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 A B S T R A C T

Land-cover change (LCC) is an important driver of climate change through carbon emissions (biochemical 
effects), but also through changes in the surface energy balance (biophysical effects). Quantifying magnitude 
and sign of surface temperature responses to biophysical effects is still challenging and under debate. We 
develop a new semi-empirical model based on a linearized surface energy balance for biophysical and an 
empirical model for the biochemical responses to LCC. Neglecting indirect effects, we find average global 
direct biophysical and biochemical warmings in response to a stylized deforestation scenario (1.22 K and 0.50 
K) and historical LCC (0.42 K and 0.15 K), whereas an afforestation experiment leads to cooling (−1.95 K and 
−0.96 K). Our results underline the non-negligible impact of biophysical effects, especially non-radiative effects, 
and stress the importance of including these in the assessment of climate change mitigation and adaptation 
policies.
1. Introduction

Land-cover changes (LCC) are chiefly associated with the replace-
ment of natural vegetation by vegetation types useful to humans, such 
as different types of crops, grassland for livestock, infrastructure and 
settlements, but include also abandoned agricultural areas in which nat-
ural vegetation regrows. Forests and natural ecosystems more broadly 
are beneficial to humankind beyond their economic value, such as 
regulation of the hydrological cycle, protection from erosion, being 
habitats for many species, and modulating the climate. By today, forests 
cover approximately 30% of the global land surface (Bonan, 2008). 
In recent decades, deforestation has occurred primarily in the trop-
ics (Hansen et al., 2013), driven by large-scale expansion of agriculture 
and pastures (Gibbs et al., 2010). In temperate and boreal regions, the 
forest area has expanded since the second half of the twentieth cen-
tury after land abandonment but also due to large-scale reforestation 
and afforestation activities (Li et al., 2018; Gerlein-Safdi et al., 2020; 
Nabuurs et al., 2007). These land-cover changes reflect also growing 
global trade, which increasingly spatially separates consumption and 
production of food, livestock and resources (Lambin and Meyfroidt, 
2011; Fuchs et al., 2020).

LCC effects on climate can be classified into two categories. First, 
changes in the fluxes of gases (i.e. greenhouse gases like CO2, N2O, 

∗ Corresponding author.
E-mail address: lorenz.haenchen@uibk.ac.at (L. Hänchen).

CH4) caused by changes in land use and/or land-cover, here referred 
to as ‘‘biochemical effects’’. Second, impacts on the surface energy 
balance in response to changes in surface properties like albedo, sur-
face roughness and evapotranspiration, referred here as ‘‘biophysical 
effects’’ (e.g. Lawrence et al., 2022; Conte et al., 2019; Alkama and 
Cescatti, 2016; Lee et al., 2011). Following deforestation, for example, 
the biochemical effects on surface temperature are mainly due to the 
release of carbon, with the overall magnitude depending on the type of 
land-cover transition and the intensity of land-use of the replacement 
agricultural ecosystem (Kirschbaum et al., 2013).

Since CO2, N2O, CH4 are well-mixed greenhouse gases with at-
mospheric lifetimes from years to decades (CH4) to centuries (CO2, 
N2O), biochemical effects have global impacts that accumulate over 
time. Biophysical effects on the other hand are more immediate and 
local. Neglecting potential feedbacks, deforestation associated with an 
increase in albedo results in local cooling through a negative radiative 
forcing. For boreal regions, this effect is strongly enhanced because 
forests can effectively mask snow (Bathiany et al., 2010), which should 
be considered, e.g., by critically reviewing boreal afforestation efforts 
as part of climate mitigation strategies (e.g. Bonan et al., 1992; Betts, 
2011). The climatic impact of the other two direct biophysical effects, 
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which are changes in roughness and evapotranspiration (Davin and de 
Noblet-Ducoudre, 2010), cannot solely be expressed via radiative forc-
ing alone. There is however a noticeable effect on surface temperature, 
because changes in evapotranspiration and roughness alter the energy 
exchange between the surface and the atmosphere through turbulent 
heat fluxes (sensible (H) and latent (𝜆𝐸)) (Davin et al., 2007; Bala et al., 
2007; Boisier et al., 2012; Bright et al., 2017; Panwar et al., 2020; Conte 
et al., 2019).

In addition, the biophysical effects can cause indirect and remote 
effects, among which are changes in cloud cover or large-scale at-
mospheric circulations through changes in the partitioning of sensible 
and latent heat flux or sea-ice/sea-surface-temperature feedbacks. The 
magnitude of remote effects depends on the areal extent and location 
of the LCC and, in idealized experiments, they tend to dominate over 
the local effects (Davin and de Noblet-Ducoudre, 2010; Winckler et al., 
2019a; Devaraju et al., 2018; Quesada et al., 2017; Duveiller et al., 
2018). The biophysical effects following LCC have recently been more 
systematically included in climate change assessments such as the 
IPCC (Myhre et al., 2013; Forster et al., 2021), but in climate policy 
measures that aim to achieve the Paris Agreement such as land-based 
mitigation measures in nationally determined contributions (NDC) they 
are still neglected (Perugini et al., 2017).

