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Land-atmosphere coupling (LAC) directly influences the occurrence of extreme climate events. Traditionally, the
studies of LAC strength have primarily used soil moisture as a proxy for land conditions. However, recent
research has highlighted the significant role of vegetation-atmosphere coupling (VC) in the evolution of extreme
climate events through its regulation of the water and energy cycles. Despite this progress, the global patterns
and driving mechanisms of VC remain unclear. In this study, the index with a clear physical meaning, o, defined
as the relationship between the canopy conductance (g.) and aerodynamic conductance (g,), was introduced to
represent VC values. Long-term (1981-2018) global annual VC values were derived using two high-quality
reanalysis datasets (ERA5 and MERRA2) based on two different g. models. Both g. models exhibited similar
spatial distributions that the highest VC values in Arid regions, the lowest in Humid regions, and intermediate
values in Transition zones. Results showed 38.84-61.98 % of global land with decreasing VC trend. An attri-
bution analysis using a nonlinear machine learning approach revealed that leaf area index (LAI) and wind speed
dominated the VC changes across different climate zones. An increase in LAI reduced VC strength, whereas
enhanced wind speed increased VC values. LAI was the dominant factor influencing VC through transpiration
regulation (i.e., g.) over Transition and Arid regions, while wind speed controlled VC variations via g, over
Humid regions. Our study analyzed the spatiotemporal changes in VC values and their driving mechanisms
across global land areas. These findings contribute to a deeper understanding of vegetation-climate feedback and
its role in amplifying extreme climate events.

1. Introduction et al., 2010), is typically stronger in transitional and water-limited en-

vironments compared to energy-limited areas (Dirmeyer et al., 2013).

Changes in soil moisture regulate surface water and energy parti-
tioning by influencing evapotranspiration (Seneviratne et al., 2010),
which in turn affects local cloud formation and atmospheric boundary
layer, ultimately modulating large-scale circulations in downwind re-
gions (Taylor et al., 2011, 2012; Hsu et al., 2017). Soil moisture induced
land-atmosphere coupling (LAC), a measure of the strength of water and
energy exchanges between land surface and atmosphere (Seneviratne
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However, recent studies suggest that LAC hotspots are shifting towards
non-transitional regimes due to increasing net radiation, declining soil
moisture, and rising CO: levels (Denissen et al., 2022; Hsu and Dirmeyer,
2023). Such intensification of LAC has the potential to amplify com-
pound hydroclimatic extremes, such heatwaves and droughts (Zhou
etal., 2019; Miralles et al., 2019; Berg et al., 2016). Vegetation has been
hypothesized to play a further important control in LAC dynamics (Li
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et al., 2024; Zscheischler et al., 2015; Williams et al., 2015); however
empirical evidence is still lacking at large scales. Understanding the
underlying mechanisms controlling LAC dynamics is, therefore, a crucial
prerequisite for improving disaster risk management and enhancing
ecosystem resilience to climate extremes.

LAC has been typically assessed using regression method, physics-
based statistical method, process-based Earth system models
(Dirmeyer et al., 2011; Miralles et al., 2014; Schwingshackl et al., 2017;
Koster et al., 2006). For instance, Dirmeyer et al. (2011) estimated LAC
by combining the linear slope of evaporative fraction (EF) and the
standard deviation of soil moisture. Miralles et al. (2014) introduced a
metric to examine the coupling between soil moisture and air temper-
ature by quantifying the effects of soil moisture changes on energy
balance. In other studies, LAC was quantified as the coupling strength
between soil moisture and variables such as air temperature and
evapotranspiration, based on process-based model simulations from the
Global Land-Atmosphere Coupling Experiment (Koster et al., 2006). In
these studies, soil moisture has been regarded as a unique proxy for land
conditions, ignoring the control of vegetation on energy-water partition.
Vegetation plays a crucial role in influencing temperature and moisture
conditions through water and energy exchanges between land and at-
mosphere. For instance, an increase in vegetation cover generally re-
duces surface albedo ultimately enhancing solar energy absorption
(Wang et al., 2023; Tian et al., 2014). At the same time, greater vege-
tation density promotes evapotranspiration (latent heat flux) while
reducing sensible heat flux (Forzieri et al., 2020; Chen et al., 2023). The
relative net warming or cooling effect on land surface temperature re-
sults from the combination of such opposite radiative terms and turbu-
lent fluxes, further modulated by local environmental conditions
(Forzieri et al., 2020).

