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Abstract: From the perspective of whole-area sponge city construction, it is important to scientifically
determine the layout plan of LID facilities for controlling urban rainfall and flooding problems, given
the topographical features and rainfall runoff characteristics of shallow urban mountainous areas.
Current research on the optimization of low-impact development facilities is limited to the central
urban area level, with insufficient research on shallow urban mountainous areas, and there is great
uncertainty in the layout of LID facilities when multiple objectives are considered. Therefore, this
paper applied a genetic algorithm (NSGA-II) to optimize the layout scheme of LID facilities. Multiple
objectives of the peak runoff abatement rate, cost, and land area were selected as the optimization
objectives, and the optimized results were ranked using the EWM-TOPSIS and VCWM-TOPSIS
methods. The 2nd Hebei Provincial Garden Flower Expo (Qinhuangdao) Park was used as the
research object for the optimization design. The results showed that, under the premise of water
safety, the lowest cost priority was given to the LID facility with a 15.49% share, 99.43% peak runoff
reduction rate, and a cost of CNY 1.215 x 107; the lowest area priority was given to the LID facility
with a 15.25% share, 99.42% peak runoff reduction rate, and a cost of CNY 1.267 x 107. The EWM-
TOPSIS method was also used to obtain the best optimized solution with 16.18% LID facilities, 99.64%
peak runoff abatement rate, and a cost of CNY 1.26 x 107, and the worst optimized solution with
12.55% LID facilities, 97.91% peak runoff abatement rate, and a cost of CNY 1.061 x 107. The decision
results under different decision-maker preferences were obtained by the VCWM-TOPSIS method.
This study showed that the combination of a genetic algorithm and TOPSIS can optimize the layout
of LID facilities in shallow mountainous areas more scientifically and efficiently compared to the
actual construction plan for building a sponge city.

Keywords: stormwater management models; shallow mountain areas; cost; low-impact development;
genetic algorithms

1. Introduction

Over-urbanization has increased the impermeable area of cities and rising surface
runoff, leading to frequent urban flooding. To cope with urban flooding, China has pro-
posed the concept of a “sponge city,” and at present, the construction of sponge cities
in China has achieved certain results. However, due to the pilot policy implemented in
China, the construction of sponge cities is divided into key areas, so the key areas in a
city have the function of a sponge city after construction [1]. However, from a city-wide
perspective, the construction of sponge cities presents a relatively independent situation
without systematic construction [2]. Therefore, in April 2021, the Ministry of Housing
and Urban-Rural Development first put forward the “Notice on Carrying Out System-
atic Territory-wide Demonstration of Sponge City Construction”, and China launched
two batches of territory-wide sponge city construction demonstration cities in 2021 and
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2022, with a total investment amount of approximately CNY 44.8 billion, as well as a
large number of construction projects [3]. Therefore, promoting territory-wide sponge
city construction is of top priority. The construction of region-wide sponge cities needs to
be tailored to the local conditions of the region, especially in China, where the terrain is
complex and diverse, the mountainous areas are vast, and the shallow mountainous areas,
as transition zones between urban and mountainous areas, are an ecological barrier against
mountainous runoff entering cities and natural boundary surfaces [4], so it is important to
explore the construction of sponge cities in shallow mountainous areas.

The coupling of stormwater management models and intelligent computing can
effectively simulate the effects of LID facilities in sponge cities and can quantify the sim-
ulation effects, which can facilitate the rational planning of LID facilities in sponge city
construction [5-9].

Research on coupling stormwater management models (SWMMs) and genetic algo-
rithms is popular at present [10,11]. Giacomoni et al. (2017) coupled a non-dominated
sequencing genetic algorithm (NSGA-II) with a stormwater management model (SWMM)
and applied it to an urban catchment to obtain the optimal location of the LID [12].
Hou et al. (2020) designed a stormwater treatment system and analyzed an integrated
model that used a non-dominated sequencing genetic algorithm (NSGA-II) applied to a
campus to obtain optimal spatial layout solution [13]. Huang et al. (2022) used a genetic
algorithm (GA) to optimize LID selection and layout in the Tianjin economic zone [14].
Liu et al. (2021) used a non-dominated sequencing genetic algorithm (NSGA-II) to achieve
automatic optimization of runoff control for infrastructure in the Wuhan Sponge City
pilot region [15]. Although genetic algorithms have produced more results in optimizing
LID facility layout solutions, most studies have focused on built-up urban areas or new
development zones [16,17], and there is still a gap in the research in terms of shallow urban
mountainous areas.

