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Abstract
Currently, urban pluvial �ood risk management and mitigation strongly require integrated �ood risk assessment at a �ne scale.
In this study, we tried to perform integrated pluvial �ood risk assessment in the framework of “hazard-exposure-vulnerability”
at the grid scale. First, a simpli�ed pluvial �ood inundation was utilized to quickly calculate �ood depth for hazard information
to �nd the �ood depth under different precipitation conditions. Next, spatial analysis based on Geographic Information
Science (GIS) was chosen to analyze the entire exposure degree of land use. Then, point of interest (POI) data together with
traditional statistical data were analyzed by principal component analysis (PCA) for vulnerability assessment at the grid scale,
and spatial overlay analysis was used to obtain the integrated risk assessment. The results showed that as the intensity of
heavy rain increased, the level and intensity of hazard and exposure risk increased accordingly and showed obvious spatial
agglomeration. The 20-year return period of a rainstorm was an in�ection point for the area change of hazard. However,
vulnerability had a signi�cant clustering effect, which was obviously distinct from hazard and exposure risk. As the rainstorm
intensity increased, the regional area of pluvial �ood risk facing two or three risks gradually increased, and its spatial
agglomeration effect also gradually increased. It is worth noting that the highest integrated risk area was mainly distributed
near both the midstream and the downstream sides of Donghaochong. Our research can provide scienti�c reference for the
mitigation of urban pluvial �ood risk, and case reference for other cities to carry out similar research.

1 Introduction
Urban development and climate change continue to aggravate urban pluvial �oods, which are becoming more serious (Bulti et
al., 2020), causing socioeconomic problems such as economic losses, tra�c congestion, environmental pollution, and
resident` travel and health risks (Rahmati et al., 2020). Urban land cover change dominated by the increase in impervious
surfaces has reduced surface in�ltration and increased surface runoff (Arnold and Gibbons, 1996). In the process of
urbanization, urban infrastructure construction is not in harmony with urban development in most majority countries. For
example, drainage networks in arti�cial standards cannot deal with heavy rainfall, which has led to the frequent occurrence of
urban �oods. In addition, climate change, characterized by extreme rainfall and sea level rise, is exacerbating this trend.
Furthermore, population and assets gradually accumulate in cities during urbanization (Slater and Villarini, 2016), resulting in
a further increase in the scope and intensity of urban �ood disasters. Therefore, urban �ooding has become an urgent problem
of urban �ood management and has attracted increasing attention from government departments and stakeholders.

Urban �ood risk management, including urban �ood risk assessment and risk mitigation, rather than traditional gray
engineering measures, is considered the main solution for resolving urban �ood problems (Johnson et al., 2007). To date,
urban �ood risk assessment is an important and effective means to strengthen technological support and improve emergency
response capabilities. The purpose of urban �ood risk assessment is to analyze current or future �ood risk information,
identify high-risk areas (Muis et al., 2015), and provide decision support for �ood mitigation measures, as well as assess the
effectiveness of their mitigation measures (Zhou et al., 2012). Numerous related scholars (Haynes et al., 2008; Koks et al.,
2015; Foudi et al., 2015; Fakhruddin et al., 2020) and research institutes have used the frame of “hazard-exposure-
vulnerability” for �ood risk assessment.

Flood risk = Hazard (H) × Exposure (E) × Vulnerability (V)

Hazard can be described as the �ood location, depth, and �ow rate. Exposure is mainly used to analyze the affected land-use
types, people, buildings, and infrastructure in certain �ood events. Vulnerability can be de�ned as the susceptibility of the
elements (people, buildings, infrastructure and so on) at risk of suffering from �ood damage. This framework not only focuses
on the hazard and exposure of a disaster but also considers the vulnerability of various disaster-bearing bodies.

Previous studies on urban �ood risk have mainly focused on �uvial or coastal �oods at relatively large scales, such as
regional scales or basin scales (Vojinovic et al., 2015; Ganguli and Merz, 2019). With urban development, although the
damage or cost of urban pluvial �oods is greater than that of coastal or river �oods, the frequency of pluvial �oods increases
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(Muthusamy et al., 2019) with urban growth, thus having a greater adverse impact on people, transportation and economic
activities. Hence, urban pluvial �oods deserve more attention.

