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Abstract: With the continuous increase in the number of vehicles worldwide, parking challenges
have become more severe, making it a shared goal for governments to alleviate parking difficulties
in urban centers. Shared parking has emerged as an effective solution to address parking problems
and has been widely studied in recent years. However, existing research primarily focuses on static
or single‑period parking matching, often neglecting the conflicts between overdue parking users
and subsequent users. Therefore, addressing the impact of overdue parking on shared parking sys‑
tems is highly important. This study proposes a multi‑period dynamic matching decision model
(MDMD), which divides the operation period of the shared parking platform into multiple decision
points. At each decision point, parking demands are classified into four categories: newly arriv‑
ing demands, allocated demands with a start time not within the current decision point, overdue
demands during the current decision point, and demands affected by overdue parking. Three deci‑
sion variables are established to determine matching schemes for the first, second, and fourth types
of parking demands, facilitating a dynamic decision‑making process that effectively mitigates the
impact of overdue parking. A corresponding algorithm is designed to solve the model. Since the
single‑period model is a linear programming model, the CPLEX solver obtains allocation schemes
for each decision point. These schemes, along with new parking demands, are used as input for the
next decision point, achieving a dynamic matching process. Simulation experiments are conducted
to compare the MDMD model with the traditional First‑Book‑First‑Served (FBFS) model based on
platform revenue, parking space utilization, and parking demand acceptance rate. The experimental
results show that, compared to FBFS, MDMD improves long‑term earnings by 83%, actual profits
in recent profits by 6.6%, and parking space utilization by 8% while maintaining a similar parking
demand acceptance rate. To validate the robustness of the model, additional simulations are per‑
formed under various overdue probability scenarios, demonstrating that MDMD maintains stable
system performance across different probabilities. These improvements highlight the advantages
of the dynamic matching strategy, distinguishing this study from existing methods lacking adapt‑
ability. These findings provide valuable insights for the optimization of shared parking systems,
contributing to sustainable transportation solutions and efficient urban mobility management.

Keywords: shared parking; overdue parking; multi‑cycle dynamic matching decision model;
matching algorithm; sustainable transportation

1. Introduction
With the development of the economy, the number of vehicles in cities worldwide,

especially in East Asian countries such as China, has been steadily increasing, and the
problem of parking dilemmas in urban areas has become increasingly worse. Due to the
limited number of parking slots, drivers need to spend additional cruising time search‑
ing for a vacancy parking slot. According to research by Tang [1], approximately 30% of
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drivers spend an average of 8 min cruising for a parking slot. Faraji mentioned that the
metropolis of Tehran faces various disturbances and challenges related to traffic and park‑
ing [2]. According to studies, more than onemillion vehicles spend between 15 and 35min
daily searching for parking spaces in Tehran, and the exhaust emissions from these vehi‑
cles contribute to significant air pollution. Not only is the total number of parking slots
severely insufficient in the area near the hospital, central business district, primary and
middle schools, and old residential area, but also many misusages of parking slots have
existed such that there aremany idle times for parking slots near these shortage areas. Dur‑
ing weekdays, many private parking slots remain unoccupied during the day. The unused
parking slots in these high‑demand areas can be shared to alleviate the shortage of park‑
ing. Unlike some single‑family homes with private parking slots, in many countries like
China and Japan, privately or collectively owned parking slots are often located in semi‑
private parking garages. This makes it easier for owners of parking slots to accept the idea
of sharing their parking slots during idle time of parking slot. In recent years, with the
development of internet technology, many shared parking platforms have emerged, such
as “Dingding Parking” and “Yueteng Smart”. Property owners can authorize platforms to
rent out their parking slots during idle time, while those in need of parking slots can sub‑
mit their requests to the platform. The sharing‑parking platform processes the collected
information about parking slots’ idle time of owners and renting times of demanders and
matches available parking slots to those in need, enabling time‑shared parking scheme.
This can effectively alleviate the parking shortage problem. Meanwhile, recent research on
parkingmanagement hasmade some progress. For example, P&R (Park and Ride) parking
and bike‑sharing systems have been proposed as effective solutions to support urban trans‑
portation accessibility, alleviating parking pressure in city centers and promoting green
travel [3]. Additionally, studies have shown that parking characteristics exhibit certain
patterns of variation over different time periods under the conditions of PPZs (Paid Park‑
ing Zones) andDPI (Dynamic Parking Information), which provides important insights for
optimizing parking management and demand forecasting [4]. These studies provide valu‑
able theoretical support for the background of this paper. Throughout the entire sharing
process, the matching process of parking supply and demand determines the platform’s
revenue and the effectiveness of the shared parking scheme. Therefore, optimizing the
matching method becomes particularly important.

Currently, most research on shared parking matching is based on the premise that
parking demanders fulfill their commitments on time. These matching methods have the
following drawbacks: (1) In reality, the phenomenon of overdue parking is ubiquity in
practice due to diverse causes, so a matching scheme based on absolute on‑time fulfill‑
ment may bring a lot of coordination work in parking sites during operation. (2) Ignoring
overdue parking cases can lead to conflicts between the overdue parking user and the
follow‑up parking demander—the follow‑up user arrives at the parking slot on time ac‑
cording to the instruction of the matching scheme by the platform, but the booked parking
slot is not emptied due to the overdue parking user. These issues can result in losses for
the platform and reduce the willingness to share/rent parking slots for parking slot suppli‑
ers and parking demanders. Therefore, a more reasonable approach is needed urgently to
match shared parking slots with demanders, minimizing the impact of overdue parking
and providing a smarter shared parking service.

This paper investigates the optimization of shared parking slots matching, consid‑
ering users’ overdue parking behavior. By dividing the operating time of shared park‑
ing into multiple time periods, we have innovatively established a multi‑period dynamic
matching decision model (MDMD), incorporating multiple decision points to formulate
matching schemes. At subsequent decision points, overdue parking users are treated as
new parking users, automatically matched to the parking spaces they have occupied over‑
due, and are fined with high overdue parking fees. The follow‑up demanders, whose orig‑
inally matched parking spaces are conflicted, are redirected to another available space and
compensated. This approach enables large‑scale and effective matching of shared parking



Sustainability 2024, 16, 11253 3 of 20

spaces with demanders, even in the context of overdue parking behavior, thus addressing
a gap in previous research.

The next part of the paper provides a literature review on shared parking matching
research. Then, the study presents a detailed description of the shared parking matching
problem considering overdue parking and develops a dynamicmatchingmodel. Section 4
designs the dynamic matching algorithm, providing detailed steps and evaluation met‑
rics. Section 5 presents numerical experiments, validating the advantages of the proposed
method through a comparison with the FBFS method. Finally, the main research conclu‑
sions are given, along with a discussion and outlook for future work.

2. Literature Review
Research on sharedparkingmatching can be broadly categorized into two types based

on parking demand: deterministic parking demand and uncertain parking demand. The
deterministic model assumes that users’ submitted parking requests align with their ac‑
tual parking behavior, while the uncertainty model accounts for discrepancies between
reported and actual parking behavior.

