Earth's Future

RESEARCH ARTICLE
10.1029/2019EF001456

Key Points:

« Tipping points theory provides a
framework to integrate remote
sensing into drought and food
security early warning

« Some remotely-sensed products
have appropriate latency, and spatial
and temporal resolutions to identify
food security tipping points

« Tipping point signals detected
through remotely-sensed products
offer an opportunity to improve
accuracy of famine early warning
systems

Correspondence to:
P. K. Krishnamurthy R,
krishna krishnamurthy@gmail.com

Citation:

Krishnamurthy R, P. K., Fisher, J. B.,
Schimel, D. S., & Kareiva, P. M. (2020).
Applying tipping point theory to remote
sensing science to improve early
warning drought signals for food
security. Earth's Future, 8,
€2019EF001456. https://doi.org/
10.1029/2019EF001456

Received 17 DEC 2019
Accepted 2 MAR 2020
Accepted article online 4 MAR 2020

©2020 The Authors.

This is an open access article under the
terms of the Creative Commons
Attribution License, which permits use,
distribution and reproduction in any
medium, provided the original work is
properly cited.

Check for
A ﬁ l l ADVANCIM updates

EARTH AN
SPACE SCIENCE

M\J

ok

Applying Tipping Point Theory to Remote Sensing
Science to Improve Early Warning Drought
Signals for Food Security

P. Krishna Krishnamurthy R*

, Joshua B. Fisher? (), David S. Schimel?, and Peter M. Kareiva'

'UCLA Institute of the Environment and Sustainability, Los Angeles, CA, “Jet Propulsion Laboratory, California Institute
of Technology, Pasadena, CA, USA

Abstract Famines have long been associated with drought. With the severity of droughts growing in
association with climate change, there is increasing pressure to do a better job predicting famines and
delivering international aid to avert human suffering and civil instability. We examine recent advances in
remote sensing technology, focusing on the latency, historical availability and spatial and temporal scales of
the data these satellites provide. Because of their global coverage, seven variables derived from satellite
observations emerge as especially pertinent to drought and famine: precipitation (TRMM/GPM),
groundwater (GRACE/GRACE-FO), snow (MODIS), soil moisture (SMOS, SMAP, Sentinel-1),
evapotranspiration (MODIS, ECOSTRESS), vegetation health (Landsat, AVHRR, MODIS, SPOT) and
chlorophyll fluorescence (OCO-2). We discuss tipping point theory as a possible framework for taking
advantage of long time series of these satellite data where they exist in order to enhance the effectiveness of
existing famine early warning systems.

1. Introduction

Droughts have always been part of human history, and when combined with social or political failures they
have been linked to civil unrest, famines and even the collapse of civilizations. Droughts occur in many parts
of the world, often with disproportionate impacts on the most vulnerable populations (Diffenbaugh
et al., 2015; Krishnamurthy et al.,, 2014; Lesk et al.,, 2016; Richardson et al., 2018; Schlenker &
Lobell, 2010). Most importantly, as a result of climate change, droughts are projected to become more fre-
quent and intense globally (Cook et al., 2018). As drought becomes more common and harsher, society's
ability to mobilize relief efforts will be stressed, and the premium of effective early warning systems will
be heightened.

Clearly famine has many causes of which drought is only one factor (FAO et al., 2019). But in many places in
the world characterized by poor food distribution systems and vulnerable populations, drought tends to be
one of the most common instigators of famine (cf. Funk et al., 2019). Famine has many causes, and can occur
without any climate drivers. This is particularly true in areas where communities depend on rainfed agricul-
ture or traditional livestock rearing for their livelihood (cf. Brown & Brickley, 2012). These regions are pri-
marily located in sub-Saharan Africa, South and Southeast Asia, and Latin America - all regions that are
particularly susceptible to shifts in climatic conditions such as a delay in the onset of the rainy season, or
interruptions to the rainy season (Verdin et al., 2005). In these regions, monitoring climatic indicators can
offer an opportunity to anticipate and prepare for food crises (Brown & Brickley, 2012; de Perez et al., 2019).
This does not mean that a severe drought necessarily must lead to famine - since poor governance, lack of
technical capacity or relief capacity, and conflict can exacerbate the impact of a minor drought that might
otherwise not result in a crisis (Devereux, 2019; Glantz, 2019). Nonetheless, the nexus of climate change
enhancing drought severity and famine poses one of the greatest global challenges we face today.

Existing early warning systems for famine tend to rely on community and household data that can be aggre-
gated up to larger scales, or crop assessments on the scale of kilometers or hectares (e.g., Funk &
Verdin, 2010; MDM Sri Lanka and WFP, 2017). In fact, globally standardized classifications of food insecur-
ity are expressed in terms of “1 in 5 households” or “4 in 5 households” (see Table 2). This makes sense
because suffering occurs at the household level. However, this does not mean that early warning data needs
to be restricted to the household level or farm field-level. Drought and food security crises can strike at much
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larger scales - at hundred or thousands of square kilometers, and even at the scale of nations (Verdin
et al., 2005). Collecting data on a spatial scale commensurate with large-scale drought and famine is a chal-
lenge from the perspective of cost and sampling design (see De Sherbinin et al., 2014). Here, the advent of
remote sensing instruments offers a possible cost-effective solution - these data provide large areal coverage
and can be made available at no (or low) cost to international agencies and scientists (Kogan, 2000).

Although remotely-sensed data currently provide input into drought and food security analysis, their use at
the global level is not systematic, partly due to insufficient consideration of end-user needs and technical
capacities (Purdy et al., 2019), and partly because in some contexts, climate data are deemed irrelevant given
the complexity of food security challenges (de Perez et al., 2019). In an effort to improve this situation, scien-
tists have begun to offer suggestions for how satellite data might be used as an input into early warning
decision-making (e.g., Verdin et al., 2005; de Perez et al., 2019). There is evidence that rainfall data over a
12-month period can anticipate drought risks in East Africa as much as six months in advance (de Perez
et al., 2019). Here we build off that recent work and develop an additional dimension to the use of satellite
data in early warning systems: the theory of tipping points in dynamic systems. Unlike household surveys, or
even crop field assessments, data streams from satellites can provide a richness of dynamics, and temporal
variability that lends itself to dynamic systems theory (e.g., Dakos et al., 2019; Reyer et al., 2015; van Nes
et al., 2014). After summarizing the types of pertinent data available from satellites and existing classifica-
tions of food insecurity, we explore “tipping point theory” as a possible framework that could enrich the
value of satellite data. More specifically, when the data records are sufficiently long, one might be able to
take advantage of changing statistical attributes of environmental time series beyond the 12-month or
within-year analyses that have recently shown so much promise (de Perez et al., 2019).

2. The Satellite Data Revolution

Remotely-sensed environmental data are already being used for drought and food security assessments,
though their use is still relatively limited. To date these applications of remotely sensed data have been
restricted to rainfall or vegetation indices (Otkin et al., 2015; Rojas et al., 2011; USGS 2017), and have tended
to focus on the relationship between what has happened in the last twelve months and what might be
expected in the upcoming growing season. When these climate data are used, it is widely appreciated that
climate data are only part of the picture - there are numerous social, political and economic factors that
can determine whether or not a famine occurs, and sometimes over-ride recent precipitation or temperature
regimes. However, there is general agreement that rainfall and other climatic factors are an important con-
tributor to food crises, at least in some regions of sub-Saharan Africa, Asia and Latin America (e.g., Brown &
Brickley, 2012; Haile, 2005; Verdin et al., 2005).

The ideal or optimal remotely sensed data for early warning systems would: 1) be global in coverage, or at
least cover all areas of the globe where drought is likely to be an issue, 2) have sufficient spatial resolution
to be relevant to the administrative units responsible for food security and famine relief, 3) have intervals
between data collection events short enough that the chance to respond to a food crisis has not passed, 4.)
be available at near-real-time so that they can be operational and useful for humanitarian planning, and
5) represent data that are ecologically or environmentally salient to crop or livestock failure.

