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ABSTRACT
In this study, a new hybridized machine learning algorithm for
urban flood susceptibility mapping, named MultiB-MLPNN, was
developed using a multi-boosting technique and MLPNN. The
model was tested in Amol City, Iran, a data-scarce city in an unga-
uged area which is prone to severe flood inundation events and
currently lacks flood prevention infrastructure. Performance of the
hybridized model was compared with that of a standalone
MLPNN model, random forest and boosted regression trees. Area
under the curve, efficiency, true skill statistic, Matthews correlation
coefficient, misclassification rate, sensitivity and specificity were
used to evaluate model performance. In validation, the MultiB-
MLPNN model showed the best predictive performance. The
hybridized MultiB-MLPNN model is thus useful for generating real-
istic flood susceptibility maps for data-scarce urban areas. The
maps can be used to develop risk-reduction measures to protect
urban areas from devastating floods, particularly where available
data are insufficient to support physically based hydrological or
hydraulic models.
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1. Introduction

Urbanization increases impervious surfaces, thereby reducing infiltration and groundwater
recharge, and increasing surface water runoff and flood risk (Chen et al. 2009; Kalantari
et al. 2017). Flooding, as a result of high-intensity precipitation, quick snowmelt and
increased river levels (Fern�andez and Lutz 2010; Darabi et al. 2019) can damage private
and public properties, transportation systems and businesses. It can also cause loss of life,
erosion and environmental pollution, and generate other social, environmental and eco-
nomic problems (UNISDR (United Nation Office for Disaster Risk Reduction) 2009).
Urban planning and policy can reduce the adverse impacts of floods (Brody et al. 2007,
2017). High-accuracy flood susceptibility maps that identify areas susceptible to flooding
can help in this effort to mitigate losses (B€uchele et al. 2006; Ahmadisharaf and
Kalyanapu 2019; Darabi et al. 2019; Rahmati et al. 2020).

Modelling flood inundation and spatially distributed hydrological processes using
hydraulic and hydrological-based models can be challenging in urban areas, which are
often data-scarce and ungauged, particularly highly heterogeneous urbanized areas
(Salvadore et al. 2015; Darabi et al. 2016). In the past two decades, researchers have
sought to generate flood susceptibility maps for ungauged regions and data-scarce areas
using multi-criteria decision analysis (or knowledge-based) approaches. These include the
analytic hierarchy process (AHP) (Fern�andez and Lutz 2010; Ouma and Tateishi 2014;
Bathrellos et al. 2016; Gigovi�c et al. 2017; Moghadas et al. 2019; Souissi et al. 2020), the
analytical network process (Azareh et al. 2019; Kanani-Sadat et al. 2019) and a technique
for order of preference by similarity to ideal solution (Kim et al. 2019). Interestingly,
Rahmati et al. (2016) compared flood susceptibility maps produced with the hydrologic
engineering centre-river analysis system (HEC-RAS), a popular hydraulic-based model,
and with the AHP model, and concluded that AHP is a more effective tool for flood sus-
ceptibility mapping (i.e. flood extent), especially in data-scarce regions, but that it cannot
provide reliable predictions of flood depth.

Flood susceptibility mapping has also been conducted using machine learning, statis-
tical and data-mining models like support vector machine ( Zhao et al. 2019), random
forest (Feng et al. 2015; Lee et al. 2017), logistic regression (Pradhan 2010; Lee et al. 2018;
Tehrany et al. 2019), rule-based decision tree (Tehrany et al. 2013), weights-of-evidence
(Tehrany et al. 2014; Hong et al. 2018), frequency ratio (Youssef et al. 2016), adaptive
neuro-fuzzy inference system (Hong et al. 2018; Termeh et al. 2018; Costache 2019), k-
means cluster algorithm (Xu et al. 2018), Shannon’s entropy (Haghizadeh et al. 2017),
maximum entropy (Siahkamari et al. 2018), genetic algorithm rule set production (Darabi
et al. 2020), boosted regression trees (Lee et al. 2017), evidential belief function (Tehrany
and Kumar 2018), classification and regression trees (Choubin et al. 2019), alternating
decision tree (Rahmati et al. 2020), reduced-error pruning trees (Chen et al. 2019) and
naïve Bayes (Chen et al. 2020). Recently, Bui et al. (2020) developed a new deep-learning
neural network algorithm for spatial modelling of flood susceptibility in Vietnam. Wang
et al. (2020) used convolutional neural network for flood susceptibility mapping in
Shangyou County, China. Some researchers have attempted to apply multilayer perceptron
neural network (MLPNN) for flood susceptibility mapping (Kia et al. 2012; Radmehr and
Araghinejad 2014; Kourgialas and Karatzas 2017; Zhao et al. 2018; Falah et al. 2019).
MLPNN is a supervised learning algorithm neural network method that has proven to be
a strong algorithm for modelling classification problems (Meng et al. 2013). A major dis-
advantage of MLPNN is that adding the number of hidden neurons does not necessarily
improve its prediction accuracy and can increase the computational time (Duraipandy
and Devaraj 2018). This feature reduces the performance of MLPNN, especially when
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dealing with large datasets containing large numbers of predictors with many interrela-
tionships. Another important drawback of MLPNN is overfitting (Kim et al. 2004;
Aggarwal et al. 2012), which makes it a very strong model in estimating the training data-
set, but weak when applied to more complex areas. Therefore, MLPNN may not be a suit-
able algorithm for a generalizable model. Another issue with MLPNN is that setting the
size of the hidden layer and defining the learning rate are complicated tasks (Yeh
et al. 2011).

