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% Check for updates The ongoing four-decade increase in global leaf area index (LAl), inferred from

satellite observations, suggests enhanced carbon sequestration and evapora-
tive cooling with potential benefits that may help mitigate climate warming.
However, the role of vegetation cover change in driving these trends remains
debated, raising concerns about the potential effects of reforestation and
deforestation on ecosystem-climate interactions. Here, we develop a data-
driven framework combining satellite-based observations to quantify the
contributions of vegetation cover change to LAl dynamics across space and
time. We find that vegetation cover change explains 18.1 + 5.9% of the observed
LAl increase since the 1980s, with pronounced contribution from increased
tree cover primarily occurring in the northern hemisphere (33.8 + 3.6%), par-
tially offset by deforestation mainly taking place in the southern hemisphere
(-15.7 £3.1%). Increases are most prominent in forestation regions such as
China and Europe, while the sensitivity, defined as LAI change per unit per-
centage of tree cover gain, is lower than declines induced by deforestation in
tropical areas. Our findings reveal that vegetation cover change is already, and
increasingly, shaping global LAl dynamics to a greater extent than previously
recognized, with important implications for future LAI trajectory projections,
model development, and climate mitigation policies.

A worldwide increase in leaf area index (LAI) has been reported based
on satellite observations over the past four decades'™®. This emerging
signal can partially alleviate global warming by promoting vegetation
productivity and enhancing the land carbon sink’?, as well as sus-
taining plant-driven evaporative cooling and accelerating the hydro-
logical cycle'®"2. Consequently, increased LAl assumes a crucial role in
climate mitigation and ecosystem resilience, drawing considerable
interest in global change science®.

Vegetation cover change (VCC), encompassing facets including
reforestation, deforestation, and cropland expansion, has the poten-
tial to directly enhance or suppress LAl increases by altering vegetation
extent and function*"*. While various indirect climatic and ecological
factors®, including CO, fertilization™'¢, climate change (e.g., tempera-
ture, water availability, solar radiation)””, nitrogen deposition’, and
agricultural management practices*'’, have been extensively studied
as drivers of regional and global LAl increase, the specific contribution
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and impact of VCC on observed LAI changes remain contested?. As the
world intensifies commitment to forest restoration and conservation
as nature-based solutions to combating climate change®, unraveling
the complexities of VCC-induced LAI increase becomes ever more
critical. The urgency in doing so is underscored by reports revealing
the persistent challenge of reducing deforestation despite previous
efforts”. Enhanced understanding of the role of VCC in driving LAI
changes can aid refining parameterization of vegetation processes in
Earth system models, thereby improving the accuracy of projected
vegetation dynamics and associated ecosystem benefits***,

Previous modeling studies have suggested that CO; fertilization is
the dominant contributor to the global rise in LAI*", while the effects
of VCC were estimated to account for only 4% of the observed trend”.
Conversely, studies utilizing field and satellite observations have
emphasized a distinct overlap between croplands and observed LAl
increases, particularly prominent in China and India*", leading to
inferences that human agricultural management could potentially
explain more than 33% of global LAI changes*. However, the influence
of VCC on LAI change was blended among land management changes
in their analyses. Much of the conflicting results and uncertainties may
arise from the lack of comprehensive statistical exploration that can
effectively separate the contributions of individual factors®*, as well
as limitations in models that inadequately represent fine-scale land-use
practices and parameterize physical processes*>?. Specifically, large-
scale forest restoration and tree planting®°, along with commaodity-
driven deforestation®**?, have undoubtedly reshaped global vegeta-
tion cover™. Yet, their contribution to Earth’s LAl changes remains
unclear, as only a few studies have investigated the influence of VCC
over limited regions®**. To date, there is a substantial lack of quanti-
tative, data-driven attribution of LAl changes in response to VCC,
raising concerns about the impact of VCC-related policies and actions
for ecosystem monitoring and climate mitigation.

To tackle these challenges, we develop a framework based on
statistical models that utilize satellite-observed LAl data and the
vegetation continuous fields (VCF) product™ as inputs, covering the
satellite era (“Methods”, Supplementary Figs. 1-5). The maximum
monthly LAI® is used because the VCF data identify the vegetation
composition at the local peak growing season'. First, we decompose
the greenness parameters () within 3° x 3° grids in each year for three
different land-cover categories—tree cover (B;c), short vegetation
(Bsy), and bare ground (Bg;)—using LAI and VCF observations at the
original resolution. The greenness parameters () represent a grid-
averaged LAI value under the assumption of 100% coverage of each
vegetation type within the grid cell. This is achieved using an improved
Bounded-Variable Least Squares approach, which not only defines
value ranges but also imposes constraints on the relative magnitudes
of these three variables (Eqs. 1-3). Next, we reconstruct LAI (denoted
as oLAl) across 3° x 3° grid, regional and global scales based on the
decomposed greenness parameters () and the proportion of each
land-cover type, then calculate the trend of reconstructed LAI
(6LAI) (Egs. 4-6).

To attribute the drivers of LAI changes more precisely, we cate-
gorize them into two distinct groups: (1) LAl change signals related
exclusively to VCC (§VC), and (2) LAl trends induced by indirect factors
in areas where vegetation cover remained unchanged, calculated as
the residual (8ID =8LAI — 8VC) (Supplementary Fig. 1). The statistical
models are validated by comparing the reconstructed oLAIl and SLAI
with observations across various scales (Supplementary Figs. 6, 7 and
Supplementary Table 1). In parallel, we demonstrate the robustness of
our results by comparing against the annual mean LAI that is used to
represent vegetation greenness, using other alternative long-term
satellite products, and at variable grid spacings ranging from
0.5°x0.5° to 5°x 5° (“Methods”). Importantly, our approach focuses
on distinguishing LAI changes exclusively associated with VCC, pro-
viding solid, quantitative observational evidence of the LAl changes in

response to VCC, rather than isolating specific natural or anthro-
pogenic factors as in previous studies.

