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Due to the increasing car ownership, parking has become a major problem in many large 

cities and downtown areas all over the world. Cruising for parking is time-consuming and 

frustrating for drivers, and further makes traffic congestion more severe by slowing down 

through vehicles and increasing traffic volume on roads.  

Advanced parking management services, including parking information, reservation and 

navigation, aim to help drivers find parking spaces quickly. Although the latter two are still in 

their infancy, the proliferation of advanced smartphones and the development of sensing and 

wireless communication technologies provide tremendous opportunity for advanced parking 

management. This dissertation devotes to analyzing the impacts and implications of those 

emerging parking management services, and providing guidance on their development and 

deployment.  

Specifically, we first establish analytical models in a highly stylized and abstract setting 

to understand how real-time parking information and reservation services change the spatial 

distribution of parking activities. Results show that, compared with the status quo, the 

reservation service can improve the performance of the parking system, while providing 

information may not. In light of the finding, we proceed to design a smartphone-based parking 
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reservation system that manages a finite number of curbside parking spaces in a downtown area 

in a way to minimize the social cost of parking, considering the impact of drivers’ private 

information (e.g., destination) on the parking cost. In the following, as the reservation service 

may result in the waste of public resource (e.g., some spaces may be reserved to someone that 

will be absent), we develop a parking navigation system to manage the public parking spaces in 

downtown areas. Particularly, a two-sided matching model is adopted to allocate the parking 

resource so that each driver will be guided to her most appropriate space (if any), and each open 

space will be assigned to at most one driver. Lastly, as it is rather difficult to develop analytical 

models to explore the local impacts of different parking management services on a general 

network, we propose to establish a microscopic parking simulation that can be of help to 

government agencies for deployment planning of parking services. 
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CHAPTER 1 

INTRODUCTION 

1.1 Background 

Parking is a growing problem in many downtown areas around the world. The time spent 

on searching for a desirable parking space often constitutes a substantial portion of travel cost of 

individual drivers. Shoup (2006) reviewed empirical studies conducted in the U.S. and found that 

the average time to search for a curbside parking space ranged between 3.5 and 14 minutes. 

Using a more conservative estimate of three-minute search time, Shoup calculated that the 

cruising for a curbside parking yields 1,825 vehicle-miles each year. For a city like Chicago with 

over 35,000 curbside parking spaces (Ayala et al., 2011), this translates into approximately 64 

million vehicle-miles travelled, 3 million gallons of gasoline consumed and 30 thousand tons of 

CO2 emitted every year. On top of these, the cruising yields additional traffic demand to the 

downtown road network, making already-congested streets even more congested. Shoup (2006) 

pointed out that the share of traffic cruising for parking spaces in some major city (e.g., Detroit, 

Freiburg, Cambridge) can reach to more than 30%. A study conducted in the district of 

Schwabing, Munich estimated that the proportion of traffic searching for free parking spaces 

amounts to 44% of the entire traffic (Caliskan et al., 2006). 

Advanced parking management services, including parking pricing (e.g., Glazer, 1992; 

Ayala et al., 2012b; Fosgerau and de Palma, 2013; He et al., 2015), information (see, e.g., 

Caicedo, 2010; Kokolaki et al., 2013), reservation (e.g., Teodorovic and Lucic, 2006; Delot et 

al., 2009), and navigation (e.g., Shin and Jun, 2014; Ayala et al., 2012a,c; Idris et al., 2009), aim 

to help drivers find parking spaces quickly and reduce the deadweight loss associated with the 

cruising for parking. The pricing service manages parking spaces via imposing parking fees on 

drivers for using parking spaces; information service provides real-time availability and prices of 
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parking spaces; the reservation service allows drivers to reserve a parking space before departure 

or on the go, while the navigation service guides them to an open space (FHWA, 2007). 

Although the former two have been implemented in a number of cities (e.g., San Francisco, New 

York, and Chicago), the latter two are still in their infancy. However, the proliferation of 

advanced smartphones and the development of sensing and wireless communication technologies 

provide tremendous opportunity for advanced parking management. The number of smartphone 

users has been rising steadily and forecasts suggest that, by 2019, the number could reach 236 

million in the U.S. (Statista, 2016a), and 2,659 million worldwide (Statista, 2016b). Sensors that 

enable to measure occupancy, turnover, and parking duration for each parking space, have been 

installed for around 17,000 parking spaces in San Francisco and Los Angeles, and the real-time 

information can be distributed to the public through Internet (Djuric et al., 2016). We envision in 

the near future a widespread adoption of smartphone-based advanced parking management 

systems, which allow motorists to use smartphone applications to view the real-time availability 

and prices of parking spaces as well as to further select and reserve the spaces. The applications 

may also guide motorists to an open or reserved parking space. From the perspective of parking 

management authorities, the systems can be designed to better manage parking demand so as to 

reduce traffic congestion and emission, or increase parking revenue. For example, Teodorovic 

and Lucic (2006) proposed a parking reservation system for revenue management, which makes 

online decisions on whether to accept or reject a new driver’s request for parking. Mackowski et 

al. (2015) designed a dynamic parking pricing system to manage parking demand in a way to 

balance parking occupancy as well as to reduce traffic congestion. Besides these theoretical 

frameworks, we further note that the smartphone-based parking applications have begun to 
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emerge, e.g., ParkMe and SFpark for parking information, SpotHero and ParkingPanda for 

parking reservation. 

It is of critical importance and also intriguing to understand the impacts and implications 

of these emerging parking management services, and provide guidance on their development and 

deployment. Although the pace of parking research has increased markedly in recent years (see, 

e.g., Inci, 2015; Cao and Menendez, 2015; and Boyles et al., 2015, for recent reviews), many 

focus on pricing policies (e.g., He et al., 2015; Mackowski et al., 2015; Qian et al., 2012; Qian 

and Rajagopal, 2014; Zakharenko, 2016; Liu and Geroliminis, 2016), and analytical studies of 

other advanced parking management services, i.e., information, reservation and navigation, are 

still limited. Among a few exceptions, Arnott and Rowse (1999) discussed the value of a 

particular parking management system where each driver is informed of the available parking 

space closest to her destination and if she decides to drive, the space will be reserved to her. 

They pointed out that the system is welfare-improving when the parking occupancy is high 

without the system. Liu et al. (2014a,b) explored parking permit schemes and reservation 

strategies to smooth out commuters’ arrivals to a bottleneck to improve the social welfare. On 

the other hand, in order to analyze advanced parking management services, it is vital to capture 

and model drivers’ parking search behaviors. Generally, this type of models can be classified 

into analytical approaches and simulation-based approaches (Boyles et al., 2015). Among the 

former, Arnott and his collaborators (1999; 2006; 2010) proposed a parking search strategy that a 

driver decides where to start cruising for parking, and parks immediately if a parking space is 

available; otherwise, she will keep cruising around her destination. Leurent and Boujnah (2014) 

explored a search process that if a driver’s target parking lot is unavailable, then she will direct 

herself to other lots according to a matrix of transition probabilities determined by their 
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locations, driver’s economic preferences, and so on. Some other related studies can be referred to 

Guo et al. (2013), Tang et al. (2014), Boyles et al. (2015), and Cao and Menendez (2015). For 

the latter, simulation-based approaches including PARKAGENT (Benenson et al., 2008) and 

SUSTAPARK (Dieussaer et al., 2009), are developed to imitate the parking search process in the 

city by designing behavioral rules for drivers.  

Although great efforts have been made on designing advanced parking management 

services and analyzing their impacts, a) none literature has been proposed to compare the 

impacts of different parking management services; b) the existing reservation services are either 

inefficient regarding improving social welfare, as they simply adopt the first-come-first-served 

(FCFS) basis, or unpractical due to strong assumptions, such that parking requests are made at 

the same time, and drivers will truthfully report their private information (e.g., destination), 

which is closely related to the parking cost; c) the proposed navigation systems may intensify the 

parking competition, as more than one driver will be guided to the same space. Furthermore, 

most of these systems need to disclose drivers’ private information, which may lead to the public 

antipathy; d) the established parking simulation tools can neither capture sophisticated car 

following and lane-changing behaviors, nor be applicable to intricate networks, e.g., networks 

with signal control. To fill the gaps, this dissertation aims at a) establishing analytical models to 

compare the impacts of parking information and reservation services on the spatial distribution 

of parking activities; b) developing a smartphone-based parking reservation system to manage 

curbside parking spaces in a downtown area in a way to maximize the social welfare, taking 

account of the impacts of drivers’ private information on the parking cost; c) proposing a novel 

parking navigation system for downtown parking so as to guide drivers to their most appropriate 

spaces (if any) without disclosing their private information and intensifying the parking 
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competition; d) designing a microscopic parking simulation model, which is capable to capture 

the local impact of parking search behavior in complicated networks and serve as a tool for 

decision-makers to analyze different parking policies. 

1.2 Problem Statement and Dissertation Objective 

1.2.1 Analysis of Advanced Management of Curbside Parking 

Understanding the impacts and implications of various emerging parking management 

services can provide guidance on their development and deployment. In this dissertation, interest 

is restricted to analytically explore how real-time parking information and reservation change the 

spatial distribution of parking activities. We analyze drivers’ search behavior for parking in a 

stylized setting where an attraction (destination) is located on a long one-way street and on-street 

parking spaces are scattered around the destination; drivers are assumed to find a space to park to 

minimize their walking time to the destination. Analytical models are established to describe the 

search outcomes and compare the impacts of parking information and reservation services. An 

agent-based simulation experiment is then conducted to verify the results drawn from the 

analytical models.   

1.2.2 Smartphone-based Parking Reservation System 

Parking reservation service holds great promise to be an efficient approach to eliminate 

or reduce the parking cruising time, we thus consider a smartphone-based parking reservation 

system that manages a finite number of curbside parking spaces located at different places in a 

downtown area. We first illustrate the need for designing a reservation scheme to minimize the 

total parking cost. Given that the parking cost is closely related to a private information of 

drivers, i.e., their final destinations, we show that drivers have incentive to misreport the 

information, and thus lead to undesired system output. We then apply a mechanism to ensure all 

drivers to provide truthful information and allocate parking spaces optimally. 
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1.2.3 Smartphone-based Parking Navigation System 

Although parking reservation systems are of efficiency with respect to reduce parking 

cost, in practice, they are seldom applicable to managing public parking spaces. One reason is 

that reservation services may lead to the waste of the public resource. For example, some parking 

spaces may be reserved to someone who will be absent. Also, to guarantee parking spaces for 

drivers with reservation, the reserved parking spaces cannot be utilized by any other driver even 

if they are currently vacant. In light of such a limitation, providing parking navigation for public 

parking spaces seems more favorable to the public, as these public resources can be fully 

exploited. However, most of the current navigation systems are not ready for practical 

implementation, due to expensive computation, strong assumptions or the need for disclosing 

drivers’ private information. What’s worse, multiple drivers may be guided to the same open 

space, which intensifies the parking competition. Consequently, the adoption of navigation 

system in reality is still limited. To cope with the above shortcomings, we adopt a stable 

matching algorithm to design a navigation system which manages a finite number of parking 

spaces in a downtown area. Via this system, drivers will be guided to their most appropriate 

spaces (if any) at all times without disclosing their private information, and each open space will 

be assigned to at most one driver. Simulation experiments are then conducted to demonstrate the 

performance of the proposed navigation system compared with other navigation systems.  

1.2.4 Microscopic Parking Simulation 

It is rather difficult, if not impossible, to develop analytical models to explore the impacts 

of different parking management services on a general network, due to the difficulty of modeling 

the sophisticated parking search behavior of drivers. Furthermore, parking management services 

are normally applied to address parking problem in particular areas, such as a downtown area, 

instead of a whole city, so it is vital to capture the local impact due to the parking search 
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behavior within these relative small areas. In a nutshell, it is necessary to develop a microscopic 

parking simulation, which is capable to subtly mimic the parking search behavior considering car 

following and lane-changing behaviors, as well as different traffic control measures, e.g., signal 

control, under different types of parking management services. To this end, we consider 

AnyLogic (http://www.anylogic.com/) to construct an agent-based microscopic parking 

simulation model that can be of help to government agencies for deployment planning of parking 

services. Three scenarios, including status quo, with information provision, and with reservation 

service, will be conducted as application examples.   

1.3 Dissertation Outline 

The dissertation is organized as follows. Chapter 2 provides an overview of related 

studies, including the analysis and design of advanced parking management systems, and the 

development of parking simulation. Based on a stylized setting, Chapter 3 establishes analytical 

models to compare the impacts of parking information and reservation services on the spatial 

distribution of parking activities. Smartphone-based parking reservation and navigation systems 

are proposed to manage a finite number of parking spaces in a downtown area in Chapter 4 and 

5, respectively. A microscopic parking simulation is developed in Chapter 6. Chapter 7 

concludes the dissertation and provides recommendations for follow-up studies. 

  

http://www.anylogic.com/
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CHAPTER 2 

LITERATURE REVIEW 

In this chapter, we first present the recent literature on the analysis and design of parking 

reservation and navigation systems, which are still in their infancy. We then have an overview of 

the existing parking simulation models, which aim at serving as tools to analyze the impact of 

different parking policies.    

2.1 Analysis and Design of Advanced Parking Management Systems 

2.1.1 Parking Reservation System 

Previous analytical studies of parking reservation service are limited. Among a few 

exceptions, Yang et al. (2013) pointed out that an appropriate provision of both reserved and 

unreserved parking spaces can spread the departure of those morning commuters and hence 

reduce their total travel cost. Assuming that a residential area and a city center are connected by 

one highway containing a single bottleneck, and one parallel transit line, Yang et al. (2013) first 

proposed the morning bi-modal commuting equilibrium with parking spaces constraints at the 

city center. Three different scenarios are considered: (1) all parking spaces are reservable; (2) all 

parking spaces are non-reservable; and (3) the mix of the above two. The system performances 

of the three scenarios are then measured and compared. It is found that the maximum percentage 

of total cost reduction is always not less than 50% when the system optimum is achieved by 

setting all parking spaces to be reservable; while it is always less than 50% when the system 

optimum occurs in the other scenarios.      

Liu et al. (2014a) extended the model of Yang et al. (2013) by considering expirable 

parking reservations. Commuters with a parking reservation need to arrive at the parking spaces 

before the expiration time; otherwise the parking reservation will expire. Liu et al. (2014a) first 

explored the auto commuting equilibrium under the parking reservation scheme with identical 
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expiration times, and then turned to the scheme with differentiated expiration times. The design 

of the latter scheme includes how to determine the number of reservable parking spaces, how 

many groups these spaces should be classified, and how to identify the expiration time for each 

group. The reservation scheme with multiple differentiated expiration times is found to be more 

effective with respect to reduce the total travel cost, compared with the non-expirable reservation 

scheme proposed by Yang et al. (2013), as it can further smooth out commuters’ arrivals to the 

bottleneck. 

Liu et al. (2014b) proposed a novel permit scheme to implement parking reservation for 

mitigating parking competition and bottleneck congestion. Specifically, a certain number of 

tradable parking permits are distributed to commuters every day. The commuters without 

parking permits have to compete for the rest parking spaces in which permits are not required on 

the FCFS basis, while those with parking permits can reserve the associated parking spaces but 

have to arrive there before the expiration time (if the permits are expirable). Both the commuting 

equilibriums with homogeneous and heterogeneous commuters regarding the value of time are 

considered. It is pointed out that, if all the parking spaces are requiring for permits, and the 

permits can be divided into an infinite number of classes, each of which has a certain expiration 

time, then the proposed permit scheme can eliminate the queuing delay at the bottleneck as well 

as the competition for parking spaces.  

  Teodorovic and Lucic (2006) proposed a parking reservation system for revenue 

management, which makes online decisions on whether to accept or reject a new driver’s request 

for parking, considering uncertain future parking demand and supply. An integer programming 

problem is first developed to explore the best parking strategies for various patterns of vehicle 

arrivals: 
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max
𝒙
∑∑𝑇𝑖(𝑑𝑖𝑗 − 𝑒𝑖𝑗)𝑥𝑖𝑗

𝑗∈𝑅𝑖𝑖∈𝑀

 

∑∑𝑞𝑖𝑗𝑙𝑥𝑖𝑗
𝑗∈𝑅𝑖𝑖∈𝑀

≤ 𝐶 ∀𝑙 ∈ 𝐿 (2-1) 

𝑥𝑖𝑗 = {0,1} ∀𝑖 ∈ 𝑀, 𝑗 ∈ 𝑅𝑖 (2-2) 

where 𝑀 is the set of parking tariff classes; 𝑅𝑖 is the set of requests for parking in the 𝑖th class; 𝑇𝑖 

is the tariff for parking in the 𝑖th class; 𝑒𝑖𝑗 and 𝑑𝑖𝑗 denote the arrival and departure time of the 𝑗th 

car belonging to the 𝑖th parking tariff class, respectively; 𝑥𝑖𝑗 is a binary decision variable, equal 

to 1 if the 𝑗th request belonging to the 𝑖th parking tariff class is accepted, and 0 otherwise; 𝐶 is 

the garage capacity; 𝐿 is the set of time intervals when the garage is operating; 𝑞𝑖𝑗𝑙 is a binary 

parameter, indicating whether the 𝑗th car belonging to the 𝑖th parking tariff class will be in the 

garage during the 𝑙th time interval. Specifically, it is determined by: 

𝑞𝑖𝑗𝑙 = {
1 𝑖𝑓 (𝑒𝑖𝑗, 𝑑𝑖𝑗) ∩ (𝑡𝑏 + (𝑙 − 1)∆𝑡, 𝑡𝑏 + 𝑙∆𝑡) ≠ ∅

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                               
 

where 𝑡𝑏 is the garage opening time, and ∆𝑡 is the length of one time interval. 

In the above, the objective is to maximize the revenue of the garage; Equations (2-1) are 

the garage capacity constraints, guaranteeing the number of assigned spaces not to exceed the 

garage capacity; Equations (2-2) specify 𝒙 to be binary variables. 

Learning from the best strategies emerging from the above integer programming, specific 

fuzzy logic rules are derived for the decision making. Numerical examples show that the 

proposed reservation system can generate more revenue than the one based on FCFS principle.  

Kokolaki et al. (2014) proposed an auction-based reservation system to allocate public 

parking spaces. In order to park at public parking spaces, drivers are required to submit bids to a 

central authority. Three well-known auction mechanisms including uniform-price, 

discriminatory-price and Vickrey auctions are implemented to award parking spaces to those 

with the highest bids. Numerical results demonstrate that the proposed reservation system can 
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increase the revenue raised from the public parking spaces, and does not necessarily yield higher 

cost for drivers due to the elimination of cruising cost.     