Urban pluvial �oods usually occur in local areas of the city due to short-term heavy rainfall, and their impact is very extensive.
Therefore, urban pluvial �ood risk urgently needs a comprehensive assessment (Kulkarni et al., 2014; Vercruysse et al., 2019)
on a �ne scale (Casiano Flores and Crompvoets, 2020). However, most of the research content has focused on the hazard or
exposure to risk, and less attention has been given to vulnerability. There are few comprehensive �ood risk assessment
studies. Hazards mainly rely on hydrological, hydraulic models or simpli�ed models (Bulti et al., 2020; Feng et al., 2020) to
obtain inundation information. Exposure based on the hazard requires spatial analysis to obtain information on the different
land-use types, infrastructure, population, etc., exposed to inundation in the region. An inadequate understanding of the
comprehensive risk of urban �ood has caused researchers to neglect vulnerability. Since urban �ooding cannot be managed in
isolation, an integrated approach is required (Zevenbergen et al., 2008).

Urban pluvial �ood risk assessment pays more attention to larger scales, such as the catchment (Rouillard et al., 2015; Zhou et
al., 2019), urban (Mebarki et al., 2012; Di Salvo et al., 2018), and regional scales (Prokić et al., 2019; Speight et al., 2017); in
contrast, less attention has been given to small scales in the inner city, such as the subcatchment (Pathak et al., 2020a),
community (Azizi and Meier, 2021) or street (Yin et al., 2016) scales. Therefore, the research content and scale do not meet the
needs of urban pluvial �ood management and prevention. The main reasons for these patterns are as follows: (1) Re�ned
scale assessment requires more accurate data; (2) the complex surface characteristics of different natural watersheds within
the city cause the current �ooding mechanism to be further explored. A �ner scale usually requires more su�cient and
accurate data, such as data on the high-precision terrain, buildings, commercial facilities, infrastructure, the population
distribution and drains network data. Traditional demographic and economic statistics used in vulnerability assessments are
based on administrative divisions that are not su�cient for urban inner pluvial �ood assessments, especially in relation to
vulnerability. To date, drainage network data and computing power are still the main limiting factors in two-dimensional
hazard hydraulic modeling in large urban areas.

The progress of big data technology provides a wealth of data sources that offer very large application potential and new
opportunities for urban �ood risk assessment at �ner scale. At present, different types of big data are starting to be used in
studies related to urban �ooding. Social media or POI (point of interest) data were used for urban pluvial �ood early warning
(Young et al., 2021), �ood risk assessment (Coletti et al., 2020), and �ood monitoring and mapping (Rosser et al., 2017;
Helmrich et al., 2021). POI data contains information on business, education, transportation, and medical care at an urban
internal �ne scale, which can break through the administrative division restrictions of traditional statistical data. Therefore, POI
data can be considered a new type of data for conducting a re�ned vulnerability assessment.

In this paper, we presented an integrated urban pluvial �ood risk assessment at a grid scale. First, limited by the municipal
drainage network data, we could not establish a two-dimensional urban hydraulic model at the district level of the city; thus, a
simpli�ed hydrological model was used as a substitute to obtain hazard information. Second, spatial analysis was performed
to map the exposure degree of land-use types on the basis of hazard information. Then, POI data together with traditional
socioeconomic data were used to assess the vulnerability map on a �ner scale with the help of statistical and spatial analysis
methods. Finally, an integrated waterlogging risk (H-E-V) assessment was achieved. This study could provide a scienti�c
reference and decision basis for urban �ood mitigation and urban planning.

2 Materials And Methods

2.1 Study Area
Guangzhou, located in southern China (22°26'–23°56'N and 112°57'–114°03'E), is the capital of Guangdong Province and the
central urban area of Guangdong-Hong Kong-Macao Greater Bay Area. Guangzhou comprises 11 districts, such as Yuexiu,
Tianhe, and Haizhu, covering an area of approximately 7434 km2 (see Fig. 1). Guangzhou, which is dominated by subtropical
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monsoons, is one of the cities with the most rainfall in China, with an annual precipitation of 1164 ~ 1899 mm and an annual
average of 149 rainy days. Since 1978, this city has experienced dramatic urbanization, and its urban pluvial �ood has been
worsening in the process. Hallegatte et al. (2013) showed that Guangzhou has the highest �ood risk ranking among 138 major
coastal cities in the world. Yuexiu District is the oldest downtown area in Guangzhou. Moreover, as the administrative,
commercial, �nancial, and cultural center of Guangzhou, it has formed an industrial structure with the tertiary industry as the
main body, the characteristic economy as the driving force, and the commercial service industry as the support. Its pluvial
�ood problem is particularly serious due to its dense population and old infrastructure. Therefore, we choose Yuexiu District as
the study area (Fig. 1).

