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ABSTRACT. This study proposes an integrated Geographic Information System (GIS) Fuzzy Multi-Criteria Decision Making (F-
MCDM) model to assess the impacts of flood on residential property prices. Triangular Fuzzy numbers was implemented to address
limitations such as uncertainty, bias and ambiguity inherent in the conventional Analytic Network Process (ANP) flood model criteria
ranking thereby improving the accuracy and reliability of the susceptibility model. The developed Fuzzy-ANP’s (F-ANP) pair-wise
comparison technique was used to rank the relative importance of nine flood conditioning criteria based on experts’ input. Utilizing GIS
and re- mote sensing data and techniques on Kelantan, a perennially flooded state in Malaysia, FANP based criterion maps were
generated and aggregated to produce flood susceptibility maps of the area, showing the flood vulnerability levels of different locations.
A 10-year inventory of real estate prices from the National Property Information Centre (NAPIC), Malaysia was analyzed to investigate
the trend in market prices of residential properties situated in the high flood probable zones highlighted by the spatial F-ANP model.
Model validation results showed that 59.42% and 36.23% of past flood events fall within the very high and high susceptible locations of
the susceptibility map respectively, confirming its high accuracy. A weak positive correlation also exists between the highly susceptible
flood class and housing locations vs market prices. We conclude that the ensemble GIS-FANP flood susceptibility model can produce
maps capable of conveying accurate risk information to a broad range of stakeholders thereby facilitating decision making. However,
other factors such as supply and demand, construction cost, macro-economy and micro-economy tend to also exert some influence on
real estate prices, together with location in hazard-prone areas.
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1. Introduction

Floods and other climate change-related disasters such as
volcanic eruption, avalanches, earthquakes, heat waves, typhoons
and hurricanes are natural catastrophes that cause economic,
environmental and social discomfort, in addition to the loss of
lives (Khan et al., 2014; Lawal et al., 2014a, b; Leal Filho et
al., 2018, 2019; Balogun et al., 2020). Floods account for 34%
of all casualties resulting from natural hazards (Below and
Wallemacq, 2018). According to UN estimates, 43% of all the
recorded natural hazards between 1995 and 2015 are related to
flood, killing 157,000 people, and causing economic loss worth
USD 662 billion (Wahlstrom and Guha-Sapir, 2015). Cumula-
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tively, about 2.3 billion lives have been affected worldwide by
floods.

Asia is one of the most vulnerable regions to the impacts
of flooding (Busby et al., 2018), which is due to a variety of
natural and anthropogenic factors. Several Asian countries in-
cluding Malaysia, Bangladesh, Indonesia, India, Thailand, Pa-
kistan, China, and Japan are vulnerable to flooding (Sanyal and
Lu, 2004; Islam et al., 2016). According to Malaysia’s Depart-
ment of Irrigation and Drainage (DID), flood causes estimated
damage worth about RM 915 million every year (Alias et al.,
2016) with around 29,000 km? of the land area and over 22%
of the people affected by flood annually. For instance, the flood
event at Kota Bharu, Kelantan, in December 2014 led to the
death of at least 21 individuals and over 200,000 people were
evacuated, including children, women and aged residents (Ba-
haruddin et al., 2015). Due to its devastating effects on infra-
structure and risks posed to lives, the property market is vulner-
able to the occurrence and magnitude of flood events (Proper-
ties Malaysia Investment, 2015; Aliyu et al., 2016a). Previous
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studies have examined the impacts of natural disasters on prop-
erty prices. Hallstrom and Smith (2005) assessed the response
of property markets to hurricane hazards while Donovan et al.,
(2007) looked at wildfire hazards. According to Graham et al.,
(1988), a significant drop in housing prices was observed im-
mediately after the flooding event in California in 1986. More
recently, Rajapaksa et al., (20174, b) investigated the impact of
flooding and flood plains on property markets. The former stu-
dy concluded that proximity to environmental amenities such
as river exerts more influence on property value than flood
risks while the latter study found variations in the impact of
flood risk on property prices, highlighting the limitations of
adopting a generic approach without considering the unique-
ness of each property and environmental traits. Similarly, Zhang
(2016) noted that the location of residential houses within a
floodplain reduces property value.

Other studies have also discovered that flooding and flood-
plain locations exert a negative influence on housing prices
(Eves and Wilkinson, 2014; Atreya and Ferreira, 2015; Belan-
ger and Bourdeau-Brien, 2018). However, the extent of influ-
ence varies across sub-markets and the peculiarity of the study
area, particularly the environmental and climatic factors, should
be taken into consideration while exploring appropriate mitiga-
tion initiatives (Rajapaksa et al., 2017b). Therefore, a reliable
approach that accurately identifies locations that are highly sus-
ceptible to flood risk while accounting for differentials in envi-
ronmental conditioning factors as a first step to estimating the
potential impacts of flooding on housing prices is essential.
Moreover, since flood risk is not constant over time, it is nec-
essary to revise flood risk maps and plans periodically (Moel
et al., 2009) in order to be well informed of current risk situa-
tions and plan adequately for possible interventions and future
development.

