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Abstract
Currently, machine learning (ML) based gully susceptibility prediction is a rapidly expand-
ing research area. However, when assessing the predictive performance of ML models, pre-
vious research frequently overlooked the critical component of computational efficiency in 
favor of accuracy. This study aimed to evaluate and compare the predictive performance 
of six commonly used algorithms in gully susceptibility modeling. Artificial neural net-
works (ANN), partial least squares, regularized discriminant analysis, random forest (RF), 
stochastic gradient boosting, and support vector machine (SVM) were applied. The com-
parison was conducted under three scenarios of input feature set sizes: small (six features), 
medium (twelve features), and large (sixteen features). Results indicated that SVM was the 
most efficient algorithm with a medium-sized feature set, outperforming other algorithms 
across all overall accuracy (OA) metrics (OA = 0.898, F1-score = 0.897) and required a rel-
atively short computation time (< 1 min). Conversely, ensemble-based algorithms, mainly 
RF, required a larger feature set to reach optimal accuracy and were computationally 
demanding, taking about 15 min to compute. ANN also showed sensitivity to the number 
of input features, but unlike RF, its accuracy consistently decreased with larger feature sets. 
Among geo-environmental covariates, NDVI, followed by elevation, TWI, population den-
sity, SPI, and LULC, were critical for gully susceptibility modeling. Therefore, using SVM 
and involving these covariates in gully susceptibility modeling in similar environmental 
settings is strongly suggested to ensure higher accuracy and minimal computation time.
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1  Introduction

Gully erosion is the most pressing environmental issue driving landscape and soil deg-
radation worldwide (Poesen et al. 2003; Valentin et al. 2005; Mararakanye and Le Roux 
2012; Bennett and Wells 2019). Gullies not only reduce soil fertility (Pimentel et al. 1995), 
potentially leading to food insecurity, but also pose a significant challenge to the sustaina-
ble management of ecosystems across the globe (Poesen et al. 2003; Magliulo 2012; Gayen 
and Pourghasemi 2019; Hitouri et al. 2022). The global costs associated with soil erosion 
and subsequent sedimentation deposits, of which gullies account for the most, amount to 
$400 billion per year (Pimentel et al. 1995; Pimentel 2006). At the catchment scale, gullies 
contribute about 10–95% of total sediment losses, although they occupy a small proportion 
(less than 5%) of the landscape (Poesen et al. 2003; Roberts et al. 2022). Thus, predicting 
areas susceptible to gully erosion is required for targeted interventions to reduce the nega-
tive impacts of soil erosion at the catchment scale.

Although gully erosion research spans over a century (Castillo and Gómez 2016; Liu 
et al. 2021), gully modeling is still in its infancy compared to rill and sheet erosion (Rob-
erts et al. 2022), with well-established and widely adopted models worldwide, such as the 
universal soil loss equation (USLE) (Wischmeier and Smith 1978) and its derivatives, the 
revised USLE (RUSLE) (Renard et al. 1997) and modified USLE (MUSLE) (Williams and 
Berndt 1977). Besides, existing gully erosion models designed to simulate sediment yield, 
gully development, morphology, and head-cut retreat rates have not been widely used glob-
ally due to their geographic specificity, the complexity of their physical processes, and 
challenges in obtaining observation data (Balogh and Novák 2020; Roberts et  al. 2022). 
Traditional methods for assessing gully erosion involve the use of various devices, such 
as microtopographic profilers, rulers, total stations, tapes, and poles (Capra and Scicolone 
2002). These methods determine gully volume, cross-sectional areas, and length of gully 
reaches with high accuracy (Castillo et  al. 2012) but are often expensive and limited to 
accessible locations. This hampers a precise understanding of gully susceptibility at catch-
ment scales (Vrieling et al. 2010). Similarly, manual digitization and interpretation of gul-
lies from aerial or satellite images is time-consuming and potentially subjective, which 
impedes repeatability. High-resolution digital surface models derived from terrestrial Light 
Detection and Ranging (LiDAR) technology hold the potential for in-depth gully assess-
ment (Goodwin et al. 2017). However, the associated survey or data collection costs make 
them unsuitable for large-scale catchment studies. A reasonable alternative overcoming 
these limitations is the use of data-driven techniques such as machine learning (ML).

Although ML was introduced in the 1990s, it became popular for gully erosion assess-
ment only after 2010 (Svoray et al. 2012; Lana et al. 2022), and its applications to gully 
erosion have since increased, even more so in the last three years. A literature search in 
Scopus (in February 2023) using keywords like “gully” and “machine learning” indicated 
that 294 research papers were published between 2012 and 2022, of which more than 50% 
were published in the last 3 years (2020–2022). This significant increase in the use of ML 
in gully erosion can be attributed to the increased availability of free geospatial data, a pre-
requisite for building predictive ML models.

In gully erosion, ML models are primarily used to automatically extract or detect gul-
lies from airborne and space-borne remotely-sensed data using either pixel or object-based 
methods (Shruthi et al. 2011; Mararakanye and Nethengwe 2012; Gafurov and Yermolayev 
2020; Phinzi et al. 2020, 2021). With additional spatial detail, high-resolution sensors per-
mit accurate extraction of small and narrow gully features, although their high acquisition 



7213Natural Hazards (2024) 120:7211–7244	

1 3

costs inhibit large-scale mapping. More recently, ML has been increasingly applied to gully 
susceptibility modeling at catchment scales (Dewitte et al. 2015; Pourghasemi et al. 2017; 
Arabameri et al. 2019; Huang et al. 2022; Lana et al. 2022; Kulimushi et al. 2023). This 
approach concerns mapping areas with varying degrees (i.e., low, medium, high, and very 
high) of gully vulnerability and analyzing the relationship between gully occurrence and 
spatial variability of numerous geo-environmental predictors (Conoscenti and Rotigliano 
2020).

Various ML methods are applied and evaluated to select the best model with the high-
est predictive accuracy for gully susceptibility mapping. For example, Gayen et al. (2019) 
mapped gully susceptibility using four ML methods: multivariate additive regression 
spline (MARS), flexible discriminant analysis (FDA), random forest (RF), and support 
vector machines (SVM) and reported the highest prediction accuracy for RF based on the 
area under the curve (AUC = 96.2%). Using artificial neural network (ANN), convolutional 
neural network (CNN), and deep neural network (DNN), Chowdhuri et al. (2021) mapped 
gully susceptibility, and the results showed that DNN outperformed other methods with 
95.8% AUC. Hosseinalizadeh et  al. (2019) predicted gully headcut susceptibility with 
functional trees (FT), naïve bayes (NBTree), and RF models and found RF to be the most 
efficient model with an AUC of 96.5%. Huang et al. (2022) applied RF, SVM, ANN, and a 
generalized linear model (GLM) to gully susceptibility, and RF yielded the best predictive 
accuracy (AUC = 90.5%). Most of these studies, however, focus on the accuracy and not 
computational efficiency, another critical aspect of performance evaluation in predictive 
ML. A necessary step during the model building process is to fine-tune relevant hyperpa-
rameters for optimal model performance. A typical approach involves exhaustively search-
ing for the appropriate hyperparameter combination through cross-validation, a computa-
tionally demanding procedure, especially when fine-tuning multiple parameters. For this 
reason, an efficient ML model should maximize accuracy and minimize computation time 
(Gislason et al. 2006; Belgiu and Drăgu 2016). So far, more emphasis is being placed on 
the latter when assessing the performance of ML models. Furthermore, most gully suscep-
tibility studies often use a fixed set of predictor variables (Conoscenti et al. 2013; Bernini 
et al. 2021; Chowdhuri et al. 2021; Lana et al. 2022), hampering insights into how differ-
ent ML models might perform (in terms of accuracy and computation time) when smaller, 
medium, and larger subsets of predictors are used, which is a significant research gap.

