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Global average land and sea surface temperatures have
increased since 1850, which is likely due to the observed
increase in anthropogenic greenhouse gas concentrations [1]
and other possible influences include solar, volcanic, and
greenhouse gas factors and natural variability that is internal
to the climate system [1, 2]. There is ample evidence of the
ecological impacts of recent climate change, from polar ter-
restrial to tropical marine environments [2]. These observed
ecological changes are heavily biased in the directions pre-
dicted from global warming and have been linked to local or
regional climate change through correlations between climate
and biological variation, field and laboratory experiments,
and physiological research [3]. Monitoring spatiotemporal
dynamics of ecosystems response to climate change have
drawn much attention in recent years [4].

This special issue consists of 18 articles and the topics
include terrestrial water cycle, ecological changes in the phe-
nology, ecosystem production, and ecosystem health moni-
toring.

Global change has led to the changes in the terrestrial
hydrology. Four papers in this special issue focus on the spa-
tial and temporal changes of the distribution and total
amount of water resources. J. Wang et al. developed a water
allocation and simulation (WAS) model for simulating the
water cycle and output different evapotranspiration (ET) val-
ues for natural and artificial water use.Themodel was applied
in Tianjin City of China, and the results demonstrate that ET
of irrigation lands is a priority in ET control for water man-
agement. M. E. Kjelland et al. developed a Salton Sea Stochas-
tic Simulation Model (S4M) with a higher degree of climate

forecasting resolution. The model could be used to assist
planners and residents of the Salton Sea (SS) transboundary
watershed (USA and Mexico) in making sound policy deci-
sions regarding complex water-related issues. X. Wang et al.
evaluated the spatiotemporal characteristics of meteorologi-
cal drought in Shandong Province of China from 1961 to 2008
by using the meteorological drought composite index (CI).
D. Jiang et al. present a review of recent applications of the
Gravity Recovery and Climate Experiment (GRACE) satellite
data in terrestrial hydrology monitoring. It was found that
GRACE data could be used for improving the monitoring
result of the spatial and temporal changes of water cycle at
large scale quickly.

Climate change has resulted in a significant effect on veg-
etation dynamics during the past decades. Lots of existing
literatures have investigated seasonal variations in vegetation
and their responses to climate changes, with both in situ and
satellite observations. Q. Ge et al. presented a validmethodol-
ogy for detecting the grassland tourist season.The beginning,
the best, and the end of grassland tourist season of Inner
Mongolia could be determined with remote sensing data. X.
Yu et al. used time series of Moderate Resolution Imaging
Spectroradiometer (MODIS) Enhanced Vegetation Index
(EVI) data (2000–2009) to evaluate forest phenology dynam-
ics and its responses to climate changes in the cool-temperate
needle leaf forest region. J. Dai et al. provided the charac-
teristics of spring phenological changes in China over the
past 50 years based on observation data at 33 sites from
the Chinese Phenological Observation Network (CPON).
L. Guo et al. analyzed vegetation change of the six major
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biomes across Inner Mongolia at the growing season and the
monthly timescales and estimated their responses to climate
change between 1982 and 2006. H. Wang et al. compared
satellite and ground-based phenology in China’s temperate
monsoon area. Five methods to estimate start of season
(SOS) from the Advanced Very High Resolution Radiometer
(AVHRR)/normalized difference vegetation index (NDVI)
dataset were employed and evaluated. The results show that
the variability of SOS time series is significantly different from
ground phenology except for HANTS, Polyfit, and Midpoint
methods.

Terrestrial net primary production (NPP) is a key com-
ponent of energy and mass transformation in terrestrial
ecosystems and also the key indicator of ecosystem func-
tioning. In this special issue, four articles provided major
approaches to monitoring and predicting terrestrial primary
production in a changing global environment. S. Pan et al.
provided a comprehensive review of three major approaches
to monitoring and predicting terrestrial primary production,
including ground-based field measurements, satellite-based
observations, and process-based ecosystem modeling. The
performance of the dynamic land ecosystem model (DLEM)
at various scales from site to region to global was presented
as case study. J. Fu et al. presented the evaluation of the
marginal land resources suitable for developing bioenergy
in Asia. A multiple factor analysis method was used to
identify marginal land using multiple datasets including
remote sensing derived land cover and meteorological data.
Productions and biofuel potential were then estimated. Q. Lu
et al. analyzed the combined effects of land use and climate
change on grain production in northern China during 1988–
2008, with the remote sensing derived farmland map, the
moisture index (MI) frommeteorological data, and unit grain
production from statistical yearbooks. L. Liu et al. assessed
the changes in production potential in China in response
to climate change from 1960 to 2010, with the Global Agro-
Ecological Zone (GAEZ)model. It was found that an increase
of approximately 1.58 million tons/decade in production
potential correlated with climate change.

Routine monitoring of regional ecosystem plays much
important role in the research of global change. Q.Wang et al.
proposed an integrated framework for monitoring ecosystem
at regional scale. H. Yan et al. developed a conceptual model
of the ecosystem resilience of forests. The result suggests that
there is significant spatial heterogeneity of the ecosystem
resilience of forests, indicating that it is feasible to generate
large-scale ecosystem resilience maps with this assessment
model. L. Huang et al. explored the dynamics of grassland
degradation and restoration from 1990 to 2012 in the North-
eastern Tibetan Plateau and its relationship with climate
mitigation to provide a definite answer as to the forcing and
response of grassland degradation and restoration to climate
change. Y. Wang et al. presented a study on the impact of
urbanization on the annual average temperature of the recent
60 years in Beijing. Meanwhile, Z. Qiao et al. focused on the
influences of urban expansion on urban heat island in Beijing
during 1989–2010. The results suggested that urban design
based on urban form would be effective for regulating the
thermal environment.

This special issue aims to summarize the most recent
developments and ideas in monitoring and modeling terres-
trial ecosystems response to climate change. Contributions
presented here will promote the illustration of the rela-
tionship between terrestrial ecosystems and global climate
change.
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Total evapotranspiration and water consumption (ET) control is considered an efficient method for water management. In this
study, we developed a water allocation and simulation (WAS) model, which can simulate the water cycle and output different ET
values for natural and artificial water use, such as crop evapotranspiration, grass evapotranspiration, forest evapotranspiration,
living water consumption, and industry water consumption. In the calibration and validation periods, a “piece-by-piece” approach
was used to evaluate the model from runoff to ET data, including the remote sensing ET data and regional measured ET data,
which differ from the data from the traditional hydrology method.We applied the model to Tianjin City, China.The Nash-Sutcliffe
efficiency (Ens) of the runoff simulation was 0.82, and its regression coefficient 𝑅2 was 0.92. The Nash-Sutcliffe Efficiency (Ens) of
regional total ET simulation was 0.93, and its regression coefficient 𝑅2 was 0.98. These results demonstrate that ET of irrigation
lands is the dominant part, which accounts for 53% of the total ET.The latter is also a priority in ET control for water management.

1. Introduction

Water resources are becoming increasingly interconnected
with social, economic, environmental, and political issues at
national, regional, and even international levels [1]. A hydro-
logical cycle study usually takes into account precipitation,
surface runoff, rivers, and groundwater, but it should now
also incorporate four components of the human water cycle:
uptake of water, transportation of water, use of water, and
drainage and regress. Thus, recent hydrological cycles have
the characteristics of both a natural process and a human
intervention [2].

In general, hydrological models can be classified into
lumpedmodels and distributedmodels, which are also called
data-driven models and mechanistic models [3]. Lumped
models, such as linear time series models, nonlinear time
series analysis [4–6], and regression models [7], can be used
for various purposes, such as forecasting and modelling
rainfall runoff and estimation ofmissing hydrological data. In
past decades, distributed hydrological models, for example,
the SWAT model [8], TOPMODEL [9], MODFLOW [10],
FEFLOW [11], MIKE-SHE model [12], SVM model [13],

HSPF model [14], and VIC model [15], have been developed
and widely used for water planning and management.

Nonetheless, a pragmatic model should include not only
natural factors such as plants, soil, and climate but also
water use in society and in the economy [16]. The above-
mentioned specialized hydrological models used for water
management have limitations in regions affected by human
activities. It is known that the remote sensing (RS) technique
can objectively quantify different types of evapotranspiration
(ET) as a function of time [17]. In this work, we developed
the water allocation and simulation (WAS)model to simulate
different types of natural ET and various types of artificial
water consumption; a “piece-by-piece” approach was utilised
to evaluate the model from runoff to ET.

2. The WAS Model

The WAS model can simulate dually natural-artificial water
cycles influenced by both nature and humans. It consists of
two interoperative computational modules: SWAT and the
artificial water optimized allocationmodule (AWOM), which
was developed in this study. In particular, AWOM, which
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Table 1: Generalized elements of the system of water resources in AWOM.

Elements Class The representative system

Points

Supply Reservoir, diversion works, well project, lakes, and marshes
Water use City residents, rural residents, industry, agriculture, urban ecology, lake ecology, and wetland ecology

Convergence Catchment zones and outflow, such as an ocean or a lake
Water control Key section of a river or channel

Lines River Natural rivers
Channel Artificial channels

AWOMSWAT
Coupling

Natural water cycle Artificial water cycle

Simulating Simulating

RS ET

Total ET

Runoff 

Runoff

Artificial ET     ValidationValidation Validation

Figure 1:The structure of theWASmodel (RSET is ETdata retrieval
with remote sensing).

can implement optimization of regional water utilization by
regional ET control, is the core for regional water resource
management. SWAT provides basal data to AWOM. Syn-
chronously, the SWAT and AWOM are the key to ET control
of a region because regional ET includes not only natural
ET such as ET of soil, grass, crops, and water (which can be
obtained from SWAT and verified with data from RS) but
also artificial ET-like consumptive use (ET) by residential
buildings and by the industry, which can be provided by
AWOM. Total regional ET can be verified using the water
balance method and simulated using the WAS model, which
is shown in Figure 1. Figure 1 shows the general architecture
and state information flows of the WAS model, and Figure 2
illustrates the overall cyclic flow of this model.

2.1. Development of the SWAT Model. SWAT was initially
developed by the United States Department of Agriculture
for comprehensive modelling of the impact of management
practices on water yield, sediment yield, and crop growth in
large complex watersheds [8]. There are some disadvantages
of SWAT. One example is that its artificial water simulation
is limited and the scenarios are set passively; therefore, it
cannot actively resolve conflicting water allocation options
using data from social, economic, environmental, and water
resources. In our study, some functions of SWAT were
developed to incorporate the impact of human activities as
follows. (1) We improved the agriculture module by adding
an irrigation function that can locate more water sources
for irrigation water within the same time frame. (2) We
developed the consumptive water use module, which may
be adapted to spatial and temporal variability of water use
in different years; these data have been published previously
[18].

2.2. Development of AWOM. Allowing for natural and artifi-
cial “dualistic” characteristics of a hydrological cycle, AWOM
that is based on the ET control theory has been utilised in this
work to simulate the artificial water cycle.

2.2.1. Description of the Water System Methodology. A water
system methodology for the regional water resources is
used here to describe an actual water system in AWOM,
which includes five components (Figure 3): (a) multiple
water sources, such as surface water, ground water, transfer
water, recycled water, and desalination and brackish water;
(b) multiple storage facilities, such as reservoirs, diversion
works, well projects, lakes, and marshes; (c) multiple transfer
systems, such as natural rivers, artificial channels, and the
pipe network; (d) multiple users, including city residents,
rural residents, industry, agriculture, ecology, and shipping;
and (e) multiple drainage systems, including rivers, rainwater
channels, and sewage channels.

2.2.2. Generalized Methodology of the Water System. Because
of the complexity of the real-world system of water resources,
we need to abstract themain characteristics and processes of a
real water resource system according to an actual situation in
the region. According to the similarity principle, the regional
system of water resources is usually generalized as point
elements and line elements to describe generalized water
resources (Table 1).

2.2.3.TheDelineationMethod for Subzones. A study areamay
be divided into water allocation units (WAUs). WAUs are
portions of a subbasin that possess unique subwatersheds
or attributes of administrative divisions. The delineation
process requires a digital map of subwatersheds and a map
of administrative divisions in the shape (PolyLine) format.
WAUs should be delineated via superimposition of the two
above-mentioned maps in ArcGIS software (Figure 4).

2.2.4.The Relationship betweenData fromAWOMand SWAT.
Theholistic approach can objectively and clearly demonstrate
the amount of allocation and drainage of water and show
where it comes from and where it goes. In particular, AWOM
is suitable for optimisation of the profit from water resources
according to water availability per capita and a higher value
of use considering regional ET control, groundwater exploita-
tion control, among other factors that can improve develop-
ment of water resources and of the regional economy. In fact,
some input data forAWOM, such as runoff, groundwater, and
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Figure 2: The flow chart of the WAS model.

Runoff

Groundwater

Transfer water 

Desalination

Rainwater

Recycled water

Reservoir

Diversion works

Well project

Supply works

Lake

Marsh

Natural river

Artificial channel

Pipe network

City residents

Rural residents

Industry

Agriculture

Urban ecology

Lake ecology

Wetland ecology

Shipping

Rivers

Rainwater channel

Sewage channel

Wastewater 
treatment

engineering

Evapotranspiration Water consumption

Atmosphere system

Water source Water storage Water transmission Water use Drainage

Figure 3: Description of the water system in AWOM.

water of sluice facilities, are as important as the output data
on water resources demanded by users. In this study, water
source data are provided as output of SWAT.Homoplastically,
output variables of AWOM for a study region (which reflect
the artificial consumptive water process) can be spatially and
temporally assimilated into SWAT and used for calculations.

3. Practical Application of the Model

TheWASmodel described above was applied to Tianjin City,
which has an area of 11,920 km2 and had a population of 13.6

million in 2011. Tianjin City is located in the northern part of
China and is the last city downstreamof theHai River flowing
into the Bo Sea.

3.1. Materials
3.1.1. Hydrological Data. The input of the WAS model
involves a large amount of data, which include the following:
(1) the DEM of Tianjin is SRTM 30m digital elevation data
(downloaded from http://srtm.csi.cgiar.org/); (2) data on a
regional river system on the scale of 1 : 250,000, obtained
from the Water Resource Department of Tianjin (Figure 5);
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Sub-watersheds
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Figure 4: Delineation of water allocation units.

Chaobai River

Duliu River

Hai River

Beiyun River

N
anyun River 

Ziya River

Yongding River

Zh
ou

 R
iv

er

New Ziya River 

North Drainage

Qinglongwan

Ju River

Jinzhong River

Jiyun River 
Lin River

Li River

Huanxiang River

Country
River

N

Figure 5: Rivers in Tianjin.

(3) daily weather data, including information on precipita-
tion, temperature, wind speed, solar radiation, and relative
humidity, supplied by the National Meteorological Site of
China; (4) regional river inflow data obtained from the
Water Resource Department of Tianjin; (5) soil types and
types of land use (Figures 6 and 7) provided by the Water
Resource Department of Tianjin; (6) infiltration recharge
data from rainfall, rivers, reservoirs, wetlands, and irrigation
and data on geological parameters for the groundwater

Swat land use class
FRSD
FRSE
FRST
LTLD
ORCD
RICE
RNGB
RNGE

SWRN
UINS
URHD
URLD
WATR
WETL
WETN
WWHT

N

EW

S

Figure 6: Land use in Tianjin.

aquifer, obtained from the Water Resource Department of
Tianjin.

3.1.2. Artificial Data. The artificial data comprises five com-
ponents: (1) the volume of water demanded by a city and
industry; (2) the data on the schedule of irrigation, crop plant-
ing, fertilization, and other parameters related to farming
management; (3) the volume of waste water drained by the
city and industry; (4) the water supply source of each zone;
and (5) the relationship of supply anddrainage among various
supply systems and demand zones. All of the above data were
obtained from Tianjin water resource departments.

3.2. Development of the Model. The boundaries of the model
follow the borders of the Tianjin district and some natural
features, such as rivers, creeks, and coastline. As for the land
surface, the research area was divided into 325 subbasins and
1,414 hydrologic response units in the SWAT model based
on DEM, soil type, and land use of Tianjin (Figure 8). The
water resource system of the Tianjin basin was generalized
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Table 2: The delineated subzones of Tianjin in AWOM.

Unit
name MAJX PAJX PABD PANH PAHG PAWQ PABC PBBC PBXQ PBCQ PBJN PBDL PBTG PBDG PBJH

Water
resources
name

North
three

mountain
areas

North four plain areas Daqing River plain area

District
name Jixian Jixian Baodi Ninghe Hangu Wuqing Beichen Beichen Xiqing Central

urban Jinnan Dongli Tanggu Dagang Jinghai

Soil class
BHYT
CHT
CLRT
NZCT
RLRT
RZCT
SCT

SLRT
ST
SZCT
YHCT
YLRT
YSCT

N

EW

S

Figure 7: Soils in Tianjin.

to describe the four processes of the Tianjin artificial water
cycle (Figure 9). The artificial zones were delineated as 15
subzones in AWOMusing the method that superimposes the
watershed and the district.

The name of a subzone is an abbreviation, composed of
four letters; the first two letters represent the regionalisation
of water resources and the last two letters represent district
regionalization. Table 2 shows descriptions of subzones.
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Figure 8: Delineation of watersheds in the Tianjin basin.

4. Results and Discussion

A “piece-by-piece” approach was used here to evaluate the
WAS model from runoff to ET. The idea behind the piece-
by-piece approach is to provide the model with rational and
available results step by step.TheWASmodel, like other large
models, is subdivided into several pieces and then solved
step by step with one piece solved at each step. At each
step, the solution of the current partial model begins with
a solution found in the previous step, and the solution from
the current step is saved for the next step. At the final step,
the model contains all pieces and the whole model is then
calibrated. Verification of the WAS model is subdivided into
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the following three parts: the runoff, the ET measured using
water balance analysis, and the ET obtained by means of RS.

4.1. Verification of the Model on Runoff. The surface runoff
in the Tianjin basin was calibrated with daily observed
streamflow data from 1985 to 1999 from four hydrological
stations in Tianjin: on the Jiyun River, on the Chaobai River,
on the Hai River, and on the Duliujian River. Comparison of
the simulated and observed daily stream flow involvedmodel
efficiency (Ens) [19] and a regression coefficient (𝑅2). Surface
runoff was calibrated until average measured and simulated
surface runoff had monthly 𝑅2 > 0.6 and Ens > 0.5. The
results of the calibration are shown in Figure 10.

The Nash-Sutcliffe efficiency (Ens) of the model was 0.82
on average, with the maximum 0.89 and minimum 0.78;
its regression coefficient 𝑅2 was 0.92 on average, with the
maximum 0.94 and minimum 0.91 (Table 3).

Several factors may contribute to the discrepancies
between the simulation and the observed data. (1) The

hydrological cycle was strongly affected by human activities,
and the spatial-temporal distribution of artificial water use in
the model fails to reflect a real situation, although the SWAT
module was developed to account for human activities. (2)
The schedule of irrigation was also an influential factor
because irrigation represented the dominant water use (70%
of all off-stream uses), and the irrigation data necessitated
consideration of precipitation and soil moisture. Overall, the
predictions of runoff are relatively acceptable.

4.2. Verification of the Model on ET Measured Using Water
Balance. Regional total ET includes natural ET and artificial
ET. The ET measured using water balance is calculated from
inflow and rainfall data and outflow data in Tianjin from 1980
to 2004; these measurements were made by Tianjin water
resource departments (Figure 11).

In this work, ET of various underlying surface features
was simulated and analysed using the distributed hydrology
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Figure 10: Calibration of the model. Comparison between simulated and observed streamflow at the four stations: Jiyun River (a), Chaobai
River (b), Hai River (c), and Duliu River (d).

Table 3: Correlations at the four observed stations during calibration and validation periods.

Calibration period (1985–1999) Validation period (2000–2004)
ID a b c d Average a b c d Average
Station Jinyun Chaobai Hai Duliu Jinyun Chaobai Hai Duliu
Nash 0.82 0.89 0.78 0.82 0.82 0.61 0.78 0.65 0.73 0.69
𝑅
2 0.91 0.94 0.92 0.91 0.92 0.67 0.82 0.75 0.78 0.76

Nash: Nash-Sutcliffe efficiency (Ens); 𝑅2: regression coefficient.
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model of SWAT, and artificial ET was simulated and calcu-
lated in the artificial consumptive water module of AWOM.
Figures 5 and 6 show comparisons of integrated regional
ET between the simulation and the measured data, which

were obtained in the analysis of water balance in Tianjin.
The Nash-Sutcliffe efficiency (Ens) of the model was 0.67,
and its regression coefficient 𝑅2 was 0.83. From 1980 to 2004
(Figure 12), 64% of years deviated by less than 5% and 88%
of years deviated by less than 8%. The average total ET of
25 years simulated by the WAS model was 654mm, which
equalled the measured ET.

4.3. Verification of the Model on ET Obtained Using RS.
Currently, the margin of error of ET obtained using RS can
be larger than 15 percentage points, but the relationship of ET
with various types of land use is accurate on a spatial scale
in the same period. Therefore, we compared the ET results
(average value from 2001 to 2004) pertaining to various types
of land use between the WAS model and RS in order to
validate the results for themodel for various types of land use.

We found that the ET simulated by the WAS model was
close to the ET data retrieved using the RS technique on
different lands, as shown in Figure 13. The Nash-Sutcliffe
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Figure 14: Average ET of lands used for various purposes in Tianjin from 1980 to 2004.

efficiency (Ens) of the model was 0.93, and its regression
coefficient 𝑅2 was 0.98. The ET from water, wetlands, and
paddy lands was higher than that from the irrigated land,
forest, and grass land; these results were consistent with the
actual context and regional features.

5. Analysis of Regional Total ET

The average ET of various types of land use in Tianjin from
1981 to 2004, calculated by the WAS model, is shown in
Figure 14. The water ET is 991mm on average and was the
highest. Marsh land and beach land are the second and the
third: 724mm and 701mm, respectively. ET of paddy fields
and dry lands is also high, 602mm and 530mm, respectively.
Then follow grassland and forest land, from 482mm to
501mm. The rural residential land, urban land, and other

construction lands showed low ET: 326mm, 236mm, and
233mm, respectively.

Figure 15 shows composition and distribution of inte-
grated ET in Tianjin. It demonstrates that ET from irrigation
lands is the dominant part that accounts for 53% of the
total ET; the second highest ET was from ecology, with 23%
from town ecology and 20% from other ecology. Accordingly,
the sequence of the feasibility of ET control from easy to
difficult is as follows: agriculture, ecology in town, industry,
and residential use.

Judging by the results of analysis of ET from various
types of land use and industries, the industries showing lower
water use efficiency require some improvements. Control
of the regional integrated ET can be attained, and regional
authorities may finally implement the goals of water use
efficiency and reap the resulting benefits.
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6. Conclusions

In this work, a regional WAS model was used to achieve ET
control; the model was developed to implement integrated
simulation of a natural and artificial water cycle. In the pro-
cess of calibration and validation, a “piece-by-piece” approach
was utilized to solve the model and to obtain rational and
effective results from themodel step by step. A case study was
conducted to explore some of the capabilities of the model in
the Tianjin basin.

Among the results of practical application of the model,
we can see that the runoff dropped off gradually from 1980 to
2004, and synchronously, the regional total ET changed just
like the runoff. This finding demonstrates that the regional
total ET strongly correlates with precipitation and the water
volume of inflow because the ET mainly comes from various
uses of land. Distribution of regional ET also shows that ET
of the croplands and other plant lands is higher than that
of residential units and industry. The ET from RS estimates
the ET of underlying surface features based on the retrieval
principle and cannot reflect the regional total ET, such as the
ET related to the volume consumed by residential units and
industry, but it is used as a tool for evaluating and analyzing
the scenario for water resource planning and management.
This is because the ET from residential units and industry
represents a very small fraction in most regions.
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Shandong province is located in the northern part of China and tends to be a drought-prone region. This study is dedicated to
making a comprehensive and quantitative analysis of the spatial patterns of drought frequency and its climate trend coefficient,
drought grades, and temporal characteristics of drought coverage area, drought duration, and drought intensity from 1961 to 2008
by using the meteorological drought composite index (CI). The results indicated that the occurrence frequency of meteorological
drought in Shandong province was generally high and some part of this region such as Jiaodong peninsula had suffered drought
pressure with an evident ascending trend. The drought extent and influence were very severe in 1980s and 1990s but very slight in
1964; large-area drought mainly occurred after the 1970s and the yearly and seasonally interdecadal drought duration both showed
a fluctuation of 10a periodic cycle approximately. Furthermore, the slight drought mainly appeared in the northwest and southwest
while the other grades of drought exhibited much significant spatial and temporal variability. Besides, drought in spring was more
serious than that in winter. This study is anticipated to support the mitigation of drought hazards and to improve the management
practices of environment system in Shandong province.

1. Introduction

According to the Intergovernmental Panel on Climate
Change (IPCC) report [1], the land surface temperatures
have risen globally over the past century and a half, which
have shown significant regional variations also. And global
warming intensifies the global hydrological cycle in terms of
the averaged precipitation, evaporation, and runoff; thus it
further compounds the drought occurrence around theworld
[2]. In particular in recent decades, drought occurred fre-
quently, and large-scale intensive drought has been observed
in many continents, such as Africa [3, 4], Asia [5, 6], Europe
[7, 8], and America [9, 10]. Being located in East Asia,
China has been suffering large-scale and long-lasting severe
droughts since the early 1950s, which had negative impacts on
environment, ecosystem, social-economic development, and
people’s living conditions [11, 12]. For example, the frequent
occurrence of severe droughts in 1997, 1999, and 2002 in

Shandong province, Hebei province, Gansu province, Inner
Mongolia Autonomous Region, and so on had caused very
serious economic and societal losses [13]. In 1997, the very
severe drought in northern China resulted in a period of 226
days with no streamflow in the Yellow River, which is the
longest drying-up duration on record [2]. Thus it is of great
importance to carry on more thorough drought research at
local and regional as well as national scales, especially to those
areas with insufficient water resources. However, due to the
complexity of drought dynamics and its diverse influencing
factors such as temperature, relative humidity, high winds,
monsoons, rains, and latitudes, the accurate monitoring and
comprehensive evaluating of drought are still a big challenge.

The American Meteorological Society classifies drought
into four categories, including meteorological, hydrological,
agricultural, and socioeconomic drought [14]. The mete-
orological drought, which is mainly used for monitoring
and assessing the water deficit degree aroused by climate
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anomalies in a region within a certain period of time, is the
fundamental reason for the occurrence of other droughts.
Therefore, it contributes to further researches of other types
of drought to explore themeteorological drought’s causes and
laws and to carry out effective monitoring, early warning,
and historical assessment of meteorological drought hazards.
As a primary method for assessing the effect of drought,
the drought index is a numerical expression of drought
parameters, such as intensity, severity, duration, and spatial
extent. Many indices have been developed so far to quantify a
drought among which some meteorological drought indices
have been implemented widely at present, such as the stan-
dardized precipitation index (SPI) [15–17], Palmer drought
severity index (PDSI) [18, 19], and vegetation condition index
(VCI) [20, 21]. Recently, themeteorological drought compos-
ite index (CI), which was proposed by China Meteorological
Administration, has been used in many regions in China.
Compared to meteorological indices previously reported
such as SPI and PDSI as well as VCI, CI has the advantage
of taking water-heat balance into consideration for drought
stress characterization because it combines both precipitation
and temperature information; it has the ability to identify
the drought onset and termination, severity, and duration as
well as drought-hit area; therefore it is suitable for real-time
meteorological drought monitoring and assessment of the
historical meteorological drought [22]. For instance, Zhao et
al. [23]made a prediction ofmeteorological drought risk with
CI in Yunnan province, supporting the quantitative analysis
of drought influencing factors such as LUCC in this region.
Based on the calculation of CI, Zou et al. [24] studied the
drought areas variations for ten major Chinese river basins
andChina as awhole from 1951 to 2008, revealing the drought
areas trends and pointing out the significant drought areas
in China. What is more, by employing CI, several other
meteorological drought researches had been taken out in
eastern [25] and northwest [26] and some other regions in
China.

In this study, we made a thorough and quantitative
analysis of the spatial-temporal dynamics of the meteorolog-
ical drought that occurred in Shandong province from 1961
to 2008 by adopting CI which has not been employed in
this region. Specifically, we analyzed the spatial patterns of
drought frequency and its climate trend coefficient, drought
grades, and temporal characteristics of drought coverage
area, drought duration, and drought intensity in the expecta-
tion of providing reasonable reference and scientific support
for alleviating and mitigating the impacts of meteorological
drought.

2. Study Area and Data

2.1. Study Area. Shandong province is situated in the down-
stream area of the Yellow River; it lies between E 114∘36∼E
122∘43 and N 34∘25∼N 38∘23, respectively. Being located in
the eastern coast area of China, Bohai Sea borders its north
and Yellow Sea borders its northeast and southeast (Figure 1).
Being affected by the typical warm temperature monsoon
climate, Shandong province is characterized by cold and less
rain in spring, being hot and rainy in summer, moderate

precipitation and temperature in autumn, and being cold
and dry in winter, respectively. The average annual tem-
perature is 11∼14∘C, increasing form northeast to southwest.
The average annual precipitation is generally between 550
and 950mm, decreasing from southeast to northwest. The
seasonal distribution of rainfall is uneven because nearly
60∼70% precipitation concentrate in summer, tending to
induce or form floods. However, there are so less rainfall in
autumn, winter and spring, and the droughts arouses easily
in these seasons. Furthermore, with a large population and
widespread farmland but limited water resources, Shandong
province is facing severe water scarcity due to an increasing
demand of water resource by population’s livelihood, agri-
culture, energy, and industry sectors. Therefore, Shandong
province becomes a drought-prone region, which threats
regional social-economic development and living standard
of local dwellers. However, as for researches that have been
reported on drought hazards in Shandong province, it mainly
focused on drought causes from the aspect of climatol-
ogy background in terms of atmospheric circulation and
monsoon [27], or drought characters by assessing statistical
data such as temperature, precipitation, and disaster losses
[28, 29]; there is a shortage of quantitative exploration
of meteorological drought from the perspective of spatial-
temporal characteristics [30, 31] and different severity levels
with a long time series in this region.

2.2. Meteorological Data. The meteorological data records
with excellent quality through a strict quality control were
selected from the Chinese Terrestrial Climate Information
of Daily Datasets. There are 32 representative meteorological
stations in these datasets in Shandong province; however, due
to the limitation of inconsistency observation records in some
stations, we finally choose 18 meteorological stations’ daily
climate data including measured average temperature and
precipitation data from 1961 to 2008. In order to satisfy the
requirements of CI calculation, the meteorological records in
nearly 50 years were readily preprocessed according to the
data processing document.

3. Methodology

3.1.Meteorological Drought Composite Index. In this study, CI
was employed to analyze the spatial and temporal character-
istics ofmeteorological drought in Shandong province at time
scales of seasonal and interannual. CI is calculated based on
standardized precipitation index (SPI) and relative moisture
index (MI) as follows [22]:

CI = 𝑎𝑍
30
+ 𝑏𝑍
90
+ 𝑐𝑀
30
, (1)

where Z
30

and Z
90

refer to the SPI of 30 days and 90 days,
respectively,M

30
represents the MI of 30 days, and a, b, and c

are coefficients.
SPI was developed for the purpose of defining and

assessing drought by McKee et al. [15], and it was computed
following Zhang et al. [22] in this paper. MI indicates the
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Figure 1: Location map of Shandong province and the meteorological stations.

balance between precipitation and evaporation during a
period of time, and it was calculated as follows:

MI =
𝑃 − PE

𝑚

PE
𝑚

, (2)

where 𝑃 refers to the total amount of precipitation in the
recent 30 days (unit : mm) and PE

𝑚
is the potential evapo-

transpiration in the recent 30 days (unit : mm). The potential
evapotranspirationwas calculated based on theThornthwaite
function according to Zhang et al. [22].

The meteorological data including the daily average tem-
perature and daily precipitation were employed to calculate
the CI according to formula (1), and the CI was classified
based on Table 1 [23].

3.2. Determination of the Meteorological Drought Process. We
adopted CI to determine themeteorological drought process.
A meteorological drought process is initiated when CI in 10
consecutive days is above slight drought level (CI

10
≤ −0.6),

and this process is terminated until another 10 consecutive
nondrought days appear (CI

10
> −0.6).The drought duration

refers to the period between the first date and last date of
the whole process. A drought event for a specific time scale
(month, season, and year) appears when there is at least one
occurrence of a drought process and the length of cumulative
drought duration exceeds a quarter of the timescale [22]. In
addition, the drought intensity is referred to the sum of all CI
values above slight drought level during a drought process in
which smaller values indicate stronger drought intensity.

In this paper, the annual and seasonal drought dura-
tion in Shandong province were obtained by calculating
the arithmetic mean of the total number of days of all
drought processes for total meteorological stations within the
corresponding periods. And the annual drought intensitywas
defined as the arithmetic mean of the drought intensity for

Table 1: Classification standard of the meteorological drought
composite index (CI).

Level Class CI
1 No drought −0.6 < CI
2 Slight drought −1.2 < CI ≤ −0.6
3 Moderate drought −1.8 < CI ≤ −1.2
4 Heavy drought −2.4 < CI ≤ −1.8
5 Extreme drought CI ≤ −2.4

total meteorological stations for each year. The definition of
season is as follows: winter covers January, February, and
December of last year, spring is fromMarch to May, summer
is from June to August, and autumn covers from September
to November.

3.3. Drought Frequency and Its Climate Trend Coefficient. The
drought frequency is calculated as follows:

𝐹 =
𝑛

𝑁
× 100%, (3)

where 𝐹 is the drought frequency, 𝑛 refers to the number of
drought years, and𝑁 represents the total number of years. In
this paper, there were 48 years from 1961 to 2008; thus𝑁 took
the value of 47 because CI was calculated by rolling back.

The climate trend coefficient is used to describe the
temporal characteristics of climate trend change intensity
quantitatively [32]; it is calculated as follows:

𝑟
𝑥𝑡
=
∑
𝑛

𝑖=1
(𝑥
𝑖
− 𝑥) (𝑖 − 𝑡)

√∑
𝑛

𝑖=1
(𝑥
𝑖
− 𝑥)
2

∑
𝑛

𝑖=1
(𝑖 − 𝑡)

2

, (4)

where 𝑟
𝑥𝑡
refers to the correlation coefficient between factor

sequence andnatural sequence in 𝑛 years,𝑥
𝑖
is the factor value

in the 𝑖 year, 𝑥 represents the sample mean, and 𝑡 = (𝑛 + 1)/2.
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In this study, the climate trend coefficient of drought
frequency was calculated based on the occurrence frequency
of drought in five decades for each meteorological station
at time scales of year and season. The positive and negative
values of 𝑟

𝑥𝑡
reflect linear increase and decrease trends of

drought frequency in 𝑛 years, respectively. And the spatial
distribution of drought frequency and its climate trend
coefficient as well as different drought grades were obtained
by employing the inverse distance weighting (IDW) interpo-
lation method in ArcGIS 9.3 platform.

3.4. Drought Coverage Area. The probability of drought
coverage area (PDCA) is defined as the area ratio of drought
events that occur for a given timescale in the study region and
is calculated as follows:

𝑆 =
𝑚

𝑀
× 100%, (5)

where 𝑆 is the probability of drought coverage area, 𝑚 is the
number of meteorological stations in which drought events
that occur for a given timescale, and 𝑀 refers to the total
meteorological stations. The PDCA of more than 90% is
defined as the large-area drought in this research [25].

4. Spatial-Temporal Characteristics of
Meteorological Drought

4.1. Spatial Patterns of Drought Frequency and Its Climate
Trend Coefficient. There are very significant spatial differ-
ences of meteorological drought frequency from 1962 to
2008 in Shandong province. It can be seen that the annual
drought frequency decreased both from north to south and
from west to east (Figure 2(a)). The annual high drought
frequency mainly concentrated in the north and southwest
Shandong province, with a maximum percentage of more
than 80%. In contrast, low frequency centered in the central
and southeastern Shandong province as well as the eastern
Jiaodong peninsula, with the lowest occurrence in Taishan
about 53.9%. Drought frequency at four seasons also showed
very distinct spatial differences. In spring it varied from
63.83% to 80.85%, which is the highest among four seasons,
and high values mainly located in northwest and southwest
(Figure 2(b)). The scopes of drought frequency in summer
(Figure 2(c)) and autumn (Figure 2(d)) were 42.55%∼72.34%
and 51.06%∼74.47%, respectively, exhibiting a similar spatial
pattern that the minimum frequency occurred in Taishan
and southeast areas and the maximum frequency appeared
in north and southwest regions. In winter, the drought
frequency varied from 36.17% to 74.46%, which was lower
than any other seasons, and low value areas spread widely,
including almost the entire central area and most parts of
northern area (Figure 2(e)). Overall, the southwest and north
areas were prone to high drought frequency, but the central
and southeast regionswere susceptible of relative lowdrought
frequency.

Furthermore, the temporal trend analysis of drought
frequency showed that the meteorological drought in Shan-
dong province tended to be aggravating from 1962 to 2008

(Figure 3(a)). The spatial distribution of drought frequency
tendency in spring (Figure 3(b)) was similar to that in
autumn (Figure 3(d)) and winter (Figure 3(e)), presenting
an ascent trend in eastern and northern area of Shandong
province, especially in Jiaodong peninsula. In summer, the
increasing trend of drought frequency was observed in
finite areas, around Weifang city and Jiaodong peninsula
mainly (Figure 3(c)). In general, it demonstrates that regions
of significant aggravating drought during 1962 to 2008
mainly concentrated in the northern and southern part and
Jiaodong peninsula, showing a certain degree of meteoro-
logical drought aggravation, and need to be focused on for
mitigating the drought stresses in the future.

4.2. Spatial Patterns of Different Drought Grades. The spatial
patterns of different drought grades from 1962 to 2008 in
Shandong province are shown in Figure 4. In the respect of
annual drought, over the past nearly 50 years, the number
of slight drought, moderate drought, and severe and extreme
drought days that occurred in Shandong province were
between 57∼81 d (Figure 4(a)), 32∼49 d (Figure 4(b)), and
11∼23 d (Figure 4(c)), respectively. Spatially, the days of
slight drought decreased from west to east, and the days of
moderate drought showed a zonal distribution, with south
beingmore thannorth, whichwas converselywith the pattern
of severe and extreme drought. Overall, the distributions of
high-value centers for every drought grade have no common
features whereas low-value centers were all in the Taishan
area.

In spring, the annual days of slight drought, moderate
drought and severe and extreme drought were 16∼25 d
(Figure 4(d)), 11∼16 d (Figure 4(e)), and 4∼9 d (Figure 4(f)),
respectively. And the high value centers of slight droughtwere
located in the western and northern regions, with drought
days exceeding more than 22 d; on the contrary, the Taishan
area and Weihai-Shidao in Jiaodong peninsula were not
prone to slight drought. The moderate drought was mostly
observed in the west to Weifang-Juxian areas. Moreover,
the severe and extreme drought was the most severity in
four seasons, exhibiting a high-value in the eastern part of
Jiaodong peninsula and low-value in the Taishan area.

In summer, the annual days of slight drought, moderate
drought, and severe and extreme drought were 10∼17 d
(Figure 4(g)), 5∼11 d (Figure 4(h)), and 3∼7 d (Figure 4(i)),
respectively. And the high incidence areas for each drought
gradesmainly located in the north, northwest, southwest, and
the Jiaodong peninsula; whereas the low incidence areas were
all in and around the Taishan area.

In autumn, the annual days for the three drought grades
were 14∼22 d (Figure 4(j)), 9∼15 d (Figure 4(k)), and 3∼
6 d (Figure 4(l)), respectively. The slight drought was likely
to occur in the northwest, southwest, and the east area of
Jiaodong peninsula. And the moderate drought days were
11∼13 d in most areas of the province, except the Yellow
River delta and Rizhao city (high-value centers of moderate
drought) and Taishan area (low-value center of moderate
drought). In addition, the northwest and southwest were
vulnerable to severe and extreme drought in autumn, with
drought days more than 4 d.
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Figure 2: Spatial distribution of annual (a), spring (b), summer (c), autumn (d), and winter (e) drought frequency in Shandong province.
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Figure 3: Spatial distribution of annual (a), spring (b), summer (c), autumn (d), and winter (e) climate trend coefficient of drought frequency
in Shandong province.
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Figure 4: Continued.
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Figure 4: Spatial patterns of annual ((a)∼(c)), spring ((d)∼(f)), summer ((g)∼(i)), autumn ((j)∼(l)), and winter ((m)∼(o)) different drought
grades in Shandong province.

In winter, the annual drought days for different grades
were 14∼22 d (Figure 4(m)), 9∼15 d (Figure 4(n)), and 3∼6 d
(Figure 4(o)), respectively. The northwest, southwest, and
eastern coastal areas were prone to slight drought in winter;
however, themoderate drought days distributed evenly in the
study area, ranging between 7 and 9 d generally. Besides, the
severe and extreme drought in winter was the least severity in
four seasons, having only 0 to 2 drought days in most parts of
the province.

To sum up, each grade of drought that lasts a relatively
long time has occurred in Shandong province from 1962 to
2008. And the slight drought was generally observed in the
northwest and southwest both for annual and seasonal, but
the other grades of drought were observed in different areas
for different timescales.

4.3. Temporal Characteristics of Drought Coverage Area. The
temporal sequence of PDCA in Shandong province from 1962
to 2008 is shown in Figure 5. The annual average PDCA
was 75%, and the annual large-area drought was observed
in 14 a which was evenly distributed in the 1980s and 1990s.
Relatively, the probabilities of drought extent are zero in 1964
and 2003, revealing that there were no drought events at time
scale of year in these two years in Shandong province. For
each season, the annual probability of an area affected by a
drought in spring, summer, autumn, and winter was 72%,
61%, 65%, and 58%, respectively.There were 21 a of large-area
droughtwhichwasmainly distributed in the 1980s, 1990s, and
early 21 s century in spring, and 9 a, 12 a, and 11 a of large-area
drought in summer, autumn, andwinter whereas almost all of
these years concentrated in the 1980s and 1990s. Meanwhile,
the nondrought years for every seasonwere relatively fewover
the past nearly 50 years, only 4 a in spring, 3 a in summer,
and 2 a both in autumn and winter. In summary, the large-
area drought at annual and seasonal time scales in Shandong
province mostly occurred in the 1980s and 1990s.

Moreover, time-continuous large-area drought events
have been observed in a few years in Shandong province;
in specific, transseasonal large-area droughts that covers
spring, summer, and autumnoccurred in 1981, 1988, and 2001,
respectively. Autumn-winter continuous large-area droughts
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Figure 5: Annual, spring, summer, autumn, and winter probability
of drought coverage area in Shandong province.

happened in 1990 and 2002, respectively. Serious spring-
summer large-area drought occurred in 1992 and summer-
autumn large-area drought occurred in 1997, respectively. It
can be seen that time-continuous large-area droughts mainly
took place after the 1970s in Shandong province, revealing
that time-continuous droughts were steadily increasing with
time during the study period. However, it is also found that
the linear changing tendencies were not obvious in the annual
and seasonal PDCA in Shandong province by carrying out
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the 𝐹 significance test with the confidence level of 𝛼 = 0.01
and 𝛼 = 0.05.

4.4. Temporal Characteristics of Drought Duration. As is
shown in Figure 6, the annual and seasonal drought durations
in Shandong province were both fluctuated significantly from
1962 to 2008. The annual drought duration was 153 d, with
the longest drought duration of 291 d in 1999 and the shortest
drought duration of 8 d in 1964. There were 15 years that the
annual drought duration of which was more than 183 days
(half of the total days of a year), and furthermore, these years
were mainly in the 1980s and 1990s. On seasonal, the annual
drought durations in summer and winter were both 34 d and
in spring and autumn were 45 d and 39 d, respectively. Over
the past nearly 50 years, there were 24 a, 12 a, 16 a, and 12 a that
annual drought duration wasmore than 46 d (half of the total
days of one season) in spring, summer, autumn, and winter,
respectively. The longest annual drought duration for spring,
summer, autumn, and winter was 84 d in 1988, 76 d in 1992,
78 d in 2002, and 89 d in 1999, respectively; correspondingly,
the shortest annual drought duration in spring and summer
was 0 d in 1990, while in autumn and winter was 0 d in 1964
and 2003 and 1 d in 1964, respectively.

It reveals that the periodic variation of the annual and
seasonal interdecadal drought duration was roughly similar,
showing a cycle of 10 a approximately (Table 2). But the
linear changing tendencies of drought time duration in
Shandong province from 1962 to 2008 were insignificant
through executing the 𝐹 significance test with the confidence
level of 𝛼 = 0.01 and 𝛼 = 0.05.

4.5. Temporal Characteristics of Drought Intensity. Over the
past nearly 50 years, the annual drought intensity, which is
referred to the arithmetic mean of the sum of all the days
of CI value that are all above slight drought level for total
meteorological stations for each year in Shandong province,
showed a fluctuation tendency (Figure 7). The minimum CI
value which indicates the strongest drought intensity was
−369.93 and appeared in 1988, followed by −333.56 in 1999,
and the maximum CI value conversely implying the lightest
drought intensity was −15.22 in 1964. There are 19 a that
annual drought intensity was above the mean intensity for
total years from 1962 to 2008, and those years were mainly
in the 1980s, 1990s, and early 21 s century. However, the linear
tendency of annual drought intensity has not passed the 𝐹
significance test with the confidence level of 𝛼 = 0.01 and 𝛼 =
0.05, revealing that the variation tendency of annual drought
intensity was much complicated in Shandong province.

The linear tendencies of PDCA and drought duration for
annual and seasonal and annual drought intensity were all
insignificant; however, it is still obvious that the temporal
drought parameters were salient in the 1980s and 1990s than
in any other decades, which gives an evidence of the high-
lighting drought extent and influence in these two decades in
Shandong province. In addition, the three temporal drought
parameters were all the palest in 1964, demonstrating that
the drought was lightest in this year in Shandong province.
Moreover, taking into account the annual drought duration
and intensity, it is found that the drought duration in 1999
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Figure 6: Annual, spring, summer, autumn, and winter drought
duration in Shandong province.

Table 2: Annual and seasonal interdecadal drought duration (d).

Inter-decadal Timescales
Year Spring Summer Autumn Winter

60 s 124 34 32 37 21
70 s 141 44 32 25 39
80 s 180 55 42 50 32
90 s 159 42 35 43 43
Early 21 s 153 51 32 39 34

was 291 d which was longer than 288 d in 1988, whereas
the annual drought intensity was −333.56 in 1999, which
was lower than −369.93 in 1988, indicating that the drought
cumulative effects in 1988 were more significant than in 1999.
In general, the three temporal parameters of drought, namely,
PDCA, drought duration, and drought intensity, effectively
depict the drought from different aspects and all of them are
of great importance to the evaluation of the meteorological
drought.

5. Conclusion and Discussion

Owing to various factors such as global warming, abnor-
mity of East Asia monsoon wind, and local precipitation
decreasing, the drought hazard in Shandong province is
becoming more and more serious. Therefore, on the basis
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Figure 7: The annual drought intensity in Shandong province.

of drought analysis by adopting and calculating the CI for
18 meteorological stations, we comprehensively evaluated the
spatial-temporal characteristics of meteorological drought in
Shandong province from 1962 to 2008. Main conclusions are
as follows.

The frequency of meteorological drought was generally
high in Shandong province, and high-frequency regions
are mainly concentrated in the southwest and north areas
whereas low-frequency regions are generally centered in
the central and southeast. The spatial pattern of drought
frequency is closely related to the distribution of precipitation
which decreases from southeast to northwest and tempera-
ture which increases from northeast to southwest.

The seasonal drought frequency followed such an order of
spring > autumn > summer >winter.The precipitation is rare
in spring but the evaporation is high due to the land surface
warming rapidly, which aggravates the spring drought. In
contrast, abundant rain falls in summer and low evaporation
in winter owing to low temperature result in relatively low
drought frequency in these two seasons.

The slight drought, moderate drought, and severe and
extreme drought were all observed in Shandong province
from 1962 to 2008. And the slight drought generally occurred
in the northwest and southwest, but drought of other grades
was observed in different areas at different timescales. Addi-
tionally, various drought grades were longest in spring but
shortest in winter which was consistent with the statistics
of the calculated drought parameters and, therefore, further
revealed that the spring drought wasmuchmore serious than
that in the other three seasons.

With respect to the temporal trend of drought frequency,
it demonstrated that regions including north, south, and
Jiaodong peninsula were all suffering an ascend drought
over the past nearly 50 years, but the upward trend in
other regions was much evident. Besides, temporal trends
of multiple drought parameters including PDCA, drought
duration, and drought intensity all indicated that the drought

extent and influence were very severe in the 1980s and
1990s but much mild in 1964; the time-continuous large-
area droughts mainly occurred after the 1970s, and the
interdecadal drought duration at annual and seasonal scales
both showed a fluctuation tendency of 10 a periodic cycle
approximately.

In brief, this study proves that Shandong province is a
sensitive area to global climate change from the perspective
of meteorological drought occurrence. What is more, the
much complicated spatial-temporal characteristics of mete-
orological drought in Shandong province detected by this
study do confirm that the regional response to climate change
exhibits very significant spatial-temporal differences. The
findings summed up above will in turn give us essential
knowledge and guidelines on adaptation and mitigation
options to address climate change. In specific, in Shandong
province, critical works to be carried out are as follows:
(1) to conduct more wide and more extensive monitoring
and observations in terms of climate change and drought
hazards, and to carry out more intensive scientific researches
that focus on the dynamics of meteorological drought; (2)
to strengthen drought risk management practices in the
public sector, especially to choose and enact defense-oriented
strategies, and to develop drought emergency plans and
measures at the same time; (3) to maintain and make use of
the ecosystem functions and services in terms of drought risk
defense and water conversation by protecting and restoring
ecosystems in ecocritical areas and drought prone areas; (4)
to investigate, choose, develop, and promote effective mea-
sures of drought defense and prevention among agricultural,
industrial, and energy sectors and people’s lives, such as dry
farming and water-saving agriculture, green-water utiliza-
tion technologies, industrial water-saving technologies, and
domestic water conservation technologies; (5) to promote
public education and to motivate public participation with
respect to drought defense and prevention, and so on.
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The Gravity Recovery and Climate Experiment (GRACE) satellite provides a newmethod for terrestrial hydrology research, which
can be used for improving the monitoring result of the spatial and temporal changes of water cycle at large scale quickly. The paper
presents a review of recent applications of GRACE data in terrestrial hydrology monitoring. Firstly, the scientific GRACE dataset
is briefly introduced. Recently main applications of GRACE data in terrestrial hydrological monitoring at large scale, including
terrestrial water storage change evaluation, hydrological components of groundwater and evapotranspiration (ET) retrieving,
droughts analysis, and glacier response of global change, are described. Both advantages and limitations ofGRACEdata applications
are then discussed. Recommendations for further research of the terrestrial water monitoring based on GRACE data are also
proposed.

1. Introduction

Intensified impact of human activities and global change
inevitably lead to the changes in the water cycle, including
the spatial and temporal distribution and the total amount
of water resources [1, 2]. Terrestrial hydrology, which is
an important indicator in global change, affects the global
climate system in energy, water, and biogeochemical [3]. Tra-
ditional monitoring of terrestrial hydrology mainly depends
on site measurements or model simulations, which is costly
and time-consuming. Furthermore, for the scale effects of
the conversion from observation points to large region,
additional error will be brought into spatially continuous data
obtained by statistical interpolation methods. The accuracy
of interpolation results may significantly decrease in areas far
away from observation sites. Hydrological models and land
surface models solve the problem of simulation of terrestrial
hydrology on the plane scale to some degree. However,
the lack of systematic global fine-scale hydrological data

increases the model uncertainty and lowers the simulation
accuracy. This restricts the practical application of hydro-
logical models and land surface models in the monitoring
of terrestrial hydrology. With the rapid development of
remote sensing technology, remote sensing holds significant
potential to the regional hydrological researches. By offering
a useful and cost-effective approach to rapidly monitor ter-
restrial hydrological parameters, remote sensing technology
has been widely used in hydrology. Recently, combination
models of remote sensing technology, observation network,
and hydrological models have been common in terrestrial
hydrology studies. However, imaging satellite techniques and
satellite altimetry can only be used in the monitoring of
surface water that represents just one component of total
water storage. They can be hardly applied in the monitoring
of other components of terrestrial water such as soil water and
groundwater, which impeded further applications of these
technologies in terrestrial hydrology.
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Launched in March 2002, the Gravity Recovery and
Climate Experiment (GRACE) can provide an operational
product in the form of global gravity fields every∼30 days [4].
After several gravity effects have been released (e.g., atmo-
sphericmass variations and ocean tides), precise observations
of the time-series global gravity field changesmake the spatial
monitoring of water storage changes at large scale such as
basins possible. Through 10 years of development, GRACE
satellite data processing and corresponding TWS retrieval
algorithms are improved continuously.They are able to detect
the changes of TWS within the accuracy of 1.5 cm on a wide
range of spatial scales and seasonal time scales [5]. Compared
to imagery remote sensing methods, they provide alternative
technical methods for the estimation of glaciers, surface
snow, soil water, surface water, groundwater, evaporation,
and other components in the terrestrial hydrological system.
It provides a new technique for the large-scale monitoring
of terrestrial water cycle. The objective of this paper is to
present an overview ofGRACEdata applications in terrestrial
hydrology monitoring, including GRACE data processing
methods and TWS change retrieval and their application in
terrestrial hydrology and related fields.

2. GRACE Data

GRACEgravity satellite programwas jointly developed by the
National Aeronautics and Space Administration (NASA) of
the United States and the German Aerospace Center (DLR)
with the objective of providing spatiotemporal variations
of the Earth’s gravity field. The GRACE satellite program
can be also used to detect the atmosphere and ionosphere
environment. The US Jet Propulsion Laboratory (JPL) is
responsible for the project management of the GRACE
gravity satellite program. Monthly gravity field solutions are
computed at the University of Texas at Austin Center for
Space Research (CSR), the German Research Centre for
Geosciences Potsdam (GFZ), JPL, Groupe de Recherche de
Geodesie Spatiale (GRGS), and the Delft Institute of Earth
Observation and Space Systems (DEOS) as well as Delft
University of Technology, among others [4, 6–8]. GRACE
utilizes a state-of-the-art technique to trace the spatiotempo-
ral gravity field with an increased sensitivity by tracking the
micrometer-precise intersatellite range and range-rate obser-
vations between two coplanar, low altitude (300 km∼500 km)
satellites and the distance between which is about 220 km.
To precisely measure the distance changes between two
satellites at micron meter level accuracy, a K-band ranging
(KBR) system based on carrier phase measurements in the K
(26GHz) and Ka (32GHz) frequencies is provided. Besides,
four key instrumentations of a GPS receiver (space-proofed
multichannel, two-frequency), capacitive accelerometer, laser
retroreflector (LRR), and star camera are equipped on board
of each GRACE satellite [4, 7].

By analyzing the relationship between orbits and forces of
GRACE satellites, the Earth’s gravity field variety is estimated
based on the dynamic equations of satellites motion. It
monitors the time-varying characteristics of long-wavelength
gravity field on a 15∼30-day or longer time scale. Large-scale

mass redistribution (mass distribution changes over time) in
the Earth system reflects the interaction between substances
of various forms in the Earth’s internal system (atmosphere,
oceans and solid crust, viscous mantle, liquid outer core,
and solid inner core), which are the important subjects of
Earth sciences. Compared to the average Earth’s gravity field,
the time-varying quantity of the gravity field is very small,
but it contains important geophysical information. It reveals
the movement, distribution, and changes of all substances
in the Earth system and reflects the interaction between the
atmosphere, terrestrial water, oceans, and the solid Earth [6].

The time variation of global gravity field caused by the
influence of solid Earth (including the inner core and the
outer core) is mainly manifested on a 10-year or a longer time
scale. However, temporal variation of gravity ismainly caused
by the redistribution influence of atmosphere, oceans, and
water storages in the surface fluid envelopes of the earth on a
seasonal or interannual time scale [9, 10]. The gravity effects
of tides (solid Earth, oceans, and atmosphere) and nontidal
(atmosphere and oceans) are reduced in the data processing
of GRACE gravity field model. Therefore, by excluding
the errors in gravity field model and the atmosphere and
oceans models, GRACE time-varying gravity field reflects
the nonatmospheric and nonocean mass variations due to
water mass variations on the continental area. On a seasonal
or shorter time scale, it provides information on changes in
terrestrial water storage in large river basin [11].

3. Hydrological Applications

3.1. TWS Changes Monitoring. The TWS is the most direct
hydrological parameter obtained by GRACEmonitoring. For
the main goal of GRACE satellite is to monitor the Earth’s
gravity field variations, early researches are focused on the
feasibility and accuracy of TWS retrieval from GRACE data.
Wahr et al. [11] pointed out that the GRACE-based TWS
retrieval required the consideration of the impacts from
short-wave noises and leakage errors, and the TWS retrieval
result is valid for large-scale river basins. Further research of
Rodell and Famiglietti showed that TWS accuracy could be
improved by increasing themonitoring temporal interval and
spatial resolution of the monitored area [12, 13]. For regions
larger than 200000 km2, the TWS changes with intervals on
month and longer time scale can be monitored, and the
accuracy can reach 1.5 cm and above.

The application of GRACE-based TWS changes data
is mainly based on the combination of hydrological mod-
els and land surface models. GRACE-based TWS retrieval
results offer spatial and temporal distribution of vertically
integrated water storage (surface water, soil, groundwater,
and snowpack) in large river basins. So the errors due to
the use of indirect indicators such as the flow rate and
precipitation in some hydrological models can be reduced. In
initial researches, the GRACE-based TWS is only considered
as a reference to the simulation results from hydrological
models (such as GDLAS and CPC), which does not involve
the uncertainty of hydrological models in the simulation
process. Hu et al. [10] proposed that water storage changes in
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Yangtze River could reach a magnitude of 3.4 cm equivalent
water height, with the maximum occurring in the spring
and early autumn. Using 5-year GRACE-based TWS change
data in China, Zhong et al. [14] pointed out that the water
storage in the north-central region of China diminished at an
annual rate of 2.4 cm water equivalent height. By combining
GRACE and GPS network observation data, Wang et al. [15]
achieved precise retrieval of TWS change in Nordic region
and North America. Their studies showed that, over the past
decade, a sharp increase appeared in the water storage in
NorthAmerica and Scandinavia and awater recovery process
is underway.

With further study, GRACE data is now considered as
an important parameter to assess and improve hydrological
model simulation. Swenson andMilly [16] and Syed et al. [17]
used GRACE data to verify and improve TWS simulation of
five climate models and the Global Land Data Assimilation
System (GLDAS), respectively. Niu and Yang [18] and Ngo-
Duc et al. [19] used GRACE data for the result verifica-
tion of common land surface model (CLM) of NCAR and
ORCHIDEE and corrected the CLM by applying GRACE-
based TWS changes data.

Various quantitative analyses between hydrological mod-
els and GRACE-based TWS showed that the two simu-
lation results of large areas are in good consistency on
a seasonal or longer time scale [16, 20, 21]. Time-series
analyses of South and North America, Southeast Asia, the
Ganges River Basin, Africa, Eurasia, and other large-scale
regions all showed that GRACE-based TWS reflected a
significant seasonal variation. However, given the limitations
in the spatial resolution of GRACE data, the consistency
of hydrological models and GRACE data in smaller areas
is not satisfactory [22]. Excluding the errors of GRACE-
based TWS change retrieval, the inconsistency is mainly due
to the simulation errors of various TWS components from
hydrological models. For example, the generalized deviation
in estimating the important elements such as groundwater,
surface water, and soil water storage by using hydrological
models resulted in smaller magnitudes in TWS changes. The
errors in the simulation of rainfall, convergence, and other
hydrological processes generated phase deviation in TWS
changes time series [17, 23, 24]. In addition, by combination
of the measured data of rainfall, recharge, soil water, and
groundwater, GRACE-based TWSwas used for water storage
variation of basin on interannual, annual, seasonal, and
monthly time scales [25, 26].

3.2. Hydrological Components Evaluation. With the improve-
ment of GRACE-based TWS change accuracy, the GRACE
data is further used in hydrology and water resources
research. For specific areas, TWS changes can be expressed
as [10]

𝑑𝑊

𝑑𝑡
= 𝑃 − 𝐸 − 𝑅, (1)

where 𝑑𝑊/𝑑𝑡 represents TWS changes, and the correspond-
ing equivalent water height can be obtained from GRACE.
𝑃 represents precipitation, 𝐸 represents evapotranspiration,

and𝑅 represents surface runoff. By combiningGRACE-based
TWS changes, hydrological models, and the measured data,
the water storage components including groundwater, soil
water, ET, and 𝑃 − 𝐸 can be estimated, respectively.

