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Abstract: Gully feature mapping is an indispensable prerequisite for the motioning and control of gully erosion which is a widespread
natural hazard. The increasing availability of high-resolution Digital Elevation Model (DEM) and remote sensing imagery, combined
with developed object-based methods enables automatic gully feature mapping. But still few studies have specifically focused on gully
feature mapping on different scales. In this study, an object-based approach to two-level gully feature mapping, including gully-affected
areas and bank gullies, was developed and tested on 1-m DEM and Worldview-3 imagery of a catchment in the Chinese Loess Plateau.
The methodology includes a sequence of data preparation, image segmentation, metric calculation, and random forest based classifica-
tion. The results of the two-level mapping were based on a random forest model after investigating the effects of feature selection and
class-imbalance problem. Results show that the segmentation strategy adopted in this paper which considers the topographic information
and optimal parameter combination can improve the segmentation results. The distribution of the gully-affected area is closely related to
topographic information, however, the spectral features are more dominant for bank gully mapping. The highest overall accuracy of the
gully-affected area mapping was 93.06% with four topographic features. The highest overall accuracy of bank gully mapping is 78.5%
when all features are adopted. The proposed approach is a creditable option for hierarchical mapping of gully feature information, which
is suitable for the application in hily Loess Plateau region.
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1 Introduction

Gully erosion is defined as the process in which soil and
its parent material are scoured and destroyed by surface
runoff, such that the size of channel becomes excessively
large to be recovered (Poesen ef al., 2003). Among the
different types of erosion by water, gully erosion is the
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most serious, and threatens farmlands and the environ-
ment (Valentin et al., 2005). Gully erosion may be the
most important geomorphic natural hazard in the loess
regions of Europe, Asia, and America (lonita et al., 2015).

To decrease the threats by the gully erosion, geomor-
phologists can play an important role, in which gully
feature mapping is a significant task. Nevertheless, re-
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searchers and policy-makers alike should share in the
responsibility. Field assessment is the most traditional
and direct method to obtain gully information; manual
ground measurement using tapes, rulers, and mi-
cro-topographic profilers are mainly used in early stud-
ies (Casali et al., 1999). Recent technologies in survey-
ing and mapping, such as ground-based LiDAR, 3D
photo reconstruction, laser profilemeter, and total sta-
tion, are used in gully mapping (Zhang et al., 2011;
Castillo et al., 2012) with the advantages of high preci-
sion and low cost; however, the concomitant heavy
fieldwork of these technologies restricts their applica-
tion on a large study scale (Wang et al., 2014).

Fieldwork alone is insufficient to acquire comprehen-
sive gully information. Remote sensing in soil research
can overcome the limitation of fieldwork in terms of
data availability and quality. The earliest experiment can
be traced back to the 1940s. Back then, visual interpre-
tation, which is based on aerial photographs, was con-
sidered a useful method to obtain gully information.
Earth observation satellites (e.g., Landsat, Systeme Pro-
batoire d’Observation de la Terre (SPOT), and Quick-
Bird) have been launched since the 1970s, and these sat-
ellites provide high-accuracy and multi-temporal satellite
imagery to the scientific community (Vrieling, 2006;
Yan et al., 2006; Zhang et al., 2015). Although some
researchers continue to apply the visual interpretation
method (Fadul et al., 1999; Yan et al., 2005; Mclnnes et
al., 2011), its low efficiency, uncertainty, and overreli-
ance on interpreters’ knowledge push researchers to in-
vestigate automatic methods. The existing automatic
methods can be categorized into pixel-based and ob-
ject-based methods. The analysis unit of the pixel-based
method is one pixel, and regulation is applied to each
pixel to achieve final result. Pixel-based method allows
the automatic extraction of gullies (Vrieling et al., 2007)
which significantly improves the efficiency (Knight et
al., 2007); however, the accuracy of this method is lim-
ited because only spectral information is considered for
classification, and training data selection requires a good
understanding of the study area and its spectral features
(Karami e/ al., 2015).

Object-based methods have been utilized over the last
decade (Duro et al., 2012). Blaschke and Strobl (2001)
pointed out that object-based methods are superior to the
traditional pixel-based methods because the analysis
unit changes from pixels to meaningful objects. The

availability of high-resolution imagery is enhanced.
Thus, object-based methods, which integrate spectral,
shape and textural information, have been widely ap-
plied in many fields, such as landslide feature extraction
(Martha et al., 2011; Stumpf et al., 2011), geomorphic
type classification (Anders et al., 2011; d’Oleire-
Oltmanns et al., 2013), and urban land cover classifica-
tion (Myint et al., 2011; Yu et al., 2014). Essentially, an
object-based method merges pixels into relatively ho-
mogeneous regions based on the homogeneous criteria,
which is approximate to human perception. The change
in paradigms from traditional pixel-based methods to
object-based methods provides significantly more input
options to image processing (Blaschke et al., 2014).
Studies have confirmed that unlike a pixel-based
method, an object-based method can be effective for
gully feature extraction (Shruthi et al., 2011; 2014).