Results and discussion

Attributing Earth’s LAI changes

Globally, there has been a significant increase in satellite-observed
maximum monthly LAl of 0.093 m’m™ decade™ (standard error of the
mean (SEM) = 0.011 m*m™ decade™; statistical significance was asses-
sed using a two-sided ¢ test: t(32) =8.12, p <0.001) since the early
1980s. In agreement, our statistical model reconstructed a consistent
trend of 0.094+0.012m’m™? decade™ (mean+SEM; t(30)=8.04,
p<0.001), demonstrating its robustness in capturing the temporal
variation and trend of the observed LAI changes (cLAI and SLAI in
Fig. 1a; r=0.997; Relative Bias=1.3%). At the grid-level, the recon-
structed annual oLAI shows strong correlations (r >0.99) and minimal
bias (< +0.03 m?2 m~2) in over 95% of the grids (Supplementary Fig. 6).
Overall, the reconstructed SLAI demonstrates high accuracy, particu-
larly in areas with significant LAl changes (Supplementary Fig. 7).

The reconstructed global trend is further attributed to individual
and combined drivers associated with VCC (Fig. 1b). VCC contributed
18.1+5.9% of the global LAI increases (0.017 + 0.005 m*m™ decade™;
t(30)=3.09, p<0.01), with the main contribution coming from
increased tree cover (25.8%), which was partially offset by reduced
presence of short vegetation (-7.4%) and bare ground (-0.3%).
Despite the decline in global bare ground cover", its contribution to
global LAI changes remains minimal due to its notably lower LAI
parameters (Bg;) compared with tree cover and short vegetation
(Supplementary Fig. 5). Focusing on regions where significant signals
of LAl change were observed*®, such as China, Europe, India, Sahel, and
Brazil, we find that 8VC can reach amean of up to 0.030 + 0.006 m*m™
decade™ (t(30) =5.16, p < 0.001). This accounts for 20.6 +4.0% of the
LAI change in these areas (Supplementary Fig. 8).

At the continental level, Europe stands out with the highest
magnitude of areal mean SLAI, where 8VC dominates, accounting for
54.2% (Fig. 1c, d). Asia plays the most dominant role in global LAI
trends, contributing 33.0% to overall changes, with 6V C explaining
38.3% of regional variation and 12.5% of global shifts (Fig. 1d and
Supplementary Table 2). VCCs in North America and Africa affect their
regional LAl variations by 23.9% and 14.0%, respectively. In contrast, in
South America and Oceania, the contributions of 8VC are negative
(-35.9% and -20.8%, respectively), indicating a decline in LAl due to
forest loss. However, this signal is outweighed by the enhanced growth
of existing vegetation at scales of tens to hundreds of kilometers
(Fig. 1d versus Supplementary Fig. 9). Generally, changes of tree cover
fraction are the primary factor driving 6VC, except for Africa, where
increases in short vegetation fraction play a more prominent role.

To ensure robustness of our findings, we tested our model under
different settings (Methods). In addressing uncertainties related to the
representation of vegetation greenness, we conducted additional tests
using the annual mean LAl instead of the maximum monthly LAI
(Supplementary Fig. 10). To assess uncertainties associated with dif-
ferent LAl datasets, we performed analyses using three alternative
long-term satellite products (Supplementary Figs. 11-13). These tests
reaffirmed the validity of the non-negligible role of 8VC in our main
analysis. In addition, the effect of varying spatial analysis scales showed
that the proportions of 8VC consistently fell within a similar range,
reinforcing the reliability of our findings (Supplementary Table 3).

Contrasting effects of regional vegetation cover change on LAI
changes

The magnitude of §VC exhibits a noticeable latitudinal gradient, with a
contrast between the two hemispheres (Fig. 1e). The overall positive
6VC globally results from LAI increases that mainly occur in the
northern hemisphere (33.8+3.6%; 0.031+0.003m’*m™ decade™,
t(30) =9.43, p<0.001), compared with LAI decreases due to forest
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Fig. 1| Attribution of Earth’s LAI changes. a Temporal variation of global land
average maximum monthly LAI derived from the GIMMS LAI3g data* (gray line,
n=1544 grids for each year) and the model reconstruction (cLAI; green dots,
n=1544 grids) for the period 1982-2015, with gray shaded areas and green vertical
bars representing the 95% confidence interval (two-sided ¢ test) respectively. The
dashed line (SLAI) is the least squares regression of oLAI against time (two-sided ¢
test, p < 0.001). b Attribution of SLAI to vegetation cover change (§VC) and its
corresponding individual drivers. Bar heights represent the mean fractional con-
tribution of each driver, calculated as the trend in LAI change under that driver
weighted by grid area, divided by the reconstructed SLAI, and error bars indicate
the standard error of the mean (SEM) of the mean contribution. Statistical sig-
nificance is assessed using a two-sided ¢ test (d.f. =30, n = 1544 grids for each year),

with asterisks indicating significance levels: **p < 0.01; *p < 0.05; n.s., not significant.
¢ Magpnitude (bars) and the SEM (gray horizontal lines) of the model reconstruction,
as well as the mean value of observation (green vertical lines) in Africa (n=216
grids), Asia (n=553), Europe (n=174), North America (n =335), Oceania (n=93),
and South America (n=173). d Spatial pattern of reconstructed §VC at 3° x 3° grid
spacing. Dots represent statistically significant at p < 0.01 (two-sided ¢ test, d.-
f.=30). The insets show the attribution of SLAI (mean + SEM, follows the same
definition as in panel (b) over the six continents, with sample sizes for each group
match those in panel (c). e The latitudinal gradient of positive 8VC (increase),
negative 6VC (decrease), and the net 8VC at 3° intervals. Source data are provided
as a Source Data file.

loss primarily in the southern hemisphere (-15.7+3.1%;
-0.014 £ 0.003 m*m2 decade™, t(30) = - 4.96, p < 0.001) (Fig. 2a). The
temporal variations are generally consistent with major forestation or
conservation projects, including the forest recovery following land
abandonment in Eastern Europe and European Russia since the late
1980s (ref. 27), the Grain for Green Program and the Natural Forest
Protection Program implemented around 2000 in China’®%, and the
Bonn Challenge which started in 2011 (ref. 28). From 2003 to 2015, the
VCC-induced LAI (cVC) reveals a substantial enhancement, consistent
with the previously reported reversal of terrestrial biomass resulting
from forest expansion mainly in Asia and Europe®.

