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Abstract
Soil, as a valuable natural resource, provides a large number of services and plays an important role in
the environment and world economy. Soil degradation and erosion reduce the quality and quantity the
soil and are important natural and anthropogenic processes that affect many countries. Water erosion is
the most common type of soil degradation in the world and Asia has about �fty percent of the total water
erosion area of the world. Gullies are a typical erosion type and gully formation is an important process
of soil erosion and degradation in semi-arid and arid areas, especially areas impacted by human
activities and land uses. Because of arid and semi-arid climate, piping and gully erosion is an active
phenomenon in the agricultural lands, bare land and rangeland areas of the Shazand watershed, Markazi
Province, central Iran. The goal of this research was to identify the priority conditioning factors of gully
erosion, map the susceptibility of the Shazand watershed to gully erosion and compare some of the
applied machine learning techniques based on their accuracy. Prioritization of conditioning factors using
a random forest (RF) algorithm demonstrated that distance from the roads, altitude, and rainfall have the
greatest impact on gully occurrence in the Shazand watershed. The RF, boosted regression tree (BRT),
functional discriminant analysis (FDA), generalized linear model (GLM), and mixture discriminant
analysis (MDA) algorithms were applied to create gully erosion susceptibility maps in the study area. The
receiver operating characteristic curve (ROC) and area under the curve (AUC) performance metrics were
used to validate susceptibility maps. The AUC values of 0.850, 0.831, 0.760, 0.751, and 0.758 were
achieved for the RF, BRT, FDA, GLM, and MDA algorithms, respectively. Due to the negative and
destructive effects of gully erosion, its management and control is a critical component in the
management of natural resources and land uses. The susceptibility maps of gully erosion prepared in
this study are a substantial information resource for decision makers, planners, and engineers concerned
with human impacts on natural resources and land uses. The areas identi�ed with high and very high
erosion susceptibility in the Shazand watershed need more care to mitigate the consequences of gully
erosion and soil degradation.

1 Introduction
Soil is a very important component of geological, hydrological, biological, and environmental processes
and, as such, it is always subject to change and transformation [1]. Soil, as a valuable natural resource,
provides a large number of services and plays an important role in the environment and world economy
[2]. Increasing demand for goods, services, and basic needs, especially in underdeveloped and developing
countries, a huge stress has exerted on the top layers of soil [3]. Soil degradation and erosion reduce the
quality and quantity the soil and are important natural and anthropogenic processes that affect many
countries. Soil erosion and soil degradation refer to the removal, transport and deposition of soil or soil-
forming parent material. These processes may be the result of anthropogenic and natural factors [4].
With the increasing stress placed on land and water resources in the current world conditions, the role of
anthropogenic factors has become very prominent. Water erosion is a common type of soil erosion and
degradation and Asia accounts for about �fty percent of the global affected area. Water erosion is an
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especially signi�cant and dangerous phenomenon in arid and semi-arid areas in terms of soil loss and
land degradation [5]. High soil loss rates in undeveloped countries are usually because of reduction in
vegetation cover, intense plowing, deforestation, and intensive grazing [6], and in developing countries
high soil loss rates are mostly due to heavy machinery [7]. El-Swaify [8] explained that soil degradation
due to water erosion affects approximately 2 billion hectares in the world. Meanwhile soil erosion and
degradation is a very sensitive phenomenon to both anthropogenic and natural factors [9]. Soil erosion
can causes onsite and offsite hazards. The �rst on-site hazard and effect is the reduction of topsoil
thickness, which can result in reduced crop yields. Off-site hazards and effects include air and water
pollution, sedimentation, and silting of water resources [10]. About 60 percent of the land area in Iran is
located within the arid and semi-arid climate regions. Approximately 100 million hectares of these regions
are vulnerable to deserti�cation [11]. Iran, with 2.7 percent of the total soil erosion of the world, is among
nine countries with the highest rate of soil erosion [12]. As such, it is essential to use and develop a
sustainable and applicable watershed management approach in these regions [13]. Gullies are a typical
erosion type and gully formation is an important process of soil erosion and degradation in semi-arid and
arid areas, especially areas impacted by human activities and land uses [14–16]. Therefore, in these
areas larger environmental degradations are caused by gullies in form of excessive soil erosion [17, 18].
The major factors affecting the occurrence and development of gullies are population increase,
destruction of rangeland, over-grazing, reduction of vegetation cover, heavy and short-period rainfall,
unsuitable land use management, cultivation on high slopes, inappropriate irrigation design, geology and
soil properties [19].

