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Abstract: For urban waterlogging alleviation, green infrastructures have been widely concerned.
How to carry out scientific green infrastructure planning becomes an important issue in flood control
and disaster relief. Based on historical media records of urban waterlogging from 2017 to 2020 and
combined with variables about topography, land cover and socioeconomics, we used the Radial Basis
Function Neural Network (RBFNN) to conduct urban waterlogging susceptibility assessment and
simulate the risk of waterlogging in different scenarios of green land configuration in Shenzhen. The
results showed that: (1) high proportions of impervious surface and population could increase the
risks in Luohu and Futian districts, followed by Nanshan and Baoan districts, while high proportions
of green space could effectively reduce the risks in southeastern Shenzhen; (2) urban waterlogging
in Luohu and Futian districts can be alleviated by strengthening green infrastructure construction
while Longgang and Longhua districts should make comprehensive use of other flood prevention
methods; (3) turning existing urban green space into impervious surfaces would increase the risks of
waterlogging, which is more evident in places with high proportions of green space such as Dapeng
and Yantian districts. The effectiveness of green infrastructures varies in different spatial locations.
Therefore, more attention should be paid to protecting existing green spaces than cultivating more
green infrastructures in urban waterlogging alleviation.

Keywords: urban waterlogging; green infrastructures; radial basis function neural network (RBFNN);
land use; Shenzhen

1. Introduction

In recent years, urban waterlogging has caused huge damage and economic losses,
which threatens the safety of citizens’ lives and property [1]. In low-lying and highly
urbanized areas, the sewerage system is not able to drain heavy rainfall away in time,
thus causing urban waterlogging, which affects roads, buildings and other facilities [2].
Therefore, reducing the risk of urban waterlogging has aroused widespread concern [3,4].

Current researches mainly focus on (1) early warning simulation, risk assessment [5,6]
and emergency management [7]; (2) the relationship between spatio-temporal characteris-
tics of urban waterlogging and urbanization [8,9]; (3) and the effects of landscape pattern
and land use on urban waterlogging [10-12]. Meanwhile, governments around the world
have responded by, for example, low-impact development (LID) in the United States [13,14]
and Water-Sensitive Urban Design (WSUD) in Australia [15]. In 2014, China established the
concept of Sponge City [16]. In 2015, the Chinese government issued the Guidance of the
General Office of the State Council on Promoting the Construction of Sponge Cities, which
aimed to reduce the risk of urban waterlogging, repair urban water ecology and contain
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water resources. Cities all over China began to vigorously promote the construction of
sponge cities [17,18], in which the role of green infrastructures is emphasized.

Green infrastructures, represented by vegetation [19], can effectively alleviate the con-
tradiction between urban economic development and water environment protection [20].
Compared with gray infrastructures, which are mainly based on engineering and tech-
nical means such as drainage pipes, they are more ecological and economical, with the
advantages of adjusting hydrometric characteristics such as strengthening the accumula-
tion and penetration of rainfall, improving the quality of urban space, enhancing urban
resilience and many other multi-integrated benefits [21]. For example, green roofs have
the advantages of reducing stormwater flows and improving water quality during larger
rainfall events [22]. Apart from reducing heat and flooding, green infrastructures are
also beneficial for climate adaption [23] and maintaining biodiversity long-term through
offering functional networks of habitats and ecosystems [24].

Although it is well acknowledged that cultivating more green infrastructures helps
reduce the risk of urban waterlogging, the consistency of its impact is still a question [19].
Moreover, land use management such as converting residential areas to green space may
mitigate the flood [25], while it is wondered whether this conversion is always applicable
anywhere. Previous research shows that actual influences of green infrastructure vary from
place to place because of different ways of design and maintenance [26]. There is still a
need to investigate the impact of green infrastructure on waterlogging more thoroughly.

The current green infrastructure planning in response to urban waterlogging usually
uses the hierarchical analysis method [27] and the multi-criterion evaluation method [28],
in which the weight setting is more subjective. With the development of computer sciences,
in addition to traditional theoretical models such as hydrologic models and hydrodynamic
models [29,30], data-driven machine learning methods such as Neural Network [31], Sup-
porting Vector Machine (SVM) [32,33] and other methods [34,35] are applied to researches
on urban waterlogging such as the assessment of disaster damage [36] and the sensitivity
of flood [29,37]. The radial basis function neural network (RBFNN) has good general-
ization performance and high precision and also possesses fast training speed and high
practicality [38]. It trains existing targets by setting evaluation indexes and determines the
final criteria level index by combining multiple sub-criteria nonlinearly [39], which could
deal with the problems of subjective weighting and collinear indexes efficiently. RBFNN
was employed to analyze disaster susceptibility [40] thanks to its extraordinary adaptive
learning ability while it is seldom used to evaluate the risk of waterlogging, especially in
different land use scenarios.

