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A B S T R A C T   

Australia experienced multi-year drought and record high temperatures, and massive forest fires occurred across 
the southeast in 2019 and early 2020. In the fire-affected forest areas, understory and often tree canopies were 
burned, and in-situ observations in late 2020 reported rapid vegetation recovery, including grasses, shrubs, and 
tree canopies from burned-but-not-dead eucalyptus trees. Considering the strong fire resilience and resistance of 
eucalyptus trees and above-average rainfall in 2020, we assessed how much and how quickly vegetation 
structure and biomass changed from loss to post-fire and drought recovery in 2020 for all forest areas in 
Australia. Here, we analyzed space-borne optical, thermal, and microwave images to assess changes in the 
structure and function of vegetation using four vegetation indices (VIs), leaf area index (LAI), solar-induced 
chlorophyll fluorescence (SIF), gross primary production (GPP), and aboveground biomass (AGB). We found 
that all eight variables show large losses in 2019, driven by fires and climate (drought and high temperature), but 
large gains in 2020, resulting from the high resilience of most trees to fire and rapid growth of understory 
vegetation under wet condition in 2020. In 2019, the forest area has an AGB loss of 0.20 Pg C, which is ~15% of 
the pre-fire AGB. Attribution analyses showed that both fire and climate (prior and co-occurring severe drought 
and record high temperatures) are responsible for the AGB loss in 2019, approximately 0.09 Pg C (fire) and 0.11 
Pg C (climate), respectively. In 2020, the forest area has a total AGB gain of 0.26 Pg C, composed of 0.22 Pg C 
from fire-affected forest area and 0.04 Pg C from fire-unaffected forest area. Fire-adapted Eucalyptus forests and 
above-average annual precipitation in 2020 brought by a moderate La Niña drove the recovery of vegetation 
cover, productivity, and AGB. The results from this study shows the potential of multiple sensors for monitoring 
and assessing the impacts of fire and climate on the forest areas in Australia and their post-fire recovery.   

1. Introduction 

Droughts, heatwaves, and fires could result in large losses of 

vegetation cover (e.g., leaf area index, LAI), gross and net primary 
production (GPP, NPP), and aboveground biomass (AGB) (Bowman 
et al., 2021a; Brandt et al., 2018b; Choat et al., 2012; Ciais et al., 2005; 
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Hubau et al., 2020; Seidl et al., 2017). In Australia, annual rainfall in 
2019 was 275 mm, which was half of the long-term average annual 
precipitation value, and annual mean air temperature in 2019 was 1.5 ◦C 
above the long-term average annual mean air temperature value (the 
1961–1990 average). Both were partly driven by the very strong positive 
phase of the Indian Ocean Dipole (IDO) (King et al., 2020). In addition, 
fire occurred extensively in 2019, and the spatial extent of forest fires 
from July 2019 to February 2020 in southeastern Australia was un-
precedented in the records starting in the early twentieth century 
(Canadell et al., 2021). Several studies estimated fire-induced carbon 
dioxide (CO2) emission in southeastern Australia using in-situ data, 
remote sensing, and Earth system models, and these estimates have a 
large range and uncertainty (Bowman et al., 2021b; DISER, 2020; Li 
et al., 2021; Sanderson and Fisher, 2020; Shiraishi and Hirata, 2021; van 
der Velde et al., 2021). Carbon loss estimates from Earth system models 
were two-thirds lower than those from the Global Fire Emission Data-
base (GFED) (Sanderson and Fisher, 2020). The fire-induced CO2 
emission was about 0.15 Pg C, when satellite-based burned area by the 
GFED and other satellite datasets were used (Shiraishi and Hirata, 
2021). One study estimated that ~0.05 Pg C was released during the 
2019/2020 bushfires across eastern and southern Australia using active 
fire data from the Moderate Resolution Imaging Spectroradiometer 
(MODIS), Visible Infrared Imaging Radiometer Suite (VIIRS), and 
Advanced Himawari Imager (AHI) satellite instruments at moderate 
spatial resolutions and biomass-burning emission inventories (Li et al., 
2021). Another study reported a loss from fires of 0.20 Pg C (a range of 

0.14–0.24 Pg C) of CO2 emission from November 2019 to January 2020 
based on satellite observations of the TROPOspheric Monitoring In-
strument (TROPOMI) carbon monoxide, an analytical Bayesian inver-
sion, and the observed ratios between emitted CO2 and carbon monoxide 
(van der Velde et al., 2021). This CO2 emission estimate is consistent 
with the estimate from a bottom-up bootstrap approach (0.18 Pg C, a 
range of 0.08–0.28 Pg C) (Bowman et al., 2021b), but is more than twice 
the average fire-induced CO2 emission from five different fire in-
ventories (van der Velde et al., 2021). Another study combined the 
TROPOMI carbon monoxide and Orbiting Carbon Observatory 2 (OCO- 
2) CO2 and reported a similar carbon emission of 0.11–0.24 Pg C (Byrne 
et al., 2021). The Department of Industry, Science, Energy and Re-
sources in Australia estimated net emissions of 0.23 Pg C during the fire 
season in 2019–2020 (by February 11, 2020), including 0.26 Pg C ab-
solute emissions and 0.03 Pg C sequestration from vegetation growth 
and recovery (DISER, 2020). 

Several studies have reported the impacts of forest fires on forest 
areas and canopy (Abram et al., 2021; Boer et al., 2020; Bowman et al., 
2020; Canadell et al., 2021; Nolan et al., 2020). Severe drought, record 
heat, and unprecedented forest fire caused extensive tree mortality in 
Australia (De Kauwe et al., 2020). Forest canopies were damaged in over 
44% of native forests in southeastern Australia and in more than 70% of 
timber plantations in New South Wales (Bowman et al., 2021a). To date, 
our knowledge on the loss of vegetation AGB over the forest areas in 
2019 in Australia is very limited. 

Post-fire vegetation recovery processes and rates in the forest areas 

Fig. 1. Field photos of forest recovery (April 2021) after drought 
and fire (January 2020) in Namadgi National Park, Australia Cap-
ital Territory, Australia (Photo: Josep Canadell), showing two key 
strategies of eucalyptus forests to recovery. (A) Trees are not dead, 
but the stem buds were damaged by the fire, and therefore the 
trunk is effectively unable to recover, i.e., is dead. However, buds at 
the bottom of the trunk and often part of a lignotuber buried were 
protected and have been stimulated to grow as there is no longer 
the top dominance that inhibits their growth. (B) Trees were not 
killed and the thicker bark protected the tissue holding viable buds 
to resprout. The only components that died were thinner branches 
at the top of the canopy.   
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are affected by many factors, including tree survival, climate, and soil 
nutrients. As shown in the photos from the fields (Fig. 1, Table S1), fires 
in 2019 resulted in varying severity of damages to trees and understory 
plants in forests, including removal (burning) of the full canopy in many 
forests. However, many forest stands had epicormic regrowth from 
different parts of tree trunks and canopies, in addition to understory 
shrubs and grassy components. Eucalypt trees (Tribe Eucalypteae) in 
Australia are known to be resilient to drought and fire, with most species 
able to resprout after fire while others grow from seeds and are subject to 
weather and climate conditions after disturbances (Bowman et al., 2013; 
Clarke et al., 2015). Because of the moderate La Niña (Fig. S1), south-
eastern Australia received above-average annual precipitation and 
experienced cool temperatures (Figs. S2, S3) in 2020, which could 
support the recovery of burned-but-not-dead trees and rapid growth of 
understory plants. One study reported a partial recovery (GPP increase) 
and greening in un-burned ecosystems but not in the fire-affected areas 
in the southeast of Australia during February–June 2020, due to cooler 
conditions and above-average rainfall (Byrne et al., 2021). To date, our 
knowledge on the recovery of vegetation cover and AGB over the forest 
area in Australia is very limited, given the vast extension of the area 
affected in 2019 and 2020. Furthermore, a continental assessment of the 
recovery of forest areas has not been conducted yet. 