The use of Multi-Criteria Decision Making (MCDM) mod-
els such as ANP for ranking flood conditioning factors required
to produce valid flood susceptibility maps is well documented
in the literature (Sun et al., 2016; Yang et al., 2018; Dano et al.,
2019b; Wang et al., 2019). Similarly, ANP has been applied in
many other research fields such as landslides (Gheshlaghi and
Feizizadeh, 2017), earthquake (Alizadeh et al., 2018), soil ero-
sion (SajediHosseini et al., 2018; Choubin et al., 2019), land
suitability assessment (Malmir et al., 2016), housing (Hussey
and Malczewski, 2018), urban transportation (Stas et al., 2015),
landfill site selection (Afzali et al., 2014), solid waste manage-
ment (Lami and Abastante, 2014), oil and gas (El-Abbasy et
al., 2015), and sustainable tourism (Aminu et al., 2017). How-
ever, concerns have been raised regarding the accuracy of con-
ventional MCDM techniques in quantifying decision makers’
(DM) preferences regarding multiple conflicting flooding crite-
ria. In many instances, the DM’s preferences are uncertain or
vague (Wang and Chen, 2010; Yang et al., 2013a; Urena et al.,
2015; Aliyu et al., 2016b; Jesang, 2016; Wang and Niu, 2019).
Although classical MCDM models are generally able to handle
exact and ordinary data, they face challenges managing fuzzy
and vague data, which characterize flood modelling (Torfi et
al., 2010; Chen et al., 2019). It has been argued that classical
ANP’s numerical or crisp values cannot precisely model com-
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parison judgments in most real-world situations due to uncer-
tainties in the human preference model (Koul and Verma, 2012).
Non-consideration of some uncertainty likely to be associated
with the decision makers’ judgments affects the reliability of
the final outcome (Balogun et al., 2015, 2017). Therefore, in
this study, this limitation is addressed by implementing a Fuzzy
-ANP model for handling the evaluations’ uncertainty and im-
precision wherein the expert’s comparisons are represented as
fuzzy numbers. This is due to the effectiveness of fuzzy algo-
rithms in manipulating the vagueness in stakeholders’ thinking
and expressing preferences of decision makers (Chen etal., 2019).

Also, prices of houses in highly susceptible areas detected
in the F-ANP flood susceptibility maps were analyzed over a
10-year period together with historical records of flood occur-
rences in those locations. This will provide insights on previous
price responses to the occurrence of the flood as an indicator of
likely responses to future flood occurrences in the most vulner-
able locations. Considering that Government and Private sectors
may be discouraged to invest in a cyclical flooding region, with
the potential to cause stagnation in economic development, ac-
curately identifying flood-vulnerable regions and the likely re-
sponse of the property market to flooding in these regions is
essential for proper city planning and development.

Based on the foregoing, this study’s objectives are as fol-
lows:

I. To develop a spatial fuzzy-ANP model to accurately classi-
fy the flood susceptibility of the study area, addressing the
limitations of uncertainty, imprecision and bias inherent in
conventional ANP models.

I. To assess the impacts of flood susceptibility and occurrences
on property prices in the study area.

2. GIS Based Fuzzy-ANP in Flood Mapping

Flood-related problems could be solved through planning
studies. The use of Geospatial Information System (GIS) and
Multi Criteria Decision Making (MCDM) methods can help
decision makers to develop flood management measures. Broad-
ly, flood management measures include structural and non-struc-
tural approaches. Physical structural measures are developed to
mitigate the flood risk by controlling the flow of water while
the flexible and comprehensive non-structural measures will
protect people from flood through better township management.
The combination of both measures is essential to minimize the
impact of floods. Flood mapping is one of the nonstructural
measures and it is important for sustianble city planning (Chan,
2015). The outcome of the geospatial analysis can be used for
various applications such as disaster management and mitiga-
tion, land information system and planning, and environmental
impact analysis. However, GIS alone is not sufficient to make
complex decisions for challenges involving numerous criteria,
goals and alternatives related to flooding (Lawal et al., 2011).
Therefore, to enhance GIS spatial analysis, a range of Multi-
Criteria Decision Making (MCDM) methods are being adopted
as a decision-making support tool (Aminu et al., 2014; Ghor-
banzadeh et al., 2018). The MCDM methods are complex de-
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cision-making tools capable of handling qualitative and quanti-
tative factors that aid decision-making based on stake-holders’
preferences. The purpose of integrating MCDA with GIS is to
enhance the quality of decision making through transparency,
explicit input, data standardization, criteria weighting and ag-
gregation (de Brito and Evers, 2016; de Brito et al., 2018). The
MCDM comprises different techniques such as analytical net-
work process (ANP) and analytical hierarchy process (AHP).
In this study, fuzzy-analytical network process (F-ANP) model,
which is an improvement of the conventional ANP model, was
integrated with the GIS to identify the flood susceptible areas
in the study area.

The ANP is a sophisticated MCDM model designed as a
generalization of the original AHP model (Aminu et al., 2014;
Ghorbanzadeh et al., 2018). Different from the AHP, the ANP
method would model the decision-making problems into non-
linear networks and consider the interdependency between ele-
ments and alternatives (Dano et al., 2019a) thereby minimizing
some shortcomings of the conventional AHP (Kadoi¢ et al.,
2017). Defining a proper network relationship between factors
is crucial as complicated spatial problems like flooding require
consideration of quantitative and qualitative criteria. This will
help produce a precise criterion weightage computation which
is essential for developing an accurate susceptibility map. De-
spite its merits, ANP is unable to manage the uncertainties re-
lated to the expert-based criteria ranking and the evaluation of
the decision maker’s perception (Yang et al., 2013b; Abedi and
Feizizadeh, 2017). Thus, fuzzy logic algorithms are being inte-
grated with the ANP to minimize uncertainty and bias in stake-
holders’ criteria preference rankings. F-ANP has been used to
assist DM’s in proper site selection (Wu et al., 2018), accurate
criteria weighting of aviation fuel evaluation (Chen and Ren,
2018), assessment of watershed health (Alilou et al., 2019) and
wind power evaluation (Wang and Niu, 2019). However, there
are limited attempts to utilize the enhanced criteria weighting
strengths of F-ANP for flood susceptibility mapping in the lite-
rature (Azareh et al., 2019; Darabi et al., 2019).

3. Study Area Characteristics

Figure 1 shows the study area, Kelantan, in Peninsular Ma-
Figure 1 shows the study area, Kelantan, in Peninsular Malay-
sia. Kelantan is a state located at the northeast coast of Pen-
insular Malaysia. Its geographical coordinates are 6.12North
& 102.25East. The total population of the study area is appro-
ximately 1,860,000 with a total area of 15,101 km? based on
records from the Department of Statistics Malaysia. The capital
city of Kelantan is Kota Bharu (Khan et al., 2014). Kelantan is
surrounded by Thailand, Pahang and Perak. The rainy season
of the study area falls in the months of June to December. No-
vember is the wettest month of the state due to the northeast
monsoon and the rainfall precipitation for November and De-
cember is significantly higher compared to the other months
(World Weather Online, 2018). The Kelantan River is a river
extending 248 km long and drains an area of 13,100 km?. The
Kelantan River Basin in the study area occupies approximately
85% of the state (Ibrahim et al., 2017; Pour and Hashim, 2017).

