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Rapid urbanization and climate change can cause more extensive flood risk, in the absence of urgent and efficient
adaptation measures. As the occurrence of floods varies with time and space, comprehensive and dynamical
assessment of the spatiotemporal variability of flood risk and understanding of its drivers is vital for flood risk
management. In this study, we developed a spatial multi-criteria analysis (SMCA) framework for quantifying the
spatiotemporal dynamics of flood risk through a case study in a coastal watershed of southeastern China from
1990 to 2015. A comprehensive framework for flood risk assessment was constructed from the hazard, exposure,
sensitivity and adaptive capacity components with 23 indicators. The results showed that the highest risk
happened in the stage of 2006-2010, while the lowest risk stage was 2011-2015, with higher flood risk in the
downstream areas of Jiulong River watershed (JRW). The contribution of each indicator reflects the difference in
temporal, spatial and quantity aspects. The top 5 driving factors for JRW included: peak discharge, maximum
daily rainfall, age structure, wetland, and reservoir. The risk perception showed a continuous growing impact on
flood risk. However, some indicators only showed obvious contributions in the specified area: for example, the
built-up expansion in Zhangzhou city; the increase of dike length and the improvement of dike standard in Xinluo
district; and the increase of government financial investment in Zhangping and Liancheng district. This study
demonstrates the well-performance of our proposed novel approach for flood risk assessment. Our results and
conclusions are also of significance for policymakers to understand and point out the deficiencies in the current
actions of flood adaption, and consequently develop more targeted and spatially-specific strategies for flood
adaptation, in the context of climate change and rapid urbanization.

1. Introduction

Globally, climate-related disaster losses exceeded US$300 billion in
2017 (Swiss Re., 2017). Floods alone resulted in global losses worth US
$60 billion in 2016 (Munich, 2017). China is the country that has suf-
fered the most in both economic loss and human casualties as a result of
flooding. From 2000 to 2017, the average annual number of people
suffering from flood disasters in China was 127.46 million, including
1248 deaths, and the average direct economic loss due to flood
accounted for 0.54 percent of GDP (China Flood and Drought Bulletin,
2017). Over the coming decades, flood risk is expected to continue
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increasing, due to the combined effects of climate change and socio-
economic development (Field et al., 2012; UNISDR, 2011). The
changes in rainfall patterns under climate change could result in
increased frequency and severity of flood hazards (Aerts, 2018; Willner
et al., 2018). The global population exposed to floods is expected to
grow by a factor of three by 2050, because of the continued increase in
population and economic assets in flood-prone areas, especially in Africa
and Asia (Aerts, 2018; Jongman et al., 2012). Rapid urbanization can
have both positive and negative effects on flood hazards. While engi-
neering and other adaptive measures can help stabilize or even decrease
the number of fatalities and the amount of direct damage, population
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growth and the expansion of impervious surface areas increase sensi-
tivity. Therefore, a comprehensive study on the mechanisms and factors
that influence the dynamic temporal and spatial variations of flood risk
is essential, and urgent, for flood disaster risk management in China, so
that timely response plans and effective adaption strategies can be
developed.

Flood risk refers to the probability of flood occurrence and its po-
tential consequences and is thus a function of the hazard and the
vulnerability of a receptor area that would be exposed to the hazard
(Koks et al., 2015; Foudi et al., 2015; Chen et al., 2015). An increasing
body of research has investigated the methods for evaluating flood risk.
In general, the approaches can be divided into two types: qualitative and
quantitative (Chen et al, 2015). Qualitative methods depend on expert
opinions; these methods are widely used because they are simple and yet
capable of functioning even with a scarcity of data (Furdada et al.,
2008). Quantitative methods, on the other hand, are based on numerical
expressions that can quantify the relationship between control factors
and flood disaster risk (Wang et al., 2011), combining various data el-
ements and producing comprehensive information about flood risk. The
flood risk assessment requires a comprehensive consideration of the
condition of the underlying surface (Ardiclioglu and Kuriqi, 2019), the
influence of the anthropogenic factor on the flood’s seasonality (Ali
et al., 2019a), the impact of seasonality in the flood’s occurrence (Ali
et al., 2019b), the impacts of floods in river geomorphology (Kuriqi
etal., 2020), and the uncertainty in the dike design and operation during
transient conditions (Kuriqi et al., 2016). Due to the scarcity of data and
many uncertainties in the prediction of flood hazards and human ac-
tivity, a comprehensive assessment of flood risk is full of challenges. The
analytic hierarchy process (AHP) in multi-criteria decision-making
(MCDM) is a semi-quantitative method based on multi-critical indexes;
it organizes the relevant criteria into a hierarchical framework aimed at
making a complex problem easy to analyze and manage (Saaty, 2008;
Lyu et al, 2018). Furthermore, as there is spatial heterogeneity in social
and economic development and natural conditions, GIS is an appro-
priate tool for processing spatial data along with attributes for deriving
regional indicators of flood risk (Chau et al., 2013; Chen et al., 2015).
Hence, spatial multi-criteria analysis (SMCA), which combines GIS and
MCDJM, is a suitable approach for flood risk analysis.