VC represents the bidirectional exchange of energy, water, and car-
bon between vegetation and atmosphere. Through stomatal regulation,
vegetation controls transpiration and photosynthesis, which not only
respond to atmospheric drivers such as radiation and vapor pressure
deficit but also feedback to the atmosphere by altering humidity, tem-
perature, energy partitioning and boundary-layer dynamics (De Kauwe
et al.,, 2017; Miralles et al., 2025). Some studies have attempted to
quantify the strength of VC from different perspectives. A
vegetation-atmosphere coupling index has been recently proposed to
account for the relationship between air temperature and vegetation
photosynthetic activity and explore the role of vegetation affecting LAC
in the evolution of compound heatwaves and droughts (Zscheischler
et al., 2015). This method is useful for identifying whether a region is in
an energy-limited or water-limited regime; however, it is less effective at
detecting the strength of VC. A decoupling metric Q was early proposed
to estimate the coupling degree between vegetation and atmosphere
(Jarvis and McNaughton, 1986). It was defined as the ratio of canopy
conductance (g.) to aerodynamic conductance (g,), scaled by the
moisture holding capacity of the atmosphere. Zhang et al. (2022) and De
Kauwe et al. (2017) have already used the metric to estimate the
strength of VC at site scale with FLUXNET sites’ observations. The
physical meaning of the metric represents the ability of vegetation to
exchange carbon and water with the atmosphere through the regulation
of its stomatal status.

The metric Q serves as a useful indicator for quantifying the strength
of VC. However, the long-term changes in VC and their underlying
mechanisms remain complex to be analyzed at large scales. One chal-
lenge is that when estimating g. with empirical models, such as Ball-
Berry-Leuning model (BBL), several parameters need to be calibrated
for different plant functional types, however the few and sparse distri-
bution of observation sites limits the applicability of the metric at large
areas. This is why Zhang et al. (2022) and De Kauwe et al. (2017)
employed the inverted Penman-Monteith equation, using latent heat
flux as an input, to estimate surface conductance. However, the derived
surface conductance inherently combines the effects of both vegetation
and bare soil, thereby compromising the physical interpretability of the

Agricultural and Forest Meteorology 379 (2026) 111051

metric. To overcome these limitations, Wang et al. (2017) and Stocker
et al. (2020) proposed a new approach (P model) to retrieve g. based on
eco-evolutionary optimality, thus capturing the response of optimal
stomatal behavior to environmental variables (Tan et al., 2021).

Despite the relevant insights gathered from these studies, a proper
quantification of the role of VC and its driving mechanisms at the global
level is still lacking, impeding a comprehensive understanding of the
effects of vegetation on LAC and on the evolution of extreme events. To
address this research gap, we used the o metric (the reciprocal of the
metric Q) to express the vegetation-atmosphere coupling by exploiting
two different physical models (P model, BBL model) to estimate g. and
two state-of-the-art meteorological datasets (ERA5 and MERRA2) as
input forcing. A Random Forest model was implemented to attribute VC
annual trends to LAI and climatic factors’ annual trends.

2. Methodology
2.1. Land surface products

Multiple datasets were exploited in this study to estimate VC values
and elucidate the underlying mechanisms. Monthly atmospheric vari-
ables were acquired from the reanalysis products ERA5 and MERRA2
and include: 2-meter air temperature and dewpoint temperature, near
surface pressure, wind speed, solar radiation downward, precipitation,
soil moisture, latent and sensible heat (Gelaro et al., 2017; Hersbach
et al., 2020). Air temperature and dewpoint temperature were used to
estimate VPD according to the formulation proposed by Allen et al.
(1998). Furthermore, the 10-m wind speed retrieved from ERA5 was
adjusted to the 2-meter level to be consistent with MERRA2 estimates
(Allen et al., 1998). The 1-meter soil moisture retrieved from ERA5 and
rootzone soil moisture from MERRA2 was used as water constrain to
estimate GPP values based on the P model and the BBL model (addi-
tional methodological details in the following section). It should be
noted that MERRA2 does not provide soil moisture values at the same
depths of ERA5, its rootzone soil moisture is selected. ERA5 covers the
period1940-present with a 0.25-degree spatial resolution, while
MERRA2 covers the period 1980-present with a 0.625 x 0.5-degree
spatial resolution.

The two models (P model, BBL model) exploited in this study to es-
timate g. require LAI data as input. To this aim, we used LAI retrievals
from the high-quality long-term Global Land Surface Satellite (GLASS)
product (Liang et al., 2021). GLASS LAI has a spatial resolution of
0.05-degree and it covers the period 1981-2018. The P model and the
BBL model produce GPP estimates as intermediate variable. To validate
their performance, independent GPP retrievals were acquired from
data-driven upscaling of FLUXNET sites’ observations for the period
2001-2020 and used as benchmark in this study (Nelson et al., 2024).

