a measure of false positive rate if a randomly selected sample is labeled with a
randomly selected label from the node membership. For each node in a decision tree that
splits on a given feature, the reduction in Gini impurity given the split is calculated and then
weighted by node membership. These impurity reduction scores are accumulated by each
feature over the entire decision tree. Feature importances are then averaged across trees to

get the feature importance measures for the forest.

Most striking in the feature importance plot is the leading importance of precipitation. This
is a strong indicator that precipitation information is necessary for a good classification;
spectral classification alone would not perform as well. These results support the generally
held knowledge that pure spectral land cover classification is not successful in the Sahel.
Further, it demonstrates the advantage of AtlasV2 in the flexibility to include features
beyond spectral information. Further exploration of the role of precipitation is detailed in

the corresponding section that follows.
Figure 7. Relative feature importance values. Values are unitless and serve to indicate

relative value across features. Feature importances are averaged across all zones within the
AtlasV2 dataset. See chapter two for details of the random forest algorithm construction.
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Among the other features in the library, Landsat 7 bands of both seasons are generally of
equal importance. Topological features are generally least important, with the unexpected
exception of elevation. A potential explanation for the importance of this feature is the
plateau-lowland topography characteristic of much of the Sahel and the associated
differences in land cover. In the area surrounding Niamey, for example, steppe is
characteristic on the plateaus while agriculture occupies the lowlands. Further exploration of
elevation and feature importances is warranted in future work, including examining relative
feature importances with metrics other than Gini impurity such as permutation importance.

Case study: Niamey

Because high spatial resolution is one of the major advances of this new dataset, it is
informative to look at a local case study (Figure 8). Niamey, on the banks of the Niger River,
is the capital city of Niger and headquarters to AGRHYMET. The city is positioned in a
zone of rapid geographical transition between more humid environments to the south and
desert regions not far to the north. In this area, as in most of the Sahel, subsistence
agriculture and pastoralism constitute a major part of the economy. As such, land cover is of
critical importance; the difference between bare soil, steppe and agriculture has major
implications for the population. Note the black circles on the MODIS and AtlasV2 highlight
a crucial difference in the two LULC products. The reclassification of bare soil shown in
MODIS to steppe or agriculture in the AtlasV2 tells a very different story about land cover
changes in the region.

Time Series

In the period 2000-2016, the prevalence of savanna, steppe, and short grass savanna
generally trended downward in the Sahel, while agriculture increased (Figure 9). While the
Atlas maps for 2000 and 2013 offer a broad view of long-term trends, having only two data
points can skew conclusions about the patterns or rate of change of different land cover
types. The new AtlasV2 time series data allowed a finer investigation of how the prevalence
of different land cover classes varies over this time period. Trends in the most common land
cover classes (savanna, steppe, agriculture, short grass savanna, sandy area, and bare soil)
were quantified with linear regression (Figure 10). The accompanying table details the
estimated slopes, R?, and p-values.

The trends in savanna, steppe, agriculture and short grass savanna dominate the time series
of LULC in the region, all with p-values less than 0.024. Note also the trends in sandy area
and bare soil: sandy area shows no significant trend over the period 2000 to 2016, and bare
soil shows a significant if mild decrease in area. The agriculture and savanna classes in
particular show strongly linear trends (high R?, low p-value).
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Figure 8. Land cover product comparison for Niamey case study.

Figure 8.a) Left: Location of Niamey in West Africa; Right: Land cover class legend
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Figure 8.b) 2013 Niamey detail product comparison. Images are centered on the city; the
Niger river bisects the map from northwest to southeast. All columns in a row show
identical areas. Images in the second row are a zoomed in view of those in the first row.
Columns are Landsat composite at 30 m resolution; Atlas at 2 km resolution; MODIS at 500
m resolution; and AtlasV2 at 30 m resolution. Black circles highlight differences in land
cover classification between the MODIS and AtlasV2 products.
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Figure 9. Land cover time series.

Figure 9.a) AtlasV2 time series of land cover change in the West African Sahel from
2000-2016 for the top six most prevalent land cover classes.
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Figure 9.b) Comparison between AtlasV2 time series and original Atlas land cover class
prevalence for 2000 and 2013.
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Figure 10. AtlasV2 time series of the six most common land cover classes, with linear
regression lines of best fit. Shading indicates 95% confidence interval.
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Table 2. Linear trend fits for top six land cover classes.

Linear Trend Fits | Slope (km?/year) R? p-value
h Savanna -9721 0.8889 1.5E-08
Steppe 3108 0.2974 0.02357
Agriculture 16127 0.8885 1.5E-08

Short grass -3700 0.6300 1.428E-04
Sandy area 82 0.0037 0.8166

.I Bare soil -613 0.4352 3.961E-03
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Conversion volatility and trends

Overview

Land cover in West Africa has gone through drastic changes over the past five decades.
Climate, population trends and land use practices all contribute to land cover dynamics.
Precipitation, for example, has exhibited increased variability, particularly in the last 25-30
years; during that time precipitation anomalies have often changed sign annually. Land use
has also changed dramatically. Economic, climate and development factors have shaped the
landscape in variable ways, including the extensification of agriculture, regreening through
land management and changes in cultivation practices, and shifts in forest use and
management. While these factors vary on an annual timescale, land cover data for the region
has been limited to decadal resolution. Particularly in the current period of increased
variability, this resolution is insufficient to understand land cover change dynamics.

Figure 11. Schematic illustrating the concept of conversion volatility and its interaction with
observational time scale. The two rows illustrate two different scenarios for a pixel of land
cover. The pixel, represented as a circle, is shown for each of four years. The pixel is
assigned a land cover type, indicated by color. In the transition between years, the pixel can
remain the same land cover type or it can change type. The pixel in scenario (a) is relatively
stable, transitioning land cover type only once over the four years. The pixel in scenario (b)
is more volatile, changing land cover type every year. If attempting to characterize the
volatility of each pixel, the time resolution of observation will influence results. If, as in the
original Atlas, one observes the pixels at only two time points, the first and fourth years,
pixel (a) would appear to be volatile and pixel (b) would appear to be stable. At the annual
time scale, however, the opposite behavior is evident.

a)

b)

@ Change @ Change @ Change @
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Using the new annual LULC dataset, however, it is possible to look at annual conversion
volatility. This advance from the two-year Atlas dataset is illustrated in the figure above.
Using the AtlasV2 dataset to identify land cover conversion volatility hot spots can enable
researchers to focus on possible mechanisms driving that volatility, as well as enable
decision-makers and land managers to focus their efforts accordingly.

Region-wide

Conversion volatility is defined, for each 30 m pixel, as the number of conversions the pixel
accrued during the period 2000 to 2016; the maximum number of conversions possible is 16.
Every land cover classification decision is made by popular vote among the decision trees in
the random forest algorithm. To exclude dubious conversions when the classification
certainty is low, a user-defined threshold was imposed on the percent split in vote between
the first and second most popular classes. A conversion arising from a classification with a
vote split by less than the threshold was discounted from the total conversions accrued by
the pixel over the time series. A lower bound for the number of conversions was calculated
by assuming no change during any period of missing data.

The influence of classification uncertainty and the importance of thresholding the class vote
split are illustrated in the figures below. Characteristic spectral signatures and precipitation
features are plotted for all pixels and for only pixels with volatility scores =5 conversions for
a 10% split threshold. These are the pixels more likely to be prone to erroneous class
conversions as a result of poor feature separability. The difference in separability between

the two columns is striking, reinforcing the importance of investigating higher split
thresholds.
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Figure 12. Spectral signatures and precipitation features of the top six
classes in the AtlasV2 dataset. Plots a) and c) include all pixels; plots b)

and c) include only pixels with volatility scores 25 conversions for a 10% ® Savanna
split threshold. Plots a) and b) are the characteristic reflectance values in ® Agriculture
the Landsat 7 bands for the fall season, mid-September to ® Floodplain
mid-November. As previously, mean values are shown with a solid line; ® Steppe
shading indicates one standard deviation. Plots c¢) and d) show the mean ® Short grass
r T @® Bare soll
and one standard deviation of the seasonal precipitation features for the
top six Atlas classes. Fall season defined as above and spring season,
mid-March to mid-May. Class legend at right.
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Four maps are shown below: the 2016 AtlasV2 land cover map for geographic reference; and
three conversion volatility maps for different thresholds for the split of the conversion vote.
With higher split thresholds, the volatility map is restricted to conversions made with higher
agreement among the decision trees; total conversions for the overall map are reduced.
Looking at a range of split thresholds provides information about the spatial structure of the
underlying classification confidence in seemingly volatile areas.
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Figure 13. Land cover and conversion volatility.

Figure 13.a) AtlasV2 land cover for 2016. Class legend at right.
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Figure 13.c) Conversion volatility for 20% split threshold.

Figure 13.d) Conversion volatility for 30% split threshold.

Figure 13.e) Color bar for conversion volatility in number of land cover class conversions
from 2000 to 2016. Maximum number of transitions possible is 16; color bar truncated for
readability.
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Region-wide, there is great diversity in LULC volatility. Land cover types are stable in some
places, undergoing few changes over the 17-year period 2000 to 2016. In other areas, land
cover change frequently, flickering between different land cover types on an annual basis. At
the boundaries between regions where land cover is largely homogenous (for example the
steppe, short grass savanna and agriculture in southeastern Niger), land cover conversion is
highly volatile. This indicates a flickering behavior as opposed irreversible conversions of
land cover class that increase its contiguous area. A band of high conversion volatility
sweeps across the Sahel, generally tracing the location where steppe meets a landscape of
mixed agriculture and savanna. Even within this band, conversion volatility is not evenly
distributed. Hotspots of conversion volatility appear in northwestern Burkina Faso and to
the north of Bamako in Mali. Even at a split threshold of 30%, there is strong coherent
spatial structure in the conversion volatility map. Possible influences of precipitation on
conversion volatility at a regional scale are detailed in the next section.

Smaller scales

At the regional scale, some areas show intermediate volatility without much spatial structure.
The thirty meter resolution allows closer examination, revealing that these areas are not
characterized by intermediate volatility but instead by complex patterning of volatile and
stable land cover at a much smaller scale. This highlights the importance of multiscale
analysis and illustrates that different parts of the West African landscape exhibit conversion
patterning at very different scales. Conversion volatility provides insight about landscape
features that are not apparent from the land cover map. Within the AtlasV2 conversion
volatility map, many examples of small-scale spatial patterning warrant future investigation.

In the area east of Bamako, an intricate small-scale labyrinth of stable-volatile patterning
appears, following the spatial organization of the agriculture and savanna classes. Much of
this patterning takes on a dendritic structure. In the detail view, the western area shows
stable dendritic structures in a field of more volatile land cover. The eastern area, in contrast,
shows volatile dendritic structures in a field of more stable land cover. In the 2016 land
cover map, both the stable and volatile dendritic structures correspond to agriculture. It is
only with the full time series and resulting conversion volatility that it is possible to see how
different parts of this landscape, which appear identical in a land cover map, exhibit opposite
conversion volatility behaviors. Further investigation of these areas could lead to insights on
the different processes governing landscape changes in these different areas.
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Figure 14. a) 2016 land cover map for Bamako and the surrounding area. The city of Bamako
appears in bright red in the middle of the frame, cut through by the Niger River in blue,
which runs diagonally southwest to northeast. Yellow area corresponds to agriculture; green
corresponds to savanna; and dark red to the bow¢ land cover class. b) Conversion volatility
map, spatially identical to the land cover class map in (a). Inset c) is a detail view of the
conversion volatility map for the area east of Bamako. In the area at the western edge of the
detail frame, stable agriculture (dark in the conversion volatility map) forms a dendritic
spatial pattern distinct from the surrounding volatile savanna landscape. In the eastern part
of the frame, the inverse is true. The dendritic structures are volatile and the surrounding
savanna is stable. Legend for land cover classes and color bar for number of conversions,
truncated.
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In the Guinean Highlands, among the headlands of the Niger River to the southwest of
Bamako, there are three river branches that come together. These include, from west to east
in the map above, the headland Niger River, the Fié River tributary, and the Sankaran River,
which flows into a lake behind the Sélingué dam. The lake behind the dam shows the typical
shape of a dammed reservoir. The other two branches show up on the land cover map as a
mixture of water and floodplain. In the conversion volatility map, however, the three rivers
show different behaviors. The Niger River shows a volatile floodplain around a stable central
channel. The Fié River shows the entire floodplain as highly volatile. The lake shows
expected stability surrounded with a more volatile edge, presumably where changes in the
lake level affect the footprint of the lake. The Sankaran River flowing into the lake shows a
similar floodplain-channel pattern as the Niger River, although at a much smaller scale and
with much higher resolution in the braiding of the central channel.

Figure 15. Headlands of the Niger River, southwest of Bamako. (a) 2016 AtlasV2 land cover
map. (b) Conversion volatility map. Joining river tributaries, blue in the land cover class
map, show different behaviors from one another in the conversion volatility map.
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As the Niger river heads into the Sahara desert, it encounters a wetland in the area
surrounding the port city of Mopti. The river spreads out and slows down in this delta
before continuing on northward. The flooding in this area is seasonal, September to
December, fed by rain in the Guinean Highlands and to a certain extent local rainfall as well.
During the flood season, the inundation area in the delta can grow to over 31,000 km? from
a dry season area of 3,800 km? (Zwarts 2010). Major economic and subsistence activities in
the region include seasonal rice farming and fishing alongside pastoralism supported by the
delta. Variable flood seasons, either anomalously wet or dry, have an enormous impact on
the one million people who depend on the delta for their livelihoods. An annual land cover
map can identify the floodplain of the delta, but the conversion volatility map reveals a much
more complex landscape with heterogeneous hydrologic behavior. This additional
information on the hydrology of the region can be incorporated into water resources
management and flood forecasting.

Figure 16. Inland Niger River Delta, northern Mali. (a) 2016 AtlasV2 land cover map. (b)
Conversion volatility map. Note the spatial structure that stands out in the conversion
volatility map that is indistinguishable in the single-year land cover map.
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There are a number of possibilities for using conversion volatility maps for hydrologic
applications. Conversion volatility could be used to identify differences in hydrologic
behavior of rivers, central river channels within a floodplain, and monitoring lake level
volatility. Conversion volatility offers insight on hydrologic behavior not necessarily
represented in land cover maps. Further, there are places in the landscape, such as in the
Madjoari Reserve in eastern Burkina Faso, where the conversion volatility map is able to pick
out water features by their characteristic changes where they do not show up clearly in the
land cover map.

Figure 17. Madjoari Reserve in eastern Burkina Faso. (a) 2016 AtlasV2 land cover map. (b)
Conversion volatility map. Note the river features that appear in the conversion volatility
map that are not so easily distinguishable in the land cover map.
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It has been well-established that the Sahel has undergone drastic changes in land cover. The
identification of areas of high conversion volatility could have major implications for land
management strategies, geographically focusing efforts where they will have the most impact.
The spatial organization of high conversion volatility can offer insight into possible
mechanisms influencing conversion, which might inform both land management strategies
and predictions about the future of LULC under climate change. The impacts of climate
change on the Sahel region are highly uncertain. With this new information about the
conditions in which land cover is highly variable, decision-makers may be able to improve
their climate change adaptation plans.
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Role of precipitation

The relationship between vegetation and precipitation in the Sahel is long and well
established. Within the active debate on recent land cover changes in the Sahel and their
drivers, it is increasingly held that precipitation strongly influences regional-scale land cover
(Tucker et al. 1991; Tucker & Nicholson 1999; Seaquist et al. 2009; Gonzalez et al. 2012;
Hickler et al. 2005). Overall trends at the regional scale, however, do not necessarily translate
to dynamics observed at a more local scale. Findings of spatial heterogeneity and smaller
scale variation in greening trends have been related to local anthropogenic and
environmental effects (Herrmann et al. 2005; Hiernaux et al. 2016; Dardel et al. 2014). These
localized effects can dominate short timescale changes in land cover, particularly because

land cover has a lagged response to long term trends in rainfall (Brandt et al. 2017; Zeng et
al. 1999).

The last few decades of precipitation in the West African Sahel have been characterized by
sizable interannual variations rather than overall trend. The figure below shows precipitation
from the CHIRPS dataset at an annual timestep, as used in the feature construction for the
land cover classification algorithm. Data is a regional spatial average, with one series for
annual precipitation, and one each for the fall and spring seasons. The interannual variation
in annual precipitation is evident, along with the lack of a strong interannual trend.

Figure 18. Annual time series of CHIRPS precipitation for 2000-2016, taken as a spatial
mean of Atlas areas. All time series are three-year smoothed averages, as used for the
classification algorithm features. Green is the mean total annual precipitation, orange is
total fall precipitation, blue is total spring precipitation. Season definitions follow
classification features: fall season is defined as mid-September to mid-November; spring
season is defined as mid-March to mid-May.
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To evaluate the possible role of precipitation in land cover type volatility, the figure below
plots precipitation metrics against pixel volatility. For every pixel in the dataset, the
precipitation metrics are calculated along with a volatility score, i.e. the number of times the
pixel changed class between 2000 and 2016. Neither mean annual precipitation nor standard
deviation of annual precipitation show a relationship with volatility.

Figure 19. Precipitation mean and standard deviation vs. land cover conversion volatility. In
both plots, volatility is on the x-axis, in number of land cover class conversions over the
2000-2016 time period. Highest volatility bin includes pixels with 5 or more conversions. a)
Mean annual precipitation vs. volatility; b) Precipitation standard deviation vs. volatility,
where standard deviation of annual precipitation is shown as a percent of the mean annual
precipitation. Density in pixel count displayed in color. Marginal distributions plotted above
and to the right of the main plot in light blue. Precipitation data is from CHIRPS.
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The plot below investigates the relationship between precipitation variability and land cover
changes on an annual basis. Annual precipitation anomaly (difference from mean divided by
standard deviation) is calculated from the CHIRPS time series, smoothed with a three-year

moving average, and plotted on the y-axis. Net percent change in class area is calculated as

areay—area: —1

area, |

for each class and each year and plotted on the x-axis.

There is no discernable relationship between precipitation anomaly and class area change.
Note that by design, the three-year moving average protocol smooths out signal from single
years. Rather, this is an evaluation of variability at the landscape scale, at longer timescales. It
may be that no relationship exists between precipitation and land cover type at the landscape
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scale, or more likely, that the precipitation time series does not include sufficient variability

to create a signal in land cover type change.

Figure 20. Scatter plot of precipitation anomaly against net % change for each land cover
class. Precipitation anomalies are three-year moving averages, reflecting the feature
construction in the classification algorithm. There is no discernable relationship between
precipitation anomaly and net % change for any land cover class.
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While precipitation is the most important feature for classifying land cover, by itself it does
not show a relationship with land cover change over the 17 years. This supports the
hypothesis that precipitation alone is not sufficient to explain changes in land cover in the
West African Sahel. Because the AtlasV2 includes land use (most importantly, agriculture)
alongside land cover, one would expect the dataset to represent socioeconomic dynamics
alongside and in interaction with biophysical relationships. The observed behaviors at the
regional scale leave room for the possibility that the relationships and mechanisms shaping
land cover change and trends in the AtlasV2 dataset are heterogeneous across space, in line

with gathering evidence in the region.
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Classifier Performance

Accuracy maps and distributions

As detailed in the Data and Methods section above, the Sahel region was split into
0.5-degree zones and a separate classification algorithm trained in each zone. Because
classification was carried out by distinct classifiers in different zones, it was possible to
examine the spatial pattern of zonal class accuracy instead of only a single accuracy score for
the entire region. Additionally, because each zone classifier produces an accuracy score by
class, it is possible to look at the frequency distribution of accuracy by class in aggregate
across zones. The geographic structure of overall accuracy, and the frequency distribution of
class accuracy across zones can help identify the strengths of the AtlasV2 maps for
applications in smaller regions. This data can also suggest areas of focus for future
development of the dataset, and regions to target for accuracy improvements.

Figure 21. Map of overall accuracy of all 0.5-degree classifier zones. As detailed in the Data
and Methods section, the Sahel area was divided into 0.5-degree zones and a separate
classification algorithm trained for each zone. Each zone has its own accuracy scores by
class. Overall accuracy of each individual zone is calculated by taking the area-weighted
mean of all class accuracies. This overall accuracy of each zone is plotted in color in the
below map.

Accuracy distribution of zones

Frequency distributions of class accuracy across zones are plotted in the figure below. Plots
(a) through (d) are the four most prevalent land cover classes: agriculture, savanna, steppe,
and short grass savanna, respectively. Savanna, for example, shows a relatively tight
distribution around its aggregate accuracy of 71.5%. Short grass has a higher aggregate
accuracy (76.6%), but the distribution is more widely spread. In other words, most zones do
well with classifying savanna, whereas zones have more mixed performance for classifying
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short grass. Information on the frequency distributions of class accuracies can be included in
the factors to optimize for future development of the AtlasV2.

Figure 22. Frequency distributions of accuracy for the four most common land cover
classes: a) agriculture; b) savanna; c) steppe; d) short grass savanna. Class accuracies from
all zones are gathered to create the frequency distributions. Frequency on the y-axis;
accuracy on the x-axis. Mean class accuracy denoted in subplot titles.
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Atlas accuracies

It is important to note that the measurement of “accuracy” of the V2 product is actually a
metric of match with the original Atlas. Measuring the true accuracy of the Atlas is

challenging: there is no region-wide, validated, accurate data set against which to evaluate
Atlas or AtlasV2. Without regional-scale data for validation, the original Atlas was evaluated
with expert input, peer review, and field visits for ground truthing. Because of feasibility
constraints, these methods are applied at sub-regional scales, as case study spot checks or
qualitative sense checks. Accuracy of the Atlas is by no means uniform across space or time,

and these methods do not yield a definitive regional-scale accuracy evaluation. Rather, they
are best available approaches to evaluating the data product.

AtlasV2 faces the same scale-based evaluation challenges. In lieu of regional-scale validation,
case studies provide an opportunity to validate and compare the two Atlas products. For
small areas where independent high-resolution verified land cover data exists, relative
accuracies of the Atlas and AtlasV2 products can be evaluated. An “ultra-high resolution”




(UHR) dataset exists for the area of the Guinean Highlands and Kedougou, Senegal (Nelson
2010). The UHR map was visually classified from 15 m Advanced Spaceborne Thermal
Emission and Reflection Radiometer imagery (ASTER; Abrams 2000), and has been
intensively quality controlled and verified for accuracy. Using this common benchmark,
Atlas and AtlasV2 can be compared and evaluated. The Kedougou and Guinean Highlands
area has advantages as a case study for accuracy evaluation. The landscape is characterized by
small-scale spatial heterogeneity in land cover class patterns. Further, in this particular
location, the land cover classes present generally look relatively similar to one another.

Figure 23. Map of Kedougou and Guinean Highlands UHR datasets. The two datasets
overlap slightly in space and are from two different years, 2012 and 2013 respectively. The
small-scale spatial heterogeneity in land cover class is an advantage for use as an accuracy
evaluation case study.
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The UHR data for Kedougou and the Guinean Highlands are separate datasets. The areas
covered by the two datasets overlap slightly and the datasets are from two different years,
2012 for Kedougou and 2013 for the Guinean Highlands. Because of this, accuracy metrics
were calculated for the two areas separately, then combined using an area-weighted mean.
The accuracies presented in the first two rows of the figure below are percent match with
the UHR classified dataset. Note that the AtlasV2 product has higher accuracy than the
original Atlas. In other words, AtlasV2 is better at matching the UHR dataset than the
original Atlas.
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Figure 24. Evaluating accuracy at Atlas data point locations. Accuracy comparisons for Atlas
and AtlasV2.

Kedougou, TOTAL Guinean
Senegal (area weighted mean) High|ands
Atlas has an Atlas has an Atlas has an
accuracy of accuracy of accuracy of
76.17% 68.91% 62.63%
AtlasV2 has an AtlasV2 has an AtlasV2 has an
accuracy of accuracy of accuracy of
75.50% 69.61% 64.51%
Relative to Atlas, Relative to Atlas,  Relative to Atlas,
AtlasV2 AtlasV2 AtlasV2
agreement is agreement is agreement is
99.12% 101.20% 103.00%
ie. AtlasV2is i.e. AtlasV2 is
AtlasV2 more accurate more accurate

In the previous section, AtlasV2 accuracies were defined by how well AtlasV2 matched the
original Atlas. Taken as an objective score, this metric assumes the original Atlas is 100%
accurate. While the original Atlas is certainly far more accurate than any previously available
regional land cover dataset, it would be remiss to assume it to be flawless, its accuracy
perfect. Calculating the accuracies of both the Atlas and AtlasV2 datasets against the
common benchmark of the UHR data provides a more representative evaluation of how
well the AtlasV2 identifies land cover and how that compares to the original Atlas. The third
row of the table below shows this comparison. It is a calculation of how well AtlasV2
matches UHR | relative to how well Atlas matches UHR. An agreement score of 100%
would indicate that Atlas2 is equally as accurate as the original Atlas. Here AtlasV2 is more
accurate than the original Atlas, a relative accuracy of 101.2%.

Further, the method developed to produce the LULC dataset was designed to be modular
and customizable. This means that with a UHR LULC dataset available, 2 new LULC dataset
can be created that is tailored to that region and augmented by the higher resolution. For
example, a map of where AtlasV2 misclassifies land cover in the Kedougou/Guinean
Highlands region shows errors for narrow sinuous landscape features such as rivers and
riparian forest. The Atlas, because it was built from one 30m classification every 2 km, is not
very skillful at identifying such landscape features. V2, because it was built from Atlas,
inherited these limitations.
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Figure 25. AtlasV2 error map (black = correct; white = error).

Black = Correct
White = Error

There are, however, modifications that can be made to ameliorate some of these
inaccuracies. Because the pipeline is modular, the training data set can be swapped out.
Replacing the Atlas training set with the UHR land cover data set and re-running the pipeline
created a new LULC data set. The base map of the product was still Landsat, but the higher
resolution and higher accuracy UHR offered more data for the algorithm to train on, and
this was a training set that could identify sinuous landscape features. Indeed, the resulting
custom AtlasV2 LULC dataset improved from an accuracy of 69.61% to an accuracy of
82.64%, and identified small-scale landscape features including rivers and riparian forest.

Figure 26. Custom LULC datasets with UHR data. AtlasV2-UHR custom dataset
comparison.

AtlasV2-UHR

Atlas AtlasV2 AtlasV2-UHR custom dataset
accuracy '_h . accuracy Aocurac : 82.64%
68.91% 69.61% y

Atlasv2 Identifies small-scale land cover features.
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These modifications were cheap, requiring approximately 90 minutes for the complete
process: swapping out the training map, retraining the algorithm, classifying the LULC map,
and publishing the new data on Earth Engine. Possible future improvements include also
swapping out the base map, exchanging Landsat for ASTER, so the dataset would be built
on a 15 m instead of 30 m LULC map.

This accuracy evaluation of, and comparison between, Atlas and AtlasV2 is only a case study
of a small area within a large and heterogeneous region; accuracies reported for this case
study are not expected to be representative for the region as a whole. As shown in the
accuracy by zone map, classification accuracy for the V2 dataset is not uniform across space.
It is likely that this is the case for the Atlas as well. This may be caused by any combination
of: land cover classes present and spatial landscape patterning being more or less difficult to
classify, differences in the quality of the available base map data, or geographic differences.
For example, the southern regions are cloudier, which restricts the amount of data available.
There may also be differences among the technicians who classified the Atlas data, or
differences in the quality control post-processing of the Atlas.

It should be emphasized that this was a case study. Nevertheless, the success demonstrated
in this area pointed toward the power of the V2 method and dataset. The case study served
as proof of concept, and suggested that the true accuracy of the V2 data set may be even
higher than that of the original Atlas. Further, it demonstrated the ease with which the
product can be adapted, and the drastic accuracy gains available through the use of this
modular pipeline and the production of a custom LULC dataset tailored to a particular
region. With different training data, this pipeline could be adapted for different areas,
different use cases, and regions outside of West Africa.

Temporal transferability

One of the important questions for an approach such as the AtlasV2 is the transferability of
the trained algorithm to different years of data. There are a number of reasons that
transferability might degrade when applied to years not in the training dataset. There is the
potential for overfitting in the classification algorithm if the characteristics of the
observational data or the the underlying relationships to land cover types is not year
independent. Interannual variability and gradual changes over time could both contribute to
this situation.

For example, one would expect that in a dry period, land cover characteristics change
accordingly. Perhaps even the relationships between land cover type and indicators such as
surface reflectance change. From a systems point of view, this interannual variability can be
represented as movement within state space. Observing the system in one region of state
space (e.g. a dry period) does not necessarily afford enough information to represent the
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system in a different region of state space (e.g. a wet period). By training an algorithm with
information from only a limited subspace of the system’s full range of variability, the
algorithm potentially performs poorly in other regions of state space. In addition to
interannual variability, gradual shifts over time in land cover characteristics or sensor bias
can contribute to the deterioration of a classification algorithm over time. The temporal drift
in the information about the system limits the lifetime of a classifier. There is a restriction on
its ability to accurately classify land cover in years temporally removed from the years for
which it was trained. In this case, information on how quickly the accuracy of a classifier
decreases could contribute to planning when another hand-classification campaign is
necessary.

To gather information on the temporal transferability of this classification method, accuracy
tests were run exploring permutations of temporally segmented algorithm training and
evaluation data. The classifiers trained on combined data from 2000/2013 were evaluated on
2000 data and 2013 data separately. In addition, a set of classifiers was trained on data from
2000 only and another set trained on 2013 only. Both sets were then evaluated on both years
of Atlas data individually. Results of these accuracy assessments appear in the table below.
The 2000/2013 classifier performed well on the single years of data. The single yeatr
classifiers likewise do well on their own year, but for both the 2000 classifier and the 2013
classifier, performance was notably worse on the other year of data. Note that in all cases,
the data used to evaluate the classifier for a particular year or years was held out from the
training process; in other words, the accuracy assessment was conducted with data the
classifier had not seen. This procedure makes possible an honest evaluation of classification
accuracies.

Table 3. Classifier accuracies

Classifier: 2000/2013 2000 2013
Test years:|2000/2013 | 2000 2013 | 2000 |[2013 | 2000 | 2013
Savanna| .7148 7281 | .6986 |.7228 |.6376 |.7117 |.6967
Steppe| .7618 J707 | 7527 |.7627 |.6853 |.6988 |.7490
Agriculture| .7095 .6885 | .7243 |.6861 |.6705 |.5777 |.7163
Sandy area| .8407 .8404 | .8410 |.8387 [.7788 |.7240 |.8315
Bare soil| .6592 .6596 | .6587 |.6480 |.6144 |.5612 |.6397
Short grass| .7659 JT75 | 7527|7738 |.6442 |.6955 |.7556
Avg/Total| 7296 7336 | 7255 |.7235 |.6530 [.6573 |.7176

The limited skill of an algorithm trained on a single year to classify a different year leaves
open the question of which aspect of that setup is most detrimental. It may be that the
relationships between features and land cover type are highly year-specific, enough to
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compromise the ability of an algorithm to classify a year not seen in its training data. This
would present a particular challenge to the task of classifying the years between the two Atlas
maps, and exploring interannual trends and volatility. Alternately, it may be that a single year
does not cover enough of the variability range of the system to accurately classify a year
outside of the explored phase space. Having data representing a wider region of phase space
would improve this deficiency, without the need for data from every year.

The evidence from this accuracy assessment is not conclusive about the time transferability
of classifiers. It does, however offer insight into the factors affecting temporal transferability.
In the case of high annual specificity, one would expect that classifiers trained and evaluated
on data from the same year would perform better than classifiers trained on a combination
of data from temporally distant years and then evaluated on only one of the years. Instead,
for both 2000 and 2013, the 2000/2013 algorithm outperforms the classifier built on that
year alone. This indicates that capturing interannual variability, in other words a wider
elaboration of the state space, is more important for constructing a skillful classifier than
temporal fidelity. With two years of Atlas data for training and evaluation, it is clear that
including both years more fully covers the phase space of the system. It remains unclear how
well those two years cover the entirety of the phase space. It is encouraging that the two
Atlas map years are at or near the beginning and end of the AtlasV2 dataset, and that
between these two time points there have been significant and large-scale changes in
prevalence of the major land cover types in the Sahel.

Investigation of AtlasV2 classifications for years without associated training data will, by
necessity, include sources of land cover data other than the Atlas. While MODIS is perhaps
not an ideal evaluation standard (Kaptué Tchuenté et al. 2011), there are small-scale high
resolution land cover datasets from various sources for the Sahel region, both visually
classified and field-based. These datasets can serve as more local case study evaluations of
AtlasV2 for years not covered by Atlas. One such example is detailed in the previous section.
In addition, there is an increasing number of high-resolution land cover datasets produced
for the continent of Africa (e.g Midekisa et al. 2017; ESA CCI 2017). Comparison with these
datasets, while not an evaluation against ground truth, will provide insight into the
characteristic tendencies of datasets produced with different methodologies which can
inform further development of the products.

Open access methodology

In addition to the regional land cover time series itself, a fully Earth Engine-based
classification routine was implemented to facilitate classification of future years of data, and
to make the methodology accessible for open use and customization. With this tool, users
can change the input data and preprocessing techniques, select any region in the West Africa
domain on which to train a custom algorithm, or upload their own training data for
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anywhere in the world. For a single 0.5 degree zone, the entire pipeline—ingestion and
compositing of Landsat input data, custom algorithm training, and subsequent classification
of land cover for the entire zone—takes only seconds. This is a tremendous advance for the
field of land cover classification, and offers both the foundation and the flexibility for land
cover practitioners to create their own implementations tailored to any number of
applications.
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Chapter Two.

Development of Land Cover

Classification Algorithms
Methodological insights

Introduction

To create the dataset presented in the first chapter, it was necessary to develop a machine
learning protocol specifically for training algorithms to classify land cover types in the West
African Sahel. This development process led to two insights key to the success of the
project. First, the flexibility and tractability of random forests outweighs the tunability of
support vector machines, even on smaller datasets. Further, geographic clustering is more
important than the size of the training data. These results, while specific to this Sahel
classification endeavor, add to the underdeveloped literature on optimizing land cover
classification tasks, and call attention to factors that should be considered when developing
algorithms.

Algorithm choice

Two machine learning algorithms were investigated for the classification routine: support
vector machines (SVM) and random forests (RF), using scikit-learn (Pedregosa et al. 2011).
Support vector machines are computationally intensive to train, but have an established
reputation for performing well on land cover classification. Existing work finds that for land
cover classification, SVM outperforms methods such as artificial neural networks and
maximum likelihood estimators (Huang et al. 2002; Melgani and Bruzzone 2004; Shao and
Lunetta 2012 among others). Huang et al. (2002), for example, find SVM algorithms are
better classifiers when using a higher percentage of the total data. They find that increasing
the number of features supplied to a given classification algorithm has a greater impact on
accuracy than either increasing the number of training samples or choosing a different
algorithm. In their study, the speed of SVM training is particularly sensitive to number of
training samples, choice of kernel, and class separability. While SVMs are slow to train on
large sample sizes, the authors maintain that SVM is a preferred algorithm for land cover
classification, and that as many features as possible should be included.

Random forests have also been shown to perform well on land cover classification tasks,
with results comparable to or better than SVMs in some cases (Pal 2005; Rodriguez-Galiano
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et al. 2012; Adam et al. 2014). The evaluation by Rodriguez-Galiano et al. (2012) of random
forests found that they are competitively skilled at land cover classification, and further, have
some advantages over other classification methods. A random forest provides an estimate of
generalization error and feature importance. It is a method efficient for both large and
high-dimensional datasets, and robust to small training samples and noise. Belgiu and Dragut
(2016), however, in their overview of recent algorithm evaluation work, emphasize that
random forests appear to be sensitive to training data sampling design, but reports are
contradictory as to the effects of imbalanced training data.

Toward the goal of building a skilled and robust classifier for land cover in West Africa, and
in light of the myriad potential sensitivities of different algorithms, both support vector
machines and random forests were explored. The classifier development was carried out in
parallel. At each stage in designing the classification routine, two classifiers were
independently optimized: both a support vector machine and a random forest. This allowed
comparison of overall classification accuracies, and of the sensitivities of each method. In
this chapter, an overview of support vector machines and random forests is provided. This is
followed by an exploration of the effects of input data transformations on classification
results. The training section details bottlenecks encountered in the classifier development
process, the effects of input training data size, and unexpected findings on the role of spatial
scale in the final classification results. Final results and discussion follow.

Support Vector Machines

For classification tasks, a support vector machine draws a plane through feature space to
separate the input data into classes. A plane that maximizes the margins between itself and
the nearest input data observations of different classes is determined to be the best solution.
Those data observations at the edges of class groupings used to determine the plane margins
are called the support vectors. For data that are not perfectly separable, a cost parameter
defines how much an SVM prioritizes avoiding misclassifications. For non-linear solutions,
the support vector machine transforms the feature hyperspace according to some function F
and then draws a plane through the remapped hyperspace. Because the input data are
mapped into the transformed hyperspace through dot products, the explicit form of F does
not have to be found. Instead, optimal parameters are found for a kernel function K, where
K is the dot product of the mapping function F. Details of the theoretical underpinnings of
the support vector machine algorithm can be found in Huang et al. 2002, Vapnik 1995 and
1998, and Burges 1998, among others.

Preventing overfitting

One of the routines required in training an SVM is the use of k-fold cross-validation. This
procedure prevents overfitting of the algorithm. An overfit algorithm is too closely tuned to
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the training data such that the generalizability of the algorithm suffers. The overfit algorithm
will perform poorly on data not included in its training set, despite misleadingly high
accuracies demonstrated in training. In k-fold cross-validation, the training data is split into k
sections. The training for any particular set of parameters is completed in k iterations, each
time holding out a different section of the data as the test data. The accuracies of each of
these k iterations are then averaged to determine the overall accuracy of the algorithm with
whatever parameterizations had been applied.

Figure 27. Schematic of 3-fold cross-validation.

Iteration 1 Test Train Train

Iteration 2 Train Test Train

lteration 3 Train Train Test

Optimization of the input parameters requires testing many different values for the
parameters. The accuracy for each parameter set is determined by its own full k-fold
cross-validation procedure. A percentage of the total training data is held out entirely from
the k-fold cross-validation process; 10% was used during development of the V2. Once the
optimal kernel parameters are determined, a final classifier is trained on the entire training
dataset, less the held-out validation data. This held-out data is then used to evaluate the final
classifier. The reservation of the validation data until the final evaluation of the classifier
minimizes the bias in the final accuracy score.

Choosing and parameterizing a kernel

Support vector machines require the selection of a kernel to describe the mapping of data

into higher dimensional space. The first kernel tested was the radial basis function (RBF):
K(x,y) = e Yk’

The RBF was selected because it is generally a skillful kernel; its use requires optimizing only

two parameters, ¥ and cost; and it can accommodate nonlinear mappings. The parameter y

for the RBF kernel sets the radius of influence for individual points. The cost parameter sets

the penalty for an incorrect classification. Higher cost incurs a larger penalty.

Following Hsu et al. 2003, a grid search was conducted in parameter space to optimize the
parameters for classification accuracy. Stepping at intervals of 2™** for both y and C,
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classifiers were trained and evaluated with 5-fold cross validation. This exploration of the
accuracy topology in (C, y) space was thus a systematic and comprehensive optimization
protocol.

Figure 28. Accuracy surfaces from the grid search.
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Training of a single SVM algorithm is computationally expensive. When multiplied by
necessary parameterization routines and k-fold cross-validation, the resources required
quickly inflate. For an application with a relatively low number of data observations, training
an SVM algorithm likely remains tractable; datasets with many more observations are
potentially more difficult. The linear SVM kernel was explored, replacing the RBF, in an
attempt to attenuate some of these computational resource requirements. Kernel choice can
impact the speed of training a support vector machine significantly, and the linear kernel is
recommended for large low-dimensional datasets (Hsu et al. 2003), but on this dataset the
linear kernel did not yield satisfactory results. As such, the RBF kernel was retained for
further development of the SVM algorithm. Ultimately, computational requirements of the
SVM method proved a substantial hurdle in the algorithm development process.

Random Forests

A random forest classification approach was developed in tandem with the SVM in order to
choose the most appropriate method for the AtlasV2 classification routine. Random forests
are generally simpler than support vector machines, more interpretable, and far less
computationally expensive. The random forest method is an ensemble technique wherein a
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classification decision is made by a collection of decision trees. Each decision tree within the
random forest is composed of a branching structure which an observation traverses to reach
a classification result. The final classification is determined by collective vote of all the
decision trees in the forest.

To grow a decision tree, the training routine finds the feature and feature threshold value
that best splits the training data into its constituent classes. Each node of the structure
imposes this criterion which is used to determine which of the two emanating branches a
data sample is subsequently passed to. This routine is repeated sequentially, finding the
feature and threshold value that best splits the samples passed along by the previous step.
For a decision tree classifier, the user must assigns the minimum number of samples
required in a node to qualify for another split. When the decision process reaches this
sufficiently terminal “leaf,” the process is complete and the resulting classification is the vote
that decision tree casts. A minimum leaf size of one was used for the AtlasV2 classifiers.

The training routine tests the accuracy gains with each available feature from a randomly
permuted feature list order. To prevent overfitting and limit the correlation of the
constituent decision trees, each tree is given random subsamples, of both the training data
and the input data features, from which to build its structure. By choosing the number of
features available to each decision tree, the user can tune the random forest to be more
generalizable (fewer features available) or to be more fitted to the training dataset (more
teatures available). The accepted rule of thumb for choosing the number of features available
is the square root of the total number of features. Heuristic exploration completed on the
Atlas training data confirmed that a classifier with a restricted number of features available to
each decision tree performed better than a classifier with all features available to all decision
trees.

Parameters for random forest classifiers include the number of decision trees in the random
forest. More trees produce a more robust classifier up to a certain limit. Above that number,
there is little to no accuracy gain with a higher number of trees. Once all of the decision trees
are trained, each tree in the ensemble casts a vote for the classification of each land cover
pixel. Because of the ensemble approach to random forest classification, one of the metrics
available from the classified validation dataset is the fraction of trees that voted for a
particular class. This provides additional information about the certainty of the classification,
and by proxy, about distances between classes in feature space.

Another advantage of the random forest method is that the algorithm is robust to extra
teatures, which accelerates the process of optimization. Extra features can be added without
depressing accuracy results with the additional noise. Further, results from training a random
forest classifier include a metric of importance of each feature included in the input data.
These insights may inform mechanistic understandings of processes affecting land cover;
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they can also further improvements in the RF algorithm development, and the development
of other empirical or mechanistic models of land cover in the region.

Detailed descriptions of decision trees and random forests, with a focus on their application
to land cover classification can be found in the following: Friedl and Brodley 1997; DeFries
and Chan 2000; Breiman 2001; Pal and Mather 2003; Pal 2005; Gislason et al. 2000;
Rodriguez-Galiano et al. 2012; and Adam et al. 2014, among others.

While random forests are fast to train, simple, and interpretable, however, there are often
trade-offs in accuracy, so for the V2 both SVM and RF approaches were developed, and
each method evaluated for performance as applied to land cover classification in West

Africa.
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Data transformation

One technique for improving machine learning classification results is to transform the input
data. Such transformation can improve data separability and computational tractability.
Transformations can be applied either across feature space, or to input data features
individually.

Figure 29. Linear, uniform and Gaussian transformations of two-dimensional projections of
Landsat band feature space. Top row is band 4 vs. band 1. Bottom row is band 7 vs. band 2.
Bands refer to wavelength ranges in Landsat 7 data.
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For the SVM method, feature values must be scaled to unify their ranges. This prevents a
feature having outsized influence on the classification simply because the values assigned to
that feature are significantly larger than the other feature values. For the SVM algorithm,
smaller feature values are more tractable. Both (-1,1) and (0,1) are good choices for the range
to which all features are standardized. Note the importance of consistent scaling of a feature
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no matter the particular input data. Once scaling parameters are chosen to transform the
input training data, those same parameters must be used for the classification data. With
scaling parameters from the training data, the new data may fall slightly outside of the
chosen feature value range. As long as the input data is all processed the same way, slight
deviations from the specified value range do not pose a problem. The naive method for
transforming a feature to the unified value range is a simple linear scaling.