Significant progress has been made in recent years on deterministic parking demand.
Shao [5] introduced a straightforward shared parking reservation model using linear pro‑
gramming, considering both temporal heterogeneity and homogeneity in parking space
sharing, laying the foundation for parking matching optimization. Based on this, Xiao [6]
proposed the Demand Competition Padding Method (DC‑PM), which not only ensures
platform profitability but also generates social benefits through further enhancements. Fol‑
lowing this idea, Kong [7] pioneered the integration of auction and market design into the
shared parking problem, introducing a price‑compatible top‑level transaction cycle and
chain mechanism that increased the sharing efficiency of parking space by 20–30%, signif‑
icantly improving system profitability. As parking needs diversified, Kim [8] expressed
the problem of sharing among multiple private parking lots with different parking needs
as a mixed integer linear programming problem and solved the problem through an algo‑
rithm based on alternating direction multipliers, which further improved the utilization
rate of parking spaces. Many other scholars have also optimized shared parking matching
from the perspective of parking rates, considering the impact of parking demand users’
personal attributes on their acceptance of parking fees [9–12]. In the process of optimizing
the allocation of parking resources, Duan [13] introduced parking guidance information
and designed a two‑layer programming model, in which the upper layer realized the bal‑
anced matching of parking resources and the lower layer minimized the walking distance
of drivers after parking. The simulation results show that the model can effectively bal‑
ance the parking resources in the area and has a wide application prospect. To address
the time window constraints of parking demand, Zhao [14] proposed a matching method
based on the two‑box principle, successfully optimizing parking supply and demand un‑
der these constraints. With technological advances, Xie [15] developed a global parking
path algorithm accounting for travel time variation of road segments, considering the in‑
creasing use of autonomous vehicles. This method reduced average travel time by 14.9%
compared to traditional static path algorithms, demonstrating its potential in intelligent
parking applications. Gao [16] introduced a trilateral market matching model to resolve
the matching challenges between drivers, passengers, and parking lots, further enriching
parking matching research. Yang [17] compared timed and real‑time parking matching
models, finding that when supply exceeds demand, the real‑time parkingmatchingmodel
offers the best user experience, while the timed parking matching model optimizes sys‑
tem resources. In the realm of matching mechanism optimization, Shang [18] proposed a
parking matching system based on user preferences, integrated with the “first‑come‑first‑
served” (FCFS) algorithm, significantly improving matching efficiency. Ji [19] applied the
cumulative prospect theory to study parking demand heterogeneity, improving user sat‑
isfaction and emphasizing the importance of user behavior in parking choice on matching
outcomes. Nakazato [20] proposed a dynamic pricing system to balance parking utiliza‑
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tion, addressing parking challenges in urban centers with a reservation system. Liu [21]
explored parking matching in a hybrid system of on‑street and shared parking, consider‑
ing platform pricing strategies.

In addition to deterministic parking demand, scholars have addressed challenges
posed by uncertainty. Huang [22] mitigated the effects of demand uncertainty by reserv‑
ing parking spaces, while Jiang [23] constructed probability functions for various periods
to account for untimely arrivals and departures, transforming the stochastic programming
problem into an expected model to optimize results. Wang [24] leveraged historical data
to model drivers’ arrival and departure times, using an opportunity‑constrained optimiza‑
tion model to improve matching accuracy. While most studies focused on demand un‑
predictability, Li [25] examined the heterogeneous temporary needs of parking space sup‑
pliers, proposing a differentiated matching model solved through ant colony optimiza‑
tion. Hu [26] combined sample average approximation (SAA) with accelerated Benders
decomposition algorithms, conducting numerical experiments to evaluate the impact of
untimely behavior on shared parking platforms, revealing that untimeliness significantly
affects platform performance. Moreover, an increasing number of studies have begun to
explore the integration of intelligent algorithms into shared parkingmatching, particularly
leveraging machine learning and deep learning techniques. With the rapid development
of Internet of Things (IoT) technology and big data analytics, an increasing number of
studies have focused on leveraging real‑time data to optimize parking matching. Some
scholars proposed an IoT‑based shared parking system that utilizes smart sensors and
real‑time data collection to dynamically adjust the allocation of parking spaces, thereby
maximizing space utilization [7,27–29]. This approach effectively mitigates parking short‑
ages by adapting matching strategies to real‑time demand fluctuations. Similarly, some
scholars integrated big data analytics to propose a data‑driven parking demand predic‑
tion model [30–32]. By analyzing historical and real‑time parking data, the model predicts
future parking demand in advance, optimizing parking matching strategies accordingly.
Experimental results indicate that the big data‑driven prediction model significantly im‑
proves parking space utilization and reduces vacancy rates. Many scholars have proposed
methods based on Deep Reinforcement Learning (DRL) to optimize shared parkingmatch‑
ing problems [33–36]. This approach enables agents to learn patterns in parking demand
fluctuations and automatically adjust matching strategies to maximize both revenue and
user satisfaction. Compared to traditional rule‑based methods, DRL can train models us‑
ing extensive historical data, uncovering more complex matching patterns and thereby
enhancing the system’s adaptability and efficiency.

Research on shared parking matching has advanced in both deterministic and uncer‑
tain parking demand models. Deterministic models focus on optimizing parking space
utilization through techniques like linear programming, auction methods, and mixed inte‑
ger linear programming. In contrast, uncertaintymodels address demand variability using
probability functions and historical data. Recent studies also integrate intelligent technolo‑
gies, such as machine learning, deep reinforcement learning, and IoT systems, to dynam‑
ically optimize parking matching and improve space utilization. Overall, these advance‑
ments aim to enhance efficiency and reduce parking shortages in urban areas. Despite
the significant contributions made by existing research on shared parking, several limita‑
tions remain that need to be addressed. First, most studies assume deterministic parking
demand and fail to adequately account for demand uncertainty, which limits the practi‑
cal relevance of the models, especially in scenarios with high demand variability. Second,
many existing demand‑matching methods rely on auction mechanisms but often overlook
time window constraints, which are crucial factors influencing parking demand matching
and space utilization efficiency. Incorporating time windows into the models could better
optimize space utilization andmeet the diverse needs of users. Finally, while some studies
consider uncertain parking demand, they typically convert this uncertainty into determin‑
istic demand for modeling purposes, lacking in‑depth exploration of strategies for man‑
aging demand uncertainty. This study addresses these gaps by proposing an innovative
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shared parking matching model that specifically considers overdue parking behavior un‑
der time window constraints. By incorporating overdue parking into the model, we have
designed a matching algorithm that dynamically adjusts according to real‑time parking
demand, effectively increasing platform profitability while enhancing the social benefits
of parking resource utilization. This novelty not only fills the gap in the existing research
but also provides new insights and approaches for optimizing shared parking systems.

3. Problem Description and Analysis
This section presents the description andmodel of the shared parking matching prob‑

lem considering users’ overdue parking. Section 3.1 describes the problem and gives sym‑
bolic definitions. The dynamic matching model is constructed in Section 3.2.

