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ABSTRACT
Measurements that link surface conditions and climate can provide critical information on important
biospheric changes occurring in the Earth system. As the direct driving force of energy and water fluxes at the
surface–atmosphere interface, land surface temperature (LST) provides information on physical processes of
land-cover change and energy-balance changes that air temperature cannot provide. Annual maximum LST
(LSTmax) is especially powerful at minimizing synoptic and seasonal variability and highlighting changes
associated with extreme climatic events and significant land-cover changes. The authors investigate whether
maximum thermal anomalies from satellite observations could detect heat waves and droughts, a melting
cryosphere, and disturbances in the tropical forest from 2003 to 2014. The 1-km2 LSTmax anomalies peaked in
2010 when 20% of the global land area experienced anomalies of greater than 1 standard deviation and over
4% of the global land area was subject to positive anomalies exceeding 2 standard deviations. Positive
LSTmax anomalies display complex spatial patterns associated with heat waves and droughts across the
global land area. The findings presented herein show that entire biomes are experiencing shifts in their
LSTmax distributions driven by extreme climatic events and large-scale land surface changes, such as melting
of ice sheets, severe droughts, and the incremental effects of forest loss in tropical forests. As climate warming
and land-cover changes continue, it is likely that Earth’s maximum surface temperatures will experience
greater and more frequent directional shifts, increasing the possibility that critical thresholds in Earth’s
ecosystems and climate system will be surpassed, resulting in profound and irreversible changes.

1. Introduction
Earth’s ecosystems are experiencing change that is
unprecedented in human history (Steffen et al. 2007;
IPCC 2013). These changes, primarily driven by humanity’s expanding land-use footprint and increasing
global emissions of atmospheric greenhouse gases,
threaten to initiate potentially irreversible changes in
the Earth system (Rockström et al. 2009; Hansen et al.
2012). For example, investigations into the effects of
climate change on the cryosphere have implicated increasing temperatures in the melting of glaciers and
thinning of ice sheets, and the Greenland Ice Sheet
(GrIS) has been one of the largest contributors to global
sea level rise over the past 20 years (Lenaerts et al. 2013;

