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Abstract: To improve the understanding of water–vegetation relationships, direct comparative studies
assessing the utility of satellite remotely sensed soil moisture, gridded precipitation products, and
land surface model output are needed. A case study was investigated for a water-limited, lateral
inflow receiving area in northeastern Australia during December 2008 to May 2009. In January 2009,
monthly precipitation showed strong positive anomalies, which led to strong positive soil moisture
anomalies. The precipitation anomalies disappeared within a month. In contrast, the soil moisture
anomalies persisted for months. Positive anomalies of Normalized Difference Vegetation Index
(NDVI) appeared in February, in response to water supply, and then persisted for several months.
In addition to these temporal characteristics, the spatial patterns of NDVI anomalies were more similar
to soil moisture patterns than to those of precipitation and land surface model output. The long
memory of soil moisture mainly relates to the presence of clay-rich soils. Modeled soil moisture from
four of five global land surface models failed to capture the memory length of soil moisture and all five
models failed to present the influence of lateral inflow. This case study indicates that satellite-based
soil moisture is a better predictor of vegetation water availability than precipitation in environments
having a memory of several months and thus is able to persistently affect vegetation dynamics. These
results illustrate the usefulness of satellite remotely sensed soil moisture in ecohydrology studies.
This case study has the potential to be used as a benchmark for global land surface model evaluations.
The advantages of using satellite remotely sensed soil moisture over gridded precipitation products
are mainly expected in lateral-inflow and/or clay-rich regions worldwide.
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1. Introduction

Improved knowledge of biosphere–atmosphere interactions is essential for understanding climate
dynamics [1]. Water availability, temperature, and solar radiation are the main climatic constraints on
terrestrial ecosystems, with water availability arguably the most important as it restricts about 50% of
primary productivity of global terrestrial ecosystems [2,3]. While precipitation is considered to be the
main contributor governing the variance of interannual vegetation activity in the temperate and boreal
Eurasia [4] and the Sahel [5,6], soil moisture is more directly related to vegetation dynamics because it
determines the water availability for vegetation [7,8].

Since the late 1980s, remotely sensed data have been used to monitor large-scale vegetation
conditions [9,10] and several vegetation indices such as the Normalized Difference Vegetation Index
(NDVI) are widely used for this purpose. Station and satellite observations of precipitation and NDVI,
respectively, are often used to investigate the co-relationships between water availability and vegetation
dynamics. For example, Wang et al. [11] found that the precipitation changes preceded those in NDVI
by about two weeks to two months in the central Great Plains of the United States. Similar results
were illustrated in Central Asia (1–3 months) [12] and in the Colorado River Basin (1–2 months) [13].
Additionally, the sensitivity of vegetation to precipitation is related to some precipitation thresholds.
NDVI was found to be strongly sensitive to precipitation: (i) as long as precipitation did not exceed
about 500 mm¨ year´1 or 50–100 mm¨ month´1 in semi-arid Botswana [14]; or (ii) when precipitation
ranged from 100 to 400 mm¨ year´1 in Central Asia [12]. Vegetation may also be more sensitive
to seasonally integrated precipitation rather than monthly integrals over global arid and semi-arid
regions [15], and these relationships will change in water-limited areas as water use efficiency changes
due to increased atmospheric CO2 concentrations [16].

Previous large-scale studies of water–vegetation relations relied mainly on one-dimensional
modeled soil moisture or drought indices [7,17]. In the past decades, several algorithms to retrieve
soil moisture from microwave satellite observations were developed and now surface soil moisture
(i.e., the top few centimeters) is routinely observable from space [18–20]. A long-term remotely sensed
surface soil moisture (usually not deeper than 5 cm) dataset has been widely evaluated across the globe,
showing favorable results when compared to isolated point-based soil moisture observations [21–24]
and against models [25–27]. Additionally, significant positive relationships and coherent trends
between NDVI and remote sensed soil moisture were shown over Australia [28].

Although theoretically soil moisture has a closer relationship to vegetation than precipitation,
existing large-scale evidence still lacks the capability to demonstrate the differences between satellite
remotely sensed soil moisture and precipitation in ecohydrological applications. In cases where lateral
re-distribution of soil moisture occurs direct observation, not modeling, is preferable. Hence, in this
paper, we provide direct evidence to answer the question “which of (i) remotely sensed soil moisture;
(ii) gridded precipitation products; or (iii) land surface model outputs provides the optimal description
of observed NDVI-based vegetation dynamics for a large regional inflow receiving landscape in
northeastern Australia?”