In addition to the data mentioned above, several necessary ancillary
datasets were also required for the estimation of VC. Global monthly
mean CO; values were obtained from National Oceanic and Atmospheric
Administration Earth System Research Laboratory for the period 1980-
to-present. CO, data was used as input to estimate g in the P and BBL
models. C3 and C4 vegetation percentages were derived from the In-
ternational Satellite Land Surface Climatology Project Initiative
(ISLSCP) II (Still et al., 2009) as a static map at 1-degree spatial reso-
lution and used as input for the P model. Global land cover types were
retrieved from ISLSCP II MODIS (Collection 4) International
Geosphere-Biosphere Program for the period 2000-2001 at 0.5-degree
spatial resolution to calculate g. within the BBL model (Friedl et al.,
2010). Vegetation height data was obtained at 1-km spatial resolution
from spaceborne LiDAR acquisitions (Simard et al., 2011) which was
used to calculate aerodynamical conductance.

2.2. Data preprocessing

All datasets described in the previous section were resampled to the
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common 0.5-degree spatial resolution through bicubic interpolation
method and the 1981-2018 was selected as reference period considering
the temporal overlapping of the available data. Land pixels with multi-
year average LAI lower than 0.1 were excluded from our analyses (Lian
et al,, 2018). The growing season was defined based on monthly
climatological temperature greater than 0 °C using ERAS as reference.
Such growing season definition has been compared with other methods
based on vegetation index, and is widely used in the related studies (Li
et al., 2023a; Feng et al., 2021). All monthly gridded values of
time-varying meteorological variables, LAI, CO-, and transpiration were
aggregated to the growing season level (Feng et al., 2021).

Global land excluding Greenland and Antarctica was classified in
three main climate zones: Arid region (aridity index<0.2), Transition
region (0.2<aridity index<0.65), Humid region (aridity index>0.65).
The aridity index was defined in this work as the ratio between pre-
cipitation and potential evapotranspiration. Here, we used the aridity
index during 1970-2000 provided by Zomer et al. (2022) to define these
three climate zones. Arid, Transition and Humid regions accounted for
16.30 %, 35.56 %, 48.14 % of global land, respectively Fig. 1.

2.3. Vegetation-atmosphere coupling

The vegetation-atmosphere coupling (VC) was represented through
the metric o (Ek et al., 2016; Zhang et al., 2022), a dimensionless var-
iable ranging between 0 and 1 indicating low and high coupling between
vegetation and atmosphere, respectively. Its analytical formulation is as
follows:

-1
[
14 &a

where m is the derivative of the saturation vapor pressure function with
respect to air temperature (Pa/ °C) and y represents the psychrometric
constant (Pa/ °C). Both parameters were obtained from Allen et al.
(1998). The aerodynamical conductance (g,) and the canopy conduc-
tance (g) are two additional essential parameters whose retrievals
required a series of additional modelling steps detailed below.

Ek et al. (2016) provided a clear physical interpretation of the metric
o, indicating that it quantifies the sensitivity of the transpiration-related
evaporative fraction to variations in soil moisture. As the evaporative
fraction is defined as the ratio of latent heat flux to available energy (i.e.
net radiation minus soil heat flux), it links surface energy partitioning to
hydrological conditions and serves as a key indicator in studies of
land-atmosphere coupling (Seneviratne et al., 2010). Due to its signif-
icance, several studies have employed the evaporative fraction to
develop a metric for quantifying LAC (Dirmeyer et al., 2011; Hsu and
Dirmeyer, 2023). The metric ® uses transpiration-related evaporative
fraction, actually reflecting the physiological capacity of vegetation to
regulate carbon-water exchange with the atmosphere through stomatal
control. Thus, it is regarded as the metric of representing the strength of
VC.

The reciprocal of the metric o (i.e., Q) is often used to estimate the
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strength of VC at the site scale, as discussed in the Introduction section.
Here, we compared these two metrics using the P model forced by ERA5
as an example (Fig. S1). In terms of the long-term global land average,
the two metrics yielded results that are reciprocals of each other.

