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Abstract

Toroud Watershed in Semnan Province, Iran is a prone area to gully erosion that causes to soil loss and land degradation.
To consider the gully erosion, a comprehensive map of gully erosion susceptibility is required as useful tool for decreasing
losses of soil. The purpose of this research is to generate a reliable gully erosion susceptibility map (GESM) using GIS-based
models including frequency ratio (FR), weights-of-evidence (WofE), index of entropy (IOE), and their comparison to an
expert knowledge-based technique, namely, Analytic Hierarchy Process (AHP). At first, 80 gully locations were identified
by extensive field surveys and Google Earth images. Then, 56 (70%) gully locations were randomly selected for modeling
process, and the remaining 26 (30%) gully locations were used for validation of four models. For considering geo-environ-
mental factors, VIF and tolerance indices are used and among 18 factors, 13 factors including elevation, slope degree, slope
aspect, plan curvature, distance from river, drainage density, distance from road, lithology, land use/land cover, topography
wetness index (TWI), stream power index (SPI), normalized difference vegetation index (NDVI), and slope-length (LS)
were selected for modeling aims. After preparing GESMs through the mentioned models, final maps divided into five classes
including very low, low, moderate, high, and very high susceptibility. The receiver operating characteristic (ROC) curve and
the seed cell area index (SCAI) as two validation techniques applied for assessment of the built models. The results showed
that the AUC (area under the curve) in training data are 0.973 (97.3%), 0.912 (91.2%), 0.939 (93.9%), and 0.926 (92.6%)
for AHP, FR, IOE, and WofE models, respectively. In contrast, the prediction rates (validating data) were 0.954 (95.4%),
0.917 (91.7), 0.925 (92.5%), and 0.921 (92.1%) for above models, respectively. Results of AUC indicated that four model
have excellent accuracy in prediction of prone areas to gully erosion. In addition, the SCAI values showed that the produced
maps are generally reasonable, because the high and very high susceptibility classes had very low SCAI values. The results
of this research can be used in soil conservation plans in the study area.
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seven functions for soil including: (1) biomass production
including forestry and agriculture; (2) storing, filtering, and
transforming nutrients, substances, and water; (3) biodiver-
sity pool such as habitats, species, and genes; (4) physical
and cultural environment for humans and human activities;
(5) source of raw material; (6) acting as carbon pool; and
(7) archive of geological and archaeological heritage (EC,
2006). In the twenty-first century, soil protection depends
not only on political decisions in the rules and regulations,
but also on decisions and actions of land planners, foresters,
and farmers (Cerda et al. 2017a, b). Soil erosion is a univer-
sally threat to environment that leads to a various range of
problems, such as land degradation in agriculture lands, soil
fertility reduction, and sediment deposition in reservoirs,
that must be solved by means of nature-based strategies
(Cerda et al. 2016; Keesstra et al. 2016; Mekonnen et al.
2017). High erosion rates in underdeveloped countries are
mainly due to lack of vegetation cover, excessive grazing,
deforestation, and intense plowing (Ligonja and Shrestha
2015), while in the developing countries is due to the heavy
machinery (Cerda et al. 2009). Intense erosion rates result
in the loss of fertile soil and also change on the biological,
hydrological, and geochemical cycles (Cerda et al. 2015).
Gully erosion is one of the most devastating forms of soil
erosion that causes different types of damage to natural
resources, agriculture, and infrastructures (Rahmati et al.
2016). A gully is defined as a profound channel created by
concentrated flow of water, removing surface soil, and par-
ent material, that is really big to wipe out by normal tillage
operations (USDA-SCS 1966). When the geomorphologic
threshold exceeds due to increase in flow water erosivity or
sediment erodibility, gully erosion is occurred. In general,
prediction of gully erosion is difficult and requires monitor-
ing and mapping (Rahmati et al. 2017). Preparation of gully
erosion susceptibility map (GESM) is necessary for better
realization of the gully erosion mechanism and identifying
areas that are prone to erosion. For this target, gully inven-
tory map (GIM) and GEFs are required. Meanwhile, the
results of a GESM strongly depend on the model hypothesis,
parameter values, and parameter estimation methods. From
the point of view of reducing the occurrence of gully ero-
sion and sustainable development, there are many models for
establishing a statistical relationship among GEFs and GIM
and subsequently identifying sensitive areas to gully ero-
sion. Among these are the following data-driven and knowl-
edge-based models: logistic regression (Conoscenti et al.
2014; Kornejady et al. 2015), weights-of-evidence (Dube
et al. 2014; Rahmati et al. 2016), frequency ratio (Rahmati
et al. 2016), conditional probability (Rahmati et al. 2017);
AHP (Svoray et al. 2012), maximum entropy (Pourghasemi
et al. 2017; Kornejady et al. 2017), and information value
(Conforti et al. 2011). In addition, computational intelli-
gence methods including classification and regression trees
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(Mirker et al. 2011), multivariate adaptive regression splines
(Gomez-Gutiérrez et al. 2015), random forest (Kuhnert et al.
2010), artificial neural network (Pourghasemi et al. 2017),
and support vector machine (Pourghasemi et al. 2017) were
applied for preparing GESM in different countries.

In the study area, due to dry climatic conditions, extreme
rainfall, favorable erosion geology, overgrazing, and vegeta-
tion destruction, gully erosion is the most important cause
of soil degradation and soil loss. Therefore, gully erosion
each year imposes damages on the inhabitants and agricul-
tural lands. Despite the fact that gully erosion is one of the
environmental problems in the Toroud Watershed, so far,
no studies have been carried out in this area to assess and
prepare a gully erosion susceptibility map for it. The main
purpose of this research is identification of prone areas to
gully erosion and gully erosion susceptibility mapping using
data-driven and knowledge-based techniques in Toroud
Watershed, Iran.

Materials and methods
Study area

The Toroud Watershed with area of 416 km? is situated
in Semnan Province, Iran. This area is located between
35°25'36" and 35°37'9" north latitudes, and 54°49'55" and
55°11'30" east longitudes (Fig. 1). According to the climatic
classification in Iran IDWRM 2013), the study area is clas-
sified as arid zone (mean annual rainfall of 85 mm). The
absolute elevation in the study area ranges from about 759
to 1923 m, with a mean elevation of 1037 m a.s.l. It receives
approximately 80% of its annual rainfall from November
to April (WRCS 2015). In winter, the temperature ranges
from —5 to 12.7 °C. The main LC in the study area is irri-
gation agriculture, salt pan, and range lands. Most gullies
in the study area are located on the southern parts due to
erosion-sensitive formations and human activities such as
agriculture, overgrazing, and development of roads. Eight
photographs of the gullies identified in the study area are
shown in Fig. 2.

