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Abstract It is well known that land use has an important
impact on surface energy partition. It is important to study
the evolving trend of the partition of sensible heat flux
(SHF) and latent heat flux (LHF) from the net radiance
(NR) with land use change in the context of regional
climate changes. In this paper, we studied the response of
energy partition to land use using the Noah model. First,
the Noah model simulation results of SHF and LHF
between 2003 and 2005 were comprehensively validated
using the observation data from the Changbai Mountain
Station, the Xilinhot Station, and the Yucheng Station. The
study domains represent three different types of land use
change: excessive deforestation, grassland degeneration
aggravation, and groundwater level decline, respectively.
The study period was subsequently extended from 2015
through 2034, using four projected land use maps and
forcing data from Princeton (2000–2004). The simulation
results show that during the land use conversions, the
annual average of LHF drops by 10.7%, rises by 10.1%,
and drops by 11.5% for the Changbai Mountain, Inner
Mongolia, and Northern China stations, respectively while
the annual average of SHF rises by 10.6%, drops by
10.1%, and drops by 11.3% for the three areas.

Keywords sensible heat flux, latent heat flux, land use
change, the Noah model

1 Introduction

Energy and water flux exchanges are the two most
important processes at the interface between the land and
the atmosphere. The land surface provides a continuous

feedback to the atmosphere driven by the transfer of
energy, which in turn drives the weather and climate
systems (Meng et al., 2009). Accurate estimation of this
feedback will help us to study atmosphere-land interac-
tions and land surface and climate change processes.
Hence, it is necessary and critical to accurately estimate the
energy fluxes for studying climate change and for planning
and managing water resources. Energy flux data of good
quality at high spatial and temporal resolutions can help to
improve the characterization of water and energy cycle (Xu
et al., 2011).
The effective feedback from land surface into the

atmosphere includes sensible heat flux (SHF) and latent
heat flux (LHF), resulting from the partition of available
energy at the land surface. The partition relates to a large
combination of various factors (Zhang et al., 2009),
including soil moisture content, soil temperature, various
soil physical parameters, land use cover, albedo, air
relative humidity, vegetation fraction cover, horizontal
advection, biological properties of vegetation and soil, etc.
(Pipunic et al., 2008). Due to the spatial heterogeneity of
these factors, it is very challenging to accurately estimate
the SHF and the LHF (Zhang et al., 2010).
Various methods and algorithms have been developed

with regard to this problem. Currently, there are three
common approaches to acquire the SHF and the LHF (Qin
et al., 2009). The first approach is to take measurements in
the field using the observation instruments. Field measure-
ments have high spatial and temporal resolutions, yet are
only representative at limited spatial scales. Since the SHF
and the LHF have large spatial heterogeneity, it is not
practical to densely deploy instruments in a large domain.
The second approach is to retrieve the SHF and the LHF
from remote sensing data. The retrieved results possess
fine spatial resolutions and can cover large spatial domains,
but are only representative instantaneously as the satellite
passes over the area.
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Land surface models (LSMs) provide the third approach
(Meng et al., 2009; Qin et al., 2009), which have been
developed over the past two decades (Dai et al., 2003). The
LSMs simulate dynamic processes in the real world
through physical equations and a combination of all the
above mentioned factors in a mathematical framework.
Driven by meteorological data and other parameters, LSMs
estimate turbulent heat fluxes continuously at specific
spatial and temporal scales. These models will likely prove
to be the most efficient way to estimate the SHF and the
LHF at a high temporal and spatial resolution. Among the
LSMs, the Noah model is widely appreciated by the land
surface research community because it applies a finite-
difference spatial discretization method and a Crank-
Nicholson time-integration scheme to numerically inte-
grate the governing equations of the physical processes of
the soil-vegetation-snowpack (Yang et al., 2011). Because
of these advantages, the Noah model has been employed in
this study. Detailed descriptions of the Noah formulations
and development can be found in other literature (Chen
and Dudhia, 2001; Sridhar et al., 2002; Sridhar et al., 2003;
Yang et al., 2011).
Land use has a significant impact on the partition of net

radiant energy (NRE), in conjunction with other closely
related factors, such as physical, chemical, and biological
properties (House-Peters and Chang, 2011). It is well
known that the urbanization occurring in China is altering
the landscape at an unprecedented rate (Deng et al., 2008).
This form of land use change (LUC) can significantly
reduce infiltration and runoff response times, in addition to
altering the daily trends of energy and water vapor fluxes.
Many studies have shown that the change in water and
energy fluxes at the interface between the land and
atmosphere is mainly caused by LUC which in turn is
responsible for unwanted disasters and extreme weather
(Kishtawal et al., 2009; Zhang et al., 2009; Yang et al.,
2010). Hence, it is urgent to study the relationship between
the NRE partition and LUC by modeling the water and
energy fluxes in order to safeguard future ecological
security.
Understanding the impact of LUC on the partition of the

