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A B S T R A C T   

Urban rainstorm floods have become one of the most significant natural disasters that restrict the healthy 
development of the economy and society. It is imperative to reduce the risk of urban rainstorm flood disasters, 
which is growing along with urbanization, during the process of urban planning and construction. However, 
because of the complexity of urban elements, it is quite difficult to identify sensitive indicators of urban rain-
storm flood disasters to provide effective guidance on flood control. In this study, the composition of urban 
elements was systematically proposed based on Descriptive Framework for Cities and Communities, including 
natural, structural, and social elements, and then a specific indicator system was established. Furthermore, 
Random Forest Model was used to determine the relative importance of the indicators that are closely related to 
the direct economic loss that reflects the severity of urban rainstorm flood disasters. Considering four cities in 
China, Beijing, Tianjin, Chongqing, and Shanghai, with different topographical and hydrological conditions, as 
examples, the sensitivity indicators of urban rainstorm flood disasters were identified, and the results were 
verified based on the catastrophe evaluation method. The results indicate that urban rainstorm flood disasters are 
the most sensitive to surface water resources, and are the least sensitive to relief degree of land surface. Finally, 
specific measures to mitigate urban rainstorm flood disasters were proposed.   

1. Introduction 

Because of anthropogenic activities and climate change (Daksiya 
et al., 2021; Li and Sivapalan, 2020), urban rainstorm flood disasters 
have gradually become one of the most significant risks to human sur-
vival and social development (Aerts et al., 2014). According to the 
Ministry of Water Resources of the People’s Republic of China, more 
than 100 cities in China suffered from urban floods every year from 2008 
to 2018, causing direct economic losses of 374.5, 267.5, 315.6, and 
364.3 billion yuan in 2010, 2012, 2013, and 2016, respectively. 
Therefore, urban rainstorm flood disasters have become a crucial 
problem that restricts the sustainable and healthy development of 
China’s economy and society (Yin et al., 2015; Zheng et al., 2016). 

Urban flood management has become a popular research topic, 
including drainage (Hellmers et al., 2017), rainstorm flood forecasting 
and early warning (Yan et al., 2018), storm water management and 
utilization (Schaer et al., 2018), and flood risk analysis (Mcclean et al., 
2020). Andersen et al. (2013) demonstrated that topographic and 
anthropogenic influences exacerbate or reduce flood risks by altering 

the surface runoff, infiltration, storage, and precipitation development. 
Yu and Coulthard (2015) revealed the effects of catchment hydrological 
parameters on urban floods. Chang and Huang (2015) found that land 
use and land cover changes have contributed to an increase in urban 
flooding. Tian et al. (2019) derived critical thresholds beyond which 
urban pluvial flooding is likely to occur based on a decadal dataset of 
radar rainfall maps. Thanvisitthpon (2019) investigated the impact of 
land use transformation and anti-flood structural infrastructure on 
flooding in four flood-prone districts in Thailand. Anni et al. (2020) 
analyzed the role of stormwater infrastructure and soil infiltration in 
urban floods. 

Furthermore, in addition to rainfall and the underlying surface, 
urban planning and management have a significant impact on urban 
flooding (Zhou et al., 2019). Löwe et al. (2017) proved that urban 
planning policies are an efficient means for urban flood reduction. 
Rezende et al. (2019) used socio-economic indices to analyze urban 
flood resilience. Li and Sivapalan (2020) analyzed the substantial role of 
human actions in urban floods and urban water systems. These studies 
revealed the impacts of some factors on urban floods to a certain extent 
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through the analysis of the physical mechanism of urban flooding. 
However, these studies are inadequate for complex urban systems 
because of their overreliance on simplistic methods at large scales 
(Saksena et al., 2020). With the characteristics of a highly concentrated 
population and facilities, complex spatial structure, high-speed dynamic 
operations, and evolution, urban areas are complex and vast systems 
coupled with nature and humanity, which is distinct from any other 
natural system (Li and Willems, 2020). This system consists of mutual 
relationships and interactions among various elements, including not 
only natural elements and structural elements, such as topography and 
underlying surface, but also social elements, such as government inter-
vention and economic effects. Urban flood response has striking spatial 
heterogeneities in peak flood magnitudes, response times, and runoff 
ratios, which are primarily linked to the watershed scale, distribution of 
impervious cover, and storm water management (Zhou et al., 2019). 
Therefore, to identify the sensitivity indicators of urban rainstorm flood 
disasters, it is necessary to comprehensively analyze the related urban 
elements. 