Corresponding author: David Mildrexler, d.mildrexler@gmail.
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Khan et al. 2014; Yin et al. 2011; McMillan et al. 2016).
In tropical forests the persistent effects of increasingly
severe droughts, decreases in rainfall, and the interactions with ongoing forest loss suggest the potential
for large-scale degradation of these forests (Malhi et al.
2008; Marengo et al. 2011; Saatchi et al. 2013; Hilker
et al. 2014; Zhou et al. 2014). An urgent goal of Earth
science research today is the development of indicators
to measure global changes and their consequences on
climate that are relevant and communicable to society
and decision-makers (Janetos et al. 2012). Land surface
temperature (LST) is one of the most important parameters in the physical processes of surface energy and
water balances from local through global scales
(Mannstein 1987; Li et al. 2013; Wan et al. 2004). Its
retrieval from remotely sensed thermal infrared data
provides spatially continuous LST measurements with
global coverage to examine the thermal heterogeneity of
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Earth’s surface and the impact on surface temperatures
resulting from natural and human-induced changes (Jin
and Dickinson 2010; Li et al. 2015). Here, we present a new
global-change indicator that is based on an annual global
measure of Earth’s maximum LST (LSTmax) and demonstrate its value to examine critical functions of the Earth
system. We investigate whether maximum thermal anomalies could be indicative of heat waves and droughts, a
melting cryosphere, and tropical-forest disturbance.
Whereas the focus of analyses of global temperature is
usually on air temperature (IPCC 2013; Hansen et al.
2006), LST provides a more direct measure of the surface
conditions and is the more relevant quantity to measure
when analyzing surface–climate interactions (Li et al.
2013). LST measures the emission of thermal radiance
from the actual land surface where the incoming solar
energy interacts with and heats the ground or, in vegetated areas, the surface of the canopy. This quality makes
LST a good indicator of energy partitioning at the land
surface–atmosphere boundary and sensitive to changing
surface conditions (Nemani et al. 1996; Wan et al. 2004;
Lambin and Ehrlich 1995; Mildrexler et al. 2009). By
comparison, the standard weather-station air temperature is measured 1.5 m above the ground level with sensors protected from radiation and adequately ventilated
(Pielke et al. 2007). Because air is such a poor heat conductor, as midsummer temperatures go up and more
thermal energy is concentrated at Earth’s surface, LST
increases more rapidly than the corresponding air temperature (Mildrexler et al. 2011a). LST is more closely
connected to the biophysical characteristics of the land
surface, such as the land-cover type, vegetation density,
and water and energy fluxes of a specific area, than is air
temperature (Oyler et al. 2016). Moreover, weather stations have an inequitable global distribution, including
few stations across remote areas of Earth’s land surface,
and cannot give detailed spatial patterns (Kogan 1997;
Daly et al. 2008; Mu et al. 2013; Li et al. 2015). For example, in this study we examine ice sheets and rain forests
because of their importance in the global climate system.
With the Moderate Resolution Imaging Spectroradiometer (MODIS) sensor on board the Aqua satellite,
LST is measured at every 1-km pixel across the 1.7 3 106 km2
of the Greenland ice sheet. By comparison, the Greenland Climate network consists of 18 weather stations at
which air temperature is recorded, that is, approximately 1 station for every 94 000 km2. Such a small
number of monitoring stations limits our ability to understand what is happening across the entire area. The
same is true for other remote regions of Earth such as
the Amazon and Congo rain forests, where sparse
weather-station coverage limits monitoring capability (see
Fig. 1 in Mildrexler et al. 2011a), whereas remotely sensed
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LST provides spatially exhaustive coverage. These differences allow LST to magnify the land surface dynamics in a
way that air temperatures cannot, offering a new and
unique measure of biospheric change.
In recent decades an increase in the frequency and the
total land area affected by extreme-high-temperature
events such as droughts combined with heat waves has
been linked to global warming (Seneviratne et al. 2014;
Perkins et al. 2012). Extremely hot summertime outliers
that once covered 1% of Earth’s land area now cover
about 10% of the land area (Hansen et al. 2012). Such
extremes amplify moisture deficit and heat stress and
result in an increase in tree mortality and wildfire (Allen
et al. 2015; Mitchell et al. 2014; Teskey et al. 2015;
Mildrexler et al. 2016). The frequency and severity of
extreme droughts and heat waves are predicted to increase in the future (Cook et al. 2014; IPCC 2013;
Jentsch et al. 2007; Mitchell et al. 2014; Moritz et al.
2012; Fischer and Schär 2010). The global increase in
high-temperature-related extreme events portends the
potential for regional-scale transitions in land cover
once physical and/or physiological thresholds are surpassed, some of which are critical thresholds in the
global climate system (Grimm et al. 2013; Chapin et al.
2008; Christidis et al. 2015). For instance, the cryosphere’s ice- and snow-covered surfaces have extremely
cold LSTmax values and play an important role as a
climate buffer through the physics of phase change
(Kenney and Janetos 2014). As ice sheets are exposed to
warmer conditions, increased surface melt lowers the
albedo, resulting in increased absorption of solar radiation and a positive feedback with further temperature
increase and more surface melt (Tedesco et al. 2011; He
et al. 2013). Tropical-forest ecosystems are critical in
cooling Earth’s surface temperatures, contain large
stores of carbon, support tremendous biological diversity, and, in this century, face the dual threats of
forest clearing and stress from climate change (Lee et al.
2011; Li et al. 2015; Malhi et al. 2008; Marengo et al.
2011). Climate-model predictions indicate that extremely dry events may increase with climate change,
pushing tropical forests toward a climatically induced
tipping point and possible biome-level degradation (Cox
et al. 2004; Malhi et al. 2009). Here, we utilize the highresolution and spatially continuous global coverage of
the LST data to 1) examine LSTmax anomalies and their
association with verified heat waves and droughts
from 2003 to 2014, 2) monitor large-scale ice warming
and phase-change-driven temperature shifts in the
cryosphere, and 3) investigate changes in surface temperatures in evergreen broadleaf forests (EBF) in accordance with the 2005 and 2010 droughts and in
response to forest loss.
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The uniqueness of annual maximum LSTs
Multiple lines of research have found that the daytime
LSTmax from the Aqua MODIS sensor is a unique and
informative annual monitoring metric for integrating
the biophysical influence of land cover and the consequences of changes across Earth’s land surface. The
Aqua satellite’s equatorial afternoon overpass time of
approximately 1330 allows for near-ideal retrievals of
maximum daily LST because it is temporally coincident
with the maximum daily temperature of the land surface
(Sinclair 1922; Wan et al. 2004; Coops et al. 2007). The
Aqua MODIS LST measurements capture the thermal
response of rising leaf temperatures that result from
decreased latent heat flux as stomata close and soil litter
surfaces dry, accentuating differences in LST among
vegetation cover types (Mildrexler et al. 2007). Focusing
on Earth’s maximum surface temperatures provides
important insights into the extremes of high temperature that are associated with droughts and heat waves
and the thermal tolerances and exposures for different
biomes and species (Wan et al. 2004).
Satellite-derived LST is influenced by synoptic weather
variability (wind speed, cloud cover, humidity, radiation
loading, etc.) on a continual basis and has high natural
variability (Friedl and Davis 1994; Nemani and Running
1997). Although temperatures over land surfaces generally vary strongly in space and time (Prata et al. 1995; Li
et al. 2013), annual-maximum-value compositing removes the natural synoptic variability that is associated
with daily–seasonal LST while focusing on the maximum
temperature in a given area. For a specific location and in
the absence of change, the LSTmax metric has relatively
low interannual variability such that deviations are indicative of large-scale ecological-disturbance events
(Mildrexler et al. 2009). Moreover, the timing of LSTmax
generally occurs during the year’s driest clear-sky conditions. This, in turn, imposes a strong limitation on the
partitioning among the sensible and latent heat fluxes (H
and LE, respectively) that largely control the surface
temperature in the surface energy balance (Bateni and
Entekhabi 2012; Sandholt et al. 2002). Thus, LSTmax
measurements provide unique information on how the
partitioning between H and LE varies and affects the
expression of LSTmax across Earth’s surface in this
moisture-limited condition. The vegetated fraction of
Earth’s surface has important effects on the magnitude
and relative partitioning of the turbulent fluxes (H 1 LE)
because plants are the primary site for the exchange of
water, energy, and momentum between the land and the
atmosphere. Indeed, a strong relationship has been observed between LSTmax and vegetation density over a
wide range of land-cover types (Mildrexler et al. 2007;
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Nemani et al. 1993; Goward et al. 1985; Smith and
Choudhury 1991; Sandholt et al. 2002; Coops et al. 2007).
The variations in land surface properties and vegetation
densities across Earth’s surface give LSTmax a unique
biogeographic influence (Fig. 1). For example, forests,
with their relatively deep root systems, can tap groundwater even during dry conditions and, through transpiration, partition a larger proportion of incoming solar
radiation to LE, cooling their surface temperature relative to other land-cover types (Mildrexler et al. 2011a).
The complete global coverage and 1-km2 resolution of
the LST data provide detailed spatial information that
can be examined at local (Zhou et al. 2012), regional (Jin
and Mullens 2012; Van De Kerchove et al. 2013), and
global scales (Mildrexler et al. 2011b; Li et al. 2015).
Spatially continuous global LSTmax maps provide the
means to visually assess the patterns of the highest temperatures across both large-scale gradients of natural
vegetation density and type (Figs. 1a,b)—such as the
transition from the tropical rain forests of the Congo to
the Sahara Desert—and relatively small-scale land-cover
changes resulting from irrigation and urban development.
This scalability facilitates focusing on different regions of
Earth’s land surface to explore the driving factors of
change that contribute to the integrated global measurement. LSTmax has the potential to indicate largescale shifts in Earth’s biosphere while also retaining its
physical meaning and significance across every 1-km2
pixel of Earth’s land surface, an important distinction
from air-temperature-based indicators.
The pixel-specific standard deviations (SD) from the
12 years of LSTmax data show interesting variations
across Earth’s surface (Fig. 1c). Relatively low standard
deviations are found in the EBF, ice/snow, and barren
cover types. Grasslands, croplands, and shrublands
represent the LSTmax pixels with the highest standard
deviations. The land-cover-aggregated mean LSTmax
and standard-deviation values support these observations and provide insights into the biophysics of different
land-cover types during thermal maximum (Fig. 1d). For
example, barren areas have the highest mean LSTmax
of any cover type (51.98C) and the lowest standard deviation (1.278C) as a result of the routine hot and dry
climatic conditions during summer when LSTmax occurs and the bare soil surfaces that result in extreme high
surface temperatures. Ice/snow areas have the lowest
mean LSTmax (212.28C) and the second lowest standard deviation (1.328C). This result is mainly attributable to the high albedo of ice/snow environments that
results in consistently low LSTmax values. Forests have
some of the lowest mean LSTmax values of all of the
vegetated biomes, and EBF is unique among forest
types for its low standard deviation (Fig. 1d). This result
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FIG. 1. (a) Continuous global map of LSTmax from 2003 to 2014. (b) The 2003 MODIS Land Cover dataset (Friedl et al. 2010) with
classification-system abbreviations defined as evergreen needleleaf forest (ENF), evergreen broadleaf forest (EBF), deciduous needleleaf
forest (DNF), deciduous broadleaf forest (DBF), mixed forests (MF), shrublands (Shrub), savannas (Savan), grasslands (Grass), permanent wetlands (Pwet), croplands (Crop), and ice/snow (Ice). Note that we combined open and closed shrublands into shrub, and woody
savanna and savanna into Savan. (c) The pixel-specific standard deviations (SD) from 2003 to 2014. (d) Mean LSTmax and mean SD by
land-cover type [same abbreviations as in (b)].

