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Abstract 

Soil erosion by water constitutes a serious problem affecting various countries. In the last few years, 

a number of studies have adopted statistical approaches for erosion susceptibility zonation. In this 

study, the Stochastic Gradient Treeboost (SGT) was tested as a multivariate statistical tool for 

exploring, analyzing and predicting the spatial occurrence of rill-interrill erosion and gully erosion. 

This technique implements the stochastic gradient boosting algorithm with a tree-based method. 

The study area is a 9.5 km
2
 river catchment located in central-northern Sicily (Italy), where water 

erosion processes are prevalent, and affect the agricultural productivity of local communities. In 

order to model soil erosion by water, the spatial distribution of landforms due to rill-interrill and 

gully erosion was mapped and 12 environmental variables were selected as predictors. Four 

calibration and four validation subsets were obtained by randomly extracting sets of negative cases, 

both for rill-interrill erosion and gully erosion models. The results of validation, based on receiving 

operating characteristic (ROC) curves, showed excellent to outstanding accuracies of the models, 

and thus a high prediction skill. Moreover, SGT allowed us to explore the relationships between 

erosion landforms and predictors. A different suite of predictor variables was found to be important 

for the two models. Elevation, aspect, landform classification and land-use are the main controlling 

factors for rill-interrill erosion, whilst the stream power index, plan curvature and the topographic 

wetness index were the most important independent variables for gullies. Finally, an ROC plot 

analysis made it possible to define a threshold value to classify cells according to the 

presence/absence of the two erosion processes. Hence, by heuristically combining the resulting rill-

interrill erosion and gully erosion susceptibility maps, an integrated water erosion susceptibility 

map was created. The adopted method offers the advantages of an objective and repeatable 

procedure, whose result is useful for local administrators to identify the areas most susceptible to 

water erosion and best allocate resources for soil conservation strategies. 

 

1. Introduction 

Soil erosion by water constitutes a serious land degradation phenomenon affecting around one 

billion hectares in the world (Lal, 2003), causing the reduction of vegetation growth, siltation of 

water courses, filling of valleys and reservoirs, and formation of deltas along coastal areas (Kosmas 

et al., 1997). Water erosion on hillslopes is generated by rainsplash and overland runoff, mainly 

taking the form of rill-interril and gully erosion, the former including five individual sub-processes: 

splash erosion, sheetwash, rainflow, runoff and piping (Bryan, 2000). Their distribution on the 

slopes is mainly influenced by micro-topography, vegetation, animal tracking and tillage operations 



AC
C

EP
TE

D
 M

AN
U

SC
R

IP
T

ACCEPTED MANUSCRIPT

 3 

(Bryan and Kuhn, 2002). Gully erosion is one of the most complex erosion phenomena (Poesen et 

al., 2003; Chaplot et al., 2005), most often triggered or accelerated by a combination of 

inappropriate land use and extreme rainfall events (Valentin et al., 2005). In semi-arid and arid 

regions, the contribution of gullies to the overall sediment production was estimated to be 50–80% 

(Poesen et al., 2002). Gully erosion involves a wide range of sub-processes, such as head-cut 

retreat, piping, fluting, tension crack development and mass wasting (Imeson and Kwaad, 1980). 

Furthermore, gully evolution has been recognized to occur in subsequent stages: more than 90% of 

gully length is formed during the first stage of gully initiation (5% of the gully‟s entire lifetime), 

while its morphologic conditions are relatively stable during the remaining stages (Sidorchuk, 

1999). 

As both rill and gully erosion are threshold phenomena (Emmett, 1970; Dunne and Aubry, 1986; 

Montgomery and Dietrich, 1994), several studies have focused on defining the hydraulic and 

topographic conditions for predicting the initiation of rills and gullies (Govers et al., 2007). 

Numerous types of experimental plots and laboratory flumes have been used to identify hydraulic 

indices for rill initiation and development (Merritt, 1984; Govers, 1985; Govers and Rauws, 1986; 

Torri et al., 1987; Bryan, 1990; Prosser et al., 1995; Giménez and Govers, 2001; Cerdan et al., 

2002; Yao et al., 2008; Wirtz et al., 2012; Di Stefano et al., 2013). Studies showed that the 

hydraulic indices that most influence rill initiation are: shear velocity (Govers, 1985), stream power 

(Rose, 1985) and unit stream power (Moore and Burch, 1986). Research on gully erosion thresholds 

is commonly based on the hypothesis that Hortonian overland flow dominates the gullying process. 

Indeed, several experiments aimed at predicting gully initiation points use saturation overland flow 

as a dominant factor (Patton and Schumm, 1975; Foster, 1986; Thorne et al., 1986; Merkel et al., 

1988; Auzet et al., 1995). Saturation overland flow mainly depends on two terrain attributes: the 

upslope drainage area (As) and the slope gradient (S). An inverse relationship between these two 

attributes has been widely used to predict the location and size of gullies (e.g. Moore et al., 1988; 

Desmet and Govers, 1997; Vandekerckhove et al., 1998). However, several studies have suggested 

that other factors should be included in gully occurrence models (Montgomery and Dietrich, 1988; 

Bocco, 1991; Chaplot and Bissonnains., 2003; Poesen et al., 2006). Actually, where Horton 

overland flow is rare, more processes can be recognized as contributing to gully initiation and 

development, namely, incision by saturation overland flow, seepage erosion, shallow landsliding 

and piping (Imeson and Kwaad, 1980). 

