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In many congested areas, shared parking has gotten increasing attention because of its potential to alleviate parking resource
shortages. However, managing parking resources remains a challenge when simultaneously consideringmultiple decision-making
criteria of public travelers in allocating parking spaces and recommending optimal parking routes. To fill this gap, from four
perspectives, i.e., driving, among shared parking lots, at a shared parking lot, between shared parking spaces and destinations, we
proposed nine criteria for shared parking space allocations and parking route recommendations, and we also gave the quantitative
models for different criteria. Furthermore, an analytic hierarchy process Entropy-TOPSIS grey relational analysis (AHP-Entropy-
TOPSIS-GRA) method and an improved ant colony algorithm were proposed to solve the proposed allocation of parking spaces
and recommend optimal parking routes, respectively. Finally, the validity of our proposed models and algorithms was tested by
empirical parking data and road traffic data collected in Huai’an City, Jiangsu province, China. )e research helps provide a
theoretical foundation for implementing shared parking initiatives and improving public travelers’ parking satisfaction.

1. Introduction

Parking has received much-deserved attention in the last
decade as an essential component of urban transportation
systems. Considering its convenience and comfort, people in
citiesprefer todrive towork rather thanusepublic transport to
some extent. In addition, during the COVID-19 epidemic,
travelling by private cars can reduce the risk of COVID-19
infections andhelp slow thevirus’s spread in commuter traffic.
However, as the number and the usage of vehicles increases,
finding parking near self-driving destinations may become
difficult. As a result, for travelers, urban planners, as well as
traffic management agencies, urban parking problems mo-
tivated by urbanization and modernization have become one
of the hottest issues, especially in crowded megalopolis cities,
like HongKong [1], Beijing [2], andNewYork [3], etc. One of
themost important reasons is the imbalance between parking
supplyanddemand[4].Meanwhile, a fact is that theutilization

rate of existing parking resources is relatively low due to the
lack of prompt information communication between owners
and public travelers and the exclusive use right [5].

In the center of the city, it is impractical to build nu-
merous new parking facilities, which are affected by the
shortage of land resources and the financial difficulties
caused by the long payback period. )erefore, improving
existing parking resources’ utilization efficiency is critical to
alleviating the urban parking problem [6, 7].

Given that the differences in urban land use bring dif-
ferent spatial and temporal parking requirements for trav-
elers, shared parking can potentially improve the utilization
efficiency of parking resources. )e primary connotation of
shared parking is to rationalize the use of regional parking
resources based on the different peak hours of different types
of land use [8], as well as improve the revenue of parking
space owners due to parking problems, thus rationalizing the
use of regional parking resources [4, 6].
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In addition, the development of mobile Internet, Radio
Frequency Identification, and other technologies have laid a
physical foundation for the practical application of shared
parking resource management [9]. In the wave accompa-
nying the construction of smart cities, some city manage-
ment departments or enterprises in China, the USA,
Australia, England, etc., have launched various smart
parking apps or websites to search for reserved parking
spaces quickly. However, most of the existing platforms and
algorithms mainly focus on maximizing the revenue of
parking resource management platforms for a single parking
lot [6, 10–13] but without comprehensive sophisticated
consideration of influencing factors of travelers parking
space choice among several parking lots in an area, especially
some metrics that are difficult to quantify linearly, such as
location preferences, parking safety, etc.

In addition, facing the complexity of transportation
infrastructure and the urban environment, travelers in-
creasingly depend on parking guidance systems. Although
some studies have dealt with parking route guidance, these
studies mainly considered parking routes on urban road
sections, and few studies integrated three phases of their
travels, i.e., choice of shared parking spaces, assignment,
traveling from origins to parking spaces, and traveling from
parking spaces to destination, as a whole.

However, most of the existing related research focuses
on traffic guidance services only on urban roads [14–16]. In
fact, some other factors, especially some subjective factors,
such as parking safety and parking convenience, are also
critical for travelers; there is relatively little research that
considers these factors together in the route recommen-
dation method involving parking in travel.

To solve the problems mentioned above, we focus on the
whole trip process, i.e., before travel, during driving, and
after parking, and consider public travelers’ multi-dimen-
sional preferences, e.g., driving time, parking fee, parking
convenience, so that they enjoy all services from departures
to destinations. Under this context, we construct an inte-
grated model of parking space allocation and parking route
recommendation based on multiple criteria. Furthermore,
the corresponding algorithms are designed, and the models
and algorithms are tested based on the empirical parking
survey data.

)is work makes the following contributions: (a) We
propose the concept of Parking as a Service (PaaS) to meet
the parking requirements that involve multi-dimensional
criteria of public travelers with the help of advanced com-
munication technology; (b) We propose nine criteria on
parking space allocations and parking route recommenda-
tions from four aspects, i.e., on driving, among parking lots,
inner a shared parking lot, between shared parking spaces
and destinations, and give the corresponding models; (c)We
propose an analytic hierarchy process Entropy-TOPSIS grey
relational analysis (AHP-Entropy-TOPSIS-GRA) method to
solve the parking space allocation problem and apply the
improved ant colony algorithm to solve the optimal parking
route problem; (d))rough empirical survey data, the model
and algorithm are tested to verify the feasibility of the
proposed models and algorithms.

)e remainder of this paper is organized as follows:
Section 2 reviews the previous studies of influencing factors
of parking behavior, shared parking space allocation, and
parking route guidance. Section 3 presents the methodology
of shared parking space allocation and parking route rec-
ommendation problems, including assumptions, models,
and solution algorithms. In Section 4, the analysis of the
validity and applicability of the proposed models and al-
gorithms are presented. )is analysis is carried out with the
empirical data on parking behaviors collected in the city of
Huai’an, Jiangsu province, China. In Section 5, we draw
some conclusions and point out future research directions.

2. Literature Review

)e goal of this paper was to take into account various
influencing factors when travelers reserve shared parking
spaces to better recommend appropriate parking spaces for
them. To that end, in this section, we first identify the
relevant influencing factors of parking behavior, then review
existing research on the allocation of shared parking space
resources, as well as parking route recommendations, and
summarize the shortcomings of the existing research.

