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1. Introduction

Bushfires are seasonal occurrences in Australia driven by a combination of factors including extreme heat, 

dryness, natural climate variability and human activities (Pitman et al., 2007). The most recent bushfires 

during the Australian summer of 2019–2020 have been unprecedented, likely due to the very dry conditions 

over eastern Australia in the past 2 years resulting from the absence of a La Nina event (King et al., 2020). 

The Murray-Darling basin in particular, has experienced persistent droughts in the last several years with 

the summer of 2019–2020 being the driest and hottest period on record. Roughly 25 million acres, including 

more than 21% of the Australian forests, have burned from the 2019 to 2020 fires (Boer et al., 2020). The fires 

grew in size during September and October of 2019 and caused major destruction during the Australian 

summer months until the heavy rain events in mid-January and early February of 2020.

Plant physiology and growth are directly affected by soil water deficit conditions and disturbances such as 

fires. Monitoring vegetation changes, therefore, can help to characterize and diagnose such conditions on 

the land surface. Remote sensing measurements, particularly from multispectral optical and thermal im-

agers are typically used to provide spatial characterization of vegetation changes on the land surface from 

Abstract Though coarse in spatial resolution, the nearly all weather measurements from passive 

microwave sensors can help in improving the spatio-temporal coverage of optical and thermal infrared 

sensors for monitoring vegetation changes on the land surface. This study demonstrates the use of 

vegetation optical depth (VOD) retrievals from the Soil Moisture Active Passive mission for capturing 

the vegetation alterations from the recent 2019 to 2020 Australian bushfires and drought. The impact of 

vegetation disturbances on terrestrial water budget is examined by assimilating the VOD retrievals into a 

dynamic phenology model. The results demonstrate that assimilating VOD observations lead to improved 

simulation of evapotranspiration, runoff, and soil moisture states. The study also demonstrates that the 

vegetation changes from the 2019 to 2020 Australian drought and fires led to significant modifications 

in the partitioning of evaporative and runoff fluxes, resulting in increased bare soil evaporation, reduced 

transpiration, and higher runoff.

Plain Language Summary Satellite remote sensing, provides the ability to obtain integrated 

assessments of vegetation changes on the land surface. In this study, we employ the vegetation optical 

depth (VOD) retrievals from the NASA SMAP mission for characterizing the recent 2019-2020 Australian 

drought and bushfires. The results demonstrate that SMAP VOD retrievals are effective in capturing the 

vegetation alterations from the unprecedented fires and drought. The study also examined the associated 

impact of these changes on the hydrological cycle. The removal of vegetation impacted the components of 

evaporation, by reducing the transpiration and increasing the bare soil evaporation. The results show that 

the reduction in transpiration likely amplified the amount of precipitation that is converted to runoff.
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geophysical retrievals such as leaf area index (LAI), fraction of photosynthetically active radiation, and 

normalized difference vegetation index (Houborg et al., 2015). The high-resolution (1 km and finer) nature 

of these observations makes them particularly valuable for fire monitoring, but they are subject to some 

sensing limitations. For example, cloud cover often limits the spatial coverage of the data from optical and 

thermal sensors. While these measurements provide valuable information on the burned areas, any gap in 

their spatial coverage may limit their suitability for rapid assessment of ecosystem impacts and structural 

changes to vegetation.

Microwave radiometry, on the other hand, allows for all-weather observations of the land surface in large 

parts of the 1–40 GHz spectral region. Traditionally, microwave measurements are used for retrieving soil 

moisture as low-frequency microwave signals are sensitive to changes in soil wetness (Njoku & Entekha-

bi, 1996). The microwave emission from the soil is also attenuated by the vegetation and combines with 

direct and reflected vegetation emission into the signal measured above the canopy. Unlike soil moisture 

or temperature, the attenuation by the vegetation has opposing effects on horizontal and vertical polarized 

emission. This depolarizing effect can be exploited to retrieve the vegetation optical depth (VOD) based 

on first-order radiative transfer equations (Meesters et al., 2005). Recent studies have explored the use of 

VOD as an analog of above canopy biomass in applications of drought, dryland vegetation dynamics, and 

deforestation (Andela et al., 2013; Konings & Gentine, 2017; van Marle et al., 2016). A key limitation of 

current passive microwave VOD retrievals is their coarse spatial resolution of about 25–40 km. However, 

VOD and soil moisture retrievals at finer spatial scales (∼9 km) have been produced from satellites such as 

the Soil Moisture Active Passive (SMAP) mission, exploiting the oversampling of the antenna overpasses to 

improve the resolution (Chaubell et al., 2016). In addition, studies have shown that higher resolution VOD 

retrievals can be obtained from active sensors such as the C-SAR instrument onboard Sentinel-1 (Albergel 

et al., 2018; Hajj et al., 2019), which is promising for developing estimates of vegetation changes from mi-

crowave radiometry. The more continuous temporal information from microwave sensors, in particular, can 

be exploited for modeling the fire impacts on regional hydrology and ecosystems.