In addition to a threshold approach, features and locations of soil erosion processes may also be 

predicted by using bivariate to multivariate statistical techniques. These methods allow an 

investigator to explain the occurrence of erosion processes, by crossing the spatial distribution of 
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the water erosion landforms (the outcome) with that of a set of geo-environmental variables (the 

predictors). 

In the field of geomorphology, computer-aided statistical methods have been widely adopted to 

assess landslide susceptibility (e.g. Guzzetti et al., 1999, 2006; Neuhäuser and Terhorst, 2007; 

Carrara and Pike, 2008; Rossi et al., 2010; Vergari et al., 2011; Marjanović et al., 2011; 

Pozdnoukhov et al., 2011; Rotigliano et al., 2011; Costanzo et al., 2012; Ballabio and Sterlacchini, 

2012; Costanzo et al., 2013; Lombardo et al., 2014, 2015; Conoscenti et al., 2015). An increasing 

number of studies have also adopted a stochastic approach for zoning water erosion susceptibility. 

In addition to bivariate analyses (Conoscenti et al., 2008, 2013; Conforti et al., 2010; Magliulo, 

2010; Lucà et al., 2011; Magliulo, 2012) different multivariate statistical methods have also been 

employed to this aim, such as logistic regression (Lucà et al., 2011; Conoscenti et al., 2014), 

classification and regression trees (Geissen et al., 2007; Gómez Gutiérrez et al., 2009a; Märker et 

al., 2011), and multivariate adaptive regression splines (Gómez Gutiérrez et al., 2009a,b, 2015). 

In the present study, we adopted the Stochastic Gradient Treeboost (SGT, Friedman, 1999) as a 

multivariate statistical tool for exploring, analyzing and predicting the spatial occurrence of soil 

erosion processes. SGT integrates the stochastic gradient boosting algorithm (Friedman, 2001) with 

a tree-based method, which generally results in accurate and robust predictions (Friedman, 2002) 

with low overfitting effects (Brenning, 2005). Moreover, SGT can work with a variety of 

independent variables, such as categorical, binary, ordinal or continuous types (Elith et al., 2008). 

SGT was applied by exploiting the Salford Systems implementation in TreeNet®, using a tree 

complexity of six nodes and a bag fraction of 0.75. As SGT provides an estimate of the probability 

of presence for each mapping unit, it is suitable for preparing water erosion susceptibility maps. 

These show how proneness to erosion changes over an area, providing useful information for 

establishing land use plans and remediation strategies. However, despite the increasing attention 

paid to the statistical modeling of erosion susceptibility, relatively few studies have attempted to 

assess susceptibility conditions for different erosion processes (Flügel et al., 2003; Geissen et al., 

2007; Conoscenti et al., 2008; Märker et al., 2011; Magliulo, 2012). The main objectives of this 

study are: (1) to explore the ability of SGT to predict the spatial occurrence of rill-interrill and gully 

erosion; (2) to better understand the relationships between these erosion processes and their 

controlling factors; and (3) to design a methodological approach for preparing combined water 

erosion susceptibility maps. The study was carried out in a small basin of central-northern Sicily 

(Italy), where severe soil erosion processes affect the productivity of local agricultural systems. In 

this area, different statistical methods were employed to predict gully occurrence: Conoscenti et al. 

(2014) applied the Forward Stepwise Logistic Regression (FSLR) analysis, comparing the 
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performance of grid-cell and slope units based models, while Gómez-Gutiérrez et al. (2015) applied 

the Multivariate Adaptive Regression Spline (MARS), testing different pixel sizes (2, 4, 10, 20 and 

50 m). 

2. Materials and methods 

2.1. Study area 

The study area is the San Giorgio River catchment, which extends for approximately 9.5 km
2
 in the 

head sector of the Imera Meridionale River, one of the main fluvial systems of Sicily (Fig. 1). The 

elevation ranges from 585 to 1,020 m a.s.l., whereas the mean slope in the area is 11°. The rainfall 

is mainly concentrated in a few days during autumn and winter, while spring and summer are 

characterized by dry conditions, with an average yearly precipitation of nearly 700 mm (Conoscenti 

et al., 2014). 

The San Giorgio River catchment is characterized by the wide outcropping of Upper Cretaceous to 

Lower Messinian clay sediments that occupy almost 90% of the total area. These deposits give rise 

to gentle slopes, which are only interrupted by morphological steps where less erodible 

conglomerates (Upper Tortonian-Lower Messinian), gypsum (Messinian) and sandstones (Lower 

Messinian) crop out. The fluvial network, characterized by an intermittent hydrological regime, 

develops through a typical rural agricultural landscape, dominated by crops, fruit tree orchards and 

pastures. 

Because of intensive agricultural activities, soils in most of the study area are degraded and 

compacted. The soils are generally thin and weakly developed (mainly regosols and cambisols), 

with a fine-medium texture (Fierotti et al., 1988; Montana et al., 2011); they easily form surface 

crusts giving rise to the loss of porosity continuity. As a consequence, infiltration is reduced during 

intense rainfall events, whilst runoff and soil erosion increase. 

2.2. Erosional landforms 

In light of the widespread presence of a clayey substratum, the morphodynamic activity in the San 

Giorgio catchment is dominated by gravitational (mud- and debris-flows) and intense water erosion 

(sheet, rill and gully erosion). By integrating field surveys and visual interpretation of available 

high-resolution orthophotos (pixel size 0.25 m, year 2007), the water erosional landforms affected 

by rill-interrill erosion and gullying were mapped. 

