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Abstract: Optimizing the location of physical activity spaces (PAS) to ensure health, equity and
efficiency has long been an important issue in urban planning. Given the health benefits of urban
green spaces (UGS), taking Gongshu District in Hangzhou as a case, we examine the issue of where
such PAS should be located to optimize three objectives: (1) minimize the distance between PAS and
UGS; (2) maximize the accessibility of PAS and (3) maximize the population that falls within the
coverage range. This study develops a multi-objective optimization of physical activity spaces model
(MOPAS) based upon multi-objective particle swarm optimization to yield a set of non-dominated
Pareto optimum solutions that can be used to determine the most practical tradeoffs between the
conflicting objectives. It compares the advantages and disadvantages of the Pareto solutions and
evaluates the construction situation of locations and the implementation feasibility. Decision-makers
can choose the best solution according to subjective preferences and objective conditions. The MOPSO
holds great promise for improving the location optimization of PAS and the methods applied can be
adapted to support multi-objective optimization of facilities in urban planning globally.

Keywords: physical activity spaces; urban green spaces; location optimization; multi-objective

particle swarm optimization algorithm

1. Introduction

Rapid urbanization has changed people’s traditional lifestyle. The World Health Orga-
nization (WHO) has identified physical inactivity as the fourth risk factor that contributes
to the global mortality rate. Further, non-communicable diseases (NCDs) attributable to the
lack of physical activity (PA) have become a great challenge to public health [1-3]. Thus, the
way to prevent NCDs effectively and improve people’s health has attracted global attention.
Accordingly, one of the efficient strategies is to encourage PA that can have long-term
benefits by preventing obesity, hypertension, cancers and other NCDs and improving the
quality of life [4-9]. Considerable evidence has shown the association between PA and the
built environment according to the social ecology model. Hence, the built environment’s
potential as a determinant of PA and its ability to influence the positive effects of PA is
recognized more widely [10-13].

From the perspective of public health, physical activity spaces (PAS) such as stadiums,
gymnasiums, sports parks, etc., are of great significance because of PA’s health benefits [14,15].
Some scholars have also associated PAS with “leisure” and “vitality”, deriving concepts
such as leisure PAS or vibrant PAS, emphasizing the quality, attractiveness and vitality of
space [16,17]. In particular, when the PAS are located close to or within the urban green
spaces (UGS), it not only provides a comfortable environment for residents to exercise, but
also offers more valuable health benefits, including emotional improvements, increased
happiness and self-esteem and reductions in stress and anxiety through fresh air and
exposure to nature [18-22]. The close proximity of PAS to UGS has been achieved in
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Germany, Britain and other countries, but China’s spatial planning continues to give less
attention to the synergy of PAS and UGS in promoting PA [23,24]. In the transformation
from scale expansion to new urbanization represented by livable construction in cities in
China, the unbalanced distribution of PAS has made users less willing to visit these areas to
engage in PA and has led some spaces to lose vitality and serviceability [25-29]. Therefore,
improving spatial health benefits by optimizing location is needed urgently [30,31].

Spatial location optimization refers to the location of several objects within a certain
geographical space to maximize their individual benefits and is now used widely in emergency,
medical, disaster prevention and other studies [32-38]. Most of these are based upon using
GIS location-allocation models to choose a site’s location by optimizing accessibility and
response time [30,39]. However, PAS planning is a multi-objective problem that is difficult to
solve with a simple mathematical model because objectives conflict with each other. Therefore,
quantitative and intelligent methods are essential to optimize PAS location [40—46].

If no value of one objective function can be improved without degrading some of
the other objectives, it is called Pareto optimal solution. Heuristic algorithms are used to
optimize location because of their powerful spatial search capability and computational
efficiency. Among them, multi-objective particle swarm optimization (MOPSO) has been
recognized widely as a superior method to solve multi-objective problems in various
applications [47-52]. MOPSO is an objective vector composed of multiple functions and the
set of Pareto non-dominated solutions is obtained by spatial search and Pareto dominance
relation screening. This feature makes MOPSO a very attractive method to identify optimal
solutions in a multi-objective environment. Given the advantages above, MOPSO is applied
widely to the category of facilities that reduce disasters or risks and improve land-use
efficiency [51,53,54]. However, none of these MOPSO-based multi-objective optimization
models have been used yet in planning PAS’ locations.