To fill this research gap, this paper proposes specific research objectives: (1) to validate
the rainfall runoff model and simulate urban runoff in shallow mountainous areas through
short-term rainfall events; (2) to couple the NSGA-II and SWMM models to optimize LID
layout; (3) to rank options and comparisons with actual construction options using the
EMW-TOPSIS and VCWM-TOPSIS methods; (4) to provide recommendations for the design
of LID facilities in shallow urban mountainous areas. This study used the Qinhuangdao
Economic and Technological Development Zone in Hebei Province as a case study to
investigate how to deploy LID facilities in shallow urban mountainous areas to obtain the
lowest cost, the least land use, and the best rainfall control solution. Three typical LID
facilities—sunken green spaces, bioretention ponds, and rain gardens—were selected and
developed, and multi-objective optimization was implemented.

2. Methodology

The entire research methodology included data collection, model calibration, runoff
simulation, and LID optimization. Data collection included actual onsite measured water
level data, geological survey report data, and the parameters required for the stormwater
management model (SWMM). In addition, the site-measured flow production data were
calibrated against the flow production data generated by the SWMM simulation, based
on which the parameters were set to build a complete site model and runoff simulation
was carried out by selecting the site sponge city construction standards. An optimization
platform was built in the programming language Python, optimization objective functions
were constructed, and the genetic algorithm NSGA-II was used to optimize the layout of
LID facilities. The optimal LID solution was selected based on different preferences for
peak runoff abatement rate, LID area, and cost, provided that the site meets the criteria
for building a sponge city. Finally, the EWM-TOPSIS and VCWM-TOPSIS methods were
applied to rank the options, and the option with the highest similarity was selected for
comparison with the actual construction option. Figure 1 shows the detailed flow of the
whole framework.
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Figure 1. Flow chart of the research program.

2.1. Study Area

Qinhuangdao city is located on the main mountain range of the Qiyun Mountains.
Here, most city regions are shallow mountainous areas, except for the built-up urban
areas [18]. The study site is located at the junction of the Haigang and Beidaihe districts
of Qinhuangdao city, Hebei Province (Figure 2a). It is located in the southeast of Qiyun
Mountain, which has a relatively gentle slope range of 3-30° on the southeast side of the
mountain (Figure 2b). The total site area is approximately 221.81 hm?, of which 137.12 hm?
comprises the 2ndHebei Provincial Garden Flower Expo Park (hereinafter referred to as
“the Expo Park”). The topography of Qiyun Mountains is fragmented, and the water
catchment is mainly in the southeast direction. Runoff from the Qiyun Mountains joins the
site along three existing washouts. It was calculated that the surrounding areas, such as the
Qiyun Mountains and city roads, produce a catchment area of 101.64 hm? [19]. As a result,
the site is under significant runoff pressure, and the eastern side of the Taifu Expressway
and the city centre are under serious threat of rainwater flooding (Figure 2c). By sampling
and testing the water at the site, the mean concentration of COD at the monitored site was
calculated to be 12.45 mg/L.

Qinhuangdao city has a temperate continental monsoon climate with an extremely
uneven distribution of rainfall seasons. The average annual precipitation is approximately
645.9 mm according to the weather station data across many years, and the annual precip-
itation is mainly concentrated in the summer, where the summer precipitation accounts
for 69.7% of the annual average precipitation, with the maximum precipitation being able
to reach 1038.5 mm [20]. The high intensity of rainfall in short calendar periods results in
the problem of rainfall and flooding in shallow mountainous areas becoming even more
acute. Therefore, the effective use of low-impact development facilities to regulate the
site’s stormwater resources and attenuate surface runoff to solve the stormwater problems
brought about by short duration and intense rainfall in the site and the city is an important
measure to ensure site safety.
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Figure 2. (a) Geographical location of the study area; (b) Slope of the study area; (c) Direction of
water flow of the study area.

2.2. Rainfall Data

The rainfall data of 12 July 2021 were used for calibration, and the rainfall data of the
recurrence period were used for the simulation. The rainfall data of the recurrence period
were calculated according to the latest storm intensity formula of the Hebei Provincial
Engineering Construction Standard “Engineering technical specification for construction of
the sponge city” (DB13(J)/T 210-2016), and the storm intensity formula was [21]:

q=605.709 x (1 +0.7111gP)/(t + 1.040)*464 1)

where P is the design rainfall return period and t is the rainfall calendar time.

