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Study region: Loess Plateau (LP), China
Study focus: This study aimed to research whether and to what degree afforestation contributes to
the variations in moist heat stress in the study area. Here, wet bulb, temperature (Tw) was used to
quantify the moist heat stress. Subsequently, The Weather Research and Forecasting model (WRF)
is applied to simulate the modulation of climate change related to afforestation during
2001–2015. Based on the analysis of energy fluxes, we identified the biogeophysical mechanism
of afforestation impact on moist heat stress.
New hydrological insights for the region: Since the operation of the “Grain-to-Green” program, LP
has experienced widespread afforestation which perturbs energy and water fluxes, affecting
regional climate regimes. The forest expansion increases relative humidity but cools the regional
temperature. As a significant combined climate factor, the average moist heat stress decreases
with the magnitude of − 0.1~− 0.3 ◦ C in central LP. While the decrease rate of Tw is slower than
near-surface temperature. It is worth noting that, an increased signal occurs in the maximum Tw
(almost 0.2 ◦ C in eastern and northeastern LP), which might expose humans to the risk of moist
heat stress. By the mechanistic analysis, the research shows that the near-surface temperature and
sensible heat flux are dominant driving factors for the change of Tw. Furthermore, the subsidence
of the planetary boundary layer enhances moist heat stress. Overall, afforestation’s effects on land
surface-atmosphere interaction are non-negligible and the moist heat stress should be accounted
for in climate change adaptation strategies.

