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ABSTRACT
Accurate evaluation of terrestrial carbon balance is essential for designing climate change 
mitigation policies, and capabilities of remote sensing techniques in monitoring carbon fluxes 
are widely recognized for their great contributions to regional and global carbon budget 
accounting. In this review, we synthesized satellite-based data and methodologies to estimate 
the main flux components of terrestrial carbon balance and their uncertainties over the past two 
decades. The global gross primary production (GPP) during the period 2001–2022 is 134 ± 14 PgC 
yr−1, and nearly half of them occurs in tropical forest regions such as South America and Africa. 
Less than 2% of global GPP is converted into a net carbon sink of 2.28 ± 1.12 PgC yr−1 using 
satellite-based atmospheric inversion during 2015–2020, and this sink is comparable to the stock 
change-based estimate (2.49 PgC yr−1) but twice as large as model-based estimate (1.08 ± 0.78 
PgC yr−1). By decomposing satellite-derived net carbon balance into different terms including 
satellite-derived carbon emissions from land-use change and wildfires (3.55 PgC yr−1), we inferred 
that ~ 43% of global GPP would be respired through soil microbes (57.1 PgC yr−1), but which is 
higher than the previous bottom-up estimate (39–46 PgC yr−1). We then propose that an 
accurate remote sensing of terrestrial carbon balance requires to enhance representations of 
photosynthetic responses to rising CO2 and disturbances, develop satellite-constrained below-
ground carbon dynamics and separate natural fluxes from anthropogenic CO2 emissions, by 
integrating multi-source satellite sensors in orbit, revolutionized remote sensing capabilities with 
focused field campaigns in data-scarce regions.
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1. Introduction

Globally averaged concentrations of CO2 reached 
above 417 parts per million (ppm) in 2022, due to 
a combination of fossil fuel emissions, industrial activ-
ities and human-induced deforestation. The terrestrial 
biosphere absorbs atmospheric CO2 through photo-
synthesis and return it to the atmosphere primarily 
through ecosystem respiration and then through dis-
turbances such as land use changes and wildfires. The 
terrestrial biosphere was estimated to absorb nearly 
one-third of anthropogenic CO2 emissions (Janssens 
et al. 2003; Seiler et al. 2022; Tan, Ryosuke, and 
Kanichiro 2004) and acted as important temporary 
reservoirs that could reduce fossil fuel emissions 
(Steffen et al. 1998). On the other hand, due to large 
quantities of carbon stored in vegetation and soils, the 
release of this carbon into atmosphere would produce 
a profound impact on regional and global climate. It 
has then been increasingly recognized that the terres-
trial carbon cycling could steer the climate system in 
a significant way (Heimann and Reichstein 2008). 

Accurate and consistent observational-based estimates 
of terrestrial carbon fluxes is highly necessary to 
understand land carbon sinks and its mechanisms 
and to define baselines for land-based climate mitiga-
tion measures.

The terrestrial ecosystem modeling is a widely 
adopted approach to provide a spatially and tempo-
rally explicit estimate of terrestrial carbon fluxes at 
both regional and global scales. The advancement in 
process-based model development, together with an 
increasing number and coverage of ground-based 
observations, has largely improved our understanding 
of terrestrial carbon fluxes. Most notably, in the 
annually updated global carbon budget from the 
Global Carbon Project, the estimate of terrestrial car-
bon fluxes was directly derived from an ensemble 
mean of modeled fluxes from Dynamic Global 
Vegetation Models (DGVMs). While, large uncertain-
ties remain in these model-based estimates. 
Specifically, the model simulations suffered from 
notorious uncertainties due to the rudimentary 
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representation of some processes such as human land 
management and permafrost carbon dynamics and 
poor observational constraints on critical biogeo-
chemical processes such as the CO2 fertilization effect 
and coupling of carbon–nitrogen interactions. In 
addition, model estimates of present-day net fluxes 
of carbon were changes in those fluxes from pre- 
industrial times as a result of direct (e.g. deforestation) 
and indirect human activities (e.g. elevated CO2 con-
centration, nitrogen deposition and climate change) 
(Houghton 2020). While these preindustrial fluxes 
were estimated on the basis of the assumption that 
ecosystems reached the equilibrium with climate 
before the Industrial Revolution in DGVMs.

Models often disagree wildly with the direction and 
magnitude of changes in terrestrial carbon cycling, 
and a constellation of satellites now in orbit could 
allow us to estimate terrestrial carbon fluxes, and 
provide at least a decade-long record of carbon cycling 
change at regional and global scales. Recent advances 
in space-borne measurements suggested that the 
remote sensing approach could add important spatial 
and process resolution to the existing in situ data 
system for refined understandings of terrestrial carbon 
fluxes. The satellite derivations have primarily capita-
lized on a wide spectral range, including visible and 
near-infrared (optical), thermal-infrared and micro-
wave (Figure 1). Successful attempts include spatio- 
temporal mapping of gross primary productivity 
(GPP) from optical-based vegetation factors (leaf 

area index, the fraction of absorbed photosynthetically 
active radiation and solar-induced chlorophyll fluor-
escence), characterization of fire carbon emissions 
through burnt area and fire radiative energy using 
both optical and infrared spectra (Giglio et al. 2018; 
Wooster et al. 2005), and regional and global estimates 
of net biosphere carbon exchanges from column- 
integrated measurements of CO2 in the shortwave 
infrared spectral region through atmospheric inver-
sion (Park et al. 2021). The use of satellite observations 
to estimate terrestrial carbon fluxes could offer an 
independent approach for real-time carbon balance 
accounting at regional and global scales. 
Furthermore, the covariation of satellite-derived car-
bon fluxes with climate could also be used to assess 
and refine biogeochemical and biophysical processes 
in terrestrial ecosystem models adopted for carbon 
budget assessments and future projections. However, 
there are inherent uncertainties (e.g. saturation issues) 
that could greatly restrict the ability of remote sensing 
to provide an accurate estimate of regional and global 
carbon balance.

Our objective in this review is to evaluate how 
satellite observations have informed our understand-
ing of terrestrial carbon balance and its key compo-
nent fluxes (GPP, disturbance-induced carbon losses 
and net biome productivity) at both regional and 
global scales. We then quantified potential uncertain-
ties of terrestrial carbon fluxes by assembling different 
satellite-based datasets and comparing these results 

Figure 1. Remotely sensed terrestrial carbon fluxes retrieved from satellite spectral bands of the electromagnetic spectrum. GPP, 
NPP, NEP and NBP denotes gross primary productivity, net primary productivity, net ecosystem productivity and net biome 
productivity, respectively. The values in black denote satellite-derived estimates and those in gray represent estimates inferred 
from satellite derivation. Note that the NPP estimate is derived from MODIS data. Negative sign indicates a source of CO2 to the 
atmosphere.
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with the output from an ensemble of DGVMs in 
TRENDY (Trends and drivers of the regional scale 
sources and sinks of carbon dioxide) project and the 
net carbon balance estimate using the latest compre-
hensive bottom-up carbon accounting approach (Ciais 
et al. 2022). We finally summarized future challenges 
and opportunities that could help in obtaining accu-
rate estimates of spatio-temporal patterns of terrestrial 
carbon fluxes using satellite-derived observations.

2. Principles of satellite-based retrieval of 
terrestrial carbon fluxes

2.1. Global primary productivity

Gross primary productivity (i.e. GPP) is the total car-
bohydrates fixed by plants through photosynthesis. It 
fuels the ecosystems and is considered as the start of 
the terrestrial carbon cycle (Beer et al. 2010). Plant 
photosynthesis combines two processes known as the 
light-dependent reaction and light-independent reac-
tion. During the light-dependent reaction, solar 
energy absorbed by the photosynthetic pigments in 
the green leaves is converted to biochemical energy 
stored in Adenosine 5’-triphosphate (ATP) and nico-
tinamide adenine dinucleotide phosphate (NADPH). 
A small fraction of energy is also reemitted as chlor-
ophyll fluorescence during this process (Krause and 
Weis 1991; Porcar-Castell et al. 2014). Both ATP and 
NADPH generated by the light-dependent reaction 
are further used by the light independent reaction 
which converts CO2 to carbohydrates through 
a series of biochemical reactions (i.e. the Calvin 
Cycle) (Raines 2003).