Spatially, clusters of positive SVC are primarily found in recently
afforested areas, spanning regions in China, Europe, the Middle Africa
Climatic Transition Zone (MACTZ), Eastern Siberia, and the eastern
United States, as well as in areas that experienced agricultural inten-
sification, such as India and northern China (Fig. 1d and Supplementary
Fig. 3b). The contribution of VCC could reach up to 29-73% in those
areas (Fig. 2b). Notably, in China, 6V C contributes to 72.5% of the
nationwide SLAI, affirming the primary role of VCC in shaping long-
term shifts in vegetation greenness of China®, This is likely in response
to national programs such as the Great Green Wall of China, which

initiated in 1978 and is expected to continue until 2050, making it the
largest afforestation initiative in human history”. India exhibits the
highest magnitude of 6VC, due to both the positive effects of agri-
culture expansion and tree cover gain, along with a substantial
decrease in bare ground (Fig. 2b, c). The contributions of §VC from
Russia, China, MATCZ, and the European Union to the global SLAI
exceed those of India, and these four regions collectively account for
17.1% of Earth’s LAl increase (Fig. 2c and Supplementary Table 2).

In contrast, negative 6VC predominates in Brazil, Argentina,
Madagascar, and the Miombo woodlands in south-central Africa
(Fig. 1d). Specifically, in Brazil and Argentina, 8VC contributed to 8LAI
of about -50% (Fig. 2b). Some LAI increases in these areas largely
resulted from indirect factors* such as CO, fertilization, climate
change and nitrogen deposition®’ (51D; Supplementary Fig. 9a). These
indirect increases may have offset the deforestation-induced decrease
in LAI at a regional scale over the past four decades (Fig. 1d versus
Supplementary Fig. 9b). However, the persistence of these benefits
amidst escalating disturbances cannot be guaranteed. If deforestation
continues and warming intensify, the current buffering effect may
weaken, leading to accelerated LAI decline and the potential disrup-
tion of tropical forest ecosystems, which are renowned for their
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Fig. 2 | Spatial variations of vegetation cover change-induced global LAI
changes. a Temporal anomalies of VCC-induced LAl change (cVC) are shown in
grids with positive 8VC, negative 8VC, and globally. Gray shades represent the 95%
confidence interval of 6VC (two-sided ¢ test). Trends (mean + SEM) of cVC and the
statistical significance are assessed using a two-sided ¢ test and presented in the
figure. The names and initiate years of major VCC programs and progresses are
listed (refs. 26-30). b Magnitude (bars) and the mean fractional contribution
(vertical lines) of 6VC on SLAI in main countries and regions. Bar heights represent
the mean value of §VC weighted by grid area, and error bars show the SEM. The
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significance of 8VC is indicated by asterisks: **p < 0.01; *p < 0.05; n.s., not significant
(two-sided ¢ test; sample numbers for each country or region are given in Supple-
mentary Table 1). The abbreviation DRC stands for the Democratic Republic of the
Congo. MACTZ, denoting the Middle Africa Climatic Transition Zone, covers a
broader region comprising the Sahel and an adjacent belt of savanna climate to the
south. For a comprehensive list of the countries within this zone, please refer to
Supplementary Table 1. ¢ Magnitude of TC and 6SV in main countries and regions,
with the color denoting their contribution of §VC to global SLAI. Source data are
provided as a Source Data file.

biodiversity and high productivity*”*®. Further assessment of the sen-
sitivity of SVC to vegetation cover changes across continents reveals
that the sensitivities to tree cover losses in South America
(- 0.306 + 0.010 m*m decade™ per 10% tree cover loss, t(151) = 31.24,
p<0.001) and Oceania (- 0.360 + 0.015, t(42) =24.22, p <0.001) are
notably higher than those linked with tree cover gains in Asia
(0.264 + 0.008 m*m2 decade™ per 10% tree cover gain, t(423) =31.65,
p<0.001) and Europe (0.218 + 0.009, t(166) =24.73, p < 0.001) (Sup-
plementary Fig. 14). This emphasizes the detrimental consequences of
losing carbon-dense forests in tropical regions, meanwhile high-
lighting the urgent need for effective forest protection and
management®*°,

Increasing contribution of vegetation cover change over time

The contribution of VCC to LAl trends has increased progressively over
time (Fig. 3a). Analyzing the time series of §VC with expanding win-
dows since 1982, we observe a significant upward trend at a rate of
0.017 + 0.001 m*m™ decade (t(16) =12.36, p < 0.001) from the period
1982-1997 to 1982-2015. This increase is driven by a reduction in LAI
decreases (LAl,) from forest loss (0.012+0.001m’m™? decade;
t(16) =17.23, p<0.001) and an amplification in LAI gains (LAI") from
vegetation expansion (0.005+0.001m*m™ decade®; t(16)=5.33,
p <0.001). Concurrently, 8VC holds an increasingly prominent role in
Earth’s LAI changes, following a nonlinear growth pattern over time.
Globally, the fraction of total LAl changed explained by §VC increased
from around -10% before 2003 to a peak of 20.6% in 2009, followed by
a slowdown in the 2010s (Fig. 3a). This fluctuation may reflect a stalling
of LAl increases by indirect factors during the 2000s (ref. 24). At the

continental level, the increased magnitude and contribution of §VC
from both enhanced LAI" and reduced LAI, are also evident in Asia,
Europe, North America, and South America (Supplementary Figs. 15,
16). Meanwhile, a declining trend in vegetation gain in Africa has led to
a steady weakening of 8VC. Overall, our findings highlight the
increasing role of VCC in driving LAl changes, particularly prominentin
the 2000s.