Methodology

The methodological work flow used in the current study is
presented in Fig. 3. Therefore, the steps of this research are
as follows: (1) preparation of GIM; (2) selection of GEFs
using VIF and tolerance indices; (3) preparation of gully ero-
sion susceptibility maps using data-driven techniques (FR,
IOE, and WofE), and their comparison to knowledge-based
model, namely, AHP; (4) validation of models using ROC
and SCAI indicators; and (5) selection of the best model in
the study area.
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Fig.1 Study area

Data preparation
Gully inventory map (GIM)

The detailed and accurate GIM was prepared using exten-
sive field surveys with a GPS (Global Positioning System)
device and Google Earth imagery digitization. Identified
gullies in the study area are either V-shaped or U-shaped.
In total, 80 gullies were identified summing an area of
about 49.23 ha and include 53 V-shaped and 27 U-shaped
gullies. Maximum and minimum depth and width of the
identified gullies in the study area are 13.5 and 1.5 and 21
and 2.10, respectively. Among all the 80 identified gully
locations, 70% (56 gully locations) were randomly selected
for modeling, while the remaining 30% (24 gully location)

were employed for validation of models. In the next step,
gullies in the polygon format were converted to point for-
mat and were used for modeling and validation aims. The
locations of training and validating gullies are shown in
Fig. 1.

Gullies in the study area are mainly created in low
plains and slopes with high drainage density. The most
important reason for occurring piping and gully in the
study area is severe and flood rainfall, the existence of
gypsum and salt minerals due to high evaporation, and
the lack of vegetation and organic matter. Therefore, it can
be admitted that superficial flows and the phenomenon of
piping are the dominant processes of gully formation in
the study area.
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Fig. 2 Field photographs of some gullies identified in the study area

Gully erosion-conditioning factors

According to literature review (Conforti et al. 2011; Con-
oscenti et al. 2013; Zakerinejad and Maerker 2015; Rah-
mati et al. 2016, 2017; Pourghasemi et al. 2017; Zabihi et al.
2018), data availability, and field surveys, 18 effective fac-
tors were identified for considering gully erosion in the study
area. After multi-collinearity analysis, 13 GEFs including
elevation, slope degree, slope aspect, plan curvature, dis-
tance from river, drainage density, distance from road, lithol-
ogy, LC, TWI, SPI, NDVI, and slope-length (LS) selected
for modeling process (Fig. 4a—m).

Topographic factors are one of the most important
geomorphological parameters that influence soil erosion
(Achour et al. 2017; Rahmati et al. 2017). Topographic fea-
tures such as elevation affect vegetation type and rainfall
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characteristics and, thus, can control the gully erosion pro-
cess (Gomez-Gutiérrez et al. 2015).

In this research, to provide a digital elevation model,
InSAR (Interferometric Synthetic Aperture Radar) technique
and ALOS PALSAR data were used. For preparing DEM
using InSAR, there are two phases including measurement
phase and the conversion of measurement phase to height
(Zhou et al. 2005). InSAR data-processing procedure is
shown in Fig. 5.

Elevation obtained from the ALOS PALSAR Digital Ele-
vation Model with a spatial resolution of 12.5 mx 12.5 m
and was divided into five categories (Rahmati et al. 2016):
<916 m, 916-1065 m, 1065-1229 m, 1229-1473 m, and
> 1473 m.

Slope factor is appropriate for the accumulation of flow
surface and gully erosion (Rahmati et al. 2016). The slope
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angle map of the study area was obtained from the ALOS
PALSAR-DEM and was divided into six categories (Con-
forti et al. 2011): <5°, 5°-10°, 10°-15°, 15°-20°, 20°-30°,
and > 30°.

Slope aspect has an important effect on vegetation type,
so the control duration of sunlight, moisture, evaporation
and transpiration, and the distribution of vegetation on the
slopes, and indirectly affect the erosion process (Jaafari
et al. 2014). The slope aspect map was also prepared from
ALOS PALSAR-DEM under nine directional classes
(Rahmati et al. 2016): flat (- 1°), north (337.5°-360°,
0°-22.5°), northeast (22.5°-67.5°), east (67.5°-112.5°),
southeast (112.5°-157.5°), south (157.5°-202.5°), south-
west (202.5°-247.5°), west (247.5°-292.5°), and northwest
(292.5°-337.5°).

Plan curvature is considered as the earth surface geome-
try and characterizes slope changes (Nefeslioglu et al. 2008).
Plan curvature is effect on convergence or divergence of flow
water during downhill flow (Yilmaz et al. 2012). Plan cur-
vature was extracted from the ALOS PALSAR-DEM using
ArcGIS 10.5 and classified into three categories including
concave, flat, and convex.

In many cases, gullies are associated with stream network
(Conoscenti et al. 2014). Using the quantile classification
(Jiuchun et al. 2017), five different buffer zones are cre-
ated within the study area to determine the effect of streams
on gullies including: 0-100 m, 100-200 m, 200-300 m,
300-400 m, and > 400 m.

The drainage pattern of an area is affected by sev-
eral factors such as the nature and structure of geological
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Fig.4 Gully geo-environmental factors (GEFs). a Elevation, b slope
degree, ¢ slope aspect, d plan curvature, e distance from river, f drain-
age density, g distance from road, h lithology, i land cover, j topogra-
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Fig.4 (continued)

formations, soil characteristics, vegetation conditions, pen-
etration rates, and degrees of gravity (Manap et al. 2014).
High drainage density increases surface runoff rate and thus
increases gully erosion. Drainage density map generated by
Line Density Tool in ArcGIS 10.5 and its values classi-
fied into four categories (Conoscenti et al. 2014): 0.6-1.7,
1.7-2.1,2.1-2.4, and > 2.4 km/km?.

According to literature review, the distance from road is
important for the occurrence of gully erosion (Conoscenti
et al. 2014; Pourghasemi et al. 2017). Roads will enhance
the gully erosion process using interrupt and concentrate
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overland flow and draining it on downstream slopes (Con-
oscenti et al. 2014). The distance from road map was divided
into five different buffer zones (Fig. 2h) using quantile clas-
sification (Conoscenti et al. 2014) in ArcGIS 10.5: 0-300 m,
300-600 m, 600-900 m, 900-1200 m, and > 1200 m.

The lithology layer was generated by digitizing the geo-
logical map prepared by GSDI (1997) (Geological Survey
Department of Iran, Toroud Sheet at 1:100,000-scale). The
lithology map according to susceptibility to soil erosion was
then classified into 12 classes (Table 1).
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Land cover (LC) management has a great influence on the
geomorphological stability of the slope and the occurrence
of gully erosion (Zakerinejad and Maerker 2015). In gen-
eral, bare areas and areas with scattered vegetation are more
susceptible to erosion compared to forest areas, because veg-
etation cover significantly reduces erosive power of surface
flow (Hayas et al. 2017). The LC map of the study area was
generated using Landsat 8 images from 31/10/2017 cover-
ing path and row 162 and 36, respectively. To create the LC
map, a supervised classification using the maximum likeli-
hood algorithm was applied. Four LC types were extracted
such as irrigation agriculture, desert, range lands, and bare
rock outcrops. The produced LC was validated using 265
ground control point (GCP) in the field. Kappa coefficient for
the final map was estimated by Eq. 1 (Lo and Yeung 2002):

K= {N Z;=1 (Xii) _NZ;=1 (Xi+ 'X+i)}/N2 - Z::l (Xi+ ~X+~),
M

Table 1 Lithology of the study area (GSI 1997)

where 7 is number of rows in error matrix; X;; is number of
observations in row i and column i; X| , is total of observa-
tions in row i; X, is total of observations in column i; and
N is total number of observations included in the matrix.
Kappa coefficient of the generated map was obtained
97.65%.