Groundwater estimation is difficult in remote sensing
applications in hydrology. Optical remote sensing methods
can only combine measured data with spectral data to
construct an empirical model for the estimation of ground-
water changes, whose groundwater retrieval accuracy is poor.
Considering the contribution of groundwater changes to
TWS variation, groundwater remote sensing using GRACE
was feasible by combination with ancillary measurements of
surface waters and soil moisture. Rodell and Famiglietti [27]
firstly used GRACE-based TWS change data, soil water, and
other auxiliary data to analyze the possibility of monitoring
groundwater changes. Swenson et al. [25] studied the relation
between measured value of groundwater plus soil water and
GRACE-based TWS changes and presented the possibility
and sources of error in groundwater estimation based on
GRACE data on multiple time scales. Strassberg et al. [28]
compared the spatiotemporal correlation between GRACE-
based TWS changes and hydrological model simulations
and field monitoring data and proposed the uncertainty of
GRACE-based groundwater retrieval. The above studies sug-
gest that, for aquifers larger than 450000 km2, the accuracy
of GRACE-based groundwater can reach 8.7mm. Rodell
et al. applied GRACE data to the groundwater subsidence
monitoring in India and found that excessive irrigation and
human activities caused the groundwater in the northwest
provinces of India to decline at an annual rate of 3.0 cm∼
4.0 cm [29].

Evapotranspiration (ET) is an important process param-
eter to studies of hydrology, which is difficult to measure at a
regional or continental scale. Although ET can be indirectly
estimated using remote sensing data based on empiricalmod-
els, energy balancemodels, or physicalmodels (e.g., Penman-
Monteith equation), recent remote-sensed ET estimation is
far from satisfactory [30]. For ET is a complex process that
related to many variables, its estimation uncertainty based
on remote sensing data brings errors to ET retrieval results.
Based on terrestrial water balance at scale of river basin,
changes of regional ET can be estimated by combining TWS
change from GRACE with observed precipitation (𝑃) and
runoff data (𝑅). Rodell et al. [31] first used the measured
precipitation and runoff data to verify the feasibility of
GRACE-based ET retrieval. However, the overdependence
on measured data restricts the applicability of this method.
Therefore, Ramillien et al. [32] improved this algorithm by
using the simulated runoff data from hydrological model.
The time-series analysis showed that the ET estimation and
WGHM simulation were in good consistency. However,
uncertainty of GRACE-based ET estimation increases for its
overdependence on accuracy of hydrological model simu-
lated variables such as runoff. In addition, Swenson andWahr
[33] combined GRACE-based TWS changes together with
the measured runoff data to estimate the difference between
precipitation and evapotranspiration (𝑃 − 𝐸). By comparing
with 𝑃 − 𝐸 results of a land surface model (GLDAS-Noah),
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they found that the errors of GLDAS-Noah estimation are
mainly due to model force parameter of precipitation.

3.3. Drought Analysis. Based on time-series analysis of
GRACE-based TWS change with high temporal resolu-
tion, extreme hydrological disasters can be monitored and
alarmed. Droughts for regional and time-series water storage
deficit are the most serious natural hazards that can lead to
crop losses and economic havoc in many areas. For droughts
can be regarded as terrestrial water storage (TWS) changes
that are related to integrated bulk variables, analysis relying
upon subcomponents (e.g., precipitation) or proxies (e.g.,
NDVI and CWSI) of TWS is insufficient. Herewith, another
hydrological application of GRACE is severe droughts anal-
ysis. Combined with the measurements and hydrological
model simulations, Leblanc et al. [34] used GRACE data
to detect droughts in Southeastern Australia between 2001
and 2008. Based on time-series analysis of TWS changes in
summers from 2002 to 2007, 2005 extreme drought event
in the Amazon river basin was detected [35], which was
regarded as the worst in over a century. GRACE data is more
sensitive to droughts than data-assimilating climate and land
surface models such as NECEP and GLDAS, which demon-
strated the unique potential of GRACE in monitoring large-
scale severe drought events. Validated by two independent
hydrological estimates of GLDAS and ECMWF and direct
gravity observations from superconducting gravimeters, the
2003 excess terrestrial water storage depletion was observed
from GRACE, which can be related to the record-breaking
heat wave that occurred in central Europe in 2003 [36].
It indicated that GRACE data can be used in heat wave
disaster monitoring and evaluation, whose essence is heat
wave caused droughts analysis. Combining with imagery
remote sensing methods, Frappart and Wilson et al. applied
GRACE data to flood monitoring in several flood zones such
as the Mekong River Basin and the Amazon River Basin
[37, 38]. However, compared to droughts, the water storage
changes based on GRACE data of extreme floods are less
responsive, which will bring more uncertainty in GRACE-
based floods analysis [39].

3.4. Glacier Mass Balance Detection. Driven by global change
and population pressure, accelerating of glaciers melting
and sea level rise has been a serious global ecological
problem. GRACE time-variable gravity field enabled direct
measurement of mass loss rates of both mountain glacier
and polar glacier systems. As noted by Wouters et al. the
GRACE solutions can be used to allow regional estimation
of trends, though assessing the mass loss to be dominated by
summer events rather than by a linear trend [40]. GRACE-
based glacier mass melting volume and rate estimation of
Antarctic and Greenland indicate that accelerating polar
glacier melting contributes greatly to the current eustatic sea
level rise [41–43]. Gardner et al. have also found a rapidly
increasing mass loss in the Canadian Arctic Archipelago
(CAA) for the period 2004–2009 [44]. Ice loss rate estimation
on glaciers of Asia, Alaska, and other global mountains based
on GRACE data also agrees with the global tendency of

accelerating glacial loss. Accelerated melting of mountain
glaciers worldwide might be contributing to the global sea
level rise by 0.73 ± 0.10mm/yr [45, 46]. Moreover, GRACE-
based TWS change can be used for researches of different
climate variability impact [47, 48] whereas, for the postglacial
rebound effects and unique set of gravity data GRACE
mission provided, ice sheet mass change estimation includes
large uncertainties [49]. Mass change rates estimated by dif-
ferent GRACE solutions may vary by a factor of two or more.
So the glacier mass balance detection needs considerable
processing to yield usable mass change data [49].

4. Discussion and Conclusions

Through ten years of development, GRACE data has been
widely applied in terrestrial hydrology monitoring. Gravity
satellite provides newdata sets for hydrology researches based
on remote sensing technology. Compared with other kinds
of hydrological schemes, GRACE can provide realistic spa-
tiotemporal variations of vertically integrated measurement
of water storage (groundwater, soil moisture, surface water,
snow water, vegetation water, etc.) at the precision of tens of
mm of equivalent water height at large scale. However, the
hydrologicalmonitoring based onGRACEdata needs further
research, for example, retrieval accuracy improvement, more
quantitative analyses rather than qualitative analyses, and so
forth.The focus of future development includes the following
aspects.

(1) Improving the Accuracy of Gravity Satellite Measurements.
Because of the limitations of GRACE satellite sensors in
orbital altitude, vertical gravity gradient measurements, high
frequency signal aliasing, and accuratemeasurement of time-
varying gravity signals, the accuracy and spatial resolution
of time-varying Earth gravity field signals at medium and
long wavelength of GRACE is low, which reduced the TWS
change retrieval accuracy. Therefore, the development of key
technology in gravity satellite sensors to improve accuracy
and spatial resolution of satellite monitored gravity field is
the basis for a wider application in terrestrial hydrology
monitoring.

(2) Water Storage Retrieval Models Research. Recently, the
appropriate spatial resolution forGRACE-basedTWS change
is 400 km, and the data accuracy is generally 1.5 cm. Limited
by recent constraints of GRACE satellite, improvement of
retrieval models is the only method for spatial resolution
and accuracy retrieval of TWS increases. For example, it is
feasible to improve TWS accuracy by the atmosphere and
ocean models improvement in data preprocessing, reducing
the gravity field changes noises caused by factors unrelated to
terrestrial water such as tides and circulation of atmosphere
and ocean. In addition, by applying different filtering meth-
ods such as anisotropicGaussian filtering and spherical radial
basis function filtering, wavelet analysis in different research
areas can also improve the spatial resolution and accuracy
of TWS retrieval. Water storage retrieval techniques involve
various aspects (e.g., GRACEdata preprocessing, gravity field
retrieval, and TWS changes estimation) of the conversion
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of GRACE gravity field data to TWS changes, which are all
important in TWS retrieval improvement.

(3) Further Combination of GRACE Data with Associ-
ated Hydrological Models. For GRACE-based TWS changes
retrieval does not involve the hydrological mechanisms, it is
necessary to complement GRACE-based TWS by hydrologi-
cal models for furthering its application in terrestrial hydrol-
ogy monitoring. Further combination of GRACE and hydro-
logical models needs resolving their consistencies of space,
time, and component. Spatial consistency can be solved
by adjusting the calculation unit of hydrological models to
reflect the spatial variability (such as distributed hydrological
models). Temporal consistency requires analysis of upscaling
GRACE data and downscaling hydrological models simula-
tion. Component consistency can be achieved by GRACE-
based TWS signals subdivision or revising parameters of
hydrological models to TWS. Through space, time, and
component consistency improvement, the gravity field data
andmeasured data together can become basic dataset to force
hydrological models in the future.

Appendices

A. Water Storage Change Retrieval

Thechanges in terrestrial water storage result inmass redistri-
bution in the Earth’s system, thereby causing changes in the
gravity field. For a fixed continental region, the changes in
water storage (including soil water and surface snow) come
from rainfall, evapotranspiration, river transportation, and
deep underground infiltration. Except the rainfall which can
cause increased water storage, the remaining three processes
all reduce it [10]. Using the FG5 absolute gravimeter, Zhang
et al. [50] measured the gravity change of nearly 10−7m⋅s−2 at
theWuhanUniversity site before and after a rainstorm, which
clearly shows the influence of terrestrial water variation on
gravity. The Earth’s gravity field can be expressed as geoid:

𝑁(𝜃, 𝜆)

= 𝑎

∞

∑

𝑛=0

𝑛

∑

𝑚=0

[𝐶
𝑛𝑚

cos (𝑚𝜆) + 𝑆
𝑛𝑚

sin (𝑚𝜆)] 𝑃
𝑛𝑚
(cos 𝜃) ,

(A.1)

where 𝑛 and 𝑚 are harmonic degree and order of the gravity
field, respectively; 𝑎 is the Earth’s equatorial radius (about
6,371 km); 𝜃 and 𝜆 are colatitudes (the difference between
90∘ and latitude) and longitude; 𝐶

𝑛𝑚
and 𝑆

𝑛𝑚
are spherical

harmonic coefficients (dimensionless);𝑃
𝑛𝑚

is the normalized
associated Legendre functions. The maximum value 𝑁 of
the order 𝑛 of ideal gravity field should be infinite (𝑁 ∼

∞), while the actual order of spherical harmonic coefficients
obtained by the gravity satellite has a finite value (𝑁 < ∞)
and the spatial resolution of gravity field data is estimated
approximately to be 𝜋𝑎/𝑁 [51]. Geoid height changes Δ𝑁

caused by the movement of substances on the Earth’s surface
can be expressed as

Δ𝑁 (𝜃, 𝜆)

= 𝑎

∞
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𝑛𝑚
(cos 𝜃) ,

(A.2)

where Δ𝐶
𝑛𝑚

and Δ𝑆
𝑛𝑚

are the changes of 𝑛-degree 𝑚-order
spherical harmonic coefficients of geoid and can be expressed
as [5, 52]
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where 𝜌
𝑎
is the average density of the Earth (5517 kg/m3)

and Δ𝜌(𝑟, 𝜃, 𝜆) is the change of bulk density at a particular
location. In gravity field inversion, because the height change
of substances on the Earth’s surface 𝐻 is relatively small
compared to the Earth’s average radius 𝑎 in gravity field
retrieval ((𝑟/𝑎) ≈ 1), the changes of the gravity field directly
caused by the surface mass can be expressed as

{

Δ𝐶
𝑛𝑚

Δ𝑆
𝑛𝑚

}

surf

=
3
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(A.4)

where Δ𝜎 is surface density change Δ𝜎 = ∫Δ𝜌(𝑟, 𝜃, 𝜆)𝑑𝑟.
Furthermore, the surface mass variation in loads will cause
deformation to the solid Earth, which in turn can indirectly
cause variations to the gravity field. This can be expressed as
[5, 52]

{

Δ𝐶
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soild
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𝑛
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(A.5)

where 𝑘


𝑛
is load LOVE number of coefficients, and the

specific value of 𝑘
𝑛
can be found in relevant literature [11].
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Thus, the change of the Earth’s gravity field caused by mass
variations on the Earth’s surface is given by

{

Δ𝐶
𝑛𝑚

Δ𝑆
𝑛𝑚

} = {
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If the spherical harmonic expansion is performed on the
surface density change Δ𝜎, then
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where 𝜌
𝑤
is the density of water andΔ𝜎/𝜌

𝑤
can be considered

as mass variation on the Earth’s surface expressed in water
equivalent height. Wahr et al. [5] proposed that

{
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The surface density changeΔ𝜎 can be calculated using the
following equation:
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For ocean and atmosphere mass variations are removed
based on Parallel Ocean Program (POP) model, the above
equation is the basic equation for the retrieval of surfacemass
variations based on spatiotemporal changes gravity field.
The Earth’s surface density changes can be derived from the
changes of gravity field coefficients obtained from GRACE
satellites.

B. Evaluation Errors

Currently, the latest available GRACE dataset product is the
RL05. The accuracy of data provided by CSR and GFZ is
better than that provided by JPL. The evaluation errors of
GRACE are brought from satellite instrumentsmeasurement,
retrieval models, and other factors as follows.

(1) Gravity field data measured by GRACE satellite may
be contaminated by satellite measurement errors for
the influence of satellite orbit, satellite K-band rang-
ing, and accelerometer measurement [20]. The satel-
lite measurement errors also include poor accuracy
of C20 due to the insensitivity of track geometry to

the gravity field’s low degree gravitational variations
[5, 20]. It is generally releasedwith removing variation
of C20 [10] or replacing it by satellite laser ranging
(SLR) substitution [20]. In addition, the missing of
first-degree spherical harmonic coefficients will also
bring error to GRACE. It can commonly be resolved
by substituting value calculated from the term of the
seasonal changes of the Earth’s mass center [53, 54] or
ignoring its impact [55].

(2) In theory, the retrieval of gravity field variation needs
to use spherical harmonic coefficients of all degrees
from 0 to infinity. However, gravity satellites can only
provide definite order data. So the surface density
change Δ𝜎 in retrieval models is treated by spherical
harmonic expansion to definite orders. For the impact
of high-order terms on the Earth’s surface density
change Δ𝜎 cannot be ignored, it results in truncation
errors in gravity field retrieval. RL05 water storage
data is estimated by CSR using a retrieval model
truncated to degree 60 [8]. Zhu et al. (2008) compared
the global water storage retrieval results using models
truncated to 15 degrees, 20 degrees, 35 degrees, and
60 degrees [56].They found that although some infor-
mation of TWS change may be missing the retrieval
result of TWS change became more marked with
lower truncation degree. Generally, the water storage
retrieval truncated to order 60 is widely adopted [17].

(3) For terrestrial water monitoring focusing on the
mass changes of a particular area (e.g., river basin),
it requires the integral process on density change
Δ𝜎 = ((∫Δ𝜎(𝜃, 𝜆)𝑢(𝜃, 𝜆)𝑑Ω)/Ω). The function of
regional characteristics 𝑢(𝜃, 𝜆) is equal to 1 inside
the particular area and to zero outside. The error
will be brought for the discontinuity of 𝑢(𝜃, 𝜆) in the
domain of integration. In addition, for the influence
of rapid increase of the errors of GRACE gravity
field model coefficients with increase of spherical
harmonic coefficients degree, signal leakage errors,
and the striping pollution [23], filtering methods are
proposed to smooth GRACE data for noise reducing,
which will result in filtering errors of retrieval results.
Proposed filtering methods include spatial averaging,
symmetric Gaussian filtering, optimized decorrela-
tion filtering, time-series method, global hydrolog-
ical model correction method, kernel-independent
component analysis, and optimal smoothing kernel
method [53, 57–62]. Using filtering for the integral
treatment of surface density changes can effectively
remove the striping to a certain extent. However,
the obtained average surface density is critical for it
reduces the useful energy of geophysical signals and
results in filtering errors. In addition, the existing
filtering methods require the support of a priori
knowledge (such as filtering radius and truncation
degree). Therefore, in the actual retrieval process, the
filter selection and parameter calibration require an
understanding of the specific regional characteristics
[60, 63].
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(4) TWS changes retrieval based on spatiotemporal vari-
ations of gravity field remains considerable uncer-
tainty, which includes errors produced in the removal
of tidal movement and the mass migration because
of the atmosphere and ocean circulation [11], as well
as the errors in hydrological models used for the
estimation of other terrestrial water parameters [6].
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Based on time series of Moderate Resolution Imaging Spectroradiometer (MODIS) Enhanced Vegetation Index (EVI) data (2000–
2009), we extracted forest phenological variables in Northeast China using a threshold-based method, which included the start
of the growing season (SOS), end of the growing season (EOS), and length of the growing season (LOS). The spatial variation of
phenological trends was analyzed using the linear regression method. In Northeast China, SOS was delayed at the rate of <1.5 days
per year. The delay trend of EOS was well distributed in the entire region with almost the same rates. LOS increased slightly. The
analysis of the relationship between forest phenology and meteorological variations shows that SOS was mainly affected by spring
temperature, whereas SOS had a negative relationship with precipitation in the warm-temperate deciduous broadleaf forest region.
The EOS in temperate steppe region was affected by temperature and precipitation in August, whereas the others were significantly
affected by temperature. Because of the increased temperature in spring, the LOS of the temperate steppe region and temperate
mixed forest region increased, and the LOS was positively correlated with the mean temperature of summer in the cool-temperate
needleleaf forest region.

1. Introduction

Phenology has proven to be a sensitive and integrative indi-
cator of climate variability and vegetation growth responses
to climate change [1, 2]. The understanding of phenology
brings significant insight into both climate and vegetation
interactions and their impacts on different spatial and tem-
poral scales [3].There is growing evidence that the ecological
equilibrium has been altered due to global climate change,
resulting in changes in vegetation cover over time and in
space. Phenology monitoring can serve as an efficient way to
understand the interactions between vegetation and climate,
and repeated observations from satellite sensors provide the
mechanism to move from plant-specific to regional scale
studies of phenology. Satellite-derived vegetation indices are
commonly used as indicators of vegetation phenology [4–
10]. Justice et al. [4] used Normalized Difference Vegetation

Index (NDVI) to qualitatively assess the global phenology
of numerous land cover types. Satellites were later used to
interpret phenology as an indicator of land cover changes in
South America [5] and to detect phenological dynamics in
shrublands [6]. White et al. [7] integrated the basic concepts
of traditional meteorologically based phenology modeling
with intensive satellite phenology observations and produced
biome-specific ecosystem phenology models. Duchemin et
al. [8] developed a method that consists of a fit of NDVI
predicted by line segment to advanced very high resolution
radiometer (AVHRR) NDVI time series to monitor two key
stages, budburst and senescence, in the phenological cycle
of deciduous forests. Zhang et al. [9, 10] used a series of
piecewise logistic functions fit to MODIS Vegetation Index
(VI) data to monitor four key transition phases of vegetation
dynamics at annual temporal scales. Much related research
has demonstrated that environmental drivers such as climate,
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topography, and soil properties affect vegetation dynamics at
different spatial and temporal scales, ranging from instant to
long-term and from local to regional scales [11–18].

Some literatures have described Chinese vegetation phe-
nology research using remotely sensed data. Chen et al. stud-
ied the relationship between plant phenology and satellite
sensor derivedmeasures of greenness in Eastern China based
on field phenological data and NOAA AVHRR data [19–
23]. Zhang et al. found that green-up dates in the Tibetan
Plateau have continuously advanced from 1982 to 2011 [24].
Guo et al. analyzed Global Inventory Modeling andMapping
Studies (GIMMS) NDVI time series between 1982 and 2003
and found that the start of the growing season of vegetation
in Northeast China was significantly influenced by spring
temperature [25]. Mao et al. demonstrated that precipitation
was a major factor in determining the characteristics of
phenology in permafrost regions [26]. Most of these previous
studies were limited by spatial resolution (from 1 km to 8 km)
and temporal resolution. Since the launch of Terra satellite in
late 1999, itsMODIS sensor on board provided daily coverage
with 250m spatial resolution.

The objective of this study is to analyze the spatial
pattern of key forest phenological variables and to explore the
relationship between phenology andmeteorological variables
in Northeast China. In this study, the 500m, 8-day com-
posite product from the Terra satellite of Earth Observing
System was used to calculate Enhanced Vegetation Index
(EVI) for 2000–2009. Spatial distribution maps of vegetation
phenological variables were established based on 10-year
EVI data, and phenological variables were then analyzed at
the regional scale. The relationships between phenology and
meteorological variables were analyzed after coupling with
meteorological data.

2. Data and Methodology

2.1. Study Area. The study area is in Northeast China
(115∘09–135∘52E and 38∘72–53∘55N), including Jilin, Hei-
longjiang, and Liaoning Provinces and eastern Inner Mon-
golia (Figure 1). The climates in Northeast China are warm-
temperate, temperate, and cool-temperate. According to the
vegetation regionalization map of 2001, Northeast China
is categorized into four vegetation zones, that is, a cool-
temperate needleleaf forest region, temperate needleleaf
and broadleaf mixed-forest region, warm-temperate decid-
uous broadleaf forest region, and temperate steppe region
(Figure 2) (Editorial Board of Vegetation Map of China,
2001). Northeast China has abundant tree species and a vari-
ety of forest types [27].The forests are widely distributed over
mountainous terrain (e.g., Daxinganling and Xiaoxinganling
Ranges) and show large variation in species composition
across latitudinal domains, elevation gradients, and moisture
gradients. At low elevations, the dominant tree species
include Korean pine (Pinus koraiensis), basswood (Tilia
amurensis), oak (Quercus mongolica), painted maple (Acer
mono), and ash (Fraxinus mandshurica). At high elevations,
the major tree species include spruce (Picea jezoensis var.
microsperma), fir (Abies nephrolepis), Mongolia pine (Pinus
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sylvestris var. mongolica), aspen (Populus davidiana), and
birch (Betula platyphylla). Deciduous coniferous larch (Larix
gmelinii) forests are widely distributed in the most northern
part of Northeast China.

2.2. Materials

2.2.1. MODIS EVI Data. The MODIS Land Science Team
provides 8-day composite products for users. The 8-day
Land Surface Reflectance product (MOD09A1) from 2000
to 2009 was used in this study. The data were downloaded
from the EROS Data Center, US Geological Survey (https://
lpdaac.usgs.gov/products/modis products table/mod09a1).
TheMOD09A1 product contains seven spectral bands with a
spatial resolution of 500m. The Enhanced Vegetation Index
(EVI) was calculated using three-band reflectance data.

EVI directly adjusts the reflectance in the red band as a
function of the reflectance in the blue band, accounting for
residual atmospheric contamination (e.g., aerosols), variable
soil, and canopy background reflectance [28]. EVI is linearly
correlated with the leaf area index and has a higher sensitivity
than that of NDVI in areas of high biomass [29].The equation
for EVI is as follows:

EVI = 2.5 × (
𝑝nir − 𝑝red

𝐿 + 𝑝nir + 𝐶1𝑝red − 𝐶2𝑝blue
) , (1)

where 𝐶
1
= 6, 𝐶

2
= 7.5, and 𝐿 = 1; 𝑝nir, 𝑝red, and 𝑝blue

are the reflectance of the blue, red, and near infrared bands,
respectively.

2.2.2. LandUse Data. To study forest phenology individually,
the forest zones of Northeast China were extracted from the
entire region based on the 1 : 100,000 Land Use Map of China
of 2000 from theDataCenter for Resources and Environment
Sciences, Chinese Academy of Sciences [30].

2.2.3. Climate Data. Air temperature data and rainfall data
were acquired from the ChineseMeteorological Data Sharing
Service System (http://cdc.cma.gov.cn/), including daily aver-
age air temperature and precipitation at 343 meteorological
stationswithin the study area from2000 to 2009. In this study,
four representative stations located in Northeast China were
used: Xinlin Station (N51.7∘, E124.33∘) in the cool-temperate
needleleaf forest region, Boketu Station (N48.77∘, E121.93∘)
in the temperate steppe region, Donggang Station (N42.1∘,
E127.57∘) in the Temperate needleleaf and broadleaf mixed-
forest region, and Yingkou Station (N40.65∘, E122.17∘) in the
warm-temperate deciduous broadleaf forest region.

2.3.Methods. As shown in Figure 3, the double logistic fitting
method was used to reduce noise in the time series MODIS
EVI data. The threshold-based method was then used to
extract forest phenological variables.The least squaremethod
was used to analyze the trend of 10 years of phenological
variables. Lastly, the change trend was linked to the meteo-
rological variables.

2.3.1. Double Logistic Fitting Method. The double logistic
(D L) function [31, 32] can be used as a basis function as
follows:

𝑔 (𝑡; 𝑎
1
, . . . , 𝑎

4
) =

1

1 + exp ((𝑎
1
− 𝑡) /𝑎

2
)

−
1

1 + exp ((𝑎
3
− 𝑡) /𝑎

4
)
,

(2)

where 𝑎
1
and 𝑎
2
determine the position of the left and right

inflection points of the curve, respectively, and 𝑎
2
and 𝑎

4

determine the rate of change at the left and right inflection
points, respectively. The TIMESAT software [33] was used to
fit the asymmetric Gaussians (AG), D L, and Savizky-Glolay
(SG) models. The AG and D L functions are superior to the
SG with regard to noise reduction [34]. The D L model was
used to fit the time series data in this study. After the data
preprocessing of the Double Logistic fitting, the output data
had litter noise, and the coefficients of fitted logistic functions
were saved for each pixel.

2.3.2. Forest Phenological Variables. Considering the regional
characteristics of the forests in Northeast China and the basic
rationale of the above methods, the threshold-based method
was used to identify forest phenology.

EVI percentage thresholds of 0.2 and 0.27 were used to
justify the start of the growing season (SOS) and the end of
the growing season (EOS), respectively, according to previous
studies [35–37]. For a series of EVI in a given year, we detected
EVImax as the maximum EVI and EVImin as the minimum
EVI in the first half of the year.The SOS EVI value for a given
pixel was calculated using the formula

EVIstart = EVImin + (EVImax − EVImin) × 0.2. (3)

Then, the day of EVIstart was determined as the SOS.The EOS
was defined using the same method as follows:

EVIend = EVImin + (EVImax − EVImin) × 0.27, (4)

where EVImin is the minimum EVI in the last half of the year.
The processing was performed pixel by pixel to determine

EVIstart and EVIend. SOS and EOS were then determined
using the double logistic fitting results, which can be deter-
mined for a specific day with the above EVI thresholds. By
using the percentage thresholds, the absolute EVI value could
be adapted to each pixel, which makes the phenology more
reasonable.

2.3.3. Trend Analysis and Its Linkage to Meteorological Varia-
tions. The linear regression method was used to analyze the
trends of phenological variables.The least square method is a
commonly used method in the analysis of vegetation growth
[38] as follows:

𝐿 =

𝑛 × ∑
𝑛

𝑗=1
𝑗 × 𝑇
𝑗
− ∑
𝑛

𝑗=1
𝑗∑
𝑛

𝑗=1
𝑇
𝑗

𝑛 × ∑
𝑛

𝑗=1
𝑗2 − (∑

𝑛

𝑗=1
𝑗)
2
, (5)

where 𝑛 is the number of the years, 𝑇
𝑗
is the SOS of the 𝑗-

year, and 𝐿 is the slope of the trend line. If 𝐿 > 0, the SOS
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had a delaying trend during 2000–2009; otherwise, the SOS
had an advancing trend. SPSS 16.0 was used for the regression
analysis for each pixel.

The interannual variations of phenology variables might
be associated with the interannual variations of meteoro-
logical variables at regional scales. The connection between
the changes in forest phenology (SOS, EOS, and LOS) and
meteorological variations was analyzed.The effects of climate
change on forest phenology trends were analyzed based on
the phenological changes in the four major forest regions.

3. Results

3.1. Spatial Pattern of Forest Phenology. The 10-year annual
EVI was calculated for each pixel, and the spatial pattern of
forest phenology was generated based on the above-defined
thresholds. The spatial distribution of the 10-year average
phenological variables (SOS, EOS, and LOS) for Northeast
China from 2000 to 2009 is shown in Figure 4. Table 1
shows the maximum, minimum, and average values of the
phenological variables in the study area.

Figure 4(a) shows the SOS in Northeast China during
DOY (day of the year) 100–140. SOS began earlier in the
south, and greening occurred gradually toward the north.
This is consistent with the period of tree leaf unfolding in
spring. Figure 4(b) shows that the EOS ranges from the DOY
265 to 300, with the end of growth arriving later in lower
latitudes, which corresponds to the period of defoliation in
autumn. In the cool-temperate needleleaf forest region, there
were some patches with an earlier SOS and later EOS, which

Table 1: Range of phenological variables in SOE, EOS, and LOS in
Northeast China.
Phenology Maximum Minimum Mean
SOS 155 81 114
EOS 343 246 278
LOS 312 108 164

were related to the evergreen needleleaf species of Mongolian
pine. In general, the LOS mainly ranged from DOY 130 to
200 along latitudes from north to south in Northeast China,
as shown in Figure 4(c).

The spatial patterns of forest phenology in this study
are consistent with previous research results [35, 39] and
published field-observed phenological data [19–21]. Yu et al.
used the threshold-based method to determine the SOS and
EOS of Northeast China and found the SOS fromDOY 100 to
150, the EOS fromDOY 260 to 290, and the LOSmainly from
140–180 DOY [35]. Guo et al. found aDOY of 118–135 for SOS
and 252–263 for EOS in Northeast China [39]. Comparison
between these results showed that the results derived from
the three phenological variables are reasonable in the present
study.

3.2. Spatial Change of Phenology Trends. The spatial distri-
bution of trends in the variables SOS and EOS for Northeast
China over 10 years from 2000 to 2009 is provided in Figure 5.
To evaluate annual trends in the phenological variables,
these variables were analyzed at the vegetation zone scale.
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Figure 4: Spatial pattern of 10-year average forest phenology in Northeast China using MODIS EVI data of 2000∼2009.

Figure 5(a) shows that the SOSwas delayedwith rates of 0∼1.5
days per year for most pixels in the region. Although both
advanced and delayed EOS were observed in the vegetation
regionalization, the delay trend was more pervasive, with
almost the same rates (Figure 5(b)). As a result, the LOS
increased slightly (Figure 5(c)).

Table 2 demonstrates the linear trends of the area-
averaged phenological variables (SOS, EOS, and LOS) in
different vegetation zones of Northeast China. The average
SOS advanced by 0.06 days per year in the warm-temperate
deciduous broadleaf forest region, whereas SOS was delayed
in the other three vegetation zones. The average EOS was
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(a) Spatial distribution of SOS trends (day)
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Figure 5: Spatial pattern of 10-year forest phenology change trends in Northeast China using MODIS EVI data of 2000∼2009.

delayed in all of the vegetation zones. The increased delay
in SOS in the cool-temperate needleleaf forest zone caused
a decreased LOS (Table 2). The average LOS of the other
vegetation zones was increased, and the most positive trend
was approximately 0.58 days per year in the warm-temperate
deciduous broadleaf forest zone.

3.3. Effects of Climate Change on Forest Phenology Trends

3.3.1. Climate Change. According to the meteorological data,
we built the significant trends in meteorological parameters
(mean temperature and mean precipitation) for Northeast
China over 10 years from 2000 to 2009 (Table 3).
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Figure 6: The average SOS trends in four forest zones.

Table 2: Linear trends of area-averaged phenological variables (SOS, EOS, and LOS) in different vegetation zones of Northeast China.

Regions SOS trends EOS trends LOS trends
Slope (d⋅a−1) Variance Slope (d⋅a−1) Variance Slope (d⋅a−1) Variance

I 0.50 1.27 0.27 1.54 −0.08 3.08
II 0.24 3.54 0.35 2.47 0.57 5.87
III 0.27 1.17 0.75 0.8 0.58 2.17
IV −0.06 1.86 0.266 0.66 0.39 2.83
Note. I: cool-temperate needleleaf forest region; II: temperate steppe region; III: temperate needleleaf and broadleaf mixed forest region; IV: warm-temperate
deciduous broadleaf forest region.

Table 3:Meteorological parameters (temperature andprecipitation)
in different vegetation zones of Northeast China.

Regions Temperature (∘C) Precipitation (mm)
Mean (∘C) Slope (∘C⋅a−1) Mean (mm) Slope (mm⋅a−1)

I −2.05 0.04 1.42 0.03
II 0.22 0.07 1.11 0.04
III 4.19 0.05 2.18 0.02
IV 10.14 0.05 1.55 −0.03
Note. I: cool-temperate needleleaf forest region; II: temperate steppe region;
III: temperate needleleaf and broadleaf mixed forest region; IV: warm-
temperate deciduous broadleaf forest region.

The positive linear trend of temperature in the entire
study area showed increasing temperature. The largest
increase in temperature was observed in the temperate steppe

region, at 0.07∘C per year. The precipitation in the warm-
temperate deciduous broadleaf forest region decreased at the
rate of 0.03mm per year. The average precipitation in the
other three vegetation zones increased by the average rate of
0.03mm per year.

3.3.2. Phenology Trends near Meteorological Stations. Using a
window of 20 × 20 pixels centered at the selected meteoro-
logical stations, we calculated the average phenology metrics
for each area. Figures 6, 7, and 8 show the trends of the
average forest phenology for each meteorological station.
These trends near themeteorological stations were consistent
with each vegetation region.

3.3.3. Correlation Analysis between Phenology and Meteoro-
logical Variations. To analyze the effects of climate change
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Figure 7: The average EOS trends in four vegetation zones.

on forest phenology trends, a correlation analysis between
meteorological variations and phenology was used.

During 2000–2009, a series of temporal windows of
February, March, April, May, spring (from March to May),
the winter of the previous year (from December to the
next February), and the entire previous year were used to
calculate the mean meteorological variables (temperature
and precipitation). These meteorological statistics were used
as independent variables because they can represent the
regional climate environment when SOS occurred in the
study area.

Table 4 shows the correlation between meteorological
variations and SOS (Table 4). The SOS of the cool-temperate
needleleaf forest region had a relatively high negative rela-
tionship with the mean temperature of May (𝑅 = −0.72,
𝑃 < 0.01). In the temperate steppe region, SOS had a negative
relationship with the mean spring temperature (𝑅 = −0.7,
𝑃 < 0.05), especially with the mean temperature of April
(𝑅 = −0.73, 𝑃 < 0.01). For the total needleleaf forest and
temperate steppe region, no significant correlation was found
between SOS andmean precipitation in all seasons.Thus, the
SOS of the cool-temperate needleleaf forest and temperate
steppe region was strongly affected by temperature. The SOS
of the temperate needleleaf and broadleafmixed-forest region
showed a negative relationship correlation with the mean
temperature of spring (𝑅 = −0.69, 𝑃 < 0.05) and March (𝑅 =
−0.58,𝑃 < 0.05), whereas it was positively correlated with the

mean precipitation of the previous year (𝑅 = 0.66, 𝑃 < 0.05).
In addition, in the warm-temperate deciduous broadleaf
forest region, SOS had a strongly negative relationship with
themean temperature ofMarch (𝑅 = −0.8,𝑃 < 0.01), and the
mean precipitation of March had a negative relationship with
the SOS (𝑅 = −0.55,𝑃 < 0.05).The SOSof the cool-temperate
needleleaf forest and temperate steppe region was separately
affected by the mean temperature of May and April.

Similar to the SOS correlation analysis, a series of tem-
poral windows of July–November, summer (from June to
August), and autumn (from September to November) were
used to calculate the mean meteorological variables (tem-
perature and precipitation) for the EOS correlation analysis.
Table 5 shows that the EOS of the cool-temperate needleleaf
forest region was significantly positively correlated with the
mean temperature of autumn (𝑅 = 0.71, 𝑃 < 0.01) and the
mean temperature of November (𝑅 = 0.68, 𝑃 < 0.05). In the
temperate needleleaf and broadleaf mixed-forest region, the
EOS was positively correlated with the mean temperature of
October (𝑅 = 0.54, 𝑃 < 0.05), and the EOS of the deciduous
broadleaf forest region had a strongly positive correlation
with the mean temperature of autumn (𝑅 = 0.79, 𝑃 < 0.01).
For the above-mentioned three regions, EOS was weakly
correlated with the mean precipitation in all seasons. Table 5
shows that EOS was affected by temperature more strongly
than precipitation. The temperature and precipitation of
August both affected the EOS in the temperate steppe region.
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Figure 8: The average LOS trends in four vegetation zones.

Table 4: The correlation coefficients between climate and forest phenology (SOS) (2000–2009).

SOS and temperature SOS and precipitation
I II III IV I II III IV

Annual average 0.44 −0.09 −0.29 0.00 −0.23 −0.33 0.66 −0.03
Spring −0.30 −0.70∗ −0.69∗ −0.70∗ 0.00 0.37 0.43 −0.24
Winter −0.03 −0.24 −0.35 −0.66 −0.11 0.37 0.00 0.30
February 0.00 −0.35 −0.28 −0.64 0.43 0.25 0.08 0.00
March 0.20 −0.22 −0.58∗ −0.80∗∗ 0.13 −0.15 0.00 −0.55∗

April −0.45 −0.73∗∗ −0.35 −0.27 0.09 0.27 −0.16 0.03
May −0.72∗∗ −0.55 −0.45 −0.33 0.37 0.34 0.44 0.45
Note. Trends are significant with ∗∗P < 0.01, ∗P < 0.05.
I: cool-temperate needleleaf forest region; II: temperate steppe region; III: temperate needleleaf and broadleaf mixed forest region; IV: warm-temperate
deciduous broadleaf forest region.

To carry out the LOS correlation analysis, the mean
meteorological variables (temperature and precipitation) of
spring (fromMarch to May), summer (from June to August),
autumn (from September to November), and the entire year
were used as the independent variables to calculate the
correlation between climate and phenology (Table 6). The
results showed that the LOS of the cool-temperate needleleaf
forest regionwas positively correlatedwith the temperature of

summer (𝑅 = 0.50, 𝑃 < 0.05). In the temperate steppe region
and temperate mixed-forest region, the LOS was positively
correlated with the temperature of spring (𝑅 = 0.58, 𝑃 < 0.05
and 𝑅 = 0.64, 𝑃 < 0.05, resp.). For these three regions,
LOS was weakly correlated with the mean precipitation in
all seasons. In the deciduous broadleaf forest region, the LOS
had a positive correlation with the mean temperature of the
year (𝑅 = 0.74, 𝑃 < 0.05), yet it had a negative correlation
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Table 5: The correlation coefficients between climate and forest phenology (EOS), 2000–2009.

EOS and temperature EOS and precipitation
I II III IV I II III IV

Summer 0.38 0.47 0.18 0.09 0.00 −0.57 0.30 0.09
Autumn 0.71∗∗ 0.49 0.35 0.79∗∗ −0.24 −0.56 −0.22 −0.45
July 0.14 0.32 0.00 −0.28 −0.08 −0.08 −0.32 0.28
August 0.58 0.73∗ 0.53 0.09 −0.08 −0.66∗ 0.36 −0.33
September 0.09 0.64∗ 0.00 0.29 −0.27 −0.53 −0.05 0.06
October 0.34 0.14 0.54∗ 0.70∗ −0.14 0.00 −0.05 −0.48
November 0.68∗ 0.40 0.22 0.72∗ −0.04 −0.57 −0.47 0.23
Note. Trends are significant with ∗∗P < 0.01, ∗P < 0.05.
I: cool-temperate needleleaf forest region; II: temperate steppe region; III: temperate needleleaf and broadleaf mixed forest region; IV: warm-temperate
deciduous broadleaf forest region.

Table 6: The correlation coefficients between climate and forest phenology (LOS), 2000–2009.

LOS and temperature LOS and precipitation
I II III IV I II III IV

Spring −0.26 0.58∗ 0.64∗ 0.31 0.09 −0.34 0.00 0.35
Summer 0.50∗ 0.05 −0.16 −0.49 −0.24 0.11 −0.49 −0.16
Autumn 0.17 −0.46 −0.56 −0.22 −0.38 0.04 0.23 −0.40
Annual average 0.10 0.21 0.03 0.74∗ −0.29 0.00 −0.19 −0.47∗

Note. Trends are significant with ∗P < 0.05.
I: cool-temperate needleleaf forest region; II: temperate steppe region; III: temperate needleleaf and broadleaf mixed forest region; IV: warm-temperate
deciduous broadleaf forest region.

with the precipitation (𝑅 = −0.47, 𝑃 < 0.05). Table 6
shows that LOS was positively correlated with temperature
throughout the study area.

4. Conclusion and Discussion

In this study, we derived forest phenological variables (start of
the growing season, end of the growing season, and length of
the growing season) from theMODIS EVI time series data by
the threshold-basedmethod. In Northeast China, the average
of SOS and EOS are 114 DOY and 278 DOY, respectively.
Moreover, the forest phenological variables were found to be
related to the distribution of forest types.

Based on the phenological variables extracted from EVI,
we built spatial patterns of three forest phenological variables
and the linear trends using the linear regression method. In
Northeast China, the SOS was delayed, with the rates of 0∼1.5
days per year. Although both advanced and delayed EOSwere
observed, the delay trendwasmore pervasive, with almost the
same rates. As a result, the LOS increased slightly.

The analysis of the relationship between phenology and
climate showed that the SOS (start of season) of each region
was mainly affected by the spring temperature. Guo et al.
came out with the same result using GIMMS NDVI time
series between 1982 and 2003, which found that SOS of
vegetation in Northeast China was significantly influenced
by spring temperature [25]. Only the mean precipitation of
March in the warm-temperate deciduous broadleaf forest
region had a negative relationship with SOS (𝑅 = −0.55,
𝑃 < 0.05). Except for the EOS (end of the growing season)

of the temperate steppe region, which was affected by the
temperature and precipitation of August, the EOS was signif-
icantly affected by temperature in the other study areas. The
climate of different seasons had different influences in each
area. Because of the increased temperature in spring, the LOS
of the temperate steppe region and temperate mixed-forest
region increased. The LOS of the cool-temperate needleleaf
forest regionwas positively correlatedwith the temperature of
summer (𝑅 = 0.50, 𝑃 < 0.05), and the LOS of the deciduous
broadleaf forest region was affected by both temperature and
precipitation. Furthermore, the LOSwas positively correlated
with the mean temperature of the year (𝑅 = 0.74, 𝑃 < 0.05)
and negatively correlated with precipitation (𝑅 = −0.47, 𝑃 <
0.05).

The average start of the growing season in the decid-
uous broadleaf forest region was advanced, but delayed in
the needleleaf forest region, temperate steppe region, and
temperate needleleaf and broadleaf mixed forest region. Due
to the stronger delay in SOS compared to EOS, the LOS
was decreased in the needleleaf forest region, a result that
is not consistent with the result derived from the NDVI
that needleleaf forest has advanced by rate of 2.5 days per
year [39]. The discrepancy is most likely due to the different
data and derivation method. The availability of methods
and data specially developed for extracting phenological
characteristics from remotely sensed data has simplified
the data processing and made it more efficient. Vegetation
phenology dynamics and its responses to meteorological
variations can be described with such research. This study is
helpful for phenology-linked climate change research and for
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implementing climate-informedmonitoring in the context of
adaptive management [40].
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Global warming, which is representatively caused by CO
2
-based greenhouse gases, has caused widespread concern in the global

scientific community and gets the high attention of each government in the world. Human activities impact climate change through
greenhouse gas emissions and land use changes.The current study on the impact of urbanization on the annual average temperature
of the recent 60 years in Beijing was conducted using 1951–2012 temperature data. Anomaly analysis, quadratic polynomial trend
method, and moving average method were employed to indicate the temporal variation of temperature. The results showed that
average temperature increased both in urban and rural areas. The temperature of urban Beijing increased during the period from
1951 to 2012, especially from 1971 to 1994.The temperature of rural Beijing showed a faster increase than that of the urban area from
1989 to 1998. However, the rate of temperature increase slowed down in recent years.This type of change was temporally consistent
with the process of land use change and urbanization in Beijing. Economic restructuring and improvement of urban planning may
have been one of the reasons that the regional warming has been slowed down in the rural area.

1. Introduction

Global warming, which is representatively caused by CO
2
-

based greenhouse gases, has caused widespread concern in
the global scientific community and gets high attention of
each government in the world [1, 2]. IPCC (Intergovernmen-
tal Panel on Climate Change) (2013) [2] reported that the
increase of carbon dioxide and other greenhouse gases is the
major part of the human contribution to global warming.
Compared with the fourth assessment report, IPCC’s fifth
assessment report noted that climate change is more serious
than previously thought, and is very likely caused by human
behavior. According to the 2013 IPCC report [2], climate
change is a definite trend and had not been predicted prior
to the 1950s. Since the earliest detailed weather records in
the 1850s, each of the past three decades has broken the high
temperature record. The most recent 30 years may be the
hottest 30 years since 1400 in the northern hemisphere. From
1880 to 2012, the average land-ocean surface temperature

trended linearly upward, increasing by 0.85∘C. The average
temperature from 2003 to 2012 is 0.78∘C higher than that of
1850 to 1900 (IPCC, 2013). If surface temperatures continue to
rise at the present rate, projections for 2050 indicate that the
global temperature will rise 2 to 4∘Cnorth and south polar ice
will melt significantly, causing the sea level to rise, and some
island nations and coastal cities will be submerged, including
the famous international cities of NewYork, Shanghai, Tokyo,
and Sydney.

In recent years, many scholars have studied the influence
of human activities (such as urbanization) on climate [3–9].
By comparing observational data fromcities and surrounding
rural areas, analysis showed that urbanization had a signifi-
cant impact on the temperature. After analyzing the Ameri-
can Historical Climate Network data (1219 Station), Karl et al.
[10] noted that the urbanization influence on temperature is
approximately 0.06∘C (1901–1984) and Kukla et al. [11] noted
that in North America the urbanization influence is approxi-
mately 0.12∘C/10a. Meanwhile, many domestic scholars were
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studying the effect of Beijing’s urbanization on temperature.
Xu [12] noted that the temperature difference between the
city and suburb tended to increase. After researching Beijing
and surrounding cities’ heat island features, Zhang et al. [13]
noted that Beijing’s urban and suburban temperature changes
were in phase, with temperature in suburb always lower than
temperature in the city. Beijing city and the suburbs’ heat
island effect had a noticeable rising trend, comparing the
1990s with the 1980s. Upon comparing the urban and subur-
ban climates of Beijing, Song et al. [14] found that the average
rate of temperature increase in urban area is 0.43∘C/10a and in
suburban is 0.21∘C/10a. Lin and Yu [15] studied the significant
temperature changes in Beijing and noted that its annual
variation had large-scale characteristics; there was a change
breakpoint in 1981 and the warming rate of the past decade
was 0.125∘C/10a. Zhang et al. [16] analyzed 44 years (1961–
2004) of average temperature data from 20 weather stations,
and their results showed that Beijing’s temperature rose over
the 44 years, with a transition in the 1980s after which
the warming trend was more significant. Additionally, the
warming trend in urban areas was significantly higher than
that in the suburbs. Spatially, there was an obvious warming
center in urban areas, with warming in January, April, July,
and October. The warming trend in urban areas was higher
than in the suburbs. Moreover, Yan et al. [17], Zhang et al.
[18], andWang et al. [19] completed in-depth research on the
average temperature in Beijing.

In addition to greenhouse gas emissions [20], land use
change also has important impact on climate. With the use of
numerical simulations and numerical experiments for long
term temperature data, many researchers believe that large-
scale land use or cover change will affect regional and even
global climate [21–30].

Through statistical and modeling analysis of the tem-
perature data, summary of the influence of urbanization on
climate change, and research on greenhouse gas emissions,
land use change, and other human impacts on temperature,
previous studies have obtained many different results, but
there are still two shortcomings: (1) regarding average tem-
perature trends, all the results showed that since the 1850s,
when the observational data began, the general trend is
consistent with the global warming trend, and the warming
trend has accelerated over the last 50 years [12, 13, 15, 17–
19, 25, 30]. However, was the average temperature trend in
Beijing area really consistent over the past 60 years? Are
there different trends in different stages? So far, there is no
clear research result. (2) Related studies have not revealed the
impact of human activities (such as the change of land use
types caused by urban expansion activities, industrial plant
construction, and new road construction) on climate change
and their interactions in the process of urbanization.

Using 1951–2012 Beijing temperature data, anomaly anal-
ysis, quadratic polynomial trend method, and moving aver-
age method, we analyzed the temperatures in Beijing on
different temporal scales, explored the temperature trends,
determinedwhether there was temporal consistency between
land use change and urbanization, developed an important
scientific reference for predicting future Chinese regional
temperature variations, and provided a new observational
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Figure 1: The districts, counties, and meteorological stations of
Beijing.

basis for studying whether the urban heat island effect and
land use status have a significant impact on regional climate
change trends.

2. Data and Material

2.1. Study Area. Beijing is situated on the northeast edge
of the North China Plain, with its city center located at
39∘5420N and 116∘2529E. The city covers a land area of
16,411 square kilometers, including 14 districts and 2 counties
(Figure 1). The western, northern, and northeastern parts of
the area, accounting for approximately 61.4% of the city, are
mountainous and hilly; the remainder is a plain. The city
has a typical monsoon-influenced climate, characterized by
hot, humid summers due to the East Asian monsoon, and
generally cold, windy, dry winters in relation to the vast
Siberian anticyclone. Beijing is one place that has experienced
high-intensity human activity over the past one hundred
years.

According to the urban planning of Beijing, both
Dongcheng and Xicheng are traditional core function areas.
Chaoyang, Haidian, Fengtai, and Shijingshan are urban
expansion districts. Tongzhou, Shunyi, Fangshan, Dax-
ing, and Changping are new urban development districts.
Huairou, Pinggu, Mentougou, Miyun, and Yanqing are dis-
tricts dedicated to ecological conservation.
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2.2. Meteorological Data. Meteorological data came from
the China Meteorological Data Sharing Service System
(http://cdc.cma.gov.cn/home.do). In this system, there are
two meteorological stations in Beijing—Guan Xiang Tai
(GXT) and Mi Yun (MY) (Figure 1). GXT, with an altitude
of 31.3 meters, is located in southwestern Beijing. It is the
only station that participated in the global meteorological
data exchange in Beijing. The observational data from GXT
were used to represent the climate conditions of the urban
and plain areas of Beijing. MY, with an altitude of 71.8
meters, is located in the northern area of the city. It was
named for national reference meteorological stations since
1989 and is intended to represent the weather conditions of
the rural area. In this study, the monthly mean temperature
data from GTX for the period 1951–2012 and from MY for
the period 1989–2010 were collected and used to calculate
the annualmean and seasonalmean temperatures. According
to meteorological convention in Northern China, spring
is from March to May, summer is from June to August,
autumn is from September to November, and winter is from
December to February of the following year. In addition,
Mean Temperature Anomaly (MTA), Quadratic Polynomial
Fitting (QPF), and a 3-year moving average were also applied
to analyze the temporal variation of the mean temperature.
The difference between the mean temperatures at GXT and
MY was also calculated to analyze the difference between the
urban and rural areas from 1989 to 2010.

2.3. LandUse and LandCoverData. Land use data for Beijing
from 1990, 1995, 2000, 2005, and 2010 were provided by
the Data Center for Resources and Environmental Sciences
(RESDC) of the Chinese Academy of Sciences and were
interpreted fromLandsat/TM images. Land use was classified
into 6 types (cropland, woodland, grassland, water body,
built-up land, and unused land) and 25 subtypes.This dataset
has been widely applied in studies of land use, with an overall
accuracy of 95% for land use types and 85% for subtypes
and a Kappa coefficient above 0.81 validated by intensive field
surveys [31–33].

In addition, a land use change detection matrix and
dynamic index were introduced to indicate variations in
land use in the city [34]. The land use change detection
matrix could intelligibly demonstrate the mutual transfor-
mation among the various types of land use. The Land Use
Dynamic Index (LUDI) and Bilateral Land Use Dynamic
Index (BLUDI) are good indicators of the intensity of land
use change as follows:

LUDI
𝑖
=
(𝑈
𝑖𝑎
− 𝑈
𝑖𝑏
)

𝑈
𝑖𝑎

∗
1

𝑇
∗ 100%,

BLUDI
𝑖
=

(∑𝑈
𝑖𝑗
+ ∑𝑈

𝑗𝑖
)

𝑈
𝑖

∗
1

𝑇
∗ 100%,

(1)

where 𝑈
𝑖𝑎
is the area of land use of type 𝑖 at the beginning

of the study period, 𝑈
𝑖𝑏
is the area of type 𝑖 at the end of the

period, ∑𝑈
𝑖𝑗
is the total area of type 𝑖 converted into other

types, ∑𝑈
𝑗𝑖
is the total area of type 𝑖 converted from other
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Figure 2:TheMeanTemperature Anomaly (MTA), Quadratic Poly-
nomial Fitting (QPF), and a 3-year moving average of the annual
mean temperature of Guan Xiang Tai (GXT) in the period of 1951–
2012.

types, 𝑇 is the study period, and LUDI
𝑖
and BLUDI

𝑖
are the

dynamic index and bilateral dynamic index of land use type
𝑖, respectively [32, 35, 36].

2.4. Socioeconomic Data. The socioeconomic data for this
study, including population, building area, length of highway
and urban road, and total energy consumption, mainly came
from the Beijing Statistical Yearbooks (1978–2012). Data from
the fifth and sixth population censuses were also employed in
this paper to calculate the Population Growth Rate (PGR) in
each town from 2000 to 2010 as follows:

PGR =
(𝑃
2010
− 𝑃
2000
)

𝑃
2000

∗ 100%, (2)

where 𝑃
2000

and 𝑃
2010

represent the population in 2000 and
2010, respectively.

3. Results and Discussion

3.1. The Temporal Variation of Temperature

3.1.1. Temperature of the UrbanArea. Figure 2 shows the tem-
poral variation of the annual Mean Temperature Anomaly
(MTA) of GXT from 1951 to 2012. During this period, the
average temperature was 12.2∘C and an increasing tempera-
ture trend was apparent according to the Quadratic Polyno-
mial Tendency (QPF) and a 3-yearmoving average.TheMTA
wasmainly negative before 1980 but becamepositive after that
year. The annual mean temperature increased dramatically
from 1971 to 1994, with theMTA changing from−1.5∘C to 1∘C.
However, the rate of the MTA increase slowed from 1994 to
2007 and even decreased after 2007 according to the a 3-year
moving average.

The seasonal mean temperatures of GXT from 1951 to
2012 were 13.3∘C, 25.2∘C, 12.5∘C, and −2.3∘C for spring,
summer, autumn, and winter, respectively. Increasing trends
of the mean temperature occurred in all seasons, with the
largest variation of the MTA in winter, then spring and
autumn, and the smallest variation of the MTA in summer
(Figure 3). The transition point of the MTA of the seasonal
mean temperature was also 1980, similar to the MTA of the
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Figure 3: The Mean Temperature Anomaly (MTA), Quadratic Polynomial Fitting (QPF), and a 3-year moving average of the mean
temperature of spring (a), summer (b), autumn (c), and winter (d) of Guan Xiang Tai (GXT) in the period of 1951–2012.
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Figure 4: The annual mean temperature, Quadratic Polynomial Fitting (QPF), and a 3-year moving average of Guan Xiang Tai (GXT) and
Mi Yun (MY) (a) and temperature differences (b) between the two stations in the period of 1989–2010.

annual mean temperature. It is worth noting that while the
MTA of the mean spring, autumn, and winter temperatures
showed a decrease after 2007, the MTA of the mean summer
temperature still increased slowly.

3.1.2. Temperature of the Urban and Rural Areas. Between
1989 and 2010, the average temperatures of GXT and MY
were 13.1∘C and 11.5∘C, respectively, with a mean temperature
difference of 1.6∘Cbetween the two stations.The annualmean
temperature of each station increased slightly from 1989 to
2007 and then decreased slightly (Figure 4). The temporal
trends related to the temperature difference between GXT
and MY can be divided into three periods: (1) 1989–1996,
when the temperature difference was approximately 2∘C; (2)
1997–2003, when the temperature difference decreased to

approximately 1.2∘C; and (3) 2004–2010, when the temper-
ature difference increased by approximately 0.6∘C. Between
1989 and 1998, the annualmean temperature ofMY increased
faster than that of GXT, causing the decrease of the tempera-
ture difference.

The temporal variations of urban-rural differences of the
mean temperature in autumn and winter fluctuated during
the period from 1989 to 2010, especially after 2000, while
those in spring and summer were much more stable and
showed slight increases.TheQPF of winter decreased slightly
for both GXT and MY (Figure 5).

Winter and summer had the largest and smallest tem-
perature differences, respectively, which is mainly due to the
coal burning for central heating from November to March in
Beijing [1]. The temporal variations of the seasonal tempera-
ture differences showed a consistent trend across the annual
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temperature differences. Notably, the temperature difference
during spring and autumnwas similar before 1997. After 1997,
the temperature difference of spring decreased more than
that of autumn, and after 2004, the temperature difference
of spring increased less than that of autumn. Consequently,
the temperature difference of spring approached to that of
summer, while the temperature difference of autumn tended
towards that of winter.

3.2. Urban Development and Temperature Change. As the
political, cultural, and educational center of China, Beijing,
has attracted a large influx of population. By 2012, Beijing’s
resident population reached 20.693 million, which was 2.4
times greater than in 1978, with the population growth rate
continuing to accelerate.The urban area of Beijing has grown
to 1261 km2 in 2012, from60 km2 in 1949, 326 km2 in 1978, and
834 km2 in 2004. The urban area expanded nearly 17 times.
The area under construction increased from 9million km2 in
1978 to 200 million km2 in 2012, and the length of highway
also increased from 6,562 km to 21,500 km. Industrial devel-
opment and population growth caused burgeoning energy

consumption, increasing from 19 million tons of standard
coal in 1978 to 72 million tons of standard coal in 2012
(Figure 6).

Urbanization has caused an increase of impervious sur-
faces, industrial energy consumption, domestic heating, and
automobile exhaust emissions as well as a decrease of green
land and water surface, and it has been shown that city
development is changing the thermal conditions of the city
in a variety of ways, thus affecting the local temperature [37].
Most studies have shown that Beijing’s temperature increased
significantly in the past half century. This study also showed
an increasing trend in the annualmean temperature as well as
the seasonal mean temperature, especially from 1971 to 1994,
mostly due to the large temperature rise in winter and spring.

The urbanization of suburban and rural areas not only
promoted the transfer of a large number of high-tech indus-
tries from the city to the suburbs and satellite towns, but also
attracted a large number of people to these areas. According
to the fifth and sixth censuses, the population of Beijing
is mostly concentrated in the suburbs and surrounding
districts, especially the urban expansion districts of Haidian,
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Figure 6: Resident population (a), construction area (b), length of highway and urban road (c), and total energy consumption (d) of Beijing
in the period of 1978–2012.

Chaoyang, Fengtai, and Shijingshan, which have become
the most densely populated areas of the city (Figure 7). The
temperature of rural Beijing, represented by the observations
at MY, showed a faster increase than the temperature of the
urban area during 1989–1998. This change was related to the
rapid urbanization and the substantial population increase of
the northern suburbs.

3.3. Land Use and Temperature Change. The relationship
between temperature and land use change has received
considerable research attention, including research on the
impact of large-scale land use change on the global climate
[38, 39] and the influence of local land use change on regional
temperature [30, 40, 41].

From the land use change detection matrix for Beijing
in the period of 1990-2010, it can be observed that land use
change was more intensive before 2000, when there were
many transfers between different land use types, especially an
increase of built-up land (Tables 1 and 2). After 2000, transfers
from cropland to built-up land continued, but the transfers

between other land use types showed a substantial reduc-
tion (Table 3). After 2005, all types of transfers decreased
(Table 4).

From 1951 to 2012, the annual mean temperature of GXT
showed an overall upward trend, but the rate of the increase
slowed after 1994 and there has even been a decrease since
2007. Between 1989 and 2010, the annual mean temperatures
of GXT and MY only showed slight increases, and the winter
temperatures decreased slightly. The temperature difference
between the two stations increased after 2004. From the
perspective of land use change, the large increase of built-
up land and decrease of green land (cropland, woodland,
and grassland) before 2000 have intensified the urban heat
island effect and made a positive contribution to the regional
warming. However, this part of the contribution was reduced
when land use change decreased after 2000.

Since the reform and opening-up of China after 1978,
the urbanization of Beijing can be divided into three stages:
(1) 1978–1990, a stage of rapid development of urbanization,
with an urbanization rate increase from55% to 73.5%butwith
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Table 1: Land use change detection matrix in the period of 1990–1995 (km2).

1990 1995
Cropland Woodland Grassland Water body Built-up land Unused land

Cropland — 610.03 220.14 169.18 845.80 4.70
Woodland 226.02 — 675.49 26.25 57.72 3.55
Grassland 116.90 806.51 — 57.90 16.77 9.48
Water body 28.95 22.05 10.08 — 12.93 0.03
Built-up land 134.81 38.50 15.43 11.57 — 0.60
Unused land 0.06 0.49 0.27 —
LUDI (%) −4.58 1.34 −1.26 9.54 9.95 303.64
BLUDI (%) 8.04 6.77 28.29 16.94 15.41 332.18

Table 2: Land use change detection matrix in the period of 1995–2000 (km2).

