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Abstract Water-limited ecosystems, covering ~50% of the global land, are controlled primarily by
hydrologic factors. Because climate change is predicted to markedly alter current hydroclimatic conditions
later this century, a better hydrological indicator of ecosystem performance is warranted to improve
understanding of hydrological controls on vegetation and to predict changes in the future. Here we show
that the observed total water storage anomaly (TWSA) from the Gravity Recovery and Climate Experiment
(GRACE) can serve as this indicator. Using the Australian mainland as a case study, where ecosystems are
generally water limited, we found that GRACE-observed TWSA can explain changes in surface greenness
(as measured by the normalized difference vegetation index, NDVI) both interannually and seasonally. In
addition, we found that TWSA shows a significant decreasing trend during the millennium drought from
1997 through 2009 in the region. However, decline in annual mean NDVI during the same period was mainly
driven by decline in annual minimum monthly NDVI, whereas annual maximum monthly NDVI remained
relatively constant across biomes. This phenomenon reveals an intrinsic sensitivity of ecosystems to water
availability that drought-induced reductions in surface greenness are more likely expressed through its
influence on vegetation during lower NDVI months, whereas ecosystem activities tend to recover to their
maximum level during periods when the combined environmental conditions favor vegetation growth
within a year despite the context of the prolonged drought.

1. Introduction

Surface vegetation is a sensitive indicator of global climate change and plays an essential role in regulating
the climate system through its influence on the exchange of energy, water, and carbon at the land-atmospheric
interface [Cornelissen et al., 2007; Zeng et al., 1999]. Water is a primary resource limiting vegetation activity,
the availability of which influences more than half of the primary production of the world’s terrestrial
ecosystem [Heimann and Reichstein, 2008]. A well-known example is the 2005 and 2010 droughts across the
Amazon which caused large-scale vegetation mortality in the basin [Lewis et al., 2011; Phillips et al., 2009],
highlighting the importance of hydrological controls on vegetation behavior. Other studies have also
emphasized a large impact of water availability on the functions of terrestrial ecosystems [e.g., Angert et al.,
2005; B. Z. Chen et al., 2014; Thompson et al., 2011]. Because climate change is projected to increase both the
drought frequency and intensity during the latter part of this century [Dai, 2011; Sheffield and Wood, 2008;
Trenberth et al., 2014], there is a compelling need to understand how vegetation will respond to altered
hydroclimatic conditions to permit forecasting of potential biospheric feedback to natural and anthropogenic
changes in the climate system [Huxman et al., 2004].

Conventional hydrological indicators, such as precipitation and soil moisture, have been widely used to
examine hydrological controls on terrestrial ecosystems [e.g., T. Chen et al., 2014; Huxman et al., 2004]. By
using precipitation as a proxy for the hydrological impact on vegetation, a multitude of studies have reached
a consensus that at the annual scale, ecosystem aboveground net primary productivity (ANPP, which closely
related to satellite-derived greenness index [Campos et al., 2013; Fang et al., 2001]) increases across biomes
with increasing mean annual precipitation [Campos et al., 2013; Huxman et al., 2004]. However, the
relationship between variability in ANPP or vegetation greenness and precipitation is debated among
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researchers [Canon et al., 2011; Caso et al., 2007; Forzieri et al., 2013; Fang et al., 2001; Knapp and Smith, 2001;
Mendez-Barroso et al., 2009]. One reason was ascribed to the relatively short length of data records, but
more essentially, because precipitation only provides an indirect observation of water availability. From the
vegetation perspective, only the proportion of rainfall that is retained in the soil is useful and can be seen
as “effective precipitation,” while this proportion is determined by many other factors, e.g., precipitation
intensity, soil properties, vegetation type, and density, as well as terrain, and is highly variable among
locations. In addition, deep percolation and groundwater discharge cause changes in soil moisture, which
may complicate the relationship between vegetation and precipitation.

Soil moisture arguably provides the best representation of the actual amount of water available for plants.
Nevertheless, in situ soil moisture monitoring data are generally limited spatially and temporally and
simulated soil moisture from land surface models has been reported to be highly uncertain [Chen et al., 2013].
Satellite remote sensing provides an alternative approach to obtaining soil moisture information over larger
areas [Carlson, 2007; McCabe et al., 2005]. However, these observations from visible, near-infrared, thermal
infrared, and microwave remote sensing can only monitor soil moisture within the top several centimeters of
the soil layer, which does not reflect root-zone moisture conditions. In addition, areas where soil moisture
changes are mainly driven by lateral flow or groundwater discharge are difficult to sense remotely, as these
phenomena generally occur in deeper soil layers. Furthermore, groundwater-dependent ecosystemsmay not
respond strongly to surface soil moisture conditions [Murray et al., 2003]. This information gap has seriously
hindered our understanding of hydrological effects on vegetation dynamics at large spatial scales.

