Climate Dynamics (2022) 58:2557-2573
https://doi.org/10.1007/500382-021-06028-9

=

Check for
updates

The roles of leaf area index and albedo in vegetation induced
temperature changes across China using modelling and observations

Na Dong' - Ming Luo? - Zhen Liu>4® . Junying Sun® - Kailu Wu® - Hui Lin’

Received: 26 March 2020 / Accepted: 20 October 2021 / Published online: 30 October 2021
© The Author(s), under exclusive licence to Springer-Verlag GmbH Germany, part of Springer Nature 2021

Abstract

The biophysical effects of vegetation changes are important in determining future climate changes using climate model. How-
ever, compared to observations, model has biases in energy exchange between vegetation and the lower atmosphere modu-
lated by leaf area index and albedo. In this study, land-use induced anthropogenic influences, estimated as the differences
between present land-use and idealized natural vegetation, on near-surface temperature were investigated using a regional
climate model. Results show that present land-use transitions over China brings a cooler summer and winter accompanied by
reduced diurnal temperature ranges by 0.11 °C and 0.25 °C respectively, which are mainly determined by the overwhelming
increased evaporation and latent heat flux in summer and reduced net radiation in winter. Three vegetation pairs (i.e., forest
and cropland, grassland and cropland, grassland and forest) were selected using observational datasets to evaluate vegetation
induced climatic impact without atmospheric feedbacks across various climatic regimes. Albedo led absorbed radiation plays
a dominate role in middle to north region while both LAI and albedo are significant below 30° N for latitudinal tempera-
ture changes between cropland and forest transitions. Model results have inconsistencies with observations on temperature
trends caused by vegetation pairs, indicating summer cropland and forest over southern China is the most sensitive to the
atmosphere conditions and forest and grassland pair is the least. These findings demonstrate the heterogeneous biophysical
effect of vegetation in different climate zones and imply that a region-oriented parameterization of vegetation types should
be applied in the land surface model to reduce uncertainties in future climate prediction.
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1 Introduction

Human activities such as deforestation and agriculture can
bring about far-reaching changes in land-use. The resultant
changes in vegetation alter land surface biophysical proper-
ties such as surface albedo, and leaf area index (LAI). How-
ever, their influence on regional and global climate changes
remains largely uncertain in the magnitude, let alone the

>4 Zhen Liu
zliu33 @pusan.ac.kr

School of Geospatial Engineering and Science, Sun Yat-Sen

University, Zhuhai 519082, China

School of Geography and Planning, Sun Yat-Sen University,
Guangzhou 510275, China

Center for Climate Physics, Institute for Basic Science,
Busan 46241, Republic of Korea

Pusan National University, Busan 46241, Republic of Korea
COMAC Flight Test Center, Shanghai 201323, China

Zhejiang Environmental Technology Co., Ltd,
Hangzhou 310023, China

School of Geography and Environment, Jiangxi Normal
University, Nanchang 330022, China

underlying mechanism (Brovkin et al. 2013; Zhang and
Liang 2018). Particularly, biases in the vegetation and cli-
mate interactive modelling would mislead the acknowledge-
ment of the actual potential of vegetation in future climate
mitigation. Models and observations are two common ways
to explore the vegetation induced surface climate change
and reveal the mechanism. Also, they serve a supplement
for each other to make the results more robust. In this sense,
a better evaluation of climate effects of vegetation conver-
sion can be beneficial of reducing the uncertainty in future
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climate modelling, which is rarely discussed in the previous
studies.

The biophysical impacts of land-cover change on regional
climate are generally driven by two processes, namely,
albedo induced net radiation changes and heat flux parti-
tioning between sensible heat flux (SHF) and latent heat flux
(LHF) (Pitman et al. 2011). Albedo determines the reflected
amount of incoming solar energy back to the atmosphere,
while the absorbed energy by the surface are partitioned into
SHF and LHF depending on the soil moisture and vegetation
properties (Davin and de Noblet-Ducoudre 2010; Mahmood
et al. 2014). However, large discrepancies exist in climate
models in the representation of biophysical feedbacks
between vegetation variation and atmospheric changes.
For instance, some models showed that afforestation has an
albedo-driven warming effect (De Noblet-Ducoudré et al.
2012; Zhang et al. 2009), while others displayed an evapo-
transpiration (ET) dominated cooling effect (Li et al. 2016;
Zhu and Zeng 2015). On global scales, Zeng et al. (2017)
found that the increased LAI and ET has contributed 70%
of the global net cooling over the past 30 years using an
Earth System Model. Besides, Li et al. (2016) suggested
that the latitudinal temperature change due to deforestation
is mainly influenced by background conditions, to a lesser
extent by biophysical changes such as albedo and ET effi-
ciency. Though several global models [Max Planck Institute
Earth System Model (MPI-ESM), earth system model of
intermediate complexity (EMIC)] have been used to vali-
date the impact of vegetation changes and the background
climate (Winckler et al. 2017; Li et al. 2016), it is difficult
for regional models, such as Weather Research and Fore-
cast (WRF) model, to distinguish local from non-local effect
and to isolate the background climate impact. Zhu and Zeng
(2017) argued that the accuracy of model parameterization
for phenology and optical properties of vegetation could be
improved by combining with observational analysis.

