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Abstract Ecosystem resilience, the ability to recover from disturbances, is crucial for sustaining ecosystem
health and functionality. Traditional greenness-based resilience measures often overlook early physiological
stress. Here, we use solar-induced chlorophyll fluorescence (SIF), an indicator for photosynthesis, to assess
global vegetation functional resilience from 2000 to 2019. Using indicators of critical slowing down, we derive
recovery rates as a measure of resilience from variance and autocorrelation in SIF time series across natural
vegetation. Our results reveal marked latitudinal contrasts, with faster recovery in boreal regions and persistent
vulnerability in tropical and low-latitude ecosystems. Long-term trends show resilience loss in the Eurasian high
latitudes, while short-term trends indicate accelerating resilience decline in 60.7% of the global tropics, driven
by heat, vapor pressure deficit, and soil moisture stress. These findings highlights the need to monitor ecosystem
functional resilience through physiological indicators to anticipate ecological tipping points and inform
conservation and climate adaptation strategies.

Plain Language Summary Ecosystem resilience governs the stability of carbon and water cycles,
yet conventional assessments based on vegetation greenness often overlook early physiological stress. By
leveraging solar-induced chlorophyll fluorescence (SIF), an indicator of photosynthesis, we quantify global
patterns of functional resilience over two decades. Our analyses show strong latitudinal contrasts with rapid
recovery in boreal systems and widespread resilience declines across Eurasian high latitudes. In recent years,
tropical ecosystems show accelerating resilience loss driven by intensifying heat, vapor pressure deficit, and soil
moisture stress. This emerging global mosaic of resilience gains and losses highlights the urgency of monitoring
functional resilience as a critical basis for ecosystem conservation, adaptive land management, and climate
mitigation strategies.

1. Introduction

Vegetation resilience is defined as the capacity of ecosystems to withstand and recover from disturbances,
maintaining their essential structure and function (Scheffer et al., 2009). It is a crucial property that governs
ecosystem stability and influences the sustainability of biodiversity, carbon cycling, and other ecosystem services
in the face of environmental change (Allen et al., 2010; Dakos et al., 2012). Previous studies have demonstrated
that resilience varies across biomes and climatic gradients, often declining in regions experiencing intensified
drought, warming, and human impacts (Pettorelli et al., 2005). Previous research has also highlighted the
importance of early-warning indicators as signals of declining resilience and impending critical transitions (Boers
& Rypdal, 2021; Dakos et al., 2008). These insights collectively highlight the importance of resilience assessment
for anticipating ecosystem vulnerability and guiding effective management under global change. Accurate
resilience assessments enable policymakers and conservationists to prioritize vulnerable regions and implement
interventions aimed at maintaining ecosystem function under mounting environmental stress (Carpenter &
Brock, 2011).

Resilience in ecosystems can be estimated using the theory of critical slowing down (CSD), which posits that as a
system approaches a critical threshold or tipping point, its ability to recover from disturbances diminishes (Boers
et al., 2022; Dakos et al., 2008; Scheffer et al., 2009; Smith et al., 2022). CSD reflects declining recovery rates,
which can be detected through changes in the statistical properties of time series. Specifically, the lag-one
autocorrelation (AC1) and variance are key metrics that reflect the dynamical stability of the system. AC1
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measures the correlation between consecutive observations in a time series, effectively capturing the system's
“memory” of past states. Higher AC1 values indicate slower recovery and stronger persistence of disturbances
(Dakos et al., 2012). Variance quantifies the magnitude of fluctuations around the system's equilibrium; as
resilience weakens, variance typically increases due to greater sensitivity to environmental noise (Boers &
Rypdal, 2021). Together, rising AC1 and variance serve as early-warning indicators of declining resilience and
impending critical transitions (Smith et al., 2022). These metrics are derived using the framework of stochastic
differential equations, often modeled as Ornstein—Uhlenbeck processes, which describe the system's response to
perturbations and stochastic forcing (Dijkstra, 2013). Patterns of resilience and changes thereof can hence be
monitored globally by applying these methods to high-resolution ecological data sets, including remotely sensed
vegetation signals, providing crucial insights into ecosystem vulnerability and stability under changing envi-
ronmental conditions.

Previous research on vegetation resilience has predominantly utilized greenness-based optical remote sensing
indices, such as the Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI), and leaf
area index (LAI), which capture canopy structure (Chen et al., 2024; Forzieri et al., 2021; Smith & Boers, 2023a).
Although valuable for monitoring vegetation status, these structural indices have inherent limitations. They
primarily reflect canopy greenness rather than physiological function, potentially missing early signs of stress
(Zarco-Tejada et al., 2013). Further, Smith and Boers (2023b) demonstrated that the reliability of resilience
estimates based on optical indices critically depends on biomass density. In high-biomass ecosystems, such
indices may underestimate or obscure functional declines, underscoring the limitations of these indices in
capturing true ecosystem functional resilience. Additionally, other indicator such as Vegetation Optical Depth
(VOD) provides a complementary functional metric sensitive to vegetation water content, offering insights into
drought stress, but it still does not directly measure photosynthetic activity (Wang et al., 2021). Photosynthesis
inherently couples carbon uptake with water loss through stomatal regulation, making photosynthetic activity a
sensitive integrator of plant physiological status and environmental stress (Lawlor & Cornic, 2002). Capturing
photosynthetic activity is essential because it reflects the core functional state of vegetation that controls both
carbon assimilation and water use, key processes governing ecosystem productivity and climate feedbacks.

Solar-induced chlorophyll fluorescence (SIF) has emerged as a powerful tool for monitoring terrestrial photo-
synthesis and ecosystem functioning across regional to global scales (Behera & Dutta, 2024; Frankenberg
etal., 2011; Sun et al., 2017). SIF represents the re-emission of light in the 650-850 nm spectral range following
chlorophyll excitation by absorbed photosynthetically active radiation (APAR), providing a proxy and sensitive
indicator of photosynthetic activity. As a measure of the core physiological process driving carbon assimilation
and coupled water fluxes, SIF captures real-time changes in photosynthetic function before structural changes in
vegetation occur. This makes SIF uniquely suited for detecting early stress responses and assessing vegetation
functional resilience (Behera et al., 2025; Mohammadi et al., 2022).

