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17 Abstract

18 Heat stress occurs when plants experience temperature beyond their nor-
10 mal optimum and can disrupt cell functioning and growth. Exposure
20 to extreme heat results in reduced plant productivity and have lagged
21 effects through accelerated leaf senescence [1] [2]. Few studies exist on
22 evaluation of impact of heat stress at the global scale. It not fully under-
23 stand and is thereby only partially represented in land surface models.
24 Detecting the impact of heat stress from space-borne observations is chal-
25 lenging, since it co-occurs with other stressors, such as low soil water
26 availability and atmospheric dryness. We established a method that al-
27 lows to detect the long term impact of heat stress at the global scale from
28 optical remote sensing data by disentangling the direct heat stress effect
20 from other covariates, particularly drought. Here we show that, when
30 maximum surface temperature exceeds a threshold of around 43 °C, heat
31 stress is detected on satellite estimates of Leaf Area Index (LAI).Locally,
32 we observe a different critical temperature at which leaf damage occurs
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suggesting an acclimation of plants to heat stress. By implementing this
empirical relationship in a land surface model to account for the lag ef-
fect on leaf. we simulate a limited impact of leaf heat damages on net
primary productivity (NPP) until the beginning of the 21st century but
a rapid increase in the last two decades (2000-2020). Simulations for fu-
ture climate suggest that, if the direct heat induced reduction of NPP
at the global scaleremain below 2% for a high warming scenario, it can
reach 25% for China and western US. This study emphasizes more at-
tention should be paid to the direct impact of heat stress on leaves in
addition to the drought for predicting future vegetation carbon uptake.

1 Main

Recurrence of heatwaves has increased in the last decades [3], [4] with aglobal
reocerd temperture in 2023 and several localrecord temperature in most of
the regions of the earth in the last four years high temperature records ([5],
[6]). These heatwaves are generally associated with droughts and have a strong
negative impact on ecosystem productivity [7], [8], [9]. Several processes are
known to impact ecosystem productivity during droughts and heatwaves. In
the short term, stomatal closure, associated with increased atmospheric va-
por pressure and soil water deficits, reduces C'Oy diffusion into the stomata,
thereby limiting photosynthesis [10]. Another effect is the direct inhibition of
photosynthesis at high leaf temperature [11] [12]. This effect is reversible for
temperature stress exposure below 40°C [13]|. However, a too high leaf temper-
ature has irreversible effects on the photosynthesis apparatus, leading to leaf
damage and senescence [14]). This direct effect of heat impacts the productiv-
ity of plants in the long term by reducing the leaf area index (LAI) so that
eventually the plant will need to invest carbon to fix damage and flush new
leaves [15]. If the effect of droughts has been widely studied [16], the effect of
heat stress, especially on the long term, has not been properly evaluated at
regional to global scales for different types of vegetation [17]). This is due to
the difficulty in disentangling the direct effect of heat itself from the one of
covariates atmospheric dryness and soil moisture deficit. Recently [18] made a
first attempt to evaluate the temperature threshold of heat impact on vegeta-
tion and the increasing probability of reaching this critical temperature. To go
a step further it is important to quantitatively assess the impact of heat stress
on vegetation functioning, and evaluate the consequence on plant productivity
for the future.

Although heat stress is known to be an important factor of crop yield reduc-
tion [19, 20] and is considered in most crop models, [21][22], its impact on other
ecosystems, in particular forests, remains largely unknown. In land surface
models (LSM), the temperature response of photosynthesis allows simulating
the short term inhibition of photosynthesis to high temperatures [11] [23] which
arises over 35°C; however the long term effect of high temperature, through
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impaired photosystems, accelerated leaf senescence and turnover, leading to a
legacy reduction of LAI, is not considered. LSMs therefore underestimate the
effect of heat stress on productivity of terrestrial ecosystems, [24].

