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a b s t r a c t
The gully erosion process poses a threat to the ecological environment, land management, and agronomic productivity. Although current studies on gully feature mapping conducted at hill slope or catchment scales have yielded
good performances, the approach for large-scale gully-affected areas mapping is still challenging. This study demonstrates a novel approach inspired by the relationship between gully distribution and surface runoff. The Google
Earth (GE) images and ASTER GDEM were applied to explore the feasibility of open data source in large-scale gully
mapping. The GE images were used for the initial classiﬁcation based on object-based image analysis and random
forest model. The drainage network obtained from the digital elevation model was generated as the terrain
skeleton which controls the gully bodies. The rule sets for removing commission and omission errors were
developed based on the spatial relationship between the segments and drainage networks. The experiment
was conducted at one of the most serious erosion regions in the Loess Plateau, with an area of 154,000 km2.
Owing to the novel integration strategy of image and topographic features, the mapping results prove the
approach extracts gully-affected areas efﬁciently with acceptable accuracy (overall accuracy is 78.80%) even
within the complex gully zone. Compared with visual interoperation, the proposed approach provides a potential
tool to erosion research community that could also be of interest to geomorphologists and policy makers.
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
Gully erosion is deﬁned as the removal of the top soil along the
drainage channels through surface water runoff (Poesen et al., 2003).
As one of the main processes of soil erosion by water, gully erosion is
recognized as a key indicator of land degradation (UNEP, 1994), which
threatens agronomic productivity and the ecological environment
(Zhu et al., 2009). Research on gully erosion can be traced back to the
early 20th century (Rubey, 1928). However, most studies focus mainly
on rill erosion and sheet erosion over a considerable period (Poesen
et al., 2003). In the 21st century, the importance of gully erosion has
drawn much attention, with an increase in publications pertaining to
its initiation, controlling factors, and detrimental effects (Valentin
et al., 2005; Poesen, 2011; Castillo and Gómez, 2016).
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Gullies and gully erosion are closely linked, and the size, shape, and
distribution of gullies can provide basic information to determine the
gully erosion rate and predicating its development. Such research
perspective requires an effective method for gully feature extractions.
Accuracy and comprehensive information of gullies is not only of critical
importance to scientists, but also useful for farmers and land managers
(Shruthi et al., 2011). Based on an up-to-date gullies distribution map,
farmers can adjust their farming activities and land managers can assess
existing soil conservation strategies.
Existing studies on gully feature extraction are operated at different
spatial scales according to their research objectives, including hillslope,
catchment, and large scales. Large scale is a broad term that can refer to
the regional scale, national scale, continental scale, and even global
scale. The Plot scale is not included, because interrill and rill erosions
dominate at such scale and gullies are not formed because of the limited
size of the study area (Osterkamp and Toy, 1997). The studies
conducted at the hillslope scale have focused primarily on soil erosion,
in which measurements methods to obtain precisely the boundary of
gullies and their morphology parameters (e.g., gully length, gully
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width, and gully volume) are needed. Direct measurements have been,
and continue to be used widely at such scale, including various
techniques such as ruler, tape, micro topographic proﬁlers, total
stations, and differential global positioning systems (Casalí et al.,
2006; Wu and Cheng, 2005; Goodwin et al., 2016).
The heavy and time-consuming work involved causes the ﬁeld measurement to be difﬁcult to apply at large scale (Evans and Lindsay,
2010). With the development of geographic data acquisition, indirect
measurements based on remote sensing image or Digital Elevation
Model (DEM) have been widely employed at the catchment scale
(Vrieling, 2006). In the early stage, visual interpretation based on aerial
photos and later on, satellite images, has been the main choice and has
relied on the image features and interpreter's knowledge (Singh, 1977).
Although heavy ﬁeld-work is avoided, manual work is still restricted by
low efﬁciency and subjectivity. In recent years, several studies have
attempted to propose automatic mapping methods that should
consider both accuracy and efﬁciency. Pixel-based image analysis is
one of these methods. This method considers the spectral similarities
based on multi-spectral classiﬁcation techniques, such as ISODATA,
maximum likelihood classiﬁcation, and support vector machine
(Valentin et al., 2005; Taruvinga, 2009; Karami et al., 2015). As high
resolution images become easily available, an object-based method
has been proven to be more advanced in image processing because it
focuses on spatial patterns created by pixels instead of statistical analysis of single pixel (Blaschke, 2001). Compared with pixel-based method,
object-based approach can fully exploit high resolution information,
which improves the gully mapping accuracy considerably (Karami
et al., 2015). Besides the methods based on remote sensing images,
the topographic method which is based on DEM has also been designed
for gully feature extraction. The basic idea of topographic method is the
strong relationship between topographic attribute and gully distribution; hence, gully can be detected by considering the evaluation and
derived land surface parameters. The topographic method is relatively
simple and does not require too much preprocessing (Castillo et al.,
2014; Yang et al., 2017). However, compared with the image-based
method, it appears to be more sensitive to terrain characteristics of
study area. The applicability of the topographic method in different
regions should also be improved further. In fact, more studies have
adopted the improved object-based method by considering both
image and terrain information, in which topographic variables are
used for improving the segmentation and classiﬁcation accuracy
(Shruthi et al., 2014, 2015; Liu et al., 2017).
Gully feature extraction at large scale usually refers to gully-affected
areas mapping, in which gullies are considered as a special landform
(d'Oleire-Oltmanns et al., 2014). Distinguishing gullies from non-gully
areas is of great signiﬁcance to large-scale soil erosion assessment, geomorphologic pattern analysis, and soil and water conservation planning.
Visual interpretation based on remote sensing images is the principal
approach, but it can be very time-consuming (McInnes et al., 2011;
Zhang et al., 2015). Inspired by studies at catchment scale, studies
have attempted to extend the automatic approaches into large area.
However, its accuracy is unacceptable (Knight et al., 2007). The difﬁculties of large-scale gully mapping can be attributed to three reasons. First,
despite high resolution images and DEM being easily accessible by using
advanced satellite sensors (Liu et al., 2017), UAV-based photogrammetry (d'Oleire-Oltmanns et al., 2012) and terrestrial and airborne laser
scanning (Kenner et al., 2014; Kociuba et al., 2015), using it to obtain
high resolution dataset covering a large area remains impractical because of high costs. Second, data volume increases the enlargement of
study area considerably, and requires larger computation resource.
Third, regional differences should be considered in large-scale gully
mapping, because the morphological characteristics of gullies present
huge differences in different regions. The approach or rule set achieved
in a certain region can be difﬁcult to apply for whole areas.
Although Landsat imagery have been successfully applied in lake
mapping, land cover mapping at continental and global scales (Chen