Building on these recent methodological advances, in this study we use long-term global SIF data sets to quantify
vegetation functional resilience across natural ecosystems. In this study, we quantify functional (engineering)
resilience, defined as the rate at which photosynthetic activity returns toward equilibrium following short-term
disturbances. Specifically, we apply the theory of CSD to derive key resilience metrics, such as recovery
rates, from temporally continuous SIF time series, which capture vegetation photosynthetic activity at high spatial
and temporal resolutions. We analyze spatial patterns and latitudinal gradients of vegetation resilience globally,
and examine how resilience has shifted over time. Further, detecting shifts in short-term trends is crucial for
uncovering emerging ecosystem vulnerabilities that may be obscured by long-term trend analyses (De Jong
et al., 2012). Thus, additionally, we analyzed the trajectory of resilience trends over time by comparing two
decades (2000-2009 and 2010-2019), focusing on how the direction and rate of change in resilience trends have
evolved. Further, we investigate how resilience trends and their dynamics vary across land use land cover (LULC)
types, and across major climate zones, to identify LULC and climate-specific vulnerabilities and adaptive ca-
pacities. Finally, by integrating climate and soil moisture data, we explore the environmental drivers underlying
observed changes in vegetation functional resilience. This comprehensive framework constitutes the first global
assessment of vegetation functional resilience based on a physiological remote sensing indicator. It provides
novel insights into ecosystem stability, vulnerability to climatic stressors, and the broader implications of
environmental change on terrestrial biosphere functioning.
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2. Data and Methods
2.1. Vegetation and Land Use-Land Cover (LULC) Data

We utilized the global continuous solar-induced chlorophyll fluorescence (CSIF) data set, providing solar-
induced fluorescence (SIF) data at a spatial resolution of 0.05° and a temporal resolution of four days span-
ning from 2000 to 2019 (Zhang et al., 2018). The CSIF product is generated using a neural network model trained
on sparse Orbiting Carbon Observatory-2 (OCO-2) SIF observations and daily nadir bidirectional adjusted
reflectance data from the Moderate Resolution Imaging Spectroradiometer (MODIS). This approach facilitates
high spatial and temporal continuity, accurately capturing vegetation dynamics. The data set shows strong
agreement with satellite-derived daily SIF measurements from OCO-2 and Global Ozone Monitoring
Experiment-2 (GOME-2), effectively representing spatial, seasonal, and interannual vegetation variability. Our
selection of CSIF was guided by its extensive spatial coverage, fine temporal resolution, and extended record
length. Additionally, the data set maintains a high signal-to-noise ratio, providing robust and precise SIF esti-
mates. By deriving from OCO-2 observations, CSIF retains the high-quality characteristics of the original satellite
SIF data, offering a continuous and detailed depiction of vegetation photosynthetic activity. We utilize the full
CSIF time series from 2000 to 2019 for all ecosystems without restricting analyses to specific seasons or growing-
season windows. Long-term trends and seasonal variations were removed from the SIF data using seasonal-trend
decomposition by Loess (STL) (Cleveland et al., 1990). We applied STL decomposition with a seasonal period of
92 (representing one year of data at 4-day intervals) to obtain residual time series for this analysis. The resulting
detrended and deseasonalized anomaly time series represents short-term deviations from the local stable equi-
librium state. Within this framework, perturbations are defined statistically as such short-term anomalies. This
approach enables consistent estimation of CSD indicators across ecosystems with contrasting season lengths,
including monsoon-driven tropical systems and high-latitude regions with short growing seasons. Because STL is
applied independently at each pixel, the seasonal adjustment automatically adapts to local phenology, ensuring
that resilience metrics are not biased by differences in growing-season timing or duration.

To focus our analysis specifically on vegetation resilience, we applied a natural vegetation mask derived from the
MODIS land use-land cover product (MCD12C1) (Friedl & Sulla-Menashe, 2022). This data set utilizes the
annual International Geosphere-Biosphere Programme (IGBP) land cover classification scheme to identify and
isolate classes.

2.2. Climate and Soil Moisture Data

We employed the Koppen—Geiger climate classification (Koppen, 1936; Peel et al., 2007) to delineate major
global climate zones. Climate variables, including precipitation, temperature, and vapor pressure deficit (VPD),
were sourced from the Climatic Research Unit data set from the University of East Anglia (Harris et al., 2020),
which provides monthly-scale data at a spatial resolution of 0.5° dating back to January 1901. Additionally, root
zone soil moisture (RZSM) data were obtained from the Global Land Data Assimilation System (GLDAS), which
integrates terrestrial and satellite-derived observations through land surface modeling and assimilation techniques
to produce estimates of land surface states and fluxes. Specifically, we used daily GLDAS Version 2 data products
at a spatial resolution of 0.25° (Li et al., 2018; Rodell et al., 2004). Our analysis utilized data spanning from 2000
to 2019.

2.3. Vegetation Resilience Estimation

To assess vegetation resilience, we utilized dynamical metrics rooted in CSD theory (Dakos et al., 2008; Scheffer
etal., 2009). CSD suggests that as ecosystems approach a tipping point, their ability to recover from disturbances
diminishes, resulting in slower system responses. This phenomenon can be detected through increased temporal
autocorrelation and variance in the system's fluctuations (Boers & Rypdal, 2021; Smith et al., 2022).

