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Abstract: Spatio-temporal patterns of rain-use efficiency (RUE) can explicitly present the steady-state
of ecosystem water use and thus ecosystem functioning. The west of Songliao Plain, located along
the east fringe of the agro-pasture transitional zone in northern China, is highly sensitive to global
change. In this study, satellite-based RUE was calculated using time series SPOT VEGETATION
(SPOT-VGT) Normalized Difference Vegetation Index (NDVI) images and precipitation data for the
study area from 1999 to 2011. Based on regression model by fitting simple linear regression through
the pixel-based time series of RUE in the growing season and calculating the slopes, the change trend
of RUE was determined. The grey relational analysis (GRA) method was extended to the spatial
scale, and used to select sensitive climate and socio-economic factors that affected RUE variations.
The result demonstrated that vegetation RUE increased slightly with an undulating trend, implying
the ecosystem function tended to improve between 1999 and 2011. In total, 4.23% of the total area
had experienced a significant increase in RUE, whereas 1.29% of the total area presented a significant
decrease. Areas showing increased RUE trends mostly coincided with areas of land cover conversions
from grassland to forest, shrub to forest and cropland to forest, which suggested a positive linkage
with ecological protection policy and projects at national and local levels. Based on the obtained
spatial Grey Relation Grade (GRG) values, the pattern of the impact factors clearly showed a spatial
heterogeneity. Spatially, sunshine duration, temperature and population density were most closely
related to RUE in the west of Songliao Plain between 1999 and 2011.

Keywords: rain-use efficiency; NDVI; grey relational analysis; SPOT VEGETATION; the west of
Songliao Plain

1. Introduction

Vegetation affects several processes, including water balance, absorption and reemission of solar
radiation, latent and sensible heat fluxes, the carbon cycle, etc. The demand for latest information on the
vegetation cover with regard to climate and ecosystems change has increased recently. Aboveground
net primary production (ANPP) indicates an ecosystem’s ability to capture solar energy and convert it
to organic carbon or biomass [1]. ANPP has been suggested as an integrative measure of ecosystem
functioning and a key variable in assessing the effects of land use changes on ecosystem conditions [2].
Rain-use efficiency (RUE) is defined as the ratio of ANPP to precipitation, i.e., the number of kilograms
of aerial dry matter phytomass produced over one ha in a year per one millimeter of rain fallen [3].
Le Houérou et al. stated that a stable value (« four kilogram dry matter/ha/year/mm rainfall) could
be found throughout the various arid and semi-arid zones of the world and is independent of the
plant species [4]. A decrease in RUE reflects a declined capacity of the vegetation to transform water
(and nutrients) into biomass [5,6]. The process of vegetation degradation may involve a range of
processes including the loss of vegetation cover, the decreasing availability of plant nutrients or the
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increases in run off due to compaction of top soil [7]. It has been suggested that RUE can normalize
the inter-annual variability in ANPP caused by rainfall variability. Consequently, RUE provides an
index of degradation that is independent of the effects of rainfall [8–10].

The spatio-temporal patterns of RUE can explicitly present the steady-state of ecosystem
water use and thus ecosystem functioning. RUE is an essential parameter used in ecosystem
management [9,11–14]. More recently, much work has been done to assess the relationship between
non-precipitation and land degradation in arid and semi arid area by using time-series of RUE
estimated wholly or partly based on satellite remote sensing or ground measurements [3,9,15–22].
Understanding how RUE responds to climatic changes is critical to accurately forecast terrestrial C-cycle
response and feedback to climate change [23]. In the past, many attempts were made to address the
relationship between RUE and precipitation at both temporal and spatial scales [11–14,24,25]. To our
knowledge, the analysis of the relationships of RUE with other climatic factors, such as temperature
and solar duration, land use/cover change and socio-economic development, is still unavailable.

The west of Songliao Plain, located along the east fringe of farming-pastoral transitional zone in
northern China, is highly sensitive to global change. Historically, this region fostered both agricultural
and nomadic culture. Owing to the combined effects of vulnerable physical basis, i.e., arid climate,
thick sandy soil, strong wind in winter and spring, and excessive human activities, such as increasing
population, irrational and large scale land reclamation, and over grazing, the west of Songliao Plain
suffers from the high risk of sandy desertification during the past century. The concerns for the
aggravation of desertification by Chinese government and local citizens have led to many measures for
ecological and environmental protection of the core sandy lands in this area [26]. The ecological and
environmental restoration projects, such as the “Three-North Shelterbelt Project” and the “Grain for
Green Project” initiated in 1978 and 1999, respectively, have achieved preliminary success. The trend of
desertification exacerbation has gradually slowed down [27,28]. Some existing studies have attempted
to evaluate land desertification using rain-use efficiency or analyzing primary production and RUE
response to precipitation in sandy land area or Inner Mongolia [12,29,30]. However, little has been
known about the spatial-temporal pattern of RUE in the west of Songliao Plain. No previous studies
took both climate condition and socio-economic factors into account.