likely reflects year-round access to moisture and tighter
regulation of surface temperature through transpirational cooling in the EBF cover type. Grasslands grow in
relatively mild climates and have the capacity for large
and rapid productivity response to variation in precipitation (Knapp and Smith 2001; Holmgren et al. 2006;
Mildrexler et al. 2007), resulting in greater variation in
the expression of LSTmax (Fig. 1d).
The annual LSTmax histograms include every 1-km2
pixel across the global land surface and display a distinctive multimodal distribution that is influenced by the
biophysical and biogeographic factors of Earth’s ecosystems (Fig. 2). Ice/snow areas account for the lowtemperature mode (approximately from 2308 to 08C),
including the high kurtosis at 08C, the melting point of
ice. The central mode of the global histogram (;208–
358C) is driven by forest land-cover types, and highlatitude shrublands in the Northern Hemisphere also fall
within this temperature range. Grasslands, croplands,
and some savannas have relatively warm mean
LSTmax values and are integrated within the 308–508C

temperature range of the global histogram (Fig. 2).
Barren deserts and shrublands in hot, dry environments
are reflected in the high-temperature mode (;508–658C)

FIG. 2. The global maximum thermal signature of Earth’s land
surface from 2003 to 2014. The area under the annual density
curves sums to 1.
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of the histogram. The annual global LSTmax histograms
illustrate that Earth has a unique maximum thermal
signature and the same general distribution across
12 years of LSTmax data, reflecting two important
global-scale land surface dynamics. First, in any given
year, the vast majority of Earth’s land surface is undisturbed (Potter et al. 2003; Mildrexler et al. 2009;
Goward et al. 2008). Second, the aggregate effects of
natural disturbances globally on the surface energy
balance, such as from the loss of vegetation to fire and
the regrowth from natural succession, act to average
each other out (Bowman et al. 2009). By starting from
this integrated global perspective, we have developed an
understanding that bulk shifts in any component of the
histogram signal potential major climate or humaninduced changes in the Earth system. Using the
MODIS Land Cover (see section 2b) results as a mask,
LSTmax data can be extracted for specific cover types
and land-cover-specific histograms can be analyzed
for change.

2. Data and methods
The key datasets used in this study are global satellitederived LST and land-cover data from the MODIS
sensor from 2003 to 2014. We also used Landsat-derived
forest-loss data and continental perimeter maps for
classification and comparison of the LST data. Our approach involves several key steps: 1) annual-maximumvalue compositing of the 1-km2 LST data and calculation
of LSTmax annual histograms, 2) calculation and spatial
analysis of the global LSTmax pixel-specific standardized
anomalies and their association with verified heat waves
and droughts, 3) calculation of ice/snow LSTmax histograms and examination of interannual variations and
spatial patterns related to ice melt in Greenland and
Antarctica, and 4) calculation of EBF LSTmax histograms
and examination of interannual shifts and anomalies that
are associated with drought and forest loss in South
America and Africa, where the EBF forest area is predominantly within the Amazon and Congo rain forests,
respectively.

a. Aqua MODIS LST data
We used the collection-5 Aqua MODIS 8-day daytime
LST (‘‘MYD11A2’’) from 2003 to 2014 at 1-km2 spatial

resolution. The MODIS LST products have been validated to within 1 K at multiple sites in relatively wide
ranges of surface and atmospheric conditions (Wan
et al. 2004; Wan 2008). Refinements to the collection-5
LST product have minimized the main sources of uncertainty caused by cloud contamination and in accurately estimating the surface emissivity and have
significantly improved the accuracy and stability of the
MODIS LST products (Wan 2008). Annual-maximumvalue compositing was applied to the LST data, selecting independently for each pixel the maximum
8-day LST over a 1-yr period from all 8-day composites
labeled as reliable by the MODIS quality control and
combined into one seamless image representing the
highest LST recorded at every 1-km2 pixel on Earth’s
surface for a given year. LSTmax has been used to
pinpoint global hot spots (Mildrexler et al. 2011b), to
map large-scale ecological disturbances and humaninduced land-cover change at regional and continental
scales (Lambin and Ehrlich 1995; Li et al. 2015;
Mildrexler et al. 2007, 2009), to examine the degree to
which different land-cover types regulate LSTmax and
how it varies in comparison with air temperature
globally (Mildrexler et al. 2011a), and to better understand the maximum thermal characteristics of the global
land surface (Mildrexler et al. 2011b).

LSTMAX STANDARDIZED ANOMALY MAPS
Biophysical data such as LST are easily interpreted
as a relative anomaly, that is, a departure from a baseline
condition (Janetos et al. 2012). The LSTmax anomaly
is calculated on an annual basis as pixelwise anomalies from each pixel’s long-term-data-record mean
(2003–14):
LSTmaxAnomalyannual 5 LSTmaxcurrent_year
2 LSTmaxdata_record_mean .