Gully erosion can be an important problem causing high rates of sediment yield, reduction of fertile soil,
destruction of farmland, slopes destabilization, weakening of infrastructure, change of transportation
routes, and the reduction of water level in groundwater systems [20–22]. Previous research has shown
that gullies can produce from 10 to 94 percent of the total sediment in water bodies because of the large
amount of sediment harvested and transported to the drainage network and streams [14]. Because of the
arid and semi-arid climate, piping and gully erosion is an active phenomenon in the agricultural lands,
bare land and rangeland areas of Markazi province [23]. In the Shazand watershed, heavy precipitation,
erosion-sensitive geological formations, over-grazing, and vegetation reduction, gullies are the most
important cause of soil erosion and degradation. Although gully erosion causes damages to the
inhabitants and farmlands in the Shazand watershed, no research has been done to map susceptibility to
gully erosion in this area. Worldwide, research has been carried out to investigate the effects of gully
erosion [24–29]. Gully erosion susceptibility mapping is one of the �rst steps to manage gullies and
reduce its effects. Investigation of spatial gully erosion susceptible areas throughout arid and semi-arid
areas was carried out using a lot of techniques and methods [3]. The goal of this research is to identify
priority conditioning factors of gully erosion, create susceptibility maps of the Shazand watershed using
�ve machine learning algorithms (random forest, [RF], boosted regression tree [BRT], functional
discriminant analysis [FDA], generalized linear model [GLM], mixture discriminant analysis [MDA]), and
compare the accuracy of the algorithms using two performance metrics (receiver operating characteristic
curve [ROC], area under the curve [AUC]).
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2 Study Area
Shazand watershed is in southwestern Markazi province between 33°44′–34°12′ N latitudes and 49°04′–
49°52′ E longitudes (Fig. 1). The watershed is about 1650 km2 with an altitude ranging from 1805–3347
meter a.s.l. The mean annual rainfall and temperature are 420 mm and 12°C, respectively. Land use of
the Shazand watershed is characterized by rangeland, bare land, orchard, agricultural, and residential
(Fig. 1) and the major categories of the land use types is rangeland and agricultural. Most of the gully
erosions are located in the western and southern areas of the watershed, which are mainly agricultural
and bare land.

3 Materials And Methods
The method of the research has four steps including (1) gullies distribution mapping, (2) selection and
prioritization of the gully erosion effective factors, (3) gully erosion susceptibility mapping using random
forest (RF), boosted regression tree (BRT), functional discriminant analysis (FDA), generalized linear
model (GLM) and mixture discriminant analysis (MDA) algorithms, (4) accuracy assessment and
comparison of used algorithms to select the best model in the study area.

3.1 Dataset
Gullies in the Sharzand watershed were identi�ed and mapped using Google Earth imagery and a �eld
survey using a GPS receiver device. A total of 142 gullies were identi�ed and mapped in ArcGIS software
(Fig. 1). About 70 percent of the gullies were chosen for modeling and about 30 percent were chosen to
validate the applied algorithms. It is essential to determine the signi�cant conditioning factors of gully
erosion and prioritization of these factors to map gully erosion susceptibility [30]. According to a literature
review, data availability, and �eld surveys, thirteen effective factors were selected for assessing gully
erosion in the Shazand watershed.

