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Abstract Over the past four decades, global temperatures have increased more rapidly than before,
potentially reducing vegetation activity if temperatures exceed the optimum temperature (Topt). However,
plants have the capacity to acclimate to rising temperatures by adjusting Topt, thereby maintaining or even
enhancing photosynthesis and carbon uptake. Despite this, it remains unclear how Topt of vegetation activity
changes over time and to what extent global vegetation can acclimate to current temperature changes. In this
study, we evaluated the temporal trends of Topt of vegetation activity and the thermal acclimation
magnitudes globally using three remote‐sensed vegetation indices and eddy‐covariance observations of gross
primary productivity from 1982 to 2020. We found that the global Topt of vegetation activity has increased at
an average rate of 0.63°C per decade over the past four decades. The increase in Topt closely tracked the rise
in annual maximum daily mean temperature (Tmax), indicating that thermal acclimation has occurred widely
across the globe. Globally, we found an average thermal acclimation magnitude of 0.38°C per 1°C increase
in Tmax. Notably, polar and continental regions exhibited the highest thermal acclimation magnitudes, while
arid areas showed the lowest. Additionally, the thermal acclimation magnitude was positively affected by
interannual temperature variability and negatively affected by soil moisture and vapor pressure deficits. Our
findings indicate that terrestrial ecosystems have acclimated to current climate warming trends with varying
degrees, suggesting a greater potential for land carbon uptake. Moreover, these results highlight the necessity
for earth system models to integrate the thermal acclimation of Topt to better forecast the global carbon
cycle.

Plain Language Summary Global warming affects vegetation growth, and plants may acclimate to
temperature changes to enhance their growth and activity. However, how effectively global vegetation can
adjust to temperature changes is unclear. To examine this, we analyzed satellite and ground data from 1982 to
2020 to determine changes in the optimum temperature of vegetation activity. We found that global vegetation
has acclimated to rising temperatures by increasing the optimum temperatures. Polar and continental vegetation
have undergone the greatest acclimation. In addition, ecosystems with humid climates and higher temperature
variability have a greater capacity to acclimate to rising temperatures. These findings have important
implications for better predicting how warming will affect the global carbon cycle.

1. Introduction
Understanding the temperature response of vegetation activity is critical for anticipating the response of global
ecosystems to warming and their feedback to climate change (Hughes, 2000; Niu et al., 2008; Smith &
Dukes, 2013). The temperature response curves at both the leaf and ecosystem levels have shown that plant
photosynthesis and ecosystem productivity typically increase with temperature up to an optimum temperature
(Topt) (Huang et al., 2019; Lloyd & Farquhar, 2008) before they rapidly decline due to impairments in electron‐
transport and Rubisco enzymatic capacity, stomatal regulation, and accelerated leaf senescence (Grossiord
et al., 2020; Niinemets, 2001; Scafaro et al., 2017). In recent decades, land temperatures have risen at a faster rate
than in the preceding century (Masson‐Delmotte et al., 2021). This accelerated warming rate is expected to
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influence plant activity and temperature responses (Saxe et al., 2001; Smith et al., 2017). However, the corre-
sponding changes in Topt of vegetation activity have not been comprehensively investigated.

Plants can adjust their temperature response and increase their Topt in response to rising temperatures, a phe-
nomenon known as thermal acclimation (Smith et al., 2016; Yamori et al., 2014). Thermal acclimation of
photosynthesis has been widely observed at the leaf level (Smith & Dukes, 2013; Yamori et al., 2014), and
warming experiments show that plants can increase their Topt for leaf photosynthesis with growth temperatures by
up to 10°C (Battaglia et al., 1996). However, recent studies indicate that the Topt for vegetation activity at the
ecosystem scale differed significantly from leaf‐level observations (Huang et al., 2019). Nevertheless, it remains
unclear whether thermal acclimations occur at the ecosystem level. Previous studies reported that ecosystem Topt

increased with annual maximum daily temperature (Tmax) at a spatial scale and hypothesized that the temporal
acclimation in Topt to increasing temperatures would mirror this spatial sensitivity (Huang et al., 2018; Wang
et al., 2023). However, it is unclear whether the spatial sensitivity accurately reflects the temporal responses of
Topt to Tmax and whether thermal acclimations have already occurred under the current warming levels. Moreover,
the capacity for thermal acclimation differs considerably among plant species. For instance, previous studies
showed that tropical and subtropical forest species had a greater acclimation capacity than temperate species
(Choury et al., 2022). Similarly, the thermal acclimation capacity also varied greatly among photosynthetic
pathways (C3, C4, and CAM) and functional types that differ in their distributions (Tjoelker et al., 1998; Yamori
et al., 2014). Despite this, how thermal acclimation capacity differs among various biomes and climatic regions
remains unknown. Accessing the thermal acclimation capacity of global ecosystems is crucial for predicting
future changes in Topt and terrestrial carbon uptake.