The spatially heterogeneous trends in 8VC across countries
and regions reflect diverse VCC processes and geographical
constraints (Supplementary Fig. 17). In areas where increases in
tree cover expansion dominated VCC, such as the Loess Plateau in
China, Carpathian Mountains in Europe, and eastern United
States, 6VC increased substantially in the 2000s, reaching
0.10-0.20m*m™ decade™. In contrasts, water-limited savannas
in Central Africa exhibited a gradual long-term decline in
8VC during the past four decades (Fig. 3b, c), suggesting a
potential future leveling-off of vegetation greenness under
increasing water constraints in newly afforested areas like the
Loess Plateau**?. In northwest India, where short vegetation
expansion dominates VCC, a slight decreasing trend of 6VC exists
(Fig. 3b, ¢). In regions that experienced deforestation, such as
Cerrado and Gran Chaco in South America and Madagascar, the
significant negative 6V C exhibits a decreasing trend, reflecting a
reduction in VCC-induced LAI, during 1982-2015 (Fig. 3d).

Implications for nature-based solutions
The influence of VCC, which reshaped the vegetation structure
worldwide over the last four decades, has significant policy

Nature Communications | (2025)16:9259


www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-64305-1

a 4o — ; ; ; ; ; ; 50 b .
. _% sVC SERa
- L2 B Increasing ] = S
S S Decreasing < s % 2F] =

o o = o e
3 § o Contribution of §VC o a7 107
% 5r = E 125 Z SD
) 5 y

4
(\JE [ 1 g D o/
= E 6]
S 0r 10 £ 7T/ s
o =
=2 UL o
g L | &]
o
-5 ' ' ' ' ' ' ' -25 Dominant driver of 6VC

1997 2000 2003 2006 2009 2012 2015 §TC- 4SV- 6SV+ &TC+
c Loess Carpa_thian Eastern United C(_entral Nort_hwest d Cerrado (6) Gran Madagascar (8)

Plateau (1) Mountains (2)  States (3) Africa (4) India (5) Chaco (7)
= T T T T T T
s . : CEEEE EEET BEEE
Q B o L g *x * 7
g L [T w1 L
3 I g A RV PV B L p WTs:
e B R TR TR | U] i
o n.s. i
IS ( -20 - 1 & o n.s. 1
5 0 [ 1 [ I | I ] [ o J 1982-1997
S 1 I 1982-1997 1982-2009 | ** " 1982-2003 |
o 1982-2003 1982-2015 -30 J * 1982-2009
= -10 ) . ] x 1982-2015

Fig. 3 | Temporal variations of vegetation cover change-induced global LAI
changes. a Temporal dynamics of §VC (orange line), area-weighted mean 8§VC in
grids with gross increases (LAI"; green bars) and gross decreases (LAl,; brown bars)
with expanding windows fixed starting from 1982 (left y-axis; two-sided ¢ test,
n=1544 grids), as well as variations in the corresponding contributions of §VC to
global LAI change (blue line; the ratio of 8VC to S8LAI; right y-axis). Inset bars show
trends for the accumulated 8VC time series, and error bars indicate the SEM of the
mean trend (two-sided ¢ test, d.f. =16). Trends and statistical significance were
estimated using the ordinary least squares regression, with two asterisks denoting

p <0.001. b Dominant driver of 5VC in those grids with significant §VC trends. Eight
typical regions with a higher magnitude of 6VC are highlighted in rectangles (each
covers 9 grids). ¢, d Temporal variations of 8VC during four expanding windows
since 1982, ending in 1997, 2003, 2009, and 2015 over the eight typical regions. Bar
heights represent the area-weighted mean §VC, and error bars indicate the SEM of
the mean trend. Statistical significance is assessed using a two-sided ¢ test (d.f. =13,
18, 24, 30, respectively), with asterisks indicating significance levels: *p < 0.01;
*p < 0.05; n.s., not significant. Source data are provided as a Source Data file.

implications®>***>, The non-negligible role of VCC-related actions in
LAI increase is primarily driven by afforestation in the northern
hemisphere**°, However, on a global scale, this effect is partially
offset by the LAI declines associated with widespread tropical defor-
estation and degradation'***', Some regions, such as southeastern
Amazonia, have transitioned from being carbon sinks to carbon
sources due to forest loss and disturbance®*®. Deforestation in areas
like the Cerrado and Gran Chaco resulted in negative SVC values,
directly countering the benefits of indirect factors and leading to a
shift from LAl increase to decrease (Supplementary Figs. 2 and 9).

Apart from forest change dynamics, cropland management,
such as irrigation, fertilization, and species transformation, has also
affected the LAI variability without altering the vegetation cover
type. A recent study* highlighted that human land-use practices
might contribute to more than one-third of the observed Earth’s LAl
increases, particularly in areas with extensive croplands, notably
China (25%) and India (6.8%). Building on their conclusion that over
one-third of global LAl increase is linked to direct land-use practices,
our approach provides a more precise partitioning of LAl change
signals. We estimate that cropland management without vegetation
cover change (8SC) accounts for no more than 14.2 +2.0% (“Meth-
ods”; Supplementary Fig. 18a, b). This lower contribution compared
to VCC is evident in China (15.6% of 8SC versus 72.5% of 6VC) and
India (37.3% versus 43.5%), underscoring the necessity to distinguish
the long-term LAI change signals induced by land-cover transition
from those caused by land management alone (Supplementary
Fig. 18c, d and Supplementary Table 3). Generally, agricultural
intensification (management) predominated in developed regions,
whereas agricultural-related LAl increase was primarily attributed to
cropland expansion (VCC) in less developed regions**.