Because of their low albedo, leaves absorb a large fraction of incoming
sunlight and leaf temperature tends to increase during the day. When soil
water is not limiting, the plant can maintain a transpiration flux that keeps
the leaf temperature close to the air temperature, [25]. However, during se-
vere droughts, stomatal closure reduces the transpiration flux, and the sensible
heat flux cannot evacuate all the incoming energy, which impairs the ability
of the plant to regulate its leaf temperature. Without cooling from transpira-
tion, the leaf temperature can reach several degrees above the air temperature
[26], amplifying the heat stress. The expected increase of heatwaves associated
with droughts in the future [27] should increase the probability that leaf tem-
perature crosses a temperature which provokes irreversible damage to leaves
[28], this effect can be further enhanced by the increasing CO2 in dampening
transpiration [29].

Improving our understanding of the effect of heat stress over large scales
for the different ecosystems is urgent, so that this effect can be included in land
surface models for more reliable predictions of ecosystems resilience under cli-
mate change. This study addresses this question by quantifying the decrease
in vegetation leaf area index (LAI) induced by the direct effect of heat stress
using remote sensing estimates of LAI and vegetation indices and surface tem-
perature. Our approach (see method, 2.2) allows the detection of a critical
surface temperature over which LAI is impacted by heat stress. This quan-
tification of a critical temperature from remote sensing data is taken into a
new parameterisation of leaf turnover related to heat stress in the ORCHIDEE
LSM [30]. With this improved model, we then evaluated the impact of heat
stress on vegetation productivity during the historical period and until the end
of the century using several climate scenarios.

1.1 Observed extreme temperatures

The maximum daily surface temperature (LST) each year was calculated using
two different remote sensing products: from Copernicus using geostationary
satellites with a time step of one hour and, the second from MODIS with two
points in the day at 10:30 am and 1:30 pm (see data description in section
2.1.1). Figure la shows the map of observed maximum daily temperature each
year from Copernicus dataset over the period (2011-2019), and Figure 1b gives
the year when this maximum temperature is reached. The maximum daily
temperature each year varies from 30°C in the high Northern latitudes, to 40°C
over tropical forests and reaches up to 60°C over arid and semi-arid vegetation.
The year when the maximum dily surface temperature was observed depicts
spatially coherent patterns over regions that experienced recent droughts and
heatwaves. For instance, we clearly identify the 2015-2016 extreme EI Nino
period over the Amazon [31], the summer droughts and heatwaves in 2011
and 2013 over the southern United States and Mexico [32], in 2018-2019 over
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Western Europe [5] and in 2019 in Australia [33]. The comparison between
MODIS-LST and Copernicus-LST (fig S1) shows a good agreement between
the two LST products as previously noticed by [34] even if MODIS-LST tends
to show higher maximum temperature over arid and semi-arid regions an lower
values over vegetated areas.