Urban elements cause urban flooding and economic losses when 
combined with rainstorms, attracting the attention of society (Ge et al., 
2020). Bermúdez and Zischg (2019) explored the sensitivity of flood loss 
estimates to the spatial representation of buildings and hazard attribu-
tion methods. Grantham et al. (2019) described a set of climate- 
informed ecological resilience principles and the associated indicators 
to guide climate-adaptive water resource management. Lee and Brody 
(2019) verified that a high-density development of compact designs 
decreases flood loss, even though urban built-up land with higher 
impervious surfaces may cause more flood damage. Waghwala and 
Agnihotri (2019) stressed that the lack of flood management in urban 
areas led to increasing flood losses in urban sprawl. Pinos et al. (2020) 
estimated the direct damage caused by urban floods with different re-
turn periods based on a univariable deterministic flood loss model. Mei 
et al. (2020) found that both rainfall intensity and rainfall patterns are 
the determining factors of urban flooding. Despite the increase in flood 
hazards and exposure information accuracy, the estimation of losses is a 
poorly understood component of pluvial flood risk quantification (Rözer 
et al., 2019). However, with the increase in flood loss data and the rapid 
development of big data technology that explores information quickly 
and easily (Ge et al., 2021), the identification of sensitivity indicators of 
urban rainstorm flood disasters can be realized based on the actual loss, 
providing new ideas for urban flood disaster management. 

Machine learning algorithms are increasingly being used in natural 
disaster risk assessments. Li et al. (2019) used four machine learning 
algorithms to identify flood sensitivity indicators and assessed the risk in 
river basins involving thirteen indicators. The results indicated that 
random forest (RF) performed the best in the test and could be used as an 
effective and reliable tool in flood sensitivity assessments. 

Hence, this study established an indicator system for urban rainstorm 
flooding based on an urban element analysis and determined the relative 
importance of the indicators based on the RF algorithm to identify the 
urban rainstorm flood disaster-sensitive indicators, providing a refer-
ence for urban construction planning and disaster control. 

2. Materials and methods 

2.1. Study areas 

The study focuses on four municipalities that are directly under the 
central government of China, that is, Beijing, Tianjin, Chongqing, and 
Shanghai, which play vital roles in the politics, economy, culture, 
tourism, and other aspects of the country. The four cities have varying 
topographical and hydrological conditions. The capital city, Beijing, is 
located in northern China. Tianjin, close to Beijing, is the largest port 
city in northern China. Chongqing is the largest industrial and com-
mercial city in southwest China. Shanghai is the economic, financial, 
and cultural center, and located in East China. The geographical 

conditions of the four cities are shown in Fig. 1. 
By the end of 2017, the urbanization rates of Beijing, Tianjin, and 

Shanghai exceeded 80%, and the urbanization rate of Chongqing 
increased from 48.10% to 64.08% from 2006 to 2017. In this study, data 
regarding the urban elements and the direct economic losses due to 
flooding for Beijing, Tianjin, and Chongqing from 2006 to 2017 were 
used as the sample data, while those for Shanghai (2012–2017) were 
used as the validation data. From 2006 to 2017, the proportions of the 
years that Beijing, Tianjin, Chongqing, and Shanghai experienced direct 
losses due to urban flood were 75%, 58%, 83%, and 75%, respectively, 
as shown in Fig. 2. 