1. Introduction
Global warming is an undeniable reality (Kerr, 2007; Xu et al., 2018), and most research on heat stress extremes under continued
warming tends to focus on independent climate indicators such as temperature, precipitation, etc. (Cao et al., 2019; Zhang and Liang,
2018). However, some researches investigate that heat stress extremes were more frequently associated with surface humidity
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variation than surface temperature variation (Raymond et al., 2017, Sherwood, 2018, Kang and Eltahir, 2018), so it is not convinced to
research heat stress using a single indicator, that is to say, the heat stress is moderated by moisture (Mishra et al., 2020). As one of the
most severe heat hazards, moist heat stress greatly challenges economic activities, agricultural resources, and ecosystems, significantly
affecting human health. It is well-established that due to extreme heat stress events, there is a substantial reduction in work pro
ductivity (Zander et al., 2015; Kjellstrom et al., 2016; Rao et al., 2020). Moreover, moist heat stress will decrease the body’s evap
oration rate and exacerbate physiological heat stress, increasing morbidity and mortality (Raymond et al., 2017, Freychet et al., 2020).
In China, some areas have already witnessed moist heat stress conditions during summer from 1971 to 2014 (Luo and Lau, 2021;
Freychet et al., 2020), meaning that more people will be exposed to heat stroke. However, most of the research ignored the interaction
between landcover and the atmosphere, leading to more uncertainty in researching the impact of moist heat stress. There is still no
clear consensus about how moist heat stress-related risks emerge from the interplay between natural heat acclimatization and human
activity.
Nowadays, studying the mechanism of human activity in the land-atmosphere process is attracting increasing attention. Intensive
anthropogenic activities (e.g., urbanization, land cover change, irrigation, etc.) modifies land-atmosphere processes through the
alteration of the regional water cycle and energy transfer (Cherubini et al., 2018), which in turn affects the region’s micro-climate.
Many researchers have investigated the impact of irrigation and urbanization on moisture content (Mishra et al., 2020, Yang et al.,
2021). However, as one of the essential human-mediated activities, afforestation has a visible effect on the regional moisture heat
stress. The revegetation influences the climate not only by the biogeochemical process (carbon sequestration) (Forzieri et al., 2017) but
also by biogeophysical processes (Davin and Noblet-Ducoudré, 2010). The greening trend changes biogeophysical characteristics,
affecting energy and water fluxes (Keenan et al., 2016). On the one hand, open terrain has a higher albedo than forest (Betts, 2000;
Betts, 2011; Jach et al., 2020), so more radiation is absorbed after forest expansion, which leads to an increase in available energy,
hence to warming (Gibbard et al., 2005; Bonan et al., 2008; Lansu et al., 2020). On the other hand, afforestation creates a deeper root
system and greater transpiring leaf area, which will promote latent heat flux and cool the surface (Peng et al., 2014, Bright et al., 2015).
As a result, the balance of radiation and heat flux impacts determines which mechanism has the greater influence on regional climate.
Scholars have made numerous attempts to demonstrate that afforestation modifies the occurrence of climate factors (including pre
cipitation, evapotranspiration patterns) (Hoek van Dijke et al., 2022; Odoulami et al., 2019; Teuling et al., 2019; Hu et al., 2019;
Abiodun et al., 2013; Teuling et al., 2010; Zhang et al., 2019). Many of these are studies on temperature. Due to the different in
biogeophysical processes, the impact of afforestation on temperature will vary from region to region. In tropical region, the dominant
factor affecting the temperature is nonradiative forcing. Caused by the high rates of evapotranspiration in tropical forests, the tem
perature will decrease after afforestation (Betts, 2000; Li et al., 2015). As for boreal forests, afforestation lower albedo than before,
warming the climate (Baldocchi et al., 2004). While there is still no clear consensus about whether the climate response of the
temperate forest will be cooling or warming (Bonan et al., 2008). Moreover, the effect of afforestation on moisture heat stress is still
unclear. Hence, modeling the impact of afforestation on temperature, humidity and moist heat stress with greater spatial-temporal
details from energy balance is needed to explore how the change affects the local climate (Sylla et al., 2016).
China is one of the countries with the highest amounts of afforestation. As Remote sensing image shows, an extensive trend of
revegetation has been observed in China (Zhai et al., 2015; Feng et al., 2013), with a greening area of 212 million ha in 2008 (Feng
et al., 2016; CFS, 2019), especially in the Loess Plateau (LP). In 1999 the Chinese government established the “Grain to Green” (GTG)
program (Cao et al., 2018; Han et al., 2021). Up to 2012, the extension of forest area in the central LP (Ningxia, Shanxi, and Shaanxi)
accounted for 11.2 % of the land area of the three provinces (Xiao, 2014). To quantify the afforestation influence on climate, previous
studies have demonstrated the change of single climate factors related to afforestation, such as temperature, precipitation, etc. (Cao
et al., 2019). However, the cumulative effects of afforestation continue to directly impact ecosystem functions due to other factors such
as moist heat stress, which are crucial yet uncertain in LP. With the dual influence of global warming and afforestation, exposure to the
risk of high moist heat stress will cause a severe impact on the local economy, human living comfort, and agricultural production
(Koteswara et al., 2020). Meanwhile, given that LP has a population of more than 0.1 billion people (data from the ’Outline of
Comprehensive Management Planning for the Loess Plateau (2010–2030)’), clearing how climate change and large-scale afforestation
affect local moist heat stress is a critical scientific topic with practical implications. Therefore, it is essential to detect whether and to
what degree afforestation contributes to the moisture heat condition (Huang et al., 2020) after implementing the ’GTG’ program in the
LP.
Afforestation and its climatic implications on a regional scale have been investigated with the ultimate goal of statistically defining
the climate response, particularly the moist heat response to land surface change. In general, the methodologies can be divided into
empirical studies (based on observed data, such as in situ observation and satellite observations) (Zhang et al., 2014; Zhang and Liang,
2018) and Land-atmosphere interactions model simulations (Lansu et al., 2020; Jach et al., 2020; Li et al., 2016; Alkama and Cescatti,
2016; van Heerwaarden and Teuling, 2014). In most cases, the latter effectively isolates land cover change’s radiative and nonradiative
processes. Thus, modeling tools are pretty helpful in determining how vital vegetation greening can be in moderating climate changes
worldwide (Ge et al., 2019). To study the impact of afforestation on the land surface-atmosphere interaction, we used the Weather
Research and Forecasting model (WRF) and generated control and vegetation greening scenarios. We investigated the association
between moist heat stress and the elements that contribute to it. Our goal was to (1) assess the magnitudes of vegetation change in LP
during the summer (June, July, and August) from 2001 to 2015; (2) analyze the climate response to different greening scenarios, and
(3) investigate the impact of afforestation on energy flux to determine the biogeophysical mechanisms of afforestation’s climatic effect.
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2. Study area
The Loess Plateau, one of the most extensive plateaus in China, is located between 104◦ 54′ E~114◦ 33′ E and 33◦ 43′ N~41◦ 16′ N,
covering an area of about 620,000 km2. The altitude is approximately 800–3000 m. Influenced by the East Asian and South Asian
summer monsoon activity (Liu et al., 2016, Shi et al., 2020), the climate of LP is characterized by wet and warm in summer and dry and
cold in winter. LP is an arid and semi-arid area (Kong et al., 2020), with the average annual precipitation and temperature varying from
110 mm to 860 mm and 4–14 ◦ C, respectively. The LP is mainly covered with highly erodible loess layers with surface thickness
ranging from 50 to 80 m. As one of the world’s most severe soil erosion areas (Chen et al., 2007), soil erosion in LP is 4.54 million km2,
accounting for 71.5% of the total area. The erosion modulus is approximately 4000 t/km2. The ecological environment in LP has been
seriously damaged due to water resource shortage, desertification, soil erosion, and overgrazing. With the goal of ecosystem resto
ration, ensuring the safety of the ecological environment, and achieving more sustainable environmental conditions, the Chinese
government launched the ‘Grain to Green program’ in 1999 (Cao et al., 2019). In LP, natural vegetation types vary from broad-leaved
deciduous forest to steppe and then to arid desert in the direction from southeast to northwest (Wu et al., 2019). After ‘GTG’ program,
many areas of crops converted to forest land and grassland (Hu et al., 2021). As statistic data shows that afforestation areas in the LP
account for approximately 40 % of afforest areas in China (Office of the National Greening Committee, 2019). From 2001–2016, the
area of forest net gain was 48, 786 km2, and the percentage of the forested area increased from 8.19 % to 15.82 % approximate (Wang
et al., 2018). The NDVI followed a significant upward trend with annual change rates of 0.15 % during 1985–2015 (Qu et al., 2020).
3. Material and methods
3.1. Materials
The leaf area index (LAI), vegetation fraction (FVC), albedo, and land cover data are updated to characterize the change in
vegetation cover. The LAI and albedo are obtained from the Global Land Surface Satellite (GLASS) dataset (http://gre.geodata.cn/
thematicView/GLASS.html) ( Liang et al., 2013). The LAI and albedo are developed from an 8-day-average data at 0.05◦ × 0.05◦