et al., 2015; Sheng et al., 2016; Li et al., 2017), the resolution cannot
meet requirements in gully-affected areas mapping. A promising
alternative is provided by Google Earth (GE), which offers free and
high spatial resolution images at the global scale, leading to its successful application in the geoscience community (Yang et al., 2012; Guo
et al., 2016; Ludwig et al., 2016). Compared with high resolution images
obtained from commercial satellite companies, the GE image is limited
to RGB band with reduced spectral and spatial resolution (Potere,
2008). In this case, additional data or expert knowledge are required
to detect gullies accurately. Topographic feature has proven to be effective for gully feature mapping. However, medium-resolution DEM,
which is available at large scale, is insufﬁciently accurate under existing
pixel-based or object-based approach. It has been recognized that the
use of GE images alone can make achieving satisfactory results difﬁcult
because of the limited spectral and spatial information (Ludwig et al.,
2016). Hence, a new integration strategy that takes full advantage of
images and DEM at large scale is needed.
The aim of this paper is to propose a new approach for large-scale
gully affected areas mapping. According to the gully erosion mechanism, the formation and development of gullies are controlled considerably by the surface runoff, and simultaneously, changes of gullies also
affect the drainage network. Hence, the drainage network derived
from DEM is selected as the terrain skeleton to improve the limitations
of the GE images in large-scale gully mapping. The remainder of our
paper is organized as follows. In Section 2, we describe the study area
and data. In Section 3, the general framework of the proposed method
is introduced. The results and discussions are given in Section 4 and
Section 5, respectively, and the concluding remarks of the study follow
in Section 6.
2. Study area and data
2.1. Study area
In this study, the eroded region of the Loess Plateau was selected as
the study area. The Loess Plateau is located in the middle and upper
reaches of the Yellow Rivers and is the largest loess region in the
world with an area of 640,000 km2. Gullies developed in this region
represent obvious regional differences because of different topographic
features and soil erosion patterns (Zhou et al., 2010; Zhao et al., 2013).
For example, gullies have rarely developed in the northern desert area
of the Loess Plateau and Fen-Wei river depression valley. On the contrary, for loess hilly regions distributed roughly in the northern Shaanxi
and east Gansu provinces, gully erosion is rather serious, accounting for
60% to 70% of the total soil erosion (Zhu and Cai, 2004).
As shown in Fig. 1, the severe soil erosion region of the Loess Plateau
is located in the tectonically stable Ordos platform with an area of
154,000 km2. (Upper and Middle Yellow River Bureau, 2012). Modern
gully erosion is very severe in this region, and as a result, the land
surface is divided into gully-affected areas and uplands with totally
different soil erosion type, land use, and vegetation. Loess tableland,
loess ridge, and loess hill are three typical landforms in this region
(Fig. 2). The automatic approach for large-scale gully-affected areas
mapping can provide an effective tool in surveying the soil erosion
status and evaluating the soil and water conservation measures.
2.2. Study data set
The GE images have various data sources, ranging from mediumresolution Landsat image to high-resolution QuickBird satellite image.
In the study area, high resolution GE images captured at different times
is available for almost the entire region at roughly two meters. The GE
image used in this study acquired from January 2014 to December
2016, in which spring or autumn are the best capture times because of
the minimum effects by vegetation cover and snowfalls. The software
BigeMap was used in this study to download GE images from Google
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Fig. 1. Maps of study area. (a) Location of the Loess Plateau; (b) location of seriously eroded region in the Loess Plateau; (c) topographic map of the study area by using ASTER GDEM V2.

