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ABSTRACT
Soil erosion is a global geological hazard which can be mitigated through
better future land-use planning. In the current research, a Dempster–
Shafer-based evidential belief function (EBF) and frequency ratio (FR) were
used to map the soil erosion susceptible areas and their outcomes were
compared subsequently. These methods were selected due to their
efficiency and popularity in natural hazard studies. Moreover, the
application of EBF is poorly examined in this area of research. Nine
conditioning factors belonging to the current time, and rainfall intensity
for the two time periods of current time and 2100 based on the A2
scenario CSIRO global climate model, were utilized in this research. The
main aim was to estimate and compare the soil erosion hazards at
Southern Luzon in the Philippines under two time periods, current time
and 2100. This region has been highly affected by erosion and has not
received much attention in the past. The area under the curve outcomes
indicated that the FR model produced 70.6% prediction rate, while EBF
showed superior prediction accuracy with a rate of 83.1%. The results also
project that soil erosion hazards in the Philippines will increase due to
changes in rainfall patterns by 2100.

KEYWORDS
Soil erosion; frequency ratio
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1. Introduction

Soil erosion is one of the most important factors degrading fertile agricultural soils around the
world (Keesstra et al. 2012; Khosrokhani and Pradhan 2014; Rodrigo Comino et al. 2016a). Ero-
sion may lead to the development of a coarsening skeletal soil with impaired moisture (ability
of storing water) (Lewis 1981; Nyakatawa et al. 2001) and also reduce soil fertility, loss of newly
planted crops and deposits of silt in low-lying areas resulting in land degradation and environ-
mental problems (Sutherst and Bourne 2009; Shabani et al. 2014). The economic impact of soil
erosion is costly and leads to regression (Julio-Miranda et al. 2012; Galati et al. 2015) and thus
it is essential that governments devote attention to minimize the impact of soil erosion (Hu
et al. 2013; Alam et al. 2016).

Due to the destructive consequences of soil erosion, it is essential to identify areas highly suscepti-
ble to be eroded in the future. The efficiency of GIS, in terms of the collection, analysis and valida-
tion of data, has revolutionized hazard studies in general (Tralli et al. 2005). Substantial research on
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landslides (Sterlacchini et al. 2007), flooding (Tehrany et al. 2014), gas leakage (Safari et al. 2010),
earthquakes (Xu et al. 2012), and soil erosion (Chaussard et al. 2014; Rodrigo Comino et al. 2016b;
Raouf et al. 2017) has been undertaken using remote sensing (RS) and GIS techniques. Soil erosion
has long plagued the tropical Philippine environment, and is related to its heavy annual rainfall
(Pradhan and Lee 2007), generally considered a major factor in occurrences of soil erosion (Zhou
et al. 2003; Panagos et al. 2017). Laguna de Bay area is an area consistently ravaged by soil erosion
and detection of areas of susceptibility in the region is vital for reducing future occurrences of soil
erosion and limiting damage.

2. Previous studies

Recently, researchers have approached soil erosion through modelling (Liu and Huang 2013)
and a variety of techniques have been tested in the area of susceptibility mapping of soil erosion.
The selection of model is based on capabilities and accuracy of prediction in terms of the spe-
cific needs of the field. Research has included Interferometric Synthetic Aperture Radar (InSAR)
technique (Motagh et al. 2007; Calderhead et al. 2011; Jebur et al. 2014a), probabilistic (Kim
et al. 2006; Galve et al. 2009), multicriteria decision (Mancini et al. 2009), Artificial Neural Net-
work (ANN) (Kim et al. 2009) and fuzzy operator analysis (Choi et al. 2010), all employed in a
GIS environment. Many methods of multicriteria decision analysis and a variety of decision
models have been evaluated in terms of natural hazard analysis (Hermans et al. 2007; Sterlac-
chini et al. 2007; Wang et al. 2009). The major limitation noted is that comparison of these
techniques demands an expert choice; the uncertainties imposed by personal opinion are unde-
niable (Mancini et al. 2009).

Oh and Lee (2011) mapped soil erosion in the region of Samcheok in Korea employing the tech-
niques of Frequency Ratio (FR), Weights-of-Evidence (WoE), Logistic Regression (LR) and ANN.
Another study by Kim et al. (2006) and Lee et al. (2010) researched soil erosion employing ANN
in a GIS environment. The need in ANN analyses for sufficient data is seen as a potential limita-
tion (Pradhan and Lee 2007) and where test data includes values outside the training data range
weak predictions may occur (Yilmaz 2009a). Choi et al. (2010) mapped susceptibility of soil ero-
sion in Taebaek city (which belongs to the Samcheok coalfield), Korea using a fuzzy relations tech-
nique. However, the lack of a systematic and effective design is seen as a weakness of
the fuzzy operator method (Ghafari and Alasty 2004). Altaf et al. (2014) utilized both satellite
based remote sensing data and field data through multi-criteria analytical framework and GIS
environment to estimate the soil erosion susceptibility of the Rembiara basin falling in the western
Himalaya, Kashmir, India. Conoscenti et al. (2008) undertook a similar study through the inclu-
sion of geomorphological landform data. In addition, Conforti et al. (2011) utilized weighting val-
ues (Wi) method to map the soil erosion susceptible regions in the Turbolo stream catchment
(northern Calabria, Italy). The literature abounds with analyses employing the InSAR method
(Chang et al. 2004; Ding et al. 2004; Wang et al. 2004). While InSAR has the ability for high accu-
racy, its identification of land deformations in areas of dense vegetation has been criticized (Jebur
et al. 2015). Further, the method demands two pairs of SAR images, which is often impractical
(Jebur et al. 2013).