Fig. 1. Digital Elevation Map (DEM) and location of the 11 surface meteorologic stations in LP.
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resolution on a grid from 1982 to 2018. The albedo provides both black-sky albedo and white-sky albedo, and the overall surface
albedo is derived from the average black-sky albedo and white-sky albedo (Su et al., 2007). According to Beer’s law (Norman et al.,
1995), the FVC is associated with LAI. To match the input data pattern of WRF, the 8-day-average data of LAI, FVC, and albedo are
averaged into monthly data between 2001 and 2015. The land cover is satellite observation derived from a Moderate Resolution
Imaging Spectroradiometer (MODIS). According to the principle of "International Geosphere-Biosphere Program" (IGBP) classification
scheme, the land cover data are separated into 17 vegetation types at a resolution of 0.05◦ × 0.05◦ , including 11 categories of natural
vegetation, three classes of mosaic types, and three classes of nonvegetative lands (Friedl et al., 2002).
Many reanalysis products can be utilized to force WRF. However, reanalysis datasets have different deficiencies on various
temporal-spatial scales. As previous researches suggested that the ERA-interim shows a better agreement with Chinese separate sta
tions (Zhu et al., 2017) for precipitation, temperature, and soil moisture, (Decker et al., 2012; Deng et al., 2020). Therefore, the initial
and lateral boundary conditions for WRF are obtained from European Centre for Medium-Range Weather Forecasts (ECMWF) through
ERA-Interim reanalysis data (https://www.Ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era-interim) (Dee et al., 2011). It is
the data with a 6-hr temporal resolution and a 0.5◦ spatial resolution since 1979. Benefiting from the developments of the ECMWF
integrated forecasting system, the ERA-Interim dataset improved lots of parameterizations in the land surface scheme compared to the
original data (Balsamo et al., 2015). The dataset has been widely used due to a variational bias correction technique and directly
assimilated into early satellite radiance data. Therefore, it is an excellent dataset for climate studies (Jiang et al., 2011, Liu et al., 2018).
To evaluate the performance of the WRF model, we obtain observed data from the National Surface Weather Data Day Value
Dataset (V3.0), produced by China Meteorological Data Service Center (http://data.cma.cn/data/cdcindex/cid/6d1b5efbdcbf9a58.
html). This dataset includes the daily near-surface air temperature, surface air pressure, and surface air specific humidity from 699
Chinese meteorological stations. The dataset was proved reliable and used widely (Wu et al., 2020; Xiao et al., 2018). 11 uniform
distributed station data were chosen for this topic in LP (Fig. 1).
3.2. WRF simulation
Many studies have used WRF to simulate the climate, e.g., precipitation (Knist et al., 2020; Cardoso et al., 2013; Srinivas et al.,
2013) and temperature (Chotamonsak et al., 2011). Meanwhile, it is feasible to research the impact of land cover change on the climate
through WRF (Chen et al., 2017; Yu et al., 2020a) and provides multi-physics to adapt the research area (Stegehuis et al., 2015). In this
study, the effects of land cover change on regional climate were simulated using WRF/ARW (V4.2.0) in a one-way nested model with a
horizontal domain of 20 km × 20 km (74 ×58 horizontal cells) and 37 vertical sigma layers. The center was located at 37.50◦ N,
107.5◦ E. The relevant physics parameterizations of the simulation are included in Table 1. WSM 3-class simple ice scheme was chosen
as a microphysics option. The RRTMG scheme was turned on to be more suitable for long and shortwave radiation options. In order to
improve the accuracy of the simulation, the Multi-scale Kain-Fritsch scheme was chosen as the cumulus option, YSU scheme was
selected as the boundary-layer option, and the revised MM5 Monin-Obukhov scheme was chosen as the surface-layer option. The Noah
land surface model (Noah-LSM), coupled with WRF, was utilized to simulate the energy variation or water cycle process between land
and atmosphere (Cao et al., 2019). In the Noah-LSM, the default physical parameters of LAI, FVC, and albedo are the functions of the
land-use category. They can be calculated through their maximum and minimum provided by the VEGPARM.TBL in WRF. The physical
parameters cannot represent the natural land surface condition. To assess the feedback of different land cover on climate, we modified
the default land use type into two simulation scenarios (in Section 3.2) based on MODIS data, which accurately described the different
land cover types and their changes. The default vegetation parameters (LAI, FVC, and albedo) were replaced with GLASS dataset to
ensure that the simulation results were closer to the actual situation.
3.3. Simulation scenario
To explore the process of land-atmosphere feedback in LP, we performed two sets of simulations. One considered vegetation
greening scenario (VGS), in which the land cover classifications, LAI, FVC, and albedo in 2015 were used to approximate the current
surface biogeophysical status. One was a control scenario (CTL), which considered a no-vegetation greening scenario with 2001
vegetation characteristics. WRF model simulated both scenarios with the same initial atmosphere conditions but different land cover
biogeophysical parameters from 2000 to 2015 (The year 2000 was used to spin up the model). The simulations were in June, July, and
August, and the choice was rooted in the perception that vegetation flourished in summer, hence a more vital interaction with the land
atmosphere. Since both experiments’ initial atmosphere and lateral boundary conditions do not vary, the climate differences between
Table 1
The main parameterizations scheme for WRF simulation.
Version

WRF/ARW (V4.2.0)

Horizontal resolution
Microphysics option
Radiation scheme
Cumulus
Planetary boundary-layer
Surface-layer