The main purposes of this study are: (1) investigate inter-annual variability and trends of the RUE
in the west of Songliao Plain for the period of 1999 to 2011 based on multitemporal SPOT VEGETATION
(SPOT-VGT) Normalized Difference Vegetation Index (NDVI) and meteorological data; and (2) analyze
the relationship between vegetation RUE variations, main climatic variables, local socio-economic
factors and land use/cover changes. The result may offer scientific evidence for the land management
and landscape ecological regulation in this region.

2. Materials and Methods

2.1. Study Area

The west of Songliao Plain is located in 121˝381–126˝111E, 43˝221–46˝181N, covering an area
of about 216,871 km2 (Figure 1). It is characteristic of temperate continental semi-arid monsoon
climate, with windy and dry winters and springs, and warm and comparatively wet summers,
followed by short and cool autumns [30]. Based on the meteorological data between 1953 and 2010
from 14 weather stations in this region for the years, the average annual temperature ranges from
4.3 ˝C (Sanchahe station) to 7.3 ˝C (Chifeng station). Mean annual precipitation varies from 321 mm
(Changling station) to 516 mm (Sanchahe station), with most precipitation occurring between June and
August. Annual mean evaporation in this region is 4–6 times annual rainfall. For instance, the average
annual precipitation of Chifeng is about 370 mm, while the average evaporation reaches 2029 mm [31].
The probability of spring drought occurrence is 50%–80%, and autumn and summer drought 15%–35%.
Soil types include chernozem, chestnut soil, sandy soil, meadow soil and saline-alkali soil. The natural
vegetation is mainly composed of Leymus chinensis, Stipa grandis and Agropyron cristatum, Salix flavida,
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Cleistogenes, Calamagrostis epigeios, and Iris lacteal communities with sparsely scattered woods (mainly
Ulmus pumila). The original vegetation has greatly changed during the past several decades, mainly due
to long-term overgrazing and over cultivation. Since the mid 1970s, some desertification controlling
efforts, such as placing sand arresters (straw checkerboards), planting the indigenous trees, shrubs
and grasses adaptive to sandy land, and fencing grassland against grazing, have been carried out in
some parts of the region [32]. Administratively, the studied area encompasses 30 banners (counties
or cities) in Inner Mongolian Autonomous Region and Jilin Province. The total population increased
by 4.38% from 12,797,900 in 1999 to 13,358,889 persons in 2011. In this fragile area of northern China,
the livelihood for the majority of the population depends on agriculture and livestock husbandry.
In recent years, several large ecological restoration programs have been implemented including the
“Grain for Green Project” since 1999 [33] and the “Beijing and Tianjin Sandstorm Source Controlling
Project” since 2000 [26], which have been led to the improvements of sand dune area in some counties.
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Figure 1. Location map of the west of Songliao Plain, China.

2.2. Data Collection and Processing

The SPOT VEGETATION decadal composite images were the basis of this study. Compared to
the AVHRR sensors, SPOT-VGT instruments have some advantages such as improved navigation
and radiometric sensitivity [34]. Multi-temporal geo-location accuracy of the VGT data is particularly
good (absolute location < 0.8 km, multispectral registration < 0.2 km and multi-temporal registration
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for 1 year < 0.5 km). Therefore, the data are well suitable for the application in detecting land cover
change [35–38].

VGT products include VGT-P (physical product), VGT-S1 (daily synthesis product) and VGT-S10
(10-day synthesis product). In this study, a total of 468 VGT-S10 composite images for the period of
1–10 January 1999 and 21–31 December 2011 covering Southeast Asia were accessed by the Vlaamse
Instelling voor Technologisch Onderzock (VITO) Image Processing center (Mol, Antwerp, Belgium) [39].
The images were clipped using a study area border executed in ENVI 4.8 Software. The VGT images
are in Plate carrée projection, with a 0.0089285714-degree spatial resolution and digital number (DN)
values ranging from 0 to 255. The original VGT data were projected to the Universal Transverse
Mercator (UTM) projection with datum WGS84. The real NDVI was converted from DN values with
the formula NDVI = DN ˆ 0.004 ´ 0.1. All three 10-day-synthesis products in every month were
combined into the monthly NDVI dataset using a maximum value composite approach. The growing
season NDVI datasets were generated from the monthly NDVI dataset (April to October each year) by
cumulative method.

Monthly meteorological data of 23 weather stations in and near the studied area from 1999 to 2011
were acquired from the National Meteorological Information Center of China (http://data.cma.cn) [40].
Total precipitation, accumulated sunshine hours, average temperature and average relative humidity
in the growing season were computed for studying the correlation of vegetation RUE change with the
above factors. The gridded precipitation, sunshine hours and humidity data with the same spatial
resolution (1 kmˆ 1 km) as the NDVI data were obtained through Radial Basis Functions interpolation,
while the gridded temperature data were derived from Co-kriging interpolation due to the effects
of elevation.

Land cover information is obtained from moderate-resolution imaging spectrometer (MODIS)
global land cover type dataset [41]. The MCD12Q1 images with spatial scale of 500 m were acquired
between 2001 and 2011. Land cover classes are defined based on the International Geosphere-Biosphere
Program (IGBP) 17-class scheme [42]. In this paper, land cover in the western part of the Songliao
Plain was grouped into 8 classes, namely, water bodies, forest, shrub, grassland, cropland, urban area,
wetland and unused land. These images were transformed into the same projection as the NDVI
products and subset for the study area.

