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Investigating Coupled Impacts of Climate
Change and Socioeconomic Transformation on
Desertification by Using Multitemporal Landsat
Images: A Case Study in Central Xilingol, China
Shuang Li and Yichun Xie, Member, IEEE

Abstract—A case study is conducted in Xilingol Rangeland, Inner Mongolia, China, to investigate the driving factors of temporal
dynamics of desertification by using time-series Landsat images.
The spectral characters of sand dunes and urban lands in the arid
and semiarid grassland environments are very similar, and thus,
it is hard to discriminate them with traditional image classifiers.
Nine available scenes of Landsat images without cloud cover from
1985 to 2010 are chosen for the case study. An object-oriented
image classification (OOIC) is developed to classify sand dunes.
The classification results are assessed with the ground reference
points in 1985, 2004, and 2010, the land-cover maps produced
from other classifiers in literature, and Google Earth historical
aerial photo archives. Second, the areas of sand dunes derived
from OOIC at the nine times are extrapolated into a 26-year
time-series data set from 1985 to 2010 by applying several extrapolation techniques commonly used in regional geographic studies.
Afterward, six climate factors and nine socioeconomic variables
during the same study period along with the sand dune area are
composed into a completed data set to investigate the coupled
impacts of climate change and socioeconomic transformation on
the temporal dynamics of desertification. Three types of regression
models (climate model, economic model, and the coupled model)
are explored, respectively, to examine which factors contribute
more to the desertification dynamics. The findings confirm that
the desertification process in Xilingol Rangeland is very complicated although it shows a strong causal relationship with several
socioeconomic factors.
Index Terms—Climate change, coupled human–nature system,
desertification, object-oriented classification, time-series analysis.

I. I NTRODUCTION

D

ESERTIFICATION, which destroys land resources and
reduces ecosystem services, is a very serious environmental, ecologic, and socioeconomic problem in the world
[1]. Along with the socioeconomic development, China has
seriously suffered from desertification in the past decades.
Desertification has been worsened with an increasing annual

rate in the last 50 years [2]. Therefore, it is an urgent task
to dynamically monitor the temporal and spatial changes of
desertification and to provide scientific data to the government
for combating desertification.
Remote sensing techniques have been applied in monitoring
the intrusion of sand dunes. There are various methods for
processing remote sensing data and extracting sand dune distribution information. Traditional methods from remote sensing
data rely on image-based vegetation indices such as normalized difference vegetation index, enhanced vegetation index,
soil-adjusted vegetation index (SAVI), and modified SAVI to
assess vegetation conditions [3]. Moreover, some indices can
reflect vegetation patterns and spatial heterogeneity, such as the
landscape connectivity index [4] and moving standard deviation
(SD) index [5]. However, the spectral signatures of sand dunes
are often mixed with other land covers. It is important to
examine the optical properties of sand dunes and other landcover/land-use types in order to differentiate sand dunes from
the others [6]. The key to the success of extracting sand dunes
from remotely sensed images is to determine those spectral
bands that are capable of distinguishing the signatures of sand
dunes.
Another noteworthy point is that desertification generally
results from climatic variations, human activities, and their
interplay [1]. It has been controversial which factors (climatic
or socioeconomic) have direct impacts on or contribute more to
desertification and whether the climatic and the socioeconomic
factors differ or interact together to affect the dynamic process
of desertification. The objective of this letter is to develop
techniques for assessing and analyzing the impacts of coupled
climatic and socioeconomic factors on desertification process
with a case study in central Xilingol League, Inner Mongolia,
China.
II. S TUDY A REA AND DATA P REPROCESSING
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The study area is located in the middle portion of Xilingol
League, Inner Mongolia, China. It is a large piece of natural
grassland closest to Beijing and acts as an important belt to
protect North China from dust storms. On average, the growing
season is from late April to August. Grassland covers 97.3%
of land area, with the dominant types of Stipa grandis steppe
and Aneurolepidium chinense steppe. The study area includes
12 gazha (villages), 2 pastures, and 1 city (see Fig. 1).
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Fig. 2. Spectral curves of Landsat TM/ETM+ images.

Fig. 1.

Administrative composition of the study area.