According to the “Standard for Design of Outdoor Wastewater Engineering” (GB50014-
2021), the standard return period for flood control at the study site is 30 years, according to
the classification to which Qinhuangdao city belongs [22]. Referring to the formula for the
intensity of heavy rainfall in Qinhuangdao city, a 30-year rainfall event of 176.19 mm was
calculated. Therefore, according to the Qinhuangdao Urban Drainage and Flood Control
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Standard, this paper used this 30-year rainfall event (176.19 mm) as the standard to assess
the effect of peak flow control of stormwater runoff.

2.3. Total Runoff Calculation

According to the “Technical code for urban flooding prevention and control” (GB51222-
2017) and related specifications, when the peak flow rate is used as the control target, the
total amount of runoff in the study site after optimizing the size of LID facilities after
modification needs to be lower than the original total amount of runoff for the same design
return period [23]. This is a prerequisite for assessing the effectiveness of stormwater
control. According to the “Technical Guidels for Sponge City Construction,” when total
runoff control is used as the basis for design, the storage volume of the facility should
generally meet the index requirements of “control volume per unit area.” The design
storage volume is generally calculated using the volumetric method [24], with the formula
for the volumetric method being;:

V = 10H@F )

where V is the design storage volume in m3, H is the design rainfall in mm, @ is the
integrated rainfall runoff coefficient, and F is the catchment area in hm?.

According to the study area, the 30-year rainfall H = 176.19 mm is selected, and
the rainfall runoff coefficient is taken as ¢, and the reference literature takes the value
of @ =0.40 [19], catchment area of the study area of F = 221.81 hm?, and a total runoff
volume in the site of 156,322.82 m?, as calculated by the formula. Therefore, the design
total storage volume of the study area was 156,322.82 m?3, and the total storage volume of
the site should be greater than or equal to 156,322.82 m? after optimizing the layout plan of
the LID facilities.

2.4. SWMM Simulation Verification

To verify the rainwater management model’s predictive capability, the rainfall data
for 12 July 2021 were selected for model calibration. The rainfall on the site lasted for
24 h, amounting to 92.52 mm. The actual measurement onsite lasted for 2.5 h with a time
interval of 15 min. The parameters of the rainwater management model (SWMM) were
based on the internal engineering geological survey report of the site, the surface layer of
the soil was vegetation fill and powder clay, and the weighted average of the two layers
of soil had a thickness of approximately 2.1 m. According to the soil characteristics and
the specification of “Planting Soil for Greening” (CJT340-2016), the HORTON infiltration
model was selected [25]. The maximum infiltration rate was 80-360 mm/h, the saturation
infiltration rate was 5-50 mm/h, the attenuation coefficient was 4 h~!, and the other
parameters were set according to the recommended values in the SWMM user manual
and references [26,27]. The model parameters were adjusted by the trial-and-error method.
After several trials and errors [28], a set of parameters reflecting the flow production of the
site was obtained, as shown in Table 1.

Table 1. Regional rainfall runoff model parameter ranges.

Parameter Variation Range

Model Parameters

Minimum Value Maximum Value

width/m 19 1909

slope/% 3 33.57

N-Imperv 0.012 0.012
N-Perv 0.8 0.8
Dstore-Imperv 1.27 1.27
Dstore-Perv 0.3 0.3
Zero-lmperv/% 100 100

Initial infiltration/(mm-h~1) 80 360
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Table 1. Cont.

Parameter Variation Range

Model Parameters

Minimum Value Maximum Value
Minimum infiltration/(mm-h~1) 5 50
Decay Constant/h 4 4

The rainfall event at this site and its runoff data were selected for model calibration,
and the results are shown in Figure 3. To verify the model, the quality of the calibration
was assessed using three metrics: mean error (ME), mean absolute error (MAE), and root
mean square error (RAMSE) [29,30]. The formula was calculated as follows:

ME % f‘, (ho — he);
i=1
MAE = 1y |(ho — he),] @)

i=1

" 05
RMSE — [}1 5 (ho — hc)ﬂ

In Equation (3), n denotes the number of real measurements, /iy denotes the real tested
yield flow value, and . denotes the simulated yield flow value.

