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A B S T R A C T

Urban impervious surface coverage is an important parameter to understand effects of hydro-environment on the
process of urbanization. Impervious surfaces have altered urban hydrological process, spatial and temporal
distribution of water resources and water environment quality and led to increasing frequency and intensity of
urban waterlogging. In view of the impact of the increase of impervious surface on urban hydrological en-
vironment, there are two problems in current research and application: (1) urban hydrological modeling and
impermeability ratio are computed according to multi-level administrative units rather than watersheds; (2) the
entire urban hydrological environment is an organic whole, but the urban watersheds system within a city have
not been monitored dynamically by considering adjacent watersheds. In view of these two problems, the main
innovative points in this research work include (1) first, urban multi-scale watersheds are defined, and im-
permeability ratios are calculated at multi-scale watersheds level for urban hydrological modeling. (2) Based on
urban DEM analysis, considering the interconnection of multiple urban water systems by calculating the dy-
namic impermeability ratios, the dynamic impact of urban rainfall and runoff changes on the whole urban
hydrological environment is monitored. The results show overall impervious surface ratio of each watershed is
proportional to the runoff. The ratio of the impervious surface reaches 20%, and the discharge is more than twice
that when impervious ratio is 4%. It can be concluded that at watershed level a higher the degree of urbanization
can lead to a larger change in the total run off, and the earlier shift of the peak flow.

1. Introduction

Urban expansion, evidenced by the growth of impervious surface
areas (ISA) (e.g. building rooftops, pavements, parking lots and roads)
(Kuang et al., 2013; Liu et al., 2014) is accompanied by the decrease of
the natural lands (e.g. farmland, forest land, and water body). Im-
pervious surfaces raise the duration, intensity, and velocity of surface
runoffs, decrease the groundwater recharge and base flow, and increase
the flood peak frequency and volume (Brun and Band, 2000; Moscrip
and Montgomery, 1997). Urban impervious surface changes surface
albedo, specific emissivity and surface roughness by modifying the
structure of urban surface.

In recent years, urban flooding has become a global concern in
many cities all over the world (Miller and Hess, 2017; Roodsari and
Chandler, 2017; Sunde et al., 2016; Yao et al., 2016) because of its
major negative impacts on public health, economic development, and
quality of life especially in developing countries such as China, India,

Bangladesh, Nepal(Ding et al., 2018; Wang et al., 2017; Xue et al.,
2016). Traditional solution to urban storm water is to build a gray
drainage system and increase drainage networks and diameters of
rainfall drains to rapidly drain the storm water away and then to store it
at downstream facilities (Cembrano et al., 2004) (USEPA, 2000).
However, the fast discharge of rainwater would cause a huge burden to
the drainage system, causing urban flooding, river erosion, increasing
suspended solids, and heavy metals pollution (Kong et al., 2017; Mei
et al., 2018; Rosenberg et al., 2010).

A number of measures have been developed to manage urban storm
water, such as water-sensitive urban design (WSUD) in Australia, and
best management practices (BMPs) and Low Impact Development (LID)
in the USA (USEPA,2000), sustainable drainage systems (SuDS) in the
UK, urban design and development (LIUDD) in New Zealand. LID aims
to mimic the pre-development hydrologic conditions and achieves hy-
drologic neutrality thus promoting storage, infiltration and evapo-
transpiration processes. Holman-Dodds et al. (2003) showed that by
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manipulating the layout of urbanized landscapes, it is possible to reduce
impacts of impervious surfaces on hydrology relative to traditional,
fully connected storm water systems. However, the amount of reduction
was observed for both rainfall event size and soil texture, with greatest
reductions being possible for small, relatively frequent rainfall events
and more pervious soil textures. Palla and Gnecco (2015) selected green
roofs and permeable pavements as source control systems to be applied
to rooftops and parking lot areas respectively to reduce the impact of
imperviousness at the catchment scale. Hu et al. (2017) assessed the
performance of LID practices for mitigating flood inundation hazards as
retrofitting technologies in an urbanized watershed in Nanjing, China.
Kong et al. (2017) explored the hydrological responses of stormwater
runoff characteristics to four different land use conversion scenarios
under multiple LID implementations at the city scale using GIS-based
Stormwater Management Model (SWMM). Jun and Fuling (2000)
forecasted and analyzed urban waterlog-draining using decision sup-
port system based on the 4D data fusion technique.