Topographic factors are very important geomorphological factors that affect soil degradation and
erosion [31, 32]. To create the elevation range data layer, a digital elevation model (DEM) of ASTER
(Advanced Spaceborne Thermal Emission and Re�ection Radiometer) was used. Slope, aspect, length
slope, topographical wetness index, Plan curvature, and pro�le curvature maps were extracted using the
DEM in ArcGIS and SAGA GIS software. Slope directly affects gully erosion and soil degradation [28]. An
aspect map of the watershed was extracted using the DEM, and classi�ed as �at, north, south, east, west,
northeast, southeast, southwest, and northwest (Fig. 2). Aspect shows the direction a slope faces and has
an important impact on gully occurrence and development [33]. Length of slope (LS) combines length
and steepness of a slope which refers to the terrain of a region. The LS factor (Eq. 1) can control runoff
rapidity that is one of the erosion conditioning factors [34].

LS = [fl ×
pixelsize

22.13
0.6

×
Sin(θ)
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1.3
]( ) ( )
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1

where, ‘�’ is the �ow accumulation and extracted from the slope and DEM maps [3]. TWI (Topographical
wetness index) is a wetness index that explains the effect of topography on hydrological conditions. The
following equation introduced by Moore et al. [35] was used to compute TWI:

TWI = ln
As

tanθ

2
,

where, As is watershed area (m2) and θ is slope in degrees.

TWI is an important parameter frequently applied to describe the impact of topographic properties on soil
moisture in catchments [36]. Pro�le curvature and plan curvature were extracted using the DEM map.
These two factors explain the geometry of the land surface and changes of slope [37]. Positive plan
curvature values show convexity, zero values de�ne a �at surface, and negative values indicate concavity
[36]. To create the average annual rainfall map of the watershed, rainfall data from eight meteorological
stations were used based on the inverse distance weighting (IDW) technique [11]. Land use and land
cover (LULC) is a very important conditioning factor of soil erosion [38]. The land use of Shazand
watershed was created from LANDSAT images with of 30 meter resolution using a synthetic method in
the GIS environment. In the synthetic method, supervised, unsupervised and auxiliary maps (such as
slope, NDVI [normalized difference vegetation index], etc.) are used simultaneously [39]. Five land use
types including orchard, bare land, rangeland, agricultural and residential have been classi�ed in this
region (Fig. 1). Drainage network affects the slope stability and instability which can in�uence the soil
erosion and degradation processes [40]. The distance from the drainage network has been selected as an
effective factor of gully erosion, assuming that the areas near existing streams are more sensitive to gully
occurrence and development. Distance from the drainage network was calculated by the Euclidian
distance measurement technique in ArcGIS. Distance from roads and faults were also prepared using the
Euclidian distance technique in the ArcGIS environment. Roads may exacerbate gully erosion by cutting
and concentrating surface runoff and directing water on the lower slopes [41]. Land surface motion near
faults can in�uence the formation of gullies. Geologic and lithologic properties have a great effect on
runoff, erosion, and sediment production in a watershed [13]. The lithology map of the Shazand
watershed was prepared by digitizing the geological map of GSI [42]. The lithology map based on the soil
sensitivity to erosion was classi�ed into seven classes (A: quaternary sediments, B: sandstone, C: shale,
schist and phyllite, D: slate and calcareous Slate, E: dolomitic limestone and orbitolina limestone, F:
marn-limestone, G: granite and granodiorite). Figure 2 shows conditioning factors maps of gully erosion
in the Shazand watershed.