The mean error (ME) was calculated to be —0.07, the mean absolute error (MAE) was
0.07, and the root mean square error (RMSE) was 0.1. The results of the calculations indicate
that the model’s simulated and measured yield flow results are in good agreement. The set
of parameters is a good reflection of the relationship between rainfall production at the site,
and therefore, the model has a more credible runoff simulation capability and can be used
for further research.
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2.5. LID Layout in the SWMM Model
2.5.1. LID Selection

The application of LID facilities can effectively reduce runoff volumes and delay peak
flows [31,32]. In combination, three LID facilities—bioretention ponds, rain gardens, and
sunken green spaces—were selected for optimization in this study. Individual LID facilities
often have multiple functions, such as bioretention ponds that can detain stormwater before
it is discharged downstream, reducing peak flows and improving runoff water quality
performance [33]. Rain gardens play an important role in reducing the volume and flow of
stormwater and removing pollutants from urban runoff [34], while sunken green spaces
provide good water retention [35]. Due to the cost and topographical constraints of shallow
mountainous areas, the area and depth of the LID facilities deployed in each sub-catchment
were limited, so different specifications were set for each LID facility. Additionally, consid-
ering the geological characteristics of shallow mountainous areas, the average thickness of
the soil layer was 2.1 m, so the deepest depth of the LID facilities was 2 m. The depth and
unit cost corresponding to the specification of each LID facility are shown in Table 2. The
other parameter design values were determined according to the SWMM user manual and
related literature [36].

Table 2. Table of LID facility parameters.

. LID Facility A Unit Price
Serial Number Types Specification Depth (m) (m2/CNY)

Sunken green Al 0.1 11.2314

A S acge A2 0.15 11.74095

i A3 0.2 12.2505

Bioretention Bl 0.2 46.9518

B ond B2 0.25 47.46135

P B3 0.3 47.9709

C1 0.4 93.4627

c2 0.5 94.4818

i c3 0.6 95.5009

C Rain garden Ca 07 oo 50
G5 1 99.5773
Cé6 2 109.7683

2.5.2. SWMM Model Construction

According to the design scope of the site, the site was divided into two major catch-
ment zones, namely, the catchment area outside the design scope and the catchment area
within the design scope. There were 28 sub-catchment zones outside the design area and
53 sub-catchment zones within it, as summarized in Figure 4. Based on the topographic
characteristics of the shallow mountainous area of the study site and the actual construction
plan of the project, the elevation of the site was lowered from northwest to southeast, and
the LID facilities were laid out in the direction of the catchment, with three LID types and
12 specifications laid out in the sub-catchment areas within the design area.

As per the initial scheme of the layout shown in Figure 5, sunken green space was
placed mainly on the northwest side of the site, in the transition zone between the Qiyun
Mountains and the site, rain gardens were placed in the current lake and surrounding
area of the site, and bioretention ponds were set between the sunken green space and
the rain gardens. The arrangement of the LID facilities follows the topography of the site
from northwest to southeast in a pattern of sunken green space—bioretention ponds—rain
gardens. There were 55 catchment areas within the design area—21 sunken green spaces,
15 bioretention ponds, and 19 rain gardens—and the initial LID facility area scheme was
set at 0. The parameters of the various LID facilities are shown in the supplementary
documentation (Table S1).
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Figure 5. Initial scheme of the LID facility layout.
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2.6. Genetic Algorithms

The optimization of LID facilities is fraught with complexity and involves multi-
objective optimization. However, among the multi-objective optimization algorithms,
the intelligent optimization algorithm non-dominated ranking genetic algorithm (NSGA-
II) is one of the more commonly used, particularly for flood management and reservoir
calls [37,38].

2.6.1. Selection of Optimization Targets

The construction objectives of a sponge city include peak flow control, total stormwater
runoff, and pollutant control [39]. As the study site is prone to flooding in the summer
and according to the “Technical Guide for Sponge City Construction,” the peak runoff
abatement rate was selected as the objective function of the rainfall control effect [24],
while considering that the nature of the site belongs to shallow mountainous and limited
construction areas, the LID facility deployment area and cost were selected as the objective.
The following are the three objective functions:

(1) Peak runoff reduction rate

Based on the storm intensity equation, a short ephemeral storm event with a 30-year
return period was designed to simulate and analyze the peak runoff abatement rate of the
hydrological model with and without an LID facility.