2.3.1. The calculation of g,
g, is estimated based on an empirical relationship documented in
literature (Leuning et al., 2008; Zhang et al., 2019) as follows:
kKu,

8a = In[(2m — d)/2omIn[(2m — d)/2Z0v] 2

where zp,is the height at which wind speed and humidity are measured, d
is the zero-plane displacement height, z,m,and z,are the roughness
lengths that govern the transfer of momentum and water vapor,
respectively, kis the von Karman constant (0.41), and u,is the wind
speed measured at the height z,,. Besides, d, z,m, and z,,are estimated as
d= %h, Zom = 0.123h and 2,, = 0.12,,, where h is the canopy height
(Allen et al., 1998). Here, the reference height for wind speed and dew
point temperature was 2-meter, thus, z,,was set to 2-meter. The canopy
height h was derived from the global gridded dataset mentioned above.
However, the canopy height over areas with very sparse vegetation was
set to zero in the gridded dataset. To ensure that Eq. (2) was valid, the
canopy height for very sparse vegetation was set to 0.1 m (Vargas et al.,
2023).

2.3.2. The calculation of g. based on P model

The P model expresses g for C3 and C4 vegetation which differ in
their photosynthetic pathways. Traditional vegetation types (e.g. ever-
green coniferous forest, evergreen broadleaf forest) belong to C3 or C4
types. It is expressed as follows (Wang et al., 2017):

An
gc:16

66— 3
ol —7) ®

where A, is the carbon assimilation rate (umol/(m2 s)), ¢q represents
ambient CO, partial pressure (Pa), y is the ratio of ¢; to c,, with c; the
internal CO, partial pressure of leaf (Pa) and c, ambient CO5 partial
pressure (Pa). For C4 vegetation, y was set to a constant value (0.45) in
agreement with reported estimates in literature (Farquhar et al., 1989).
The g. for C3 and C4 (g, , &.,) were estimated with Eq. (3). To upscale g
from leaf to ecosystem scale, A, was replaced by GPP (Liu et al., 2022).
GPP, c;, and c, were obtained following methodology presented in
Stocker et al. (2020) and Tan et al. (2023). Soil moisture was used as
water constraint when estimating GPP. To this aim, rootzone soil
moisture was used from MERRA2, whereas one-meter soil moisture was
from ERAS. The ultimate estimate of g. accounting for the mixture of
differences between C3 and C4 vegetation at the pixel scale was derived
as follows:

8 = &, X percent.s + g, X percent. @

where percent.s and percent 4 reflected the fraction of C3 and C4 vege-
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Fig. 1. Spatial distribution of three main climate zones (Arid, Transition, Humid region) over global land (LAI>0.1) excluding Greenland and Antarctica. Arid region,
Transition region, and Humid region are defined with aridity index<0.2, 0.2<aridity index<0.65, aridity index>0.65, respectively. Regions with multi-year average

LAI < 0.1 were marked in white and not considered in subsequent analysis.
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tation.

2.3.3. The calculation of g, based on BBL model
gcis derived by exploiting the BBL model (Leuning, 1995) as follows:

g& =16 X((Cx*F)X +go)

where A, is the carbon assimilation rate (pmol/ (rn2 s)), Cs indicates COo
concentration of leaf-surface (ppm), I" represents CO, concentration’s
compensation point (ppm), VPDy is leaf-surface Humidity deficit values
(kPa), VPD (kPa) reflects the stomata sensitivity of VPD changes and set
to 0.35 kPa (Leuning, 1995), k and g are calibration parameters for
different land cover types. Here, m and g values were defined according
to Liu et al. (2022). The upscaling from leaf to ecosystem scale was
produced by replacing go, Cs, Ap, VPDg by go*LAI, atmospheric COy
concentration, GPP, VPD, respectively (Liu et al., 2022; Li et al. 2023b).
GPP was obtained using the standard Farquhar model following Wang
et al. (2017). Similarly to the P model, the estimation of GPP used soil
moisture values as water constraint.

k x A,

(1 + VPD,/VPDy) )

2.4. Attribution analysis

We used a random forest model (Breiman, 2001) to attribute the VC
annual trend to annual trends in LAI and climatic variables such as air
temperature (tas), soil moisture (mrso), solar radiation (rsds), VPD,
wind speed, surface pressure (sp) and CO». The trends were calculated
with Theil-Sen’s slope method (Wilcox, 2010). Furthermore, to better
discriminate emerging mechanisms across the globe, we focused on
three main climatic zones — namely arid, Transition and Humid regions.
A random forest model was implemented for each climate zone. For each
model run, we randomly split VC trends and predictor variables’ trends
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into two parts: keeping 75 % of pixels for training and the remaining 25
% for validation. The hyperparameters (leaf node count and regression
tree size) of the RF model were determined based on Bayesian optimi-
zation (Breiman, 2001). Model performance was estimated in terms of
coefficient of determination (R?) and Root Mean Square Error (RMSE).
To increase comparability across the RF runs, each variable’s impor-
tance score was divided by the sum of the importance scores of all
variables (i.e. percentages) (Dong et al., 2023).

