15 NOVEMBER 2019

ROBERTSON

7611

The Local Biophysical Response to Land-Use Change in HadGEM2-ES
E. ROBERTSON
Met Office Hadley Centre, Exeter, United Kingdom
(Manuscript received 29 October 2018, in final form 2 August 2019)
ABSTRACT
The biophysical response to a local change in land use is calculated using the HadGEM2-ES Earth system
model. The biophysical temperature response is found to be a small residual of three large opposing flux
responses: available energy, sensible heat, and latent heat. Deforestation reduces available energy, which is
balanced by a reduction in heat lost via turbulent fluxes. However, the changes in turbulent heat fluxes are not
simply a response to the reduction in available energy; rather, they are a direct response to land-use change,
caused by reduced roughness length and, in the tropics, an increase in the Bowen ratio. Evaluation against
satellite-derived observational datasets shows that in response to deforestation, the model has too much
albedo-driven cooling and too little latent-heat-driven warming, leading to a large cooling bias.

1. Introduction
Land-use and land-cover changes (LULCC) affect
surface albedo, roughness length, and transpiration,
which in turn alter surface fluxes of energy, momentum,
and moisture (Bonan 2008). The surface flux response to
LULCC can have large impacts on climate (Bonan 1997;
de Noblet-Ducoudré et al. 2012), although there is
substantial model disagreement (Lejeune et al. 2017)
that is often difficult to constrain using observations
(Winckler et al. 2019). Recently, new observational estimates of the impacts of LULCC have been produced
(Li et al. 2015; Alkama and Cescatti 2016; Bright et al.
2017; Duveiller et al. 2018a) and methods of quantifying
model responses to land-use change developed (Kumar
et al. 2013; Malyshev et al. 2015; Winckler et al. 2017).
The new observational datasets and model analysis
methods produce metrics that are directly comparable
and have global coverage, providing a new opportunity
to assess model predictions.
Deforestation increases albedo and this causes surface cooling; in the midlatitudes this mechanism dominates the biophysical response to land-use change and
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historically it is as important as warming caused by increased CO2 concentration in this region (de NobletDucoudré et al. 2012). At higher latitudes, the albedo
mechanism is enhanced because tall vegetation can
mask snow on the ground, while shorter vegetation is
covered by snow (Betts 2000). In the tropics, the dominant mechanism is expected to be reduced evapotranspiration (ET), which causes surface warming (Bonan
2008). Smaller roughness length after deforestation
causes smaller sensible heat fluxes that can dominate the
biophysical response in some regions (Winckler et al.
2017; Bright et al. 2017; Duveiller et al. 2018a). Observational estimates show a more extensive warming response than most general circulation model (GCM)
studies, with deforestation warming not only in the
tropics, but also the midlatitudes and some regions of
the high latitudes (Li et al. 2015; Alkama and Cescatti
2016; Bright et al. 2017; Duveiller et al. 2018a). As well
as latitudinal variations, differences in response between
dry and moist regions are also seen (Winckler et al. 2017;
Alkama and Cescatti 2016).
The effect of land-use change on climate can be difficult to quantify, because other climate forcers (e.g.,
aerosols) can have impacts that are collocated with landuse change, affect the same climate variables, and have
stronger effects than land-use change. The surface flux
responses caused by land-use change can cause climate
responses that are remote from the land-use change
forcing (Zhao et al. 2001; Davies-Barnard et al. 2014a;
Winckler et al. 2019) and this makes it difficult to
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attribute a surface climate response to a specific LULCC
event. These remote responses are scenario specific
(Zhao and Pitman 2002; Davies-Barnard et al. 2014a;
Winckler et al. 2017), that is, the pattern of response
depends on the pattern of LULCC, so it is hard to
generalize a model’s sensitivity to LULCC. Additionally, the remote responses are hard to quantify in observations, for the same reasons they are difficult to
attribute in GCM studies.
There have been many GCM studies that estimate the
impact of land-cover change on climate (see McGuffie
et al. 1995; Pielke et al. 1998; Findell et al. 2006; Pitman
et al. 2009). More recently, a variety of different techniques have been used to isolate the effect of land-use
change in GCM simulations (e.g., Pitman et al. 2009;
Brovkin et al. 2013; Kumar et al. 2013; Malyshev et al.
2015; Andrews et al. 2017; Winckler et al. 2017).
Brovkin et al. (2013) compared simulations with and
without future land-use change and found that climate
response was hard to detect, even at the location of landuse change, because of substantial interannual variability and the lack of regions with near-total land-use
changes.
Kumar et al. (2013) compared grid boxes with and
without land-use change that are near to each other and
so experience the same large-scale climate. Large-scale
climate forcers, such as CO2 concentration and changes
in aerosol distribution, are generally not limited to a
single grid cell in the same way that LULCC can be, so
that when comparing nearby grid boxes with and without LULCC, differences can be attributed to LULCC.
The remote responses to LULCC are expected to act as
large-scale climate forcers by affecting regional climate
as opposed to specific grid boxes remote from the source
LULCC; this means that the methodology neglects the
remote portion of the response. Kumar et al. (2013)
applied this technique to historical and future climate
simulations in which LULCC is inhomogeneous and the
response to LULCC could only be calculated over some
regions.
Winckler et al. (2017) compare paired simulations
with idealized land-cover differences. The paired simulations address the issue of limited coverage by applying
land-cover differences that are distributed uniformly
across the world. The land-cover differences applied are
large—at the selected grid boxes vegetation is either all
trees or all grasses—which provides a stronger signal
than the partial land-cover change seen in realistic scenarios. The large, globally distributed, land-cover
changes produce substantial remote climate responses
that are much greater than would be produced by
a realistic LULCC scenario, but by applying a technique similar to Kumar et al. (2013) they remove the
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remote response leaving only the, scenario-independent,
‘‘local’’ response (see section 2b for more details on
methodology).
The strength of the Winckler et al. (2017) approach
is that it provides global coverage of a scenarioindependent response to land-cover change that is directly comparable to global observational estimates of
the climate response to land-cover change. A number of
new datasets are available that provide observational
estimates of the local response to land-use change: Li
et al. (2015), Alkama and Cescatti (2016), Bright et al.
(2017), and Duveiller et al. (2018a). Each of these datasets
provides extensive spatial coverage allowing comprehensive evaluation of global model output.
Surprisingly, the Hadley Centre Global Environment
Model, version 2, with Earth System configurations
(HadGEM2-ES) cools in response to tropical deforestation (Brovkin et al. 2013). ET is reduced, but the
albedo response is unusually strong, resulting in net
cooling (Davies-Barnard et al. 2014b). The HadGEM2ES response is also unusual in the midlatitudes, with
large increases in both evapotranspiration and albedo,
resulting in a strong cooling (Kumar et al. 2013). In response to historical land-use change, HadGEM2-ES is
unique in predicting year-round cooling in South Asia
(Lejeune et al. 2017) and consistently predicting a global
mean cooling (Winckler et al. 2019). The model’s equilibrium radiative forcing from historical land-use change
is substantially more negative than other estimates,
making it the fourth most important forcing of climate
change in the HadGEM2-ES historical simulations
(Andrews et al. 2017).
HadGEM2-ES’s unusually strong cooling in response
to land-use change makes a significant contribution
to the multimodel spread. The model’s albedo and
ET responses are also found to be outliers but have yet
to be evaluated against observational estimates. The net
cooling response to deforestation produced by the
model is of particular importance, because it falsely
suggests that tropical deforestation will lead to surface
cooling and this could be used as evidence to support
future deforestation.
Here we quantify the mechanisms causing the
HadGEM2-ES temperature response to land-use
change and attribute errors in the temperature response to errors in specific flux responses. We use a
slightly modified version of the Winckler et al. (2017)
methodology to quantify the full energy budget response to land-use change and evaluate it using the Li
et al. (2015) and Duveiller et al. (2018a) datasets. This
is the first estimate of the local response to land-use
change in HadGEM2-ES that has comprehensive spatial
coverage. The increased understanding of the model
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TABLE 1. HadGEM2-ES parameters and variables that describe the biophysical differences between the five plant functional types
(PFTs). The asterisk (*) indicates that the values given are valid when the leaf-area index (LAI) is equal to its maximum. Height is not an
input parameter but is calculated as a function of LAI, using Eqs. (58) and (61) of Clark et al. (2011), and roughness length is proportional
to height.
PFT