Vegetation indices such as VOD encompass and represent the impacts of vegetation stress due to various 

environmental factors, including drought and fires. The Australian summer of 2019–2020, therefore, pres-

ent an interesting case study to employ microwave sensor-based vegetation retrievals for characterizing 

the vegetation changes on land surface and for examining their impacts on hydrological states and fluxes. 

Though the coarse resolution of the microwave measurements is typically prohibitive for the detection of 

small fires, the large scale nature of the 2019–2020 Australian bushfires also makes the use of microwave 

data more relevant. In this study, we employ the VOD retrievals from SMAP and examine their effectiveness 

for detecting vegetation variations from the Australian bushfires and drought. The SMAP VOD retrievals 

are then assimilated within a dynamical phenology model to examine the impact of the vegetation changes 

on energy and water fluxes and land surface states. The results of the SMAP VOD assimilation are also 

contrasted against a model run that assimilates the optical sensor-based LAI estimates from the Moderate 

Resolution Imaging Spectroradiometer (MODIS) instrument. The impact of assimilating VOD and LAI is 

assessed by comparing to a number of independent measurements and data products of evapotranspiration 

(ET), runoff (Q), and soil moisture.

2. Approach

2.1. Model Configuration

The study is focused on southeast Australia, with an areal extent of 25–40°S and 140–154° at 0.01° spatial 

resolution (Figure S1). The Noah-MP land surface model (version 3.6; Niu, 2011; Yang et al., 2011) forced 

with hourly meteorology from NASA's Modern Era Retrospective-Analysis for Research and Applications 

version 2 (MERRA2; Gelaro et al., 2017) is used for modeling and data assimilation (DA) integrations. More 

details of the model configuration are provided in Supporting Information S1.

Noah-MP includes a dynamical phenology model that allows for the assimilation of vegetation indices from 

remote sensing. In a recent study, Kumar et al. (2020) demonstrated the beneficial impact of assimilating X-, 

C-, and L-band VOD retrievals for improving water and carbon fluxes and states over the continental United 

States. Here, we employ a similar setup over southeast Australia. The model and DA integrations cover the 
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period of April 2015 to February 2020, representing the time period when the SMAP L-band observations 

are available.

2.2. DA of SMAP VOD and MODIS LAI

In this study, we employ the assimilation of the enhanced, 9 km Level 2 VOD retrievals from SMAP (SPL2S-

MP−E; Chaubell et al., 2016) and the 500-m MCD15A2H collection six LAI data (Myneni, 2015) from the 

MODIS sensors aboard NASA's Terra and Aqua satellites. The details of these data products are provided 

in Supporting Information S2 and S3. The assimilation integrations employ an ensemble size of 20 with 

perturbations applied to a number of meteorological and model state variables. Additional details of the DA 

setup are provided in the Supporting Information S1.

A direct independent evaluation of the utility of assimilation over the burned areas and drought locations 

of 2019–2020 is difficult given the lack of sufficient, colocated reference measurements over those areas. 

Instead, the article examines the impact of VOD assimilation in influencing the water budget terms of 

ET, Q, and soil moisture, during the entire model integration time period of 2015–2020. The ET simu-

lations are compared against the gridded, 5  km daily Atmosphere-Land Exchange Inverse (ALEXI; An-

derson et al., 2007) and the in situ eddy-covariance ET measurements from the OzFlux network (http://

www.ozflux.org.au). The Q estimates are evaluated against the Australian Bureau of Meteorology (BoM) 

Hydrologic Reference Station streamflow data (http://www.bom.gov.au/water/hrs/). The impact of DA on 

simulated soil moisture states is evaluated using (1) the BoM high resolution soil moisture analysis called 

JASMIN (Joint UK Land Environment Simulator [JULES]-based Soil Moisture Information; Vinodkumar 

& Dharssi,  2019), and (2) the in situ soil moisture measurements available from the International Soil 

Moisture Network (ISMN; Dorigo et al., 2011). Note that the high-resolution JASMIN data is used by the 

BoM for characterizing the spatial variability of soil moisture related to fire occurrences (Vinodkumar & 

Dharssi, 2017). More details on these datasets are provided in Supporting Information S4.