We hypothesize that predictor subsets of varying sizes (e.g.,, small, medium, and large) 
influence the prediction accuracy and computation time of different ML models. To test 
this hypothesis, six different commonly used ML models, including ANN, partial least 
squares (PLS), regularized discriminant analysis (RDA), RF, stochastic gradient boosting 
(SGB), and SVM, were compared. The objectives of this study are threefold: (i) to select 
geo-environmental variables with the greatest predictive power to model gully suscepti-
bility, (ii) to evaluate the performance of ML models under different scenarios of input 
feature set sizes, and (iii) to develop an optimal model that is fast with superior predictive 
performance.

2 � Study area

The study area is confined to a tertiary catchment (T12) in the Eastern Cape Province of 
South Africa. The catchment lies between latitude 31° 29′ 38′′  S and 32° 02′ 24′′  S and 
longitude 27° 25′ 01′′ E and 28° 29′ 34′′ E, covering a surface area of about 2145 km2 with 
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an elevation range of 534–1772  m above sea level (Fig.  1). It is drained by the Mgwali, 
Qumanco, and Tora Rivers, which are the tributaries of the Mbhashe River system, one of 
the major rivers in the country. The climate is semi-arid, and most rainfall occurs in sum-
mer, with a mean annual precipitation of approximately 800 mm (DWA 2010). Such cli-
matic conditions favor the growth of natural vegetation and support agricultural activities. 
Grassland, consisting of indigenous grass species, is the dominant natural vegetation type, 
with some forest patches scattered throughout the catchment. Agriculture characterizes land 
use activity and mainly includes subsistence crops (e.g.,, maize) and livestock (e.g.,, cat-
tle) farming, although there are few commercial farms. Mudstones and sandstones of the 
Tarkastad Formation and Molteno Formation underlie the area. Due to the easily weathered 
parent material of these geological rock types, soils in this area are inherently susceptible 
to erosion (DWA 2010), which explains widespread soil erosion, particularly gully erosion. 
Classical gullies, also referred to as permanent gullies exhibiting V-shape and U-shape char-
acteristics, are the prevalent type of erosion and are commonly located in the foot slopes 
across the entire catchment, where unconsolidated soil material from the hillslope accumu-
lates. Although most gullies are typically found in gently sloping grasslands and abandoned 
agricultural lands, certain gullies are observed in elevated hillslope areas characterized by 
poor vegetation cover. Examples of gullies in the study area captured during the field survey 
are depicted in Fig. 2a and b, while Fig. 2c and d provide an aerial view from Google Earth 
images, depicting some of the most extensive gully systems. Chromic Luvisols, whose top 
layer has a high silt content (ISRIC 2002), are extensive in gently sloping and nearly flat 
areas, covering about 87% of the catchment. Eutric Planosols (6%) and Solodic Planasols 
(7%), commonly found in hilly areas, cover the rest of the catchment. Planosols are highly 
unstable soils, making them vulnerable to gully erosion (Du Plessis et al. 2020).

Fig. 1   Study area map showing the distribution of gully locations (data source: shuttle radar topography 
mission—SRTM DEM)
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Fig. 2   Some examples of gullies observed in the study area: a and b are field photos captured in August 
2021, and c and d are Google earth images
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3 � Materials and methods

This section details the methods and data used to achieve the objectives of this study. 
Figure  3 summarizes the procedure followed for gully susceptibility modeling. All ML-
related experiments and analyses were executed in R 4.2.2 software (R Core Team 2021), 
while ArcGIS 10.4 (ESRI 2022) was used for mapping and computing geo-environmental 

Fig. 3   Flowchart summarizing the methodology utilized in this study (VIF = variable inflation factor, 
CV = cross-validation, TRI = topographic ruggedness index, Plan.curv = plan curvature, Profile.curv = pro-
file curvature, LS = slope length and steepness, TWI = topographic wetness index, NDVI = normalized 
difference index, LULC = land use/land cover, Dis.roads = distance from roads, CEC = cation exchange 
capacity, SPI = stream power index, Dis.rivers = distance from rivers, D.density = drainage density, Pop.den-
sity = population density)
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predictors. All the spatial data were projected to the Universal Traverse Mercator (UTM) 
zone 35 South, referenced to the world datum (WGS84). A standard spatial resolution of 
30 m was used for raster data.

3.1 � Geo‑environmental predictors

One of the objectives of this study was to identify the most important geo-environmen-
tal variables for gully susceptibility modeling. To achieve this, we initially compiled a 
set of 22 variables encompassing topographic, environmental, hydrological, and demo-
graphic factors (Table 1). The spatial distributions of these geo-environmental variables 
are shown in the Appendix (Fig. 10). The selection of these variables was based on their 
potential influence, data availability, and their utilization in previous studies (Valen-
tin et  al. 2005; Le Roux and Sumner 2012; Conoscenti et  al. 2014; Phinzi and Ngetar 
2019b; Ghaedi and Shojaian 2020; Ebhuoma et al. 2022). Elevation data for this study 
was sourced from the void-filled Shuttle Radar Topography Mission (SRTM) DEM, 
downloaded from the United States Geological Survey (USGS). In addition, slope, 
aspect, plan curvature, profile curvature, slope length and steepness (LS-factor) (Moore 
and Burch 1986), topographic wetness index (TWI), and terrain ruggedness index (TRI), 
stream power index (SPI) (Moore et al. 1991), distance from rivers, and drainage density 
were also derived from the SRTM DEM.

Soil data consisting of soil physical (organic matter content, sand, silt, and clay con-
tent) and chemical properties such as cation exchange capacity (CEC), calcium carbon-
ate (CaCO3), and pH were obtained from the digital soil map of the world (FAO 2003). 
Soil erodibility, represented by the K-factor, was computed from the soil’s physical 
properties using the empirical relation of Williams (1995). The normalized difference 
vegetation index (NDVI), a proxy for vegetation, was computed from a single date, 
cloud-free Landsat-9 Operational Land Imager (OLI) acquired on 08 February 2022. 
The Landsat image was downloaded from the USGS website. The land use/land cover 
(LULC) map for the study area was extracted from the South African National Land 
Cover (SANLC) dataset, available on the Department of Forestry, Fisheries, and Envi-
ronment website. The study has eight LULC classes, including built-up land, barren 
land, cultivated land, forest, grassland, mines and quarries, water bodies, and wetlands.