Therefore, in this paper, multi-objective location models based upon MOPSO are
presented for urban PAS planning. From the perspective of promoting PA, factors such as
coordinated development of PAS and UGS, accessibility and spatial service efficiency were
considered. MOPSO was developed to take three incommensurable objectives functions
into account: (1) minimizing the distances from PAS to UGS, (2) minimizing the distances
from PAS to communities and (3) maximizing the population within the PAS’ service area.
MOPSO was coded by Matlab. Taking Gongshu District, Hangzhou City as an example,
the experiments on the MOPSO-based multi-objective optimization model for PAS location
described in this study demonstrate this approach’s effectiveness in spatial planning and
multi-objective decision-making.

2. Literature Review
2.1. Multi-Objective Location Optimization

In 1929, Weber (1929) [55] proposed the facility location problem, which marked the
entry of location optimization into scientific research. Optimizing public service facility
location has experienced initial, quantitative, humanistic and diversified eras [42,55-60].
Optimizing location can be complex when different objectives are involved [61], but op-
timization that considers multiple objectives can provide the decision-maker with deep
insight into the characteristics of the problem based upon benefits and planning preferences
before a final solution is chosen [56,58,62,63]. Therefore, since the mid-1990s, many scholars
have promoted the study of location optimization more systematically and synthetically
and discussed it from multi-objective, multi-level and multi-attribute perspectives. With
respect to the way to achieve the optimization objectives, Current et al. (1990) [64] pro-
posed four objectives: (1) minimum cost; (2) demand orientation; (3) maximum profit and
(4) environmental concern. From the perspective of economics, Bellettini et al. (2013) [65]
suggested that the optimal decision of where to locate a facility depends upon the variables
of distance and demand. In addition, the objectives also include minimizing travel time,
efficiency and land use.
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Scholars have discussed in depth the methods and models used to solve location
optimization problems in combination with social, economic, humanistic and ecological
objectives. Batta et al. (2014) [66] developed the p-median model to optimize the loca-
tion of facilities by considering dispersion, demand and equity. Cho (1998) [32] proposed
a trade-off model for medical care facilities” location problems that considered equity and
efficiency. Drezner et al. (2007) [67] expanded the approaches to solve location and inte-
gration problems with complex conditions using gravity P-median model. Farahani et al.
(2010) [36] detailed a multi-objective location solution approach. China’s scholars have
studied the solution to multi-objective location optimization problems from different per-
spectives and solved certain practical problems [38,68]. Chen et al. (2006) [37] established
evaluation criteria to select location that take into account both efficiency and equity. Liu
et al. (2010) [68] proposed the ideal decision-making process of “search first, a decision
later” and applied Pareto multi-objective genetic algorithm to optimize facilities. The PAS
location is optimized by predicting future demand, planning a “PA circle” and feasibility
analysis in many existing studies [69-71].

2.2. MOPSO-Based Location Optimization

MOPSO is an evolutionary heuristic algorithm that imitates the cognitive and social be-
havior of birds flocking. It has the advantages of simple parameter setting, fast computing
speed and strong global search ability [72,73]. Coello proposed MOPSO first in 2004. There-
after, many scholars improved it by adding particle memory [74], the chaos algorithm [48]
and local search [49], as well as crowding distance and a mutation mechanism [73] to
compensate for some defects in the algorithm.

A Pareto solution set of facility locations solved with MOPSO has been used in spatial
decision-making plans in existing studies. Uno et al. (2007) [50] minimized the total travel
distance and wait time to solve a multi-objective MOPSO model. Cakmak et al. (2021)
and Mohammadi et al. (2016) [40,47] presented an improved MOPSO model to address
the location problem under a complex layout. ElKady et al. (2015) [41] used MOPSO to
maximize facilities’ coverage in terms of residents’ demands, service area, expanding the
application scenarios and optimizing performance. Li et al. (2008) [75] explored facilities’
location and shape using MOPSO combined with the shape variation algorithm. Du
et al. (2006), Zeng et al. (2010) and Tao et al. (2015) [76—78] combined algorithms and
GIS to improve the spatial optimization decisions’ effectiveness. They confirmed that the
MOPSQO'’s application in location optimization is significant and helps improve facilities’
spatial service efficiency [46,52].