Observational studies mainly utilize both satellite prod-
ucts and local meteorological measurements to investigate
the relationship between regional climate and vegetation
changes. However, these results show wide variation in
magnitude and even in sign. Some research reported that
afforestation decreases the mean summer temperature in all
tropical and boreal regions (Alkama and Cescatti 2016; Li
et al. 2015) while other studies showed a warming effect
over boreal areas caused by LAI induced surface albedo
reduction and an evaporation-driven cooling in arid regions
(Forzieri et al. 2017). By using flux net datasets, Guo et al.
(2016) and Wang et al. (2016) both revealed that ET plays
a very important role in cropland led cooling during sum-
mer in Yangtze River region. Peng et al. (2014) compared
satellite-observed land surface temperature (LST) of planted
forest to those of adjacent grassland or croplands and found
afforestation would decrease daytime LST and increase
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nighttime LST on average over China. The recent satellite
space-for-time methods revealed that the cooling impacts,
especially due to afforestation and cropland expansion, are
determined by ET induced latent heat changes from either
water loss of forest or the irrigation of cropland in tropical
and subtropical regions (Zhao et al. 2017; Ge et al. 2019;
Shen et al. 2019). Afforestation in mid-tropical and semiarid
regions warms local temperature (Huang et al. 2018b; Shen
et al. 2019) resulted from albedo changes but cools dry land
during daytime in all seasons (Wang et al. 2018). Most stud-
ies demonstrated that afforestation warms nighttime tem-
perature (Peng et al. 2014; Ma et al. 2017) while Zhang and
Liang (2018) indicated that afforestation from grassland to
forest has decreased LST in nighttime by 0.2 K, and defor-
estation to cropland has decreased LST in both daytime and
nighttime. In latitudinal changes, afforestation tends to warm
the local surface air north of 45° N, and deforestation leads
to warming south of 35° N but with low confidence (Lee
et al. 2011). In-situ station measurements showed that the
latitude of 35.5° N is suggested as the transitional border in
which deforestation leads to warming to the south and cool-
ing to the north (Zhang et al. 2014).

Meteorological stations are sparse in rural areas, mak-
ing it difficult to collect sufficient observations with a major
natural vegetation covering. Satellite data typically has
either high spatial or temporal resolution. Moreover, it does
not measure the parameters of interest directly, and requires
substantial data processing, which decreases the accuracy
and efficiency in quantifying the local climate effects of
land-cover changes (Alkama and Cescatti 2016). There-
fore, empirical analysis is insufficient to describe the inner
dynamic energy exchange and water balance of the biophysi-
cal processes, which requires a theory model and mecha-
nism foundation to provide robust validation. However, most
previous studies use either observation analysis or model
simulation method, and paid little attention in their pros
and cons in describing the regional biophysical interactions
between vegetation and temperature changes. In this study,
both regional modelling and local observation analysis are
provided to comprehensively evaluate their differences in
representing vegetation effects on regional temperature over
China. Related research recently are listed in Table 1.

Over the last 20 years, the increases of forest and cropland
over China account for 25% of the net leaf area increase
globally, which would potentially impact the climate at
regional and possibly global scales through vegetation-
climate interaction (Chen et al. 2019). Understanding the
impact of LAI and albedo changes is especially challeng-
ing over China because of its large latitudinal coverage and
associated heterogeneous humidity and radiative intensity.
This paper presents a comprehensive and intensive com-
parison of temperature responses to vegetation changes
between observed analysis and regional climate modelling.
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In addition, the impact of background states is explored
from simulations. With regional numerical modelling, the
climate impact of anthropogenic-induced land-use changes
is examined by looking at the differences between simula-
tions forced by the present and the idealized natural vegeta-
tion land-use. We select three typical vegetation conversions
(i.e., forest to cropland, grassland to cropland, grassland
to forest) over six climatic regimes to reveal relationships
among LAI, albedo and near-surface temperature changes
using both observation datasets and numerical simulations.
The data, models and methodology are described in Sect. 2.
Section 3 provides results and discussions about the impact
of vegetation changes on climate, latitudinal variations of
vegetation-climate interactions, and the source of differences
between two methods. Key finding and conclusions are sum-
marized in Sect. 4.

2 Methodology
2.1 Research area

China extends from 4° to 53° N and 73° to 135° E. The
country contains various regions with distinctive humid-
ity and temperature characteristics. Here, we divide China
into seven sub-regions according to their climatic condi-
tions provided by the Chinese Resource and Environment
Data Cloud Platform (http://www.resdc.cn/Default.aspx,
accessed on 10 June, 2019) based on Zhu et al. (1962) and
Zhu (1931) (Fig. 1). They are the Northeast humid and semi-
humid region (NEH), North humid and semi-humid region
(NH), North semi-arid region (NA), Northwest arid region
(NWA), North and central subtropical region (NCSH), South
subtropical and tropical region (SSH), and Qinghai-Tibet
Plateau region. We have no available observation data for

Fig. 1 The distribution of
regionalization over China in
this study

Qinghai-Tibet Plateau

Taiwan, and the Qinghai-Tibet Plateau region exhibits com-
plex topography and meteorological conditions, so we have
excluded Taiwan and Qinghai-Tibet Plateau in this research.
The boundaries and extents of each region are shown in
Fig. 1.