Remote sensing has long been used for GPP esti-
mates, whose fundamental basis can be categorized 
into four approaches: (1) process-based models; (2) 
light use efficiency models; (3) machine learning based 
models; (4) empirical relationship with vegetation 
indicators. Process-based models use remote sensing 
retrieved ecosystem parameters (such as leaf area 
index, clumping index, maximum carboxylation rate 
at reference temperature) as input for models that 
represent the physiological process of photosynthesis. 
The most widely used process-based model is the 
Farquhar-van-Caemmerer-Berry (FvCB) model 
which considers the two major limitations of photo-
synthesis, i.e. RuBP regeneration and carboxylation of 
Rubisco, which are further mediated by the stomata 
responses to the environment (Farquhar, von 
Caemmerer, and Berry 1980). Remote sensing pro-
ducts are often used to describe the maximum activity 
of enzyme, which determines the photosynthesis of 
individual leaf, as well as the light distribution within 
the canopy, which scales the photosynthesis of indivi-
dual leaf to the entire canopy. Some well-known 
examples include the Breathing Earth System 

Simulator (BESS) (Li et al. 2023; Ryu et al. 2011) and 
Boreal Ecosystems Productivity Simulator (BEPS) 
(Chen et al. 1999). These models are mechanistic, 
but often requires complex parameterization.

Light use efficiency models are built based on the 
fact that solar radiation absorbed by plants’ green 
leaves are the first order driving factors for photo-
synthesis. The energy absorbed by plants is wavelength 
dependent, leading to a unique signature in reflectance 
spectrum, from which various vegetation indices can 
be derived. These indices, such as NDVI or EVI, have 
been demonstrated to strongly related to the fraction 
of energy absorbed by green vegetation (Zeng et al.  
2022). Together with solar radiation and a light use 
efficiency factor that converts solar energy to chemical 
energy, the product of these three factors can provide 
a reliable estimate of GPP (Pei et al. 2022). Some 
widely used datasets include MODIS GPP (MOD17) 
(Running et al. 2004), Vegetation Photosynthesis 
Model (VPM) (Xiao et al. 2004), Eddy Covariance- 
light use efficiency (EC-LUE) (Yuan et al. 2007).

Machine learning models have been extensively 
used in estimating GPP and other carbon fluxes. 
These models follow a data-driven concept to explore 
the relationship between GPP and various environ-
mental and vegetation-related variables. Remotely 
sensed vegetation indices, land surface temperature 
and other datasets can be used as the input variables 
and GPP estimates at eddy covariance sites are usually 
considered as training targets (Jung et al. 2012). They 
often show quite good spatial and seasonal variation as 
compared to the ground observations, but the inter-
annual variations are often underestimated.

The last kind of method is based on empirical rela-
tionship with SIF and other vegetation indicators. SIF is 
emitted by both photosystem II and photosystem 
I during the light-dependent reaction, it is strongly 
related to the electron transport rate and is therefore 
a good indicator of the energy harvest during the light- 
dependent reaction (Porcar-Castell et al. 2014). 
Considering that the reaction speed of the light- 
dependent reaction is often coordinated with the light- 
dependent reaction, SIF also has a strong relationship 
with the gross photosynthesis rate (Porcar-Castell et al.  
2014). The global GPP can be estimated based on the 
empirical relationship obtained at site level. Some other 
indicators that are demonstrated to be strong proxies of 
GPP include PAR times near infrared reflectance (NIRv, 
a factor that better considers canopy structure effect) or 
kernel-NDVI (kNDVI) (Camps-Valls et al. 2021; 
Dechant et al. 2022). Besides the four major approaches 
mentioned above, some recent studies also suggest that 
carbonyl sulfide (OCS or COS) is a robust indicator of 
canopy stomatal conductance, advances in remote sen-
sing technique can observe the atmospheric OCS con-
centration variations, but spatially explicit GPP estimates 
based on OCS is still challenging (Whelan et al. 2018).
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Some of the carbon fixed by plant photosynthesis 
will be respired by plants (autotrophic respiration) 
and directly returned to the atmosphere, the rest that 
will be allocated to different carbon pools is known as 
the net primary production (NPP). Although global 
evidence suggests the NPP almost takes half of GPP, 
the ratio between these two varies with climate, soil, 
nutrient, plant characteristics and other environmen-
tal factors (Tang et al. 2019). Two types of models are 
proposed to calculate NPP. One is an empirical model 
similar to the LUE models, but instead of using the 
light use efficiency, it employed a factor that directly 
converts the absorbed energy to biomass increment. 
One example is the widely used CASA model (Potter 
et al. 1993). The other type of model is more physio-
logical, which considers both maintenance respiration 
and growth respiration as functions of temperature. 
The example is the MODIS NPP (Running et al. 2004). 
For grassland ecosystems where plants grow annually, 
the aboveground NPP is often estimated as a function 
of vegetation indices since these indicators are 
strongly related to leaf area and biomass (Fang et al.  
2001; Ponce-Campos et al. 2013).

When ecosystem heterotrophic respiration is also 
removed from the NPP, the rest is the net ecosystem 
productivity (NEP), which represents the carbon fixed 
by plants without considering the effect of distur-
bances. Although there is no direct way to estimate 
heterotrophic respiration from remote sensing, some 
models use simulated GPP and soil organic carbon to 
calculate a reference ecosystem respiration, together 
with environmental factors to estimate ecosystem 
respiration (autotrophic plus heterotrophic) (Li et al.  
2023).

2.2. Anthropogenic and natural disturbances

Carbon fluxes due to ecosystem disturbance are 
important fluxes in terrestrial carbon balance account-
ing at both regional and global scales (Ciais et al. 2022; 
Phillips et al. 2022; Pongratz et al. 2021). Disturbances 
include natural ones such as lightning-ignited wild-
land fires (Phillips et al. 2022), wind storm (Feng et al.  
2022), snow storm, insects, and anthropogenic ones 
such as human land use and land use change 
(Pongratz et al. 2021). Land use change affects carbon 
cycling by altering the land cover type, for example, by 
clearing and converting forest to cropland or grazing 
land, or draining wetland and converting to cropland, 
or the reverse processes of afforestation/reforestation 
or wetland restoration.

Remote sensing plays a crucial role in supporting 
the quantification of carbon fluxes through land use 
and land use change, both by mapping land use/land 
cover dynamics (Zhang et al. 2021) and by directly 
mapping changes in biomass carbon storage (Liu et al.  
2015; Santoro et al. 2021). To derive carbon fluxes 

(carbon emission or carbon uptake) from land cover 
change, annual maps of land cover distribution were 
used as input in bookkeeping models or dynamic 
global vegetation models to diagnose carbon fluxes 
corresponding to different land cover change pro-
cesses (Friedlingstein et al. 2022; Hansis, Davis, and 
Pongratz 2015; Song, Huang, and Townshend 2017).

The long-term monitoring of land cover change 
involves establishing the land cover distribution for 
a base year and detecting the changes from the 
base year to the target year (Zhang et al. 2021). The 
mapping of land cover distribution for a given year (or 
the base year) requires training samples with known 
land cover types and the associated spectra informa-
tion, sometimes with additional supplementary infor-
mation such as elevation and phenology information. 
A globally uniform classification model, or several 
regional specific models, are then trained using the 
training samples and input spectra features. These 
models are finally combined with input spectra infor-
mation from satellite remote sensing to derive land 
cover distribution. For long-term land cover monitor-
ing, satellite pixels with potential land cover changes 
are first identified (such as the Continuous Change 
Detection method (Zhu, Woodcock, and Olofsson  
2012) and LandTrendr (Huang et al. 2009), followed 
by further identification of the new land cover type 
(Zhang et al. 2021).