3. Results

3.1. The spatiotemporal change characteristics of VC values over global
land

Fig. 2 illustrates clear spatial gradients in the long-term average of
VC, with markedly higher values observed in Arid regions and sub-
stantially lower values in Humid zones. This spatial pattern is robust
across different forcing datasets (ERA5, MERRA2) and canopy conduc-
tance (g.) models (P model, BBL model), particularly for the MERRA2-P
and MERRA2-BBL combinations. The response of VC values to the
aridity index is clearly illustrated in Fig. 2 (e). Denser vegetation types
(i.e., ENF, EBF, DNF, DBF forests) display lower VC values, whereas
sparser vegetation types such as GRA and SAV exhibit higher VC values
(Fig. 2 f).

Notably, the P model consistently yields slightly lower VC estimates,
particularly in Transition and Arid regions, compared to the BBL. Spe-
cifically, VC values derived from the P model range from O to 0.3 in
Humid regions and from 0.4 to 0.8 in Arid and Transition zones. In
contrast, the BBL model produces higher VC values—often between 0.7
and 1.0—in Arid regions such as the western United States, South Africa,
western Asia, and Australia. This discrepancy primarily arises because
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Fig. 2. Spatial distribution of the long-term average of VC during 1981-2018 estimated by the P model (ERA5-P, MERRA2-P) and BBL model (ERA5-BBL, MERRA2-
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the P model’s estimation of GPP is evidently higher than that of the BBL
model (see Fig. S2), which inflates g. estimates via Eq. (3) and conse-
quently lowers VC values according to Eq. (1). Regarding the influence
of reanalysis forcing datasets, ERA5 and MERRA2 generally yield
consistent VC estimates, except in regions with dense vegetation, where
MERRA2 tends to produce lower VC values over Amazon and Congo
rainforest, boreal forest relative to ERAS5. These findings underscore the
sensitivity of VC estimation to model structure and regional forcing data,
emphasizing the need for careful model selection and validation in land-
atmosphere coupling studies.

The annual trends of VC over global land from 1981 to 2018 are
analysed using each configuration of models and reanalysis datasets
(Fig. 3). For the P model, spatial patterns of VC trends are relatively
consistent between ERA5 and MERRA2. Increasing VC trends are
observed in western and eastern North America, most of South America,
central and southern Africa, eastern Europe, northern Asia, and eastern-
central Australia. Conversely, decreasing trends appear in northern and
southern North America, southern Africa, India, China, and central-
western Asia. The largest positive trends, ranging from 1 to 4 x 107
per year, occur in western Russia and northern China, while the greatest
negative trends, between -4 and -1 x 1073 per year, are found in western
India, China, and central Asia. The BBL model reveals predominantly
significant decreases in VC trends across most global land areas, notably
in central North America, eastern Europe, southern Africa, India, and
China, with magnitude exceeding 4 x 107> per year in some regions.
Overall, the spatial distribution of global VC trends seems primarily
influenced by the choice of the model used to retrieve g. rather than the
driving reanalysis dataset. For instance, the BBL model indicates wide-
spread decreasing VC trends globally, when compared to P model.

3.2. Forcing dataset’s agreement in VC trends

Fig. 4 illustrates that spatial distribution of forcing dataset’s agree-
ment in VC annual trends between ERA5-forced and MERRA2-forced
simulations with P model (a) and BBL model (b). For each model, if
both ERA5 and MERRA2 show an increasing (or decreasing) trend at a
given pixel, that pixel is classified as increasing (or decreasing). In P
model-driven results (Fig. 4 a), 32.27 % of the global land area exhibits

a P model b

Agricultural and Forest Meteorology 379 (2026) 111051

consistent increasing VC trends between ERA5 and MERRA2. These
regions include western North America, South America, central Africa,
western Russia, eastern Asia, and eastern Australia. In addition,
approximately 3.70 % of the global land area exhibits a significant
increasing trend, primarily distributed across central Africa. Conversely,
38.84 % of global land shows unanimous decreasing VC trends, notably
in middle North America, eastern Europe, central Asia, eastern China,
and India. 9.92 % of global land is significantly decreasing. By contrast,
under BBL model, the fraction of land with consistent increasing VC
trends decreases substantially to 14.12 %, while the proportion exhib-
iting consistent decreasing trends raises to 61.98 %. This shift is pri-
marily attributed to a reversal from positive to negative VC trends in
regions such as South America Europe, central-southern Africa, China,
and Australia. Besides, 24.22 % of global land significantly decreases,
especially in India, China, Africa, and Australia. These results highlight
that the agreement between ERA5 and MERRA2 forcing dataset on VC
trend direction is sensitive to the choice of conductance models.