The socio-economic variables, including population, gross domestic product (GDP), grain yield
and the number of livestock for 30 banners (counties or cities), were collected from local economic
statistical datasets during 2000–2012 [43,44]. The annual statistical data of the counties or cities were
firstly linked with the attribute table of the administrative map using JOIN function within ArcGIS.
The vector maps were then converted to raster format using a grid-cell unit of 1 km2 by Vector to Raster
tool of GIS. A total of 52 grid maps of four variables, i.e., population density, GDP, grain yield and the
number of livestock were produced within ArcGIS and then used to perform a correlation analysis.

2.3. Methods

2.3.1. Calculation of RUE

RUE can be derived from remote sensing estimation of production (e.g., NDVI) and rainfall
data [8–10,24,45–48]. In arid and semi-arid lands, seasonal sums of multi-temporal NDVI are strongly
correlated with vegetation production [8,49–51]. Annually or seasonally summed NDVI is often
assumed to be an appropriate proxy for ANPP in semi-arid areas [9,21,52–54]. In this study, monthly
NDVI-values were summed over the growing season as a substitute for ANPP. RUE was computed by
the following equation:

RUE “

10
ř

i“4
NDVIi

P
(1)
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where NDVIi is the average NDVI value of month i,
10
ř

i“4
NDVIi is the summed NDVI in the growing

season (April to October), and P represents the accumulated precipitation over the growing season.

2.3.2. Determination of the Trends in RUE Change

A temporal trend analysis using the ordinary least squares (OLS) regression technique on the
basis of a linear regression model (Y = a + bX) [55,56] is applied to estimate the trend in vegetation
RUE change in this study, in which X and Y represents year number and RUE over the period from
1999 to 2011, respectively:

SLOPE “
nˆ

13
ř

i“1
iˆMi ´

13
ř

i“1
i

13
ř

i“1
Mi

nˆ
13
ř

i“1
i2 ´ p

13
ř

i“1
iq2

(2)

where SLOPE is the slope of the fitted regression line of the growing season RUE at each pixel,
n represents year range, and i is 1 for the first year, 2 for the second year, and so on. A negative
regression coefficient (SLOPE < 0) indicates a decline of RUE, thereby implying vegetation degradation.
A positive value (SLOPE > 0) depicts an increase trend of RUE from the first to the last year,
which suggests improved vegetation activity. F-statistics were used to determine the significance of
linear regression models. According to the SLOPE value and significant levels, the change trends of
RUE are classified into seven types: (1) highly significant decrease (SLOPE < 0, p ď 0.01); (2) significant
decrease (SLOPE < 0, 0.01 < p ď 0.05); (3) moderately significant decrease (SLOPE < 0, 0.05 < p ď 0.1);
(4) no significant change (p > 0.1); (5) moderately significant increase (SLOPE < 0, 0.05 < p ď 0.1);
(6) significant increase (SLOPE > 0, 0.01 < p ď 0.05); and (7) highly significant increase (SLOPE > 0,
p ď 0.01).

2.3.3. Grey Correlation Analysis

Grey correlation analysis (GRA) is a systematic analysis method proposed in the Grey System
theory [57,58]. Based on geometrical mathematics, GRA complies with the principles of normality,
symmetry, entirety, and proximity [59,60]. It is mainly used to conduct a relational analysis of the
uncertainty of a system model and the incompleteness of information [61]. With grey correlation
analysis, the relationship between multiple factors can be analyzed objectively, and the important
evaluation factors are preserved and unimportant factors are deleted. This method is a distinct
similarity measurement approach that uses data series to obtain grey relational order to describe the
relationship between the related series [62]. The relative distance between a compared data series and
the reference data series, which is referred to as grey relational grade (GRG), represents the degree
of influence between these series. A small distance indicates a significant influence [63]. GRG value
is between 0 and 1. GRG value close to 1 indicates that there is a strong relationship between the
two series.

To identify the main impact factors for the changes of RUE, GRA method was extended to the
spatial scale by calculating the GRG values for each grid within ArcGIS in this study. Climate change is
one of the main drivers of the interannual variation in vegetation activity. We considered precipitation,
temperature, relative humidity, solar duration as the natural factors for the period of 1999–2011.
Vegetation degradation and restoration in arid and semi arid area are also closely related to human
activities. For a typical farming-grazing transitional zone, increasing population and grain yield may
indicate the demands and intensity of agriculture activities, while the livestock number reflects the scale
of animal husbandry production. GDP is a broad measurement of regional overall economic activity,
which may be related to the financial investment of ecological environment protection. Therefore,
the impacts of socio-economic factors, such as population, agriculture and economic scale on RUE,
were also taken into account. A total of eight factors were finally selected, namely, the total precipitation,
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accumulated sunshine hours, average temperature, average relative humidity over the growing season,
population density, GDP, grain production and the number of livestock.