Suppose there exists a platform in which the owners can lease their parking spaces, and 

the drivers can reserve these shared parking spaces, Shao et al. (2016) proposed a simple integer 

linear programming model to allocate the shared parking spaces in a way that maximizes the 

profit of the platform. It is assumed that the daily operation time of the platform is divided into 𝐾 

intervals. Let 𝑀 and 𝑁 be the total number of requests, i.e., parking demand, and parking spaces, 

respectively. Let 𝑠𝑛𝑘 = 1, if parking space 𝑛 is available in time interval 𝑘, and 𝑠𝑛𝑘 = 0, 

otherwise. Let 𝑡𝑚
𝑠  and 𝑡𝑚

𝑒  be the start and end time interval of request 𝑚, where 𝑡𝑚
𝑠 , 𝑡𝑚

𝑒 ∈ [1, 𝐾]. 

A binary indicator 𝑟𝑚𝑘 is introduced to represent whether parking request 𝑚 includes time 

interval 𝑘. That is, 𝑟𝑚𝑘 = 1, if 𝑘 ∈ [𝑡𝑚
𝑠 , 𝑡𝑚

𝑒 ]; 𝑟𝑚𝑘 = 0, otherwise. Furthermore, let 𝑥𝑚𝑛 = 1 

represent that parking space 𝑛 is assigned to request 𝑚, and 𝑥𝑚𝑛 = 0, otherwise. Consequently, 

𝑧𝑛𝑘 = ∑ 𝑥𝑚𝑛 ⋅ 𝑟𝑚𝑘
𝑀
𝑚=1  indicates whether parking space 𝑛 is occupied in time interval 𝑘. Given 

the above setting, the allocation model can be formulated as follows:     

max𝑝𝑠 ⋅ ∑∑𝑧𝑛𝑘

𝐾

𝑘=1

𝑁

𝑛=1

− 𝑝𝑏 ⋅ ∑∑𝑠𝑛𝑘

𝐾

𝑘=1

𝑁

𝑛=1

− 𝜇 (𝑀 − ∑ ∑𝑥𝑚𝑛

𝑁

𝑛=1

𝑀

𝑚=1

) 

∑𝑥𝑚𝑛

𝑁

𝑛=1

≤ 1 𝑚 = 1, 2,… ,𝑀 (2-3) 

𝑧𝑛𝑘 ≤ 𝑠𝑛𝑘 𝑛 = 1, 2, … , 𝑁; 𝑘 = 1, 2, … , 𝐾 (2-4) 

𝑥𝑚𝑛 ∈ {0,1} 𝑛 = 1, 2, … , 𝑁; 𝑚 = 1, 2,… ,𝑀 (2-5) 

where 𝑝𝑠 and 𝑝𝑏 define the leasing and buying price of one parking space per time interval; 𝜇 is a 

predetermined positive parameter, representing the penalty of rejecting one request.  

In the objective function, the first term represents the total revenue emerging from leasing 

parking spaces to drivers; the second term indicates the total cost for renting parking spaces from 

owners; and the third term is the negative effect due to request rejection. Constraint (2-3) ensure 
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that one request can be assigned to at most one parking space. Constraint (2-4) imply that each 

parking space can be assigned to at most one driver in each time interval. Constraint (2-5) ensure 

𝑥𝑚𝑛 to be binary. Numerical results are provided to highlight that the profit under the proposed 

allocation model is not less than the one under the FCFS scheme. Furthermore, the former one 

reach its maximum value much earlier than the latter one, implying the higher efficiency of the 

proposed model on raising revenue.  

Geng and Cassandras (2011, 2012) designed a smart parking reservation system which 

can dynamically allocate parking spaces to drivers. It is worth highlighting that, under the 

reservation system, even if a driver has reserved a parking space, she still has chance to obtain a 

better one. In the system, drivers are classified into two groups. One is the waiting group, in 

which drivers are waiting for space assignment; while the other one is the reserve group 

inclusive of drivers with assigned spaces. As it is a dynamic system, a set of decision points are 

considered. Let 𝑊(𝑘) and 𝑅(𝑘) define the drivers in the waiting and reserve groups at the 𝑘th 

decision point, respectively. Let 𝑁 denote the total number of parking spaces, and 𝑝𝑗(𝑘) 

describe the state of the 𝑗th parking space at the 𝑘th decision point, which is defined as below: 

𝑝𝑗(𝑘) = {

−1   𝑖𝑓 𝑠𝑝𝑎𝑐𝑒 𝑗 𝑖𝑠 𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑                        
0     𝑖𝑓 𝑠𝑝𝑎𝑐𝑒 𝑗 𝑖𝑠 𝑣𝑎𝑐𝑎𝑛𝑡                           
 𝑖      𝑖𝑓 𝑠𝑝𝑎𝑐𝑒 𝑗 𝑖𝑠 𝑟𝑒𝑠𝑒𝑟𝑣𝑒𝑑 𝑏𝑦 𝑑𝑟𝑖𝑣𝑒𝑟 𝑖

 

Let 𝑀𝑖𝑗(𝑘) define the cost for driver 𝑖 to reserve parking space 𝑗 at the 𝑘th decision point, 

𝐷𝑖𝑗 define the walking distance from space 𝑗 to the destination of driver 𝑖, and 𝑞𝑖(𝑘) represent 

the reservation status of driver 𝑖 at the 𝑘th decision point, which is given by: 

𝑞𝑖(𝑘) = {
0 𝑖𝑓 𝑖 ∈ 𝑊(𝑘)                  

𝑗 𝑖𝑓 𝑖 ∈ 𝑅(𝑘), 𝑝𝑗(𝑘) = 𝑖
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Further, define by Γ(𝑘) the set of free and reserved parking spaces at the 𝑘th decision 

point. Then, the set of feasible parking spaces for driver 𝑖 at the 𝑘th decision point can be 

specified as:  

Ω𝑖(𝑘) = {𝑗:𝑀𝑖𝑗(𝑘) ≤ 𝑀𝑖 , 𝐷𝑖𝑗 ≤ 𝐷𝑖 , 𝑗 ∈ Γ(𝑘)}  

where 𝑀𝑖 and 𝐷𝑖 are upper bounds of the cost for reserving a space, and the walking distance for 

driver 𝑖, respectively.  

The allocation of parking spaces is then formulated as the following mixed integer linear 

problem: 

min ∑ ∑ 𝑥𝑖𝑗 ⋅ 𝐽𝑖𝑗(𝑘)

𝑗∈Ω𝑖(𝑘)𝑖∈𝑊(𝑘)∪𝑅(𝑘)

+ ∑ (1 − ∑ 𝑥𝑖𝑗
𝑗∈Ω𝑖(𝑘)

)

𝑖∈𝑊(𝑘)

 

∑ 𝑥𝑖𝑗
𝑗∈Ω𝑖(𝑘)

≤ 1 ∀𝑖 ∈ 𝑊(𝑘) (2-6) 

∑ 𝑥𝑖𝑗
𝑗∈Ω𝑖(𝑘)

= 1 ∀𝑖 ∈ 𝑅(𝑘) (2-7) 

∑ 𝑥𝑖𝑗
𝑖∈𝑊(𝑘)∪𝑅(𝑘)

≤ 1 ∀𝑗 ∈ Γ(𝑘) (2-8) 

∑ 𝑥𝑖𝑗
𝑗∈Ω𝑖(𝑘)

⋅ 𝐽𝑖𝑗(𝑘) ≤ 𝐽𝑖𝑞𝑖(𝑘−1)(𝑘) ∀𝑖 ∈ 𝑅(𝑘) (2-9) 

𝑥𝑖𝑗 ∈ {0,1} ∀𝑖 ∈ 𝑊(𝑘) ∪ 𝑅(𝑘), 𝑗 ∈ Γ(𝑘) (2-10) 

where 𝑥𝑖𝑗 is a decision variable. If  parking space 𝑗 is assigned to driver 𝑖, then 𝑥𝑖𝑗 = 1; 

otherwise, 𝑥𝑖𝑗 = 0. 𝐽𝑖𝑗(𝑘) represents the weighted cost for driver 𝑖 to be assigned to space 𝑗, 

which is defined as follows: 

𝐽𝑖𝑗(𝑘) = 𝜆𝑖
𝑀𝑖𝑗(𝑘)

𝑀𝑖
+ (1 − 𝜆𝑖)

𝐷𝑖𝑗

𝐷𝑖
 

where 𝜆𝑖 ∈ [0,1] is a factor balancing the importance of the cost for reservation and the walking 

distance.   
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The first term of the objective function represents the total weighted cost of drivers, and 

the second term is the penalty due to unsuccessful reservations. Constraint (2-6) delineate that 

drivers in the waiting group can be assigned to at most one parking space. Constraint (2-7) 

ensure each driver in the reserve group to be assigned to one space. Constraint (2-8) guarantee 

each parking space to be assigned to no more than one driver. Constraint (2-9) imply that drivers 

in the reserve group must be assigned to parking spaces that are not worse than their previous 

assigned spaces. Constraint (2-10) ensure 𝑥𝑖𝑗 to be a binary integer. A simple simulation is 

proposed to compare the performance of the developed system and the traditional navigation 

system, where vehicles are guided to their most favorable open parking spaces. Results 

demonstrate that the proposed system outperform the simple navigation system with respect to 

increasing the utilization of parking spaces and reducing the parking cost.   

Boehle et al. (2008) conceptually described a city-based parking reservation and routing 

system. The reservation service allows participating drivers to reserve a parking space according 

to the FCFS basis. Arnott and Rowse (1999) discussed the value of a particular parking 

reservation system where each driver is informed of the available parking space closest to her 

destination and if she decides to drive, the space will be reserved to her. They pointed out that 

the system is welfare-improving when the parking occupancy is high without the system. 

2.1.2 Parking Navigation System 

Shin and Jun (2014) developed a smart parking navigation system in which drivers will 

be guided to their most favorable parking facility. To use the system, drivers are required to 

provide their personal information, including their destination and current location. The 

appropriateness of a parking facility 𝑗 to vehicle 𝑖 is measured by a predefined parking utility 

function considering driving distance (i.e., 𝐷𝑖𝑗), walking distance (i.e., 𝑊𝑖𝑗), parking price (i.e., 
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𝐶𝑗), traffic congestion level (i.e., 𝑃𝑗), and the degree of availability (i.e., 𝑅𝑖𝑗), which is shown as 

follows: 

𝑈𝑖𝑗 =
𝛽1𝐷𝑖𝑗 + 𝛽2𝑊𝑖𝑗 + 𝛽3𝐶𝑗 + 𝛽4𝑃𝑗 + 𝛽5𝑅𝑖𝑗

15
 

where 𝛽1, 𝛽2, 𝛽3, 𝛽4, and 𝛽5 are weighted factors. In particular, 𝑃𝑗 is equivalent to the number of 

cars heading to the parking facility 𝑗 under the navigation system, and 𝑅𝑖𝑗 is given by: 

𝑅𝑖𝑗 =

𝑇𝑖𝑗
𝑀𝑇𝐵𝐴𝑗

𝑓𝑗
 

where 𝑇𝑖𝑗 is the driving duration for vehicle 𝑖 to arrive parking lot 𝑗; 𝑓𝑗 represents the number of 

free parking lots of parking facility 𝑗 at a certain time interval; and 𝑀𝑇𝐵𝐴𝑗 delineates the average 

time headway of vehicles arriving parking facility 𝑗 at a certain time interval. A simulation 

conducted based on a city of Luxemburg points out that the proposed system is able to help 

increase the utilization of parking facilities and reduce the energy consumption.  

Delot et al. (2009) designed a cooperative parking protocol, in which a coordinator 

vehicle is designated for an available parking space and is responsible for broadcasting the 

availability information to a particular vehicle that is selected by the coordinator to occupy the 

space. First of all, the vehicle that departs a parking space is taken as the coordinator vehicle of 

the space, which is responsible to disseminate the availability information of the space. It sends a 

message describing the available parking space to the other vehicles in its vicinity within its 

communication range. However, this message does not specify the exact location of the parking 

space. If vehicles receiving the information are interested in the parking space, they have to 

provide their identifier as well as their personal information, such as their current location. Based 

on the provided information, the coordinator vehicle selects one of the interested vehicles, 
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according to predefined rules, as the allocated vehicle, and sends it another message including 

detailed information about the parking space (e.g., exact location). Doing so, the competition of 

the parking space is expected to be mitigated.  Numerical examples conducted in the paper 

demonstrate that such protocol can reduce the average search time while increasing the 

percentage of useful provided parking information.   

Ayala et al. (2012a,c) presented a gravitational approach to guide drivers to parking 

spaces. Let 𝑐𝑜𝑠𝑡(𝑣, 𝑠) define the function to measure the parking cost for vehicle 𝑣 parking at 

space 𝑠, then the gravitational force generated by parking space 𝑠 on vehicle 𝑣 is given by the 

following formula: 

𝐹(𝑣, 𝑠) =
1

𝑐𝑜𝑠𝑡(𝑣, 𝑠)2
 

whose direction is from vehicle 𝑣 to space 𝑠. Define by �̅�(𝑣) as the composition of the computed 

force vectors generated by all available parking spaces on vehicle 𝑣. The proposed gravitational 

approach will guide vehicle 𝑣 to drive along the direction of �̅�(𝑣). Particularly, once vehicle 𝑣 is 

close enough to one specific available parking space, e.g., less than a predefined distance, it will 

be guided straightforward to that space. Simulation results imply that the gravitational approach 

can significantly reduce the parking search time compared against the traditional parking 

navigation algorithm, where each vehicle is guided to its most favorable available parking space.  

As guiding more than one vehicle to one unoccupied parking space will inevitably 

aggravate the parking competition, Ayala et al. (2012c) considered the parking competition as a 

static game, and pointed out that the equilibrium parking assignment generated by the well-

known two-sided matching algorithm (see, Gale and Shapley, 1962) can be used to allocate the 

parking resource to drivers, such that each parking space will be assigned to no more than one 

vehicle, and each vehicle will have incentive to comply with the guidance; Du and Gong (2016) 
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formulated the parking competition as a Poisson game, and further developed a decentralized and 

coordinated online parking mechanism to guide drivers to appropriate parking facility, such that 

the parking congestion can be reduced. 

Instead of simply assigning particular parking spaces to drivers, an algorithm is proposed 

by Djuric et al. (2016) to design routing plans for each driver in order to maximize the expected 

utility along the routes. Suppose a routing plan consists of 𝑀 consecutive road segments, which 

are labeled as 𝑟1, 𝑟2, …, and 𝑟𝑀. Particularly, 𝑟1 is the road segment where the driver is currently 

on. Let 𝑃(𝑟𝑖) denote the probability of finding an available parking space on road segment 𝑟𝑖, 

𝑇𝑑(𝑟𝑖) define the driving time from segment 𝑟1 to segment 𝑟𝑖, and 𝑇𝑤(𝑟𝑖) define the walking time 

from segment 𝑟𝑖 to the driver’s destination. Furthermore, define by �̃�(𝑇𝑑(𝑟𝑖), 𝑇𝑤(𝑟𝑖)) as the 

utility of finding an available parking space on segment 𝑟𝑖. In this study, drivers are assumed to 

park at the first available space they meet on their routing plan and then walk to their destination. 

Accordingly, the expected utility along the route is formulated as the following recursive 

formula: 

𝑈({𝑟1, 𝑟2, … , 𝑟𝑀}, {𝑃(𝑟1), 𝑃(𝑟2),… , 𝑃(𝑟𝑀)}) =

𝑈({𝑟1, 𝑟2, … , 𝑟𝑀−1}, {𝑃(𝑟1), 𝑃(𝑟2),… , 𝑃(𝑟𝑀−1)}) + �̃�(𝑇𝑑(𝑟𝑀), 𝑇𝑤(𝑟𝑀)) ⋅ 𝑃(𝑟𝑀) ⋅

∏ (1 − 𝑃(𝑟𝑖))
𝑀−1
𝑖=1   

Given the parking probability of all road segments in the network, a recursive routing 

algorithm is developed to figure out the route plan with the maximum expected utility. The basic 

idea is to extend the route plan segment by segment. Specifically, if a neighbor segment can 

improve the expected utility and the number of segments on the current route plan is less than 𝑀, 

then the segment will be added to the current route. Repeat this process until the number of 

segments on the route plan reaches 𝑀. Experiments based on the data obtained from 247 blocks 
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in San Francisco downtown area are provided. Results suggest that the proposed algorithm can 

reduce the parking search time considerably compared with the scenario without using the 

system.     

In addition to the above efforts on the parking resource assignment and routing plan of 

navigation systems, several studies are proposed to explore the architecture of navigation 

systems, the real-time shortest path finding for navigation systems, the deployment and display 

configuration of parking variable message signs, and the simulation of navigation systems. For 

example, Idris et al. (2009) explored a navigation architecture where drivers can be guided to the 

nearest empty parking space utilizing wireless sensor network and ultrasonic sensor. Giuffre et 

al. (2012) presented an intelligent parking assistant system to manage off-street parking lots. 

Boehle et al. (2008) designed a City Based Parking Routing System (CBPRS) where drivers can 

make parking reservation and further be guided to the reserved spaces. Particularly, an ant based 

distributed hierarchical routing algorithm is adopted to find the shortest path for drivers 

considering the real-time traffic condition. Thompson et al. (2001) and Ni et al. (2015) 

developed mathematical programs to optimize the location and display configuration of parking 

variable message signs, so as to reduce the parking cost, such as the queuing delay in parking 

lots, and travel times on the road. Levy et al. (2015) applied an agent-based simulation model, 

PARKAGENT (Benenson et al., 2008), to assess the benefit of using an intelligent parking 

navigation system in a Diamond Exchange area in the Tel Aviv metropolitan area. Specifically, 

under the navigation system, drivers are assumed to always drive towards the non-full parking 

lot that is closest to their destinations. If the parking lot turns out to be full when they arrive, they 

will drive to the second best non-full parking lot in their list. 
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2.2 Parking Simulation 

Benenson et al., (2008) proposed an agent-based model named PARKAGENT on the 

ArcGIS framework to simulate the parking search behavior in the city. The road network is 

generated automatically from GIS databases. Below are the rules to model the cruising 

behaviors: 

1. Vehicles are generated at a predetermined distance 250 m from their destination, and then 

keep driving ahead to the destination at a certain speed, i.e., 25 km/h, until the distance from 

their destination is equal to a predetermined distance, i.e., 100 m. Specifically, for the route 

choice, drivers are assumed to choose the connected road segment whose farther junction is 

closer to the destination than the one of any other connected road segment (see Figure 2-1). 

