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Abstract

Terrestrial vegetation plays a crucial role in governing the land surface energy budget,
which in turn drives the climate of the Earth. The climatic feedbacks of vegetation changes are
different across vegetation greenness gradients and climatological conditions, which has not been
studied clearly. In this study, we used remote sensing and re-analysis datasets to investigate
global climatic feedbacks of vegetation changes on the surface air temperature (SAT). The
Common Land Model (CoLM) was also used to reproduce land-atmosphere energy processes
and to explain the climatic feedbacks based on the biophysical mechanisms. Our results show
that the sensitivity of SAT to the increase in vegetation greenness presents a convergent
relationship. The sign and magnitude of the sensitivity are determined by the background climate
conditions. The convergence sensitivity is regulated by the corresponding variations of satellite-
observed evapotranspiration (ET) and albedo, and the associated partitioning of surface energy
between sensible and latent heat fluxes simulated by the CoLM. The exploration of the global
climatic feedbacks of vegetation changes in this work will be helpful to identify future climate

change required for the development of appropriate strategies for mitigating global warming.
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1 Introduction

Terrestrial vegetation is an essential and indispensable constituent of the climate system,
which exerts climatic feedbacks by changing surface characteristics of the Earth and associated
surface processes (Klein et al., 2017; Richardson et al., 2013; Woodward et al., 1998). In
particular, terrestrial vegetation can modulate surface air temperature (SAT) by changing canopy

~ roughness that could regulate the vapor and heat exchanges between the land surface and the
atmosphere (Jing and Li, 2016), or by changing surface albedo and evapotranspiration (ET)

O which governs the Earth’s radiation budget (Zhang et al., 2013; Ge et al., 2014). Therefore,

¢ M understanding the climatic feedbacks of vegetation changes would be valuable for deepening the

perception of global climate change.

H During the past decades, the widespread interannual greening of the Earth has been
documented using satellite observations and model simulations at both regional and continental
scales (Zhu et al., 2016), such as in temperate and boreal Eurasia (Piao et al., 2011; Mao et al.,
2016), east and central Asia (Peng et al., 2011; Zhou et al., 2015), North America (Wang et al.,

@ 2011) and Atacama desert in South America (He et al., 2017), etc. This greening of the Earth
virtually increased the carbon sequestration via the biomass (Pan et al., 2011), potentially
considered as the key instrument to mitigate the climate change (Canadell and Raupach, 2008).
Q Yet, the benefit of the increased vegetation capability to absorb anthropogenic carbon dioxide
emissions on the climate could be either enhanced or compensated by biophysical mechanisms
(Anderson et al., 2011; Bala et al., 2007; Field et al., 2007; Li et al., 2015; Zeng et al., 2017).
Biophysical effects (e.g., albedo, ET) (Pearson et al., 2013; Shen et al., 2015) induced by
modulating the land-atmosphere fluxes of energy and vapor are more complicated than the
biochemical (e.g., carbon cycle) effects because of their high spatial heterogeneity. The impacts
generated by the ongoing greening of the Earth still remain a major challenge in current climate

research.

Surface albedo and ET are two important vegetation characteristics that govern the
partitioning of land surface radiation between latent, sensible, and ground heat fluxes, which in
turn drives the climate of the Earth. Changes in opposite strengths between the biophysical
effects of the albedo-induced warming and the ET-induced cooling associated with the

vegetation greening may lead to variability in SAT (Alkama and Cescatti, 2016; Peng et al.,
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2014). For some regions, the differences between both contributions are so small that scientists
often draw opposite conclusions due to different input variables (e.g., land surface temperature,
surface air temperature) or methods (e.g., climate model, remote sensing). For example, some
studies reported that temperate forests in the middle latitudes of the northern hemisphere induce
warming effects (Lee et al., 2011; Zhang et al., 2014), while other studies indicate cooling effects
(Li et al., 2015; Wickham et al., 2012). In addition to being affected by vegetation, the SAT is
also affected by other factors. For example, it is well recognized that remote oceanic conditions
may be the dominant driver of interannual variations of global SAT through the teleconnection
(Hu and Fedorov, 2017; England et al., 2014). Besides, the impacts of changes in greenhouse gas
and aerosol on SAT have also been mostly debated in previous studies (Solomon et al., 2011;
Jeong et al., 2010). Yet, it is still unclear how the recent Earth's greening affects the SAT
anomalies at a global scale. Therefore, isolating these external climate signals from climatic

feedbacks of vegetation changes is required in future research.

