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Abstract: Previous field research on the Horqin Sandy Land (China), which has suffered from severe
desertification during recent decades, revealed how land use on a sand-dune topography affects
both land degradation and restoration. This study aimed to depict the spatial distribution of local
land use in order to shed more light on previous field findings regarding policies on a broader
scale. We performed the following analyses with Panchromatic Remote-sensing Instrument for
Stereo Mapping (PRISM) and Advanced Visible and Near Infrared Radiometer type 2 (AVNIR-2)
images of Advanced Land Observing Satellite (ALOS): (1) object-based classification to discriminate
preliminary classification of land-use types that were approximately differentiated by ordinary
pixel-based analysis with spectral information; (2) digital photogrammetry to generate a digital
surface model (DSM) with adequately high accuracy to represent undulating sand-dune topography;
(3) geographic information system (GIS) analysis to classify major topographic types with the digital
surface model (DSM); and (4) overlay of the two classification results to depict the local land-use
types. The overall accuracies of the object-based and GIS-based classifications were high, at 93%
(kappa statistic: 0.84) and 89% (kappa statistic: 0.81), respectively. The resultant local land-use map
represents areas covered in previous field studies, showing where and how land degradation and
restoration are likely to occur. This research can contribute to future environmental surveys, models,
and policies in the study area.

Keywords: cropland; Digital Elevation Model (DEM); Inner Mongolia; landform; livestock exclusion;
object-oriented analysis; pastureland; remote sensing; Sloping Land Conversion Program (SLCP);
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1. Introduction

Desertification and land degradation are globally recognized environmental problems but also
strongly localized phenomena. One of the major causes of land degradation is unsustainable use of
scarce natural resources by local land users, such as over-grazing and over-cultivation [1]. The absence
of widespread degradation does not necessarily mean that no degradation is occurring [2]; land
degradation advances in a spatially heterogeneous manner on the basis of a mosaic of non-uniform
physical land conditions and human activities. The spatial distribution of local land use, as well as
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physical land cover, needs to be observed in order to assess the present and potential land degradation,
and to design appropriate policies and plans.

Rapid advancement in remote sensing technologies has enabled the monitoring of land use and
cover in more efficient, comprehensive ways. In particular, algorithms for image classification have
made great progress in recent decades [3]. However, land-use classification is not as straightforward
as land-cover classification. Land cover is defined by the physical attributes of the earth’s surface,
whereas land use is defined as the purposes for which humans exploit the land cover [4]. These
definitions suggest that land cover can be directly observed by remote sensing, while land use
requires socioeconomic interpretation. Although a number of works have addressed the automatic
identification of land use from remotely sensed data [5], depicting land-use information is still one
of the most challenging parts of a classification process and requires auxiliary data and significant
post-classification analysis [6]. To depict land uses, it is crucial to consider a target area’s unique
circumstances. It is often the case, however, that little is known about detailed land-use distribution in
various local contexts [7].

The Horqin Sandy Land, in northeast China, has suffered from severe desertification in recent
decades, mainly due to inappropriate agro-pastoral land use. This area is characterized by its
undulating sand-dune landscape, which is a dynamic environment determined by wind erosion,
sand accumulation, and dune encroachment. Sand-fixing (stabilization) measures, such as livestock
exclusion and tree planting, have been implemented here for land restoration since the mid-1970s [8].
Previous field studies have found that the sand-dune topography is a critical factor for characterizing
both land degradation and restoration in the area. The local topography is classified into three
types: lowlands, flat sandy lands, and sand dunes (sloping sandy lands) [9]. When people
graze their livestock or execute restoration measures, the extent of land degradation or restoration
brought about by those activities differs significantly depending on the topographic type [9–14].
In addition, Miyasaka et al. [15] found that local cropland types—What crop species is typically
planted and how—are determined largely on the basis of topographic types, and the patterns of
land degradation vary significantly with the types of cropland. It therefore needs to be shown how the
land-use types—such as pasture, cropland, and tree plantations—are spatially distributed on different
topographic types, in order to incorporate the field-scale findings on land degradation and restoration
into actual policies and planning at a broader scale.

