
Geomorphology 359 (2020) 107136

Contents lists available at ScienceDirect

Geomorphology

j ourna l homepage: www.e lsev ie r .com/ locate /geomorph
A methodological comparison of head-cut based gully erosion
susceptibility models: Combined use of statistical and
artificial intelligence
Alireza Arabameri a,⁎, Artemi Cerda b, Biswajeet Pradhan c,d, John P. Tiefenbacher e,
Luigi Lombardo f, Dieu Tien Bui g

a Department of Geomorphology, Tarbiat Modares University, Tehran 36581-17994, Iran
b Soil Erosion and Degradation Research Group, Departament de Geografia, Universitat de València, Blasco Ibàñez, 28, 46010 Valencia, Spain
c Centre for Advanced Modelling and Geospatial Information Systems (CAMGIS), School of Information, Systems and Modelling, Faculty of Engineering and IT, University of Technology Sydney,
Sydney, 2007 NSW, Australia
d Department of Energy and Mineral Resources Engineering, Sejong University, Choongmu-gwan, 209 Neungdong-ro, Gwangjin-gu, Seoul 05006, Korea
e Department of Geography, Texas State University, San Marcos, TX 78666, USA
f University of Twente, Faculty of Geo-Information Science and Earth Observation (ITC), the Netherlands
g Institute of Research and Development, Duy Tan University, Da Nang 550000, Viet Nam
⁎ Corresponding author.
E-mail addresses: Alireza.ameri91@yahoo.com (A. Ara

buitiendieu@duytan.edu.vn (D.T. Bui).

https://doi.org/10.1016/j.geomorph.2020.107136
0169-555X/© 2020 Elsevier B.V. All rights reserved.
a b s t r a c t
a r t i c l e i n f o
Article history:
Received 16 April 2019
Received in revised form 29 February 2020
Accepted 2 March 2020
Available online 4 March 2020

Keywords:
Land degradation
Soil erosion
Hybrid predictive models
GIS
Biarjamand watershed
A GIS-based hybrid approach for gully erosion susceptibility mapping (GESM) in the Biarjamand watershed in
Iran is presented. A database comprised of 15 geo-environmental factors (GEFs) was compiled and used to pre-
dict the spatial distribution of 358 gully locations; 70% (251) of which were extracted for training and 30% (107)
for validation. A Dempster-Shafer (DS) statistical model was employed to map susceptibility. Next, the results of
four kernels (binary logistic, reg logistic, binary logitraw, and reg linear) of a boosted regression tree (BRT)model
were combined to increase the efficiency and accuracy of the mapping. Area under receiver operating character-
istics (AUROC), true skill statistic (TSS) and efficiency (E) metrics were used to rank the five validated models.
The results show that elevation and distance to road play crucial roles in gullying. Integrating BRT and DS en-
hanced prediction accuracy. Among the four BRT kernels, binary logistic performed best (AUROC of 0.886, TSS
of 0.854 and E equal to 0.880). The worst results were produced by the individual DS model (AUROC = 0.849,
TSS = 0.774 and E = 0.834). The hybrid binary logistic-BRT and DS map categorized 14.50% of the study area
as having very-low susceptibility, 16.99% low susceptibility, 22.77%moderate susceptibility, 24.12% high suscep-
tibility, and 21.59% very-high susceptibility.

© 2020 Elsevier B.V. All rights reserved.
1. Introduction

Soil is one of humans' most important resources (Luetzenburg et al.,
2020). It is a living blend of minerals, decomposed organic matter, living
organisms, air, and water (Rodrigo-Comino et al., 2018a). It develops
from physical, chemical, and biological processes acting on bedrock (or
other parent materials). Pedogenesis can produce different soil types
(Gracheva, 2011) that are capable of sustaining life. Protection of soils' fer-
tility and conservation of their quality are necessary to achieve the Sus-
tainable Goals for Development of the United Nations (Keesstra et al.,
2016) and to neutralize processes causing land degradation (Keesstra
et al., 2018). Healthy soil supports food security, regional self-
bameri),
sufficiency, and development. The loss of fecundity threatens not only
many industries, especially agriculture, and activities, but is vital for
human health (Brevik et al., 2019). Given that 99.7% of the world's food
is harvested from soil and that soil itself is not a renewable resource at
the human timescale, some argue that soil erosion is the most important
threat to food security and human survival in the near future (FAO, 2019).
The global erosion rates is ~1.4 t ha−1 y−1 (Wuepper et al., 2020). The re-
gion with the greatest amount of land subjected to accelerated erosion is
Asia, where 35 Gha are yearly affected. The next four areas are Africa, the
Americas, and Europe (Parsons, 2019).

The social importance of soil highlights the need for soil studies, es-
pecially those related to degradation, erosion, and conservation efforts
(Rodrigo-Comino et al., 2018b; Keesstra et al., 2019). In fact, soil erosion
represents one of themost challenging topics in environmental and ag-
ricultural research (Arabameri et al., 2020a) particularly within coun-
tries and at sub-national scales. In Iran, erosion is one of the most
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important barriers to sustainable development of agriculture and re-
sources (Vaezi et al., 2017). Studies have shown that, in Iran, an average
of 1500 tons of soil is eroded from each square acre by fluvial processes.
The result is that ~1 mm of soil is lost every year in Iran (Khaleghpanah
et al., 2016), and gully erosion is the most important degradation pro-
cess in the country (Pourghasemi et al., 2017).

Among the different types of water-driven erosion, gully erosion is
due to the concentrating of surface and sub-surface waters in narrow
channels that can reach depths of N30 cm in a very short time
(Morgan, 1996; Soil Science Society of America, 2001). Gully erosion is
a complex geomorphological phenomenon (Arabameri et al., 2020b;
Nwankwo and Nwankwoala, 2018) and is one of the most important
contributors to land degradation worldwide (Borrelli et al., 2014). It
may have many on- and off-site effects (land degradation, reduced
productivity, ecosystemdestruction, damage to infrastructure, desertifi-
cation, flooding, sedimentation of reservoirs, et al.) (Deng et al., 2015;
Luffman et al., 2015). It is one of the factors that threatens sustainable
development (Arabameri et al., 2019a). Overall, fluvial erosion accounts
for 90% of annual sediment yields in watersheds (Zegeye et al., 2014),
and its effects are evident where the overall energy of the relief com-
bines with overland flows of runoff (Marzolff and Poesen, 2009).

Gully erosion is a complex geomorphological process controlled by
numerous environmental factors that make its management rather
difficult (Frankl et al., 2011, 2014). Therefore, development of models
that can temporally and spatially predict the initiation of gully erosion
and expansion has attracted many researchers (e.g. Arabameri et al.,
2018a). Studies of gullies strive to identify the causative factors behind
gullying to generate accurate and meaningful maps to guide planners'
and managers' remediation strategies.