1995 2000
Cropland Woodland Grassland Water body Built-up land Unused land

Cropland — 264.82 108.22 36.29 304.86 0.06
Woodland 568.88 — 644.60 163.83 58.78 0.49
Grassland 178.32 710.32 — 10.52 26.79 0.27
Water body 76.45 29.09 28.03 — 27.06
Built-up land 288.77 58.34 9.73 16.57 —
Unused land 4.47 3.51 9.44 0.03 0.91 —
LUDI (%) 1.78 −0.95 −1.98 2.25 0.41 −18.76
BLUDI (%) 8.11 6.44 27.03 13.12 7.18 20.53

Table 3: Land use change detection matrix in the period of 2000–2005 (km2).

2000 2005
Cropland Woodland Grassland Water body Built-up land Unused land

Cropland — 11.37 2.07 3.10 375.72
Woodland — 0.25 1.21 23.41
Grassland 2.27 — 0.89 3.58
Water body 10.73 0.16 5.86 — 12.76
Built-up land 0.67 0.30 0.51 —
Unused land —
LUDI (%) −1.55 −0.03 0.02 −0.93 3.68 0.00
BLUDI (%) 1.64 0.11 0.23 1.37 3.71 0.00

Table 4: Land use change detection matrix in the period of 2005–2010 (km2).

2005 2010
Cropland Woodland Grassland Water body Built-up land Unused land

Cropland — 0.07 0.85 3.17
Woodland 0.05 — 0.03 0.01 1.08
Grassland 0.02 — 0.01 0.02
Water body 11.13 3.50 0.01 — 2.15
Built-up land 7.07 1.15 0.02 2.23 —
Unused land —
LUDI (%) 0.06 0.01 0.00 −0.56 −0.03 0.00
BLUDI (%) 0.10 0.02 0.00 0.81 0.13 0.00
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Figure 7: Population Growth Rate (PGR) of towns of Beijing in the
period of 2000–2010.

a low level of urban infrastructure, without obvious urban
sprawl; (2) 1990–2005, a stage of improvement of urbaniza-
tion, with an urbanization rate increase from 73.5% to 83.6%,
and the city underwent intensive expansion; and (3) 2005–
2012, a stage of new urbanization, with an urbanization rate
increase from 83.6% to 86.2% and urban-rural integration.
The process of urbanization showed a temporal consistency
with decreased land use change and increased temperatures.

The district of Mi Yun, in which the station MY is
located, has been regarded as a district dedicated to eco-
logical conservation. Ecological protection, water conserva-
tion, tourism, and ecological agriculture became the main
directions of development for this district. Consequently,
economic restructuring and improvement of urban planning
may have been one of the reasons that the regional warming
has been ameliorated.

4. Conclusion

Affected by city development and global warming, the tem-
perature of urban Beijing, represented by the observations
at GXT, increased apparently during the period from 1951

to 2012, especially from 1971 to 1994. The temperature of
rural Beijing, represented by the observations at MY, showed
a faster increase than that of the urban area from 1989 to
1998. However, the rate temperature increase slowed down
in recent years, and the winter temperature even decreased
slightly between 1989 and 2010. These changes showed tem-
poral consistency with the processes of land use change and
urbanization in Beijing. Therefore, economic restructuring
and improvement of urban planning may have been one of
the reasons that the regional warming has been slowed down
in the rural area. Nevertheless, the urban heat island effect in
Beijing still needs further research attention, considering the
city’s large population growth and energy consumption.
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The need for improved quantitative precipitation forecasts and realistic assessments of the regional impacts of natural climate
variability and climate change has generated increased interest in regional (i.e., systems-scale) climate simulation. The Salton Sea
Stochastic Simulation Model (S4M) was developed to assist planners and residents of the Salton Sea (SS) transboundary watershed
(USA and Mexico) in making sound policy decisions regarding complex water-related issues. In order to develop the S4M with a
higher degree of climate forecasting resolution, an in-depth analysis was conducted regarding precipitation and evapotranspiration
for the semiarid region of the watershed. Weather station data were compiled for both precipitation and evapotranspiration from
1980 to 2004. Several logistic regression models were developed for determining the relationships among precipitation events, that
is, duration and volume, and evapotranspiration levels. These data were then used to develop a stochastic weather generator for
S4M. Analyses revealed that the cumulative effects and changes of ±10 percent in SS inflows can have significant effects on sea
elevation and salinity. The aforementioned technique maintains the relationships between the historic frequency distributions of
both precipitation and evapotranspiration, and not as separate unconnected and constrained variables.

1. Introduction

The need for improved quantitative precipitation forecasts
and realistic assessments of the regional impacts of nat-
ural climate variability and climate change has generated
increased interest in regional (i.e., systems scale) climate
simulation. Because climate warming associated with cli-
mate change will exacerbate water sustainability problems,
heavily-populated, arid regions such as the Southwest USA
are likely to experience some of the highest economic
expenses and environmental losses [1]. For example, flows
in the Colorado River have been projected to reduce
from 10% to 50% by midcentury [2]. Other projections
indicated that there would be more frequent and longer
lasting droughts particularly in the Colorado River Basin
in the latter half of the 21st century, suggesting future

challenges regarding water supplies throughout southwest
[3].

Weather generators can be used to produce synthetic
weather sequences (which are time series of random num-
bers that resemble statistically the observations recorded in
nature) and are useful for projecting climate into the future
[4]. Most weather generators emphasize precipitation (Prcp)
as a primary driving variable of interest and other hydro-
climatic variables are either directly or indirectly affected
by it [5]; for examples, see weather generator (WGEN) by
Richardson and Wright [6], a geospatial-temporal (GiST)
weather generator by Baigorria and Jones [7], and/or a
two-stage resampling algorithm by Leander and Buishand
[8]. Weather generators for simulating hourly Prcp and
temperature can also be found, for example, downscaling-dis-
aggregation weather GENerator (DD-WGEN) by Mezghani
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and Hingray [9] and advanced weather GENerator model
(AWE-GEN) by Fatichi et al. [5]. Further, Rajagopalan et al.
[10] generated Prcp independently with other climate vari-
ables, (e.g., solar radiation, temperature) conditioned on
the status of Prcp (i.e., rain or no rain on a given day)
using a multivariate nonparametric resampling scheme. The
other climate variables can then be generated from either
independent statistical distributions fitted separately to each
of the variables for each of the two Prcp states (i.e., rain or no
rain days) [10].

Stochastic weather models are commonly used because
they are easy to calibrate, can be implemented quickly, often
pertain to daily time scale [11], and can incorporate data from
weather generators easily. Wilks [4] used a first-order, two-
state Markov process to simulate daily Prcp, basically based
on a conditional probability of a wet day following a dry day
and a conditional probability of a wet day following a wet
day. An assumption of this type of Markov chain model is
that the probability of rainfall on any day depends only on
whether it rained on the preceding day; however, the proper
Markov order to represent the daily Prcp occurrence process
cannot be assumed a priori but can only be determined
through observational data analysis or via available results of
investigation [12].

Most stochastic models of daily rainfall consist of two
parts: a model for the occurrence of dry and wet days and
a model for the generation of rainfall volume on wet days
[13, 14].Markov chainmodels specify each day in a time series
as “wet” or “dry,” and develop a relationship between the state
of the system at time 𝑡 (e.g., the current day) current day and
the states of the preceding days (time 𝑡 − 1, 𝑡 − 2, . . . , 𝑡 − 𝑛),
where the number of preceding days determines the order of
the Markov chain, for example, first order or higher orders
[13]. Harrold et al. [15] used four different classes of rainfall
amount, categorized according to the number of adjacent
wet days whereby the model was conditioned on the rainfall
amount of the previous day; this approach accommodates
contiguous series of rainfall days (i.e., within-series correla-
tions of rainfall amounts) by using the volumeon the previous
day as a conditioning variable. Many existing rainfall amount
models ignore this correlation structure and assume that the
volumes of Prcp at time 𝑡 are independent of future volumes
(i.e., the volume of Prcp at time 𝑡 + 1 is independent of the
volume occurring at time 𝑡) [15, 16]. However, Buishand [17]
andChapman [13] demonstrated that the distribution of rain-
fall volumes is different during solitary wet days compared to
Prcp occurring over multiple, contiguous days [15]. Srikan-
than and Pegram [18] describe a nestedmultisite daily rainfall
stochastic generationmodel that preserved rainfall character-
istics at the daily,monthly, and annual time scales. Srikanthan
and Pegram [18] determined that the rainfall volumes on
isolated wet days and sequences of wet days did not depend
on the duration of the Prcp event as well as they should
have.

Evapotranspiration (ETo) changes induced by changing
climate conditions are not trivial in hydrologic modeling
efforts or water resource management studies [19]. ETo
demand is a sensitive parameter that needs to be accounted
for; however, often due to limited observational data, it is

often implicitly calculated through calibration efforts or mass
balance formulation [19].

Although ETo models and procedures for determining
ETo exist (e.g., McMahon et al. [20]), ETo is most often
calculated based on the results of Prcp and temperature,
for example, Beersma and Buishand [21], or in combination
with other weather generated variables (e.g., Snyder et al.
[22], Wilks [11]). Miller et al. [19] incorporated changing
ETo demands with changing temperatures using the variable
infiltration and capacity (VIC) model [23] for streamflow
projections over the Colorado River headwater basins. More
recently, Baigorria [24] simulated daily minimum and max-
imum temperatures with regard to covariance with rainfall
occurrence, that is, max temperatures on rainy days versus
nonrainy days. Snyder et al. [22] describe the development
of “Simulation of Evapotranspiration of Applied Water”
(SIMETAW) application program for helping California plan
future water demand for agricultural purposes. SIMETAW
uses only monthly averages of total rainfall volume and the
number of rain days for simulating daily weather data and
requires information for variables associated with a modified
version of the Penman-Monteith equation [25].

There is a need to develop more precise methods for sim-
ulating Prcp and ETo that account for the natural interdepen-
dency of these two processes.This study utilized nonparamet-
ric models to determine the statistical relationships between
ETo and Prcp, for incorporation of these relationships into
hierarchical nested Markov chain models to preserve the
interdependent nature of ETo and Prcp fluctuations.We used
the Salton Sea (SS) watershed as a case study for our approach
for modeling climate futures.

1.1. Study System. The Salton Sea (SS) watershed spans some
8,360 square miles (21,700 km2) in southeastern California
and extends from San Bernardino County through Riverside
and Imperial counties and into the Mexicali Valley, in Baja
California, Mexico [26]. The terminal lake ecosystem of the
SS is located in the Colorado Desert (33∘ 15N, 116∘W)
approximately 35 miles (56 km) north of the US-Mexico
border (Figure 1) [27]. The SS is a major hydrologic element
of the Lower Colorado River Basin (LCRB) and is considered
important to the economic, social, and biological values of
the region. However, it is suffering marked degradation as
a consequence of human activity and although efforts to
rehabilitate the SS ecosystem have been underway for more
than a decade, they have had little success.

The present study addresses the need for an integrated
systems simulation modeling approach for use in simulating
complex water quality and water quantity management poli-
cies on both watershed and localized scales. The Salton Sea
Stochastic SimulationModel (S4M) [28] is a spatially explicit,
stochastic, simulation model, formulated as a difference-
equation compartment model with a daily time step using
STELLA v. 8.0. software [29] representing water flow (i.e.,
water volume) and quantity of total dissolved salts (TDS)
and phosphorus (P) in the LCRB and SS watershed. Unlike
previousmodels constructed for the SS that relied on datasets
consisting mainly of monthly or annual averages, the S4M
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incorporated a high degree of seasonality and climate fore-
casting resolution. However, the S4M initially employed a
common technique in modeling the uncertainty in future
climate patterns by simply projecting a historic climate data
sequence into the future (i.e., deterministic versions of the
climate driving variables).

In order to further develop the S4M with a higher
degree of seasonality and climate forecasting resolution, an
in-depth analysis was conducted regarding Prcp and ETo
for the semiarid region. ETo is one of the less understood
components of the hydrologic cycle [30] but is a major
component in terrestrial water balance models [31]. Basically,
ETo is the sum of the volume of water used by vegetation
(transpired), evaporated from the soil and the intercepted
Prcp on vegetation [30, 32]. The difference between evap-
oration and transpiration is that the latter consists of the
vaporization of liquidwater contained in plant tissues and the
vapor removal to the atmosphere while evaporation occurs at
the topsoil if the water is available [30, 33].

Located in one of themost arid regions ofNorthAmerica,
maximum temperatures around the Salton Sea may exceed
100∘F (38∘C) more than 110 days each year, while tempera-
tures seldom drop below freezing. Annual Prcp in the region
averages less than 3 inches (7.6 cm), while net evaporation
rates from the sea’s surface and ETo exceed 66 inches (175 cm)
annually [27, 34]. For comparison, the Sahara Desert, much
like the Colorado Desert surrounding the SS, is characterized
by bare soils and large amounts of available energy allowing
for any rainfall to quickly return to the atmosphere [35]. Scott
et al. [35] observed that the effect of a Prcp event in the Sahara
desert environment had a negative effect on evaporation, but
the effect rapidly decreased within the first day. Notably, the
timescale of soil moisture storage determines the timescale
of the ETo persistence and thus the timescale of humidity
persistence in the near-surface atmosphere.

Several other models were developed to address site-
specific alternatives for maintaining the Salton Sea. Two
hydrodynamic models, RMA-2 and RMA-10, both formu-
lated for the finite element solution method, were applied to
simulate the circulation in the sea. This was done to quantify
the effects that diked impoundments would have on the sea’s
circulation and to better understand the sea’s circulation via
a field monitoring program [36]. Another study conducted a
couple of water quality simulations for the −240 and −245
southern impoundments with the BATHTUBmodel [37, 38].
TheBATHTUBmodel uses a series of empirical submodels to
predict the annual nutrient budgets and productivity levels in
the water body that predicted mean annual water quality in
two proposed impoundment configurations [38]. AUCDavis
hydrodynamic model of the Salton Sea was used to estimate
the effects of changes in sea elevation [39], while Chung et
al. [40] developed a linked hydrodynamic and water quality
model.

The primary objective of this study was to develop a
more precise methodology for generating ETo and Prcp as
interdependent stochastic driving variables that can be used
in large-scale systems models. A second objective was to
implement the stochastic ETo and Prcp driving variables in

the S4M and determine the effects, if any, of a ±10 percent
change of inflow volumes to the SS, thereby addressing
future climate change uncertainty of this critically important
watershed.

2. Methods

2.1. Determining Statistical Distributions of Historic Data.
Following the method of Naoum and Tsanis [30], daily
estimates, from 1980 through 2004, of ETo and Prcp were
obtained from two meteorological stations [41, 42] in the
Salton Sea watershed (Figure 1). Specifically, weather stations
in near proximity to the North end and South end of the SS
were used, that is, station IDs: Thermal and Indio (TI) and
Brawley and Calipatria (BC), respectively. Data points were
averaged to get estimates of central tendencies in ETo and
Prcp for the SS followingmethods established in Voinov et al.
[43], Bhuyan et al. [44], and Salton Sea EcosystemRestoration
Program [45].The compiled, averaged 25-year dataset will be
henceforth referred to as the averaged dataset.

Daily values of Prcp and ETo data from the averaged
weather station data were grouped by month; then each
monthwas tested against thirty-four probability distributions
(Table 1) in order to determine the best statistical fit for
each month. Monthly distributions were used to preserve
seasonality when modeling future climate scenarios, while
not solely restricting future climate scenarios to historical
values. EasyFit Version 1.3, from MathWave Technologies
[46], was used for curve-fitting analyses. The theoretical
distribution that provided the “best” fit for each month was
determined based on the Kolmogorov-Smirnov (K-S) and
Anderson-Darling (A-D) tests of statistical significance, as
well as a visual comparison of the fitted curves to the historic
frequency distribution.

2.2. Statistical Models Used to Determine Relationship between
ETo and Prcp. We hypothesized that different durations
of Prcp events would have different effects on ETo, and
that the ETo volume of a Prcp event at time 𝑡 + 1 would
depend on the volume (or absence thereof) of Prcp at
time 𝑡. Therefore, individual categories representing single
versus multiple Prcp events and corresponding volumes were
sorted into subset datasets, along with their respective ETo
volumes. In order to thoroughly test these hypotheses, 17
different variables (3 continuous, 14 discrete/categorical)were
created from the averaged dataset (Table 2). Because the SS
is located in an arid region, many of the daily Prcp values
are zeros, 90 percent, or more in many cases. As a result of
many days without Prcp, the Prcp data exhibited a mixed
distribution with a high number of observations having a
value of zero and a continuous distribution when there
actually were Prcp events. Traditional time series analysis to
account for autocorrelation between observations does not
handle datasets with such high zero counts, such as those
for ETo and Prcp. Therefore, to determine the relationships
among Prcp events and between Prcp events and ETo levels,
binomial and multinomial logistic regression models were
used [47]. Preliminary analyses indicated that the data were
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Figure 1: Geographic location of the Salton Sea andweather stations within the Salton Sea watershed. Shapefiles were obtained fromRedlands
Institute, University of Redlands [51].

not overdispersed. From the 17 variables, we developed 16
different statistical models to test the relationship between
ETo and Prcp (Table 3). The dependent variables in the
logistic regression models were coded as described in Table 2
and tested with binomial or multinomial logistic regression
depending on the number of levels [48]. The normality of
the standardized residuals, the assumption of linearity in
the logit, and a Hosmer-Lemeshow test [48] were used to
determine if a model fits the data. A classification table
was created using 0.5 as a cut-off point to determine the
predictive power of the model, and likelihood ratio tests
were used (at 𝛼 = 0.05) to determine model significance
[47, 48]. Results from the model selection procedure were
used as the new, stochastic climate module for the S4M. Stata
Statistical Software v. 9.0. [49] was used for the binomial and
multinomial logistic regression statistical analyses.

2.3. Salton Sea Simulation. The S4M was constructed to
represent water flow in the LCRB as it enters the SS and
Colorado River Delta, where it subsequently flows, albeit
intermittently, to the Gulf of California. The S4M specifically
accounts for the water volume and water quality in the
SS and is formulated as a compartment model based on
difference equations with a daily time step using STELLA 8.0
software [29]. ArcGIS v. 9.0. software [50] was utilized for

mapmaking, with SS shapefiles obtained from the University
of the Redlands Institute [51].

Previously, the strategy used in modeling the uncertainty
in future climate patterns in the S4M consisted of using
a deterministic version of the driving variables in which
the historic pattern and number of weather events were
preserved, that is, the past and present as the future. Using
the methodology described above, a stochastic version of the
driving variables was implemented and evaluated. This new
module was evaluated by comparing observed and simulated
data as a means to assess the performance of the simulation
model similar to Tong and Chen [52].

In addition, a climate sensitivity analysis was conducted
to observe the cumulative effects of ±10 percent change
of inflow volumes to the SS, if any, on sea elevation and
salinity, thereby addressing another aspect of future climate
uncertainty. ANOVA and Bonferroni multiple comparisons
post hoc tests were performed for SS salinity and elevation
variables under both deterministic and stochastic versions of
the model using the statistical software SPSS v. 12.0.1. [53].

3. Results and Discussion

A comparison of the averaged weather station historic data-
sets, that is, TIBC datasets, versus the individual weather
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Table 1: Probability distributions fit to the historical climate
datasets.

(1) Beta
(2) Erlang
(3) Erlang (2P)
(4) Error Function
(5) Exponential
(6) Exponential (2P)
(7) Gamma
(8) Gamma (2P)
(9) Gen. Extreme Value
(10) Gen. Logistic
(11) Gen. Pareto
(12) Gumbel Max
(13) Gumbel Min
(14) Inv. Gaussian
(15) Inv. Gaussian (2P)
(16) Laplace
(17) Logistic
(18) Lognormal
(19) Lognormal (2P)
(20) Normal
(21) Pert
(22) Phased Bi-Exponential
(23) Phased Bi-Weibull
(24) Rayleigh
(25) Rayleigh (2P)
(26) Triangular
(27) Uniform
(28) Wakeby
(29) Weibull
(30) Weibull (2P)
(31) Chi-Squared
(32) Chi-Squared (2P)
(33) Pareto
(34) Student’s 𝑡

station historic datasets wasmade for both Prcp and ETo.The
TIBC monthly datasets preserved seasonality for both Prcp
and ETo as illustrated in the figures (Figures 2–4).

Notably, for the months of February, March, and April
the average monthly Prcp volume was lower than the actual
weather station historic data. This occurred for two reasons:
(1) the disparity in the number of observations between the
two weather station datasets and the average resulting in
the largest number of observations between the two, and
(2) the concomitant decrease in values due to averaging, for
example, one weather station having a higher Prcp volume
on a given day and the other having a much lower value for
the respective day. Instances of missing data in the BC dataset
required the replacement of the missing data with TI weather
station values, and in such cases, often with a volume of 0 due
to the high frequency of days without Prcp events.

The averaging of the weather station data for both Prcp
and ETo provided a complete dataset for a 25-year period
(1980–2004) for the SS area. Although the pattern of monthly
Prcp volumes was preserved when the two separate whether
station datasets were averaged, the frequency of Prcp events
of a given duration was somewhat inflated. More specifically,
the averaging increased the number of consecutive Prcp
eventswhen comparing the BCdataset, having amaximumof
7 consecutive events and the TI dataset having amaximum of
9 consecutive events with the TIBC averaged dataset having a
maximum of 10 consecutive events. The frequency of smaller
events was inflated as well. For example, Prcp events of five or
more days in duration were as follows: BC with 7 instances,
TI with 13 instances, and the TIBC averaged dataset with 36
instances. Similarly, events of 8 days in duration ormore were
as follows: BC with 0 instances, TI with 3 instances, and the
TIBC averaged dataset with 8 instances. As a result, some
months in the TIBC averaged dataset experienced inflated
Prcp event durations more than others, for example, January,
September, and December.Therefore, the BC weather station
dataset statistical relationships, concerning subsequent Prcp
events, were implemented and not those based on the aver-
aged dataset.The aforementioned strategy was undertaken as
a means to avoid the inflated frequencies of multiple Prcp
events being incorporated into the simulation model. The
inflated values demonstrate the potential for introduced error
in modeling when using averaged data.

3.1. Determining Statistical Distributions of Historic Data.
Graphs of the curve fitting results based on the historic
frequency distributions for both Prcp and ETo provided
a visual aid for determining which theoretic probability
distribution gave the “best” fit.The curve providing the “best”
fit and associated levels of significance (𝑃-value) for the
Kolmogorov-Smirnov (K-S) and Anderson-Darling (A-D)
test statisticswere recorded for eachweather station dataset as
well as the TIBC averaged dataset. The results of the two test
statistics differed at times, that is, listing two different curves
as providing the “best” fit. In the aforementioned situation, a
final decision pertaining to the “best” fit was made based on
a visual assessment of the figures. A summary of the overall
curve fitting results can be found in Kjelland [28].

The curve-fitting exercise resulted in similar distributions
providing the “best” fit to the data; however, the distribution
for the TIBC averaged dataset for days of individual months
often varied, more so in the case of ETo than for Prcp. For
example, the most common distribution type providing the
“best” fit for both the BC and TI ETo datasets was a Wakeby
distribution, but the TIBC averaged dataset (average of the
two) more closely resembled Wakeby, General Logistic, and
General Extreme Value distributions, depending upon the
month in question. The most common distribution types
providing the “best” fit for both BC and TI Prcp monthly
datasets were Gamma and Exponential distributions, but
the TIBC averaged dataset more often resembled Gamma
and Rayleigh distributions. The aforementioned differences
demonstrate some of the compromises as a result of averaging
the datasets.



6 Advances in Meteorology

Table 2: Description of variables used for the statistical analyses. Note that event refers to days in which precipitation occurred, either as a
one day occurrence or as multiple contiguous days.

Name Description Type of variable Description of levels
Prcp Daily historic precipitation Continuous Daily values from 1982 to 2004
ETo Daily historic evapotranspiration Continuous Daily values from 1982 to 2004
Month Month of year Discrete (12 levels) 1 = January, 2 = Feb., . . ., 12 = Dec.
RainEvent Presence or absence of Prcp event Discrete (binary) 0 = absent, 1 = present
ETo ≤ 0.21 Did ETo exceed 0.21? Discrete (binary) 0 = true, 1 = false

CatEvent Number of consecutive days of
precipitation Discrete (7 levels) 0 = no prcp, 1 = one day of prcp, . . ., 7 = seven

consecutive days of prcp

CatVol
Comparison between volumes (v) of
precipitation between subsequent time
steps (i.e., comparing events at time 𝑡 to
events at time 𝑡 + 1)

Discrete (5 levels)

0 = no prcp
1 = single event (a prcp event not followed by
another)
2 = 𝐸V,𝑡 < 𝐸V,𝑡+1
3 = 𝐸V,𝑡 = 𝐸V,𝑡+1
4 = 𝐸V,𝑡 > 𝐸V,𝑡+1

PrcpAmt Amount of precipitation per event Discrete (5 levels)

0 = no Prcp
1 = Prcp ≤ 0.1

2 = 0.1 < Prcp ≤ 0.2

3 = 0.2 < Prcp ≤ 0.5

4 = 0.5 < Prcp

Prcponafter Denotes first day of event or day after
event Discrete (3 levels) 1 = for first day of prcp event, 2 = day after

event, 0 = all other days

Prcpbefafter Denotes day before event or day after
event Discrete (3 levels) 1 = for day preceding prcp event, 2 = day

immediately after event, 0 = all other days

PrcpOn Denotes first day of event Discrete (binary) 1 = first day in series of prcp event, 0 = all other
days

EToAmt Amount of ETo per event Discrete (6 levels)

0 = ETo ≤ 0.11
1 = 0.11 < ETo ≤ 0.21
2 = 0.21 < ETo ≤ 0.32
3 = 0.32 < ETo ≤ 0.41
4 = 0.41 < ETo ≤ 0.5
5 = 0.5 < ETo

EToPerCh Percent change in ETo from one time step
to next Continuous

EToFirst Compares ETo on day before event to
ETo on day of event Discrete (4 levels)

0 = no prcp or a consecutive day
1 = ETo before prcp event < ETo on day of event
2 = ETo before prcp event = ETo on day of event
3 = ETo before prcp event > ETo on day of event

ETolev2 Compares ETo on day of event to ETo on
day after event Discrete (4 levels)

0 = no prcp
1 = ETo after prcp event < ETo on day of event
2 = ETo after prcp event = ETo on day of event
3 = ETo after prcp event > ETo on day of event

EToOne Compares ETo on day before an event to
ETo on day after event Discrete (4 levels)

0 = no prcp or a consecutive day
1 = ETo on day after event < ETo day before
event
2 = ETo on day after event = ETo day before
event
3 = ETo on day after event > ETo day before
event
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Table 2: Continued.

Name Description Type of variable Description of levels

EToTwo Compares ETo of first day of an event to
ETo on day after event Discrete (4 levels)

0 = no prcp or a consecutive day
1 = ETo on day after event < ETo on first day of
event
2 = ETo on day after event = ETo on first day of
event
3 = ETo on day after event > ETo on first day of
event
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Figure 2: (a) Maximum precipitation (Prcp) volumes by month for each weather station (diamond markers = Thermal-Indio (TI), square
markers = Brawley-Calipatria (BC)) and their combined average (dashed line). (b) Comparison of mean evapotranspiration (ETo) by month
for each weather station (diamondmarkers = TI, square markers = BC) and their combined average (dashed line). (c)Monthly comparison of
precipitation (Prcp) event days and days having evapotranspiration (ETo) ≤0.21 inches based on the BC weather station dataset (1982–2004).
RainEvent (Prcp event) = percent of observations having some amount of Prcp, that is, a Prcp event, ETo ≤0.21 = percent of observations
having ETo ≤0.21 inches.

3.2. Statistical Models Used to Determine Relationship between
ETo and Prcp. It was hypothesized that Prcp and ETo
would generally exhibit a negative relationship in the area
surrounding the SS, that is, ETo volumes decreasing with
Prcp events. Also, the volume and duration of Prcp events
would be important factors to consider when exploring any
relationship between Prcp and ETo. The two logistic regres-
sion models (Equations (1) and (2)) in Table 3 established
that some months were significantly different than others
concerning the amounts of Prcp and ETo.

The negative relationship between Prcp and ETo was
tested statistically using two multinomial logistic regression
models and one binomial logistic (logit) regression model
(Equations (3), (4) and (5)), respectively (Table 3). The logit
model (Equation (3)) resulted in negative coefficients (𝑃 <

0.05) for all four categories of “PrcpAmt” and had a Prob > 𝜒2

of < 0.0001 and Pseudo R2 of 0.105. A likelihood-ratio test for
independent variables resulted in a 𝜒2 of 382.6 and Prob > 𝜒2
of < 0.0001. Similarly, the logit model (Equation (4)) resulted
in negative coefficients (𝑃 < 0.05), with an increasing trend,
for all five categories of “CatEvent” and had a Prob > 𝜒2 of
< 0.0001 and Pseudo R2 of 0.124. Also, a likelihood-ratio test
for independent variables resulted in a 𝜒2 of 439.9 and Prob
> 𝜒
2 of < 0.0001. The logit model (Equation (5)) resulted in a

statistically significant (𝑃 < 0.05) and negative coefficient for
the variable ETo and an overall Pseudo R2 of 0.131.

The relationship between the volume of a single Prcp
event and subsequent Prcp event volumes and associated
changes in ETo was tested statistically using the logit model
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Table 3: Equations used to test the relationship among seasonality, precipitation, and evapotranspiration. All equations were modeled using
the logit link (i.e., logistic equations, Agresti, 1996 [47]).

Equation # Equation
(1) Month = 𝛼 + 𝛽 ∗ Prcp
(2) Month = 𝛼 + 𝛽 ∗ ETo
(3) PrcpAmt = 𝛼 + 𝛽 ∗ ETo
(4) CatEvent = 𝛼 + 𝛽 ∗ ETo
(5) RainEvent = 𝛼 + 𝛽 ∗ ETo
(6) CatVol = 𝛼 + 𝛽 ∗ ETo
(7) EToFirst = 𝛼 + 𝛽 ∗ PrcpAmt
(8) EToFirst = 𝛼 + 𝛽 ∗ ETo
(9) ETolev2 = 𝛼 + 𝛽

1
∗ PrcpAmt + 𝛽

2
∗ CatEvent

(10) ETolev2 = 𝛼 + 𝛽 ∗ ETo
(11) ETolev2 = 𝛼 + 𝛽

1
∗ PrcpAmt + 𝛽

2
∗ CatVol + 𝛽

3
∗ CatEvent + 𝛽

4
∗Month

(12) Prcponafter = 𝛼 + 𝛽 ∗ ETo
(13) Prcponafter = 𝛼 + 𝛽 ∗ EToPerCh
(14) Prcpbefafter = 𝛼 + 𝛽 ∗ ETo
(15) Prcpbefafter = 𝛼 + 𝛽 ∗ EToPerCh
(16) PrcpOn = 𝛼 + 𝛽 ∗ EToPerCh

(Equation (6)) in Table 3.Themodel resulted in negative coef-
ficients for all four categories of “CatVol” and had a Prob > 𝜒2

of < 0.0001 and Pseudo R2 of 0.123. The categories 1, 2, and 4
of the nominal categorical variable “CatVol” were significant
(𝑃 < 0.05). Also, a likelihood-ratio test for independent vari-
ables resulted in a 𝜒2 of 433.236 and Prob > 𝜒2 of < 0.0001.

The relationship between different Prcp volumes and
associated changes in ETo before a Prcp event and the day
of a Prcp event was tested statistically using the logit model
(Equation (7)) in Table 3. The model resulted in statistically
significant (𝑃 < 0.05) positive coefficients for categories 1,
2, and 3 of “EToFirst” (using category 0 as the base outcome)
and had a Prob> 𝜒2 of< 0.0001 and PseudoR2 of 0.423. Also,
a likelihood-ratio test for independent variables resulted in
a 𝜒2 of 1026.596 and P > 𝜒2 of < 0.0001. Another logit
model, (Equation (8)) in Table 3, showed that the categories
of 1, 2, and 3 of the dependent nominal categorical variable
“EToFirst”were less than the base outcome, as all hadnegative
and significant (𝑃 < 0.05) coefficients.

The relationship between ETo the day of a Prcp event
(or the first day in a series of events) and the day after the
event (or series of events) was tested statistically using the
logit models (Equations (9)–(13)) in Table 3. The logit model
(Equation (9)) resulted in positive coefficients (𝑃 < 0.05)
for categories 1, 2, and 3 of “ETolev2,” for both independent
variables and had a Prob > 𝜒2 of < 0.0001 and Pseudo R2 of
0.494. Also, a likelihood-ratio test for independent variables
resulted in a 𝜒2 of 82.876 for “PrcpAmt” and 317.128 for
“CatEvent” and both had a P > 𝜒2 of < 0.0001. Another logit
model, (Equation (10)) in Table 3, showed that “ETolev2”
categories 1, 2, and 3 all had negative coefficients, although
category 1 was not significant, 𝑃 > 0.05. Two additional
variables to measure the effect of month (“Month”) and
the respective comparisons of Prcp volumes (“CatVol”)
associated with single versus subsequent Prcp events were

included in another logitmodel (Equation (11)) inTable 3.The
aforementioned model resulted in some negative coefficients
for the independent variables of “CatVol” and “Month” but
not “PrcpAmt” and “CatEvent” and had a Prob > 𝜒2 of
< 0.0001 and Pseudo R2 of 0.495. The independent variables
“CatVol” and “Month” were not significant (𝑃 > 0.05) for any
of the three categories of the dependent nominal categorical
variable “ETolev2.” A likelihood-ratio test for independent
variables resulted in a 𝜒2 of 1.541 for “CatVol” and 0.906
for “Month” and Prob > 𝜒2 of 0.673 and 0.824, respectively.
Models (Equations (12) and (13)) in Table 3, measuring the
relationship between Prcp and ETo and the percent change
in ETo the day of the event, as compared to after the event,
both had statistically significant (𝑃 < 0.05) and negative
coefficients and a Pseudo R2 of 0.061 and 0.024, respectively.

The relationship between ETo the day before a Prcp event
(or sequence of Prcp events) was tested statistically using
the logit model (Equation (14)) in Table 3. The logit model
(Equation (14)) measuring the relationship between Prcp and
ETo before the day of the event had statistically significant
(𝑃 < 0.05) and negative coefficients and a Pseudo R2 of 0.038.

The relationship between ETo the day after a Prcp event
(or after the last Prcp event in the sequence) was tested
statistically using the logit model (Equation (15)) in Table 3.
The logit model (Equation (15)) measuring the percent
change in ETo after the Prcp event had a Pseudo R2 of
0.016 with positive coefficients for the independent variables.
Category 2 of the dependent nominal categorical variable
“Prcpbefafter” was statistically significant (𝑃 < 0.05) whereas
category 1 was not (𝑃 = 0.802).

The general relationship between ETo the day of the first
Prcp event (or the first day in a series of events) compared to
days without Prcp (or days having Prcp events that are not the
first day in the series of events) was tested statistically using
the logit model (Equation (16)) in Table 3.Themodel resulted
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Figure 3: Simulation model sampling method for evapotranspira-
tion and precipitation.

in a statistically significant (𝑃 < 0.05) negative coefficient and
had a Prob > 𝜒2 of < 0.0001 and Pseudo R2 of 0.015.

The Prcp data in this study demonstrated that the
majority of the rainfall occurred during the winter months.
Also, months with a higher percentage of Prcp events had a
larger percentage of days with low (0.21 inches or less) ETo
(Figure 2(c)). And like the study by Scott et al. [35], where the
effect of a Prcp event in the Sahara desert environment had
a negative effect on evaporation, the results herein indicated
that the same was true for ETo in the semiarid environment
around the SS. However, unlike the results of Scott et al. [35]
that showed the effect of a Prcp event on evaporation rapidly
decreasing within the first day, the results of the present study
elucidate a more complex relationship.

There are two important variables that play a role in
the relationship between Prcp and ETo amounts, namely,
duration (“CatEvent”) and volume (“PrcpAmt”). The results
demonstrate that a longer Prcp event is more likely to
suppress ETo volumes and for a longer time period. Likewise,
larger Prcp volumes suppress ETo volumes more so than
the small Prcp volume events; however, larger Prcp volume
events also tend to have a higher proportion of the largest
ETo volumes compared to small Prcp events. Therefore, the
variable “CatEvent” would seem to be a better predictor of

ETo volumes, and the multinomial logistic regressionmodels
support this.

The chances of a decrease in ETo the day of a Prcp event
compared to the day before the Prcp event were twice as
likely (62 percent) than ETo increasing the day of the Prcp
event (31 percent). Further, lower Prcp amounts had a slightly
higher probability (42 and 43 percent, resp.) for categories 1
and 2 of the ordinal categorical variable “PrcpAmt” versus
(35 and 29 percent, resp.) for categories 3 and 4. The
probability of ETo more than the day before the Prcp event
increased for category 4 of “PrcpAmt” (32 percent) versus (29
percent) for categories 3 and 1, respectively, of the variable
“EToFirst.” The overall negative effect of Prcp on ETo levels
was supported by Equations (3)–(5) respectively, showing
statistically significant (𝑃 < 0.05) and negative coefficients
for all categories of “PrcpAmt,” “CatEvent,” and “RainEvent.”
Compared to days without Prcp events, days with Prcp events
had significantly lower ETo volumes. Similarly, all categories
of the ordinal categorical variable “CatEvent” measuring
duration of Prcp events had statistically significant (𝑃 < 0.05)
negative coefficients and showed that the longer the duration
of the Prcp event, the larger the decrease in ETo levels, in
general. Also, the Pseudo R2 was somewhat larger for the
variable “CatEvent” versus “PrcpAmt” (0.124 versus 0.105,
resp.) meaning that the duration of the Prcp event was a
slightly better predictor of the decrease in ETo volumes. The
nominal categorical variable “CatVol” distinguished between
a single or subsequent Prcp event taking into account volume
and supported these conclusions based on the logit model
(Equation (6)).

The logit model (Equation (8)) with the dependent nomi-
nal categorical variable “EToFirst” measured whether ETo
the day of a Prcp event was less than, equal to, or greater
than before the Prcp event. The logit model (Equation (8))
demonstrated that ETo volumes the day of a Prcp event were
significantly less than ETo volumes on days without Prcp.
Further, the plot of the Prcp and ETo observations by month
(Figure 2) revealed that months with a higher percentage of
rain days also had a higher percentage of days with ETo ≤0.21
inches. ETo andPrcp exhibited a negative relationship overall,
as initially hypothesized.

When observing recovery time using the nominal cat-
egorical variable “ETolev2” (Equations (9)–(11)) measuring
whether ETo is the same after a Prcp event (or the last event in
the series of events) as during a Prcp event (or the last day of
Prcp in the series of events), there was a greater likelihood
of ETo increasing the day after the Prcp event or series of
events versus decreasing (38 versus 21 percent, resp.). The
greater likelihood of ETo increasing the day after the Prcp
event (or series of events), versus decreasing, was also the
case for events lasting more than one day, for example, 13
versus 59 percent (resp.) for two-day events. The recovery
time or increase in ETo after the Prcp event was more likely
with lower Prcp volumes than for higher Prcp volumes, for
example, 50 percent for category 1 versus 29 percent for
category 4 of the dependent variable “PrcpAmt.” Also, the
logit model (Equation (16)) with the dependent nominal
categorical variable “PrcpOn” showed a negative change in
ETo on the day of a Prcp event, or first day in a series of events
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Figure 4: Comparison of historic (1) versus simulated (2) and deterministic versus stochastic climates for the S4M daily time step: (a)
precipitation (Prcp) events (inches)—simulated deterministic, (b) evapotranspiration (ETo) events (inches)—simulated deterministic, (c)
Prcp events (inches)—simulated stochastic, (d) ETo events (inches)—simulated stochastic, (e) Prcp events (inches)—simulated stochastic
(100 repetitions), and (f) ETo events (inches)—simulated stochastic (100 repetitions).

when compared to days without Prcp events. Moreover, the
logit model (Equation (12)) with the dependent nominal
categorical variable “Prcponafter” showed that compared to
days without Prcp, the first day of a Prcp event produced a
lower ETo volume (coefficient of −5.842) while days after a
Prcp event (or the last day in a series of events) also had a
lower ETo volume (coefficient of−4.624). Clearly, the first day
of the Prcp event had a larger ETo volume than the day after

the Prcp event (or series of events) indicating some recovery
from the Prcp event. The recovery time of ETo was tested
using another logit model (Equation (13)) using the same
dependent variable “Prcponafter” but with the independent
variable “EToPerCh,” measuring the percent change in ETo
from one day to the next. The logit model (Equation (13))
results showed thatwhen compared to dayswithout Prcp, ETo
decreased on the first day of a Prcp event. However, a positive
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change in ETo the day after the Prcp event (or the last day in
a series of events) means ETo increased when compared to
days without Prcp events.

An analysis of the frequency of observations for each
category of the variable “EToOne” showed that ETo the day
after a sequence of Prcp events is generally less than the ETo
the day before the sequence of Prcp events. In fact, the ETo
volume after the Prcp event is less than the ETo volume the
day before the first Prcp events 48 and 50 percent of the time
for larger Prcp volume events. Therefore, the frequency that
recovery time iswithin a day of a Prcp event only occurs about
50 percent of the time for larger volume Prcp events.

The logit model (Equation (14)) demonstrated that there
is actually less ETo the day before a Prcp event as compared to
days without Prcp. Moreover, compared to days without Prcp
there is typically less ETo the day after the Prcp event, or last
day in a series of events.The other logitmodel (Equation (15))
reveals a positive increase in ETo before a Prcp event and a
positive increase the day after a Prcp event (or series of events)
when compared to days without Prcp events. The analysis
of single versus subsequent Prcp events result showed the
probability of a given Prcp volume for a second consecutive
Prcp event based on the Prcp volume of the first Prcp event.

3.3. Salton Sea Stochastic Simulation Model (S4M). Based on
the complex relationships revealed by the logistic regres-
sion models, a methodology to generate ETo and Prcp as
driving variables in a simulation model other than using
the historic data time series (in other words not copying
the historic data time series and pasting it to represent
the future data time series) was developed for ETo and
Prcp data within the SS watershed. However, the technique
used in this study maintains the relationships between the
historic frequency distributions and interdependency of ETo
and Prcp (Figure 2), instead of treating them as separate
unconnected variables in the model. Curves for statistical
distribution curves were fit to the historical ETo and Prcp
data for the occurrence of a precipitation event, the duration
of an event, the volume of the event, and the volume of
evapotranspiration occurring on that day. The simulation
processes the new module following the logic in Figure 3.
For any time step for a given month, there are four steps:
(1) the probability of a Prcp event occurring is randomly
selected from the statistical distribution for that month; (2)
if Prcp occurs, then a duration of the event is chosen from
the probability distribution of durations for that month (with
maximum durations being 7 days); (3) a volume of Prcp
is calculated from the probability distributions of volumes
for events of that duration for that month; and (4) ETo is
generated from the probability distributions associated with
Prcp events of that duration for that month (Figure 3). The
ability of the S4M to reasonably simulate the fluctuations in
Prcp and ETo volumes, duration of Prcp events, all while
preserving the relationships between the patterns between
them is evident in Figure 4.

3.4. S4M Evaluation. The deterministic version of S4M was
evaluated in Kjelland [28]. When the stochastic weather

simulator was added, the model simulated historic sea ele-
vations reasonably well with a difference of only 1 foot at
its most disparate point, −228 fasl (simulated) and −229
fasl (historic), and maintained patterns of seasonality. Based
on the observed versus simulated sea elevation data, the
model has an error rate of less than 1%. These sea elevation
results are comparable to IIDWD and CH2MHILL [54],
indicating that S4M has a reasonable ability to simulate the
hydrology of the Salton Sea. Figure 4 shows that Prcp and
ETo and patterns are similar when comparing the simulated
versus historic data, in both magnitude, that is, volumes,
and frequency. With regard to TDS, the model validation
simulations resulted in the most disparate underestimation
of 2,999mg/L (44,788mg/L simulated versus 47,787mg/L
observed) compared to the most disparate overestimation
of 2,541mg/L (42,963mg/L simulated versus 40,422mg/L
observed). Based on the observed versus simulated sea TDS
data, the model has an error rate of about 7% at its most
disparate points and can be regarded as reasonable given
that subsequent years’ error rates are much less and the sea’s
general salinity trend does not change.Themodel verification
results for salinity in a study by IIDWD and CH2MHILL
[54] yielded an error rate of approximately 6% at the most
disparate point (1980 to 2000), similar to results of the Salton
Sea Ecosystem Restoration Program [55].

The S4M results pertaining to the baseline trends in
elevation and salinity projections for the year 2024 are similar
to the results from other studies. For example, the Colorado
River Board of California [56] used sequential cycling of
historic conditions as the basis for future inflow conditions
and estimated Salton Sea elevations from approximately
−231.4 to −233 fasl and a salinity of 67,000 to 79,600 ppm by
the year 2020. Cohen and Hyun [27] showed a Salton Sea
elevation of −233.6 fasl and a salinity of 60,000 ppm by the
year 2018, and an elevation of approximately −245 fasl with
salinity between 90,000 and 100,000 ppm by the year 2024.
The simulated Salton Sea elevation and salinity results were
−234 fasl and 75,000 ppm, respectively, by the year 2030 and
assumed reduced future inflow conditions [39]. Moreover,
current conditions show that model simulations for salinity
are very similar to those of today, about 48,055 ppm (48 g/L)
[57] to about 51,000 ppm (approximately 51 g/L) [58].

3.5. Salton Sea Climate Scenarios Using Stochastic Generator.
Three future SS climate scenarios were examined: (1) no
change in ETo, Prcp, and river flows (Baseline) versus (2) a
scenario of a ten percent increase in Prcp and river flows, and
(3) a scenario of a 10 percent decrease in Prcp and river flows
(most likely scenario according to Seager et al. [59]). In the
climate sensitivity analysis using the historic driving variables
ETo, Prcp, and river flows, that is, the past projected into the
future version of the model, the elevation of the sea at the
end of 2024 was −235.38 fasl with a salinity of 59,292mg/L
under baseline conditions versus −233.38 and −237.09 fasl
and salinities of 56,533 and 61,903mg/L for scenarios 2 and
3, respectively (Figure 5, Table 4). In the stochastic version
of the model, the elevation of the sea at the end of 2024 was
−235.36 fasl with a salinity of 59,025mg/L for the baseline
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Figure 5: Salton Sea Stochastic Simulation Model (S4M) climate sensitivity analysis: (a) climate sensitivity analysis (±10% historic) using
deterministic driving variables (100 replicates) and (b) climate sensitivity analysis (±10% historic) using stochastic (100 replicates) driving
variables.

version of the model versus −233.4 and −237.06 fasl and
salinities of 56,335 and 61,598mg/L for scenarios 2 and 3,
respectively (Figure 5, Table 4). For both deterministic and
stochastic versions of the model, the ANOVA (Tables 4 and
5) and Bonferronimultiple comparisons post hoc tests results
revealed a statistically significant difference (𝑃 < 0.05) for
the sea’s elevations and salinities between the baseline climate
scenario versus climate scenarios 2 and 3, as well as the
elevations and salinities between climate scenarios 2 and 3
themselves.

4. Conclusions

The results of the logistic regression and curve fitting analyses
provided valuable insight into the dynamics between single
versus multiple Prcp events and the interaction between ETo
and Prcp in the SS watershed, both of which are essential
to the development of the aforementioned future climate
scenario methodology. Results show that months with a
larger percentage of Prcp events had a larger percentage of
days with low ETo. Similar to the Sahara desert study by
Scott et al. [35], the effect of a Prcp event had a negative
effect on ETo in the semiarid environment around the SS
but elucidated a more complex relationship. The results
demonstrate that the longer the duration of the Prcp event,
the larger the decrease in ETo volumes, in general, and for a
longer period of time. Likewise, larger Prcp volume events
suppress ETo volumes more so than smaller Prcp events.
Based on the multinomial logistic regression models, the
duration of the Prcp event is a slightly better predictor of ETo
volumes than the Prcp volume associatedwith the Prcp event.
Overall, ETo and Prcp exhibited a negative relationship.

The present study quantifies the relationships between
ETo and Prcp in a semiarid region and provides a technique
for maintaining these relationships in research involving
stochastic climate simulation modeling. The overall low
Pseudo R2 values of the multinomial regression models

lend support for using this strategy. The curve-fitting results
for each monthly dataset resulted in similar distributions
providing the “best” fit to the data; however, the distributions
for the averaged monthly TIBC dataset often varied, more
so for ETo than Prcp. Therefore, if more detailed weather
patterns and accuracy in resulting fluctuations are important
to the research question being addressed, then individual
distributions should be incorporated for respective months
when modeling future climate scenarios, such as in the SS
watershed.

Concerning climate futures, a comparison can be made
between the two strategies that were used in modeling the
uncertainty in future climate projections: (1) the determin-
istic version of the driving variables and (2) the stochastic
version of the driving variables. The difference between end
simulation baseline mean elevations between the two strate-
gies was less than 3 feet, that is, range of baseline minimum
and maximum. The climate sensitivity analyses revealed that
the cumulative effects and change of ±10 percent in SS
inflows over the period of analysis can have significant effects
(𝑃 < 0.05) on sea elevation and salinity, thereby demonstrat-
ing the importance of including climate uncertainty in the
model.

According to climate model projections by Seager et al.
[59], the Colorado River headwaters are expected to have an
annual stream flow decline of 10 percent and as much as a
20 percent drop in spring runoff in California and Nevada,
as warmer temperatures of 1-2∘C also boost evaporation in
2021–2040. Given that the S4M has been constructed, tested,
and validated, one can use it to test many different climate
scenarios and the implications that climate change may hold
for policy making in the region. One can use the climate
modeling method constructed and tested herein to test many
different climate scenarios and the implications that climate
change may hold for policy making in the region, as well as
applying the technique to other semiarid regions. In future
research, alternative future scenarios can be defined and used
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Table 4: Salton Sea (SS) climate sensitivity analysis: one-way ANOVA descriptives.

(I) trial 𝑁 Mean Std. deviation Std. error 95% Confidence interval for mean Minimum MaximumLower bound Upper bound
SS elevationa

1 100 −235.38 0.00 0.00 −235.38 −235.38 −235.39 −235.37
2 100 −233.38 0.01 0.00 −233.38 −233.37 −233.38 −233.37
3 100 −237.09 0.01 0.00 −237.09 −237.08 −237.09 −237.08
Total 300 −235.28 1.52 0.09 −235.45 −235.11 −237.09 −233.37

SS salinitya
1 100 59,292 5 1 59,291 59,293 59,277 59,306
2 100 56,533 5 1 56,532 56,534 56,521 56,546
3 100 61,903 6 1 61,902 61,905 61,891 61,916
Total 300 59,243 2,196 127 58,993 59,492 56,521 61,916

SS elevationb

1 100 −235.36 1.00 0.10 −235.55 −235.16 −238.18 −233.23
2 100 −233.40 1.77 0.18 −233.75 −233.05 −236.52 −227.72
3 100 −237.06 0.90 0.09 −237.24 −236.88 −238.98 −234.35
Total 300 −235.27 1.97 0.11 −235.49 −235.05 −238.98 −227.72

SS salinityb
1 100 59,025 1,450 145 58,737 59,312 56,073 63,380
2 100 56,335 2,245 225 55,890 56,781 49,703 60,731
3 100 61,598 1,415 141 61,317 61,879 57,634 64,712
Total 300 58,986 2,768 160 58,671 59,300 49,703 64,712

Climate sensitivity analysis: adeterministic model results; bstochastic model results.
(I) trial: 1 = baseline, 2 = +10%, 3 = −10%.
Elevation units = feet above sea level.
Salinity = mg/L.

Table 5: Salton Sea (SS) climate sensitivity analysis: one-way ANOVA results.

Sum of squares df Mean square 𝐹 Sig.
SS elevationa

Between groups 689.7 2 344.9 15200536.0 0.000
Within groups 0.0 297 0.0
Total 689.7 299

SS salinitya

Between groups 1442505659.6 2 721252829.8 24552559.5 0.000
Within groups 8724.6 297 29.4
Total 1442514384.2 299

SS elevationb

Between groups 670.9 2 335.4 203.6 0.000
Within groups 489.2 297 1.6
Total 1160.1 299

SS salinityb

Between groups 1385130746.6 2 692565373.3 227.2 0.000
Within groups 905456580.5 297 3048675.4
Total 2290587327.1 299

Climate sensitivity analysis: adeterministic model results; bstochastic model results.

to explore the hydrologic and environmental implications of
variations in, among other things, climate change and water-
related policy decisions.
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To protect the water tower’s ecosystem environment and conserve biodiversity, China has been implementing a huge payment
program for ecosystem services in the three rivers source region. We explored here the dynamics of grassland degradation and
restoration from 1990 to 2012 and its relationships with climate mitigation in the TRSR to provide a definite answer as to the
forcing and response of grassland degradation and restoration to climate change. Then we estimated its potential of climate
mitigation benefits to address the question of whether ecological restoration could be effective in reversing the decline of ecosystem
carbon mitigation service. The trend of average annual temperature and precipitation observed by meteorological stations were
approximately increased. Compared before and after 2004, the area of grassland degradation was increased slightly. However,
nearly one-third of degraded grassland showed improvement, and the grassland vegetation coverage showed significant increase.
Comparing current grassland vegetation coverage with healthy vegetation cover with the same grass type, nearly half of the area still
needs to further restore vegetation cover. The grassland degradation resulted in significant carbon emissions, but the restoration to
its healthy status has been estimated to be technical mitigation potential.

1. Introduction

Ecosystem degradation is causing decline in ecosystem con-
dition and widespread biodiversity loss, leading to reduced
provision of ecosystem services [1–3], and may cause the
irrevocable loss of ecosystem functions such as soil and soil
moisture retention, regulation of water flows, and regulation
of carbon and nitrogen cycles [4, 5]. Ecological restoration is
regarded as a major strategy for reestablishing and increasing
the provision of ecosystem services as well as reversing
biodiversity losses [3, 6], but conflicts can arise, especially
if single services are targeted in isolation, and the recovery
can be slow and incomplete [3]. In addition, a lack of
scientific understanding of the factors influencing provision
of ecosystem services and of their economic benefits limits
their incorporation into land-use planning and decision
making [7, 8].

The many ecosystem services from grasslands will be
valued variously by different stakeholders, in which local

stakeholders may tend to value productive services and
specific ecosystem services such as hydrological services,
while international valuations may apply to niche products
or for biodiversity conservation services [5]. However, there
are usually trade-offs between the different ecosystem ser-
vices targeted [9]. Restoration of converted grasslands may
improve ecosystem services functioning [10, 11], in some cases
to levels comparable with nondegraded grasslands, but may
not be able to fully restore ecosystem service provision to that
of natural grassland [10, 12].

Change in vegetation cover at landscape scale has poten-
tial to influence regional climate [13], which may be larger
than the effects of global climate change [5]. Variousmethods
of improved grassland management can sequester carbon
in soils [14] and in below- and aboveground biomass [15].
Compared to other mitigation options, grassland mitiga-
tion is cost-competitive [16, 17]. Climate change mitigation
services in grasslands may provide an entry point to the
valuation of grasslands for their conservation and restoration.
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Globally, grazing land management has been estimated
to have a technical mitigation potential of 1.5 Gt CO

2
eq

p.a. to 2030 [5]. Degraded grasslands may have significant
potential for carbon sequestration [18], through protection
and restoration of grasslands. Unfortunately, data on the
restoration potential of degraded grassland is not available.
Systematic documentation and analysis of costs of protecting
and restoring grasslands are still limited [5].

More analysis and evidences are crucially required to
provide a definite answer as to the forcing and response
of grassland degradation and restoration to climate change
and its potential of climate mitigation benefits. Here, we
explored in detail the dynamics of grassland degradation and
restoration and its relationships with climate mitigation in
the TRSR. Specifically, we ask the following questions: (1)
how to analyze the dynamics of grassland degradation and
restoration under the climate change? (2)Whether ecological
restoration could be effective in reversing the decline of
ecosystem carbon mitigation service? (3) Will a focus on the
ecosystem service enable providing a mechanism for their
potential climate benefit?

2. Methods

2.1. Study Area. The TRSR (Figure 1), covering 0.36mil-
lion km2, is located in the northeast of the Tibetan Plateau.
It is the source region of the Yangtze River, the Yellow River,
and the Mekong River and also one of the most important
biodiversity hotspots in China. Glaciers, permafrost, and
snows are widespread here owing to its average altitude of
above 4,000 meters and annual temperature of −5.6∼ −3.8∘C.
It is also regarded as a gene bank of 2,238 rare species of
vascular plateau plants and suitable habitat formore than 400
endangered animal species. Nearly 600 million people who
live downstream depend on the proper functioning of the
rivers in this region for their livelihood. About 0.6million
people live in the region, in which 68.15% are herders. The
Sanjiangyuan National Nature Reserve (SNNR) located in
TRSR is the highest and most extensive wetland protected
area in the world and has an area of 0.15million km2, which
could be divided to 6 subareas and consists of 18 conservation
areas. Since 2005, $7.5 billion yuan (US $924.79million) was
provided by Chinese government to conserve and restore
the ecological environment in SNNR, with a focus on alpine
swamp meadow and natural habitat of the unique wildlife.

2.2. Grassland Vegetation Coverage. Vegetation coverage is
one of the most important indicators to measure the status
of land surface vegetation, and its changes reflected the
growing conditions of the vegetation. In this paper, the semi-
monthly 1 km NOAA-AVHRR (1990–2000) and 1 km SPOT-
VGT (1998–2012 years) were collected as the data source.
We produced the annual maximum NDVI values through
maximum value composite (MVC). The linear regression
analysis and correlation analysis were processed in overlap
years (1998–2000) of AVHRR and VGT by pixel average, and
linear regression relationships between AVHRR and VGT
data for the three years were established. The AVHRR data
were corrected grid by grid applying these relationships.

And then we applied 1 km NDVI data products to calculate
and analyze annual average maximum vegetation coverage
in the periods before (1990–2004) and after (2004–2012)
the implementation of ecological conservation program in
TRSR, to show the vegetation growing recovery and/or
deterioration.

To illustrate the potential of vegetation growing in this
area, we have produced the vegetation coverage distribution
map of healthy grass ecosystem, which was extracted from
average coverage of typical grass lawn in same zonal groups
according to the type of “Qinghai Grassland Survey.” We
considered that the healthy vegetation coveragewith the same
grassland type is future recovery goals that we could achieve.

2.3. Grassland Degradation and Restoration. The remote
sensing classification system of grassland degradation in
TRSR, according to the principles and characteristics of
remote sensing image interpretation, and based on a Chinese
national standard “the grading index of natural grassland
degradation, desertification, salt marshes (GB19377-20031),”
was applied to interpret the trends of grassland degradation
by remote sensing. The main data sources were MSS in
the 1970s, TM in 1990, and TM/ETM in 2004. Images
were acquired concentrating on July and August. And false
color composition, geometric correction, images mosaic,
and segmentation were processed. The outline of grassland
degradation type was delimited by comparison of images
in different time periods, with the references from the
former. By visual interpretation, we produced the grassland
degradation conditions and trends in the periods of 1970s–
1990 and 1990–2004 in TRSR.

In order to reflect the changing trend of grassland ecosys-
temsmore accurately, especially improved and restored grass-
land, we developed the change trend classification system
of degraded grassland, based on the status of grassland
degradation. Based on the remote sensing interpretation
map of grassland degradation in the periods of 1990–2004,
we produced change situation map of degraded grassland
ecosystem from 2004 to 2012, by comparing TM or ETM
remote sensing images in 2004 and 2012, which consists
of new occurring degradation, intensified degradation, non-
change, slight restoration, and substantial slight restoration.
According to the change information of degraded grassland,
we determined the growth variation of grassland vegetation.

2.4. Climate Change Factors Analysis. The TRSR has few
national and local stations with weather records spanning
1960s to present. For the long-term meteorological station,
we obtained daily data sets of thirteen national stations,
including daily maximum andminimum air temperature, air
pressure, daily total water equivalent precipitation, relative
humidity, snow depth, and evaporation from China Mete-
orological Bureau. The temperature and rainfall data sets
of well-distributed sites were interpolated by the software
ANUSPLIN, which considered the impacts of terrain factors
and was suitable for long-term observed data.

The moisture index equals the ratio of annual pre-
cipitation and annual potential evapotranspiration (PET).
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Figure 1: Distribution map showing the location of the TRSR.

