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Significance 

Tropical forests are vital 
for absorbing CO2 and supporting 
global biodiversity, but rising tem-
peratures threaten their health 
and functioning. When trees reach 
critical temperatures, their pho-
tosynthetic system breaks down. 
We mapped the spatio-temporal 
trends in thermal safety margins 
(TSM; the gap between canopy 
temperature and critical thermal 
threshold) of 208 plant species 
across tropical forests from 
2001 to 2020 using satellite data 
and species distribution maps. 
We studied projections of TSMs to 
2050 and 2100. Our results indi-
cate declining TSM and increasing 
extent of areas exceeding 
critical temperatures, underlining 
the growing exposure to risks 
to biodiversity in tropical regions. 

Understanding how close tropical tree species are to critical temperature thresholds 
that might impede photosynthetic activity is vital in a world where heat waves have 
become more severe and frequent. Using remotely sensed surface temperature and 
species distribution maps, we studied the spatiotemporal variation in the thermal 
safety margins (TSM, i.e., the difference between Tcrit, the critical photosynthetic 
temperature, and the maximum canopy temperature) of 208 tropical tree species in 
South America, Southeast Asia, and Central Africa during the period 2001–2020. 
Despite overall high-temperature tolerance with an average Tcrit of 46.1 ◦C, we 
observed a consistent decline in the TSM of tropical forests across the globe. The 
average pantropical TSM decline was 0.4 ◦C per decade, with the strongest decline 
in South America (0.5 ◦C per decade). Over the 20-y period, areas that experienced 
canopy temperatures surpassing the average Tcrit across reported species increased from 
43 Mha to 57 Mha in the tropics, representing 4% of the studied area. This number 
increases to 10% when computing areas where temperatures have surpassed the Tcrit of 
the most vulnerable reported species. When considering future trends, as predicted by 
Earth System Models under medium-to-high emission scenarios, average Tcrit may be 
exceeded in an area of 83 Mha by 2050 and 160 Mha by 2100 (over 10% of the studied 
area), suggesting major feedback to the global carbon cycle and the world’s biodiversity. 

tropical tree species | thermal safety margins | heat tolerance | species distribution models | 
remote sensing 

Tropical forests cover more than 35% of global forests (1) and are home to a majority of 
Earth’s biodiversity (2). They also serve as critical climate regulators (3), notably since they 
store large amounts of carbon (4) and stabilize global weather patterns (5). However, in a 
warming and drying world, forests face challenges from rising temperatures, intensifying 
heat waves, and recurrent droughts (6). Given such an increased level of thermal stress, 
it is crucial to understand how quickly canopy temperatures are approaching harmful 
thresholds, impairing the functioning of plants. This is particularly important in the 
tropics, where plants are inherently adapted to low variations in temperature, making 
them potentially more sensitive to temperature changes than in other regions (7). 

Plant leaves carry out essential temperature-dependent processes, such as carbon 
uptake, ultimately determining plant growth and the terrestrial carbon sink. As such, 
while leaves are able to take up carbon across a wide temperature range (8, 9), they 
must remain below critical species-specific temperatures for photosynthesis. The critical 
temperature (Tcrit) is the threshold for the initial disruption of photosystem II due to the 
breakdown in the thylakoid membranes and the disruption of the electron transport 
pathway. Exceeding this threshold, even briefly (e.g., 30 min), can cause damage, 
eventually leading to leaf necrosis or death (10–12). Previous work found higher Tcrit in 
tropical biomes compared to cooler regions (10, 13), but with substantial interspecific 
variability (31 to 55 ◦C) (14), suggesting elevated thermal risk for the most heat-sensitive 
species in these ecosystems. Photosynthetic heat tolerance—and more specifically Tcrit— 
is often measured either with initial fluorescence (F0) rising (10, 15) or with maximum 
quantum yield (FV /FM , where FM is the maximum fluorescence and FV is defined as the 
difference FM − F0) (14, 16). Although measuring protocols vary, Tcrit measurements 
are generally considered to be correlated to one another (14). 

Regardless of the measuring approach, Tcrit needs to be compared to the actual 
temperature experienced by the vegetation canopy in natural environments to evaluate 
the vulnerability of plant species. 

Under abundant water access, canopy temperature is affected by radiative, sensible, 
and latent heat fluxes, the latter arising from leaf transpiration, which allows plants to 
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regulate their temperature by converting liquid water into water 
vapor (17). Yet, leaf temperatures can deviate markedly from 
air temperature during extremely hot and dry climatic events, 
as reduced transpiration leads to insufficient evaporative cooling 
(18–20), with leaves up to +10 ◦C (20) above air temperature. 
Reduced foliar cooling causes increased leaf temperature, poten-
tially surpassing Tcrit for extended periods of time. The proximity 
to thermal damage for photosynthesis can be further assessed by 
measuring the thermal safety margin (TSM), i.e., the difference 
between Tcrit and the maximum leaf temperature (10, 13, 20). 
TSM is plant-specific and varies spatiotemporally with canopy 
temperature. When the leaf temperature exceeds Tcrit, i.e., the 
TSM reaches negative values, the photosynthetic machinery 
begins to incur damage, leading to reductions in photosynthetic 
efficiency and increasing the risk of more severe dysfunctions 
and tissue damage (21, 22). While Tcrit-based TSMs are widely 
used indicators of heat stress on plant function, they represent 
only the photosynthetic component of temperature limitation, 
as temperature also affects plant performance through processes 
such as respiration, development, phenology, and hydraulic 
functioning. 