The TWI has been used widely to describe the effect of
topography on the location and size of saturated areas of
flow surface generation (Moore et al. 1991). TWI estimate
the probability of water accumulation in soil due to slope
and upstream catchment area, therefore, is an important
factor for assessing prone areas to gully erosion (Gémez-
Gutiérrez et al. 2015). The runoff erosion power, discharge
potential, and carrying capacity are modeled using the men-
tioned factor (Tahmassebipoor et al. 2016). TWI computed
using Eq. 2 and classified into four categories (Conforti et al.
2011): < 6, 6-10, 10-13, and > 13.

The SPI is a measure of the erosive power of water flow
based on the assumption that discharge is commensurate
to particular catchment area (Conforti et al. 2011). Stream
power index is one of the most important factors controlling
slope erosion processes. Regions with high stream power
have high erosion potential (Gémez-Gutiérrez et al. 2015).
SPI calculated using Eq. 3 and classified into five categories
using natural break scheme (Conforti et al. 2011): < 300,
300-900, 900-1200, 1200-1500, and > 1500:

TWI = In (Ag/ tan §) )

SPI = Ay X tang, 3)

where Agq is the specific catchment’s area (m?*/m), and g is
slope gradient (in degrees).

The NDVI is a measure of surface reflectance and gives
a quantitative estimation of the vegetation growth and was
calculated based on Landsat 8 images, which reflects the
relation between the vegetation condition and gullies (Xie

Code Lithology Formation AGE Area (km?®) %

Jph Phyllite, slate and meta-sandstone Hamadan Phyllites  Jurassic 0.33 0.21
PIQc Fluvial conglomerate, Piedmont conglomerate and sandstone ~ — Pliocene—Quaternary 0.15 0.10
Ek Well bedded green tuff and tuffaceous shale Karaj Eocene 3.79 2.44
Qftl High level piedmont fan and valley terrace deposits - Quaternary 0.05 0.03
K Cretaceous rocks in general - Cretaceous 14.41 9.28
Ed.avs  Dacitic-to-andesitic volcano sediment - Eocene 74.81 48.18
Elc Pale-red, polygenic conglomerate and sandstone - Paleocene—Eocene 6.82 4.39
Qft2 Low-level piedmont fan and valley terrace deposits - Quaternary 0.78 0.50
Ed.avb  Dacitic-to-andesitic volcano breccia - Eocene 10.89 7.01
Edav Dacitic-to-andesitic volcanic - Eocene 33.52 21.59
Murm Light-red-to-brown marl and gypsiferous marl with sandstone — Miocene 2.79 1.79

intercalations
Mur Red marl, gypsiferous marl, sandstone, and conglomerate Upper red Miocene 6.95 4.48
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et al. 2017). The NDVI value is calculated by the following
equation:

NDVI=1R — R/IR + R, 4)
where IR is the infrared portion of the electromagnetic
spectrum and R is the red portion of the electromagnetic
spectrum. In general, in areas with intensive vegetation, the
likelihood of gully erosion is low to very low. The NDVI
map of the study area classified to three classes: <— 0.039,
—0.039t0 0.13, and >0.13 (Rahmati et al. 2016).

The length—slope parameter (LS) is a factor used in the
RUSLE equation to consider the effect of topography on ero-
sion (Renard et al. 1997). The topographical factor depends
on the slope—length (L) and the slope steepness (S). This
parameter is considered as a sediment transport capacity
index and computed by Eq. 5 (Moore and Burch 1986):

LS = (fa X c«:allsize/ZZ.l?»)o'4 X (sin6/0.0896)", ®)

where f, is flow accumulation and o is slope in degrees.
The LS map was prepared by Raster Calculator Tool in
the ArcGIS10.5 and classified to five categories (Conforti
et al. 2011): < 36 m, 36-70 m, 70-110 m, 110-140 m, and
>140 m.

Analytic hierarchy process (AHP) knowledge-based
technique

Because decision making according to multiple criteria is
a challenging issue, the application of Multi-criteria Deci-
sion-Making Models (MCDM) was offered in different cases
(Yacov and Haimes 2011). Decision-making processes are
often complicated according to multiple inconsistent criteria;
nevertheless, the MCDM methods have been successfully
engaged to identify favorite policy alternatives (Kim and
Chung 2013). The application of MCDM methods in vari-
ous fields of natural hazards has been illustrated in a num-
ber of international literatures (Chitsaz and Banihabib 2015;
Chen et al. 2016; Wen et al. 2017). AHP is a multi-criteria,
multi-objective, and semi-quantitative method that were
introduced by Saaty (1980). In this method, decision-making

Table 2 Scale of preference between two factors in AHP (Saaty 1980)

weights are assigned based on expert knowledge and their
experience in a form of pairwise relative comparison (Bath-
rellos et al. 2017; Papadakis and Karimalis 2017). Over the
past two decades, the practical nature of AHP has led to the
use of it on the large and complex decision-making problems
(Bathrellos et al. 2012, 2016). In general, AHP consists of
the following steps:

Step 1: structuring of the decision problem into a hierar-
chical model. A simple AHP model has three levels such as
goal, criteria, and alternatives.

Step 2: making pairwise comparisons and obtaining the
judgmental matrix. Bogdanovic et al. (2012) stated that a
pair comparison has to start with a question on behalf deci-
sion makers. For example, depending on the purpose of the
decision, the importance of the criteria to each other must
assign with scales 1-9. Vidal et al. (2010) also stated that
the mean numbers 2, 4, 6, and 8 have to use to correct the
comparison (Table 2).

Step 3: calculation of the weight of each criterion
and alternative (local priority). Local weights of criteria
and alternatives were obtained according to Eqs. 6 and 7
(Macharis et al. 2004):

n
aij:aj/Zaj aj, j=1,2,3...,n (6)
i=1

n

wy = Zaij/n, a; = 1,2, ...

i=1

., )

where aj is the values of each inline of column, g; is the
normalized values of each of the in lines, and n is number
of criteria.

Step 4: computation of the overall priority (final weight)
by the following equation:

AHPg .. = Z wy; X w., 8)
j=1

Preference factor Degree of preference Definition

Equally
Moderately
Strongly
Very strongly

Nl Y O

Extremely

Two activities contribute equally to the Objective

Experience and judgment slightly to moderately favor one activity over another
Experience and judgment strongly or essentially favor one activity over another

An activity is strongly favored over another and its dominance is showed in practice
The evidence of favoring one activity over another is of the highest degree possible

of an affirmation

2,4,6,8 Intermediate

Used to represent compromises between the references in weights 1, 3, 5, 7, and 9
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where wy; is local priority for ith alternatives in jth criteria
and W is local priority for jth criteria.

Step 5: computation of the inconsistency index by the
following equation:

Amax —n
= ——, ©)]
n—1
where 4,,, 1S maximal eigen value and n is number of

alternatives.

Step 6: calculation of the inconsistency ratio by the fol-
lowing equation:

I

IR= RIT" 10)
where RII is called random index and is obtained from
Table 3. A value of IR less than 0.1 is considered accept-
able (Saaty 1980), because human judgments are not always
indistinct and there may be because of the nature of scale
used, would have existed inconsistencies. The ability to
identify inconsistent judgments through the calculation of
consistency ratio is considered as one of the strong points
of AHP (Table 3).