Broadleaf tree

Needleleaf tree

Shrub

C3 grass

C4 grass

Maximum LAI
Height (m)*
Roughness length for heat and moisture (m)*
Snow-free albedo*
Snow-covered albedo*
Root depth (m)
Temperature of leaf drop (8C)

9.0
28.1
0.1405
0.143
0.2375
3.0
0.0

5.0
19.0
0.095
0.088
0.2375
1.0
245.0

3.0
2.1
0.021
0.115
0.3800
0.5
245.0

4.0
1.3
0.013
0.192
0.5700
0.5
0.0

4.0
1.3
0.013
0.159
0.5700
0.5
0.0

behavior informs which aspects of the HadGEM2-ES
simulations are useful and potentially helps to constrain
multimodel spread.

2. Methods
a. HadGEM2-ES
HadGEM2-ES is an Earth system model that was
used in phase 5 of the Coupled Model Intercomparison
Project (CMIP5) and includes components representing
the atmosphere, vegetation structure, and surface hydrology (Collins et al. 2011). The model has 38 levels
and a horizontal resolution of 1.8758 longitude 3 1.258
latitude, or approximately 140 km in the midlatitudes
(Martin et al. 2011). The model is forced by concentrations of CO2, surface concentrations of CH4, anthropogenic emissions of aerosols and aerosol precursors,
land-use change, volcanic aerosol emissions, and natural variations in solar irradiance (Jones et al. 2011).
HadGEM2-ES includes a dynamic global vegetation
model (DGVM), which calculates the distribution of
vegetation types in response to changes in climate and
land-use (Cox 2001; Clark et al. 2011; Burton et al. 2019).
Vegetation is represented by five plant functional types
(PFTs), and the distribution of each PFT depends on its
ability to grow under given environmental conditions
(climate, CO2 concentration, soil hydrology) and on
competition for space between PFTs.
Biophysical characteristics of the vegetation vary between PFTs, causing land-cover change to alter the
surface fluxes of energy, momentum, and moisture.
Table 1 provides some of the key parameters that control the biophysical properties of each PFT. Tree PFTs
are tallest, have the highest leaf-area index (LAI) and
the deepest roots, and most effectively mask snow on the
ground (see snow covered albedo in Table 1). Grass
PFTs are the shortest, with the shallowest roots and the
highest albedo. The height of the shrub PFT lies in between that of the tree and grass PFTs, as does its ability

to mask snow on the ground, but the shrub PFT’s snowfree albedo is lower than some trees, its roots are as
shallow as grass’s, and it has the lowest LAI of all PFTs.
The broadleaf tree and two grass PFTs are cold deciduous; leaf turnover becomes very rapid when the
temperature drops below 08C, this affects evapotranspiration and albedo. The roughness length for heat and
moisture is 1/200th vegetation height for tree PFTs and
1/100th vegetation height from the other three PFTs;
however, other model parameters act to ensure that the
tree PFTs always have a larger roughness length than
shrubs and grasses (Clark et al. 2011). Within each grid
box, all PFTs uptake water from a single soil column
with four levels and a maximum depth of 3 m (Best
et al. 2011).
Land use is represented by preventing woody PFTs
from growing in a fraction of each grid box reserved for
agriculture (the ‘‘disturbed fraction’’); within the disturbed fraction, only grass PFTs are allowed to grow
(Burton et al. 2019). The two grass PFTs, C3 grass and
C4 grass, represent natural grasses, crops, and pastures;
the woody PFTs are broadleaf tree, needleleaf tree, and
shrub. When an area of woody PFT is removed by landuse change it is initially replaced by bare soil and until
the grass PFTs have fully colonized the newly available
area. The period of bare soil after land-use change affects the biophysical properties of the grid box including
dust emissions (Andrews et al. 2017). In the case of increases in disturbed fraction, the grass PFTs rapidly
colonize the newly available space, but when disturbed
fraction is reduced, either for natural regrowth or active
afforestation, the simulated rate of colonization by tree
PFTs is much too slow. The problem of slow regrowth of
tree cover will cause errors in the simulation of land-use
change impacts on climate; however, this model error is
outside of the scope of the present study and is avoided
by only using simulations of deforestation (increased
disturbed area). We assume that after the regrowth period, the impact of afforestation will be the inverse of the
impact of deforestation.
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FIG. 1. Disturbed fractions used to force (a) the ensemble of control simulations and (b),(c) the two ensembles of test simulations. Some
grid boxes contain lakes or urban areas, causing the maximum disturbed fraction to be less than 1. The disturbed fraction is modified
globally; only a small region is shown here in order to make the chessboard pattern clear.

b. Experimental design
HadGEM2-ES is run without the ocean component,
instead the atmosphere is forced with time-varying sea
surface temperatures (SSTs), sea ice, and oceanic dimethyl sulfide emissions. These additional forcings are
taken from CMIP5 historical simulations made with the
coupled atmosphere–ocean configuration of HadGEM2-ES.
All other forcings are the same as in the CMIP5 historical simulations (Jones et al. 2011), except for the
land-use forcing, as discussed below. The CMIP5 simulations also provide the initial conditions of the land
and atmosphere. There is an ensemble of four historical
simulations, allowing us to also run a four-member
ensemble. Our simulations run for 30 years, from December 1973 to November 2003.
To quantify the model’s sensitivity to land-use change
we compare simulations with different land-use forcing.
All simulations use time-invariant patterns of disturbed
fraction. The control simulation uses the 1974 disturbed
fraction forcing from the CMIP5. In the test simulations,
the disturbed fraction is increased to 1 in every other
grid box in a chessboard pattern (Fig. 1), while the other
grid boxes maintain the 1974 disturbed fraction. Increasing the disturbed fraction to 1 totally deforests the
grid box.
The total response to land-use change is calculated as
the difference between the chessboard deforestation
simulation (test A) and a simulation with no change in
disturbed fraction (control). For any variable V the total
response is given by
Dtotal V 5 Vtest 2 Vcontrol .

(1)

Grid boxes where the disturbed fraction has changed
experience local and nonlocal responses, while those

with no change in disturbed fraction only experience the
nonlocal response:
Dtotal V 5 Dnon-local V 1 Dlocal V.