2.1. Influencing Factors of Parking Behavior. Understanding
parking behavior, specifically identifying relevant influencing
factors, is the foundation of parking resource management
[17]. )e factors that affect the choice of parking spaces
influencing travelers’ parking decisions can be roughly di-
vided into personal attribute factors and external factors.

Personal attribute factors include genders, ages, edu-
cation levels, parking facility preferences, and so on [18].
However, the data of these personal factors are difficult for
parking resource managers to collect and utilize to guide
parking space allocations due to privacy protection and
information security [19].

Collecting data on external factors that affect parking
behavior, such as parking fee and acceptable walking dis-
tance, can avoid the abovementioned problems [20]. As a
result, determining which factors are related to parking
behaviors and how these factors effect parking behaviors
have been widely studied by many scholars. As early as 1991,
it has been found that parking space locations and parking
facility types influence travelers’ choice behavior [21]. Later,
Bonsall and Palmar [22] found that different travel purposes
have a significant impact on the choice of parking lots.
Furthermore, Amott and Rowse found that not only travel
purposes but also parking, driving, and stationary conditions
impact the choice of parking space for travelers [23].
Chaniotakis and Pel [24] concluded that the availability of
parking spaces and the walking distance to the destination
have a great influence on the choice of parking spaces
through the stated preference experiment. Based on ques-
tionnaire data, Zong et al. [25] found that parking space
choice behaviors are closely related to parking charges.
Based on the empirical parking data, Mo et al. [26] found
that adjusting the price of parking fees can effectively change
the parking behavior of travelers. Zeng et al. [27] considered
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three factors, i.e., occupancy, weather conditions, and hol-
iday, to achieve higher-precision parking space occupancy
prediction than previous models.

As a type of parking facility, parking and ride (P&R)
facilities have also attracted the attention of academics. He
et al. found that several external factors had a significant
impact on the choice of P&R facilities. )ese factors include
but are not limited to trip purpose, road traffic, the distance
between parking spaces and destinations, and parking fees
[20, 28]. Based on parking behavioral survey data, Clayton
et al. [29] stated that the size of the group of people traveling
together also impacts travelers’ choice behavior of P&R
facilities. Based on scenarios with different modes of
transportation, Kono et al. [30] found that the cost of
transportation trips and travel time have a significant impact
on the choice of P&R facilities. Very recently, several studies
have been conducted on the choice behavior of demanders
in shared parking. For example, Ardeshiri et al. [31] found
that the adjustment of the parking fee changed the possibility
of choosing shared parking spaces. Using the combined
technology acceptance model and theory of planned be-
havior, Ning et al. [32] proved that the three factors of
perceived network externality, cost risk, and safety risk affect
travelers’ choice of shared parking spaces.

It can be found from the above study that travelers’
parking behaviors are influenced by various external factors,
such as parking fees, the surrounding environment of
parking lots, walking distance between parking spaces, and
desalination. )us, integrating these factors into the parking
allocation process is vital for improving traveler satisfaction.

2.2. Shared Parking Space Allocation. )e issue of shared
parking space allocation has received considerable attention.
In terms of the goals of relevant research, it can be divided
into two main branches: maximizing the utilization of
parking resources and maximizing the revenue of parking
management. For example, Chen et al. [11] studied the
optimal allocation of on-street parking spaces, considering
the cost of parking search time and the cost of walking time
from the parking space to the destination. Shao et al. [6]
established a simple parking space reservation, allocation,
and charging model with the objective of maximizing
management revenue considering parking price. Aiming at
the problem of online parking reservation, considering the
influence of travelers’ location information and dynamic
parking price on parking choice behavior, Lei and Ouyang
[33] designed a dynamic parking space allocation model to
improve the performance of intelligent parking system. )e
model was solved by a nonmyopia approximate dynamic
programming (ADP) method. Mirheli and Hajibabai [12]
proposed a stochastic dynamic parking management model
based on a user-agent competition relationship to study the
parking management problem, taking into account user
demand and uncertainty in parking utilization. Hassija et al.
[13] constructed an adaptive parking pricing model that
ensures maximum revenue for managers and optimal
comfort for users of parking spaces. Shao et al. [34] studied a
parking reservation problem using auction theory and

analyzed the impact of parking time uncertainty on man-
agement revenue. Very recently, in view of the complexity of
solving the parking space allocation problem and the time
window constraints, Zhao et al. [35] designed six meta-
heuristic algorithms to achieve an efficient solution to the
large-scale parking space allocation problem.

Considering the uncertainty of parking demanders and
parking suppliers, Zhao et al. [4] constructed a research
frameworktoguarantee thatparkingspacesarealwaysavailable
for parking space providers and designed a solution algorithm
based on simulation techniques. To assure the most parking
profit and the least negative impact on residents simulta-
neously,Huanget al. [36] constructeda stochasticoptimization
model taking the overtime parking behavior of parking cus-
tomers into consideration. Based on real-time parking location
information, Lu and Liao [37] constructed a parking space
occupancymodel to predict the availability of parking spaces to
achieve more efficient use of parking resources.

To sum up, it can be seen that the existing mathematical
and simulation models have achieved rich results in the
allocation of parking resources under specific scenarios.
However, few studies have addressed the compound in-
fluence of multiple factors in the choice of parking spaces by
public travelers. As a result, even if a traveler has reserved a
shared parking space, his/her travel experience might be
greatly reduced due to extra time spent on finding parking
spaces during trips, the impact of parking surroundings, too
long walking distance, etc.

2.3. Parking Route Recommendations. Numerous studies
have been conducted to increase the search effectiveness of
available parking spaces because cruising for parking has a
substantial impact on travel time, traffic, and even air
pollution [38, 39].

)e development of parking guidance systems can be
roughly divided into two categories: parking guidance
systems based on traffic information signs and parking
guidance systems based on mobile Internet.

For the former, they provide drivers with rough direc-
tions and the number of available parking spaces through
roadside information signage. )e relevant research focuses
on optimizing the location and content of the message signs,
as well as their forms. For example, )ompson et al. [40]
investigated what is the optimal display mode of parking
information signage and how parking information affects
travelers’ parking decision-making.