NRE is particularly important to enhance the adaptive
capacity of an arid or semi-arid region which is subject to
water resource scarcity. The Noah model (Mahrt and Ek,
1984) is used in this study to estimate the response of the
NRE partition to future (2015–2034) land use patterns. The
simulation results of the SHF and LHF between 2003 and
2005 were validated using the observation data from the
Changbai Mountain, Xilinhot, and Yucheng stations. The
simulation results from 2015 and 2034 are used to project
the evolving trend of the SHF and LHF.
The main objective of this paper is to understand the role

of LUC on the regional energy cycle. The specific research
question addressed is: what is the impact of LUC on land
surface energy fluxes? Projected future land use maps are
used to identify the role of LUC.

2 Methodology and data

2.1 The Noah model

The initial Noah model, developed by Pan and Mahrt
(1987), was based on the Penman potential evaporation
approach, the multi-layer soil model, and the primitive
canopy model. Later, the Hydrology Office of National
Centers for Environmental Prediction (NCEP) and the
Office of Research and Applications of National Environ-
mental Satellite, Data and Information Service (NESDIS),
expanded a series of improvements to optimize the Noah
for use in operational weather and climate prediction
models.
The Noah included a physically based parameterization

of frozen soil (Sridhar et al., 2003) and used a finite-
difference spatial discretization method and a Crank-
Nicholson time integration scheme (Yang et al., 2011).
State variables included skin temperature, soil moisture
and temperature in four soil layers, canopy intercepted
water, and ground accumulated snow, etc.
The energy balance in the Noah is formulated as:

Rn ¼ Gþ H þ lE: (1)

In Eq. (1), Rn is the NRE, and is split into LHF (lE),
SHF (H), and ground heat flux (GHF) (G). These flux
components are computed using physically-based equa-
tions. Four-level soil layer configuration with thicknesses
of 0.1, 0.3, 0.6, and 1.0 m is adopted in the Noah for
catching the daily, weekly, seasonal, and yearly changes in
soil moisture. The Noah can accommodate one canopy
layer. Skin temperature is determined according to a
linearized energy balance equation that can characterize
the combined ground and vegetation surface (Niu et al.,
2011).
In the Noah model, the LHF is the sum of soil

evaporation (Es), canopy evaporation (Ec), and vegetation
transpiration (Et) in kg$m

–2$s–1. The Es, Ec, and Et are then
calculated, using potential evapotranspiration (Ep) in kg
$m–2$s–1 according to Eqs. (2), (3) and (4) (Mahrt and Ek,
1984):

Es ¼ ð1 – f ÞβbEp, (2)

Ec ¼ fEpg
n, (3)

Et ¼ fEpBcð1 –gnÞ, (4)

where Ep is the potential evapotranspiration which can be
obtained using the Penman equation (Mahrt and Ek, 1984),
f is vegetation fraction coverage (%), β is relative soil
volumetric water content (%), b is the empirical coefficient
(1–2), γ is water canopy interception percent (%), n is
constant and always evaluated with 0.5, and Bc is the
function of canopy resistance.
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The GHF is obtained using skin temperature (Ts) and the
first layer soil temperature (T1) as (Peters-Lidard et al.,
1997):

G ¼ K
Ts – T1
0:5z1

: (5)

In Eq. (5), K is the soil heat conductivity (W$m–1$K–1)
and z1 is the first layer soil thickness.
The SHF is derived as:

H ¼ �cpChuð�s – �airÞ: (6)

In Eq. (6), θs is the skin potential temperature (K), θair is
the air temperature (K), ρ is the air density (g$cm–3), cp is
the specific heat of dry air at constant pressure, u is the
wind speed (m$s–1), and Ch is the exchange coefficient
between heat and water vapor on the ground.
The Noah model requires two types of input data: soil

and vegetation parameters and meteorological forcing
data. Both types of data are discussed in the following two
sections.

