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radar fusion precipitation scenario can effectively mitigate 
the problems of an uneven spatial distribution of stations 
and a weak QPE to accurately capture pluvial details. (3) 
One fixed-point assessment shows that different precipitation 
data have little influence on the temporal characteristics of 
the modeling result—all three types of data can accurately 
reflect flood occurrence times. This work can provide a sci-
entific basis for constructing effective urban pluvial flood 
monitoring systems.

Keywords City and neighborhood scale · Flood 
validation · Multisource precipitation data · Pluvial flood 
modeling · Shanghai

1 Introduction

The sixth assessment report of the Intergovernmental Panel 
on Climate Change (IPCC) indicates that the frequency of 
extreme weather and climate events has increased in the 
context of climate change, and the resulting flood hazards 
are very likely to continue to increase in the future (IPCC 
2021). Climate change in China shows considerable simi-
larity to global trends. Annual extreme rainfall has signifi-
cantly increased with a greater magnitude than the global 
rate, resulting in a higher risk of floods (Ding et al. 2006; 
Xu et al. 2011; Lai et al. 2020; IPCC 2021; Wu and Wu 
2021). Furthermore, China has experienced rapid urban 
expansion since the reform and opening-up in 1978, and the 
country’s urbanization level (as measured by the percent-
age of the population living in urban areas) increased from 
18% in 1978 to 58.52% in 2017 and is projected to reach 
approximately 75% at the end of the 2050s (Shi et al. 2006). 
Sustained and intensive human activities have weakened 
the ability of cities to respond to climate change and the 

Abstract Based on station precipitation observations, 
radar quantitative precipitation estimates (QPE), and radar 
fusion data during Typhoon Fitow (2013), the influence of 
multisource precipitation data on multiscale urban typhoon 
pluvial flood modeling is studied. Using Shanghai, China, 
as the study area, a simplified 2D hydrodynamic model is 
applied to simulations. Combined with actual flood incidents 
reported by the public and soil moisture data, we perform 
multiscale verifications and determine the applicability of 
three precipitation datasets in the modeling. The results are 
as follows: (1) At the city scale, although QPE have higher 
spatial resolution, these estimates are lower than station 
observations. Radar fusion data have both high accuracy and 
high spatial resolution. For flood depths above 5 cm, the 
radar fusion precipitation scenario can improve the match-
ing probability by 6%. (2) At the neighborhood scale, the 
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self-regulation of the social-ecological systems. Owing to 
a significant increase in impervious surfaces, increased risk 
exposure in urban areas, and poor drainage capacity, ongo-
ing urbanization has further amplified the adverse effects of 
rainstorm and pluvial flood hazards. Among all these haz-
ards, pluvial floods caused by tropical cyclones (TCs) are 
among the most serious and are responsible for significant 
property damage and loss of life in China. Coastal meg-
acities, as national economic centers, are more seriously 
affected by typhoon pluvial floods than inland and less 
developed area due to their specific geographical location 
and dense population and wealth (Chen et al. 2012; Chen 
et al. 2017; Zhang and Chen 2019). Typhoon pluvial flood-
ing has become one of the major challenges for coastal cities 
in China, as it is worldwide.

Recently, the construction of urban flood models has 
achieved great progress, developing from traditional hydro-
logical methods to one/two-dimensional (1D/2D) coupled 
hydraulic methods. For urban pluvial flooding, representa-
tive models such as the storm water management model 
(SWMM),1 storage treatment overflow and runoff model 
(STORM),2 MIKE-Urban,3 InfoWorks CS,4 hydrologic engi-
neering center-hydrologic modeling system (HEC-HMS),5 
DigitalWater,6 and integrated flood modeling system (IFMS) 
Urban7 models have been employed (Yin et al. 2015; Song 
and Xu 2019). Based on these models, a large number of 
studies have carried out urban flood modeling by focusing 
on rainfall runoff processes in cities (Wang and Altunkaynak 
2012; Bisht et al. 2016; Li et al. 2016). However, such mod-
els mostly use irregular grids to construct complex urban 
topographical elevations, whose modeling schemes are 
complicated and modeling results are not ideal (Yin et al. 
2015). To overcome such shortcomings, researchers have 
established high-resolution, GIS-based urban flood models, 
such as Lis-Flood and FloodMap in the United Kingdom. 
These models combine a high-resolution digital elevation 
model (for example, LiDAR-DSM8), an urban hydrological 
model (for example, evaporation, infiltration, and so on), a 

1D storm sewer drainage network, and a river hydrodynamic 
model with the 2D hydrodynamic model (from a diffusion-
wave model to a simplified inertial model, and then to a 
full hydrodynamic model). These models, with their simple 
schemes, provide ideal simulations (Bates and De Roo 2000; 
Bates et al. 2010; Yu and Coulthard 2015).