LCC is one of the key drivers of climate change but to date, the 
quantification of its biophysical vs. biochemical impacts still lacks con-
sensus and there is a need of understanding the underlying processes of 
LCC on climate (Arneth et al., 2017; Houghton et al., 2012; Le Quéré 
et al., 2016; Pielke et al., 2011). Reliably evaluating these underlying 
processes presents significant challenges. Observation-based studies of-
ten rely on a space-for-time approach, which assumes that temperature 
differences between two land covers with the same background climate 
reflect local LCC (Duveiller et al., 2018). However, such approaches do 
not account for remote effects of deforested pixels, trends in climate 
partly driven by land-cover changes, or variations in hydroclimatic 
dynamics between adjacent pixels that violate the assumption of a 
uniform background climate. Taken together, these limitations lead 
to a warming bias of deforestation impacts compared to modeling 
approaches (Quesada et al., 2017; Perugini et al., 2017; Jia et al., 2019; 
Sy and Quesada, 2020).

Simulations with Earth System Models (ESMs), on the other hand, 
can provide important insights, but are computationally expensive and 
are often based on lengthy model intercomparisons as an approach 
to identify robust messages (e.g. De Noblet-Ducoudré et al., 2012; 
Brovkin et al., 2013; Boysen et al., 2020). Additionally, the lack of 
spatial resolution and the focus of most studies on idealized scenarios, 
inducing dominant feedback mechanisms (Jia et al., 2019; Perugini 
et al., 2017), prohibit the assessment of realistic local impacts of LCC, 
at least on the global scale (Lawrence et al., 2022). On smaller spatial 
scales, regional climate models (RCMs) have partially addressed these 
challenges, particularly through stylized afforestation scenarios, such 
as those explored in the Land-Use and Climate Across Scales (LUCAS) 
project (e.g. Davin et al., 2020; Asselin et al., 2022). Additionally, 
RCMs have been applied to investigate climate responses to observed 
LCC, for example for Europe and Asia (e.g. Huang et al., 2020; Cao 
et al., 2021). Nath et al. (2023) have recently introduced a novel 
framework to overcome the computational limitations by using an 
emulator approach based on multiple ESM outputs and observations. 
Despite these significant efforts, isolating and mechanistically attribut-
ing the specific biophysical and biochemical contributions to surface 
temperature changes remains challenging.

Semi-empirical approaches offer a middle ground by combining 
the computational efficiency of observation-based methods with being 
based on physical principles that allow studying individual mecha-
nisms and testing a wide range of scenarios. To our knowledge, such 
approaches with the exception of the previously mentioned emulator 
by Nath et al. (2023), have so far not been widely explored in the 
context of LCC. As the computational cost of ESMs are not only high but 
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also their complexity continuously increases, while at the same time the 
need for suitable climate change mitigation and adaptation strategies 
increases, there is a demand for efficient strategies to understand a wide 
range of LCC scenarios.

The overarching aim of this study is thus to provide a fast and 
easy-to-use tool which (i) finds the right balance between providing 
reasonable estimates of LCC mechanisms impacts on surface tempera-
ture while remaining sufficiently simple; (ii) bridges the gap between 
modeling and observation-based studies; (iii) disentangles the rela-
tive contribution of each biophysical mechanism and their spatial 
dependence.

2. Materials and methods

2.1. Model equations

To calculate the alteration of surface temperature by changes in 
surface properties through LCC, we make use of an idealized lin-
earization of the surface energy balance equation, similar to previous 
studies (e.g., Lee et al. (2011), Chen and Dirmeyer (2016), Juang 
et al. (2007), Devaraju et al. (2018), Luyssaert et al. (2014)). In all 
studies, surface temperature is derived from the long-wave emission 
term ignoring non-linear interactions which suggests a potential un-
derestimation of absolute changes (Zhao and Jackson, 2014). There 
seems to be a different conception of the impacts of LCC on both 
air and surface temperature between different studies, which hampers 
interpretation of results, especially on a policy level. Despite other 
differences, most of the studies that employ data from pairwise obser-
vation sites attribute air temperature differences between pairwise sites 
to LCC (e.g. Chen and Dirmeyer, 2016; Juang et al., 2007; Luyssaert 
et al., 2014) which contributes to the assessment of surface temperature 
change. In contrast, the formulation of Lee et al. (2011) assumes that 
the air temperature is identical at the blending height over the pairwise 
sites, which introduces a counteracting mechanism to the biophysical 
mechanisms. Several studies pointed out mechanistic differences be-
tween surface and air temperature responses (e.g. Baldocchi and Ma, 
2013; Panwar et al., 2020) and contrasting different sensitivities to 
LCC (e.g. Winckler et al., 2019b; Novick and Katul, 2020). Chen and 
Dirmeyer (2016) extended the methodology of Lee et al. (2011) by 
adding a term representing the interaction between air and surface 
temperature and interpreting it as an indirect effect that includes back-
ground atmospheric change. As a change in air temperature was also 
observed after local LCC (e.g. Zhang et al., 2014; Alkama and Cescatti, 
2016), we argue that both assuming no change in air temperature or 
attributing all change to remote/indirect effects are unlikely. However, 
the term representing the difference between the changes in air and 
surface temperature is relatively small compared to the other terms in 
the linearized surface energy balance. We acknowledge that on seasonal 
(e.g. Winckler et al., 2019b) or diurnal scales (e.g. Panwar et al., 2020; 
Novick and Katul, 2020) this effect can be relevant but magnitudes 
are smaller on annual scale, especially in comparison to assuming air 
temperature changes to be absent. Actual indirect effects (i.e. changes 
in incoming short- and long-wave radiation) and other effects with 
minor magnitude (i.e. change in ground heat flux and air density) are 
thus neglected compared to the other terms.