The river basin is composed of a flat slope to moderately slop-
ing area in the northern part, and steep scraps and high slopes
in the southern part of the river basin. Historically, Kelantan
has been a flood-prone state due to its geographical characteris-
tic, unplanned urbanization and proximity to the South China
Sea (Khan et al., 2014).

The topography of the state is divided into mountainous
areas, hilly areas, plain areas and coastal areas. The rain distri-
bution of Kelantan is influenced by the northeast monsoon be-
tween November to March, exposing it to high rainfalls. As a
result of high rainfall accompanied by high runoff due to urban-
ization and reduced river capacity, the flood frequency and mag-
nitude has increased drastically over the years.
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Figure 1. Map of Kelantan Showing Different Districts.

The surface geology in Kelantan is classified into 4 types,
which are granitic rocks, sedimentary/metasedimentary rocks, vol-
canic rocks and unconsolidated deposits. Granitic rocks are found
at the West (the Main Range Granite) and East Borders (the Boun-
dary Range Granite). The Main Range Granite is located at the
southwest of the state, which stretches along Kelantan to the boun-
dary of the neighbouring states, Perak and Pahang, and Thailand.
The Boundary Range Granite located at the East part of the loca-
tion stretches along the Kelantan East boundary to Terengganu
State. The Quaternary deposits found in coastal areas at the north-
ern Part of Kelantan consists of alluvium deposits or unconsoli-
dated sediments. Other sedimentary rocks such as siliciclastics,
volcaniclastics, sandstones and limestones are found in the mid-
dle part of the Kelantan State. The highest point in Kelantan is
found to be the Mount Chama (2,171 m), which is in the Gua Mu-
sang District, the Western part of Kelantan (Pour and Hashim,
2017).
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Table 1. Data Sources for This Study

Data Source

Boundary map
Precipitation
Rainfall stations

DIVA-GIS (An open source data platform that provides free spatial data)
Department of Irrigation and Drainage (DID), Malaysia
Department of Irrigation and Drainage (DID), Malaysia

Runoff Derived from Precipitation map using empirical equations (Quenzer and Maidment, 1998)
Slope angle Derived from DEM using spatial tools
Flow accumulation Derived from DEM using spatial tools
SPI Derived using raster calculator (Abdou et al., 2017)
TWI Derived using raster calculator (Pourali et al., 2016)
Elevation Digital Elevation Model (DEM) from United States Geological Survey (USGS)
Land use RS Image classification referring to Pour and Hashim (2017)
Rivers in Kelantan DIVA-GIS (An open source data platform that provides free spatial data)
Soil types Modified from Department of Minerals and Geoscience, Malaysia
4. Data and Methodology tool. The elevation values for the cells are extracted from the
DEM raster layer. Kelantan’s slope angle map is shown in Fig-
4.1, Data

Considering the peculiarity of the study area and pertinent
information from literature, eight main flood conditioning fac-
tors were selected for this study (Pradhan, 2010; Lawal et al.,
2012; Matori etal., 2014; Tehrany et al., 2019): elevation, slope
angle, Stream Power Index (SPI), Topographic Wetness Index
(TWI1), distance from streams, runoff, land use, and soil types.

Spatial data were sourced from relevant agencies and used
to develop the database for the study. LANDSAT 8 satellite ima-
ges were used for extraction of land use layer. The images were
imported into the GIS environment and geo-referenced. Attri-
bute data such as the monthly rainfall of the study area was also
input into GIS as part of the database development procedure.
Table 1 shows the study’s data inventory.

The flood conditioning factors (See Supporting Informa-
tion Figures S1(a) ~ S1(i)) were modelled using the ArcGIS 10.4
software. Details of the modelling procedure are presented below.

The runoff layer was produced from precipitation map
using empirical Equations (1) ~ (4) (Tehrany et al., 2014):

Qugricature = 0-008312% 4415 @)
Qiorese = 0.00536% 4% @
Qupan =0.24P ®)
Quater =0 Q)

where Q = runoff (mm/year), and P = rainfall (mm/year).

The maximum rainfall for every rainfall station is used to
produce the precipitation map. The precipitation of areas be-
tween rainfall stations was interpolated using the ArcGIS soft-
ware Kriging tool. Figure Sla (See Supporting Information)
shows the precipitation layer from Kriging interpolation, while
Figure S1b (See Supporting Information) shows the generated
runoff data layer.

The slope angle map was produced using ArcGIS’ slope
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ure S1c (See Supporting information).

SPI represents the power of water flow in terms of erosion
and it is used to assess the flood risks by estimating the sedi-
ment transfer rate in basin hydrology (Abdou et al., 2017). Sim-
ilarly, TWI identifies wet areas that are highly susceptible to
overland flood. Higher TWI indicates higher likelihood of water
puddles and it is often found at locations with mild slope. In
contrast, locations with steep slopes will have lower TWI,
indicating lesser likelihood of water puddles (Pourali et al.,
2016; Riadi et al., 2018). The TWI and SPI layers (Figure S1d
and Figure Sle in the supporting information) were produced
using Equations (5) and (6) (Pourali et al., 2016; Abdou et al.,
2017):

TWI = In[;] )
tan 5 +0.01
SPI = In[(a +0.001){%+0.01D ®)

where a = flow accumulation, and f = slope angle in degrees.

DEM obtained from the United States Geological Survey
(USGS) was used to extract the elevation of the study area (Fig-
ure S1f). As water flows from higher to lower elevations, the
areas located at the lower elevation have higher susceptibility
to flood occurrence than the areas located at higher elevation
(Chapi et al., 2017).

The change of land use and land cover affects the earth’s
hydrological processes. Impermeable land surfaces enlarge rap-
idly with urban land development, decreasing the rainfall reten-
tion capability and increasing the runoff coefficient (Shi et al.,
2007). The Land Use layer was generated using ArcGIS” Maxi-
mum Likelihood Classification. Landsat 8 satellite images ob-
tained from USGS were analysed using seven spectral bands
for the classification of the study area. Figure S1g shows the
classified land use layer.