2.2 Model and datasets

We integrate regional climate model outputs, satellite data
and meteorological observations to analyse relationships
between biogeophysical properties (e.g. albedo and LAI)
and regional T2.

The Weather Research and Forecasting (WRF) model has
been widely used in regional climate simulations (Argiieso
et al. 2014; Chen and Frauenfeld 2016; Feng et al. 2012).
In this study, WRF model (version 3.9.1; Skamarock et al.
2008) has been applied to perform regional numerical simu-
lations. The initial and boundary conditions are based on the
National Centres for Environmental Prediction (NCEP) FNL
Final (FNL) Operational Global Analysis data (Research
Data Archive at the National Centre for Atmospheric
Research et al. 1999; http://rda.ucar.edu/datasets/ds083.2/,
accessed on 3 November, 2019) achieved from the Global
Forecast System (GFS) with a 6-h time interval at 1-degree
resolution, which represents the current state of the climate
conditions well. Meteorological datasets from 2474 Chinese
in-situ stations and the Climate Research Unit Time Series
(CRU TS) 3.2.1 dataset (Harris et al. 2014) (https://crudata.
uea.ac.uk/cru/data/hrg/, accessed on 10 November, 2019)
are adopted to validate the accuracy of the meteorological
simulation of WRF (Fig. S1). The physical model configura-
tions are the same as that used in Dong et al. (2019) and are
listed in Table S1. Among those, the land surface scheme
within WRF use the Noah Land Surface Model (Noah LSM;
Chen and Dudhia 2001) with a single layer Urban Canopy

North Humid/semi-humid Region (NH)
North Semi-arid Region (NA)

North/central Subtropical Region (NCSH)
Northeast Humid/semi-humid Region (NEH)
Northwest Arid Region (NWA)
Qinghai-Tibet Plateau Region

South Subtropical/tropical Region (SSH)
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Model (UCM; Kusaka and Kimura 2004), which simulates
the energy balance and moisture exchanges between the sur-
face and the lower atmosphere (Table 1).

Two land-cover datasets are used in this study (Fig. 2).
The first group for the numerical simulation includes the
potential vegetation (PVN) dataset and the Chinese Land-
use Monitoring dataset (CLUM; Liu et al. 2010, 2014) 2000
(Fig. 2a, b). The PVN developed from the 5-min resolution
dataset from Ramankutty and Foley (1999) is defined as
undisturbed land surface condition (Findell et al. 2007) or
preindustrial land-cover (De Noblet-Ducoudré et al. 2012)
which provides a baseline to represent the natural develop-
ment of land cover in the absence of human interventions.
The contrast one to compare with PVN is the CLUM 2000
datasets with 1 km spatial resolution, which is considered
as the land-use condition with anthropogenic impacts. The
other group of datasets adopted in observational pair-site
comparison is comprised of CLUM 2000, 2005, 2010, and
2015 which stand for different economic development levels

and thus display disparate proportions of land-cover types
especially for urban with 1 km spatial resolution. PVN
(Fig. 2a) differs in land classes from other CLUM datasets
(Fig. 2b—e) which contain vegetation and urban land use
types (Table. S2). The CLUM datasets are based on the
dominant land type for each grid cell and exhibit a more
scattered distribution than the PVN dataset. However, the
land-cover classification scheme used in WRF are based on
the MODIS classification scheme. To enable consistency
between the PVN, CLUM and MODIS land-use systems,
these datasets are harmonized using the reclassification rules
shown in Table S2.

Besides, for observational comparison, monthly data
for 2000, 2005, 2010, and 2015 on a 1 km grid of 10-daily
albedo and LAI have been obtained from SPOT and PROBA
satellite datasets through Copernicus Climate Data Store
(https://cds.climate.copernicus.eu/cdsapp#!/home, accessed
on 1 November, 2019). From the albedo dataset, white-sky
albedos over the shortwave broadband is regarded as the

:l No change - DeciBroad Forest C] Woody Savanna - Cropland [: Barren
- EverNeedle Forest C] Mixed Forest I:I Savanna - Urban - Water
- EverBroad Forest - Close Shrub - Grassland - Crop/Vege mosaic - Tundra
- DeciNeedle Forest :’ Open Shrub [:] Wetland [: Snow and ice

- Cropland - Shrubland

- Forest

- Urban

\:’ Grassland - Other(ice, barren, mixed)

Fig.2 Overall spatial distributions of differences in the two groups of
land-use/land-cover datasets. The differences of land-use/land-cover
distributions used for WRF numerical simulations between: a poten-
tial vegetation and; b 2000 land-use in MODIS-based land-use clas-
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sification; the differences of land-cover/land-cover distributions used
for observational comparisons among: ¢ 2005 land-use; d 2010 land-
use; e 2015 land-use in 6 land-use classification which are resampled
from 1 to 15 km for better presentation
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Afforestation led to an overall cooling

Temperature Major conclusions

LST

Land-cover type/changes
Natural forest, plantation forest,

Satellite datasets

Datasets

Study area
Guangdong

Shen et al. (2019)

Table 1 (continued)

Literature
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but had a warming effect in the mid-

subtropical forest zone

grassland, cropland

independent status of the sky (Schaaf et al. 2002; Zhao and
Jackson 2014) and used to calculate into monthly average
to represent the surface albedo characteristics. Terrain data
from the Shuttle Radar Topography Mission (SRTM) in
90 m has been upscaled to 1 km to match the spatial reso-
lution of other datasets. Monthly average T2 temperature
(T2-ave), maximum T2 temperature (T2-max), minimum
T2 temperature (T2-min) during 2000-2015 have been
extracted from the 1 km meteorological datasets published
for China by Peng et al. (2019). All monthly variables are
aggregated to seasonal mean (June, July, and August, JJA for
summer; December, January, and February, DJF for winter)
within the six climatic zones (NH, NA, NCSH, NEH, NWA,
and SSH).