Evidences of rill-interrill erosion are in general hard to identify from remotely-sensed data (Fig. 2). 

Moreover, the ephemeral nature of these landforms does not always make their recognition 

possible. In this study, a preliminary inventory was prepared using orthophotos by mapping all 
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patches with sparse vegetation cover and/or light soil color, which were considered as a signal of 

rill-interrill erosion processes (Conoscenti et al, 2008). Then, field-checks were carried out to 

validate the mapped rill-interrill erosion features. 

Two different rill geometries were detected: dendritic and parallel patterns. The dendritic pattern 

rills form a dense branching network that gradually converges downwards (Ludwig et al., 1995). On 

the contrary, the parallel pattern shows rills that are uniformly distributed on the slope with a 

relatively close spacing (40 cm), often corresponding to wheel tracks or other tillage consequences. 

In general, rill-interrill landforms occur on moderately steep cultivated parcels (Fig. 2b,c). The final 

inventory includes 180 rill-interrill areas with a total extent of 0.83 km
2
 (8.75% of the whole 

catchment). 

An existing database of 260 gullies was available for the whole San Giorgio River basin 

(Conoscenti et al., 2014), whose spatial distribution shows that almost all gullies (98% of total gully 

length) developed on slopes underlain by clay sediments. Moreover, permanent gullies are often 

connected to headwater channel networks (Fig. 3a), while ephemeral gullies are mainly controlled 

by drain outlets of roads, tractor ruts and parcel borders. In addition, some gully head-cuts are 

located on the depletion zones of shallow landslides, where sediments are poorly consolidated and 

the concavity of the topography favors concentrated runoff (Conoscenti et. al, 2014). Both V-

shaped and U-shaped cross-section profiles for gullies were recognized (Fig. 3b,c); their lateral 

walls and head-cut sectors are characterized by desiccation cracks, evidence of piping, falls and 

seepage sub-processes. The morphometric features of the gullies showed a maximum cross section 

depth of ca. 2 m, while the gully-lengths range from a few meters to around 500 m. 

The inventory map prepared is shown in Fig. 4. In order to set the binary status of the dependent 

variable, the San Giorgio catchment was partitioned into 2 m grid cells. Based on the spatial 

distribution of rill-interrill and gully landforms, each cell was coded as a positive or negative case 

depending on the presence or absence of each landform type. The final layer was composed of 

189,526 cells coded as positive to rill-interrill erosion, and 49,360 cells coded as positive to gullies. 

2.3. Environmental factors 

Soil erosion is controlled by numerous factors such as climate, topography, soil properties, 

vegetation cover and agriculture practices. In the present study, several environmental variables 

were selected to represent the potential soil erosion controlling factors. In particular, the data set of 

the predictors consists of four discrete variables (outcropping lithology, land use, slope aspect and 

landform classification; Table 1) and eight continuous variables (length-slope factor, the 
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topographic wetness index, the stream power index, plan and profile curvatures, elevation, distance 

to the river and slope angle; Table 2), whose spatial distributions are shown in Fig. 5. 

At the basin scale, the soil characteristics are generally described according to the lithology of the 

parent bedrock (de Vente and Poesen, 2005). Hence, bedrock lithology was used to represent the 

erodibility of the soils. By integrating an available 1:50,000 geological map of the Imera 

Settentrionale River basin (Abate et al., 1988), with orthophoto interpretation and field surveys, a 

1:10,000 lithological map was derived for the LITHO variable. 

Erosion is related to vegetation and land use. A number of papers have demonstrated that the energy 

of a raindrop‟s impact is reduced by the presence of a vegetation cover, and that vegetation and 

organic litter increase surface roughness thus also contrasting water runoff (Cerdan et al., 2002). To 

explore the effect of vegetation and soil use, a 1:10,000 land use map based on the CORINE land 

cover classification was derived via orthophoto interpretation. 

To model the erosive power of runoff, 10 primary and secondary topographic attributes were 

included in the statistical analyses. These attributes were derived from a 2-m-cell digital elevation 

model (DEM), using the System for Automated Geographical Analysis (SAGA) software (Olaya 

and Conrad, 2008). 

Soil erosion susceptibility is influenced by slope aspect (Imeson and Lavee, 1998) in relation to 

exposure to sunlight and soil aggregate stability. The aspect raster layer extracted from the DEM 

(Zevenbergen and Thorne, 1987) was classified into eight categorical intervals (Table 1). The 

topographic wetness index (TWI), which is assumed to discriminate between wet and dry areas, was 

selected to indirectly identify potentially water-saturated zones (Beven and Kirkby, 1979). Because 

of the importance of the geomorphic characteristics of the drainage basin upstream from gullies and 

rills (Schumm and Hadley, 1957; Poesen et al., 1996), slope gradient (SLO) (Zevenbergen and 

Thorne, 1987) and upslope drainage area (SUB) (Desmet and Govers, 1995) were also used as 

predictor variables. The relationship between catchment area and slope gradient was described by 

exploiting two important geomorphological indexes: the stream power index (SPI) and the length-

slope factor (LSF), both modeling runoff and overland flow. SPI is a measure of the erosive power 

of water flow based on the assumption that the discharge is proportional to the specific catchment 

area and to the slope gradient (Moore et al., 1991; 1993). LSF reflects sediment transport capacity, 

depending on slope steepness and length (Renard et al., 1997). To express the effects of the terrain‟s 

local morphometry on the overland flow distribution, plan curvature (PLC) and profile curvature 

(PRC) were also included. These attributes depict the spatial distribution of the concavity and 

convexity of the land surface, which can be associated with flow convergence and divergence, 

respectively (Moore et al., 1991). The influence of the topographic position was analyzed using the 
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following attributes: elevation (ELE), overland flow distance to the river network (OFD) and 

landform classification (LAND). The LAND raster layer was determined by applying Jenness‟s 

(2006) algorithm and classifying the landscape using two topographic positioning index grids at 

different scales, defined by circular neighborhoods with radii of 100 and 1000 m.  

