
Research Article
Could the Incentive Policy of Shared Parking Be Sustainable? The
Viewpoint of Personal Risk Aversion

Liangpeng Gao ,1,2 Yue Zheng ,2,3 Wenliang Jian ,1,4 Yanjie Ji ,2 and Dounan Tang5

1School of Transportation, Fujian University of Technology, Fuzhou, China 350108
2School of Transportation, Southeast University, Nanjing, China 210036
3School of Modern Posts, Nanjing University of Posts and Telecommunications, Nanjing, China 210023
4College of Transportation Engineering, Tongji University, Shanghai, China 201804
5Department of Civil and Environmental Engineering, University of California, Berkeley, USA 94131

Correspondence should be addressed to Yue Zheng; zhengyue_seu@163.com

Received 27 May 2022; Revised 16 August 2022; Accepted 1 September 2022; Published 22 September 2022

Academic Editor: Ren-Yong Guo

Copyright © 2022 Liangpeng Gao et al. This is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.

Using an incentive measure to encourage people to share their private parking spaces could be an effective strategy for urban
parking problems. This paper discusses an innovative mechanism of shared parking, “FlexPass,” which applies a reverse
auction in which drivers propose bids in line with their individual expectations to share their idle parking spaces. The auction
mechanism, hypotheses on bidding process principles, the competitive environment, and the risk-averse decisions of providers
with regard to parking spaces are analysed to explore the sustainability of the economic benefits obtained for FlexPass parking
spaces. A total of 216 respondents from the University of California, Berkeley, were invited to participate in bidding in an
actual survey during their daily use of parking spaces. The analytical results show that operational rules based on risk aversion
can enable profit-seeking with a bounded capability to obtain considerable economic benefits and release parking resources in
an environment of demand competition. Particularly in some scenarios, FlexPass would sacrifice a certain monetary income to
ensure the perceived benefits of parking space providers. With the improvement of people’s enthusiasm for participating in
shared parking, the benefits to individuals and parking lots would be further enhanced, suggesting that our mechanism can
operate sustainably over the long term. These findings are helpful for policymakers to formulate feasible shared parking
policies from the perspective of monetary incentives.

1. Introduction

As an important part of urban transport systems, static traf-
fic, which is an extension of dynamic traffic, can have a pos-
itive or negative effect on dynamic traffic, urban mobility,
and even human health [1, 2]. With the development of
motorization and decreases in available resources in cities,
parking is becoming a major challenge for both commuters
and transport managers [3]. Previous studies have shown
that searching for a parking space can increase urban traffic
congestion by 30% and produce large amounts of carbon [4,
5]. According to a report by IBM [6], more than 60% of
responding drivers reported that they were so frustrated at
least once when searching for a parking space that they

eventually gave up, leaving behind only congestion and lost
economic opportunity.

Although the governments of several large cities have
applied measures to increase parking capacity, increases in
parking demand will soon offset the effectiveness of these
measures [3]. Parking is a kind of derivative demand created
by drivers when they choose to travel by car. This derivative
demand can be effectively transformed under the guidance
of appropriate policies, such as parking management and
pricing regulation. Parking managers hope to improve the
effective use of existing infrastructure via methods of eco-
nomic leverage. The classic case is the SFpark programme,
which implements a spatiotemporal price adjustment mech-
anism to influence parking rates across both the parking
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period and parking blocks based on presently observed
occupancy levels in San Francisco [7]. The goal of this pro-
gramme is to establish parking prices in real time by evalu-
ating parking demand using the internet to release
messages to the public. In addition, with the rise of the
shared economy, scholars and enterprises are dedicated to
creating proper circumstances for the parking industry and
prioritizing the efficient operation of private parking
resources. They believe that idle private parking spaces can
be efficiently utilized to satisfy the parking demand of neigh-
bouring areas [8–10].