We specifically evaluated the lag-one autocorrelation (AC1) and variance of residual SIF signals as key in-
dicators. Their theoretical foundation lies in the linearization of the system near a stable equilibrium x*, where
small perturbations ¥ = x — x* evolve according to the stochastic differential equation:

dx = Jxdt + cdW (1)
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with 4 representing the recovery rate, o the standard deviation, and W the Wiener process. This defines an
Ornstein—Uhlenbeck process, which, when discretized over time steps Az, leads to closed-form expressions for
the variance and AC1 autocorrelation, which are related to A (Dijkstra, 2013; Gardiner, 1985):

N _i
() =-2 @
for the variance, and
a(n) = & 3)

for the autocorrelation at lag n, thus a (1) = e*2!

was estimated using the variance-based approach with a defined time step At:

=a = ACI. Following the above formulations, the recovery rate

&2
ﬂvar = Ta N (4)
2(%%)
similarly for AC1 based:
iacl = log(a) (5)

As the system becomes less stable, A approaches zero. This decline in stability results in a sharp increase in the
variance of fluctuations, (%), which may trend toward infinity, and a corresponding rise in the lag-one auto-
correlation, a(1), approaching a value of one. Such trends, marked by elevated variance and autocorrelation, act as
early-warning signals of an impending critical transition. Accordingly, both indicators serve as valuable proxies
for detecting shifts in system stability and resilience.

2.4. Trend Estimation of Vegetation Resilience

To assess shift in vegetation resilience over time, we applied the non-parametric Mann—Kendall trend (Ken-
dall, 1948) test to time series (2000-2019) of (1,.;) and (4,,,) derived from residual of SIF data, specifically using
a 3-year sliding window. This test is particularly suitable for this time series as it does not assume normality or
linearity, and it is robust to missing values and outliers. For each resulting time series, the Mann—Kendall test was
used to determine whether a statistically significant monotonic trend, either increasing or decreasing. The test
computes Kendall's tau, a rank-based correlation coefficient, and the associated p-value. A p-value below 0.05
was considered statistically significant. We have shown the pixels which has p < 0.05.

To examine shifts in resilience trends over time, the analysis was conducted separately for two time periods:
2000-2009 and 2010-2019. The significance and direction of trends in each decade were evaluated individually.
To detect shifts in resilience trends between the two decades, we computed the difference in Kendall's tau (z),
denoted as A Trend, for each pixel:

ATrend = 75010.2019 — 72000-2009 (6)

Both (4,.1) and (4,,,) typically range from negative values toward zero, with more negative A values indicating
faster recovery and thus higher resilience. Conversely, values closer to zero reflect slower recovery rates and
reduced resilience, suggesting that the system is approaching a tipping point. Therefore, increasing trends in 4
(i.e., 4 becoming less negative) signal declining resilience, while decreasing trends (i.e., 4 becoming more
negative) imply increasing resilience. A positive ATrend indicates that the Kendall's tau value for the resilience
indicator became more positive in the second decade (2010-2019) compared to the first (2000-2009). This can
occur in two primary ways: (a) when an already positive trend, indicative of declining resilience becomes more
positive, signaling an acceleration of resilience loss, and (b) when an initially negative trend, reflecting recovery,
becomes less negative, reflecting deceleration of resilience gain; if the sign of the resilience trend reverses from
negative to positive, it implies that a region has changes from increasing to decreasing recovery (i.e., reversal
toward resilience loss). In both scenarios, a positive ATrend denotes a deterioration in resilience over time.
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Conversely, a negative ATrend indicates that the z value became more negative in the second decade, reflecting
improved resilience. This arises under two primary scenarios: (a) if the trend was already negative, indicative of
increasing resilience becomes more strongly negative, it suggests an acceleration of resilience gain; and (b) if the
trend was initially positive, indicative of decreasing resilience but becomes less positive, it reflects a deceleration
of resilience loss; if the sign of the resilience trend switches from positive to negative, it implies that a region has
changes from decreasing to increasing recovery (i.e., reversal toward resilience gain). In both scenarios, a
negative ATrend signifies improving resilience conditions over time. This approach allowed us to quantify and
spatially map how the direction and strength of resilience trends have shifted, enabling detection of both nonlinear
transitions (e.g., trend reversals) and gradual trend evolution (e.g., acceleration or stabilization) in vegetation
resilience over time. For clarity, we provide representative examples illustrating each step of the resilience
estimation workflow (Figures S1-S6 in Supporting Information S1). These examples show (a) the raw SIF time
series, (b) STL-based decomposition and extraction of residual anomalies, (c) the resulting recovery-rate time
series and its long-term trend (2000-2019), and (d—e) decade-specific trajectories (2000-2009 and 2010-2019)
with corresponding trend lines and Kendall 7 values. These examples represent the above mentioned charac-
teristic trend-transition behaviors: (a) acceleration of resilience loss, (b) deceleration of resilience gain, (c)
reversal toward resilience loss, (d) acceleration of resilience gain, (e) deceleration of resilience loss, (f) reversal
toward resilience gain.

To investigate how climate and soil moisture changes relate to shifts in vegetation resilience, we computed the
normalized percent trend per year for each variable across climate zone and LULC class combinations. For each
group, we extracted spatially averaged 3 year rolling window from 2000 to 2019, applied min—max normalization.
The Mann—Kendall test was used to assess monotonic trends, and Theil-Sen slope estimation was applied to
quantify the trend magnitude. Slopes were then converted to percent change. This allowed direct comparison of
trends across variables. By comparing the direction and magnitude of trends in A against those in climate and soil
moisture variables, we identified potential environmental drivers of resilience change.