Gravity Recovery and Climate Experiment (GRACE) satellites provide monthly solutions of variations in the
Earth’s gravity field. After removing the effects of atmospheric surface pressure and ocean bottom pressures
changes [Tapley et al., 2004] and considering the relatively small contribution of changes in vegetation
biomass [Rodell et al., 2005], the variability in the resulting monthly gravity solutions results primarily from
redistribution of terrestrial total water storage (TWS) [Rodell et al., 2004a]. For cases without large water
storage changes within surface water reservoirs, changes in TWS are mainly driven by changes in soil
moisture storage (SMS) and groundwater storage, suggesting the potential of using GRACE data to examine
hydrological controls on vegetation dynamics. As a fundamental integrated hydrological variable, changes in
TWS from GRACE have benefited numerous hydrological studies such as those on droughts and flood
monitoring [Chen et al., 2010; Long et al., 2013; Leblanc et al., 2009] and on mass changes of ice sheet
[Velicogna and Wahr, 2006]. However, this information has not been fully realized in the areas of ecology
and ecohydrology.

Here we present the first study on direct use of GRACE data to examine hydrological controls on temporal
variability in surface vegetation greenness to address two scientific questions: (1) is GRACE-observed
TWS anomaly (TWSA) a better indicator of variability in surface greenness than other hydrological
components, i.e., precipitation, and (2) how does surface greenness respond to changes in hydrological
conditions. We selected mainland Australia as a case study where ecosystems are mostly water limited
[T. Chen et al., 2014] and have experienced marked alterations in hydroclimatic conditions during the past
several decades [Campos et al., 2013]. In addition, Australia has a vast land area, encompassing a wide
range of ecosystems and climates (Figure 1). All of these features provide an ideal experimental test bed
to investigate hydrological effects on terrestrial ecosystems. Similar results can be expected in other
water-limited regions globally.

2. Materials and Methods
2.1. Data Collection and Processing

The GRACE satellites provide total water storage (TWS) changes from the surface to the Moho. By removing
noise from the atmosphere and ocean, the remaining signal can be interpreted as an integrated measure of
surface water, soil moisture, and groundwater storage change. In this study, the monthly TWSA at 1° × 1°
spatial resolution over mainland Australia from January 2003 to September 2013 were obtained from two
GRACE data processing centers: the Center for Space Research (CSR) of the University of Texas, Austin (http://
www.csr.utexas.edu/grace/) and the NASA’s Jet Propulsion Laboratory (JPL) (http://www.jpl.nasa.gov/
missions/gravity-recovery-and-climate-experiment-grace/) [Lander and Swenson, 2012]. TWSA from CSR and
JPL adopt different constraints on the solutions, providing valuable information about uncertainty in GRACE
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TWSA data. Consequently, the mean values of the two data sets were used to represent the actual TWSA,
and the difference between the two is considered as uncertainty in GRACE TWSA. Our preliminary analysis
shows that the two GRACE data are generally consistent over the study area (see Figure S1 in the
supporting information).

The Global Inventory Modeling and Mapping Studies (GIMMS)-3 g monthly normalized difference vegetation
index (NDVI) data set derived from the National Oceanic and Atmospheric Administration-advanced very
high resolution radiometer from 1982 to 2010 was used to represent surface greenness over mainland
Australia [Tucker et al., 2005]. The GIMMS-3 g NDVI data set has been corrected to minimize various
deleterious effects, including calibration loss, orbital drift, and volcanic eruptions, and has been verified
with stable desert control points [De Jong et al., 2013; Tucker et al., 2005; Xu et al., 2013; Zeng et al., 2013].
In addition, the GIMMS-3 g NDVI series is the only continuous and up-to-date global NDVI data set that
is continually assessed and validated, which provides a robust large-scale observation of the surface
vegetation conditions [Beck et al., 2011; B. Z. Chen et al., 2014]. The maximum value composite method
was used to reduce the noise (i.e., disturbance from cloud, atmosphere, and changes in solar altitude
angel) in NDVI data and to generate monthly NDVI series [Holben, 1986; Tucker et al., 1994]. Although
NDVI tends to saturate at high leaf area index (LAI) conditions [Sandholt et al., 2002], the effect of high
LAI on NDVI saturation is assumed to be negligible as Australia is characterized as a dry continent. The
gridded meteorological data, including precipitation, temperature, wind speed and radiation, were
obtained from the Bureau of Meteorology, Australia (http://www.bom.gov.au/climate/data/). Land use
classification was based on the Moderate Resolution Imaging Spectroradiometer (MODIS) 1 km University
of Maryland (UMD) land cover product (MCD12C1) acquired from the NASA’s data and information system
(http://reverb.echo.nasa.gov/). All data were further resampled to a resolution of 1° × 1° in accordance
with the GRACE data.