Land-use maps have yet to be developed, however, that classify land in sufficient detail to link
to the field research in the area. Researchers have demonstrated the progress of land degradation
and restoration by identifying desertified land [16–18] or classifying land use or cover types [19,20]
on multi-temporal satellite images. Their image analyses, however, were mainly based on spectral
information in the images, an approach that cannot adequately distinguish different land-use types
that have similar spectral characteristics, or different topographic types within the same land use.
Consequently, the spatial distribution of local land-use types with reference to sand-dune topography
has never been presented.

This paper aims to depict in greater detail the local land-use types examined in relevant previous
field surveys in the Horqin Sandy Land. We performed the following analyses with images obtained
from the Panchromatic Remote-sensing Instrument for Stereo Mapping (PRISM) and Advanced Visible
and Near Infrared Radiometer type 2 (AVNIR-2) of the Advanced Land Observing Satellite (ALOS):
(1) Object-based classification to discriminate preliminary classification of land-use types that were
approximately differentiated by ordinary pixel-based analysis with spectral information; (2) Digital
photogrammetry to generate a digital surface model (DSM) with adequately high accuracy to represent
undulating sand-dune topography; (3) GIS analysis to classify major topographic types with the DSM;
and (4) overlay of the two classification results to depict the local land-use types.
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2. Materials and Methods

2.1. Study Area

The study area is situated in the central part of Naiman County, Inner Mongolia of China
(42˝55’ N, 120˝42’ E). The elevation of the area is approximately 360 m above mean sea level. The
region is in a temperate zone with a continental semi-arid monsoon climate, with the highest rainfall
occurring in the summer months, and dry and windy conditions prevailing in springtime. The mean
annual precipitation is approximately 360 mm, falling mainly between June and August. The mean
annual temperature is 6.4˝C, with the coldest and warmest monthly mean air temperatures in January
(´13.1˝C) and July (23.7˝C), respectively.

The land-use system in the study area can be classified into semi-farming and semi-pastoral.
Earlier research has documented adverse effects of the agro-pastoral land use on soil and vegetation
and their relation to sand-dune topography. According to Miyasaka et al. [15], there are three typical
cropland types: maize cropland on flat sandy land, maize cropland on lowland, and bean-centered
cropland on sand dunes. Maize is the preferred crop species because of its high productivity and
stable production, but requires large fertilizer inputs and is basically restricted to flatland (i.e., lowland
and flat sandy land) where irrigation is possible. On lowland, however, maize can be grown with
little or no irrigation thanks to favorable soil moisture conditions. On sand dunes, bean-centered
rotational cropping is practiced, with a small amount of fertilizer applied, taking advantage of the
ability of legumes to fix nitrogen in the soil. Soil properties and crop biomass are more degraded in
cropland types on lowland and sand dunes than on flat sandy land. As for pastoral impacts, Okuro [9]
conducted a grazing experiment to examine temporal changes in vegetation and soil properties on
flat sandy land and sand dunes under different grazing pressures, and found that degradation of
vegetation and soil advanced more rapidly on sand dunes.

The government has implemented environmental policies, including the Sloping Land Conversion
Program, under which the conversion of degraded cropland to tree plantations is strongly
promoted. Many studies have reported that land has been ameliorated by those restoration
measures [8,10–14,21–26]. Miyasaka et al. [10] reported that land restoration proceeds in an upward
direction, when facilitated by tree or shrub plantations or grazing exclusion, along the topographic
gradient on sand dunes. In other words, during the restoration process, flat, lower parts of sand dunes
are restored ahead of the other sloping, higher parts.

In short, both land degradation and restoration in this area occur heterogeneously because of
differences in the agro-pastoral and policy-induced activities in the context of sand-dune topography.

We selected two separate sites for analysis in the area, each of which was 2.5 ˆ 6 km in size and
belonged to a different village, one in which Mongolian and the other in which Han residents were
in the majority. The local people’s livelihoods were strongly related to their ethnic group: livestock
farming was carried out by almost every resident in the former, but only by a small number of residents
in the latter village. The two research sites reflect land-use variations of Mongolian and Han peoples,
who are the major ethnic groups in their much broader surrounding areas.