To solve the urban waterlogging issue, the construction of sponge
cities was proposed in china following the LID principles (Xu et al.,
2018). The Sponge City, a new concept of urban water management,
refers to the city with good flexibility to adapt to environmental change
and to respond to natural disasters caused by rain (Chan et al., 2018; Li
et al., 2018; Liu et al., 2017; Shao et al., 2016) However, studies of LID
scenarios to date have been limited to the lot or block scale. Urban
planning and urban management usually use the political boundaries,
and the planning and reconstruction of Sponge Cities are also based on
the administrative boundaries. However, urban water cycle, and sur-
face runoff do not follow administrative boundaries.

Given the increased impact of impervious surface on urban hydro-
logical environment, there are two problems in current research and
application: (1) Within a city, the current research and application are
based on multi-level administrative units such as city-administrative
region (county) - street-community as a simulation analysis or statis-
tical analysis unit, but not on the internal water system of the city to
study the urban hydrological model. If the impermeability rate is
counted according to multi-level administrative units rather than

Watersheds, it cannot reflect the real characteristics of hydrological
changes within the city; (2) the current planning of sponge city does not
consider the specific urban water system that the city belongs to, nor
does the entire urban hydrological environment as a whole be analyzed
and modeled.

The statistical unit of impermeability in sponge city planning should
be based on the watershed or multi-scale watersheds. Using adminis-
trative divisions to calculate imperviousness is only of mathematical
significance and does not have physical and ecological value. For ex-
ample, the water surface area of Wuhan City accounts for one quarter of
the total area of the built-up area. If only the entire impervious rate of
the built-up area is considered, the problem of high impermeability of
land cannot be reflected. Current sponge city pilot area, considering the
size of funds and renovation projects, usually chooses the pilot area
according to the needs of urban construction and administrative divi-
sions. The pilot zone uses the impermeability of the Pilot area for
modeling and analysis. Because it is neither a complete water system
nor a part of a certain water system (spanning multiple water systems),
its urban hydrological effects of planning and modeling are difficult to
achieve as scientifically considered as a full water system. This paper
emphasizes the impervious rate of multi-scale watersheds, and takes
them as the inputs to urban hydrological modeling. Therefore, in this
study, we proposed a multi-level watersheds runoff monitoring model
based on the analysis of urban impervious surfaces dynamics from 1987
to 2017 every five years. We aimed to explore the change of impervious
surfaces in Wuhan during the past 30 years and analyze the relationship
between impervious surfaces and urban surface runoff in four steps: (1)
extracting the impervious surfaces using random forest from 1987 to
2017 from Landsat images with Google Earth Engine (GEE); (2) ana-
lyzing the spatiotemporal dynamics of impervious surfaces over the
whole study period; (3) calculating the annual runoffs from 1987 to
2017 using the INFORWORKS model; and (4) exploring the relationship
between impervious surfaces and urban waterlogging. The objective of
this paper is to explore impervious surface ratios of multi-scale water-
sheds as indicators to help decision-makers understand the interactions
between urban impervious surfaces distribution and runoff.

Fig. 1. The geographic location of the study area, Wuhan, China.
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2. Study area and data processing

2.1. Study area

The study area, Wuhan, is situated at the eastern Jianghan Plain in
the middle part of China (113°41′E to 115°05′ E and 29°58′N to 31°22′
N) on the middle reaches of the Yangtze River at the intersection of the
Yangtze and Han rivers (see Fig. 1). The city covers an area of 8494 km2

with a population of 10.02 million. Wuhan has experienced rapid urban
expansion in the past three decades.

