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A B S T R A C T

Flooding is one of the most significant environmental challenges and can easily cause fatal incidents and eco-
nomic losses. Flood reduction is costly and time-consuming task; so it is necessary to accurately detect flood
susceptible areas. This work presents an effective flood susceptibility mapping framework by involving an
adaptive neuro-fuzzy inference system (ANFIS) with two metaheuristic methods of biogeography based opti-
mization (BBO) and imperialistic competitive algorithm (ICA). A total of 13 flood influencing factors, including
slope, altitude, aspect, curvature, topographic wetness index, stream power index, sediment transport index,
distance to river, landuse, normalized difference vegetation index, lithology, rainfall and soil type, were used in
the proposed framework for spatial modeling and Dingnan County in China was selected for the application of
the proposed methods due to data availability. There are 115 flood occurrences in the study area which were
randomly separated into training (70% of the total) and verification (30%) sets. To perform the proposed fra-
mework, the step-wise weight assessment ratio analysis algorithm is first used to evaluate the correlation be-
tween influencing factors and floods. Then, two ensemble methods of ANFIS-BBO and ANFIS-ICA are constructed
for spatial prediction and producing flood susceptibility maps. Finally, these resultant maps are assessed in terms
of several statistical and error measures, including receiver operating characteristic (ROC) curve and area under
the ROC curve (AUC), root-mean-square error (RMSE). The experimental results demonstrated that the two
ensemble methods were more effective than ANFIS in the study area. For instance, the predictive AUC values of
0.8407, 0.9045 and 0.9044 were achieved by the methods of ANFIS, ANFIS-BBO and ANFIS-ICA, respectively.
Moreover, the RMSE values for ANFIS, ANFIS-BBO and ANFIS-ICA using the verification set were 0.3100, 0.2730
and 0.2700, respectively. In addition, as regards ANFIS-BBO and ANFIS-ICA, a total areas of 39.30% and 35.39%
were classified as highly susceptible to flooding. Therefore, the proposed ensemble framework can be used for
flood susceptibility mapping in other sites with similar geo-environmental characteristics for taking measures to
manage and prevent flood damages.
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1. Introduction

Floods are the most harmful of various natural disasters because
they often destroy roads, settlements and farmland, and cause losses of
life and property worldwide each year (Tehrany et al., 2014b). It was
reported that about 200 million people were influenced by the flood
disasters during 2011–2012 and the total indirect losses were about 95
billion dollars (Ceola et al., 2014). China has been suffering from fre-
quent floods for a long time and a large number of property losses and
casualties are caused by these disasters each year. Therefore, it is es-
sential to flood susceptibility zones (Tehrany et al., 2015).

Flooding is a complicated process, thus it is impossible to com-
pletely prevent floods (Pappenberger et al., 2006). However, we are
able to predict future flood occurrence to help mitigate their human and
socio-economic losses by flood susceptibility mapping (FSM). FSM is a
basic unstructured technique implemented by the government for sus-
tainable planning and protecting human life and property. The main
purpose of this technique is to identify areas that are susceptible to
flooding using geographic information system (GIS) and available to-
pographical data. The use of FSM is prerequisite for sustainable risk
management, as it can predict the probability of flood occurrence and
provide useful information on the suitable measures for mitigating fu-
ture floods (Dobler et al., 2012).

Hydraulic risk mapping is different from FSM. It requires mandatory
input to determine the design hydrograph. Hydrological forcing is es-
timated using a rainfall-runoff model that quantifies flood peak dis-
charges or a flow hydrograph for return periods or for specific events,
obtaining the extent of the water surface (Grimaldi et al., 2013). Hy-
draulic analysis can been carried out using a one-dimensional (1D)
surface water model or a two-dimensional (2D) flood routing algorithm
to simulate the spatial distribution of flow and velocity dynamics. The
two main drawbacks of hydraulic methods are summarized as follows.
First, the need for large amounts of data which are not easily available
in developing countries. Second, it takes much time to perform model
calibration in ungagged hydrometric stations. Furthermore, the FSM
techniques are capable of producing more reliable results than the 1D
hydraulic methods when the river channel changes over time and has
high erosive potential (Costabile et al., 2013).

In general, FSM is achieved with the support of geographic in-
formation system (GIS). GIS can provide geostatistical tools to effec-
tively handle large amount of spatial data, which makes it very appli-
cative for analysing the multidimensional phenomena of floods. The
parameters of flood susceptibility may be determined by through
heuristic methods by assigning different weights according to their
relative importance. Recently, FSM has been mainly aided by means of
more objective quantitative methods that can be mainly divided into
two categories. The first category integrates remote sensing and GIS
with data-driven approaches (Chen et al., 2017b), including multi cri-
teria decision making (MCDM), bivariate and multivariate models. The
analytic hierarchy process has been the most commonly used MCDM
model (Khosravi et al., 2016a; Wang et al., 2019), but it causes de-
viations and uncertainties due to the subjectivity of expert knowledge.
The bivariate and multivariate models, including frequency ratio
(Khosravi et al., 2016a), weights-of-evidence (Tehrany et al., 2014b),
Shannon entropy (Khosravi et al., 2016b) and fuzzy logic (FL)
(Pulvirenti et al., 2011), have their statistical assumption and cannot
deal with complex phenomena due to the simple structure of these
models. The second category of machine learning or artificial in-
telligence methods have been employed for FSM with high prediction
accuracy (Chapi et al., 2017; Chen et al., 2017a; Hong et al., 2018a,
2018b), including artificial neural networks (ANN) (Kia et al., 2012),
decision tree (Tehrany et al., 2013), support vector machines (Tehrany
et al., 2015), random forest (Wang et al., 2015) and logistic model tree
(Khosravi et al., 2018).