3. Data and Methods
3.1. Study Area

Gongshu District is one of the main districts of Hangzhou City and is located in the
north-central area of the city. The district’s total area is 119 square kilometers. It is com-
prised of 18 neighborhoods and 174 communities and has a population of approximately
1.12 million. Figure 1 shows a map of the Gongshu District that depicts the community
boundaries. The reasons why we choose Gongshu District as the study area are: (1) it has
a stable population, which can reflect the demand accurately; (2) there are various types of
PAS, but their spatial distribution is not balanced and (3) the distribution of PAS and UGS
has serious spatial differences, such that it is necessary to improve PAS efficiency through
location optimization.
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Figure 1. Study area.

3.2. Data

Four different datasets, population distribution, land use patterns, UGS and the PAS
distribution of Gongshu District, are used to execute the model. These datasets were
collected from a variety of sources. Population data in 2020 were collected from the world
population website. Land use data of Hangzhou City in 2018 derived from Hangzhou
Land Bureau. The administrative boundary and road network data were collected from
the OpenStreetMap website. PAS data were taken from the OpenStreetMap website and
Zhejiang PAS public service platform website.

Then, we process these data: firstly, we use the natural discontinuity grading method
to visualize the population. By querying the latest population data of the Zhejiang Govern-
ment Service network and Gongshu district government website, we revise and perfect the
results to obtain a population with high reliability. Secondly, based upon UGS data, we
combine maps and field surveys to calibrate spatial location and area. According to the
Plan of PAS in Hangzhou (2019-2035), the neighborhood PAS must be combined with UGS
within a 15-min living circle. Further, according to the Urban Residential Area Planning
and Design Standard, the minimum size of UGS in a 15-min living circle is 5 hectares
and it is stipulated that 10% to 15% of the land is used for PA. To coordinate the size
of the PAS and UGS distributed nearby, the UGS with an area of more than 5 hectares
were taken as the basic data. Thirdly, we selected PAS suitable for 3-6 METs of moderate
and >6 METs of vigorous PA based upon the PA intensity classification, including large
stadiums, community fitness sites, courts, etc.

3.3. Methods
3.3.1. MOPSO

Supposing that n particles fly in the D-dimension space, x; = (xj1,%;2, .. . ,Xjp) is the
particle’s current position; v; = (v;1,0;2, . .. ,v;p) is current velocity; p; = (pi1,pi2, - - - PiD) is
each particle’s best position in history and pg = (pg1,Pg2, - - - ,P¢p) is the best position that
the particle swarm has reached. Each particle in MOPSO maintains its position, velocity
and fitness value, computed through the fitness function’s iteration. The particle’s position
represents a solution in the search space. The velocity, including speed and direction, can
determine the particle’s position in the next moment. The process can be regarded as
“self-learning” and “social learning”. The particles fly to the next position based upon the
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individuals and the swarm’s experiences. Particles update their velocity (v) and position
(x) by the following Equations [79]:

ol = woly + err1(pia — x5y) + cara(pga — xly) )

K+l ok ok
Xy = X+ Uy 2)

inwhichi=1,2,nPop,d=1,2,...,D, pjz is the best position that the particle has reached in
history, pg, is the best position that the swarm has reached in history, k is the number of
iterations, ¢ and c; are acceleration constants, r{ and r; are independent random numbers
between [0,1] and w is the inertia weight; the formula is as follows:

W = Wmax — wma)} — wmint 3)

max
where Wmax is the initial inertia weight, wniy, is the inertia weight at the end, ¢ is the current
number of iterations and Imax is the total number of iterations. In this study, wmax = 0.9,
Wmin = 0.
The algorithm flowchart of MOPSO is as follows (Figure 2):

Initialize population, velocity,
position and set iteration

’ Evaluate the objective function and calculate the ’

fitness value of each particle

]

| Search for non-dominated solutions , form non- |

dominated external set

[
y

| The facilitator of a new particle |
| Update particle velocity (v) |
| Update particle position(x) I

Recalculate the fitness value of
each new particle

¥

Remove particles that do not
conform to set rules

i

i

l Expand and update local set and

global set
i

Update the external set

Find non-dominated solutions |

i

I Find local best and global best for each particle

Apply the Pareto
solution set

Figure 2. Flowchart of the MOPSO.