Several important gullying factors have been identified in the
literature: the lithology of the region (Rafaello and Reis, 2016), soil
properties and types (Frankl et al., 2013), the concentrations of soluble
salts (Fernandes et al., 2017), precipitation runoff (Campo-Bescós et al.,
2013), vegetation and land use (Borrelli et al., 2014; Palazón et al.,
2014), and topography (Montgomery and Dietrich, 1992). Morgan
(1996) determined that anthropogenic soil instability principally
caused by exploitation of the land is the main cause of gullying
and that environmental factors are secondarily important. Gully devel-
opment sometimes occurs so fast that no measure can be taken to con-
trol its growth and the resulting damages (Poesen et al., 2003).
Therefore, environmental plannersmust first examine the spatial distri-
bution and effective parameters of gully initiation to identify areas
sensitive to this type of erosion to limit the expansion of this phenome-
non (Arabameri et al., 2018b; Arabameri and Pourghasemi, 2019b).

Identification of the conditions that enable gullying is fundamental
to gully-erosion susceptibility mapping (GESM). A variety of methods
have been used to produce susceptibility maps. These can be classified
as: (i) expert knowledge models like analytic hierarchy process (AHP)
(Zakerinejad and Maerker, 2014; Arabameri et al., 2018c); (ii) bivariate
statistical models like information value (IV) (Conforti et al., 2011;
Arabameri et al., 2019c), certainly factor (CF) (Azareh et al., 2019), con-
ditional probability (CP) (Rahmati et al., 2017a); evidential belief func-
tion (EBF) (Arabameri et al., 2018a), frequency ratio (FR) (Rahmati
et al., 2019); logistic regression (LR) (Dewitte et al., 2015; Kornejady
et al., 2015), index of entropy (IoE) (Zabihi et al., 2018); conditional
analysis (CA) (Magliulo, 2010, 2012; Conoscenti et al., 2014), weights-
of-evidence (WOE) (Dube et al., 2014), and maximum entropy (ME)
(Zakerinejad and Maerker, 2014; Pourghasemi et al., 2017); (iii) Artifi-
cial intelligence models like multivariate adaptive regression spline
(MARS) (Gomez-Gutierrez et al., 2009a, 2009b, 2015; Conoscenti
et al., 2018); boosted regression tree (BRT) (Arabameri et al., 2018b),
linear discriminant analysis (LDA) (Arabameri and Pourghasemi,
2019); random forest (RF) (Arabameri et al., 2018b); artificial neural
network (ANN) (Rahmati et al., 2017b), support vector machine
(SVM) (Pourghasemi et al., 2017); and classification and regression
trees (CART) (Arabameri et al., 2018b).
Despite thewide range ofmodels applied toGESM, theDSmethodhas
not yet been used though this method has been used successfully to pre-
dict patterns of other natural processes like landslides (Aghdam et al.,
2016; Chen et al., 2016, 2017; Fanos and Pradhan, 2019; Hosseinpour
et al., 2016; Mohammady et al., 2012; Pradhan and Lee, 2010; Pradhan
et al., 2014; Tien Bui et al., 2016; Tehrany et al., 2014; Youssef et al.,
2015; Zare et al., 2013) and is known to reliably perform well (Wang
et al., 2016; Jirousek and Shenoy, 2017). Over the last decade, artificial in-
telligence methods have achieved even higher predictive power in vari-
ous fields (Schillaci et al., 2017a, 2017b). Among the recently
demonstrated artificial intelligence techniques, BRT has shown great
promise for spatial prediction (e.g. Youssef et al., 2016) and is flexible
and can be used for general environmental problems (Osuna et al.,
1997; Schapire et al., 1998). Compared to other techniques, the results
of BRT tend to be superior. This has been demonstrated in studies that
compared BRT to ANN, SVM, and RF algorithms (Naghibi et al., 2016;
Zabihi et al., 2016). However, combining statistics with artificial intelli-
gence to yield a hybrid model has not been tested for GESM. New hybrid
approaches are gaining more and more attention among the cohort
studying extreme geophysical processes for they overcome the limita-
tions of individual models (Ahmadlou et al., 2018; Pham et al., 2018;
Tien Bui et al., 2018; Hong et al., 2018; Shirzadi et al., 2018).

Given thewidespread occurrence of gullies in the Biarjamandwater-
shed of Iran, GESM is needed to identify gully-erosion-prone areas be-
fore prevention and remediation efforts are undertaken. Therefore, a
novel-ensemble approachwas used to test the potentials of hybridizing
four kernels of BRT with a Dempster-Shafer (DS) bivariate model. To do
this, the DS model was used for GESM. The results of 4 kernels of BRT
were separately applied to the DS GESM results. The combination of
BRT with the statistical model, DS, for GESM is what is novel about
this research.

2. Material and methods

2.1. Study area

The Biarjamandwatershed extends over an area of 2820.29 km2 and
is located between 35°51′ 14″ and 36°12′43″ N and 55°30′08″ and
56°24′ 06″ E (Fig. 1). Elevations in the study area range from 776 to
2417 m a.s.l., and the mean is 1161 m. The study area is arid to semi-
arid (Iranian Department of Water Resources Management, 2013),
and experiences a mean annual rainfall total of 155.8 mm. Annual rain-
fall ranges between 47.34 mm and 230.43 mm. Seventy-five percent of
precipitation falls in December and January (IRIMO, 2012). The mean
annual temperature is 17.8 °C, varying from a summer average of 43
°C and a winter average of −6 °C in winter (IRIMO, 2012). The central
part of the study area is flat, but the south and northwest have more
mountainous topographies. The maximum slope of the study area is
73.02° and the mean is 3.63°; the southern and north-western land-
scapes are much rougher terrains. The topography is quite heteroge-
neous: 38.82% of the region is convex, 35.17% is concave, and 26% is
flat – though most of the flat lands are in the center. Eight lithological
groups outcrop in the watershed (Fig. 2) (Geology Survey of Iran,
1997), with Quaternary lithotypes most represented (55.1% of the
total surface) and consisting of salt concretions, clayey material, mixed
terrace deposits, well-sorted sand dunes and swamp or marsh deposits
(Table 1). The first two of these types are known to be prone to erosion
because of dissolution features in one type and shrink-and-swell phe-
nomena in another. There are three soil types present: rock outcrops
that segue over space to entisols, entisols that slowly shift to aridisols,
and pure aridisols (IUSS Working Group WRB, 2014). The first of these
soil types is the least susceptible to erosion because of their rocky na-
ture. The other two types gain erodibility as environmental conditions
becomemore arid. Pure aridisols cover 56.5% of the study area and rep-
resent the soil where most gullies have been found in field surveys. Due
to the presence of clayey minerals like montmorillonite and smectite,



Fig. 1. Study area. a) Location of Semnan province in Iran, b) location of study area in Semnan province, c) location of training and validation gullies in the study area.
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these soils significantly shrink over the course of the dry seasons and
swell during wet periods. Strong diurnal temperature oscillations
(swinging between 0 °C and 30 °C) cause shrinking due to drying.
Cracks form during the shrinkage periods and these are widened by
rain, of usually short duration and high intensity, that also causes the
soil to swell; erosion is promoted by runoff.