With Shenzhen, a megacity usually trapped by the problem with waterlogging, as the
study area, we address the abovementioned questions in three steps: firstly, an evaluation
index system consisting of historical waterlogging records, factors about topography, land
use and socio-economic conditions was established. Secondly, an urban waterlogging
susceptibility assessment was conducted by RBFNN to identify priority areas for green
infrastructures. Thirdly, the scenario analysis was operated to analyze the effectiveness
of green infrastructures in different spatial locations and different land use conditions.
This research provided a view of the application of machine learning methods in the
field of green urban infrastructure planning in response to urban waterlogging, as well as
references for urban waterlogging control and mitigation.

2. Materials and Methods
2.1. Study Area

Shenzhen is a coastal city located on the eastern bank of the Pearl River Delta and in
southern Guangdong Province, from 113 to 114 to 37’E and 22 to 22 to 52'N. It belongs to a
subtropical monsoon climate with plenty of rainfall concentrated in summer. The terrain
of Shenzhen is high in the southeast and low in the northwest, most of which are low
mountains and hills mixed with flat platforms (Figure 1). Even during the rainy season,
the groundwater level of the city is well far below the surface [41]. Shenzhen governs
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Futian, Nanshan and Luohu districts as central urban areas; Yantian, Baoan, Longhua and
Longgang districts as suburbs; and Guangming, Pingshan and Dapeng districts as outer
suburbs. Shenzhen is prone to local urban waterlogging because of large areas of roads
and buildings.
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Figure 1. The location of the study area.

As a city with high risks of urban waterlogging, Shenzhen has suffered many events
of urban waterlogging, which have caused serious losses [42]. On 11 May 2014, Shenzhen
was hit by the strongest rainstorm (226 mm) since 2008, with serious waterlogging in
widespread areas. From August 28 to 29 in 2018, heavy rainfall occurred in Shenzhen,
which also had a serious impact on the city. Taking these into consideration, Shenzhen
was making great efforts to control urban waterlogging. Since it was officially selected as
one of China’s second batch of sponge city construction pilots in 2016, the government
made some progress in urban green infrastructure construction. In 2021, Shenzhen ranked
first in the evaluation of the performance of the national sponge city construction pilots,
implemented jointly by the Ministry of Finance, the Ministry of Housing and Construction
and the Ministry of Water Resources.

2.2. Data Sources

Urban waterlogging events were recorded as point data, which were vectorized in
ArcGIS with records of waterlogging road sections and points from 2017 to 2020 released by
the Shenzhen traffic police authority [9]. Besides, administration data were derived from
Shenzhen Municipal Planning and Land and Resources Commission. Some researcher
takes 0.5 km as the risk radius considering the distance to the risk source, the waterlogging
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spot, boundary and the daily life radius of residents [43], while others choose a one-
kilometer grid and believe that the analysis scales should take the mean nearest distance of
urban waterlogging points in the specific study area [44]. Taking the situation in Shenzhen
and the limitation of our datasets, all data were resampled to one kilometer.

Topographical factors such as elevation (DEM), slope (SLOPE), relative terrain (RE) [44],
topographic wetness index (TWI) and surface roughness (SR); land use characteristics such
as the proportion of impervious surface (PIS) and the proportion of green space (PGS);
and social factors such as urban population (POP) were calculated in this paper. Data
about DEM were derived from ASTER GDEM 30 m resolution elevation data, and other
relative topographical factors were calculated in ArcGIS 10.8. Land use data were land
cover classification data with the resolution of 30 m were released by Tsinghua University
in 2020. The population data in 2019 with a resolution of one kilometer was downloaded
from LANDSCAN (https:/ /landscan.ornl.gov/landscan-datasets, accessed on 20 February
2021) [45].

2.3. Indicators to Identify Priority Areas for Green Infrastructure Planning

Urban waterlogging susceptibility analysis helps for effective flood reduction man-
agement [46]. Disaster risk is usually defined as a function of hazard, exposure and
vulnerability [47,48]. Hazard refers to the probability of occurrence of a potentially urban
waterlogging. Exposure refers to people, property and other factors potentially affected by
waterlogging. The vulnerability relates to social, economic, physical and environmental
factors or processes which add to the susceptibility [49].