An increasing body of research concerning the flood risk assessment
and management has applied the SMCA method in different research
scales, and different types of flooding (fluvial, pluvial flooding or a
compound thereof, or coastal flooding). Wang et al. (2011) designed a
flood risk model in the Dongting Lake region, Hunan Province, China,
the indicators included: hazards (rainfall, topography, vegetation cover,
drainage network, downstream flood risk, flood control projects (dike
density)), social sensitivity (population), economic sensitivity (crop-
land), and physical sensitivity (transportation). Dang et al. (2011)
constructed a more sophisticated model for flood risk assessment in the
Red River Delta, Vietnam; the indicators selected included: hazard
(flood depth, flood duration, and flood velocity), economic sensitivity
(total area of residential buildings, special-use buildings, public infra-
structure, and agricultural areas), social sensitivity (population density,
risk perception, spiritual values, and income levels), and environmental
sensitivity (pollution, erosion, and open spaces). Yeganeh and Sabri
(2014) selected distance from major streams and rivers, elevation, slope,
land use, distance to discharge channels, and population as the criteria
for generating a flood risk map in the Iskandar region of Malaysia.
Martinez-Grana et al. (2016) present an analysis of the vulnerability
(AVI Index) and hazard of flooding by sea-level rise (FRI Index) in the
central Algarve (South Portugal), the vulnerability index was calculated
using the following parametric thematic maps: lithology, geo-
morphology, slopes, elevations, distances, bathymetry, variations of the
coastline, wave height and activity, variations of sea level and tidal
range. Xiao et al. (2017) proposed a method to assess the flood hazard
risk in the Han River region, Hubei province, China; the indicators
included: topographical (elevation, slope), hydrological (flow
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accumulation, soil conservation service curve number, topographic
wetness index, distance to the river), and flood-resistance (dikes,
pumping stations). Lyu et al. (2018) presented an integrated assessment
model for flood risk in the Guangzhou metro system; the indicators
included: hazards (rainy season, average rainfall, the average number of
rainy days), exposure (elevation, slope, river proximity, river density),
and sensitivity (land use, metro line proximity, metro line density, road
network proximity, road network density).

Although the selected indicators cover many aspects and their clas-
sification differed in previous studies, few studies fully considering the
indicators among flood hazard, exposure, sensitivity, and adaptive ca-
pacity, thereby possibly producing unreliable flood risk maps. In
particular, studies that considering personal sensitivity (perception of
flood risk) and flood adaptive capacity — which includes both engi-
neering measures (e.g., dike lengths and standards, reservoirs) and non-
engineering measures (e.g., wetlands, vegetation, and financial invest-
ment) — have been rare. In addition, flood risk is dynamically changing
with the progression of climate change and rapid urbanization. Yet
precious researches have usually selected average precipitation data
during a historical period or precipitation under future climate change
scenarios for flood hazard assessment, land use data, or the socio-
economic condition at a certain time for exposure or sensitivity assess-
ment, and there has been little research analyzing dynamic flood risk
variations and exploring the respective contribution of each driving
factor in a series of historical periods. All of this evidence indicates that
the existing SMCA flood risk assessment framework is not comprehen-
sive and that it needs to be expanded and improved, applied to the
dynamical assessment of flood risk variations.

To address this deficiency, the present study aims to: (1) develop a
comprehensive framework for flood risk assessment with SMCA, inte-
grating a wide range of indicators across hazard, exposure, sensitivity,
and adaptive capacity; (2) dynamically review the flood risk evolution
during study periods and quantify the relative contribution of each
factor in JRW. The results could provide policymakers with the infor-
mation that they need, to develop more comprehensive and spatially-
specific strategies for flood risk adaption.

2. Materials and methods
2.1. Study area

The JRW covers approximately 14,700 km? in southeastern China
(from 116°46’55” E to 118°20‘17“E and from 24°23‘53” N to 25°53°38”
N) and is the second-largest watershed in Fujian province. The water-
shed contains nine counties or districts—Xiangcheng, Longwen, Xinluo,
Zhangping, Hua’an, Changtai, Pinghe, Longhai, and Nanjing — with
88.26% of it located in Zhangzhou and Longyan cities. It is situated in a
subtropical zone with a monsoon climate: the annual average temper-
ature is 19-21 °C, and annual precipitation averages 1400-1800 mm, of
which 70% occurs between April and September (Huang et al., 2014).
The river basin is composed of three main streams: the North river,
comprising the upper reach of the watershed, and the West and South
rivers, in the lower reach. The North and West rivers’ confluence is
located in Xiangcheng, then they merge with the South River in the
Longhai district, and finally flow into the Jiulong River estuary and the
western Xiamen Sea, as depicted in Fig. 1.