Here, we estimate the biophysical effects for a given LCC as
follows. 

𝛥𝑇𝑠(𝑏𝑝ℎ) ≈

(1)

−𝛥𝛼𝑆 ↓ −𝛥𝜖𝜎𝑇 4
𝑠 +

(2)

𝑅∗
𝑛
𝛥𝑟𝑎
𝑟𝑎

+

(3)

𝑅∗
𝑛𝛥𝛽

(1 + 1
𝛽 )𝛽

2

4𝜖𝜎𝑇 3
𝑠

(1)

𝛥𝑇𝑠(𝑏𝑝ℎ) represents the change in surface temperature due to bio-
physical effects, 𝛥𝛼 is the change in surface albedo, 𝑆 ↓ the incoming 
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shortwave radiation, 𝛥𝜖 the change in surface emissivity, 𝜎𝑇 4
𝑠  repre-

sents the longwave radiation emitted by the surface, as described by the 
Stefan–Boltzmann law, 𝑅∗

𝑛 represents the net radiation at the surface, 
𝑟𝑎 represents the aerodynamic resistance and 𝛽 the Bowen Ratio which 
is the fraction of turbulent sensible and latent heat. For the detailed 
linearization and its rationale, consult Section 2 of the Supplementary 
Material.

With Eq.  (1), the biophysical effects on surface temperature are esti-
mated for each of the contributions individually. (1) refers to the albedo 
effect (𝛥𝑇𝑠(𝛼)). It is proportional to the amount of incident radiation 
(higher in the tropics, smaller in boreal latitudes, and increasing with 
elevation). In general, deforestation tends to increase albedo (negative 
𝛥𝛼) with stronger impacts in areas where seasonal snow cover is present 
due to the snow-masking effect of forests. Following that, 𝛥𝑇𝑠 is nega-
tively correlated to 𝛥𝛼  all other parameters being equal. The change in 
surface emissivity (𝛥𝜖) is negatively correlated with the albedo change 
(𝛥𝛼) and dampens its effect. We parameterize surface emissivity by 
using an assumption of 𝜖 = 0.99 − 0.16 𝛼 put forward by Juang 
et al. (2007). The second term (2) refers to the change in aerodynamic 
resistance (𝛥𝑇𝑠(𝑟𝑎)). When LCC occurs, 𝑟𝑎 is primarily altered by the 
change in surface roughness length (𝑧0) and friction velocity (𝑢∗) and 
affects the efficiency of the surface to exchange turbulent heat with 
the atmosphere. Term (3) calculates the change in the energy partition 
between sensible (𝐻) and latent heat flux (𝜆𝐸) using the Bowen Ratio 
(𝛽 = 𝐻∕𝜆𝐸) and its effect on surface temperature (𝛥𝑇𝑠(𝛽)). As 𝛥𝛽 scales 
with 𝛽2 the effect of LCC will be larger where the background Bowen 
ratio is smaller and vice versa. Generally, Eq.  (1) is only valid for longer 
time scales, since the surface energy balance has to be in a steady state, 
which means that transient ground heat storage is neglected.

To compare the direct impacts of the biophysical effects with the 
biochemical impacts arising from changes in carbon storage, we ad-
ditionally quantify the radiative forcing of changes in atmospheric 
CO2 due to LCC. We employ a empirical methodology proposed by
Kirschbaum et al. (2013) and Joos et al. (2013) to calculate changes in 
atmospheric carbon over time. In contrast to instantaneous biophysical 
effects, this methodology empirically distributes carbon input/outputs 
into the four major carbon pools as functions of time. We calculate the 
change in carbon (𝛥𝐶) following LCC per pixel using Eq.  (2). 

𝐶𝑎 = [𝑓1 + 𝑓2 𝑒𝑥𝑝(
−𝑡
𝜏2

) + 𝑓3 𝑒𝑥𝑝(
−𝑡
𝜏3

) + 𝑓4 𝑒𝑥𝑝(
−𝑡
𝜏4

)]𝛥𝐶 (2)

where 𝑓1....𝑓4 𝑎𝑛𝑑 𝜏2....𝜏4 are the critical constants as displayed by 
Supplementary Table 1, t are the years since LCC and 𝛥𝐶 in [𝑡𝐶] is 
the total carbon addition (sum of all gridcells) or removal to/from the 
atmosphere.