2.2. Data

We used remote-sensing images from two sensors installed on ALOS: PRISM, with 2.5 m spatial
resolution, and AVNIR-2, with 10 m spatial resolution (see Tadono et al. [27] for details of these
sensors as well as the satellite). Our PRISM images covered two seasons: a level 1B2 summer image
(August 2008) for object-based classification, and level 1B1 triplet-stereo winter images (February 2008)
for digital photogrammetry to generate the DSM. A level 1B2 AVNIR-2 image observed on the same
date as the summer PRISM image was additionally used for object-based classification. The level
1B1 data are radiometrically calibrated, and the level 1B2 data are further geometrically corrected.
Moreover, we used the Rational Polynomial Coefficients (RPC) data of the winter PRISM images
for accurate triangulation and also GPS data collected by a field survey in 2007 for more accurate
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geometrical rectification of the AVNIR-2 image and the accuracy assessment of classification results, in
addition to accurate triangulation. We also carried out a field topographic survey in 2007 to estimate
the average slope angle of each topographic type, with the measurements used for topographic
classification with the DSM.

2.3. Object-Based Classification of Preliminary Land-Use Types

Object-based classification is characterized by an image segmentation process [28]. This process
creates image objects by merging pixels, and those objects are used as classification units instead of
single pixels. Not only spectral, but also texture, shape, and topological information can be calculated
for each object and utilized for classification. Meanwhile, ordinary pixel-based classification uses
only spectral information, which results in difficulties dealing with spectral ambiguities: spectral
similarities between different land use/cover types and spectral heterogeneity within each land
use/cover type [29]. The difficulties often result in inconsistent salt-and-pepper classification results
(with individual pixels classified differently from their neighbors), particularly with high-resolution
data including PRISM images. We therefore employed object-based classification in the present study.

Using eCognition 4.0, we first segmented the summer PRISM image on the basis of the
following parameters: scale, color, and shape. The scale parameter determines the maximum
allowed heterogeneity for the resulting image objects. It serves as the threshold that terminates the
segmentation algorithm, thereby controlling the relative size of image objects. That heterogeneity is a
mixture of spectral heterogeneity measured by the color parameter and shape heterogeneity measured
by the shape parameter; the shape parameter is further broken into smoothness and compactness
parameters. More details of those parameters, including their mathematical expressions, are found in
Baatz et al. [30] and Benz et al. [28]. Since there are no general methods to automatically determine
appropriate parameters [31], we set them by trial and error as follows: scale, 90; color, 0.9; shape, 0.1;
smoothness, 0.5; and compactness, 0.5.

We adopted the nearest-neighbor classification for the segmented image objects and set six
preliminary land-use classes: maize cropland, bean-centered cropland, paddy, pastureland, unused
land (i.e., shifting sand dunes, where pasture productivity is extremely low), and tree plantation.
Before carrying out classification, we performed feature space optimization [32] to find the best
combination of the following candidate information for classification: spectral information {band
1, band 2, band 3, band 4, band 1–2 (the difference between bands 1 and 2), band 1–3, band 1–4,
band 2–3, band 2–4, band 3–4, and Normalized Difference Vegetation Index (NDVI) derived from
the AVNIR-2 image}, texture information (contrast, correlation, dissimilarity, entropy, homogeneity,
angular second moment, and standard deviation) derived from the gray level co-occurrence matrix [33],
and shape information (compactness, rectangular fit, and shape index) [30]. We computed the means
of Euclidean spectral distances between the six classes plotted in feature spaces for every combination
of the information. The combination that had the maximum mean value was selected as the best, and
used for classification.

We also performed maximum-likelihood classification, which is a typical pixel-based method,
using the same data for comparison with ERDAS Imagine 8.7.