With the increasing complexity of structures of urban
roads and parking lots, traditional parking guidance systems
can hardly meet the rising demand for parking due to the
lack of real-time accurate traveler location information and
parking lot location information. Waterson et al. [15] an-
alyzed the effectiveness of parking guidance and informa-
tional signage in reducing cruising for parking.

Moreover, it also has been found that the best place to
attempt to reserve a parking space depends on the driver’s
location in the road network [41]. Without considering the
accurate location information, it will be difficult to utilize the
optimal performance of parking guidance systems.
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With the development of mobile information technol-
ogy, modern parking guidance systems based on mobile
platforms continue to become essential aids for accurate
parking services. )ese parking guidance systems can adjust
driving routes in time to reach parking lots around travelers’
destinations as soon as possible through real-time road
traffic conditions and the location of vehicles. Chai et al. [42]
designed an efficient system that can update parking des-
tinations based on real-time road condition information to
maximize the utility of travelers.

Similar to the parking behavior discussed earlier, how to
chooseaparkingguidance isalsoaffectedbyavarietyof factors.
Li et al. [16] stated that walking time from parking spaces to
destinations, parking fee, the availability of parking spaces, and
travelers’ preferencesproposedan intelligentparkingguidance
algorithm that takes into account three typical decision in-
fluences of travelers, i.e., walking time, parking fee, and
number of vacant parking spaces, and the heterogeneity of
drivers’ preferences. Considering both travel cost and parking
fee, Gao et al. [43] developed a multi-criteria parking route
guidance optimizationmodel, and the validity of the proposed
model was verified by the data of parking behaviors.

In summary, we can find that a comprehensive con-
sideration of multiple influencing factors of parking be-
havior when allocating shared parking spaces and parking
guidance is necessary to improve travelers’ satisfaction, the
reputation of parking management platforms, as well as the
utilization of parking resources and road resources.

3. Modeling for Shared Parking Allocation and
Parking Route Recommendations

In this section, we propose the concept of Parking as a
Service (PaaS): Access and manage parking-related services
before travel, during driving, and after parking until to
destinations, through an electronic interface to meet the
parking requirements that involve multi-dimensional cri-
teria of public travelers.

3.1. Problem Description. Considering the advantages of
global optimization offered by centralized parking resource
management [44], a centralized shared parkingmanagement
system (CSPMS) is introduced. It connects the parking
supply side and parking demand side, and enables public
travelers to plan, book, and pay for parking services.

For the parking supply side, owners of shared parking
spaces submit their shared periods and the location of
parking spaces to CSPMS in advance. For the parking de-
mand side, public travelers need to make a reservation for
shared parking spaces via mobile phone app or web, and
parking routes will be recommended for them when their
reservations are approved, as shown in Figure 1.

3.2. Criteria for Shared ParkingAllocations andParking Route
Recommendations. Below we divide these criteria for shared
parking resource management into four aspects, i.e., on
driving, among parking lots, inner a shared parking lot,

between shared parking spaces and destinations, see
Figure 2.

For presentation convenience of shared parking mod-
eling, the symbols and notations involved in this paper are
given in Table 1.

In order to facilitate the construction of the shared
parking model, we further propose two assumptions: (1))e
public travelers provide their real parking information on
the CSPMS, and they can access the right shared parking
spaces with successful reservations; (2) )e public travelers
accept shared parking allocation, and they will not cancel
their orders.

3.2.1. Criteria on Driving

(1) Driving time: the expected driving time of a rec-
ommended parking route is crucial for public
travelers to choose the recommended parking route
or not. )e expected driving time DTmi

of a public
traveler mi includes two parts: the expected driving
time DTur

mi
on urban roads and the expected driving

time DTnur
mi

on nonurban roads. )e urban road
refers to expressways, main roads, sub-main roads,
and branch roads. Usually, DTur

mi
depends on two

important parameters, namely, traffic volume and
traffic capacity. It can be calculated as follows:

DT
ur
mi

� 

Rmi

r�1
t
r
mi

1 + ϕ
qr

mi

cr
mi

⎛⎝ ⎞⎠

ς

⎡⎢⎢⎣ ⎤⎥⎥⎦, (1)

whereDTur/mi represents the expected driving time
of public travelermi onurban road sections;Rmi

is the
total number of road sections included in a recom-
mended parking route for public traveler mi; tr

mi

indicates the driving time on urban road section r

under the free traffic flow condition; qr
mi

shows the
traffic volume of urban road section r within the
recommended parking route; and cr

mi
indicates the

actual capacity of urban road section r within the
recommended parking route; ϕ and ς represent re-
gression parameter, respectively, which can be de-
termined by least square method, here taking
ϕ � 0.15, ς � 4 [45].
)e nonurban roads refer to internal roads of resi-
dential areas, shopping malls, and shared parking
lots. When driving on these road sections, limited by
space and environmental conditions, the speed is
generally relatively slow. DTur

mi
can be simply cal-

culated as follows:

DT
nur
mi

�
d

hj

mi

v
nur

, (2)

where d
hj

j represents the shortest distance between
shared parking space hj to the access of urban road
sections; and vnur represents the average travel speed
on nonurban road sections. According to the speed
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Figure 1: Schematic diagram of shared parking space reservation and recommended parking routes.

Criteria

Among parking lots

Parking lot idle
balance

Parking fee

Parking safety

Parking convenience

Between shared parking
spaces and destinations Walking distance

Inner a shared parking lotTime windows

On driving

Driving time on urban roads

Driving time on
non-urban roads

Driving smoothness

Figure 2: Multi-criteria for shared parking and parking route recommendations.

Table 1: Nomenclature list of shared parking problem.