The most widely used long-term series of land 
cover mapping by far is the ESA CCI land cover 
product which covered 1992–2020 (http://maps.elie. 
ucl.ac.be/CCI/viewer/download.php) with a 300 m 
spatial resolution, which was incorporated in the his-
torical dataset of cropland and grazing land 
(HYDE3.2, Klein Goldewijk et al. 2017) and further 
used in the land use transition dataset of LUH2 (Hurtt 
et al. 2020) adopted by the Global Carbon Project. 
Another dataset of land cover with a fine classification 
system covering 1985–2020 with a 30 m resolution was 
recently released (Zhang et al. 2021). In addition, 
several thematic land cover map time series products 
were also available, including those for urban land 
impervious surface area (Gong et al. 2020; Liu et al.  
2020) and for cropland (Potapov et al. 2022).

In terms of wildland fires, three types of informa-
tion can be derived from satellite remote sensing: 
active fire, burned area, and fire radiative power 
(Mouillot et al. 2014). The active fire product provides 
information on temporal and spatial locations where 
fires are observed as active burning when satellites 
pass by (Giglio, Schroeder, and Justice 2016). The 
burned area product provides gridded information 
on where fires have occurred and vegetation has 
been disturbed (Chuvieco et al. 2018). Fire radiative 
power measures the radiative energy released per unit 
time by actively burning vegetation fires. To obtain 
fire carbon emissions, spatially explicit burned area 
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data need to be combined with information about the 
available fuel for combustion and the combustion 
fraction by fire, both of which are often obtained 
through model simulations (Van der Werf et al.  
2010). The other approach is to empirically convert 
the observed fire radiative energy, calculated by inte-
grating the fire radiative power over time, directly to 
biomass consumption by fire (Kaiser et al. 2012).

The detection of active fire mainly uses the reflec-
tance in the mid-infrared (MIR) bands (3–5 μm). The 
most widely used MODIS active fire product used the 
reflectance for the wave length of 4 μm and the Stefan- 
Boltzmann law to invert the surface temperature of the 
observed satellite pixel, followed by applying spatially 
varying thresholds to detect active fire (Giglio, 
Schroeder, and Justice 2016). The fire radiative 
power algorithm is based on the same principle and 
translates the difference in the reflectance of MIR 
between the active fire pixel and the background 
unburned pixels to the energy release using empirical 
relationships (Wooster et al. 2005). The burned area 
algorithm examines temporal changes in a burn- 
sensitive vegetation index and then compares such 
changes with those of active fire pixels and the 
unburned background pixels to identify the probabil-
ity of a given satellite pixel being burned (Giglio et al.  
2018). The burn-sensitive index uses the contrast 
between the near infrared (NIR) and the short-wave 
infrared (SWIR) bands, where vegetation has a high 
and low reflectance, respectively (Giglio et al. 2018).

2.3. Satellite-based inversion of net biome 
production

The temporal and spatial variations of atmospheric 
CO2 abundance are influenced by the dynamics of net 
CO2 exchanges between the Earth’s surface and the 
atmosphere, convolved with atmospheric transport. 
Thus, dense CO2 measurements can be used to deduce 
the timing, location, and intensity of CO2 fluxes. The 
efforts of using remote sensing techniques to retrieve 
atmospheric CO2 concentrations started in the 1980s, 
equipping sensors onboard satellites to measure spec-
tra of reflected sunlight or emitting thermal radiation 
by the Earth within the CO2 absorption bands. The 
current operational satellites dedicated to CO2 mon-
itoring all use high-resolution spectrometers at short 
wavelength infrared (SWIR) bands, due to their rela-
tively higher sensitivity to CO2 variations in the lower 
troposphere than thermal infrared (TIR) sensors. The 
spectra recorded by satellite-borne sensors are ana-
lyzed by a retrieval algorithm, fitting the spectral 
lines within absorption bands, to quantify the clear- 
sky column-average CO2 dry air-mole fractions 
(XCO2), which also account for atmospheric and sur-
face conditions, as well as the optics and electronics 
properties of the sensors (O’dell et al. 2018). These 

XCO2 data are assimilated in atmospheric inversion 
systems, which use atmospheric transport models to 
link the CO2 fluxes and XCO2 and solve for the opti-
mal spatial and temporal variations of CO2 fluxes that 
match the spatial gradients and temporal changes of 
CO2 abundance, accounting for the large-scale hori-
zontal transport and vertical mixing of the atmosphere 
(Chevallier et al. 2019; Jin et al. 2023). XCO2 signals 
are impacted by both natural and fossil fuel CO2 
fluxes. In most atmospheric inversions, the model 
input of fossil fuel CO2 emissions is assumed to be 
perfectly known without any uncertainty, and only the 
fluxes from natural ecosystems are inversely solved. 
The inversion problem is generally ill-conditioned as 
current satellite observations are not dense enough to 
cover ubiquitous CO2 fluxes, and atmospheric inver-
sions is usually performed based on Bayesian infer-
ence, using some prior knowledge to provide 
additional information on flux estimates (Rayner, 
Michalak, and Chevallier 2016).

3. Current status of satellite-derived 
terrestrial carbon fluxes

3.1. The GPP pattern and its trend

By making use of various remote sensing datasets, we 
provided a satellite-derived estimate of an average 
global GPP of 134 PgC yr−1, with a standard deviation 
of 14 PgC yr−1 among different datasets during the 
period 2001–2022 (Figure 2). This satellite-derived 
estimate is consistent with the multi-model ensemble 
mean of GPP from TRENDY S3 simulations which 
include the impacts of climate change, rising atmo-
spheric CO2 and land use changes (131 ± 10 PgC yr−1) 
(Figure 3).

Although satellite-derived GPP datasets have 
a similar spatial pattern in terms of annual mean, 
differences exist, especially for the tropical regions 
(e.g. South America and Africa), where annual GPP 
are the highest across the globe. By separating the 
global land into different regions, South America 
and Africa, where mainly distributes tropical forests 
and savannahs, altogether account for nearly half of 
the global terrestrial GPP. Meanwhile, the SIF-based 
GPP (GOSIF: Global OCO-2 SIF based GPP) esti-
mates over both South America and Africa are more 
than 30% and 10% larger than results from the 
MODIS estimate (using traditional remotely sensed 
vegetation indices) and state-of-the-art carbon cycle 
models, respectively (Figure 2). In addition, crop-
lands in the midwestern United States generally have 
the highest peak photosynthesis because of the role 
of management. While, crop GPP is underestimated 
in products which uses NDVI or fPAR as an input, 
and is more reasonably approximated based on EVI, 
NIRv, and SIF that could well capture the effect of 
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canopy structural complexity on GPP. This result is 
anticipated since vegetation indices especially NDVI 
could be saturated over tropical forests and highly 
productive crops, and would then have nonlinear 
relationships with GPP (Badgley et al. 2017; Camps- 
Valls et al. 2021). By contrast, the saturation pro-
blem of SIF and NIRv (the proportion of reflected 
near-infrared radiation attributable to vegetation) in 
the tropical region has been significantly eliminated.

In the last two decades, there is a general increasing 
trend in global GPP, with a mean value of 0.45 ± 0.11 

PgC yr−2, based on the four satellite-based products 
during the period 2001 to 2015. This satellite-derived 
estimate is generally consistent with the multi-model 
ensemble mean from TRENDY models (0.49 ± 0.10 
PgC yr−2) during the period 2001 to 2015 (Figure 2). 
However, the magnitude of the trend in global GPP 
varies across different satellite products, with the esti-
mate of GPP from Penman – Monteith – Leuning 
model (PML, He et al. 2022) being the smallest (0.31 
Pg C yr−2) while the other three estimates ranging 
between 0.43 and 0.58 Pg C yr−2. In terms of spatial 

Figure 2. Spatial patterns of mean and standard deviation of annual gross primary production (GPP) and its trends in the last two 
decades. (a and b) the mean and standard deviation annual GPP from different GPP products, (c and d) the mean and standard 
deviation of trends in annual GPP in the last two decades from different products, and (e) the time series of global annual GPP for 
the four different GPP products (MODIS, BESS, GOSIF and PML), the flux-derived GPP, and multi-model mean from TRENDY project. 
Here the flux-derived GPP data (https://doi.org/10.3334/ORNLDAAC/1835) is the upscaling of eddy covariance flux measurements 
from selected FLUXNET 2015 to the global scale in a machine learning algorithm using nadir bidirectional reflectance distribution 
function (BRDF)-adjusted reflectances (NBAR) product as inputs.
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pattern, there is an almost ubiquitous increase in GPP, 
except the Australia and Central Asia in the past two 
decades, with a larger increase especially in south Asia, 
east Asia and other tropical regions and a relatively 
smaller one in the Northern Hemisphere. Meanwhile, 
the inter-product discrepancy in GPP trends becomes 
larger in South America and Africa, with MODIS- 
based trends being almost twice as large as those 
from GOSIF and BESS (Breathing Earth System 
Simulator-based GPP) (Figure 2). Such divergence in 
GPP trend reflects how the fertilization effect of rising 
CO2 and the impact of environmental stress (e.g. 
atmospheric vapor pressure deficit) on plant physiol-
ogy was considered in the satellite-derived product.