F Runoff yisnoutLip — Runoff wimpip - 100% 4
. ’ . )
Z’l7/10,7.?‘3()1'1,‘}1011tLID

In Equation (4), F; represents the peak runoff abatement rate, Runoff ,;;,0.:.1p repre-
sents the peak flow without LIDs, and Runoff ;,;,; ;p represents the peak flow with LIDs.

(2) Construction cost

The construction cost of the LID facilities was calculated according to the construction
specifications and concerning the specified design parameters of said LID facilities. The
construction costs of LID facilities of different specifications are shown in Table 2.

55
F, =) COST; 5)
i=1

COST; = S/ - Lec] 6)
In Equation (5), F is the total construction cost of an LID and COST,; is the construction
cost of an LID facility in sub-catchment i. In Equation (6), S; is the area of facility type jin
sub-catchment i and Lccé is the unit cost of facility type j in sub-catchment i.
(3) LID area

The total area of the LID facilities was the third indicator function for determining the
optimal layout of the LIDs.

55
F3 =) AREA; @)
i=1

In Equation (7), F3 represents the total built-up area of the LID and AREA,; is the area
of the LID facility in sub-catchment i.

2.6.2. Constraints

(1) For the LID area objective function, we set the following constraints:

0<Ss<s, 8)
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In Equation (8), SZ denotes the area of class j facilities in sub-catchment i and S; denotes
the area of sub-catchment i.

(2) For the construction standard of a sponge city, the optimized results of the genetic
algorithm should meet the urban flooding drainage standard of the city to which the
study site belongs. According to Equation (2), the total storage volume of the study
site should be greater than or equal to 156,322.82 m?, and the constraint function on
the total storage of the site was constructed as follows:

5
TXL; )
i=1

5
T:

TXL; =S -1 (10)

T > 156322.82

In Equation (9), T represents the total storage volume and TXL; denotes the storage

volume of sub-catchment i. In Equation (10), S/ denotes the area of facility type j in
sub-catchment i and /; denotes the depth of facility type j in sub-catchment i.

2.6.3. Determining the Optimization Scheme

To comprehensively evaluate the impact of the three indicators on the LID optimization
scheme, a general objective function “F” was set. “F” is a multi-objective optimization
general objective function on the peak runoff reduction rate, cost, and LID facility area, and
the evaluation criterion of this objective function is: the larger the peak runoff reduction
rate, the smaller the cost and LID facility area and the better the scheme. The objective
function considering the peak runoff reduction rate—cost-area is shown in Equation (11).

55
F3min = Z Areai
i=1
. 55
F=1 Bumin= Y. COST; (11)
1=
R ; —R ) o
Fimas = S g 1 1 100%

2.6.4. Genetic Algorithm Optimization Process

The operation of genetic algorithms consists of three main steps: selection, crossover,
and mutation [40]. As Qinhuangdao city uses a 30-year storm design as the standard for
sponge city construction, the runoff process generated by a 30-year storm with a rainfall
duration of three hours was selected as the base flow in the study area. Three objective
functions and constraints were then written, and the initial population size was set to 50
with 200 iterations, considering that the results were only to be used for comparison with
the post-construction scenario. The area parameters for a total of 12 LID facilities in three
categories were simulated to filter out the optimal solution (Figure 6). The optimal solution
was obtained for the lowest LID construction cost and the smallest LID installation area for
different runoff peak abatement rate control objectives.

2.7. TOPSIS Analysis Method for Evaluating Solutions

The TOPSIS method is a widely used ranking method in multi-objective decision
analysis, where solutions are ranked by calculating their distance from the optimal and
worst solutions [41,42]. The TOPSIS method follows the following five steps: Normalization
of the data matrix (Equation (12)), definition of target weights, calculation of positive and
negative ideal solutions (Equations (13) and (14)), calculation of the similarity of each
solution with the optimal solution (Equation (15)), and ranking according to similarity [42].
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Xi 3] . .
i=12....mj=12,...,n (12)

where r;; denotes the normalized evaluation matrix and x;; is the original evaluation matrix
with 7 alternatives and j criteria.

d;r:\/Z;l_l<(vij—vj+)~wj)2,i:1,2,...,m (13)

di:\/Z?_l<(vij—v].)-wj)z,i:1,2,...,m (14)

where d* denotes the distance between the target alternative and the best alternative, 4~
denotes the distance between the target alternative and the worst alternative, and the best
alternative v* and the worst alternative v~ contain the best and worst values for each
criterion, respectively; w; is the weight of the jth criterion.

d;.
clj = i+ (15)
where cl; indicates how similar the target solution is to the best solution; the higher the
similarity, the more desirable the solution.