Such route choice behavior is applied for the whole model. Also, during this period, the 

fraction of unoccupied parking spaces 𝑃𝑢𝑛𝑜𝑐 is estimated by: 

𝑃𝑢𝑛𝑜𝑐 =
𝑁𝑢𝑛𝑜𝑐

𝑁𝑢𝑛𝑜𝑐 + 𝑁𝑜𝑐𝑐
 

where 𝑁𝑜𝑐𝑐 and 𝑁𝑢𝑛𝑜𝑐 are the number of occupied and vacant spaces observed during this 

driving distance. 

2. Searching for parking spaces at a certain speed, i.e., 12 km/h, before reaching the destination. 

To facilitate such process, the expected number of vacant spaces is estimated as follows: 

𝐹𝑒𝑥𝑝 = 𝑃𝑢𝑛𝑜𝑐 × 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑡𝑜 𝑑𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛/𝐿𝑒𝑛𝑔𝑡ℎ 𝑜𝑓 𝑜𝑛𝑒 𝑝𝑎𝑟𝑘𝑖𝑛𝑔 𝑠𝑝𝑎𝑐𝑒   

If 𝐹𝑒𝑥𝑝 is very small, then the driver should park at the first vacant space she meets with. 

Otherwise, if 𝐹𝑒𝑥𝑝 is very large, the driver will keep driving towards the destination even if 

there are vacant spaces around. Figure 2-2 delineates the probability for drivers keeping on 

driving. In particular, 𝐹𝑒𝑥𝑝 and 𝑃𝑢𝑛𝑜𝑐 will be recalculated according to the updated value of 

𝑁𝑜𝑐𝑐 and 𝑁𝑢𝑛𝑜𝑐 when the driver is traveling.  
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3. Searching for parking spaces after passing the destination. In this case, the searching circle 

increase from 100 m to 400 m at a rate 30 m/min. If the search time reaches 10 min, then 

drivers are assumed to park at a private parking garage located at the destination.  

4. Leave the system after reaching drivers’ parking duration time, which is predetermined for 

each driver. 

Given the above rules, parking search behavior can be simulated in the PARKAGENT, 

and results including search time and walking time can be obtained. The PARKAGENT has been 

adopted to analyze the impact of providing additional parking supply (Benenson et al., 2008), the 

benefit brought by providing navigation system (Levy et al., 2015), and the optimal parking 

occupancy rate (Martens et al., 2010).       

Dieussaer et al. (2009) developed an agent-based Cellular Automation, i.e., CA (Nagel 

and Schreckenberg, 1992), simulation model (SUSTAPARK) to mimic the parking search 

behavior of drivers. In SUSTAPARK, the road network and parking spaces are loaded from the 

ESRI shapefile. In particular, the network is divided into cells, each of which is assumed to hold 

at most one vehicle at a time step. Furthermore, the activity schedule instead of trip schedule is 

considered for each driver. Figure 2-3 depicts the simulation process. Firstly, drivers are assumed 

to depart from their current parking spaces towards the destination of their next activity. They are 

then routed to the corresponding parking search area based on the defined routing strategy (not 

specified in the paper), and start searching for parking spaces. Within the search area, vacant 

parking spaces that can be reached within one-time step are proposed to the driver, and she will 

select one of the spaces with utility higher than the predetermined threshold, and park there. If 

none of these vacant parking spaces can satisfy the driver, then she will keep on driving. It is 

worthwhile to note that, with the search time increasing, the utility function of the driver will 
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also change. The simulation ends until all the activities of all drivers are taken into account. 

Output includes the parking occupancy of each street, the parking search time of the whole 

system, and bottlenecks within the parking search area.  

Similar to Dieussaer et al. (2009), Horni et al. (2013) proposed an agent-based CA 

parking simulation tool. To simulate the parking search behavior, several rules are defined as 

follows: 

1. Before arriving the predetermined search starting point, which is specified by the Euclidian 

distance to the driver’s destination, the driver simply drives along a prespecified route.  

2. When reaching the search starting point, the driver starts parking search. Once she 

approaches an intersection, the next link is chosen from the connected links based on the 

following three criteria: a) destination-approaching efficiency:  similar to Benenson et al. 

(2008), the connected link whose farther junction is closer to the destination possesses higher 

probability to be chosen; b) memorized free parking spaces: a connected link with direction 

pointing to the parking lot with the most vacant spaces based on the driver’s memory will be 

credited additional probability; c) the connected links that have been visited recently will not 

be considered as the chosen link with high probability. 

3. If there is parking lot with vacant spaces around the driver, the probability for her to park 

there is determined by a given function, which is related to the elapsed search time and the 

distance to her destination.    

The above behavior rules are implemented in Matlab, and simulation based on small and 

large-scale networks are provided to demonstrate the effectiveness and efficiency of the model.   
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Figure 2-1. Route choice for drivers (Benenson et al., 2008) 

 

 

 
Figure 2-2. The probability to continue driving towards the destination (Benenson et al., 2008) 

  



 

34 

 

 

 
Figure 2-3. Simulation procedure in SUSTAPARK (Dieussaert et al., 2009) 
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CHAPTER 3 

ANALYSIS OF ADVANCED MANAGEMENT OF CURBSIDE PARKING 

This chapter analyzes drivers’ search behavior for parking in a stylized setting where an 

attraction (destination) is located on a long one-way street and on-street parking spaces are 

scattered around the destination; drivers are assumed to find a space to park to minimize their 

walking time to the destination. Analytical models are established to describe the search 

outcomes and compare the impacts of parking information and reservation services. An agent-

based simulation experiment is then conducted to verify the results drawn from the analytical 

models.  

In the remaining of the chapter, Section 3.1 analyzes drivers’ search behavior for 

curbside parking on a one-way street and how parking information or reservation service affects 

their parking search and choice. Section 3.2 applies NetLogo to construct an agent-based 

simulation model to validate the results obtained from the analytical models, and Section 3.3 

further compares the performances of these parking management services. Lastly, Section 3.4 

concludes the chapter.  

3.1 Analytical Models 

For analytical tractability, we consider a long one-way street where an attraction 

(destination) is located and on-street parking spaces are scattered around the destination. More 

specifically, the parking space on the destination is marked as 0, from which the indices are 

decreasing towards the street direction and increasing at the opposite direction (see Figure 3-1). 

Drivers who go to the destination need to select one of the available spaces to park. They are 

assumed to make this selection in a way that minimizes their walking time to the destination. 

Because the street is one-way and very long, once a driver has passed a parking space, she would 

not be able to come back for it. 
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We further assume that the arrival headways of drivers and their parking durations follow 

exponential distributions. Let 𝜆 denote the arrival rate of drivers heading for the attraction and 𝛾 

the departure rate of an occupied parking space. If there are 𝑚 parked vehicles, the total 

departure rate of the stretch of street is 𝑚γ. It is further assumed that the arrival headway for 

each parking space also follows an exponential distribution, which is a strong assumption and 

will be discussed later. 

3.1.1 Steady State of Status Quo 

In this section, it is assumed that drivers have no access to parking information or 

reservation services, and thus they observe whether a space is available only when they reach it. 

One of the search strategies they may adopt is to start cruising for parking from a particular 

location (space) and then take the first vacant space and walk to the final destination (Arnott and 

Rowse, 1999). Note that the models developed in this chapter can be extended to consider a 

situation where drivers observe a few parking spaces ahead and choose to park at the vacant one 

closer to the destination. 

Figure 3-1 is a network representation of the setting where we number individual parking 

spaces in a decreasing order in the direction of the street and the space at the destination is 

indexed by 0. Specifically, 𝑁 is the first space where drivers may start cruising for parking and 

𝑤𝑖 is the walking time from 𝑖 to the final destination. 𝐿 is a large number such that a driver will 

always be able to find a parking space between 𝑁 and – 𝐿. Note that 𝐿 will be endogenously 

determined. 

Given that drivers have different risk-taking attitudes, some (risk-averse drivers) will start 

cruising for parking at spaces far from their destination, while others (risk-seeking drivers) may 

drive very close to the destination and start from there. Suppose there are 𝑁 + 1 types of drivers, 
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who start cruising for parking at 𝑁,𝑁 − 1,⋯ ,0, since no rational driver would start after the 

destination. Let 𝑐𝑘𝜆, ∀𝑘 = 0,⋯ ,𝑁 be the proportion for each type of drivers who start cruising 

at space 𝑘, where 𝑐𝑘 is given exogenously with ∑ 𝑐𝑘
𝑁
𝑘=0 = 1 and 𝑐𝑘 ≥ 0, ∀𝑘 = 0,⋯ ,𝑁.  

For each parking space 𝑖 ≤ 𝑁, we now calculate its parking and departure rates, i.e., 𝜆𝑖 

and 𝛾𝑖. A driver will park at 𝑖, if it is available and all the spaces between the space she start 

cruising at and 𝑖 + 1 are occupied. Let 𝑝𝑖 denote the probability of space 𝑖 being available, and 

define the following two variables: 

𝐷𝑖 = ∑ 𝑐𝑘𝜆 ∏ (1 − 𝑝𝑗)

𝑘

𝑗=𝑖+1

𝑁

𝑘=𝑖+1

+ 𝑐𝑖𝜆,    ∀𝑖 = 𝑁 − 1,… , 0 

�̅�𝑖 =∑𝑐𝑘𝜆 ∏ (1 − 𝑝𝑗)

𝑘

𝑗=𝑖+1

,            ∀𝑖 = −1,⋯ , −𝐿

𝑁

𝑘=0

 

Then we calculate the parking rate for each space as follows: 

  𝜆𝑁 = 𝑐𝑁𝜆𝑝𝑁 

𝜆𝑖 = 𝑐𝑁𝜆𝑝𝑖 ∏(1 − 𝑝𝑗)

𝑁

𝑗=𝑖+1

+ 𝑐𝑁−1𝜆𝑝𝑖 ∏(1 − 𝑝𝑗)

𝑁−1

𝑗=𝑖+1

+⋯+ 𝑐𝑖+1𝜆𝑝𝑖(1 − 𝑝𝑖+1) + 𝑐𝑖𝜆𝑝𝑖

= 𝑝𝑖𝐷𝑖 ,    ∀𝑖 = 𝑁 − 1,… , 0 

𝜆𝑖 = 𝑐𝑁𝜆𝑝𝑖 ∏(1− 𝑝𝑗)

𝑁

𝑗=𝑖+1

+ 𝑐𝑁−1𝜆𝑝𝑖 ∏(1− 𝑝𝑗)

𝑁−1

𝑗=𝑖+1

+⋯+ 𝑐1𝜆𝑝𝑖 ∏(1− 𝑝𝑗)

1

𝑗=𝑖+1

+ 𝑐0𝜆𝑝𝑖 ∏(1− 𝑝𝑗)

0

𝑗=𝑖+1

= 𝑝𝑖�̅�𝑖,   ∀𝑖 = −1,⋯ ,−𝐿 

Specifically, 𝑐𝑘𝜆𝑝𝑖∏ (1 − 𝑝𝑗)
𝑘
𝑗=𝑖+1 , ∀𝑘 = 𝑁,… , 0, represents the rate of type 𝑘 drivers 

that actually park at space 𝑖. 
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The departure rate of a space is equal to 𝛾 multiplying the probability of that space being 

occupied: 

𝛾𝑖 = (1 − 𝑝𝑖)𝛾,     ∀𝑖 = 𝑁,… ,−𝐿 

At a steady state, the probabilities of spaces being available should remain constant and 

every space will have equal parking and departure rates. These conditions yield: 

𝑝𝑖𝐷𝑖 = (1 − 𝑝𝑖)𝛾,    ∀𝑖 = 𝑁 − 1,… , 0  

𝑝𝑖�̅�𝑖 = (1 − 𝑝𝑖)𝛾,    ∀𝑖 = −1,⋯ , −𝐿 

𝑐𝑁𝜆𝑝𝑁 = (1 − 𝑝𝑁)𝛾   ⇒ 𝑝𝑁 =
𝛾

𝛾+𝑐𝑁𝜆
 

Therefore, for 𝑖 = 𝑁 − 1,⋯ , 0, we have: 

𝑝𝑖 =
𝛾

𝛾 + 𝐷𝑖
 

⇒
1

𝑝𝑖
= 1 +

𝐷𝑖
𝛾
= 1 +

𝐷𝑖+1(1 − 𝑝𝑖+1) + 𝑐𝑖𝜆

𝛾
 

=
𝑐𝑖𝜆

𝛾
+ 𝑝𝑖+1 + (1 − 𝑝𝑖+1) (1 +

𝐷𝑖+1
𝛾
) =

𝑐𝑖𝜆

𝛾
+ 𝑝𝑖+1 +

1 − 𝑝𝑖+1
𝑝𝑖+1

 

⇒ 𝑝𝑖 =
𝛾𝑝𝑖+1

𝛾𝑝𝑖+1
2 + (𝑐𝑖𝜆 − 𝛾)𝑝𝑖+1 + 𝛾

 

For 𝑖 = −1,⋯ ,−𝐿, we have: 

𝑝𝑖 =
𝛾

𝛾 + �̅�𝑖
 

⇒
1

𝑝𝑖
= 1 +

�̅�𝑖
𝛾
= 1 +

�̅�𝑖+1(1 − 𝑝𝑖+1)

𝛾
 

= 𝑝𝑖+1 + (1 − 𝑝𝑖+1) (1 +
�̅�𝑖+1
𝛾
) = 𝑝𝑖+1 +

1 − 𝑝𝑖+1
𝑝𝑖+1

 

⇒ 𝑝𝑖 =
𝑝𝑖+1

𝑝𝑖+1
2 − 𝑝𝑖+1 + 1
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Below is the summary of the results: 

𝑝𝑖 =

{
 
 

 
 

𝛾

𝛾+𝑐𝑁𝜆
,                        𝑖 = 𝑁      

𝛾𝑝𝑖+1

𝛾𝑝𝑖+1
2 +(𝑐𝑖𝜆−𝛾)𝑝𝑖+1+𝛾

,      ∀𝑖 = 𝑁 − 1,⋯ ,0

            
𝑝𝑖+1

𝑝𝑖+1
2 −𝑝𝑖+1+1

,              ∀𝑖 = −1,⋯ , −𝐿

                   (3-1) 

As a demonstration, let's assume 𝜆 = 9 and 𝛾 = 1, and consider three types of drivers, 

who start searching for parking at space 2, 1, and 0, and their proportions are the same, i.e., 𝑐2 =

𝑐1 = 𝑐0 =
1

3
. The probability of each space being available at the steady state is then calculated in 

Figure 3-2. 

In Figure 3-2, the last space, i.e., -13, is always available, because we assume that the 

number of parking spaces is sufficient along the street and thus drivers can always overshoot the 

final destination long enough to find a vacant parking. Further, if we define 𝑡𝑘𝑖 as the driving 

time for the 𝑘th type of driver to park at space 𝑖, then we can calculate the expected cruising time 

for parking as follows:  

𝐸(𝑡) = ∑ ∑ (𝑐𝑘𝑡𝑘𝑖𝑝𝑖 ∏(1− 𝑝𝑗)

𝑘

𝑗=𝑖+1

)

𝑘

𝑖=−𝐿

𝑁

𝑘=0

 

Further, the expected walking time can be written as follows: 

𝐸(𝑤) = ∑
𝑤𝑖𝜆𝑖
𝜆

𝑁

𝑖=−𝐿

= ∑
𝑤𝑖(1 − 𝑝𝑖)𝛾

𝜆

𝑁

𝑖=−𝐿

 

In the above example, assuming that 𝑡𝑘𝑖 = 0.1(𝑘 − 𝑖) and 𝑤𝑖 = |𝑖|, the expected cruising 

time and walking time are calculated to be 0.409 and 3.615. 

3.1.2 Steady State with Parking Information 

We now consider in this section that drivers have access to an information service, which 

can provide drivers with the real-time availability of parking spaces. Note that albeit being 
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informed, it may not be wise for drivers to simply drive to the best currently available space, 

because another driver before them may take the space and other occupied spaces may soon 

become vacant. Various strategies can be adopted to play such a parking competition game (e.g., 

He et al., 2015).  

To be comparable with the above status-quo steady state, we assume that drivers adopt 

the same parking search strategy, i.e., they start cruising for parking at a particular location 

(space) and then take the first vacant space and walk to the final destination. However, owing to 

the parking information service and their day-to-day learning, drivers are assumed to obtain the 

knowledge of the probability for each space being available at the steady state. Consequently, 

drivers are able to select an optimal location to start their parking search such that their walking 

time to the final destination can be minimized. Note that another objective can be considered, 

such as minimizing a general cost that includes driving time and parking price as well.   

To simplify the analysis, we assume that all drivers start cruising for parking at the same 

space, which is denoted as 𝑁. Further, 𝐿 is set to be a large number such that a driver will always 

be able to find a parking space between 𝑁 and – 𝐿. Both 𝑁 and 𝐿 are endogenous in this case. 

Similarly, a driver will park at 𝑖, if it is available and all the spaces from 𝑁 to 𝑖 + 1 are occupied. 