Earth. A multi-scale watershed based strategy for data organization and
algorithm design was also applied (details seen in Section 3.2).
The DEM is also used to reconcile the initial mapping results based
on the GE image, which provides the topographic features. As the global
elevation dataset, ASTER Global Digital Elevation Model (GDEM) generated from stereo-pair images collected by the ASTER instrument onboard Terra is widely used for larger scale studies. In this study, the
ASTER GDEM V2 released on 2011 was adopted with 1-arc-second
(~30 m) resolution (https://earthexplorer.usgs.gov/).
3. Method
3.1. General framework of proposed approach
The core issue for large-scale gully feature mapping is to determine a new integration strategy that can take full advantage of
images and DEM at a large scale. In addition to providing elevation
and other land surface parameters, DEM can also be used to generate
topographic construction information, namely, terrain skeleton.
Terrain skeleton refers to important feature points, feature lines,

and feature polygons that comprise the basic land surface characteristics. Currently, terrain skeleton has been used for DEM generalization
(Zhou and Chen, 2011) and quantitative morphologic analysis (Xiong
et al., 2017). Inspired by existing studies, the spatial relationships
between terrain skeleton and the segments created from GE image
are used for algorithm design.
However, not all terrain skeleton information is suitable for gully
feature mapping, and the basis of the selection is geographical law.
The indication effect of gully location is the main advantage of drainage
network, and the extraction algorithm is not sensitive to the DEM resolution. Fig. 3 shows that although the gully boundary can be difﬁcult to
delineate based on 30-m DEM, the overall structure of the extracted
drainage network is still similar to that extracted from 1-m DEM. The indication effect is effective even after overlaying the 30-m drainage network onto the 1-m image.
According to the basic idea discussed above, the approach was designed to include four main steps as illustrated in Fig. 4: 1) multi-scale
watershed extraction; 2) object-based gully-affected areas mapping
based on the GE image; 3) revision of classiﬁcation results based on
terrain skeleton; and 4) validation of the mapping results.

Fig. 2. Typical loess landform. (a) Loess tableland, photo from Tsunekawa et al. (2014). (b) Loess ridge, photo from Tsunekawa et al. (2014). (c) Loess hill, photo by author.

16

K. Liu et al. / Geomorphology 314 (2018) 13–26

Fig. 3. Illustration of the potential of drainage network for gully mapping. (a) Drainage network extracted from 1-m DEM; (b) Drainage network extracted from 30-m DEM; (c) overlay
analysis between 30-m drainage network and 1-m image.

3.2. Multi-scale watershed extraction
Spatial heterogeneity is a basic property of spatial data (Anselin,
1988). In this study, it refers to the uneven distribution of gullies across
the region. Gullies present obvious regional differences in size, shape,
and distribution patterns. As a result, the supervised classiﬁer cannot
achieve good performance beyond a certain area.
In this paper, watershed was regarded as the basic unit for data decomposition. First, 2000 km2 was used as the threshold value, and the
study area was divided into 50 watersheds. The watershed was assigned
a certain number and regarded as a regional unit (Fig. 5a). The landform
and gully morphology in each regional unit remained mostly consistent,
thereby ensuring the rationality of applying the same prediction model
within a region unit. Processing of the GE image was also based on the
regional unit. After seamlessly mosaicking all the downloaded GE
images within one regional unit, a color balanced image can be
obtained. However, the data volume of the GE image for one regional
unit is too large (some watershed has a data volume of more than
10 GB) to process for the complex algorithm. Therefore, 100 km2 drainage area was used as the threshold for one processing unit. In total, 955
watersheds were determined (Fig. 5b). The designed algorithm for one
regional unit was implemented in sequence for each processing unit.
Another work is to generate training samples used in the construction
of the predicting model based on machine learning method. In view of
the time cost by visual interpretation, one processing unit is too large,
and hence, further watershed delineation was conducted based on
10 km2. For each regional unit, one small watershed was determined
as the training area (Fig. 5c). The three-level watershed strategy
discussed above is not necessary for all studies. If the existing computer