3.2 Methodology

( )
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3.2.1 Random Forest (RF)
Random Forest (RF) is a non-parametric, supervised learning algorithm that uses an ensemble learning
method for regression, and is one of the best methods that use several regression trees [43]. Some of the
advantages of the RF method are: (1) it can combine predictions of multiple separate algorithms, (2)
different case studies have identi�ed that the RF algorithm is very accurate for simulation and modeling,
and (3) this algorithm is a very applicable tool to determine the priority of the conditioning factors
compared to other statistical modeling and data mining methods [44]. The RF algorithm uses binary trees
which use a set of the observations via bootstrapping techniques: from the total data set, a number of
data are selected randomly for training and testing uses to create the model; other unused data are
assigned to “out-of-bag” (OOB) data sets [45]. The RF determines the priority of a factor by identifying at
how much the prediction error changes when OOB data for that factor are transposed when the other
factors remain constant [46, 47]. Two types of errors were calculated in RF algorithm: mean decrease in
accuracy and mean decrease in the Gini index also known as the Gini impurity varies between 0 and 1.
The Gini index is the amount of probability of a speci�c feature that is classi�ed incorrectly when
selected randomly. If all the elements are linked with a single class then it can be called pure, where 0
expresses the purity of classi�cation, i.e. all the elements belong to a speci�ed class or only one class
exists. And 1 indicates the random distribution of elements across various classes. The value of 0.5
shows an equal distribution of elements over some classes. These important values are used to prioritize
factors and for factor selection [48]. The RF algorithm was also used to create a susceptibility map of
gully erosion.

3.2.2 Boosted Regression Tree (BRT)
Boosted Regression Trees (BRT), also known as Stochastic Gradient Boosting (SGB) or Gradient Boosted
Machine (GBM), is non-parametric, supervised learning algorithm that uses an ensemble learning method
for regression that can combine a boosting algorithm with a regression tree [49]. BRT is a technique
whose purpose is to improve the performance of a model using several �tting algorithms and combining
them to enhance prediction. BRT applies two algorithms: regression trees that are related to classi�cation,
and a boosting algorithm that makes a number of models and combines them. The �nal model is a set of
several trees which can be considered as a regression model. Fitted weights in the �nal model are
calculated as the sum of all trees multiplied by the learning rate, that have more stability and accuracy
than models with a single decision tree [50].

3.2.3 Functional Discriminant Analysis (FDA)
FDA is a regression method applied to classes of factors in the modeling process. The FDA algorithm is a
non-parametric model, so it can be effective in various �elds [51, 52]. Like many other statistical
approaches, discriminant analysis has been generalized to the functional items. As in the multi-
dimensional case, FDA has two main purposes: Description purposes—Search among the entire possible
Principal Component Analysis (PCAs) for one whose graphical representation of singles discriminates at
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best the q classes generated by the variable Y; and Decision purposes—Designate a new individual to one
of the q modalities of the variable Y.

Γ(s, t) = cov Xs, Xt = ∫Xt(w)Xs(w)Pd(w)

3
,

where Γ is covariance operator [53].

3.2.4 Generalized Linear Model (GLM)
GLM, a type of the predictable linear regression model, was introduced by Nelder and Wedderburn [54] for
modeling using Maximum Likelihood of the training variables. The GLM algorithm is de�ned based on
regression, and can show differences between the factors [55]. The GLM algorithm can be applied to
analyze different types of data, including Bernoulli success/failure data, normal data, and others [56].
The GLM algorithm applies multiple regressions, to increase the accuracy and quality and to establish a
proper relationship between the independent and dependent variables [57]. In the GLM algorithm, the
linear predictor is shown as [58]:

E(Y) = μ × g −1(Xβ)

4
,

where E(Y), g, and Xβ, are the expected value of Y, the link function, and linear predictor, respectively.

The variance is a function of µ:

Var(Y) = V ( μ) = V g −1 Xβ))

5
,

where the β parameter can be estimated using Bayesian models.

3.2.5 Mixture Discriminant Analysis (MDA)
In the mixture discriminate analysis (MDA) is a supervised classi�cation method with the mixture of
Gaussian distributions is used to obtain probability estimation for each class [59]. This algorithm has two
bene�ts such as: creation of a non-linearity relationship between the independent factors of a group to
achieve a better classi�cation; and it can de�ne hidden and underlying sub-classes of a group [52]. The
MDA is a useful technique to model the variables with non-normality and non-linear relationship to
increase the classi�cation accuracy [59]. The MDA algorithm is de�ned as:

( )

( (
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P(X = x, Z = k) = akfk(x) = ak∑Rk
r=1πkr∅ X | μkr, ∑ (5)

Where, fk(x) is the within-class density for class k and ak is prior probability of class k. The maximum
likelihood estimation of ak is the proportion of training samples in class k. So, Σ is estimated by
combining all the classes. The "mda" package was used to run the MDA technique in R 3.3.3 software
[60].