More than 3.8 million people live in the JRW, and the GDP of the
area accounts for a quarter of Fujian Province’s economic output (Huang
et al., 2012). Rapid urbanization in JRW has gone hand in hand with
rapid population growth, socio-economic development, an increase in
the built area and massive investment in the construction of infra-
structure. According to the statistical yearbooks of Longyan and
Zhangzhou cities, the urbanization rate increased by 38.1% and 39.7%
in Zhangzhou city and Longyan city, respectively, between 1980 and
2015. The combined effects of these increased stresses in the region
indicate that evaluating the flood risk variations and exploring their
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Fig. 1. Study area.

main driving forces are of the utmost importance.

2.2. Framework for flood risk assessment

In this study, a spatial multi-criteria analysis and evaluation frame-
work based on AHP was developed to describe the flood risk variation in
the case study area. Fig. 2 shows the conceptual framework for flood risk
variation assessment, the framework consists of three parts: (1) flood
risk assessment index system, (2) calibration procedure incorporated
into GIS, and (3) contribution analysis.

2.2.1. Risk assessment model

To evaluate the flood risk variation in the JRW, first, the flood risk of
each stage was assessed, then the changes in historical flood risk were
determined, and finally, the contribution of each component and indi-
cator to flood change was explored. The detailed procedure is shown in

Text S1, Fig. S1 (SD).

The risk of a flood disaster is associated with the factors of hazard,
exposure, sensitivity, and adaptive capacity, the formula for calculating
the flood riks is defined in Eq. (1), the explanation of it is shown in Text
S2 (SD:

Flood risk = Hazard + Exposure + Sensitivity — Adaptive capacity (€D)]

Flood risk means the interactive results of hazard, exposure, sensi-
tivity, and adaptive capacity indexes, which can be expressed by Eq. (2):

Risk = (Z Ml pazara + (Z ¢E; )Expoure + Z (skSk)Sen:itiviry
i =1 =1

i=1

- Z (alAl)adplive capacity @

=1

where i, j, k, and | are the sequence numbers of the hazard, exposure,
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Fig. 2. Overview of the conceptual framework for flood risk variation assessment. Flood risk is a function of the hazard, exposure, sensitivity, and adaptive capacity,
and indicators among each component are selected. As climate change can influence hazard, the behavior of government and households can influence the exposure,

sensibility, and adaptive capacity, flood risk is dynamically changing.

sensitivity, and adaptive capacity indexes, respectively; h;, e, sk, and a
are the weights of the four components, respectively; and Hj, E;, Sy, and
A) are the normalized values of the indexes related to the four compo-
nents, respectively.

2.2.2. Index system

To construct a scientific, comprehensive, reasonable and practical
flood risk assessment index system, the following principles should be
followed: (1) The selected indicators should effectively reflect the
essential characteristics of the flood disaster; these can be quantitative
or semi-quantitative; (2) The indicator should be spatialized as much as
possible, to reflect the spatial distribution pattern of regional flood risk;
thus the fuzzy flood risk can be quantified and visualized; (3) As the
indicators cover many fields, the availability of data is an important
criterion for selecting indicators. The index system consists of three
layers: object layer, index layer, and sub-index layer. The object layer is
the flood risk of the JRW, labeled as I. The index layer includes four
categories: hazard, exposure, sensitivity, and adaptive capacity, labeled
as Iy, I, I3, and Iy, respectively. The sub-index layer covers 23 sub-
indexes that correspond to the hazard, exposure, sensitivity, and adap-
tive capacity components. The description of the chosen indicators is
shown in Table S1 (SI).

(1) Hazard index

The hazard index was chosen to represent the characteristics of a
combination of fluvial and pluvial flood hazards. The peak flow

recorded by hydrological stations can directly reflect the degree of a
fluvial flood. However, as there didn’t exist enough record data for the
measurement of pluvial floods in the watershed scale, rainfall data is the
alternative. As is known to all, the short-term heavy rainfall is most
likely to cause both fluvial and pluvial flooding, meanwhile, lower-
intensity rainfall can also induce flooding when the ground is satu-
rated. Considering the availability of data, the annual rainfall (I;;) and
the maximum 24-h precipitation of each year (I;2) was used to represent
the rainfall hazard, and the maximum flood discharge of each year (I;3)
was used to represent the hydrological hazard. As the frequency and
intensity of the rainfall and peak flood discharge are different in each
area, the critical hazard value of precipitation and flood are described by
the return period. The detailed information is shown in Table 1, the
spatialization approach for hazard indexes is introduced in Text S3 (SI).