Data-driven models
Frequency ratio (FR)

Frequency ratio is a bivariate statistical method and a simple
geospatial assessment tool (Wang and Li 2017) for comput-
ing the probabilistic relationship between dependent (gully
inventory map) and independent variables (geo-environmen-
tal factors) and is very useful and efficient (Rahmati et al.
2016). The FR can be described as Eq. 11 (Oh et al. 2017):

FR = ((A/B)/(C/D)), (11)
where A is the number of pixels with gully erosion for each
class of geo-environmental factors, B is the number of total
gullies in study area, C is the number of pixels in each class
of the geo-environmental factors, and D is the number of
total pixels in the study area.

Index of entropy (IOE)

Theory of entropy expresses the extent of the disorder,
instability, uncertainty, and imbalance of a system (Al-
Abadi 2017). This theory was introduced by Boltzmann and
quantitatively presented by Shannon (1948) (Pourghasemi

approximate main parameters among efficient parameters
of a goal; in the other words, this theory characterizes vari-
ables that are more effective in phenomenon occurrence.
Details of the mentioned theory and its equations are given
in Pourghasemi et al. (2012), Jaafari et al. (2014), Al-Abadi
(2017), and Hong et al. (2017).

After computation of the final weight of each factor and
multiplying it in categories of that parameter and values
related to each parameter, weighted maps were added up and
the final map of gully erosion susceptibility was obtained
using Eq. 12 (Haghizadeh et al. 2017):

GESM =
I

(W x Py). (12)
=1
where W; and P; are the final weight and the probability
density for the jth feature.

Weights-of-evidence (WofE)

The WofE is one of the bivariate and statistical approaches
that employed the log-linear form of the Bayesian probabil-
ity method to estimate the relative importance of effective
factors by statistical means (Xie et al. 2017). The WofE
model calculates the relationship of between gully erosion-
conditioning factors and gully occurrence according to
the presence or the absence of the gullies in the study area
(Razavizadeh et al. 2017) as follows:

W = log, [(Npixl/(Npixl + NpixZ))/(Npix3/(NPiX3 + NpiX4))]
13)

W =log, [(NpiXZ/(Npixl + NpixZ))/(Npix4/(Npix3 + Npix4))]’

(14)
where N, is number of gully erosion pixels in a specific
class, Ny, is (total number of gully erosion pixels in a map)
— (number of gully erosion pixels in a class), N, is (num-
ber of pixels in specific class) — (number of gully erosion
pixels in a specific class), and N4 is (total number of pixels
in a map) — (total number of gully erosion pixels in map)
— (number of pixels in specific class). A positive weight W;r
indicates that the gully erosion-conditioning factor exists at
the locations of gully erosion and there is a positive correla-
tion between the presence of the gully erosion-conditioning
factor and the gully locations and vice versa. Final weight in
the weights-of-evidence model obtained by Eq. 15 (Rahmati
et al. 2016; Razavizadeh et al. 2017):

et al. 2012). Actually, theory of entropy expresses a way to C
W=| = (15)
S(C)
Table 3 Random index (Saaty No.criteria 1 2 3 4 5 6 7 8 9 10 11 12
and Vargas 2001)
R.II 0.00 0.00 058 09 1.12 124 132 141 145 149 151 156
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C=Wr+Ww" (16)
S(C) = VS (W*) + S (W) (17)
2 () 1 1

s (w )_N{BnL}+{BnL} (18)
SH(W™) = L 1

{(BnL) ' {BnL} (19)
where W is final weight, and C is difference between positive
and negative weights. C is negative for a negative correla-
tion between GEFs and GESM and positive for a positive
relationship (Pourghasemi et al. 2013). S (C) is the standard
deviation of the contrast. S? (W+) is the variance of W+ and
S%(W™) s the variance of W~. B and B indicate the presence
and absence of the GEFs, respectively. L is the presence of
gully, and L is the absence of a gully. After calculation the
weight of each factor by WofE model, gully erosion suscep-
tibility map (GESM) obtained by the following equation:

R=N

GESM = w. (20)

R=1

Results
Multi-collinearity analysis

In general, for GESM, considering of multi-collinearity of
conditioning factors (GEFs) is essential. Multi-collinearity
indicates a linear correlation that exists among factors. In
this research, for checking multi-collinearity, the tolerance
(TOL) and variance inflation factor (VIF) indices are used
when values of TOL and VIF are <0.1 and >5 or 10 indi-
cate multi-collinearity among independent variables, respec-
tively (Park et al. 2017). The results of the multi-collinearity
analysis among 18 gully erosion-conditioning factors used
in this study are presented in Table 4. This analysis showed
that the TOL and VIF of 13 variables including elevation,
slope degree, slope aspect, plan curvature, distance from
river, drainage density, distance from road, lithology, LC,
TWI, SPI, NDVI, and slope-length (LS) were >0.1 and
<10, respectively. As a result, these parameters are used for
preparing the final GESMs by four models.

Applying AHP model

The relative weight of gully erosion-conditioning factors
obtained from pairwise comparison matrix is shown in
Table 5. Based on Table 5, it can be seen that the lithology,
slope, and NDVI with a values of 0.222, 0.176, and 0.137

Table 4 Multi-collinearity Analysis among gully erosion-condition-
ing factors

Factors Collinearity statistics

Tolerance VIF
LS 0.464 2.154
Lithology 0.644 1.552
NDVI 0.489 2.044
Plan curvature 0.518 1.929
LC 0.633 1.581
SPI 0.283 3.529
TWI 0.209 4.786
Rain 0.049 20.208
Slope 0.274 3.648
Dense stream 0.337 2.967
Dis-stream 0.145 6.919
elevation 0.651 1.535
Convergence index 0.099 10.115
Aspect 0.614 1.629
Soil texture 0.035 28.78
Dis-fault 0.023 34.7
Dis-road 0.456 5.32
Profile curvature 0.05 15.56

are the most important factors, respectively. This result is
in line with Golestani et al. (2014), Gomez-Gutierrez et al.
(2009), and Rahmati et al. (2016). Gémez-Gutiérrez et al.
(2015) stated that vegetation cover strongly reduces the
erosive of flow surface and as a result have a high effect
in gully erosion occurrence. Golestani et al. (2014) proved
that the areas with gentle slope are susceptible for surface
flow accumulation and gully erosion. Rahmati et al. (2016)
indicated that the lithology properties are very important in
gully erosion. In contrast, factors of aspect, plan curvature,
and TWI with score values of 0.019, 0.015, and 0.012 had
the lowest impact on the gully erosion, respectively. Factors
of LC, elevation, distance from road, drainage density, SPI,
LS, and distance from stream are located in the ranks of 4
to 10. The inconsistency ratio (IR) for pairwise compari-
son matrix of criteria is obtained 0.032; the ratio indicates
an appropriate degree of inconsistency for this approach
(modeling by AHP). In addition, the relationship among the
gully erosion locations and the classes of conditioning fac-
tors are presented in Table 6. By the way, the inconsistency
ratio (IR) for each pairwise comparison matrix is shown in
Table 6. According to Table 5, all IR values are less than 0.1.
After computation of weights of criteria and their classes,
to GESM using AHP, Eq. 21 is used in ArcGIS10.5 by
Weighted Tool as follows:
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Table 5 Relationship between gully erosion and gully conditioning factors using IOE and AHP models

