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Abstract

Sections

Ecosystem-atmosphere exchanges of carbon dioxide (CO,) and water
vapour respond to global environmental changes, such as climate
change, elevated atmospheric CO,, disturbances, and land use change
and management. Understanding these exchanges requires globally
distributed and continuous, long-term ecosystem-scale measurements
spanning diverse climates and ecosystems, as supported by the
development of the eddy covariance (EC) technique. In this Review, we
discuss how the global network of EC sites, led by FLUXNET, has advanced
understanding of terrestrial carbon and water cycling. Since the early
1990s, EC measurements have provided insights into variationsin carbon
and water fluxes across different timescales (half-hourly to decadal),
vegetation types and environmental gradients, and their responses to
global change. Upscaling EC measurements and the resulting datasets have
also enhanced understanding of the magnitude, spatial patterns, seasonal
changes, interannual variability, and trends in carbon sinks and sources,
evapotranspiration, and water-use efficiency in response to global change
atregional to global scales. EC measurements and upscaled data also help
interpret and evaluate satellite-derived products, as well as benchmark
and improve terrestrial biosphere models and Earth system models.
Future efforts should improve network representativeness, foster open
datasharing, provide near real-time measurements, enhance accuracy
of upscaled products and better support climate mitigation efforts.
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Introduction

The exchanges of carbon dioxide (CO,) and water vapour between ter-
restrial ecosystems and the atmosphere vary across diel (or diurnal),
seasonal, annual and decadal timescales. Water and/or heat stress can
cause plants to exhibit midday depression in photosynthesis and tran-
spiration, reducing daily ecosystem carbon uptake and water loss' .
Carbon and water fluxes also shift at longer timescales (seasonal,
annual and decadal) in response to climate variability and change,
elevated atmospheric CO,, disturbance and management, whichin turn
affect the climate. Therefore, high-frequency and long-term measure-
ments are essential for understanding ecosystem-level CO,and water
exchanges. The eddy covariance (EC) technique can continuously meas-
ure ecosystem-level carbon and water fluxes with high frequency (half
hourly or hourly)*?, enabling the characterization of land-atmosphere
carbon and water exchanges for various plant functional types over
diurnal and longer timescales.

The EC technique was first used to measure CO, exchange in the
early 1970s%’, with open-path CO, sensors introduced in the mid-
1980s®’ (Fig. 1). Since their development, EC measurements have
demonstrated that remotely sensed vegetation indices were strongly
correlated with ecosystem carbon exchange in the early 1990s'*"
and have been used to evaluate terrestrial biosphere models in the
mid-1990s'*'* and optimize model parameters in the early 2000s".
Long-term EC records have also supported investigations into how
climate change, rising atmospheric CO, and disturbances shape the
long-term trends in carbon and water fluxes'®" in the late 2000s.

The rapid global growth of EC sites®® in the mid and late 1990s
led to the establishment of regional EC networks and the FLUXNET*—
the global network of EC flux measurement sites (Supplementary
Note1). Before these networks, data were collected independently at
individual sites, often processed differently and not broadly shared,
whichlimited accessibility and comparability. The coordination of EC
dataacross regions and the globe — through standardization, integra-
tionand opensharing of data, training of site personnel, and fostering
dialogue between data providers and users — has enabled cross-site
comparisons and synthesis of biosphere carbon and water fluxes across
ecological and climatic gradients, disturbances and experimental
manipulations” . Indeed, since its founding, FLUXNET has released
three databases (Marconi 2000, La Thuile 2007 and FLUXNET2015
(2015))* (Fig. 1), with increasing quality, data variety and number of
site-years. For example, aglobal synthesis revealed that old-growth for-
ests, evenup to400 yearsold, can continue to sequester carbon, chal-
lenging the long-standing view that they are carbon neutral®. EC data
have also been upscaled to regional and global fluxes using machine
learning approaches® 2, enabling broad-scale assessments of carbon
and water cycles, interpretation and evaluation of satellite-derived
products, and benchmarking and improvement of terrestrial biosphere
models and Earth system models.

Since the late 2010s, the availability of additional EC flux measure-
ments, more advanced diagnostic, attribution and upscaling methods,
powerful computational platforms such as cloud computing, and
emerging satellite observations have facilitated research and applica-
tions drivenby EC flux data. However, no study has thoroughly reviewed
how EC datahave advanced terrestrial carbon and water cycle research
from the ecosystem to the global scale. Ecosystem-level carbon and
water cycling”? or upscaling methods**° have been reviewed; how-
ever, despite these contributions (Supplementary Fig. 1), there has
been no overview or synthesis of the role of EC data in progressing
understanding of carbon and water cycling at regional to global scales.

Inthis Review, we examine how EC measurements and the global
flux network have contributed to terrestrial carbon and water cycle
research. We discuss how EC measurements and upscaled data have
advanced understanding of carbon and water cycling. We also review
flux upscaling methods, EC data limitations and uncertainties; how
these data support the evaluation of satellite-derived products and
model development; and recommend ways to enhance networks,
improve data sharing and refine upscaled products to better support
future applications.

Diel to annual carbon and water cycling

Carbon and water flux measurements derived from the EC technique
(Box 1) have greatly advanced understanding of ecosystem-level car-
bon and water cycling””' by supporting the formulation and testing
of hypotheses, addressing fundamental science questions, enabling
synthesis and facilitating exploratory analyses. This section dis-
cusses what EC measurements have revealed about diel and seasonal
variations and annual fluxes.

Diel variations

TheECtechniqueis capable of continuously measuring ecosystem-level
carbon and water fluxes at half hourly (or hourly) intervals for various
plant functional types, enabling characterization of land-atmosphere
exchanges over diel to longer timescales. For instance, EC measure-
ments have uniquely revealed how carbon and water fluxes at the
ecosystem scale vary over the course of the diel cycle in response to
environmental conditions** (Fig. 2a). Gross primary production (GPP)
and evapotranspiration (ET) generally exhibit diel patterns that closely
follow the course of photosynthetically active radiation (PAR), with peak
fluxes occurring near midday**. These patterns are also influenced by
air temperature, soil moisture and vapour pressure deficit (VPD), and
regulated by stomatal conductance®. Both GPP and net carbon uptake
increase with PAR, eventually reaching a plateau at the light saturation
point®. Moreover, plants often show larger responses to PAR in the
morning than in the afternoon at a given light intensity*. Therefore,
GPPand ET can exhibit hysteresisin their responses to environmental
variables, especially light***.

Fig.1|Evolution of the global network of EC flux sites. a, Milestones for the
global flux network, FLUXNET. b, The distribution of the eddy covariance (EC) sites
included in the Marconi database (2000). The base map is the Moderate Resolution
Imaging Spectroradiometer (MODIS) land cover map, and the vegetation types
areas follows: evergreen needleleaf forests (ENF), evergreen broadleaf forest
(EBF), deciduous needleleaf forest (DNF), deciduous broadleaf forest (DBF), mixed
forest (MF), closed shrubland (CSH), open shrubland (OSH), woody savannas
(WSA), savannas (SAV), grassland (GRA), wetland (WET) and cropland (CRO).