We believe that soil erosion susceptibility mapping has received less attention compared to other
natural hazards in the literature. A variety of statistical and advanced methods, such as evidential
belief function (EBF), WoE and Adaptive Neuro-Fuzzy Inference System have been applied and
tested in the fields of flooding and landslide; however, they have not been attempted in soil erosion
modelling. Based on our literature review, complexity and time required for the analysis are the
major limitations of current methods. Thus, the simplicity, comparative accuracy, and GIS compati-
bility of statistical methods has seen it become one of the more frequent geo-hazard analytic techni-
ques (Clerici et al. 2002). Moreover, its performance is rapid and output accuracy is high (Scheet
and Stephens 2006). Choi et al. (2010) have argued that a statistical method produces a more precise
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measure of success rate than ANN and probabilistic methods. Statistical modelling has two variants,
bivariate statistical analysis (BSA) and multivariate statistical analysis (MSA) (Tehrany et al. 2013).
A principal difference between the two variants lies in how each examines the conditioning factors
in terms of the inventory map (S€uzen and Doyuran 2004). BSA estimates weighting values in terms
of the distribution of events in the soil erosion inventory map and relationship to the class of condi-
tioning factors (Tehrany et al. 2013) rather than the correlations between conditioning factors. FR
(Galve et al. 2008; Aurit et al. 2013) and Weight-of-Evidence (WoE) are examples of BSA methods
used in hazard analyses. MSA weights conditioning factors collectively as a group, rather than on an
individual basis and assesses each conditioning factor’s relative influence on the occurrence of soil
erosion (Lee and Pradhan 2006a). Thus, correlations between conditioning factors themselves, as
well as on soil erosion occurrences, will be evaluated (Lee and Pradhan 2006a). LR is one of the
most applied MSA methods (Lee and Pradhan 2006b).

Both BSA and MSA are able to map susceptibility to specific events (Kim et al. 2009), but produce
different levels of reliability and accuracy. MSA achieves higher prediction rates in areas of high
occurrence, while BSA conversely achieves higher prediction rates in areas of low occurrence (Yil-
maz et al. 2013). Both methods have particular advantages for specific applications. MSA’s major
disadvantage is that it cannot analyse the specific impact on soil erosion of each class of conditioning
factors (Pradhan and Lee 2010).

The main objective of this study was to estimate and compare the extent of soil erosion hazards
in the Philippines between current time and 2100 through EBF and FR in a GIS environment. EBF,
as a MSA method, and FR, as a BSA method, were used in order to find and use the more precise
technique in projecting the future trend of soil erosion in the region. The study utilized ten soil ero-
sion conditioning factors: (1) altitude, (2) slope, (3) aspect, (4) curvature, (5) lithology, (6) distance
from river, (7) distance from road, (8) soil type, (9) land use/cover (LULC) and (10) rainfall, for
two time periods: (a) current time and (b) 2100. The extent of soil erosion hazards for the current
time was estimated separately through EBF and FR methods. Thereafter, the model producing a
higher rate of accuracy was selected to project the extent of soil erosion for 2100. As a final step,
the extent of soil erosion alteration between current time and 2100 was assessed. It should be men-
tioned that, in this study, the projected extent of soil erosion is based on the LULC, road and river
layers for the current time and these layers may change in the future, and this would be a limitation
of this study.

3. Methodology

3.1. Study area selection

Large scale soil erosion is regarded as the most prominent form of land degradation in the Philip-
pines (Asio et al. 2009; Olabisi 2012). It is highly desirable to obtain more data on the erosion prone
areas to aid in the formulation of applicable soil management strategies. Soil erosion is a much
more serious issue in tropical regions than in temperate areas due to the physical properties and the
prevalent climatic conditions and thus it is likely that countries with tropical climate and intensively
dependent on agriculture will suffer the most (Labri�ere et al. 2015; Panagos et al. 2017). In the Phil-
ippines, the National Action Plan (NAP) for 2004–2010 states that 5.2 million hectares were seri-
ously degraded by soil erosion and caused up to 50% reduction in soil productivity and water
retention capacity (NAP 2004). The common plant species in the degraded upland soils are Imper-
ata cylindrical (L) Beauv., Saccharum spontaneum L., Paspalum conjugatum Bergius, Axonopus com-
pressus (Sw.) P. Beauv. Cyrtococcum accrescens (Trin.) Stapf, Melastoma affine D. Don. and the
native Psidium guajava L (Asio et al. 2009). Recently, NAP identified that the control of soil degra-
dation is one of the major research priorities for the Philippines. In line with this matter, the NAP
(2004) estimated that 33%, 21% and 46% of Luzon, Visayas and Mindanao were severely eroded,

GEOMATICS, NATURAL HAZARDS AND RISK 1697



respectively. Snelder (2001) documented that the importance of topography on soil erosion on
development of grasslands of Northeast Luzon was inadequately considered.