Although the methodology for gully feature mapping
is improving, challenges and problems persist. Dragut
(2011) stated that land surface is hierarchically structured,
and it can be represented differently across scales. In
gully erosion research, gully-affected areas on a catch-
ment scale or even regional scale and the distributions of
specific gully type on hillslope scale are important infor-
mation for monitoring soil and water conservation. The
Object-based method has been confirmed a creditable
tool for hierarchical mapping which can handle different
levels of spatial details from the high resolution imagery
(Kurtz et al., 2014). However, the existing studies on
gully features mapping mainly focus on the detection of
gully-affected areas without considering hierarchical pat-
terns (d’Oleire- Oltmanns et al., 2014; Wang et al., 2014;
Liu et al., 2016). This approach presents a drawback be-
cause the advantage of both the object-based method and
high-resolution dataset are not fully exploited.

The study reported in this paper was conducted in the
Loess Plateau, China, which is one of the most severely
eroded areas in the world (Gao ef al., 2016). The char-
acterization of gully feature is strongly influenced by the
resolution of the used dataset. The methods applied in
the characterization of the Loess Plateau can be divided
into three, namely, 1) drainage network definition, 2)
edge detection and 3) area-wide mapping. Drainage
network definition and edge detection methods are rela-
tively simple which have low request for data resolu-
tion, however, they can only reflect structural character-
istics of gullies (Lu et al., 1998; Zhou et al., 2013; Yang
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et al., 2016). If high-resolution dataset is available, then
area-wide mapping gains advantages because it can pro-
vide multi-scale geometric features of gullies.

The objective of this study is to propose a hierarchical
object-based approach for two-level gully feature map-
ping using a high-resolution Digital Elevation Model
(DEM) and image. The following tasks are required to
meet this objective: 1) establish an integration strategy for
high-resolution DEM and imagery to improve extraction
accuracy as data resolution increases and 2) assess the
accuracy of the proposed approach. The proposed ap-
proach is expected to provide basic data for control and
monitoring of gully erosion, which can also be used in the
study of loess landform and environmental change.

2 Study Area and Data

2.1 Study area

The Yaojiawan catchment (37°30'N, 110°14'E) is se-
lected as the study area (Fig. 1). It is located in Suide
County, which is in the northern part of Shaanxi Prov-
ince, China. This area is also within the Loess Plateau,
which is known for its severe soil erosion (Zhu, 2012;
Zheng and Wang, 2014). The area of the Yaojiawan
catchment is approximately 1.9 km®, and 62.75% of its
total area is covered by the gullies. The difference in the
elevation in this area is roughly 203 m, and the average
slope is 33°. The catchment consists of three sub-
watersheds with many developed gullies.
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Fig. 1 Location of the study area. a: Gully-affected areas below the loess shoulder-line as view from the gully head area; b: bank gullies
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The serious gully erosion in the study area is mainly
caused by the dry and continental climate and aggra-
vated by human activities (Zheng et al., 2016). As
shown in Fig. 1a, the gully border line (also called loess
shoulder-line) divides the total area into upland and
gully-affected areas (also called interfluves and the val-
leys) with totally different topographic signatures, land
use, and types of soil erosion (Zhou et al., 2010; Jiang et
al., 2015). Based on the morphology and the distribution
area, gullies in this catchment consist of three types:
bank gullies, hillslope gullies, and floor gully (Wu and
Cheng, 2005). Hillslope gullies develop in the croplands
mainly from scour by surface water flow. Floor gullies
are located on the valley bottom, especially at immedi-
ately downstream from the convergence of two
branches. Bank gullies occur between interfluves and
valleys and develop rapidly because of water erosion or
mass movement (Fig. 1b). Bank gullies are selected in
this study because they are regarded as the most impor-
tant sediment yield sources (Li et al, 2016). The size
and location of bank gullies are also suitable for apply-
ing an object-based approach unlike those of hillslope
and floor gullies.

2.2 Study data

The development of Unmanned Aerial Vehicle (UAV)
provides new opportunities for environmental mapping
and monitoring based on the acquired optical aerial
photographs (Lucieer et al., 2014). In this study, the
source data were composed of 19 color aerial photo-
graphs taken by UAV, and digital aerial photogrammetry
was used to generate a one-meter Digital Elevation
Model (DEM). The processing flow is as follows.
Forty-nine ground control points were obtained by the
GPS-RTK (Global Positioning System Real - time ki-
nematic) method. The geodetic datum, projection, and
central meridian were WGS-84, Gauss-Kruger projec-
tion, and 111°, respectively. Aerial triangulation was
performed inside a laboratory according to the control
points obtained through field-work. The Digital Surface
Model (DSM), including the vegetation and manmade
features above the pure earth surface, was constructed
using photogrammetric software (Inpho 6.0). Editing is
required to modify elevation and consequently eliminate
the influences of the buildings and vegetation. Topog-
raphic features, such as contour lines, feature lines and
feature points, were also obtained. Finally, DEM was

derived from the DSM at 1m resolution by using Map-
Matrix 4.0 developed by Visiontek Inc.