2.3 Experiments

Two groups of experiments, numerical climate simula-
tions by WRF and observational pair-site comparison, are
taken in this study (Table 2) to show land-cover impacts on
local climate modulated by albedo and LAI changes. First,
PVN and CLUM 2000 land-cover datasets are embedded
into WRF through replacing its default static geographi-
cal data. In this way, LAI and albedo will be recalculated
according to the indicated land-cover datasets in the WRF
pre-processing. We implement the paired WRF model
simulations with separate land-cover data from PVN and
CLUM?2000 forced by the same initial and boundary condi-
tion of the FNL analysis dataset from 2000 to 2010. The
differences between two simulations are used to estimate
how land-cover changes affect the biogeophysical processes
through altering the energy exchange and water balance. The
simulation with 2000 land-cover data is referred to as the
control experiment named CTL_2000_LND_2000 (CTL)
while the other one with PVN land-cover data is indicated
as NTR_2000_LND_PVN (NTR). The major differences
of these two land-cover data inputs are whether including
the impact of human activities (i.e., CTL in Fig. 2b) or not
(i.e., NTR in Fig. 2a), such as urbanization and agricultural
development. As urbanization expansion in 2000 is still low
over China, climate changes induced by vegetation nearby
will not be considered as strongly affected by human activi-
ties. The model domain covers the whole China at a resolu-
tion of 20 km, and includes 253 grid points in the east-west
direction and 214 grid points in the north—south direction.
There were 36 vertical atmospheric levels up to 50 hPa.
Both two experiments were integrated for 108 days in sum-
mer and 106 days in winter from 16" May to 1st September
and 16th November to next 1st March respectively, for each
year during 2000-2010. To reduce the internal noise and
enhance modelling robustness, we conduct three ensemble
simulations for each experiment by perturbing initial condi-
tions starting at different time with an interval of 3 days.
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Table 2 The simulation and observational experiments designed in this research

Group No. Experiment name Scenarios Land-use/land cover Initial/boundary condi- Experiment schemes
datasets tions
Simulation 1 NTR_2000_LND _ Natural land-cover Potential vegetation NCEP FNL analysis May 10th 2000-March
PVN (NTR) without human inter-  without urban and data from 2000 to 1st 2010
vention crop 2010 May 13th 2000-March
1st 2010
May 16th 2000-March
1st 2010
2 CTL_2000_ Control experiment CLUM 2000 May 10th 2000 — March
LND_2000 (CTL) under anthropogenic 1st 2010
impact of 2000 May 13th 2000-March
land-use 1st 2010
May 16th 2000-March
1st 2010
Observation 1 Observ_2000 Low economic devel- CLUM 2000 Satellite products of Pair-sites are extracted
opment the surface albedo, within nearby 99
2 Observ_2005 Moderate economic CLUM 2005 LAl'and T2 from window for various
development meteorological sta- land-use type of each
3 Observ_2010 CLUM 2010 tions year. The number
of pair less than 10
Observ_2015 High economic devel- CLUM 2015 in each zone are not

opment

considered

The simulation periods before 1st June and 1st December
were treated as the spin-up time and not considered in the
analysis. Then the anthropogenic land-use change effects on
regional climate and energy exchange process are investi-
gated by comparing the differences in albedo, LAI, ET, LHF,
SHF, and T2 between two scenarios. The Student’s-t-test
is used to estimate the significance of changes in climatic
variables.

Second, vegetation conversion pairs are extracted using
pair-sites method based on CLUM land-cover datasets of
2000, 2005, 2010, and 2015 (Fig. 2b—e) which is also
called space-for-time approach (Huang et al. 2018b; Chen
and Dirmeyer 2020). Vegetation pixels within 5 pixels to
urban pixels are excluded as urbanization would strongly
contaminate vegetation induced climate change. To get
more matched vegetation pair-sites and reduce the impact
from surrounding land-cover types, each CLUM dataset
is resampled to 5 km spatial resolution. A dominant land-
use/land-cover type, with a contribution of 80% or more,
is considered as the type of that area. If no dominant type
can be found, this resampled pixel is marked as missing
value. One exception is urban samples with a fraction of
40% as the threshold, which are used to filter vegetation
extraction. Pair samples are searched for each land-cover
type (forest, grassland, cropland, shrubland, urban) of each
CLUM dataset. After multiple tests, the searching rules
are based on a reference sample and its adjacent samples
within a 9 X 9 window, which can fulfil both the closest
distance and ensure enough amounts of sample pairs by
multiple tests. For example, the surrounding 9 X9 windows
of each cropland sample are searched to choose its paired