In Table 1 we identify the satellite sensors for hydrological and vegetation indicators that best meet most of
the above criteria. For the purpose of famine and food production, all of the data sources in Table 2 are effec-
tively global in coverage. In terms of spatial resolution — administrative units relevant for food security range
from 1,500 m* (densely populated areas near urban centers) to 2,100 km? (scarcely populated regions in
desert regions), with the mean size being 150 km” or ~12 km pixels (derived using data from FEWS
NET, 2018). Nine of the fifteen satellite data sets have a resolution of 12 km pixels or better, and thus are
at a scale that is commensurate with administrative units. Responses to major drought-induced food crises
take on average three to four weeks to reach maximum operational capacity. This means that the temporal
resolution of environmental data similarly needs to be on the order of three to four weeks. Examining the
satellite data in Table 1, thirteen of the fifteen data sets are collected at intervals less than three weeks.
Finally, more than half of the remote sensing products examined here are available in near-real-time.). In
comparison, the availability of household or crop assessment data depends on the time required to conduct
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Table 1
Remotely-sensed environmental indicators that could be related to droughts or the impacts of droughts on food insecurity.
REGIONAL
UTILITY NOMINAL
FOR FOOD SPATIAL TEMPORAL AVAILABILITY
INDICATOR SECURITY SENSOR PRODUCT RESOLUTION RESOLUTION OF DATA
Precipitation Areas that depend on TRMM/GPM Rainfall rate 30 km 3 hours 1997-present
rainfed agriculture
Groundwater Regions with limited GRACE/GRACE-FO Total water 300 km 1 month 2002-2017,
rainfall that extract storage GRACE-FO:
groundwater for 2018
irrigation
Snowpack Areas that depend on MODIS MOD10 snow 500 m 8 days 2000-present
snowmelt for cover area
agricultural water MODIS MOD10 snow 25 km 8 days 2000-2008
water
equivalent
MODIS MOD10 snow 24 km daily 2000-2017
depth
Soil moisture Arid and semi-arid areas SMAP Soil moisture 36 km 50 hours 2015-present
with limited rainfall SMOS Soil moisture 35-50 km 23 days 2009-present
Sentinel-1 Soil moisture 500 m 6-12 days 2015-present
Evapotranspiration ~ Agricultural regions, MODIS MOD16 ET 500 m 8 days 2000-present
particularly irrigated ECOSTRESS L3 ET_PT-JPL 70 m 3-5 days 2018-present
crop land
NDVI Landsat Landsat NDVI 30 m 16 days Landsat 5-8:
1984-present
AVHRR AVHRR NDVI 1 km daily AVHRR-3:
1998-present
MODIS MOD13 250 m 16 days 1999-present
SPOT SPOT-VGT 1km 10 days 1998-present
Fluorescence 0CO-2 SIF ~2km 16 days 2014-present
fieldwork,and record and clean the data. Minimally this requires weeks, and usually longer than a month
(De Sherbinin et al., 2014).
3. “Tipping Point Theory” as a Framework Applied to Droughts and
Food Security
Tipping point theory emerges from the analysis on nonlinear dynamic systems and hence tends to be highly
abstract and mathematical (Dakos et al., 2019). Tipping points occur in nonlinear dynamic systems where an
incremental change in a variable can lead to a completely different state: a system moves from one equili-
brium state to a fundamentally different equilibrium state. These jumps to a new regime can happen because
one of the state variables is perturbed, or because a particular input or stress is gradually and incrementally
altered (Lenton, 2011). In its simplest form, the idea of a tipping point can be captured by the game “Jenga”,
whereby wooden blocks are stacked on top of each other, and players take turns to remove a block and place
it on top of the tower. The probability of a player's turn resulting in the collapse of the block tower is low,
though the probability increases with each turn. These gradual changes (removal of blocks) inexorably make
the structure unstable, until part (or all) of it collapses — game over. In tipping point theory, systems can
behave in a similar way, with each day of accumulated environmental stress pushing the system closer to
when it all tumbles down.
Because climate and food systems are highly nonlinear, there is merit in asking if tipping point theory might
provide ideas for how to analyze remotely sensed datasets. Without any theory, it is obvious that simple
increasing or decreasing trends can signal changes in the risk regime. However, droughts and famine need
not just be the result of gradual deterioration - they could be dramatic flips in a food system. In particular,
there is historical evidence that droughts have triggered abrupt food security crises (Fei & Zhou, 2016; Gupta
KRISHNAMURTHY R ET AL. 3o0f 14
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Table 2

Integrated Food Security Phase Classification (IPC). IPC phases are defined based on the classification criteria below (adapted from IPC Global Partners, 2012).

FOOD INSECURITY

IPC CLASS

Phase 1

Phase 2

Phase 4

CLASSIFICATION

CRITERIA

L. At least four out of every five households are able to meet food
Minimal security needs without resorting to atypical coping strategies.

At least one in five households is able to maintain adequate food
Stressed security but resorts to atypical coping strategies (such as selling
livestock or assets) to afford essential nonfood items.

@ At least one in five households have food consumption gaps with
) high acute malnutrition or are marginally able to maintain
& adequate food consumption only with sell of assets that will lead
iag to food gaps. National drought response.
'iﬁ fﬁl At least one in five households have large food consumption gaps
Emergency " resulting in very high acute malnutrition or mortality, or resort to
g F coping strategies that will result in large consumption gaps.
Lol o8 International drought response.
I3 o 3
T 'l‘ 'H‘ At least one in five households have an extreme lack of food or
g g ¢ other basic needs. Starvation, death and destitution are evident.
International drought response.
o I et

et al., 2019). In this regard, flash droughts are especially notable: they occur over shorter periods than
seasonal forecasts can anticipate (typically weeks) and can have severe effects on crop yields and grazing
lands (e.g., Otkin et al., 2016; Xiong et al., 2018). And even for droughts that develop gradually over
seasonal or annual scales, food security impact may manifest abruptly; for instance, the 2011 famine in
Eastern Africa occurred after several months of below-average rainfall in the region rather than during
the entire period of drought (Ververs, 2011). In such instances, framing impacts as tipping points offers a
quantitative approach for early warning analysis.

3.1. Droughts as Tipping Points

‘What might a famine tipping point look like? An example of a state-variable perturbation that could cause
such a tipping point is the addition of too many grazers to a grazer-pasture system. With the addition of too
many livestock, intense grazing might degrade the pasture and cause massive soil erosion, which means the
livestock cause even more damage because there is less forage, and ultimately a new state is reached that
entails semi-arid shrubland or desert as opposed to a fertile pasture (Ellis & Swift, 1988;
Fleischner, 1994). In this example, as forage stock is depleted vegetation health indices (such as the
Normalized Difference Vegetation Index) would detect lower inter-annual variability in NDVI conditions
signaling a transition to a landscape dominated by barren land or shrubs. Another major type of tipping
point entails a regime shift that occurs because some climatic stress or input is gradually increased. For
instance, the absence of rainfall during the rainy season could trigger a major crop failure and would repre-
sent a regime shift.

Currently, the leading metric used in famine early warning is the Integrated Food Security Phase
Classification (IPC; see IPC Global Partners, 2012). The IPC approach consists of collecting data on agricul-
tural production, food prices, nutrition rates, weather patterns, and other variables to determine the general
food security situation in an area based on five classes (Table 2). The IPC framework was introduced in 2007
and later refined in 2011 and is now used in more than fifty countries to compare food security in a standar-
dized manner (IPC Global Partners, 2012). The standardization of food security measurement provided a
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Average IPC Class

Worsening food security
N

v3 Minimal food insecurity or stressed (IPC Phase 1 or 2) Y
=50 Crisis (IPC Phase 3) Critical
W= Emergency (IPC Phase 4)

2014 2015 2016

Jul Oct Jan Apr Jul Oct Feb

Critical transition reached
(large areas experiencing
food insecurity)

transition
approaching

Figure 1. IPC classes provide an opportunity to identify drought tipping points that result in a food crisis. Application of IPC metrics to identify tipping points,
showing the transition from stable food security conditions to a food crisis resulting from drought in Ethiopia (derived using FEWS NET, 2018).

breakthrough in famine early warning systems because data quantifying food stress were sufficiently
standard that they can now be used to test retroactively whether or not any proposed early warning
system has merit. Indeed, leading food security early warning systems - such as the USAID-fiunded
Famine Early Warning System Network (FEWS NET) and the FAO's Global Information and Early
Warning System (GIEWS) - rely on the IPC classification system to trigger humanitarian responses. An
analogous approach, adjusted to crop patterns rather than food security conditions per se, is that of the
GEOGLAM Crop Monitor which is also based on a five-class system ranging from exceptional to
favorable, watch, poor and failure (see Whitcraft et al., 2015).

With this framework, a tipping point in a food system can be thought of as a shift between periods with mini-
mal food insecurity or mildly stressed food security (IPC 1 or 2) to a food crisis (IPC 3 or higher) in the fol-
lowing year (see Figure 1 for an illustration of this concept). We adopt this between-year filter to distinguish
from seasonal trends that happen every year (such as drying out through the growing season). An example of
a tipping point using the IPC categories is found in East Africa after the 2015/2016 El Nifio episode. Usually
El Nifio events yield extended autumn rains in East Africa, which is good for livestock grazing (Korecha &
Barnston, 2007). This was not the case for the 2015/2016 event, which instead was characterized by extre-
mely low rainfall in both the summer and autumns. This trend, combined with insufficient drought prepa-
redness, resulted in crop failures and livestock mortality — and consequently a depletion of livelihood assets
and food stocks. As a result, food security conditions deteriorated in large parts of northern and central
Ethiopia (see Figure 1), the arid and semi-arid areas of northern Kenya, central Somalia and the
Karamoja sub-region of Uganda (FEWS NET, 2017).