3.3. Attribution of VC changes

To get insights on the drivers of VC annual trend during 1981-2018,
a random forest model was developed. We used LAI and climatic vari-
ables’ annual trends to predict VC annual trends across three climate
zones. In the subsection above, the annual trends of VC were mainly
determined by the models used to estimate g, rather than by the forcing
data. Fig. 5 shows the results of the P and BBL models, which represent
the averages of the attribution results from ERA5-P and MERRA2-P, and
from ERA5-BBL and MERRA2-BBL, respectively. Fig. 5 a—f presents the
importance scores (%) of independent variables’ trends for VC trends
estimated by P model and BBL model. LAI and wind speed emerge as the
dominant drivers of VC changes across Humid, Transition, and Arid
zones. In the Humid region, wind speed is the primary factor for both
models, contributing approximately 40 %, followed by LAI with over 20
%, while other variables contribute less than or close to 10 %. In the Arid
region, LAI become the leading factor, evidently exceeding wind speed.
In the Transition region, LAI and wind speed have the comparable
contributions. The choice of forcing dataset (ERA5 or MERRA2) have
only a minor impact on the attribution results of VC trends (Fig. S3).
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Fig. 3. Spatial distribution of annual trends in VC from 1981 to 2018 estimated by the P model (ERA5-P, MERRA2-P) and BBL model (ERA5-BBL, MERRA2-BBL).
Panels (a, b) show trends driven by ERAS, while panels (c, d) show trends driven by MERRA2. Dotted pixels indicate trends statistically significant at the 5 % level

based on the Mann-Kendall test.
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Fig. 4. Spatial distribution of forcing dataset’s agreement in VC annual between ERA5-forced and MERRA2-forced simulations with P model (a) and BBL model (b).
Red and blue pixels represent agreement between ERA5 and MERRA2 for positive and negative VC trends, respectively. Light red (noSig+) and light blue (noSig-)
pixels fail to reach statistical significance at the 5 % level, while dark red (Sig+) and dark blue (Sig-) pixels are statistically significant at the 5 % level. The global land
fractions exhibiting increasing or decreasing VC trends were calculated as area-weighted averages, accounting for the spatial extent of each pixel.

Marginal effect analyses (Fig. 5 g-h) reveal contrasting roles of LAI
and wind speed on VC. As the LAI trends transition from negative to
positive, VC shows a continuous decrease across all climate zones and
conductance models, with the strongest decline observed in the Arid
region. These results indicate vegetation greening (Zhu et al., 2016) is
making VC values decrease. Conversely, VC trends increase sharply with
rising wind speed before levelling off past a threshold. Increases in air
temperature and VPD generally enhance VC values, while higher soil
moisture tends to suppress them. The effects of solar radiation and
surface pressure are relatively subtle (Fig. S4).

4. Discussions
4.1. Uncertainties of estimating VC values with @

In this study, we employed the metric ® to estimate vegeta-
tion-atmosphere coupling (VC) values, representing the first global-
scale analysis of VC change characteristics. Despite the » metric is
derived through rigorous physical deduction, its estimation critically
depends on accurate modelling of g., which remains a significant chal-
lenge due to the complex response of stomatal behaviour under gradu-
ally increasing warming conditions. Li et al. (2023b) previously applied
both the P model and the BBL model to estimate g., subsequently
deriving global land transpiration by incorporating these g. estimates
into the Penman-Monteith (PM) equation. Their comparisons between
modelled transpiration and observations demonstrated that both models
perform relatively well in estimating g.

Relying on these promising results, we further evaluated the ability
of the P and BBL models to estimate gross primary productivity (GPP), a
key input for g. calculation, using a new data-driven GPP product based
on FLUXNET site observations. Fig. S2 compared global monthly GPP
estimates from the P and BBL models (forced by ERA5 and MERRA2)
with the FLUXGPP dataset at the pixel scale during 2001-2018. The P
model showed good agreement with FLUXGPP, with coefficients of
determination (R?) of 0.75 and 0.71 and root mean square errors (RMSE)
of 44.09 and 48.56 g C month™ for ERA5 and MERRA2, respectively,
with ERA5-P performing slightly better. The BBL model exhibited

similar patterns, with ERA5-BBL outperforming MERRA2-BBL (R? =
0.79, RMSE = 22.96 g C month™ vs. R*> = 0.65, RMSE = 32.99 g C
month™). Overall, these results confirm the robust performance of the P
and BBL models in estimating g.