According to the statistics of Wuhan Central Meteorological
Observatory from 1951 to 2012, the annual rainfall in Wuhan has
fluctuated between 700 and 2100mm in the past 50 years (http://hb.
cma.gov.cn/). During this period, there were 15 rainy years (P≤ 25%)
with an average precipitation of 1660.6mm, 32 plain years
(25% < P < 75%) with the average precipitation of 1218.7 mm, and
15 drought years (P≥ 75%) with an average precipitation of
935.3 mm. In the past 10 years, rainstorm in Wuhan occurred in 2011,
2013 and 2016 (http://hb.cma.gov.cn/) (Table 1).

Wuhan is among the first for sponge cities in China. During the
three-year pilot period from 2015 to 2017, Qingshan and Sixin in
Hanyang, all parts of the city of Wuhan, was built with a total area of
38.5 km2. The project includes seven aspects including residential
areas, public buildings, parks and green spaces, urban roads, drainage
pumping stations, urban water ecological restoration, and evaluation
platform construction. The specific goal is to vigorously upgrade the
urban rainwater management capacity to achieve annual runoff total
control rate of over 70% in Qingshan demonstration zone, and over
80% in Sixin of Hanyang demonstration zone.

2.2. Data processing

The study area is located across three Landsat scenes (Path: 123,
Row: 39; Path: 123, Row: 38; Path: 122, Row: 39). In this study, only
the main tile (Path: 123, Row: 39) was selected to extract impervious
surfaces and calculate urban runoffs. A total of 18 Landsat images (6
Landsat-5, 9 Landsat-7, and 3 Landsat-8) from 1987 to 2017 were re-
quested through GEE in this study. The selected Landsat images were
acquired in either December or November (Table 2). The clouds were
removed for year 2012 Landsat images. As the scan-line corrector (SLC)
of the Landsat 7 ETM+ sensor failed in 2003, the locations of SLC-off
data were identified using band-specific gap mask files in each SLC-off
data product. The vector data of Watersheds are provided by the Wuhan
Water Affairs Bureau (see Table 3). Hourly and 5minutes-interval
precipitation data on July 7, 2013 were used from Hubei Meteor-
ological Service. The DEM (Digital Elevation Model, DEM) data with
30m resolution and the lakes boundary are obtained by Wuhan Natural
Resources and Planning Bureau.

3. Method

In this paper, watershed is defined as an evaluation unit of urban
hydrological environment. The watershed is a catchment unit, pro-
viding the theoretical and technique foundation for calculating the
runoff. The watershed has a multi-scale attribute, and finally constitutes
the whole city water circulating system. Based on this evaluation unit,
we define the impervious ratio of watershed and that of the whole
water circulating system.

=ISA ratio ISA area Area/watershed watershed watershedinland surface of (1)

=ISA ratio ISA area Area/basin network basin network inland surface of basin network

(2)

where ISA ratiowatershed is the impervious ratio of watershed, ISA ra-
tiowatershed is the area of impermeable surface in watershed, Areainland
surface of watershed is the inland area in watershed, and Areawater of watershed

is the area of water. ISA ratiobasin network is the impervious ratio of basin
network, ISA areabasin network is the area of impermeable surface in the
hydrographic system, Areainland surface of basin network is the inland surface
area of the hydrographic system.

In this study, remote sensing monitoring of multi-scale watersheds
impermeability for urban hydrological evaluation is realized. A multi-
scale monitoring model on urban impervious surface watersheds was
put forward. Fig. 2 presents the overall workflow of the procedures.
Firstly, we employed data service based on the GEE platform; Landsat
data from 1987 to 2017 were used for feature extraction and the VHR
images from Google Earth were used as training and validation data,
then RF classifier was used to extract urban impervious surface (Section
3.1). Secondly, multi-level watersheds were built and divided water-
sheds into four levels, cell watersheds, administration watersheds, dy-
namic watersheds, and city watershed, then relationship between the
impervious surfaces and urban runoffs were analyzed for better un-
derstanding the urban eco-environment, especially for the prevention
and control of urban waterlogging. Finally, the continuous runoff pro-
cess at different urbanization degrees under the same precipitation
event were simulated by hourly and 5minutes-interval precipitation
data on July 7, 2013.