In this study, for the first time, we assessed the losses and gains of 
vegetation cover and AGB in forest areas in Australia due to the con-
current effects of drought, high temperatures and fire using comple-
mentary satellite-based indicators. First, we quantified temporal 
changes in vegetation cover from 2018 to 2020, using vegetation indices 
(VIs) and LAI (Myneni et al., 2015) from MODIS sensor, solar-induced 
chlorophyll fluorescence (SIF) data from the TROPOMI instrument 
(Bacour et al., 2019; Guanter et al., 2015; Kohler et al., 2018), and GPP 
from the data-driven Vegetation Photosynthesis Model (VPM) (Zhang 
et al., 2017a). Second, we assessed temporal changes of vegetation AGB, 
using microwave L-band Vegetation Optical Depth (VOD) observations 
(Brandt et al., 2018b; Fan et al., 2019; Li et al., 2022; Wigneron et al., 
2020), which are linearly related to AGB and show less saturation than 
other X-band and C-band VOD datasets (Brandt et al., 2018b; Li et al., 
2020b; Rodriguez-Fernandez et al., 2018). L-VOD and AGB datasets 
were evaluated against backscatter data from the Phased Array type 
L-band Synthetic Aperture Radar onboard the Advanced Land Observing 
Satellite (ALOS/PALSAR) (Hamdan et al., 2014; Lucas et al., 2010; 
Shimada et al., 2014), and tree biomass from in-situ plots (Lucas et al., 
2010; Paul et al., 2016). Note that L-VOD-based vegetation AGB data 
over the forest areas include trees, shrubs, and grasses within a grid cell, 
and for simplicity, in this paper we treat “vegetation AGB” and “forest 
AGB” interchangeably and use “forest AGB” in the remaining text as our 
study is focused on forest areas. Third, we performed an attribution 
analysis to evaluate the relative contribution of fires, high temperatures, 
and severe drought (rainfall shortage) to the loss of forest AGB in 2019 
and to identify the factors affecting the recovery of forest AGB in 2020. 

2. Materials and methods 

2.1. PALSAR/MODIS forest map 

We used the 50-m PALSAR/MODIS forest map in 2010 (Qin et al., 
2021), which was generated by using PALSAR Fine Beam Dual Polari-
zation (FBD) data at the 50-m spatial resolution, MODIS/Terra 
MOD13Q1 data (Vegetation Indices 16-Day L3 Global 250 m) in 2010 
and the PALSAR/MODIS forest mapping tool, which has been success-
fully evaluated in South America (Qin et al., 2019; Qin et al., 2017) and 
monsoon Asia (Qin et al., 2016; Qin et al., 2015). The PALSAR/MODIS 
forest map in Australia has been validated by extensive field survey sites, 
very high spatial resolution images, and LiDAR strip images, and has 
also been compared with multiple vegetation maps in Australia (Qin 
et al., 2021). We aggregated the 50-m PALSAR/MODIS forest map into 
25-km grid cells, and calculated forest area fractions within the grid cells 

(Fig. 2A, B). The 2010 map of forest fraction map at 25-km spatial res-
olution was used to support the analysis of LAI, VIs, GPP, SIF, L-VOD and 
AGB at 25-km spatial resolution. In Australia, there are 366 forest grid 
cells with a forest area fraction larger than 30% (Fig. 2C), 216 of which 
are distributed in southeastern Australia (New South Wales, Victoria, 
and Australian Capital Territory). In this study, the data analyses were 
carried out over those 366 forest grid cells, which cover a total land area 
of 292 × 103 km2 and a total forest area of 170 × 103 km2 in 2010, with 
an average forest area fraction of ~60%. 

2.2. MODIS data products 

2.2.1. MODIS active fire data 
The MOD14A2 active fire product (MODIS/Terra Thermal Anoma-

lies & Fire 8-Day L3 Global 1-km Collection 6) is an 8-day composite 
containing the maximum value of the individual pixel classes that are in 
each 1-km grid cell over the 8-day period (Giglio and Justice, 2015). 
Each MOD14A2 file consists of two layers (a fire mask and associated 
quality information). We first identified the good-quality observations 
(nominal and high confidence) of MOD14A2 active fire and then 
calculated annual active fire frequency during 2010–2020. We aggre-
gated the annual maximum spatial extent of 1-km active fires (Fig. 2D) 
into 25-km grid cells using arithmetic mean algorithm. Based on the 
maximum spatial extent of fire fraction within a 25-km grid cell, the 366 
forest grid cells were grouped into two categories: (1) 252 forest grid 
cells with fire (fire area fraction of the land area larger than 1%) and (2) 
114 forest grid cells without fire (fire area fraction of the land area less 
than or equal to 1%). 

2.2.2. MODIS land surface temperature (LST) data 
The MOD11A2 product (MODIS/Terra Land Surface Temperature/ 

Emissivity 8-Day L3 Global 1-km SIN Grid, Version 6) provides an 
average 8-day LST at 1-km spatial resolution (Wan et al., 2015), which is 
calculated as a simple average of all the observations collected within 
that 8-day period. We used good-quality observations of daytime land 
surface temperatures during 2010–2020. According to the MOD11A2 
product document, we first multiply a coefficient of 0.02 to convert the 
LST values into LST in the Kelvin unit. Then we subtracted 273.15 from 
the LST (Kelvin unit) and got the LST values in the Celsius degree. We 
aggregated the 1-km LST into 25-km grid cells using arithmetic mean 
algorithm. 

2.2.3. MODIS leaf area index (LAI) data 
The MCD15A3H product (MODIS/Terra+Aqua Leaf Area Index/ 

FPAR 4-Day L4 Global 500 m SIN Grid; Collection 6) provides a 4-day 
composite LAI product at 500-m spatial resolution (Myneni et al., 
2015). The LAI algorithm chooses the best-quality pixel available from 
all the acquisitions of Terra and Aqua satellites within each 4-day 
period. We calculated the average LAI in January by using the good- 
quality observations (no cloud) in the month. We aggregated the 500- 
m LAI into 25-km grid cells using arithmetic mean algorithm. 

2.2.4. MODIS surface reflectance and vegetation index data 
The MOD091A1 product (MODIS Terra Land Surface Reflectance, 

Global 500 m, V006) produces surface reflectance data in visible, near- 
infrared, and shortwave infrared at 8-day temporal resolution. We 
calculated the Normalized Difference Vegetation Index (NDVI) (Tucker, 
1979), Near-Infrared Reflectance of vegetation (NIRv) (Badgley et al., 
2017), Enhanced Vegetation Index (EVI) (Huete et al., 2002; Huete 
et al., 1997), and Land Surface Water Index (LSWI) (Xiao et al., 2002; 
Xiao et al., 2006; Xiao et al., 2005) vegetation indices using the 8-day 
500-m MOD09A1 data product in January for each year from 2010 to 
2021. We identified the observations covered by clouds, shadows, and 
snow as bad-quality observations and excluded them from the analysis. 
We then calculated the average NDVI, NIRv, EVI, and LSWI using only 
good-quality observations in the month. We aggregated the 500-m 
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vegetation indices into 25-km grid cells using arithmetic mean 
algorithm. 