2.2 Data
A variety of data were used in this study for hazard and exposure analysis. Land-use maps, precipitation data, catchment data
and terrain data were used in hazard analysis. The land use/ cover map was digitized based on the 1:2000 aerial remote
sensing images with orthogonal projection (spatial resolution 0.1 m) and 1:500 terrain data obtained from the �eld survey
conducted in 2013 (Zhang et al., 2018).

The original classi�cation system contained 10 land cover types and 46 subtypes. We reclassi�ed the land cover map from 46
subtypes into 10 primary-level land cover types in ArcGIS. Primary-level classi�cation included (1) cultivated land; (2) garden
plot; (3) forestland; (4) grassland; (5) building area; (6) road; (7) structure; (8) arti�cial heap-excavation land; (9) desert and
bare surface; and (10) water (Zhang et al., 2018). Then, we reclassi�ed building area, road, and structure as impervious
surface and others as pervious surface. Precipitation data of different recurrence periods were calculated by using the Chicago
rainstorm calculation formula published by the Guangzhou Water Bureau (see Formula 1).

P=
3618.427( 1+0.438Lgq)

( t+11.259) 0.750  (1)

Unit: L/S*ha; Relative position of rain peak: r = 0.367.

Additionally, land-use maps were the main data source for exposure. In the vulnerability analysis, population attribute data
were derived from China's sixth census, and population density data were from
http://www.worldpop.org.uk/data/data_sources/. POI refers to describing the characteristics of residential infrastructure
(Fig. 2), and these data were obtained by Baidu Map by Network reptiles using Python. Considering previous research (Kulkarni
et al., 2014; Tanaka et al., 2020; Pricope et al., 2019) and the data availability in our study area, we selected these indicators.
Descriptions of speci�c indicators and their data sources are shown in Table 1.
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Table 1
Description of speci�c indicators and their data sources

Indicator Primary Secondary Description/positive(-)
and negative (-)
correlation

Data source

Hazard   Depth Inundation depth in
certain rainfall event
(+)

From model

Exposure   Exposure Total exposure of
�ooded land type (+)

 

Vulnerability Population P01 Percent of female
population (+)

China's sixth census

P02 Percent of children
population ( < = 14
year) (+)

China's sixth census

P03 Percent of old people
population ( > = 75
year) (+)

China's sixth census

P04 Illiteracy ratio
(Illiteracy as a
percentage of
population over 15
year people) (+)

China's sixth census

P05 Percent of population
with low education
level (Population ratio
of high school and
junior high school) (+)

China's sixth census

P06 Percent of population
with high education
level (Percent of
population with
college degree or
above) (-)

China's sixth census

P07 Percent of unhealthy
old people (Percent of
the elderly who live on
their own) (+)

China's sixth census

P08 Percent of divorced
and widowed
population (Percent of
population over 15
years) (+)

China's sixth census

P09 Migrant population
ratio (Percent of
population with
household
registration in other
places) (+)

China's sixth census

Den_pep People density (+) http://www.worldpop.org.uk/data/data_sources/

Residential
characteristics

B01 Percent of brick-wood
and mixed-structure
houses (+)

China's sixth census

B02 Percent of living
houses (-)

China's sixth census
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Indicator Primary Secondary Description/positive(-)
and negative (-)
correlation

Data source

Infrastructure
indicators

I1 Index of indoor
emergency shelter (T)
(-)

2017 Baidu POI

I2 Spatial distribution
index of medical
services (Y) (-)

2017 Baidu POI

I3 Distribution space
index for commercial
services (C) (-)

2017 Baidu POI

I4 index of bus station
spatial distribution (B)
(+)

2017 Baidu POI

I5 Index of spatial
distribution of
kindergartens in
primary and
secondary schools (T)
(+)

2017 Baidu POI

I6 Green space area (L)
(-)

Land-use map in 2015 year

2.3 Urban pluvial �ood assessment method

2.3.1 A simpli�ed urban pluvial �ood model
A simpli�ed urban pluvial �ood model was built to obtain inundation depth in different rainstorm return periods. The urban
pluvial �ooding process includes rainfall, runoff, pipe network drainage and surface waterlogging. In this study, the Soil
Conservation Service (SCS) model and reservoir capacity curve were used to build a simpli�ed urban �ood model for
simulating the above mentioned urban pluvial �ood process with ArcGIS 10.7.