When using stochastic modeling to describe geomorphological phenomena, multicollinearity could 

be a severe limitation. Some spatial correlations are expected between the predictors, e.g., land-use 

can be controlled by topography and/or lithology, which in turn directly control the land surface 

morphology. However, the variable selection by SGT is robust to collinearity amongst predictors 

and to the presence of irrelevant predictors, and therefore does not require prior variable selection or 

data reduction (Friedman, 2002; Pittman et al., 2009). 

2.4. Modeling strategy and validation procedure 

SGT was designed to enhance the prediction accuracy of potentially weak predictors (Hancock et 

al., 2005), which exploits the Classification And Regression Trees (CART) model (Breiman et al., 

1984) as a base predictor in building ensemble machine learning models. It works by a recursive 

binary stage-wise partitioning process of the input data, which are sequentially broken up into 

smaller pieces (Berk, 2008). By using SGT, many small classification or regression trees are 

sequentially built from residual-like measures of the previous tree (Wu et al., 2008). 

The purpose of boosting is to apply a forward stage-wise additive modeling and optimize the novel 

exponential loss function (Freund and Schapire, 1997). At each iteration, a subsample fraction of 

the training observations is randomly selected (without replacement) to obtain a refined training set 

that will be used to grow the next tree (Friedman, 2002). In this way, each additional term of the 

model contributes progressively to refine the overall model accuracy. SGT can be applied to predict 

both continuous (regression-type model) and discrete (classification-type) response variables, from 

a set of continuous and/or categorical predictors. It yields a probability value varying from 0 

(negative case/absence) to 1 (positive case/presence). 

In this study, SGT was applied on balanced (positives/negatives) sampled data sets, each including 

all the positive (eroded) cells and an equal number of randomly extracted negative (un-eroded) 

cells. Therefore, samples made of 379,052 and 98,720 cases were obtained, for rill-interrill 

susceptibility models (RISMs) and gully erosion models (GUSMs), respectively. In addition, four 

different samples (S1, S2, S3, and S4) were prepared for the RISMs as well as for the GUSMs (S5, 

S6, S7, and S8) in order to evaluate the robustness of the model building procedure. The four 

samples of each set share the same positive cases, whilst the subsets of equal number of negative 

cases were extracted by means of a random sampling without replacement using GIS. In this way, 
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possible sources of variation in the results produced by the particular set of extracted negatives 

could be detected. 

Each sample was first randomly split into calibration (75%) and validation (25%) balanced 

(positives/negatives) subsets. The calibration subset was then used to fit the SGT model, while the 

validation subset let us test its prediction skill. The ability of the model in predicting the known 

(75%) and the unknown (25%) cases was then evaluated, attesting for its goodness of fit and 

prediction skill, respectively. The comparison of the two types of predictive performance of 

GUSMs and RISMs also allowed us to evaluate possible overfitting effects. The predictive 

performance was assessed by constructing receiver operating characteristic (ROC) curves 

(Goodenough et al., 1974; Lasko et al., 2005) and by computing the values of the area under the 

ROC curve (AUC; Hanley and McNeil, 1982). An ROC curve plots the true positive rate 

(sensitivity) against the false positive rate (1-specificity), for all possible cut-off values; sensitivity 

is computed as the fraction of cells hosting erosion features that were correctly classified as 

susceptible, while specificity is derived from the fraction of cells not-hosting erosion landforms that 

were correctly classified as non-susceptible. The closer the ROC curve to the upper left corner of 

the plot (AUC = 1), the higher the predictive performance of the model. Following Hosmer and 

Lemeshow (2000), the prediction skill of the models may be considered acceptable, excellent and 

outstanding when AUC values are higher than 0.7, 0.8 and 0.9, respectively. ROC curves were 

drawn both for the calibration (training) and validation (test) data sets, in order to verify possible 

overfitting effects. At the same time, stability through the replicates was employed to estimate the 

reliability of the model. 

However, a complete validation of a susceptibility model, together with an evaluation of its overall 

AUC value, has to be based on the number of prediction successes and failures as well as their 

spatial distributions. To evaluate this, after RISMs and GUSMs provided the two correspondent soil 

erosion susceptibility maps, the response variable (the probability of a positive) was binarized into 

presence or absence by using a threshold probability value. Typically, discrimination between 

predicted positives and negatives is obtained by setting 0.5 as the probability cut-off (Lucà et al., 

2011; Märker et al., 2011; Conoscenti et al., 2013, 2014). However, more objective criteria based 

on the analysis of the ROC curves have been recently proposed for identifying an optimal threshold 

value (Fawcett, 2006; Freeman and Moisen, 2008; Gómez Gutiérrez et al., 2009a; Schindler et al., 

2011). Freeman et al. (2008) demonstrated that, especially for data sets with very high or very low 

observed prevalence, accuracy values increase if a threshold criterion is adopted. 
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In the present study, ROC plots were used to determine the optimal cut-off point of the models‟ 

score, by adopting Youden‟s index (J) (Youden, 1950), with J corresponding to the maximum 

vertical distance between the ROC curve and the first bisector according to: 

 

J = Maximum (sensitivity + specificity – 1)                           (1). 