2.3. Gross primary production (GPP) data 

We used GPP data (g C/m2/day) from the VPM, which is a light use 
efficiency model (Xiao et al., 2004a; Xiao et al., 2004b; Zhang et al., 
2017b) and uses MODIS 8-day 500-m surface reflectance product 
(MOD09A1), the land cover product (MCD12A2), and the downward 
shortwave radiation and air temperature from the NCEP-DOE Reanalysis 
2 dataset (Zhang et al., 2017b). We aggregated the GPP data (g C/m2/ 
day) at-8-day temporal resolution into annual GPP values (g C m− 2 yr− 1) 
in 2010–2020. The annual GPP data at 500-m spatial resolution were 
aggregated to 25-km spatial resolution using arithmetic mean algorithm. 

2.4. TROPOMI Solar-induced chlorophyll fluorescence (SIF) data 

The TROPOMI onboard the Sentinel-5 Precursor satellite provides 
near-daily SIF data at a spatial resolution of 3.5 × 7 km at nadir from 
2018 to 2020 (Kohler et al., 2018). The SIF data are calculated from the 
TROPOMI near-infrared band 6 (725–775 nm). The instantaneous SIF 
was converted to a daily average based on a simple approach proposed 
by (Frankenberg et al., 2011), which accounts for variations in overpass 
time, length of the day, and solar zenith angle. The TROPOMI SIF 

provides valuable contributions to understanding vegetation cover 
(greenness, LAI, photosynthesis) (Doughty et al., 2019; Turner et al., 
2020; Yin et al., 2020). We used the gridded (25-km) monthly TROPOMI 
SIF data that was aggregated from the near-daily TROPOMI SIF data 
from 2018 to 2020 in Australia. 

2.5. Precipitation data 

We used the monthly Global Precipitation Measurement (GPM) 
version 6 dataset, which is provided by NASA Goddard Space Flight 
Center (Huffman et al., 2019). The Integrated Multi-satellitE Retrievals 
for GPM (IMERG) is applied to calculate rainfall estimates by combining 
multiple precipitation data from passive-microwave instruments, pre-
cipitation gauge analyses, and other precipitation estimators. The 
monthly GPM precipitation data is freely available from 2000 to 2020 
and has a spatial resolution of 0.1◦ × 0.1◦. We calculated annual pre-
cipitation in Australia from 2010 to 2020 and then aggregated the data 
to 25-km for analysis using arithmetic mean algorithm. 

2.6. SMOS-IC SM and L-VOD datasets 

The soil moisture (SM) and L-VOD data products were retrieved from 
the Soil Moisture and Ocean Salinity (SMOS) passive microwave satellite 
brightness temperatures (TB) by inverting the L-MEB model (L-band 

Fig. 2. Spatial distribution of forest and fire in Australia. (A) The PALSAR/MODIS forest map at a spatial resolution of 50 m. (B) The area fraction of the PALSAR/ 
MODIS forest map at a spatial resolution of 25 km. (C) PALSAR/MODIS forest grid cells (366 grid cells) with forest area fraction more than 30%. (D) The fire map in 
2019 at a spatial resolution of 1 km. 
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Microwave Emission of the Biosphere) from the multi-angular and dual- 
polarized SMOS observations (Fernandez-Moran et al., 2017; Li et al., 
2020a; Rodriguez-Fernandez et al., 2018; Wigneron et al., 2017b; 
Wigneron et al., 2021). L-VOD and SM are well decoupled due to a 
specificity of SMOS multi-angular capability (Tian et al., 2018). The 
high accuracy of both the L-VOD and SM have been evaluated in several 
recent studies (Al-Yaari et al., 2019; Bastos et al., 2018; Brandt et al., 
2018a; Rodríguez-Fernández et al., 2018; Tian et al., 2018). The SM and 
L-VOD datasets have a spatial resolution of 25 km. 

2.6.1. Estimation of aboveground live biomass from SMOS L-VOD data 
The L-VOD data is sensitive to the total vegetation water content 

(Tian et al., 2018), with a nearly linear relationship between them 
(Jackson and Schmugge, 1991; Wigneron et al., 2017a). The AGB 
calculated from the L-VOD has been used to analyze the spatio-temporal 
changes of forest and vegetation AGB in the tropic. It is hard to do the 
direct validation of L-VOD AGB at a spatial resolution of 25-km; thus, the 
reliability of L-VOD AGB has been assessed indirectly using multiple 
AGB maps and annual forest cover maps (Brandt et al., 2018b; Fan et al., 
2019; Qin et al., 2021b). 

Previous works used L-VOD data derived from both ascending and 

descending observations over the tropic zones (Fan et al., 2019; 
Wigneron et al., 2020). Note that Australia is an area that is affected very 
little by noisy microwave interferences at L-band (Fan et al., 2019), and 
has complete and good quality ascending and descending observations. 
The ascending observations were acquired at 6 am local time; at that 
time, the plant xylem refilling process restores the leaf water potential to 
values close to the root-zone soil water potential, and an equilibrium is 
reached in the soil–plant–atmosphere continuum (Konings and Gentine, 
2017). As L-VOD data from the ascending observations are slightly 
higher than those from the descending observations, driven by higher 
vegetation water in the morning, in this study we used L-VOD data from 
the ascending observations, which helps to reduce the effect of L-VOD 
diurnal variation on AGB estimates. 

Previous works used annual mean or median L-VOD data to estimate 
AGB (Brandt et al., 2018b; Fan et al., 2019; Wigneron et al., 2020). Note 
that the L-VOD data are sensitive to leaves, branches, and trunks. 
Vegetation cover often has large seasonal dynamics of LAI and water 
content, which affects the seasonal dynamics of L-VOD data (Wigneron 
et al., 2020). To further reduce the effect of the seasonal changes of L- 
VOD on AGB estimation, in this study we used the L-VOD data from the 
summer season, as LAI and moisture content in plants and soils are high 

Fig. 3. Monthly median L-VOD and soil moisture in forest grid cells in Australia in summer season (December, January, and February) from 2010 to 2021. (A, C, E) 
Monthly median L-VOD in December, January, and February. The red and gray lines are the average L-VOD and one standard deviation in the reference years 
(2013–2015). (B, D, F) Monthly median soil moisture. The red and gray lines are the average soil moisture and one standard deviation in the reference years 
(2013–2015). (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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and usually have relatively small changes over the years under normal 
climate conditions. In Australia, December–February is hot and wet 
(Fig. S2B). We compared monthly L-VOD and soil moisture in December, 
January, and February during 2010–2021 (Fig. 3). Among these three 
wettest months in a year, soil moisture in January had the least inter-
annual variation. In January 2020, the monthly soil moisture anomaly 
was above-the-average, but the monthly L-VOD anomaly was below-the- 
average, which indicates the limited effect of water stress on monthly L- 
VOD in January (Fig. 3). Besides, we quantified the linear relationship 
between median soil moisture and median L-VOD in December, 
January, and February from 2010 to 2021 in all forest grid cells in 
Australia. The median soil moisture and median L-VOD have a signifi-
cant (P < 0.05) linear relationship in December and no significant linear 
relationship in January (P = 0.28) and February (P = 0.68) (Fig. S4). As 
the monthly mean moisture content of vegetation in January has rela-
tively small variation across years, the inter-annual changes of L-VOD in 
January are mainly driven by AGB change (Frappart et al., 2020). Our 
study aims to investigate vegetation AGB losses immediately after fires 
and AGB recovery in a year after fires, thus the use of January L-VOD 
data to estimate AGB is appropriate. The SMOS L-VOD was converted to 
carbon density (Mg C ha− 1) and then averaged using previously pub-
lished AGB maps (Avitabile et al., 2016; Baccini et al., 2012; Saatchi 
et al., 2011) as the references for the regression models between L-VOD 
and AGB maps (Brandt et al., 2018b; Fan et al., 2019). 