The kernel density of waterlogging points was used to represent the hazard intensity
of urban waterlogging (UWI). The kernel density analysis uses a smoothing function to fit
point data, thus simulating the true probability distribution of continuous phenomena [50].
The method of kernel density analysis was used to reflect the spatial distribution of UWI.
Equation (1) is as follows,

, A N dist, \2)
DenSlty - (mdius)2 El 7 * (1 B (m> )

for dist; < radius

)

where Density is the estimated kernel density of the location (x,y) as well as UWI,
i=1,2,3...,nis the input point, radius is the search radius distance from the point location
(x,y) and dist; is the distance from the position (x,y) to the i th observed position.

Social-economic factors such as urban population (POP) [51] were calculated to rep-
resent exposure. Topographical factors such as elevation (DEM), slope (SLOPE), relative
terrain (RE), topographic wetness index (TWI) [52] and surface roughness (SR) [44] and
factors about land use such as the proportion of impervious surface (PIS) [32] and the
proportion of green space (PGS) [53] were used to indicate vulnerability.

2.4. Methods

After employing the Pearson correlation analysis to choose indicators connected with
urban waterlogging, we established an evaluation index system consisting of historical
waterlogging records, factors about topography, land use and socio-economic conditions.
We conducted an urban waterlogging susceptibility assessment by RBFNN, and we also
used the RBFNN algorithm to simulate the corresponding risks of urban waterlogging in
the scenario analysis. The flowchart of methodology is illustrated in Figure 2.
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Figure 2. The flowchart of methodology.

2.4.1. Pearson Correlation Analysis

The Pearson correlation coefficient is often used to measure whether there is a linear
correlation between two variables, with values ranging from —1 to 1. Pearson correlation
analysis was used to judge the rationality of factors chosen in the urban waterlogging
susceptibility analysis. At the same time, the positive and negative effects of each factor on
urban waterlogging were highlighted.

2.4.2. The RBFNN Model

Radjial basis function neural network (RBFNN) is composed of a neural network with
three layers, including the input layer, hidden layer and output layer [54]. RBFNN usually
includes two processes, nonlinear transformation of hidden layer and linear transforma-
tion from hidden layer to output layer [40]. It obtains a network with minimum error
approximation by learning and training process of input samples, which can be used for
subsequent prediction analysis [55].

The RBFNN model was employed to integrate all the above-mentioned susceptibility
factors to assess the risk of urban waterlogging in Shenzhen. First of all, the normalization
of indicators was carried out by making a judgment of its positive and negative correlation
with the risk of urban waterlogging. Then quantile classification method was used to
divide each factor from low to high into five levels, with the highest value being level 5,
representing areas with the highest risk of waterlogging. Finally, the evaluation criteria
matrix of five levels of factors was input into the training model as samples, and the vector
of indicators of evaluation objects was used as the prediction data. RBFNN was used to
evaluate the level of risk of waterlogging in each grid cell. The mean square error &€ was set
as 0.0001, and the distribution coefficient was set as 1. The prediction of the grid cells at a
one-kilometer scale in Shenzhen was operated by sim function in MATLAB R2020b.
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2.4.3. Scenario Analysis

With primary consumption of forest, water and farmland [56], Shenzhen experienced
urban land expansion at a rate of 19.0% in 1990-1999, 7.4% in 1999-2005 and 3.8% in
2005-2008 [57]. On the other hand, from 1987-2017, 11% of the construction land was
converted to vegetated areas [58]. Taking the land use change in Shenzhen into consider-
ation, the status quo was set as basic scenario 0, and two types of land use change were
considered when discussing the impacts of green space on the risk of urban waterlogging.
In Scenario 1, the existing impervious surface was converted into green space, which was
set as scenario 1_1,1_2 and 1_3 according to different proportions (5%, 10% and 20%). In
Scenario 2, the existing green space was converted into the impervious surface, which was
set as scenario 2_1, 2_2, 2_3 according to different proportions (5%, 10%, 20%). The new
values of PIS and PGS in each grid cell in each scenario were re-normalized, and other
indicators remained unchanged. By taking the new vectors as the prediction data, the
evaluation values of risk of urban waterlogging under the current standard after land use
change were obtained. The scenario settings are shown in Figure 3.
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Figure 3. Basic scenario and designing of six scenarios under different green space configurations.