Previous studies indicated that the accuracy of urban 
flood modeling is closely related to the spatial and tem-
poral resolutions of the input precipitation data (Ly et al. 
2013; Sirisena et al. 2018). At present, most studies of urban 
flood modeling have focused on seasonal rainfall. The input 
precipitation data are often obtained from station observa-
tions, radar or satellites estimates, or results calculated by 
rainstorm intensity formulas (Gigović et al. 2017; Yoon 
and Lee 2017; Tang et al. 2018). For seasonal rainfall or 
rainfall progress, radar- or satellite-estimated precipitation 
data, with their high spatial and temporal coverage, are more 
suitable for urban flood modeling (Abro et al. 2021; Chao 
et al. 2021). For TC rainfall, satellite-estimated precipita-
tion often seriously underestimates the rain intensity (Chen 
et al. 2013), resulting in a poor performance of flood mod-
eling based on this data source. If decision makers use flood 
inundation simulations as a reference, the subsequent dis-
aster emergency response and management may be greatly 
affected (Mosaffa et al. 2020). For example, on 20 July 2021, 
a severe rainstorm and flood hazard occurred in Zheng-
zhou City, Henan Province. Affected by the long-distance 
water vapor transport of 2021 Severe Typhoon In-Fa, the 
hourly precipitation at Zhengzhou National Weather Station 
reached 201.9 mm (16:00 to 17:00 on 20 July), breaking the 
historical extreme value of hourly precipitation in the Chi-
nese mainland. For those who were in charge of the emer-
gency response deployment, the hourly precipitation had far 
exceeded their subjective understanding of the rainfall in 
northern China. Consequently, the emergency response was 
not timely, resulting in 380 deaths and RMB 40.9 billion 
yuan (USD 7.7 billion) in direct economic losses. In addi-
tion, compared with other regions in the world, there are 
few studies on the influence of typhoon precipitation data 
on urban pluvial flood modeling in China thus far. There-
fore, carrying out this research has important scientific and 
practical significance.

Fully understanding the applicability of precipitation data 
with different temporal and spatial resolutions and obser-
vation sources in urban flood modeling is fundamental to 
urban typhoon pluvial flood prediction, early warning, and 
emergency management. Shanghai, a coastal megacity in 
China, was chosen as the study site in this research. Based 
on the automatic meteorological station observations, radar 
quantitative precipitation estimates (QPE), and radar fusion 
data during the impact period of the 2013 Typhoon Fitow, 
the applicability of these three types of precipitation data in 
urban typhoon pluvial flood modeling is studied. Moreover, 

1 https:// www. epa. gov/ water- resea rch/ storm- water- manag ement- 
model- swmm.
2 https:// www. sieker. de/ en/ softw are/ softw are- gis/ produ ct/ storm- 
softw are- for- model ling- of- water- manag ement- syste ms- 44. html.
3 https:// www. dhigr oup. com/ mikeb ydhi/ produ cts/ mike- urban.
4 https:// www. innov yze. com/ en- us/ blog/ retir ement- of- infow orks- cs- 
is- now- compl ete.
5 https:// www. hec. usace. army. mil/ softw are/ hec- hms/.
6 https:// www. evoqua. com/ en/ evoqua/ produ cts-- servi ces/ digit al- 
water/.
7 http:// cdr. iwhr. com/ fhkhj zzx/ kycg/ jscg/ zycp/ webin fo/ 2020/ 07/ 
15865 21667 705828. htm.
8 https:// www. data. gov. uk/ datas et/ f0db0 249- f17b- 4036- 9e65- 30914 
8c97c e4/ natio nal- lidar- progr amme.
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https://www.evoqua.com/en/evoqua/products--services/digital-water/
http://cdr.iwhr.com/fhkhjzzx/kycg/jscg/zycp/webinfo/2020/07/1586521667705828.htm
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https://www.data.gov.uk/dataset/f0db0249-f17b-4036-9e65-309148c97ce4/national-lidar-programme
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pluvial flood modeling is performed at the city, neighbor-
hood, and fixed-point scales by adopting a 2D hydrodynamic 
model, namely FloodMap-Hydroinundation2D. Then, the 
influence of these multisource precipitation data on mul-
tiscale urban typhoon pluvial flood modeling is revealed, 
which can serve as a scientific reference for Shanghai to 
build an effective urban typhoon pluvial flood prediction 
and early warning system. Section 2 describes the materials 
and methods, Sect. 3 presents the results and discussion, and 
conclusions and some recommendations for further research 
are discussed in Sect. 4.