Early warning systems that incorporate climatic indicators have some record of success in mitigating major
food crises. In June of 2015, for instance, seasonal forecasts suggested that southern Africa would experience
drier-than-normal conditions during the rainy season that typically occurs between November and March.
Responding to these warnings, several governments pre-positioned food stocks and imported food. By
January, data indicated that the region was indeed experiencing its driest rainy season in over 35 years -
but effective integration of early warning and early interventions helped avert a far larger crisis. Similarly,
predictions of below-average rainfall in parts of Eastern Africa during the 2017 season were instrumental
in triggering a multi-agency humanitarian response. Despite the severity of the 2017 drought, relatively
few deaths were reported (Funk et al., 2018). Even in cases where drought is not the main contributor to
a food crisis, monitoring climatic indicators can provide useful information on the likelihood of potential
changes in food prices, conflict, migration and other socioeconomic information that might trigger a crisis
as environmental and socioeconomic indicators are intricately inter-connected (e.g., de Perez et al., 2019).

3.2. Early Warning of Tipping Points

Tipping point theory has identified four major statistical diagnostics that might be used as early warning sig-
nals of an impending tipping point (e.g., Lenton, 2011):
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Figure 2. Four main tipping point characteristics may be identified for early warning signals. The examples illustrate an early warning signal identified by (a) auto-
correlation towards the end of a glacial period (Dakos et al., 2008), (b) skewness associated with ice melt (Golledge et al., 2017), (c) increased variance with
eutrophication (Carpenter & Brock, 2006), and (d) a theoretical example of a rate-dependent threshold for modeled carbon release from peatlands as a temperature

threshold is reached.

Autocorrelation: In tipping point theory, dynamical systems that are approaching a transition typically
exhibit ‘critical slowing down’ ( on, 2011), which statistically would be manifested as increased autocor-
relation. Detection of tipping points through analysis of autocorrelation has been conducted for
long-term processes occurring at decadal to century scales, such as the end of glacial phases or deserti-
fication of North Africa (Dakos et al., 2008; Figure 2(a)). Decadal and century timeframes are far too
long to be useful for early warning of famine, which occurs on sub-annual scales that might not be
preceded by critical slowing down signals (cf. Boettiger et al., 2013). However, examples from the eco-
logical equilibrium field have shown that regime changes can be detected through autocorrelation
metrics on annual timescales for collapse of quail populations (Hefley et al., 2013), on the scale of

months in phytoplankton cycles (Batt et al., 2013), and on the scale of days for plankton populations
(Veraart et al., 2012).

Skewness: Some disturbances push a system closer to the boundary of an alternative state, which statistically
can be manifested as an increase in skewness and a decrease in the “normalcy” of a data series. (Guttal &
Jayaprakash, 2008). Golledge et al. (2017) detected a tipping point in East Antarctic ice-sheet mass during
the Pliocene era through increasing skewness. As with autocorrelation analysis, skewness requires consis-
tent data points for long timeseries (Figure 2(b)).

Increased variance: A system characterized by noise, such as a climate system, could exhibit flickering: this
is the condition whereby strong disturbances push the system across boundaries of alternative states (Dakos
et al., 2012; Scheffer et al., 2009). Flickering and critical slowing down correspond to higher variance prior to
a complete transition as shown by increases in standard deviation or amplitude of a particular variable
(Figure 2(c)). Using variance, Carpenter and Brock (2006) identified tipping points in eutrophication rates

due to phosphorus fertilization, and Takimoto (2009) found transitions in demographic shifts among
invasive species.
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Figure 3. In our conceptual model, the transition of interest is the regime shift from favorable food security conditions
into a food crisis, and vice versa. Favorable conditions might include by sufficient (or surplus) food, while a crisis might
be characterized by depletion of food stocks or loss of livelihoods. Environmental indicators derived from satellite
observations might enable early detection of such transitions through specific statistical diagnostics, such as increasing
autocorrelation, allowing governments and the humanitarian system to prepare for food crises.

Thresholds: A fourth methodological approach which holds potential for the identification of tipping points
is based on the idea of rate-dependent tipping, whereby the forcing has to exceed a threshold to result in a
critical transition (Ashwin et al., 2012; Siteur et al., 2016; Figure 2(d)). In the context of drought and food
security, rate-dependent tipping may be quantified as, for instance, the number of days with
below-average precipitation during the initial phase of the rainy season, triggering a drought tipping.
Rate-dependent tipping is a relatively novel concept and much work is yet to be conducted to determine
whether threshold analysis can provide meaningful early warning signals. A working example that has been
identified in the literature is that of ‘compost bomb instability’, whereby there is an explosive release of soil
carbon from peatlands after a critical rate of global warming is reached (Wieczorek et al., 2011). As with
other diagnostic approaches, rate-dependent tipping requires highly dense timeseries.

3.3. Operationalizing Tipping Point Diagnostics for Famine Early Warning Signals: Combining
IPC Metrics, Satellite-Derived Environmental Variables and Tipping Point Theory

The four statistical diagnostics - namely, autocorrelation, skewness, variance and threshold exceedance -
offer an opportunity to operationalize an early warning system that detects transitions from one state of food
security conditions (e.g., minimal food insecurity, or IPC Phase 1) to a state of a food crisis (e.g., IPC Phase 3).
In such a system specific diagnostics associated with an environmental variable would be monitored, and
when specific thresholds are met, a famine warning would be triggered (Figure 3).

4. Potential Remotely-Sensed Indicators of Tipping Points

Given the range of hydrological and vegetation indicators available, a key question is which environmental
indicators (or combination of indicators) are best-suited for early warning. Below we highlight the utility of
the various indicators for drought and food security analysis, and discuss their promise for future analyses.

4.1. Hydrological Indicators

4.1.1. Precipitation

In rainfed agricultural systems, which dominate in much of sub-Saharan Africa, South Asia and Latin
America, the main source of water for agriculture is seasonal precipitation and droughts are often associated
with below-average rainfall levels (Salmon et al., 2015; Senay et al., 2015). Rainfall monitoring is one of the
most direct and simplest methods to assess potential critical transitions. In the context of rainfall, a tipping
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point might be thought of as a transition towards more variable seasonal rainfall resulting in more extreme
rainfall extremes (both high and low) and subsequent crop losses during the agricultural season (cf.
Trenberth, 2011). Satellite products, such as those from the Global Precipitation Measurement constellation,
offer data at the global level and are useful for identifying such tipping points. The long-term historical data-
set available from GPM measurements as well as the high temporal resolution are significant advantages for
early warning analysis. But the relatively low spatial resolution (30 km) is likely to limit early detection of
tipping points to droughts covering a large geographical area — and decisions based on precipitation data
would have to take place at regional scales rather than at the subnational level.

4.1.2. Groundwater

In addition to rainfall, groundwater is a major source of agricultural water. Groundwater extraction is
both a response to dry conditions, and a contributing factor to more intense drought (Zaveri et al., 2016).
Abrupt decreases in groundwater availability (for instance, through a severe drought) would result in a
lower water table, to a point at which water pumps may not be economically or physically feasible
(van Lanen & Peters, 2000). Such tipping points would have significant effects not only on seasonal agri-
culture but on long-term water availability. GRACE/GRACE-FO observations offer estimates of total
water storage that can be used as a proxy of groundwater levels, providing unprecedented potential to
measure groundwater globally and detect the point at which groundwater shortage may reach the tipping
points highlighted here. Droughts associated with groundwater shortages occur over large geographic
areas and at seasonal or longer timescales (Li & Rodell, 2015). GRACE/GRACE-FO data have the lowest
resolution of all sensors evaluated here — which will pose a challenge for analysis at geographic scales that
are relevant for government planning. In addition, temporal resolutions of monthly intervals of
remotely-sensed groundwater data (Swenson et al., 2003) do not allow for timely preparedness.
However, initial work has shown that assimilation of GRACE/GRACE-FO data into land surface models
(e.g. Girotto et al., 2016; Zaitchik et al., 2008) can enhance spatial and temporal resolution, which may
prove useful for early detection.

4.1.3. Snowpack

Snow behaves as a natural reservoir for water, particularly in mountainous environments. Monitoring
snow is essential for drought assessment, particularly in mountainous environments where snow melt
provides the main source of water for agricultural livelihoods (AghaKouchak et al., 2015). A tipping
point in snowpack could be linked to rising temperatures. As mountain regions reach temperatures over
0 degrees Celsius earlier in the season, accelerated snowmelt may limit the amount of water available
during the agricultural season (Molden et al., 2016). A related but more extreme tipping point is the
potential for total loss of snowpack (e.g., Fyfe et al., 2017), which could result in a food security tipping
point by reducing availability of water for crops such as paddy and wheat in mountainous regions where
no alternative irrigation sources exist — such as in the high mountains of Nepal (Krishnamurthy
et al., 2013). The use of snow data for drought assessment is less developed compared to other hyrdolo-
gical products; in part, this is attributable to the lag between snowmelt and the change in water avail-
ability (AghaKouchak et al., 2015). This time lag is a benefit for early warning and identification of
tipping points over longer timescales (e.g. Huang et al., 2015), and temporal resolutions of 1-2 weeks
is sufficient to detect potential tipping points. However, the lag between snowfall, melt and runoff varies
significantly by region and season, so careful analysis is required to translate this lag into meaningful
tipping points.