Among the methods previously mentioned, ANN has been widely
used in natural disaster assessment, especially for flood modeling (Kia

et al., 2012; Tiwari and Chatterjee, 2010). Recently, this technique has
been combined with FL to establish the adaptive neuro-fuzzy inference
system (ANFIS) algorithm (Jang, 1993; Jang and Sun, 1995) to further
improve the prediction accuracy. Although ANFIS benefits from both
the ANN and fuzzy logic techniques, it has a weakness in membership
functions and is easy to fall into the local minima (Tien Bui et al.,
2016b). As a consequence, the efficiency of ANFIS is greatly limited. To
break through these problems, soft computing techniques, in particular
metaheuristic algorithms, have been employed to find the best weight
parameters (Ahmadlou et al., 2018; Bui et al., 2016; Hong et al., 2018a;
Termeh et al., 2018; Tien Bui et al., 2018). For instance, Bui et al.
(2016) employed the ANFIS-metaheuristic optimization method for
FSM and stated that this method can outperform several state-of-the-art
prediction models of J48 decision tree, random forest, multi-layer
perceptron neural network, support vector machine and ANFIS. Hong
et al. (2018a compared the ANFIS-differential evolution (ANFIS-DE)
and ANFIS-genetic algorithm (ANFIS-GA) methods for flood modeling
and reported that ANFIS-DE can achieve better prediction performance
when using a training set, whereas ANFIS-GA is capable of obtaining
higher prediction accuracy when using a verification set. Therefore, it is
a very popular for FSM to integrate ANFIS with the metaheuristic al-
gorithms.

Although these ensembles have improved prediction performance of
flood spatial modeling, there are still several problems that are difficult
to solve. First, the literature on the ANFIS-based ensemble framework
for FSM is still very limited. To the best of our knowledge, there is only
one paper proposed by Hong et al. (2018a on the application of the
ensemble framework for FSM in China. Therefore, it is a crucial issue to
investigate new ensemble algorithms to fit China's environmental
characteristics to achieve satisfactory results. Furthermore, the results
of each ensemble method are different in each study area because dif-
ferent influencing factors may be employed (Tien Bui et al., 2018).
Second, there is still an open question on which algorithm is the best for
FSM due to the fact that these metaheuristic algorithms have different
structures and function distributions for optimal parameters. Third,
there is no a comparative study on ANFIS with two metaheuristic al-
gorithms of biogeography based optimization (BBO) (Simon, 2008;
Wang et al., 2014) and imperialistic competitive algorithm (ICA)
(Atashpaz-Gargari and Lucas, 2007) for FSM.

To fill this gap, the ensemble methods of ANFIS-BBO and ANFIS-ICA
were designed and developed using MATLAB programming and vali-
dated for the case study of FSM in Dingnan County, China. The overall
performance of ANFIS, ANFIS-BBO and ANFIS-ICA were compared
using statistical and error measures, including receiver operating
characteristic (ROC) curve and area under the ROC curve (AUC), root-
mean-square error (RMSE). High susceptible areas for floods and the
predictive scale and distribution of floods can effectively support gov-
ernment planning and decision making in developing flood manage-
ment mitigation strategies.

2. Study area

Dingnan County that covers an area of approximately
1.318×103 km2 is located in the southern Jiangxi Province, China.
The land use of this county is mainly characterized with agriculture,
accounting for 95.15% of the total area of the county. The remaining
object classes of building, water and natural reserve account for 3.48%,
0.68% and 0.69% of the total area of the county, respectively. The al-
titude of the study area is between 97m and 1049m above sea level.
Dingnan County belongs to the East Asian monsoon climate zone.
During the period 1959–2016, the average temperature and humidity
were 18.8 °C and 80%, respectively, and the average annual rainfall
ranged between 911.3 and 2102.5mm. The Dingnan river basin be-
longs to the Ganjiang river system and Jiuqu is the largest river located
in Dong jiangyuan district. During the past decades, the study area has
been damaged by rainfall-induced floods several times due to extreme
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weather conditions. As for the geological setting, the study area consists
of more than 30 geological groups and units, covering different types of
lithology such as basalt, rhyolite, lava, syenite and pyroxene amphi-
bolite. Meanwhile, different types of soil can be observed in the study
area, such as ATc (Cumulic Anthrosols), ACu (Humic acrisols), ALh
(Haplic alisols), Ach (Haplic acrisols) and CMu (Humic cambisols).

3. Materials and methodology

The flowchart of the proposed framework is illustrated in Fig. 1 and
it mainly consists of four steps. First, a flood inventory map of the study
area is collected and related influencing factors are selected. Second,
the relevance between floods and these influencing factors is in-
vestigated using step-wise weight assessment ratio analysis (SWARA).
Third, FSM is performed on the study area using two ensemble methods
using ANFIS-BBO and ANFIS-ICA. Finally, the prediction results are
compared to those of ANFIS and assessed.

3.1. Flood inventory map

In general, a flood inventory map records the location, the date of
occurrence and the types of flooding. Flood inventories are the basis for
assessing flood susceptibility. They are essential for susceptibility
methods that predict floods on the basis of previous conditions. If these
are not sufficiently available, we can only rely on expert assessment and
evaluation. Therefore, it is essential for us to know where floods hap-
pened in the past.

The initial step of the proposed methodology is to produce a flood
inventory map of Dingnan County by collecting historical flood events
and the interpretation of multi-resource remote sensing images (Chen
et al., 2019a; Santangelo et al., 2011). All the available data were
provided by Jiangxi meteorological bureau (http://www.weather.org.
cn) and ministry of water resources of Jiangxi Province (http://www.
jxsl.gov.cn). Eventually, a total of 115 flood occurrences were mapped
out during 2006–2016 in the flood inventory map. Based on the lit-
erature on FSM using machine learning techniques in recent years
(Ahmadlou et al., 2018; Bui et al., 2016; Chapi et al., 2017; Hong et al.,
2018a; Termeh et al., 2018; Tien Bui et al., 2018), all of the flood

occurrences were used to construct a flood dataset that more accurately
represents the geoenvironmental settings of the flood areas, of which
70% of the total flood occurrences (81 flood occurrences) were ran-
domly selected for training and the remaining flood occurrences (34
flood occurrences) for validation. Fig. 2 shows the study area and its
flood occurrences, as well as two field photos of flood occurrence in
recent years in the study area.