2.6.2. Evaluation of L-VOD-based AGB maps 
We evaluated L-VOD-based AGB estimates from three perspectives. 

First, we compared L-VOD with (1) PALSAR data in 2010 at 25-m spatial 
resolution and (2) two independent AGB datasets in 2015 and 2017. 
Second, we compared the L-VOD AGB estimate with in-situ inventory 
plot data. Third, we compared L-VOD AGB estimates calculated from L- 
VOD in December and January. 

PALSAR data: The 25-m L-band PALSAR orthorectified mosaic data 
product is generated from the observation with minimum response to 
surface moisture mainly acquired between June and October in each 
year from 2007 to 2010 and from 2015 to 2020 (Shimada et al., 2014). 
PALSAR data product has two major data: gamma-naught in HH (hori-
zontal transmitting, horizontal receiving) and HV (horizontal trans-
mitting, vertical receiving), which have been slope corrected and 
orthorectified. PALSAR HH and HV data have been used to estimate 
forest AGB in regions (Ma et al., 2017) and the globe (Santoro and 
Quegan, 2019). Thus, we aggregated the 25-m PALSAR HH and HV in 
gamma-naught into 25-km grid cells using arithmetic mean algorithm, 
as indicators of forest AGB, to compare the L-VOD AGB in Australia. 

Two independent AGB datasets: We acquired two independent 
AGB datasets for evaluation. The first AGB dataset was generated and 
reported by Carreiras et al. (2017b), which is an updated version of the 
original AGB map generated by Saatchi et al. (2011) corresponding to 
AGB circa 2015 (Carreiras et al., 2017b). The second AGB dataset was 
the European Space Agency (ESA) Climate Change Initiative (CCI) AGB 
dataset, which has a relative error < 20% when AGB is more than 25 Mg 
C ha− 1. The ESA CCI AGB dataset had four epochs (mid-1990s, 2010, 
2017, and 2018) at 500-m or 1-km spatial resolution (https://climate.es 
a.int/en/projects/biomass/). We used the 2017 AGB map. Both the AGB 
datasets were developed based on optical, lidar and radar satellite im-
ages and inventory datasets. In this study, we aggregated (simple aver-
aging method) both the AGB datasets to the 25-km spatial resolution of 
the SMOS grid using arithmetic mean algorithm (Wigneron et al., 2020). 

Biomass data from in-situ inventory plots:The Biomass Plot Li-
brary (2022) has collected stem inventory data across Australia since 
1936, including over 1 million DBH (diameter at breast height) mea-
surement of ~840,000 trees at ~13,000 sites. Each site has a spatial 
resolution of 0.05–1 ha. This library has the aboveground, belowground 
and total biomass (live + dead) estimates calculated using the generic 
allometric models (Paul et al., 2016) and decay correction factors (Lucas 
et al., 2010). We downloaded ~9000 sites of AGB data across Australia 

collected from 2001 to 2015 (Fig. S5) to validate the accuracy and 
reliability of the L-VOD AGB data in 2010. These ~9000 sites are 
distributed over 769 L-VOD grid cells. The dry biomass data calculated 
from in-situ inventory plots (excluding 4 plots with N/A value) and L- 
VOD AGB have different spatial resolutions (0.05–1.0 ha for in-situ plots 
vs 25 × 25 km2 for L-VOD grid cells), time periods (2010 vs 
2001–2015), and forest definition. To compare the L-VOD AGB with the 
biomass data from the inventory plots, we first calculated the average 
AGB (dry mass, Mg ha− 1) from those biomass inventory plots within 
each of 25-km grid cells. Second, we used the forest area fraction map in 
2010 to calculate the total and average AGB for each grid cell, which 
does not include AGB in non-forest area as we have no AGB from the in- 
situ plots to do such calculation. Finally, we used the 689 grid cells in the 
90% confidence range (excluding lower and upper 5% grid cells) to 
compare the AGB from the inventory plots with the L-VOD AGB 
(Fig. S5). 

2.6.3. Attribution analysis of climate and fire to AGB loss in 2019 
First, we estimated the contribution of climate (drought and record 

high temperatures) and fire to the AGB loss in Australia in 2019 using a 
linear regression approach (Harris, 2012). The 366 forest grid cells were 
grouped into two categories: (1) 252 forest grid cells with fire and (2) 
114 forest grid cells without fire. The AGB loss for those forest grid cells 
with fire (252 grid cells) is mainly caused by both climate (drought, 
record high temperatures) and fire (Eq. 1). The AGB loss for those forest 
grid cells without fire (114 grid cells) is mainly caused by climate 
(drought and record high temperatures) only (Eq. 2). Thus, the differ-
ence in AGB loss between the two categories can be roughly attributed to 
fire (Eq. 3). 

ΔAGBgridcells with fire ≈ f
(
ΔAGBdrought,ΔAGBtemperature,ΔAGBfire

)
(Eq. 1)  

ΔAGBgridcells without fire ≈ f
(
ΔAGBdrought,ΔAGBtemperature

)
(Eq. 2)  

ΔAGBfire ≈ ΔAGBgridcells with fire − ΔAGBgridcells without fire (Eq. 3) 

Second, we estimated forest AGB changes (ΔAGB, Tg C) within in-
dividual forest grid cells in Australia in 2019 by a simple linear regres-
sion model. The independent variables included ΔSMmean (m3/m3), 
ΔLSTmean (◦C), and their interactions (ΔSMmean × ΔLSTmean) during 
October to the following January, and forest fire area (ΔFFA, 103 ha) 
between 2019 and the reference years’ average values (2013–2015), as 
well as AGB (Tg C) in January 2019. Third, we included ΔAGB, 
ΔSMmean, ΔLSTmean, ΔFFA in 2019 and their interactions, and AGB in 
January 2019 for individual grid cells to build six regression models to 
estimate forest AGB changes in Australia in 2019. We used the stepwise 
method and only chose those variables that were statistically significant 
to build the models, then chose the best model (Eq. 4). 

ΔAGB = 5.96–2.07 × ΔLSTmean + 47.60 × ΔSMmean - 0.04 ×
ΔLSTmean × ΔFFA + 6.91 × ΔSMmean × ΔFFA – 2.07 × ΔSMmean ×

ΔLSTmean × ΔFFA - 0.18 × AGBJan2019 ± 4.88 (Eq. 4). 

3. Results 

3.1. Reliability assessment of L-VOD AGB data in Australia 

Fig. 4 shows the spatial distributions of L-VOD, L-VOD-based AGB, 
PALSAR false-color composite (Shimada et al., 2014), and the PALSAR/ 
MODIS forest map (Qin et al., 2021) in 2010 (Fig. 4A-D). L-VOD-based 
AGB estimates range from < 10 Mg C ha− 1 to 109 Mg C ha− 1 in Australia 
(Fig. 4B), most grid cells with large L-VOD and AGB values occur in the 
eastern part of Australia and correspond well to large PALSAR HV 
backscatter coefficient values, an indicator of AGB (Fig. 4C). We inves-
tigated the relationships between L-VOD, AGB, PALSAR HV, and the 
PALSASR/MODIS forest area fraction (FAF) within 25-km grid-cells in 
2010 (Fig. 4E, F, H). As the PALSAR data and its threshold value (HV >
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− 20) were used to identify and map trees and forests in Australia 
(Shimada et al., 2014), our regression analyses between PALSAR HV and 
L-VOD and AGB were conducted for (1) all grid cells and (2) those grid 
cells with PALSAR HV values of >− 20. There are strong linear 

relationships between L-VOD and PALSAR HV (R2 = 0.64, P < 0.01), 
between AGB and PALSAR HV (R2 = 0.61, P < 0.01) in those grid cells 
with high backscatter coefficient values (HV > − 20; Fig. 4E, F), and 
between AGB and the PALSAR/MODIS forest area fraction (R2 = 0.79, P 