2.2. Urban rainstorm flood disaster system analysis 

Urban rainstorm flood disasters are typical natural disasters that are 
affected by traditional hydrological factors and anthropogenic factors, 
such as land use, population, and wealth accumulation, resulting from 
urbanization. 

The process of urban rainstorm flood disasters follows the chain 
development of natural disaster systems (Wu et al., 2020b). The rain 
falls into the urban system and continuously produces surface conflu-
ence from the interaction between the topography and the underlying 
surface. When the surface confluence exceeds the urban drainage ca-
pacity, urban flooding occurs and may cause an economic loss. The 
formation process of the disaster chain system divides the variables into 
input variables, state variables, and output variables. 

As a disaster-causing factor, rainfall is an input variable. A state 
variable is the state of the participating factors that form the urban flood 
disaster, that is, the state of the urban flood and the related urban ele-
ments. Intuitively, the output variable is the disaster loss. The mode of 
the urban rainstorm flood disaster chain is shown in Fig. 3. 

According to Fig. 3, the state of urban flooding is formed by the 
interaction between the rainfall and urban elements related to urban 
flooding, as shown in Eq. (1). 

F = {R,U} (1) 

where F is the urban flood state, and R and U are the states of the 
rainfall and urban elements related to urban flooding, respectively. 

The loss due to urban rainstorm flood disasters is caused by urban 
flooding and urban elements, as shown in Eq. (2). 

L = {F,U} (2) 

where L is the urban flood disaster loss. 
Hence, the loss due to urban rainstorm flood disasters is directly 

determined by the rainfall and the states of the urban elements, as shown 
in Eq. (3). 

L = {R,U} (3)  

2.3. Urban elements analysis 

In response to the needs of the United Nations (UN), World Bank, 
Organization for Economic Co-operation and Development (OECD), and 
other international organizations and countries for urban sustainable 
development standards, the Sustainable Cities and Communities of the 
International Organization for Standardization (2019) established the 
standard of the ‘Descriptive Framework for Cities and Communities 
(ISO/DIS 317105)’, which uses the analogy between the human anat-
omy and dynamic physiology to describe cities, also known as the urban 
anatomy. This standard outlines that the city can be understood as an 
ecosystem, which can be divided into three parts: the living entity in the 
ecosystem, the physical structure, and the interaction between the two 
(Lin and Xia, 2013). The living entity refers to human beings, and the 
physical structure refers to the composition of physical factors that 
ensure all the human activities in the city, which is manifested as the 
physical structure of the city. The interaction between them is 
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manifested mainly as social elements, including life, work, education, 
economy, culture, and information. Hence, the urban system structure 
can be determined, as shown in Fig. 4. 

Urban rainstorm flood disasters result from the interaction between 
rainfall and the elements of the urban system structure. Rainfall is also a 
natural factor that can be attributed to the natural elements of urban 
floods. Hence, the types of urban elements associated with urban rain-
storm flood disasters can be determined, which are divided into natural 
elements, structural elements, and social elements, as shown in Fig. 5. 

According to Fig. 5, the indicators used to characterize the urban 
system elements related to urban rainstorm disasters can be determined. 

2.3.1. Natural elements 
According to the urban system structure, natural elements are the 

constituent elements of the natural environment. Urban anatomy de-
fines the natural environment as a natural system composed of water, 
earth, and air, which supports the formation and development of cities 
(International Organization for Standardization, 2019). Therefore, nat-
ural elements include rainfall, surface water resources, and topography. 
Because floods occur more frequently during the warm seasons (Amann 
et al., 2015), for example, from June to September in China, the accu-
mulated rainfall during the flood season (ARFS) was adopted to indicate 
the urban rainfall conditions. Surface water resources (SWRs) are the 
urban surface water resources. The relief degree of the land surface 
(RDLS) is a macroscopic index used to describe the terrain characteris-
tics of a region and is used to express the difference between the alti-
tudes of the highest point and the lowest point in a specific region. 
According to the definition of the RDLS, an altitude of 500 m was 
regarded as the height of China’s benchmark mountain (Feng et al., 
2008). The RDLS could then be calculated, as shown in Eq. (4). 