3.3.2. Optimization Objectives

We consulted government departments in Gongshu District through telephone inter-
views. Compared with the city, district and community levels, the current number of PAS
at neighborhood level is insufficient. The government plans to build seven neighborhood
level PAS by the end of 2025. We developed a multi-objective optimization of PAS model
(MOPAS) based on three optimization objectives:
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Objective 1: The distance between PAS and UGS. The distance between PAS and UGS
affects the health benefits of the space. Minimizing the total distance from UGS to the PAS
can promote the coordination of PA space:

uom
fl = minz 2 DiSik (4)
k=1i=1

in which i is the set of PAS’ locations, m is the number of PAS, k is UGS, u is the number of
UGS and Disj is the Euclidean distance between the PAS and UGS, i=1,2,... ,m, k=1,2,
ol

Objective 2: The PAS’ accessibility. Travel distance is one of the metrics used most
widely to select locations. Minimizing the total distance from the demand locations to the
PAS can save time: i

fo= minz Z Dis; 5)
i=1j=1

in which j is community, 7 is the number of communities and Dis;; is the Euclidean distance
between the PAS and communities, i=12,... ,m,j=12,... n.

Objective 3: Service population coverage. This represents the equity in the use of PAS.
Maximizing the number of people covered within a 1 km service area of PAS is conducive
to improving the health facility’s efficiency:

m n
f3 = maxz Z xl-]-Peoi]- (6)

i=1j=1

in which x;; represents whether the community j is serviced by PAS i and Peoj; is the
population the PAS serves.

To evaluate the location optimization under the combination of objectives and solve
the complex problem of multi-objective decision-making, the MOPSO is used to integrate
the three optimization objectives:

F = (minf;, minf,, maxf3)

The values of f1 and f, calculated are too large. To compare the difference in the
functions’ values better, we take the average of their values as the final result, i.e., there are
m PAS and u UGS in the algorithm operation process such that f1 = f1/(m*u), fo = f2/(m*n).

3.3.3. Constraints

First, the distance between any PAS through location optimization is farther than
1000 m: Dis;(, ) > 1000; second, the distance between the optimized PAS and the current
city or district-level PAS is farther than 1000 m: Dis;, > 1000; third, it can provide services
for the community or residents within 1 km of the PAS:

xl-]- S 1; XZ‘]‘ = 0,1.

M-

j=1

in which Dis;(, ;) is the Euclidean distance between which any two PAS would be located,
r is the current city or district-level PAS, Dis;, is the Euclidean distance between the PAS
located and current PAS; x;; = 1 indicates that within the 1 km service range, the community
j is served by PAS i, otherwise it is 0, and 7 is the number of communities.

3.3.4. Parameter Settings

In MOPSO, the parameters have a great influence on the ability to optimize the
algorithm and are set as shown in Table 1.
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Table 1. Parameter settings of MOPSO.
Parameters Values
Number of particles, nPop 200
Number of external particles, nRep 4
The grid number, nGird 7
Maximum iteration, Imax 1000
Acceleration constants, c1, ¢» 2,2
Inertia weight, w According to Formula (3)
Value range of X and Y The range of X and Y dimension
Maximum velocity, Uxmax and Uymax 10% of the distance in X and Y dimension
Mutation probability, mu 0.1
Particle flight space dimension, D 14

The number of particles: each particle represents a location solution and the number
of particles affects the algorithm process directly. For the more complex multi-objective
location problem, the number of particles is set to 100-200.