The study area is located between 13�30 00000 N to 15�00 00000 N and 120�00 00000 E to 122�00 00000 E
known as Southern Luzon in the Philippines (Figure 1) covering 10,997 km2. In selecting the study
area, attempts were made to select an area that has varieties of each soil erosion conditioning factor.
In the east, the rainfall is more or less evenly distributed throughout the year. The average annual
rainfall ranges between 2000 mm in the west to 4000 mm in the east (http://www1.pagasa.dost.gov.
ph/index.php/climate/climatological-normals). The high rainfall associated with the passage of trop-
ical cyclones, averaging 19.4 per year (Cinco et al. 2016), is partly responsible for the active erosion
observed in the area (Adornado et al. 2009, Atienza and Hipolito 2010). The area of interest is part
of a tectonically and volcanically active zone, comprising of several calderas and stratovolcanoes,
and hundreds of monogenetic volcanic edifices such as maars and scoria cones (Nelson et al. 2000).
Faults and fractures transect the area. The geologic setting of the area explains in part the high ero-
sion in the area.

The area of interest includes a major river basin (i.e. the Pasig-Laguna de Bay river basin) and
several critical watersheds. The Laguna de Bay and adjacent regions are a principal rice bowl of the
Philippines. The area includes the two most populous regions: National Capital region (including
Metro Manila) and Calabarzon (consisting of the provinces of Cavite, Laguna, Batangas, Rizal and
Quezon) with a total population of 27.3 million (https://www.psa.gov.ph/content/highlights-philip
pine-population-2015-census-population). These areas have experienced rapid industrial growth.
Selected areas in the Calabarzon have been and are being developed to support the accelerating
needs for space and economic, social and environmental resources for the National Capital region.
The two regions account for nearly 54% of Philippine domestic production for the period 2010–
2015 National Economic and Development Authority (2017). Deforestation due to logging, fires,
expanding agriculture or conversion to built-up areas is considered a major cause of erosion (Mao-
hong 2012). The selected study area has an altitude from 1 m to 2100 m a.s.l; for lithology, the study
area had 21 different geological units, and for LULC, our selected study area had 17 different types
of LULC.

Figure 1. Study area location (source: ESRI Basemap).
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3.2. Spatial data-sets

3.2.1. Inventory factors
In this study, 70% of the soil erosion layer, as an inventory factor obtained from the Bureau of Soil
and Water Management (BSWM), was used for model training while the remainder (30%) was
reserved for validation purposes (Figure 1).

3.2.2. Conditioning factors
One of the challenging tasks in natural hazard simulation and modelling is to select the most rele-
vant contributing factors. There is no specific framework that defines the sufficient numbers and
types of the parameters. These factors are usually selected by the user based on the relevance and
influences of those factors on soil erosion occurrence. Moreover, there are several topographical,
hydrological and geological factors that are cited and frequently used by other researchers (Cono-
scenti et al. 2008; Krishna Bahadur 2009; Conforti et al. 2011; Feizizadeh and Blaschke 2013; Altaf
et al. 2014). In the current research ten factors were chosen to be used in the analysis, which have
considerable impact on generating soil erosion. Their influences could directly or indirectly cause
erosion in the terrain. Ten conditioning factors belonging to the current time: (1) altitude, (2) slope,
(3) aspect, (4) curvature, (5) lithology, (6) distance from river, (7) distance from road, (8) soil type,
(9) LULC and (10) rainfall, for the two time periods, current time and 2100 based on the A2 sce-
nario and CSIRO global climate model (available at http://www.worldclim.org/), with a grid cell size
30 £ 30 m were used to run the FR and EBF models.

3.2.2.1. Altitude, slope, aspect and curvature. Altitude is one of the most important factors in soil
erosion studies as it affects the erosive power of the surface runoff (Conoscenti et al. 2008). Slope,
aspect and curvature are the physical characteristics of the terrain. The impact of slope (Ziadat and
Taimeh 2013), aspect (Gabarr�on-Galeote et al. 2013; Raouf et al. 2017) and curvature (Perreault
et al. 2016) on soil erosion has been studied by many researchers. Steep lands increase the velocity
of the runoff and reduce the absorption time. On the other hand, aspect direction of the land
impacts on the amount of the sunshine and precipitation that the terrain receives (Mansor et al.
2004; Nadal-Romero et al. 2014; Rodrigo Comino et al. 2017). Altitude, slope, aspect and curvature
layers were generated from DEM as shown in Figures 2(a), (b), (c) and (d), respectively. In the cur-
rent research, altitude and slope maps ranged from 0 to 2100 m above sea level and 0 to 71 degrees,
respectively. As can be seen in Figures 2(a) and (b), the high elevated and steep regions are located
in the north and northeast of the catchment. Moreover, the aspect map represents nine slope direc-
tions and curvature thematic map contains three classes of convex, flat and concave, illustrating the
shape or curvature of the slope.