The flood susceptibility of an area increases with proximity
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Table 2. Scale of Relative Importance (Adapted from Dano et al., 2019)

Intensity of importance Definition Explanation

1 Equal importance Two activities contribute equally to the objective

3 Moderate importance Experience and judgment slightly favour one activity over another
5 Strong importance Experience and judgment strongly favour one activity over another
7 Very strong importance Experience and judgment favoured very strongly over another; its

dominance demonstrated in practice

9 Extreme importance

The evidence favouring one activity over another is of the highest possible

order of affirmation

Intermediate values between
adjacent scale values

2,4,6,8

Reciprocals of the
above reciprocal value when compared with i

When compromise is needed

If activity | has one of the above nonzero numbers assigned to it when compared with activity j, the j has the

to streams (floodplains) and decreases when the area is located
further from the streams (floodplains). The distance of each cell
(area) in the raster layer to the closest drainage was computed
using ArcGIS’ Euclidean Distance tool. Figure S1h (Support-
ing information) shows the distance from streams map. The
study area is classified into four distinct soil types (Figure S1i
of the Supporting information): alluvial, granite, limestone, and
shale/sandstone.

4.2. ANP Model Using Expert Opinion Survey

An ANP questionnaire was designed to prioritize the in-
fluence of the nine diverse factors, which will be evaluated to
produce an accurate flood susceptibility map. The question-
naire was designed systematically to identify the interaction,
relationship, relative comparison and feedback among the cri-
teria. This is implemented using pair wise comparison tech-
nique that compares two criteria at a time, similar to previous
studies on GIS-based ANP for suitability analysis (Aminu et
al., 2014; Dano et al., 2019b). The questionnaires were initial-
ly distributed to 4 experts and follow up interviews were con-
ducted to ensure that all the respondents properly comprehend
the contents of the questionnaire, without ambiguity. In such
expert-based surveys, the judgment of a single expert suffices
(Saaty and Sagir, 2009), however considering more than one
expert minimizes bias in the computation of the conditioning
factors’ priorities (Ishizaka and Labib, 2011).

The respondents, with competencies in diverse backgrounds
including hydrology, geomatics and disaster management were
selected based on their expertise on the subject matter, experi-
ence and knowledge of the study area. Their opinions were quan-
tified using Saaty’s fundamental scale of judgment (Table 2)

with ratings from 1 (Equal Importance) to 9 (Extreme Importance).

The ANP model for the study was developed, with the fac-
tors grouped into clusters and criteria. The clusters (main crite-
ria) include topography, hydrology, land use and soil type. Each
cluster was subsequently decomposed into subfactors (criteria).
The topography cluster consists of 4 criteria i.e., elevation, slope
angle, SP1 and TWI; while the hydrology cluster comprises dis-
tance from streams and runoff (precipitation); the land use clus-
ter consists of seven land use criteria: water body, forest, urban
areas, paddy, mixed agriculture, rubber and oil palm; lastly, the
soil type cluster comprises alluvial soil type, granite, limestone,

sand and gravel, and shale and siltstone.

Using the super matrix (Saaty and Vargas, 2006; Portillo
et al., 2019), the completed questionnaires were analyzed to
compute the factors’ priorities. The ANP computations were
done with the Super Decisions software version 2.10.0 and the
priorities of the four experts were aggregated using the geo-
metric mean method (Dano et al., 2019b).

4.3. Fuzzy-ANP Model

Elevation, slope angle, SPI, TWI, distance from streams,
runoff, land use, and soil types (Figures S1a-i) were used to de-
termine areas susceptible to flood inundation events. The rela-
tive weights of these factors were determined using FANP,
which is an ensemble of the Analytical Network Process (ANP)
with Fuzzy set theory. The FANP was implemented using the
procedures in (Torfi et al., 2010; Balogun et. al, 2015, 2017) by
transforming the normalized ANP matrix into fuzzy numbers.
Transformation can be done using the triangular fuzzy numbers
(TFN) or trapezoidal fuzzy numbers. The triangular fuzzy num-
bers (TFN) is used in this study due to its computational simpli-
city and information processing in the blurred environment.
The TFN is denoted with (a, b, c), where a is the lower bound,
b is the median and c is the upper bound. The notations are im-
portant because they determine the range of the membership
function. The TFNs are denoted by the linear representations
on its right and left sides such that its membership function u
can be defined as shown in Equation (7) (Khan et al., 2019;
Wang et al., 2020):

0, Xx<aorx>c

X X—a
—|={2"2, a<x<c 7
u(Mj xe ™
C=X p<x<c
c-b

The triangular fuzzy numbers and the corresponding linguis-
tic variables are presented in the fuzzy transformation table (Table
3). Experts adopt the linguistic variable to assess the relative im-
portance of the various criteria (Balogun et al., 2015).

From Table 3, the fuzzy linguistic variable, VL, is associat-
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ed with the triangular fuzzy number (0.00, 0.10, 0.25), repre-
senting the minimum, modal and maximum values respective-
ly. A similar approach of associating each linguistic variable to
a corresponding TFN in the ranking of the relative importance
of the flood conditioning factors is adopted to transform the
other fuzzy variables to obtain the fuzzy matrix in Table S1(See
Supporting information). The fuzzy weights were derived using
Equation (8) and subsequently defuzzified into crisp values com-
patible with the GIS platform using Equation (9) (Singh and
Benyoucef, 2011). The FANP was implemented in the Super
Decisions software, and the output layers were overlaid in the
GIS environment to produce flood susceptibility maps:

a_[&a 8 &

b [bs'bz‘bl] ®
a+2b+c

x:T 9)

Table 3. Fuzzy Triangular Membership Function

Linguistic variable Triangular Fuzzy Number

Very Low (VL) (0.00, 0.10, 0.25)
Low (L) (0.15, 0.30, 0.45)
Medium (M) (0.35, 0.50, 0.65)
High (H) (0.55,0.70, 0.85)

Very High (H) (0.75, 0.90, 1.00)

4.4, Correlating Flood Risk Locations with Trend in Housing
Prices

To determine the correlation between the flood suscepti-
bility of the property locations and market prices, the following
steps were implemented:

I.  Identification of locations with high flood susceptibility
from the FANP susceptibility map.

1. Deriving the geometric mean of real estate price per square
meter from a sample size of 10 real estates with similar re-
sidential building categorization from the year 2008 to 2018
in the vulnerable areas spotted in (I). Geometric mean is
adopted because it is more appropriate to calculate growth
rates in addition to not being affected by extreme numbers
among the sample size.