3. Results
3.1. Indicators of Urban Waterlogging

The urban waterlogging intensity of Shenzhen was high in the west and low in the east,
as shown in Figure 4. High-value areas were concentrated in Luohu and Futian Districts,
followed by the north of Baoan District, the south of Nanshan District and Longhua District.
The waterlogging intensity was relatively high in the middle of Shenzhen, with plains
staggered with low hills. The waterlogging intensity was relatively low in the southeast,
which was dominated by low mountains. Low-value areas were mainly in Dapeng District,
the south of Pingshan District and the east of Yantian District.
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Figure 4. Spatial distribution of urban waterlogging intensity (UWI) in Shenzhen.

Pearson correlation analysis of DEM, SLOPE, RE, TWI, SR, PIS, PGS, POP with UWI
was carried out, and the results are shown in Table 1. The spatial distribution of the
indicators is shown in Figure 5. Except for TWI, PIS and POP, other factors showed a
negative correlation with UWI. The correlation between PGS and UWI reached —0.443,
which was the most negative and indicated that green space could effectively reduce
the intensity of urban waterlogging. In contrast, the correlation between POP and UWI
reached 0.539, which was the most positive, which meant urban waterlogging tended to
be distributed in areas with high population and thus posed a threat to people’s property
and life safety. All the sensitivity factors were significantly related to UWI, indicating the
selected factors were reasonable and showed the risk of urban waterlogging effectively.

Table 1. Pearson correlation analysis of waterlogging sensitive factors in Shenzhen. (Waterlogging sensitive factors such
as elevation (DEM), slope (SLOPE), relative terrain (RE), topographic wetness index (TWI), surface roughness (SR) the
proportion of impervious surface (PIS), the proportion of green space (PGS) and population (POP)).

DEM SLOPE RE TWI SR PIS PGS POP

Pearson correlation

uwl coefficient

-0.302* —-0337* —0.351*  0.160*  —0.244*  0517*  —0.443* 0539 **

** The correlation was significant at the 0.01 level (two-tailed).

As for topographic features, the Pearson correlation coefficient between DEM and
UWI was —0.302, indicating that most urban waterlogging occurred in low-lying areas. In
the southwest of Shenzhen, such as Futian and Luohu Districts, the altitude was low and
UWI was high. In the southeast coastal areas, such as Dapeng and Yantian Districts, the
altitude was high while UWI was low. In the central areas such as Longhua and Longgang
Districts, where hills and lowlands were staggered and the altitude fluctuated, high-value
and low-value areas of UWI were also scattered and staggered. SLOPE, the change of
which was spatially consistent with the elevation, was also negative with UWI. High values
of SLOPE were in southeast coastal areas, and low values were in western areas, hilly areas
with large SLOPE occasionally in central Shenzhen. RE reflected changes in elevation in
small areas within the grid cells, the distribution of high values of which was similar to
that of DEM but was more diffuse and continuous. TWI was positively related to UWI, and
in most areas of Shenzhen, it was high, with relatively low-value areas mainly in northern
Nanshan district, northern Futian district and Yantian district. UWI in these areas was also
relatively low compared to other areas. SR in most areas in Shenzhen was relatively low,
which meant prone to accumulation of rain. On the other hand, the rain was not easy to
accumulate in the areas with high SR, such as eastern Luohu district and western Yantian
district, which contributed to low UWI.
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Figure 5. Spatial distribution of urban waterlogging sensitive factors in Shenzhen: (a) DEM; (b) SLPOE; (c) RE; (d) TWI;
(e) SR; (f) PIS; (g) PGS; (h) POP. (Waterlogging sensitive factors such as elevation (DEM), slope (SLOPE), relative terrain
(RE), topographic wetness index (TWI), surface roughness (SR) the proportion of impervious surface (PIS), the proportion
of green space (PGS) and population (POP)).
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In terms of land use, Shenzhen, as a highly urbanized area, had a high proportion
of impervious surface in north and southwest areas, with a large range and high-value
areas formed. Pearson correlation coefficient between PIS and UWI was 0.517, showing a
significant positive correlation and ranking second in all indicators. In contrast, the Pearson
correlation coefficient between PGS and UWI was —0.443, showing a significant negative
correlation. PGS in the southeast coastal areas, eastern Baoan district and northern Futian
district was relatively high, and thus the risk of urban waterlogging in those areas was
relatively small.