3. Results

Figure 1 shows false color images of Bands M11-I2-I1 from the Visible Infrared Imaging Radiometer Suite 

(VIIRS) onboard the Suomi National Polar-orbiting Partnership (NPP) spacecraft and the anomalies in 

SMAP VOD for January 22 (selected based on the maximum orbital coverage of NPP and SMAP) for years 

2017–2020 over southeast Australia. The VIIRS image for January 22, 2020 shows the impact of the 2019–

2020 bushfires. The burn scars from the fire are seen as dark red in the 2020 map, whereas green color (rep-

resenting vegetated land) is observed over those same areas in prior years, when fire impacts were small. 

The daily SMAP VOD anomalies are computed by subtracting the monthly mean climatology values from 

the daily SMAP VOD estimates. The anomalies thus represent the daily deviations from the mean seasonal 

cycle. Similar to the features in the VIIRS maps, the VOD anomalies are generally positive in 2017, 2018, and 

2019, indicating the increased vegetation activity during a typical summer season (compared to the clima-

tological baseline of 2015–2020). In contrast, significant negative anomalies are observed in 2020 over large 

portions of eastern New South Wales (NSW) and Victoria. These areas with significant negative anomalies 

in SMAP VOD represent the combined impact of the drought and burned scars. In particular, the spatial 

patterns of the negative VOD anomalies in January 22, 2020 are matched well with the areas of burned scars 

in the corresponding VIIRS map (Figure 1).

As the VOD anomalies in SMAP also include the general influence of water stress on vegetation, the ef-

fectiveness of SMAP data in specifically capturing the burn scar features is quantitatively evaluated by 

comparing to the Terra Aqua combined burned area product (MCD64A1, collection 6), which derives a 

burn sensitive vegetation index using the surface reflectance information from MODIS (Giglio et al., 2018). 

Categorical metrics of accuracy and kappa coefficient (described in the Supporting Information Section S5) 

are used to compute the spatial similarity of the burn scar estimates from MCD64A1 (upscaled to 9 km) 

and the SMAP VOD anomalies for January 2020. The domain-averaged accuracy (which considers both the 

correct detections and nonevents) of the SMAP VOD anomaly maps is 0.94, whereas the kappa-coefficient 

is 0.46. While the accuracy level is high, the kappa-coefficient indicates a moderate level of agreement with 
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MCD64A1 (Landis & Koch, 1977). It was also noted that 33.8% of the pixels with a VOD anomaly lower than 

−0.2 are also classified as burned area by MCD64A1. These quantitative evaluations along with the visual 

comparisons in Figure 1 confirm that the SMAP VOD estimates encompass the vegetation disturbance fea-

tures of the Australian bushfires of 2019–2020.

The comparisons in Figure 1 also suggest that VOD anomalies include vegetation stress impacts beyond the 

specific burn scar features, particularly over the forested regions. This is due to the combined influence of 

the fire, extreme drought, and dry conditions of 2019–2020 on vegetation. To examine the impact of these 

vegetation disturbances, we employ the SMAP VOD data for DA within the Noah-MP land surface model. 

The assimilation setup is used to extend the information on fire and drought related vegetation changes 

from SMAP to land surface moisture conditions and fluxes such as ET and Q.

Figures 2a and 2b show the changes in root mean square error (RMSE) and Pearson correlation coefficient 

(R) of ET between DA and open loop (OL; model run without assimilation) integrations using ALEXI as the 

reference. The comparisons to ALEXI indicate that assimilation of VOD and LAI is beneficial in improving 