2  Materials and Methods

The following subsections present brief introductions to the 
study area, the 2013 Typhoon Fitow, the employed datasets, 
data sources, and their properties, followed by the 2D hydro-
dynamic model adopted in urban pluvial flood simulation.

2.1  Study Area and Typhoon Fitow

Shanghai Municipality lies on part of the alluvial plain of 
the Yangtze River Delta, with a total area of 6,340  km2. It 
has a population of 24.87 million (2020).9 The city lies on 
the west bank of the Pacific Ocean, bordering Jiangsu and 
Zhejiang Provinces, which are highly exposed to typhoon-
induced hazards (Fig. 1). Typhoon rainstorms, storm surges, 
astronomical spring tides, and upstream floods often occur 
in this region. In addition, the whole city generally lies on 
very flat, low-lying land, with an average altitude of approxi-
mately 3−4 m above the Wusong Datum, resulting in a low 
drainage capacity. Because of sustained and intensive human 
activities, natural river channels in the city center have been 
significantly reduced, while impervious surfaces have rap-
idly increased. Thus, urban rainfall runoff has been increas-
ing (Wu et al. 2012; Lin 2014; Quan 2021).

Typhoon Fitow was generated in the ocean east of the 
Philippines on 30 September 2013 and then achieved 
typhoon strength on 4 October. Fitow made landfall at 1715 
UTC on 7 October in the city of Fuding, Fujan Province, 
with maximum sustained winds near 42 m/s. It then rapidly 
weakened into a tropical depression (Fig. 1). Fitow affected 
12.16 million people in East China (Shanghai Typhoon Insti-
tute 2014), and the direct economic losses reached RMB 
63.14 billion yuan (USD 9.9 billion). In 6−9 October, a TC-
caused rainstorm occurred in Shanghai, the northern coast 
of Zhejiang and southeastern Jiangsu Provinces, locally 
reaching extremely heavy levels that were rarely seen his-
torically (Wang, Xu, et al. 2017; Wang, Yu, et al. 2017). In 

Shanghai, owing to the TC rainstorm, traffic was stopped 
throughout the city. Over 900 communities, 97 roads, and 
100,000 households and shops were flooded.

2.2  Data Availability and Processing

The following subsections introduce the basic data and mul-
tisource precipitation data as well as present the three main 
processes of the study including flooding points process-
ing, modeling flood inundation, and evaluating pluvial flood 
simulation.

2.2.1  Basic Data

2.2.1.1 Topographic Data At the city scale, a city-wide 
digital elevation model constructed from 0.5 m topographic 
contours is used, with a grid cell resolution of 50 m (Yin 
et al. 2013). At the neighborhood scale, a standard LiDAR 
digital surface model (DSM) with a gridded resolution of 2 
m was obtained from the Shanghai Surveying and Mapping 
Institute,10 representing detailed surface features (Yin et al. 
2020).

2.2.1.2 Flooding Points These data points identify flood 
incidents reported by the public during Fitow, provided by 
the Shanghai Meteorological Service, including date, coor-
dinates, and event description, among other fields (Shi et al. 
2014). This dataset contains 4,500 flooding records (road 
flood, house inundation, and so on) in Shanghai. Among 
these records, multiple incidents may be reported by differ-
ent people at one location. There are a total of 2,975 flood-
ing points in the city, 564 in the central area, and 34 in the 
neighborhood we studied as shown in Fig. 1.

2.2.1.3 Soil Moisture Data These data are obtained from 
the Shanghai Songjiang Meteorological Service,11 includ-
ing the 10 m soil relative humidity, volume water content, 
and weight water content. The study period is from 4 to 9 
October 2013, and the temporal resolution is hourly. The 
meteorological station observations mainly include tem-
perature, humidity, air pressure, wind, precipitation, and 
visibility. The soil moisture data used in this study are agro-
meteorological observations. Different from the extensive 
distribution of meteorological stations, there were only few 
agrometeorological stations around 2010. According to the 
National Statistical Yearbook (2014),12 Wu et  al. (2016), 
and Wang et al. (2018), in 2013, there was only one long-
term operational agrometeorological station in Shanghai, 

9 https:// tjj. sh. gov. cn/ tjnj/ rktjn j2020e. htm.