¢, The distribution of EC sites included in the FLUXNET2015 database (2015). The
base map shows annual precipitation over 1991-2020. d, The distribution of the

ECsitesincluded in the regional networks as of January 2025. The base map shows
annual mean temperature (°C) over 1991-2020. e, The percentage of sites for
eachvegetation type for each database and the percentage of land area for each
vegetation type. References for the milestones and datasources are providedin
Supplementary Table 1. The global EC flux network has evolved since the 1990s and
its spatial coverage and ecosystem representativeness have greatly improved since
2000.ET, evapotranspiration; GPP, gross primary production; ICOS, Integrated
Carbon Observation System; NEON, National Ecological Observatory Network;
SIF, solar-induced chlorophyll fluorescence; TERN, Terrestrial Ecosystem Research
Network; USCCC, US-China Carbon Consortium.
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First year-long EC-based
study of CO, exchange
(1993)

By 1997, regional networks
were operating in Europe
and North America

Release of the Marconi
dataset (2000)
Emergence of cross-site
synthesis studies (2002)

In 2004, USCCC began
coordinating and supporting
site establishment, training and
research the USA and China

First study of long-term C flux
trends and drivers (2007)

Assessing long-term trends
in ET with upscaled data
(2010)

Increasing use of deep
learning (early 2020s)

Growing role in informing
nature-based climate
solutions (early 2020s)

2020

2030

First EC measurements of CO, exchange
(early 1970s)

First application of open-path CO,
sensors (mid-1980s)

First studies of relations between
vegetation indices and CO, exchange
(1992)

Evaluating terrestrial biosphere models
(1994)

First FLUXNET meeting (1998)

Optimizing model parameters (2001)

Since 2003, flux tower data have been
upscaled to regional or global scales
using machine learning

Evaluating MODIS GPP with EC data
(2006)

Release of the La Thuile Dataset (2007)

Initiatives of ICOS, NEON and TERN
(circa2010)

Release of the FLUXNET2015 dataset
(2015)

Exploring relations of SIF with C fluxes
(late 2010s)

Exploring diurnal cycling of ecosystem
processes with EC data and emerging
satellite data (2021)

FLUXNET 2025 Data Initiative (2025)
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Box 1| EC and FLUXNET data

The eddy covariance (EC) method is a micrometeorological
technique that directly measures CO,, water vapour and energy
flux densities (in molm™s™") between the atmosphere and the
underlying vegetation and soil’®*"***, Measurements are made
using EC flux towers across a range of ecosystem types, including
forests®” (left figure panel, courtesy of André Kiinzelmann),
shrublands, savannas, croplands (central figure panel, courtesy
of Gang Dong), grasslands, and wetlands®® (right figure panel,
courtesy of the FI-Sii team). Applied to an individual ecosystem,
the EC method measures the breathing of the ecosystem on
timescales from half hourly, to days, seasons, years and decades.
The ground area that the EC measurements represent, called the
flux footprint, typically spans from a hundred metres to several
kilometres®"#¢,

EC measurements include net ecosystem exchange of CO,, latent
heat flux and sensible heat flux, which are typically quality controlled
and gap filled using standardized processing procedures®. Net
ecosystem exchange measurements are routinely partitioned into

gross primary production and ecosystem respiration using night-time
and/or daytime partitioning approaches. The latent heat flux is
converted to evapotranspiration by dividing it by the latent heat of
vaporization. Each EC site is usually equipped with other instruments
that measure meteorological variables, such as temperature,
precipitation, solar radiation and relative humidity, as well as soil
temperature and soil moisture. The EC technique has also been

used to measure the exchange of other greenhouse gases including
methane (CH,) and nitrous oxide (N,0)***.

There are over 1,000 sites worldwide where EC measurements of
carbon and water fluxes are available®*°. These sites are coordinated
by regional networks (such as AmeriFlux, EuroFlux and AsiaFlux),
international consortiums (for example, the US-China Carbon
Consortium), and a global network (FLUXNET; Supplementary Note 1).
The availability of EC measurements has also led to the generation of
gridded flux data products through upscaling to regional and global
flux products, such as EC-MOD™', FLUXCOM" and MF-CW?%, which
are higher-level FLUXNET datasets.

High-frequency measurements from EC sites have demonstrated
that plants can shut down stomata under conditions of low soil mois-
ture, hightemperature or elevated VPD, particularly around midday®**.
This response leads to midday depressions in ET and GPP, and shifts
in their diurnal centroids towards the morning*’. This phenomenon
becomes more pronounced in dry climates and during droughts or
heatwaves, resulting in substantial declines in daily ET and GPP**%*,
Forexample, heatwavesinduced daily average GPP anomalies (z-scores)
ranging from -0.30 to -0.45 in forests, and from -1.16 to —0.84 in
shrublands across the Northern Hemisphere®. The extent to which
ecosystems have midday depressions depend on environmental condi-
tions, groundwater availability, vegetation type and species-specific
physiological responses®.

Seasonal variations
EC measurements enable the determination of the onset, end and
length of the growing season*’. Although these timings can also be

derived from satellite-derived vegetation indices and field-based
phenology observations, continuous EC measurements also cap-
ture seasonal variations in carbon uptake, respiration and ET at the
ecosystemscale that cannot be directly observed by other methods.
Ecosystems generally act as carbon sinks during the growing sea-
son and as carbon sources or remain carbon neutral during the rest
of the year. Most ET also occurs during the growing season due to
transpiration. For example, in a Mediterranean grassland, diel net
ecosystem exchange (NEE) patterns show strong carbon uptake from
February to April, with midday uptake declining as rainfall ceases
and soils dry (Fig. 2a). Ecosystem assimilation is complemented by
ecosystem respiration (RECO)*, which peaks at night during periods
of high daytime carbon uptake (Fig. 2a), showing that RECO and GPP
co-vary (or are coupled)**.

Temperature strongly influences soil respiration when soils are
moist**. In drylands, episodic respiration pulses triggered by rain
events were often missed before continuous EC measurements* .
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Photodegradation canalso contribute to post-rain respiration bursts®.
Soilwater availability and/or VPD influence carbon and water fluxes™ .
Forexample, low soil moisture decreases GPP across climate zones®™**,
whereas high VPD during rain pulses can suppress GPP more than
RECO or ET in drylands®”. The influence of soil moisture deficits on
NEE canbe assessed throughits relationship with evaporative fraction
(Fig.2b).Root systems convey information on soil moisture status and
groundwater access, regulating the capacity of plants for transpiration
and photosynthesis®*.

Droughts and heatwaves typically reduce ET, GPP and net carbon
uptake due to low soil moisture and/or high VPD —and even trigger net
carbonreleases — altering their seasonal patterns** ¢, Continuous flux,
meteorological and soil moisture measurements from EC sites have

captured these responses by directly recording shifts in ET, GPP and
net carbon uptake, as well as changesin soil moisture and VPD to reveal
how extreme events modify seasonal flux dynamics. In energy-limited
ecosystems, however, increasesin air temperature and light availability
during drought could increase carbon uptake*’. Flash droughts lower
GPP® and often begin with increased ET driven by elevated VPD, fol-
lowed by rapid declines in soil moisture and ET®'. Disturbances such as
wildfire and insect outbreaks also disrupt seasonal fluxes®. For exam-
ple,insectoutbreaks can reduce GPP more thanRECO, thereby lowering
net carbon uptake for months®, and can also reduce ET by decreasing
the leaf area index (LAI)®*. Unlike other approaches, such as remote
sensing, continuous EC measurements capture these ecosystem-level
responses in carbon and water cycling.
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Annual fluxes

When the first annual EC measurements started in the early 1990s,
it was poorly understood how much carbon an ecosystem could
assimilate or how much water it could transpire annually**>’. Since
then, several thousand site-years of annual sums have been pub-
lished and are available for distillation. Annual NEE has a median of
-181.5gC m2yr™, with the most productive ecosystems sequestering
asmuch as1,000 gC m2yr™ or more, but with disturbed ecosystems
losing up to 700 gC m2yr™ (Supplementary Fig. 2). Annual ET ranges
from ~50 t0 1,400 mm yr, with a median of 438.8 mm yr™ (Supple-
mentary Fig. 3). A key constraint is that annual ET typically does not
exceed annual precipitation (Supplementary Fig. 4). When moisture
isample, ET becomes energy limited, as reflected by potential ET®*°,
However, in arid and semi-arid regions, ET can exceed precipitation
inriparianzones and areas supported by groundwater or irrigation as
plants access water sources beyond precipitation’. EC data facilitate
the direct measurement of such changesin ET and how tightly it tracks
available energy in humid ecosystems and diverges in groundwater-fed
orirrigated systems.