As an experienced hydrological model, SCS was developed in the 1950s by the U.S. Department of Agriculture Water and Soil
Conservation. It was based on more than 20 years of measured runoff data and was used to assess the hydrological
characteristics of small watersheds. The model mainly determines the total runoff depending on the soil and rainfall
conditions, in which the soil factors are determined by the soil permeation characteristics, the soil pre-water content and the
land type. Because the SCS has good performance in few parameters, simple calculations and better precision, urban runoff
calculations and related �oods have also begun to be used in recent years (Zhao et al., 2019; Wang et al., 2021; Bouvier et al.,
2018b).

The reservoir capacity curve is the relationship curve between the reservoir water level and its corresponding reservoir capacity.
It is mainly used for reservoir planning design and management scheduling in hydraulics (Pandey et al., 2016; Issa et al.,
2017). In this paper, we used the principle of the reservoir capacity curve to establish the relationship between the �ooding
height and the amount of water accumulation in each subcatchment.

The SCS, as a simpli�ed runoff model, was adopted to simulate the runoff yield and concentration process (Bouvier et al.,
2018a). In addition, we simpli�ed the drainage process. In the study area, most of the standard drainage network standard
was once-a-year rainfall, so we considered that the drainage capacity of the drainage network was 42.5 mm per hour. After
that, we subtracted the runoff yield from the water discharge in each subcatchment and obtained the �nal amount of water
accumulation. Then, we used the principle of the reservoir capacity curve to establish the equation between the depth of
�ooding and the amount of water accumulation. Water accumulation calculations at different depths were implemented by
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ArcGIS 10.7 using the Surface Volume tool. Then, the �nal inundation depth was calculated. The simpli�ed modeling process
was as follows:

(1) First, the Chicago rainstorm calculation formula and SCS were used to model rainfall runoff, and the calculation Formula
(2) is as follows:

Qr =(P − Ia)2/(P + S-Ia) P≥Ia

Qr=0 P<Ia

Ia =0.2S

S=
25400

CN  – 254

CN = 0.24X + 74 (2)

where Qr is the total runoff (m3) produced in the subcatchment area; P is the rainfall (mm) of different rainstorm return
periods; CN is a comprehensive parameter that re�ects the characteristics of the catchment area before rainfall; and X is the
percent of impervious surfaces in each subcatchment.

(2) Water accumulation calculation:

Wa = (Qr -Qd)*Area (3)

where Wa is the surface water accumulation; Area is the area of each subcatchment area (unit: m2); and Qd is the drainage
capacity of the drainage network per hour.

3) Establishment of the reserve capacity curve of each subcatchment:

The Surface Volume tool in ArcGIS calculates surface water accumulation under the set horizontal plane elevation. To this
end, we established the functional relationship between the plane elevation of each sub-catchment and water accumulation,
as shown in Appendix Table 1, according to the calculation results. Then, according to the water accumulation formula, the set
horizontal plane elevations of different subcatchments were calculated.

4) Using the Raster Calculator in ArcGIS, the original topographic map was subtracted from the above mentioned set
horizontal plane elevations and differences greater than 0 were the �nal inundation elevations (Appendix Table 1).

2.3.2. Exposure index calculation
Yuexiu District is a highly developed area in Guangzhou with densely distributed buildings and populations. Therefore, when
assessing exposure risks, we assessed all types of land use without distinguishing speci�c categories. We calculated the
exposure index of land use to characterize exposure. The calculation formula is as follows:

E(land-index)=∑ m
i=1gi uj *Wi

gi uj  =
fi uj

∑n
j=1fi uj

 (4)

where E (land index) is the exposure index; gi uj represents the area proportion in area j with an exposure level of i as land

with the same exposure level in the study area; Wi is a weight factor for exposure grade i; m = 6; n = 3528; and weight is
divided into 6 levels according to the inundation depth. A total of 3528 grids were included in the calculation. Finally, E (land

( )

( ) ( )
( )

( )
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index) was divided into �ve levels according to the natural breakpoint method, i.e., potential, micro, mild, moderate and severe
exposure levels. As a hierarchical classi�cation statistic based on the distribution of numerical statistics, the natural
breakpoint method maximizes the differences between classes.