RDLS = [Max(H) − Min(H)] × [1 −
P(A)

A
]/500 (4) 

where Max(H) and Min(H) are the highest and lowest elevations (m) 
in the region, respectively, P(A) is the flat area (km2) in the region, and A 
is the total area of the region. 

2.3.2. Structural elements 
According to the urban system structure, structural elements are 

components of the construction environment. Urban anatomy defines 
the construction environment as a physical facility environment estab-
lished based on the natural environment to meet the needs of human 
survival and sustainable development, which maintains the rapid and 
stable operation of urban areas (International Organization for Stan-
dardization, 2019). Therefore, structural elements are divided into four 

Fig. 1. The four study areas in China.  
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Fig. 2. The distribution of direct economic loss caused by flood in four cities 
from 2006 to 2017. 

M. Wu et al.                                                                                                                                                                                                                                     



Journal of Hydrology 599 (2021) 126393

4

categories: construction area, green facilities, transport facilities, and 
water circulation facilities (Xiang, 2014). The construction area was 
represented by the proportion of the built-up area (PBA) and construc-
tion land. According to the ‘China Construction Statistical Yearbook’, 
the proportion of construction land includes the proportions of resi-
dential land (PRL), public management and service land (PPMSL), in-
dustrial land (PIL), logistics, and storage land (PLSL), which are equal to 
the proportion of the area of the corresponding land type to the total 
urban area (Wu et al., 2020b). Green facilities are represented by the 
green coverage rate (GCR). Urban transport facilities primarily include 
roads, railways, and intersections (Chen et al., 2020). Therefore, the 
road area rate (RAR), density of the road network (DRN), urban rail 

transit system (completed) (URTS(C)), urban rail transit system (under 
construction) (URTS(U)), and number of intersections (NI) were adop-
ted (Wu et al., 2019). The water circulation facilities related to urban 
rainstorm floods are predominantly urban drainage pipe networks, 
which are represented by the density of sewers (DS). 

2.3.3. Social elements 
Urban anatomy defines social elements as interaction products be-

tween people and the construction environment (International Organi-
zation for Standardization, 2019). Therefore, social elements are 
primarily composed of people, the government, and their derivatives. 
People can be divided into the managers (i.e., government) and 

Rainfall

Urban elements 
associated with urban 

rainstorm  flood Loss of urban 
rainstorm flood 

disaster
The state of urban 
rainstorm  flood

Input variables State variable Output variables

Fig. 3. The mode of urban rainstorm flood disaster chain.  

Urban system

People

Social factors

Physical 
environment

Natural 
environment

Construction 
environment

Social elements

Natural elements

Stuctural elements

Fig. 4. Urban system structure.  

Fig. 5. Urban system elements related to flood disaster.  
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managed (i.e., residents) and were represented by the population den-
sity (PD). The government refers to the body of state’s rule and social 
management, and their effective prevention and emergency manage-
ment play positive roles in urban rainstorm floods and the number of 
government employees (NGE) in water conservancy and municipal in-
dustries. Urban gross domestic product (GDP) was selected because 
economic loss was considered as an indicator of flood loss in this study. 

Hence, an indicator system for urban elements that are closely 
related to urban flooding was established, as shown in Fig. 6. All the 
indicator data were extracted from the ‘China Urban Construction Sta-
tistical Yearbook’, ‘Urban Water Resources Bulletin’, and ‘China Flood 
and Drought Disaster Bulletin’ (Wu et al., 2020b). 