Concerns have persisted for decades regarding how climatic dri-
vers affect global LAl dynamics?, motivated by negative feedback loops
within the biosphere responding to climate change®. Recent findings
point to a weakening or saturation trend in the observed LAl increase,
along with elevated CO, concentration and warming in this century®***,
as well as the adverse effects of extreme events and decreasing water
availability on vegetation photosynthesis***°. However, relying solely
on satellite-observed LAl may obscure the true effects of those drivers,
as VCC can partially mask the climatic signals of LAl change at the local-
to-regional scale. Our results suggest that VCC may play an increas-
ingly important role than previously thought, implying that the
impacts of indirect factors on LAl increases may be overestimated.
Hence, there is an urgent need to carefully exclude VCC impacts from
the broader LAI changes and revisit the underlying mechanisms gov-
erning natural vegetation dynamics. Unfortunately, the ongoing
intensification of ecosystem disturbances worldwide creates uncer-
tainty in future LAl dynamics, with potential reductions driven not only
by increasingly frequent extreme events, but unchecked deforesta-
tion, agriculture expansion, urbanization, and expanding energy
infrastructure?>*’,

Our findings contradict the commonly held belief in ecosystem
models that the contribution of vegetation cover change to LAl
dynamics (§VC) is minor™?. This is evident in the notable difference
between the model-projected 8VC of 4% (ref. 3) and our higher
observational attribution of 18.1+5.9%. Ecosystem models likely
underestimate the influence of VCC due to their omission or under-
representation of the complex patterns of land-use practices and cri-
tical physiological processes*****, which lead to an overemphasis on
the benefits of indirect factors. While VCC’s influence on LAI dynamics
is evident, with a majority of VCC in this study linked to direct human
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activities™, our aim is not to distinguish between anthropogenic and
natural changes due to the coarse resolution of observations and the
complexity of their interactions. Instead, our data-driven assessment
highlights the role of VCC-related nature-based solutions in shaping
LAI dynamics, both historically and in future projections. These solu-
tions—such as forest preservation, ecological restoration, and
afforestation*°—support climate mitigation goals while offering co-
benefits like terrestrial carbon uptake, biodiversity conservation, heat
stress reduction for humans and livestock, improved ecosystem ser-
vices, and greater resilience to future climate impacts**°*%,

Methods

Datasets

Vegetation cover data. The Vegetation Continuous Fields version 1
product (VCF5KYR) was adopted to provide global fine-scale fractional
vegetation cover information™. This product has a 0.05° x 0.05° spatial
resolution and a yearly interval, combining the advantages of multiple
satellite sensors with very high spatial resolutions. The product is
available from 1982 to 2016 and features the percentage of tree cover
(tall vegetation =5 m in height, abbreviated as TC), short vegetation
(SV), and bare ground (BG), respectively for land pixels, with a preci-
sion of 1%, representing the vegetation composition of each pixel
during the peak growing season'. The sum of the proportions of the
three land-cover types for each pixel is 100%. The spatial pattern of
global vegetation cover and the dominant changes in vegetation cover
type are shown in Supplementary Fig. 3. Note that the years 1994 and
2000 were excluded from analyses due to a lack of VCF5KYR data
(https://Ipdaac.usgs.gov/products/vcfSkyrv001/). The broad vegeta-
tion cover classification was adopted in order to maximize the utility of
the available data while ensuring the statistical significance and
robustness of the results. Despite the inherent resolution limitation,
our approach provides valuable information on VCC at a scale that is
consistent with the LAI data.

LAI data. Our analysis involved the examination of four LAl products
covering the satellite era, including the Advanced Very High-
Resolution Radiometer (AVHRR) Global Inventory Monitoring and
Modeling Studies (GIMMS) LAI3g dataset>*’, the National Oceanic and
Atmospheric Administration (NOAA) Climate Data Record (CDR)*°, the
Global Land Surface Satellite (GLASS) AVHRR LAI V50 product®, and
the GLOBMAP LAI V3 (ref*.), all of which aim to provide consistent and
reliable attributions of global LAI change. Note that while LAl serves as
a valuable proxy of vegetation greenness™, it may be subject to
saturation effects in areas with dense vegetation, similar to other
vegetation indices®**. In addition, estimating LAI from satellite ima-
gery comes with several well-known limitations>**>°, These include
spatial resolution constraints, saturation in densely vegetated areas,
orbital drift, sensor replacements, retrieval algorithm uncertainties,
and disturbances from land-cover heterogeneity, cloud contamina-
tion, and background reflectance. Despite these challenges, our data-
driven analysis offers critical insights into the impact of VCC on LAI,
allowing us to uncover broad trends and patterns across large spatial
scales.

Our findings are based on the AVHRR GIMMS LAI3g dataset**
(see Robustness Analysis), which provides a comprehensive and con-
tinuous time series of LAI during the period from 1982 to 2015. Gen-
erated based on a Feed-Forward Neural Network (FFNN) model, ithas a
spatial resolution of 1/12°, is a bi-monthly composite, and has global
coverage. It is one of the longest series among current LAl datasets and
has demonstrated good performance in representing vegetation
dynamics®'*", We first interpolated the GIMMS LAI3g into 0.05° grid
spacing by using linear interpolation to fit the VCFSKYR land-cover
data and averaged LAI into a monthly scale by taking the temporal
mean of all valid records. We then retrieved the maximum monthly LAI
that represents the peak vegetation growth® for each pixel in each

year. We calculated the annual mean LAl simultaneously to discuss the
uncertainties associated with the proxy of vegetation greenness
(Supplementary Fig. 10; Robustness Analysis). The quantitative attri-
butions of long-term LAI changes were determined for the period from
1982 to 2015 to align with the availability of VCF5KYR and LAI products.