resource can sufﬁciently handle the regional unit directly, generating
the processing units is no longer necessary.

3.3. GE image based mapping of gully-affected areas
GE images are used for initial mapping based on object-based
approach, which has two sub-steps: 1) object segmentation and 2) building random-forest-based prediction model. In the ﬁrst step, a multiresolution segmentation method was applied to obtain ideal segments
based on GE images. After obtaining the segments with the optimal
parameters, the random forest was used based on the training datasets
so that the gully mapping for test areas can be conducted.
The aim of image segmentation is to create objects based on
heterogeneity of the pixel value. Scale, shape, and compactness are
three parameters that affect the segmentation result. Previous studies
conducted in the catchment scale have proposed several optimization
strategies (Drăguţ et al., 2014; Liu et al., 2016). However, these strategies can be difﬁcult to employ for large-scale processing because the
spatial heterogeneity cannot be ignored. In this paper, all processing
units within the same regional unit adopt the same parameters. In principle, over-segmentation is better than under-segmentation, because
later merging is possible, but small features contained in a large object
can no longer be extracted (Martha et al., 2010). We used a relatively
small-scale parameter based on the preliminary experiment conducted
on the training areas, to avoid the under-segmentation phenomenon.
Two kinds of segmentation parameters were applied in different
regional units as shown in Table 1. The smaller scale was used for the
region where gully sizes and extents are relatively small.
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Fig. 4. Workﬂow of the proposed approach.

eCognition Server 9.2, which provides a processing environment for
the batch execution of image analysis, was used in handling large sets of
data. Apart from segmenting images, metric calculation was also conducted simultaneously. Spectral, textural, and geometric features were
calculated for each object following previous studies. The overview of
the features is listed in Table 2.
After obtaining objects with several attributions, the random forest
method, which is a widely used ensemble classiﬁer with high classiﬁcation accuracy and processing efﬁciency (Belgiu and Drăguţ, 2016), was
used to build the prediction model for gully-affected areas. Using the digitized gully boundary, the created objects located in training areas were
assigned to gully or non-gully labels based on the overlapping area of
each type. The training dataset was used to build the random forest
model in which nTree (the number of trees that will grow) and mTry
(the number of variables randomly sampled at each split) were set to
500 and 5, respectively. The built random forest model was used to
process the unlabeled objects in each processing unit within the same
regional unit, thereby enabling the initial classiﬁcation results to be
obtained.
3.4. Integration scheme of mapping objects and terrain skeleton
3.4.1. Generation of terrain skeleton
In this paper, drainage network, which has a strong relationship with
gully distribution was selected as the terrain skeleton. Because the terrain
skeleton was applied for revising the initial gully mapping results, its

generation should be highly emphasized. According to the different spatial relationships, drainage network can be divided into two parts: stream
network within gully domain (stream network for short) and river
channel. Stream network can be used for determining the body of the
gullies, while the river channel can be excluded in the gully distribution.
Therefore, determining the starting point of the drainage network and
the cutoff point between the gully and the river channel are the key issues.
In the ArcGIS hydrological analysis module, the drainage network can
be created by specifying a ﬂow accumulation raster as well as the minimum number of cells that constitute a stream. In this process, the D8
ﬂow direction algorithm was used because of its high efﬁciency
(O'Callaghan and Mark, 1984; Persendt and Gomez, 2016).The drainage
network should reﬂect the majority of the gully-head areas to achieve a
good reconciling performance and should not cross the gully boundary.
Fig. 6 shows that when the threshold equals to 100, the drainage
network becomes too short to touch all objects in the headwater areas
(Fig. 6a). If the value is set as 20, the drainage network has crossed the
gully boundary (Fig. 6b); 50 can be an appropriate value, in which the
drainage network intersects with almost all segments in the gully head
area and is located at a distance from the gully boundary (Fig. 6c). It is
obvious that the choice of threshold value for a small area is easy because
the reasonable value for each gully is within a certain range rather than a
unique value. However, determining a certain value suitable for all
subwatersheds can be difﬁcult especially considering the large numbers
of gullies in each regional unit. In fact, the landform and gully morphology in each regional unit are mostly consistent which means that there
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Fig. 5. Illustration of the multi-scale watershed based data organization. (a) The study area is divided into 50 regional units; (b) all the processing units within the selected regional unit;
(c) the selected watershed is the training area for its regional unit.