Aside from the high-resolution DEM, WorldView-3
Imagery data were applied in this study. The imagery
was acquired on January 10, 2015, and it included a
pan-chromatic band at a spatial resolution of 0.3 m and
three visible bands and a near-infrared band at 1.2 m. A
field survey was conducted to understand the morpho-
logical and distribution characteristics of the gullies in
the study area. The reference dataset was constructed
manually based on image features and expert knowl-
edge. This dataset was used for the accuracy assessment.

3 Methods

The proposed method illustrated in Fig. 2 involves four
main steps: 1) data preparation with high-resolution
DEM and original Worldview-3 Imagery, 2) image seg-
mentation, 3) metric calculation, and 4) gully feature
mapping and validation. In the first step, imagery, DEM,
and its derivatives were fused as the input dataset. A
multi-resolution segmentation method was applied to
obtain ideal segments. Two segmentation strategies were
employed to test whether the topographic information
can improve the segmentation result. After obtaining the
segments with optimal parameters, the metrics, includ-
ing spectrum, topography, texture, and shape, were cal-
culated per object. The training and test datasets were
generated according to the watershed boundary. The last
step focused on gully mapping and validation. Random
Forest (RF) was used in two experiments that investi-
gated the effects of class-imbalance and feature selec-
tion.

3.1 Segment optimization
Image segmentation is a key step in object-based image
processing; among all the segment methods, Multi-
Resolution Image Segmentation (MRIS) (Baatz and
Schipe, 2000) is implemented in eCognition. MRIS is a
bottom-up approach that starts from one pixel and
mergers a neighbor pixel with minimum heterogeneity
increment until the heterogeneity of object exceeds the
user-defined threshold. In this paper, eCognition was
used as the analysis platform.

At the initial step, the input dataset was adopted to
create the objects for further classification. Therefore,
the selection of information involved in the algorithm
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Fig. 2 Flowchart of proposed methodology

had a significant effect on the results. In most studies,
only imagery data were used in the segmentation step of
gully mapping. However, DEM data have been proved
effective for geomorphological mapping, in which
MRIS is based on the topographic layers derived from
DEM data (Anders et al., 2011; Dragut and Eisank,
2012). Inspired by similar studies, we adopted two
strategies to assess the need for considering DEM in the

segmentation step: 1) VNP strategy, in which only the
image information was used, including three visible
bands, one near-infrared band, and one panchromatic
band and 2) PSR strategy, in which the DEM and the
image information were integrated using the panchro-
matic band, slope, and roughness.

Scale, shape, and compactness are three input factors
in eCognition, and they determine the segmentation re-
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sults. Among these input factors, the scale factor is con-
sidered the more critical; thus, many studies have fo-
cused on scale optimization. Two methods are widely
employed for scale optimization, namely, spatial auto-
correlation method (Martha et al., 2011) and Local
Variance (LV) methods (Woodcock and Strahler, 1987).
Currently, the Estimation of Scale Parameter (ESP)
(Dragut et al., 2010; 2014), which uses the LV method,
is considered a credible tool in many studies (d’Oleire-
Oltmanns et al., 2013; Shruthi et al., 2014; Shruthi et
al., 2015). In this study, the segmentation step was im-
plemented in two levels. The gully-affected areas were
mapped in the first level, and the bank gullies were ex-
tracted in the second level.

For each level and segmentation strategy, the optimi-
zation of parameters depended on the visual assessment,
ESP-Tool, and the segmentation metrics. The visual as-
sessment can be regarded as a pre-processing step to
obtain the possible ranges of each parameter (Table 1).
For example, in Level 1, which is based on VNP, the
scale parameter was between 80 and 90, the shape pa-
rameter was from 0.1 to 0.7, and the compactness
ranged from 0.1 to 0.9. Introduced in recent papers
(Dragut et al., 2014), the ESP-Tool can explore suitable
scale parameters based on LV values after inputting the
shape, compactness, and other parameters (i.e., starting
scale and number of loops). In this study, the ESP-Tool
was implemented to explore the corresponding suitable
scale parameter for each shape and compactness com-
bination. Any detected values within the scale range will
be recorded for further assessment.