Coordinated through regional networks and FLUXNET, EC meas-
urements from geographically diverse regions and various plant func-
tional types have enabled large-scale comparisons, revealing many
biophysical factors causing the range in annual fluxes. Plant functional
type is one key factor associated with distinct climate spaces™’"’2,
These climate spaces have distinct patterns and ranges in temperature,
rainfall and absorbed sunlight, which affect growing season length
and rates of photosynthesis, respiration and transpiration”. Photo-
synthesis and respiration are tightly coupled, and factors increasing
photosynthesis alsoincrease respiration, and vice versa®**, Ecosystems
with the longest growing season and higher LAl are among the most
productive and transpire the most™ (for example, annual terrestrial
carbon uptake and ET increased with growing season length in China™).
However, increasesin carbon uptake and ET from earlier springs could
be offset by summer droughts. For example, in the conterminous USA,
decreased carbon uptake during the 2012 summer drought offset the
earlier spring carbon gains induced by warming, and soil moisture
depletionfromincreased spring ET enhanced summer heating through
land-atmosphere coupling.

Akeylessonlearned by comparing carbon flux datais how tightly
annual GPPand RECO are coupled (Fig. 2c). On average, nearly 80% of
carbon fixed through photosynthesis is returned to the atmosphere
as respiration®®”', This finding indicates that biological and/or engi-
neering efforts to enhance photosynthesis will come at the cost of
more respiration, leading to lower-than-expected net carbon uptake.
Therefore, without addressing this balance, such efforts might not
achieve the desired carbon sequestration, potentially limiting their
effectivenessin mitigating climate change. Anotherimportant finding
from EC datais that assimilation and transpiration are tightly coupled,
as first demonstrated across FLUXNET sites in 2002”” and reaffirmed
by global cross-site syntheses using expanded datasets’. This tight
couplingbetween GPP and ET demonstrates that both fluxes are jointly
regulated by stomatal conductance’® and reveals that ecosystems
assimilate more carbon at the cost of greater water consumption.

Measurements based on regional networks showed that ecosys-
tem carbon uptake and ET vary substantially along ecological, cli-
mate, and elevational gradients’*° that influence temperature and
precipitation patterns®. For example, the measurements along an
elevational gradient in a semi-arid region indicated that a 400 mm
range in annual precipitation can resultina1000 gC m2yr'range in

GPP (Fig.2d). Along an elevation gradient of nearly 3,000 m spanning
oases and deserts to alpine ecosystems, annual ET ranges from 200 to
1,200 mmyr~1 (ref. 70).

Interannual flux variability and trends

Long-term flux measurements provide critical insights into how eco-
system carbon and water exchanges respond to global change. These
fluxes often show substantial interannual variability and long-term
trends under the influence of one or more global change factors. These
trends and variability are discussed in this section.

Interannual variability

Climate variability and change, particularly extreme climate events, can
lead to substantial interannual variability in carbon and water fluxes,
as revealed by multi-year measurements from EC sites. Interannual
temperature variability can alter annual carbon fluxes by modulating
photosyntheticand respiratory activity®?, as well as phenological tim-
ing and growing season length®. For example, early leaf emergence
resulting from warm springs can enhance annual GPP and net carbon
uptake®, and warmer years can also increase atmospheric demand
for water via higher VPD and net radiation, and enhance annual ET®*,
Heatwaves canreduce annual GPP and ET by decreasing stomatal con-
ductance and/or causing leaf mortality and lower LAI*. Cold springs
delay leaf unfolding, leading to shorter growing seasons and, together
withlow annual precipitation, resulted in substantially reduced annual
GPP, ET and net carbon uptake at amanaged, even-aged mature forest
site in Germany®®.

Multi-year EC measurements have further demonstrated that
precipitation variability can also cause substantial variability in carbon
and water fluxes. Inwetter years, higher precipitation and soil moisture
oftenincrease ET and stimulate GPP more than RECO, enhancing net
carbon uptake®®, Under cloudy conditions, photosynthesis is more
sensitive to diffuse light®’. The seasonal distribution of precipitation
can be more important than annual precipitation, as a large fraction
of precipitation occurring in the summer reduces moisture stress
and promotes transpiration and photosynthesis’’. Inthe Amazon, for
instance, photosynthesis responded weakly to seasonal precipitation,
whereas respiration responded strongly, with the highest valuein the
wet season and the lowest in the dry season”. Drought can reduce
stomatal conductance, induce early leaf senescence, and thereby
suppress transpiration and photosynthesis, leading to lower annual
ET and GPP®**. Heatwave and drought compound events could resultin
reduced GPP along with lower ET and soil drying, leading to reduced
carbon uptake or even a net carbon source. For example, during the
2003 European heatwave and drought, EC measurements from multi-
plesites showed large reductionsin GPP and small decreases in RECO,
temporarily turning Europe fromacarbon sink to a carbon source®.

Disturbances such as insect outbreaks, hurricanes, wildfire and
logging®*” can reduce GPP and/or increase RECO, lowering net carbon
uptake or evenresultingin net carbon losses, as revealed by multi-year
EC measurements. Insect outbreaks can defoliate forest canopies,
reducing annual GPP and net carbon uptake® as well as ET®*. Hur-
ricanes cause defoliation and tree mortality, and lead to much lower
GPP, increased RECO and reduced net carbon uptake®. Following a
stand-replacing windthrow, the cumulative ET during the snow-free
seasoninalarchforest decreased by 24% during the following year and
returned to pre-disturbance levels within 5 years®.

Very few EC sites, if any, have experienced stand-replacing dis-
turbances with measurements both before and after the events, and
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no site has yet covered the complete life cycle of a forest ecosystem.
However, the chronosequence approach, enabled by availability of flux
measurements foranumber of sites with similar climatic and soil condi-
tions but with different stand age following wildfire, logging, or other
stand-replacing disturbances, shows that ecosystem carbon uptake
increases with stand age up toa point and then declines®”>’ (Fig. 2e).
These studies provide atest of foundational ecological theory®*®’, sug-
gesting thatstand age must be considered in ecosystem carbon-balance
modelling. They also showed that ageing forests might still serve asa
carbon sink? but might not be able to take up as much carbon as in the
past'°°. Nevertheless, from the life cycle carbon-balance perspective,
old-growth forests have already accumulated substantial carbon stocks
inplants and soils over time.

Long-term trends

A select group of flux datasets are starting to exceed two or three
decades in length, revealing various temporal patterns of null, posi-
tive and negative responses with time (Fig. 2f). Analyses based on
measurements from globally distributed EC flux sites indicate that
elevated CO, enhanced photosynthesis and net carbon uptake viathe
CO, fertilization effect and indirectly through increases in LAI'*"1°%,
Meanwhile, elevated CO, can reduce stomatal conductance and lower
transpiration'®?, contributing to greater soil moisture retention and
water yield. The resulting enhancement of GPP and suppression of
ET canincrease water-use efficiency (WUE), as demonstrated by EC
measurements across 21 temperate and boreal forest sites'*>. How-
ever, the effects of elevated CO, on ecosystem carbon fluxes are not
fully understood, and some evidence indicates that the CO, fertiliza-
tion effect might have declined, or that elevated CO, does not always
leadto aclearincreasein photosynthesis. Forexample, GPP estimates
from 22 EC flux sites suggest an average declinein the CO,fertilization
effect of —0.70% per 100 ppm CO, yr’, confirming results based on
satellite-derived vegetation indices and LAI'**. Aglobal synthesis of EC
measurements from 78 sites showed no widespread trend in canopy
conductance under elevated CO,'”. However, because the enhance-
ment could be constrained or offset by nitrogen limitation'*®, further
researchis needed to clarify the effects of elevated CO,.

Multi-year to multi-decadal EC flux measurements have also pro-
vided valuable insights into long-term trends in response to climate
change. Warmer temperatures canlead toincreasing trendsin ecosys-
tem carbon uptake by enhancing photosynthesis rates and/or extend-
ing the growing season". During the warming hiatus (1998-2012),
there were no widespread trends in spring and autumn phenology
and carbon uptake across the 56 Northern Hemisphere sites with at
least 7 years of high-quality EC data'””. Warmer temperatures also lead
to higher VPD, which can reduce GPP'*® and can either enhance ET by
increasing atmospheric demand or suppress ET by triggering stomatal
closure'”. A global synthesis of EC data revealed that increasing VPD
suppressed light-use efficiency (LUE) and carbon uptake, consistent
with findings from satellite-based analyses of vegetation indices, LAI
and GPP", Seasonal warming led to an increase in net carbon uptake
forold forests (>90 years old) and a decrease in young (<40 years old)
and mid-aged (40-90 years old) forests".