In the SVM method, additional data transformations can improve the skill of the classifier.
The SVM transforms parameter space in order to draw hyperplanes separating classes. The
transformation of input features can give the algorithm a head start. The figure shows the
training data used here projected onto two dimensional space. The top row is the projection
of band 1 and band 4 of Landsat data; the bottom row is the projection of band 2 and band
7. In the figure, each data observation is color-coded according to class membership. The
left plot is the simple linear scaling, the middle is a uniform transformation, the right a
Gaussian transformation. In the transformed data, for these particular projections with the
uniform transformation, the data is distributed across the space and the groups of classes are
more clearly differentiated even to the eye. A small-scale SVM classifier trained on
transformed data produced overall precision scores of 0.570 for the untransformed (linearly
scaled) data, 0.587 for the uniform transformed data, and 0.625 for the Gaussian
transformed data; accuracy gain with the Gaussian transformation was a substantial 5.5%.

The user must consider, however, that different machine learning algorithms respond
differently to data transformations. The SVM algorithm finds continuous hyperplanes in
transformed feature space, while the random forest makes linear slices in feature space with
decreasing increment size. These differences in methodology for separating data into classes
and different levels of sensitivity can mean that data transformation is not universally a
useful technique to improve classification skill. The random forest method, for example,
when trained on the same input data transformations, shows no significant improvement in
accuracy.

Training

Bottlenecks

In the methodology development process, factors associated with training bottlenecks
included the size of the dataset, heuristic algorithm development, and parameter
optimization. Minimum and maximum requirements for training dataset size were influenced
by several factors: which machine learning technique was used, model parameterization and
customization (e.g. what kernel used for SVM ), noise present in the training data, and
features of the training data itself. Even subsetting the 1.2M observations, each iteration of
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SVM training incurred heavy computational cost. Ultimately, computational time was the
dominant bottleneck for development of the SVM process. In contrast, the computational
tractability of the random forest algorithm (even on the full dataset) allowed for far more
flexibility in the model development process.

One of the key challenges for model development was the parameter optimization process.
This proved prohibitively expensive for the SVM algorithm, while the RF was well-suited to
a complete exploration of parameter space. The RBF kernel used for the SVM has relatively
tew parameters, a distance of influence metric (gamma) and a cost for misclassification (C).
A methodical grid search of parameter space was conducted, training with all pairings of
parameters in 2" increments. To prevent overfitting, each parameter pair was tested with
5-fold cross-validation. This parameter optimization procedure, while thorough, required
many iterations of algorithm training. That, combined with the resource-intensive nature of
the SVM algorithm, meant that a complete search of parameter space was not a tractable
task. As a result, only an under-optimized algorithm was possible, failing to capture potential
accuracy gains from better parameterization.

The poor tractability of SVM proved an insurmountable barrier to its use in a significantly
heuristic development process. Development, aiming to design a complete classification
pipeline for a dataset and a region that had never before been successfully analyzed with
machine learning classification techniques, included many heuristic components.
Examination of classification results was followed by iterative attempts to improve the
results. This included exploring feature design, data pre-processing, and data sub-setting
methodologies. The high overhead required by the SVM algorithm restricted capacity for
testing different solutions, while the RF was well-suited to this sort of heuristic development
process.

Training data size

One of the methodological variations tested for accuracy improvements was training on
subsets of the available data. For the SVM method, this approach arose from tractability
limitations, which were present even when the training was executed with cluster computing.
To create a reasonably tractable training routine, the full domain dataset was randomly
sampled to provide a training subset for the SVM routine. The computational requirements
of SVM limited this subset to no more than 20% of the total data region-wide. Classifiers
trained on 10% and 20% of the full dataset performed with accuracies no better than 0.440.
Because the random forest method can accommodate training datasets on the order of at
least 10°, it enabled a classifier to train on the entite West Africa domain. This single
algorithm was then used to classify LULC across the region.
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Spatial scale

In another approach tested for its ability to improve classifier accuracy, multiple classifiers
were trained on multiple, smaller domains within West Africa. This technique reduced the
number of training observations for each classifier, which had the potential to detract from
their accuracy. In this process, however, classifiers on smaller domains performed better
than classifiers on larger domains. 4-degree, 2-degree, and 0.5-degree zones were tested;
locally-specific and spatially coherent classifiers performed better than classifiers for larger
regions using both SVM and RF. The improved accuracy of these smaller-scale classifiers
supports the spatial heterogeneity of land cover class appearance across West Africa, which
is one of the reasons cited that machine learning or algorithmic approaches to land cover
classification generally perform poorly in the Sahel. Training multiple small classifiers
addressed this challenge.

Figure 30. Zone size map.
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Figure 31. Accuracy vs. number of trees by grid cell size.
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Results and discussion

Table 4. Best SVM model accuracy table.

precision recall fl-score support

Farast D.40% [} D.250 1a0
Savanra D.&6EE a D.735% 20152
Floodplain 0.600 d. 0.45% 2080
Steppe 0. 735 . 0.771 17196
Plantation 0.478 Q. Q.10% 178
Mangrove 0.757 Q. 0.754 208
Agriculture 0.701 a. 0.704 20128
Water D.804 Q. 0.74E 545

Bandy area 0.820 ad. 0.754 3338
Rocky land 0.68% ad. 0.562 1262
Bare soll 0.60% Q. 0.51% 2190
Settlements 0.639 Q. 0.307 341
Irrigated ag. 0.562 Q. 0.364 402
Gallery for. D.303 a. D.0l4 1370
Degraded far. 0.643 Q. 0.228 &5
Bowe 0.62% ad. 0.3B0 1384

Thicket 0,346 Q. 0.158 1)
Recession ag. 0,496 a. 0.266 385
Woodland 0,541 Q. 0,238 1290
Ewamp for. 0.417 Q. 0.217 [3:]
Short grass D.738 a. D.724 2910
Herbaceaus Sav. 0.585 Q. 0.262 142
Jpen mine 0.500 d.400 0,444 5

avg f total 0,691 9.701 0.6BE azend

In this project, SVMs were found to be sensitive to input data variation and parameter
optimization. Additional tuning refinements could potentially increase the accuracy of the
classifier; however, these refinements, whether systematic or heuristic, were prohibitively
expensive in computing resources and time. SVMs tend to perform best on smaller training
datasets. Even working with half-degree zones, however, the SVM training routine was
computationally intractable on this dataset. Thus SVMs, while successful in some
applications to land cover classification, were ill-suited for this project.
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Table 5. Best RF model accuracy table.

precision recall fl-score support

Forest 0.58140 0.18657 0.28248 134
Savanna 0.71482 b.8a072 0.78101 68049
Floodplain 0.64387 0.42883 0.51458 7118
Steppe 0.76179 0.82989 0.79438B 67058
Plantation 0.62500 0.10802 0.18421 324
Mangrove 0.79775 0.81143 0.80453 700
Agriculture 0.70947 0.70454 0.70720 59656
Water 0.83029 D.60746 0.74002 2111

Sandy area 0.84073 0.75327 0.79460 13006
Rocky land 0.73205 0.52807 0.61355 4827
are soil 0.85918 0.50558 0.57251 8696
Settlements 0.75304 0.171e6 0.28000 1101
Irrigated ag. 0.64238 0.32159 0.42887 1205
Gallery for. 0.53250 0.04821 0.08842 4418
Degraded for. 0.50000 0.1363¢6 0.21428 22
Bowe 0.66180 0.31882 0.43033 4548

Thicket 0.44737 0.217585 0.29310 78
Recession ag. 0.63652 0.29829 0.40822 1227
Woodland 0.81831 0.22461 0.32852 3387
Swamp for. 0.57143 0.17508 0.26804 287
Short grass 0.76588 0.75530 0.76055 40800
Herbaceous sav. 0.81538 0.32653 0.42667 343
Open mine 0.66667 0.16667 0.26667 24

avg / total 0.72962 0.73487 0.72228 288939

Random forests are much simpler and faster than SVMs. Although random forests tend to
be less accurate than SVM models under optimal circumstances, in this work they were more
suited to iterative model development. With the tractability limitations on how well and how
quickly an SVM model can be optimized, even a preliminary random forest model of LULC
change in West Africa has comparable accuracy to the best-model SVM that was found. The
ease of training opened more opportunities for heuristic improvements of the RF model.

Because the random forest method is computationally inexpensive and relatively robust to
input data processing, it was much more suited to an application for which future
sustainability is important. The full algorithm development pipeline can feasibly be
implemented on Earth Engine, ensuring wider access to the method and availability for
tuture use and improvements. The algorithm development procedure can be easily changed,
a flexibility that has potential applications for adaptation to specific use-cases or other data
sources. Further, this implementation allows for the possibility of the classification
methodology to be adapted and used for other parts of the world and with other training
datasets.

The development of the machine learning classification of land cover in West Africa yields
two major methodological insights, one on algorithm choice and one on training data
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subsetting. The results of the paired SVM and RF classifier development add to the existing
literature on algorithm choice for land cover classification. For the AtlasV2 application, the
flexibility and tractability of the random forest outweighs the customizability of the support
vector machine algorithm. This finding supports the use of random forests for land cover
classification. The result of the impact of zone size on classification accuracy also has
implications for machine learning land cover classification applications more broadly.
Improved classifier performance with smaller spatial domains highlights the importance of
variations across space in the relationships of input features to land cover class. In the
AtlasV2 setting, this spatial heterogeneity effect outweighs any positive effects of providing
larger datasets to the training routine. For land cover classification applications more
broadly, this result establishes the importance of considering spatial domain in the design of
machine learning classification algorithms.
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Chapter Three.

Future Work and Next Steps for
I.and Cover Classification

Introduction

The dataset presented here is best described as a first working version of this product, a
version zero. There remain many possibilities for improving and extending the dataset, these
methods and development pipelines, and their accompanying capabilities. This future work
includes classification improvements, additional analyses, comparisons with other land cover
datasets, and extending user collaboration and applications.

Input data processing

Improvements of the land cover classification are possible for every component of the data
classification pipeline. The first stage of the pipeline is the development of the feature
library. Version zero used Landsat 7 bands, CHIRPS precipitation, and SRTM topography
data, and these input data required preprocessing to be useful as components of the feature
library. Scenes were selected from a chosen season, filtered for clouds and saturated pixels,
and the median value per pixel of all the remaining scenes in the relevant time range was
taken. This procedure, while sufficient to achieve the accuracies in the version zero product,
can be modified for additional potential improvements in accuracy.

As an example, the composite imagery is not currently corrected for the scan lines present in
Landsat 7 data. While the current compositing procedure smooths out much of the scan line
error, some artifacts still appear in the resulting land cover data set. These scan line artifacts
usually manifest as erroneous land cover classification in the spatial pattern of the scan lines.
Future work includes addressing the scan lines at the data preprocessing stage. The cloud
masking method is another area where modification of the methodology may improve
results: a custom built cloud detection procedure may improve the resulting composite.

The version zero data set was built from three-year composites of landsat seven. Future
work includes training classifiers for the other landsat campaigns. Note that because Atlas
maps address 1975, 2000, and 2013, they can be used to train classifiers that span the full
time period of Landsat campaigns, 1972 to present.
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Table 6. This table details the base map/training data/time petiod combinations.

Training Basemap | Classified Time Span

Atlas 1975 LS1 1972-1978

Atlas 1975 L.S2 1975-1983

Atlas 2000 LS5 1984-2012

Atlas 2000 LS7 1999-present

Atlas 2013 LS7 1999-present

Atlas 2013 LS8 2013-present
ESA20m (2016)| LS7/8 1999-present
ESA20m (2016) S2 2013/14-present

New high resolution satellite data and the publication of other land cover data sets for
Africa, e.g. the European Space Agency (ESA) 20 m product (ESA CCI Land Cover Project
2017) and the Malaria Elimination Initiative land cover map (Midekisa et al. 2017), provide
other opportunities for the use of the new data set and algorithm development pipeline. The
2016 V2 map can be compared with both the ESA 20 m LULC product and ESA 20 m
training data set. Comparing the data sets will identify locations and characteristics of data
set agreement. This information informs the development of both the V2 and the ESA
products. The classification pipeline can build a LULC dataset using Landsat 7 and 8 as the
base map and the ESA 20 m data set (full map and/or ESA training data) as training data.
These data sets can then be compared with both the original V2 data sets and with the Atlas
2000 and 2013 maps. A V2 data set built with Sentinel as the base map and training on ESA
20 m will allow comparison of the V2 and ESA algorithms and methods, and extend the
ESA 20 m dataset to the full range of Sentinel (2013/14 to present).

Feature Development

As discussed, random forests are robust to superfluous features and easily scalable for a data
set with many features, and this flexibility supports heuristic addition of features to the
library in pursuit of higher classification accuracies. Future feature exploration could include
additional data, such as temperature and higher tier products derived from Landsat data (e.g.
NDVI, EVI, SAVI, NDMI, NBR)', as well as transformations or combinations of existing
features. Further, because land cover evolves continuously in time, including system memory
features may be advantageous. This would entail, for example, including last year’s rainfall as

' NDVI: Normalized Difference Vegetation Index
EVI: Enhanced Vegetation Index
SAVI: Soil Adjusted Vegetation Index
NDMI: Normalized Difference Moisture Index
NBR: Normalized Burn Ratio
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a feature for the current year’s classification. Another way to include temporal components
in a future library would be the use data from multiple seasons. The current product includes
information for two seasons (April and October), and future work could expand upon this,
including data from the entire year divided into any number of seasons.

The limitation on adding information to feature collection comes not from the random
forest algorithm, but from data input/output requirements to port the training classification
from Google Farth Engine to Savio. Intended future improvements to Earth Engine
implementation of the random forest training and classification will aim to make the entire
pipeline feasible at full-scale on Earth Engine, obviating these data input/output limitations.

Algorithm Improvements

Areas of focus for algorithm improvements include regional classifier performance, tailoring
tor specific use cases, and zone edge smoothing. At the regional scale, one of the major
challenges for land cover classification is obtaining sufficient imagery for the Gulf of Guinea
coastal regions. These areas receive high annual rainfall, spread out over much of the year,
during which time they appear cloudy and no Landsat data can be collected for surface
reflectance. The current AtlasV2 dataset does not include these coastal regions, because the
random forest method required that all included features have no missing data; due to the
spotty Landsat imagery, classifications there were not accurate enough to be useful. Creating
a skillful classifier for the cloudy southern regions will require a more innovative approach.
The V2 pipeline has a key and powerful characteristic: classification routines come not from
a single region-wide classifier, but from a collection of small scale (0.5 degree) classifiers, and
the feature libraries for these 0.5° zones do not have to be identical. This means that a smart
teature selection protocol could be implemented. A master feature library would be created,
one which includes all of the potentially useful features, even if these do not appear in all
zones. Each individual zone would check which of those features have no missing data in
that zone, and then only those features would then be included in the feature library for that
zone. This would allow each zone to implement its custom feature library, without
constraining the features available to a region-wide common denominator.

Other algorithm improvements include tailoring for specific use cases. In the development
of an algorithm, choices are made to maximize the performance of the classifier. The
evaluation of what constitutes good “performance,” however, is determined by the priorities
of the user. This version zero product was shaped by interest in aggregate precision squares,
with attention to the agriculture class in particular. Other use cases might prioritize recall, or
accuracy of a different class. These priorities affect decisions made along a heuristic
development pathway; different use cases may call for significantly different choices. The
future work here is would not be about developing an algorithm for predetermined use
cases, but about making the algorithm development pipeline transparent and accessible.
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Users could then create custom algorithms and data sets optimized for specific use cases.

Edge effects are another area in which future development stands to greatly improve the V2
product. Each 0.5° zone classifier was trained on the Atlas data contained by the zone
boundaries. As such, the training data for a zone only included the classes that were present
in that particular zone in the 2000 and/or 2013 Atlas maps. Land cover change dynamics,
however, do not neatly match the boundaries of these classifier zones. For example, a land
cover class that had never appeared in a particular zone can begin to populate that zone as
time goes by. If the zone’s classification algorithm had not seen land cover of that class in its
training process, the algorithm will not know how to classify the new land cover type, or
even that this class of land cover exists at all. This difficulty is also present in cases where the
classification algorithm has little (instead of no) information about that class.

Along the western and Southern boundaries of the LULC map, the coastline cuts through
the regular zone grid such that some zones are only partially covered by land, with the
remainder covered by ocean. In this situation, the coastal edge zone has less information
from which to draw on to learn to classify the land surface. This exacerbates difficulties with
identifying land cover classes that were scarce or nonexistent in the zone’s training data. The
first kind of edge effect (call it “landlocked” edge effects) reveals a trade off between locally
specific classifiers versus widely generalizable classifiers. Zone size accuracy testing indicated
that 0.5° zones perform better than the larger zones, which suggests a need for methods to
smooth edge effects without losing the local specificity of the classifiers. Larger zones might
smooth edge effects, but would sacrifice accuracy in the process.

The edge smoothing method currently implemented is a local kernel technique. The classifier
for each zone is trained on data from the surrounding eight zones. The information from the
surrounding zones is incorporated into the classifier, which then remains responsible for
classifying only the single center zone. This technique does improve the edge effects of the
final region-wide classification. Note that the overall accuracy of the region-wide
classification is not substantially different with and without this local kernel implementation.
This is a good example of use case based design priorities. How important is reducing edge
effects versus improving region-wide accuracy? Work remains to be done exploring the
parameterization of the local kernel technique in pursuit of further improvements in zone
edge effects. Parameterizations include the shape of the kernel function as well as its width.
Currently the kernel is uniform in shape with a width of one zone. Other possibilities include
a Gaussian kernel with a wider sphere of influence, or a dynamic box size.

For coastal regions, a more custom approach will be necessary. The superposition of the
coastline on the regular zone grid results in zones only partially covered by land surface
pixels, with water in the remaining area. This limits the land surface information available for
training the classifier. Issues arise when the classifier can distinguish differences in land cover
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type but does not necessarily have the land cover class vocabulary to accurately assign the
classes. Performance in the coastal regions, therefore, might be improved by redistributing
pixels from partial coverage zones. Land cover data from partial coverage zones could be
reassigned to nearby more complete zones. Alternately, partial coverage zones could be
pooled together to form aggregate coastal zones with approximately the same number of
pixels has the 0.5° zones.

These edge effect techniques are part of a broader future exploration of zonation
methodology. Classifiers trained on zones of three different sizes were tested for region-wide
accuracy; those trained on 0.5° zones, the smallest tested, performed best. Presumably, were
increasingly small training zones to be tested, further accuracy gains would at some point be
offset by overfitting effects. A peak of this accuracy plot has not yet been identified, and
further exploration of smaller zones is warranted.

Figure 32. Schematic of accuracy vs. zone size: ovetfit; just right; over generalized.
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Other methods for assigning zone boundaries might benefit region-wide accuracy or be well
suited to particular use cases or applications. Zones may be assigned by eco-region, by
country (to capture Atlas technician differences), or by areas of different agricultural
practices.

Analysis

The analysis of the V2 results that was presented in the previous chapter represents only a
fraction of the exploration possible with this rich source of new information. Much work

remains to be done, and many new analyses will be possible because of this dataset; only a
tew are detailed below.
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The dataset captures class transitions on an annual 3-year smoothed timescale. For the first
time, therefore, it is possible to look at the character, conditions and predictors for land
cover class transitions. Another step in the analysis of land cover change in this data set is
exploring alternate methods for determining significance thresholds for land cover class
transitions. The conversion volatility maps presented here are filtered by a tree agreement
parameter, described in chapter one. Future analysis could include finer grained examination
of conversion type (what class a pixel is converting from or to). Establishing significance for
this analysis might include conducting a conversion analysis on spatially shuffled data, for
example. Further, a Monte Carlo type approach to classifier training will provide an
indication of the stability and significance of the land cover maps and accuracy values.

The AtlasV2 LULC data set was built on a feature library that included spectral landsat data,
which enabled analysis of classification topology and spectral signatures by land cover class.
The land cover class schema utilized in the Atlas dataset was chosen based on both the land
cover types present in the region and the class distinctions which are useful to researchers,
land managers, and decision-makers in the region. This mapping is related but not identical
to the topological structure present in the distribution of land cover data in feature
hyperspace. Mapping the land cover data into features space (or two dimensional eigenvector
space) may provide insight on classification challenges and on the classes themselves.
Proximity or overlap of classes, for example, can indicate classification challenges and
inform addition of other distinguishing features. A focus on mapping the land cover data
into Landsat band space specifically may yield insight useful for the broader research
questions on remote-sensing land cover in the region.

Projecting the data into spectral space can aid in the development of a spectral library for
each land cover type. While earlier or more general attempts to classify land cover in the
region based on spectral signhature have been unsuccessful, AtlasV2 data allow us to make
advances in this vein. The map of agriculture in spectral hyperspace may show more or less
coherence around a particular spectral signature that characterizes agriculture. The spectral
mapping might show sub-groupings that could indicate different types of agriculture.
Further, because a full time series is now available for land cover data, a shift in the spectral
characteristics of agriculture may be discernible over time. The knowledge that more locally
specific classifiers are more accurate than regional classifiers indicates that a land cover type
spectral library should be similarly localized. Through a combination of visual map
inspection, geographic spatial organization and an evaluation of the tightness of class
grouping in spectral space, it may be possible to identify localized spectral signatures for
different land cover classes. Depending on the separability of land cover classes based on
spectral signature, spectral unmixing may be a feasible way to identify land cover at a sub-30
m scale.
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User Collaboration

Future improvements and extensions of this data set and platform hinge on the ongoing
collaboration with users of the data set. Possibilities include: the development of a custom
user interface with built-in analysis functions; and/or the development of a customizable
algorithm training and classification platform. The data set development platform is designed
to be modular such that it can be adapted for other basemaps, other training data sets and
for other regions in the world. Applications for the data set reach far beyond purely
environmental concerns. Land cover data represents landscape characteristics and spatial
organization and is also an indicator of people in space. This information has disease
eradication applications. The locations of settlements and agricultural fields can help identify
for example, how malaria moves across the landscape into different populations in Burkina;
for where health workers should target ebola vaccination efforts in central Africa.

The identification of ephemeral water bodies can guide pastoralists in need of water sources
for their animals. The location of land cover conditions favorable to Locust ovopositioning
can inform pest control efforts to avoid famine. Land cover dynamics affect flood risk and
agricultural stability. Information on these dynamics can inform land management
decision-making.

The needs and priorities of the end users will guide the future development of this dataset
and platform. It is likely that the most important features for future development are not
anticipated here without detailed and ongoing inputs from the researchers, land managers
and decision-makers in the region. This is the crux of the endeavor. The data set is possible
because of years of discussion, review, decision-making and labor of experts in the region.
The goal of the project described herein is to build on these efforts, creating a tool that can
be adapted for myriad applications.
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Chapter Four.

Seasonality and Spatial Patterns
of Sahelian Rainfall

Introduction

The past twenty-five years have seen a major shift in Sahelian rainfall. A decades-long
drought has given way to some recovery of annual precipitation, but with changes in
interannual and seasonal characteristics of rainfall (Giannini et al. 2016; Janicot et al. 2011;
Lafore et al. 2016). Studies on recent interannual rainfall trends in the Sahel point toward
increased annual variability, continued deficit of number of rainy days, and a possible
increase in rainfall intensity (Sanogo et al. 2015; Panthou, Vischel & Lebel 2014; Ly et al.
2013; Nicholson 2013). These trends are subject to high spatial variability of rainfall, and
there is limited consensus on long-term rainfall trends, especially with regard to annual
precipitation totals (Biasutti 2013; Joly et al. 2007; Biasutti & Giannini 2006; Cook & Vizy
20006; Douville et al. 20006). Through the “upped-ante” mechanism, climate models predict a
delay in the onset of the rainy season in the West African Sahel and a subsequent shortening
of the rainy season (Neelin et al. 2003; Chou & Neelin 2004; Sobel & Camargo 2010; Chou
et al. 2001; Biasutti & Sobel 2009; Biasutti 2013). After providing background on
precipitation in the Sahel, this chapter analyzes small-scale rain gauge data for seasonal
trends present in the recent rainfall record. Then follows a large-scale spatial analysis of
rainfall over the region with an analysis of seasonality and annual precipitation. The last
section compares precipitation products for their spatially explicit representation of
seasonality trends.

Background

The first half of the 20th century is described as a wet period in the record of annual
precipitation in the West African Sahel. The late 1960s, however, marked the onset of a
decades long severe drought in the region (Lamb 1982; Nicholson 1983; Katz and Glantz
1986; Hulme 2001; Dai et al. 2004; Trenberth et al. 2007; Greene et al. 2009; Nicholson
2018). For the next 35 years, climate scientists debated the cause of the drought—the largest
change in climate anywhere in the world over the entirety of the 20th century (Giannini
2010).
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Narratives about the effects of agriculture and pastoralism shape perspectives on the
culpability of local people for negative changes in climate and land cover change. In 1975,
Charney, a meteorologist, proposed that the catastrophic region-wide drought that began in
1968 was the result of soil denuding caused by overgrazing (Charney et al. 1975). He
suggested that a biophysical coupling between the land surface and climate could be the
mechanism driving the drought. A reduction in vegetation would lead to an increase in
albedo; the land surface and the boundary layer atmosphere would be relatively cooler and
convection therefore suppressed. Charney acknowledged the limitations of the then-current
climate modeling. He noted that this local suppression of convection would eventually be
overwhelmed by larger-scale climate dynamics returning the system to equilibrium (Charney
etal. 1977). In the decades since, subsequent modeling studies have confirmed the
plausibility of such a biophysical feedback, but the reduction in rainfall exhibited in the
modeling studies is only ~25-50% of the total observed reduction in rainfall during the
drought (Taylor et al. 2002).

In parallel, beginning with the work of Folland et al. (1986), modeling studies were used to
investigate the possible role of the oceans in the Sahel drought. It was not until 2003 that the
dominant role of the oceans in the drought was confirmed, though land-atmosphere
teedbacks (Giannini 2003).

Since the mid 1990s, annual rainfall in the Sahel has shown signs of return to higher levels,
but with increased interannual variability (e.g. Loudoun et al. 2013; Nicholson 2013;
Nicholson 2005; Ali & Lebel 2009; Salack et al. 2011). Increases in annual rainfall have not
been uniform across the region; the Central Sahel has seen more rainfall recovery than the
far west regions (Lebel & Ali 2009). Further, seasonal rainfall is characterized by fewer more
intense rainstorms than in previous periods (Ly et al. 2013; Sanogo et al. 2015; Panthou et al.
2014; Lebel et al. 2003).

Precipitation patterns in West Africa are the combination of synoptic, meso, and local scale
dynamics with a strong north-south gradient from wet forest ecosystems on the southern
coast to arid steppe landscapes at the edge of the Saharan desert. At the synoptic scale,
annual shifts in the position of the intertropical convergence zone bring monsoon
precipitation northward to the West African Sahel in the boreal summer. This band of
precipitation then retreats back to the south with the advance of the fall equinox (overviews
of the West African Monsoon can be found in, e.g.: Lafore et al. 2016; Nicholson 2013;
Janicot et al. 2011; Cappelaere et al. 2009; Louvet et al. 2003; Sultan & Janicot 2003). This
annual procession of the monsoon rains creates a single peaked climatology in the Sahel with
maximum precipitation in August. Southern coastal regions experience a double-peaked
precipitation climatology as the monsoon rains pass by on their north-south transit.
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In the Sahel, seasonal precipitation is marked by an onset period in April to May, a plateau in
rainfall in June followed by a jump to peak precipitation amounts in August, and a quick
decline through September and August (e.g. Sultan & Janicot 2003; Thorncroft et al. 2011,
Louvet et al. 2003). At mesoscales, West African precipitation dynamics include squall lines
that propagate east to west (e.g. Cappelaere et al. 2009). Finally, West Africa is one of the
regions of the world with the strongest land-atmosphere couplings (Koster et al. 2004; Zeng
et al. 1999; Findel et al. 2009). Vegetation and soil moisture impact local convection such
that local precipitation can vary as much as 30 mm/km, far outstripping the general
north-south gradient of 1 mm/km (Lebel et al. 2009; Lebel et al. 1997). Soil moisture
evaporation contributes to local atmospheric water content and supports local convective
activity such that “wet get wetter”” (Lebel et al. 2009; Taylor et al. 2010).

After decades of work investigating possible causes of the variability of Sahelian
precipitation, there is general agreement on relevant factors. The major contributors to
changes in precipitation in the Sahel is sea surface temperature (SST) dynamics. Sahelian
precipitation is influenced by local conditions and global teleconnections. SST dynamics that
have been shown to influence rainfall in the Sahel include: interhemispheric SST gradients
(Hurrell et al. 2006; Knight et al. 2006; Kang et al. 2009); the Atlantic Multidecadal
Oscillation (Kushnir 1994; Enfield & Mestas-Nufiez 1999; Mann & Emanuel 2000);
difference between SST's in the North Atlantic and the global tropics (Giannini et al. 2003;
Giannini et al. 2013); the Gulf of Guinea (Lamb 1978a, b; Nicholson 1980, 1981; Fontaine et
al. 1998; Vizy & Cook 2001, 2002; Losada et al. 2010); the Indian Ocean (Giannini et al.
2003; Bader & Latif 2003; Kerr 2003); and the El Nifio Southern Oscillation (Joly et al.
2007). Greenhouse gasses have been shown to affect precipitation in the Sahel through both
direct mechanisms (atmospheric warming) and indirect mechanisms (SST warming) (Biasutti
& Sobel 2009). Anthropogenic sulfate aerosols have also been shown to have an effect,
through cooling of the North Atlantic (Rotstayn & Lohmann 2002; Chang et al. 2011,
Chiang et al 2013). The drought in the Sahel corresponded to an uptick in the warming trend
of the Indian Ocean (Du & Xie 2008). Further, sulfate acrosol emissions were rising in the
northern hemisphere, producing a cooling effect in the North Atlantic, until the mid 1980s
when legislation was introduced to curb emissions connected to acid rain in Europe and
North America (Chang et al. 2011; Booth et al. 2012).

The influences of SST and atmospheric warming on Sahelian precipitation are now thought
to be related to moisture transport and atmospheric stabilization (Giannini et al. 2013;
Neelin et al. 2003; Chou & Neelin 2004). Top of atmosphere (TOA) warming through
greenhouse gas effects combined with large scale TOA warming from local deep convection
stabilizes the atmospheric column (Chou & Neelin 2004; Yang et al. 2003; Sugi &
Yoshimura 2004). This creates an “upped ante” for convection (Neelin et al. 2003; Chou &
Neelin 2004; Sobel & Camargo 2010; Chou et al. 2001). With sufficient moisture advection,
this higher threshold can be overcome and convection can occur (Giannini et al. 2013). SST
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gradients in the North Atlantic, Gulf of Guinea, Indian Ocean and global tropics all
influence moisture advection into the West African monsoon system (Giannini et al. 2013;
Biasutti et al. 2008). Variability in these factors, such as the cooling of the North Atlantic
with the Atlantic Multidecadal Oscillation (AMO), contribute to the interannual variability of
total precipitation in West Africa (Knight et al. 2006; Ting et al. 2009). The increased
convection threshold which is overcome by increased moisture at the boundary layer creates

fewer more intense storms, as observed in recent years in the Sahel (West et al. 2008; Salack
et al. 2011; Lodoun et al. 2013; Lebel et al. 2003).

Climate model projections generally do not agree on the effects of continued climate change
on Sahelian annual precipitation, so much so that the sign of projected precipitation change
1s uncertain (Biasutti & Giannini 2006; Cook & Vizy 2006; Douville et al. 20006; Joly et al.
2007, Biasutti 2013; Roehrig et al. 2013; Tian & Peters-Lidard 2010). There is agreement,
however, in the projections of seasonal precipitation dynamics. Models agree on delay and
shortening of rain season (Biasutti & Sobel 2009; Biasutti 2013). This is in keeping with the
“upped ante” mechanism wherein it takes longer into the summer to generate the boundary
layer moisture necessary for convection (Giannini et al. 2013; Biasutti & Sobel 2009; Seth et
al. 2011). It has yet to be shown, however, if this delayed season appears in observational
data.

In light of the complexity of climate dynamics in the Sahel, this chapter undertakes an
analysis of Sahelian precipitation through an array of methods and at a range of spatial scales.

Small-scale rain gauge data

The African Monsoon Multidisciplinary Analysis - Coupling the Tropical Atmosphere and
the Hydrological Cycle (AMMA-CATCH) project provides an uncommon opportunity to
use high frequency observational data to examine how rainfall patterns in the Niamey area of
Niger have changed over the past two decades (Lebel et al. 2010; Cappelaere et al. 2009).
The gauge-based rainfall dataset collected at the Niamey mesosite of the AMMA project
covers the period 1992-2012 for a single degree box southeast of Niamey. This is a
direct-observation dataset, without the errors particular to higher-order satellite products.
The trade-off of course, is spatial coverage.

The dataset analyzed here is a relatively high resolution gridded precipitation product derived
from rain gauge data using eulerian block kriging with a climatological variogram. The data
runs from 1990-2012 at 3 hourly resolution and covers the area bounded by 13-14 degrees
latitude and 1.5-3 degrees longitude at 0.25 degree resolution, a continuous time series for 24
grid cells.
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Figure 33. AMMA-Niger annual precipitation anomalies.

Annual Rainfall Anomalies

Anomaly
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AMMA annual rainfall anomalies for this time period show high temporal variability with
respect to wet and dry years. To further investigate changes in the structure of the rainy
season through time, daily precipitation is plotted in three dimensional space, with year on
the y-axis, day of year (DoY) on the x-axis, and precipitation represented by color. This
allows visual evaluation of changes in the annual distribution of rainfall over time.
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Figure 34. AMMA-Niger seasonal rainfall trends. Rainy season beginning and end, defined
as first and last rainfall thresholded at 1mm, are plotted in green with a dashed green linear
fit line. DoY means are plotted with red dots and an accompanying linear fit line. The slopes
(in change of DoY per year) along with p-values are shown in the table below.

Daily Climatology: AMMA ; Niger ; thresh > 1 mm; seasonDef= first/last rain

mmiday

Year

1995 -

1990 -

Trends Onset MidPoint End
Definition  FirstRain Mean LastRain
Slope  0.04291516 0.01169527 0.00269641
pValue 0.02469629 0.09988125 0.77805754

The slopes of all of these statistics are positive, indicating a shift in rainfall distribution
toward later in the year, especially in the season onset. The shift in the onset of the rainy
season (minimum) toward later is the season is the most significant, with a p-value of 0.02.
The conclusions about seasonal trends, however, are sensitive to the definitions used for the
start and end of the rainy season.
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Figure 35. AMMA-Niger seasonal rainfall trends, rainfall data as above. Rainy season
beginning and end, here defined as 3% and 97% of the cumulative distribution function,
respectively, are plotted in green with dashed linear best fit lines. DoY means are plotted in
red with accompanying linear best fit line. Slopes (in change of DoY per year) along with
p-values are shown in the table below.

Daily Climatology: AMMA ; Niger ; thresh > 1 mm; seasonDef= % annual total

mmiday

1995 -

1990 -

Month '”
Trends Onset MidPoint End
Definition 3 %_cdf Mean 97 % _cdf

Slope 0.011825221 0.011695266 0.008576534
pValue 046147678 0.09988125 0.37954889

When the rainy season is defined as the time period between accumulation of 3% and 97%
of the annual precipitation cumulative distribution function (CDF), the AMMA data do not
show a significant trend in season onset. The sensitivity of trend detection to onset
definition is potentially indicative of nuanced changes in rainfall characteristics, but with
such a limited spatial domain there is not enough evidence to draw conclusions. Because the
AMMA data are so limited in spatial extent, and the delay of the rainy season is hypothesized
to be a large-scale phenomena, a spatially explicit approach is called for to examine
large-scale seasonal and interannual precipitation patterns.
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Spatially explicit analyses

Empirical orthogonal functions

It has been established that there is significant spatial variation in rainfall behavior within the
Sahel region, calling for a spatially explicit approach to regional precipitation patterns (Lebel
& Ali 2009). For this task, West Africa gauge-based precipitation data have prohibitive
limitations in their spatial resolution and temporal continuity. Satellite precipitation
observations offer spatial coverage, although the length of satellite records is somewhat
limited. Tropical Rainfall Measuring Mission (TRMM) 3B42 precipitation data is widely used
for the Sahel region and thus is used in this analysis as well (IKummerow et al. 1998).
Discussed below are two approaches for analysis of spatial precipitation data: empirical
orthogonal functions and self organizing mapping.

Empirical orthogonal function (EOF) analysis is a common tool for the analysis of spatial
climatological patterns. An EOF analysis is a spatially weighted principal component analysis
(PCA). As in PCA, EOF analysis identifies modes of variability that are orthonormal by
eigenvector transformation. In other words, the modes of variability identified in an EOF
analysis are by definition independent. While this design ensures the separability of the
modes, in physical reality, modes of variability are not necessarily independent. As such,
EOF modes represent constituent components of variability (building blocks of variability).
The EOF modes themselves, however, do not necessarily represent any spatial pattern that
occurs in the physical world.

Empirical orthogonal function (EOF) pattern identification is a traditional method for
spatial analysis of climatological variables, but the method has a number of drawbacks.
EOFs are limited to linear combinations of orthogonal features and the spatial patterns
resulting from an EOF analysis are not physically meaningful. The EOF method is more
suited to identifying distinct modes of variability in a system rather than a continuum. An
EOF analysis produces a set of maps, or patterns. These patterns are modes of variability
within the system, building blocks with which to create the overall system dynamics. An
eigenvalue spectrum (also known as a scree plot) of these mode maps shows the eigenvalue
of each pattern in descending order. A high eigenvalue of a mode map indicates that much
of the system’s variability can be explained using that building block. Generally speaking, in
an EOF or PCA, the scree plot will contain a handful of higher eigenvalue modes and then
fall off to a noise floor.

In the case below, based on an EOF analysis of TRMM precipitation data over West Africa

from 1998 to 2014, the eigenvalues of the constituent modes of variability drop off steeply
after the first building block mode. This suggests that a single orthogonal mode dominates
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the explanatory power of modes of variability in the system. It does not indicate that there is
only one pattern that governs the variability of the system. Recall that EOF analysis requires
constituent modes be orthonormal to one another. While this is a mathematically sound
approach to the decomposition of a system, a physically meaningful representation of that
system may require relaxing the independence and linearity constraints. Without this
flexibility, the EOF analysis is of limited utility when looking for finer dynamics present in
the system or evidence that points toward physical explanations of precipitation variability.

Figure 36. Top (a) shows the first EOF pattern; Bottom (b) is the scree plot of the
eigenvalue spectrum resulting from EOF analysis.
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Self-organizing mapping

Self-organizing mapping (SOM) provides an alternate approach to pattern identification
(Sheridan & Lee 2011; Johnson et al. 2008; Hewitson & Crane 2002). Developed in the
1980s, SOM is an artificial neural network method similar to K-means (Kohonen 1989,
1990, 1991, 1995, 2001). The key modification on K-means is the introduction of a
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neighborhood kernel, whereby neighboring nodes (patterns) are adjusted in relation to one
another. As a result, the resulting representative patterns are returned in a matrix organized
by similarity. Each pattern output from the SOM method is a kernel-weighted composite of
its constituent members. A method such as Sammon mapping (Sammon 1969) can be used
to quantify and visualize the distance between SOM patterns in parameter space. SOM
patterns preserve the density topology of the underlying data. Patterns will cluster in
data-dense regions of parameter space, and outliers are less likely to be subsumed in an
ill-suited pattern group (Nicholls et al. 2009; Hewitson & Crane 2002). Further, the SOM
method accommodates missing data, which can be interpolated using the method itself
(Hewitson & Crane 2002; Richardson et al. 2003).

Application of SOM in the climate sciences has been growing in popularity since its
introduction and adoption in the 1990s and early 2000s (e.g. Hewitson & Crane 1994, 2002;
Crane & Hewitson 1998; Cavazos 1999, 2000). In the climate sciences, SOM has often been
used to examine the relationships between precipitation and atmospheric circulation (e.g.
Cavazos 1999, 2000; Hewitson & Crane 2002) along with validation of general circulation
models (e.g. Hewitson & Crane 2006; Sheridan & Lee 2010). Advances in SOM
methodologies in the climate sciences have included introducing a statistical
distinguishability criterion (Johnson 2013), implementing the distinguishability test on data
not used for the SOM training (Chang & Johnson 2015), and accounting for temporal
autocorrelation (ibid.).

Evaluations of SOM applications in the climate sciences have included direct comparisons
with EOF or principal component analysis (PCA). Note that EOF and PCA are distinct
methods similar enough that they are often used interchangeably in the climate literature
(Lorenz 1956; Kutzbach 1967; Walsh 1978; Cohen 1983; Smith et al. 1996; Jolliffe 2002). In
comparison with EOF, SOM has generally been shown to more closely identify underlying
patterns and frequencies in both synthetic and observational climate data (Chang & Johnson
2015; Reusch et al. 2005; Liu et al. 2006; Rousi et al. 2015). The orthogonality constraint in
EOF analysis contributes to the tendency for EOF patterns to be mixtures of underlying
component patterns identified by SOM. The orthogonality of EOF analysis sacrifices the
correspondence to physically meaningful patterns, while SOM retains this relationship and is
less sensitive to underlying data distributions. Thus while it is substantially more
computationally intensive, SOM accommodates nonlinear continuum dynamics while
preserving density distributions of underlying data and physically meaningful patterns.

While the characteristics governing the order of the output patterns may not be obvious to
the user, the organization of the maps can be helpful for indicating potential physical or
mechanistic explanations of the patterns. Quantitatively, Sammon distance mapping can be
used to determine the similarity distances along the output pattern grid. Self organizing
mapping is a pattern recognition technique accomplished through a form of artificial neural
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network analysis. It is an iterative procedure wherein a user-specified number of patterns are
identified to best represent a set of observations. A self organizing mapping analysis is
accomplished as follows.

Figure 37. Illustration of the self-organizing pattern recognition method.
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All observations are vectorized, that is, all observations z, are distributed in j-dimensional
phase space where n=1:N total observations. Each z_ is a vector of length j, where j is the
number of characteristics contained in each observation. In the case of climatological
patterns in geographic space, j equals the number of variables multiplied by the number of
grid points in each observation. Having established the j-dimensional phase space, m,
“nodes” are initialized in the phase space. Each m, node will become one of the patterns
representing observations in the dataset. Subscript k ranges from 1:K, where K is the total
number of patterns requested by the user. The method used to initialize the m, nodes into
phase space is determined by the user. Options include a random initialization or an
initialization based on EOF analysis results. At the same time that the m, nodes are
initialized in j-dimensional phase space, they are also cast into “SOM space.” SOM space is
the topological organization of the m, nodes (or patterns) with respect to one another. Like
K, the dimensions of SOM space are determined a priori by the user. As the m, patterns
evolve during the training process to best represent the underlying observations, they will
likewise sort themselves with respect to one another in SOM space.

For each step in the training process, a single observation z, is selected. The Euclidean
distances between that z, and all m, are calculated. The node m, with the minimum
Euclidean distance from observation z, will be activated, along with its SOM space node
neighbors (regardless of the neighboring nodes’ position in j-dimensional phase space). With
each training step, the activated nodes are adjusted in phase space toward the observation z,
that is, the pattern m, is itself adjusted toward a better representation of observation z_. A
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neighborhood kernel specified by the user determines how neighboring nodes are activated
and adjusted toward z, once activated. Kernel options include a bubble kernel wherein all
nodes within a certain radius are adjusted equally or distance decaying kernels such as the
Gaussian or Epanechnikov functions. The radius for qualifying neighbors and the amount
such neighbors are adjusted (learning rate) can also be a function of training iteration. Large
initial changes are followed by finer adjustments at later stages of training.

The activation and adjustment of neighboring nodes during the training process causes the
nodes, i.c. the representative patterns, to organize themselves with respect to one another. At
the end of the training process, the m, patterns represent not only their constituent data
observations but also the influence of neighboring groups. The SOM patterns then are more
than a simple average of their discrete constituent data observations. This is a key difference
between SOM and K-means clustering, and also a key component in the suitability of SOM
for the representation of continuum dynamics. See the following references for more
information on the self-organizing mapping method and its applications: Liu et al. 2000;
Johnson et al. 2008; Johnson 2013; Chang and Johnson 2015.

Results

In the analysis presented below, a self-organizing mapping analysis of TRMM precipitation
over the Sahel is carried out. Four patterns in a 4x1 orientation are requested. The
Epanechnikov kernel is used (after Liu et al. 20006).