To overcome these drawbacks, we developed a novel hybrid model, MultiB-MLPNN,
that couples the multi-boosting (MultiB) technique with the MLPNN model. The boosting
approach was selected due to the success of previous applications in other fields (Lemaitre
et al. 2015; Yan et al. 2015; Zhang et al. 2015; Goodfellow et al. 2017; Fan et al. 2018).
The performance of the hybridized model was compared with that of the standard
MLPNN and two benchmark models – a regression-based model (boosted regression tree
or BRT) and a robust machine learning model (random forest or RF). These four models
were applied for flood susceptibility mapping in Amol City in Iran. Amol City is a data-
scarce and ungauged area which experiences severe flood events and currently lacks flood
prevention infrastructure. In addition to rapid urbanization, Amol City is characterized
by special key features such as spatial heterogeneity of land surfaces, delayed infiltration
processes, irregular man-made flow paths and limited storage capacity. Therefore, the city
was selected a relevant urban site for model applicability and performance testing in this
study, particularly since several studies have considered urban areas as a relevant spatial
unit for flood susceptibility modelling (e.g. Fern�andez and Lutz 2010; Ouma and Tateishi
2014; Falah et al. 2019; Zhao et al. 2019; Darabi et al. 2020). Specific objectives of the
study were to: (1) develop a hybridized MultiB-MLPNN model for urban flood suscepti-
bility mapping; (2) compare the performance of the hybridized model with that of the
standard MLPNN and two benchmark models (BRT and RF); (3) determine the import-
ance of flood conditioning factors in urban flood susceptibility and (4) identify city areas
in high flood susceptibility classes, to aid in the mitigation of flood risks and to reduce
losses. The hypothesis was that the hybridized model performs better than the standalone
MLPNN model. The originality and practical value of this study lie in providing an effect-
ive approach for flood susceptibility assessment. Novel contributions of the study are
development and application of the hybridized model, MultiB-MLPNN, in a flood suscep-
tibility mapping context.

2. Urban study area and data

2.1. Description of study area

Amol City in northern Iran (36�260–36�300N; 52�190–52�240E) was selected for study, as it
is representative of an inundation-prone area. The northern part of the city lies on the
Caspian Sea coast and the city receives drainage from the high-elevation Alborz moun-
tains through the Haraz River (Figure 1). Amol City occupies an area of 2708 ha and has
a population of around 401,000. It is one of the most densely populated urban centres in
northwestern Iran. The climate is Mediterranean and characterized by high rainfall and
high humidity from May to September. Average annual rainfall is 672mm/year, with the
lowest monthly rainfall in June (mean 27mm) and the highest in December (108mm).
The lowest and highest temperatures occur in February (8.1 �C) and August (32.4 �C),
respectively.
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The main surface discharge paths in Amol City are four major channels draining run-
off into the Haraz River and the Caspian Sea. There is a secondary system of small chan-
nels that cross the city and drain into the Haraz River and the other discharge channels.
These two systems worked efficiently until around a decade ago. Since then, increased
impervious cover (i.e. pavement), blockage of culverts with waste and debris, and
increased storm intensities have generated runoff amounts that exceed the drainage cap-
acity. The city has experienced rapid urban growth and intensification over the past
40 years, as indicated by the Landsat satellite images for the period 1988–2018 (Figure 2).
This has had an adverse impact on urban hydrological processes, particularly causing
increasingly serious urban flooding (Figure 3). The most important precipitation events
considered in flood inventory data collection were 9 October 2015, 1 April 2016, 1

Figure 1. Map of the study area in Amol City, Iran, showing location of flooded points.
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September 2016 and 15 October 2016, with 56mm, 45mm, 68mm and 59mm precipita-
tion, respectively. Recorded discharge for the Haraz River on these four occasions was
130m3 s�1, 94m3 s�1, 68m3 s�1 and 75m3 s�1, respectively (Meteorological Organization
(IRIMO)). Due to heavy rains, poor condition of urban drainage systems (poor and insuf-
ficient drainage canals) and unsuitable conditions in the Haraz River (poor organization
of river flow through the city), the four precipitation events caused severe flooding in
Amol City.

Figure 2. Landsat satellite images showing urban growth in Amol City 1988–2018.
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2.2. Database

Two types of variables are needed to conduct analyses and modelling: (1) a dependent
variable and (2) independent variables. Here, flood likelihood, based on a flood inventory
map, was used as the dependent variable. A set of predictive factors were tested as inde-
pendent variables. All dependent and independent variables which were used in this
study, have been used in the previous study by Rahmati et al. 2019; Darabi et al. 2020.