(2) Exposure index

Exposure refers to the amount and degree of the disaster-bearing body
(people, property, buildings, etc.) exposed to the disaster. Considering
the data availability, from the system perspective, this framework sum-
marizes the watershed as a comprehensive disaster-bearing body
composed of a physical subsystem and a socio-economic subsystem. In
the physical subsystem, built area (I;), road density (I22), and electrical
facility density (Iz3) were selected as the representative indexes. In the
socio-economic subsystem, GDP (I»4) and population density (Iz5) were
selected as the representative indexes. The spatialization approach for
exposure indexes is introduced in Text S4 (SI).
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Table 1
Quantification for precipitation and peak flow by return period.
Return period (year) 0-2 3-5 6-10 11-20 21-30 31-50 51-100 101-200 201-500
Level value 1 2 3 4 5 6 7 8 9

(3) Vulnerability index

Vulnerability refers to the degree of loss or injury due to potential
risk factors in a given hazardous area. The lower the vulnerability of the
disaster-bearing body, the smaller the disaster risk, and vice versa.
Corresponding to the above exposure index, the vulnerability index
chooses the sub-indexes from the physical and socio-economic sub-
systems. It is commonly recognized that a low-lying area is more
vulnerable to flooding than is a higher area, that the area closest to the
river is most vulnerable to flooding, and that the steeper the terrain
slope, the lower the hazard of an area (Wu et al., 2015). In addition, the
runoff conditions and infiltration capabilities of different underlying
surfaces vary considerably. Thus, the distance to the river (I3;) was
selected, and DEM (I32) and slope (Is3) were used to represent topog-
raphy, and land use pattern (I34) and soil type (I3s) to represent the
underlying surface area; these were selected as sub-indexes to describe
the vulnerability level of the physical system. When considering the
vulnerability of the socio-economic system, youth and the elderly are
considered more vulnerable when flooding occurs, and thus the pro-
portion of children and the elderly (I3¢) was selected. Furthermore, as
risk perception is positively correlated with educational level and
household income, the proportion of highly educated people within the
population (I37) and the household income per capita (I3g) were selected
to represent risk perception. The spatialization approach for sensitivity
indexes is introduced in Text S5 (SI).

(4) Adaptive capacity index

The flood adaptive capacity includes both engineering and non-
engineering measures. Even though engineering means are important,
non-engineering measures should not be ignored. The higher the resil-
ience, the smaller the potential loss and risk. The reservoir capacity (I41)
and dike values were used to represent engineering protection measures
(the dike value is a compound of the dike length (I42) and dike standard
(I43)). The proportion of wetland (I44), vegetation cover rate (I4s),
financial investment (I4¢), and the number of organizational personnel
in the flood protection department (I47) were used to represent non-
engineering protection measures. The reprehensive indicators far
beyond mentioned above, some import indicators (e.g. the urban
drainage network density) aren’t included in the current study mainly
because of the data available in such watershed-scale study. The spati-
alization approach for hazard indexes is introduced in Text S6 (SI).

2.3. Criteria normalization

As different criteria have different ranges and dimensions, to facili-
tate the comparisons among various indexes, the value of each sub-
indicator was normalized over the range from zero to one (Lai et al.,
2015; Lyu et al., 2018), these are expressed as Egs. (3) and (4):

Xij _ )(J/_m'n (3)
T = Yomax min
XX
Xmax — X
I‘” = njxax min (4)
X =X

where I;; is the normalized value for the raw value of the ith district of
the j-th criterion: X and X" respectively refer to the maximum and
minimum values of the j-th criterion. Eq. (3) is suitable for positive
criteria, Eq. (4) for negative criteria, meaning that the flood risk will

decrease with an increase in the value. In the assessment index system,
the following sub-indexes were negative factors: Is1, I3, I33, I37, I3s, I41,
Lyo, 143, L44, 145, Lse, 147; all the other sub-indexes were positive.

2.4. Weight calibration

To aggregate the criteria, one of the most important steps is to
generate criteria weights. The analytic hierarchy process (AHP) is a
commonly used method for the quantitative analysis of indicators. The
main idea of AHP is to rely on the experience of many experts in related
fields to compare, judge, and assign each factor, to obtain a judgment
matrix. In a judgment matrix, the relative importance of each indicator
is defined as an exact integer between 1 and 9, then the value of the
consistency ratio (CR) is used to evaluate the sensitivity and consistency
of the judgment matrix. If CR < 0.1, then the judgment matrix is
reasonable. (Saaty, 1977). In this study, 72 questionnaires were
distributed to experts from different departments: 30 to scientific
research departments (researchers), 22 to water conservation de-
partments (government managers), and 20 to water conservation design
institutes (engineers), and the comparative weights of various indicators
were obtained through the Yaahp software.