Fig. 4. Spatial distribution of L-VOD, aboveground live biomass (AGB), PALSAR, and PALSAR/MODIS forest area fraction (FAF) maps at a spatial resolution of 25 km 
in Australia in 2010. (A) Spatial distribution of L-VOD. (B) Spatial distribution of AGB calculated from L-VOD. (C) PALSAR false-color composite map. (D) PALSAR/ 
MODIS FAF map. (E) Two-Dimension scatter plot between PALSAR HV gamma0 and L-VOD. (F) Two-Dimension scatter plot between PALSAR HV gamma0 and AGB. 
(G) Histogram for AGB distribution. (H) Two-Dimension scatter plot between PALSAR/MODIS FAF and AGB. 
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< 0.01; Fig. 4H). 
To assess the sensitivity of L-VOD to AGB estimates in Australia, we 

also evaluated the relationships between L-VOD and two independent 
AGB datasets at moderate spatial resolution in Australia. We found that 
L-VOD had strong non-linear relationships with the AGB estimates in 
2015 (Carreiras et al., 2017b; Saatchi et al., 2011) and the AGB esti-
mates in 2017 (Santoro and Quegan, 2019), with L-VOD showing no 
saturation signal (Fig. S6). The two AGB data sets calculated from L-VOD 
in December and January were consistent, and their average difference 
was only 0.01 Pg C during 2011–2021 (Fig. S7), suggesting the L-VOD 
AGB estimates are little affected by soil moisture. 

The L-VOD-based AGB in 2010 also had a strong linear relationship 
(R2 = 0.72, P < 0.01) with the AGB data collected from ~9000 field tree 
plots for 2001–2015 in Australia (Lucas et al., 2010; Paul et al., 2016), 
despite their different spatial scales (plot level vs. 25-km grid L-VOD 
cells) and temporal scales (2001–2015 vs. 2010; Fig. S5). 

The results from these comparisons suggest that the SMOS L-VOD- 
based AGB dataset developed in this study for Australia is a reasonable 
dataset and can be used to analyze the spatial-temporal changes of AGB 
in forest grid cells over the years across Australia. 

3.2. Loss and recovery of vegetation cover in forest areas 

We selected one fire-affected forest grid cell (25 km spatial resolu-
tion) to illustrate the temporal changes in the forest canopy during 
2018–2020 (Fig. 5A-G). Our study area is dominated by four climate 
types, including 1) mild/warm summer, cold winter, 2) warm summer, 

cold winter, 3) warm humid summer, and 4) hot humid summer (Bureau 
of Meteorology, 2020). The seasonal dynamics of forest LAI, VIs, SIF, 
GPP and L-VOD in 2018 and 2019 show that they were high in January 
2018 and 2019 but low in July 2018 and 2019. After forest fires 
occurred in July 2019, LAI and VIs dropped sharply by the end of 2019. 
LAI and VIs recovered rapidly in early 2020, reached pre-fires / pre- 
drought levels by mid-2020, and kept high values throughout the 
remaining months of 2020. SIF and GPP were very low in January 2020 
and rose substantially in early 2020 but did not reach pre-fires /pre- 
drought levels. By the end of 2020, SIF and GPP still did not reach the 
pre-fires / pre-drought levels. The L-VOD also dropped sharply by the 
end of 2019 and rose substantially in early 2020 but did not reach pre- 
fires /pre-drought levels. 

Temporal changes of the eight satellite indicators for the 366 forest 
grid cells in Australia (Fig. 5H-K) also show that the LAI, VIs, GPP, and L- 
VOD reached a minimum in January 2020 and rose rapidly thereafter 
back to the pre-fires / pre-drought levels. The maximum values of the 
monthly LAI, VIs, SIF, GPP and L-VOD in all forest grid cells in 2020 
were about 95%–103% of those values in 2019. Temporal changes of 
LAI, VIs, GPP and L-VOD had similar patterns in (1) 252 forest grid cells 
with fire (Fig. 5L-O) and (2) 114 forest grid cells without fire (Fig. 5P-S). 
In addition, we also calculated temporal changes of VIs and LAI using 
the data at the 1-km spatial resolution, and these vegetation indicators at 
the 1-km spatial resolution had similar temporal changes (Fig. S8). 
These figures together clearly indicate large losses of forest canopy and 
understory vegetation in 2019 and rapid and extensive recovery in 2020 
over those fire-affected forest areas and fire-unaffected areas in 

Fig. 5. Monthly average forest leaf area index (LAI), vegetation indices, gross primary production (GPP), solar-induced chlorophyll fluorescence (SIF), and L-band 
vegetation optical depth (L-VOD) from 2018 to 2020. (A, B, C) The natural color composite map, PALSAR/MODIS forest map and fire area map in 2019 in one forest 
grid cell (center lat / lon: 29.875S / 152.625E) with fire area fraction more than 70%. (D, E, F, G) Monthly average LAI, Normalized Difference Vegetation index 
(NDVI) and Near-Infrared Reflectance of vegetation (NIRv), Enhanced Vegetation Index (EVI) and Land Surface Water Index (LSWI), GPP and SIF, and L-VOD from 
2018 to 2020 in the selected forest grid cell shown in (A, B, C). The red rectangle in D shows the months (from July to November) with fire in 2019. (H, I, J, K) 
Monthly average LAI, NDVI and NIRv, EVI and LSWI, GPP and SIF, and L-VOD from 2018 to 2020 in all forest grid cells. (L, M, N, O) Monthly average LAI, NDVI and 
NIRv, EVI and LSWI, GPP and SIF, and L-VOD from 2018 to 2020 in forest grid cells with fire. (P, Q, R, S) Monthly average LAI, NDVI and NIRv, EVI and LSWI, GPP 
and SIF, and L-VOD from 2018 to 2020 in forest grid cells without fire. (For interpretation of the references to color in this figure legend, the reader is referred to the 
web version of this article.) 
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Australia. According to Fig. S2, forest area in Australia had about 400 
mm less precipitation in 2019 than the average annual precipitation 
from 2010 to 2020, especially in the southeast between August and 
December 2019. The extreme drought and high temperatures sup-
pressed forest growth. Thus, VIs, LAI, GPP, and L-VOD significantly 
decreased in the forest grid cells without fire with similar or a little 
smaller magnitude compared to those forest grid cells with fire. This 
may indicate that 1) the effects of drought on VIs, SIF, GPP and L-VOD 
were overwhelmingly stronger than the effects of fire, thus both fire- 
affected and fire-unaffected regions showed a strong drought response. 
We notice that SIF and GPP had similar seasonal dynamics in 2018, but 
SIF values did not drop during the fire months of 2019 (Fig. 5J, N, R). 
The different seasonal changes of VIs, LAI, GPP and SIF may be also 
attributed to the effect of fire-induced aerosols in the atmosphere on 
their retrieval and more study on the retrieval of SIF under large fire 
events is needed in the future. 