Variables Interpretation
S )e total number of shared parking lots
M )e total number of public travelers that reserve for shared parking spaces
Hj )e total number of parking spaces of shared parking lot j

Hi dl e/j, k )e total number of idle shared parking spaces of shared parking lot j at time k

Ts
hj

)e starting time of sharing of parking space hj

Te
hj

)e end time of sharing of parking space hj

Thj
)e available parking duration of shared parking space hj

Tlea/mi )e departure time of public traveler mi

Tarr/mi )e arrival time of public traveler mi

Tmi
)e parking duration of public traveler mi

Ts
r )e starting time of rush hours within a day

Te
r )e end time of rush hours within a day

P Fmi )e total parking fee of parking traveler mi

DTmi
)e total driving time for public traveler mi

DTur/mi )e driving time on urban road for public traveler mi

DTnur/mi )e driving time on nonurban road for public traveler mi

DSmi
)e driving smoothness for public traveler mi

Rmi
)e total number of urban road sections for public traveler mi
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limit of some parking lots and residential areas, vnur

can be taken as 5 km/h.
Under these criteria, the total driving time for public
traveler mi is

DTmi
� DT

ur
mi

+ DT
nur
mi

. (3)

(2) Driving smoothness: another important indicator is
the driving smoothness DSmi

of public traveler mi; it
refers to the proportion of the congestion distance to
the total road length between the origin and the
destination, which can be written as follows:

DSmi
�


Rmi

r�1 d
r
mi,c

+ d
hj

mi,c


Rmi

r�1 d
r
mi

+ d
hj

mi

, (4)

where dr
mi,c

and dr
mi

represent the congested distance
and the total distance of the parking route on urban
road section r, respectively; d

hj

mi,c and d
hj

mi
represent

the congested distance and the total distance of the
parking route on nonurban road sections,
respectively.

)ese two criteria will be considered in the parking route
recommendation, see Subsection 4.2.

3.2.2. Criteria among Shared Parking Lots.
(1) Parking lot idle balance: without loss of generality,

we assume that there are S(S⩾2) shared parking lots
in a large enough area; a shared parking lot
j(j ∈ [S], [S]: � 1, 2, . . . , S{ }). has Hj shared park-
ing spaces. Let Hi dl e/j, k be the total number of
idle shared parking spaces in shared parking lot j at
the time point of k, then we define parking lot idle
index (PI)PIj,k of shared parking lot j, which can be
written as follows:

PIj,k �
H

i dl e
j,k

Hj

. (5)

In order to avoid the local traffic congestion, the
availability of shared parking spaces from multiple
parking lots should be considered. One of the
management objectives is to equalize the idle rate of
parking resources in multiple parking lots. )e
objective function can be written as:

min
S

j�1
PIj,k − minPIj,k ∀k. (6)

(2) Parking fee: we firstly define the parking duration of
public travelers. Let Tarr

mi
and Tlea

mi
be the arrival time

and the departure time of public traveler mi, respec-
tively, so the parking demand duration is Tmi

� Tlea/
mi − Tarr/mi (mi ∈ [M], [M]: � 1, 2, . . . , M{ }, M is
the total number of public travelers).
In order to differentiate parking prices during
parking rush hours and other hours, two types of

parking prices are set for each shared parking lot. Let
Ts/r and Te/r denote the starting time and ending
time of parking rush hours, respectively, and let cj/r
and cj/nr denote the parking price during parking
rush hours and the parking price during other hours
in shared parking lot j, then the parking fee PFmi of
public traveler mi at share parking lot j can be
calculated as follows:

PFmi �

Tmi
c

j
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lea
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⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(7)

Under the above criteria, the management objective
of CSPMS is to minimize the parking fee for each
public traveler.

(3) Parking safety: different types of parking lots, like
indoor parking lots, ground parking lots, are exposed
to the different external environments, which will
lead to differentiated safety of vehicles and public
travelers. In order to consider the above effects in the
allocation of shared parking spaces, here, we in-
troduce the parking safety indexes (PSIs). To
quantitatively evaluate this fuzzy index, a linear
coordinate system is introduced, see Table 2.
Under the above criteria, the management objective
of CSPMS is to maximize the PI for each public
traveler.

(4) Parking convenience: affected by the spatial struc-
ture of its parking spaces, the difficulty of parking in
different types of parking lots is different. Here, we
introduce the parking convenience indexes (PIs), it
can be quantified by Table 3.

Under the above criteria, the management objective of
CSPMS is to maximize the PI for each public traveler.

3.2.3. Criteria Inner A Shared Parking Lot. (1) Time Win-
dows. As shared parking spaces are provided by the owners
of private parking spaces, these parking spaces can be used
for public travelers only during shared periods. Let Ts/hj

and Te/hj be the starting time and the end time of sharing
period of the hj shared parking space, respectively. When
parking demand period of public traveler mi is not in the
shared period of shared parking space hj, the following
Equation (8) holds:

T
arr
mi

, T
lea
mi

 ⊈ T
s
hj

, T
e
hj

 . (8)

Let y
hj

mi
denote whether the parking demand period of

public traveler mi is in the shared period of the shared
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parking space hj. If yes, y
hj

mi
� 1, otherwise, y

hj

mi
� 0, see

Equation (9).

y
hj

mi
�

0, T
arr
mi

, T
lea
mi

 ⊆ T
s
hj

, T
e
hj

 ,

1, T
arr
mi

, T
lea
mi

 ⊈ T
s
hj

, T
e
hj

 .

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(9)

For any two public travelers mi and ml, if there is a
parking time conflict, Equation (10) holds.

T
arr
mi

, T
lea
mi

 ∩ T
arr
ml

, T
lea
ml

 ≠∅. (10)

When Eq. (10) holds, two public travelers mi and ml

cannot be simultaneously assigned to one parking space at
the same parking period and Equation (11) holds.

q
ml

mi
�

0, T
arr
mi

, T
lea
mi

 ∩ T
arr
ml

, T
lea
ml

 ≠∅,

1, T
arr
mi

, T
lea
mi

 ∩ T
arr
ml

, T
lea
ml

  � ∅.