10 https:// www. shsmi. cn/.
11 http:// sh. cma. gov. cn/ sj/.
12 http:// www. stats. gov. cn/ tjsj/ ndsj/ 2014/ index ch. htm.

https://tjj.sh.gov.cn/tjnj/rktjnj2020e.htm
https://www.shsmi.cn/
http://sh.cma.gov.cn/sj/
http://www.stats.gov.cn/tjsj/ndsj/2014/indexch.htm
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which is the fixed-point given in Fig. 1. The site is located in 
Songjiang District, and its data are continuous. According 
to the requirements of agrometeorological station selection, 
the observations should be representative of the natural soil 
moisture status in the area. Therefore, the data of this one 

fixed-point are used to analyze the temporal characteristics 
of inundations. Using the 1 km radius range of the fixed-
point as the study area, we compare the soil humidity before 
and after the typhoon rainfall and the start time of inunda-
tion under the three rainfall scenarios.

Fig. 1  a Location of Shanghai 
Municipality, distribution of 
weather stations, and the best 
track and intensity of Fitow 
(2013); b locations of central 
districts and the studied neigh-
borhood; c the fixed-point and 
the flooding points reported by 
the public; d the studied neigh-
borhood (from Ganquan Road 
in the west to Pushan Road in 
the east). DSM digital surface 
model
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2.2.2  Multisource Typhoon Precipitation Data

Three sets of typhoon precipitation data are obtained from 
the information center of the Shanghai Meteorological Ser-
vice, including station observations, QPE, and radar fusion 
data. The period that the three datasets cover is from 6 to 8 
October 2013, and the temporal resolution is hourly.

Station observations are measured by 81 automatic 
weather stations. According to the statistics, in 2017, more 
than 260 automatic weather stations existed in Shanghai, 
with the spatial distance of 4 km in the central area and 5−6 
km in other districts (Gao et al. 2017). Therefore, the sta-
tions were unevenly distributed throughout the city, and the 
spatial resolution is much lower than that of radar products.

The processing of QPE is based on the relationship 
between radar reflectivity and rainfall intensity, which 
enables precipitation to be estimated from radar base data 
(Zhang et al. 2001). Thus, we extract the average and strong-
est reflectivity of the Nanhui radar station during Fitow from 
which the heavy rainfall center can be inferred. As shown in 
Fig. 2, the center is mainly located in southwestern Shang-
hai. Wen et al. (2018) investigated the relationship between 
the drop size distribution and drop shape relation of TCs that 
made landfall in China. They found that due to the high con-
centration of small and medium-sized raindrops, previous Z 
(reflectivity factor)–R (rain rate) relationships for typhoon 
systems over various regions tended to underestimate the TC 
rainfall in China. Thus, a new relationship was presented by 
Wen et al. (2018) for TCs in China. In our study, by applying 

this research result, a QPE dataset is obtained. Finally, radar 
fusion data with a 1 km resolution are processed by the 
information center of the Shanghai Meteorological Service, 
which are directly obtained and applied in this study.

The three sets of precipitation data are compared. As 
shown in Fig. 3, the QPE before the modification of Wen 
et al. (2018) is noted as the “original Z–R” and the QPE 
modified by Wen et al. (2018) is noted as the “new Z–R.” 
The equation of the “new Z–R” is Z = 147.28R1.38 (Wen 
et al. 2018). The radar fusion data are found to be most 
consistent with the station observations, and the two sets of 
QPE are both weak to varying degrees, especially under the 
“original Z–R” relationship. Therefore, for the remainder 
of this study, only the QPE under the “new Z–R” is used.

2.2.3  Flooding Points Processing

There are 4,500 records in the original data of flooding 
points in the city. Most of these incident records were textual 
descriptions reported by the public, such as the depth of the 
water to the ankle, and so on. This kind of text descriptions 
is difficult to use for quantitative comparison and verifica-
tion. Therefore, with reference to the quantitative standards 
given in Table 1, the textual messages of 34 flooding points 
in the study neighborhood are translated to determine the 
inundation depth. Although we cannot obtain the actual 
height of all persons who reported, according to the identity 
card numbers in this data set, we can confirm that they are all 

Fig. 2  The average (a) and strongest (b) reflectivity of the Nanhui Radar Station (Z9210, asterisk mark) during Fitow (2013) at 1500 UTC 7 
October 2013. dBZ = 10log (Z)
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adults. Therefore, these standards are roughly set according 
to the average height and proportion of adults. There may 
be some deviations, but in order to meet the needs of quan-
titative evaluation, simplified considerations are made here.