(2)

And at grid boxes with no change in disturbed fraction D,
Dlocal V 5 0,

where Dtotal D 5 0,

(3)

so that
Dnon-local V 5 Dtotal V,

where Dtotal D 5 0:

(4)

The nonlocal response at grid boxes experiencing no
land-use change is linearly interpolated to all grid boxes
and then it is subtracted from the total response, leaving
only the local response at grid boxes that do experience
land-use change:
Dlocal V 5 Dtotal V 2 Dnon-local, interpolated V,
Dtotal D 6¼ 0:

where
(5)

The difference in disturbed fraction, DtotalD, does not
necessarily equate to a difference in woody PFT cover,
DtotalW; the implementation of land-use change causes
a transition from a woody, grass, and bare soil mixture
to a grass and bare soil mixture. We address this problem
by dividing the local response by the change in woody
PFT cover, producing a sensitivity to change in woody
PFT cover. At some locations, the change in woody PFT
cover is small, which can lead to very large sensitivities; we arbitrarily remove locations where the change
in woody PFT cover is less than 10% of the grid box.
This means that we do not estimate a response at all
grid boxes. To produce an estimate of the impact of
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and

where
Dtotal D 6¼ 0:

(6)

The experiment is then repeated, with the disturbed
fraction pattern shifted by one grid box (test B; Fig. 1),
allowing us the estimate the local response at the grid
boxes not tested by the first chessboard pattern.
Results presented in this paper are ensemble-mean
local responses to deforestation, Dlocal,deforestationV, that
combine information from all four ensemble members
and both checkboard disturbance patterns; for convenience we drop the subscripts and use the notation DV.
Using prescribing SSTs, instead of the atmosphere–
ocean coupled setup of HadGEM2-ES, is not expected
to alter the results, because the large-scale climate responses that ocean feedbacks can affect, are removed by
the analysis methodology.
Winckler et al. (2017) showed that the estimation of
the local response is independent of the pattern of landuse change used, but that using a chessboard pattern
minimizes errors due to interpolation. The method of
Winckler et al. (2017) includes two interpolation steps:
interpolation of the nonlocal response [Eq. (5)] and interpolation of the local response (DlocalV). Instead of interpolating DlocalV, we repeat the analysis using the alternative
chessboard disturbance pattern (test B) and this removes
some potential errors caused by interpolation.
The main difference between our method and that of
Winckler et al. (2017) is that HadGEM2-ES includes a
DGVM to determine land cover, while Winckler et al.
(2017) forced their model with land cover. Forcing the
model with disturbed fraction instead of land cover
requires an extra analysis step [Eq. (6)] in order to
produce a metric that is directly comparable to the observational estimates.

c. Surface temperature budget
We calculate the local response in surface temperature (Ts), albedo (a), downward shortwave radiation
(RSWdn), downward longwave radiation (RLWdn), latent
heat flux (L), and sensible heat flux (H). Again following
Winckler et al. (2017), we use the energy budget decomposition of Luyssaert et al. (2014) to convert the flux
responses into their impacts on surface temperature.
The Luyssaert et al. (2014) budget includes an available
energy term, which we expand into components due
to changes in a, RSWdn, and RLWdn. The a response is

multiplied by the climatological seasonal cycle of RSWdn
from the control simulations in order to convert it into a
measure of change in the upward shortwave radiation
response. The budget also includes a residual term,
which includes the ground heat flux:
DTs 5 a DRSWdn 1 a DRLWdn 2 aRSWdn Da 2 a DL
2 a DH 2 residual,

(7)

where
21

a 5 (4«sTs3 )

,

(8)

s is the Stefan–Boltzmann constant, and «, the emissivity, has a constant value of 0.97 as in HadGEM2-ES.
We can estimate how much of the latent and sensible
heat flux responses is caused by the reduced available
energy and how much is caused by changes in the efficiency
of the turbulent heat fluxes at removing energy from the
surface. The portion of each upward energy flux response
caused by the change in available energy is estimated as
the local available energy response (DQ) multiplied by the
ratio (e.g., L/Q) of each flux to available energy in the
control simulation [Eq. (9)]. The portion due to changes
in efficiency is calculated as the control simulation available energy Q multiplied by the local response of the ratio
term [e.g., D(L/Q)]. There is also a residual term caused
by both components changing simultaneously:
 
 
L
L
1 DQ
1 residual;
(9)
DL 5 QD
Q
Q
where
Q 5 RSWdn 1 RSWup 1 RLWdn:

(10)

d. Evaluation
HadGEM2-ES is evaluated by calculating zonal-mean
climatological seasonal cycles of biases against the observational estimates of Li et al. (2015) and Duveiller
et al. (2018a). The comparison to the Li et al. (2015)
dataset is straightforward, because estimates are of the
response to deforestation and are provided as a zonalmean climatological seasonal cycle with 18 latitudinal
resolution and monthly time resolution (Li et al. 2016).
The Duveiller et al. (2018a) data estimate the responses to
transitions between six different surface cover types and
are provided on a spatial grid, to evaluate HadGEM2-ES
we compare similar transitions on a spatial grid and then
take a zonal mean.
The Duveiller et al. (2018a) product is provided as a
monthly climatology on a 18 spatial grid (Duveiller et al.
2018b). To compare to HadGEM2-ES, we identify the
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TABLE 2. Vegetation transitions in HadGEM2-ES and Duveiller
et al. (2018a).
HadGEM2-ES transition

Duveiller et al. transition

Broadleaf tree to C3 grass

Evergreen tree to crop
Evergreen tree to grass
Deciduous tree to crop
Deciduous tree to grass
Needleleaf tree to crop
Needleleaf tree to grass
Shrub to crop
Shrub to grass

Needleleaf tree to C3 grass
Shrub to C3 grass

dominant PFT transition within each model grid box
and regrid the observations to the model grid. We exclude grid boxes where the same transition is not present in both model and observations, and we exclude
latitudes with fewer than 10 comparable grid boxes. The
Duveiller et al. (2018a) vegetation classifications are
not identical to our PFTs, but they are similar, Table 2
lists the model and observational transitions that we
compare.
Li et al. (2015) estimate DTs, Da, and daytime and
nighttime DET, and we use the mean of the daytime and
nighttime DET. Duveiller et al. (2018a) estimate DL,
the response of the upward longwave radiation flux
(DRLWup), and the response of the upward shortwave
radiation flux (DRSWup). They assume that downward
radiation fluxes do not respond to land-cover change
and then close the energy budget with a residual term
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that combines responses of H and the ground heat flux
and we use this term to evaluate DH.
Both studies apply a space-for-time approximation to
0.058 Moderate Resolution Imaging Spectroradiometer
(MODIS) data, where differences in surface climate between pixels are attributed to differences in land cover
and used as a proxy for land-cover change. Li et al. (2015)
use data from 2002 to 2013 and Duveiller et al. (2018a)
use data from 2008 to 2012. To close the energy budget,
Duveiller et al. (2018a) also use data from the Clouds and
the Earth’s Radiant Energy System instrument. Surface
temperature and albedo are closely tied to radiation
measurements made by MODIS, but it should be noted
that ET relies on a surface energy balance model and
meteorological reanalysis data (Mu et al. 2011).

