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Abstract: Gully erosion is considered to be one of the main causes of land degradation in arid and
semi-arid territories around the world. In this research, gully erosion susceptibility mapping was
carried out in Semnan province (Iran) as a case study in which we tested the efficiency of the index of
entropy (IoE), the Vlse Kriterijumska Optimizacija I Kompromisno Resenje (VIKOR) method, and their
combination. Remote sensing and geographic information system (GIS) were used to reduce the time
and costs needed for rapid assessment of gully erosion. Firstly, a gully erosion inventory map (GEIM)
with 206 gully locations was obtained from various sources and randomly divided into two groups:
A training dataset (70% of the data) and a validation dataset (30% of the data). Fifteen gully-related
conditioning factors (GRCFs) including elevation, slope, aspect, plan curvature, stream power index,
topographical wetness index, rainfall, soil type, drainage density, distance to river, distance to road,
distance to fault, lithology, land use/land cover, and soil type, were used for modeling. The advanced
land observing satellite (ALOS) digital elevation model with a spatial resolution of 30 m was used for
the extraction of the above-mentioned topographic factors. The tolerance (TOL) and variance inflation
factor (VIF) were also included for checking the multicollinearity among the GRCFs. Based on IoE, we
concluded that soil type, lithology, and elevation were the most significant in terms of gully formation.
Validation results using the area under the receiver operating characteristic curve (AUROC) showed
that IoE (0.941) reached a higher prediction accuracy than VIKOR (0.857) and VIKOR-IoE (0.868).
Based on our results, the combination of statistical (IoE) models along with remote sensing and GIS
can convert the multi-criteria decision-making (MCDM) models into efficient and powerful tools
for gully erosion prediction. We strongly suggest that decision-makers and managers should use
these kinds of results to develop more consistent solutions to achieve sustainable development on
degraded lands such as in the Semnan province.

Keywords: remote sensing; land degradation; sustainable development; statistical model; gully
erosion; land management
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1. Introduction

Various forms of water-related erosion are known, of which gully erosion is one of the most
destructive types [1]. Gullies are able to destroy the surface and sub-surface horizons of the soil
and cause the deformation of the land, generating massive economic damage to humankind, such
as through the destruction of agricultural land, infrastructure, ecosystems, and desertification, and
by intensifying the discharge of surface runoff, causing a fall in the groundwater level and creating
environmental hazards such as floods [2–4]. Therefore, gully erosion results in many socio-economic
problems and can threaten the sustainable development of countries [5]. There is a worldwide
agreement to fight land degradation [6–9]; however, there has not been much work carried out to
this end.

According to the definitions given by the pioneer investigations about gullies [10–14], the depth
and width of a specific gully can range from 30 cm to several meters, and its length can reach up to
several hundred meters. The shape of a gully is constructed from the result of its formation processes;
thus, the first step in examining these processes is to study the gully shape [15]. Accordingly, some
scientists divided gullies into different groups. Ireland et al. [10] categorized the forehead of the gully
into four groups: Pointed, rounded, notched, and digitized. Furthermore, they divided the linear
profiles of the gully forehead into four categories: Inclined, vertical, cave, and cave with overhanging
root mat or sod.

On the other hand, Morgan [16] divided the gullies according to their cross-sectional shape. They
corroborated that V-shaped gullies can be caused by surface runoff processes in hardpan areas, whereas
U-shape types are formed through the sub-surface or surface mechanisms in loose areas. Compared to
rivers that have a smooth, long, and concave profile, gullies are distinguished by features such as the
presence of a vertical wall in the head and dropped points along the bed [11].

Zaimes and Schultz [17] divided gullies into four classes; (i) classic continuous, (ii) classic
discontinuous, (iii) ephemeral continuous, and (iv) ephemeral discontinuous. Classic gullies are
defined as channels with depths ranging from 0.5 to 30 m that common farm equipment cannot
ameliorate, while ephemeral gullies are defined as shallower channels that tillage can erase but often
leave gentle swales [18]. Continuous gullies are connected to the stream channel and gain depth
rapidly after the head-cut while maintaining a constant gradient near the mouth of the gully that
reaches the stream channel [19]. Discontinuous gullies do not reach the stream channel, and the gully
depth decreases from the head-cut [19].

Gully erosion is a threshold-based phenomenon and would not occur until the factors exceed
the threshold limit [20]. The main factors in the development of a gully are the existence of an
accumulated runoff at the surface of the soil or underground erosion and the fall of the roof of this
type of erosion, in which the topographical and geological conditions determine these two factors [21].
Human factors, such as land use changes resulting from population growth, degradation of forests and
pastures, reduction of vegetation, and extension of residential areas and communication paths caused
by fundamental changes in the natural hydrological conditions of the watersheds, intensify the gully
erosion [22]. Historical studies on gully erosion indicate that, in the last decade, severe changes in the
trend of gully erosion occurred due to inappropriate land management, non-standard cultivation, and
severe and fast land use changes [23]. The main prerequisite for dealing with various types of erosion,
especially gully erosion, is the prediction of the risk of gully formation in different areas that are prone
to this type of erosion [24].

Over the last decades, with the advent of powerful processor systems such as the GIS (geographic
information system), a wide variety of methods have been tested to identify areas that are susceptible
to gully erosion around the world, and have achieved very acceptable results [25,26]. These models
can include (i) expert knowledge-based models such as the analytic hierarchy process (AHP) [27];
(ii) bivariate and statistical-based models such as the frequency ratio (FR) [28], conditional probability
(CP) [29], evidential belief function (EBF) [17], information value (IV) [30], certainty factor (CF) [31],
index of entropy (IoE) [32], logistic regression (LR) [33–36], weights-of-evidence (WOE) [37], and
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maximum entropy (ME) [27,38,39]; and, (iii) machine learning models such as artificial neural network
(ANN) [40], boosted regression tree (BRT) [41], multivariate adaptive regression spline (MARS) [42],
random forest (RF) [43], linear discriminant analysis (ADA) [44], naïve Bayes tree (NBTree) [45], and
classification and regression trees (CART) [41].