land-cover types (i.e., forest). If there is more than one
sample of the same type within the window, the values of
these samples will be averaged, and then one cropland and
forest (cropland-forest) pair-site is extracted. This method
has been adopted by several researchers such as Li et al.
(2015) and Ma et al. (2017). Besides, to eliminate the
elevation impacts on paired land-cover climate, pair-sites
with an elevation difference above 50 m are discarded. We
focus on three land-cover vegetation pair-sites, including
cropland-forest, forest-grassland, and cropland-grassland
as shrubland and urban can hardly found enough paired
pixels nearby (less than ten in each zone). An assumption
is made that these pair-sites are shared with the same back-
ground climate as the actual distance between each site is
less than 45 km. We further accordingly composite aver-
aged monthly albedo, LAI from satellite observations, and
T2-ave, T2-min, and T2-max from interpolated observed
meteorological data based on paired vegetation samples.
Comparisons of T2 in summer (JJA) and winter (DJF) are
made between vegetation pairs among various climatic
zones, as well as their relationship with albedo and LAI
changes. Latitudinal temperature variations for each veg-
etation pair are also evaluated to examine possible climatic
dependence on latitudinal distribution. Finally, correla-
tions between modelling and observations are assessed for
changes of summer and winter T2-avefor each vegetation
pairs (forest-grassland, cropland-forest, cropland-grass-
land) in each zone. The modulation impact of background
climate on the land—atmosphere flux exchange in response
to vegetation types and surface property changes is also
examined as background climate and land-cover change

@ Springer
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are full coupled in the numerical simulations while sepa-
rated for the pair-site observations.

3 Results and discussion

3.1 Simulated climatic variations of natural
and anthropogenic land-cover

Compared to the CRU TS data and the interpolated climate
data using in-situ meteorological stations, the WRF model
well captures the pattern of temperature changes over China
in spite of some underestimations during the winter season
(Fig. S2).

Constrained by the same forcing of atmospheric bound-
ary conditions and greenhouse gas (GHG) concentrations
in 2000, the differences between the CTL and NTR simula-
tions demonstrate remarkable T2 and P changes in response
to vegetation conversions (Fig. 3). Excluding Qinghai-Tibet
Plateau region, the area averaged climate changes show
both cooling effects by 0.2 °C and 0.31 °C for summer and
winter, respectively, in CTL compared to NTR. Stronger
T2-max differences are found in CTL than NTR, with a
small T2-max of 0.27 °C for summer and 0.45 °C for winter
(Fig. S3). The diurnal temperature range (DTR) is reduced
by 0.11 °C in summer and 0.25 °C in winter for CTL in com-
parison to NTR. The main land-cover transition from NTR
and CLT is conversions from forests to croplands and grass-
lands which counts for 64% of the whole. These responses of
temperature and DTR to deforestation changes are consistent
with previous studies (De Noblet-Ducoudré et al. 2012; Xu
et al. 2015) although with a relatively different magnitude,
which may be induced by the different simulation resolu-
tion and land-cover data. T2 changes show an opposite sign
between summer and winter over southern China and the

Fig. 3 Differences in a summer

(a) summer T2

Northeast Plain but are consistent over North China Plain
and Northwest regions (Fig. 3a). The increased summer T2
in CTL over southern China is mainly led by conversions of
mixed forest to grassland while the decreased winter T2 over
the Northeast Plain results from conversions of shrub and
grassland to cropland. Most of the regions over the domain
displays a lower temperature in NTR than that with present
land-use condition, with a significance level of 0.05.

LAI changes in relation to the evaporation and humid-
ity are also explored to further understand the temperature
changes. As indicated in Figs. 4 and 5, CTL and NTR show
distinct differences in the land properties of albedo, and LAI.
These changes modulate energy partitioning (SHF and LHF)
and water budget (ET) processes between the surface and the
lower atmosphere. In CTL, obvious LAI increases appear
over areas along the northeast to southwest line and the
central China where deciduous broadleaf forests and savan-
nas are converted to mixed forest and croplands; whereas,
reductions are shown over areas in the transition of ever-
green broadleaf and mixed forests to savannas and croplands
and from tundra to the grasslands (Fig. 4a). This means that
LAI even strongly varies within the forest type, for instance,
mixed forest is lower than evergreen broadleaf forest but
higher than deciduous broadleaf forest. Deforestation to
croplands and savannas decreases the Rg higher than 1-0.4
(NCAR 2016), which plays dampening roles in adjusting ET
and humidity. Humidity and ET changes are very similar and
depend highly on local climate change and soil moisture.
The increase of humidity in the north-eastern and central
region and LAI in southwest region together leads to the
increase of evaporation and reduction of summer T2 changes
(Figs. 4b and 3a) in CTL. Inconsistent changes between
decreased LAI and increased humidity over the middle-
eastern China which presents major land-cover transitions
from mixed forest to cropland, induce an increase of ET

(b) winter T2

T2 and b winter T2 between the
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Fig.4 Same as Fig. 3 but for a LAI, b evapotranspiration (ET) and ¢ 2-m specific humidity. Regions with dots mean variations that have passed

the significant t-tests (p <0.05)

and LHF in summer. With a small amount of precipitation
and run-off in winter, ET decreases in southern China due
to humidity reduction and slight increases in the southwest
due to LAI rising (Fig. 4a—c).