2.4. Random Forest model 

RF is a machine learning algorithm proposed by Leo Breiman (2001), 
which combines the bagging ensemble learning theory with the sto-
chastic subspace method. Currently, the algorithm has been widely used 
because of its good performance, such as the identification of the asso-
ciation of gene sequences in the field of biological information (Bou-
lesteix et al., 2012), the recognition of the most important 
environmental variables in the ecological distribution of species and 
populations (Ellis et al., 2012), and the analysis of the impact charac-
teristics of global change (Yu et al., 2019). Numerous theories and ex-
amples have demonstrated that RFs have strong data mining ability and 
high prediction accuracy, with a good tolerance for outliers and noise. It 
has good scalability and parallelism for high-dimensional data classifi-
cation problems without being prone to overfitting and is known as one 
of the best algorithms at present (Iverson et al., 2008). 

2.4.1. Model building process 
RF is an ensemble learning model based on a decision tree. It con-

tains multiple decision trees trained using bagging ensemble learning 
technology. When the samples to be classified are input, the final clas-
sification result is determined by voting on the output of a single deci-
sion tree. In addition, RF is a data-driven nonparametric classification 
method, which only needs to train the classification rules by learning the 
given samples without prior knowledge. 

RF is a classifier composed of a series of tree classifiers. The gener-
ating steps are shown in Fig. 7. (1) Select k sub-training sample sets with 
bootstrap sampling from the input urban rainstorm flood loss and urban 
factors sample sets, and pre-build K classification trees; (2) select the 
optimal segmentation indicator on each node of the classification tree 
for segmentation; (3) repeat step (2) until the pre-built K taxonomic 
trees are traversed; (4) RF is formed by K taxonomic trees. The input 
training sets were obtained by bootstrap random sampling, and the in-
dicators of the classification tree nodes were segmented randomly, 
ensuring that the correlation between the classification trees was 
reduced. A single tree without pruning can obtain a low-deviation 
classification tree, ensuring the accuracy of the results. 

2.4.2. Analysis of the relative importance of urban element indicators 
The program recursion method is typically adopted to generate the 

decision trees. The root node splits and generates two subtrees, that is, 
the left and right subtrees. Then, the subtrees will not stop generating 
new nodes and subtrees until the leaf nodes are generated. To choose the 
best split mode, the split results should be compared when the subtrees 
are generated because different split modes cause distinct results. Hence, 
the selection of the decision tree generation algorithms that correspond 
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Elements

Social Elements

Accumulated Rainfall in 
Flood Season (ARFS)

Surface Water Resources 
(SWR)

Relief Degree of Land 
Surface (RDLS)

Population Density (PD)

Number of Government 
Employees (NGE)

GDP

Proportion of Built-up Area (PBA)

Proportion of Residential Land 
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Proportion of Public Management 
and Service Land (PPMSL)

Proportion of Industrial Land (PIL)

Proportion of Logistics and Storage 
Land (PLSL)

Green Coverage Rate (GCR)
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(Completed) (URTS(C))
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Fig. 6. Indicator system of urban elements.  
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to the comparison rules is critical in this process. The CART algorithm, 
which has been further optimized to solve classification and regression 
problems based on other algorithms, deals with discrete attribute vari-
ables efficiently and reasonably (Yu et al., 2019). Therefore, the CART 
algorithm was adopted to determine the split mode. 

In the analysis of the relative importance of the urban element in-
dicators associated with urban rainstorm flood disasters, the node Gini 
coefficient represents the impurity, as shown in Eq. (5). 

Gini(f ) =
∑k

d=1
pd(1− pd) = 1−

∑k

d=1
[p(d/f )]2 (5) 

where Gini(f) is the Gini coefficient of node f, and the smaller Gini(f), 
the lower the impurity, meaning that the sample data at node f tend 
toward the same disaster level; the larger Gini(f), the higher the impu-
rity, meaning that the sample data at node f tend to be evenly distrib-
uted, and less useful information is obtained; p(d/f) is the probability of 
a disaster grade d at node f. 

The importance of the urban element indicator Uj on node f is the 
change in the Gini index when f splits, as shown in Eq. (6). 