1.2 Anomalies in LAI and vegetation indices related to
extreme temperature

Assuming an expected decrease in LAI in the days following exposure to ex-
treme high temperature, we calculated the average LAI one month before and
after the day of maximum surface temperature to determine if the maximum
temperature is followed by a decrease (or a reduced increase) in LAI Yet,
causes other than heat stress can provoke such an anomaly in LAI. Especially
since surface temperature is highly correlated with drought, a decrease of LAI
following the maximum temperature due to hydric stress is also expected in
addition to the impact of direct thermal stress [35]. To disentangle these two
effects, we first determined, for each pixel and each year (called reference year)
an analog “LAI” year, i.e., a year during which the LAI time series was the
closest to that of the reference year.Selecting two analog years allows to be
sure that the two years experience close climate condition in particular in term
of water stress which is a maint driver. If the two years experience a differ-
ent maximum surface temperature. Then we estimated how LAI differs (one
month) before and after the time of the yearly maximum temperature defin-
ing an heat stress indicator 0 H S,y (see method 2.2). 0HS,.; < 0 means that
LAT was more reduced for the hottest year after maximum temperature than
for the analog year. We expect a decrease of 0H S,.s above the a maximum
surface temperature which can be considered as the threshold temperature
above which leaf damage from direct heat stress occurs. The analysis was
conducted on several biomes (i.e Broadlealf deciduous and evergreen forest,
needleaf forest, grassland and crops) to identify differential responses of veg-
etation. In addition, to test the sensitivity of our results to different remote
sensing products, we repeated the analysis using the two aforementioned LST
products and different vegetation indices (NDVI and EVI2) (see figures S2 to
S4 in supplementary material). Figure 2 shows the average of 6 HS;.s normal-
ized by the peak LAI as a function of the maximum LST T's,,,, estimated
from Copernicus-LST for each biomes. The hashed zones represent the confi-
dence interval at 95%. The different biomes show a very similar pattern: the
post maximum reduction of LAI §H S,y is almost constant when the maxi-
mum temperature is lower than 42°C but a sharp decrease indicating a direct
heat negative impact is observed when maximum temperature reach above a
threshold of 42°C to 46°C,above witch systematic loss of LAI is observed. Only
evergreen broadleaf forests (EBF) show a different behavior with a less sharp
decrease after maximum temperature and a high dispersion in 6H.S,.¢. If we
determine the threshold temperature inducing heat stress damage as the inflec-
tion point of the curve (i.e., the temperature at which the second derivative of
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0HS,ef over T'Spqq crosses 0), this threshold is around 44°C. The same anal-
ysis conducted with MODIS-LST instead of Copernicus-LST shows the same
type of response of 6 HSycs t0 T'Spqs (Figure S4), but with a less pronounced
decrease above the temperature threshold. The difference might be related to
the fact that MODIS measure surface daytime temperature at two fixed time
of the day, which is not necessarily the exact time of maximum hourly temper-
ature whereas the Copernicus-LST from geostationary sattelites acquired each
15 minutes allows a more precise characterization of the temperature thresh-
old. Likewise, Figure S2 and S3 show the equivalent of figure 2 for different
vegetation indices estimated from MODIS (NDVI, and EVI2) and VGT-NDVI
and give the same type of response of 0 HSye¢ t0 T'Spmaz, even if the threshold
temperature can be a little different (between 40°C to 44°C), depending on the
product and biome. On average the global temperature heat stress threshold
is around 43°C It is difficult to conclude why evergreen broadleaf forests gives
a different behavior than others biomesas only a few pixels of this biome (less
than 2%) reach surface temperatures over 43°C, hence reducing the statisti-
cal significance of §HS,.s. Nevertheless, these forests predominantly grow in
warm and humid conditions (80% of pixels of EBF are located in equatorial
moist forest), and are likely able to maintain a sufficient transpiration rate
to limit leaf temperature. Moreover, the important cloud cover over these re-
gions also limits the ability to correctly detect the change in remote sensing
products around the maximum temperature.