2.2.1. Flood inventory map
To effectively apply a machine learning approach to modelling flood prediction, two dis-
tinct dependent variables to predict flood susceptibility are needed. The first must repre-
sent the locations of flood inundation in a study area (such locations are ‘positive’ or
where the condition is ‘present’). The second type must be representative of the safe or
stable locations (which are considered ‘negative’ or where the condition is ‘absent’)
(Choubin et al. 2019). A flood inventory map for Amol City was produced by the Iran
Water Resources Management Company (IWRMC), following field surveys between 2015
and 2016. A total of 118 locations were inundated in the city and these were used to pre-
pare the flood inventory map. For the purposes of this study, the 118 locations on the
flood inventory map served as positive locations and an equal number of locations distant
from flooded locations that were not inundated were selected randomly as negative points
(Hong et al. 2016, 2017; Darabi et al. 2019). Thus, 236 locations (118 flooded and 118 not
flooded locations) were used for modelling. These two sets (flooded and not flooded)
have been used by Rahmati et al. 2019; Darabi et al. 2020 and were independently ran-
domly separated into two sets for training or calibration (70% or Nt¼ 83) and for valid-
ation (30% or Nv¼ 35) datasets and combined to create a training dataset (n¼ 166) and a

Figure 3. Photographs showing the severity of urban floods in Amol City on 9 October 2015, and 1 April, 1
September and 15 October 2016.
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validation dataset (n¼ 70) (Figure 1). Table 1 summarizes the source data for each flood
conditioning factor and the flood inventory data.

2.2.2. Urban flood conditioning factors
Previous studies have used a variety of conditioning (or predictive) factors in modelling
flood susceptibility, and there are no universal guidelines for selecting these factors (;
Ahmadisharaf et al. 2018). Based on data availability (all flood conditiong factors have
already been used by Rahmati et al. 2019) and the literature on urban flood susceptibility
applications (Fern�andez and Lutz 2010; Darabi et al. 2019; Falah et al. 2019), six condi-
tioning factors were selected in this study: elevation, slope, distance from river, distance
from channel, curve number and annual precipitation. Depth to groundwater in the study
area is >10m, and therefore this factor was not used as a predictive variable in the mod-
elling. Raw geospatial datasets to produce the selected factors at 5m resolution were
obtained from IDWRM.

Elevation is an important flood conditioning factor, due to its effect on the direction of
surface water flow and groundwater depth (Stieglitz et al. 1997). The elevation layer of
the study area with 5m resolution was obtained from Amol City authorities. The eleva-
tion in Amol City ranges from 59.3 to 137.3m above sea level (Figure 4(a)).

Slope is also critical, as steeper slope means faster flows through channels and across the
floodplain. Flow velocity is an important factor in creating flooding (Kreibich et al. 2009;
Ahmadisharaf et al. 2015, 2016). The slope for Amol City was calculated from a digital ele-
vation model (DEM) (Figure 4(b)). The slope in the study area ranges from 0% to 25.15%.

The magnitude of floods at various locations throughout the city is also influenced by a
location’s distance from the nearest river (Falah et al. 2019). The Haraz River, a high-dis-
charge river with flood-prone areas around it, flows through Amol City. Therefore, distance
from the river is an important conditioning factor for locations in the city. This layer was
created by measuring the distance with the Euclidean distance package in ArcMap (Figure
4(c)). Distance from the river in Amol City ranges between 0 and 2322m.

The channels in Amol City are man-made drainage systems that receive and transfer
surface water runoff through the city into the main river or water reservoirs; areas nearer
to linear channel systems are more prone to flooding. Therefore, distance from the nearest
channel was also computed as the Euclidean distance, which ranges in the study area
from 0 to 1499m (Figure 4(d)).

Table 1. Land degradation conditioning factors.

Predictive factors Source Scale Spatial resolution (m) Format

Elevation Amol city authority 1:2000 5 Raster
Slope Extracted from the Elevation 1:2000 5 Raster
Distance from river Amol city authority 1:2000 5 Raster
Distance from channel Amol city authority 1:2000 5 Raster
Curve number Amol city authority 1:2000 5 Raster
Precipitation Iranian Meteorological

Organization (IRIMO)
1:2000 5 Raster

Flood inventory map Total Flooded points Non-flooded points Format
236 118 118 Vector
Produced by the
Iran Water Resources
Management Company
(IWRMC), and field
surveys between 2015
and 2016.

Calibration
(70%)

Validation
(30%)

Calibration
(70%)

Validation
(30%)

83 35 83 35
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Figure 4. Urban flood conditioning factors: (a) elevation, (b) slope, (c) distance from river, (d) distance from channel,
(e) curve number and (f) precipitation.

GEOCARTO INTERNATIONAL 5723



Curve number (CN) is used as an empirical indicator of potential runoff or infiltration
into surfaces . The greater the CN, the greater the runoff and the greater is the probability
of a flooding. The CN layer for Amol City was produced using the land use layer, the
‘hydrological soil group and a lumped CN’ by employing the ArcCN-runoff package in
ArcMAP (Darabi et al. 2014). The CN in Amol City ranges from 40 to 100 (Figure 3(e)).

Annual precipitation is one more important conditioning factor. Greater precipitation
implies a greater flood risk. Annual precipitation in Amol City during the monitoring
period (2016) ranged from 672 to 684mm (Figure 4(f)).