2.2.4  Flood Inundation Modeling

The FloodMap-HydroInundation2D model, which couples 
hydrological processes (for example, infiltration, evapotran-
spiration, and drainage) with a 2D hydrodynamic model, is 

employed to derive typhoon rainstorm flood inundation for 
each scenario. The flood routing has the same structure as 
the inertial model of Bates et al. (2010), but uses a slightly 
different approach to calculate the time step. The convective 
acceleration term in the Saint-Venant equation is neglected, 
and the main governing equation on the regular grid (Yu and 
Coulthard 2015) becomes:

where qt is the flow at time t, Δt is the time step, g is the 
acceleration due to gravity, z is the bed elevation, ht is 
the water depth at time t, and n is Manning’s roughness 
coefficient.

Infiltration over saturation is represented by the widely 
used Green-Ampt equation as follows:

where Ks is the hydraulic conductivity of the soil at field 
saturation, ho is the ponding water on the soil surface, �f  is 
the capillary potential across the wetting front, and zf  is the 
cumulative depth of infiltration.

Daily potential evapotranspiration is calculated by using 
a simple seasonal sine curve (Calder et al. 1983), and the 
equation is:

(1)qt+Δt =
qt − ghtΔt(

�(ht+z)

�x
)

(1 + ghtΔtn
2qt∕ht

10∕3)

(2)f (t) = Ks(
�f + h

o

zf
+ 1)

(3)Ep = Ep[1 + sin(
360i

365
− 90)]

Fig. 3  Comparison of total 
precipitation data from different 
sources during Fitow (2013). 
Left: intensity of precipitation; 
right: frequencies

Table 1  Standards of inundation depths from flood incidents 
reported by the public Source Shanghai Meteorological Service 
(http:// sh. cma. gov. cn/)

Standards Defined inundation depth (cm)

Inundation to feet 5
Inundation to ankle 15
Inundation to half tire 28
Inundation below shins 30
Inundation about to shins 35
Car flooded or inundation over 

chassis
40

Inundation to shins 40
Inundation about to knee 45
Inundation to knee 50
Inundation over knee 60
Inundation to thigh 70
Inundation over thigh 80
No explicit statement Missing data
Actual observed depth Corrected to cm accuracy

http://sh.cma.gov.cn/
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where Ep
 is the mean daily potential evapotranspiration and 

i is the day of the year.
The model can also be coupled with the SWMM drainage 

network model or any generalized design drainage capacity 
model (for example, the Nash model) to calculate the runoff 
loss of urban rainfall drainage systems. As the extreme storm 
tide level induced by Fitow approaches or even exceeds the 
urban land elevation, the drainage system cannot operate 
normally and discharge water into the Huangpu River and 
surrounding rivers. Thus, the urban drainage is closed in 
this flood model. In addition, according to previous studies, 
empirically-based optimal parameters (that is, a hydraulic 
conductivity value of 0.001 m/h and a roughness value of 
0.06) are used for urban typhoon pluvial flood modeling 
(Yin et al. 2016).

2.2.5  Evaluation of Pluvial Flood Simulation

The performance of multiscale pluvial flood simulations 
using three different precipitation datasets is comprehen-
sively evaluated by the root mean square error (RMSE) 
and probability of detection (POD). Among them, the 
RMSE reflects the range of inundation depth deviation, 
which can measure the stability of the simulation. The 
POD represents the probability of a simulated flood 
matching actual flooding points. The formulas of these 
two indices are as follows:

where N is the sample size, Simulatei represents the 
simulated inundation depth, and Gaugei is the observed 
inundation depth, which is obtained from the flood inci-
dents reported by the public. When the simulated points 
are actually inundated, H (Hit) indicates that the simu-
lated inundation depth is greater than or equal to the set 
threshold. M (Miss) has the opposite meaning, indicating 
that the simulated inundation depth is less than the set 
threshold.

3  Results and Discussion

Using the three sets of typhoon precipitation data and flood-
ing point data, this section compares and evaluates the inun-
dation simulation results at the city and neighborhood scales. 
In addition, temporal characteristics of pluvial flood mod-
eling are also discussed.