Great efforts have been devoted on assessing the potential climatic effects of vegetation
changes on surface temperature at both global and regional scales over the past several decades
(Forzieri et al., 2017; Yu et al., 2018). Some studies have indicated that tropical afforestation
activities can mitigate warming due to their dominant strength of evaporative cooling (Bonan,

2008; Li et al., 2015). In boreal forests, the vegetation greening has the ability to produce a

Pearson et al., 2013). In Europe, the afforestation has led to an increase of 0.12 Kelvin in

: positive feedback to the warming by masking the high reflectance of snow (Bonan et al., 1992;

L
QO

warming during summertime, mainly due to greenhouse gas emissions through species
conversion (Naudts et al., 2016). In contrast, in China, afforestation/reforestation programmes
have been implemented as a constructive strategy to attenuate local warming (Jiang et al., 2015;
Peng et al., 2014). Based on the above studies, the climatic feedbacks of vegetation change are

divergent with respect to different geographical and background climatological conditions.

Besides, vegetation-climate feedbacks differ across the land cover types with different
greenness. For example, Zhao and Jackson (2014) reported that the replacement of cropland with
deciduous broadleaf forests tends to cool near-surface air, while evergreen needle leaf forests
tend to warm the air in North America. Based on idealized model simulations, Gibbard et al.
(2005) indicated that a global replacement of current vegetation by trees would result in a global

mean warming of 1.3 °C, while replacement by grasslands would lead to a cooling of 0.4 °C.
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Greater attention in most previous studies are devoted to individual biomes (e.g., forests with
large greenness), while few studies have focused on other land cover types with a lower
greenness (e.g., short vegetation). Since focusing on a single type of vegetation, especially
forests, does not sufficiently represent the characteristics of terrestrial ecosystems (Loranty et al.,
2014), climatic feedbacks of vegetation changes under various vegetation greenness should be

quantified.

This study aims to investigate the impacts of vegetation changes on SAT across various
vegetation greenness and background climatological conditions. In order to overcome the limits
and uncertainties that existed in previous assessments, a principal component regression analysis
was used to disentangle external climate signals from SAT. Another focus of this study is that a
land surface model was used to reproduce the energy processes to further explain the variations
and the changes in climatic feedbacks of vegetation changes. This study is expected to provide a
globally robust and data-driven evaluation of the biophysical impacts of vegetation feedbacks on
the SAT.

2 Materials and Methods
2.1 Vegetation and climate datasets

Remotely sensed leaf area index (LAI) and Normalized Difference Vegetation Index
(NDVI) provide quantitative information of vegetation coverage, productivity and greenness, and
have been widely used to monitor vegetation growth (Zhu et al., 2016; Forzieri et al., 2017). The
Global Inventory Modeling and Mapping Studies (GIMMS) LAI3g and NDV13g datasets with a
1/12 degree spatial resolution and a half-month time-step from January 1982 to December 2015
were used in this study to indicate the vegetation greenness of the Earth. The GIMMS LAI3g
dataset was constructed from the Advanced Very High Resolution Radiometer (AVHRR)
Normalized Difference Vegetation Index (NDVI) dataset, together with the Moderate Resolution
Imaging Spectroradiometer (MODIS) LAI dataset by using artificial neural network (ANN)
models (Zhu et al., 2013). The quality of GIMMS LAI3g dataset has been evaluated by
comparison with field measurements, intercomparison with other existing alternative satellite
products, which provides a high applicability in studies of monitoring vegetation activities (Wu
etal., 2017; Yuan et al., 2015; Zhu et al., 2017). The cells with mean annual NDVI values of less
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than 0.08 were discarded to avoid the effects of unvegetated regions. To match with climate data,

the raw LAI3g and NDVI3g data were simply averaged onto a 2.0° x 2.0° grid.