3.2.2.2. Lithology. Lithology is one of the major factors in soil erosion studies due to its impact on
the presence of soil erosion. Research undertaken by Conforti et al. (2011) showed that this factor
plays a critical role in impacting soil erosion. Water permeability, strength etc. are the characteris-
tics that vary from one lithology type to another (Cerda 1999, Mart�ınez-Hern�andez et al.). There-
fore, this factor was used as one of the most influential factors in this study. The lithology layer,
obtained from Mines and Geoscience Bureau, contained different types of lithology as shown in
Figure 2(e).

3.2.2.3. Distance from river and road. Distance from river is also a major conditioning factor due
to the impact of water on soil erosion (Panagos et al. 2012). Road construction requires cutting the
terrain which causes instability in the land (Swanson and Dyrness 1975). These impervious materi-
als will speed up the water flow and cause soil erosion in the regions around. Distance from river
and road layers were generated by Euclidean distance tool and divided into ten classes using quantile
method as shown in Figures 2(f) and (g), respectively.
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3.2.2.4. Soil type. Different soil types have different characteristics, such as absorption capacity,
empty spaces among the particles etc. which considerably influence the soil erosion potential of the
region (Heshmati et al. 2013). The soil layer, obtained from BSWM, contained 72 different soil types
as shown in Figure 2(h). By looking at both Figures 1 and 2(h) it is evident that most of the soil ero-
sion locations mainly fall in three classes of soil, including Novaliches clay loam, Antipolo clay and
Antipolo soils (undifferentiated).

Figure 2. Soil erosion conditioning factors: (a) altitude, (b) slope, (c) aspect, (d) curvature, (e) geology, (f) distance from river, (g)
distance from road, (h) soil type (refer to Table S1), (i) LULC and (j) rainfall for current time.
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3.2.2.5. Land use/cover (LULC). Zhou et al. (2008) assessed the effect of vegetation on soil erosion
and concluded that dense vegetation cover can considerably reduce the surface runoff speed and
consequently prevent soil erosion occurrence in the region. Moreover, the roots of the trees
strengthen the soil structure. On the other hand, deforestation and existence of the impervious sur-
faces promote the water flow and create soil loss in the area (Ochoa-Cueva et al. 2015). The LULC

Figure 2. (Continued)
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layer, obtained from BSWM, contained 17 different types of LULC as shown in Figure 2(i). Culti-
vated Area mixed with brushland/grassland area has experienced the highest extent of soil erosion
as can be seen in Figures 1 and 2(i).

3.2.2.6. Rainfall (current time and 2100). The impact of rainfall on soil erosion occurrence has
been studied by a variety of researchers (Mart�ınez Casasnovas et al. 2002). Nearing et al. (2005)
studied different soil erosion scenarios due to the changes in precipitation and LULC. Their results
indicated that the sensitivity values for runoff and erosion were generally greater for rainfall changes
as opposed to LULC changes. The current rainfall data was obtained from the Philippine Atmo-
spheric Geophysical and Astronomical Service Administration (PAGASA) while the projected rain-
fall data for 2100 was obtained from CLIMOND database (Kriticos et al. 2012). Figure 2(j)
represents rainfall for the current time.

As a requirement of both FR and EBF method, each factor needs to be categorized prior to the
analysis (Yilmaz 2009b; Althuwaynee et al. 2012b; Jebur et al. 2014b). The reason for this is that the
BSA method evaluates the impact of every class of each conditioning factor on the soil erosion occur-
rence. Regarding the used classification scheme, there are four classification techniques of quantile,
natural breaks, equal intervals and standard deviations available that can be used to categorize the
scaled data (Ayalew and Yamagishi 2005) and has been frequently used by researchers in the field of
natural hazard (Ayalew et al. 2004; Ayalew and Yamagishi 2005; Papadopoulou-Vrynioti et al. 2013;
Mojaddadi et al. 2017). Selection of each method depends on the nature of the data used and the
application of the project. One of the disadvantages of equal interval method is that it places widely
different values into the same class. On the other hand, some classes might only carry a few pixels
(Chung and Fabbri 2003). Other classification methods, such as standard deviation or natural break,
follow specific framework and manipulate the classes into non-user defined categories. However, in
this research, in order to have a reliable judgment regarding the impact of every class of each factor
on soil erosion occurrence we attempted to reduce the influence of classification algorithm on the

Figure 2. (Continued)
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conditioning factors classes as much as possible. In some population analysis projects where the goal
is to find a big jump in the data, natural break technique is highly recommended (Xiao et al. 2006),
while in this research, this method would not be efficient. Hence, quantile-based classification tech-
nique was found to be more appropriate to classify the factors in this study. This method groups equal
number of pixels (area) into each group without any interference in the separation of the pixels.