3.3. Loss and recovery of vegetation AGB in forest areas 

Annual AGB summed over the 366 forest grid cells during 
2010–2021 (Fig. 6) varied from 1.59 Pg C in January 2012 to 1.10 Pg C 
in January 2020 (Fig. 6A). The average total AGB over the three refer-
ence years (2013–2015, with similar annual precipitation) was 1.37 Pg 
C (a carbon density of 46.93 Mg C ha− 1). These 366 forest grid cells had 
a net loss of 0.20 Pg C (6.71 Mg C ha− 1) AGB between January 2019 and 
January 2020 (~15% of 1.37 Pg C AGB; Fig. 6B). The AGB in the 252 
forest grid cells with fire decreased from 0.93 Pg C (45.9 Mg C ha− 1) in 
January 2019 to 0.76 Pg C (37.8 Mg C ha− 1) in January 2020 (Fig. 6A), 
an AGB loss of 0.17 Pg C (Fig. 6B), accounting for 85% of the 0.20 Pg C 
loss. The AGB in the 114 forest grid cells without fire decreased from 

0.37 Pg C (40.5 Mg C ha− 1) in January 2019 to 0.34 Pg C (36.9 Mg C 
ha− 1) in January 2020 (Fig. 6A), an AGB loss of 0.03 Pg C (Fig. 6B), 
accounting for 15% of the 0.20 Pg C loss. We further investigated the 
relative contributions of climate and fire on the AGB loss in January 
2019 – January 2020 over the 366 forest grid cells in Australia (Eq. 1–3). 
We calculated the average AGB change (− 3.65 Mg C/ha) from all the 
114 grid cells without fire and the average AGB change (− 8.10 Mg C/ha) 
from all the 252 grid cells with fire. Then we calculated the difference 
(− 4.46 Mg C/ha) in average AGB changes as the climate-induced AGB 
change in the 252 grid cells with fire. The contribution from climate 
(0.11 Pg C) is slightly higher than from fire (0.09 Pg C), suggesting the 
severe impacts of both record high temperatures and drought on forest 
AGB dynamics. 

We quantified the sensitivity of forest AGB change to forest fire area, 
soil moisture, and land surface temperature at grid-cell scale (Fig. 7). As 
climate variables have large interannual variations, we used the aver-
aged values in 2013–2015 as the references and calculated anomalies 
(differences; Methods). Forest AGB change over the 366 forest grid cells 
had significant but moderately strong linear relationships with forest 
fire area (R2 = 0.44, P < 0.01) and land surface temperature (R2 = 0.46, 
P < 0.01), and no strong linear relationship with soil moisture (R2 =

0.09, P < 0.01) changes (Fig. 7A-C). In the 252 forest grid cells with fire, 
AGB changes had significant linear relationships with fire area (R2 =

0.41, P < 0.01) and land surface temperature (R2 = 0.47, P < 0.01) 
changes (Fig. 7D-F), suggesting fire and climate together contributed to 
these AGB losses. In the 114 forest grid cells without fire, AGB changes 
had significant linear relationships with land surface temperature (R2 =

0.67, P < 0.01) and soil moisture (R2 = 0.45, P < 0.01) changes (Fig. 7G- 
I), suggesting hot temperature and drought were the major contributors 
to these AGB losses. We developed a multi-variate linear regression 

Fig. 6. Interannual changes of forest aboveground biomass (AGB), leaf area index (LAI), vegetation indices, and gross primary production (GPP) in Australia from 
2010 to 2021. (A) Total AGB in all forest grid cells, forest grid cells with fire, and forest grid cells without fire. (B) AGB anomaly in all forest grid cells, forest grid cells 
with fire, and forest grid cells without fire. (C) Z-Score values of forest AGB and vegetation indices and their linear relationships. (D) Annual total GPP in all forest 
grid cells. Vegetation indices include Normalized Difference Vegetation index (NDVI), Near-Infrared Reflectance of vegetation (NIRv), Enhanced Vegetation Index 
(EVI) and Land Surface Water Index (LSWI). 
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model (Methods) to estimate peak AGB changes in 2019 within each 
forest grid cell, using anomalies of lagged soil moisture and land surface 
temperature between October 2019 and January 2020, and forest fire 
area in 2019 (anomalies relative to average values during 2013–2015), 
as well as AGB in 2018. This model accounted for 72% of the variance of 
AGB changes in 2019 in the 366 forest grid cells (R2 = 0.72, P < 0.01) at 
95% confidence interval. These analyses indicated the compound effects 
of fire and climate on forest AGB changes in Australia. 

By January 2021, annual AGB from the 366 forest grid cells recov-
ered to 1.36 Pg C, reaching a higher value than in January 2019 (1.29 Pg 
C) and close to the average annual AGB (1.37 Pg C) in 2013–2015 
(Fig. 6A). The 366 forest grid cells had an AGB gain of 0.26 Pg C (9.0 Mg 
C ha− 1) between January 2020 and January 2021, contributed by 0.22 
Pg C from the 252 forest grid cells with fire and 0.04 Pg C from the 114 
forest grid cells without fire (Fig. 6B). As measured by the Z-Score 
values, the interannual variation of AGB in the 366 forest grid cells 
agreed well with LAI and four VIs over the period of January 2010 to 
January 2021, and LAI, VIs, and AGB had a large drop by January 2020 
and a strong recovery by January 2021 (Fig. 6C). The linear regression 
analyses showed strong temporal consistency between AGB and VIs, 

with statistically significant (p < 0.01) R2 values ranging from 0.61 for 
the NDVI to 0.80 for LSWI. Geographically, the spatial distributions of 
the difference maps (data in January 2020 minus data in January 2019) 
and the difference maps (data in January 2021 minus data in January 
2020;Fig. 8) showed large losses in LAI, EVI, and SIF in 2019 and large 
gains in LAI, EVI, and SIF in 2020, consistent with the spatial distribu-
tion of AGB change. We grouped the 366 forest grid cells by the changes 
of annual precipitation and LAI between 2019 and 2020 and forest fire 
area fraction in 2019 (Fig. 9). LAI (recovery) and AGB (recovery) 
increased as annual precipitation and forest fire area fraction increased 
(Fig. 9A-D). AGB (recovery) also increased as LAI (recovery) and EVI 
(recovery) increased (Fig. 9E, F). These results indicate that the recovery 
of vegetation cover in 2020 contributes most to the recovery of AGB. 

4. Discussion 

4.1. Estimation of vegetation AGB in forest areas 

Several studies have developed forest AGB maps for the nominal year 
2005 over the tropical regions (Baccini et al., 2012; Saatchi et al., 2011), 

Fig. 7. Two-dimension scatter plots between aboveground biomass (AGB) changes and fire area, soil moisture (SM), and land surface temperature (LST) changes in 
forest in Australia in 2019. (A, B, C) Two-Dimension scatter plots between ΔAGB and ΔFire area, ΔSM, and ΔLST in all forest grid cells. (D, E, F) Two-Dimension 
scatter plots between ΔAGB and ΔFire area, ΔSM, and ΔLST in forest grid cells with fire. (G, H, I) Two-Dimension scatter plots between ΔAGB and ΔFire area, ΔSM, 
and ΔLST in forest grid cells without fire. ΔAGB are the differences between AGB in January 2020 and the average AGB in reference years (January 2013, January 
2014, January 2015). ΔFire area are between fire area in 2019 and average fire area in reference years (2013–2015). ΔSM and ΔLST are the differences between the 
average SMOCT-JAN in 2019 and the average SMOCT-JAN in reference years (2013–2015) and between the average LSTOCT-JAN in 2019 and the average LSTOCT-JAN in 
reference years (2013–2015). 
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and the globe (Carreiras et al., 2017b), and reported interannual 
changes in tropical forest AGB during 2003–2014 (Baccini et al., 2017) 
and global forest AGB during 2001–2019 (Harris et al., 2021; Xu et al., 
2021). These forest AGB maps were generated by using optical satellite 
images, biomass data calibrated from the Geoscience Laser Altimeter 
System (GLAS) Lidar footprints, and field data, and the use of these AGB 
datasets for assessing interannual changes of forest AGB has been in 
debate (Hansen et al., 2019) as optical image data are largely related to 
the changes of leaves in the forest canopies and cannot reflect the 
changes of branches and trunks. 