3.1. Problem Description
The shared parking platformobtains the sharing permission and relevant information,

such as starting and ending idle times of parking slot from its owner, and the parking
demander submits his/her parking needs, such as starting and ending booking time he/she
needs, to the platform and a parking slot booking willing. An effective shared parking
matching method can greatly improve the profits of the platform meanwhile alleviating
the problem of regional parking dilemma. The traditional parking slot matching method
is based on the assumption that all the users can abide by the parking‑booking contract and
vacate occupancy of the parking slot in time. However, in reality, there are some userswho
broke the promise and failed to empty occupancy of the parking slot booked in time due
to diverse causes, resulting in conflicts with the follow‑up user in the parking matching
scheme. In order to avoid the awkward situations, the platform had to stock up on some
alternate parking slots in advance and place the conflicted vehicle followed up in one of
these alternate parking slots or had to cancel the contract with the user followed up, which
resulted in revenue and satisfaction losses of the platform. Therefore, the platform requires
a new matching method that considers the violation behavior of users who exceed their
parking time, making matching decisions based on the information collected from both
parking demand and supply.

As shown in Figure 1, both parking demands, mi
1 and mi

2, are matched to parking
space n1. However, due to parking demand mi

1, overparking stops for an extra period,
which affects the subsequent parkingdemandmi

2. The platformneeds tomatch the parking
demand mi

2 to another parking space, n2, with a corresponding free period. The symbols
used in this article are shown in Table 1.
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Table 1. Notation table.

Notation Definition

Ai
N×T Parking space state matrix, Ai

N×T =
[
ai

n, t
]

ai
n, t If the t period of parking space n is empty, then ai

n, t = 1, otherwise it is 0
Di

1 i Parking demand period matrix of user mi
1 at decision point, Di

1 =

[
di

mi
1 , t

]
di

mi
1 , t

The parking demand period of user mi
1 includes t , then di

mi
1 , t

= 1, otherwise it is 0

Di
2 i Parking demand period matrix of user mi

2 at decision point, Di
2 =

[
di

mi
2 , t

]
di

mi
2 , t

The parking demand period of user mi
2 includes t , then di

mi
2 , t

= 1, otherwise it is 0

Di
4 i Parking demand period matrix of user mi

4 at decision point, Di
4 =

[
di

mi
4 , t

]
di

mi
4 , t

Parking demand The parking demand period of user mi
4 includes t , then di

mi
4 , t

= 1, otherwise it is 0

Di
x , Di

x , Di
x Are the parking demand time period matrix of parking demand users in decision matrix Xi , Yi , Zi , respectively

Fi The revenue at the i th decision point
I Set of decision points with index variables i , i ∈ {1, 2, 3, . . . , T}

Mi
1 The collection of newly collected parking demand users at the decision point i

mi
1 The index variable of the parking demand user set, mi

1 ∈
{

1, 2, . . . , Mi
1
}

Mi
2

The set of users whose parking needs have been successfully matched at the previous decision point i but whose parking start time
is not within the current period

mi
2 The index variable of the parking demand user set, mi

2 ∈
{

1, 2, . . . , Mi
2
}

Mi
3 The set of parking demand users for timeout parking at decision points i

mi
3 The index variable of the set of parking demand users, mi

3 ∈
{

1, 2, . . . , Mi
3
}

Mi
4 The set of users whose parking needs are affected by overdue parking at the decision point i

mi
4 The index variable of the set of parking demand users, mi

4 ∈
{

1, 2, . . . , Mi
4
}

N Set of parking spaces with index variables n , n ∈ {1, 2, 3, . . . , N}
Pa Parking is required at the user’s predetermined cost
Pb Unit parking fee during normal parking
Pb Unit profit coefficient during normal parking period, Pb = Pb − Q − R
Pc Unit parking fee in case of overdue parking
Pc Unit profit coefficient during overdue parking period, Pc = Pc − Q − R
Q Unit rental fee for parking space
R Unit property management fee for parking space
T Set of shared parking periods with index variables t , t ∈ {1, 2, 3, . . . , T}

Xi , Yi , Zi i decision point is the decision matrix obtained by the algorithm
Xi

2, Xi
3, Xi

4 The decision matrices for constructing parking demand lists Mi
2, Mi

3 and Mi
4, respectively

xi
mi

1 , n
Binary decision variable, i decision point when parking demand mi

1 is matched to parking space n , xi
mi

1 , n
= 1, otherwise 0

yi
mi

2 , n
Binary decision variable, i decision point when parking demand mi

2 is matched to parking space n , yi
mi

2 , n
= 1, otherwise 0

zi
mi

4 , n
Binary decision variable, i decision point when parking demand mi

4 is matched to parking space n , zi
mi

4 , n
= 1, otherwise 0

α µ η The penalty fees for refusing parking demand mi
1mi

2mi
4, respectively

∆1 The loss incurred by the platform when parking demanders in Mi
2 ultimately lose those slots

∆2 The loss incurred by the platform when parking demanders in Mi
3 ultimately lose those slots

Considering the following assumptions:
1. The platform divides the shared time of every slot intomultiple fixed times, and park‑

ing demanders are required to pay for the entire slot even if their parking time does
not fill the whole duration of the slot.

2. If a demander’s parking end time falls within a time slot, the platform cannot match
the remaining time of that slot to other demanders. Since the demander has already
paid for the entire time slot, any idle time remaining by the slot will not incur a loss
for the platform.

3. Given that most overdue periods are not long in practice, it is assumed that the over‑
due parking duration for the overdue parking user will be a whole fixed‑time period.

4. Demanders must submit their parking reservation requests at least one‑time slot in
advance, meaning there must be a minimum gap of one time slot between the re‑
quested start time and the reservation submission time.

3.2. Dynamic Matching Model
To account for the overdue parking behavior of demanders, a multi‑period dynamic

matching decision model has been designed. Unlike traditional matching models, the re‑
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sults of this model can be continuously adjusted to respond flexibly to the overdue park‑
ing behavior of demanders. Adjustments of the parking spaces for demanders affected are
limited to the same parking facility or an acceptable range to minimize the impact on the
adjusted demanders.