Like for most ecological processes, we can hypothesize that plants adapt
their response to heat stress to the local environment. Experiments indeed
demonstrated leaf adaptation to heat stress [36]. Hence, we can expect that
plants living in regions with high mean annual temperatures have a heat dam-
age temperature threshold higher than plants living in cooler environments.
We examined possible local adaptation of the critical temperature above which
the heat stress impact becomes significant as a function of mean annual tem-
perature. We assume that a significant impact is reached when 0 H.S,..y < —0.2.
This threshold been empirically defined from observed global response on figure
2. Then, for each pixel where §HS,.; < —0.2, we look at the corresponding
T Synaz which is then assumed to be the local critical temperature T'sq-;; at
which heat stress occurs. Figure 3 represents the distribution of T's..;; as a
function of mean annual air temperature for each pixel(Tamean); The color
represents the density of pixels for a given couple Tamean /T Scrit- We see an
increasing trend of critical temperature with mean annual temperature except
for the highest ones (R2=0.52). This supports the hypothesis of plant adapta-
tion to heat exposure [36]. We also test the impact of the heat stress duration
on 0HS,.s. For this purpose, we considered the number of days around the
maximum temperature for which the maximum temperature stays above 43°C
as exposure duration. Figure 4 shows the mean value of 6 HS,.s over the pe-
riod when LST remains above 43°C as a function of the exposure duration.
The heat stress impact increases with the exposure duration but stabilizes if
exposure is longer than 5 to 15 days depending of the biome considered, which
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probably reflects the fact that for heatwaves of long duration most of the top
canopy leaves have been affected. For grassland and crops there is an appar-
ent increase of 0H S,y for longer periods of heat exposure. Such long periods
over 43°C are only located in semi arid regions. We can hypothesize that the
fixed 43°C threshold is too low for such regions with high T'a,cqn as Figure 3
shows that critical threshold for such high temperature region is more around
46°C to 48°C. We also estimated the temporal evolution of the global surface
affected by heat stress (figure 5a). Despite an important interannual variation,
we observe a positive trend (1.27.10*km2.year1) of surface affected, which
indicates an increase of heat stress impact in the last two decades.

1.3 Simulation of the impact of heat stress on the
historical period and for the future

Based on the observed relationship between extreme surface temperatures and
the LAT decreases above a maximum temperature threshold (figure 2), we im-
plemented a new parameterization in the ORCHIDEE land surface model to
represent the impact of heat stress on leaf turnover for each plant functional
type (see section 2.3). Simulated maximum surface temperature was similar
to the observed one from Cpernicus-LST over the period 2011-2019 , with a
small positive bias of around 1°C for the simulated LST compared to observa-
tions, and a standard deviation of the differences of 4°C (Figure S5) We then
estimated the impact of heat stress on plant productivity by comparing simu-
lations with the standard odel versin (tag 2.2 rev. 6756) (No Heat Stress, NHS)
and the new parameterization (Heat Stress, HS). We first conducted a simu-
lation over the historical period (1901-2020) using the CRUJRA 2.2 climate
forcing input data. There is a good agreement between the observed increas-
ing trend of surface areas affected by heat stress over the last two decades
(1.27.10*km?.year ') and the simulated one (figure 5b) (1.78.10%km?.year—1)
which correspond to an increasing surface of 1% per year for observation and
1.2% for our simulation. The total affected surface is different, but it is prob-
ably related to the difference in spatial resolution between observation (1km)
and model (0.5°).

We then evaluated the impact of heat stress on plant productivity with
respect to Net Primary Productivity (NPP) simulated by the model. Figure
S6b shows the spatial distribution of the simulated impact of heat stress on
NPP for the period (1901 to 2020) on annual productivity (NPPHIST-HS —
NPPHIST—NHS in percent of NPPHIST—NHS). There is a good coherence
between the regions heat exposure triggered an impact on leaf turnover in the
model and the subsequent modeled reduction of NPP and the observed regions
where a negative 6H S,.; was observed (figure S6a). The main discrepancy
arises in the Sahelian zone and in India where our model simulates a relatively
large impact on NPP which does not correspond to an equivalent negative
0HS;ey in the observations.

The regions that are the most strongly impacted by heat stress are mainly
in arid and semi-arid regions, which already experience high maximum surface
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temperatures (see figure 1). We also plotted the evolution of the global NPP
loss induced by heat (inPgC.year™!) as the difference between HS and NHS
simulations (Figure 6). Globally, there is a slight increase of NPP loss during
the 20th century, but it remains limited to 0.1 PgC.year ! before 2000. On the
opposite, after the year 2000 the NPP loss increases become more important
and reaches 0.16 PgC.year—!' in 2020; coherent with previous work on heay
stress-induced leaf browning in Bastos et al (2014).