Figure 38. Output maps from a K=4 SOM analysis of TRMM precipitation over the Sahel.
Frequency values describe the relative pattern occurrence over all daily precipitation data.
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The interpretation of the patterns is based on three sources of information: common
understanding of regional precipitation dynamics, the organization of the patterns with
respect to one another, and the seasonal timing of pattern occurrence. Patterns K4-K2
suggest the phases of the monsoon over its north-south transit. Pattern K1 suggests a break
period within the active monsoon. The suggested role of each SOM pattern is borne out in
the seasonal timing of pattern occurrence.

Figure 39. Pattern occurrence for each day of the year (x-axis) over all years (advancing

along the y-axis).
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This is 4-dimensional figure: two time dimensions—seasonal and interannual—and two
spatial directions represented by the pattern assigned to each day. Pattern K4 represents the
dry season, with the highest frequency (0.61). K3 indicates the monsoon transition period,
appearing at the beginning and end of the rainy season. K2, the peak monsoon, and K1, the
break period, occur interspersed at the height of the rainy season.
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Figure 40. Annual precipitation anomaly plotted against the annual frequencies of SOM
patterns with linear regression lines of best fit. Adjusted R squared and F-statistic p-values
follow in the table below.

Annual precip anomaly vs. K frequency
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0.05 0.1 0.15 0.2 0.25 0.3
K frequency

K1 K2 K3
adjRsq | 0.0996 | 0.6930 | 0.2591
fStatP | 0.1168 | 0.00005 | 0.0214

The analysis identifies a correlation of annual precipitation anomaly with pattern frequency.
Both K2 (peak monsoon) and K3 (transition period) show strong correlation with annual
precipitation anomaly with adjusted R squared values of 0.6930 and 0.2591 and F-statistic
p-values of of 5E-5 and 0.0214, respectively. Annual precipitation anomaly is positively
correlated with the number of peak monsoon days and negatively correlated with the
number of monsoon transition days. K1, conversely, does not show a correlation with
annual precipitation anomaly (line of best fit not shown). In other words, annual
precipitation is not related to the frequency of break periods within the peak monsoon, but
with the lengths of the transition and peak periods of the monsoon.

73



Despite the suggestion of a trend in the rainy season onset date in the AMMA data,
precipitation from TRMM fails to reproduce this trend in a SOM analysis. The TRMM
dataset exhibits a significant trend in neither seasonal timing of pattern occurrence nor in
pattern frequency. Explanations for the lack of trend in the TRMM data include: there is
indeed no trend; the trend predicted in the climate model studies has not yet begun to
manifest; the TRMM record is too short to identify a trend; the TRMM precipitation dataset
does not detect the rainfall involved in the changing onset trend. Further study is needed to
investigate these possible explanations.

Satellite product comparison

Satellite precipitation products for the region have mixed performance in representing
observational precipitation (Roca et al. 2009; Ali et al. 2005). Previous work on the
evaluation of satellite precipitation products for West Africa shows that these products
detect the onset of the rainy season before the onset as determined by gauge data (Gosset et
al. 2013). It is therefore plausible that a trend toward a delay in the rainy season would not be
detected by satellite precipitation products. It has yet to be investigated how different
satellite products represent trends in seasonal rainfall over the Sahel.

Spatial maps of season trends

Because precipitation patterns over West Africa are spatially heterogeneous, a spatial map is
used to investigate seasonal trends in three satellite precipitation products: TRMM, GPCP,
and RFE2 (respectively: Kummerow et al. 1998; Adler et al. 2003; Novella & Thiaw 2013).
The spatial resolution of the three datasets is scaled to a common resolution of 0.25 degrees;
the season definition used is % annual rainfall to reduce the influence of outliers; the time
domain (1998-2012) and precipitation threshold (1 mm) are likewise unified across the
datasets. For each pixel of a given precipitation product, season indices are calculated for
every year 1998 to 2014. A linear regression is then fit to each of the season indices for each
pixel. A map of the slopes of these linear regressions can then be made. The result is a
spatially explicit view of season trends where the slope of the best fit line is represented in
color as change in day of year per year. Below are three sets of such maps, one for each
precipitation product: TRMM, GPCP, and RFE2. The set for a single precipitation product
contains four maps: annual climatology, and one trend map for each of the three season
indices. None of the satellite products show a strong trend for rainy season onset in the area
of the AMMA site in Niger, or indeed in the central Sahel more broadly. All three satellite
products show a trend toward later onset in the northwest region as well as the northeastern
area of the spatial domain.

The lack of convincing seasonal trend in space indicates that the aggregation into spatial
SOM patterns is not obscuring underlying geographically specific seasonal trends. The
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degree of system state aggregation in the SOM methodology is a function of the number of
patterns used. Using a higher number of constituent patterns would more finely disaggregate
smaller-scale dynamics (both in time and in space).

Figure 41. TRMM climatology and season trends. Onset, midpoint, and endpoint of rainy
season defined by 3%, 50%, and 97% of cumulative annual rainfall, respectively.
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Figure 42. GPCP climatology and season trends.
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Figure 43. RFE2 climatology and season trends.

RFE2_0.25deg_2001-2012_1mm_Climatology_Annual
mm/day
4
"k
=20 =10 0 llﬂ 20 30 40
lon
RFE2_0.25deg_2001-2012_CDF3_1mm_onset_Trends
] ' % - o L DOY/Yr
o =¥ " .5
5 i
k=
104 | | | | 1 1
=20 =10 0 10 20 30 40
lon (0.25°)
RFE2_0.25deg_2001-2012_CDF3_1mm_midpt_Trends
20+ p » AT R ol RT =y DOY/Yr
=~ d 5
E 15- Dau.s
o
10+ | | | | 1 1
=20 =10 0 10 20 30 40
lon (0.25°)
RFE2_0.25deg_2001-2012_CDF3_1mm_endpt_Trends
20- L l",.‘!!r,-_.}. _;-1-: "Nl | DOY/Yr
- L) J | - .
2 " : 8
i
o
104 | | | | 1 1
=20 =10 0 10 20 30 40
lon (0.25°)

77



Spatially averaged satellite precipitation

Having honed in on a few geographic locations with potentially interesting seasonal trend
dynamics, returning to a spatial average view can be informative. Naive domain choices for
spatial averaging can muddy results if trend behavior varies with overlapping geographic
boundaries or if it varies at a smaller spatial scale than the domain for averaging. The spatial
map of trend behavior makes it possible to select domains with coherent trend behavior for
a closer investigation of temporal dynamics. To further investigate the observed trends in the
northwestern and northeastern Sahel, spatial averages of these areas were taken for each of
the three precipitation products, plotted in year vs. DoY space, and then linear regressions fit
to the season indices (Figures 44-45). Note that the northwestern trend is likely an artifact of
the anomalous intense precipitation event that occurred in that region during the dry season
of 2002 (Meier & Knippertz 2009). This eatly precipitation drags the linear regression model
toward a positive slope. A linear regression without the year 2002 may be more
representative of any trends present in the seasonal onset of the rainy season. The cause of
the northeastern precipitation delay is less clear (Lyon & DeWitt 2012). There is little total
annual precipitation in this region, and thus the seasonal trend analysis is subject to the
effects of noise. The fact that all three satellite products exhibit it, however, for all three
seasonal metrics, hints that there may be a meaningful change occurring in this region. In
both cases, further investigation is warranted.

Statistical significance of spatially explicit trends

Evaluating the robustness of the detected trends in the spatially explicit season trend maps
requires further investigation. Using TRMM as an example, for each season metric, root
mean squated error (RMSE) and R? values are calculated for the linear fits of each pixel.
These metrics are then plotted as spatially explicit maps for comparison with the trend maps.
In addition, the trend map is replotted using a filter to remove all pixels with p-values > 0.05
(Figure 46). In the case of TRMM, the onset trend map is the only one in which substantial
parts of the map persist pass the p-filtering, specifically the central Sahel with earlier onset
and the northwestern Sahel with onset delay. Because precipitation in the Sahel is a system in
which a certain amount of seasonal variability is to be expected, the RMSE is of limited
utility. The R* maps are more useful and indeed, the spatial distribution of high R?
corresponds with the p-value filtered onset map.
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Figure 44. Seasonal trends for a spatial average of the northwestern Sahel.

Daily Climatology: TRMM : NWsahel ; thresh > 1 mm; seasonDef= % annual total

15
10
s
0

2005.0

20025+

2000.0-

TRMM
_ iy Northwestern Sahel
= | Onset/End: % annual total
3
) Note precipitation anomaly
in dry season of 2002
1 2 3 a 5 [ Mo"nm 8 E] 10 1 2
Daily Climatology: GPCP : NWsahel ; thresh > 1 mm; seasonDef= % annual total
GPCP
- iy Northwestern Sahel
© | Onset/End: % annual total
i .
Note precipitation anomaly
in dry season of 2002
2 3 H & Mo.'mh 3 3 10 1 2
Daily Climatology: RFEZ ; NWsahel ; thresh > 1 mm; seasonDef= % annual total
RFE2
mmisay Northwestern Sahel
E : Onset/End: % annual total

Note precipitation anomaly
in dry season of 2002




Figure 45. Seasonal trends for a spatial average of the northeastern Sahel.
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Figure 46. Maps over the Sahel of trends in TRMM rainy season timing. a) Onset, b)
midpoint, and c) endpoint of rainy season timing are defined by accumulation of annual
rainfall total, 3%, 50%, and 97%, respectively. Each season index has a set of four plots, from
top to bottom: a map of the slopes of pixel-wise linear regressions on season index trends
over the period 1998-2014; RMSE map of variance from the pixel-wise linear regression
models; R> map of variance percent explained by the linear regression models; another map
of season trend slopes now filtered for p < 0.05 to reject the null hypothesis of zero trend.

Figure 46.a) TRMM rainy season onset trends and regression metrics.

TRMM__1998-2014_CDF3_1mm_onset_Trends

20 e - ™ A ol TN - U REE ’ . # DoY/Yr
- b | . L}
o e e | o 0.5
| ]

~ . 1 0
o 15 ' -0.5
© ' .

10+ | | | | 1 1

-20 -10 0 10 20 30 40
lon (0.25°)

TRMM__1998-2014_CDF3_1mm_onset_RMSE

o

PGPS
0

=
10 20 30 40

lat (0.25°)

-20 -10
lon (0.25°)
TRMM_CDF3_1mm_pl.00_1d.OnsetRsqVals
20- gy H - = s Rsq
- = 2l e - 1
""l'- n L - .
- s Ny 5
ok R el - B
152"y gt T e Y ..._1:;_: s o
- ol T - e L i -
10+ - i s L " . | : ' i . '
=20 =10 0 10 20 30 40
TRMM_CDF3_1mm_p0.05_1a.OnsetTrend
20-mg = Lt . T LI . .. o
"-'._ . .I -~ L :- - :_.'.-:'-"TH_ oy hie [ L h DOWE’.S
T . C e "ﬁh;' ﬁ.-r L) - .
b E;‘ ' : AL a PN ’
o 15- - rF? L, L . = b n - N —0.5
= . o - L. n = .
= -
h . L 4
10+ |  t | 1 | 1
-20 -10 0 10 20 30 40
lon (0.25°)

81



Figure 46.b) TRMM rainy season midpoint trends and regression metrics.
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Figure 46.c) TRMM rainy season endpoint trends and regression metrics.
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Future Work

Future work includes:

A. Cortrelation of patterns to other climate indicators such as sea surface temperature in
the Gulf of Guinea and the North Atlantic.

B. A SOM analysis with a higher number of patterns to resolve detail in the dynamics of
the rain season.

C. SOM analysis using different precipitation datasets such as the Tropical Applications
of Meteorology using Satellite data and ground-based observations (TAMSAT)
precipitation product, which has a longer time domain and is built on gauge data
(Maidment et al. 2017). The TAMSATV3 precipitation dataset is produced specifically
for Africa and has a much higher resolution (0.0375° compared to TRMM at 0.25°)
and a much longer record (1983 to present). The longer record may make it more
possible to identify any trends present in rain season timing.

D. Spatial trend analysis accounting for 2002 rainfall anomaly event and possible
mechanisms for northeastern trends in seasonal timing of precipitation.

Conclusion

Results of trend analysis of seasonal timing show no discernable coherent trend in season
timing of phase shifts. This neither supports nor refutes the prediction of later season onset
with increasing global warming. It does, however, support that at near-term timescales, any
potential seasonal timing trends are outweighed by interannual variability. In other words,
this time period is generally thought to be characterized by increased variability, which would
make it harder to detect trends. Seasonal timing does vary, but on an interannual scale
instead of a coherent trend over time.

A longer peak period is associated with a higher precipitation anomaly. This is intuitive:
more heavy rain days in a year are associated with more annual precipitation. A longer
transition period is associated with a lower precipitation anomaly. This finding is not
obvious. The transition period could lengthen either at the expense of dry pattern days
(leading to more annual precipitation), or at the expense of peak season days (leading to less
annual precipitation). In this case, the longer transition period being associated with lower
precipitation anomaly indicates that the lengthening of the transition period is replacing peak
days instead of dry days. This finding is coherent with the influence of the upped-ante
mechanism. The transition season persists into what would otherwise be peak rainy season,
without sufficient heat or moisture to power convection. The suggestion of the role of
upped-ante mechanism in interannual variability of annual precipitation, and without
significant sub-regional spatial structure, is another piece of evidence supporting the primary
role of large-scale (global) climate dynamics in determining precipitation of West Africa over
the role of local land cover effects.
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A self-organizing mapping approach can examine the role of the myriad underlying
spatio-temporal precipitation patterns in the overall changes in variability and timing of
precipitation. It can also distinguish, at inter- and intra-annual time scales, regional scale
precipitation patterns associated with the West African monsoon system. Examining
precipitation in West Africa with the higher-dimensional, more flexible method of
self-organizing mapping provides a new tool for disentangling the underlying behavior
responsible for precipitation changes in this region, indicating the systems that will dominate
changes in precipitation over West Africa as climate change progresses. Linking precipitation
anomalies to spatial-temporal patterns of rainfall supports the pursuit of mechanistic
explanations, for both precipitation dynamics in the Sahel and how Sahelian precipitation
may change in the future. This proof-of-concept example shows the utility of the SOM
approach to the study of spatial-temporal dynamics in the Sahel.

Changes in pattern occurrence over the course of the season is a robust way to define
seasonal transitions such as the onset of the rainy season. Without pattern identification,
determining seasonal transitions has been a matter of spatial averages of rainfall combined
with precipitation or rainy day thresholds. Particularly as more studies address the possible
effects of climate change in the seasonal timing of rainfall in the Sahel, a spatial physically
meaningful pattern-based definition of season stages can contribute to mechanistic
understandings of precipitation in the Sahel.
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End Matter.

Conclusion.

Bibliography.
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Conclusion.

The work herein describes a set of methods used to investigate Earth system dynamics in
West Africa. By design, this portfolio of approaches is transferable, not only to other
geographic regions but to other types of questions and to other disciplines. Beyond
application of a particular method to a particular problem however, the work requires the
careful consideration of a question and its basis, the evaluation of different frameworks of
analysis, the search for or development of a method that is appropriate and effective, all the
while critically engaging in the broader human and institutional components and effects of
the research. This critical engagement is not ancillary to the research; it shapes and informs
every stage of the endeavor: conceptualization, foundation, framing, practice, process,
analysis, results, communication, feedback. Vignettes on the real-world contexts in which
this body of work operates are presented below, followed by deeper considerations specific
to the AtlasV2. Finally, AtlasV2 results provide a juncture point, an opportunity to reframe
the desertification narrative, for which I lay out a proposal.

Science in the real world

Applied science

The importance of applied science, and the sometimes mismatch with priorities of academia,
were highlighted in a West Africa regional LULC conference I attended in Accra, Ghana in
2018. Attendees were experts in remote sensing and geographic information systems (GIS)
from across the region, from government and public sectors, local to international scale
actors, with representation from the Economic Community of West African States
(ECOWAS), NASA, and USAID as well. The scientists in the room worked on projects
supporting international convention reporting, development planning, national natural
resource management, and local decision-making about land use planning. The purpose of
the conference was to open a dialog about how to coordinate and harmonize LULC
mapping efforts across the region. One of the major themes that arose was the critical
importance of the end user and the usefulness of the LULC product over the merits of
science conducted in a vacuum.

Cheikh Mbow, head of START-International (Global System for Analysis, Research and
Training) and Dan Irwin, head of NASA-SERVIR, were among those to express the primary
importance of the appliatians of science: What good is the science to anyone but yourself if
all you do with it is publish papers and present at conferences? We as scientists have a
responsibility to action even if our career metrics don’t account for it. Patrice Lumumbea,
head of I'Institut supérieur d’études spatiales et des télécommunications (ISESTEL) in
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Burkina Faso passionately put forth the challenge: What is the point of perfecting the
minutiae of your methods in an echo chamber of academics if “life in the village is still
hard?” Applied or not, scientific research is inextricably embedded in human and
institutional contexts. Climate and land surface research is no exception. The matter of data
accessibility illustrates the impacts of these embeddings on multiple fronts.

Data access

Access to land cover and climate datasets for West Africa, for example, is limited but crucial
for climate change and climate change adaptation research (Washington et al. 2006). This
information contributes to understandings of what changes have been going on in the
region, what the causes have been, and what to expect in the future. In current climate
models, West Africa has globally high uncertainty for peak season precipitation (Tian &
Peters-Lidard 2010). The models don’t even agree on the sign of the precipitation predictions
for the future (Biasutti & Giannini 2006; Cook & Vizy 2006; Douville et al. 2006; Joly et al.
2007; Biasutti 2013; Roehrig et al. 2013). In this context, ground-based data is important.
And while the coverage of field data in the region is far more sparse than in regions like
Europe or North America, the data do exist, sometimes with a record going back to the
1900s or earlier. But almost none of this data is publicly available (Mahe et al. 2008). The
National Meteorological Services of the countries in the region collect and maintain an
archive of this data, but for researchers working at institutions outside of the country, and
often for researchers at institutions within the country as well, the data are largely available
only for a fee, one that is prohibitively expensive for many research efforts.

I don’t think it is well known even in the climate science community, but this arrangement is
not purely the result of fiscal prioritization on the parts of the national governments
themselves. There are bigger global contexts that come into play. In the 1990s many of the
countries in West Africa took on loans from the International Monetary Fund (Boughton
2012). The Structural Adjustment Programs attached to the loans imposed severe austerity
measures. With these economic changes, many countries converted their National
Meteorological Services to a market-based profit model for access to meteorological data
(Descroix et al. 2015). The effect of this policy is that the field record of climate data in West
Africa remains behind a paywall for researchers in the Global North and in the Global
South. As with Landsat imagery when it was commercialized in the 1980s and 90s, the
overall effect is that less research gets done with the data (Wulder et al. 2012; Descroix et al.
2015).

Still, the question of policies for sharing data produced by researchers and institutions in the
Global South is not a straightforward one. Legacies of colonial exploitation and differences
in resources and capacities among those producing and using data complicate the idea of
open data policies (Serwadda et al. 2018; Dove et al. 2016). Concerns include “parachute
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research” wherein researchers from the Global North drop in to extract data, and then head
off to do analysis and publish results without input, feedback, or involvement of the people
who originated the data. Differences in capacity mean that researchers in the Global North
may be able to churn out research and publications on the data sooner than researchers in
the Global South, monopolizing the intellectual capital. Further, some types of data raise
concerns about privacy, ethics, and safety. These questions are active and ongoing; their
negotiation will continue as new types of data, research, and collaborations are forged.

Remote sensing

Remote sensing data, more specifically earth observation satellite data, can be seen as a
potential solution to democratizing environmental data availability and access. NASA and
ESA are two of a growing list of institutions and corporations that have satellite programs
which collect data over the entire globe. These data are then freely and publicly available,
more or less depending on the data supplier, the data consumer, and the proposed
application. Indeed, this can be a major advance for inputs into climate change adaptation
efforts, disaster management, land use and development planning, and resource monitoring,
especially in countries where ground-based data is limited. The satellite imagery data
collection method is seemingly the model for equity: space satellites collect data the same
way over the entire globe, the data are gathered and centrally processed and then published
for open access. Yet even here, the effects of uneven development influence the availability
of satellite data, and in a way that is largely invisible.

The Landsat 5 satellite, which was active from 1984 to 2013, included no onboard data
recording capability. Ongoing land surface observations taken as the satellite traveled along
its orbit were continuously overwritten with new observations. Instead of saving the
observations onboard, the satellite depended on data transmission in real time to a
geosynchronous Tracking Data Relay Satellite (TDRS) network, which could then pass the
data along to a receiving station on the ground. In 1992, however, the TDRS relay
technology aboard Landsat 5 failed, leaving the satellite without a way to communicate with
its companion TDRS satellites. From that point on, any transmission of data observations
by the Landsat satellite had to be directly downlinked to a ground station in real time.
Without storage capacity onboard the satellite, only data that was transmitted in real time to
ground stations could be collected and archived. Otherwise, no record of the satellite
observations would persist (Wulder et al. 2016; Goward et al. 20006).

Opver areas such as the U.S. and Europe, ground station coverage was dense enough that the
Landsat data could be transmitted continuously. Over Africa, that was not the case. A lower
density of scientific infrastructure meant that no ground stations existed to receive the real
time transmissions from the Landsat satellite. Large swaths of L.andsat observations over
Africa were simply overwritten without being recorded. This created gaps in the Landsat
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record specifically for the places on Earth that did not have sufficient ground stations to
receive the data as the satellite went by. A theoretically geographically equitable data record is
now missing data for exactly the places that perhaps have more limited technological
resources for generating other sources of information (Wulder et al. 2016; Goward et al.
20006). While understanding this background does not change the past, it can inform a
researcher’s perspective on the particular context she is working in, influence project design
for future campaigns, and illuminate some of the disparities in constraints and challenges
faced by researchers working in different regions of the world.

AtlasV2

Among my portfolio of graduate projects, the AtlasV2 project was conceived and carried out
to be useful applied research. It was not the most scientifically cutting-edge. It was not
pursuing a revolutionary answer to a scientifically pivotal question. This project was not in
my portfolio for its academic or intellectual caché. It was, instead, solving a practical
problem with practical applications. It has since become by far the most meaningful and
impactful of the work I have done in the last six years. Concurrently, the AtlasV2, and its
potential impact in the region, is in tension with land cover discourses and with regional
agendas in a number of ways, including ownership, collaboration, methods, and
communication.

As with any academic or implementation-based collaboration, negotiations around issues of
ownership are pervasive in the Atlas and AtlasV2 projects. Differences in geographies and
institutional capacities and resources add further layers of complexity. For the Atlas products
to be useful, used, and maintained at the local or regional levels, the research must be owned
at those levels. These questions expand far beyond the claim of credit, to include idea
generation, method development, research planning, implementation, and dissemination.

While the creation of the original Atlas was lead by USGS, AGRHYMET and their regional
partners have retained strong ownership of the work. The inputs, methodology, process, and
outputs of the original Atlas are transparent to researchers at AGRHYMET both because
the methodology is familiar and because of their direct and guiding role in the entire cycle of
the project. The case of AtlasV2 is somewhat different. As a graduate student and a
newcomer to collaboration with AGRHYMET, I was operating as unknown and unproven.
Further, the methods I used for the AtlasV2 are unfamiliar to more traditional practitioners
of land cover science. These factors, combined with the temporal and geographic constraints
of my graduate studies, limited my collaboration with AGRHYMET during the development
stage of the project. This is a critical disadvantage for designing a project that matches needs
and priorities in the region.
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Enduring partnership, meanwhile, is the road to transfer or joint ownership. The progression
of the AtlasV2, its proven success, and the interest of NASA-SERVIR as an embedded
established partner of AGRHYMET has bolstered my direct collaboration with
AGRHYMET and other partners in the region. This in turn fosters increasing ownership of
the AtlasV2 by region-based partners. It remains that the methodologies I use to create the
algorithm-based classification, as well as the technical tools to interact with the data and the
development pipeline, tend to be unfamiliar to traditional land cover scientists, but this
becomes less of a sticking point as partnerships continue.

The impact of ownership was strikingly clear at the workshop I ran at AGRHYMET in July
of 2018 to hand over the AtlasV2. Participants included land cover scientists from across the
region working in local research institutions, government ministries, and international
coalition organizations. What interested the workshop participants far more than access to
and analysis of the final land cover data product, or the ability to replicate the classification
process, was being able to use and adapt the data creation pipeline itself. It was the tool, the
means, instead of the product that was most important.

The constraints shaping the collaborative relationship with AGRHYMET, as well as
institutional and situational contexts, also shape the scale of analysis, intervention, and
collaboration. The AtlasV2 project development and outcomes have relied on AGRHYMET
exclusively for engaging with regional stakeholders and operationalizing research outcomes.
This includes local land planners, all levels of government, and international agencies. In
some ways, this is absolutely appropriate; I have neither the expertise, experience, nor
positionality requisite for that task. Nevertheless, the next phase of development of AtlasV2
requires wider collaborative relationships that can engage with a localization of the product
development process.

The development of AtlasV2 is near the ceiling of what is possible to do with an eye only on
the regional scale and without expertise or information to move to the local scale.
Development of the AtlasV2 product at the local level is necessary to benefit the dataset and
methodology as a whole. Some of this takes the form of using local land cover maps from
different sources to compare and improve the AtlasV2 classification. Perhaps more
importantly, engagement with end-users or collaborators working at the local scale focuses
the existing needs and applications to guide further AtlasV2 development. As ever, this
requires navigating collaboration across institutional practices. As more connections are
made over time and over many interactions, the engagement with end users and potential
co-developers expands, while stronger collaborative relationships can build as well.

With algorithm-based classification of land cover made possible at a regional scale, there is
potential for a de-localization in how land cover data is produced and applied. Focus can be
redirected from local, spatially small-scale heterogeneous features and dynamics. This is a
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tendency widely cautioned against in, for example, Behnke & Mortimore’s collection of
writings about land cover change in the Sahel (2016). From what I can see of the
perspectives and priorities of my collaborators and interlocutors, however, there is
widespread and firm grounding in the importance and heterogeneity of the local scale.

Mismatches in science communication and methodological expertise on top of perception
and ownership factors can create stumbling blocks for building constructive partnerships.
For example, downscaling land cover maps from 2 km to 30 m radically changes the
appearance of errors in the dataset. Because of its coarse resolution, the 2 km land cover
product more readily disguises classification error. Once the map is downscaled to 30 m,
however, it becomes much easier to qualitatively identify errors in the classification. These
include errors in the representation of small-scale spatial heterogeneity patterns as well as
errors at a larger scale such as at the boundaries between classification zones in AtlasV2.

This creates an opening for methodological and science communication negotiation. From
one perspective, the apparent increase in noticable error in the downscaled product is an
artifact that does not detract from its advancement over the coarser product, which certainly
has errors as well even if they are less obvious. From another perspective, the qualitatively
perceived accuracy is critical to the validity and usefulness of the land cover product. Sitting
in the first perspective, the second might look ill-informed or methodologically naive.
Especially in this context of applied science, however, perception can trump technical
accuracy as the dominant factor for the utility of the science. Working to incorporate both
perspectives shapes the design goals of project and contributes to building ownership.

Machine learning also introduces sites of methodological negotiation and tricky
contingencies. Thorough understanding of the limitations, validity, and bias of any particular
implementation of machine learning is crucial for robust ethical use of machine learning
products. It also often requires technical specialized knowledge. For AtlasV2, the potential
real-world applications of the data and methodology make for an acute tension between the
need and barriers to comprehension. There is no universal resolution to this tension. Broad
collaboration is part of the response, distributing knowledge and expertise rather than
warehousing it. Making the AtlasV2 data production pipeline open and modifiable is a
necessary step, although an open process does not necessarily mean a transparent process.

Institutional contexts and resources are likewise considerations relevant for the Atlas and
AtlasV2 projects. Concretely, the time, labor, and associated expense required to produce the
original hand-classified Atlas is at issue. Researchers and technicians in West Africa were
financially supported, at least in part by USAID, for the duration of the 22-year project. An
algorithm-based rapid classification methodology obviates the need for time, labor and
expense. These characteristics of AtlasV2 were part of the project design, with the idea that
researchers and technicians freed from repetitive time-consuming hand-classification could
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instead move on to advancing research efforts. AGRHYMET, however, is in large part
funded by project-based grants from international and multilateral donors. Cost reduction in
one area does not automatically mean those resources can be redistributed to a different
area.

Results from the AtlasV2 offer insights on changes in land cover relevant to food security
planning and natural resource management, as well as perspective on land cover narratives in
the region. AtlasV2 offers a confirmation of the extent, location, and pace of agricultural
expansion since 2000. It also provides a large-scale view of the relative changes in other
major land cover types, for example savanna is in faster decline than short grass or steppe.
The absence of significant increase in the area of bare soil or sand in the Sahel since the year
2000 refutes simplistic desertification narratives. Further, the assertion that desertification is
not occurring in the Sahel, based on a definition of bare soil and sandy area, is not surprising
among social and physical scientists who study land cover change in the Sahel, but it is
directly at odds with the language used both in the international development sphere and in
environmental strategies at the national level.

Refuting the desertification narrative has consequences far beyond the technical science
tindings. The narrative of desertification is leveraged by both national and international
institutions to garner international attention and support, including financial resources.
Refuting the desertification narrative has the potential to reduce available resources in the
region. This is the motivation for generating an alternate equally compelling narrative that
can augment the availability and access to resources at the local level, while fostering a
perspective that allows for variation at the local level of identified issues and appropriate
solutions.

Reframing Desertification

Desertification as a framework for understanding and approaching land cover change in the
Sahel is no longer appropriate, if it ever was. It does not accurately represent observed land
cover dynamics in the Sahel. Persistent and high-profile aspects of the desertification
narrative have included the ever-expanding advance of the desert, the encroachment of bare
soil and sandy landscape. These behaviors do not accurately represent land cover change in
the Sahel, a conclusion of the AtlasV2 dataset that adds to the compendium of supporting
evidence. Even vaguely defined, scientific consensus is that desertification is not occurring in
the Sahel. Further, the legacy of the desertification framework as a tool of coercive colonial
control continues to foster a bias toward exogenous top-down blanket responses to land
cover dynamics seen as locally caused problems (Mortimore 2016). Better alternatives to this
approach are both conceivable and possible.
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Narrative is crucial in political domain: compelling storytelling captures attention, changes
opinions, and attracts funding. Development agendas designed to accomplish those
outcomes tend toward dramatic, simple, general, urgent (Swift 1996). Huntsinger adds
morality to the criteria for a successful narrative (Huntsinger 2016). Desertification meets all
tfour of Swift and Huntsinger’s proposed criteria for an impactful narrative. The UNCCD
definition of desertification is simultaneously both simple and general. The morality
component is embedded with the implication of local people as the cause of desertification.
The impending catastrophe of drastic, perhaps irreversible change that renders the landscape
uninhabitable is suitably dramatic and urgent.

Moving land cover science toward (for example) data-based, nuanced, locally grounded, scale
specific approaches easily results is a weakening or displacement of the cleaner more
powerful desertification narrative. This leads to a tension wherein science and political
agendas are at odds. Divergence of the discourse around desertification in international
development contexts from consensus in scientific communities illustrates a striking
outcome of this tension. The narrative negotiation of scientific results is fundamental to the
practice and communication of science. These narratives are also subject to pressure to be
compelling, through political interfacings with science, science application agendas, and
within the scientific community itself. This pressure can create tensions between nominal
objectivity and underlying agendas. Subsequent disconnects can arise wherein, for example,
scientists or journalists express personal opinions or perspectives that differ from those they
publicly profess (Jiang 2016; Shanahan 2016). Narrative choice shapes not only the ontology
of the issue at hand, but also the conceivable solutions. Stafford Smith (2016) advocates for
Sahel land cover change narratives that promotes empowerment and solutions.

The results of the AtlasV2 classification firmly refute the dominant desertification narrative.
They also provide an opportunity and a foundation to offer an alternate narrative. My
formulation of a proposal for an alternate narrative follows below. The project of crafting a
narrative is a fundamental part of science and science communication. Whether
acknowledged or not, it is always part of the practice of science, one which cannot be
accomplished with data alone. Whether considered or not, any narrative serves a particular
agenda, expresses different priorities, and has different potential implications.

In developing an alternate framework it is crucial to explicitly think through these
considerations. In direct acknowledgement and engagement with the socio-institutional
embeddings of land cover science, I lay out an explicit treatment of the agenda and priorities
involved in the development of an alternate narrative.
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My proposed working agenda for the development of an alternate narrative is as follows:

® An alternate framework should be a framework that supports efforts to channel
resources toward environmental management strategies that serve the needs of the
local people.

® An alternate framework should be a framework that is effective in the ways it shapes
discourse, action, and outcomes.

My proposed priorities for an alternate narrative:

Local perspective

Emphasis on localization and decentralization is a common thread across current writing on
alternate approaches to land cover change in the Sahel. One such example is the proposal of
a “resilience” framework to take the place of the desertification narrative (Mortimore 2016).
“Resilience” in general is a concept with history and meaning not only in the development
sphere, but in the field of complexity and systems science (Folke 2006). In the present
discussion, reference to the “resilience” framework is restricted to Mortimore’s
interpretation (2016).

This “resilience” based approach focuses on local endogenous solutions realized through the
positive impacts of local land management. Implicit within this framework is an inversion of
the cause-solution attribution across scales. The desertification paradigm predisposes
exogenous solutions to what are significantly, if not exclusively, locally caused environmental
problems. In the resilience framework, exogenously caused negative impacts such as climate
change serve as an implicit if not exclusive counterpoint to the focus on local solutions. A
shift in focus to localized solutions also allows for heterogeneity across space, both in terms
of existing dynamics and appropriate responses, in a way that the broad sweeping
generalization of desertification does not.

Direct problem framing

If public narrative and private perspective have so diverged over the desertification narrative,
the proposal of an alternate narrative is an opportunity to identify and foreground the actual
issues that scientists and land managers in the region see as priorities. The results from
AtlasV2 and other work refuting any universal, region-wide, locally caused southward
advance of the Sahara desert would indicate that the desert is not, indeed, the threat.
Face-to-face conversations about desertification with leading scientists in the region quickly
turn instead to the issues they are de facto concerned with. From these perspectives in the
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Sahel, finding locally appropriate solutions that achieve agriculture sufficiently productive to
feed the growing population is paramount. There is a strong sense that population growth is
not the driving problem, that it is the state’s responsibility to be able to feed all of its people,
and that it is immaterial whether land degradation is a result of human activity or climate.
There is scale and urgency and solution-oriented thinking embedded in this off-stage
discourse, all powerful ingredients for a potential alternate narrative. Instead of holding onto
desertification as a proxy narrative, I propose directly framing the major issues and priorities
in the region, while keeping in mind the importance of maintaining the level of influence
wielded by the desertification narrative.

Positive forward-looking solutions

Local land management and drylands knowledges can be seen as positive opportunities and
advantages instead of amelioration activities. In this light, the extensification of agriculture
looks like an enormous opportunity for proactive beneficial land management instead of the
progression of an environmental crisis. The absence of an increase in bare soil or sand
accompanying the drastic increase over the past two decades in agricultural area region-wide
supports the compatibility of increasing land use with environmental sustainability.
Grounding in the local scale is important for the outcomes of the framing. Otherwise,
agricultural improvement solutions can be blanket, universal projects, such as large scale

irrigation projects in the Sahel backed by the World Bank (World Bank 2015).

My proposal for an alternate narrative:

There remains, then, the matter of how one crafts an effective narrative to fulfill the agenda
and priorities above. Building a narrative based on current scientific understanding of
existing dynamics, while true to orthodox science protocol, has not been an effective strategy
for crafting a compelling alternative narrative for land cover change in the Sahel. Instead, I
propose to build backward from the qualities characteristic of an impactful narrative. While
the implications of those qualities are arguably problematic, the formulation of characteristic
ingredients can guide the development of a narrative that prioritizes impact. Adopting
Huntsinget’s criteria for an effective narrative: general, simple, and moral (and leaving aside
Swift’s dramatic and urgent criteria), and following the agenda and priorities detailed above, I
propose the following alternate narrative to replace the desertification story.
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From: “Local people are causing widespread potentially uncontrollable environmental
destruction.”

To: “Local people have the power to create widespread robust and sustainable food systems
given locally appropriate support.”

A framework doesn’t solve anything, but it provides a structure from which to start.

Summary

The first chapter of this dissertation presents a new LULC dataset for West Africa. This is
my applied science. The second chapter details the methods used to create the dataset. This
is an explicit treatment of the importance and influences of the “how” of science, regardless
of whether it is evident in the final results. The third chapter expands on the future work for
the continued development of the LULC classification product and methodology. The
second and third chapters taken together are recognition of the importance of open science,
methodological sharing and collaboration, particularly when working across differences in
institutional resources and access. Chapter four is more than anything an exposition of
methodologies to explore multidimensional patterns in time and space. It is a demonstration
of the importance of scale and space, the insights to be gained from a continuous systems
dynamics perspective, the importance of examining one’s data instead of taking its truth for
granted. Finally, building from an understanding of the science, with an eye on the relevant
social-institutional contexts, I offer an alternative to the desertification narrative of land
cover change in West Africa. These projects are all beginnings. There is much more work to
be done.

97



Bibliography.

Abdi, Abdulhakim M., Niklas Boke-Olén, David E. Tenenbaum, Torbern Tagesson, Bernard
Cappelaere, and Jonas Ardo. 2017. “Evaluating Water Controls on Vegetation Growth in the
Semi-Arid Sahel Using Field and Earth Observation Data.” Remote Sensing 9 (3): 294.
https://doi.org/10.3390/1s9030294.

Abdul Razak, Fatimah, and Henrik Jeldtoft Jensen. 2014. “Quantifying ‘Causality’ in Complex
Systems: Understanding Transfer Entropy.” PLd&S ONE 9 (6): €99462.
https://doi.org/10.1371 /journal.pone.0099462.

Abrams, M. 2000. “The Advanced Spaceborne Thermal Emission and Reflection Radiometer
(ASTER): Data Products for the High Spatial Resolution Imager on NASA’s Terra Platform.”
International Journal of Remote Sensing 21 (5): 847-59. https://doi.org/10.1080/014311600210326.

Achakulwisut, Pattanun, Benjamin Scandella, Geoffrey Supran, and Britta Voss. 2016. “Ending
ExxonMobil’s Sponsorship of the American Geophysical Union.” The Natural History
Museum.
https://www.documentcloud.org/documents/2803702-AGU-Report-Final-20160325.html.

Adam, Elhadi, Onisimo Mutanga, John Odindi, and Elfatth M. Abdel-Rahman. 2014.
“Land-Use/Cover Classification in a Heterogeneous Coastal Landscape Using RapidEye
Imagery: Evaluating the Performance of Random Forest and Support Vector Machines
Classifiers.” International Journal of Remote Sensing 35 (10): 3440-58.
https://doi.org/10.1080/01431161.2014.903435.

Adams, W. M., and M. J. Mortimore. 2005. Warking the Sahd. Routledge.

Adler, Robert F., George J. Huffman, Alfred Chang, Ralph Ferraro, Ping-Ping Xie, John Janowiak,
Bruno Rudolf, et al. 2003. “The Version-2 Global Precipitation Climatology Project (GPCP)
Monthly Precipitation Analysis (1979-Present).” Journal of Hydrameteoardogy 4 (6): 1147-67.
https://doi.org/10.1175/1525-7541(2003)004<1147-TVGPCP>2.0.CO;2.

AghaKouchak, Amir, Ali Mehran, Hamidreza Norouzi, and Ali Behrangi. 2012. “Systematic and
Random Error Components in Satellite Precipitation Data Sets.” Geophysical Research Letters 39
(9): L09406. https://doi.org/10.1029/2012G1.051592.

Ahn, Rosa, Alexandra Woodbridge, Ann Abraham, Susan Saba, Deborah Korenstein, Erin Madden,
W. John Boscardin, and Salomeh Keyhani. 2017. “Financial Ties of Principal Investigators and
Randomized Controlled Trial Outcomes: Cross Sectional Study.” BMJ 356 (January): 16770.
https://doi.org/10.1136/bmj.i6770.

Aich, Valentin, Stefan Liersch, Tobias Vetter, Jafet C. M. Andersson, Eva N. Miiller, and Fred F.
Hattermann. 2015. “Climate or Land Use?—Attribution of Changes in River Flooding in the
Sahel Zone.” Water 7 (6): 2796—2820. https://doi.org/10.3390/w7062796.

Aich, Valentin, Stefan Liersch, Tobias Vetter, Samuel Fournet, Jafet C. M. Andersson, Sandro
Calmanti, Frank H. A. van Weert, Fred F. Hattermann, and Eva N. Paton. 2016. “Flood
Projections within the Niger River Basin under Future Land Use and Climate Change.” Sdence of
The Total Environment 562 (August): 666—77. https://doi.org/10.1016/j.scitotenv.2016.04.021.

Akinduko, Ayodeji A., Evgeny M. Mirkes, and Alexander N. Gorban. 2016. “SOM: Stochastic
Initialization versus Principal Components.” Information Sdences 364—365 (October): 213-21.
https://doi.org/10.1016/4.ins.2015.10.013.

98


https://doi.org/10.3390/rs9030294
https://doi.org/10.3390/rs9030294
https://doi.org/10.1371/journal.pone.0099462
https://doi.org/10.1371/journal.pone.0099462
https://doi.org/10.1080/014311600210326
https://doi.org/10.1080/014311600210326
https://www.documentcloud.org/documents/2803702-AGU-Report-Final-20160325.html
https://www.documentcloud.org/documents/2803702-AGU-Report-Final-20160325.html
https://doi.org/10.1080/01431161.2014.903435
https://doi.org/10.1080/01431161.2014.903435
https://doi.org/10.1175/1525-7541(2003)004%3C1147:TVGPCP%3E2.0.CO;2
https://doi.org/10.1175/1525-7541(2003)004%3C1147:TVGPCP%3E2.0.CO;2
https://doi.org/10.1029/2012GL051592
https://doi.org/10.1029/2012GL051592
https://doi.org/10.1136/bmj.i6770
https://doi.org/10.1136/bmj.i6770
https://doi.org/10.3390/w7062796
https://doi.org/10.3390/w7062796
https://doi.org/10.1016/j.scitotenv.2016.04.021
https://doi.org/10.1016/j.scitotenv.2016.04.021
https://doi.org/10.1016/j.ins.2015.10.013
https://doi.org/10.1016/j.ins.2015.10.013

Al, Taylor E T. 2002. “The Influence of Land Use Change on Climate in the Sahel,” 3615-3629.

Ali, Abdou, Abou Amani, Arona Diedhiou, and Thierry Lebel. 2005. “Rainfall Estimation in the
Sahel. Part II: Evaluation of Rain Gauge Networks in the CILSS Countries and Objective
Intercomparison of Rainfall Products.” Journal of A pplied Meteardagy 44 (11): 1707-22.
https://doi.org/10.1175/JAM2305.1.

Ali, Abdou, and Thierry Lebel. 2009. “The Sahelian Standardized Rainfall Index Revisited.”
International Journal of Climatdagy 29 (12): 1705-14. https://doi.org/10.1002/joc.1832.

Ali, Abdou, Thierry Lebel, and Abou Amani. 2003. “Invariance in the Spatial Structure of Sahelian
Rain Fields at Climatological Scales.” Journal of Hydrameteordagy, 996-1011.

. 2005. “Rainfall Estimation in the Sahel. Part I: Error Function.” Journal of A pplied Meteordogy
44 (11): 1691-1706. https://doi.org/10.1175/JAM2304.1.

Amogu, O., M. Esteves, J.-P. Vandervaere, M. Malam Abdou, G. Panthou, J.-L. Rajot, K. Souley
Yéro, et al. 2015. “Runoff Evolution Due to Land-Use Change in a Small Sahelian Catchment.”
Hydrdegical Sdenas Journal 60 (1): 78-95. https://doi.org/10.1080/02626667.2014.885654.

Amogu, Okechukwu, Luc Descroix, Kadidiatou Souley Yéro, Eric Le Breton, Ibrahim Mamadou,
Abdou Ali, Théo Vischel, et al. 2010. “Increasing River Flows in the Sahel?”” Water 2 (2):
170-199. https://doi.org/10.3390/w2020170.

Andersen, Inger, and Katherin George Golitzen. 2005. The Niger River Basin: A Vision for Sustainable
Management. Washington, DC: World Bank.
http://public.eblib.com/choice/publicfullrecord.aspxrp=459630.