In the Biarjamand watershed, the maximum and minimum lengths
of gullies are 357 m and 0.97 m. The maximum depth is 8.3 m and the
minimum depth is 0.83m. Themaximumwidth is 18.9 m and the min-
imumwidth is 0.79m. Gullying is the primarymechanism of soil loss in
the area. It occurs over time, but even relatively small rainfall events can
cause significant gully incision and retrogradation. Field monitoring of
gully heads in the area has recognised lateral erosion caused primarily
by the instabilities located at the sides of the central incision, ultimately
leading tomicro- tomeso-scale gravitational collapses. Themain gullies
have U- and V-shaped cross-sections retrograding headwardwith steep
and unstable scarps. The gullies form on river terraces and on slopes
leading to the main river network. These gullies are the greatest threat
to local economies and settlements for they contribute to reduced agri-
cultural land, damages to rural roads, and modified water flow paths.

Another predominantmechanism for gully erosion in the area is pip-
ing. This occurs when water dissolves soluble materials and disaggre-
gates loose soils. Piping leads to undercutting structures and even
small tunnels that form primarily in permeable and soluble materials
by water infiltration and subsequent shallow groundwater flows. The
Biarjamand watershed is characterized by extensive deposits of fine-
grained (mainly silt and clay) and soluble (salt, gypsum and carbonate)
soils. The fine-grained soils, mainly due to the clay fraction, can contract
and expand in response to moisture variations. The soluble soils are
naturally weakened by water that chemically dissolves them horizon-
tally by surface and groundwater flows and decomposes them by trans-
ferring the dissolved elements vertically to subsoils as leachate.

To a lesser extent, tunnelling and associated gullying occurs in pre-
dominantly marly and silty formations in lowlands and in relatively
flat areas. In these cases, the process starts along the scarps of the gullies
where water can stagnate and create holes, in ways similar to the
processes described above. As a hole grows, it may eventually connect
to the main gully, widening and elongating it. Overall, piping, tension-
crack development, dispersion, bank collapse, and the development of
rill erosion are the most important mechanisms that initiate and
develop gullies.

2.2. Methodology

This study had five stages (Fig. 2): i) creation of a database that in-
cludes the preparation of a gully erosion inventory map and the compi-
lation of the geophysical and environmental factors (GEFs) that
contribute to gully occurrence from various sources (including a
1:100,000 geological map, a 1:50,000 topographical map, Landsat-8 im-
ages, a digital elevation model (DEM) created with the Phased Array
type L-band Synthetic Aperture Radar (PALSAR) radar data at a 30 m
spatial resolution, Google Earth images, and extensive field survey
data); ii) multi-collinearity analysis among GEFs using indices of toler-
ance (TOL) and variance inflation factor (VIF); iii) implementation of
the DS model to analyse the spatial relationship between GEFs and
inventoried gullies; iv) determination of the importance of the GEFs
with four kernels of BRT; v) preparation of the GESM using the DS
model and combining it with the four kernel results; vi) validation of
the results using different methods including area-under-receiver
operating-characteristics curves (AUROC), true-skill statistic (TSS) and
seed-cell area index (SCAI).

2.3. Data preparation

The locations of the gullies occurring in a region are themost impor-
tant prerequisite for preparing GESM (Conoscenti et al., 2014). Several
resources were used to create a gully-erosion inventory map. Data
from the Isfahan Agricultural and Natural Resources, Research and



Fig. 2. Flowchart of research in the study area.

4 A. Arabameri et al. / Geomorphology 359 (2020) 107136
Education Center (http://esfahan.areeo.ac.ir/) and Google Earth images
were used to digitize gullies and their head cuts. The information col-
lated by local Iranian institutions spans a thirty-year period to the pres-
ent. The Isfahan inventory was complemented with Google Earth data
by examining 33 scenes that were acquired each December from 1984
to 2016. The digitizing of remotely sensed scene introduces someuncer-
tainty due to orthorectification issues. Therefore, the head-cut positions
were validated by field surveys that geolocated all head-cut centers
using GPS (Global Positioning System). Overall, 358 gully locations
were identified in the study area and randomly split into two groups
used for training 70% (251 gullies) and validating 30% (107 gullies)
(Fig. 3). An equal number of locations that did not have gullies were se-
lected with the random-point tool in ArcGIS to support calibration and
validation procedures (Cama et al., 2016; Arabameri et al., 2018a).

GEFs associated with topography, hydrology, soil, rainfall, land use/
land cover and human activities were identified (Montgomery and
Dietrich, 1992). Fifteen GEFs were selected for analysis and mapped
for the study area: elevation (m), slope (°), aspect, plan curvature
(100/m), topography wetness index (TWI), stream power index (SPI),
slope length (LS), convergence index (100/m), distance to stream (m),
drainage density (km/km2), distance to road (m), normalized differ-
ence vegetation index (NDVI), soil type, land use/land cover (LU/LC),

http://esfahan.areeo.ac.ir/


Table 1
Lithology of study area.

Group Code Description Age

1

E2l Nummulitic limestone Eocene
Ea.bvt Andesitic to basaltic volcanic tuff Eocene
Eavt Andesitic volcanic tuff Eocene
E3sm Sandstone and marl Late.Eocene
Eat Andesitic tuff Eocene
E1m Marl, gypsiferous marl and limestone Early.Eocene
E2c Conglomerate and sandstone Middle.Eocene
E1c Pale-red, polygenic conglomerate and sandstone Paleocene-Eocene
E1f Silty shale, sandstone, marl, sandy limestone, limestone and conglomerate Early.Eocene
E1s Sandstone, conglomerate, marl and sandy limestone Early.Eocene
Eavt Andesitic volcanic tuff Eocene

2

Jbg Pale - green silty shale and sandstone (BAGHAMSHAH FM) Jurassic
Jugr Upper Jurassic granite including Shir Kuh Granite and Shah Kuh Granite Late.Jurassic
Jd Well - bedded to thin - bedded, greenish - grey argillaceous limestone with intercalations of calcareous shale (DALICHAI FM) Jurassic
Je Massive, light-grey reef limestone (ESFANDIAR LIMESTONE) Jurassic

3 Ktzl Thick bedded to massive, white to pinkish orbitolina bearing limestone (TIZKUH FM) Early.Cretaceous

4
Mur Red marl, gypsiferous marl, sandstone and conglomerate (Upper red Fm.) Miocene
Murc Red conglomerate and sandstone Miocene
Murm Ligth - red to brown marl and gypsiferous marl with sandstone intercalations Miocene

5 Olm,s,c Red and green silty, gypsiferous marl, sandstone and gypsum (Lower Red FM) Oligocene

6

Pgkc Light-red coarse grained, polygenic conglomerate with sandstone intercalations Paleocene-Eocene
pCgn Gneiss, granite gneiss and locally including migmatite PreCambrian
PlQc Fluvial conglomerate, Piedmont conglomerate and sandstone. Pliocene-Quaternary
pCmt1 Meddium - grade, regional metamorphic rocks (Amphibolite Facies) PreCambrian
pCmt2 Low - grade, regional metamorphic rocks (Green Schist Facies) PreCambrian