To examine the contributions of the two main components (g, and
ga) to VC values estimated with o, we plotted the boxplots of long-term
average (1981-2018) g, (Fig. S5a), g. (Fig. S5b) across different land-
cover types, following Zhang et al. (2022). From the Fig. S5b, we found
that forest types, such as ENF, EBF, DNF, and DBF, exhibit higher g. due
to their higher GPP, whereas cropland and grassland types, with lower
GPP, show lower g.. Because forests with sufficient water supply
generally maintain active stomatal opening, which facilitates water-
—carbon-energy exchanges with the atmosphere (Flo et al., 2022). From
Fig. S5a, different land-cover types exhibit comparable g, in ERA5-P and
ERA5-BBL, whereas forest types show smaller g, in MERRA2-P and
MERRA2-BBL compared with cropland and grassland types. However,
observations from FLUXNET sites indicate that forest types have higher
ga than cropland and grassland types (Zhang et al., 2022). The
discrepancy in g, between the estimates in this study and site observa-
tions from FLUXNET may lead to lower vegetation—atmosphere coupling
for forest types when quantified using the metric ®. The estimation of g,
is primarily controlled by wind speed (Villalobos et al., 2024). There-
fore, we further plotted boxplots of wind speed across different
land-cover types (Fig. S5c). By comparing Fig. S5a and S5c, we found
that wind speed largely determines the variation of g, among different
land-cover types. These results indicate that the uncertainty in g, esti-
mation in this study mainly arises from uncertainties in wind speed. In
the future, more accurate simulations of wind speed using advanced
assimilation and artificial intelligence techniques could improve the
estimation of g, and the precision of vegetation—-atmosphere coupling
strength quantified by the metric o (Ivanova et al., 2025; Liu and Yang,
2025).

In this study, we used one empirical method, BBL model, and one
optimal approach, P model, to estimate g. at the global land scale. In
both methods, vegetation photosynthesis serves as an important input
parameter. Actually, vegetation photosynthesis can become decoupled
from leaf stomatal conductance under extreme climate conditions (Diao
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Fig. 5. Relative importance scores ( %) of LAI and climatic variables’ annual trends for predicting VC annual trends during 1981-2018. Panels (a—c) and (d-f) show
results for P model and BBL model, respectively, across Humid, Transition, and Arid climate zones. Panels (g) and (h) depict the marginal effects of annual trends of
LAI and wind speed on VC annual trends. The P and BBL models represent the average of the attribution results from ERA5-P and MERRA2-P, and from ERA5-BBL

and MERRA2-BBL, respectively.

et al., 2024; Marchin et al., 2023; De Kauwe et al., 2019). For example,
under extreme heat conditions, vegetation photosynthesis is strongly
inhibited, while transpiration increases to effectively cool leaves below
air temperature (Marchin et al., 2023). This provides new insights into
how to improve stomatal conductance modelling under extreme climate
conditions and to further investigate the characteristics of vegeta-
tion-atmosphere coupling under such conditions.

The present contribution is a first step trying to characterize
vegetation-atmosphere coupling at the global scale using a compre-
hensive metric such as ®. This task presents inherent complexity due to
the different vegetation physiological response to the factors involved,
further exacerbated to the changes in climate and the feedbacks from
vegetation adaptation response (Liu et al., 2024).

4.2. Evaluation of attribution method uncertainty

We analyzed VC annual trends using the ® metric as a function of an

ensemble of LAI and climatic variables. Quantifying the contribution of
each independent variable trends to VC trends is challenging due to the
complex, nonlinear relationships involved. To address this, we
employed a random forest regression approach, which accounts for
nonlinear relationships between independent variables and response
variable. Potential collinearity among the independent variables is also
well managed by this method.

Fig. S6 presents the validation performance of the random forest
models for the period 1981-2018 across Humid, Transition, and Arid
climate zones estimated by ERA5-P, ERA5-BBL, MERRA2-P, MERRA2-
BBL. The models demonstrated strong predictive capacity, with co-
efficients of determination (R?) ranging from 0.56 to 0.71 and root mean
square errors (RMSE) between 5.71 and 11.8 x 1074,

These results corroborate the choices in our modelling approach.
Firstly, they confirm the robustness of the random forest approach in
capturing the nonlinear dependencies between VC and its driving vari-
ables, supporting its use for attribution analysis in this study. Secondly,
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the models’ performances support the selection made on the predictive
variables in explaining the response variable, since they explain between
56 % to 71 % of the variance in VC.