To provide a robust assessment associated with satellite-based
products, we utilized LAI data from three alternative long-term satel-
lite products to examine attributions of LAl change: NOAA CDR®,
which spans from July 1981 to the present with daily frequency and a
0.05° resolution (Supplementary Fig. 11); GLASS, which offers 8-day
LAI data with a spatial resolution of 0.05° and covers the period from
1981 to 2018 (Supplementary Fig. 12); GLOBMAP*’, which offers
biweekly LAI data during 1981-2000 and 8-day LAI data during
2001-2020 at 8 km resolution (Supplementary Fig. 13). All LAl datasets
were interpolated to a 0.05° grid spacing and aggregated into monthly
scales for analyses.

Disentanglement of the vegetation greenness

As shown in Supplementary Fig. 1, the main concept of our framework
contains two parts. Developing such a framework is motivated by the
lack of LAI observations for specific vegetation types, as existing LAI
data are grid-based at a resolution of ~ 5 kilometers, with each grid cell
representing a single value that averages across multiple vegetation
types. This means the lack of information on individual vegetation
types for LAI, making it difficult to quantify how sub-grid scale vege-
tation cover changes contribute to overall LAI variations.

The first step is elucidating the proportion of different vegetation
cover types from satellite-observed LAI based on an improved
Bounded-Variable Least Squares (BVLS) model®® (Egs. 1-3). In our
study, we extended the traditional BVLS approach by not only defining
value ranges for the three greenness variables (B¢, Bsy, Bgg) but also
imposing additional constraints on their relative magnitudes (Eq. 3 and
Supplementary Fig. 19). These improvements ensured that the esti-
mated parameters adhered to physically meaningful relationships,
enhancing the stability and reliability of the results, especially under
conditions of noise or multicollinearity. High-resolution satellite-
observed LAl data (e.g., Supplementary Fig. 2) and the VCF5KYR
product™ (Supplementary Fig. 3) during 1982-2015 are used as inputs
for the statistical model. To overcome the spatial homogeneity issue
raised by the coarse precision of VCF data, the percentage of TC, SV,
and BG, as well as the LAl data, all at 0.05° x 0.05° resolution, were first
aggregated to 0.1° x 0.1° cells for each year by taking the average of all
valid records. These 0.1° cells were then used as input to the BVLS
regression. We used 3°x3° grid spacing as the analysis unit and
retained only the grids and their inside cells with more than 20% valid
LAI and vegetation cover observations at their original resolution. For
detailed discussion regarding the size of cells and grids, please refer to
Robustness Analysis.

We decomposed the observed LAl to TC, SV, and BG at the 3° x 3°
grid level for each year (Supplementary Fig. 1). The following regres-
sion was established for each valid 0.1° x 0.1° cell to account for the
quantitative relationship between LAl and vegetation cover in the
current 3° x 3° grid:

LAl =Brc - TC; +Bsy - SVi +Bpg - BG; + ¢
LAL, =Brc - TCy +Bgy - SV, + By - BG, +&,

o 1)
LAL; =Brc - TC; + Bsy - SV; +Bgg - BG; +

LAL, =Brc - TC, + Bgy - SV +Bgg - BG, + £,

where n is the number of valid cells with a maximum of 900; LA is the
satellite-observed LAl value at cell i; TC;, SV;, and BG; are the
percentage of TC, SV, and BG at cell i, respectively, and their sum
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equals 100%; B¢, Bsy, and Bgg represent the estimated LAI parameter
(in m*m™) of the current 3° x 3° grid for assumed 100% coverage of TC,
SV, and BG, respectively. Our improved BVLS model solves the linear
least-squares regression with upper and lower bounds on the
parameters (i.e., Brc, Bsy, and Bgg), given as:

min [|AX — b]|, )

where A is an n-by-3 matrix of observed vegetation cover, b is an n-by-1
vector of observed LAL Specifically, the parameters are constrained by
the following inequality with upper and lower (non-negative) limits:

0< BBG < BSV = BTC S B’max (3)

Brmax Was defined individually for each grid in each year based on
the observation. This inequality was verified using a stratified random-
sample approach (details refer to Supplementary Fig. 19). The sig-
nificance of F-statistics (p-value) and the coefficient of determination
(R?) for the BVLS model were calculated to show the goodness of fit in
estimating vegetation greenness parameters. The F-test, with a sig-
nificance level of p-value < 0.05, is implemented to determine whether
the model disentangles the LAl parameters better than random
chance. While the R? reflects how well the model explains the pixel-
level (0.1°) LAI variation using the grid-level averaged greenness
parameters (B) within a 3° x 3° grid. Note that the R? value could be
negative, indicating that the improved BVLS model with constraints is
not appropriate for the samples.

The improved BVLS model was established and solved in each
3°x3° grid for each year. The models with low confidence were
removed based on the model parameters (i.e., a p-value of F-statistics
>0.05 and/or negative R?). Grids were retained only if they had at least
16 years of credible BVLS models during the study period. Overall,
there are 1544 valid grids left after the model quality assessment,
accounting for 96.0% of all grids. Among them, 1299 grids (80.8%) have
valid results in all 32 years (the years 1994 and 2000 were excluded
from analyses due to a lack of VCF data). The model performs better
(i.e., exhibits higher R? values) in regions with LAl increase hotspots
and/or significant vegetation cover change (e.g., East Asia, South Asia,
Europe, Sahel, eastern South America, eastern Australia), while it
shows lower R? in areas with dense, uniform vegetation (e.g., the
Amazon and Congo forests, and high-latitude tundra), likely due to
limited variability in vegetation composition (Supplementary Fig. 4).
The invalid grids are mainly located in coastal areas and tropical
rainforests (Supplementary Fig. 4). Based on the improved BVLS sta-
tistical model and the high-resolution satellite-observed LAI and VCF
data, we successfully disentangled the B¢, Bsy, and Bg; parameters for
each 3° x 3° grid and each year (Supplementary Fig. 5).