3.2. Flood influencing factors

The selection of dominant influencing factors for evaluating flood
hazards is a key step of FSM. (Tehrany et al., 2015). There are various
natural factors and human activities that cause flooding. Based on
previous studies (Ahmadlou et al., 2018; Hong et al., 2018a, 2018b;
Termeh et al., 2018), experts’ opinions, characteristics of Dingnan
County and data availability, 13 flood influencing factors were em-
ployed in this work for FSM, including slope, altitude, aspect, curva-
ture, topographic wetness index (TWI), stream power index (SPI), se-
diment transport index (STI), distance to river, landuse, normalized
difference vegetation index (NDVI), lithology, rainfall and soil type.
The spatial distribution of all of the 13 factors, data analysis and vi-
sualisation were implemented in GIS environment.

A digital elevation model (DEM) data of the study area was obtained
by ASTER GDEM Version 21 at a spatial resolution of 30 m and the
factors of slope, altitude, aspect, curvature, TWI, SPI, STI and distance
to river were extracted from this DEM data using ArcGIS and System for
Automated Geoscientific Analyses (SAGA). One Landsat 7 ETM + sa-
tellite image acquired on 02 March 2001 was used to produce the
landuse classification map and NDVI reclassification map. The geolo-
gical map of the study area on a scale of 1:10,000 was provided by
China Geological Survey (http://www.cgs.gov.cn/) with nine types of
lithology, as listed in Table 1. There are five types of soil in the study
area which were extracted from soil maps with a scale of 1:1,000,000
provided by the Institute of Soil Science, Chinese Academy of Sciences.
The rainfall data were collected by five rain-gauge stations during
1995–2016. Based on the previous studies (Ahmadlou et al., 2018; Bui

Fig. 1. Flowchart of the proposed framework.

1 http://gdem.ersdac.jspacesystems.or.jp.
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et al., 2016; Hong et al., 2018a, 2018b; Termeh et al., 2018; Tien Bui
et al., 2018), most of the data layers with continuous values were re-
classified using certain intervals, including slope, altitude, TWI, dis-
tance to river, NDVI and rainfall. Using ArcGIS, each factor was re-
sampled with a grid size of 30× 30m, which is in accord with the DEM
data of the study area. Fig. 3 shows the reclassification maps of all the
influencing factors.

3.3. SWARA algorithm

Weight assessment is a key issue in many decision making problems.
The SWARA algorithm is a multiple-criteria decision analysis method
that has been widely used to calculate the weight of each criterion
(Keršuliene et al., 2010). In this method, the most significant criterion is
assigned rank 1 as the best, while the most unimportant criterion is
rated as the last. The overall ranking is presented referring to the
mediocre value of ranks based on the group of experts (Vafaeipour
et al., 2014). This algorithm provides experts a key role in assessing of

criteria and weights. Specifically, each expert determines the im-
portance of each criterion solely and sorts the criteria from first to last
by considering the overall results. Factors such as implicit knowledge,
experience and information help experts to facilitate the decision-
making process. The flowchart of this algorithm is shown in Fig. 4 and
the main steps of this algorithm are briefly summarized as follows:-
where n and j indicate the number of the experts and the factors, re-
spectively, and Ai denotes the offered ranks by the experts for each
factor.

The hypothesis represents the agreement of experts’ opinions. To
validate the significance of the hypothesis, the calculation process of
statistics 2 refer to:

=
+

D
e n n S

12
. ( 1) n j

2
1

1 (2)

where the D is the total square deviation of the rankings of each factors
and can be calculated as follows:

Fig. 2. Study area and historical flood locations.

Table 1
Types of lithology of the study area.

No. Unit name Lithology

A Zhongshi tang Two long (k long) granite
Ge xianshan group Gray, grayish yellow rhyolite ignimbrite, tuff clasts;

B Yu tian group Dark gray, green or gray basalt andesitic basalt
Long zhou group, Che bu group Gabbro (Hui Lvyan)

C Xinyu Unit,Mao ziding unit, Liu keng
unit

(two) long granite, Quartz two syenite

Shui jiang unit, zhai bei unit Syenite, Granite porphyry
D Huo dao group Muddy fine sandstone and siltstone with phyllite, carbonaceous phyllite interbedded with limestone (marble); lens; the main

sandstone and conglomerate
E Tao xi group Biotite plagioclase leptynite, two plagioclase granulite rocks with silk clouds
F Yan chen unit, Qing xi unit Fine-grained dark clouds two long granite, medium fine grained biotite two long granite

Yu jing unit middle fine grained two cloud two long granite
G Le chang group Gray purple feldspar quartz sandstone with silty slate; light gray chert phyllite clip

Ba li group Feldspar quartz sandstone, tuffaceous fine sandstone or fine clastic tuff and siltstone, silty slate, slate, carbonaceous slate
H He yu unit Kimberley rock (Jinyun volcano rock olive) and peridotite, amphibolite. ophiolite block
I Ba cun group; Gao tang group Gray, green sandstone dominated, medium green gray, silty slate, slate and a small amount of carbon slate
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Check 2 in statistics table and judge whether reject or not under
the degrees of freedom n.

Once accept the hypothesis, the coefficient Kj is defined as follows:

=
=

+ >K
j

S j
1 1

1 1j
j (4)

Next, the weight Qj can be recalculated as follows:

Fig. 3. Flood influencing factors. (a) Altitude, (b) aspect, (c) slope, (d) curvature, (e) distance to river, (f) land use, (g) lithology, (h) normalized difference vegetation
index, (i) rainfall, (j) soil, (k) topographic wetness index, (l) stream power index and (m) sediment transport index.

Fig. 3. (continued)
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Finally, the relative weights of the criteria are expressed as follows:

=
=

W
Q

Qj
j

j
m

j1 (6)

where Wj is a normalized value to represent the relative weight of the
jth criterion.

