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A B S T R A C T

River flooding can be a highly destructive natural hazard. Numerous approaches have been used to study the
phenomenon; however, insufficient knowledge regarding flood conditioning factors continues to hinder pre-
vention and control measures. This research examines the hypothesis that by adding further conditioning factors
to a dataset used in river flood modeling, increases the accuracy of the final susceptibility mapping result.
Additionally, this study assesses the impact of individual conditioning factors on flood susceptibility mapping
and their importance in the construction of precise mapping of potential flood regions. Two robust machine
learning approaches, Decision Tree (DT) and Support Vector Machine (SVM), were utilized to evaluate spatial
correlations between flood conditioning factors and rate their level of importance for mapping the flood prone
areas. For this purpose, two datasets were used; dataset 1 (DS1): Light Detection and Ranging (LiDAR) derived
factors of altitude, slope, aspect, curvature, Stream Power Index (SPI), Topographic Wetness Index (TWI),
Topographic Roughness Index (TRI), and Sediment Transport Index (STI) and dataset 2 (DS2): a combination of
LiDAR derived factors supplemented by geology, soil, landuse/cover (LULC), distance from roads and distance
from rivers parameters. An extreme flood event in 2011 in Brisbane, Australia was used as a case study, in which
DT and SVM techniques were both applied, using both datasets. In addition, multi-collinearity, variance inflation
factors (VIF), Pearson's correlation coefficients and Cohen's kappa analysis provided useful information re-
garding the inter-relationships of factors, as well as the influence of each factor on the precision of the final map.
The area under curve (AUC) method was used for accuracy assessment. SVM and DT produced the highest
accuracies of prediction, with rates of 85.52% and 88.47% respectively, using DS1 (the LiDAR dataset). Altitude,
SPI and TRI were found to have a significant impact on the precision of the outcomes. It was concluded that the
inclusion of additional factors in the modeling, does not necessarily guarantee the achievement of greater ac-
curacy. However, the modeling method, can significantly alter outcomes.

1. Introduction

Many countries experience fatalities, property destruction, en-
vironmental and financial losses due to river flooding (Dutta et al.,
2003; Kumar, 2016). Flood damage can be reduced by identifying
susceptible areas and undertaking prevention measures (Manfreda
et al., 2014; Tehrany et al., 2013). There are several categories of flood
analysis, such as flood susceptibility, hazard, vulnerability and risk
analysis. The subject of this paper is flood susceptibility mapping, but
an overview of flood mapping is provided here for completeness. Each
analysis is a pre-requirement for the next assessment. For instance,
flood susceptibility gives us information regarding the potential flood

zones in the watershed. In order to perform flood risk analysis, the
outcome of the flood susceptibility will be used, with the addition of
flood velocity and duration data. Prevention and the triggering of
warning signals can be based on correlations between historical
flooding events and flood conditioning factors (Mojaddadi et al., 2017).
‘Conditioning factors’ refers to the variables, generally topographical,
hydrological and geological, which influence the occurrence of the
flood (Tehrany et al., 2017c). For instance, soil type influences the
degree of water infiltration, impacting on surface run-off generation
and consequently the flooding process (Rahmati et al., 2016a). The
composition of the surface soil has a significant role in the infiltration of
water (Pla et al., 2017), which is, by definition, the downward entry of
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water into soil, indicative of the level of water movement permitted by
the soil structural profile. According to Huang et al. (2013), the level of
infiltration directly affects the levels of surface runoff and erosion, as
well as the recharging of soil water content and ground water levels.
When a supply of water occurs at a rate exceeding the capacity of the
soil for infiltration, the excess water moves downslope as runoff or
forms ponds over level land.

Each factor acts differently and cumulatively in creating the flood.
One of the critical stages in flood modeling, especially flood suscept-
ibility mapping, is to select the most relevant and influential con-
ditioning factors in flood generation. There are numerous flood con-
ditioning factors which may be used in the analysis. For practical
purposes, specific factors related to the morphology of the catchment
area and surrounding zones are most important. Thus, the question is:
Which are the most important conditioning factors? In the case of a
limited budget, lack of data availability and short processing time, what
is the minimum dataset required to produce a reliable flood suscept-
ibility map?

Numerous flood susceptibility studies have been conducted by re-
searchers worldwide (Lee et al., 2012; Pradhan, 2010; Tehrany et al.,
2013; Wang and Cheng, 2007). Most agree that in developing a specific
flood model, understanding and determining the flood conditioning
factors are crucial (Kia et al., 2012). In most previous research, a set of
user-selected factors constituted the conditioning factors. The high costs
of data collection and human input motivated our investigation of
whether Light Detection and Ranging (LiDAR) derived conditioning
factors alone are sufficient to produce effective flood susceptible map-
ping. Topographical and hydrological factors, including: altitude, slope,
aspect, curvature, Stream Power Index (SPI), Topographic Wetness
Index (TWI), Topographic Roughness Index (TRI), and Sediment
Transport Index (STI) can be extracted from LiDAR data. The primary
aim of this study is to assess the impact of additional variables on the
ability to assess flood susceptibility. For this reason, two datasets were
used; dataset 1 (DS1): LiDAR derived factors of altitude, slope, aspect,
curvature, SPI, TWI, TRI, and STI and dataset 2 (DS2): a combination of
LiDAR derived factors supplemented by geology, soil, landuse/cover
(LULC), distance from roads and distance from rivers parameters. The
secondary goal is to assess the performance of Decision Tree (DT) and
Support Vector Machine (SVM) in creating flood susceptibility maps.
Both methods were run twice using the two datasets and their outcomes
were assessed. DT (Althuwaynee et al., 2014; Tehrany et al., 2013) and
SVM (Mojaddadi et al., 2017; Tehrany et al., 2014b; Tehrany et al.,
2015) were selected based on their widespread usage and accuracy in
mapping natural hazards and specifically flooding. Correlation analyses
of multi-collinearity variance inflation factors (VIF), Pearson' correla-
tion coefficients and Cohen's kappa analysis were used to evaluate the
impact of each factor on the accuracy of the final flood map.

Rule-based and automated modeling techniques have gradually
superseded traditional flood models due to their greater suitability for
hazard analyses (Hostache et al., 2013). The literature indicates a
variety hydraulic models that are efficient in flood inundation modeling
(Dimitriadis et al., 2016). For instance, Mike 11, ISIS and HEC-RAS, are
prominent one-dimensional (1D) models (Knebl et al., 2005) while
TELEMAC-2D, RMA2, SRH-2D and Hydro_AS-2D are two-dimensional
(Chung et al., 2004; Horritt and Bates, 2002; Lavoie and Mahdi, 2017).
Most numerical hydraulic models traditionally used in practical river
engineering are 1D models, which compared to higher dimensional
models are simpler to use, requiring minimal input data and compu-
tation. However, modeling the interaction of floodplain and channel
flows in a two-dimensional (2D) representation provides greater rea-
lism and accuracy of results (Pappenberger et al., 2005). As a general
rule, higher dimensional models demand higher levels of input data and
computational resources (Balica et al., 2013).

Qualitative methods, such as the Analytical Hierarchy Process
(AHP), integrate expert opinions, including flood inventory data based
on soil physical and hydrological properties, in order to predict similar

regions at risk of flooding. The integration of expert opinions, however,
introduces the potential for bias in qualitative results (Lawal et al.,
2012; Rahmati et al., 2016b). While expert opinions may have validity
for local studies, flood studies on a global scale require a universally
valid modeling technique. Multivariate statistical analysis (MSA) and
bivariate statistical analysis (BSA) are categorised as quantitative
methods. BSA determines the impact on flooding, of each class of
conditioning factors, while MSA determines the influence of each
conditioning factor on flooding itself (Tehrany et al., 2014a). Alter-
native bivariate methods are weight of evidence (WoE) and frequency
ratio (FR), while logistic regression (LR) is an alternative multivariate
method (Devkota et al., 2013). Each method has advantages and dis-
advantages.