3. A methodology for urban flood susceptibility mapping

The mapping of urban flood susceptibility (Figure 5) entailed three steps. First, multicolli-
nearity analysis was conducted to assess the independence of each predictive factor
(Section 3.1). Second, the standalone MLPNN, the RF and BRT models, and the new
hybridized MultiB-MLPNN were applied to the study area (Section 3.2). Third, the accu-
racies of all four models in the training and validation steps were evaluated using statis-
tical metrics (Section 3.3).

3.1. Multicollinearity analysis

Multicollinearity (i.e. co-dependency between conditioning factors) leads to system ana-
lysis errors (Dormann et al. 2013). Two indices, tolerance (TOL) and variance inflation
factor (VIF), (Zhu and Huang 2006; Naghibi and Moradi Dashtpagerdi 2016) were used

Figure 5. Methodological flowchart of the work performed in the study.
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to assess multicollinearity. Multicollinearity is a problem at TOL values <0.1 and VIF val-
ues >10 (Keith 2006; Strobl et al. 2007; Hong et al. 2016). To assess the importance of
the six conditioning factors, the relative increases in mean square error and Spearman’s
rank correlation testing were also examined. The rank correlation test assesses each fac-
tor’s correlation to urban flood potential (Vasu and Lee 2016).

3.2. Application of standalone and hybridized models

3.2.1. Standalone multilayer perceptron neural network (MLPNN)
Artificial neural networks are machine learning algorithms that mimic neural network
functions in the human body (Aleotti and Chowdhury 1999). MLPNN, the best known of
the artificial neural networks, includes neurons at three levels: input layer, hidden layer,
and output layer. The input layer consists of independent input factors that are driving
factors (here the six urban flood conditioning factors) affecting the dependent factor
(urban flood occurrence) in the output layer. The relationship between the input and out-
put layers is modeled through a hidden layer. The number of hidden layer neurons neces-
sary to obtain the most accurate estimated target value is determined by trial-and-error
(Gong et al. 1996).

3.2.2. Boosted regression tree (BRT)
Boosted regression tree (BRT) is a new algorithm intended to strengthen model efficiency
using a boosting technique. The process starts by generating numerous decision trees that
are fitted onto the data and combined to produce a final estimate (Naghibi et al. 2016).
This is a methodological improvement, since it is simpler to create several weak learners
and get an average than to create a very high-accuracy decision tree (Schapire 2003).
However, boosting differs from model averaging, since it makes use of a forward, stepwise
process in which the algorithms are optimized on a portion of the training set. The data
used in each iteration of the algorithm are chosen stochastically, without replacement.
BRT attempts to solve the main issue with single-tree algorithms, by focusing on only one
tree and ignoring most of the existing relationships between the driving factors and the
target value (Motevalli et al. 2019).

3.2.3. Random Forest (RF)
Random forest (RF) is a machine learning algorithm that contains several trees, each cre-
ated from a bootstrap sample (Chen et al. 2020). RF can consider input data of many
types and provides information about the importance of factors based on mean decreased
accuracy, Gini index, and relative increase in mean square error (Breiman 2001 ). Two
parameters need to be optimized for RF, the number of trees (ntree) and the number of
factors to be used at each split (mtry) (Naghibi et al. 2018). A full description of the RF
algorithm is provided by Breiman (2001).

3.2.4. Hybrid multi-boosting multilayer perceptron neural network
Multi-boosting (MultiB) is a powerful ensemble algorithm, created by Webb (2000), that
combines two ensemble algorithms, AdaBoost (Freund and Schapire 1997) and wagging
(Bauer and Kohavi 1999), a variant of bagging (Breiman 1996). MultiB thereby inherits
the merits of the two underlying algorithms and can reduce the bias of AdaBoost and the
variance of wagging.

Given an urban-flood dataset ðxi, yiÞni¼1, where xi 2 Rm is the vector of m input varia-
bles, n is the total samples, and yi is the output, the working mechanism of the MultiB
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algorithm follows fives steps: (i) Weighted-bootstrap sampling is performed on the urban-
flood dataset to generate subsets. (ii) Each subset is adopted to build a base classifier using
a learning algorithm (i.e. MLPNN in this study). (iii) The weights of all samples in each
subset are reset using the continuous Poisson distribution based on derived errors. (iv)
The sub-classifiers are re-trained using the updated subsets. (v) The final MultiB model is
formed from the trained sub-classifiers.

MLPNN with back-propagation is a powerful and useful tool for modelling complex
real-world problems. In this study, the input layer was constructed from conditioning fac-
tors of urban flood susceptibility, the output layer was based on the flood and non-flood
locations, and the hidden layer transformed the input layer to the output layer.

Configuring the hybridized (MultiB-MLPNN) model required quantification of the
TOL and VIF indices. For this, MLPNN was used as the base-classifier, with learning rate
0.3, momentum 0.2, training iteration 500, the logistic sigmoid activate function and the
purlin transfer function as suggested in Bui et al. (2016). The number of base-classifiers
and number of neurons in the hidden layer were determined through trial-and-error, the
results of which showed that 15 base classifiers and one neuron in the hidden layer were
best for the data at hand.