VIM(Gini)
jf = Gini(f ) − Gini(l) − Gini(r) (6) 

where VIM(Gini)
jf is the importance of the urban element indicator Uj on 

node f, and Gini(l) and Gini(r) are the Gini indices of the two new nodes 
generated by node f splitting, respectively. 

If the nodes in decision tree i composed of urban element indicator Uj 
belong to set M, the importance of Uj in decision tree i can be calculated 
according to Eq. (7). 

VIM(Gini)
ij =

∑

f∈M
VIM(Gini)

jf (7) 

where VIM(Gini)
ij is the importance of Uj in the decision tree i. 

If there are n trees in RF, then: 

VIM(Gini)
j =

∑n

i=1
VIM(Gini)

ij (8) 

where VIM(Gini)
j is the importance of Uj in all the decision trees. 

Finally, the relative importance of the urban element indicator Uj in 
urban rainstorm flood disasters can be obtained by normalization, as 
shown in Eq. (9). 

VIMj =
VIM(Gini)

j
∑J

j=1VIM(Gini)
j

(9) 

Where VIMj is the relative importance of Uj in an urban rainstorm 
flood disaster 

and the sum VIMjof all indicators is 1. 

3. Results and discussion 

3.1. Results and verification 

Taking the flood losses of Beijing, Tianjin, and Chongqing from 2006 
to 2017 as examples, the RF model was used to analyze the relative 
importance of the specific indicators of natural elements, structural el-
ements, and social elements. The results are provided in Fig. 8. 

To verify the accuracy of the results, the catastrophe evaluation 
method was used to evaluate the risk of urban rainstorm floods in 
Shanghai from 2012 to 2017. The catastrophe evaluation method was 
systematically expounded by French mathematician Rene Thom (1977) 
and has been widely used in the quantitative analysis of non-equilibrium 
phase transition processes (Chen et al., 2016) and serves water resource 
assessments well (Wu et al., 2020a). The catastrophe evaluation method 
adopts a recursive calculation to determine the value of the upper index 
according to the basic index values. When there is no obvious connec-
tion among the basic indicators, the upper index value is equal to the 
minimum value of the standardized basic index values; when there is an 
obvious connection between the basic indicators, the upper index value 
is equal to the average value of the standardized basic index values. 
Based on the relative importance of the indicators in Fig. 8, a systematic 
risk assessment was conducted. A comparison between the risk assess-
ment results and actual losses is shown in Table 1. 

According to Table 1, the rank of the catastrophe evaluation results is 
highly consistent with the actual direct economic losses, except for 
2015. Owing to the characteristics of the catastrophe evaluation 
method, the risk assessment results will have a large deviation when the 
indicator score is the maximum or the minimum, that is, 1 or 0 (Ge et al., 
2019). The score of the natural element in 2015 was 1, causing it to be 
ranked first in the catastrophe evaluation results. When this singularity 
is eliminated, the rank of the evaluation results is completely consistent 
with the actual losses, which shows that the relative importance of urban 
element indicators analyzed based on the RF model is reasonable. 

3.2. Discussion 

According to Fig. 8, the SWR is the most significant indicator of the 
natural elements that cause urban rainstorm flood disasters. Because the 
flood storage capacity of an urban area will not change significantly in 
the short term, the more SWR of the urban area, the less spare flood 
storage capacity, and the higher the flood disaster risk. Furthermore, 
ARFS also plays a critical role in urban rainstorm flood disasters, which 
is consistent with the results of Ji et al. (2013). However, the RDLS is 
much less important than the SWR and ARFS, even though a higher 
RDLS results in a higher flood risk (Ji et al., 2013). As a long-term stable 
natural condition, the RDLS of an urban area cannot change greatly over 
decades, leading to little effect on the urban rainstorm flood losses. 
Combined with the relative importance of the three indicators and 
whether they are easy to control, the most effective urban flood disaster 
risk management measure is improving the accuracy of rainfall fore-
casting and the early warning ability of urban rainstorm flood risk. 