The original data series of the above eight impact factors were normalized by an averaging
method in which all the values of each impact factor series were divided by the mean value of the
series. The original series were converted to a set of comparable series. RUE for the studied period is
the reference series X0 and the compared series of eight impact factors are represented by X1, X2, . . . ,
Xi, (i = 1–8). Then the grey relational coefficient ξxi(t) of compared series Xi(t) to reference series X0(t)
at time t for each pixel was calculated using the following equation:

ξXi ptq “
min

i
min

t
|X0 ptq ´ Xi ptq | ` ρmax

i
max

t
|X0 ptq ´ Xi ptq |

|X0 ptq ´ Xi ptq | ` ρmax
i

max
t
|X0 ptq ´ Xi ptq |

“
∆min` ρ∆max
∆x0i(t)` ρ∆max

(3)

where X0 and Xi are the reference data series (RUE) and compared data series (the impact factors)
after normalization; ∆x0i ptq represents the absolute difference between two series. ∆min and ∆max
denote the distance for each time in all compared sequences. ρ is the distinguishing coefficient used to
adjust the difference of the relational coefficient ranges between zero and one [64]. Considering the
moderate distinguishing effects and good stability of outcomes, the suggested value of ρ is usually
0.1–0.5. We adopted ρ “ 0.1 for further analysis in this study. Finally, Yi, namely GRG, is the average
value of grey relational coefficient defined as follows:

Yi “
1
13

13
Σ

t“1
ξi ptq (4)

where ξi ptq is the distinguishing coefficient. Yi represents the level of correlation between the reference
series (RUE) and the compared series (impact factors) during past 13 years. If a particular comparability
sequence has more influence on the reference sequence than the other ones, the GRG for comparability
and reference sequence will exceed that for the other grey relational grades. The grey relational order
is constructed based on the calculated value of Yi. The grey relational grade is correlated with the
influence of the specific factor on RUE change.

3. Results

3.1. RUE Changes

3.1.1. Spatial Pattern

Spatial characteristic of average RUE in the west of Songliao Plain is shown in Figure 2. RUE
values were increased from center to the surrounding in the whole. The regions with mean RUE of less
than 0.006 were mostly occupied by saline-alkali land and open shrub land, taking up approximately
3.39% of the land. The places with RUE values of 0.006–0.010 covering 63.13% of the studied area were
dominated by grassland and some cropland. RUE values greater than 0.01 were mainly concentrated
in the northwest and southwest of the studied area. RUE values ranging from 0.010 to 0.012 and
greater than 0.012 covered 22.65% and 10.84% of the land area, respectively. The multi-year average
RUE values were greater than 0.010 in northwest of the studied area, which indicated relatively better
maintenance of ecosystem function. The average RUE (0.0117) in Baicheng City was the highest,
followed by 0.0112 in Tuquan County and 0.0111 in Tongliao City. In Daan City, Qianan County,
Hure Banner and Ongniud Bannar, which were covered by large areas of saline-alkali land and open
shrubs, the lower RUE (<0.008) in these regions indicated poor vegetation activity.
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Figure 2. Spatial pattern of multi-year average rain-use efficiency (RUE) in studied area.

3.1.2. Interannual Changes

The annual average RUE often used as an indicator for the state of the vegetation cover [20].
The vegetation RUE increased slightly with an undulating trend in the studied area for the period
of 1999–2011. During 2001–2005, average RUE value of vegetation kept decreasing and ecosystem
function tended to degrade. Since 2005, average RUE has started to fluctuate. Wave crest of the average
RUE occurred in 2007, with peak value of 0.0113 implying the best level of rain-use efficiency. High
RUE value of 0.0105 in 2009 and 0.0103 in 2001 exhibited a better rain-use efficiency. By comparison,
vegetation water use efficiency declined in 2005, 2008 and 2010. The lowest RUE (0.0084) was found in
2005, indicating the decrease in ability of vegetation to utilize water and degraded ecosystem function.

3.1.3. Change Trend

RUE trends for each pixel were estimated according to a linear relationship with years as
independent variable. During the period from 1999 to 2011, the spatial pattern of vegetation change
varied (Figure 3). Of the total area, 59.53% experienced a RUE increase, while the area with a negative
SLOPE occupied the rest of the area. The common interpretation is that statistically significant negative
slopes indicate land degradation. Conversely, positive slopes may imply improved ecosystem function.
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Figure 3. Spatial pattern of RUE slope value.

According to the slopes and F-statistic test, the trends of vegetation RUE change were classified
into seven types (Table 1, Figure 4). Of the studied area, 4.23% showed a significant RUE increase,
while 1.29% of the studied area showed a significant decrease. The remaining regions (94.47%) had
no significant change of vegetation RUE. The area where RUE significantly increased was mainly
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distributed in saline-alkali land in the counties of Jilin province, and the shrub land and grassland in
Ongniud Bannar, Balinyou Banner and Ar Horqin Banner. The negative trends were mainly observed
in the north central area of Horqin Youyizhong Banner and the south of Horqin Zuoyihou Banner.

Table 1. Rain-use efficiency (RUE) change trend in the studied area (1999–2011).