There is a strong seasonal cycle in monthly hydrological (i.e., precipitation and total water storage) and
ecological variables (i.e., NDVI) (see section 3.1). To eliminate seasonal trends in the total water storage
anomaly, NDVI and precipitation series, we calculated their monthly anomalies by subtracting the monthly
time series from the monthly climatology means for the years evaluated,

XAnomaly i; jð Þ ¼ X i; jð Þ � 1
n

Xn
j¼1

X i; jð Þ (1)

where X is the monthly variable of interest, i is the month, j is the year, and n is the number of total years
considered. The GRACE processing centers provide monthly TWS series from which the long-term mean has
been subtracted, which is usually referred to as TWS anomaly by the GRACE community but is different from

Figure 1. Spatial distributions in (a) land use type and (b) climate type over mainland Australia. The land use types
were obtained from the Moderate Resolution Imaging Spectroradiometer (MODIS) 1 km University of Maryland (UMD)
land cover product (MCD12C1), and the climate types were acquired from Hobbs and McIntyre [2005].
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the monthly TWS anomaly calculated from equation (1). To avoid ambiguities, the original GRACE data are
referred to as TWSA in the main text. Annual anomalies of precipitation and NDVI were calculated by
subtracting the annual mean from the annual time series.

2.2. Statistical Methods
2.2.1. Time Lag Analysis
The impact of TWS or precipitation on NDVI is expected to show finite time lags due to variability in temporal
response of vegetation to water availability [T. Chen et al., 2014]. To quantify these time scales, we examined
the relationship between TWS/precipitation anomaly and NDVI anomaly at different time lags (0 ~ 6months)
by shifting NDVI anomaly series 1month forward at a time. Previous studies have shown that water availability
generally leads the behavior of vegetation [e.g., T. Chen et al., 2014;Wang et al., 2007]. As a result, we only
considered positive time lags (TWS or precipitation precedes NDVI) in the following analysis. The Pearson’s
correlation coefficient (r)was used toquantify the strengthof the relationships at different time lags, anda t test
was applied to test the statistical significance of the relationships.
2.2.2. Cumulative Anomaly Analysis
To examine the coherence in trends of TWS and NDVI, a cumulative anomaly analysis [Lozowski et al., 1989]
was applied to investigate the state (above or below the average condition) changes in NDVI and TWS
anomaly time series and the turning points (TPs) in these trends. The monthly TWS and NDVI anomalies from
equation (1) were accumulated and a piecewise regression model was applied to these cumulative anomaly
series to examine the turning points of the states in TWS and NDVI time series [Toms and Lesperanc, 2003],

y ¼ β0 þ β1t þ ε t ≤ α

β0 þ β1t þ β2 t � αð Þ þ ε t > α

�
(2)

where t is month and y is accumulated anomaly of TWS or NDVI; α is the visually estimated TP of the time
series defining the timing of a state change; β0, β1, and β2 are regression coefficients. Least squares linear
regression was used to estimate α and the three regression coefficients, and a t test was applied to test if β2 is
not equal to zero. A P value <0.05 was considered statistically significant.
2.2.3. Extreme Analysis
We further explored the behavior of relationships among extremes by analyzing the trends in annual
maximum and minimum TWSA and NDVI series, as it is likely that the effect of TWS (shortage) on
vegetation will not often be expressed through a decline in mean, but rather through changes in the
extremes [Reyer et al., 2013]. A least squares linear regression was applied to detect the trend in NDVI and
TWSA extremes during a given period,

y ¼ aþ bt þ ε (3)

where y represents annual NDVI or TWSA extremes, t is year, a and b are fitted coefficients, and ε is the
residual error. A t test was used to test if b is not equal to zero, with a significance level of 0.05.

2.3. Artificial Neural Network

GRACE data are only available at the monthly scale since 2003. Here we developed Artificial Neural Network
(ANN) models for each 1° × 1° grid to extend the TWSA beyond the GRACE period to be consistent with NDVI
series (1982–2010) based on the approach in Long et al. [2014]. A long period of TWSA data set would be
more valuable in helping understand the controlling effect of the TWS changes on vegetation dynamics in
the long run.