2.5. Contribution analysis

The relative contributions of the hazard, exposure, vulnerability, and
adaptive capacity components were quantified according to the process
defined in previous literature (Vousdoukas et al., 2018). The first step is
to estimate the relative change (RC) of each component in each stage.
The RC of the hazard component, for example, is given by Eq. (5):

RCHa:m‘d _ |:RHazard. Stage _ 1:| (5)
Rpasetine

where R is the flood risk, Rpgeine is the flood risk for 1990, and
Rbjazardsiage 18 the flood risk considering only the dynamics in the hazard
component (and the static exposure, vulnerability, adaptive capacity
components). The relative contribution of each component is then ob-
tained as the ratio of its RC is divided by the sum of the absolute values
of all the components. The relative contribution of hazard component is
then given by Eq. (6):

RCanard
‘RCHazard‘ + }RCE)qmsur('| + |RCSmxirivily‘ + }RCAda])Iive m])a(ity|
(6)

where ppazard refers to the relative contribution of hazard compo-
nent; RChazard refers to the relative change of hazard component; the |
RChiazard|, |RCExposure|: |Rcsensitivity|; and |RCAdaptive capacity| refer to the
absolute value of relative change of hazard, exposure, sensitivity, and
adaptive capacity components. The relative contributions express the
relative importance of each component and indicator to flood risk
change. The same approach was followed to assess the relative contri-
butions of each indicator to the total flood risk in each stage.

Prtacara = 100

3. Results
3.1. Criteria of weight analysis
Based on the flood risk assessment framework and the AHP method,

the weight of each indicator was obtained, and the results are shown in
Table S2 (SI). The consistency ratio (CR) of the pairwise comparison
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matrix is calculated as 0.0055 < 0.1. So the weights are shown to be
consistent and they are used in the selection process. In the target layer,
the weights of the components are shown as: hazard (0.5411) > adaptive
capacity (0.202) > sensitivity (0.1912) > exposure (0.0657); in the
index layer, as: hydrology (0.4638) > sensitivity of physical system
(0.1275) > engineering measures (0.101) = non-engineering measures
(0.101) > meteorology (0.0773) > sensitivity of socio-economic system
(0.0637) > exposure of physical system (0.0329) > exposure of socio-
economic system (0.0328); in the sub-index layer, as: peak discharge
(0.4638) > maximum daily rainfall (0.0663) > distance to river
(0.0524) > wetland proportion (0.0508) > reservoir capacity (0.0505)
= dike (0.0505) > proportion of old and youth (0.0455) > land-use
pattern (0.036) > > financial investment (0.0239) > soil type (0.0256)
> built-up area (0.0236) > GDP per capita (0.0164) = population
density (0.0164) > vegetation cover rate (0.0148) > number of flood
control offices established (0.0116) > annual rainfall (0.011) > house-
hold income (0.0091) = education level (0.0091) > elevation (0.0078)
> road density (0.0064) > slope (0.0058) > electrical facility density
(0.0029).

3.2. Analysis of flood hazard component

The spatial and temporal evolution of the hazard from 1990 to 2015
as shown in Fig. 3. First, the hazard fluctuated during these periods, it
was obvious in Zhangzhou city, and the hazard was highest from 2006 to
2010 (Fig. 3(e)) compared to the other periods; second, the hazard in the
downstream districts was higher than in the upstream districts,
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especially obvious in Zhangping, Hua’an, Changtai, Longwen, and
Xiangcheng districts. Several reasons were responsible for these, first,
the maximum rainfall during these 25 years fluctuated, and the volatility
of maximum rainfall was highest in 2005 and 2006, most obvious in
Changtai district; second, as Zhangping and Hua’an district located at
the downstream of the North River, Xiangcheng and Longwen districts
located at the confluence of West River and North River, therefore, the
recorded peak flood flows in these districts were higher and also fluc-
tuated more than the others.

3.3. Analysis of exposure index

As shown in Fig. 4, exposure has increased greatly in the JRW during
the most recent 25 years. From 1990 to 2000, the exposure grew slowly,
while the watershed developed rapidly after 2000, especially in the
Xinluo district, which is located in downtown Longyan city, and in the
Xiangcheng, Longwen, and Longhai districts, which are located in
downtown Zhangzhou city, southeast of the JRW. Several causes are
responsible for this phenomenon: first, urbanization has resulted in
rapid increases within the physical system during these 25 years (the
built area has increased by a factor of 60, the road density by about
116%); second, the socio-economic capacity has also grown rapidly
during these 25 years: the average annual GDP growth rates in
Zhangzhou and Longyan cities were 5.25% and 3.04%, respectively, and
the average population density increased by a factor of about 9.
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Fig. 3. Spatial distributions of hazard values from 1990 to 2015: (a) 1990; (b) 1991-1995; (c) 1996-2000; (d) 2001-2005; (e) 2006-2010; (f) 2011-2015.
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Fig. 4. Spatial distributions of exposure values from 1990 to 2015: (a) 1990; (b) 1991-1995; (c) 1996-2000; (d) 2001-2005; (e) 2006-2010; (f) 2011-2015.