The training mechanism of MultiB for urban flood modelling followed five steps: (i)
Fifteen subsets of data were generated from the training dataset using the weighted boot-
strap sampling technique, and the weight of all samples was set to 1. (ii) Each data subset
was used to build a base classifier; thus 15 base classifiers were created. (iii) Based on the
training error of the 15 base classifiers, all samples in each subset were re-weighted using
the continuous Poisson distribution. (iv) The 15 base classifiers were trained again using
the updated subset weighting. (v) The MultiB-MLPNN model was derived by aggregating
the final 15 base classifiers.

3.3. Performance assessment

Performance assessment is one of the most important stages in any binary classification
and is applied to both training and validation datasets (Mousavi et al. 2017). To assess
the efficiency of the four models, two different evaluation approaches involving cutoff-
independent and cutoff-dependent metrics were used.

The most robust cutoff-independent metric is area under the receiver operating characteris-
tics curve (AUC), which has been widely used in investigating the accuracy of models in pre-
dicting floods, landslides and many other phenomena (Sangchini et al. 2016; Mousavi et al.
2017; Golkarian et al. 2018; Naghibi et al. 2018; Motevalli et al. 2019). The receiver operating
characteristics curve (ROC) curve represents true positive rates (TPR) (also termed sensitivity)
against false positive rates (FPR) (also known as 1 – specificity) (Conoscenti et al. 2016). The
value of the AUC metric ranges from 0 to 1 (Conoscenti et al. 2016) where AUC close to or
equal to 1 signifies high or perfect model performance, while values close to or equal to 0
depict poor or low model performance (Kordestani et al., 2019). TPR and FPR can be calcu-
lated based on the components of the confusion matrix (Table 2):

TPR ¼ TP
TP þ FN

(1)

FPR ¼ TN
FP þ TN

(2)

where TP and TN depict true positive and true negative, respectively, and FP and FN
depict false positive and false negative, respectively. TP and TN are the number of pixels
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that are correctly classified, while FP (also termed error type I) and FN (known as error
type II) are the numbers of pixels that are erroneously classified (Frattini et al. 2010). In
an analytical expression of the ROC curve, it is denoted f. AUC is formulated as:

AUC ¼
ð1
0
f FPRð ÞdFPR ¼ 1�

ð1
0
f TPRð ÞdTPR (3)

where FPR and TPR are calculated according to Equations (1) and (2).
The most often used cutoff-dependent metrics are efficiency (E) (also termed accur-

acy), true skill statistic (TSS), Matthews correlation coefficient (MCC), misclassification
rate (MR), sensitivity (Se) and specificity (Sp). These are calculated as:

E ¼ TP þ TN
TP þ TN þ FP þ FN

(4)

TSS ¼ TP
TP þ FN

� FP
FP þ TN

(5)

MCC ¼ ðTP � TNÞ�ðFP � FNÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiðTP þ FPÞðTP þ FNÞðTN þ FPÞðTN þ FNÞp (6)

MR ¼ FP þ FN
T

(7)

Se ¼ TP
TP þ FN

(8)

Sp ¼ TN
TN þ FP

(9)

where TP, TN, F, and FN are as defined in Equations (1) and (2).
Kappa coefficient was not used in this study since it has some shortcomings (Pontius

and Millones 2011). According to Foody (2020), kappa coefficient should not be applied
in accuracy evaluation or comparison of models. The TSS metric can compensate for the
limitations of kappa coefficient while keeping all of its advantages (Allouche et al. 2006).

4. Results

4.1. Multicollinearity analysis and feature selection

Analysis of multicollinearity revealed that no conditioning factor had VIF value >10 or
TOL value <0.1 (Table 3). There was thus no multicollinearity in the data, and all six fac-
tors were used for training the algorithms. Spearman’s rank correlation testing showed
that all conditioning factors had significant correlations at p< .05 (Table 4). Therefore, no
factor was removed from the study. Finally, the relative increase in mean square error by
the RF algorithm was used for ranking the importance of factors in modelling flood sus-
ceptibility (Table 4). Based on these results, distance from channel, elevation and CN
were of the highest importance, while precipitation, slope and distance from river were of
lower importance but still contributed significantly to flood susceptibility modelling.
Distance from channel is an important factor for flood occurrence in Amol City, because

Table 2. Confusion matrix used for model evaluation.

Observed Predicted
Class non-flood (�) Class flood (þ)

Class non-flood (�) (�j�) True negative (TN) (þj�) False positive (FP)
Class flood (þ) (�jþ) False negative (FN) (þjþ) True positive (TP)
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channels are the main drainage route through the city and inappropriate channel design
fuels flood occurrence. Lack of dredging may be another reason for the high importance
of distance from channel. CN has previously been identified as an important factor for
urban flood occurrence in the study region. Berndtsson et al. (2019), for instance, con-
cluded that decreased permeability owing to increasing area of impermeable surfaces is
one of the most important drivers of urban flood occurrence.