3. Results
3.1. Global Spatial Patterns and Latitudinal Gradients in Recovery Rates

In the context of CSD theory, the recovery rate of a system, reflecting how quickly it returns to equilibrium
following perturbations, can be inferred from statistical properties of time series data. Specifically, under the
assumption of an Ornstein—Uhlenbeck process, both the AC1 and the variance of system fluctuations provide
independent estimates of this recovery rate (4). Throughout this study, we refer to these respective estimates as
Aaer and Ay,

Global maps of A,,, and 4,.; recovery metrics reveal a pronounced latitudinal pattern of vegetation resilience
(Figures 1a and 1b). The most negative values indicate the fastest return to equilibrium and, consequently, higher
recovery rates. These values are predominantly clustered in the high-latitude boreal regions of North America and
Russia. In contrast, A values approach zero across the tropics and low latitudes in parts of South America, South
Africa, Australia, and central Asia, indicating slower recovery. This hemispherically asymmetric pattern is
captured in the zonal-mean transects (Figure 1 right panels). The resilience peaks around ~60°N and declines
gradually toward the equator. Despite originating from distinct theoretical formulations, both 4,,, and 4,.; display
highly coherent spatial distributions, reinforcing the internal consistency of the CSD framework when applied to
SIF data. Consequently, the subsequent analyses in this study primarily utilize the variance-based recovery
metric, Ay,

Further clarity is achieved by disaggregating the zonal mean recovery rates according to LULC classes (Figure S7
in Supporting Information S1). Across all 10 natural vegetation types, resilience generally increases toward
higher northern latitudes; however, the extent of this enhancement differs among LULC classes. This consistent
pattern across both recovery indicators and LULC categories reveals a transparent, LULC-independent gradient:
tropical ecosystems exhibit the slowest recovery rates. At the same time, high-latitude vegetation demonstrates a
pronounced capacity for rapid post-disturbance recovery.
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Figure 1. Spatial patterns and latitudinal gradients of vegetation recovery rates across global natural ecosystems. (a) Recovery rates estimated using variance-based
indicators (4,,;) and (b) autocorrelation-based indicators (4,.1), derived from detrended and deseasonalized solar-induced chlorophyll fluorescence (SIF) time series.
Maps illustrate pixel-level recovery potential, while the accompanying vertical plots depict zonal mean recovery rates as a function of latitude.

3.2. Global Shifts in Vegetation Resilience: Long-Term and Short-Term Trend

We first analyzed the long-term global trend in vegetation resilience using the SIF-derived recovery rate indicator
(Ayar) over the full period from 2000 to 2019. The Mann—Kendall test was applied to the recovery rate time series
at each pixel, revealing a spatially heterogeneous pattern of resilience change, with pronounced resilience loss in
the Eurasian high latitudes and mixed signals in the global tropics (Figure 2a). Despite this heterogeneity, the
global distribution of trends was found to be symmetric and balanced, with 52.6% of vegetated areas showing
declining resilience (i.e., increasing (A,,,)) and 47.4% showing improving resilience (i.e., decreasing (1y,.))
(Figure 2b). This indicates the absence of a globally dominant trend direction but suggests divergent regional
trajectories.

Further, to investigate how the resilience trend itself has evolved over time globally, we partitioned the study
period into two decades: 2000-2009 and 2010-2019. For each pixel, the 4,,, was calculated using a 3-year rolling
window, and the Mann—Kendall 7 statistic was estimated separately within each decade. Only pixels exhibiting
statistically significant trends in both decades were retained. We then computed the difference between the two =
values, referred to as ATrend = 75419_2019 — T2000—2009- t0 quantify changes in the direction of resilience trends
over time. The spatial patterns of significant positive and negative trends for each decade are shown in Figure S8

BEHERA ET AL.

6 of 16

35U901 SUOLIWIOD SAITERID 3[Ge01[dde 841 Ag POUIAOB 8.8 SDILE WO '8N J0 S9N 0} AIRIG1T UIIUO A3|IM UO (SUO1IPUOD-PUE-SLLBYLICY' A3 | 1M AReq[BU1UO//SdY) SUONIPUOD PUE SWLB 13U 89S *[9Z02/70/20] U0 ARRIq1T SUIIUO A3 11 ‘ZHD WepSIOd WNNUSZ-Z}OYWRH AQ G/86TT19SZ02/620T OT/I0PALCY a 1M Akeiqputjuo'sandnBe//sdny woJy popeojumod *Z ‘920z ‘2008YY6T



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Geophysical Research Letters 10.1029/2025GL119875

30°N

30°S

=

180°

AR 06
Fe (b)
8 c
oo e r ]
5= M +:52.6%
g g 0.4 200000 . a7 4%
20N _ 2150000
01% &
<3
0 s %100000
e
012 &
30°s 50000
¥ 9
G £ -0.4 ol
NP 2= -1.0 -0.5 0.0 0.5 1.0
oS < c @
120°W 60°W  0°  60°E 120°E  180° - ‘-" < Trend Value >
0.6 Increasing resilience Decreasing resilience
E A 0.60 d
~
(d)
e s +ve: 51.5%
g 0:36 20000 | -ve: 48.5%
30°N] >
0.12 § o 15000
< g
e 2 510000
[
0125 P
3§°S 5000
=
-4
=z 0.36 0! |
R S -2 o | 0 1 2
= —d = o)
120°W 60°W  0°  60°E 120°E  180° = 0.60 A Trend Value (A_var)

C
ARG/ DRL/ RTRG ARL/ DRG/ RTRL

Figure 2. Spatial distribution of vegetation resilience trends and their temporal shifts based on SIF-derived variance estimates. (a) Global spatial pattern of statistically
significant positive and negative long-term trends (2000-2019) for variance-based recovery rates A,,., where positive Kendall's 7 values indicate increasing 4., (i.e.,
slower recovery and thus declining resilience), while negative values indicate decreasing A, (i.e., faster recovery and improving resilience). (b) Histogram of long-term
resilience trends. (c) Spatial distribution of trend trajectory changes (ATrend), calculated as the difference in Kendall's z between 2010-2019 and 2000-2009.