Andres, Ludovic, William A. Salas, and David Skole. 1994. “Fourier Analysis of Multi-Temporal
AVHRR Data Applied to a Land Cover Classification.” International Journal of Remote Sensing 15
(5): 1115-21. https://doi.org/10.1080/01431169408954145.

Anghileri, Daniela, Francesca Pianosi, and Rodolfo Soncini-Sessa. 2014. “Trend Detection in
Seasonal Data: From Hydrology to Water Resources.” Journal of Hydrdogy 511 (April): 171-79.
https://doi.org/10.1016/j.jhydrol.2014.01.022.

Anyamba, A., and C. J. Tucker. 2005. “Analysis of Sahelian Vegetation Dynamics Using
NOAA-AVHRR NDVI Data from 1981-2003.” Journal of A rid Environments, Special Issue on
The “Greening” of the Sahel, 63 (3): 596—614. https://doi.org/10.1016/j.jaridenv.2005.03.007.

Aragio, Luiz E. O. C,, and Yosio E. Shimabukuro. 2010a. “The Incidence of Fire in Amazonian
Forests with Implications for REDD.” Sdence 328 (5983): 1275.
https://doi.org/10.1126/science.1186925.

. 2010b. “Response to Comment on ‘“The Incidence of Fire in Amazonian Forests with
Implications for REDD.”” Sdenee 330 (6011): 1627. https://doi.org/10.1126/science.1195063.

Bader, J., and M. Latif. 2003. “The Impact of Decadal-Scale Indian Ocean Sea Surface Temperature
Anomalies on Sahelian Rainfall and the North Atlantic Oscillation.” Gegphysical Research Letters
30 (22). https://doi.org/10.1029/2003G1.018426.

Badou, Djigbo Félicien, Evison Kapangaziwiri, Bernd Diekkrtger, Jean Hounkpe, and Abel Afouda.
2017. “Evaluation of Recent Hydro-Climatic Changes in Four Tributaries of the Niger River
Basin (West Africa).” Hydrdogical Sdences Journal 62 (5): 715-28.
https://doi.org/10.1080/02626667.2016.1250898.

Balch, Jennifer K., Daniel C. Nepstad, Paulo M. Brando, and Ane Alencar. 2010. “Comment on
‘The Incidence of Fire in Amazonian Forests with Implications for REDD.”” Sdence 330 (6011):
1627. https://doi.org/10.1126/science.1194032.

99


https://doi.org/10.1175/JAM2305.1
https://doi.org/10.1175/JAM2305.1
https://doi.org/10.1002/joc.1832
https://doi.org/10.1002/joc.1832
https://doi.org/10.1175/JAM2304.1
https://doi.org/10.1175/JAM2304.1
https://doi.org/10.1080/02626667.2014.885654
https://doi.org/10.1080/02626667.2014.885654
https://doi.org/10.3390/w2020170
https://doi.org/10.3390/w2020170
http://public.eblib.com/choice/publicfullrecord.aspx?p=459630
http://public.eblib.com/choice/publicfullrecord.aspx?p=459630
https://doi.org/10.1080/01431169408954145
https://doi.org/10.1080/01431169408954145
https://doi.org/10.1016/j.jhydrol.2014.01.022
https://doi.org/10.1016/j.jhydrol.2014.01.022
https://doi.org/10.1016/j.jaridenv.2005.03.007
https://doi.org/10.1016/j.jaridenv.2005.03.007
https://doi.org/10.1126/science.1186925
https://doi.org/10.1126/science.1186925
https://doi.org/10.1126/science.1195063
https://doi.org/10.1126/science.1195063
https://doi.org/10.1029/2003GL018426
https://doi.org/10.1029/2003GL018426
https://doi.org/10.1080/02626667.2016.1250898
https://doi.org/10.1080/02626667.2016.1250898
https://doi.org/10.1126/science.1194032
https://doi.org/10.1126/science.1194032

Balme, Maud, Sylvie Galle, and Thierry Lebel. 2005. “Démarrage de La Saison Des Pluies Au Sahel:
Variabilité Aux Echelles Hydrologique et Agronomique, Analysée a Partir Des Données
EPSAT-Niger.” Sdence et Changements Planétaires / Sédheresse 16 (1): 15-22.

Balme, Maud, Théo Vischel, Thierry Lebel, Christophe Peugeot, and Sylvie Galle. 2000. “Assessing
the Water Balance in the Sahel: Impact of Small Scale Rainfall Variability on Runoff: Part 1:
Rainfall Variability Analysis.” Journal of Hydrdagy, Water Resources in Regional Development:
The Okavango River, 331 (1-2): 336-48. https://doi.org/10.1016/1.jhvdrol.2006.05.020.

Bank, The World. 2016. “Forest Action Plan FY16-20.” 106467. The World Bank.
http://documents.worldbank.oro/curated /en/240231467291388831 /Forest-action-plan-FY16-

20.

Barbe, Le. 2002. “Rainfall Variability in West Africa during the Years 1950 — 90,” 187-202.

Bashor, Jon. 2010. “NERSC’s Hopper Breaks Petaflops Barrier.”” November 14, 2010.
http://www.nersc.gov/news-publications/nersc-news/nersc-center-news/2010/nersc-s-hoppe
r-breaks-petaflops-bartier-ranks-5th-in-the-world/.

Bastin, Jean-Francois, Nora Berrahmouni, Alan Grainger, Danae Maniatis, Danilo Mollicone,
Rebecca Moore, Chiara Patriarca, et al. 2017. “The Extent of Forest in Dryland Biomes.” Sdence
356 (6338): 635-38. https://doi.org/10.1126/science.aam6527.

Beck, Ron, and Rachel Headley. 2008. “Imagery for Everyone... Timeline Set to Release Entire
USGS Landsat Archive at No Charge.,” April, 2.

Bégué, Agneés, Elodie Vintrou, Denis Ruelland, Maxime Claden, and Nadine Dessay. 2011. “Can a
25-Year Trend in Soudano-Sahelian Vegetation Dynamics Be Interpreted in Terms of Land Use
Change? A Remote Sensing Approach.” Gldbal Environmental Change, Special Issue on The
Politics and Policy of Carbon Capture and Storage, 21 (2): 413-20.
https://doi.org/10.1016/j.gloenvcha.2011.02.002.

Behnke, Roy, and Michael Mortimore, eds. 2016. The End of Desertifiation? Springer Earth System
Sciences. Berlin, Heidelberg: Springer Berlin Heidelberg.
https://doi.org/10.1007/978-3-642-16014-1.

Belgiu, Mariana, and Lucian Drdguf. 2016. “Random Forest in Remote Sensing: A Review of
Applications and Future Directions.” ISPRS Journal of Photagrammetry and Remote Sensing 114
(April): 24-31. https://doi.org/10.1016/j.isprsjprs.2016.01.011.

Belward, Alan. 2015. “Drowning In Data, but Slaking the Thirst for Land Use Information.” In
Linking I.and Tenure and Use for Shared Prosperity. Washington DC: The World Bank.

Benjaminsen, Tor A. 2016. “Does Climate Change Lead to Conflicts in the Sahel?” In The End of
Desertifiation?, 99-116. Springer Earth System Sciences. Springer, Berlin, Heidelberg.
https://doi.org/10.1007/978-3-642-16014-1 4.

Bert, Alison. 2015. “5 Women Scientists Tell Their Stories of Hard-Earned Success.” Elsevier
Connect. February 23, 2015.

https://www.elsevier.com/connect/5-women-scientists-tell-their-stories-of-hard-earned-succes

s.

Bey, Adia, Alfonso Sanchez-Paus Diaz, Danae Maniatis, Giulio Marchi, Danilo Mollicone, Stefano
Ricci, Jean-Francois Bastin, et al. 2016. “Collect Earth: L.and Use and Land Cover Assessment
through Augmented Visual Interpretation.” Remote Sensing 8 (10): 807.
https://doi.org/10.3390/rs8100807.

Biasutti, M. 2013. “Forced Sahel Rainfall Trends in the CMIP5 Archive.” Journal of Geophysical
Researdn: A tmospheres 118 (4): 1613-23. https://doi.org/10.1002/jgrd.50206.

100


https://doi.org/10.1016/j.jhydrol.2006.05.020
https://doi.org/10.1016/j.jhydrol.2006.05.020
http://documents.worldbank.org/curated/en/240231467291388831/Forest-action-plan-FY16-20
http://documents.worldbank.org/curated/en/240231467291388831/Forest-action-plan-FY16-20
http://documents.worldbank.org/curated/en/240231467291388831/Forest-action-plan-FY16-20
http://www.nersc.gov/news-publications/nersc-news/nersc-center-news/2010/nersc-s-hopper-breaks-petaflops-barrier-ranks-5th-in-the-world/
http://www.nersc.gov/news-publications/nersc-news/nersc-center-news/2010/nersc-s-hopper-breaks-petaflops-barrier-ranks-5th-in-the-world/
http://www.nersc.gov/news-publications/nersc-news/nersc-center-news/2010/nersc-s-hopper-breaks-petaflops-barrier-ranks-5th-in-the-world/
https://doi.org/10.1126/science.aam6527
https://doi.org/10.1126/science.aam6527
https://doi.org/10.1016/j.gloenvcha.2011.02.002
https://doi.org/10.1016/j.gloenvcha.2011.02.002
https://doi.org/10.1007/978-3-642-16014-1
https://doi.org/10.1007/978-3-642-16014-1
https://doi.org/10.1016/j.isprsjprs.2016.01.011
https://doi.org/10.1016/j.isprsjprs.2016.01.011
https://doi.org/10.1007/978-3-642-16014-1_4
https://doi.org/10.1007/978-3-642-16014-1_4
https://www.elsevier.com/connect/5-women-scientists-tell-their-stories-of-hard-earned-success
https://www.elsevier.com/connect/5-women-scientists-tell-their-stories-of-hard-earned-success
https://www.elsevier.com/connect/5-women-scientists-tell-their-stories-of-hard-earned-success
https://doi.org/10.3390/rs8100807
https://doi.org/10.3390/rs8100807
https://doi.org/10.1002/jgrd.50206
https://doi.org/10.1002/jgrd.50206

Biasutti, M., I. M. Held, a. H. Sobel, and a. Giannini. 2008. “SST Forcings and Sahel Rainfall
Variability in Simulations of the T'wentieth and Twenty-First Centuries.” Journal of Climate 21
(14): 3471-3486. https://doi.org/10.1175/2007]CII1896.1.

Biasutti, M., a. H. Sobel, and Suzana J. Camargo. 2009. “The Role of the Sahara Low in Summertime
Sahel Rainfall Variability and Change in the CMIP3 Models.” Journal of Climate 22 (21):
5755-5771. https://doi.org/10.1175/2009]CI.12969.1.

Biasutti, Michela, and Alessandra Giannini. 2006. “Robust Sahel Drying in Response to Late 20th
Century Forcings.” Geophysical Research Letters 33 (11): 1.117006.
https://doi.org/10.1029 /2006G1.026067.

Biasutti, Michela, and Adam H. Sobel. 2009. “Delayed Sahel Rainfall and Global Seasonal Cycle in a
Warmer Climate.” Gegphysical Research Letters 36 (23): 1.23707.
https://doi.org/10.1029/2009G1.041303.

Biasutti, Michela, and Sandra E. Yuter. 2013. “Observed Frequency and Intensity of Tropical
Precipitation from Instantaneous Estimates.” Journal of Geophysical Research: A tmospheres 118 (17):
9534-51. https://doi.org/10.1002/jgrd.50694.

Blickenstaff, Jacob Clark. 2005. “Women and Science Careers: Leaky Pipeline or Gender Filter?”
Gender and Eduation 17 (4): 369-86. https://doi.org/10.1080/09540250500145072.

Bobée, C., C. Ottl¢é, F. Maignan, N. de Noblet-Ducoudré, P. Maugis, A. -M. Lézine, and M. Ndiaye.
2012. “Analysis of Vegetation Seasonality in Sahelian Environments Using MODIS LAI, in
Association with Land Cover and Rainfall.” Journal of A rid Environments 84 (Supplement C):
38-50. https://doi.org/10.1016/j.jaridenv.2012.03.005.

Bock, O., M. N. Bouin, E. Doerflinger, P. Collard, F. Masson, R. Meynadier, S. Nahmani, et al.
2008. “West African Monsoon Observed with Ground-Based GPS Receivers during African
Monsoon Multidisciplinary Analysis (AMMA).” Journal of Gegphysical Researdh: A tmospheres 113
(D21): D21105. https://doi.org/10.1029/2008]1D010327.

Boke-Olén, Niklas, Veiko Lehsten, Jonas Ardd, Jason Beringer, Lars Eklundh, Thomas Holst, Elmar
Veenendaal, and Torbern Tagesson. 2016. “Estimating and Analyzing Savannah Phenology
with a Lagged Time Series Model.” PLOS ONE 11 (4): e0154615.
https://doi.org/10.1371/journal.pone.0154615.

Bonan, Gordon B. 2008. “Forests and Climate Change: Forcings, Feedbacks, and the Climate
Benefits of Forests.” Sdenae 320 (5882): 1444. https://doi.org/10.1126/science.1155121.

Booth, Ben B. B., Nick J. Dunstone, Paul R. Halloran, Timothy Andrews, and Nicolas Bellouin.
2012. “Aerosols Implicated as a Prime Driver of Twentieth-Century North Atlantic Climate
Variability.” Nature 484 (7393): 228-32. https://doi.org/10.1038 /nature10946.

Boubacar, Yamba. 2016. “Land and Natural Resource Governance: Development Issues and
Anti-Desertification Initiatives in Niger.” In The End of Desertifiation?, 179-200. Springer Earth
System Sciences. Springer, Betlin, Heidelberg. https://doi.org/10.1007/978-3-642-16014-1 7.

Boughton, James M. 2012. “Chapter 14. Looking to the Future: The IMF in Africa.” In Tearing down
Walls: The International Manetary Fund, 1990-1999. Washington, D.C: International Monetary
Fund.

Boulain, N., B. Cappelaere, D. Ramier, H.B.a. Issoufou, O. Halilou, . Seghieri, F. Guillemin, M. Oj,
J. Gignoux, and F. Timouk. 2009. “Towards an Understanding of Coupled Physical and
Biological Processes in the Cultivated Sahel — 2. Vegetation and Carbon Dynamics.” Journal of
Hydrdagy 375 (1-2): 190-203. https://dot.org/10.1016/1.jhvdrol.2008.11.045.

101


https://doi.org/10.1175/2007JCLI1896.1
https://doi.org/10.1175/2007JCLI1896.1
https://doi.org/10.1175/2009JCLI2969.1
https://doi.org/10.1175/2009JCLI2969.1
https://doi.org/10.1029/2006GL026067
https://doi.org/10.1029/2006GL026067
https://doi.org/10.1029/2009GL041303
https://doi.org/10.1029/2009GL041303
https://doi.org/10.1002/jgrd.50694
https://doi.org/10.1002/jgrd.50694
https://doi.org/10.1080/09540250500145072
https://doi.org/10.1080/09540250500145072
https://doi.org/10.1016/j.jaridenv.2012.03.005
https://doi.org/10.1016/j.jaridenv.2012.03.005
https://doi.org/10.1029/2008JD010327
https://doi.org/10.1029/2008JD010327
https://doi.org/10.1371/journal.pone.0154615
https://doi.org/10.1371/journal.pone.0154615
https://doi.org/10.1126/science.1155121
https://doi.org/10.1126/science.1155121
https://doi.org/10.1038/nature10946
https://doi.org/10.1038/nature10946
https://doi.org/10.1007/978-3-642-16014-1_7
https://doi.org/10.1007/978-3-642-16014-1_7
https://doi.org/10.1016/j.jhydrol.2008.11.045
https://doi.org/10.1016/j.jhydrol.2008.11.045

Bounoua, L., R. DeFries, G. J. Collatz, P. Sellers, and H. Khan. 2002. “Effects of Land Cover
Conversion on Surface Climate.” Climatic Change 52 (1-2): 29-64.
https://doi.org/10.1023/A:1013051420309.

Brandt, Martin, Kjeld Rasmussen, Josep Pefiuelas, Feng Tian, Guy Schurgers, Aleixandre Verger,
Ole Mertz, John R. B. Palmer, and Rasmus Fensholt. 2017. “Human Population Growth
Offsets Climate-Driven Increase in Woody Vegetation in Sub-Saharan Africa.” Nature Eadagy
& Evdution 1 (4): 0081. https://doi.org/10.1038/s41559-017-0081.

Brandt, Martin, Gray Tappan, Abdoul Diouf, Gora Beye, Cheikh Mbow, and Rasmus Fensholt.
2017. “Woody Vegetation Die off and Regeneration in Response to Rainfall Variability in the
West African Sahel.” Remote Sensing 9 (1): 39. https://doi.org/10.3390/rs9010039.

Breil, Marcus, Hans-Jiirgen Panitz, and Gerd Schidler. 2017. “Impact of
Soil-Vegetation-Atmosphere Interactions on the Spatial Rainfall Distribution in the Central
Sahel.” Meteardagische Zdtsdhrift, October, 379-89. https://doi.org/10.1127 /metz/2017/0819.

Breiman, Leo. 2001. “Random Forests.” Madine Learning45 (1): 5-32.
https://doi.org/10.1023/A:1010933404324.

Brink, Andreas Bernhard, and Hugh Douglas Eva. 2009. “Monitoring 25 Years of Land Cover
Change Dynamics in Africa: A Sample Based Remote Sensing Approach.” A pplied Geography 29
(4): 501-12. https://doi.org/10.1016/j.apgeog.2008.10.004.

Broxton, Patrick D., Xubin Zeng, Damien Sulla-Menashe, and Peter A. Troch. 2014. “A Global
Land Cover Climatology Using MODIS Data.” Journal of A pplied Meteardagy and Climatdagy 53
(6): 1593-1605. https://doi.org/10.1175/JAMC-D-13-0270.1.

Burges, Christopher J.C. 1998. “A Tutorial on Support Vector Machines for Pattern Recognition.”
Data Mining and Knowledge Disaovery 2 (2): 121-67. https://doi.org/10.1023/A:1009715923555.

Caniaux, Guy, Hervé Giordani, Jean-Luc Redelsperger, Francoise Guichard, Erica Key, and Malick
Wade. 2011. “Coupling between the Atlantic Cold Tongue and the West African Monsoon in
Boreal Spring and Summer.” Journal of Geophysical Research 116 (C4): C04003.
https://doi.org/10.1029/2010]C006570.

Cappelaere, B., L. Descroix, T. Lebel, N. Boulain, D. Ramier, J.-P. Laurent, G. Favreau, et al. 2009.
“The AMMA-CATCH Experiment in the Cultivated Sahelian Area of South-West Niger —
Investigating Water Cycle Response to a Fluctuating Climate and Changing Environment.”
Journal of Hydrdogy 375 (1-2): 34-51. https://doi.org/10.1016/].jhvdrol.2009.06.021.

Carrao, Hugo, Paulo Gongalves, and Mario Caetano. 2008. “Contribution of Multispectral and
Multitemporal Information from MODIS Images to Land Cover Classification.” Remote Sensing
of Environment 112 (3): 986-97. https://doi.org/10.1016/].rse.2007.07.002.

Casse, C., M. Gosset, C. Peugeot, V. Pedinotti, A. Boone, B. A. Tanimoun, and B. Decharme. 2015.
“Potential of Satellite Rainfall Products to Predict Niger River Flood Events in Niamey.”

A tmospheric Researdh, 6th Workshop of the International Precipitation Working Group, 163
(September): 162-76. https://doi.org/10.1016/j.atmosres.2015.01.010.

Casse, Claire, Marielle Gosset, Théo Vischel, Guillaume Quantin, and Bachir Alkali Tanimoun. 2016.
“Model-Based Study of the Role of Rainfall and LLand Use—Land Cover in the Changes in the
Occurrence and Intensity of Niger Red Floods in Niamey between 1953 and 2012.” Hydrdcgy
and Earth System Sdences 20 (7): 2841-59. https://doi.org/10.5194 /hess-20-2841-2016.

Cavazos, Tereza. 1999. “Large-Scale Circulation Anomalies Conducive to Extreme Precipitation

Events and Derivation of Daily Rainfall in Northeastern Mexico and Southeastern Texas.”

102


https://doi.org/10.1023/A:1013051420309
https://doi.org/10.1023/A:1013051420309
https://doi.org/10.1038/s41559-017-0081
https://doi.org/10.1038/s41559-017-0081
https://doi.org/10.3390/rs9010039
https://doi.org/10.3390/rs9010039
https://doi.org/10.1127/metz/2017/0819
https://doi.org/10.1127/metz/2017/0819
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1016/j.apgeog.2008.10.004
https://doi.org/10.1016/j.apgeog.2008.10.004
https://doi.org/10.1175/JAMC-D-13-0270.1
https://doi.org/10.1175/JAMC-D-13-0270.1
https://doi.org/10.1023/A:1009715923555
https://doi.org/10.1023/A:1009715923555
https://doi.org/10.1029/2010JC006570
https://doi.org/10.1029/2010JC006570
https://doi.org/10.1016/j.jhydrol.2009.06.021
https://doi.org/10.1016/j.jhydrol.2009.06.021
https://doi.org/10.1016/j.rse.2007.07.002
https://doi.org/10.1016/j.rse.2007.07.002
https://doi.org/10.1016/j.atmosres.2015.01.010
https://doi.org/10.1016/j.atmosres.2015.01.010
https://doi.org/10.5194/hess-20-2841-2016
https://doi.org/10.5194/hess-20-2841-2016

Jaurnal of Climate 12 (5): 1506-23.

https://doi.org/10.1175/1520-0442(1999)012<1506:L.SCACT>2.0.CO;2.

. 2000. “Using Self-Organizing Maps to Investigate Extreme Climate Events: An Application
to Wintertime Precipitation in the Balkans.” Journal of Climate 13 (10): 1718-32.
https://doi.org/10.1175/1520-0442(2000)013<1718:USOMTI>2.0.CO;2.

Cawley, Gavin C., and Nicola L. C. Talbot. 2004. “Fast Exact Leave-One-out Cross-Validation of
Sparse Least-Squares Support Vector Machines.” Neural Networks 17 (10): 1467-75.
https://doi.org/10.1016/j.neunet.2004.07.002.

Ceccato, Pietro, Katia Fernandes, Daniel Ruiz, and Erica Allis. 2014. “Climate and Environmental
Monitoring for Decision Making.” Earth Perspectives 1 (1): 16.
https://doi.org/10.1186/2194-6434-1-16.

Ceccherini, Guido, Iban Ameztoy, Claudia Patricia Romero Hernandez, and Cesar Carmona
Moreno. 2015. “High-Resolution Precipitation Datasets in South America and West Africa
Based on Satellite-Derived Rainfall, Enhanced Vegetation Index and Digital Elevation Model.”
Remote Sensing 7 (5): 6454—88. https://doi.org/10.3390/rs70506454.

Challinor, Andrew, Tim Wheeler, Chris Garforth, Peter Craufurd, and Amir Kassam. 2007.
“Assessing the Vulnerability of Food Crop Systems in Africa to Climate Change.” Climatic
Change 83 (3): 381-399. https://doi.org/10.1007/s10584-007-9249-0.

Chaney, Nathaniel W., Justin Sheffield, Gabriele Villarini, and Eric F. Wood. 2014. “Development
of a High-Resolution Gridded Daily Meteorological Dataset over Sub-Saharan Africa: Spatial
Analysis of Trends in Climate Extremes.” Journal of Climate 27 (15): 5815-35.
https://doi.org/10.1175/]JCILI-1D-13-00423.1.

Chang, Chueh-Hsin, and Nathaniel C. Johnson. 2015. “The Continuum of Wintertime Southern
Hemisphere Atmospheric Teleconnection Patterns.” Journal of Climate 28 (24): 9507-29.
https://doi.org/10.1175/]C1.I-D-14-00739.1.

Chang, C.-Y., J. C. H. Chiang, M. F. Wehner, A. R. Friedman, and R. Ruedy. 2011. “Sulfate Aerosol
Control of Tropical Atlantic Climate over the Twentieth Century.” Journal of Climate 24 (10):
2540-55. https://doi.org/10.1175/2010]C1.14065.1.

Chang, Ping, Rong Zhang, Wilco Hazeleger, Caihong Wen, Xiuquan Wan, Link Ji, Reindert J.
Haarsma, Wim-Paul Breugem, and Howard Seidel. 2008. “Oceanic Link between Abrupt
Changes in the North Atlantic Ocean and the African Monsoon.” Nature Geosdence 1 (7): 444.
https://doi.org/10.1038 /ngeo218.

Channan, S, K Collins, and WR Emanuel. 2014. “Global Mosaics of the Standard MODIS Land
Cover Type Data.” University of Maryland and the Padfic Northwest National Laboratory, Cdlege Park,
Maryland, USA 30.

Chapelle, Olivier, Vladimir Vapnik, Olivier Bousquet, and Sayan Mukherjee. 2002. “Choosing
Multiple Parameters for Support Vector Machines.” Machine Learning 46 (1-3): 131-59.
https://doi.org/10.1023/A:1012450327387.

Chappell, Adrian, and Clive T. Agnew. 2004. “Modelling Climate Change in West African Sahel
Rainfall (1931-90) as an Artifact of Changing Station Locations.” International Journal of
Climatdagy 24 (5): 547-54. https://doi.org/10.1002/joc.1021.

Charney, J. G. 1975. “Dynamics of Deserts and Drought in the Sahel.” Quarterly Journal of the Royal
Meteardagical Sodety 101 (428): 193—202. https://doi.org/10.1002/q1.49710142802.

Charney, J., P. H. Stone, and W. J. Quirk. 1975. “Drought in the Sahara: A Biogeophysical Feedback
Mechanism.” Sdence 187 (4175): 434-35. https://doi.org/10.1126/science.187.4175.434.

103


https://doi.org/10.1175/1520-0442(1999)012%3C1506:LSCACT%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(1999)012%3C1506:LSCACT%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(2000)013%3C1718:USOMTI%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(2000)013%3C1718:USOMTI%3E2.0.CO;2
https://doi.org/10.1016/j.neunet.2004.07.002
https://doi.org/10.1016/j.neunet.2004.07.002
https://doi.org/10.1186/2194-6434-1-16
https://doi.org/10.1186/2194-6434-1-16
https://doi.org/10.3390/rs70506454
https://doi.org/10.3390/rs70506454
https://doi.org/10.1007/s10584-007-9249-0
https://doi.org/10.1007/s10584-007-9249-0
https://doi.org/10.1175/JCLI-D-13-00423.1
https://doi.org/10.1175/JCLI-D-13-00423.1
https://doi.org/10.1175/JCLI-D-14-00739.1
https://doi.org/10.1175/JCLI-D-14-00739.1
https://doi.org/10.1175/2010JCLI4065.1
https://doi.org/10.1175/2010JCLI4065.1
https://doi.org/10.1038/ngeo218
https://doi.org/10.1038/ngeo218
https://doi.org/10.1023/A:1012450327387
https://doi.org/10.1023/A:1012450327387
https://doi.org/10.1002/joc.1021
https://doi.org/10.1002/joc.1021
https://doi.org/10.1002/qj.49710142802
https://doi.org/10.1002/qj.49710142802
https://doi.org/10.1126/science.187.4175.434
https://doi.org/10.1126/science.187.4175.434

Charney, Jule, William J. Quirk, Shu—hsien Chow, and Jack Kornfield. 1977. “A Comparative Study
of the Effects of Albedo Change on Drought in Semi—Arid Regions.” Journal of the A tmospheric
Sdenas 34 (9): 1366-85.
https://doi.org/10.1175/1520-0469(1977)034<1366:ACSOTE>2.0.CO;2.

Chiang, John C. H., C.-Y. Chang, and M. F. Wehner. 2013. “Long-Term Behavior of the Atlantic
Interhemispheric SST Gradient in the CMIP5 Historical Simulations.” Journal of Climate 26 (21):
8628—40. https://doi.org/10.1175/JCII-D-12-00487.1.

Chiang, John C.H., and Andrew R. Friedman. 2012. “Extratropical Cooling, Interhemispheric
Thermal Gradients, and Tropical Climate Change.” A nnual Review of Earth and Planetary Sdences
40 (1): 383—412. https://doi.org/10.1146/annurev-earth-042711-105545.

Chou, C., J. D. Neelin, and H. Su. 2001. “Ocean-Atmosphere-Land Feedbacks in an Idealized
Monsoon.” Quarterly Journal of the Royal Meteardagical Sodety 127 (576): 1869-91.
https://doi.org/10.1002/qj.49712757602.

Chou, Chia, and J. David Neelin. 2004. “Mechanisms of Global Warming Impacts on Regional
Tropical Precipitation.” Journal of Climate 17 (13): 2688-2701.
https://doi.org/10.1175/1520-0442(2004)017<2688:MOGWIO>2.0.CO:2.

Chou, Chia, J. David Neelin, Chao-An Chen, and Jien-Yi Tu. 2009. “Evaluating the
‘Rich-Get-Richer’ Mechanism in Tropical Precipitation Change under Global Warming.” Journal
of Climate 22 (8): 1982—2005. https://doi.org/10.1175/2008]CI1.12471.1.

Chutia, D, D K Bhattacharyya, K K Sarma, R Kalita, and S Sudhakar. 2016. “Hyperspectral Remote
Sensing Classifications: A Perspective Survey: Hyperspectral Remote Sensing Classifications: A
Perspective Survey.” Transactions in GIS 20 (4): 463-90. https://doi.org/10.1111/tgis.12164.

Cihlar, J. 2000. “Land Cover Mapping of Large Areas from Satellites: Status and Research
Priorities.” International Journal of Remote Sensing 21 (6—7): 1093—-1114.
https://doi.org/10.1080/014311600210092.

CILSS. 2011. “Livrets et Manuels de Formation Sur La Capitalisation Des Expériences Des
Organisations Paysannes En Matiere de Fertilisation Des Sols Au Burkina Faso.” FERSOL.
November 23, 2011. http://portails.cilss.bf/fersol /spip.phprarticle21.

. 2016. Landscapes of West A fria — A Window on a Changing Warld. 47914 252nd St, Garretson,
SD 57030, UNITED STATES: U.S. Geological Survey EROS.

Clements, Frederic Edward. 1916. Plant Suawssion: An A nalysis of the Devdopment of V egetation. Carnegie
Institution of Washington.

Congalton, Russell G., Jianyu Gu, Kamini Yadav, Prasad Thenkabail, and Mutlu Ozdogan. 2014.
“Global Land Cover Mapping: A Review and Uncertainty Analysis.” Remote Sensing 6 (12):
12070-93. https://doi.org/10.3390/rs61212070.

Conger, Kate. 2018. “Google Plans Not to Renew Its Contract for Project Maven, a Controversial
Pentagon Drone Al Imaging Program.” Gizmodo. June 1, 2018.
https:/ /oizmodo.com/google-plans-not-to-renew-its-contract-for-project-mave-1826488620.

Cook, Kerry H. 1999. “Generation of the African Easterly Jet and Its Role in Determining West
African Precipitation.” Journal of Climate 12 (5): 1165-84.
https://doi.org/10.1175/1520-0442(1999)012<1165:GOTAE]>2.0.CO;2.

. 2008. “Climate Science: The Mysteries of Sahel Droughts.” Nature Gessdence 1 (10): 647—48.

https://doi.org/10.1038 /ngeo320.

104


https://doi.org/10.1175/1520-0469(1977)034%3C1366:ACSOTE%3E2.0.CO;2
https://doi.org/10.1175/1520-0469(1977)034%3C1366:ACSOTE%3E2.0.CO;2
https://doi.org/10.1175/JCLI-D-12-00487.1
https://doi.org/10.1175/JCLI-D-12-00487.1
https://doi.org/10.1146/annurev-earth-042711-105545
https://doi.org/10.1146/annurev-earth-042711-105545
https://doi.org/10.1002/qj.49712757602
https://doi.org/10.1002/qj.49712757602
https://doi.org/10.1175/1520-0442(2004)017%3C2688:MOGWIO%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(2004)017%3C2688:MOGWIO%3E2.0.CO;2
https://doi.org/10.1175/2008JCLI2471.1
https://doi.org/10.1175/2008JCLI2471.1
https://doi.org/10.1111/tgis.12164
https://doi.org/10.1111/tgis.12164
https://doi.org/10.1080/014311600210092
https://doi.org/10.1080/014311600210092
http://portails.cilss.bf/fersol/spip.php?article21
http://portails.cilss.bf/fersol/spip.php?article21
https://doi.org/10.3390/rs61212070
https://doi.org/10.3390/rs61212070
https://gizmodo.com/google-plans-not-to-renew-its-contract-for-project-mave-1826488620
https://gizmodo.com/google-plans-not-to-renew-its-contract-for-project-mave-1826488620
https://doi.org/10.1175/1520-0442(1999)012%3C1165:GOTAEJ%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(1999)012%3C1165:GOTAEJ%3E2.0.CO;2
https://doi.org/10.1038/ngeo320
https://doi.org/10.1038/ngeo320

Cook, Kerry H., and Edward K. Vizy. 2006. “Coupled Model Simulations of the West African
Monsoon System: Twentieth- and Twenty-First-Century Simulations.” Journal of Climate 19 (15):
3681-3703. https://doi.org/10.1175/]CI.I3814.1.

. 2012. “Impact of Climate Change on Mid-Twenty-First Century Growing Seasons in
Africa.” Climate Dynamics 39 (12): 2937-55. https://doi.org/10.1007/s00382-012-1324-1.

Corbera, Esteve, and Heike Schroeder. 2011. “Governing and Implementing REDD+.”
Environmental Sdence & Pdicy, Governing and Implementing REDD+, 14 (2): 89-99.
https://doi.org/10.1016/j.envsci.2010.11.002.

Cotillon, Suzanne E. 2017. “The Landscapes of West Africa—40 Years of Change.” USGS
Numbered Series 2017-3005. Fact Sheet. Reston, VA: U.S. Geological Survey.
http://pubs.er.usgs.gov/publication/fs20173005.

Cotillon, Suzanne E., and Melissa L. Mathis. 2017. “Mapping Land Cover through Time with the
Rapid Land Cover Mapper—Documentation and User Manual.” USGS Numbered Series
2017-1012. Open-File Report. Reston, VA: U.S. Geological Survey.
http://pubs.er.usgs.gov/publication/ofr20171012.

Dai, Aiguo, Peter J. Lamb, Kevin E. Trenberth, Mike Hulme, Philip D. Jones, and Pingping Xie.
2004. “The Recent Sahel Drought Is Real.” International Journal of Climatdogy 24 (11): 1323-31.
https://doi.org/10.1002/joc.1083.

Dardel, C., L. Kergoat, P. Hiernaux, E. Mougin, M. Grippa, and C. J. Tucker. 2014. “Re-Greening
Sahel: 30 Years of Remote Sensing Data and Field Observations (Mali, Niger).” Remote Sensing of
Environment 140 (Supplement C): 350—64. https://doi.org/10.1016/.rse.2013.09.011.

Davis, Diana K. 2007. Resurredting the Granary of Rame: Environmental History and Frendh Cdonial
Expansion in Narth A frica. Ohio University Press.

. 2016. “Deserts and Drylands Before the Age of Desertification.” In The End of
Desertification? : Disputing Environmental Change in the Drylands, edited by Roy Behnke and Michael
Mortimore, 203-23. Springer Earth System Sciences. Berlin, Heidelberg: Springer Berlin
Heidelberg. https://doi.org/10.1007/978-3-642-16014-1 8.

DeFries, R. S, and Jonathan Cheung-Wai Chan. 2000. “Multiple Criteria for Evaluating Machine
Learning Algorithms for Land Cover Classification from Satellite Data.” Remote Sensing of
Environment 74 (3): 503—15. https://doi.org/10.1016/50034-4257(00)00142-5.

Descroix, L., ].-P. Laurent, M. Vauclin, O. Amogu, S. Boubkraoui, B. Ibrahim, S. Galle, et al. 2012.
“Experimental Evidence of Deep Infiltration under Sandy Flats and Gullies in the Sahel.”
Journal of Hydrdagy 424—425 (March): 1-15. https://doi.org/10.1016/.jhydrol.2011.11.019.

Descroix, L., G. Mahé, T. Lebel, G. Favreau, S. Galle, E. Gautier, J-C. Olivry, et al. 2009.
“Spatio-Temporal Variability of Hydrological Regimes around the Boundaries between Sahelian
and Sudanian Areas of West Africa: A Synthesis.” Journal of Hydrdogy 375 (1-2): 90-102.
https://doi.org/10.1016/}.jhydrol.2008.12.012.

Descroix, Luc, and Okechukwu Amogu. 2012. “Consequences of Land Use Changes on
Hydrological Functioning.” In Water Resourass Management and Madding, edited by Purna Nayak.
InTech.
http://cdn.intechopen.com/pdfs/32910/InTech-Consequences of land use changes on hy

drological functioning.pdf.

Descroix, Luc, Aida Diongue Niang, Gérémy Panthou, Ansoumana Bodian, Youssouph Sane,
Honoré Dacosta, Moussa Malam Abdou, Jean-Pierre Vandervaere, and Guillaume Quantin.
2015. “Evolution Récente de La Pluviométrie En Afrique de 'ouest a Travers Deux Régions:

105


https://doi.org/10.1175/JCLI3814.1
https://doi.org/10.1175/JCLI3814.1
https://doi.org/10.1007/s00382-012-1324-1
https://doi.org/10.1007/s00382-012-1324-1
https://doi.org/10.1016/j.envsci.2010.11.002
https://doi.org/10.1016/j.envsci.2010.11.002
http://pubs.er.usgs.gov/publication/fs20173005
http://pubs.er.usgs.gov/publication/fs20173005
http://pubs.er.usgs.gov/publication/ofr20171012
http://pubs.er.usgs.gov/publication/ofr20171012
https://doi.org/10.1002/joc.1083
https://doi.org/10.1002/joc.1083
https://doi.org/10.1016/j.rse.2013.09.011
https://doi.org/10.1016/j.rse.2013.09.011
https://doi.org/10.1007/978-3-642-16014-1_8
https://doi.org/10.1007/978-3-642-16014-1_8
https://doi.org/10.1016/S0034-4257(00)00142-5
https://doi.org/10.1016/S0034-4257(00)00142-5
https://doi.org/10.1016/j.jhydrol.2011.11.019
https://doi.org/10.1016/j.jhydrol.2011.11.019
https://doi.org/10.1016/j.jhydrol.2008.12.012
https://doi.org/10.1016/j.jhydrol.2008.12.012
http://cdn.intechopen.com/pdfs/32910/InTech-Consequences_of_land_use_changes_on_hydrological_functioning.pdf
http://cdn.intechopen.com/pdfs/32910/InTech-Consequences_of_land_use_changes_on_hydrological_functioning.pdf
http://cdn.intechopen.com/pdfs/32910/InTech-Consequences_of_land_use_changes_on_hydrological_functioning.pdf

La Sénégambie et Le Bassin Du Niger Moyen.” Climatdaoge 12: 25—43.
https://doi.org/10.4267/climatologie.1105.

Descroix, Luc, IB Moussa, Pierre Genthon, Daniel Sighomnou, Gil Mahe, Ibrahim Mamadou,
Jean-Pierre Vandervaere, et al. 2013. “Impact of Drought and Land—Use Changes on
Surface—Water Quality and Quantity: The Sahelian Paradox.” In Current Perspectives in
Contaminant Hydrdcgy and Water Resources Sustainahbility. InTech

-resources-sustainability /impact-of-drought-and-land-use-changes-on-surface-water-quality-and
-quantity-the-sahelian-paradox.

Diallo, I., M. B. Sylla, F. Giorgi, A. T. Gaye, and M. Camara. 2012. “Multimode]l GCM-RCM
Ensemble-Based Projections of Temperature and Precipitation over West Africa for the Early
21st Century.” International Journal of Geophysics 2012: 1-19.
https://doi.org/10.1155/2012/972896.

Dibike, Yonas B., Slavco Velickov, Dimitri Solomatine, and Michael B. Abbott. 2001. “Model
Induction with Support Vector Machines: Introduction and Applications.” Journal of Camputing
in Civil Engineering 15 (July): 208-216.

Dietz, Ton, Ruerd Ruben, and A. Verhagen, eds. 2004. The Impact of Climate Change on Drylands: With
a Foais on West A frica. Environment & Policy, v. 39. Dordrecht; Boston, Mass: Kluwer
Academic.

Diouf, A., and E. F. Lambin. 2001. “Monitoring Land-Cover Changes in Semi-Arid Regions:
Remote Sensing Data and Field Observations in the Ferlo, Senegal.” Journal of A rid Environments
48 (2): 129-48. https://doi.org/10.1006/jare.2000.0744.

Djibo, Abdouramane Gado, Harouna Karambiri, Ousmane Seidou, Ketvara Sittichok, Nathalie
Philippon, Jean Emmanuel Paturel, and Hadiza Moussa Saley. 2015. “Linear and Non-Linear
Approaches for Statistical Seasonal Rainfall Forecast in the Sirba Watershed Region (SAHEL).”
Climate 3 (3): 727-52. https://doi.org/10.3390/cli3030727.

Dolman, a J., ].H.C. Gash, J.-P. Goutorbe, Y. Kerr, T. Lebel, S.D. Prince, and J.N.M. Stricker. 1997.
“The Role of the LLand Surface in Sahelian Climate: HAPEX-Sahel Results and Future Research
Needs.” Journal of Hydrdogy 188—189 (February): 1067-1079.
https://doi.org/10.1016/50022-1694(96)03183-6.

Dong, Buwen, and Rowan Sutton. 2015. “Dominant Role of Greenhouse-Gas Forcing in the
Recovery of Sahel Rainfall.” Nature Climate Change 5 (8): 757—-60.
https://doi.org/10.1038 /nclimate2664.

Douville, H., F. Chauvin, and H. Broqua. 2001. “Influence of Soil Moisture on the Asian and
African Monsoons. Part I: Mean Monsoon and Daily Precipitation.” Journal of Climate 14 (11):
2381-2403. https://doi.org/10.1175/1520-0442(2001)014<2381:I0SMOT>2.0.CO;2.

Douville, H., D. Salas-M¢lia, and S. Tyteca. 2006. “On the Tropical Origin of Uncertainties in the
Global Land Precipitation Response to Global Warming.” Climate Dynamics 26 (4): 367—85.
https://doi.org/10.1007/s00382-005-0088-2.

Dove, Edward S., David Townend, Eric M. Meslin, Martin Bobrow, Katherine Littler, Dianne
Nicol, Jantina de Vries, et al. 2016. “Ethics Review for International Data-Intensive Research.”
Sdence 351 (6280): 1399-1400. https://doi.org/10.1126/science.aad5269.

Druyan, Leonard M. 2011. “Studies of 21st-Century Precipitation Trends over West Africa.”
International Journal of Climatdagy 31 (10): 1415-24. https://doi.org/10.1002/joc.2180.

106


https://doi.org/10.4267/climatologie.1105
https://doi.org/10.4267/climatologie.1105
http://www.intechopen.com/books/current-perspectives-in-contaminant-hydrology-and-water-resources-sustainability/impact-of-drought-and-land-use-changes-on-surface-water-quality-and-quantity-the-sahelian-paradox
http://www.intechopen.com/books/current-perspectives-in-contaminant-hydrology-and-water-resources-sustainability/impact-of-drought-and-land-use-changes-on-surface-water-quality-and-quantity-the-sahelian-paradox
http://www.intechopen.com/books/current-perspectives-in-contaminant-hydrology-and-water-resources-sustainability/impact-of-drought-and-land-use-changes-on-surface-water-quality-and-quantity-the-sahelian-paradox
http://www.intechopen.com/books/current-perspectives-in-contaminant-hydrology-and-water-resources-sustainability/impact-of-drought-and-land-use-changes-on-surface-water-quality-and-quantity-the-sahelian-paradox
https://doi.org/10.1155/2012/972896
https://doi.org/10.1155/2012/972896
https://doi.org/10.1006/jare.2000.0744
https://doi.org/10.1006/jare.2000.0744
https://doi.org/10.3390/cli3030727
https://doi.org/10.3390/cli3030727
https://doi.org/10.1016/S0022-1694(96)03183-6
https://doi.org/10.1016/S0022-1694(96)03183-6
https://doi.org/10.1038/nclimate2664
https://doi.org/10.1038/nclimate2664
https://doi.org/10.1175/1520-0442(2001)014%3C2381:IOSMOT%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(2001)014%3C2381:IOSMOT%3E2.0.CO;2
https://doi.org/10.1007/s00382-005-0088-2
https://doi.org/10.1007/s00382-005-0088-2
https://doi.org/10.1126/science.aad5269
https://doi.org/10.1126/science.aad5269
https://doi.org/10.1002/joc.2180
https://doi.org/10.1002/joc.2180

Du, Yan, and Shang-Ping Xie. 2008. “Role of Atmospheric Adjustments in the Tropical Indian
Ocean Warming during the 20th Century in Climate Models.” Geophysical Research Letters 35 (8).
https://doi.org/10.1029 /2008 G1.033631.