4.2. Model accuracy

The goodness-of-fit of the models (i.e. model accuracy in the training system) based on
the AUC cutoff-independent approach indicated that, in the training step, the RF model
had the highest fitting skill (AUC¼ 95%), followed by MultiB-MLPNN (87.8%), MLPNN
(86.2%) and BRT (83.8%) (Figure 6). All cutoff-dependent metrics confirmed that the RF
model showed the best goodness-of-fit (E¼ 0.81, TSS¼ 0.7, MCC¼ 0.67, MR¼ 0.34,
Se¼ 0.96, Sp¼ 0.74), followed by MultiB-MLPNN (E¼ 0.78, TSS¼ 0.58, MCC¼ 0.58,
MR¼ 0.21, Se¼ 0.83, Sp¼ 0.72), MLPNN (E¼ 0.77, TSS¼ 0.56, MCC¼ 0.55, MR¼ 0.22,
Se¼ 0.85, Sp¼ 0.73) and BRT (E¼ 0.73, TSS¼ 0.51, MCC¼ 0.67, MR¼ 0.26, Se¼ 0.83,
Sp¼ 0.68) (Table 5). Thus, the model ranking in the training step was similar based on
both cutoff-independent and cutoff-dependent metrics. However, goodness-of-fit only
shows how well a model fits a training dataset, and not the predictive ability of the model
(Darabi et al. 2019). The prediction performance of the models was investigated using the
validation dataset.

According to the validation analysis, MultiB-MLPNN had the best predictive perform-
ance based on both cutoff-independent (AUC¼ 84.7%) (Figure 7) and cutoff-independent
(E¼ 0.8, TSS¼ 0.61, MCC¼ 0.6, MR¼ 0.2, Se¼ 0.86, Sp¼ 0.75) evaluation criteria (Table
6). RF was the second best model (AUC¼ 82.1%, E¼ 0.7, TSS¼ 0.54, MCC¼ 0.32,
MR¼ 0.28, Se¼ 0.72, Sp¼ 0.62), followed by MLPNN (AUC¼ 80.7%, E¼ 0.74,
TSS¼ 0.48, MCC¼ 0.48, MR¼ 0.25, Se¼ 0.75, Sp¼ 0.72) and BRT (AUC¼ 76.1%,
E¼ 0.68, TSS¼ 0.37, MCC¼ 0.37, MR¼ 0.31, Se¼ 0.7, Sp¼ 0.66). Therefore, both cutoff-
dependent and cutoff-independent metrics demonstrated that the hybridized MultiB-
MLPNN model outperformed the other models in terms of prediction performance.

Table 3. Results of multicollinearity analysis for the six urban flood conditioning factors.

Factor Tolerance (TOL) Variance inflation factor (VIF)

Elevation 0.311 2.691
Slope 0.342 2.312
Distance from river 0.675 1.645
Distance from channel 0.797 1.908
Curve number 0.943 1.103
Precipitation 0.628 1.842

Table 4. Factor importance results for the six urban flood conditioning factors based on the random forest (RF)
model and Spearman’s rank correlation test.

Factor
Percent increase in mean
square error (RF model)

Spearman’s rank correlation test

Correlation coefficient Significance level

Elevation 65.43 �0.281 0.000
Slope 38.85 �0.256 0.000
Distance from river 34.37 �0.142 0.029
Distance from channel 73.26 �0.387 0.000
Curve number 62.34 0.277 0.000
Precipitation 11.41 0.136 0.037
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4.3. Generating urban flood susceptibility maps

The urban flood susceptibility maps generated by MultiB-MLPNN, MLPNN, RF and BRT
indicated the same overall spatial pattern (Figure 8(a)–(d)): high flood likelihood in cen-
tral and northern parts of Amol City. The differences between model outputs were gener-
ally the result of their structures. The mean flood susceptibility values (and standard

Figure 6. Receiver operating characteristic (ROC) curves in the training step for: (a) MultiB-MLPNN, (b) MLPNN, (c) RF
and (d) BRT.

Table 5. Goodness-of-fit of models based on cutoff-dependent evaluation metrics.

Metric

Model

MultiB-MLPNN MLPNN RF BRT

Efficiency (E) (accuracy) 0.78 0.77 0.81 0.73
True skill statistic (TSS) 0.58 0.56 0.7 0.51
Matthews correlation coefficient (MCC) 0.58 0.55 0.67 0.49
Misclassification rate (MR) 0.21 0.22 0.34 0.26
Sensitivity (Se) 0.83 0.85 0.96 0.83
Specificity (Sp) 0.72 0.73 0.74 0.68
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deviations) produced by the models (Table 7) show that the MultiB-MLPNN flood risk
map had the lowest mean value (0.353), which means that the probability of flood occur-
rence in any cell in its flood susceptibility map was lower than its value in other models.
Considering the greater accuracy of MultiB-MLPNN, this implies over-prediction by
MLPNN, RF and BRT, which yields higher likelihoods of flood occurrence for any cell.

Figure 7. Receiver operating characteristic (ROC) curves in the validation step for: (a) MultiB-MLPNN, (b) MLPNN, (c)
RF and (d) BRT.

Table 6. Predictive performance of models based on cutoff-dependent evaluation metrics.