The gridded monthly average daily mean, maximum, minimum SAT (Tmean, Tmax and Tmin),
as well as the precipitation datasets with a spatial resolution of 0.5° during 1982-2015 were
obtained from the Climate Research Unit (CRU; TS4.01); the datasets were constructed by the
University of East Anglia (Harris et al., 2014). The monthly mean solar radiation data (SR) from
1982 to 2015 was obtained from NCEP/NCAR Reanalysis products (Kalnay et al., 1996). The
CRU and SR datasets were simply averaged onto the 2.0° grid. A global 6-hourly, 0.5° climate
dataset, including downward short- and long-wave solar radiation, temperature, precipitation,
specific humidity, surface air pressure and wind speed variables were obtained from Princeton
University (Sheffield et al., 2006). The Princeton climate dataset provides a long-term (1950-
2015) globally consistent dataset of near-surface meteorological forcings that can be used to
drive the land surface models. A global gridded monthly dataset of terrestrial ET with a spatial
resolution of 0.25° calculated based on the Global Land Evaporation Amsterdam Model
(GLEAM V3.2a) was used in this study (Martens et al., 2017; Miralles et al., 2011). The
GLEAM V3 ET dataset has several improvements, new data assimilation scheme, updated
water-balance module, as well as updated evaporative stress functions, which has a huge
potential for recovering information about ET from the available data stack of climatic and
environmental observations from space. Another ET dataset was used from Jung et al. (2010).
This dataset was produced by using Model Tree Ensembles (MTE) to combine observations
from both flux-tower ET and remote sensing data. The second edition of monthly CLARA (“The
CM SAF cLoud, Albedo and surface RAdiation dataset from AVHRR data” — second edition
denoted CLARA-A2) surface albedo dataset was used in this study because of its long-term
records, providing the overlap period (1982-2015) with the datasets of LAl and climate variables
(Karlsson et al., 2017). This dataset that was obtained from AVHRR instruments with a spatial
resolution of 0.25°, and has been validated against a large number of in-situ reference data,
covering both vegetated regions and snow/ice-covered areas. The MODIS monthly average snow
fraction dataset at 0.05° during 2001-2015 (MOD10C1) was obtained from NASA National
Snow and Ice Data Center (https://nsidc.org/). The low-quality pixels were first filtered by the
Quality Control (QC) layers. Afterwards, the dataset was averaged onto 2.0° x 2.0° to match
climate dataset.

This article is protected by copyright. All rights reserved.
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Studies have shown that global temperature changes are tied to the natural climate
variability (Kosaka and Xie, 2013; Schmidt et al., 2014). In this study, the El Nifio-Southern
Oscillation (ENSO) (Pan and Oort, 1983) and Atlantic Multidecadal Oscillation (AMO) (Liu,
2012) indices were used to represent the natural climate fluctuations which took place in the
tropical Pacific Ocean and the North Atlantic Ocean, respectively. These two oscillation indices
were chosen because of their popularity, which have demonstrated a significant contribution to
the global climate variability studies. ENSO is a periodic oscillation (2-7 years) of wind and sea
surface temperatures (SST) occurring in the eastern equatorial Pacific, which is very tightly
regulated by vertical energy convergence and contributes to the global climate change through
atmospheric teleconnections (Hu and Fedorov, 2017). The ENSO index was described as the
SST anomaly averages within the equatorial Pacific domain between 160°E—90°W and 5°S-5°N
based on the HadISST1 dataset (Rayner et al., 2003). AMO is identified as a climate oscillation
occurring in the North Atlantic Ocean with an estimated period of 60-80 years (McCarthy et al.,
2015), which has also proven to be closely linked to global temperature and precipitation,
particularly in the Northern Hemisphere (Zampieri et al., 2017). The AMO index (detrended and
smoothed) was described as the North Atlantic monthly SST anomaly averages over 0°-70°N
based on the HadISST1 dataset in this study (Enfield et al., 2001). The ENSO and AMO index
were obtained from the National Oceanographic and Atmospheric Administration (NOAA) Earth

System Research Laboratory (ESRL) (https://www.esrl.noaa.gov/).

For the CO, concentrations, the global monthly mean estimates were obtained from the
NOAA/ESRL website (https://www.esrl.noaa.gov/gmd/ccgg/trends/data.html), available from
1980. The dataset was calculated based on approximately 40 marine boundary layer (MBL) sites
from the NOAA/ESRL flask network, and the reported uncertainty is only 0.13 ppm/month
evaluated by using a monte carlo technique (Ballantyne et al., 2012). To account for the
stratospheric aerosol changes, we employed a global gridded monthly mean stratospheric aerosol
optical depth (AOD) dataset (MERRA-2) spanning 1982-2015, from NASA Goddard Earth
Sciences (GES) Data and Information Services Center (DISC) (https://disc.gsfc.nasa.gov)
(GMADO, 2015).