The platform first obtains authorization from parking space owners to use the slot
during its idle time for shared rental. Let N represent the total number of parking spaces
included in the shared scheme, and n denote an individual slot, where n ∈ N. The opera‑
tional time of the platform is divided into T time parts, with period t ∈ {1, 2, 3, . . . , T}. The
start time of period t serves as the decision point for matching parking demand, denoted
as decision point i ∈ {1, 2, 3, . . . , T}. The system collects parking booking information sub‑
mitted by demanders for each subsequent period, and the platform matches them at the
next decision point, with the default assumption that reservation requests are at least a one‑
time period delayed. The list of parking demands collected at decision point i is denoted as
Mi

1, which includes reservation time, parking start time, and parking end time. From the

parking demand list, a parking demand matrix, Di
1 =

[
di

mi
1,t

]
, is generated. If the parking

duration of the mi
1th parking request (where mi

1 ∈ Mi
1) encompasses the entire or part of

time slot t, then di
mi

1,t
= 1; otherwise, it is 0. Information on shared parking spaces includes

the location, shared start time, and shared end time. At decision point i, the supply matrix
of available parking spaces Ai

N×T =
[
ai

n,t
]
is generated. If parking space n is available

during time slot t and has not yet been matched to a parking demand, then ai
n, t = 1; other‑

wise, it is 0. When a parking demand is accepted and matched to a corresponding parking
space, it may be affected by overdue parking from a previous demand on the same space,
meaning that the space is not available when the new demand arrives. To address this, a
dynamic parking matching method is designed. Once a parking demand is matched, it
can continue to participate in subsequent decision point matching if its assigned parking
space is still occupied due to overdue parking from a previous demand. At decision point
i, the parking demands to be considered include not only the newly collected reservation
request list Mi−1

1 from the previous time slot but also the list of demands from earlier deci‑
sion points that have already been successfullymatched but whose parking start time does
not fall within the current time slot, denoted as Mi

2. Overdue parking behavior is recorded,
with the list of demands that were reserved for the previous time slot but are still parking
in the current phase, denoted as Mi

3. Overdue parking can impact subsequent demands
that have been matched to the same parking space, represented by the list of demands
affected by overdue parking during the current time slot, denoted as Mi

4.
Each decision point needs to make a parking matching decision. The decision vari‑

ables xi
mi

1,n
, yi

mi
2,n
, zi

mi
4, n

are used for decision‑making over a period of time. The xi
mi

1,n
is

the match of the parking demand Mi
1, yi

mi
2,n

is the match of the parking demand Mi
2, which

is used to adjust the decision, and zi
mi

4, n
is the match of the parking demand Mi

4, which
is used to make the decision during the period affected by the overdue parking behavior.
Both are 0–1 variables. From the perspective of parking platform operators, it is necessary
to maximize the profits of operators. The operator’s profit is the booking fee plus the park‑
ing fee, which needs to be minus the addition of the rental fee of the parking space and
the property management fee. The parking platform only needs to pay the owner of the
parking space for the actual use of the parking space, so the unit parking cost minus the
addition of the rental fee of the parking space unit and the property management fee is the
unit profit coefficient of the parking platform successfully matching the parking space. By
multiplying the profit coefficient by the number of successfully matched parking slots, the
matching profit for both parking supply and demand can be calculated. In addition, due to
the limited supply of parking, in the face of different parking needs, the systemwill choose
the parking demand to maximize the benefit and refuse other needs. The rejected parking
demand will cause the loss of long‑term profits for the platform, so the penalty factor α of
refusing parking demand should be added to the objective function. In dynamic match‑
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ing, there may be a situation where the parking demand has been matched but rejected at
subsequent decision points, so the penalty factor µ is added. Parking demand affected by
overdue parking will also cause losses to the platform, adding a penalty factor η. At the
same time, the overdue parking part of the vehicle will be charged an extra penalty, which
is reflected in the unit parking fee.

The dynamic parking matching model considering overdue parking is repeated over
time. The decision of decision point i depends on the input of the ith decision point and
the output of the previous i − 1 decision point. The objective function of the ith decision
point is shown in Equation (1).

maxFi = Pa

Mi
1

∑
mi

1=1

N

∑
n=1

xi
mi

1,n + Pb

T

∑
t=1

Mi
1

∑
mi

1=1

N

∑
n=1

xi
mi

1,ndi
mi

1,t − α

Mi
1 −

Mi
1

∑
mi

1=1

N

∑
n=1

xi
mi

1,n

+ Pc Mi
3 − ∆1 − ∆2 (1)

where Fi represents the revenue at the ith decision point. The first termof the objective func‑
tion reflects the booking fees from parking demanders, who are required to pay a booking
fee, Pa, to the platform upon successfully reserving a parking space. The second term
represents the profit generated for the platform during the normal parking time period,
calculated as the number of booking parking time periods for each parking demandermul‑
tiplied by the unit profit coefficient Pb. The third term is a penalty for rejected parking de‑
mands. Parking users who are denied will be disappointed with the platform, leading to a
loss of long‑term benefits for the platform. The fourth term represents the profit generated
for the platform from overdue parking by demanders. Given that the assumption is that
the overdue duration is a one‑time slot, this term is calculated as the number of overdue
parking vehicles multiplied by the unit profit coefficient during the overdue period. The
fifth term is represented as ∆1 = Pa ∑

Mi
2

mi
2=1

(
1 − ∑N

n=1 yi
mi

2,n

)
+ P

b
∑

Mi
2

mi
2

∑T
t=i+1 di

mi
2,t

(
1 − ∑N

n=1 yi
mi

2,n

)
+ µ(M i

2 − ∑
Mi

2
mi

2=1
∑N

n=1 yi
mi

2,n

 .
This term represents the loss to the platform caused by parking demanders who have al‑
ready successfully matched parking spaces in previous decision points but have lost their
spaces. The first part accounts for the booking fees of these demanders, the second part
represents the parking fees for the booking time periods, and the third part indicates the
loss incurred from rejecting these parking demanders. The sixth term is represented as
∆2 = Pa∑

Mi
4

mi
4=1

(
1 − ∑N

n=1 zi
mi

4,n

)
+ Pb∑

Mi
4

mi
4

∑T
t=1 di

mi
4,t

(
1 − ∑N

n=1 zi
mi

4,n

)
+ η

(
Mi

4 − ∑
Mi

4
mi

4=1
∑N

n=1 zi
mi

4,n

)
. This term represents

the loss to the platform caused by parking demanders who are affected by overdue park‑
ing. The first part accounts for the booking fees of these demanders, the second part rep‑
resents the parking fees for the reserved time periods, and the third part indicates the loss
incurred from rejecting these parking demanders.

The constraints of the model are formed by the following formula.

N

∑
n=1

xi
mi

1,n ≤ 1, mi
1 = 1, 2, . . . , Mi

1 (2)

N

∑
n=1

yi
mi

2,n ≤ 1, mi
2 = 1, 2, . . . , Mi

2 (3)

N

∑
n=1

zi
mi

4,n ≤ 1, mi
4 = 1, 2, . . . , Mi

4 (4)

Mi
1

∑
mi

1=1

xi
mi

1,ndi
mi

1,t +
Mi

2

∑
mi

2=0

yi
mi

2,ndi
mi

2,t +
Mi

4

∑
mi

4=0

zi
mi

4,ndi
mi

4,t ≤ ai
n,t, n = 1, 2, . . . , N; t = 1, 2, . . . , T (5)

xi
mi

1,n, yi
mi

2,n, zi
mi

4,n ∈ {0, 1} (6)
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Equations (2)–(4) indicate that a parking demand can only be matched to one parking
space at most. Equation (5) is to ensure that a parking space can only be matched to one
parking demand for each period. For a certain period of a parking space, the parking
demand that matches the previous decision point but will not come to this period and the
parking demand that is affected by overdue parking during this period are first released
when calculating the occupancy status because they need to be re‑matched. Then, the sum
of the matching cases of the three different parking needs of this decision point is less than
the sum of the available states of the parking spaces in the period. Equation (6) indicates
that the decision variables are all 0–1 variables.