Hence, we can calculate the parking rate for each space as: 

𝜆𝑁 = 𝜆𝑝𝑁 

𝜆𝑖 = 𝜆𝑝𝑖 ∏(1− 𝑝𝑗)

𝑁

𝑗=𝑖+1

,    ∀𝑖 = 𝑁 − 1,… ,−𝐿 

and the departure rate for each space as: 

𝛾𝑖 = (1 − 𝑝𝑖)𝛾,     ∀𝑖 = 𝑁,… ,−𝐿 



 

41 

Similar to Section 3.1.1, at the steady state, the probabilities of spaces being available 

should remain constant and every space will have equal parking and departure rates. These 

conditions yield: 

𝜆𝑝𝑖 ∏(1− 𝑝𝑗)

𝑁

𝑗=𝑖+1

= (1 − 𝑝𝑖)𝛾,     ∀𝑖 = 𝑁 − 1,… , −𝐿 

𝜆𝑝𝑁 = (1 − 𝑝𝑁)𝛾 

Define  

𝐴𝑖 = {

1, 𝑖𝑓 𝑖 = 𝑁

∏ (1 − 𝑝𝑗)

𝑁

𝑗=𝑖+1

, 𝑖𝑓 𝑖 < 𝑁
 

We have: 

𝜆𝑝𝑖𝐴𝑖 = (1 − 𝑝𝑖)𝛾,     ∀𝑖 = 𝑁,… ,−𝐿 

Thus, 

𝑝𝑁 =
𝛾

𝛾 + 𝜆𝐴𝑁
=

𝛾

𝛾 + 𝜆
 

For 𝑖 = 𝑁 − 1,… ,−𝐿, we have: 

𝑝𝑖 =
𝛾

𝛾 + 𝜆𝐴𝑖
⇒
1

𝑝𝑖
= 1 +

𝐴𝑖
𝛾
= 1 +

𝐴𝑖+1(1 − 𝑝𝑖+1)

𝛾
 

= 𝑝𝑖+1 + (1 − 𝑝𝑖+1) (1 +
𝐴𝑖+1
𝛾
) = 𝑝𝑖+1 +

1 − 𝑝𝑖+1
𝑝𝑖+1

 

⇒ 𝑝𝑖 =
𝑝𝑖+1

𝑝𝑖+1
2 − 𝑝𝑖+1 + 1

 

As a demonstration, consider the same numerical example where 𝜆 = 9 and 𝛾 = 1. The 

probability of each space being available at the steady state is shown in Figure 3-3, where 𝑁 is to 

be determined.  
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In Figure 3-3, the first space, i.e., 𝑁, is where drivers start cruising for parking and thus 

the probability of being available is the smallest. If we define 𝑡𝑖 as the driving time from 𝑁 to 

space 𝑖, given the steady-state availability probability, we can calculate the expected cruising 

time for parking as follows: 

𝐸(𝑡) = ∑ 𝑡𝑖𝑝𝑖𝐴𝑖

𝑁

𝑖=−𝐿

= ∑
𝑡𝑖(1 − 𝑝𝑖)𝛾

𝜆

𝑁

𝑖=−𝐿

 

We are now ready to determine where drivers should start cruising for parking, i.e., the 

optimal value of 𝑁. If a driver reaches space 𝑘 and decides to park there, she will have to walk 

𝑤𝑘 to the destination. Alternatively, the driver can proceed to the next parking space and start 

searching for parking there. If she chooses to do so, her expected walking time is as follows: 

𝐸(𝑤|𝑁 = 𝑘 − 1) = ∑ 𝑤𝑖𝑝𝑖𝐴𝑖

𝑁

𝑖=−𝐿

= ∑
𝑤𝑖(1 − 𝑝𝑖)𝛾

𝜆

𝑁

𝑖=−𝐿

 

The optimal value of 𝑁 is determined to be the largest 𝑘 such that 𝑤𝑘 ≤ 𝐸(𝑤|𝑁 = 𝑘 −

1). Otherwise, the driver would be better off with proceeding to the next one and start searching 

for parking there. The optimal value can be obtained using a numerical procedure such as the 

bisection method. Specifically, denote 𝑘1 as a sufficient large number such that 𝑤𝑘1 > 𝐸(𝑤|𝑁 =

𝑘1 − 1), and 𝑘2 as a sufficient small nonnegative number such that 𝑤𝑘2 ≤  𝐸(𝑤|𝑁 = 𝑘2 − 1). 

Note that 𝑤0 = 0 ≤  𝐸(𝑤|𝑁 = −1), we can always set 𝑘2 = 0. Now consider the midpoint 𝑘 =

⌊
𝑘1+𝑘2

2
⌋. If 𝑤𝑘 > 𝐸(𝑤|𝑁 = 𝑘 − 1), set 𝑘1 = 𝑘. Otherwise, set 𝑘2 = 𝑘. Repeat this procedure 

until 𝑘1 − 𝑘2 = 1, and the optimal value of 𝑁 is equal to 𝑘2. 

In the above example, assuming that 𝑤𝑖 = |𝑖|, Table 3-1 shows the comparisons of 

walking times and expected walking times. Since 𝑤3 ≤ 𝐸(𝑤|𝑁 = 2), and 𝑤𝑘 >

𝐸(𝑤|𝑁 = 𝑘 − 1), ∀𝑘 = 4, 5, …, the optimal value of 𝑁 is 3, implying that the best parking search 
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strategy for drivers is to proceed to space #3 and start cruising there. This way the expected 

walking time will be 3.075. Some may argue that the expected walking time is minimized when 

𝑁 = 5, i.e., 2.832, and thus drivers should choose to start searching at space #5. However, if 

space #5 is available, a driver still prefers to proceed to the next parking space and start for 

searching, instead of parking there. The reason is that the expected walking time of starting 

searching at space #4 is only 2.859, much less than the walking time from space #5, i.e., 5. 

3.1.3 Steady State with Parking Reservation 

The parking reservation service considered in this section would provide real-time 

parking information and allow drivers to reserve parking spaces. With such a service, a driver is 

assumed to reserve the vacant one closest to the destination when she enters the street. 

Mathematically, the only difference that the reservation service makes is to change the sequence 

of parking spaces drivers search for. In the scenario of parking information, drivers start at 𝑁; if 

it is not available, then proceed to 𝑁 − 1, 𝑁 − 2 and so on. With parking reservation, drivers first 

check whether 0 is available; if not, then 1, −1, and so on. Therefore, in this scenario, the 

probability for the 𝑖th space closest to the destination being vacant is the same as the 𝑖th space in 

the search list in the scenario of information. Consider the same numerical example in Section 

3.1.2, with parking reservation, the probability of being available of space 0, 1, −1, …, 7, and 

−7 is equal to the one of space 𝑁, 𝑁 − 1, 𝑁 − 2, …, 𝑁 − 13, and 𝑁 − 14 in the scenario of 

parking information respectively (see Figure 3-4). Consequently, the probability of each space 

being available at the steady state is shown in Figure 3-5. It can be observed that these 

probabilities are relatively symmetric with respect to the destination, while the ones in Section 

3.1.2 are monotonically increasing.  
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As no driver needs to cruise for parking with the reservation service, the expected 

cruising time in this case will always be zero. For each parking space 𝑖, similar to 𝐴𝑖, we define 

𝐵𝑖 as follows: 

𝐵𝑖 =

{
  
 

  
 
∏ (1 − 𝑝𝑗)

𝑖−1

𝑗=−𝑖+1

  if 𝑖 > 0

      1                       if 𝑖 = 0

∏ (1 − 𝑝𝑗)

−𝑖

𝑗=𝑖+1

     if 𝑖 < 0

 

The expected walking time can thus be written as follows: 

𝐸(𝑤) = ∑ 𝑤𝑖𝑝𝑖𝐵𝑖

𝑁

𝑖=−𝐿

= ∑
𝑤𝑖(1 − 𝑝𝑖)𝛾

𝜆

𝑁

𝑖=−𝐿

 

For the above numerical example, the reservation service reduces the expected walking 

time to 2.679. Compared with the information service, the value of reservation is worth 0.396 (in 

the unit of walking time) for each driver. Detailed comparison of these services will be provided 

in Section 3.3. 

3.2 Verification 

We apply NetLogo (http://ccl.northwestern.edu/netlogo/) to construct an agent-based 

simulation model to verify the predictions drawn from the aforementioned analytical study. 

Specifically, for the status quo, three types of drivers who start cruising for parking from spaces 

#7, #6, and #5 are considered, and their proportions are assumed to be the same; while in the 

scenario of information, all drivers start cursing for parking at the optimal value of 𝑁. In the 

verification, we focus on the expected walking time as it is assumed to be the measure that 

drivers essentially care about.  

http://ccl.northwestern.edu/netlogo/
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The simulation and analytical results are shown in Figure 3-6. While the two results 

appear largely consistent, it can be observed that the walking times in the simulation are higher 

than the analytical results in most cases. The discrepancy varies from 0.6% to 11.2%, 2.6% to 

15.4%, and 3.1% to 10.7% respectively for the status quo, with information and with reservation 

service scenarios. We believe that such discrepancy is largely caused by the assumption that the 

arrival headway for each parking space follows exponential distribution. This assumption 

behaves as an acceptable approximation for our serving system and has greatly simplified the 

formulation. However, strictly speaking, it omits the relationships between the states of adjacent 

parking spaces. As an example, a direct statistical test is implemented on the scenario of 

reservation to show that the arrival headways’ distribution deviates more severely from the 

exponential distribution, when parking spaces are farther away from the “first choice” space. 

For each parking space, we fit the arrival headways with an exponential distribution, to 

obtain the exponential index as well as its 95% confidence intervals. The fitting degrees are 

compared using the following positive index, defined as Fitting Index: 

Fitting Index =
‖Confidence Interval‖

Exponential Index
 

The smaller this index is, the better fitted the samples are. We select seven sample groups 

of arrival headways, corresponding to ratios of arrival and departure rate, ranging from 0.9 to 36. 

Figure 3-7 depicts the relationships between the fitting index and the parking space under 

different ratios. 

In Figure 3-7, although the spans in x-axis (i.e. the number of parking spaces being 

utilized) are different, the pattern of the fitness is consistent that parking spaces closer to the 

“first choice” space face more exponentially distributed arrival headways. Reversely, parking 

spaces far away from the “first choice” space show rapidly growing fitting indexes. This 
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demonstrates that under exponential initial arrival, only those parking spaces near the “first 

choice” space have exponentially distributed or approximate exponentially distributed arrival 

headways. As the dependence between adjacent parking spaces gradually accumulates, the 

parking spaces far from the “first choice” space no longer experience exponential arrivals. 

However, the portion of vehicles cruising to the spaces far from the “first choice” space is 

relatively small. So the influences from the exponential arrival assumption, which may result in 

the discrepancies between the analytical models and real situations, are also limited.  

To relax this assumption, an approximate renewal model for the queueing system with 

general inter-arrival times and service times may be considered. We leave this to our future 

investigation. On the other hand, we conclude that the analytical models are acceptable since 

they produce largely consistent results in the numerical experiments we conducted. 

3.3 Comparison 

To compare the expected walking times in three different scenarios, we combine the 

results obtained from the analytical models in the numerical setting described in Section 3.1 (see 

Figure 3-8). For curbside parking on a one-way street, we have three observations: 1) compared 

with the status quo, the reservation service reduces the expected walking time; 2) providing 

information does not necessarily improve the performance of the parking system, as it may 

intensify the parking competition; and 3) the expected walking time with reservation is always 

less than the one with real-time information.  

Because the expected walking time at the status-quo steady state largely depends on the 

proportion distribution of the drivers specified exogenously for the analysis (recall that 𝑐7 =

𝑐6 = 𝑐5 =
1

3
 is assumed for the status-quo curve in Figure 3-8). To further validate the impacts of 

information and reservation services, we are interested in finding the best-case status quo, i.e., 
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the status quo with the minimum expected walking time among all possible drivers’ proportion 

distributions. It can be obtained by solving the following mathematical program:  

min
𝒄,𝒑

∑
𝑤𝑖(1 − 𝑝𝑖)𝛾

𝜆

𝑁

𝑖=−𝐿

 

s.t. (3-1) 

𝑐𝑘 ≥ 0, ∀𝑘 = 0,⋯ ,𝑁 

∑𝑐𝑘

𝑁

𝑘=0

= 1 

where 𝑁 and 𝐿 are both given and are sufficiently large. We solve the above program for our 

numerical examples with 𝑁 = 𝐿 = 100. The curve of the best-case status quo in Figure 3-8 

depicts the obtained optimal objective value. It is straightforward that the best-case expected 

walking time is always not greater than the one with real-time information, because the latter can 

be regarded as a special case of the former. It is interesting to observe that the best-case walking 

times are still greater than those with reservation, suggesting that reservation is indeed a good 

policy for managing parking in our setting. Below we provide a proof to confirm our observation 

that reservation can always yield an expected walking time lower than the best-case status quo, 

and subsequently the one with real-time information.  

For the proof, we definite the type of a driver as per the space at which he starts cruising 

under the status quo. More specifically, drivers of type 𝑖 are those who start cruising for parking 

at space 𝑖, where 𝑖 ∈ [0,∞]. The arrival rate of type 𝑖 drivers is equal to 𝑐𝑖𝜆. If 𝑐𝑖 = 0, the 

demand for type 𝑖 drivers equals 0. Then, define {𝐶𝑘, 𝑘 ≥ 0} as a series of sub-scenarios. Under 

scenario 𝐶𝑘, drivers from type 0 to type 𝑘 take the reservation strategy (R) on section [−∞, 𝑘]; 

and drivers of type 𝑘 + 1 or above take the original cruising strategy (O) before space 𝑘 and 
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switch to reservation (R) on section [−∞, 𝑘]. For each transition from 𝐶𝑘 to 𝐶𝑘+1, the reservation 

section range expands from [−∞, 𝑘] to [−∞, 𝑘 + 1]. If we only consider section [−∞, 0], the 

performances of drivers’ strategy under status quo and reservation service are identical. Thus, 

scenarios 𝐶0 and 𝐶+∞ respectively capture the situations under the status quo and reservation 

service. Then, we introduce an intermediate scenario (denote as 𝐶𝑘+0.5) between 𝐶𝑘 and 𝐶𝑘+1, 

under which drivers of type 𝑘 or below take the same strategy as drivers of type 𝑘 + 1 in 𝐶𝑘. 

That is to let drivers of type 𝑘 or below start at space 𝑘 + 1 first and then take the reservation 

strategy on section [−∞, 𝑘].The flow charts of 𝐶𝑘, 𝐶𝑘+0.5, and 𝐶𝑘+1 are shown in Figure 3-9 for 

comparison. The range of 𝑍 represents the set of driver types that the corresponding flow belongs 

to. 

Further, we denote 𝜆𝑖
𝑎 and 𝜆𝑖

𝑝
 as the rate of vehicles’ arrival and parking at space 𝑖, 

respectively. And denote 𝜆𝑖
𝑠 as the rate of vehicles who start searching at space 𝑖, either by 

cruising or reservation. Lemma 3.1 below concerns the relationship between these rates of 

consequent spaces. Denote 𝐽 as a set of spaces that drivers subsequently visit in a searching 

process. For any pair of spaces 𝑖, 𝑗 ∈ 𝐽 along the searching chain, if space 𝑖 is visited before space 

𝑗 under a certain strategy, then we have 𝑖 > 𝑗.  

Lemma 3.1. Suppose there exists a space 𝑄 ∈ 𝐽, such that 𝜆𝑄
𝑎  increases and 𝜆𝑞

𝑠  remains 

the same for ∀𝑞 ∈ {𝐽|𝑗 < 𝑄}. Then, both flow rates 𝜆𝑞
𝑎 and 𝜆𝑞

𝑝
 also increase, ∀𝑞 ∈ {𝐽|𝑗 ≤ 𝑄}; 

vice versa. 

Proof. For any adjacent pair of parking spaces (𝑞, 𝑞 − 1) ∈ {𝐽|𝑗 ≤ 𝑄}, we have 

𝜆𝑞
𝑝 =

𝛾𝜆𝑞
𝑎

𝛾 + 𝜆𝑞
𝑎 (3-2) 

and 
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𝜆𝑞−1
𝑎 =

𝜆𝑞
𝑎2

𝛾 + 𝜆𝑞
𝑎 + 𝜆𝑞−1

𝑠  (3-3) 

Taking the derivative of 𝜆𝑄
𝑎  on both sides of (3-2) and (3-3), we obtain 

d𝜆𝑞
𝑝

d𝜆𝑄
𝑎 =

𝛾2

(𝛾 + 𝜆𝑞
𝑎)
2 ∙
d𝜆𝑞

𝑎

d𝜆𝑄
𝑎  

and 

d𝜆𝑞−1
𝑎

d𝜆𝑄
𝑎 =

2𝛾𝜆𝑞
𝑎 + 𝜆𝑞

𝑎2

(𝛾 + 𝜆𝑞
𝑎)
2 ∙

d𝜆𝑞
𝑎

d𝜆𝑄
𝑎  

As the coefficients 
𝛾2

(𝛾+𝜆𝑞
𝑎)
2 and 

2𝛾𝜆𝑞
𝑎+𝜆𝑞

𝑎2

(𝛾+𝜆𝑞
𝑎)
2  are positive, both 

d𝜆𝑞
𝑝

d𝜆𝑄
𝑎  and 

d𝜆𝑞−1
𝑎

d𝜆𝑄
𝑎  have the same 

sign as 
d𝜆𝑞

𝑎

d𝜆𝑄
𝑎 . Since 

d𝜆𝑄
𝑎

d𝜆𝑄
𝑎 = 1 > 0, using the mathematical induction method, we have both 

d𝜆𝑞
𝑝

d𝜆𝑄
𝑎  and 

d𝜆𝑞
𝑎

d𝜆𝑄
𝑎  be positive for ∀𝑞 ∈ {𝐽|𝑗 ≤ 𝑄}.  

Then back to the transition from 𝐶𝑘 to 𝐶𝑘+0.5 and 𝐶𝑘+1, Lemma 3.2 and 3.3 below always 

hold in pace with the transition. 

Lemma 3.2. When switching from 𝐶𝑘 to 𝐶𝑘+0.5, 𝜆𝑖
𝑝
 does not increase for ∀𝑖 ∈ [−∞, 𝑘]. 

Proof. In scenarios 𝐶𝑘 and 𝐶𝑘+0.5, we have the following flow rate relations: 

𝜆0
𝑎(𝐶𝑘) = 𝜆𝑘+1

𝑎 (𝐶𝑘) − 𝜆𝑘+1
𝑝 (𝐶𝑘) + 𝜆0

𝑠(𝐶𝑘) (3-4) 

𝜆0
𝑎(𝐶𝑘+0.5) = 𝜆𝑘+1

𝑎 (𝐶𝑘+0.5) − 𝜆𝑘+1
𝑝 (𝐶𝑘+0.5) (3-5) 

𝜆𝑘+1
𝑎 (𝐶𝑘+0.5) = 𝜆𝑘+1

𝑎 (𝐶𝑘) + 𝜆0
𝑠(𝐶𝑘) (3-6) 

Behind each flow rate, the index within the parentheses labels the scenario where the rate 

belongs to. Then, by substituting (3-6) into (3-5) and then subtracting (3-4), we obtain 

𝜆0
𝑎(𝐶𝑘+0.5) − 𝜆0

𝑎(𝐶𝑘) = −(𝜆𝑘+1
𝑝 (𝐶𝑘+0.5) − 𝜆𝑘+1

𝑝 (𝐶𝑘))  
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Since 𝜆𝑘+1
𝑎 (𝐶𝑘+0.5) ≥ 𝜆𝑘+1

𝑎 (𝐶𝑘) according to (3-6), we have 𝜆0
𝑎(𝐶𝑘+0.5) ≤ 𝜆0

𝑎(𝐶𝑘). As 𝜆0
𝑎 

is the only inflow for section [−∞, 𝑘], using Lemma 3.1, 𝜆𝑖
𝑝(𝐶𝑘+0.5) is no greater than 𝜆𝑖

𝑝(𝐶𝑘) 

for ∀𝑖 ∈ [−∞, 𝑘]. And the equality holds if and only if 𝜆0
𝑠(𝐶𝑘) = 0.  