Duan, Kaibo, S. Sathiya Keerthi, and Aun Neow Poo. 2003. “Evaluation of Simple Performance
Measures for Tuning SVM Hyperparameters.” Neurocomputing 51 (April): 41-59.
https://doi.org/10.1016/50925-2312(02)00601-X.

Dudley, Nigel, and Sasha Alexander. 2017. Global Land Outlodk. Edited by Ian Johnson. First edition.
Bonn, Germany: UNCCD.

Eassa, Nashwa, Maye Elmardi, Buthaina Adam, Mayada Elgadi, and Sara Abass. 2015.
“Development of Sudanese Women in Physics.” AIP Conference Progeadings 1697 (1): 060040.
https://doi.org/10.1063/1.4937687.

Ebert, Elizabeth E., John E. Janowiak, and Chris Kidd. 2007. “Comparison of Near-Real-Time
Precipitation Estimates from Satellite Observations and Numerical Models.” Bulletin of the
Amerian Meteardagial Sodety 88 (1): 47-64. https://doi.org/10.1175/BAMS-88-1-47.

Efon, E., A. Lenouo, D. Monkam, and D. Manatsa. 2016. “Cloud Properties during Active and
Break Spells of the West African Summer Monsoon from CloudSat—CALIPSO
Measurements.” Journal of A tmosphericand Sdar-Terrestrial Physics 145 (July): 1-11.
https://doi.org/10.1016/j.jastp.2016.04.001.

Enfield, David B., and Alberto M. Mestas-Nufiez. 1999. “Multiscale Variabilities in Global Sea
Surface Temperatures and Their Relationships with Tropospheric Climate Patterns.” Journal of
Climate 12 (9): 2719-33.
https://doi.org/10.1175/1520-0442(1999)012<2719:MVIGSS>2.0.CO;2.

ESA CCI Land Cover Project. 2017. “ESA CCI LAND COVER - §2 Prototype Land Cover 20m
Map of Africa 2016.” 2017. http://2016africalandcover20m.esrin.esa.int/.

Fairhead, James. 1996. Misreading the A frican Landsaape Sadety and Eadagy in a Forest-Savanna Masaic
African Studies Series 90. Cambridge ; New York: Cambridge University Press.

Fairhead, James, and Melissa Leach. 1998. Reframing Deforestation: Glabal A nalyses and Lol Realities;
Studies in West A frica. Global Environmental Change Series. London ; New York: Routledge.

Farr, Tom G., Paul A. Rosen, Edward Caro, Robert Crippen, Riley Duren, Scott Hensley, Michael
Kobrick, et al. 2007. “The Shuttle Radar Topography Mission.” Reviews of Geophysics 45 (2).
https://doi.org/10.1029 /2005RG000183.

Favreau, G., B. Cappelaere, S. Massuel, M. Leblanc, M. Boucher, N. Boulain, and C. Leduc. 2009.
“Land Clearing, Climate Variability, and Water Resources Increase in Semiarid Southwest
Niger: A Review.” Water Resources Research 45 (7): WO0A16.
https://doi.org/10.1029 /2007WR006785.

Federal Bureau of Prisons. 2018. “BOP Statistics: Inmate Race.” June 30, 2018.
https://www.bop.gov/about/statistics /statistics inmate race.jsp.

Fensholt, R. 2004. “Earth Observation of Vegetation Status in the Sahelian and Sudanian West
Africa: Comparison of Terra MODIS and NOAA AVHRR Satellite Data.” International Journal of
Remote Sensing 25 (9): 1641-59. https://doi.org/10.1080/01431160310001598999.

Fensholt, Rasmus, Kjeld Rasmussen, Per Kaspersen, Silvia Huber, Stephanie Horion, and Else
Swinnen. 2013. “Assessing Land Degradation/Recovery in the African Sahel from Long-Term
Earth Observation Based Primary Productivity and Precipitation Relationships.” Remote Sensing
5 (2): 664-86. https://doi.org/10.3390/rs5020664.

107


https://doi.org/10.1029/2008GL033631
https://doi.org/10.1029/2008GL033631
https://doi.org/10.1016/S0925-2312(02)00601-X
https://doi.org/10.1016/S0925-2312(02)00601-X
https://doi.org/10.1063/1.4937687
https://doi.org/10.1063/1.4937687
https://doi.org/10.1175/BAMS-88-1-47
https://doi.org/10.1175/BAMS-88-1-47
https://doi.org/10.1016/j.jastp.2016.04.001
https://doi.org/10.1016/j.jastp.2016.04.001
https://doi.org/10.1175/1520-0442(1999)012%3C2719:MVIGSS%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(1999)012%3C2719:MVIGSS%3E2.0.CO;2
http://2016africalandcover20m.esrin.esa.int/
http://2016africalandcover20m.esrin.esa.int/
https://doi.org/10.1029/2005RG000183
https://doi.org/10.1029/2005RG000183
https://doi.org/10.1029/2007WR006785
https://doi.org/10.1029/2007WR006785
https://www.bop.gov/about/statistics/statistics_inmate_race.jsp
https://www.bop.gov/about/statistics/statistics_inmate_race.jsp
https://doi.org/10.1080/01431160310001598999
https://doi.org/10.1080/01431160310001598999
https://doi.org/10.3390/rs5020664
https://doi.org/10.3390/rs5020664

Fensholt, Rasmus, Kjeld Rasmussen, Thomas Theis Nielsen, and Cheikh Mbow. 2009. “Evaluation
of Earth Observation Based Long Term Vegetation Trends — Intercomparing NDVI Time
Series Trend Analysis Consistency of Sahel from AVHRR GIMMS, Terra MODIS and SPOT
VGT Data.” Remote Sensing of Environment 113 (9): 1886-98.
https://doi.org/10.1016/j.rs¢.2009.04.004.

Findell, Kirsten L., Andrew J. Pitman, Matthew H. England, and Philip J. Pegion. 2009. “Regional
and Global Impacts of Land Cover Change and Sea Surface Temperature Anomalies.” Journal of
Climate 22 (12): 3248-69. https://doi.org/10.1175/2008]C1.12580.1.

Fitzpatrick, Rory G. J., Caroline L. Bain, Peter Knippertz, John H. Marsham, and Douglas J. Parker.
2016. “On What Scale Can We Predict the Agronomic Onset of the West African Monsoonr”
Manthly Weather Review 144 (4): 1571-89. https://doi.org/10.1175/MWR-D-15-0274.1.

Folke, Catl. 2006. “Resilience: The Emergence of a Perspective for Social-Ecological Systems
Analyses.” Gldbal Environmental Change 16 (3): 253-267.
https://doi.org/10.1016/j.gloenvcha.2006.04.002.

Folland, C. K., T. N. Palmer, and D. E. Parker. 1986. “Sahel Rainfall and Wotldwide Sea
Temperatures, 1901-85.” Letters to Nature.

Foody, G. M. 2001. “Monitoring the Magnitude of Land-Cover Change around the Southern Limits
of the Sahara.” Photogrammetric Engineering and Remote Sensing 67 (7): 841—47.

Forsyth, Tim. 2003. Critical Pditical Ecdagy: The Pdlitics of Environmental Sdence london ; New York:
Routledge.

Franklin, Steven E., Oumer S. Ahmed, Michael A. Wulder, Joanne C. White, Txomin Hermosilla,
and Nicholas C. Coops. 2015. “Large Area Mapping of Annual Land Cover Dynamics Using
Multitemporal Change Detection and Classification of Landsat Time Series Data.” Canadian
Joarnal of Remote Sensing 41 (4): 293-314. https://doi.org/10.1080/07038992.2015.1089401.

Friedl, M. A., and C. E. Brodley. 1997. “Decision Tree Classification of Land Cover from Remotely
Sensed Data.” Remote Sensing of Environment 61 (3): 399—4009.
https://doi.org/10.1016/S0034-4257(97)00049-7.

Friedl, M. A, D. K Mclver, J. C. F Hodges, X. Y Zhang, D Muchoney, A. H Strahler, C. E
Woodcock, et al. 2002. “Global Land Cover Mapping from MODIS: Algorithms and Early
Results.” Remote Sensing of Environment, The Moderate Resolution Imaging Spectroradiometer
(MODIS): a new generation of Land Surface Monitoring, 83 (1): 287-302.
https://doi.org/10.1016/50034-4257(02)00078-0.

Friedl, Mark A., Damien Sulla-Menashe, Bin Tan, Annemarie Schneider, Navin Ramankutty, Adam
Sibley, and Xiaoman Huang. 2010. “MODIS Collection 5 Global Land Cover: Algorithm
Refinements and Characterization of New Datasets.” Remote Sensing of Environment 114 (1):
168-82. https://doi.org/10.1016/j.rse.2009.08.016.

Fritz, Steffen, Liangzhi You, Andriy Bun, Linda See, Ian McCallum, Christian Schill, Christoph
Perger, Junguo Liu, Matt Hansen, and Michael Obersteiner. 2011. “Cropland for Sub—Saharan
Africa: A Synergistic Approach Using Five Land Cover Data Sets.” Geophysical Research Letters 38
(4). https://doi.org/10.1029/2010G1.046213.

Froidurot, Stéphanie, and Arona Diedhiou. 2017. “Characteristics of Wet and Dry Spells in the West
African Monsoon System.” A tmospheric Sdence Letters 18 (3): 125-31.
https://doi.org/10.1002/asl.734.

Frumhoff, Peter. 2016. “Why the American Geophysical Union Should Reject Corporate
Sponsorship from ExxonMobil - Union of Concerned Scientists.” Union of Conaerned Sdentists

108


https://doi.org/10.1016/j.rse.2009.04.004
https://doi.org/10.1016/j.rse.2009.04.004
https://doi.org/10.1175/2008JCLI2580.1
https://doi.org/10.1175/2008JCLI2580.1
https://doi.org/10.1175/MWR-D-15-0274.1
https://doi.org/10.1175/MWR-D-15-0274.1
https://doi.org/10.1016/j.gloenvcha.2006.04.002
https://doi.org/10.1016/j.gloenvcha.2006.04.002
https://doi.org/10.1080/07038992.2015.1089401
https://doi.org/10.1080/07038992.2015.1089401
https://doi.org/10.1016/S0034-4257(97)00049-7
https://doi.org/10.1016/S0034-4257(97)00049-7
https://doi.org/10.1016/S0034-4257(02)00078-0
https://doi.org/10.1016/S0034-4257(02)00078-0
https://doi.org/10.1016/j.rse.2009.08.016
https://doi.org/10.1016/j.rse.2009.08.016
https://doi.org/10.1029/2010GL046213
https://doi.org/10.1029/2010GL046213
https://doi.org/10.1002/asl.734
https://doi.org/10.1002/asl.734

(blog). September 7, 2016.
https://blog.ucsusa.org/peter-frumhoff/why-the-american-geophysical-union-should-reject-co

rporate-sponsorship-from-exxonmobil.

Funk, Chris, Pete Peterson, Martin Landsfeld, Diego Pedreros, James Verdin, Shraddhanand Shukla,
Gregory Husak, et al. 2015. “The Climate Hazards Infrared Precipitation with Stations—a New
Environmental Record for Monitoring Extremes.” SdentificData 2 (December): 150066.
https://doi.org/10.1038 /sdata.2015.66.

Gado Djibo, Abdouramane, Ousmane Seidou, Harouna Karambiri, Ketevera Sittichok, Jean
Emmanuel Paturel, and Hadiza Moussa Saley. 2015. “Development and Assessment of
Non-Linear and Non-Stationary Seasonal Rainfall Forecast Models for the Sirba Watershed,
West Africa.” Journal of Hydrdogy: Regional Studies 4, Part B (September): 134-52.
https://doi.org/10.1016/5.ejrh.2015.05.001.

Gahegan, Mark. 2000. “The Case for Inductive and Visual Techniques in the Analysis of Spatial
Data.” Journal of Geographical Systens 2 (1): 77-83. https://doi.org/10.1007/s101090050033.

Gantner, Leonhard, and Norbert Kalthoft. 2010. “Sensitivity of a Modelled Life Cycle of a
Mesoscale Convective System to Soil Conditions over West Africa.” Quarterly Journal of the Royal
Meteardagical Sodety 136 (S1): 471-82. https://doi.org/10.1002/q.425.

Gardelle, J., P. Hiernaux, L. Kergoat, and M. Grippa. 2010. “Less Rain, More Water in Ponds: A
Remote Sensing Study of the Dynamics of Surface Waters from 1950 to Present in Pastoral
Sahel (Gourma Region, Mali).” Hydrdogy and Earth System Sdences 14 (2): 309-324.
https://doi.org/10.5194/hess-14-309-2010.

Geist, Helmut J., and Eric F. Lambin. 2004. “Dynamic Causal Patterns of Desertification.” BicSdence
54 (9): 817. https://doi.org/10.1641/0006-3568(2004)054[0817:DCPOD]2.0.CO:2.

Geng, X., D.-C. Zhan, and Z.-H. Zhou. 2005. “Supervised Nonlinear Dimensionality Reduction for
Visualization and Classification.” IEEE Transadions on Systems, Man and Cybernetics, Part B
(Cybernetics) 35 (6): 1098—1107. https://doi.org/10.1109/TSMCB.2005.850151.

Georgeson, Lucien, Mark Maslin, and Martyn Poessinouw. 2017. “Global Disparity in the Supply of
Commercial Weather and Climate Information Services.” Sdenee A dvanas 3 (5): ¢1602632.
https://doi.org/10.1126/sciadv.1602632.

Ghimire, B., J. Rogan, and J. Miller. 2010. “Contextual Land-Cover Classification: Incorporating
Spatial Dependence in Land-Cover Classification Models Using Random Forests and the Getis
Statistic.” Remote Sensing Letters 1 (1): 45-54. https://doi.org/10.1080/01431160903252327.

Giannini, A, S Salack, T Lodoun, A Ali, a T Gaye, and O Ndiaye. 2013. “A Unifying View of
Climate Change in the Sahel Linking Intra-Seasonal, Interannual and Longer Time Scales.”
Environmental Research Letters 8 (2): 024010. https://doi.org/10.1088/1748-9326/8/2/024010.

Giannini, A., R. Saravanan, and P. Chang. 2003. “Oceanic Forcing of Sahel Rainfall on Interannual
to Interdecadal Time Scales.” Sdence 302 (5647): 1027-30.
https://doi.org/10.1126/science.1089357.

Giannini, Alessandra. 2010. “Mechanisms of Climate Change in the Semiarid African Sahel: The
Local View.” Journal of Climate 23 (3): 743-756. https://doi.org/10.1175/2009]CI.13123.1.

. 2015. “Climate Change Comes to the Sahel.” Nature Climate Change 5 (8): 720-21.

https://doi.org/10.1038 /nclimate2739.

. 2016. “40 Years of Climate Modeling: The Causes of Late-20th Century Drought in the

Sahel.” In The End of Desertification?, 265-91. Springer Earth System Sciences. Springer, Berlin,

Heidelberg. https://doi.org/10.1007/978-3-642-16014-1 10.

109


https://blog.ucsusa.org/peter-frumhoff/why-the-american-geophysical-union-should-reject-corporate-sponsorship-from-exxonmobil
https://blog.ucsusa.org/peter-frumhoff/why-the-american-geophysical-union-should-reject-corporate-sponsorship-from-exxonmobil
https://blog.ucsusa.org/peter-frumhoff/why-the-american-geophysical-union-should-reject-corporate-sponsorship-from-exxonmobil
https://doi.org/10.1038/sdata.2015.66
https://doi.org/10.1038/sdata.2015.66
https://doi.org/10.1016/j.ejrh.2015.05.001
https://doi.org/10.1016/j.ejrh.2015.05.001
https://doi.org/10.1007/s101090050033
https://doi.org/10.1007/s101090050033
https://doi.org/10.1002/qj.425
https://doi.org/10.1002/qj.425
https://doi.org/10.5194/hess-14-309-2010
https://doi.org/10.5194/hess-14-309-2010
https://doi.org/10.1641/0006-3568(2004)054[0817:DCPOD]2.0.CO;2
https://doi.org/10.1641/0006-3568(2004)054[0817:DCPOD]2.0.CO;2
https://doi.org/10.1109/TSMCB.2005.850151
https://doi.org/10.1109/TSMCB.2005.850151
https://doi.org/10.1126/sciadv.1602632
https://doi.org/10.1126/sciadv.1602632
https://doi.org/10.1080/01431160903252327
https://doi.org/10.1080/01431160903252327
https://doi.org/10.1088/1748-9326/8/2/024010
https://doi.org/10.1088/1748-9326/8/2/024010
https://doi.org/10.1126/science.1089357
https://doi.org/10.1126/science.1089357
https://doi.org/10.1175/2009JCLI3123.1
https://doi.org/10.1175/2009JCLI3123.1
https://doi.org/10.1038/nclimate2739
https://doi.org/10.1038/nclimate2739
https://doi.org/10.1007/978-3-642-16014-1_10
https://doi.org/10.1007/978-3-642-16014-1_10

Giannini, Alessandra, Michela Biasutti, Isaac M. Held, and Adam H. Sobel. 2008. “A Global
Perspective on African Climate.” Climatic Change 90 (4): 359-83.
https://doi.org/10.1007/s10584-008-9396-v.

Giannini, Alessandra, Michela Biasutti, and Michel M. Verstraete. 2008. “A Climate Model-Based
Review of Drought in the Sahel: Desertification, the Re-Greening and Climate Change.” Gldbal

Physical Properties and Hydrological Processes in the Sub-Humid Tropical Environment of
West Africa.” Physics and Chemistry of the Earth, Parts A /B/C, Assessment of Anthropogenic
Impacts on Water Quality, 30 (8): 485-96. https://doi.org/10.1016/].pce.2005.07.003.

Gislason, Pall Oskar, Jon Atli Benediktsson, and Johannes R. Sveinsson. 2006. “Random Forests for
Land Cover Classification.” Pattern Reapnition Letters, Pattern Recognition in Remote Sensing
(PRRS 2004), 27 (4): 294-300. https://doi.org/10.1016/}.patrec.2005.08.011.

Goetz, Scott J., Matthew Hansen, Richard A. Houghton, Wayne Walker, Nadine Laporte, and Jonah
Busch. 2015. “Measurement and Monitoring Needs, Capabilities and Potential for Addressing
Reduced Emissions from Deforestation and Forest Degradation under REDD+.”” Environmental
Research Letters 10 (12): 123001. https://doi.org/10.1088/1748-9326/10/12/123001.

Goldman, Gretchen T, James | McCarthy, and Catherine Gautier. 2016. “Independent Science and
the Role of Private Sector Funding in the Geosciences.” In . San Francisco.
https://agu.confex.com/agu/fm16/meetingapp.cgi/Session/14757.

Goldstein, Jesse. 2013. “Terra Economica: Waste and the Production of Enclosed Nature.” A ntipode
45 (2): 357-75. https://doi.org/10.1111/7.1467-8330.2012.01003 x.

Gonzalez, P., C. J. Tucker, and H. Sy. 2012. “Tree Density and Species Decline in the African Sahel
Attributable to Climate.” Journal of A rid Environments 78 (March): 55-64.
https://doi.org/10.1016/j.jaridenv.2011.11.001.

Google Developers. 2017. “Landsat Algorithms.” Google Earth Engine API. October 31, 2017.
https://developers.google.com/earth-engine/landsat.

Gorelick, Noel, Matt Hancher, Mike Dixon, Simon Ilyushchenko, David Thau, and Rebecca Moore.
2017. “Google Earth Engine: Planetary-Scale Geospatial Analysis for Everyone.” Remote Sensing
of Environment, July. https://doi.org/10.1016/}.rse.2017.06.031.

Gosset, Marielle, Julien Viarre, Guillaume Quantin, and Matias Alcoba. 2013. “Evaluation of Several
Rainfall Products Used for Hydrological Applications over West Africa Using Two
High-Resolution Gauge Networks.” Quarterly Journal of the Royal Meteardagical Sodety 139 (673):
923—-40. https://doi.org/10.1002/qj.2130.

Goward, Samuel, Terry Arvidson, Darrel Williams, John Faundeen, James Irons, and Shannon
Franks. 2006. “Historical Record of Landsat Global Coverage.” Photogrammetric Engineering &
Remote Sensing 72 (10): 1155—69. https://doi.org/10.14358 /PERS.72.10.1155.

Goward, Samuel N, Jeffrey G. Masek, Darrel L. Williams, James R. Irons, and R. J. Thompson.
2001. “The Landsat 7 Mission: Terrestrial Research and Applications for the 21st Century.”
Remote Sensing of Environment, Landsat 7, 78 (1): 3—12.
https://doi.org/10.1016/50034-4257(01)00262-0.

Goyens, Clémence, Dirk Lauwaet, Marc Schroder, Matthias Demuzere, and Nicole P. M. Van
Lipzig. 2012. “Tracking Mesoscale Convective Systems in the Sahel: Relation between Cloud

110


https://doi.org/10.1007/s10584-008-9396-y
https://doi.org/10.1007/s10584-008-9396-y
https://doi.org/10.1016/j.gloplacha.2008.05.004
https://doi.org/10.1016/j.gloplacha.2008.05.004
https://doi.org/10.1016/j.pce.2005.07.003
https://doi.org/10.1016/j.pce.2005.07.003
https://doi.org/10.1016/j.patrec.2005.08.011
https://doi.org/10.1016/j.patrec.2005.08.011
https://doi.org/10.1088/1748-9326/10/12/123001
https://doi.org/10.1088/1748-9326/10/12/123001
https://agu.confex.com/agu/fm16/meetingapp.cgi/Session/14757
https://agu.confex.com/agu/fm16/meetingapp.cgi/Session/14757
https://doi.org/10.1111/j.1467-8330.2012.01003.x
https://doi.org/10.1111/j.1467-8330.2012.01003.x
https://doi.org/10.1016/j.jaridenv.2011.11.001
https://doi.org/10.1016/j.jaridenv.2011.11.001
https://developers.google.com/earth-engine/landsat
https://developers.google.com/earth-engine/landsat
https://doi.org/10.1016/j.rse.2017.06.031
https://doi.org/10.1016/j.rse.2017.06.031
https://doi.org/10.1002/qj.2130
https://doi.org/10.1002/qj.2130
https://doi.org/10.14358/PERS.72.10.1155
https://doi.org/10.14358/PERS.72.10.1155
https://doi.org/10.1016/S0034-4257(01)00262-0
https://doi.org/10.1016/S0034-4257(01)00262-0

Parameters and Precipitation.” International Journal of Climatdagy 32 (12): 1921-1934.
https://doi.org/10.1002/joc.2407.

Graef, I, and J. Haigis. 2001. “Spatial and Temporal Rainfall Variability in the Sahel and Its Effects
on Farmers’ Management Strategies.” Journal of A rid Environments 48 (2): 221-31.
https://doi.org/10.1006/jare.2000.0747.

Greene, Arthur M., Alessandra Giannini, and Stephen E. Zebiak. 2009. “Drought Return Times in
the Sahel: A Question of Attribution.” Geophysical Research Letters 36 (12): L12701.
https://doi.org/10.1029/2009G1.038868.

Grove, Richard. 1997. Eadagy, Climate, and Empire: Cdonialismand Global Environmental Histary,
1400-1940. Cambridge, UK: White Horse Press.

Grove, Richard H. 1996. Green Inperialismx Cdonial Expansion, Tropical Island Edens and the Origins of
Environmentalism, 1600-1860. Cambridge University Press.

Gu, Guojun, and Robert F. Adler. 2004. “Seasonal Evolution and Variability Associated with the
West African Monsoon System.” Journal of Climate 17 (17): 3364-77.
https://doi.org/10.1175/1520-0442(2004)017<3364:SEAVAW>2.0.CO:2.

Guilloteau, Clément, Rémy Roca, and Marielle Gosset. 2016. “A Multiscale Evaluation of the
Detection Capabilities of High-Resolution Satellite Precipitation Products in West Africa.”
Jaurnal of Hydrometeordagy 17 (7): 2041-59. https://doi.org/10.1175/JHM-D-15-0148.1.

Haarsma, Reindert J., Frank M. Selten, Suzanne I.. Weber, and Michael Kliphuis. 2005. “Sahel
Rainfall Variability and Response to Greenhouse Warming.” Geophysical Research Letters 32 (17):
L17702. https://doi.org/10.1029 /2005G1.023232.

Hannerz, F., and A. Lotsch. 2008. “Assessment of Remotely Sensed and Statistical Inventories of
African Agricultural Fields.” International Journal of Remote Sensing 29 (13): 3787-3804.
https://doi.org/10.1080/01431160801891762.

Hansen, M. C,, R. S. Defries, J. R. G. Townshend, and R. Sohlberg. 2000. “Global Land Cover
Classification at 1 Km Spatial Resolution Using a Classification Tree Approach.” International
Joarnal of Remote Sensing 21 (6—7): 1331—64. https://doi.org/10.1080/014311600210209.

Hansen, M. C., P. V. Potapov, R. Moore, M. Hancher, S. A. Turubanova, A. Tyukavina, D. Thau, et
al. 2013. “High-Resolution Global Maps of 21st-Century Forest Cover Change.” Sdence 342
(6160): 850-53. https://doi.org/10.1126/science.1244693.

Hansen, M., P. Potapov, B. Margono, S. Stehman, S. Turubanova, and A. Tyukavina. 2014.
“Response to Comment on ‘High-Resolution Global Maps of 21st-Century Forest Cover
Change.”” Sdence 344 (6187): 981-981. https://doi.org/10.1126/science.1248817.

Haraway, Donna. 2013. Simians, Cyborgs, and Wamen: The Reinvention of Nature. Routledge.
https://doi.org/10.4324/9780203873106.

Hein, Lars, and Nico De Ridder. 2006. “Desertification in the Sahel: A Reinterpretation.” Global
Change Bidagy 12 (5): 751-58. https://doi.org/10.1111/§.1365-2486.2006.01135 x.

Herold, M., P. Mayaux, C. E. Woodcock, A. Baccini, and C. Schmullius. 2008. “Some Challenges in
Global Land Cover Mapping: An Assessment of Agreement and Accuracy in Existing 1 Km
Datasets.” Remote Sensing of Environment, Farth Observations for Terrestrial Biodiversity and
Ecosystems Special Issue, 112 (5): 2538-56. https://doi.org/10.1016/j.rse.2007.11.013.

Herrmann, S. M., and G. G. Tappan. 2013. “Vegetation Impoverishment despite Greening: A Case
Study from Central Senegal.” Journal of A rid Environments 90 (Supplement C): 55-66.
https://doi.org/10.1016/j.jaridenv.2012.10.020.

111


https://doi.org/10.1002/joc.2407
https://doi.org/10.1002/joc.2407
https://doi.org/10.1006/jare.2000.0747
https://doi.org/10.1006/jare.2000.0747
https://doi.org/10.1029/2009GL038868
https://doi.org/10.1029/2009GL038868
https://doi.org/10.1175/1520-0442(2004)017%3C3364:SEAVAW%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(2004)017%3C3364:SEAVAW%3E2.0.CO;2
https://doi.org/10.1175/JHM-D-15-0148.1
https://doi.org/10.1175/JHM-D-15-0148.1
https://doi.org/10.1029/2005GL023232
https://doi.org/10.1029/2005GL023232
https://doi.org/10.1080/01431160801891762
https://doi.org/10.1080/01431160801891762
https://doi.org/10.1080/014311600210209
https://doi.org/10.1080/014311600210209
https://doi.org/10.1126/science.1244693
https://doi.org/10.1126/science.1244693
https://doi.org/10.1126/science.1248817
https://doi.org/10.1126/science.1248817
https://doi.org/10.4324/9780203873106
https://doi.org/10.4324/9780203873106
https://doi.org/10.1111/j.1365-2486.2006.01135.x
https://doi.org/10.1111/j.1365-2486.2006.01135.x
https://doi.org/10.1016/j.rse.2007.11.013
https://doi.org/10.1016/j.rse.2007.11.013
https://doi.org/10.1016/j.jaridenv.2012.10.020
https://doi.org/10.1016/j.jaridenv.2012.10.020

Herrmann, Stefanie M., Assaf Anyamba, and Compton J. Tucker. 2005. “Recent Trends in
Vegetation Dynamics in the African Sahel and Their Relationship to Climate.” Global
Environmental Change 15 (4): 394-404. https://doi.org/10.1016/j.gloenvcha.2005.08.004.

Herrmann, Stefanie M., and Tene Kwetche Sop. 2016. “The Map Is Not the Territory: How Satellite
Remote Sensing and Ground Evidence Have Re-Shaped the Image of Sahelian
Desertification.” In The End of Desertifiation?, 117—45. Springer Earth System Sciences. Springer,
Berlin, Heidelberg. https://doi.org/10.1007/978-3-642-16014-1 5.

Heumann, B. W, J. W. Seaquist, L.. Eklundh, and P. Jénsson. 2007. “AVHRR Derived Phenological
Change in the Sahel and Soudan, Africa, 1982-2005.” Remote Sensing of Environment 108 (4):
385-92. https://doi.org/10.1016/j.rse.2006.11.025.

Hewitson, B. C., and R. G. Crane. 2002. “Self-Organizing Maps: Applications to Synoptic
Climatology.” Climate Research 22 (1): 13-26. https://doi.org/10.3354/cr022013.

. 20006. “Consensus between GCM Climate Change Projections with Empirical Downscaling:
Precipitation Downscaling over South Africa.” International Journal of Climatdagy 26 (10):
1315-37. https://doi.org/10.1002/joc.1314.

Hickler, Thomas, Lars Eklundh, Jonathan W. Seaquist, Benjamin Smith, Jonas Ard6, Lennart
Olsson, Martin T. Sykes, and Martin Sjéstrom. 2005. “Precipitation Controls Sahel Greening
Trend.” Geophysical Research Letters 32 (21): L21415. https://doi.org/10.1029/2005G1.024370.

Hiernaux, Pierre, Augustine Ayantunde, Adamou Kalilou, Eric Mougin, Bruno Gérard, Frédéric
Baup, Manuela Grippa, and Bakary Djaby. 2009. “Trends in Productivity of Crops, Fallow and
Rangelands in Southwest Niger: Impact of Land Use, Management and Variable Rainfall.”
Journal of Hydrdagy 375 (1-2): 65-77. https://doi.org/10.1016/].jhvdrol.2009.01.032.

Hopper, G. M., and J. W. Mauchly. 1953. “Influence of Programming Techniques on the Design of
Computers.” Proceedings of the IRE 41 (10): 1250-54.
https://doi.org/10.1109 /JRPROC.1953.274276.

Horton, Daniel E., Nathaniel C. Johnson, Deepti Singh, Daniel L. Swain, Bala Rajaratnam, and
Noah S. Diffenbaugh. 2015. “Contribution of Changes in Atmospheric Circulation Patterns to
Extreme Temperature Trends.” Nature 522 (7557): 465—69.
https://doi.org/10.1038 /nature14550.

Hoscilo, A., H. Balzter, E. Bartholomé, M. Boschetti, P. A. Brivio, A. Brink, M. Clerici, and . F.
Pekel. 2015. “A Conceptual Model for Assessing Rainfall and Vegetation Trends in
Sub-Saharan Africa from Satellite Data.” International Journal of Climatdaogy 35 (12): 3582-92.
https://doi.org/10.1002/joc.4231.

Hsu, Chih-Wei, Chih-Chung Chang, and Chih-Jen Lin. 2003. ““A Practical Guide to Support Vector
Classification.” Department of Computer Science, National Taiwan University.
http://www.csie.ntu.edu.tw/~cjlin /papers/guide/guide.pdf.

Huang, C., L. S. Davis, and J. R. G. Townshend. 2002. “An Assessment of Support Vector
Machines for Land Cover Classification.” International Journal of Remote Sensing 23 (4): 725—49.
https://doi.org/10.1080/01431160110040323.

Huber, Silvia, Rasmus Fensholt, and Kjeld Rasmussen. 2011. “Water Availability as the Driver of
Vegetation Dynamics in the African Sahel from 1982 to 2007.” Gldbal and Planetary Change 76
(3): 186-95. https://doi.org/10.1016/j.gloplacha.2011.01.006.

Hulme, M, R Doherty, T Ngara, M New, and D Lister. 2001. “African Climate Change: 1900-2100.”
Climate Research 17: 145—68. https://doi.org/10.3354/cr017145.

112


https://doi.org/10.1016/j.gloenvcha.2005.08.004
https://doi.org/10.1016/j.gloenvcha.2005.08.004
https://doi.org/10.1007/978-3-642-16014-1_5
https://doi.org/10.1007/978-3-642-16014-1_5
https://doi.org/10.1016/j.rse.2006.11.025
https://doi.org/10.1016/j.rse.2006.11.025
https://doi.org/10.3354/cr022013
https://doi.org/10.3354/cr022013
https://doi.org/10.1002/joc.1314
https://doi.org/10.1002/joc.1314
https://doi.org/10.1029/2005GL024370
https://doi.org/10.1029/2005GL024370
https://doi.org/10.1016/j.jhydrol.2009.01.032
https://doi.org/10.1016/j.jhydrol.2009.01.032
https://doi.org/10.1109/JRPROC.1953.274276
https://doi.org/10.1109/JRPROC.1953.274276
https://doi.org/10.1038/nature14550
https://doi.org/10.1038/nature14550
https://doi.org/10.1002/joc.4231
https://doi.org/10.1002/joc.4231
http://www.csie.ntu.edu.tw/~cjlin/papers/guide/guide.pdf
http://www.csie.ntu.edu.tw/~cjlin/papers/guide/guide.pdf
https://doi.org/10.1080/01431160110040323
https://doi.org/10.1080/01431160110040323
https://doi.org/10.1016/j.gloplacha.2011.01.006
https://doi.org/10.1016/j.gloplacha.2011.01.006
https://doi.org/10.3354/cr017145
https://doi.org/10.3354/cr017145

Hulme, Mike. 2001. “Climatic Perspectives on Sahelian Desiccation: 1973—1998.”” Gldbal
Environmental Change, The African Sahel, 11 (1): 19-29.
https://doi.org/10.1016/50959-3780(00)00042-X.

Huntsinger, Lynn. 2016. “The Tragedy of the Common Narrative: Re-Telling Degradation in the
American West.” In The End of Desertification? : Disputing Environmental Change in the Drylands,
edited by Roy Behnke and Michael Mortimore, 293—-323. Springer Earth System Sciences.
Berlin, Heidelberg: Springer Berlin Heidelberg.
https://doi.org/10.1007/978-3-642-16014-1 11.

Hurrell, J. W., M. Visbeck, A. Busalacchi, R. A. Clarke, T. L. Delworth, R. R. Dickson, W. E. Johns,
et al. 2006. “Atlantic Climate Variability and Predictability: A CLIVAR Perspective.” Joarnal of
Climate 19 (20): 5100-5121. https://doi.org/10.1175/JCILI3902.1.

Ibrahim, Maimouna, Guillaume Favreau, Bridget R. Scanlon, Jean Luc Seidel, Mathieu Le Coz,
Jérome Demarty, and Bernard Cappelaere. 2014. “Long-Term Increase in Diffuse Groundwater
Recharge Following Expansion of Rainfed Cultivation in the Sahel, West Africa.” Hydrogedcgy
Jaurnal 22 (6): 1293—-1305. https://doi.org/10.1007/s10040-014-1143-z.

IPCC. 2014. “Africa.” In Climate Change 2014: Impaas, A daptation, and V ulnerahility. Part B: Regional
Asspeds. Contribution of Warking Group II to the Fifth A ssessment Report of the Intergovernmental Pand on
Climate Change.

Jacobson, Andrew, Jasjeet Dhanota, Jessie Godfrey, Hannah Jacobson, Zoe Rossman, Andrew
Stanish, Hannah Walker, and Jason Riggio. 2015. “A Novel Approach to Mapping Land
Conversion Using Google Earth with an Application to East Africa.” Environmental Moddling &
Software 72 (October): 1-9. https://doi.org/10.1016/j.envsoft.2015.06.011.

Jain, Anil K. 2010. “Data Clustering: 50 Years beyond K-Means.” Pattern Reagnition Letters, Award
winning papers from the 19th International Conference on Pattern Recognition (ICPR)19th
International Conference in Pattern Recognition (ICPR), 31 (8): 651-66.
https://doi.org/10.1016/j.patrec.2009.09.011.

Jalloh, Abdulai, Gerald C. Nelson, Timothy S. Thomas, Robert Bellarmin Zougmoré, and Harold
Roy-Macauley. 2013. West A frican A griaulture and Climate Change A Camprehensive A nalysis. Intl
Food Policy Res Inst.

Janicot, S., G. Caniaux, F. Chauvin, G. de Coétlogon, B. Fontaine, N. Hall, G. Kiladis, et al. 2011.
“Intraseasonal Variability of the West African Monsoon.” A tmospheric Sdence Letters 12 (1):
58-60. https://doi.org/10.1002/asl.280.

Janicot, S., C. D. Thorncroft, a. Ali, N. Asencio, G. Berry, O. Bock, B. Boutles, et al. 2008.
“Large-Scale Overview of the Summer Monsoon over West Africa during the AMMA Field
Experiment in 2006.” A nnales Geophysicae 26 (9): 2569-2595.
https://doi.org/10.5194/angeo-26-2569-2008.

Janicot, S., S. Trzaska, and 1. Poccard. 2001. “Summer Sahel-ENSO Teleconnection and Decadal
Time Scale SST Variations.” Climate Dynamics 18 (3—4): 303—20.
https://doi.org/10.1007/s003820100172.

Janicot, Serge, Jean-Philippe Lafore, and Chris Thorncroft. 2011. “THE WEST AFRICAN
MONSOON.” In Wald Sdentific Series on A sia-Padfic Weather and Climate, by Chih-Pei Chang,
Yihui Ding, Ngar-Cheung Lau, Richard H Johnson, Bin Wang, and Tetsuzo Yasunari, 2nd ed.,
5:111-35. WORLD SCIENTIFIC. https://doi.org/10.1142/9789814343411 0008.

Janicot, Serge, Flore Mounier, Nicholas M. J. Hall, Stéphanie Leroux, Benjamin Sultan, and George
N. Kiladis. 2009. “Dynamics of the West African Monsoon. Part IV: Analysis of 25-90-Day

113


https://doi.org/10.1016/S0959-3780(00)00042-X
https://doi.org/10.1016/S0959-3780(00)00042-X
https://doi.org/10.1007/978-3-642-16014-1_11
https://doi.org/10.1007/978-3-642-16014-1_11
https://doi.org/10.1175/JCLI3902.1
https://doi.org/10.1175/JCLI3902.1
https://doi.org/10.1007/s10040-014-1143-z
https://doi.org/10.1007/s10040-014-1143-z
https://doi.org/10.1016/j.envsoft.2015.06.011
https://doi.org/10.1016/j.envsoft.2015.06.011
https://doi.org/10.1016/j.patrec.2009.09.011
https://doi.org/10.1016/j.patrec.2009.09.011
https://doi.org/10.1002/asl.280
https://doi.org/10.1002/asl.280
https://doi.org/10.5194/angeo-26-2569-2008
https://doi.org/10.5194/angeo-26-2569-2008
https://doi.org/10.1007/s003820100172
https://doi.org/10.1007/s003820100172
https://doi.org/10.1142/9789814343411_0008
https://doi.org/10.1142/9789814343411_0008

Variability of Convection and the Role of the Indian Monsoon.” Journal of Climate 22 (6):
1541-65. https://doi.org/10.1175/2008]C1.12314.1.

Jiang, Hong. 2016. “Taking Down the ‘Great Green Wall’: The Science and Policy Discourse of
Desertification and Its Control in China.” In The End of Desertification? : Disputing Environmental
Change in the Drylands, edited by Roy Behnke and Michael Mortimore, 513-36. Springer Earth
System Sciences. Berlin, Heidelberg: Springer Berlin Heidelberg.
https://doi.org/10.1007/978-3-642-16014-1 19.

Joachims, Thorsten. 1998. “Text Categorization with Support Vector Machines: Learning with Many
Relevant Features.” In Madine Learningg ECML-98, edited by Claire Nédellec and Céline
Rouveirol, 1398:137—42. Berlin, Heidelberg: Springer Berlin Heidelberg.
https://doi.org/10.1007 /BFb0026683.

Jobard, I., F. Chopin, J. C. Berges, and R. Roca. 2011. “An Intercomparison of 10-Day Satellite
Precipitation Products during West African Monsoon.” International Journal of Remote Sensing 32
(9): 2353-76. https://doi.org/10.1080/01431161003698286.

Johnson, Nathaniel C. 2013. “How Many ENSO Flavors Can We Distinguish?” Journal of Climate 26
(13): 4816-27. https://doi.org/10.1175/]CLI-D-12-00649.1.

Johnson, Nathaniel C., Steven B. Feldstein, and Bruno Tremblay. 2008. “The Continuum of
Northern Hemisphere Teleconnection Patterns and a Description of the NAO Shift with the
Use of Self-Organizing Maps.” Jaurnal of Climate 21 (23): 6354—71.
https://doi.org/10.1175/2008] C1.I2380.1.

Johnson, Nathaniel C., and Shang-Ping Xie. 2010. “Changes in the Sea Surface Temperature
Threshold for Tropical Convection.” Nature Gesdence 3 (12): 842—45.
https://doi.org/10.1038 /ngeo1008.

Joly, Mathieu, Aurore Voldoire, Hervé Douville, Pascal Terray, and Jean-Frangois Royer. 2007.
“African Monsoon Teleconnections with Tropical SST's: Validation and Evolution in a Set of
IPCC4 Simulations.” Climate Dynamics 29 (1): 1-20.
https://doi.org/10.1007/s00382-006-0215-8.

Justice, C.O., E. Vermote, ].R.G. Townshend, R. DeFries, D.P. Roy, D.K. Hall, V.V. Salomonson,
et al. 1998. “The Moderate Resolution Imaging Spectroradiometer (MODIS): Land Remote
Sensing for Global Change Research.” IEEE Transactions on Geosdence and Remote Sensing 36 (4):
1228-49. https://doi.org/10.1109/36.701075.

Kang, Sarah M., Dargan M. W. Frierson, and Isaac M. Held. 2009. “The Tropical Response to
Extratropical Thermal Forcing in an Idealized GCM: The Importance of Radiative Feedbacks
and Convective Parameterization.” Journal of the A tmospheric Sdenaes 66 (9): 2812-27.
https://doi.org/10.1175/2009] AS2924.1.

Kapos, Valerie. 2017. “Seeing the Forest through the Trees.” Sdence 355 (6323): 347.
https://doi.org/10.1126/science.aal5120.

Kaptué Tchuenté, Armel Thibaut, Jean-Louis Roujean, and Steven M. De Jong. 2011. “Comparison
and Relative Quality Assessment of the GLC2000, GLOBCOVER, MODIS and
ECOCLIMAP Land Cover Data Sets at the African Continental Scale.” International Journal of
Applied Earth Observation and Geanformation 13 (2): 207-19.
https://doi.org/10.1016/}.jag.2010.11.005.