20 km × 20 km
The WRF Single-Moment 3 class microphysics scheme (WSM-3)
A new version of the Rapid Radiative Transfer Model (RRTM).
Multi-scale Kain-Fritsch
The Yonsei University planetary boundary layer (PBL) scheme (YSU)
The revised MM5 Monin-Obukhov scheme (MM5 similarity)
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VGS and CTL will be attributed to land cover change.
3.4. Wet-bulb temperature
With the higher ambient air, the thermoregulation of the human body can be achieved by evaporation. However, the ability to keep
temperature balance is limited by the humidity. Therefore, robust predictions of moist heat stress should consider humidity alongside
temperature. Given that Tw stands out for its easy calculation and is more sensitive to humidity than other heat stress metrics
(Sherwood, 2018), it was introduced in this research. Tw is a nonlinear relationship of near surface temperature and air humidity,
(Ning et al., 2022; Safieddine et al., 2022) and a combined metric to measure mugginess (Davis et al., 2016; Raymond et al., 2017;
Freychet et al., 2020), which was defined as a temperature that the air parcel would attain if cooled at constant pressure by evaporating
water within it until saturation (Pal and Eltahir, 2016, Yao, 2022). The higher values of Tw the hotter and wetter conditions we will
live, and vice versa (Yao et al., 2022). Heat episodes with high wet-bulb temperature can be dangerous to a human’s health and lower
the productivity of outdoor laborers. Therefore, it is preferable to quantify Tw affected by afforestation. It can be calculated from T, p,
and humidity (Davies-Jones, 2008; Dunne et al., 2013):
Es = 0.6108 × exp((17.27 × (T − 273.15)/T ) )

(1)

Ws = 621.97 × Es /(p − Es )

(2)

W = rh/100 × Ws

(3)

TL = 1/((T − 55) − ln(rh/100)/1840) + 55

(4)

θE = T × (1000/p)(0.2854×(1−

0.28×10− 3 ×W))

TW = 45.114 − 51.489 × (θE /273.15)−

(
)
× exp((3.376⁄ (TL − 0.00254)) × W × 1 + 0.81 × 10− 3 × W

(5)
(6)

3.504

Where TW is the wet-bulb temperature (◦ C), it was designed to measure moist heat stress. Es is the saturation vapor pressure (mbar)
referenced from FAO56. T is the near-surface air temperature in Kelvins (K). p is the surface pressure (mbar) used to describe the
saturation mixing ratio, Ws (g/kg). rh is the surface relative humidity. W is the mixing ratio (g/kg), TL is the lifting condensation
temperature (K). and θE is the equivalent potential temperature (K).
3.5. Model evaluation
To better compare the simulation with the observed climate, the output data of WRF were interpolated to the sites. Then the
statistical indicators, including bias and correlation coefficient (R), were applied to evaluate the model performances across 11 stations
in 2001 (Zheng et al., 2020). Due to the errors in input data and intrinsic limitations of the model, some inevitable biases occur in the
simulation. Table 2 shows that the temperature and absolute percent simulation bias was − 0.96–1.43 ◦ C and 4.9~12.0 %, respec
tively. The relative humidity and absolute percent simulation bias was − 17.86 %~11.42 % and 0.4~17.8 %, respectively. The
simulations were generally highly correlated in a daily resolution with the observation, with the average R= 0.98 (P < 0.01, F-test)
and R= 0.64 (P < 0.01, F-test) for surface temperature and relative humidity, respectively. Thus, it is acceptable to use the model to
simulate climate behaviors.

Table 2
Bias and correlation coefficient between daily simulation and observation data in 2001 across LP.
Sitename

Taiyuan
Xining
Minhe
Wutaishan
Yanchi
Jingbian
Changzhi
Xiji
Luochuan
Maiji
Dongsheng

Lat

37.38
36.72
36.32
38.95
37.78
37.62
36.05
35.97
35.82
34.55
39.83

Lon

101.62
101.75
102.85
113.52
107.40
108.80
113.07
105.72
109.50
105.88
109.98

Surface temperature

Relative humidity

Bias
(℃)

|Percent bias ( %)|

R

Bias
( %)