exist threshold values suitable for the majority of gullies. In this paper,
each regional unit adopted a threshold value from the following values:
20, 30, 50, 100, and 200. The choice of the threshold value is mainly
based on the overall matching degree between the drainage networks
and the gully distributions by visual interpretation (Table 3).
The cutoff point between gully and river domain is another
important key issue in determining the extent of the gully-affected
areas. According to the ﬁeld survey, the boundary between the gully
and the river channel is very vague, because the transition from rill to
gully to river channel erosion represents a continuum (Poesen et al.,
2003). Although some studies have proposed the W–Q relation using
concentrated runoff discharge (Q) and mean eroded channel width
(W) (Nachtergaele et al., 2002), it can be difﬁcult to apply in large
scale. In this paper, the 50 km2 drainage area suggested by local experts
was adopted as threshold value. When the drainage area is larger than
50 km2, the drainage network represents river channel, otherwise it
belongs to the stream network.
3.4.2. Reconciling algorithm based on terrain skeleton information
The basic principle of this approach is based on the spatial relationship between the drainage network and the segments from the GE
image. The resolution of the GE image is sufﬁcient to delineate the
boundary between gully-affected and non-gullied areas; however, the
predicted results based on image features can cause many mistakes because of the limited spectral features. In this case, the revision algorithm
can be designed based on the spatial relationship between line features
that represent the drainage network and polygon features that represent segmented objects.

Table 1
Segmentation parameter for each regional unit.
Parameters

Regional unit number

Scale:80
Shape:0.2 Compactness: 0.4
Scale:100
Shape:0.3 Compactness: 0.5

1,2,3, 7, 9, 10, 11, 19, 23, 26, 36, 43
4, 5, 6, 8, 12, 13, 14, 15, 16, 17, 18, 20, 21,
22, 24, 25, 27, 28, 29, 30, 31, 32, 33, 34, 35, 37,
38, 39, 40, 41, 42, 44, 45, 46, 47, 48, 49, 50

Terrain skeleton includes two parts: stream network and river
channel. A basic rule is that no gullies occupy the river domain; hence,
the objects intersecting with the river channels should be judged as
non-gully areas. As for gully domain, two kinds of errors should be
revised, including omission errors in gully-affected areas and commission errors in upland areas. The headwater point should be located in
the gully-affected area, and thus, if the gully-labeled object does not
intersect with any stream network, it can be regarded as commission
errors. As for the gully-affected areas, the intersect operation between
steam network and segments can also be used in removing the omission
errors. The preliminary experiment showed that the intersect operation
can acquire good results in the headwater area because of its liner
distribution. However, when the ﬂow convergence happens, the gully
body will zigzag to the downstream area, and in this case the stream
network easily intersects with the other segments that belong to nongullied areas. To avoid the new errors, the omission errors in the
Table 2
Overview of features used for gully mapping.
Feature type

Feature name

Number

Spectral information

Mean band value
Band rations (red/blue, blue/green)
Mean brightness
Maximum difference index
GLCM homogeneity
GLCM dissimilarity
GLCM entropy
GLCM correlation
GLCM contrast
GLCM angular second moment
GLCM mean
GLCM standard deviation
Shape index
Length-width
Roundness
Asymmetry
Compactness
Area
Length
Rectangular ﬁt

3
2
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

Texture information

Geometric information
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Fig. 6. Illustration of the segments and the drainage network using different threshold value.