External particles number: the iterations of the algorithm produce the Pareto solutions
in the Rep external document, which represent the number of optimal location solutions.
Too many solutions are not conducive to identifying the optimal solution and too few make
it difficult to compare different solutions” advantages and disadvantages. To analyze the
solutions’ characteristics in depth and provide decision-makers with diverse preferences,
nRep is set to 4. Four non-dominant site selection optimization schemes were generated
after the code was run, i.e., the algorithm is run once to produce four non-dominated
location solutions.

The grid number: this represents the number of PAS’ locations in a solution. We set
nGrid to 7 based upon the premise that the government will complete seven neighborhood-
level PAS in the Gongshu District by the end of 2025.

Acceleration constants: the values of acceleration constants determine individual
historical information and swarm historical information’s influence on particle flight.
They reflect the acceleration weights of flying to optimal individual and swarm positions.
If c; = 0, the particle falls easily into local optimization; if ¢, = 0, it is difficult to find the
global optimal solution. Previous studies have shown that the selection of ¢; and c; should
satisfy c; + ¢y < 4 and a good initial valueis c; = cp = 2.

Maximum flight range, maximum velocity: the flight range is limited to the Gong-
shu District. The particle’s flight range in the X dimension is (Xmin, Xmax) and in the Y
dimension is (Ymin, Ymax). The particle updates its position by adjusting its velocity in each
dimension. If the velocity is too high, the particles’ flight behavior will exceed the solution
space. Therefore, a maximum velocity is set to ensure an effective search. The maximum
velocity is given by 10-20% of the distance of the X and Y dimension that particles have
searched thus far [80].

The particles’ initial positions are distributed evenly in the search space as much as
possible. The initial positions are given by Equation (7):

{ Xiu = Rand * W + Xmirl (7)
Y;, = Rand x H + Yiin
in which Xj, and Y, are the X and Y coordinates of the ith particle, ath PAS, Rand is an
independent random number between [0,1], Xinin and Yoin are minimum values of X and
Y dimensions and W and H are the width and height of X, Y dimensional spaces.
The initial velocity is given by the Equation (8).

Oxia = Rand * Vxmax 8)
Uyia = Rand * Uy max
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in which vy;, and vy;, are the velocity of the ith particle, ath PAS” X and Y dimensions and
Uxmax and Vymax are the maximum velocities of the X and Y dimensions.

Particle flight space dimension: each of the PAS’ location is determined by X and Y
coordinates. When the number of PAS optimized for location is 7, the ith particle’s position is
(Xi1, Yi1, . .., Xi7, Yi7), which indicates that the particle is searching in the 14 spaces’ dimensions.

4. Results

Given the tradeoffs between distance to UGS, the PAS’ accessibility and its service
efficiency, the MOPAS model produces a series of Pareto optimal solutions. The four best
Pareto optimal solutions A, B, C and D are reported in Figure 3 and the fitness values of
Existing Configuration and Pareto optimal solutions are illustrated in Figure 4. In terms of
the current PAS configuration, the average distance between the PAS and UGS is 6144.34 m,
the average distance between PAS and the communities is 4307.61 m and the population
serviced within 1 km is 301,678 people. Compared with the current PAS allocation, the
fitness values of f1 and f3 of the solutions are better than current situation. This means the
Pareto optimal solutions would make PAS and UGS closer and improve the PAS’ service
capacity. However, for objective 2, minimizing the distance between PAS and communities,
the existing configuration of PAS is better than the Pareto optimal solutions. This suggests
that the existing configuration focuses on the accessibility and ignores or fails to make
a tradeoff between the other objectives.

<10° Solution C
44 f15195.87
f24675.13
4.2 13420471
.
4 Solution D
f, 3.8 | SolutionA f1 4897.33
: f Solution B
5| 11480184 é i
' 2 4999.67 368991 f15273.3
3.4 | 3335235 f24580.5
3340667
3.2 - o
5000 T~ R}
4900 T~ <~ 5300
4800 T e L
> R e 5000
4600 4800 fi
Figure 3. Pareto optimal solutions.
f1value
4200
f2value 4800 fs(x100) value
S0 - Existing configuration
Solution A
6000 Solution B
"""""" Solution C
=~ SolutionD