The LSTmax anomalies are calculated relative to
the 2003–14 average, with normal being the 0 point.
We then used the LSTmax anomalies to compute the
pixel-specific standardized anomaly, which gives the
anomaly relative to each pixel’s variance (Grumm and
Hart 2001):

LSTmaxStandardAnomalyannual 5 LSTmaxAnomalyannual /standard deviation .
The standardized anomaly increment represents the
number of standard deviations by which the anomaly
departed from normal, providing information on the

(1)

(2)

relative significance of anomalous features and how they
vary across different land-cover types (Grumm and
Hart 2001).
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b. MODIS Land Cover data
The MODIS collection-5.1 Land Cover product
(‘‘MCD12Q1’’) provides annually updated landcover maps with a spatial resolution of 1 km2 (Cai
et al. 2014). Because the primary objective of the
MODIS Land Cover product is to facilitate the inference of biophysical information for use in regional
and global modeling studies, it must therefore be discernible with high accuracy and directly related to
physical characteristics of the surface, especially vegetation (Friedl et al. 2002). A classification scheme developed by the International Geosphere–Biosphere
Programme groups Earth’s surface into 17 major classes.
This scheme provides a consistent grouping method to
compute the land-cover-specific LSTmax statistics and to
provide biophysical interpretation. We used land-coverspecific masks to extract the annual LSTmax and
anomaly data for specific cover types and to develop
cover-specific histograms. To reduce uncertainties related to annual changes in the land-cover map, we used
the land-cover data from 2003 to match with our first full
year of Aqua MODIS LST data and held this layer
constant for all other years (2003–14).

c. Forest-loss data
Forest loss was derived from 30-m2-spatial-resolution
Landsat-based annual forest-change data (Hansen et al.
2013). Forest losses from 2000 to 2012 were aggregated
from 30 m to 1 km in a sinusoidal projection and were
mosaicked to global ‘‘geotiff’’ files. Each change layer
gives the percentage of Landsat forest-change pixels
that experienced forest loss during each year within a
1-km grid. Cumulative losses were computed as the total
percentage of forest-cover loss that occurred between
2000 and 2012. To examine the effects of significant
large-scale forest loss on LST in the EBF cover type, we
used a threshold of 30% forest loss, indicating that at
least 30% of the MODIS 1-km pixel had experienced
forest loss during the study period. This threshold has
proven to be effective for detecting the majority of
abrupt disturbances (e.g., logging) across the 1-km
MODIS pixel (Sulla-Menashe et al. 2014). To examine
the effect of forest loss on LSTmax, we utilized two
approaches. First, to determine whether persistent increases in the LSTmax of EBF were associated with
areas that experienced forest loss, we computed the
mean temperature change between the first (2003–08)
and second (2009–14) halves of the study period (globally and for South America) at each pixel and
then compared the changes with areas that experienced
greater than 30% forest loss from 2002 to 2012. Second,
we compared the temperature change for pixels that
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experienced greater than 30% forest loss with those
that experienced less than 30% forest loss between the
first year (2003) and the last year (2014) of our study
period. Given our interest in LSTmax change across
the study period and the persistent multiyear effects of
forest loss on LSTmax change, the minor temporal
offset of the LSTmax and forest-loss datasets was not a
concern.

3. Results
a. Global heat waves
Strong positive and negative anomalies were detected
across the global land surface from 2003 to 2014 (Fig. 3). We
used the spatially continuous LSTmax anomaly data to
monitor for extreme heat events from 2003 to 2014 and
found that positive anomalies correspond to major droughts
and heat waves during every year of the study period and on
every continent on Earth (Table 1). Area affected by positive
anomalies peaked in 2010 and 2012 when 20% and 19%,
respectively, of the global land area experienced anomalies
greater than 1 SD and more than 4% and 3%, respectively,
of the total area were subject to severe positive anomalies
(.2 SD) (Fig. 4). The 2010 peak coincides with widespread
heat waves and droughts in Russia, Kazakhstan, Mongolia,
and China (Sun et al. 2014) and in the Amazon and Congo
rain forests (Marengo et al. 2011; Zhou et al. 2014). In 2012,
positive LSTmax anomalies stretched across the Northern
Hemisphere in accordance with summer heat waves and
drought in North America (Wang et al. 2014; Cattiaux and
Yiou 2013; Karl et al. 2012) and northern Eurasia (Schubert
et al. 2014). The 2012 positive anomaly over Greenland was
the most extreme melt year ever recorded across the GrIS
with satellite monitoring (Nghiem et al. 2012).
A focus on two high-profile heat waves reveals the
complex spatial patterns and the magnitude of LSTmax
anomalies associated with the 2003 European heat wave
and the 2010 Siberian heat wave (Fig. 5). The most intense anomalies exceeded 2.5 SD for both events, with a
few pixels in excess of 3 SD. In both features, these intense anomalies display a patchy spatial pattern, connected by positive anomalies of varying intensity. The
overall expression of positive anomalies together gives a
spatially defined footprint of the heat waves’ most extreme surface temperatures. These anomalous features
show interesting spatial variations, including interior
patches and complex edge effects with nonsignificant
anomalies (,1.0 SD), most notably in the 2003 European heat wave. These heat waves were associated with
continent-wide reductions in ecosystem productivity
(Ciais et al. 2005; Zhao and Running 2010; Schwalm et al.
2012), heat-stress-induced damages to natural and agricultural systems (Cattiaux and Yiou 2013; Bréda et al. 2006;
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FIG. 3. Spatial extent and severity of LSTmax standardized annual anomalies from 2003 to 2014.
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TABLE 1. Documented cases of drought and/or heat waves detected from 2003 to 2014.
Location

Year

Reference(s) and/or URL

Europe
Western United States
Alaska
Southern Asia
East Africa
Amazon
Antarctica
North America
Europe
Australia
North America
Southern Europe
Eastern United States