2.2 Land use, soil and vegetation data

Four future scenarios (2015, 2020, 2025, and 2030) of
LUC are used in this study. These data are provided by the
Center for Chinese Agricultural Policy (CCAP), Chinese
Academy of Sciences (CAS). The reference data used to
produce the four projected LUC scenarios are the Landsat
Thematic Mapper and enhanced Landsat Thematic Mapper
digital images (Deng et al., 2006).
The spatially explicit data of the LUC scenarios for the

four periods are produced using the dyna-CLUE model
(Verburg and Overmars, 2009). The Dyna-CLUE com-
bines the top down allocation of land use change to grid
cells with a bottom-up determination of conversions for
specific land use transitions. The analysis starts by
grouping the land use types into two groups: those driven
by demand at the regional level and those for which no
aggregate demand at the regional level can be determined.
This dyna-CLUE model integrates demand-driven changes
in the land area with locally determined conversion
processes in a large scale, top-down, modeling framework,

enhanced to incorporate dynamic land cover, economics,
and policy, and allows a balanced and integrated analysis
of varying types of dynamics at the cost of requiring a
simplification of the local processes. The combination of
top-down and bottom-up processes within a single
allocation model can better address the cross-scale
interactions in land use modeling (Verburg and Overmars,
2009).
Projected LUC scenarios are aggregated using a

majority filter (the value that appears most often) in
order to match the spatial resolution of the Noah, and are
converted to the geographic projection with the unit of the
latitude and longitude coordinates in degree. If no majority
value exists, the neighborhood parameters could be altered
to include more grid cells. The four LUC scenarios are
reclassified into the land use types (Table 1) used in the
Noah.
In the Noah model, the soils are divided into nine types,

shown in Table 2. The soil data are derived from the global
soil distribution data provided by the Food and Agricul-
tural Organization of the United Nations according to the
Zobler classification standard (Zobler, 1986). This classi-
fication standard determines the soil type according to the
content proportion of the clay, silt, and sand contained in
the soil (Reynolds et al., 1999).
Predetermined vegetation parameters include roughness,

minimum stomatal resistance, etc. Predetermined soil
parameters include the depths of the four soil layers,
maximum soil volumetric water content, saturated soil
moisture diffusivity, wilting coefficient, and the quartz
content of the soil. Both data are adapted from the datasets
published by the Global Soil Wet-ness Project (GSWP)
(Dirmeyer, 2011).
Quarterly averaged snow-free ground albedo and

monthly averaged vegetation fraction cover data are
provided by the climate and vegetation research group of
Boston University, and retrieved, respectively, from
Moderate Resolution Imaging Spectroradiometer
(MODIS) and Advanced Very High Resolution Radio-
meter (AVHRR) data with a 1 km resolution. Leaf Area
Index (LAI) and stem area index are produced from the
MODIS products.
The elevation is derived from the 1 km digital elevation

Table 1 The land cover classes used in the Noah model

Class code Land cover Class code Land cover

1 Evergreen needle-leaf forest 8 Closed shrub-land

2 Evergreen broad-leaf forest 9 Open shrub-land

3 Deciduous needle-leaf forest 10 Grassland

4 Deciduous broad-leaf forest 11 Cropland

5 Mixed cover 12 Bare ground

6 Woodland 13 Urban and build-up

7 Wooded grassland
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of the GTOPO30 database (Verdin and Greenlee, 1996).
The vegetation classification is derived from the global, 1
km, AVHRR based, 13 class vegetation database. The 9-
class soil texture data are derived from the top layer of the
1 km, 11-layer soil dataset, state soil geographic database
(Miller and White, 1998).

2.3 Meteorological forcing data

Princeton meteorological forcing data from 2003 to 2005
are used for historical climate forcing. The meteorological
variables include air temperature (K), wind speed (m$s–1),
pressure (Pa), specific humidity (kg$kg–1), precipitation
(kg$m–2$s–1), solar shortwave radiation (W$m–2), and
downward longwave radiation (W$m–2). The Princeton
forcing data have a spatial resolution of 1°�1° and a
temporal resolution of 3 hours.
For the purpose of this study, which primarily focuses on

the responses of the LHF and the SHF to LUC, we use
Princeton Meteorological forcing data to determine future
climate forcing. The main purpose of this paper is to
discuss the effect of LUC on the partition of the NRE,
hence stationary meteorological conditions are considered.
The forcing data from 2000 to 2004 are used repeatedly to
simulate the meteorological condition from 2015 to 2034
to minimize the changes of the heat and water fluxes
caused by the climatic change.