3.2. Carbon fluxes due to anthropogenic and 
natural disturbances

Land-use change and increasing natural disturbances 
such as wildland fires and insects are important 
processes that generally reduce net biome uptake. 
First, human land use and management represent 
important anthropogenic disturbances to terrestrial 
ecosystems. Deforestation followed by conversion to 
croplands, converting grassland to cropland, peat-
land draining and burning, and forest harvest, on 
one hand, release carbon stored in biomass and soil 
into the atmosphere (Houghton 2012; Poeplau et al.  
2011). On the other hand, active afforestation, 

cropland abandonment and forest regrowth follow-
ing harvest contributes to carbon sink (Chazdon 
et al. 2016; Deng et al. 2014).

Historically, since 1850 both tropical and non- 
tropical regions have been losing forest being con-
verted to agricultural land until about 1950s, when 
forest loss was reversed in non-tropical regions 
(mainly northern hemisphere) whereas forest loss 
kept accelerating in non-tropical regions (Houghton 
and Nassikas 2017). For 2001–2020, forest loss was 
mainly found in Africa, Southeast Asia and Latin 
America (including Democratic Republic of the 
Congo, Indonesia, and Brazil), whereas forest recovery 
was found in northern extra-tropics including Europe, 
USA and China (Grassi et al. 2023).

Globally, the net effect of historical land use and 
land use change was a carbon source of 1.2 ± 0.7 Pg 
C yr−1 for the most recent decade of 2012–2021 
(Friedlingstein et al. 2022). The cumulative emissions 
from land use change for 1850–2022 reached 206 ± 60 
PgC, accounting for 30% of the total anthropogenic 
emissions (Friedlingstein et al. 2022). About 80% of 
the cumulative emissions come from agricultural 
expansion at a cost of forest and natural grasslands, 
with the remaining mainly coming from industrial 
and fuel wood extraction. Regionally, emissions 
mainly come from tropical Africa, Latin America and 
South and Southeast Asia, whereas carbon uptakes by 
land use change are found in North America, Europe, 

Figure 3. The comparison of terrestrial carbon fluxes among satellite derivation, model simulations and inventory-based approach 
at both regional and global scales. GPP and NBP are gross primary productivity and net biome productivity, respectively, and Dflux 
represents carbon fluxes associated with wildfire disturbance and land-use change. The GPP and NBP in black represents the 
satellite-based estimates during periods 2000–2022 and 2015–2020, respectively. The NBP in gray stems from the latest 
comprehensive bottom-up carbon accounting approach and this value is calculated as the sum of inventory-based carbon 
stock changes and lateral carbon fluxes (crop and wood trade, and riverine-carbon export to the ocean) during the period 2000– 
2009. The model-based GPP and NBP during the period 2010–2018 are derived from TRENDY model simulations under S3 
simulation scenario (with time-varying climate, CO2 concentration and land-use).
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former Soviet Union countries, and China (Houghton 
and Nassikas, 2017).

Second, wildland fire is a widespread disturbance 
form spanning across different ecosystems on Earth 
including forests, grasslands, and croplands (Giglio 
et al. 2018). Remote sensing-based burned area pro-
vides the fundamental data needed for a bottom-up 
quantification of global and regional fire carbon emis-
sions (Chuvieco et al. 2016; van der Werf et al. 2017; 
Ramo et al. 2021). The mainstream burned area data-
sets for global application have medium spatial resolu-
tion ranging from 250 m to 500 m (Giglio et al. 2018; 
Lizundia-Loiola et al. 2020). The global total burned 
area according to the state-of-the-art medium- 
resolution products range between 345 Mha yr−1 

(1Mha = 106 ha) and 468 Mha yr−1 for 2002–2012 
(Hantson et al. 2020). Ninety percent of the burned 
areas are found in the tropics of 30ºS–30ºN being 
dominated by savanna vegetation (76% of the global 
total), with the remaining mainly being found in 
Eurasian grassland and cropland, and temperate and 
boreal forests. Of the savanna fires, 84% are contrib-
uted by African savanna, 11% by Australian savanna 
and 5% by American savanna. Cropland fires account 
for about 10% of the total global burned area.

Global wildland fires emit on average 2.2 ± 0.3 Pg 
C per year (with the uncertainty calculated as the 
standard deviation over time) into the atmosphere 
during 1997–2016 according to the most widely used 
GFED4s dataset (van der Werf et al., 2017). Similar to 
the dominance by the tropics in burned area, 84% of 
global fire carbon emissions have an origin in the 
tropical region between 23.5ºN and 23.5ºS, and 62% 
come from tropical savannas (van der Werf et al.,  
2017). Fire emissions associated with tropical defor-
estation reached about 0.3 PgC yr−1, with additional 
emissions of 0.07 PgC yr−1 from peatland burning in 
Southeast Asia. Temperate and boreal forests collec-
tively contribute about 10% of the global fire carbon 
emissions, and cropland fires contribute about 6%.

3.3. Global and regional net biome production

The use of a top-down atmospheric inversion method 
combined with satellite-derived column-integrated 
CO2 retrievals could reveal new information about 
carbon cycle in a global coverage. Here, we used 
inverted net carbon exchange from OCO-2 Multi- 
model Intercomparison Project (https://gml.noaa. 
gov/ccgg/OCO2_v10mip/index.php), wherein 14 
models conducted experiments assimilating OCO-2 
column-averaged dry-air mole fraction (XCO2) retrie-
vals (2015–2020) (Byrne et al. 2023; Yang et al. 2023). 
The magnitude and uncertainties of inversion-based 
estimates of net biome productivity during 2015–2020 
were shown at both global and regional scales 
(Figure 3). At the global scale, terrestrial ecosystems 

are a strong sink of 2.28 ± 1.12 PgC yr−1 during the 
period 2015–2020.

The contributions of each region to global NBP 
differ in magnitude. The extra-tropics in both hemi-
spheres are carbon sinks (3.02 ± 0.88 Pg C yr−1), while 
the tropics is a carbon source (0.89 ± 0.44 Pg C yr−1). 
Due to the mixing of atmosphere and the nature of 
XCO2 that integrates air coming from various regions 
throughout the atmospheric column, the consistency 
among different inversion models decreases with the 
spatial scales (Crowell et al. 2019; Peiro et al. 2022). In 
particular, there are considerable uncertainties in esti-
mate of CO2 fluxes over Southern Tropical South 
America (0.04 ± 0.24 PgC yr−1), Southern Tropical 
Africa (−0.10 ± 0.16 PgC yr−1) and Eurasia 
Temperate (−0.47 ± 0.63 PgC yr−1) (Figure 3). 
Estimates of country-level flux generally agree among 
models for well-sampled large extratropical countries 
(e.g. USA, −0.45 ± 0.16 Pg C yr−1; Russia, −0.68 ± 0.18 
Pg C yr−1), but not for mid-sized countries (e.g. 
Australia, −0.11 ± 0.12 Pg C yr−1; Spain, −0.03 ± 0.02 
Pg C yr−1) and frequently cloudy countries (e.g. China: 
−0.58 ± 0.45 PgC yr−1; India: −0.17 ± 0.11 PgC yr−1) 
(Schuh et al. 2022; Wang et al. 2022).