4. Solution Algorithm
To solve this multi‑cycle dynamic parkingmatching decisionmodel, a parkingmatch‑

ing optimization algorithm is designed, and the algorithm process is shown in Algorithm
1. Since the objective functions and constraints of the model are linear, the model is convex
programming and can be solved by a simple form method. In this paper, the large linear
programming model solver CPLEX is used to solve the problem.

At the first decision point, the parking demand is matched for the first time, and the
CPLEX solver is called in line 3 of the algorithm to solve the linear programming model,
and the parking demand matching matrix of the first decision point is obtained. The third
line of the algorithm indicates that the parking space supply matrix is updated after the so‑
lution is obtained, A2

N×T = A1
N×T − X1·D1

x, where A1
N×T represents the available state of

the parking space at each period at the beginning of the first decision point. X1 is the park‑
ing demand decision matrix of M1

1 parking demand obtained at the first decision point
and D1

x is its corresponding parking demand period matrix. The parking demand to be
matched at the subsequent decision point includes not only the new parking demand col‑
lected in the previous period but also the demand from previously matched parking slots
where the parking start time does not fall within the current period, as well as the demand
affected by overdue parking that will arise in the current period. This point reflects the
dynamic adjustment of the algorithm to cope with the overdue parking phenomenon. The
sixth and seventh lines of the algorithm collect the newly submitted parking reservation

requests in the previous period and construct the parking demand matrix Di
1 =

[
di

mi
1,t

]
.

The 8th and 9th lines of the algorithm are to find the parking demand users who match
the parking space at the previous decision point but the parking start time is not in this pe‑
riod and form the parking demand user list, Mi

2, and construct its corresponding decision
matrix, Xi

2, and demand matrix Di
2. The construction method uses the parking demand

matrix Di−1
x and Di−1

y of the previous decision point to find the parking demand whose
parking start time is longer than this period and its corresponding decision matrix. Lines
10 and 11 of the algorithm find the demand list, Mi

3, of timeout parking and construct its
corresponding decision matrix, Xi

3, and demandmatrix, Di
3. The timeout parking demand

means that the parking end time is in the previous period, but its parking continues to
this period. In lines 12 to 13 of the algorithm, parking demand Mi

4, which is affected by
the overdue parking demand, is found in this period when the parking start time is the
same parking space and its corresponding decision matrix Xi

4 and demand matrix Di
4 are

constructed. The 14th line of the algorithm is to update the parking supply matrix, and
the update formula is Ai

N×T = Ai
N×T + Xi

2·Di
2 + Xi

4·Di
4. This period needs to re‑match

Di
2 and Di

4, so the corresponding period of the parking space occupied by them needs
to be released. Building upon this parking supply matrix, the subsequent matching steps
are performed. The 15th line is to call the CPLEX solver to solve the linear programming
model, find the parking demand matching decision matrix Xi, Yi, Zi of this decision point,
and construct its demand matrix Di

x, Di
y, Di

z, which will become the basis for the next de‑
cision point. Line 17 updates the parking space supply matrix at the next decision point.
The loop continues until the final decision point. Finally, the three indexes of total profit,
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utilization rate of parking space, and acceptance rate of parking demand were calculated
to compare the advantages and disadvantages of the model and algorithm.

When designing the parking matching model and algorithm, this paper considers the
more realistic situation of overdue parking. The parkingmatching decisionmoves forward
dynamicallywith time, and the parking demand of thematched parking space in front of it
can also be dynamically adjusted, which greatly strengthens the flexibility of parking space
matching and can cope well with the impact of overdue parking on the matching result.

Algorithm 1. Optimization algorithm of multi‑period dynamic parking matching decision.

Input: Parking space supply information, parking demand information, reservation fee Pa, parking fee per
unit time under normal conditions Pb, parking fee per unit time over timeout period Pc, parking demand
loss cost α, µ, η under three refusal cases

Initialize: Parking supply matrix A1
N×T =

[
a1

n,t
]
, parking demand matrix D1

1 =

[
d1

m1
1

]
.

1: For each i do
2:  If i = 1, do
3:    Using the CPLEX solver to solve the linear programming model, the decision variable matrix

X1 is obtained, and its demand matrix D1
x is constructed

4:    Updated parking supply matrix A2
N×T = A1

N×T − X1·D1
x

5:  else
6:    Collect the newly submitted parking demand reservation information in the previous period.

The parking demand list is Mi
1

7:    The corresponding parking demand matrix is constructed as Di
1 =

[
d1

mi
1 ,t

]
8:    From the parking demand successfully matched at decision point (i − 1), find the parking

demand Mi
2 whose parking start time is not in this period

9:    The decision matrix Xi
2 and the demand matrix Di

2 are constructed
10:    Select the parking demand Mi

3 whose parking end time is this period, but to stop for overdue
11:    The decision matrix Xi

3 and the demand matrix Di
3 are constructed

12:    The parking demand Mi
4, whose parking start time is this period, is also affected by overdue

parking
13:    The decision matrix Xi

4 and the demand matrix Di
4 are constructed

14:    Update the parking supply matrix Ai
N×T = Ai

N×T + Xi
2·Di

2 + Xi
4·D4

15:    Using the CPLEX solver to solve the linear programming model, the decision variable matrix
Xi , Yi , Zi is obtained

16:    Construction of Xi , Yi , Zi parking demand matrix Di
x , Di

y, Di
z

17:    Update the parking supply matrix Ai+1
N×T = Ai

N×T − Xi ·Di
x − Yi ·Di

y − Zi ·Di
z

18:    End if
19: End For
19: The total profit of evaluation index, utilization rate of parking space and acceptance rate of parking

demand were calculated
Output: Parking matching results and evaluation indicators

5. Numerical Experiment
This section validates the effectiveness of the proposed model and algorithm through

numerical experiments while also investigating the impact of parameter settings on shared
parking matching outcomes. Section 5.1 describes the parameter settings. Section 5.2 com‑
pares the dynamic matching algorithm proposed in this paper with the traditional first‑
come, first‑served matching algorithm. Section 5.3 conducts a sensitivity analysis to exam‑
ine the influence of key parameters on matching results, such as the number of parking de‑
mands, number of parking supplies, and overdue parking probability. All experiments are
conducted on a personal computer with an Intel Core i7‑8750H processor and 8GB ofmem‑
ory. The testing instances and algorithm implementations are generated using Python 3.8,
and the CPLEX extension for Python is utilized to solve linear programming problems.

5.1. Parameter Setting
The shared parking platform’s operating hours are set from 8:00 AM to 6:00 PM, di‑

vided into 20 time slots of 30 min. It is assumed that the reservation times for parking
demands follow a Poisson Distribution. The time from the reservation to the actual park‑
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ing start time is modeled as a negative exponential distribution, with an average 1 h of
advanced reservation time. The parking duration also follows a negative exponential dis‑
tribution, with an average 3 h of parking time. It is assumed that 100 parking space owners
submit their information for sharing to the platform one day in advance, with the sharing
time slots set from 8:00 AM to 6:00 PM. The rental fee for parking spaces is set at CNY 3.25
per hour, while the reservation fee for parking demanders is CNY 1 per booking order.
The property management fee is CNY 0.5 per hour. Parking demanders pay a fee of CNY
4 per hour during normal parking time slots and CNY 8 per hour during overdue parking
time slots.