⎧⎪⎨

⎪⎩
(11)

In order to make the best use of shared parking spaces,
the management objective of CSPMS can be to maximize the
utilization of shared parking spaces (UPS), which can be
expressed as follows:

maxUPS �


M
mi�1 

Hj

hj�1 Tmi
x

hj

mi

Thj

. (12)

)e constraints are as follows:

s.t

x
hj

mi
− q

ml

mi
+ x

hj

ml
≤1,mi,ml ∈ [M],mi≠ml,hj ∈ Hj (a),

y
hj

mi
x

hj

mi
� 0mi ∈ [M],hj ∈ Hj (b),



Hj

hj�1
x

hj

mi
≤1mi ∈ [M],hj ∈ Hj (c),
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⎪⎪⎪⎪⎪⎪⎪⎪⎩

(13)

where Equation (13) ensures that two public travelers mi and
ml cannot be assigned to the same parking space simulta-
neously with time conflicts; Equation (13) ensures that
parking demand period should be within the shared period;
Equation (13) checks that each parking demand is allocated
to one shared parking space; xhj/mi ∈ 0, 1{ }(mi ∈ [M],

hj ∈ [Hj]). is a binary decision variable.

3.2.4. Criteria between Shared Parking Spaces and
Destinations. After having parked their vehicles, public
travelers need to walk for a certain distance from shared
parking spaces to their destinations; therefore, the walking
distance is also a very important indicator that affects public
travelers.

Here, we can simply calculate the walking distance from
the latitude and longitude coordinates of a parking lot and a
destination. Let llat/hj and llon/hj represent latitude and
longitude of shared parking space hj, respectively. Let
llat/mi and llon/mi represent latitude and longitude of
destination of public traveler mi, respectively.

Furthermore, let C � sin(llat/ hj)sin(l lat/mi) + cos
(llat/hj)cos(llat/mi)cos(llon/hj − llon/mi). )en, the round
trip walking distance d

hj

mi
for public traveler mi between the

shared parking lot and his/her destination can be written as

d
hj

mi
� πarccos(C)

R

180
, (14)

where π ≈ 3.14; R is the radius of the Earth, R ≈
6378.137km.

Let dmaxmi and dtotal be the maximum acceptable distance
and the total walking distance from shared parking lots to
their destinations; we have the following criteria for all
public travelers to choose shared parking spaces:

mindtotal � 

hj

mi

d
hj

mi
x

hj

mi
s.td

hj

mi
≤dmax

mi
∀mi ∈ [M], ∀hj ∈ Hj . (15)

4. Solution Method

)e shared parking problem is a two-stage multi-objective
optimization problem. For convenience, we divide this
problem into two sub-problems. One is the problem of
matching parking supply and parking demand, and the
other is the problem of optimal parking route. In this
section, we introduce algorithms for solving these two sub-
problems.

4.1. AHP-Entropy-TOPSIS-GRAMethod for Optimal Parking
Allocations. )e technique for order of preference by simi-
larity to optimal solution (TOPSIS), as a common evaluation
method for multi-objective decision-making of limited
scheme, can treat the original data in the same direction and
normalization, eliminate the influence of different index di-
mensions, and make full use of the original data information
to reflect the real and objective reality. In addition, it has no
special requirements for data and sample data [46]. To avoid
problems such as difficulty in the analysis due to small dif-
ferences in indexes, an analytic hierarchy process (AHP)-
TOPSIS [47] and Entropy-TOPSIS [48] methods were pro-
posed to accurately reflect the information in these indexes,
and improve the contrast and resolution between the indexes.
In order to combine the advantages of these two approaches,
in this paper, an AHP-Entropy weight method is adopted to
quantitatively weight these indexes [49].

Table 3: PCIs of different types of parking lots.

Types Outdoor Underground Mechanical Residential
PCIs 7–9 4–7 1–3 7–9

Table 2: PSIs of different types of parking lots.

Types Outdoor Underground Mechanical Residential
PSIs 3–5 7–9 7–9 5–7
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4.1.1. Determining Subjective Weights Based on the AHP
Method. )e main steps of determining the weight of the
scheme based on the AHP method are as follows:

Step 1 Assuming that n subjective indicators are related
to the choice of shared parking spaces in the AHP
method, we can construct an evaluation matrix Dn×n

according to n evaluation indexes
Step 2 Calculate the relative weight of each index
according to Equation (16).

dij
′ �

dij


n
i�1 dij

. (16)

Step 3 Obtain the eigenvector wA of the evaluation
matrix Dn×n by Equation (17)

w
A
i �


n
i�1 dij
′


n
i�1 

n
i�1 dij
′

. (17)

Step 4 Calculate the maximum eigenroot λmax of Dn×n

λmax �
1
n



n

i�1

DwA
 

i

w
A
i

. (18)

Step 5 Calculate the consistency index (CI)

CI �
λmax − n

n − 1
. (19)

Step 6 Calculate the consistency ratio (CR) according
to the average random consistency index (RI)

CR �
CI

RI
. (20)

When CR< 0.1, the scheme passed the consistency test.

4.1.2. Determining Objective Weights Based on the Entropy
Weight Method. )emain steps of determining the weight of
the schemebasedon the entropyweightmethodare as follows:

Step 1 Build the initial decision matrix.
Assuming that there are m share parking lots to choose
for travelers and each share parking lot has n evaluation
criteria, the initial decision matrix D′ is:

D′ �

d11 d12 · · · d1n

d21 d22 · · · d2n

· · · · · · ⋱ · · ·

dm1 dm2 · · · dmn

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (21)

Step 2Obtain anormalizedmatrixYby transformingD′.
)e profitable indexes and the cost indexes can be
processed according to Equation (22)-a and Equation
(22)-b, respectively.

yij �
dij − min dij

maxdij − mindij

(a),

yij �
min dij − dij

maxdij − mindij

(b).

⎧⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎩

(22)

)e normalized matrix Y obtained after normalizing D
can be written as:

Y �

y11 y12 · · · y1n

y21 y22 · · · y2n

· · · · · · ⋱ · · ·

ym1 ym2 · · · ymn

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (23)

Step 3 Normalization of the normalized matrix Y.