In arid and semi-arid climates, such as the Semnan province, Iran, gullies cause very extensive
damage and are considered a major environmental problem [26,46]. Therefore, the identification of
the causes of gully erosion development and its zoning for comprehensive management planning by
executive agencies remain essential. This will be definitive to the design of restoration strategies that
can be developed following nature-based solutions to achieve sustainability [47]. Our literature review
to date shows that despite the high sensitivity of this study area to gully erosion, no comprehensive
studies have been carried out to identify areas that are particularly susceptible to gully erosion at all;
although the scientific community are working very hard and achieving interesting and promising
results. In this study, a new hybrid approach has been used to identify areas susceptible to gully erosion,
which includes the combination of MCDM (multi-criteria decision making) and bivariate statistical
methods. The main objective of this research is the development of a gully erosion susceptibility
mapping in a representative area with known soil erosion processes; in this case, the Semnan province
in Iran. To this end, the efficiency of the index of entropy (IoE) as a statistical model, Vlse Kriterijumska
Optimizacija I Kompromisno Resenje (VIKOR) as multi-criteria decision-making model, and the
combination of the two methods were assessed in terms of their suitability for prediction of areas prone
to gully erosion.

2. Materials and Methods

2.1. Study Area

The Semnan watershed with an area of 8700 km2 is located in the western part of Semnan province
(52◦ 37′ 19” to 54◦ 06′ 25” E longitude and 34◦ 52′ 40” to 35◦ 51′ 04” N latitude) (Figure 1). The minimum
elevation of the study area is 743 m.s.a.l. the maximum elevation is 3266 m.s.a.l. and the mean elevation
lies at 1184 m.s.a.l. The mean annual rainfall is 120 mm/year, and the average annual temperature
is 21.8 ◦C, which is considered a dry and semi-arid climate [48]. The inclination of the study area
varies from a minimum of 0◦ to a maximum of 73◦, with mean values of 51.5◦. The topography of the
Semnan watershed can be considered mostly flat in the central and southern parts, and the northern
area has a mountainous landscape. The most important settlements in the study area are Semnan,
Sorkheh, Mahdishahr, and Shahmirzad. The soils of the study are mainly in the group of plateau soils
and can be classified as Inceptisols, Entisols, and Aridisols [49]. The lithology units in the study are
mostly marls, gypsum, conglomerate, sandstone, shale, tuff, dolomite, limestone, fluvial conglomerate,
volcanic rocks, clays, and saline areas [50]. The main land uses are cultivated areas, bare lands, kavir,
mid-range, poor-range, urban, and waterbodies.

Morphometric analysis of gullies in the study area shows that about 8% of the study area could
be affected by severe soil erosion, which would indicate a high sensitivity of the study area to the
development of gully erosion processes. The abundance of gullies in the center and south of the study
area with a low slope is higher, while, in contrast, the northern parts of the study area features more
steep slopes and the rocky outcrops. A first overview shows that gully lengths range from several to
hundreds of meters with depths reaching some meters. The width of the gullies also can vary from
several centimeters to meters. We observed that the cross-section of the detected gullies in the northern
parts is mainly V- shape, but in the central and southern parts, possibly due to the more erodible and
lower slopes, they are U-shaped. In terms of the position of the gully in the landscape, most of the
gullies are on the floor valley type. Considering the evolution of their morphologies [15], the gullies
are mostly of a continuous type (drainage network), and the rest are discontinuous ones.



Remote Sens. 2019, 11, 2577 4 of 24

In terms of the head-cut plan [10], the gullies in the study area could be classified as a digitized
type. They have a maximum width of 8 m, a maximum depth of 12 m, and a maximum length of
360 m. The expansion of these corridors and the fall of their roofs are causing an increase in their sizes.
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Figure 1. Study area and location of the gullies. (a) Location of the Semnan province and study area
in Iran; (b) location of the study area in the Semnan province. (c) Location of training and validation
gullies in the study area.

2.2. Methodology

As shown in Figure 2, this research consists of five different steps. Firstly, the data were prepared,
which consisted of 3 steps: (i) Determining the location of the gullies in the study area, preparing a gully
erosion inventory map (GEIM) and dividing the data into two groups, namely training data (70%) and
validation data (30%); (ii) selecting 500 sample points (alternatives) in the study area for applying the
VIKOR model using the tool “Create random point” in ArcGIS10.5 (ESRI, USA); and, (iii) including the
gully-related conditioning factors (GRCFs), which was divided into the four groups of topographical
(slope, aspect, elevation, plan curvature, and topography wetness index (TWI)), geological (lithology
and distance to fault), hydrological (stream power index (SPI), rainfall, drainage density, and distance
to stream), and environmental (distance to road, soil type, normalized difference vegetation index
(NDVI), and land use/land cover (LU/LC)) factors. Secondly, an assessment of the multicollinearity
among the conditioning factors was performed. In the third step, the index of entropy (IoE) and the
VIKOR (VIseKriterijumska Optimizacija I Kompromisno Resenje) models were applied. The fourth
step aimed to introduce a novel hybrid model through the integration of the IoE and VIKOR models
(IoE-VIKOR) for gully erosion susceptibility mapping (GESM). Finally, in the fifth step, a validation of
the models was performed using the seed cell area index (SCAI) and the area under the curve (AUC).
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Figure 2. Methodology of research conducted for the study area.