For the evaluation of segmentations goodness for poten-
tial parameter combinations, three segmentation metrics,
namely, over-segmentation (OS), under-segmentation
(US), and Euclidian distance (£D), were respectively
calculated with the following equations (Clinton et al.,

2010; Liu et al., 2012):

Table 1 Selection ranges of the parameters for segmentation

Segmentation Compactness
Level 1 h
eve Strategy Scale Shape (Cpt)
VNP [80,90]  [0.1,0.7] [0.7,0.9]
Level 1
PSR [55,65] [0.1,0.5] [0.3,0.5]
VNP [40,45]  [0.1,0.7] [0.7,0.9]
Level 2
PSR [33,38] [0.1,0.5] [0.3,0.5]

Notes: VNP strategy includes three visible bands, one near-infrared band, and
one panchromatic band; PSR strategy uses panchromatic band, slope, and
roughness

OSZI—M )]
A

USzl—M 2)
25

ED = [OSZZUSZ] 3)

where r; is a polygon of the reference dataset, and sy is
one of the corresponding segments. Both OS and US are
area-based metrics that represent the matching degree
between the reference data and the segments. ED is a
combined metric that is interpreted as the ‘closeness’ to
a prefect result. All three metrics are ideally zero.

3.2 Metric calculation
The spectral, textural, geometric, and topographic in-
formation were adopted for gully feature mapping in
this study, following previous studies. An overview of
the object features is presented in Table 2. The spectral
and geometric covariates were calculated using eCogni-
tion. As recommended in the literature (Stumpf et al.,
2011), the spectral features comprise normalized differ-
ence vegetation index, band ratios, mean band value,
mean brightness, and maximum difference index. The
widely used geometric features shape index, length-
width, roundness, asymmetry, compactness, rectangular
fit, length, and area were also employed in this study.
Topographic features can also distinguishing natural
objects. Elevation, slope, terrain roughness, and specific
catchment area (SCA) (Tarboton, 1997) were selected
based on their relationship to runoff erosion. The slope
and terrain roughness values were calculated in ArcMap,
and the SCA was obtained by QGIS. The equations for
roughness and SCA calculation are as follow,

r=1/cos(cx) 4)
SCA = lim A 5)
cL—0 CL

where r means roughness, « is the slope value, C4 and
CL refer to catchment area and contour length, respec-
tively.

Texture refers to the visual patterns caused by par-
ticular changes in the frequencies of tones. Image tex-
ture describes the association of neighboring pixels,
which has been shown to improve classification accu-
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racy (Blaschke ef al., 2014). DEM data have their own
texture features. Compared with image texture, DEM
texture can reflect true topographic relief, excluding the
land surface, such as vegetation and artificial buildings.
Stumpf et al. (2011) and Shruthi et al. (2011) recently
proved that topographically-guided texture measures
can be used for the landslide and gully feature extrac-
tion. In this study, eight texture features derived from
the Grey Level Co-occurrence Matrix (GLCM) were
selected. The texture features were calculated based on
two layers. One layer is the panchromatic band that
represents the image texture information, and the other
layer is the ArcMap created shaded relief layer that pre-
sents the terrain texture information. Unlike the original
DEM, the shaded relief layer can enhance the texture
features caused by topographic relief. Eight GLCM de-
rivatives were calculated in eCognition by adding the
four directional values to obtain the rotation-invariant
features.

After calculating the metrics of all the objects, the
training and test datasets were generated based on the
location. All the objects in watershed III were placed in
the training dataset. The rest were used as test data.

3.3 Gully mapping using random forest

RF is an ensemble learning classifier proposed by Bre-
iman (2011). His paper introduced the method of build-
ing a forest of uncorrelated trees using a CART-like al-
gorithm, combined with bagging and randomized node
optimization (Fig. 3). RF has become popular in earth
science community (Belgiu and Dragut, 2016) because
of its high classification accuracy and processing speed.
RF features two important parameters: 1) the number of
trees that will grow (nTree) and 2) the number of vari-
ables that arte randomly sampled at each split (mTry).
On the basis of published results, most studies have set
nTree to 500 and mTry to the square root of the number
of input variables (Belgiu and Drigut, 2016). In the
current study, the RF package in R environment was
used to develop the model to map the gully-affected area
and further extract the bank gullies, and nTree and mTry
were respectively set to 500 and 6.

The first factor that affects the RF model is feature
selection, which can be determined by Variables Impor-
tances (VI). Two metrics were employed: 1) Mean De-
crease in Accuracy (MDA) and 2) Mean Decrease in
Gini (MDG) (Breiman, 2011). MDA is a measure of
how much each variable contributes to the homogeneity

of the nodes in the random forest, and it can reflect the
explanatory relationship between the selected variables.
MDG describes how much the model fit decreases be-
cause of the exclusion of a variable. The majority of
previous studies employed MDA for feature selection
(Belgiu and Dragut, 2016). In the current study, feature
selection was used to determine the optimal feature
combination that can achieve the highest classification
accuracy. VI rank was determined based on MDA after 10
calculation runs. The top 15 features were selected to es-
tablish the RF model iteratively, and the least important