|Percent bias ( %)|

R

1.43
-0.59
-0.54
-0.96
-0.35
0.29
-0.46
-0.54
-0.17
0.50
1.39

6.7
11.8
9.8
10.9
11.7
10.3
4.9
12.0
7.7
8.0
5.2

0.97
0.98
0.98
0.98
0.98
0.98
0.98
0.98
0.98
0.97
0.98

0.85
11.42
5.46
-8.42
-13.87
-14.65
1.13
-7.40
-5.65
0.16
-17.86

0.4
11.3
9.3
17.8
13.0
13.6
1.9
12.7
14.6
9.5
15.1

0.74
0.72
0.65
0.71
0.55
0.59
0.63
0.68
0.66
0.55
0.55

Notes: the |percent bias| represents the absolute value of percent bias.
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4. Result
4.1. Changes in vegetation cover
According to the land use classification from the MODIS datasets, Fig. 2 reveals that the LP is predominated by grasslands, ac
counting for 67 % in 2001 and 62.3 % in 2015. Most of the forest and croplands are in the southern LP. The forest areas accounted for
7.43 % of the total area in 2001 and 9.68 % in 2015. It is considerable that 2.8 % of grasslands were removed from LP and replaced by
forest lands in southeastern LP, where about 0.73 % of croplands transferred into forest lands from 2001 to 2015. In addition, 3.48 % of
grasslands are replaced by croplands in the eastern LP. Contrarily, 0.34 % of croplands were converted to grasslands. The water areas
are scattered, and their changes can be negligible. The barren lands are mainly distributed in the northern LP. Compared to 2001, 0.67
% of barren lands were converted into grasslands in 2015. In general, the land cover changes in LP are notable and such conversions
indicate that the evolution of surface biophysical parameters will occur in the LP.
Fig. 3 presents the spatial change in the summer LAI, FVC, and albedo from 2001 to 2015. Generally, the spatial pattern of the
change in FVC coincides with LAI. The FVC and LAI increase, but albedo decreases over most regions in LP in summer. The rising region
of LAI and FVC accounts for 82 % of LP. On average, they increase by 0.18 m2/m2/decades and 5 % decades-1 with significant change
at F-test (p < 0.05, Fig. 3d), respectively. In the central LP, a significant greening trend was observed with the magnitude of LAI
0.8–1.4 m2/m2/decades and FVC 25~29 % decades-1. However, LAI and FVC in the Northwestern and Southeastern LP showed
decreasing trends, with a value of − 1.2~− 0.4 m2/m2/decades and − 20 %~− 10 % decades-1 (Fig. 3a, b). While considering that the
albedo of the forest is darker than open land (such as crops, grass, bare soil, etc.), the albedo is different between 2001 and 2015. The
data showed that 95 % of albedo decreases in the LP. The summer albedo decreases by 0.016 decades-1 (p < 0.05) across the entire
region. The lowest region of albedo distributes in the center and north LP, with the albedo decreasing by 0.07–0.03 decades-1.
However, a patchy exception to the trend can be found in the eastern LP, where the albedo increased more than 0.02 decades-1
(Fig. 3c). In general, the implication of the ’GTG’ program in LP will modify biogeophysical parameters (including LAI, FVC, and
albedo) which will provide a reference for different scenarios for the Noah modules of the WRF.
4.2. Change in temperature
The different vegetation simulations adequately captured summer climate change in the LP. Fig. 4 shows the spatial pattern of the
mean near-surface air temperature variability (the difference between VGS and CTL at the pixel level) across LP caused by imple
mentation of the ’GTG’ project from 2001 to 2015. Overall, the average change in temperature response to afforestation showed a
cooling effect (− 0.16 ◦ C) in summer (Fig. 4a). Moreover, the impacts of land cover change on average temperature had significant
spatial features at the grids affected. A higher cooling effect occurred in the central and southern LP with a magnitude of
− 0.6~− 0.8 ◦ C. In contrast, dispersed warming signals are simulated in the Eastern LP, where deforestation was evident. It’s note
worthy that a remarkable warming effect occurred in the Northern LP because the land use classification there was barren, but in 2015,
some barren lands were converted to grasslands which had a lower albedo than barren lands; hence the land cover change contributed
to warming through increased solar heating of land.
When focusing on afforestation effects on the average daily maximum (Tmax) and minimum (Tmin) surface temperature, we noticed
a consistent signal decrease (Fig. 4b, c). During summer, Tmin reduction was found with a magnitude of − 0.22 ◦ C cooling than that of
Tmax with a magnitude of − 0.14 ◦ C. The spatial feature of minimum temperature variations showed widespread cooling in most areas
across LP. The most substantial cooling effect was observed in the LP’s center, up to − 0.8 ◦ C, while the maximum temperature
decrease during summer was less noticeable compared to Tmin, with the most cooling signal of − 0.4~− 0.6 ◦ C in the southwestern LP.
Furthermore, a slightly warming Tmax sign was found across the Eastern LP.
A clear temporal pattern emerged from the result. The impact of land cover change on temperature was assessed in different months
(Fig. 4d), and the simulations illustrated the evident summer cooling effect. It is temporally heterogeneous with an average tem
perature cooling up to − 0.72–0.34 ◦ C and − 0.71–0.33 ◦ C in June and August, and larger than in July. The average Tmax variability
response to vegetation greening in August (− 0.79 to 0.50 ◦ C) was slightly greater than in June and July. The magnitude of the cooling
effect on average Tmin in June (− 0.80 to 0.24) was greater than that in July and August.

Fig. 2. Different scenarios of land cover across LP. Spatial pattern of land use in (a) 2001(CTL) (b) 2015 (SVG), and (c) land cover conversions from
2001 to 2015.
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Fig. 3. Observed the decade different of (a) LAI (m2/m2) (b) FVC ( %) and (c)albedo in LP, with the period of 2001–2015 in summer and (d)
significance test (assumed for p-values lower than 0.5).

4.3. Change in relative humidity
Intensive and widespread afforestation in the LP has been confirmed to affect land surface heating. Meanwhile, it will modulate
near-surface evaporation-ratio altering humidity. Regionally, relative humidity (RH) changes are uncertain (Byrne and O’Gorman,
2016). The expanded forest areas generally experience a wetting signal (increased relative humidity RH). Fig. 5a indicates an annual
average RH variability of 0.67 %. Region with more than 62.6 % of the LP showed an increasing RH after afforestation. Results
illustrated RH wetting effect (with the average RH of 3~4 %) over the dispersed central and Southern LP in response to the vegetation
greening. What’s more, a moderate wetting in summer daily average RH was found within central LP with RH increase by 2~3 %.
However, a slight drying signal was observed in the Eastern LP. Although there was a barren transfer to grasslands in the Northern LP,
the roots of the grassland cannot access deeper reservoirs of soil water (Jackson et al., 1996), which will limit the evapotranspiration
leading to a decrease in relative humidity (Baldocchi et al., 2004; Santanello et al., 2009).
The increase in averaged daily minimum relative humidity (RHmin) was higher than the average daily maximum relative humidity
(RHmax) (Fig. 5b, c). Averaged at all LP levels, the analysis of the RHmax increased by 0.36 % in summer, and 57 % of the grids showed a
wetting effect. The largest value of 2 % or more was observed in the central and southern LP, while a contrasting effect can be observed
in northern and eastern LP, and the RHmax decrease was up to − 2 % in the north LP. Compared to RHmax, there was a clear wetting
expansion in RHmin (with the mean magnitude of 0.94 %), especially in eastern LP. We note that the predominantly wetting effect in
RHmin during summer reached about 3~4 % in the central LP.
The summer RH increased in different months, and the most apparent wetting occurred in August between − 2.19 %~3.88 %
(Fig. 5d). Similarly, the RHmax in August was slightly greater than in other periods, with a magnitude of − 2.30 %~3.53 %. However,
the most significant rise of RHmin was in June, with the variability between − 2.53 %~3.36 %. Simulation of the change in surface
temperature and humidity further revealed that the afforestation has a cooling and wetting effect on the land surface in LP.
4.4. Change in moist heat condition
There is an uncontroversial result that afforestation can affect surface temperature and humidity. In addition, it also has an impact
on the local moist heat, thereby having far-reaching consequences. As a combined indicator, the wet-bulb temperature was used to
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Fig. 4. The role of vegetation restoration surface temperature in summer. Spatial difference between afforestation and no-afforestation scenarios
during summer for 2001–2015 for (a) average surface temperature (◦ C), (b) the daily maximum of surface temperature (◦ C), (c) the daily minimum
surface temperature (◦ C), and (d) their Box-and-whisker plots.