3.4. Analysis of sensitivity index

Fig. 5 shows the spatial distribution and evolution of sensitivity in
the JRW during 1990 and 2015. As shown in Fig. 5, the sensitivity
during this period was diminishing; the highest sensitivity stage is
shown in Fig. 5(a), and the lowest sensitivity stage in Fig. 5(f), and the
highest sensitivity area was located in downtown Zhangzhou city.
Furthermore, the downstream stretch of the watershed was more
vulnerable than the upstream one, and the urban area and the region
nearby the river were higher than the others. Several causes are
responsible for these values: first, the rapid increase in the built area
caused by urbanization increased the impervious surface area; secondly,
the flood risk perception of the residents in the JRW had improved
greatly, due to the increased educational and household income levels,
and it helped lower the sensitivity; thirdly, as the downstream districts
are located in a low-lying area, the vulnerabilities are higher there than
in the upstream districts, in terms of topography.

3.5. Analysis of adaptive capacity index

Fig. 6 shows the spatial evolution of the flood adaptive capacity in
the JRW from 1990 to 2015. It is easy to see that the adaptive capacity of
the watershed had improved a great deal during these years. As shown in
Fig. 6(a), the adaptive capacities of the Xiangcheng and Longwen dis-
tricts located in the downtown of Zhangzhou city were stronger than

those of the other districts. However, during stage and b, the adaptive
capacity of the Xinluo and Nanjing districts caught up, because of the
Wan’an reservoir in the Xinluo district and Nanyi reservoir in the
Nanjing district had been built and put into use in 1991 and 1995,
respectively. The adaptive capacity of every district in the watershed has
improved in various degrees since then, with the improvement of the
Xinluo district being higher than that of other regions in the basin.
Several causes can be found for these results. First, the economy had
improved greatly during this period; secondly, great importance had
been attached to flood control by the local government, especially in
Longyan city.

3.6. Analysis of integrated flood risk and contributions of indicators

After combining the values of the hazard, exposure, sensitivity, and
adaptive capacity components, the flood risk value for each historical
stage was calculated; the results are shown in Fig. 7. In general, the flood
risk in the downstream stretch of the JRW (especially the southeast
coastal area) was higher than in the upstream stretch, and among all the
stages, the flood risk during 2006-2010 was the highest, and that during
2011-2015 the lowest.

The contribution of each component and indicator was analyzed in
detail by the methods mentioned in Section 2.5. Fig. 8 shows the
contribution analysis result of each component (hazard, exposure,
sensitivity, and adaptive capacity) relative to the base year (1990) each
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Fig. 5. Spatial distributions of sensitivity values from 1990 to 2015 in the JRW: (a) 1990; (b) 1991-1995; (c) 1996-2000; (d) 2001-2005; (e) 2006-2010;

(f) 2011-2015.

stage. Fig. 9 shows the contribution analysis result of the top 4 indicators
during different stages in different districts, relative to the base year
(1990), and the detailed contribution of each indicator was shown in
Fig. S2 (SI). As shown in Fig. 8, first, although the contribution of each
component varied across districts, the order of the contributions in most
districts was: hazard > adaptive capacity > sensitivity > exposure;
secondly, as the climate changed randomly, the hazard contribution
fluctuated; thirdly, the adaptive capacity showed a negative contribu-
tion to flood risk in most districts except for Xiangcheng and Longwen in
Zhangzhou city. Due to the differences in socio-economic state and
natural conditions, the degree of contribution of each indicator to flood
risk also showed spatial heterogeneity, and therefore, it is necessary to
explore the contribution of each driving factor that leads to a change in
the flood risk in each district. In Fig. 9, the results show that, first, the
contribution of the top 5 main driving factors varied with space and
time, the main driving indicators in the whole watershed on average
included: maximum daily rainfall, peak discharge, age structure (the
proportion of elderly and youth), wetland and reservoir, second, as flood
control projects developed rapidly during 1990-2015 in Xinluo, Nanjing
and Hua’an districts, the reservoir and dikes emerged as the main
driving factors in these districts during the period; third, with rapid
urbanization, the increase in the built area has shown an obvious
contribution to flood risk evolution in Xiangcheng (downtown of
Zhangzhou City) and Xinluo (downtown of Longyan City) districts,

especially during period from 2011 to 2015, as shown in Fig. S4 (SD);
fourth, the decrease in wetland area showed a significant contribution to
flood risk variation in the Xiangcheng and Longwen districts during the
process of rapid urbanization, as shown in Fig. S3 (SI); fifth, as the local
governments attach different importance to flood financial investment
and thus resulting in varying degrees of impact on flood risk evolution.
What’s more, Fig. S5 (SI) showed that the risk perception (represented
by household income and education level) contributed a lot in most
districts from 2011 to 2015, and this was the result of the rapid devel-
opment of socio-economic and lower contribution of hazard indicators
during that period.