The land type map was prepared from the South African Land Type Survey database 
(Land Type Survey Staff). The map comprises nine broad land types grouped according 
to the prevailing climate, terrain, and dominant soil types found within the land type (Van 
Zijl et al. 2013; Du Plessis et al. 2020). Distance from roads was computed from the road 
network data available in vector format. Geology for this study consisting of Mudstones 
and sandstones of the Tarkastad Formation and Molteno Formation was downloaded from 
the South African National Space Agency (SANSA). Long-term (1981–2021) annual grid-
ded rainfall data from the Climate Hazards Group Infrared Precipitation (CHIRPS) were 
used (Funk et al. 2015). The CHIRPS product provides quasi-global rainfall estimates at a 
spatial resolution of 0.05° and was resampled to 30 m. Finally, the 2020 population density 
dataset was downloaded from the WorldPop database in Geotiff format at a spatial resolu-
tion of 100 m.
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3.2 � Variable selection

Selecting an optimal subset of predictors is a critical step in the modeling process required 
to avoid overfitting and multicollinearity, thereby improving predictive performance. Con-
sequently, the recursive feature elimination (RFE) algorithm was used to remove non-
informative predictors from the original dataset through iteration. A random forest-based 
RFE was applied with a tenfold cross-validation, repeated five times. Initially, the algo-
rithm considers all predictors and eliminates non-informative predictors (one at a time) in 
each iteration until an optimal subset of predictors is attained (Csatáriné Szabó et al. 2020; 
Varga et al. 2021). Although RFE generates an optimal feature set, it does not show bivar-
iate correlations of predictors. For this reason, the correlation matrix, tolerance (1 − r2), 
and variance inflation factor (VIF = 1/(1 − r2)) were also computed to detect multicollin-
earity. Multicollinearity was considered to exist if bivariate correlations among predictors 
exceeded 0.75, tolerance was < 0.1, and VIF was > 10 (Mason and Perreault Jr 1991; Gareth 
et al. 2013; Kuhn and Johnson 2013; Vatcheva et al. 2016). If collinearity was detected, the 
variables concerned were removed, resulting in an optimal feature set of sixteen predictors. 
The predictors were then ranked in their relative importance in gully prediction using RF-
based variable importance. We generated three feature sets (large set = 16 features, medium 
set = 12 features, and small set = 6 features) from this optimal feature set to investigate the 
performance of ML models when the number of predictors is varied. The small feature 
set comprised the top six most important predictors, the medium set comprised the top 
twelve important predictors (i.e., small set + six additional predictors), and the large set 
comprised the complete set of predictors (i.e., all sixteen variables). For convenience, we 
refer to these feature sets as large, medium, and small sets throughout the manuscript. Par-
tial dependence plots (PDPs) were employed to further examine the variables identified as 
most important in the modeling of gully susceptibility. Friedman (2001) introduced PDPs 
to depict the marginal effect of one or two predictor variables on the predicted outcome. A 
positive y-axis value indicates that for that specific value of a predictor variable, the model 
is likely to predict the correct class for that observation, while a negative value suggests a 
negative impact on predicting the correct class (Friedman 2001). The analysis was carried 
out to determine whether the considered variables had a positive or negative impact on the 
prediction of gully erosion. PDPs were executed in the R software with the “pdp” (Green-
well 2017) and “RandomForest” (Liaw and Wiener 2002) packages.

4 � Reference data collection

Reference data comprising training and testing sets are central to supervised ML. Follow-
ing a field survey of gully erosion hotspots and visual interpretation of high-resolution 
Google Earth images, 592 gully points were randomly collected from the gullies that were 
large enough and distinguishable. Gullies within the study area are extensive and complex, 
forming narrow linear and dendritic patterns with a dense network of smaller gullies. Due 
to this complexity, gully locations were mainly collected at gully heads and in the mid-
dle part of a gully in the case of long narrow linear gullies with limited branching or vis-
ible gully heads. Most gullies in the area are permanent and exhibit varying morphological 
characteristics such as lengths (30–274 m), depths (1.22–6.90 m), and widths (4.66–15 m), 
with primarily V-shaped and U-shaped cross-sections (Phinzi et  al. 2021). Despite this 
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complexity, their relatively large size and lack of vegetation cover made it easy to locate 
gullies in the field and on Google Earth.

Similarly, 592 non-gully points were collected in locations where a different land use/
cover (e.g.,, forest, built-up area, roads, bare soil, and grassland) existed other than a gully. 
Finally, gully and non-gully points from Google Earth were converted into a vector shape-
file, which was exported to the R software for extracting pixel values from each geo-envi-
ronmental predictor. In essence, reference data had 1184 observations with 16 predictors 
(large set) and a response variable (e.g.,, gully occurrence), which is binary (g = gully and 
ng = non-gully). Reference data were randomly partitioned into training (70%) and testing 
(30%) data. This procedure was repeated for the small and medium sets.

4.1 � Gully susceptibility modeling

A two-step process was followed for gully susceptibility modeling using six ML techniques 
(ANN, PLS, RDA, RF, SGB, and SVM) and a bivariate statistical method (frequency 
ratio). First, we used the caret package (Kuhn 2008) to train all ML algorithm through a 
tenfold cross-validation process with five repetitions, resulting in 50 candidate models for 
each ML algorithm. In this phase, model optimization and selection were carried out based 
on a combination of hyper-parameters that maximized model performance, as illustrated 
in the Appendix (Fig. 11). Next, a final model with the highest accuracy was selected and 
applied to predict gully erosion at a pixel level, resulting in a binary output (g and ng pix-
els) for each ML method. Second, the frequency ratio (FR) was used to assign weights to 
each geo-environmental predictor and reclassify the binary output of each ML algorithm 
into four gully susceptibility classes (e.g.,, low, moderate, high, and very high). The result-
ing gully susceptibility maps were generated with a spatial resolution of 30 m. The follow-
ing subsections briefly describe each ML method, including relevant hyper-parameters that 
were tuned and how the FR was utilized. To delve deeper into the specifics of each ML 
algorithm, the reader is encouraged to consult the references provided for each respective 
algorithm.

4.1.1 � Artificial neural network (ANN)

ANN consists of layers with artificial neurons that mimic the way biological neurons func-
tion in the human brain. An input layer of neurons (also called nodes or units), one or more 
hidden layers of neurons, and a final layer of output neurons define a typical architecture 
of an ANN. Neurons in each layer are connected to other neurons in the next layer, and 
each connection is associated with a specific weight (Wang 2003). These weights deter-
mine the importance of each geo-environmental predictor in gully prediction, where pre-
dictors with larger weights contribute considerably to gully prediction. ANN can implicitly 
recognize complex nonlinear relationships between the response variable and predictors, 
simultaneously identifying all possible interactions among the predictor variables (Tu 
1996). Several packages are available in R software to implement ANN. In this study, ANN 
was performed using the “nnet” (Venables and Ripley 2013) function in the caret pack-
age (Kuhn 2008). A grid search of two hyper-parameters, including the number of neurons 
in the hidden layer (size = 5, 10, 15) and a regularization parameter to avoid over-fitting 
(decay = 0.001, 0.01, 0.1), was defined to find the best combination of values that maxi-
mizes the predictive performance.
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4.1.2 � Partial least squares (PLS)

Initially designed for dimension reduction (Wold 1966), PLS is becoming popular for solv-
ing classification problems, including gully susceptibility (Pham et al. 2020; Pourghasemi 
et al. 2020). PLS intends to form components that capture most of the information in the 
explanatory variables helpful in predicting the response variable (Garthwaite 1994). It 
achieves this by constructing linear combinations (components) of the original predictors 
from which a set of latent variables with the best predictive power is extracted (Abdi 2003), 
then regressing the response variable on these latent variables (Chung and Keles 2010). 
PLS only has one hyper-parameter, the number of components. A tune length of 15 was 
selected to find the number of components with the highest accuracy. PLS was executed 
with the “pls” (Wehrens and Mevik 2007) function in the caret package.