2003
2003
2004
2005
2005
2005
2005
2006
2006
2006
2007
2007
2008

Southeastern Australia

2009

La Plata basin, South America

2009

Russia; eastern Europe
Quebec, Ontario, Canada
Brazil
Congo rain forest
Texas and Oklahoma
United States
Greenland
Russia
Eurasia
Australia
Ireland; United Kingdom
Alaska
Eastern China
Argentina
Northern Europe
Australia
British Columbia, Canada;
northwestern United States

2010
2010
2010
2010
2011
2012
2012
2012
2012
2013
2013
2013
2013
2013
2014
2014
2014

Rebetez et al. (2009); Stott et al. (2004)
Bumbaco and Mote (2010)
Wendler et al. (2011)
http://earthobservatory.nasa.gov/IOTD/view.php?id55603
Hastenrath et al. (2007)
Marengo et al. (2008)
Bromwich et al. (2013)
http://www.noaanews.noaa.gov/stories2006/s2759.htm
Fouillet et al. 2008; Rebetez et al. (2009)
http://www.bom.gov.au/climate/current/month/aus/archive/200611.summary.shtml
Fuhrmann et al. (2011)
Coumou and Rahmstorf (2012); Founda and Giannakopoulos (2009)
https://web.archive.org/web/20120915133242/http://nws.met.psu.edu/severe/2008/
09Jun2008.pdf
Coumou and Rahmstorf (2012); Karoly (2009); http://www.bom.gov.au/climate/current/
statements/scs17d.pdf
Chen et al. (2010); http://www.ipsnews.net/2009/01/agriculture-argentina-worst-droughtin-100-years/
Barriopedro et al. (2011); Grumm (2011)
Bustinza et al. (2013)
Marengo et al. (2011)
Zhou et al. (2014)
Hoerling et al. (2013); Hansen et al. (2012); Coumou and Rahmstorf (2012); Long et al. (2013)
Cattiaux and Yiou (2013); Karl et al. (2012); Wang et al. (2014)
Nghiem et al. (2012); Neff et al. (2014)
https://www.oxfam.org/sites/www.oxfam.org/files/cs-russia-drought-adaptation-270913-en.pdf
Schubert et al. (2014)
Lewis and Karoly (2013); http://www.bom.gov.au/climate/current/annual/aus/2013/
Elliot et al. (2014); http://www.metoffice.gov.uk/news/releases/archive/2013/warm-july-stats
http://cms.met.psu.edu/sref/severe/2013/18Jun2013.pdf
http://news.xinhuanet.com/english/indepth/2013-08/13/c_132627590.htm
http://www.bbc.com/news/world-latin-america-25564633
Baker-Austin et al. (2016); http://en.ilmatieteenlaitos.fi/press-release/42503751
http://www.bom.gov.au/climate/current/statements/scs48.pdf
http://www.cbc.ca/news/canada/british-columbia/b-c-heat-wave-3-hottest-spots-and-20records-broken-sunday-1.2705834; http://earthobservatory.nasa.gov/IOTD/view.php?
id584042

Long et al. 2013), unusually large and intense wildfires
and air pollution (Wendler et al. 2011; Shaposhnikov
et al. 2014), die-offs of plants and animals (Bréda et al.
2006; McKechnie et al. 2012; Allen et al. 2015), the
spread of infections (Baker-Austin et al. 2016), and loss
of human life (Bouchama 2004; Sun et al. 2014; Fouillet
et al. 2008; Elliot et al. 2014).
Comparison of verified heat waves with the Palmer
drought severity index (PDSI) reveals close spatial association between positive LSTmax anomalies and
drought stress and between negative LSTmax anomalies
and moisture (Fig. 6). In 2007, heat waves affected
western and southern/eastern North America (Fig. 6a).
A cool summer anomaly occurred between the heat
waves, resulting in negative (cool) and positive (hot)
anomalies adjacent to one another. Displaying a similar
general pattern, the PDSI for July of 2007 shows

extreme, severe, and moderate drought impacts in the
western and southern/eastern portions of the United
States, with extremely moist conditions in Texas extending up into portions of the Midwest (Fig. 6b). In
2011, a large and intense positive LSTmax anomaly
corresponded to the heat wave in Texas and Oklahoma
and extended along the coast of the southeastern United
States (Fig. 6c). The western United States experienced
negative anomalies. The PDSI for July of 2011 shows
similar spatial patterns with extreme and severe drought
concentrated over Texas and Oklahoma and extending
along the coast of the southeastern United States while
moist conditions prevailed in the west (Fig. 6d). Note
that smaller LSTmax anomaly patches in the northeastern United States during 2011 do not correspond to
drought, indicating that not every LSTmax anomaly
patch is indicative of a drought or heat wave. The large-scale
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FIG. 4. Area affected by positive LSTmax standardized anomalies.

patterns do provide compelling evidence for the interaction between LSTmax anomalies and drought indices. Low maximum temperature anomalies generally
imply cooler summer conditions that are less notable
from a meteorological point of view, but we found these
negative anomalies to be associated with verified climatic events, such as the cool summers of 2004 and 2009
in much of the central portion of the United States, the
cool spring and summer of 2007 in Texas (Fig. 6a), and
Australia’s wet, cool summer in 2011.
Recent extreme heat events, such as those shown in
Figs. 5 and 6, are redrawing the temperature records of
the planet, breaking records from daily to seasonal time

scales (Barriopedro et al. 2011; Lewis and Karoly 2013).
To visualize the footprint of increasingly extreme heat
waves on the planet’s highest temperatures, we
extracted the year during which the highest LSTmax
occurred from 2003 to 2014 across the global land surface. The resulting map shows the temporal juxtaposition of large, severe heat waves, particularly in the
Northern Hemisphere, such as the 2003 European heat
wave (light pink) and the 2010 Siberian heat wave (light
green) superimposed on other major heat waves from
2006 and 2012 (Fig. 7). The 2012 melt event in Greenland dominated the highest LSTmax over large areas of
the ice sheet. North America shows the footprint of

FIG. 5. Heat waves and LSTmax anomalies for (a) 2003 European and (b) 2010 Siberian heat waves.
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FIG. 6. LSTmax anomalies across the United States for (a) 2007 and (c) 2011 in comparison with the PDSI for (b) July 2007 and
(d) July 2011.