2.3.3 Vulnerability index calculation
The selection of indicators and calculation method are the two main questions of vulnerability assessment. In selecting
vulnerability indicators, we �rst should choose enough indicators as soon as possible to re�ect the urban pluvial �ood
vulnerability of the study area. Referring to previous research results (Müller et al., 2011; Tapia et al., 2017; Pricope et al., 2019)
and the availability of data, we selected three primary indicators and eighteen secondary indicators (Table 1). However, there
may be redundancy between indicators. It is better to obtain more information with the fewest variables. Considering the wide
application of the PCA method in �ood vulnerability (Pricope et al., 2019; Wu, 2021), PCA was selected for vulnerability
assessment in this paper. Before performing PCA, the Kaiser–Mayer–Olkin (KMO) statistic and Bartlett's sphericity test were
performed to estimate the suitability of PCA (Aroca-Jimenez et al., 2017; Pathak et al., 2020b). The KMO value in this study
was 0.599 (> 0.5), and the df value of the Bartlett test was 153. Therefore, the vulnerability indicators were considered
appropriate for PCA. According to the PCA results, the explained variance of each main component was its weight coe�cient,
which was used to determine its �nal vulnerability score. Similar to the exposure classi�cation, vulnerability was divided into
�ve levels using the natural breakpoint method: potential, micro, mild, moderate and severe vulnerability.

2.3.4 Integrated �ood risk assessment
After obtaining the evaluation results of the three elements of risk, due to the subjectivity and uncertainty of the weight setting
process, we did not adopt the method of setting weights to obtain the integrated risk assessment. We combined three layers,
including hazard, exposure, and vulnerability maps, to produce an integrated �ood risk map using ArcGIS 10.7. For hazards,
raster grid cells with inundation depths greater than 20 cm are dangerous areas worthy of attention and were assigned a value
of 1, and the rest were assigned a value of 0. In the exposure and vulnerability assessment results, the moderate and severe
areas were considered to be areas of concern, they were assigned a value of 1, and the remaining areas were assigned a value
of 0.

After assigning values (0 or 1) for hazard, exposure, and vulnerability according to the rules, a spatial overlay was performed
for these three layers in order of hazard, exposure, and vulnerability. Among them, 001, 010 and 001 represented that the area
faces one of the risks of hazard, exposure, and vulnerability, respectively, while 011, 110, and 101 represented that the study
area faced two risks of hazard, exposure, and vulnerability respectively. Additionally, 111 meant that the area faced three risks
at the same time. A �owchart of the integrated pluvial �ood risk assessment is shown in Fig. 3.

3 Results And Discussion

3.1 Hazard and exposure analysis
By using the simpli�ed urban pluvial model, we obtained the inundation depth of a series of rainstorm periods for each
subcatchment (Appendix Table 2). Hazard results, including area and spatial pattern in Yuexiu District, are shown in Appendix
Table 2 and Fig. 4. In general, the inundation area increased with the increase in rainstorm periods, and they showed a high
spatial agglomeration effect.

In terms of inundation area, it increased signi�cantly in the 10-year return period compared to the 5-year return period; however,
it remained relatively stable between the 20 and 50-year periods (Appendix Table 2). For the 5-year period, the inundation area
was 3.93 km2, accounting for 11.13% of the total area. In the following return periods (10–100 years), the proportion of
inundation area was 14.6%, 18.48%, 20.44%, and 21.69%, respectively.

It is generally believed that a �ood depth greater than 20 cm has a greater impact on pedestrians. Based on this, we focused
on the statistics of �ooded areas with a submerged depth greater than 20 cm. The proportion of inundation area where the
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�ood depth was greater than 20 cm increased with increasing period. The proportion of their inundation area was 5.61%,
8.45%, 12.36%, 15.17%, and 16.61% from the 5-year to the 100-year return periods, respectively. During the 5- to 10-year
rainstorm periods, the proportion of the inundation area greater than 20 cm of submerged depth increased by 50.62%, and this
proportion slowed slightly to 46.27% during the 10- or 20-year period. However, during the periods of 20–50 years and 50–100
years, the proportion fell sharply to 22.73% and 9.49%, respectively.