4.1.3 � Regularized discriminant analysis (RDA)

Discriminant analysis (DA) is a generative ML approach that uses Bayes’ theorem to model 
the conditional distribution of the predictors X in each of the predefined response classes 
Y = 1 (i.e., gully) and Y = 0 (i.e., non-gully), then estimates the probability of Y given the 
value of X (Welch 1939; Friedman 1989; Gareth et al. 2013). DA operates by finding one 
or more linear combinations of predictors that best discriminate or separate the response 
classes (Alkarkhi and Alqaraghuli 2018). New observations can be predicted and assigned 
to predefined response classes using linear or quadratic discriminant functions. RDA is a 
regularization method derived from linear DA (LDA) and quadratic DA (QDA). Thus, one 
would expect the RDA to perform better than its predecessors (Wu et al. 1996), although 
they all rely on the same assumption about data distribution (e.g.,, assume a multivariate 
normal distribution of data). Furthermore, an advantage of RDA over its predecessors is 
that it has tuning parameters, including the balance between LDA and QDA (gamma) and 
the correlation of predictors (lambda), making it a robust classifier. We fine-tuned these 
parameters using a tune length of 5. The “rda” (Friedman 1989) function in the caret pack-
age was used to execute RDA.

4.1.4 � Random forest (RF)

Introduced by Breiman (2001), RF is a popular ML method that addresses the shortcom-
ings of decision trees by ensembling randomly numerous decision trees to improve predic-
tive performance. RF accomplishes this by bootstrap or begging aggregation, where multi-
ple predictors are generated using classification trees. The predictions from all these trees 
are then averaged to form a final prediction. The bootstrap component induces random-
ness, ensuring that the individual trees are different (Irizarry 2019). First, the algorithm 
generates small subsets of data (called bootstrap samples) by randomly sampling several 
observations from the training data with replacement. These bootstrap samples are used to 
train many random decision trees separately. The remaining observations, known as “out-
of-bag” samples that have not been fed as training data to these decision trees, are used for 
evaluation (Abdi 2020). Second, the algorithm randomly selects a subset of features for 
each decision tree, minimizing the risk of overfitting while improving predictive accuracy. 
These features make RF a robust classifier and a good candidate for solving classification 
problems like gully susceptibility, where several predictors are involved. Additionally, RF 
offers several advantages (Rodriguez-Galiano et  al. 2012): including its non-parametric 
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nature, high accuracy in classification, and the ability to assess variable importance. It is 
also flexible to conduct various types of data analyses, encompassing regression, super-
vised and unsupervised classifications (Rodriguez-Galiano et  al. 2012). The “rf” func-
tion from the caret package (Kuhn 2008) was used to perform RF classification. The grid 
search method was used for tuning the mtry parameter, the number of trees at each split 
(mtry = 20).

4.1.5 � Stochastic gradient boosting (SGB)

Boosting was traditionally developed for classification problems (Valiant 1984) and con-
cerned with combining several weak classifiers to form a robust classifier (Kuhn and John-
son 2013). There are many variants of boosting algorithms, and SGB (Friedman 2002), 
also known as gradient boosting machines (GBM), is among the most recent and popular 
algorithms. Much like RF, SGB uses bagging, a technique where a set of random decision 
trees are generated, and each tree is trained on a random subset of the training data. The 
main difference is that SGB generates an ensemble of several shallow trees sequentially, 
where each tree learns and improves on the previous one, while RF generates an ensemble 
of deep independent trees (Boehmke and Greenwell 2019). SGB uses a sequential ensem-
ble approach in which boosting starts with a weak model and sequentially boosts its perfor-
mance by building a new tree at each iteration from a random subsample of the training set, 
improving the model’s prediction accuracy (Moisen et al. 2006; Boehmke and Greenwell 
2019). SGB was implemented through the caret package using the “gbm” (Ridgeway 2007) 
function. Hyper-parameters include the depth of each tree (interaction depth = 1, 5, 9), the 
number of trees (n trees = 1500), the learning rate of the algorithm (shrinkage = 0.1), and 
the minimum number of observations for the trees terminal node (n minobsinode = 20). A 
grid search method was used to find a combination of these parameters with the highest 
accuracy.

4.1.6 � Support vector machines (SVM)

SVM is a binary classifier that originates in statistical learning theory (Vapnik 1999), 
capable of solving two-class and multiclass classification problems. The objective of SVM 
is to find a hyperplane (a decision boundary) that best separates the two classes of data 
points (called support vectors) in a feature space. It achieves this objective using the kernel 
trick, which expands the feature space to the point (margin) where the classes are perfectly 
separable. Furthermore, SVM uses various kernel functions, making it highly flexible for 
finding even complex non-linear boundaries (Boehmke and Greenwell 2019). In addition, 
SVM can simplify complex problems and achieve effective classification performance 
when applied to real-world scenarios (Hearst et al. 1998). The algorithm has two impor-
tant hyper-parameters: the cost (C) parameter that penalizes misclassified data points (i.e., 
samples that lie on the wrong side of the decision boundary) and the sigma parameter that 
controls the SVM decision boundary. SVM was performed with the “svmRadial” func-
tion in the caret package (Kuhn 2008), which had the highest accuracy compared to other 
kernel functions (linear, polynomial, and sigmoid). A grid search of C (2, 4, 6, 8, 10) and 
sigma (0.01, 0.02, 0.04, 0.06, 0.08, 0.10) was generated to find the optimal combination of 
these parameter values.
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4.1.7 � Frequency ratio (FR)

FR is a bivariate statistical technique successfully applied to various natural hazards such 
as flooding (Rahmati et al. 2016; Shafapour Tehrany et al. 2019), landslides (Lee and Sam-
bath 2006; Anbalagan et al. 2015), and, more recently, gully erosion (Roy and Saha 2019; 
Amare et al. 2021; Azedou et al. 2021; Lana et al. 2022). It expresses the ratio between the 
occurrence and non-occurrence of a natural hazard (in this case, gully erosion) based on 
its spatial relationship with associated influencing factors (i.e., gully predictors) (Lee and 
Pradhan 2007). Similar to conditional probability, an FR ratio of > 1 represents a strong 
relationship, while a ratio of < 1 represents a weak relationship between gullies and predic-
tor classes (Anbalagan et al. 2015). In this study, the FR was utilized to assign weights to 
each geo-environmental predictor and reclassify ML-derived gully maps into four gully 
susceptibility classes (e.g.,, low, moderate, high, and very high).

4.2 � Model performance evaluation

The confusion matrix was used to evaluate the performance of ML algorithms based on 
testing data. It cross-tabulates predictions against actual values using four possible out-
comes (Irizarry 2019): true positive (TP), false negative (FN), false positive (FP), and true 
negatives (TN). Various statistical metrics were quantified from these outcomes (Table 2), 
including the overall proportion of correctly classified cases (overall accuracy), the propor-
tion of actual positives (sensitivity, also called recall), the proportion of negatives (specific-
ity), the proportion of positive outcomes called positive that are positive (precision), and 
the harmonic average of precision and recall (F1-score).