Attribution of Earth’s LAI response to vegetation cover change
In the second step of our framework, we reconstructed annual LAI
values by using the parameters retrieved from the BVLS model. For
each 3°x3° grid in each year, the LAI value (6LAIL; in m?> m™) was
calculated as:

OLAI=PByc - TC+Bgy - SV+Pgc - BG Q)

where TC, SV, and BG are the mean proportion (%) of tree cover, short
vegetation, and bare ground averaged from the valid cells in the cur-
rent grid. For regional and global analyses, the grid-level estimations of
LAl were aggregated by taking the area-weighted average approach,
with the upper and lower ranges of the 95% confidence interval being
estimated. The long-term trends of reconstructed LAI (refer to as SLAI)
were derived by using linear regression during the study period at the
grid, regional and global scales. The upper and lower ranges of SLAI
were estimated based on the standard error of the mean. Generally, the

reconstructed SLAI performs very well in reproducing the trend and
variation of the observed LAI dynamics across the global, continental,
and regional scales (details refer to Validation).

To attribute the reconstructed LAI trends to drivers related to
VCC, we differentiated Eq. (4) with respect to the year (denoted as y),
as follows:

_ O0LAI _ 0Bc 0TC o— 0Bsy
SLAI o TR T8 -TC+ Dy Bret 2> By SV 5
asv OBsc 0BG —
BSV ay BG+ ay BBG

where the overbar denotes the multi-year average value of the variable.
On the right-hand side of Eq. (5), the six terms represent the changes in
reconstructed LAl associated with the changes in the greenness of tree
cover (Brc), the proportion of tree cover (TC), the greenness of short
vegetation (Bgy), the proportion of short vegetation (SV), the green-
ness of bare ground (Bgg) and the proportion of bare ground (BG),
respectively.

The reconstructed SLAI was further attributed to vegetation cover
change (6VC), given by:

oTC —
sve= G, Brc

E;Sf}y'ﬁstr?TG'BBc (6)
and the contributions of VCC were calculated as the ratio of §VC to
SLAL Similarly, the attributions of the changes in the proportion of
tree cover (%I€. ), short vegetation (asy" Bsy) and bare ground
ch - Bgg) were calculated at regional and global scales. The remaining
part (81D) represents the LAI changes in constant vegetation, which is
largely influenced by indirect factors, as given by:

sip= e

aBSV aﬁBG RC
oy TC+ bsv oy SV+ oy .BG %)

The interannual variations of the VCC-induced LAl (6VC,; in
m? m~) could be reconstructed using a variable-controlling approach®
by fixing the greenness of tree cover, short vegetation and bare ground
as multi-year average values:

oVC, =PBc - TC, +Bsy - SV, + By - BG, (8)

The anomalies of oVC during the study period (e.g., Fig. 3a) were
then obtained by subtracting the multi-year mean from the resulting
time series. The variable-controlling approach was also applied spa-
tially to calculate the contribution of LAI change within specific con-
tinents, countries, or regions to global &8LAI (Fig. 2c and
Supplementary Table 2).

Estimating potential effect of stable cropland and

managed forest

The global map of cropland extent®” spanning from 2003 to 2019, with
a spatial resolution of 0.00025°, was utilized to delineate the extent of
stable cropland without VCC signals. The original data were aggre-
gated into 3° grid spacing using the area-weighted average approach,
generating a global map showing the proportion of stable cropland
(Supplementary Fig. 18a). Assuming that the LAI change of these areas
is solely driven by human land-use practices, we estimated the
potential contribution of cropland management (8SC= ag% -SC)
globally and regionally, where SC represents the proportion of stable
cropland at the grid level. Note that this assumption may lead to an
overestimation of the contribution by disregarding the background
LAI change from indirect factors like CO, fertilization, climate change
and nitrogen deposition.
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Validation

Our statistical models were validated for their ability to reproduce the
characteristics of oLAI and 8LAI through comparisons with satellite-
derived observations. At the grid level, the reconstructed annual oLAI
shows high correlation coefficients (r>0.99 for over 95.5% of valid
3° x 3° grids; Supplementary Fig. 6a) and minimal bias (< + 0.03 m*m
for over 95.3% of grids; Supplementary Fig. 6b). Only slight over-
estimations occur in semi-arid regions, such as Central Asia and Sahel,
while minor underestimations are mainly observed in tropical areas.
For the reconstructed SLAI, more than 90% of the grids exhibit a bias
of less than + 0.01m?’m™ decade™, with particularly low bias in grids
with significant LAI changes (Supplementary Fig. 7). These results
indicate that while the pixel-level fit of BVLS model may be moderate
(R? value of - 0.5 in Supplementary Fig. 4), our framework still captures
grid-level signals effectively in terms of magnitude and interannual
variability, as evidenced by high correlation coefficients and low bias
metrics. Note that our attribution analysis focus on LAl dynamics at the
3°x 3° grid-level, and applying the estimated grid-average 3 values to
disentangle and attribute LAI at finer scales (e.g., 0.1° x 0.1° pixels) may
introduce uncertainty.

Overall, the results show high-quality performance globally with a
high correlation coefficient (r=0.997, p < 0.001) and low relative bias
(1.3%) (Fig. 1a and Supplementary Table 1) between the reconstructed
annual LAI and the observations. On a continental scale, our recon-
struction is robust in capturing the temporal variation and trend of the
observed LAI, with correlation coefficient values varying from 0.977 to
0.999; and relative bias ranged between — 0.9% and 6.7% (Fig. 1c and
Supplementary Table 1). In evaluating the model performance of the
largest countries and regions, we show that our model had strong
capability across most countries/regions, with correlation coefficient
values larger than 0.97 and relative biases of less than 6% (Supple-
mentary Table 1). The model is relatively weak in reproducing the trend
of observed LAI change in Argentina and the Democratic Republic of
the Congo. This difficulty likely stems from the low coefficient of
determination for the BVLS model that was induced by the spatial
homogeneity of vegetation cover in those grids.