2.3. Data Preparation

2.3.1. Gully Erosion Inventory Map

For gully erosion susceptibility mapping (GESM), a map of the spatial distribution of the considered
gullies is a prerequisite [51–53]. The gully erosion inventory map was prepared from the data provided
by the Agricultural and Natural Resources Research Center of Semnan Province. In order to complete
inventory map, the interpretation of satellite images and extensive field surveys were conducted in
the study area. A total of 206 gully plots were identified in the study area (Figure 1). In the next
step, the head-cuts of the gullies were converted to points and were used to build the gully erosion
susceptibility model [7,9,29,31,40,51,53]. Finally, the gullies were randomly divided into two groups,
with 70% of points used for modeling (145 gullies) and 30% used for validation (61 gullies) [41,52].
One of the identified gullies in the study area is shown in Figure 3.
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2.3.2. Gully-Related Conditioning Factors (GRCFs)

In general, various GRCFs affect the occurrence of gully erosion in different regions based on
different environmental conditions [18]. In the current study, our 15 GRCFs were: Elevation, slope,
aspect, plan curvature, stream power index (SPI), topography wetness index (TWI), rainfall, soil
type, drainage density, distance to river, distance to road, distance to fault, lithology, land use/land
cover (LU/LC), and normalized difference vegetation index (NDVI) (Figure 4a–o). These factors were
determined based on a literature review [41,51,52], physiographic features of the study area, the expert
knowledge of natural resources experts of Semnan and Isfahan provinces, and a multicollinearity test.

Topographic parameters, namely elevation, slope degree, slope aspect, plan curvature, and TWI,
and the hydrological parameters of SPI, drainage density, and distance to stream, were extracted
from ALOS (the advanced land observing satellite), PALSAR (the phased array type L-band synthetic
aperture radar), and a DEM (digital elevation model) with a spatial resolution of 12.5 m.

The SPI is a factor considered for the measurement of the erosive power of water runoff [30].
The SPI was obtained as per Equation (1) [54]:

SPI = As × tanσ (1)

where As is the specific catchment area in meters and σ is the slope gradient in degrees. The TWI is a
parameter that plays a crucial role in gully occurrence, and was calculated as per Equation (2) [54]:

TWI = In
( S

tanα

)
(2)

where S is the cumulative upslope area draining through a point and a is the slope gradient in degrees.
In this research, the stream network affected gully occurrence. The distance to streams and drainage
density are calculated after the extraction of the stream network from the DEM in Arc Hydro using the
Euclidean distance and line density in spatial analysis tools in ArcGIS [37].

The road and fault factor maps, with scales of 1:50,000 and 1:100,000, respectively, were obtained
from the National Geographic Organization of Iran (www.ngo-org.ir) and the Geological Society of
Iran (GSI) (http://www.gsi.ir/), respectively.

The NDVI was computed from the LANDSAT-8 image archived by USGS (https://earthexplorer.
usgs.gov/) with 30 m spatial resolution. The NDVI map of the study area was produced using
Equation (3):

NDVI = NIR−R/NIR + R (3)

www.ngo-org.ir
http://www.gsi.ir/
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
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where NIR is the infrared portion of the electromagnetic spectrum (band 5) and R is the red portion of
the electromagnetic spectrum (band 4).Remote Sens. 2019, 11, 2577 8 of 25 
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Figure 4. Gully erosion conditioning factors. (a) Elevation, (b) slope, (c) aspect, (d) plan curvature,
(e) stream power index (SPI), (f) topographical wetness index (TWI), (g) rainfall, (h) soil type) (i) drainage
density, (j) distance to river, (k) distance to road, (l) distance to fault, (m) lithology, (n) land use/land
cover, and (o) normalized difference vegetation index (NDVI).
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To prepare the annual rainfall data, the rainfall statistics of Gandab, Ghahvehkhaneh-Bahar,
Mahdi-Shahr, Dar-Jazin, Istegah-Pajohesh-Semnan, Kheir-Abad- Semnan, Attary, Shahmirzad,
Abkhorieh-Semnan, Semnan, Chah-Kashani, Lahoord, and Sorkheh climate stations for a 30-year
period (1986 to 2016) were used, and a statistical interpolation method was applied to prepare the final
rainfall map. Univariate kriging was applied because it includes the simple kriging, ordinary kriging,
universal kriging, and block kriging. In this study, ordinary kriging was selected to minimize the
variance of error. Ordinary kriging assumes that the mean is locally constant based on the estimated
point, which was adjusted to the requirements of our study area and variables.

The types of land use/land cover (LU/LC) and soil types were prepared following the information
provided by the soil map of the Isfahan Agricultural and Natural Resources, Research and Education
Center (http://esfahan.areeo.ac.ir/) at 1:100,000 scale, the geological map of the Geological Society of Iran
(GSI) (http://www.gsi.ir/) at 1:100,000 scale, and the land use map from the Iranian Soil Conservation
and Watershed Management Research Institute (https://www.scwmri.ac.ir) at 1:100,000 scale.

Finally, all layers were unified in the 12.5-meter pixel size (the same spatial resolution as the
DEM) and the UTM Zone39N geographic coordinate system. An overview of the factors used for gully
erosion susceptibility mapping is shown in Table 1.

Table 1. Overview of factors used for gully erosion susceptibility mapping.