Changesin precipitation and soil water availability also shape the
trends in carbon and water fluxes. For example, at a desert shrubland
EC site, pre-growing season precipitation showed a strong negative
correlationwithboth annual and growing season NEE, indicating that
higher pre-growing season precipitation enhanced net carbon uptake
during both periods'?. Long-term trends in carbon and water fluxes

are often driven by one or more global change factors and their com-
plexinteractions”. EC measurements spanning 19 years at a Mediter-
ranean oak savanna site showed no significant trend in ET owing to
many competing positive and negative feedbacks among stomatal
sensitivity to CO, concentrations, soil moisture and VPD, as well as
temperature effects on saturation vapour pressure and plant access
to groundwater*. No significant trends in ET were observed at 46 of
67 FLUXNET sites from 1995 to 2014, reflecting complex interactions

among climate, vegetation and soil water availability™.

Upscaling EC measurements

Although EC measurements are invaluable for research on carbon and
water cycles, they capture flux exchanges only within the footprint, a
relatively small area around the tower™*. These measurements have
been widely upscaled to regional and global fluxes.

Rationale and procedures

The findings achieved at individual EC sites do not necessarily apply
elsewhere. Moreover, altogether, the EC sites sample only a tiny por-
tion of the global land surface (Fig. 1d). Generating flux estimates for
areas not sampled by EC sites can enable investigation of ecosystem
carbon and water exchanges in these areas. Moreover, regional- to
global-scale studies often require flux estimates that are continu-
ous, both spatially and temporally™. EC tower data therefore have
been upscaled to regional®®**"'*!" and global***"#" flux estimates
(GPP, RECO, NEE and ET) with varying spatial resolutions from 500 m
(orfiner) to 0.5° and time intervals from subdaily to monthly.

The upscaling of EC measurements typically relies on satellite-
derived ecological data, meteorological reanalysis dataand upscaling
methods, and involves the following steps* (Fig. 3): first, a site-specific
dataset comprising the target variable (carbon or water flux) and its
explanatory variables for multiple EC sites is compiled and divided
into a training subset and a test subset. Second, an upscaling model,
typically a machine learning model (or an ensemble of models), for
predicting thetarget variableis trained with the training subset. Third,
the test subset is used to evaluate the model performance with sta-
tistical metrics such as root mean squared error and coefficient of
determination (R?). When the compiled dataset is relatively small,
cross-validation is often used. Finally, the predictive model with a
satisfactory performanceis used to generate spatially and temporally
continuous flux estimates. Satisfactory performance has no fixed
threshold as it depends on multiple factors such as the flux variable,
site representativeness and region; for example, R* thresholds are
generally lower for NEE than for GPP or ET as NEE is typically more
challengingto estimate.

Requirements for EC measurements

Todevelop predictive carbon and/or water flux models that are appli-
cable for a study domain, it is important to have measurements from
anumber of sites — typically as many as possible — that are represent-
ative of the study domain in terms of ecosystem and climate types
and disturbance history. For example, a total of 25, 94 and 187 sites
were used to upscale tower measurements for the Tibetan Plateau'®°,
North America'® and the globe?®, respectively. It is recommended
to use good-quality flux measurements from all the sites within the
region. Shouldinsufficient databe available, measurements from other
regions with similar characteristics can also be used. Besides spatial
representativeness'?>'?, temporal representativeness'* is also essential

for developingreliable predictive models. The availability of long-term
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Fig.3|Procedures for upscaling EC flux measurements. This multi-step process enables the spatial and temporal scaling of site-level eddy covariance (EC) flux data
toregional or global scales, supporting large-scale assessments of terrestrial carbon and water cycling. ET, evapotranspiration.

flux measurements generally canimprove the model’s performancein
capturing interannual variability and long-term trends.

Explanatory variables

The selection of explanatory variables for machine learning models
shouldbe guided by ecological principles, and environmental and eco-
logical factors that control the target variable (GPP, RECO, NEE or ET)
aretypically chosen. For example, photosynthesis models such as Far-
quhar model and LUE logic'® are commonly used to guide variable
selection for upscaling GPP. Vegetation type; vegetation indices such
as the enhanced vegetation index, LA, fraction of photosynthetically
active radiation absorbed by canopies and land surface temperature;
and meteorological variables are often chosen for upscaling GPP'*'%%,
Some studies also use stand age'*"'*’ and aboveground biomass™ to
better account for forest status, and canopy nitrogen'?' and nitrogen
deposition' for nutrient availability. Canopy structural complexity
metrics derived from space-borne LiDAR also helpsimprove upscaling
of GPP and ET data™®.

Eachvariable should have spatially and/or temporally continuous
data for the study domain to ensure that fluxes can be estimated for
eachlocation and each time step. Including more predictor variables
inan machine learning model will probably improve statistical meas-
ures (R*and root mean squared error)**°, but incorporating too many
variables is not the best practice; the reason being that regional or
global datasets often have substantial uncertainty, and incorporating
an additional predictor can introduce another source of uncertainty
to the resulting flux estimates. Some variables such as biomass, soil
organic carbon and stand age can contain substantial uncertainty, and

theirincorporationis likely tointroduce alarge source of uncertainty''.

Tower footprint and fetch area

The EC tower footprint (the upwind source area contributing to
measured fluxes™) typically ranges from tens of metres to several
kilometres'”, depending on turbulence strength, surface roughness,
measurement height and atmospheric stability'®. Ideally, the foot-
print should align spatially and temporally with the corresponding
satellite pixel for effective upscaling. In practice, this alignment is
often difficult to achieve™*. Moreover, towers should be placed on
flat, homogeneous terrain, with fetches exceeding the footprint to
ensure data quality™, but many sites are heterogeneous™ (footprint
dynamics and theirinfluences on flux upscaling are described in detail
inSupplementary Note 2). Regional to global upscaling typically uses
moderate-resolution satellite data (1 km or coarser) and EC footprints
areusually smaller than asingle pixel; therefore satellite data from the
tower pixel are matched to EC fluxes® . When high-resolution satellite
data (several to tens of metres) are available, pixels within the tower
footprintcanbe aggregated — often by weighted averaging —to better
match fluxes®. However, because the footprint varies with wind direc-
tion and other factors (Supplementary Fig. 5), dynamically matching
it to high-resolution data remains challenging.

Upscaling methods and predictions

The upscaling of EC measurements is typically based on machine
learningmethods, suchasrule-based ensembleregression models (for
example, Cubist)**""81217 artificial neural networks*'*°, model tree
ensemble®'?%?° random forest™”"*%, support vector machine™*,
extreme gradient boosting*'**and deep learning"*"*>'** Interpret-
able machine learning methods such as rule-based models and deci-
sion trees make it easier to understand how models arrive at their
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predictions. Some methods, such as artificial neural networks, are
less interpretable as they operate as black boxes but have a large
degree of flexibility. Some studies used multiple machine learn-
ing methods to obtain ensemble estimates?*"'*'*>, Comparisons of
multiple machine learning methods indicate that machine learn-
ing approaches typically have similar performances®'%°, Although
deep learning did not perform better than traditional methods
in some comparison studies"*'*?, the Long Short-Term Memory
(adeep learning model) demonstrated a higher performance than
random forest in upscaling NEE by better capturing memory effects
of environmental factors'.

Besides machine learning, LUE and process-based models have
alsobeen applied to estimate carbon and water fluxes at broad scales
by calibrating uncertain model parameters with EC measurements™’ ¥,
Generating gridded flux estimates with these optimized models pro-
vides an alternative upscaling approach. However, the resulting esti-
mates are often treated as model simulations rather than upscaled
data™® (Supplementary Note 3).

Computation on adesktop computer might be feasible if the spa-
tial domainis relatively small and/or coarse spatial and temporal reso-
lutions are used, but the estimation of carbon or water flux over broad
regions with the trained and evaluated model is typically conducted
on high-performance computing facilities such as Linux clusters and
supercomputers. Cloud-computing platforms have great potential
for upscaling as they possess massive computing and storage capac-
ity, and also host many satellite and meteorological data required by
upscaling. The upscaled carbon and/or water flux estimates can then
be used to assess ecosystem carbon and water dynamics at regional to
global scales, evaluating and interpreting satellite-derived products,
and benchmarking and improving terrestrial biosphere models.