However, the uncertainty of decision makers’ preferences in the decision of schemes
will lead to different final election results [43]. Therefore, we can define the weights
of different goals to further study the changes in the generated schemes under different
weights to provide more options for decision makers. On this basis, two weighting methods
were used. The first 100 generated base solutions were calculated using an objective
assignment method, namely, the entropy weighting method (EWM), which calculates
the weighting percentage of the three objectives. As explained by the basic principles of
information theory, the more dispersed the data, the lower the entropy value, and the more
information that can be artificially contained, the greater the weighting. In this case, ranking
was performed and the best and worst solutions were selected. The weights generated
in this case are unique and the formula for calculating weights by the entropy method is
as follows:
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ZU] = (1 — 6]) /27:1 (1 — 6])

¢ = muyLiet Pii In(pij) (16)

pij = Tij/ Tiy 1ij
where w; denotes the weight of each indicator, ¢; denotes the entropy value of the jth
indicator, and p;; denotes the weight of the ith sample value under the jth indicator about
that indicator.

Therefore, the variable area weighting method was introduced [44], defining the
construction area with weights between [0.05, 0.95], and the remaining weights of peak
runoff abatement rate and construction cost were equally divided to explore the changes in
the similarity of the construction area for 100 scenarios with different weighting constraints

3. Results and Discussion
3.1. Analysis of the Genetic Algorithm Optimization Results

Rainwater control for the study area was based on a multi-objective optimized LID
layout, coupled with the SWMM model and the NSGA-II algorithm, with the objectives of
maximum peak runoff abatement rate and minimum construction cost and construction
area. The land use area and storage volume were used as constraints to optimize different
types of LID layout schemes, ultimately generating a total of 20,000 general solutions and
100 optimal solutions, as illustrated in Figure 7. The green legend is the general solution
and the red legend is the optimal solution.

600,000
500,000

o
400,000 ¥

Lid_A

300,000

[ 200,000

1.000 1.00

Figure 7. Genetic algorithm optimization results.

3.1.1. Peak Runoff Abatement Rate-Cost Analysis

Figure 8 shows the Pareto curve generated after the optimal solution was screened
using NSGA-II optimization. It also shows the relationship between the peak runoff
abatement rate and cost, which is a positive correlation. Each point in the graph represents
an LID layout solution, and as shown, the peak runoff abatement rate varied from 97.9% to
99.6%, with the corresponding cost variation ranging from CNY 1.06 to 1.36 million.
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Figure 8. A plot of the peak runoff abatement rate—cost relationship.

Table 3 shows the area and cost of the LID scenarios for different peak runoff abate-
ment rates, which were selected from the Pareto optimal solution. When the peak runoff
abatement rate target was set at 98 £ 0.2%, the optimal scenario was S1 and the lowest
cost was CNY 10,609,939, with a peak runoff abatement rate of 97.9%. In addition, when
the peak runoff abatement rate target was set at 99.6 + 0.2%, the corresponding lowest
cost option was 562 with a cost of CNY 12,153,121.3. The peak runoff abatement rate
was 99.43%.

Table 3. Analysis of different optimization options based on peak runoff abatement rates—cost.

Program S1 S2 S3 S62 S75
Peak runoff abatement rate 97.90% 97.97% 98.02% 99.43% 99.6%
Sunken green space (km?) 0.04 0.043 0.049 0.089 0.089
Bioretention ponds (km?) 0.024 0.025 0.022 0.048 0.049
Rainwater garden (km?) 0.084 0.084 0.084 0.083 0.084
Total construction area (km?) 0.148 0.152 0.155 0.22 0.222
Percentage of LID facilities 12.54% 12.79% 12.82% 15.49% 15.48%
Total construction cost (CNY 107) 1.061 1.069 1.063 1.215 1.223

3.1.2. Peak Runoff Abatement Rate-Area Analysis

The shallow mountainous terrain resulted in a limited area for the deployment of LID
facilities, and therefore, the area of LID facilities is also a consideration for decision makers.
Figure 9 shows that there was a positive correlation between the peak runoff abatement
rate and LID area, with a higher peak runoff abatement rate resulting in a requirement for
more LID facilities. As shown in the figure, the peak runoff abatement rate varied from
97.9% to 99.6% and the corresponding area varied from 0.148 to 0.271 km?.