We further compared satellite-based inverted esti-
mates (2015–2020) to the latest comprehensive 
inventory-based estimate (2000–2009) and process- 
based model simulations (2010–2018) by splitting the 
globe into ten different regions (Figure 3). Note that 
the use of different periods complicated the NBP 
comparison, while its impact on the result was 
expected to be small. To be properly compared with 
the inverted estimate of NBP, we used inventory 
estimates of carbon stock change by including lateral 
carbon fluxes from crop and wood trade and river-
ine-carbon export to the ocean during the period 
2000–2009 (Ciais et al. 2022). The global inverted 
NBP is generally consistent with inventory-based 
approach, but is twice as large as that from 
TRENDY models under S3 simulation scenario with 
timing-varying climate, CO2 and land use. The dis-
crepancy between atmospheric inversion and model 
simulations would partly arise from the poor process 
representation of carbon fluxes associated with dis-
turbance especially land-use changes in models. This 
also explained why the net terrestrial carbon balance 
updated annually by Global Carbon Project was cal-
culated as the sum of NBP from TRENDY models 
using S2 simulations (with time-varying climate and 
CO2 but constant land use) and land use-induced net 
CO2 emissions from bookkeeping models. The satel-
lite-based atmospheric inversion agreed with inven-
tory-based approach that the largest carbon sink 
occurred in North America and Russia, but disagreed 
that Africa was a large carbon source (Figure 3).

In addition, the satellite-based inversions by assim-
ilating XCO2 retrievals hold the potential to reveal the 
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impact of extreme events on land carbon fluxes 
anomalies. During 2015–2016 El Niño events, the 
global carbon sink was reduced by ~ 1 PgC year−1 

based on satellite-based inversions by assimilating 
GOSAT and OCO-2 XCO2 measurements (Crowell 
et al. 2019; Palmer and Ruhi 2019). At the regional 
scale, the satellite-based inversions detected 
a reduction of carbon sink in Europe in 2012 (ranges 
between −112 and 170 TgC yr−1) and 2015 (ranges 
between −92 and 218 TgC yr−1) due to drought con-
ditions. In contrast, inversions assimilating observa-
tions from the European network of surface stations 
did not capture the carbon sink reduction in 2015 (W. 
He et al. 2023)highlighting the usefulness of remote 
sensing in monitoring the dynamics of CO2 fluxes.

3.4. A summary of terrestrial carbon balance

By synthesizing satellite-based estimates of GPP, NPP 
(MODIS), disturbance-associated carbon fluxes and 
NBP, we have listed all component fluxes of terrestrial 
carbon balance at both regional and global scales 
(Table 1). First, by summing up disturbance- 
associated carbon fluxes, lateral carbon fluxes (crop 
and wood trade, and riverine-carbon export to the 
ocean) (Ciais et al. 2022) and NBP, the global net 
ecosystem productivity (NEP) due to climate change, 
rising CO2 and other factors such as nitrogen deposi-
tion amounts to the sink of CO2 of ~ 6.81 PgC year−1.

Second, since there were no direct satellite observa-
tions of respiration fluxes, ecosystem respiration was 
calculated as a residual between satellite-derived GPP, 
NBP, disturbance-associated fluxes (Figure 3) and lat-
eral carbon fluxes (Ciais et al. 2022). The NPP from 
MODIS data, which is combined with inferred ecosys-
tem respiration, was further adopted to estimate soil 
microbial respiration at both regional and global 
scales. The inferred ecosystem respiration (127.3 PgC 
yr−1) is higher than that from data-driven empirical 
models using global eddy covariance flux measure-
ments (95 to 114 PgC yr−1) (Yu et al. 2022) but con-
sistent with process-based model simulations (136 ±  

37 PgC yr−1) (Li et al. 2018). In addition, the inferred 
global soil microbial respiration (57.1 PgC yr−1) was 
also higher than that (33–46 PgC yr−1) estimated using 
the inventory-based approach (Ciais et al. 2022).

Third, according to calculated carbon flux compo-
nents, we could infer that global ecosystem carbon use 
efficiency (CUEe; ratio of NEP to GPP) is ~ 5.1%, with 
relatively high ones in the Northern Hemisphere espe-
cially East Asia (~9.4%) and Russia (~9.1%), but rela-
tively low ones in tropical region such as Africa 
(~3.1%) and South America (~4.1%) (Table 1). The 
highest CUEe in East Asia could be associated with 
intensive reforestation and afforestation practices in 
southern China (Forest management in southern 
China generates short term extensive carbon seques-
tration), leading to greater carbon sequestration capa-
cities. The lower CUEe in hot tropical regions would 
suggest enhanced respiration losses due to a warming- 
induced acceleration of decomposition, resulting in 
less efficient carbon storage in ecosystems. 
Furthermore, disturbance-induced carbon emissions 
have offset ~ 60%, ~88% and ~ 172% of net ecosystem 
productivity due to climate change and rising CO2 
concentration in South America, Southeast Asia, and 
Africa (Table 1), respectively, highlighting the impor-
tance role of disturbance in regulating tropical carbon 
balance.

4. Key questions

Our synthesis of satellite-derived estimates of main 
carbon flux components are subjected to great uncer-
tainties. Although the estimate of GPP is converging at 
the global scale among different data sources (Figures 
2 and 3), there is relatively low confidence in the 
estimate of regional GPP and its long-term trend, 
especially in tropical forests and semi-arid regions. 
This is mainly due to missing or under- 
parameterized processes, such as climate-induced 
physiological adjustments and CO2 fertilization effect, 
in the current satellite-based framework to 
retrieve GPP.

Table 1. The main flux components of global and regional carbon balance. Note that only GPP, NPP, disturbance flux and NBP are 
remotely sensed. Other components such as soil and ecosystem respiration, and NEP are deduced from remotely sensed fluxes. 
Negative sign indicates a carbon source. The time periods used to obtain GPP, disturbance flux and NBP are 2000–2022, 2012–2021 
and 2015–2020, respectively.

Region

Main flux component (PgC yr−1)

Area 
(million km2)GPP

MODIS 
NPP Disturbance NBP NEP

Soil 
respiration

Ecosystem 
respiration

Disturbance/NEP 
(%)

NEP/GPP 
(%)

Europe 6.7 ± 0.7 3.9 0.08 0.42 ± 0.17 0.27 −3.6 −6.4 30.2 4.0 5.19
Russia 11.2 ± 1.3 6.1 −0.12 0.72 ± 0.2 1.01 −5.1 −10.2 −12.0 9.1 17.02
East Asia 8.9 ± 1.1 4.6 −0.11 0.7 ± 0.55 0.84 −3.8 −8.1 −13.3 9.4 11.61
South Asia 4.7 ± 1.0 1.7 −0.09 0.17 ± 0.12 0.41 −1.3 −4.3 −22.7 8.7 4.49
Southeast Asia 14.9 ± 2.7 6.0 −0.66 −0.1 ± 0.15 0.76 −5.2 −14.1 −87.8 5.1 4.5
Africa 27.8 ± 3.0 12.5 −1.48 −0.69 ± 0.41 0.86 −11.6 −26.9 −172.1 3.1 29.63
North America 19.7 ± 2.1 10.2 −0.16 0.64 ± 0.27 0.95 −9.2 −18.7 −16.8 4.8 22
South America 35.2 ± 3.9 15.9 −0.86 0.32 ± 0.44 1.44 −14.5 −33.8 −59.3 4.1 17.9
Australia 5.0 ± 0.6 3.0 −0.14 0.12 ± 0.13 0.28 −2.7 −4.7 −51.4 5.5 7.7
Globe 134.1 ± 14.0 63.9 −3.55 2.28 ± 1.12 6.81 −57.1 −127.3 −52.1 5.1 120.04
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In comparison to the latest comprehensive bot-
tom-up carbon budget accounting at both regional 
and global scales (Ciais et al. 2022), the satellite- 
based inversion is relatively robust in the estimate 
of carbon budget, especially at the global scale. 
While the satellite-based inversions still have 
a relatively large inter-model spread and its multi- 
model ensemble mean also largely deviated from the 
previous inventory-based estimate in some regions 
such as Africa and Southeast Asia (Figure 3), high-
lighting the necessity to reduce manifold sources of 
uncertainties such as in inversion schemes and 
atmospheric transport models (Baker et al. 2006; 
Gurney et al. 2016).