The ability of plants to acclimate to elevated temperatures appears to be intricately linked to their background
climate (Crous et al., 2022; Kumarathunge et al., 2019). For example, species that experience a more variable
environment have been found to acclimate better to increased growth temperature than those living in a stable
environment (Björkman et al., 1978; Cunningham & Read, 2002). In addition, a recent study showed that eco-
systems in humid and cold regions acclimated more rapidly to temperature changes than those in dry and warm
areas (Wang et al., 2023). However, it is challenging to synthesize and compare the drivers of acclimation ca-
pacity and how they regulate the temperature response of plants (Lin et al., 2012). To address these knowledge
gaps, we investigated the temporal trends of Topt of vegetation activity and determined the thermal acclimation
magnitudes of global vegetation using long‐term remote sensing data sets of three vegetation indices during
1982–2020 and ground observations from 132 eddy‐covariance sites. Specifically, we aimed to address the
following questions: (a) Does the global Topt demonstrate an increasing trend over the past four decades? (b) To
what extent has global vegetation acclimated to current temperature changes, and how do the thermal acclimation
magnitudes differ among biomes and climate zones, and (c) Which environmental or biotic factors primarily
influence the thermal acclimation magnitude?

2. Materials and Methods
2.1. Data

Our study aimed to evaluate the changes in Topt of vegetation activity during 1982–2020 across global vegetated
areas. Vegetated areas were defined as regions where the annual mean Normalized Difference Vegetation Index
(NDVI) > 0.1 (Figure S1 in Supporting Information S1, Fang et al., 2004). We used three types of vegetation
indices derived from satellite observations to investigate the temporal variations of Topt, including daily NDVI,
near‐infrared reflectance of vegetation (NIRv), and gross primary productivity (GPP). The NDVI employs the
contrast in reflectance between the infrared and red portions of the electromagnetic spectrum, demonstrating a
strong correlation with vegetation growth and photosynthesis (Beck et al., 2011). The NDVI demonstrated greater
simplicity, accessibility, and historical availability than most other indices, and has been widely used in studies of
vegetation dynamics and warming responses (Huang et al., 2018; Lian et al., 2021; Piao et al., 2020). We derived
the daily NDVI data set from the Advanced Very High‐Resolution Radiometer (AVHRR) sensor by the National
Oceanic and Atmospheric Administration (NOAA). The AVHRR NDVI covers 1981 to the present day, with a
spatial resolution of 8 km and a temporal resolution of one day (Vermote et al., 2014). The NIRv is a recently
developed index for vegetation photosynthesis that is highly sensitive to canopy development, plant phenology,
and productivity (Badgley et al., 2017; Wang et al., 2020; Zhang et al., 2022). Daily NIRv was calculated as the
product of AVHRR daily NDVI and near‐infrared (NIR) reflectance (Pedelty et al., 2007), following Badgley

Earth's Future 10.1029/2024EF004489

WANG ET AL. 2 of 15

 23284277, 2024, 10, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2024E

F004489, W
iley O

nline L
ibrary on [25/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



et al. (2017). A value of 0.08 was subtracted from the NDVI to minimize the influence of soil conditions.
Moreover, spatial gaps in AVHRR NDVI and NIRv (e.g., caused by dense cloud cover) were gap‐filled using
linear interpolation methods (Chen et al., 2004). In addition, daily AVHRR NDVI and NIRv exhibited a few
significant errors during the non‐growing seasons, showing unusually high values (e.g., Figure S2 in Supporting
Information S1). Consequently, all the outliers (i.e., values outside of the median of NDVI/NIRv ±3 times the
median absolute deviation) during the non‐growing seasons were removed. Finally, we also incorporated
FLUXCOMGPP, which was upscaled from local GPP observations of FLUXNET sites throughmachine learning
methods with remote‐sensing data and forced by CRUNCEPv6 climate setups (Jung et al., 2017, 2020; Tra-
montana et al., 2016). The FLUXCOM GPP data sets have a temporal resolution of one day and a spatial res-
olution of 0.5°, covering 1980–2013. The three products span over 30 years and provided daily observations,
allowing the construction of temperature response curves and the extractions of annual Topt for each grid.

We used NASA's MERRA2 reanalyzed daily air temperature data set to extract Topt for vegetation activities at the
global scale (Global Modeling and Assimilation Office, 2015). The daily mean temperature from the MERRA2
data set was obtained from Earth DATA. Moreover, to evaluate the Topt trends across different biomes and
climatic zones, we used the KÖPPEN‐GEIGER climate classification map (Kottek et al., 2006) and MODIS land
use/cover (MCD12Q1 V061) product (Sulla‐Menashe & Friedl, 2018). The KÖPPEN‐GEIGER climate map
classifies the globe into five main climatic zones: Arid, Tropical, Humid Temperate, Dry Temperate, Continental,
and Polar. Meanwhile, we classified global biomes into nine International Geosphere‐Biosphere Programme
(IGBP) classes using MODIS land cover data set, including evergreen needleleaf forests (ENF), evergreen
broadleaf forests (EBF), deciduous needleleaf forests (DNF), deciduous broadleaf forests (DBF), savannas
(SAV), shrublands (SHR), croplands (CRO), grasslands (GRA), and mixed forests (MF). Detailed classification
methods, distributions, and zonal climates for different climate zones and biomes are provided Tables S1 and S2,
Figures S3, and S4 in Supporting Information S1. Furthermore, we also combined the IGBP and KÖPPEN‐
GEIGER climate classification to investigate the differences in the Topt trends between different climate back-
grounds within a biome (Table S3 in Supporting Information S1).