Table 4 shows the area and cost of the LID program for different peak runoff abatement
rates, selected from the Pareto optimal solution. When the peak runoff reduction rate target
was set at 98 £ 0.2%, the corresponding LID scheme was S1, with a minimum area of
0.1486 km?, as well as 0.04 km? of sunken green space, 0.024 km? of bioretention ponds,
and 0.084 km? of rain gardens. When the peak runoff abatement rate target was set at
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99.6 4 0.2%, the minimum area option was S60, with 0.051 km? of sunken green space,
0.05 km? of bioretention ponds, and 0.092 km? of rain gardens, for a total construction area
of 0.193 km?.
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Figure 9. A plot of the peak runoff abatement rate—area relationship.

Table 4. Analysis of different optimization options based on peak runoff abatement rate-area.

Program S1 S3 S60 S71 S75
Peak runoff abatement rate 97.90% 98.00% 99.42% 99.5% 99.6%
Sunken green space 0.04 0.049 0.051 0.072 0.089
Bioretention ponds 0.024 0.023 0.05 0.053 0.049
Rainwater garden 0.084 0.084 0.092 0.090 0.084
Percentage of LID facilities 12.54% 12.82% 15.25% 15.43% 15.48%
Total construction area (km?2) 0.148 0.156 0.193 0.215 0.222
Total construction cost (CNY 107) 1.061 1.063 1.267 1.285 1.223

3.2. Analysis of The Results Based on the EWM-TOPSIS and VCWM-TOPSIS Methods

As the study site is a shallow mountainous area, the construction area was considered
to have a large influence on the decision. Therefore, the weight vectors for the three
objectives (peak runoff abatement rate, construction cost, and construction area) were
[0.008, 0.154, 0.8452], respectively, using the entropy weighting method. It can be seen
that area was the most important criterion. The results for the peak runoff abatement
rate fluctuated between 97.9% and 99.6%, with little dispersion, so the result with the
lowest weight is reasonable. The relative proximity values were obtained by performing a
ranking calculation using TOPSIS analysis. Figure 10 shows the similarity curves of the
100 best solutions, where the best solution was S80, with a similarity of 87%, a peak runoff
abatement rate of 99.65%, a construction area of 0.226 km?2, and a cost of CNY 12,595,149.74.
Meanwhile, the worst solution was S1, with a similarity of 16%, a peak runoff abatement
rate of 97.91%, a construction area of 0.148 km?, and a cost of CNY 10,609,939.69.
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Figure 10. The similarity of 100 scenes by the EWM-TOPSIS method.

In addition to this, the weighting of the built-up area was further investigated in this
paper to explore the layout pattern of LID facilities in shallow mountainous areas. The
EWM-TOPSIS method of analysis yields the weight of the construction area accounting
for the largest proportion; thus, further exploring the effect of when the weight of the
built-up area is in an interval of variation on the selection of the final result. Based on this,
using the variable area weighting method (VCWM), Figure 11 illustrates the change in
the similarity of the 100 optimal solutions under the influence of changing area weights.
Based on the similarity curves, the 100 layout solutions can be classified into two types,
i.e., benefit and cost. As the area weight increased, the similarity of the benefit-type curve
increased while that of the cost-type curve decreased. The similarity curves with similarity
intervals between [0.8, 1] were selected for in-depth analysis. When the area weights were
between [0.3, 0.45], the benefit type gradually replaced the cost type. This indicates that the
cost-based solution is more desirable under a low weight constraint, while the benefit-based
solution is desirable under a high weight constraint. In the overall analysis, the trend of
the similarity curves for the 100 scenarios changed significantly for weight change values
between [0, 0.45], while the similarity curves for [0.45, 1] tended to flatten out. This suggests
that area weights have a greater impact on decision outcomes under low constraints and
that decision makers encounter more complexity in choosing a final scenario in this weight
range. This implies that building in shallow mountainous areas should be more concerned
with the fineness of the area weights; otherwise, it is difficult to balance the relationship
between construction effectiveness and area.