For each meteorological station, we estimated annual poten-
tial evapotranspiration and moisture index using ground
meteorological measurement and DEM as input data, apply-
ing improved Penman-Monteith andThornthwaite moisture
index to fusion processes and then to estimatedwater balance
of this region for each year. The improved Penman-Monteith
recommended by FAO in 1998 presented the PET and
Thornthwaite moisture index as follows:

𝐼
𝑚
= 100 (

𝑃

𝐸𝑇
0

− 1) ,

𝐸𝑇
0
=
0.408Δ (𝑅

𝑛
− 𝐺) + 𝛾 (900/ (𝑇 + 273)) 𝑈

2
(𝑒
𝑠
− 𝑒
𝑎
)

Δ + 𝛾 (1 + 0.34𝑈
2
)

.

(1)

In (1),𝐸𝑇
0
is the potential evapotranspiration (mmday−1),

𝑅
𝑛
is canopy net radiation (MJm−2 day−1), 𝐺 is soil heat

fluxes (MJm−2 day−1), 𝑇 is the air temperature at 2m height
(∘C), 𝑈

2
is the wind velocity at 2m height (m s−1), 𝑒

𝑠
and

𝑒
𝑎
are saturation vapor pressure and actual water vapor

pressure, respectively (kPa), Δ is curve slope of saturation
vapor pressure (kPa ∘C−1), and 𝛾 is constant of psychro-
meter (kPa ∘C−1).

2.5. Carbon Density Change. The conversion of grassland
to arable land causes significant emissions of carbon to the
atmosphere. For restoration and improved management of
grasslands, Table 1 gives some local estimates of mitigation
potential per unit area, which was meta-analyzed from other
published references [19–25].

3. Results

3.1. Climate Change in Three River’s Source Region during
1990–2012. In the periods of 1975–2012, the average annual
temperature of meteorological stations in the TRSR was
−0.34∘C; the average annual temperature change rate was
approximately 0.48∘C/10a (Figure 2). During 1990–2004, the
average annual temperature was −0.14∘C, with the change
rate of about 1.38∘C/10a. During 2004–2012, the annual
average temperaturewas 0.48∘C,with the change rate of about
0.19∘C/10a. Comparing it before and after 2004, the average
temperature increased by 0.62∘C, but the warming rate is
significantly reduced. In the source region of the Yangtze
River, the average annual temperature of six meteorological
stations from 1975 to 2012 was −1.37∘C, and it increased
by 0.72∘C comparing the period of 2004–2012 with 1990–
2004. In the source region of the Yellow River, the average
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Table 1: Carbon density change summarized by restored or degraded grasslands.

Types Carbon density (gC/m2/year)
AGB BGB SOC in 0∼40 cm

Typical grassland 159.219 990.108 20035.5
Slight grassland degradation 84.533 836.748 16760.0
Middle grassland degradation 79.398 730.600 16145.0
Obvious grassland degradation 36.302 201.672 14360.0
Severe grassland degradation 25.916 50.056 12946.0

0.5

1.5

19
75

19
78

19
81

19
84

19
87

19
90

19
93

19
96

19
99

20
02

20
05

20
08

20
11

−0.5

−1.5

−2.5

Te
m

pe
ra

tu
re

 (∘
C)

(a)

400

450

500

550

600

19
75

19
78

19
81

19
84

19
87

19
90

19
93

19
96

19
99

20
02

20
05

20
08

20
11

Pr
ec

ip
ita

tio
n 

(m
m

)

(b)

Figure 2: The trends of annual average temperature and annual precipitation in 1975–2012.

annual temperature of fourmeteorological stations from 1975
to 2012 was −0.34∘C, and it increased by 0.41∘C comparing
the period of 2004–2012 with 1990–2004. In the source
region of the Lancang River, the average annual temperature
of two meteorological stations from 1975 to 2012 was 2.73∘C,
and it increased by 0.72∘C comparing the period of 2004–
2012with 1990–2004. Before 2004 (Figure 3), the temperature
change rates in central and southwestern of TRSR were
higher than other regions, and they decreased gradually
from south to north. The average altitude of average annual
temperature greater than 0∘C was 3646m. After 2004, the
temperature change in central TRSR was more significant,
and the trend was slightly lower in the Northern region. The
average altitude of average annual temperature greater than
0∘C was 3968m, reflecting the warming process resulting
from the rises of altitude line of average annual temperature
greater than 0∘C.

During 1975–2012, the average annual precipitation of
meteorological stations in the TRSR was 481.83mm, and
variation trend was 9.9mm/10a (Figure 2). During 1990–
2004, the average annual precipitation was 463.56mm, with
trend of about 7.02mm/10a. During 2004–2012, the average
annual precipitation was 518.66mm, with the trend of about
68.44mm/10a. Comparing it before and after 2004, annual
precipitation increased by 55.10mm, and increasing trend
is more pronounced. In the source region of the Yangtze
River, the average annual precipitation of six meteorological
stations from 1975 to 2012 was 461.66mm, and it increased
by 64.17mm comparing the period of 2004–2012 with 1990–
2004. In the source region of the Yellow River, the average
annual precipitation of four meteorological stations from

1975 to 2012 was 481.78mm, and it increased by 57.63mm
comparing the period of 2004–2012 with 1990–2004. In
the source region of the Lancang River, the average annual
precipitation of twometeorological stations from 1975 to 2012
was 542.48mm, and it increased by 22.84mm comparing
the period of 2004–2012 with 1990–2004. The western and
southwestern region of TRSR showed larger increased pre-
cipitation; however, the change rate of annual precipitation
was increased less in eastern and gradually in central TRSR
(Figure 3).

During 1975–2012, the average annual humidity index in
TRSR was −57, with ranges between −86 and −12 (Figure 3).
Comparing it during 1990–2004 with 2004–2012, average
annual humidity index was increased by about 3.75, from
−57 to −53. Before 2004, humidity index presented a weak
decreasing trend, especially in southeastern part. Since 2004,
it began an upward trend especially in central regions, but
with more significant downward trend in the southern.
In the periods of 1975–2012, the average annual humidity
index decreased from the southeast to the northwest region.
High values of humidity index were mainly distributed in
area with relatively lower temperature and potential evapo-
transpiration and higher rainfall, such as higher mountains
in the southeastern and southern part. Low values were
mainly distributed in the area of lower temperature, potential
evapotranspiration, and annual precipitation, such as alpine
steppe and desert areas in northwestern part.

3.2. Grassland Degradation and Restoration over the Past 40
Years. The spatial distribution pattern of degraded grassland
in three rivers source region has been basically formed
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Figure 3: The map of temperature, precipitation, and humidity index during 1975–2012.

in 1970s, and the grassland degradation processes con-
tinued to occur from the late 1970s to 2004 (Figure 4).
During 1970s∼1990, area of grassland degradation was
76444.9 km2, accounting for 32.83% of the region’s grassland
area. From 1990 to 2004, area of grassland degradation was
84102.66 km2, accounting for 36.12% of the region’s grass-
lands. Comparing the area of grassland degradation before
and after 2004, it was increased by 3.87%. From the degree
of degradation (Table 2), the grassland degradation in TRSR
showed mainly the light and moderate degradation, with
severe degradation occurring only in local area. The slightly
degraded grassland accounts for 22.88% of the region’s total
grassland area in 1970s∼1990, and it rose to 23.93% from 1990
to 2004, an increase of 1.05%. In the late 1970s to 1990, the
moderately degraded grassland accounted for 9.5% of the
total grassland, while it rose to 11.74% from 1990 to 2004, an
increase of 2.24%.

From 2004 to 2012, the original patches of grassland
degradation in the TRSR showed varying degrees of restora-
tion, and the grass situation even improved in some areas.The
area of nonchange degradation was 60213.5 km2, account-
ing for 68.52% of the total degraded grassland. Improved
grassland was 22927.5 km2, accounting for 31.02% of the total

degraded grassland. Among the improved grassland, light
improvement of degraded grassland accounted for 24.85%
of the total degraded grassland, and obvious improve-
ment accounted for 6.17%. The area of intensified degraded
grassland was 297.5 km2, accounting for 0.34% of the total
degraded grassland. The new occurrence of degraded grass-
land was 105.9 km2. Compared with the early 1990s to 2004,
the light, moderate, and severe degraded grassland areas were
significantly reduced, especially the moderately degraded
grassland which decreased by 5.35%, while the light and
severe grassland declined by only 0.33% and 0.09%.

The area of improved grassland in the source region
of Yellow River, Yangtze River, and Lancang River were
9145.91 km2, 10750.49 km2, and 1409.68 km2, accounting for
42.93%, 50.46%, and 6.62% of the total improved grassland
in TRSR, respectively (Table 3).The grassland degradation in
the source region of Yangtze River was more obvious than
the Yellow River and the Lancang River, in which intensified
grasslanddegradationwas 206.75 km2, accounting for 69.85%
of intensified degradation in TRSR. And the new occurring
degradation in the Yangtze River was 86.34 km2, accounting
for 86.28% of the total new occurring in TRSR.
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Figure 4: The map of grassland degradation during 1990–2004 and 2004–2012 in TRSR.

Table 2: The area of grassland degradation and its proportion accounted in total grassland in TRSR.

Type 1970s∼1990 1990∼2004 2004∼2012
Area (km2) Proportion (%) Area (km2) Proportion (%) Area (km2) Proportion (%)

Light degradation 53283.17 22.88 55724.05 23.93 54948.62 23.60
Moderate degradation 22122.16 9.50 27347.79 11.74 14874.46 6.39
Severe degradation 1039.57 0.45 1030.82 0.44 809.95 0.35
Restoration 674.65 0.29 61.59 0.03 273.49

Table 3: The statistics of grassland degradation/restoration for TRSR (unit: km2).

Type The source region of Total
Yellow River Yangtze River Lancang River

New occurring degradation 19.56 86.34 0 105.9
Intensified degradation 79.16 206.75 11.59 297.5
Non-change 20469.42 30760.46 8983.62 60213.5
Slight restoration 6610.18 8763.27 1304.94 16678.39
Substantial restoration 2535.73 1987.22 104.74 4627.69
Marsh restoration 728.13 819.33 73.91 1621.37

3.3. Grassland Vegetation Coverage Change over the Past 40
Years. Comparing it before and after 2004, the grassland
vegetation coverage showed significant increase in TRSR.The
area of slightly improved vegetation coverage accounted for
67.62% of total grassland (Table 4) and obvious improvement
accounted for 4.58%, while the decreased vegetation coverage
only accounted for 3.84%. From the spatial distribution after
2004, obvious improved grassland vegetation coverage was

mainly concentrated in theNorthXinghai County andMadoi
County (Figure 5), which showed increasing rate of more
than 10% in vegetation coverage and could be contributed to
ecological protection and construction projects since 2005.

Although the vegetation coverage of TRSR has improved
significantly, but comparing it with healthy grassland vegeta-
tion coverage, the gap is large (Figure 2, Table 5). Comparing
current grassland vegetation coveragewith healthy vegetation
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Table 4: The change of vegetation coverage before and after 2004.

Classification of vegetation
coverage

The change of vegetation coverage
before and after 2004

Area (km2) Proportion (%)
Obvious degradation
(<−10%) 338 0.12

Slight degradation
(−10%–−2%) 10468 3.72

Nonchange
(−2%–2%) 67355 23.96

Slight restoration
(2%–10%) 190061 67.62

Substantial restoration
(>10%) 12868 4.58

cover with the same grass type, 46.11% of the area still needs
to further restore vegetation cover, mainly distributed in the
source region of the Yellow River and the Yangtze River.

3.4. Climate ChangeMitigation Potential of Grassland Restora-
tion. From 1990 to 2004, the grassland degradation caused
significant emissions of carbon to the atmosphere, which is
estimated to cause an average loss of 6.466MtC, 16.423MtC,
and 294.464MtC from above- and belowground biomass
and soil carbon pools, the main carbon pool in grassland
ecosystem in TRSR (Table 6), in which slight degradation
results in large portion of carbon losses and accounts for
64.37%, 52.04%, and 61.99% of the total loss from above-
and belowground biomass and soil carbon pools, respec-
tively. However, grassland restoration in the periods only
sequestered 0.346MtC.

From 2004 to 2012, the grassland degradation caused
relatively lower emissions of carbon to the atmosphere
compared to that before 2004, which is estimated to cause
losses of 5.363MtC, 12.78MtC, and 241.087MtC from above-

Table 5: The gap between current vegetation coverage and healthy
grassland.

Classification of the
gap Area (km2) Proportion account in total

grassland of TRSR (%)
0∼10% 31595 11.24
10∼20% 37805 13.45
20∼30% 25914 9.22
30∼40% 16904 6.01
>40% 17355 6.17
Total 129573 46.11

and belowground biomass and soil carbon pools in TRSR
(Table 6), in which slight degradation results in carbon losses
accounting for 76.52%, 65.94%, and 74.66% of the total loss
from above- and belowground biomass and soil carbon pools,
respectively. In addition, grassland restoration in the periods
sequestered 1.537MtC, 4.4 times more than that before 2004.

Various methods of grassland restoration and/or
improved management can sequester carbon in soils and
in below- and aboveground biomass. For restored and
improved grasslands, we give some estimates of mitigation
potential per unit area under the scenario of grassland
restoring to healthy status. The estimates presented are
subject to a range of assumptions and uncertainties.
The restoration of degraded grasslands to their healthy
status has been estimated to be a technical mitigation
potential of 515.074MtC (167.53 gC/m2/year), 44.568MtC
(344.01 gC/m2/year), and 21.705MtC (3975.65 gC/m2/year)
in soils, and in below- and aboveground biomass.

Figure 6 shows the overlay of grasslands with areas in
which there estimated to be a gap between current carbon
stocks and their biophysical potential. It is an indicator of
potential to sequester additional carbon. The map indicates,
for example, areas in the source region of Yellow River and
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Table 6: Carbon sequestration summarized by types of restored or degraded grasslands.

Types 1990–2004 (MtC) 2004–2012 (MtC)
AGB BGB SOC in 0∼40 cm AGB BGB SOC in 0∼40 cm

Slight degradation −4.162 −8.546 −182.524 −4.104 −8.427 −179.984
Middle degradation −2.183 −7.097 −106.397 −1.187 −3.860 −57.869
Substantial degradation −0.127 −0.813 −5.850 −0.100 −0.639 −4.597
Restoration 0.006 0.033 0.307 0.028 0.146 1.363
Total −6.466 −16.423 −294.464 −5.363 −12.78 −241.087
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Figure 6: The carbon potential of AGB, BGB, and SOC in depth of 40 cm by grassland restoration to healthy status.

Yangtze River with relatively high carbon gaps. In particular
the source region of Yellow River is a region with a significant
carbon sequestration potential. In this area, the government
is already supporting policies such as restoring grassland
from grazing, area enclosure programmes, and intensive feed
production systems to reduce degradation pressure which
restore carbon and close the carbon gap.

4. Discussion and Conclusions

Climate change could impact ecosystems positively in wet-
ter regions and negatively in drier ones. Annual average
temperature in TRSR during 2004–2012 increased by 1.29∘C

compared with that in 1975–2004. The increasing rate of
annual temperature in TRSR was 0.49∘C 10 yr−1 and 0.58∘C
10 yr−1 during 1975–2004 and 1975–2012, respectively, which
illustrates rapid warming over recent years. Warm and wet
climatic conditions promote vegetation growth and increase
forage yield in TRSR. Average annual precipitation in 2005–
2012 increased by 61mm compared with that during 1975–
2004. The change rate of annual precipitation was −4.6mm
10 yr−1 and 10.2mm 10 yr−1 during 1975–2004 and 1975–2012,
respectively, which shows a clear rise in recent years.

Global environmental change, including climate change,
spread of invasive species, and increased pollution, could
strongly affect the ability to restore ecosystems. One response
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would be to determine how restoration might be used to
increase resilience of biodiversity and ecosystem services to
global change [26]. Recent progress in understanding the
resilience of coupled social-ecological systems [27] provides
a basis for understanding how this might be achieved in
practice. Further research should identify thresholds beyond
which ecological recovery might be slow or impossible and
should suggest how changes in human behavior can be
achieved to address the causes of ecological degradation [3].

The impacts of climate changes on biological systems
are manifested as shifts in phenology and physiology, the
composition of and interactions within communities, the
range and distribution of species, morphology, net primary
productivity, and the structure and dynamics of ecosys-
tems [28]. Ecological responses to recent climate change
are already clearly visible by altering their phenology and
geographical distributions [29] and changes even greater for
the 21st century [30]. Climate change also poses a grave threat
to biodiversity by exacerbating existing threats from land-
use change, fragmentation, and environmental degradation
[31]. Assessments of climate change impacts on biodiversity
have often used bioclimatic envelope models [32], to forecast
continental-wide impacts of climate change on large num-
bers of species [33]. However, the complexity of ecological
interactions renders it difficult to extrapolate from studies of
individuals and populations to the community or ecosystem
level. As a result of the widespread loss and fragmentation of
habitats, many areas may become climatically unsuitable for
many species [28]. It has been brought into a sharper focus
by the increasing threats to protected areas through climate
change and debate about whether protected areas remain
relevant in periods of rapid biophysical and social change
[34].

Studies have occasionally examined impacts of climate
change on conservation areas. Ecosystem projected to be
primarily affected by climate change may require adapted
measures, compared to that negatively affected by land-use
change that could persist through protection of their remain-
ing natural habitat [34].The characteristics of protected areas,
where planning has to be done decades in advance [35],
need to be reviewed under climate change to minimize the
effects of climate change as well as for climate refuges of
biodiversity [36]. Enhanced conservation efforts will play a
critical role in efforts to reduce the impacts of climate change
on biodiversity and ecosystem services [37]. It is becoming
evident that in addition to providing sustainablemanagement
of habitats and ecosystems, effective conservation strategies
need to mitigate impacts of climate change [32].

Although the use of ecosystem servicemarkets to support
restoration has been questioned in terms of the ability
of restoration to deliver specified services [38], it is also
appropriate to ask whether payment for ecosystem services
(PES) can help achieve restoration goals, such as the con-
vention on biological diversity (CBD) targets. PES might
focus restoration activities on a limited set of services,
such as carbon sequestration [39], whereas other services or
biodiversity is neglected. This could be a particular problem
when international markets are brought into play, which
might override local concerns. The desired link between

reversing environmental degradation and alleviating poverty
might also be undermined by an excessive reliance onmarket
forces, as poor people do not always benefit from PES [10].
For restoration to contribute both to sustainable development
and the alleviation of poverty, it is essential that such financial
flows compensate landholders adequately for any costs of
restoration and provide an effective incentive to initiate
restoration actions. Identifying how this might be achieved,
based on understanding of the potential distribution of
benefits among different stakeholders and the conflicts that
could arise, represents a major challenge to future restoration
research and practice [3].

Variousmethods of improved grasslandmanagement can
sequester carbon [14, 15]. However, the global analysis in
particular for some regions has a high level of uncertainty.
Primary among these uncertainties are the costs at which
carbon sequestration is economically viable. Several studies
suggest that compared to other mitigation options, grassland
mitigation is cost-competitive [16, 17], but further work
is needed to validate this. There are several types of cost
to consider regarding any change in management practice,
including initial investment costs, annual operating costs,
and opportunity costs of income foregone by undertaking
the activities needed for avoiding conversion of or improving
management of grasslands [40]. While degraded grasslands
may have significant potential for carbon sequestration,
initial costs of restoration and the delayed return before
grasslands recover their productivity imply that costs will not
in all cases be low [18].
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There is a critical need to monitor and predict terrestrial primary production, the key indicator of ecosystem functioning, in a
changing global environment. Here we provide a brief review of three major approaches to monitoring and predicting terrestrial
primary production: (1) ground-based field measurements, (2) satellite-based observations, and (3) process-based ecosystem
modelling. Much uncertainty exists in the multi-approach estimations of terrestrial gross primary production (GPP) and net
primary production (NPP). To improve the capacity of model simulation and prediction, it is essential to evaluate ecosystem
models against ground and satellite-based measurements and observations. As a case, we have shown the performance of the
dynamic land ecosystem model (DLEM) at various scales from site to region to global. We also discuss how terrestrial primary
production might respond to climate change and increasing atmospheric CO

2
and uncertainties associated with model and data.

Further progress in monitoring and predicting terrestrial primary production requires a multiscale synthesis of observations and
model simulations. In the Anthropocene era in which human activity has indeed changed the Earth’s biosphere, therefore, it is
essential to incorporate the socioeconomic component into terrestrial ecosystem models for accurately estimating and predicting
terrestrial primary production in a changing global environment.

1. Introduction

Terrestrial net primary production (NPP) refers to the net
amount of carbon captured by plants through photosynthesis
per unit time over a given period and is a key component
of energy and mass transformation in terrestrial ecosys-
tems. NPP represents the net carbon retained by terrestrial
ecosystems after assimilation through photosynthesis (gross
primary production (GPP)) and losses due to autotrophic
respiration [1]. NPP is of fundamental importance to humans
because the largest portion of our food supply comes from
terrestrial NPP [2]. Additionally, NPP is an important indi-
cator of ecosystem health and services [3–5] and a critical

component of the global carbon cycle [6, 7] that provides
linkage between terrestrial biota and the atmosphere [8].
Research into terrestrial GPP andNPP, especially at a regional
and global scale, has attracted much attention [3, 4, 9–11].
This is because they measure the transfer of energy to the
biosphere and terrestrial CO

2
assimilation andprovide a basis

for assessing the status of a wide range of ecological processes
[12].

NPP is an important ecological variable for evaluating
trends in biospheric behavior [13] and investigating the
patterns of food, fiber, and wood production [4] across broad
temporal and spatial scales. Accurate estimations of global
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NPP can improve our understanding of the feedbacks among
the atmosphere-vegetation-soil interface in the context of
global change [14] and facilitate climate policy decisions.
Previous studies based on inventory analysis, empirical
and process models, and remote sensing approaches have
estimated global NPP in the range of 39.9–80 PgC yr−1 [3,
15–17]. In a recent meta-analysis study, Ito [18] reported
a global terrestrial NPP of 56.4 PgC yr−1. However, there
is large uncertainty (±8-9 PgC yr−1) in the estimation of
global terrestrial NPP in recent years (2000–2010) mak-
ing it difficult to evaluate the transfer of energy and the
status of ecological processes [18]. These uncertainties are
associated with sensitivity analysis and bias introduced by
gap filling of satellite data. In addition, remote-sensing
algorithm does not accurately account for environmental
stresses such as rooting depth especially in dry areas where
plants use deep roots to access and sustain water availability
[19].

At a global scale, multiple environmental factors includ-
ing climate, topography, soils, plant and microbial character-
istics, and anthropogenic and natural disturbances control
the timing and magnitude of terrestrial NPP [20]; however,
the relative contributions of these environmental factors
toward global NPP varies over time and space. Globally,
climate change including changes in temperature and pre-
cipitation had a relatively small-scale positive impact on
NPP during the period 1982–1999 [13]. However, during
the last decade (2000–2009), the effect of climate on global
NPP has been a subject of debate. Zhao and Running [6]
reported that warming-related increases in water stress and
autotrophic respiration in the Southern Hemisphere resulted
in an overall decline in global NPP, whereas Potter et al.
[21] found an increasing trend in global NPP due to rapidly
warming temperatures in the Northern Hemisphere during
the period 2000–2009. While climatic variables such as
solar radiation, temperature, and precipitation have been
recognized as a key factor controlling the terrestrial NPP
[6, 21], other environmental factors such as elevated CO

2
,

nitrogen deposition, and ozone exposure are also equally
important in controlling the timing and magnitude of ter-
restrial NPP [22]. Additionally, natural and anthropogenic
factors such as hurricanes, fires, logging, land cover and
land use change, and insect damage also have a significant
effect on terrestrial NPP [23–26]. Accurately quantifying the
effect of different environmental drivers including climate
on global terrestrial NPP requires an understanding of the
controlling physiological and ecological processes that deter-
mine the timing and magnitude of terrestrial carbon uptake
[27, 28].

Because there is substantial uncertainty in our knowledge
of the environmental factors that control the magnitude
of terrestrial NPP, continuous monitoring of global ter-
restrial NPP is critical for evaluating trends in biospheric
behavior [13], investigating large-scale patterns in food and
fiber production [4], and understanding the potential of
terrestrial ecosystems for carbon sequestration from the
atmosphere. Terrestrial NPP is identified as a primary
monitoring variable by a number of studies [4, 29] and

interested organizations (the Environmental Sustainability
Index; http://www.ciesin.columbia.edu/indicators/ESI/ and
the National Research Council Report; http://www.nap.edu/
bookds/0309068452/html/); however, continuous and con-
sistent measurement of global terrestrial NPP that integrates
ecosystem processes across broad temporal and spatial scales
[30] has not been possible. Although regular monitoring of
global terrestrial NPP has been feasible using imagery and
the satellite-borne Moderate Resolution Imaging Spectrora-
diometer (MODIS) sensor, such approaches are limited by
their coarse resolution and difficulty in convergingwith other
high resolution datasets and process-based models [14, 31,
32].

Although several approaches have been used to monitor
terrestrial primary production over the past two-decades
ranging from site-level observations [33–35] to large-scale
remote sensing [6, 13] and process-based modeling [3, 36–
38], or a combination of site-level observations, remote
sensing techniques, and/or process-based models [8, 9, 39],
these approaches are associated with significant uncertainties
where inconsistent estimates of terrestrial NPP are observed
in response to global change [40–42]. A wide range of uncer-
tainty comes from upscaling site- or stand-level primary
production to a regional and global scale [14, 43], structural
differences among models that are susceptible to forcing-
data and parameter values constrained by observations [44,
45], and limitations in the parameterization of light use
efficiency [31] and photosynthetically active radiation [31,
46]. Similarly, terrestrial primary production is not directly
estimated from the remote sensing measurements but is
modeled as a function of leaf area index and fraction of
photosynthetic active radiation (fPAR) or greenness index.
These indexes used to estimate terrestrial NPP are contam-
inated by atmospheric particles that would send misleading
signals to satellite sensors [47]. Additionally, process-based
models integrate the understanding of ecological and phys-
iological processes obtained from field measurements and
are particularly important to characterize the response of
terrestrial ecosystems to different environmental stressor [23,
48]. It is, therefore, essential to integrate site-level, remote-
sensing, and process-based modeling approach to accurately
monitor and predict terrestrial primary production across
broad temporal and spatial scales.

A variety of reviews have addressed various aspects
of NPP [18, 49, 50]; however, none have comprehensively
reviewed the existing approaches and associated uncertain-
ties as well as future needs. Therefore, the purpose of this
review is to (1) summarize the general approaches to estimate
GPP and NPP at multiple scales; (2) review major environ-
mental factors controlling the magnitude and timing of GPP
and NPP; (3) identify uncertainties associated with large-
scale GPP and NPP estimations; (4) recognize knowledge
gaps with possible future direction under changing environ-
mental conditions. Generally, three approaches have been
used to estimate gross andnet primary productivity in the ter-
restrial ecosystems: (1) ground-based monitoring including
biomass inventory [35] and eddy covariance measurement
[9]; (2) remote sensing-based observation [6]; (3) spatially
explicit ecosystem modeling [51]. Here, we provide a brief
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review of these approaches with an emphasis on satellite-
based observation and terrestrial ecosystem modeling.

2. Ground-Based Monitoring of Terrestrial
Primary Production

Ground-based monitoring of terrestrial primary production
provides a basis for accurately estimating global NPP because
it provides direct measurement of terrestrial primary pro-
duction for scaling up from site to global level as well as
calibrating and validating both satellite- and model-based
approaches. Ground-based measurements of terrestrial pri-
mary production rely on two approaches: biomass and flux
measurements. Since the International Biological Program
(IBP, 1965–1974), a number of ecosystem surveys have been
carried out to measure terrestrial primary production across
the globe. Traditionally, terrestrial primary production esti-
mation, using biomassmeasurement was carried out through
periodic measurements of root, stem, leaf, and fruit growth.
Recent technological advances allow for ground-based mon-
itoring of terrestrial NPP using meteorological towers that
measures the instantaneous exchange of CO

2
(net ecosystem

exchange (NEE)) between the atmosphere and terrestrial
ecosystems. Terrestrial NPP is calculated indirectly by adding
heterotrophic respiration to NEE. Eddy covariance technique
[52] is employed worldwide across different biomes including
forest, cropland, grassland, and desert. Below, we provide
a brief overview of two most widely used ground-based
monitoring of terrestrial primary production: (a) biomass
inventory and (b) flux measurements using eddy covariance
technique.

2.1. Biomass Inventory. The biomass inventory data provide
valuable sources of information for estimation of biomass
and NPP in forest, cropland, and grassland at landscape
and regional scales [53, 54]. Since the early 1980s, regional
or national inventories, with a large number of statistically
valid plots, have been widely regarded as a powerful tool
for estimating forest and crop biomass at broad scales [55,
56]. Inventory-based method estimates forest biomass using
biomass expansion factor (BEF) that converts stem volume
to biomass to account for noncommercial components, that
is, branches, root, and leaves, and so forth [57–59]; however,
other studies have indicated that total stem volume varies
with forest age, site class, and stand density [60–63]. An
alternative approach to tree biomass estimation includes
the allometric equation, which can be converted to CO

2

equivalents by scaling [64]. Estimates of forest biomass
based on an allometric equation have been used widely to
examine the impacts of forest management [65], land-use
change [66], and increase in atmospheric CO

2
[67]. While

allometric equations are important for estimating forest
biomass and are used widely in growth and yield models
(e.g., Forest Vegetation Simulator), they fail in distinguishing
and quantifying the relative contribution of land cover and
land-use change and several environmental factors including
climate, elevated CO

2
, and air pollution on carbon uptake.

Recently, Houghton [68] has recognized that keeping land

cover and land use change exclusive of the environmental
change is critically important because it helps to separate
direct anthropogenic effects from indirect or natural effects
and lower the uncertainty of the land cover and land-use
change flux.

2.2. Flux Measurements Using Eddy Covariance Technique.
Eddy covariance technique estimates CO

2
exchange rate

between atmosphere and plant canopy by measuring the
covariance between fluctuation in vertical wind velocity and
CO
2
mixing ratio [69, 70]. Eddy covariance techniquemade it

possible to directly and continuously measure vertical turbu-
lent fluxes within atmospheric boundary layers on short and
long time scales (from 30min to year). At the ecosystem scale,
FLUXNET towers measure net ecosystem CO

2
exchange

(NEE), which is equal to GPP minus ecosystem respiration
[70] (i.e., the quantity of CO

2
respired by both autotrophs

(plants) and heterotrophs (primarily microbes)). Since the 19
s, there has been increasing interest in estimating net CO

2

exchange in terrestrial ecosystems based on eddy covariance
measurements [71]. The eddy covariance approach is capable
of detecting small changes in net CO

2
exchange between

terrestrial ecosystems and the atmosphere over various time
scales [69]. The international FLUXNET [52] has established
a network of FLUXNET towers on six of seven continents,
including a number of regional networks of eddy covariance
measurements (such as CarboeuropeIP, AmeriFlux, Fluxnet-
Canada, LBA, AsiaFlux, ChinaFlux, CarboAfrica, KoFlux,
TCOS-Siberia, and Afriflux). The flux data derived from
these networks provide unprecedented detailed information
to the broad community of scientists who need flux data to
test, calibrate, validate, and improve land surface schemes
in climate models, dynamic vegetation models, remote
sensing algorithms, hydrological models, and process-based
ecosystem models. Eddy flux measurement also provides a
unique tool for understanding eco-physiologicalmechanisms
and environmental controls of ecosystem carbon processes
in the context of global change. However, for the large-
scale estimation of terrestrial primary production, current
eddy covariance measurement sites are still too few and
unevenly distributed. The regional extrapolation of carbon-
storage capacity from a single field site to the whole study
area/region has been based on an assumption of homogeneity
in ecosystem functioning across this region, which brings
large uncertainties. For instance, Xiao et al. [9] found that
the upscaled eddy covariance terrestrial primary production
(GPP) for the conterminous US was 14% higher compared
to MODIS. The net carbon exchange between the biosphere
and the atmosphere at the regional scale, however, can be very
different from the product of a site-specific rate of exchange
and the area of the region because terrestrial ecosystems have
differential responses due to vegetation type, disturbance his-
tory, soil, and climate variables that vary over space and time
[72]. In addition to upscaling issues, complex topography and
unstable atmospheric condition can substantially alter the
carbon fluxes due to nighttime gravitational or drainage flows
[73], resulting in differences in carbon fluxes in the range
of 80–200% compared to measurements based on inventory
approach [74].
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3. Satellite-Based Monitoring of Terrestrial
Primary Production

Ground-based measurements of terrestrial primary produc-
tion are usually made at spatial scales in the range of less
than one to a few hundred square meters making it difficult
to estimate terrestrial primary production at a regional and
global scale. Additionally, ground-based measurements of
terrestrial NPP are constrained by topographic complexity
and other adverse environmental factors. Satellite-based
monitoring of terrestrial primary production is particularly
important over large areas where ground-based methods
(inventory and eddy covariance) are not feasible. Satellite-
based estimations provide a repeated, consistent measure-
ment of terrestrial primary production across broad temporal
and spatial scales. Below we provide a brief overview of
satellite-based monitoring of terrestrial primary production
with a focus on NASA’s Moderate-Resolution Imaging Spec-
troradiometer (MODIS).

Remote sensing based estimation of terrestrial primary
production has advanced tremendously over the past few
decades, and these datasets provide essential information
associated with emissions of CO

2
into the atmosphere at

regional, continental, and global scales. Because carbonfluxes
(GPP and NPP) are difficult to measure over larger areas due
to high spatial heterogeneity, satellite observations provide
consistent, spatially fine-scale estimates [75] and allow us to
monitor ecosystem patterns and activities at larger scales [6].
Since the pioneering work of Tucker et al. [76] on the corre-
lation between remote sensing-derived vegetation index (i.e.
the Normalized Difference Vegetation Index (NDVI)) and
photosynthetic activity, satellite remote sensing has become
a primary source of data on regional ecosystem patterns and
terrestrial primary production. Additionally, satellite based
observations have been coupledwithmathematicalmodels to
quantify the carbon fluxes across the globe. For instance, over
the last decades, production efficiency models (PEM) have
been developed based on available satellite data, to monitor
primary production and investigate the carbon cycle at large
scales [31, 77]. One of the most promising tools to track
changes in the productivity of terrestrial and marine ecosys-
tem is based on GPP/NPP products derived from NASA’s
Moderate-Resolution Imaging Spectroradiometer (MODIS),
a satellite-mounted instrument that collects surface spectral
signatures to quantify the changes in terrestrial primary
production over large areas. Below, we describe detail algo-
rithms on how MODIS keeps track of changes in primary
productivity over time to enhance our understanding on
how satellite observations are used to estimate terrestrial
productivity.

Detailed information onMOD17 algorithm is available in
the MOD17 AlgorithmTheoretical Basis Document (ATBD)
[78] or MOD17 user’s guide. Here we provide a simple
overview of MOD17. The MOD17 algorithm can be mainly
divided into two steps. First, we calculate daily GPP and
MODIS photosynthesis product (PSNnet). The daily GPP
is calculated as a function of conversion efficiency, incident
short wave radiation, and fraction of photosynthetically

active radiation. PSNnet is obtained after subtracting main-
tenance respiration from the daily GPP. Second, we calculate
annual NPP by summation of all 8-day PSNnet products after
subtractingmaintenance respiration of live wood and growth
respiration of whole plant. Below, we provide a detailed
description of the two steps.

The first step is calculation of daily GPP (gCm−2 d−1)
and PSNnet (gCm−2 d−1), where PSNnet is equal to GPP
minus maintenance respiration (MR) (gCm−2 d−1) of leaves
and fine roots, for each 8-day period. The standard global 8-
day compositeMOD17A2products are formedby summation
of these 8-day daily GPP and PSNnet with the first Julian
day of the 8-day period as MOD17A2 time information in 10
degree HDF-EOS file name. Daily GPP is calculated similar
to Heinsch et al [79] as follows:

GPP𝜀 × (SWrad × 0.45) × fPAR, (1)

where 𝜀 is the conversion efficiency (i.e., the amount of carbon
a specific biome can produce per unit of energy) and SWrad
(MJm−2 d−1) is the daily sum of incident solar short wave
radiation, which ismultiplied by 0.45 [80] to estimate fraction
of photosynthetically active radiation (fPAR; MJm−2 d−1).
SWrad is from the Data Assimilation Office (DAO) at NASA
Goddard Space Flight Center (GSFC) andwill be discussed in
detail later. fPAR is from MOD15A2, 8-day composite fPAR,
and LAI, which is based on the maximum fPAR value.

Daily 𝜀 (gCMJ−1) is calculated from maximum 𝜀 under
optimal conditions [79] when controlled by environmental
stresses (lower temperature and drought) and is calculated as
follows:

𝜀 = 𝜀max × 𝑓 (𝑇min) × 𝑓 (VPD) , (2)

where 𝜀max is the maximum biome-specific value under well-
watered conditions, 𝑇minis daily minimum temperature (∘C),
and VPD is daytime vapor pressure deficits (Pa). Linear
interpolation functions of 𝑓(𝑇min) and 𝑓(VPD) convert 𝑇min
and VPD to scalars ranging from 1 (optimal conditions) to
0 (extremely stressed conditions). Currently, 𝜀max is constant
for a given biome. For different days, 𝑇min, VPD, and
SWradare variable to weather conditions; hence, 𝜀 would
be strongly related to different weather situations and GPP
would change daily. For most ecosystems, the scalar of 𝑇min
controls photosynthesis during a relative short period at the
beginning and end of the growing season. Duringmost of the
growing season, the scalar of 𝑇min would be 1 due to higher
𝑇min and would exert no constraint on assimilation so VPD
and SWrad would be the two primary meteorological factors
governing daily GPP in the MOD17 algorithm.

Maintenance respiration (MR, gCm−2 d−1) by leaf and
root is exponentially related to daily average temperature
(𝑇avg,

∘C) as follows:

MR leaf =Leaf Mass× leaf mr base × 𝑄[(𝑇avg−20)/10]
10

MR root =Fine Root Mass ×froot mr base× 𝑄[(𝑇avg−20)/10]
10

,̂

(3)
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where Leaf Mass is retrieved from MOD15A2 LAI using
biome-specific specific leaf area (SLA). Fine Root Mass is
estimated from biome-specific constant ratios between leaf
and fine root. 𝑄

10
is a respiration quotient and is assigned to

be 2.0 across biomes. Leaf mr base and froot mr base are the
maintenance respiration of leaves and fine toots per unitmass
at 20∘C.

The second step is the calculation of annual NPP
(gCm−2 y−1) by summation of all 8-day composite PSNnet
and subtraction of MR of living wood and growth respiration
(GR, gCm−2 y−1) of whole-plant as follows:

NPP = ∑PSNnet − Livewood MR − Leaf GR

− Froot GR − Livewood GR − Deadwood GR,
(4)

where Livewood MR and Livewood GR are themaintenance
respiration and growth respiration of living wood, respec-
tively. Leaf GR, Froot GR, andDeadwood GRare the growth
respiration of leaves, fine roots, and dead wood, respectively.

The most significant assumption made in the MOD17
logic is that biome specific physiological parameters do not
vary with space or time. These parameters are outlined in
the Biome Properties Lookup Table (BPLUT). For each pixel,
biome types are translated from MOD12Q1 Land Cover into
MOD17 biomes. An initial evaluation of the MODIS 2001
GPP product wasmade by comparingMODISGPP estimates
with ground-based GPP estimates over 25 km2 areas at a
northern hardwoods forest site and a boreal forest site.

In addition to estimating NPP and vegetation patterns,
remote sensing-based observations provide input data (i.e.,
land cover maps, leaf area index, fPAR, etc.) to set bound-
ary conditions in the climate models, hydrological models,
and process-based ecosystem models [81]. While a remote
sensing based approach provides continuous and quantitative
observations about ecosystem changes at large scale, they
are subjected to large errors, if uncorrected. These errors
come from atmospheric contamination of the remote sensing
signal that interacts with ozone, water vapor, aerosols, and
other atmospheric constituents [82]. Additionally, atmo-
spheric haze and scattering from terrestrial surfaces can
severely reduce data consistency [83]. There is a need to
validate remote sensing based estimates of global primary
production against ground measurements on a landscape
and regional scale. On the other hand, remote sensing
based estimates of terrestrial NPP do not isolate the relative
contribution of different environmental and anthropogenic
factors. Therefore, a better understanding of terrestrial pri-
mary production requires integrating process-based models
with remote sensing approaches and validating the model
output with field-based measurements (biomass inventory
and eddy covariance measurement).

4. Process-Based Model
Simulation and Prediction

Terrestrial ecosystem models provide a powerful tool to
integrate our understanding on ecosystem processes and

measurements/observations at multiple scales to investigate
net primary production in response to multiple environ-
mental factors in the complicated world [38, 51, 84]. Since
the 1990s, there has been a dramatic increase in the use of
terrestrial ecosystemmodels to estimate theNPPof terrestrial
ecosystems at various spatial and temporal scales. Ecosystem
modeling has evolved from empirical modeling that usually
considers empirical correlation between ecosystem variables
and climate elements (such as temperature, precipitation,
and radiation) to process-based modeling, which is capable
of investigating multiple responses of ecosystem processes
to both environmental and anthropogenic factors at both
regional [51, 84, 85] and global scales [3, 48, 86]. Process-
based models play a central role in assessing and predicting
the primary productivity and carbon cycle of the terrestrial
biosphere in past, present, and future conditions [87]. Melillo
et al. [3] provide the first NPP estimation using a process-
based model (terrestrial ecosystem model (TEM)) at global
scale, with an emphasis on responses of terrestrial NPP to
climate and atmospheric CO

2
increase. Since then, an array

of ecosystemmodels have been developed and applied to esti-
mate NPP as influenced by multiple environmental factors,
including climate, atmospheric CO

2
, nitrogen availability,

natural disturbances, air pollution, land use, and land cover
change [84, 88, 89].

Modeling representation of photosynthesis and auto-
trophic respiration varies among terrestrial biosphere mod-
els. In process-based ecosystemmodels, a modified Farquhar
model is usually used to simulate gross primary production.
We take the dynamic land ecosystem model (DLEM, [51]) as
an example to address how GPP and NPP are represented
in modeling scheme. In DLEM, the canopy is divided into
sunlit and shaded layers. GPP (gCm−2 day−1) is calculated by
scaling leaf assimilation rates (𝜇mol CO

2
m−2 s−1) up to the

whole canopy:

GPPsun = 12.01 × 10
−6
× 𝐴 sun × Plaisun × day 1 × 3600

GPPshade = 12.01 × 10
−6
× 𝐴 shade × Plaishade × day 1 × 3600

GPP = GPPsun + GPPshade,

(5)

where GPPsun andGPPshade are gross primary productivity of
sunlit and shaded canopy, respectively; 𝐴 sun and 𝐴 shade are
assimilation rates of sunlit and shaded canopy; Plaisun and
Plaishade are the sunlit and shaded leaf area indices; day l is
daytime length (second) in a day. 12.01×10−6 is a constant to
change the unit from 𝜇mol CO

2
to gram C.

The DLEM determines the C assimilation rate (𝐴) as
the minimum of three limiting rates, 𝑤

𝑐
, 𝑤
𝑗
, 𝑤
𝑒
, which are

functions that represents the assimilation rates as limited
by the efficiency of the photosynthetic enzymes system
(Rubisco-limited), the amount of PAR captured by the leaf
chlorophyll (light-limited), and the capacity of the leaf to
export or utilize the products of photosynthesis (export-
limited) for C

3
species, respectively. For C

4
species, 𝑤

𝑒
refer

to the PEP carboxylase limited rate of carboxylation. The
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canopy sunlit and shaded carbon assimilation rate can be
estimated as

𝐴 = min (𝑤
𝑐
, 𝑤
𝑗
, 𝑤
𝑒
) × Indexgs

𝑤
𝑐
=

{{

{{

{

(𝑐
𝑖
− Γ
∗
) 𝑉max

𝑐
𝑖
+ 𝐾
𝑐
(1 + 𝑜

𝑖
/𝐾
𝑜
)

for C
3
plants

𝑉max for C
4
plants

𝑤
𝑗
=

{{

{{

{

(𝑐
𝑖
− Γ
∗
) 4.6𝜙𝛼

𝑐
𝑖
+ 2Γ
∗

for C
3
plants

4.6𝜙𝛼 for C
4
plants

𝑤
𝑒
=
{

{

{

0.5𝑉max for C
3
plants

4000𝑉max
𝑐
𝑖

𝑃atm
for C
4
plants,

(6)

where 𝑐
𝑖
is the internal leaf CO

2
concentration (Pa); 𝑜

𝑖
is the

O
2
concentration (Pa); Γ

∗
is the CO

2
compensation point

(Pa); 𝐾
𝑐
and 𝐾

𝑜
are the Michaelis-Menten constants for

CO
2
and O

2
, respectively; 𝛼 is the quantum efficiency; ø is

the absorbed photosynthetically active radiation (W⋅M−2);
Vmax is the maximum rate of carboxylation which varies
with temperature, foliage nitrogen concentration, and soil
moisture:

𝑉max = 𝑉max 25𝑎
(𝑇day−25)/10
Vmax 𝑓 (𝑁)𝑓 (𝑇day) 𝛽𝑡, (7)

where 𝑉max 25 is the value at 25 and 𝑎Vmax is a temperature
sensitivity parameter; 𝑓(𝑇day) is a function of temperature
related metabolic processes; 𝑓(𝑁) is nitrogen scalar of pho-
tosynthesis which is related to foliage nitrogen content. 𝛽

𝑡
is a

function, ranging from one to zero, which represents the soil
moisture and lower temperature effects on stomatal resistance
and photosynthesis.

The DLEM separates autotrophic respiration into main-
tenance respiration (Mr, unit: gCm−2 day−1) and growth
respiration (Gr, unit: gCm−2 day−1). Gr is calculated by
assuming that the fixed part of assimilated C will be used to
construct new tissue (for turnover or plant growth). During
these processes, 25% of assimilated C is supposed to be used
as growth respiration. Maintenance respiration is related to
surface temperature and biomass nitrogen content [51]. NPP
is thus calculated as

Gr = 0.25 × GPP

NPP = GPP −Mr − Gr.
(8)

Terrestrial ecosystem models are important tools for
synthesizing a huge quantity of data, analyzing and predicting
large-scale ecosystem processes, and providing a dynamic
constraint on uncertainties in a variety of issues related
to complex ecosystem processes, as well as heuristics clue
for empirical studies [90–92]. This process-based modelling
approach avoids many of the limitations of forest biomass
inventories, eddy covariancemeasurement, and inversemod-
elling by accounting for ecosystem processes and spatial
variations in environmental factors. Theoretically, the use of
the spatially explicit ecosystem modelling approach provides

us with the ability to determine the relative roles of climate,
CO
2
, land use and land cover change, air pollution, and

disturbances to changes in terrestrial primary production
and other carbon fluxes. However, this approach also has its
own limitations because of the uncertainties associated with
estimates of key model parameters as well as an incomplete
understanding of ecosystem processes [84, 93]. The accuracy
of process-based modeling on estimation of terrestrial pri-
mary production depends on comparison of simulated NPP
across broad temporal and spatial scales with observations
at a stand or landscape level (biomass inventory and eddy
covariance techniques) and with satellite based estimates at
a regional and global level.

5. Evaluating Process-Based Ecosystem Model
against Ground and Satellite Observations

Model validation is essential for establishing the credibility of
ecosystemmodels. Rastetter [92] divided various approaches
for validating a biogeochemical model into four categories:
(1) tests against short-term data; (2) space-for-time sub-
stitutions; (3) reconstruction of the past; (4) comparison
with other models. To evaluate the accuracy of simulated
terrestrial primary production, modeled GPP or NPP has
been validated against experimental and observational data
from field measurements and biomass inventory and also
evaluated against satellite-based estimates and though model
intercomparison. Here we use the DLEM model as a case
for demonstrating how we validate and evaluate ecosystem
models.

5.1. Evaluating against Flux Measurement Data. The DLEM-
simulated GPP was compared with the observational data
from the AmeriFlux towers in the Southeastern United
States. These sites include Duke Forest Hardwoods, Duke
Forest Loblolly Pine, Shidler Tallgrass Prairie site, and ARM-
SouthernGreat Plains (SGP) site.We extractedGPP fromour
regional simulation (8 km × 8 km resolution) for the specific
sites and compared that with eddy covariance estimates.
Our results show that DLEM-simulated GPP is in a good
agreement with eddy covariance based GPP for both forests
and grassland sites (Figures 1(a)–1(d)). Generally, the model
results fit well with observed GPP at Duke Hardwoods, Duke
Loblolly, and Shidler Tallgrass except ARM-Southern Great
Plain site. The ARM-Southern Great Plain site is a cropland
site where measurements were available for limited time
period when the vegetation is not in the most active growth
period resulting in poor performance of model prediction.

5.2. Evaluating against Stand and Regional Biomass Inventory
Data. The DLEM-simulated NPP was also compared to the
site observation data in the Southern United States (SUS).
We selected 138 measurements from the multibiome forest
NPP dataset published by theOak RidgeNational Laboratory
(ORNL) Distributed Active Archive Center. We extracted
simulated NPP from our regional simulation outputs (8 km ×

8 km per pixel) to match the geographic information of these
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Figure 1: Evaluation of DLEM-simulated GPP against eddy covariancemeasured daily GPP (gC/m2/day) at sites: (a) Duke Forest Hardwoods
(US-DK2, NC, USA, deciduous broadleaf forest) from 2003 to 2005; (b) Duke Forest Loblolly Pine (US-DK3, evergreen needleleaf forest)
from 2003 to 2005; (c) Shidler Tallgrass Prairie (US-shd, OK, USA, C4 grassland) from 1998 to 1999; (d) ARM SGPMain (US-arm, OK, USA,
cropland) from 2003 to 2006.

138 sites. There was a good agreement between the simulated
and measured aboveground NPP (Figure 2(a), slope = 1.09,
and 𝑅2 = 0.82).

For the purpose of regional validation, we compared
DLEM simulated crop NPP with survey reports based on
Huang et al. [94] at a national level across China. Our
DLEM simulated NPP matched well with Huang et al.’s
[94] observed NPP collected across 30 provinces in China
(Figure 2(b), slope = 0.96, 𝑅2 = 0.73). Additionally, we
compared the model simulated state-level vegetation carbon
of the southern ecosystem against the reported value based
on forest inventory dataset (http://www.fia.fs.fed.us/). The
comparisons (Figure 2(c)) showed that the vegetation carbon
simulated by DLEM matched well with the results derived
from the forest inventory database for year 1987 and 1997.

5.3. Evaluating against Satellite-Based Estimates. We evalu-
ated the temporal pattern of crop NPP in China during
the period 1982–2005 against the remote sensing dataset
(Figure 3). We particularly compared our simulated crop

NPP with results from the Global Production Efficiency
Model (GLO-PEM), which has a spatial resolution of 8
km and runs at a 10-day time step. GLO-PEM was driven
almost entirely by satellite-derived variables, including both
the Normalized Difference Vegetation Index (NDVI) and
meteorological variables [77, 95]. We overlaid the GLO-
PEM NPP images with the yearly cropland distribution data
that we had developed and extracted previously. Similarly,
we obtained the Moderate Resolution Imaging Spectrora-
diometer (MODIS) MOD 17 NPP from 2002 to 2005 and
the Advanced Very High Resolution Radiometer (AVHRR)
NPP from 1981 to 2001 [4]. The results showed that the
DLEM-simulated NPP had the same temporal pattern with
relatively higher values than those provided by GLO-PEM
and by MODIS MOD 17. A possible explanation for the
underestimation by GLO-PEM might be due to the fact
that nitrogen is not factored into the model. MODIS MOD
17 results might be influenced by the LAI, which tends to
be underestimated by MODIS MOD 17 [96]. Similarly, the
uncertainties of input data and parameters adopted in DLEM
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Figure 2: Comparisons of (a) modeled annual aboveground NPP against 138 field measurements in the SUS selected from Zheng et al. [120];
(b) modeled annual NPP against survey based crop NPP between 1980’s and 1990’s from Huang et al. [94]; (c) modeled vegetation carbon
against forest inventory outputs in 1987 and 1997 based from Birdsey and Lewis [130].

could lead to higher simulated NPP; for example, we did not
include vegetable crop types in this study and assumed that
all croplands were dominant by cereal crop types.

We further evaluated DLEM’s performance in simulating
the spatial pattern of global GPP and NPP across the
terrestrial biosphere by comparing it with MODIS product.
The spatial pattern of themodeledGPP andNPP is consistent
with that of MODIS GPP and NPP (Figure 4). However,the
algorithms of MODIS for estimating NPP are not well

calibrated for cropland. A comparison of NPP measured
at eddy covariance flux towers in China’s cropland with
MODIS-estimated NPP [97] indicated that MODIS has
significantly underestimated the cropland NPP, which partly
explained the higher estimates from the DLEM relative to
MODIS products.

Finally, as a surrogate for the direct validation, model
intercomparisons can be used to check the applicability of
various kinds of ecosystem models [88]. Ecosystem models
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Figure 3: Temporal change in annual net primary production
(NPP) (relative to the average for 1981–2005) of China’s croplands
estimated by DLEM-Ag model, GLO-PEM model, AVHRR, and
MODIS database during 1981–2005) (modified fromRen et al. [131]).

differ among each other in terms of differentmodel structure,
parameters, and the processes that control photosynthetic
carbon uptake. The estimates of terrestrial primary produc-
tion among models, therefore, depend on inherent assump-
tions and complexity ofmodel structure and formulation. For
instance, previousmodel intercomparison studies [88, 89, 98]
report large uncertainty associated with representation of
vegetation structure, soil moisture dynamics, and ecosystem
response to drought or humidity stress resulting in sub-
stantial differences in terrestrial primary production among
the models. Although these models differ in assumptions,
structure, parameters, and process representation, their inter-
comparison canhighlightmodelweaknesses, inconsistencies,
and uncertainties, which could provide insights for further
model improvements. In addition, their intercomparison
forces us to examine the interaction among data, model
structure, parameter sets, and predictive uncertainty.

6. Assessing Terrestrial Primary Production
Response to Climate Change and Increasing
Atmospheric CO2

Previous research has emphasized on how global change
factors affect terrestrial primary production across broad
temporal and spatial scales. Observational evidence suggest
that earth’s surface temperature has increased by 0.76∘C over
the past 150 years and is expected to increase by 1.5–6.4∘C
by the end of 21st century [99]. Historically, precipitation
varied among regions over the period 1900–2005 but is
expected to increase by 0.5–1% per decade in the 21st century
at a global level [99]. These climate change factors would
have a significant effect on ecosystem structure and function
resulting in growing season extension [100], carbon loss [101],
and changes in water balance [102]. Additionally, studies
suggest that elevated CO

2
contributes to an enhancement

in terrestrial primary production [67, 103, 104]; however,
such enhancement may be counterbalanced by negative
effects of ozone [105, 106]. Although tropospheric ozone has
been considered as an important environmental factor that

controls terrestrial net primary production, its effect varies
depending on regions [105, 106] and therefore could be less
important compared to other environmental factors at a
global scale. Another factor that might contribute to changes
in terrestrial primary production is anthropogenic nitrogen
inputs. Nitrogen enrichment has been primarily thought to
stimulate terrestrial primary production in the temperate
forest [107]; however, excessive nitrogen input likely leads to
soil acidification, nutrient cation leaching, thus limiting plant
growth [108]. Therefore, in this review, we only considered
the effect of climate change and elevated CO

2
because they

are the major factors affecting terrestrial primary production
at a global scale [6, 13, 21].

6.1. Climate Change Impact on Terrestrial Primary Production.
Climate factors (i.e., temperature, precipitation, and radia-
tion) are key drivers to control changes in terrestrial primary
production [38]. Plants assimilate carbon for growth through
photosynthesis, which is strongly affected by temperature.
Plants also need nutrients from the soil (i.e., nitrogen and
phosphorus), and plant responses to climate change can be
substantially modified by the nutrient availability. Nutrient
availability itself can also be affected by climate factors, espe-
cially temperature, because the rate of soil nutrient mineral-
ization strongly depends on temperature. Below the optimum
temperature, the activity of photosynthesis increases with
increasing temperature in accordance with the Arrhenius
relationship [109]. At higher temperature, photosynthesis
decreases due to conformational changes in key enzymes.
This decrease is reversible at moderately high temperatures
but becomes increasingly irreversiblewith increased duration
and intensity of high temperature exposure [110]. Many
previous studies suggest that global warming resulted in
an increase in NPP [13, 111] during the period 1982–1999,
especially in northern high latitude ecosystems. In the low lat-
itude region, changes in long-termNPP patterns weremainly
controlled by colimitations of sunlight and precipitation.

The temporal and spatial patterns of precipitation are
also critical to terrestrial ecosystem processes [38]. Tao
et al. [112] indicate that the precipitation was the key factor
determining the spatial distribution and temporal trends of
NPP in China during 1981–2000. Zhao and Running [6]
suggest a reduction in the global NPP of 0.55 PgC due to
large-scale droughts, especially in the Southern Hemisphere,
where decreased NPP counteracted the increased NPP over
the Northern Hemisphere. However, Potter et al. [21] found
an increasing trend in globalNPPdue to rapidwarming trend
that alleviated heat limitations in high latitude ecosystems
in the Northern Hemisphere during the period 2000–2009.
Additionally, comparison of 14 ecosystem models suggested
that water availability is the primary limiting factor for NPP
in global terrestrial ecosystem models [113].

While Intergovernmental Panel on Climate Change
(IPCC, 2007) reported that the earth temperature is projected
to increase during the 21st century that could largely alter
ecosystem structure and function, it is still unclear how
terrestrial primary production would respond to future
climate change. Song et al. [114], using a dynamic land
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Figure 4: Spatial patterns of MODIS-derived and DLEM-simulated GPP and NPP for year 2010. MODIS-derived GPP (a) and NPP (c) and
DLEM-simulated GPP (b) and NPP (d).
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Figure 5: Projection of terrestrial primary production in response to climate change and increasing atmospheric CO
2
from 2000 to the 2090

as simulated by DLEM (a) change in gross primary production and (b) change in net primary production (modified from Song et al. [114]).

ecosystem model, projected an increase in GPP and NPP by
0.6 KgCm−2 yr−1 and 0.2 KgCm−2 yr−1, respectively, during
the period 2000–2099 (Figure 5) across the Southeastern
US. Across the globe, Sitch et al. [115] projected global
NPP under four SRES scenarios (A1FI, A2, B1, and B2)
using five dynamic global vegetation models (DGVMs) and
found reduction in terrestrial NPP due to climate. While
five models show divergence in their response to climate,
all models resulted in decrease in NPP in the tropics
and extratropics. These results indicate that the estimated
effect of climate on terrestrial NPP varies depending on
emission scenarios and model structure and parameters
used to simulate plant physiological response to global
change.

While inventory and satellite based approaches provide
estimates of terrestrial primary production at a global scale,
these approaches do not allow us to separate the effects of
climate and elevated CO

2
. For instance, Zhao and Running

[6] found that extreme events such as drought in the Southern
Hemisphere resulted in a decline in terrestrial NPP, while
Potter et al. [21] report an increase in NPP during the period
2000–2009. However, these studies do not necessarily specify
whether such decline is due to specific climate factors or a
combination of climate and elevated CO

2
or other environ-

mental drivers. At a global scale, climate in the absence of
elevated CO

2
reduced terrestrial NPP, while doubling CO

2

concentration under changing climatic condition increased
global NPP by 25% [37].
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Table 1: Published values of global terrestrial GPP and NPP based on observations, satellites, and/or process-based model.

Source Basis GPP (PgC yr−1) NPP (PgC yr−1)

Melillo et al. [3] TEMmodel NA 53.2

Field et al. [20] CASA model NA 48.0

Schlesinger [126] Review NA 51.97

Cao and Woodward [37] CEVSA model NA 57.0

Ruimy et al. [50] Model intercomparison NA 45.5

Cramer et al. [15] Model intercomparison 113 55.4 (44.4∼66.3)

Zhao et al.[127] MODIS 109.29 56.02

Beer et al. [8] Diagnostic models 123 ± 8 NA

Yuan et al. [46] Ameriflux and MODIS 110.5 NA

Ryu et al. [128] MODIS and process-based model 118 ± 26 NA

Jung et al. [129] Machine learning approach 119.4 ± 5.9 NA

Ito [18] Meta-analysis NA 56.2 ± 14.3

Potter et al. [21] MODIS and CASA model NA 50.05

This study DLEMmodel 110.4 54.6

6.2. CO
2
Impact on Terrestrial Primary Production. The

primary responses of plants to elevated atmospheric CO
2

concentration are increased photosynthesis and reduced
stomatal conductance [116]. Stomata play an essential role
in the regulation of both water losses by transpiration and
CO
2
uptake for photosynthesis and plant growth. In order

to optimize CO
2
uptake and water losses in rapidly changing

environmental conditions, plants have evolved the ability to
control stomatal conductance in response to multiple envi-
ronmental factors such as solar radiation, temperature, VPD,
and wind speed. Mechanistic scheme has been developed
by Farquhar et al. [109] to describe leaf-level photosynthesis
response to CO

2
. Ball [117] developed the Ball-Berry empir-

ical model to describe the behavior of stomatal conductance
to water vapor as a function of environmental conditions
and net photosynthetic rate. These two schemes have been
widely used in existing process-based models to describe
plant responses to CO

2
increase.