5 � Results

5.1 � Variable selection and multicollinearity analysis

Variables were first ranked in their relative importance in the modeling process. Results 
indicated that NDVI (importance = 100%), elevation (26%), TWI (25%), population density 
(23%), SPI (22%), and LULC (19%) had considerable predictive power for gully suscepti-
bility modeling (Fig.  4a). The least important variables, including aspect (0%), geology 
(0.20%), TRI (0.27%), and distance from roads (3.83%), were removed by the RFE algo-
rithm, retaining 18 variables (out of 22). The applied algorithm showed no improvement 
in accuracy after the 18th variable (Fig. 4b). This implied that the four predictors follow-
ing the 18th variable did not exert any influence on predictive accuracy. Although calcium 

Table 2   Statistical metrics 
derived from the confusion 
matrix (TP = true positive, 
FN = false negative, FP = false 
positive, and FN = false negative)

Metric Formula

Overall accuracy (OA) TP+TN

TP+TN+FN

Sensitivity (recall) TP

TP+FN

Specificity TN

TN+FP

Precision TP

TP+FP

F1-score 2 ×
precision×recall

precision+recall
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carbonate (CaCO3) and pH were part of the retained predictors, they had a high correlation 
(r2 > 0.75) with other predictors and hence were also removed to avoid multicollinearity, 
resulting in 16 predictors (Fig. 4c). These predictors were grouped into three feature sets 
(small, medium, and large sets) based on their relative importance, as detailed in Sect. 3.2.

Fig. 4   Ranking and selection of important predictors based on: a variable importance, b recursive feature 
elimination (the blue-dashed line marks the eighteenth variable), and c correlation matrix. Note CEC = cat-
ion exchange capacity; D.density = drainage density; River.dis = distance from rivers; Plan.curv = plan 
curvature; Pop.density = population density; Profile.curv = profile curvature; SPI = stream power index; 
TWI = topographic wetness index
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Other multicollinearity diagnostic tools, including tolerance and VIF, were used to 
check if multicollinearity exists among predictors in each feature set. Almost all predic-
tors had relatively high tolerance (> 0.22) and low VIF (< 4.5) values which indicate the 
non-existence of multicollinearity (Table  3). On the contrary, elevation yielded the low-
est tolerance (0.18) and highest VIF (5.65) in a larger set. Nevertheless, these values also 
fall within the acceptable VIF threshold, considering a long-standing rule of thumb (i.e., 
VIF < 10) for the non-existence of multicollinearity (Gareth et  al. 2013; Vatcheva et  al. 
2016). Thus, all geo-environmental predictors in each feature set met these criteria and 
were used in the modeling process.

5.2 � Model performance evaluation

The performance (i.e., accuracy and processing time) of the six algorithms (ANN, PLS, 
RDA, RF, SGB, and SVM) varied with different feature subsets (Fig. 5). SVM was more 
efficient with medium and small sets than large feature sets across all evaluation metrics. 
The algorithm obtained the highest F1-score (0.897), OA (0.898), and specificity (0.908) 
with the medium feature set, taking the shortest computation time (< 2 min). SGB closely 
followed SVM in most evaluation metrics, but it was more efficient with larger feature 
sets and took more time (> 5 min) to compute than SVM. An exception was in sensitiv-
ity, where SGB produced the highest accuracy (0.893) with a medium feature set and was 
computationally efficient (< 3.5 min). Following SVM and SGB was RF, the most com-
putationally expensive algorithm. RF was sensitive to the number of input features and 

Table 3   Tolerance (Tol) and variance inflation factor (VIF) for geo-environmental predictors in three fea-
ture sets (large, medium, and small sets)

TWI topographic wetness index, LS slope length and steepness, NDVI normalized difference vegetation 
index, LULC land use/land cover, CEC cation exchange capacity, SPI stream power index

Large set Medium set Small set

Variables Tol VIF Variables Tol VIF Variables Tol VIF

Population density 0.87 1.16 Rainfall 0.90 1.2 Population density 0.92 1.09
Distance from rivers 0.75 1.33 Population density 0.88 1.13 LULC 0.73 1.37
Profile curvature 0.70 1.42 Distance from rivers 0.79 1.27 NDVI 0.55 1.80
LULC 0.67 1.49 LULC 0.68 1.47 SPI 0.52 1.92
LS factor 0.63 1.59 Drainage density 0.68 1.47 Elevation 0.48 2.07
Rainfall 0.63 1.59 LS factor 0.66 1.52 TWI 0.46 2.17
Drainage density 0.62 1.60 Plan curvature 0.59 1.69
Land type 0.57 1.76 NDVI 0.52 1.92
K factor 0.54 1.86 Elevation 0.42 2.37
NDVI 0.51 1.94 Slope 0.31 3.21
Plan curvature 0.50 1.98 SPI 0.29 3.50
CEC 0.32 3.14 TWI 0.25 3.96
Slope 0.30 3.39
SPI 0.26 3.86
TWI 0.23 4.38
Elevation 0.18 5.65
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performed poorly with small and medium sets compared to large feature sets. Although the 
algorithm consistently yielded high accuracies with a large feature set across all evaluation 
metrics, it required more computation time (about 15 min) than any other algorithm in this 
study. On the contrary, PLS was the fastest algorithm, taking less than a minute to com-
pute, and the number of features did not affect this computation time. Besides, it produced 
relatively high accuracies (0.85–0.87) with a medium feature set compared to other sets. 
Like PLS, RDA also took a relatively short computation time (< 1.5 min), and the accuracy 
values varied from 0.82 to 0.87, with most high values belonging to a large set. Much like 
RF, ANN was also sensitive to the number of input features and tended to take several 
minutes (about 10 min) of computation when a larger feature set was used. However, the 
algorithm consistently achieved relatively high accuracies (i.e., F1 score, OA, and specific-
ity > 0.88) with the small feature set, outperforming PLS and RDA (except in sensitivity) 
across most evaluation metrics.

Regarding susceptibility maps, all six algorithms produced comparable outputs, depict-
ing reasonable gully susceptibility, with the exception of RDA, which exhibited a dif-
ferent pattern (Fig.  6). Class-wise metrics, particularly specificity (< 0.85), indicate that 
RDA highly misclassified gully susceptibility. Notably, areas characterized by low gully 
susceptibility were predominantly classified as having medium to high gully susceptibil-
ity. This misclassification pattern can also be observed with a small and medium feature 
set, where RDA produced the lowest specificity values (≤ 0.83). SVM exhibited superior 
performance in its gully susceptibility map, aligning with the previously mentioned highest 
accuracy results. RF and SGB also yielded high-quality maps comparable to SVM, despite 
necessitating a larger feature set. In contrast, even though ANN utilized the smallest feature 
set, leading to a shorter computation time, it proved efficient and generated high-quality 
maps on par with other algorithms with superior predictive capabilities. Similarly, PLS 
produced an impressive gully susceptibility map within the shortest possible computation 
time (e.g.,, < 1 min).