Factor Source Resolution Classes Method

Elevation PALSAR DEM 12.5 m
1. (< 890 m), 2. (890 m–935 m),

3. (935 m–1100 m),
4. (1100 m–1600 m), 5. (>1600 m)

Natural break

Slope PALSAR DEM 12.5 m 1. (<5◦), 2. (5◦–10◦), 3. (10◦–20◦),
4. (20◦–30◦), 5. (>30◦) Natural break

Aspect PALSAR DEM 12.5 m

1. Flat (–1◦), 2. North (337.5–360◦,
0–22.5◦), 3. Northeast (22.5–67.5◦),
4. East (67.5–112.5◦), 5. Southeast

(112.5–157.5◦), 6. South (157.5–202.5◦),
7. Southwest (202.5–247.5◦), 8. West

(247.4–292.5◦), and 9. Northwest
(292.5–337.5◦)

Equal interval

Plan curvature PALSAR DEM 12.5 m 1. Concave (<–0.05), 2. Flat
(–0.05–0.05), 3. Convex (>0.5) Natural break

SPI PALSAR DEM 12.5 m 1. (<9.2), 2. (9.2–11.03), 3. (11.03–3.02).
4. (13.02–15.89). 5. (>15.89) Natural break

TWI PALSAR DEM 12.5 m 1. (<4.41), 2. (4.41–6.84),
3. (6.84–10.44) (>10.44) Natural break

Rainfall weather
stations .... 1. (<–1.06), 2. (–1.06–0.87),

3. (0.87–3.99), 4. (>3.99) Natural break

Soil type Soil map 1:100,000 1. (<125 mm), 2. (125–215 mm),
3. (215–350 mm), 4. (>350 mm) Natural break

Drainage density PALSAR DEM 12.5 m
1. (<0.14 km/km2), 2. (0.14–0.18
km/km2), 3. (0.18–0.31 km/km2),

4 (>0.31 km/km2)
Natural break

Distance to river PALSAR DEM 12.5 m
1. (<650 m), 2. (650 m–870 m),

3. (870 m–1500 m),
4. (1500 m–3500 m), 5. (>3500 m)

Natural break

Distance to road Topography
map 1:50,000

1. (<1700 m), 2. (1700–5000 m),
3. (5000–10,000 m),

4. (10,000–23,000 m), 5. (>23,000)
Natural break

Distance to fault Geology map 1:100,000 1. (<5000 m), 2 (5000–10,000 m),
3. (10,000–17,000), 4. (>17,000) Natural break

Lithology Geology map 1:100,000 1. (A), 2.(B), 3. (C), 4. (D), 5. (E), 6. (F),
7. (J), 8. (H). Lithological units

LU/LC Landuse map 1:100,000

1. (Agriculture), 2. (Orchard),
3. (Barelans), 4. (Kavir), 5.

(Modrange), 6. (Poorrange), 7. (Rock),
8. (Urban), 9. (Water), 10. (Woodland).

Supervised
classification

NDVI Landsat 8 30 m 1. (< - 0.15), 2. (- 0.15 – 0.17), 3 (> 0.17) Natural break

http://esfahan.areeo.ac.ir/
http://www.gsi.ir/
https://www.scwmri.ac.ir
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2.4. Multicollinearity Test (MT)

The collinearity is a model that indicates an independent variable is the linear function of
other independent variables. If the collinearity in a regression equation obtains an elevated value,
it indicates a strong correlation among the independent variables, which reduces the accuracy of the
model [55]. In this research, the two indicators of TOL and VIF were used to study the collinearity
among independent variables. If the value of TOL is ≤ 1 and that of VIF is ≥ 10, then the existence of
collinearity among the independent factors is confirmed.

2.5. Models Used

2.5.1. Index of Entropy (IoE)

Entropy is one of the management approaches used to deal with irregularities and uncertainties in
a system [56]. In order to prioritize the effective factors in the occurrence of the gully and to prepare its
susceptibility map using the method mentioned above, the following equations have been used [57]:

(
Pij

)
=

Pij∑Sj
j=1 Pij

(4)

Hj = −

Sj∑
i=1

(
Pij

)
log2

(
Pij

)
, j = 1, . . . , n (5)

Hj max = log2 Sj Sj − number of classes (6)

Ij =
H jmax −HJ

H j max
, I = (0, 1), j = 1, . . . , n (7)

WJ = Ij Pij (8)

where (Pij) is the probability density, Hj and Hjmax represent the entropy values and maximum entropy,
respectively, Ij is the information value, Sj is the number of categories, and Wj represents the resultant
weight value for each factor. The range of wj is between 0 and 1. After calculating the final weight of
each factor and their classes, these values were added in each related map and then weighted. Finally,
they were added up, and the final gully erosion susceptibility map was prepared using Equation (9)
and the weighted sum tool in ArcGIS [58].

GESM =
n∑

I=1

(
WJ × Pj

)
(9)

where Wj and Pj are the final weight and the probability density for the jth feature.

2.5.2. VIKOR

MCDM is a common decision methodology in environmental science because it can increase
the accuracy of decisions by rendering the process in a highly rational and efficient manner [59–66].
The VIKOR model is based on the adaptive planning of multi-criteria decision-making problems.
The emphasis is on ranking and choosing from a set of alternatives and identifying an agreeable
solution to the problem with conflicting criteria [67]. In a situation where the decision-maker is unable
to identify and express the advantages of an issue at the time of its initiation and design, this method
can be considered as an effective and powerful tool for decision-making. This approach focuses on the
selection of a set of alternatives and sets up compromise responses for an issue with opposite criteria.
Thus, it can help decision-makers to reach a final decision. The main difference between this model and
other models, such as AHP, is that in these models there are no paired comparisons between criteria
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and alternatives, and each alternative is independently measured and evaluated by a criterion [68].
This model consists of five steps, namely:

1. Creating the decision matrix according to the number of criteria and alternatives

Aij =


a11 a12 . . . a1n

a21 a22 . . . a2n

. . .

. . .
am1 am2 . . . amn


. (10)

2. Standardizing the decision matrix using Equation (10):

rij =
aij√∑m
i=1 aij

2
. (11)

3. Determining the weight of each criterion using expert knowledge

Wi =

∑n
i=1 rij

n
. (12)

4. Determining the best and worst of the values available for each criterion (Equations (12)
and (13))

f+i = maxifij
(13)

f−i = minifij
. (14)

5. Calculating the utility and incompatibility indexes using Equations (14) and (15), respectively:

Si = L1,i =

∑n
i=1 Wj

(
f+i − fij

)(
f+i − f−i

) (15)

Ri = L∞,i = max
[∑n

i=1
Wj

(
f+i − fij

)
/
(
f+i − f−i

)]
. (16)

6. Calculating the VIKOR index (Qi value) using Equation (16):

Qi = V×
(Si − S∗)
(S− − S∗)

+ (1−V) ×
(Ri −R∗)
(R− −R∗)

. (17)

where V is a constant (0.5), S∗ is min SS−i, is max Si, R∗ is min Ri, and R∗ is max Ri. Values of Qi can
vary between 0 and 1. The alternatives with a score of 1 are the best, and those with a score of 0 are the
worst [68].