3. Results
a. Understanding the model response to deforestation
Deforestation reduces the shortwave radiation absorbed by the surface (Fig. 2). The total turbulent heat flux
is also reduced; however, there is a change in partitioning between the latent and sensible heat fluxes
causing the sensible heat flux to increase in parts of the
tropics (Figs. 2c,d). The shortwave response is largest
in the high latitudes, and the latent heat flux response
largest in the tropics. The sensible heat flux response is
negative at high latitudes and positive in the moist
tropics, while in dry regions it is strongly negative.

FIG. 2. The local response of the surface fluxes of (a) net shortwave radiation (downward positive), (b) net longwave
radiation (downward positive), (c) upward latent heat flux, and (d) upward sensible heat flux.
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FIG. 3. Surface temperature budget of the local response to deforestation in HadGEM2-ES. (a) The local
temperature response and its components due to responses in (b) albedo, (c) latent heat flux, (d) sensible heat flux,
(e) downward radiation fluxes, and (f) the residual term [see Eq. (7)].

The local response of downward longwave radiation is
small (not shown), and the net longwave response is
primarily caused by surface temperature change. In dry
regions, where there is a large reduction in sensible
heat, the surface warms and the longwave response is
negative. Outside of the dry regions, the surface cools
and the longwave response is positive.
The energy budget responses are converted into surface
temperate budget responses using Eq. (7). The net surface
temperature response is a balance of three large, opposing,
flux responses (Fig. 3). The residual term is small (Fig. 3f).
Radiative cooling dominates the high-latitude response as
expected, and it also dominates the midlatitude response.
Sensible heat flux dominates in some drier areas of the
midlatitudes and tropics. In the tropics, warming caused by
the latent heat flux response is often greater than the
albedo-driven cooling, as expected; however, the increase
in the sensible heat flux results in a net cooling in the tropics.
Deforestation increases albedo everywhere, but the
effect is much stronger at higher latitudes where
removing taller vegetation unmasks snow (Fig. 3b). The

albedo response is strongest for the transition from
needleleaf tree, which has the lowest albedo of all PFTs
and most effectively masks snow on the ground because
it is evergreen (Table 1). In the far north, reduced insolation limits the effect of albedo changes on temperature. At high latitudes an increase in downward shortwave
radiation has a warming effect (Fig. 3e), but it is not
large enough to change the net temperature response
(see the online supplemental material). The latent heat
flux response causes warming everywhere, but the
sensible heat flux response is mixed, causing warming in
some locations and cooling in others (Fig. 3d). At high
latitudes, the sensible heat flux is reduced, warming the
surface and acting as the main process countering the
albedo-driven cooling. In the moist tropics, the sensible
heat flux is increased, cooling the surface; although the
magnitude of the response is small, it is enough to
ensure a net cooling in the moist tropics (Fig. 3a). In
drier regions, there is a strong reduction in sensible heat
flux resulting in a substantial net warming despite the
albedo response.

Unauthenticated | Downloaded 01/09/23 03:05 AM UTC

7618

JOURNAL OF CLIMATE

VOLUME 32

FIG. 4. Changes in surface energy loss fluxes, due to changes in available energy and changes in partitioning between fluxes. Three
energy loss fluxes are shown: (top) latent heat, (middle) sensible heat, and (bottom) upward longwave radiation. For each loss flux the
(a),(e),(i) total change is shown along with the components due to (b),(f),(j) changes in available energy and (c),(g),(k) changes in
partitioning, along with (d),(h),(l) a residual term as described by Eq. (9).

We find that changes in the efficiencies of the turbulent fluxes explain almost the entire pattern of the
total responses of each turbulent flux (Fig. 4), with the
other terms in Eq. (9) being small. Only a small fraction
of available energy is used to drive the turbulent fluxes
(L/Q 5 0.12, H/Q 5 0.05), with the majority being
used to produce the upward longwave radiation flux
(RLWup/Q 5 0.83). The reduction in available energy
therefore translates to small drops in the turbulent
fluxes and a large reduction in RLWup. For the turbulent
fluxes, changes in the fraction of available energy used
to drive each loss flux, is much more important. The
fraction of available energy used for RLWup increases
and the fraction used for turbulent fluxes decreases;
this suggests that the reduction in roughness length
caused by deforestation is of leading order importance
in determining the surface temperature response. In
the tropics, the fraction of energy lost as sensible heat
increases despite the reduced roughness length and
must be caused by the reduction in latent heat flux. The
reduction in latent heat flux is not only caused by reduced roughness length and is partly due to some other
mechanism.
Figure 5 shows evidence of three important plant
physiology factors. Roughness length (Fig. 5a) is reduced everywhere, which will cause lower turbulent
fluxes. Gross primary productivity (GPP) is tightly
linked to transpiration. In HadGEM2-ES converting
tropical forest to grassland actually increases GPP
(Fig. 5b), which must act to increase the latent heat

flux. While there is no net increase in latent heat flux
the GPP response pattern is consistent with the latent
heat flux response pattern, for example, the lower latent
heat response seen in the Amazon compared to other
regions of South America (Fig. 2c). Transpiration is also
linked to plant-available water, and trees have deeper
roots that can access more soil moisture. Deforestation
results in increased deep soil moisture (Fig. 5d), because
it can no longer be extracted by vegetation, but reduced
surface soil moisture that is now in greater demand
by vegetation (Fig. 5c). The larger reduction in latent
heat flux seen in the tropics may be caused by change
in soil moisture, or by atmospheric feedbacks; however, we have been unable to identify the mechanism
responsible.

b. Evaluating the model response to deforestation
Figure 6 shows the comparison with the Li et al. (2015)
dataset. The seasonality and magnitude of the surface
temperature response is captured outside of a broad
equatorial band (Figs. 6d–f). Within the equatorial band
(208S–208N), the observations show a strong warming,
while the model has a very weak temperature response.
HadGEM2-ES captures the seasonality of the large
high-latitude albedo response (Figs. 6a–c). The winter
response is too strong, suggesting misrepresentation
of snow–vegetation interactions. Near the equator,
HadGEM2-ES predicts too large an albedo response
and south of this, the response is too weak. To allow
comparison with the turbulent flux evaluation below, we
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FIG. 5. The local responses in (a) roughness length (m), (b) gross primary productivity (GPP; kg m22 yr21),
(c) surface soil moisture (kg m22), and (d) deep soil moisture (kg m22). Surface soil moisture represents the top soil
level (0.0–0.225-m depth), and deep soil moisture represents the lowest soil level (1.325–3.0-m depth).