The multilayer perceptron (MLP) ANN models were developed to hindcast GRACE TWSA at the monthly
scale from January 1982 to December 2002. Inputs (predictors) of the MLP model consider monthly
precipitation and soil moisture storage (SMS) estimates from different land surface models (LSMs), i.e., Noah
(2m), Mosaic (3.5m), Variable Infiltration Capacity (VIC) model (1.9m), and Community Land Model (3.4m) in
Global Land Data Assimilation System-1 [Rodell et al., 2004b] (Please note that the number in the brackets
following each LSM model indicates the soil column thickness defined in the model). It was found that the
SMS from Noah shows the highest correlation with GRACE TWSA (r=0.74) in all LSMs being considered in
mainland Australia. Using precipitation as an additional input was intended to reflect the rapid response of
SMS and groundwater storage to precipitation. Our test showed that the combination of Noah SMS and
observed precipitation as predictors could result in reasonable performance of the developed ANNmodels in
most cases (please refer to section 3 on details about this).
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The output of the ANN model is
monthly TWSA. The rule-of-thumb of
the MLP networks is that the number of
hidden neurons should be about half
the number of predictors and should
never bemore than twice as large [Berry
and Linoff, 2004]. Thus, we set the
number of hidden neurons to three
through a trial and error process. GRACE
TWSA data from January 2003 to
December 2010 totalling 96months
were used for training the MLP network
and that from January 2011 through
September 2013 totalling 33months
were used for testing the performance
of the developed ANN model. More
details about this approach can be
found in Long et al. [2014].

3. Results and Discussion
3.1. Seasonality in Hydroclimatic
and NDVI Conditions Over
Mainland Australia

Figure 2 shows the seasonal trends of
various hydroclimatic (precipitation,
potential evapotranspiration, and total
water storage anomaly (TWSA)) and
ecological (NDVI) variables averaged
over mainland Australia. Seasonal
trends in precipitation and potential
evapotranspiration (PET) follow each
other fairly well, with both variables
exhibiting higher values during
summer and lower values over winter.
Monthly TWSA and NDVI also show
similar seasonal cycles but distinct
from those of precipitation and PET.
TWSA and NDVI are generally higher
in autumn and winter and lower
in summer.

The spatial distributions of the season in which the maximum corresponding variables are found agree
reasonably well with the continent-averaged values (Figure 3). Again, the maximum precipitation and PET
occur in summer over most of mainland Australia, except for higher winter precipitation along the southern
coast (i.e., Mediterranean climate) and higher spring PET in the north (i.e., tropical climate). In contrast,
TWSA and NDVI show higher values in autumn and winter for most grid cells, with higher summer TWSA
concentrated in the northeast and higher summer NDVI scattered in the central part of the country.

3.2. Total Water Storage-NDVI Versus Precipitation-NDVI

To gain a more robust link between hydrological conditions and surface greenness, we first focused on the
period from 2003 through 2010 when GRACE and NDVI data are both available. In addition, to avoid the effect
of intrinsic seasonality in each variable on the correlation analysis (Figures 2 and 3, we calculated monthly
anomalies of each variable to eliminate the seasonal cycle in each data series. Spatially, annual (averaged over
12months) and monthly anomalies of TWS, NDVI, and precipitation were averaged over mainland Australia

Figure 2. Seasonality of spatially averaged (a) precipitation, (b) potential
evapotranspiration, (c) total water storage anomaly, and (d) NDVI over
mainland Australia. Each point represents the monthly climatological mean
from 2003 through 2010, and error bars indicate one standard deviation.
Potential evapotranspiration (PET)was estimated using Penman’s formulation
as given in Shuttleworth [1993].
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to examine their interrelation at the continental scale. We found that both changes in TWS and precipitation
explain interannual variability in NDVI reasonably well over Australia (Figures 4a–4c). Specifically, changes
in annual TWSA and annual precipitation explain 67% and 59% of the changes in annual NDVI, respectively,
suggesting a strong hydrological control on interannual variability in surface vegetation greenness in
the region. However, at the monthly scale, anomalies in the two hydrological variables show different
relationships with NDVI anomalies: a strong positive correlation (R2 = 0.49, P< 0.001) was found between
TWS and NDVI anomalies, but no significant correlation was observed between precipitation and NDVI
anomalies (Figures 4d–4f). After taking the time lags between data series into consideration, a statistically
significant relationship between precipitation and NDVI anomalies was found when precipitation precedes
NDVI by 2 ~ 4months (see Figures S2a and S2b in the supporting information). Nevertheless, these
relationships between precipitation and NDVI anomalies are still much weaker than that between TWS
and NDVI anomalies. This indicates that seasonal variability in surface greenness over Australia is also
controlled by changes in hydrological conditions, and TWSA appears to be a better hydrological indicator
for explaining variability in vegetation dynamics than precipitation. This result is reasonable because
precipitation provides only an indirect measure of water availability to plant growth.