Albedo increases in nearly all parts of China (Fig. 5a)
except for the northeast and parts of southwest China in
CTL, thus reducing the shortwave radiation at the surface
and affecting the total energy available for both the SHF
and LHF, i.e., the surface net radiation (Pielke et al. 2011).
This is mainly seen over the regions of mixed forests, crop-
land and woody savannas which replace the former poten-
tial natural vegetation of evergreen broadleaf, evergreen
needleleaf and deciduous broadleaf forests in NTR land-
cover. Transitions from savannas and forests to croplands
increase winter albedo over central and northeast China for
CTL. Increased shortwave radiation driven by albedo vari-
ation are enhanced by the surface LHF loss over southern
China, resulting in warmer climate and increased SHF dur-
ing the summer (Fig. Sa—c). Other regions such as central,
and Inner Mongolia demonstrate significant albedo increase,
which overwhelms LHF reduction, leading to decreased T2
in summer. Though the stronger increases in LHF are partly
counteracted by the increases in the absorbed net radiation
over southwest and northeast region, T2 in those regions

still shows cooling trends. Albedo changes over the southern
China in winter exhibit stronger signals to those in sum-
mer, thus overweighing the warming effect of LHF loss and
making whole cooling climate to the southern China. The
reduced albedo in central northeast China and Loess Plateau
combined with the limited ET and precipitation increases the
average T2 in winter. Northern region of China dominated
by the increase albedo displays cool winter T2 to a large
extent. Thus, Northeast China Plain and southern China
are dominated by ET and LHF changes in summer and by
albedo and SHF changes in winter. Centre China shows
minor albedo changes from mixed forest to cropland, which
is primarily affected by ET and LHF.

3.2 Observational temperature effects of different
vegetation conversions

Using CLUM land-cover in 2000, 2005, 2010, and 2015,
we generate the neighbouring land-cover pairs for for-
est, cropland, and grassland over the six zones (Fig. 6a).
Totally, there are 1982 pairs of cropland—forest, 3643 pairs
of cropland—grassland, and 808 pairs of forest—grassland
samples within their surrounding 9 X 9 window areas. With
varying humidity and sunshine, each zone shows distinct
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characteristics of vegetation distribution. For instance, NEH
is a northern temperate and semi-arid region with both mod-
erate humidity and temperature and owns abundant pairs of
all three types of land-cover pairs, while NH has the lowest
number of vegetation conversion pairs as most NH areas
are urbanized. The temperate and arid climate offer suitable
conditions for grassland growth in NWA and NA where the
majority of cropland-grassland sample pairs are collected.
By contrast, the warmer and wetter NCSH and SSH regions
are rich in cropland-forest and forest-grassland pairs. NWA
situated in the most north-western China, has few cropland-
forest pairs and thus no available extracted variables for
cropland-forest (Fig. 6b).

From regional averaged difference for each pair in T2-ave,
LAI, and albedo during summertime, we can explore the
climatic effects of each vegetation conversion pairs over each
region (Fig. 6b). As these pairs are close enough, their dif-
ferences in temperature, LAI, and albedo can be regarded as
the major contribution of land-cover conversions. Albedo
and LAI are the two most important land surface properties
which corporately affect the near-surface temperature. LAI
and albedo show scattered pattern because of the hetero-
geneous spatial distribution of land-cover and tend to dis-
play the opposite impact on temperature among all regions.
Decreasing albedo would increase the absorbed net radia-
tion while LAI reduction dampens the cooling effect of ET,
conjunctly warming the surface air. Croplands are repre-
sented with larger albedo and lower LAI than forests in all
regions. Thus, other than the cooling T2-ave in NA due to
the extreme large albedo, the other regions get larger warm-
ing effects of cropland than those of forest. Cropland and
forest in NA are cooler than their surrounding grassland, in
agreement with the results of Zhao et al. (2017). NEH fea-
tured with dense forest growth owns much higher LAI and
lower albedo relative to their surrounding cropland (Fig. 6b
upper). This results in an outstanding T2 increase and shows
the stronger albedo warming impact than ET cooling over
the high latitudinal areas. For forest—grassland samples, for-
est has larger LAI and smaller albedo than grass, leading
to cooler T2 of forest than that of grassland. Temperature
differences of cropland—grassland pairs are very small, indi-
cating cropland and grassland have similar LAI and albedo
except for in NWA where cropland exhibits significantly
higher greening and LAI than those of grassland.

CRU annual mean temperature shows a weak warming
trend from 2000 to 2015 with the highest T2-ave of 8.1 °C
in 2015 (Fig. 7a). Comparisons of three vegetation conver-
sions show consistent trends in temperature and biophysical
property changes along year 2000, 2005, 2010, and 2015 but
the magnitude varies with zones inter-annually (Fig. 7b).