We found that the 20-year period was the in�ection point of the inundation area change and that the growth rate of the
inundation area increased gradually in the period less than 20 years but slowed after a 20-year period. The drainage pipe
standard of Guangzhou’s new urban area was designed only according to a return period of 3 years, while approximately 83%
of the drainage pipe network in the old urban area was designed for the “1-year return period” drainage standard. Taking into
account the impact of unfavorable factors such as blockage in the use of the drainage network, in the design of urban
drainage network reconstruction, the standards that deal with a 50-year return period may be worthy of reference. Additionally,
the Guangzhou Municipal Government document "Guangzhou City Flood Control System Construction Standard Guidelines"
noted that in metropolitan areas, including Yuexiu District, the future drainage standards should withstand the 50-year return
year rainstorm. Currently, Guangzhou is advancing the construction of sponge cities. Our research results can provide valuable
reference information for improving the drainage capacity of sponge cities in old cities.

In terms of spatial aggregation, the model simulation results showed that the �ooded areas in Yuexiu District were mainly
concentrated in the following seven regions: (1) the middle and lower reaches of Donghao Creek; (2) the region between East
Lake and the Inner Ring Road; (3) the region around the Xiaobei subway station, (4) the intersection of the People North Road
and the LiuHua Road and its surrounding area; (5) the region between Yanxi Station and Tongde Wei North–South viaduct; (6)
the region between Zhongshan First intersection and Yangji village, and (7) the region between Yanjiang Road and Yide Road.
These regions are associated with the actual �ooding point of Yuexiu. The results showed that these severely affected areas
were mainly located around important roads or subway stations or on both sides of low-lying rivers. Schools, hospitals,
commercial centers, etc., gathered around them.

These regions were associated with the actual �ooding point of Yuexiu. The results could not simulate all the �ooding areas
of Yuexiu, probably because this paper simulated a maximum rainfall of 99.6 mm per hour of 100, and some �ooded areas
may have occurred due to more intense rainfall. Another reason may be that the model homogenized the drainage capacity of
each area and prioritized low-lying areas in the distribution of �ooded water.

In terms of the exposed area (Appendix Table 3), the main focus was on potential exposure. The exposed area above a slight
degree �rst increased and then decreased under the 5-100 year return periods rainstorms. Among them, the slightly exposed
area ratio increased from 6.32% in 5-year to 13.92% in 20 years and then decreased to 12.98% in 100-years, while the ratio of
moderately exposed areas increased from 1.82% in 5 year- to 5.98% in 50-year. After that, it was reduced to 5.66% in 100-year.
Since the calculation of exposure assessment depends on the hazard result, the spatial distribution of the exposure of
submerged land under different rainfall intensities was similar to the spatial aggregation of hazard (Fig. 5).

3.2 Vulnerability analysis
We obtained 5 principal components replacing the 16 raw indicators using PCA. The results showed that �ve components
explained approximately 74.116% of the variation in the vulnerability data across the study area (Table 2). The �rst three
components (components 1, 2, and 3) explained 54.943%, representing population and residential characteristics with
dominant indicators P02 (the proportion of children), P08 (ratio of divorce and widowhood), P05 (low educated population
ratio), and B02 (the proportion of population with housing). The last two components (components 4 and 5) explained
19.173% of the variance in the infrastructure indicators. Most indicators were in speci�c components once, however, P09
(migrant population ratio) and I5 (index of spatial distribution of kindergartens in primary and secondary schools) were shown
twice in different components. This result proved that the migrant population and primary and secondary schools were
essential for understanding urban pluvial �ood vulnerability.
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The spatial distribution map and area statistics of vulnerability levels are shown in Fig. 6 and Table 3. The proportion of the
area of   each vulnerability was mainly at the micro and mild levels, and the two areas together accounted for 59.86% of the
total area of   Yuexiu District. Special attention was given to the area ratio of moderate and severe exposure reaching 30.02%,
which was far greater than the 7% of moderate and severe exposure. The severity of Yuexiu's vulnerability was higher than
that of exposure, which showed the importance of vulnerability in urban pluvial �ood risk assessment.