To evaluate the evolution of heat stress impact for the future, we conducted,
a series of simulations with and without heat stress effect considering three cli-
mate scenarios (RCP2.6, RCP6.0 and RCP8.5) and four Earth System Models
(IPSL-CM5-LR, MIROC, HADGEM-ES, GFDL). The impact is evaluated by
comparing the NPP simulated with and without heat stress. It should be also
noted that during the period 2006 to 2020, the simulated NPP loss (between
0.01 and 0.016 PgC.year~") is largely underestimated compared to the loss
simulated using CRUJRA forcing (0.126 PgC.year—!)) because in the climate
forcing from ISIMIP2, the climate simulated by each model is corrected for its
mean bias during the historical period using climate reanalysis. However, the
forcing is not corrected to reproduce the observed frequency of extreme events
and, as shown by Zhao et al (2021), climate models underestimate the num-
ber of drought and heat stress events during the historical period. Another
difference if that the ISIMIP2 climate forcing has a daily time step that prob-
ably smooths the diurnal temperature evolution compared to CRUJA which
is available at 6 hourly time steps. Figure 7 shows the temporal evolution of
global heat stress impact on NPP for the three scenarios and the range from
four ESMs. Wz found almost no change in the global heat stress impact for sce-
nario RCP2.6 by the end of the century for the different models. For RCP6.0,
even if not negligible, the impact is still limited and relatively similar for the
different models. On the contrary, a larger impact was predicted with RCP8.5
after 2060, which is largely dependent on the climate model. The global scale
impact of heat stress on global NPP is small (2% decrease in the worst case)
but regional impacts can be important, with NPP decreasing by up to 25%
for instance in China or western USA by the end of the century (Figure S7).
There is agreement on the geographical distribution of heat stress impacts on
NPP across the four climate models, including east and central North Amer-
ica, Europe, China and north and south tropical bands in Africa and South
America. However, climate models disagree on the magnitude of such impacts,
the HADGEM climate model leading to the largest decrease in NPP in several
regions, most notably over the Amazon. In contrast to the Amazonian forest,
the other equatorial forests in Africa and Indonesia are less impacted by heat
stress, whatever the simulation. It should be noticed that there is no apparent
link between the amplitude of the simulated impact at the end of the 21st cen-
tury and the agreement with reanalysis over the recent period, as HADGEM
climate model gives the second lowest NPP impact for the period 2006-2020.
Even if the simulations forced by GFDL and HADGEM climate models show
impacts over the Amazonian forest, the regions impacted are different (with
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HADGEM climate model the larger impact is observed in western Amazon
whereas it is over the east-central Amazon and Brazilian Shield with GFDL
climate model). These results indicate that there is a large uncertainty on pos-
sible heat stress impacts over the Amazonian tropical forests, which reflect a
large difference in the simulated number of days when temperature reaches
the threshold that induces heat damage. Furthermore, as mentioned in section
2.2, there are uncertainties in modeling the impact of heat stress for evergreen
tropical forests due to the lack of available optical satellite observations (due
to cloud coverage) to reliably assess the heat stress impact over the tropics.
On the contrary, there is good agreement between climate models for both
the spatial patterns and magnitude of the impact of heat stress over China.
Considering the underestimation of heat stress impact on the recent period by
climate models, we expect that the simulated heat stress impacts for the end
of the 21st century are likely to be underestimated.

1.4 Conclusion

Heat stress is known to inhibit photosynthesis and crop productivity, but
this impact has rarely been quantified. For natural vegetation, and especially
forests, the impact of heat stress on leaves and consequent effects on plant
productivity through leaf shedding are still largely unknown. This impact is
difficult to assess at large scales because it requires disentangling the effect of
heat stress from hydric stress, both being strongly correlated. In this study,
we developed a method to estimate the direct impact of heat stress above a
maximum temperature exposure based on space-borne estimates of LAI and
land surface temperature. We proposed a new proxy of the heat stress impact
given by the response of change in LAT around the maximum surface tempera-
ture 6 H.Sy.f, and found that heat stress impacts on LAI begin to be noticeable
when the surface temperature exceeds on average, 43°C for most biomes. We
further find regional adaptations of this temperature threshold, depending on
the mean annual air temperature: this finding tends to indicate that plants
growing in hot environments are more tolerant to heat stress. There is also an
impact of the duration of the heatwave: the leaf damage increases with heat-
wave duration over a period between 5 to 15 days, whereas a longer duration
has no more effect.