(d) Histogram of ATrend values. Trends
values indicate either ARL: acceleration

were estimated using the Mann—Kendall test. Only statistically significant trends (p < 0.05) are shown. Note: Positive ATrend
of resilience loss, or DRG: deceleration of resilience gain, or RTRL: reversal toward resilience loss. Negative ATrend values

indicate either ARG: acceleration of resilience gain, or DRL: deceleration of resilience loss, or RTRG: reversal toward resilience gain.

in Supporting Information S1, highlighting areas where resilience has declined (positive trends) or improved
(negative trends). The analysis of changes in resilience trend trajectories between the two decades reveals
spatially heterogeneous and complex patterns of vegetation response (Figure 2¢ in Supporting Information S1). A
positive ATrend indicates that the Kendall's 7 value for the resilience indicator became more positive in the
second decade (2010-2019) compared to the first (2000-2009). This can occur in two primary ways: (a) when an
already positive trend, indicative of declining resilience becomes more positive, signaling an acceleration of
resilience loss, and (b) when an initially negative trend, reflecting recovery, becomes less negative, reflecting
deceleration of resilience gain; if the sign of the resilience trend reverses from negative to positive, it implies that a
region has changes from increasing to decreasing recovery (i.e., reversal toward resilience loss). In both scenarios,
a positive ATrend denotes a deterioration in resilience over time.

Conversely, a negative ATrend indicates that the 7 value became more negative in the second decade, reflecting
improved resilience. This arises under two primary scenarios: (a) if the trend was already negative, indicative of
increasing resilience becomes more strongly negative, it suggests an acceleration of resilience gain; and (b) if the
trend was initially positive, indicative of decreasing resilience but becomes less positive, it reflects a deceleration
of resilience loss; if the sign of the resilience trend switches from positive to negative, it implies that a region has
changes from decreasing to increasing recovery (i.e., reversal toward resilience gain). In both scenarios, a
negative ATrend signifies improving resilience conditions over time. The global spatial pattern highlights con-
trasting trajectories in resilience trend dynamics, with regions showing deterioration in resilience (positive
ATrend; red areas) concentrated in parts of boreal North America, Asia, Southern Africa, and Australia, while
regions exhibiting trend reversal toward improving resilience (negative ATrend; blue areas) are prominent in
parts of South America, Western Australia, and Russia.
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Figure 3. Spatial summary of positive Trend (indicative of resilience loss) in variance-based SIF resilience (4,,,) during 2000-2019 across six global regions. For each
region, the centroid is accompanied by a climate-zone pie chart summarizing the fractional contribution of dominant Koppen-Geiger climate classes, while adjacent bar
charts depict the overall land-cover composition; numbers at the end of each bar indicate the proportional contribution of individual land-cover classes to regional
resilience loss. Labels beneath each pie chart report the total percentage of grid cells in that region with a positive resilience trend.

The distribution of ATrend values (Figure 2d) is bimodal and centered around zero, indicating two dominant and
opposing directions of trend evolution. While 51.5% of vegetated pixels exhibit positive ATrend, signaling either
an accelerated resilience decline, deceleration in recovery, or a shift from recovery to deterioration, 48.5% show
negative ATrend, consistent with either an acceleration in recovery, deceleration of resilience loss, or a transition
toward recovery. This near-symmetric yet bimodal distribution indicates that while the global average trend shift
remains balanced, ecosystems are increasingly diverging in their resilience trajectories. These findings under-
score the nonlinear, region-specific nature of resilience dynamics under recent climatic and anthropogenic
pressures.

While the global patterns of both the long-term trend and ATrend appear relatively balanced, we further examined
how these proportions vary across different regions to uncover spatial heterogeneity in resilience trends and their
dynamics. Building upon the spatial and temporal trends in resilience change, we conducted a regional analysis by
quantifying the proportion of pixels exhibiting a positive trend (decreasing resilience) in variance-based recovery
rates across six major global regions (Figure 3). For each region, the centroid is accompanied by a climate-zone
pie chart summarizing the fractional contribution of dominant Koppen-Geiger climate classes, while adjacent bar
charts depict the overall land-cover composition. The numbers next to each bar indicate the proportional
contribution of land-cover classes to regional resilience loss. The extent of recovery loss in the recent decade
varies substantially across regions, with Africa and North America exhibiting the highest proportions of affected
pixels (72.6% and 62.9%, respectively), while Asia and Australia/New Zealand show lower values (46.5% and
41.5%, respectively). Europe and Latin America lie in between, with 56.8% and 54.6% of pixels indicating
resilience loss. The bar charts indicate that the resilience declines are not uniformly distributed but are
concentrated in specific land-cover types within each region. In Africa, grasslands are of particular concern, not
only because they dominate the landscape, but also because a significant proportion of their area is experiencing
resilience loss. Shrublands and mixed forest (MF), though covering a smaller proportion of the area, also account
for a substantial share of pixels experiencing decline, highlighting the vulnerability of multiple ecosystem types.
In North America, deciduous broadleaf forests (DBF) and MF, despite their limited spatial extent, contribute
disproportionately to overall resilience loss, highlighting the risk faced by these critical forest systems in the
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recent decade. Here, too, the dominant grasslands are undergoing significant resilience loss. Europe and Asia
reveal a similar pattern, where significant declines are concentrated in DBF and evergreen broadleaf forests
(EBF), respectively, both of which occupy only a modest fraction of the landscape yet play vital ecological roles.
In Australia and New Zealand, it is a different scenario: open shrublands, which span a vast portion of the region,
emerge as the primary contributor of resilience decline. Notably, across several continents, the resilience loss is
not driven by a single dominant LULC class but rather reflects a fragmented pattern, with contributions from
multiple land-cover types, including those with relatively small spatial extents. This disproportionate impact of
both major and minor land cover classes signals a dual threat: systemic risks to broad ecosystem function and
stability, and the potential loss of unique, sensitive habitats that underpin regional biodiversity and ecological
resilience. The middle rings contextualize these declines against the background land-cover distributions,
highlighting the disproportionate vulnerability of certain vegetation types. The pie charts relate these patterns to
climate, showing that Africa, with the highest proportion of resilience loss, is largely dominated by tropical
climates.