ET estimates, leading to reductions in RMSE and increases in the temporal correlation over most parts of 

the domain. RMSE improvements as large as 25 W/m2 and increase in R as high as 0.28 are obtained from 

the vegetation DA configurations. Particularly strong improvements are observed over croplands in NSW 

and Victoria provinces. In both ALEXI and OzFlux comparisons, the improvements from VOD DA are 

comparable to those from LAI assimilation, confirming that the use of VOD is an effective option for incor-

porating information on vegetation conditions. Similar to the findings of the previous study that demon-

strated the use of LAI and VOD for DA (Kumar et al., 2020, 2019), most of these improvements are related 

to the changes in vegetation seasonality introduced by DA (not shown). Figures 2c and 2d show the RMSE 

and Bias in ET compared to the in situ OzFlux ET measurements. These comparisons also confirm the 

beneficial impact of VOD and LAI assimilation for improving the accuracy of ET estimates. At all locations 

except Wombat State Forest, VOD assimilation leads to small, but statistically significant improvements in 

ET RMSE and Bias. When seasonally stratified, larger improvements (up to 15 W/m2 at a monthly scale) are 

observed during the Australian summer time period at these locations (not shown). Both these comparisons 

confirm that the enhancements in vegetation representation from SMAP VOD assimilation also translate to 

improvements in simulated ET.

KUMAR ET AL.
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Figure 1. False color images of Bands M11-I2-I1 from VIIRS/Suomi NPP over Southeast Australia (top row) and maps of anomalies in SMAP VOD (−) for 
January 22 from years 2017 to 2020 (bottom row). The burn scars from the 2019–2020 Bushfires are visible in dark red color in the January 22, 2020 image, 
whereas those areas appear green representing vegetated land in prior years. These VIIRS/Suomi NPP images are obtained from worldview.earthdata.nasa.gov. 
NPP, National Polar-orbiting Partnership; SMAP, Soil Moisture Active Passive; VIIRS, Visible Infrared Imaging Radiometer Suite; VOD, vegetation optical depth.
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Figure 3 shows the impact of VOD and LAI assimilation on the Q. Monthly averaged Q simulations were 

integrated across each of the catchments where streamflow observations are available. Using monthly total 

runoff as a proxy for streamflow is a valid assumption, since concentration times of small catchments are 

generally on the order of days (Chow, 1964). The impact of DA on monthly Q is quantified using normal-

ized information contribution (NIC) metric (Kumar et al., 2009) for R and Nash-Sutcliffe Efficiency (NSE), 

described in Supporting Information S5. These normalized metrics are used because the magnitude of the 

NSE varies significantly across different basins. Overall, both VOD and DA assimilation generate small, but 

beneficial impacts on streamflow in most parts of the domain, whereas some degradations are noted over 

locations in Victoria and northern parts of the domain. Similar to the ET evaluation, the Q comparisons 

in Figure 3 indicate comparable impacts from VOD and LAI assimilation. At a domain averaged scale, the 

average NIC (R) values are 0.06 and 0.08, for VOD and LAI DA, respectively. For NIC NSE, VOD DA pro-

KUMAR ET AL.
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Figure 2. Impact of VOD and LAI assimilation on simulated ET compared to ALEXI and OzFlux measurements. Panel (a) shows the RMSE difference 
(RMSE(OL) − RMSE(DA), in units of W/m2) and panel (b) shows R difference (expressed as R(DA) − R(OL)) compared to ALEXI during 2015–2020. Panels 
(c) and (d) show the RMSE and Bias (in units of W/m2 with 95% confidence intervals shown as whiskers) of ET, respectively, from the OL and DA simulations 
compared to the in situ measurements from the OzFlux network during January 2015 to February 2020. ALEXI, Atmosphere-Land Exchange Inverse; DA, data 
assimilation; ET, evapotranspiration; LAI, leaf area index; OL, open loop; RMSE, root mean square error; VOD, vegetation optical depth.
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vides a domain averaged estimate of 0.12, whereas LAI DA leads to a slightly smaller, 0.09 domain averaged 

estimate.

The changes in anomaly R between DA and OL integrations for surface and root zone soil moisture are com-

pared against the JASMIN estimates (Figure S2). Here, surface and root zone soil moisture values are de-

fined as the soil moisture content for the top 10 cm and 1 m of the soil column. The root zone soil moisture 

is computed as a suitably weighted average (based on soil thickness of the individual layers) of the profile 

soil moisture. Anomaly R values are computed as the correlation of daily anomalies (of model and JASMIN 

data) computed by subtracting daily soil moisture values from the respective monthly mean values (across 

2015–2020). SMAP VOD and MODIS LAI assimilation has minimal impacts on the surface soil moisture 

(Figure S2). On the other hand, assimilation leads to significant improvements in root zone soil moisture. 