3.1. Mapping impervious surface using GEE

Studies of impervious surfaces began in the field of urban hydrology
in the 1970s (Brabec et al., 2002). At that time, extraction of land use
types (including impervious surfaces) from medium/high spatial re-
solution remote sensing images mainly relied on field surveys or visual
interpretation of high resolution aerial images (Goetz et al., 2003;
Zhang et al., 2013). To meet the requirements of urban applications,
remote sensing images have been widely utilized to extract urban ISA
using different methods (Deng et al., 2017; Deng and Wu, 2013a,
2013b; Du et al., 2014; Im et al., 2012; Lu et al., 2011; Lu and Weng,
2006; Wu and Murray, 2003; Xian and Homer, 2010; Zhang et al.,
2014, 2017, 2018; Zhuo et al., 2018). GEE is a cloud-based platform for
scientific analysis and visualization of petabyte-scale geospatial data-
sets. It is set up for scientific analysis-ready data with a high perfor-
mance by providing historical satellite images over decades (Chen
et al., 2017; Dong et al., 2016; Gorelick et al., 2017; Huang et al., 2017;
Johansen et al., 2015; Lee et al., 2016; Liu et al., 2018; Patela et al.,
2015; Xiong et al., 2017).

Table 1
Waterlogging area in typical year in Wuhan city.

Year Maximum daily rainfall (mm) Waterlogging situation

2011 200.5 Heavy rain on June 18, 88 serious waterlogging spots in central Wuhan City, traffic system paralyzed
2013 321 22 main roads and 75 communities were flooded, 250 thousand people suffered
2016 246.4 162 waterlogging spots, 206 waterlogging roads, and serious water in subway stations

Table 2
The image data used in this study.

Sensor Date

Landsat 5 TM 1987-12-31,1992-11-10,1997-11-08
Landsat 7 ETM+ 2002-12-16, 2007-12-30, 2012-12-11
Landsat 8 OLI/TIRS 2017-12-17

Z. Shao, et al. Remote Sensing of Environment 232 (2019) 111338

3

http://hb.cma.gov.cn/
http://hb.cma.gov.cn/
http://hb.cma.gov.cn/


Random Forest algorithm (Breiman, 2001, 1996) as a classifier,
well-known for its superior performance on multi-dimensional features,
was selected to extract the impervious surfaces from 1987 to 2017 in
Wuhan. Six land cover types were identified: bright impervious sur-
faces, dark impervious surfaces, vegetation, high reflectance of bare
land, low reflectance of bare land, and water bodies. For each type, the
number of the samples was randomly selected by visual interpretation
of the high spatial resolution Google Earth images and distributed
evenly over the study area. Then the six land cover types were further
categorized into three types, impervious surfaces (IS, including bright
impervious surfaces and dark impervious surfaces), non-impervious
surfaces (NIS, including vegetation, high reflectance of bare land and
low reflectance of bare land), and water bodies (WB).

Normalized difference vegetation index (NDVI) (Crippen, 1990;
Rouse et al., 1973), normalized difference water index (NDWI)
(McFeeters, 1996), Normalized Difference Built Index (NDBI) (Zha
et al., 2003), soil-adjusted vegetation index (SAVI) (Huete, 1988), and
biophysical composition index (BCI) (Deng and Wu, 2012) were ex-
tracted as additional spectral features for classification.

3.2. Urban multi-level watersheds runoff monitoring model

In this section, an urban multi-level watersheds runoff monitoring
model was put forward. The model is to explore and define the unit of
urban runoff monitoring. This unit is analyzed in relation with land use,

urban management, urban hydrology, urban planning, urban design,
and other related perspectives. The authors seek the unit of urban
runoff monitoring from the hydrological cycle, which begins with

Table 3
Twenty-two Watersheds in Wuhan.

Number Watershed name Number Watershed name Number Watershed name

1 Beihu 8 Gongyegang 15 Huangxiaohe
2 Caidiandonghu 9 Guanlianhu 16 Jinyintan
3 Changqing 10 Hankou yanhe 17 Lannihu
4 Chenjiaji 11 Hankou yanjiang 18 Liangzihu
5 Chuanjiangchi 12 Hanyangyanhe 19 Qingshanzhen
6 Dongshahu 13 Hanyang yanjiang 20 Tangxunhu
7 Gangxi 14 Hexi 21 Tongshunhe

22 Wuchang linjiang

Fig. 2. The flowchart on remote sensing monitoring of multi-scale watersheds impermeability for urban hydrological evaluation using Google Earth Engine.