In recent years, daily VOD datasets at coarse spatial resolution, 
related to the water content of vegetation, were retrieved from image 
data acquired by multiple passive microwave sensors, offering the po-
tential to track the spatio-temporal changes of vegetation AGB. The VOD 
data retrieved from the Special Sensor Microwave Imager (SSM/I, Ku- 
band, 18.70 GHz), Microwave Imager onboard the Tropical Rainfall 
Measuring Mission (TRMM) (TMI, X-band, 10.65 GHz), and the 
Advanced Microwave Scanning Radiometer (AMSR-E, C-band, 6.93 
GHz; X-band, 10.65 GHz) was used to calculate annual AGB data from 
1993 to 2012 and their changes in the globe (Liu et al., 2011; Liu et al., 

2015) based on the relationship between VOD and AGB map generated 
by Saatchi et al. (2011). However, the C− /X− /Ku− band VOD data sets 
are easy to become saturated in the forest area with high AGB density 
(Brandt et al., 2018b). 

In this study, we improved our understanding of the potential of L- 
VOD data to estimate forest AGB. First, we used an improved forest 
cover map (PALSAR/MODIS forest) in Australia (Qin et al., 2021) as a 
baseline map to select and delineate the appropriate study area to esti-
mate forest AGB losses and gains. Compared with the canopy height and 
canopy coverage data derived from GLAS LiDAR footprints, the PAL-
SAR/MODIS forest map has 73% of forest pixels meeting the Food and 
Agriculture Organization (FAO) forest definition, much higher than four 
widely used forest maps (ranging from 36% to 52%). Second, we 
investigated the potential of using monthly L-VOD data to quantify the 
interannual changes in forest AGB. We used the recently developed daily 
L-VOD data to calculate AGB based on the relationship between L-VOD 
and ten AGB maps (Fan et al., 2019). The L-VOD AGB, with no obvious 
saturation to high AGB density (Brandt et al., 2018b; Wigneron et al., 
2020), has proven to provide reasonably accurate estimates of forest 
AGB and its interannual changes since 2010 (Brandt et al., 2018b; Fan 

Fig. 8. Spatial distribution of leaf area index (LAI), Enhanced Vegetation Index (EVI), solar-induced chlorophyll fluorescence (SIF), and aboveground live biomass 
(AGB) changes in southeastern Australia. (A, D, G, J) LAI, EVI, SIF, and AGB changes between 2019 and 2020. (B, E, H, K) LAI, EVI, SIF, and AGB changes between 
2020 and 2021. (C, F, I, L) LAI, EVI, SIF, and AGB recovery rate, equal to the ratio between LAI, EVI, SIF, and AGB changes in 2020–2021 and those changes in 
2019–2020, respectively. 
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et al., 2019; Fernandez-Moran et al., 2017; Qin et al., 2021b; Rodriguez- 
Fernandez et al., 2018). This study is the first application that uses 
monthly L-VOD data to estimate the losses and gains of forest AGB in 
Australia. 

Interannual changes of forest AGB is one of the major indicators 
tracking changes in terrestrial carbon sinks and sources. One study 
(Harris et al., 2021) estimated forest AGB change between 2001 and 
2019 and reported large AGB gains over the forests in southeastern 
Australia. Our results do not show such large AGB gains during 
2010–2019, as forest AGB in January 2019 was similar to the other years 
(2013–2018) over the 366 forest grid cells (Fig. 6A, B). Over the entire 
period of January 2010 – January 2021, the net change of total AGB in 
the 366 forest grid cells was found to be neutral (Fig. 6B). The 
discrepancy between our study and Harris et al. study can be attributed 
in part to (1) Harris et al. study focused on forest cover loss, removal by 
harvest, and forest regrowth and (2) the higher temporal resolution of 
SMOS L-VOD and AGB datasets used in our study. The use of monthly L- 
VOD data to estimate forest AGB opens an opportunity for us to develop 
timely and consistent data of AGB losses and gains under severe drought, 
heatwave, and extensive fires and then use the resultant data to support 
and improve the study of the terrestrial carbon cycle 

4.2. Vegetation cover and AGB losses in forest areas 

The dominant tree species in the forests of the southeast of Australia 
are capable of resprouting after disturbances. These eucalyptus trees 
have many special fire-adaptive traits, and most species and individuals 
are not killed by high severity fire (Crisp et al., 2011). According to field 
inventories of forest biomass loss caused by fire in the southeast of 
Australia, the main components leading to biomass loss are small 
branches (7.6–15.0 Mg C/ha) and leaves and grassy components 

(3.5–7.0 Mg C/ha) (Keith et al., 2014). Optical remote sensing data 
mainly capture the changes of upper canopies of forest. Passive micro-
wave remote sensing data (L-VOD) capture the changes of trees (canopy, 
tree branches and trunks) and understory (grass and shrub). Thus, 
vegetation indicators calculated from optical and microwave data need 
to be used together to quantify the temporal changes in the forest canopy 
and AGB before- and after fire. 

A recent study (De Kauwe et al., 2020) reported that more significant 
tree mortality occurred from 2017 to 2019 than the Millennium drought 
from 2000 to 2009 in the southeast of Australia. Another recent study 
(Bowman et al., 2021a) reported that the unprecedented forest fire 
damaged or reduced forest canopies in over 44% of native forests in 
southeastern Australia and in more than 70% of timber plantations in 
New South Wales. Both drought and fire caused significant AGB losses, 
respectively, as shown in this study. The effects of climate and fire on 
forest AGB are not independent. Anomalous climate conditions can pre- 
condition for fire events and/or exacerbate the impacts of fire. We 
recognize that it is challenging to accurately estimate the relative con-
tributions of drought or fire to forest AGB losses, as the geospatial 
dataset we used in this study are at coarse spatial resolution. The in-situ, 
on-the-ground monitoring of forest AGB changes and high spatial reso-
lution forest AGB datasets are needed to better understand the in-
teractions between climate and fire and quantify the relative roles of 
individual driving factors for the changes of forest AGB. 

4.3. Vegetation cover and AGB gains in forest areas 

The rates and paths of vegetation recovery in forest areas after fires, 
droughts, and heatwaves have been extensively studied (Fu et al., 2017; 
Schwalm et al., 2017). Many previous studies reported that these dis-
turbances usually have long-term legacy impacts on forest AGB, and 

Fig. 9. Forest recovery in Australia between 2019 and 2020. (A, B) Leaf area index (LAI) and aboveground biomass (AGB) changes under precipitation change 
between 2019 and 2020. (C, D) LAI and AGB changes between 2019 and 2020 in different fire area intervals in 2019. (E) AGB changes in different LAI change 
intervals between 2019 and 2020. (F) AGB change in different Enhanced Vegetation Index (EVI) change intervals between 2019 and 2020. The one standard de-
viation values were added into the curves. The gray bar graphs are the numbers of grid cells. 
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forest AGB recovery was slow and took many years (Wigneron et al., 
2020; Yang et al., 2018). The Eucalypt tribe dominates in Australian 
forests and is adapted to fire and drought. The spatial extent of the 2019 
fires made this an exceptionally destructive year. The eucalypt forest 
AGB loss caused by fires was relatively moderate at the forest stand 
scale, according to the field assessment in southeastern Australia 
(DISER, 2020; Keith et al., 2014). One earlier study reported that the 
forest biomass components combusted by fires in 2009 included dead 
standing trees (3.8–21.7 Mg C ha− 1), small branches (7.6–15.0 Mg C 
ha− 1), litter (6–9 Mg C ha− 1), and canopy leaves (3.5–7 Mg C ha− 1), 
dependent upon the fire severity and forest ages in southeastern 
Australia (Keith et al., 2014). According to the forest fire and recovery 
report from the Australian Department of Industry, Science, Energy, and 
Resources (DISER, 2020), bushfires in Australia have substantial im-
pacts on woody debris and understory vegetation, moderate impacts on 
the upper forest canopy, and small to rare impacts on tree mortality, so 
that forest cover and AGB can fully recover within 10–15 years at the site 
level, as it was the case for the 2002/2003 and 2009 bushfires in 
southeastern Australia. Our study analyzed the changes of forest carbon 
in the aboveground live biomass for all the forest areas in Australia, 
which include both fire-affected areas (20%) and fire-unaffected areas 
(80%) at the spatial resolution of 1 km. Forest growth in the fire-affected 
areas and fire-unaffected areas supported the rapid AGB recovery in 
2020 with the above-the-average rainfall. 