Few studies have tracked plant TSM across space and time, as 
it is challenging and often impractical to measure leaf and canopy 
temperatures extensively in natural ecosystems (23). This largely 
limits our understanding and ability to predict forest dynamics, 
particularly over continental scales. Land Surface Temperature 
(LST) sensors on satellites have allowed significant improvements 
in this direction. Notably, the Moderate Resolution Imaging 
Spectroradiometer (MODIS) satellite allows us to measure daily 
LST at a spatial resolution of 1 km since 2000 (24). Since 
LST can be considered an approximation of upper canopy 
temperature in dense forests (25), MODIS data allow us to better 
understand global changes in upper canopy TSM in dense forests 
over the last two decades. Recent work using high-resolution 
satellite LST measurements indicated that tropical forests can 
withstand air temperature increases up to 3.9 ± 0.5 ◦C before 
reaching a potential tipping point in metabolic function (26, 27). 
The significance of tropical forests in the global carbon cycle, 
combined with the growing likelihood of being exposed to 
harmful high temperatures, necessitates an immediate spatial 

evaluation of plant thermal thresholds to improve forecasts of 
climate-driven ecological shifts. Yet, previous work addressing 
the thermal risks of tropical forests at a large and comprehensible 
scale has focused on relatively short-term variations (over a 1 to 
2-y period) (27), limiting our ability to predict future shifts. 

Here, we provide a pantropical analysis of TSM trends 
over the last twenty years and study future projections related 
to the prediction of Earth System Models. We combined 
monthly MODIS data from 2001 to 2020, species distri-
bution maps (28), and compiled a global thermal tolerance 
(Tcrit) dataset comprising 208 tree species from various sources 
(10, 14–16). Although our study captures only a limited number 
of species, it nonetheless offers one of the most comprehensive 
characterizations of TSM patterns across tropical ecosystems 
to date, providing valuable insights into their thermal safety 
margins. We tracked the multidecadal variation in TSM in 
tropical and subtropical forests in South America, Africa, and 
Southeast Asia. Using this dataset, we estimated the surface area 
that experienced canopy temperatures that surpassed the average 
Tcrit across reported species (i.e., TSM < 0) and discussed trends 
at both continental and global levels. We further simulated 
how the spatial distribution of TSM is likely to evolve with 
increases in maximum temperatures as projected by CMIP6 
Earth System Models (ESMs), under medium-to-high emission 
scenarios (SSP3-7.0). To project our observations in the future, 
we also take into account potential Tcrit acclimation (10) and 
future species distribution shifts (28). Finally, to investigate the 
intraspecies variation in Tcrit, we map the fraction of reported 
species with negative TSM for current temperatures and future 
projections. 

Our results show a constantly increasing risk of tree species 
being exposed to harmful temperatures. In particular, in South 
America, we found that TSM declined by 0.5 ◦C per decade and 
that 4.8% of the studied area had already surpassed the average 
Tcrit in 2020. Projections for the 2050 and 2100 scenarios 
show a significant increase in the regions sustaining prolonged 
exposure past their thermal tolerance (5.5% of the studied area 
in 2050 and 10.7% in 2100). Most notably, in South America, 
temperatures are projected to exceed the Tcrit of on average 55% 
of the reported species in over 25% of the study area. Together, 

A 

B 

Fig. 1. Trends in the thermal safety margins in the tropics. TSM is calculated per year in densely vegetated areas using the mean Tcrit among species in a given 
pixel. Linear regressions are then applied per pixel to determine the TSM trends over time. (A) Trend map relying on linear regression coefficients from 2001 
to 2020: Negative values show decreasing TSM. (B) TSM maps in 2020 (i.e., the last year of the study), where negative values highlight areas where the annual 
maximum canopy temperature has surpassed the mean Tcrit. 
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these results indicate potentially devastating consequences for 
the tropical biomes and their biodiversity due to ongoing and 
projected increase in heatwave intensity under climate change. 

Results 

TSM Trends in the Tropics. This study uses a combination 
of monthly surface temperature, maps depicting the spatial 
distribution of species, and species-specific thermal tolerance 
thresholds. Thermal tolerance thresholds are a compilation of 
Tcrit values for upper-canopy leaves reported in the literature 
(10, 14–16) (SI Appendix, Fig. S1A). We considered a fixed 
Tcrit for each species, taking the average when our dataset 
contained multiple measurements for the same taxa. We mapped 
the TSM for each year between 2001 and 2020 at a 30 arc-second 
resolution, considering the average Tcrit of species predicted 
to occur in each pixel by the distribution dataset (28) (Fig. 1 
and SI Appendix, Fig. S2A). We limited our analysis to dense 
vegetation zones in the tropics, where LST approximates upper 
canopy temperature (25), and used the maximum monthly 
LST for each year. We then applied per-pixel linear regressions 
to understand the temporal trends. Our results show that, as 
temperatures have warmed, TSM have consistently declined 
across the tropics between 2001 and 2020 (Fig. 1A). This was 
particularly concerning in the central and southeastern parts 
of South America, the west of Africa, and the central part of 
Southeast Asia, where we observe negative TSM slopes (red-
orange colors). Additionally, the areas with the highest decay 