 

Finally, in order to evaluate the ability of SGT to construct susceptibility models to soil erosion, the 

relationships between the predictors and the outcome were analyzed. The tree construction process 

can be considered as a type of variable selection (Guyon et al., 2006). In particular, SGT provides a 

relative importance score, which describes the individual contribution of each predictor to the 

response variable in the tree model. The variables are entered into the model based on their 

contribution to the impurity reduction at each split (Xie et al., 2009). The relative contribution of 

the predictor variables to the overall distribution patterns of erosional landforms is based on the 

improvements of all splits associated with a given variable across all trees in the model (Friedman, 

2002). Hence, the variable contribution to the model performance is rescaled across all trees so that 

the most important variable always gets a score of 100. 

In addition, SGT furnishes the partial dependency plots (response curves) of the predictors. A 

partial dependency plot illustrates the relative index as a function of the predictor in the context of 

the multivariate model (Cai et al., 2014). The y-axis (partial dependence) is a log odds of the 

presence of erosion landforms. A value of zero corresponds to a zero discrimination (probability of 

a positive case equals the probability of a negative case). A positive partial dependence indicates 

preference, while a negative partial dependence indicates avoidance. Together with testing the 

geomorphological adequacy of the fitted model, exploring the inner structure of a susceptibility 

model makes it possible to quantitatively define and verify the geomorphological interpretation of a 

given process from a stochastic perspective. 

 

3. Results 

3.1. Performance and reliability of predictive models 

The AUC values of the RISMs for calibration and validation subsets are reported in Table 3. The 

validation AUC values range from 0.822 to 0.846, indicating an excellent predictive performance 

for the four data sets. In addition, the AUC values for the four data sets are quite similar and the 

modeling approach can be considered as robust to changes of learning samples. Table 4 shows the 

AUC values obtained for the GUSMs. These models exhibit an excellent to outstanding predictive 

skill (AUC = 0.867 – 0.921) and their performance is quite stable when the learning samples 
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changed. The almost perfect agreement between calibration and validation AUC values for both the 

susceptibility models indicates that no relevant overfitting has been produced. 

The best performing RISM and GUSM were used to prepare the maps of susceptibility to rill-

interrill erosion (Fig. 6) and gully erosion (Fig. 7) for the entire San Giorgio catchment. By 

adopting the J index, 0.533 and 0.667 probability cut-off values were obtained for the RISM and 

GUSM susceptibility models, respectively (Fig. 8). Based on these cut-off values, the probability of 

erosion occurrence for each cell was converted into a binary (positive/negative) prediction to obtain 

the spatial distribution of cases correctly classified (true positives and negatives) and incorrectly 

classified (false positives and negatives) for the two susceptibility models. Fig. 9 portrays: i) maps 

showing the distribution of true positive (TP), false positive (FP), true negative (TN) and false 

negative (FN) cases within the basin, and ii) four-fold plots summarizing the number of the four 

categories. 

Table 5 summarizes the main accuracy statistics obtained for the best models for the whole basin, 

for both RISM and GUSM. In particular, the RISM susceptibility map correctly explains the 

presence of 76% of rill-interrill erosion landforms (TP or sensitivity) and 77% of un-eroded cases 

(TN or specificity). At the same time, the model provides a prediction in contrast with the 

geomorphological inventory map (1 − precision) for 76% of the predicted positives (25% for the 

regressed best data set). The GUSM susceptibility map attests for 76% and 90% of correctly 

classified positive and negative observed cases (TP and TN). For the remaining cases, the GUSM 

map incorrectly predicts 85% of the predicted positives (15% for the regressed best data set). 

3.2. Variable importance 

Each variable‟s importance is ranked for both the susceptibility models (Fig. 10). ELE and SPI are 

the most important predictors for rill-interrill erosion and gully erosion, respectively. ASP, LAND 

and USE also showed a strong relationship with rill-interrill erosion. Regarding the occurrence of 

gullies, PLC, TWI and ELE are the most important predictors after SPI. 

To better understand the spatial relationships between the erosion landform distribution and the 

variability of the selected attributes, partial dependence plots were prepared for the three most 

important predictors of rill-interrill and gully erosion (Fig. 11). Regarding the rill-interrill erosion, a 

complex trend was obtained for elevation (Fig. 11a), which, however, clearly indicated a positive 

correlation in the 760–950 m range. East- and southeast-facing slopes are the only aspect conditions 

that lower the probability of rill-interrill erosion (Fig. 11b), as well as mid-slope ridges and 

mountain tops (Fig. 11c). SPI values greater than approximately 500 m (Fig. 11b), planar 
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concavities (Fig. 11d) and TWI values higher than 8 m (Fig. 11f) are the predisposing conditions for 

gullies. 

3.3. Combined susceptibility map 

An integrated water erosion susceptibility map for the San Giorgio catchment was prepared (Fig. 

12) by heuristically combining the best RISM and GUSM, in which four different cases are 

discriminated: 

(1)  If both probability values are lower than their corresponding cut-off values, the pixel is 

classified as a negative case (not or barely susceptible to soil erosion). 

(2)  If only the RISM probability value exceeds J, then the pixel is mapped as susceptible to rill-

interrill erosion. 

(3)  If only the GUSM probability value exceeds J, the pixel is considered as susceptible to gully 

erosion. 