Fig. 3. City multi-level watersheds runoff monitoring model.
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precipitation. The traditional precipitation is rainfall. Part of the rain-
fall will be transformed into evaporation by vegetation. The excess
rainfall is divided into infiltration, overland runoff, and depression
storage such as lakes, inland rivers.

The urban multi-level watersheds runoff monitoring model is con-
structed as follows (see Fig. 3):

(1) The basic level is the cell watershed. The cell watersheds consist of
inland rivers, and lakes, which can be extracted from remote sen-
sing images. In this paper, we assume that the low-lying areas, as
candidate waterlogging points, belong to the cell watersheds, which
can be detected from either DEM data or LiDAR-data.

(2) The second level is the urban hydrographic net, which can be se-
lected as the administrative watershed. The concept of adminis-
trative watershed comes from the field of urban hydrology, which
considers the total amount of confluence, the drainage capacity of
pumping stations, and the drainage capacity of underground pipe
networks. An administrative watershed usually includes several cell
watersheds. In urban areas, alterations of the landscape form by
urbanization result in increased runoff volumes. Consequently,
urban areas are more susceptible to flooding than rural areas at an
administrative watershed. The administrative watershed is strongly
recommended to be used as a unit for monitoring urban water cycle
and hydrological environment.

(3) The third level is the dynamic watershed for runoff monitoring. In
an administrative watershed, after the drainage reaches the upper
limit of the pipe networks and permeability of the pervious area,
the water level in the administrative watershed will rise, and
multiple cell watersheds may be linked together to become a bigger
watershed. When the total amount of confluence is higher than the
administrative watershed capacity, this administrative watershed
will connect with the neighboring administrative watershed, and a
much bigger watershed will form. We call this process a dynamic
watershed. Dynamic watershed is very important to understand
urban flood prevention, drainage and monitoring.

(4) The last level is the whole city watershed. As urban area has af-
filiations to a large basin at regional scale, this level of watershed
monitoring considers the upstream catchment and the flow to
downstream, which provide fundamental parameters for water re-
sources assessment, development, and management of the whole
city.

The multi-scale Watersheds defined in this paper contain the fol-
lowing meanings:

(1) The existing natural waters in cities belong to natural watersheds.
For example,> 100 lakes and 2 rivers in Wuhan exist. Each river or
lake is a natural cell watershed.

(2) Each waterlogging area can be regarded as a cell watershed during
rainfall. For example, there are> 162 waterlogging areas in recent
years in Wuhan. Each waterlogging area can be regarded as a cell
watershed.

(3) Instead of using administrative boundaries, the proposed multi-
level watershed runoff monitoring model should be used to reduce
impervious surfaces in the city, and hence lower the risk of
flooding.

(4) As the water level changes, different watersheds may merge into a
new larger watershed at a given precipitation level.

3.3. Runoff volumes calculation

In this paper, the classical INFOWORKS model is chosen to calculate
runoff volumes according to the perviousness-imperviousness ratios.
The runoff model with constant rations is applied to the impervious
surface catchment area, where the runoff can be accurately estimated.
The Horton model (Horton, 1933) is adopted for the pervious surface.

The runoff volume model is shown in Eqs. (3)–(5) (see Table 4):
For impervious surface area:

= − −R c P D E( ) (3)

where R is the runoff volume, c is the constant runoff coefficient, P is
the precipitation, D is the initial loss (mm), and E is the evaporation
(mm).