rates (red color) generally presented the lowest TSM at the end 
of the studied period in 2020 (Fig. 1B). In contrast, other regions, 
notably in Southeast Asia, displayed comparatively stable or even 
increasing TSM. Our results indicate that TSM has increased in 
37% of the studied Asian area, or 163 Mha (dark blue in Fig. 1A). 
This highlights that, despite global warming, peak LST values 
have decreased in these regions between 2001 and 2020, and trees 
have increased safety margins. For comparison, the maximum 
air temperature from ERA5 (29) data has warmed on average by 
0.05 ◦C per year in the areas where TSM have decreased. In areas 
where TSM have increased, this warming is only 0.03 ◦C per year. 
This indicates that a declining TSM is correlated with stronger 
air temperature rise. In contrast, increasing TSM results from 
decreasing surface temperatures, even as air temperature warms, 
which may potentially be linked to increased evapotranspirative 
cooling associated with changes in vegetation cover or irrigation 
practices (30, 31). 

Given the high diversity of species in the tropics, computing 
the TSM with the average Tcrit among species present in each 
pixel may overlook the most vulnerable species of the underlying 
assemblage. Therefore, we compared continental trends in TSM 
when considering the average Tcrit and the Tcrit of the most 
heat-sensitive species (Fig. 2 A and B and SI Appendix, Fig. 
S2 A and B). Our results indicated a consistent trend wherein 
TSM progressively declined over the past 20 y, independently 
of which Tcrit value is considered. Naturally, average TSM 
were smaller when considering the minimum Tcrit rather than 
the average across species. This effect is most obvious for 

A B 

C D 

Fig. 2. TSM trends at the continental level with average and minimum Tcrit. (A and B) Average continental yearly TSM for the 2000 − 2020 period, considering 
(A) average and (B) minimum Tcrit among reported species. Lines represent linear regressions fitted for each quantile along the 20 y period. (C and D) Trends 
in the percentage of the surface of the study area in which critical thresholds have been reached (i.e., TSM < 0) over the same time period, considering (C) 
average and (D) minimum Tcrit among reported species. 
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A B C 

D E F 

Fig. 3. Distribution of TSM values across pixels in each continent in 2001, 2020 and projections in 2050 and 2100. Black vertical lines represent the null TSM 
(i.e., the threshold where canopy temperatures are beyond mean Tcrit). (A–C) Under ESM temperature projections (without acclimation), the TSM distribution 
shifts to lower values for each continent. (D–F ) Comparison with future projections taking potential acclimation into account. High and low acclimation scenarios 
correspond to a 0.49 ◦C and 0.38 ◦C per ◦C increase in the maximum air temperature, respectively. 

South America and South East Asia, where we find differences 
of more than 6 ◦C between average and minimum Tcrit 
(SI Appendix, Fig. S2C ). The corresponding average yearly differ-
ence in average TSM is 3.7 ◦C and 3.1 ◦C, for the two continents. 
In Africa, where there are very few species per pixel in our dataset 
(SI Appendix, Fig. S3), this difference is smaller (2.1 ◦C). While 
average TSM values remained above 7.5 ◦C in all continents, 
even when considering minimum Tcrit, some areas have already 
surpassed critical thresholds. We observed increasing surface areas 
exceeding Tcrit (i.e., TSM < 0) (Fig. 2 C and D). Most strikingly, 
in South America, 103 Mha (13.3%) had surpassed the thermal 
tolerance of the most vulnerable species in 2020, compared to 
68 Mha (8.8%) in 2001. As a direct consequence of the smaller 
differences between minimum and average Tcrit, the gap between 
areas surpassing minimum and average thermal tolerance was 
much smaller in South East Asia and Africa. In 2020, 27 vs. 14 
Mha had surpassed the minimum and average Tcrit in South East 
Asia (difference of 13 Mha), 7 vs. 6 Mha in Africa (1 Mha), and 
103 vs. 37 Mha in South America (66 Mha). 

Future Projections in Tropical Forests TSM. We analyze pro-
jections of the increase in maximum temperature from 2020 
to 2050 and 2100. To do so, we use projections from 25 
ESMs participating in CMIP6 (32, 33) under medium-to-high 
emission scenarios (SSP3-7.0) (SI Appendix, Fig. S4) and future 
predictions of species distributions (28). These changing species 
distributions account for the differences in the shape of the 
future TSM distributions compared to 2020 (Fig. 3 A–C ). We 
choose the SSP3-7.0 scenario as a high-end, but not completely 
unrealistic, future scenario of warming when compared to the 
current trajectory of emissions (34). Considering the average 
Tcrit across species reported in a given pixel, we find that TSM 
distributions progress toward zero in 2050 and even more so 
in 2100 (Fig. 3 A–C ). Hence, even though LST is expected 
to mainly remain below critical temperatures at the continental 
to global scale, increasing areas will reach these thresholds. Our 
results indicated that South America would be the region with the 