Kaptue Tchuente, Armel Thibaut, Jean-Louis Roujean, and Stéphanie Faroux. 2010.
“ECOCLIMAP-II: An Ecosystem Classification and Land Surface Parameters Database of
Western Africa at 1km Resolution for the African Monsoon Multidisciplinary Analysis

114


https://doi.org/10.1175/2008JCLI2314.1
https://doi.org/10.1175/2008JCLI2314.1
https://doi.org/10.1007/978-3-642-16014-1_19
https://doi.org/10.1007/978-3-642-16014-1_19
https://doi.org/10.1007/BFb0026683
https://doi.org/10.1007/BFb0026683
https://doi.org/10.1080/01431161003698286
https://doi.org/10.1080/01431161003698286
https://doi.org/10.1175/JCLI-D-12-00649.1
https://doi.org/10.1175/JCLI-D-12-00649.1
https://doi.org/10.1175/2008JCLI2380.1
https://doi.org/10.1175/2008JCLI2380.1
https://doi.org/10.1038/ngeo1008
https://doi.org/10.1038/ngeo1008
https://doi.org/10.1007/s00382-006-0215-8
https://doi.org/10.1007/s00382-006-0215-8
https://doi.org/10.1109/36.701075
https://doi.org/10.1109/36.701075
https://doi.org/10.1175/2009JAS2924.1
https://doi.org/10.1175/2009JAS2924.1
https://doi.org/10.1126/science.aal5120
https://doi.org/10.1126/science.aal5120
https://doi.org/10.1016/j.jag.2010.11.005
https://doi.org/10.1016/j.jag.2010.11.005

(AMMA) Project.” Remote Sensing of Environment 114 (5): 961-976.
https://doi.org/10.1016/j.rse.2009.12.008.

Katz, RW, and MH Glantz. 1986. “Anatomy of a Rainfall Index.” Manthly Weather Review.
http://journals.ametsoc.org/doi/abs/10.1175/1520-0493(1986)114<0764:AOARI>2.0.CO:2.

Kavzoglu, T., and I. Colkesen. 2009. “A Kernel Functions Analysis for Support Vector Machines for
Land Cover Classification.” International Journal of A pplied Earth Observation and Geanformation 11
(5): 352-59. https://doi.org/10.1016/.jag.2009.06.002.

Kéfi, Sonia, Max Rietkerk, Concepcion L. Alados, Yolanda Pueyo, Vasilios P. Papanastasis, Ahmed
ElAich, and Peter C. de Ruiter. 2007. “Spatial Vegetation Patterns and Imminent
Desertification in Mediterranean Arid Ecosystems.” Nature 449 (7159): 213-17.
https://doi.org/10.1038 /nature06111.

Kerr, Richard A. 2003. “Warming Indian Ocean Wringing Moisture From the Sahel.” Sdence 302
(5643): 210-11. https://doi.org/10.1126/science.302.5643.210a.

Klein, Cornelia. 2016. “Interactions of Regional Atmospheric and I.and Surface Processes with the
West African Monsoon System.”
https://opus.bibliothek.uni-augsburg.de/opus4/frontdoor/index/index/docld/3931.

Knauer, Kim, Ursula Gessner, Stefan Dech, and Claudia Kuenzer. 2014. “Remote Sensing of
Vegetation Dynamics in West Africa.” International Journal of Remote Sensing 35 (17): 6357—6396.
https://doi.org/10.1080/01431161.2014.954062.

Knight, Jetf R., Chris K. Folland, and Adam a. Scaife. 2006. “Climate Impacts of the Atlantic
Multidecadal Oscillation.” Gegphysical Research Letters 33 (17): L17706.
https://doi.org/10.1029 /2006G1.026242.

Khnippertz, Peter, and Andreas H. Fink. 2008. “Dry-Season Precipitation in Tropical West Africa
and Its Relation to Forcing from the Extratropics.” Manthly Weather Review 136 (9): 3579-96.
https://doi.org/10.1175/2008 MWR2295.1.

Knippertz, Peter, and Jonathan E. Martin. 2005. “Tropical Plumes and Extreme Precipitation in
Subtropical and Tropical West Africa.” Quarterly Journal of the Royal Meteardagical Sadety 131 (610):
2337-65. https://doi.org/10.1256/qj.04.148.

Kohonen, Teuvo. 2001. SdfOrganizing Maps. Vol. 30. Springer Series in Information Sciences. Berlin,
Heidelberg: Springer Berlin Heidelberg. http://link.springer.com/10.1007/978-3-642-56927-2.

Koster, Randal D., Paul A. Dirmeyer, Zhichang Guo, Gordon Bonan, Edmond Chan, Peter Cox, C.
T. Gordon, et al. 2004. “Regions of Strong Coupling Between Soil Moisture and Precipitation.”
Sdence 305 (5687): 1138—40. https://doi.org/10.1126/science.1100217.

Kummerow, Christian, William Barnes, Toshiaki Kozu, James Shiue, and Joanne Simpson. 1998.
“The Tropical Rainfall Measuring Mission (TRMM) Sensor Package.” Journal of A tmospheric and
Ocanic Tedindagy 15 (3): 809-17.
https://doi.org/10.1175/1520-0426(1998)015<0809: TTRMMT>2.0.CO;2.

Kunstmann, Harald, and Gerlinde Jung. 2007. “Influence of Soil-moisture and Land Use Change
on Precipitation in the Volta Basin of West Africa.” International Journal of River Basin Management
5 (1): 9-16. https://doi.org/10.1080/15715124.2007.9635301.

Kushnir, Yochanan. 1994. “Interdecadal Variations in North Atlantic Sea Surface Temperature and
Associated Atmospheric Conditions.” Journal of Climate 7 (1): 141-57.
https://doi.org/10.1175/1520-0442(1994)007<0141:IVINAS>2.0.CO:2.

Lafore, Jean Philippe, Michela Biasutti, Peter Knippertz, and Christopher Taylor. 2016. “The West
African Monsoon.” In The Global Mansoon System, Volume 9:35—49. World Scientific Series on

115


https://doi.org/10.1016/j.rse.2009.12.008
https://doi.org/10.1016/j.rse.2009.12.008
http://journals.ametsoc.org/doi/abs/10.1175/1520-0493(1986)114%3C0764:AOARI%3E2.0.CO;2
http://journals.ametsoc.org/doi/abs/10.1175/1520-0493(1986)114%3C0764:AOARI%3E2.0.CO;2
https://doi.org/10.1016/j.jag.2009.06.002
https://doi.org/10.1016/j.jag.2009.06.002
https://doi.org/10.1038/nature06111
https://doi.org/10.1038/nature06111
https://doi.org/10.1126/science.302.5643.210a
https://doi.org/10.1126/science.302.5643.210a
https://opus.bibliothek.uni-augsburg.de/opus4/frontdoor/index/index/docId/3931
https://opus.bibliothek.uni-augsburg.de/opus4/frontdoor/index/index/docId/3931
https://doi.org/10.1080/01431161.2014.954062
https://doi.org/10.1080/01431161.2014.954062
https://doi.org/10.1029/2006GL026242
https://doi.org/10.1029/2006GL026242
https://doi.org/10.1175/2008MWR2295.1
https://doi.org/10.1175/2008MWR2295.1
https://doi.org/10.1256/qj.04.148
https://doi.org/10.1256/qj.04.148
http://link.springer.com/10.1007/978-3-642-56927-2
http://link.springer.com/10.1007/978-3-642-56927-2
https://doi.org/10.1126/science.1100217
https://doi.org/10.1126/science.1100217
https://doi.org/10.1175/1520-0426(1998)015%3C0809:TTRMMT%3E2.0.CO;2
https://doi.org/10.1175/1520-0426(1998)015%3C0809:TTRMMT%3E2.0.CO;2
https://doi.org/10.1080/15715124.2007.9635301
https://doi.org/10.1080/15715124.2007.9635301
https://doi.org/10.1175/1520-0442(1994)007%3C0141:IVINAS%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(1994)007%3C0141:IVINAS%3E2.0.CO;2

Asia-Pacific Weather and Climate, Volume 9. World Scientific.
https://doi.org/10.1142/9789813200913 0004.

Laing, Arlene G., J. Michael Fritsch, and Andrew J. Negri. 1999. “Contribution of Mesoscale
Convective Complexes to Rainfall in Sahelian Africa: Estimates from Geostationary Infrared
and Passive Microwave Data.” Journal of A pplied Meteardgy 38 (7): 957—64.
https://doi.org/10.1175/1520-0450(1999)038<0957:COMCCT>2.0.CO:2.

Lamb, P. J. 1978. “Large-Scale Tropical Atlantic Surface Circulation Patterns Associated with
Subsaharan Weather Anomalies.” Tdlus 30 (3): 240-51.
https://doi.org/10.3402/tellusa.v30i3.10338.

Lamb, Peter J. 1978. “Case Studies of Tropical Atlantic Surface Circulation Patterns During Recent
Sub-Saharan Weather Anomalies: 1967 and 1968.” Manthly Weather Review 106 (4): 482-91.
https://doi.org/10.1175/1520-0493(1978)106<0482: CSOTAS>2.0.CO;2.

. 1982. “Persistence of Subsaharan Drought.” Nature 299 (5878): 46—48.
https://doi.org/10.1038/29904640.

Lambin, Eric F. 1997. “Modelling and Monitoring Land-Cover Change Processes in Tropical
Regions.” Progress in Physical Geagraphy 21 (3): 375-93.
https://doi.org/10.1177/030913339702100303.

Lambin, Eric F., Sarah Ann Lise D’haen, Ole Mertz, Jonas Ostergaard Nielsen, and Kjeld
Rasmussen. 2014. “Scenarios on Future L.and Changes in the West African Sahel.” Geoprafisk
Tidssk rift-Danish Journal of Geography 114 (1): 76-83.
https://doi.org/10.1080/00167223.2013.878229.

Lambin, Eric F., and Daniele Ehtlich. 1997. “Land-Cover Changes in Sub-Saharan Africa
(1982-1991): Application of a Change Index Based on Remotely Sensed Surface Temperature
and Vegetation Indices at a Continental Scale.” Remote Sensing of Environment 61 (2): 181-200.
https://doi.org/10.1016/50034-4257(97)00001-1.

Lambin, Eric F., and Helmut Geist, eds. 2006. Land-Use and Land-Cover Change: Local Proaesses and
Gldbal Impads. Global Change, X-9122-6100-3. Berlin; INew York: Springer.

Lambin, Eric F., Helmut J. Geist, and Erika Lepers. 2003. “Dynamics of Land-Use and Land-Cover
Change in Tropical Regions.” A nnual Review of Environment and Resouraes 28 (1): 205-241.
https://doi.org/10.1146/annurev.energy.28.050302.105459.

Lambin, Eric F., and Alan H. Strahlers. 1994. “Change-Vector Analysis in Multitemporal Space: A
Tool to Detect and Categorize Land-Cover Change Processes Using High
Temporal-Resolution Satellite Data.” Remote Sensing of Environment 48 (2): 231—44.
https://doi.org/10.1016/0034-4257(94)90144-9.

Lambin, Eric F., B. L. Turner, Helmut J. Geist, Samuel B. Agbola, Arild Angelsen, John W. Bruce,
Oliver T. Coomes, et al. 2001. “The Causes of Land-Use and Land-Cover Change: Moving
beyond the Myths.” Gldbal Environmental Change 11 (4): 261-69.
https://doi.org/10.1016/50959-3780(01)00007-3.

Larsen, Laurel, Chris Thomas, Maarten Eppinga, and Tom Coulthard. 2014. “Exploratory Modeling:
Extracting Causality From Complexity.” Eos, Transadions A merican Geophysical Union 95 (32):
285-80. https://doi.org/10.1002/2014E0320001.

Latour, Bruno. 1988. “A Relativistic Account of Einstein’s Relativity.” Sodal Studies of Sdence 18 (1):
3—44. https://doi.org/10.1177/030631288018001001.

Lauer, D.T., S.A. Morain, and V.V. Salomonson. 1997. “The Landsat Program: Its Origins,
Evolution, and Impacts.” Photogrammetric Engineering and Remote Sensing 63 (7): 8.

116


https://doi.org/10.1142/9789813200913_0004
https://doi.org/10.1142/9789813200913_0004
https://doi.org/10.1175/1520-0450(1999)038%3C0957:COMCCT%3E2.0.CO;2
https://doi.org/10.1175/1520-0450(1999)038%3C0957:COMCCT%3E2.0.CO;2
https://doi.org/10.3402/tellusa.v30i3.10338
https://doi.org/10.3402/tellusa.v30i3.10338
https://doi.org/10.1175/1520-0493(1978)106%3C0482:CSOTAS%3E2.0.CO;2
https://doi.org/10.1175/1520-0493(1978)106%3C0482:CSOTAS%3E2.0.CO;2
https://doi.org/10.1038/299046a0
https://doi.org/10.1038/299046a0
https://doi.org/10.1177/030913339702100303
https://doi.org/10.1177/030913339702100303
https://doi.org/10.1080/00167223.2013.878229
https://doi.org/10.1080/00167223.2013.878229
https://doi.org/10.1016/S0034-4257(97)00001-1
https://doi.org/10.1016/S0034-4257(97)00001-1
https://doi.org/10.1146/annurev.energy.28.050302.105459
https://doi.org/10.1146/annurev.energy.28.050302.105459
https://doi.org/10.1016/0034-4257(94)90144-9
https://doi.org/10.1016/0034-4257(94)90144-9
https://doi.org/10.1016/S0959-3780(01)00007-3
https://doi.org/10.1016/S0959-3780(01)00007-3
https://doi.org/10.1002/2014EO320001
https://doi.org/10.1002/2014EO320001
https://doi.org/10.1177/030631288018001001
https://doi.org/10.1177/030631288018001001

Laux, P., H. Kunstmann, and A. Bardossy. 2008. “Predicting the Regional Onset of the Rainy
Season in West Africa.” International Journal of Climatdogy 28 (3): 32942,
https://doi.org/10.1002/joc.1542.

Lavauden, L. 1927. “Les Foréts Du Sahara (Extrait de La Revue Des Faux et Foréts).” Revue Eaux et
Foréts.

Leach, Melissa, and Robin Mearns, eds. 1996. The Lie of the Land: Challenging Reaived Wisdam on the
Afrian Environment. African Issues. Oxford: Portsmouth, N.H: International African Institute in
assocation with James Currey; Heinemann.

Leavitt, Henrietta S., and Edward C. Pickering. 1912. “Periods of 25 Variable Stars in the Small
Magellanic Cloud.” Harvard Cdlege Observatary Ciraalar 173 (March): 1-3.

Lebel, T\, D. J. Parker, C. Flamant, B. Bourles, B. Marticorena, E. Mougin, C. Peugeot, et al. 2010.
“The AMMA Field Campaigns: Multiscale and Multidisciplinary Observations in the West
African Region.” Quarterly Journal of the Royal Meteardagical Sodety 136 (S1): 8-33.
https://doi.org/10.1002/qj.486.

Lebel, T., J.D. Taupin, and N. D’Amato. 1997. “Rainfall Monitoring during HAPEX-Sahel. 1.
General Rainfall Conditions and Climatology” 189: 74-96.

Lebel, Thierry, and Abdou Ali. 2009. “Recent Trends in the Central and Western Sahel Rainfall
Regime (1990-2007).” Journal of Hydrdagy 375 (1-2): 52—64.
https://doi.org/10.1016/j.jhydrol.2008.11.030.

Lebel, Thierry, Bernard Cappelaere, Sylvie Galle, Niall Hanan, Laurent Kergoat, Samuel Levis,
Baxter Vieux, et al. 2009. “AMMA-CATCH Studies in the Sahelian Region of West-Africa: An
Overview.” Journal of Hydrdagy 375 (1-2): 3—13. https://doi.org/10.1016/].jhvdrol.2009.03.020.

Lebel, Thierry, Arona Diedhiou, and Henri Laurent. 2003. “Seasonal Cycle and Interannual
Variability of the Sahelian Rainfall at Hydrological Scales.” Journal of Geophysical Research:

A tmospheres 108 (D8): 8389. https://doi.org/10.1029/2001]D001580.

Lebel, Thierry, Douglas J. Parker, Cyrille Flamant, Hartmut Holler, Jan Polcher, Jean-Luc
Redelsperger, Chris Thorncroft, et al. 2011. “The AMMA Field Campaigns: Accomplishments
and Lessons Learned.” A tmospheric Sdence Letters 12 (1): 123-28.
https://doi.org/10.1002/asl.323.

Leblanc, Marc J., Guillaume Favreau, Sylvain Massuel, Sarah O. Tweed, Maud Loireau, and Bernard
Cappelaere. 2008. “Land Clearance and Hydrological Change in the Sahel: SW Niger.” Gldbal
and Planetary Change 61 (3—4): 135-150. https://doi.org/10.1016/j.gloplacha.2007.08.011.

Leduc, C, G Favreau, and P Schroeter. 2001. “Long-Term Rise in a Sahelian Water-Table: The
Continental Terminal in South-West Niger.” Journal of Hydrdagy 243 (1-2): 43-54.
https://doi.org/10.1016/S0022-1694(00)00403-0.

Left Coast Political Ecology Network. 2018. “LCPE 2018 Workshop: Political Ecology in the
Present Moment.” January 26, 2018. http://leftcoastpoliticalecology.org/.

Leinen, Margaret. 2016. “AGU Board Votes to Continue Relationship with ExxonMobil and to
Accept Sponsorship Support - From The Prow - AGU Blogosphere.” AGU. Fram the Prow
(blog). April 14, 2016.
https://fromtheprow.agu.org/agu-board-votes-continue-relationship-exxonmobil-accept-spons
orship-support/.

Lepers, Erika, Eric F. Lambin, Anthony C. Janetos, Ruth DeFries, Frederic Achard, Navin
Ramankutty, and Robert J. Scholes. 2005. “A Synthesis of Information on Rapid Land-Cover

117


https://doi.org/10.1002/joc.1542
https://doi.org/10.1002/joc.1542
https://doi.org/10.1002/qj.486
https://doi.org/10.1002/qj.486
https://doi.org/10.1016/j.jhydrol.2008.11.030
https://doi.org/10.1016/j.jhydrol.2008.11.030
https://doi.org/10.1016/j.jhydrol.2009.03.020
https://doi.org/10.1016/j.jhydrol.2009.03.020
https://doi.org/10.1029/2001JD001580
https://doi.org/10.1029/2001JD001580
https://doi.org/10.1002/asl.323
https://doi.org/10.1002/asl.323
https://doi.org/10.1016/j.gloplacha.2007.08.011
https://doi.org/10.1016/j.gloplacha.2007.08.011
https://doi.org/10.1016/S0022-1694(00)00403-0
https://doi.org/10.1016/S0022-1694(00)00403-0
http://leftcoastpoliticalecology.org/
http://leftcoastpoliticalecology.org/
https://fromtheprow.agu.org/agu-board-votes-continue-relationship-exxonmobil-accept-sponsorship-support/
https://fromtheprow.agu.org/agu-board-votes-continue-relationship-exxonmobil-accept-sponsorship-support/
https://fromtheprow.agu.org/agu-board-votes-continue-relationship-exxonmobil-accept-sponsorship-support/

Change for the Period 1981-2000.” BicSdence 55 (2): 115-24.
https://doi.org/10.1641/0006-3568(2005)055[0115:ASOIOR]2.0.CO;2.

Leroux, Louise, Audrey Jolivot, Agnes Bégué, Danny Lo Seen, and Bernardin Zoungrana. 2014.
“How Reliable Is the MODIS Land Cover Product for Crop Mapping Sub-Saharan Agricultural
Landscapes?” Remote Sensing 6 (9): 8541—64. https://doi.org/10.3390/1s6098541.

Lhermitte, S., J. Verbesselt, W. W. Verstraeten, and P. Coppin. 2011. “A Comparison of Time Series
Similarity Measures for Classification and Change Detection of Ecosystem Dynamics.” Remote
Sensing of Environment 115 (12): 3129-52. https://doi.org/10.1016/j.rse.2011.06.020.

Li, K. Y., M. T. Coe, N. Ramankutty, and R. De Jong. 2007. “Modeling the Hydrological Impact of
Land-Use Change in West Africa.” Journal of Hydrdogy 337 (3): 258—68.
https://doi.org/10.1016/j.jhydrol.2007.01.038.

Linderman, Marc, Pedram Rowhani, David Benz, Suzanne Serneels, and Eric F. Lambin. 2005.
“Land-Cover Change and Vegetation Dynamics across Africa.” Journal of Geophysical Researdh:
Atmospheres 110 (D12): D12104. https://doi.org/10.1029/2004]1D005521.

Liu, Jianguo, Thomas Dietz, Stephen R. Carpenter, Marina Alberti, Carl Folke, Emilio Moran, Alice
N. Pell, et al. 2007. “Complexity of Coupled Human and Natural Systems.” Sdence 317 (5844):
1513-16. https://doi.org/10.1126/science.1144004.

Liu, Yonggang, Robert H. Weisberg, and Christopher N. K. Mooers. 2006. “Performance
Evaluation of the Self-Organizing Map for Feature Extraction.” Journal of Geophysical Research:
Ocans 111 (C5): C05018. https://doi.org/10.1029/2005]CO03117.

Lodi News - Sentinel. 1957. “Miniature Bay: Army Scale Model Seen By Mayor.” Lodi News - Sentind,
June 15, 1957, 6420 edition.
https://news.google.com/newspapers?id=rulUzAAAAIBA]&sjid=t-4HAAAAIBAJ&pg=3763
%2C5416080.

Lodoun, Tiganadaba, Alessandra Giannini, Pierre Sibiry Traore, Leopold Some, Moussa Sanon,
Michel Vaksmann, and Jeanne Millogo Rasolodimby. 2013. “Changes in Seasonal Descriptors
of Precipitation in Burkina Faso Associated with Late 20th Century Drought and Recovery in
West Africa.” Enviranmental Deveopment 5: 96—108.

Lohou, F., L. Kergoat, F. Guichard, A. Boone, B. Cappelaere, ].-M. Cohard, J. Demarty, et al. 2014.
“Surface Response to Rain Events throughout the West African Monsoon.” A tmos. Chem. Phys.
14 (8): 3883-98. https://doi.org/10.5194/acp-14-3883-2014.

Long, Marybeth, Dara Entekhabi, and Sharon E. Nicholson. 2000. “Interannual Variability in
Rainfall, Water Vapor Flux, and Vertical Motion over West Africa.” Journal of Climate 13 (21):
3827—41. https://doi.org/10.1175/1520-0442(2000)013<3827:IVIRWV>2.0.CO;2.

Lorenz, Edward N. 1969. “Atmospheric Predictability as Revealed by Naturally Occurring
Analogues.” Journal of the A tmospheric Sdences 26 (4): 636—640.

Los, S. O., G. P. Weedon, P. R. J. North, J. D. Kaduk, C. M. Taylor, and P. M. Cox. 2006. “An
Observation-Based Estimate of the Strength of Rainfall-Vegetation Interactions in the Sahel.”
Geophysical Research Letters 33 (16): L16402. https://doi.org/10.1029/2006GL027065.

Losada, T., B. Rodriguez-Fonseca, 1. Polo, S. Janicot, S. Gervois, F. Chauvin, and P. Ruti. 2010.
“Tropical Response to the Atlantic Equatorial Mode: AGCM Multimodel Approach.” Climate
Dynamics 35 (1): 45-52. https://doi.org/10.1007 /s00382-009-0624-6.

Louppe, Gilles, and Peter Prettenhofer. 2013. “Scikit-Learn - How Are Feature_importances in
RandomForestClassifier Determined? - Stack Overflow.” April 4, 2013.

118


https://doi.org/10.1641/0006-3568(2005)055[0115:ASOIOR]2.0.CO;2
https://doi.org/10.1641/0006-3568(2005)055[0115:ASOIOR]2.0.CO;2
https://doi.org/10.3390/rs6098541
https://doi.org/10.3390/rs6098541
https://doi.org/10.1016/j.rse.2011.06.020
https://doi.org/10.1016/j.rse.2011.06.020
https://doi.org/10.1016/j.jhydrol.2007.01.038
https://doi.org/10.1016/j.jhydrol.2007.01.038
https://doi.org/10.1029/2004JD005521
https://doi.org/10.1029/2004JD005521
https://doi.org/10.1126/science.1144004
https://doi.org/10.1126/science.1144004
https://doi.org/10.1029/2005JC003117
https://doi.org/10.1029/2005JC003117
https://news.google.com/newspapers?id=ruUzAAAAIBAJ&sjid=t-4HAAAAIBAJ&pg=3763%2C5416080
https://news.google.com/newspapers?id=ruUzAAAAIBAJ&sjid=t-4HAAAAIBAJ&pg=3763%2C5416080
https://news.google.com/newspapers?id=ruUzAAAAIBAJ&sjid=t-4HAAAAIBAJ&pg=3763%2C5416080
https://doi.org/10.5194/acp-14-3883-2014
https://doi.org/10.5194/acp-14-3883-2014
https://doi.org/10.1175/1520-0442(2000)013%3C3827:IVIRWV%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(2000)013%3C3827:IVIRWV%3E2.0.CO;2
https://doi.org/10.1029/2006GL027065
https://doi.org/10.1029/2006GL027065
https://doi.org/10.1007/s00382-009-0624-6
https://doi.org/10.1007/s00382-009-0624-6
https://stackoverflow.com/questions/15810339/how-are-feature-importances-in-randomforestclassifier-determined

https://stackoverflow.com/questions/15810339 /how-are-feature-importances-in-randomfores

tclassifier-determined.

Louvet, S., B. Fontaine, and P. Roucou. 2003. “Active Phases and Pauses during the Installation of
the West African Monsoon through 5-Day CMAP Rainfall Data (1979-2001).” Gecphysical
Research Letters 30 (24). https://doi.org/10.1029/2003G1018058.

Lovelace, Ada. 1843. “Notes on L. Menabrea’s ‘Sketch of the Analytical Engine Invented by Charles
Babbage, Esq.”” Tayla’s Sdentific Memairs 3.

Lu, Jian, and Thomas L. Delworth. 2005. “Oceanic Forcing of the Late 20th Century Sahel
Drought.” Gegphysical Research Letters 32 (22): 1.22706. https://doi.org/10.1029/2005G1.023316.

Ly, Mouhamed, Seydou B. Traore, Agali Alhassane, Benoit Sarr, and Ly Mouhamed. 2013.
“Evolution of Some Observed Climate Extremes in the West African Sahel.” Weather and
Climate Extremes 1 (September): 19-25. https://doi.org/10.1016/j.wace.2013.07.005.

Lyon, Bradfield, and David G. DeWitt. 2012. “A Recent and Abrupt Decline in the East African
Long Rains.” Geophysical Research Letters 39 (2): 1.02702.
https://doi.org/10.1029/2011GI1.050337.

Mack, Pamela Etter. 1990. Viewing the Earth: The Sodal Construdion of the .andsat Satdlite System. MIT
Press.

Maessen, Collin. 2016. “AGU Fall Meeting Day 1 - Education And Science Outreach.” Real Skeptic.
December 15, 2016.
https://www.realskeptic.com/2016/12/15/agu-fall-meeting-day-1-education-science-outreach
L.

Mahe, G., G. Lienou, L. Descroix, F. Bamba, J. E. Paturel, a. Laraque, M. Meddi, et al. 2013. “The
Rivers of Africa: Witness of Climate Change and Human Impact on the Environment.”
Hydrdagaal Processes 27 (15): 2105-2114. https://doi.org/10.1002/hyp.9813.

Mahé, Gil, and Alain Gioda. 2009. “Les données climatiques devraient devenir publiques.” Le
Madefr, December 21, 2009, sec. Idées.

Mahe, Gil, Sabine Girard, Mark New, Jean-Emmanuel Paturel, Agnes Cres, Alain Dezetter, Claudine
Dieulin, Jean-Francois Boyer, Nathalie Rouche, and Eric Servat. 2008. “Comparing Available
Rainfall Gridded Datasets for West Africa and the Impact on Rainfall-Runoff Modelling
Results, the Case of Burkina-Faso.” Water SA 34 (5): 529-36.

Mahé, Gil, and Jean-Emmanuel Paturel. 2009. “1896—2006 Sahelian Annual Rainfall Variability and
Runoff Increase of Sahelian Rivers.” Camptes Rendus Gessdenae 341 (7): 538-540.
https://doi.org/10.1016/j.crte.2009.05.002.

Mahe, Gil, Jean-Emmanuel Paturel, Eric Servat, Declan Conway, and Alain Dezetter. 2005. “The
Impact of Land Use Change on Soil Water Holding Capacity and River Flow Modelling in the
Nakambe River, Burkina-Faso.” Journal of Hydrdagy 300 (1—4): 33—43.
https://doi.org/10.1016/4.jhydrol.2004.04.028.

Maidment, Ross, Emily Black, and Matt Young. 2017. “TAMSAT Daily Rainfall Estimates (Version
3.0),” no. 10.17864/1947.112. https://doi.org/10.17864/1947.112.

Maidment, Ross 1., David Grimes, Richard P. Allan, Elena Tarnavsky, Marc Stringer, Tim Hewison,
Rob Roebeling, and Emily Black. 2014. “The 30 Year TAMSAT African Rainfall Climatology
And Time Series (TARCAT) Data Set.” Journal of Gegphysical Researdh: A tmospheres 119 (18):
2014JD021927. https://doi.org/10.1002/2014]1D021927.

119


https://stackoverflow.com/questions/15810339/how-are-feature-importances-in-randomforestclassifier-determined
https://stackoverflow.com/questions/15810339/how-are-feature-importances-in-randomforestclassifier-determined
https://doi.org/10.1029/2003GL018058
https://doi.org/10.1029/2003GL018058
https://doi.org/10.1029/2005GL023316
https://doi.org/10.1029/2005GL023316
https://doi.org/10.1016/j.wace.2013.07.005
https://doi.org/10.1016/j.wace.2013.07.005
https://doi.org/10.1029/2011GL050337
https://doi.org/10.1029/2011GL050337
https://www.realskeptic.com/2016/12/15/agu-fall-meeting-day-1-education-science-outreach/
https://www.realskeptic.com/2016/12/15/agu-fall-meeting-day-1-education-science-outreach/
https://www.realskeptic.com/2016/12/15/agu-fall-meeting-day-1-education-science-outreach/
https://doi.org/10.1002/hyp.9813
https://doi.org/10.1002/hyp.9813
https://www.lemonde.fr/idees/article/2009/12/21/les-donnees-climatiques-devraient-devenir-publiques-par-gil-mahe-et-alain-gioda_1283739_3232.html
https://www.lemonde.fr/idees/article/2009/12/21/les-donnees-climatiques-devraient-devenir-publiques-par-gil-mahe-et-alain-gioda_1283739_3232.html
https://www.lemonde.fr/idees/article/2009/12/21/les-donnees-climatiques-devraient-devenir-publiques-par-gil-mahe-et-alain-gioda_1283739_3232.html
https://doi.org/10.1016/j.crte.2009.05.002
https://doi.org/10.1016/j.crte.2009.05.002
https://doi.org/10.1016/j.jhydrol.2004.04.028
https://doi.org/10.1016/j.jhydrol.2004.04.028
https://doi.org/10.17864/1947.112
https://doi.org/10.17864/1947.112
https://doi.org/10.1002/2014JD021927
https://doi.org/10.1002/2014JD021927

Maidment, Ross 1., David Grimes, Emily Black, Elena Tarnavsky, Matthew Young, Helen Greatrex,
Richard P. Allan, et al. 2017. “A New, Long-Term Daily Satellite-Based Rainfall Dataset for
Operational Monitoring in Africa.”” Sdentific Data 4 (May): 170063.
https://doi.org/10.1038 /sdata.2017.63.

Maloney, Eric D., and Jeffrey Shaman. 2008. “Intraseasonal Variability of the West African
Monsoon and Atlantic ITCZ.” Journal of Climate 21 (12): 2898-2918.
https://doi.org/10.1175/2007]JC1.11999.1.

Mann, Michael E., and Kerry A. Emanuel. 2006. “Atlantic Hurricane Trends Linked to Climate
Change.” Ecs, Transactions A merican Geophysical Union 87 (24): 233—41.
https://doi.org/10.1029 /2006 EO240001.

Mann, Michael, Naomi Oreskes, and Kerry Emanuel. 2016. “AGU Should Sever Its Ties with
ExxonMobil.” Ecs, October. https://doi.org/10.1029/2016E0O061455.

Manson, Steven M. 2001. “Simplifying Complexity: A Review of Complexity Theory.” Geoforum 32
(3): 405—414. https://doi.org/10.1016/S0016-7185(00)00035-X.

Maranz, Steven. 2009. “Tree Mortality in the African Sahel Indicates an Anthropogenic Ecosystem
Displaced by Climate Change.” Journal of Bicgeography 36 (6): 1181-93.
https://doi.org/10.1111/§.1365-2699.2008.02081 x.

Markham, B. L., J. C. Storey, D. L. Williams, and J. R. Irons. 2004. “Landsat Sensor Performance:
History and Current Status.” IEEE Transactions on Geosdence and Remote Sensing 42 (12): 2691-94.
https://doi.org/10.1109/TGRS.2004.840720.

Marsham, John H., Nick S. Dixon, Luis Garcia-Carreras, Grenville M. S. Lister, Douglas J. Parker,
Peter Knippertz, and Cathryn E. Birch. 2013. “The Role of Moist Convection in the West
African Monsoon System: Insights from Continental-Scale Convection-Permitting
Simulations.” Gecphysical Research Letters 40 (9): 1843—49. https://doi.org/10.1002/¢11.50347.

Marteau, Romain, Vincent Moron, and Nathalie Philippon. 2009. “Spatial Coherence of Monsoon
Onset over Western and Central Sahel (1950-2000).” Journal of Climate 22 (5): 1313-24.
https://doi.org/10.1175/2008] C1.12383.1.

Martin, G. M., P. Peyrillé, R. Roehrig, C. Rio, M. Caian, G. Bellon, F. Codron, ].-P. Lafore, D. E.
Poan, and A. Idelkadi. 2017. “Understanding the West African Monsoon from the Analysis of
Diabatic Heating Distributions as Simulated by Climate Models.” Journal of A dvances in Modding
Earth Systers 9 (1): 239-70. https://doi.org/10.1002/2016MS000697.

Mathon, Vincent, Henri Laurent, and Thierry Lebel. 2002. “Mesoscale Convective System Rainfall in
the Sahel.” Journal of A pplied Meteardagy 41 (11): 1081-92.
https://doi.org/10.1175/1520-0450(2002)041<1081:MCSRIT>2.0.CO;2.

Mayaux, Philippe, Etienne Bartholomé, Steffen Fritz, and Alan Belward. 2004. “A New Land-Cover
Map of Africa for the Year 2000.” Journal of Biogecgraphy 31 (6): 861-77.
https://doi.org/10.1111/7.1365-2699.2004.01073.x.

Mayaux, Philippe, Etienne Bartholomé, Michel Massart, Christelle Vancutsem, Ana Cabral, A
Nonguierma, O Diallo, et al. 2013. “A LAND COVER MAP OF AFRICA / CARTE DE
I>OCCUPATION DU SOL DE I’AFRIQUE,” November.

Mayaux, Philippe, Jean-Frangois Pekel, Baudouin Desclée, Francois Donnay, Andrea Lupi, Frédéric
Achard, Marco Clerici, et al. 2013. “State and Evolution of the African Rainforests between
1990 and 2010.” Phil. Trans. R. Soc B 368 (1625): 20120300.
https://doi.org/10.1098 /rstb.2012.0300.

120


https://doi.org/10.1038/sdata.2017.63
https://doi.org/10.1038/sdata.2017.63
https://doi.org/10.1175/2007JCLI1999.1
https://doi.org/10.1175/2007JCLI1999.1
https://doi.org/10.1029/2006EO240001
https://doi.org/10.1029/2006EO240001
https://doi.org/10.1029/2016EO061455
https://doi.org/10.1029/2016EO061455
https://doi.org/10.1016/S0016-7185(00)00035-X
https://doi.org/10.1016/S0016-7185(00)00035-X
https://doi.org/10.1111/j.1365-2699.2008.02081.x
https://doi.org/10.1111/j.1365-2699.2008.02081.x
https://doi.org/10.1109/TGRS.2004.840720
https://doi.org/10.1109/TGRS.2004.840720
https://doi.org/10.1002/grl.50347
https://doi.org/10.1002/grl.50347
https://doi.org/10.1175/2008JCLI2383.1
https://doi.org/10.1175/2008JCLI2383.1
https://doi.org/10.1002/2016MS000697
https://doi.org/10.1002/2016MS000697
https://doi.org/10.1175/1520-0450(2002)041%3C1081:MCSRIT%3E2.0.CO;2
https://doi.org/10.1175/1520-0450(2002)041%3C1081:MCSRIT%3E2.0.CO;2
https://doi.org/10.1111/j.1365-2699.2004.01073.x
https://doi.org/10.1111/j.1365-2699.2004.01073.x
https://doi.org/10.1098/rstb.2012.0300
https://doi.org/10.1098/rstb.2012.0300

Mbow, Cheikh, Martin Brandt, Issa Ouedraogo, Jan de Leeuw, and Michael Marshall. 2015. “What
Four Decades of Earth Observation Tell Us about Land Degradation in the Sahel?” Remote
Sensing 7 (4): 4048—67. https://doi.org/10.3390/rs70404048.

McCracken, James M. 2016. “Exploratory Causal Analysis with Time Series Data.” Synthesis Lectures
on Data Mining and Knowledge Disaovery 8 (1): 1-147.
https://doi.org/10.2200/S00707ED1V01Y201602DMKO012.

McCracken, James M., and Robert S. Weigel. 2014. “Convergent Cross-Mapping and Pairwise
Asymmetric Inference.” Physical Review E 90 (6). https://doi.org/10.1103 /PhysRevE.90.062903.

McKenna, Phil, and Zahra Hirji. 2016. “AGU Will Accept Exxon Money, Despite Scientists’ Protest
| InsideClimate News.” InsideClimate News. April 15, 2016.
https://insideclimatenews.org/news /14042016 /agu-will-continue-accept-exxon-money-despite

-scientists-protest.

McKenna, Phil, Zahra Hirtji, and Lisa Song. 2016. “Exxon’s Donations and Ties to American
Geophysical Union Are Larger and Deeper Than Previously Recognized.” InsideClimate News.
May 26, 2016.

insideclimatenews.org/news/26052016/agu-american-geophysical-union-exxon-climate

-change-denial-science-sponsorship.
Meier, Florian, and Peter Knippertz. 2009. “Dynamics and Predictability of a Heavy Dry-Season

Precipitation Event over West Africa—Sensitivity Experiments with a Global Model.” Maonthly
Weather Review 137 (1): 189—206. https://doi.org/10.1175/2008 MWR2622.1.

Melgani, F., and L. Bruzzone. 2004. “Classification of Hyperspectral Remote Sensing Images with
Support Vector Machines.” IEEE Transacions on Geosdence and Remote Sensing 42 (8): 1778-90.
https://doi.org/10.1109/TGRS.2004.831865.

Mera, Roberto J., F. H. M. Semazzi, and A. G. Laing. 2010. “Variability of Atmospheric Moisture
during the Boreal Spring in West Africa.” In .
https://ams.confex.com/ams/29Hurricanes/techprogram/paper 168968.htm.

Mertz, Ole, Cheikh Mbow, Anette Reenberg, and Awa Diouf. 2009. “Farmers’ Perceptions of
Climate Change and Agricultural Adaptation Strategies in Rural Sahel.” Environmental
Management 43 (5): 804—16. https://doi.org/10.1007/s00267-008-9197-0.

Midekisa, Alemayehu, Felix Holl, David J. Savory, Ricardo Andrade-Pacheco, Peter W. Gething,
Adam Bennett, and Hugh J. W. Sturrock. 2017. “Mapping Land Cover Change over
Continental Africa Using Landsat and Google Earth Engine Cloud Computing.” PLOS ONE
12 (9): e0184926. https://doi.org/10.1371/journal.pone.0184926.

Monerie, Paul-Arthur, Michela Biasutti, and Pascal Roucou. 2016. “On the Projected Increase of
Sahel Rainfall during the Late Rainy Season.” International Journal of Climatdogy 36 (13): 4373-83.
https://doi.org/10.1002/joc.4638.

Monerie, Paul-Arthur, Pascal Roucou, and Bernard Fontaine. 2013. “Mid-Century Effects of
Climate Change on African Monsoon Dynamics Using the A1B Emission Scenario.”
International Journal of Climatdagy 33 (4): 881-96. https://doi.org/10.1002/joc.3476.

Morrison, Jim. 2013. “The ‘Great Green Wall’ Didn’t Stop Desertification, but It Evolved Into
Something That Might | Science | Smithsonian.” The Age of Humans - Living in the
Anthropocene. August 23, 2013.

./ /www.smithsonianmag.com/science-nature

-much-180960171/.

reat-oreen-wall-stop-desertification-not-so

121


https://doi.org/10.3390/rs70404048
https://doi.org/10.3390/rs70404048
https://doi.org/10.2200/S00707ED1V01Y201602DMK012
https://doi.org/10.2200/S00707ED1V01Y201602DMK012
https://doi.org/10.1103/PhysRevE.90.062903
https://doi.org/10.1103/PhysRevE.90.062903
https://insideclimatenews.org/news/14042016/agu-will-continue-accept-exxon-money-despite-scientists-protest
https://insideclimatenews.org/news/14042016/agu-will-continue-accept-exxon-money-despite-scientists-protest
https://insideclimatenews.org/news/14042016/agu-will-continue-accept-exxon-money-despite-scientists-protest
https://insideclimatenews.org/news/26052016/agu-american-geophysical-union-exxon-climate-change-denial-science-sponsorship
https://insideclimatenews.org/news/26052016/agu-american-geophysical-union-exxon-climate-change-denial-science-sponsorship
https://insideclimatenews.org/news/26052016/agu-american-geophysical-union-exxon-climate-change-denial-science-sponsorship
https://doi.org/10.1175/2008MWR2622.1
https://doi.org/10.1175/2008MWR2622.1
https://doi.org/10.1109/TGRS.2004.831865
https://doi.org/10.1109/TGRS.2004.831865
https://ams.confex.com/ams/29Hurricanes/techprogram/paper_168968.htm
https://ams.confex.com/ams/29Hurricanes/techprogram/paper_168968.htm
https://doi.org/10.1007/s00267-008-9197-0
https://doi.org/10.1007/s00267-008-9197-0
https://doi.org/10.1371/journal.pone.0184926
https://doi.org/10.1371/journal.pone.0184926
https://doi.org/10.1002/joc.4638
https://doi.org/10.1002/joc.4638
https://doi.org/10.1002/joc.3476
https://doi.org/10.1002/joc.3476
https://www.smithsonianmag.com/science-nature/great-green-wall-stop-desertification-not-so-much-180960171/
https://www.smithsonianmag.com/science-nature/great-green-wall-stop-desertification-not-so-much-180960171/
https://www.smithsonianmag.com/science-nature/great-green-wall-stop-desertification-not-so-much-180960171/

Mortimore, M., and B. Turner. 2005. “Does the Sahelian Smallholder’s Management of Woodland,
Farm Trees, Rangeland Support the Hypothesis of Human-Induced Desertification?” Journal of
Arid Environments 63 (3): 567-595. https://doi.org/10.1016/j.jaridenv.2005.03.005.

Mortimore, Michael. 1989. A dapting to Drought: Farmers, Famines and Desertification in West A frica.
Cambridge University Press.

. 1998. Roats in the A frican Dust: Sustaining the Sub-Saharan Drylands. Cambridge, [Eng.]; New

York: Cambridge University Press.

. 2016. “Changing Paradigms for People-Centred Development in the Sahel.” In The End of
Desertification?, 65-98. Springer Earth System Sciences. Springer, Berlin, Heidelberg.
https://doi.org/10.1007/978-3-642-16014-1 3.

Mortimore, Michael, Magatte Ba, Ali Mahamane, R. S. Rostom, Pau Serra del Pozo, and Beryl
Turner. 2005. “Changing Systems and Changing Landscapes: Measuring and Interpreting Land
Use Transformation in African Drylands.” Geagrafisk Tidsskrift-Danish Journal of Geagraphy 105
(1): 101-18. https://doi.org/10.1080/00167223.2005.10649530.

Mortimore, Michael, Magatte Ba, Ali Mahamane, Pau Serra, and Beryl Turner. 2002. “Changing
Systems and Changing LLandscapes: Measuring and Interpreting Land Use Transformation in
African Drylands” 105 (1): 101-118.

Mortrtimore, Michael, International Union for the Conservation of Nature, International Institute for
Environment and Development, and United Nations Development Programme. 2009. Dryland
Oppartunities: A New Paradigm for Pecple, E asystems and Devdopment. Gland, Switzerland: London :
New York: IUCN; IIED ; UNDP.

Mortimore, Michael J., and William M. Adams. 2001. “Farmer Adaptation, Change and ‘Crisis’ in the
Sahel.” Global Environmental Change 11 (1): 49-57.
https://doi.org/10.1016/50959-3780(00)00044-3.