5.3 � Gully susceptibility and key controlling geo‑environmental variables

All six algorithms indicated that a considerable portion (71–84%) of the catchment is of 
low gully susceptibility, whereas only 0.2–2.6% is under high gully susceptibility (Fig. 7). 
Furthermore, ranging from 4.5 to 6.6%, the proportion of very high gully susceptibility 
was almost the same across all algorithms. A very high susceptibility class corresponded 
to severely gullied areas, suggesting that these algorithms can detect individual gullies. In 
particular, the SVM-derived map is a good example illustrating areas with varying degrees 
of gully susceptibility (Fig. 8). Accordingly, SVM was used to produce this final map due 
to its superior predictive performance (Sect. 4.2). Medium to very high gully susceptibility 
is primarily confined to low-lying areas with gentle to flat slopes throughout the catchment 
(Fig. 8c–f), although some elevated and hilly parts (i.e., Fig. 8a) were under these gully 
susceptibility classes. Extensive gully systems were remarkable in the central (Fig.  8c), 
eastern (Fig. 8e), and southeastern (Fig. 8f) parts of the catchment. These areas are char-
acterized by grasslands typically utilized for livestock grazing under subsistence farming. 
Abandoned agricultural lands with extensive gullies were also observed in the area. In 

Fig. 5   Predictive performance of ML models (ANN = artificial neural network, PLS = partial least squares, 
RDA = regularized discriminant analysis, RF = random forest, SGB = stochastic gradient boosting, 
SVM = support vector machines) using smaller (Sf), medium (Mf), and larger (Lf) feature sets

▸
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Fig. 6   Gully susceptibility maps for each algorithm computed with smaller (Sf), medium (Mf) or larger (Lf) 
feature sets (ANN = artificial neural network, PLS = partial least squares, RDA = regularized discriminant 
analysis, RF = random forest, SGB = stochastic gradient boosting, SVM = support vector machines)



7229Natural Hazards (2024) 120:7211–7244	

1 3

Fig. 7   The proportion of area under different levels of gully susceptibility (ANN = artificial neural network, 
PLS = partial least squares, RDA = regularized discriminant analysis, RF = random forest, SGB = stochastic 
gradient boosting, SVM = support vector machines)

Fig. 8   Distribution of gully locations across different parts (a–f) of the catchment with varying degrees of 
gully susceptibility
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contrast, the western section of the catchment, particularly those areas engaged in commer-
cial farming, exhibited lower susceptibility to gully erosion (Fig. 8b). 

Based on the variable importance analysis (see Sect. 4.1), NDVI, elevation, TWI, popu-
lation density, SPI, and LULC were the six most influential variables. Each predictor vari-
able exhibited a distinct PDP (Fig.  9), highlighting their varied influences on gully pre-
diction. For instance, when NDVI values were low, there was a positive change in gully 
prediction, whereas high NDVI values were associated with a negative change in predic-
tion. This implied that lower NDVI values positively affected gully susceptibility predic-
tion, while higher values had a negative impact on the accuracy of the prediction outcome. 
This observation aligns with the fact that over 96% of gully pixels were found within a 
low NDVI range of − 0.23–0.35 (Table 4), suggesting that areas with little or no vegetative 
cover are highly susceptible to gullying.

Elevation showed a similar trend to NDVI in terms of its impact on gully prediction. 
Lower elevation values (< 500 m) were associated with a positive effect on gully predic-
tion, but as the elevation increased to around 1000  m, gully prediction was negatively 
affected. In essence, the model showed a higher likelihood of accurately predicting gully 
susceptibility in areas with lower elevation compared to those at higher elevations. Nota-
bly, the majority (85%) of gully pixels in the catchment were concentrated in regions with 
low elevation (538–893 m), reinforcing the notion that these areas are more susceptible to 
gully formation than elevated areas (> 1000 m). These low-lying areas exhibited varying 

Fig. 9   Partial dependence plots (PDP) of the six most important predictor variables (NDVI = normal-
ized difference vegetation index, TWI = topographic wetness index, Pop.density = population density, 
SPI = stream power index)
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degrees of water accumulation, as evident in TWI values ranging from < 6.13 to 7.53, with 
about 80% of gully pixels falling within this range. The PDP revealed that very low TWI 
values negatively impact gully prediction, but as the values increase, TWI begins to posi-
tively influence gully prediction. However, at some point, higher TWI values did not have 
any effect on gully prediction, leading to a constant PDP line around zero. Low TWI values 
indicate reduced wetness or water accumulation, while higher values indicate areas where 
surface water flow is more likely to occur (Sörensen et al. 2006), heightening vulnerabil-
ity to gully erosion. The increased susceptibility of these areas to gullying can also be 
attributed to the increased erosive power of the flow, as indicated by high SPI values. The 
PDP corroborated this observation, revealing that lower SPI values negatively impacted 
gully prediction, while high values had a positive effect on prediction. However, at a cer-
tain point, the PDP line remained constant just above zero, indicating reduced variation in 

Table 4   Distribution of gully 
pixels across different value 
ranges for each of the six most 
critical geo-environmental 
predictors

NDVI normalized difference vegetation index, TWI topographic wet-
ness index, SPI stream power index, LULC land use/land cover

Gully factor Class Gully pixels Gully pixels (%)

NDVI − 0.23–0.18 132725 18.068
0.19–0.24 196895 26.803
0.25–0.29 167825 22.846
0.30–0.35 133145 18.125
0.36–0.72 24277 3.305

Elevation (m) 538–765 276441 37.625
766–893 342962 46.679
894–1039 24540 3.340
1040–1255 10286 1.400
1256–1772 748 0.102

TWI < 6.13 287932 39.189
6.14–7.53 295262 40.187
7.54–9.36 62294 8.479
9.37–11.89 9437 1.284
11.90–24.99 52 0.007

Population den-
sity (people/
km2)

0–9 654515 89.143
10–85 0 0

SPI <  − 6.25 156181 21.257
− 6.24– − 1.56 117122 15.941
− 1.55–0.36 166513 22.663
0.37–3.23 169113 23.017
3.24–13.35 46048 6.267

LULC Forested land 8126 1.106
Grassland 318769 43.389
Waterbodies 2703 0.368
Wetlands 1073 0.146
Barren land 58494 7.962
Cultivated 239029 32.535
Built-up 26123 3.556
Mines and quarries 606 0.082
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prediction with higher SPI values. This suggests that the highest proportion of gully pix-
els was not associated with either very low (< 6.25) or extremely high (13.35) SPI values 
(Table 4). Instead, the majority (about 60%) of gully pixels were located within the inter-
mediate SPI range (> − 6.25 to 3.23).

As indicated by the PDP, a lower population density had a positive impact on gully 
prediction, whereas higher population density had a negative effect on the prediction. 
When the population density was low, there was a more pronounced positive change in 
prediction, suggesting that low population density significantly influences gully modeling. 
Conversely, as population density increased, the PDP line fell below zero, and there was a 
reduced variation in prediction, indicating a lower likelihood of accurately predicting gully 
susceptibility in areas with higher population density. This observation aligns with expec-
tations, considering that nearly 90% of the gully pixels were found in areas with lower 
population density. Regarding LULC, the PDP illustrated that various LULC classes have 
distinct effects on gully susceptibility prediction. Although the plot does not explicitly indi-
cate which LULC classes have positive or negative effects, it is reasonable to infer that 
grassland and cultivated land positively influenced gully susceptibility modeling. This 
assumption is supported by the fact that grassland had the highest proportion of gully pix-
els (43%), followed by cultivated lands (33%), suggesting that these two classes are more 
susceptible to gully erosion compared to other LULC types in the study area.

6 � Discussion

6.1 � Model performance and computational efficiency

Our findings revealed that SVM was efficient in terms of both predictive accuracy and 
computation time when using a medium-sized feature set, outperforming other algo-
rithms. While an increase in the number of input features had a minimal impact on com-
putation time, it considerably affected the accuracy, with the largest feature set resulting in 
decreased accuracy across all metrics. This finding highlights that SVM’s predictive per-
formance can be negatively affected when numerous redundant variables are incorporated 
into model building, which aligns with previous studies (Hastie et al. 2009; Zhang et al. 
2016). For instance, Fan and Fan (2008) demonstrated that SVM classification utilizing all 
features performs as poorly as random guessing. They attributed such a poor performance 
to the accumulation of noise in a high-dimensional feature space, where target classes over-
lap due to features having very similar information. In this study, an optimal subset for 
SVM comprised 12 predictor variables.