Metric

Model

MultiB-MLPNN MLPNN RF BRT

Efficiency (E) (Accuracy) 0.8 0.74 0.7 0.68
True skill statistic (TSS) 0.61 0.48 0.54 0.37
Matthews correlation coefficient (MCC) 0.6 0.48 0.32 0.37
Misclassification rate (MR) 0.2 0.25 0.28 0.31
Sensitivity (Se) 0.86 0.75 0.72 0.7
Specificity (Sp) 0.75 0.72 0.62 0.66
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Since MultiB-MLPNN exhibited the greatest accuracy among the models, its flood map
was re-classified into five risk categories using an equal-interval classification scheme: very
low (0–0.2), low (0.2–0.4) medium (0.4–0.6), high (0.6–0.8) and very high (0.8–1) suscep-
tibility to flooding (Figure 9). The MultiB-MLPNN assigned high and very high risk-val-
ues to 12% and 14% of the study area, respectively (Table 8), and 54%, 9% and 11% of
the region was assigned very low, low and medium risk-values, respectively. Some patches

Figure 8. Flood susceptibility maps obtained using: (a) MultiB-MPLNN, (b) MLP, (c) RF and (d) BRT.

GEOCARTO INTERNATIONAL 5731



of high and very high susceptibility were identified in the eastern and southern parts of
the city, and very low flood susceptibility in the central and western sections.

4.4. Importance of urban flood conditioning factors

The results of MultiB-MLPNN indicated that distance from channel (36.8%) and distance
from river (21.3%) were the most important factors (Figure 10). Curve number (14.1%)
and slope degree (12.1%) made a moderate contribution to urban flood inundation.
However, MultiB-MLPNN model determined that the importance level of elevation and
precipitation was lower than 10%. It is worth noting that all urban flood conditioning fac-
tors had a significant role in occurrence of flood inundation and all six should be consid-
ered for spatial modelling of urban flood hazard.

Table 7. Flood susceptibility values produced by the different machine learning models.

Model

Modelled susceptibility value

Mean Standard deviation

MultiB-MLPNN 0.353 0.408
MLPNN 0.402 0.362
RF 0.423 0.237
BRT 0.462 0.198

Figure 9. Flood susceptibility class map produced by the hybridized MultiB-MLPNN model.
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5. Discussion

5.1. Performance of models

Modelling and simulation systems are valuable decision-support tools for analyzing histor-
ical flood events and generating accurate flood susceptibility maps, so many studies have
been performed to exploit the capability of machine learning, statistical, and data-mining
models or to enhance their prediction accuracy (e.g. Youssef et al. 2016; Lee et al. 2018;
Tehrany et al. 2019; Chen et al. 2020). Others have focused on application of MLPNN
(Kia et al. 2012; Radmehr and Araghinejad 2014; Kourgialas and Karatzas 2017; Zhao
et al. 2018; Falah et al. 2019). Some have assessed the advantages of the multi-boosting
technique for enhancing model performance in different fields (e.g. Gao et al. 2007; Zhu
et al. 2017). In this study, a novel hybridized model was developed by combining
MLPNN and MultiB, and its performance was compared with that of a standalone
MLPNN and two benchmark models, RF (tree-based family) and BRT (regression family).
The results showed that MultiB-MLPNN outperformed MLPNN, BRT and RF. Use of the
MultiB technique enhanced the predictive ability of MLPNN and, more importantly, per-
formed better than the benchmark models, which have been recommended for mapping
flood susceptibility by others (Feng et al. 2015; Lee et al. 2017). The superior performance
of MultiB-MLPNN is likely due to multi-boosting, which mixes several weak learners to
construct a stronger learner. The boosting algorithm is commonly combined with

Table 8. Area (%) of Amol City within different urban flood susceptibility classes, predicted using the hybridized
MultiB-MLPNN model.

Number Class Area (%)

1 Very low 54
2 Low 9
3 Medium 11
4 High 12
5 Very high 14

Figure 10. Importance of the six urban flood conditioning factors.
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multiple weak classifiers in data mining (Sok et al. 2015). Pham et al. (2015) Murata et al.
(1994) found that MLPNN usually overfits the data with increasing number of hidden
layers. In this study, we obtained strong learners by combining some base MLPNN learn-
ers through the boosting technique. The methodology also decreased the computational
time of MultiB-MLPNN compared with the standalone MLPNN, which is another advan-
tage of the hybridized model. Some have previously reported better performance by
hybrid models than by standalone models. For example, Naghibi et al. (2017) used fre-
quency ratio to combine the results of four machine learning models (AdaBoost, naïve
Bayes, bagging, generalized additive model) to create a stronger model, and achieved bet-
ter performance with the hybrid model. Other hybrid models have also been shown to
improve performance (Tehrany et al. 2013, 2014; Aghdam et al. 2016; Kordestani
et al. 2018).

Including RF and BRT provided valuable indications of the performance of MultiB-
MLPNN relative to these other commonly used models. Both RF and BRT have been
shown to be robust models in flood-risk mapping. For example, Lee et al. (2017) applied
RF and BRT for urban flood susceptibility mapping in metropolitan Seoul, Korea, and
found that both models yielded good prediction performance. Zhao et al. (2018) com-
pared the performance of several machine learning models for spatial modelling of flood
susceptibility in China and demonstrated that RF had the highest accuracy.

Coupled artificial intelligence techniques have been gaining popularity for prediction of
extreme natural events. Practical application of a model is more likely if it has good pre-
diction performance. Since the ability of a model to adequately describe system behaviour
can be elevated by boosting algorithms, boosting-based hybridized models have been
developed previously for other applications (Buchen and Wohlrabe 2011). Aversano et al.
(2007) indicated that multi-boosting improves AdaBoost and can be used to significantly
reduce the error of machine learning models. According to Cao et al. (2010), boosting is
an effective classification technique that enables application of hybrid prediction models
to other problems that benefit from the ability to make accurate predictions.