A nine-year time series (1985, 1989, 1991, 1995, 2000, 2004,
2006, 2007, and 2010) of Landsat TM/ETM+ was collected.
The study area was fully covered by the mosaic of Landsat
images from Row 29 to Row 30 of Path 124. All TM/ETM+
data were collected in summer (mainly in July and August) for
monitoring the long-term processes of desertification. As the
images in 2006 and 2010 were from the ETM+ sensor with the
scan-line corrector off, the gaps in the two images were filled
using the localized linear histogram match method [7]. Then, all
images were geometrically registered by the second-order polynomial geometric registration with 12 ground control points
that were evenly distributed over the images. Furthermore, all
images were nearest neighborhood resampled to 30-m spatial
resolution and projected onto the WGS 84 datum with the UTM
(Universal Transverse Mercator, 50-N) projection. The geometrical registration precision was within 0.5 pixel. Finally, in
order to reduce the influence of the reflectance variation among
the images acquired at different times, the relative radiometric
correction was performed to yield the normalized radiometric
data on a common scale. Histogram match was used to carry
out the relative radiometric correction. The histograms of all
other images were matched to the image in 1985.
III. M ETHODOLOGY
A. Spectral Characteristic Analysis of Land Covers/Uses
The Landsat TM 5/ETM+ multispectral image provides
seven bands in the spectrum of blue, green, red, near-infrared,
mid-infrared with 30-m spatial resolution (bands 1–5 and 7),
and a thermal infrared channel with 120 m/60 m spatial reso-

lution (band 6). Band 6 is not used in the analysis due to the
different spatial resolution and large spectral wavelength.
To analyze the spectral differences between the sand dunes
and other land covers/uses, we sampled four typical types of
land covers/uses (see Fig. 2). The mean value of sand dunes in
band 5 was the largest, whereas the mean value of settlement
was the third. The mean values of vegetation covers in bands 1,
2, and 3 were lower than those of sand dunes and settlement.
The spectral signatures of sand dunes and settlement were
mixed in band 7.
To make use of the mean spectral values of the bands, the normalized difference between two bands (NDTB) for each landcover/use type was computed using the following equation:
N DT B = (bandi − bandj )/(bandi + bandj ),

i = j (1)

where i and j are the band numbers. There are 15 combinations
of two-band difference N DT Bi,j for the six bands. Let dm,n
be the difference value of N DT Bi,j between a pair of landcover/use types, m and n. The maximum dm,n was used to
distinguish two land-cover/use types, m and n. For instance, the
value of N DT B1,5 was the highest for dsand dunes,settlement .
Thus, N DT B1,5 was selected for distinguishing sand dunes
from settlement. In the similar way, the normalized difference
of bands 4 and 7 N DT B4,7 was selected for separating sand
dunes and dense vegetation. The normalized difference of
bands 1 and 3 N DT B1,3 was selected for differentiating sand
dunes and sparse vegetation.
B. OOIC
Based on the analysis of the spectral features of the sand
dunes and other land covers/uses, we developed an objectoriented image classification (OOIC) to extract sand dunes. The
image objects were obtained by the multiresolution segmentation method, which was a bottom-up region-merge process
starting with one-pixel objects and small regions. These objects
were gradually merged to form big ones. The stop criteria were
the minimum growth of homogeneity inside objects and the
maximum growth of heterogeneity between objects. The multiresolution segmentation was conducted in Definiens software.
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TABLE I
A REA OF S AND D UNES∗

Fig. 3. OOIC for extracting sand dunes.