greatest increase of LST and therefore with the highest increase 
of areas reaching their critical thresholds, with negative TSM in 
7.2% of the study area in 2050 (+22 Mha compared to 2020) 
and 14.1% in 2100 (+79 Mha compared to 2020). Altogether, 
TSM thresholds would be reached by 5.5% and 10.7% of the 
studied area in 2050 and 2100, respectively. We also estimate 
Tcrit acclimation as a function of rising air temperature, which 
somewhat mitigates the expansion of the surface area exceeding 
negative thresholds. Given the scarcity of acclimation rate data, 
we considered high and low acclimation scenarios with 0.49 ◦C 
and 0.38 ◦C per ◦C increase in the maximum air temperature, 
respectively (10). Under this hypothesis, TSM thresholds would 
then be reached by 4.6% or 4.8% of the studied pixels in 2050, 
and 6.6% or 7.4% in 2100 under high or low acclimation, 
respectively (Fig. 3 D–F ). Regardless of potential acclimation, the 
TSM in some pixels would reach values below −10 ◦C, implying 
that species with higher Tcrit would also potentially reach their 
decisive thresholds, while the most heat-sensitive species will be 
even further past their thresholds. 

While we considered the average Tcrit among the species 
present in each pixel in the previous results (except in Fig. 2 B 
and D where we considered the lowest Tcrit), we also 
investigated species-specific Tcrit. Specifically, we computed 
the proportion of species in each pixel for which temperatures 
have surpassed their Tcrit for past temperatures and future 
projections (SI Appendix, Fig. S5). To obtain representative 
statistics, we focused on South America for this analysis, 
as it has the highest number of species per pixel in our 
dataset, with an average of 20 (SI Appendix, Fig. S3). 
In contrast, in Africa and Southeast Asia, the average number 
of species per pixel was 3 and 5, respectively, leading to patchy 
distributions of fractions (SI Appendix, Fig. S6). Our results 
indicated that, in the majority of the study area in South America, 
temperatures in 2020 remained below critical thresholds for all 
reported species (Fig. 4A). However, the extent of these areas is 
predicted to decrease by the end of the century from 87% to 73% 
of the study area (Fig. 4B). When considering acclimation, this 
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A B C D 

Fig. 4. Spatial distribution of the proportion of species that surpassed their Tcrit in South America. (A–C) Maps of fraction of species which have TSM smaller 
than zero (ie. species-specific Tcrit is lower than the estimated canopy temperature) with (A) 2020 temperatures, (B) projections for 2100 and (C) projection for 
2100 with high and low potential acclimation of Tcrit values. Global maps for 2001, 2020, 2050, and 2100 (without, or with high or low acclimation) can be found 
in SI Appendix, Fig. S5. (D) Average fraction of species with TSM < 0 with 2001 and 2020 temperature and 2050 and 2100 projections, without, or with high or low 
acclimation. 

effect is attenuated, with no species exceeding their thresholds 
across 81% of the study area (Fig. 4C ). The average fraction of 
species estimated to surpass their Tcrit increased from 6% in 2020 
to 15% in 2100. Even when accounting for the two acclimation 
scenarios, 9 to 11% of species are still expected to exceed their 
thresholds (Fig. 4D). These results underline that acclimation 
alone is unlikely to keep South American plant species from 
exceeding critical temperatures in the face of climate change. 

Discussion 

We analyzed the temporal trends of the TSM for 208 tree species 
in upper canopy leaves in densely vegetated tropical regions from 
2001 to 2020. Combining known Tcrit databases (10, 14–16), 
species distribution maps (28), and MODIS time series of surface 
temperature data allowed us to study the distribution of thermal 
safety margins in space and in time. We found a significant 
decline in average TSM across the tropics over the past 20 y, 
with the most pronounced decreases observed in central and 
southeast South America, western Africa, and central Southeast 
Asia. Furthermore, projections of mean increase in maximum 
temperature using medium-to-high emission SSP3-7.0 scenarios 
predicted a likely continued reduction in TSM at the 2050 
and 2100 horizons. Quantifying the decline in TSM is crucial 
as it directly impacts species fitness in tropical regions, where 
biodiversity is the richest (2) but is significantly threatened by 
the progressively reduced margin to critical thermal thresholds 
(22). Our spatial analysis reveals which regions are exposed 
to the most severe thermal stress and how these trends vary 
geographically. Predicting future impacts under climate scenarios 
could help anticipate the negative effects of global warming on 
these vulnerable regions. 