Furthermore, we realized that NBP simulations 
from process-based models have a large deviation 
from satellite derivations and the bottom-up approach 
at both regional and global scale (Figure 3). One 
source of model uncertainties arises from poor para-
meterizations of the partitioning of the photosynthetic 
products into different functional carbon pools, and 
carbon residence time in both biomass and soils 
(Friend et al. 2014; He et al. 2016). Another major 
source of these model uncertainties would arise from 
underrepresentation of processes or mechanisms 
which determine ecosystem responses and recovery 
after natural (e.g. fires, climatic extremes) and 
human disturbances (e.g. land-use change, land man-
agement). Although an integration of satellite obser-
vations with emission and removal factors can help 
determining carbon fluxes associated with the main 
disturbance types such as wildfires and land-use 
change (Figure 3), these numbers are prone to large 
uncertainties due to an incomplete satellite mapping 
of different types of disturbances (e.g. abiotic factors 
such as insect outbreak) or a poor understanding of 
processes such as the burning of soil carbon pools in 
the calculation of gross carbon emissions. It is then 
a highly necessity to improve satellite-based estimates 
of disturbance-associated carbon fluxes and their dri-
vers, and improve them in the next generation of 
process-based models. There are also inaccuracies in 
atmospheric transport models that could lead to 
notorious uncertainties in top-down estimates of 
regional carbon sources and sinks (Schuh et al.  
2019). These deficiencies were also responsible for an 
inconsistent estimate of main terrestrial carbon fluxes 
between satellite-based inversion and process-based 
model simulations. In addition to resolving these 
model discrepancies, we also needed to address the 
large inconsistencies of terrestrial carbon fluxes such 
as primary productivity and respiration among differ-
ent sources of observation-based datasets (Jian 
et al. 2022), since these datasets are crucial to the 
development and parameterization of specific model 
processes. Based on our data synthesis, we have iden-
tified several knowledge gaps that require further 

research in the field of remotely sensed terrestrial 
carbon fluxes.  

Q1: How to incorporate physiological effects to 
improve confidence in detection of long-term change 
in GPP?

Terrestrial photosynthesis is increasing with elevated 
atmospheric CO2 concentrations (Fatichi et al. 2016; 
Zhu et al. 2016) but decreased with physiological stress 
such as drought and heat (Qiao and Xia 2024; Stocker 
et al. 2019). Traditional reflectance-based photosynth-
esis products typically combined satellite-derived 
canopy changes (such as leaf area index and 
Normalized difference vegetation index) with empiri-
cal parameterizations of the effects of climatic stress 
and increasing CO2 concentrations on photosynthesis 
to estimate GPP.

While, climatic stress such as drought and heat 
could provoke changes in plant physiology without 
affecting canopy structure (Stocker et al. 2018). Such 
physiological climatic stress-induced reduction in 
GPP was then not be captured by traditional reflec-
tance-based GPP products. SIF, which is a direct mea-
sure of light re-emitted from chlorophyll during the 
light reactions of photosynthesis, is not only driven by 
chlorophyll absorbed PAR, but also contains informa-
tion on subsequent energy partitioning which is 
directly regulated by plant physiological stress 
(Kimm et al. 2021). SIF then integrates both structural 
and physiological processes of a vegetation canopy, 
and provides an instantaneous measure of individual 
or compound influence of climatic stress on photo-
synthesis. Looking forward, OCO-3 onboard the 
International Space Station (ISS) provided diurnal 
SIF observations, a timescale when physiological stress 
decouples from structure and biochemical changes. 
These diurnal SIF observations could help separate 
individual components of climatic stress on structural 
and physiological processes, which could be coupled at 
the relatively coarse temporal resolution such as 
month (Magney, Barnes, and Yang 2020).

Although the use of SIF would be effective in repre-
senting climatic stress on photosynthesis, only relying 
on the combination of SIF and reflectance-based 
indices (LAI and/or fAPAR) to track GPP could not 
fully account for the CO2 fertilization effect on photo-
synthesis. Increases in atmospheric CO2 concentration 
could stimulate photosynthetic uptake via the two 
direct physiological pathways: enhancing light use effi-
ciency (LUE, changes in photosynthesis per unit light 
absorbed) and water use efficiency (WUE, changes in 
photosynthesis per unit water loss through transpira-
tion), and one direct pathway: increasing LAI and then 
fAPAR. The combined use of reflectance-based canopy 
changes (LAI or fAPAR) with SIF, which can be utilized 
to constrain LUE, and thermal infrared-derived land 
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surface temperature, which can estimate transpiration 
and provide a constraint on WUE, has the potential to 
fully capture photosynthesis due to the rising CO2 
(Smith et al. 2019).  

Q2: Could satellite data tell us whether climate 
change induced an enhanced tree mortality?

Accumulating evidence suggested that climatic 
extremes such as drought and heatwaves could lead 
to tree mortality that is defined as “the point of no 
return” for functioning for the whole-plant, including 
the loss of living tissues and failure of the hydraulic 
structure to conduct water (Anderegg et al. 2015; 
Hartmann et al. 2018). All this knowledge is mostly 
derived from a compilation of reported idiosyncratic 
tree mortality cases (Allen et al. 2010; Allen, Breshears, 
and Mcdowell 2015; Hartmann et al. 2018). These 
ground-truth data stimulated our recognition of inter-
nal physiological pathways such as hydrologic failure 
and carbon starvation in triggering tree mortality 
(Hartmann et al. 2018), but are very limited in offering 
a spatially explicit characterization of spatiotemporal 
trends in tree mortality rates, because of their geogra-
phical observational bias and non-regular update. 
Although a few hundred ground-based plots were 
recently upscaled to continental-scale domain using 
climatic drivers (Yu et al. 2022), these extrapolations 
must be evaluated with due rigor until studies can 
demonstrate that these mortality events are climate- 
driven and adequately sampled across the domain 
(Chambers et al. 2009).

How tree mortality rates are linked to climate 
change vary across ecosystems and across the globe 
and therefore remains elusive. As climate warms, com-
pared to trees in high latitudes, trees in low latitudes 
such as tropics live very close to their thermal optima 
(Huang et al. 2019), and would potentially face greater 
mortality risks in a hotter future with an occurrence of 
drought due to more frequent El Niño events. On the 
other hand, tropical forests have more diverse in spe-
cies composition than other forests, and could then 
enhance forest resistance to climatic extremes via 
complementarity effect among species (Liu et al.  
2022). Without long-term monitoring, we could not 
quantify deviations from normal background mortal-
ity rates and determine the extent to which climate 
change has affected the size and number of tree mor-
tality events. In addition to quantifying the cross- 
biome pattern of mortality excess to climate change, 
how vegetation recovered in the mortality gap remains 
unquantified. Bridging this knowledge gap will help 
accurately estimating the role of tree mortality in the 
evolution of regional carbon balance, particularly in 
temperate and tropical regions.

To resolve these scientific concerns, a frequently 
updated global tree mortality event map is a highly 

necessity. The remote sensing with time series of ima-
gery provides a promising avenue, due to their capa-
cities to provide repeated observations over large areas 
at a higher temporal resolution and lower cost than 
terrestrial surveys. However, traditional satellite data, 
often at a low data resolution, are still insufficient for 
detecting small-scale tree mortality (e.g. less than 0.1  
ha) with its occurrence orders of magnitude higher 
than that of larger-scale mortality (Espírito-Santo et al.  
2014). Although the multi-temporal data from very 
high-resolution satellites such as the 0.7-m resolution 
QuickBird have been used to measure tree death rates 
in the tropical rainforests (Clark et al. 2004), they are 
often fraught with sun-geometry errors. The emerging 
satellite techniques such as repeated small-footprint 
airborne lidar acquisitions were recently demon-
strated to hold a great promise to track the demogra-
phy of millions of trees over a vast area (Dalagnol et al.  
2021; Huertas et al. 2022). Such multi-temporal Light 
Detection and Ranging (LiDAR) onboard upcoming 
satellites has the potential to detect structural or com-
positional changes of forests and well separate the 
signal of overstory tree mortality from understory 
greening in response to canopy opening.  