7

Qsf Salt flat Quaternary
Qft1 High level piedmont fan and vally terrace deposits Quaternary
Qft2 Low level piedment fan and vally terrace deposits Quaternary
Qs,d Unconsolidated wind blown sand deposite including sand dunes Quaternary
Qcf Clay flat Quaternary
Qm Swamp and marsh Quaternary

8 TRJs Dark grey shale and sandstone (SHEMSHAK FM.) Triassic-Jurassic

Fig. 3. Sample of gullies in the study area.
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and lithology (Fig. 4 a-o). These parameterswere extracted from several
data sources including: a 1:100,000 geological map produced by the
Geological Society of Iran (GSI) (http://www.gsi.ir/) for lithology; a
1:50,000 topographic map produced by the National Geographic Orga-
nization of Iran (www.ngo-org.ir) were combined with Google Earth
images for the road network; a LANDSAT-8 imagewith 30-meter spatial
resolution for visual and 15m for panchromatic bands archived byUSGS
(https://earthexplorer.usgs.gov/) for NDVI calculation; a PALSAR DEM
with a spatial resolution of 30 m (http://www.eorc.jaxa.jp/ALOS/en/
aw3d30) for elevation, slope, aspect, plan curvature, LS, TWI, SPI, con-
vergence index, distance to stream, and drainage density; a land-use
map prepared by the Iranian Soil Conservation andWatershedManage-
ment Research Institute (https://www.scwmri.ac.ir) for LU/LC; and a
map prepared by the Isfahan Agricultural and Natural Resources,
Research and Education Center (http://esfahan.areeo.ac.ir/) for soil-
depth. ENVI4.8, ArcGIS10.5, Google-Earth-Pro7.8, and ArcHydro10.4
toolbox were used to prepare the GEFs for GESM and assessment.
SPSS24 and Microsoft Excel2016 were used for exploratory, statistical,
and validation analyses. Calculation of each of the GEFs is explained
elsewhere (Arabameri et al., 2018a, 2019a).
2.4. The independence analysis of geo-environmental factors

Before integrating GEFs into GESM, it is necessary to evaluate
the conditional independence among factors. If the factors are in-
dependent, then multicollinearity in the models is not an issue.
Several statistical tests, like principal components analysis and
pairwise comparison (Lombardo et al., 2019; Pradhan et al., 2010;
Tsangaratos et al., 2017) and jack-knife tests (Lombardo et al.,
2016), for example, can be used to analyse correlations among
GEFs. More generally, any multicollinearity test (MCT) will assess
the correlations among independent variables (Amato et al.,
2019; Tien Bui et al., 2015). Indices of tolerance (TOL) and variance

http://www.gsi.ir/
http://www.ngo-org.ir
https://earthexplorer.usgs.gov/
http://www.eorc.jaxa.jp/ALOS/en/aw3d30
http://www.eorc.jaxa.jp/ALOS/en/aw3d30
https://www.scwmri.ac.ir
http://esfahan.areeo.ac.ir/
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inflation factor (VIF) were used by Cama et al. (2017). These
methods do not have standardized thresholds to classify TOL and
VIF values with collinear and non-collinear markers; however,
Fig. 4. Gully related conditioning factors. a) elevation, b) slope, c) aspect, d) plan curvature,
h) convergence index, i) distance to stream, j) drainage density, k) distance to road, l) normali
o) lithology.
the following intervals have been widely adopted: VIF ≤ 5 or 10
and TOL ≤ 0.1 or 0.2, imply that no collinearity is present and the
GEFs are independent (O'Brien, 2007).
e) topography wetness index (TWI), f) stream power index (SPI), g) slope length (LS),
zed difference vegetation index (NDVI), m) soil type, n) land use/land cover (LU/LC), and
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2.5. Models

2.5.1. Dempster-Shafer (DS) statistical model
The DS evidence theory allows one to generate susceptibility analy-

ses premised on the so-called discernment frame, expressed as
(Dempster, 1967; Shafer, 1976):

m ¼ 2Θ ¼ ∅; TP ; TP ;Θ
� �

with Θ ¼ TP ; TP
� � ð1Þ

where TP indicates the influence of future gullies at each pixel p, and TP

expresses the opposite condition, where each pixel p is not influenced
by future gullies. More detailed explanation can be found elsewhere
(e.g., Park, 2011).

The DSmodel is a generalization of Bayesian probabilistic theory and
some of its strengths are due to itsflexibility and capacity to incorporate
uncertainty estimates (Wang et al., 2016). DS theory defines a set of
mass functions based on functional relationships between the GEFs
and gully occurrences. More specifically, the functional relationship is
a likelihood ratio of susceptible and non-susceptible conditions. The ac-
tual model considers these ratios to be evidence; evidence Bi for each ith

GEF, being calculated for the TP because the target is the gully-prone
case. The likelihood ratio λ(TP)Bij (Park, 2011), can be computed:

λ TPð ÞBij ¼
N A∩Bij
� �

=N Að Þ
N Bij
� �

−N A∩Bij
� �

=N Cð Þ−N Að Þ ð2Þ

where Bij is the jth class (e.g., 5° b slope b 10°) of the ith B (e.g., slope), N
(A ∩ Bij) is the number of gully pixels in Bij, N (Bij) is the density of pixels
in Bij, N (A) is the number of gullies in the study area, and N (C) is the
total number of pixels in the study area.

The same ratio is computed for the TP . In this case, the numerator
remains the same, whereas the denominator expresses gully non-
susceptibility conditions.

Therefore λðTPÞBij, is calculated:

λ TP
� �

Bij ¼
N Að Þ−N A∩Bij

� �
=N Að Þ

N Cð Þ−N Að Þ−N Bij
� �þ N A∩Bij

� �
=N Cð Þ−N Að Þ ð3Þ

The two likelihood ratios lead to estimates of the role of each GEF in
gullying (Park, 2011). DS theory essentially defines a basic probability
assignment (BPA), denoted below as m, which relates to the functions
as:

m ¼ 2Θ→ 0;1½ �
m ∅ð Þ ¼ 0

X
T∁ΘM Tð Þ¼1

8<
: ð4Þ

Using the BPA, three more functions can be computed to complete
the Dempster–Shafer theorem: the Belief, Disbelief, and Uncertainty
functions.

m TPð ÞBij ¼
λ TPð ÞBijX
j

λ TPð ÞBij
Belief Functionð Þ ð5Þ

m TP
� �

Bij ¼
λ TP
� �

BijX
j

λ TP
� �

Bij

Disbelief Functionð Þ ð6Þ

m θð ÞBij ¼ 1−m TPð ÞBij−m TP
� �

Bij Uncertainty Functionð Þ ð7Þ
The Belief Function (Eq. 5) summarized gully occurrence or gully-
prone cases from the mass function m(TP)Bij. The Disbelief Function, m

ðTPÞBij;represents the opposite condition and the Uncertainty Function
is combines these two functions. All are bounded by 0 and 1 (Amiri
et al., 2014; Liu et al., 2015) and operate under a sum-to-1 constraint
(Wang et al., 2016). The main question of gully-erosion susceptibility
is expressed by the first DS function, which we use here to build our
model. A simplistic explanation would be for cases where no evidence
supports gully-prone conditions, which would be expressed as “no-be-
lief” or m(TP)Bij = 0. This corresponds to conditions where no gullies
have occurred for the given attributes Bij. For a more complete explana-
tion and examples, see Bui et al. (2012).