describe the moist heat condition. We determined the difference in Tw response to VGS and CTL scenarios across LP in Fig. 6. The
general pattern of annual average wet-bulb temperature (Twmean) and annual average minimum wet-bulb temperature (Twmin) showed
a lower moist heat after afforestation over LP. The decrease of Twmin was more intense than Twmean (Fig. 6a, c). The reduction of Twmean
and Twmin (with the magnitude of − 0.1~− 0.3 ◦ C and − 0.4~− 0.6 ◦ C, respectively) in the central LP are slightly higher than in the
remaining part. In addition, the simulation result illustrates that afforestation caused a significant change in the annual average
maximum wet-bulb temperature (Twmax) and influenced the moist heat environment in the LP. Decreasing Twmax effects consistently
spread in the western and northwestern parts of the LP. However, it was more surprising that increasing moist heat, with a magnitude
restricted to 0.2 ◦ C, was revealed in eastern and northeastern LP (Fig. 6b). Furthermore, we analyzed Tw variability signals through a
probability function (Fig. 6d). The probability distribution of the change in Twmean and Twmin peak at around − 0.2~− 0.1 ◦ C and
− 0.05~− 0.04 ◦ C, respectively, while when focused on Twmax, the distribution was translated into higher Tw with the peaks around
0.04–0.05 ◦ C.
To investigate the wet-bulb temperature change response to relative humidity and near-surface air temperature change, we further
discussed the relationship between them and disaggregated the driving factors of ΔTw (Fig. 7). The ΔTw relative to afforestation was
broadly consistent with ΔT and had a significant positive correlation with ΔT, with R2 = 0.99 (P < 0.01, F-test) (Fig. 7a). Fig. 7b shows
that an increase in surface temperature corresponds to lower relative humidity. Since in the water-limited region, the increase rate of
local vapor pressure is slower than saturated vapor pressure, leading to the shrink of relative humidity. Moreover, the change of Tw
roughly coincides with T, that is to say, the cooling effect is the most predominant factor affecting the local Tw. The change of Tw
roughly coincides with T, indicating that the cooling effect is the most predominant factor affecting the local Tw. In the first quadrant of
Fig. 7b, although there was a significant wet-bulb temperature decrease in the region with lower surface temperature and higher
relative humidity, the decreased rate in Tw was slower than the surface temperature because of the enhancement of relative humidity
offsets the cooling effect. Moreover, the increase of Tw concentrates in the fourth quadrant, where the rise in surface temperature will
enhance the Tw signal, leading to moist heat stress. Therefore, neglecting the role of relative humidity might expose humans to the risk
of moist heat stress.
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Fig. 5. Change in relative humidity in LP during summer. Spatial difference between afforestation and no-afforestation scenarios during summer for
2001–2015 for (a) average relative humidity ( %), (b) the daily maximum of relative humidity ( %), (c) the daily minimum relative humidity ( %),
and (d) their Box-and-whisker plots.