In addition to satellite observations, we also examined Topt trends across 132 eddy covariance sites (Table S1 in
Supporting Information S1) over 1990–2014 using daily GPP (GPP_DT_VUT_REF) and temperature (TA_F)
data derived from the FLUXNET 2015 data set (Pastorello et al., 2020). The GPP was estimated from the net
ecosystem exchange (NEE) using a daytime partition method. To ensure the high quality of flux site observations,
we used daily temperature and GPP data, with at least 50% of the values directly measured or well gap‐filled
(TA_F_QC and NEE_VUT_REF_QC > 0.5).

To identify the factors influencing the spatial variations of Topt acclimation magnitudes (Muñoz‐Sabater
et al., 2021) while ensuring data dependency, we used the ERA‐5 land product. A total of six climatic variables
were derived from the ERA‐5 land product, including mean annual temperature (MAT), precipitation (MAP),
solar radiation (NSR), vapor pressure deficit (VPD), soil water content (SWC), and interannual variability of
temperature (coefficient of variations, CV). Here, CV represents the degree of variation of MAT for each grid
over the study period. In addition, we incorporated a potential biotic driver, the leaf area index (LAI), and two
soil‐related factors, including total soil nitrogen (SOILN) and carbon (SOILC), to evaluate whether these biotic
and soil characteristics influence the acclimation capacity of vegetation. Long‐term mean LAI was derived from
theMODIS LAI product, while the SOILN and SOILC data were derived from the global soil grid data set. All the
data sets we used were listed in Table 1 and resampled to the same spatial resolution of 0.5°.

2.2. Estimation of Optimum Temperature (Topt) of Vegetation Activity

We employed two methods to extract the Topt of vegetation activity: the nonlinear regression method and the
binned method (Huang et al., 2019). The nonlinear regression method estimates Topt based on the nonlinear
relationship between vegetation activity and temperature. For instance, the Topt for NDVI in each grid year was
determined by fitting the NDVI‐temperature curve using a nonlinear formula derived from the photosynthesis‐
temperature relationship (Battaglia et al., 1996; Sendall et al., 2015),

NDVI(T) = NDVIopt − b(T − Topt)
2 + ε
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where NDVI(T) is the NDVI value at a daily mean temperature T, T is the daily mean temperature, ε is the random
error, and NDVIopt, b, and Topt are parameters to be estimated. Nonlinear regression uses an iterative algorithm to
identify the best‐fitting model by minimizing the sum of squared errors between the observed data and the model
predictions. This process requires an initial starting value for each parameter in the model to initiate the iterations.
For each site year, we used the peak NDVI as the initial starting value for NDVIopt, the corresponding daily
temperature for Topt, and 0 for parameter b. We applied the same method to obtain the Topt for GPP and NIRv
globally using FLUXCOM GPP and AVHRR NIRv, respectively.

The binned method determined Topt using four steps: (a) The daily mean temperature data were binned in 1°C
increments for each grid year. (b) The daily mean temperature and corresponding NDVI were averaged in each
temperature bin. In order to minimize the impact of biotic and human disturbance, we used 95% of the NDVI
values in each bin. (c) We calculated the running means of every three temperature bins to construct the tem-
perature response curves of NDVI. (d) Topt was determined from the response curve at which the NDVI reached
its maximum value. It is worth noting that Topt may not be captured if the maximumNDVI occurs at the end of the
response curves, accounting for 7% of all vegetated areas. In addition, the binned method was applied to derive
Topt for GPP at the site level for 132 FLUXNET sites.

To test the robustness of the nonlinear method, we compared the Topt values derived using the nonlinear method
with the observed site‐level Topt values forGPP. The results showed thatNDVI,NIRv, and FLUCOMGPP‐derived
Topt using nonlinear methods was highly comparable with site observations, withR2 values of 0.53, 0.28, and 0.88,
respectively, and p< 0.001 (Figure S5 in Supporting Information S1). In addition, the Topt derived usingNDVI and
nonlinear method exhibited a similar global pattern to that observed in the previous study (Figure S6 in Supporting
Information S1) (Huang et al., 2019).Moreover, we testedwhether other climatic factors would affect the accuracy
of Topt estimations by constructing a partial model betweenNDVI and temperature with radiation and precipitation
effects excluded. The Topt derived from the partial model aligns with those derived from the nonlinear model
(R2 = 0.93, p < 0.001) at the 132 FLUXNET sites (Figure S7 in Supporting Information S1), indicating that
precipitation and radiation do not affect the Topt for NDVI. Overall, these analyses indicate that the Topt derived by
the nonlinear method accurately captures the temperature optimal for plant activity and thus could be used in
detecting the changes in Topt over time. The nonlinear model successfully estimated Topt in 93.2% of vegetated
areas, while other pixels did not exhibit a parabolic NDVI‐temperature curve.