Machine learning algorithmic techniques, such as SVM, DT and
Artificial Neural Networks (ANN), genetic programming (GP), adaptive-
network-based fuzzy inference system (ANFIS), etc. (Kitsikoudis et al.,
2015; Saito et al., 2009), have been popular in the modeling of natural
hazards, specially flood studies. Machine learning methods have de-
monstrated significant application in modeling natural hazard such as
floods (Tehrany et al., 2013), landslides (Tien Bui et al., 2016b),
bushfires (Reid et al., 2015) and land subsidence (Lee and Park, 2013).
Comparative studies by Marjanović et al. (2011), Tehrany et al. (2015),
Althuwaynee et al. (2016) and Tien Bui et al. (2016c) have proven the
superiority of machine learning over statistical and qualitative techni-
ques. SVM and DT were utilized in the current research due to their
popularity as machine learning methods (Pham et al., 2016; Tehrany
et al., 2013). Several comparison studies of machine learning methods
have been documented, with no clear evidence of the superiority of
one, for the purpose of natural hazard modeling, though studies of
Hong et al. (2015), Pradhan (2013), and Singh et al. (2009), found DT
slightly more robust than SVM. Alternatively, Marjanović et al. (2011),
Wu et al. (2014), Tien Bui et al. (2012) have documented the inverse. In
most of the studies the difference between SVM and DT accuracies has
been shown to be minimal, exhibiting the similar strengths of the two
techniques. Therefore, these methods were utilized in the modeling
process.

2. Study area

Relative to the global mean, Australia experiences frequent natural
hazards (Ladds et al., 2017). According to Bureau of Transport Eco-
nomics (BTE) (Bureau of Transport Economics, 2001), flooding is the
most costly category of natural hazard in Australia (28.9%), followed
by severe storms (26.2%) and cyclones (24.5%). In January 2011,
continuous extensive precipitation in the Brisbane Catchment of Aus-
tralia caused a destructive flooding. A lack of preventative planning and
systematic flood management, deforestation and urban expansion are
the main causes of increased flooding in this region (Bohensky and
Leitch, 2014). An estimated 200,000 people throughout Queensland
were affected during these floods, which caused damage of an esti-
mated AUD $1 Billion (http://www.bom.gov.au/qld/flood/fld_history/
brisbane_history.shtml). Fig. 1 represents the study locality with in-
undated regions. As can be seen in Fig. 1 most of the residential areas
around the Brisbane River flooded, causing considerable destruction
and loss of life. The Queensland Government undertook a survey re-
garding the reasons for Brisbane's 2011 flood, and other flood events in
the state (QFCI, 2012), resulting in Australia's largest class action to
date. The area of the study area is 1472 km2 and it is represented in
Fig. 1. Study area is a gauged watershed and Brisbane River is the main
river in the region. In summer, average temperature ranges from 21 to
29.8 °C and the city has its highest rainfall, which can bring thunder-
storms and occasional floods. The average annual rainfall of 981.8mm
in the study area for 2011 was provided by the bureau of meteorology's
website (http://en.climate-data.org/), and (http://www.bom.gov.au/
climate/current/annual/qld/archive/2011.brisbane.shtml).

The following information is based on the report of the School of
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Fig. 1. Selected catchment and the location of the inundated areas.

M.S. Tehrany et al. Catena 175 (2019) 174–192

176



Civil Engineering at the University of Queensland (Chanson, 2011).
Almost 75% of Queensland (approx. 1.3× 106 km2) was affected by
major flooding from late November 2010 until late January 2011, fol-
lowing continuous wet weather over the last four months of 2010.
December 2010 was recorded as the wettest December in Queensland
history, with areas, including the city of Brisbane which received
480mm, six times the average December rainfall. The estimated dis-
charge was in excess of 6400m3/s. On the morning of Thursday 13
January 2011, the Brisbane peak flood level reached 4.46m Australian
Height Datum (AHD), with some city areas inundated for days. Fig. 2
illustrates the Brisbane River hydrograph.

The Brisbane River flood resulted from a combination of factors
which included (a) soaked catchments resulting from almost 3 weeks of
continuous rain, (b) heavy, continuous rainfalls from 7 to 11 January
2011, and (c) the intense rainstorm of the afternoon of Monday 10
January 2011, leading to the development of major flooding of the
lower Brisbane River valley between 11 and 14 January 2011. The peak
occurred between the afternoon of 12 January and the following
morning. A frequency analysis ascertained that the 2011 flood has a
return period of approximately 120 year Average Recurrence Interval
(ARI) (Repo, 2012).

2.1. Data used

2.1.1. Flood inventory
Future hazard events of a specific location may be estimated

through the analysis of the records of past occurrences (Devkota et al.,
2013; Tehrany and Kumar, 2018). Thus, the primary step in flood
susceptibility analysis, is the analysis of similar past events and their
conditioning factors (Masood and Takeuchi, 2012). An inventory map
represents the locations of the inundated areas in the selected catch-
ment (Bellu et al., 2016). A variety of sources, such as in-situ mapping,
flood forecasting, remote sensing and aerial photos can be used to
prepare the inventory map (Cloke and Pappenberger, 2009; Pradhan
et al., 2016). In this study, an inventory map incorporating the flood-
area data, which includes several flooding zones (polygons), was gen-
erated by the governmental surveying group (Fig. 3). Space robustness
and time robustness provide two measures of assessment (Althuwaynee
et al., 2014). In this research, the space robustness technique was used
to produce training and testing datasets, the implication being that the
inventory data based on the January 2011 flood, was selected randomly
from the inundated polygons and divided into the 70% training and
30% testing subsets (Rahmati et al., 2016a) (Naghibi et al., 2017). In-
ventory points were not selected in terms of the whole basin as in other

studies, as this would have led to inconsistency and inhomogeneity of
the points, with some regions having a higher number of points than
others. Thus, four areas of interest were defined (Fig. 3) along the river
at 9.5 km distances, as a preparatory step. Each area was assigned 100
random points using the “create random points” tool in ArcGIS, with
each 100 points divided according to the training/testing ratio of 70%
to 30% within each area of interest, rather than across the whole do-
main. This ensured the data was random and equally representative.
Thus overall, 280 points were allocated to training and 120 points to
testing. The basis for the large number of inventory data (400 points)
was the extreme nature of the Brisbane 2011 flood, in that when the
sample is large, random selection ensures unbiased representation of
both sets. In general, machine learning tools have a capability of pro-
ducing nonlinear interpolations. However, when an algorithm has been
allocated insufficient training data, the predictions may be unreliable.
Fig. 3 shows the selected four areas of interest and the distribution of
training and testing points for each region.

The training set was used for building the models and the testing set
was used to validate the models and to confirm their accuracy (Chung
and Fabbri, 2008). Flood susceptibility mapping is considered to be a
binary classification in which the flood index is separated into two
classes, i.e., flooding and non-flooding. Therefore, in order to prepare
the flood inventory data (training) values of 1 (flooded areas), 0 (non-
flooded) and−9999 (unknown) were assigned into each pixel (Tien Bui
et al., 2016c). Defining the flooded and non-flooded pixels is a neces-
sary part of training. The algorithm needs to receive information re-
garding both regions in order to develop the flood model. The unknown
areas are the parts of the catchment that the model will classify as areas
of varying susceptibility. The remaining flood locations (120) were
utilized to validate the outcome.