While for pervious surface area:

= − − −R i f t D E( ) (4)

= + −
−f f f f e( )c c

kt
0 (5)

where i is the rainfall intensity (mm/hr), f is the infiltration intensity
(mm/hr), P is the precipitation, D is the initial loss (mm), and E is the
evaporation (mm), f0 is the initial infiltration rate (mm/hr), fc is the final
(limiting) infiltration rate (mm/hr), k is the coefficient of the ex-
ponential term (1/hr), and t is the time (hr). The parameters in the
runoff volume model are empirical values, which are derived from local
water administrative departments, as follows:

The increase of impervious surface will lead to the acceleration of
confluence process and the increase of hydrological active areas and
frequency of larger peak discharge. The expected results of these
changes include decreased lag times, increased storm flow volumes, and
increased peak flows. The shape of hydrological curve has changed
significantly. Fig. 4 is a typical precipitation event, the natural state
(pre-urbanization), LID, BMPs, the flow process after urbanization
(post-urbanization). Sponge city is the product of development of
modern water ecology concepts such as LID and BMPs and the in-
tegration of traditional Chinese water governance wisdom.

4. Results

4.1. Accuracy assessment and dynamic analysis of impervious surface

The mapping results of impervious surface from 1987 to 2017 are

Table 4
Parameters of runoff volume model.

Land
cover

D(m) Horton model Fixed percentage runoff
model

f0(mm/hr) fc(mm/hr) k(1/hr) Fixed runoff coefficient

VE 0.008 125 6.3 2
BL 0.008 78 6.3 2
IS 0.002 0.95

Fig. 4. Conceptual changes in hydrograph following urbanization (modified
from Leopold, 1968).
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shown in Fig. 5. Confusions were observed between impervious surfaces
and bare lands, which is mainly because of their similar spectral sig-
natures.

Table 5 shows the total area of impervious surfaces in the study area
from 1987 to 2017. From 1987 to 2017, ISA increased from 237.28 km2

in 1987 to 1167.63 km2 in 2017(Table 5). Firstly, ISA increased from
237.28 km2 in 1987 to 663.81 km2 in 2002.

Then, the impervious surface area and the ratio was in a steady
state, from 663.81 km2 in 2002 to 692.38 km2 in 2007. The second

rapid urban growth occurred from 2007 to 2017. Impervious surface
areas increased from 692.38 km2 in 2007 to 1167.63 km2 in 2017.

4.2. The relationship between ISA and urban runoff at multi-scale
watersheds

4.2.1. City level
Taking the city as a whole for calculation, the impervious surface

ratio and the total surface runoff in Wuhan can be calculated as shown

Fig. 5. ISA maps from 1987 to 2017 using GEE.
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Table 5
The relationship between ISA and urban runoffs in the whole city level.

1987 1992 1997 2002 2007 2012 2017

IS (km2) 237.28 423.36 530.27 663.81 692.38 790.18 1167.63
NIS (km2) 5411.37 5221.55 5102.24 4869.5 4959.22 4897.09 4582
WB (km2) 1240.53 1244.26 1256.66 1355.86 1235.41 1201.9 1139.54

Fig. 6. Impervious surface ratios and runoff volume from 1987 to 2017 in Wuhan.

Fig. 7. The land cover area and urban runoff volume at watershed level.
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7



in Fig. 6. IS ratio increased from 3.44% in 1987 to 9.64% in 2002, and
runoff volume increased 0.22 km3 in 1987 to 0.51 km3 in 2002. Then
the IS ratio grew slowly from 9.64% in 2002 to 11.47% in 2012, and
runoff volume increased 0.51 km3 in 1987 to 0.58 km3 in 2012. The IS
ratio accelerated rapidly from 11.47% in 2012 to 16.95% in 2017, and
runoff volume increased 0.58 km3 in 1987 to 0.81 km3 in 2012.
Therefore, impervious surface changes play an important role in urban
waterlogging.

4.2.2. Administrative watershed level
For twenty-two watersheds, the overall impervious surface ratio is

proportional to the runoff. When the proportion of the impervious
surface increases, the runoff increases. However, in the 7, 8, 10–14, 16,
19, 22 watershed, especially the 7–8, 10–13, 22 watershed, the im-
pervious surface ratio accounts for> 60% of the watershed area, or
even>90%; the runoff is less than other watersheds because its runoff
is not only related to the proportion of the impervious surface but also
related to the area. Although the proportion of impervious surface of

these watersheds is high, the area is smaller and so the runoff (see
Fig. 7).