2.3. Statistical Analysis

To evaluate the temporal changes in Topt for vegetation activity from 1982 to 2020, we conducted ordinary least
squares regression of Topt for NDVI, NIRv, and GPP against year for each grid, respectively. Additionally, Topt

Table 1
Data Sets Used in the Study

Data set Period Spatial resolution Temporal resolution Accessed

AVHRR NDVI, version 5 1982–
2020

0.05° Daily NOAA

AVHRR NIR 1982–
2020

0.05° Daily NOAA

FLUXCOM GPP 2001–
2021

0.5° Daily FLUXCOM

Temperature 1982–
2020

0.25° Daily NASA

ERA‐5 land product 1982–
2020

2.5 arc min Monthly ERA‐5

MODIS LAI 2001–
2020

0.05° Monthly NASA LPDAAC

Soilgrid 2.0 – 250 m – Poggio et al. (2021)

KÖPPEN‐GEIGER climate classification map 2020 0.5° – FAO

MODIS Landcover type (MCD12Q1 V6) 2020 1000 m Yearly NASA LPDAAC
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trends were evaluated on a global scale and within various biomes and climate zones. Moreover, at the site level,
we assessed the Topt trends across FLUXNET sites using linear mixed models, with sites serving as random
variables. In addition, we also examined the Topt trends at each flux site using median‐based linear models, which
minimized the impact of extreme values (Rousseeuw, 1984).

To investigate how Topt changes in response to rising temperatures, we calculated partial Pearson correlations
between Topt and maximum daily mean temperature (Tmax) for each grid across the year, by removing the effects
of mean annual precipitation and solar radiation changes on Topt using the R package psych (Revelle & Rev-
elle, 2015). Moreover, we further determined the magnitudes of Topt acclimation to Tmax changes (thermal
acclimation magnitudes) of each grid as the partial regression slope between Topt and Tmax (δTopt/δTmax) across
years. We used a linear model (Topt = Tmax + precipitation + solar radiation) to calculate the partial regression
slopes to remove the potential impacts of other climatic factors. Additionally, we also calculated the acclimation
magnitudes using Topt and the mean daily maximum temperature in each grid to test the robustness of our results.

To determine the factors that contribute to the spatial variation in thermal acclimation magnitude, we employed a
random forest approach. Specifically, we constructed a random forest model to regress thermal acclimation
magnitude against a number of climatic and biotic factors. The relative importance of each factor in determining
acclimation magnitudes was calculated by dividing its importance in the random forest model by the largest
importance value. Additionally, the relationships between the key factors and the acclimation magnitudes were
investigated using partial regression methods. All analyses were conducted in R using the mblm, nlme, and
randomForest packages (Komsta, 2013; Pinheiro et al., 2017; RColorBrewer & Liaw, 2018).

3. Results
3.1. Increasing Topt Over the Last Four Decades

We observed significant increases in the Topt for vegetation activity at regional, biome, and global scales from
1982 to 2020 (Figures 1a and 1b). On a global scale, the mean Topt for AVHRRNDVI has increased by 0.63°C per
decade over the past four decades (R2= 0.76, p < 0.001). 20.2% of global vegetated areas showed significant rises
in Topt (p < 0.05), while 3.3% exhibited significant decreases. The most pronounced increases were observed in
Northern Asia, South America, and Central Africa. Similarly, a large proportion of Europe, Asia, and North
America also experienced rapid increases in Topt. The Topt derived by the binned method showed consistent
increasing trends of Topt (Figure S8 in Supporting Information S1), with a slope of 0.03°C yr− 1 (R2 = 0.47,
p < 0.001).

To test the robustness of Topt trends, we conducted additional analyses using AVHRR NIRv, FLUXCOM GPP,
and ground‐based GPP observations, respectively. The Topt of NIRv and GPP showed consistent increases with
that of NDVI (Figures S9 and S10 in Supporting Information S1). Specifically, Topt for AVHRR NIRv exhibited
an increase of 0.03°C (R2 = 0.46, p < 0.001) per year, while Topt for FLUXCOM GPP showed an increase of
0.02°C per year. In addition, the global patterns of Topt changes for the two indices were similar to that of NDVI.
Moreover, ground‐based Topt for GPP also yielded comparable results, showing an overall increase in Topt of
0.10°C per year (p = 0.003) (Figure S11 in Supporting Information S1). However, due to the limited time
coverage of each site (ranging from 3 to 15 years), the Topt trends were less significant for individual sites.
Furthermore, we compared the NDVI‐derived slopes of Topt with those derived from ground‐based GPP for 66
long‐term sites (time coverage >5 years), and found highly consistent results (R2 = 0.56, p < 0.001), indicating
that the increasing rate of Topt for vegetation activity was comparable between site‐ and satellite‐observations
(Figure S12 in Supporting Information S1).