2.1.2. Flood conditioning factors
The importance and relevance of the most commonly used flood

conditioning factors in flood susceptibility mapping are covered in the
following section. A Digital Elevation Model (DEM) with 5-meter spa-
tial resolution was produced from LiDAR data, in order to derive other
related parameters. Subsequently, the parameters of altitude (Fig. 4a),
slope (Fig. 4b), aspect (Fig. 4c), curvature (Fig. 4d), SPI (Fig. 4e), TWI
(Fig. 4f), TRI (Fig. 4g), and STI (Fig. 4h) were derived from the LiDAR
data. ArcGIS Spatial Analyst tools were used to produce altitude, slope,
aspect and curvature. Topography forms a key intensifying factor in the
severity of flooding and in categorizing flood prone areas (Fantin-Cruz
et al., 2011; Rahmati et al., 2016a; Woodrow et al., 2016). Regions of
low elevation receive runoff from slopes within a short time period,
which creates the flooding in the area (Tehrany et al., 2014b). Areas
prone to river flooding are generally at low elevation and with a low
degree of topographic slope (Kia et al., 2012). Thus, the factor of slope
is paramount in hydrological studies. Slope aspect may be defined as
the horizontal direction in which the slope of a mountain is oriented
(Mojaddadi et al., 2017). It accounts for exposure to weathering, and
thus the level of rainfall incurred (Donati and Turrini, 2002). Aspect is
useful in flood analysis, due to its impact on precipitation and sunshine
levels (Abubakar et al., 2012). Slope curvature is another conditioning
factor in flood studies, generally classified as flat, convex or concave.
The hydrological factors such as SPI and TWI also have considerable
impacts on flood creation (Lee et al., 2017). SPI is one of the most
important and widely used factors in most of the flood modeling (Moore
et al., 1991), as it indicates the potential of the stream to cause erosion,
and consequently plays a role in the stability of terrain. Thus, it has a
value in assessing where soil-conservation measures can reduce erosion
caused by surface runoff. TWI commonly provides a means of quanti-
fication of the topographical effect on hydrological processes (Lee et al.,
2017). TWI is a predictor of water accumulation at a specific location
and indicates the tendency of water to move downward due to the
gravitational force. Water infiltration impacts on soil strength, and is
countered by material characteristics such as soil permeability and

Fig. 2. Flood hydrographs of Brisbane River (South-East Queensland) (source:
Bureau of Meteorology).
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Fig. 3. The location of the training and testing flood points from each area of interest.
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pore-water pressure (Tien Bui et al., 2016a). TRI as one of the mor-
phological factors that is highly associated with flooding (Werner et al.,
2005). A floodplain may exhibit roughness elements, such as surface
variations and irregularities, as well as those of vegetation, such as
trees, bushes, logs and stumps. Mapping the spatial distribution of these
roughness elements at different scales is fundamental to modeling the
hydrology of the floodplain (Casas et al., 2010). STI is another flood
conditioning factors which defines the movements of the sediments due
to the water movement. The erosion and deposition processes are
characterized using STI (Mojaddadi et al., 2017). SAGA GIS software
was used to generate SPI, TWI, STI and TRI from DEM using the fol-
lowing equations (Jaafari et al., 2014; Jebur et al., 2014b):

=TWI ln(A /tan β)s (1)

=SPI A tan βs (2)

= ⎛
⎝

⎞
⎠

⎛
⎝

⎞
⎠

STI A
22.13

sin β
0.0896

S
0.6 1.3

(3)

where As represents the area of catchment (m2) and β (radians) the
gradient of the slope.

TRI expresses the differences in elevation of the adjacent cells of a
DEM, calculated the difference of values from a center cell and the eight
immediately surrounding cells. It then squares each of the eight ele-
vation difference values to produce the average of the squares. The TRI
is derived from the square root of this average, measured in meters
(Stambaugh and Guyette, 2008). TRI parameter can be calculated using
the following equation:

Fig. 4. Conditioning factors: (a) altitude, (b) slope, (c) aspect, (d) curvature, (e) SPI, (f) TWI, (g) TRI, (h) STI, (i) geology, (j) soil, (k) LULC, (l) distance from roads,
and (m) rivers parameters.
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∑= −x xTRI Y [ ( ) ]ij 00
2 1/2

(4)

where xij=elevation of each neighbor cell to cell (0,0).
The watershed can exhibit different geological formations. Surface

and subsurface geological fractures represent a challenge for environ-
mental and geotechnical engineers (Elmahdy and Mostafa, 2013).
Geological fractures are manifested in the relief, the spatial distribution
of networks of streams, and the patterns of erosion of rock under
gravitational influence. Heitmuller et al. (2015) assert that lithology is
formational element in channel shape that gives rise to the develop-
ment of inset floodplains. The geology thematic map can be seen in
Fig. 4i. Soil type directly affects the drainage process due to inherent
soil characteristics, such as texture, degree of permeability, and struc-
ture (Mojaddadi et al., 2017). In particular, the characteristics of soil-
moisture can be represented with topographic factors (Khosravi et al.,

2016; Qiu et al., 2001). Thirteen different types of soil series cover the
location (Fig. 4j), of which the predominant type, covering about 62%
of the location, is “hard acidic yellow and red mottled soils”. Soil
(1:250,000 scale) and geology (1:100,000 scale) were obtained from
the CSIRO and Australian government websites.

LULC constitutes a further primary factor strongly contributing to
flooding and its incidence (Brath et al., 2006). Types of land use and
cover exert a significant influence, directly or indirectly, on hydro-
logical elements such as infiltration, evapotranspiration and generation
of run-off (Rahmati et al., 2016a). A detailed LULC map (Fig. 4k),
produced by the Queensland Government, was obtained from the
Queensland Land Use Mapping Program (QLUMP). This map was cre-
ated by classifying SPOT5 imagery, high spatial resolution orthopho-
tography and scanned aerial photos, using local expertise. Finally, the
distance from road (Fig. 4l) and river (Fig. 4m) maps were generated in

Fig. 4. (continued)
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ArcGIS using the Euclidean distance tool. Since river flooding occurs
along streams and rivers, distance from the river forms a geomor-
phology-related conditioning factor in mapping flood susceptibility
(Tien Bui et al., 2016a). As urban roads and surrounding surfaces de-
crease the infiltration capacity of the terrain and are a source of runoff
with considerable influence on flood levels, distance from road also
constitutes a conditioning factor in flood susceptibility mapping
(Shuster et al., 2005). All factors were converted into raster format, and
each factor was resized to a 5×5m cell size. While this scale of soil
and geology produces bigger pixel sizes, compared to DEM and other
factors, in the study location, the classes of soil and geology cover large
areas with no sudden changes in those classes. Therefore, resampling
these factors would have no significant impact on the outcomes. It is a
requirement for DT and SVM to have the same pixel size for all factors.
The only characteristic of each conditioning factor that has been used

later in the analysis is the influence of each factor on flood creation.
Using DT and SVM the whole range of aforementioned factors will be
assessed in terms of their impact on flood occurrence. A characteristic
of machine learning methods is the ability to assess each individual
value of each conditioning factor and evaluate the correlations of these
with the phenomenon of interest. This eliminates the need for pre-
processing or classification of the independent dataset (conditioning
factors). Any data type (nominal, categorical, scale, etc.) can therefore
be ingested into the algorithm.

The methodology proposed by this study is applicable to both
gauged and ungauged watersheds. The reason is that the current
methodology does not require any information regarding the river,
waterflow, depth of the river etc. The model aims to recognize the
correlations between the past flooded locations and a set of topo-
graphical, geological, hydrological etc. factors to assign different

Fig. 4. (continued)

M.S. Tehrany et al. Catena 175 (2019) 174–192

181



probability values to different parts of the catchment.

3. Methodology

The general and stepwise methodology flowcharts of this research is
presented in Fig. 5. For the primary goal of the study, two different
flood conditioning datasets were prepared and used in the modeling:

• Dataset 1 (DS1): LiDAR-derived factors of altitude, slope, aspect,
curvature, SPI, TWI, TRI, and STI.