3.3. Models

3.3.1. Frequency ratio (FR) model
The FR model is based on the ratio of the probability occurrence to non-occurrence for a specific
event (Lee and Pradhan 2006b; Mojaddadi et al. 2017). Alternatively, it may be described as the spatial
correlation between specific incidents and the conditioning factors related to its occurrence (Alon and
Spencer 2004). These correlations were derived by application of the FR model (Demir et al. 2013).
FR is a BSA model that can assist in modelling the research area both logically and physically. In
terms of analysis of soil erosion, if A represents the event incidents and B the related spatial factor,
the FR for B establishes the ratio of conditional probability. In terms of the theory of probability, con-
ditional probability describes the likelihood of occurrence of an incident, when another incident will
occur or has already occurred (Lee and Pradhan 2006b). When the ratio exceeds 1, the related condi-
tioning factor shows a greater correlation with the occurrence of soil erosion, while a ratio less than 1
indicates less correlation with an occurrence. FR was calculated using Excel and ArcGIS software.

For calculating a hazard index for soil erosion, individual conditioning factors were reclassified in
terms of acquired weights and the factors were summed.

3.3.2. Evidential belief function (EBF) known as Dempster–Shafer theory (DST)
The Dempster–Shafer theory (DST) of evidence, developed by Dempster (Dempster 1967), is a gen-
eralization of the Bayesian theory of subjective probability (Feizizadeh and Blaschke 2013). Its major
advantages are its relative flexibility in accepting uncertainty and the capacity to combine beliefs
from multiple sources of evidence (Thiam 2005; Feizizadeh and Blaschke 2014). DST estimates the
closeness with which the evidence proves the hypothesis valid (Feizizadeh et al. 2014b), as opposed
to estimating the probability that it is valid (Pearl 1990), and has been successfully applied in many
fields using a GIS (Malpica et al. 2007).

Suppose that there is a set of soil erosion conditioning factors C = (Ci, i = 1, 2, 3, …, n), compris-
ing mutually exclusive and exhaustive factors Ci. C is known as the frame of discernment. A basic
probability assignment is a function m: P(C)![0, 1].

P(C) is the set of all subsets of C, including the empty set and C itself. This function is also called
a mass function and satisfies m(K) = 0 and

P
AC m Að Þ ¼ 1, where K is an empty set and A is any

subset of C. The m(A) measures the degree to which the evidence supports A and it is denoted by
Bel (A), a belief function.

There are four basic EBF functions used: (1) Bel (degree of belief), (2) Dis (degree of disbelief), (3)
Unc (degree of uncertainty) and (4) Pls (degree of plausibility) (Feizizadeh et al. 2014a). Bel and Pls
present the lower and upper bounds of the probability for the proposition (Awasthi and Chauhan
2011; Althuwaynee et al. 2012a); Unc is the difference between the belief and the plausibility, while
Unc presents the ignorance. Dis is the belief of the proposition being false on given evidence.

Dis = 1 ¡ Pls or 1 ¡ Unc ¡ Bel, and we always get Bel + Unc + Dis = 1. For a case of Cij with no
soil erosion occurrence indicating that Bel = 0, Dis is reset to zero, even if Dis is not (Carranza et al.
2008). The estimation of EBF can be based on subjective judgment or it can be data-driven (Srivas-
tava et al. 2011). By overlaying the soil erosion inventory map (L) on each of the ten maps of soil
erosion conditioning factors, we determined the number of pixels with, and without, soil erosion for
each factor class. Assuming that N(L) is the total number of soil erosion pixels and N(C) is the total
number of pixels in the study area, Cij is the j-th class attribute of the soil erosion conditioning fac-
tors Ci (i = 1, 2,…, n), N(Cij) is the total number of pixels in the class Cij and N(L\Cij) is the number
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of soil erosion pixels in Cij. According to (Carranza and Hale 2003), data-driven estimation of EBFs
may be undertaken by:

Bel Cij

� � ¼ WCij soil erosionð ÞPn
j ¼ 1 WCij soil erosionð Þ

(1)

WCij soil erosionð Þ ¼
NðLTCijÞ�NðLÞ

½N ðC ijÞ � N ðLTCijÞ��½N ðCÞ�N ðLÞ�
(2)

Dis Cij
� � ¼ WCij ðwithout soil erosionÞPn

j ¼ 1 WCij ðnon� soil erosionÞ
(3)

where

WCij ðwithout soil erosionÞ ¼
½N Cij

� �� N ðLTCijÞ�
.

N ðLÞ
½N ðC Þ � N Lð Þ � N Cij

� �þ N ðLTCijÞ�
.

½N ðCÞ�N ðLÞ�

(4)

The numerator in equation (2) is the proportion of soil erosion pixels in factor class Cij; the
numerator in equation (4) is the proportion of soil erosion pixels that do not occur in factor class
Cij; the denominator in equation (2) is the proportion of non-soil erosion pixels in factor class Cij;
and the denominator in equation (4) is the proportion of non-soil erosion pixels in other attributes
outside factor class of Cij. Parameter WCij (soil erosion) is the weight of Cij that supports the belief
that soil erosion is more present than absent. Parameter WCij (without soil erosion) is the weight of
Cij that supports the belief that soil erosion is more absent than present.