(4)RMSE =

�

∑N

i=1
(Simulatei − Gaugei)

2

N

(5)POD =
H

H +M

3.1  Pluvial Flood Simulation at the City Scale

By comparing the spatial distribution of the total precipita-
tion during Fitow, the rainfall intensity and distribution of 
the station observations and the radar fusion data are found 
to be the most similar, followed by the QPE. Limited by 
the spatial resolution of the weather stations, the interpo-
lated total precipitation data are slightly overestimated in 
the southeastern corner of Shanghai, where weather stations 
are sparse. Therefore, to a certain extent, radar fusion data or 
QPE with a 1 km resolution can improve the spatial resolu-
tion and accuracy of weather station data, which is helpful 
for providing refined input for urban typhoon pluvial flood 
simulation.

The three datasets of total precipitation are applied as 
boundary conditions of the FloodMap-HydroInundation2D 
model, and the city-scale simulated results with a 50 m 
resolution are shown in Fig. 4. The actual distribution of 
the flooding points in the city has been indicated in Fig. 1. 
Due to the extensive flat and low-lying land in Shanghai, the 
spatial distribution of the inundation is basically consistent 
with the heavy rainfall and flooding points. The maximum 
inundation mainly occurs in the relatively low-lying areas 
of western Shanghai. Using station observations and radar 
fusion data (Fig. 4d, e), the inundation simulation results 
(extent and depth) are relatively close, with significant inun-
dation (20−60 cm) mainly occurring in the western regions 
of Shanghai. In contrast, the simulation using the QPE 
(Fig. 4f) is slightly weaker, with an approximately 10−20 
cm difference from the other two simulations, especially in 
the regions without heavy rainfall. The center of significant 
simulated inundation is basically consistent with the con-
centrated area of flooding points. In addition, it should be 
noted that these observed flooding points mainly depend on 
the report frequency, which is not only related to rainfall 
intensity and inundation but also is affected by subjective 
and objective factors such as population density, underlying 
surface conditions, and awareness of threat (that is, the resi-
dents are aware that they can report flooding to the police). 
Because of certain uncertainties and deviations, these flood-
ing points can be used only as supplementary methods for 
flooding verification.

Figure 5 displays a comparison of the inundation areas 
(divided into six inundation depths) in the seven central 
urban areas of Shanghai under the scenarios of station obser-
vations, radar fusion data, and QPE, which are represented 
as SA, SB, and SC, respectively. These scenarios are defined 
as those inundation areas with a depth above 20 cm revealed 
in the station observation, radar fusion data, and QPE sce-
narios, respectively. In addition, the specific geographical 
locations of all districts are shown in Fig. 1. Except in the 
Yangpu and Hongkou Districts, the proportion of inundation 
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(depth above 20 cm) areas is the highest under the radar 
fusion data scenario in all the districts, that is, SC < SA < SB. 
Specifically, SB in Huangpu District accounts for approxi-
mately 43% of the whole district, while SC accounts for only 
21%. Similarly, SB and SC account for 53% and 33% of the 
total area in Jing’an District, 52% and 32% in Putuo District, 
39% and 27% in Changning District, and 31% and 23% in 
Xuhui District, respectively. The difference between SB and 
SC is approximately 8−22%, which is consistent with the 
inundation distribution characteristics (Fig. 4). In the central 
area of Shanghai, Putuo District has the largest number of 
flooding points, with more than 200. The number of flood-
ing points in Jing’an and Yangpu Districts take the second 
place, about 100 respectively. However, there are few flood-
ing points in Xuhui District, whose area is similar to that 

of Yangpu District. This may be closely related to the high 
proportion of inundation area with depths above 20 cm and 
the relatively low topography in Yangpu and Putuo districts.

To quantitatively analyze the influence of multisource 
typhoon precipitation data on city-scale urban pluvial flood 
modeling, the PODs under the three precipitation scenarios 
are calculated (Table 2). At all flooding points with flooding 
reports, simulated inundations with depths above 0 cm are 
presented in all three scenarios. When the observed inunda-
tion depth is above 2 cm, the POD under the radar fusion 
data scenario is the highest, at up to 80%, while that under 
the scenarios of station observations and QPE are 77% and 
75%, respectively. When the observed inundation depth is 
above 5 cm, in contrast to the QPE scenario, the POD under 
the radar fusion data scenario can improve by 6%. Therefore, 

Fig. 4  Total precipitation and pluvial flood inundation maps under three different rainfall scenarios during Fitow (2013). a, d scenario of station 
observations; b, e scenario of radar fusion data; c, f scenario of QPE
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radar fusion data can be effectively applied to urban typhoon 
pluvial flood modeling.