Factors Classes Domain  Gully pixels (%) IOE AHP
pixels (%)
( Pij) H, I; Mean P; W, W classes Whactors
w IR
Elevation (m) <850 31.07 91.59 091 000 0.87 0.65 096 050 0.032 0.085
850-950 29.47 8.41 0.09 031 0.26
950-1050 25.20 0.00 0.00  0.00 0.13
1050-1150 11.69 0.00 0.00  0.00 0.07
>1150 2.57 0.00 0.00  0.00 0.03
Slope (°) <5 63.83 93.97 083 023 126 0.30 037 095 0.053 0.176
5-10 19.57 6.03 0.17 044 0.03
10-15 8.69 0 0.00  0.00 0.01
15-20 4.22 0 0.00  0.00 0.00
20-30 2.32 0 0.00  0.00 0.00
>30 1.37 0 0.00  0.00 0.00
Aspect F 4.46 13.71 034 053 038 1.00 038 034 0.064 0.019
N 7.84 7.31 0.10  0.00 0.10
NE 15.41 18.10 0.13 038 0.13
E 17.21 24.31 0.16 042 0.16
SE 18.62 22.85 0.14 039 0.14
S 16.64 9.69 0.06  0.00 0.06
SW 9.75 1.83 0.02 0.12 0.02
" 6.31 1.46 0.03  0.00 0.03
NwW 3.76 0.73 0.02 0.12 0.02
Plan curvature (100/m) Concave 37.75 37.66 0.33 0.53 0.34 1.01 034 032 0.025 0.015
Flat 29.49 40.22 045 052 0.50
Convex 32.76 22.12 022  0.00 0.18
Dis-stream 0-100 40.14 47.90 029 052 0.05 0.83 0.04 029 0.075 0.024
100-200 28.92 27.24 023 049 0.23
200-300 19.24 18.46 023 049 0.23
300-400 6.46 4.94 0.18 045 0.18
>400 5.25 1.46 0.07 0.26 0.07
Drainage density (m/m?)  0.6-1.7 2492 0.00 0.00 000 0.81 048 039 005 0.062 0.052
1.7-2.1 2491 6.03 0.13 038 0.10
2.1-24 25.45 42.60 087 0 0.26
>2.4 24.72 51.37 1.08 0 0.59
Dis-road (m) 0-300 5.01 37.29 051 050 020 292 0.60 051 0.043 0.067
300-600 4.95 12.25 0.17 043 0.17
600-900 443 13.35 021 047 0.21
900-1200 3.81 494 0.09 031 0.09
> 1200 81.80 32.18 003 0.14 0.03

@ Springer



Environmental Earth Sciences (2018) 77:628

Page 130f22 628

Table 5 (continued)

Factors Classes Domain  Gully pixels (%) IOE AHP
pixels (%)
( Pij) H; I; Mean P; W, W classes Whactors
w IR
Lithology Jph 4.61 0 0 0 0.82 2.19 1.79  0.00 0.052 0.226
P1Qc 7.96 22.26 011 0 0.10
Ek 0.91 0 0 0 0.00
Qftl 1.58 27.37 0.66 040 0.63
K 4.42 0 0 0 0.01
Ed.avs 17.97 0 0 0 0.01
Elc 2.76 0 0 0 0.01
Qft2 46.77 45.26 004 O 0.04
Ed.avb 2.62 0 0 0 0.01
Edav 8.05 0 0 0 0.01
Murm 0.67 2.37 013 0 0.12
Mur 1.67 2.74 0.06 025 0.06
LC Agriculture 0.34 0 0 0 098 3.93 386 0.12 0.068 0.108
Salt pan 4.99 76.46 098 0.04 0.58
Range 60.76 23.54 0.02  0.00 0.26
Bare rock 3391 0.00 0.00  0.00 0.05
TWI <6 7.63 7.86 033 000 074 0.79 058 030 0.035 0.012
6-10 26.81 26.33 031 052 0.18
10-13 15.36 17.55 036  0.00 0.50
>13 50.20 48.26 0.30  0.00 0.02
SPI <300 0.01 0 0.00 0.00 0.19 0.56 0.107 0.27 0.039 0.04
300-900 81.97 87.39 038 053 0.31
900-1200 11.23 9.32 029 052 0.08
1200-1500 391 2.38 022 048 0.13
> 1500 2.88 0.91 0.11 035 0.21
NDVI < —0.039 53.63 21.57 0.005 0.040 044 0.69 0.304 098 0.063 0.137
—0.039t00.13 46.21 66.54 0.019 0.109 0.02
>0.13 0.16 11.88 098 0 0.01
LS (m) <36 28.64 29.43 021 000 0.81 0.97 0.78 0.04 0.06 0.031
36-70 18.04 16.27 019  0.45 0.09
70-110 17.57 24.68 029  0.00 0.15
110-140 21.52 23.95 023 0.00 0.25
> 140 14.24 5.67 0.08  0.00 0.47

GESM yp = [(elevationw X 0.085) + (slopew X 0.176)
+(aspetw X 0.019) + (plan curvature,, X 0.015)
+(dis stream,, X 0.024) + (drinage density,, X 0.052)
+(dis road,, X 0.067) + (lithologyw X 0.226)
+(LC, x0.085) + (TWI,, x 0.012) + (SPI,, x 0.04)
(

+(NDVI, x 0.137) + (LS,, x 0.031)] @n

The results of gully erosion susceptibility map produced
by AHP method are shown in Fig. 6a. It has reclassified
into five susceptibility classes: very low, low, moderate,
high, and very high based on natural break classification

method (Xie et al. 2017). According to Fig. 6a, the very high
susceptibility level is located in the south part of the study
area. This area covered with Qftl and Qft2 that have sensi-
tive lithological units to erosion. In contrast, very low gully
erosion susceptible areas widely distributed in the northern
parts of area due to the Outburst of igneous rocks and low
depth of soil. Area of the susceptibility classes are shown
in Table 6. Based on Table 6, from total of the study area
(416.82 km?), 17.5% (72.88 km?) is located in very low sus-
ceptibility class, 22.86% (95.20 km?) in low susceptibility,
25.49% (106.16 km?) in moderate susceptibility, 28.31%
(117.9 km?) in high, and 5.85% (24.36 km?) in very high
susceptibility class.
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Table 6 Area percentage of the

i aev Susceptibility classes  Area (km) Gully training Gully valida-  All gully set (%) SCAI
susceptibility classes in different set tion set
models. Gully cells training set
and gully cells testing set falling Area % Area % Area %
in each susceptibility class and
SCAI values AHP  Very low 72.88 1750 0 0 0 0 0 0
Low 9520 2286 0 0 0 0 0 0
Moderate 106.16 2549 0 055 O 0 0.55 45.97
High 11790 2831 0.12 23.84 0.07 23.77 47.61 0.59
Very high 2436 585 037 7560 024 7623 151.83 0.04
FR Very low 107.61 25.82 0 0 0 0 0 0
Low 4425 1062 O 0 0 0 0 0
Moderate 149.82 3594 0 018 O 0 0.47 76.45
High 109.97 2638 038 7733 025 81 158.65 0.17
Very high 516 124 0.11 2249 0.06 18 40.88 0.03
IOE  Very low 69.75 1675 0 0 0 0 0 0
Low 7697 18.48 0 0 0 0 0 0
Moderate 13540 3251 O 092 0.05 15.07 16.00 2.03
High 12393 29.76 0.23 46.77 0.15 4899 95.75 0.31
Very high 1045 251 025 5231 0.11 3594 88.25 0.03
WofE  Very low 2124 510 0 0 0 0 0 0
Low 126.61 3040 O 0 0 0 0 0
Moderate 181.89 43.67 0.01 240 0.03 10.14 1255 3.48
High 7135 17.13 020 4048 0.15 4725 87.73 0.20
Very high 1540 370 0.28 57.12 0.13 4261 99.73 0.04
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Fig. 6 Gully erosion susceptibility maps a AHP, b FR, ¢ WofE, and d IOE
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Applying FR model