4.1.4. Soil Moisture

Soil moisture is a critical element of the hydrological cycle that directly affects plant water availability, over-
all plant productivity and crop yields - especially in arid and semiarid areas with limited water and marginal
agricultural lands (Martinez-Fernandez et al., 2016; Wang et al., 2016; Sietz et al., 2017). In such regions, a
tipping point may result from the depletion of soil moisture that in turn places plants under stress, and can
even lead to plant mortality (Tietjen et al., 2017). Consequently, measurements of soil moisture through
SMAP, SMOS and Sentinel-1 are critical for assessment of drought tipping points, particularly in environ-
ments prone to food insecurity (cf. Cleverly et al., 2016; Sohrabi et al., 2015). While soil moisture data are
promising for tipping point analysis, the extent of historical satellite measurements is currently too limited
to provide baseline dynamics against which a tipping point might be detected. In addition, as with rainfall
measurements, soil moisture data are reported at relatively low resolutions (36 km), limiting their utility
to regional or large-scale droughts.
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4.2. Vegetation Indicators

4.2.1. Vegetation Health (NDVI)

Vegetation indices such as the normalized difference vegetation index (NDVI; Tucker, 1978; Vrieling
et al., 2016) and the vegetation health index (VHI; Rojas et al., 2011) are routinely assessed to determine
drought impacts on food security (Brown, 2016; Enenkel et al., 2015), particularly in regions with simple
topography and well-defined rainfall seasonality (Karnieli et al., 2010). A tipping point measured by
NDVI (or related vegetation indices) may be identified through a sharp decrease in greenness before the
end of the agricultural season (e.g. Zhou et al., 2017). NDVI calculations from Landsat, AVHRR, MODIS
and SPOT-VGT observations have been successfully used to monitor drought (and translate drought to food
security impact). However, when NDVI anomalies have been detected, they are typically detected while a
drought is occurring, which might be too late to be much use in terms of early warning.. But NDVI could
confirm a tipping point anticipated by analyses of other data streams.

4.2.2. Chlorophyll Fluorescence

Solar-induced chlorophyll fluorescence (SIF) is a relatively novel indicator used to monitor drought
dynamics. Fluorescence measures the biochemical, physical and metabolic functions of plants, including
photosynthesis, and can be used to assess changes in these functions during a drought event (Sun et al., 2017).
A reduction in photosynthesis (as expected in drought conditions) would translate to lower fluorescence
yield (Daumard et al., 2010) and could potentially be linked to drought tipping. The application of SIF from
OCO-2 observations on drought assessment has been relatively limited given its novelty; however, initial
analyses suggest that fluorescence anomalies are closely related to drought intensity and soil moisture in
Texas and the US Mid-West (Sun et al., 2015). However, as with NDVI, metabolic functions of plants are
likely to show the characteristics of a transition after a tipping point, and hence may be more useful for con-
firming rather than forecasting a drought.

4.2.3. Evapotranspiration (ET)

ET is a major component of terrestrial ecosystems that links the water, energy and carbon cycles, represent-
ing the exchange of water and energy between ecosystems and the atmosphere (Chen et al., 2014). Increased
ET rates are linked to higher water stress and therefore reduced net primary productivity and agricultural
yield. Monitoring of ET rates has been used in drought assessments (Begueria et al., 2014) and has accurately
identified the magnitude of drought events in situations where stand-alone precipitation measurements
failed to reflect the extent or seriousness of the drought (Dubrovsky et al., 2009). This is because ET repre-
sents the demand for water rather than the supply (for instance, precipitation, snow, groundwater and soil
moisture are useful measurements of supply), and an increasing demand for water at the global level neces-
sitates greater consideration of both sides of the supply-demand equation (Fisher et al., 2017). In the context
of ET, a tipping point can be thought of as the moment when stomata close to limit water loss through tran-
spiration, stopping carbon uptake. ET measurements are available from Landsat, MODIS and the recently
launched ECOSTRESS mission, and provide data to evaluate the risk of drought tipping points in
near-real-time. ET measurements occur at the appropriate temporal and spatial resolutions for food
security-relevant early warning systems, and moreover link hydrology to vegetation. Therefore, ET is likely
to prove an extremely valuable indicator for identifying tipping points.

5. Limitations - Yes, but Too Much Potential to Ignore

In agricultural and livestock systems, tipping point research has been limited by data - the absence of long
time series of data at the needed temporal scale and spatial scales. Several of the satellite instruments used
for drought assessment have only started collecting data within the last decade, with merely a handful of
measurements (primarily precipitation- and vegetation-based) available for more than 20 years. Some of
the more recent sensors for soil moisture (SMAP) and fluorescence (OCO-2 SIF) provide time-series data
for fewer than 5 years. In addition, efforts such as the NASA MEaSUREs (Making Earth System Data
Records for Use in Research Environments) program, which aims to create long-term records by combining
data from different missions, will accelerate progress. Moreover, in its 2017-2027 Decadal Strategy, the US
National Academies of Sciences, Engineering and Mathematics highlighted the importance of enhancing
applications of remote sensing data for water resource management while also stressing the relevance of
vegetation stress information for a variety of applications including ecosystem health and agriculture
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(NASEM, 2018). As such, the remote sensing data highlighted in this paper will be prioritized and will likely
continue to be available, either with existing or upcoming missions (NASEM, 2018).

Though we argue that remote sensing holds great potential for improving early warning systems, this is
not to say that the use of remote sensing data is without limits. Remote sensing data are subject to error,
largely due to cloud cover, atmospheric interference, geometric distortions and sensor degradation (which
can include scanline problems) (Campbell & Wynne, 2011). These errors could lead to inaccurate inter-
pretations of signals Various efforts have attempted to quantify error rates through different approaches
- including accuracy rates comparing satellite and ground measurements (measured in percentages, bias,
or root mean square error) and uncertainty ranges (measured in the unit of measurement of the satellite).
The nature of these errors is different for each measurement. In mountainous regions of Ethiopia, for
instance, remote sensors underestimate rainfall (Romilly & Gebremichael, 2011) while MODIS products
tend to underestimate snow cover in heavily clouded regions and in areas with thin snow (Hall &
Riggs, 2007). Measurements of error suggest high accuracy for SMAP (0.04 cm® cm™>, Das et al., 2015),
GRACE (8 mm per season, Strassberg et al., 2007), TRMM (84%, Hirpa et al., 2010), and MODIS snow
(93%, Hall & Riggs, 2007), NDVI (88%, Lunetta et al., 2006) and ET (70-85%, Velpuri et al., 2013). The
relatively high accuracy indicate that the data have utility for detection of tipping points (and other appli-
cations); still, taking inaccuracies into account is important when interpreting data and translating them
into early warning signals.

Assuming there are sufficiently long-terms and fine scale data, it is not clear that remote sensing data can, in
fact, be used to forecast a tipping point (cf. Andreadis et al., 2017). Each drought is different. Traditional defi-
nitions of drought center around intensity and impacts, ranging from meteorological (based on anomalies
from average precipitation) to hydrological (where there is persistently low water availability), agricultural
(where there is insufficient water for crops) and socioeconomic drought (when societal demand for water
exceeds supply, leading to reduced hydropower and municipal water supply) (Fisher & Andreadis, 2014;
Wilhite, 2016). The heterogeneity of droughts means that not every drought will lead to a food crisis: there
are years during which the conditions for agricultural drought are met, but there is no food security impact,
and conversely there are years during which a less severe meteorological drought results in food scarcity (cf.
Lewis, 2017). A fundamental task is therefore identifying the subtle differences in system dynamics that
occur prior to a major food crisis triggered by drought compared to other events. In other words, the chal-
lenge is whether remote sensing indicators can be used effectively to detect abrupt transitions towards food
insecurity rather than simply seasonal trends or inter-annual variability.

A final limitation entails the reality of political and social factors. A variety of famine early warning tools are
already in existence (e.g., the USAID Famine Early Warning System, FAO's Global Information and Early
Warning System, and WFP's Corporate Alert System). Yet, food crises still occur. In part, this discrepancy
arises when the alerts generated by early warning systems are not credible, either because the quality of
inputs is questionable or because the different warning systems provide conflicting messages (Lautze
et al., 2012). At the same time, early warning systems are political tools and depend on agreement that there
isa problem, that it is urgent and that a solution is feasible (Zschau & Kiippers, 2013). It is easy to understand
why governments may either not want to admit there is a crisis, or — conversely — claim a crisis that was in
fact not a crisis (Hillbruner & Moloney, 2012; Maxwell & Fitzpatrick, 2012). That said, any methodological
improvements in the effectiveness and credibility of early warning metrics can only help governments make
better decisions (Choularton & Krishnamurthy, 2019).