In order to solve the problem of different dimensions
among different criteria, it is necessary to normalize the
normalized matrix Y, then we can get the matrix P by (24):

pij �
yij


m
i�1 yij

. (24)

)erefore, the entropy value ej , the difference coefficient
gj, and the entropy weight βj of index j can be expressed by
Equation (25)–(27).

ei � −k 
m

i�1
pijlnpij k≥ 0; ei ≥ 0( , (25)

gi � 1 − ei (j ∈ [n]), (26)

w
E
i �

gi


n
j�1 gi

βij ∈ [0, 1]; i ∈ [m]; j ∈ [n] . (27)

4.1.3. Determining the Combined Weights. )e compre-
hensive weight wC of index i is obtained by combining wA

and wA, which can be written as follows:

wi �

�����

w
A
i w

E
i




m
i�1

�����

w
A
i w

E
i

 . (28)

4.1.4. TOPSIS Grey Relational Analysis.
Step 1 Give the weight to the dimensionless gauge
matrix.
)e weighted decision matrix Z can be calculated by:

Z �

ω1y11 ω2y12 · · · ωny1n

ω1y21 ω2y22 · · · ωny2n

· · · · · · ⋱ · · ·

ω1ym1 ω2ym2 · · · ωnymn

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (29)

8 Journal of Advanced Transportation



It should be noted that the reference sequence
z0 � z0j ∣ j ∈ [n] , and z0 is the optimal value of each
evaluation index.
Step 2 Determine the positive scheme and negative
optimal one.
)e positive and negative optimal schemes can be
expressed as follows:

z+
� z

+
1 , z

+
2 , . . . , z

+
j , . . . , z

+
n 

z−
� z

−
1 , z

−
2 , . . . , z

−
j , . . . , z

−
n 

⎧⎪⎨

⎪⎩
, (30)

where z+/j � max zij � wj.; z−
j � min zij � 0.

Step 3 Calculate the distance from the evaluation object
to the positive and negative optimal solutions.
By calculating the n-dimensional Euclidean distance,
the distances from each feasible parking path to the
positive optimal solution and the negative optimal
solution can be obtained, respectively, see Equation
(31)(a and b).

d
+
i �

������������



n

j�1
zij − z

+
j 

2




(a),

d
−
i �

������������



n

j�1
zij − z

−
j 

2




(b).

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(31)

Step 4 Determine the grey correlation coefficient.
Calculate the absolute differences between the reference
sequence and other comparison sequences, and use the
absolute difference matrix to calculate the grey corre-
lation coefficient matrices R+ and R− between each
feasible parking route and the positive and negative
optimal solutions:

R
+

� r
+
ij 

m×n
,

R
−

� r
−
ij 

m×n
,

r
+
ij �

miniminj z
+
j − zij



 + λmaximaxj z
+
j − zij





z
+
j − zij



 + λmaximaxj z
+
j − zij




,

r
−
ij �

miniminj z
−
j − zij



 + λmaximaxj z
−
j − zij





z
−
j − zij



 + λmaximaxj z
−
j − zij




,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(32)

where λ ∈ [0, 1] is the resolution coefficient. )e
smaller the value, the greater the resolution. Here, it is
set as 0.5 [48].
As a result, the grey correlation between each feasible
parking route and the positive and negative optimal
solutions can be calculated as follows:

r
+
i �

1
n



n

j�1
r

+
ij,

r
−
i �

1
n



n

j�1
r

−
ij.

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

(33)

Step 5. Calculate multi-dimensional comprehensive
applicability.

Based on the results of the Euclidean distances d+
i and d−

i

and the grey correlations r+
i and d−

i , the dimensionless
processes can be done as follows:

D
+
i �

d
+
i

maxd
+
i

D
−
i �

d
−
i

maxd
−
i

R
+
i �

r
+
i

maxr
+
i

R
−
i �

r
−
i

maxr
−
i

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(34)

)e larger values of D−/i and R+
i indicate that the scheme

is closer to the positive optimal solution, while the larger
values of D+/i and R−/i indicate that the scheme is farther
away from the positive optimal solution, so the formula can
be further written as:

S
+
i � θ1D

−
i + θ2R

+
i

S
−
i � θ1D

+
i + θ2R

−
i

⎧⎨

⎩ , (35)

where θ1 � θ2 � 0.5, S−
i and S+

i comprehensively reflect the
distance between the current scheme and the optimal value.

)erefore, the comprehensive applicability degree of
scheme evaluation c+ can be obtained by (36). )e greater
the c+

i , the better the solution are; otherwise, the worse the
solutions are.

c
+
i �

S
+
i

S
+
i + S

−
i
. (36)

4.2. Improved Ant Colony Algorithm. In this paper, a heu-
ristic ant colony algorithm was chosen to find the optimal
parking route, mainly because of its good robustness, high
flexibility, and fast convergence speeds [50]. However, it is
necessary to make corresponding improvements in the se-
lection of transition states in order to have better rationality
and adaptability, as well as avoid falling into local optimum,
in parking route planning.

Here, we mainly optimized two aspects: the probability
selection and the pheromone update mode.
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4.2.1. Improvement of the Probability Selection. Since the
heuristic function of the traditional ant colony algorithm
only considers the distance relationship between two ad-
jacent nodes, it only reflects the relationship between the
current node and its neighbors but lacks the relationship
between the current node and the destination. For this
reason, it is difficult to jump out of the local optimal solution
region and lose the ability to search for the global optimum
solution.

)erefore, the linear distance between the next node j

and the destination g can be considered to be added to the
heuristic function, which enhances the purpose of ant search
and accelerates the convergence speed of the algorithm. )e
expression is as follows:

ηij(t) �
1

lij + ljg

, (37)

where lij is the distance from current node i to next node j,
and ljg is the distance from next node j to the destination g;
it can be solved by Euclidean distance.

If ljg ≤ lij, specify that node j is a distant node, otherwise,
specify that node j is a near node. Furthermore, the im-
proved probability selection can be calculated as follows:

p
k
ij(t) �

ταij(t)
1

lij + ljg

 

β

,


s∈Ax

ταis(t)
1

lij + ljg

 

β

, j ∈ Ak, 0, j ∉ Ak,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(38)

where pk/ij(t). represents the state transition probability of
ant k from node i to node j at time t, α is the pheromone
factor, β is the expected heuristic factor,Ak represents the set
of nodes that ant k has not yet visited. Note that if a node has
been visited, it will be put into a tabu table TBk that can no
longer be accessed.