• Dataset 2 (DS2): a combined dataset of LiDAR-derived and geo-
logical parameters; soil, LULC, distance from roads and rivers.

The non-LiDAR factors were drawn from relevant scientific litera-
ture and earlier researches, such as the United Nations Environment

Program (UNEP, 2002), Kingma (2002), Smith and Ward (1998) and
WMO (2008). Two well-known machine learning algorithms, DT and
SVM, were used for this research. The algorithms are derived from the
training data in order to perform processing tasks such as classification,
prediction and clustering. These methods establish the most effective
combination of conditioning factors, based on the training dataset and
apply these criteria to whole dataset to predict the possible future flood
event locations in the selected catchment. Compared to other statistical
methods (e.g. FR), SVM and DT are more advanced and their structure
is more complex. Additionally, these machine learning methods are
efficient even when the training dataset is limited (Tehrany et al.,
2017a). Unlike frequency ratio that only evaluates the factors class by
class, machine learning approaches evaluate each decimal value of each
conditioning factor and recognize their correlation with flooding.

Each method was run twice (once with DS1, and once with DS2),

Fig. 4. (continued)
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and the outputs validated and compared using an area under curve
(AUC) technique. In addition, multi-collinearity and important related
tables representing useful information regarding the influence of each
factor were analysed. A detailed description of each method and the
related criteria is included in the relevant subsection.

3.1. Decision tree (DT)

DT was applied using both datasets DS1 and DS2 separately. DT is a
predictive modeling technique for identifying and describing structural
patterns in data represented graphically as tree structures. A pre-es-
tablished association between the input variables and an objective
variable is not required (Saito et al., 2009). DT can explain data and use
it predictively (Witten et al., 2016), it can also ingest data calculated at
varying scales, purely on the non-linear relationship without the need
for assumptions based on frequency distributions (Kheir et al., 2010).
Consequently, each factor can be considered an input into the model.
DT is used as a rule-based technique with many applications in data
classification and predictive modeling (Bhaduri et al., 2008; Murthy,
1998). DT groups and classifies the conditioning factors hierarchically
and homogeneously, according to levels of susceptibility. The aim of
building a tree is to establish a set of decision rules which can form the
basis for predicting the outcome from the input variable set (Debeljak
and Džeroski, 2011). Thus, the rules are generated by the analysis of a
set of factors, with the purpose of predicting an outcome from a similar
set of variable factors (Myles et al., 2004).

DT modeling offers a number of processing methods, such as Chi-
squared Automatic Interaction Detection (CHAID), Exhaustive CHAID,
Classification and Regression Trees (CRT), and Quick, Unbiased,
Efficient Statistic Tree (QUEST) (Roe et al., 2005). CHAID was con-
sidered to suit the purposes of our modeling, in that the conditioning
(predictor) factor selected at each step is the one displaying the stron-
gest relationship with the dependent variables. Creating each new
branch in a tree is considered a step in DT analysis. Where the

conditioning factor classes display significant difference in relation to
the dependent variables, they are merged (Berry and Linoff, 1997).
CHAID is most suitable for modeling of hazards, in terms of its speed
and ability for multi-way node splitting (Kusiak et al., 2010).

We used SPSS Clementine 12.0 for implementing the CHAID algo-
rithm, using criteria drawn from literature resources (Lee and Park,
2013). Splitting and merging categories can be selected for values be-
tween 0 and 1. The values of 0.9 and 0.001 were arrived at by con-
tinuous trial and error, and set as the splitting and merging parameters.
The next criterion was selected for Chi-square statistic. The multistage
tree structure is founded on a root node, branching out into internal
nodes, and thereafter terminal nodes. At each node a binary decision
separates one class, or group of classes, from those remaining. The
process continues down the tree until it is completed at the terminal
nodes (Schneevoigt et al., 2008). Computational efficiency is optimized
by the classification of features carrying maximum information, and
rejection of those remaining features (Pal and Mather, 2003). The top-
down structure places variables of greater importance higher up the
tree structure (Schneevoigt et al., 2008).

3.2. Support vector machine (SVM)

Next we implemented the RBF-SVM model (Fig. 5) using both da-
tasets (DS1 and DS2).

SVM is a supervised learning method with a learning algorithm for
data classification, based on the principle of structural risk minimiza-
tion (Bhaduri et al., 2008; Jebur et al., 2014a; Yao et al., 2008), by
creating a hyperplane separated from the training dataset (Yao et al.,
2008). Hyperplane generation occurs between the points of two distinct
classes in the original space of n coordinates (xi parameters in vector x)
(Marjanović et al., 2011). Selection of kernel type and associated
parameters has direct impact on SVM performance and accuracy of the
results (Damaševičius, 2010). The more commonly used SVM kernels
are: linear kernel (LN), polynomial kernel (PL), radial basis function

Fig. 5. General methodological flowchart representing DT and SVM modeling using two datasets of DS1 and DS2; detailed methodological flowchart illustrating the
flood inventory, conditioning factors and correlation analysis.

M.S. Tehrany et al. Catena 175 (2019) 174–192

183



(RBF) kernel, and sigmoid kernel (SIG). Of these, PL and RBF are found
most commonly in SVM studies and termed Gaussian kernels
(Marjanović et al., 2011). LN is regarded a specific case of RBF, while
SIG has a similar performance to RBF under some parameters (Song
et al., 2011). When RBF is used, LN is unnecessary, while accuracy
under RBF exceeds SIG (Keerthi and Lin, 2003). For this study, RBF
kernel was selected based on the documentation of its efficiency in
previous related studies (Pradhan, 2013). Literature resources have also
documented the superior interpolation capabilities of the RBF kernel
(Hong et al., 2016).

SVM locates the maximum separation between the two classes and
constructs the classification hyperplane in the center of the maximum
margin (Pradhan, 2013). Where the point is above the hyperplane, its
classification will be +1, and where not, as−1. Training points nearest
the optimal hyperplane are described as support vectors. After ac-
quiring the decision surface, new data may be classified (Tien Bui et al.,
2012).

Commencing with a training dataset of instance-label pairs (xi,yi),
with xi∈ Rn, yi∈ {1, −1}, and i=1, …, m. x is a vector of input space
that includes DEM, slope, curvature, TWI, SPI, soil, rainfall, geology,
river and LULC. The two value classes {1, −1} denote flooded pixels
and non-flooded pixels. The purpose of SVM is optimal hyperplane
separation into flood and non-flood {1, −1} data from the training set.
The process of SVM modeling is described step-by-step in Tehrany et al.
(2014b). The classificatory decision function is expressed as:
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where K(xi,xj) denotes the kernel function.
Eq. (6) represents the mathematical expression of RBF (Yao et al.,

2008):

= − −K x x exp γ x x( , ) ( ǁ ǁ )i j i j
2 (6)

Two parameters require definition: (1) the regularization parameter
or penalty (C) (2) kernel width or gamma (γ) (Marjanović et al., 2011).
Parameter C adjusts the compromise between training errors and
margin, to control over-fitting. In the SVM model, a low value for C
implies more training errors. However, accuracy can be improved by
increasing the C value and reducing the margin. The parameter γ ad-
justs the level of nonlinearity (Tien Bui et al., 2012). For data mining
purposes, it is crucial to select C and γ parameters that will produce
optimally accurate results. The gradient descent algorithm (Chapelle
et al., 2002), Levenberg-Marquardt method (Platt, 1999), heuristic
parameter selection (Mattera and Haykin, 1999), and cross-validation
method (Pradhan, 2013) are frequently used methods of selection of
optimal kernel parameters. Cross-validation was used in most related
studies (Zhuang and Dai, 2006), and was selected for our modeling, on
the basis of its reliability.