Satellite data are unique in being global, georeferenced, available soon after measurement, and generally
inexpensive to end users (Kogan, 2000). Moreover they record a wide variety of attributes—from soil moist-
ure to snow pack. Satellite data will always need ground-truthing, but given the expected increase in
droughts, with all the human tragedy these droughts can create, satellite data warrant our attention. In par-
ticular, because satellite data are only going to improve, and because we will have an increasing number of
droughts for which we also have satellite data with a long lead time - a high priority for research should be
testing different ways of processing these data to generate an early warning for droughts that can trigger food
crises. Tipping point theory is one possible framework because it generates diagnostics that generate a signal
of impending crisis conditions before as opposed to during the event. Practical application of tipping point
theory requires dense data streams (in time and space) and this is exactly what satellite remote sensing
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series of remotely sensed data that preceded these events.

Data

Data were not used, nor created for this research.

References

AghaKouchak, A., Farahmand, A., Melton, F. S., Teixeira, J., Anderson, M. C., Wardlow, B. D., & Hain, C. R. (2015). Remote
sensing of drought: Progress, challenges and opportunities. Reviews of Geophysics, 53(2), 452-480. https://doi.org/10.1002/
2014RG000456

Andreadis, K. M., Das, N., Stampoulis, D., Ines, A., Fisher, J. B., Granger, S., et al. (2017). The Regional Hydrologic Extremes Assessment
System: A software framework for hydrologic modeling and data assimilation. PLoS ONE, 12(5), €0176506. https://doi.org/10.1371/
journal.pone.0176506

Ashwin, P., Wieczorek, S., Vitolo, R., & Cox, P. (2012). Tipping points in open systems: bifurcation, noise-induced and rate-dependent
examples in the climate system. Philosophical Transactions of the Royal Society A, 370(1962), 1166-1184. https://doi.org/10.1098/
rsta.2011.0306

Batt, R. D., Brock, W. A., Carpenter, S. R., Cole, J. J., Pace, M. L., & Seekell, D. A. (2013). Asymmetric response of early warning indicators of
phytoplankton transition to and from cycles. Theoretical Ecology, 6(3), 285-293. https://doi.org/10.1007/512080-013-0190-8

Begueria, S., Vicente-Serrano, S. M., Reig, F., & Latorre, B. (2014). Standardized precipitation evapotranspiration index (SPEI) revisited:
parameter fitting, evapotranspiration models, tools, datasets and drought monitoring. International Journal of Climatology, 34(10),
3001-3023. https://doi.org/10.1002/joc.3887

Boettiger, C., Ross, N., & Hastings, A. (2013). Early warning signals: the charted and uncharted territories. Theoretical Ecology, 6(3),
255-264. https://doi.org/10.1007/s12080-013-0192-6

Brown, M. E. (2016). Remote sensing technology and land use analysis in food security assessment. Journal of Land Use Science, 11(6),
623-641. https://doi.org/10.1080/1747423X.2016.1195455

Brown, M. E., & Brickley, E. B. (2012). Evaluating the use of remote sensing data in the US Agency for International Development Famine
Early Warning Systems Network. Journal of Applied Remote Sensing, 6(1), 063511.

Campbell, J. B., & Wynne, R. H. (2011). Introduction to remote sensing. Guilford Press.

Carpenter, S. R., & Brock, W. A. (2006). Rising variance: a leading indicator of ecological transition. Ecology Letters, 9(3), 311-318. https://
doi.org/10.1111/j.1461-0248.2005.00877.X

Chen, Y., Xia, J., Liang, S., Feng, J., Fisher, J. B., Li, X,, et al. (2014). Comparison of satellite-based evapotranspiration models over ter-
restrial ecosystems in China. Remote Sensing of Environment, 140, 279-293. https://doi.org/10.1016/j.rse.2013.08.045

Choularton, R. J., & Krishnamurthy, P. K. (2019). How accurate is food security early warning? Evaluation of FEWS NET accuracy in
Ethiopia. Food Security, 11(2), 333-344. https://doi.org/10.1007/s12571-019-00909-y

Cleverly, J., Eamus, D., Coupe, N. R., Chen, C., Maes, W, Li, L., et al. (2016). Soil moisture controls on phenology and productivity in a
semi-arid critical zone. Science of the Total Environment, 568, 1227-1237. https://doi.org/10.1016/j.scitotenv.2016.05.142

Cook, B. I, Mankin, J. S., & Anchukaitis, K. J. (2018). Climate change and drought: From past to future. Current Climate Change Reports,
4(2), 164-179. https://doi.org/10.1007/s40641-018-0093-2

Dakos, V., Kéfi, S., Rietkerk, M., Van Nes, E. H., & Scheffer, M. (2012). Slowing down in spatially patterned ecosystems at the brink of
collapse. The American Naturalist, 177(6), E153-E166.

Dakos, V., Matthews, B., Hendry, A. P., Levine, J., Loeuille, N., Norberg, J., et al. (2019). Ecosystem tipping points in an evolving world.
Nature ecology & evolution, 3(3), 355-362. https://doi.org/10.1038/s41559-019-0797-2

Dakos, V., Scheffer, M., van Nes, E. H., Brovkin, V., Petoukhov, V., & Held, H. (2008). Slowing down as an early warning signal for
abrupt climate change. Proceedings of the National Academy of Sciences, 105(38), 14,308-14,312. https://doi.org/10.1073/pnas.
0802430105

Das, N. N., Entekhabi, D., Dunbar, R. S., Njoku, E. G., & Yueh, S. H. (2015). Uncertainty estimates in the SMAP combined active-passive
downscaled brightness temperature. IEEE Transactions on Geoscience and Remote Sensing, 54(2), 640-650.

Daumard, F., Champagne, S., Fournier, A., Goulas, Y., Ounis, A., Hanocq, J. F., & Moya, 1. (2010). A field platform for continuous mea-
surement of canopy fluorescence. IEEE Transactions on Geoscience and Remote Sensing, 48(9), 3358-3368. https://doi.org/10.1109/
TGRS.2010.2046420

de Perez, E. C., van Aalst, M., Choularton, R., van den Hurk, B., Mason, S., Nissan, H., & Schwager, S. (2019). From rain to famine: assessing
the utility of rainfall observations and seasonal forecasts to anticipate food insecurity in East Africa. Food Security, 11(1), 57-68. https://
doi.org/10.1007/512571-018-00885-9

De Sherbinin, A., Levy, M. A,, Zell, E., Weber, S., & Jaiteh, M. (2014). Using satellite data to develop environmental indicators.
Environmental Research Letters, 9(8), 084013. https://doi.org/10.1088/1748-9326/9/8/084013

Devereux, S. (2019). 11 Preventable famines. In An Economic History of Famine Resilience (p. 203). https://doi.org/10.4324/
9780429200632-11

Diffenbaugh, N. S., Swain, D. L., & Touma, D. (2015). Anthropogenic warming has increased drought risk in California. Proceedings of the
National Academy of Sciences, 112(13), 3931-3936. https://doi.org/10.1073/pnas.1422385112

Dubrovsky, M., Svoboda, M. D., Trnka, M., Hayes, M. J., Wilhite, D. A., Zalud, Z., & Hlavinka, P. (2009). Application of relative drought
indices in assessing climate-change impacts on drought conditions in Czechia. Theoretical and Applied Climatology, 96(1-2), 155-171.
https://doi.org/10.1007/s00704-008-0020-x

Ellis, J. E., & Swift, D. M. (1988). Stability of African pastoral ecosystems: alternate paradigms and implications for development. Rangeland
Ecology & Management/Journal of Range Management Archives, 41(6), 450-459.

Enenkel, M., See, L., Bonifacio, R., Boken, V., Chaney, N., Vinck, P., et al. (2015). Drought and food security-Improving decision-support
via new technologies and innovative collaboration. Global Food Security, 4, 51-55. https://doi.org/10.1016/j.gfs.2014.08.005

FAO, IFAD, UNICEF, WFP, & WHO (2019). The state of food security and nutrition in the world 2019: Safeguarding against economic
slowdowns and downturns. FAO: Rome.

KRISHNAMURTHY R ET AL.