The spatial distribution map of vulnerability levels showed that vulnerability also had a signi�cant clustering effect. The
largest severely vulnerable area was located in the area surrounded by Yanjiangxi Road, Jiefang South Road, Daxin Road, and
Renmin Elevated Road. The area that extended to the periphery was the moderately vulnerable region. In terms of spatial
distribution, the moderately vulnerable area was more scattered than the severely vulnerable area. It was cross-distributed
among mild vulnerability, moderate vulnerability, and severe vulnerability. Micro vulnerability was mainly distributed around
Luhu Lake in the north of Yuexiu District and Ersha Island in the south of Yuexiu District.

The results showed that the hazard and exposure to the risk factors were close in spatial distribution, while the spatial
distribution of the vulnerability levels was quite different. It was observed that vulnerability was a key factor affecting the �nal
comprehensive �ood risk assessment. However, in most cities in China, vulnerability is often neglected in the mapping of �ood
risk, which leads to incomplete �nal results. Currently, there is not only less assessment of socioeconomic vulnerability in �ood
assessment in Guangzhou but also less quantitative damage assessment. Because of the absence of a stage-damage curve
applicable to Guangzhou, a quantitative vulnerability assessment was not made. The vulnerability assessment in this paper
was mainly based on the social vulnerability assessment based on the index method. Therefore, Guangzhou should start to
establish a database of �ood disaster losses applicable to the region to establish a disaster curve that can quantitatively
assess �ood losses and obtain a quantitative vulnerability assessment and a comprehensive �ood risk assessment.
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Table 2
Summary of vulnerability components based on PCA results

Indicator Component Number

1 2 3 4 5

Den_pep 0.242 0.329 -0.003 0.68 -0.083

P01 0.859 0.414 0.249 -0.024 0.074

P02 0.923 0.089 -0.081 0.066 0.022

P03 0.283 0.856 -0.149 0.086 0.2

P04 0 0.708 0.614 -0.112 0.018

P05 0.07 0.085 0.961 -0.032 0.016

P06 0.805 0.059 -0.513 -0.007 -0.037

P07 0.183 0.734 0.391 0.234 0.039

P08 0.207 0.926 -0.002 0.188 0.122

P09 0.633 0.138 0.69 0.031 -0.128

B01 0.081 0.661 0.133 0.326 -0.182

B02 0.842 0.314 0.404 -0.043 0.059

I1 -0.155 0.068 0.303 0.32 0.035

I2 0.116 0.01 -0.104 0.664  

I5 0.196 0.239 -0.276 0.536 0.428

I6 0.075 -0.079 -0.039 -0.589 0.248

%Variance Explained 20.394 19.799 14.751 12.555 6.618

Cumulative 20.394 40.193 54.943 67.498 74.116

Table 3
Scores and areas in different vulnerability classes

Vulnerability class Score Area (km2) Percent of area (%)

potential [-1.79, -0.49) 3.69 10.46

micro [-0.49, -0.02) 9.76 27.66

mild [-0.02,0.16) 11.24 31.86

moderate [0.16,0.36) 6.79 19.25

severe [0.36,0.89] 3.80 10.77

3.3 The integrated urban pluvial �ood assessment
The risk assessment framework based on the “H-E-V” framework can include all risk dimensions to comprehensively re�ect the
risk level of �oods in the rainy season. The study results (Appendix Table 4) indicated that with the increase in rainfall
intensity, the regional area facing one risk at least gradually increased, and their spatial agglomeration effects also gradually
became obvious. Among them, the area facing at least one kind of risk increased from 11.54 km2 of the 5-year return period to
13.65 km2 of the 100-year return period, and their area percent was between 26.61 and 28.77%. The area facing two or three
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types of risks at the same time increased from 1.37 km2 of the 5-year return period to 3.89 km2 of the 100-year return period,
accounting for 3.89–10.55% of the total area.