Using the longest available record of surface temperature in the 
tropics, our work suggests a consistent and widespread decline in 
the thermal safety margins of South American, Southeast Asian, 
and African tropical forests in the last twenty years. However, 
we note that the decreasing pattern is nonuniformly distributed 
spatially, for both intra- and intercontinental trends. In 2020, 
a total global area of 57 Mha experienced surface temperatures 
exceeding the average critical threshold of species predicted to 
occur in a given pixel, corresponding to 4.1% of the tropical 
forests studied here. On a continental scale, South America is 
the continent with both the largest area with negative TSM in 
2020 (37 Mha or 4.8% of the studied area) and the fastest TSM 

decay rate (0.5 ◦C per decade on average). It is likely that such 
extended and progressing thermal damages largely contribute to 
the lower carbon uptake (35) and widespread mortality observed 
across multiple tropical regions (36). Yet, while thermal damage is 
highly associated with tree mortality events, the exact mechanisms 
underlying temperature impacts in this context remain poorly 
understood (37). We also estimate that much larger areas have 
already surpassed the Tcrit of the most vulnerable reported 
species, especially in South America, corroborating findings in 
refs. 38 and 39. This process may also accelerate with increasing 
local temperatures due to deforestation (40). This deforestation-
induced warming would even affect areas up to 100 km away 
from the location of forest loss (41). Tropical trees reaching their 
thermal thresholds might eventually increase the trend toward 
savanna vegetation replacing forests in the tropics (42). 

Our results considering future projections of average TSM 
show that 10.7% (160 Mha) of tropical forests in our study 
area could exceed their thermal tolerance by 2100. This result 
assumes no adaptation or acclimation of photosynthetic heat 
tolerance to increasing surface temperatures, which may be overly 
pessimistic: Even though minimal evidence for acclimation of 
Tcrit of tropical species has been observed (43), it has been shown 
that there is a seasonal adaptation of Tcrit (44) with lower Tcrit 
during winter and higher Tcrit during summer. Despite upper 
limits on Tcrit imposed to fundamental biophysical constraints 
on the photosynthetic machinery (45), observational results 
also support that photosynthetic heat tolerances may adapt to 
extreme leaf temperature to some extent (13). Despite potential 
adaptation, ref. 38 showed that plasticity in photosynthetic heat 
tolerance does not guarantee maintaining a safe thermal safety 
margin in hotter areas. Supporting these results, ref. 46 observed 
in six studied Amazon tree species that they improved their 
resilience with increasing temperatures either by acclimating their 
thermoregulatory traits or by increasing their thermal tolerances. 
Nonetheless, the acclimation was not enough to prevent the TSM 
from decreasing. To corroborate the findings in these works and 
study the trends to be expected under acclimation hypotheses, we 
analyzed the results obtained by including potential acclimation 
of thermal tolerance. As data on acclimation rates are scarce and 
highly variable, we present results for two potential acclimation 
rates: a higher rate derived from three tropical species, and a lower 
rate derived from six species, but including temperate species 
(10). We observed that, even when accounting for acclimation, 
tropical forests should still experience a significant increase in 
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the areas with negative TSM by 2050 and 2100. However, with 
acclimation rates based on only a few species, large uncertainties 
remain, highlighting the need for empirical acclimation data to 
better estimate its potential. In ref. 47, the authors focus on 
Larix sibirica, in the southeast margin of the Eurasian boreal 
forest, and highlight that we may be reaching an abrupt thermal 
tipping point by 2050 under a medium-to-high emission scenario 
(SSP3-7.0), sooner than predicted by ESMs that currently do not 
include Tcrit traits (48). Our results seem to concur with such 
conclusions in the tropics, projecting that the areas exceeding 
their TSM threshold will double between 2050 and 2100. This 
is also consistent with previous research (27) indicating that a 
tipping point in metabolic function in tropical forests could occur 
with 3.9 ± 0.5 ◦C of additional warming. 

We leveraged the long time series provided by the MODIS 
LST data, which has allowed us to study TSM progression from 
2001 to 2020. Moreover, as the time required for leaves exposed 
to Tcrit to stop functioning is short (12), the daily temporality 
of MODIS is particularly valuable as it allows the detection of 
heat peaks, even after the aggregation at the yearly scale. We 
note that using daily or monthly MODIS data would support 
a more temporally fine-grained analysis of thermal threshold 
exceedance events, allowing a better understanding of species 
risk (49). However, given the spatial and temporal extent of 
our analyses, spanning three continents and two decades, and 
challenges related to cloudiness, which would be heightened by a 
finer temporal grain, we consider the investigation of intra-annual 
temperature fluctuations to be beyond the scope of this study. 

Furthermore, working with MODIS time series comes with 
a series of limitations. First, pixels from the MODIS data with 
low quality, particularly due to clouds, lead to data gaps that we 
filled with interpolation. Southeast Asia was the continent with 
both the largest proportion of gap-filled data and significant 
areas with decreasing LST over the past twenty years. High 
evapotranspiration and large-scale irrigation may be linked to 
surface cooling (30, 31), but can also increase cloud cover, 
reducing confidence in LST data in these areas. Second, given 
its relatively coarse spatial resolution, LST values may integrate 
signals from multiple land cover types, potentially biasing the 
temperature estimates. To address this concern, we conducted a 
comparison with data from the Ecosystem Spaceborne Thermal 
Radiometer Experiment on Space Station (ECOSTRESS), a 
higher-resolution (70 m) LST sensor, operational since 2018 and, 
therefore, not suitable for our long-term study (SI Appendix, Fig. 
S7). While ECOSTRESS exhibits greater variability, reflecting 
its finer resolution, colocated LST values from the two sensors 
are in good agreement on average. This supports the reliability 
of MODIS in capturing large-scale thermal patterns and suggests 
that MODIS LST values remain broadly representative of forest 
temperature dynamics. While studies have found good agreement 
between MODIS LST and canopy temperature data from flux 
towers (25) and our comparison with ECOSTRESS provides 
confidence in MODIS-based temperature estimates, localized 
biases due to land cover heterogeneity cannot be entirely ruled 
out. 