As for socio-economic exposure, POP was significantly positively related to UWI,
which meant that in densely populated areas, the frequency of waterlogging events was
also higher. The areas with high POP in Shenzhen were located in the southwest coastal
Futian and Luohu districts, which were also central urban areas, followed by northern
suburbs such as northern Guangming, northern Longhua and northern Longgang. The
POP and UWI in the Dapeng district in the southeastern coastal part of Shenzhen were
both the least, which meant that urban waterlogging was mostly in urban residential and
commercial clusters with high populations.

Overall, the distribution of topographical features was similar. The impacts of the im-
pervious surface and green space on urban waterlogging were significantly different, same
to the spatial distribution of the two indicators. Most of the population was concentrated in
the southwest of Shenzhen, where the elevation was low and SR was small. Furthermore,
there were more impervious surfaces and less green space in the southwest of Shenzhen,
and also large urban waterlogging intensity. Urban waterlogging seldom occurred in the
southeastern coastal areas, where most areas were high-altitude, with the less impervious
surface, while woodland and grassland as the representative of land use types.

3.2. RBENN Results and Urban Waterlogging Risk

The evaluation criteria in the RBFNN model for risk assessment of urban waterlogging
in Shenzhen were shown in Table 2, as ZUWI represented the normalized UWI, etc. The
evaluation criteria matrix of five levels of factors in Table 2 was input into the RBFNN
model as training samples. The evaluated level of risk of waterlogging in each grid cell
under the 1 km scale of Shenzhen was computed by the RBFNN model, and the results of
the evaluation are shown in Figure 6.

Table 2. Evaluation standard of RBFNN model for risk assessment of urban waterlogging in Shenzhen.
(ZUWTI represents the normalized UWI, ZDEM represents the normalized DEM, etc.).

Indicators Level 1 Level 2 Level 3 Level 4 Level 5
ZUWI 0.011 0.061 0.136 0.28 1
ZDEM 0.862 0.923 0.951 0.976 1

ZSLOPE 0.8 0.92 0.965 0.982 1
ZRE 0.728 0.864 0.928 0.957 1
ZTWI 0.33 0.486 0.59 0.694 1
ZSR 0.962 0.994 0.999 1 1
ZPIS 0.017 0.218 0.601 0.827 1
ZPGS 0.289 0.795 0.983 1 1
ZPOP 0.001 0.006 0.024 0.086 1
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Figure 6. Results of risk assessment of urban waterlogging in Shenzhen.

The risk of urban waterlogging in Shenzhen was higher in the west and lower in the
east. The highest evaluation value was 5.586, and the lowest value was —1.022. The area of
level 5 accounted for 10.53% (of which 0.89% was greater than 5 and 9.64% was 4-5). The
area of level 4 accounted for 22.01%, that of level 3 accounted for 24.22%, that of level 2
accounted for 23.94% and that of level 1 accounted for 19.28% (of which 15.80% were 0-1
and 3.48% were less than 0). The area of level 3 was the largest, and the area of level 2 or
level 4 was 20-25%, representing that the overall risk of waterlogging was balanced. The
low-risk areas of level 1 were mainly distributed in the southeast and west of Shenzhen,
where green space accounted for a relatively large area. In contrast, the areas of level 5 were
mainly concentrated in central urban areas such as Luohu, Futian and Nanshan districts,
where there was a large population. Therefore, Shenzhen should give priority to mitigating
urban waterlogging in the southwest coastal areas, especially in Futian and Luohu districts.
Secondly, consideration should be given to areas such as southern Nanshan and northern
Baoan districts. In addition, it should also be paid attention to protect against the risk of
urban waterlogging in Longhua and Longgang districts.

Compared with the fact that the intensity of urban waterlogging was mainly dis-
tributed similar to scatters, the spatial variations in the risk of waterlogging were mostly
contiguous, and the distribution was highly similar to that of areas with high PIS. At
the same time, the high-value areas (level 4 or 5) with high waterlogging risk can well
cover areas with a high population. However, the changes between spatial variations in
waterlogging risk were smaller, more stable and continuous than those of PIS and POP.