The SD was calculated from the layer values of all pixels
to form an image object, which was used to extract the
high-reflectance land covers (HRLCs). According to the spectral analysis in Section III-A, N DT B1,5 , N DT B4,7 , and
N DT B1,3 were used to eliminate the settlement, the dense vegetation, and the sparse vegetation from HRLC. The flowchart
of OOIC for extracting sand dunes is shown in Fig. 3. First,
a nine-year time series of Landsat TM/ETM+ images was
preprocessed, including mosaic, gap filling, geometric registration, and relative radiometric correction, as described in
Section II. Then, the preprocessed images were segmented
by using the multiresolution segmentation. Once the images
were segmented, the image objects were obtained and the
object features were calculated for classification. The image
objects with SD values larger than α1 (≈2.5) were classified as
HRLCs, including sand dunes, settlement, and dense and sparse
vegetation. If N DT B1,5 value was larger than α2 (≈ −0.12),
the image object was classified as settlement. If N DT B4,7
value was larger than α3 (≈0.14), the image object is classified
as dense vegetation. If N DT B1,3 value was larger than α4
(≈0.22), the image object was classified as sparse vegetation. If
the length/width ratio was larger than α5 (= 5), the image object
was classified as road. The remainder in HRLC was classified
as sand dunes.
The classification accuracy was assessed in three ways. First,
140 random ground reference points (GRPs) were selected
from the GRPs acquired in 1985, 2004, and 2010, which were
available through our other projects [8], [9], [13] to validate the
classification outcomes. Second, since the lack of GRPs in other
six years was a limitation, manual checking of the OOIC classification results in these six years was conducted with the highresolution images found in Google Earth historical archives.
Third, the OOIC classifications in 1985, 2004, and 2010 were
also compared with the land-use/cover maps obtained through
our other projects [8]–[10]. The last two complementary methods confirmed that the accuracy assessment of the nine-year
OOIC classification by using one set of testing GRPs in our case

study was reliable. The overall accuracy and Kappa coefficient
defined by the error matrices were used as the measures for
accuracy assessment. The accuracy assessment results of our
OOIC were very high (see Table I), which met the general accuracy requirement of land-cover/use change detection studies
[8], [9]. From Table I, it is shown that the overall accuracy
and Kappa coefficient show comparable accuracy levels. In
particular, Kappa coefficient reflects the difference between the
actual agreement and the agreement expected by chance. A
Kappa value of 0.80 means there is 80% better agreement than
by chance alone. The higher is a Kappa value, the higher is the
confidence concerning the accuracy assessment.
C. Extrapolating the Nine Years of the Sand Dunes
Data Into 26 Years
Several local population and economic extrapolation methods [10], [11] such as linear, log–linear, exponential, geometric,
Gompertz, and parabolic were applied to extrapolate the nineyear data to a 26-year data set. Since each of these extrapolation
methods reflected one statistical trend, none of them would fit
to the fluctuations demonstrated by the nine-year values of sand
dunes. In other words, none of these methods would produce a
reliable result if an extrapolation method was exercised over
the entire study period. In order to identify the change trend,
the nine-year classified results of sand dunes were plotted
(marked x) in Fig. 4. The change tendency, which was
graphically revealed, suggested two possible ways of extrapolation. First, the study period could be separated into three
subperiods by four years, i.e., 1985, 2000, 2006, and 2010, and
then a linear extrapolation could be applied to the three subperiods, respectively, to fit a curve of sand dune change. Second,
the study period could be dissected at year 2000 into two subperiods, i.e., 1985–2000 and 2000–2010. A linear extrapolation
could be applied over 1985–2000, whereas a parabolic curve
fitting could be done over 2000–2010. As a matter of fact,
both extrapolation outcomes were almost identical due to the
short time spans of the subperiods. Although the outcome from
the first extrapolation approach was selected to construct the
26 years of sand dune change vector data for exploring the
driving factors of desertification, it is important to iterate that
1 The solid x symbols indicate the classified values of sand dunes, whereas
the dots linearly connect these values. The units on the Y -axis are different for
different factors.
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R ESULT OF R EGRESSION A NALYSIS ON THE C OUPLED
C LIMATIC AND S OCIOECONOMIC DATA S ET

Fig. 4.

Extrapolating the areas of sand dunes from 9 to 26 years.1

Fig. 5.