Partly, the remarkable success of SVM in this study can be also attributed to the class 
number of the target variable. Given the binary nature of the problem (gully vs. non-gully), 
the impressive results obtained by SVM in this study are expected, since SVM is inherently 
a binary classifier. When intuitively reflecting on this observation, the results are logical, 
as it is simpler for the model to distinguish between data points of only two classes (gully 
and non-gully) in comparison to dealing with data points from multiple classes. Addition-
ally, the choice of an appropriate kernel function plays a crucial role in determining the 
SVM classification outcome by identifying an optimal hyperplane that separates these data 
points (support vectors). In this study, the application of the radial basis function (RBF), a 
non-linear kernel, ensured the perfect separation of gully and non-gully support vectors in 
the feature space, resulting in enhanced accuracy. Similarly, Rahmati et al. (2017) reported 
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that SVM applied with the RBF outperformed other kernel functions in accurately predict-
ing gully susceptibility.

Although ensemble-based algorithms such as RF and SGB closely followed SVM in 
terms of predictive performance, they required larger input feature sets to achieve their 
maximum predictive capability, resulting in extended computation times. Such a finding 
demonstrates that these algorithms benefit from a larger feature set during their model 
building process. For instance, RF constructs an ensemble model of decision trees from 
random feature subsets (Nguyen and Huang 2015). The use of a larger feature set for each 
decision tree enhances the individual trees’ robustness, reducing the risk of overfitting 
and enhancing predictive accuracy. In this study, RF performed optimally with the larg-
est feature set, comprising 16 features. In the context of image classification, RF attained 
its highest average accuracy when the number of features falls within the range of 10–100 
(Sheykhmousa et al. 2020). Indeed, various gully prediction studies employing RF utilized 
predictor variables within this range. For instance, Jiang et al. (2021) utilized 11 features, 
Gayen et al. (2019) employed 12 features, and Pham et al. (2020) used 14 features. In these 
studies, the RF algorithm estimated gully susceptibility with an AUC ranging from 88 to 
96%, which is comparable to the accuracy (OA > 88%) achieved in our study. Several gully 
susceptibility studies indicated that RF outperformed SVM (Garosi et al. 2019; Pourgha-
semi et  al. 2020; Hitouri et  al. 2022; Huang et  al. 2022). However, in these studies, the 
model comparison was based on a fixed set of predictor variables, while our study revealed 
that feature sets of varying sizes affect the performance of these algorithms differently. For 
example, when using a larger feature set, RF models outperformed SVM models using the 
same feature set size across all accuracy metrics. Nevertheless, with a medium-sized fea-
ture set, SVM demonstrated superior performance compared to all RF models, irrespective 
of a feature set size.

Similar to RF, the impressive performance of SGB with a larger feature set can be attrib-
uted to the inherent functionality of the algorithm. SGB relies on the ensemble of weak 
learners to capture complex relationships in the data (Zhang and Haghani 2015; Boehmke 
and Greenwell 2019; González et al. 2020). When the feature set is limited, the model may 
lack the necessary complexity to accurately represent underlying patterns. Therefore, it is 
reasonable to suggest that a larger feature set allowed the model to capture more meaning-
ful patterns, leading to an improvement in predictive accuracy. In contrast, the behavior of 
ANN deviated from this trend. Specifically, ANN consistently achieved optimal accuracy 
results when working with a smaller feature set. Conversely, when utilizing a larger feature 
set, the accuracy of the ANN was at its lowest, recording extended computation time. In 
this context, with the increased number of features, there is a higher likelihood of incor-
porating irrelevant or redundant features. Such features, lacking meaningful contributions, 
can introduce noise, resulting in diminished performance, as indicated by the lowest accu-
racy and prolonged computation times.

In contrast to other algorithms, the size of the feature set had minimal impact on the 
computation time of PLS. While PLS produced gully susceptibility maps comparable to 
advanced algorithms such as SVM and ensemble-based methods, its accuracy was rela-
tively lower. One possible explanation for this disparity is that PLS involved tuning only 
one hyperparameter (number of components), in contrast to other algorithms that had more 
than one hyperparameter. A combination of different hyperparameters is crucial for opti-
mal model performance (Van Rijn and Hutter 2018; Yang and Shami 2020). Additionally, 
PLS relies on a single predictive model, unlike RF and SGB, which operate by combin-
ing multiple models into an ensemble for improved performance. Like PLS, RDA exhib-
ited a relatively short computation time regardless of the feature set size. However, RDA 
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demonstrated the poorest performance among all algorithms in predicting gully suscep-
tibility, generating maps with a distinct pattern suggestive of misclassification. The poor 
performance of RDA compared to other algorithms can be attributed to its assumption of a 
multivariate normal distribution in the data. In contrast, the other algorithms employed in 
this study are non-parametric and do not make such assumptions about data distribution, 
making them flexible and more effective in handling diverse distributions.

6.2 � Key geo‑environmental variables influencing gully erosion

Gully erosion is the result of both natural factors, such as vegetation, topography, and climate, 
and human-induced factors like LULC and population density (Valentin et al. 2005). Unsur-
prisingly, geo-environmental variables like NDVI, elevation, TWI, population density, SPI, 
and LULC, representing these gully erosion factors, were identified as the most important var-
iables influencing gully susceptibility in this study. This finding aligns with previous research 
(Chowdhuri et al. 2021; Han et al. 2022; Jaafari et al. 2022; Roy and Saha 2022), affirming 
the crucial role of these variables in predicting gully susceptibility. For instance, Bernini et al. 
(2021) reported NDVI as the most crucial factor influencing formation of U-shaped gully sys-
tems. Recently, Barakat et al. (2022) also indicated the prominence of this variable in their 
erosion study. Typically, areas exhibiting lower NDVI values, which is indicative of poor or no 
vegetation cover, are more prone to gully erosion than densely vegetated areas. Indeed, inade-
quate vegetation cover has been identified as the primary factor driving gully erosion (Muñoz-
Robles et al. 2010; Jahantigh and Pessarakli 2011). This observation aligns with our findings, 
as the majority of gully occurrences (pixels) were concentrated in areas characterized by low 
NDVI values (< 0.29). Phinzi and Ngetar (2017) also noted the presence of gullies within an 
NDVI range of 0.15–0.25, highlighting a correlation between gully formation and lower NDVI 
values. However, it is worth noting that different types of gully systems may exhibit different 
NDVI values. Bernini et al. (2021) identified low NDVI values (< 0.1) for V-shaped gullies 
and higher values (> 0.3) for U-shaped gullies. In our study, consistent with the PDP results, 
low NDVI values positively impacted gully susceptibility prediction, while high NDVI values 
had a negative predictive effect. This reinforces the notion that gullies are more prevalent in 
areas with deficient vegetative cover in the study area. Le Roux and Sumner (2012) also dis-
covered a correlation between gully locations and poor vegetative cover in their research.