11 of 14


https://doi.org/10.1002/2014RG000456
https://doi.org/10.1002/2014RG000456
https://doi.org/10.1371/journal.pone.0176506
https://doi.org/10.1371/journal.pone.0176506
https://doi.org/10.1098/rsta.2011.0306
https://doi.org/10.1098/rsta.2011.0306
https://doi.org/10.1007/s12080-013-0190-8
https://doi.org/10.1002/joc.3887
https://doi.org/10.1007/s12080-013-0192-6
https://doi.org/10.1080/1747423X.2016.1195455
https://doi.org/10.1111/j.1461-0248.2005.00877.x
https://doi.org/10.1111/j.1461-0248.2005.00877.x
https://doi.org/10.1016/j.rse.2013.08.045
https://doi.org/10.1007/s12571-019-00909-y
https://doi.org/10.1016/j.scitotenv.2016.05.142
https://doi.org/10.1007/s40641-018-0093-2
https://doi.org/10.1038/s41559-019-0797-2
https://doi.org/10.1073/pnas.0802430105
https://doi.org/10.1073/pnas.0802430105
https://doi.org/10.1109/TGRS.2010.2046420
https://doi.org/10.1109/TGRS.2010.2046420
https://doi.org/10.1007/s12571-018-00885-9
https://doi.org/10.1007/s12571-018-00885-9
https://doi.org/10.1088/1748-9326/9/8/084013
https://doi.org/10.4324/9780429200632-11
https://doi.org/10.4324/9780429200632-11
https://doi.org/10.1073/pnas.1422385112
https://doi.org/10.1007/s00704-008-0020-x
https://doi.org/10.1016/j.gfs.2014.08.005

A
AUV
ADVANCING EARTH
AND SPACE SCIENCE

Earth's Future 10.1029/2019EF001456

Fei, J., & Zhou, J. (2016). The drought and locust plague of 942-944 AD in the Yellow River Basin, China. Quaternary International, 394,
115-122. https://doi.org/10.1016/j.quaint.2014.11.053

FEWS NET (2017). Delayed onset of long rains exacerbating Crisis outcomes. Retrieved from https://fews.net/east-africa/kenya/key--
messageupdate/march-2017

FEWS NET. (2018). FEWS NET. Retrieved from http://fews.net/

Fisher, J. B., & Andreadis, K. M. (2014). Drought: Roles of Precipitation, Evapotranspiration, and Soil Moisture. In Encyclopedia of Natural
Resources: Air (pp. 1015-1017). New York: Taylor and Francis. https://doi.org/10.1081/E-ENRA-120047659

Fisher, J. B., Melton, F., Middleton, E., Hain, C., Anderson, M., Allen, R., et al. (2017). The future of evapotranspiration: Global require-
ments for ecosystem functioning, carbon and climate feedbacks, agricultural management, and water resources. Water Resources
Research, 53(4), 2618-2626. https://doi.org/10.1002/2016WR020175

Fleischner, T. L. (1994). Ecological costs of livestock grazing in western North America. Conservation Biology, 8(3), 629-644. https://doi.
0rg/10.1046/j.1523-1739.1994.08030629.x

Funk, C., Davenport, F., Eilerts, G., Nourey, N., & Galu, G. (2018). Contrasting Kenyan resilience to drought: 2011 and 2017.

Funk, C., Shukla, S., Thiaw, W. M., Rowland, J., Hoell, A., McNally, A., et al. (2019). Recognizing the Famine Early Warning Systems
Network: Over 30 Years of Drought Early Warning Science Advances and Partnerships Promoting Global Food Security. Bulletin of the
American Meteorological Society, 100(6), 1011-1027. https://doi.org/10.1175/BAMS-D-17-0233.1

Funk, C., & Verdin, J. P. (2010). Real-time decision support systems: the famine early warning system network. In Satellite rainfall
applications for surface hydrology (pp. 295-320). Dordrecht: Springer. https://doi.org/10.1007/978-90-481-2915-7_17

Fyfe, J. C., Derksen, C., Mudryk, L., Flato, G. M., Santer, B. D., Swart, N. C., et al. (2017). Large near-term projected snowpack loss over the
western United States. Nature Communications, 8(1), 14996. https://doi.org/10.1038/ncomms14996

Girotto, M., De Lannoy, G. J., Reichle, R. H., & Rodell, M. (2016). Assimilation of gridded terrestrial water storage observations from
GRACE into a land surface model. Water Resources Research, 52(5), 4164-4183. https://doi.org/10.1002/2015WR018417

Glantz, M. H. (2019). Drought, Famine, and the Seasons. African Food Systems in Crisis: Part One: Microperspectives, 45. https://doi.org/
10.4324/9780429296789-2

Golledge, N. R., Thomas, Z. A., Levy, R. H., Gasson, E. G., Naish, T. R., McKay, R. M., et al. (2017). Antarctic climate and ice-sheet con-
figuration during the early Pliocene interglacial at 4.23 Ma. Climate of the Past, 13(7), 959-975. https://doi.org/10.5194/cp-13-959-2017

Gupta, A. K., Dutt, S., Cheng, H., & Singh, R. K. (2019). Abrupt changes in Indian summer monsoon strength during the last~ 900 years and
their linkages to socio-economic conditions in the Indian subcontinent. Paleogeography, Palaeoclimatology, Palaeoecology, 536, 109347.
https://doi.org/10.1016/j.palaeo.2019.109347

Guttal, V., & Jayaprakash, C. (2008). Changing skewness: an early warning signal of regime shifts in ecosystems. Ecology Letters, 11(5),
450-460. https://doi.org/10.1111/j.1461-0248.2008.01160.x

Haile, M. (2005). Weather patterns, food security and humanitarian response in sub-Saharan Africa. Philosophical Transactions of the Royal
Society, B: Biological Sciences, 360(1463), 2169-2182. https://doi.org/10.1098/rstb.2005.1746

Hall, D. K., & Riggs, G. A. (2007). Accuracy assessment of the MODIS snow products. Hydrological Processes: An International Journal,
21(12), 1534-1547. https://doi.org/10.1002/hyp.6715

Hefley, T. I., Tyre, A. J., & Blankenship, E. E. (2013). Statistical indicators and state-space population models predict extinction in a
population of bobwhite quail. Theoretical Ecology, 6(3), 319-331. https://doi.org/10.1007/s12080-013-0195-3

Hillbruner, C., & Moloney, G. (2012). When early warning is not enough—Lessons learned from the 2011 Somalia Famine. Global Food
Security, 1(1), 20-28. https://doi.org/10.1016/j.gfs.2012.08.001

Hirpa, F. A., Gebremichael, M., & Hopson, T. (2010). Evaluation of high-resolution satellite precipitation products over very complex
terrain in Ethiopia. Journal of Applied Meteorology and Climatology, 49(5), 1044-1051. https://doi.org/10.1175/2009JAMC2298.1

Huang, K., Yi, C., Wu, D., Zhou, T., Zhao, X., Blanford, W. J., et al. (2015). Tipping point of a conifer forest ecosystem under severe drought.
Environmental Research Letters, 10(2), 024011. https://doi.org/10.1088/1748-9326/10/2/024011

IPC Global Partners. (2012). Integrated Food Security Phase Classification Technical Manual Version 2.0. Evidence and Standards for
Better Food Security Decisions. FAO. Rome.

Karnieli, A., Agam, N., Pinker, R. T., Anderson, M., Imhoff, M. L., Gutman, G. G., et al. (2010). Use of NDVI and land surface temperature
for drought assessment: Merits and limitations. Journal of Climate, 23(3), 618-633. https://doi.org/10.1175/2009JCLI2900.1

Kogan, F. N. (2000). Contribution of remote sensing to drought early warning. Early warning systems for drought preparedness and drought
management, 75-87.

Korecha, D., & Barnston, A. G. (2007). predictability of June-September rainfall in Ethiopia. Monthly Weather Review, 135(2), 628-650.
https://doi.org/10.1175/MWR3304.1

Krishnamurthy, P.K., Hobbs, C., Matthiasen, A., Hollema, S.R., Choularton, R.J., Pahari, K., & Kawabata, M. (2013). Climate risk and food
security in Nepal—analysis of climate impacts on food security and livelihoods.

Krishnamurthy, P. K., Lewis, K., & Choularton, R. J. (2014). A methodological framework for rapidly assessing the impacts of climate risk
on national-level food security through a vulnerability index. Global Environmental Change, 25, 121-132. https://doi.org/10.1016/j.
gloenvcha.2013.11.004

Lautze, S., Bell, W., Alinovi, L., & Russo, L. (2012). Early warning, late response (again): the 2011 famine in Somalia. Global Food Security,
1(1), 43-49. https://doi.org/10.1016/].gfs.2012.07.006

Lenton, T. M. (2011). Early warning of climate tipping points. Nature Climate Change, 1(4), 201-209.