(4)  If both probability values are above their J values, the pixels are identified as susceptible to 

rill-interrill erosion and gully erosion simultaneously. 

4. Discussion 

The results confirmed the use of SGT as suitable for assessing both rill-interrill and gully erosion 

susceptibilities. In particular, the overall accuracy of the best RISM and GUSM (Fig. 9) were 

excellent (AUC = 0.846) and outstanding (AUC = 0.921), respectively. At the same time, the 

susceptibility maps based on the optimal selection of the cutoff probability values (Table 5), 

indicate a higher accuracy and specificity for the GUSM. The two models resulted in the same 

sensitivity (0.76), indicating the same skill in predicting future rill-interrill areas and gullies. 

However, by looking at the specificity, a larger false positive prediction is produced by the RISM, 

indicating that the conditions for rill-interrill erosion are more widespread than the current related 

landforms.  

The map shown in Fig. 9a allows us to verify that the false positives are very common in the form 

of patches throughout the whole basin, with a geometry very similar to the mapped erosion 

landforms in the same sectors. This suggests that one or more controlling factors, which were not 

included among the predictors, could be relevant for the activation/inactivation of the rill-interrill 

erosion in the susceptible areas. We hypothesize that, as these false positive areas are mainly 

present on arable land, reliable data on the cropping techniques could provide a response to this. At 

the same time, the general lower accuracy in predicting rill-interrill erosion could be related to the 

difficulty in recognizing areas affected by this type of erosion. Mapping methods based on the 
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photo-interpretation heavily depend on both the quality of the images and the ephemeral nature of 

the mapped erosion landforms. Moreover, evidence of rill-interrill erosion is characterized by high 

temporal variability and can be easily obliterated by tillage operations. 

The same analysis for gullies (Fig. 9b) clearly shows that false positives describe very similar 

spatial patterns to the current gullies (true positives). Very frequently, the false positive patterns 

define the headward retreatment trend of the current gullies. 

The results obtained in this study are compared with those from similar studies, considering 

differences in the adopted experiment design. Although the use of SGT resulted in excellent 

prediction, literature discussing SGT for modeling soil erosion is limited. Märker et al. (2011) 

predicted susceptibility to erosion and mass wasting in the Chianti region (north Italy) using SGT. 

Their results (AUC = 0.931 or 0.981) show outstanding SGT performances. Conoscenti et al. (2014) 

and Gómez-Gutiérrez et al. (2015) predicted gullies using the same inventory and similar predictors 

for the San Giorgio River basin by applying logistic regression (LOGREG) and multivariate 

adaptive regression spline (MARS). Compared to our GUSM results, Conoscenti et al. (2014) 

obtained a slightly lower accuracy (AUC = 0.823) using a 5 m grid-cell model, while Gómez-

Gutiérrez et al. (2015) achieved a very similar accuracy (AUC = 0.895) for a 4 m grid-cell model, 

but a lower accuracy (AUC = 0.818) for a 2 m grid-cell model. 

The findings of the present research can also be compared with a study conducted in southern-

central Sicily (Naro River basin, 60 km away from the San Giorgio River) applying conditional 

analysis (CA) to unique condition units, i.e., homogeneous domains in terms of controlling factors 

for predicting gully and rill-interrill erosion susceptibility (Conoscenti et al., 2008). Although 

different metrics were adopted to estimate the overall performance of the predictive models (lift 

chart: success and prediction-rate curves), the results also confirmed the method‟s better accuracy in 

predicting gully erosion than rill-interrill erosion. CA was also used for assessing gully erosion 

susceptibility in a large basin of southern Sicily (the Magazzolo River basin, 70 km away from the 

San Giorgio River), obtaining the best AUC value of 0.742 (Conoscenti et al., 2013). SGT, together 

with MARS and LOGREG, resulted in better performances than CA. 

Different geo-environmental predictors were selected by the RISM and GUSM (Fig. 10). 

Topographic indices have the highest contribution in gully erosion prediction, while rill-interrill 

erosion is mainly influenced by discrete attributes. In particular, elevation, aspect, morphology, 

land-use and steepness are the most selected variables in the RISMs. Elevation indirectly expresses 

climate conditions and vegetation distributions on the hillslopes, which are considered as two of the 

most important factors influencing splash erosion and overland flow. Specifically, the elevation 

response curve (Fig. 11a) shows a positive correlation with probability of rill-interrill erosion if the 
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altitude is between 760 and 950 m a.s.l. This result may be explained by interpreting elevation as a 

proxy for rainfall intensity and considering that an elevation higher than 950 m a.s.l. only occurs in 

the extreme northern sector of the basin, where other factors, such as a high slope gradient and hard 

bedrock, are unfavorable for rill-interrill erosion. 

Another important predictor for rill-interrill erosion is slope aspect (Fig. 11c), which affects solar 

insolation, evapotranspiration, flora and fauna distribution and abundance (Wilson and Gallant, 

2000). In particular, for rill-interrill erosion, north-facing slopes are the most favorable. This result 

seems to be in conflict with previous studies (e.g. Marque‟s and More, 1992; Calvo-Cases et al., 

2003; López-Vicente et al., 2011), which indicate that south-facing slopes are more eroded because 

less soil moisture leads to less vegetation growth and consequentially less protection. However, 

more than 90% of the study area is cultivated; consequently, the effect of vegetation protection is 

negligible (Fig. 5).  