EBF functions were measured using Excel and ArcGIS software. Once the EBF function had been
calculated for all the soil erosion conditioning factors, the Dempster’s rule of combination was used
and applied using raster calculator in ArcGIS to obtain the four integrated EBFs. The formulae for
combining of two soil erosion conditioning factors C1 and C2 are as follows (Carranza et al. 2005):

BelC1C2 ¼
BelC1BelC2 þ BelC1UncC2 þ BelC2UncC1

1� BelC1DisC2 � DisC1BelC2

(5)

DisC1C2 ¼
DisC1DisC2 þ DisC1UncC2 þ DisC2UncC1

1� BelC1DisC2 � DisC1BelC2

(6)

DisC1C2 ¼
DisC1DisC2 þ DisC1UncC2 þ DisC2UncC1

1� BelC1DisC2 � DisC1BelC2

(7)

Integrated EBF of the soil erosion conditioning factors are implemented sequentially using equa-
tions 5, 6 and 7. Table S1 shows the estimated EBFs for the ten soil erosion conditioning factors.

4. Results

We examined ten conditioning factors together with the soil erosion inventory map. As mentioned
earlier, each factor was assessed individually in both FR and EBF. Table S1 shows the estimated EBF
and FR for the ten soil erosion conditioning factors, individually. It should be noted that the derived
weights for each factor is only specific to this study area. Applying EBF and FR for other case studies
may lead to similar or different outcomes. The reason for this is that each catchment has different
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topographical, hydrological and geological conditions that might affect soil erosion through differ-
ent interactions of factors.

4.1. Conditioning factors

4.1.1. Altitude
The EBF outputs on this conditioning factor indicated that the range of altitude between 230 and
2100 m received high weights. The belief (Bel) value achieved by EBF method had the highest value
(61) at altitudes from 221–290 m while it was 16 and 13 at altitudes from 300 to 380 and 511 to
2100 m, respectively. The FR output also agreed that the highest FR weights were measured for the
range of altitude from 221 to 290 m, while altitudes from 300 to 380 and 511 to 2100 m had a mod-
erate FR weights (Table S1).

4.1.2. Slope, aspect and curvature
The outputs on slope using FR indicated that classes of 14�–18�, 19�–25� and 26�–71� acquired
weights of 2, 4 and 2, respectively. Furthermore, they produced EBF results of 19, 39 and 26 for Bel
value, respectively.

The three highest FR values of 3, 1 and 1 were related to the classes of south-east, south and
north-west of aspect layer, respectively. The same classes acquired the highest Bel values through
EBF method. Curvature-wise, there was agreement and disagreement between FR and EBF outputs.
For example, both methods agreed that concave curvature had the highest value while only EBF pro-
jected that convex curvature had the second highest Bel value (Table S1).

4.1.3. Lithology
The class of ‘Cretaceous-Paleocene and Igneous Rocks’ acquired the FR weights of 11 and 13 and Bel
weights of 28 and 31 through EBF method, respectively, indicating the higher correlation among
these classes and soil erosion. For this conditioning factor, the extent of agreement between FR and
EBF outputs exceeded the extent of disagreement (Table S1).

4.1.4. Distance from river and road
For this factor, the highest FR weights of 3, 1 and 1 represented the classes of 501–640 , 641–860 and
1101–1700 m, respectively. Furthermore, the Bel weights of 38, 18, and 11, respectively, verified the
results of FR. On river and road conditioning factors, the extent of disagreement between FR and
EBF outputs exceeded agreement; for example, on river factor EBF estimated a high correlation
among all ten classes of distance from the river and soil erosion, while FR estimated only three clas-
ses (Table S1).

4.1.5. Soil type
Our results showed that for soil type, the highest FR weights of 9 and 5 belonged to the class of Anti-
polo soils and Antipolo clay, which also produced the highest Bel weights of 46 and 23. Our results
indicate that these two soil types have strong correlation with soil erosion occurrence, while the
remainder of soil types within the study area does not exhibit a strong relationship.

4.1.6. Land use/cover (LULC)
Our result on this conditioning factor shows the highest FR weight of 67 for the class of grassland,
which is verified by the EBF Bel weight of 97. Comparing the FR and EBF outputs on the remaining
classes, our result indicates significant consistency and agreement between these model outputs.

4.1.7. Rainfall for current time
Our finding on this conditioning factor revealed that the highest FR weights of 4 and 1 represent the
classes of 120–138.9 and 138.9–139.7 mm/day, which are verified by EBF Bel weight of 66 and 25
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for the same classes of rainfall. Comparing the FR and EBF outputs for the remainder of classes,
some inconsistency and disagreement was found for the classes of 159.2–159.8 and 169.1–169.9.