Lesk, C., Rowhani, P., & Ramankutty, N. (2016). Influence of extreme weather disasters on global crop production. Nature, 529(7584),
84-87. https://doi.org/10.1038/nature16467

Lewis, K. (2017). Understanding climate as a driver of food insecurity in Ethiopia. Climatic Change, 144(2), 317-328. https://doi.org/
10.1007/s10584-017-2036-7

Li, B., & Rodell, M. (2015). Evaluation of a model-based groundwater drought indicator in the conterminous US. Journal of Hydrology, 526,
78-88. https://doi.org/10.1016/jjhydrol.2014.09.027

Lunetta, R. S., Knight, J. F., Ediriwickrema, J., Lyon, J. G., & Worthy, L. D. (2006). Land-cover change detection using multi-temporal
MODIS NDVI data. Remote Sensing of Environment, 105(2), 142-154. https://doi.org/10.1016/j.rse.2006.06.018

Martinez-Fernandez, J., Gonzalez-Zamora, A., Sanchez, N., Gumuzzio, A., & Herrero-Jiménez, C. M. (2016). Satellite soil moisture for
agricultural drought monitoring: Assessment of the SMOS derived Soil Water Deficit Index. Remote Sensing of Environment, 177,
277-286. https://doi.org/10.1016/j.rse.2016.02.064

Maxwell, D., & Fitzpatrick, M. (2012). The 2011 Somalia famine: Context, causes, and complications. Global Food Security, 1(1), 5-12.
https://doi.org/10.1016/j.gfs.2012.07.002

KRISHNAMURTHY R ET AL.

12 of 14


https://doi.org/10.1016/j.quaint.2014.11.053
https://fews.net/east-africa/kenya/key-messageupdate/march-2017
https://fews.net/east-africa/kenya/key-messageupdate/march-2017
http://fews.net/
https://doi.org/10.1081/E-ENRA-120047659
https://doi.org/10.1002/2016WR020175
https://doi.org/10.1046/j.1523-1739.1994.08030629.x
https://doi.org/10.1046/j.1523-1739.1994.08030629.x
https://doi.org/10.1175/BAMS-D-17-0233.1
https://doi.org/10.1007/978-90-481-2915-7_17
https://doi.org/10.1038/ncomms14996
https://doi.org/10.1002/2015WR018417
https://doi.org/10.4324/9780429296789-2
https://doi.org/10.4324/9780429296789-2
https://doi.org/10.5194/cp-13-959-2017
https://doi.org/10.1016/j.palaeo.2019.109347
https://doi.org/10.1111/j.1461-0248.2008.01160.x
https://doi.org/10.1098/rstb.2005.1746
https://doi.org/10.1002/hyp.6715
https://doi.org/10.1007/s12080-013-0195-3
https://doi.org/10.1016/j.gfs.2012.08.001
https://doi.org/10.1175/2009JAMC2298.1
https://doi.org/10.1088/1748-9326/10/2/024011
https://doi.org/10.1175/2009JCLI2900.1
https://doi.org/10.1175/MWR3304.1
https://doi.org/10.1016/j.gloenvcha.2013.11.004
https://doi.org/10.1016/j.gloenvcha.2013.11.004
https://doi.org/10.1016/j.gfs.2012.07.006
https://doi.org/10.1038/nature16467
https://doi.org/10.1007/s10584-017-2036-7
https://doi.org/10.1007/s10584-017-2036-7
https://doi.org/10.1016/j.jhydrol.2014.09.027
https://doi.org/10.1016/j.rse.2006.06.018
https://doi.org/10.1016/j.rse.2016.02.064
https://doi.org/10.1016/j.gfs.2012.07.002

A
AUV
ADVANCING EARTH
AND SPACE SCIENCE

Earth's Future 10.1029/2019EF001456

Ministry of Disaster Management and WFP (2017). Sri Lanka Joint Assessment of Drought Impact on Food Security and Livelihoods.
Colombo: Ministry of Disaster Management.

Molden, D. J., Shrestha, A. B., Nepal, S., & Immerzeel, W. W. (2016). Downstream implications of climate change in the Himalayas. In Water
Security, Climate Change and Sustainable Development (pp. 65-82). Singapore: Springer.

NASEM [National Academies of Sciences, Engineering, and Medicine] (2018). Thriving on Our Changing Planet: A Decadal Strategy for
Earth Observation from Space. Washington: DC, The National Academies Press.

van Nes, E. H., Hirota, M., Holmgren, M., & Scheffer, M. (2014). Tipping points in tropical tree cover: linking theory to data. Global Change
Biology, 20(3), 1016-1021. https://doi.org/10.1111/gcb.12398

Otkin, J. A., Anderson, M. C., Hain, C., & Svoboda, M. (2015). Using temporal changes in drought indices to generate probabilistic drought
intensification forecasts. Journal of Hydrometeorology, 16(1), 88-105.

Otkin, J. A., Anderson, M. C., Hain, C., Svoboda, M., Johnson, D., Mueller, R., et al. (2016). Assessing the evolution of soil moisture and
vegetation conditions during the 2012 United States flash drought. Agricultural and Forest Meteorology, 218, 230-242.

Purdy, A. J., Kawata, J., Fisher, J. B, Reynolds, M., Om, G., Ali, Z., et al. (2019). Designing drought indicators. Bulletin of the American
Meteorological Society, 100(11), 2327-2341. https://doi.org/10.1175/BAMS-D-18-0146.1

Reyer, C. P., Brouwers, N., Rammig, A., Brook, B. W., Epila, J., Grant, R. F., et al. (2015). Forest resilience and tipping points at different
spatio-temporal scales: approaches and challenges. Journal of Ecology, 103(1), 5-15. https://doi.org/10.1111/1365-2745.12337

Richardson, K. J., Lewis, K. H., Krishnamurthy, P. K., Kent, C., Wiltshire, A. J., & Hanlon, H. M. (2018). Food security outcomes under a
changing climate: impacts of mitigation and adaptation on vulnerability to food insecurity. Climatic Change, 147(1-2), 327-341. https://
doi.org/10.1007/510584-018-2137-y

Rojas, O., Vrieling, A., & Rembold, F. (2011). Assessing drought probability for agricultural areas in Africa with coarse resolution remote
sensing imagery. Remote Sensing of Environment, 115(2), 343-352. https://doi.org/10.1016/j.rse.2010.09.006

Romilly, T. G., & Gebremichael, M. (2011). Evaluation of satellite rainfall estimates over Ethiopian river basins. Hydrology and Earth
System Sciences, 15(5), 1505-1514. https://doi.org/10.5194/hess-15-1505-2011

Salmon, J. M., Friedl, M. A., Frolking, S., Wisser, D., & Douglas, E. M. (2015). Global rain-fed, irrigated, and paddy croplands: A new high
resolution map derived from remote sensing, crop inventories and climate data. International Journal of Applied Earth Observation and
Geoinformation, 38, 321-334. https://doi.org/10.1016/j jag.2015.01.014

Scheffer, M., Bascompte, J., Brock, W. A., Brovkin, V., Carpenter, S. R., Dakos, V., et al. (2009). Early-warning signals for critical transitions.
Nature, 461(7260), 53-59.

Schlenker, W., & Lobell, D. B. (2010). Robust negative impacts of climate change on African agriculture. Environmental Research Letters,
5(1), 014010. https://doi.org/10.1088/1748-9326/5/1/014010

Senay, G. B., Velpuri, N. M., Bohms, S., Budde, M., Young, C., Rowland, J., & Verdin, J. P. (2015). Drought monitoring and assessment:
Remote sensing and modeling approaches for the Famine Early Warning Systems Network. In Hydro-Meteorological Hazards, Risks and
Disasters (pp. 233-262). London, UK: Elsevier.

Sietz, D., Ordofiez, J. C., Kok, M. T. J., Janssen, P., Hilderink, H. B., Tittonell, P., & Van Dijk, H. (2017). Nested archetypes of vulnerability in
African drylands: where lies potential for sustainable agricultural intensification? Environmental Research Letters, 12(9), 095006. https://
doi.org/10.1088/1748-9326/2a768b

Siteur, K., Eppinga, M. B., Doelman, A, Siero, E., & Rietkerk, M. (2016). Ecosystems off track: rate-induced critical transitions in ecological
models. Oikos, 125(12), 1689-1699. https://doi.org/10.1111/0ik.03112

Sohrabi, M. M., Ryu, J. H., Abatzoglou, J., & Tracy, J. (2015). Development of soil moisture drought index to characterize droughts. Journal
of Hydrologic Engineering, 20(11), 04015025. https://doi.org/10.1061/(ASCE)HE.1943-5584.0001213

Strassberg, G., Scanlon, B. R., & Rodell, M. (2007). Comparison of seasonal terrestrial water storage variations from GRACE with
groundwater-level measurements from the High Plains Aquifer (USA). Geophysical Research Letters, 34(14), L14402. https://doi.org/
10.1029/2007GL030139

Sun, Y., Frankenberg, C., Wood, J. D., Schimel, D. S., Jung, M., Guanter, L., et al. (2017). OCO-2 advances photosynthesis observation from
space via solar-induced chlorophyll fluorescence. Science, 358(6360), eaam5747. https://doi.org/10.1126/science.aam5747