Vegetation/Ecosystem Modeling and Analysis Project
(VEMAP) analyzed the responses of NPP to doubled CO

2

from 355 to 710 ppmv among three biogeochemistry models
and found that, for the conterminous United States, doubled
atmospheric CO

2
causes NPP to increase by 5–11% [10].

King et al. [118] used a georeferenced model of ecosystem
dynamics to explore the sensitivity of global carbon storage
to changes in atmospheric CO

2
and climate; the results

suggest that a doubling of atmospheric CO
2
from 280 ppm

to 560 ppm enhances equilibrium global NPP by 16.9%. In
a similar model intercomparison study using five dynamic
global vegetation models (DGVMs), Sitch et al. [115] found
that interaction of climate and atmospheric CO

2
increased

terrestrial NPP for four different SRES scenarios over the 21st
century.

We also compared DLEM-simulated NPP and GPP with
previous studies (Table 1) based on observation, remote
sensing, and other process-based models. DLEM simulated
a global GPP of 116 PgC yr−1 for year 2010 which is within the
range of 109–119 PgC yr−1 based on previous studies. For the
same year, DLEM simulated a global NPP of 56.5 PgC yr−1
compared to the range of 44–66 PgC yr−1 estimated by
previous studies. While most of the previous studies (Table 1)
are based on different approaches, they have their own
limitations in terms of field measurements, accuracy associ-
ated with satellite estimates, and accuracy of the ecosystem
models. For instance, satellite measurements are sensitive
to changes in atmospheric chemistry. Similarly, ecosystem
models lack structural complexity to capture belowground
processes [119]. Therefore, it is necessary to integrate field
observations, satellite based approach, and ecosystemmodels
to accurately quantify the terrestrial primary production
across broad temporal and spatial scales.

6.3. Uncertainty in Estimating Terrestrial Primary Production.
Multiple approaches for estimating and predicting terrestrial
primary production lead to diversified conclusions (Table 1).
Uncertainty in the estimations of terrestrial primary produc-
tivity may arise from input datasets (climate, land use, etc.,)
and inventory datasets (for model calibration and validation)
as well as from the model structure itself. The analysis of
the seventeen models shows that global NPP ranged from
39.9 to 80.5 PgC [40]. Many factors such as model structure,
parameters, input data, and scaling may be responsible for
such large uncertainty. Onemajor source of uncertainty is the
available inventoryNPP datasets formodel parameterization,
calibration, and validation [120]. The NPP is measured at
plot or field scales that may not represent the NPP at the
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0.5∘ by 0.5∘ grid cell that is commonly used by global scale
models.Therefore, direct intercomparison between field data
obtained in different studies or comparison of these results
with coarse resolution models can be misleading. In a model
intercomparison for which all models reported results at 0.5∘
by 0.5∘ grid size, there was no suitable and consistent field
NPP available sincemost measurements are conducted in the
small areas ranging from <1 to several ha [15]. The second
problemwith available inventory datasets is the belowground
biomass measurement. The belowground biomass is often
not measured but is instead estimated using standard for-
mulas. This may provide misleading results. Lauenroth et al.
[121] have reported that amount of uncertainty associated
with estimates of NPP was significantly influenced by the
variability in the input data. For example, due to greater
variability in the field measured belowground data than
aboveground data, estimates of belowground NPP tended to
have more uncertainty than estimates of aboveground NPP.
Therefore, lack of available input dataset provides a significant
uncertainty in models that estimate NPP at global scale using
coarse resolution grid size.

In addition to the inventory NPP datasets for model
calibration and validation, the input datasets such as land use
and climate are other sources of uncertainty in most of the
models. At the global scale, the impacts may be very small for
land use as compared to climate or meteorological datasets
[122]. Jung et al. [122] estimated GPP using different land
cover maps, spatial land cover resolutions, meteorological
data sets, and process-based terrestrial ecosystem models.
Their results indicate a clear hierarchy of effects: a small effect
of using different land covermaps, a somewhat higher but still
relatively small effect of the spatial land cover resolution, a
substantial effect due to changing the meteorological forcing,
and the largest effect caused by using different models. In this
way, model structure provides the largest uncertainty in the
terrestrial primary productivity.

In the models, uncertainty in the estimation of NPP
arises from different representations of ecological processes
by different models. Because the components of terrestrial
ecosystems and the interactions among them are complicated
or not well understood, simplifying assumptions must be
made to describe them in numerical models. Different mod-
eling strategies may adopt different simplifying assumptions,
leading to different model complexity and behavior. The
uncertainties in the models are very large, both in terms
of parameter-based and model structure related uncertainty.
Models may range from the simple, empirically derived,
correlation of net primary productivity with air temperature
and precipitation (e.g., [123]) to the detailed models with
detailed biochemistry (e.g. DLEM, LPJ, CLM).

Recent studies indicated that major uncertainties in
simulating interannual variations of gross carbon uptake are
strongly linked to the way of how and if biogeochemical
cycles (carbon, water, and nitrogen) interact within the
models which controls their sensitivity to meteorological
conditions [122]. The observed relationships between forest
GPP and mean annual temperature are strongly related to
a corresponding gradient of nitrogen availability [124].There-
fore, accurate model representation of interactions among

carbon, nitrogen, and water cycles is the key to reduce
uncertainty in simulating terrestrial primary production [51,
125].

7. Toward a Multiscale Synthesis of
Observations and Model Simulations

For theNPP estimation at large scales, none of the approaches
mentioned above could solely fill in the gap of our under-
standing. Experiments and observations are always con-
ducted at a specific scale. Multiscale experiments and obser-
vations provide data but are not capable of quantifying
underlying mechanisms of changes in terrestrial primary
production as influenced by multiple environmental factors.
At the same time, modeling studies have been developing by
integrating better understanding and more representations
of biotic and abiotic processes. In order to provide diagno-
sis, quantification, and attribution of multiscale terrestrial
primary production across the globe, it is critically needed
to synthesize the various observation data and the modeled
output at diverse spatial scales ranging from site to region
to globe and temporal steps ranging from day to decade.
More specifically, (1) a common driving database needs to be
developed to characterize the environmental changes and to
drive the model runs. The database includes time series of
site-specific and gridded climate, atmospheric composition,
land-cover/land-use change, and land management practices
and auxiliary dataset on elevation, slope, aspect, vegetation
cover types, soil properties, and so on. (2) The magnitude,
spatial, and temporal patterns of terrestrial primary produc-
tion need to be quantified by various approaches and datasets,
including site-specific flux measurements, regional invento-
ries, MODIS-derived GPP/NPP, and model simulations in
a multimodel fashion. (3) Based on model evaluation and
intercomparison, multiple model simulation experiments
need to be conducted to distinguish the relative contributions
of controlling processes and to identify their changes over
space and time. Multiscale synthesis efforts need to provide
useful information to reflect the status of terrestrial primary
production, which could show further feedback to climate
system, as well as to improve our understanding of the
mechanisms responsible for terrestrial primary production.
(4) Multiple approaches lead to diversified conclusions in
terms of quantification and attribution of terrestrial primary
production. Therefore, assessments of uncertainty will be an
integral part of any synthesis project. In particular, uncer-
tainties associated with each input driving dataset, model
structure, parameters, scaling, and measurement need to
be addressed. We expect that such a multiscale synthesis
will provide a systematic assessment on terrestrial primary
production and its driving forces at varied spatial scales.

Moreover, we are living in the new world of the Anthro-
pocene in which human activity has indeed changed the
earth’s biosphere [132, 133]. Human activity such as land use
change has been a primary factor affectingmagnitude, spatial,
and temporal patterns of terrestrial primary production
across the globe. Fromboth scientific and policy perspectives,
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therefore, it is essential to incorporate socioeconomic compo-
nent into terrestrial ecosystem models for better estimating
and predicting terrestrial primary production in a changing
global environment.
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Continuous satellite datasets are widely used in tracking vegetation responses to climate variability. Start of season (SOS), for
example, can be derived using a number of methods from the time series of satellite reflectance data; however, various methods
often produce different SOS measures which limit the application of satellite data in phenological studies. Therefore, we employed
five methods to estimate SOS from the Advanced Very High Resolution Radiometer (AVHRR)/normalized difference vegetation
index (NDVI) dataset. Subsequently, we compared the SOSwith the ground-based first leaf date (FLD) of 12 deciduous broadleaved
plant species at 12 sites of the Chinese Phenological Observation Network (CPON).The results show that the latitudinal patterns of
five satellite-derived SOS measures are similar to each other but different from the pattern of ground phenology. For individual
methods, the variability of SOS time series is significantly different from ground phenology except for HANTS, Polyfit, and
Midpoint methods. The SOS calculated using the Midpoint method showed significant correlations with ground phenophases
most frequently (in 47.1% of cases). Using the SOS derived from the Midpoint method, significantly earlier trends in SOS were
detected in 50.7% of the natural vegetation area from 1982 to 2006.

1. Introduction

Phenology, as the study of periodic biological events in the
animal and plant world [1], occupies an important position
in global change science. Long-term phenological data can
provide independent evidence for the effects of environmen-
tal change [2, 3]. Impacted by recent climate change [4, 5],
trends toward earlier plant phenophases in spring have been
observed in many places around the world [6, 7].

Such phenological shifts can influence many properties
of terrestrial ecosystems [4, 9]. It is reported that plant
phenology is tightly coupled with the seasonal cycles of sur-
face carbon and energy balances in boreal forest ecosystems
in western Canada [10]. Modeled spring indices (SI), first
bloom date, could serve as proxy for both average spring
net ecosystem exchange (NEE) drawdown date and latent-
sensible heat crossover date in deciduous forests [11]. Earlier
spring onset in combination with delays in the end of the

growing season has also resulted in enhanced vegetation
growth in the Northern Hemisphere over the past two
decades [12].

Before recent technological advances, the most conven-
tional means to monitor phenological dynamic in plants
was through manually recorded human observations at
discrete intervals. Recently, researchers began to use eddy
covariance towers and satellite sensors to assist inmonitoring
phenological change on larger spatial scales [4]. Remote
sensing phenology or land surface phenology (LSP), defined
as the seasonal pattern of variation in vegetated land surfaces
observed from remote sensing [13], is the focus of this study.
We chose a primary phenologicalmarker—the start of season
(SOS)—as the object of this study. The SOS is also called
the green-up date, the onset of greenness, or the start of the
growing season.

The multiple SOS method can lead to distinct estimates
in the same region [14, 15]. For example, based on different
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methods, the trends of advance in SOS for China’s temperate
region ranged from 2.25 days decade−1 [16] to 7.9 days
decade−1 [17]. Therefore, the accuracy of SOS methods needs
to be carefully evaluated according to ground phenology data.
To address this problem, White et al. [18] performed a com-
prehensive intercomparison of ten SOS methods over broad
regions of North America based on ground phenology data
and cryospheric/hydrologic seasonality metrics. Schwartz
andHanes [11] further added the latent-sensible heat flux and
carbon flux data into the comparison. A comparative study
of satellite and ground-based phenology was also made in
Switzerland [19].These studies suggested that not all methods
were closely related to ground observations. In temperate
China, the accuracy of multiple SOS methods has not been
assessed.

As the Institute of Geographical Sciences and Natural
Resources Research (IGSNRR) at the Chinese Academy of
Sciences has administered the Chinese Phenological Obser-
vation Network (CPON) and accumulated a solid database
in recent years, we can thoroughly compare Phenological
trends derived from remote sensing with those of ground
observations and assess the accuracy of different SOS meth-
ods. In this study, we employed five methods to estimate
SOS for China’s temperate monsoon area using a consistently
processed satellite dataset. Subsequently, we analyzed the
relationships between different SOS measures and ground
first leaf dates (FLD) at 12 CPON sites, evaluating which
estimation methods for SOS were the best. As a result, we
estimated 1982–2006 trends in SOS based on those methods
that were most consistent with ground data.

2. Materials and Methods

2.1. Study Area. The temperate monsoon area, located in
north and northeast China, was chosen as the study area
(Figure 1). Mean annual temperature in this area ranges
from −4 to 14∘C, while mean annual precipitation decreases
from 800mm in the southeast to 400mm in the northwest.
Affected by the East Asian monsoon, precipitation mainly
falls between June and August. The primary natural vegeta-
tion in this area, as identified from a digitized 1 : 1,000,000
vegetation map of China [20], includes needleleaf forests,
needleleaf and broadleaf mixed forests, and broadleaf forests.

2.2. Ground and Satellite Dataset. Ground phenological data
are derived from CPON, which began its observations in
1963 under the auspices of IGSNRR at the Chinese Academy
of Sciences. In this study, data collected from 1982 to 2006
on twelve species of deciduous broadleaved trees and one
phase (first leaf date (FLD)) at 12 CPON sites were compared
(Figure 1 and Table 1). According to the uniform observation
criteria and guidelines of CPON [21], the FLD is defined as
the date when a plant forms its first fully unfolded leaf. A
total of 85 different cases were therefore available, with one
case consisting of a phenological time series at a specific site
(Table 1). The FLD time series are not continuous because no
observations were carried out in certain periods at each site.
Because the missing observation data affects the analysis, the
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Figure 1: Distribution of vegetation types in China’s temperate
monsoon area and the twelve sites from Chinese Phenological
Observation network (CPON) in this study.

missing data are estimated using a phenological model that
is driven by temperature data from a nearby weather station.
This gap-filling method was described in Ge et al. [8].

With respect to the satellite data, we obtained the data
set produced by the Global Inventory Monitoring and Mod-
eling Studies (GIMMS) group of the normalized difference
vegetation index (NDVI) for the period 1982 to 2006 at a
spatial resolution of 8 km and 15 day intervals. This dataset
was observed byAdvancedVeryHighResolutionRadiometer
(AVHRR) instruments aboard the NOAA satellite series 7,
9, 11, 14, 16, and 17 and has been corrected for calibration,
view geometry, volcanic aerosols, and other effects not related
to vegetation change [22]. Sparsely vegetated pixels with
annual mean NDVI of less than 0.1 have been excluded
to reduce the impact of bare soils [23]. In addition, pixels
with cultivated vegetation [20] are excluded because the
phenology of cultivated vegetation is strongly impacted by
human activity.

2.3. Estimation of SOS. There are several methods to extract
SOS from the NDVI dataset. These methods usually consist
of two steps [15]. The first step was to reconstruct continuous
and daily NDVI series with the noise removed by using curve
approaches, such as a polynomial function [17], piecewise
logistic functions [24], a Fourier filter [25], spline functions
[26, 27], or a Savitzky-Golay filter [28, 29]. In the next
step, critical thresholds for SOS were determined from the
reconstructed NDVI time series.

Five approaches are commonly used to determine SOS
thresholds: (1) thresholds defined by the timing of the greatest
relative change in multiyear averaged NDVI series, where
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Table 1: Study species and their distribution sites with first leaf date (FLD) data. The number of sites for each species is defined in Figure 1.

No. Species Phase Distribution sites Number of sites
1 Ailanthus altissima FLD 5, 7, 8, 9, 11, 12 6
2 Salix babylonica FLD 3, 5, 7, 9, 10, 11, 12 7
3 Robinia pseudoacacia FLD 5, 6, 7, 8, 9, 10, 11, 12 8
4 Salix matsudana FLD 1, 3, 5, 7, 8, 9, 10 7
5 Sophora japonica FLD 6, 9, 10, 11, 12 5
6 Populus × canadensis FLD 1, 5, 6, 8, 9, 10, 11, 12 8
7 Morus alba FLD 7, 8, 9, 12 4
8 Amygdalus davidiana FLD 4, 5, 6, 8, 12 5
9 Armeniaca vulgaris FLD 2, 3, 7, 8, 9, 10, 12 7
10 Ulmus pumila FLD 1, 2, 3, 4, 5, 7, 8, 9, 10, 11, 12 11
11 Amygdalus triloba FLD 1, 2, 4, 7, 8, 9, 12 7
12 Syringa oblata FLD 1, 2, 4, 5, 6, 7, 8, 9, 11, 12 10

the corresponding NDVI (𝑡) is determined as the NDVI
threshold for SOS, where 𝑡 is the time with the maximum
relative NDVI increase [17]; it is worth noting that the SOS
threshold is constant for each pixel and does not change
with time; (2) maximum relative change, where the SOS is
determined as the date with the maximum relative change
of NDVI [30]; (3) maximum increase, where the NDVI
time series is firstly transformed to its first derivate; in each
year, maximum of first derivate marks the SOS [19]; (4)
Midpoint, whereby the NDVI time series is first transformed
to 0-1 NDVIratio; Then the SOS is defined as the day of
the year when 0.5 NDVIradio is exceeded [26]; and (5) 20%
of NDVI amplitude, where the SOS is defined as the date
when the NDVI has increased 20% of the seasonal amplitude
from the growing season minimum level [31]. These five
methods (Polyfit, Logistic, HANTS, Midpoint, and Timesat)
are summarized in Table 2. Specially, in the Logistic method,
Zhang et al. [24] recognized that the SOS corresponds to
the times at which the rate of change in curvature in the
vegetation index data exhibits first local maximums. Other
studies have, however, suggested that this metric may be
sensitive to early spring understory growth [32], so we utilize
the approach of maximum relative change instead (Table 2).
All of these five methods were used to estimate SOS for each
pixel in the study area over the 1982–2006 period.

2.4. Comparisons and Analyses. We firstly calculated the
mean FLD from 1982 to 2006 for eachCPONsite aswell as the
mean of satellite-derived SOS measures for each pixel. Then
we compared the latitudinal patterns of ground phenophases
and five satellite-derived SOS measures. Second, we calcu-
lated the coefficient of variation (CV) for ground FLD time
series at each site and five satellite-derived SOS measures
in pixels with broadleaf forest from 1982 to 2006. Through
one-way analysis of variance (ANOVA) and Tukey multiple
comparison [34], we assessed the variability of satellite-
derived SOS measures. Third, at each site, we calculated
Pearson’s correlation coefficients between the FLD time series
of each tree species as well as SOS time series averaged from

the closest 49 pixels (excepting cultivated vegetation). Last,
we selected the SOS method, the most consistent with the
ground phenology, and performed the regression analysis
between SOS time series and year for each pixel. The SOS
trend is represented by the slope of the regression model.

3. Results

3.1. Assessment of Spatial Patterns for Variations of SOS. At
first, we studied the spatial pattern of SOS averaged over
five SOS measures in the 1982 to 2006 period. The south to
north progression of spring phenological events in the study
area is shown to be delayed. Mean SOS is delayed from the
south to the central study region and then becomes slightly
earlier in the northeast region (Figure 2(a)). The SOS in the
ChangbaiMountains (N38∘46–47∘30, E121∘08–134∘) is later
than the surrounding area. With regard to the vegetation
types, the SOS of the steppe occurs on 16 May, which is
the latest. Grass-forb, meadow, swamp, and alpine vegetation
have similar SOS patterns ranging from 2 May to 4 May.
SOS of needleleaf forest, mixed forest, broadleaf forest, and
scrub is the earliest (April 27–30). Individual methods often
differ in SOS measures, especially in North China. Across
the study area, the maximum differences among the five
satellite-derived SOSmeasures range from 19 to 100 days with
a mean of 43 days (Figure 2(b)), suggesting that different
SOS methods may detect different portions of the annual
vegetation development cycle.

For broadleaf forest, the latitudinal patterns of SOS
derived from the five satellite measures are consistent
(Figure 3). All five satellite-derived SOS measures along with
latitudinal gradients correlated significantly with each other
(𝑃 < 0.05). In general, the ordinal ranking of SOS measures
is HANTS > Midpoint > Logistic > Polyfit ≈ Timesat.
For all of these methods, SOS is stable between 36∘N and
50∘N and gradually becomes earlier at lower and higher
latitudes (Figure 3).This pattern obviously varieswith ground
phenology. The FLD of woody plants delayed linearly with
latitude (𝑃 < 0.05, Figure 3). Because the entire 8∗8 kmpixels
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Table 2: Summary of five methods in estimating SOS from satellite data. The number for each method is defined for the purpose of
distinguishing the satellite-derived SOS measures from ground phenophases in Table 1.

No. Methods Curve approaches SOS determination approaches Reference

13 Polyfit Polynomial function Threshold by the timing of greatest relative
change in multi-year averaged series [17]

14 Logistic Piecewise logistic functions Maximum relative change [24]
15 HANTS Fourier transformation Maximum increase [33]
16 Midpoint Spline functions Midpoint [27]
17 Timesat Savitzky-Golay filter 20% of NDVI amplitude [28]

Mean SOS
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134–146
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(a)
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50–60

60–70
70–80
80–90

Maximum difference
(days)

>100

90–100

(b)

Figure 2: (a) The start of season (SOS) averaged from the results
of the five methods in the 1982–2006 period and (b) the maximum
difference between the five satellite-derived SOS measurements.
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Figure 3: The variation of five satellite-derived SOS measures
averaged from pixels of broadleaf forest and mean FLD of three
broadleaf plants along with latitude. Purple, red, and blue lines are
regressions lines for FLD of the three broadleaved plant species,
respectively.

along the latitudinal gradient have different plant species
compositions, the differences between satellite-derived SOS
measures and ground phenology in spatial patterns are
expectable.

3.2. Assessment of Temporal Variability of SOS. The vari-
ability of SOS obtained through the above five methods is
represented by the mean CV of each method. The CV in
the northern parts of the study region is relatively smaller,
suggesting that the SOS in Northeast China is more stable
than that in North China (Figure 4(a)). In regard to vegeta-
tion types, the CV of grass-forb reaches up to 0.124, which
is the most variable (Table 3). Scrub and steppe both have
a CV of 0.088. SOS of the needleleaf forest, mixed forest,
broadleaf forest, meadow, swamp, and alpine vegetation is
less variable, with their CV ranging from 0.060 to 0.069.
Individual SOS methods often differ in CV, especially in
North China (Figure 4(b)). Across the study area, the maxi-
mum difference between the CV of five satellite-derived SOS
measures ranges from 0.019 to 0.523 with a mean of 0.077
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Mean CV
0.0186–0.0529
0.0529–0.0651
0.0651–0.0811
0.0811–0.101
0.101–0.128

0.128–0.166
0.166–0.215
0.215–0.272
0.272–0.351
0.351–0.522

(a)

Maximum difference
0.0052–0.0325
0.0325–0.0489
0.0489–0.0685
0.0685–0.0953
0.0953–0.136

0.136–0.196
0.196–0.270
0.270–0.374
0.374–0.507
0.507–0.849

(b)

Figure 4: (a) The coefficient of variation (CV) of satellite-derived
SOS measures (1982–2006) averaged from the results of the five
methods and (b)maximumdifference among theCVof five satellite-
derived SOS measures.

(Figure 4(b)), suggesting that different SOS methods have
different interannual variability.

For the five satellite-derived SOS measures in pixels with
broadleaf forest and ground FLD of 12 broadleaf plants, the
mean CV (1982–2006) is significantly different (Figure 5,
ANOVA, 𝑃 < 0.05). The mean CV of Logistic and Time-
sat is significantly greater than that of ground phenology
(Tukey multiple comparison, 𝑃 < 0.05). The mean CV of
HANTS and Polyfit is a little greater than that of ground
phenology, but the differences are not statistically significant
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Figure 5: Boxplot of the coefficient of variation (CV) for five
satellite-derived SOS measures in pixels with broadleaf forest and
ground FLD time series at 12 sites. The bottom and top of the box
are the 25th and 75th percentile, and the band near the middle of
the box is the median. The 𝑥 designates the mean value.

(see Figure 5).Themean CV of theMidpoint method (0.056)
is closest to the CV of ground phenology (0.057).

3.3. Correlation between Satellite and Ground-Based Phenol-
ogy. The correlation coefficients between time series of five
SOS measures and FLD at each CPON site are shown in
Figure 6 and summarized in Table 4. The correlations of the
five satellite-derived measures are significant in most cases.
Especially for the Midpoint method, significant Pearson’s
correlation coefficients between the Midpoint method and
other methods are found at 8 or more sites (Table 4). HANTS
method exhibits less consistency with other SOS methods
exceptMidpoint (significant Pearson’s correlation coefficients
are found at only 1–3 sites).

The time series of plant phenophases observed at the
same sites usually correlated significantly with each other
(Figure 6). Regarding the relationship between the SOS and
ground phenology, at least 14 of 85 cases showed significant
correlations (Figure 6, Table 4) and 40 of 85 cases (47.1%)
showed significant correlation for the Midpoint method.The
numbers of significant correlations for other methods are
much less than for the Midpoint method. Only 14, 14, 20, and
23 significant correlations from 85 cases could be detected for
Logistic, Timesat, Polyfit, and HANTSmethods, respectively.
Therefore, SOS measures derived from the Midpoint method
show the closest relationship with ground phenology.

In comparison with the 1982–2006 mean dates of ground
phenophases, Midpoint, HANTS, Polyfit, and Logistic meth-
ods have significant 𝑅2 (𝑃 < 0.05, Figure 7). Timesat had
𝑅
2 close to zero. The SOS measures based on the Midpoint

method can explain 45% of interannual variability of ground
phenophases at maximum although they are about 20 days
later than the ground first leaf date.

3.4. SOS Trends in China’s Temperate Monsoon Area.
Through the above analysis, the Midpoint method was more
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Figure 6: Pearson’s correlation coefficients between time series of ground phenophases and five satellite-derived SOS measures at each
site. The red stars mark the significant correlations (𝑃 < 0.05). White color indicates no ground observation data. The numbers of ground
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Table 3: The start of season (SOS) and coefficient of variation (1982–2006) averaged from the results of the five methods for each vegetation
type.

Vegetation types Number of pixels Mean DOY Mean SOS Mean CV
Needleleaf forest 2496 119 4/28 0.069
Mixed forest 263 119 4/27 0.060
Broadleaf forest 4783 119 4/28 0.069
Scrub 1474 121 4/30 0.088
Steppe 401 138 5/16 0.088
Grass-forb 793 123 5/2 0.124
Meadow 1276 125 5/4 0.064
Swamp vegetation 619 124 5/2 0.063
Alpine vegetation 3 125 5/3 0.067

Table 4: The proportions of significant Pearson’s R (𝑃 < 0.05) between time series of ground phenophases and five satellite-derived SOS
measures.

Methods Ground Polyfit Logistic Hants Midpoint Timesat
Polyfit 20/85 — 11/12 3/12 12/12 9/12
Logistic 14/85 11/12 — 5/12 12/12 12/12
HANTS 23/85 3/12 5/12 — 11/12 1/12
Midpoint 40/85 12/12 12/12 11/12 — 8/12
Timesat 14/85 9/12 12/12 1/12 8/12 —
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Figure 7: Comparison of five satellite-derived SOS measures and
ground phenophases averaged over 12 sites from 1982 to 2006.
Ground phenophases were first averaged to each site and then
for all 12 sites across the region (note that the different sites have
different sets of species). The missing ground observation data was
interpolated by phenological models described by Ge et al. [8]. The
error bar represents the uncertainty due to the interpolated data by
models. Variances of ground phenophases explained by each SOS
result (𝑅2) are shown. ∗𝑃 < 0.05, ∗∗𝑃 < 0.01.

closely related to ground observations than other methods,
so we investigated the trends of SOS using the Midpoint
method. The SOS trends in China’s temperate monsoon area
from 1982 to 2006 are obvious (Figure 8). For all biomes

(except cultivated vegetation), more than half of the area
showed significantly earlier trends (𝑃 < 0.05). Especially for
the needleleaf forest, 57.5% of the distribution area exhibited
significantly earlier SOS trends with a mean of −0.22 days
year−1. The delayed SOS trends (𝑃 < 0.05) were detected
in only 5.3% of the natural vegetation area (Table 5). The
swamp had the maximum area proportion of 13.7% towards
later SOS, while the needleleaf forest had the minimum area
proportion of 1.6% towards later SOS (Table 5). Overall, the
linear trends of SOS over the temperate monsoon area of
China were −0.13 days year−1 (𝑃 = 0.15, Figure 9). In
addition, the year 1998 can be shown to have been a turning
point during which the SOS trends changed (Figure 9). The
linear trend in SOS before 1998 was −0.39 days year−1(𝑃 =
0.03), while the SOS showed delaying trends of 0.45 days
year−1 from 1998 to 2006 (𝑃 = 0.31).

4. Discussion

Among the satellite-derived SOS measures using the five
most common methods, SOS differed in average day of the
year bymore than 100 days (Figure 2) and inCVbymore than
0.8 (Figure 4) in some pixels.These results were in agreement
with other studies [11, 18].The nearly almost consistent latitu-
dinal patterns (Figure 3) and frequent significant correlations
among five satellite-derived SOSmeasures (Figure 6) suggest,
however, that the SOS methods may simply detect different
portions of the annual vegetation activity [18]. It is worth
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Table 5: The percentage of pixels with significant earlier or later SOS trends for each vegetation type.

Vegetation Types Number of pixels Earlier SOS Later SOS No trends
% Trends % Trends %

Needleleaf forest 2496 57.5 −0.18 1.6 0.96 40.9
Mixed forest 263 48.7 −0.11 2.7 0.93 48.6
Broadleaf forest 4783 49.1 −0.18 6.1 0.93 44.8
Scrub 1474 49.2 −0.33 2.6 0.96 48.2
Steppe 401 47.1 −0.30 3.7 1.13 49.2
Grass-forb 793 44.5 −0.53 2.3 1.51 53.2
Meadow 1276 49.0 −0.20 11.2 1.04 39.8
Swamp vegetation 619 54.6 −0.15 14.1 1.11 31.3
Alpine vegetation 3 33.3 −0.62 0.0 — 66.7
Total 12108 50.7 −0.22 5.3 1.00 44.0
Unit of trends: days year−1.
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Figure 8: Location of trends in SOS (1982–2006) calculated using
theMidpoint method.The pixels with earlier SOS trends (𝑃 < 0.05),
no significant trends (𝑃 > 0.05), and later SOS trends (𝑃 < 0.05)
occupy 50.7%, 44.0%, and 5.3% of the total natural vegetation area,
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Figure 9:The annual SOS in China’s temperatemonsoon area based
on the Midpoint method. Regression for the periods 1982–2006,
1982–1998, and 1998–2006 is shown.

noting that these results were based on a given satellite-
based NDVI dataset with identical data sources, durations,
compositing schemes, and spatial resolutions. If the data
sources were different, the significant correlations between
the various satellite-derived SOS measures would be less
frequent [11].

Changing temperatures influence the variability of spe-
cific plant phenophases observed on the ground as well as
spatially integrated SOS as seen from space [35]. Therefore,
theoretically, the time series of the ground phenophases and
satellite-derived SOS would highly correspond in their inter-
annual variability. In this study, however, only 16.5–45.4% of
the cases showed significant correlations between time series
of FLD and satellite-derived SOS measures. The infrequent
correlations can be attributed to the contrasting properties
of satellite datasets and ground observation data. Satellite
vegetation index datasets typically have coarse temporal
resolutions (10–15 days) and spatial resolutions (0.25–8 km),
while ground data generally consist of point values.This is the
so-called point versus pixel problem [18]. Because the ground
data in this study lacked detailed sampling schemes, there is a
high probability that the species investigated cannot represent
the overall phenological developments in an entire 8 kmpixel.
In addition, the different sites have different sets of species,
whichmay be a source of variation in the comparison to satel-
lite data. Although these uncertainties exist, the Midpoint
method tracked the ground phenophases with high𝑅2 (45%),
suggesting that the interannual variability of satellite-derived
SOS measures and spring phenophases of ground observed
species is comparable even in a pixel with high land cover
heterogeneity.

The time series of mean FLD for the 12 species inves-
tigated in this study advanced at a rate of 0.22 days year−1
from 1982 to 2006 (𝑃 < 0.05, Figure 7). This result agrees
with earlier spring phenological trends found in previous
studies. For instance, 22 woody plants flowered earlier in
eastern China during 1963–2006 period [36]. The modeled
first leaf date of Fraxinus chinensis advanced at a rate of 0.11
days year−1 from 1952 to 2007 [37]. Compared with ground
observations, satellite data can provide comprehensive cover-
age even though they can only reach back for three decades.
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The trends in satellite-derived SOS measures match ground
observations. We found a remarkable earlier SOS trend in
50.7% of the natural vegetation area with a mean of 0.22
days year−1 (Figure 8). When the contributions of pixels with
insignificant or later trends were considered, the overall trend
in SOS across the study area was only 0.13 days year−1 (𝑃 =
0.15). As indicated by a previous study [38], these changes
in SOS are mostly driven by climate change, especially by
temperature rise.

Our results highlight that ground observations have a
certain linkage with remote sensing data, but approaches
using limited numbers of plants face considerable challenges.
Integrating and comparing ground phenology and satellite-
derived SOS measures need more detailed field observation,
such as investigating the land cover of each pixel, the
proportions of individual species in a community, and the
rate of phenological status (rather than just recording the date
of discrete events). For example, Liang et al. [39] employed
intensive field observation to address the problem of the
significant spatiotemporal scale mismatch between satellite-
measured land surface phenology and ground phenology.
They found that the MODIS/EVI-derived SOS measure was
able to predict landscape phenology of full bud burst date
accurately [39]. Tomake detailed ground-based observations,
however, requires much more labor. Recently, “near surface”
remote sensing using digital photography has become com-
monplace [40]. Automated digital cameras, as inexpensive,
easy-to-use multispectral sensors, can improve both spatial
and temporal resolutionwith less labor [41].Therefore, digital
repeat photography has great potential for determining the
relationships between the various measures of vegetation
development in the future.

5. Conclusions

In this study, we assessed five SOS methods based on the
ground FLD data of 12 deciduous broadleaf trees at 12 sites
of CPON. The satellite-derived SOS measures varied greatly
among the five methods. Furthermore, the variability of each
of the five satellite-derived SOS measures was significantly
different from each other. Through the correlation analysis
between time series of five satellite-derived SOS measures
and ground phenology, we found that the Midpoint method
was most consistent with ground observations. Based on the
Midpoint method, therefore, significantly earlier trends in
SOS from 1982 to 2006 have been detected in 50.7% of the
natural vegetation in the study area.
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Global changes are driving ecosystem alterations, and the effects are becoming more and more obvious. Ecosystem management
clarifies the fundamental supporting functions of ecosystems for human survival and sustainable development. Integrated
ecosystem monitoring and assessment has become a popular topic of ecology study. However, many scientific questions need to
be addressed, including what assessment contents and methods are optimal for temporal and spatial measurements. Therefore, the
development of a scientific evaluation framework that includes certain core contents and indicators is very important. This paper
proposes a regional integrated ecosystem assessment framework involving comprehensivemonitoring. Satellite images are themain
data source for different ecosystem and ecological parameters, and these need to be supplemented with the help of surveys or field
observation data. A healthy ecosystem is the basis of human survival and sustainable development, and ecological service should
be taken as the core of integrated ecosystem assessment. This is decided by the spatial distribution, classification, and patterns
of regional ecosystems. That is to say, ecological service, together with ecosystems distribution and pattern, ecological problem
indicators, and ecological stress, needs to be integrated analyzed and evaluated.

1. Introduction

Global climate change is becoming one of the main driving
factors of ecosystem alterations. According to the 2013 Inter-
governmental Panel on Climate Change report, the global
average temperature exhibits an upward linear trend from
1880 to 2012, with a total increase of 0.85∘C. From 2003 to
2012, the annual average temperature has increased by 0.78∘C
compared to the records from 1850 to 1900. In the past 30
years, the warming magnitude of the surface temperature in
every decade is higher than that at any time since 1850 [1].
Because of intense globalization, land resource development
has significantly increased in the past 30 years, especially
with regard to urban development. The double impact of
climate change and human activities is driving obvious
ecosystem changes in some regions [2, 3]. For sustainable
human development, it is very important to comprehensively
measure and assess regional ecosystem statuses over time

to discover the correlation between ecosystem changes and
climate and human activity intensities. It is accepted that
this is an important area of study in ecology research and
ecosystem management.

2. Progress in the Integrated Monitoring and
Assessment of Regional Ecosystems

2.1. Ecosystem Management and Ecological Services. Ecosys-
tem issues have increased in numbers and severity in recent
decades, such as reductions in ecosystem biodiversity [4].
Scientists and managers have begun to pay more attention to
the ecosystem and correlations between its different elements.
Such knowledge can provide guidance on how to maintain
ecosystem function and support the sustainable development
of humankind. This requires the timely assessment and
monitoring of ecosystems.
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The Research Committee of the Plant and Animal Popu-
lation of American Ecology Society played an active role in
the initial development of ecosystem management. In 1932,
the committee considered that American comprehensive
nature security system should include natural ecosystem
protection [5]. In 1950, the Commission put forward a
proposal to perform natural safety investigations [6]. Subse-
quently, some environment policy researchers had begun to
advocate developing public land management policies based
on ecosystem management [7]. In the late 1980s, growing
numbers of scientists and managers identified and supported
the opinion that ecosystem management is an effective mea-
sure to protect ecology.The first monograph about ecosystem
management appeared in 1988, titled “Ecosystem Manage-
ment for Parks and Wilderness,” and was written by Jim Agee
and Darryll Johnson based on the result of a 1987 workshop.
In session, a group of managers, scientists, and planners con-
cerned with the future of parks, wilderness areas, and other
nature reserves discussed a framework for how to manage
these areas most effectively, and the focus was cooperative
ecosystem management. This book presented a theoretical
framework that included both general goals and processes
for achieving these goals [8]. Ecosystem management was
summarized by Edward Grumbine in 1994 as ten themes
according to papers and books published in that period
[9], and ten dominant themes are, respectively, hierarchi-
cal context, ecological boundaries, ecological integrity, data
collection, monitoring, adaptive management, interagency
cooperation, organizational change, humans embedded in
nature, and values.

After 2000, the concept of integrated ecosystem man-
agement was introduced into the field of ecology research
and ecosystem management. In the fifth conference of the
“BiodiversityConvention,” ecosystem approach is regarded as
a strategy for the integrated management of land, water, and
living resources that promotes conservation and sustainable
use in an equitable way, and the application of the ecosystem
approach will help to reach a balance of the three objectives
of the convention: conservation, sustainable use, and the
fair and equitable sharing of the benefits arising out of the
utilization of genetic resources [10]. Based on this view-
point, twelve principles of integrated ecosystemmanagement
were proposed in detail [10]. The 2010 China International
Cooperation Association Annual Meeting selected ecosys-
tem management and green development as the common
theme, and the meeting focused on issues related to ecology
and economy, environmental protection and green develop-
ment, and promoting the development of China’s ecosystem
management [11]. Some regional ecology management and
ecological restoration problems, such as prevention and
restoration of land degradation, began to be addressed via
integrated ecosystem management [12].

Under ecosystem integratedmanagement,more attention
is paid to the ecosystem as a whole rather than dividing the
problems and focusing on specific elements. Separate studies
of ecosystem elements are helpful for better understanding
complex ecosystem relationships and recognizing the factors
that affect ecological service [4]. With the development of
ecosystem management, knowledge about how ecosystems

support social development has increased, the concept of
ecosystem services had been proposed, and it has become a
popular topic of ecosystemmanagement research. Ecosystem
service refers to a variety of incomes received directly or indi-
rectly from ecosystems by human beings [13]. In 1997, Daily
published a groundbreaking book about ecosystem service,
which he named as “natural service.” In it, he detailed the
definition, theory, and other central knowledge about ecosys-
tem services [14]. In the same year, Daily and Costanza’s
two important publications on ecosystem service became
milestones in the progress of the concept of ecosystem
service. Daily outlined the main types of ecosystem services,
the major threat factors for maintaining ecosystem services,
and discussed how to evaluate these services [13]. Costanza
initially estimated the total value of the global ecosystem at
about $30 trillion per year [15]. In 2001, the United Nations
launched the Millennium Ecosystem Assessment project,
another landmark of ecosystem service, which tremendously
promoted the worldwide development of ecosystem service.

2.2. Classical Cases of Integrated Assessment. Lots of classical
cases of integrated assessment of ecosystems have been
implemented in recent periods, listed in the Table 1. The
Millennium Ecosystem Assessment project uses ecosystem
service, mainly including supply, regulating, supporting, and
cultural services, as the core of the ecological assessment
framework. It comprehensively considers the ecosystem on
national, regional, and global scales and predicts its possible
future statuses in different scenarios. Then, the relationship
between ecosystem changes and human wellbeing was ana-
lyzed to determine how ecosystem changes were affected by
human activities in the past and how the ecosystem will
affect the human wellbeing in the future. This project had
an important impact on the international community and
many governments. The Millennium Ecosystem Assessment
project also promoted the development of ecology ecosystem
service, confirmed the strong correlation between ecosystems
and humanwellbeing, and improved themanagement level of
the ecosystem [16–18].

On a national scale, the US has performed two national
ecosystem assessments and released the reports in 2002 and
2008. The national assessment divided ecosystems into six
types, including farmland, forest, grassland and shrubland,
freshwater, urban, and coastal and marine. The assessment
framework and core aspects were distribution and pattern,
chemical and physical characteristics, biological components,
substance supply, and service of ecosystem. Changes and
status of national land, water, and biology resources were
also analyzed, and a total of 108 key assessment indicators
were examined. These reports objectively reflected the real
process of ecological change in the national ecosystem [19]. In
the UK, the national ecosystem was divided into mountain-
moorland-heath, seminatural grasslands, enclosed farmland,
forests, open freshwater waters, wetlands-floodplains, urban,
coastal, marine, and so on, for a total of 8 first-class and
32 second-class ecosystems. The UK assessment framework
and core contents were ecosystem service, material supply,
driving force of ecosystem change, and human wellbeing.
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Table 1: Comparative list of classical cases of integrated assessment.

Case Scale Ecosystem type Framework and content

Millennium
ecosystem
assessment

Global

Ecosystems were divided into 13 types: Mediterranean
forests, woodlands, and scrub; temperate forest steppe
and woodland; temperate broadleaf and mixed forests;
tropical and subtropical dry broadleaf forests; flooded
grasslands and savannas; tropical and subtropical
grasslands, savannas, and shrublands; tropical and
subtropical coniferous forests; deserts; montane
grasslands and shrublands; tropical and subtropical
moist broadleaf forests; temperate coniferous forests;
boreal forests; tundra.

Assessment focused on the linkages between
ecosystems and human well-being and, in
particular, on ecosystem services, examined
the ecosystem changes affecting human
wellbeing, and discovered the critical factors
causing ecosystem changes, and put forward
the measures managing ecosystems
sustainably.

National
ecosystem
assessment
in the US

National
Ecosystems were divided into six types: farmland,
forests, grassland and shrublands, freshwater, urban,
and coastal and marine.

Assessment focused on the distribution and
pattern, chemical and physical
characteristics, biological components,
substance supply, and ecosystem service.

National
ecosystem
assessment
in the UK

National

Ecosystems were divided into eight types: forests,
coastal, marine, mountain-moorland-heath,
seminatural grasslands, enclosed farmland, open
freshwater waters, urban, and wetlands-floodplains.

Assessment focused on the ecosystem
service, material supply, driving force of
ecosystem change, and human wellbeing.

National
ecosystem
assessment
in China

National
Ecosystems were divided into eight types: forests,
shrublands, wetlands, grassland, farmland, urban,
desert, glacier and bare land.

Assessment focused on the ecosystem
distribution and pattern, service, quality,
problems, driving factors.

Evaluations on the national terrestrial, freshwater, andmarine
ecological status and its changes on national and regional
scales have been performed [20]. In addition, with the imple-
mentation of the Millennium Ecosystem Assessment, many
European countries also carried out national assessments of
the state of ecosystems, including Spain, Portugal, Poland,
and other countries [21].

In contrast with the national assessments of ecosystems in
developed countries, China first launched a comprehensive
assessment of national ecosystems in 2000 and completed
the first comprehensive assessment of the ecological status of
the whole country. Now the second has been completed, and
the assessment report is currently being drafted. This second
assessment took full advantage of satellite remote sensing in
combination with traditional field survey methods, and the
national ecosystem was fully assessed at national, regional,
and province scales. The evaluation framework and core
content included distribution and pattern, quality, service
and function, problems, and ecosystem stress. A lot of key
assessment indicators were analyzed, and basic ecosystem
information from satellite images has been collected in
the past decade. This evaluation revealed the spatial and
temporal variation of the ecosystem during this time period,
and recognized the effect of protective measures and the
influences of social and economic improvement. Because
development is moving quickly in China, the relationship
between protection and development had received more
attention in some regions. Five protected regions and five
development regions were selected to better understand this
relationship. Compared with the first study, when distribu-
tion and ecosystem patterns were the focus, the second study
examined ecological service and ecosystem distribution.

3. Key Science Issues Regarding
Integrated Monitoring and Regional
Ecosystem Assessment

3.1. How to Ascertain the Optimal Assessment Contents
and Methods? Ecosystems consist of nonbiological envi-
ronments, producers, consumers, and decomposers, mean-
ing that they are open, pluralistic, dynamic, hierarchical,
self-sustaining, complex systems. Multiple assessments that
examine the atmosphere, hydrosphere and biosphere, and
lithosphere are necessary to understand such systems. With
the improvements of cognizing the relationship between
ecosystems and human wellbeing, ecosystem services that
support the sustainable development of society have become
the core of integrated ecosystem assessments. Ecosystem
service is one of the most popular topics of study in ecology
and is receiving more attention from governments and
organizations. The United Nations Millennium Ecosystem
Assessment report found that 15 of 24 global ecosystem
services are being degraded, resulting in significant impacts
on human wellbeing [16, 17]. Many ecological problems are
due to the destruction and degradation of the ecosystem [22].
However, many scientific questions need to be addressed,
such as definition, classification, calculation method, and
assessment indicators and criteria. However, ensuring that
criteria are appropriate is very difficult because factors such
as economy levels, society awareness, public diathesis, and
consumption habits vary among different regions.

Notwithstanding different definitions of ecosystem ser-
vice, all of them consider humankind as the beneficial main
body. Ecological service classification is difficult because the
ambiguities of ecosystem services and benefits result in dif-
ferent classifications of ecological service. Daily generalized
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nine types of ecosystem services, including production of
ecosystem goods, biodiversity generation and maintenance,
climate and life, mitigation of floods and droughts, services
supplied by soil, pollination, natural pest control services,
seed dispersal, and aesthetic beauty and intellectual and
spiritual stimulation [13]. Costanza thought that ecological
service included 17 aspects [15]. According to theMillennium
Ecosystem Assessment report, ecological services include
provisioning, regulating, cultural, and supporting services
[16]. Besides these issues, assessment methods lack support-
ing scientific research and long-term observation data. As
such, region assessments often directly apply the evaluation
model or model parameters or indicators from other region
or research cases, which can lead to inaccurate conclusions.
Unique characteristics of the ecosystem must be taken into
account to arrive at regional evaluation conclusions. There-
fore, it is important to optimize evaluation model parameters
and indicators according to the regional nature features and
assessment theme.

Due to the complex and interlaced correlations of ecosys-
tems with other nature elements and human activities, it
is difficult to quantitatively analyze the driving factors of
change. At present, the contribution of different factors is
recognized with the help of qualitative methods. The few
cases of quantitative analysis that have been published are
based on the correlation model, but this model and analysis
are lacking in a principle foundation.

3.2. How to Ascertain Optimal Spatial and Temporal Scales?
Ascertaining optimal scales is a foundation of integrated eco-
logical system assessment and directly influences assessment
conclusions. It is well known that the ecosystem is an organic
whole in a certain spatial area, consisting of organisms and
their surroundings, and these components are connected
with each other via the exchange of material and energy flow
within the system [23]. An ecosystem is a very important
level in ecological organization and has comprehensive char-
acteristics of regional, landscape, and population ecology.
Ecosystem structure, processes, and function are interact-
ing and interdependent. Structure and process determine
ecosystem function; inversely, function influences ecosystem
structure and process. Changing scales affect the structure
and process of the ecosystem, which affects the methods
and conclusions of ecological research and evaluations. That
is to say, differences in scale result in different assessment
conclusions [24]. For example, the assessment conclusion of
the ecosystem service of the Three-River Headwaters region
in China was different on the regional and national scales.
Because this region is the source of the Yangtze, Yellow, and
Lancang Rivers, water conservation and hydrological regula-
tion is the most important ecological service on a national
level. However, on the local scale, people are nomadic and
there is good pasture; therefore, supplying service is the most
important factor.

Ecosystem processes can only be properly understood
when the inherent heterogeneity of ecosystems and organ-
isms reacting to this heterogeneity are recognized [25].
The inherent heterogeneity of ecosystems is decided by

the scale. The bigger the scale, the more obvious the inherent
heterogeneity. For example, to assess spatial differences of the
hydrological regulation abilities of deciduous and coniferous
forests on a large scale, it is sufficient to examine vegeta-
tion type group differences (e.g., deciduous and coniferous
forests). On a moderate scale, there is a need to further dis-
tinguish the different hydrological regulation ability resulting
from different vegetation types and tree species in the same
vegetation type group (e.g., cedar, mason pine). On a small
scale, even tree age should be considered.On a temporal scale,
heterogeneity is an important characteristic. The wider the
time span, the smaller the sampling interval; the more obvi-
ous the change trend, the narrower the time span; the smaller
the sampling interval, themore unobvious change trend.That
is to say, for the same phenomena, it is spatialhomogeneity on
a large scale and spatialheterogeneity on a small scale.

4. Framework of Comprehensive Ecosystem
Monitoring and Assessment

4.1. General Framework and Core Contents. For integrated
ecosystem assessment, it is very important to employ a
scientific and applicable framework. In general, regional
integrated assessment includes comprehensive monitoring
and an integrated assessment. Therefore, the general frame-
work of integrated ecosystem monitoring and assessment is
shown in Figure 1.This framework paysmore attention to the
single ecosystem changes and the intertransform of different
ecosystems and focuses on the results of these changes, such
as change of ecological services, does not take the change of
individuals in the ecosystem as the emphasis. It is adaptive
to the regional assessments of global, subglobal, continental,
national, state or provincial spatial scales or lager drainage
area.

Comprehensive monitoring is the fundamental compo-
nent, and exact model and data precision determine the
reliability of the assessment conclusion. Satellite imaging is a
powerful tool for monitoringmacroecology; it can be used to
periodically scan the same regions and synchronize recording
information. Thus, it can be used to assess the distributions
of different ecosystems and determine the statuses of main
ecological parameters, such as vegetation coverage, biomass,
and leaf area index of vegetation.Of course, such datamust be
supplemented by survey or observation data with temporary
or permanent field stations. For the sake of ascertaining
model parameters, some experiences and parameter data
need to be gathered from published books and papers.
Because of the inseparable relationship between ecosystems
and human beings, data about social, economic, meteo-
rological, hydrological, agricultural, and land and resource
exploitation also need to be collected.

Because a healthy ecosystem is the basis of human sur-
vival and sustainable development, ecological service must
be at the core of integrated ecosystem assessment. Ecological
service is decided by the quantity and quality of a regional
ecosystem. According to this, regional ecosystem spatial dis-
tribution, classification, and pattern need to be analyzed.The
same kinds of ecosystemswith different spatial patterns result
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Figure 1: General framework of integrated ecosystem monitoring and assessment.

in different ecological processes and functions. Analyzing
ecosystem features is important. Firstly, themutual transform
features of different ecosystems are recognized by calculating
the transform quantity, intensity, and frequency. The core
of ecological change assessment is investigating changes in
ecosystem service, including regulation, provision, support,
and culture. These assessments can be done with the help
of indicators, such as service ability in the unit area and
spatial and temporal variations. Notwithstanding, ecosystem
change is a basic phenomenon of ecological succession;

the direction of ecosystem change from superior to inferior
is not consistent with public requirements and is considered
to be indicative of ecological degradation. The ultimate goal
of integrated ecosystem assessment is to identify factors
driving change, including the positive changes or restoration
with the help of management measures, negative change or
degradation under the stress of exploitation and construction
activities, and the impacts of climate change.The recognition
of the driving factors of ecological change is a precondition
to design effective measures to protect and utilize nature.
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4.2. Indicators of Monitoring and Assessment. According to
the core contents of monitoring and assessment, indica-
tors are divided into four groups: distribution and pattern
indicators, ecological service indicators, ecological problem
indicators, and stress indicators.

Distribution and pattern indicators are used to assess
the spatial and temporal distributions and patterns and their
changes within regional ecosystems. Ecosystem distribution
can be depicted on a spatial distribution by two indicators,
namely, area and percentage. (1) Ecosystem patterns can
be depicted by landscape pattern indexes, such as number
of patches, mean patch area, contagion, Shannon’s diversity
index, and patch richness. Their ecological meaning and
calculation models are detailed and applied in some articles
and cases [26–28]. (2) Changes in ecosystem can be shown
with two indicators: transform area and percentages between
different ecosystems and total transform area and the per-
centage of all ecosystems. As one of the statistic approaches,
transition matrix are usually used, this method can distinctly
list the transition area and percentage from one type to
another type [28].

Ecological service indicators are mainly used to assess
regulation services and their changes. Different services are
evaluated by different indicators. (1) Water conservation
service is the ability of the ecosystem to conserve water and
can be calculated by three indicators: (1) interception ability
of rainfall by vegetation canopies and conserving rainfall
ability by (2) vegetation litters and (3) topsoil. Interception
ability can be obtained by multiplying canopy interception
rate and rainfall and forest acreage, as the key parameter,
and canopy interception rate of the different forest subplot is
observed in the field. Conserving rainfall ability of vegetation
litters and topsoil can be estimated with water-holding ability
per litter or topsoil and their total volume. This method is
carried out in some cases [29]. (2) Soil conservation service is
topsoil service, when the surface layer is eroded by water and
wind, and it can be calculated by two indicators: the ability of
soil and water conservation and the ability of sand fixation.
Soil conservation is generally defined as the ability to prevent
soil erosion caused by water eroding, widely evaluated with
Universal Soil Loss Equation (USLE), and describes soil
erosion processes, and is used by United States government
agencies to measure water erosion [30–32]. Sand fixation is
the ability to prevent soil erosion caused by wind eroding,
can be estimated with the Revised Wind Erosion Equation
(RWEQ), and has a high accuracy, taking into account the
weather, soil, plants, plots, farming and irrigation factor,
and so on [33, 34]. (3) Hydrological regulation service is
the ability to regulate floodwater and can be calculated by
two indicators: the maximum of recharge water by rivers,
lakes, and reservoir and decreasing flow speed by the land
surface. About hydrological regulation service of the rivers,
lakes, and reservoir, maximum of recharge water is estimated
by the maximum storage capacity minus the existing water
volume. About that of the other ecosystems, hydrological
regulation service mainly results from decreasing the flow
speed by the land surface, such as grass, forest, and crop;
this can be estimated with Soil Conservation Service (SCS)
model [35] or Soil and Water Assessment Tool (SWAT)

model [36]. (4) Carbon dioxide gas regulation service is
the ability of abstracting, fixating, and releasing carbon, and
it can be calculated by quantifying carbon fixation levels.
In ecosystem, fixating carbon mainly resulted from three
parts: aboveground biomass, belowground biomass, and soil.
Carbon fixed by aboveground biomass can be estimated
with satellite images [37–39]. According to the aboveground
biomass and root-top ratio, belowground biomass and its
ability can be calculated. Soil carbon is mainly based on the
average soil depth, average bulk density, and average carbon
density [40]. In a larger region, soil carbon can estimated
from vegetation type, soil type, and other key factors with the
help of remote sensing [41].

Ecological problem indicators are mainly used to assess
ecosystem degradation intensity and area. (1) Forest degrada-
tion can be calculated by three indicators: change of predom-
inant species, change of species construction, and change of
biomass. (2)Grass degradation can also be calculated by three
indicators: change of predominant species, change of species
construction, and change of vegetation coverage. (3)Wetland
degradation can be calculated by five indicators: change of
indication species, change of species construction, changes in
water volume and quality, humidity of the surface layer, and
change of area. All these indicators, most of them need to be
measured in the field. However, vegetation coverage is usually
retrieved from Normal Difference Vegetation Index (NDVI)
data, and humidity of the surface layer can be obtained from
the radar data scatter features [42].

Stress indicators are mainly used to assess pressure on
ecosystems due to natural conditions and human activities,
and this information is used to identify reasons underlying
ecosystem changes. They can be divided into two groups:
nature stress and human activity stress. (1) Nature stress can
be analyzed by climate change, and the main indicators are
temperature, precipitation, net radiation from the sun, and
climate change driving ecosystem change usually analyzed
with the statistical correlation and Empirical Orthogonal
Functions (EOF) methods [3, 43, 44]. (2) Changes in human
activity intensity and distribution. The main indicators of
human activity are economic development intensity and
impermeable layer expansion. According to the analysis cell,
change of centroid location is used to find the relationship
between change of economic product population and ecosys-
tem change [45]. Expansion of land exploitation, including
impermeable layer expansion and mine resources exploiture,
resulting into the change of ecosystem can be analyzed with
transition matrix method.

5. Conclusions

Global change, including climate warming and water
resource shortages, is driving ecosystem changes, and the
effects are becoming more obvious. To better protect and
manage ecosystems, the concept of ecosystem management
and ecosystem service was proposed to ensure human
survival and sustainable development. Integrated ecosystem
monitoring and assessment has become a focus of ecology
that demands increasing international attention. Many
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researchers and governments actively carry out ecosystem
assessment cases on different scales. Determining the
scientific and rational evaluation framework is the key step,
which influences the precision and reliability of conclusions
from ecosystem studies. The framework includes assessment
scope, contents, indicators, and technical methods.

A regional integrated ecosystem assessment framework
is proposed based on the literature and study practices.
Regional integrated assessment can be carried out with com-
prehensive monitoring and integrated assessment. Compre-
hensive monitoring is fundamental. Satellite images are used
as the main data source, and these images are supplemented
by surveys or field data from temporary or permanent sta-
tions. Other approaches, including collecting statistical data
and gathering data from documents, can further supplement
satellite imagery and field data. With integrated assessment,
ecosystem status, change, and its driving factors are the main
contents, and ecological services are at the core. Ecosystem
spatial distribution, classification, and their regional patterns
need to be analyzed to make informed decisions with regard
to ecosystem services. According to the core monitoring
and assessment contents, indicators can be divided into
four groups: distribution and pattern indicators, ecological
service indicators, ecological problem indicators, and stress
indicators in turns.
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Phenology-driven events, such as spring wildflower displays or fall tree colour, are generally appreciated by tourists for centuries
around the world. Monitoring when tourist seasons occur using satellite data has been an area of growing research interest in recent
decades. In this paper, a valid methodology for detecting the grassland tourist season using remote sensing data was presented. On
average, the beginning, the best, and the end of grassland tourist season of Inner Mongolia, China, occur in late June (±30 days),
early July (±30 days), and late July (±50 days), respectively. In south region, the grassland tourist season appeared relatively late.
The length of the grassland tourist season is about 90 days with strong spatial trend. South areas exhibit longer tourist season.

1. Introduction

Phenology-driven events, such as spring wildflower displays
or fall tree colour, make some destinations become particu-
larly attractive [1]. During the spring, cherry blossom viewing
kicks off the busy tourist season around the world. In Japan,
holding flower-viewing parties is a centuries-old practice
under blooming cherry trees [2]. The National Cherry Blos-
som Festival 2013 in Washington DC attracted about 100,000
tourists from around the world. In China, the beautiful
and elegant peach blossoms have inspired generations of
spectators. In Europe,Netherland’s tulips prove huge draw for
tourists.

Monitoring the timing of plant life cycle events is an
area of science with many practical applications for tourism
sector, because the timings determine when tourist season
begins and ends. Phenology then can serve as a predictor to
inform the public onwhen certain events take place. Based on
phenological information, tourism sector will be better able

to prepare themselves for peak and/or off-season. Tourists
would adjust their vacation to nature reserves to the timing of
certain life cycle events. As plant phenophases are sensitive to
climate change, variations in the timing of vegetation phases
are key components to identify and evaluate the effects of
climatic change on tourism industry [3].

The timings of plant life cycle events have been detected
by ground observations for centuries [4]. However, field
phenology observations are difficult to upscale to large
spatial scale and labor intensive. Satellite-based measure
could provide the potential to extrapolate from species-level
observations to regional variations of phenological patterns.

Grasslands play a vital role in tourism sector because
grasslands provide recreation and tourism services include
horse riding, safari tours, and hunting. At the country level,
China takes the third place after Australia and Russia in
grassland area. Nearly 42% of China is natural grassland,
comprised of a total of 393 million hectares.
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In this paper, we present a satellite-based method to
monitor the start and endof the tourist season for grassland in
NorthChina.Thiswork can be of crucial importance to better
understand how grassland responds to climatic change and,
consequently, to design effective adaptation andmanagement
policy for tourism sector.

2. Study Area

The Inner Mongolia Autonomous Region is situated between
longitude 9712E–12604E and latitude 3724N–
5323N, with an area of 1.183 million km2 taking up 1/8 of
that of China (Figure 1). Situated on the climatic boundary
between the humidmonsoon region and the inland arid area,
Inner Mongolia is a region of extreme contrasts in climate.
The annual mean temperature is about 0–3∘C. July is on
average the warmest month, with an average temperature of
15–25∘C.The average sunshine totals throughout the year are
more than 2700 hours. Average annual precipitation exhibits
a sharp gradient, from 600mm in the east to <100mm in the
west [5].