Figure 4. The fitness values of existing configuration and Pareto optimal solutions.
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Solution A achieves the minimum distance between PAS and UGS in the last gener-
ation, which has the best fitness value of f1, in that f; = 4801.84 m. Solution B achieves
the minimum distance of PAS and communities and its f, = 4580.50 m. Solution C has the
maximum value of the population covered and its f3 = 420,471, such that the number of
people served within 1 km is 118,793 more than that for PAS with the existing configuration.
This solution maximizes the efficiency and equity of space service. Solution D is the aver-
age optimal solution calculated by finding a balance of the three objectives. The average
distance between the PAS and UGS decreases to 4897.33 m, while the average distance
to the communities increases to 4808.80 m. The number of people served within walking
distance increases to 368,991. The solution D improves objectives 1 and 3, but at the cost of
reducing the residents” accessibility to the PAS.

Obviously, the best outcome for each objective is achieved in different optimization
solutions, suggesting that all of these objectives are conflicting and no solution can obtain
the best value for all of the objectives. Even if the best solution for one objective can be
obtained, it must come at the cost of diminishing at least certain other objectives. Thus,
it also verifies the effective application of the MOPSO in solving multi-objective location
optimization problems.

Figure 5 shows the relation between the iterations and function values. The value of
f1 tends to be stable at 700 iterations, that of f, at approximately 500 iterations and f f3
at approximately 620 iterations. This indicates that the functions’ fitness value reaches a
stable state after 1000 iterations of the algorithm and the location optimization result after
the algorithm is accurate.

5400 -
5400
5300 +
5300 1 5200 +
5200 | 5100
&iin | 5000 -
2
fl f 4900 +
5000 1
4800
204 | 4700 | =
4800 1 4600 +
4700 4500 r . . . N
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Iteration times Iteration times
Number of Iterations and values of f1 Number of Iterations and values of 2
105
4.4
42
4
3.8
f 3 36
3.4
3.2
3
2.8 B L L J
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Iteration times

Number of Iterations and values of 3

Figure 5. Relation between the Number of Iterations and function values.
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5. Discussion
5.1. Spatial Distance between the Planned PAS and the Existing PAS

Most of the existing large PAS are concentrated in the south of the Gongshu District
and only one is located in the north. The spatial distance is the average distance between
the new allocated PAS and the existing PAS (Figure 6). A larger value indicates a more
balanced and rational spatial distribution. The average distances from solution A to D are
4204.91 m, 3851.50 m, 3991.42 m and 4410.67 m, respectively.

B
km
:\‘- | -  Averagedistance : ‘w | ..  Average distance :
oL e 420491m ot \—®  385150m
Solution A Solution B
Y e £ S
1
v
] D1
*r -
'/gPG ) ey
N D7 </ \
. . = ;-—. + L ‘\\*D3”,
e > ®- ¥*ps ‘ S A
{ 225,
N\ {7ED4 ML L _lkm
2 4™ </ 0 3 6
i s ‘\‘.‘-"
+ | -
‘:; “\ Yool Average distance: a \ oo Average distance :
.. % 3991.42m Ly a41067m
Solution C Solution D

A Existing large configuration PASs {’ \) Location consruction feasibility is high
o= Location optimization PASs Construction after location adjustment

X
I Urban green space i ) Location construction feasibility is low

Figure 6. The PAS’ locations of the four solutions.

The spatial distribution is objective-oriented. The PAS’ locations in solution A are close
to the large scale UGS in the central-northern area of Gongshu District, i.e., the Banshan Forest
Park, the Ducheng Ecological Park, the Sports Park and the waterfront space along the Grand
Canal. Most of the PAS located are far away from the existing PAS in the south and are more
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evenly distributed. Solutions B and C take residents” demand as the dominant goal and the
locations overall are moved to the southern communities with high population density. These
two solutions increase residents’ access to PAS, but the locations are closer to the existing PAS.
This solution may lead to an uneven distribution. Compared to other solutions, solution D
has the highest spatial distance, which means PAS is the most evenly distributed.