Though there are some patterns of degradation in the northern part of the modeling domain, the evaluation 

against JASMIN shows significant improvements in the eastern and southern parts of the domain, areas 

where cropland is the dominant vegetation type. The patterns of improvements and degradations are very 

similar between the VOD and LAI DA integrations.

When compared to the in situ measurements from the ISMN data, the average anomaly R values across the 

18 stations for the OL surface and root zone soil moisture are 0.67 and 0.30, which improves to 0.69 and 0.39 

with VOD DA. Similar impacts are also obtained with MODIS LAI assimilation, where the average anomaly 

R improves to 0.68 and 0.41, for surface and root zone soil moisture, respectively. These results are consist-

ent with the patterns in the JASMIN comparison, where larger improvements are observed for root zone soil 

moisture compared to the surface soil moisture (over the NSW region).

KUMAR ET AL.
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Figure 3. Impact of VOD and LAI assimilation on simulated streamflow using the Bureau of Meteorology Hydrologic 
Reference Station data as the reference during January 2015 to February 2020. The top and bottom rows represent the 
NIC in R and NSE, respectively, whereas the left and right columns represent the VOD and LAI DA runs, respectively. 
DA, data assimilation; LAI, leaf area index; NIC, normalized information contribution; NSE, Nash-Sutcliffe Efficiency; 
VOD, vegetation optical depth.
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The evaluations presented above confirm the beneficial role of VOD assimilation for improving land surface 

states and fluxes, though they do not necessarily focus on the impacts of the 2019–2020 fires and drought. 

To contrast and isolate the impact of vegetation disturbance in the 2019–2020 season, an additional integra-

tion is conducted where the daily climatological conditions across years 2015–2019 are assimilated into the 

Noah-MP model (VOD-CLIMO DA) during the 2019–2020 summer time period. The daily SMAP VOD cli-

matology is generated by averaging the retrievals for each day without including the 2019–2020 Australian 

summer time period. The differences between the VOD DA and VOD-CLIMO DA runs are the vegetation 

changes from 2019 to 2020 summer alone, as factors such as the driving meteorology are identical in these 

two integrations. The water budget fluxes estimates from VOD DA and VOD-CLIMO DA are compared to 

quantify the influence of fire and drought-induced vegetation disturbances from 2019 to 2020.

The top panel of Figure 4 shows a time series of domain averaged precipitation during November–February 

of 2019–2020 and the climatological precipitation (across years 2015–2019). The precipitation comparison 

indicates that the summer of 2019–2020 is abnormally dry compared to other years. The dry spell is ulti-

mately ended by the arrival of heavy precipitation in mid-January and February. The average precipitation 

for the November–January of 2019–2020 over the model domain is 30 mm, compared to the climatological 

average of 46 mm (across 2015–2019). The bottom row of Figure 4 presents an example of the impact of veg-

etation changes on the modeled hydrological cycle from fire and drought related vegetation disturbances, 

during a week of February 7–14, when heavy precipitation events occurred in NSW. The percentage change 

in ET and Q between the VOD DA and VOD-CLIMO DA runs is shown in Figures 4b and 4c. The vegetation 

disturbance in the 2019–2020 season has a significant impact on ET and Q, particularly over the eastern 

parts of the domain. The removal of vegetation leads to reduced ET and increased Q, with Q increasing by as 
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Figure 4. Time series of domain averaged precipitation in units of mm (panel a). The bottom panel shows the percentage change in (b) ET and (c) Q between 
the VOD DA and VOD-CLIMO DA runs during February 7–14, 2020. Panels (d) and (e) show the percentage change in the transpiration and bare soil 
evaporation partitions, respectively, between the VOD DA and VOD-CLIMO DA runs. DA, data assimilation; ET, evapotranspiration; VOD, vegetation optical 
depth.
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much as 14% in certain parts of the domain. In spite of the significant dry spell in the months leading up to 

January 2020, the precipitation onset leads to significant Q generation, contributed by the absence of vege-

tation and the lack of significant transpiration. These quantifications confirm the role of the decreased veg-

etation presence in the flooding that occurred in NSW in response to precipitation events of early February.

In addition, the partition of ET into its components of transpiration (T) and bare soil evaporation (E) is sig-

nificantly different in 2019–2020. Figures 4d and 4e show the percentage change in the fractional partition 

of ET into T and E between the VOD DA and VOD-CLIMO DA runs (using VOD-CLIMO DA as the basis). 