4. Discussion
4.1. Applicability of the present approach

Flood damages have increased significantly and are expected to rise in
many parts of the world due to climate change and urban expansion,
especially in developing countries that often lack sufficient technical and
financial capabilities (Thieken et al., 2016). Furthermore, flood risk is a
geographically and socially differentiated, spatially heterogeneous, dy-
namic, and complex combination of interactive processes (Balica et al.,
2009; Chang and Chen, 2016). It is vital, therefore, to study the mecha-
nisms and factors that influence the temporal and spatial variations of
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Fig. 6. Spatial distributions of flood adaptive capacity from 1990 to 2015: (a) 1990; (b) 1991-1995; (c) 1996-2000; (d) 2001-2005; (e) 2006-2010; (f) 2011-2015.

flood risk, and accordingly, specific locally appropriate and efficient
adaptation measures considering spatial heterogeneity should be taken
by policymakers. In this study, we have presented a comprehensive
approach which integrated climate variability, environmental change,
and human activity to assess the temporal and spatial evolution of flood
risk in JRW, and furtherly investigated the relative contribution of each
component and indicator to flood risk evolution.. The indicators involved
in this approach include (1) hazard indicators from meteorology and
hydrology; (2) exposure indicators from the physical and social-economic
systems; (3) sensitivity indicators from the environmental and socio-
economic systems; and (4) adaptive capacity indicators from both engi-
neering and non-engineering measures. Meanwhile, the data included in
the flood risk assessment framework are universal, and the contribution
of each component and indicator to flood risk evolution has been
analyzed in detail, therefore, the approach can be easily applied to other
watersheds. In addition, the indicators are not limited as described in this
paper but can be expanded according to the individual study and data
accessibility. Furthermore, the approach is not only limited to historical
flood risk assessment but can also be extended for future flood risk evo-
lution or other types of disaster risk. Above all, as flood risk is driven by a
combination of interactive processes, and is dynamic and spatially het-
erogeneous, the approach may help understand perspectives for future
adaption by considering the feedback mechanisms between the drivers of
flood risk change in the past.

4.2. Comparative contributions of flood hazard, exposure, sensitivity, and
adaptive capacity

The factors studied, and the mechanisms whereby they influence
flood risk evolution, are diverse and complex because they can come
from different sources such as meteorology, hydrology, terrain, land use,
and socio-economic and flood control measures. Furthermore, with
climate variability, environmental change and economic and social
development in flood-prone areas, it’s worth noting that the flood risk is
not static but dynamic and spatial heterogeneity. In terms of this puzzle,
policymakers need to develop methods for quantitatively assessing flood
risk, and explore the driving factors for flood risk evolution. This study
not only employed a wide range of indicators among hazard, exposure,
sensitivity, and adaptive capacity components to assess the historical
flood risk in JRW but also compared the respective contributions of each
indicator to flood risk dynamics. The results in this study demonstrate
that the maximum daily rainfall, annual rainfall, peak discharge from
hazard component, and reservoir, dike from the adaptive capacity
component, are the most significant driving factors among the whole
watershed, and the other indexes, such as household income, financial
investment, age structure, built-up area, and wetland area, have an
obvious effect on flood risk change in some districts. Therefore, to make
flood mitigation and adaption measures more efficient and targeted,
decision-makers should fully consider the factors that might influence
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Fig. 7. Spatial distributions of historical flood risk from 1990 to 2015: (a) 1990; (b) 1991-1995; (c) 1996-2000; (d) 2001-2005; (e) 2006-2010; (f) 2011-2015.

flood risk based on local realities.

The results in this study reveal that the flood risk in the downstream
stretch of the river is higher than that in the upstream stretch. As
demonstrated by the analysis of the contributions to the flood risk
variation, the hazard indexes (maximum daily rainfall, annual rainfall,
peak discharge) were the most significant in most districts, a result
consistent with previous research on a flood risk assessment which
concluded that the hazard index was the most significant among the
three indexes of hazard, exposure, and sensitivity (Sadiq and Tesfa-
mariam, 2009; Liu et al., 2016). Nevertheless, the results also demon-
strate that the sensitivity and adaptive capacity indexes also contribute a
great deal to the flood risk variation. In terms of the sensitivity indexes,
this study has integrated human behavior into flood risk assessment, and
existing risk assessment methods rarely include this critical factor (Aerts
et al., 2018; Bodoque et al., 2019). In addition, the results reveal that
improving the educational level and household income also improves
the social perception of flood risk and thus lowers the sensitivity, and
this result is also in line with previous studies (Armas and Avram, 2009;
Lin et al., 2018). In terms of the adaptive capacity indexes, this study has
revealed that flood protection engineering measures (dikes, reservoirs)
vary greatly across different regions, and they had contributed the most
to the flood risk variation in Xinluo district, this result may suggest that
the political attitudes toward flood protection investment are spatially
heterogeneous, a finding consistent with previous studies (Jongman
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et al., 2015; Willner et al., 2018). Although the engineering protection
measure indexes are the primary adaptive-capacity ones, the contribu-
tion of the non-engineering protection measures should not be under-
estimated, and this study has revealed that the degeneration of wetlands
due to human activity made an obvious contribution to the flood risk in
the Longwen district.