estimate the error in DRSWup by scaling the Da error by
RSWdn from the control simulations (Fig. 7). We find
biases of about 5 W m22 north of 108S and biases of
about 22 W m22 to the south. Larger biases are seen in
high-latitude spring, but the winter albedo error is not
apparent due to low insolation at this time.
HadGEM2-ES agrees with observations that deforestation reduces ET, but the model underestimates
the magnitude of response and does not capture the
correct variability with latitude and season (Figs. 6g–i).
At high latitudes, the seasonality of response is in antiphase, with HadGEM2-ES predicting increased summer
ET after deforestation when the observations show a
strong reduction. The observed ET response is largest in
the tropics; here HadGEM2-ES underestimates the ET
reduction throughout the year.
Compared to the Duveiller et al. (2018a) dataset, the
model captures the seasonality of the net radiation response DRn at high latitudes (.408N), with a strong reduction during the snowy and well-lit spring months.
However, the magnitude of the reduction is overestimated
(Figs. 8a–i), consistent with the positive Da bias (Fig. 6c).
When snow is not present, at high latitudes during the
summer and low latitudes throughout the year, the
model underestimates the reduction in net radiation
(Figs. 8d–l). This is consistent with the negative DTs bias
(Fig. 6f) causing too small an increase in RLWup.
In snowy conditions (October–April, north of 408N),
deforestation is predicted to greatly reduce the latent
heat flux, which is not observed. While in summer
at high latitudes a small increase in latent heat flux is

predicted, when the observations show either no response (Figs. 9b,e) or a strong reduction (Fig. 9h). At
lower latitudes, both model and observations show a
reduced latent heat flux, but here the model underestimates the response and fails to capture its seasonality
(Figs. 9g–l) or latitudinal variation (Figs. 9j–l).
At high latitudes, there is an observed reduction
in sensible heat flux in response to deforestation and
HadGEM2-ES captures this response (Figs. 10a–f). At
low latitudes, the model fails to capture the seasonality
of response, resulting in large negative/positive biases in
the northern/southern tropics during May–September
(Figs. 10g–i). South of about 158S, a year round increase
in sensible heat flux is observed but not simulated
(Figs. 10j–l).
HadGEM2-ES predicts reductions in downward radiation fluxes, but the Duveiller et al. dataset assumes
that these terms do not respond to land-use change. We
test the significance of these terms by removing their
effects on surface temperature and net radiation and find
no qualitative difference in the results of the evaluation
(Figs. S2 and S3 in the online supplemental material).
We summarize the model evaluation by considering
four latitude bands, and Tables S1–S4 in the supplemental material show biases averaged over each band.
North of 408N, albedo-driven cooling is damped by a
reduced sensible heat flux resulting in a net cooling; the
model captures magnitude and seasonality of this response well, but over estimates the albedo-driven cooling
throughout the year (model mean 20.60 K, bias 20.48 K;
Table S1).
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FIG. 6. Time–latitude comparison of the response to deforestation in
HadGEM2-ES and the Li et al. (2015) dataset. (a)–(c) Albedo, (d)–(f) surface temperature, and (g)–(i) evapotranspiration. Shown are (left) the
HadGEM2-ES response, which is the local response per tree cover change,
DV, as described in the methods section; (center) the Li et al. (2015) data;
and (right) the model 2 observation difference.
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FIG. 7. Error in upward shortwave radiation response estimated
from comparison to the albedo response in the Li et al. (2015)
dataset.

Between 108 and 408N a strong reduction in evapotranspiration is observed, but not captured by the model
and it seems likely that this is responsible for the model
also failing to capture the strong warming observed
(model mean 10.57 K, bias 20.57 K; Table S2). An overestimation of the albedo response also contributes to the
underestimation of the warming response.
Between 108S and 108N the model predicts cooling
when a large warming is observed (model mean 20.08 K,
bias 23.01 K; Table S3). The error is caused by errors in
both the radiative and turbulent responses. The overestimation of the albedo response causes a large increase
in upward shortwave radiation and an anomalous increase in sensible heat flux also has a large cooling effect.
The role of the latent heat flux response remains unclear,
with differing results from the comparisons to the two
observational datasets.
South of 108S the observed warming is underestimated
because DL is too small (model mean 10.50 K, bias
20.92 K; Table S4). Generally, the albedo response is
overestimated everywhere and the turbulent responses
are underestimated south of 408N (Tables S2–S4), but
overestimated north of 408N (Table S1).

4. Discussion
Previous studies have found that HadGEM2-ES produces a strong cooling response to deforestation; here

7621

we have found that the local component of the temperature response is also a cooling in most regions.
Deforestation of the moist tropics causes cooling,
which is inconsistent with other models and with observational estimates. The Max Planck Institute Earth
System Model (MPI-ESM) was also found to substantially underestimate the tropical warming response
(Winckler et al. 2017); however, the error in the sign
of HadGEM2-ES’s temperature response makes it
much more significant. The prediction of a biophysical
cooling response to tropical deforestation could be
used to support arguments for more deforestation,
when in reality tropical deforestation will have a detrimental effect on local climate. The result that in
HadGEM2-ES the local component of the temperature response greatly underestimates tropical warming
confirms that there are errors in the representation of
surface processes and not only in large-scale feedbacks.
This narrows the investigation into the mechanisms at
fault and focuses the development of a solution.
The albedo responses of HadGEM2-ES is broadly
consistent with observational estimates and other
modeling studies: deforestation increases albedo everywhere with larger changes at high latitudes than in
the tropics. Multimodel studies predict smaller reductions in available energy (de Noblet-Ducoudré et al.
2012; Brovkin et al. 2013) and smaller increases in albedo (Lejeune et al. 2017) than we find, probably because they impose less deforestation than is used here.
GCM simulations of total deforestation predict tropical
mean albedo increases of up to 0.028 and high-latitude
mean increases of up to 0.130 (Deveraju et al. 2018),
HadGEM2-ES has stronger albedo responses of 0.033
and 0.144, respectively. Previous studies have found that
the albedo response to land-use change is larger in
HadGEM2-ES than in other models (Davies-Barnard
et al. 2014b; Kumar et al. 2013) and have identified this
as a reason for the model’s unusually strong cooling
response. Our evaluation against the Li et al. (2015)
dataset supports this hypothesis. The RSWup error is the
dominant reason for the overestimation of high-latitude
cooling and is also a major cause of the tropical temperature error. Our comparison of the RSWup, L, and H
errors is not entirely fair because of different sets of grid
boxes are used to compare to different datasets. In
particular, the model produces different responses in dry
and moist regions and the mixture of dry and moist regions sampled may change the zonal-mean biases. A
further consideration is that our RSWup error relies on
the model simulation of RSWdn and may be caused by
biases in RSWdn as well as in albedo.
Andrews et al. (2017) showed that the radiative forcing concept can be used to explain the temperature
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FIG. 8. Time–latitude comparison of net radiation response (DRn) to deforestation in HadGEM2-ES and in the Duveiller et al. (2018a)
dataset. Transitions are (a)–(c) from shrub to grass, (d)–(f) from needleleaf tree to crop, (g)–(i) from deciduous tree to crop, and (j)–(l)
from evergreen tree to crop. Shown are (left) the HadGEM2-ES response, which is the local response per tree cover change, DV, as
described in the methods section; (center) the Duveiller et al. data, and (right) the model 2 observation difference.

response to historical land-use change in HadGEM2ES. Our results show that while the net temperature
response may be correlated with changes in shortwave
radiation, the nonradiative fluxes are also of leadingorder importance. When land-use change occurs outside
of the midlatitudes, the correlation between radiative
response and temperature breaks down, as Andrews
et al. (2017) speculated. Over most of the world, deforestation is observed to increase albedo but to also
increase temperature, therefore the turbulent flux response must be the dominant process determining
the temperature response to land-use change. The
HadGEM2-ES results are consistent with the observational evidence for a large turbulent flux response;
however, the magnitude of the response is too small in
the model.
The turbulent flux responses are not simply a feedback on the reduction in available energy caused by the
albedo response; turbulent fluxes are reduced because
of a reduction in roughness length and in the tropics,
there is also a change in the Bowen ratio (ratio of H to L;