Table 3
The threshold value for drainage network extraction in each regional unit.
Threshold
value

Reginal unit number

20
30
50
100
200

5, 11, 15, 20
1, 2, 3, 4, 6, 7, 8, 9, 10, 12, 13, 14, 16, 17, 18, 19, 21, 22, 24, 34, 35, 50
26, 27, 28, 29, 30, 31, 33, 37, 38, 49
23, 25, 32, 36, 39, 40, 41, 42, 45, 46, 48
43, 44, 47

gully-affected areas are removed in two steps: (1) for the headwater
areas (ﬁrst and second order steam networks deﬁned in this paper),
the spatial relationship is based on “intersect” operation and (2) for
the third or above steam networks, the spatial relationship is based on
“have their center in”, which is stricter than the intersect. The revision
ruleset can be expressed as the following scenarios:
(1) If the gully-labeled object does not intersect with any stream
network, the object will be assigned to non-gully;
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(2) If the non-gully labeled object intersects with any ﬁrst or second
order stream network, it will be assigned to gully;
(3) If the non-gully labeled object intersects with any third or above
order stream network and the target features have their centroid
in the object, it will be assigned to gully.
(4) If the gully-labeled object intersects with any river channel, the
object will be assigned to non-gully.
3.5. Result validation
Accuracy assessment is necessary to judge the ﬁtness of the gully
mapping results for a particular application. The thematic accuracy in
this paper refers to the correspondence between the label assigned to
a pixel and the true class (Lucas and Frans, 1994). Error matrix approach
is a widely used accuracy assessment in which the following factors
should be considered, including sampling scheme, sampling unit, and
reference data collection (Congalton and Plourde, 2002). In this paper,
the simple point sampling is adopted because it can be implemented
easily and is relatively objective.
2000 sample points were generated randomly as shown in Fig. 7.Two
PhD students familiar with loess landform assisted in the collection of the
reference data. Each point was assigned to gully or non-gully based on the
visual interpretation from Google Earth. To ensure objectivity, gully

mapping results were not provided to the interpreters. The mapping results of each point can be obtained automatically based on their spatial relationship with the produced gully-affected areas.
4. Results and analyses
The developed method can be illustrated step by step based on the
performance in an enlarged area. The enlarged area is located in a typical loess ridge region, with terrace in the upland and rural settlements in
the valley area (Fig. 8a). Segmentation process with the parameters of
100, 0.3, and 0.5 was conducted as the ﬁrst step. The gullies and terraces
were represented correctly by image objects, although the oversegmentation leads to a large number of objects (Fig. 8b). Initial classiﬁcation was predicted by building a random forest model from training
dataset, however there were many mistakes in both gully-affected and
non-gullied areas in which further processing was required (Fig. 8c).
Drainage network was generated as the terrain skeleton, which includes
ﬁrst and second order stream networks, third order and above stream
networks, and river channel. The ﬁrst revision was to modify the objects
that do not intersect with any stream network; as a result, many false
positives in upland were removed. The second revision focused on the
gully headwater area by considering the spatial relationship between
non-gullied objects and the ﬁrst and second order stream networks

Fig. 7. Distribution of sampling points.
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Fig. 8. Steps of gully-affected areas mapping. (a) GE image of test region. (b) Segments based on GE image. (c) Gullies identiﬁed using GE image. (d) First revised result considering
commission errors. (e) Second revised result considering omissions using ﬁrst and second order stream networks. (f) Third revised result using third and above order stream
networks. (g) Fourth revised result using the river channel. (h) Final results.

with intersection operation (Fig. 8e). The third revision was similar, and
was conducted between non-gullied objects and third order and above
stream networks. However, the operation is “have their center in”,
which is stricter than gully headwater area to avoid new errors near
the narrow channel (Fig. 8f). The last revision sought to remove the
gullied objects in the river channel (Fig. 8g).The ﬁnal result generally
distinguished the gully-affected and non-gullied areas with relatively
acceptable results (Fig. 8h).
The proposed approach was applied for the serious erosion region
in the Loess Plateau, which was divided into 50 regional units. An
overview of the classiﬁcation results is provided in Fig. 9. Because
the study area is too extensive, eight sample regions representing
different landforms were selected. In general, the automatic mapping
results show good spatial structures, reﬂecting the consistency and
hierarchy of gully system in the Loess Plateau. However, the performance varies in different regions because of the effects of the topographic characteristics. Gully-mapping results in loess hilly regions
were relative poor (Fig. 9a, b, c). Some loess mounds with small
size were determined to be parts of gullies and few gully headwater
areas were missed. This phenomenon could be attributed to intensively developed gullies with zigzag gully boundary and complex
distribution pattern. The mapping performance in the loess ridge
region is better than loess hilly region, especially in depicting the
spatial structure (Fig. 9d, e, f). The difﬁculties of gully mapping in
loess tableland were distinguishing the gully-affected areas and hillslope areas which had been solved by proposed approach (Fig. 9g).
There are two regional units located in the rocky mountain area,
where the gully development is restricted by the underlying bedrock.
As shown in Fig. 9h, the approach detected the long-narrow gullies
with a good performance.
In addition to the qualitative analysis, 2000 random points were also
used for validation analysis. Table 4 shows that based on simple points