Lemma 3.3. When switching from 𝐶𝑘 to 𝐶𝑘+1, 𝜆𝑖
𝑝
 does not decrease for ∀𝑖 ∈ [−𝑘, 𝑘], 

and not increase for ∀𝑖 ∈ [−∞,−𝑘 − 1]. Besides, 𝜆𝑖
𝑝
 cannot stay invariable on both [−𝑘, 𝑘] and 

[−∞,−𝑘 − 1] simultaneously. 

Proof. We first prove the first half of the lemma: 

I. The flow rate in 𝐶𝑘 and 𝐶𝑘+1 has the relation that 𝜆0
𝑎(𝐶𝑘+1) = 𝜆0

𝑎(𝐶𝑘) + 𝜆𝑘+1
𝑝 (𝐶𝑘) ≥

𝜆0
𝑎(𝐶𝑘). Since there are no additional inflows except 𝜆0

𝑎 for space section [−𝑘, 𝑘] in both 

𝐶𝑘 and 𝐶𝑘+1, we have 𝜆𝑖
𝑝
 does not decrease for ∀𝑖 ∈ [−𝑘, 𝑘] according to Lemma 3.1. 

The equality holds if and only if 𝜆𝑘+1
𝑝 (𝐶𝑘) = 0, which also means 𝜆𝑖

𝑠(𝐶𝑘) = 0 for ∀𝑖 ∈

[𝑘 + 1,+∞]. 

II. Comparing scenarios 𝐶𝑘+0.5 and 𝐶𝑘, the only difference is the searching order between 

space 𝑘 + 1 and section [−𝑘, 𝑘]. Thus, we have 𝜆−𝑘−1
𝑎 (𝐶𝑘+1) = 𝜆−𝑘−1

𝑎 (𝐶𝑘+0.5). Since 

𝜆−𝑘−1
𝑎  is the only inflow for section [−∞,−𝑘 − 1], we have 𝜆𝑖

𝑝(𝐶𝑘+1) = 𝜆𝑖
𝑝(𝐶𝑘+0.5) for 

∀𝑖 ∈ [−∞,−𝑘 − 1]. As 𝜆𝑖
𝑝(𝐶𝑘+0.5) is no greater than 𝜆𝑖

𝑝(𝐶𝑘) for ∀𝑖 ∈ [−∞,−𝑘 − 1] 

proven in Lemma 3.2, 𝜆𝑖
𝑝(𝐶𝑘+1) should also be no larger than 𝜆𝑖

𝑝(𝐶𝑘). Similar to Lemma 

3.2, the equality holds if and only if 𝜆0
𝑠(𝐶𝑘) = 0. 

The proof for the second half is straightforward. When 𝐶𝑘 transfers to 𝐶𝑘+1, if 𝜆𝑖
𝑝
 stays 

invariable on both [−𝑘, 𝑘] and [−∞,−𝑘 − 1], then 𝜆𝑖
𝑠(𝐶𝑘) = 0 for ∀𝑖 ∈ {0} ∪ [𝑘 + 1,+∞]. 

Therefore, the total demand 𝜆 = ∑ 𝜆𝑖
𝑠(𝐶𝑘)𝑖∈{0}∪[𝑘+1,+∞]  should equal zero, which makes a 

contradiction to our assumption that the demand is nonzero.  
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Using Lemma 3.3, we now present the proof for our observation. 

Theorem 3.1. The reservation service yields an expected walking time lower than the 

best-case status quo.  

Proof. Define 𝑇𝑘 as the systematic expected walking time under scenario 𝐶𝑘. Then, we 

know that 𝑇0 and 𝑇+∞ represent the expected walking time under status quo and reservation 

service respectively. The following proves 𝑇𝑘 > 𝑇𝑘+1 for ∀𝑘 ∈ ℕ: 

Denote 𝜆𝑖
𝑝(𝐶𝑘+1) − 𝜆𝑖

𝑝(𝐶𝑘) as Δ𝜆𝑖
𝑝
. Then, we set up the following relationship between 

𝑇𝑘 and 𝑇𝑘+1: 

𝑇𝑘+1 − 𝑇𝑘 = ∑ [𝜆𝑖
𝑝(𝐶𝑘+1) − 𝜆𝑖

𝑝(𝐶𝑘)] ∙ 𝑤𝑖𝑖∈[−∞,𝑘+1] 𝜆⁄   

= [Δ𝜆𝑘+1
𝑝 ∙ 𝑤𝑘+1 +∑ Δ𝜆𝑖

𝑝 ∙ 𝑤𝑖𝑖∈[−𝑘,𝑘] + ∑ Δ𝜆𝑖
𝑝 ∙ 𝑤𝑖𝑖∈[−∞,−𝑘−1] ] 𝜆⁄   

< [Δ𝜆𝑘+1
𝑝 ∙ 𝑤𝑘+1 + ∑ Δ𝜆𝑖

𝑝 ∙ 𝑤𝑘+1𝑖∈[−𝑘,𝑘] + ∑ Δ𝜆𝑖
𝑝 ∙ 𝑤𝑘+1𝑖∈[−∞,−𝑘−1] ] 𝜆⁄   

= (∑ Δ𝜆𝑖
𝑝

𝑖∈[−∞,𝑘+1] ) ∙ 𝑤𝑘+1 𝜆⁄ = 0  

The inequality results from the fact that 𝑤𝑖 ≤ 𝑤𝑘+1, ∀𝑖 ∈ [−𝑘, 𝑘], and 𝑤𝑖 ≥ 𝑤𝑘+1, ∀𝑖 ∈

[−∞,−𝑘 − 1]. Further, based on Lemma 3.3, we have Δ𝜆𝑖
𝑝 ≥ 0 on 𝑖 ∈ [−𝑘, 𝑘], and Δ𝜆𝑖

𝑝 ≤ 0 on 

𝑖 ∈ [−∞,−𝑘 − 1]. The two inequalities could not be bounded simultaneously. So we have 

𝑇𝑘+1 < 𝑇𝑘 for ∀𝑘 ∈ ℕ. Therefore, 𝑇+∞ < 𝑇0. That is, the reservation can always yield an 

expected walking time lower than the best-case status quo.   

3.4 Summary 

We have developed the analytical models for curbside parking on a one-way street 

considering three different scenarios: status quo, providing real-time parking availability 

information, and allowing reservations. To verify the performance of these analytical models, 

NetLogo has been applied to develop an agent-based parking simulation. The results show that 

the analytical models can produce results largely consistent with the simulation. The discrepancy 
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can be attributed to the assumption that the arrival headway of each parking space follows an 

exponential distribution. We have concluded that in the particular setting considered in this 

chapter, parking reservation is the best policy to reduce drivers’ expected walking time and 

providing parking information may worsen the performance of the parking system.  

Our future study will investigate how advanced parking management will affect parking 

competition and its outcome on a more general network with multiple destinations. 
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Table 3-1. Walking times and expected walking times at various starting spaces 

𝑤𝑖 𝐸(𝑤|𝑁 = 𝑖 − 1) 
11 5.257 

10 4.469 

9 3.817 

8 3.319 

7 2.988 

6 2.832 

5 2.859 

4 3.075 

3 3.482 

2 4.084 

1 4.884 
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Figure 3-1. An abstract setting of curbside parking at a one-way street 
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Figure 3-2. Probability of being available in the status-quo scenario 
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Figure 3-3. Probability of being available with information 
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Figure 3-4. The relation between parking with real-time information and reservation service 
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Figure 3-5. Probability of being available  
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(a) Status quo 

  
(b) With real-time information 

 
(c) With reservation  

Figure 3-6. Expected walking times from analytical model and simulation 
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Figure 3-7. Results of fitting index vs. parking spaces in different scenarios 

 

 

 

Figure 3-8. Results from analytical model in different scenarios 
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Figure 3-9. Flow charts of 𝐶𝑘, 𝐶𝑘+0.5 and 𝐶𝑘+1 

 



 

58 

CHAPTER 4 

PARKING RESERVATION FOR MANAGING DOWNTOWN CURBSIDE PARKING 

This chapter discusses a smartphone-based parking reservation system that manages a 

finite number of curbside parking spaces located at different places in a downtown area. Parking 

reservation schemes are designed to minimize the total social cost of parking, which is assumed 

to be a weighted sum of the cruising times for drivers to travel from their current locations to 

allocated parking spaces, and the walking times from parking to their final destinations. 

Assuming a perfect information of cruising and walking times, we present a simple reservation 

scheme to achieve an optimum allocation of parking spaces. However, although the locations of 

drivers can be retrieved from their smartphones, we illustrate that drivers have incentive to 

misreport their final destinations for their own benefit, which compromises the system benefit. 

We thus apply the Vickrey-Clark-Groves (VCG) mechanism to determine the allocation of 

parking spaces and parking fees to minimize the total social cost while ensuring all drivers to 

report truthfully their final destinations. Lastly, we discuss a revenue redistribution scheme to 

further reduce the financial burden of drivers and increase the public acceptance of the 

reservation system. 

 For the remainder, Section 4.1 illustrates the necessity for an optimal parking reservation 

scheme and further outlines the scheme with perfect information of cruising and walking times. 

Section 4.2 illustrates the incentive for drivers to misreport their final destinations, and applies 

the VCG mechanism on both static and dynamic parking reservation problems with private 

information. Section 4.3 provides a numerical example to demonstrate the performance of our 

proposed schemes, followed by the introduction of revenue redistribution to reduce the financial 

burden of drivers in Section 4.4. Lastly, Section 4.5 concludes the chapter. 



 

59 

4.1 Parking Reservation with Perfect Information 

4.1.1 Static Scheme Design 

Parking reservation can be simply FCFS, which allows a driver to select and reserve the 

best parking space among currently available ones. Without considering the impact of each 

reservation on the social cost of the system, such a scheme may not be sensible. To illustrate this, 

we use a small example where three drivers (V1, V2, and V3) make their parking reservations 

sequentially, and their parking costs (weighted sums of cruising and walking times) to each 

space are shown in Table 4-1, where S1, S2, and S3 represent three parking spaces. Based on the 

FCFS principle, the parking assignment will be (V1, S1), (V2, S2) and (V3, S3) and thus the total 

social cost is 17. However, another assignment of (V1, S3), (V2, S2) and (V3, S1) yields a social 

cost of 12, a nearly 30% saving. In fact, such an assignment is optimal, minimizing the social 

cost. The question of interest is how to design a reservation scheme to achieve the system 

optimum.  

For simplicity, we first consider a static parking reservation problem in which drivers at 

different locations reserve parking spaces at the same time, or drivers are patient enough to wait 

until the system receives all the requests and makes a final assignment decision. The reservation 

system can only take reservation requests up to the number of available parking spaces, and then 

decides the space allocation plan. Once a driver is assigned to a particular space, he or she will 

accept it and cannot make another reservation. Additionally, it is assumed that drivers will 

occupy the spaces for the whole planning horizon, i.e., an occupied parking space will not 

become available again. This assumption can only be justified for situations where drivers come 

to the downtown area to work or participate in a full-day event. Our future study will relax this 

assumption to consider different parking durations.  
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With the above consideration, let 𝐼 and 𝐽 represent the sets of drivers requesting parking 

reservations and the available parking spaces respectively. Let 𝑒𝑖𝑗 denote the parking cost for 

driver 𝑖 to park at space 𝑗. Again, the cost is a weighted sum of his cruising and walking times. 

Then the system optimum assignment (SO) can be obtained by solving the following linear 

program (He et al., 2015). 

SO: 

min
𝒙
∑𝑥𝑖𝑗𝑒𝑖𝑗
𝑖𝑗

 
  

s.t.   

∑𝑥𝑖𝑗
𝑗

= 1 ∀𝑖  (4-1) 

∑𝑥𝑖𝑗 ≤ 1

𝑖

 ∀𝑗  (4-2) 

𝑥𝑖𝑗 ≥ 0 ∀𝑖, 𝑗  (4-3) 

where 𝑥𝑖𝑗 is the variable representing whether space 𝑗 is assigned to vehicle 𝑖. The first constraint 

suggests that every driver whose reservation request is accepted by the system should be 

assigned with one and only one parking space, while the second constrain ensures that every 

parking space can be assigned to at most one driver. Since the matrix associated with the first 

two constraints is totally unimodular, the optimum solutions are integer. 

4.1.2 Dynamic Scheme Design 

Nevertheless, in practice, it is unrealistic to require drivers to wait patiently until all the 

reservation requests are in before receiving a reservation decision. Realistically, drivers will send 

their reservation requests to the system over time and expect a decision within a short period of 

time. To address this issue, we divide the whole planning horizon into a finite number of short 
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time intervals. At the end of each interval, the reservation system will make decisions on the 

requests received within the interval. For a reservation decision, drivers can take-it-or-leave-it. A 

dynamic programming approach may be adopted to design a reservation scheme to achieve some 

form of global optimality, considering uncertain reservation requests and parking supply at 

future intervals. We leave this to our future investigation. In this chapter, we propose to solve the 

above SO at each interval to achieve a myopic system optimum. This approach is simple to 

implement and computationally efficient. 

4.2 Parking Reservation with Private Information 

4.2.1 Incentive to Lie 

As aforementioned, the parking cost is a combination of cruising and walking times. 

Figure 4-1 shows a scenario where two vehicles (V1 and V2) reserve for two spaces (S1 and S2), 

and D1 and D2 are their actual final destinations. In the figure, the number beside each link 

represents the cruising or walking time. To be simple, suppose the weights of cruising time and 

walking time are both 1, i.e., 𝑒𝑖𝑗 = 𝑡𝑖𝑗 + 𝑤𝑖𝑗. As a result, the parking costs of vehicles to spaces 

are shown in Table 4-2. Obviously, according to the definition of system optimum, the best 

assignment is (V1, S2) and (V2, S1), and the total cost is 57.  

However, V1 may misreport his or her destination to get assigned with S1, which leads to 

a lower parking cost for him or her. Figure 4-2 shows such a situation. Consequently, the parking 

costs change to those in Table 4-3. Thus, the system optimum assignment becomes (V1, S1) and 

(V2, S2) with a social cost of 74. However, in such a situation, the real social cost is 77, much 

larger than the one when both drivers report their destinations truthfully, i.e., 57. Unfortunately, 

V1 does have incentive not to do so.  

Since the truthful parking costs are unknown to the parking reservation system, the 

system optimum reservation can only be defined as the one that minimizes the total reported 
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parking social cost. Define �̂�𝑖𝑗 as the parking cost calculated based on the reported destination 

from the driver. Similar to SO, the system optimum based on the reported parking costs (SO-R) 

can be formulated as follows. 

SO-R:  

min
𝒙
∑𝑥𝑖𝑗�̂�𝑖𝑗
𝑖𝑗

 

s.t.  (4-1)-(4-3) 

4.2.2 Static Scheme Design 

To address potentially harmful misreporting, we apply mechanism design techniques to 

design a parking reservation scheme. Mechanism design is a subfield of economics that 

considers the problem of providing incentives to self-interested agents to provide the truthful 

information and further achieve desired system-wide outcomes in the system (Parkes et al., 

2004). A mechanism design should be efficient, i.e., the output can always ensure the desired 

system outcome; strategy-proof, i.e., drivers don’t have the incentive to lie, and ex-post 

individual rationality (IR), i.e., participating in the mechanism is always not worse than not 

participating. Further, agents are supposed to have private information, and assumed to be 

rational to maximize their utility. The parking reservation problem of interest in this chapter does 

satisfy these assumptions: all drivers have their private information of their final destinations and 

they attempt to minimize their individual parking cost. 

Classical mechanism design is concerned with static, one-shot problems, in which all 

agents are assumed to make a one-time decision and be patient enough to wait for the decision 

(Parkes and Singh, 2003), such as the first-price sealed auction, second-price sealed auction, 

VCG mechanism. Among them, the VCG mechanism (Vickrey, 1961; Clarke, 1971; Groves, 

1973) is the most well-known mechanism for allocating multiple items, and has been widely 

applied to areas such as network rate allocation (Yang and Hajek, 2006), base station resource 
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allocation (Hong and Garcia, 2012), and Internet advertising (Varian, 2009). In this chapter, we 

apply the VCG mechanism to design a static parking reservation system where all drivers make 

reservations at the same time or they are patient enough to wait for the final decision. 

As per the VCG mechanism, each driver will be allocated a parking space and charged a 

parking fee. The fee is equal to the harm they cause to the other drivers. Such a reservation 

scheme is supposed to provide incentive for drivers to report truthfully and eventually achieve 

the desired outcome, i.e., the minimal social cost.  

Let 𝑃𝑖(𝑋
∗; 𝑒𝑖, �̂�) = ∑ 𝑥𝑖𝑗

∗ 𝑒𝑖𝑗𝑗  represent the actual or real parking cost for driver 𝑖 when 

accepting the parking space assignment from the reservation system, where 𝑋∗ denotes the 

solution to SO-R; 𝑒𝑖 is a vector describing the real parking costs to all parking spaces for driver 𝑖, 

i.e., 𝑒𝑖 = (𝑒𝑖1,⋯ , 𝑒𝑖𝑛); and �̂� = (⋯ , �̂�𝑖𝑗 , ⋯ ), representing all reported parking costs. The parking 

fee for driver 𝑖, denoted as 𝑇𝑖(𝑋
∗; �̂�), is calculated below: 

𝑇𝑖(𝑋
∗; �̂�) =∑𝑃𝑘(𝑋

∗; �̂�𝑘, �̂�)

𝑘≠𝑖

−∑𝑃𝑘(𝑋−𝑖
∗ ; �̂�𝑘, �̂�−𝑖)

𝑘

 (4-4) 

where 𝑋−𝑖
∗  denotes the solution to SO-R when driver 𝑖 is excluded.  

Define 𝑇𝐶𝑖(𝑋
∗; 𝑒𝑖, �̂�) as the individual total cost, i.e., the sum of the cruising time, 

walking time and parking fee of driver 𝑖. Mathematically, we have:  

𝑇𝐶𝑖(𝑋
∗; 𝑒𝑖, �̂�) = 𝑃𝑖(𝑋

∗; 𝑒𝑖, �̂�) + 𝑇𝑖(𝑋
∗; �̂�) (4-5) 

Due to the fact that the real social cost obtained when all drivers report their destination 

truthfully is less than the one when driver 𝑖 reports untruthfully, we have:  

𝑃𝑖(𝑋
∗; 𝑒𝑖, [�̂�𝑖, 𝑒−𝑖]) +∑𝑃𝑘(𝑋

∗; 𝑒𝑘, [�̂�𝑖, 𝑒−𝑖])

𝑘≠𝑖

≥∑𝑃𝑘(𝑋
∗; 𝑒𝑘, 𝑒)

𝑘

 (4-6) 

Further, considering another situation where the real parking costs are (𝑒𝑖, �̂�−𝑖) and all the 

drivers except driver 𝑖 report their truthful destinations, (4-6) yields the following:    
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𝑃𝑖(𝑋
∗; 𝑒𝑖, �̂�) +∑𝑃𝑘(𝑋

∗; �̂�𝑘, �̂�)

𝑘≠𝑖

≥ 𝑃𝑖(𝑋
∗; 𝑒𝑖, [𝑒𝑖, �̂�−𝑖]) +∑𝑃𝑘(𝑋

∗; �̂�𝑘, [𝑒𝑖, �̂�−𝑖])

𝑘≠𝑖

 (4-7) 

Proposition 4.1. Suppose that under the VCG reservation scheme, driver 𝑖 misreports his 

or her destination, i.e., �̂�𝑖 ≠ 𝑒𝑖. Consequently, his or her individual total cost will be more than 

the one when he or she reports the destination truthfully, regardless of whatever the other drivers 

report.  