3.3. Scenario Analysis

The results of the evaluation of risk assessment of urban waterlogging in Shenzhen
under different scenarios are shown in Figure 7. In the seven scenarios, areas of level 2 or
3 accounted for the largest proportion, which was relatively close, followed by areas of
level 4, and areas of level 5 accounted for the smallest proportion, which indicated that the
degree of risk of urban waterlogging in Shenzhen was relatively balanced. Although the
area of Level 5 with serious risk of waterlogging and urgent need of planning in Shenzhen
was small, ranging from 10% to 11%, the area of Level 1 with low risk and good green
infrastructure planning accounted only for 15-20%, indicating that the green infrastructure
planning in Shenzhen still needed to be further strengthened.
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Level 1 Level 2 Level 3 Level 4 Level 5
Scenario 1-3 [N19138% 49%
Scenario 1-2 [IN19129% 63%
Scenario 1-1 [NIRI86% 68%
Scenario 0 [N19129% 54%
Scenario 2-1 [N18125% 49%
Scenario 2-2 [II7599 49%
Scenario 2-3 [IGS1% 49%

Figure 7. The results of risk assessment of urban waterlogging in Shenzhen under different scenarios.

(The blue bar represents the percent of the area of different risk levels.).

In Scenario 1 (green space increased and impervious surface decreased), the impacts
of land-use change in different proportions were different. The proportion of the area of
each level fluctuated greatly and had no obvious law. With the increase in the proportion
of impervious surface converted to green space, the area of level 1 and level 4 gradually
increased, and the area of level 3 and level 5 gradually decreased. The average evaluation
result of the basic scenario was 2.28, and the average evaluation results of scenario 1-1,
scenario 1-2 and scenario 1-3 were 2.29, 2.29 and 2.28, respectively, which did not have an
obvious trend.

In Scenario 2 (green space decreased and impervious surface increased), the laws
of land use change in different proportions were consistent. With the increase in the
proportion of green space turning into the impervious surface, the proportion of level 1
decreased significantly, the proportion of level 2, level 3 and level 4 increased, and the
proportion of level 5 remained unchanged, which indicated that areas with low risk of
waterlogging would be transformed into areas with medium risk of waterlogging, the
ability to cope with waterlogging weakened sharply due to the reduction in green space.
However, the impact of the reduction in green space was rather weak on the areas with a
high risk of waterlogging.

The impacts of land use change in the ability to resist waterlogging in different regions
were not completely consistent. As can be seen from Figure 8, in Scenario 1, the areas
with a well-increased risk of waterlogging were mainly located in Baocan, Guangming
and Longgang districts, and the areas with well-decreased risk of waterlogging located
mainly in Futian and Luohu districts. With the increase in the proportion of impervious
surface turned to green space, both the range of changed value and the changed areas of
promotion or decline became larger. This showed that the existing strategy of turning the
impervious surface into green space could not significantly improve the ability to deal with
urban waterlogging in most areas of Baoan, Longgang and Guangming districts. It was still
necessary to further strengthen the construction of other supporting facilities to deal with
urban waterlogging. In contrast, it can effectively reduce the risk of urban waterlogging
and thus encourage green infrastructure planning at the junction of Futian district and
Luohu district and some scattered places with large slope changes in other districts.
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Figure 8. Changes in results of risk assessment in different scenarios: (a) Scenario 1-1; (b) Scenario 2-1; (c) Scenario 1-2;
(d) Scenario 2-2; (e) Scenario 1-3; (f) Scenario 2-3.

In Scenario 2, the risk of urban waterlogging in all areas of Shenzhen increased,
which indicated that developing existing green space into impervious surface led to the
enhancing of waterlogging, and with the increase of the proportion of impervious surface
development (from 5%, 10% to 20%), the added value of risk gradually increased. In
other ways, conversion of green land to construction land harmed urban waterlogging
prevention and reduction. Besides, the greater the proportion of conversions, the greater
the potential risk of urban waterlogging would be. As can be seen from Figure 8b,d f, if the
green space was transformed into the impervious surface, the most affected areas were the
south of Guangming district, the east of Baoan district, Yantian and Dapeng district. If the
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existing green space in these areas was transformed into an impervious surface, the risk of
urban waterlogging would significantly increase.

4. Discussion

Based on indicators such as historical urban waterlogging intensity, factors about
topography, land use and population, RBFNN was used to estimate waterlogging risk in
Shenzhen and simulate the changes in risk of waterlogging in different scenarios of land
use, and then some suggestions for green infrastructures planning under the background
of urban waterlogging were put forward.

4.1. Spatial Variations in Risk of Urban Waterlogging

The RBENN model was used to evaluate the risk of urban waterlogging by combining
multiple sensitive factors, which effectively avoided detailed questions such as index
selection, weight setting and result determination in flood sensitivity assessment and green
infrastructures planning. The positive and negative correlation and significance of each
indicator were derived effectively and directly from Pearson correlation analysis.