3.3. Comparison of Optimal Solutions

The genetic algorithm optimization of the optimal solutions S62 and S60 based on
cost and area preference, respectively, and the optimal solution S80 after EWM-TOPSIS
ranking were compared to the actual construction solution. The cost and area of the actual
construction option were derived from the comprehensive project estimate table and were
CNY 2.54 x 107 and 0.20 km?, respectively. The peak runoff abatement rate was compared
to the option without LID facilities, and the peak runoff abatement rate of the actual option
was 100%, which is reasonable, as the pre-designed purpose at the beginning was to abate
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the runoff from the entire Qiyun Mountains and surrounding roads and urban areas. The
comparison results are shown in Table 5. The construction cost of 562, S60, and S80 was
less than the actual construction side, and the construction area was lower than the actual
construction solution in the area-based preference solution S60. Therefore, the genetic
algorithm-optimized program under the performance of different preferences was better
than the actual construction project.
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Figure 11. Similarity curves for 100 scenes by the variable weight-TOPSIS method.

Table 5. Comparison of the optimal solutions.

Scenarios S62 S60 S80 Actual Construction

Program
Peak runoff abatement rate 99.43% 99.42% 99.65% 100%
Total construction area (km?) 0.22 0.193 0.226 0.20
Total construction cost (CNY 107) 1.215 1.267 1.256 2.54

4. Conclusions

In this study, we used NSGA-II coupled with SWMM to find the optimal LID layout
scheme based on a multi-objective combination of peak runoff abatement rate, construction
cost, and construction area. One hundred non-dominated solutions were generated after
20,000 calls to the SWMM by NSGA-II, which constituted the Pareto front. The three
objective weights were determined by two methods, and the 100 solutions were ranked
using the TOPSIS method to find the best of the 100 solutions and the impact of area
performance on the final decision.

The model was enhanced by collecting actual monitoring data to validate the model
and greatly improve the simulation accuracy. The algorithm-generated solutions were
also compared to the actual construction solutions to further verify whether the decision
solutions made by the algorithm under preference guidance are better than those generated
by the subjective judgement of decision makers.

The main findings are as follows:

1. Through the analysis of 100 non-dominated solutions, the peak runoff abatement rate
and construction cost and construction area were positively correlated. When the area
was prioritized, the LID facilities accounted for 15.25% and the peak runoff abatement
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rate was 99.42%, and when the LID costs were prioritized, the LID facilities accounted
for 15.49% and the peak runoff abatement rate was 99.43%.

2. The EWM-TOPSIS method ranked the best solution as S80, with a construction
area share of 16.18%, a peak runoff abatement rate of 99.64%, and a cost of CNY
12,595,149.74. The worst solution was S1, with a construction area share of 12.54%, a
peak runoff abatement rate of 97.90%, and a cost of CNY 10,609,939.69.

3. Using the TOPSIS method with variable weights, based on the change in similar
curves with weights into two categories, with the change in weights, the two types of
curves reached an equilibrium point. When the equilibrium point fluctuated in the
interval [0, 0.3], the area was under low constraint. In the actual construction project,
this means that in a gentler site for sponge city construction, the cost-based scheme
is preferable. Meanwhile, a [0.3, 0.6] fluctuation indicates that the area is under high
constraint, meaning that sites with larger topographic slopes are more suitable for the
benefit-based option. The changing weighting of area performance and the emergence
of equilibrium points are relevant in actual projects.

4. By making a comparison with the built scheme, the case study of the Qinhuangdao
City Garden Flower Expo Park shows that when optimizing the LID layout at the
shallow mountain level, from the aspect of land intensification, genetic algorithms
combined with various hydrological models and multi-objective optimization are
effective for decision making on LID facilities. Meanwhile, the final generated results
using TOPSIS ranking can effectively control construction intensity based on decision
makers’ preferences, save investment, achieve large peak runoff abatement rates, and
efficiently build a region-wide sponge city system.

5. In addition, there are a number of limitations to this paper. Although water quality
was sampled during the monitoring process, only COD pollutants were used and
sampling for other pollutants was lacking; therefore, indices of water quality were
not considered in this study. Further water quality indices could be incorporated into
multi-objective optimization at a later stage.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/w14192986/s1, Table S1: The parameter values required by LID
control Module in SWMM.
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