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A B S T R A C T

Gully erosion has been identified as an important soil degradation process and sediment source, especially in
arid and semiarid areas. Thus, it is useful to identify the spatial occurrence of this form of water erosion in the
landscape and the most vulnerable areas. In this study, we explored the effects of different pixel sizes on some
controlling factors extracted from a digital elevation model and remote sensing data when producing a gully
erosion susceptibility map (GESM) of Ekbatan Dam Basin, Hamadan, Iran. An inventory map of the gully
landforms was prepared based on global positioning system routes of the gullies, extensive field surveys, and
visual interpretations of satellite images obtained from Google Earth. Five data sets with pixel sizes ranging from
2 to 30m were obtained using topographic attributes and remote sensing data comprising the elevation, slope
degree, slope aspect, catchment area, plan curvature, profile curvature, stream power index, topographic po-
sition index, topographic wetness index, land use, and normalized difference vegetation index, which can affect
the distribution of gully erosion. For each data set, 70% and 30% of the data were selected randomly for cali-
brating and validating the models, respectively. The statistical relationships between the occurrence of gully
erosion and controlling factors were calculated using four machine-learning models, i.e., generalized linear
model, boosted regression tree (BRT), multivariate adaptive regression spline, and artificial neural network
(ANN). Statistical tests comprising the kappa coefficient and the area under the receiver operating characteristic
curve (AUC) were calculated for both the calibration and validation data sets to estimate the optimal pixel size.
The results showed that among the data sets with different pixel sizes, the optimal pixel size was 10m for each
model. In addition, the capacity of the four techniques for modeling gully erosion occurrence was quite stable
when the calibration and validation samples were changed in the data set. Finally, based on three changes of the
calibration and validation data sets with a pixel size of 10m, the BRT and ANN models obtained outstanding
performance (AUC > 0.9), where they had the highest goodness-of-fit and predictive power, and thus the
greatest robustness to changes in the calibration/validation data (i.e., lowest sensitivity to altering calibration/
validation data). Our results demonstrate the importance of selecting a suitable pixel size when producing a
GESM for soil and water management practices.

1. Introduction

Gully erosion has been identified as one of the most important
causes of soil erosion and degradation in western Iran (Rahmati et al.,
2016), as well as being a major source of the sediment delivered to
streams (Poesen et al., 2003). Identifying the distribution of areas

affected by gully erosion and vulnerable areas is useful for land use
planning, conservation practices, or mitigating soil erosion (Conforti
et al., 2011; Conoscenti et al., 2014; Pourghasemi et al., 2017; Rahmati
et al., 2017). Thus, various machine learning models including bi-
variate and multivariate statistical methods based on geographic in-
formation system (GIS) data have been used for assessing the
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susceptibility to gully erosion, such as logistic regression (Akgün and
Türk, 2011; Conoscenti et al., 2014; Lucà et al., 2011), classification
and regression tree (CART; Geissen et al., 2007; Gómez-Gutiérrez et al.,
2009; Märker et al., 2011), random forest (Eustace et al., 2011; Rahmati
et al., 2017), multivariate adaptive regression spline (MARS; Gómez-
Gutiérrez et al., 2009, 2015), conditional analysis (Conoscenti et al.,
2008; Magliulo, 2012; Conoscenti et al., 2013), information value
(Conforti et al., 2011; Lucà et al., 2011), weights-of-evidence (Rahmati
et al., 2016; Zabihi et al., 2018), frequency ratio (Rahmati et al., 2016;
Zabihi et al., 2018), maximum entropy (Pourghasemi et al., 2017),
support vector machine (Pourghasemi et al., 2017; Rahmati et al.,
2017), and artificial neural network (ANN; Pourghasemi et al., 2017;
Rahmati et al., 2017) techniques. Factors such as topographic attri-
butes, lithology, soil properties, climate, and land use can affect the
distribution of gully erosion, and thus they are often used as in-
dependent variables in these statistical models (Gómez-Gutiérrez et al.,
2015).

Many studies have investigated the susceptibility to gully erosion
but there is still some dispute over the most appropriate and optimal
pixel size to use for controlling factors when identifying areas that are
susceptible to gully erosion. Indeed, there is uncertainty about how to
conduct gully erosion modeling with different pixel sizes for the con-
trolling factors. Thus, Lucà et al. (2011) considered and compared bi-
variate and multivariate models of gully erosion susceptibility in
Northern Calabria, Italy, and they showed that different pixel sizes af-
fected the accuracy of the gully erosion susceptibility map (GESM),
where it was dependent on both the accuracy of the controlling factors
and the scale of the gullied areas. They concluded that the likelihood of
classifying an area as stable or according to a low class in susceptibility
mapping increased with the pixel size in the digital elevation model
(DEM) employed. However, Gómez-Gutiérrez et al. (2015) noted that
the availability of controlling factors at fine resolution (or a small scale)
is often low, especially in underdeveloped countries or poor areas. They
also found that in contrast to mapping or monitoring approaches,
controlling factors with high spatial resolution did not always provide
the best information for multivariate modeling purposes, whereas the
relationship between the resolution of topographic attributes and the
size of landforms (especially cross-sections) are important. Zhang et al.

(2008) reported that the topographic and hydrological attributes ex-
tracted from DEMs with various resolutions had different properties,
which could affect the results predicted by soil erosion models. Thus,
selecting a suitable or appropriate resolution is very important for
DEMs and other remote sensing data when studying the spatial patterns
of soil erosion processes (Lu et al., 2017). In addition, the effects of
different statistical techniques, mapping units, and spatial scales on the
maps should be considered carefully in order to select the most suitable
approach for each study area.

Statistical methods, especially multivariate techniques, are clearly
suitable for obtaining quantitative estimates of the locations of future
events such as landslides and gully erosion because susceptibility eva-
luations should be as objective as possible (Lucà et al., 2011). Among
these multivariate statistical models, ANN, boosted regression tree
(BRT), MARS, and generalized linear model (GLM) techniques have
contributed significantly to the field of susceptibility mapping, espe-
cially studies of landslides and gully erosion (Vorpahl et al., 2012;
Conforti et al., 2014; Youssef et al., 2016; Gómez-Gutiérrez et al., 2015;
Pourghasemi and Rossi, 2017; Pourghasemi et al., 2017; Rahmati et al.,
2017). The main advantages of these machine learning models are: (a)
the dependent variable is dichotomous (i.e., 0 or 1) and the predicted
values can be expressed as a probability; (b) they can use different types
of independent variables such as binary categorical, ordinal, and con-
tinuous; (c) there is no requirement to define preliminary assumptions
before using them; and (d) the independent variables do not necessarily
need to have normal distributions when used in these models (Lucà
et al., 2011; Rahmati et al., 2017).

The objectives of the present study were: (1) to obtain a series of
data sets with different resolutions in order to produce a GESM using
DEMs and remote sensing data from different sources; (2) to determine
the statistical relationships between gully occurrence and the control-
ling factors for each data set using machine learning models comprising
GLM, BRT, MARS, and ANN; (3) to select the best data set for each
model based on goodness-of-fit and predictive performance analyses;
and (4) to draw a GESM for each data set with the optimal pixel size
selected by different models.

Fig. 1. Location of the study area in Hamedan Province, Iran.
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