2.4. Generation of Digital Surface Model (DSM)

We generated the DSM from the triplet stereo PRISM images with the RPC and field-collected
GPS data using Leica Photogrammetry Suite 9.1 in the following ordinary workflow: (1) Interior and
exterior orientation through triangulation using bundle block adjustment, (2) The generation of mass
points by image matching and space forward intersection, (3) The creation of a Triangulated Irregular
Network (TIN) model from the mass points using the Delaunay triangulation, and (4) the generation
of the DSM with 15 m spacing by the interpolation of the TIN model. These procedures are detailed in
Leica Geosystems [34].
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2.5. GIS-Based Classification of Sand-Dune Topography

We classified topography with the DSM by GIS analysis into lowlands, flat sandy lands, and sand
dunes. Lowlands were located along a river on a valley floor and could be visually distinguished on
images. Hence we first depicted lowlands by applying the image segmentation technique with the
same parameter setting as above to the summer PRISM image and the DSM. A slope image was then
generated from the DSM and was divided into flat and slope areas using an empirically determined
threshold of slope angle (2 degrees). The divided flat area included not only flat sandy lands but also
relatively large dune crests. Such dune crests, however, needed to be grouped in sand dunes from the
perspective of their topographic characteristics, e.g., lower groundwater levels and high erodibility.
We thus applied the following methods to identify the dune crests from the flat area: (1) Grouped
contiguous pixels within eight neighborhood pixels in the flat-area image and polygonized those
patches; (2) Generated a one-pixel-wide doughnut-shaped buffer around each patch and calculated the
mean elevation value within each patch (patch value) and buffer (buffer value); and (3) compared the
patch value and the surrounding buffer value, and the patch whose value was higher than the buffer
value was separated as a dune crest. Finally, the slope and dune-crest areas were integrated into sand
dunes. The DSM was consequently classified into lowlands, flat sandy lands, and sand dunes. The
above analysis was conducted using eCognition 4.0 and ArcGIS 9.1.

2.6. Depiction of Local Land-Use Types

We overlaid the results of the object-based and GIS-based classifications and produced a local
land-use map. The resultant map can technically have 18 classes (including untypical or unrealistic
combinations): 6 preliminary land-use classes in each of 3 topographic types. We assumed that
“bean-centered cropland on lowland” and “bean-centered cropland on flat sandy land” were part of
“maize cropland on lowland” and “maize cropland on flat sandy land”, respectively. This is because in
maize cropland other crops including some kinds of bean are also occasionally planted to avoid soil
problems caused by continuous cropping of maize every year [15]. We also deemed “maize cropland
on sand dunes” to be “untypical maize cropland” and “paddy on flat sandy land” and “paddy on
sand dunes” to be “N/A” (not applicable), as an unrealistic land-use type in the area.

3. Results and Discussion

3.1. Object-Based Classification of Preliminary Land-Use Types

The mean Euclidean spectral distance between the six classes peaked in the following combination
of 14 pieces of information: band 1, band 2, band 3, band 4, and NDVI as spectral information; contrast,
correlation, dissimilarity, entropy, homogeneity, and standard deviation as texture information;
compactness, rectangular fit, and shape index as shape information. Overall accuracy of the
object-based classification using the above information was 93% (kappa statistic: 0.84), and that
of the pixel-based classification was 78% (kappa statistic: 0.57) (Table 1 and Figure 1). Although
the classification accuracies of bean-centered cropland and tree plantations were relatively low, the
object-based classification produced an accurate result on the whole. On the other hand, the overall
accuracy and kappa statistic of the pixel-based classification were not as high for the object-based
classification, and both producer’s and user’s accuracy fluctuated over the classes. In particular, the
producer’s accuracy of maize cropland and the user’s accuracy of bean-centered cropland and tree
plantations were low. This result suggested that the pixel-based classification tended to fail to detect
maize cropland, and instead mistakenly classified it as bean-centered cropland or tree plantation, as
shown in Figure 1. If multi-temporal images are available at high temporal resolution, and then crop
phenology or land surfaces right before and after harvest can be adequately detected and added as
information for classification, the relatively low accuracies found in each classification result could be
improved, particularly non-separability between cropland and non-cropland, or even different types
of cropland.
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Figure 1. Subset images of (a) the object-based classification result, (b) the summer
Panchromatic Remote-sensing Instrument for Stereo Mapping (PRISM) data, and (c) the pixel-based
classification result.