3.4. Proposed methods

3.4.1. ANFIS
Zadeh first proposed a fuzzy system theory with the ability to re-

present uncertainty (Zadeh, 1996). This theory is a new solution to the
problem that cannot be solved by the probability theory. Furthermore,
this system is based on human knowledge. It cannot find a problem in
the field of intelligence and soft computing that can use human
knowledge directly and different membership functions are often used
to represent the fuzzy set. In fact, this function is capable of demon-
strating the membership rate of each member in the fuzzy set. The
Gaussians and Generalized Bell trapezoids functions membership
functions used in this work.

The fuzzy inference system, which contains fuzzy analysis and the
most popular fuzzy structure, always includes fuzzy rules. Rules
themselves contain linguistic variables and fuzzy propositions, and
generally can be seen as below:

< > < >If ThenPremise Proposition (p) Consequent Proposition (q)

If a rule is invalid in a fuzzy system, it should be excluded; other-
wise, it is involved in the calculation. The validity and accuracy of each
rule can be evaluated according to different implications. Using any
implication, a fuzzy set of each rule can be obtained. Like the neural
network, the system behaviour is optimized. It is worth mentioning that
the overall phase is called training, where the model describes the ideal

system with the least possible error, as illustrated in Fig. 5. The aim is to
minimize errors and define the error function or performance index.
This optimization problem can be solved by different classical methods
or genetic algorithms. Another approach is to employ a hybrid method
by using both the basic equation of gradient descent and least square
estimation, which is used in this work.

Although ANFIS is a fuzzy system based on human knowledge, it
can be modeled by a network structure and is a data-driven system as
well. Specifically, ANFIS is based on Tagak-Sugeno-Kang fuzzy in-
ference system. Furthermore, the inference system of ANFIS is related
to a set of fuzzy if-then rules for the estimation of nonlinear functions
(Jang, 1993; Jang and Sun, 1995). Fig. 6 illustrates the architecture of
the ANFIS model. In this model, an original fuzzy system is first ob-
tained. Detailed descriptions of ANFIS can be seen in the publication of
(Jang, 1993).

3.4.2. BBO
The BBO algorithm is based on species migration for finding the best

home or habitat (Chen et al., 2019b; Simon, 2008; Wang et al., 2014).
Each habitat is measured using a habitat suitability index (HSI) which is
of great significance in the BBO algorithm. Basically, high-HSI habitats
share their features with low-HSI habitats, and low-HSI habitats accept
many new features from high-HSI habitats. By repeating the above
procedures, the solution can be optimized (Hadidi and Nazari, 2013).
This algorithm has two main behaviours:

Fig. 4. Flowchart of the step-wise weight assessment ratio analysis algorithm.

Step 1The experts firstly prioritize the criteria according to their importance, and then rank the influential criteria in descending order.
Step 2Calculate the weights of the criteria. At this stage, experts can weight all criteria based on their experience and knowledge. Specifically, the relative
importance of the jth criterion Aiin all criterion is indicated by the expert i, which mean the rank value of jth criterion. As pointed by Keršuliene et al. (2010), the
comparative importance of the average value Sj is determined as follows:

=S
A

e
j m,j

i
e

i

(1)

Fig. 5. The training phase.
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(1) Migration. This behaviour can share information between solutions
and it is calculated by two parameters of the immigration and
emigration rates described as follows (Roy et al., 2010):

= k
k

1k max
max (7)

=µ µ k
kk max

max (8)

where k and µk are the immigration and emigration rates for the kth
solution, max and µmax are the maximum immigration and emigration
rates, respectively, k is the rank of the solution and kmax is its maximum
value. In particular, the optimal solution can be obtained with the
minimum value of k and the maximum value of µk.

(2) Mutation. The concept of mutation is defined as a sudden change in
species since disasters or diseases cause changes in the coefficients
of solution. The mutation can prevent algorithms trapping in the
local minima. The mutation value of species is computed as follows:
(Hadidi and Nazari, 2013; Roy et al., 2010).

=m m P
P

1k max
k

max (9)

where mkand mmax are the mutation rate of species for the kth solution
and its maximum, and Pk and Pmax are the probability of each species
count for the kth solution and its maximum, respectively. Particularly,
Pk is calculated as follows (Roy et al., 2010; Hadidi, 2015):

=
+ + =

+ + +
+ + =

+ +

+ +P
µ P µ P k

µ P P µ P k k
µ P P k k

( ) 0,
( ) 1 1,

( )
k

k k k k k

k k k k k k k max

k k k k k max

1 1

1 1 1 1

1 1

(10)

3.4.3. ICA
The ICA is another innovative evolutionary algorithm (Atashpaz-

Gargari and Lucas, 2007) and it is known as a powerful meta-heuristic
algorithm that addresses many optimization issues (Bernal et al., 2017).
This algorithm includes a set of components, each of which represents a
solution to the problem and these components try to carry out the
optimal solution to the problem that they are pursuing. Fig. 7 demon-
strates the procedures of ICA and main steps of this algorithm are
briefly introduced as follows.

Assuming that it consists of n variables, each component of the ICA
population is defined as an n-dimensional country as follows:

= …country p p p[ , , , ]n1 2 (11)

where pi ( i n0 ) are decision variables that their values need to be

determined in order to maximize or minimize the objective function. In
the cost function, the low-cost and high-cost countries are considered as
imperialists and colonies, respectively. In addition, the cost function of
the imperialist is inverse to the power. Therefore, the strength of each
empire determines the number of its colonies, which results in the
formation of empires.

Step 2: Assimilation

In this step, the emperors try to increase their power to attract
(assimilate) other colonies. As shown in Fig. 7, the assimilation is a
vector with uniform distribution of random numbers towards to the
emperor and can be described as follows:

×x U d( , ) (12)

where 0 and it is usually set to i1 2, d is the distance between
the colony and its imperialist and is a deviation angle to the line
between the colony and its imperialist to search for all available spaces
while moving to the empire, and is computed as follows:

+U ( . ) (13)

Step 3: Revolution

In the real world, revolution brings about sudden and rapid changes
in socio-political parameters in some countries. To implement this step,
a percentage of the colonies can be first randomly selected. Then, the
locations of the colony and the imperialist country are compared. If the
location of the colony is better, the original colony is replaced with a
new one.