We observed increasing Topt trends for vegetation activities across all biomes and most climatic zones (Figures 2a
and 2b). The sharpest increase of Topt for NDVI occurred in the polar region, with a slope of 0.18°C yr− 1

(R2 = 0.71, p < 0.001). Similarly, the mean Topt in continent zones increased by 0.11°C per year during the study
period (R2 = 0.7, p < 0.001). Wet ecosystems in tropical and temperate regions exhibited smaller but significant
increases in mean Topt, while arid and dry temperature zones did not show significant increases. Among different
biomes, the most rapid Topt increase was observed in DNF (slope = 0.19°C yr− 1, p < 0.001), followed by SHR
(slope= 0.14°C yr− 1, p < 0.001). Notably, shrubland Topt increased more sharply in the boreal regions, while arid
SHR showed a smaller increase (Figure S13 in Supporting Information S1). Conversely, Topt in GRA and CRO
exhibited less pronounced increases than forests.
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3.2. Thermal Acclimation of Topt With Increasing Temperatures

Topt of vegetation activity showed positive correlations with Tmax globally (Figure 3a, p < 0.05), indicating that
the increase in Topt closely tracked temperature changes. Across vegetated areas, 30.1% displayed significant
positive correlations (p < 0.05) between Topt for NDVI and Tmax, while 3.8% exhibited negative correlations.
Significant positive correlations were observed in various regions across Asia, Europe, South America, and North
America. Tropical regions showed the strongest correlations, followed by continental and polar areas (Figure 3b).
In contrast, dry temperate and arid ecosystems displayed weaker correlations, with some arid ecosystems showing
negative correlations. Among different biomes, the most significant correlations were found in EBF, while GRA,
SHR, and CRO showed weaker correlations (Figure 2c). In addition, Topt of tropical forests was found to be more
sensitive to Tmax changes than that of temperate forests (Figure S14 in Supporting Information S1). We further
tested the correlations between Topt and mean daily maximum temperatures, and found highly consistent results
(Figure S15 in Supporting Information S1). Additionally, the Topt derived using the binned method, AVHRR

Figure 1. Spatial distribution of Topt trend for vegetation activity during 1982–2020 (a). The color legend indicates the
significant slopes of Topt (p < 0.05). White areas indicate non‐vegetated areas, while gray areas indicate insignificant trends.
The temporal trend of globally averaged Topt for vegetation activity (b). The blue line is the line plot of the global average
Topt, while the red line represents the linear fitting result.
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Figure 2. Temporal trends of averaged Topt across biomes (a) and climate zones (b). Solid linear lines indicate significant linear trends over the years. HT, Hot temperate;
DT, Dry temperate; Significance levels: p < 0.001, ***.

Figure 3. Spatial distribution of significant correlation coefficient (R) values between Topt and Tmax during 1982–2020 (a),
and the average correlation coefficient in different climate zones (b) and vegetation types (c). The maximum and minimum
extents of the colored boxes in panels (b, c) indicate the 25th and 75th percentiles and the whiskers represent the 5th and 95th
percentiles, respectively. HT, Humid temperate; DT, Dry temperate.
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NIRv, and FLUXCOMGPP data sets also exhibited significant positive correlations with Tmax (Figure S16–18 in
Supporting Information S1), highlighting the universality of thermal acclimation.

3.3. Thermal Acclimation Magnitude of Vegetation Activity

The thermal acclimation magnitude of different ecosystems was determined by calculating the changes in Topt in
response to Tmax changes (δTopt/δTmax). We found that the global average thermal acclimation magnitude for
NDVI was 0.38°C per 1°C. Generally, Continental and polar regions exhibited the highest thermal acclimation
magnitudes, with mean values of δTopt/δTmax at 0.63°C/1°C and 0.6°C/1°C, respectively (Figure 4c). In addition,
tropical vegetations showed a larger acclimation magnitude than temperate vegetations (Figure 4c, Figure S19 in
Supporting Information S1). Conversely, the acclimation magnitudes were considerably smaller in the arid
ecosystems, with mean values of 0.03°C/1°C. Regarding biomes, MF demonstrated the greatest acclimation
magnitude (δTopt/δTmax = 0.65°C/1°C), followed by DNF (δTopt/δTmax = 0.59°C/1°C). While boreal forests
showed the largest acclimation magnitude, tropical forests exhibited greater acclimation capability than temperate
forests (Figure S19 in Supporting Information S1). In addition, forest ecosystems generally exhibited larger
acclimation capacities than non‐forest biomes (Figure 4c).

To test the robustness of the acclimation magnitudes, we repeated our analysis with mean daily maximum
temperatures and found consistent results (Figure S20 in Supporting Information S1). The magnitude of Topt

acclimation to mean daily maximum temperatures was slightly larger than that to Tmax, indicating that temper-
ature optima of global ecosystems might be more sensitive to changes in annual mean temperatures. In addition,
we also repeated our analysis using the Topt for NIRv and FLUXCOMGPP, and the Topt for NDVI derived by the
binned method, respectively. The results reveal similar acclimation magnitudes for Topt of different vegetation
indices (Figures S21–S23 in Supporting Information S1). Overall, these results suggested that the acclimation
magnitudes of vegetation activity found in this study were comparable between different Topt extraction methods
and vegetation indices.