Inner Mongolia is one of the most representative grass-
land regions of China [6]. The area of grassland accounts for
27 percent of the nation’s total. With the most representative
grassland in China, the region is an appealing destination
for grassland tourism in China as well as a sign of ecological
tourism. Grassland related tourism has become a vital sector
of Inner Mongolia. The number of tourists increased 16.8
percent each year and revenues increased 28.6 percent from
2006 to 2010. By 2015, tourism sector is predicted to generate
a direct contribution to GDP of $25 billion or 8 percent of
GDP.

3. Material and Methodology

3.1. Material. MOD13 A2 8-day NDVI and NDVI Quality
Assurance products from Terra’s Moderate Resolution Imag-
ing Spectroradiometer (MODIS) were obtained from the US
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Figure 2: The reconstructed NDVI time series and the dates of
tourist season.

Geological Survey consisting of a total of 46 images with a
spatial resolution of 1 km.The dataset includes 1 year (January
1, 2008, to December 31, 2008), and it is well suited to detect
grassland tourist season at the scale of the landscape.

The NDVI is calculated by

NDVI = (NIR − VIS)
(NIR + VIS)

, (1)

whereVIS andNIR are the spectral reflectancemeasurements
acquired in the visible (red) and near-infrared regions,
respectively.

3.2.Methodology. Grassland tourist seasons define the period
of time when grassland conditions are suitable for tourism
activities. Zhang et al. [7] defined maturity as the date
when vegetation green leaf area reaches a maximum. The
senescence is decided to occur when green leaf area begins
to rapidly decrease. Figure 2 illustrates how the onset, best
date, the end, and thus length of the tourist season are
determined based on the satellite derived NDVI.The bottom
axis represents time (in days) and the side axis represents
reflectance values.

Function (2) is used to model the annual change in
satellite derived vegetation index data for a single growth or
senescence cycle:

𝑦 (𝑡) =
𝑐

1 + 𝑒𝑎+𝑏𝑡
+ 𝑑, (2)

where 𝑦(𝑡) is the NDVI value at time 𝑡, 𝑡 is time in days, 𝑎
and 𝑏 are fitting parameters, 𝑑 is the initial backgroundNDVI
value, and 𝑐 + 𝑑 is the maximum NDVI value. Least square
fitting was used to determine the fitting parameters 𝑎 and 𝑏.

The onset of transition dates corresponds to the times at
which the second derivative gets from positive to negative
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values. The curvature 𝐾 for (2) at time 𝑡 can be calculated by
[7]

𝐾 =
𝑑
𝑎

𝑑
𝑠

= −
𝑏
2
𝑐𝑧 (1 − 𝑧) (1 + 𝑧)

3
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4
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2
]
3/2
, (3)

where 𝑧 = 𝑒𝑎+𝑏𝑡, 𝑎 is the angle of the unit tangent vector at
time 𝑡 along a differentiable curve, and 𝑠 is the unit length of
the curve.The rate of the change in the curvature of the fitted
logistic models is used to determine the onset of transition
dates (Figure 2). The following is used to compute the rate of
change of curvature:
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(4)

Figure 3 is the detailed flowchart of grassland tourist
season monitoring process. To eliminate the abnormal value,
that is, cloud and snow, a series of preprocessing steps were
performed to smooth satellite data products using TIMESAT
software. Then, the VI data could be fit to logistic functions
described by (2). For the corrected dataset, we identified the
tourist seasons for grassland by Arc Macro Language (AML)
programming using the above methods.

4. Results

4.1. The Onset of Grassland Tourist Season. Remote sensing
measures of tourist season showed a high degree of spatial
variability over the study period. In most regions, grassland
tourist season of Inner Mongolia begins in late June (±30
days). The earliest date was May 30th. The latest date was
August Third. Note that north areas exhibit earlier onset of
tourist season (Figure 4).
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Figure 7: The length of grassland tourist season.

4.2. The Best Date of Grassland Tourist Season. The average
best date of grassland tourist season in InnerMongolia started
approximately in early July (±30 days), though the initiation
period ranged over more than a 30-day period, beginning in
southerly latitudes in late August and advancing northward.
The earliest date was June 26th. The latest date was August
29th. Pronounced spatial variability in the timing of best
tourist season is particularly evident (Figure 5).

4.3. The End of Grassland Tourist Season. The average end of
grassland tourist season started in late July (±50 days). The
earliest date was June 30th. The latest date was October 7th.
In south region, the end of grassland tourist season appeared
relatively late (Figure 6).

4.4. The Length of Grassland Tourist Season. Satellite-based
measurements of the length of grassland tourist season for
Inner Mongolia spanned a period of approximately 3 months
from late June to late September with strong spatial trend.
South areas exhibit longer tourist season (Figure 7).

5. Conclusion and Discussion

Amajor focus of this research is to present a valid methodol-
ogy for detecting the grassland tourist season using remote
sensing data. On average, the beginning, the best, and the
end of grassland tourist season of Inner Mongolia occur in
late June, early July, and late July, respectively. The length of
the grassland tourist season is about 90 days. The grassland
tourist season shows strong spatial variation that might
depend on grass species.

Our results indicate that tourist season for grassland can
be effectivelymeasured by space-borne radar remote sensing,
providing a potentially flexible, repeatable, and realistic way
to monitor regional tourist timings. These timings appear
to have a major influence on regional patterns of tourist
flows. This parameter has implications for tourists and the
tourism industry with reference to the timing of trips and
their promotion. To improve accuracy, sufficient comparison
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between land surface phenology and in situ values is an
essential issue.

Conflict of Interests

The authors have declared that no conflict of interests exists.

Acknowledgments

This study was supported by the Key Project of the National
Natural Science Foundation of China (NSFC, no. 41030101)
and the National Basic Research Program of China (973
Program no. 2010CB950100).

References

[1] Q. Ge, J. Dai, J. Liu, S. Zhong, and H. Liu, “The effect of
climate change on the fall foliage vacation in China,” Tourism
Management, vol. 38, pp. 80–84, 2013.

[2] Brooklyn Botanic Garden,Mizue Sawano:The Art of the Cherry
Tree, Brooklyn Botanic Garden, 2006.
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In order to understand past plant phenological responses to climate change in China (1963–2009), we conducted trends analysis
of spring phenophases based on observation data at 33 sites from the Chinese Phenological Observation Network (CPON). The
phenological data on first leaf date (FLD) and first flowering date (FFD) for five broad-leaved woody plants from 1963 to 2009
were analyzed. Since most phenological time series are discontinuous because of observation interruptions at certain period, we
first interpolated phenological time series by using the optimal model between the spring warming (SW) model and the UniChill
model to form continuous time series. Subsequently, by using regression analysis, we found that the spring phenophases of woody
plants in China advanced at a mean rate of 0.18 days/year over the past 50 years. Changes of spring phenophases exhibited strong
regional difference. The linear trends in spring phenophases were −0.18, −0.28, −0.21, −0.04, and −0.14 days/year for the Northeast
China Plain, the North China Plain, the Middle-Lower Yangtze Plain, the Yunnan-Guizhou Plateau, and South China, respectively.
The spatial differences in phenological trends can be attributed to regional climate change patterns in China.

1. Introduction

Plant phenology, which is the study of seasonal plant develop-
ment events and their relationship to environmental factors
[1], has attracted much attention in the context of climate
change [2, 3]. Plant phenophases can be directly affected
by the interannual variations of climate factors, such as
temperature, light, and moisture [4]. Also, phenology can
in turn affect climate [5, 6]. For example, a longer presence
of green cover in large areas should alter physical processes
such as albedo, latent and sensible heat, and turbulence [5].
Moreover, a longer growing season can influence ecosystem
productivity and vegetation-atmosphereCO

2
exchange [7, 8].

Thus, the study of past phenological changes is beneficial for
assessing the impacts of climate change [9].

In recent years, pronounced phenological shifts have been
detected on all the continents of the world based on satellite
reflectance data [10–12] or ground observation data [13–
17]. For example, using the Advanced Very High Resolution
Radiometer (AVHRR) Normalized Difference Vegetation

Index (NDVI) dataset, Stöckli and Vidale [10] found a pro-
longed growing season in Europe over the past two decades.
Similar results were also found in North America and China
based on the same satellite dataset [11, 12]. Regarding ground-
based phenological change,Menzel et al. [14] did a systematic
assessment of European phenological responses to climate
change and found the spring and summer phenophases such
as timing of leaf unfolding and flowering had advanced by a
mean trend of 2.5 days/decade from 1971 to 2000. Such earlier
spring phenophases in recent decades were also found in
NorthAmerica [18]. In East Asia, several studies showed clear
phenological responses to climate change in Japan and South
Korea based on ground observations [13, 19, 20]. In China,
although some work has been done to assess phenological
changes in several locations [16, 21–24], systematic studies of
phenological shifts at a national scale over a long time period
are still lacking.

In China, phenological observations have been con-
ducted by the Chinese Phenological Observation Network
(CPON) in 1963. Since that time, phenophases of typical
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Table 1: Species selected and corresponding observation sites in the study. Site numbers correspond to site numbers shown in Figure 1.

Species Numbers of sites Distribution sites (site number)
Fraxinus chinensis 3 9, 15, 28
Ailanthus altissima 7 8, 9, 12, 14, 15, 17, 21
Melia azedarach 16 14, 15, 17, 18, 23, 24, 24, 25, 26, 29, 30, 31, 33
Paulownia tomentosa 15 9, 10, 13, 15, 18, 19, 20, 21, 24, 25, 26, 28, 29, 30, 32
Ulmus pumila 18 1, 2, 3, 4, 5, 6, 7, 8, 9, 10, 11, 12, 14, 15, 16, 17, 18, 28

plant species at each site of the CPON network were moni-
tored by relevant local organizations, such as botanical
gardens, weather stations, research institutions, universities,
and middle schools. There was no observation, however,
carried out in certain periods. Given that discontinuous time
series of phenophases affects the assessment of phenological
trends, we firstly interpolated the missing phenological data
of five widespread woody plants using phenological models.
Subsequently, we systematically studied the characteristics
of spatiotemporal changes in spring phenology so as to
evaluate the specific impacts of climate change on biological
systems.

2. Materials and Methods

2.1. Phenological and Meteorological Data. Phenological data
used in this study were derived from CPON. Spring pheno-
phases of five deciduous woody plants, including Fraxinus
chinensis, Ailanthus altissima, Melia azedarach, Paulownia
tomentosa, and Ulmus pumila, were investigated. We only
used time series with more than 11 years of data from
1963 to 2009. As a result, a total of 33 sites have been
included (Figure 1; Table 1). We took first flowering date
(FFD) and first leaf date (FLD) as being representative of
spring phenophases. According to the uniform observation
criteria and guidelines of CPON [25], FFD and FLD are
defined as the date when a fixed individual formed its first
full flower and first full leaf, respectively. Overall, a total of
118 phenological time series (a phase of a specific species at
certain site is considered as one time series) are analyzed
(Table 1). As shown in Figure 2, there are a lot of missing
data in each year for all phenophases. Especially during the
period of 1969–1972, no observation data wasmade due to the
social upheavals of the Cultural Revolution. Similar problems
with data collection also existed in the period of 1997–2002
due to funding shortages. The available data (a total of 2316
observations) could only account for 41.8% of the full dataset
(118 time series × 47 years), so these missing data would
significantly affect the results of trend estimates. Thus, we
interpolated the missing data using phenological models.
Although these interpolated phenological datamay introduce
considerable bias into the results, these uncertainties could be
quantified in our analyses (see Section 2.2).

Meteorological data were derived from the Chinese
Meteorological Administration (http://cdc.cma.gov.cn/) and
included daily mean temperatures from 33 meteorological
stations (Figure 1). Most of these meteorological stations
are relatively close to the corresponding phenological sites
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Figure 1: Illustration of phenological observation sites and spring
phenological trends at each site. Site numbers are shown.

(usually less than 5 km), though for site 8 the corresponding
phenological site is about 30 km away.

2.2. Interpolation of Discontinuous Series Using Phenological
Models. The spring phenophase of a number of trees has
been modeled successfully using accumulated forcing units,
which are often calculated by the accumulated degree days
above a threshold temperature, regardless of the presence of
the additional constraint of a chilling requirement [26]. Since
climates over the study area vary in type from site to site, the
most applicable models are bound to be different in different
places. Thus, we developed two types of models for each
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phenological time series and then chose the most accurate
one to interpolate the time series. The first model used is
the spring warming (SW) model, which is a model without
the constraint of a chilling requirement [27]. Regarding the
models with the constraint of a chilling requirement, we
chose the UniChill model developed by Chuine [28].

2.2.1. SWModel. In the SWmodel, plant development occurs
in response to aggregated heat sums, or heating degree
days (HDD), measured as the sum of 𝑅

𝑓
(𝑥
𝑡
) (daily mean

temperature 𝑥
𝑡
above a base temperature 𝑇

𝑏
), starting at

a day of year 𝑡
0
(1). The HDD achieve the critical forcing

temperature (𝐹∗) at time 𝑡
𝑦
, which represent the FFD or FLD

that occurred. The equations for SWmodel are

HDD =
𝑡𝑦

∑

𝑡0

𝑅
𝑓
(𝑥
𝑡
) = 𝐹
∗

𝑅
𝑓
(𝑥
𝑡
) = {
0 if𝑥

𝑡
≤ 𝑇
𝑏

𝑥
𝑡
− 𝑇
𝑏

if𝑥
𝑡
> 𝑇
𝑏
.

(1)

2.2.2. UniChill Model. The UniChill model divided the pro-
cess of bud development into two phases: dormancy and
quiescence. Dormancy refers to the physiological state during
which development and cell growth are prevented by internal
factors despite favorable external conditions [29]. Plants enter
the phase of quiescence (during which development and cell
growth are triggered by warm temperature) when dormancy
is broken. The equations are as follows:

𝑆
𝑐
=

𝑡1

∑

𝑡0

𝑅
𝑐
(𝑥
𝑡
) = 𝐶
∗ (2)

𝑆
𝑓
=

𝑡𝑏

∑

𝑡1

𝑅
𝑓
(𝑥
𝑡
) = 𝐹
∗ (3)

𝑅
𝑐
(𝑥
𝑡
) =

1

1 + 𝑒𝑎(𝑥𝑡−𝑐)
2
+𝑏(𝑥𝑡−𝑐)

(4)

𝑅
𝑓
(𝑥
𝑡
) =

1

1 + 𝑒𝑑(𝑥𝑡−𝑒)
, (5)

with 𝑡
0
set at September 1, and seven species-specific param-

eters (𝑎, 𝑏, 𝑐, 𝑑, 𝑒, 𝐶∗, 𝐹∗) fitted to phenological observations.
Parameters 𝑎, 𝑏, and 𝑐 define the response function to
temperature 𝑅

𝑐
(𝑥
𝑡
), also called “chilling units”, which models

the effect of “cold” temperatures in breaking dormancy (4).
The accumulative sum of chilling units is called the state
of chilling (𝑆

𝑐
). Parameter 𝐶∗ is the 𝑆

𝑐
threshold at which

bud dormancy is broken (2). Parameters 𝑑 and 𝑒 define the
response function to temperature (𝑅

𝑓
(𝑥
𝑡
), also called “forcing

units” which conditions the effect of “warm” temperatures
during quiescence (5). Forcing units are accumulated as soon
as 𝐶∗ is reached at 𝑡

1
. The model predicts that phenophase

(𝑇
𝑏
) occurs when the state of forcing (𝑆

𝑓
) reaches a particular

critical value 𝐹∗ (3).
The above two models were both fitted for respective

species at each site using daily mean temperatures and the
FLD or FFD time series through the least squaremethod.The
function 𝑓(𝑥) = ∑

𝑖
[𝑟
𝑖
(𝑃)]
2 is minimized in the parameter

space 𝑃, where 𝑟
𝑖
(𝑃) is the residual:

𝑟
𝑖
(𝑃) = 𝑑

𝑖
(𝑃) − 𝑑

𝑖obs (6)

with 𝑑
𝑖
(𝑃) and 𝑑

𝑖obs being the simulated date and the
observed date in the year 𝑖, respectively. We only used odd
years of each time series to fit the parameters. The internal
validity of each series was measured by the percentage
variance explained by the model (𝑅2) and the root mean
square error (RMSE) between the observed dates and the
simulated dates.

The external validity was also measured by the 𝑅2 and
RMSE between remaining observed dates in even years
and corresponding simulated dates. The external validity
measures the goodness of simulation for the years not used
to fit the parameters, so the uncertainties of models could be
represented by the RMSE of external validity. Between two
models we chose the optimal one (with fewest uncertainties)
to interpolate the missing data. In addition, in order to
minimize the errors, only the time series with associated
uncertainties less than seven days (RMSE of external validity
<7) were retained for further analysis.

2.3. Estimation and Comparison of the Phenological Trends.
The temporal trends of time series could be calculated
as the slope coefficient of a linear regression model with
phenophases as the dependent variable and years as the
independent variable. Subsequently, we calculated the mean
trend of all the phenological time series for each site and
investigated the spatial difference of phenological changes in
China. Finally, based on the mean phenological series for
all five species across the 33 sites, we applied the Mann-
Kendall trend test method for detecting monotonic trends in
phenological time series [30]. In addition, we used a moving-
trend analysis method to investigate the temporal evolution
of phenological trends [31], that is, calculating the regression
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Table 2: Internal and external validity of optimal model for 92 time series of spring phenophases. Each column shows the mean ± standard
deviation.

Species Phase 𝑁 DOY Internal validity External validity
𝑅
2 RMSE 𝑅

2 RMSE

Fraxinus chinensis FFD 2 101.9 ± 12.2 0.41 ± 0.18 3.3 ± 0.3 0.31 ± 0.18 4.6 ± 1.6
FLD 2 100.3 ± 13.9 0.78 ± 0.29 2.4 ± 1.5 0.75 ± 0.28 3.3 ± 1.0

Ailanthus altissima FFD 5 140.1 ± 9.9 0.69 ± 0.18 2.4 ± 1.2 0.42 ± 0.21 3.6 ± 0.5
FLD 7 105.9 ± 10.0 0.69 ± 0.15 3.3 ± 1.0 0.77 ± 0.12 3.4 ± 1.5

Melia azedarach FFD 16 111.2 ± 19.2 0.67 ± 0.28 3.6 ± 1.8 0.66 ± 0.22 4.1 ± 1.6
FLD 9 89.3 ± 19.7 0.67 ± 0.28 3.9 ± 1.4 0.55 ± 0.28 4.7 ± 1.4

Paulownia tomentosa FFD 9 89.3 ± 16.7 0.85 ± 0.17 2.3 ± 0.9 0.69 ± 0.18 3.4 ± 1.3
FLD 12 94.8 ± 15.2 0.74 ± 0.17 4.4 ± 2.3 0.59 ± 0.21 4.6 ± 1.1

Ulmus pumila FFD 13 82.0 ± 23.8 0.63 ± 0.34 4.2 ± 2.1 0.60 ± 0.17 5.2 ± 1.4
FLD 17 103.4 ± 19.1 0.59 ± 0.21 4.1 ± 1.1 0.63 ± 0.23 4.1 ± 1.2

Overall 92 N/A 0.67 ± 0.24 3.7 ± 1.7 0.62 ± 0.22 4.2 ± 1.4

slope for each 31-year period by moving the center year
with a step length of one year. For highlighting the decadal
variation of spring phenophases, the anomalies (relative to
the mean over the 1963–1990 period) of spring phenophases
in each decade (1960s, 1970s, 1980s, 1990s, and 2000s) were
calculated.

3. Results

3.1. Validity of the Models. The SW model performed better
(the RMSE of external validity is less) than the UniChill
model in 67 time series, while the UniChill model showed
better simulation in the other 51 time series. For each time
series of spring phenophases, we used the optimal model
to interpolate the missing data. In order to minimize the
uncertainty of the interpolation as far as possible, we only
retained the time series with models uncertainties less than 7
days. As a result, 92 of 118 time series were chosen for further
analysis. The results of model validity for these series are
shown in Table 2. The average 𝑅2 of internal validity for each
phenophase ranged from 0.41 to 0.85 with an overall mean
of 0.67, while the overall mean of 𝑅2 for external validity was
0.62 (0.31–0.77). Accordingly, the overall mean of RMSE for
internal validity and external validity was 3.7 days and 4.2
days, respectively. The variances of phenophases (standard
deviation) were often more than 3 times stronger than the
RMSE (Table 2); therefore, the error introduced by themodels
was acceptable.

3.2. Spatial Patterns of Spring Phenophases Change. The fre-
quency distribution of the phenological trends is summarized
in Figure 3. 88 of 92 spring phenological series showed
earlier trends (62 series reached a 0.05 level of significance).
Therefore, the earlier trends of spring phenophases from 1963
to 2009 are notable in China. The temporal trends of spring
phenophases ranged from −0.35 to −0.03 days/year among
different sites (Figure 1). The trends of spring phenophases
in the main areas of China are as follows:

(1) The spring phenophases in theNortheast China Plain,
represented by sites 1–6 and 8, showed a strongly
earlier trend of 0.18 days/year;

(2) the spring phenophases in the North China Plain,
represented by sites 9 and 11–13, exhibited a very
marked trend of −0.28 days/year, which was the
strongest change in China;

(3) the spring phenophases in theMiddle-Lower Yangtze
Plain, represented by sites 17–19, 21–23, and 26–28,
advanced by a mean trend of 0.21 days/year. In the
southern part of this area, however, the trends in
spring phenophases were relatively weak (e.g., trends
at sites 26 and 27 are only −0.07 and −0.14 days/year,
resp.);

(4) mean spring phenophases trend in the area of the
Yunnan-Guizhou Plateau (represented by site 28) and
the Sichuan Basin (represented by sites 20 and 24) was
only −0.04 days/year, which was the weakest change
in China;

(5) the spring phenophases in the South China area (rep-
resented by sites 29–32) advanced by 0.14 days/year.

Furthermore, the spring phenophases at other sites also
showed consistent shifts (Figure 1). For example, the spring
phenophases at site 7 (Hohhot), the only site located in
the temperate grassland region, showed a trend of −0.22
days/year, while the spring phenophases at site 10 (Minqin),
located in the temperate desert region, showed an advancing
trend of 0.18 days/year.The trend at site 14 (Luoyang), located
in the Yi-Luo River Basin, demonstrated a very weak trend
(−0.07 days/year). The mean trend of −0.28 days/year at site
15 (Xi’an), located in the Weihe River Plain, was comparable
with the trend in theNorthChina Plain area. Site 33 (Mengla),
the only one located in the tropical monsoon forest area,
shows an obvious trend of −0.23 days/year towards earlier
spring. Overall, the spring phenophases for most areas over
China had advanced very significantly, but the strength of the
advance varied among different regions.
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3.3. Temporal Evolutions of Spring Phenophases. The annual
changes of mean spring phenophases are shown in Fig-
ure 4(a). We found that the spring phenophases have large
interannual variation with about 18 days’ amplitude. In the
context of the last 47 years, 1980 marks the latest spring
phenophases and 2002 marks the earliest spring pheno-
phases. The spring phenophase in 1980 was 5.0 days later
than the 1963–1990 average, while the spring phenophase in
2002 was 13.2 days earlier than the 1963–1990 average. For
the overall period of 1963–2009, the linear trend of spring
phenophases was −0.18 days/year (𝑃 < 0.001), suggesting a
significant advance of 8.3 days. The Mann-Kendall trend test
also indicates a significantly earlier trend in the mean spring
phenophases time series (𝑍 = −3.72; 𝑃 < 0.001).

The 31-year moving linear analysis of the spring pheno-
logical series indicated that the time periods would affect the
estimation of phenological trends (Figure 4(b)). The spring
phenophases showed a pronounced advancing trend of 0.30
days/year for the period of 1979–2009. The 31-year periods
with the center year from 1989 to 1993 also showed significant
advancing trends of around 0.23 days/year, though they were
less than the trend over the 1979–2009 period (Figure 4(b)).
In the 31-year periods with the center year before 1989, the
trends of spring phenophases were insignificant. In general,
the trends in the recent 31 years showed an unusual advancing
trend that surpasses all previously observed trends in the past
31-year periods before 1979.

Furthermore, in terms of the temporal evolution of
spring phenophases, a very apparent decadal change was
detected (Figure 5).The spring phenophases in the 1990s and
2000s occurred 2.53 and 6.93 days earlier, respectively, than
the 1963–1990 average. However, in the first three decades
(1960s–1980s) the spring phenophases were close to the 1963–
1990 average. Therefore, the advances in spring phenology
can be said to have become evident after the 1980s and then
strengthened in the 2000s.

4. Discussion

The significant advance in FFD and FLD of the five
tree species observed in this study is consistent with
spring phenophase changes in other parts of the world
(Table 3). In Europe, an enormous systematic phenological
network dataset of more than 100 000 observational series
of 542 plants indicates an advance of 0.25 days/year in
spring/summer phase for the period of 1971–2000 [14]. In
this study, when restricting the time period to 1971–2000, the
spring phenophase trend (−0.11 days/decade) is shown to be
weaker than that observed in Europe (Table 3). Compared
with the Northeastern US, however, the observed trend in
the flowering time of lilac from 1965 to 2001 is close to
our estimates [32]. This evidence indicates that the onset of
spring across the Northern Hemisphere has appeared earlier
over the past several decades. In the Southern Hemisphere,
Australia has also experienced a warming climate in recent
decades, leading to earlier wine grape maturity dates with
a trend of −0.8 days/year (1985–2009) [33], which is about
two times a stronger advance than indicated by spring
phenophases in China (−0.43 days/year).

In addition, another study from China suggested that the
spring started 0.41 days earlier per year on average from 1982
to 2006 [34]. The result is stronger than our estimates (−0.33
days/year, Table 3) over the same period. The possible reason
is that both the number of plant species and phenological
observation sites involved are different from those relied
on in this study. In [34], the authors discussed the FLD
of 13 plant species at 20 observation sites, while our study
consists of FLD and FBD for five plant species at 33 sites.
Therefore, differences in species and phases selection, as well
as distribution of phenological observation sites, could affect
the results of trend estimates.

The advance of spring phenophases in China has obvious
regional differences. In general, the trends in northern China
are stronger than those in southern China (Figure 1). As a
previous study suggested, the trend of annual temperature
increase (1961–2000) was about 0.2-0.3∘C/decade in northern
China and less than 0.1∘C/decade in southern China [35].
Therefore, in China, the phenological response to climate
change matches the observed warming pattern. However,
the distribution of phenological observation sites involved
in this study is uneven, so these sites have limited spatial
representativeness. In future, it will be necessary to enlarge
CPON and enlist volunteers to help acquire more phenolog-
ical data, which could minimize the effect of site distribution
in estimating phenological change.

Apart from the temperature in spring and the chilling
temperature in winter, the photoperiod and evaporative
demand also play an important role in regulating the growth
and development of plants in temperate regions [36, 37].
Decreasing day lengths are reliable cues of the impending end
of the growing season and winter onset for many temperate
biomes, while increasing day lengths indicate the arrival of
spring [37]. Because photosynthesis and growth are likely to
be significantly limited if the vapor pressure deficit (VPD)
is at a high value [38], the distribution of vegetation with
different phenological patterns is very sensitive to seasonal
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Figure 4: The change of spring phenophases from 1963 to 2009 (a) and the 31-year moving trends of the spring phenophases (b) in China.
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Table 3: Comparison of trends in spring phenophases between this study and other studies based on ground phenological observations.

Regions Objects Periods Trends (days/year) Trends in this study Source
Europe Spring/summer events of 542 plant 1971–2000 −0.25 −0.11 [14]
Northeastern USA The flowering time of lilac 1965–2001 −0.09 −0.12 [32]
Australia Wine grape maturity date 1985–2009 −0.80 −0.43 [33]
China The leaf unfolding time of 13 plant species 1982–2006 −0.41 −0.36 [34]
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changes in VPD. Among such influencing factors, the SW
model used in this study only considers the effects of spring
temperature, but the UniChill model also considers chilling
requirements. Thus, the impacts of other potential factors on
the model’s predictions need to be further studied.

5. Conclusions

Based on observational data from CPON, this study inves-
tigated the changes in FFD and FLD of five woody plants
(including Fraxinus chinensis, Ailanthus altissima, Melia
azedarach, Paulownia tomentosa, and Ulmus pumila) in
China. The results show that the spring phenophases in
China became remarkably earlier at a mean rate of 0.18
days/year over the period from 1963 to 2009. The spring
phenophases were stable from the 1960s to the 1980s but
advanced by 2.5 days during the 1990s and 6.9 days during
the 2000s (compared to the 1963–1990mean). In addition, the

changes of spring phenophases showed noticeable regional
difference. The magnitudes of advance in the North China
Plain, the Middle-Lower Yangtze Plain, and the Northeast
China Plain are the strongest, while the magnitudes of
advances in the Yunnan-Guizhou Plateau, the Sichuan Basin,
and South China are weaker. In general, the change of
spring phenophases in China matches the warming pattern
observed over the past 50 years.
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Beijing has experienced rapid urbanization and associated urban heat island (UHI) effects.This study aimed at analyzing the impact
of urban form on UHI in Beijing using TM/ETM images between 1989 and 2010. Spatial analysis was proposed to explore the
relationships between area, compactness ratio, the gravity centers of urban land, and UHI.TheUHI in Beijing spatially represented
a “NE-SW” spindle. The land surface temperature (LST) was higher in south than in north. Urban Heat Island Ratio Index (URI)
was well interrelated with urban land area in different zones. Under the similar urban land area condition, UHI and compactness
ratio of urban land were in positive correlation. The moving direction of the UHI gravity center was basically in agreement with
urban land sprawl. The encroachment of urban land on suburban land is the leading source of UHI effect. The results suggest that
urban design based on urban form would be effective for regulating the thermal environment.

1. Introduction

With the background of rapid urbanization, the population
living in urban areas is forecasted to be five billion by 2030
[1]. Numerous modifications of land surface will occur as an
accumulating number of people migrate into metropolitan
areas [2]. The modification of land surface will result in
urban climate change. There is a remarkable phenomenon
for urban climates that the temperatures of urban land and
their surrounding rural regions are different. The distinct
differences in the temperature are referred to as urban heat
island (UHI) [3, 4]. The UHI would significantly affect the
human living conditions and increase energy consumption
and atmospheric pollution [5]. The acceleration of urbaniza-
tion, such as increased impervious surfaces and population
density, would increase the UHI [6].

Numerous studies have focused on the impact of the
urban form on urban environment. Urban form, which is
a term that broadly refers to the layout and design of a
city, affects ecological and environmental quality through the
composition and fragmentation of land pattern, the water

and energy consumption, and air movement [7–11]. Oke [12]
stated urban size as a main factor in the UHI development.
Declines in thermal inertia and the vegetation index because
of the encroachment of urban land constrain evaporation
consequently reduce the loss of heat by latent heat flux [13].
The reduction of wind speeds [14] and sky-view factors [5, 7],
higher anthropogenic heat release [5, 7, 14], increased energy
demands, and congestion of transportation networks [11]
resulting fromurbanizationwill further aggravateUHI effect.
However, urban growth is an inevitable tendency following
the people migrating into metropolitan areas. “Good urban
form” would mitigate the deterioration of the metropolitan
environment [15, 16] as recent discussions of “urban sprawl”
in the United States and the “compact city” in Europe [17–
19].The relationships between urban form and transportation
energy consumption have been examined to reduce CO

2

emissions [20–22].Marquez and Smith [23] established a land
use - transport - environment model linking urban form to
improve air quality. So far, no detailed study has been made
on the theoretical achievements and practical applications
in the relationship between urban form and urban thermal
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Figure 1: The spatial distribution of urban land in Beijing during 1989–2010.

environment in Beijing. The study focused on the following.
(1)What were temporal-spatial characteristics of urban form
and UHI during the period of 1989–2010? (2)How has urban
form impacted UHI effect in Beijing?

To characterize urban growth, form, and spatial structure,
various indicators such as density, compactness, complexity,
and circularity ratios are used to represent urban characteris-
tics [24]. The zonal strategy also provides us with a scientific
method of measuring spatial geographic information for
urban agglomeration [25–27]. Similarly to urban form, the
measurement of urban heat island also has been the focus of
a large number of studies, and for which several indicators
have been assigned [9, 28–30]. Satellite observation pro-
vides a quantitative measurement of urban sprawl and UHI.
Advanced Very High Resolution Radiometer (AVHRR) data
from the National Oceanic and Atmospheric Administration
(NOAA) [31, 32], Thermal infrared (TIR) data from the
Thematic Mapper (TM) and Enhanced Thematic Mapper
Plus (ETM) [33, 34], Moderate-Resolution Imaging Spectro-
radiometer (MODIS) LST products have been successively
utilized to study the UHI effect [30]. The present study
analyzed LST from TM/ETM collected in 1989, 2000, and
2010, respectively. In addition, Landsat TM images were
analyzed to retrieve land use types.

2. Study Area and Data Sources

2.1. Study Area. Beijing, the capital of the People’s Repub-
lic of China, extends approximately 1∘37 latitudinally

(39∘26–41∘03N) and 2∘05 longitudinally (115∘25–117∘30E).
It covers fourteen districts and two counties, and the total
area is approximately 16410 km2 [35] (Figure 1). The city has
a subhumid warm temperate continental monsoon climate
and four distinct seasons, with a cold and windy winter,
and a hot and humid summer. Beijing has experienced the
rapid urbanization process. The permanent population was
10.75 million in 1989 and reached up to 19.62 million in 2010.
In a similar way, Gross Domestic Product (GDP) increased
from 45.6 billion to 1411.3 billion with approximate 30 times
increase during 1989–2010 [35]. Recently, environmental
problems (e.g., UHI, sand and dust storms, and pollution
haze) resulting from rapid population and economic growth
have negatively affected the quality and comfort of urban
living [36].

Environmental problems, especially UHI in Beijing, have
drawn international attention. Zhang et al. [37] reported
that the average UHI was approximately 4–6∘C when using
a suburban area in the northwestern region as the rural
baseline and 8–10∘C when using the outer suburban area in
the same region.Warmer temperatures even delay the timing
of fall foliage vacation [38]. With the diversified and rapid
development of the economy and urban society, urban sprawl
in Beijing will likely expand and the UHI effect will become
more severe [29].

2.2. Data Sources. The land use datasets were provided by
the Institute of Geographical Sciences and Natural Resources
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Research, Chinese Academy of Sciences. The study collected
three periods of land use datasets, that is, 1989, 2000, and
2010. To retrieve the land cover types, Landsat TM images
were chosen and radiantly corrected. The visual interpreta-
tion was conducted on the false color composites (R/G/B =
Band 5/4/3) of TM/ETM+ images. There were six aggregated
classes of land use: cropland, forest, grassland, water bodies,
built-up land, and bare land. These classes were further
divided into 25 land use classes. The built-up land contains
urban land, rural residential land, and industrial and mining
sites. The average interpretation accuracies were 92.9% for
land use and 97.6% for the detection of changes in land cover.
For cropland, the accuracy was 94.9%. The built-up area
had the highest accuracy of 96.3%. For forest and grassland,
the accuracies were 90.1% and 88.1%, respectively [39]. In
addition, three high-quality (cloud-free) TM/ETM images on
14 August, 1989, 10 August, 2000, and 8 August, 2010 were
applied to retrieve LST, respectively.

3. Methods

3.1. The Measures of Urban Form

3.1.1. Urban Form Measurement Indices. The compactness
ratio of urban outer contour is an important concept reflect-
ing the urban form [27, 40–42], and it is computed as follows:

BCI = 2
√𝜋𝐴

𝑃
, (1)

where BCI is the compactness ratio of urban land, 𝐴 is the
area of urban land, and 𝑃 is the perimeter of urban contour.
BCI ranges from 0 to 1; a higher value indicates a more
compacted shape and a value closer to 1 indicates that the
shape is closer to a circle, and vice versa. A circle is the most
compact shape, and thus the compactness ratio of a long and
narrow shape is far smaller than 1.

In general, if urban land expansion changes in the infilling
way, the concavity of urban edges will decrease because the
urban internal gaps are gradually filled up, and as a result,
the urban outer contour form tends to be more compact.
If the urban land expansion changes in the edge-expansion
way, the urban form tends to be incompact. However, the
debate over whether a compact urban form is best for urban
thermal environment had lasted for a long history [43, 44].
The heat sources in low-density spreading urban area are
relatively dispersed, but the increased fuel consumption by
vehicles produces more anthropogenic heat. However, the
newly large-area buildings will occupy more green land,
increasing the area of impervious surface and enhancingUHI
effect.

3.1.2. Urban Land Expansion Measurement Indices. Themost
common method to describe the heterogeneous of urban
land expansion is to comparatively analyze the differences of
urban expanding speeds at different directions (Figure 1).The
method visually and concisely sketches the spatial form of
urban expansion and discriminates the spatial heterogeneous
in different zones. In this paper, we designed a 30 km buffer

around the city center, which could cover all urban built-
up land. We also studied the urban spatial heterogeneous by
dividing the buffer zones into eight quadrants.

The speed and intensity of urban land expansion can be
used to analyze and describe the land expansion status at
all directions in the urban built-up land and to compare the
extending intensity, speeds, and trends of urban land in all
study areas at different periods [45, 46]. The two indices are
expressed as

𝑀ue =
Δ𝑈
𝑖𝑗

Δ𝑡
𝑗
× ULA

𝑖𝑗

× 100%

𝐼ue =
Δ𝑈
𝑖𝑗

Δ𝑡
𝑗
× TLA

𝑖𝑗

× 100%,

(2)

where𝑀ue is the expanding speed index, 𝐼ue is the expanding
intensity index, Δ𝑈

𝑖𝑗
is the expansion area of urban land in

study area i (e.g., a zone at certain direction) at period j, Δ𝑡
𝑗

is the time span, ULA
𝑖𝑗
is the total area of urban land in study

area 𝑖 at early period j, and TLA
𝑖𝑗
is the total area of urban

land in study area i.
The expanding speed indicates the annual growing rate

of urban land at different stages during a whole study
period and represents the overall trend of different types of
urban land expansion at all stages. The expanding intensity
index essentially is used to standardize the annual average
expanding speeds of all spatial units, and thus the expanding
speeds at different periods can be compared [47].

The centre of gravity is an important indicator describing
the spatial distribution transition of a geographic subject
[48, 49]. Center of gravity reflects the spatial orientation of
a spatial element and the overall heterogeneous and “high-
density” parts of a type of land use, and its dynamic transition
reflects the overall transfer trajectory of the distribution of
spatial elements. The gravity center of urban land is an
important spatial index related to urban development and
has high applicable value in urban development decision-
making.

For multiple geographical objects, the coordinates of
gravity center can be computed as follows:

𝑋
𝑡
=
∑
𝑛

𝑖=1
(𝐶
𝑡𝑖
× 𝑋
𝑖
)

∑
𝑛

𝑖=1
𝐶
𝑡𝑖

𝑌
𝑡
=
∑
𝑛

𝑖=1
(𝐶
𝑡𝑖
× 𝑌
𝑖
)

∑
𝑛

𝑖=1
𝐶
𝑡𝑖

,

(3)

where𝑋
𝑡
and 𝑌

𝑡
are the gravity centers of urban land at time

t, 𝑋
𝑖
and 𝑌

𝑖
are the coordinates of geometric center of urban

land in block I, and 𝐶
𝑡𝑖
is the area of block i.

We further put forward two variables: gravity center
transfer distance (L) and gravity center transfer angle (𝛼).The
transfer distance reflects the homogeneous degree of urban
land between different periods, and the transfer direction
indicates the “high- density” parts of urban land [48, 49]:

𝐿
𝑡+1
= √(𝑥

𝑡+1
− 𝑥
𝑡
)
2

+ (𝑦
𝑡+1
− 𝑦
𝑡
)
2

, (4)
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where𝐿
𝑡+1

is the gravity center transfer distance of urban land
from period 𝑡 to period t+1:

𝛼
𝑡+1
=

{{{{{{{{{{{{{

{{{{{{{{{{{{{

{

arctan(
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(5)

where 𝛼
𝑡+1

is the angle between the transfer direction and the
east direction from period 𝑡 to period t + 1.

3.2. The Spatiotemporal Pattern of LST

3.2.1.TheRetrieval of Brightness Temperature from the Landsat
5 TM Images. Chen et al. [50] proposed a two-step method
to derive brightness temperature. First, the digital numbers
(DNs) of band 6 are converted to radiation luminance (𝑅TM6,
m ⋅W ⋅ cm−2 ⋅ sr−1) as follows:

𝑅TM6 =
𝑉

255
(𝑅max − 𝑅min) + 𝑅min, (6)

where 𝑉 is the DN of band 6, and 𝑅max = 1.896 m ⋅W ⋅ cm−2 ⋅
sr−1, 𝑅min = 0.1534 m ⋅W ⋅ cm−2 ⋅ sr−1.

Then radiation luminance is converted to at-satellite
brightness temperature in Kelvin, T(K), as follows:

𝑇 =
𝐾1

ln (𝐾2/ (𝑅TM6/𝑏) + 1)
, (7)

where 𝐾1 = 1260.56K and 𝐾2 = 60.766 (m ⋅ W ⋅ cm−2 ⋅
sr−1), which are prelaunch calibration constant, and b is the
effective spectral range, when the sensor’s response is much
more than 50%, b = 1.239 (𝜇m).

3.2.2. Retrieval of Brightness Temperature from Landsat 7
ETM+ Images. Landsat 7 ETM products were utilized for
retrieving temperature in 2000 according to the User’s Hand-
book. It is also simplified to two steps as follows.

First, the DNs of band 6 were converted to radiance as
follows:

𝑅TM6 =
𝐿max − 𝐿min

𝑄cal max − 𝑄cal min
× (𝑄cal − 𝑄cal min) + 𝐿min, (8)

where the gain and offset can be obtained from the header file,
𝑄cal min = 1,𝑄cal max = 255,𝑄cal = DN, and 𝐿max and 𝐿min (also
given in the header file) are the spectral radiances for band 6
at DNs 1 and 255 (i.e., 𝑄cal min and 𝑄cal max), respectively.

Then the effective at-satellite temperature of the viewed
Earth-atmosphere system under the assumption of uniform
emissivity could be obtained from the above spectral radiance
as follows:

𝑇 =
𝐾2

ln (𝐾1/𝑅TM6 + 1)
, (9)

where 𝑇 is the effective at-satellite brightness temperature in
Kelvin, 𝐾1= 666.09 (m ⋅W ⋅ cm−2 ⋅ sr−1) and 𝐾2 = 1282.71 K
are calibration constants, and 𝑅TM6 is the spectral radiance in
m ⋅W ⋅ cm−2 ⋅ sr−1.

3.2.3. Retrieval of LST. The calculated radiant temperatures
were corrected for emissivity by using the normalized dif-
ferential vegetation index (NDVI). The study thresholds the
NDVI images into two general vegetation and nonvegetation
classes, and assigning emissivity values of 0.95 and 0.92 to
them, respectively, produced emissivity images for each data
[51]. Then, LST was calculated as below [33, 52–57]:

𝑇
𝑠
=

𝑇

1 + (𝜆𝑇/𝜌) ln 𝜀
, (10)

where 𝜆 = wavelength of radiance = 11.5𝜇m, 𝜌 = ℎ𝑐/𝛿 =
1.438 × 10−2 mK (h = Planck’s constant = 6.626 × 10−24 Js,
c = velocity of light = 2.998 × 108m/s, and 𝛿 = Boltzmann
constant = 1.38 × 10−23 J/k). Because of the importance of
vegetation as a temperature controlling factor, the emissivity
correction resulted in significant differentiation of classes
and increased spatial detail comparable to those of reflective
bands. Finally, the images were converted to Celsius.

3.2.4.The Calculation of UrbanHeat Island Ratio Index (URI).
In this paper, we aimed to study the spatiotemporal variation
of UHI by using LST data inverted from remote sensing (RS)
images at different periods.Then based on bright temperature
normalization, we introduced URI to quantify UHI [28, 46].

UHI study focuses on the spatial relative intensity of
LST. Conditions in surrounding rural areas also affect the
magnitude of an UHI [58]. For example, Streutker [32] found
that UHI intensity was inversely correlated with rural LST.
RS images obtained from different periods only change the
values of LST, rather than changing the spatial distribution of
LSTs.Therefore, LSTs were normalized to compare the spatial
distributions of LSTs at the three periods, and thereby the
spatiotemporal pattern variations of UHI in Beijing between
1989 and 2010 were studied.

First, LSTs at different periods were normalized to be
between 0 and 1:

𝑇
𝑛𝑖
=

𝑇
𝑠𝑖
− 𝑇
𝑠min

𝑇
𝑠max − 𝑇𝑠min

, (11)

where 𝑇
𝑛𝑖
is the normalized value of pixel 𝑖; 𝑇

𝑠𝑖
is the LST of

pixel 𝑖;𝑇
𝑠max is themaximum LST in Beijing; and𝑇

𝑠min is the
minimum LST.

Then the normalized LSTs were classified by a density
segmentation method into five thermodynamic levels: low,
submedium, medium, subhigh, and high. Thereby, the dis-
tribution of LST levels in Beijing was characterized, and the
area of each level could be calculated according to Table 1.

Finally, URI was introduced to quantify the contribution
rate of urban land to UHI [28, 46]:

URI = 1

100𝑚

𝑛

∑

𝑖=1

𝑤
𝑖
𝑝
𝑖
, (12)
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Table 1:The thresholds of different thermodynamic levels (unit: ∘C).

Level 1989 2000 2010
Low 21–23.46 21–22.33 21–23.82
Submedium 23.46–24.75 22.33–23.35 23.82–25.85
Medium 24.75–25.60 23.35–24.87 25.85–27.10
Subhigh 25.60–26.87 24.87–26.85 27.10–28.91
High 26.87–30 26.85–31 28.91–32

where 𝑚 is number of normalized temperature levels; i is
the level value of temperatures higher than rural areas; n
is number of higher temperature levels mainly occurring in
urban areas; 𝑤 denotes weighted value using the value of
correspond level i; and p is the area percentage of level 𝑖.
Essentially, URI is obtained by computing the ratio of UHI
area to urban land with the consideration of weighted values
of each temperature level. It reflects the development degree
of UHI in built-up land. A larger URI indicates more severe
UHI effect.

4. Results

4.1. The Spatiotemporal Pattern of Urban Form. Urban land
expansion is a basic characteristic of urban form evolution.
The urban land increased by 775.82 km2 at a rate of 184.31%
between 1989 and 2010 (Table 2). Specifically, the urban
land increased by 469.32 km2 during 1989–2000 and by
306.50 km2 during 2000–2010, respectively. The expanding
intensity of urban land (𝐼ue) decreased from 1.51 during
1989–2000 to 1.08 during 2000–2010, indicating the slow-
down of expanding speed. Regarding urban form, the urban
land was distributed like an “E-W” axis in 1989. The urban
land in north of the axis was highly compacted, indicating
high clustering degree; the urban land in south of the axis was
less compacted, indicating scattered distribution. From 1989
to 2010, the newly urban land sprawled north- and south-
wards along the axis, and thus the compactness ratio of urban
land slightly decreased, showing an overall edge-expansion
mode (Figures 2 and 3).

In 1989, the urban lands were concentrated in southwest
and west, for example, Xicheng, Fengtai, and Shijingshan
Districts, accounting for 41.38% of total built-up land in the
study area. The area of urban land in northeast zone was
70.17 km2. The urban land in the three zones expanded in
an infilling way, and compactness index (BCIs) all increased
during 1989–2000. Especially, BCI increased from 0.17 to 0.25
in the southwest zone, which was attributed to the large area
of newly urban land in Fengtai District and the continuous
infilling expansion of urban land in Xicheng, Haidian, and
Shijingshan districts. BCIs in other zones slightly decreased
during the same period. These results indicated that the
newly urban land were spreading outward, and especially
in the south and northwest zones, the expanding intensity
(𝐼ue) reached 2.17 and 1.84, respectively. However the BCIs
did not change obviously. Urban land in southeast zone also
expanded apparently, and the expanding intensity reached
1.63, but BCI dropped in the same zone. The expanding
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Figure 2: Compactness ratio index.
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Figure 3: Urban land expanding intensity.

speed and the compactness ratio of urban land slightly
decreased during 2000–2010, and the urban land was more
decentralized. The urban expansion still was apparent in the
south, northwest, and southeast zones. Especially, the area of
urban land was 185.48 km2, a 4-fold increase more than 1989
in Fengtai and Daxing Districts.
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Table 2: The characteristics of urban land expansion in Beijing during 1989–2010 (unit: area-km2).

Zone 1989 2000 2010 1989–2000 2000–2010
Area BCI Area BCI Area BCI 𝑀ue 𝐼ue 𝑀ue 𝐼ue

N 27.25 0.57 71.98 0.27 109.93 0.17 14.92 1.14 5.27 1.06
NE 70.17 0.24 120.25 0.29 149.50 0.26 6.49 1.30 2.43 0.84
E 30.82 0.31 93.53 0.21 141.87 0.19 18.50 1.63 5.17 1.38
SE 23.84 0.41 72.19 0.37 103.09 0.33 18.44 1.23 4.28 0.87
S 36.07 0.19 121.20 0.19 185.48 0.14 21.45 2.17 5.30 1.80
SW 102.03 0.17 159.00 0.25 186.34 0.22 5.08 1.48 1.72 0.78
W 72.13 0.19 121.35 0.22 138.86 0.17 6.20 1.28 1.44 0.50
NW 58.60 0.28 130.75 0.26 181.67 0.20 11.19 1.84 3.89 1.43
Built up area 420.93 0.11 890.25 0.11 1196.75 0.09 10.14 1.51 3.44 1.08

Table 3: The LST and URI of urban land in Beijing between 1989 and 2010.

Zone 1989 2000 2010
LST (∘C) URI LST (∘C) URI LST (∘C) URI

N 26.73 0.06 27.47 0.18 27.83 0.23
NE 26.45 0.16 27.22 0.30 27.83 0.32
E 27.32 0.08 27.37 0.23 28.46 0.31
SE 27.57 0.06 27.71 0.18 28.43 0.23
S 27.56 0.09 27.41 0.30 28.35 0.41
SW 26.85 0.25 27.70 0.41 28.54 0.44
W 26.12 0.15 27.44 0.31 27.99 0.31
NW 26.85 0.14 27.10 0.31 27.87 0.38
Beijing 26.78 0.12 27.39 0.27 28.26 0.30

4.2. The Spatiotemporal Pattern of LST. The LSTs in Bei-
jing between 1989 and 2010 were quantitatively retrieved
from TM/ETM data, and their spatiotemporal patterns were
further analyzed (Figure 4). In general, the LSTs and URIs
of urban land increased from 1989 to 2010, heat island
areas expanded, and the UHI intensity resulting from urban
expansion obviously increased (Table 3). LSTs in urban land
were higher in south than in north in 1989, mainly because
there were more industrial lands in the south of Beijing.
However, the spatial distribution became less obvious along
with urban expansion during 1989–2000, because some large-
scale energy-intensive factories were completely moved out
and the released industrial heat sources were reduced.

UHIs in 1989 distributed like an “NE-SW” spindle, as URI
in the southwest zonewhereURI reached up to 0.25was obvi-
ously higher than in other zones (Figure 5), because large-
scale energy-intensive enterprises including Shoudu Iron and
Steel Company and some thermal power plants were located
in Shijingshan district. They discharged abundant heat to
cause elevated temperature in atmosphere and land surface.
URIwas also high in the northeast zone (URI = 0.16) andUHI
effect was more severe than the adjacent zones, which mainly
were associatedwith the BeijingCapital International Airport
in Shunyi district. URIs increased largely and heat island
area expanded obviously between 1989 and 2000. However
UHIs were still distributed like an “NE-SW” spindle in the
southwest and northeast zones. URIs increased significantly
and raised above 0.3 in the west, south, and northwest zones.

Especially the increase of URI was most obvious in the south
zone, which was associated with the highest urban expanding
intensity. The urban-rural transition belt of the main urban
area to Tongzhou/Fangshan districts has clearly manifested
UHI characteristics.

URIs in all zones further increased and UHI was more
severe in Beijing between 2000 and 2010. URI was still
highest in the southwest zone (URI = 0.44), followed by the
south zone (URI = 0.41). Noticeably, URI in the northwest
zone increased rapidly to 0.38, because of the tremendous
expansion of urban land. A mountain of high-tech industry
areas and large-scale residential areas emerged and gradually
became new heat island centers, such as Zhongguancun,
Shangdi, and Sijiqing residential areas. These high-density
buildings and dense population were the main reasons of
high LSTs. In addition, the east zone gradually connected
and jointly developed with the residential areas in Yanjiao
of Hebei province, and the population boom, traffic land
extension, and increased vehicle flow together resulted in
constantly increasing URI.

4.3. The Impact of the Urban Form on Urban Heat Island.
In this study, we compared urban land and URIs in the
eight zones at three periods. The results showed that the
two indices were in high correlation (R2 = 0.971), indicating
that the occurrence of UHI effect was likely attributed to the
rapid transition from suburban land to urban land (Figure 6).
Large-area buildings encroached on more green land, as the
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Figure 4: Spatiotemporal distributions of LST in Beijing.

increase of impervious surface, declines in thermal inertia,
and the vegetation index constrain evaporation, consequently
reducing the loss of heat by latent heat flux and enhancing
UHI effect.

In addition, at the same urban scale, a more compacted
urban form indicated more severe UHI. In 1989, the urban

lands were nearly identical size (70.17 versus 72.13 km2) in the
northeast and west zones of Beijing. However, the BCI was
obviously higher in the northeast zone, therefore there was a
higher URI, indicating stronger UHI effect in the northeast
zone than in the west zone of Beijing. Similarly, the southeast
and north zones were equally large (103.09 versus 109.93 km2)
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in 2010; however the urban form was more compacted in
the southeast zone, the BCI (0.33 versus 0.17) and thus URI
was higher, indicating stronger UHI effect in the southeast
zone than in the north zone. Obviously, higher urban density
and surface roughness would weaken the urban-rural air
ventilation, blocking the urban internal heat diffusion and
increasing the temperature differences between urban area
and rural area.

Then the effects of urban land on UHI effect were further
analyzed from the aspect of spatial distribution (Figure 7).
The gravity centers of urban land generally shifted nearly
the edges in all zones between 1989 and 2000, and the
gravity center transfer distance was longer during 1989–2000
than during 2000–2010 (Table 4). Gravity center transfer

Center of UHI
1989

2000

2010

Center of urban land
1989

2000

2010

The trajectory
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N
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Figure 7: Gravity center transfer orbits of urban land and UHI.

in the south zone was more obvious, followed by the east
zone, because Fengtai and Daxing Districts in the south
zone and Chaoyang District in the east zone experienced
the most intense urban land expansion. In the northeast,
southwest, and west zones, however, the center transfer
distances were shorter between 1989 and 2000 comparedwith
other zones,mainly because the newly urban land in the three
zones expanded in an infilling way and thus compactness
ratio increased. These results indicated that the expanding
intensity and pattern of urban land would largely affect the
urban gravity center transfer.

The LSTs in urban landweremainly divided into high and
subhigh thermodynamic levels; therefore the two levels were
considered as UHI in this paper. The spatial distributions of
UHI gravity centers showed that the UHI gravity center was
farther away from the city center compared with the gravity
center of urban land in the same zone (Figure 7), indicating
that the affected area of UHI was greater than urban land.
From the aspect of spatial transfer, the gravity centers of UHI
and urban land transferred basically in a consistent way and
indicated high correlation. Especially in the south zonewhere
urban edge-expansion was more obvious, the gravity centers
of UHI and urban land transferred more similarly. However,
in the southwest and northeast zones where newly urban land
expanded in an infilling way, the gravity center of UHI also
transferred irregularly. The encroachment of urban land on
the suburb land and a sequence of human activities (e.g.,
population concentration, increased travel frequency and
prolonged trips distance, and industrial restructuring) then
resulted in fundamental changes of thermal radiation, heat
storage, and heat transfer modes. Therefore, urbanization
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Table 4: Gravity center transfer distances and angles of urban land and UHI in 1989–2010 in Beijing.

Zones
1989–2000 2000–2010

Urban land UHI Urban land UHI
Distance Angle Distance Angle Distance Angle Distance Angle

N 3712.84 72.25 2398.79 74.45 3589.19 71.21 2750.61 18.07
NE 1365.69 61.48 1998.14 163.51 1194.50 61.22 1719.09 67.13
E 4276.40 331.52 480.08 337.33 2361.49 336.04 1483.85 296.58
SE 3731.79 294.68 309.74 328.47 1839.50 300.80 3887.52 276.94
S 7791.64 259.82 2753.14 252.52 2998.27 234.34 2661.15 234.30
SW 773.61 254.10 660.58 331.22 1699.14 198.00 1974.41 271.16
W 1368.30 169.64 4358.77 172.06 1499.32 159.14 1679.55 159.58
NW 3425.77 100.07 1589.25 114.34 2329.85 95.27 693.19 108.85

was the most direct and fundamental driving force of the
extension of UHI area.

5. Conclusion

This study explored the relationship between urban form and
UHI through GIS spatial analysis. With the superior spatial
resolution of the long time sequenced TM/ETM images,
the mechanisms involved in generating UHI resulting from
urban form could be recognized.

The urban land increased by 775.82 km2 at a rate of
184.31% in Beijing during 1989–2010. The urban land dis-
tributed like an “E-W” axis in 1989. Urban sprawled in a
north-south ward direction in an edge-expansion way in
the following two decades, reducing the compactness ratio
of urban land. Specifically, the expanding speed index and
the expanding intensity slowed down in 2000–2010 than in
1989–2000. The UHIs distributed like an “NE-SW” spindle
in Beijing, and the LSTs were obviously higher in the south
zone than in the north zone. The LSTs and URIs of urban
land in Beijing increased between 1989 and 2010, heat island
areas expanded, and theUHI resulting from urban expansion
increased obviously.

URI was in high correlation with the urban land area.
But at certain urban scale, a more compacted urban form
indicated more distinct UHI effect. The gravity centers of
UHI and urban land transferred in a basically consistent way.
The UHI effect was attributed to the rapid transition from
suburban land to urban land. Expansion of urban land also
generated larger UHI area than urban area.

The above discoveries about urban form could be very
helpful to alleviate urban thermal environment. Urban plan-
ning aims at steering land use changes in urban region
by assigning new areas for commercial development and
residential land and recovering vegetation. The land use
changes will inevitably reshape urban form, which in turn
alter urban thermal environment. Therefore, an assessment
of urban planning policies with regard to effects on urban
climate regulation is useful to further integrate them into
spatial planning.

Although the paper explored the impact of urban form
on UHI, several topics require further investigations. First,
the contributions of water bodies and green land inside

the city to the regional LST were not apparent. Increasing
greening measures may mitigate UHI effect under the same
urban form. Second, the effects of human activities on the
urban thermal environment should be investigated to further
understand the contributions of urban form to the urban
thermal environment.
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China policies and Grain-for-Green Project have led to changes in farmland area and grain production. Climate change was also
occurring during this period. To analyze the effects of land use and climate change on grain production, the area of farmland in
northern China during 1988–2008 was determined from remote sensing images, a moisture index (MI) was calculated from daily
meteorological data obtained from weather stations, and unit grain production was obtained from statistical yearbooks. Using
statistical and spatial analyses, we determined that MI decreased across most of the study area during this period. This decrease in
humidity caused humid zones to decrease and semiarid areas to increase. Combined effects of decreased humid area and conversion
of farmland resulted in a decrease in agricultural land in humid areas and an increase in semiarid and arid areas. Increases in unit
grain production, machine power, and irrigated farmland area led grain production to increase from 122,799,081 to 188,532,597
ton in humid areas, from 28,875,900 to 115,976,814 in semiarid areas, and from 7,622,100 to 15,490,026 in arid areas, respectively.
Increased unit grain production and farmland resulted in increased importance of semiarid areas for grain production.

1. Introduction

Grain production is one of the top priorities for the Chinese
government, who has issued a number of policies aimed
at maintaining and improving grain production, including
“Ten Policies to Further Promote Agricultural Economic
Development” in 1985 and “Guidelines to Strengthen Works
in Rural Areas” in 1986. These policies encouraged farmers
to expand farmland by considering unused land areas. In
1999, the government stopped collecting tax fromagricultural
products and began to provide subsidies to farmers who
planted grains.

In general, those policies caused grain production to
increase continuously in China from 1978 to 2000 [1].
However, rapid urbanization caused a significant decline in
farmland area. About 17750 km2 farmlands were converted
to urban use from 1990 to 2010 [2]. The central government
launched the Grain-for-Green project in 1999, resulting in

conversion of eroded farmland on slopes to forest or grass-
land [3–5]. The Ministry of Land Resources has also taken
various measures (e.g., farmland replenishing programs) to
compensate for loss of farmland by land reclamation [6].

Climate change has also affected agricultural areas in
recent decades. The average global surface temperature has
increased over the past century by 0.6∘C, and precipitation
has increased in some regions and decreased in others in the
Northern Hemisphere [7]. In China, precipitation increased
by 2% from 1950 to 2000 in the south and decreased by 4–
11% in the north, while temperature decreased by 1.2∘C in the
south and increased by 2.5∘C in the north [8–10].