Step 4: Calculating the total cost of all empires

The power of the empire is related to that of the imperialist. In turn,
the total power of the imperialist colonies may also affect the total
power of the empire. The total cost of an empire is calculated as follows:

= +T C Cost imperialist mean Cost colonies of empire. ( ) ( ( )n n n (14)

where T C. n is the total cost of the nth empire, (0 1) is a coef-
ficient to determine the effect of the average cost of the colonies to the
total cost of the emperor.

Step 5: Empire competition

Emperors always compete with each other for the development and
enlargement of their own empires. This competition is based on the
power of each empire, therefore the strongest empire conquers the
weakest colony of the weakest empire and employs it as its colony. This

Fig. 6. The generalized adaptive neuro-fuzzy inference system architecture of first order Takagi-Sugeno Fuzzy Model.
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procedure continues until the weakest empire has not any colony. As a
consequence, its empire is collapsed and its imperialist joins to a dif-
ferent empire as a colony.

Step 6: Convergence

The repetition of Step 2–6 continues if more than one empire sur-
vives. In some optimization problems, the convergence condition can
be determined by the number of iterations or a predefined error rate.

3.4.4. Ensemble methods of ANFIS-BBO and ANFIS-ICA
In this work, the main steps to perform ANFIS ensemble methods

are summarized as follows. First, weights are obtained by the SWARA
algorithm for each class of the influencing factors. Then, these weights
are normalized to [0, 1] and used as inputs to the ensemble methods of
ANFIS-BBO and ANFIS-ICA. Next, flood modeling is performed on the
study area using ANFIS-BBO and ANFIS-ICA, and flood susceptibility
index results are obtained. Specifically, a flood susceptibility index re-
presents the probability of flood occurrence based on historical records
and is calculated for each grid cell based on its weight to map the final
susceptibility. Finally, the modeling accuracy is calculated and assessed
by several statistical and error measures using the verification set. The
measure of RMSE is used for determining the training and verification
accuracy of each ensemble method, indicating closeness of the output of
each ensemble method to the real value.

In ANFIS, tuning parameters and producing a basic fuzzy system is

performed by combining traditional trial and error methods with a back
propagation learning method that may fall into local minima.
Therefore, it is necessary to use optimization techniques to obtain the
optimal parameters (Tahmasebi and Hezarkhani, 2012; Hong et al.,
2018a, 2018b; Termeh et al., 2018). In this work, two metaheuristic
algorithms of BBO and ICA were used to improve prediction perfor-
mance of the single ANFIS by fine tuning the parameters of the mem-
bership functions. The main steps of integration of ANFIS with BBO and
ICA can be introduced as follows. First, we constructed a basic fuzzy
system using the training set. Next, the basic parameters of the fuzzy
system were created and stored in a matrix. Finally, the optimal para-
meters were selected based on the modeling error function by BBO and
ICA. The objective function for the two metaheuristic algorithms is
shown as follows:

=
=

OF o pmin ( )
i

N
i i1

2

(15)

where oi and pi represent the ith observation and prediction data, re-
spectively, and N is the number of observation data. The objective
function (13) for BBO and ICA is essentially the RMSE that measures the
magnitude of the error between the observations (flood and non-flood
grid cells) and predictions (susceptibility index). The smaller the result
of RMSE, the more effective the ensemble method will be.

Fig. 7. Flowchart of the imperialistic competitive algorithm.

Step 1: Generating initial empires.
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3.5. Model evaluation using the ROC technique

The ROC curve has been widely used for evaluating the overall
performance of FSM (Bui et al., 2016; Tehrany et al., 2014a). In the
ROC curve, x and y axes represent Sensitivity and 1− Specificity (Chen
et al., 2018, 2019c; Chapi et al., 2017), and are marked with true and
false positive rates, respectively (Pietraszek, 2007; Shirzadi et al.,
2017). The ROC curve is created by plotting the true positive rate
against the false positive rate at various threshold settings. The true-
positive rate is also known as sensitivity, recall or probability of de-
tection in machine learning. The false-positive rate is also known as the
fall-out or probability of false alarm and can be calculated as
(1− specificity). The main advantage of this measure is to produce the
prediction accuracy of the model through AUC. The AUC value ranges
from 0.5 to 1, i.e., an ideal (perfect) model has an AUC of 1 and the
inaccurate (non-informative) model has an AUC of 0.5 (Chen et al.,
2019d, 2019e; Tien Bui et al., 2016a). The AUC value is obtained as
follows:

= +
+

AUC TP TN
P N (16)

where TP and TN are the number of the flood occurrences that are
correctly classified and misclassified, P and N are the total number of
the flood and non-flood occurrences, respectively.

4. Results

4.1. Correlation between floods and influencing factors

Table 2 lists the correlation between flood occurrences and each
class of influencing factors using the SWARA algorithm. According to
the previous studies (Ahmadlou et al., 2018; Hong et al., 2018a,
2018b), the larger the SWARA value, the greater the probability of
flooding. According to the results of SWARA, the most effective influ-
encing factors were distance to river, followed by soil type, altitude,
curvature, NDVI, landuse, SPI, STI, rainfall, slope, TWI, lithology and
aspect. In the study area, most floods existed at 0–100m distance to
river, Cumulic Anthrosols (ATc) soil type, altitudes of 200–250m,
curvature < −0.001, NDVI of (−0.25)-(-0.2), a bare land cover class,
SPI > 100, STI > 60, rainfall between 1300 and 1400mm, a slope of
0–2.5, TWI of 14–16.5, lithology of Le chang group and the western
aspect.