We observed that sparsely vegetated areas or bare surfaces were located in low-lying 
terrains with elevations ranging from 538 to 893 m, encompassing the majority of gully 
pixels (85%). Similar findings were reported by Haung et al. (2022) and Chowdhuri et al. 
(2021), emphasizing elevation as the primary factor influencing gully erosion. We also 
observed that the same areas of low elevation were predominantly associated with TWI 
values ranging from 6.13 to 7.53, indicating areas prone to wetness. These saturated areas 
create favorable conditions for gully formation, as the strength of surface soils diminishes 
when they become wet (Le Roux and Sumner 2012). Indeed, more than 70% of gully pix-
els fell within this TWI range, aligning with the study of Arabameri et al. (2019a), where 
a comparable proportion of gully pixels fell within a similar TWI range (< 4.41–6.84). In 
our study, the susceptibility of low-lying areas to gully formation could also be attributed 
to increased water surface runoff from the hillslope to the footslope. The intensified stream 
flow power, evident in high SPI values, also facilitates gullying in saturated, less vegetated 
areas characterized by low elevation. These findings underscore the complex interplay 
between topographic (elevation and TWI), hydrologic (SPI), and vegetation (NDVI) attrib-
utes in facilitating the development of gullies.
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In addition to natural factors, human-related factors such as LULC and population den-
sity played a crucial role in gully erosion. Our findings indicated that grassland and culti-
vated lands collectively accounted for the highest proportion of gully pixels (76%), making 
them the most susceptible LULC types to gully erosion. This finding is expected, consider-
ing that cultivated areas and grasslands often experience soil disturbance, creating condi-
tions favorable for the development of gullies (Le Roux and Sumner 2012). Our study, sup-
ported by field observations, indicated a higher impact of gully erosion in communal areas 
compared to nearby commercial areas, especially in the western parts of the catchment. 
This discrepancy arises because commercial areas generally have gentler slopes and lower 
rainfall-runoff ratios compared to communal areas (Meadows and Hoffman 2002). Le Roux 
et al. (2008) projected grassland to be the most vulnerable to erosion in South Africa due 
to rapid population and agricultural intensification. Meadows and Hoffman (2002) high-
lighted that the severity of soil degradation, including gully erosion, was most pronounced 
in communal areas where grazing is the dominant land use form. Recently, Olivier et al. 
(2022) reported approximately 40% of erosion in communal areas resulting from overgraz-
ing and cattle tracks, while only 8.4% was linked to population pressure. Numerous stud-
ies conducted in South Africa concur that these anthropogenic activities have exacerbated 
soil erosion in communal areas (Beckedahl and de Villiers 2000; Kakembo and Rowntree 
2003; Mhangara et al. 2012; Phinzi and Ngetar 2019a).

In contrast to earlier research (Reich et  al. 1999; Meadows and Hoffman 2002), our 
study revealed that regions with lower population density exhibit a higher susceptibility to 
gully formation compared to those with higher population density. This observation aligns 
with findings from studies conducted in different parts of Africa. For instance, in Zimba-
bwe, Mambo and Archer (2007) reported that areas most susceptible to land degradation 
had the lowest population density, and a similar trend was observed in Tanzania by Achten 
et al. (2008), where gully occurrence was inversely related to high population density. Our 
findings, supported by field observations, illustrated that a considerable proportion of gul-
lies (89% of gully pixels) was found in sparsely populated rural areas, particularly in grass-
lands and abandoned agricultural fields. Extensive gully systems were more prominent in 
those rural areas characterized by a relatively lower population density (< 10 persons/km2) 
compared to densely populated areas (85 persons/km2), particularly in urban zones around 
the small town of Engcobo. The results from the PDP further confirmed this trend, show-
ing that lower population density positively affected gully erosion prediction, while higher 
population density had a negative predictive impact.

6.3 � Limitations and future prospects

The predictor variables utilized in this study are not exhaustive, and future investigations 
could explore additional variables not included in our analysis. Geology demonstrated rela-
tively low importance (0.2%) in explaining gully susceptibility. This warrants further inves-
tigation, particularly in the South African context, given that the geological rocks (spe-
cifically mudstones and sandstones) underlying our study area are known to contribute to 
gully formation, primarily due to highly erodible duplex soils derived from these rocks 
(Laker 2004; Le Roux and Sumner 2012). A more in-depth machine learning study on 
gully susceptibility incorporating geology and related variables such as soil type, K-fac-
tor, and chemical soil properties is recommended at the regional scale. At the catchment 
scale, unfortunately, there was less variation in the values of these predictors, which likely 
explains their lower importance in predicting gully formation at this scale. Especially 
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geology, with only two classes, did not contribute useful information to the model due to 
its near-zero variance, which is why it was excluded from the modeling.

The soil properties obtained from the world soil map are not deemed suitable for analysis 
due to their limited spatial heterogeneity at this scale. Unfortunately, these were the only soil 
data accessible for use in this study. Nevertheless, given the global availability of such soil 
data, future research could explore the significance of diverse soil properties in influencing 
gully formation on smaller scales (larger geographic areas). NDVI, identified as having the 
utmost importance in gully susceptibility, was derived from freely accessible Landsat data 
with the longest global image archive. This presents an opportunity to incorporate this vari-
able in appraising the temporal dynamics of gully susceptibility at the catchment level.

This study proved comparing algorithms based on a fixed set of input features will 
invariably disadvantage or advantage one algorithm over another. This discrepancy arises 
because specific algorithms excel with specific feature set sizes. Therefore, caution should 
be exercised in identifying an appropriate subset of predictor variables, a consideration that 
may vary from one study to another, depending on the study area size, dataset characteris-
tics, and data availability. Hence, for ensemble-based algorithms, it is advisable to incorpo-
rate as many features as possible, particularly those with significant predictive power, even 
though this approach can be computationally demanding (Conoscenti et  al. 2013). Con-
versely, SVM and ANN exhibited exceptional performance with fewer input feature sets 
and demonstrated computational efficiency. Therefore, using these algorithms, particularly 
SVM, is recommended to achieve higher accuracy while minimizing computation time.

7 � Conclusions

This study evaluated and compared the predictive performance of six commonly used algorithms 
in gully susceptibility under different scenarios of feature set sizes. SVM was the most efficient 
algorithm with a medium-sized feature set regarding accuracy (OA = 0.898, F1-score = 0.897) 
and computation time. Conversely, ensemble-based algorithms, mainly RF, required a larger 
set of predictors to reach maximum accuracy, taking several minutes of computation. Like RF, 
ANN was also sensitive to the number of input features, although its predictive performance 
was inversely related to the number of input features, reaching its maximum predictive accuracy 
with the smallest feature set. PLS and RDA were computationally efficient but the least-perform-
ing algorithms (OA and F1-score < 0.87). This suggests that predictor subsets of varying sizes 
influence both the prediction accuracy and computational efficiency of different ML algorithms. 
Despite varying accuracies, all algorithms produced reasonable and interpretable gully suscep-
tibility maps, except RDA, which exhibited a completely different pattern. Geo-environmental 
covariates such as NDVI, elevation, TWI, population density, SPI, and LULC were identified as 
crucial for gully susceptibility modeling in this study. Accordingly, we recommend their inclu-
sion in gully susceptibility assessments in similar environmental contexts. The study concluded 
that SVM is the most optimal algorithm, and its map was adopted for further visual analysis of 
gully susceptibility, including influencing gully factors in the catchment.

Appendix

See Figs. 10 and 11. 
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Fig. 10   Geo-environmental covariates: a elevation, b cation exchange capacity (CEC), c drainage density, 
d distance from rivers, e slope, f K factor, g land type, h land use/land cover (LULC), i NDVI, j plan cur-
vature, k profile curvature, l population density, m rainfall, n stream power index (SPI), o topographic wet-
ness index (TWI), p slope length and steepness (LS), q aspect, r CaCO3, s distance from roads, t geology, u 
terrain ruggedness index (TRI), and v soil pH
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Fig. 10   (continued)
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