Initially, for the cross-validation method, we determined the ranges
of all parameters with a step size process. For each C, γ pair, the
training dataset was divided into n folds: one fold to be used for vali-
dation and the combination of the remaining n− 1 fold for training.
This process establishes the n validation accuracies, the average of
which are used in the execution of the final and main flood suscept-
ibility model (Yao et al., 2008). Our training dataset (280 points) was
divided into five random groups comprising an equal number of sam-
ples (56 flood locations). For the initial iteration (model 1), folds 2, 3, 4
and 5 were as allocated to training, while fold 1 was allocated to va-
lidation. SPSS Clementine V.14.2 was used for altering and measuring
the SVM parameters employed in the cross-validation process, and re-
peated for each of the four models. Using AUC to evaluate each com-
bination's performance facilitates the selection of the best SVM para-
meterization (Mu and Nandi, 2007). Thereafter, the optimized RBF
parameters were applied to SVM for generating the final probability
maps.

3.3. Conditioning factors correlation analysis

In regression analysis it is essential to consider how correlation af-
fects the independent variables. Multicollinearity occurs when there is a
high degree of correlation between two independent variables
(Pourghasemi et al., 2013). In modeling natural hazards, multi-
collinearity of conditioning factors in a dataset arising from their high
correlation, is a potential cause errors in analysis (Tien Bui et al.,
2016c). A number of methods are available, most notably Pearson's
correlation coefficients, for the quantification of multicollinearity
(Booth et al., 1994). Other methods include variance decomposition
proportions (Schuerman, 1983), the conditional index (Belsley, 1991),
VIF and tolerances (Liao and Valliant, 2012). We selected VIF, which
has a proven record in landslide research (Bai et al., 2010; Kavzoglu
et al., 2014), together with Pearson' correlation coefficients method
which has been a common choice in other fields (Dormann et al., 2013).
VIF calculates the degree of the variable's interrelatedness with other
predictor variables, inflating the variance of the variable's estimated
regression coefficient accordingly. The degree to which collinearity
increases the standard error for that variable is represented by the
square root of VIF. A multicollinearity problem exists with a VIF of 5 or
10 and higher (O'brien, 2007).

3.4. Pearson' correlation coefficients method

The Pearson method assesses the correlation coefficient of two
conditioning factors, for example altitude (X) and curvature (Y) in
flooding (Mukaka, 2012). The correlation value is calculated by their
covariance divided by the product of their standard deviations (Eq. (7)).
A Pearson correlation coefficient value larger than 0.7 is indicative of a
high level of collinearity (Mukaka, 2012; Tien Bui et al., 2016c).
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where Xi and Yi are the values of X and Y for the ith individual. Also,
where X is the mean of X and Y is the mean of Y.

Pearson correlations is represented in a square table known as a
correlation matrix (Xu and Deng, 2018), which gives the computed
Pearson correlation for each column of pairs for a group of variables.
Each matrix value denotes the computed correlation for the corre-
sponding row and column variable.

3.5. Cohen's kappa index

A single conditioning factor's significance may be assessed by its
elimination from the SVM model in order to calculate Cohen's kappa
index of the factor (Hoehler, 2000). In this analysis, we used a SVM
method and calculated Cohen's kappa index for both datasets. The
elimination of certain factors in DT makes Cohen's kappa index in-
applicable under that method. The reason is DT by itself keeps some
factors for analysis and rejects the others. Alternatively, SVM uses all
user-defined factors without rejecting any. A number of statistical
evaluation criteria, true positive (TP), false positive (FP), true negative
(TN), and false negative (FN) were introduced for the calculation of
Cohen's kappa index (Guzzetti et al., 2006). Measurement of the ratio of
observed agreements (Pobs) over expected agreements (Pexp) establishes
the kappa coefficient (K) as follows (Eq. (8)):

=
−

−
K

P P
P1

obs exp

exp (8)

where, Pobs=(TP+ TN) represents the correctly classified proportion
of flood and non-flood pixels. Pexp=((TP+ FN)(TP+ FP)+ (FP+ TN)
(FN+ TN)) denotes the proportion of pixels expected to show agree-
ment, on the basis of chance (Hoehler, 2000).

According to Landis and Koch (1977), a Cohen's kappa index of ≤0,
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0–0.2, 0.2–0.4, 0.4–0.6, 0.6–0.8 and 0.8–1 indicates the levels of
agreement between the model and reality as poor, slight, fair, mod-
erate, substantial, and almost perfect, respectively.

3.6. Accuracy assessment

AUC is a popular, comprehensive quantitative method of accuracy
assessment, by which the prediction and success rates may be evaluated
(Pourghasemi et al., 2012). The evaluation of susceptibility mapping
efficiency using AUC has been demonstrated successfully in a number of
studies (Althuwaynee et al., 2012). For testing our models, the AUC
process was based on comparison of known flood inventory data and
the acquired flood probability map (Tien Bui et al., 2012).

The AUC testing starts by dividing the probability map into cate-
gories of equal area, and hierarchically ranking respective values from
minimum to maximum in ArcGIS. AUC assesses prediction accuracy
qualitatively by sorting the calculated values of all cells in the study
area into a descending order, thus ranking each prediction hier-
archically. Thereafter, the values of cells were divided into 100 classes
with 1% accumulation intervals. The presence of flooding in each in-
terval is measured using the “Tabulate area” tool in ArcGIS as the next
step. The success and prediction curves determine the percentage of
flood in each probability category. Curve creation is implemented by
plotting the cumulative percentage of flooding susceptible areas (be-
ginning from the highest probability to the lowest ones) on the x axis
and the cumulative percentage of flood events on the y axis. The per-
centage of flooding occurrence for each probability category is de-
termined from the success and prediction curves. The curves are created
by plotting the percentages areas of flood susceptibility on the x axis,
arranged hierarchically from highest to lowest and similarly, the per-
centages of flood events on the y axis. The steeper the AUC curve, the
greater the number of flood events in categories of greater suscept-
ibility. A perfect classification is achieved where AUC=1, as opposed
to a classification by chance where AUC=0.5.

As has been mentioned in section 3, inventory data, which was
prepared using the January 2011 flood event (consisting of 400 flood
locations), was randomly divided into 70% and 30% subsets to train
and test the model, respectively. The training dataset of 280 points was
used to obtain the success rate. When a model is generated from the
training flood layer, it cannot be used for testing, as it is not re-
presentative of the model's actual efficiency. Nor can training data be
used for calculating predictive capability, which indicates efficiency to
predict floods (Tien Bui et al., 2012). Thus, the 120 points were set
aside for measuring the prediction rate. This method can measure the
generalization ability of the model.

4. Results and discussion

Results are presented in two sections. First, we review the model
performance with two different datasets (DS1 and DS2). Next, the
models outcomes will be compared based on the derived final maps and
AUC accuracies.

4.1. DT outcomes

DT tree structure is a visual representation of rules applied to the
data. In order to describe the relationships between conditioning factors
and susceptibility to flooding, we analysed the structure of the tree.