Scatter plots of nine socioeconomic factors and the sand dune area.2

the extrapolation of sand dune areas over the 26-year period
was cross validated between two different approaches. Furthermore, the time-series change of sand dunes exhibited a distinct
temporal dynamics, gently increasing 1985–2000, dramatically
declining 2000–2005, and considerably climbing 2005–2010.
D. Exploring Which Factors Contribute More to the
Desertification Process
Nine socioeconomic factors (see Fig. 5), namely, gross domestic product (GDP); gross output value of farming, forestry,
animal husbandry, and fishery (GOVA); grain output (GRAIN);
the amount of the livestock by the end of the year (LIVESTOCK); fixed assets investment (FAI); local government revenue (LGR); per capita net income of farmers and pastoralists
(IOFP); the total length of highways (LOH); and rural population (RPOP), from 1985 to 2010 were collected along with the
extrapolated areas of sand dunes and the six climatic factors to
create a complete data set to investigate the coupled impacts of
climate change and socioeconomic transformation on desertification. Three types of regression models were analyzed.
1) Climate model—The sand dune area was regressed
against six climatic factors.
2) Economic model—The sand dune area was against nine
socioeconomic factors.
2 The

units on the Y -axis are different for different factors.

3) Coupled model—The sand dune area was against all 15
variables.
Because the climate factors and the sand dune change displayed dissimilar trends (see Fig 4), the climate model did
not find that any climate factor was linearly correlated to the
sand dune area change statistically at the 5% confidence level.
In other words, the desertification process showed a nonlinear
relationship with the climate factors. The economic model
found out that six socioeconomic factors, i.e., IOFP, LGR,
RPOP, LIVESTOCK, GOVA, and GDP, in a decreasing order
had significant impacts on desertification statistically with the
R-square 0.8847. The coupled model produced the best fit
model based on R-square 0.9228 and identified four factors,
i.e., IOFP, LGR, RPOP, and GOVA, which contributed most
to the desertification process in the study area (see Table II).
It was easily understood that the sand dune expansion was
significantly correlated with the increase in IOFP and LGR.
This finding confirms that the increased income and revenue
were largely depending on intensified utilization of grassland,
which often led to desertification. On the other hand, the sand
dune land cover displayed negative relationships with RPOP
and GOVA. When we looked at the data, we found that rural
population witnessed noticeable fluctuations in the past 26
years (see Table III), which was consistent with the national
trend of the floating population in China [12]. Especially in the
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TABLE III
F LUCTUATIONS OF RURAL P OPULATION

recent years, rural population dramatically declined, which apparently alleviated the pressures of grazing and farming on the
grassland and thus deterred the desertification process.

relationship between the climate factors and the sand dune area
change, the inclusion of the climate factors in the regression
analysis of the coupled climatic and socioeconomic data set
significantly changed the regression outcome. The R-square
was changed, and two economic variables were no longer
statistically contributing to the desertification process.
Finally, this paper has confirmed its original intention that the
integration of remote sensed data with the climatic and socioeconomic data could help study complex interactions between
natural and human systems. Because of the availability of relatively long archives of satellite images, it is feasible to construct
the time-series data sets with adequate image processing and
data extrapolation techniques. Although the methods tested in
this paper are limited and the case study area is not too large,
the approach has illustrated bright potentials.

IV. A NALYSIS AND C ONCLUSION
The longitudinal change of sand dune areas 1985–2010 was
significant, showing clear trends that were not consistent with
the changing patterns of six climatic factors (see Fig. 4). Precipitation showed noticeable fluctuations while the remaining
climate factors were oscillating around their average values,
respectively. It was very hard to make informative judgments
of their long-term tendencies based the 26 years of observations. Therefore, it was apparent that there were no linear
correlations between the desertification process and the climate
changes. On the contrary, it was interesting to find out that
the nine socioeconomic variables displayed dramatically varied
change patterns (see Fig. 5). Among them, four to six scatter
plots were somehow following the trend of the sand dune
area changes. As a result, four to six of these socioeconomic
variables significantly explained the variation of the sand dune
area changes statistically (see Table II). This finding helps
to clarify some myths about the impacts of climate changes
on ecological systems. First, it would be a wrong assumption
that there existed a simple causal relation between the desertification and the climate changes. Second, comparing the
graphic correspondence and the statistical nonlinearity between
the climate factors and the sand dune area change, it easily
led to a suggestion that it would take a much longer period
of observation to investigate the relationship between the desertification dynamics and the climate changes. Third, on the
contrary, the human activities could play a significant role of
driving the desertification process or ecological degradation
in Xilingol Rangeland at a relatively short period (1985–2010
in this case study) [13]. Fourth, although there was no linear
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