RUE Change Trend Significant Level (p) Area (%)

Highly significant decrease SLOPE < 0, p ď 0.01 0.07
Significant decrease SLOPE < 0, 0.01 < p ď 0.05 0.41
Moderately significant decrease SLOPE < 0, 0.05 < p ď 0.1 0.81
no significant change p > 0.1 94.47
Moderately significant increase SLOPE > 0, 0.05 < p ď 0.1 2.25
Significant increase SLOPE > 0, 0.01 < p ď 0.05 1.66
Highly significant increase SLOPE > 0, p ď 0.01 0.32
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3.2. RUE Variations in Response to Land Use/Cover Changes

To address the potential response of RUE on land use, land use/cover changes (LUCC) were
investigated in the west of Songliao Plain from 2001 to 2011. Figure 5 illustrates the changes in the
proportion of eight land use/cover classes of the studied area. Grassland and cropland were the
dominant land cover types, accounting for more than 60% and 30% of the entire region, respectively.
It was found that grassland occupied 66.73% of the landscape in 2001 and rose to 67.01% in 2011.
The portion of forest land increased slightly by 0.20% between 2001 and 2011, whereas the area of
cropland decreased by 7.44% from 2004 to 2009. The cropland started to grow from the year of 2009
and its percentage reached 29.93% two years later. Wetland area increased slightly from 2004 to 2009,
which might be associated with the construction of new wetland reserves. Shrub declined from 2.13%
to 1.34% and the proportion of unused land dropped by 0.35% for the period of 2001–2011.



Sustainability 2016, 8, 308 9 of 19
Sustainability 2016, 8, 308  9 of 19 

 

Figure 5. Area changes of land use/cover during 2001–2011. 

Figure 6 shows the spatial pattern of land use/cover change in the studied area. About 77.85% 

of  the  total  land was unchanged.  The  loss of grassland was  attributed  to  its  transformation  into 

cropland, which accounted  for 6.29% of  the  landscape. As a  result of  the policies of  the Chinese 

government  concerning  ecological  protection,  about  2.66  ×  104  km2  of  cropland  or  abandoned 

cropland  returned  to  grassland,  which  accounted  for  10.82%  of  the  total  land.  The  areas  of 

conversions were 4012.25 km2 from grassland to shrub and 3903.75 km2  from shrub to grassland, 

while 1275.25 km2 of the unused land (barren and sparsely vegetated land) turned into grassland, 

which was contributed to national and local Returning Rangeland to Grassland programs. 

 

Figure 6. Main conversions of land use/cover during 2001–2011. 

In order to exhibit the response of RUE on LUCC in the studied area, the maps of mean RUE, 

RUE change trends and land use/cover conversion were overlaid each other. The statistical process 

was  carried on with “Zonal  statistics As Table”  in ArcGIS. The average RUE value of  each  land 

Figure 5. Area changes of land use/cover during 2001–2011.

Figure 6 shows the spatial pattern of land use/cover change in the studied area. About 77.85% of
the total land was unchanged. The loss of grassland was attributed to its transformation into cropland,
which accounted for 6.29% of the landscape. As a result of the policies of the Chinese government
concerning ecological protection, about 2.66 ˆ 104 km2 of cropland or abandoned cropland returned to
grassland, which accounted for 10.82% of the total land. The areas of conversions were 4012.25 km2

from grassland to shrub and 3903.75 km2 from shrub to grassland, while 1275.25 km2 of the unused
land (barren and sparsely vegetated land) turned into grassland, which was contributed to national
and local Returning Rangeland to Grassland programs.
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In order to exhibit the response of RUE on LUCC in the studied area, the maps of mean RUE, RUE
change trends and land use/cover conversion were overlaid each other. The statistical process was
carried on with “Zonal statistics As Table” in ArcGIS. The average RUE value of each land use/cover
class was extracted based on the unchanged pixels. In general, forest had the highest RUE of 0.0139
and cropland followed with the value of 0.01. Average RUE of grassland and wetland was 0.0093
and 0.008, respectively. In the region covered by shrub, mean RUE was 0.0078. RUE of unused land
was lowest with the value of 0.005. Figure 7 depicts the average slope values of RUE multiplied by
a constant of 100 for main LUCC types from 2001 to 2011. In the region converted from grassland
to forest, the highest RUE slope of 0.00035 was found. The average RUE slopes in area of shrub to
forest and cropland to forest were followed by 0.00032 and 0.00028, respectively. Areas showing
positive RUE trends mostly coincided with areas of land cover conversions, implying an overall
improvement of ecosystem function for the studied period. The findings may reflect the positive effects
owing to the implementation of ecological conservation and restoration projects at national and local
levels [26,29,30,33,65].
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3.3. The Main Causes of RUE Changes

3.3.1. Climate Variations

As shown as Figure 8a, the elevated pattern of precipitation in the growing season was observed
with growth rates of 3.19 mm per year in the west Songliao Plain. The year with the highest
precipitation of 398.27 mm was 2010, while the lowest value (263.77 mm) was found in 2007.
The average temperature over the growing season fluctuated at rates of ´0.02 ˝C per year for the
period of 1999–2011. In 2001, the average temperature reached the highest value of 17.34 ˝C, whereas
it dropped to the lowest value of 16.11 ˝C in 2010. The accumulated sunshine hours during the
growing season from 1999 to 2011 declined at rates of ´8.60 hours per year. The average relative
humidity decreased from 56.09 in 1999 to 55.80 in 2011, which may affect moisture absorption by plant
and evapotranspiration.
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3.3.2. Socio-Economic Development