2. Materials and Methods

2.1. Study Area

The study region is northeastern Australia (Figure 1), in which two sub-regions (denoted as
REC and SQU) were selected for detailed investigation. To maximize the difference between the
precipitation and soil moisture, the southern sub-region (SQU) lies in Australia’s “channel country”,
a complex anastomosing river system with wide floodplain inundation (and subsequent vegetation
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growth) caused by lateral inflow following pluvial events in the headwaters (see Jarihani et al. [29,30]
and the references therein). The topography is illustrated in Figure 1a using Global 30 Arc-Second
Elevation (GTOPO30) [31].
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level, respectively. In (b) land cover is based on GlobCover2009 data from European Space Agency 
GlobCover Portal. More detail of the legend is listed in Table 1. 
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resolution. Monthly data were obtained by time averaging the original daily product. A full data 
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Figure 1. Topography (a) and land cover (b) over northeastern Australia (S10˝–S30˝; E130˝–E150˝).
Letters D, T, and A indicate the cities of Darwin, Townsville, and Alice Springs, respectively, which
are identical in the following figures. The selected rectangular sub-region (REC, (S19.25˝–S22.75˝;
E137.5˝–E144.5˝) covering about 28,340 km2) and square sub-region (SQU, (S23.5˝–S27.5˝;
E137.5˝–E141.5˝) being about 17,892 km2) are illustrated. In (a) the DEM of GTOPO30 data is used, and
statistical characteristics of elevation in REC and SQU sub-regions, including minimum, maximum,
mean, and standard deviation, are (87, 1136, 273, 126) and (44, 202, 87, 25) meters above mean sea-level,
respectively. In (b) land cover is based on GlobCover2009 data from European Space Agency GlobCover
Portal. More detail of the legend is listed in Table 1.

2.2. Datasets

The satellite soil moisture product (ESA CCI soil moisture v. 0.20) was obtained from the European
Space Agency Climate Change Initiative data portal (see http://www.esa-soilmoisture-cci.org/) [22,32,33],
and was generated by merging active and passive microwave observations [34,35]. This product covers
35 years (1978 to 2013) and is available at 0.25˝ spatial resolution and a daily temporal resolution.
Monthly data were obtained by time averaging the original daily product. A full data description
and processing details are provided in Liu et al. [32]. As shown in Figure 1b and Table 1 based on the
GlobCover2009 data [36], the study region is primarily covered with sparse vegetation, which allows
a high surface soil moisture retrieval accuracy of approximately 0.05 m3¨ m´3 [37].

Table 1. Land cover types of Figure 1 and the percentages of sub-regions REC and SQU.

Class # Class Name REC (%) SQU (%)

1 Water bodies 0.03 0.70

2 Bare areas 2.84 57.44

3 Sparse (<15%) vegetation 65.86 40.63

4 Closed to open (>15%) herbaceous vegetation (grassland,
savannas, or lichens/mosses) 2.49 0.33

5 Closed to open (>15%) (broadleaved or needle-leaved,
evergreen or deciduous) shrubland (<5 m) 6.19 0.01

6 Mosaic grassland (50%–70%)/forest or shrubland (20%–50%) 7.24 0.03

7 Mosaic forest or shrubland (50%–70%)/grassland (20%–50%) 14.96 0.24

8 Others 0.39 0.62
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Daily and monthly precipitation data are obtained from the TRMM (Tropical Rainfall Measuring
Mission) precipitation product (3B43, 3B42), ranging from January 1998 to the present at 0.25˝

resolution [38]. These data have been shown to work well in Australia, adding information in locations
with low densities of ground stations observing precipitation [39].

NDVI is used to describe vegetation conditions, which is a normalized ratio of (NIR ´ Red)/
(NIR + Red), where NIR and Red indicate the reflectance in the near-infrared and red spectral bands,
respectively. NDVI is related to ecosystem production and widely used to indicate vegetation
greenness [3,15]. Beck et al. [40] reported that the GIMMS (Global Inventory Modeling and Mapping
Studies [10]) NDVI imagery from four AVHRR-derived NDVI datasets were best able to track temporal
changes in Landsat samples and so these were used here. The NDVI data (NDVI3g version) from
GIMMS [41] were averaged from 0.08˝ to 0.25˝ resolution at a monthly time step. These data cover
1981 onwards.