Regional to global carbon cycling

Upscaling EC measurements offers an independent and alternative
approachto assessing carbon cycling across regional to global scales,
complementing inventory methods, terrestrial biosphere models and
atmospheric inversions'. Upscaled flux estimates have been widely
used to assess the magnitude, spatial patterns, seasonal variations,
interannual variability and trends of carbon fluxes, and to understand
their responses to climate change, elevated CO,, disturbances and
management practices on broad scales.

Carbon uptake capacity

Upscaled data have been used to examine the spatiotemporal patterns
in GPP, RECO and NEE over regional®"'*""**5! and global**'** scales, iden-
tifyingwhenand where ecosystems are photosynthetically active versus
dormant and whether they act as net carbon sinks or sources. Moreo-
ver, upscaled data show how carbon fluxes respond to factors such as
temperature, precipitation, soil moisture, phenology, and vegetation
type seasonally and spatially”*>">. For example, croplands, grasslands,
savannas and shrublands experience greater reductionsin GPP during
droughts and heatwaves, whereas forests tend to be less sensitive™*.
Spring droughts suppress peak GPP in arid regions but can enhance it
inhumid regions, whereas summer droughts consistently reduce peak
GPP™2, Annual GPP varies widely across regions and continents (Sup-
plementary Fig. 6). It is highest in tropical forests (2,300 gC m~2 yr™);
moderatein tropical savannas and grasslands, temperate forests, crop-
lands and wetlands (1,000-1,100 gC m~2yr™); lower in boreal forests
and temperate grasslands and shrublands (500-600 gC m2yr™) and
lowest in tundra and desert (200-300 gC m™2yr™)'>,

Global annual GPP was estimated to be between 106 PgC yr™
(1982-2017) and over 144 PgC yr' (2000-2014)2%153155157 Tropical for-
estsand savannas contributed 60% of this total owing to their high pro-
ductivity and large land area, respectively™. Upscaled NEE data have
also been used to quantify carbon sinks™*"*%, Strong carbon sinks were
reported for the conterminous USA (-0.63 PgC yr™, 2001-2006)"8,
East Asian monsoon subtropical forests (0.72 PgC yr™)"*and Australia
(-0.44 PgCyr?,2003-2022)'*°, whereas a smaller sink was estimated
for northern boreal forests (-0.20 PgC yr™, 2000-2018)'®". The sink
increased from boreal and Arctic regions to temperate and tropical
regions, with temperature becoming more favourable, precipitation
more abundant and ecosystems more productive'*’, Boreal areas were
thelargest carbonsinkin the pan-Arctic-boreal region, whereas tundra
was nearly carbon neutral™®*,

Interannual variability in carbon fluxes

Carbon fluxes often have pronounced interannual variability, as
revealed by upscaled data (Fig. 4a). Extreme climate events and
disturbances are often attributed to be the primary sources of this
variability'®*'**. For example, droughts and disturbances (such as wild-
fires, insect outbreaks and hurricanes) are the key drivers of inter-
annual variability in carbon fluxes over North America, with larger
variability observed in GPP than in RECO™?""*®, Notably, net carbon
uptake in North America was 38.9% higher in 2005, a wet year, thanin
2009, adry year'”. Globally, the hot spots of interannual variability in
NEE were observed in Southeast Asia (monsoon rains, droughts and
land-use change), southern North America (drought, heatwaves and
disturbances), South America (droughts and land-use change) and the
Siberian tundra (temperature shifts and changesin snow cover)*. GPP
extremes associated with climate extremes and fires in 7% of the global
land surface (1982-2011) accounted for 78% of global interannual GPP
variation and a sizable portion of the NEE variation'®*,

Carbon uptake in semi-arid and arid regions such as South-
west USA and Australia exhibited strong sensitivity to precipitation
variability'**'®, Drylandsin central and western Australia, southwestern
USA, southern Africa and Central Asia as well as regions above 60° N
exhibited the highest coefficient of variation inannual GPP mainly due
to low productivity and large sensitivity to water availability (Supple-
mentary Fig. 6). These regions are particularly vulnerable to climate
change, with increasing temperatures and shifting precipitation pat-
terns affecting soil moisture and VPD, thereby influencing ecosystem
carbonuptake. Hourly upscaled datashowed that water and heat stress
during heatwaves led to a midday depression in photosynthesis in
southern Australia’ and the western USA™.

Long-term trends in carbon fluxes
Upscaled datasets often span two to four decades, enabling the exami-
nation of long-term trends in carbon fluxes from regional to global
scales. Since the 1980s, many parts of the world — covering 50% of
vegetated areas — showed increasing trends in annual GPP (Fig. 4b),
leading to an increasing trend in global annual GPP (Fig. 4c). Climate
change has animportantroleinshaping the flux trends. For example,
annual GPP of global grasslands averaged 11 PgC yr™ and increased
by 0.023 PgC yr™(0.2% per year) over 1982-2011, primarily owing to
increasing precipitation'*’, and both gross and net carbon uptake
increased for global semi-arid regions over 1982-2015"%,

Over Arctic tundra and boreal forestsin Alaska during2000-2011,
ecosystems affected by fires between 2003 and 2011 exhibited sub-
stantial decreases in GPP (-20 gC m2yr™) and RECO (-6 gCm™2yr™),
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along with anincrease in NEE (15 gC m2yr™), reflecting fire-induced
reductions in fluxes'’. In contrast, ecosystems burned between
1982 and 2002 (10-20 years post fire) exhibited a positive trend in
GPP (20 gC m~yr™), indicating recovery that enhanced the CO, sink
strength (15 gC m2yr™?)™, In boreal forests, the net carbon uptake
increased during 1990-2010 but slightly declined over 2011-2018
due to delayed spring snowmelt, whereas the strong increase in GPP
during1989-2018 was largely compensated by the increase in RECO™.
The Tibetan Plateau exhibited a sustained and enhanced capacity for

carbon sequestration under a warmer and wetter climate, with an
increasing rate of 1.14 TgC yr™* from 1982 to 2018'°. Trends in carbon
fluxes are also driven by factors such as elevated CO, and land man-
agement. For example, elevated CO, was reported to contribute to a
consistent increase of global annual GPP at the rate of 0.138% ppm™
from2000 to 2014'%%,

Upscaled flux data derived from EC networks also reveal decreas-
ing orinsignificant trends in terrestrial carbon uptake (Fig. 4b). Despite
the overallincreasing trend, the rate of increase in global annual GPP
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has slowed down since 2001 (Fig. 4c), primarily due to rising VPD**""°,
Thereported declineinthe CO, fertilization effect could have also con-
tributed to the slowdown in the GPP increase'**. Northern mid-latitude
ecosystems experienced al0.6%increase in negative GPP extremes dur-
ing2000-2016 compared with1982-1998, underscoring the increas-
ing vulnerability of ecosystem carbon uptake to warm droughts'®s,
The mean temperature of the warmest quarter (3-month period) has
exceeded the thermal optimum for photosynthesis, causing photosyn-
thesis rates to decline sharply and respiration rates to continue torise,
ultimately reducing the land carbon sink'®. The net carbon uptake of
the circumpolar evergreen boreal forest did not exhibit a clear trend
because the increase in GPP was offset by increasing RECO™'. Long-term
trends in carbon fluxes are jointly influenced by multiple factors, all
of which have either positive or negative effects, with their combined
effects varying across space and time.

Regional to global water cycling

Upscaling EC measurements offers an independent and data-
constrained approach for assessing ET, a central component of the
water cycle, at regional to global scales. Insights into the seasonal pat-
terns, magnitude, interannual variability and trends of ET as well as
WUE are discussed.