Proof.  

𝑇𝐶𝑖(𝑋
∗; 𝑒𝑖, �̂�)  

= 𝑃𝑖(𝑋
∗; 𝑒𝑖, �̂�) + ∑ 𝑃𝑘(𝑋

∗; �̂�𝑘, �̂�)𝑘≠𝑖 − ∑ 𝑃𝑘(𝑋−𝑖
∗ ; �̂�𝑘, �̂�−𝑖)𝑘   

≥ 𝑃𝑖(𝑋
∗; 𝑒𝑖, [𝑒𝑖, �̂�−𝑖]) + ∑ 𝑃𝑘(𝑋

∗; �̂�𝑘, [𝑒𝑖, �̂�−𝑖])𝑘≠𝑖 − ∑ 𝑃𝑘(𝑋−𝑖
∗ ; �̂�𝑘, �̂�−𝑖)𝑘   

= 𝑃𝑖(𝑋
∗; 𝑒𝑖, [𝑒𝑖, �̂�−𝑖]) + 𝑇𝑖(𝑋

∗; [𝑒𝑖, �̂�−𝑖])  

= 𝑇𝐶𝑖(𝑋
∗; 𝑒𝑖, [𝑒𝑖 , �̂�−𝑖])  

where the first equality follows from (4-4) and (4-5); the first inequality comes from (4-7); and 

the second equality is from (4-4).  

To illustrate the above proposition, let’s consider the parking reservation scenario in 

Figure 4-1, where the system optimum assignment is (V1, S2) and (V2, S1). Take V1 as an 

example. When V1 is present, the total parking cost of the other driver, V2, is 27; when V1 drops 

out, the total parking cost is still 27, because the new system optimum assignment is (V2, S1). 

According to the VCG mechanism, the parking fee charged on V1 is 𝑇1 = 27 − 27 = 0. Thus, 

the individual total cost of V1 is 𝑇𝐶1 = 30 + 0 = 30. On the other hand, if V1 misreports his or 

her destination like in Figure 4-2, then the system optimum assignment becomes (V1, S1) and 

(V2, S2). Similarly, the parking fee charged on V1 can be calculated as 𝑇1 = 62 − 27 = 35, and 

thus his or her individual total cost becomes 𝑇𝐶1 = 15 + 35 = 50, much larger than before, i.e., 

30. Therefore, by charging a parking fee on V1 according to the VCG mechanism, there is no 
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incentive for the driver to misreport his or her destination. This is true for V2 as well. Thus the 

reservation scheme yields the system optimum prescribed by SO.  

4.2.3 Dynamic Scheme Design 

Similar to the dynamic scheme with perfect information, we now design a dynamic 

reservation scheme with private information, which can be described as an online mechanism 

design problem. Online mechanism design is to provide a sequence of decisions over time rather 

than a decision at the end (Parkes et al., 2004). For example, Friedman and Parkes (2003) 

considered the online VCG mechanism to design a pricing scheme of WiFi at Starbucks to 

maximize the total profit. In their study, the agents have various valuations for the WiFi service, 

and they arrive over time and can only announce their arrivals only after they arrived, i.e., 

reservations are not allowed. Gershkov and Moldovanu (2010) discussed the allocation of a set 

of distinct durable goods to a set of buyers by applying the online mechanism design to 

maximize the welfare. Specifically, the buyers are assumed to be impatient and arrive 

sequentially based on a Poisson or renewal process, and further, they share the same ranking of 

the goods. Gerding et al. (2011) proposed a model-free (no assumption of future demand and 

supply of electricity) online mechanism design based on the greedy allocation algorithm for 

electric vehicle charging, in order to achieve a higher electricity allocation efficiency. 

Unfortunately, none of these online mechanism designs is applicable to our parking reservation 

problem because of the characteristics of parking spaces. First of all, all parking spaces must be 

reserved before drivers arrive. Secondly, there is no generic ranking of parking spaces, as 

drivers’ preference orders of parking spaces depend on their current locations and final 

destinations. Thirdly, unlike electricity, once a parking space is assigned to one driver, it cannot 

be assigned to another driver before the driver leaves the space.  
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To design a dynamic reservation scheme with private information, we similarly divide 

the whole planning horizon into a finite number of short time intervals. At the end of each 

interval 𝑡 ∈ {1, 2,⋯ , 𝑇}, the reservation system will allocate spaces to the requests received 

within the interval and determine the corresponding parking fees. Similar to the perfect 

information case, we propose to apply the above VCG mechanism at each interval to achieve a 

myopic system optimum. Such a scheme is called as an iterative mechanism in this study. 

Obviously, by using the iterative mechanism, no drivers have incentive to misreport their parking 

costs at each interval. Further, as assumed before, no new spaces will become available during 

the planning horizon. We have thus the following proposition.  

Proposition 4.2. For any driver, the earlier the reservation is made, the less individual 

total cost he or she will experience.  

Proof. Suppose 𝑉𝑖 makes a reservation at interval 𝑡, and receives an allocated space 𝑆𝑞. 

As a result, its individual total cost will be more than or equal to 𝑒𝑖𝑞 (it will be equal to 𝑒𝑖𝑞 if the 

parking fee charged on 𝑉𝑖 is 0).  

On the other hand, if 𝑉𝑖 makes a reservation at an earlier interval 𝑡′, i.e., 𝑡′ < 𝑡, and space 

𝑗 is assigned to 𝑉𝑖. If 𝑆𝑗 = 𝑆𝑞, since 𝑆𝑞 remains at interval 𝑡, such allocation will not affect the 

parking space assignment of the other drivers, thus 𝑇𝑖 = 0. Consequently, his or her individual 

total cost 𝑇𝐶𝑖 = 𝑒𝑖𝑞 + 𝑇𝑖 = 𝑒𝑖𝑞. If 𝑆𝑗 ≠ 𝑆𝑞, to be assigned with 𝑆𝑞, 𝑉𝑖 could misreport his or her 

destination and consequently 𝑇𝐶𝑖
′ = 𝑒𝑖𝑞. However, because of the strategy-proof property of the 

VCG mechanism, there is no incentive for 𝑉𝑖 to do so, i.e., 𝑇𝐶𝑖 ≤ 𝑇𝐶𝑖
′ = 𝑒𝑖𝑞. Therefore, the 

individual total cost of 𝑉𝑖 when making reservation at interval 𝑡′ will be no larger than the one 

when his or her reservation is made at interval 𝑡 (𝑡′ < 𝑡).  
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The above proposition suggests that drivers will make their reservations as early as 

possible under the proposed iterative mechanism. For the proposed dynamic reservation scheme, 

if the interval is sufficiently long to be the planning horizon, it reduces to a static VCG 

mechanism; if the interval is short enough, it is essentially a FCFS scheme, because at each 

interval there is at most one driver. 

4.3 Numerical Example 

To demonstrate the performance of our proposed reservation schemes, we consider that 

100 drivers travel to a downtown area and reserve parking via a reservation system, which 

manages 100 parking spaces in the area. That is, |𝐼| = |𝐽| = 100. We randomly create 100 

different scenarios by generating parking costs (sum of cruising and walking times) from [1,100] 

and determining the request sequences of all drivers from {1, 2,⋯ , 100} both in a uniform 

manner. For each scenario, different durations of time interval are considered, including 1, 2, 5, 

10, 20, 25, 50, and 100. Correspondingly, the number of intervals is 100, 50, 20, 10, 5, 4, 2, and 

1 respectively. The optimum assignment of each situation is obtained by solving SO, and parking 

fees are calculated according to Equation (4-4). Table 4-4 presents the average social cost, 

revenue and individual total cost for the problem with private information. The results are the 

same for the problem with the perfect information except that the parking fees will be 0. 

As expected, when the number of time intervals increases, the social cost increases while 

the revenue decreases. Specifically, when the number of intervals is one, i.e., static parking 

reservation, the scheme can achieve the system optimum, and the social cost is only 38% of that 

under the FCFS principle. However, in this situation, the revenue is also largest, i.e., 308.56, 

increasing the individual total cost of drivers to 4.70, as compared to 4.24 under the FCFS 

principle. In fact, the FCFS principle leads to the smallest individual cost because all the parking 
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fees are 0. Our reservation scheme manages to achieve system optimum, but has to charge quite 

significant amount of parking fee to ensure all drivers to report truthfully. The scheme performs 

well from a societal perspective, but individual drivers may have a different opinion.  

4.4 Revenue Redistribution 

It has been recognized in the literature that the VCG mechanism is not budget balanced 

(Bailey et al., 1997). Myerson and Satterthwaite (1983) proved that it is impossible for a 

mechanism to be efficient, strategy-proof, ex-post IR, and exactly budget balanced 

simultaneously. In recent years, some attempted to achieve the budget balance by scarifying 

either the strategy-proofness or efficiency (Faltings, 2005; Parkes et al., 2001). Others proposed 

to redistribute the surplus to agents without affecting the properties of the VCG mechanism but 

achieve approximately the budget balance (Bailey et al., 1997; Cavallo, 2006; Gujar and 

Narahari, 2008; Guo and Conitzer, 2009). In this chapter, we consider redistributing the parking 

revenue to reduce individual travel costs of drivers. The rebate to each driver can be computed as 

the revenue collected by the reservation system without the driver divided by the total number of 

drivers (Bailey et al., 1997). More specifically, the rebate to driver 𝑖 is: 

𝑍𝑖 =
∑ 𝑇𝑙(𝑋−𝑖

∗ , �̂�−𝑖)𝑙∈𝐼\{𝑖}

𝑁
 

Since 𝑍𝑖 depends only on the information provided by the other drivers regardless of 

driver 𝑖. Therefore, the efficiency, strategy-proofness, and ex-post IR will not be affected. 

However, such a rebate scheme may run a deficit (Guo et al., 2011). Further, Proposition 4.2 

may not hold due to the effect of rebates. 

To demonstrate the revenue redistribution scheme, consider the example in the above 

section with a single time interval, i.e. static reservation. Figure 4-3 shows the percentage of 

revenue redistributed to drivers. It can be observed that at least 43% of the revenue will be 
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redistributed, and the rebate percentage can reach to more than 90% in some scenarios. On 

average, 76% of the revenue is redistributed. As a result, the average individual total cost of 

parking reduces to 2.34, which is much smaller than the one under the FCFS principle, i.e., 4.24. 

Moreover, in all 100 random scenarios, there is no deficit for the reservation system.  

To analyze the relationship between individual parking fees and rebates, we plot them for 

one selected scenario in Figure 4-4. It is easy to observe that individual rebates are relatively 

uniform, while individual parking fees vary drastically. This demonstrates that the amount of 

individual rebate doesn’t relate to the amount of individual parking fee. Consequently, a driver 

charged with a higher parking fee may receive a less amount of rebate or vice versa. 

4.5 Summary 

We have discussed a smartphone-based parking reservation system to manage downtown 

curbside parking and designed reservation schemes to allocate parking spaces. We first 

illustrated the need for designing a reservation scheme to minimize the total parking cost. Given 

that the parking cost is closely related to a private information of drivers, their final destinations, 

we showed that drivers have incentive to misreport the information. Consequently, we applied 

the VCG mechanism to determine parking fees to ensure all drivers to provide truthful 

information and allocate parking spaces optimally. We also verified that the iterative VCG 

mechanism can be used for dynamic parking reservation, and achieve a myopic system optimum. 

In this reservation scheme, all the drivers have incentive to make their reservations as early as 

possible. A numerical example was conducted to demonstrate the performance of the proposed 

schemes. As compared to the FCFS principle, the schemes can reduce the parking social cost up 

to 38%. To deal with the large amount of parking revenue, which increases individual costs of 

drivers, we examined a revenue redistribution mechanism. While achieving efficiency and 

strategy-proofness, the mechanism rebates, on average, 76% of the revenue in the same 
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numerical example, demonstrating its potential of making the proposed reservation system 

appealing to both society and individual drivers.  

Our future research will relax the assumption of homogenous parking duration and allow 

new parking spaces to become available in the planning horizon. Moreover, the revenue 

redistribution mechanism may be viewed by some as inequitable because drivers charged more 

may receive less rebate, and vice versa. More sophisticated forms of rebates can be investigated 

to address such an equity concern. 
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Table 4-1. Parking costs and request sequences 

 S1 S2 S3 Request Sequence 

V1 2 4 3 1 

V2 3 5 8 2 

V3 4 6 10 3 

 

 
Table 4-2. Parking costs at system optimum 

 S1 S2 

V1 15 30 

V2 27 62 

 

 

Table 4-3. Untruthful parking costs 

 S1 S2 

V1 12 55 

V2 27 62 

 

 

Table 4-4. Experimental results 

Number of Periods Average Social Cost Average Revenue Individual Total Cost 

1 161.17 308.56 4.70 

2 214.34 267.33 4.82 

4 266.47 211.42 4.79 

5 283.03 194.77 4.78 

10 329.20 119.20 4.48 

20 371.84 70.54 4.42 

50 395.11 32.77 4.28 

100 (FCFS) 424.47 0.00 4.24 
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Figure 4-1. Parking reservation scenario 
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Figure 4-2. Parking reservation scenario with misreported destination 
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Figure 4-3. Percentage of revenue redistributed to drivers 

 

 

 
Figure 4-4. Individual parking fee and rebate of every driver in a selected scenario 

  

0

10

20

30

40

50

60

70

80

90

100

1 4 7

1
0

1
3

1
6

1
9

2
2

2
5

2
8

3
1

3
4

3
7

4
0

4
3

4
6

4
9

5
2

5
5

5
8

6
1

6
4

6
7

7
0

7
3

7
6

7
9

8
2

8
5

8
8

9
1

9
4

9
7

1
0

0

R
eb

at
e 

P
er

ce
n

ta
ge

 (
%

)

Scenario ID

0.00

1.00

2.00

3.00

4.00

5.00

6.00

1 4 7

1
0

1
3

1
6

1
9

2
2

2
5

2
8

3
1

3
4

3
7

4
0

4
3

4
6

4
9

5
2

5
5

5
8

6
1

6
4

6
7

7
0

7
3

7
6

7
9

8
2

8
5

8
8

9
1

9
4

9
7

1
0

0

P
ar

ki
n

g 
fe

e/
R

eb
at

e

Driver ID

Individual Parking Fee Individual Rebate



 

74 

CHAPTER 5 

AN ADVANCED PARKING NAVIGATION SYSTEM FOR DOWNTOWN PARKING 

This chapter proposes to develop an advanced parking navigation system for downtown 

parking. The system manages a finite number of parking spaces located in a downtown area. It is 

envisioned that the system can access the availability of parking facilities via sensing and 

wireless communication technologies, and drivers can access the system via their smartphones. 

Assigning drivers to open spaces is essentially a two-sided matching problem: drivers are on one 

side and spaces are on the other side. Therefore, given drivers’ real-time locations and their 

parking space preferences, a two-sided matching algorithm will first be developed to achieve a 

stable driver-optimal matching. Under such a stable matching, drivers will be assigned to their 

most appropriate spaces (if any) at all times, and thus no driver can benefit from disobeying the 

navigation system. Moreover, the proposed matching algorithm will be strategy proof, implying 

that drivers will have no incentive to misreport their private information (e.g., real-time parking 

space preferences). Although drivers’ private information is required for applying the proposed 

matching algorithm, an efficient decentralized solution procedure will be applied to achieve the 

space assignment without disclosing such information. To demonstrate the performance of the 

proposed navigation system (hereinafter referred to as “matching system”), an agent-based 

simulation experiment will be conducted to show how the matching system improves the 

management of curbside parking compared with other navigation systems.   

For the remainder, Section 5.1 describes the architecture and the procedure of the parking 

navigation system. Section 5.2 introduces the two-sided matching model and the relevant results 

rooted in the stable driver-optimal matching strategy, and a decentralized solution procedure is 

proposed in Section 5.3. An agent-based simulation experiment is conducted in Section 5.4. 

Section 5.5 concludes the paper. 
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5.1 Parking Navigation System 

Figure 5-1 delineates the architecture of the parking navigation system. Specifically, on 

the provider side, the status information of parking spaces can be reported to the management 

center via sensing and wireless communication technologies. On the client side, drivers can 

communicate with the management center via their smart phones. On one hand, drivers can 

access the parking information and then report their parking preferences to the management 

center. Specifically, the preference list over parking spaces can be generated according to 

drivers’ utility functions, which could be composed of walking distance (time), driving distance 

(time), parking pricing, safety factors and so on. On the other hand, based on the collected 

information of both parking spaces and drivers, and their locations, the management center can 

provide parking navigation to each driver. Figure 5-2 shows the procedure of the parking 

navigation system. Particularly, the parking navigation system can be designed as an app 

installed in any smart phone, and the procedure will be executed at each time step. Assigning 

drivers to spaces is a two-sided matching problem: cruising drivers are on one side and open 

spaces are on the other side, a two sided matching mechanism is therefore adopted to design the 

parking navigation strategy. The introduction and properties of this matching mechanism will be 

described in the following section. 

5.2 Matching Mechanism Design 

5.2.1 Two-Sided Match 

The two-sided matching problem is also referred to as the stable marriage problem, which 

is first introduced by Gale and Shapley (1962). In their setting, a set of applicants apply to a set 

of colleges. Each applicant has an ordered preference for the colleges, and each college has an 

ordered preference for the applicants as well. A deferred acceptance procedure was proposed to 

yield a stable assignment of applicants, in which there is no applicant preferring to be assigned to 
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a college that is not assigned to him or her while the college preferring the applicant over a 

currently accepted applicant. Following their study, a substantial number of applications in 

various areas (e.g., labor market, networking, and parking) have been explored using this model. 