2.4 The validation data and the study area

The Chinese Ecosystem Research Network (CERN) was
established in 1988 for ecological studies. The network
provides continuous ecosystem observations for the study
of biogeochemical, water, energy, and momentum pro-
cesses at diurnal to annual scales. The network is currently
comprised of 46 stations distributed across the entire
country. The validation data used are in situ observations
from the Changbai Mountain, Xilinhot, and Yucheng
stations. These three stations represent the forest ecosys-
tem, grassland ecosystem, and farmland ecosystem,
respectively, and are geographically located at (42.40° N,
127.09° E), (43.50° N, 117. 45° E) and (36.96° N,
116.63° E). Figure 1 shows the schematic locations of the
three stations.
The SHF and LHF have been continuously measured at

all three stations by the eddy correlation system, which is

composed of a 3D sonic anemometer and an open path
CO2/H2O analyzer. The validation data were obtained by
averaging the original data of 10 Hz over a 30 minute
window. The temporal span for the available data is from
April to July between 2003 and 2005.
The climate for the region around the Yucheng Station is

the continental monsoon of warm temperate zone. Over the
past 30 years, yearly averages were shown for temperature
at 13.1°C, precipitation at 600 mm, solar radiation at 5,225
MJ$m–2, and relative humidity at 66.44%. The soil is
mainly classified as sandy-clay loam and sandy loam. The
area around this station is characteristically agricultural
with wheat and corn alternately cultivated.
The Xilinhot Station lies in the Xilin river basin of Inner

Mongolia. This area belongs to a continental semi-arid
climate. Approximated yearly averages are shown for
temperature as 1.5°C, precipitation as 400 mm, and
evaporation as 1,665 mm The average canopy height is
50–60 cm, vegetation coverage is greater than 80%, and
grass becomes green in April and wilts in October (Chen et
al., 2009).
The climate for the Changbai Mountain area in East Asia

is temperate continental monsoon. Average annual tem-
perature is between – 7°C and – 3°C, precipitation
between 700–1,400 mm, and evaporation between
1,200–1,500 mm.

Table 2 The soil classes used in the Noah model

Type code Name Type code Name

1 Loamy sand 6 Clay loam

2 Silty clay loam 7 Sandy clay loam

3 Light clay 8 Organic

4 Sandy loam 9 Loamy sand

5 Sandy clay

Fig. 1 The schematic locations of the Changbai Mountain
Station (■), the Xilinhot Station (●), the Yucheng Station (◆).
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The underlying footprints of the three stations are
relatively homogeneous and cover the spatial domain by
approximately 1.5 km � 1.5 km. Therefore, the observa-
tion data can represent the water and energy exchange
status of the homogeneous areas around these stations. The
three areas correspond to at least one grid of the Noah
model when it is run at the spatial resolution of 0.01° �
0.01°. It is not sufficient to use these observation data as
validation data between April and July from 2003 to 2005.
However, there is no observation data available at the same
scale of tens of kilometers.

3 Results and discussion

3.1 The validation of the Noah simulation

The performance of the Noah model for simulation of
energy and water flux exchanges at the spatial resolution of
0.01°�0.01° is quantitatively estimated using the correla-
tion coefficient (CC) and the relative error (RE) (i.e., a
percentage of the difference between the Noah simulation
and the observation to the observation) at the three stations.
Ideally, CC and RE should be close to 1 and 0.
To match the three hour resolution of the Noah results,

the observation data at 30 minutes intervals are averaged to
one per three hours. Both the Noah results and the
observation data at a three hours resolution are then
averaged to derive the monthly diurnal curve. Tables 3 and
4 show the CC and the RE results respectively for the
monthly diurnal LHF and the monthly diurnal SHF
between April and July from 2003 to 2005. Because the
observation data for the Xilinhot Station in 2003 are not
available, the CC and the RE for 2003 cannot be
calculated. Hence, the corresponding columns in Tables
3 and 4 are blank.
It can be seen from Tables 3 and 4 that both the CC and

the RE show good performance for the SHF and the LHF at

the three stations. From these evaluation results, we can
conclude that the Noah predictions of θs, Es, Ec, and Et can
be trusted as reliable given that SHF is dependent on θs
according to Eq. (6) while the LHF is the sum of Es, Ec, and
Et. This implies that the Noah model is capable of
capturing the monthly diurnal patterns of the water and
energy exchange with the Princeton forcing and land
surface parameter data.
As shown in Tables 3 and 4 CC and RE do not yet reach