5.2. Implementation Feasibility

Feasibility analysis helps promote the organization and evaluation of the implementa-
tion of PAS. The land use types with high construction feasibility are generally industrial
wasteland, vacant land and demolition land, which are easier to convert. If no land is avail-
able or the on-site land is difficult to change, the available land around can be considered
instead. In this scenario, it is suggested to change the locations to the surrounding vacant
land that can be built within 300 m, which will reduce the fitness value of the optimization
objectives to a certain extent, but improve the feasibility of implementation and land use
efficiency. Most of the locations with low feasibility are located in newly built residential
areas, public service buildings and urban roads that have large development densities.
There is also a lack of land and vacant land available nearby, which makes it difficult to
build new PAS.

A comparative analysis of the construction feasibility of the locations in the four
solutions can be used to assess the advantages and disadvantages of the solutions. Figure 6
illustrates the spatial distribution of locations allocated and Table 2 lists the land use
conditions and feasibility analysis of all locations. For solutions A, A1, A3 and A7 are
located in the abandoned land, factory demolition land and vacant land, respectively, with
higher construction feasibility; A5 is in a plot with a new building, but there is industrial
land 300m northeast of it that can be used. Solutions A2, A4 and A6 are located in a new
residential area. It is difficult to add new buildings and there is no land available nearby.

For solutions B, B2 and B5 are in abandoned vacant land with high construction
feasibility. B1 and B3 are located in UGS and cultural buildings, but vacant land within 300
m is available. The construction feasibility of B4, B6 and B7 is low.

In solution C, the locations of C4 and C7 are feasible. C6 is located on a road and the
northern industrial land can be considered for construction. However, most of the locations
in this solution are not feasible for construction. C1, C2, C3 and C5 are located in the green
bulffer, consisting of newly built residential buildings, new industry and schools, respectively.
There is little construction land nearby, which makes it difficult to settle the locations.

Solution D is the most feasible, as among them, only D2 has low construction feasibility.
D3, D4 and D6 can be converted directly into land for construction. Although D1, D5 and
D7 are located on roads and residential buildings, the locations can be moved to nearby
vacant land and industrial land for construction.
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Table 2. Land use conditions and feasibility analysis of locations.

Solutions Feasibility Locations Land Use Conditions
. Al, A3, A7 are located on abandoned and vacant
High
land
A
Adjust A5 can be moved to the northeast industrial land
Low A2, A4, A6 lack available land
High B2, B5 are located in abandoned and vacant land
B
Adiust B1, B3 are located in UGS and cultural buildings,
) which can be moved to the vacant land
Low B4, B6, B7 lack available land
High C4, C7 are located in vacant land
C
. C6 is located on the road and can be moved to the
Adjust . .
industrial land
C1, C2, C3, C5 are located in nonbuildable areas,
Low
such as green buffers
. D3, D4, D6 are industrial land and abandoned
High
vacant land
D
Adjust D1, D5, D7 can be moved to vacant land
Low D2 has no more available land

If it is difficult to procure land during the construction, we can reproduce the resource
by making private spaces public, such as multiple plots in areas with high density that can
form public space jointly, or by clarifying the spatial rights, responsibilities and ownership
relations to offer a property transfer incentive to obtain public space to use [81]. Overall,
most of the locations in the southern part of solution A and B face problems such as high
construction density, which make it difficult to implement the construction of PAS. Solution
C has the lowest construction feasibility, while solution D is the most feasible.
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5.3. Optimization Trade-Offs and Optimal Solutions

Previous research on PAS location optimization is mainly based on the accessibility
assessment or population coverage. The reason why single indicator is often suboptimal is
that they ignore the tradeoffs among multiple objectives. Our results indicate clear trade-
offs among the three objectives, meaning that the optimization of one objective is at the cost
of anther. Given that the proximity of PAS to UGS is at the core of our concerns, the results
indicate that including this objective can lead to a decrease in accessibility to a certain
extent; while focusing on accessibility is likely to be suboptimal for population coverage
and approximate to UGS. Therefore, our trade-off analysis implies that one objective should
not be used as surrogate for another. Instead, location optimization of PAS should be based
on a range of objectives, which is more likely to optimize locations comprehensively.