3.2.6 Validation of gully erosion susceptibility maps
An important step of modeling is model validation to improve the accuracy of probability estimation and
prediction [61]. About thirty percent of gully sites (unused in modeling) were applied to validate the
models. The ROC (receiver operating characteristic) curve and the AUC (area under the curve) were used
to validate and assess accuracy of the models. ROC used for evaluating the predictive accuracy of a
chosen model. The AUC identi�es the model performance using predicting the occurrence or non-
occurrence of gullies. The most accurate model has a curve with the highest AUC [36]. ROC curves and
AUC classify the accuracy of the model as follows: 0.50–0.60 (poor), 0.60–0.70 (moderate), 0.70–0.80
(good), 0.80–0.90 (very good), and 0.90–1.00 (excellent) [61].

4 Results
To determine importance of the gullies conditioning factors, mean decrease accuracy errors and mean
decrease Gini indexes were extracted using the the RF model (Fig. 3). Results indicated that distance from
roads, altitude, rainfall, and distance from faults have the greatest impact on gully occurrence in the
Shazand watershed.

The weights from the RF, BRT, FDA, GLM, and MDA algorithms were calculated and imported in ArcGIS
10.3 to create gully susceptibility maps (Figs. 4–8). These maps were classi�ed into four classes (Low,
Moderate, High and Very High) using the natural break (NB) method [62]. The area of susceptibility
classes was also extracted using ArcGIS 10.3 Software (Table 1).

The ROC curve and AUC were used to validate susceptibility maps. The AUC values were 0.850, 0.831,
0.760, 0.751, and 0.758 for RF, BRT, FDA, GLM, and MDA models respectively (Fig. 9 and Table 2).

( )
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Table 1
The area of the susceptibility classes created by each of

the �ve models.
Models Area of susceptibility classes (km2)