Next, we calculate the radiative forcing from the change in atmo-
spheric carbon as 𝑅𝑐 = 5.35 𝑙𝑛(1 + ( 𝛥𝐶𝑎𝑡𝑚

𝐶 )) (Myhre et al., 1998) and 
finally acquire a global 𝛥𝑇𝑠(𝑏𝑐ℎ) value by multiplying 𝑅𝑐 with a climate 
sensitivity parameter 𝜆 as 𝛥𝑇𝑠(𝑏𝑐ℎ) = 𝜆𝑅𝑐 (Forster et al., 2007). To 
understand the local impacts of the biochemical effect and to facilitate 
comparison with the biophysical model, we apply a pattern-scaling 
approach (Tebaldi and Arblaster, 2014). This method determines the 
spatial response of local temperature changes (𝛥𝑇𝑠(𝑏𝑐ℎ)) based on the 
regression of local temperature anomalies on a global temperature 
anomaly. The spatial pattern is assumed to remain consistent across 
different global temperature increments, as derived from the ensemble 
mean of 41 CMIP5 models. These data were bilinearly interpolated to a 
0.5◦ × 0.5◦ grid to match the resolution of the land-cover input maps, 
and then scaled by the global 𝛥𝑇𝑠(𝑏𝑐ℎ) specific to each scenario (Lynch 
et al., 2017). Some CMIP5 models include land-cover change, meaning 
the derived spatial patterns may reflect a sensitivity to biophysical ef-
fects in addition to biochemical effects. While this is an inherent feature 
of the source data, the pattern-scaling approach assumes that all local 
changes are proportional to the global temperature response, which is 
solely driven by CO2 radiative forcing. As we define the net effect as the 
sum of independently assessed biophysical and biochemical effects, we 
3 
neglect these interactions between biophysical and biochemical effects. 
From CMIP5 simulations, Quesada et al. (2018) suggested that such 
synergistic effects are approximately one order of magnitude smaller 
than the direct effects.

2.2. General model setup and scenarios

Our model is able to calculate biophysical and biochemical tem-
perature impacts from any two given land-cover input arrays. As a 
proof-of-concept, we focus on three idealized scenarios and correspond-
ing results of the semi-empirical model: (1) Global deforestation, (2) 
Maximum Forested World and (3) Historical (1850–2005) LCC (c.f. 
details in Supplementary material Section 1). As the model only simu-
lates local effects (that is, all pixels are treated independently), stylized 
scenarios (1) & (2) were designed to understand the impacts of LCC 
at different locations while (3) serves as a baseline scenario to test the 
model’s ability to simulate historical impacts of LCC.

2.3. Datasets

We use a historical land-cover reconstruction by Ramankutty and 
Foley (1999) provided in 0.5◦ × 0.5◦ spatial resolution and annual 
temporal resolution (Meiyappan and Jain, 2012). The data set pro-
vides percentages of 28 different land-cover classes for each grid cell. 
Due to the simplistic nature of our model and the stylized scenarios, 
we neglect mixed land-cover and use the provided dominant type 
land-cover which is reduced to 17 land-cover classes (Details in Sup-
plementary material Section 1) and assume each grid cell to be the 
most dominant land-cover type. For all three scenario designs, we use 
the RF (Ramankutty and Foley, 1999) basemap of the year 1850 as 
initial land-cover and modified it for scenario (1) & (2) or used the 
2005 map in case of scenario (3). For the interpretation of the results, 
the dataset was categorized into three sub-regions: boreal (90◦N–60◦N 
and 90◦S–60◦S), temperate (60◦N–30◦N and 60◦S–30◦S), and tropical 
(30◦N–30◦S) latitudinal segments.

To solve Eq.  (1) and the biochemical model (Eq. (2)), we use a 
variety of input datasets which are listed in Suppl. Table 2. All datasets 
with different native spatial resolution are bilinearly interpolated to a 
0.5◦ × 0.5◦ grid based on the land-cover data. Except for the above-
ground carbon data (annual input data), we seasonally averaged these 
data (DJF, JJA, MAM, SON) to represent seasonality in the modeled pa-
rameters. Next, we calculate annual averages from these seasonal data 
as input for the model runs presented here. In addition to the datasets 
shown in Supplementary Table 2, both the biophysical model (Eq. 
(1)) and the biochemical model (c.f. Eq.  (2)) require data representing 
the changes in albedo, surface emissivity, Bowen ratio, aerodynamic 
resistance and above-ground carbon (𝛥𝛼, 𝛥𝜖, 𝛥𝛽, 𝛥𝑟𝑎, 𝛥𝐶). We designed 
and explored two different methods to allow for a variety of use cases. 
The first method, named ATT (ATTached from lookup-table) hereafter, 
is based on a look-up table approach where empirical values are used 
to create two arrays (before and after LCC) while the difference of these 
arrays represents the final input into the model. For 𝛥𝛼, we additionally 
incorporated the average snow duration per grid cell to account for the 
increase in albedo during periods with snow cover. The advantage of 
this method is that users can easily change values in the look-up tables 
to perform stylized experiments (e.g. deforestation, albedo-optimized 
crops etc.). The look-up table approach is only realized for albedo 
and Bowen Ratio, as we expect aerodynamic resistance to be more 
heterogeneous within one land-cover class due to its coupling with 
atmospheric variables. The second method, named MPLC (Mean Per
Land Cover) hereafter, uses the input data (see Supplementary Table 
2) and calculates the arrays for each parameter corresponding to a 
given land cover through the average value across this land cover type 
(see Supplementary Section 6 for variability in between the land cover 
types). From these values, arrays of the parameters are created for 
each land cover map (1850 and 2010 or before/after de-/reforestation, 
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respectively) and finally subtracted. Changes in surface emissivity (𝛥𝜖) 
are derived from 𝛥𝛼 as depicted in Section 2.1. Both methods are 
described in detail including calculation schemes in Suppl. material 
Section 5. As the input data had unrealistically high values of 𝑟𝑎 for 
some grid cells (mainly due to artifacts along the coasts caused by re-
gridding), we removed all grid cells with 𝑟𝑎 > 150 𝑠𝑚−1 from further 
analysis. Conceptually, the Bowen-Ratio approach is not applicable 
when latent heat flux is absent (or minimal). We therefore substituted 
𝛽2 in the denominator of Eq.  (1) by the maximum value of the two 
modeled 𝛽 before and after the LCC scenario, thus avoiding unrealistic 
values of 𝛥𝑇𝑠(𝛽).