The FR values were estimated based on spatial relationship
of gully erosion locations and 13 conditioning factors. As
shown in Table 7, when a class of a factor has the FR value
higher than 1, it may be assumed that the class is susceptible
to gully erosion. Application of the frequency ratio model
showed that most gully erosion locations are located at ele-
vations of <916 m. Elevation class <916 m has the high-
est FR value of 2.95, followed by 916-1065 m. Elevations
higher than 1065 m had the lowest frequency ratio (0.00).
Rahmati et al. (2016) stated that gully distribution is mainly
controlled by topographic factors such as elevation. In the
case of slope degree, it could be seen that the classes of <5°
had higher FR values (1.47), followed by 5°-10°. In Slope
degree higher than 10°, gully erosion has not observed. This
result is in line with Ghorbani Nejad et al. (2016) that proved
light slopes because of surface flow accumulation, increases
the likelihood of gully erosion occurrence. The FR trend
of the slope aspect factor showed that classes of flat, east,
northeast, and southeast with FR higher than 1 have a clear
positive correlation with gully erosion and flat faces with
higher FR value (3.08) have the most correlation with gully
occurrence. This result is in line with Rahmati et al. (2016).
For plan curvature factor, flat areas proved to be the most
susceptible to gully erosion with the highest FR value of
1.36. The concave and convex classes had the lowest FR
values (1 and 0.68), respectively. The relationship between
distance from river and gullies revealed that there is a strong
and indirect correlation between them. Class of 0—-100 m
had the highest FR value (1.19), followed by 200-300 m,
100-200 m, 300—400 m, and > 400 m. The spatial relation-
ship between gullies with drainage density revealed that high
FR value is related to high and very high density areas and
gully erosion was not occur at drainage density lower than
1.7 km/km?. In addition, results showed that class > 2.4 km/
km? with the highest density, had the highest FR value (2.08)
and had the strongest relationship with gully erosion suscep-
tibility. The correlation between the gully locations and the
distance from road showed that the class less than 300 m had
the highest FR weight (7.45), expresses high gully erosion
susceptibility in this range of distance from road. In con-
trast, classes > 1200 m with the lowest FR value (0.39) had
a weak relation with gully erosion. For the geology factor,
the high level piedmont fan and valley terrace deposits class
had the highest FR value (7.32), indicating high suscepti-
bility in this area, followed by light-red-to-brown marl and
Gypsiferous marl with sandstone intercalations and fluvial
conglomerate, piedmont conglomerate, and sandstone with
FR values of 3.27 and 2.80, respectively. For the LC, it can
be seen that the salt pan class has FR value of 13.35, showed
that the gully erosion susceptibility in this LC is high. The
analysis of FR model for the relationship between gully

erosion locations and TWI showed that class of 10-13 with
the highest FR (1.14) had strong influences on gully erosion
occurrence. For the SPI factor, the class 300-900 had the
highest FR value (1.07), followed by classes 900—1200 with
FR (0.83). In the case of NDVI, class of — 0.039 to 0.13 with
highest FR (1.44) had strong relation with gully erosion. For
the LS factor, class of 70—110 m, 110-144 m, and <36 m
with FR values of higher than 1, represent strong relation
with gully erosion. Finally, In order to generate a gully ero-
sion susceptibility map, the GESM was calculated by sum-
ming each weighted factor using the following equation:

GESMgy, = [(elevationgg ) + (slopegg )+ (aspetey )
+ (plan curvatureFR)+(dis streamFR>
+(drinage densitygg ) + (dis roadgg )
+ (lithologygr ) + (LU/LCpg) + (TWIg)
+ (SPIgg) + (NDVIgg) + (LSgg)]- (22)

FR model provides values of GEMS ranging from 3.32
to 115.12. The gully erosion map was divided into five sus-
ceptibility classes include very low, low, moderate, high,
and very high (Fig. 6b) using the natural breaks method
(Cao et al. 2016). Each class in the study was consisted of
25.82%, 10.62%, 35.94%, 26.38%, and 1.24% of total study
area, respectively (Table 6). The mean and standard devia-
tion of this model are 6.12 and 7.21. Most of the high and
very high susceptibility classes are located in the south part
of study area because of the high lineament density, lower
slope, and prone nature of surface and subsurface materials
for gully erosion.

Applying weight of evidence model

To apply the WoE modeling, map of every factor is crossed
with the GIM using the ArcGIS 10.5, and the density of
the gullies calculated in each class. The resultant weights
and the spatial relationship between the gully erosion
occurrence and classes of each conditioning factor based
on WofE model are shown in Table 7. Negative weights
indicate negative spatial relationship and positive weights
indicate a positive relationship between gully erosion loca-
tions and conditioning factor. Classes with positive weights
are prone area for gully erosion and vice versa. To generate
the final GESM map, weight of classes of each conditioning
factor is summed using Eq. 23 in the weighted sum option
by Spatial Analyst Tool in ArcGIS 10.5 (Fig. 6¢). The final
produced GESM by WofE model ranges from about —98.32
to 199.17. Obviously, larger GESM values indicate a higher
susceptibility to gully erosion. The produced map based on
these values was classified into five classes including very
low, low, moderate, high, and very high using the natural
break method (Xie et al. 2017). The areas in the very low,
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Table 7 Relationship between gully erosion and 13 conditioning factors using FR and WofE models