Although the results in this study show that exposure contributed the
least to the flood risk variation, the contribution of the built area and
road density factors to the flood risk variation was especially apparent in
urban areas (Xiangcheng and Xinluo districts). The rapid increase in the
built area caused by urban sprawl increased the flood exposure, and
along with urbanization comes underlying surface changes which in-
crease the runoff coefficient, and result in a further increase in sensi-
tivity; this result corresponds with that in a previous study (Kundzewicz
et al., 2018).

4.3. Implications

Both previous research and this study show that changes in the
hazard indexes contribute the most to the change in flood risk. In the
context of climate change, a great deal of research has pointed out that
future increases in flood frequency and severity due to changes in
extreme weather can be expected (Field et al., 2012; Visser et al., 2014),
and absolute damage may increase by up to a factor of 20 by the end of
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the century, without action (Winsemius et al., 2016). Furthermore, rapid
urbanization has resulted in an escalating increase in exposure in China.
Positive human behavior, however, could directly affect both impacts
and recovery time. Hence, assessing the risk perception of the

11

inhabitants in low-lying flood-prone areas — a perspective lacking in
previous researches — is an important aspect of flood-risk management
(Aerts et al., 2018). And, just as in JRW, both high-income and low-
income regions may benefit greatly from investing in adaption
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measures (Winsemius et al., 2016), although we should also note that
the flood adaptive capacity varies greatly over different regions, for
various reasons (e.g., the political attitudes of decision-makers, socio-
economic status), and so far, regional adaption has been lacking in the
incorporation of spatially heterogeneous flood protection measures
(Willner et al., 2018). Therefore, in consideration of spatio-temporal
dynamics in climate change, physical and socio-economic develop-
ment, policymakers should develop spatially heterogeneous adaption
strategies to make the living environment more resilient to floods in the
future.

4.4. Ltations

This study has several limitations that need to be improved through
future research. First, to assess the flood risk more comprehensively, the
roughness or more indicators need to be added to the flood risk assess-
ment framework. Second, some indicators (e.g., electrical facilities,
number of flood control offices established) for a selected year was
sometimes used to represent all the periods due to the lack of data,
resulting in the neglecting of the contribution of these indicators to flood
risk variations.

5. Conclusion

To build a comprehensive SMCA flood assessment model in the JRW,
a wide range of indicators were chosen, in the areas of meteorology,
hydrology, land use, flood protection measures, socio-economic data,
and human behavior. Furthermore, the flood risk variations during the
period 1990 to 2015, along with the contributions of each indicator to
the flood risk variation were explored. The conclusions are summarized
as follows.

(1) The flood risk in the downstream stretch of the JRW was higher
than that in the upstream stretch. From 1990 to 2015, looking at
5-year intervals, the highest flood risk appeared during
2006-2010, the lowest during 2011-2015

The hazard component contributed the most to the flood risk
variation, in most areas of the JRW, compared to the other
components: exposure, sensitivity, and adaptive capacity. How-
ever, the adaptive capacity contributed the most to the flood risk
variation in the Xinluo district, suggesting that the stakeholders
of the Xinluo district spared no effort to reduce the flood risk, and
some improvements were indeed achieved.

The top 5 driving factors of flood risk evolution in JRW were:
peak discharge (39.96%) > daily maximum rainfall (18.16%) >
proportion of old and youth (9.55%) > dike (8.92%) > reservoir
(4.75%). Furthermore, the expansion of built-up showed an
obvious effect on flood risk change in Xiangcheng district
(5.21%), the financial investment showed an obvious effect on
flood risk change in Liancheng district (4.65%) and Zhangping
district (4.55%).

(2

3

The findings of this study have important implications for watershed
flood risk management. (1) Policymakers should take into consideration
not only the flood hazard but also exposure, sensitivity, and adaptive
capacity, to assess flood risk comprehensively. (2) As human activities
play a major role during flood disasters, human behavior (such as flood
risk perception) should be incorporated into flood disaster risk assess-
ment. (3) Because flood risk is spatially heterogeneous and changes
dynamically, spatially heterogeneous flood protection measures should
be incorporated when developing flood adaption strategies.
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