The results also show that rill-interrill erosion is active in upland zones, mid-slope drainages, plain 

zones and the upper portion of hill landform classes (Fig. 11e). Upland zones and the upper portions 

of slopes are characterized by convex surfaces. In these portions, soils are thin and poorly 

developed, overlying highly weathered bedrock where soil removal mainly occurs by raindrop 

impact and shallow surface flow. The increased steepness in the mid-slope accelerates rill 

development. 

This study has quantified the role of land-use and slope steepness in the rill-interrill erosion model 

(Fig. 10). The gentle slope surfaces of the San Giorgio River basin are largely devoted to cereals 

whose cropping cycle leaves the soil unprotected during the rainfall season between October and 

February. Therefore, the total runoff from cereal fields is often directly correlated to the annual 

precipitation (García-Ruiz, 2010). On the contrary, pastures located on the steeper sectors of the 

basin are dominated by shrubs. The shrubs protect the soil, improving organic matter content, soil 

structure and water infiltration (Koulouri and Giourga, 2007). 

Regarding gully erosion, SPI, PLC and TWI are the most influential independent variables (Fig. 10). 

The response curves for gully erosion show that SPI values larger than 100 m are positively 

correlated with gullying (fig. 11b), while TWI values larger than 7.6 m have a positive influence on 

GUSM construction (fig. 11f). Several researchers have used TWI and SPI to predict ephemeral 

gullies and identify their threshold values for gully initiation (Thorne et al., 1986; Moore et al., 

1988; Montgomery and Dietrich, 1994). Moreover, the PLC response curve (Fig. 11d) shows a 

maximum contribution of concave zones (PLC negative values) on the study area for gullying. 

These results provide further information about topographic thresholds for gully initiation and 

development in the landscape. 
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The variables important for the GUSM are similar to those of previous studies for the same study 

area but with different statistical approaches. Conoscenti et al. (2014) identified PLC, SPI, PRC and 

TWI as the most significant topographic predictors for gully erosion, while Gomez Gutierrez et al. 

(2015) identified TWI and ELE as the most important. 

By integrating the results of rill-interrill erosion and gully erosion modeling, a combined map of 

erosion susceptibility was produced (Fig. 12). This map shows ordinal categories of susceptibility to 

water erosion rather than explicit probability of occurrence. Few previous studies have explored 

susceptibility models that predict the location of different erosion processes in the same area. 

Marker et al. (2011) created a map where five erosion classes were represented: no erosion, rill-

interrill erosion; severe rill-interrill and gully erosion; inactive landslides; and active landslides. 

Giessen et al. (2007) constructed a model to predict superficial erosion processes (gullies, rills, and 

mass movements) and subterranean processes (sinkholes and tunnels). Although these studies 

included erosion models with more than one response variables, they do not establish an optimal 

cut-off value for discriminating between the two categories of response variable. On the contrary, 

the present paper tested the possibility of optimizing a threshold value for zoning soil erosion 

susceptibility. 

In the San Giorgio River basin, pixels identified as susceptible to severe soil erosion (prone to rill-

interrill erosion and gully erosion) represent only 2% of the whole catchment, and are concentrated 

in the highly steep north-facing slopes. Areas classified exclusively as “susceptible to rill-interrill 

erosion” are distributed as patches over a large part of the basin (26%), mainly located on smooth 

slopes above the drainage lines or on the upland areas. Zones prone to gullying are concentrated in 

valley bottoms of zero order catchments and in concave slopes (10%). Finally, surfaces classified as 

having low or extremely low susceptibility to water erosion correspond to more than 62% of the 

basin. These zones are mainly located on the upper and mid-slope portions of hills, characterized by 

low gradient and convex slopes. These results show that, although the two erosion phenomena are 

strictly connected and often coupled in nature, the combined erosion susceptibility map makes it 

possible to identify the specific conditions that favor rill-interrill erosion and gully erosion, and to 

discriminate between the two. 

5. Conclusions 

The present study carried out in the San Giorgio River catchment proved that SGT is a useful and 

reproducible method to generate erosion susceptibility models. It showed a high and stable accuracy 

in evaluating soil susceptibility to rill-interrill and gully erosion. Moreover, the use of a statistical 

approach permitted us to objectively measure the contribution of each predictor in explaining the 
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response variable of the model. A different suite of important predictors was selected for the two 

erosion models. ELE, ASP, LAND and USE were the most important variables in rill-interrill 

erosion modeling, while SPI, PLC and TWI were the most important variables for predicting 

gullying. Because the studied catchment is representative of the cultivated Mediterranean Apennine 

areas, the obtained results may be applied to wider areas. A combined map representing the spatial 

distribution of water erosion susceptibility over the basin was produced. It is useful for local 

administrators to identify the most susceptible areas to erosion within their jurisdiction and to 

develop effective soil conservation strategies. 
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Figure Captions 

 

Fig. 1. Study area. (a) Location in Sicily. (b) Imera Meridionale River basin. (c) Orthophotos (year 

2007) of the San Giorgio River catchment. 
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Fig. 2. Examples of rill-interrill erosion on cultivated soils in the San Giorgio River basin. (a) Area 

affected by rill-interrill erosion processes. (b) Development of a single rill. (c) Numerous closely 

spaced rills. 

Fig. 3. Examples of gullies within the San Giorgio River basin. (a) Permanent gully connected to its 

headwater channel network. (b) V-shaped gully. (c) U-shaped gulley. 

Fig. 4. Spatial distribution of water erosion landforms in the San Giorgio River basin. 

Fig. 5. Maps of the selected environmental controlling factors. 