4.2. Application of ANFIS-BBO and ANFIS-ICA in FSM

In this work, ANFIS, ANFIS-BBO and ANFIS-ICA were developed
using MATLAB software. 115 flood occurrences in the study were
randomly divided with a ratio of 70/30 into two parts to construct
training and verification sets. Moreover, both the training and ver-
ification sets were supplemented with the same number of randomly
selected non-flood locations. Specifically, the non-flood sites, such as

Table 2
Correlation between floods and influencing factors using step-wise weight as-
sessment ratio analysis algorithm.

Influencing
factors

Classes No. of pixels No. of
flood

Weight of
SWARA

Altitude < 200 3649 0 0.00
200–250 90,910 28 0.58
250–300 259,699 19 0.14
300–350 235,202 17 0.14
350–400 241,512 15 0.11
> 400 634,571 2 0.02

Aspect Flat 198 0 0.01
North 196,064 10 0.12
Northeast 178,888 15 0.18
East 165,727 11 0.15
Southeast 194,203 3 0.03
South 197,582 7 0.08
Southwest 177,966 12 0.15
West 166,676 16 0.20
Northwest 188,239 7 0.08

Slope 0–2.5 36,842 8 0.29
2.5–5 95,560 20 0.27
5–7.5 143,996 22 0.21
7.5–10 166,011 13 0.10
10–12.5 177,688 14 0.10
12.5–15 172,388 3 0.02
> 15 673,058 1 0.00

Curvature < −0.001 717,633 44 0.51
(-0.001)-0.001 49,682 0 0.07
> 0.001 698,228 37 0.42

Distance of River 0–100 226,306 65 0.73
100–200 193,520 7 0.12
200–300 197,425 6 0.11
300–400 160,231 1 0.02
400–500 159,717 1 0.02
> 500 528,344 1 0.01

Land use Water 4376 0 0.00
Grass 292,982 2 0.02
Forest 540,175 0 0.00
Residential 40,425 16 0.42
Bare 7306 3 0.44
Farmland 580,279 60 0.12

Lithology A 101,904 9 0.18
B 278,695 3 0.03
C 406,432 22 0.11
D 72,555 2 0.05
E 278,220 22 0.15
F 149,847 12 0.16
G 28,341 3 0.20
H 3328 0 0.00
I 146,221 8 0.11

NDVI < −0.25 10,267 1 0.07
(-0.25)-(-0.2) 29,148 16 0.46
(-0.2)-(-0.15) 77,325 28 0.30
(-0.15)-(-0.1) 141,188 19 0.11
(-0.1)-(-0.05) 233,308 15 0.04
(-0.05)-0.0 363,658 1 0.01
> 0.0 610,649 1 0.01

Rainfall < 1300 10,410 0 0.02
1300–1400 23,003 3 0.34
1400–1500 114,114 7 0.16
1500–1600 205,810 10 0.11
1600–1700 386,462 17 0.10
1700–1800 595,538 38 0.17
> 1800 130,206 6 0.11

Soil Type ATc 60,405 11 0.71
ACh 1,112,932 68 0.24
ACu 288,537 2 0.04
ALh 3662 0 0.01
CMu 7 0 0.01

TWI < 4 19,523 0 0.00
4–6.5 1,003,040 19 0.01
6.5–9 303,011 35 0.07
9–11.5 93,821 7 0.04
11.5–14 32,614 11 0.22
14–16.5 9331 4 0.29
> 16.5 4203 5 0.36

Table 2 (continued)

Influencing
factors

Classes No. of pixels No. of
flood

Weight of
SWARA

SPI 0–20 726,407 30 0.14
20–40 259,376 11 0.15
40–70 159,668 10 0.22
70–100 73,319 2 0.09
> 100 246,773 28 0.40

STI 0–5 460,179 33 0.16
5–20 703,912 21 0.07
20–40 178,717 9 0.12
40–60 44,356 5 0.28
> 60 78,379 13 0.37
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mountain and hilly areas, can be identified in the inundated areas when
flooding (Khosravi et al., 2016a), and they were extracted using Google
Earth. For all the methods, a weight computed by SWARA is employed
as an input for each influencing factor and binary labels of 0 and 1
represent flood and non-flood locations as outputs, respectively. In the
modeling process using ANFIS, ANFIS-BBO and ANFIS-ICA, the fit
measure of RMSE was employed. Figs. 8–10 illustrate the results of

ANFIS, ANFIS-BBO and ANFIS-ICA using the training and verification
sets, respectively. It can be observed that ANFIS-BBO and ANFIS-ICA
can improve prediction performance of ANFIS as individual algorithms
in the training phase. Meanwhile, both ANFIS-BBO and ANFIS-ICA
obtained almost identical results in terms of RMSE, Mean and StD in
this phase. To objectively evaluate the proposed ensemble methods, the
error measures were also used in the verification phase for comparison.

Fig. 8. Adaptive neuro-fuzzy inference system model: (a) target and output adaptive neuro-fuzzy inference system value of train data samples; (b) target and output
ANFIS value of testing data samples; (c) root-mean-square error of train data samples; (d) frequency errors of train data samples; (e) root-mean-square error of testing
data samples; (f) frequency errors of testing data samples.

Y. Wang, et al. Journal of Environmental Management 247 (2019) 712–729

722



According to the results using the verification set, ANFIS-ICA out-
performed ANFIS-BBO and ANFIS because it achieved the lowest RMSE
values of about 0.27, respectively. In addition, the computational cost
of the ensemble methods should be considered for evaluation. As shown
in Fig. 11, the learning convergence for ANFIS-BBO and ANFIS can be

presented by plotting the object function that varies with the number of
iterations. It can be seen that the object function of ANFIS-ICA and
ANFIS-BBO became constant after about 200 and 300 iterations, which
indicated that ANFIS-ICA has more rapid convergence than ANFIS-BBO.