The overall risk of urban waterlogging in Shenzhen is relatively balanced, with high
risk in the west and low risk in the east. The areas with the highest risk and thus requiring
improved green infrastructure planning most urgently are concentrated in Futian and
Luohu districts, followed by the south of Nanshan district, the north of Baoan district,
Longhua district and the west of Guangming district. Longgang district and the north of
Pingshan district also need more green infrastructures, and the southeast coastal area has
the lowest risk.

The spatial variation in risk of waterlogging has a lot in common with historical urban
waterlogging intensity since UWI in Futian and Luohu districts is the highest, followed
by that in Nanshan and Baoan district, and UWI in Dapeng district is the lowest. Similar
to findings of previous researches that low areas are susceptible to severe floods [59], in
addition to TWI, topographical factors show a negative correlation with UWI, and the
correlation between RE and UWI is most negative. In general, higher elevation meant
less risk of being submerged. TWI quantitatively simulates the dry and wet states of
soil moisture. Places with high TWI, which refer to areas that possess the potential to
generate overland flow, are prone to waterlogging due to high soil moisture [38]. In terms
of land use, PIS is positively correlated with UWI, while PGS is negatively correlated with
UWI, which is similar to findings of previous studies [49]. Land cover features are critical
explanatory factors for urban waterlogging. Impervious surfaces reduce the seepage of
rainwater and increase surface runoff, increasing the risk of urban waterlogging.

4.2. Different Impacts of Green Space

Land use change has an obvious impact on the risk of urban waterlogging, and
the impact is not consistent under different location conditions. As is proved in other
papers, different spatial areas respond to land use change and rainfall change scenarios
differently [60].

When the impervious surface is transformed into green space, the areas with a higher
risk of waterlogging are mainly located in Baoan, Guangming and Longgang districts, and
the areas with a lower risk of waterlogging are mainly located in Futian and Luohu districts.
The existing strategy of turning the impervious surface into green space can effectively
reduce the risk of urban waterlogging at the junction of Futian district and Luohu district
and scattered places with large changes in slope in other districts.

However, the actual effectiveness of green infrastructures also varies spatially. Turning
the existing impervious surface into green space cannot significantly improve the ability to
deal with the risk of urban waterlogging in most areas of Baoan, Longgang and Guangming
districts, which indicates that combination with other supporting waterlogging reduction
measures is needed [61]. As is shown in Figure 9a, the larger the area of conversion is
(Scenario 1_3 compared with Scenario 1_1), the larger the uncertainty is. Besides, when the
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Changes of results of risk

existing percent of green space is lower than 20%, the impact of turning the impervious
surface into green space on the risk of waterlogging is obvious, although it is still uncertain
that the impact is positive or negative consistently. When the existing percent of green
space is relatively higher, there is a trend that the reduction in risk of waterlogging becomes
smaller. Similarly, some researchers find that if the proportion of green infrastructures in
the watershed in Shenzhen exceeds 60%, urban waterlogging may not be mitigated even if
more green infrastructures are constructed [19].
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Figure 9. The relationship between the percent of green space and changes in results of risk assessment: (a) Scenario 1;

(b) Scenario 2.

Although cultivating more green space may not necessarily mitigate urban water-
logging, the benefit of mitigation effect of existing green space is without a doubt. When
green space is converted to the impervious surface, the law of land use change in differ-
ent proportions is constant. It can be seen from Figure 9b that with the increase in the
proportion of green space turned into the impervious surface, the increased risk of urban
waterlogging becomes larger. Furthermore, when the proportion of green space turned
into the impervious surface is constant, the increased risks in different places present semi
arch. The increase in the risk of urban waterlogging is relatively smaller in places with less
green space while losing green space will do great harm to places where the percent of
green space is large now. For example, thanks to flat terrain, high proportion of green space
and good ecological environment, the current risks of urban waterlogging in southern
Guangming district, eastern Baoan district, Yantian district and Dapeng district are rather
low. The increase in risks of waterlogging in the abovementioned areas when green space
is turned into the impervious surface is largest.

4.3. Recommendation

The results of the evaluation of risk assessment of urban waterlogging the green
infrastructure planning in Shenzhen can be further improved. The population and pro-
portion of the impervious surface in Futian District and Luohu District, the central urban
area, are relatively high, which are conducive to the high urban waterlogging risk and
fragile environment. The lack of green space makes it difficult to build large-scale green
infrastructures in these areas. Therefore, it is necessary to control the construction of the
urban impervious surface and consider strengthening the combination of artificial facilities
and natural ecological facilities and increasing plants and greening around the impervious
surface such as roads and buildings.