Q3: How to develop a satellite-based framework to 
constrain belowground carbon dynamics?

While temperature is a strong driver of respiration, 
previous studies generally developed a statistical 
model of in situ measured respiration rates to land 
surface temperature, soil moisture and vegetation 
growth as a proxy of soil carbon inputs across sites 
and years, and then combined this statistical-based 
approach with different sources of satellite observa-
tions to provide a temporally consistent and spatially 
explicit map of ecosystem respiration (Tang et al.  
2020). But such empirical-deduced respiration rates 
from satellite observations was questioned because 
the land surface temperature is not an exact measure 
of soil temperature but the radiative skin temperature 
of the land derived from infrared radiation (J. Xiao 
et al. 2019).

The retrieval of nighttime XCO2 from emerging 
satellites, such as the Atmospheric Environmental 
Monitoring Satellite (AEMS) carrying an Aerosol 
and Carbon Detection Lidar (ACDL) instrument 
launched by China in April 2022, would potentially 
provide a direct observational constraint on the night-
time CO2 fluxes or respiration. We could derive day-
time respiration from nighttime respiration by 
assuming that the responses of respiration to tempera-
ture and other biotic and abiotic drivers behaves simi-
larly during day and night. Specifically, we estimated 
daytime respiration using machine learning algo-
rithms that link satellite-constrained nighttime 
respiration with temperature and other biotic and 
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abiotic drivers, as attempted by eddy covariance CO2 
flux partitioning algorithms that disentangle net CO2 
fluxes into component fluxes of photosynthesis and 
respiration (Reichstein et al. 2005).  

Q4: How to clearly separate biospheric CO2 fluxes 
from anthropogenic CO2 emissions in satellite-based 
atmospheric inversions?

The atmospheric inversions generally assumed that 
fossil fuel CO2 emissions have zero uncertainty. But 
estimates of fossil fuel CO2 emissions at both city and 
national scales would be subjected to systematic biases 
due to different input inventory data, inconsistency of 
CO2 emission factors for fuels used in greenhouse gas 
inventories (Liu et al. 2015), and the use of distinct 
system boundaries in describing emissions (including 
or not cement manufacturing and nonenergy products) 
(Ciais et al. 2010), especially for developing countries 
(Andres, Boden, and Higdon 2014). These biases would 
then propagate into the estimate of terrestrial CO2 
fluxes in satellite-driven CO2 atmospheric inversions 
(e.g. Saeki and Patra 2017), since the spatiotemporal 
gradient of XCO2 contains signals of CO2 fluxes from 
both natural and anthropogenic origins.

Currently, the inventories of fossil fuel CO2 emis-
sions are largely under-constrained by independent 
observations, and these uncertainties would then 
restrict our precise understanding of natural carbon 
cycle through atmospheric inversion. While the OCO- 
2 and OCO-3 satellites showed the potential value to 
estimate fossil fuel emissions from individual large fos-
sil fuel power plants or cities occasionally (Nassar et al.  
2017, 2021; Reuter et al. 2019), these existing missions 
were not specifically for anthropogenic CO2 emissions 
monitoring, and the number of revisits were still not 
enough to constrain worldwide anthropogenic CO2 
emissions within a desired uncertainty. Some planned 
missions are going to explore new observing strategies 
to improve the coverage and resolution of XCO2 obser-
vations, in order to separate XCO2 signals from natural 
fluxes and fossil fuel emissions. These new-term efforts 
include the MicroCarb mission led by the French Space 
agency/Centre National d’Études Spatiales, 
a constellation of three satellites of the Copernicus 
Anthropogenic Carbon Dioxide Monitoring (CO2M) 
mission led by the ESA and the European Commission 
and the GOSAT-GW mission led by the National 
Institute for Environmental Studies, as well as the 
AEMS-2 and TanSat-2 missions being discussed by 
China.

In addition, accurate measurements of naturally 
occurring radioisotope (14C) from air samples, which 
reflects the contribution from carbon in fossil fuels 
and cement manufacturing completely devoid of 14C, 
could help disentangling fossil fuel combustion from 
natural sources and sinks by combining them with 

atmospheric transport models. The measurements of 
atmospheric14C have been considered as an indepen-
dent and objective approach to evaluate emission 
inventories. The radiocarbon measurements in surface 
CO2 observations have been widely adopted by the 
United States to reduce uncertainties on regional fos-
sil-fuel CO2 emissions at national (Basu et al. 2020) 
and city scales (Miller et al. 2020). In addition, the 
Integrated Carbon Observation System (ICOS) of 
Europe is also setting up a dense network of dozens 
of surface stations measuring 14C in atmospheric CO2. 
The complementary constraints on fossil fuel CO2 
emissions from both surface and satellite observations 
will improve the application of atmospheric inversions 
in accurately estimate natural CO2 fluxes.  

Q5: How to advance satellite-based mapping of eco-
system disturbances to better quantify their impacts 
on carbon balance?

Great uncertainties remained in global and regional 
land use changes over the past decades and the uncer-
tainty was even larger when coming back further into 
the past. A key source of confusion is that different 
products use different classification systems, making it 
difficult to compare them and use these products in 
vegetation models. Previous studies show that land 
management can have similar impacts on surface tem-
perature than land use change (Luyssaert et al. 2014), 
but land management information is still lacking in 
most remote sensing products. For example, to date, 
there is no publicly available product on the distribu-
tion of different cropland types and their associated 
management. Hence, one of the key future improve-
ments in land cover mapping is to develop long-term 
land cover products with management information 
and with a harmonized classification system.

In addition, current medium-resolution burned area 
datasets with a global coverage are known to very likely 
underestimate burned area (Boschetti et al. 2019, RSE). 
For example, a recent analysis used Sentinel-2 images to 
show that MODIS-based 500 m data can underestimate 
burned area in Sub-Saharan by up to 80% (Ramo et al.  
2021, PNAS). Increasing the spatial resolution of 
burned area products thus represents an important 
direction in the future to improve estimating both 
burned area and fire carbon emissions. On the other 
hand, the need for burned area data of long-term tem-
poral coverage has long been stressed by the carbon 
cycle modeling community (Mouillot et al. 2014). The 
gridded burned area data with a global coverage now 
can date back as early as 1982 but with a coarse resolu-
tion of 0.05º (Otón et al. 2021).

Besides wildfires and land-use changes, abiotic 
agents (including insects), wind storms, snow storms 
are examples of other forms of disturbances that influ-
ence the forest carbon cycle. Future climate change is 
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expected to increase the frequency and extent of these 
disturbances and the interactions among them 
(Anderegg et al. 2020). However, mapping the spatial 
and temporal distribution of these disturbances using 
remote sensing at a regional scale is still rudimentary, 
and has not yet been realized at a global scale. 
Although forest cover loss and forest disturbance 
mapping have been available for global (Hansen 
et al. 2013) and regional scales such as the USA 
(Zhao et al. 2018) and Canada (White et al. 2017), 
attributing forest disturbance into different agents 
lagged behind. In particular, identifying sporadic and 
partial forest loss due to drought, wind and insect 
disturbances is challenging, with only case studies for 
specific regions being reported (Senf et al. 2020). 
Hence, remote sensing capacity needs to be expanded 
in the future to provide temporally-consistent and 
spatially-explicit mapping for all key forest distur-
bances to allow monitoring of their carbon effects.  

Q6: How do we monitor directly more accurately 
carbon emissions from fires?