2.6. Model Validation

The verification of the results is a key step in GESM and gully erosion susceptibility mapping [30].
The area under the receiver operating characteristic (AUROC) curve is an efficient and accurate method
for verifying GESMs [32,51]. In the current research, the AUROC curve was used to evaluate the
efficiency of each model in preparing the gully erosion sensitivity map [52]. This curve is an effective
method for assessing the quality of models and shows the percentage of the model’s prediction [69].
In the AUROC curve approach, the number of pixels that are correctly predicted by the model is
plotted against the number of pixels that are incorrectly predicted. The AUROC is usually between
0.5 and 1, with values closer to 1 indicating a better performance of the method [70]. AUROC values
can be classified as follows: 0.5–0.6, poor; >0.6–0.7, average; >0.7–0.8, good; >0.8–0.9, very good; and
>0.9–1, excellent [71].
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3. Results

3.1. Multicollinearity Test (MT)

Our results show (Table 2) that of the 19 independent variables, the four variables of convergence
index (TOL = 0.07 and VIF = 11.26), total curvature (TOL = 0.06 and VIF = 14.98), LS (TOL = 0.08
and VIF = 11.23), and profile curvature (TOL = 0.01 and VIF = 17.60) have collinearity and, therefore,
cannot be used for modeling.

Table 2. Multicollinearity test among conditioning factors.

Factors Collinearity Statistics

Tolerance VIF

(Constant) - -
Aspect 0.890 1.124

Convergence 0.0791 11.264
Total curvature 0.067 14.980

Elevation 0.106 4.012
Drainage density 0.481 2.080

Dis to fault 0.629 1.590
Dis to river 0.549 1.822
Dis to road 0.620 1.613

Profile curvature 0.0132 17.604
Plan curvature 0.179 4.598

NDVI 0.350 2.860
LS 0.0808 11.238

TWI 0.671 1.490
SPI 0.721 1.386

Slope 0.467 2.141
Rainfall 0.331 3.020

LU 0.564 1.775
Soil type 0.283 3.535
Lithology 0.867 1.153

3.2. Applying the Index of Entropy (IoE) Model

The results of our analysis regarding the importance of the GRCFs using the IoE method revealed
that the factors of soil type (1.8), LU/LC (1.3), and SPI (0.53) played the most important roles in the
development of gullies in the study area. In contrast, the factors of distance to fault (0.001), aspect
(0.02), and distance to road (0.02) were shown to be of least importance.

The spatial relationship between the GRCFs and the existing gullies in the study area are shown
in Table 3. The results of the elevation factor analysis using the IoE method revealed that areas
with low elevation are more sensitive to gully formation than the highlands. As such, the classes of
<890 m (IoE = 1.24) and 890–935 (IoE = 1.42) have the highest score. These results are in line with
Arabameri et al. [17]. In terms of the slope, areas with a slope between 5◦ and 10◦ were more prone
to gully erosion (IoE = 1.56) than other areas, and, in contrast, slopes steeper than 20◦ did not affect
gully erosion. This is possibly because the accumulation of surface runoff and human activities were
higher on the gently inclined areas [72]. With regard to the aspect factor, east aspects with IoE = 1.57
were shown to have the most significant impact on gully occurrence. This was mainly due to lower
vegetation cover density in the east-facing areas compared with other aspects. The findings are in
agreement with those of Arabameri et al. [43]. In terms of plan curvature, concave (IoE = 1.65) and
flat (IoE = 0.98) areas had the highest impact on gully occurrence compared to the convex (IoE = 0.92)
areas. The findings are in agreement with those of Arabameri et al. [43] and Rahmati et al. [72]. In the
case of SPI and TWI, the classes of <9.2 and >10.44 with IoE = 1.26 and 3.78, respectively, were shown
to have the most significant effect on gully occurrence. Results indicated that areas with low values of
SPI and high value of TWI have a higher susceptibility to gully erosion. In areas with high values of
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TWI, the flow velocity, which is related to energy level of surface runoff, exceeds the soil shear stress
and gully development [72].

The results related to rainfall indicated that the class of 125–215 mm with IoE = 1.18 and >0.350
with IoE = 0.17 had the highest and the lowest effect on gully occurrence, respectively. In the study
area, vegetation cover is sparse in areas with lower rainfall, but mountainous areas with higher rainfall
have rocky outcrops and are not prone to gully erosion. These results are in line with Arabameri et
al. [73]. Based on soil types, Aridisols (IoE = 4.10) showed a strong dependency on the development of
gullies in the study area. These soils are characterized by the presence of gypsum and evaporative
soluble salts, which are highly sensitive to erosion [74,75].