Moss-Racusin, Corinne A., John F. Dovidio, Victoria L. Brescoll, Mark J. Graham, and Jo
Handelsman. 2012. “Science Faculty’s Subtle Gender Biases Favor Male Students.” Proceadings of
the National A cademy of Sdences 109 (41): 16474-79. https://doi.org/10.1073 /pnas.1211286109.

Mougin, E., P. Hiernaux, L. Kergoat, M. Grippa, P. de Rosnay, F. Timouk, V. Le Dantec, et al.
2009. “The AMMA-CATCH Gourma Observatory Site in Mali: Relating Climatic Variations to
Changes in Vegetation, Surface Hydrology, Fluxes and Natural Resources.” Journal of Hydrdcgy
375 (1-2): 14-33. https://doi.org/10.1016/1.jhvdrol.2009.06.045.

Mounier, Flore, and Serge Janicot. 2004. “Evidence of Two Independent Modes of Convection at
Intraseasonal Timescale in the West African Summer Monsoon.” Gegphysical Research Letters 31
(16): L16116. https://doi.org/10.1029 /2004G1.020665.

Mountrakis, Giorgos, Jungho Im, and Caesar Ogole. 2011. “Support Vector Machines in Remote
Sensing: A Review.” ISPRS Journal of Photcgrammetry and Remote Sensing 66 (3): 247-59.
https://doi.org/10.1016/}.isprsjprs.2010.11.001.

Munroe, Randall. 2008. “Xkcd: How It Works.” February 18, 2008. https://xkcd.com/385/.

National Center for Atmospheric Research Staff (Eds.). 2013. “Empirical Orthogonal Function
(EOF) Analysis and Rotated EOF Analysis | NCAR - Climate Data Guide.” July 22, 2013.

https:/ /climatedataguide.ucar.edu/climate-data-tools-and-analvsis /empirical-orthogonal-functi

on-eof-analysis-and-rotated-eof-analysis.
Neelin, J. D., C. Chou, and H. Su. 2003. “Tropical Drought Regions in Global Warming and El

Nifio Teleconnections.” Geophysical Research Letters 30 (24): 2275.
https://doi.org/10.1029/2003G1.018625.

122


https://doi.org/10.1016/j.jaridenv.2005.03.005
https://doi.org/10.1016/j.jaridenv.2005.03.005
https://doi.org/10.1007/978-3-642-16014-1_3
https://doi.org/10.1007/978-3-642-16014-1_3
https://doi.org/10.1080/00167223.2005.10649530
https://doi.org/10.1080/00167223.2005.10649530
https://doi.org/10.1016/S0959-3780(00)00044-3
https://doi.org/10.1016/S0959-3780(00)00044-3
https://doi.org/10.1073/pnas.1211286109
https://doi.org/10.1073/pnas.1211286109
https://doi.org/10.1016/j.jhydrol.2009.06.045
https://doi.org/10.1016/j.jhydrol.2009.06.045
https://doi.org/10.1029/2004GL020665
https://doi.org/10.1029/2004GL020665
https://doi.org/10.1016/j.isprsjprs.2010.11.001
https://doi.org/10.1016/j.isprsjprs.2010.11.001
https://xkcd.com/385/
https://xkcd.com/385/
https://climatedataguide.ucar.edu/climate-data-tools-and-analysis/empirical-orthogonal-function-eof-analysis-and-rotated-eof-analysis
https://climatedataguide.ucar.edu/climate-data-tools-and-analysis/empirical-orthogonal-function-eof-analysis-and-rotated-eof-analysis
https://climatedataguide.ucar.edu/climate-data-tools-and-analysis/empirical-orthogonal-function-eof-analysis-and-rotated-eof-analysis
https://doi.org/10.1029/2003GL018625
https://doi.org/10.1029/2003GL018625

Nelson, Compiled Janice S. 2010. “U.S. Geological Survey (USGS) Earth Resources Observation
and Science (EROS) Center—TFiscal Year 2010,” 142.

Nguyen, Jamie. 2015. “Campus Students, Faculty Fight to Reverse Tenure Decision for
Environmental Science Professor | The Daily Californian.” April 20, 2015.
http://www.dailycal.org/2015/04/20/students-faculty-fight-reverse-tenure-decision-espm-prof
essot/.

Nicholson, S. 2005. “On the Question of the ‘Recovery’ of the Rains in the West African Sahel.”
Journal of A rid Environments, Special Issue on The “Greening” of the SahelSpecial Issue on The
“Greening” of the Sahel, 63 (3): 615—41. https://doi.org/10.1016/j.jaridenv.2005.03.004.

Nicholson, S. E., B. Some, J. McCollum, E. Nelkin, D. Klotter, Y. Berte, B. M. Diallo, et al. 2003.
“Validation of TRMM and Other Rainfall Estimates with a High-Density Gauge Dataset for
West Africa. Part II: Validation of TRMM Rainfall Products.” Journal of A pplied Meteardogy 42
(10): 1355-68. https://doi.org/10.1175/1520-0450(2003)042<1355:VOTAOR>2.0.CO;2.

Nicholson, S E, C ] Tucker, and M B Ba. 1996. “Surface Vegetation: An Example from the West
African Sahel,” 815-829.

Nicholson, S. E., C. J. Tucker, and M. B. Ba. 1998. “Desertification, Drought, and Surface
Vegetation: An Example from the West African Sahel.” Bulletin of the A merican Meteardagjcal
Sadety 79 (5): 815-29.

Nicholson, SE, B Some, and B Kone. 2000. “An Analysis of Recent Rainfall Conditions in West
Africa, Including the Rainy Seasons of the 1997 El Nifio and the 1998 LLa Nifia Years.” Journal of
Climate, 2628-2640.

Nicholson, Sharon E. 1980. “The Nature of Rainfall Fluctuations in Subtropical West Africa.”
Manthly Weather Review:
http://journals.ametsoc.org/doi/abs/10.1175/1520-0493(1980)108<0473: TNORFI>2.0.CO;2.

. 1981. “Rainfall and Atmospheric Circulation during Drought Periods and Wetter Years in

West Africa.” Monthly Weather Review 109 (10).

. 1983. “Sub-Saharan Rainfall in the Years 1976—80: Evidence of Continued Drought.”

Manthly Weather Review 111 (8): 1646-54.

https://doi.org/10.1175/1520-0493(1983)111<1646:SSRITY>2.0.CO;2.

. 2001. “Climatic and Environmental Change in Africa during the Last Two Centuries.”

Climate Research 17: 123—-144.

. 2013. “The West African Sahel: A Review of Recent Studies on the Rainfall Regime and Its
Interannual Variability.” ISRN Meteardogy 2013: 1-32. https://doi.org/10.1155/2013/453521.

Nicholson, Sharon E., Andreas H. Fink, and Chris Funk. 2018. “Assessing Recovery and Change in
West Africa’s Rainfall Regime from a 161-Year Record.” International Journal of Climatdagy O (0).
https://doi.org/10.1002/joc.5530.

Nie, Ji, William R. Boos, and Zhiming Kuang. 2010. “Observational Evaluation of a Convective
Quasi-Equilibrium View of Monsoons.” Journal of Climate 23 (16): 4416-28.
https://doi.org/10.1175/2010JC1.I3505.1.

Novella, Nicholas S., and Wassila M. Thiaw. 2012. “African Rainfall Climatology Version 2 for
Famine Early Warning Systems.” Journal of A pplied Meteardogy and Climatdagy 52 (3): 588—600.
https://doi.org/10.1175/JAMC-D-11-0238.1.

Nutini, F., M. Boschetti, P. A. Brivio, S. Bocchi, and M. Antoninetti. 2013. “Land-Use and
Land-Cover Change Detection in a Semi-Arid Area of Niger Using Multi-Temporal Analysis of

123


http://www.dailycal.org/2015/04/20/students-faculty-fight-reverse-tenure-decision-espm-professor/
http://www.dailycal.org/2015/04/20/students-faculty-fight-reverse-tenure-decision-espm-professor/
http://www.dailycal.org/2015/04/20/students-faculty-fight-reverse-tenure-decision-espm-professor/
https://doi.org/10.1016/j.jaridenv.2005.03.004
https://doi.org/10.1016/j.jaridenv.2005.03.004
https://doi.org/10.1175/1520-0450(2003)042%3C1355:VOTAOR%3E2.0.CO;2
https://doi.org/10.1175/1520-0450(2003)042%3C1355:VOTAOR%3E2.0.CO;2
http://journals.ametsoc.org/doi/abs/10.1175/1520-0493(1980)108%3C0473:TNORFI%3E2.0.CO;2
http://journals.ametsoc.org/doi/abs/10.1175/1520-0493(1980)108%3C0473:TNORFI%3E2.0.CO;2
https://doi.org/10.1175/1520-0493(1983)111%3C1646:SSRITY%3E2.0.CO;2
https://doi.org/10.1175/1520-0493(1983)111%3C1646:SSRITY%3E2.0.CO;2
https://doi.org/10.1155/2013/453521
https://doi.org/10.1155/2013/453521
https://doi.org/10.1002/joc.5530
https://doi.org/10.1002/joc.5530
https://doi.org/10.1175/2010JCLI3505.1
https://doi.org/10.1175/2010JCLI3505.1
https://doi.org/10.1175/JAMC-D-11-0238.1
https://doi.org/10.1175/JAMC-D-11-0238.1

Landsat Images.” International Journal of Remote Sensing 34 (13): 4769-90.
https://doi.org/10.1080/01431161.2013.781702.

O’Connor, David, and James Ford. 2014. “Increasing the Effectiveness of the ‘Great Green Wall’ as
an Adaptation to the Effects of Climate Change and Desertification in the Sahel.” Sustainability
6 (10): 7142-54. https://doi.org/10.3390/su6107142.

Odorico, Paolo D. 2006. Dryland Eachydrdeogy. Edited by Paolo D’Odorico and Amilcare Porporato.
Dordrecht: Kluwer Academic Publishers. http://link.springer.com/10.1007 /1-4020-4260-4.

Odoulami, Romaric C., and A. A. Akinsanola. 2017. “Recent Assessment of West African Summer
Monsoon Daily Rainfall Trends.” Weather, n/a-n/a. https://doi.org/10.1002/wea.2965.

Okoro, Ugochukwu K., Wen Chen, Chidiezie Chineke, and Okey Nwofor. 2017. “Anomalous
Atmospheric Circulation Associated with Recent West African Monsoon Rainfall Variability.”
Jaurnal of Geosdence and Environment Protetion 05 (12): 1.
https://doi.org/10.4236/gep.2017.512001.

Okpara, Juddy N., Aondover A. Tarhule, and Muthiah Perumal. 2013. “Study of Climate Change in
Niger River Basin, West Africa: Reality Not a Myth.” In Climate Change - Realities, Impacts Over Ice
Cap, Sea Levd and Risks, edited by Bharat Raj Singh. InTech.
http://www.intechopen.com/books/climate-change-realities-impacts-over-ice-cap-sea-level-an
d-risks/study-of-climate-change-in-niger-river-basin-west-africa-reality-not-a-myth.

Oksanen, Tapani, Brita Pajari, and Tomi Tuomasjukka. 2003. “Forests in Poverty Reduction
Strategies: Capturing the Potential,” 208.

Olsson, L., L. Eklundh, and J. Ardd. 2005. “A Recent Greening of the Sahel—T'rends, Patterns and
Potential Causes.” Journal of A rid Environments, Special Issue on The “Greening” of the Sahel, 63
(3): 556—606. https://doi.org/10.1016/j.jaridenv.2005.03.008.

O’Neil, Cathy. 2016. Weapons of Math Destruction: How Big Data Inareases Inequality and Threatens
Demoaragy. First edition. New York: Crown.

Pal, M. 2005. “Random Forest Classifier for Remote Sensing Classification.” International Journal of
Remote Sensing 26 (1): 217-22. https://doi.org/10.1080/01431160412331269698.

Pal, Mahesh, and Paul M Mather. 2003. “An Assessment of the Effectiveness of Decision Tree
Methods for Land Cover Classification.” Remote Sensing of Environment 86 (4): 554-65.
https://doi.org/10.1016/50034-4257(03)00132-9.

Panthou, G., T. Vischel, and T. Lebel. 2014. “Recent Trends in the Regime of Extreme Rainfall in
the Central Sahel.” International Journal of Climatdogy, March, n/a—n/a.
https://doi.org/10.1002/joc.3984.

Paré, Souleymane, Ulf S6derberg, Mats Sandewall, and Jean Marie Ouadba. 2008. “Land Use
Analysis from Spatial and Field Data Capture in Southern Burkina Faso, West Africa.”
Agriailture, Easystems & Environment 127 (3): 277-85.
https://doi.org/10.1016/j.agee.2008.04.009.

Parr, Terence, Kerem Turgutlu, Christopher Csiszar, and Jeremy Howard. 2018. “Beware Default
Random Forest Importances.” March 26, 2018. http://explained.ai/rf-importance/index.html.

Pauker, Madeline. 2015. “UC Berkeley’s Persistent Lack of Faculty Diversity Prompts Efforts to
Address Issue.” The Daily Californian. Campus News (blog). July 13, 2015.
http://www.dailycal.org/2015/07 /12 /uc-berkeleys-persistent-lack-of-faculty-diversity-prompts
-cfforts-to-address-issue/.

124


https://doi.org/10.1080/01431161.2013.781702
https://doi.org/10.1080/01431161.2013.781702
https://doi.org/10.3390/su6107142
https://doi.org/10.3390/su6107142
http://link.springer.com/10.1007/1-4020-4260-4
http://link.springer.com/10.1007/1-4020-4260-4
https://doi.org/10.1002/wea.2965
https://doi.org/10.1002/wea.2965
https://doi.org/10.4236/gep.2017.512001
https://doi.org/10.4236/gep.2017.512001
http://www.intechopen.com/books/climate-change-realities-impacts-over-ice-cap-sea-level-and-risks/study-of-climate-change-in-niger-river-basin-west-africa-reality-not-a-myth
http://www.intechopen.com/books/climate-change-realities-impacts-over-ice-cap-sea-level-and-risks/study-of-climate-change-in-niger-river-basin-west-africa-reality-not-a-myth
http://www.intechopen.com/books/climate-change-realities-impacts-over-ice-cap-sea-level-and-risks/study-of-climate-change-in-niger-river-basin-west-africa-reality-not-a-myth
https://doi.org/10.1016/j.jaridenv.2005.03.008
https://doi.org/10.1016/j.jaridenv.2005.03.008
https://doi.org/10.1080/01431160412331269698
https://doi.org/10.1080/01431160412331269698
https://doi.org/10.1016/S0034-4257(03)00132-9
https://doi.org/10.1016/S0034-4257(03)00132-9
https://doi.org/10.1002/joc.3984
https://doi.org/10.1002/joc.3984
https://doi.org/10.1016/j.agee.2008.04.009
https://doi.org/10.1016/j.agee.2008.04.009
http://explained.ai/rf-importance/index.html
http://explained.ai/rf-importance/index.html
http://www.dailycal.org/2015/07/12/uc-berkeleys-persistent-lack-of-faculty-diversity-prompts-efforts-to-address-issue/
http://www.dailycal.org/2015/07/12/uc-berkeleys-persistent-lack-of-faculty-diversity-prompts-efforts-to-address-issue/
http://www.dailycal.org/2015/07/12/uc-berkeleys-persistent-lack-of-faculty-diversity-prompts-efforts-to-address-issue/

Pedregosa, Fabian, Gaél Varoquaux, Alexandre Gramfort, Vincent Michel, Bertrand Thirion, Olivier
Grisel, Mathieu Blondel, et al. 2011. “Scikit-Learn: Machine Learning in Python.” Journal of
Madhine Learning Research 12 (October): 2825-2830.

Peet, Richard., and Michael. Watts. 1996. Liberation Eadcgies Environment, Devdopment, Sodal Movements.
London; New York: Routledge.
http://public.eblib.com/choice/publicfullrecord.aspx?p=168957.

Pekel, J. F., A. Cottam, M. Clerici, A. Belward, G. Dubois, E. Bartholome, and N. Gorelick. 2014.
“A Global Scale 30m Water Surface Detection Optimized and Validated for Landsat 8.” AGU
Fall Meeting A bstracts 33 (December): 01P.

Pellarin, Thierry, Abdou Ali, Franck Chopin, Isabelle Jobard, and Jean-Claude Berges. 2008. “Using
Spaceborne Surface Soil Moisture to Constrain Satellite Precipitation Estimates over West
Africa.” Geophysical Research Letters 35 (2): L02813. https://doi.org/10.1029/2007G1.032243.

Phelps, Jacob, Edward L. Webb, and Arun Agrawal. 2010. “Does REDD+ Threaten to Recentralize
Forest Governance?” Sdenee 328 (5976): 312—13. https://doi.org/10.1126/science.1187774.

Pielke, R. A., J. Adegoke, A. Beltran-Przekurat, C. A. Hiemstra, J. Lin, U. S. Nair, D. Niyogi, and T.
E. Nobis. 2007. “An Overview of Regional L.and-Use and Land-Cover Impacts on Rainfall.”
Tdlus B 59 (3): 587—601. https://doi.org/10.1111/1.1600-0889.2007.00251 x.

Pierre, Caroline, Gilles Bergametti, Béatrice Marticorena, Eric Mougin, Thierry Lebel, and Abdou
Ali. 2011. “Pluriannual Comparisons of Satellite-Based Rainfall Products over the Sahelian Belt
for Seasonal Vegetation Modeling.” Journal of Geophysical Researdr: A tmospheres 116 (D18):
D18201. https://doi.org/10.1029/2011]D016115.

Platt, Rutherford V., and Lauren Rapoza. 2008. “An Evaluation of an Object-Oriented Paradigm for
Land Use/Land Cover Classification.” The Professional Geographer 60 (1): 87—100.
https://doi.org/10.1080/00330120701724152.

Poan, D. Emmanuel, Romain Roehrig, Fleur Couvreux, and Jean-Philippe Lafore. 2012. “West
African Monsoon Intraseasonal Variability: A Precipitable Water Perspective.” Journal of the
A tmospheric Sdenass 70 (4): 1035-52. https://doi.org/10.1175/JAS-D-12-087.1.

Poivre, Pierre. 1797. Oeuvres Canpletes de P. Pavre

Popper, Karl. 2002. The Lagc of Sdentific Disaowvery. 2nd ed. London: Routledge.

Prince, Stephen D., Konrad J. Wessels, Compton J. Tucker, and Sharon E. Nicholson. 2007.
“Desertification in the Sahel: A Reinterpretation of a Reinterpretation.” Global Change Bidagy 13
(7): 1308-13. https://doi.org/10.1111/§.1365-2486.2007.01356.x.

Pu, Bing, and Kerry H. Cook. 2010. “Dynamics of the West African Westerly Jet.”” Journal of Climate
23 (23): 6263-76. https://doi.org/10.1175/2010]CI.13648.1.

Rahmstorf, Stefan, Jason E. Box, Georg Feulner, Michael E. Mann, Alexander Robinson, Scott
Rutherford, and Erik J. Schaffernicht. 2015. “Exceptional Twentieth-Century Slowdown in
Atlantic Ocean Overturning Circulation.” Nature Climate Change 5 (5): 475-80.
https://doi.org/10.1038 /nclimate2554.

Ramier, David, Nicolas Boulain, Bernard Cappelaere, Franck Timouk, Manon Rabanit, Colin R.
Lloyd, Stéphane Boubkraoui, Frédéric Métayer, LLuc Descroix, and Vincent Wawrzyniak. 2009.
“Towards an Understanding of Coupled Physical and Biological Processes in the Cultivated
Sahel — 1. Energy and Water.” Journal of Hydrdogy 375 (1-2): 204-216.
https://doi.org/10.1016/j.jhydrol.2008.12.002.

125


http://public.eblib.com/choice/publicfullrecord.aspx?p=168957
http://public.eblib.com/choice/publicfullrecord.aspx?p=168957
https://doi.org/10.1029/2007GL032243
https://doi.org/10.1029/2007GL032243
https://doi.org/10.1126/science.1187774
https://doi.org/10.1126/science.1187774
https://doi.org/10.1111/j.1600-0889.2007.00251.x
https://doi.org/10.1111/j.1600-0889.2007.00251.x
https://doi.org/10.1029/2011JD016115
https://doi.org/10.1029/2011JD016115
https://doi.org/10.1080/00330120701724152
https://doi.org/10.1080/00330120701724152
https://doi.org/10.1175/JAS-D-12-087.1
https://doi.org/10.1175/JAS-D-12-087.1
https://doi.org/10.1111/j.1365-2486.2007.01356.x
https://doi.org/10.1111/j.1365-2486.2007.01356.x
https://doi.org/10.1175/2010JCLI3648.1
https://doi.org/10.1175/2010JCLI3648.1
https://doi.org/10.1038/nclimate2554
https://doi.org/10.1038/nclimate2554
https://doi.org/10.1016/j.jhydrol.2008.12.002
https://doi.org/10.1016/j.jhydrol.2008.12.002

Rasmussen, Kjeld, Bjarne Fog, and Jens E Madsen. 2001. “Desertification in Reverse? Observations
from Northern Burkina Faso.” Gldbal Environmental Change 11 (4): 271-282.
https://doi.org/10.1016/50959-3780(01)00005-X.

Rasmussen, Laura Vang, Kjeld Rasmussen, Anette Reenberg, and Simon Proud. 2012. “A System
Dynamics Approach to Land Use Changes in Agro-Pastoral Systems on the Desert Margins of
Sahel.” A griaultural Systems 107 (Supplement C): 56—64.
https://doi.org/10.1016/j.agsy.2011.12.002.

Raynaut, Claude. 2001. “Societies and Nature in the Sahel: Ecological Diversity and Social
Dynamics.” Global Environmental Change, The African Sahel, 11 (1): 9-18.
https://doi.org/10.1016/S0959-3780(00)00041-8.

Raynaut, Claude, and Emmanuel Grégoire. 1997. Sodeties and Nature in the Sahd. Routledge/SEI
Global Environment and Development Series. London; New York: Routledge.

Redd, Nola Taylor. 2018. ““Mother of Hubble’ Nancy Grace Roman Led the Way for Women in
Astronomy.” Space.Com. March 8, 2018.
https://www.space.com/39923-mother-of-hubble-nancy-grace-roman.html.

Redelsperger, Jean-Luc, and Thierry Lebel. 2009. “Surface Processes and Water Cycle in West
Africa, Studied from the AMMA-CATCH Observing System.” Journal of Hydrdagy 375 (1-2):
1-2. https://doi.org/10.1016/}.jhydrol.2009.08.017.

Redelsperger, Jean-Luc, Chris D. Thorncroft, Arona Diedhiou, Thierry Lebel, Douglas J. Parker, and
Jan Polcher. 2006. “African Monsoon Multidisciplinary Analysis: An International Research
Project and Field Campaign.” Bulletin of the A merican Meteardogical Sodety 87 (12): 1739-1746.
https://doi.org/10.1175/BAMS-87-12-1739.

Redelsperger J.-L., Diongue A., Diedhiou A., Ceron J.-P., Diop M., Gueremy J.-F., and Lafore
J.=P. 2006. “Multi—scale Description of a Sahelian Synoptic Weather System Representative of
the West African Monsoon.” Quarterly Journal of the Royal Meteardagical Sodety 128 (582): 1229-57.
https://doi.org/10.1256/003590002320373274.

Reenberg, A. 2012. “Insistent Dryland Narratives: Portraits of Knowledge about
Human-Environmental Interactions in Sahelian Environment Policy Documents.” West A frican
Journal of A pplied Eadagy 20 (1): 97-111.

Reenberg, Anette, Trine Louring Nielsen, and Kjeld Rasmussen. 1998. “Field Expansion and
Reallocation in the Sahel — Land Use Pattern Dynamics in a Fluctuating Biophysical and
Socio-Economic Environment.” Global Environmental Change 8 (4): 309-27.
https://doi.org/10.1016/50959-3780(98)00003-X.

RegaladoDec. 3, Antonio, 2010, and 11:32 Am. 2010. “New Google Earth Engine.” Science |
AAAS. December 3, 2010.
http://www.sciencemag.org/news/2010/12/new-google-earth-engine.

Reij, C., G. Tappan, and A. Belemvire. 2005. “Changing Land Management Practices and Vegetation
on the Central Plateau of Burkina Faso (1968-2002).” Jaurnal of A rid Environments, Special Issue
on The “Greening” of the Sahel, 63 (3): 642-59.
https://doi.org/10.1016/j.jaridenv.2005.03.010.

Reij, Chris, and Ann Waters-Bayer. 2014. Farmer Innovation in A frica: A Source of Inspiration for
Agriaaltural Devdopment. Routledge. https://doi.org/10.4324/9781315071886.

Reij, C.P., and E.M.a. Smaling. 2008. “Analyzing Successes in Agriculture and Land Management in
Sub-Saharan Africa: Is Macro-Level Gloom Obscuring Positive Micro-Level Change?” Land
Use Pdicy 25 (3): 410-420. https://doi.org/10.1016/j.Jandusepol.2007.10.001.

126


https://doi.org/10.1016/S0959-3780(01)00005-X
https://doi.org/10.1016/S0959-3780(01)00005-X
https://doi.org/10.1016/j.agsy.2011.12.002
https://doi.org/10.1016/j.agsy.2011.12.002
https://doi.org/10.1016/S0959-3780(00)00041-8
https://doi.org/10.1016/S0959-3780(00)00041-8
https://www.space.com/39923-mother-of-hubble-nancy-grace-roman.html
https://www.space.com/39923-mother-of-hubble-nancy-grace-roman.html
https://doi.org/10.1016/j.jhydrol.2009.08.017
https://doi.org/10.1016/j.jhydrol.2009.08.017
https://doi.org/10.1175/BAMS-87-12-1739
https://doi.org/10.1175/BAMS-87-12-1739
https://doi.org/10.1256/003590002320373274
https://doi.org/10.1256/003590002320373274
https://doi.org/10.1016/S0959-3780(98)00003-X
https://doi.org/10.1016/S0959-3780(98)00003-X
http://www.sciencemag.org/news/2010/12/new-google-earth-engine
http://www.sciencemag.org/news/2010/12/new-google-earth-engine
https://doi.org/10.1016/j.jaridenv.2005.03.010
https://doi.org/10.1016/j.jaridenv.2005.03.010
https://doi.org/10.4324/9781315071886
https://doi.org/10.4324/9781315071886
https://doi.org/10.1016/j.landusepol.2007.10.001
https://doi.org/10.1016/j.landusepol.2007.10.001

Reynolds, James F., D. Mark Stafford Smith, Eric F. Lambin, B. L. Turner, Michael Mortimore,
Simon P. J. Batterbury, Thomas E. Downing, et al. 2007. “Global Desertification: Building a
Science for Dryland Development.” Sdenae 316 (58206): 847-51.
https://doi.org/10.1126/science.1131634.

Rindfuss, R. R., S. J. Walsh, B. L. Turner, J. Fox, and V. Mishra. 2004. “Developing a Science of
Land Change: Challenges and Methodological Issues.” Procedings of the National A cademy of
Sdences 101 (39): 13976-81. https://doi.org/10.1073/pnas.0401545101.

Ripley, E. A. 1975. “Comment on the Paper ‘Dynamics of Deserts and Drought in the Sahel’ by J.
G. Charney.” Quarterly Journal of the Royal Meteardagical Sodety 102 (432): 466—68.
https://doi.org/10.1002/qj.49710243220.

Ripley, E. A., Jule Charney, Peter H. Stone, and William J. Quirk. 1976. “Drought in the Sahara:
Insufficient Biogeophysical Feedback?” Sdence 191 (4222): 100-102.

Roca, Rémy, Philippe Chambon, Isabelle Jobard, Pierre-Emmanuel Kirstetter, Marielle Gosset, and
Jean Claude Berges. 2009. “Comparing Satellite and Surface Rainfall Products over West Africa
at Meteorologically Relevant Scales during the AMMA Campaign Using Error Estimates.”
Journal of A pplied Meteardagy and Climatdagy 49 (4): 715-31.
https://doi.org/10.1175/2009]AMC2318.1.

Rodrigues, Luis Ricardo Lage, Javier Garcia—Serrano, and Francisco Doblas—Reyes. 2014. “Seasonal
Forecast Quality of the West African Monsoon Rainfall Regimes by Multiple Forecast
Systems.” Journal of Geophysical Researdh: A tmospheres 119 (13): 7908-30.
https://doi.org/10.1002/2013]D021316.

Rodriguez-Galiano, V. F., B. Ghimire, ]. Rogan, M. Chica-Olmo, and J. P. Rigol-Sanchez. 2012. “An
Assessment of the Effectiveness of a Random Forest Classifier for I.and-Cover Classification.”
ISPRS Journal of Photaprammetry and Remote Sensing 67 (January): 93—104.
https://doi.org/10.1016/j.isprsjprs.2011.11.002.

Roehrig, R., F. Chauvin, and J.-P. Lafore. 2011. “10-25-Day Intraseasonal Variability of Convection
over the Sahel: A Role of the Saharan Heat Low and Midlatitudes.” Journal of Climate 24 (22):
5863-78. https://doi.org/10.1175/2011]CI.I3960.1.

Roehrig, Romain, Dominique Bouniol, Francoise Guichard, Frédéric Hourdin, and Jean-Luc
Redelsperger. 2013. “The Present and Future of the West African Monsoon: A
Process-Oriented Assessment of CMIP5 Simulations along the AMMA Transect.” Journal of
Climate 26 (17): 6471-6505. https://doi.org/10.1175/]CLI-D-12-00505.1.

Roerink, G. J., M. Menenti, W. Soepboer, and Z. Su. 2003. “Assessment of Climate Impact on
Vegetation Dynamics by Using Remote Sensing.” Physics and Chemistry of the Earth, Patts A /B/C,
Applications of Quantitative Remote Sensing to Hydrology, 28 (1-3): 103-9.
https://doi.org/10.1016/51474-7065(03)00011-1.

Roman, Nancy G. 1955. “A Catalogue of High-Velocity Stars.” The A strophysical Journal Supplement
Series 2 (December): 195. https://doi.org/10.1086/190021.

Roose, E, V Kabore, and C Guenat. 2010. “Arid Soil Research and Rehabilitation Zai Practice: A
West African Traditional Rehabilitation System for Semiarid Degraded Lands , a Case Study in
Burkina Faso,” no. April 2013: 37—41.

Rotstayn, Leon D., and Ulrike Lohmann. 2002. “Tropical Rainfall Trends and the Indirect Aerosol
Effect.” Journal of Climate 15 (15): 2103-16.
https://doi.org/10.1175/1520-0442(2002)015<2103: TRTATT>2.0.CO:2.

127


https://doi.org/10.1126/science.1131634
https://doi.org/10.1126/science.1131634
https://doi.org/10.1073/pnas.0401545101
https://doi.org/10.1073/pnas.0401545101
https://doi.org/10.1002/qj.49710243220
https://doi.org/10.1002/qj.49710243220
https://doi.org/10.1175/2009JAMC2318.1
https://doi.org/10.1175/2009JAMC2318.1
https://doi.org/10.1002/2013JD021316
https://doi.org/10.1002/2013JD021316
https://doi.org/10.1016/j.isprsjprs.2011.11.002
https://doi.org/10.1016/j.isprsjprs.2011.11.002
https://doi.org/10.1175/2011JCLI3960.1
https://doi.org/10.1175/2011JCLI3960.1
https://doi.org/10.1175/JCLI-D-12-00505.1
https://doi.org/10.1175/JCLI-D-12-00505.1
https://doi.org/10.1016/S1474-7065(03)00011-1
https://doi.org/10.1016/S1474-7065(03)00011-1
https://doi.org/10.1086/190021
https://doi.org/10.1086/190021
https://doi.org/10.1175/1520-0442(2002)015%3C2103:TRTATI%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(2002)015%3C2103:TRTATI%3E2.0.CO;2

Roudier, P., A. Ducharne, and L. Feyen. 2014. “Climate Change Impacts on Runoff in West Africa:
A Review.” Hydrd. Earth Syst. Sd. 18 (7): 2789-2801.
https://doi.org/10.5194 /hess-18-2789-2014.

Rousi, E., C. Anagnostopoulou, K. Tolika, and P. Maheras. 2015. “Representing Teleconnection
Patterns over Europe: A Comparison of SOM and PCA Methods.” A tmospheric Researdh,
Atmospheric Processes in the Mediterranean, 152 (January): 123-37.
https://doi.org/10.1016/j.atmosres.2013.11.010.

Roy, David P., Junchang Ju, Cheikh Mbow, Philip Frost, and Tom Loveland. 2010. “Accessing Free
Landsat Data via the Internet: Africa’s Challenge.” Remote Sensing Letters 1 (2): 111-17.
https://doi.org/10.1080/01431160903486693.

Ruelland, D., A. Dezetter, C. Puech, and S. Ardoin—Bardin. 2008. “Long—-term Monitoring of Land
Cover Changes Based on Landsat Imagery to Improve Hydrological Modelling in West Africa.”
International Journal of Remote Sensing 29 (12): 3533-51.
https://doi.org/10.1080/01431160701758699.

Running, S. W., C. O. Justice, V. Salomonson, D. Hall, ]. Barker, Y. J. Kaufmann, A. H. Strahler, et
al. 1994. “Terrestrial Remote Sensing Science and Algorithms Planned for EOS/MODIS.”
International Journal of Remote Sensing 15 (17): 3587-3620.
https://doi.org/10.1080/01431169408954346.

Salack, S., B. Muller, and A. T. Gaye. 2011. “Rain-Based Factors of High Agricultural Impacts over
Senegal. Part I: Integration of Local to Sub-Regional Trends and Variability.” Theoretical and
Applied Climatdogy 106 (1-2): 1-22. https://doi.org/10.1007/s00704-011-0414-2.

Salack, Seyni, Alessandra Giannini, Moussa Diakhaté, Amadou. T. Gaye, and Bertrand Muller. 2013.
“Oceanic Influence on the Sub-Seasonal to Interannual Timing and Frequency of Extreme Dry
Spells over the West African Sahel.” Climate Dynamics 42 (1-2): 189—-201.
https://doi.org/10.1007/s00382-013-1673-4.

Sammon, J. W. 1969. “A Nonlinear Mapping for Data Structure Analysis.” IEEE Transacions on
Camputers C—18 (5): 401-9. https://doi.org/10.1109/T-C.1969.222678.

Sanogo, Souleymane, Andreas H. Fink, Jerome A. Omotosho, Abdramane Ba, Robert Redl, and
Volker Ermert. 2015. “Spatio-Temporal Characteristics of the Recent Rainfall Recovery in West
Africa.” Intermational Journal of Climatdagy 35 (15): 4589—4605. https://doi.org/10.1002/joc.4309.

Sarojini, Beena Balan, Peter A. Stott, and Emily Black. 2016. “Detection and Attribution of Human
Influence on Regional Precipitation.” Nature Climate Change 6 (7): 669—75.
https://doi.org/10.1038 /nclimate2976.

Sarr, Benoit. 2012. “Present and Future Climate Change in the Semi-Arid Region of West Africa: A
Crucial Input for Practical Adaptation in Agriculture.” A tmospheric Sdence Letters 13 (2): 108—12.
https://doi.org/10.1002/asl.368.

Sasser, Jade. 2012. “Empower Women, Save the Planet,” 148.

Schemm, Ylann. 2015. “Here Are the Winners of the Women in Science Elsevier Foundation
Awards — Meet Them at #AAASmtg.” February 10, 2015.

https://www.elsevier.com/connect/women-in-physics-and-math-to-receive-elsevier-foundatio

n-awards-at-aaas-meeting.

Seaquist, J. W., T. Hickler, L. Eklundh, J. Ard6, and B. W. Heumann. 2009. “Disentangling the
Effects of Climate and People on Sahel Vegetation Dynamics.” Biceeosdences 6 (3): 469—77.
https://doi.org/10.5194/bg-6-469-20009.

128


https://doi.org/10.5194/hess-18-2789-2014
https://doi.org/10.5194/hess-18-2789-2014
https://doi.org/10.1016/j.atmosres.2013.11.010
https://doi.org/10.1016/j.atmosres.2013.11.010
https://doi.org/10.1080/01431160903486693
https://doi.org/10.1080/01431160903486693
https://doi.org/10.1080/01431160701758699
https://doi.org/10.1080/01431160701758699
https://doi.org/10.1080/01431169408954346
https://doi.org/10.1080/01431169408954346
https://doi.org/10.1007/s00704-011-0414-z
https://doi.org/10.1007/s00704-011-0414-z
https://doi.org/10.1007/s00382-013-1673-4
https://doi.org/10.1007/s00382-013-1673-4
https://doi.org/10.1109/T-C.1969.222678
https://doi.org/10.1109/T-C.1969.222678
https://doi.org/10.1002/joc.4309
https://doi.org/10.1002/joc.4309
https://doi.org/10.1038/nclimate2976
https://doi.org/10.1038/nclimate2976
https://doi.org/10.1002/asl.368
https://doi.org/10.1002/asl.368
https://www.elsevier.com/connect/women-in-physics-and-math-to-receive-elsevier-foundation-awards-at-aaas-meeting
https://www.elsevier.com/connect/women-in-physics-and-math-to-receive-elsevier-foundation-awards-at-aaas-meeting
https://www.elsevier.com/connect/women-in-physics-and-math-to-receive-elsevier-foundation-awards-at-aaas-meeting
https://doi.org/10.5194/bg-6-469-2009
https://doi.org/10.5194/bg-6-469-2009

Séguis, L., N. Boulain, B. Cappelaere, J.m. Cohard, G. Favreau, S. Galle, A. Guyot, et al. 2011.
“Contrasted Land-Surface Processes along the West African Rainfall Gradient.” A tmospheric
Sdence Letters 12 (1): 31-37. https://doi.org/10.1002/asl.327.

Sendzimir, Jan, Chris Reij, and Piotr Magnuszewski. 2011. “Rebuilding Resilience in the Sahel:
Regreening in the Maradi and Zinder Regions of Niger.” Eadagy and Sadety 16 (3).
https://doi.org/10.5751/ES-04198-160301.

Seneviratne, Sonia I., Thierry Corti, Edouard L. Davin, Martin Hirschi, Eric B. Jaeger, Irene Lehner,
Boris Orlowsky, and Adriaan J. Teuling. 2010. “Investigating Soil Moisture—Climate
Interactions in a Changing Climate: A Review.” Earth-Sdence Reviews 99 (3—4): 125-61.
https://doi.org/10.1016/j.earscirev.2010.02.004.

Serwadda, David, Paul Ndebele, M. Kate Grabowski, Francis Bajunirwe, and Rhoda K. Wanyenze.
2018. “Open Data Sharing and the Global South—Who Benefits?” Sdene 359 (6376): 642—43.
https://doi.org/10.1126/science.aap8395.

Seth, Anji, Sara A. Rauscher, Michela Biasutti, Alessandra Giannini, Suzana J. Camargo, and Maisa
Rojas. 2013. “CMIP5 Projected Changes in the Annual Cycle of Precipitation in Monsoon
Regions.” Journal of Climate 26 (19): 7328-51. https://doi.org/10.1175/]CII-D-12-00726.1.

Seth, Anji, Sara A. Rauscher, Maisa Rojas, Alessandra Giannini, and Suzana J. Camargo. 2010.
“Enhanced Spring Convective Barrier for Monsoons in a Warmer World?” Climatic Change 104
(2): 403—14. https://doi.org/10.1007/s10584-010-9973-8.

Shackley, Simon, Peter Young, Stuart Parkinson, and Brian Wynne. 1998. “Uncertainty, Complexity
and Concepts of Good Science in Climate Change Modelling: Are GCMs the Best Tools?”
Climatic Change 38 (2): 159—205. https://doi.org/10.1023/A:1005310109968.

Shanahan, Mike. 2016. “Media Perceptions and Portrayals of Pastoralists in Kenya, India and
China.” In The End of Desertifiction? : Disputing Environmental Change in the Drylands, edited by Roy
Behnke and Michael Mortimore, 407—25. Springer Earth System Sciences. Berlin, Heidelberg:
Springer Berlin Heidelberg. https://doi.org/10.1007/978-3-642-16014-1 15.

Shanahan, T. M., J. T. Overpeck, K. J. Anchukaitis, J. W. Beck, J. E. Cole, D. L. Dettman, J. A.
Peck, C. A. Scholz, and J. W. King. 2009. “Atlantic Forcing of Persistent Drought in West
Africa.” Sdenee 324 (5925): 377-80. https://doi.org/10.1126/science.1166352.

Shane, Scott, Cade Metz, and Daisuke Wakabayashi. 2018. “How a Pentagon Contract Became an
Identity Crisis for Google.” The New Yark Times, May 31, 2018, sec. Technology.
https://www.nytimes.com/2018/05/30/technology/google-project-maven-pentagon.html.

Shao, Yang, and Ross S. Lunetta. 2012. “Comparison of Support Vector Machine, Neural Network,
and CART Algorithms for the Land-Cover Classification Using Limited Training Data Points.”
ISPRS Jaurnal of Photogrammetry and Remote Sensing 70 (June): 78—87.
https://doi.org/10.1016/j.isprsjprs.2012.04.001.

Shelestov, Andrii, Mykola Lavreniuk, Nataliia Kussul, Alexei Novikov, and Sergii Skakun. 2017.
“Exploring Google Earth Engine Platform for Big Data Processing: Classification of
Multi-Temporal Satellite Imagery for Crop Mapping.” Frontiers in Earth Sdence 5.
https://doi.org/10.3389 /feart.2017.00017.

Sheltzer, Jason M., and Joan C. Smith. 2014. “Elite Male Faculty in the Life Sciences Employ Fewer
Women.” Prosadings of the National A cademy of Sdenaes 111 (28): 10107-12.
https://doi.org/10.1073 /pnas.1403334111.

129


https://doi.org/10.1002/asl.327
https://doi.org/10.1002/asl.327
https://doi.org/10.5751/ES-04198-160301
https://doi.org/10.5751/ES-04198-160301
https://doi.org/10.1016/j.earscirev.2010.02.004
https://doi.org/10.1016/j.earscirev.2010.02.004
https://doi.org/10.1126/science.aap8395
https://doi.org/10.1126/science.aap8395
https://doi.org/10.1175/JCLI-D-12-00726.1
https://doi.org/10.1175/JCLI-D-12-00726.1
https://doi.org/10.1007/s10584-010-9973-8
https://doi.org/10.1007/s10584-010-9973-8
https://doi.org/10.1023/A:1005310109968
https://doi.org/10.1023/A:1005310109968
https://doi.org/10.1007/978-3-642-16014-1_15
https://doi.org/10.1007/978-3-642-16014-1_15
https://doi.org/10.1126/science.1166352
https://doi.org/10.1126/science.1166352
https://www.nytimes.com/2018/05/30/technology/google-project-maven-pentagon.html
https://www.nytimes.com/2018/05/30/technology/google-project-maven-pentagon.html
https://doi.org/10.1016/j.isprsjprs.2012.04.001
https://doi.org/10.1016/j.isprsjprs.2012.04.001
https://doi.org/10.3389/feart.2017.00017
https://doi.org/10.3389/feart.2017.00017
https://doi.org/10.1073/pnas.1403334111
https://doi.org/10.1073/pnas.1403334111

Sheridan, Scott C., and Cameron C. Lee. 2011. “The Self-Organizing Map in Synoptic Climatological
Research.” Progress in Physical Geagraphy: Earth and Environment 35 (1): 109-19.
https://doi.org/10.1177/0309133310397582.

Simonetti, D., E. Simonetti, Z. Szantoi, A. Lupi, and H. D. Eva. 2015. “First Results From the
Phenology-Based Synthesis Classifier Using Landsat 8 Imagery.” IEEE Gemsdenee and Remote
Sensing Letters 12 (7): 1496—1500. https://doi.org/10.1109/1.GRS.2015.2409982.

Simpson, Joanne, Robert F. Adler, and Gerald R. North. 1988. “A Proposed Tropical Rainfall
Measuring Mission (TRMM) Satellite.” Bulletin of the A merican Meteardogical Sodety 69 (3): 278-95.
https://doi.org/10.1175/1520-0477(1988)069<0278: APTRMM>2.0.CO:2.

Sivakumar, M. V. K. 2007. “Interactions between Climate and Desertification.” A griaultural and Forest
Meteardagy, The Contribution of Agriculture to the State of Climate, 142 (2): 143-55.
https://doi.org/10.1016/j.agrformet.2006.03.025.