Apart from climatic factors, some anthropogenic factors that were hypothesized to be potential
determinants of RUE changes were selected. For example, population and grain yield could be
representative of “the intensification of agriculture”, while “the number of livestock” might be an
indicator of animal husbandry production [66]. The “food first” agricultural policy has exerted
the longest influence on the environment since the People’s Republic of China was founded in
1949 [67]. There has been rise in population of this region during the examined 13 years (Figure 8b).
The total population increased by 4.38%, from 12,797,900 persons to 13,358,889 persons for the period
of 1999–2011. The consequent demand for grain has caused the increased reclamation of cropland,
which accelerated the cultivation of grassland. The total grain production rose by 63.89% from
1999 to 2011, partly due to the improvements in agricultural technology and inputs (i.e., irrigation
and chemical fertilizer). GDP could be used to represent human economic activities. Based on
the statistical data, the size of GDP experienced an intensive change in the study area during
1999–2011 [43,44]. The average annual growth rate of GDP was 18.92%, indicating rapid growth
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of the regional economy. Animal husbandry is the predominant industry in the studied region. In the
past 13 years, the livestock population of the study area increased greatly, from 14.01 million to 23.87
million. The rapid development of stockbreeding might be related to the increasing need for livestock
products and higher living standards.

3.3.3. The Influential Determinants of RUE Change

To identify the main causes responsible for RUE spatial changes, the grey relational grade (GRG)
values for each grid of eight climatic and socio-economic factors were computed within ArcGIS and
shown in Figure 9. According to statistics for the grid values, the regional average GRG of sunshine
hours was the highest (0.6115). Average temperature came next with a mean GRG value of 0.6049.
The average GRG value of population density (0.5995) ranked the third. The regional GRG of relative
humidity varied from 0.8235 to 0.2079 with the mean value of 0.5713. The average GRG value of
livestock number and total precipitation was 0.4754 and 0.4610, respectively. The linkages between
grain production, GDP and RUE appeared to be weak due to the low average GRG values of 0.3885
and 0.2908.
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Figure 9. The GRG values of eight impact factors: (a) precipitation; (b) sunshine hours; (c) average
temperature; (d) relative humidity; (e) population density; (f) gross domestic product (GDP); (g) grain
production; and (h) livestock number.
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In accordance with the principle of grey relation analysis method, the higher grey relational
grade (GRG) between the main sequence and the reference sequence, the more closely the sequences
are related. Conversely, the lower GRG suggests less relation between the sequences. In this study,
the higher GRG per grid value indicated the greater influence of a certain factor on RUE change. Firstly,
the GRG values of each grid were sorted into descending order. Then the highest GRG value was
retained for each grid and defined as the most influential determinant of RUE. The grid-based map of
the most influential determinants was finally produced (Figure 10).

Sustainability 2016, 8, 308  13 of 19 

this study, the higher GRG per grid value indicated the greater influence of a certain factor on RUE 

change. Firstly,  the GRG values of each grid were sorted  into descending order. Then  the highest 

GRG value was retained for each grid and defined as the most influential determinant of RUE. The 

grid‐based map of the most influential determinants was finally produced (Figure 10). 

 

Figure 10. The spatial pattern of the most influential determinant. 

According to the statistics, the grid area of accumulated sunshine hours with the highest GRG 

occupied 47.26% of the total area, implying its greatest influence on RUE spatially. Of that grid area, 

25.06% were classified as average temperature, which was regarded as the second most influential 

determinant  of  RUE. The  population density was  the  third  factor  closely  correlated with  RUE, 

because  the  grids with  the  highest  GRG  accounted  for  17.70%  of  the  total  land. Based  on  the 

obtained  proportions  of  grid  area  of  GRG  values,  the  order  of  importance  of  the  rest  factors 

impacting  RUE  was:  relative  humidity,  number  of  livestock,  grain  production,  GDP  and 

accumulated  precipitation.  The  pattern  of  these  factors  on  RUE  showed  a  clearly  spatial 

heterogeneity.  Spatially,  the  higher  grey  correlation  grade,  sunshine  duration,  temperature  and 

population affected RUE changes in the west of Songliao Plain the most for the period of 1999–2011. 

4. Discussion 

4.1. Characteristics of RUE Variations 

The current analyses and results suggest that the west of Songliao Plain has been characterized 

by a slight increase in RUE over the period 1999–2011. The average RUE tended to fluctuate from 

year to year, implying the instability of the water use status in the studied area. Increases in rain use 

efficiency  over  the  growing  season were  observed  in  the  years  of  2001,  2007  and  2009,  but  the 

precipitation  presented  a  decreased  trend  concurrently.  At  temporal  scale,  RUE  negatively 

correlated  with  precipitation,  which  was  consistent  with  the  results  of many  previous  studies 

[11–14,18].  Spatially,  areas  showing  increased  RUE  trends  accounted  59.53%  of  the  total  land 

(Figure 3). However, 4.23% of  the  total area  experienced a  significant  increase  in RUE, probably 

suggesting improved ecosystem function (Figure 4). This pattern is consistent with partial results of 

Yin et al. conducted desertification evaluation via RUE  in the whole  Inner Mongolia Autonomous 

Region  [30]. They concluded  that parts of  Inner Mongolia  showed a  significant  increase  trend of 

Figure 10. The spatial pattern of the most influential determinant.