3.4. Determinants of Thermal Acclimation Magnitude

The acclimation magnitude was mainly influenced by temperature variabilities (CV) and water deficits (VPD and
SWC) (Figure 5a). In addition, partial dependency analysis revealed that the acclimation magnitude increased

Figure 4. The spatial distribution of thermal acclimation magnitude of vegetation activity during 1982–2020 (a). The slopes
refer to the partial regression slope between Topt for Normalized Difference Vegetation Index and Tmax while accounting for
the effects of precipitation and light. White areas indicate non‐vegetated regions. Thermal acclimation magnitude among
biomes (b) and climate zones (c). The error bars refer to the standardized deviations. HT, Humid temperate; DT, Dry
temperate.
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with rising temperature variability and SWC (Figures 5b and 5c). In contrast, given the collinearity between VPD
and MAT, we employed a two‐way partial dependency regression method to decouple the influence of VPD and
MAT on the acclimation magnitude (Figure 5d). The results showed that an increase in VPD decreased the
acclimation magnitude, while an increase in MAT generally augmented the acclimation magnitude to a critical
point, beyond which the acclimation magnitude started to decline.

4. Discussion
In this study, we revealed that the Topt of the global vegetation activity has significantly increased over the past
four decades. The increase in Topt closely tracked the increase in air temperatures, demonstrating that global
ecosystems are able to acclimate to a warming climate by shifting their temperature responses. This phenomenon
has been mostly reported in leaf‐scale warming experiments and species‐level observations (Björkman
et al., 1978; Scafaro et al., 2017; Yamori et al., 2014). Our research extends the understanding of thermal
acclimation to a global context, showing that terrestrial ecosystems have been undergoing significant thermal
acclimation under current warming scenarios. Moreover, our results show that the acclimation magnitudes of
vegetation activity vary significantly across biomes and climatic zones, which are mainly influenced by water
deficits and interannual temperature variability. The global pattern of acclimation magnitudes is crucial for
estimating future Topt in a warming climate and can be used as an important benchmark for evaluating the ac-
curacy of earth system models (ESMs).

Figure 5. The relative importance of different predictors in determining the thermal acclimation magnitude of vegetation
activity and climatic variables across grids (a), and the relationships between thermal acclimation magnitude of vegetation
activity and mean annual temperature CV (b), soil water content (c), and vapor pressure deficit (d). The relative importance
for a specific variable was calculated as the ratio of its importance in the model divided by the maximum importance (the
importance of CV in the model) in percentages. The blue lines represent fitting lines by the locally estimated scatterplot
smoothing method.
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4.1. Thermal Acclimation on a Global Scale

We found that global Topt increased significantly during 1982–2020. The observed increase in Topt was correlated
strongly with rising Tmax (Figure 3), indicating thermal acclimation at the ecosystem level. Such acclimation
responses have been well‐documented at the leaf and species levels (Björkman et al., 1978; Yamori et al., 2014).
Our results not only extend the concept of photosynthetic acclimation to a global scale but also reveal that
ecosystem acclimation has widely occurred under the current warming magnitude. These findings are partly
supported by observations across eddy‐covariance sites (Niu et al., 2012; Wang et al., 2023). However, previous
studies have not documented a specific increase in Topt over time (Wang et al., 2023), probably because the
FLUXNET data set covers a short period, and Tmax does not consistently rise year‐over‐year in those studies.
Similarly, Huang et al. (2019) observed minimal changes in Topt across years using biweekly NDVI data and a
moving window of 10 years. The biweekly data smooths out NDVI variations, which may result in a significant
underestimation of Topt changes if the peak NDVI occurs in the same week in one year and another. In addition,
our study employed a year‐to‐year analysis instead of the moving window approach. The year‐to‐year analysis
increases the interannual variability of NDVI, thereby increasing the probability of detecting changes in Topt.

Leaf‐level experiments have indicated that thermal acclimation is mainly due to increased Rubisco activity and
electron transport capability (Sage & Kubien, 2007; Scafaro et al., 2017). However, at the ecosystem level, the
increase in Topt may also be related to processes other than leaf‐level carboxylation. For instance, elevated
temperatures may facilitate root growth (Malhotra et al., 2020; Wang et al., 2021), thereby enhancing water
accessibility and promoting vegetation activity under high temperatures. Additionally, warming may increase the
availability of nitrogen and phosphorus through increased mineralization, which in turn boosts plant activity in
warmer years (Hobbie & Chapin III, 1998).

We found that, on a global scale, Topt of vegetation activity increased by 0.38°C per 1°C increase in Tmax. This
acclimation magnitude was significantly smaller than that derived from spatial gradients (Huang et al., 2019;
Wang et al., 2023), indicating that the spatial sensitivity of Topt to Tmax cannot be directly used to predict future
Topt changes. Moreover, the acclimation magnitude was also smaller than that observed at the species level. For
instance, Gunderson et al. (2010) reported acclimation magnitudes ranging from 0.51°C to 1.07°C/1°C for five
deciduous tree species. Similarly, Slot andWinter (2017) found an acclimation magnitude of 0.47°C/1°C for three
wet tropical forest tree seedlings. However, our study captures the acclimation of Topt at the ecosystem level,
offering a broader perspective that reflects the warming response of vegetation communities. This suggests that
the sensitivity of ecosystem productivity to warming may differ from that observed at the species level, high-
lighting the need to incorporate ecosystem‐level experiments into projections of global vegetation productivity
under warming.