The fractional partition of T reduces significantly, whereas E increases. With less vegetation surviving the 

2019–2020 fire-drought season than in typical years, the increase in ET is mainly driven by soil evaporation 

rather than transpiration. These changes in the ET partition also contributes to increased Q generation, as 

seen in the results of Figure 4c. The changes in the ET, T, E, and Q patterns shown in Figure 4 provide a 

representative example of the important influence of fire and drought driven vegetation disturbance in the 

water fluxes and their partitioning.

4. Summary and Conclusions

Remote sensing based information is critical for monitoring and assessing the impact of vegetation changes 

from droughts and fires. Typically, optical or thermal infrared sensors are used to develop assessments of 

burn scars, partly because of the fine spatial resolution of their measurements. Though coarser in their spa-

tial resolution, passive microwave-based estimates are nearly all weather and could be used to improve the 

spatio-temporal coverage of optical vegetation remote sensing estimates. VOD, an indicator of above ground 

biomass and vegetation stress, is available from passive microwave radiometry. In this study, we examine 

the utility of VOD retrievals from the NASA SMAP mission in characterizing the recent 2019–2020 Austral-

ian bushfires and drought. The large-scale nature of these fires and the drought allow the use of passive 

microwave remote sensing data for characterizing the impact of vegetation disturbances on hydrological 

states and fluxes, despite their coarse spatial resolution.

The results in this article show that the SMAP VOD retrievals capture the vegetation stress conditions from 

the 2019 to 2020 Australian fires and drought. The quantitative comparisons demonstrate that the spatial 

patterns of the negative SMAP VOD anomalies show moderate levels of agreement with the MODIS burned 

area product. The VOD retrievals are assimilated into a dynamic phenology model to further examine the 

impact of vegetation disturbances on water budget fluxes and states. A similar DA setup that incorporates 

MODIS LAI retrievals is used for developing relative assessments of the utility of microwave VOD retriev-

als against optical sensor-based LAI data. Comparisons against the TIR-based ALEXI data product and 

in situ OzFlux measurements indicate that SMAP VOD DA provides systematic improvements in the ET 

simulations. The beneficial impact of vegetation assimilation is also seen in the Q comparisons against the 

in situ streamflow measurements from the BoM. Similarly, comparisons of soil moisture fields against the 

high-resolution JASMIN analysis by the Australian BoM and the in situ measurements from the ISMN 

network also confirm the useful role of VOD retrievals, particularly for improving root zone soil moisture 

estimation. Positive impacts similar in magnitude in ET and soil moisture are also seen with LAI DA, con-

firming that the use of VOD is an effective option for incorporating impacts of vegetation changes, such as 

the Australian bushfires.

The results of the article show that the representation of vegetation disturbances from fires and drought 

also translates to significant changes in the water budget fluxes. The removal and reduction of vegetation 

leads to the ET regime to transition from transpiration dominated to soil evaporation dominated. The re-

duced vegetation presence in such circumstances leads to reduced ET and increased Q. The reduced contri-

bution of the transpiration to ET also impacts the partitioning of precipitation into Q. The results indicate 

that the changes in water budget partitioning contribute to the large Q amounts that are generated in the 

model simulations in response to the heavy precipitation events that followed the significant dry spell and 

the fires during the Australian summer months of 2019 and 2020.

Overall, the results of the article demonstrate the potential of using passive microwave measurements to 

monitor the combined impacts of fire and drought on vegetation, particularly for large-scale disasters such 

as the 2019–2020 Australian bushfires and drought season. The assimilation of these measurements further 
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help in developing spatio-temporal assessments of the impact of fire-induced vegetation disturbances in 

altering the ecosystems and local hydrology. Though vegetation related changes are captured in this study 

through assimilation, fires can also impact the soil states, introducing water repellency to the soil. These 

hydrophobic processes are not represented in this study, and are left for a future work.

Data Availability Statement

Various data sets used in this study are available from the following websites: SMAP VOD—https://

nsidc.org/data/smap/smap-data.html; MCD15A2H—https://lpdaac.usgs.gov/products/mcd15a2hv006/; 

MCD64A1—https://lpdaac.usgs.gov/products/mcd64a1v006/; OzFlux—http://www.ozflux.org.au; Bom 

HRS data—http://www.bom.gov.au/water/hrs/; JASMIN soil moisture—http://www.bom.gov.au/water/

hrs/;VIIRS NPP imagery—https://worldview.earthdata.nasa.gov.
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