Moreover, LST can only be approximated to canopy tem-
perature in dense forests, significantly limiting the extent of 
the study area. Since our dense vegetation map relies in part 
on the 10 m ESA WorldCover 2020 land cover map (50), it 
excludes areas that were not densely vegetated in 2020, even 
if they had been in earlier years. It is therefore conservative in 
this regard, as it excludes areas that were deforested during the 
study period. Even in dense vegetation areas, surface temperature 

measurements are only representative of the temperature of the 
upper part of the canopy, in dominant trees where the greatest 
amount of carbon uptake happens (51). As we considered only 
Tcrit measurements from upper canopy leaves, our results reflect 
thermal limits of canopy-dominant trees. Large uncertainties 
remain regarding the temperatures of trees in the understory, 
which are expected to experience lower temperature extremes and 
radiation loads, particularly in dense tropical forests. At the same 
time, our assumption that upper canopy temperatures match 
LST may represent a cautious estimate of TSM since individual 
leaf temperatures can be warmer than the corresponding canopy 
temperature (52, 53). 

Another data-related shortfall lies in the limited number of tree 
species considered since we could only process species for which 
we know both the spatial distribution and the Tcrit. Even in 
South America, where we have the most data compared to other 
continents, we could consider only 162 species, with an average of 
20 species per pixel. In contrast, the Amazon alone contains over 
16,000 tree species (54). Furthermore, while species distribution 
maps reflect the likelihood of a species being present in a location, 
they do not indicate the relative abundance of species. Hence, for 
a given pixel, the TSM obtained using average Tcrit among the 
species we considered may not be representative of the variation 
of TSM within the forest stand. Our analyses indicate that on 
average 5% of reported species in a given pixel had already 
surpassed their thermal thresholds in 2020, but in most areas, 
all species remained below their thermal thresholds. However, 
our database contains information on only 208 species, covering 
0.5% of the estimated 37,900 tropical tree species mentioned 
in the scientific literature (55). The limited amount of data 
is particularly noticeable in Africa, where there is a maximum 
of ten species reported per pixel and an average of three. The 
lack of data may imply that species with potentially lower Tcrit 
are not considered, and explain why tree species seem overall 
further away from their critical temperature threshold than in 
the other two continents. In South America, where more species 
are present in our database, we observed that the difference is 
larger between the minimum and the average Tcrit. While we 
observe that the most sensitive species are already at greater risk, 
temporal trends remain similar to those obtained with average 
Tcrit. The complementarity of these two analyses allows us to 
make the best use of our limited database. Moreover, since the 
influence of Tcrit on TSM values is constant over time, a more 
comprehensive Tcrit database would affect TSM values, but not 
their temporal trends. Additionally, our final dataset includes 
both evergreen and deciduous species, but their Tcrit values do 
not differ significantly (16). Finally, our approach does not take 
into account additional local factors that may influence Tcrit. For 
instance, we do not consider intraspecies variation, despite known 
variation in thermal tolerance along elevation and latitudinal 
gradients (10). 

Finally, we are assuming a linear and proportional increase 
in canopy temperature with the increase in maximum air 
temperature for future projections. However, refs. 19 and 56 
show that the greatest decoupling between leaf/canopy and air 
temperature happens at the hottest temperatures and when water 
is limited. With global warming, canopy temperatures might 
increase nonlinearly and thus warm more than the air temperature 
for the hottest values. On the other hand, positive feedback 
may also arise from reduced transpirational cooling when a 
fraction of leaves die after exceeding thermal thresholds (27). 
By incorporating maps of future species distribution predictions 
from ref. 28, our approach also accounts for potential shifts in 
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the distribution of species due to the climatic suitability in the 
projected scenarios. 

Conclusion 

In this work, we studied thermal safety margins (TSM) across 
tropical forests over a twenty-year period. Using remote sensing 
data and species distribution maps for 208 species, we provided 
global and continental analyses of the trends of the difference 
between upper canopy leaf temperature and average Tcrit 
among reported species. Our spatial analysis of TSM trends 
in tropical regions from 2001 to 2020 reveals a concerning 
decline, particularly in central South America, western Africa, and 
central Southeast Asia. These areas are experiencing significant 
reductions in TSM, pushing species closer to their critical thermal 
thresholds. This trend is especially alarming given the projections 
for 2050 and 2100 under projected warming (SSP3-7.0), which 
indicate that more regions will exceed critical temperature 
thresholds, even when accounting for acclimation. As TSM 
declines with hotter and more frequent heatwaves (57), the risk 
to biodiversity and ecosystem stability in these tropical regions 
increases with the disruption of numerous plant processes (58). 
Our study quantifies such risks locally, and the highlighted spatial 
variability underscores the need for targeted and region-specific 
conservation efforts (59). Overall, this study provides crucial 
insights into the spatial and temporal dynamics of thermal stress 
in tropical biomes, emphasizing the need for proactive approaches 
to conservation and climate adaptation in these regions. 