After determining the final weights (uncertainty values) of each of
the subclasses, these weights are assigned to the corresponding the-
matic layers. In the ArcGIS10.5, the maps are combined as a weighted
sum to produce a final map in which lower weights indicate a greater
susceptibility to gully erosion:

GESMDS ¼ m θð ÞBij Distance to road
� �

þ m θð ÞBij Soil type
� �

þ m θð ÞBij NDVI
� �

þ m θð ÞBij SPI
� �

þ m θð ÞBijLU=LC
� �

þ m θð ÞBij Slope degree
� �

þ m θð ÞBij Elevation
� �

þ m θð ÞBij LS
� �

þ m θð ÞBij Drinage density
� �

þ m θð ÞBij Slope aspect
� �

� m θð ÞBij TWI
� �

� m θð ÞBij Convergence index
� �

þ m θð ÞBij Distance to stream
� �

þ m θð ÞBij Plan curvature
� �

þ m θð ÞBij Lithology
� �

ð8Þ

2.5.2. Boosted regression tree (BRT) artificial intelligence
Boosted regression tree is a nonparametric model, and it is one of the

most robust artificial intelligence methods (Robinzonov, 2013). This
model belongs to the machine learning class of ensemble models,
which adds a gradient-boosting algorithm to a common decision tree
(Quinlan, 1986) for classification and regression (Aertsen et al., 2011).
Two types of decision trees exist: regression trees and classification
trees. In gully-erosion studies, the basic structure of a BRT is a classifica-
tion tree. This tree can model two discrete properties that, specifically
for gully erosion, correspond to presence or absence of gully head-cuts.
To classify the outcomes, the decision tree extracts a random subset of
gullies, examines every GEF and generates a set of rules to recursively
split a GEF into smaller and smaller subclasses associated (or not) with
gully-prone conditions (James et al., 2013). This is the general structure
of any decision tree, but it can lead to unsatisfying performance. However,
stochastic gradient-boosting enhances the performance, accounting for
the residuals or errors in the initial tree. In fact, a second tree is generated
by randomly extracting a second gully dataset and, while applying the
basic structure of the previous tree, changes are made according to a
loss function that it is minimized at each tree-generation step (Breiman,
1998). The minimization procedure implies some issues, for as the tree
automatically and progressively produces better results it becomes
more and more prone to overfitting the data rather than producing
improving performance (Therneau et al., 2014). Such overfit effects are
usually avoided by limiting the complexity that a given tree can achieve.
Several ways are in place to do this, and they often rely on combined
cross-validation and penalization estimates of the tree depth. The BRT
model is generally described as (Friedman, 2001):

F X; βmam½ �m0
� � ¼

Xm
m¼0

βmh x; amð Þ ð9Þ

where, h(x;m) represents a simple classification functionwith parameter
a and variable x, m is the variable that represents the stage of the model,
and βm is the weighting coefficient at stage m. Kernels of BRT are used to
determine the relative importance of GEFs and theywere runwith R 3.3.1
and the “Rattle” package (Williams, 2011).



Table 2
Multi collinearity among conditioning factors.

Sig. Collinearity statistics

Tolerance VIF

(Constant) 0.000 – –
Aspect 0.074 0.936 1.069
Elevation 0.000 0.620 1.613
Convergence Index 0.197 0.677 1.476
Dis to road 0.000 0.810 1.235
Dis to stream 0.000 0.621 1.611
Drainage density 0.176 0.460 2.172
SPI 0.974 0.344 2.907
TWI 0.905 0.686 1.457
LU 0.000 0.708 1.413
lithology 0.666 0.568 1.761
LS 0.267 0.944 1.060
NDVI 0.001 0.827 1.209
Plan curvature 0.428 0.796 1.257
Slope 0.354 0.393 2.544
Soil type 0.000 0.617 1.621
Soil texture 0.005 0.025 47.34
Rainfall 0.007 0.032 31.64
Clay percent in soil 0.0345 0.019 52.43
Soil PH 0.0231 0.056 24.98

8 A. Arabameri et al. / Geomorphology 359 (2020) 107136
After calculating theweight of the GEFs using four kernels of the BRT
model and the combination with DS, we obtained the four hybrid sus-
ceptibility maps, consisting of: DS-binary logistic, DS-reg logistic,
DS-reg linear, and DS-binary logitrawmaps. To prepare GESMswith hy-
bridmodels, similar to Eq. 10 (DS-binary logistic), theweights of GEFs in
each kernel weremultiplied by theweights of each class obtained using
the DS method (shown below for the binary logistic kernel example):

GESMDS−binary logistic ¼ m θð ÞBij Distance to road� 0:181
� �

þ m θð ÞBij Soil type� 0:073
� �

þ m θð ÞBij NDVI � 0:058
� �

þ m θð ÞBij SPI � 0:014
� �

þ m θð ÞBij LU=LC � 0:034
� �

þ m θð ÞBij Slope degree� 0:029
� �

þ m θð ÞBij Elevation� 0:294
� �

þ m θð ÞBij LS� 0:041
� �

þ m θð ÞBij Drinage density� 0:113
� �

þ m θð ÞBij Slope aspect � 0:041
� �

� m θð ÞBij TWI � 0:009
� �

� m θð ÞBij Convergence index� 0:023
� �

þ m θð ÞBij Distance to stream� 0:063
� �

þ m θð ÞBij Plan curvature� 0:013
� �

þ m θð ÞBij Lithology� 0:006
� �

ð10Þ

2.6. Validation of results

Threshold-independent and threshold-dependent estimates of
AUROC, TSS, and E are among the most efficient performance metrics
for validation (Rahmati et al., 2019). In the ROC curve, a comparison is
done between the GESM and the validation dataset. The plot shows
the true positive rate (TPR) as a function of false positive rate (FPR),
highlighting agreement between observed and predicted data (Nandi
and Shakoor, 2010). Specifically, the TPR describes the proportion of
the set of gully pixels that are correctly classified as gully occurrences,
and the FPR is the proportion of non-gully pixels that are incorrectly
classified as gullies (Frattini et al., 2010), and these are calculated with:

TPR ¼ TP
TP þ FN

ð11Þ

FPR ¼ FP
FP þ TN

ð12Þ

where true positive (TP) and true negative (TN) are the numbers of
pixels that are correctly classified, and false positive (FP) and false neg-
ative (FN) are the numbers of pixels incorrectly classified. The
quantitative-qualitative relationship between ROC and prediction accu-
racy ranges from 0 to 1 and can be classified as excellent (0.9–1), very
good (0.8–0.9), good (0.7–0.8), moderate (0.6–0.7) and weak (0.5–
0.6) (Yesilnacar, 2005). Eqs. 13 and 14 are used for calculation of two
threshold-dependent metrics for E (Allouche et al., 2006) and TSS
(Fukuda et al., 2013), respectively:

E ¼ TP þ TN
TP þ TN þ FP þ FN

ð13Þ

TSS ¼ TPR−FPR ð14Þ

Higher values of E and TSS indicate better model performance.
3. Results

3.1. Dempster-Shafer (DS) model

Before applying the DS model, the collinearity between GEFs was
tested. Results of the MCT between GEF pairs were based on 99% credi-
ble intervals (Table 2). Results suggest that no or negligible collinearity
is found between GEFs according to the maximum VIF (2.54) and the
minimum of TOL (0.344). Overall, VIF values were lower than the criti-
cal values (5 or 10) and, similarly for TOL estimates, values were higher
than the critical thresholds (0.1 or 0.2). Specifically, the lowest and
highest values of VIF were 1.06 and 2.54, respectively, and the maxi-
mum and minimum tolerance values were 0.344 and 0.944.

The DS model displayed strong dependencies between GEFs and
gullies (Table 3) for four morphometric parameters: elevation,
slope steepness, aspect, and plan curvature. Specifically, the classes
of 943–1118 m elevations, b5° slopes, flat-facing, and flat curving
landscapes were reported with m(θ)Eij = 0.37, 0.09, 0.72 and 0.31,
respectively. Conversely, classes of N1827 m elevations, N15° slopes,
SW facing aspect, and concave plans (m(θ)Eij = 0.83, 0.81, 0.85, and
0.35, respectively) had weak associations with gullying. Based on
these results, areas with low elevation and slope, as well as flat
topography appear to be more susceptible to erosion. Furthermore,
specific classes of TWI, SPI, LS, and convergence index (N13.21,
b6.95, b97, and ≤34.9, respectively) had scores of 0.46, 0.35, 0.59
and 0.5, indicating they have the strongest positive relationships to
gully formation processes in the study area. The classes of several
factors (b100 m to a stream, 1.29 to 1.83 km/km2 drainage densities,
b500 m to a road, and an NDVI b0.04) had m(θ)Eij = 0.49, 0.31, 0.48
and 0.4, indicating they had the highest gullying susceptibility.
The categories of N400 m from a stream, drainage densities
b0.73 km/km2, N200 m from a road, and an NDVI N0.12 had m(θ)Eij
=0.68, 0.65, 0.53 and 0.51 indicating that these classes had the low-
est susceptibility to gullying. Thus, areas that are closer to the
streams and roads, with sparse vegetation, and higher drainage den-
sities have greater potential for gully occurrence. These results are
consistent with Nyssen et al. (2002) and Azareh et al. (2019). Re-
garding soil type, LU/LC, and lithology, areas with aridisols (m(θ)Eij
= 0.14), bare land (m(θ)Eij = 0.22), and lithological group 7 (m(θ)
Eij=0.46) weremost likely to have gully erosion. Crucially, we stress
here the importance of salt outcrops, valleys, and terrace deposits,
which will be further explored in the discussion.



Table 3
spatial relationship between conditioning factors and gully locations using Dempster–Shafer.

Factor Factors Pixels in domain gullies m(TP)Bij mðTPÞBij m(θ)Bij

No. % No. %

Elevation (m)

b943 590,829 18.85 55 22 0.30 0.16 0.54
943–1118 947,002 30.22 163 65.2 0.55 0.08 0.37
1118–1287 811,131 25.88 24 9.6 0.09 0.21 0.70
1287–1510 435,311 13.89 8 3.2 0.06 0.19 0.75
1510–1827 329,813 10.52 0 0 0.00 0.19 0.81
N1827 19,611 0.63 0 0 0.00 0.17 0.83

Slope (°)

b5 2,576,824 82.23 247 98.8 0.90 0.01 0.09
5–10 283,787 9.06 3 1.2 0.10 0.21 0.69
10–15 118,356 3.78 0 0 0.00 0.20 0.80
15–20 54,702 1.75 0 0 0.00 0.19 0.81
20–30 53,663 1.71 0 0 0.00 0.19 0.81
N30 46,365 1.48 0 0 0.00 0.19 0.81

Aspect

F 58,871 1.88 10 4 0.19 0.10 0.72
N 325,828 10.39 36 14.4 0.11 0.10 0.79
NE 406,808 12.98 29 11.6 0.08 0.10 0.82
E 666,528 21.27 47 18.8 0.08 0.10 0.82
SE 612,804 19.56 44 17.6 0.08 0.10 0.82
S 364,926 11.65 31 12.4 0.09 0.10 0.81
SW 221,226 7.06 10 4 0.05 0.10 0.85
W 208,875 6.67 12 4.8 0.06 0.10 0.84
NW 267,831 8.55 31 12.4 0.13 0.10 0.78

Plan
concave 1,102,229 35.17 80 32 0.30 0.35 0.35
flat 814,884 26.00 74 29.6 0.37 0.32 0.31
convex 1,216,584 38.82 96 38.4 0.33 0.33 0.34

TWI

b8.12 1,243,614 39.69 124 49.6 0.31 0.21 0.48
8.12–10.25 1,153,597 36.81 76 30.4 0.21 0.28 0.52
10.25–13.21 551,646 17.60 33 13.2 0.19 0.26 0.55
N13.21 184,840 5.90 17 6.8 0.29 0.25 0.46

SPI

b6.95 788,702 25.17 118 47.2 0.51 0.14 0.35
6.95–7.78 1,142,413 36.46 95 38 0.28 0.20 0.52
7.78–8.6 627,160 20.01 35 14 0.19 0.22 0.59
8.6–9.6 388,551 12.40 2 0.8 0.02 0.23 0.75
N9.6 186,871 5.96 0 0 0.00 0.21 0.79

LS

b97 855,764 27.31 70 28 0.21 0.20 0.59
97–234 558,264 17.81 47 18.8 0.22 0.20 0.59
234–357 524,360 16.73 49 19.6 0.24 0.19 0.57
357–457 711,108 22.69 65 26 0.23 0.19 0.57
N457 484,201 15.45 19 7.6 0.10 0.22 0.68

Convergence

b−34.9 353,735 11.29 48 19.2 0.32 0.18 0.50
−34.9 to −10.5 724,757 23.14 69 27.6 0.22 0.19 0.59
-10.5–10.5 992,299 31.68 64 25.6 0.15 0.22 0.63
10.5–35.6 725,559 23.16 45 18 0.14 0.21 0.64
N35.6 335,936 10.72 24 9.6 0.17 0.20 0.63

Dis to stream (m)

b100 814,198 25.98 114 45.6 0.36 0.15 0.49
100–200 613,996 19.59 68 27.2 0.29 0.18 0.53
200–300 511,204 16.31 26 10.4 0.13 0.21 0.65
300–400 327,338 10.45 19 7.6 0.15 0.21 0.64
N400 866,960 27.67 23 9.2 0.07 0.25 0.68