4.2. Variations in Thermal Acclimation Among Climate Zones and Biomes

Ecosystems in different climate types showed great variations in their Topt trends. Polar regions exhibited the
sharpest increase in Topt, which agrees with the previous study (Huang et al., 2019) and can be attributed to the
most significant temperature increases in these regions (Brown et al., 2017; Xu et al., 2013). Moreover, our
findings indicate that the largest Topt increase in polar regions is associated with large acclimation capacities
(Figure 4c), aligning with a previous study on boreal tree species (Sendall et al., 2015). This high acclimation
capacity in polar ecosystems is likely driven by their substantial interannual temperature variability (Figure S24 in
Supporting Information S1), which may enable these ecosystems to adjust more effectively to sustained warming.
Additionally, warming may strongly facilitate nitrogen mineralization in polar regions, thereby enhancing
vegetation activity (Rustad et al., 2001). Furthermore, warming could also induce a rapid shift in species com-
positions towards more productive functional groups (i.e., an increase of deciduous shrubs) in the polar region,
which enhances vegetation activities at higher temperatures (Chapin III et al., 1995). Conversely, we observed a
few negative correlations between Topt and Tmax in forest‐tundra transitions in northern Canada, possibly due to
increased drying and wildfires under warming in these regions, which have been shown to reduce plant growth
and photosynthesis (Olthof et al., 2008; Stocks, 1993; Zhang et al., 2015).

Similarly, ecosystems with a continental climate exhibited a large increase in Topt and the largest acclimation
capacity (Figure 4c). The continental climate is characterized by hot summers and cold winters, with significant
temperature variations across the seasons. Thus, continental plants may better adjust to temperature change.
Moreover, previous studies have shown that prolonged exposure to warming may facilitate continental species to
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produce new leaves with the chemical composition and enzymatic machinery necessary for more complete
acclimation (Loveys et al., 2003).

In addition, we found that tropical ecosystems have a higher acclimation capacity than temperate ecosystems,
which is supported by a previous study showing a larger adjustment of Topt in tropic forest species than in
temperate species (Choury et al., 2022). This can be explained by a strong temperature response of RuBP
carboxylation capability in tropical species (Hikosaka et al., 2006). However, it is worth noting that the tem-
perature range experienced by the tropical ecosystems during the course of our study period is considerably lower
than that projected in most warming experiments. Therefore, with the continuation of the observed warming
trend, tropical forests are likely to exceed their temperature tolerance thresholds, with further temperature in-
creases potentially reducing vegetation growth (Doughty et al., 2023).

In contrast, dry ecosystems exhibited a relatively small increase in Topt. This is likely due to that vegetation
activities in these ecosystems are strongly limited by water deficits associated with elevated temperatures (Wang
et al., 2022), which mitigates the positive effect of warming on Topt. In regions with the lowest precipitation
levels, an increase in Tmax can even negatively impact Topt (Figure 3c, and Figure S13 in Supporting Informa-
tion S1), probably because elevated VPDwith warming significantly reduces stomatal conductance, which in turn
inhibits plant activity at higher temperatures (Yuan et al., 2019). Therefore, further studies should investigate how
Topt responds to combined warming and dry conditions to better estimate thermal acclimation in dry areas.

Among the various biomes, MF and EBF showed the strongest acclimation capacities (Figure 4b). This is likely
due to the fact that evergreen species have longer life spans and retain their leaves throughout the year (Chabot &
Hicks, 1982). This prolonged exposure to fluctuating temperatures allows them to progressively adapt to warmer
temperatures. In contrast, non‐forest ecosystems exhibited a lower thermal acclimation magnitude than forests,
which may be related to the lower temperature homeostasis of photosynthetic activity and shorter life spans
(Yamori et al., 2014). Additionally, the weak thermal acclimation capacity in grasslands may be attributed to their
lower water levels, which constrains the potential for increased maximum plant assimilation capabilities (Wang
et al., 2023). In particular, in arid GRA and SHR, increased water limitation and heat‐induced damage to plant
physiology may largely restrict the increase in plant photosynthesis, thereby limiting the capacity of these eco-
systems to cope with warming (Hoover et al., 2014; Morgan et al., 2004). In contrast, SHR in boreal regions
exhibited a high acclimation capacity (Figure S19 in Supporting Information S1), likely because these ecosystems
are located in the northernmost areas, where they experience more rapid warming. Such exposure to intense
temperature changes can result in rapid shifts in species composition (e.g., increase the abundance of high shrubs)
and derive the selection of traits, enabling photosynthetic activity to further increase under high temperatures
(Oechel et al., 2000; Post et al., 2009; Walker et al., 2006). In conclusion, the observed variations in Topt trends
and thermal acclimation capacities reflect that different climate types and biomes have complex adjustment and
adaptation strategies to cope with warming. Moreover, our findings suggest that polar and continental ecosystems
may be more efficient at adapting to warming, which will ultimately benefit species survival and productivity in
these regions.