Materials and Methods 

The TSM maps used in this study combine globally available satellite products 
of LST, species distribution model (SDM) outputs, and Tcrit values from openly 
available databases. We focused our analyses on tropical regions in South 
America, Africa, and Southeast Asia, and in particular on the Tropical & Subtropical 
Dry Broadleaf Forests and Tropical & Subtropical Moist Broadleaf Forests biomes, 
as defined by ref. 60. 

Canopy Temperature Maps from Satellite Data (Tcanopy). We used LST 
from MODIS data (Tsurf in Fig. 5A). For each grid cell, we extracted maximum 
monthly temperatures using the MOD11A1 product, which provides daily land 

surface temperature from 2001 to 2020. Pixels of low quality, e.g. contaminated 
by clouds or errors in the estimation of emissivity, were filtered using the 
product’s quality band. We retained pixels flagged as “good” data quality and 
data with an average LST error ≤1 K. Missing values were gap-filled with bilinear 
interpolation using the nearest spatially available LST. On average, 27.6% of all 
pixels were gap-filled across all monthly LST products (31.5% in Southeast Asia, 
27.6% in South America and 20.9% in Africa) (SI Appendix, Fig. S8). 

Satellite-derived temperatures represent the surface temperatures of vege-
tation only in areas abundant with vegetation cover, characterized by dense leaf 
area index (LAI) exceeding a given threshold (25). Following the methodology 
used in refs. 25 and 61, nonvegetation pixels were first filtered out using a 1km 
vegetation pixel fraction mapbased onthe 10 mESA WorldCover2020 landcover 
map (50). The vegetation pixel fraction is defined as the ratio of vegetation pixels 
(including tree, shrubland, grassland, and cropland) to the total number of pixels 
within each 1 km grid. Pixels with a vegetation pixel fraction of less than 95% 
(25) were removed from the analysis. Then, to minimize the effects of soil on LST, 
sparse-vegetation with mean growing season LAI (25) inferior to 2 m 2 m−2 were 
also removed, leading to a static binary map of densely vegetated areas (in green 
in Fig. 5A). Finally, extreme LST data (first and last percentiles) were also filtered 
out, to avoid the risk of contamination of the LST by nonvegetated backgrounds. 
All satellite data were projected to 30 arc-second resolution (∼1 km in the tropics) 
to match the resolution of the tree species distribution maps described in the next 
section. 

Species Distribution Models Outputs. SDMs relate observed occurrences of 
species with environmental factors. They aid in the comprehension and predic-
tion of species distributions based on environmental suitability, making it possi-
ble to go from sparse field observations to dense maps. Recently, ref. 28 released 
open-source distribution maps for 10,590 tree species at a resolution of 30-arc 
seconds, issued from a model combining machine learning-based SDM and 
geographic range polygons. The model is based on random forests (62) and gra-
dient boosting tree classifiers and was trained using a dataset combining 13 tree 
species occurrence databases, as well as bioclimatic and soil variables (63, 64). 
All species with more than 90 observation records were considered and 
geographic range limits were applied to avoid aberrant predictions outside 
of species’ native ranges. After training with observational data, the model was 
run on a global grid at 30 arc-second resolution with both current climatic 
variables and projected ones (under the SSP3-7.0 scenario), therefore leading 
to one distribution map per species and time period (1981–2010, 2041–2070, 
and 2071–2100). Each species distribution map is a binary map corresponding 
to positive habitat suitability for that species (in black in Fig. 5B). Specifically, we 
rely on the predictions based on climatic variables averaged for the 30-y period 
of 1981–2010 to represent the species distribution during our 2001–2020 study 

A B 
Fig. 5. General processing workflow of canopy temperature maps Tcanopy (A) and critical temperature maps Tcrit (B). The coverage in the Tcrit map beyond 
the distribution of the example species is based on the single species distribution and Tcrit data for all species, which is available in SI Appendix. 
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period. We use the per-species predictions of the model under the SSP3-7.0 
for 2041–2070 and 2071–2100 as estimates of their distributions in 2050 and 
2100, respectively. 

Open Source Critical Temperatures Databases. Our Tcrit database is an 
aggregation of data sources from the literature. We consider the different Tcrit 
even if they are issued from different acquisition protocols since available data 
is limited (75 F0 Tcrit and 159 FV /FM Tcrit) and the physiological responses 
between F0 and FV /FM are often correlated (14). We use Tcrit measurements 
only from upper canopy, sun exposed leaves in order to minimize differences 
in thermal tolerance due to canopy position. We considered data from ref. 16 
that surveyed leaf heat tolerance of sun-exposed leaves from 144 tropical tree 
species, from ref. 15 that measured photosynthetic heat tolerance traits for sunlit 
upper crown leaves from 177 species in a common garden, from ref. 10 that 
quantified Tcrit in upper canopy leaves of 218 species spanning seven biomes, 
and from ref. 14 that tested the photosynthetic heat tolerance of 123 species. The 
latter did not contain measurements exclusively for upper canopy leaves, but did 
include illumination indices for each plant. We retained measurements with an 
illumination index of at least 4 out of 5. We also discarded six Tcrit measurements 
above 55 ◦C, as most enzymes break down above this temperature, and four 
measurements below 35◦ . These values were based on a single leaf measured 
per species and are outliers compared to the other Tcrit distributions (14–16). 
This compilation of Tcrit data is available in SI Appendix. In the case of multiple 
measurements for a given species, we opted to associate the species with the 
average reported Tcrit. After combining these databases and selecting species 
occurring in the tropics and with known distribution maps from ref. 28, we obtain 
a total of 208 species that occur in dense vegetation (where we consider LST to 
estimate canopy temperature) in at least one of the climatic scenarios considered 
(1981–2010 or projections for 2041–2070 and 2071–2100 with SSP3-7.0). Of 
these species, 162 occur in South America, 13 in Africa, and 43 in South East 
Asia. 