4.2. Probability index maps and susceptibility maps

The soil erosion probability index maps produced by EBF and FR methods are shown in Figures 3
(a) and (b), respectively. The soil erosion probability ranges from 0 to 1, with 0 representing no
probability and 1 representing 100% probability. For producing susceptibility maps, as well as
improving the visual interpretation of area susceptibility, probability maps need to be categorized
into specific classes (Umar et al. 2014). A variety of classification techniques, such as equal interval,
standard deviation, natural break and quantile, is available; the selection of which needs to be based
on the data characteristics and research objectives. For data with normal distribution, equal interval
is suitable, whereas standard deviation classifies data according to a fixed number of classes. With a
data-set exhibiting a sudden or big jump, natural break is suitable. Having researched the literature,
quantile is the most popular choice of classification method for susceptibility mapping (Umar et al.
2014). We used the quantile method to produce the susceptibility classes and classified our probabil-
ity indices into five zones of susceptibility: very low, low, moderate, high and very high for both EBF
and FR outputs (Figures 4(a) and (b)).

5. Model validation and comparison of EBF and RF models

The soil erosion hazard analysis was executed and validated using known soil erosion locations
(Figure 1). Natural hazards modelling (i.e. soil erosion) is an appropriate technique to identify the
extent and the location of natural threats in advance; however, identifying the accuracy and extent
of the predictive ability is vital once model training is completed (Nefeslioglu et al. 2013). For this
the area under curve (AUC) is generally used to determine the quality of the probabilistic model by
describing its ability to reliably predict the occurrence or non-occurrence of hazards (i.e. soil ero-
sion) event (Feizizadeh et al. 2014c). Thus the AUC method was used for validation, based on the
training and testing soil erosion locations (Pradhan et al. 2010). While training soil erosion locations
were used to generate the hazard model, the results of validation using this data does not represent
the real efficiency of the developed model. The prediction rate was measured to establish how effi-
ciently the two models and selected conditioning factors predicted soil erosion (Feizizadeh et al.

Figure 3. Soil erosion probability index maps achieved by (a) EBF and (b) FR methods.
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2014c). AUC can assess prediction accuracy qualitatively by sorting the calculated values of all cells
in the study area into a descending order, thus ranking each prediction hierarchically. Thereafter,
the values of cells were divided into 100 classes with 1% accumulation intervals. The verification
results for both methods (FR and EBF) are shown in Figure 4. The AUC results showed 72.8% and
85.7% success rates for FR and EBF, respectively, while a 70.6% and 83.1% prediction rate was
achieved, respectively (Figures 5(a) and (b)). The efficiency of both methods was compared quanti-
tatively and the results revealed that EBF has greater prediction capability than FR. Thus, we chose
the EBF method to predict future soil erosion probability to produce the susceptibility map for
2100, as shown in Figure 6.

Comparing the very high susceptibility class for current time (Figure 4(a)) and 2100 (Figure 6,
right-hand side map), our EBF results indicated an increase in soil erosion in the northern part of
the study area, no changes in the eastern regions and a decrease in the western and southern regions.

Figure 4. Soil erosion susceptibility maps achieved by (a) EBF and (b) FR methods.

Figure 5. AUC success rate and prediction rate of (a) EBF and (b) FR methods.
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A similar time frame comparison for the low susceptibility class showed an increase between current
time and 2100, particularly in the regions between 121�0 00000 E and 121� 10 00000 E, and 14�45 00000 N
and 14�55 00000 N. An increase in the moderate susceptibility class in all four corners of the study
area was found between current time and 2100 (Figure 4(a) and Figure 6, right-hand side map).
Moreover, comparing the susceptibility maps of current (FR-derived) and future (EBF-derived)
almost similar changes of increase of soil erosion incidences in the north and decrease in the south
part of the study area can be seen.

6. Discussion

Although a variety of statistical methods have been proposed and tested in the field of natural haz-
ards, the application and proficiency of EBF in soil erosion susceptibility mapping has not been
examined sufficiently. This study undertook a comparative assessment of the proficiency of the EBF
and FR statistical methods in mapping the soil erosion probability and susceptibility for the current
time. Thereafter, based on AUC validation, establishing that EBF had a better prediction rate, this
model was chosen to generate soil erosion probability and susceptibility for 2100. The maps pro-
duced can assist the national departments and agricultural organizations establish regions that are
highly or moderately susceptible to soil erosion in order to plan and implement prevention or reduc-
tion measures, as well as prepare for consequential occurrences such as floods and landslides. Sus-
ceptibility maps provide the foundation for further analytical tools, such as hazard and risk
mapping. However, it should be noted that the projected extent of soil erosion is based on the
LULC, road and river layers for the current time and these layers may change in the future, however
this point was not examined in this study as it is impossible to have a high degree of predictability of
such layers in the future.

The EBF outputs on altitude conditioning factor indicated that altitudes from 221 to 2100 m had
a strong correlation with soil erosion occurrence, which can be due to the greater instability of
ground at higher elevations. Slope, aspect, curvature and soil types describe the physical characteris-
tics of the terrain. Our results showed that these factors have specific influence on the initiation of
soil erosion. For example, moisture preservation and distribution of vegetation amount are related
to the slope aspect, which has a direct impact on soil strength and susceptibility to soil erosion. This
finding is supported by a variety of researches. The condition and characteristic of soil and

Figure 6. Projected soil erosion probability index map (left-hand side map) and susceptibility map (right-hand side map) by 2100
through EBF method.