sampling, user's accuracy for gully-affected mapping is 71.59% and
producer's accuracy is 75.00%. The accuracy for non-gullied areas is
relatively high; the user's and producer's accuracies can achieve
84.22% and 81.77%, respectively. Such accuracy is lower as compared
with reports in catchment scale. However, for large-scale study, the
gully mapping accuracy generated by the automatic approach is
acceptable.
To investigate the spatial distribution pattern of the gullies, the
surface dissected degree is applied which is deﬁned as the ratio between
gully-affected areas and the total watershed areas. Two different scale
watersheds were generated with catchment areas of 100 km2 and
10 km2. Based on the extracted gully-affected areas, each watershed is
assigned to the calculated surface dissected degree. The surface
dissected degree covering the overall study area shows that there are
obvious regional differences in gully developments (Fig. 10). In general,
the watersheds in the northern region of the study area achieve higher
values than southern region. The hot spot regions are mainly among
Lishi and Yanan, where gully erosion is proven to be very serious.
There are two low value regions in the southeast of the study area
which are more obvious in the small-scale watersheds. This phenomenon is caused by the rocky mountain, where the gully development is
restricted by the underground bedrock.
5. Discussion
5.1. Compared with previous work
The automatic methods for large-scale gully mapping is still lacking
especially for such a large area in this paper. In order to make a comparison between our method and previous work, the gully census dataset
provided by the Upper and Middle Reaches of the Yellow River Administrative Bureau of Yellow River Conservancy Commission was used. The
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Fig. 9. Gully-affected areas mapping results in typical areas.

gully census was carried out during the period of 2010–2012, in which
gullies were identiﬁed manually based on 2.5 m resolution remote sensing images and 1:50,000 digital line graph.

Eight sample regions which are same with those in Fig. 9 were
adopted (Fig. 11). It is obvious that there are two signiﬁcant differences
between the extracted results and gully census dataset. Firstly, our
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Table 4
Classiﬁcation error matrix.
Type

Points in gully-affected areas
(reference data)

Points in non-gullied areas
(reference data)

Total number

Accuracy

Points in gully-affected areas (predicated data)
Points in non-gullied areas (predicated data)
Total number
Accuracy

567
189
756
75.00%

225
1009
1234
81.77%

792
1198
2000

71.59%
84.22%

method extract gully-affected areas between rill domain and river domain; in contrast, the gully census focus on the gully which is longer
than 500 m while catchment area is less than 5 km2. Secondly, the
gully census only provide one-dimensional gully distributions information by line features. Due to the different deﬁnitions and geometric
types, it is difﬁcult to make an assessment by statistical method. However, the qualitative visual evaluation is still beneﬁcial for better understanding the data quality. It is clear that the almost all the digitized
gullies have been identiﬁed by our method. The apparent inconsistency
is mainly located in the gully-head areas, which means that the proposed method should be improved further. In general, our method can
provide an area-wide distribution map of gullies which is more efﬁcient
and valuable than existing gully census dataset in this region.
5.2. Factors inﬂuencing gully mapping performance
The potential sources of the gully mapping uncertainties include
four parts: quality of source data, segmentation process, machine learning algorithm, and terrain skeleton-based revision algorithm.
In this paper, we used GE images and ASTER GDEM because it is
easily accessible worldwide and has no restrictions for its applications
in other regions. In fact, high-resolution earth observation data set has
become increasingly available (Chen et al., 2016). The high-resolution
and multi-temporal images provided by commercial companies can be
a good choice when affordable. Furthermore, an increasing number of
satellite images produced by governmental agencies are published
and are accessible to the general public. For example, the Chinese government is currently implementing the China High-resolution Earth Observation System program, which consists of seven optical/microwave
satellites (Li et al., 2012). Among these satellites, GF-2 is capable of