I11. Changes in real estate price per square meter during flood
events period were evaluated.

5. Results and Discussions

5.1. Fuzzy ANP Weights

The outcome of the pair-wise comparison fuzzy matrix of
the 4 main criteria (clusters) and 18 sub-criteria (nodes) based
on the first expert’s (R1) input is presented in the supporting
information file (Table S1) while the fuzzy weights and de-
fuzzified weights are presented in Tables 4 and 5.

Table 6 shows the aggregated weights of all the expert re-
spondents based on the geometric mean computation. Analysis
of the results reveals that runoff (RO) is the most significant
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criteria among the other flood triggering factors with a weight
of 14%, followed by the distance from streams (DS), elevation
(EL), and slope angle (SA) and with weights of 13, 12, and 9%,
respectively.

5.2. Flood Susceptibility Map

Figure 2 shows the flood susceptibility map developed from
the fuzzy Analytical Network Process (F-ANP) model. The
flood susceptibility indices from the model were classified into
five categories using the reclassification tool in GIS: very-low,
low, moderate, high and very-high. The classification signifies
an increasing level of susceptibility to flooding with “very-low”
being the least susceptible and safest, while “very-high” is the
most susceptible and hazardous. The classification threshold is
based on earlier studies (Pradhan, 2010; Dano et al., 2019) which
used similar characterization of flood susceptibility levels.
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Figure 2. Flood susceptibility map generated by F-ANP model.

5.3. Flood Risk Analysis

Based on the aggregated FANP weights in Table 6, runoff
has the highest weight (18%) followed by elevation and slope
angle, with weights of 9% and 8% respectively. Generally, the
FANP model prioritizes hydrological factors in the study area
(e.g., runoff and distance from stream) and topographic factors
(e.g., elevation and slope angle) over land use and soil types.
In related studies, Zhu et al., (2018) and Lee et al., (2019) high-
lighted the significance of river runoff in increasing flood risks
in separate Chines cities, agreeing with the expert rankings in
this present study. Contrary to some studies such as Pradhan
(2010), wherein land use/land cover is prioritized in identifying
flood susceptible areas, landcover has the lowest weight in the
FANP model as seen in Table 6. According to Zhu et al., (2018),
a rapidly accelerating urbanization process is causing urban
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Table 4. Fuzzy Weights of Flooding Criteria (R1)

Cluster Criterion (Nodes) Fuzzy weight
Hydrology Distance from stream (DS) 0.2727 0.0918 0.0718
Runoff (RO) 0.3000 0.0969 0.0740
Land Use Forest (FO) 0.0000 0.0459 0.0513
Mixed agriculture (MA) 0.0000 0.0459 0.0513
Paddy (PA) 0.0000 0.0459 0.0513
Palm oil (PO) 0.0000 0.0459 0.0513
Rubber (RU) 0.0000 0.0459 0.0513
Urban Area (UA) 0.0000 0.0459 0.0513
Waterbody (WB) 0.0000 0.0459 0.0513
Soil Type Alluvium (AL) 0.0000 0.0459 0.0513
Granite (GR) 0.0000 0.0459 0.0513
Limestone (LS) 0.0000 0.0459 0.0513
Sand & gravel (SG) 0.0000 0.0459 0.0513
Shale & siltstone (SS) 0.0000 0.0459 0.0513
Topography Elevation (EL) 0.2182 0.0867 0.0695
Slope Angle (SA) 0.1545 0.0714 0.0626
SPI 0.0000 0.0459 0.0513
TWI 0.0545 0.5610 0.5580
Table 5. Defuzzified Weights and Ranking of Criteria (R1)
Cluster Criterion (Nodes) DFW % Ranking
Hydrology Distance from stream (DS) 0.1320 13 2
Runoff (RO) 0.1420 14 1
Land Use Forest (FO) 0.0358 4 6
Mixed agriculture (MA) 0.0358 4 6
Paddy (PA) 0.0358 4 6
Palm oil (PO) 0.0358 4 6
Rubber (RU) 0.0358 4 6
Urban Area (UA) 0.0358 4 6
Waterbody (WB) 0.0358 4 6
Soil Type Alluvium (AL) 0.0358 4 6
Granite (GR) 0.0358 4 6
Limestone (LS) 0.0358 4 6
Sand & gravel (SG) 0.0358 4 6
Shale & siltstone (SS) 0.0358 4 6
Topography Elevation (EL) 0.1153 12 3
Slope Angle (SA) 0.0900 9 4
SPI 0.0358 4 6
TWI 0.0556 6 5

area’s landcover to undergo considerable changes in recent times,
triggering significant changes in the underlying surface condition.
Impervious surfaces such as concrete structures and hardened
roads have increased considerably, which increases the risk of
flooding. However, Kelantan is an agrarian state dominated by
paddy fields, fishing communities and coastal beaches. lts rela-
tive isolation and largely rural lifestyle minimize the impact of
urbanization and its influence in triggering flooding there. Hence,
it is relatively low weight.