TSM Maps. To obtain the TSM maps (one per year, see Fig. 1B for 2020), we 
first multiplied the MODIS LST maps (Tsurf in Fig 5A) and the binary dense 
vegetation map to obtain the canopy temperature (Tcanopy) maps at dense 
vegetation pixels only (Fig. 5A). Moreover, we consider only pixels that are 
in the Tropical & Subtropical Dry Broadleaf Forests and Tropical & Subtropical 
Moist Broadleaf Forests biomes (60). We compute per-pixel thermal safety 
margins as the difference of the average Tcrit value across species predicted 
to be present in a given pixel and the Tcanopy for the warmest month per year 
per pixel: TSM = Tcrit − Tcanopy (Fig. 5B). Linear regressions were fit on the 
TSM time series for each pixel to obtain trend maps based on their coefficients 
at each pixel (Fig. 1A). To compare TSM and air temperature, we used the 
yearly maximum air temperature at 2 m above the surface resampled at 30 
arc-second resolution from ERA5 (29) for years between 2001 and 2020 and 
applied per-pixel linear regressions to follow our TSM methodology. From the 
TSM maps, we derived the mean TSM and proportion of pixels reaching their Tcrit 
per year and per continent (Fig. 2 A and C). We also investigated these trends 
when considering the Tcrit of the most heat-sensitive species reported per pixel 
(Fig. 2 B and D). 

Future Projections of TSM. We used NASA Earth Exchange Global Daily 
Downscaled Projections [NEX-GDDP-CMIP6 (33)] to estimate TSM change in the 
future. We first calculated the increase in the mean maximum air temperature 
of the hottest month between 2020 and 2050, and between 2020 and 2100, 
using the SSP3-7.0 scenario (32). We compute the warming for 25 climate 

models, listed in SI Appendix, Table S1, that were available in the NEX-GDDP-
CMIP6 database and included data for all three years. We considered the 
mean warming across all 25 models as ΔTair_max_future. We then assumed a 
change in canopy temperature equivalent to the increase in air temperature: 
Tcanopy_future = Tcanopy_2020 +ΔTair_max_future. In other words, we estimated 
future TSM in 2050 and 2100 at each location by subtracting the projected 
warming from the TSM calculated in 2020: TSMfuture = Tcrit −T canopy_future = 
Tcrit − Tcanopy_2020 − ΔTair_max_future. This assumption is supported by recent 
evidence showing limited thermoregulatory capacity across global forests and 
a strong coupling between canopy and air temperatures (19). To account for 
potential Tcrit acclimation in future projections, we follow ref. 10’s findings, 
which included acclimation rates for six tree species. We used the average rate of 
all species, including temperate species, as a low acclimation scenario: 0.38 ◦C 
per ◦C increase in the maximum temperature. The average considering only 
the three tropical species was used as a high acclimation scenario: 0.49 ◦C 
per ◦C increase in temperature. Per-continent distributions of TSM for past 
temperatures (2001 and 2020) and future projections (2050 and 2100, without, 
and with high and low acclimation) were computed (Fig. 3). To highlight the 
variability of thermal thresholds of species reported in a given location, we 
computed the fraction of species with TSM < 0 for each grid cell for past and 
future temperature data (Fig. 4). 

Data, Materials, and Software Availability. The data used in this study, 
the data generated by the study, including TSM maps, and the code created 
for the study are available in a persistent repository at https://zenodo.org/ 
records/15083361 (65). The following public datasets were used in this 
study. MODIS data, ERA5 data, and the ecoregion database are avail-
able through the Google Earth Engine data catalog at the following 
links: https://developers.google.com/earth-engine/datasets/catalog/MODIS_ 
061_MOD11A1 (66); https://developers.google.com/earth-engine/datasets/ 
catalog/RESOLVE_ECOREGIONS_2017 (67). Tcrit values are available in the 
supplementary materials of the respective articles (10, 14–16). Tree distribution 
maps from ref. 28 are available at https://zenodo.org/records/10911892 (68). 
The ESA-worldcover data are available at https://zenodo.org/records/7254221 
(50). CMIP6 downscaled daily maximum air temperature data from ref. 33 are 
available at https://www.nccs.nasa.gov/services/data-collections/land-based-
products/nex-gddp-cmip6 (69). 
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