Fig. 9. Adaptive neuro-fuzzy inference system with biogeography based optimization model: (a) target and output adaptive neuro-fuzzy inference system with
biogeography based optimization value of train data samples; (b) target and output adaptive neuro-fuzzy inference system with biogeography based optimization
value of testing data samples; (c) root-mean-square error of train data samples; (d) frequency errors of train data samples; (e) root-mean-square error of testing data
samples; (f) frequency errors of testing data samples.
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4.3. FSM using different methods

In this work, ANFIS-BBO and ANFIS-ICA were constructed using the
training set and used to produce flood susceptibility maps for the study
area. Since the input data are not normally distributed, it is better to
employ the quantile scheme for reclassification (Tehrany et al., 2014a,

2014b; 2015; Chapi et al., 2017, Khosravi et al., 2018). Fig. 12 shows
three flood susceptibility maps obtained by the ANFIS, ANFIS-BBO and
ANFIS-ICA methods, respectively. In this figure, the obtained FSI results
are partitioned into five classes of very high, high, moderate, low and
very low using the Jenks natural break classification scheme. Fig. 13
illustrates the percentages of flood susceptibility classes for the three

Fig. 10. Adaptive neuro-fuzzy inference system with imperialistic competitive algorithm model: (a) target and output adaptive neuro-fuzzy inference system with
imperialistic competitive algorithm value of train data samples; (b) target and output adaptive neuro-fuzzy inference system with imperialistic competitive algorithm
value of testing data samples; (c) root-mean-square error of train data samples; (d) frequency errors of train data samples; (e) root-mean-square error of testing data
samples; (f) frequency errors of testing data samples.
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Fig. 11. Convergence of adaptive neuro-fuzzy inference system with biogeography based optimization (ANFIS-BBO) and adaptive neuro-fuzzy inference system with
imperialistic competitive algorithm (ANFIS-ICA).

Fig. 12. Flood susceptibility maps produced by (a) adaptive neuro-fuzzy inference system, (b) adaptive neuro-fuzzy inference system with biogeography based
optimization and (c) adaptive neuro-fuzzy inference system with imperialistic competitive algorithm methods.
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methods. In the case of ANFIS, 63.38% of the study area was attributed
to the very low susceptibility class, followed by the very high class with
27.1%, and the low, moderate and high classes accounted for only
2.51%, 2.21% and 4.78%, respectively. In the case of ANFIS-ICA,
13.37%, 28.3%, 22.95%, 16.79% and 18.6% of the study area were
located in the very low, low, moderate, high and very high classes,
respectively. In the case of ANFIS-BBO, the very low, low, moderate,
high and very high classes made up 13.71%, 22.03%, 24.96%, 19.62%
and 19.67%, respectively. It should be noted that ANFIS-BBO generated
the high and very high susceptibility classes with 39.29% more than
ANFIS-ICA (35.39%) and ANFIS (31.88%).

4.4. Validation of the flood susceptibility maps

The objective measures used in Section 4.2 are only based on the
error assessment and the ROC technique is more appropriate for model
evaluation and comparison (Termeh et al., 2018; Khosravi et al., 2018).
The prediction performance of the three methods were assessed using
success rate curve and prediction rate curve based on the training and
validation sets, respectively. Fig. 14 shows the ROC curves of ANFIS,
ANFIS-BBO and ANFIS-ICA using the training and verification sets for
FSM in the study area. To objectively evaluate prediction capability of
these three methods, we referred to the literature on flood susceptibility
mapping in recent years (Ahmadlou et al., 2018; Bui et al., 2016; Chapi
et al., 2017; Hong et al., 2018a, 2018b; Termeh et al., 2018; Tien Bui
et al., 2018) and used AUC for assessment upon AUC. In the case of the
training set, the results in Fig. 14(a) demonstrated that ANFIS-BBO
achieved the highest AUC of 0.9317, followed by ANFIS-ICA (0.9078)
and ANFIS (0.8749). In the case of the verification set, the AUCs of the
two ensemble methods were very close and above 0.9, and much better
than that of ANFIS with 0.8407, which validates that ANFIS-ICA and
ANFIS-BBO are superior to ANFIS in terms of prediction performance
on the FSM of Dingnan County in China.

5. Discussion

China is always affected by floods due to monsoonal rainfall each
year. Flood mitigation can be conducted through the identification of
the most influencing factors on the flood occurrences and the pre-
paration of flood susceptibility maps through the FSM technique. It is
known that climatic conditions greatly influence flood occurrences. To
the best of our knowledge, extreme events in Dingnan County have not
been systematically studied yet. This work aims to cover this knowledge
gap by using a commonly used artificial intelligent model coupled with

optimization algorithms. Related studies have been performed for FSM
in America, Europe and Asia. However, the impact of climate change on
floods remains uncertain, especially the impacts of the seasonality of
climatic factors require more in-depth research. Although rainfall is
considered as the most critical climatic factor in some areas for causing
flooding (Çelik et al., 2012) and the factor of rainfall is the trigger of
flood occurrences (Khosravi et al., 2016b), the most influencing factors
for flood occurrences are slope, altitude and distance to river (Bui et al.,
2016; Termeh et al., 2018). The distributed process of storm runoff
generation at a catchment scale is very complicated, thus the under-
standing of flood occurrences is not thorough enough. In fact, there are
other factors that are related to flood disasters. For instance, the inci-
sion and development of the stream profile are influenced by litholo-
gical variations (Reneau, 2000); the factor of land use change is likely
to make impact on future flood risks (Beckers et al., 2013); the reduc-
tion in channel capacity may enlarge flood disasters as well (Slater
et al., 2015). Therefore, it is very significant to understand influencing
factors in the study area to obtain accurate flood susceptibility maps.