3.2  Pluvial Flood Simulation at the Neighborhood Scale

Considering the complex distribution of urban buildings 
and road network in Shanghai, the detailed features of 
pluvial flood inundation are better captured with a higher 
resolution neighborhood-scale simulation. Thus, addi-
tional flood simulations at the neighborhood scale are 
performed with 2 m resolutions. A neighborhood in the 
city center with sufficient flooding points (from Ganquan 
Road in the west to Pushan Road in the east, as shown in 
Fig. 1) is selected as the study area. Furthermore, accord-
ing to the standards of inundation depths in Table 1, the 
actual inundation depth can be obtained. Figure 6 displays 
observed flooding points and pluvial flood inundation 
maps under the three rainfall scenarios during Fitow. For 

the central-western region of the study area, the inundation 
extents are similar under the three rainfall scenarios, which 
generally coincide with the flooding points. In the western 
part, the inundation depths under the station observation 
and radar fusion data scenarios (Fig. 6a, b) are slightly 
higher than those under the QPE scenario (Fig. 6c). Nev-
ertheless, due to the lack of weather stations (or interpo-
lation error), there is a blank area in the northeast of the 
study area in Fig. 6a, while in the other two scenarios 
(Fig. 6b, c), this area has serious inundations.

In contrast to the simulations at the city scale, pluvial 
flood simulation at the neighborhood scale with a high-accu-
racy topographic surface model can effectively improve local 
inundation simulations and capture high-precision distribu-
tion characteristics. As shown in Fig. 6, at the city scale, 
simulations display largely contiguous inundations. How-
ever, at the neighborhood scale, refined inundations can be 
described. Inundation mainly occurs in the areas between 
streets and buildings, which is more in line with observed 
urban typhoon pluvial floods, reflecting the importance of a 
high-precision grid. In general, limited by the original sparse 
distribution of weather stations, inundations in the eastern 
region fail to be captured. Limited by the rainfall estimation 
ability of the QPE, serious inundations in the northwestern 
corner are underestimated. Radar fusion data can effectively 
mitigate problems such as the uneven spatial distribution of 
stations and an underestimated QPE to better reproduce local 
inundation in high-precision urban typhoon pluvial flood 
modeling.

Fig. 5  Inundation extent and 
number of flooding points under 
different depths in the central 
area of Shanghai during Fitow 
(2013). A Scenario of station 
observations; B scenario of 
radar fusion data; C scenario of 
QPE; Upper graph: the numbers 
of flooding points in each dis-
trict; Lower graph: inundation 
extents under different depths; 
White % figures: proportion 
of inundation area with depth 
below 20 cm

Table 2  Probabilities of detection (PODs) under different rainfall 
scenarios during Fitow (2013)

A, B, and C represent scenarios of station observations, radar fusion 
data, and radar quantitative precipitation estimates (QPE), respec-
tively

Inundation 
depth (cm)

A: POD (%) B: POD (%) C: POD (%)

> 0 100 100 100
≥ 2 77 80 75
≥ 5 66 67 61
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To quantitatively verify the performance of pluvial flood 
modeling at the neighborhood scale, a comparison of flood-
ing points and the corresponding modeling results under 
three rainfall scenarios during Fitow is shown in Fig. 7. 
The results reveal that, in general, inundation depths under 
the station observation and radar fusion data scenarios are 
similar to the observed depths, while the simulations under 
the QPE scenario are relatively poor. When the depth is 
below 60 cm, the flood inundation depths under the three 
scenarios are slightly overestimated. The RMSEs under 
the station observation and radar fusion data scenarios are 
24.21 cm and 26.03 cm, respectively, and that under the 
QPE scenario is 27.64 cm. There is a systematic deviation 
of approximately 0−25 cm in the inundation simulations, 

but the overall simulations are in good agreement with the 
observed results. Therefore, generally speaking, in contrast 
to the QPE, station observations and radar fusion data are 
more suitable for neighborhood-scale modeling and more 
consistent with observations.

3.3  Temporal Characteristics of Simulated Pluvial 
Flood

From the perspective of spatial distribution, the above 
analysis results reveal that the three sets of precipitation 
data, especially the radar fusion data, can be used in urban 
pluvial flood modeling. Based on the temporal characteris-
tics of multisource data during pluvial flood progression, 

Fig. 6  Observed flooding points and pluvial flood inundation maps 
under three rainfall scenarios in the studied neighborhood of Shang-
hai during Fitow (2013). a scenario of station observations; b sce-

nario of radar fusion data; c scenario of radar quantitative precipita-
tion estimates (QPE)
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the impacts of the three precipitation datasets on the accu-
racy of estimated inundation time are analyzed.