Based on the observed relationship between surface temperature and LAI
decrease for the different biomes, we implemented a new parameterization in
the ORCHIDEE LSM (v2.2) to represent an increase of leaf turnover at high
surface temperatures. We then estimated the climate change-induced heat
stress impact on plant productivity both on the historical period (1901-2020)
and for the future (2020-2100) considering three climate scenarios simulated
by four climate models. The impact slowly increased until the end of the 20th
century, but it almost doubled over the last 20 years, reaching up to 0.16
PgC.year™!, in agreement with the recent increasing trend of areas affected
by heat stress as observed from satellites. For the future, the climate change-
induced impact is low for the RCP 2.6 scenario, still limited for RCP6.0 but
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becomes large for RCP8.5. This is however largely dependent on the consid-
ered climate model. While the global impact is limited (2% for HADGEM
under RCP8.5), annual NPP can decrease up to 25% in some regions. Sev-
eral potential vulnerable regions were identified, namely the Amazon humid
forests, China, Western Europe and the USA. For the Amazon forest, large
uncertainty remains due to the limited number of observations from optical
space-borne sensors to constrain the heat stress parameterization, and the dis-
crepancies between simulated impact for the different climate forcing fields.
On the contrary, some regional impacts are very consistent between models,
for example over China. Recent observations and historical model simulations
indicate a doubling of heat stress impacts over the past two decades. Even if
the effect of heat stress is currently limited to relatively hot and dry regions,
it can be amplified and extended to more regions by increasing temperature
and more frequent droughts. It can thus become a concern for the future, even
for temperate regions and possibly for the Amazon rainforest.

2 Method
2.1 Data

2.1.1 Surface temperature

We used two different datasets to estimate the daily maximum surface
temperature. The first one is the Copernicus hourly land surface temper-
ature dataset Freitas et al (2013) covering the period from January 2011
up to December 2019 with a spatial resolution of 5km. The second dataset
is the MODIS TERRA/AQUA 4 days lkm dataset ( MOD21A1D.061,
https://doi.org/10.5067/MODIS/MOD21A1D.061). The Copernicus dataset
has a not a full spatial coverage at a spatial resolution of (5 km) and a tempo-
ral resolution of 1 hour over 8 years). MODIS as a spatial resolution of 500m
over 21 years In contrast to the Copernicus which gives hourly temperature,
the MODIS instruments enable the acquisition of only a single daytime value
around 1:30pm local time. MOD21A1D.061 is aggregated to a 4-day time step
to limit the cloud contamination.

2.1.2 Leaf area index and vegetation indices

We used the 500m MODIS 4-day composite LAI product (MCD15A3H.061,
https://doi.org/10.5067/MODIS/MCD15A3H.061) averaged to lkm, avail-
able from 2003 to 2021 To test the robustness of the approach, we also
used three sets of vegetation indices covering the period 2001 to 2019. First
we used the lkm normalized difference vegetation index (NDVI) 10-day
synthesis from SPOT-VGT and PROBA-V available on the Copernicus
portal ([37]) (https://www.copernicus.eu/en/access-data/copernicus-services-
catalogue /normalised-difference-vegetation-index-1999-2020-raster-1).

Second, we wused the MODIS 1km 8-day composite reflectances
(MCD12Q1.061,  https://doi.org/10.5067/MODIS/MCD12Q1.061)  from
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which we estimated two vegetation indices: NDVI, and Enhanced vegetation
index v2 (EVI2) ([38]).