the ideal values of 1 and 0, respectively. This is due to the
uncertainty in the land surface parameters, which are
mainly determined by soil type and soil texture map with a
finite accuracy, and also to the low spatial resolution of the
precipitation data of the Princeton forcing. As for the LHF
and the SHF, the influencing factors include the uncertain-
ties of soil and vegetation property data, the assumptions,
and the empirical equations used in the Noah model.
In order to facilitate the validation, the monthly

diurnal cycles from both the Noah results and the
observation data are displayed in the following figures.
Figures 2 and 3 show the intercomparison of the LHF and
the SHF respectively. For the LHF, it can be seen from Fig.
2(a) that the Noah results are lower than the observation
data for the Yucheng Station except during the final month
in the series. Figure 2(b) shows that the Noah results are
higher than the observation data for the Changbai
Mountain Station. From Fig. 2(c), we can see that the
Noah results agree very well with the observation data for
the Xilinhot Station. For the SHF, Fig. 3 shows that the
Noah result is higher than the observation data for the three
stations.
In order to comprehensively evaluate the performance of

the Noah model, both the Noah results and the observation
data of monthly diurnal are averaged to monthly. CC and
RE are calculated using the Noah results, and the
observation data of monthly resolution between April
and July from 2003 to 2005. Table 5 shows the results.
Table 5 shows that the monthly averages of the Noah

Table 3 The CC results of the monthly diurnal LHF and SHF

Station 2003 2004 2005

LHF SHF LHF SHF LHF SHF

Yucheng 0.8126 0.8516 0.8192 0.8941 0.8094 0.8764

Changbai 0.8896 0.8777 0.9052 0.9163 0.8954 0.9051

Xilinhot 0.9153 0.8644 0.8827 0.9194

Table 4 The RE results of the monthly diurnal LHF and SHF (%)

Station 2003 2004 2005

LHF SHF LHF SHF LHF SHF

Yucheng 6.67 11.8 23 24.6 13.8 12.7

Changbai 11.03 16.5 20.6 33.6 23.4 33.3

Xilinhot 15.5 14.1 9.8 21.6
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model match the in situ observation data well according to
the CC and the RE. It indicates that the performance of the
Noah appears to be robust and reliable, and the monthly
simulation results are able to characterize the change
process of the water and heat exchange over the three
stations. Compared with the observation data of the LHF
and the SHF, we can see that the Noah model provides a
reliable simulation of the energy budget. Table 5 reveals
that the Noah model can give satisfactory results. It is also
consistent with the conclusion drawn from Tables 3 and 4.
Overall, the Noah model simulates the energy and water

fluxes well, because the Noah has a sound parameteriza-
tion by taking into account the separation of topsoil, snow,

and vegetation canopy, as is the case of the multi-layer soil
model and the primitive canopy model (Pan and Mahrt,
1987), sub-grid scale heterogeneity, as is the case of the
diurnally dependent Penman potential evaporation
approach (Mahrt and Ek, 1984). These special features
make it possible for the Noah model to produce predictions
close to the observation data.

3.2 The Noah prediction in different climate scenarios

For each region around the three stations, one rectangle
block with a span of 8 � 8 cells, at the spatial resolution of
0.25° � 0.25°, is selected. The Noah model is configured

Fig. 2 Monthly diurnal variation of the LHF for the Yucheng Station (a), the Changbai Mountain Station (b) and the Xilinhot Station (c).
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to a 3 hour resolution, with a temporal span between 2015
and 2034. Figure 4 shows the spatial distribution of the
land use for the areas surrounding the three stations during
the five-year periods of 2015, 2020, 2025, and 2030.

Tables 6–8 display the percentage of change for each of the
13 land use classes in the areas surrounding the three
stations.
Due to the rapid economic development occurring in

Fig. 3 Monthly diurnal variation of the SHF for the Yucheng Station (a), the Changbai Mountain Station (b) and the Xilinhot Station (c).