Low Moderate High Very High

RF 465.84 563.32 394.79 234.54

BRT 444.83 520.74 419.26 273.75

FDA 481.79 447.14 395.11 334.44

GLM 485.29 435.82 397.97 339.40

MDA 664.09 331.14 278.24 385.01

Table 2
statistical index for the �ve machine learning techniques

Models Area Standard Error Asymptotic 95% Con�dence Interval

Lower Bound Upper Bound

RF 0.850 0.039 0.773 0.927

BRT 0.831 0.042 0.456 0.818

FDA 0.760 0.051 0.659 0.861

GLM 0.751 0.052 0.650 0.853

MDA 0.758 0.052 0.655 0.861

5 Discussion
Gully erosion, a very important generator of environmental and economic losses, is caused by natural and
anthropogenic factors. As the �rst step of susceptibility analysis, prioritization of conditioning factors
was done. As shown in Fig. 3, distance from roads is the most important factor of gully occurrence in the
study area. Roads have an important effect on changing hydrologic response and this often leads to
concentrated runoff critical for causing accelerated soil degradation and erosion [63, 64]. The main roads
passing through the Shazand watershed were found to be the main causes for the occurrence and
development of gullies. Some previous research in other study areas also identi�ed roads as an
important conditioning factor, for example, Wemple et al. [65], Moyerson [66], Mekonnen et al. [67] and
Yazie et al. [68]. Road construction and development increases runoff and expands erosion by increasing
impermeable surface areas [11]. Topographic factors such as altitude and slope were also identi�ed as
important factors in the study area. Results showed that low attitude areas, which are plains in the study
area, have a high susceptibility to gully erosion. Chen et al. [11] also pointed to the effect of altitude on
erosion. Altitude can also affect land use of the study area and land use is one of the factors affecting
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erosion. In the study area, agricultural land use had the highest susceptibility to gully erosion. In
agricultural land, surface water is concentrated, soil is disturbed, and the land has no vegetation for part
of the year. Most of the gullies developed on the agricultural lands, possibly because the soils in
cultivated areas are deeper and can be eroded with runoff water at greater depth [68]. This result agreed
with other research in many parts of the world. Belay and Bewket [69] explained that most of the gullies
were located on agricultural and grazing lands. Mosavi et al [13] showed that land use is one of the most
important factors affecting the soil erosion in Talar watershed, Iran. Tibebu et al. [70], Mekonnen et al.
[71], Rodrigo-Comino et al. [72] and Arabameri et al. [73] also showed that land use is one of the key
variables affecting the soil erosion. Another important topographic condition factor in the study area is
slope. This factor can control drainage intensity, surface runoff, and detachment of soil particles [74].
Surface and sub-surface runoff occur usually on moderate slopes, and these areas are more susceptible
to gully erosion [75]. Rainfall is one of the most important conditioning factors of gully erosion in the
study area. Rainfall causes erosion by runoff production. Due to heavy rainfall and low vegetation cover
in arid and semi-arid regions such as the Shazand watershed, the effect of rainfall on gully erosion is very
signi�cant [11, 14, 16, 76]. Distance from faults is an important conditioning factor for gully erosion in the
Shazand watershed. Faults may cause the earth crust to move, and thereby affect the erosion rate [52].
Accuracy assessment of the models showed that the RF and BRT models have highest value of AUC. The
RF algorithm can better manage missing data in the training and validating sections [47]. Other natural
hazard assessment research applied to forest volume estimation [77], landslides [78], earth �ssures [79],
gully erosion [80], air quality [81], subsidence [52], and badland erosion [82] has determined that the RF
and BRT models performed well. More study is needed on model comparison before suggesting the best
model for various studies. Gully erosion has many negative social effects, such as reduction of arable
land, reduction of suitable area for urban development, human migration, loss of property and life, and
�ood impacts and hazards that can affect urban and rural infrastructures [76]. Regarding these effects,
management and control of gully erosion is an essential component of natural- and human-resources
management. One of the �rst steps to manage and control gully erosion in this area is gully erosion
susceptibility mapping. Table 1 showed that about 234 to 385 km2 of the Shazand watershed has very
high susceptibility to gully erosion, so it is very important to pay attention to this phenomenon in this
region.

6 Conclusion
Gully erosion is a very important phenomenon in the Shazand watershed that causes soil degradation
and erosion, and the destruction of infrastructure. Regarding this condition, an accurate investigation of
the probability of gully erosion occurrence and development is required for conservation of environmental
and natural resources such as soil and reduction of potential hazards. The main objective of this
research was gully erosion susceptibility mapping using �ve machine learning techniques. After creating
susceptibility maps, ROC curve and AUC were used to assess the accuracy of the models. Results showed
that the RF and BRT models are very good for gully erosion susceptibility mapping in the Shazand
watershed. Prioritization of the conditioning factors also showed that distance from roads, altitude, and
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rainfall are the most important factors. Results showed that about 40 percent of the study area has high
to very high susceptibility to the gully erosion, so control and management of this phenomenon is
essential in Shazand watershed. Gully erosion susceptibility maps prepared in Shazand watershed are a
very important tool for decision makers, planners, and engineers. The identi�ed areas with high and very
high susceptibility suggest priority areas to focus efforts to manage and control gully erosion and soil
loss.
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Figures

Figure 1

Location of the study area in Iran and Markazi province

Figure 2

Conditioning factors maps in the study area

Figure 3

Conditioning factors prioritization calculated by the RF model.

Figure 4

Gully erosion susceptibility map of Shazand watershed (RF model).
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Figure 5

Gully erosion susceptibility map of Shazand watershed (BRT model).

Figure 6

Gully erosion susceptibility map of Shazand watershed (FDA model).
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Figure 7

Gully erosion susceptibility map of Shazand watershed (GLM model).

Figure 8

Gully erosion susceptibility map of Shazand watershed (MDA model).

Figure 9

The ROC of �ve machine learning techniques