To filter the remote sensing time series, we used the Best Indice Slope
Extraction (BISE) method [39]. Although originally designed for NDVI, it can
be applied to any remote sensing data for which cloud contamination induces
a decrease of the value. We thus used the method to filter the different VI
indices, but also the LAT and surface temperature. For each couple of VI or LAI
vs surface temperature, the data with the highest resolution were averaged to
the spatial resolution of the product with the lowest one. So for instance VIs
and LATI were binned at the 5 km resolution of the MSG surface temperature
dataset; on the contrary, the 500m MODIS surface temperature data were
binned at 1km, consistent with the resolution of the VIs and LAI data. To
be able to evaluate the response for the main biomes, a time series per pixel
was associated with each biome. To do so, we firstly associated each lkm
pixel to a unique biome based on the dominant biome estimated from the
original 300m ESA-CCI land cover map. When averaged on the 5km grid, for
comparison with Copernicus surface temperature, then a mosaic of vegetation
was considered, Then different biomes and their associated LAI or vegetation
index was considered.

2.1.3 Vegetation maps

To evaluate the results taking into account for different biomes, we use the high
resolution ESA-CCI 300m land cover map [40] for the year 2015, and grouped
the initial 23 vegetation types into 6 main biomes (Crop, Grassland, Broadleaf
evergreen forest, Broadleaf deciduous forest, Needleleaf evergreen forest). We
first considered the dominant biome at 1km, the resolution of LAI and veg-
etation indices. When using the 5km MSG surface temperature we consider
a mosaic of vegetation and there corresponding LAI or vegetation index. For
the global scale simulations with ORCHIDEE (0.5°x0.5° resolution), we used
the vegetation maps produced for the TRENDY intercomparison project [41]
which is based on a combination of ESA-CCI maps with the HYDE database
of land use change and converted to the 13 ORCHIDEE PFTs [42]. We also
considered year 2015 for the global land cover map, albeit land cover varies
from one year to the other, since we aim at only evaluating the impact of heat
stress (land use change is therefore neglected).

2.1.4 Air temperature and soil water content

For the estimation of 2m air temperature and soil water con-
tent, we wused the global ERA5 Land product at hourly /
0.1° resolutions covering the period from 1979 up to now [43]
(https://cds.climate.copernicus.eu/cdsapp#!/dataset /reanalysis-era5-
land?tab=overview) . The data was downscaled to the 5km resolution of the
surface temperature data (see 2.1.1) by a linear interpolation with a correction
for altitude. For soil water, we only made a bilinear interpolation.
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2.1.5 Climate forcing for historical and future simulations

Two climate datasets have been used to conduct the ORCHIDEE simulations.
For the historical period (1901 to 2020), we used the CRUJRA V2.2 reanalysis
[44], at a 0.5° spatial resolution and six hourly temporal resolution. For the
future scenarios, we used the down-scaled, bias-corrected, climate dataset from
ISIMIP2 based on AR5 climate scenarios [45] from four different models - IPSL-
CM5, HADGEM, GFDL, MIROC - combined to three different representative
concentration pathways (RCPs) - RCP2.6, RCP6.0 and RCP 8.5 - at 0.5°/
daily resolutions.

2.2 Detection of the heat stress impact from remote
sensing data

The method is based on the differential behavior of the LAI evolution before
and after the time of daily maximum surface temperature using two analog
years in terms of LAI evolution before the heat period but with a different
maximum surface temperature. Comparing two analog years allowed us to
eliminate first order driving factors of LAI variation including drought.