For example, the stable matching framework has been adopted by more than three dozen labor 

market clearinghouses, e.g., the medical residencies in the U.S. and Canada (Roth, 2008). Xu and 

Li (2011) applied it to solve networking problems, where various types of limited resource (e.g., 

channels and video segments) need to be distributed. Ayala et al. (2012b) established the 

equivalency between the Nash equilibrium of the parking slot assignment game and the stable 

assignment. Different from Ayala et al. (2012b), this study has the following contributions: (1) 

among all the stable assignments, only the stable driver-optimal assignment is found to be 

strategy proof, which is critically important to a parking navigation system; (2) a decentralized 

solution procedure is adopted to achieve the stable driver-optimal assignment without disclosing 

drivers’ private information; (3) the performance of the two-sided matching mechanism on the 

parking system is demonstrated by simulation experiments. 

Next, we proceed to formulate the parking assignment problem in the two-sided matching 

framework. We consider a downtown area where there are a finite number of parking spaces. Let 

𝑉 = {𝑣1, 𝑣2, … , 𝑣𝑚} and 𝑆 = {𝑠1, 𝑠2, … , 𝑠𝑛} denote the set of drivers cruising for parking spaces 

and the set of open spaces at time 𝑡. Note that 𝑡 can be any time. Based on the current location, 

final destination and other personal favors (e.g., parking price, safety, etc.), open spaces are 

ranked for each driver. It is worthwhile to highlight that a driver may not prefer to be assigned to 

certain open spaces all the time, as those which are too expensive or too far from his or her final 

destination. On the other hand, each open space has a preference ranking for cruising drivers, 

which is measured by the travel time for drivers to arrive at the space. That is, a space would 
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“prefer” a driver who is closer to the one who is farther away. Different from drivers, spaces 

always “prefer” to be assigned to drivers instead of being unoccupied. We assume that drivers’ 

and spaces’ preferences are strict. That is, no indifferent spaces (drivers) exist for any driver 

(space). Otherwise, some of the results presented in this chapter may not hold. To concisely 

describe the preference ordering, a preference list is defined, say, for driver 𝑣, as 𝑃(𝑣), on the set 

of 𝑆. For example, 𝑃(𝑣) = 𝑠1, 𝑠3. It implies that the most preferred space of driver 𝑣 is space 𝑠1, 

and then 𝑠3; further, any other spaces are unacceptable for the driver.   

Definition 5.1. A matching 𝜇: 𝑉 ∪ 𝑆 ∪ ∅ → 𝑉 ∪ 𝑆 ∪ ∅ is an assignment of drivers to 

spaces such that each driver is assigned to at most one space and vice versa, and 𝑠 = 𝜇(𝑣) if and 

only if 𝑣 = 𝜇(𝑠), and 𝜇(𝑣) ∈ 𝑆 ∪ ∅, 𝜇(𝑠) ∈ 𝑉 ∪ ∅, ∀𝑣, 𝑠. 

Definition 5.2. A matching 𝜇 is individually rational if no agent 𝑖 prefers to be 

unmatched rather than matched to 𝜇(𝑖). 

It implies that under any individually rational matching, no agent is matched with an 

unacceptable partner. 

Definition 5.3. An unmatched pair of a driver and a space is said to be blocked if they 

prefer to be matched with each other rather than with their current matched partner.  

Definition 5.4. A match is unblocked if no blocked pair exists. 

Definition 5.5. A match is stable if it is individually rational and unblocked. 

Below is a simple example to illustrate the above definitions. Suppose there are three 

vehicles, i.e., 𝑣1, 𝑣2, and 𝑣3 competing for three open spaces 𝑠1, 𝑠2 and 𝑠3. Their preference lists 

are shown in Table 5-1. It is easy to verify that matches 𝜇1 = {(𝑣1, 𝑠2), (𝑣2, 𝑠3), (𝑣3, 𝑠1)} and 

𝜇2 = {(𝑣1, 𝑠1), (𝑣2, 𝑠3), (𝑣3, 𝑠2)} are stable, as they are individually rational and unblocked. 
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However, we can find that match 𝜇3 = {(𝑣1, 𝑠2), (𝑣2, 𝑠1), (𝑣3, 𝑠3)} is unstable, as 𝑣3 and 𝑠1 are 

blocked. More specifically, they can both benefit by being matched to each other.     

Proposition 5.1 (Gale and Shapley, 1962). There always exists at least one stable match 

for every two-sided matching problem.  

The basic idea is that a stable match can always be constructed by the deferred 

acceptance algorithm (see Algorithm 5.1).  

Algorithm 5.1 The driver-oriented deferred acceptance algorithm 

Step 1: Each driver requests her most preferred space. 

Repeat 
           Step 2: Each space keeps its most preferred application (if any) and  

           rejects the rest (if any). 

           Step 3: Each driver who was rejected at the previous step requests her  

           next acceptable space (if any). 

until no driver requests in the last step. 

 

Definition 5.6 (Gale and Shapley, 1962). A stable match is driver-optimal if every driver 

is at least as well off under it as under any other stable match. 

In Table 5-1, we can see that match 𝜇1 = {(𝑣1, 𝑠2), (𝑣2, 𝑠3), (𝑣3, 𝑠1)} is a driver-optimal 

match, as all drivers are assigned to their most preferred spaces. The following proposition 

demonstrates the existence and uniqueness of the driver-optimal stable match. 

Proposition 5.2 (Gale and Shapley, 1962). The match given by the driver-oriented 

deferred acceptance algorithm (see Algorithm 5.1) is a driver-optimal stable match. 

Proposition 5.3 (Roth, 1989). When all drivers and spaces have strict preferences, there 

always exists a unique driver-optimal stable match. 

As mentioned by Roth (1982), “any matching procedure which depends on agents’ 

preferences can be thought of as consisting of two parts: a mechanism for eliciting the 

preferences of the agents, and a mechanism for aggregating these elicited preferences to 
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determine an outcome.” Accordingly, as the preference list is private information for each agent, 

the question must be asked: is there any stable matching mechanism that can guarantee that 

revealing the true preference for each agent is a dominant strategy? In other words, is it possible 

to design a stable matching mechanism that is strategy proof for all agents? Otherwise, the 

mechanism may not achieve the desired outcome.   

Proposition 5.4 (Roth, 1982). There is no stable matching mechanism that is strategy 

proof for all agents. 

The above proposition implies that being strategy proof cannot be guaranteed for every 

agent (driver and space). Nevertheless, in the parking navigation system, the preferences of 

spaces cannot be manipulated, because they are measured by the travel time necessary for drivers 

to arrive at the spaces determined by the drivers’ current locations and the location of the spaces, 

both of which cannot be manipulated. Note that the drivers’ current location can always be 

detected via their smart phones. Accordingly, the problem turns out to be: is there any stable 

matching mechanism that is a dominant strategy for each driver to state his or her true 

preferences? The following proposition provides an answer. 

Proposition 5.5 (Dubins and Freedman, 1981). The driver-optimal stable matching 

mechanism makes it a dominant strategy for each driver to state his or her true preferences. 

The proof can be found in Theorem 5 in Roth (1982) or Theorem 9 in Dubins and 

Freedman (1981). The following proposition further highlights that coalition among some drivers 

is also not a good option. 

Proposition 5.6 (Dubins and Freedman, 1981). Suppose several drivers collude in a 

driver-optimal stable matching mechanism, each using a false rank ordering. They cannot all get 

better spaces.  
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The proof can be found in Theorem 17 in Dubins and Freedman (1981). We already 

know that under the driver-optimal stable matching mechanism, each driver is at least as well off 

as under any other mechanisms. Also, such a matching mechanism is strategy proof. In light of 

these properties, it seems a good option to adopt the driver-optimal matching mechanism as the 

assignment method for a parking navigation system. However, we need to further ensure that 

drivers will have incentives to obey such a navigation system instead of cruising for parking 

spaces by themselves.  

Proposition 5.7. Obeying the navigation system is a dominant strategy. 

Proof: Suppose it is not true, and one driver, say, 𝑣, can find a better space without 

following the navigation system. From the definition of stable matching, we can see that such a 

space must prefer its current matched driver to driver 𝑣. Otherwise, such a matching is blocked, 

as this pair of unmatched driver and space can both benefit by acting together. Therefore, a better 

space has been assigned to another driver, who is closer than driver 𝑣. That is, driver 𝑣 cannot 

win this space even if it is a better option than the current matched one.  

5.2.2 Distributed Stable Match 

Although the classic driver-optimal deferred acceptance procedure in Algorithm 5.1 can 

be easily deployed centrally, it is not desirable, as it needs to disclose drivers’ private 

information (i.e., preferences regarding spaces and final matched spaces). Accordingly, in this 

section, we present a distributed stable matching procedure (Brito and Meseguer, 2005) to 

minimize the centralized coordination. Specifically, it consists of two procedures, including 

driver and space procedures (see Algorithm 5.2 and Algorithm 5.3), and they are executed 

iteratively and asynchronously. To facilitate the procedures, four types of messages exchanged 

within the procedures are defined, including a parking request message from drivers to spaces, 
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accept and reject messages from spaces to drivers, and a terminal message sent by a server which 

can detect quiescence.  

Algorithm 5.2 shows the driver procedure executed for every driver. First of all, each 

unmatched driver sends a request to her most favorable open space with respect to the current 

preference list. If a reject message is received, she deletes the space from her preference list and 

keeps on sending her request; otherwise, she does nothing. The matched space is the one 

obtained at the end of the procedure. Apparently, not every driver can be assigned to a space 

when the number of vacant spaces is less than the number of drivers. 

Algorithm 5.3 shows the space procedure executed for every open space, where 𝐾 is a 

sufficiently large number. When an open space receives a request message, if it is not matched to 

any driver yet, an accept message will be sent to the sender; if it is already matched, but the 

message sender is preferred (i.e., closer) to its current matched driver, then it will send an accept 

message to the sender and a reject message to the current matched driver; otherwise, it will reject 

the request. 

Algorithm 5.2 Driver procedure of the distributed stable matching (Brito and 

Meseguer, 2005) 

𝑣 ← 𝑢𝑛𝑚𝑎𝑡𝑐ℎ𝑒𝑑; 

𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 ← 𝑓𝑎𝑙𝑠𝑒; 

while ! 𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 do 

       if 𝑣 = 𝑢𝑛𝑚𝑎𝑡𝑐ℎ𝑒𝑑 and 𝑃(𝑣) ≠ ∅ then 

           𝑠 ← 𝑓𝑖𝑟𝑠𝑡(𝑃(𝑣)); 

           𝑣. 𝑑𝑖𝑠 = 𝑑𝑖𝑠(𝑣, 𝑠); 
           sendMsg(request, 𝑣, 𝑠); 
           𝑣 ← 𝑠; 
       𝑚𝑠𝑔 ←getMsg();     

       switch 𝑚𝑠𝑔. 𝑡𝑦𝑝𝑒  
           accept: do nothing; 

           reject : 𝑃(𝑣) ← 𝑃(𝑣) − 𝑚𝑠𝑔. 𝑠𝑒𝑛𝑑𝑒𝑟; 

                       𝑣 ← 𝑢𝑛𝑚𝑎𝑡𝑐ℎ𝑒𝑑; 

           stop   : 𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 ← 𝑡𝑟𝑢𝑒; 
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Algorithm 5.3 Space procedure of the distributed stable matching algorithm 

(Brito and Meseguer, 2005) 

𝑠 ← 𝑢𝑛𝑚𝑎𝑡𝑐ℎ𝑒𝑑; 

𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 ← 𝑓𝑎𝑙𝑠𝑒; 

𝑑𝑖𝑠 ← 𝐾 

while ! 𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 do 

       𝑚𝑠𝑔 ←getMsg(); 

       switch 𝑚𝑠𝑔. 𝑡𝑦𝑝𝑒  

          request: 𝑣 ← 𝑚𝑠𝑔. 𝑠𝑒𝑛𝑑𝑒𝑟; 

                        if 𝑣. 𝑑𝑖𝑠 > 𝑑𝑖𝑠 then  

                           sendMsg(reject, 𝑠, 𝑣); 

                        else 

                           if 𝑠 ≠ 𝑢𝑛𝑚𝑎𝑡𝑐ℎ𝑒𝑑 then  

                               sendMsg(reject, 𝑠, 𝑠. 𝑝𝑎𝑟𝑡𝑛𝑒𝑟); 

                           sendMsg(accept, 𝑠, 𝑣); 

                           𝑠 ← 𝑣; 

                           𝑑𝑖𝑠 = 𝑣. 𝑑𝑖𝑠; 
          stop     : 𝑡𝑒𝑟𝑚𝑖𝑛𝑎𝑙 ← 𝑡𝑟𝑢𝑒; 

  

5.3 Simulation Experiment 

In this section, the matching system will be simulated on NetLogo and further compared 

with the gravitational system (Ayala et al., 2012a), a “greedy” navigation system that always 

guides drivers to their most preferred open spaces, and a status-quo scenario with neither 

navigation nor information provision. More specifically, in the latter, each driver will cruise for 

parking from the closest space to their final destination, then the next closest one, and so on, until 

an open space is found or her maximum search time is reached. 

As the focus of the simulation experiment is on the influence of different navigation 

systems on parking competition, considering the network topology will not have a great impact 

on the result, but will complicate the experiment. Therefore, no network topology is considered 

in the simulation, and vehicles can thus go in any direction. Figure 5-3 shows a screenshot of the 

parking simulation in NetLogo. 20 destinations (the green buildings) and 400 parking spaces (the 

gray rectangles) are randomly generated within a downtown area (the blue rectangle), and 
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vehicles (the yellow cars) come from outside of the downtown area, which is consistent with 

reality. Table 5-2 presents the simulation setting for the basic scenario. The arrival rate of 

vehicles for each destination is set to be the same, i.e., 20 veh/h for each destination in the basic 

scenario. Furthermore, we assume that each driver has her own maximum search time following 

a uniform distribution [10, 15] min, and a parking duration following an exponential distribution 

with a mean value of 1 hour. To simplify, if a driver cannot park successfully within the 

maximum search time, we assume that she will park at a parking garage far away from the 

downtown area, and be subjected to a give-up driving time and a give-up walking time of 10 min 

each. In addition, we set the maximum unmatched time at 4 min. If the navigation system cannot 

assign any parking space to a driver within the maximum unmatched time, it is assumed the 

driver will park at a parking garage. The total simulation time is set to be 200,000 seconds, and 

the warm-up time is 50,000 seconds.  

Table 5-3 shows the simulation result for the basic scenario. As we can observe, all three 

systems can substantially increase the parking space utilization and the percentage of successful 

trips, while reducing the average driving time. Particularly, the matching system reduces the 

average driving time by 59%, much more than the other two systems, which are 27% and 25%, 

respectively. However, the matching system may bring a negative impact on the average walking 

time, while the other two systems may not. This is because the matching system attempts to 

achieve a stable parking assignment, instead of minimizing individuals’ walking time, which is 

the assignment rule of the other two systems as well as the status quo. Nevertheless, compared 

with the decreased driving time, i.e., 6 minutes, the increased walking time is very small, about 

30 seconds. In view of this, we believe that most of the drivers are willing to adopt the matching 
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system to make such a tradeoff, although they may value walking time much more than driving 

time.    

Using the matching and the greedy navigation systems, the guided parking space for a 

driver may change during her trip. For example, a driver may be guided to space #1 when she 

starts her trip, and then be guided to space #2 when she is on the way. If such a situation happens 

frequently, i.e., the assigned parking space changes frequently, the driving comfort will be 

negatively affected, and the level of parking competition is implied to be high. To capture such 

an effect, we define the times of changed assignment for each driver. More precisely, if a driver 

is assigned to two different parking spaces during her trip, then the times of changed assignment 

is equal to 2. For convenience, we also use such a measure to identify the number of spaces that 

a driver has searched for in the status-quo scenario. Note that it seems impossible to calculate the 

times of changed assignment for the gravitational system, as it only provides drivers with search 

directions, instead of guiding them to specific parking spaces. From Table 5-3, it is observed 

that, the average times of changed assignment of the greedy system is higher than that in the 

status quo; while the average times of changed assignment of the matching system is only 0.92, 

much less than the former two. This finding reveals the substantial advantage of our proposed 

navigation system on alleviating the level of parking competition and improving the driving 

comfort.  

Figure 5-4 delineates the effects of varied arrival rates on different performance 

measures. In Figure 5-4(a) and (b), the parking space utilization and the percentage of successful 

trips of the three navigation systems are all higher than that in the status-quo scenario. The 

improvement do not vary much among different navigation systems, which implies their similar 

capability on increasing parking space utilization rate as well as the percentage of successful 
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trips. Figure 5-4(c) indicates that the matching system may result in higher average walking time, 

especially when the parking demand is close to the supply; while the other two systems may not, 

as they always guide drivers to their most preferred open spaces, which are closest to their 

destinations. Figure 5-4(d) points out that the matching system can lead to a larger amount of 

average driving-time saving than the other two navigation systems, and such superiority can 

become more remarkable when the parking demand increases. In Figure 5-4(e), with the 

increasing parking demand, the average times of changed assignment under the status quo and 

the greedy system increases significantly. This result makes sense, since under these two 

scenarios, higher parking demand will lead to more severe parking competition, and drivers have 

to frequently drive toward distinguishing parking spaces in order to find an open one. In contrast, 

the average times of changed assignment associated with the matching system is relatively 

stable, and even decreases as the parking demand increases from 300 veh/h. The reason is 

straightforward. According to the matching system, one open parking space can be assigned to 

no more than one vehicle at any time, and thus some drivers may not be guided to any open 

parking space. Consequently, the total times of changed assignment may not vary much as the 

demand increases, which results in a decrease in the average times of changed assignment.  

Figure 5-5 illustrates how the market penetration will affect the performance of the 

matching system. To simplify, we assume that drivers will adopt either the matching system or 

the status-quo search approach for their parking search. For example, if the market penetration of 

the matching system is 60%, then the remaining 40% of drivers will adopt the status-quo search 

approach. From a social standpoint, we can find that as the adoption rate of the matching system 

increases, both the parking utilization and the percentage of successful trips will increase to a 

stable level, i.e., 100% and 70%, respectively (see, Figure 5-5(a) and (b)), while the average 
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driving time and the times of changed assignment will keep on decreasing (see, Figure 5-5(d) 

and (e)). Particularly, the average walking time is relatively stable over the changing market 

penetration (see, Figure 5-5(c)). On the other hand, comparing drivers using the matching system 

and adopting the status-quo search approach, the former is found to outperform the latter with 

respect to all performance measures, no matter under what level of market penetration (see, 

Figure 5-5(b) – (e)). The above findings further demonstrate the substantial benefit brought by 

the matching system, and its potential to be ready for practical implementation.  