Additionally, we present an analogous regional summary based on ATrend (Figure S9 in Supporting Informa-
tion S1), where the bar and pie charts follow the same conventions as the long-term trend figure (Figure 3),
representing the overall land-cover composition and dominant Koppen climate zones, respectively. However, the
numbers next to each bar here depicts the proportion of each land-cover class experiencing an acceleration of
resilience loss or deceleration in recovery (or reversal, i.e., shift from resilience gain to resilience loss) between
the two decades. Here too, Africa (64.0%) and North America (60.8%) show the largest proportions of area
undergoing either an acceleration of resilience loss or deceleration in recovery or a reversal toward loss. Overall,
this perspective highlights regions and their associated LULC types where resilience trajectories are worsening
more rapidly in recent years, revealing emerging vulnerabilities that may not be evident from long-term trends
alone. For example, in Africa and Europe, the proportion of grasslands showing decreasing resilience in the long-
term trend is substantial, yet an even greater proportion is experiencing acceleration of resilience loss, or
deceleration in recovery, or a reversal toward loss indicating that deterioration is intensifying (Compare Figure 3
and Figure S9 in Supporting Information S1). A similar pattern is observed for DBF in America, shrublands in
Australia/NZ, and EBF in Asia. When the share of area undergoing acceleration of resilience loss exceeds that of
overall decline, it signals that these ecosystems are entering a more critical stage of vulnerability, either losing
resilience at a faster rate or reversing from recovery to decline in the recent decade, highlighting the urgency for
timely management and intervention. By integrating both the proportion of vulnerable area and the underlying
landscape composition, this analysis highlights the complex and regionally varied nature of the rate of resilience
decline, underscoring the urgent need for targeted conservation strategies that address the risks facing both
dominant ecosystems and more vulnerable, less extensive vegetation types across the globe. The pie charts relate
these patterns to climate, showing that Africa, with the highest proportion of acceleration of resilience decline or
deceleration in recovery or a reversal, is largely dominated by tropical climates, whereas Asia, exhibiting the
lowest proportion of decline, falls predominantly within cold climate zones. Collectively, these findings un-
derscore that changes in vegetation resilience are strongly influenced by regional LULC characteristics and
climatic conditions, reflecting complex interactions among ecosystem structure, climate stressors, and anthro-
pogenic impacts. This is consistent with the mechanisms proposed in prior studies (Han et al., 2025; Hirota
et al., 2011).

3.3. Interplay of LULC, and Climatic Drivers in Vegetation Resilience Shifts

To further elucidate how shifts in resilience trend vary across vegetation types and climatic contexts, we examined
land cover-specific changes in the variance-based recovery rate trend (ATrend) within major global climate zones
(Figure 4). Figure 4a presents the distribution of ATrend values for each LULC class across five primary climate
zones: tropical, arid, temperate, cold, and polar. The zero reference line demarcates the threshold between ac-
celeration of resilience decline or recovery loss (positive ATrend) and improvement (negative ATrend). In
tropical climates, both the mean and median ATrend values for nearly all LULC classes lie above this reference
line, indicating that the majority of pixels within these vegetation types are experiencing an acceleration of decline
in resilience or deceleration of resilience gain or a reversal toward loss. This consistent upward shift signals
widespread stress across tropical ecosystems, with shrublands being a notable exception, showing comparatively
lower levels of resilience loss. Figure 4b provides a complementary view by summarizing the relative proportion
of pixels within each climate zone that exhibit significant acceleration of decline in resilience or deceleration of
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Figure 4. Land cover-specific shifts in vegetation resilience trends across major global climate zones. (a) Bar chart showing the distribution of A Trend in variance-based
recovery rates (4,,;) across major climate zones, stratified by land use and land cover (LULC) types. A gray reference line at zero indicates the balance between positive
and negative A trends. Panel (b) Stacked bars represent the proportion of area within each climate zone exhibiting significant positive (brown) and negative (green) A
Trends, disaggregated by LULC class. Total area percentages per climate zone are indicated below each subplot. Note: Positive ATrend values indicate either ARL:
acceleration of resilience loss, or DRG: deceleration of resilience gain, or RTRL: reversal toward resilience loss. Negative ATrend values indicate either ARG: acceleration
of resilience gain, or DRL: deceleration of resilience loss, or RTRG: reversal toward resilience gain.
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resilience gain or a reversal toward resilience loss (brown) versus stabilization or gain (green), stratified by LULC
class. The tropical zone shows the highest proportion of affected area, with approximately 60.7% of pixels un-
dergoing resilience loss in the recent decade. In contrast, polar regions exhibit lower fractions of decline
(approximately 42.3%). Consistent with the ATrend in Figure 4a, all tropical land cover types, except shrubland,
show high proportions of an acceleration of decline in resilience or deceleration of resilience gain or a reversal
toward resilience loss. Notably, several vegetation types, including evergreen needleleaf forests, deciduous
broadleaf forests, savannas, and grasslands, display divergent resilience trajectories across different climate
zones. These contrasting patterns underscore the climate-dependent sensitivity of specific LULC types to
environmental stressors, highlighting the need to account for both vegetation structure and climatic context when
assessing ecosystem resilience.

This overall pattern is supported by detailed LULC-specific distributions of ATrend within the tropical climate
zone (Figure S10 in Supporting Information S1). Histograms for each major vegetation class reveal the per-
centage of area exhibiting positive (acceleration of decline in resilience or deceleration of resilience gain or a
reversal toward resilience loss) and negative (deceleration of declining resilience or acceleration of resilience gain
or reversal toward resilience gain) ATrend. Consistent with the main figure (Figure 4), broadleaf evergreen
forests, savannas, and grasslands show a majority of pixels with acceleration of decline in resilience or decel-
eration in recovery or a reversal toward resilience loss, whereas shrublands display a more balanced or slightly
improving resilience pattern. These findings emphasize the complex interplay between vegetation composition
and climate in shaping regional ecosystem resilience dynamics. The pronounced acceleration of resilience decline
across most tropical vegetation types signals heightened vulnerability of these ecosystems to ongoing climatic
stresses, whereas the more mixed trends observed in arid, temperate, cold, and polar zones suggest diverse
adaptive capacities and responses among LULC.