First, for each pixel, and for each year (named reference year), we de-
termined the yearly maximum surface temperature T's,,q, (°C) and the date
drs,,,. (DOY) at which this maximum occurs. We only selected pixels with
sufficient vegetation cover (defined by a mean annual LAI value above 0.5)
and for which T's;,4, was reached during the vegetative period (mean LAT >
0.5 during one month after drs,,,, ). Let X be the variable that characterizes
vegetation development (i.e., LAI or one of the vegetation indices considered).
We searched for an analog year (i.e., the year which minimizes the difference
between the variable X during the vegetative period. Let AX the X difference
between year y and year yys:

AX(y) = Xy (1) — Xy (1) (1)

We then select the year y, where AX, = min,(AX(y)). The pixel is only
considered if T'Smaz (Yref) > TSmaz(Ya) - In other words, we determined pixels
for which a pair of years gave a similar X pattern during the vegetative period
but experienced a different T's,,qa. If surface temperatures durably affect the
foliage, we expect a differential response of the X before and after drs, -
We considered a period of 30 days before and after drs,,,. , and note ¢, the
difference in X before and after drs,, . :

t=dT s q0+30 t=drspax
G= >, X,0B- > X0 (2)
t:demam t:demaz—BO

then 6,.s, the anomaly of X related to drs,,,, on reference year compare to
analog year is defined as:
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OHSref = Cyrey — Cya 3)

If heat stress impacts X in the reference year but not on year y,, then
0H Sycf should be negative. One can argue that despite the selection of analog
years, if the reference year experience an higher water stress than for analog
year, 6 H S,y could also be negative. In this case, the evolution of LAI and soil
water content around the time of maximum temperature should be correlated.
Hence calculating 6SW C...s equivalent to 6HS,.s but calculated from soil
water content instead of LAI should be correlated with 0HS,.r. We then
calculated the Pearson correlation coefficient between dH S,y and 0SW Ci.c¢
for each vegetation type which is always not significant (less than +0.09). This
means that differential change of LAI after a high surface temperature period
is not associated to a coincident change in soil water content which exclude
that the observed LAI decrease has been caused by decrease of soil water.

2.3 Implementation of a heat stress function in

ORCHIDEE

Based on the observed impact of heat stress, we implemented a new function
in ORCHIDEE to consider the effect of heat stress on the leaf turnover. Where
the surface temperature is greater than a threshold 6 (°C), we set a daily leaf
heat stress turnover 7(gC.day '), which depends on the temperature exceeding
the heat stress threshold and an impact coefficient v(gC.gC~t.day=1. K1)
dependent on the PFT. To reflect the saturating effect of heat stress on leaf
turnover we assume an upper limit to 7 based on lower observed limit of
OHSycs (see table 1) Then 7 can be estimated as:

7 = min(Tmae, e(TS_O/Q'/’y) (4)

We also assumed a limited duration of LAI turnover after heat stress as ob-
served in Figure 4. We then limited the increased turnover to 10 days even
if temperatures stayed above ( for a longer period. The different parameters
(0, v,Tmaz) are calibrated from figure 2 for each ORCHIDEE PFT and sum-
marized in table 1. To evaluate the impact of heatstress on NPP we consider
couple of simulations where the heat stress additional leaf turnover is activated
(HS) or not (i.e standard ORCHIDEE, NHS)
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PFT Tmaz(9C.gC~L.day™1) 6(C) ~(gC.gC~ 1 .day=1.C™1)
Trop. Broad. Ever. 0.04 47 400
Trop. Broad Dec. 0.04 45 650
Temp. Needle. Ever. 0.04 43 700
Temp. Broad. Ever. 0.04 46 550
Temp. Broad. Dec. 0.04 40 600
Bor. Needle. Ever. 0.04 40 700
Bor. Broad. Dec. 0.04 40 600
Bor. Needle. Dec. 0.04 40 800
C3 grassland 0.04 43 600
C4 grassland 0.04 48 600
C3 crop 0.04 43 600
C4 crop 0.04 48 600

Table 1 parameters of the 12 PFTS for heat stress parameterisation in ORCHIDEE
Tmax: maximum turnover rate, 8: threshold surface temperature triggering leaf turnover,
~: impact coefficient
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Figure 7 Evolution of the heat stress global impact on NPP for the 3 RCPs scenarios.
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