Table 5 The CC and RE results of the monthly LHF and SHF

Station name Yucheng Changbai Xilinhot

CC LHF 0.8563 0.9324 0.9507

SHF 0.9192 0.9281 0.9484

RE/% LHF 15.36 15.98 11.23

SHF 17.21 25.95 14.38
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China, the ecological environment is experiencing global
degradation as well as local improvement. The governance
capacity lags behind the destruction speed, and the
ecological deficit is gradually increasing. The reality of
these conditions is primarily reflected by a decrease in
forest resources, aggravated grassland degeneration, and a
decline in groundwater levels. Studies of these three
representative areas, based on the future projections of
LSMs, had never previously been reported.
The decrease in forest resources drop has become more

and more aggravated (Deng et al., 2010). This condition is
especially critical in the Changbai Mountain region, which
is the main forest region of China. The deforestation rate of
this region outpaced the rate of forest reserves. According
to the current consumption speed, the resources provided

by mature forests to most national forest enterprises will
soon be depleted (Deng et al., 2010). The ongoing abuse of
these resources by the current generation will sacrifice any
potential benefit for future generations. This area is shown
in Fig. 4(a). The main purpose of the Changbai Mountain
Station is to monitor the climate change of this region (Liu
et al, 2005).
In the 1970s, the degeneration rate of the grassland area

is 8.25%. It is above 25% in the mid-1980s for China
(Rozelle et al., 1997). The grassland degeneration area has
reached up to 100 million hectares. There are currently
more than one million hectares per year for degeneration.
The production of natural grasslands consistently falls with
large areas of grassland degeneration. The most severe
region is Inner Mongolia, indicated in Fig. 4(b). The

Table 6 The percentage of change for the 13 land use classes in the region surrounding the Changbai Mountain Station

Land cover 2015 2020 2025 2030

Evergreen needle-leaf forest 0.3789 0.3767 0.3444 0.2922

Evergreen broad-leaf forest 1.1467 1.0233 0.6089 0.5933

Deciduous needle-leaf forest 1.4244 1.3133 1.8167 1.8922

Deciduous broad-leaf forest 5.9656 4.5644 4.0411 4.1133

Mixed cover 2.1744 4.4944 4.9822 4.8789

Woodland 14.53 12.4478 14.4233 13.7678

Wooded grassland 8.9567 7.41 3.7033 3.8267

Closed shrub-land 3.4056 9.4478 12.0133 11.5278

Open shrub-land 9.88 8.8067 5.2156 5.4711

Grassland 4.2233 7.6789 4.77 5.0378

Cropland 42.0056 37.08 38.6556 38.9867

Bare ground 4.0911 4.3256 7.5833 7.67

Urban and build-up 0.8411 0.4156 0.8644 0.96

Table 7 The percentage of change for the 13 land use classes in the region surrounding the Xilinhot Station

Land cover 2015 2020 2025 2030

Evergreen needle-leaf forest 0.2633 0.1856 0.2611 0.2411

Evergreen broad-leaf forest 0.5322 0.3289 0.0956 0.1011

Deciduous needle-leaf forest 0.9489 0.6944 0.9667 0.9578

Deciduous broad-leaf forest 0.9122 0.6411 0.26 0.2722

Mixed cover 0.8089 1.82 2.5178 2.3611

Woodland 5.2589 4.1522 5.0311 5.0411

Wooded grassland 5.7844 5.08 2.7256 3.0522

Closed shrub-land 4.8778 8.1033 9.1833 10.4067

Open shrub-land 10.89 13.5856 8.4144 7.9033

Grassland 54.32 52.4156 52.2733 51.9878

Cropland 11.95 11.29 14.7922 14.5311

Bare ground 3.0656 1.4378 3.0867 2.7089

Urban and build-up 0.0833 0.0322 0.0867 0.0867
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Xilinhot Station was established in this region to monitor
the impact of climate change on grassland degeneration
(Chen et al., 2009).
During the past several years, the excessive exploitation

of ground water produced an underground funnel of over
fifteen thousand km2 in northern China (Cao et al., 2009),
which resulted in a decline of 12 cm per year in the
groundwater level. Currently, groundwater is the main
source for agriculture and residential use in this region.
Predicting the water exchange between the land surface
and the atmosphere is urgent to aggressively monitor the
ground water level. This region is shown in Fig. 4(c). One
purpose of the Yucheng Station is to monitor the
environmental and ecological changes caused by ground
water decline (Zhang et al., 2008).
By using the four projected LUCs, both the monthly and

yearly averages of the LHF and the SHF for the three
regions are respectively shown in Figs. 5–7.
Figure 5 shows that monthly average variations of the