Over three regions with larger pair amount for each veg-
etation conversion, the cropland—forest conversion, that is
the conversion from forest to cropland, over NEH, NCSH

and SSH reveals comparable changes of T2 and biophysical
properties despite the distinct differences of moisture and
sunshine (Fig. 7b). In NEH, decreased warming of T2 for
cropland-forest can be explained by the enhanced albedo and
reduced LAI changes. While in the southern tropical SSH,
a slight decline of T2 difference is found which is driven by
a significantly increasing LAI differences and indicates a
suppression of vegetation-induced local temperature changes
under global warming. The other two vegetation conversions
with higher uncertainties present more obvious heterogene-
ous characteristics over the selected climatic zones. Crop-
land-grassland pairs in NWA and NA show the same signs
in albedo and LAI changes from 2000 to 2015 but opposite
T2-ave variation, indicating the dominant LAI impact in
NWA but albedo effect in NA (Fig. 7c¢). In addition, the
changes in T2-max and T2-min of cropland—grassland pairs
in all regions have completely opposite signs. This suggests
that the type of cropland and grassland over NWA and NA
have obvious differences in their specific heat capacity
which could determine the warming efficiency with absorb-
ing the same amount of energy. Forest-grassland samples
in NEH and NWA have similar changes in LAI and albedo
with a decreasing trend from 2000 to 2015, and so are the
T2-ave differences (Fig. 7d). NCSH region shows no con-
sistent changes of T2 due to the limited sample pairs. Thus,
regional variations in land-cover type play crucial roles in
determining local temperature differences and no evident
influence of the background climate are found among the
vegetation induced temperature changes.

3.3 Latitudinal variations of three vegetation
conversions

Sunshine varies following latitudinal changes as it influences
the incident shortwave radiation which is closely associ-
ated with the changes of the surface temperature (Lee et al.
2011). Moreover, vegetation living on the photosynthesis
process displays heterogeneous distribution of types along
latitude. Figure 8 shows that the changes of T2-max are
negatively correlated with that of LAI for nearly all conver-
sion types below 30° N. The strong correlation suggests that
the LAI may be the main reason accounting for the T2-max
changes along the latitude, particularly for cropland—grass-
land pairs. Interestingly, there is also a positive correlation
between changes in temperature and albedo contradicting to
the relationship between LAI and temperature below 30° N
for cropland-forest and forest-grassland pairs. This indicates
that the albedo changes are also induced by LAI and further
confirm the driving role of LAI in modulating temperature
changes. Vegetation type with larger LAI tends to have
stronger ET and smaller albedo which causes a cooling and
warming effect, respectively. However, the former impact
overwhelms the latter, resulting in a net cooling effect and
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(a) CRU Annual T2 changes in China from 2000 to 2015
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thus getting a negative correlation between T2 and LAI. The
dominated LAI impact is much stronger in higher latitudes
such as NH and NEH where the temperature is not sensi-
tive to albedo because of relatively less sunlight duration.
By contrast, the temperature is more sensitive to albedo in
lower latitudes, and the compensating effect between ET and
albedo results in small temperature changes.

Cropland—forest pairs mainly exist in 18°-35° N and
40°-50° N and indicate that cropland is warmer than for-
est. Forest has lower albedo and higher LAI than cropland,
resulting in a net cooling from stronger forest ET (Fig. 8a).
From south to north, the dense forest cover over northeast
China produces higher ET than those of southern regions,
which exceeds the intensive albedo induced warming, lead-
ing to a net cooling effect on climate in high latitudinal
regions, consistent with Li et al. (2016). In total, summer
cropland is warmer than their surrounding forest by 0.14 °C
on average over the region of NEH, NCSH, and SSH.
Grassland shows a more intensive heating of air tempera-
ture by 0.3 °C than croplands (Fig. 8b). T2-max differences
for cropland-grassland pairs and cropland-forest show an
inverse sign, illustrating grassland ranking the most warming
efficient vegetation followed by cropland and forest in tem-
perate and boreal regions. As sparse pairs are available for
forest and grass in all regions except for NEH, the variations
among T2, albedo, and LAI demonstrate slight significant
correlations and albedo and LAI jointly lead to a majority of
cooling on T2 by 0.09 °C on average (Fig. 8c).

3.4 Differences of temperature responses
between modelling simulation and observation

Note that the different temperature responses between model
and observation results could partly because the coupled
model simulation considered atmospheric feedback between
land surface and atmosphere, which are particularly strong
during the warm season (Winckler et al. 2017; Devaraju

(a) Cropland - forest

(b)cropland - grassland

et al. 2018). Therefore, average T2 changes are calculated
and compared for the three land-cover pairs, cropland-forest,
cropland-grassland, forest-grassland), over various regions
based on both simulation results and observational data-
sets (Fig. 9). The largest inconsistencies occur in cropland-
forest pairs with totally opposite summer T2 changes in
NH, NCSH&SSH, and NEH&NA, indicating a very strong
land—atmosphere interaction in climate simulation in warm
season for cropland and forest (Fig. 9a). Cropland tends to
have higher temperature than forest from locally aspect as
deforestation to cropland results in higher albedo and less
ET. However, this will be changed after considering the
atmospheric circulation and cloud impacts as simulated T2
of cropland is much lower than that of forest, agreeing with
most modelling studies which revealed that deforestation
leads to cooling effect from historical land-use and land-
cover over middle and high latitudes (Lejeune et al. 2017,
Chen and Dirmeyer 2020). Pair-sites cropland-forest consists
of nearby samples, which fulfils the assumption that they
share similar background conditions. Thus, this comparison
illustrates that background climate from the model simula-
tion can overwhelm the local warming effects represented
in the paired cropland-forest.