Figure 2 reveals the various susceptibility levels of differ-
ent locations in the study area, from very high susceptibility to
very-low susceptibility. Locations in the northernmost part of
the state, such as Pasir Mas and Tanah Merah are highly suscep-

tible to flooding while those in the southernmost part have mo-
derate to low susceptibility. The elevation map (Figure S1f)
shows that the northernmost locations have the highest eleva-
tion (5) and slope angle (Figure S1c), accounting for their high
vulnerability considering the high weight of elevation and slo-
pe angle in the FANP model. Overlay of the runoff map (Figure
S1b) with the flood susceptibility map (Figure 2) shows that the
regions with low run-off values have the least susceptibility to
flooding. Also, the highly susceptible northern region is charac-
terized by high rainfall as shown in Figure Sla while the low
susceptible southern region generally experiences low rainfall.
In a flood risk assessment of multiple cities, Lye et al., (2019a)
showed that the regions with the higher rainfall occurrence sim-
ilar to this study’s flood risk classification.
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Table 6. Geometric Mean Computation of Experts” Opinion

DFW

Cluster Criterion (Nodes) R1 R2 R3 R4 Aggregate % Ranking

Hydrology Distance from stream (DS) 0.1320 0.0704 0.0370 0.0834 0.0732 7 4
Runoff (RO) 0.1420 0.1713 0.2219 0.1880 0.1785 18 1

Land use Forest (FO) 0.0358 0.0380 0.0370 0.0364 0.0368 4 7
Mixed agriculture (MA) 0.0358 0.0380 0.0370 0.0364 0.0368 4 7
Paddy (PA) 0.0358 0.0380 0.0370 0.0364 0.0368 4 7
Palm oil (PO) 0.0358 0.0380 0.0370 0.0364 0.0368 4 7
Rubber (RU) 0.0358 0.0380 0.0370 0.0364 0.0368 4 7
Urban Area (UA) 0.0358 0.0380 0.0370 0.0364 0.0368 4 7
Waterbody (WB) 0.0358 0.1241 0.0609 0.0574 0.0628 6 5

Soil Type Alluvium (AL) 0.0358 0.0380 0.0370 0.0364 0.0368 4 7
Granite (GR) 0.0358 0.0380 0.0370 0.0364 0.0368 4 7
Limestone (LS) 0.0358 0.0380 0.0370 0.0364 0.0368 4 7
Sand & gravel (SG) 0.0358 0.0380 0.0370 0.0364 0.0368 4 7
Shale & siltstone (SS) 0.0358 0.0380 0.0370 0.0364 0.0368 4 7

Topography Elevation (EL) 0.1153 0.0523 0.0968 0.1045 0.0884 9 2
Slope Angle (SA) 0.9000 0.0884 0.0787 0.0729 0.0822 8 3
SPI 0.0358 0.0380 0.0370 0.0364 0.0368 4 7
TWI 0.0556 0.0380 0.0609 0.0574 0.0521 5 6

Table 7. Level of Similarity (F-ANP)
Historically Flooded Points Flood Susceptibility
Very high High Moderate Low Very low
70 42 25 1 1 1
(59.42%) (36.23%) (1.45%) (1.45%) (1.45%)

Similarly, from the land use map (Figure S1g), it is seen
that the very low and low susceptibility areas are dominated by
forest, paddy fields and mixed agriculture land use. Vegetation
influence landscapes’ hydrology and the water balance of river
basins, and the water retention capacity of forests has been used
as an effective flood risk management strategy in many coun-
tries (Reinhardt-Imjela et al., 2018). According to (Wahren et
al., 2009), water storage in forest soils is generally higher than
in soils of other land cover types so locations with high concen-
tration of forests will probably have a high water retention ca-
pacity and lower risk of flooding. Lyu et al., (2018) confirmed
that forests and unused land are less vulnerable to flooding
since rainstorms rarely cause flooding in these forest types of
land use.

Thus, the prevalence of vegetation land cover in the south-
ern region of the state is a major factor responsible for its low
vulnerability in the susceptibility map. Furthermore, the largest
concentration of urban areas is found in the northern region
(Figure S1g) and the role of urbanization in exacerbating flood-
ing is well documented in literature. For instance, the urbanize-
tion process in Flanders, Belgium caused a 20% rise in surface
runoff over a 24-year period, increasing the vulnerability of the
surrounding suburbs to flooding (Poelmans et al., 2010). It is
noteworthy that while the occurrence of unfavorable hydrolo-
gical and topographic factors and existence of urban area land
use will probably increase the susceptibility of a location to
flooding (Lyu et al., 2019), and the prevalence of vegetation
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land use will likely decrease susceptibility, this is not always
the case. A careful study of Figure S1g and Figure 2 shows that
some locations in the study area have high susceptibility despite
the presence of vegetation land use and some locations have
low susceptibility to flooding despite the presence of urban areas.
Thus, it is necessary to take into consideration various flood
conditioning factors and assign accurate weights to them to be
able to determine the susceptibility of locations in relation to
the occurrence and significance of the diverse factors.

5.4. Validation

The performance of the flood susceptibility model was va-
lidated using the historical flooded areas in Kelantan, from 2013
to 2017. (Lyu et al., 2018, 2019) used historical locations of
previous fatalities and historical flood records for several loca-
tions in China to assess the reliability of flood risk models.

The historical flood data was obtained from the Depart-
ment of Irrigation and Drainage (D1D), Malaysia. According to
Baharuddin et al., (2015), the flood occurrence during 2014 to
2015 is the worst flood recorded in recent times, displacing
more than 200,000 victims (MalaysiaKini, 2014). Thus, the da-
ta for this period is suitable for the validation purpose. Figure
3 shows the locations of previously flooded areas (worst hit
areas from 2013 to 2017) used for the validation of the flood
susceptibility model.

The historically flooded areas (70), represented as point
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features in ArcGIS, were overlaid on the flood susceptibility
maps (Figure 4). The outcome of the procedure is summarized
in Table 7.
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Figure 3. Locations of previous flood events 2013 ~ 2017.
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Figure 4. Historical flooded areas overlaid with flood sus-
ceptibility map generated by F-ANP.

Figure 4 and Table 7 show that 59.42% of the previously
flooded locations fall within the very high susceptible level of
the map while 36.23% fall in the high susceptible level, both of
which are within the northern region of the study area. From
the flood events data, it was found that Tanah Merah, Kota Bha-
ru and Kuala Krai were some of the most flooded locations
during 2013 to 2017 and these areas are all located in the very
high to high susceptible regions of the F-ANP susceptibility
map thereby validating the map’s accuracy. The high congru-
ence between this study’s map’s classification and the actual
flood occurrence/non-occurrence in selected locations validate
the robustness and accuracy of the spatial Fuzzy MCDM model.