Table 1. Accuracy assessment of object-based and pixel-based classification results.

Object-Based Classification

Accuracy measure Maize
cropland

Bean-centered
cropland Paddy Pastureland Unused land Tree plantation

Producer’s accuracy 91% 63% 100% 96% 94% 65%
User’s accuracy 91% 71% 100% 96% 80% 73%
Overall accuracy 93%
Kappa statistic 0.84

Pixel-Based Classification

Accuracy measure Maize
cropland

Bean-centered
cropland Paddy Pastureland Unused land Tree plantation

Producer’s accuracy 48% 75% 100% 84% 71% 65%
User’s accuracy 100% 24% 67% 94% 92% 28%
Overall accuracy 78%
Kappa statistic 0.57

Meanwhile, Figure 1 also shows that applying a pixel-based classification to a high-resolution
image can produce an impractical result with much noise. Advantages of using the object-based
classification include not only higher classification accuracy, but also more practical depictions in
resultant maps [35]. For example, the strip pattern in maize cropland shown in the PRISM image
of Figure 1 indicates rotational cropping, as mentioned above. This occasional non-maize cropland
does not appear as maize cropland, and actually some of the strips are classified as bean-centered
cropland in the result of the pixel-based classification. It is not necessarily wrong, but the occasional
non-maize cropland should not be seen as bean-centered cropland (which is typically located on sand
dunes) in monitoring desertification because of the differentiated effects of land degradation [15].
As Yu et al. [36] pointed out, the increase in intra-class spectral variability causes a reduction of
separability between classes with traditional pixel-based classification; consequently, classification
accuracy is reduced, and the classification results show a salt-and-pepper effect (as mentioned above).

3.2. Generation of DSM and GIS-Based Classification of Sand-Dune Topography

The Root Mean Square Error (RMSE) of triangulation should generally not be higher than the
pixel size of images used [34]. The RMSE of our triangulation was 0.37 pixels, indicating that the
accuracy of triangulation achieved a subpixel level. The height accuracy of the generated DSM
was RMSE 2.2 m, which aligns with Takaku et al. [37] reporting that the height accuracy of the
DSM generated from PRISM data in flat areas was approximately 2 m where the slope angles were
less than 10 degrees. The overall accuracy of the subsequent classification of topographic types
was 89% (kappa statistic: 0.81). Figure 2 shows that the DSM well represents undulating sand-dune
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topography and that the classification result differentiates sand dunes and flat sandy lands, including
inter-dune areas.
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summer PRISM data and (b) topography classification map (green is flat sandy lands; yellow is sand
dunes). The height in images is exaggerated threefold to facilitate visualization.

Until recently, the Advanced Spaceborne Thermal Emission and Reflection Radiometer Global
Digital Elevation Model (ASTER GDEM) version 2, which has 30 m spacing and less than 12 m height
accuracy (RMSE) [38], had been used as the highest-resolution, freely-available global elevation dataset
for the spatial analysis of dune topography [39,40]. In April 2016, ALOS World 3D version 1 was
released as a new global elevation dataset without [41]. This dataset is being produced on the basis
of the archive data the ALOS PRISM recorded, and the coverage of the dataset is being expanded
and updated on the website. It has higher accuracy than ASTER GDEM: spatial resolution is 1 arcsec
(approximately 30 m) and height accuracy is less than 5 m (RMSE) [37,42]. Its horizontal resolution is
the same as ASTER GDEM’s, but this free dataset is a coarser version of the original one, which has
5 m spacing (the original is distributed on a commercial basis). This paper demonstrates that a DSM
produced from PRISM images is accurate enough to capture undulating sand-dune topography in a
semi-arid region of northeast China. Taking advantage of this new elevation dataset, our method will
become more feasible and easier to apply.
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Figure 3. Local land-use map of the study sites in the Horqin Sandy Land, resulting from the overlay of
object-based preliminary land-use classification and GIS-based topography classification. Mongolian
people constitute the majority of residents on in area on left, and Han people on right.