Bonan 2008). Devaraju et al. (2018) find that, before
atmospheric feedbacks are included, reduced roughness
length is the dominant mechanism of response to deforestation in most models. Davin and de NobletDucoudré (2010) simulated global deforestation in the
L’Institut Pierre-Simon Laplace (IPSL) climate model
and found that reduced roughness length was the most
important process countering albedo-driven cooling.
Changes in Bowen ratio were important in some places
and did dominate in some tropical forest regions, which
is consistent with the HadGEM2-ES results. Reductions
in roughness length in HadGEM2-ES (Fig. 5a) are
similar to those in the IPSL climate model (from 21.0
to 21.5 m in the tropics and from 20.1 to 21.0 m in the
midlatitudes), but smaller than those observed at paired
sites (from 20.96 to 23.16 m; Luyssaert et al. 2014).
Increasing the change in roughness length in line with
Luyssaert et al. (2014) would cause a larger warming
response and smaller temperature errors.
Brovkin et al. (2013) report that HadGEM2-ES has a
relatively strong latent heat response in South America,
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FIG. 9. As in Fig. 6, but for latent heat flux (L).

although it is not an outlier in this respect. Duveiller
et al. (2018a) find DL can be as large as 230 W m22 in
the tropics and is generally less than 210 W m22 in the
midlatitudes. HadGEM2-ES also produces a larger
DL in the tropics than in the midlatitudes, but it underestimates the magnitude of variation. Generally, DL
is underestimated and this is the dominant cause of the
temperature error in the midlatitudes. In the tropics, the
two observational datasets produce different conclusions, DET is greatly underestimated, but the error in DL
is relatively small. This difference may be caused by the
different subsets of grid boxes used in each evaluation.
The change in partitioning between L and H in response to land-use change varies a lot between GCMs
(Lejeune et al. 2017; de Noblet-Ducoudré et al. 2012). In
HadGEM2-ES, the change in H is as important as the
change in L. The sensible heat flux can increase or decrease in response to deforestation: smaller roughness
length causes reductions in sensible heat flux and lower
surface resistance to moisture transport causes increases
in sensible heat flux. Malyshev et al. (2015) also find a
mixed sign of DH in the Geophysical Fluid Dynamics
Laboratory Earth System Model. At high latitudes, the
Duveiller et al. (2018a) dataset supports the reduction in

sensible heat flux seen in HadGEM2-ES. There is some
observational evidence of an increase in H at lower
latitudes that counteracts the strong reductions in L
(Figs. 9k and 10k, south of 158S), although not over
such a large area as in the model (Figs. 2c,d). Luyssaert
et al. (2014) found that warming due to a reduction in H
was the dominant mechanism in the midlatitudes, but in
HadGEM2-ES the H reduction is not large enough to
overcome the albedo-driven cooling. The largest reduction in H is seen in dry regions, where the initial H is
large and it causes a strong warming response. A large
DH was also responsible for the strong warming of arid
regions in MPI-ESM (Winckler et al. 2017) and other
studies have also found the strongest warming in response to deforestation happens in dry regions (Alkama
and Cescatti 2016; Bright et al. 2017).
Comparing to the results of Winckler et al. (2017)
shows that HadGEM2-ES is behaving quite differently
from MPI-ESM. First, MPI-ESM produces a warming
throughout the tropics, while HadGEM2-ES does not;
second, the mechanisms causing the temperature response differ. At most latitudes, MPI-ESM has opposing
changes in L and H, which suggest that roughness length
is not the primary mechanism, while in HadGEM2-ES,

Unauthenticated | Downloaded 01/09/23 03:05 AM UTC

7624

JOURNAL OF CLIMATE

VOLUME 32

FIG. 10. As in Fig. 6, but for sensible heat flux (H).

both turbulent fluxes are reduced, which is consistent
with reduced roughness length. The two models are
structurally different in their implementation of vegetation dynamics and land-use change (Clark et al. 2011;
Reick et al. 2013); however, the idealized simulations
used here and in Winckler et al. (2017) remove these
differences. There are no processes included in only one
of the models that would obviously cause a different
biophysical response to land-use change.
In both the HadGEM2-ES predictions and the observational datasets, the local responses are produced by
changes in surface properties and atmospheric feedbacks. The inclusion of atmosphere feedbacks in the
model should provide a fairer comparison to the observations than methods that do not allow for feedbacks
in response to land-use change (e.g., Meier et al. 2018;
Duveiller et al. 2018c; Malyshev et al. 2015). However,
the lower spatial resolution of HadGEM2-ES, compared to the satellite data, may result in different atmospheric feedbacks being present (Pielke et al. 1998).
HadGEM2-ES has a resolution of about 140 km, while
the satellite data are used at a 5.5-km resolution. The
mechanisms of feedback between the surface and
the bulk properties of the boundary layer are similar at

both scales, because neither scale resolves turbulent
eddies. The representation of convection and clouds in
HadGEM2-ES is not appropriate for estimating feedbacks at the 5.5-km scale, and so these feedback mechanisms may not be comparable in the model and
observational data (Prein et al. 2015). Cloud feedbacks
will affect the response of downward radiation fluxes: we
have quantified these responses in the model and found
that they do not qualitatively affect our results.
In GCM simulations of realistic scenarios, differences
in the implementation of land-use change between
models has been identified as a major reason for the
large spread in the climate responses to land-use change.
For example, for a given scenario, models will produce
not only a different sensitivity to tree cover change but
also different amounts of tree cover change (Pitman
et al. 2009). The idealized simulations we use avoid some
of the model-specific implementation practices; because
we apply a total deforestation, tree cover change is less
sensitive to the order in which natural PFTs are removed, or to the choice of gross or net transitions
(Wilkenskjeld et al. 2014). These implementation
methods can still influence our result, because they affect the historical simulation from which we take our
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initial conditions. HadGEM2-ES uses a DGVM to determine vegetation distribution. The extent of tree cover
simulated is not important because we calculate a sensitivity to change in tree cover. However, the specific
grass and woody PFTs simulated are still a source of
intermodel differences. The most important difference
from other models implementation of land-use change is
probably the lack of land management and crop-specific
physiology. Representation crop physiology and management will affect the annual mean and seasonality of
the response to deforestation by affecting roughness,
ET, and albedo (Bonan 2008; Lobell and Bonfils 2008;
Mahmood et al. 2008; Erb et al. 2017; Malyshev et al.
2015; de Noblet-Ducoudré et al. 2012). Wood harvest
affects forest biophysics and so alters the response to
deforestation; wood harvest can reduce albedo and ET
and ultimately have as large a temperature effect as
deforestation (Erb et al. 2017; Luyssaert et al. 2014).
The model overestimates the albedo response causing
too small a warming response and to reduce this error
the difference between the PFT’s albedo parameters
should be reduced. An evaluation of the control simulations would indicate whether grasses are too bright or
trees too dark. Where there is no snow, the latent heat
flux response is usually underestimated, partly because
grass GPP is too high. Meier et al. (2018) found the
Community Land Model also underestimated the latent
heat flux response to deforestation, they increased DL
by altering the productivity of different PFTs and how
each accesses soil moisture. It seems likely that the same
solutions would work in HadGEM2-ES. Once albedo
and ET are improved, the more complex problems of
snow interactions and partitioning between L and H
could be addressed. The albedo impacts of vegetation
masking snow can simply be tuned (see Table 1), but
a more thorough approach would also evaluate the
background snow distribution and its seasonality. The
two turbulent fluxes could be simultaneously tuned by
varying the stomatal resistance, as described above, and
by varying the sensitivity of turbulent transport to vegetation height. With any development of a GCM, there
are likely to be impacts on the broader system, not just
on its response to land-use change, and a balance must
be found between improving one process to the detriment of another.