Therefore, the unit profit coefficient for the platform during normal parking time slots
is CNY 0.25 per hour, while the unit profit coefficient during overdue periods is CNY 4.25
per hour. The loss incurred from rejecting parking user reservations is set at CNY 2 per
booking order. The penalty for a successful reservation that is subsequently rejected at a
later decision point is CNY 10, while the penalty for a successful reservation affected by
overdue parking and thus rejected is CNY 15. The probability of overdue parking is set at
10%, with the overdue duration assumed to be a one‑time slot. A simulation experiment
for parking matching will be conducted, varying parking demand from 0 to 1500.

5.2. Results Comparison of Simulation
To compare the performance of the model and algorithm, the traditional first‑come,

first‑served algorithm is used to simulate shared parkingmatching under the same param‑
eter settings. The simulation results are shown in Table 2.

Table 2. Simulation results.

Parking Demand
Quantity (pcu)

Objective Function (CNY) Gross Profit (CNY) Utilization Rate Acceptance Rate

MDMD FBFS MDMD FBFS MDMD FBFS MDMD FBFS

0 0 0 0 0 0.00 0.00 1.00 1.00
50 88 60 102 97 0.12 0.12 1.00 0.96
100 181 112 214 204 0.29 0.27 1.00 0.95
150 284 203 326 288 0.45 0.41 1.00 0.93
200 374 172 428 383 0.57 0.53 1.00 0.94
250 396 211 508 455 0.72 0.66 0.92 0.87
300 307 168 498 458 0.72 0.67 0.77 0.74
350 331 40 563 523 0.76 0.70 0.78 0.76
400 245 101 543 515 0.78 0.71 0.68 0.65
450 158 30 547 531 0.79 0.74 0.62 0.60
500 88 −180 543 537 0.80 0.73 0.57 0.56
550 22 −177 565 531 0.81 0.73 0.53 0.50
600 −122 −309 543 522 0.82 0.76 0.46 0.45
650 −121 −370 567 562 0.85 0.76 0.46 0.46
700 −262 −380 558 553 0.85 0.78 0.43 0.42
750 −345 −509 549 553 0.86 0.80 0.40 0.39
800 −445 −665 558 565 0.88 0.81 0.37 0.38
850 −552 −834 545 528 0.86 0.78 0.35 0.34
900 −657 −1020 578 525 0.87 0.80 0.33 0.31
950 −795 −878 557 539 0.88 0.80 0.29 0.31
1000 −851 −1130 571 539 0.87 0.80 0.30 0.30
1050 −938 −1141 583 544 0.89 0.81 0.28 0.29
1100 −1008 −1316 582 539 0.87 0.79 0.28 0.28
1150 −1167 −1333 555 516 0.86 0.80 0.25 0.25
1200 −1280 −1472 573 531 0.86 0.81 0.24 0.25
1250 −1369 −1634 572 522 0.88 0.81 0.23 0.24
1300 −1454 −1674 554 492 0.86 0.79 0.22 0.22
1350 −1469 −1706 580 527 0.89 0.81 0.22 0.23
1400 −1565 −1882 574 522 0.89 0.82 0.23 0.22
1450 −1683 −1988 572 511 0.89 0.81 0.22 0.21
1500 −1753 −2114 579 531 0.90 0.82 0.21 0.21

The graph based on the data is plotted, and the objective function values are shown
in Figure 2a. The simulation results of the two algorithms are shown in Figure 2a, which
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shows the objective function value of the platform under the two matching algorithms,
reflecting the long‑term social impact of the parking strategy. Under both algorithms, the
value of long‑term return/actual profit starts from 0 and up to CNY 400/550, while the
number of parkingdemands increases and thendecreaseswhen it reaches a certain number
of parking demands. This is because when the parking demand is low, the platform has
more free parking spaces, so new parking demand is more likely to successfully match a
parking space, and the platform profits will increase. When the parking demand exceeds
a certain amount due to the limited parking supply, the rejected parking demand will
increase, and the rejection fee of the platform will increase from a long‑term perspective,
which is greater than the profit earned by the booking parking fees. The value of the first‑
come, first‑served algorithm increases rapidly during the period from 0 to 200 parking
demands, maintains a high level at 150–350 parking demands, and starts to decline after
350 parking demands. The overall trend of platform profits under the dynamic matching
algorithm is similar to the first‑come, first‑served algorithm but higher for any number
of parking needs. When the number of parking demands is at 50, the objective function
returns of the two algorithms are similar. With the increase in the number of parking
requests, the gap between the two algorithms begins to increase, and the peak gap remains
at about CNY 250. This is because when the number of parking demands is small, the
number of overdue parking is also small, and the parking demand affected by the overdue
parking demand is also less, and the impact on the parking platform is also less. However,
when the number of parking demands gradually increases, the number of overdue parking
demands also increases, and the affected parking demand will also increase, and the first‑
come, first‑served service cannot cope with the phenomenon of overdue parking. The
dynamic matching algorithm can dynamically adjust the matching scheme to reduce the
impact of overdue parking. By subtracting the value under the FBFS algorithm from the
value under the MDMD algorithm, dividing by the absolute value of the FBFS value, and
then calculating the average, the average increase rate can be obtained. Therefore, based
on the data in Table 2, the average increase in long‑term earnings is 83%, and the actual
profits in recent profits are 6.6%.
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Figure 2. Profit change.

The actual profit of the parking platform is shown in Figure 2b, which is obtained by
excluding the penalty in the case of parking matching failure based on the profit value of
the objective function, which can reflect the short‑term actual profit of the platform. It can
be seen from the Figure 2b that the profit under the dynamic matching algorithm is higher
than that under the first‑come, first‑allocation algorithm.

Figure 3a shows a comparison of the total parking space utilization rates for the plat‑
form under two matching algorithms over one day. The utilization rate is defined as the
ratio of utilized parking time slots to the total available time slots for parking spaces. Over‑
all, the utilization rates for bothmatching algorithms increase with rising parking demand.
Before reaching 250 parking demands, the rate of increase is rapid, but it begins to slow
down after this point and stabilizes at a high value. The reason is that when parking de‑
mand is low, there are many available parking spaces; thus, each additional demand is
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likely to be accepted, resulting in a swift increase in utilization. Once parking demand
reaches a certain threshold, not all additional demands can be met due to limited parking
supply, leading to a decrease in the rate of increase in utilization. Ultimately, it stabilizes
at around 92%. The data also shows that the utilization rate of the dynamic matching al‑
gorithm is consistently higher than that of the first‑come, first‑served matching algorithm
across the entire range, averaging an 8.0% increase in utilization. Additionally, the increase
in utilization is relatively modest when parking demand is low but becomes more signifi‑
cant as demand rises. This indicates that the dynamic matching algorithm performs better
when parking demand is higher.
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Figure 3b shows a comparison of the parking demand acceptance rates for the plat‑
form under both matching algorithms. For parking demands below 200, the acceptance
rates for both algorithms are equal to 1, indicating that all parking demands are accepted
when demand is low. However, as the number of parking demands increases, the accep‑
tance rates begin to decline, initially at a faster rate and then slowing down. After reaching
250 parking demands, the acceptance rate for the first‑come, first‑served algorithm sur‑
passes that of the dynamic matching algorithm. This is because the first‑come, first‑served
algorithm does not filter parking demands based on their benefit to the system, while the
dynamicmatching algorithm can selectmore favorable parking demands and dynamically
adjust after matching. Consequently, the dynamic matching algorithm accepts fewer park‑
ing demands than the first‑come, first‑served algorithm, yet the platform’s total profit and
parking utilization rates are still higher.