Current estimates of fire-induced carbon emissions 
are often carbon losses resulting from the burning of 
aboveground biomass or litter (Randerson et al. 2012). 
However, fires could also penetrate into the carbon- 
rich soil organic layers, leading to considerable carbon 
emissions, especially in tropical and boreal peatlands 
(Page et al. 2002; Walker et al. 2020). As peatland fires 
predominantly burn underground, their detection 
through satellites is challenging, and is complicated 
by the presence of thick smoke plumes that further 
hampers effective monitoring. Although the IPCC 
guidelines offer combustion coefficients to estimate 
CO2 emissions from peatland fires (Hiraishi et al.  
2014), these parameters would have been affected by 
environmental conditions such as soil moisture con-
ditions and then have a large spatio-temporal varia-
tion (Heil and Silva Bueno 2007; Rodriguez Vasquez 
et al. 2021). Consequently, despite employing satellite- 
based burned area products and experienced equa-
tions, accurately estimating carbon emissions from 
peatland fires remains challenging to date.

An alternative and potent approach to quantify 
fire-induced carbon emissions involves utilizing satel-
lite observations of atmospheric carbon monoxide 
(CO) (Liu et al. 2013). For example, data from the 
Measurements of Pollution in the Troposphere instru-
ment (MOPITT) (Deeter et al. 2019) can be leveraged 
for this purpose. CO that is emitted alongside CO2 
during fires, could serve as a crucial tracer for fire 
combustion. By employing CO2-to-CO combustion 
ratios, it becomes feasible to use satellite-based fire 
CO emissions to infer fire-induced CO2 emissions 
(Zheng et al. 2021). This method offers the opportu-
nity to estimate CO2 emissions resulting from both 

vegetation biomass burning and the burning of soil 
organic layers.  

Q7: How satellite observations could be used to 
develop a satellite-informed model for near-term pre-
diction and long-term projection of carbon balance?

Although we are now in a golden age of observing 
global carbon cycle from various satellite instruments, 
near-term prediction (nowcasting and forecasting) 
and long-term projection of terrestrial carbon balance 
still relied on process-based models, which show dis-
agreements due to great uncertainties in model struc-
ture and process description. Combining satellite 
imagery with machine learning could be used in pre-
diction tasks, but this black-box nature of data-driven 
predictions generally lacks physical constraints (such 
as energy and water conservations), and could not 
offer reasonable extrapolation outside the range of 
training conditions (Reichstein et al. 2019). 
Developing a satellite-informed physical-based model 
to improve projections of carbon cycle evolution is 
therefore necessary.

In the classical model-data integration framework, 
satellite observations were commonly used to either 
constrain the model’s initial state or optimize para-
meters associated with carbon cycling processes. In 
terms of constraining the model’s initial state, the flow 
of carbon among pools is strongly affected by state 
variables, and nudging modeled state variables such as 
carbon stock toward satellite observations at a certain 
point in time and space in process-based models would 
increase the simulation accuracy of evolution in carbon 
fluxes. Such a nudging technique needed a more accu-
rate and robust estimate of ecosystem state variables 
such as aboveground biomass and soil carbon stock. 
But current optically-based estimates have a tendency 
to underestimate biomass stock in dense humid forest 
but overestimate it in sparsely-vegetated ones (Braghiere 
et al. 2020). The space-borne LiDAR, a laser-based 
remote sensing technology, provides three-dimensional 
data on vegetation structure e.g. vegetation height, 
canopy density, and vertical distribution, which enables 
precise estimation of biomass (Reichstein et al. 2019). In 
contrast, the satellite-based estimate of soil carbon stock 
is still in fancy, and studies are emerging to estimate 
surface soil carbon stock in tundra using backscatter 
values from synthetic aperture radar in C-band that 
relates to soil properties especially under frozen condi-
tions (Bartsch et al. 2016).

In terms of optimization of model parameters, the 
common approach is to use satellite-derived estimates 
of vegetation properties such as leaf area index, the 
fraction of absorbed photosynthetically active radiation, 
and sun-induced fluorescence (Bacour et al. 2015; 
Forkel et al. 2019; MacBean et al. 2015; Migliavacca 
et al. 2009) to constrain parameters associated with 
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photosynthesis, phenology, carbon turnover rate and 
carbon allocation controlling carbon fluxes. While, 
before any model-data comparison can take place, 
some form of transformation is required to match the 
raw quantities observed by satellites (e.g. spectral radi-
ance) with the model ones of interest e.g. through 
radiative transfer processes (Kaminski and Mathieu  
2017). The models should then be reformulated so 
that reflectance and fluorescence spectra that the sen-
sors can detect can directly fly into process-based mod-
els (Kaminski and Mathieu 2017). An example is that 
the Climate Modeling Alliance (CliMA) Land was 
developed to simulate photosynthesis and transpiration 
as well as fluorescence and reflectance spectra using 
a multi-layered canopy radiative transfer scheme 
(Wang et al. 2023). The formulation of this type of 
observation operator that allowed models to access 
spectral reflectance was demonstrated to well constrain 
estimates of carbon consequence of the mortality event 
by comparing simulated spectral output against satellite 
observations (McDowell et al. 2015).

Furthermore, one major source of uncertainties in 
carbon cycle simulations arises from structural uncer-
tainties in ecological and biological processes that are 
not always governed by physical laws. Although the 
purely data-driven models would suffer from the risk 
of naive extrapolation, a hybrid model has been increas-
ingly advocated since it combines process-based mod-
eling with data-driven formulations of complex or 
partly unknown processes (Reichstein et al. 2019). 
A notable example is to predict evapotranspiration 
from a physics-constrained machine learning model, 
where surface resistance in the physics-based Penman- 
Monteith equation was estimated using machine learn-
ing techniques (Zhao et al. 2019). There are other 
important directions in refining carbon cycle models. 
For example, the traditional process-based fire mod-
ules, which estimate the occurrence of fires in a single 
grid cell from fuel load and fuel moisture combined 
with the probability of human- and lightning-caused 
ignitions, were unable to reproduce spatial and inter-
annual variations in burnt area (Hantson et al. 2020). 
Replacing the traditional fire module with a machine 
learning model that link satellite-based burned area 
with local climatic factors (e.g. Bakke et al. 2023) and 
the satellite-based spatial features of fuel moisture and 
load would be promising in accurately predicting fire 
dynamics and their impacts on carbon fluxes.

5. Concluding remarks

Synthesis of satellite-based data suggested that we arrived 
at a global GPP and NBP of similar magnitude as earlier 
estimates. Our comparison of satellite-based results to 
process-based model simulations and inventory-based 
estimates offers compelling and collective support for 
capacities of satellites in monitoring terrestrial carbon 

fluxes at both regional and global scales. While, great 
uncertainties persist in satellite-based monitoring of car-
bon fluxes over particular regions such as tropical forests 
and at the long-term timescale. We have identified sev-
eral knowledge gaps that require continued research, 
including improving a satellite capture of carbon fluxes 
responses to climatic extremes, rising CO2 and distur-
bance regimes, constraining belowground respiration 
processes, and minimizing the impact of human emis-
sions on retrieving natural CO2 fluxes in satellite-based 
atmospheric inversion.

While, resolving these gaps requires an integration 
of different satellite sensors currently in orbit, future 
satellite missions that have enhanced capacities in 
both spatial and temporal domains, with improved 
techniques or mechanistic understandings. For exam-
ple, optical-based satellite observations of tropical eco-
systems are quite challenging due to severe 
contamination of frequent clouds. In addition to the 
use of an improved signal processing techniques, such 
as low-rank tensor completion algorithm (Chu et al.  
2021) to gap fill missing observations, a complement 
approach is to launch geostationary satellites with an 
increase in observation frequency.

Last but not the least, process-based models play 
an indispensable role in attribution of carbon fluxes 
to different drivers (e.g. CO2 fertilization effect, 
nitrogen deposition, human management and cli-
matic extremes), but biological or macroecological 
processes that are always not governed by physical 
laws in current process-based models are largely 
unconstrained by satellite observations. Future work 
needs to develop satellite-informed process under-
standing in models used for robust near-term fore-
cast and long-term prediction of terrestrial carbon 
balance.
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