LHF and the SHF exhibit approximate sinusoidal curves.
The annual average values of the LHF and the SHF
between 2015 and 2034 fluctuate from 50 to 100W/m2.
From the standpoint of a broad comparison, the averages
are approximately 70W/m2 higher between 2015 and 2034
than those from 2003 to 2005 (see Figs. 2(b) and 3(b)). It is
therefore determined that the net radiation consumed for the
LHF and the SHF increases when the LUC is transformed
from forest to planting or bare land in this region.
As seen in Fig. 5, the slopes for the annual LHF and SHF

are – 0.1076 and 0.1059 respectively, which indicates that
the annual LHF has a slightly downward trend while the
SHF continues to increase. The phenomena can be
explained by carefully examining Fig. 4(a) and Table 6;
it is found that the forest area in the Changbai Mountain
region gradually decreases from 2015 to 2034. With the

continuous development of the forestry market, combined
with decreasing agricultural activities in Northeast China,
which is one of the assumptions used to produce the
projected land use maps using the Dyna-CLUE model, the
high percentage of deforestation indicates that larger areas
can be classified as a land use of either ‘recently
abandoned,’ ‘semi-natural,’ or ‘planting seedling,’ from
2015 to 2034.
It can be seen from Fig. 6 that the monthly average of the

LHF and SHF in the Inner Mongolia grassland, show
approximate seasonal periodicity. The changes of the LHF
and SHF can be analyzed based on the general comparison
of the change in LUC since the Xilinhot Station was built .
Using Figs. 2(c) and 3(c) as references, the multi-year
average values of the LHF and the SHF respectively
changed from 40 and 80W/m2 between 2003 and 2005 to
40 and 100W/m2 between 2015 and 2034.
Fig. 6 shows that the slopes for the LHF and the SHF are

0.1018 and – 0.1019, respectively, which means that the
LHF has a upward trend while the SHF has a downward
trend. From Fig. 4(b) and Table 7, we can see that the
grassland area in Inner Mongolia gradually decreases
because a large part of it gradually changes to mixed land.
This land conversion is attributed to overgrazing. When
producing the projected land use maps using the Dyna-
CLUE model, it is assumed that more cattle and sheep are
fed on grass, which leads to the conversion of infertile
grassland to bare soil (see Fig. 4(b)). Table 7 indicates the
percentage of each type of land use in the four future
scenarios. In some areas, the protected grassland may have
been exploited by increasing the grazing area at locations
not previously used for animal husbandry. The spatial
pattern clearly shows that the grassland degeneration is
mainly found in regions that are being developed for the
industry to livestock.

Table 8 The percentage of change in the 13 land use classes in the region surrounding the Yucheng Station

Land cover 2015 2020 2025 2030

Evergreen needle-leaf forest 0.18 0.0656 0.18 0.0722

Evergreen broad-leaf forest 0.2133 0.2489 0.0067 0.0011

Deciduous needle-leaf forest 1.1689 0.2778 0.4711 0.3278

Deciduous broad-leaf forest 0.4433 0.3611 0.1322 0.1622

Mixed cover 0.0911 1.3933 2.4944 2.47

Woodland 2.6889 1.9589 2.54 1.8644

Wooded grassland 3.9711 3.5044 1.4822 2.4244

Closed shrub-land 3.6467 6.6244 5.9811 8.25

Open shrub-land 10.7811 13.2411 9.1078 10.4033

Grassland 25.2722 25.7989 25.9989 25.3967

Cropland 44.1467 38.5211 40.2444 36.8167

Bare ground 5.92 6.6367 9.8067 10.1744

Urban and build-up 1.1533 1.1933 1.2222 1.3633

26 Front. Earth Sci. 2014, 8(1): 18–31



Figure 7 shows the variation of the LHF and the SHF for
northern China. Overall, the multi-year average values of
both the LHF and SHF, from 2015 to 2034 respectively
(Figs. 7(a) and 7(b)), are approximately equal to 50W/m2.
The slopes for the LHF and SHF are – 0.115 and 0.1126.
That means that the LHF would decrease in the long term,

while the SHF seems to have an increasing trend. The
northern China region is primarily agricultural, and
irrigation water is generally extracted from the ground-
water. The LHF mainly comes from the crop transpiration
(Zhang et al., 2008). If we continue to rely on ground water
resources to support the agriculture in this region, one

Fig. 4 The land use maps for 2015, 2020, 2025, and 2030 for the three stations.
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consequence is that more groundwater will be evaporated
into the atmosphere.
It can be found in Fig. 4(c) and Table 8 that mixed uses

gradually increase, and a small fraction of cropland is
transformed to urban. During the production of the
projected land use maps using the Dyna-CLUE model, it
is assumed that the urban area would have to expand due to
the urbanization from 2015 to 2034.