numerous extreme events such as the 2003 heat wave in
western North America, and the 2004 heat wave in southeastern Alaska (Fig. 7). The highest LSTmax values in the
central and southeastern United States occurred during the
heat waves in 2006, 2011, and 2012. In Australia, recordbreaking heat waves in 2009 and 2013 dominate the timing
of the highest LSTmax over large areas of the continent.
The 2005 drought had a strong footprint in Africa. In South
America, the 2009 heat wave in La Plata basin (green) and
the 2013 heat wave in Argentina (orange) dominated the
timing of the highest LSTmax in those areas. Patterns in
tropical rain forests are generally more mixed, but the 2010
heat wave marked the dominant year during our study period for highest LSTmax in these forests.

b. Cryosphere melt
To isolate Earth’s year-round ice- and snow-covered
lands for melt detection, we extracted the 1-km2
LSTmax data from 2003 to 2014 for all pixels classified as
ice/snow by the MODIS Land Cover map of 2003. The
global ice/snow LSTmax histogram accounts entirely for
the low-temperature mode in the global histogram
(Fig. 2), including the sharp spike at 08C (328F), the
melting point of ice (Fig. 8). During the melt phasechange process, considerable energy is spent in the
physical process of breaking hydrogen bonds rather than

in increasing the surface temperature, resulting in a
convergence of surface temperatures around the icemelt temperature range. Close examination of the
melting-point peak reveals large shifts between years
(2011–14 shown in the Fig. 8 inset graph). In 2012 the
peak reached its highest level, representing about
32 000 km2 of the ice- and snow-covered land surface,
higher than any other year by over 10 000 km2. Interesting is that, once melt occurs, surface temperatures
warm rapidly, as indicated by the relatively tiny fraction
of Earth’s surface with LSTmax between 08 and 108C
(Figs. 2 and 8). This suggests that the phase change acts
as a climatic buffer that, once overcome, results in a
rapid surface temperature increase.
To examine the location of ice melt, we mapped the
temperature range associated with the ice-melt peak (approximately from 21.08 to 0.58C) for four consecutive
years (2011–14) and compared Greenland and Antarctica,
which together contain 99% of the freshwater ice on Earth.
The maps show ice melt concentrated in the Northern
Hemisphere and especially on the GrIS, where large areas
around the coastal margin display LSTmax values within
the ice-melt range each year (Fig. 9). The increased surface
melt during 2012 is clearly visible, indicating that the observed shift in the 2012 LSTmax histogram is tracking
major melt changes in the cryosphere. In comparison,
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FIG. 7. The year during which the highest LSTmax occurred from 2003 to 2014 at every 1-km2 pixel across the global land surface shows the
temporal footprint of numerous large-scale heat waves.

Antarctica’s LSTmax stayed mostly below the ice-melt
range (Fig. 9).
The LSTmax histogram plotted specifically for Greenland verifies that melt on the GrIS drove the observed

shifts in the global ice-/snowmelt peak, including the 2012
maximum that corresponds to the year of record melt
and a widespread positive LSTmax anomaly (Fig. 10).
Spatial patterns reveal that the 2012 LSTmax positive

FIG. 8. The LSTmax histogram for all pixels labeled as ice/snow by MODIS Land Cover
(2003) illustrates the unique and critical role of ice- and snow-covered lands in regulating the
expression of Earth’s upper temperature limit and reveals a strong kurtosis at the melting point
with large interannual variability (inset graph).
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FIG. 9. Spatial location of ice/snow pixels with temperatures below (,218C), within (from 218 to 0.58C) and above (.0.58C) the icemelt temperature range for (top) Greenland and (bottom) Antarctica. Note that the ice surface temperature of 218C is used as a detection
threshold for melt (Nghiem et al. 2012).

anomalies were most intense (.2.5 SD) in the northern
interior part of the GrIS (Fig. 10a), which includes the cold
polar areas at high altitudes where historical melt has been
very rare (Clausen et al. 1988; Nghiem et al. 2012). In 2012
the pronounced positive anomalies resulted in surface
temperatures that crossed the melt point in the cold polar
areas. Also of importance is the shift toward warmer
temperatures in 2012 for the entire LSTmax distribution of the GrIS relative to the other years, with the
coldest temperatures rising to approximately 2108C, and a

substantial increase in area of ice within the temperature
range from 258 to 08C (Fig. 10b). In comparison, much
of Antarctica’s ice/snow environment maintained cooler
annual maximum surface temperatures, in the range
from 2308 to 258C, and a much smaller peak at the
melt point.

c. Tropical-forest droughts
To investigate the effects of major verified droughts
on tropical forests, we isolated the LSTmax data for all

FIG. 10. (a) Spatial patterns of 2012 LSTmax positive anomalies extend across Greenland and are most intense in
the northern interior of the ice sheet, which includes cold polar areas at high altitudes. (b) The entire distribution for
Greenland shifted toward higher temperatures in 2012, with a substantial increase in the melting-point kurtosis.
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FIG. 11. Spatial patterns of LSTmax anomalies in the EBF during the droughts of (a),(d) 2005 and (b),(e) 2010 for the (top) Amazon and
(bottom) Congo rain forests. Note that all non-EBF cover types are mapped in light gray. Also shown are the LSTmax histograms for all
EBF pixels in (c) South America and (f) Africa, with all years in gray except for 2005 (red) and 2010 (green).