In the case of the drainage density factor, the class of 0.14–0.18 km/km2 with IoE = 1.111 showed
a strong correlation with gully occurrence in this study area. A high drainage density causes a
larger surface runoff ratio and areas with a high drainage density have a high susceptibility to gully
erosion [43]. It is important to highlight the importance of the results related to the distance to rivers,
faults, and roads. Several authors confirmed that the roads are one of the main causes of rill and
gully development because of the destabilization of the hillslope and the elimination of the vegetation
cover [26,76,77]. Our results indicated that the classes of <650 m, <5000 m, and >23,000 m with
IoE = 1.64, 1.39, and 1.46, respectively, have the most impact on gully occurrence. These results are in
agreement with Conoscenti et al. and Maliho et al. [28,33]. In the case of the lithology type, volcanic
rocks (IoE = 1.73) and clay accumulations (1.6) showed a higher susceptibility to gully occurrence than
other lithology units. During the dry and wet seasons, areas with high clay contents are subject to
cracks in the ground and piping processes can develop [78,79]. Also, agricultural areas are prone to
an increase in connectivity processes, which can increase runoff peaks and sediment transport [80].
According to the LU/LC factor, Kavir areas (IoE = 1.63) that cover the evaporation deposits such as
gypsum and salt have a strong correlation with the location of gullies in the study area. The findings
are in agreement with those of Arabameri et al. [43].

The results of the NDVI factor showed that vegetation plays a significant role in soil conservation
against gully erosion, and that with increasing vegetation cover the sensitivity of the areas to this
erosion decreases and that areas with the lowest vegetation cover have the highest susceptibility to
gully erosion. The findings are in agreement with those of Arabameri et al. [43].

After determining the weights of factors and spatial relationships of GRCFs and gully locations,
Equation (17) is used for obtaining the GESM.

GESMIoE = (elevationIoE × 0.05) +
(
slopeIoE × 0.24

)
+

(
aspectIoE × 0.02

)
+(

plan curvatureIoE × 0.41
)
+ (SPIIoE × 0.53) + (TWIIoE × 0.41)+

(RainfallIoE × 0.11) + (dis to streamIoE × 0.049) + (dis to roadIoE × 0.02)+
(dis to faultIoE × 0.001) +

(
soil typeIoE × 1.8

)
+ (LU/LCIoE × 1.3)+

(NDVIIoE × 0.24) +
(
lithologyIoE × 0.048

)
+

(
Drainage densityIoE × 0.03

)
(18)

Values of the resulting GESM using the IoE model vary between 0.303 and 6.30. The resulting
map using the natural break method is divided into five classes, namely very low (0.303–1.65), low
(1.65–3.04), moderate (3.04–4.39), high (4.39–5.45), and very high (5.45–6.30) (Figure 5a). Based on
results (Figure 6), 25.51%, 21.18%, 19.94%, 17.88%, and 15.94% of the study area is located in very low
to very high susceptibility classes, respectively.



Remote Sens. 2019, 11, 2577 14 of 24

Table 3. Relationship between gully erosion and gully conditioning factors using the index of entropy.

Factor Class
Domain Pixels GULLY PIXELS Pij Wj
No % No %

El
ev

at
io

n
(m

)

<890 2,879,578 29.89 60 37.04 1.24

0.05
890–935 710,494 7.37 17 10.49 1.42

935–1100 2,013,677 20.90 37 22.84 1.09
1100–1600 2,313,076 24.01 39 24.07 1.00

>1600 1,717,478 17.83 9 5.56 0.31

Sl
op

e
(◦

) <5 6,899,986 71.62 116 71.60 1.00

0.24
5–10 1,070,376 11.11 28 17.28 1.56

10–20 924,930 9.60 18 11.11 1.16
20–30 481,844 5.00 0 0.00 0.00
>30 257,167 2.67 0 0.00 0.00

A
sp

ec
t

F 566,040 5.88 4 2.47 0.42

0.02

N 961,571 9.99 18 11.11 1.11
NE 710,471 7.38 17 10.49 1.42
E 872,929 9.07 23 14.20 1.57

SE 1,383,590 14.38 31 19.14 1.33
S 1,791,970 18.62 23 14.20 0.76

SW 1,428,212 14.84 18 11.11 0.75
W 994,513 10.33 11 6.79 0.66

NW 915,376 9.51 17 10.49 1.10

C
ur

va
tu

re
(1

00
/m

) concave 325,238 3.38 9 5.56 1.65
0.41

flat 8,726,972 90.58 144 88.89 0.98

convex 582,093 6.04 9 5.56 0.92

SP
I

(1
00
/m

)

<9.2 3,016,197 31.36 64 39.51 1.26

0.53
9.2–11.03 2,592,536 26.95 25 15.43 0.57

11.03–13.02 2,452,601 25.50 26 16.05 0.63
13.02–15.89 1,213,412 12.61 14 8.64 0.69

>15.89 344,608 3.58 33 20.37 0.69

T
W

I
(1

00
/m

) < 4.41 2,642,289 27.47 40 24.69 0.90

0.41
4.41–6.84 4,350,350 45.22 60 37.04 0.82
6.84–10.44 2,077,423 21.60 27 16.67 0.77

>10.44 549,292 5.71 35 21.60 3.78

R
ai

nf
al

l
(m

m
)

<125 6,422,553 66.64 118 72.84 1.09

0.11
125–215 1,961,321 20.35 39 24.07 1.18
215–350 894,195 9.28 4 2.47 0.27

>350 358,963 3.72 1 0.62 0.17

So
il

ty
pe

Rock
Outcrops/Entisols 2,878,863 29.87 27 16.67 0.56

1.8
Entisols/Aridisols 1,495,535 15.52 18 11.11 0.72

Inceptisols 63,063 0.65 17 10.49 16
Aridisols 842,361 8.74 58 35.80 4.10

Bad Lands 2,307,771 23.95 42 25.93 1.08

Salt Flats 2,049,443 21.27 0 0.00 0.00

0.03

D
ra

in
ag

e
de

ns
it

y
(k

m
/k

m
2 ) <0.14 2,847,934 29.64 51 31.48 1.06

0.14–0.18 1,233,569 12.84 23 14.20 1.11
0.18–0.31 3,165,207 32.95 44 27.16 0.82

>0.31 2,360,559 24.57 44 27.16 1.11
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Table 3. Cont.