Table 2 Overview of features used in gully mapping

Feature type Feature Name Acronym Number
Spectral Normalized Difference NDVI |
information Vegetation Index
Mean band value Red; Green; 4
Blue; NIR
Band rations (red/blue, Ratio BG; Ratio
blue/green, green/red, red/NIR)  GR; Ratio RN
Mean brightness B 1
Maximum difference index MaxDiff 1
Texture GLCM homogeneity Hom_Pan; )
information Hom_Shade
GLCM dissimilarity Dis_Pan; Dis_Shade 2
GLCM entropy Ent_Pan; Ent_Shade 2
GLCM correlation Cor_Pan; )
Cor_Shade
GLCM contrast Con_Pan; )
Cor_Shade
GLCM angular second moment Ang_Pan; By
Ang_Shade
GLCM mean Mean_Pan; 2
Mean_Shade
GLCM standard deviation StdDev_Pan; 2
StdDev_Shade
Geometric Shape index SI 1
information Length-width Lw 1
Roundness Roundness 1
Asymmetry Asymmetry 1
Compactness Compactness 1
Area Area 1
Length Length 1
Rectangular fit RF 1
Topographic Mean DEM Elevation 1
information Mean slope Slope 1
Mean roughness Roughness 1
Mean specific catchment area SCA 1

Notes: NIR is near-infrared band, GLCM means Grey Level Co-occurrence
Matrix, and DEM refers to Digital Elevation Model
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Fig. 3 llustration of random forest. (a) In the training process, each decision tree is built based on a bootstrap sample of the training
set, which contains two kinds of examples (green labels and red labels). (b) In the classification process, decision for the input instance
is based on the majority voting results among all individual trees. (Machado ef al., 2015)

variable was disregarded each time until three features
remained. The assessments between model accuracy and
feature number could indicate the best feature combina-
tion for gully feature mapping.

The second issue that affects the RF model is class-
imbalance. Previous studies demonstrated that un-
der-sampling the majority class can overcome the class-
imbalance problem (Shruthi et al., 2014; Puissant et al.,
2014). In this study, the area of the gully-affected region
was close to that of the non-gully region. Thus, the dis-
cussion of class-imbalance was avoided in mapping of
the gully-affected area. However, bank gullies only cov-
ered a minor fraction of the study area (10.01%), thereby
leading to the incorrect mapping of bank gullies. There-
fore, to estimate class balance, the objects in the training
dataset were sub-divided into sub-training and sub-test
dataset at a ratio of roughly 1 : 3.5, which is the same as
that between the training and test areas. Parameter R was
defined as the class ratio between the bank and non-bank
objects. An iterative procedure was used to estimate the R
value when the accuracies of the producer and user were
balanced with all the bank gully objects and R times the
bank gully objects randomly selected from the non-bank
gully objects. R was increased by 0.2 each time, which
ranged from one to the original class ratio.

3.4 Validation of results
The gully-affected areas and bank gullies could be

mapped using the RF model. The validation of the pre-
dicted results was based on the reference data. Field
investigation of the study area was conducted in March
2016 to reduce the highly variable of human interpreta-
tion. The final reference data were digitized based on
expert knowledge and the Worldview-3 imagery. The
accuracy assessment of the gully-affected area mapping
was implemented based on the overlapping area. How-
ever, the bank gully occupied a small area. Determining
whether the gully can be extracted or not was the focus
of this case. Thus, the accuracy assessment of the bank
gully mapping was based on the gully number instead of
the area. If the overlapping area is over 50%, then the
object could be regarded as the correct one.

The quantitative analysis of the extraction results was
based on three assessment metrics including the pro-
ducer’s accuracy (PA), user’s accuracy (UA) and the
combined metric F-measure.

F= 2x PAxUA 6)
PA+UA
4 Results

4.1 Segmentation results

After the candidate parameters were determined using
the ESP-Tool, the goodness assessments are shown in
Tables 3, 4, 5, and 6. According to the ED value, four
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segmentation parameters sets (scale, shape, and com-
pactness) were selected: (85, 0.4, and 0.8) based on
VNP and (58, 0.2, and 0.3) based on PSR for
gully-affected area mapping; (42, 0.4, and 0.9) based on
VNP and (33, 0.3, and 0.4) based on PSR for bank gully

Table 3 Segmentation accuracy metrics for gully-affected areas
mapping based on VNP strategy

Scale Shape Cpt (O] UsS ED
82 0.4 0.7 0.093 0.121 0.108
82 0.1 0.9 0.101 0.116 0.109
85 0.4 0.8 0.093 0.114 0.104
85 0.3 0.7 0.106 0.109 0.107
89 0.4 0.9 0.107 0.127 0.118

Table 4 Segmentation accuracy metrics for gully-affected areas
mapping based on PSR strategy

Scale Shape Cpt (N uUs ED
55 0.4 0.4 0.043 0.076 0.061
57 0.3 0.3 0.047 0.069 0.059
57 0.2 0.4 0.038 0.070 0.056
58 0.2 0.3 0.052 0.061 0.056
62 0.5 0.3 0.064 0.088 0.077
64 0.4 0.4 0.038 0.098 0.074
65 0.1 0.5 0.061 0.069 0.065