4.2.2. Improvement of the Pheromone Update Rule. In order
to obtain the optimal solution faster, the influence of
various factors on the parking route choice is taken into
account in the pheromone update rule. )e selection of the
optimal parking route mainly considers the driving time
and the average smoothness of road sections. For the
driving time DTmi

of public traveler mi, it can be calculated
by Equation (3).

In order to weaken parking routes with poor driving
environments, a penalty factor can be added to reduce the
selected probability. )e pheromone update rules are im-
proved as follows:

τt+1
ij �

φ
τij(t)

DSmi
DFmi

+ ξ Dw


 − Db


 , i, j ∈ Db,

φ
τij(t)

DSmi
DFmi

− ξ Dw


 − Db


 , i, j ∈ Dw,

0, other,

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(39)

where Db and |Db| represent the best searched path and its
length, respectively. Dw and |Dw| represent the worst
searched path and its length, respectively. φ is the phero-
mone volatility coefficient, which ranges from [0, 1]. ξ is the
pheromone enhancement factor of the improved ant colony
algorithm.

In order to prevent the unlimited accumulation of path
pheromone concentrations in the process of improving the
ant colony algorithm, it must be restricted by Equation (40):

τij �

τmax, τij ≥ τmax,

τij, τmin < τij < τmax,

0, τij ≤ τmin,

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(40)

where τmax and τmin are the maximum and the minimum
value of pheromones.

5. Case Study

5.1. Study Area and Data Collection. Huai’an Xinya Inter-
national Business Circle (HXIBC) is one of the most
prosperous CBDs in Huai’an city, Jiangsu, China. Because of
the limitation of parking facilities, public travelers often
spend extra time cruising for parking, which not only causes
great inconvenience to public travelers but also leads to
frequent traffic congestion. HXIBC and its surrounding
communities are selected as the study area, see Figure 3.

For ease of presentation, we have abbreviated place
names, see Table 4.

Here, we assume that a public traveler whose max ac-
ceptable walking distance is 500m reserves a parking space
from 9:00–11:00 and the destination is GEISC. Taking
GEISC as the center, we surveyed the surrounding shared
parking lots. )e results of the number of parking spaces,
shared periods, and walking distance between GEISC and
shared parking lots are shown in Table 5.

It can be found that there are five shared parking lots
(namely, SDS, NPY, HFC, ASB, and HHG-B) meeting the
public traveler’s requirements in terms of themax acceptable
walking distance and shared periods.

Next, we analyze the indexes of parking fee, parking
safety, and parking convenience; the assignments of different
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criteria are shown in Table 6. It should be noted that the
temporary charging standard for commercial parking lots in
XIB is 5 Yuan/hour, and free for half an hour.

5.2. Optimal Shared Parking Allocation. According to the
AHPmethod, the importance of parking fees, parking safety,
and parking convenience are comparatively evaluated by D,
and we can get the wA:

D �

1 0.1429 0.3333

7 1 5

3 0.2 1

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦,

wA
� (0.0671, 0.5445, 0.1140).

(41)

According to the entropy weight method, we can obtain
D′, Y, and P, respectively:

Table 5: Sharing periods of shared parking lots.

ID Communities Sharing
periods

Number of
parking spaces

Walking
distance (m)

1 SDS 8:00–17:30 60 242

2 NPY 9:00–12:00;
14:00–18:00 54 138

3 HFC 8:30–17:30 414 127
4 CMV 12:00–18:00 55 347
5 ASB 8:00–17:00 70 400
6 HHG-A 8:00–18:00 128 587
7 HHG-B 8:00–18:00 104 293

Table 6: Assignments of PF, PSIs, and PCIs of shared parking lots.

Communities SDS NPY HFC ASB HHG
PF (Yuan) 8 8 6 4 6
PSIs 3 4 2.5 2.5 3
PCIs 6 7 7 6 7

Figure 3: )e location of HXIBC and its surrounding residential areas.

Table 4: List of place name Abbreviations.

Place names Abbreviation
Huaian Xinya International Business Circle HXIBC
Golden Eagle International Shopping Center GEISC
Shidai Square SDS
Nanping Yuan NPY
Huaihai First City HFC
Chengde Mountain Villa CMV
Anshe Bridge ASB
Huaihai Garden-Zone A HHG-A
Huaihai Garden-Zone B HHG-B
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Table 7: Sorting of recommended shared parking spaces.

Communities SDS NPY HFC ASB HHG
c+ 0.357 0.37 0.503 0.595 0.36
Sorting 5 3 2 1 4

Figure 4: Road network with travel time (Unit: minutes).
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Figure 5: )e optimal recommended parking route in the road network.

Shared
parking space Elevator Wall Entrance

and exit 

Figure 6: Layout of parking spaces and the optimal allocation of parking space.
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D′ �

242 3 6

138 4 7

127 2.5 7

400 2.5 6

293 3 7

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

,

Y �

0.5788 0.3344 1

0.9579 1 0

1 0 0

0 0 1

0.3913 0.3334 0

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

,

P �

0.1975 0.2 0.5

0.3275 0.5999 0

0.3413 0 0

0 0 0.5

0.1337 0.2 0

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

.

(42)

Using (27), we obtain wE:

wE
� (0.0174, 0.0195, 0.085). (43)

Using (28), we obtain wC:

wC
� (0.0174, 0.0195, 0.085). (44)

For the weighting of the dimensionless norm matrix, the
weighted decision matrix Z is obtained according to
Equation (29):

Z �

0.010 0.007 0.085

0.017 0.020 0

0.017 0 0

0 0 0.085

0.006 0.007 0

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

. (45)

)erefore, the positive optimal solution and the negative
optimal solution can be determined:

+
z � (0.017, 0.020, 0.085),

−
z � (0, 0, 0).