With respect to optimization trade-offs, spatial distribution and construction feasibility,
all of the locations in solution D show that it is one of the best. Table 3 lists the comprehensive
evaluation of the solutions, which indicates that each has its unique advantages and disadvan-
tages. Solutions A and B can be used as alternatives for decision-making, while solution C is
not recommended because of its low construction feasibility. Appropriate location solutions
should be provided for cities with different resource endowments and the solutions’ practical
value also should be verified by factors such as distribution, feasibility, preference and finance.
In this way, it will improve the effectiveness of PAS spatial planning.

Table 3. Comprehensive evaluation of the solutions.

Solutions Advantages Disadvantages
PAS }}as t.he best connection Wlth UG,S ; high spa.tlal The accessibility and service population are lowest. Three
A distribution balance; most locations’ construction . .
ey e 1. locations are difficult to construct
feasibility is high
The accessibility of PAS is the best. Most locations’ Pc?or connection betvx'feen PAS and UGS; th? spatial
B . e 1. distribution balance is poorest; Three locations are
construction feasibility is high o
difficult to construct
Service the most people and the residential The sp at.1 al d1str'1 b.u t IOI.I balance needs to be 1mProved;
C o ores e 1 construction feasibility is lowest and many locations are
accessibility is high .
difficult to construct
D Mean optimal objective; the spatial distribution A separate objective optimal solution cannot be obtained

balance in construction feasibility is highest

5.4. Methodology Applications

The goals in the policy and governance fields are diverse and may lead to conflicts,
such that trade-offs are necessary to explore more compromise solutions. The multi-
objective optimization approach is highly compatible with the multi-objective characteris-
tics of spatial planning. However, multi-objective problems in spatial planning are usually
carried out in a subjective or qualitative manner. Facing the complexity of real-world
spatial planning and the uncertainty of the future, the limitations of human’s bounded
rationality are particularly obvious.

Our research indicates that MOPSO has potential as a useful tool for information on
the decisions of location optimization. The study verifies the MOPSO’s effectiveness in
spatial planning and multi-objective decision-making. The MOPSO-based model can be
readily applied to available empirical datasets, can more easily integrate multidimensional
objectives and can provide planners with a set of alternative solutions. The methods applied
can be adapted to support multi-objective optimization of PAS in urban planning globally
and other empirical analyses and dataset. However, human judgement should not be fully
replaced by heuristic algorithm and location optimization decisions should be based on
comprehensive considerations and empirical feasibility.
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6. Conclusions

Optimizing PAS’ location to ensure health, equity and efficiency is an important plan-
ning issue. All solutions constitute a candidate pool for decision-makers. The way to
choose the best solution from the pool of these non-dominated Pareto optimal solutions is
important for planners or decision-makers. Generally, previous multi-objective optimiza-
tion research emphasizes the accessibility or population coverage, but less consideration
is given to the health benefits of the close proximity of PAS to green spaces, the relation-
ship between planned and current site selections and the implementation feasibility. The
innovation of this study lies in providing theoretical support for this information.

Taking Gongshu District, Hangzhou City as an example, this paper proposes MOPSO-
based models and illustrates their potential application to the multi-objective PAS location
problem. We consider a variety of factors, such as the relation with UGS, the accessibility
and spatial services efficiency, which help us finally determine the competing objectives:
(1) minimize the distance between PAS and UGS; (2) optimize the accessibility of PAS
and (3) maximize the population PAS served. This MOPSO model yields a set of non-
dominated Pareto optimum solutions that can be used to determine the most practical
tradeoffs between the conflicting objectives. However, the solution with the greatest spatial
benefits does not represent the most practical solution. Such factors as the spatial equity
and construction feasibility also affect the final decision. Therefore, the study analyzes the
construction situation of locations and evaluates the implementation feasibility. Decision-
makers need to consider these factors before they select the most appropriate solution.
In drawing conclusions based on this work, a few limitations should be considered. It
does not separate different types of PAS with different activity intensity so that all the
PAS are the same. With respect to the distance, it uses the Euclidean distance rather than
the network distance. The residents’ views on the location optimization have not been
considered, which may miss additional objectives.
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