We then investigated spatial patterns of the relationship between TWS or precipitation anomalies and the
NDVI anomaly at different time scales (Figure 5). Consistent with the continental average results above, both
annual TWS and precipitation anomalies are strongly correlated with annual NDVI anomalies for most grid
cells. The grid-averaged Pearson’s coefficients (r) for the two relationships are both 0.58. However, the spatial
patterns are slightly different. The spatial distribution of r of the NDVI-TWS relationship is more uniform than
that of the NDVI-precipitation relationship in which r is generally higher in the eastern parts but lower in the
western parts of the continent (Figures 5a and 5b).

Figure 3. Spatial distribution of the season in which the maximummonthly (a) precipitation, (b) potential evapotranspiration,
(c) total water storage anomaly, and (c) NDVI occurs over mainland Australia. The seasonal cycle of each variable was
determined from the monthly climatological mean based on data from 2003 through ~2010. The four seasons are defined
by grouping the calendar months in the following way, i.e., spring: September through November, summer: December
through February, autumn: March through May, and winter: June through August. Potential evapotranspiration (PET) was
estimated using Penman’s formulation as given in Shuttleworth [1993].
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Monthly TWS anomalies are positively correlated with monthly NDVI anomalies, with significant correlation
coefficients (P< 0.05) over 84% of the continent (Figure 5c). However, because the impact of TWS (as well as
precipitation) variability on NDVI is expected to show some time lag due to variability in temporal response of
vegetation to water availability [T. Chen et al., 2014], the correlation coefficient varies considerably with different
time lags (Figures 5e, 5f, and 6). For most areas, the maximum correlation was obtained when TWS precedes
NDVI by 1month, or is concurrent with NDVI. Larger time lags (lag ≥2months) corresponded to maximum
correlations in the southwest corner where the land surface is dominated by agricultural crops (Figure 5e).
Correlations betweenmonthly precipitation and NDVI anomalies are generally weaker than those between TWS
and NDVI throughout the country (Figure 5d), which agrees with the continental averaged results as shown in
Figure 6. For the precipitation-NDVI relationship, time lag analysis shows that positive correlation is mostly
strong when precipitation preceded NDVI by 1 month in the southeast and over 3 months in the north and
southwest parts of mainland Australia (Figure 5f). The larger time lags are generally found in the area where
the seasonal cycles of precipitation and PET are out of phase (i.e., Figures 3a and 3b). In addition, this large time
lag between monthly precipitation and NDVI series may be responsible for the negative correlation between
precipitation and NDVI at the annual scale (Figure 5b). Precipitation in the current year may not directly support
vegetation growth (as reflected by increases in NDVI) in the same year but the following year due to the lagged
response of vegetation to precipitation. This, when coupled with a drier climate (i.e., less precipitation) in the
following year, would lead to a negative correlation between precipitation and NDVI at the annual level (i.e.,
lower precipitation but higher NDVI). A similar explanation may also account for negative correlations between
annual TWS and NDVI in the southwestern corner of the mainland Australia (Figures 5a and 5e). Moreover, the
larger time lag between precipitation and NDVI than that between TWS and NDVI suggests that precipitation
also leads the behavior of TWS in the study area (see Figure S3 in the supporting information).

At the level of biome type, NDVI in agricultural and forest ecosystems shows the lowest correlation with
changes in both TWS and precipitation at the annual scale (Figure 7a).1 This is not surprising because water
availability in agricultural land is often maintained at a relatively high level via irrigation and forest ecosystems
usually have higher resistance to drought due to deeper rooting that allows plants to take up water from
deeper soil layers. With increasing aridity, correlation between NDVI and the two hydrological variables, total
water storage, and precipitation becomes stronger and peaks in sparsely vegetated ecosystems, highlighting
the importance of hydrological controls on surface vegetation in arid environments.

Figure 4. Time series of TWS, NDVI, and precipitation anomalies at (a) annual and (d) monthly scales during 2003–2010. Each point represents themean TWS anomaly
of the two GRACE data sets provided by the JPL and CSR processing centers, and error bars indicate the difference between the two data sets. Relationships between
(b) annual NDVI and TWS anomalies, (c) annual NDVI and precipitation anomalies, (e) monthly NDVI and TWS anomalies, and (f ) monthly NDVI and precipitation
anomalies are also shown.
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Consistent with the results shown above, although changes in both total water storage and precipitation
show similar correlations with that in NDVI at the annual scale in different ecosystems, our analysis based
on monthly anomaly data also shows a systematically closer relationship between TWSA and NDVI than
that between precipitation and NDVI for all ecosystems (Figure 7b). Especially for savanna, shrubland,
and grassland, the monthly NDVI-TWS correlation coefficients are significantly higher than the monthly
NDVI-precipitation relationships, implying that change in total water storage is a much better hydrological
indicator for explaining variability in surface vegetation for the three ecosystems. In addition, time lag
analysis also shows that there are larger time lags in the relationship between monthly NDVI and precipitation
than that between monthly NDVI and TWS in all ecosystems (Figure 7c), suggesting that precipitation may
not be a direct measure of water availability to vegetation.