Drainage density (km/km2)

b0.73 656,620 20.95 8 3.2 0.04 0.31 0.65
0.73–1.29 926,096 29.55 42 16.8 0.15 0.30 0.55
1.29–1.83 962,329 30.71 156 62.4 0.55 0.14 0.31
N1.83 588,652 18.78 44 17.6 0.25 0.26 0.49

Dis to road (m)

b500 192,318 6.14 69 27.6 0.40 0.12 0.48
500–1000 201,236 6.42 37 14.8 0.20 0.14 0.65
1000–1500 183,699 5.86 30 12 0.18 0.15 0.67
1500–2000 175,956 5.61 28 11.2 0.18 0.15 0.67
N2000 2,380,488 75.96 86 34.4 0.04 0.43 0.53

NDVI
b0.04 1,145,326 36.55 50 13.6 0.10 0.49 0.40
0.04–0.12 1,962,110 62.61 199 84.8 0.37 0.15 0.48
N0.12 26,260 0.84 1 1.6 0.53 0.36 0.51

Soil type
Rok outcrop, Entisol 1,184,700 37.81 12 4.8 0.07 0.57 0.36
Entisol/Ardisol 54,885 1.75 1 0.4 0.12 0.38 0.50
Ardisol 1,894,112 60.44 237 94.8 0.82 0.05 0.14

LU/LC

abkhan 5430 0.17 0 0 0.00 0.12 0.88
agri 74,095 2.36 12 4.8 0.22 0.12 0.66
bareland 245,494 7.83 132 52.8 0.72 0.06 0.22
poorrange 2,621,438 83.65 105 42 0.05 0.44 0.51
rock 185,522 5.92 1 0.4 0.01 0.13 0.86
urban 1718 0.05 0 0 0.00 0.12 0.88

Lithology

Group1 741,454 23.64 20 8 0.11 0.16 0.73
Group 2 93,562 2.98 1 0.4 0.04 0.13 0.82
Group 3 133,420 4.25 3 1.2 0.09 0.13 0.77
Group 4 203,128 6.48 10 4 0.20 0.13 0.67

(continued on next page)
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Table 3 (continued)

Factor Factors Pixels in domain gullies m(TP)Bij mðTPÞBij m(θ)Bij

No. % No. %

Group 5 2763 0.09 0 0 0.00 0.13 0.87
Group 6 214,634 6.84 3 1.2 0.06 0.14 0.81
Group 7 1,727,593 55.09 213 85.2 0.50 0.04 0.46
Group 8 19,609 0.63 0 0 0.00 0.13 0.87
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The resultant DS-modelled GESM (Fig. 5)was reclassify intofive sus-
ceptibility classes – very high, high, moderate, low, and very low gully-
proneness– using the natural break method. The result (Fig. 6) revealed
the following proportions of these 5 susceptibility classes from very
high to very low, respectively: 21.47%, 29.67%, 21.03%, 12.37%, and
15.43%.

3.2. Kernels of Boosted Regression Tree (BRT)

The four kernels of BRT determined the importance of the GEFs (Fig. 5
and Table 4). Several GEFs (based on the values for binary logistic, binary
logitraw, and reg logistic kernels) showed connections to gully erosion:
elevation (0.294, 0.336, and 0.325), distance to road (0.181, 0.194, 0.22),
and drainage density (0.113, 0.91, 0.1) contribute to conditions that pro-
mote gully erosion. In terms of the reg linear kernel, elevation (0.371),
distance to road (0.195) and NDVI (0.094) had the highest scores and
Fig. 5. Importance of gully related conditioning factors using four kernel of B
most strongly affected gully occurrence. In contrast, the following were
the least important: lithology (0.006), TWI (0.009) and plan curvature
(0.013) based on binary logistic statistics; LU/LC (0.0004), lithology
(0.007) and plan curvature (0.008) based on binary logitraw; LU/LC
(0.0005), plan curvature (0.003) and slope (0.005) based on reg linear;
and LU/LC (0.002), lithology (0.008) and plan curvature (0.01) based on
reg logistic. What emerges is that the strength of association to gullying
may change from one model to the next, however, the role and rank of
each GEF remains the same across hybridmodels. This is a good indicator
of robustness among the selected approaches.

The GESM using the DS model alone and the four hybrid models DS-
binary logistic, DS-reg logistic, DS-reg linear, and DS-binary logitraw
(Fig. 6a, b, c, d, and e, respectively) were all consistently reclassified into
five categories (very low to very high susceptibility) using the natural
breakmethod. Small to significant differences arose in terms of the spatial
extent of each of the 5 classes for each of the five models (Table 5).
RT. a) bineary logistic, b) bineary logitraw, c) reg linear, d) reg logistic.



Fig. 6. Gully erosion susceptibility mapping. a) DS, b) DS-binary logistic, c) DS-reg logistic, d) DS-reg linear, e) DS-binary logitraw,
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3.3. Validation of models

Results of validation using AUROC, TSS, and E (Fig. 7 and
Table 6) demonstrate that the integration of the BRT kernels in-
creased the prediction accuracy of the stand-alone DS model
and, among the four hybrids, binary logistic provided the best
performance. Overall, hybrid models of DS-binary logistic
generated an AUROC of 0.886, a TSS of 0.854, and an E of 0.880,
whereas the same parameters decreased by 1.37%, 5.04% and
2.45% with respect to DS-reg logistic, by 3.99%, 8.23% and 4.14%
for DS-reg linear, by 4.11%, 9.49% and 4.76% for DS-binary
logitraw, and 4.36%, 10.34% and 5.52% for the standalone DS.
Such differences, especially with respect to DS, highlight the ad-
vantages of hybrid approaches.



Table 4
Importance of gully related conditioning factors using four kernel of boosted regression
tree.

Factors Bineary logistic Bineary logitraw Reg linear Reg logistic

Elevation 0.294 0.336 0.371 0.325
distance to road 0.181 0.194 0.195 0.22
drainage density 0.113 0.0912 0.083 0.1
soil type 0.073 0.052 0.0412 0.057
distance to stream 0.063 0.054 0.069 0.048
NDVI 0.058 0.077 0.094 0.077
LS 0.0419 0.039 0.013 0.0239
aspect 0.041 0.047 0.027 0.028
LU/LC 0.034 0.0004 0.0005 0.002
slope 0.029 0.052 0.005 0.027
convergence index 0.023 0.026 0.039 0.03
SPI 0.014 0.021 0.019 0.0236
plan curvature 0.013 0.008 0.003 0.01
TWI 0.009 0.016 0.015 0.015
lithology 0.006 0.007 0.019 0.008

Table 5
Percentage of susceptibility classes in each kernel of boosted regression tree model.