Sun, Y., Fu, R, Dickinson, R., Joiner, J., Frankenberg, C., Gu, L., et al. (2015). Drought onset mechanisms revealed by satellite
solar-induced chlorophyll fluorescence: Insights from two contrasting extreme events. Journal of Geophysical Research — Biogeosciences,
120(11), 2427-2440. https://doi.org/10.1002/2015JG003150

Swenson, S., Wahr, J., & Milly, P. C. D. (2003). Estimated accuracies of regional water storage variations inferred from the Gravity Recovery
and Climate Experiment (GRACE). Water Resources Research, 39(8). https://doi.org/10.1029/2002WR001808

Takimoto, G. (2009). Early warning signals of demographic regime shifts in invading populations. Population Ecology, 51(3), 419-426.
https://doi.org/10.1007/s10144-009-0148-2

Tietjen, B., Schlaepfer, D. R., Bradford, J. B., Lauenroth, W. K., Hall, S. A., Duniway, M. C., et al. (2017). Climate change-induced vegetation
shifts lead to more ecological droughts despite projected rainfall increases in many global temperate drylands. Global Change Biology, 23
(7), 2743-2754. https://doi.org/10.1111/gcb.13598

Trenberth, K. E. (2011). Changes in precipitation with climate change. Climate Research, 47(1), 123-138. https://doi.org/10.3354/cr00953

Tucker, C. J. (1978). Red and photographic infrared linear combinations for monitoring vegetation.

USGS (2017). USGS FEWS NET Data Portal. Available at: https://earlywarning.usgs.gov/fews

van Lanen, H. A. J., & Peters, E. (2000). Definition, effects and assessment of groundwater droughts. In Drought and drought mitigation in
Europe (pp. 49-61). Dordrecht: Springer.

Velpuri, N. M., Senay, G. B., Singh, R. K., Bohms, S., & Verdin, J. P. (2013). A comprehensive evaluation of two MODIS evapotranspiration
products over the conterminous United States: Using point and gridded FLUXNET and water balance ET. Remote Sensing of
Environment, 139, 35-49. https://doi.org/10.1016/j.rse.2013.07.013

Veraart, A. J.,, Faassen, E. J., Dakos, V., van Nes, E. H,, Liirling, M., & Scheffer, M. (2012). Recovery rates reflect distance to a tipping point
in a living system. Nature, 481(7381), 357-359. https://doi.org/10.1038/nature10723

Verdin, J., Funk, C., Senay, G., & Choularton, R. (2005). Climate science and famine early warning. Philosophical Transactions of the Royal
Society, B: Biological Sciences, 360(1463), 2155-2168. https://doi.org/10.1098/rstb.2005.1754

Ververs, M. T. (2011). The East African food crisis: did regional early warning systems function? The Journal of Nutrition, 142(1),
131-133.

Vrieling, A., Meroni, M., Mude, A. G., Chantarat, S., Ummenhofer, C. C., & de Bie, K. C. (2016). Early assessment of seasonal forage
availability for mitigating the impact of drought on East African pastoralists. Remote Sensing of Environment, 174, 44-55. https://doi.org/
10.1016/j.rse.2015.12.003

KRISHNAMURTHY R ET AL.

13 of 14


https://doi.org/10.1111/gcb.12398
https://doi.org/10.1175/BAMS-D-18-0146.1
https://doi.org/10.1111/1365-2745.12337
https://doi.org/10.1007/s10584-018-2137-y
https://doi.org/10.1007/s10584-018-2137-y
https://doi.org/10.1016/j.rse.2010.09.006
https://doi.org/10.5194/hess-15-1505-2011
https://doi.org/10.1016/j.jag.2015.01.014
https://doi.org/10.1088/1748-9326/5/1/014010
https://doi.org/10.1088/1748-9326/aa768b
https://doi.org/10.1088/1748-9326/aa768b
https://doi.org/10.1111/oik.03112
https://doi.org/10.1061/(ASCE)HE.1943-5584.0001213
https://doi.org/10.1029/2007GL030139
https://doi.org/10.1029/2007GL030139
https://doi.org/10.1126/science.aam5747
https://doi.org/10.1002/2015JG003150
https://doi.org/10.1029/2002WR001808
https://doi.org/10.1007/s10144-009-0148-2
https://doi.org/10.1111/gcb.13598
https://doi.org/10.3354/cr00953
https://earlywarning.usgs.gov/fews
https://doi.org/10.1016/j.rse.2013.07.013
https://doi.org/10.1038/nature10723
https://doi.org/10.1098/rstb.2005.1754
https://doi.org/10.1016/j.rse.2015.12.003
https://doi.org/10.1016/j.rse.2015.12.003

A
AUV
ADVANCING EARTH
AND SPACE SCIENCE

Earth's Future 10.1029/2019EF001456

Wang, H., Vicente-serrano, S. M., Tao, F., Zhang, X., Wang, P., Zhang, C., et al. (2016). Monitoring winter wheat drought threat in Northern
China using multiple climate-based drought indices and soil moisture during 2000-2013. Agricultural and Forest Meteorology, 228, 1-12.

Whitcraft, A. K., Becker-Reshef, I, & Justice, C. O. (2015). A framework for defining spatially explicit earth observation requirements for a
global agricultural monitoring initiative (GEOGLAM). Remote Sensing, 7(2), 1461-1481. https://doi.org/10.3390/rs70201461

Wieczorek, S., Ashwin, P., Luke, C. M., & Cox, P. M. (2011). Excitability in ramped systems: the compost-bomb instability. Proceedings of
The Royal Society A, 467(2129), 1243-1269. https://doi.org/10.1098/rspa.2010.0485

Wilhite, D. A. (Ed) (2016). Droughts: A Global Assesment. London, UK: Routledge.

Xiong, Q., Deng, Y., Zhong, L., He, H., & Chen, X. (2018). Effects of drought-flood abrupt alternation on yield and physiological charac-
teristics of rice. International Journal of Agriculture and Biology, 20(5), 1107-1116.

Zaitchik, B. F., Rodell, M., & Reichle, R. H. (2008). Assimilation of GRACE terrestrial water storage data into a land surface model: Results
for the Mississippi River basin. Journal of Hydrometeorology, 9(3), 535-548. https://doi.org/10.1175/2007JHM951.1

Zaveri, E., Grogan, D. S., Fisher-Vanden, K., Frolking, S., Lammers, R. B., Wrenn, D. H., et al. (2016). Invisible water, visible impact:
groundwater use and Indian agriculture under climate change. Environmental Research Letters, 11(8), 084005. https://doi.org/10.1088/
1748-9326/11/8/084005

Zhou, Y., Xiao, X., Zhang, G., Wagle, P., Bajgain, R., Dong, J., et al. (2017). Quantifying agricultural drought in tallgrass prairie region in the
US Southern Great Plains through analysis of a water-related vegetation index from MODIS images. Agricultural and Forest Meteorology,
246, 111-122. https://doi.org/10.1016/j.agrformet.2017.06.007

Zschau, J., & Kiippers, A. N. (Eds.) (2013). Early warning systems for natural disaster reduction. Berlin, Germany: Springer Science &
Business Media.

KRISHNAMURTHY R ET AL.

14 of 14


https://doi.org/10.3390/rs70201461
https://doi.org/10.1098/rspa.2010.0485
https://doi.org/10.1175/2007JHM951.1
https://doi.org/10.1088/1748-9326/11/8/084005
https://doi.org/10.1088/1748-9326/11/8/084005
https://doi.org/10.1016/j.agrformet.2017.06.007


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends false
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage false
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2001
  ]
  /PDFX1aCheck true
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (Euroscale Coated v2)
  /PDFXOutputConditionIdentifier (FOGRA1)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <>
    /CHT <>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF che devono essere conformi o verificati in base a PDF/X-1a:2001, uno standard ISO per lo scambio di contenuto grafico. Per ulteriori informazioni sulla creazione di documenti PDF compatibili con PDF/X-1a, consultare la Guida dell'utente di Acrobat. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 4.0 e versioni successive.)
    /JPN <>
    /KOR <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die moeten worden gecontroleerd of moeten voldoen aan PDF/X-1a:2001, een ISO-standaard voor het uitwisselen van grafische gegevens. Raadpleeg de gebruikershandleiding van Acrobat voor meer informatie over het maken van PDF-documenten die compatibel zijn met PDF/X-1a. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 4.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENG (Modified PDFX1a settings for Blackwell publications)
    /ENU (Use these settings to create Adobe PDF documents that are to be checked or must conform to PDF/X-1a:2001, an ISO standard for graphic content exchange.  For more information on creating PDF/X-1a compliant PDF documents, please refer to the Acrobat User Guide.  Created PDF documents can be opened with Acrobat and Adobe Reader 4.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /HighResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