The three datasets overlap from 1998 while our case study is for 2009. Thus the period 1998–2009
was used to calculate monthly anomalies with the seasonal cycle removed. To directly demonstrate
flood events, the MODIS (Moderate Resolution Imaging Spectroradiometer) open water likelihood
(OWL) algorithm is applied at eight days and 1 km resolution and we use 6% as the threshold to
identify surface water [42].

2.3. Analysis Processing

To characterize the data, the spatial and temporal patterns for a period of distinct differences
between the precipitation, soil moisture, and responding vegetation growth (i.e., December 2008
to May 2009) are illustrated monthly. This period is selected as it represents exceptionally strong
La Niña conditions that yielded high rainfall in eastern Australia due to positive teleconnections with
the Indian Ocean Dipole and Southern Annular Mode [43,44]. This rainfall followed a decade-long
drought in eastern Australia [45], so differences in fluvial-event vegetation growth and long-term
(or residual) vegetation growth are maximized. After that, time series of regional averages are given.
Then, a temporal autocorrelation analysis was applied on daily soil moisture and precipitation data to
describe their temporal persistence. This analysis helps to explain different impacts from soil moisture
and precipitation on water-limited vegetation dynamics.

Finally, the performance of reanalysis-forced soil moisture output from five state-of-the-art land
surface models are evaluated for this northeastern Australia (December 2008 to May 2009) case
study. The land surface models include: (i) ERA-Interim/Land [46]; and (ii) to (v) Global Land Data
Assimilation System (GLDAS) models, specifically Community Land Model (CLM), Mosaic, Noah
and Variable Infiltration Capacity (VIC) [47]. They all have multiple soil layers and only the surface
layers not deeper than 10 cm are used for comparison (Table 2).

Table 2. The soil layers of five land surface models used in this study.

Models Soil Layer Number(s) Considered Here
(Total Number of Soil Layers in the Model)

Depth of Layers
Considered Here Units

ERA Interim/Land 1 (4) 0–7 cm m3/m3

CLM 2.0 1–3 (10) 0–9.1 cm kg/m2

Mosaic 1 (3) 0–2 cm kg/m2

Noah 1 (4) 0–10 cm kg/m2

VIC 1 (3) 0–10 cm kg/m2

3. Results

Figure 2 illustrates monthly anomalies of precipitation, soil moisture, and NDVI from December
2008 to May 2009. In January 2009, strong positive precipitation anomalies in a triangular shape
appeared in northeastern Australia (Figure 2(a2)). Soil moisture also showed strong positive anomalies
with a similar spatial shape as the precipitation anomalies (Figure 2(b2)). However, NDVI did not
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show a clear and spatially consistent anomaly (Figure 2(c2)), suggesting that the response of vegetation
to water supply was delayed, and/or that standing water suppressed the NDVI signal. In February,
while the positive precipitation anomalies disappeared (Figure 2(a3)), the positive soil moisture
anomalies first observed in January persisted into February (Figure 2(b3)). Distinct positive NDVI
anomalies now appeared clearly in the areas where those of soil moisture persisted (Figure 2(c3)),
illustrating a delayed vegetation response to precipitation via soil moisture persistence. The strongest
NDVI anomalies appeared in February. In the following months (March–May 2009), there was little
precipitation (Figure 2(a4–a6)), and the soil moisture anomalies persisted with a low continuous decay
(Figure 2(b4–b6)). During this period, NDVI anomalies exhibited a similar decay to soil moisture
(Figure 2(c4–c6)).
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Figure 2. (a1–a6) Monthly anomalies of gridded precipitation (left column of panels, mm¨ month´1),
(b1–b6) satellite soil moisture (middle column of panels, m3¨ m´3) and (c1–c6) NDVI (right column
of panels, unitless) from December 2008 to May 2009. All are at 0.25˝ spatial resolution. The Lake Eyre
Basin boundary is illustrated in subplot a1 (orange line).