Interestingly, flood occurrences were documented in some
regions classified as very low to low susceptible areas. Kam-
pung Panggung Lalat (66) and Kampung Kundur (67) in Gua
Musang were identified by DID as some of the worst hit areas
during the 2015/2016 flood events despite being situated in the
very low risk southern region as represented by points 66 and
67 in Figure 4. This is likely due to a number of inter-related
reasons. For instance, an unusually large amount of rainfall with
a return period of 1:1000 years was experienced during this pe-
riod (Ismail and Haghroosta, 2018), causing river levels to ex-
ceed those of recent floods (Davies, 2015). The area’s low ele-
vation (Figure S1f) and predominant rubber land use (Figure
S1g) are other possible factors. Studying the effects of flooding
and topography on rubber plantations, Hardanto et al., (2017)
reported that plantation locations in areas of low elevation are
more likely to be flooded than those at higher topographic loca-
tions, particularly during periods of high rainfall. Therefore,
under such unusual climatic condition, even the low susceptible
regions could experience flooding as seen in this scenario.

Although some researchers (Saaty, 2006; Saaty and Tran,
2007) argued against the fuzzification of AHP and ANP, this
study’s outcome aligns with other more recent researches that
have shown a strong justification for the fuzzification of these
MCDM methods. In a practical comparison of AHP and fuzzy
AHP GIS-modelling for locating a dam in Costa Rica, Kordi
(2008) observed that fuzzy AHP gives a different result than
crisp AHP, contrary to Saaty’s claim that the fuzzification of
the process does not give much different results. Using the Chi-
Square test, the study concluded that AHP/FAHP outcomes are
not the same and the difference between the results increase
significantly by increasing the uncertainty level. Using catas-
trophe fuzzy membership function, Kaur et al., (2020) concluded
that the fuzzy approach is technically superior and more reli-
able than the AHP for the identification of groundwater poten-
tial zones due to the elimination of subjectivity which increased
the model’s precision. Similarly, Kanani-Sadat et al., (2019) dem-
onstrated that the Fuzzy-DEMATEL ANP model has a higher
performance accuracy in comparison to the AHP model for flood
susceptibility assessment.

5.5. Correlation of Flood Hazard Risk and Property Prices

The correlation between the flood susceptibility of real
estate locations and the property market prices was investi-
gated based on a 10-year inventory of market prices obtained
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Figure 5. Graph of real estate price per square metres against year (Kota Bharu).

3000.00

=

o

£ 2500.00

(7]

3

< 2000.00

o

S 1500.00

w

2 1000.00

8

o 500.00
= M T N <O S NN S N <SP ) = M T N T N S N <E | N <F
[sicisiclciciciclcicicicisicisiclcicliciclciciciclsicliciclciclciclciecicislsleclciclclclcNE]
2008 | 2009 | 2010 | 2011 | 201 2013 | 2014 | 2015 | 2016 | 2017 | 2018

Year

Figure 6. Graph of real estate price per square metres against year (Kuala Krai).

from the National Property Information Centre (NAPIC), Ma-
laysia. The average price per square metre for the real estates
located in Kota Bharu and Kuala Krai are presented in Figure
5 and 6. The choice of these two locations is due to their high
flood vulnerability based on the susceptibility map from the
spatial FAHP model (Figure 4).

A comparison of the property prices with flood occur-
rences in the selected districts from the year 2008 to the year
2018 was subsequently undertaken.

From Figure 5, it is observed that there was a significant
price drop in Q1 2009. The average price per square metres
dropped from RM 1485.70/m? to RM 797.10/m?. Based on the
flood report obtained from DID Malaysia, one of the worst-hit
districts from the 2008 ~ 2009 flood is Kota Bharu. The second
significant price drop occurred in Q2 2010. The record shows
that the price dropped from RM 1429.80/m? to RM 1186.15/m?,
However, reports showed that there is no flood occurrence in
Kota Bharu during this period. There was a slight price drop re-
corded between Q4 2010 and Q1 2011, from RM 1499.40/m?
to RM 1403.60/m2. During the period, there was a flood occur-
rence in Kota Bharu. The third notable price drop was observed
in Q1 2012. The price differential between Q4 2011 and Q1
2012 is a reduction of RM 146.40/m?. Again, there was a flood
reported during the period. However, in year 2012/2013, it is
observed that there is a price hike in the real estate price despite
the occurrence of flood. The flood is reported to be a flash flood
due to an ineffective drainage system. The flood in Year 2014
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/2015 was considered one of the worst flood events in history.
It is also observed that there is a significant price drop in Q1 of
the year 2015, from RM 2043.20/m? in Q4 2014 to RM 1621.65
/m? in Q1 2015. Similarly, another significant price drop was
observed in Q4 2016. Coincidently, DID reported flood occur-
rence in Kota Bharu during the period.

Kuala Krai was the second worst-hit area after Pasir Mas
in the 2008 flood event in Kelantan. DID reported that the dam-
ages caused by the flood in 2008 cost approximately RM 2.3
million. It is observed that there was a drastic price drop in the
period (Q4 2008) and a slight price hike in Q1 2009. A hike in
price was documented during the monsoon season, despite the
occurrence of flood in Kuala Krai. The real estate prices dropped
from RM 1527/m? in Q4 2012 to RM 1420.55/m? in Q1 2013.
DID reported that the flood in December 2012 had caused the
relocation of 867 people and infrastructure damages worth ap-
proximately RM 230000. In February 2013, DID reported that
another flood with the depth of 0.25 ~ 0.5m occurred in Kuala
Krai. Despite flood occurrences reported in 2013/2014 and 2014
/2015 respectively, the real estate prices per square meters in-
creased during the monsoon season. In contrast, price reduction
occurred in Q3 of the year 2014 and the year 2015. Then, the
real estate prices dropped from RM 2122/m? to RM 1923.60/m?
in Year 2015/2016, coinciding with a flood event reported by
DID. No casualty or damage was reported. Another significant
drop of real estate price was reported in Q3 of Year 2016. How-
ever, there was no flood reported during the period. A price drop
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was also reported at the end of the year 2017. However, due to
flood data unavailability, the analysis of the correlation between
the flood occurrence and real estate price could not be done.