Figure 5. Results from correlation analysis between the annual and monthly NDVI, TWS, and precipitation anomalies.
The Pearson’s coefficient between (a) annual NDVI and TWS anomalies and (b) annual NDVI and precipitation anomalies.
The maximum obtained Pearson’s coefficient between monthly NDVI (c) and TWS anomalies (e) and the time lag in
month. The maximum obtained Pearson’s coefficient between monthly NDVI (d) and precipitation anomalies (f ) and the
time lag in month.
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3.3. Long-Term Trend in TWSA and NDVI

To examine the TWS control on surface greenness in the long run, ANN models were developed for each
1° × 1° grid cell to hindcast the TWSA series beyond the GRACE period. However, due to complicated
relationships among TWS, SMS, and precipitation in different regions, the developed ANN models did not
work well in some areas. The validation results of the ANNmodel performance in estimating TWS changes are
shown in Figure 8. In general, the ANN models based on different GRACE data performed quite similar

Figure 6. Pearson’s coefficients (r) between monthly TWS and NDVI anomalies from 2003 to 2010 at different time lags.
Positive time lags indicate that TWS precedes NDVI, and vice versa. Generally, correlations are mostly positive, reflecting
TWS preceding NDVI by 1 month or concurrent with NDVI.
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(slightly better with CSR GRACE data),
with better simulation results generally
found in the northern, central, and
southeastern parts of the continent
(also see Figure S1 in the supporting
information for the correlation
coefficient between the two GRACE
products). In the following analysis, we
only considered pixels with correlation
coefficients between GRACE-observed
TWSA and ANN-based TWSA exceeding
0.5 during the validation period to
minimize the effect of uncertainties in
TWSA estimates on the relationship
between TWSA and NDVI (Figure 8).
As a result, about 50% of the pixels
were considered in the long-term trend
analysis, and the mean r value for
these 50% pixels is 0.69.

As shown in Figure 9, the trend in
monthly TWSA follows that of the
NDVI fairly well during the past three
decades (R2 = 0.48, P< 0.001). However,
the trend in monthly precipitation does
not correspond to those of TWSA and
NDVI. These comparisons show that the
spatially averaged TWSA and NDVI
generally peak in autumn and winter
while precipitation peaks during the
summer (also see Figures 2 and 3),
suggesting that summer rainfall may
not be retained in the soil for a relatively
long duration and consequently, cannot
be used effectively by plants. Much
of the summer rainfall either runs off

or is consumed rapidly via nonbiological processes, i.e., canopy interception and soil evaporation. In contrast,
precipitation in autumn and winter with lower intensity could replenish soil moisture more effectively

Figure 7. Pearson’s coefficient between anomalies in NDVI and the two
hydrological variables, precipitation and total water storage, in different
ecosystem at the (a) annual scale and (b)monthly scale, and (c) the time lag
in monthly NDVI-total water storage and NDVI-precipitation correlations.
Error bar indicates one standard deviation.

Figure 8. Pearson’s coefficients (r) between GRACE-observed TWS change and that estimated from the ANN models from
January 2011 to September 2013. (a) The ANN model trained and compared with CSR GRACE data and (b) the ANN model
trained and compared with JPL GRACE data. Only pixels with r larger than 0.5 in both estimates were used in the analysis.

Journal of Geophysical Research: Biogeosciences 10.1002/2014JG002670

YANG ET AL. ©2014. American Geophysical Union. All Rights Reserved. 2254



(see Figure S4 in the supporting information for proportions of precipitation in different seasons). Moreover,
lower atmospheric demand in autumn and winter allows water to be retained in the soil for a longer time and
greatly alleviates vegetation water stresses, which results in higher autumn and winter TWSA and NDVI
values. Analysis of temperature-NDVI relationships also shows that the two variables are generally negatively
correlated in both summer and winter (Figure S5 in the supporting information), suggesting that low winter
temperature is not a limiting factor for plant growth whereas high summer temperatures may have markedly
stressed the vegetation.