EBFs globally using the 2003 MODIS Land Cover
dataset. These tropical forests account for a portion of the
central mode in the global LSTmax histogram and consistently regulate LSTmax approximately between 258
and 358C (Fig. 2). Amazonia experienced a widespread
and severe drought in 2010 (Marengo et al. 2011). Severe
drought also affected the Amazon rain forest in 2005
(Marengo et al. 2008). These recent Amazonian droughts
are well documented, but in situ observations of drought
effects are more limited in the central African rain forests. Recent studies have presented observational evidence for a widespread decline in vegetation greenness in
Congolese forests in the past decade (Zhou et al. 2014).
With our spatially continuous data we examined the
LSTmax anomalies and distributions for South America
(Amazon rain forest) and Africa (Congo rain forest),
which contain the two largest rain forests on Earth.
We found that positive LSTmax anomalies affected
both the Amazon and Congo rain forests during the
major droughts of 2005 and 2010 (Fig. 11). In the Amazon
in 2005, positive anomalies exceeded 1.5 SD and smaller
patches that exceeded 2.0 SD were concentrated in the
southwestern region (Fig. 11a), where patterns of drought
impact on the forest canopy were most severe (Saatchi
et al. 2013). In 2010 the positive LSTmax anomalies were
much more widespread throughout the Amazon, with
larger, high-severity patches in excess of 2.0 and 2.5 SD

(Fig. 11b). These anomalous features drove a notable
bulk shift toward higher temperatures in the 2010
LSTmax histogram for South America’s EBF (Fig. 11c).
The Congolese rain forests experienced intense positive
anomalies during 2005 (.2.0 SD), especially in their
central/eastern extent (Fig. 11d). The 2010 positive
anomalies in the Congo were widespread across the forest, with scattered high-severity patches in excess of 2.0
SD (Fig. 11e). Of interest is that the LSTmax anomalies
drove notable directional shifts toward higher temperatures in Africa’s EBF in 2005 and 2010 (Fig. 11f).

d. Tropical-forest loss
It is well established that forest loss increases the
LSTmax in tropical forests (Mildrexler et al. 2011a; Li
et al. 2015). Thus, the cumulative effect of deforestation on
LSTmax over time should shift the histograms toward
higher temperatures. We found a shift toward higher
LSTmax values between the first (2003–08) and second
(2009–14) halves of the study period for all EBFs globally
and for the EBF in South America (Figs. 12a,b). In the
Amazon, the area of forest loss between 2002 and 2012 was
largely concentrated in the ‘‘arc of deforestation’’ along
the southern edge of the Amazon forest (Fig. 12c). The
significant mean temperature changes (.2.58C) showed
strong spatial association with areas of forest loss and were
nearly uniform toward higher temperatures (Fig. 12d).
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FIG. 12. The LSTmax histogram shifts between the first half (2003–08) and the second half (2009–14) of the study period for (a) all EBFs
globally and (b) South America. Also shown are spatial patterns of (c) pixels with greater than 30% forest loss in Amazon EBF and (d) pixels
that experienced significant mean temperature change between the first half (2003–08) and the second half (2009–14) of the study period.

We also isolated the area of EBF that experienced
greater than 30% forest loss during our study period and
plotted the temperature change against the area that
experienced less than 30% forest loss. The area of 30%
or more forest loss displayed a much larger shift toward
higher temperatures than the area that experienced less
than 30% forest loss (Figs. 13a,b). A typical area of
forest loss in the Amazon reveals the tight spatial coupling between forest loss and LSTmax increases of more
than 58C between 2003 and 2014 at the local scale
(Fig. 13c). Zooming in closer reveals the LSTmax
changes in areas of visible forest loss (Fig. 13d). As
compared with the area of increased temperature, very
little area shows a reduction in LSTmax that would indicate recovery from previous forest loss.

4. Summary and discussion
The MODIS LSTmax anomalies capture detailed
spatial patterns that are associated with droughts and

heat waves across the global land surface (Fig. 3; Table 1).
Because the LSTmax is the highest of the 8-day average
values during an annual period, LSTmax provides important information on ecosystem exposure patterns to
extreme temperatures. Rather than representing an instant in time when temperatures peaked, LSTmax
captures a temporal period over which significant ecological effects can occur. This attribute improves the
ability of LSTmax anomalies to detect the footprint of
large-scale multiday heat waves and droughts that cause
significant effects to ecosystems and to society (Figs. 5
and 6). Short-term heat waves of 1 or 2 days in duration
should also be captured by the LSTmax anomalies because they will likely result in the highest annual LSTs of
any 8-day period, but it is also possible that the intensity
of shorter-term events could be muted by the 8-day
composite period.
The close proximity of warm and cool anomalies
emerged as an important spatial pattern highlighting
how LST can change rapidly over short distances.
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FIG. 13. The 2003 and 2014 LSTmax histograms for EBF, comparing (a) the area with less than 30% forest loss with (b) the area with more than
30% forest loss. Also shown is (c) the spatial association between temperature changes and 30% forest loss polygons (mapped in black crosshatching)
in the Amazon (the location corresponds to the box in Fig. 12c). (d) A zoomed-in view showing in more detail the association between temperature
changes and visible signs of forest loss (image source: Esri, DigitalGlobe, GeoEye, i-cubed, USDA, USGS, AEX, Getmapping, Aerogrid, IGN,
IGP, swisstopo, and the GIS User Community).

Moreover, the close spatial association between positive
LSTmax anomalies and drought severity and between
negative LSTmax anomalies and moisture from the
PDSI provides compelling evidence for the highly contrasting ecological conditions in these areas (Fig. 6). The
1-km resolution of the LSTmax data provides much
greater spatial detail to analyze how these contrasting
temperatures express over the land surface. This information is critical for improved quantification of
ecosystem exposure patterns to extreme temperatures.
Our results document that Earth’s maximum surface
temperatures are experiencing biome-scale bulk shifts
toward anomalously high temperatures in association
with large-scale extreme climatic events and land-use
change. Large-scale directional shifts in maximum