Climate zones in northern China are primarily humid,
semiarid, and arid. The dynamic spatial patterns of the
humidity index in northernChina and of farmland character-
istics in various moisture zones have not been fully clarified.
Grain production is affected by many factors, including
climate, chemical fertilizer application, irrigation, cropping
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index, and farmland area [11–14]. The combined effects of
these factors on the dynamics of grain production remain to
be elucidated in northern China. The purpose of this study
was to analyze the spatial patterns of the humidity index,
changes in farmland area, and their possible effects on grain
production.

2. Study Area

Northern China, with ten provinces, three autonomous
regions, and two major cities, comprises 5.6 × 106 km2 and
was populated by 0.55 billion inhabitants in 2008 (Figure 1).
The average annual temperature varies from −5.5 to 15.3∘C,
and average annual rainfall is between 5 and 1400mm.
The largest desert (Taklimakan Desert) is located primarily
in Xinjiang Autonomous Region. Cropping systems consist
mainly of single and double cropping. Single-cropping sys-
tems are primarily distributed in the northern part, and
double-cropping systems are found in the southern part of
this area. The major crops in northern China include rice,
corn, wheat, and millet.

3. Data and Methodology

3.1. Data Sources. Three main datasets were used to analyze
the effects of humidity and farmland area on grain produc-
tion. The humidity index was calculated using the Penman-
Monteith equation and theThornthwaitemoisture index.The
input data were daily maximum andminimum temperatures,
daily precipitation, wind velocity, and actual water vapor
pressure from 1988 to 2009. Those data were obtained from
the 174 weather observation stations in northern China and
recorded by the State Meteorological Bureau. The second
dataset, comprising farmland cover data in the late 1980s and
2008, was interpreted fromThematicMapper/EnhancedThe-
matic Mapper (TM/ETM) images acquired from the United
StatesGeological Survey (USGS) (http://www.usgs.gov/).The
third dataset, unit grain production, and grain planting
area at the district level in 1989 and 2008 were collected
from local and state Statistical Bureau yearbooks [15–18].
No grain-production data were available for Inner Mongolia
Autonomous Region in 1989, so 1988 data were used.

3.2. Methodology. The moisture index (MI) at each station
for each year was calculated by combining the improved
Penman-Monteith equation and the Thornthwaite Moisture
Index (1) as follows:

PET =
0.408Δ (𝑅

𝑛
− 𝐺) + 𝑟 (900/ (𝑇 + 273)) 𝑈

2
(𝑒
𝑠
− 𝑒
𝑎
)

Δ + 𝑟 (1 + 0.34𝑈
2
)

,

MI = 100 × (Precipitation
PET

− 1) ,

(1)

where PET is potential evapotranspiration (mmd−1), 𝑅
𝑛

is net canopy radiation (MJm−2 d−1), 𝐺 is soil heat flux
(MJm−2 d−1), 𝑇 is air temperature at 2m height (∘C), 𝑈

2

is wind velocity at 2m height (m s−1), 𝑒
𝑎
are actual vapor
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Figure 1: Location of study area.

pressure (kPa), Δ is the slope of the saturation vapor pressure
curve (kPa ∘C−1), 𝑟 is the psychrometer constant (kPa ∘C−1),
and MI represents the moisture index. The values of 𝑇,
𝑈
2
, and 𝑒

𝑎
were obtained from daily weather station data.

Recommended FAO values for 𝐺, Δ, 𝑟, and 𝑅
𝑛
were used.

These values have been widely used for calculating PET.
The MI for all meteorological data in each year was

interpolatedwithANUSPLINE software to a raster resolution
of 100m.The linear slope of MI in northern China from 1989
to 2008 was calculated using the least-squares method for
each pixel in the Economic and Social Research Institute’s
(ESRI) ArcGIS and was used as the indicator of an average
year-to-year trend for each pixel. Positive and negative slopes
indicate an overall increase and decrease, respectively, as
calculated using
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where 𝑆 is the slope, 𝑋
𝑖
is the value of precipitation for year 𝑖

(𝑖 = 1, 2, 3, . . . , 𝑛), and𝑚
𝑖
is the sequence number of the year

(𝑚
1
= 1, 𝑚

2
= 2, 𝑚

3
= 3, . . . , and 𝑚

𝑛
= 𝑛). Positive and

negative values indicate increasing and decreasing trends,
respectively.

Landsat images covering northern China were prepro-
cessed by correcting for geometric and radiometric dis-
tortion. In our previous study, we collected and applied
geometric correction to multispectral scanner (MSS) data
from the 1980s; these MSS data were used for geometric
correction of the Landsat data (late 1980s and 2008). Human-
machine interaction interpretation was performed on remote
sensing images using ESRI’s ArcGIS 9.3 platform. Land
cover was classified into six categories: farmlands (cultivated
for crops), woodlands (covered with trees including arbors,
shrubs, and forestry plantations), grasslands (covered by
herbaceous plants), water bodies (natural or facilities for
irrigation and water containment), unused lands (areas not
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put into practical use or that are difficult to use), and built
environment areas (urban and rural settlements, factories,
and transportation facilities). Farmland area in the late 1980s
and 2008 was extracted from these combined data.

Total grain production is affected by unit grain produc-
tion and planting area. Farmland area and grain cropping
index are themain factors that determine grain planting area.
The grain cropping index was calculated using

PI =
𝐴
𝑔

𝐴
𝑓

, (3)

where PI is the cropping index, 𝐴
𝑔
is the grain planting area

(ha), and 𝐴
𝑓
is the area of farmland in a certain area (ha).

NorthernChinawas classified into threemoisture regions
according to Feddema [19] and Grundstein [20]. Regions
with MI less than −66 were classified as arid, those with MI
between −66 and −33 were classified as semiarid, and those
withMI greater than−33 were classified as humid.The spatial
analysis function of ESRI’s ArcGIS was used to analyze the
individual and combined effects of moisture index, farmland
area, unit grain production, and planting index on grain
production.

4. Results and Analysis

4.1. Moisture Index. Daily weather observation data were
input into (1) to obtain MI data for 1988–2009 for northern
China, and the linear slope ofMI from 1989 to 2008was calcu-
lated.MI tended to decrease inmost areas (Figure 2), with the
most rapid decrease mainly occurring in northeastern areas.
Increases in MI occurred in the southeast, north, and some
middle areas of northern China.

Annual MI values in northern China for 1988–1990 were
considered as the 1989 MI value, and MI values for 2007–
2009 were considered as the 2008 value. The mean 1989

Table 1: Area of humid, semiarid, and arid zones in northern China.

Humidity region 1989 (ha) 2008 (ha) Percent change
Humid areas 283,915,219 219,482,992 −22.7
Semiarid areas 105,227,195 153,469,562 45.8
Arid areas 173,833,567 190,023,428 9.3
Note: minus means decrease.

Table 2: Area of farmland in humid, semiarid, and arid zones in
northern China.

Humidity region The late 1980s 2008
Area (ha) Percent (%) Area (ha) Percent (%)

Humid 70,778,220 72.0 52,196,864 51.0
Semiarid 20,403,300 20.8 40,440,571 39.5
Arid 7,088,430 7.2 9,663,439 9.4
Total 98,269,950 100 102,300,874 100

and 2008 MI values were used to classify areas into humid,
semiarid, and arid zones (Figure 3). Humid zones were
mainly concentrated in the southern and eastern parts of the
study area, with only a small portion in the far northwestern
part.

Trends in MI during the study period revealed that
humid zones decreased and semiarid and arid zones
increased (Table 1 and Figure 3). Humid areas decreased
from 283,915,219 ha in 1989 to 219,482,992 ha in 2008, with
a decrease of 22.7%. The decrease in humid areas occurred
mainly in the middle and northeastern parts of northern
China. The area of semiarid zones in 1989 was 105,227,195 ha
and increased to 153,469,562 ha, with an increase of 45.8%.
The increased semiarid areas mainly occurred in the mid-
dle and northeastern parts of northern China. The area
of arid zones in 1989 was 173,833,567 ha and increased to
190,023,428 ha in 2008, with an increase of 9.3%.The increase
in arid areas occurred mainly in the western part of northern
China.

4.2. Farmland Changes. The results of visual interpretation of
remote sensing images are presented in Figure 4 and Tables 2
and 3. Farmland is distributed primarily in the eastern and
southern parts of northern China. The area of farmlands in
the late 1980s was 98,269,950 ha (Table 2), with 70,778,220,
20,403,300, and 7,088,430 ha in humid, semiarid, and arid
areas, respectively (Table 2). The net effect of the expansion
of farmland and loss of farmed area to urbanization was an
increase in agricultural area to 102,300,874 ha in 2008. This
net increase suggests that the area of farmland expansion was
greater than that of farmland loss.

The rapid expansion of urban areas occurred mostly in
eastern China (Figure 5(a)). Approximately 3,808,569 ha of
farmland were converted to urban area from the late 1980s to
2008 (Table 3). Most conversion of farmland to urban areas
occurred in humid areas because these areas have a greater
proportion of the population and a stronger economy.

The area of other land-use categories converted to farm-
land from the late 1980s to 2008was 19,078,701 ha (Table 3). In
the 1980s, urbanization and industrialization in China were
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Figure 3: Humid, semiarid, and arid zones in northern China: (a) 1989 and (b) 2008.
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Figure 4: Farmland in northern China: (a) the late 1980s and (b) 2008.

Table 3: Conversion between farmland and other land-use categories from the late 1980s to 2008.

Humid region
Conversion from

farmland to urban area
Conversion from
farmland to other land

Conversion from other
land uses to farmland

Area (ha) Percent (%) Area (ha) Percent (%) Area (ha) Percent (%)
Humid 2,832,457 74.4 10,179,839 67.5 11,843,001 62.1
Semiarid 726,516 19.1 3,668,100 24.3 4,542,250 23.8
Arid 249,596 6.6 1,232,730 8.2 2,693,450 14.1
Total 3,808,569 100 15,080,669 100.0 19,078,701 100.0
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Figure 5: Farmland dynamics from the late 1980s to 2008: (a) conversion from farmland to urban areas, (b) conversion from farmland to
other land-use types, and (c) conversion from other land-use types to farmland.

still occurring at relatively low rates, and the government’s
priority was to maintain and improve grain production.
The Chinese central government issued polices to ensure
sufficient grain production to meet the increasing demand,
causing farmland area to increase.

In contrast, the area of farmland that was converted to
other land uses during this period was 15,080,669 ha, and
most of this conversion took place from 1999 to 2008. The
expansion of farmland before 1999 resulted in severe soil
erosion, and the government launched the Grain-for-Green
project in 1999 to promote conversion of eroded farmland to
other land-use categories, such as forest or grassland.

Farmland area tended to increase from the late 1980s to
2008. The decreased humidity index indicated that semiarid
and arid areas expanded in the middle and western parts of

northern China. The combined effects of decreased MI and
changes in farmland area resulted in a lower percentage of
cropland in humid areas and a higher percentage in semiarid
and arid areas by 2008.

4.3. Grain Production. Grain production at the district level
in the late 1980s and 2008 was calculated and analyzed
with MI in ArcGIS (Table 4). Northern China produced
159,297,081 t in the late 1980s, and the percentage of grain
production produced in humid areas was higher than that
produced in semiarid and arid areas (Table 4).

Conversion of farmland to other land-use categories led
to a loss in grain yield, which was estimated by average
yield in 2008 at the district level (Table 5). Conversion of
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Table 4: Grain production in the late 1980s and 2008.

Grain production The late 1980s 2008 Percent increase (%)
(late 1980s–2008)Tons Percent (%) Tons Percent (%)

Humid zone 122,799,081 77.1 188,532,597 58.9 53.5
Semiarid zone 28,875,900 18.1 115,976,814 36.2 301.6
Arid zone 7,622,100 2.4 15,490,026 4.8 103.2
Total 159,297,081 100 319,999,437 100 100.9

Table 5: Grain production changes from farmland conversion from the late 1980s to 2008.

Humid zone
Grain production change

Conversion of farmland to urban areas Conversion of farmland to other land Conversion of other land uses to farmland
Tons Percent (%) Tons Percent (%) Tons Percent (%)

Humid −14,593,629 −76.4 −38,795,588 −67.2 46,928,732 58.9
Semiarid −3,305,860 −17.3 −12,558,400 −21.7 17,639,600 22.1
Arid −1,205,870 −6.3 −6,411,010 −11.1 15,108,800 19.0
Total −19,105,359 100 −57,764,998 100 79,677,132 100

farmland to urban areas caused grain production to decrease
by 19,105,359 t, and conversion to other land-use categories
caused grain production to decrease by 57,764,998 t (Table 5
and Figure 6). Urbanization corresponding to a 0.04% loss of
farmland resulted in a 0.06% decrease in grain production
across northern China (Figure 6), indicating higher unit
grain production in agricultural areas. Conversion of other
land-use categories to farmland led to increased grain pro-
duction, by 79,677,132 t from 1989 to 2008. The net effect
of these changes in land use was a slight increase in grain
production in northern China.

Grain production in northern China increased from
the late 1980s to 2008 (Table 4). Expanded farmland and
improved management were the main factors causing the
rapid increase in grain production in semiarid areas.

5. Discussion

5.1. Factors That Caused MI Changes. The moisture index
tended to decrease in most of the study area and to increase
in the southeastern and some western and middle parts
of northern China from 1989 to 2008. Temperature and
precipitation were the main factors causing these changes.
The Juxian, Yuxian, and Kuerle weather observation stations
were selected for analysis of the causes of increased MI in
humid areas and of decreased MI in semiarid and arid areas
(Figures 7–9).

Annual precipitation increased at Juxian station during
the study period and decreased at the other stations. The
slope of annual precipitation at Juxian station from 1989 to
2008 was 6.6696; annual precipitation in 1989 was 504mm,
increasing to 765.8mm in 1999 and 841.5mm in 2008. The
slope of annual precipitation at Yuxian station was −3.026.
Its annual precipitation was 382mm in 1989, decreasing
to 270.8mm in 1999 and 289.5mm in 2006. The slope of
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Figure 6: Relationship between percentage of farmland area and
grain yield.

annual precipitation at Kuerle station was −0.877. Its annual
precipitation was 84.4mm in 1989, decreasing to 78.3mm in
1996 and 69.5mm in 2008.

The mean daily temperature showed an increasing trend
at all of the weather stations (Figure 8). At Yuxian station,
mean daily temperature was 7.3∘C in 1989 and increased to
8.2∘C in 2000 and 9.1∘C in 2007. The mean daily temperature
at Kuerle station in 1989, 1998, and 2008 was 12.0, 12.1, and
12.4∘C, respectively, and the corresponding values at Juxian
station were 12.3, 12.4, and 12.9∘C.

The annual PET showed an increasing trend at all of the
weather stations (Figure 10). At Yuxian station, annual PET
was 630mm in 1989 and increased to 679mm in 1999 and
764mm in 2007. The annual PET at Kuerle station in 1989,
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1996, and 2008 was 1033, 1072, and 1120mm, respectively.The
annual PET at Juxian station in 1989, 1999, and 2008 was 449,
676, and 745mm, respectively.

The overall effect of the increased temperature, PET,
and precipitation observed at Juxian weather station was
an increase in the humidity index such that the annual
MI was −29.7 in 1989 and increased to −14.9 in 1999 and
41.3 in 2008. These values indicate that increased annual
precipitation was the main factor in the increased MI in
the eastern and southern parts of northern China. However,
the combined results of increased temperature, PET, and
decreased precipitation caused a decrease in MI at the other
two stations. At Yuxian, the annual MI was −39.4 in 1989 and
decreased to −55.2 in 1997 and −56.2 in 2006; the annual
MI at Kuerle was −92.9 in 1989, −94.9 in 1997, and −95.2 in
2007. In combination, the decreased annual precipitation and
increased temperature led to decreased MI across most of
northern China (Figure 9).

5.2. Grain Production Dynamics and Its Driving Forces. Grain
production increased in all areas of northernChina from 1989
to 2008. The reasons for this trend included increased farm-
land area (Table 2) and increased unit grain yield (Table 6).
Unit grain yield is affected by many factors, including tem-
perature, precipitation, chemical fertilizer, unit grain yield,
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Figure 9: Moisture index at the selected weather stations from 1989
to 2008.
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Figure 10: PET at the selected weather stations from 1989 to 2008.

and grain planting area [21–24]. We further analyzed the
main factors causing changes in unit grain yield in Yuxian
and Juxian counties and determined that the cropping index
and irrigated areas decreased in Juxian, indicating that the
increased unit grain yield was mainly caused by chemical
fertilizer application and increasedmachine power. In Yuxian
County, the cropping index decreased, whereas unit grain
yield and other factors increased. Thus, it can be concluded
that the increased unit grain yield in semiarid areas was
mainly caused by increased chemical fertilizer application,
machine power, and percentage of irrigated farmland area.

6. Conclusions

The moisture index in northern China was calculated
from daily weather observations at meteorological stations
from 1988 to 2008. Farmland area during this time period
was determined by visual interpretation of remote sensing
images, and grain production at the district levelwas obtained
from statistical data. Using spatial and statistical analyses,
we determined that MI decreased across most of northern
China and increased only in southeastern areas and some
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Table 6: Factors that affect grain yield.

County Year Unit grain yield
(kg/ha) Cropping index Chemical fertilizer

applied (kg/ha)
Total power of agricultural

machinery (W/ha)
Percentage of irrigated area

(%)

Juxian 1989 4,635 1.22 304.3 2,648.2 53.9
2008 6,382.6 0.78 1455.5 10,166.2 50.0

Yuxian 1989 809.8 0.75 65.1 688.3 25.4
2008 911.0 0.73 106.9 3,453.0 35.0

parts of the middle of northern China during the study
period. Decreased MI caused humid zones to decrease and
semiarid and arid zones to increase. Loss of farmland due
to urbanization mainly occurred in humid areas of eastern
China. The combined effects of decreased MI and land-use
changes led to a lower percentage of cropland in humid
areas and a higher percentage of cropland in semiarid and
arid areas by 2008. Unit grain yield increased in northern
China. Increased unit grain yield in humid and semiarid
areas was mainly caused by chemical fertilizer application
and increased machine power; in semiarid areas, increased
irrigation also contributed to the increase in unit grain yield.
Expanded farmland and increased unit grain yield caused
grain production to increase continuously and resulted in
increased importance of grain production in semiarid areas.
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Bioenergy from energy plants is an alternative fuel that is expected to play an increasing role in fulfilling future world energy
demands. Because cultivated land resources are fairly limited, bioenergy development may rely on the exploitation of marginal
land. This study focused on the assessment of marginal land resources and biofuel potential in Asia. A multiple factor analysis
method was used to identify marginal land for bioenergy development in Asia using multiple datasets including remote sensing-
derived land cover, meteorological data, soil data, and characteristics of energy plants and Geographic Information System (GIS)
techniques. A combined planting zonation strategy was proposed, which targeted three species of energy plants, including Pistacia
chinensis (P. chinensis), Jatropha curcas L. (JCL), and Cassava. The marginal land with potential for planting these types of energy
plants was identified for each 1 km2 pixel across Asia. The results indicated that the areas with marginal land suitable for Cassava,
P. chinensis, and JCL were established to be 1.12 million, 2.41 million, and 0.237 million km2, respectively. Shrub land, sparse forest,
and grassland are the major classifications of exploitable land. The spatial distribution of the analysis and suggestions for regional
planning of bioenergy are also discussed.

1. Introduction

The world is facing problems related to finite availability of
fossil fuels, the high price of petroleum, and the environmen-
tal impacts caused by the use of traditional fuels. The energy
consumption of the world increased from 77,245 thousand
barrels per day in 2001 to 88,034 thousand barrels per day in
2011. Asia Pacific accounted for 32% of the total world energy
consumption [1].This increase in energy demand is depleting
fossil energy reserves at a high rate. In addition, the use of
fossil fuels has causedmany environmental problems, such as
greenhouse gas (GHG) emissions. Therefore, energy security
and climate change mitigation are twomain drivers that have
pushed renewable energy production to the top of the global
agenda [2].

Bioenergy, the most abundant and versatile type of
renewable energy, has recently attracted worldwide attention
[3]. Biofuels are environmentally friendly and carbon neutral
and can play a prominent role in the energy portfolio [4].

The production of liquid biofuels can reduce GHG emissions
by 12%–115% compared to traditional fossil fuels. GHG
emissions are reduced 12%by the production and combustion
of ethanol and 41% by biodiesel according to Hill et al.
[5]. Adler et al. found that ethanol and biodiesel reduced
GHG emissions by approximately 40% when derived from
corn, by approximately 85% when from reed canary grass,
and by approximately 115% when from hybrid switch grass
and poplar [6]. The global warming potential (GWP, in kg
CO
2
-equivalent) of the production of biodiesel in the UK

was calculated Stephenson et al. The results showed that
large-scale production of biodiesel saved 26% of the GWP
and small-scale production saved 32% of the GWP when
compared to ultralow sulphur diesel [7].

The present global biomass demand for energy purposes
is estimated to be 53 Quintillion joules [8]. Overall, global
energy demand will grow 35%, even with significant effi-
ciency gains. Energy demand in developing nations will
rise 65 percent by 2040 (compared to 2010) as a result of
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expanding economies and growing populations. According
to the new public energy outlook, 75 percent of the world’s
population will reside in Asia Pacific and Africa by 2040.
India will have the largest population after 2030 [9]. A wide
range of indicators suggest that dramatic developments are
taking place in Asian energy markets [10], and large-scale
bioenergy development is extremely urgent.

Recently, a number of studies have assessed the potential
of biofuel. Kumar et al. assessed ethanol and biodiesel
development in Thailand in terms of feedstock, production,
planned targets, policies, and sustainability (environmental,
socioeconomic, and food security aspects) [11]. An assess-
ment of bioenergy potential was also carried out in England,
the Midwest United States, China, and other countries [12–
15]. The environmental life cycle assessment of lignocellu-
losic conversion to ethanol was reviewed by Borrion et al.
Numerous studies of lignocellulosic ethanol fuel generated
significantly different results due to differences in data,
methodologies, and local geographic conditions [16]. In
addition to feedstock, energy benefits, and GHG reductions,
issues related to land resources and food security are an
important consideration for Asia-scaled applications.

Schröder et al. considered bioenergy development as
an effective way to save the world from an energy crisis.
They illustrated the ability to produce novel energy plants
for growth on abandoned land [17]. Liu et al. analyzed the
bioenergy production potential on marginal land in Canada.
The results showed that approximately 9.48 million hectares
could be identified as available marginal land in Canada. If
this land was fully utilized for growing energy crops, the
production of biofuel would be 33 million tons (using switch
grass) or 380 million tons (using hybrid poplar). Batidzirai
et al. reviewed the current, state-of-the-art approaches and
methodologies used in bioenergy assessments and identified
key elements that are critical determinants of bioenergy
potentials. Bioenergy potential assessments in the US, China,
India, Indonesia, and Mozambique were also presented in
the paper [18]. Hattori and Morita [19] studied which energy
crops can be used for sustainable bioethanol production and
where they can be grown. They found that, in Japan and
other Asian countries, rice can be grown as an energy crop
in unused low-land paddy fields. Bioenergy development in
China has also been studied, especially the potential energy
production on marginal land in the context of food security
[3, 20–22]. The biomass plant Jatropha curcas L. (JCL) was
shown to be a better economic, environmental, and land
preservation alternative to corn or millet planted in the poor,
gravel soil. and drought land in Taitung, Taiwan [23].

However, the bioenergy development in the above-
mentioned studies andmost other current research is studied
on a regional scale. A potential bioenergy view of the entirety
of Asia is not available. The main objective of this study
is to present a comprehensive assessment on the marginal
land resources which are suitable for developing bioenergy in
Asia, without affecting food and ecoenvironmental security.
Asia is the world’s largest and most populous continent. It
is facing significant pressure for food production. To avoid
using the limited amount of arable land, adaptable energy
plants that can be grown on marginal land and at scale must

be used. Cassava, P. chinensis, and JCL have been widely
proven in existing literature and are further studied in this
paper [14, 24–34]. P. chinensis and JCL are nonfood plants.
Cassava is used as a food plant in some places. However, we
only analyzed its development potential in uncultivated areas
(marginal land).

Cassava and JCL are classified as second-generation
biofuel feedstock, which are derived from crop residues,
energy plants, and construction waste [35]. They can reduce
GHG emissions and energy dependency during the life
cycle when compared to the fossil fuel. The most important
advantage of second-generation biofuels is that they will
ensure the security of food supply compared with first-
generation biofuels which are produced from food-based
crops. They are sustainable and environmentally friendly
[36]. Bioethanol is produced by hydrolysis and fermentation
of carbohydrate feedstock. This type of energy plant usually
has high saccharide, starch, and fiber content. Cassava which
has been widely studied is this kind of plant. Biodiesel is
produced from oil plants such as JCL. The oil extracted is
blended with diesel to produce fuel [34, 37–47].

To achieve our goal, we used Geographic Information
System (GIS) technology to identify the spatial distribution of
marginal landswhich are suitable for bioenergy development.
The datasets of growth habits of energy plants, remote
sensing-derived land cover, terrain, meteorological data, and
soil data were processed to 1 km2 grid across Asia.

2. Methodology

Four steps were implemented for this study. First, we iden-
tified the marginal land resources suitable for developing
bioenergy in Asia. Second, we chose the three aforemen-
tioned energy plants that have been proven as biofuels.Third,
we reviewed the environmental requirements of each energy
plant including preferredmeteorological conditions, soil, and
terrain. Finally, a multiple factor analysis method was used
to evaluate the bioenergy development potential based on
the availability of marginal land resources and the growing
conditions of the energy plants within the data grid. This
analysis was performed using ArcMap software. The specific
procedures are presented in Figure 1.

2.1. Data Acquisition. In this study, the land cover, terrain
(including elevation and slope), meteorological conditions
(including precipitation and temperature), and soil data
(including soil organic matter content, soil depth, and soil
texture) were used. The data sources and spatial resolutions
are listed in Table 1. All the data in this study was resampled
to cover the entirety of Asia at a 1 km2 resolution.

2.1.1. Land Cover. Land resources defined as marginal must
also include land that is considered economically marginal.
Therefore, we spatially define marginal land resources based
on the land cover classification of unused land.The land cover
dataset can be obtained from the GlobCover project. There
are 23 land cover types in the dataset.This is the fundamental
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Multifactors assessment method (GIS)

Land cover Meteorological data
Temperature/precipitation

Soil data
Depth/organic matter

content/texture
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Elevation/slope

Marginal land Growing conditions of energy plants

Spatial distribution of marginal land resources suitable for different plants

Figure 1: Evaluation of spatial distribution and suitability of marginal land resources for energy plants.

Table 1: Input data for identification of marginal land resources.

Input data Data sources Original spatial resolution
Land cover ESA 2010 and UCLouvain [48] 1 km
Terrain

Elevation
SRTM [49]

90m
Slope 90m

Meteorological data
Precipitation

WorldClim [50]
30 arc-seconds (∼1 km)

Temperature 30 arc-seconds (∼1 km)
Soil data

Organic matter content
FAO/IIASA/ISRIC/ISS-CAS/JRC [51]

30 arc-seconds (∼1 km)
Soil depth 30 arc-seconds (∼1 km)
Soil texture 30 arc-seconds (∼1 km)

dataset for identification of marginal land that is suitable for
bioenergy development.

2.1.2. Terrain. The CGIAR-CSI GeoPortal provides SRTM
90m digital elevation data for the entire world [49]. The
digital elevation models (DEMs) of Asia were extracted from
the dataset above, and the slope was calculated using the
spatial analysis tool in ArcMap. Thresholds for DEMs and
slope, based on the growth habits of each energy plant, were
determined (see Section 2.2).

2.1.3. Meteorological Data. WorldClim is a set of global
climate layers (climate grids) with a spatial resolution of
30 arc-seconds (often referred to as 1 km resolution). The
precipitation and temperature data used in this study were
interpolated from observed data from 1950 to 2000 [50].
These two elements are very important for identifying suit-
able land.The requirement of each energy plantwas identified
(see Section 2.3).

2.1.4. Soil Data. The Harmonized World Soil Database
(HWSD) contributes sound scientific knowledge for plan-
ning sustainable expansion of agricultural production and
for guiding policies to address emerging land competition
issues concerning food production, bioenergy demand, and
threats to biodiversity. A resolution of approximately 1 km

was selected to analyze agroecological zoning, food security,
and climate change impacts. Soil attribute data were linked
with GIS so that specific parameters could be displayed,
characterized, and analyzed. These parameters include soil
units, organic carbon, pH, water storage capacity, soil depth,
cation exchange, clay fraction, total exchangeable nutrients,
lime and gypsum contents, sodium exchange percentage,
salinity, textural class, and granulometry [51]. Soil texture,
organic carbon content, and depth are key factors for growing
energy plants.

2.2. Identification of Marginal Land. Marginal land has var-
ious meanings in different disciplines and, therefore, the
spatial coverage of marginal land differs. Generally, marginal
land is evaluated in terms of a cost-benefit analysis and is
determined to be economically marginal [3]. Zhuang et al.
established a marginal land evaluation system based on the
definition of the Ministry of Agriculture (MoA) of China,
a qualitative analysis of energy plants in different parts
of China, expert suggestions on local planting of energy
plants, land resources, and ecology, and other factors [22].
According to the definition of marginal land by MoA of
China, marginal land is winter-fallowed paddy land and
wasteland that may be used to cultivate energy crops. We
only considered the wasteland in this study. Wasteland
includes natural grassland, sparse forestland, scrubland, and
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Table 2: Growing conditions of energy plants.

Growing conditions Cassava [24] P. chinensis [52, 53] JCL [54–56]

Suitable Moderately
suitable Suitable Moderately

suitable Suitable Moderately
suitable

Meteorological data

Annual average temperature/∘C 21∼29 18∼21 10∼15.3 5.8∼10 or
15.3∼28.4 20∼25 17∼20

Average annual extreme lowest temperature/∘C — — ≥ −15 −26.5∼ −15 ≥2 0∼2
Accumulated temperature of 10/∘C⋅d — — ≥3800 1180∼3800 — —

Precipitation/mm 1000∼2000 600∼1000 or
2000∼6000 400∼1300 1300∼1900 600∼1000 300∼600 or

1000∼1300
Soil data [51]

Soil depth/cm ≥75 30∼75 ≥60 30∼60 ≥75 30∼75
Soil organic matter content/% ≥3.5 1.5∼3.5 — — ≥3.5 1.5∼3.5
Soil texture/classes 1 2 — — 1 2

Terrain
Elevation/m ≤1500 1500∼2000 — — ≤500 500∼1600
Slope/∘ ≤15 15∼25 ≤15 15∼25 ≤15 15∼25

unused land that may be used to grow energy crops [3].
We selected six land cover types as the available marginal
land for growing the energy plants in compliance with the
principle that bioenergy development should not compete
with cropland and ecologically protected land. These six
types were “mosaic vegetation (grassland/shrub land/forest)
(50–70%)/cropland (20–50%),” “sparse (<15%) vegetation,”
“mosaic grassland (50–70%)/forest or shrub land (20–50%),”
“closed to open (>15%) (broad-leaved or needle-leaved and
evergreen or deciduous) shrub land (<5m),” “closed to open
(>15%) grassland or woody vegetation on regularly flooded
or waterlogged soil,” and “bare areas.” The selection of land
cover types for each country can be flexible based on the law,
policy, environmental conditions, and special regulations.
For example, nature reserves should be excluded in further
studies.

2.3. Characteristics of Selected Energy Plants. Cassava, as
feedstock for fuel ethanol, has three advantages over others.
First, Cassava is a shrubby tropical plant, widely grown for
its large, tuberous, starchy roots, especially on marginal land.
Second, Cassava is not a staple food for most people in Asia.
Third, it is easy to comminute, has short cooking times, and
has a low gelatinization temperature. Therefore, Cassava is a
suitable feedstock for fuel ethanol [33, 57].

P. chinensis is an ideal species for producing biodiesel.
The tree has several outstanding characteristics: drought
resistance, tolerance to cold climate, and tolerance to poor,
acid, or alkaline soils. It also has some advantages that cannot
be replaced by other trees, such as oil yield and its conversion
rate, biodiesel quality, geographical distribution, adaptability,
and economic benefits cycle.Therefore, P. chinensis is consid-
ered an important source of biodiesel [34, 47, 52].

JCL is a famous biofuel plant and has been studied
globally [31, 58]. It is a tropical species, native to Mexico
and Central America, but is widely distributed in wild or
semicultivated stands in Latin America, Africa, India, and
South-East Asia [59].The Jatropha curcas plant is a nonedible,
drought-resistant, perennial plant that has the capability to
grow onmarginal lands because it requires very few nutrients
to survive [34, 44]. Jatropha has several other advantages,
such as a short gestation period, resistance to common pests,
lack of consumption by cattle, and production of biofertilizer
and glycerine as useful by-products of biodiesel. In addition,
the seed collection period of Jatropha does not coincide
with the rainy season in June and July, which is when
most agricultural activities take place. This makes it possible
for people to generate additional income during the slack
agricultural season [60, 61].

All the specific requirements of the energy plants were
chosen according to the literature and advice from experts.
The growing conditions of the energy plants are listed in
Table 2. The marginal land presented in the previous section
was used as the basic condition in themultiple factor analysis.

We used strict criteria during the identification of suitable
and moderately suitable areas for energy plants. Marginal
land resource areas were only characterized as suitable if all
of the suitable conditions were met. If one of the growing
conditions was moderately suitable, the land resources were
identified as moderately suitable.

The soil texture data used in this paper was classified
into two classes. Class 1 was defined as fine textured with
more than 35% clay. Class 2 was defined as medium textured
with a clay percentage between 18% and 35%.The soil texture
requirement of energy plants is that the volumetric ratio of
clay should be more than 30% for suitable land and 18%∼35%
for moderately suitable land. Therefore, there may be more
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Figure 2: Distribution of marginal land resources for Cassava.

potential land resource areas available for growing energy
plants if more accurate soil data can be obtained.

3. Results and Discussion

Theplanting zones of each energy plant were identified based
on marginal land areas and the plant’s growth habits. The
multiple factor analysis method was adopted to evaluate the
suitable marginal land resources based on the evaluation cri-
teria for suitable and moderately suitable growing conditions
of each single factor and the type of available land cover. The
distributions of marginal land resources suitable for the three
energy plants are presented in Figures 2, 3, and 4.

From the figures above, we can see that the area suitable
for the growth of P. chinensis is much larger than those for the
other two plants. Approximately 70% of Asian countries have
more than one thousand square kilometers of marginal land
resources suitable for P. chinensis. Cassava and JCL resources
are limited because they require warmer temperatures than
P. chinensis, and Cassava has a higher precipitation require-
ment. The results in Table 3 show that the areas of marginal
land resources of Cassava, P. chinensis, and JCL are nearly
1.12million, 2.41million, and 237 thousand square kilometers,
respectively. China has the most marginal land area available
for all of the energy plants. Myanmar possesses 21% of the
land resources suitable forCassava.Turkey andThailand have
the second largest marginal land resources suitable for P.
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Figure 3: Distribution of marginal land resources for P. chinensis.

Table 3:Marginal land resources suitable andmoderately suitable forCassava, P. chinensis, and JCL planting based onmultiple factor analysis
in Asia (km2).

Land cover Cassava P. chinensis JCL Total
S M S M S M S M

Mosaic vegetation 1422 307537 130443 769321 1 92458 131866 1169316
Mosaic grassland 4 3697 17223 73886 0 2461 17227 80044
Shrub land 2089 788006 73008 942428 2 123672 75099 1854106
Herbaceous vegetation 6 16928 9221 89459 0 8794 9227 115181
Sparse vegetation 0 684 28002 180892 0 5732 28002 187308
Bare areas 0 3572 7529 88703 0 4530 7529 96805
Total 3521 1120424 265426 2144689 3 237647 268950 3502760
S: suitable land; M: moderately suitable land.



Advances in Meteorology 7

N

S
EW

Asia Boundary
Moderately suitable land
Suitable land

0 4.5 9 18

Decimal degrees

(a) Spatial distribution

China 33%

Thailand 23%

India 15% Myanmar 
(Burma) 12%

Turkey 4%

Vietnam 2%

Laos 2%

Pakistan 2%

Syria 1%

Iran 1%
Israel 1%
Lebanon 1%
Jordan 1%

Sum of others 2%

Others 13%

(b) Distribution in different countries

Figure 4: Distribution of marginal land resources for JCL.

chinensis and JCL. Shrub land is the dominant land cover type
for growing energy plants, which accounts for 51.14% of the
total suitable area. Mosaic vegetation is next, accounting for
34.49%.

4. Conclusion

In this paper, a multiple factor analysis method was adopted
to identify marginal land resources for three types of energy
plants (Cassava, P. chinensis, and JCL) in Asia based on land
cover, meteorological data, soil characteristics, terrain data,
and the growth habits of energy plants. GIS was used to

identify potential land resource areas at the resolution of 1
square kilometer.The conclusions of this study are as follows.

(1) The areas of marginal land suitable for Cassava, P.
chinensis, and JCL were established to be 1.12 million,
2.41 million, and 0.237 million km2, respectively. The
policy and environmental constraints of each specific
county were not considered in this study.

(2) China has great prospects for bioenergy development.
It has the most marginal land resources available
for all three energy plants. Myanmar, Turkey, and
Thailand have the second largest areas of marginal
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land resources available for Cassava, P. chinensis, and
JCL, respectively.

(3) With regard to land cover, shrub land is the dominant
land cover type for growing energy plants, accounting
for 51.14% of the total suitable area. Mosaic vegetation
is second, accounting for 34.49%.

Bioenergy development is important and full of chal-
lenges. Further research needs to be performed to choose the
best feedstock, improve marginal land resource calculations
using more accurate input data, estimate the energy produc-
tion potential, and analyze the environmental effects coupled
with social and economic benefits.
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From the Global Agro-Ecological Zone (GAEZ) model, changes in the three climate factors (temperature, precipitation, and
solar radiation) over the past five decades showed different trends and that production potential was impacted significantly by
the geographic heterogeneity of climate change. An increase of approximately 1.58 million tons/decade in production potential
correlated with climate change. Regions with increased production potential were located mainly in the Northeast China Plain,
the northern arid and semiarid region, and the Huang-Huai-Hai Plain. Regions with decreased production potential were located
mainly in the Middle-lower Yangtze Plain and southern China. The climate factors that impacted production potential varied by
region. In the Northeast China Plain, increased temperature was the major cause of the increased production potential. In the
northern arid and semiarid region, temperature and precipitation were the major factors affecting production potential, but their
effects were in opposition to each other. In southern China, increased temperature and decreased solar radiation caused a decreased
production potential. In the Middle-lower Yangtze Plain, a decrease in solar radiation was the major factor resulting in decreased
production potential. In the Huang-Huai-Hai Plain, changes in temperature and solar radiation had large but opposite effects on
production potential.

1. Introduction

Annual anomalies in global land-surface air temperatures
indicate a warming trend of 0.27∘C per decade since 1979,
with the greatest warming occurring during the winter and
spring in the Northern Hemisphere [1]. The effects of this
change in temperature on crop growth and production are
uncertain.

China has a population of approximately 1.3 billion peo-
ple, which is expected to increase and then stabilize at approx-
imately 1.5 billion people in the year 2030 [2]. However, the
land area suited for agriculture in China is relatively small.
Per capita cultivated land is only 0.12 ha, less than half of
the world average [3]. The need to provide food for the
large population in China has attracted significant attention
[4, 5]. Moreover, the rapidly increasing demand for food

and energy has put heavy pressure on natural resources and
caused unprecedented environmental degradation. Govern-
ment policy has long focused on securing a high level of
national self-sufficiency especially in grain food production.
Attention to the effects of climate change on agricultural
production potential over the past few decades throughout
China is needed so that sensible agricultural policies can be
formulated for the future [6].

The effects of climate change trends on climate-crop
relationships and the yields of major crops across China have
been investigated over the past few decades [7–9]. In other
studies, the Global Agro-Ecological Zone (GAEZ)model was
used to assess the impact of climate change on agricultural
land productivity [10, 11]. However, these studies addressed
only the yields of single crops, such as rice, wheat, or maize,
and ignored the multiple cropping systems that are used
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on nearly half of the cultivated land in China. A study of
the impact of climate change on the overall agricultural
production in China at the national and regional levels is yet
to be performed.

In this study, meteorological data from 1960 to 2010,
including terrain elevation, soil, and farmland distribution
data in 2010, were used to calculate the agricultural pro-
duction potentials in various regions of China based on the
GAEZ model, which takes multiple factors into considera-
tion, including light, temperature, moisture, CO

2
fertiliza-

tion, pests, diseases, soil, and topography. Subsequently, the
calculated production potentials were verified using official
data on actual productivity. Finally, we analyzed the spatial-
temporal changes in the production potential in response to
climate change during the past five decades.Our results reveal
the impact of climate change on agricultural production and
the relationship between climate change and wheat yields.
This information will not only help to optimize agricultural
practices but also allow adaptation to climate change and the
development of national food security policies in China.

2. Materials and Methods

2.1. Data Sources. The input data for this study included
terrain elevation, soil, land-use, and meteorological data.
The meteorological data included the monthly maximum
air temperature, minimum air temperature, precipitation,
relative humidity, wind speed, and hours of sunshine.

A 2010 land-use database, with a mapping scale of
1 : 1,000,000, was developed by the Chinese Academy of
Sciences (CAS). The primary data source for the land-use
database was Landsat MSS/TM/ETM CCD digital images.
Images from the China-Brazil Earth Resources Satellite
(CBERS) and Small Satellite Constellation for Environment
and Disaster Monitoring and Forecasting (SSCEDMF) HJ-
1 satellite were also used as a supplement for the land areas
not covered by the Landsat images. The land-use data were
classified into 25 categories that were subsequently grouped
into six classes: cropland, woodland, grassland, water body,
built-up area, and unused land. Detailed information about
this land-use database can be found in previous reports [3, 12–
15]. Farmland data were extracted from the land-use data for
this study.

Meteorological data for the period from 1960 to 2010,
including the monthly maximum air temperature, min-
imum air temperature, precipitation, relative humidity,
wind speed at 10m height, and hours of sunshine, were
obtained from national agrometeorological stations main-
tained by the ChineseMeteorological Administration (CMA)
(http://cdc.cma.gov.cn/). Because of the diverse terrain across
China, the impact of topography on the interpolation of the
meteorological data was also considered. The ANUSPLIN
software [16, 17], which was designed for spatial interpolation
of climate data, was used in this study to interpolate the
meteorological data based on the terrain elevation dataset.
The monthly data for the above six key plant growth factors
were interpolated to 10 km resolution using the ANUSPLIN
software based on the digital terrain model of China.

The terrain elevation dataset derived from the Shuttle
Radar TopographyMission (SRTM)C-band data was the first
publicly available near-global, high resolution raster Digital
Elevation Model (DEM) [18]. The SRTM data were publicly
distributed with a 90m spatial resolution around the Earth,
reduced from the original 30 m resolution via averaging
and subsampling. SRTM data were used for environmental
analyses in numerous previous studies.

Soil data were used to calculate the soil-water balance,
which was used to determine the potential and actual
evapotranspiration for a reference crop and the duration
of its growing period. Soil quality was determined based
on several parameters, including soil type, effective depth,
and water-holding capacity. A nationwide soil dataset, at
a scale of 1 : 1,000,000, was provided by the Data Center
for Resources and Environmental Sciences (RESDC) at the
Chinese Academy of Sciences.

2.2. Methodology. Simulation of the potential productivity
of wheat, maize, rice, sweet potato, and soybean was per-
formed at a spatial resolution of 1 km using the Global
Agro-Ecological Zones (GAEZ) model which was developed
in the 1970s and updated in 2010 by the Food and Agri-
culture Organization (FAO) and the International Institute
for Applied Systems Analysis (IIASA) [19–22]. These five
crops are major crops in China, providing 97.7% of the
total grain output of China. The GAEZ model is based
on principles of land evaluation. It utilizes meteorological,
terrain elevation, soil, and farmland distribution data to
calculate the potential productivity, which is dependent upon
the supply of water, energy, nutrients, and physical support to
plants.

In the GAEZ model, agroclimatic potential yields are
determined using mainly the seasonal temperature and the
availability of solar radiation, while additional limitations
imposed by water availability, soil characteristics, and terrain
slopes determine the actual yields that are obtained under
rain-fed conditions. To ensure that only areas suitable for
agriculture were assessed for heat stress, only cells with actual
yields greater than 20% of the potential yields and in which at
least 5% of the cell area was cultivated were considered. The
optimal crop species were determined by simulating yields
for all possible combinations and then selecting the highest
yield in each grid cell based on the climate data from 1960 to
2010.We considered irrigated conditions to be appropriate for
rice because most rice crops are cultivated under irrigation.
For other crops, we considered both irrigated and rain-fed
conditions. For crops grown under rain-fed conditions, the
date of crop sowing is highly dependent on the presence of
sufficient soil moisture for seed germination and seedling
establishment. Winter and spring wheat, maize, and maize
varieties with an affinity for heat were tested in each grid
cell and the crop with the highest productivity was selected.
Production potentials of the various crops were calculated
using different methods. To calculate the production poten-
tial of each crop, growth parameters were adopted based on
the growth habits of each crop, including growing period, leaf
area index, and harvest index.
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Figure 1: Flowchart for calculating potential productivity using the GAEZ model.

China is one of the largest countries and has the highest
multiple cropping index [23]. The use of multiple cropping
systems in China was considered in the calculation of the
potential productivity.

To reveal the impact of water conditions on the pro-
duction potential, irrigated and rain-fed scenarios were
considered. Calculations of production potential for the rain-
fed scenarios [24] were based on light, temperature, and
water conditions, while the calculations for the irrigated
scenarios [25] used only the light and temperature conditions
assuming sufficient water for crop growth and nowater stress.
The two scenarios were consistent with existing agricultural
management methods used in China for naturally rain-
fed farmland and irrigated farmland. The equation used to
calculate crop yields within each grid cell under rain-fed and
irrigated scenarios was

yieldtotal = yieldrain-fed (1 − 𝑖) + yieldirrigated × 𝑖, (1)

where yieldtotal is the production potential within each grid
cell (kg/ha), yieldrain-fed is yields under rain-fed scenarios
within each grid cell (kg/ha), yieldirrigated is yields under
irrigated scenarios within each grid cell (kg/ha), and 𝑖 (%) is
the ratio of irrigation-cultivated area to total cultivated area
based on official statistics of theChineseAgricultureMinistry
(Figure 1).

3. Results

3.1. Verification. To verify the accuracy of our calculated
results, the calculated production potential in 2010 was
compared with the actual production as reported in official
statistics for 2010. The average potential production per
hectare in 2010 was 8,316 kg/ha, which was nearly 1.55-fold
higher than the actual production. The correlation between
the calculated production potential and the actual production

is shown in Figure 2. The cross-correlation coefficient was
0.82 and the standard deviation was 74,000 tons, indicating
a good correlation. Consequently, the trend of the calculated
production potential reflected, to a great extent, the trend of
the actual production.

3.2. Spatial Patterns of Production Potential in China. Based
on the GAEZmodel, production potential values were calcu-
lated for each year based on the climatic conditions from 1961
to 2000. A map of the geographic distribution of production
potential in 2010 is shown in Figure 3. In 2010, the total
production potential in China was 1.17 billion tons and per
hectare production potential was 7,889 kg/ha.The spatial pat-
tern of the production potential was complex, with increasing
production potential from north to south and from west
to east. The production potential in the southeastern areas
was high due to relatively high temperatures and abundant
rainfall. The production potential declined with increasing
distance from the coast line. In the northwestern part of the
country, the production potential was constrained by low
temperatures and rainfall. The Middle-lower Yangtze Plain
had the greatest total production potential, 0.30 billion tons.
In contrast, the area with the least total production potential
was the Qinghai-Tibet Plateau, at 4.23 million tons. The area
with the greatest per hectare production potential was the
Middle-lower Yangtze Plain, at 10,789 kg/ha. In contrast, the
area with the least per hectare production potential was the
Qinghai-Tibet Plateau, at 3,674 kg/ha (Figure 4).

3.3. Climate Change in China Since 1960. In this study,
changes in annual temperature, precipitation, and solar radi-
ation in the major cultivation areas over the past five decades
were analyzed statistically. The trends for changes in the
climate parameters over the period are shown in Figure 5.
Overall, temperature showed an obvious increasing trend
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Figure 4: Production potential of various regions in 2010.

Linear fit of temperature (y = 0.0253x − 0.644 R
2
= 0.5462)

Linear fit of precipitation (y = −0.4374x − 11.155 R
2
= 0.0145)

Linear fit of solar radiation (y = −6.3328x − 161.49 R
2
= 0.6084)

1960 1970 1980 1990 2000 2010

−1.5

−1.0

−0.5

0.0

0.5

1.0

1.5

Year

−150

−100

−50

0

50

100

150

−300

−200

−100

0

100

200

300

Temperature (∘C)
Precipitation (mm)
Solar radiation (MJ/m2)

Figure 5: Annual anomaly maps of each climatic factor during the past five decades.

since the late 1960s, and the rate of temperature change
increased dramatically after the late 1980s relative to the prior
years. Mean temperature increased by 0.25∘C/decade in the
major cultivation areas during the past five decades. Precip-
itation showed little change, but exhibited clear fluctuations.
Since 2000, the annual precipitation each year was less than in
the previous years. Total solar radiation showed a decreasing
trend (−63.3MJ/m2⋅ a) during the entire period and, since the
1980s, the annual solar radiation was less than the mean solar
radiation for the entire period.

Maps of climate change trends show the spatial distribu-
tion of climate change from 1961 to 2010 (Figure 6). Mean
temperature generally increased across the major cultiva-
tion areas. In particular, it increased by an average rate of
more than 0.3∘C/decade in the northern arid and semiarid

region, the Northeast China Plain, the Qinghai-Tibet Plateau,
and the Loess Plateau. In contrast, the Sichuan Basin and
the surrounding regions had the lowest mean temperature
increase, 0.1∘C/decade. Precipitation increased primarily in
southern China and the Middle-lower Yangtze Plain by 21.7
and 9.7mm/decade, respectively. In northwestern China,
the precipitation declined in some locations. In contrast,
precipitation generally decreased in the othermajor farmland
areas. In particular, the Loess Plateau showed the largest
decrease, of 20.5mm/decade. Solar radiation decreased in
large areas across the major farmland regions. The Huang-
Huai-Hai Plain had the largest decrease, 111.5MJ/m2⋅ decade.
Solar radiation decreased in the Middle-lower Yangtze Plain,
southern China, and the Sichuan Basin. In contrast, solar
radiation showed an increasing trend in a small section of
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Figure 6: Changes in climatic factors and production potential during the past five decades.

northernHeilongjiang Province and in southwesternYunnan
Province.

3.4. Impact of Climate Change on Production Potential. The
spatial heterogeneity of climate change during the past five
decades had a significant impact on production potential in
China (Figure 6). For the entirety of China, the production
potential increased by ∼1.58million tons/decade as a result
of climate change.The geographic distribution of production
potential changed over the past five decades, with increases in
the north and decreases in the south.The areas with increased
production potential were located mainly in the North-
east China Plain, the northern arid and semiarid region,

and the Huang-Huai-Hai Plain, where production potential
increased by 3.15, 0.92, and 0.79million tons/decade, respec-
tively. In contrast, the areaswith decreased production poten-
tial were located mainly in the Middle-lower Yangtze Plain
and southern China, where production potential decreased
by 1.53 and 0.83million tons/decade, respectively.

To analyze the relationship between the changes in
production potential and the changes in each climate factor
in different regions, correlation coefficients between the
production potential and each climatic factor were calculated
for each grid.

The change in temperature had a large impact on produc-
tion potentials, but with different effects in different areas. In
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the Northeast China Plain and the Huang-Huai-Hai Plain,
the warming trend had a positive effect on the production
potential due to increased plant biomass production over
the course of the growing season. In the Huang-Huai-Hai
Plain, the production potential was increased further by
changes inmultiple cropping systemsmade in response to the
temperature increase. In contrast, the correlation coefficient
between the temperature and the production potential was
negative in the Loess Plateau, southern China, and the
Yunnan-Guizhou Plateau. Because heat was already sufficient
in southern China and the Yunnan-Guizhou plateau, crops
did not respond to the increase in temperature with addi-
tional growth. The increase in temperature also accelerated
crop growth and reduced the required length of the growing
season, resulting in a decrease in the production potential.
Given the inadequate moisture levels in the Loess Plateau
due to low irrigation rates and precipitation, the increase in
temperature caused higher evapotranspiration rates, leading
to reduced production potential. In contrast, the increase in
the temperature had little impact on the production potential
in the Middle-lower Yangtze Plain. In summary, the trend
for increasing temperature over the past five decades had
a positive impacton the production potential in the higher
latitudes but had a negative impact on that at the lower
latitudes.

The correlation coefficients between precipitation and
the production potential were different in the southern and
northern regions of China (Figure 7). In northern China,
the production potential showed a positive correlation with
precipitation, particularly for the rain-fed cropland.However,
the limited supply of water in the arid climate of northern
China resulted in a decrease in the production potential
associated with the trend for decreasing precipitation. In
southern China, precipitation and production potential were
negatively correlated. An associated effect of excessive rainfall
was a decline in solar radiation, which was a significant
factor in the decrease in production potential. During the
past five decades, the trend in precipitation across China as
a whole showed little change but displayed clear geographic
differences. Precipitation decreased in northern China and
increased in southern China, resulting in a net decrease in
the national total production potential.

In southern China and the coastal area of North China,
the production potential showed a positive correlation with
solar radiation because the abundant water supply supported
high rates of photosynthesis, leading to increasing plant
biomass with increasing solar radiation. In contrast, solar
radiation and production potential were correlated negatively
in northern China. The increase in solar radiation may have
accelerated the rate of evaporation leading to water deficit in
crops. Although northeastern China is an arid region, most
of the agricultural production is irrigated so the increase in
solar radiation had less impact on the water requirements of
the crops. Therefore, the solar radiation and the production
potential were positively correlated.

We established a linear regression model using the cli-
matic factors as independent variables and the production
potential as a dependent variable to identify the primary
factors that impact the production potential. The increase

in temperature had a large and positive influence on the
production potential. The contribution rate of temperature
to the production potential reached 2137.00% among three
factors, while the decreases in precipitation and solar radi-
ation had negative impacts on the production potential,
and their contribution rates were −388.06% and −1648.94%,
respectively. The increase in temperature was the major con-
tributing factor to the increase in production potential when
considering China as a whole, but temperature, precipitation,
and solar radiation had varying effects on the production
potential in specific regions. In the Northeast China Plain,
the increase in temperature was the major factor in the
increased production potential, and the contribution rate of
temperature to the production potential reached 104.38%. In
the northern arid and semiarid region, temperature and pre-
cipitationwere themajor factors in the changes in production
potential, but their effects were antagonistic. The increase
in temperature had a positive impact on the production
potential, with a contribution rate of 431.15%, while the
decrease in the temperature had a negative influence on the
production potential, and its contribution rate was 290.18%.
In southern China, the increased temperature and decreased
solar radiation caused a decrease in the production potential,
with contribution rates of 53.12% and 48.62%, respectively.
In the Middle-lower Yangtze Plain, the decrease in solar
radiation was the major factor causing the decrease in the
production potential, with a contribution rate of 186.99%.
In the Huang-Huai-Hai Plain, the changes in temperature
and solar radiation had large and opposing effects on the
production potential.The increase in temperature resulted in
an increase in production potential, with a contribution rate
of 271.38%, but the decrease in solar radiation had a negative
impact on the production potential, with a contribution rate
of −118.98% (Table 1).

4. Conclusion and Discussion

China faces challenges to its efforts to ensure grain security
resulting from an increasing population and the decreasing
availability of land for agriculture. One important factor
that puts grain security at risk is the high level of climatic
variability. Temperature, precipitation, and solar radiation are
key climate variables that determine the amount of plant
biomass production. In this study, we analyzed the impacts of
temperature, precipitation, and solar radiation variability on
the agricultural production potential of five major crops in
China based on the GAEZ model using meteorological data,
including terrain elevation and soil data, collected over the
past five decades. Conclusions from this study are as follows.

(1) In 2010, the total production potential was 1.17 billion
tons in China, and the per hectare production potential was
7,889 kg/ha. The production potential increased from north
to south and from west to east. The region with the highest
total and per hectare production potential was the Middle-
lower Yangtze Plain, with 0.30 billion tons and 10,789 kg/ha,
respectively.

(2) Changes in annual temperature, precipitation, and
solar radiation showed different trends over the past five
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Figure 7: Correlation coefficients between production potential and climatic factors.

decades. Temperature showed a clear increasing trend with
a dramatically increased rate of temperature change after
the late 1980s. Precipitation showed minor change overall
but exhibited substantial fluctuation. After 2000, the annual
precipitation was consistently less than that in the previous
years. Solar radiation showed an obvious decreasing trend
during the entire period and the annual solar radiation since

the 1980s was consistently less than the mean solar radiation
over the past five decades.

(3) The geographic heterogeneity of climate change had
a significant impact on the production potential in China.
The overall production potential increased by approximately
1.58million tons/decade in response to climate change. The
areas with increased production potential were located
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Table 1: Contributions of climatic factors to the production potential in various regions of China (%).

Agriculture zone Temperature Precipitation Radiation
Northeast China Plain 104.38 −24.64 20.26
Yunnan-Guizhou Plateau 102.07 −122.52 120.45
Northern arid and semiarid region 431.15 −290.18 −40.97
Southern China 53.12 −1.74 48.62
Sichuan Basin and surrounding regions 23.12 −381.43 458.31
Middle-lower Yangtze Plain −58.04 −28.95 186.99
Qinghai-Tibet Plateau 78.86 12.68 8.47
Loess Plateau −60.65 161.33 −0.67
Huang-Huai-Hai Plain 271.38 −52.40 −118.98
Total 2137.00 −388.06 −1648.94

mainly in the Northeast China Plain, the northern arid and
semiarid region, and the Huang-Huai-Hai Plain. In contrast,
the areas with decreased production potential were located
mainly in the Middle-lower Yangtze Plain and southern
China.

(4) The effects of the climate factors that impact pro-
duction potential in China varied greatly. In the Northeast
China Plain, the increase in temperature was themajor factor
in the increased production potential. In the northern arid
and semiarid region, temperature and precipitation were the
major factors that led to changes in production potential, but
their effects were in opposition to each other. In southern
China, the increase in temperature and the decrease in
solar radiation led to decreased production potential. In
the Middle-lower Yangtze Plain, the major factor causing
decreased production potential was the decrease in solar
radiation. In the Huang-Huai-Hai Plain, the changes in
temperature and solar radiation had large and opposite effects
on the production potential.

Finally, we note the limitations of this study. Extreme
weather conditions (i.e., freezing or high temperatures, rain-
storms, or heavy snow) may have an extreme effect on the
production potential, but these factors were not taken into
consideration in our study. The irrigated scenarios in this
study assumed a sufficient supply of water for crop growth,
but the actual availability of water provided by irrigation still
poses limitations to crop growth in practice. Crop species
selection is determined, in large part, based on farmers’
financial interests and not necessarily on which crop is the
most suitable.
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Based on the normalized difference vegetation index (NDVI), we analyzed vegetation change of the six major biomes across Inner
Mongolia at the growing season and the monthly timescales and estimated their responses to climate change between 1982 and
2006. To reduce disturbance associated with land use change, those pixels affected by land use change from the 1980s to 2000s were
excluded. At the growing season scale, the NDVI increased weakly in the natural ecosystems, but strongly in cropland. Interannual
variations in the growing season NDVI for forest was positively linked with potential evapotranspiration and temperature, but
negatively correlatedwith precipitation. In contrast, it was positively correlatedwith precipitation, but negatively related to potential
evapotranspiration for other natural biomes, particularly for desert steppe. Although monthly NDVI trends were characterized as
heterogeneous, corresponding tomonthly variations in climate change amongbiome types, warming-relatedNDVI at the beginning
of the growing season was the main contributor to the NDVI increase during the growing season for forest, meadow steppe, and
typical steppe, but it constrained the NDVI increase for desert steppe, desert, and crop. Significant one-month lagged correlations
betweenmonthlyNDVI and climate variables were found, but the correlation characteristics varied greatly depending on vegetation
type.

1. Introduction

Climate change has resulted in a significant effect on veg-
etation dynamics during the past decades [1–4] due to the
associated alterations to biogeochemical processes, such as
plant photosynthesis, respiration, and mineralization of soil
organic matter [5–7], and these changes are projected to be
enhanced in the future years [8–12].