The results of this study clearly show that GRACE-observed TWSA is a robust and better predictor of seasonal
surface greenness than precipitation over mainland Australia. For other hydrological variables that are
considered to be linked with vegetation behavior, such as root zone soil moisture and evapotranspiration,

Figure 9. Time series of monthly NDVI, precipitation, and TWSA generated from the developed ANNmodels over mainland
Australia from January 1982 to December 2010. Error bars represent the difference between the ANN-generated TWSA
based on CSR GRACE data and that based on JPL GRACE data.

Figure 10. Cumulative anomaly analysis on spatially averaged NDVI and TWS series. (a) Five-segment trends of NDVI
separated by NDVI turning points, (b) five-segment trends of TWS separated by TWS turning points, and (c) five-segment
trends of NDVI separated by TWS turning points.
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observational data on these parameters are generally limited spatially and temporally, andmodeling of these
parameters is highly uncertain [Chen et al., 2013; Yang et al., 2013]. In addition, it is currently very difficult
to accurately partition the GRACE total water storage signal into different components of water storage change
(i.e., soil water storage and ground water storage), as the required additional information (e.g., regional soil
moisture or groundwater dynamics) is also often highly uncertain [e.g., Long et al., 2013]. Moreover, to quantify
the effect of soil moisture on vegetation behavior, an accurate regional map of vegetation rooting depth is
needed. However, such information is usually not readily available. All of these issues result in difficulties in
building a deterministic understanding of hydrological controls on vegetation dynamics.

On the other hand, GRACE-observed changes in total water storage provide water mass changes within the
whole soil column, including both unsaturated and saturated soil zones. In almost all cases, moisture changes
in the unsaturated zone, in which the root zone is located, are more sensitive to climate variation than those
in saturated zone. Thus, for large areas where groundwater pumping is negligible and water tables are
relatively deep (groundwater table depth in mainland Australia ranges mostly from 8 to 12m below the
surface [Koirala et al., 2013]), GRACE signals primarily reflect moisture storage in the unsaturated (root)
zone. Only after prolonged wet and dry periods, climate effects on water storage may reach the saturated
zone, at which time, both the unsaturated and saturated zones have the same sign in their anomalies. Thus,
GRACE signals still reflect the root-zone moisture anomaly. This may provide an explanation for the good
correlation between TWS and NDVI anomaly time series.

We further applied a cumulative anomaly analysis [Lozowski et al., 1989] to investigate the state (above or
below the average condition) changes in NDVI and TWS anomaly time series and the turning points (TPs) in
these trends. The states in both NDVI and TWS can be divided by four TPs during the entire period and all of
them are significant (P< 0.01) except for the last TP of TWS (TP=April 2010, P=0.143) (Figures 10a and 10b).
Two long-term drought periods were observed with both NDVI and TWS anomalies showing continuous
below-average values from the mid-1980s through the mid-1990s and from 2002 through 2009. The
2002–2009 period corresponds to the driest period since 1900 for most areas in Australia and is regarded as

Figure 11. Trend analysis in the spatially averaged annual extremes of NDVI and TWSA. (b) Annual maximum monthly
NDVI and TWSA series from 1982 to 2010 with the shaded area highlighting the same series from 1997 to 2009, and
(a) annual minimum monthly NDVI and TWSA series from 1982 to 2010 with the shaded area highlighting the same
series from 1997 to 2009.
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the “Millennium Drought” [Van Dijk et al., 2013]. These results reinforce the potential for using GRACE-observed
changes in total water storage and remotely sensed vegetation index time series to monitor droughts over
mainland Australia, as used in other regions of the world [e.g., Long et al., 2013].

Even though both NDVI and TWS showed five periods where the states change, the TP positions for NDVI
and TWS anomaly series are slightly different (within 5months). Following Piao et al. [2011], we further analyzed
the NDVI anomaly series by using the TPs of TWS anomaly (Figure 10c). In this case, the TPs of TWS anomaly
series are also significant (p< 0.01) to the NDVI anomaly series, indicating that during the entire period of
1982–2010, NDVI and TWS trends together demonstrate a strong (statistically significant) relationship.

3.4. Trends in Monthly Extremes

For the entire period, both the minimum monthly NDVI and TWSA showed decreasing trends (Figure 11). In
contrast, despite the decreasing trend in the maximum monthly TWSA, maximum monthly NDVI showed a
slightly increasing tendency. However, all four trends are not significant at P= 0.05 (Figure 11).