The robustness analyses further confirmed the quality of our
statistical models by demonstrating similar results when using the
annual mean LAI (r=0.990, p<0.001; Supplementary Fig. 10), the
NOAA CDR LAI product (r=0.993, p <0.001; Supplementary Fig. 11),
the GLASS LAI product (r=0.968, p < 0.001; Supplementary Fig. 12),
and the GLOBMAP LAI product (r=0.990, p <0.001; Supplementary
Fig. 13). For the three alternative LAl products, the reconstructed SLAI
also exhibits a low bias of less than +0.01m’m™ decade™ in 94.9%,
94.4%, and 81.6% of the grids, with particularly low bias in grids exhi-
biting significant LAl changes (Supplementary Fig. 20).

Robustness analysis

Grid spacing. Initially, we conducted our analysis using a grid spacing
of 0.5°x0.5° as the analysis unit, with each grid containing up to
100 samples at the original 0.05° x 0.05° resolution. However, during
the application of the improved BVLS models to those samples, we
encountered approximately 40% of grids that produced models with
low confidence, as indicated by a p-value of F-statistics > 0.05 and/or
negative R? (Supplementary Table 3). This can be attributed to the
homogeneity of vegetation cover fraction caused by the relatively low
precision (1%) of the VCF product™. At a local scale (i.e., 0.5°x 0.5°
grid), many 0.05° x 0.05° cells shared the same fraction of tree cover
and/or short vegetation due to the landscape similarities, yet exhibited
different satellite-observed LAI values.

To tackle the issue of spatial homogeneity, we implemented a
strategy involving spatial averaging of vegetation cover fractions and
an increase in the number of samples at the grid level. We conducted
experiments with various settings for grids and cells (Supplementary
Table 3). Initially, the percentages of TC, SV, and BG, along with the LAI

values at 0.05° x 0.05° resolution, were aggregated to cells ranging
from 0.1° x 0.1° to 0.5° x 0.5° for each year. This involved calculating
the average of all valid records within each cell. Subsequently, the BVLS
models were established and solved at the grid level, with grid size
ranging from 1° x1° to 5° x 5°. Across different combinations of grid
and cell sizes, the reconstructed contributions of §VC consistently
ranged from 18.0% to 23.5%, underscoring the non-negligible role of
VCCin global LAl increasing (Supplementary Table 3). Importantly, the
robustness of our findings was not affected by the choice of analysis
unit or spatial average window. Finally, we present the results based on
a 3° x 3° grid spacing with a 0.1° x 0.1° spatial average window, which
yielded the highest ratio of valid grids (96.0%) and a low bias (1.3%) in
the reconstruction of SLAI.

Maximum monthly LAl and annual mean LA To assess the robust-
ness of our proxy indicator of vegetation greenness, we investigated
the uncertainties associated with different indices, comparing the
results derived from annual mean LAI to those from maximum
monthly LAI (Supplementary Fig. 8). The reconstructed global trend in
annual mean LAl (0.030+0.007m>m2 decade™; t(30)=4.18,
p <0.001) agrees well with the observation; and 97.3% of all grids are
retained after the quality control. Of the observed global LAl increase,
29.7% +12.7% (t(30) =2.37, p=0.02) can be attributed to 6VC, con-
firming the substantial impact of VCC. Furthermore, the spatial dis-
tribution of 6VC demonstrates a high level of consistency (Fig. 1d
versus Supplementary Fig. 8b). We report the results based on the
maximum monthly LAl due to the following considerations: (1) it
represents the peak vegetation greenness during the local peak
growing season, a period identified by the vegetation fields data'; (2) it
can better capture the interannual changes in the greenness of crop-
lands and plantations with different cropping cycles, making it suitable
for a global study®; (3) it is less affected by missing data and can be
easily retrieved without subjectively defining a growing season or
dealing with multiple growing seasons; and (4) the results have higher
statistical significances compared with those derived from annual
mean LAL

LAI products. We performed the analysis using NOAA CDR*, GLASS*
and GLOBMAP* as alternative products to the GIMMS LAI3g* to test
the uncertainties associated with different satellite-based datasets.
Similarly, the reconstructed SLAI based on these three datasets cap-
tures the observed magnitude and temporal variation of global vege-
tation greenness satisfactorily (Supplementary Figs. 11-13). Our
findings consistently indicate that 8VC accounts for 14.6+5.5%
(t(30)=2.88, p=0.007), 34.5+10.4% (t(30)=3.30, p=0.003) and
28.6 £11.8% (t(30) =2.44, p=0.021) of 6LAIl based on the NOAA CDR,
the GLASS and the GLOBMAP products, respectively, reaffirming the
validity of the importance of 6VC in our main analysis. However, we
observed an abrupt shift of LAl value around the year 2000 for these
products (Supplementary Figs. 11c, 12¢, 13¢). The shift might be caused
by limitations associated with sensor degradation and retrieval
processes>*”%* Given the potential impact of this issue on the esti-
mation of long-term LAI change during 1982-2015 (e.g., the wide-
spread LAl increasing signals across the globe in Supplementary
Fig. 11a), we reported the assessment derived from the GIMMS LAI3g
product while using the results from the NOAA CDR, GLASS, and
GLOBMAP products as robustness tests.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The VCF5KYR product is publicly available at https://I[pdaac.usgs.gov/
products/vcfSkyrv001/. The four LAI products (GIMMS LAI3g, NOAA
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CDR, GLASS, GLOBMAP) are available at https://sites.bu.edu/cliveg/

datacodes/,
records/leaf-area-index-and-fapar,

https://www.ncei.noaa.gov/products/climate-data-
http://www.glass.umd.edu/, and

https://zenodo.org/records/4700264, respectively. The global crop-
land maps are publicly available from https://glad.umd.edu/dataset/
croplands. Source data are provided in this paper.

Code availability
The custom MATLAB (R2023a) scripts written to analyze the data and
generate figures are available at figshare® (https://doi.org/10.6084/
m9.figshare.24050241).
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