Given the pronounced loss of vegetation resilience observed in the tropical regions, we further investigated the
underlying dynamics by analyzing normalized time series of variance-based recovery rates (4,,,) alongside key
climatic drivers, that is, precipitation (Prec), temperature (Temp), vapor pressure deficit (VPD), and soil moisture
(SM), for each LULC class within this region (Figure 5a). The percentages indicated in each subplot denote the
fractional area of the tropical region occupied by the respective LULC type. Prominent vegetation classes such as
evergreen broadleaf forest (EBF), woody savanna (WS), savanna (Sav), and grassland show significant positive
trends in A,, (indicated by Theil-Sen slope), coinciding with increasing temperature and VPD trends (also
positive Theil-Sen slopes), coupled with declines in precipitation and soil moisture (negative Theil-Sen slopes).
To rigorously assess the significance of these trends, we applied the Kendall's tau test, which evaluates the
consistency and statistical robustness of the monotonic changes over time. Only trends passing this significance
threshold were considered, ensuring our interpretations reflect meaningful temporal shifts rather than random
fluctuations.

The complementary Theil-Sen slope analysis (Figure 5b), presented as percentage change per year, supports
these findings by quantifying the magnitude of change across all variables. Together, these results reveal that key
tropical LULC types are experiencing a reduction in resilience aligned with warming and drying climate con-
ditions. This combined statistical evidence underscores the heightened vulnerability of tropical ecosystems to
ongoing climatic stressors and highlights the urgent need to monitor and manage these critical LULC under
accelerating environmental change.

4. Discussion

Our analysis reveals significant spatial and temporal heterogeneity in vegetation functional resilience across
global natural ecosystems, as captured by SIF data. Using dynamical system theory and CSD indicators, we
provide robust estimates of vegetation recovery rates, their trends, and trend trajectories over two recent decades
(2000-2009 and 2010-2019). The latitudinal gradients and LULC-specific patterns observed in our study
emphasize the complex interplay between climate, vegetation type, and resilience dynamics under changing
environmental conditions.

The pronounced latitudinal pattern in recovery rates (Figure 1), with higher resilience in boreal regions and lower
resilience in tropical zones, aligns well with prior studies reporting LULC and climate-dependent recovery dy-
namics (Seddon et al., 2016). The faster recovery rates of boreal forests may reflect adaptations to extreme
seasonal climates and disturbance regimes, which have shaped resilient ecosystem structures (Johnstone
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Figure 5. Temporal dynamics and trends of vegetation recovery and climate drivers in tropical climate zones. (a) Time series of normalized variance-based recovery
rates (), precipitation (Prec), temperature (Temp), vapor pressure deficit (VPD), and soil moisture (SM), averaged across LULC types within the tropical climate
zone using a 3-year rolling window. Percent values in the upper right corner of each subplot indicate the proportion of the tropical zone occupied by each LULC type.
(b) Corresponding percentage trends (estimated by Sen's slope) for each variable across LULC categories, highlighting the direction and magnitude of change over time.
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et al., 2016). These ecosystems tend to possess species with life-history traits geared toward rapid recovery and
regeneration following disturbances (Engelmark, 1999). Conversely, tropical ecosystems exhibit slower recovery
rates, consistent with their typically high biodiversity but also vulnerability to prolonged drought and anthro-
pogenic pressures (Brando et al., 2014; Phillips et al., 2009). The slow recovery may also be linked to the complex
species interactions and nutrient cycling dynamics in tropical forests, which can be disrupted by climatic extremes
(Bonan, 2008). Additionally, these forests are often closer to physiological thresholds for heat and water stress,
making them more susceptible to compounded climatic impacts (Corlett, 2016; Doughty et al., 2023). Stratifi-
cation by LULC further refines this pattern, revealing LULC-specific resilience gradients within climate zones
(Figure 4). Our findings that tropical broadleaf forests, savannas, and grasslands show marked acceleration of
resilience declines or recovery loss underscore the sensitivity of these ecosystems to recent climate variability and
land use change (Lewis et al., 2011). These results echo previous remote sensing and field-based observations
documenting forest degradation and altered disturbance regimes in tropical regions (Aragdo et al., 2018).

By analyzing both the long-term recovery trends and the changes in trend trajectories between decades, we reveal
spatially heterogeneous resilience dynamics at both global and regional scales (Figure 2). The near balance
between areas of resilience loss and gain highlights the non-uniform responses of ecosystems to environmental
change. For example, regions such as boreal North America and parts of Asia show both resilience declines and
gains (Figures 2a and 2b), reflecting local climatic variability and disturbance legacies (Beck et al., 2011; Zhang
et al., 2024). These mixed patterns suggest that ecosystem responses are shaped by a complex interplay of natural
disturbance regimes, climate variability, and possibly land management practices. While long-term trends pro-
vide insights into the net direction of resilience change, the ATrend analysis captures underlying shifts in tra-
jectory, such as accelerations, decelerations, or reversals, that may signal emerging vulnerabilities. This is
particularly important in regions where ecosystems appear stable over the long term but are showing early signs of
slowdown or trend reversal toward resilience loss in recent decades (compare Figures 2a and 2c, and also compare
Figure 2 and Figure S8 in Supporting Information S1). These dynamics, visible only through ATrend, underscore
the need to analyze both static trend assessments and detect evolving risks. The regional analysis (Figure 3 and
Figure S9 in Supporting Information S1) further elucidates that the percentage of area undergoing resilience loss
and accelerated resilience decline is not uniformly distributed and is strongly influenced by the underlying land-
cover composition and dominant climate regimes. In Africa, both widespread grasslands and less extensive
shrublands contribute substantially to resilience loss, while in North America, the resilience decline largely takes
place in deciduous broadleaf and mixed forests, despite their smaller spatial coverage. Europe and Asia show a
similar pattern, with notable losses concentrated in deciduous and evergreen broadleaf forests, even though these
types occupy a limited portion of the landscape. This points to the importance of vegetation structure and
composition in mediating regional ecosystem resilience (Bai et al., 2004; Garcia-Palacios et al., 2018). This
uneven distribution of recovery loss and acceleration of resilience loss calls for targeted, biome-specific con-
servation strategies to protect both widespread and less extent ecosystems that are showing early signs of rapid
decline.