4.1.1. DT produced using DS1
Using DT, rules were applied to DS1 and visualized as a tree

structure (Fig. 6a). One of the characteristics of the robust method is the
reduction of parameters necessary to perform the modeling and gen-
erate a susceptibility map of great accuracy. In that all conditioning
factors inputted into the model do not have a significant impact on
flooding, DT selects the most important ones and generates the model

based on those. In some cases, where two variables have the same, or
similar, impact on flood occurrence; one variable is sufficient for ana-
lysis purposes and the program performs the modeling using only one of
the two. Using the DS1, aspect, curvature, TWI and STI were rejected
from the DT modeling and the remaining four conditioning factors of
altitude, slope, SPI and TRI were utilized for this purpose. As mentioned
in section 3 (sub-section on flood conditioning factors), the topo-
graphical factors of altitude and slope play a fundamental role in the
modeling of flood process (Tang et al., 2018). Thus, the inclusion of
these topographic factors is common in flood studies. Areas at low
elevation are more prone to flooding than regions at high elevations
because water flows downhill. Steep slopes tend to retard infiltration as
well as accentuate runoff, thus causing an increased risk of flooding. As
it can be seen in Fig. 4a, areas with low elevation and regions with less
steep slopes are located around the Brisbane River. SPI which re-
presents the potential flow erosion at the given point of the catchment
was also used by DT. As catchment area and slope gradient increase, the
amount of water contributed by upslope areas and the velocity of water
flow increase, hence the chance of flood occurrence increases. This
statement is visually represented in Fig. 4e, as the areas around the
river can be seen to have greater SPI values than the rest of the
catchment. TRI determines the friction exerted on the water flow by the
underlying surface. In practice, roughness is a model parameter that is
calibrated to account for any loss of momentum of the water flow
(Straatsma and Baptist, 2008). Regarding the TRI, Dorn et al. (2014)
stated that adequate simulations require not only the geometry but also
the roughness of the Earth's surface. DT selected and used this factor in
the analysis as floodplain roughness is an important river flood para-
meter. Fig. 4g shows that the lowest TRI are located around the Bris-
bane River, which implies that the hilly slopes around the river caused
faster waterflow, and consequently produced higher TRI in those re-
gions. As a result, flooding has been generated in the areas with lowest
TRI.

To describe the relationships between flood susceptibility and con-
ditioning factors, the structure of the DT was analysed. The tree is
composed of 4 variables and 15 leaves, with each leaf illustrating sus-
ceptibility (Fig. 6a). In terms of the DT top-down structure, the con-
ditioning factors higher in the order of the tree structure exert more
significant impact on flooding, than those placed in the lower orders.

Through this characteristic of DT, the most important combination
of conditioning factors contributing to the high flooding susceptibility
of the Brisbane catchments were identified (outlined in red colour in
Fig. 6). These consisted of altitude from 5.7–35.3 (m), as well as the
decision root continued by the TRI (0.5–9.5), and slope 0.4–12.41°.
Areas exhibiting these characteristics were classified as 100% suscep-
tible to flooding. Fig. 6b shows the overlapping area detected by the
mentioned decision root. As can be seen in the Fig. 6, the selected re-
gions almost found in the vicinity of rivers.

4.1.2. DT produced using DS2
The DT tree generated with DS2 was large, making it impossible to

represent it as a tree in the manuscript. It included all variables except
slope and STI. The created tree contains 751 nodes and 320 leaves, as
each leaf illustrates the specific degree of flood susceptibility potential.
Interestingly, DT rejected STI from both DS1 and DS2 in two discrete
analyses. The reason may be due to very high multicollinearity between
this factor and other Lidar-derived factors.

4.2. Flood susceptibility maps

The primary output of this analysis is a flood probability index. The
flood susceptibility map is the flood probability index which has been
classified into different susceptibility zones. There are several equations
involved in the process of SVM and DT which evaluate and find the
correlations among each conditioning factor and flood occurrence.
Based on those correlations, the final equation is formed and applied to
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the whole dataset, in order to derive the flood probability index. Each
pixel receives a value between 0 and 1, indicating the flood probability
of that pixel in the study area, with 0 denoting no probability of
flooding and 1 denoting 100% probability (Aronica et al., 2002). There
is a need to divide the probability maps into various classes for the
production of susceptibility maps with effective visual interpretation of
areas of susceptibility (Pradhan, 2013). There are several methods such
as: quantile, natural breaks, equal intervals and standard deviations
available which can be used to classify flood probability index (Ayalew
and Yamagishi, 2005) and are commonly used by natural hazard re-
searchers (Ayalew et al., 2004; Mojaddadi et al., 2017; Nampak et al.,
2014; Papadopoulou-Vrynioti et al., 2013). The choice of method re-
lates to the nature of the data and its application. Equal intervals place
values with equal spacing in the same class. In cases where some classes
might only carry a few pixels, it has the disadvantage of emphasizing
one class more than others (Chung and Fabbri, 2003). Standard de-
viation and natural break follow a specific framework and manipulate
the classes into non-user defined categories. For our research, in order
to facilitate a reliable assessment of the impact of every class of each
factor on flood occurrence, we attempted to reduce the influence of the
classification algorithm, where possible, on the conditioning factor
classes. In some population analysis projects where the aim is to find a
big jump in the data, the natural break technique has been utilized
successfully (Xiao et al., 2006). For this purpose, we chose the quantile-
based classification technique, as most suitable to classify the factors in
this research, for the reason that it groups equal number of pixels (area)
into each group. Data-driven quantile classification method was applied
and it divided the probability map into five equal area classes. Subse-
quently five labels of very low, low, moderate, high and very high were
assigned to those classes after Hong et al. (2018), Pham et al. (2017),
Sachdeva et al. (2018), Shabani et al. (2018), Tehrany et al. (2017b)
and Termeh et al. (2018).

Fig. 7 provides the DT and SVM flood susceptibility maps, based on
each dataset. The catchments were classified into five susceptibility
classes; very low, low, moderate, high and very high. Catchments with
the dark red colour indicate higher flood susceptibility. Visual com-
parison of the produced susceptibility maps illustrates that Fig. 7b
clearly contains considerable misclassification in representation of the
class “very high”. A number flood testing points located around the
Brisbane River were not classified into the very high susceptibility zone.
In order to produce a quantitative measure of the accuracies, AUC was
utilized. However, visually the remainder of the maps produced rea-
sonable outcomes. They show that high flood susceptibility regions
were mainly located around the bank of the Brisbane River and the
flood testing points are almost all located in the very high susceptibility
zone.

The four flood susceptibility maps were evaluated by AUC method
(Fig. 8). Both success rate and prediction rate curves were measured.
The success and prediction rates were produced by comparing the four
susceptibility maps with the flood training and testing datasets, re-
spectively.

Our DT-DS1 map produced the highest prediction rate of 88.47%
among the models. The second highest prediction rate was 85.52%,
achieved by SVM with DS1. The success rates of the DT and SVM out-
comes derived from DS1 were similar. Although DT produced the
highest accuracies using DS1, the lowest measured accuracies (80.00%
success rate and 77.38% prediction rate) occurred with DT using DS2
(Fig. 7b). This proves the sufficiency of DS1 (only LiDAR-derived con-
ditioning factors) to provide an accurate and reliable flood suscept-
ibility analysis. Moreover, it shows the importance of data selection and
pre-correlation analysis, prior to the main modeling. In addition, the
percentages of the inventory points found in the “very high suscept-
ibility” class, for both DS1 and DS2 datasets and the two utilized
methodologies are listed in Table 1. It shows that the highest

Fig. 6. (a) A view of DT for the DS1, emphasizing leaves. (b) DT first decision rules showing high flood susceptibility areas.
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Fig. 7. Flood susceptibility maps produced by: (a) DT (DS1), (b) DT (DS2), (c) SVM (DS1) and (d) SVM (DS2).

Fig. 8. Cumulative frequency diagram showing flood susceptibility under four models (x-axis) occurring in cumulative percent of flood occurrence (y-axis).
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percentages of the training (93%) and testing (89%) points were found
in the class “very high” derived from DT-DS1.

Most documented researches to date, have been based purely on
data availability, without consideration of multicollinearity and the
inter-relations between factors. In this study, multicollinearity was not
implemented prior to the modeling, as the primary goal of this research
was to constitute and process two specific conditioning factor datasets
(DS1 and DS2) in flood modeling and compare their outcomes. While
the success and prediction rates using SVM with DS2 exceeded 80%, the
SVM-DS1 accuracy was considerably higher.