Fig. 6. Rill-interrill erosion susceptibility maps. (a) Whole basin. (b) Zoomed sector of the basin 

with landforms. 

Fig. 7. Gully erosion susceptibility maps. (a) Whole basin. (b) Zoomed sector. 

Fig. 8. ROC-plots for the rill-interrill erosion susceptibility model (RISM) and the gully erosion 

susceptibility model (GUSM). The red segment corresponds to the maximum Youden index (J) on 

the ROC-curve. 

Fig. 9. RISM (a) and GUSM (b) regionalized maps showing the spatial distribution of true positive 

(TP), false positive (FP), true negative (TN), and false negative (FN) cases. In the lower left corner, 

the relative four-fold plots are presented. 

Fig. 10. Relative importance of variables (%), scaled in relation to the most important predictor 

(elevation, ELE, and the stream power index, SPI, for rill-interrill and gully erosion, respectively). 

PLC: plan curvature, TWI: topographic wetness index, ASP: aspect, OFD: overland flow distance, 

LITHO: lithology, LAND: landform, USE: land use, PRC: profile curvature, SLO: slope angle, LSF: 

length-slope factor. 

Fig. 11. Partial dependence plots of the three most important predictors for rill-interrill erosion and 

gully erosion. Values on the x-axis represent the response variable and the y-axis represents a 

relative index of occurrence. 

Fig. 12. Combined water erosion susceptibility map for the San Giorgio River basin. 

 

Table Captions 

 

Table 1. Discrete variables included in the erosion models. Their codes and the percentage of the 

surface covered by each variable are shown. 

Table 2. Continuous variables included in the erosion models. Their codes, SI units, mean values 

and standard deviation values are shown. 

Table 3. Area under the receiver operating characteristic curve (AUC) for rill-interrill erosion 

susceptibility models (RISMs), for both calibration (AUCtrain) and validation (AUCtest) subsets, 

computed for the four subsets (S1|–S4). 

Table 4. Area under the receiver operating characteristic curve (AUC) for gully erosion 

susceptibility models (GUSMs), for both calibration (AUCtrain) and validation (AUCtest) subsets, 

computed for the four subsets (S5–S8). 

Table 5. Accuracy statistics for the best data set and the whole basin, for both RISM and GUSM. 
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Table 1 

Discrete variable code % 

L
it

h
o
lo

g
y

  

(L
IT

H
O

) clay LTL_clay 62.6 

conglomerate LTL_cong 17.2 

gypsum LTL_gyps 14.2 

sandstone LTL_sand 6.0 

L
an

d
 u

se
 

(U
S

E
) 

arable land USE_arable 81.2 

permanent crops USE_crop 10.3 

pastures USE_pasture 8.5 

A
sp

ec
t 

  

(A
S

P
) 

north ASP_N 9.7 

north-east  ASP_NE 11.8 

east  ASP_E 11.8 

south-east  ASP_SE 13.4 

south  ASP_S 16.1 

south-west ASP_SW 15.9 

west  ASP_W 12.1 

north-west  ASP_NW 9.2 

L
an

d
fo

rm
  

 (
L

A
N

D
) 

open slopes L_open 56.5 

upper slopes L_upper 16.5 

U-shape valleys L_valley 10.2 

mid-slope ridges L_mridge 4.5 

mountain tops L_top 4.3 

deeply incised streams L_stream 2.7 

plains L_plains 2.2 

mid-slope drainages L_mdrain 1.9 

upland drainages L_upland 0.8 

hills in valleys L_hills 0.5 
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Table 2 

 

Continuous variable code unit mean std. dev. 

Length-slope factor  LSF none 2.5 1.4 

Topographic wetness index  TWI [m] 6.6 1.4 

Stream power index SPI [m] 121.4 5016 

Plan curvature  PLC [rad−1] 0.001 0.008 

Profile curvature PRC [rad−1] 0.0001 0.009 

Elevation ELE [m a.s.l.] 770.9 78.3 

Distance to the river OFD [m] 209.3 132.2 

Slope angle  SLO [°] 11.4 5.2 

 

  



AC
C

EP
TE

D
 M

AN
U

SC
R

IP
T

ACCEPTED MANUSCRIPT

 40 

Table 3 

 
RISM S1 S2 S3 S4 

AUCtrain 0.847 0.848 0.837 0.830 

AUCtest 0.846 0.846 0.830 0.822 
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Table 4 

 
GUSM S5 S6 S7 S8 

AUCtrain 0.926 0.922 0.900 0.873 

AUCtest 0.921 0.920 0.890 0.867 
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Table 5 

 

  

 RISM GUSM 

  

 Test  

dataset 

Whole 

basin 

Test  

dataset  

Whole 

basin 

Sensitivity 

TP/(TP+FN) 

 
0.81 0.76 0.84 0.76 

Specificity 

TN/(FP+TN) 

 
0.73 0.77 0.85 0.90 

1-precision 

1-(TP/(TP+FP) 

 
0.25 0.76 0.15 0.85 

Negative predictive value 

TN/(TN+FN) 

 
0.79 0.97 0.84 0.99 

Accuracy 

(TP+TN)/(FP+FN) 

 
0.77 0.77 0.85 0.90 
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Highlights 


• We explore the ability of Stochastic Gradient Treeboost in predicting the spatial occurrence of 

rill-interrill and gully erosion;  

• The overall accuracy of the susceptibility models is excellent;  

• The relationships between erosion processes and predictors is analyzed;  

• We design a methodological approach to create combined erosion susceptibility maps.  