temperatures indicate important changes in the surface
energy balance that push ecosystems and biomes toward
critical thresholds. We found these shifts in the cryosphere in conjunction with the extreme melt of the GrIS
and in tropical rain forests as a result of widespread and
severe drought and the cumulative effects of forest loss.
Biome-level bulk shifts in the LSTmax distribution indicate the potential for thermal stress thresholds to be
crossed for large areas, resulting in profound and irreversible changes. For example, 98.6% of the GrIS was
under melt in 2012 (Nghiem et al. 2012) in conjunction
with widespread positive LSTmax anomalies and a large
increase in the ice-melt peak of Greenland’s histogram
(Fig. 10). Melt occurred in the high polar altitudes of the
GrIS in some areas where the last significant melt event
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is recorded in the 1889 ice layer (Clausen et al. 1988). Ice
loss from the GrIS has rapidly accelerated during the
last four years of our study period (2011–14) accounting
for an increasing proportion of global sea level rise, and
the greatest ice loss occurred during the exceptionally
warm summer of 2012 (McMillan et al. 2016). The 2012
LSTmax anomalies indicate that in future extreme melt
years the most intense anomalies will manifest in the
high-altitude polar areas of the ice sheet, shifting the
GrIS LSTmax summer histogram distribution. These
results provide a glimpse into how future summer temperature distributions will look under a melt regime
characterized by a 100% summer surface ice-melt extent, a threshold-reaching condition that will likely
trigger tipping points in the ice-sheet melt regime (Box
et al. 2012). The unique phase-change-driven component to the ice/snow histogram will also provide valuable
insights into future ice-melt changes in Antarctica.
In a result that demonstrates the importance of wallto-wall global LST coverage, we found that the Amazon and Congo rain forests experienced widespread
LSTmax anomalies and large-scale directional shifts
toward higher temperatures in 2010 and, to a lesser extent, in 2005. The 2010 LSTmax anomalies show how
large, severe droughts, such as occurred in 2010
(Marengo et al. 2011), can rapidly shift an entire forest
biome toward a condition of increased thermal stress
(Fig. 11). Given that the 2010 drought caused a widespread reduction in vegetation greenness, increased
mortality, and reduced growth that may have shut down
the entire Amazon rain-forest carbon sink (Lewis et al.
2011; Xu et al. 2011; Feldpausch et al. 2016), the effects
of the 2005 and 2010 LSTmax anomalies on the Congolese forests were most likely also severe. This likelihood is consistent with the gradual decline in
photosynthetic capacity and moisture content that was
observed in the Congolese forests over a similar time
period (Zhou et al. 2014). It is not surprising that, in
comparison with 2005, the 2010 drought had a much
stronger effect on shifting the LSTmax distribution in
the Amazon rain forest. Although both Amazonian
droughts were severe, the 2010 drought caused declines
in greenness that spanned an area that was nearly
5 times as large as that of 2005 (Xu et al. 2011). Research
into the effects of recent subcontinental hotter droughts
on tree mortality have found that consecutive multiyear
events cause progressive drying of the forest canopy and
reductions in soil moisture that can result in widespread
mortality of dominant trees species (Breshears et al.
2005; Asner et al. 2016). Extreme drought events have
legacy effects on forest ecosystems that can last for
several years, potentially reducing the resiliency of
ecosystems to subsequent drought events (Bréda et al.
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2006; Anderegg et al. 2015; Saatchi et al. 2013). As the
area affected by extreme high temperatures increases
(Hansen et al. 2012), so will the exposure of ecosystems
to anomalously high temperatures, reducing recovery
time and pushing ecosystems closer to resilience limits
across large scales. Since the temporal responses in energy exchanges to heat waves and droughts can vary
between land-cover types with commensurate effects on
the expression of daytime maximum temperatures
(Teuling et al. 2010), LSTmax coupled with land-covertype information can provide a high level of discernment
of how multiyear droughts progress across diverse
landscapes that is not possible with some traditional
drought metrics (Figs. 5 and 6).
Forest cover changes are a key driver of anthropogenic climate change (Bonan 2008). Thus, the ability to
detect human-induced forest loss is a critical aspect of
the LSTmax global indicator. The shift in the mean
LSTmax toward higher temperatures between the first
half and the second half of our study period demonstrates how the temperature effects of annual forestcover changes accrue over time (Fig. 12). The changes
detected here are from a 2003 land-cover baseline, but
by 2003 more than 837 000 km2 of Amazonian forests
had already been lost (Malhi et al. 2008). Given the increases in LSTmax we detected from 2003 to 2014 in
association with forest loss (Fig. 13) and the welldocumented increases in maximum temperature resulting from tropical-forest loss (Nemani et al. 1996;
Mildrexler et al. 2011a; Li et al. 2015, 2016), historic
forest loss has driven even more widespread increases in
LSTmax with commensurate impacts on regional climate. Together, the effects of forest loss and climate
change amplify one another, and our analysis provides a
new integrated way to examine these critical changes.
This study has shown the immense value of a single,
unique measurement in tracking critical changes in the
Earth system. The focus on changing thermal regimes
has the potential to detect the shifts of ecosystems toward thresholds of profound change and our global,
semiautomated annual analysis is easily repeatable
for continuous monitoring of the entire land surface
of Earth. These are important distinctions from
disturbance-detection approaches that employ complex
algorithms to provide detailed information on abrupt
disturbances and land-cover change but are rarely applied annually over the entire land surface of Earth. As
part of a global disturbance-monitoring system, our efficient global analysis could identify areas for further
examination with higher-spatial-resolution imagery
such as the 30-m Landsat product (McDowell et al.
2015). Given the link between warming temperatures
and increasing rates of disturbance (Allen et al. 2015),
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we contend that the focus of our method on bulk
shifts in surface temperatures provides a more informative first-look global-change indicator when
compared with coarse-scale disturbance detection
information alone.
A 12-yr period is insufficient to attribute the LSTmax
changes to anthropogenic climate change or to establish long-term trends. Nonetheless, our results show
that large-scale heat waves and droughts can rapidly
change the LSTmax spatial patterns, resulting in increased melt in the cryosphere and widespread drought
stress in tropical forests. It is important to note that the
LSTmax metric is detecting major biospheric change
and not directional climate change. However, climate
change provides context for understanding the extreme
events that are occurring more frequently (Seneviratne
et al. 2014; Perkins et al. 2012; Hansen et al. 2012).
Over time, extreme temperature events, especially
heat waves and droughts, play an important role in
redefining Earth’s surface thermal maxima (Fig. 7) and
ultimately the global LSTmax histograms. As more
years of data accumulate, trends in LSTmax could be
examined. We conclude that with continued climate
warming, Earth’s integrated maximum temperatures
will likely experience greater and more frequent directional shifts. This will increase the likelihood that
critical thresholds will be surpassed, resulting in
regional-scale transitions that are tipping points in the
global climate system (Chapin et al. 2008; Hilker et al.
2014). Given the unique qualities of the LSTmax
measurement and the importance of continuing this
annual analysis for future trend detection, data continuity in satellite-derived LST is imperative. Subsequent research will investigate the ability of the
LSTmax indicator to detect slower biome shifts such as
changes in woody plant cover in the Arctic that are
altering the surface energy balance and the ongoing
land degradation in the Sahel of Africa.
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