1708 M. S. TEHRANY ET AL.



vegetation are highly related to the slope aspect factor which subsequently influences the soil erosion
susceptibility of the terrain (Perreault et al. 2016). Yetemen et al. (2015) described the correlation
between aspect and vegetation for the Northern Hemisphere. They found that the south-facing
slopes were usually warmer and drier, have a thinner soil layer and are less densely vegetated than
north-facing slopes. The correlation between the slope aspect directions and vegetation coverage has
been studied in detail by Nadal-Romero et al. (2014), Rodrigo Comino et al. (2017) and Gabarr�on-
Galeote et al. (2013). Gabarr�on-Galeote et al. (2013) stated that the species diversity and plant abun-
dance are highly affected by the slope aspect condition of the study area. Different patterns of soil
movement have been observed in a study by Rodrigo Comino et al. (2017), as the west side of their
studied hillslope had higher soil movement than the east region. The lowest soil erosion potential
was observed on the eastern aspect.

The projected susceptibility map was compared with the 2 current susceptibility maps derived
from EBF and FR methods. Compared to both current susceptibility maps, the future map showed
an increase in soil erosion susceptibility in the north and decrease in the south parts of the study
area. The increase in class of very high and moderate soil erosion susceptibility for 2100 can be
explained by potential changes in the rainfall layer as a consequence of climate change. However, it
should be mentioned that as rainfall changes, LULC and the locations of rivers and roads could
change and, consequently, the level of soil erosion susceptibility. Thus, the result of an increase in
the very high and moderate classes of soil erosion susceptibility in the study area is based on avail-
able data for the rainfall layer for current time and, as obtained from CLIMOND database, by 2100.

Our results show the efficiency of EBF in soil erosion studies and, to the best of our knowledge,
this technique has not been previously utilized for the generation of soil erosion susceptibility map-
ping. However, as mentioned earlier, both BSA and MSA have inherent weaknesses and further
research is needed to find appropriate solutions for these techniques in order to increase the reliabil-
ity and speed of hazard analysis of these models. Ensemble modelling could be one of the applicable
solutions for this matter which is a technique of combining two or more algorithms and enhancing
their performance through this integration (Althuwaynee et al. 2014; Tehrany et al. 2015). Often,
the process starts by performing one method and utilizes the outcome and enters them as input in
the second model (Youssef et al. 2015). Using this approach ,disadvantages of individual methods
can be reasonably reduced. A future study would be focusing on improving and proposing novel
ensemble techniques in soil erosion susceptibility mapping.

It is important to note that the accuracy of estimations of soil loss is dependent on the accuracy
with which conditioning factor values are calculated (Dou et al. 2015). Beyond the establishment of
the class, it is essential to understand conditioning factors that impact most on soil erosion. Once
the conditioning factors and associated severity of impact is established, the information is invalu-
able in terms of the formulation of conservation planning to protect areas at risk. Planning must
extend beyond the direct onsite impact of soil erosion to curtail the consequential downstream
impact of transported sediments. These results contribute to the promulgation of public awareness
of such geo-hazards in order to reduce life and economic losses.

As it has been mentioned earlier, the projected extent of soil erosion in this study is based on the
LULC, road and river layers for the current time and these layers may change in the future. This can
be an interesting future research topic to include the expected changes in LULC through considering
the governmental city expansion plans. It is also recommended to examine and compare the perfor-
mance of an ensemble or integrated EBF technique with other statistical methods in the field of soil
erosion mapping.

7. Conclusion

This research aimed to use two of the most popular statistical techniques of FR and EBF to map the
current soil erosion susceptible areas in a hazardous catchment in Philippines, and subsequently
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utilize the most accurate approach to project the future susceptible locations in the study area by
including an additional conditioning factor of rainfall belonging to the year 2100.

(1) Conditioning factors were selected in terms of their relevance and used in the construction of
spatial layers, including: altitude, slope, aspect, curvature, lithology, distance from river, dis-
tance from road, soil type, LULC and rainfall for current time and 2100 formed the data-set.

(2) The inventory map was divided into training and testing data-sets.
(3) EBF and FR were applied using the training locations and correlations of classes and condi-

tioning factors were evaluated.
(4) Validation was performed using AUC method which showed success rates of 72.8% and

85.7% for FR and EBF, respectively. In addition, the results showed that the FR model
(70.6%) has less accuracy of prediction than the EBF model (83.1%). This shows the superior
capabilities of MSA over the BSA, with the results of EBF model having higher prediction
accuracies than the probabilistic FR model in the process of soil erosion hazard mapping.

Statistical modelling is advantageous for its simplicity and user-friendly qualities. It is also capa-
ble of processing large quantities of data in a GIS environment relatively quickly. Sustainable urban
development is dependent on knowledge of the potential impacts of soil erosion hazards and the
control thereof. Thus, research into the susceptibility and hazard mapping of regions supports sus-
tainability and is valued by engineers, planners and developers in terms of LULC planning and slope
management. This research shows that the techniques developed here can be used for erosion
modelling; however, it must be emphasized that the impact of each of the factors may be different
for different case study sites due to the different interactions between factors.
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