The detailed spatial-temporal patterns in sub-region SQU further demonstrate the different
impacts of precipitation and soil moisture on NDVI (Figure 2). The flood extent was identified using
MODIS OWL data (Figure 3). Surface water in this area mainly occurred after 17 January 2009
(Figure 3). There were no distinct precipitation events during February–May 2009 (Figure 2(a3–a6)).
In contrast, due to lateral inflow into the SQU sub-region, both soil moisture and NDVI showed clear
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positive anomalies, with the spatial patterns of soil moisture and NDVI anomalies in SQU evolving in
a similar manner (Figure 2(b2–b6,c2–c6)). In February 2009, a structure of two zonal intensive areas
in soil moisture anomalies occurred in the SQU region (Figure 2(b3)). Similarly, two zonal intensive
areas of NDVI anomalies were observed in March 2009 (Figure 2(c4)). In March 2009, soil moisture
anomalies reached to the south edge of the SQU sub-region and lasted at least through April of 2009
(Figure 2(b4,b5)). NDVI anomalies also reached the SQU sub-region’s south edge during April and
May 2009 (Figure 2(c5,c6)). None of these February–May 2009 patterns were found in the precipitation
anomalies (Figure 2(a3–a6)).
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Figure 3. Mapping of surface water using the MODIS Open Water Likelihood (OWL) product from
26 December 2008 to 2 June 2009 using a threshold of 6%. Data in 18 February 2009 is not available due
to cloud contamination.

The seasonal patterns of the REC and SQU sub-regions are illustrated in Figure 4. Temporal
patterns of precipitation over both sub-regions are similar, with clear rainy and dry seasons.
Precipitation peaks in January, although the amounts received in these two sub-regions are quite
different (Figure 4a,b). Precipitation, soil moisture, and NDVI over REC exhibit coherent seasonal
patterns on average over 1998–2009. Precipitation precedes soil moisture and soil moisture precedes
NDVI, each by about one month. For the SQU sub-region, soil moisture and NDVI have similar
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patterns; however, they are both different from those of precipitation. This result is similar to that
shown in Figure 2, where NDVI had more similar spatio-temporal patterns with soil moisture rather
than precipitation (Figure 4c–f). It is relevant to note that the NDVI and soil moisture products we use
here are completely independent.
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Figure 4. Seasonal patterns of precipitation (mm/month, blue), soil moisture (m3/m3, red), and NDVI
(unitless, green) over sub-regions REC (left column of panels) and SQU (right column of panels).
The locations of these two sub-regions are shown on Figure 1. Long-term 1998–2009 monthly averages
are illustrated in subplots (a,b). The case period (December 2008–May 2009) monthly series of original
data are shown in subplots (c,d), and anomalies are shown in subplots (e,f), respectively. Note the
different units of the Y-axes between the REC and SQU cases.

Figure 5 illustrates the daily temporal autocorrelations of precipitation and soil moisture for the
REC sub-region (see Materials and Methods). Assessed by autocorrelation, soil moisture has a much
longer memory than precipitation, lasting about three months. In contrast, within a single week, the
autocorrelation of precipitation loses significance (p = 0.05). The autocorrelation e-folding (1/e) time
scales [46] of soil moisture and precipitation are 10 days and one day, respectively.
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Figure 5. Autocorrelation graphs of (a) daily TRMM precipitation (blue) and (b) satellite soil moisture
(red) during 1998–2009 over sub-region REC (see Figure 1). Blue and red lines are the averages of
autocorrelations in REC sub-region with standard deviations indicated by gray areas. Black dash-dot
horizontal lines indicate where p = 0.05 using the Student’s t-test.
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Soil moisture anomalies from remotely sensed and model outputs of this northeastern Australia
case study from December 2008 to May 2009 are provided in Figure 6. ERA Interim/Land simulates
the spatial pattern of soil moisture anomalies best from January 2009 to February 2009. However, all
models fail to capture the length of soil moisture memory except the VIC model, which has the most
unrealistic spatial pattern. Almost no signal is found in the SQU sub-region and this is likely caused
by the lack of flood processes in these models, revealing the need for and strength of soil moisture
observation over soil moisture model output.
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models use the unit of kg/m2. The scale differences are mainly caused by the depth variations (see
Materials and Methods, specifically Table 2).

4. Discussion

Water availability is a primary constraint on vegetation dynamics besides temperature and
radiation [3]. Although soil moisture is a more direct variable governing water-limited vegetation
dynamics then precipitation, previously the availability of reliable regional soil moisture data has
limited its application. By examining a case where lateral inflow was the primary cause of soil
moisture increase, as opposed to precipitation received over the landscape, we clearly demonstrated
the advantages of using satellite soil moisture rather than gridded precipitation products or land
surface model output to assess vegetation dynamics.