Environments 2016, 3, 17 8 of 11

3.3. Depiction of Local Land-Use Types

The local land-use types were extracted by overlaying the results of object-based and GIS-based
classification (Figure 3). Table 2 shows that the unrealistic land-use types (which we have classified as
“N/A”) rarely exist: “paddy on flat sandy land” and “paddy on sand dunes”.

Table 2. Cross tabulation of object-based and GIS-based classification categories.

Topographic
Type

Maize
Cropland

Bean-Centered
Cropland Paddy Tree

Plantation Pastureland Unused Land Total

Lowland 3.8% 1.1% 1.6% 0.0% 0.6% 0.0% 7.1%
Flat sandy

land 6.5% 0.3% 0.0% 1.0% 14.3% 1.4% 23.4%

Sand dune 2.2% 1.1% 0.0% 3.4% 53.6% 9.2% 69.5%
Total 12.5% 2.5% 1.6% 4.4% 68.4% 10.6% 100.0%

As mentioned in the introduction, detailed land-use maps are still missing in various regions
of the world, including the Horqin Sandy Land, but some remote-sensing researchers have recently
worked on the classification of agricultural land uses in some areas, such as Mediterranean and savanna
regions [29,43–46]. Their research areas and ours share some common land-surface characteristics, e.g.,
grassland interspersed with trees, shrubs, and crops, which cannot be differentiated by traditional
pixel-based classification or vegetation indices [43]. A distinct feature of our research area is topography,
which is an important factor for the local land use. Whiteside et al. [46], for instance, reported that the
incorporation of elevation data into their object-based classification did not make a significant difference
in accuracy. We demonstrated that it is possible to discern the local land use in a semi-arid sand-dune
area by merging an object-based preliminary land-use classification and GIS-based topography
classification with a sufficiently accurate DSM.

Many environmental and resource-management problems can be only dealt with effectively at
broad scales [47,48]. In our study area, there has been a gap between broad spatial assessment of land
degradation and restoration by remote sensing on one hand, and detailed assessments by field studies
of the effects of local land use, on the other. Our research was able to connect the field and broad scales,
and contribute to designing future environmental surveys, models, and policies. We have actually
developed an integrated agent-based land-use model in the area, embedding a land-use map made by
the method presented here as a vital input. Its development would have been impossible without the
land-use map because it is the fundamental link between the sub-models of people’s land-use decisions
and biophysical dynamics, including land degradation and restoration. A preliminary version of this
land-use model is described in Miyasaka et al. [49].

4. Conclusions

Land use is a fundamental parameter for measuring human impacts and for understanding
human-environment interactions. The present study depicted the spatial heterogeneity of local land use
based on sand-dune topography in the Horqin Sandy Land by combining object-based analysis, digital
photogrammetry, and GIS analysis, with high-resolution satellite images. The resultant local land-use
map sufficiently distinguishes different land-use types that have similar spectral characteristics, and
different topographic types within the same land use. Since such spatial data has never been produced
in this area, the map sheds new light on previous field findings, showing where and how land
degradation and restoration have occurred, as well as where they are likely to occur, in a broadly and
spatially explicit manner. This research can contribute to future environmental surveys and policies to
combat desertification, as well as modeling of human-environment interactions—A type of modeling
which we have already worked on using the method presented here.
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Abbreviations

The following abbreviations are used in this manuscript:

ALOS Advanced Land Observing Satellite
ASTER GDEM Advanced Spaceborne Thermal Emission and Reflection Radiometer Global Digital Elevation Model
AVNIR-2 Advanced Visible and Near Infrared Radiometer type 2
GIS Geographic Information System
GPS Global Positioning System
NDVI Normalized Difference Vegetation Index
PRISM Panchromatic Remote-sensing Instrument for Stereo Mapping
RMSE Root Mean Square Error
RPC Rational Polynomial Coefficients
TIN Triangulated Irregular Network
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