Factors Classes Pixels in domain Gully pixels FR Weight of evidence (WofE)
No % No % W+ w— C s w
Elevation (m) <916 144,184  31.07 501 9159 295 1.08 -2.10 3.19 0.15  20.69
916-1065 136,753  29.47 46 8.4l 0.29 -125 0.26 -152 015 -9.84
1065-1229 116,939  25.20 0 0 0 0 0.29 -029 004 -6.80
1229-1473 54,252 11.69 0 0 0 0 0.12 -012 004 -291
> 1473 11,917 2.57 0 0 0 0 0.03 -003 004 -0.61
Slope (°) <5 296,189  63.83 514 9397 147 0.39 -179 218 0.18 12.14
5-10 90,815 19.57 33 6.03 0.31 -1.18 0.16 -133 018 -742
10-15 40,342 8.69 0 0 0 0 0.09 -0.09 004 -213
15-20 19,587 422 0 0 0 0 0.04 -004 004 -1.01
20-30 10,752 2.32 0 0 0 0 0.02 -002 004 -055
>30 6360 1.37 0 0 0 0 0.01 -001 004 -032
Aspect F 20,691 4.46 75 13771  3.08 1.13 -0.10 1.23 0.12  9.88
N 36,378 7.84 40 731 0.93 0 0.01 -001 004 -0.13
NE 71,504 15.41 99 1810 1.17 0 -0.03 0.03 0.05 0.68
E 79,841 17.21 133 2431 141 0.35 -0.09 044 0.10 4.38
SE 86,401 18.62 125 2285 1.23 0.21 -005 0.26 0.10 2.54
S 77,240 16.64 53 9.69 0.58 0 0.08 -008 004 -1.78
SW 45,242 9.75 10 1.83 0.19 0 0.08 -008 004 -195
w 29,298 6.31 8 146 0.23 0 0.05 -005 004 -1.17
NwW 17,450 3.76 4 073 0.19 0 0.03 -003 004 -072
Plan curvature (100/m) Concave 175,174 37775 206 37.66 1.00 0.00 0.00 0.00 0.09 -0.04
Flat 136,839 2949 220 4022 1.36 0.31 -0.17 048 0.09 546
Convex 152,032 3276 121 2212  0.68 -039 0.15 -054 010 -524
Dis-stream 0-100 186,250  40.14 262 4790 1.19 0.18 -0.14 032 0.09 3.69
100-200 134216 2892 149 2724 0.94 -0.06 0.02 -008 010 -0.87
200-300 89,259 1924 101 1846  0.96 0 0.01 -001 005 -0.20
300-400 29,954 6.46 27 494 0.76 0 0.02 -002 004 -037
>400 24,362 5.25 8 146 0.28 0 0.04 -004 004 -091
Drainage density (m/m?)  0.6-1.7 115,633  24.92 0 0.00 0.00 0 0.29 -029 004 -6.71
1.7-2.1 115,588 2491 33 6.03 0.24 -142 022 -164 018 -9.15
2.1-24 118,095 2545 233 4260 1.67 0.52 -026 0.78 0.09 8.99
>24 114,725 2472 281 5137 2.08 0.73 -044 117 0.09 13.68
Dis-road (m) 0- 300 23,233 501 204 3729 745 2.02 —-042 243 0.09  27.50
300-600 22,969 4.95 67 1225 247 0.91 -0.08 0.99 013 757
600-900 20,573 4.43 73 1335 3.01 0 -0.10 0.10 005 213
900-1200 17,696 3.81 27 494 1.29 0 —-0.01 0.01 0.04 0.27
>1200 379,570 8180 176  32.18 0.39 0 1.32 -132 005 —2540
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Table 7 (continued)

Factors Classes Pixels in domain Gully pixels FR Weight of evidence (WofE)
No % No % W+ w— C s w
Lithology Jph 21,343 4.61 0 0 0 0 0.05 0 0 0
P1Qc 36,827 796 122 2230 2.80 1.03 -0.17 1.20 0.10 11.70
Ek 4209 091 0 0 0 0 0.01 0 0 0.00
Qftl 7323 1.58 150 2742 1732 2.87 -030 3.18 0.10 33.14
K 20,435 4.42 0 0 0 0 0.05 0 0 0
Ed.avs 83,112 17.97 0 0 0 0 0.20 0 0 0
Elc 12,773 2.76 0 0 0 0 0.03 -003 004 -0.66
Qft2 216,334 4677 248 4534  0.97 -0.03 0.03 -006 009 -0.67
Ed.avb 12,098 2.62 0 0 0 0 0.03 0 0 0
Edav 37,232 8.05 0 0 0 0 0.08 0 0 0
Murm 3100 0.67 12 219 3.27 1.19 -002 1.20 029 412
Mur 7715 1.67 15 274 1.64 0.50 -0.01 051 026 194
LC Agriculture 1553 0.34 0 0 0 0 0 0 0.04 -0.08
Salt pan 23,077 499 419 7660 1535 275 -140 4.15 0.10 41.10
Range 281,023 60.76 128 23.40 0.39 -095 0.67 -162 010 -16.09
Bare rock 156,848 3391 0 0 0 0 0.41 0 0 0
TWI <6 35,395 7.63 43 7.86 1.03 0 0.00 0.00 0.04 0.06
6-10 124,428  26.81 144 2633 0.98 -0.02 0.01 -003 010 -0.26
10-13 71,269 15.36 9% 1755 1.14 0.13 -0.03 0.16 011 142
>13 232,953 5020 264 4826 0.96 -0.04 0.04 -008 009 -091
SPI <300 67 0.01 0 0 0 0 0.00 0.00 0.04  0.00
300-900 380,374 8197 478 8739  1.07 0.06 -036 042 013 3.27
900-1200 52,106 11.23 51 9.32 0.83 0 0.02 -002 004 -047
1200-1500 18,131 391 13 238 0.61 0 0.02 -002 004 -037
> 1500 13,367 2.88 5 091 0.32 0 0.02 -002 004 -047
NDVI <-0.039 248,854 53.63 118 21.57 0.62 -047 0.36 -083 009 -920
—0.039t00.13 214,442 46.21 364 66.54 1.44 0.37 -048 0.84 0.09 9.27
>0.13 749 0.16 65 1188 0 0.00 0.00 0.00 0.04 -0.04
LS (m) <36 132,893  28.64 161 2943 1.03 0.03 -0.01 0.04 0.09 041
36-70 83,721 18.04 89 1627 0.90 -0.10 0.02 -012 012 -1.08
70-110 81,518 17.57 135 2468 140 0 -0.09 0.09 005 1.83
110-140 99,840 2152 131 2395 1.11 0 -0.03 0.03 0.05 0.64
> 140 66,073 14.24 31  5.67 0.40 0 0.10 -0.10 0.04 -217

low, moderate, high, and very high gully erosion susceptibil-
ity classes were 5.10% (21.24 km?), 30.40% (126.61 km?),
43.67% (181.89 km?), 17.13% (71.35 km?), and 3.70%
(15.40 km?), respectively:

GESMy,o = [(elevationyyg) + (slopeys)
aspetyog ) + (plan curvature g )

dis streamyy,z) + (drinage densityy,g)

LULCywok) + (TWlyem) + (SPIyez)

+(
+
+ (dis roady ) + (lithology e )
+(
+ (NDVIyeg) + (LSwom)]-

(23)

Applying index of entropy (I0E)

The results of index of entropy model for GESM are shown
in Table 5. According to it, factors of LC, lithology, and
elevation with weights of 3.86, 1.79, and 0.96 have had the
greatest impact on the gully erosion. In contrast, factors of
distance to stream, stream power index, and NDVI with 0.04,
0.107, and 0.304 scores had the lowest impact on gully ero-
sion, respectively. The parameters of stream length (LS), dis-
tance from road, TWI, drainage density, slope aspect, slope
degree, and plan curvature are located in the next ranks.
The relation between classes of parameters and gully erosion
locations by index of entropy model is shown in Table 5.
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The final GESM using index of entropy model was gener-
ated using the following equation:

GESM =

shanoon

[(elevation,, x 0.71) + (slope,, X 0.23)
+ (aspetW X 0.38) + (plan curvature,, X 0.31)
+ (dis stream,, X 0.04)
+ (drinage density,, x 0.39)
+ (dis road,, X 0.60) + (lithologyW X 1.79)
+ (LU/LC,, x 3.86) + (TWI,, X 0.79)
+(SPIL, x 0.25) + (NDVI,, x22.79)
+ (LS, x 0.07)].