For the simulations presented here, we set the model as follows. To 
realistically account for the time-dependent effect of the biochemical 
model, we use the corresponding 155 years (1850–2005) for the histor-
ical LCC and employ a hypothetical timestep of 100 years for the two 
stylized scenarios. In all three scenarios, we assume a climate sensitivity 
of (𝜆 = 0.8 Wm−2K−1) (Knutti et al., 2017). 𝛥𝛼 is modeled by using the 
ATT method while all other parameters (𝛥𝛽, 𝛥𝑟𝑎, 𝛥𝐶) are parameterized 
by the MPLC method.

3. Results

3.1. Stylized global deforestation experiment

In this scenario, the replacement of forest with short vegetation 
result in a global direct biophysical warming of 𝛥𝑇𝑠(𝑏𝑝ℎ) = 1.22 ± 0.06 
K (mean & 5-pixel dependent student t-test) of which 1.45 ± 0.08 K can 
be attributed to changes in aerodynamic resistance 𝛥𝑇𝑠(𝑟𝑎), 0.48 ± 0.02 
K to the contribution of changes in Bowen ratio 𝛥𝑇𝑠(𝛽) and modest 
cooling of −0.71 ± 0.03 K due to changes in albedo 𝛥𝑇𝑠(𝛼)(Fig.  1). This 
albedo cooling is more pronounced in boreal and temperate areas than 
in tropical areas. The spatial pattern of 𝛥𝑇𝑠(𝑟𝑎) is similar to the 𝛥𝑇𝑠(𝛼) but 
with an opposite sign. Accordingly, 𝛥𝑇𝑠(𝑏𝑝ℎ) responses to deforestation 
are higher for boreal than for tropical or temperate latitudes.

Overall, non-radiative effects, the sum of effects due to changes in 
𝑟𝑎 and 𝛽 (𝛥𝑇𝑠(𝑟𝑎 ,𝛽)), are about 2.6 times larger in magnitude compared 
to radiative effects (𝛥𝑇𝑠(𝛼)). The contribution of 𝛥𝑇𝑠(𝛽) is an overall 
warming, which is concentrated over the tropics (Fig.  1g) but mostly of 
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lower magnitude than the contribution of 𝛥𝑇𝑠(𝑟𝑎) (compare Fig.  1b & c). 
Regarding the net biophysical effects, the 𝛥𝑇𝑠(𝛼) cooling is outweighed 
by the non-radiative contributions almost exclusively. Exceptions are 
eastern Siberia with its Larch-dominated forests, where 𝛥𝑇𝑠(𝛼) cooling 
together with the slight cooling due to 𝛥𝑇𝑠(𝛽) can offset the effect of 
𝛥𝑇𝑠(𝑟𝑎). In small parts of Alaska, 𝛥𝑇𝑠(𝛼) alone offsets the warming effect 
of 𝛥𝑇𝑠(𝑟𝑎). Particularly large changes occur around 60 ◦N (𝛥𝑇𝑠(𝑏𝑝ℎ) ≈ 3 K) 
due to the strong contribution of 𝛥𝑇𝑠(𝑟𝑎) (Fig.  1g). Furthermore, strong 
impacts are related to tropical deforestation (∼ between 10 ◦N and 30 
◦N), where effects of both 𝛥𝑇𝑠(𝑟𝑎) and 𝛥𝑇𝑠(𝛼) are weaker, but 𝛥𝑇𝑠(𝛽) has a 
strong effect (𝛥𝑇𝑠(𝑏𝑝ℎ) ≈ 3 K). Around the equator, all three biophysical 
contributions cause large changes with the sum of the warming by 
𝛥𝑇𝑠(𝛽) and 𝛥𝑇𝑠(𝑟𝑎) offsetting the cooling of 𝛥𝑇𝑠(𝛼) (𝛥𝑇𝑠(𝑏𝑝ℎ) ≈ 4 K). Finally, 
these warming effects are amplified by the biochemical effect (𝛥𝑇𝑠(𝑏𝑐ℎ)
= 0.50) with 48 ppm of additional atmospheric CO2 after 100 years.