The foregoing flood susceptibility, flood occurrence and
market prices trend analyses reveal that drop in property prices
is generally synonymous with the occurrence of flood events.
This aligns with previous researches that established a negative
impact on residential properties due to flooding (Rajapaksa et
al., 2017a). Hirsch and Hahn (2018) revealed that the occurrence
of flooding reduces the prices of real estate by 299 Euros per
square meter in the time period 2012 to 2015. However, there
are instances of price drop despite non-occurrence of floods,
which could be due to other factors. According to (Kamal et al.,
2016), the most important factor that influences the housing
price is the location of the properties followed by macroecono-
mic and demographic factors such as population growth, living
standard and lifestyle. Haron and Ibrahim (2019) identified in-
terest rate, gross domestic product (GDP) and population change
as factors that also influence real estate prices in the study area.
Interest rates is a major determinant of the affordability of real
estate properties since high interest rates cannot be afforded by
the largely agrarian community with the potential to cause an
oversupply of properties due to low demand, resulting in a drop
in the prices. Kelantan is one of the poorest states in Malaysia,
having a GDP per capita of 5,685 USD in 2013 (Brian, 2015).
This is linked to a decline in the agricultural sector, exemplified
by low productivity of palm oil and rubber. Growth in the man-
ufacturing sector has also slowed down (Statistics, 2018). Pop-
ulation and demographic dynamics equally influence the value
of real estate in Kelantan (Haron and Ibrahim, 2019). For in-
stance, due to static or limited population growth, the demand
for real estate decreases, causing a drop in prices. In March 2019,
the state recorded an oversupply of 670 housing units worth
280.5 million Malaysian Ringgit (Reserve, 2019).

A novel perspective provided in this present study is the
exploration of the probable nexus between flood susceptibility
of locations and price trends in the study area. Analysis of the
study locations indicates significant drop in prices in the very
highly susceptible area (Kota Bahru) after major flood events.
Over 45% drop in price was documented in Kota Bahru be-
tween Q4 2008 and Q1 2009, following the 2008/2009 major
flood disaster. In contrast, the moderately susceptible region
(Kuala Krai) experienced a price hike of about 20% during the
same period. Similarly, after the major flood event in 2014/2015,
Kota Bahru experienced a significant drop in price in Q1 2015
while a moderate rebound was seen in Kuala Krai. Kota Bahru
witnessed further decline in prices in Q3 and Q4 2019, extend-
ing until Q2 2016 in contrast to Kuala Krai, which experienced
a mix of rise and fall during the same period, with the price
peaking in Q2 2016. During non-major flood events, both re-
gions had stable prices although a drop in price occurred in Ko-
ta Bahru during Q4 2013 while Kuala Krai observed a spike in
price at the same period. This trend suggests that highly suscep-
tible locations are likely to experience fall in property prices,
particularly after major flood disasters while moderate to low
susceptible regions might be less impacted. Therefore, Pasir
Mas, Tumpat and the other localities classified as very high to

highly susceptible areas (Figures 3 and 4) are prone to experi-
ence similar price responses to flood hazards in future while the
response of moderate to low risk areas like Gua Musang can be
deduced from the trend in Kuala Krai.

In addition to exploring the previous impacts of flood oc-
currences on housing prices in Kelantan, this study offers in-
sights on likely future hotspots of flooding and possible price
responses in the various regions, taking into consideration their
respective flood susceptibility levels. Such early warning spa-
tial information that accurately delineates flood risks of loca-
tions will be valuable to decision makers, real estate developers
and other stakeholders in planning for flood disasters on one
hand and proposing feasible economic interventions to mitigate
the impacts of property price fluctuations on the other hand.

However, it is important to note that price hikes were some-
times observed despite the occurrence of flood events in the
floodprone areas. This might not be unconnected with the posi-
tive effects of amenities. As documented in Zhai et al., (2003)
study, local members of the community have a preference for
residing in close proximity to areas with amenities such as river
view or waterfront, the river or water stream in spite of the pos-
sible flood risk. The positive effects of amenities were expected
to dominate the negative effect of floods, exerting an upward
price trend in spite of nearness to a river. According to Hirsch
and Hahn (2018), properties located close to water body or with-
in a floodplain subject to wave action provide good amenities
value and thus have higher property values. Although theories
of natural hazards predict that the market will capitalize the risk
of flooding into the value of the residential property and the
risk may be ignored in areas where the probability is low (To-
bin and Montz, 1988), the same does not necessarily hold true
for high-risk areas wherein the risks need to be taken into consi-
deration. In order to meet the Malaysia real estate challenges,
the government has set forth certain initiatives to control the
real estate market including individual tax relief on loan inter-
est and construction of low and medium low-cost housing units
(Hashim, 2010) to help the low-income earners.

6. Conclusions

The severity and frequency of floods in Malaysia is pro-
jected to increase in future due to the increasing urbanization
and climate change impacts, and the flood insurance for proper-
ties located in high-risk areas will likely double in the next 10
years. Unfortunately, there is a low-level awareness of flood-
prone areas and limited public information on the risks of living
there.

Consequently, this study develops an enhanced flood sus-
ceptibility model for accurately identifying highly susceptible
flood locations. Limitations of bias, vagueness and uncertainty
in existing MCDM weighting techniques were addressed by
developing a fuzzy ANP weighting model which was integrat-
ed with GIS to produce different classes of flood susceptibility
in the study area. The model’s outcome was validated with lo-
cations of previous fatalities and historical flood records for se-
veral locations in the study area. Results from the validation
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procedure were promising, confirming the reliability of the stu-
dy’s outcome.

Using the flood susceptibility map, a strong correlation
was seen between drop in property prices and occurrence of
flood events in the high-risk locations. However, some excep-
tions were recorded with drop in prices of real estates despite
non-occurrence of floods and price hike in spite of the occur-
rence of flood events. This study thus provides a systematic ap-
proach to investigating the impact of flood susceptibility and
occurrences on real estate prices. In future, it will be necessary
to incorporate other factors that could influence real estate prices
such as construction costs as well as macro and microecono-
mics of the community.
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