2.2 Common Land Model
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The Common Land Model (CoLM) (Dai et al., 2003) was used in this study to investigate
the impacts of vegetation changes on land surface energy budget. CoLM is a process-based land
surface model that allows to simulate the interactions between the atmosphere and the land,
including representations of water, carbon, and energy processes. CoLM combines the best
features of three existing successful land models: the Land Surface Model (LSM) (Bonan, 1996),
the Biosphere—Atmosphere Transfer Scheme (BATS) (Dickinson et al., 1993), and the 1994
version of the Chinese Academy of Sciences Institute of Atmospheric Physics LSM (IAP94)
(Dai and Zeng, 1997), which was originally developed for providing a land component for

climate models.

In CoLM, the vegetation is regarded as one canopy layer with two kinds of leaves: sunlit
and shaded leaves. The solar radiation flux absorbed by vegetation depends on the sum of sunlit
and shaded leaves. Furthermore, LAI is a crucial variable in determining the fractional area of
sunlit leaves that decreases exponentially with the cumulative LAI from the canopy top, and thus
LAl is an important parameter in determining canopy energy budget. Besides, the transpiration
of vegetation at canopy level, prescribed in CoLM depends on the canopy stomata conductance
which was scaled up from leaf to canopy through the intermediate variable LAI. On the whole,
the temporal variations in the exchanges of energy and vapor between land and atmosphere are
largely determined by variations in LAL. In this study, the satellite-observed LAl is integrated

into CoLM to represent the vegetation changes.

2.3 Statistical analyses

To quantify the global interannual sensitivities (i.e., the regression coefficients) of SAT to
vegetation changes, we used the principal component regression (PCR) (Jolliffe, 1982) to
perform analysis for each pixel. PCR has proven to be an effective method that can reduce the
collinearity between independent variables required for obtaining a robust estimation of the
regression coefficients (Seddon et al., 2016). The principal component analysis was first used to

extract orthogonal variables and corresponding coefficients from independent variables:

[ty ts, ts, oo, tnl” (21,22, Z3, ooos Zn] = [V1, Vo, V3, e, Vi Q)
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where Z is the independent variables (i.e., CO,, LAI, AMO, ENSO, AOD, precipitation,
SW); n is the numbers of independent variables; v and t are the orthogonal variables and
corresponding coefficients. All variables were linearly detrended prior to the PCR analysis to
avoid autocorrelation between variables. Then, the orthogonal variables were selected to perform

multiple linear regression:
Y = alvl + 32V2 + a3V3 + + anVn+ €
= [ali ap,as, ..., an] [tl) t2; t3; ey tn]T [Zl) Z3,Z3) ey Zn] + € (2)

where Y is the independent variable (i.e., SAT); [a;,a,,a3, ..., ap][t1, t2, ts, ..., t,] T is the
terminal regression coefficient vector which was calculated from extracted orthogonal variables,
and ¢ is the residual error. Note that only the coefficients of multiple linear regression with the

significant level of p < 0.05 was used to calculate the terminal regression coefficients.

To reveal the effects of vegetation changes on surface energy budget, we designed a
sensitivity experiment in CoLM by using Morris (1991) method which provides a qualitative
assessment of each parameter to model outputs. For the sensitivity experiment, the mean
satellite-derived LAI values from 1982 to 2015 were used to replace model defaults. The variant
values of LAI was constrained to its 30% original values [70% LAI, 130% LAI] to avoid the
abnormal outputs. For parameter LAI, we calculated its effects on output as

_ [ @1P2Dit D PR~ f (P1.P21 PP
E; = A ®)

where A is the step size of an input parameter (p;). In this experiment, only satellite-derived
LAI was changed, while other parameters were fixed at the default values. A is equal to j/2(j-1)
(Campolongo et al., 2007), and j is the sampling levels which is predefined as 5 in this study. E;
is the model output. The initial LAI value was randomly selected, and vary by A. This is repeated
r times (r trajectories where r = 10 in this study). Then, the overall sensitivity of vegetation

changes on surface energy budget (u) was calculated as

U=Zi=1 Ej (4)

r

To reveal how the background climate conditions affect the climatic sensitivity, we
reclassified the Earth into nine climate zones based on Kdppen-Geiger method (Kottek et al.,

2006). Seven climate classifications were defined according to Zhou and Wang (2016), including
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polar tundra, cold humid, cold winter dry, cold summer dry, temperature humid, temperate arid,
and arid climates. Equatorial and frost climates were added in this study (Figure S1). The frost

climate was not analyzed because there are no vegetated pixels.