Seasonal and annual patterns of ET

Upscaled ET data have been used to assess the magnitude and spatial
patterns of ET both regionally and globally"*"*7°, A combination of
precipitation, soil water availability, VPD, solar radiation, temperature,
LAI, phenology, and management shapes the magnitude and seasonal
patterns of ET, with relative importance varying across geographical
regions and climate zones'". In water-limited regions, soil moisture is
the primary constrainton ET, whereas in energy-limited regions, ET is
moreinfluenced by solar radiation and temperature’2. ET mainly occurs
during the growing season and, in regions practicing double crop-
ping, the daily ET time series exhibits two distinct peaks withinasingle
year'”, ET exhibits seasonally contrasting drought responses across
climate regimes. In wet regions, ET becomes decoupled from declin-
ing soil moisture and even increases during soil moisture droughts
duetohigherradiation and temperature, whereasindrier regions, ET
decreases during droughts due to reduced soil water availability and
increased plant water stress"’ Early spring arrival often depletes soil
moisture earlier in the season, causing water stress and reduced peak
ET in the summer™*,

Annual ET varies substantially across vegetation types, regions
andtheglobe (Supplementary Fig. 6). Forests and savannas exhibit the
highest annual ET (701and 697 mm yr™, respectively), croplands show
intermediate ET (559 mmyr™), and grasslands and shrublands have
thelowest values (388 and 304 mm yr, respectively)® over the period
2001-2016 (Supplementary Fig. 6). The global annual ET estimates
based onupscaled EC dataare relatively consistent among studies. For
example, upscaled data™'” estimated the mean ET for global vegetated
areas over 2001-2020 at 68.9 x 10> km® yr*and 68.3 x 10* km?yr™, both
of which are similar to the estimate based on the GLEAM dataset, a
satellite-based ET and soil moisture product’ (70.9 x 10> km® yr ™)',
These studiesindicate thatland ET returns approximately 60% of land
precipitation to the atmosphere.

Interannual variability in ET
Upscaled data indicate the potential for relatively large regional and
globalinterannual ET variability owing to climate variations, ecosystem

responses and their interactions. Year-to-year changes in precipita-
tion, solar radiation, temperature and VPD, along with soil moisture,
arethe main drivers of interannual ET variability?*'””. Severe droughts
can lead to widespread negative anomalies in ET. For example, the
annual ET of the USA was 11.0% lower in2002, adry year, thanin 2007,
awet year'”, Many parts of South Americaand alarge portion of Africa
experienced relatively large negative anomalies in ET in 2016, mainly
due to severe and widespread droughts (Fig. 4d). Large-scale climate
oscillations such as EINifio-Southern Oscillation can modulate rainfall
patterns, temperature extremes and the occurrence of storms, floods,
droughts, heatwaves and wildfire, all of which can drive interannual
ET variability”"'75,

Changesin vegetation phenology and LAl canalso lead tointeran-
nual ET variability. For example, LAl influences interannual variability
in ET globally, with particularly strong control in regions such as the
eastern USA and the Amazon'”’. As the carbon and water cycles are cou-
pled with each other, the interannual variability of ET is closely linked
to that of GPP. Globally, drylands typically had a larger coefficient of
variationin ET over 1982-2016 owing to their low ET and larger rainfall
variability compared with humid regions (Supplementary Fig. 6).

Long-termtrendsinET

Warmer temperatures increase evaporative demand and accelerate
the hydrological cycle. Global annual ET increased between 1982 and
1997 due to warmer temperatures, but then declined until 2008, pri-
marily because of increasing soil moisture limitations inthe Southern
Hemisphere'””. Upscaled ET estimatesin conjunction with other data-
sets typically showed that global ET increased since the 1980529180182
although the magnitude of the trends varied across the globe (Fig. 4e).
The global land ET increased at a rate of 1.1 mm yr ™ during 1975-2017,
withrising temperatures driving about 87% of this increase; humid
regions, particularly the tropics, showed the highest increases (up to
7mmyr ™)™, Anthropogenic Earth greening (afforestation) contrib-
uted to theincreaseinterrestrial ET**%; elevated CO,reduced stomatal
conductance'®, leading to lower ET. The CO, effect, however, could be
offset by theincrease resulting from warming'®' and greening'®*. Global
annual ET had astronger increase over 1982-2000 and aweaker increase
over 2001-2016, and the slowdown in the ET increase was mainly due
toincreasing VPD?** (Fig. 4f).

WUE

The simultaneous availability of upscaled GPP and ET estimates also
enables the assessment of ecosystem WUE at regional to global scales.
Forests have the highest WUE (3.0 gC kg™ H,0), followed by savannas
(2.2gCkg™'H,0), croplands (1.6 gC kg H,0), grasslands (1.3 gC kg™
H,0) and shrublands (1.2 gC kg™ H,0)*. This ranking highlights the
varying efficiencies of ecosystems in converting water into photo-
synthetic products, with forests being the most water-use efficient
in carbon uptake on an annual basis*. Environmental factors such as
light, temperature, soil moisture, VPD and atmospheric CO, influence
stomatal conductance, which in turn regulates photosynthesis and
transpiration rates, ultimately affecting WUE?".

WUE increases in mild and moderate drought, reflecting the physi-
ological acclimation of plants to water stress, but decreases under
severe and exceptional drought™. Inarid ecosystems, WUE variability
is mainly driven by physical processes (soil evaporation), whereas in
semi-arid and subhumid regions, itis primarily influenced by biological
processes (photosynthetic rate)'®. Upscaled data also revealed signifi-
cantincreases in WUE in 21.8% of the global semi-arid regions"®. There
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isevidence that WUE hasbeenincreasinginresponseto elevated CO,,
particularly at the site level*”'*, By contrast, astudy publishedin2023
using upscaled datafound that global ecosystem WUE increased from
1982102000 and that theincrease thenstalled since 2001 owing to the
asymmetric effects of increasing VPD on GPP and ET*. Amore complete
understanding of carbon-water interactions requires separating total
ETinto evaporationand transpiration, asonly transpirationis directly
coupled to photosynthetic carbon uptake.

Uncertainty and wider applications

EC measurements and upscaled data have uncertainties and
limitations®*'®*"!, such as random and systematic errors in EC meas-
urements and remaining inaccuracies in upscaled flux estimates.
These uncertainties can introduce biases in fluxes and affect our
understanding of terrestrial carbon and water cycles. Nevertheless,
EC measurements and upscaled data have also greatly contributed to
the interpretation and evaluation of satellite-derived products and
the benchmarking and improvement of terrestrial biosphere models
and Earth system models.

Uncertainty in EC measurements and upscaled data

FLUXNET and regional networks foster both a unique scientific col-
laboration with shared data and alarge heterogeneity in data quality.
As aresult, measurement uncertainty has increased owing to differ-
ences in data acquisition and processing, but also to different levels
of knowledge in EC requirements and set-up rules'? (Supplementary
Note 4). EC measurements have different types and sources of uncer-
tainties. Random uncertainty, estimated at 10-20% of half-hourly
measurements®'*'*? tends to average out when fluxes are aggre-
gated to daily to yearly sums, whereas more systematic uncertainties
become increasingly important (Supplementary Note 5). Measure-
ment uncertainty is also site dependent. For example, uncertainties
inthe friction velocity (u*) threshold, NEE and RECO estimates are not
directly proportional to each other or to their respective magnitudes,

emphasizing the need for site-specific uncertainty assessments and
thorough documentation of data processing and corrections (Fig. 5
and Supplementary Note 6). Collaborating and communicating within
alarge community, such as FLUXNET, can advance progress to reduce
much of the uncertainty, which is often due to suboptimal site loca-
tion selection, set up and processing (see Supplementary Note 7 for
recommendations for reducing uncertainty).