According to the statistics, the grid area of accumulated sunshine hours with the highest GRG
occupied 47.26% of the total area, implying its greatest influence on RUE spatially. Of that grid area,
25.06% were classified as average temperature, which was regarded as the second most influential
determinant of RUE. The population density was the third factor closely correlated with RUE, because
the grids with the highest GRG accounted for 17.70% of the total land. Based on the obtained
proportions of grid area of GRG values, the order of importance of the rest factors impacting RUE
was: relative humidity, number of livestock, grain production, GDP and accumulated precipitation.
The pattern of these factors on RUE showed a clearly spatial heterogeneity. Spatially, the higher grey
correlation grade, sunshine duration, temperature and population affected RUE changes in the west of
Songliao Plain the most for the period of 1999–2011.

4. Discussion

4.1. Characteristics of RUE Variations

The current analyses and results suggest that the west of Songliao Plain has been characterized
by a slight increase in RUE over the period 1999–2011. The average RUE tended to fluctuate from
year to year, implying the instability of the water use status in the studied area. Increases in rain
use efficiency over the growing season were observed in the years of 2001, 2007 and 2009, but the
precipitation presented a decreased trend concurrently. At temporal scale, RUE negatively correlated
with precipitation, which was consistent with the results of many previous studies [11–14,18]. Spatially,
areas showing increased RUE trends accounted 59.53% of the total land (Figure 3). However, 4.23%
of the total area experienced a significant increase in RUE, probably suggesting improved ecosystem
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function (Figure 4). This pattern is consistent with partial results of Yin et al. conducted desertification
evaluation via RUE in the whole Inner Mongolia Autonomous Region [30]. They concluded that
parts of Inner Mongolia showed a significant increase trend of RUE from 1999 to 2009 and vegetation
function might enhance especially in some areas with more than 300 mm precipitation.

RUE is closely related to vegetation type, probably caused by differences in following aspects
including community structure, photosynthetic efficiency of plants, soil conditions, vegetation cover,
geomorphic units and management and so on [11,12]. This study revealed that RUE showed differences
among land use/cover types in the study area. Averaging RUE at land use/cover level, this followed
a descending order of forest, cropland, grassland, wetland, shrub and used land. The results are
similar but not identical to the finding from Mu et al., who reported that the average RUE of different
vegetation types, in sequence, was shrub, forest, cropland, grassland and desert in the whole district of
Inner Mongolia during 2001–2010 [68].

The analyses and results demonstrate that the regions presenting strongly positive RUE trends are
in accordance with those areas of conversions among land cover types, especially grassland to forest,
shrub to forest, and cropland to forest, showing an improvement of ecosystem function in the west of
Songliao Plain over the studied period (Figure 7). We infer that increased vegetation activity may be
attributed to the effectiveness of some ecological and environmental restoration projects implemented
during the past decade, such as the “Grain for Green Project”, the “Natural Forest Protection Project”
and the “Beijing and Tianjin sandstorm source controlling project”. Similar findings have been reported
in several existing studies for adjacent regions [26,29,30,33,65].

4.2. Spatial Pattern of Climate, Human Activities Impacts on RUE

Climate change is regarded as one of the crucial controlling factors of vegetation changes.
Some efforts have been made for exploring the relationship between spatio-temporal pattern of
RUE with climatic factors, particular precipitation and temperature at both temporal and spatial
scales [11–14,24,25,68]. In this study, relative humidity and solar duration were selected as potential
factors affecting RUE variations. Several recent studies indicate that vegetation change has been
impacted by increasing intensity of human activities in the whole Inner Mongolia Autonomous
Region since the beginning of 21 century [69–71]. For instance, Mu et al. stated that the correlation
coefficients between vegetation coverage and climatic factor decrease, implying the reduced sensitivity
of vegetation to climate change in Inner Mongolia from 2001 to 2010 due to anthropogenic factors.
In this sense, four socio-economic factors representing population pressure, agricultural activities and
economic scale were taken into account in this study.

To identify the main impact factors responsible for RUE variations, GRA method was extended
to the spatial scale. The results revealed that the spatial pattern of GRG for eight impact factors
differed from each other (Figure 9). The ranges of GRG of each factor were obviously different.
The maximum GRG values of population density, accumulated sunshine hours, relative humidity
and average temperature were greater than 0.8, implying close relation with RUE. According to
average level of GRG, the accumulated sunshine duration was the most important impact factor of
RUE variations, whereas GDP might marginally affect RUE. Based on the proportions of grid area of
GRG values, the order of importance of the factors affecting RUE was accumulated sunshine hours,
average temperature, population density, relative humidity, number of livestock, grain yield, GDP,
and accumulated precipitation. Spatially, climatic factors could suggest closer relation with RUE in the
west of Songliao Plain.