Table 5 Segmentation accuracy metrics for bank gullies map-
ping based on VNP strategy

Scale Shape Cpt oS us ED
40 0.2 0.7 0.186 0.189 0.188
41 0.1 0.9 0.216 0.200 0.208
42 0.5 0.8 0.180 0.229 0.206
42 0.4 0.9 0.178 0.187 0.182
43 0.4 0.7 0.172 0.223 0.199
44 0.3 0.7 0.161 0.239 0.204
45 0.1 0.9 0.222 0.257 0.240

Table 6 Segmentation accuracy metrics for bank gullies map-
ping based on PSR strategy

Scale Shape Cpt (6N Us ED
33 0.1 0.4 0.240 0.306 0.275
33 0.3 0.4 0.185 0.239 0.214
34 0.3 0.3 0.204 0.262 0.235
35 0.3 0.5 0.175 0.309 0.251
35 0.5 0.5 0.171 0.440 0.334
36 0.5 0.3 0.187 0.431 0.332
37 0.2 0.3 0.209 0.332 0.277

mapping. Two sets of parameters achieved the smallest
ED value in Table 4. In this case, the parameter set with
smaller US value should be considered because un-
der-segmentation poses more threats to classification
accuracy than over-segmentation (Liu et al., 2012).

Two sets of contrastive analyses were conducted to
reveal whether the terrain data could improve the seg-
mentation accuracy in the two different levels. For the
gully-affected mapping, the metrics between Tables 3
and 4 indicate that the integration of spectral and terrain
information can achieve significantly better results than
spectral information only. The ED value of the selected
parameter in Table 4 is 0.056, which is half than that in
Table 3 with an ED value of 0.104. Therefore, the best
segmentation result for gully-affected area mapping was
achieved based on PSR, when the scale, shape, and
compactness were set to 58, 0.2, and 0.3, respectively.
The calculated metrics for bank gully mapping (Tables 5
and 6) are significantly higher than those for gully-
affected area mapping. The difference in the calculated
metrics attributes to the small size and diverse mor-
phology of the bank gullies, causing bank gully map-
ping to be more difficult and less accurate than
gully-affected areas mapping. The metrics in Tables 5
and 6 also show that the terrain data does not improve
segmentation accuracy. The ED value of the selected
parameter based on VNP is 0.182, which is lower than
that based on PSR. Thus, the parameter set (42, 0.4, and
0.9) based on VNP was further selected for bank gully

mapping.

4.2 Gully-affected area mapping

The gully-affected area can be mapped based on the
selected parameter set and RF model discussed in Sec-
tion 3.3. Table 7 shows the 15 features selected accord-
ing to the VI ranks from 10-fold replicate runs. The to-
pographic features are always in the top four among all
the features, indicating that the distribution of the
gully-affected area is closely related to topographic in-
formation. The texture features and two spectral features
are also included in the list. However, no shape features
are selected, suggesting their minimal contribution to
reducing error rate.

Different numbers of features according to the VI
ranks were adopted in the experiments, and the accuracy
changes as the numbers of selected features vary. Fig. 4
shows the variation trends of the three assessment metrics
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Table 7 Fifteen features with the highest average variable im-
portance from 10-fold replicate runs for the gully-affected areas

mapping

Feature type Feature name Selected times Average rank
TOPO-I Slope 10 1.3
TOPO-I Roughness 10 1.7
TOPO-I Elevation 10 3.0
TOPO-I SCA 10 4.0

TEX-1 Cor_Pan 10 5.0
TEX-I Mean_Shade 10 6.0
TEX-I Con_Pan 10 7.3
TEX-I Std_Shade 10 8.5
TEX-I Dis Pan 10 10.4
SPEC-I B 10 10.8
TEX-I Con_Shade 10 11.0
TEX-I Cor_Shade 10 11.3
SPEC-I MaxDiff 10 12.2
TEX-I Dis_Shade 10 12.6
TEX-I Ent Shade 4 16.4

Notes: TOPO-I: topographic information; TEX-I: texture information; SPEC-I:
spectral information

for classification accuracy. Comparative analysis was
conducted on the selected features based on the PSR
strategy. The accuracies appeared stable for all feature
numbers. Producer’s accuracies are higher than the cor-
responding user’s accuracies, and the highest value is
obtained with 11 features. Both the user’s accuracies

@

[0 Gully affected areas digitized o=
B Gully affected areas exracted

[ | Reference data 0 100 200 m

and F-measures obtain their highest value at four fea-
tures with a value of 94.70% and 93.06%, respectively.
Therefore, selecting the top four features is the best
strategy for gully-affected area mapping in the study
area in terms of minimizing the number of features to
achieve the highest accuracy. The comparison was also
made between VNP and PSR based strategy with all
features. The results show that a good segment strategy
leads to high classification accuracy, with the increasing
of F-measure from 85.62% to 90.76%. The predicted
results of VNP-based strategy with all features, PSR-
based strategy with all features, and PSR-based strategy
with four selected features are presented in Figs. 5a, 5b,
and 5c, respectively. It is obvious that the predicted re-
sults using PSR-based strategy with four selected fea-
tures are closest to the digitized boundary.