It is difficult to compare our results to the outcomes of previous studies, since multi-
boosting-based hybridized models have not been used previously for flood susceptibility
mapping. In supply chain finance and credit risk, Zhu et al. (2017) compared standalone
and ensemble modelling approaches and found that multi-boosting increased model
accuracy. From a flood-hazard management viewpoint, enhancing model accuracy enables
decision makers and planners to identify, understand and develop efficient environmental
plans for flood risk management. The methodology developed in this study provides sev-
eral advantages over standalone models in this regard.

5.2. Influences of the flood conditioning factors

Despite the importance of urban flood inundation, the influence of flood conditioning
factors has rarely been investigated. This study set out to bridge this research gap by ana-
lyzing the importance level of urban flood conditioning factors. This knowledge is neces-
sary to enhance urban flood hazard management and efficiently allocate resources. The
results indicated that distance from channel and distance from the river were the most
important flood conditioning factors. Curve number and slope degree made a moderate
contribution to urban flood inundation. Based on the type of the study area, which results
in different hydro-climatological conditions, some researchers have concluded that land
use is the most important factor, since it is significantly correlated with flood potential
degree in the flood susceptibility map (Ali et al. 2020; Costache et al. 2020; Talukdar et al.
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2020; Yariyan et al. 2020). Impervious areas (e.g. parking space, roads and buildings) not
only reduce infiltration capacity but also increase surface runoff, and can add noticeably
to total runoff. A crucial flood conditioning factor that has an impact on the water infil-
tration process is hydrological soil group (HSG). The soil plays an important role in run-
off and, based on the soil texture, HSGs are categorized into four classes (A, B, C and D)
(Costache et al. 2020; Nhu et al. 2020). In the present study, the CN map was considered
as a flood predictor, and it represented the combined effect of land use/land cover with
hydrological soil group on urban flood susceptibility. Darabi et al. (2019) identified dis-
tance from channel, land use, elevation and CN as the most important factors for model-
ling urban flood susceptibility. Although this study proved the low contribution of
elevation and precipitation, all urban flood conditioning factors played a significant role
in the occurrence of flood inundations.

5.3. Flood inundation management

Flood susceptibility mapping is a non-structural measure that can guide policy and strat-
egy in integrated urban flood risk management (Tingsanchali 2012). Flood susceptibility
maps can be used to guide implementation of flood mitigation measures to reduce loss of
life and minimize damage to properties. Non-government agencies and the private sector
play a limited role in structure-based flood protection (e.g. construction of river dikes and
dams), but can use flood susceptibility maps to increase public awareness, emergency
response and recovery (Paul 2003). Thus, comparative studies are needed to assess the
performance of models in specific conditions and make a fair assessment of their capabil-
ities. Our main recommendation to urban planners and water resources managers in
Amol City is to use the maps we produced with MultiB-MLPNN to focus their attention
on the high-risk zones and to devise appropriate channel networks that will convey runoff
through the city to avoid flooding. Channel dredging can also be an appropriate measure
for decreasing flood risk, as can upstream measures for mitigating flood discharge from
catchments (e.g. using nature-based solutions like wetland restoration and pond construc-
tion (Goldenberg et al. 2017; Quin and Destouni 2018)), and catchment-based manage-
ment solutions like floodwater spreading (Naghibi et al. 2018).

In this modelling work, flood inundation was the dependent variable. A limitation was
that hydraulic data (e.g. inundation depth, velocity, etc.) necessary for employing hydraul-
ics-based models were unavailable for the study area. When such data become available, it
might be possible to compare the results of hydraulics-based models and machine learn-
ing models.

6. Concluding remarks

Activities such as urbanization enhance the likelihood of urban floods. This study com-
bined the multi-boosting technique with the MLPNN model to produce a novel hybri-
dized model (MultiB-MLPNN) for urban flood susceptibility mapping. Its performance
was assessed by comparing the flood susceptibility maps produced by standalone MLPNN
and two models commonly used for flood susceptibility mapping, RF and BRT. We draw
the following conclusions:

� Based on both cutoff-dependent and cutoff-independent metrics, the hybridized
MultiB-MLPNN model performed better than the standalone MLPNN for mapping
flood susceptibility. The validation results clearly showed that MultiB-MLPNN
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outperformed RF and BRT, which are the current benchmark models for flood suscep-
tibility mapping. Use of MultiB-MLPNN is highly recommended for future studies, as
the proposed methodological framework is transferable to other regions around
the world.

� The results indicated that all six urban flood conditioning factors studied made a sig-
nificant contribution to urban flood inundation. Distance from channel and distance
from rivers were the most important factors. Curve number and slope degree were the
second best group, and should be considered in urban flood inundation risk.

� For the Amol City case study, MultiB-MLPNN (best predictive results) correctly classi-
fied around 26% of the city’s area as at high or very high risk of flooding. The flood
susceptibility map developed here should be of interest to local environmental and
flood management agencies and to government agencies seeking to identify and miti-
gate floods.
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