4.3. Divers for Thermal Acclimation Magnitudes, Uncertainties and Implications

The acclimation magnitude was determined mainly by temperature variability, which is supported by species‐
level experiments (Berry & Bjorkman, 1980; Cunningham & Read, 2002). A higher degree of temperature
variability reflects that ecosystems have experienced a greater range of temperature fluctuations. Therefore, they
may be better equipped to adapt to warmer temperatures. However, it is worth noting that surface air temperature
variability may potentially decline in the future (Brown et al., 2017). Thus, the positive impact of warming on Topt

may be less pronounced. In addition, we found water deficits (high VPD and low SWC) significantly reduced
acclimation magnitudes, which is in line with a previous study on Topt for GPP (Wang et al., 2023). This is
because plants residing in high‐water stress areas may adopt a water‐conserving strategy by closing stomata under
higher temperatures to reduce water loss (Osakabe et al., 2014), thereby reducing vegetation activity. This finding
suggests that the anticipated increases in Topt in global ecosystems may be dampened in the future due to trends of
rising VPD and decreasing soil moisture (Fang et al., 2022; Zhou et al., 2021).

While our study provides robust evidence for the rising Topt of vegetation activity, certain uncertainties remain.
One major source of uncertainty is the accuracy of satellite‐derived indices. For instance, the orbital drift of
satellites carrying AVHRR sensors leads to large uncertainties in NDVI prior to 2000 due to differences in solar
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zenith angle (Frankenberg et al., 2021; Nagol et al., 2014). To test whether these errors affected the estimates of
Topt, we compared NDVI‐derived Topt with site observations during the pre‐2000 period. The results showed high
correlations between Topt for AVHRR NDVI and site‐observed GPP, both at the mean and across years (Figure
S25 in Supporting Information S1), indicating that AVHRR NDVI successfully projected the interannual vari-
ability of Topt for vegetation activity despite potential uncertainties due to orbital drifts. However, we still
advocate the integration of ground‐based observations and the calibration of continuous satellite data to improve
estimates for vegetation temperature responses. Another area for improvement is to fully explore the driving
factors of the increase in Topt. For instance, the extension of the photosynthetic season under warming may result
in alterations to Topt, due to changes in the early phenology and the timing of peak NDVI (Piao et al., 2007).
Therefore, future research should also consider the influence of other environmental variables, such as soil
moisture and nutrient availability, in order to develop a more comprehensive understanding of the factors
affecting Topt and thermal acclimation in different ecosystems.

The study has important implications for ESMs to better predict the temperature response of global vegetation.
The Topt is a key parameter in ecological models for predicting photosynthesis (Smith & Dukes, 2013). The
observed increasing trends of Topt highlight the necessity for land models to incorporate temperature accli-
mation processes, which are largely absent in the majority of process‐based models (Smith & Dukes, 2013). In
this context, previous studies have demonstrated that the omission of leaf photosynthetic and respiratory
temperature acclimation in the Community Land Model will result in an underestimation of terrestrial
ecosystem carbon pools by 20 Pg (22%) at the end of the 21st century and under the climate scenario
Representative Concentration Pathway 8.5 (Lombardozzi et al., 2015). In contrast, Bennett et al. (2024) found
that incorporating thermal acclimation functions into the CABLE model enhanced carbon uptake in tropical
ecosystems but not in temperate forests across Australian wooded regions. Our results indicate that we need to
account for the variations in acclimation capacities between different biomes in ESMs. Moreover, even in
revised models that incorporate photosynthetic acclimation, they rely heavily on the linear response of Topt to
growth temperature derived from species‐level experiments (Kattge & Knorr, 2007). However, this approach
may not be sufficient to fully capture other ecosystem‐level mechanisms. Consequently, the findings of our
study on the global variation and drivers of thermal acclimation magnitude may assist in more accurately
parameterizing the revised models.

5. Conclusions
We found a significant increase in Topt of vegetation activities over the past four decades and revealed universal
thermal acclimation to ongoing temperature increases in global vegetation. The results indicate that ecosystems
have comparable capabilities to survive and function efficiently under elevated temperatures. With regrad to the
global carbon cycle, the increase in Topt suggests that ecosystems may have a greater potential for carbon uptake
under elevated temperatures. Furthermore, we assessed the acclimation capabilities in different climate types and
biomes and found that polar and continental climate zones were the hotspots where vegetation activity displayed
the strongest thermal acclimation. These findings are of significant importance for the parameterization of
temperature responses in ESMs.

Data Availability Statement
All the data sources used for this analysis were publicly available. The AVHRR NDVI used in this study was
available in Vermote et al. (2014). NASA's MERRA2 temperature data were available in Global Modeling and
Assimilation Office (2015). The ERA5‐land data sets were available in Muñoz‐Sabater et al. (2021). The MODIS
Landcover type map can be found in Friedl and Sulla‐Menashe (2019). The MODIS LAI data set was available in
Myneni et al. (2015). The ecoregions were defined by KÖPPEN‐GEIGER climate classification, which could be
found in Kottek et al. (2006). The analyses were conducted in R with package mblm, nlme, and randomForest
(Komsta, 2013; Pinheiro et al., 2017; RColorBrewer & Liaw, 2018).
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