The PBA has the highest relative importance among the structural 
elements, indicating that the higher the degree and concentration of 
urban development and construction, the higher the flood disaster risk. 
Except for the PBA, the PRL is much more significant than other in-
dicators, because transportation, personnel, and economy gather around 
residential land in China, increasing the difficulty in disaster relief and 

Input

Bootstrap sampling

· · ·

Output

Vote

Fig. 7. The process of Random Forest.  
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the intensity of disaster losses. Furthermore, both the proportions of 
public management and service land (PPMSL) and logistics and storage 
land (PLSL) are highly important. However, because industrial land is 
mostly located at the edge of the city and the density of the surrounding 
population is small, the proportion of industrial land (PIL) has the least 
relative importance on flood disaster risk. Hence, the proportion of 
construction land composed of residential land public management and 
service land, logistics and storage land, and industrial land, has a sig-
nificant effect on urban flood disaster risk, and should be planned more 
reasonably, for example, dispersing the population gathering areas and 
reducing the local PD. As the key process for a city to digest rainwater, 
the drainage pipeline is directly related to the formation process of 
urban rainstorm floods. However, according to Fig. 8, the relative 
importance of the DS only reaches the average level of all the indicators 
and is lower than expected. This can be attributed to the rapid devel-
opment of China, due to which the construction of urban drainage 
networks cannot keep up with the development needs in many cities, 
limiting their role in the relief of urban rainstorm flood disasters. 
Therefore, the DS in China should be effectively improved to drain urban 
floods over time to reduce potential losses. 

The PD has a higher correlation with the flood loss compared with 
other indicators among the social elements, which indicates that the 
places with high population density may have a high risk of flood losses, 
which is consistent with the high importance of the PBA. In addition, the 
NGE has an effect on the magnitude of flood losses. The greater the in-
vestment in human resources in related industries, the higher the 

management and construction of related work in the region, which has a 
positive effect on the reduction of flood losses. Therefore, increasing the 
input of staff in water conservancy and municipal management is 
necessary, especially in low-lying and residential areas. 

4. Conclusions 

Based on the formation of urban flood losses, the urban elements 
related to urban rainstorm flood disasters were proposed, that is, natural 
elements, structural elements, and social elements, and the specific in-
dicators were analyzed. Taking four representative cities as examples, 
the sensitivity indicators were identified according to the relative 
importance analysis based on the RF model, and the results were verified 
by the catastrophe evaluation method. 

Urban rainstorm flood disasters are much more sensitive to SWR, 
ARFS, PBA, PRL, PPMSL, PLSL, DS, and PD than to other indicators, and 
has the least sensitivity to the RDLS. In order to mitigate urban rainstorm 
flood disasters, considering whether the indicators are easy to control, 
(a) the accuracy of rainfall forecasting and early warning ability of urban 
rainstorm flood risks should be improved; (b) combined with the 
weather forecast, water in the city can be discharged in advance to 
reduce the SWR and create more capacity to accommodate the potential 
flood; (c) residential land can be scattered to reduce the PD; and (d) the 
DS and the input of staff in water conservancy and municipal manage-
ment should be increased. However, with an increase in sample size, the 
accuracy of the research results will be higher. Hence, the model 

Fig. 8. The relative importance of urban element indicators.  

Table 1 
The comparison between the risk assessment results and the actual losses.  

Year Structural elements Social elements Natural elements Catastrophe evaluation results Direct economic losses(million yuan) 

Value Rank Value Rank 

2012  0.9318  0.5774  0.8001  0.9146 3  664.00 2 
2013  0.9254  0.6201  0.8088  0.9210 2  1003.00 1 
2014  0.7215  0.6771  0.3435  0.8310 6  0.00 6 
2015  0.9691  0.6790  1.0000  0.9544 1  285.00 3 
2016  0.8239  0.7460  0.4800  0.8823 4  28.00 4 
2017  0.5183  0.7817  0.6514  0.8465 5  12.00 5  
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performance should be further tested with other urban rainstorm flood 
disaster data when they are available. 
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