4.5. Change in the energy budget
To give insights into the dominant physical mechanisms of climate response from afforestation effects, we detected the difference in
energy budget (including net radiation flux, latent heat flux, sensible heat flux, and ground heat flux) between VGS and CTL scenarios.
Fig. 8a1 shows that afforestation decreased the albedo across most areas of the LP; therefore, the mean net radiation (RNmean) showed
an increase with the magnitude of 2.15 W.m-2. The maximum of net radiation (RNmax) was increased by 3.57 W.m-2, and the central LP
of RNmax even increased by 10–40 W.m-2 (Fig. 8a2). At the same time, the minimum of net radiation (RNmin) changes are not
remarkable (0.89 W.m-2, Fig. 8a3). What’s more, vegetation expansion could intensify mean latent heat flux (LHmean) and maximum
latent heat flux (LHmax), which were researched by 3.54 W.m-2 and 10.90 W.m-2, respectively (Fig. 8b1, b3). The increase in LHmax
(25–40 W.m-2) was much more substantial than LHmean (5–15 W.m-2) in the region with obviously extensive vegetation (Fig. 8b2).
However, a negative change in the minimum latent heat flux (LHmin) decreased by-1.36 W.m-2. The higher LH was accompanied by a
lower temperature in the atmosphere, weakening the turbulent heat exchange between land surface and atmosphere. Therefore, a
negative change in sensible heat flux will appear in LP. The average sensible heat flux was weakened by − 1.10 W.m-2, and the effect
was evident in the central LP (− 5~− 10 W.m-2) (Fig. 8c1). The magnitude of decrease in the maximum sensible heat flux (SHmax) was
− 3.15 W.m-2 (− 10~− 20 W.m-2 in central LP, Fig. 8c2), which was larger than that of the minimum sensible heat flux (SHmin)
(− 0.62 W.m-2 for average SH, within 10 W.m-2 in most regions, Fig. 8c3). According to Fig. 9, the latent heat flux had a negative effect
on wet-bulb temperature, and they don’t show a strong correlation with each other due to the influence of other factors, such as albedo,
wind speed, etc. On the contrary, the sensible heat flux positively affects wet-bulb temperature. Generally, the high-level change of
sensible heat flux was consistent with a notable shift in wet-bulb temperature. Therefore, sensible heat flux might be the primary factor
affecting the wet-bulb temperature. In addition, the ground heat flux was essential for estimating the temperature (Liang et al., 1999).
Our research showed that the increase in mean ground heat flux (GRD) was not significant (0.15 W.m-2, Fig. 8d1), and the magnitude
in maximum ground heat flux (GRDmax) decreased by 1.28 W.m-2 across LP (Fig. 8d2). Minimum ground heat flux (GRDmin) was
− 0.65 W.m-2 (Fig. 8d3), which means less energy was released from the soil in the nighttime, affected by vegetation greening, and it
was in favor of the cooling effect (Zheng et al., 2020).
Given that the boundary-layer thickness was directly influenced by land surface and thermal change (including land cover transfer,
9
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Fig. 6. Influence of afforestation on moist heat in LP during summer. Spatial differences were simulated by WRF, based on afforestation and noafforestation scenarios for 2001–2015. (a) average wet-bulb temperature (◦ C), (b) the daily maximum of wet-bulb temperature (◦ C), (c) the daily
minimum wet-bulb temperature (◦ C), and (d) their probability density function, show the distribution of the value.

Fig. 7. Relationship between (a) the change of wet-bulb temperature and near surface air temperature and (b) the change of near surface air
temperature and relative humidity, the color represents the variation of wet-bulb temperature for each pixel grids. Each point represents the yearaverage value on the pixel grids.

the variation of temperature and radiation, etc.), a massive reduction in the height of PBL was found during summer in the affores
tation case (Fig. 10a). It was well established that the decrease of PBL (planetary boundary layer) allowed an increase of low-level
moist enthalpy when no deep convection occurred (deep convection refers to the thermally driven turbulent mixing that moves air
parcels from the lower to the upper atmosphere). Fig. 10b shows that afforestation developed the anticyclonic circulation in the LP,
that is to say, the subsidence of PBL enhances moist enthalpy, which will increase the Tw in LP. In summary, afforestation alters the PBL
10
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Fig. 8. Distribution of mean summer energy budget components caused by afforestation across LP. Spatial differences of average daily value,
average daily maximum and average daily minimum value (W.m-2) in (a1-a3) net radiation, (b1-b3) latent heat flux (c1-c3) sensible heat flux, and
(d1-d3) ground heat flux for the period of 2001–2015.

Fig. 9. Relationship of the change in latent heat flux, sensible heat flux and wet-bulb temperature.
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Fig. 10. (a) spatial differences (VGS minus CTL) of simulated PBL and (b) spatial differences (VGS minus CTL) of simulated geopotential height
(shading, m) and wind field (vectors, m/s) at700 hPa during summer.