From the three indicators of total profit, parking space utilization rate, and parking
demand acceptance rate, it can be seen that the matching scheme obtained by the dynamic
matching algorithm is better than that obtained by the first‑come, first‑served algorithm.

5.3. Sensitivity Analysis
In this section, sensitivity analysis is carried out to analyze the effects of the number

of parking demands, the number of shared parking spaces, the probability of overdue
parking, and the penalty coefficient on the dynamic matching algorithm.

Four groups of different overdue parking probabilities were set as 0%, 10%, 20%, and
30%, respectively, with other parameters unchanged. Parkingmatching experiments were
conducted to analyze the performance of dynamic matching algorithms under different
overdue parking probabilities. The experimental results show that the acceptance rate
of parking demand remains the same when the overdue parking probability is different,
which indicates that the dynamic matching algorithm can effectively solve the impact of
overdue parking on the parking matching result and those parking demands affected by
overdue parking can be re‑matched with new parking spaces in the dynamic matching.
Moreover, the dynamic matching algorithm has good robustness. When the overdue park‑
ing probability increases, the acceptance rate of parking demand does not decrease. The
utilization rate of parking space is shown in Figure 4. It can be seen from the figure that
under each overdue parking probability, the overall change trend of the utilization rate
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is consistent, and it increases rapidly with the increase in parking demand at first. When
the number of parking demand reaches 250, the increase trend begins to slow down and
gradually maintains a steady state. At the same time, it can be observed that, regardless of
the number of parking demands, the higher the probability of overdue parking, the greater
the utilization rate of parking slots. This is because the dynamic matching algorithm can
effectively re‑match the affected parking demands so that they will not be rejected due to
the overdue parking behavior of the car in front, so the parking demand for parking in the
parking lot will remain unchanged. Overdue parking behaviorwill cause parking demand
to occupy more parking time; the higher the overdue parking probability, the more extra
parking time, and the higher the utilization rate.
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The objective function value is shown in Figure 5a, representing the long‑term rev‑
enue of the shared parking platform. From the figure, it can be observed that the trend
of the objective function value with respect to the number of parking demand users is
generally consistent across different overdue probabilities. When the number of park‑
ing demand users is less than 250, the objective function value increases as the number
of users grows. However, when the number of users exceeds 250, the objective function
value decreases with an increase in parking demand. This is because as the number of
parking demand users increases, the instances of overdue parking also increase, leading
to more unmet parking demands. As a result, the penalty in the objective function grows,
causing the objective function value to decrease. Comparing the objective function values
at different overdue probabilities, the differences are relatively small, and the objective
function value is slightly higher under higher overdue probabilities. This is because, with
higher overdue probabilities, more additional fees are charged to overdue users, leading
to a higher objective function value. Therefore, it can be concluded that the proposed al‑
gorithm demonstrates strong robustness, maintaining the objective function value across
varying overdue probabilities.

The total profit of the parking platform is shown in Figure 5b. It can be seen from the
figure that under each overdue parking probability, the changing trend of the total profit
along with the quantity of parking demand is similar and consistent with the previous ex‑
periment. Under each parking demand, the greater the overdue parking probability, the
higher the total profit of the parking platform. This shows that the dynamic matching al‑
gorithm can not only deal with overdue parking behavior well but also earn more profits
for the platform. This is because the dynamic matching algorithm can dynamically ad‑
just the matching scheme to ensure that the acceptance rate of parking demand remains
unchanged. Meanwhile, the higher the utilization rate of parking demand, the higher the
corresponding profit. The experimental results show that the dynamicmatching algorithm
can deal with the overdue parking behavior well.
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Nine sets of parking space quantities were established, increasing from 50 to 450,
along with 30 sets of parking demand quantities, ranging from 50 to 1500. The relation‑
ship between the objective function’s profit values and the quantities of parking spaces
and parking demand is illustrated in Figure 6a, reflecting the platform’s long‑term rev‑
enue. From Figure 6a, it can be observed that when parking demand is low and park‑
ing space quantity is high, long‑term revenue is minimal, and the platform operates at a
loss. Conversely, when both parking demand and parking space quantities aremaximized,
long‑term revenue reaches its peak. When parking demand is low (e.g., below 500), the
long‑term revenue decreases as parking space quantity increases because a fixed number
of parking spaces can alreadymeet the existing parking demand. However, when parking
demand exceeds 500, keeping the demand constant while increasing parking space quan‑
tity leads to higher long‑term revenue, as unmet parking demandswill result in lost oppor‑
tunities. Increasing the supply of parking spaces can accommodate more parking needs,
yielding greater profits. Figure 6b presents the platform’s recent actual profits, calculated
by removing penalties from parking matching failures based on the objective function’s
profit values. This reflects the platform’s short‑term actual revenue, which increases as
both parking space quantity and parking demand grow.

The utilization and acceptance rates in relation to changes in parking space and park‑
ing demand quantities are illustrated in Figure 7. Figure 7a indicates that as parking de‑
mand increases and parking space quantity decreases, the utilization rate of parking spaces
increases, which aligns with common sense. Furthermore, it can be observed that when
the ratio of parking demand to parking space quantity exceeds 3:1, the utilization rate re‑
mains at a high level, consistently above 70%. When parking demand remains constant,
the utilization rate decreases as the quantity of parking spaces increases. The reduction is
more pronouncedwhen parking demand is low and less significantwhen parking demand
is high. This is because, at higher levels of parking demand, the number of demands dur‑
ing various time windows increases, resulting in a smaller increment in idle time slots as
parking spaces increase compared towhen demand is lower. From the perspective of park‑
ing space utilization, the platform can also determine an appropriate quantity of parking
spaces based on the level of parking demand.