4.3. Correlation analysis

Correlation analysis of the factors provided an additional assess-
ment. This sort of assessment should be done prior to any machine
learning/regression modeling, with the purpose of detecting the mul-
ticollinearity of conditioning factors and possible solutions. However,
the primary goal of this research was to assess whether DS1 dataset is
sufficient to produce accurate flood susceptibility map. Hence, the
following correlation analysis was implemented to investigate the
conditioning factor inter-relationships after the main modeling. In this
study, multicollinearity among the condition factors were identified
using the VIF (Table 2) and Pearson's correlation coefficient (Table 3).
A VIF of 5 or 10 and above indicates multicollinearity (O'brien, 2007).
According to Table 2, the highest VIF value is 3.182 indicating no
multicollinearity among the 13 conditioning factors in this research.

For Pearson's correlation coefficient (Table 3), the linear correla-
tions between each pair of the conditioning factors were assessed.
Pearson's correlation coefficient values> 0.7 indicate high collinearity
(Tien Bui et al., 2016c). The highest Pearson correlation value of 0.9
was detected between geology and slope, as well as between geology
and STI. It is noteworthy that the DT outcome for DS2 indicated that the
algorithm used geology in the modeling and rejected slope and STI in
the analysis, implying that by using geology there was no requirement
to use slope and STI, since they exhibit a similar correlation with flood
occurrence in this study. In addition the next strong collinearities of
0.63, 0.5 and 0.5 were between pairs of LULC and TRI, LULC and al-
titude, and soil and SPI respectively. This indicates another agreement

between Table 3 and DT-DS2 tree structure. DT-DS2 tree structure
showed that the highest susceptible areas were formed using the com-
bination of TRI, altitude and SPI excluding LULC and soil (as it has been
mentioned in section 4.1 DT-DS2 tree has not been included in the
manuscript due to its huge number of nods and leaves).

In the case of a high Pearson correlation value among two factors,
the simplest method is to delete one of the factors from the dataset and
repeat the analysis (Dai and Lee, 2001). While Pearson's correlation
coefficient method, provided some positive insights a few results were
unexpected. TWI, SPI, STI are all slope-governed functions, and thus, a
higher correlations between these factors and the aspect slope were
expected. However, regarding the interpretation of correlations, the
following points should be considered:

1. A correlation of 0 indicates absolutely no linear relationship be-
tween those two variables whatsoever. Pearson quantifies statistical
association in terms of a straight line (Xu and Deng, 2018). Pearson,
however, does not eliminate the potential for some non-linear re-
lationship between those two variables. Hence, two variables that
may be highly associated with one another may produce a Pearson's
correlation coefficient value of zero. Thus, a Pearson score of zero,
between two variables, neither means no association, nor that one
cannot predict one of the pair from the other.

2. Correlations can be extremely reactive to the influence of outliers;
one extraordinary observation may have a significant impact on a
particular correlation. A quick survey of the scatterplot facilitates
the detection of outliers (de Winter et al., 2016).

3. Correlations are not always causally related (Price, 2000), and
neither are the relationships fully reciprocal in that the same asso-
ciation does not apply in both directions. For example, a causal
relation will exist between two events where the first causes the
occurrence of the second. In simple terms the first event becomes
known as the cause, while the second event becomes the effect.
Alternatively, correlations between two variables are not necessarily
based on causation.

Hence, Pearson method has its limitations. In this study, a number
of correlations have been impacted on by outliers, unequal variance,
non-normality, and nonlinearity (de Winter et al., 2016). The method is
most successfully applied where both variables in the pair express
normal distribution (Mukaka, 2012).

As described in the methodology section, significance was assessed
for each conditioning factor by measuring the Cohen's kappa index of
the model with that factor eliminated (Table 4). Regarding the DS1,
results show that least accuracy occurred when altitude and slope were
removed under SVM. This reveals that these factors are the most in-
fluential in flood occurrence. This Table also indicates the factors,
whose absence increased the accuracy of the model. By comparing the
SVM accuracies in Table 4 and DT outcomes (Fig. 6), there is evidence
of some level of agreement. Regarding SVM-DS1, the Table shows that
when altitude, slope, TRI and SPI were removed from the dataset, the
accuracy was very low. These same factors were selected as significant
factors in DT tree structure (Fig. 6). In addition, there is an agreement
between SVM-DS2 accuracies in Table 4 and DT outcomes (Fig. 6) re-
garding the STI. Both methods do not consider this factor a significant
variable in the flood susceptibility mapping, since the accuracies are
higher when omitting it from the dataset.

In Table 4, in the case of DS2, altitude, SPI and TRI were recognized
as the most influential factors, as their absence from the dataset re-
duced the accuracy of the analysis.

The outcomes of the three correlation analysis methods have been
discussed. The Pearson method assesses the correlation coefficient of
only two conditioning factors, for example altitude and curvature in
flooding. This implies that each two factors will be evaluated at a time.
However, VIF calculates the degree of one variable's interrelatedness
with all other predictor variables, inflating the variance of the variable's

Table 1
Percentages of the training and testing inventory points found in the “very high
susceptibility” class, for both DS1 and DS2 datasets and the two utilized
methodologies.

Training points% Testing points%

DS1 DT 93% 89%
SVM 85% 87%

DS2 DT 76% 56%
SVM 72% 78%

Table 2
The multicollinearity diagnosis indexes for all conditioning factors.

No Conditioning factor VIF

1 Altitude 3.182
2 Slope 2.875
3 Aspect 3.019
4 Curvature 2.298
5 SPI 2.355
6 TWI 1.017
7 TRI 1.601
8 STI 1.782
9 Geology 1.264
10 Soil 2.872
11 LULC 1.97
12 Distance from roads 1.3
13 Distance from rivers 1.718
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estimated regression coefficient accordingly. In this case, that one
factor will be assessed against all other factors. Therefore, the differ-
ences in the calculations of these two methods lead to different out-
comes; VIF shows that the flood conditioning factors are not correlated,
but the Pearson's correlation coefficient results contradict this.

The overall findings not support the research hypothesis, that
adding conditioning factors to the dataset, increases the accuracy of the
final flood susceptibility map. Rather than evaluate the performance of
the SVM and DT methods and compare their outcomes, our aim was to
examine whether the two machine learning techniques indicated
agreement that one of the datasets produced better results than the
other.

When additional conditioning factors do not increase precision of
the final results, it may be due to the fact that adding factors with si-
milar performance may cause confusion for the algorithm. Another
finding is that DT may reject a factor from a set of the conditioning
factors in one study, but accept the same factor when combined with
another set of factors in another analysis. This indicates that the re-
jection of factors in DT analysis is a relative process and does not imply
that the factor is consistently unimportant. Although many factors may
impact on flood occurrence for a particular region, the same factors
may not be important for other regions (Kia et al., 2012). It should be
stated that the acceptance and rejection of certain factors in the current
modeling was due to the combinations of dataset, the particular char-
acteristics of the study area and modeling criteria. The outcomes may
vary in another region. Here, there is an implication that the rejection
of factors does not mean these factors have no impact on flooding. The
methodology used in the current research can be used for other study

areas, as well as to map other natural hazard probability analyses, such
as river flooding, landslides and land subsidence. The requirements are
the inventory map illustrating the history and location of the previous
natural hazard event (points or polygons), a set of relevant conditioning
factors (thematic maps), and a spatial analyst to process DT and SVM.
However, the susceptibility map produced in this study only represents
the flood susceptible zones in the selected Brisbane Catchment.