3 Results
3.1 Sensitivities of SAT to vegetation greenness

Most regions of the Earth are experiencing a trend of vegetation greening, indicated by both
satellites retrieved LAl and NDVI (Figure S2). For LAI, 50% of the grid cells show an
increasing trend significantly (p < 0.05), while only 8% of the grid cells show a decreasing trend
significantly. For NDVI, 23% of the grid cells show significant increasing trends, while 15% of
the grid cells show a significant decreasing trend. To determine how the vegetation greening
influences SAT, we first used the coefficients of PCR to assess the sensitivities of SAT to LAI
variations (Figure 1). The spatial patterns of Tnean Sensitivities show that LAI-related warming
effect occurs over the Arctic tundra and boreal forest belts in the high-latitudes of the northern
hemisphere. In contrast, the cooling effect occurs in mid-latitudes of the northern hemisphere
and southern hemisphere, with hotspots in the drylands of the Sahel, Central Asia, Western
Australian, Southwest North America, and the Middle East (Figure 1(c)). The LAI-climate
feedbacks are not uniformly symmetrical between the northern and southern hemispheres. There
is more warming near the North Pole, slight cooling near the equator, and larger cooling near the
mid-latitudes (Figure 1(d)). Both Tmax and Tmin Sensitivities show similar spatial patterns with
Tmean. HOwever, the magnitude of the sensitivities differs among them. The Tean Sensitivities lie
within the range between Tmax and Tmin. Compared to Tmin, the Thax Sensitivities are slightly

larger in the mid-latitudes in both hemispheres (20 °N — 40 °N and 20 °S — 40 °S) and in the
northern high-latitudes (> 40 ° N). However, there is almost no difference between them near the

equator and in the southern high-latitudes (> 40 ° S). Further, these sensitivity patterns are robust

when the NDV|1 is used instead of LAI as an indicator of vegetation greenness (Figure S3).

Additionally, we hypothesized that different vegetation greenness gradients, such as low
greenness areas in desert ecosystems and high greenness areas in forest ecosystems, may likely

have different effects on SAT. Thus, we further assessed the temperature sensitivity across LAI
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gradients (Figure 2(a)). A significant decreasing trend of sensitivities of Tmen to LAl was
determined. It indicated that the magnitudes of temperature sensitivities for a given quantity of
LAI, decreased along with an increase of LAl with convergence to a value of zero. The
occurrence of such a convergent pattern is explained in our exponential regression analysis.

Moreover, both Tyax and Tmin also show the similar convergent pattern (Figure S4).

Given that the climatic sensitivity might be determined by the background climate
conditions, we further analyzed the sensitivity in different climate zones to see if the sensitivity
is really convergent as the greenness increases (Figure 2(b)). The results show that the sign and
magnitude of the Tnean Sensitivity are determined by the background climate conditions. For
example, the average sensitivity is negative in the arid regions, temperate arid, and equatorial
climate zones. In temperate humid, cold summer dry, cold winter dry, cold humid, and polar
tundra climate zones, the sensitivity is positive. Besides, the notable monotonically decreasing
pattern of the sensitivity values is observed with convergence to a value of zero across almost
eight climate zones (Figure 3). The similar patterns in different climate conditions are also found
for Tmax and Tnin (Figure S4, S5 and S6). Obviously, the sensitivity convergence exists as the
greenness increases, although the convergence becomes weak in some climate zones, for

example in cold summer dry and polar tundra zones.

3.2 Controls of biophysical factors on climate sensitivity

Both ET and albedo are two critical biophysical factors in influencing surface energy
budget which largely in turn contributes to climatic feedbacks. Vegetation with higher greenness
generally depicts lower albedo, potentially leading to a warming effect as a result of large
radiation absorbance. However, the extra energy could be dissipated by increasing canopy ET.
The mechanism behind the climatic sensitivity of vegetation greenness changes is further
analyzed by statistical methods and sensitivity experiments by numerical simulations. First, a
linear regression analysis in which the ET or albedo is set as dependent variable and LAI is set as
an independent variable was performed. The slope of the linear regression is defined as the
sensitivity of ET (A ET/A LAI) or albedo (A albedo/A LAI) to LAI. The results show that both
ET and albedo exhibit a convergent trend to changes in vegetation greenness with higher

A ET/A LAl and A albedo/A LAI values in low vegetation greenness areas and lower values in
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highly vegetated areas (Figure 4). This convergent is robust to different ET datasets used (i.e.,
GLEAM ET and MTE ET).