0.95- = F-measure User Produer
0.90 -
>
5 0.85-
<
0.80 -
0.75
3 4 5 6 7 8 9 10 11 12 13 14 15 39
Features number

Fig. 4 Variation in classification accuracy in relation to the

number of selected features. Number ‘39’ represents the classi-

fication accuracy using all the features.

Fig. 5 Gully-affected areas mapping results using all features based on VNP strategy (a), all features based on PSR strategy (b), and

four selected features based on PSR strategy (c)
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4.3 Bank gully mapping

Bank gully mapping is relatively difficult because of the
small size of this type of gullies. The top 15 features
selected from 10-fold replicate runs are listed in Table 8.
The effects of the topographic features are weaker on
the bank gully mapping than on gully-affected areas
mapping. By contrast, the spectral features are dominant
in the VI ranking, with 10 features selected. It is because
the size of bank gully is relative small, therefore, the
features derived from image with higher resolution are
more important than those from DEM. Only one texture
feature and shape feature are obtained, indicating that
these two kinds of features exhibit minimal effect in
reducing the error rate.

The estimates of the R value can be used to derive the
balanced accuracies of the user and the producer be-
cause of the over-estimation of the bank gullies with a
balanced class ratio. The experimental results for dif-
ferent numbers of features are illustrated in Fig. 6. In
general, the change trends in R value of all the feature
combinations are similar. When the balanced class ratio
is used (R = 1), the producer’s accuracy is close to
100%. By contrast, user’s accuracy is less than 60%,
indicating that the bank gullies were over-estimated.
The deviation between user’s and producer’s accuracy
decreases as the R value increases, leading to a crossing
point at a certain R value. The curves of the different

Table 8 Fifteen features with the highest average variable im-
portance for the bank gully mapping from 10-fold replicate runs.

Feature type Feature name Selected times Average rank

TOPO-I Elevation 10 1.0
TEX-I Ent Shade 10 2.7
SPEC-1 Pan 10 34
SPEC-I Red 10 44
SPEC-1 Green 10 4.6
SPEC-1 Blue 10 6.1
SPEC-1 B 10 7.4
TEX-I Mean_Pan 10 7.8
SPEC-I NIR 10 9.1
SPEC-I Ratio_GR 10 10.7
TOPO-1I Slope 10 11.1
SPEC-I Ratio RN 10 12.4
TOPO-I Roughness 8 12.9
GEO-I Area 8 14.9
SPEC-I NDVI 5 15.0

Notes: TOPO-I: topographic information; TEX-I: texture information; SPEC-I:
spectral information; GEO-I: geometric information

feature combinations presented in Fig. 6 show that,
when all features are employed, the balance between
user’s and producer’s accuracies is reached at R = 7.2,
with the highest balanced accuracy of 77%.

The feature selection cannot achieve good accuracy;
thus, the RF model for a bank gully was constructed
using all the features when the class sampling ratio was
7.2. The mapping result are shown in the Fig. 7, with
accepted results of 78.37% for producer’s accuracy and
78.63% for user’s accuracy (Table 9). The errors in the
bank gully mapping have several causes. As shown in
Fig. 7a, the omission errors are mainly ascribed to the
small size of the bank gullies. However, some larger
bank gullies are not detected either in the runoff node
area (Fig. 7b). This outcome probably caused by the
extreme topographic conditions in the area such that the
boundaries became fuzzy. Some errors of commission
are also detected particularly in the headwater area (Fig.
7¢); the incorrectly labeled objects are actually a part of
the ephemeral river channel.

5 Discussion

5.1 Data selection

The rationality of data selection is an important issue
that should be evaluated further. In this study, the
area-wide mapping for both gully-affected areas and
bank gullies is the main objective. The average width of
a bank gully in the study area is approximate between 2
and 10 m; therefore, a meter-level dataset is necessary.
Both 1-m DEM and WorldView-3 imagery were used.
However, some studies stated that an accepted accuracy
can be produced without DEM (d’Oleire-Oltmanns et
al., 2013). We believe that 3D information cannot be
disregarded because of two concerns. First, imagery is
easily affected by land surface, particularly vegetation.
Thus, distinguishing between gully and non-gully areas
based on the features derived from imagery alone can be
difficult. Second, image quality evidently varies across
seasons, weather conditions, and altitudes, causing the

Table 9 Classification error matrix for the bank gully mapping-
Statistical category

Statistical category Number Statistical category Number

Correct number for g7 Correct number for 0
reference data segments

Bank gully digitized 111 Bank gully predicted 117

Producer’s accuracy 78.37% User’s accuracy 78.63%
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Fig. 6 Estimates of the class rate (R) in the training phase. The R value is used to reflect the balanced accuracy between the user and
producer. The title of each graph is the number of selected variables. The mean accuracy for each R was calculated from the 10-fold

random runs. The gray margins represent the standard deviations

features to become more uncertain. According to recent
studies (He et al., 2013; Zhang et al., 2014; Gomez-
Gutiérrez et al., 2015), topographic attributes are strong
related to the occurrence of gullies. Thus, integrating
DEMs and high-resolution images should be considered
a trend in gully feature mapping.