4.2.3. Dynamic watershed level
A watershed is usually an appropriately sized region calculated

according to DEM. The watershed is planned according to the topo-
graphy of the watershed, the distribution of pipeline networks within
the watershed, and the location and capacity of pumping station fa-
cilities. It is a relatively scientific management unit for water control,
management, and water cycle planning.

The downtown area of Wuhan is divided into twenty-two water-
sheds, each of which varies in size. This paper selects eight watersheds
in the downtown area of Wuhan for illustration. The DEM data has a
spatial resolution of 30m with the lowest elevation point of 8.7 m and
the highest elevation point of 271.4 m. Through rain and flood analysis,
under normal circumstances, each watershed has a natural small water
system with numerous lakes, as shown in Fig. 8(A). When the rainfall
occurs, the level of the lakes in the watershed will rise, and multiple
natural lakes will merge into one, which may form a larger watershed,
as shown in Fig. 8(D). If the rainfall is even greater, multiple watersheds
will be connected, as shown in Fig. 8(E&F). Along with the continuous
process of rainfall, managing risk requires dynamic, scientific, and
auxiliary decision making based on a multi-scale monitoring model.

Fig. 8(A) shows the urban inundated area map. When the rainfall
occurs, the level of the lakes in the watershed will rise, multiple natural
lakes will be merged into one larger watershed, as shown in Fig. 8(D),
and Gangxi watershed and Dongshahu watershed were merged into one
watershed when the water level is 15 m, the storage capacity is
245.64×10–3 km3. The second column in Table 6 shows the urban
runoff volume in eight administrative watersheds, and the third column
is the storage capacity of the dynamic watershed according to the lo-
cation of Fig. 8(D). If the rainfall is even greater, as shown in Fig. 8(E),
all the eight administrative watersheds are merged into one dynamic

Fig. 8. Urban inundated area map with multi-level watersheds; (A) the water level is 0m; (B) the water level is 5m; (C) the water level is 10m; (D) the water level is
15m; (E) the water level is 20m; (F) the water level is 25m (the water level is calculated relative to the lowest point of DEM).

Table 6
The urban runoff volume in eight administrative watersheds and storage ca-
pacity of the dynamic watershed.

Administrative
watershed name

Runoff volume
(km3)

Storage capacity(km3)
of 15m

Storage capacity
(km3) of 20m

Beihu 39.03×10−3 362.38×10−3 8826.32× 10−3

(one dynamic
watershed)

Dongshahu 56.34×10−3 245.64×10−3(one
dynamic watershed)Gangxi 4.54× 10−3

Gongyegang 7.73× 10−3 0.21× 10−3

Liangzihu 76.25×10−3 2384.20× 10−3

Qingshanzhen 1.71× 10−3 1.26× 10−3

Tangxunhu 99.51×10−3 729.05×10−3

Wuchang
linjiang

1.73× 10−3 0.79× 10−3

Z. Shao, et al. Remote Sensing of Environment 232 (2019) 111338

8



watershed, and the storage capacity is 8826.32×10–3 km3 when the
water level is 20 m in the fourth column in Table 6.

4.3. The continuous runoff process at different urbanization degrees under
the same precipitation event

In order to reflect the continuous runoff process at different urba-
nization levels under the same precipitation event, the hourly and 5min
precipitation data of July 7, 2013 are used to simulate the hydrograph
of the impervious surface ratio in seven different periods in Wuhan
from 1987 to 2017. When the ratio of the impervious surface is 4%, the
hydrograph is a relatively gentle curve. As the proportion of the im-
pervious surface increases, the curve begins to steepen, and there is a
steep ascent and descent process (Fig. 9). When the impervious surface
ratio reaches 20%, the discharge is more than twice as large as that
when the impervious surface ratio of 4%. At the same time, from 9:00 to
12:00, there is a sharp increase and then a decline due to the increase in
rainfall. The hydrograph is simulated every 5min between 9:00 and
12:00. When the ratio of the impervious surface reaches 20%, the dis-
charge is more than twice that when impervious ratio is 4%. This
suggests that under the same drainage system, it is necessary to dis-
charge more water in a shorter period of time. The amount of water
entering the lower reaches of the river basin is bound to change in size
and duration and touch the peak of the flood much earlier. A higher
degree of urbanization leads to a steeper curve as well as greater
changes in the total runoff.