(24)

The result of this summation is a continuous interval of
values from 0.96 to 8.22, which represents the gully erosion

(2)
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susceptibility index. A natural break classification scheme
was used to divide the values into five classes (Fig. 6d) and
a susceptibility map was prepared. According to the gully
erosion susceptibility map generated with the IOE model, it
was found that 16.75%, 18.48%, 32.51%, 29.76%, and 2.51%
of the total area falls in the very low, low, moderate, high,
and very high susceptible classes, respectively.

Validation and sensitivity analysis

The success rate and prediction rate curves are used to ver-
ify the accurate of the gully erosion susceptibility results
(Guo-liang et al. 2017). Validation was performed by com-
parison of gully locations and the produced gully erosion
susceptibility maps. Both success rate and prediction rate
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Table 8 Area under the curve

Models Variables Area Standard error Asymptotic Asymptotic 95% confidence
(AUC) significant interval
Lower bound Upper bound
AHP Prediction 0.954 0.000 0.000 1.000 1.000
Success 0.973 0.000 0.000 1.000 1.031
FR Prediction 0.912 0.008 0.000 0.799 1.009
Success 0.917 0.004 0.000 0.801 1.004
IOE Prediction 0.939 0.000 0.000 0.923 1.009
Success 0.925 0.003 0.000 0.856 1.024
WofE Prediction 0.926 0.002 0.000 0.871 1.043
Success 0.921 0.005 0.000 0.816 1.021

curves of the gully erosion susceptibility maps were verified
using training and validating data set, respectively. These
rates can assess using AUC that ranges from 0.5 to 1.0. The
AUC 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 (Rahmati et al. 2016). Results of success
rate and prediction rate are shown in Table 8 and Fig. 7. The
results showed that value of success rate is 0.973 (97.3%)
for AHP model that are better than success rates of 0.917
(91.7%) FR, 0.925 (92.5%) 1OE, and 0.921 (92.1%) WofE
models. In addition, prediction rate of 0.954 (95.4%) using
AHP model is better than prediction rates of 0.912 (92.1%)
FR, 0.939 (93.9.7%) IOE, and 0.926 (92.6%) WofE models.
Results indicated that four model had excellent performance
in prediction prone areas to gully erosion and can be used
as an effective method to perform gully erosion suscepti-
bility maps. In addition, the seed cell area index (SCAI)
validation technique proposed by Siizen and Doyuran (2004)
was applied in this study. SCAI shows the density of gullies
among the landslide susceptibility zones. In general, high
and very high susceptibility classes have very small SCAI
values (Pawluszek and Borkowski 2017). Results of SCAI
indicator are shown in Table 6. According to Table 6, SCAI
values of the four models are desirable in the high and very
high susceptibility classes.

Discussion

Data-driven and knowledge-based models reflect two dif-
ferent perspectives in spatial modeling. A knowledge-based
approach is based on field campaigns, expert knowledge
and experience, evidence of varying quality, and guidelines,
while a data-driven approach is based on the observational
data. The advantages of AHP approach are (1) flexibility,
intuitive appeal to the decision makers, and its ability to
check inconsistencies, (2) the AHP method break down a
decision problem into its constituent sections and builds
hierarchies of criteria and calculate the importance of each

criterion, (3) AHP reduces bias in decision making by pro-
viding a useful mechanism for checking consistency of
the evaluation measures and alternatives, and (4) the AHP
method supports group decision making. The main disad-
vantages of AHP are (1) the number of pairwise compari-
sons may become very large in this model, and, therefore,
become a difficult task, (2) the artificial limitation of the use
of the 9 point scale is another disadvantage and may diffi-
cult to distinguish for decision maker that one alternative is
3 or 5 times more important than another, and (3) in AHP
model, compensation between good scores on some criteria
and bad scores on other criteria can occur. Therefore, impor-
tant information may be missing (Macharis et al. 2004).
The results of the comparison performed in this research
stated that knowledge-based models such as AHP and data-
driven classification methods such as FR, WofE, and IOE
had the excellent (AUC =0.9-1) prediction capabilities for
identifying prone areas to soil erosion that these results are
in agreement with Dube et al. (2014), Wang et al. (2015),
Rahmati et al. (2016), Pawluszek and Borkowski (2016),
Wau et al. (2016); and Xie et al. (2017). Dube et al. (2014)
applied weights-of-evidence model for gully erosion hazard
assessment in Mbire District—Zimbabwe and indicated that
this model had high accuracy in prediction of prone areas
to gully erosion. Wang et al. (2015) used certainty factor
and index of entropy models for assessment of landslide
susceptibility in the Qianyang County of Baoji City, China.
Their results showed that IOE model with prediction rate
of 80.88% had good accuracy in identification of suscep-
tible areas to landslide. Rahmati et al. (2016) investigated
GESM using bivariate statistical models including weights-
of-evidence and frequency ratio and stated that frequency
ratio model with (AUC=78.11%) had better accuracy in
comparison to WofE model (AUC=70.07%). Pawluszek
and Borkowski (2016) considered impact of DEM-derived
factors and AHP model for landslide susceptibility map-
ping in the region of Roznow Lake, Poland. Their results
indicated that AHP model had high capability in prediction
of susceptible areas to landslide. Wu et al. (2016) prepared
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a landslide susceptibility map using statistical index (SI),
frequency ratio (FR), and certainty factor (CF) models in
a Geographic Information System (GIS) for the Gangu
County, Gansu Province, China and stated that FR model
with prediction accuracy of 75.62% had performed better
than CF model. Xie et al. (2017) compared weights-of-evi-
dence, logistic regression, and support vector machine mod-
els and evaluated their results by SBAS-InSAR monitoring
for landslide susceptibility mapping in China and showed
that WofE model with prediction rate of 0.812 had good pre-
diction capability in identifying the prone areas to landslide.

Conclusions

Gully erosion is one of the most hazards in the Toroud Water-
shed that it causes loss of soil and the destruction of infra-
structure. Therefore, an accurate assessment of the probabil-
ity of gully erosion occurrence is required for conservation
of natural resources such as soil and reducing its potential
risks. For this purpose, four GIS-based models such as AHP,
FR, WofE, and IOE models as expert knowledge and data-
driven techniques were used to generate the gully erosion
susceptibility maps for the study area in Semnan Province,
Iran. Performance of four models was compared by AUC
and SCAI methods. To produce gully erosion susceptibility
maps in the study area, among 18 geo-environmental fac-
tors selected based on literature review, data accessible, and
field surveys, 13 gully erosion-conditioning factors were used
for modeling purposes. The final gully susceptibility maps
were classified based on natural break algorithm. Results of
validation showed that the gully erosion susceptibility maps
generated by four models show good prediction efficiency
and the four models have been used successfully to produce
gully erosion susceptibility maps for the study area. There-
fore, the gully erosion susceptibility maps generated in this
research are an important tool for planners, decision makers,
and engineers. They can make affordable, rapid, and well-
grounded decisions to minimize and avoid the damage and
losses caused by existing and future gullies, or avoid the high
and very high susceptible zones, by appropriate preventive
measures and mitigation procedures.
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