In this study, terrain information was involved in both
the segmentation and classification steps. According to
the experiments, terrain information significantly af-
fected the final result of the gully-affected area mapping
because of higher segmentation results and better rank-
ing of topographic features. By contrast, terrain infor-
mation exhibited a limited effect on the mapping of
bank gullies. The significant difference in the effects of
terrain information between the two levels of gully fea-
ture mapping was caused by the following: 1) the reso-
lution of the panchromatic band of the Worldview-3

image adopted in this paper was 0.3 m, which is higher
than that of the DEM data; thus, the image had an ad-
vantage in bank gully mapping. 2) The production of the
high-resolution DEM was difficult and uncertain. Ran-
dom factors were involved in the elimination of vegeta-
tion and artificial structures. Therefore, the DEM
adopted in this paper can not possibly represent all the
objects with a size of nearly 1 m.

As high-resolution DEM becomes more accessible,
the question then is whether a sub-meter DEM is needed
for gully feature mapping, and if yes, for what purpose
will it be needed. Tarolli (2014) stated that no ‘perfect’
resolution exists, and the optimal resolution can be de-
termined according to the size of an object. In our study,
the average width and length of bank gully was more than
1 m. Therefore, adopting a sub-meter DEM was unnec-
essary for bank gully mapping, especially considering the
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Fig. 7 Bank gully mapping results. False positive indicates the commission error, whereas false negative indicates omission the error.

(a—b) omission error areas; (c) commission error area

cost of a sub-meter DEM collection. As for the extrac-
tion of hillslope gullies, which was not performed in this
study, a sub-meter DEM will be necessary because of
their small size.

5.2 Application of proposed method

The proposed method can map the gully-affected area
and bank gully semi-automatically and provide basic
information for soil erosion and geomorphology re-
searches. This method can be extrapolated to other re-
gions within the Loess Plateau for two reasons: 1) the
distribution rules of the gullies in the Loess Plateau are
similar, despite their differences in shape and density,
and 2) the study area is located in one of the regions
with most severe soil erosion and the most complex
gully features. The applicability of the proposed method
in such an area proves its ability for processing a region
with less severe erosion and simpler gullies.

However, employing the proposed method in a region
outside the Loess Plateau with different geomorphic
features can be a challenge. According to existing stud-
ies, 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); the cor-
responding rate in the Loess Plateau of China is between

60% and 70% (Zhu and Cai, 2004). Significant differ-
ences in the gully erosion conditions lead to varying
gully sizes, shapes, and densities across different re-
gions. Before applying the proposed method to other
region, an elaborate field investigation should be con-
ducted. The collected data combined with expert
knowledge on the study area can be a basis in designing
a reasonable method. For example, the studies con-
ducted in Taroudant (Morocco) showed that gullies that
developed in that region are mainly distributed on the
hillslope with an obvious linear feature. In this case, the
framework for two-level gully feature mapping is un-
suitable. However, based on the basic idea in this study,
a multi-level gully feature mapping method can be de-
signed for mapping rills/ephemeral gullies, isolated gul-
lies, and gully systems.

6 Conclusions

This research was primarily motivated by the current
extraction using ob-
jected-based methods and machine learning algorithms,

trend in natural signature
which have been confirmed effective in studies on land-
slides, earthquakes, and gully erosion. In this paper, we

propose an improved method for the hierarchical extrac-
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tion of gully features, including gully-affected areas and
bank gullies, to address the issues related to the existing
studies.

Three improvements were achieved: 1) the terrain
information, which was used in segmentation step im-
proved the segmentation accuracy; 2) a comprehensive
analysis was conducted by detecting the optimal pa-
rameter combination instead of considering the scale
factor only; 3) the designed hierarchical objected-based
approach can support two-level gully feature mapping
with high accuracy. The proposed method was applied
to the study of the gullies in the Yaojiawan catchment
where one sub-watershed was used as the training data
to develop a RF model, and the other two watersheds
were employed as the test area. The results suggested
that the approach can be applied to the study area, and it
provides useful information for soil conservation and
land and water resource management. From an applica-
tion perspective, the approach should be further modi-
fied to allow for automatic mapping without the consid-
erable analysis of input parameters, while maintaining
high accuracy. In addition, the study area is relatively
small; thus, the proposed method should be tested fur-
ther on large areas in the Loess Plateau and the other
gully-affected regions.
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