As shown in Fig. 1, a fixed-point to record soil humidity 
information is located in the southwestern suburb of Shanghai. 
Using the 1 km radius range of the fixed-point as the study area, 
we compare the soil humidity before and after the typhoon rain-
fall and the start time of inundation under the three rainfall sce-
narios (Fig. 8). The hourly rainfall used in this figure is obtained 
from the station observation at the fixed-point. Under the three 
scenarios, the initial times of inundation slightly differ by 1−2 
h but generally match the time point at which the soil humidity 
rises significantly. In other words, the start times of inundation 
are accurately captured. Subsequently, the rapid increases in the 
inundation depth and the saturation of soil moisture also indi-
cate the process of continuous flooding under the influence of 
typhoon rainstorms. As a result, different precipitation data have 

little influence on the temporal characteristics of simulated urban 
typhoon pluvial flood, and all of these data can accurately reflect 
the occurrence time of floods.

In this study, due to the limitation of fixed-points, the 
temporal characteristics of the inundation only represent 
the local area, which may not be applicable to other scales. 
Therefore, in future work, it is necessary to further enrich 
soil moisture data, carry out a multiscale study of temporal 
characteristics, and reveal the influence of multisource pre-
cipitation data on estimated inundation time.

4  Conclusion

Based on the automatic meteorological station pre-
cipitation observations, radar quantitative precipitation 

Fig. 7  A comparison of inundation depth of flooding points and the 
corresponding modeling results under three rainfall scenarios during 
Fitow (2013). a scenario of station observations; b scenario of radar 

fusion data; c scenario of radar quantitative precipitation estimates 
(QPE); Green line: linear fitting; dotted line: flooding depths; solid 
line: best fit of scenario results; Green fill: 95% confidence interval

Fig. 8  Variation in soil mois-
ture, hourly typhoon rainfall, 
and inundation depths before 
and after Fitow (2013). Green 
fill: periods during Fitow. QPE 
radar quantitative precipitation 
estimates. The “Time” in the 
x-axis means month, day, and 
hour
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estimates, and radar fusion data during the impact period 
of the 2013 Typhoon Fitow, pluvial flood modeling is per-
formed at the city, neighborhood, and fixed-point scales 
using the FloodMap-Hydroinundation2D model. The 
results obtained are promising and reveal the influence 
of multisource precipitation data on multiscale urban 
typhoon pluvial flood modeling.

At the city scale, the simulated inundations (extent and 
depth) are close to the observed flooding points under the 
scenarios of station observations and radar fusion data. In 
contrast, the simulation under the QPE scenario is slightly 
weaker, especially in regions without heavy rainfall. When 
the observed inundation depth is above 2 cm, in contrast 
to the scenario of station observations, the POD under the 
scenario of radar fusion data can improve by 3%. When 
the observed inundation depth is above 5 cm, in contrast to 
the scenario of QPE, the POD under the scenario of radar 
fusion data can improve by 6%. Therefore, radar fusion 
data can be effectively applied to urban typhoon pluvial 
flood modeling.

At the neighborhood scale, pluvial flood simulation 
with a high-accuracy topographic surface model can 
effectively improve the local inundation simulation and 
capture the high-precision distribution characteristics. In 
contrast to the QPE, station observations and radar fusion 
data are more suitable for neighborhood-scale modeling. 
In particular, radar fusion data can effectively mitigate the 
problems of an uneven spatial distribution of stations and 
a weak estimation of QPE to accurately capture the details 
of pluvial floods.

The fixed-point verification shows that the initial times of 
inundation slightly differ by 1−2 h under the three scenarios 
but generally match the time point at which the soil humid-
ity rises significantly. Thus, different precipitation data have 
little influence on the temporal characteristics of simulated 
urban typhoon pluvial floods.

In addition, urban typhoon pluvial flood modeling is 
restricted by multiple factors, such as the topography, TC 
intensity, TC tracks, and urban underlying surface, and thus 
has a high complexity and uncertainty. To better understand 
the impacts of typhoon pluvial floods and help policymakers 
and other concerned stakeholders develop proper measures 
for urban flood risk management, future research should use 
the latest data in high-precision urban flood modeling, such 
as numerical prediction, dual polarization radar data, and 
assimilation data. Such studies may provide a solid founda-
tion for emergency management of urban typhoon pluvial 
flood hazards.
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