5. Conclusions
HadGEM2-ES is an outlier among CMIP5 models
because of its cooling response to deforestation. Our
evaluation confirms that this response is unrealistic and
shows it is caused by both too strong an albedo response
and too weak an ET response. The weak ET response

means that HadGEM2-ES will continue to predict too
much cooling under future scenarios, even if land-use
change occurs in the tropics or snow cover is reduced due
to climate change. The model includes the same mechanisms of response as other models, but gets the relative
magnitudes of the mechanisms wrong. This means that
the changes in the strengths of the mechanisms under
future climates may still be informative and that the
model may not require a great deal of development in
order to correct its temperature response. The analysis
provided a useful global evaluation of the representation
of land-use change, but it would be improved by including
smaller scales (regional, seasonal, and diurnal) and by the
availability of an observational estimate of the shortwave
response. The analysis should be repeated for the CMIP6
model U.K. Earth System Model, version 1 (UKESM1),
the successor to HadGEM2-ES. While no developments
to UKESM1 were aimed at modifying its biophysical
response to land-use change, UKESM1 does include a
number of developments that may alter the response,
such as new set of PFTs (Harper et al. 2016), a new snow
scheme (Walters et al. 2019), and adjustments to the
masking of snow by vegetation (Sellar et al. 2019, manuscript submitted to J. Adv. Model. Earth Syst.).
Acknowledgments. I thank K. Halladay, A. Wiltshire,
and C. Jones for their advice. This work was supported by
the European Commission FP7 LUC4C project (http://
luc4c.eu; Grant 603542) and the Met Office Hadley
Centre Climate Programme funded by BEIS and Defra.
References
Alkama, R., and A. Cescatti, 2016: Biophysical climate impacts of
recent changes in global forest cover. Science, 351, 600–604,
https://doi.org/10.1126/science.aac8083.
Andrews, T., R. A. Betts, B. B. B. Booth, C. D. Jones, and G. S.
Jones, 2017: Effective radiative forcing from historical land
use change. Climate Dyn., 48, 3489, https://doi.org/10.1007/
s00382-016-3280-7.
Best, M. J., and Coauthors, 2011: The Joint UK Land Environment
Simulator (JULES), model description—Part 1: Energy and
water fluxes. Geosci. Model Dev., 4, 677–699, https://doi.org/
10.5194/gmd-4-677-2011.
Betts, R. A., 2000: Offset of the potential carbon sink from boreal
forestation by decreases in surface albedo. Nature, 408, 187–
190, https://doi.org/10.1038/35041545.
Bonan, G. B., 1997: Effects of land use on the climate of the United
States. Climatic Change, 37, 449–486, https://doi.org/10.1023/
A:1005305708775.
——, 2008: Forests and climate change: Forcings, feedbacks, and
the climate benefits of forests. Science, 320, 1444–1449, https://
doi.org/10.1126/science.1155121.
Bright, R. M., E. Davin, T. O’Halloran, J. Pongratz, K. Zhao, and
A. Cescatti, 2017: Local temperature response to land cover
and management change driven by non-radiative processes.
Nat. Climate Change, 7, 296–302, https://doi.org/10.1038/
nclimate3250.

Unauthenticated | Downloaded 01/09/23 03:05 AM UTC

7626

JOURNAL OF CLIMATE

Brovkin, V., and Coauthors, 2013: Effect of anthropogenic landuse and land-cover changes on climate and land carbon
storage in CMIP5 projections for the twenty-first century.
J. Climate, 26, 6859–6881, https://doi.org/10.1175/JCLI-D-1200623.1.
Burton, C., and Coauthors, 2019: Representation of fire, land-use
change and vegetation dynamics in the Joint UK Land Environment Simulator vn4.9 (JULES). Geosci. Model Dev., 12,
179–193, https://doi.org/10.5194/gmd-12-179-2019.
Clark, D., and Coauthors, 2011: The Joint UK Land Environment
Simulator (JULES), model description—Part 2: Carbon fluxes
and vegetation dynamics. Geosci. Model Dev., 4, 701–722,
https://doi.org/10.5194/gmd-4-701-2011.
Collins, W. J., and Coauthors, 2011: Development and evaluation
of an Earth system model—HadGEM2. Geosci. Model Dev.,
4, 1051–1075, https://doi.org/10.5194/gmd-4-1051-2011.
Cox, P. M., 2001: Description of the ‘‘TRIFFID’’ dynamic global
vegetation model. Met Office Hadley Centre Tech. Note 24, 16 pp.
Davies-Barnard, T., P. J. Valdes, J. S. Singarayer, and C. D. Jones,
2014a: Full effects of land use change in the representative
concentration pathways. Environ. Res. Lett., 9, 114014, https://
doi.org/10.1088/1748-9326/9/11/114014.
——, ——, ——, and ——, 2014b: Climatic impacts of land-use
change due to crop yield increases and a universal carbon tax
from a scenario model. J. Climate, 27, 1413–1424, https://
doi.org/10.1175/JCLI-D-13-00154.1.
Davin, E. L., and N. de Noblet-Ducoudré, 2010: Climatic impact
of global-scale deforestation: radiative versus nonradiative
processes. J. Climate, 23, 97–112, https://doi.org/10.1175/
2009JCLI3102.1.
de Noblet-Ducoudré, N., and Coauthors, 2012: Determining robust
impacts of land-use-induced land cover changes on surface
climate over North America and Eurasia: Results from the
first set of LUCID experiments. J. Climate, 25, 3261–3281,
https://doi.org/10.1175/JCLI-D-11-00338.1.
Devaraju, N., N. de Noblet-Ducoudré, B. Quesada, and G. Bala,
2018: Quantifying the relative importance of direct and indirect biophysical effects of deforestation on surface temperature and teleconnections. J. Climate, 31, 3811–3829, https://
doi.org/10.1175/JCLI-D-17-0563.1.
Duveiller, G., J. Hooker, and A. Cescatti, 2018a: The mark of
vegetation change on Earth’s surface energy balance. Nat.
Commun., 9, 679, https://doi.org/10.1038/s41467-017-02810-8.
——, and Coauthors, 2018b: Biophysical effects of vegetation cover change from satellite and models (Version 1.0).
Zenodo, accessed 9 March 2018, http://doi.org/10.5281/
zenodo.1182145.
——, and Coauthors, 2018c: Biophysics and vegetation cover
change: a process-based evaluation framework for confronting
land surface models with satellite observations. Earth Syst. Sci.
Data, 10, 1265–1279, https://doi.org/10.5194/essd-10-1265-2018.
Erb, K., and Coauthors, 2017: Land management: Data availability
and process understanding for global change studies. Global
Change Biol., 23, 512–533, https://doi.org/10.1111/gcb.13443.
Findell, K. L., T. R. Knutson, and P. C. Milly, 2006: Weak simulated extratropical responses to complete tropical deforestation. J. Climate, 19, 2835–2850, https://doi.org/10.1175/
JCLI3737.1.
Harper, A. B., and Coauthors, 2016: Improved representation of
plant functional types and physiology in the Joint UK Land
Environment Simulator (JULES v4.2) using plant trait information. Geosci. Model Dev., 9, 2415–2440, https://doi.org/
10.5194/gmd-9-2415-2016.