The acceptance rate of parking demand effectively reflects user satisfaction among
parking demand users, as illustrated in Figure 7b. The figure shows that when the quantity
of parking spaces is high and the quantity of parking demand is low, the acceptance rate
reaches its maximum of 100%. Additionally, when the ratio of parking demand to parking
space quantity is less than 3:1, the acceptance rate remains at 100%. This ratio aligns with
the one seen in the utilization rates but exhibits an opposite trend, indicating that accep‑
tance rates and utilization rates are relatively mutually exclusive metrics. When parking
space utilization is high, the acceptance rate for parking demand is low; conversely, when
utilization is low, the acceptance rate is high. Therefore, the platform can use user satisfac‑
tion related to parking demand to determine the appropriate quantity of parking spaces
based on the level of parking demand.
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The changes in the three indicators illustrate the impact of parking space quantity and
parking demand on parking matching results. The parking platform can integrate these
three aspects to develop a more effective parking space‑sharing plan. By analyzing utiliza‑
tion rates, acceptance rates, and overall profit, the platform can optimize its operations and
enhance user satisfaction while maximizing the efficiency of available parking resources.

5.4. Different Dynamic Adjustment Time
To investigate the influence of dynamic adjustment time on the model and algorithm,

three control experiments of 5 min, 10 min, and 20 min were added. The other parameter
settings are the same as 5.1, and the number of parking vehicles required is set to 350. The
experimental results are shown in Table 3.

Table 3. Influence results of different time periods.

Time (minutes) Acceptance Rate Utilization Rate Gross Profit (CNY)

5 0.86 0.69 385
10 0.85 0.71 389
20 0.80 0.73 352
30 0.77 0.75 330

As can be seen from the table, different dynamic adjustment times have an impact
on the model and algorithm, and the parking acceptance rate decreases with the increase
in time. This is due to the subdivision of the dynamic adjustment period, which leads to
the acceptance of some short‑term parking demands, the timely response to parking de‑
mands, and the improvement in parking satisfaction. The utilization rate of parking space
increases over time because the parking time of less than one period in the calculation of
parking time will be counted as a period. Therefore, the longer the period t, the larger the
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corresponding parking utilization rate. The total profit is similar in 5 min and 10 min, and
both are larger than 20 min and 30 min, so a shorter adjustment time can bring higher prof‑
its to the platform. However, the shorter the time, the greater the amount of calculation,
the corresponding calculation time is longer. So, in real life, the platform can choose to
dynamically adjust the time according to its own computing power.

6. Conclusions
With the acceleration of urbanization, the problem of parking shortages has become

increasingly severe, prompting people to exploremore efficient parkingmanagement solu‑
tions. As an innovative form of the sharing economy, shared parking has gradually gained
widespread attention. This paper constructs a multi‑period, dynamic matching decision
model and algorithm to investigate the optimization of shared parking under conditions
of overdue parking behavior. The research results indicate that this multi‑period, dynamic
matching decision model, compared to the traditional “First Come, First Served” (FBFS)
model, leads to an average increase of 83% in long‑term earnings, a 6.6% increase in actual
profits in recent profits, and an 8% increase in parking space utilization while maintaining
a stable parking demand acceptance rate. Meanwhile, the model and algorithm proposed
in this paper exhibit strong robustness, maintaining good performance under different
probabilities of overdue parking. Analyses conducted under various parking space quan‑
tities and parking demands show that there is an optimal combination between platform
revenue, the number of parking spaces, and demand. By reasonably determining parking
demand, the number of parking spaces rented can be optimized tomaximize revenue. Fur‑
thermore, experimental results from different cycle durations indicate that setting a 10 min
cycle can generate higher profits for the platform. This conclusion provides specific strate‑
gic recommendations for parking platforms, helping them achieve higher efficiency and
resource utilization in real‑world operations.

In particular, the multi‑period dynamic matching method proposed in this paper al‑
lows the parking platform to dynamically adjust matching schemes based on real‑time
supply and demand changes before parking demand users actually arrive at the parking
lot. This flexibility not only effectively addresses the conflicts arising from overdue park‑
ing but also enhances the platform’s adaptability to uncertain demand fluctuations. Fur‑
thermore, by reasonably considering overdue parking behavior, the matching process can
reduce the waste of parking space resources, further optimizing the efficiency of parking
resource allocation.

More importantly, this paper emphasizes the critical role of balancing parking space
supply and parking demand for the platform’s operations. When supply and demand are
well‑matched, the platform can significantly enhance operational revenue while meeting
a greater number of users’ parking needs, thereby increasing user satisfaction. Therefore,
the research results suggest that establishing a flexible and adaptive dynamic matching
mechanism is an essential approach for shared parking platforms to achieve efficient op‑
erations under complex real‑world conditions.

7. Discussion and Future Research
In shared parking systems, existing models typically overlook the impact of overdue

parking behavior, which may lead to inefficiencies and revenue loss. The main goal of
this study is to fill this gap by incorporating overdue parking into the matching process,
enabling the system to dynamically adjust based on real‑time parking conditions. This in‑
novation not only improves the accuracy of parking space allocation but also helps reduce
the negative impact of overdue parking on the overall system performance, ultimately in‑
creasing platform revenue.

Compared to traditional methods such as the FBFS algorithm, ourmodel significantly
enhances system performance through dynamic matching, reducing the adverse effects
of overdue parking. By dynamically matching, our algorithm can make real‑time adjust‑
ments based on fluctuations in parking demand, addressing overdue parking users. This
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flexibility allows the system to utilize parking spaces more efficiently, minimize disrup‑
tions in parking flows, and ultimately increase platform revenue.

In comparison to other studies focused on traditional parking allocationmethods, the
results of our study show that models considering overdue parking can significantly im‑
prove system performance. More importantly, even under different probabilities of over‑
due parking, the system’s performance remains robust, highlighting the model’s effective‑
ness across various operational scenarios.

Additionally, consistent with other research in the shared parking field, our findings
align with the general consensus that dynamic and adaptive algorithms outperform static
models in terms of long‑term sustainability. While some studies emphasize the marginal
impact of overdue parking on general parking systems, our model shows that even small
adjustments to the matching process can have a significant effect on shared parking plat‑
forms, especially in high‑demand urban areas.

A key contribution of this study lies in its ability to balance system efficiency and user
satisfaction by considering overdue parking behavior. Unlike traditional models, which
may impose additional fees on overdue users or enforce strict time limits, our dynamic
matching algorithm accounts for the possibility of overdue parking and adjusts allocation
in real time. This flexibility not only reduces the system’s burden but also provides users
with a fairer and more optimized experience.

However, despite promising results, there are some limitations. First, the data used
in this study is based on a set of pre‑defined scenarios. Future work should validate the
model’s robustness using real‑world data. Second, while the model demonstrates signif‑
icant improvements in parking space utilization and platform revenue, its long‑term sus‑
tainability remains to be explored, particularly regarding changes in user behavior and the
potential for system abuse.

For future research, we suggest extending themodel to consider more refined user be‑
havior patterns and integrating advanced predictive analytics to better forecast and man‑
age parking demand. Additionally, incorporating external factors such as weather, local
events, and seasonal variations could further enhance themodel’s robustness and improve
its applicability in real‑world settings.

In conclusion, this study contributes to the optimization of shared parking systems by
addressing the often‑overlooked issue of overdue parking. By introducing dynamic adjust‑
ments in parking matching, our model offers a practical and scalable solution to enhance
system performance, increase revenue generation, and ensure the long‑term sustainability
of shared parking platforms.
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