4.3. VC results comparison

We found that the estimation of VC using the o metric yields VC
values that are the highest in the Transition and Arid regions, where
water availability limits vegetation activity, and lowest in the energy-
limited Humid region (Fig. 2). This pattern reflects the fundamental
ecological principle that vegetation in water-limited environments reg-
ulates g. to adapt to environmental stresses. For instance, if limited
water availability is sensed by the vegetation, i.e. in case of declining soil
moisture, a cascade of physiological responses aimed to spare water loss
are implemented (stomata closure, reduced g. and thus transpiration).
These mechanisms are all modulated by the vegetation, thereby
strengthening vegetation control over land-atmosphere coupling, re-
flected in higher VC values. In contrast, in energy-limited or Humid
regions, where the atmospheric water demand remains low or the water
supply from the soil is enough to balance the losses, vegetation has no
physiological reason to close stomata and slow down the assimilation
processes. Therefore, the stomata of vegetation are usually more active,
the effect of vegetation on LAC gradually diminishes, resulting in the
lower VC values (Miralles et al., 2025; Denissen et al., 2022; Dirmeyer
et al., 2011). This spatial pattern aligns well with previous studies using
alternative metrics (Denissen et al., 2022; Dirmeyer et al., 2011) and is
robust across different forcing datasets and g. estimation models.

The attribution analyses based on random forest models (Fig. 5)
confirms these hypotheses. Our results identify LAI and wind speed as
the primary drivers of VC changes. In addition, LAI influences g. and
thus energy partitioning through transpiration regulation (Yang et al.,
2023; Lu et al., 2021), while wind speed enhances atmospheric turbu-
lence, facilitating matter and energy exchange between vegetation and
the atmosphere. Higher wind speeds increase aerodynamic conductance
(ga), especially in densely vegetated areas (Villalobos et al., 2024;
Angelini et al., 2011). Indeed, LAI contributes more than wind speed in
Arid regions, whereas wind speed dominates in the Humid region,
indicating a relatively weaker vegetation control on VC in
energy-limited zones and a stronger influence of atmospheric turbulence
(Yang et al., 2023; Villalobos et al., 2024).

Marginal effect analyses (Fig. 5 g-h) further confirm LAI and wind
speed as dominant factors, where both appear to exert a saturation-like
effect. Increasing LAI expands the transpiring surface area, which—-
under conditions of sufficient soil moisture—enables vegetation to sus-
tain higher photosynthetic activity through enhanced transpiration
without experiencing water stress. However, beyond a critical LAI
threshold, soil moisture availability may become insufficient to meet the
elevated transpiration demand associated with further LAI increases.
This limitation induces stomatal closure, causing vegetation to transi-
tion from a passive reliance on soil moisture to an active regulation of
water loss via stomatal conductance. Consequently, the plant prioritizes
water conservation over carbon assimilation, resulting in a plateau in
the LAI-VC relationship, where VC stabilizes rather than continuing to
decline. Conversely, wind speed could enhance turbulence, facilitate the
exchange of matter and energy between the atmosphere and vegetation.
It should be noted that the higher the wind speed, the greater the tur-
bulence intensity, which in turn increases the atmospheric aerodynamic
conductance (g,), particularly in areas with dense vegetation (Villalobos
et al., 2024; Angelini et al., 2011).

Increases in soil moisture slightly reduces VC, consistent with the
notion that enhanced water availability reduces vegetation’s regulatory
capacity. This aligns with the lower VC values observed in Humid re-
gions (Denissen et al., 2022). Additionally, increases in air temperature
and VPD lead to higher VC values by enhancing atmospheric water
demand and canopy transpiration (Li et al., 2023a; Zhou et al., 2019).

Agricultural and Forest Meteorology 379 (2026) 111051

5. Conclusions

In this study, we analysed the temporal and spatial variations of VC
values using the metric ® and quantified the contributions of LAI and
climatic variables’ annual trends to VC annual trends using a non-linear
random forest model. The key conclusions are as follows:

(1). Spatial distribution of VC values: two g. models show similar
spatial patterns in multi-year averages that the highest VC values are
observed in Arid regions, the lowest VC values are in Humid regions,
and Transition regions exhibit intermediate values.

(2). Model agreement of VC trends: across all models, 38.84 %-61.98
% of global land shows decreasing VC trend, particularly in regions
such as northern and southern North America, parts of central and
southern Africa, Europe, central Asia, India, China, and the mid-west
of Australia.

(3). Key drivers of VC changes: LAI and wind speed are the primary
drivers of VC trends across Humid, Transition, and Arid regions.
Increasing LAI would reduce VC values, while increasing wind speed
increase VC values.
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