To further determine the extent to which the climatic sensitivity is correlated with
biophysical factors (i.e., albedo and ET) in different climate zones, we analyzed the partial
correlation coefficients between the climatic sensitivity and sensitivity of ET/albedo to

~ vegetation (i.e., A ET/A LAI and A albedo/A LAI). This procedure can remove the cofounding
effect between ET and albedo. The results show that both A ET/A LAI and A albedo/A LAI are
significantly correlated with the Tmen Sensitivities, but they play a contrasting role in
determining climatic sensitivity that A ET/A LAI has a positive correlation while A albedo/A
LAI have a negative correlation in most climate zones, such as in cold humid, cold summer dry,
cold winner dry, polar tundra and temperate humid climate zones. However, this contrasting
correlation is reversed in the arid region and equatorial climate zones. The different ET datasets
show a robust correlation pattern, except in cold winter dry climate zone where MET ET is
positively correlated with climate sensitivity significantly (p < 0.01), while GLEAM ET s
negatively correlated with climatic sensitivity, but not significantly. The magnitude of the
correlation is different when different ET datasets were used. MTE ET has a higher correlation
coefficient with climatic sensitivity than the GLEAM ET, except in the arid region and temperate
arid climate zones. Tmax and Tmin Show similar patterns in the correlation coefficients between
climatic sensitivity and sensitivity of ET/albedo to vegetation. However, in the arid region where
the Tmax Sensitivities are found to be negatively correlated with A ET/A LAI, the Tmin
sensitivities are not significantly correlated with A ET/A LAI (Figure S7).

Next, a sensitivity experiment was designed to simulate the partitioning of energy fluxes
between the land surface and the atmosphere by using CoLM (See methods). As shown in Figure
5, the surface energy budget exhibits considerable variations in an association with an increment
of LAI. The radiation increased near the Arctic, central and eastern Asia, but reduced in the

middle belt of Eurasia, western North America and Austria. Generally, the spatial variation

Accepted Artic

characteristics of latent heat flux (Qle) and sensible heat flux (Qh) are basically similar, but the
sign is opposite because they are two different ways of dissipating heat. However, the changes in
ground heat flux (G) show a very small fluctuation. In the boreal regions, the increases in LAI

are associated with a decrease in Qle, but an enhancement in Qh, and the decrease of QLe

This article is protected by copyright. All rights reserved.



exceeds the decrease of Rnet (Figure 6(a)), which potentially leads to surface warming. This is
consistent with the positive sensitivity of SAT to LAI in this region (Figure 1(a-c)). By contrast,
in the mid-latitudes, the strength of Qh-induced warming decreased, while the strength of Qle-
induced cooling increased, which causes a net cooling effect. This is more evident in arid regions,
such as Western America, Central Asia and Western Austria. In the equatorial regions, there are
quite small changes in both Qle and Qh, and thus a small net energy change. And this is
~ consistent with a relatively stable climatic sensitivity in this region. The difference between Rnet
O and Qle (A(Rnet-Qle)/ ALAI) was further analyzed across vegetation greenness (Figure 6(b)).

¢ ﬁ The results also show that A (Rnet-Qle)/ ALAI reveals a significant convergent trend associated
P with an increase in the LAIL. LAI changes lead to a larger variation of A (Rnet-Qle)/ALAI in
H magnitude in lower greenness regions, and a lower variation in higher greenness regions. These
results indicate that the climatic sensitivity of vegetation greenness changes, to a large extent is

largely governed by the associated changes in the local energy budget.

We further analyzed how the A(Rnet-Qle)/ALAI varies in different climatic regions. In
arid region and temperate arid climate zones, the increased latent energy flux exceeds the net
radiation, which causes a cooling effect, while in temperate humid, cold summer dry, cold winter
dry, and cold humid climate zones, the net radiation exceeds the latent energy flux, resulting in a
warming effect. These changes in the energy fluxes further support the results of the sensitivity
analysis in Figure 2(d). However, the A(Rnet-Qle)/ ALAI changes suggest a cooling effect and

arming effect in polar tundra and equatorial climate zones, respectively, which do not agree

well with the results of the sensitivity analysis. The potential causes are discussed in the

c ) discussion section.