Skinner, Christopher B., Moetasim Ashfaq, and Noah S. Diffenbaugh. 2011. “Influence of
Twenty-First-Century Atmospheric and Sea Surface Temperature Forcing on West African
Climate.” Journal of Climate 25 (2): 527—42. https://doi.org/10.1175/2011]CI.14183.1.

Slingo, J., and T. Palmer. 2011. “Uncertainty in Weather and Climate Prediction.” Philosophical
Transactions of the Royal Sodety A : Mathermtical, Physical and Engineering Sdences 369 (1956): 4751-67.
https://doi.org/10.1098 /rsta.2011.0161.

Smale, Chris Reij, Gray Tappan, Melinda. 2009. A groenvironmental Transformation in the Sahd: A nother
Kind of “Green Revdution.”” Intl Food Policy Res Inst.

Sobel, Adam H., and Suzana J. Camargo. 2010. “Projected Future Seasonal Changes in Tropical
Summer Climate.” Joarnal of Climate 24 (2): 473—87. https://doi.org/10.1175/2010]CI.I3748.1.

Sokal, Alan. 1998. “What the Social Text Affair Does and Does Not Prove.” Critical Quarterly 40 (2):
3-18. https://doi.org/10.1111/1467-8705.00151.

Spiekermann, Raphael, Martin Brandt, and Cyrus Samimi. 2015. “Woody Vegetation and Land
Cover Changes in the Sahel of Mali (1967-2011).” International Journal of A pplied Earth Observation
and Geanformation 34 (Supplement C): 113-21. https://doi.org/10.1016/].jag.2014.08.007.

Stafford Smith, Mark. 2016. “Desertification: Reflections on the Mirage.” In The End of
Desertification? : Disputing Environmental Change in the Drylands, edited by Roy Behnke and Michael
Mortimore, 539—60. Springer Earth System Sciences. Berlin, Heidelberg: Springer Berlin
Heidelberg. https://doi.org/10.1007/978-3-642-16014-1 20.

Steele, Jennifer, Jacquelyn B. James, and Rosalind Chait Barnett. 2002. “Learning in a Man’s World:
Examining the Perceptions of Undergraduate Women in Male-Dominated Academic Areas.”
Psycdhdagy of Wamen Quarterly 26 (1): 46-50. https://doi.org/10.1111/1471-6402.00042.

Steffensmeier, Darrell, Jetfery Ulmer, and John Kramer. 1998. “The Interaction of Race, Gender,
and Age in Criminal Sentencing: The Punishment Cost of Being Young, Black, and Male.”
Crimindagy 36 (4): 763-98. https://doi.org/10.1111/§.1745-9125.1998.tb01265.x.

Stehman, Stephen V. 1997. “Selecting and Interpreting Measures of Thematic Classification
Accuracy.” Remote Sensing of Environment 62 (1): 77-89.
https://doi.org/10.1016/S0034-4257(97)00083-7.

Steiner, Allison L., Jeremy S. Pal, Sara a. Rauscher, Jason L. Bell, Noah S. Diffenbaugh, Aaron
Boone, Lisa C. Sloan, and Filippo Giorgi. 2009. “Land Surface Coupling in Regional Climate
Simulations of the West African Monsoon.” Climate Dynamics 33 (6): 869—892.
https://doi.org/10.1007/s00382-009-0543-6.

130


https://doi.org/10.1177/0309133310397582
https://doi.org/10.1177/0309133310397582
https://doi.org/10.1109/LGRS.2015.2409982
https://doi.org/10.1109/LGRS.2015.2409982
https://doi.org/10.1175/1520-0477(1988)069%3C0278:APTRMM%3E2.0.CO;2
https://doi.org/10.1175/1520-0477(1988)069%3C0278:APTRMM%3E2.0.CO;2
https://doi.org/10.1016/j.agrformet.2006.03.025
https://doi.org/10.1016/j.agrformet.2006.03.025
https://doi.org/10.1175/2011JCLI4183.1
https://doi.org/10.1175/2011JCLI4183.1
https://doi.org/10.1098/rsta.2011.0161
https://doi.org/10.1098/rsta.2011.0161
https://doi.org/10.1175/2010JCLI3748.1
https://doi.org/10.1175/2010JCLI3748.1
https://doi.org/10.1111/1467-8705.00151
https://doi.org/10.1111/1467-8705.00151
https://doi.org/10.1016/j.jag.2014.08.007
https://doi.org/10.1016/j.jag.2014.08.007
https://doi.org/10.1007/978-3-642-16014-1_20
https://doi.org/10.1007/978-3-642-16014-1_20
https://doi.org/10.1111/1471-6402.00042
https://doi.org/10.1111/1471-6402.00042
https://doi.org/10.1111/j.1745-9125.1998.tb01265.x
https://doi.org/10.1111/j.1745-9125.1998.tb01265.x
https://doi.org/10.1016/S0034-4257(97)00083-7
https://doi.org/10.1016/S0034-4257(97)00083-7
https://doi.org/10.1007/s00382-009-0543-6
https://doi.org/10.1007/s00382-009-0543-6

Strahler, Alan, Luigi Boschetti, Giles Foody, Mark Friedl, Matthew Hansen, Martin Herold, Philippe
Mayaux, Jeffrey Morisette, Stephen Stehman, and Curtis Woodcock. 2006. Global Land Cover
Validation: Recommendations for Evaluation and A auracy A ssessment of Global Land Cover Maps. Office
for Official Publications of the European Communities.
http://nofc.cfs.nrcan.ge.ca/gofe-gold /Report%20Seties/GOLD 25.pdf.

Stuckens, J., P. R. Coppin, and M. E. Bauer. 2000. “Integrating Contextual Information with
Per-Pixel Classification for Improved Land Cover Classification.” Remote Sensing of Environment
71 (3): 282-96. https://doi.org/10.1016/S0034-4257(99)00083-8.

Sugi, Masato, and Jun Yoshimura. 2004. “A Mechanism of Tropical Precipitation Change Due to
CO2 Increase.” Journal of Climate 17 (1): 238—43.
https://doi.org/10.1175/1520-0442(2004)017<0238: AMOTPC>2.0.CO;2.

Sultan, Benjamin, Christian Baron, Michael Dingkuhn, Benoit Sarr, and Serge Janicot. 2005.
“Agricultural Impacts of Large-Scale Variability of the West African Monsoon.” A griaultural and
Farest Meteardagy 128 (1): 93—110. https://doi.org/10.1016/j.agrformet.2004.08.005.

Sultan, Benjamin, and Serge Janicot. 2003. “The West African Monsoon Dynamics. Part II: The
‘Preonset’ and ‘Onset’ of the Summer Monsoon.” Journal of Climate 16 (21): 3407-27.
https://doi.org/10.1175/1520-0442(2003)016<3407TWAMDP>2.0.CO:2.

Sultan, Benjamin, Serge Janicot, and Arona Diedhiou. 2003. “The West African Monsoon
Dynamics. Part I: Documentation of Intraseasonal Variability.” Journal of Climate 16 (21):
3389-3406. https://doi.org/10.1175/1520-0442(2003)016<3389:. TWAMDP>2.0.CO:2.

“Supervised Classification.” 2016. Google Earth Engine APL. July 8, 2016.
https://developers.google.com/earth-engine/classification.

Swift, Jeremy. 1996. “Desertification: Narratives, Winners & Losers.” In The Lie of the Land:
Challenging Readived Wisdam on the A frican Environment, 73-90.
https://ci.nii.ac.jp/naid/10025956836/.

Tamou, Charles, Raimon Ripoll-Bosch, Imke J. M. de Boer, and Simon J. Oosting. 2018.
“Pastoralists in a Changing Environment: The Competition for Grazing LLand in and around
the W Biosphere Reserve, Benin Republic.” Ambio47 (3): 340-54.
https://doi.org/10.1007/s13280-017-0942-6.

Tang, Ling, Yudong Tian, Fang Yan, and Emad Habib. 2015. “An Improved Procedure for the
Validation of Satellite-Based Precipitation Estimates.” A tmospheric Research, 6th Workshop of the
International Precipitation Working Group, 163 (September): 61-73.
https://doi.org/10.1016/j.atmosres.2014.12.016.

Tapiador, Francisco J., F. J. Turk, Walt Petersen, Arthur Y. Hou, Eduardo Garcia-Ortega, Luiz A. T.
Machado, Carlos F. Angelis, et al. 2012. “Global Precipitation Measurement: Methods, Datasets
and Applications.” A tmospheric Research 104—105 (February): 70-97.
https://doi.org/10.1016/j.atmosres.2011.10.021.

Tappan, G.C., Cushing, W.M., Cotillon, S.E., Mathis, M.L., Hutchinson, J.A., and Dalstead, K.].
2016. “West Africa Land Use Land Cover Time Series.” U.S. Geological Survey.
https://doi.org/10.5066/F73N21]F.

Tappan, G.G., W.M. Cushing, S.E. Cotillon, Stefanie Herrmann, M.L. Mathis, J.A. Hutchinson, and
K.J. Dalstead. 2016. “West Africa Land Use Land Cover Time Series: U.S. Geological Survey
Data Release.” U.S. Geological Survey. https://doi.org/10.5066/F73N21]F.

131


http://nofc.cfs.nrcan.gc.ca/gofc-gold/Report%20Series/GOLD_25.pdf
http://nofc.cfs.nrcan.gc.ca/gofc-gold/Report%20Series/GOLD_25.pdf
https://doi.org/10.1016/S0034-4257(99)00083-8
https://doi.org/10.1016/S0034-4257(99)00083-8
https://doi.org/10.1175/1520-0442(2004)017%3C0238:AMOTPC%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(2004)017%3C0238:AMOTPC%3E2.0.CO;2
https://doi.org/10.1016/j.agrformet.2004.08.005
https://doi.org/10.1016/j.agrformet.2004.08.005
https://doi.org/10.1175/1520-0442(2003)016%3C3407:TWAMDP%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(2003)016%3C3407:TWAMDP%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(2003)016%3C3389:TWAMDP%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(2003)016%3C3389:TWAMDP%3E2.0.CO;2
https://developers.google.com/earth-engine/classification
https://developers.google.com/earth-engine/classification
https://ci.nii.ac.jp/naid/10025956836/
https://ci.nii.ac.jp/naid/10025956836/
https://doi.org/10.1007/s13280-017-0942-6
https://doi.org/10.1007/s13280-017-0942-6
https://doi.org/10.1016/j.atmosres.2014.12.016
https://doi.org/10.1016/j.atmosres.2014.12.016
https://doi.org/10.1016/j.atmosres.2011.10.021
https://doi.org/10.1016/j.atmosres.2011.10.021
https://doi.org/10.5066/F73N21JF
https://doi.org/10.5066/F73N21JF
https://doi.org/10.5066/F73N21JF
https://doi.org/10.5066/F73N21JF

Tappan, G.G, M Sall, E.C Wood, and M Cushing. 2004. “Ecoregions and Land Cover Trends in
Senegal.” Journal of A rid Environments 59 (3): 427-62.
https://doi.org/10.1016/j.jaridenv.2004.03.018.

Tarnavsky, Elena, David Grimes, Ross Maidment, Emily Black, Richard P. Allan, Marc Stringer,
Robin Chadwick, and Francois Kayitakire. 2014. “Extension of the TAMSAT Satellite-Based
Rainfall Monitoring over Africa and from 1983 to Present.” Journal of A pplied Meteardagy and
Climatdagy 53 (12): 2805-22. https://doi.org/10.1175/JAMC-1D-14-0016.1.

Taylor, Christopher M., Phil P. Harris, and Douglas J. Parker. 2010. “Impact of Soil Moisture on the
Development of a Sahelian Mesoscale Convective System: A Case-Study from the AMMA
Special Observing Period.” Quartetly Journal of the Royal Meteardagical Sodety 136 (S1): 456—70.
https://doi.org/10.1002/qj.465.

Taylor, Christopher M., Eric F. Lambin, Nathalie Stephenne, Richard J. Harding, and Richard L. H.
Essery. 2002. “The Influence of Land Use Change on Climate in the Sahel.” Journal of Climate 15
(24): 3615-29. https://doi.org/10.1175/1520-0442(2002)015<3615:TTIOLUC>2.0.CO:2.

The Natural History Museum. 2016. “Scientists to AGU: Drop Exxon Sponsorship.” The Natural
Histary Museum (blog). February 22, 2016.
http://thenaturalhistorymuseum.org/scientists-to-agu-drop-exxon-sponsorship /.

Thomas, David S. G., and Nick Middleton. 1994. Desertification: Explading the Myth. Chichester ; New
York: Wiley.

Thompson, S. E., C. J. Harman, P. Heine, and G. G. Katul. 2010. “Vegetation-Infiltration
Relationships across Climatic and Soil Type Gradients.” Journal of Geophysical Research 115 (G2):
G02023. https://doi.org/10.1029/2009]G001134.

Tian, Feng, Martin Brandt, Yi Y. Liu, Aleixandre Verger, Torbern Tagesson, Abdoul A. Diouf, Kjeld
Rasmussen, Cheikh Mbow, Yunjia Wang, and Rasmus Fensholt. 2016. “Remote Sensing of
Vegetation Dynamics in Drylands: Evaluating Vegetation Optical Depth (VOD) Using
AVHRR NDVTI and in Situ Green Biomass Data over West African Sahel.” Remote Sensing of
Environment 177 (May): 265-76. https://doi.org/10.1016/j.rse.2016.02.056.

Tian, Yudong, and Christa D. Peters-Lidard. 2010. “A Global Map of Uncertainties in
Satellite-Based Precipitation Measurements.” Geophysical Research Letters 37 (24): 1.24407.
https://doi.org/10.1029/2010G1.046008.

Tian, Yudong, Christa D. Peters-Lidard, John B. Eylander, Robert J. Joyce, George J. Huffman,
Robert F. Adler, Kuo-lin Hsu, F. Joseph Turk, Matthew Garcia, and Jing Zeng. 2009.
“Component Analysis of Errors in Satellite-Based Precipitation Estimates.” Journal of Gegphysical
Researdh: A tmospheres 114 (D24): D24101. https://doi.org/10.1029/2009]1D011949.

Ting, Mingfang, Yochanan Kushnir, Richard Seager, and Cuihua Li. 2009. “Forced and Internal
Twentieth-Century SST Trends in the North Atlantic.” Journal of Climate 22 (6): 1469-81.
https://doi.org/10.1175/2008]C1.I2561.1.

Tong, Xiaoye, Martin Brandt, Pierre Hiernaux, Stefanie M. Herrmann, Feng Tian, Alexander V.
Prishchepov, and Rasmus Fensholt. 2017. “Revisiting the Coupling between NDVI Trends and
Cropland Changes in the Sahel Drylands: A Case Study in Western Niger.” Remote Sensing of
Environment 191 (March): 286—96. https://doi.org/10.1016/j.rse.2017.01.030.

Toulmin, Camilla, and Karen Brock. 2016. “Desertification in the Sahel: Local Practice Meets
Global Narrative.” In The End of Desertification?, 37—63. Springer Earth System Sciences.
Springer, Berlin, Heidelberg. https://doi.org/10.1007/978-3-642-16014-1 2.

132


https://doi.org/10.1016/j.jaridenv.2004.03.018
https://doi.org/10.1016/j.jaridenv.2004.03.018
https://doi.org/10.1175/JAMC-D-14-0016.1
https://doi.org/10.1175/JAMC-D-14-0016.1
https://doi.org/10.1002/qj.465
https://doi.org/10.1002/qj.465
https://doi.org/10.1175/1520-0442(2002)015%3C3615:TIOLUC%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(2002)015%3C3615:TIOLUC%3E2.0.CO;2
http://thenaturalhistorymuseum.org/scientists-to-agu-drop-exxon-sponsorship/
http://thenaturalhistorymuseum.org/scientists-to-agu-drop-exxon-sponsorship/
https://doi.org/10.1029/2009JG001134
https://doi.org/10.1029/2009JG001134
https://doi.org/10.1016/j.rse.2016.02.056
https://doi.org/10.1016/j.rse.2016.02.056
https://doi.org/10.1029/2010GL046008
https://doi.org/10.1029/2010GL046008
https://doi.org/10.1029/2009JD011949
https://doi.org/10.1029/2009JD011949
https://doi.org/10.1175/2008JCLI2561.1
https://doi.org/10.1175/2008JCLI2561.1
https://doi.org/10.1016/j.rse.2017.01.030
https://doi.org/10.1016/j.rse.2017.01.030
https://doi.org/10.1007/978-3-642-16014-1_2
https://doi.org/10.1007/978-3-642-16014-1_2

Trenberth, Kevin E, Peter Ambenje, R Adler, M Beniston, | Christy, M Free, S Gulev, et al. 2007.
“Observations: Surface and Atmospheric Climate Change,” 102.

Trenberth, Kevin E., Aiguo Dai, Roy M. Rasmussen, and David B. Parsons. 2003. “The Changing
Character of Precipitation.” Bulletin of the A merican Meteardagical Sodety 84 (9): 1205-1217.
https://doi.org/10.1175/BAMS-84-9-1205.

Tropek, Robert, Ondfej Sedlacek, Jan Beck, Petr Keil, Zuzana Musilova, Irena Simova, and David
Storch. 2014. “Comment on ‘High-Resolution Global Maps of 21st-Century Forest Cover
Change.”” Sdence 344 (6187): 981-981. https://doi.org/10.1126/science.1248753.

Tucker, C. J., J. R.G. Townshend, and T. E. Goff. 1985. “African Land-Cover Classification Using
Satellite Data.” Sdence 227 (4685): 369-75. https://doi.org/10.1126/science.227.4685.369.
Tucker, C. J., C. L. Vanpraet, M. J. Sharman, and G. Van Ittersum. 1985. “Satellite Remote Sensing
of Total Herbaceous Biomass Production in the Senegalese Sahel: 1980—1984.”” Remote Sensing of

Environment 17 (3): 233—49. https://doi.org/10.1016/0034-4257(85)90097-5.

Tucker, Compton J., Harold E. Dregne, and Wilbur W. Newcomb. 1991. “Expansion and
Contraction of the Sahara Desert from 1980 to 1990.” Sdence 253 (5017): 299-300.
https://doi.org/10.1126/science.253.5017.299.

Tucker, Compton J., and Sharon E. Nicholson. 1999. “Variations in the Size of the Sahara Desert
from 1980 to 1997.” Ambio28 (7): 587-91.

Turner, B.L., Eric F. Lambin, and Anette Reenberg. 2007. “The Emergence of L.and Change Science
for Global Environmental Change and Sustainability” 105 (128): 20690-20695.

Turner, Jean L. 2006. “Henrietta Swan Leavitt (1868-1921).” In Out of the Shadows: Contributions of
Twentieth-Century Wamen to Physics, edited by Nina Byers and Gary Williams. Cambridge
University Press.
https://books.google.com/books?id=CQeKFG015-0C&pg=PA62&Ipg=PA62&dq=%22henti
ettat+swan+kendrick%22&hl=en#v=onepage&q=%22henrietta%20swan%20kendrick%22&f
=false.

Turner, Matthew D. 1999. “Conflict, Environmental Change, and Social Institutions in Dryland
Africa: Limitations of the Community Resource Management Approach.” Sadety & Natural
Resauraes 12 (7): 643-57. https://doi.org/10.1080/089419299279362.

. 2003. “Methodological Reflections on the Use of Remote Sensing and Geographic
Information Science in Human Ecological Research.” Human Eadagy 31 (2): 255-79.
https://doi.org/10.1023/A:1023984813957.

UNCCD. 1994. “United Nations Convention to Combat Desertification: In Those Countries
Expetiencing Serious Drought and/or Desertification, Particulatly in Africa.”
https://www.unccd.int/sites /default/files /relevant-links /2017-01 /UNCCD Convention EN
G 0.pdf.

. 2014. “Desertification: The Invisible Frontline.” United Nations Convention to Combat

Desertification.

https://www.unccd.int/sites /default/files/documents /12112014 Invisible%20frontline ENG

.pdf.

. 2016. “The Great Green Wall.” United Nations Convention to Combat Desertification.

https://www.unccd.int/sites/default/files /documents /26042016 GGW ENG.pdf;

https://www.greatgreenwall.org/about-great-green-wall.

. 2017. “The 2017-2018 UNCCD Reporting Process | UNCCD.” 2017.

https://www.unccd.int/convention/2017-2018-unced-reporting-process.

133


https://doi.org/10.1175/BAMS-84-9-1205
https://doi.org/10.1175/BAMS-84-9-1205
https://doi.org/10.1126/science.1248753
https://doi.org/10.1126/science.1248753
https://doi.org/10.1126/science.227.4685.369
https://doi.org/10.1126/science.227.4685.369
https://doi.org/10.1016/0034-4257(85)90097-5
https://doi.org/10.1016/0034-4257(85)90097-5
https://doi.org/10.1126/science.253.5017.299
https://doi.org/10.1126/science.253.5017.299
https://books.google.com/books?id=CQeKFG01s-oC&pg=PA62&lpg=PA62&dq=%22henrietta+swan+kendrick%22&hl=en#v=onepage&q=%22henrietta%20swan%20kendrick%22&f=false
https://books.google.com/books?id=CQeKFG01s-oC&pg=PA62&lpg=PA62&dq=%22henrietta+swan+kendrick%22&hl=en#v=onepage&q=%22henrietta%20swan%20kendrick%22&f=false
https://books.google.com/books?id=CQeKFG01s-oC&pg=PA62&lpg=PA62&dq=%22henrietta+swan+kendrick%22&hl=en#v=onepage&q=%22henrietta%20swan%20kendrick%22&f=false
https://books.google.com/books?id=CQeKFG01s-oC&pg=PA62&lpg=PA62&dq=%22henrietta+swan+kendrick%22&hl=en#v=onepage&q=%22henrietta%20swan%20kendrick%22&f=false
https://doi.org/10.1080/089419299279362
https://doi.org/10.1080/089419299279362
https://doi.org/10.1023/A:1023984813957
https://doi.org/10.1023/A:1023984813957
https://www.unccd.int/sites/default/files/relevant-links/2017-01/UNCCD_Convention_ENG_0.pdf
https://www.unccd.int/sites/default/files/relevant-links/2017-01/UNCCD_Convention_ENG_0.pdf
https://www.unccd.int/sites/default/files/relevant-links/2017-01/UNCCD_Convention_ENG_0.pdf
https://www.unccd.int/sites/default/files/documents/12112014_Invisible%20frontline_ENG.pdf
https://www.unccd.int/sites/default/files/documents/12112014_Invisible%20frontline_ENG.pdf
https://www.unccd.int/sites/default/files/documents/12112014_Invisible%20frontline_ENG.pdf
https://www.unccd.int/sites/default/files/documents/26042016_GGW_ENG.pdf;%20https://www.greatgreenwall.org/about-great-green-wall
https://www.unccd.int/sites/default/files/documents/26042016_GGW_ENG.pdf;%20https://www.greatgreenwall.org/about-great-green-wall
https://www.unccd.int/sites/default/files/documents/26042016_GGW_ENG.pdf;%20https://www.greatgreenwall.org/about-great-green-wall
https://www.unccd.int/convention/2017-2018-unccd-reporting-process
https://www.unccd.int/convention/2017-2018-unccd-reporting-process

U.S. Army Corps of Engineers. 2018. “The Technical Side of the Bay Model.” 2018.
https://www.spn.usace.army.mil/Missions/Recreation/Bay-Model-Visitor-Center/The-Bay-M
odel-Journey/Technical-Side/.

U.S. Census Bureau. 2018. “U.S. Census Bureau QuickFacts: UNITED STATES.” 2018.
https://www.census.gov/quickfacts/fact/table/US/PST045217#NAV 2122698 4.

U.S. Geological Survey. 2013. “West Africa Land Use and Land Cover Trends Project: Results and
Conclusions.” West Africa Land Use and Land Cover Trends Project. March 26, 2013.
http://Ica.usgs.gov/lca/africalulc/results.php.

U.S. National Committee for CODATA, ed. 1997. Bits of Power: Issues in Gldbal A axss to Sdentific Data.
Washington, D.C: National Academy Press.

USGS. 2016. “Land Use Land Cover Map | West Africa.” 2016.
https://eros.usgs.gov/westafrica/land-use-land-cover-map.

. 2018. “Product Guide: Landsat 4-7 Surface Reflectance (LEDAPS) Product.” Version 8.3.
Department of the Interior, U.S. Geological Survey.
https://landsat.usgs.gov/sites/default/files/documents/ledaps product guide.pdf.

Valentin, C., J. -L. Rajot, and D. Mitja. 2004. “Responses of Soil Crusting, Runoff and Erosion to
Fallowing in the Sub-Humid and Semi-Arid Regions of West Africa.” A griailture, E aosystens &
Environment, Soil Interactions: Biology, Erosion and Organic Matter, 104 (2): 287-302.
https://doi.org/10.1016/j.agee.2004.01.035.

Vapnik, Vladimir N. 1995. The Nature of Statistical Learning Theary. New York, NY: Springer New
York. https://doi.org/10.1007/978-1-4757-2440-0.

Velluet, C., J. Demarty, B. Cappelaere, 1. Braud, H.B.A. Issoufou, N. Boulain, D. Ramier, et al. 2014.
“Building a Field- and Model-Based Climatology of Surface Energy and Water Cycles for
Dominant Land Cover Types in the Cultivated Sahel. Annual Budgets and Seasonality.”
Hydrdagy and Earth System Sdences 18: 5001-24. https://doi.org/10.5194 /hess-18-5001-2014.

Verbesselt, Jan, Rob Hyndman, Glenn Newnham, and Darius Culvenor. 2010. “Detecting Trend
and Seasonal Changes in Satellite Image Time Series.” Remote Sensing of Environment 114 (1):
106—-15. https://doi.org/10.1016/j.rse.2009.08.014.

Vesanto, J., and E. Alhoniemi. 2000. “Clustering of the Self-Organizing Map.” IEEE Transacions on
Neural Networks 11 (3): 586—600. https://doi.org/10.1109/72.846731.

Vierich, HI.D., and W.a. Stoop. 1990. “Changes in West African Savanna Agriculture in Response
to Growing Population and Continuing Low Rainfall.” A griailture, Eaosystems & Environment 31
(2): 115-132. https://doi.org/10.1016/0167-8809(90)90214-X.

Vintrou, Elodie, Annie Desbrosse, Agnes Bégué, Sibiry Traoré, Christian Baron, and Danny Lo
Seen. 2012. “Crop Area Mapping in West Africa Using Landscape Stratification of MODIS
Time Series and Comparison with Existing Global Land Products.” International Journal of
Applied Earth Observation and Gednformmation 14 (1): 83-93.
https://doi.org/10.1016/4.jag.2011.06.010.

Vizy, Edward K., and Kerry H. Cook. 2001. “Mechanisms by Which Gulf of Guinea and Eastern
North Atlantic Sea Surface Temperature Anomalies Can Influence African Rainfall.” Journal of
Climate 14 (5): 795-821.
https://doi.org/10.1175/1520-0442(2001)014<0795:MBWGOG>2.0.CO;2.

. 2002. “Development and Application of a Mesoscale Climate Model for the Tropics:

Influence of Sea Surface Temperature Anomalies on the West African Monsoon.” Journal of

134


https://www.spn.usace.army.mil/Missions/Recreation/Bay-Model-Visitor-Center/The-Bay-Model-Journey/Technical-Side/
https://www.spn.usace.army.mil/Missions/Recreation/Bay-Model-Visitor-Center/The-Bay-Model-Journey/Technical-Side/
https://www.spn.usace.army.mil/Missions/Recreation/Bay-Model-Visitor-Center/The-Bay-Model-Journey/Technical-Side/
https://www.census.gov/quickfacts/fact/table/US/PST045217#NAV_2122698_4
https://www.census.gov/quickfacts/fact/table/US/PST045217#NAV_2122698_4
http://lca.usgs.gov/lca/africalulc/results.php
http://lca.usgs.gov/lca/africalulc/results.php
https://eros.usgs.gov/westafrica/land-use-land-cover-map
https://eros.usgs.gov/westafrica/land-use-land-cover-map
https://landsat.usgs.gov/sites/default/files/documents/ledaps_product_guide.pdf
https://landsat.usgs.gov/sites/default/files/documents/ledaps_product_guide.pdf
https://doi.org/10.1016/j.agee.2004.01.035
https://doi.org/10.1016/j.agee.2004.01.035
https://doi.org/10.1007/978-1-4757-2440-0
https://doi.org/10.1007/978-1-4757-2440-0
https://doi.org/10.5194/hess-18-5001-2014
https://doi.org/10.5194/hess-18-5001-2014
https://doi.org/10.1016/j.rse.2009.08.014
https://doi.org/10.1016/j.rse.2009.08.014
https://doi.org/10.1109/72.846731
https://doi.org/10.1109/72.846731
https://doi.org/10.1016/0167-8809(90)90214-X
https://doi.org/10.1016/0167-8809(90)90214-X
https://doi.org/10.1016/j.jag.2011.06.010
https://doi.org/10.1016/j.jag.2011.06.010
https://doi.org/10.1175/1520-0442(2001)014%3C0795:MBWGOG%3E2.0.CO;2
https://doi.org/10.1175/1520-0442(2001)014%3C0795:MBWGOG%3E2.0.CO;2

Geophysical Researdh: A tmospheres 107 (D3): ACL 2-1-ACL 2-22.
https://doi.org/10.1029/2001JD000686.

Vizy Edward K., and Cook Kerry H. 2009. “A Mechanism for African Monsoon Breaks:
Mediterranean Cold Air Surges.” Journal of Geophysical Researdh: A tmospheres 114 (D1).
https://doi.org/10.1029/2008]D010654.

Vizy, Edward K., and Kerry H. Cook. 2012. “Mid-Twenty-First-Century Changes in Extreme
Events over Northern and Tropical Africa.” Journal of Climate 25 (17): 5748-5767.
https://doi.org/10.1175/]JCI.I-D-11-00693.1.

. 2014. “Impact of Cold Air Surges on Rainfall Variability in the Sahel and Wet African
Tropics: A Multi-Scale Analysis.” Climate Dynamics 43 (3—4): 1057-81.
https://doi.org/10.1007/s00382-013-1953-z.

Vizy, Edward K., Kerry H. Cook, Julien Crétat, and Naresh Neupane. 2013. “Projections of a
Wetter Sahel in the Twenty-First Century from Global and Regional Models.” Journal of Climate
26 (13): 4664-87. https://doi.org/10.1175/JCLI-D-12-00533.1.

Vliet, Nathalie van, Anette Reenberg, and Laura Vang Rasmussen. 2013. “Scientific Documentation
of Crop Land Changes in the Sahel: A Half Empty Box of Knowledge to Support Policy?”
Jaurnal of A rid Environments 95 (Supplement C): 1-13.
https://doi.org/10.1016/j.jaridenv.2013.03.010.

Vogel, Peter, Manuel Klar, Andreas Schliiter, Peter Knippertz, Andreas H. Fink, and Tilmann
Gneiting. 2017. “Statistical Forecasting for Precipitation over West Africa Based on
Spatio-Temporal Precipitation Properties and Tropical Wave Activity.” In , 19:14108.
http://adsabs.harvard.edu/abs/2017TEGUGA..1914108V.

Wang, Guiling, and Clement A. Alo. 2012. “Changes in Precipitation Seasonality in West Africa
Predicted by RegCM3 and the Impact of Dynamic Vegetation Feedback.” International Journal of
Geophysics 2012: 1-10. https://doi.org/10.1155/2012/597205.

Wang, L., P. D’Odorico, J. P. Evans, D. J. Eldridge, M. F. McCabe, K. K. Caylor, and E. G. King.
2012. “Dryland Ecohydrology and Climate Change: Critical Issues and Technical Advances.”
Hydrdogy and Earth System Sdences 16 (8): 2585-2603.
https://doi.org/10.5194/hess-16-2585-2012.

Warren, Andrew, and Clive Agnew. 1988. An A ssessment of Desertification and LLand Degradation in A rid
and Semi-A rid A reas. London: IIED, International Institute for Environment and Development.

Washington, Richard, Gillian Kay, Mike Harrison, Declan Conway, Emily Black, Andrew Challinor,
David Grimes, Richard Jones, Andy Morse, and Martin Todd. 2006. “African Climate Change:
Taking the Shorter Route.” Bulletin of the A merican Meteardogical Sodety 87 (10): 1355-13606.
https://doi.org/10.1175/BAMS-87-10-1355.

Watts, Michael. 2015. “Adapting to the Anthropocene: Some Reflections on Development and
Climate in the West African Sahel: Adapting to the Anthropocene.” Geagraphical Research 53 (3):
288-97. https://doi.org/10.1111/1745-5871.12131.

West, C T, C Roncoli, and F Ouattara. 2008. “LOCAL PERCEPTIONS AND REGIONAL
CLIMATE TRENDS ON THE CENTRAL PLATEAU OF BURKINA FASO” 304 (April):
289-304. https://doi.org/10.1002/1dr.

Whited, Tamara L. 2000. Farests and Peasant Pditics in Modern Franee Yale University Press.
http://agris.fao.org/agris-search/search.do?recordID=US201300052459.

135


https://doi.org/10.1029/2001JD000686
https://doi.org/10.1029/2001JD000686
https://doi.org/10.1029/2008JD010654
https://doi.org/10.1029/2008JD010654
https://doi.org/10.1175/JCLI-D-11-00693.1
https://doi.org/10.1175/JCLI-D-11-00693.1
https://doi.org/10.1007/s00382-013-1953-z
https://doi.org/10.1007/s00382-013-1953-z
https://doi.org/10.1175/JCLI-D-12-00533.1
https://doi.org/10.1175/JCLI-D-12-00533.1
https://doi.org/10.1016/j.jaridenv.2013.03.010
https://doi.org/10.1016/j.jaridenv.2013.03.010
http://adsabs.harvard.edu/abs/2017EGUGA..1914108V
http://adsabs.harvard.edu/abs/2017EGUGA..1914108V
https://doi.org/10.1155/2012/597205
https://doi.org/10.1155/2012/597205
https://doi.org/10.5194/hess-16-2585-2012
https://doi.org/10.5194/hess-16-2585-2012
https://doi.org/10.1175/BAMS-87-10-1355
https://doi.org/10.1175/BAMS-87-10-1355
https://doi.org/10.1111/1745-5871.12131
https://doi.org/10.1111/1745-5871.12131
https://doi.org/10.1002/ldr
https://doi.org/10.1002/ldr
http://agris.fao.org/agris-search/search.do?recordID=US201300052459
http://agris.fao.org/agris-search/search.do?recordID=US201300052459

Williams, Darrel, Samuel Goward, and Terry Arvidson. 2006. “Landsat: Yesterday, Today, and
Tomorrow.” Phatogrammetric Engineering & Remote Sensing 72 (October): 1171-78.
https://doi.org/10.14358 /PERS.72.10.1171.

Wolfram, Stephen. 2015. “Untangling the Tale of Ada Lovelace | WIRED.” December 22, 2015.
https://www.wired.com/2015/12 /untangling-the-tale-of-ada-lovelace/.

Wolski, Piotr, Christopher Jack, Mark Tadross, Lisa van Aardenne, and Christopher Lennard. 2018.
“Interannual Rainfall Variability and SOM-Based Circulation Classification.” Climate Dynamics
50 (1): 479-92. https://doi.org/10.1007/s00382-017-3621-1.

Wolters, Dirk, Chiel C. van Heerwaarden, Jordi Vil?-Guerau de Arellano, Bernard Cappelaere, and
David Ramier. 2010. “Effects of Soil Moisture Gradients on the Path and the Intensity of a
West African Squall Line.” Quarterly Journal of the Royal Meteardagical Sodety 136 (653): 2162-75.
https://doi.org/10.1002/qj.712.

Woodcock, Curtis E., Richard Allen, Martha Anderson, Alan Belward, Robert Bindschadler, Warren
Cohen, Feng Gao, et al. 2008. “Free Access to Landsat Imagery.” Sdence 320 (5879):
1011-1011. https://doi.org/10.1126/science.320.5879.1011a.

Woodhouse, Philip, and Henry Bernstein. 2000. A frian Endcsures?: The Sadal Dynamics of Wetlands in
Drylands. Edited by David Hulme. Oxford; Trenton, NJ: James Currey; Africa World Press.

Woodward, John. 1699. “Some Thoughts and Experiments Concerning Vegetation By John
Woodward, M. D. of the College of Physicians, et R. S. et Professor of Physick in Gresham
College.” Philoscphical Transactions (1683-1775) 21: 193-227.

Wortld Bank, ed. 2008. Farests Sourabook: Pradical Guidanee for Sustaining Farests in Devopment
Cooperation. Agriculture and Rural Development. Washington, DC: World Bank.

. 2015. “Sahel Irrigation Initiative Support Project (P154482).” Report No.: PIDC35875.
http://documents.wotldbank.org/curated/en/455161468000030220/pdf/PID-Print-P154482-
02-10-2016-1455148180713.pdf:
http://projects.worldbank.org/P154482 /Plang=en&tab=overview.

Waulder, Michael A., Jeffrey G. Masek, Warren B. Cohen, Thomas R. Loveland, and Curtis E.
Woodcock. 2012. “Opening the Archive: How Free Data Has Enabled the Science and
Monitoring Promise of Landsat.” Remote Sensing of Environment, Landsat Legacy Special Issue,
122 (July): 2-10. https://doi.org/10.1016/j.rse.2012.01.010.

Waulder, Michael A., Joanne C. White, Thomas R. Loveland, Curtis E. Woodcock, Alan S. Belward,
Warren B. Cohen, Eugene A. Fosnight, Jerad Shaw, Jetfrey G. Masek, and David P. Roy. 2016.
“The Global Landsat Archive: Status, Consolidation, and Direction.” Remote Sensing of
Environment, Landsat 8 Science Results, 185 (November): 271-83.
https://doi.org/10.1016/j.rse.2015.11.032.

Xue, Yongkang, H.-M. H. Juang, W.-P. Li, S. Prince, R. DeFfries, Y. Jiao, and R. Vasic. 2004. “Role
of Land Surface Processes in Monsoon Development: East Asia and West Africa.” Journal of
Geophysical Researdh: A tmospheres 109 (D3): D03105. https://doi.org/10.1029/2003]1D003556.

Xue, Yongkang, Fernando De Sales, W. K.-M. Lau, Aaron Boone, Jinming Feng, Paul Dirmeyer,
Zhichang Guo, et al. 2010. “Intercomparison and Analyses of the Climatology of the West
African Monsoon in the West African Monsoon Modeling and Evaluation Project (WAMME)
First Model Intercomparison Experiment.” Climate Dynamics 35 (1): 3-27.
https://doi.org/10.1007/s00382-010-0778-2.

YaleNews. 2017. “Grace Murray Hopper (1906-1992): A Legacy of Innovation and Service |
YaleNews.” February 10, 2017.

136


https://doi.org/10.14358/PERS.72.10.1171
https://doi.org/10.14358/PERS.72.10.1171
https://www.wired.com/2015/12/untangling-the-tale-of-ada-lovelace/
https://www.wired.com/2015/12/untangling-the-tale-of-ada-lovelace/
https://doi.org/10.1007/s00382-017-3621-1
https://doi.org/10.1007/s00382-017-3621-1
https://doi.org/10.1002/qj.712
https://doi.org/10.1002/qj.712
https://doi.org/10.1126/science.320.5879.1011a
https://doi.org/10.1126/science.320.5879.1011a
http://documents.worldbank.org/curated/en/455161468000030220/pdf/PID-Print-P154482-02-10-2016-1455148180713.pdf;%20http://projects.worldbank.org/P154482/?lang=en&tab=overview
http://documents.worldbank.org/curated/en/455161468000030220/pdf/PID-Print-P154482-02-10-2016-1455148180713.pdf;%20http://projects.worldbank.org/P154482/?lang=en&tab=overview
http://documents.worldbank.org/curated/en/455161468000030220/pdf/PID-Print-P154482-02-10-2016-1455148180713.pdf;%20http://projects.worldbank.org/P154482/?lang=en&tab=overview
http://documents.worldbank.org/curated/en/455161468000030220/pdf/PID-Print-P154482-02-10-2016-1455148180713.pdf;%20http://projects.worldbank.org/P154482/?lang=en&tab=overview
https://doi.org/10.1016/j.rse.2012.01.010
https://doi.org/10.1016/j.rse.2012.01.010
https://doi.org/10.1016/j.rse.2015.11.032
https://doi.org/10.1016/j.rse.2015.11.032
https://doi.org/10.1029/2003JD003556
https://doi.org/10.1029/2003JD003556
https://doi.org/10.1007/s00382-010-0778-2
https://doi.org/10.1007/s00382-010-0778-2
https://news.yale.edu/2017/02/10/grace-murray-hopper-1906-1992-legacy-innovation-and-service

https://news.yale.edu/2017/02/10/grace-murray-hopper-1906-1992-legacy-innovation-and-ser

vice.

Yang, Fanglin, Arun Kumar, Michael E. Schlesinger, and Wanqiu Wang. 2003. “Intensity of
Hydrological Cycles in Warmer Climates.” Journal of Climate 16 (14): 2419-23.
https://doi.org/10.1175/2779.1.

Zeng, N. 1999. “Enhancement of Interdecadal Climate Variability in the Sahel by Vegetation
Interaction.” Sdence 286 (5444): 1537-1540. https://doi.org/10.1126/science.286.5444.1537.

Zhang, Gang, and Kerry H. Cook. 2014. “West African Monsoon Demise: Climatology, Interannual
Variations, and Relationship to Seasonal Rainfall.” Journal of Geophysical Researdh: A tmospheres 119
(17): 2014]D022043. https://doi.org/10.1002/2014]1D022043.

Zhou, Liming, Robert E. Dickinson, Yuhong Tian, Russell S. Vose, and Yongjiu Dai. 2007. “Impact
of Vegetation Removal and Soil Aridation on Diurnal Temperature Range in a Semiarid Region:
Application to the Sahel.” Prosedings of the National A cademy of Sdenas 104 (46): 1793742,
https://doi.org/10.1073 /pnas.0700290104.

Zwarts, L. 2010. “Will the Inner Niger Delta Shrivel up Due to Climate Change and Water Use
Upstream.” A&W.
http://scholar.google.com/scholarrhl=en&btnG=Search&q=intitle:Will+the+Inner+Niger+D
eltat+shrivel+up+due+to+climatet+change+and+water+uset+upstream?#0.

Zwarts, Leo, Pieter van Beukering, Bakary Kone, and Eddy Wymenga. 2005. “The Niger, a Lifeline:
Effective Water Management in the Upper Niger Basin.” Ivim. RIZA, Wetlands International,
IVM, A&W.

Zwarts, Leo, Pieter Van Beukering, Bakary Koné, Eddy Wymenga, and Douglas Taylor. 2006. “The
Economic and Ecological Effects of Water Management Choices in the Upper Niger River:
Development of Decision Support Methods.” International Journal of Water Resources Development
22 (1): 135-56. https://doi.org/10.1080/07900620500405874.

137


https://news.yale.edu/2017/02/10/grace-murray-hopper-1906-1992-legacy-innovation-and-service
https://news.yale.edu/2017/02/10/grace-murray-hopper-1906-1992-legacy-innovation-and-service
https://doi.org/10.1175/2779.1
https://doi.org/10.1175/2779.1
https://doi.org/10.1126/science.286.5444.1537
https://doi.org/10.1126/science.286.5444.1537
https://doi.org/10.1002/2014JD022043
https://doi.org/10.1002/2014JD022043
https://doi.org/10.1073/pnas.0700290104
https://doi.org/10.1073/pnas.0700290104
http://scholar.google.com/scholar?hl=en&btnG=Search&q=intitle:Will+the+Inner+Niger+Delta+shrivel+up+due+to+climate+change+and+water+use+upstream?#0
http://scholar.google.com/scholar?hl=en&btnG=Search&q=intitle:Will+the+Inner+Niger+Delta+shrivel+up+due+to+climate+change+and+water+use+upstream?#0
http://scholar.google.com/scholar?hl=en&btnG=Search&q=intitle:Will+the+Inner+Niger+Delta+shrivel+up+due+to+climate+change+and+water+use+upstream?#0
https://doi.org/10.1080/07900620500405874
https://doi.org/10.1080/07900620500405874

Fin.

S fZ



	A. Title page and copyright
	B. Abstract
	C. Front matter
	D. Dissertation manuscript