As shown in Figs. 5(a), 6(a), and 7(a), LHF reaches the
maximum value in June or July every year. The monthly
average LHF value for the Changbai Mountain is the
highest among the three regions, and is the lowest for Inner
Mongolia. The reason behind these phenomena is that the
LAI and the vegetation type are major factors controlling
the proportion of the transpiration to the net radiation.
Generally speaking, the greater the LAI, the greater the

Fig. 5 Monthly average variations of the LHF (a) and the SHF (b) for the Changbai Mountain.

Fig. 6 Monthly average changes of the LHF (a) and the SHF (b) for Inner Mongolia.

28 Front. Earth Sci. 2014, 8(1): 18–31



average value of the LHF. The order of the LAI values for
the three regions from highest to lowest is Changbai
Mountain, northern China, and Inner Mongolia, which is
consistent with the order of the average values of the LHF
for the three regions.
From Figs. 5(b), 6(b), and 7(b), it can be found that the

SHF shows an obvious seasonal cycle and attains the
maximum value in summer every year. The monthly
average values of the SHF for the Changbai Mountain and
Inner Mongolia are almost equal, and for northern China it
is lower. In the Changbai Mountain, the forest covered land
is changed to mixed or idle land use due to deforestation,
while the overgrazing in Inner Mongolia leads to the
conversion of the grassland to naked soil. The character-
istics of the location and the LUC are the main reason for
the difference of SHF. It is clear that the land use of
northern China has a lower succession speed as compared
to the succession in the other two areas. Geographic
latitude is probably another reason. The geographic
latitudes of the Changbai Mountain and Inner Mongolia
are nearly equivalent, and are much higher than those of
northern China.
The Noah predictions made using the projected LUCs

from 2015 to 2034 provide 20 years of energy and water
flux exchange over the areas of deforestation, grassland
degeneration area, and northern China. Based on these
results, the magnitude and the trends of future energy and
water change can be investigated for the three environ-
mentally fragile areas. It can be seen from these results that
the partition of the net radiation into the LHF and the SHF
is directly dependent on land use. The trends of the LHF

and SHF reveal the consequent impact of different LUC
scenarios on energy and water exchange between the
Earth’s surface and the atmosphere.
Because both the LUC and the forcing can affect the

energy fluxes, it is difficult to discern the respective
contributions if both aspects are simultaneously consid-
ered. In this paper, the trends of land surface energy fluxes
under different LUCs and the same forcing are studied.
Future study will focus on the effect of the forcing on land
surface energy fluxes. When the LUC is unchanged, the
effect of the forcing can be evaluated using different
forcing. Additionally, the individual trend for each month
is also important, which should be studied systematically.
Because these are not directly related to the purpose of this
paper, they will be discussed in subsequent papers.

4 Summary and conclusions

In this paper, four periods of land use scenarios (2015,
2020, 2025, and 2030), together with the forcing data from
Princeton, are employed to drive the Noah model. The
trend of the response of SHF and LHF to the LUC over
three typical ecological zones in China is originally
quantified using the Noah results for foreknowing the
partition status of the NRE in land-atmosphere interaction.
The simulation results of the SHF and the LHF are

validated using the observations from three field stations.
The validation results show that the Noah performs
reasonably well to simulate the heterogeneous and
homogeneous land surface processes at large scales. For

Fig. 7 Monthly average changes of the LHF (a) and the SHF (b) for northern China.
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future scenarios, three new findings about the energy
partition can be drawn: 1) the LHF has a reducing trend
and the SHF seems to increase due to deforestation for the
Changbai Mountain; 2) for Inner Mongolia, the LHF
increases and the SHF decreases from 2015 to 2034 with
grassland degeneration; 3) the LHF and the SHF have
downward and upward trends over the long term because
of over exploitation of groundwater and the urbanization
expansion in northern China. In addition to supporting the
argument that the LUC has a determinant impact on the
partition of the surface energy balance components, this
investigation quantitatively shows the possible variation in
the LHF and the SHF that can result from future land use
conversion. These conclusions are of importance in
understanding the functionality of land uses in land-
atmosphere exchange processes and for forecasting the
potential risks caused by ecological disturbance.
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