Factor Class
Domain Pixels GULLY PIXELS Pij Wj
No % No %

D
is

ta
nc

e
to

ri
ve

r
(m

) <650 2,715,295 28.19 75 46.30 1.64

0.049
650–870 793,728 8.24 12 7.41 0.90

870–1500 1,906,357 19.79 23 14.20 0.72
1500–3500 3,202,074 33.24 29 17.90 0.54

>3500 1,016,201 10.55 23 14.20 1.35

D
is

ta
nc

e
to

fa
ul

t
(m

)

<5000 3,642,736 37.90 85 52.80 1.39

0.001
5000–10,000 2,778,443 28.91 30 18.63 0.64

10,000–17,000 2,095,468 21.80 34 21.12 0.97
>17,000 1,094,885 11.39 12 7.45 0.65

D
is

ta
nc

e
to

ro
ad

(m
)

<1700 1,705,351 17.74 30 18.52 1.04

0.02
1700–5000 2,582,564 26.86 36 22.22 0.83

5000–10,000 2,308,778 24.02 28 17.28 0.72
10,000–23,000 1,840,552 19.15 39 24.07 1.26

>23,000 1,176,036 12.23 29 17.90 1.46

Li
th

ol
og

y

Marl, Gypsum 2,738,777 28.42 63 38.89 1.37

0.048

Conglomerate,
Sandstone, Shale, Tuff

803,953 8.34 6 3.70 0.44

Terraces deposits 3,718,139 38.58 45 27.78 0.72
Dolomite, Limestone,

Sandstone, Shale 653,507 6.78 9 5.56 0.82

Fluvial conglomerate 288,376 2.99 3 1.85 0.62
Volcanic rocks 378,802 3.93 11 6.79 1.73

Clay 817,583 8.48 22 13.58 1.60
Salt 237,994 2.47 3 1.85 0.75

LU
/L

C

Agriculture 175,440 1.83 4 2.47 1.35

1.3

Orchard 6315 0.07 0 1.23 0
Bareland 896,113 9.33 9 5.56 0.60

Kavir 3,025,781 31.49 83 51.23 1.63
Modrange 984,453 10.24 4 2.47 0.24
Poorrange 3,230,325 33.62 44 27.16 0.81

Rock 1,145,924 11.92 14 8.64 0.72
Urban 81,661 0.85 0 1.23 0
Water 185 0.00 0 0.00 0

Woodland 63,487 0.66 0 0.00 0

N
D

V
I <–0.15 5,656,113 58.77 100 61.73 1.05

0.24–0.15–0.17 3,953,406 41.08 62 38.27 0.93
>0.17 14,906 0.15 0 0.00 0.00
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Figure 6. Percentage of each susceptibility class in different models.

3.3. Applying the VIKOR Model

Before applying the VIKOR model, we calculated the weight of the GRCFs using pairwise
comparisons and expert knowledge. According to the results of the expert knowledge method
(Figure 7), soil types (0.368), lithology (0.213), and elevation (0.097) had the biggest impact on gully
erosion in this study area. In a second group of factors, we can also consider with lower influence
rainfall (0.088), LU/LC (0.074), slope (0.48), distance to road (0.033), plan curvature (0.023), distance
to river (0.018), distance to fault (0.008), drainage density (0.006), aspect (0.004), TWI (0.001), and
SPI (0.0003).
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The values obtained using the VIKOR model in each sample point are shown in Table 4. The results
obtained from the GESM using the VIKOR model ranged from 0.055 to 0.984. These values were
divided into five classes: 0.055–0.248 (very low), 0.248–0.404 (low), 0.404–0.575 (moderate), 0.0575–0.752
(high), and 0.752–0.984 (very high) (Figure 5b). Based on the results (Figure 6), a total of 24.5% of the
study area is located in the very low susceptibility class. Furthermore, 20.2% is situated in the low
susceptibility and 17.9% in moderate susceptibility class, while 19.9% was in the high susceptibility
and 17.5% in the very high susceptibility class.

Table 4. Values of the VIKOR and IoE-VIKOR models in each random point.

pint VIKOR-IoE VIKOR
S R Q S R Q

1 2.088 1.418 0.095 0.732 0.326 0.117
2 0.108 0.022 0.989 0.065 0.015 0.983
3 1.808 1.420 0.158 0.552 0.327 0.231
4 1.295 1.021 0.401 0.399 0.235 0.459
5 0.276 0.193 0.897 0.166 0.118 0.773
6 0.412 0.193 0.866 0.238 0.118 0.727
7 2.077 1.418 0.097 0.724 0.326 0.122
8 1.791 1.420 0.162 0.540 0.327 0.239
9 0.416 0.193 0.865 0.249 0.118 0.720

10 1.648 1.110 0.293 0.588 0.255 0.309
11 2.072 1.418 0.098 0.724 0.326 0.122
12 0.134 0.073 0.967 0.091 0.037 0.935
13 0.126 0.028 0.983 0.067 0.015 0.981
14 0.090 0.033 0.990 0.065 0.020 0.976
15 1.800 1.418 0.161 0.550 0.326 0.233
16 1.480 1.110 0.331 0.455 0.255 0.394
17 1.773 1.420 0.166 0.537 0.327 0.241
18 1.836 1.420 0.152 0.573 0.327 0.218
19 1.523 1.110 0.321 0.491 0.255 0.371
20 0.103 0.025 0.989 0.060 0.017 0.984
21 1.360 1.021 0.387 0.441 0.235 0.432
22 1.380 1.021 0.382 0.442 0.235 0.431
23 0.590 0.335 0.780 0.343 0.206 0.536
24 0.231 0.134 0.926 0.120 0.068 0.873
25 1.170 1.021 0.430 0.324 0.235 0.506
26 0.423 0.193 0.863 0.243 0.118 0.723
27 0.195 0.097 0.945 0.122 0.060 0.884
28 0.437 0.338 0.814 0.276 0.208 0.576
29 2.027 1.418 0.109 0.684 0.326 0.148
30 1.125 1.021 0.440 0.299 0.235 0.522
31 0.421 0.193 0.864 0.249 0.118 0.720
32 1.478 1.110 0.332 0.475 0.255 0.381
33 0.102 0.026 0.989 0.067 0.016 0.981
34 1.792 1.418 0.162 0.538 0.326 0.241
35 1.930 1.418 0.131 0.618 0.326 0.190
36 1.798 1.420 0.160 0.541 0.327 0.238
37 1.848 1.418 0.149 0.580 0.326 0.214