A number of previous studies have investigated annual
variations in vegetation and their responses to climate
changes using the normalized difference vegetation index
(NDVI), a reliable indicator of vegetation change, at both
regional and global scales [13–21]. However, less attention
has been paid to vegetation change (NDVI) and its relation-
ships with climatic factors over shorter timescales [22, 23].
For many ecological and agricultural issues, finer temporal
resolution ismore relevant [23]. Besides, themagnitude of the
monthlyNDVI and its change over time are vital indicators of

the contribution of vegetation change in different months to
annual plant growth [16]. Furthermore, many recent studies
have focused mainly on the influence of precipitation and
mean temperature on vegetation change, and the important
role of other factors has been neglected, such as maximum
andminimum temperature and potential evapotranspiration,
which also exert considerable influence on patterns of vegeta-
tion growth [24–27]. In addition, increasing numbers of stud-
ies have confirmed the effect of interannual climate variability
on vegetation change, which varies considerably depending
on the ecogeographical region and vegetation types [16, 28–
30].Therefore, developing a better understanding of the effect
of climate on vegetation growth at the biome scale is of some
significance.

The Inner Mongolia Autonomous Region consists of vast
forests and the largest grazing area in China and is considered
to be an important timber and livestock region in China [31].
As an ecotransition zone, it has a sharp rainfall-temperature
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Figure 1: The spatial distribution of vegetation types and the 92
meteorological stations used in this study. The inset map indicates
the location of the study area in China.

gradient from the southwest to northeast, where vegetation
growth is likely to be highly sensitive to climate change
[32]. Over recent decades, it has experienced dramatic cli-
mate change, which has been more pronounced than most
other areas in China [33–36]. The study of climate-related
vegetation dynamics here is of fundamental importance
to improve our understanding of the mechanisms in the
relationship between climate change and vegetation change,
and also critical to policy-making for regional adaptation
plans. The objective of the present study is to investigate how
and why vegetation change has occurred in Inner Mongolia
over the past 25 years. Firstly, we examined changes in the
growing season NDVI, and variations in NDVI for each
month during the growing season to gain further insights
into its contribution to the changes in growing season NDVI
during the period of 1982–2006, and we further investigated
the relationships between climatic factors and NDVI at the
growing season and monthly scales, based on vegetation
types.

2. Data and Methods

2.1. Study Area. Inner Mongolia is situated in the northern
part of China and stretches from approximately 37∘N to 53∘N
and 97∘E to 126∘E, a total area of nearly 1.2 million km2
(Figure 1). The region is dominated by monsoon climate
pattern that are controlled by continental Eurasian high and
low pressure cells. During the summer, warm and humid
air from the Pacific contributes to high temperatures and
variable rainfall. In the winter, the region is affected by
strong, dry, and cold northwesterly winds regulated by the
Siberian-Mongolian atmospheric high pressure cell [31, 37].
The climate is characterized by an increase in precipitation

and a decrease in temperature from southwest to northeast
[38]. From southwest to northeast, it can be divided into
four major zones [39]. The medium temperate arid region
in the southwest is dominated by the desert biome. The
medium temperate semiarid region occupying most of the
central area (approximately 40∘N to 50∘N latitude and 110∘E
to 120∘E longitude) is dominated by steppe and fragmented
areas of cropland. Finally, the cold temperate humid and
medium temperate subhumid regions, occurring mainly in
the northeast, are dominated by the forest biome. In this
study, we focused on the cultivated and five of the major
natural vegetation types of Inner Mongolia: cropland, forest,
meadow steppe, typical steppe, desert steppe, and desert.
We selected these biomes because they are the dominant
vegetation types and follow the rainfall-temperature gradient
from the southwest to the northeast.

2.2. Dataset. Vegetation change was identified using NDVI
data developed by the global inventory monitoring and
modeling studies (GIMMS) group and derived from the
NOAA/AVHRR land dataset for the period 1982–2006 (avail-
able at ftp://ftp.glcf.umiacs.umd.edu/glcf/GIMMS/), which
has a resolution of 8 km and an interval of 15 days. The data
calibrated to eliminate noise from solar angle and sensor
errors has been widely used in analyzing the long-term
trends in vegetation cover and activity in China [16, 31,
40]. To further decrease the effects of atmospheric and
aerosol scattering, we developed a monthly NDVI data using
maximum value composite (MVC) method for each month,
as previous study [41]. The growing season was defined as
April to October [42–44], and the growing seasonNDVI data
were obtained by averaging these monthly NDVI data during
the period of April-October for each year.

The climate variables usedwere themonthly precipitation
amount (𝑃), mean temperature (𝑇mean), maximum temper-
ature (𝑇max), minimum temperature (𝑇min), and potential
evapotranspiration (PET).These datawere interpolated using
ANUSPLIN 4.3 software (http://fennerschool.anu.edu.au/re-
search/products) at a resolution of 8 km, based on 92 climatic
stations of the China Meteorological Administration in or
around Inner Mongolia (Figure 1). To check the performance
of the ANUSPLIN 4.3 interpolation for Inner Mongolia, the
monthly data in the year of 2000 were interpolated by using
ANUSPLIN 4.3, based on observational data from 82 of the
92 climate stations. Then, observational monthly data from
the remaining 10 climate stations were compared with corre-
sponding pixel values obtained from the interpolation data
in 2000. The coefficients of determination (𝑅2) between the
interpolations and observations indicated that the simulated
monthly 𝑇mean, 𝑇max, 𝑇min, PET, and 𝑃 fitted the observed
values reasonably with average 𝑅2 of 0.99, 0.98, 0.98, 0.81,
and 0.79, respectively. PET (mm day−1) was calculated using
an improved United Nations Food and Agriculture Organi-
zation (FAO) Penman-Monteith method [45]:

PET =
0.408𝛿 (𝑅

𝑛
− 𝐺) + 𝛾 (900/ (𝑇 + 273)) 𝑈

2
(𝑒
𝑠
− 𝑒
𝑎
)

𝛿 + 𝛾 (1 + 0.34𝑈
2
)

,

(1)
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where 𝛿 is the slope of the saturation vapor pressure versus
air temperature curve (kPa∘C−1), 𝑅

𝑛
is net solar radiation

at the plant surface (MJm−2 day−1), 𝐺 is soil heat flux
density (MJm−2 day−1), 𝛾 is the psychrometric constant
(kPa∘C−1), 𝑇 is mean air temperature at a height of 2m (∘C),
U
2
is mean wind speed at a height of 2m (m s−1), 𝑒

𝑠
is satu-

ration vapor pressure (kPa), and 𝑒
𝑎
is actual vapor pressure

(kPa).
The information on distribution of vegetation types was

obtained from vegetation map of China with a scale of
1 : 1000000 [46]. Based on this map and the criteria of
Editorial Board of Rangeland Resources of China, 1996 [47],
vegetation types in Inner Mongolia were further grouped
into cropland, forest, meadow steppe, typical steppe, desert
steppe, and desert. Then, they were converted to grid maps
with a resolution of 8 km, which corresponds to that of the
NDVI data.

Digital land-use maps of the scale 1 : 100000 in 1980s
and 2000, provided by the Data Center for Resources and
Environmental Sciences of the Chinese Academy of Sci-
ences (http://www.resdc.cn/), were used to identify land-use
change in 1980s to 2000s. These data based on the Land-
sat Thematic Mapper (TM)/Enhanced Thematic Mapper
(ETM)/Multispectral Scanner System (MSS) images/land-
use survey have been proved to be of high accuracy and
could better meet the needs of studies on land-use change at
regional or national scales [48, 49].

2.3. Method. To remove biases related to the effects of land-
use change on NDVI values, pixels affected by land-use
change during the study period were excluded. Specifically,
we extracted each land-use type for the two periods and
converted them to a grid format with a resolution of 8 km,
respectively, and then masked them to identify those pixels
with no land-use change during the 1980s and 2000s. These
pixels were then selected tomask the vegetation types. Results
of the vegetation survey are presented in Figure 1.

Linear time trends were evaluated using the ordinary
least squares method for the NDVI and climate variables
over the growing season and monthly timescales for each
vegetation type, and the Pearson correlation coefficients
between theNDVI and climatic variables were also calculated
to determine the extent of the relationship between them.

3. Results and Discussion

3.1. Changes in Growing Season and Monthly NDVI. From
1982 to 2006, the climate records showed warming and
drying trends across the forest, meadow steppe, typical
steppes, and crop regions, while they showed wetting and
warming in the desert steppes and desert areas (Figure 2).
The growing season NDVI for all biomes increased over
the past 25 years, with the magnitudes differing greatly by
vegetation type (Figure 2). The cultivated ecosystem showed
a significant increasing trend, with an average increment of
0.0016 yr−1 (𝑃 < 0.01). In comparison, the natural ecosystems
increased only slightly and weakly, with the largest increase
(0.0005 yr−1; 𝑃 = 0.50) occurring in the forest region and

the lowest (0.00001 yr−1; 𝑃 = 0.90) in the desert. Such an
increase in the NDVI indicates that vegetation activity in
Inner Mongolia is strengthening during the study period,
to some extent. This is generally consistent with previous
studies, which demonstrated that the overall state of Inner
Mongolia’s vegetation developed favorably in the past years
[40, 43, 50, 51].

In order to more clearly examine the contribution of each
month to the growing season NDVI trend, Figure 3 shows
the changes in the trend of monthly NDVI over the period
of 1982–2006. For the forest, the monthly NDVI trend at
the beginning and end of the growing season (i.e., May and
September) increasedmuch larger than that in other months,
with an increase of 0.0028 yr−1 (R2 = 0.05, 𝑃 = 0.26) and
0.0038 yr−1 (R2 = 0.18, 𝑃 < 0.05), respectively. In contrast,
there was a marked decrease from June to August, with a
minimum rate of −0.002 yr−1 (R2 = 0.14, 𝑃 < 0.1) in July
(Figure 3(a)-N). This is in agreement with the result from
Mao et al. [52], who found that the larger NDVI increase
was in May and September in northeast China, at the similar
latitude as this region [52]. By comparison, NDVI values
for most growing season months tended to increase for the
steppes. The largest trends occurred in April and August,
with annual rates of 0.0010 yr−1 (R2 = 0.23, 𝑃 < 0.05) and
0.0013 yr−1 (R2 =0.08,𝑃 = 0.15), respectively, for themeadow
steppe (Figure 3(b)-N), 0.0009 yr−1 (R2 = 0.36, 𝑃 < 0.01) and
0.0017 yr−1 (R2 = 0.08, 𝑃 = 0.17), respectively, for the typical
steppe (Figure 3(c)-N), and 0.0002 yr−1 (R2 = 0.02, 𝑃 = 0.56)
and 0.001 yr−1 (R2 = 0.03, 𝑃 = 0.39), respectively, for the
desert steppe (Figure 3(d)-N). However, the monthly NDVI
for the desert exhibited a noticeably different pattern from
the other biomes, with the larger increases of 0.0002 yr−1
(R2 = 0.03, 𝑃 = 0.41) and 0.0001 yr−1 (R2 = 0.03, 𝑃 =
0.43) in September and October, respectively, while that in
July decreased significantly by −0.0003 yr−1 (R2 = 0.10, 𝑃 =
0.12) (Figure 3(e)-N). For thecropland, monthly NDVI rose
significantly in July, August, and September, which played
an important role in the growing season NDVI trend. In
contrast, monthly NDVI decreased strongly from April to
June (Figure 3(f)-N). This could partly be due to the fact that
the dominant crop type have been changed from springwheat
to maize [53]. Specifically, the area of spring wheat declined
from about 1.1 million hectares in 1990 to 0.4 million hectares
in 2006, while that ofmaize increased greatly from0.8million
hectares to about 2 million hectares [53, 54].

3.2.The Response of Growing SeasonNDVI to Climate Change.
Table 1 illustrates the correlations between climatic variables
and NDVI for the different vegetation types at the growing
season scale. For the forest, the growing season NDVI
positively correlated with the corresponding PET (R = 0.53,
𝑃 < 0.01) and temperature, especially 𝑇max (R = 0.39, 𝑃 <
0.1), but related only weakly and negatively to P (𝑅 = −0.30,
𝑃 = 0.16). Nevertheless, lower growing season NDVI values
in 1984, 1993, 1998, and 2003 corresponded well with higher
P values (Figure 1(a)). To further analyze the relationship
between growing season NDVI and peak precipitation, we
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Figure 2: Interannual variations of growing season mean NDVI, growing season 𝑃, growing season PET, and growing season 𝑇mean for (a)
forest, (b) meadow steppe, (c) typical steppe, (d) desert steppe, (e) desert, and (f) cropland during the period 1982–2006.

Table 1: Correlation between growing season NDVI and corresponding climate variables for different biomes: growing season 𝑃, growing
season PET, and growing season 𝑇mean, 𝑇max, and 𝑇min.

Climate variables Correlation coefficient
Forest Meadow steppe Typical steppe Desert steppe Desert Crop

𝑃 −0.30 0.38∗ 0.58∗∗∗ 0.84∗∗∗ 0.35∗ 0.18
PET 0.53∗∗∗ −0.27 −0.63∗∗∗ −0.71∗∗∗ −0.22 −0.58∗∗∗

𝑇mean 0.29 0.20 −0.04 −0.29 0.02 0.12
𝑇max 0.39∗ 0.073 −0.13 −0.33 0.09 0.03
𝑇min 0.01 0.36∗ 0.16 −0.10 −0.02 0.26
∗∗∗, ∗∗, and ∗ indicate 𝑃 < 0.01, 𝑃 < 0.05, and 𝑃 < 0.1, respectively.

calculated the correlation coefficients between precipitation
amounts more than 455mm (a little above the mean) during
the growing season and corresponding NDVI value, and a
significant negative correlation was observed (𝑅 = −0.55,
𝑃 < 0.1). These findings suggest that increases in either
temperature or potential evapotranspiration boost forest
growth, whereas toomuch precipitation depresses it. In forest
dominated areas (cold temperate humid and medium tem-
perate subhumid regions), a negative correlation between the
growing season NDVI and precipitation, especially in wetter
years, can be attributed to increased cloud cover and the
consequent decrease in solar radiation and temperature [52].
In contrast, a positive relationship was observed between the

growing season NDVI and temperature, which is broadly
consistent with the results of previous studies performed
in northern middle-high latitudes [19, 40, 55]. This may
be a consequence of increased temperatures lengthening
the growing period and enhancing photosynthesis, while
also reducing the negative effect derived from excessive
precipitation in summer [56–58].

In contrast, there was a significant positive correlation
between growing season NDVI and P for meadow steppes,
typical steppes, desert steppes, and desert (R = 0.38, 𝑃 <
0.1; R = 0.58, 𝑃 < 0.01; R = 0.84, 𝑃 < 0.01; and R =
0.35, 𝑃 < 0.1, resp.), but a negative correlation between
growing season NDVI and PET, especially for the typical
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Figure 3: Variation in monthly NDVI and climatic variables during growing season over the 25 years for the six vegetation types: (a) forest,
(b), meadow steppe, (c) typical steppe, (d), desert steppe, (e) desert, and (f) cropland. Monthly 𝑃, monthly PET, andmonthly𝑇mean,𝑇max, and
𝑇min. The green bars denote the trends, and black lines represent the mean values. ∗ ∗ ∗, ∗∗, and ∗ indicate 𝑃 < 0.01, 𝑃 < 0.05, and 𝑃 < 0.1,
respectively.

and desert steppes (𝑅 = −0.63, 𝑃 < 0.01; and 𝑅 =
−0.71, 𝑃 < 0.01, resp.), implying that water may be the
key factor controlling grass growth. In addition, growing
season NDVI was also positively related to temperature
for the meadow steppe, especially to 𝑇min (R = 0.36, 𝑃 <
0.1), indicating that an increase in temperature can also
enhance meadow steppe growth. The steppes and desert
biomes are dominated by a medium temperate semiarid
and arid climate, and the growing season NDVI rose as

precipitation increased, which agrees with previous findings
[28, 44, 59]. These relationships strengthened from meadow
steppe to typical steppe and desert steppe, but then weakened
to desert, which tends to confirm the general viewpoint
that a threshold exists around which vegetation growth is
most sensitive to water supply, and below or above which
the relationship weakens [29, 60]. Grass in subarid and arid
regions is predominantly influenced by precipitation: the
more precipitation, the more vegetation growth. However,
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Table 2: Correlation coefficients between monthly mean NDVI and 𝑃, PET, 𝑇mean, 𝑇max, and 𝑇min in the same month for different vegetation
types.

Vegetation types Climate variables Correlation coefficient
4 5 6 7 8 9 10

Forest

𝑃 −0.22 −0.25 0.08 −0.38∗ −0.44∗∗ −0.31 0.06
PET 0.74∗∗∗ 0.43∗∗ 0.13 0.35∗ 0.55∗∗∗ 0.60∗∗∗ −0.05
𝑇mean 0.48∗∗ 0.74∗∗∗ 0.23 −0.21 0.32 −0.02 0.27
𝑇max 0.55∗∗∗ 0.69∗∗∗ 0.22 0.06 0.52∗∗∗ 0.24 0.33
𝑇min 0.28 0.48∗∗ 0.25 −0.54∗∗∗ −0.23 −0.46∗∗ 0.20

Meadow steppe

𝑃 0.26 0.30 0.31 −0.14 −0.44∗∗ −0.03 0.32
PET 0.12 0.02 −0.25 0.07 0.49∗∗ −0.05 0.08
𝑇mean 0.38∗ 0.49∗∗ −0.12 0.03 0.13 0.07 0.33
𝑇max 0.30 0.38∗ −0.16 0.07 0.33 −0.03 0.30
𝑇min 0.50∗∗ 0.53∗∗∗ 0.03 0.01 −0.38∗ 0.12 0.38∗

Typical steppe

𝑃 0.30 0.63∗∗∗ 0.54∗∗∗ 0.19 0.10 −0.16 0.23
PET −0.11 −0.38∗ −0.47∗∗ −0.31 −0.29 0.01 0.05
𝑇mean 0.21 0.29 −0.37∗ −0.15 −0.21 0.23 0.25
𝑇max 0.10 0.11 −0.41∗∗ −0.19 −0.19 0.22 0.22
𝑇min 0.34 0.45∗∗ −0.27 0.02 −0.17 0.22 0.30

Desert steppe

𝑃 0.22 0.72∗∗∗ 0.55∗∗∗ 0.60∗∗∗ 0.56∗∗∗ 0.02 0.20
PET −0.30 −0.58∗∗∗ −0.39∗ −0.47∗∗ −0.55∗∗∗ −0.25 −0.30
𝑇mean −0.30 −0.20 −0.50∗∗ −0.33 −0.30 −0.00 −0.15
𝑇max −0.34∗ −0.30 −0.49∗∗ −0.32 −0.32 0.01 −0.14
𝑇min −0.21 0.19 −0.37∗ −0.160 −0.13 0.00 −0.14

Desert

𝑃 −0.21 0.01 0.09 −0.36∗ −0.04 −0.09 −0.05
PET 0.10 0.08 0.01 0.24 0.07 −0.16 −0.29
𝑇mean −0.19 −0.04 0.20 0.11 0.11 −0.17 −0.45∗∗

𝑇max −0.10 0.11 0.27 0.20 0.18 −0.09 −0.33
𝑇min −0.24 −0.22 0.11 −0.12 −0.02 −0.24 −0.56∗∗∗

Crop

𝑃 0.21 0.36∗ 0.37∗ 0.00 −0.21 −0.22 0.17
PET −0.00 −0.21 0.07 −0.12 0.04 0.08 0.06
𝑇mean −0.07 −0.10 −0.43∗∗ 0.17 0.20 0.40∗∗ 0.16
𝑇max −0.05 −0.17 −0.45∗∗ 0.12 0.21 0.46∗∗ 0.12
𝑇min −0.02 −0.01 −0.43∗∗ 0.28 0.12 0.36∗ 0.15

∗∗∗, ∗∗, and ∗ indicate 𝑃 < 0.01, 𝑃 < 0.05 and 𝑃 < 0.1, respectively; Bolded numbers denote larger correlation coefficients between the monthly mean NDVI
and the corresponding climate variables in the same month, compared with those for climate variables in the preceding month.

in extremely arid conditions, temperature-associated drought
generally reduces water availability for vegetation growth,
which offsets slight changes in precipitation, leading to a
limited effect on vegetation growth [22, 59].

For cropland, growing season NDVI only showed a
significant relationship with PET (𝑅 = −0.58, 𝑃 < 0.01).
Nevertheless, considering the different crop growth periods,
we calculated the correlation coefficients between NDVI and
corresponding climate variables during April to June and July
to September, respectively, andnonsignificant correlationwas
observed. This can be evidenced by ground-based observa-
tions. Several studies have revealed that grain yield in this
region is probably because of intensive human management,
such as fertilization and changing crop type [54, 61, 62].

3.3. The Responses of Monthly NDVI to Climate Changes
3.3.1. The Responses of Monthly NDVI to Climate Changes
in the Same Time. The relationship of the monthly NDVI

to climate variables was complicated and varied temporally
among the biomes (Table 2). The forest NDVI was sig-
nificantly and positively related to 𝑇mean, 𝑇max, and 𝑇min in
April and May, but negatively to 𝑇min in July, August, and
September (𝑅 = −0.54, 𝑃 < 0.01; 𝑅 = −0.23, 𝑃 =
0.26; and 𝑅 = −0.46, 𝑃 < 0.05, resp.). These findings
suggest that an increase in temperature may increase forest
growth at the beginning of the growing period, but the
minimum temperature increase may depress forest growth
in the middle of the growing period. In agreement with
previous studies, the large increase in NDVI occurred in the
early growing season due to a large temperature rise and
advanced growing season [63]. The forest NDVI correlated
significantly and negatively with P in July (𝑅 = −0.38,
𝑃 < 0.1) and August (𝑅 = −0.44, 𝑃 < 0.05), whereas
it significantly and positively related to PET, except in June
(R = 0.13, 𝑃 = 0.54) and October (𝑅 = −0.05, 𝑃 =
0.82), indicating that excess rainfall in summer can be an



8 Advances in Meteorology

important limiting factor for forest growth.This is consistent
with the results of Fang et al., who reported that forest
growth tended to decrease with an increase of precipitation
in a relatively cold condition [64]. NDVI for meadow steppe
was positively correlated with temperature over almost all
of the growing season months, and significantly in April
and May. However, NDVI showed a positive correlation with
P in April, May, June, and October, but only a significant
negative correlation in August (𝑅 = −0.44, 𝑃 < 0.05). In
comparison, although NDVI was positively correlated with
P, and negatively related to PET duringmost growingmonths
for both typical and desert steppe, therewas an opposite trend
in correlations betweenNDVI and temperature inApril,May,
and October. This difference response of steppes to monthly
climate change may also be highly correlated with the east-
to-west water-temperature gradient. From east to west (i.e.,
from meadow steppe, typical steppe to desert steppe), the
correlation between monthly NDVI and precipitation was
strengthened as aridity increased, whereas monthly NDVI
was more weakly related to temperature with temperature
rising [22].

The NDVI of the temperate desert did not correlate
well with climate variables for any month, but most of
the correlations between NDVI and 𝑇mean, 𝑇max, and 𝑇min
were negative in April, May, September, and October, and
especially in October. For cropland, the monthly NDVI was
positively related to P, but negatively to 𝑇mean, 𝑇max, and
𝑇min in April, May, and June, and most significantly in June
(R = 0.37, 𝑃 < 0.1; 𝑅 = −0.43, 𝑃 < 0.05; 𝑅 = −0.45,
𝑃 < 0.05; and 𝑅 = −0.43, 𝑃 < 0.05, resp.), whereas the
opposite relationships occurred in July, August, September,
and October, but particularly in September (𝑅 = −0.22, 𝑃 =
0.29; R = 0.40, 𝑃 < 0.05; 𝑅 = −0.46, 𝑃 < 0.05; and 𝑅 = −0.36,
𝑃 < 0.05, resp.).

3.3.2. The Response of Monthly NDVI to Climate Change in
the Previous Month. Although the monthly NDVI had a
similar pattern to that of the climate variables, the monthly
peak NDVI was not always coupled with those climatic
factors (Figure 2). This discrepancy may suggest a lagged
response of NDVI to change in climate [16]. To illustrate and
analyze this lagged response of vegetation growth, we also
calculated correlation coefficients between monthly NDVI
and climatic variables from the preceding month (Table 3).
The strength of the relationship varied, however, depending
on the biomes and climate variables. For forest, significantly
positive correlations were found between the NDVI value
in April, May, and September, and PET, 𝑇mean, 𝑇max, and
𝑇min from the preceding month, whereas the NDVI value
in April was negatively related to antecedent P (𝑅 = −0.51,
𝑃 < 0.01). This implies that temperature and potential
evapotranspiration in the preceding month are beneficial
to forest growth at the beginning and end of the growing
season, whereas precipitation during the previous month
can depress growth in early spring. The weakly response
of forest to preceding P can result from the deeper-rooted
system that can maintain amount of moisture during dry
periods by absorbingwater from the deeper soil and adequate
precipitation [52].

Similarly, for the three steppe types, most NDVI values
in April and May were positively correlated with 𝑇mean,
𝑇max, and 𝑇min in the previous month, implying that higher
temperatures in the preceding month could stimulate grass
growth at the beginning of the growing season. In compar-
ison, there were positive correlations between P from the
precedingmonth andmonthlyNDVI values during thewhole
growing season (except April for meadow steppe), whereas
an almost opposite relationship between NDVI values and
corresponding PET appeared at the same time. In addition,
during the latter period of the growing season, correlations
between the monthly NDVI and climate variables in the
previous month were always stronger than the correlations
with no time lag, suggesting that the antecedent climate
conditions may be critical to grass growth in the latter part
of the growing season (Tables 2 and 3). For the cropland, the
lagged response of monthly NDVI to changes in climate was
not well observed as for the other vegetation types, which is
inconsistent with those who concluded that crop seemed to
respond more quickly to precipitation than grasslands due
to more shallow-rooted system [65]. The difference may be
ascribed to different time scale. In this study, we just focused
on one month lag effect and could not to detect lag times less
than 30 days.

Monthly NDVI increases at the beginning of the growing
season (in May for forest, and in April for steppes) were
greatly responsible for the growing season NDVI changes,
which were almost all strongly and positively related to the
current and preceding month’s 𝑇mean, 𝑇max, and 𝑇min (Tables
2 and 3). It is possible that, in relatively high latitude regions
(forest, as well as meadow and typical steppe areas) where the
temperature is relatively low (Figure 2), vegetation growth is
highly sensitive to temperature change at the beginning of the
growing season [43, 66]. Spring warming can lower levels of
frost damage, thaw out the frozen soil, advance the beginning
of the growing season, promote plant photosynthesis, and
thereby boost vegetation growth [67, 68]. This is partly con-
firmed by the negative correlation between corresponding
precipitation and NDVI in relatively colder regions (Table 2),
because spring rainfall can lower temperatures. The disparity
between the larger increase at the beginning of the growing
season in May for forest, and not in April as for the steppes,
can be attributed to the later arrival of spring. Previous
studies suggest that the period with daily mean temperatures
consistently above 5∘C is generally regarded as the growing
season for trees [33], with temperatures above 0∘C necessary
for grass growth [69]. Consequently, the start of the growing
season in the steppe regions may be one month ahead of that
in the forested areas (on Julian days 79 and 111, resp.).

NDVI variability in spring (April andMay) was positively
related to 𝑇mean, 𝑇max, and 𝑇min from the preceding month,
but almost always negatively related to the temperature range
in the currentmonth for desert steppe and desert.The pattern
of these relationships may result mainly from differences in
regional climate conditions. In the desert steppe and desert
regions, where water resources are seriously limited (the
ratio of monthly PET to P in April and May is 48.43 and
16.65, resp., for desert steppe, and 93.11 and 34.03, resp., for
desert; Figure 2), the heat or water stress induced by climate
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Table 3: Correlation coefficients between monthly mean NDVI and 𝑃, PET, 𝑇mean, 𝑇max, and 𝑇min in the preceding month for different
vegetation types.

Vegetation types Climate variables Correlation coefficient
4 5 6 7 8 9 10

Forest

𝑃 −0.51∗∗∗ 0.11 0.25 −0.05 −0.21 −0.19 0.14
PET 0.63∗∗∗ 0.32 −0.24 −0.10 0.32 0.49∗∗ 0.01
𝑇mean 0.40∗ 0.48∗∗ −0.20 0.01 −0.07 0.35∗ −0.06
𝑇max 0.45∗∗ 0.36∗ −0.32 −0.03 0.09 0.45∗∗ −0.09
𝑇min 0.37∗ 0.49∗∗ 0.07 0.14 −0.28 −0.09 0.03

Meadow steppe

𝑃 −0.05 0.25 0.50∗∗ 0.03 0.01 0.57∗∗∗ 0.48∗∗

PET 0.51∗∗ 0.16 −0.19 −0.27 −0.01 −0.48∗∗ −0.36∗

𝑇mean 0.29 0.33 −0.03 0.06 0.15 −0.30 0.07
𝑇max 0.30 0.33 −0.16 0.02 0.08 −0.40∗∗ −0.14
𝑇min 0.28 0.35∗ 0.14 0.15 0.25 0.11 0.37∗

Typical steppe

𝑃 0.04 0.50∗∗ 0.39∗ 0.20 0.53∗∗∗ 0.66∗∗∗ 0.22
PET 0.37∗ −0.14 −0.41∗∗ −0.45∗∗ −0.48∗∗ −0.74∗∗∗ −0.17
𝑇mean 0.33 0.41∗∗ 0.15 −0.20 0.00 −0.51∗∗ 0.19
𝑇max 0.36∗ 0.37∗ 0.01 −0.22 −0.15 −0.59∗∗∗ 0.09
𝑇min 0.33 0.48∗∗ 0.29 −0.14 0.32 −0.15 0.30

Desert steppe

𝑃 0.22 0.71∗∗∗ 0.64∗∗∗ 0.51∗∗∗ 0.71∗∗∗ 0.74∗∗∗ 0.04
PET 0.16 −0.34∗ −0.71∗∗∗ −0.33 −0.40∗∗ −0.67∗∗∗ −0.23
𝑇mean 0.30 0.21 −0.05 −0.41∗∗ 0.02 −0.44∗∗ 0.01
𝑇max 0.29 0.14 −0.24 −0.42∗∗ −0.07 −0.47∗∗ 0.04
𝑇min 0.30 0.35∗ 0.27 −0.27 0.29 −0.21 0.03

Desert

𝑃 0.13 −0.04 0.68∗∗∗ 0.12 0.14 0.40∗∗ −0.18
PET 0.01 −0.11 −0.44∗∗ −0.02 0.15 −0.27 −0.12
𝑇mean 0.13 0.18 −0.09 −0.08 0.26 0.02 0.04
𝑇max 0.17 0.17 −0.16 −0.05 0.25 −0.01 0.09
𝑇min 0.10 0.18 0.13 −0.06 0.27 0.05 −0.08

Crop

𝑃 0.27 0.08 0.09 0.02 0.11 0.13 0.21
PET −0.19 0.04 −0.43∗∗ −0.31 −0.24 −0.32 −0.15
𝑇mean 0.10 0.23 −0.23 0.23 0.32 −0.02 −0.03
𝑇max 0.10 0.26 −0.29 0.20 0.20 −0.09 −0.09
𝑇min 0.11 0.20 −0.14 0.28 0.52∗∗∗ 0.15 0.04

∗∗∗, ∗∗, and ∗ indicate 𝑃 < 0.01, 𝑃 < 0.05, and 𝑃 < 0.1, respectively; Bolded numbers denote larger correlation coefficients between the monthly mean NDVI
and the corresponding climate variables in the preceding month, compared with those for climate variables in the same month.

change can adversely affect grass germination and initial
growth [27, 70], despite the fact that previous warming can
promote germination. These also support the other findings,
which report that onset dates of green-up are delayed by the
warming trend in the desert steppe [71].

4. Conclusion

Based on the normalized difference vegetation index (NDVI),
we have investigated the growing season and monthly
NDVI trends and their relationships with climate variables
for six biomes in Inner Mongolia over the period 1982–
2006. Our results indicated that the growing season NDVI
generally increased over the past 25 years for all biomes.
The pronounced increase was found in cropland, which
almost certainly stemmed from the primary crop type change
and the advance of agricultural management. Changes in
climate likely functioned as the important controller for

interannual variations in natural vegetation activity. The
growing season NDVI was positively related to potential
evapotranspiration and temperature, but negatively corre-
lated with higher precipitation for the forest. In contrast, a
positive (negative) correlation between NDVI and precipi-
tation (potential evapotranspiration) existed in the steppes
and desert. Additionally, monthly changes in climate seemed
to influence plant growth in nonlinear fashions at the biome
level, depending on times, climate variables, and biome types.
Warming-related NDVI at the beginning of the growing
season largely contributed to the NDVI increase during the
growing season for forest, meadow steppe, and typical steppe
but constrained the NDVI increase for desert steppe, desert,
and crop. Moreover, our results also suggested that there
were complicated one-month lags in vegetation responses
to climate changes. However, although this study would
greatly improve understanding of the complicated responses
of vegetation to climate changes in Inner Mongolia, we could
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not determine the relative contribution of these factors. How
to separate the contributions from different driving forces
remains a big challenge for further studies.
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The ecosystem resilience plays a key role inmaintaining a steady flow of ecosystem services and enables quick and flexible responses
to climate changes, and maintaining or restoring the ecosystem resilience of forests is a necessary societal adaptation to climate
change; however, there is a great lack of spatially explicit ecosystem resilience assessments. Drawing on principles of the ecosystem
resilience highlighted in the literature, we built on the theory of dissipative structures to develop a conceptual model of the
ecosystem resilience of forests. A hierarchical indicator system was designed with the influencing factors of the forest ecosystem
resilience, including the stand conditions and the ecological memory, which were further disaggregated into specific indicators.
Furthermore, indicator weights were determinedwith the analytic hierarchy process (AHP) and the coefficient of variationmethod.
Based on the remote sensing data and forest inventory data and so forth, the resilience index of forests was calculated. The result
suggests that there is significant spatial heterogeneity of the ecosystem resilience of forests, indicating it is feasible to generate large-
scale ecosystem resilience maps with this assessment model, and the results can provide a scientific basis for the conservation of
forests, which is of great significance to the climate change mitigation.

1. Introduction

There is ample evidence of the ecological impacts of climate
change, whichmay pose considerable challenges to the terres-
trial ecosystems and change the provided ecosystem services
in the future [1, 2], and the forest ecosystem resilience plays
an important role in maintaining the desirable ecosystem
states that allow these ecosystem services to be delivered,
and enables quick and flexible responses to climate changes
[3]. For example, forests are major reservoirs of terrestrial
biodiversity and contain about 50% of the global terrestrial
biomass carbon stocks, emissions from deforestation and
degradation remain a significant source of annual green-
house gas emissions into the atmosphere, and therefore the

conservation, appropriate management, and restoration of
forests will make a significant contribution to climate change
mitigation [4]. Resilience is the capacity of an ecosystem to
withstand external pressures and return to its predisturbance
state over time, the loss of ecosystem resilience indicates
that ecosystems are prone to the shifts to undesirable states
in which the ecosystem services needed by humans can no
longer be delivered, and maintaining or restoring the forest
ecosystem resilience is often cited as a necessary societal
adaptation to climate change [5, 6]. However, forest ecosys-
tem resilience has continually declined at the regional scale
and even global scale due to the climate change and human
disturbance [7]. The quantitative assessment of ecosystem
resilience can provide a scientific basis for the forest resource
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management and conservation and therefore is of great
significance to the maintenance of critical ecosystem services
[8].

The concept of resilience has been widely used, and
there have been some ecological theories that attempt to
explain the mechanism of resilience through a variety of
models [9, 10], for example, “species richness-diversity” [11],
“functional redundancy” [12], “keystone species hypothesis”
[13], “resilience-productivity hypothesis” [14].However, these
theories are generally based on the concept of species popu-
lations as the basic functional unit and therefore fail to cap-
ture the importance of the interactions amongst individual
organisms in the ecosystem [10]. Among the current theories,
the theory of dissipative structures seems particularly suitable
for investigating the dynamics of structural change and
resilience of ecosystems [15, 16]. It shows that the open and
self-organizing systems maintain their structural order by
keeping their internal state far from thermodynamic equi-
librium through active exchanges with their environment
[16]. Those dissipative structures are in principle stable as
long as the exchanges with the environment are maintained
and the continuous perturbations are absorbed within the
framework of the given dynamic regime [15, 16]. The theory
of dissipative structures provides a scientific theoretical
framework for explaining the mechanism of the ecosystem
resilience; however, there have been very few researches on
the quantitative measurement of ecosystem resilience on
the basis of this theory; more in-depth research should be
carried out on how tomore scientifically and accurately assess
the ecosystem resilience with reasonable indicators of the
ecosystem resilience.

Resilience can bemeasured in terms of change in a system
level property and function following perturbation, and the
perturbation can be simulated [10]. In previous research,
the ecosystem resilience was generally measured by the rate
of return of the ecosystem state after disturbance or the
maximum disturbance that the ecosystem can absorb before
shifting to another state [17]. Currently, researchers generally
select one key indicator associated with the ecosystem, for
example, the key species and vigor of the ecosystem, and they
then simulate the time for the key indicator to return from
the stressed state to the normal state (Tr) and the maximum
stress that the ecosystem can withstand (MS) with models
such as the CENTRURY model and the GAP model [18].
Ecosystem resilience can be represented by the values of MS,
1/Tr, or MS/Tr [19].This approach assumes that the dynamics
of the ecosystem can be understood by analyzing a few key
variables, which is termed the “rule of hand” [5]. However,
the concept of “rule of hand” is limited and relatively unrep-
resentative because it is impossible to represent the complete
recovery of ecosystem function by the recovery of only a
few key variables [20]. In addition, although it is in principle
possible to measure ecosystem resilience by fitting a dynamic
model to time series, this approach imposes extraordinary
data requirements. It is usually difficult to obtain the data that
can meet such requirements in practice [17].

It is more plausible to measure resilience in terms of
the factors influencing resilience. The literature reported a
number of factors that influence the ecosystem resilience,

for example, the diversity within functional groups and
variability of habitats [21]. However, these factors have not
previously been considered comprehensively by researchers.
The operational indicators of resilience have received little
attention in the literature, and there is no consensus-based
view of how to measure resilience or even of the exact nature
of resilience [22]. Rosset and Oertli assessed the resilience of
species to warming with five ecological and biogeographical
metrics and explained their theoretical basis [23]; however,
this approachmay be relatively biased since these researchers
simply used equal weights for each metric.

This study aims to develop a conceptual framework
for the spatially explicit assessment of the forest ecosystem
resilience based on the theory of dissipative structures, and
the rest of this paper is organized as follows. The second
part presents a brief overview of the study area and explains
how the indicator system was constructed, how the indicator
weights were determined, and how the resilience index was
calculated. Besides, this part also shows the data used in this
study and how they were processed. The third part presents
the results and discusses the underlying reasons for the spatial
heterogeneity of the forest ecosystem resilience, and the final
part concludes.

2. Data and Methodology

2.1. Study Area. Yongxin County is representative of the
subtropical mixed conifer and broadleaved forest area in the
Poyang Lake watershed, with a forest area of 143,980 ha and a
forest coverage rate of 65.6%. It is located between 26∘47–
27∘14N and 113∘50–114∘29E, in the upper and middle
reaches of the Heshui River which is the largest secondary
tributary of Poyang Lake (Figure 1). The northern and south-
ern parts of Yongxin County primarily include mountains
and hills, where there are a lot of forests, whereas the central
part of the county includes hills and plains, most of which
are covered by cultivated land. It is the subtropical monsoon
climate in this region, with an annual average temperature
of 18.2∘C and an annual average precipitation of 1,530.7mm,
and the zonal vegetation is the evergreen broadleaved forest,
but the existing forests primarily consist of Pinus massoniana
andCunninghamia lanceolata (C. lanceolata), and the current
state of the forests is the result of both the long-term human
disturbance and restoration and the natural recovery under
the influence of the regional natural background [24].

2.2. Data and Processing. Thedata used primarily include the
forest inventory data, remotely sensed data, and statistical
data. The forest inventory data in 2009 were obtained from
the Yongxin Forestry Bureau, including the forest resource
distribution map, data for 707 sample plots, and data for
41603 sample trees. We obtained the forest distribution map
by integrating the forest formmapwith the LandsatThematic
(TM) image covering the study area. Besides, we interpolated
the sample plot data and sample tree data into 30m ×
30m grid data with the Kriging method to obtain the data
of specific indicators of the internal memory, such as the
average stand age, average DBH growth rate, and mature
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Figure 1: Location of Yongxin County and the distribution map of
forests.

dominant tree density [25]. The external memory was then
calculated on the basis of the internal memory. Besides, the
factor influencing the availability of the external memory was
indicated with the proximity index, which was calculated on
the basis of the forest distribution map. In addition, the data
of indicators of the stand conditions were prepared with the
remote sensing data, observation data, and statistical data.
For example, the climatic data were from the observation
stations in Jiangxi Province and Hunan Province maintained,
and the original data were interpolated into 30m × 30m
grid data using the gradient plus inverse distance squares
method and then extracted the part of Yongxin County. The
soil data were extracted from the forest inventory data of the
second nationwide general soil survey and were interpolated
into 30m × 30m grid data with the Kriging method [26].
The terrain data were obtained with the 30m × 30m digital
elevation model (DEM) data. The distance to the nearest
river was obtained from the 1 : 250,000 topographic maps of
Jiangxi Province. The population data were obtained from
China Population Statistics Yearbook 2010 and were spatially
disaggregated into 30m × 30m grid data with the spatial
disaggregating method [27].

2.3. Model Development. The forest ecosystem resilience is
quantitatively measured with its influencing factors on the
basis of the theory of dissipative structures in this study.
First, some definitions related to the ecosystem resilience
were clarified, which lay the foundation for the ecosystem
resilience assessment.Then based on the theory of dissipative
structures, a hierarchical indicator system was constructed
according to the factors influencing the forest ecosystem
resilience, most of which have some impacts on the energy
and material flows between the forest ecosystem and the
environment. Thereafter, the indicator weights were deter-
mined with the combined weighting method, including the

analytic hierarchy process (AHP) and coefficient of variance
(CV) method [28]. Finally, the resilience index of forests was
calculated as the weighted sum of these indicators at the grid
scale.

2.3.1. Definition of Ecosystem Resilience, State, and Scale. It is
necessary to make some definitions related to the ecosystem
resilience so as to make the results comparable. First and
foremost, it is necessary to clarify the definition of ecosystem
resilience since the literature offers various definitions of
ecosystem resilience and includes a controversy about the
existence of different ecosystem states [16]. The current
viewpoints can be summarized into ecological resilience and
engineering resilience, and forests are engineering resilient
in the sense that they may in time return to their predistur-
bance state and maintain approximately the original species
composition [3]. Therefore the definition of the engineering
resilience has been adopted in this study, referring to the
capacity of an ecosystem to absorb disturbance and return to
its predisturbance state following a perturbation [29].

Secondly, it is crucial to specify the ecosystem state of
interest since the forest ecosystems havemultiple states under
which different ecosystem servicesmay be delivered [17].This
study has only focused on the resilience under the current
state, which is defined with the dominant tree species [3],
and it is assumed that there will be no state transformation
during the study period. In addition, it is necessary to specify
the scale in the resilience assessment since the different
scales may lead to different assessment results [30, 31], and
when viewed over an appropriate time span, a resilient forest
ecosystem is able to maintain its “identity” in terms of
taxonomic composition, structure, ecological functions and
process rates [3]. As for the spatial scale, this study proposes
to measure the absolute and relative conditions (e.g., space,
environmental characteristics, and resource availability) at
the patch scale and to analyze questions of resilience at the
multipatch scale [31], and the 30m resolution patch has
been used to analyze the resilience in this study. As for
the time scale, the forest ecosystem resilience is analyzed
at the annual scale, and it is assumed that no ecosystem
state transformations would occur during the study period
since the ecosystem generally fluctuates near equilibrium and
remains essentially stable during a given period.

2.3.2. Indicator System. A hierarchical model was devel-
oped with factors influencing the forest ecosystem resilience
according to the theory of dissipative structures. The theory
of dissipative structures shows that the forest ecosystem as a
system of dissipative structures will soon collapse on condi-
tion that there is no input of energy and material [15], and
the ecosystem resilience depends on both the favorable stand
conditions and the biological and ecological resources in the
ecosystem, all of which influence the input of energy and
material into the forest ecosystem. Therefore the resilience
index that evaluates the forest ecosystem resilience was
disaggregated into the stand conditions and the ecological
memory, whichwere finally disaggregated into simple indices
that are measurable and can be observed in the field.
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The indicators of the stand conditions include the terrain,
soil, climate, water conditions, and human disturbance,
which interact with each other and jointly affect the resilience
of the forest ecosystem [32]. The terrain has obvious impacts
on the factors required for plant growth, for example, the
water and soil nutrients. For example, there is richer soil
fertility and seed bank in the lower slope position than the
middle and upper slope positions, and the seed germination
rate at the lower slope position is higher [33], and the terrain
indicators in this study include the aspect, slope, and slope
position. Besides, the resilience at the local level depends
on the ability of the landscape to maintain infiltration,
water storage capacity and nutrient cycles, all of which are
threatened by soil loss and structural change [34]. In this
study, we selected the soil depth, humus horizon depth, and
loam quantity for use as soil structure indices and used the
humus quantity, soil nitrogen (N) quantity, soil phosphorus
(P) quantity, and soil potassium (K) quantity as indices of
soil fertility. In addition, the climate primarily influences
photosynthesis, respiration, and other ecosystem processes
throughmedium-term and long-term temperature, radiation
and wetness and consequently exerts great impacts on the
plant growth [4], and water conditions also have significant
influence on plant growth through influencing the availability
of water [35]. The climate indices used in this study included
the annual accumulated temperature above 10∘C, the annual
precipitation, and the annual hours of sunshine, and the
distance to the nearest river was used as the indicator of
the water conditions. What is more, there is still controversy
over the identification of humans as a component of natural
ecosystems, but human beings have altered the resilience
of ecosystems [36]; therefore the population density that is
closely related with human activities has been used as the
indicator of human disturbance in this study.

The ecological memory include the internal memory
within the foci forest patch and external memory in the
neighbor patches of the foci forest patch [37, 38], which
were further represented with more specific indicators. The
internal memory includes the species that survive within the
disturbed area (i.e., the biological legacies) and the remaining
dead organic structures that serve as foci for regeneration
and allow species to colonize (i.e., the structural legacies)
[38]. The biological legacies include the seed, vegetation
materials, and animal communities, while the structural
legacies provide critical protective cover, habitat, and food
and nutrient sources for a variety of organisms and influence
geomorphic processes such as erosion and the deposition of
sediments [38]. First, the seed bank is the material basis for
the natural regeneration of forests [37]. Since it is difficult to
measure the soil seed bank in a large area, we used the factors
influencing the soil seed bank as the specific indicators,
including the density of the mature dominant trees and the
stand canopy [39]. Besides, the ecosystem resilience resides in
both the diversity of the drivers and the number of passengers
who are potential drivers, which are of different significance
to the ecosystem [40], and the selected indictors of the
diversity of the drivers include the species number of the
dominant trees and the subdominant trees and the grass and
shrub canopy. In addition, ecophysiological characteristics

of the vegetation also contribute to ecosystem resilience [3],
the indicators of which include the average stand age and
the average growth rate of the diameter at breast height
(DBH) in this study.What ismore, structural legacies provide
critical protective cover that allows species to colonize [21],
and the litter depth was used as the indicator of structural
legacies in this study. More importantly, the recovery of
an ecosystem from disturbance requires an area that is
sufficiently large and abundant internalmemory to guarantee
a rapid reorganization, and a larger and less fragmented forest
ecosystem is more resilient [3]. In this study, the patch area
and perimeter-to-area ratio were used to represent the patch
size and patch shape, respectively.

Ecosystem reorganization requires both the internal
memory within the disturbed patch and the external mem-
ory within neighboring patches, which provides seed flows
among forest patches and influence the species composition
and facilitate the resilience of disturbed patches [28]. Since
it is difficult to measure long-distance seed dispersal, we
measured the external memory by the density of mature
dominant trees within neighboring patches of corresponding
patch types whose edges are within a specified distance of
the focal patch (1000m in this study). In addition, many
plant species are dispersal limited and are influenced by
various factors such as the distance to the seed sources and
the availability of dispersal agents [41], and therefore we
have used a proximity index that combines the area of the
neighboring patch and the distance to the focal patch as
the indicator of the factors that influence the availability of
external memory (Table 1).

2.3.3. Calculation of the Resilience Index. There are many
methods to synthetize the basic indicators into one index,
such as the fuzzy comprehensive evaluation method, Delphi
method, and comprehensive index method [42]. This study
used the classic comprehensive indexmethod to calculate the
resilience index of the forest ecosystem. First, the assessment
indicators of the forest ecosystem resilience were assigned
with different weights; then the weighted sum of the assess-
ment indices was calculated with a spatial overlay of these
indices. The resilience of the forest ecosystem is calculated
with the following formula:

resilience
𝑗
=

𝑛

∑

𝑖=1

𝑤
𝑖
𝑥
𝑖
, (𝑖 = 1, 2, 3, . . . , 𝑛) , (1)

where resilience
𝑗
is the resilience index of the jth assessment

unit, 𝑤
𝑖
is the weight of the 𝑖th assessment index, 𝑥

𝑖
is

the value of the 𝑖th assessment index, which is normalized
with the extreme value method, and 𝑛 is the number of the
assessment indices.

Besides, there are many methods to determine the index
weights, which can be generally classified into the subjective
weighing method and objective weighing method, both of
which have some disadvantages [43, 44]. The combinato-
rial weighing method was used to determine the indicator
weights to reduce the possible errors in this study. The
indicator weights were first determined with AHP and the
coefficient of variationmethod and then combined as follows
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Table 1:The assessment system and weights of specific indicators.𝑊AHP and𝑊CV refer to the weights determined with the analytic hierarchy
process (AHP) and coefficient of variation method (CV), respectively. The weights were calculated as the average of𝑊AHP and𝑊CV.

Medium-level indicators Bottom indicators 𝑊AHP 𝑊CV Weights
Stand conditions

Terrain
Slope position 0.0123 0.0386 0.0254
Slope 0.0088 0.0209 0.0148
Aspect 0.0257 0.0417 0.0337

Climate

Temperature Annual average temperature 0.0138 0.0503 0.0320
Cumulative temperature above 10∘C 0.0292 0.0543 0.0417

Precipitation Annual precipitation 0.0356 0.0289 0.0322
Solar radiation Annual sunshine hour 0.0102 0.0467 0.0284

Water condition Distance to the nearest river 0.0194 0.0075 0.0134
Soil

Soil structure
Soil depth 0.0063 0.0177 0.0120
Humus depth 0.024 0.0168 0.0204
Loam quantity 0.0035 0.00001 0.0017

Soil fertility

Soil organic quantity 0.0045 0.0073 0.00591
Soil nitrogen quantity 0.0065 0.0016 0.00406
Soil phosphorus quantity 0.0036 0.00001 0.0018
Soil kalium quantity 0.0044 0.0016 0.00301

Human disturbance Population density 0.0237 0.0273 0.0255
Ecological Memory
Internal memory

Biological legacies

Species number of dominant and subdominant trees 0.0459 0.0824 0.0641
Grass-shrub canopy 0.0145 0.0308 0.0226
Average stand age 0.0293 0.0106 0.0199
Average DBH growth rate 0.0206 0.0342 0.0274
Mature dominant tree density 0.0568 0.0487 0.0527
Vegetation canopy 0.0171 0.0257 0.0214

Structural legacies Litter depth 0.0828 0.0384 0.0606

Patch area and shape Patch area 0.2487 0.1001 0.1744
Perimeter area ratio 0.0749 0.0058 0.0403

External memory and factors
influencing its availability

Density of mature dominant tree within neighbor
patches of corresponding types 0.0552 0.0665 0.0608

Proximity index 0.1227 0.1949 0.1588

(see (2)) in order to take full advantage of expert knowledge
and give full consideration to specific conditions of the study
area:

𝑤
𝑖
=

𝑤
(1)

𝑗
× 𝑤
(2)

𝑗

∑
𝑚

𝑗=1
[𝑤
(1)

𝑗
× 𝑤
(2)

𝑗
]

, (2)

where 𝑤(1)
𝑗

is the weight vector obtained with the coefficient
of variation method, 𝑤(2)

𝑗
is the weight vector obtained with

AHP, and 𝑗 is the number of assessment indices. The final
index weights are listed in Table 1.

3. Results and Discussion

3.1. Result of the Assessment of Resilience. The indicator sys-
tem was finally established and indicator weights were deter-
mined (Table 1), with which the forest ecosystem resilience in
the study areawas calculated andwas further divided into five
levels (Figure 2), with the thresholds of the resilience index
determined with the natural breaks method (Table 2).

The forests with the highest resilienceweremainly located
in the middle of the southwestern mountain area. The result
indicated that the forest ecosystem resilience in Yongxin
County ranged from 0.1803 to 0.6919, with an average value
of 0.3821. Only 40.4% of the forests were above the average
resilience level, and the forest ecosystem resilience in the
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Sanwan Town

N

Very low: 0.18–0.31
Resilience level

Very high: 0.54–0.69Low: 0.31–0.38
Medium: 0.38–0.45

High: 0.45–0.54

Figure 2: Spatial pattern of the forest ecosystem resilience level in
Yongxin County and the location of Sanwan Town where Sanwan
National Forest Park is located.

study area was not very high on the whole. Besides, the
forest ecosystem resilience is generally above the average level
occurred in the southwestern mountain area, the southeast-
ern mountain area, and the northern mountain area, while
the resilience was generally below the average level in the
middle plain and hill area. The map of the forest ecosystem
resilience level clearly showed the spatial heterogeneity of the
pattern of resilience (Figure 2). The forests reaching a high
or very high resilience level generally occurred around the
center of the southwestern mountain area and the eastern
part of the southeastern mountain area, and they extended
from east to west in the northern mountain area. The forests
with a medium level of resilience generally occurred in the
area of the southern boundary, whereas the forests with a low
or very low level of resilience were generally located in the
central plain and hill area. The forests in the southwestern
mountain area generally reached or exceeded a medium
level of resilience, with a large area reaching the very high
resilience level. The forests only reached a medium or low
level of resilience in the southeastern mountain area except
in the eastern part and the area near the administrative
boundary, where the forests reached a high level of resilience.
In the northern mountain area, only the forests extending
from east to west, whose type species was C. lanceolata,
reached a medium or high level of resilience. The remainder
of the forests in the northern mountain area only reached a
low or very low level of resilience. In contrast, the forests in
the central area were almost entirely at a low or very low level
of resilience.

The total forest area at each resilience level was further-
more summarized (Table 2). In total, 57.5% of the forests

Table 2: Threshold of forest resilience level and total area at each
resilience level.

Resilience level Threshold of
resilience levels Total area (ha) Area percent

(%)
Very low 0.18–0.31 35835.93 25.60
Low 0.31–0.38 44688.15 31.90
Medium 0.38–0.45 30632.22 21.90
High 0.45–0.54 18448.29 13.20
Very high 0.54–0.69 10386.63 7.40

were at a low or very low level of resilience; 21.9% reached a
medium level of resilience. Only 20.6% reached or exceeded
a high level of resilience, indicating the resilience of the forest
was not good. Besides, only five forest types reached the
very high resilience level, among which the C. lanceolata
forest accounted for the largest area proportion of forests
with very high resilience, with the total area of 10381.2 ha
reaching the very high resilience level. In addition, many
forest types reached the high resilience level, but only the area
ofC. lanceolata, other sclerophyllous forest, andTheaceaewas
relatively large, reaching 16,457.6 ha, 1,951.02 ha, and 12.42 ha,
respectively. In summary, most forest types only reached a
medium level of resilience, only the forest types with a large
total area, such as C. lanceolata, tended to have large areas
exceeding the medium resilience level.

The key factors influencing the resilience of the forest
ecosystem varied among different areas, these spatial patterns
of which may provide significant information for formu-
lating appropriate forest resource management measures.
For example, in the southwestern mountain area, the stand
condition was not favorable due primarily to the terrain,
which makes this area susceptible to soil erosion. However,
the rich ecological memory found in this area substantially
offsets this disadvantage. The patch area, with a weight of
0.1744, is one of the most important indicators at the bottom
level, and the patch area of most forest types was generally
very large and the fragmentation was not serious in this area.
By comparison, the stand condition is very favorable in the
southeastern mountain area, with higher temperature and
more precipitation that had favorable effects on the forests.
However, the internal memory in this area only reached
the medium level; only very few parts were rich in external
memory. In the northern mountain area, especially in its
western portion, the stand condition is not very good, and
the ecological memory was only rich in a C. lanceolata forest
extending from east to west due primarily to the abundant
internal memory. However, the ecological memory of other
forest types was very poor in this area, primarily due to
the serious fragmentation. In the central plain and hill area,
where there are primarily plain and low hills, the stand
condition is very favorable for humans as well as forests. But
this area has a long history of human disturbance, and the
forests were seriously fragmented, leading to the very poor
ecological memory.

The current spatial heterogeneity of the forest ecosystem
resilience is the result of the cumulative effects of long-term
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human intervention and the influence of natural conditions
[45]. The human disturbance plays a subordinate role in
influencing the forest ecosystem resilience on the whole;
however, it still may be the dominant influencing factor at
the local scale. For example, there is still very serious human
disturbance in the plain area, and the human activities still
play a dominant role in influencing the forest ecosystem
resilience, especially in the plain area in the middle part
of the study area, where there is a high population density
and a lot of forests have been reclaimed for cropland. In
fact, the accumulative effects of historical human activities
make great contribution to the current spatial pattern of
the species composition of the forests. For example, the
zonal vegetation is the evergreen broad-leaf forest, which has
been seriously damaged during the historical period, and the
gradual recovery of the local forests is due primarily to the
reconstruction and conservation since the 1980s. As a result,
C. lanceolata, which has been widely used in the afforestation
projects, has accounted for the largest proportion of the
forests at present. Overall, the result objectively reflects the
spatial pattern of the forest ecosystem resilience in the study
area, indicating that it is a practical approach to spatially
measure the ecosystem resilience with its influencing factors.

3.2. Discussion. This study indicates that the ecosystem
resilience can be quantitatively measured with its influencing
factors; however, more efforts should be made to further
explore how to more scientifically and accurately measure
the ecosystem resilience since there are various challenges
in both the spatially explicit assessment of the ecosystem
resilience and its application. First and foremost, more efforts
should be made to explore the theory and assessment of
the ecosystem resilience. Although previous researches have
provided somemethods to measure the ecosystem resilience,
there remains an urgent need for an operational tool for
assessing and mapping the ecosystem resilience [46], and it
is necessary to make more efforts to select and integrate the
resilience indicators according to the research object and data
availability based on firm theoretical foundations. Besides,
methods for spatially assessing many resilience factors have
not yet been developed, and the comparative study is crucial
since the ecosystem resilience cannot always be directly
observed [46]. In addition, since there may be multiple
indicators to measure the ecosystem resilience, it is of great
importance to explore how to integrate these indicators. The
resilience was represented with weighted sum of indices of
its influencing factors in this study; the result may be not
very accurate since there may be some nonlinear relationship
between the ecosystem resilience and its influencing factors,
but it still provides a useful method to the spatially explicitly
assess the ecosystem resilience.

There is also a great challenge to operationalize the
resilience concept for ecosystem management in a dynamic
world; one of the major challenges for progressing resilience-
based management lies in successful application. In fact, the
general resilience principles have been influencing the way
of the ecosystem management and conservation and have
been consciously or unconsciously applied in the ecosystem

management. For example, the biosphere reserves have been
generally demarcated into core area(s), buffer area(s), and
transition area(s) according to guidelines of the United
Nations Educational, Scientific and Cultural Organization
[47]. The demarcation of the biosphere reserves into three
areas can promote the ecosystem resilience, although the
ecosystem managers may have been not aware of that. For
example, in fact there is a forest park in Sanwan Town where
the forest ecosystem resilience is the highest, that is, Sanwan
National Forest Park, which has a forest coverage rate of
90.5% (Figure 2). This forest park was initially established
in order to promote the development of the local tourism
and pursue more economic benefit rather than improve the
ecosystem resilience; however, it has unexpectedly increased
the resilience of local forests. Therefore, establishing forest
parks may be an effective way to conserve ecosystems and
maintain the desirable ecosystem state.

4. Conclusions

Drawing on principles of the ecosystem resilience highlighted
in the literature this study selected the indicators that capture
the influencing factors of the ecosystem resilience and quan-
titatively assessed the forest ecosystem resilience in Yongxin
County. The result indicates that it is feasible to generate
large-scale ecosystem resilience maps with this assessment
model and spatially explicitly identify the areas essential
to the ecosystem conservation. Besides, the result show
that there is significant spatial heterogeneity of the forest
ecosystem resilience in the study area, which can provide
a scientific basis for the local forest resource management
and conservation to maintain critical ecosystem services and
adapt to the climate change. But it is still necessary to make
further improvement in the future research since there are
still some controversies on the selection and integration of the
specific indicators of ecosystem resilience, and it is possible
to more accurately measure the ecosystem resilience if high
resolution data in a large area are available. Although there
are still some uncertainties, the results still can provide a
scientific basis for the conservation of the forests, which is of
great significance to the climate change mitigation.
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