Obvious regional and seasonal influences of atmospheric
feedbacks may be found in cropland-grassland as summer
T2 changes in NH and NCSH&SSH locating in southern
China show discrepancies between observed and simulated
results (Fig. 9b). Cropland warms the local temperature than
grassland in summer but cools the climate in winter from the
pair-site stations. The warming effects can be totally offset
by the atmosphere cooling impact over the whole south-
ern region due to strong ET (Fig. 4b) and LHF occurrence
(Fig. 5¢). Northern regions such as NWA and NEH&NA
show uniform variations but large differences in magnitudes
for cropland-grassland as local effects are several times as
the simulated changes especially in NWA (Fig. 9c). Regional
changes of forest-grassland induced temperature are highly

(C) Forest - grassland

29
NH

NCSH&SSH

NWA 2021

NEH&NA 1138

Average T2 changes (°C)

Fig.9 Average T2 changes with three vegetation conversion pairs
a cropland—forest; b cropland—grassland; ¢ forest—grassland over
NH, NCSH&SSH, NWA, and NEH&NA based on model simulation
(blue) and observation (orange). Blue bars are calculated using simu-
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consistent except for the winter variation in NH. This slight
disagreement might be resulted from different spatial reso-
lution (i.e., 20 km for simulated climatic changes and 1 km
for observation). In summer, cooling effects of forest from
higher LAI and enhanced ET exceeding grassland over NH
and NCSH&SSH demonstrate uniformed decreasing on T2
changes in both simulation and observational results. Oppo-
site warming impacts are found for forest in winter over
northern China. In general, most incompatible changes for
simulation and observational cases are for cropland-forest
and cropland-grassland, which may come from either the
atmospheric feedback of coupled simulation or the uncer-
tainty of the land surface model as cropland is regarded as
only one type in the land cover input of the model which
would reduce the accuracy of the LAI and albedo calcula-
tion of the land surface model. However, it is difficult for the
regional climate model to eliminate the atmosphere feedback
impact through land-cover sub-grid experiments as those
for global models carried out by Malyshev et al. (2015)
and Chen and Dirmeyer (2020). Further improvements are
needed for regional climate models to distinguish their local
and non-local effects of land-cover.

4 Summary and conclusions

Land-cover change influences biophysical processes of
energy and moisture exchange, which are essential and cru-
cial to interactions between anthropogenic activities and the
atmosphere. The surface properties among cropland, for-
est, and grassland affect the near-surface temperature to a
wide spatial-temporal variation (e.g., Wickham et al. 2012;
Zhao and Jackson 2014). In this study, comparisons are
implemented between regional WRF modelling results and
observational datasets in terms of the T2 changes caused
by three vegetation conversion pairs (cropland-forest, crop-
land-grassland, and forest-grassland) to investigate roles of
vegetation and the differences in the mechanism of climate
model and actual in-situ measurements and satellite moni-
toring. Local and regional influences of LAI, albedo and
energy partitioning between LHF and SHF are discussed
in relation to T2 changes. Characteristics of each vegeta-
tion conversion along with their distribution on regional and
latitudinal variation are highlighted through changes in net
radiation and latent heat loss and their effects on tempera-
ture. WRF simulation with massive vegetation area changes
between potential land-cover and historical anthropogenic
land-cover demonstrates stronger ET effect on summer T2
and decreased SHF on winter T2, resulting in an overall
cooling of 0.2 °C in summer and 0.31 °C in winter, which
are in agreement with the deforestation impact from Ge et al.
(2014) and Li et al. (2016). However, observational datasets
show higher boreal and temperate T2 of cropland than those

of forest and grassland, which are inconsistent with Zhang
and Liang (2018) and Huang et al. (2018b) in cropland-for-
est but consistent in cropland-grassland interactions, which
may result from the different data sources. Grassland warm-
ing effects than forest is similar with those mentioned by
Zhao et al. (2017). Latitudinal temperature changes using
in-situ pairs indicate the dominant cooling effect of lati-
tudinal LAI changes. Overall, ET as the driving factor in
summer T2 changes displays stronger regional impact on
modelling results than that of observations between cropland
and forest, which may be originated from the inner param-
eterize vegetation phenology and biophysical properties in
WRE. This can also be relevant to the atmospheric feedback
impact on crop-forest and crop-grassland effects of which
the temperature responses are opposite between modelling
and observational datasets and should be further explored
by using more detailed regional modelling such as sub-grid
land-use change simulations.

This study not only reviews research on vegetation
induced regional climate change but also investigates the
actual case comparison between relative high-resolution
simulation and observational datasets over heterogeneous
regions, contributing to reveal deeper differences in model-
ling mechanism and in-situ changes and promote local and
regional climate changes. However, as indicated by Zhao and
Jackson (2014) and Zhu and Zeng (2017), forest type such
as needleleaf and broadleaf within different climate zones
could present opposite influences on the surface tempera-
ture, should be considered in detail instead of combining
them into one forest type. Seasonal changes including spring
and autumn (Zhu and Zeng 2015) making an essential con-
tribution to annual warming and cooling need to be evalu-
ated to improve the accuracy of model parameterization on
the relationship between vegetation and climate.
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observations are available from the China Meteorological Data Service
Centre (http://data.cma.cn/en).
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