3.2. Stylized maximum forested world experiment

The 𝛥𝑇𝑠 response of the Maximum Forested World scenario shows 
contrasting patterns to the deforestation scenario with a biophysical 
cooling of −1.95 ± 0.08 K. Although aerodynamic resistance changes 
remain the dominant contribution in general (𝛥𝑇𝑠(𝑟𝑎)= −1.9 ± 0.08 K), 
locally the impacts of changes in the Bowen ratio (𝛥𝑇𝑠(𝛽)= −1.14 ± 0.04 
K) show strong responses in tropical latitudes (around 5–25 ◦N in Fig. 
2g) with relatively higher importance than in the deforestation scenario 
(Fig.  1g). Albedo-related warming (𝛥𝑇𝑠(𝛼)= 1.08 ± 0.04 K) dampens the 
cooling through both non-radiative terms while a calculated uptake 
of 78 ppm of CO2 translates into a biochemical cooling of −0.96 K. 
In contrast to the deforestation scenario, for which minor cooling was 
observed in Siberia and Alaska, here there are no grid cells for which 
the contribution by 𝛥𝑇𝑠(𝛽) has a warming effect. As shown in Fig.  2a, 
all grid cells with a contribution of 𝛥𝑇𝑠(𝛼) show biophysical warming. 
The highest values are found in the most northern latitudes and for 
high altitudes such as the Tibetan plateau and the Himalayas. However, 
the response to albedo change is not limited to these locations with 
considerable warming patterns at all latitudes (Fig.  2g). The impacts of 
𝛥𝑇𝑠(𝑟𝑎) are a global cooling with the strongest responses in the highest 
latitudes, western North America, several regions of South America, 
Fig. 1. Left and middle panels: Annual local 𝛥𝑇𝑠(𝑏𝑝ℎ) signal in each grid cell after total deforestation to grass for each contribution: (a), (b) and (c) Albedo, Bowen Ratio and 
Aerodynamic resistance as in terms (1), (2) and (3) of Eq.  (1), (d) total biophysical (BPH) effect (sum of (a), (b) and (c)), (e) biochemical (BCH) effect, (f) Sum of direct BPH and 
BCH (sum of (d) and (e)). Right panel: Zonally averaged 𝛥𝑇𝑠 values for BPH (each contribution and sum) and BCH values integrating all continental grid cells of each latitude. 
Shaded areas indicate the 95% zonal-confidence level (student t-test) of each biophysical effect.
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Fig. 2. Same as Fig.  1, but for Maximum Forested World experiment.
eastern Africa, Australia, and mountainous regions of Asia (Fig.  2b). 
As for 𝛥𝑇𝑠(𝑟𝑎), 𝛥𝑇𝑠(𝛽) is characterized by a global cooling pattern with 
highest values on the African continent, parts of Australia, the Tibetan 
plateau, and to a lesser extent on the northern American continents. In 
high latitudes (above ∼50◦ N), there is little to no contribution by 𝛥𝑇𝑠(𝛽)
(Fig.  2c). For most grid cells, the cooling effects of the non-radiative 
contributions offset the warming effect of 𝛥𝑇𝑠(𝛼). Exceptions are found 
at the highest latitudes, in some parts of Eurasia, and to a lesser extent 
in North America (Fig.  2d). There are many strong regional cooling 
patterns, particularly where both 𝛥𝑇𝑠(𝛽) and 𝛥𝑇𝑠(𝑟𝑎) contributions are 
large, as e.g. on the African continent or Australia.

3.3. Historical LCC scenario

The historical LCC experiment results in an average global direct 
biophysical warming of 0.42 ± 0.07 K (Fig.  3). Here, also, the con-
tribution of 𝛥𝑇𝑠(𝑟𝑎) is dominant estimating the same value as the total 
effect (0.42 ± 0.07 K), while the magnitude of 𝛥𝑇𝑠(𝛽) with 0.16 ± 0.02 
K is about the same magnitude as 𝛥𝑇𝑠(𝛼) which causes a cooling of 
−0.16 ± 0.03 K, effectively offsetting each other globally. The biochem-
ical model results in an increase in CO2 of 14 ppm, which corresponds 
to a biochemical warming of 0.15 K. As the panels in Fig.  3 show, 
the spatial patterns are more heterogeneous compared to the stylized 
experiments in Figs.  1 and 2. Impacts of historical LCC in areas that 
have undergone historical deforestation (e.g. India, parts of the Amazon 
and central/southern Africa) are broadly similar to patterns found in 
the deforestation experiment and show the strongest warming patterns 
(up to ∼8 K). Some of the strongest regional cooling patterns are 
observed in parts of Australia and the western USA (up to ∼−8 K, 
see Fig.  3d). The contribution of 𝛥𝑇𝑠(𝛼) is an overall cooling, but with 
some warming in central Eurasia, Australia and to a smaller extent in 
western North America, Southern Africa and southern South America 
(Fig.  3a). The spatial pattern in 𝛥𝑇𝑠(𝑟𝑎) (Fig.  3b) is fairly similar to 
𝛥𝑇𝑠(𝛼) but opposite in sign and larger in magnitude. For example, 𝛥𝑇𝑠(𝛼)
reaches ∼−4 K in some regions and 𝛥𝑇𝑠(𝑟𝑎) contributes regionally ∼6 
K, typically associated with deforestation. Although 𝛥𝑇𝑠(𝑟𝑎) and 𝛥𝑇𝑠(𝛼)
are mostly opposite in sign, there are some regions that reveal 𝛥𝑇𝑠
sensitivity to changes in roughness with little to no impacts through 
albedo changes (e.g. eastern Australia, many parts of Eurasia, central 
North America and Argentina). For the contributions of 𝛥𝑇𝑠(𝛽), the 
patterns of biophysical warming are dominating in magnitude over the 
cooling patterns (compare Fig.  3c).
5 
4. Discussion

In this study, we introduced a physically consistent and computa-
tionally efficient tool to quantify the direct biophysical and biochemical 
effects of LCC on surface temperature. Using three LCC scenarios, 
we confirm the importance of biophysical effects, particularly the 
dominant role of non-radiative effects (e.g., changes in aerodynamic 
resistance and Bowen ratio), which often offset the counteracting cool-
ing effect of albedo increases following deforestation. Regionally, we 
find substantial local warming of 1.94 K in the tropics, 1.86 K in tem-
perate regions, and 1.03 K in boreal regions following our deforestation 
scenario.