We further applied the same analysis to recent years with a more distinct water shortage. The year 1997 was
the wettest year during the past three decades while 2009 is the last year of the “Millennium Drought”
(Figures 9 and 10). Therefore, we selected the 1997 to 2009 time period to examine how vegetation responds
during a long drying period. Trend analysis shows that both the maximum and minimum monthly TWSA
declined significantly during this period at a rate of 7.5 and 7.9mm/yr, respectively, suggesting that the
continent was suffering a prolonged drought during this period. Interestingly, only the minimum NDVI
showed a significant decreasing trend during the period at a rate of 0.0033 per year while themaximumNDVI
remained fairly constant. This result is further supported by the spatial distribution of the maximum NDVI
trend in which only 13% of the pixels show significant decreases in maximum NDVI while 84% of the
pixels show nonsignificant decreasing or even increasing trends during 1997–2009 (Figure 12). This indicates

Figure 12. Results of trend analysis of annual maximum (a) TWSA and (b) NDVI and annual minimum (c) TWSA and (d) NDVI
from 1997 through 2009. The significance level is set as 0.05. Blank areas within the continent boundary indicate the
correlation coefficient between GRACE-observed TWSA and that generated by ANN models during the validation period
are less than 0.5.
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that drought-induced declines in
surface greenness are mostly expressed
through its influence in months with
lower NDVI, while higher NDVIs
during the major growing season
may be less affected despite the
prolonged drought.

To further investigate the mechanism
leading to this phenomenon, we
examined the trend in accumulated
precipitation for the month with the
maximum NDVI and 1 month before
(Figure 13). We assume that this 2
month accumulated precipitation
represents the water that supports
the maximum NDVI. A similar result
was obtained when precipitation was
accumulated over 3months (see Figure S6
in the supporting information). Results
show that 95% of the pixels have not
experienced significant changes in

accumulated precipitation over 1997–2009, suggesting a sufficient water supply which favors vegetation
activity within a certain period of the year (generally in autumn and winter, Figure 13). A previous study
suggested that the ecosystem is able to absorb disturbances and retain a high productivity in wet years after
prolonged droughts [Campos et al., 2013]. Our results further demonstrate that such ecosystem resilience
may occur over a certain period when the combined environmental conditions (i.e., precipitation and
atmospheric demand) favor vegetation growth throughout the year during prolonged droughts. This
phenomenon is most likely related to rapid growth of herbaceous species which tend to use shallow soil
moisture that is readily replenished by immediate rainfall events. As shown above, annual minimum TWSA
and NDVI occurred generally in summer times (Figures 2c and 2d), when the combined effects of water
shortage (i.e., low TWSA) and high atmospheric demand (i.e., high potential evapotranspiration) lead to
reductions in vegetation activity or even mortality as drought persists. However, in autumn and winter,
vegetation activity tends to recover as an integrated result of sufficient precipitation supply, reduced water
stresses imposed by the atmosphere and improved water use efficiency in response to droughts [Campos
et al., 2013]. With continuing drought, this annual ecosystem resilience may decrease as mortalities are
expected to continue, especially in ecosystems that respondmost rapidly to variability in water (i.e., grasslands)
[Knapp and Smith, 2001]. Campos et al. [2013] predicted that there is a threshold which, when crossed, will
result in ecosystem resilience loss and biome reorganization. Unfortunately, we are not able to determine this
threshold based on the current database.

4. Conclusions

GRACE-observed TWSA has been shown to be a good indicator of interannual and seasonal variability in
surface greenness over mainland Australia in this study. Although precipitation provides a good explanation
of interannual variability in NDVI, it is unable to account for NDVI variations at the monthly scale. The
relationship between monthly TWS and NDVI anomalies is mostly strong when TWS coincides with NDVI or
precedes NDVI by 1month. During 1982–2010, TWSA and NDVI show five episodes where the states change,
which remain similar after switching the turning points, suggesting that TWSA and NDVI trends together
demonstrate a strong relationship during the entire period.

To the best of our knowledge, information on TWSA has not been used directly for assessing hydrological
impacts on surface vegetation. Instead, precipitation is commonly used in current ecosystem models to
reflect hydrological controls on ecosystem functioning. The results of this study suggest that changes in total
water storage derived from the GRACE satellites can be used as such a measure.

Figure 13. Spatial distribution of trends in accumulated precipitation of
the maximum month of NDVI and 1 month before from 1997 through
2009. The significance level is set as 0.05. Blank areas within the continent
boundary indicate the correlation coefficient between GRACE-observed
TWSA and that generated by ANNmodels during the validation period are
less than 0.5.
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Trends in annual extremes of TWSA and NDVI suggest that drought-induced reductions in surface greenness
are more likely expressed through its influence on the annual minimal NDVI, while the ecosystem greenness
at the peak of the growing season is less influenced by the TWS deficit during a multiyear drought period.
This result indicates that immediate rainfall events may replenish shallow root zone moisture, triggering
more likely herbaceous growth during this period.
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