78.80%

collecting images with a ground sampling distance of 0.81 m in
panchromatic and 3.24 m in multispectral bands. High quality information can be obtained from high-resolution images, including more accurate identiﬁcation of gully boundary and ephemeral gully with small
size. DEM data with higher precision is also beneﬁcial to improving
the mapping accuracy particularly in the intensity gully erosion region.
Currently, WorldDEM product from the TanDEM-X Mission can provide
global-scale DEM measurements with ~10 m vertical accuracy (Rizzoli
et al., 2017).
Segmentation accuracy is very crucial for both initial classiﬁcation
based on GE image and reconciling process based on terrain skeleton.
As mentioned above, the suitable parameters for achieving a balance
between over- and under-segmentation does not exist in the larger
region. Hence, two small-scale parameters were adopted in this study
to avoid under-segmentation. Although over-segmentation can be revised in the classiﬁcation process, it does not mean the smaller ones
are better. If the scale parameter is set at too small a value, a single
gully will be divided into many objects. The revision process cannot
achieve good performance in this case. Therefore, a balanced scale
parameter that avoids under-segmentation and generating segments
with too small sizes should be maintained.
Although the initial classiﬁcation result can be revised further
according to the terrain skeleton information, it still has considerable
inﬂuence on the ﬁnal accuracy because not all misclassiﬁcations can
be corrected. However, the classiﬁcation result based on random forest
classiﬁer does not achieve good performance although it has been considered one of the most robust and efﬁcient classiﬁers in remote sensing
community. Two factors contribute to the current accuracy: (1) the
training sample capacity is much smaller than that of the unlabeled
ones in a regional unit that has considerable internal variability and

Fig. 10. Spatial variation of the surface dissected degree based on extracted gullies in watershed hierarchies. (a) and (b) Correspond with a watershed area of 100 km2 and 10 km2,
respectively.
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Fig. 11. Comparison between extracted results based on the proposed method and the gully census dataset.

(2) the GE image cannot provide sufﬁcient spectrum signals. We have
tested the inﬂuence of the two parameters to be set as well as the
different imbalanced sampling strategies. However, few regulations
are achieved. The machine learning method has been developed rapidly
and the most reprehensive one is the Convolutional Neural Networks
(CNNs). Inspired by existing studies on large-scale remote sensing
image classiﬁcations using CNNs (Maggiori et al., 2017), adapting
more advanced classiﬁers may be a solution to improve the initial
classiﬁcation accuracy.
5.3. Application of the proposed approach in other areas
The basic idea of this approach is the universal law of gully distribution
rather than the speciﬁc characteristics occurring only in loess landforms.

Hence, the proposed approach is not limited to the Loess Plateau but
can also be applied in different areas where large-scale gully mapping is
required. There is no restrictions when applying this approach in other
study areas due to the fact that the GE images and ASTER GDEM are available worldwide. However, some concerns should be considered in the application of this method in other regions.
Existing studies show that the contributions of gully erosion to overall soil loss rates and sediment production rates by water erosion range
from 10% to 94% (Poesen et al., 2003). Such huge differences may result
in varying gully sizes, shapes, and densities in different regions. Hence,
the parameters adopted in this paper should be adjusted to suit the
targeted sites. For example, the threshold value for a regional unit
may be larger for other study areas because of more signiﬁcant regional
differences.
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Expert knowledge from specialists and local experts familiar with
the study area should also be sought to determine the suitable parameters. In addition, beside the GE image and ASTER GDEM, a data set with
higher precision can be used when the cost is affordable.

6. Conclusion and perspectives
In this study, we proposed a novel approach for large-scale mapping
of gully affected areas using free-accessed GE image combined with
terrain skeleton information extracted from medium resolution ASTER
GDEM. This automatic method is ﬂexible and can be used with freely
available high resolution images and DEM sources, making it largely
generic and transferable to other applications. Once the thresholds for
the regional, processing, and sampling units are determined, the
method automatically causes the sequential performance of the process.
Initial mapping results can be obtained from object-based analysis using
GE images. To improve the classiﬁcation accuracy, the extracted drainage network derived from DEM is selected as terrain skeleton because
it can control gully bodies. Then, based on the spatial relationship
between created objects and line features representing drainage
network, the revised algorithm is used to produce the ﬁnal results.
That an overall classiﬁcation accuracy of 78.80% was achieved indicating
the proposed approach is effective and feasible for gully-affected areas
mapping at large scale.
Potential users of the approach include soil erosion researchers,
geomorphologists, and policymakers for soil conservation measures.
The experiments in the Loess Plateau of China prove the ability of the
approach in providing the locations of gullies and spatial distribution
patterns at a large scale. The proposed approach may have potential to
be applied to other regions because the basic idea for the method is universal. In addition, the integration strategy of image and topographic
features adopted in this paper is based on the geographic law, which
can also provide a new thinking for multisource data fusion studies.
The approach has the following limitations, which needs to be
improved further: (1) the initial classiﬁcation accuracy was poor and
hence should be increased by using more advanced machine learning
algorithm; (2) the generation of the skeleton terrain was subjective
and (3) room for better use of the terrain skeleton to revise the misclassiﬁcation areas exists.
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