In our experiments, the SWARA values for the slope factor demon-
strated that the highest probability for flood occurrence corresponds to
the classes with fewer slopes due to the accumulation of rainfall and
flooding in these areas, and the SWARA values for the distance to river
factor indicated that volume and distribution of floods is high at river
banks nearby and the incidence of flooding in these areas increases. The
above analysis of these SWARA results is completely consistent with the
statement in the literature that the flood-prone areas are generally
characterized with minimum slope angle and distance to rivers
(Khosravi et al., 2016a, 2016b). As a secondary topographical feature,
TWI can represent the spatial distribution of humidity conditions. The
larger the TWI values, the greater the volume of flooding, as more areas
will contribute to the runoff generation process. The SWARA values for
the landuse factor demonstrated that the residential areas are more
prone to floods because these areas are mainly made of impermeable
surfaces that may reduce the infiltration capability and retain water.
SPI can describe the erosion capacity which is highly related to slope
and watershed area. Thus, as the values of the slope and SPI are in-
creased, sensitivity to flooding reduces.

As mentioned in Section 1, many bivariate, multivariate and ma-
chine learning methods have been used for flood spatial modeling. In
recent years, ensemble methods have been increasingly used to help
scholars conduct flood-related studies in future due to its high effi-
ciency. Therefore, two novel ensemble methods of ANFIS with BBO and
ICA were developed in this work for the task of FSM. According to the
experimental results, both ANFIS-BBO and ANFIS-ICA have their own

Fig. 13. Percentages of different flood susceptibility classes.
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advantages. Specifically, in terms of AUC, ANFIS-BBO had the highest
AUC values of 0.9317 and 0.9045 for the training and verification sets,
respectively, and produced a better flood susceptible map, whereas in
terms of RMSE, ANFIS-ICA achieved the lowest RMSE of 0.27 using the
verification set. In addition, ANFIS-ICA converges faster than ANFIS-
BBO. Furthermore, the experimental results that are not reported here
demonstrated that the performances of ANFIS, ANFIS-BBO and ANFIS-
ICA are significantly different. To improve the efficiency of the en-
semble methods, it is necessary to modulate parameters for more rapid
convergence. As regards the percentage of the high and very high flood
susceptible classes, the resultant maps by the two ensemble methods
showed a very similar spatial distribution. However, ANFIS-ICA ob-
tained a smaller percentage of 35.39%, compared to that of ANFIS-BBO
(39.29%). This implies that ANFIS-ICA can yield more practical results
for flood mitigation, which can effectively reduce the time and cost of a
land use plan in the study area.

6. Conclusions

As one of the most threatening natural hazards in China, floods
cause serious damage with human casualties and socio-economic losses
each year. Therefore, the flood modeling has been a hot issue during the
recent decades. FSM can be considered as one of the flood management
technique for land use planning, decision-making and environmental
hazard management.

In this work, two ensemble methods were proposed by combining
an ANFIS with the BBO and ICA algorithms for FSM in the southern part
of the Jiangxi Province, China. A total of 115 flood occurrences were
first classified into two parts, i.e., 70% for training and 30% for ver-
ification. Then, 13 influencing factors were selected based on the lit-
erature review and the SWARA algorithm was used to evaluate the
correlation between the floods and these factors.

The goodness of fit of ANFIS, ANFIS-BBO and ANFIS-ICA was

Fig. 14. Receiver operating characteristic curves for the adaptive neuro-fuzzy inference system (ANFIS), adaptive neuro-fuzzy inference system with biogeography
based optimization (ANFIS-BBO) and adaptive neuro-fuzzy inference system with imperialistic competitive algorithm (ANFIS-ICA) methods. (a) Success rate curve;
(b) prediction rate curve.
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validated using the error measure of RMSE. The flood susceptibility
maps obtained by the three methods were assessed using the ROC curve
and AUC. The main conclusions of this work are summarized as follows:

(1) According to the results of SWARA, the most effective factor af-
fecting flood occurrence was distance to river, followed by soil type,
altitude, curvature, NDVI, landuse, SPI, STI, rainfall, slope, TWI,
lithology and aspect. Specifically, most floods existed at 0–100m
distance to river, Cumulic Anthrosols (ATc) soil type, altitudes of
200–250m, curvature < −0.001, NDVI of (−0.25)-(-0.2), a bare
land cover class, SPI > 100, STI > 60, rainfall between 1300 and
1400mm, a slope of 0–2.5, TWI of 14–16.5, lithology of Le chang
group and the western aspect.

(2) Both the ensemble methods achieved satisfactory results.
Specifically, ANFIS-BBO obtained higher prediction accuracy with
the AUC values of 0.9317 and 0.9045, followed by ANFIS-ICA
(0.9078 and 0.9044) and ANFIS (0.8749 and 0.8407). Although the
prediction accuracy of the proposed ensemble methods were very
similar, ANFIS-ICA had more rapid convergence in the training
phase. Moreover, ANFIS-ICA achieved the lowest RMSE of 0.27
when using the verification set, followed by ANFIS-BBO (0.273) and
ANFIS (0.31).

(3) The proposed ensemble framework was constructed successfully by
integrating SWARA, ANFIS and two metaheuristic methods to solve
the nonlinear problem of FSM. The proposed methods can be used
as promising techniques for flood management and mitigation.

The limitations of this work can be summarized as follows. First,
lack of relevant data for the study area, which leads to difficulties in
obtaining the most critical influencing factors. Meanwhile, the selected
influencing factors are often limited by spatial resolution and different
acquisition times, even the influencing factors are available. In this
work, satellite images paucity was a serious problem that made us to
use a Landsat TM image that was outdated for producing the landuse
and NDVI maps. It is also difficult for us to obtain available extreme
rainfall records and combine them with the results of a flood simulation
model. Moreover, there are other influencing factors that are related to
flood occurrence, but we cannot acquire the related data. Second, ex-
perts often hold different opinions on the reclassification results of the
selected influencing factors, which affect the resultant flood suscept-
ibility index. Third, there is still an extensive debate on which ensemble
method has better predictive capability for FSM due to the close AUC
values. After all, the prediction performance of those methods depends
on several factors, including parameter setting, convergence, evaluation
methods, etc. In the future, our research will investigate more valuable
influencing factors, sample sensitivity analysis and the ensemble
methods with fine-tuning parameters for the study area to achieve more
accurate flood susceptible maps for land use planning.
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