Figure 11 illustrates the area portions of the most influential determinant with significant increased
or decreased trends in RUE at the 0.1 level. Significant decrease in RUE might be attributed to
accumulated sunshine hours, average temperature and average relative humidity with the portions of
38.77%, 26.93% and 21.30%, respectively. By contrast, significant increase RUE was mostly related to
first three factors including population density, accumulated sunshine hours and average temperature,
accounting for 24.83%, 22.58% and 19.52%, respectively.
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Long sunshine duration could be beneficial to plant photosynthesis and nutrients storage,
resulting in improvement of vegetation quality. Temperature increases may lead to an earlier initiation
of the growing season and more robust vegetation growth [72,73]. Relative humidity helps to
increase moisture availability for plants, whereas plant growth will be inhibited in the long-time
saturated air humidity condition. The decreases in temperature and sunshine duration, combined with
the increases in relative humidity might weaken evapotranspiration and eventually decrease plant
activity. In this study, in the areas where RUE decreased significantly, the trends positively correlated
with accumulated sunshine hours and average temperature, but showed negative correlation with
relative humidity. Contrastingly, the increased temperature during the growing season may also
accelerate water evaporation, which subsequently results in water scarcity and restricts vegetation
growth in semi-arid and arid areas. Accordingly, in the regions showing significantly increased RUE
trends, the slopes positively correlated with accumulated sunshine hours and population density,
while average temperature had negative effects on RUE trends. The increased sunshine duration,
together with decreased average temperature and relative humidity, helped to store plant nutrients
and caused vegetation improvement.

In some densely-populated regions of the studied area, most of the land was used as cropland.
With the improvement of agricultural technology and investment, the biomass of cropland might
increase. The result of this study suggested high RUE in cropland probably related to the fertilizer
and effective irrigation, which agreed with the previous studies [68,74]. Additionally, due to the
implementation of shed feeding policies in the past decade, the increasing livestock population may
have not contributed significantly to the destruction of young vegetation. GDP growth will benefit the
financial support for ecological and environmental restoration and protection projects. According to
statistic, in the Inner Mongolia Autonomous Region, the funds for ecological environment protection
rose from 0.267 billion Yuan RMB to 3.116 billion Yuan RMB during 2001–2011. The percentage
of accounted for GDP increased by 0.06%. It was found GDP was positively related to RUE,
which suggested that vegetation function easily tended to improve in developed counties or banners.
Existing studies have reported that RUE negatively correlates with precipitation based on temporal
model [11,13,18]. However, in this paper, because the proportion of precipitation grids with highest
GRG values was the lowest, precipitation was least closely related to RUE at the spatial scale.

GRA method in this study is suitable for solving problems with complicated interrelationships
between multiple factors or variables [75]. It could be conducted in the case of incompleteness of
information. If the change trends of two factors reflecting from sample data are basically consistent,
there exists high relation grade between them. GRA provides a quantitative basis for determining the
main impact factors of changes. The GRA procedure is a simple and straightforward in calculations.
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This study attempted to extend this method to the spatial scale. The spatial relation between impact
factors and RUE was presented to some extent. Nevertheless, GRA method remains some shortcomings.
For example, it requires for determining currently the optimal value of the factors or variables,
which may induce subjectivity. Meanwhile, it is difficult to determine the optimal values of some
indicators. Better methods for revealing the spatially complicated relation between factors should be
explored in further study.

5. Conclusions

Rain-use efficiency (RUE) is a key to understanding the coupling between ecosystem carbon and
water cycles. SPOT-VGT datasets of NDVI and rainfall were used in this paper to analyze variations
in vegetation rain-use efficiency and their relationship with climate and human activity in the west
of Songliao Plain, China. The results demonstrate that RUE increased weakly during 1999–2011.
The lowest RUE was found in 2005, indicating the decrease in ability of vegetation to utilize water
and degraded vegetation cover. While 59.53% of the studied area demonstrated increases in RUE,
only 4.23% significantly improved at the 0.1 level.

Land use/cover changes occurred in 22.15% of the total area for the period of 2001–2011. The area
portion of grassland increased slightly by 0.28%. As a result of the policies of the Chinese government
concerning ecological protection, about 2.66 ˆ 104 km2 of cropland or abandoned cropland returned
to grassland. Additionally, 1275.25 km2 of the unused land (barren and sparsely vegetated land)
turned into grassland. Average RUE was highest in forest and lowest in used land. The positive
RUE slopes were found in main land use/cover conversions, implying an overall improvement of
ecosystem function for the studied period. The findings may reflect the positive effects owing to the
implementation of ecological protection projects at national and local levels.

RUE variations were related to natural factors and human activities as well. The proposed
grid-based grey relational analysis indicated that the contributing factors to RUE changes showed
noticeable spatial differences. The regional average grey relational grade (GRG) value of sunshine
hours was the highest (0.6115). Average temperature came next with a mean GRG value of 0.6049.
The average GRG value of population density (0.5995) ranked the third. At a spatial scale, because of
their higher proportions of grid area of higher GRG values, accumulative sunshine hours (47.26%),
average temperature (25.06%) and population density (17.70%) had the greatest influence on RUE
changes in the west of Songliao Plain for the past 13 years. Climate forcing was a dominant controlling
factor that affected the vegetation function, and the anthropogenic behavior exhibited some effects as
well. The results have important consequences for the use of RUE as an ecosystem indicator and as a
tool in ecosystem monitoring and decision-making in the study area and similar regions.
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