The record high temperatures, drought, and unprecedented forest 
fires in July 2019–February 2020 did remove a significant amount of 
woody debris, understory vegetation, and upper forest canopy (Fig. 1), 
but most eucalypt trees were not killed (DISER, 2020). In eucalypt trees, 
the buds of the sprouts in trunks are often protected by thick bark. Tree 
canopy has hormones that suppress bud sprouting. After fire removes 
tree canopy, the hormone-based suppressing of sprouts is also removed, 
and then bud sprouting could occur, and tree becomes alive again under 
favorable climate and soil conditions (Crisp et al., 2011). A moderate La 
Niña event prevailed in 2020, and at the national scale, annual precip-
itation in 2020 was close to the long-term average (483 mm) and double 
of annual precipitation in 2019 (Figs. S2, S3). For southeastern 
Australia, annual precipitation in 2020 (1160 mm) was more than 
double of 550 mm in 2019 and was above the long-term average of 977 
mm during 2010–2020 (Figs. S2, S3). The above-average precipitation 
in 2020 (both early months and the entire year) could support the strong 
growth of forest and other understory vegetation components (grass and 
shrub) in March–April and August–December, as shown by MODIS LAI 
and VIs, TROPOMI SIF, GPP, and L-VOD (Fig. 5) and the field photos 
from the citizen science community across Australia (Table S1). The 
time series NIRv, GPP, and SIF datasets in Byrne’s study also showed the 
unburned and burned forest areas were partially recovered or in the 
process of recovering before June 2020 (Byrne et al., 2021). The 
different recovery status in the burned forest areas between this study 
and Byrne’s study may be caused by the differences in study periods, 
definition of burned areas, and input datasets (Table S2). AGB recovery 
in 2020 is likely contributed by the extensive forest and understory 
regrowth both from resprouting and seeding (Bowman et al., 2013; 
Clarke et al., 2015). Annual GPP (0.42 Pg C/yr) in 2020 for the 366 
forest grid cells is close to the multi-year average annual GPP (Fig. 6D). 
The ratio between NPP and GPP (NPP/GPP, or carbon use efficiency) of 
Eucalyptus saligana (Sm.) forest varies with stand age slightly, ranging 
from 0.66 at age two years to 0.62 at age six years (Collalti and Prentice, 
2019; Ryan et al., 2004). When the NPP/GPP ratio of 0.66 is used, an 
annual GPP of 0.42 Pg C in 2020 could result in an annual NPP of 0.28 Pg 
C in 2020, which is slightly higher than forest AGB gain estimate (0.26 
Pg C) in 2020. The large forest AGB gain per unit area (~9.0 Mg C ha− 1 

yr− 1) in 2020 is within the range of NPP estimates from the established 
forest (5–18 Mg C ha− 1 yr− 1) (Haverd et al., 2013a; Haverd et al., 2013b; 
Keith et al., 2010; Roxburgh et al., 2004) and the regenerated forests 
(9–36 Mg C ha− 1 yr− 1) (Attiwill, 1992; Volkova et al., 2018) in south-
eastern Australia based on field observations and regional modeling 

(Table S3). Some of the Australian eucalypt forests have one of the 
largest AGB per unit land area in the world (Keith et al., 2009). The rapid 
and large recovery of AGB in 2020 was largely driven by vegetation 
cover (Fig. 9E, F). 

4.4. Challenges and potential solutions for monitoring vegetation cover 
and AGB 

Through remote sensing technology, the changes in vegetation cover 
and AGB can be monitored with a variety of data products, including 
SMOS L-VOD and AGB, VIs, LAI, SIF, and GPP, in addition to soil (e.g., 
soil moisture), atmosphere (e.g., temperature, precipitation) and surface 
disturbance (e.g., fire extent, forest cover loss). These datasets could be 
used together to produce a full story of the impacts of climate, fire, and 
anthropogenic activities on vegetation at any time and any location on 
the Earth. The L-VOD data have a coarse spatial resolution of 25-km, and 
thus they cannot be used to assess the forest canopy and AGB changes 
(loss and recovery) at the site and landscape scales. In this study we 
demonstrate the potential of monthly L-VOD data for quantifying forest 
AGB changes at the regional and country scales at coarse spatial reso-
lution. The monitoring and assessment capacity of forest canopy and 
AGB has been continuously improved with current and new Earth 
observation missions, for instance, vegetation height and profile data 
from the Global Ecosystem Dynamics Investigation (GEDI) mission 
(Dubayah et al., 2020), and high-resolution AGB data from the soon-to- 
be-launched Biomass mission (Carreiras et al., 2017a). The P-band 
Biomass satellite, developed by the European Space Agency, is planned 
to launch in 2023. The P-band with a wavelength of 70 cm, has a longer 
band wavelength than the L-band (23.5 cm). The Biomass satellite will 
also provide carbon stock at a much finer spatial resolution in the order 
of 4 ha, which will help analyze carbon stock changes and the mecha-
nisms at both site and landscape scales. In addition to the above- 
mentioned satellite data, it is also important to note that more and 
continuous effort is urgently needed for in-situ and on-the-ground 
monitoring of post-fire recovery in forests, which could provide rich 
data to calibrate, validate, and improve the methodology used in this 
study. 

5. Conclusion 

Our satellite-based analysis reveals a large loss of forest AGB in 2019, 
driven by both extreme climate and fires in Australia and the rapid re-
covery of forest AGB in 2020. The vegetation AGB loss in 2019 and gain 
in 2020 are substantially larger than the CO2 emission from fossil fuel 
and industrial use in Australia in 2019 (~0.11 Pg C)(Friedlingstein et al., 
2020). The eucalypt-dominated forests that burned in 2019 showed high 
resilience to fire and the rapid post-fire regrowth in most fire-affected 
forest areas, a process that was further enhanced by above-the-average 
precipitation in 2020. Such insights into forests are critical for 
improving Earth System Models to assess the net and compounded im-
pacts of droughts, heatwaves, and forest fires on the terrestrial carbon 
fluxes and stocks (Sanderson and Fisher, 2020). The forest area in 
Australia is relatively small in comparison to the extensive areas of 
woodland, savanna, and grassland, but holds large carbon stocks (Keith 
et al., 2009) and is a carbon sink (Haverd et al., 2013a). 2019’s record 
high temperatures, severe drought, and extensive forest fires serve as an 
early warning of the uncertain future of Australian forests over the 
coming decades because of projected climate change (Sanderson and 
Fisher, 2020). Changes in forest management, conservation, and sup-
porting policies are needed to reduce forest vulnerability and enhance 
forest resilience to changes in climate, fire, and other disturbances while 
facilitating transitions that might be unavoidable. 
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