4 Discussion

epted A

C

The widespread greening has been reported over the global vegetated area (Zhu et al., 2016),
which has a profound impact on the current climate change (Zeng et al., 2017; Yuan et al., 2017).
The biophysical effects of vegetation on SAT presented in this study show that more warming
occurs near the North Pole, slight cooling near the equator, and larger cooling near the mid-

latitudes. The latitudinal patterns are consist with previous satellite-based analysis using land
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surface temperature (Forzieri et al., 2017). However, we also found a discrepancy in tropical
forests near the equatorial regions between 10°N — 10° S compared with previous studies (Li et
al., 2015; Snyder et al., 2004; Winckler et al., 2019; Dickinson and Henderson-Sellers, 1988).
All these studies found a stronger cooling effect near the equatorial regions than our analysis that
indicates a mild cooling effect (Figure 2(b)). These studies usually adopted climate models by
changing one land cover type to another or analogous methods which compare climatic
conditions between forest areas and adjacent non-forest areas. These methods are based on a
complete land cover transition (i.e. 100%), which could not reflect actual changes in vegetation.
Therefore, a satellite-based changes in vegetation greenness (indicated by LAI) in this study
would realistically lead to a smaller biophysical effect. However, our study didn’t consider the
land cover change, which may also lead to a discrepancy for this region. Both LAI and land
cover change should be considered together in the future studies.

Given the differences in vegetation greenness from low values in desert ecosystems to high
values in tropical forest ecosystems, we hypothesized that climate feedbacks vary significantly.
Two important vegetation characteristics, ET and albedo, as well as associated energy processes,
are important factors in driving climate change. These were used in this study to explain the
climatic feedbacks based on their biophysical mechanisms. We found that the SAT shows higher

sensitivity to LAI changes in the lower greenness regions than in the higher greenness regions. A

the convergent sensitivity is robust in different climate zones. These results suggest that under

Qmonotonic convergent-shaped pattern for the sensitivity values was determined in this study, and

L
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the background that global greenness increases, the climatic sensitivity is getting weak.

We used ET and albedo to explain the climatic sensitivity changes because they are the
critical factors in altering surface energy budget, which in turn drive the SAT change. Both ET
and albedo exhibit higher sensitivity to LAI changes in low vegetation greenness areas compared
to high vegetation greenness areas. The findings imply that the climatic feedbacks of vegetation
greening to a large extent are dominated by biophysical processes. The high sensitivity of both
ET and albedo to LAI in lower greenness regions could cause large fluctuations in energy
partitioning between the atmosphere and the land surface. It is well known that the proportion of
dissipated energy via ET is truncated in lower greenness regions because of the less availability

of leaf area to enhance transpiration (Brun et al., 1972). Hence, a larger proportion of energy is
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released through the form of sensible heat, which can directly cause surface temperature
changes. Furthermore, without large water vapor from ET, fewer clouds will be formed (Peng et
al., 2014). As a result, inadequate mitigation effects from attenuating sunlight and long-wave
radiation released from clouds may lead to energy deficits in lower greenness regions, which can
result to large fluctuations in temperature. This gives reason for the higher variations in Qh and
Qle in the lower greenness regions compared to higher greenness regions. The findings are
validated by the CoLM simulations that changes in LAI in lower greenness regions have a higher
potential for influencing land surface energy budgets.

As vegetation greenness increased, the extra energy absorbed by vegetation is offset by a
greater latent heat loss. Both Qh and Qle show smaller fluctuations, which in turn contributes to
less variation range in SAT. Besides, both albedo and ET show smaller variations in higher
greenness areas. The biophysical effects (ET-induced cooling versus albedo-induced warming)
present comparable strengths that weaken their net effects, thereby, leading to a stable
temperature status. Therefore, a cooling or warming effect is determined by the relative strength
between ET-induced cooling and albedo-induced warming without consideration of other factors
such as land cover change, land-atmosphere interactions, atmospheric circulation, etc. The result
is consistent with the study of Li et al. (2015) which reported that biophysical effects between
ET and albedo can be offset by each other in forest regions with high greenness between 35°N
and 45°N. Besides, this study is also comparable to the work of Zhao and Jackson (2014) which
indicated that evergreen needle leaf and deciduous broadleaf forests have smaller LST ranges
than adjacent croplands or grasslands across North America. Additionally, Peng et al. (2014) also
determined that planted forests have a smaller magnitude of LST changes than adjacent
croplands or grasslands in China. All these results suggest that vegetation feedbacks have higher
variability in low greenness regions than those in the high greenness regions.