Upscaled fluxes also have uncertainties and limitations® (see Sup-
plementary Note 8 for details). Sources of uncertainty include those
from EC measurements'**'”*, under-represented regions and vegetation
types'®® (Fig. 1d,e), scale mismatches?, satellite and meteorological
data errors, and limitations in upscaling methods'?**'*, The limita-
tions of upscaled fluxesinclude infrequent updates, coarse spatial reso-
lution, lack of uncertainty estimates and gaps in controlling factors,
aswell as substantial room forimprovementin capturinginterannual

variability and trends®*'?',

Interpreting satellite-based vegetation products
ECmeasurements havebeeninstrumentalininterpreting satellite-based
vegetation indices and retrievals, particularly in understanding their
relations with carbon fluxes. The relations between vegetation indi-
ces and CO, exchange were first examined in the early and middle
1990s'°" (Fig. 1). EC measurements have helped evaluate how numer-
ous vegetation indices, such as the normalized difference vegetation
index'®", the photochemical reflectance index'”, the enhanced vegeta-
tion index'*® and near-infrared reflectance of terrestrial vegetation'”?,
relate to ecosystem CO, exchange. Although some indices are con-
sidered superior to others — such as enhanced vegetation index and
near-infrared reflectance of terrestrial vegetation outperforming the
normalized difference vegetation index — there is no consensus on
which performs best**°,

EC data helped reveal that satellite-derived land surface tem-
perature was nonlinearly correlated with RECO?”'. EC dataalso helped
researchersfind that solar-induced chlorophyll fluorescence measured
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Fig. 5| Uncertainty of annual carbon fluxes measured by the eddy
covariance technique. a, The relationship between net ecosystem exchange
(NEE) uncertainty as the interquartile range (IQR) of annual NEE (which
results mainly from uncertainty in the u* (friction velocity) threshold) and
u*threshold uncertainty (whichis calculated as the ratio between the IQR

of the u* threshold and the median threshold across sites). The correlation
between the two uncertainties is low (R? = 0.2), highlighting the absence of a
simple, direct relationship between them and underscoring the site-specific
nature of this uncertainty. b, The relationship between annual NEE and the
NEE uncertainty as IQR of annual NEE across sites. The colour indicates the
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uncertainty in partitioning ecosystem respiration (RECO) as the difference
between the two partitioning methods: night-time (NT) and daytime (DT).
Thereisnot a clear relation between NEE values and their uncertainty or
with the uncertainty in RECO. ¢, The relationship between the two RECO
estimates based on the NT and DT methods across sites. The colour indicates
the uncertainty in NEE with respect to average RECO calculated as the

ratio between the NEE uncertainty (as reported in panel a) and the average
RECO. Data are based on the FLUXNET2015 database®. Together, these
panelsillustrate the complexity and site dependence of uncertainty in eddy
covariance-derived annual carbon fluxes.
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by satellites exhibits a strong linear relationship with photosynthesis
and is a better indicator of GPP than vegetation indices*** 2%, In addi-
tion, the ratio of solar-induced chlorophyll fluorescence based on
OCO-3 and ET estimated from ECOSTRESS offers a satellite-based
measure of ecosystem WUE', and can monitor diurnal variations of

plant water use®”.

Evaluating satellite-based flux products

EC data have been widely used to evaluate satellite-based GPP and ET
products atdaily or longer timescales. For example, the global Moder-
ate Resolution Imaging Spectroradiometer (MODIS) GPP product*®
was first evaluated with GPP at the 12 AmeriFlux sites**’. The MODIS
ET product was validated in North America and Australia using the
AmeriFlux and OzFlux data”®*". EC data are now routinely used to
evaluate satellite-based GPP?*2"*, NEE"*?*255 and ET*%?" products.
The overall similarities, along with the relatively small discrepan-
cies in spatial patterns, seasonal cycles and interannual variations of
GPP between the eight satellite-based products and the five machine
learning-upscaled products indicate both high performance of the
satellite-based products and potential forimprovement (Fig. 6). Since
2020, flux tower data have also been used to evaluate satellite-derived
subdaily carbon"'**?® and water?” flux estimates. Measurements from
ECsites havealso contributed to the validation of other satellite-derived
products, such as shortwave solar radiation”**?°, PAR**??', longwave
radiation?*?*, albedo?**** and phenology*****® (Supplementary
Note 9). These satellite-derived products are often used in carbonand
water cycling studies.

Benchmarking models

EC measurements have helped evaluate terrestrial biosphere mod-
els and Earth system models since the mid-1990s*** (Fig. 1) and are
now routinely used to evaluate individual models**** or model
ensembles”??**, Upscaled EC data have been widely used to evaluate
terrestrial biosphere models'®*** and Earth system models**** at
regional to global scales. Upscaled EC data confirm the value of such
modelling studies, while also highlighting areas for model improve-
ment. For example, the ensemble mean GPP from 21 process-based
models exhibit similar spatial patterns, seasonal cycles and inter-
annual variations to six upscaled GPP products based on machine
learning. However, with relatively large differences in magnitude
and alarger spread among models, this ensemble mean reflects both
good performance of these process-based models and room for
improvement (Fig. 6).

Upscaled flux products have also been used for evaluating atmos-
phericinversions'*>**%?*°_For example, NEE upscaled from AmeriFlux
data™® agreedrelatively well withinverted carbon fluxes at the subcon-
tinental scale?®®. Seasonal variations in upscaled NEE were consistent
with GOSAT-based inversion in mid- and high-latitude regions, with a
large discrepancy in tropical regions™”. These two types of estimates,
however, still exhibit discrepancies that need to be reconciled.

Improving terrestrial biosphere models

EC measurements are also widely used to optimize parameters in
LUE”?*% and terrestrial biosphere models>**! with model-data
fusion techniques to improve model performance. Parameter opti-
mization with EC data can not only improve the performance of LUE
models?*?*%?*2 put also lead to uncertainty estimates to regional
fluxes'*®. Flux measurements were first used to estimate parameters
of terrestrial biosphere models and land surface models in 2001".

Following this work, many studies used flux measurements froma
single site or multiple sites to optimize uncertain parametersin these
models**?*, EC measurements and upscaled data can also help iden-
tify model deficiencies and inform model improvement, contribut-
ing to improvement of process representation*¢2*¢, For example, the
evaluation ofthe Community Land Model with EC measurements and
upscaled dataled toimprovement of photosynthesis**® and subsurface

hydrological processes®*°.

Summary and future perspectives

The global network of EC flux sites represents one of the largest and
longest biogeochemical and geophysical experiments. These EC meas-
urements and the resulting upscaled flux products have advanced
researchon theterrestrial carbonand water cycles by improving under-
standing of land-atmosphere carbon and water exchanges from the
ecosystem to the global scale. They have also been foundational in
evaluating andinterpreting satellite-derived products, and benchmark-
ing and improving terrestrial biosphere models, land surface models
and Earth system models. Building on these achievements, EC meas-
urements coordinated by regional flux networks and FLUXNET, along
with associated upscaled data and their use in research, are poised to
expand and evolve further, offering new opportunities to deepen our
understanding of the terrestrial carbon and water cycles.

Although many EC sites have been established, additional sites
are still needed in under-represented regions to improve network
representativeness. Even an extensive network cannot capture the full
range of variationsin vegetation, climate, soil, disturbance history and
management. Thus, ecological questions often require ancillary data
such as LAI, biomass, soil properties, soil respiration and biodiversity
thatare difficult and time consumingto collect. One strategy to address
theseneedsisto supporttwo complementary networks: one composed
of detailed anchor sites with comprehensive, long-term measurements
that serve as baselines for process understanding and model develop-
ment; and another, broadly distributed network collecting fluxes and
key meteorological variables across diverse ecological and environ-
mental conditions for upscaling. Both networks could be supported
by coordinated data centres for processing and distribution®*’.

Data sharing remains a challenge, and promoting open access
such as mandating public data deposition for journal publication,
grant funding and talent programmes would substantially increase
data availability in regions such as China, South America and Africa.
Proper citation of openly shared datasets and integration of citation
metrics into researcher and institution evaluations would further
incentivize sharing. Moreover, the latencies of EC measurements —
the time lag between data collection and release — can be up to a few
years. Therefore, making measurements, particularly gap filled and
partitioned data, available in near real time is a priority. Establishing
coordination among regional networks with direct contact to site
teamsto organize rapid standardized data processing and distribution
could make dataavailable in near real time. Publishing an annual joint
data article co-authored by data contributors from the previous year
could incentivize the timely release of new measurements.

Upscaling EC measurements to regional or global scales should be
improved by introducing physical constraints, and ecological princi-
ples should be introduced to ensure mass balance and better capture
interannual variability in fluxes. For example, NEE and its constituent
fluxes, GPP and RECO, are typically upscaled separately and, owing
to uncertainties, often do not satisfy their mass balance relationship
(NEE =RECO - GPP).
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of approach). The upscaled flux products provide a valuable benchmark for
assessing spatial patterns, seasonal dynamics, annual totals, and long-term
trends in fluxes derived from satellite-based models and process-based models.