Susceptibility
Class

DS-binary
logistic

DS-reg
logistic

DS-reg
linear

DS-binary
logitraw

Very Low 14.50% 16.34% 16.48% 15.71%
Low 16.99% 19.44% 19.22% 18.48%
Moderate 22.77% 21.88% 24.58% 22.85%
High 24.12% 21.25% 22.65% 22.19%
Very High 21.59% 21.08% 17.05% 20.74%

Fig. 7. Area under curve of models. a) DS-binary logistic, b) DS-
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4. Discussion

Uncertainty is usually present in any model as a result of processes
that are beyond the control of the researcher. The accuracy of predictive
models depends on the uncertainty of both the input data and the cho-
senmodel. The uncertainty affecting gully-erosion susceptibilitymodels
can be due to several factors: i) incomplete knowledge of the physical
system under examination; ii) the resolution at which a givenmeasure-
ment can be taken in both space and time, iii) the randomicity in the
construction of a model when selecting the presence or absence of
gullies; and iv) the approximation of any mathematical model with re-
spect to the natural phenomena. Every model is affected by uncer-
tainties, although accurate input data and a strong conceptual model
can minimize these uncertainties (Rojas and Kahunde, 2010). Overall,
in this work, we have tried to limit the sources of uncertainty by
using, at every step, the best data we could access, combining accurate
remote sensing data and gullies mapped on orthophotos and validated
in the field.

So far, manymodels have been tested to predict gully-erosion-prone
areas and to contextually determine the predominant conditioning fac-
tors, including statistical (Azareh et al., 2019), artificial intelligence
(Conoscenti et al., 2018), and knowledge-based models (Meliho et al.,
2018). In this research, an artificial intelligence approachwasused to in-
crease the efficiency of a relatively simple bivariate statistical approach.
Bivariate statistical methods are based on the calculation of weighting
values reflecting the density of the gullies in each class of conditioning
factors. These models are simpler than multivariate models, and the
main disadvantage is the lack of consideration of relationships between
the conditioning factors (Yalcin, 2008). Among several bivariate statisti-
calmodels, we selectedDS because it has been proven to produce excel-
lent results (Zaman et al., 2011).
reg logistic, c) DS-reg linear, d) DS-binary logitraw, e) DS.



Table 6
Validation ofmodels using areaunder receiver operating characteristics (AUROC) and true
skill statistic (TSS) and efficiency.

Models AUROC TSS Efficiency

DS 0.849 0.774 0.834
DS- bineary logistic 0.886 0.854 0.880
DS-bineary logitraw 0.851 0.780 0.840
DS-reg linear 0.852 0.789 0.845
DS-reg logistic 0.874 0.813 0.859
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In our case study, the results produced by the four BRT kernels
showed some degree of consistency in recognizing the GEFs responsible
for gully occurrence. Elevation and distance to road were constantly re-
ported to be the main contributors to erosion, (this was also the case in
other studies – Nyssen et al., 2002 and Nazari Samani et al., 2009).
From an interpretative standpoint, elevation itself is not a property that
can be easily connected to erosion. As a result, master planners cannot
make assessments of susceptibility to soil erosion based on elevation. It
is for this reason, that one of the most important geomorphological
tasks is to interpret themodel results and transform them into a concep-
tual model that not only indicates gullying over space but also explains
why gullying is occurring. For instance, elevation can be a proxy for the
erosive power of overland flow, as well as for drainage area (Gomez-
Gutierrez et al., 2015). It can also be a proxy for precipitation intensity
(Lombardo et al., 2018a) and can trigger a cascade of smaller effects on
plant and plant-soil interaction. For this reason, despite the availability
of several other causative factors in predictive models, very often eleva-
tion is actually one of the main factors dictating erosional processes (Jin
and Goulden, 2014) for it can indirectly but contextually represent sev-
eral features like geology (Wade, 1935), climate (Bonacina, 1945) or veg-
etation cover (Zakharov, 1940). In other words, though elevation is not
an interpretable property by itself in susceptibility studies, it may carry
the spatial signal of different properties that are directly linked to a gul-
lying, or other geomorphological processes.

From a generalmorphological perspective, in the Biarjamandwater-
shed, low-elevation areas are more susceptible to gully erosion due to a
greater concentration and potential stagnation of surface water,
especially where vegetation is either degraded or sparse and where
agricultural areas are abandoned or only have limited cultivation. This
information carried into the model and into the susceptibility map by
the contextual presence of low NDVI values and soluble soils (entisol/
aridisol). Low NDVI indicates low greenness, highlighting the absence
of vegetation and the missing features that stabilize soils (De Jong,
1994). The transition between entisols and aridisols is common in de-
sert areas and one of its main characteristics is the lack of the clayey
fraction and, consequently, the absence of organic matter in soils
(Lombardo et al., 2018b). This combination of factors may be responsi-
ble for low amounts of cohesion among soil particles. Under impulsive
rainfall discharges occurring during the wet season, soils can be mobi-
lized and eroded, giving rise to gully-prone conditions on the one
hand, and the widening of existing gullies on the other.

Moreover, the effect of the road network is a consequence of the an-
thropogenic disruption of natural drainage patterns. The creation of an
impermeable surface concentrates runoff and contributes to erosion of
susceptible and bare soils (Conoscenti et al., 2014). Ultimately, the com-
parison of the hybrid bivariate statistical-artificial intelligence model to
the individual bivariate one shows that thehybridmethodshad a higher
prediction accuracy than the individual method, for all the four kernels.
This result is consistent with the results reported by Umar et al. (2014),
Pourghasemi and Kerle (2016), Rahmati et al. (2017a), and ThaiPham
et al. (2018). The performancemetrics (Table 6) show that the proposed
integrated method is efficient for gully erosion sensitivity and could be
used to assess regions similar to the Biarjamandwatershed, particularly
where analogous geological and topographical features prevail.
5. Conclusion

The Biarjamand watershed in Semnan Province, Iran, is significantly
threatened by soil loss due to gully erosion, mostly due to poor vegeta-
tive cover, and poor land use management. For this reason, gully-
erosion susceptibility of the area should be assessed to better identify
areas prone to gullying and plan preventive actions in the regions
where gullies have not yet formed. The first objective of this study
was to test a bivariate statistical predictive modelling method – DS –
for GESM. This method was evaluated as a standalone model and com-
pared to other hybrid models that were DS in combination with four
BRT kernels to determine whether significant improvements are
achieved by hybrid approaches that are typically used in other branches
of science, statistics, and artificial intelligence.

The hybrid models presented share the advantages of the two ap-
proaches separately. This study tested a series of fused models that
maintained the simple structure of the DS while adding the predictive
power of BRT kernels The models were built with 15 GEFs and 251
gully locations across the study area and the data for 107 more gully
locations were used to test the models' performances. The procedure
relied on remote sensing and GIS to manage the data, whereas most
analyses were run using R programming. Therefore, based on the iden-
tification of the contributors to gully erosion that were estimated from
the presented models and in combination with field observation,
correctivemeasures should be put in place to reduce gully-prone condi-
tions in the area, particularly in the zones of very high or high suscepti-
bility. Elevation was one of the primary features affecting gully
occurrences. However, this is a factor that provides few clues as to
where action can be taken by managers or planners. But the method
provides other evidence that can be used for environmental manage-
ment by decision makers at many scales.
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