In this study, we conducted an assessment of climatic sensitivity of vegetation changes on
the SAT under different climatological conditions. The background climate conditions determine
the sign (positive and negative) and magnitude of the sensitivity. Increases in LAI contribute a
warming effect in cold regions, such as cold winter dry, cold summer dry, cold humid, and polar
tundra climate zones and a cooling effect in arid regions, such as arid, temperate arid climate
zones. In the arid regions, such as Western America, Central Asia and Western Austria, the

cooling effect with LAI increase can be explained by the changes in the partitioning of surface
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energy simulated by CoLM. The increased LAI leads to a lower Qh and a larger Qle, indicating
that, more energy is dissipated in the form of vapor which can result in a cooling effect.
Nevertheless, the warming effect in the cold regions is confirmed by the partial correlation
analysis that the sensitivity of SAT to LAl is closely related to that of the albedo, than to ET.
This means that the changes of albedo associated with the increase in LAI are a crucial factor in
influencing local climate. Similar findings have also been verified from other studies. For
example, Lee et al. (2011) and Li et al. (2015) indicated that the presence of boreal forests
induces a warming effect because of its lower albedo to absorb more radiation in comparison
with the snow with higher albedo. Our results also show that temperature reduced significantly
along with the snow fraction increase and the snow-induced cooling decreases significantly
along with the LAI increase (Figure S8). It is implied that the LAI increase in boreal zones
contributes to a net energy gain because of a reduction of albedo. And the warming effect is
attributed to the Qh-dominated role in the dissipation of the extra energy, rather than the Qle
because of the universal low temperature in the boreal regions. The results are further confirmed
by the simulations of CoLM that Qh increased as a result of vegetation greening in these areas

and induced a warm effect.

However, the CoLM simulated energy deficits do not agree well with the climatic
sensitivity results in polar tundra and equatorial climate zones. We examined whether the CoLM
realistically simulates the albedo and ET (Figure S9). The comparison indicates that the CoLM
simulated ET is close to GLEAM and MTE ET. The CoLM simulated ET ranges from 168
mm/year to 1079 mm/year, and GLEAM and MTE ET range from 138 mm/year to 1106
mm/year, and 164 mm/year to 1216 mm/year from among different climate zones, respectively.
This comparison indicates that the unsupported climatic sensitivity results from the CoLM
simulated energy budgets could not be attributed to the model ET. In contrast, there is an obvious
underestimation of CoLM simulation of albedo compared to CLARA albedo. Especially in polar
tundra climate zone, the CoLM albedo is only 0.21 which is much lower than the CLARA albedo
0.41. Therefore, the mismatch between CoLM simulated energy deficits and climatic sensitivity
likely resulted from the simulated albedo. In the future, more work for the improvement and

calibration of CoLM albedo are needed.
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5 Conclusions

In this study, we used remote sensing and re-analysis of datasets to access the climatic
feedbacks of vegetation changes under different greenness gradients and climatological
conditions. The potential biophysical mechanism was further investigated by using CoLM
simulations. We conclude that the climatic feedbacks of vegetation to SAT are convergent and
are associated with the increase in vegetation greenness. The findings are confirmed by the
corresponding ET and albedo variations, together with the partitioning of surface energy. It
suggests that the magnitude of climatic feedbacks of vegetation is mainly determined through the
local energy budgets. In addition, the background climate conditions also play a key role in
modulating these feedbacks. Our findings imply that under the background of increasing global
vegetation greenness, the climatic feedbacks are getting weaker. This will be helpful to
improving the understanding of the future climate change.
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Figure 1. Sensitivities of surface air temperature (SAT) to leaf area index (LAI). Spatial map of the

interannual sensitivities of maximum, minimum, and mean daily SAT (Tmax, Tmin, Tmean) to LAI (a-c);
Latitudinal profiles of the sensitivities (d).
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Figure 2. Variations in climatic sensitivities of Tmean associated with LAI. Sensitivity values across
vegetation greenness gradients (a); mean sensitivity values in different climate zones (b). The fitted lines in
this figure are the exponential regression lines.
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Figure 4. The variations of the sensitivities of albedo and ET to LAI changes across LAI gradients (upper
panel), and the partial correlation coefficients between the Tmean sensitivity and the sensitivity of ET/albedo
to LAI (i.e., AET/ALAI, Aalbedo/ALAI) across multiple climate zones (lower panel). The values of AET/ALAI
and Aalbedo/ALAI are rescaled into a range of [-1,1]
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Figure 5. Spatial map of sensitivities of energy fluxes to LAI changes. Net radiation (a), Latent (Qle) (b),
sensible (Qh) (c), and ground heat fluxes (G) (d).
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Figure 6. The difference between the sensitivity of Rnet and Qle to LAI (A(Rnet-Qle)/LAI). The spatial
variations of A(Rnet-Qle)/ALAI (a), the changes of A(Rnet-Qle)/ALAI across LAI gradients (b) and the
A(Rnet-Qle)/ALAI in different climate zones. The solid lines are the exponential regression lines.
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