5. Discussion

5.1. Analysis of urban impervious monitoring unit on hydrological
environmental application

Land use planning, at the city level, regional level, or community
level, usually uses the traditional administrative boundaries. From the
perspective of urban water cycles, this is unscientific. In urban man-
agement, administrative boundary is also used as the basic unit.
Previous studies mostly focused on small areas of field analysis, and
simulated total runoff volume and peak runoff reduction of im-
plemented LID technology with SWMM modeling or Info Works Model
(Ahiablame et al., 2012; Cipolla et al., 2016; Ghimire et al., 2014; Palla
et al., 2017). Only few studies analyzed the suitable implementation
locations of LID at city or community scale (Song and Chung, 2017). In
addition, there is a lack of urban multi-level watershed runoff mon-
itoring to provide the integrated decision-support information for urban
flooding management strategies. In 2015, China launched the National
Strategy for the Construction of Sponge Cities. The department in
charge, the Ministry of Housing and Urban-Rural Development of
China, has selected 30 cities as pilot cities in China in two batches. But
at presents, each pilot city selected communities or parks no>100 km2

as the sponge city reconstruction area, which are not the most scientific
solution, because these communities or parks belong to administrative
boundaries. Watersheds are suggested to be the better units in a wide
spectrum in hydrology field ranging from management to engineering
design. The results from 4.2 to 4.4 show that the research on the re-
lationship between impervious surfaces and urban runoffs at multi-scale
watersheds is more scientific for hydrological environmental applica-
tions.

Fig. 9. Hydrographs of area with different imperviousness.
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5.2. Urban hydrological modeling needs DEM information with higher
accuracy than DEM products used by the government

Models developed to simulate storm water flows from urban areas
differ from models developed to estimate flows in rural areas. Models of
urban areas are generally more complicated because additional factors
such as gutters, streets, sewers, overflows, and surcharging, closed
conduits under pressure, storm water drainage networks, culverts, open
channels, roof top storage, open and natural watercourses, and storages
may be involved.

More importantly, urban hydrological modeling needs more accu-
rate DEM information than current DEM products used by decision-
makers. Raster image data need to be registered to a specific watershed
scale, rather than the whole city, for urban hydrological modeling. As
many cities are built at flat terrain areas, accurate DEM is needed for
detailed multi-scale monitoring. Moreover, the watersheds of a city
cannot be analyzed in isolation, as urban rain flood is a dynamic pro-
cess. With the rise of water level, the submerged area will change, and
multiple water systems can be integrated and merged into a larger new
watershed.

6. Conclusion

This paper demonstrates that GEE provides a convenient platform
for spatial-temporal dynamics analysis. The results show the pervious
surfaces can act as an efficient indicator to evaluate and monitor the
urban hydrological environment. The increased distribution of pervious
surfaces will notably reduce the risk of urban flooding. Similar assess-
ments would be valuable to gain insight into this need for maintenance,
which should be kept in mind in the planning of sponge cities to defi-
nitely ensure their long-term sustainability.

This paper put forward an urban multi-level watersheds runoff
monitoring model, which can be used to analyze the relationship be-
tween impervious surfaces and urban runoffs at multi-scale watersheds.
In this study, the INFOWORKS model was used to analyze runoffs at
multi-level watersheds. The pilot practices in Wuhan showed urban
runoff mitigation at watershed scale under different levels. Revision of
the existing urban planning and reconstruction will provide significant
opportunities to explore critical aspects of environmental sustainability
ecologically.

At present, the most powerful dataset is multi-temporal Landsat
data shared by GEE or USGS. With the deepening demand for global
urban environmental applications, sharing high-resolution remote
sensing images is the trend. Further research includes extracting im-
pervious surfaces of higher accuracy at multiple scales from high-re-
solution time series remote sensing images, which will act as water
monitoring parameters for urban planning.
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