In the case presented here, the temporal scale of the delayed vegetation response to soil moisture
is about one month. It is, however, difficult to determine a typical time scale for the delayed vegetation
response to precipitation, because the NDVI anomalies during February to May 2009 were all related
to precipitation anomalies in January 2009 and subsequent lateral inflow (Figure 2). Previous studies
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have found that the NDVI response to precipitation has a “saturation” effect, i.e., NDVI is not sensitive
to precipitation once precipitation exceeds some thresholds [12,14]. In other words, once soil is
saturated at water holding capacity, more precipitation will only cause more runoff and/or the
moisture exceeding the threshold is stored in the deeper soil layers beyond the depth of the recently
established root zone (in the case of a recurrent flush of growth following precipitation events in
water-limited environments [9]).

Therefore, the threshold of precipitation varies with soil properties. Monitoring soil moisture
directly overcomes this issue. On the other hand, if flooding occurs, the lateral overland inflow
cannot be detected by monitoring precipitation only. In our case, soil moisture anomalies in the SQU
sub-region are driven by lateral inflows and positive precipitation anomalies did not occur there.
As shown in Figure 2, this is a lateral inflow receiving area and, in consequence, positive NDVI
anomalies were observed as vegetation responds to increased water supply, and this conclusion relies
solely on the use of soil moisture data.

As shown in Figure 5, soil moisture has a much longer memory than precipitation, which has
a rather short memory up to a few days; therefore, the triangular precipitation anomalies in January,
although strong, did not persist into February (Figures 2 and 4). Such a persistence of soil moisture
anomalies (Figures 2 and 4) was detected because soil moisture exhibits a strong autocorrelation up
to about three months (Figure 5). The soil moisture memory will rely on the soil properties [48]; as
usual, clay-rich soils have a high water holding capacity. Figure 7 demonstrates the distribution of
vertisols [49], a type of clay-rich soils that can swell when wet. The spatial patterns of vertisols and
soil moisture are coherent. Particularly, the two zonal intensive areas of soil moisture and NDVI in
SQU sub-region from February to May 2009 (see Figure 2(b3–b6,c3–c6)) are related to the vertisols’
distribution in this sub-region (Figure 7). The surface water (Figure 3) also has a similar structure from
January to March 2009, indicating coherent distributions of river network and vertisols. Thereby, river
network and soil properties also play an important role in this study.
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Four of the five selected land surface models underestimated the memory length of soil moisture,
and all five models failed to represent the soil moisture anomalies over the lateral inflow receiving
SQU sub-region (Figure 6). A potential reason is their lack of water transport process in the models.

Therefore, monitoring soil moisture directly will bring new information in addition to
precipitation, particularly for lateral inflow and/or clay-rich regions. This study can be used as
a benchmark to evaluate vegetation’s response to water supply in models, emphasizing the use of soil
moisture in future water-related terrestrial carbon cycle studies. The present case study could act as
a benchmarking case to evaluate land surface model performance in subsequent studies.

5. Conclusions

In a direct regional comparison between satellite remotely sensed soil moisture and gridded
precipitation (and land surface models) of water-related vegetation dynamics, this paper demonstrated
that satellite remotely sensed soil moisture was superior to precipitation (and land surface models)
to assess vegetation dynamics in a large lateral inflow receiving area in northeastern Australia.
We illustrated that vegetation spatial-temporal patterns follow remotely sensed soil moisture much
closer than precipitation. Remotely sensed soil moisture has a long memory of several months and
the memory length was underestimated in four of five selected land surface models. Previous studies
demonstrated the difficulty to determine a typical time scale of the vegetation response to precipitation
and the “saturation” phenomenon (NDVI is not sensitive to precipitation once precipitation exceeds
some thresholds). These two issues are mainly caused by the fact that a comparison of precipitation and
NDVI does not take the soil properties into account. This was improved by employing soil moisture
in the present analysis. Monitoring soil moisture can help to predict the changes of vegetation in
similar water-limited regions worldwide. This case study provides robust direct evidence to support
the fact that the vegetation dynamics of water-limited ecosystems are better described at a large scale
by remotely sensed soil moisture than by precipitation or land surface models.
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