⎧⎨

⎩ (46)

By calculating the walking distance, the distances from
each feasible parking space to the positive optimal solution
and the negative optimal solutions are obtained, respec-
tively. )e distance from each standby parking space to the
positive and negative optimal solutions is:

d+
� (0.480, 0.459, 0.300, 0.197, 0.471),

d−
� (0.138, 0.155, 0.310, 0.425, 0.14).

⎧⎨

⎩ (47)

Calculate the absolute difference between the reference
sequence and other comparison sequences, use the absolute
difference matrix to get the grey correlation coefficient
matrix and between the positive and negative optimal so-
lutions of each feasible parking space, and then calculate the
grey correlation and between the positive and negative
optimal solutions of each feasible parking space as follows:

r+
� (0.956, 0.965, 0.944, 1.055, 0.966),

r−
� (0.920, 0.919, 0.989, 1.086, 0.924).

⎧⎨

⎩ (48)

Intersection
nodes

Optimal shared
parking space

Shared parking
spaces nodes

R13
58 59 60 61 62

39 40 41 42 43

20 21 22 23 24

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

31 32 33 34 35 36 37 38

50 51 52 53 54 55 56 57

69 70 71 72 73 74 75 76

R9

R5

R1
R2 R3

R6 R7

R10

R14

R11

R16

R12

R8

R4

25 26 27 28 29 30

44 45 46 47 48 49

63 64 65 66 67 68

Optimal parking
guidance route

Figure 7: Topological network of shared parking spaces and the optimal parking route in the parking lot.
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Based on the calculation of the Euclidean distances and
the grey correlation, the comprehensive closeness of scheme
evaluation is finally obtained as follows:

c+
� (0.357, 0.370, 0.503, 0.595, 0.360). (49)

According to the comprehensive progress of each fea-
sible parking space, it is recommended and sorted, see
Table 7.

According to Table 7, the comprehensive approach
degree of ASB Community is 0.595, which is the largest
among the five shared parking lots, indicating that it is the
optimal shared parking lot for this traveler.

5.3. Optimal Parking Route Recommendation

5.3.1. Parking Route of Road Sections. Based on the intel-
ligent navigation app of Gaode Map, we can query the es-
timated travel time of a specific path within a certain period
of time. Figure 4 represents expected driving time of all road
sections between 8:00 am and 9:00 am, which is the most
likely time period for the public traveler to choose in terms
of the parking demand.

Based on the proposed improved ant colony algorithm,
we can solve the optimal parking route recommendation.
)e parameters are given as follows: the number of ants is
100, α � 0.15 [45], β � 4 [45], φ � 0.5, ξ � 0.33.

Based on the above parameter settings, we can get the
optimal recommended parking route from the origin to the
optimal shared parking lot, see Figure 5.

5.3.2. Inner Parking Route of a Shared Parking Lot. )e
environmental layout assumption of the underground
parking lot in ASB Community is shown in Figure 6, in
which the parking spaces marked in red are the optimal
allocated parking space.

Figure 7 shows the topological network of shared
parking spaces and the optimal parking route in the parking
lot. )e intersection nodes of each road section are repre-
sented as R1-R16, and the circles filled in blue represent
important points of parking routes. )e shared parking
spaces are represented by numbers 1–76, and according to
the symmetry of parking spaces, the upper and lower
parking spaces on the road section are summed up as one
node, to fit the realistic car-seeking scene.

According to the improved ant colony algorithm, the
optimal parking route from the entrance of the shared
parking lot to the optimal shared parking space is R9-R5-20-
24-25-26, as shown in Figure 7.

6. Conclusions and Future Research Directions

In this paper, the shared parking space resource allocation
and parking route guidance problem are studied. Our in-
novations and conclusions are as follows:

(1) Considering the interests of both parking space
managers and public travelers, we construct a multi-
criteria approach to shared parking resource man-
agement. For the parking space manager, we

simultaneously aim to maximize the utilization of
shared parking spaces and minimize the average idle
index of multiple parking lots in a given region. For
public travelers, we simultaneously aim to minimize
each public traveler’s parking fee, and maximize
parking safety, and maximize parking convenience.
As a result, the shared parking space management is
a multi-objective and multi-attribute decision-
making problem based on time window constraints.
In order to solve this problem, we design an AHP-
Entropy-TOPSIS-GRA method.

(2) We also study the optimal parking route guidance
problem for public travelers, where the travel time
and the travel comfort are considered from the
starting point to the optimal shared parking space
and from the optimal shared parking space to the
destination. In order to solve this problem, we im-
prove the traditional ant colony algorithm.

(3) Finally, taking Huai’an Xinya International Business
Circle as an example, the proposed models and al-
gorithms are validated and analyzed by the empirical
parking data, road traffic data.

Nevertheless, in the future, there also are rich research
directions that can be extended based on this research
framework and results:

(1) Under more realistic conditions, due to the influ-
ence of many factors like weather, road conditions,
etc., both the public travelers and the owners of
shared parking spaces may change their time
[4, 36, 51].

(2) In the follow-up study, a demand-responsive parking
pricing mechanism can be developed through the
real-time utilization of parking spaces to maximize
the utilization of parking spaces and social welfare
[12, 52]. Under ambiguous parking sharing and
parking demand time situations, the challenge of
allocating shared parking spaces can be taken into
consideration in future research.

(3) Cruising for parking can result in a huge waste of
time and energy [3]. With the support of advanced
Internet of things (IoT) [53], fog computing [54],
etc., reserve parking and shared parking will be
implemented, which will ease operating pressure
from cruising and road traffic. A highly significant
subject is figuring out how to calculate the societal
benefits of shared parking, such as time, energy, and
pollution reduction [7].

(4) For cities with different development levels and
urban residents with different attributes, it is also
critical to study their sharing willingness, as well as
relevant influencing factors, to improve the imple-
mentation of shared parking policies and schedules
[55, 56].

(5) Although the development of information and
communication technology has provided travelers
with convenient booking services, in the travel
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management system, the privacy and security of
travelers are also worthy of attention [19].
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