These results differ from the regional air temperature impacts re-
ported in Chapter 2 of the IPCC Special Report on Climate Change and 
Land (SRCCL), which identified biophysical changes of 0.61 ± 0.48 K, 
−0.13 ± 0.22 K and −0.55 ± 0.29 K mean and standard deviation across 
different model results in the corresponding regions (Jia et al., 2019). 
While our results indicate an average warming response, the SRCCL 
reports a dominant cooling response for higher latitudes. It is important 
to note that air and surface temperature differ and thus cannot be 
compared directly (e.g. Alkama and Cescatti, 2016; Novick and Katul, 
2020). However, at the annual scale, the LCC-induced changes in both 
variables are known to be correlated (Winckler et al., 2019b), allowing 
for a qualitative comparison.

The cooling response reported in the SRCCL is related to ESMs 
including secondary (i.e. indirect) processes such as cloud changes, 
mesoscale circulation changes, sea ice/sea surface temperature feed-
backs, triggered by LCC that further enhance boreal albedo cooling 
and tend to dominate the global response following stylized scenar-
ios (Alkama and Cescatti, 2016; Quesada et al., 2017; Winckler et al., 
2019a; Chen and Dirmeyer, 2020). Studies relying on surface sta-
tion observations on the other hand (Lee et al., 2011; Zhang et al., 
2014) similarly report albedo-driven cooling effects, which is in con-
trast to our results. This is likely because they capture changes in 
incoming radiation due to LCC-induced cloud cover changes, particu-
larly important in high latitudes (Chen and Dirmeyer, 2020; Quesada 
et al., 2017). In contrast, our approach isolates the direct local im-
pacts of LCC, providing a understanding of the underlying surface 
energy balance components. Our results however do align with stud-
ies that isolate direct effects as well. Alkama and Cescatti (2016) 
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Fig. 3. Same as Fig.  1, but for Historical LCC (1850–2005).
for example, quantify the local climate impacts of deforestation by 
isolating temperature changes attributable to forest cover variations, 
using a space-for-time substitution approach. They factor out natural 
climate variability by referencing temperature signals from nearby 
areas with stable land cover, allowing them to robustly attribute tem-
perature changes to deforestation. Broadly, their findings align with 
ours, showing overall biophysical warming, including tropical warming 
and slight but non-significant warming in boreal latitudes. Similarly, 
offline (i.e. feedback-neglecting) ESM simulations show a comparable 
pattern of stronger warming following deforestation (e.g. Davin and de 
Noblet-Ducoudre, 2010; Winckler et al., 2019a; Devaraju et al., 2018) 
and so do sensitivities found in data-driven assessments (Duveiller 
et al., 2018).

As expected, the approach emulating ESMs by Nath et al. (2023) 
efficiently replicates temperature sensitivities as ESM-based studies. In 
contrast, our method provides mechanistic insights into how and why 
temperature responds to LCC. These approaches are potentially comple-
mentary: our method can identify and quantify individual mechanisms, 
improving the physical basis of emulator inputs, while a full emulator 
of an ESM covers large-scale impacts and explore indirect effects not 
captured by our model.

Taken together, the primary strength of our approach lies in its 
ability to isolate and quantify the direct biophysical effects of LCC 
in a simple yet physically consistent manner. This enables a deeper 
understanding of the fundamental mechanisms driving surface temper-
ature changes, which is particularly important given the uncertainties 
surrounding biophysical impacts in current ESMs (Jia et al., 2019). Ad-
ditionally, our method is computationally efficient and flexible, making 
it a valuable tool for exploring local-to-regional impacts of LCC. On the 
other hand, our approach is subject to limitations: The linearization 
of the surface energy balance assumes that there are no interactions 
between individual components, which may lead to overestimation of 
𝛥𝑇𝑠, specifically due to the effects of aerodynamic resistance (Rigden 
and Li, 2017). Another discrepancy stems from the fact that the global 
averages we calculate are based on continental grid cells only, am-
plifying the non-radiative contributions relatively larger compared to 
studies that include oceans. Furthermore, the biochemical effect largely 
depends on the timescale, rendering the results somewhat arbitrary at 
least for stylized scenarios. We also acknowledge that, in addition to 
the uncertainties implicitly included in the input data, a significant 
6 
number of assumptions are involved. Hence, our analysis is based on 
the land-cover data from Meiyappan and Jain (2012), available at a 
0.5◦ × 0.5◦ resolution. To showcase our approach, we used a previously 
curated dataset where some of the background climate data was only 
available at a lower resolution than the land cover data. As these 
data proved reliable in previous assessments, we interpolated them to 
match the grid of the land-cover data. As a result, finer-scale hetero-
geneity may not be fully captured. To this end, previous studies have 
shown strong correlations between adjacent climate model grid cells 
for temperature (Auffhammer et al., 2013) and among meteorological 
stations separated by hundreds of kilometers (Gunst, 1995). Similarly, 
for other variables such as albedo and snow cover, the newer ERA5 
reanalysis does not necessarily provide significant improvements over 
ERA-Interim (e.g. Clelland et al., 2024; Wu et al., 2023). Therefore, we 
are confident that potential interpolation artifacts do not compromise 
the validity of our results.