VOLUME 32

Jones, C. D., and Coauthors, 2011: The HadGEM2-ES implementation of CMIP5 centennial simulations. Geosci. Model
Dev., 4, 543–570, https://doi.org/10.5194/gmd-4-543-2011.
Kumar, S., P. A. Dirmeyer, V. Merwade, T. DelSole, J. M.
Adams, and D. Niyogi, 2013: Land use/cover change impacts
in CMIP5 climate simulations: A new methodology and 21st
century challenges. J. Geophys. Res., 118, 6337–6353, https://
doi.org/10.1002/JGRD.50463.
Lejeune, Q., S. I. Seneviratne, and E. L. Davin, 2017: Historical landcover change impacts on climate: Comparative assessment of
LUCID and CMIP5 multimodel experiments. J. Climate, 30,
1439–1459, https://doi.org/10.1175/JCLI-D-16-0213.1.
Li, Y., M. Zhao, S. Motesharrei, Q. Mu, E. Kalnay, and S. Li, 2015: Local
cooling and warming effects of forests based on satellite observations. Nat. Commun., 6, 6603, https://doi.org/10.1038/ncomms7603.
——, Zhao, M., Motesharrei, S., Mu, Q., Kalnay, E., and S. Li,
2016: Dataset for paper ‘‘Local cooling and warming effects of
forest based on satellite data.’’ Figshare, accessed 12 March
2018, https://doi.org/10.6084/m9.figshare.2445310.v1.
Lobell, D. B., and C. Bonfils, 2008: The effect of irrigation on regional temperatures: a spatial and temporal analysis of trends
in California, 1934–2002. J. Climate, 21, 2063–2071, https://
doi.org/10.1175/2007JCLI1755.1.
Luyssaert, S., and Coauthors, 2014: Land management and landcover change have impacts of similar magnitude on surface
temperature. Nat. Climate Change, 4, 389–393, https://doi.org/
10.1038/nclimate2196.
Mahmood, R., K. G. Hubbard, R. D. Leeper, and S. A. Foster,
2008: Increase in near-surface atmospheric moisture content
due to land use changes: Evidence from the observed dewpoint temperature data. Mon. Wea. Rev., 136, 1554–1561,
https://doi.org/10.1175/2007MWR2040.1.
Malyshev, S., E. Shevliakova, R. J. Stouffer, and S. W. Pacala, 2015:
Contrasting local versus regional effects of land-use-changeinduced heterogeneity on historical climate: Analysis with the
GFDL Earth system model. J. Climate, 28, 5448–5469, https://
doi.org/10.1175/JCLI-D-14-00586.1.
Martin, G. M., and Coauthors, 2011: The HadGEM2 family of Met
Office Unified Model climate configurations. Geosci. Model
Dev., 4, 723–757, https://doi.org/10.5194/gmd-4-723-2011.
McGuffie, K., A. Henderson-Sellers, H. Zhang, T. B. Durbidge,
and A. J. Pitman, 1995: Global climate sensitivity to tropical
deforestation. Global Planet. Change, 10, 97–128, https://
doi.org/10.1016/0921-8181(94)00022-6.
Meier, R., and Coauthors, 2018: Evaluating and improving
the Community Land Model’s sensitivity to land cover.
Biogeosciences, 15, 4731–4757, https://doi.org/10.5194/bg15-4731-2018.
Mu, Q., M. Zhao, and S. W. Running, 2011: Improvements to a
MODIS global terrestrial evapotranspiration algorithm. Remote Sens. Environ., 115, 1781–1800, https://doi.org/10.1016/
j.rse.2011.02.019.
Pielke, R. A., R. Avissar, M. Raupach, A. J. Dolman, X. Zeng, and
A. S. Denning, 1998: Interactions between the atmosphere
and terrestrial ecosystems: Influence on weather and climate.
Global Change Biol., 4, 461–475, https://doi.org/10.1046/
j.1365-2486.1998.t01-1-00176.x.
Pitman, A. J., and Coauthors, 2009: Uncertainties in climate responses to past land cover change: First results from the
LUCID intercomparison study. Geophys. Res. Lett., 36, L14814,
https://doi.org/10.1029/2009GL039076.
Prein, A. F., and Coauthors, 2015: A review on regional convectionpermitting climate modeling: Demonstrations, prospects,

Unauthenticated | Downloaded 01/09/23 03:05 AM UTC

15 NOVEMBER 2019

ROBERTSON

and challenges. Rev. Geophys., 53, 323–361, https://doi.org/
10.1002/2014RG000475.
Reick, C. H., T. Raddatz, V. Brovkin, and V. Gayler, 2013: Representation of natural and anthropogenic land cover change in
MPI-ESM. J. Adv. Model. Earth Syst., 5, 459–482, https://
doi.org/10.1002/jame.20022.
Walters, D., and Coauthors, 2019: The Met Office Unified Model
global atmosphere 7.0/7.1 and JULES global land 7.0 configurations. Geosci. Model Dev., 12, 1909–1963, https://doi.org/
10.5194/gmd-12-1909-2019.
Wilkenskjeld, S., S. Kloster, J. Pongratz, T. Raddatz, and C. H.
Reick, 2014: Comparing the influence of net and gross
anthropogenic land-use and land-cover changes on the carbon
cycle in the MPI-ESM. Biogeosciences, 11, 4817–4828, https://
doi.org/10.5194/bg-11-4817-2014.

7627

Winckler, J., C. H. Reick, and J. Pongratz, 2017: Robust identification of local biogeophysical effects of land-cover change in a
global climate model. J. Climate, 30, 1159–1176, https://
doi.org/10.1175/JCLI-D-16-0067.1.
——, Q. Lejeune, C. H. Reick, and J. Pongratz, 2019: Nonlocal
effects dominate the global mean surface temperature
response to the biogeophysical effects of deforestation.
Geophys. Res. Lett., 46, 745–755, https://doi.org/10.1029/
2018GL080211.
Zhao, M., and A. J. Pitman, 2002: The regional scale impact of land
cover change simulated with a climate model. Int. J. Climatol.,
22, 271–290, https://doi.org/10.1002/joc.727.
——, A. Pitman, and T. Chase, 2001: The impact of land cover
change on the atmospheric circulation. Climate Dyn., 17, 467–
477, https://doi.org/10.1007/PL00013740.

Unauthenticated | Downloaded 01/09/23 03:05 AM UTC