through the local climate factors (such as temperature and humidity) and energy budget, which will mediate the moist heat stress in
LP.
5. Discussion
Vegetation has undergone conspicuous changes throughout the LP (Wang et al., 2020). This extensive vegetation greening has been
instrumental in modulating surface energy partitioning, ultimately affecting the strength of land-atmosphere coupling and redis
tributing of heat and moisture (Cao et al., 2015). The greening dynamics and energy budget coupling in arid and semi-arid areas are
stronger than in others, amplifying the relationship between climate and vegetation in arid regions rather than in other climate zones
(Mallick et al., 2016; Hoek van Dijke et al., 2020). However, with the background of climate change, it is hard to isolate the contri
bution of vegetation restoration to the climate metrics variation. In this work, we quantified the response of climate change to the
application of the ’GTG’ program in LP and discussed their relationship with the energy budget through WRF, which helped us to
understand the possible physical mechanisms for such vegetation expansions.
The surface temperature change depends on the integrated effect between net radiation and heat flux (Betts, 2011). In the LP,
satellite observation showed a broad vegetation restoration. Given the lower albedo of forests (Bonan, 2008), the available energy of
forests was larger than grasslands and crops, which led to a boost in RN, hence the warming effect was amplified. While the rela
tionship between greening and surface temperature is complex, the cooling effect might suppress the warming signal in response to
surface energy change between latent and sensible heat fluxes. Compared to grasslands, forests differ in the partitioning of net ra
diation into sensible and latent heat fluxes. In particular, in arid environments, the forests lead to a stronger plant-mediated than
grasslands or croplands. Therefore, vegetation-temperature feedback in the LP is reflected by the intensified latent heat fluxes, which
increase the evapotranspiration and decrease the near-surface temperature (Baidya et al., 2003). In contrast, sensible heat flux, an
alternative way to release energy, exhibited an opposite pattern with latent heat fluxes, and thus a negative sensible heat flux change
appeared in the LP. Ultimately, during the transition from grasslands/croplands (CTL) to forests (VGS), Bowen ratio is used to relate
the water balance to the energy balance. Specifically, the vary in evaporation will lead to obvious change in energy component (Dow
and DeWalle, 2000). Bowen ratio is defined as the ration of sensible to latent heat fluxes (Comunian et al., 2018), which reflects the dry
and wet condition of the ecosystem. If the Bowen ratio> 1, more turbulent energy flux is released into the atmosphere as sensible heat
flux, indicating a dry climate, on the contrary, if the Bowen ratio< 1, indicating a humid environment (Irmak et al., 2014). In this
research, the Bowen ratio decreases from 0.53 to 0.49, indicating that more latent heat flux return to the atmosphere after affores
tation, which will enhance the decrease of temperature (Hu et al., 2019, Zhang et al., 2013). Finally, the cooling effect causes climate
mitigation to counterbalance the radiation-related warming. We considered the LP’s maximum and minimum energy distribution to
evaluate further the role of vegetation greening in extreme conditions. Consistent with previous research, the minimum daily cooling
was more widespread and pronounced than the daily maximum (Yu et al., 2020b; Cao et al., 2019).
The change in surface temperature and humidity influenced the region’s moist heat. The increase in moist heat associated with high
temperature and high humidity had a negative impact on human health (Coffel et al., 2019). The mortality and morbidity, especially
for people with cardiovascular and respiratory diseases, are significantly associated with a high moist heat environment (Pal et al.,
2016; Mishra et al., 2020). Emerging studies have raised attention to the change in moist heat stress (Chen et al., 2020). Long-lasting,
more intense, and frequent moist heat conditions occurred on the 21st, and the most significant increase in moist heat stress was
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witnessed in the tropical region (Coffel et al., 2018). Furthermore, the anthropogenic influence substantially enhances a hotter and
wetter environment, such as irrigation (Cook et al., 2015) and urbanization (Luo and Lau, 2021). With the expansion of the LP forest,
the near-surface air temperature, relative humidity, and moist heat stress have changed. Based on wet bulb temperature, we
demonstrate the response of moist heat conditions to afforestation and reveal the spatiotemporal characteristic and physical mech
anisms of moist heat. The results illustrated that the surface temperature and relative humidity showed an opposing interaction with
wet bulb temperature. Compared to the dry bulb temperature, the variability of relative humidity dampens Tw, and the wetting effect
may partly offset the impact of amplified cooling on Tw. Consequently, the increases in wet bulb temperature and dry bulb temperature
do not occur simultaneously. Although vegetation expansion dampens the rise in surface temperature in most areas of LP, the wet bulb
temperature on daily maximum did not decrease in part of LP, reflecting the combined effect of increasing humidity and decreasing
temperature. Here, some researchers showed that the increasing wet-bulb temperature would exceed the threshold value and human
tolerance over the specific region in the future (Coffel et al., 2018; Pal and Eltahir, 2016), which will make widespread exposure to
humans to moist heat stress condition. Thus, prevention and management of the humid-heat risks are essential for human health.
Our study has detected how afforestation influences climate and to what degree they affect climatic elements through the modi
fication of biophysical processes. While the biogeochemical process has been ignored. The vegetation absorbs carbon dioxide,
influencing the terrestrial climate through climate-radiative and vegetation-physiological forcing. Therefore, the climate response to
vegetation greening should link the potential carbon sequestration to the terrestrial energy balance (Huang et al., 2018). Afforestation
is presented as an effective solution to mitigate climate change. However, with the expansion of vegetation, there might be a complex
change in the regional climate factors (Feng et al., 2016; Ge et al., 2020; Cao et al., 2019). In the water-limited region, widespread
overplanting proved more evaporation, leading to soil drying (Zhang and Liang, 2018) and decreasing regional water availability
(Sterling, et al., 2013), which exacerbates the water shortage (Lv et al., 2019). While, in the water-rich region, the large scale of
revegetation may increase moist heat stress. Therefore, it is worth further exploring what the reasonable vegetation scope is.
6. Conclusion
Applying the ’GTG’ program enables the greening condition of the LP. Changes in land cover alter local land surface biophysical
processes and disturb energy fluxes, thereby affecting regional climate conditions. To identify the different land cover, we performed
two sets of simulations. One considered vegetation greening scenario (VGS); one was a control scenario (CTL). And then simulated the
regional climate responses to afforestation using the regional land-atmosphere interaction model-WRF. Moreover, the wet bulb
temperature (Tw) was discussed to underscore the moist heat, and we assessed the moist heat effect from the perspective of water and
energy balance.
The result reveals that after the afforestation, the temperature decreased in most areas across LP. A higher cooling effect could be
observed in the central and southern LP with a magnitude of − 0.6~− 0.8 ◦ C. The region with more than 62.6 % of the LP showed an
increasing RH, with the average RH variability of 0.67 %. Furthermore, after the calculation of Tw, this research illustrates that the Tw
and Twmin showed a lower moist heat stress after afforestation with the magnitude of − 0.1~− 0.3 ◦ C and − 0.4~− 0.6 ◦ C, respec
tively. However, its ratio was slower than surface temperature caused by relative humidity. An increasing signal occurred in Twmax,
especially in the Eastern LP (restricted to 0.2 ◦ C), which might expose human health to an awful environment. Moreover, to investigate
the dominant physical mechanisms of the climate response from afforestation, we detect the difference in energy budget. The result
shows that the afforestation decreased the albedo, therefore the mean net radiation increased after afforestation. As a significant part of
energy balance, the sensible heat flux was weekend by − 1.10 W.m-2, and its change was highly consistent with Tw, which might be the
primary factor affecting the moist heat stress.
In general, afforestation might have a negative impact on moist heat stress. However, current climate policy deploying frameworks
ignore the surface biophysical effect on climate leading to high risk for agriculture and society. This research identified the lower
atmosphere consequences of afforestation, which will supply scientific evidence for policy-making processes and refine climate
adaptation strategies.
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