In addition, advanced machine learning and artificial intelli-
gence techniques, such as deep learning architectures and foun-
dation models, should be applied to better represent ecosystem
behaviour, memory and legacy effects of environmental stresses. In
particular, such models should focus on capturing nonlinear, lagged

and legacy effects that characterize long-term ecosystem dynamics
that are omitted from existing machine learning approaches. For
instance, emerging deep learning architectures canintegrate tempo-
ral dependencies, such as Long Short-Term Memory and Transformer.
Foundation models, pre-trained on large and diverse datasets, could
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also enhance EC measurement upscaling by improving spatial and
temporal generalization and facilitating transfer learning across
regions. Finally, integrating machine learning and process-based
modelling could potentially leverage the strengths of both data-driven

and mechanistic methods to achieve enhanced accuracy and physical

consistency in flux estimates.

Emerging satellite observations could be better leveraged to
improve the upscaling of EC measurements. For instance, LiDAR,

Glossary

Disturbance

Events that alter ecosystem carbon
and water fluxes, such as fire, logging,
hurricanes and insect outbreaks.

Explanatory variables
Independent variables or predictors
used in statistical or machine learning
analyses.

Light-use efficiency

(LUE) The efficiency with which plants
convert absorbed light into carbon gain
through photosynthesis.

Earth system models
Comprehensive, computer-based
models that simulate coupled
interactions among the atmosphere,
oceans, land and biosphere, including
carbon, water and energy cycles.

Ecosystem assimilation
The amount of atmospheric

CO, absorbed by plants through
photosynthesis; equivalent to gross
primary production.

Ecosystem respiration
The total release of CO, from an
ecosystem to the atmosphere
through autotrophic and
heterotrophic respiration.

Eddy covariance

(EC) A micrometeorological technique
that directly and continuously measures
the exchange of gases, energy, and
momentum between ecosystems and
the atmosphere at high frequency.

Enhanced vegetation index
A remote-sensing vegetation index
indicative of canopy greenness and
photosynthetic activity, designed

to minimize atmospheric and soil
background effects.

Evaporative fraction

The ratio of latent heat flux to the sum
of latent and sensible heat fluxes, which
indicates surface energy partitioning
and plant water status.

Evapotranspiration

(ET) The sum of evaporation from
canopy, soil and water surfaces plus
transpiration from plants, which can
be calculated from latent heat flux
measurements.

Fraction of photosynthetically
active radiation

The proportion of photosynthetically
active radiation absorbed by vegetation
canopies.

Friction velocity

(u*) A key parameter quantifying the
intensity of atmospheric turbulence,
used to filter out low-turbulence flux
data, particularly at night.

Gap filled

The process of estimating missing
eddy covariance measurements due
to instrument failures or data quality
issues.

Gross primary production
(GPP) The total amount of atmospheric
CO, fixed by an ecosystem through
photosynthesis.

Hysteresis

Dependence of a system’s response
onits prior states or history, leading
to lagged or looped input-output
relationships.

Latent heat flux

The energy flux associated with
evapotranspiration, representing water
loss from the surface and a major
component of the surface energy
budget.

Machine learning

Algorithms that identify patterns in data
and make predictions or decisions, as
part of artificial intelligence.

Near-infrared reflectance
of terrestrial vegetation

A remote sensing vegetation
index calculated as the product of
near-infrared reflectance and the
normalized difference vegetation
index, used as a proxy for canopy
photosynthetic activity.

Net ecosystem exchange
(NEE) The net flux of CO, between

an ecosystem and the atmosphere,
where negative values indicate
ecosystem carbon uptake and positive
values indicate carbon release into the
atmosphere.

Normalized difference
vegetation index

A remote sensing vegetation

index calculated from the contrast

in reflectance between red and
near-infrared bands, indicative of canopy
greenness and photosynthetic activity.

Photochemical reflectance
index

A remote-sensing vegetation index
indicating changes in photosynthetic
light-use efficiency.

Leaf area index
(LAI) The total one-sided green leaf area
per unit ground surface area.

Leaf senescence

The ageing and programmed
degradation of leaves, involving
nutrient remobilization and eventual
leaf death.

Photosynthetically active
radiation

(PAR) Incoming solar radiation in the
wavelength range of 400-700nm used
for photosynthesis.

Sensible heat flux
Energy flux that warms or cools the air
without a phase change.

Solar-induced chlorophyll
fluorescence

The faint energy flux re-emitted by
chlorophyll during photosynthesis,
providing a direct proxy for
photosynthetic activity and gross
primary production.

Stomatal conductance

The rate at which CO, enters and water
vapour exits a leaf through stomata,
reflecting plant water-carbon exchange
regulation.

Terrestrial biosphere models
Mechanistic, computer-based models
that represent the processes of carbon,
water and energy exchanges between
the terrestrial biosphere and the
atmosphere.

Tower footprint

The upwind surface area contributing
to the fluxes measured by an eddy
covariance tower.

Upscaling

The process of extending site-level
measurements, such as eddy
covariance fluxes, to regional or global
scales using machine learning or
modelling combined with satellite and
climate data.

Vapour pressure deficit

(VPD) The difference between the
saturation and actual vapour pressure
of water in the air; a key driver of
transpiration.

Water-use efficiency

(WUE) The ratio of carbon gain
through photosynthesis to water
loss via transpiration, representing
how efficiently plants or ecosystems
use water.

Nature Reviews Earth & Environment | Volume 7 | January 2026 | 60-79

74


http://www.nature.com/natrevearthenviron

Review article

hyperspectral, solar-induced chlorophyll fluorescence, CubeSat, ther-
mal and geostationary data could help provide additional contextand
constraints related to disturbance, nutrient limitation, CO, fertiliza-
tion, substrate availability, ecosystem structure, biodiversity, high
spatial resolution, and diurnal dynamics.

Future improvements in upscaled flux products can be made
in several key areas. First, developing near real-time products with
shorter latencies — now feasible given availability of satellite and
meteorological reanalysis datasets with 1-2-month latencies — will
better serve time-sensitive applications. Second, finer-resolution
(for example, 30 m or 10 m) flux estimates enabled by high-resolution
satellite data and cloud computing would benefit numerous studies.
Third, on-demand web-based tools on cloud-computing platforms
for generating fine-resolution flux estimates for any region and time
would be valuable for many applications. Finally, providing per-pixel
uncertainty estimates accounting for various sources of uncertainty
would enhance usability and user confidence.

FLUXNET datawill continue to help address fundamental science
questions and goals of climate and carbon cycle research programmes.
For example, one fundamental question relates to the capacity of the
global terrestrial ecosystem to absorb carbon via photosynthesis.
FLUXNET data are likely to help elucidate whether high global GPP
estimates (170-200 PgC yr™)*° are theoretically possible. Schmidt
Sciences’ Virtual Institute for the Carbon Cycle aims to achieve an
accuracy of 0.1 PgCO, yr™ in global carbon budget measurements.
Although the EC technique is most accurate for continuously meas-
uring ecosystem-level carbon exchange®, it still faces considerable
uncertainty, raising doubts about the feasibility of this target. EC
data are increasingly crucial for climate mitigation, carbon trading
and nature-based solutions®>*?, especially with the development of
affordable, robust EC gas analysers.

The future of the regional networks of EC sites, their coordination
under the FLUXNET umbrella, and their evolution through advance-
ments in both sensor and data processing, as well as international
collaborations among site personnel and data users, will play a pivotal
role in shaping the continued importance of flux data moving for-
wards. These data hold the potential to support a broad spectrum of
studies and applications across various spatial and temporal scales —
particularlywhenintegrated with other datatypes and methodologies —
yet much of this potential remains untapped. EC data are expected
to continue to greatly advance terrestrial carbon and water cycle
researchin decades to come. Realizing this potential, however, hinges
ontheadoptionandimplementation of afair, openand near real-time
data-sharing policy by all stakeholders, a key challenge that FLUXNET
will need to address to ensure future success.

Published online: 20 November 2025
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