Regarding uncertainty in the analysis, the user-defined selection
criteria stage for DT and SVM may be a source. Changing the values and
criteria considerably affects the outcomes. Another source may be re-
lated to the reliability of the raw data, such as the flood inventory map
and how trustable are the mapped inundated areas. This map is the
fundamental factor in flood susceptibility mapping and its accuracy has
a direct impact on the whole process and the final flood map. Our re-
sults could be improved by the inclusion of additional inventory maps
related to different flood events. In that case, one dataset would be used
for modeling and the next inventory dataset would be used for testing.
It is aimed to further explore the influence of the extent and density of
the inventory data on the final outcomes in the future studies, as well as
to apply and assess the impact of multiple iterations at specific numbers
of points, on the precision of the final susceptibility map. For instance,
in order to select 500 inventory points, different sets of random points
can be used and their outcomes compared. Flood susceptibility map-
ping requires a combination of an accurate inventory data, relevant and
accurate flood conditioning factors and a robust modeling algorithm.
Each of these elements has an influential impact on the accuracy of the
final map. Therefore, the improvement of the spatial resolution of some
factors such as soil and geology might enhance the accuracy of the final
results. An up-to-date flood historical record, proposing an ensemble
and transferable methods, programming an ArcGIS automatic tools etc.
can all bring new insights into the flood susceptibility domain.

5. Conclusion

More effective flood damage coverage over the last decade has
promoted the development of strategies for the management of flooding
of unstable terrain. At all stages of this process the Australian govern-
ment has insisted that area planners produce flood susceptibility ana-
lyses. A spatial database is fundamental for such analyses, and needs to
be created from appropriate and precise sources. The selection of in-
fluential conditioning factor is a crucial issue that, according to avail-
able literature, remains unsolved. Researchers have included factors
based on opinion or according to common usage. Our study compared
the precision of two datasets to assess whether LiDAR-only derived
conditioning factors are sufficient for precise flood susceptibility ana-
lysis, or whether additional factors, such as geology and soil, increase
the precision of the outcomes. The study analysed flood susceptibility
on a catchment scale in Brisbane, Australia, using two well-known
machine learning techniques, DT and SVM. Topographical and

Table 3
Pearson correlations between pairs of flood conditioning factors.

Flood conditioning factor Altitude Slope Curvature Aspect SPI TWI TRI STI Road River LULC Soil Geology

Altitude 1
Slope 0.0001 1
Curvature 0.0000 0.0001 1
Aspect 0.004 0.0004 0.09 1
SPI 0.0006 0.0003 0.0004 0.006 1
TWI 0.02 0.0004 0.006 0.01 0.01 1
TRI 0.033 0.0000 0.016 0.04 0.0007 0.005 1
STI 0.055 0.0002 0.04 0.009 0.0003 0.001 0.001 1
Road 0.03 0.0001 0.006 0.02 0.006 0.05 0.0005 0.0002 1
River 0.002 0.0003 0.004 0.3 0.02 0.3 0.01 0.001 0.005 1
LULC 0.5 0.02 0.01 0.002 0.2 0.03 0.63 0.015 0.04 0.007 1
Soil 0.3 0.0002 0.08 0.03 0.5 0.2 0.33 0.04 0.0003 0.0001 0.03 1
Geology 0.009 0.9 0.05 0.04 0.2 0.32 0.014 0.9 0.02 0.02 0.004 0.02 1

Table 4
Accuracy achieved from Cohen's kappa index for the trained SVM model of
flood susceptibility omitting one conditioning factor.

DS1 DS2

Flood
conditioning
factor

Cohen's
kappa
index

Rank Flood
conditioning
factor

Cohen's
kappa
index

Rank

Without altitude 0.71 1 Without altitude 0.68 1
Without slope 0.73 2 Without slope 0.73 4
Without curvature 0.75 7 Without

curvature
0.76 5

Without aspect 0.84 6 Without aspect 0.73 4
Without SPI 0.80 4 Without SPI 0.70 2
Without TWI 0.80 4 Without TWI 0.80 8
Without TRI 0.76 3 Without TRI 0.72 3
Without STI 0.82 5 Without STI 0.79 7

Without road 0.78 6
Without river 0.79 7
Without LULC 0.76 5
Without soil 0.76 5
Without geology 0.78 6
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hydrological factors (altitude, slope, aspect, curvature, SPI, TWI, TRI,
and STI) were obtained from the LiDAR-derived DEM at 5m spatial
resolution, to construct DS1. DS2 included all factors from the first
dataset, supplemented by those of geology, soil, LULC and distance
from roads and rivers. 2011 flood occurrence data from the specified
area, acquired from many sources, formed the dependent variable.

Both methods were executed with both datasets and a comparison
of the outcomes was made. The research suggests:

• Adding conditioning factors in addition to the LiDAR-derived factors
does not necessarily increase outcomes' precision.

• SVM and DT offer similar performance

• DS1 alone was sufficient to produce a precise flood susceptibility
map for this research

• A correlation analysis is a necessary essential step preceding a
probability analysis and the use a set of user-defined factors is an
unwise practice.

• Altitude is a major variable in flooding, in agreement with other
researchers.

Both DS1-DT and DS1-SVM susceptibility maps produced higher
accuracies than those employing DS2. DS1-DT produced the most ac-
curate susceptibly map of all, with a 91.22% success rate and 88.47%
prediction rate. DT visually represents the hierarchical ranking of im-
portance explanatory variables using the tree structure. The DT struc-
ture was also analysed, to examine the association of conditioning
factors and flood occurrences. DS1-DT structure showed that the major
variables impacting on flood susceptibility analysis are altitude, TRI,
slope and SPI (the northern and center parts of the Brisbane
Catchment). Those regions indicating highest flood susceptibility had
an altitude between 5.7 and 35.3 (m), with TRI of 0.5–9.5 and slope
0.4–12.41°. The results, as well as the impact of topography, indicate
agreement with previous studies. Thus, it may be concluded that DT
clearly ranks the important variables, and quantitatively describes the
association between flood occurrence and topography.

The statistical correlation analysis was implemented using multi-
collinearity (using both VIF and Pearson's correlation coefficients) and
Cohen's kappa index. These findings showed certain affinities with the
DT tree structure. On the basis of the findings of our research, DS1
conditioning factors can offer sufficient precision, if geological and
environmental factors are unavailable. The use of these factors may,
however, aid data collection, which can be time consuming and
sometimes arduous. Additionally, machine learning algorithms operate
slower under load of too many input variables. Limiting inputs to op-
timized conditioning factors, would thus significantly increase algo-
rithm performance speed. Expert knowledge formed no part of this
research and the model was performed by GIS experts, rather than a
hydrologist. Meaning that all factors have been fed to the algorithm
with equal weight, and we didn't include expert opinion to provide
additional weights to the factors pre-modeling. Beyond our main ob-
jective, our results indicate that the DT and SVM machine learning
models offer appropriate precision in estimating probabilities of future
river flood events. The current study affirmed the reliability and ac-
curacy of these machine learning methods. The quality of susceptibility
mapping was validated and this predictive capability showed that our
flood susceptibility map may be used for the contingency planning in
the region.

The Queensland Government undertook a survey regarding the
causes of the Brisbane flood and other flood events in the state, which
resulted in Australia's largest class action to date. Most of the analysis in
the area is hydrological and field-based forecasting. Our study promotes
the use of GIS and Remote Sensing in flood susceptibility mapping. Not
only do these technologies help to save costs and time, but offer out-
comes of greater reliability, as human error is not involved in the
analysis. Flood susceptibility mapping is supportive of flood disaster
planning, as well as emergency responses to floods. Estimation of

susceptibility areas deserves high priority from decision makers since it
is relevant for national and local governments of countries that are
flood-prone. Applying this research to other regions will provide a
helpful tool for impact assessments, rescue operations and predicting
affected areas. In conclusion, the LiDAR-derived data of DS1 proved
sufficient for flood susceptibility mapping. This is of value in a situation
where only LiDAR data are available, where there is a limited budget
for purchasing data, and when time for data processing is limited.
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