Indeed, despite the model assumptions and input data limitations, 
our results broadly reproduce the large-scale patterns of surface tem-
perature responses to LCC reported in previous studies, emphasizing 
the importance of local non-radiative effects. For example, surface 
roughness and evapotranspiration changes significantly outweigh the 
albedo effect (e.g. 𝛥𝑇𝑠(𝛽+𝑟𝑎) ≈ 1.93 K vs. 𝛥𝑇𝑠(𝛼) ≈ −0.71 K for the stylized 
deforestation experiment), consistent with other recent work (Bright 
et al., 2017; Chen and Dirmeyer, 2016, 2020; Winckler et al., 2019a). 
While the isolation of the direct local biophysical effects does not 
realistically capture the full real-world response to large-scale LCC, our 
approach provides valuable insights into local-scale responses which is 
the scale where decisions about land use are typically implemented.

Our results thus underscore the importance of considering non-
radiative effects in land-based mitigation strategies, particularly in 
tropical regions where they dominate the surface temperature response. 
Specifically, we find that accounting for biophysical effects in the 
tropics, triple the cooling impact of afforestation (−2.92 K; Table in 
Fig.  2) due to the sole biochemical effect of CO2 sequestration (0.96 
K). As previously discussed, the multiplier factor is likely lower in 
reality because of the counteracting indirect effect related to lower 
surface albedo in response to afforestation. However, this remains a 
crucial message: biophysical effects are roughly the same magnitude (or 
more) in mitigating climate change as biochemical effects concerning 
afforestation projects. Tropical afforestation is therefore particularly 
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justified from a climate change perspective as also suggested by oth-
ers (Perugini et al., 2017; Jia et al., 2019; Windisch et al., 2022). We 
also find that afforestation (or reforestation) has a greater impact on the 
magnitude of changes in temperature than deforestation. For instance, 
in the Tropics, the magnitude is doubled: biophysical and biochemical 
effects due to deforestation are respectively, 1.48 K and 0.46 K (Fig. 
1), while −2.96 K and −0.88 K in response to afforestation (Fig.  2). 
While here this is related to our stylized LCC design, Su et al. (2023) 
showed that the temperature response to tree-cover change is indeed 
not linear between forest gain and loss. In extra-tropical latitudes, 
the picture is more nuanced. While boreal regions currently benefit 
from the snow-masking effect (Betts, 2000), its significance is expected 
to decline with decreasing snow-cover in a warming climate (Pitman 
et al., 2011; Pongratz et al., 2021). This further emphasizes the need for 
regionally tailored strategies when considering the net climate impacts 
of LCC. Finally, in mere terms of mitigation potential, afforestation or 
reforestation projects can substantially reduce global warming due to 
anthropogenic greenhouse gas emissions.

5. Conclusions

Based on key assumptions, Earth Observations and a linearization of 
the surface energy balance, we present a conceptual model to estimate 
direct, local and zonal temperature changes due to change in land-
cover, disentangling the key biophysical and biochemical mechanisms. 
We find several key results: (i) the semi-empirical model reproduces 
zonal temperature changes and coherent biophysical contributions, (ii) 
local biophysical effects are of similar or greater magnitude as biochem-
ical effects, (iii) afforestation leads to a greater cooling in magnitude 
than the warming due to deforestation particularly in the Tropics, (iv) 
non-radiative effects dominate the local surface temperature response 
to land-cover change. Despite inherent simplifications and uncertain-
ties, the results generally are satisfactory and agree with other recent 
studies on direct biophysical effects. The great flexibility and the fast 
calculation time (< 1 s on a normal desktop machine) allow to test 
many large-scale land-cover policy scenarios and test different values of 
𝛥𝛼, 𝛥𝛽 and 𝛥𝑟𝑎 to assess the robustness and sensitivity of the biophysical 
effects on surface temperature. Similar approaches could integrate and 
estimate the impacts of land-use effects (e.g. irrigation), albedo con-
trol (e.g. brighter crops, white roofs) or more sophisticated scenarios 
(e.g. regional deforestation, doubling CO2 impacts), disentangling the 
different contributions from relevant parameters.

Due to the reasonable accuracy and the possibility to perform sensi-
tivity experiments to land-cover and their associated parameters easily, 
our approach is also valuable for informing scientific discussions and 
educational purposes to understand the underlying physical processes 
of land-cover changes.

6. Open research

Data sets used are publicly available and can be acquired through 
the URLs in Supplementary Table 2. A Jupyter Notebook to exe-
cute the analysis in the can be run via https://mybinder.org/v2/gh/
lohae/LCC_Ts_Emulator/HEAD, is hosted at https://github.com/lohae/
LCC_Ts_Emulator and is preserved at https://zenodo.org/doi/10.5281/
zenodo.7506358.
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