In areas with a high level of hazard and exposure risk but low vulnerability, �ood mitigation measures should focus on
improving the drainage capacity of �ooded areas. However, areas with low hazard and exposure risk levels but with high
vulnerabilities are easily overlooked by decision-makers. The current cities are facing an increase in extreme rainfall (Chen et
al., 2017) and urban development (Zhang et al., 2019), and the risk level of the area will increase signi�cantly. The Blue Book
of China's Climate Change (2021) shows that the precipitation in Guangzhou increased by 20–50 mm/10a from 1961 to 2020.
Therefore, reasonable �ood planning and management should include climate change and urban change (Moura Rezende et
al., 2019; Gimenez-Maranges et al., 2020). While enhancing the capacity of the drainage network, attention should be given to
non-engineering measures and should also strengthen residents’ awareness of �ood risk and emergency management of
government departments to minimize the adverse effects of �ood disasters.

Areas with high risks in all three dimensions (H-E-V) should be the areas of greatest concern. Our study found that the region
with the highest integrated risk was mainly distributed near both the midstream and the downstream sides of Donghaochong
from the 50-year return period (Fig. 7). The topographic conditions in this area were prone to waterlogging, and social
vulnerability was also high, leading to the highest integrated urban pluvial �ood risk. Previous studies (Yu et al., 2018; Chan et
al., 2021) have shown that there are multiple �ood hotspots in the Yuexiu area only from the hazard perspective. We adopted a
comprehensive �ood risk assessment, focusing on both the midstream and the downstream sides of Donghaochong as the
region with the highest comprehensive risk. More importantly, �ood control measures should focus on areas with high levels
of risk among the three dimensions. To solve the urban �ooding problem in Yuexiu District, the deep tunnel project is under
construction. As the �rst deep tunnel project in China, it is expected to effectively alleviate the waterlogging problem (Wu et al.,
2016). However, Huang et al. (Huang et al., 2019) found that the best mitigation was in the west and the immediate north of
the main tunnel, whereas the east of the creek did not show an obvious mitigation effect. This result is particularly worthy of
the attention of the �ood control and planning departments.

4 Conclusion
In this paper, we evaluated each of the three dimensions of �ood risk separately and then conducted a comprehensive �ood
risk assessment. The integrated �ood risk could more fully re�ect the spatial distribution of risk and provide a scienti�c
reference for future �ood risk mitigation measures. The conclusions are as follows.

(1) Hazard and exposure risks: as the intensity of heavy rain increases, the level and intensity of hazard and exposure risk
increase accordingly. The 20-year return period of a rainstorm is an in�ection point for the area change of hazard. Hazard and
exposure risks show obvious spatial agglomeration, and there are approximately seven areas where the �ood risk is highly
concentrated.

(2) Vulnerability: In terms of area, special attention is given to the area ratio of moderate to severe vulnerability in reaching
30.02%, which is far greater than the 7% of moderate to severe exposure. This result shows that the severity of Yuexiu's
vulnerability is higher than its exposure, which proves the importance of vulnerability in the risk assessment of urban pluvial
�oods. In terms of spatial agglomeration, the spatial distribution map of vulnerability levels shows that vulnerability also has
a signi�cant clustering effect that is obviously different from hazard and exposure risks.

(3) Integrated urban pluvial �ood risk: with the increase in rainfall intensity, the region facing two or three risks gradually
increases. Meanwhile, its spatial agglomeration effect gradually increases. The area ratio facing two and three risks at the
same time increased from 3.89% of the 5-year return period of 10.55% in the 100-year return period. The highest integrated risk
area was mainly distributed near both the midstream and the downstream sides of Donghaochong from the 50-year return
period.
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Figure 1

(a) Part of the remote sensing image of Yuexiu district; (b) DEM; (c) Yuexiu administrative boundary, catchment boundary and
river map
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Figure 2

Spatial distribution of the core density of infrastructure service facilities based on POI data and population density maps: (a)
emergency shelters; (b) medical services; (c) bus stations; (d) commercial facilities; (e) primary and secondary schools and
kindergartens; (f) population density
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Figure 3

Flowchart of the integrated pluvial �ood risk assessment
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Figure 4

Hazard maps of (a) return period=5 years; (b) return period=10 years; (c) return period=20 years; (d) return period=50 years; (e)
return period=100 years.
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Figure 5

Exposure map: (a) return period=5 years; (b) return period=10 years; (c) return period=20 years; (d) return period=50 years; (e)
return period=100 years.
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Figure 6

Spatial distribution map of vulnerability level
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Figure 7

Integrated urban pluvial �ood risk: (a) return period=5 years; (b) return period=10 years; (c) return period=20 years; (d) return
period=50 years; (e) return period=100 years.
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