The fluctuations in topography in most areas of Baoan, Longgang and Guangming
districts are relatively large, and the area of hills and mountains is also somewhat greater.
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It is necessary to promote the combination of gray and green infrastructures in urban
planning, and it is still suggested to further strengthen the construction of other supporting
facilities to deal with urban waterlogging.

Southern Guangming district, eastern Baoan district, Yantian district and Dapeng
district tend to be easily at risk of waterlogging if green space is turned into an impervious
surface. Therefore, in future development, we should make Green Development the
first priority and pay attention to ecological value and environmental protection at the
same time as economic development. Attention should also be paid to water and soil
conservation, the ecological value of the existing green space [62] and it is suggested to
strictly abide by the ecological redline and control the development intensity [60].

4.4. Limitations

Data from media records of historical waterlogging events from 2017 to 2020 were used
in the assessment of Shenzhen’s waterlogging intensity. With the rise of big data technology,
it became more and more popular to combine social media data with other information such
as land use to study the capabilities of urban waterlogging prevention [43,49]. The kernel
density method can effectively reflect the continuous distribution of urban waterlogging
at a small scale, which expands in a dense and circular layer [9]. It is still encouraged
that conduct deeper field research in future studies and works with relevant technical
departments to solve the problems of access to and sharing of flood-prone data and
dynamic rainfall data [42].

In general, urban waterlogging not only occurs within a single street or an admin-
istrative district but also often across streets and administrative districts. Although one
kilometer is a practical and appropriate scale for risk assessment and green infrastructures
planning, taking the scale effect characteristics of landscape ecology into consideration [44],
multi-scale comprehensive analysis can be carried out in subsequent studies.

Although it is convenient and objective to use the RBFNN model to evaluate and
analyze the results under different land use changes, this method is based on a fully
idealized scenario design. In practical application, the ecological redline, existing planning
and other restrictive factors ought to be considered. Furthermore, more factors about
green infrastructures such as biophysical parameters and the spatial configuration could
be considered when discussing its waterlogging mitigation effect.

Different green infrastructure planning measures are proposed for different areas,
which could further guide urban development and planning on a macro scale. The solution
of urban waterlogging depends on multidisciplinary scholars working together [63], so
specific measures such as Roof Greening and Rain Garden are needed in the research on
green infrastructure planning in the future. All departments in the same basin areas ought
to work together to maintain the ecological environment and put forward effective disaster
prevention and mitigation measures from multiple angles.

5. Conclusions

Based on media records of historical events of urban waterlogging, combined with
topographic factors such as elevation, slope, relative elevation, terrain humidity index
and surface roughness; land use factors such as the proportion of impervious surface and
proportion of green space; and socio-economic factors such as population, comprehensive
use of kernel density analysis, Pearson correlation analysis, RBFNN, scenario analysis
and other methods, susceptibility assessment of urban waterlogging in Shenzhen was
conducted. Moreover, according to different land use change scenarios, the roles of green
infrastructures in different areas and conditions were discussed. Finally, corresponding
green infrastructure planning measures in the context of urban waterlogging were put
forward. The main conclusions were drawn as follows:

e  Therisk of urban waterlogging at the junction of Luohu district and Futian district is
relatively large due to the high population and density of the impervious surface. The
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risk of urban waterlogging is also relatively high in Nanshan and Longgang districts
and is lowest in southeastern areas;

e  Priority should be given to the construction of green infrastructure in central urban
areas such as the Luohu and Futian districts. Green infrastructure planning priority in
Nanshan and Baoan districts is also very high. The southeast of Shenzhen, represented
by the Dapeng district, currently has a high proportion of green space and low risk of
urban waterlogging and thus a low priority of planning;

e  The mitigation effects of green infrastructure are different depending on the region.
Dapeng and Yantian districts need to pay attention to the protection of existing green
space and reduce regional development intensity. Urban waterlogging in Luohu and
Futian districts can be alleviated by strengthening green infrastructure construction.
However, due to relatively little effect of green infrastructures, Longgang and Longhua
districts should make comprehensive use of other flood prevention measures.

e  Itis certain that destroying existing green space would increase the risk of waterlog-
ging, whatever the proportion of the decreased green space is. Cultivating more green
infrastructures does not necessarily reduce the risk of waterlogging due to different
proportions of land use and different locations. More attention should be paid to the
protection of green space, and we should adhere to green development and ecological
protection and avoid converting existing green space into the impervious surface to
the best of our ability.
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