5.4 Summary 

This chapter has proposed a novel parking navigation system for guiding drivers to their 

most appropriate parking spaces without disclosing their private information. First, given 

drivers’ real-time locations and their preferences regarding parking spaces, a two-sided matching 

algorithm is adopted to achieve a stable driver-optimal matching, under which drivers can always 

be guided to their most appropriate spaces, and thus have no incentive to misreport their private 

information. A distributed stable matching algorithm is then applied to achieve the space 

assignment without disclosing their private information. Simulation experiments based on 

NetLogo are conducted to demonstrate the performance of the matching system. As compared 

with the status quo, greedy and gravitational systems, the matching system is found to be able to 

reduce the average driving time and the average times of changed assignment substantially, but 

may increase the average walking time slightly. In particular, as the parking demand increases, 

the average times of changed assignment under the matching system becomes rather stable, 

while the ones under the status-quo scenario and the greedy system increase significantly. In 

addition, considering the impact of varied market penetrations of the matching system on the 

parking system, we have found that a higher adoption rate of the matching system can lead to a 

higher space utilization rate, a higher percentage of successful trips, lower average driving time 
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and less times of changed assignment, but will not result in higher average walking time. More 

importantly, drivers using the matching system always are shown to have better performance 

than those adopting the status-quo search approach. 

Our plan for a future study is to develop a mobile app to integrate with the matching 

system, which is ready for practical implementation. To this end, we need to explore how to 

accurately calculate the driving time from drivers’ current location to different parking spaces 

considering the impact due to traffic congestion and signal control, in order to match the 

preferences of drivers and spaces.     
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Table 5-1. Preference list of three drivers and three spaces 

𝑃(𝑣1) = 𝑠2, 𝑠1, 𝑠3 𝑃(𝑠1) = 𝑣1, 𝑣3, 𝑣2 

𝑃(𝑣2) = 𝑠1, 𝑠2, 𝑠3 𝑃(𝑠2) = 𝑣3, 𝑣1, 𝑣2 

𝑃(𝑣3) = 𝑠1, 𝑠2, 𝑠3 𝑃(𝑠3) = 𝑣1, 𝑣2, 𝑣3 

 

 

Table 5-2. Simulation setting for the basic scenario 

Parameters Value Description 

Number of destinations 20 Constant 

Number of parking spaces 300 Constant 

Arrival rate of vehicles 400 veh/h Exponential distribution 

Average parking duration 1 h Exponential distribution  

Driving speed 25 mi/h Constant 

Walking speed 3.4 mi/h Constant 

Maximum search time [10,15] min Uniform distribution 

Maximum unmatched time 4 min Constant 

Give-up driving time 10 min Constant 

Give-up walking time 10 min Constant 

Simulation time 200,000 sec Constant 

Warm-up time 50,000 sec Constant 

  
 
Table 5-3. Simulation result 

Performance Measures Status Quo 
Matching 

System 

Greedy 

System 

Gravitational 

System 

Parking space utilization (%) 79.30 99.40 99.35 99.32 

Percentage of successful trips (%) 55.39 70.55 69.49 69.10 

Average walking time (sec) 327.82 357.17 330.55 335.10 

Average driving time (sec) 788.20 322.73 578.74 587.34 

Average times of changed 

assignment 
25.92 0.92 30.53 - 
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Figure 5-1. Architecture of parking navigation system 
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Figure 5-2. Procedure of parking navigation system 
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Figure 5-3. Screenshot of the parking simulation 
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Figure 5-4. Effects of arrival rate on different system performance measures: (a) parking space 

utilization, (b) percentage of successful trips, (c) average walking time, (d) average 

driving time, and (e) average times of changed assignment  
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Figure 5-5. Effects of market penetration on different system performance measures: (a) parking 

space utilization, (b) percentage of successful trips, (c) average walking time, (d) 

average driving time, and (e) average times of changed assignment  
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CHAPTER 6 

MICROSCOPIC PARKING SIMULATION 

It is rather difficult, if not impossible, to develop analytical models to explore the impacts 

of different parking policies on a general network. Therefore, it is of critical importance to 

develop a parking simulation which is capable to mimic parking search behavior subtly under 

complicated road conditions and serve as a tool for decision-makers to analyze different parking 

policies. To this end, this chapter proposes to adopt AnyLogic to construct an agent-based 

microscopic parking simulation model. Based on a real network in San Francisco, different 

scenarios, including status quo, with information provision, and with reservation service, will be 

conducted to illustrate the proposed simulation.  

In the remaining of the chapter, Section 6.1 describes the parking simulation model, and 

corresponding applications are proposed in Section 6.2. Lastly, Section 6.3 concludes the 

chapter.  

6.1 Parking Simulation Model 

AnyLogic (http://www.anylogic.com/) is a dynamic simulation tool developed by the 

AnyLogic Company in 2000. It is an agent-based simulator, and facilitates modelers’ ability to 

capture the complexity and heterogeneity of various systems, such as business, economy, and 

social systems. Up to now, its application areas have covered supply chains and logistics, 

healthcare and pharma, marketing and competition, manufacturing and production, pedestrian 

flows, business processes and service systems, railroads, strategic planning and management, 

and so on. Particularly, at the end of 2015, it has released the Road Traffic Library, which 

enables the modeling of road traffic in a microscopic level. More specifically, unlike the other 

traffic simulation tools, such as VISSIM (http://vision-traffic.ptvgroup.com/en-us/products/ptv-

vissim/), Paramics (http://www.paramics-online.com/), and CORSIM 

http://www.anylogic.com/
http://vision-traffic.ptvgroup.com/en-us/products/ptv-vissim/
http://vision-traffic.ptvgroup.com/en-us/products/ptv-vissim/
http://www.paramics-online.com/
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(http://mctrans.ce.ufl.edu/featured/TSIS/), it facilitates the modeling of the dynamic change of 

vehicles’ destinations, which is of critical importance to model the parking search behavior.  

6.1.1 Transportation Network 

In the AnyLogic, the Road Traffic Library consists of six components, i.e., Road, 

Intersection, Stop Line, Bus Stop, Parking Lot, and Traffic Light (see Figure 6-1). To create a 

general network, we just need to drag these components to appropriate spaces, and they will 

connect each other automatically. Figure 6-2 presents a small road network, and we can revise 

their properties by clicking them. Figure 6-3 shows the properties of the Parking Lot component, 

in which we can design the type (parallel or perpendicular), the number, the length, and the 

position of corresponding parking spaces. Besides manually creating a transportation network, 

the GIS function in the AnyLogic can be applied to convert GIS shapefile data to road network 

shapes automatically. However, as each generated road defaults to two-way-two-lane, 

corresponding modification is still needed. Furthermore, the other components, such as bus stop, 

parking lot, as well as traffic signal also need supplied.  

6.1.2 Parking Behavior of Drivers 

Given the road network, parking behaviors corresponding to different scenarios are 

delineated in Figure 6-4. Specifically, in the status quo scenario, following the shortest path, each 

driver will first drive to a particular road, in which they will start cruising from (hereinafter, we 

refer to it as “cruising road”), If there are vacant parking spaces on the cruising road, she will 

directly part at the first one, and then walk to her destination (Arnott and Rowse, 1999). 

Otherwise, the driver needs to select one of the connected roads to keep on cruising. In this 

study, a logit model is applied to determine the probability of a connected road being selected. 

Suppose there are 𝑛 connected roads, denoted by 𝐴 = {𝑎1, 𝑎2, ⋯ , 𝑎𝑛}. Then the probability of 

road 𝑎𝑖 being selected is given by 

http://mctrans.ce.ufl.edu/featured/TSIS/
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𝑝(𝑎𝑖) =
𝑒−𝑈(𝑎𝑖)

∑ 𝑒−𝑈(𝑎𝑗)𝑛
𝑗=1

 

where 𝑈(𝑎𝑖) is the disutility of choosing 𝑎𝑖 to cruise. To simplify, we assume that drivers only 

consider about the walking distance from their parking spaces to their destinations. Accordingly, 

𝑈(𝑎𝑖) is defined as below: 

𝑈(𝑎𝑖) = 𝑑𝑖𝑠(𝑎𝑖) − 𝑀 ⋅ 𝑣𝑎𝑐(𝑎𝑖) 

where 𝑑𝑖𝑠(𝑎𝑖) is the walking distance from 𝑎𝑖 to the destination, and 𝑣𝑎𝑐(𝑎𝑖) represents the 

availability of parking spaces on 𝑎𝑖. Specifically, 𝑣𝑎𝑐(𝑎𝑖) = 1, if there is at least one vacant 

parking space on 𝑎𝑖; 𝑣𝑎𝑐(𝑎𝑖) = 0, otherwise. 𝑀 is a positive large number, which is used to 

ensure that a connected road with vacant parking spaces will have a much higher probability of 

being selected than those without any vacant parking space. 

Once a driver finds a vacant space, she will park there for a predetermined time period, 

and then disappear from the network.  

For the scenario with parking reservation, each driver will make a reservation to the best 

vacant parking space at the beginning of her trip, and then drives there. Specifically, the best 

parking space can be the closest parking space to her final destination, if a driver is assumed to 

minimize her walking time. If there is no vacant parking space on the network, a driver will 

choose to cancel her trip. 

With parking information, each driver is assumed to drive toward the best currently 

vacant parking space (Levy et al., 2015). If it turns out to be occupied by other drivers when she 

arrives there, she will figure out the updated best currently vacant parking space, and drives 

there. Similarly, if there is no parking space available on the network, a driver will choose to 

cancel her trip. 
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Figure 6-4 shows the parking simulation process of different scenarios in AnyLogic. Note 

that, the text in the figure is merely used to explain the process.  

It is worth to highlight that, in the AnyLogic, the impact of the sophisticated parking 

behavior will be considered inherently. For example, when a driver finds a vacant space and 

slows down its speed to park there, some of the following vehicles may slow down their speed 

and wait to go ahead, while some others may change their lane to overpass it. 

6.2 Simulation Experiment 

6.2.1 Simulation Setting 

In the simulation, we build up the network topology based on a small area in San 

Francisco, which contains a large number of on-street parking spaces (see Figure 6-6). 10 origin-

destination pairs are considered in the simulation. Among them, two origin-destination pairs only 

generate through vehicles, which do not need to search for parking; while the others only 

generate cruising vehicles, that need to cruise for parking in the network and then walk to their 

final destinations. Specifically, before cruising, the speed of these vehicles is set as 30 mph; 

while it decreases to 15 mph once they start cruising for parking. The walking speed is set as 3.4 

mph. The total simulation time is set to be 2.5 hours, and the warm-up time is 1 hour. For the 

status-quo scenario, all cruising vehicles are set to cruise for parking from the second closest 

roads along the shortest path to their destinations.  

6.2.2 Simulation Result 

Figure 6-7 shows a screenshot of the parking simulation, and Table 6-1 calculates the 

average driving and walking times for different scenarios. As we can observe from Table 6-1, 

both cruising and through vehicles can benefit via parking reservation. More specifically, 

compared with the status-quo scenario, in the reservation scenario, the average driving and 

walking times of cruising vehicles are reduced by 14.7% and 45.5%, respectively. For the 
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through vehicles, their driving time also decreases a little bit, from 133.09 to 129.89 sec. With 

parking information, the average walking time of cruising vehicles will decrease a lot, even 

lower than the one in the reservation scenario. That is because, with the information, drivers will 

always try to park at the closest parking spaces to their destinations, which results in the higher 

occupancy rate of those parking spaces, and thus a lower average walking time. However, 

although reducing drivers’ walking time is one of the critical goals on improving the parking 

system performance, providing information will substantially increase the average driving time 

of both cruising and through vehicles. More precisely, the driving time of cruising vehicles 

increases by about 2.5 times, and the one of through vehicles becomes triple. The reason is that 

providing information will intensify the parking competition, as a good vacant parking space can 

normally attract more than one drivers, among whom only one can win it. What is worse, 

providing information can aggregate the traffic congestion via increasing the traffic volume in 

the road network. Figure 6-8 plots the number of parked, cruising, and through vehicles every ten 

minutes from the end of warm-up time. Based on Figure 6-8(a)-(b), it is easy to find that, 

compared with the other two scenarios, providing information leads to less parked vehicles but 

more cruising vehicles. That is, it is much more difficult for cruising vehicles to park 

successfully, although more parking spaces remain vacant. Accordingly, as more vehicles are 

cruising on the road network, the through vehicles have to slow down their travel speed. As a 

result, more and more through vehicles remain on the road network (Figure 6-8(c)), which 

further intensifies the traffic congestion. 

As drivers may have different risk-taking attitudes, some will start cruising for parking at 

spaces far from their destination, while others may drive very close to the destination and start 

from there. We further consider different cruising strategies for the status-quo scenario by 
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changing their cruising roads. Table 6-2 illustrates the average driving and walking times for 

different cruising-road settings. For example, “the closest road” means that drivers will start 

cruising until they reach the roads closest to their final destinations. We can observe that, the 

earlier the cruising vehicles start cruising, the less driving time they will suffer. However, in this 

case, they will often park at the spaces far from the final destinations, which results in higher 

average walking time.   

6.3 Summary 

In this chapter, we have successfully developed a microscopic parking simulation, which 

is capable to subtly mimic the parking search behavior considering car following and lane-

changing behaviors under different types of parking management services, including status quo, 

with information provision, and with reservation service. A simulation experiment is conducted 

based on a small area in San Francisco. Results show that allowing parking reservation can 

improve the system performance by reducing the average driving and walking times of cruising 

vehicles, and speeding up through vehicles; while providing information may substantially 

increase the average driving times of cruising and through vehicles, and further make the 

network more congested. Lastly, we also consider the impact of different cruising strategies on 

the system performance.    
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Table 6-1. Average driving time and walking time in different scenarios 
 Status Quo Reservation Information 

Average driving time of cruising vehicles (sec) 217.57 185.65 748.25 

Average walking time of cruising vehicles (sec) 400.22 218.29 160.59 

Average driving time of through vehicles (sec) 133.09 129.89 406.88 

 

 

Table 6-2. Average driving time and walking time in status-quo scenarios with different cruising 

roads 

 The Closest 

Road 

The Second 

Closest Road 

The Third 

Closest Road 

Average driving time of cruising vehicles (sec) 231.98 217.57 188.68 

Average walking time of cruising vehicles (sec) 388.78 400.22 514.99 

Average driving time of through vehicles (sec) 122.54 133.09 135.28 

 

 

 
 

Figure 6-1. Components in the Road Traffic Library 
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Figure 6-2. A small road network representation 

  

 

 

Figure 6-3. Properties of parking lot 
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Figure 6-4. Parking simulation flowchart of different scenarios 
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Figure 6-5. Parking simulation process of different scenarios in AnyLogic 
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Figure 6-6. Parking simulation network topology 
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Figure 6-7. A screenshot of the parking simulation 

  



 

105 

 
Figure 6-8. Number of different types of vehicles in the network at different simulation times: (a) 

parked vehicles; (b) cruising vehicles; (c) through vehicles 
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CHAPTER 7 

CONCLUSION 

Advanced parking management services, including parking information, reservation and 

navigation, are expected to help drivers find parking spaces quickly. This dissertation devotes to 

evaluating the impacts and implications of those emerging parking management services, and 

providing guidance on their development and deployment.  

We have developed analytical models for curbside parking on a one-way street 

considering three different scenarios: status quo, providing real-time parking availability 

information, and allowing reservations. To verify the performance of these analytical models, 

NetLogo has been applied to develop an agent-based parking simulation. The results showed that 

the analytical models can produce results largely consistent with the simulation. The discrepancy 

can be attributed to the assumption that the arrival headway of each parking space follows an 

exponential distribution. We have concluded that in the particular setting considered in our 

study, parking reservation is the best policy to reduce drivers’ expected walking time and 

providing parking information may worsen the performance of the parking system.  

In light of the above finding, we then discussed a smartphone-based parking reservation 

system to manage downtown curbside parking and designed reservation schemes to allocate 

parking spaces. We first illustrated the need for designing a reservation scheme to minimize the 

total parking cost. Given that the parking cost is closely related to a private information of 

drivers, their final destinations, we showed that drivers have incentive to misreport the 

information. Consequently, we applied the VCG mechanism to determine parking fees to ensure 

all drivers to provide truthful information and allocate parking spaces optimally. We also verified 

that the iterative VCG mechanism can be used for dynamic parking reservation, and achieve a 

myopic system optimum. In this reservation scheme, all the drivers have incentive to make their 
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reservations as early as possible. A numerical example was conducted to demonstrate the 

performance of the proposed schemes. As compared to the FCFS principle, the schemes can 

reduce the parking social cost up to 38%. To deal with the large amount of parking revenue, 

which increases individual costs of drivers, we examined a revenue redistribution mechanism. 

While achieving efficiency and strategy-proofness, the mechanism rebates, on average, 76% of 

the revenue in the same numerical example, demonstrating its potential of making the proposed 

reservation system appealing to both society and individual drivers. 

As the reservation service may result in the waste of public resource, we proceed to 

propose a novel parking navigation system for guiding drivers to the most appropriate parking 

spaces without disclosing their private information. First, given drivers’ real-time locations and 

their preferences regarding parking spaces, a two-sided matching algorithm was adopted to 

achieve a stable driver-optimal matching, under which drivers can always be guided to their most 

appropriate spaces, and thus have no incentive to misreport their private information. A 

distributed stable matching algorithm was then applied to achieve the space assignment without 

disclosing their private information. Simulation experiments based on NetLogo were conducted 

to demonstrate the performance of the matching system. As compared with the status quo, 

greedy and gravitational systems, the matching system was found to be able to reduce the 

average driving time and the average times of changed assignment substantially, but may 

increase the average walking time slightly. In particular, as the parking demand increases, the 

average times of changed assignment under the matching system becomes rather stable, while 

the ones under the status-quo scenario and the greedy system increase significantly. In addition, 

considering the impact of varied market penetrations of the matching system on the parking 

system, we found that a higher adoption rate of the matching system can lead to a higher space 
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utilization rate, a higher percentage of successful trips, lower average driving time and less times 

of changed assignment, but will not result in higher average walking time. Furthermore, 

simulation experiments demonstrated that drivers using the matching system always have better 

performance than those adopting the status-quo search approach.  

Lastly, as it is rather difficult to develop analytical models to explore the local impacts of 

different parking management services on a general network, we have developed a microscopic 

parking simulation. It is capable to subtly mimic the parking search behavior considering car 

following and lane-changing behaviors under different types of parking management services, 

including status quo, with information provision, and with reservation service. A simulation 

experiment was conducted based on a small area in San Francisco. Results showed that allowing 

parking reservation can improve the system performance by reducing the average driving and 

walking times of the cruising vehicles, and speeding up the through vehicles; while providing 

information may substantially increase the average driving times of cruising and through 

vehicles, and further make the network more congested. In addition, we have considered the 

impact of different cruising strategies on the system performance. 
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