3.4. Integration of IoE and VIKOR Models and Validation

The values obtained from the GESM ranged from 0.068 and 0.975. These values were classified
into five classes to range from very low to very high based on the natural break interval method
(Figure 5c). According to our results (Figure 6), 19.5%, 21%, 19.9%, 19.9%, and 19.5% of the study area
had a very low, low, moderate, high, and very high susceptibility, respectively. Finally, the results of
GESMs were validated using the IoE, VIKOR, and IoE-VIKOR integrated model with the AUROC
curve (Figure 8). It was shown that the IoE model (AUROC = 0.941) had a higher prediction accuracy
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than the other models, and that the combination of the IoE with VIKOR models (AUROC = 0.868)
increased the accuracy of the VIKOR MCDM model (AUROC = 0.857). The IoE model obtained an
AUROC = 0.868 prediction accuracy, while the VIKOR model obtained an AUROC = 0.857.
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4. Discussion

The evaluation of susceptibility to gully erosion is crucial for planning erosion control measures
and mitigating the effects of this process. We demonstrated that the spatial distribution of gully erosion
can be predicted by exploiting GIS analysis tools and establishing statistical relationships between
gully occurrence and variability of physical variables related to topography, bedrock, soils, land cover,
and rainfall. We used different modeling techniques, including statistical and data mining/machine
learning, to achieve these results. In this research, a new scientific approach was developed to provide
a gully erosion sensitivity map that does not require the location of gullies. This is very useful for areas
that lack accurate data [81,82]. For this purpose, we confirmed that VIKOR MCDM models could be
used and improved its efficiency and accuracy if the IoE bivariate model is integrated with it without
comparing gullies data with each other.

The variables that we found to play a key role in our models, such as soil type, LU/LC, SPI,
lithology, or elevation, are in line with other traditional and recent investigations conducted on gully
erosion [27,37,40]. Zakerinejad and Maerker [27] used the maximum entropy model to investigate
the sensitivity of the Maziyegan area of Fars province in Iran to gully erosion and demonstrated
that many factors influence the occurrence and development of this type of erosion, including those
also highlighted in our research, namely soil type, lithology, and LU/LC. Dube et al. [37] assessed
gully erosion susceptibility mapping using the weight of evidence model in New Zealand and
demonstrated that soil type, distance from streams, and LU/LC were the main factors affecting gully
erosion. Rahmati et al. [40] compared the performance of seven state-of-the-art machine learning
models, including SVM with four kernel types, BP-ANN, RF, and BRT to model the occurrence of gully
erosion in the Kashkan–Poldokhtar Watershed, Iran, and stated that the drainage density, elevation,
and distance to roads played a crucial role in gully occurrence. Reference [43] proposed a new model
by combining the geographically weighted regression (GWR) technique with the certainty factor (CF)
and random forest (RF) models to produce gully erosion zonation maps in the Mahabia watershed
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(Iran), and indicated that the distance to streams, distance to roads, and LU/LC factors were of primary
importance in terms of gully occurrence. Our results also agree with other types of investigation
carried out with field experiments where parent material, land use changes, and slope positions are
key factors of soil erosion processes at smaller scales, such as hillslopes and pedons ones [41].

The validation of our results showed that IoE had a higher prediction accuracy than the VIKOR
model and that the combination of IoE with VIKOE increased the prediction accuracy of the VIKOR
model. These results were also confirmed by Zabihi et al. [32] and Arabameri et al. [41]. One of the
main advantages of the IoE method is that this method can determine the importance of effective
factors and analyze the spatial relationship between effective factors and gullies occurring in the study
area [52]. The IoE model demonstrated how the most important factor could be estimated from the
factors affecting the phenomenon (gully erosion) occurrence [83]. In other words, it can identify the
variables that have the highest impact on the event of a phenomenon, which is important because,
depending on the physiographic conditions of the area, there are usually several factors affecting
gully erosion. Also, in determining the risk susceptibility using bivariate and probable statistical
models, all effective factors showed the same weight, so if one factor has more impact, the effect
will be ignored [84]. Therefore, the aforementioned theory as a management approach can have a
significant role in the identification of effective factors and their impact on phenomena occurrence [17].
The results also confirmed that the combination of the IoE method with the VIKOR method increased
the prediction accuracy of the VIKOR model. Thus, we stated that it is vital to check the effectiveness
of the combination of different models rather than using single models adapted to each study area.

5. Conclusions

For gully erosion mapping, three different models (IoE, VIKOR, and IoE-VIKOR) were successfully
applied to assess 145 gully locations and 15 environmental factors, namely elevation, slope, aspect,
plan curvature, stream power index (SPI), topography wetness index (TWI), rainfall, soil type, drainage
density, distance to river, distance to road, distance to fault, lithology, land use/land cover (LU/LC), and
normalized difference vegetation index (NDVI). Our results showed that the IoE and expert knowledge
models considered soil type, lithology, elevation, and land use to have the biggest impact on gully
occurrence in the study area. The validation of our results using the AUROC curve showed that IoE
has a higher prediction accuracy than the other models. The scientific methodology presented in this
study can be used in areas that do not have accurate data on the spatial distribution of past and current
gullies. The results of this research could be used by environmental planners to manage and reduce the
risks associated with the development of gully erosion in the study area as well as in the conservation
of natural resources such as water and soil.
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