Our detailed analysis of tropical climate zone dynamics reveals consistent associations between declining
vegetation resilience and warming, increased vapor pressure deficit (VPD), and reduced precipitation and soil
moisture (Figure 5). This pattern corroborates the growing body of literature highlighting drought and heat stress
as key drivers of tropical forest vulnerability (Brando et al., 2025; Phillips et al., 2009). The strong concordance
between increasing temperature and VPD trends with positive 4,,, slopes suggests that intensifying climatic stress
is eroding the capacity of tropical ecosystems to recover from disturbances. The use of robust trend detection
methods, including Mann—Kendall significance testing and Theil-Sen slope estimation, strengthens the reliability
of these findings. The acceleration of resilience decline in major tropical vegetation types such as evergreen
broadleaf forests and savannas has profound implications for global carbon cycling, biodiversity conservation,
and climate feedback (Bazzaz, 1998). Moreover, reduced resilience threatens biodiversity conservation by
compromising habitat stability, species composition, and ecosystem services fundamental to both local liveli-
hoods and global ecological balance (Gatti et al., 2021). The synergistic effects of warming, drying, and increased
atmospheric demand exacerbate physiological stress on tropical vegetation, increasing the likelihood of regime
shifts, forest dieback, and loss of ecosystem function and associated ecosystem services (Cusack et al., 2016).
These outcomes underscore the urgent need for monitoring and adaptive management strategies aimed at miti-
gating climate impacts and preserving the resilience of tropical ecosystems under accelerating global change. Our
estimates are based on functional resilience derived from detrended and deseasonalized photosynthetic activity.
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Increases in variance or autocorrelation may therefore sometimes reflect natural internal variability or ongoing
successional processes, rather than a true deterioration of ecosystem resilience. This is particularly relevant in
ecosystems where structural recovery and species turnover occur over multi-decadal timescales. Therefore, our
results should be interpreted as changes in the short-term functional resilience of vegetation in terms of photo-
synthesis, not as comprehensive indicators of broader ecosystem resilience that includes compositional, struc-
tural, and biodiversity-related dimensions (Guo et al., 2021; Kim et al., 2024; Woodgate et al., 2025). Further,
while SIF provides a valuable physiological indicator of photosynthetic activity, it is important to acknowledge
several caveats. SIF is not a direct measurement of carbon assimilation or Rubisco-limited photosynthesis; rather,
it reflects chlorophyll fluorescence emitted during the light reactions and is modulated by both photochemical and
non-photochemical pathways. As previous studies have shown (Jones et al., 2023; Marrs et al., 2020), re-
lationships between SIF and carbon assimilation can weaken under conditions of high heat stress, strong non-
photochemical quenching, or stomatal closure, when fluorescence yield may increase even as carbon uptake
declines. In addition, because satellite-retrieved SIF is derived from canopy reflectance, it retains some spectral
and structural sensitivities, including potential influences of biomass, viewing geometry, and canopy architecture.
These caveats highlight that, although SIF can offer earlier and more physiologically relevant stress detection than
greenness-based indices, it does not represent a direct or universal measure of carbon assimilation, and should be
interpreted as an indicator of photosynthetic function rather than a precise measure of ecosystem carbon uptake.
Despite these limitations, SIF remains well suited for resilience diagnostics because it captures rapid physio-
logical regulation of photosynthetic function in response to environmental perturbations. By analyzing recovery
dynamics of detrended SIF anomalies, we focus on the temporal stability of photosynthetic activity rather than its
absolute magnitude.

Our study highlights recent global shifts in vegetation functional resilience and their trends as revealed by SIF. By
integrating CSD theory with robust statistical trend analysis, our study offers a framework for early detection of
ecosystem destabilization under climate and land use composition. The observed LULC and climate zone-specific
patterns underscore the necessity for targeted conservation and adaptive management strategies that consider
ecosystem-specific vulnerabilities and climate projections. Beyond testing theoretical expectations of CSD, the
global resilience patterns revealed in this study provide a practical foundation for advancing ecosystem moni-
toring and understanding. First, the spatially explicit declines and gains in functional resilience offer a strategic
basis for targeted regional-scale investigations aimed at identifying the ecological and climatic mechanisms
underlying emerging vulnerabilities. Second, because changes in functional resilience often precede observable
shifts in ecosystem state, our framework establishes an operational early-warning context for detecting regions at
heightened risk under increasing climate pressure. These insights can inform the prioritization of field campaigns,
long-term monitoring efforts, and the allocation of conservation or management resources. By outlining where
resilience is eroding and how these trajectories are evolving, the analysis provides a platform for future obser-
vational, experimental, and modeling work, positioning functional resilience as a meaningful lens through which
to evaluate ecosystem stability in a changing climate. Moreover, expanding analyses to include anthropogenic
drivers such as land use intensification, fire regimes, and invasive species will enhance understanding of resil-
ience loss mechanisms (Oliver et al., 2015). Coupling these resilience indicators with predictive ecosystem
models may improve forecasting of tipping points and guide proactive interventions.

5. Conclusion

We leveraged SIF, an indicator of photosynthetic activity, to assess global vegetation functional resilience from
2000 to 2019. By applying indicators of CSD, we calculated recovery rates from variance and autocorrelation in
SIF time series. Our analysis revealed strong latitudinal contrasts, with boreal ecosystems recovering more
rapidly while tropical and low-latitude ecosystems remained persistently vulnerable. Long-term trends high-
lighted pronounced resilience declines in the Eurasian high latitudes, whereas short-term trajectories exposed
diverging pathways, with some ecosystems showing recovery and others accelerating toward loss. In particular,
tropical ecosystems experienced widespread and worsening declines linked to rising heat, vapor pressure deficits,
and soil moisture stress. Together, these findings establish a framework for early detection of ecosystem
destabilization, providing critical guidance for global conservation, management, and climate adaptation.
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