Previous policy efforts have focused mainly on how to
guide or realize the spatiotemporal balance between parking
demand and supply via personal parking costs. The logic of
capacity expansion treats parking only as a fixed or flexible
cost added at the end of a car trip. When the law of admin-
istrative supervision is enforced, drivers pay parking fees
passively, although they have elasticity in choosing their
parking time or parking location. Although the policy is easy
to implement in cities’ parking meter programmes, it may
not optimally regulate parking demand, resulting in conges-
tion and the loss of economic potential [11]. To address this
problem, some studies have attempted to build a platform of
shared parking to solve the urban parking problem by using
auction mechanisms [3, 12, 13]. The team of Prof. Raja pro-
posed an innovative measure of shared parking that incen-
tivizes employees at the University of California, Berkeley
(UC Berkeley), to reduce their parking demand with an
interesting bidding game [14, 15]. Generally, UC Berkeley
employees purchase a monthly parking permit for a fixed
fee. The participants in the trial of this incentive measure
were given access to an extra channel to obtain a monthly
cash-out that was proportional to the number of days they
did not park. A bidding game in the smartphone app was
intended to make them more mindful of parking usage
and incentivize the reduction of parking demand. We call
this shared parking policy at UC Berkeley “FlexPass.”

In the early 1990s, the state of California attempted to
promote the cash-out policy to alleviate personal demand
for car parking. The law mandates that enterprises provide
a parking space for every employee. Alternatively, a special
fund can be provided to help people complete their daily
commute with parking. As a study by Tscharakschiew [16]
revealed, even under this policy, employers lacked sufficient
motivation to reduce parking at their workplaces. In imple-
menting this process, the cash-out payment provided by
the employer also put great pressure on the company’s
finances. If FlexPass could be rolled out for the parking mar-
ket, it would open a channel for people to earn the opportu-
nity cost of sharing parking spaces. This would invisibly
reduce personal dependence on car travel and increase the
possibility of choosing other travel modes [17]. Compared
with other shared parking policies, FlexPass includes a bid-
ding process for individuals, which makes the use rights of
parking spaces shareable but carries risks to the economic
benefits of the parking lot. This means that in the actual
operational process, FlexPass may suffer operational losses
due to information asymmetry. However, as rational actors,
although parking space providers would not pursue mone-

tary rewards indefinitely under the bidding incentive, they
would first attempt to ensure that their basic interests would
not be threatened by risks when making decisions about
parking space sharing, i.e., to avoid the risk caused by shar-
ing. Therefore, to advance the implementation of FlexPass
and spread it to other places, it is necessary to consider the
scale and sustainability of the profit space of shared parking
policy from the perspective of economic benefits and risks.
As the whole operational process involves multiple subjects
and behaviours, to our knowledge, there is no existing study
that provides an in-depth discussion of the economic bene-
fits of FlexPass considering individual bidding and risk
aversion.

Based on the above, this paper puts forward a set of Flex-
Pass operational principles for the reverse auction of parking
spaces. We analyse the provider’s risk-averse decision-
making process and explore the benefits, costs, and parking
space utilization of FlexPass in a competitive environment.
Determining whether the designed mechanism can bring
enough profit for FlexPass is the main purpose of this study,
which considers the existence of risk uncertainty in opera-
tion. The detailed contributions of this study are as follows.
First, the study used the value-at-risk function to describe
people’s decision-making behaviours in the FlexPass bidding
process, and we believe that individuals participating in
shared parking pursue perceived benefits rather than pure
monetary rewards. Second, by introducing the competition
of external parking demand, we discussed the continuity
and sustainability of FlexPass based on reverse auction in
terms of operating profits. Third, we applied the real-world
data survey by UC Berkeley to verify the mathematical
model and calculate the corresponding results. A sensitivity
analysis of the fluctuations in main factors such as rental
pricing, parking space recycling, sublease quantity, and over-
all policy benefit is put forward based on these principles.
The remainder of this paper is organized as follows. Section
2 reviews previous studies that analysed shared parking pol-
icies from the perspectives of parking demand management
and parking pricing. In Section 3, we illustrate the opera-
tional process of FlexPass and propose relevant assumptions
to build a mathematical model. A numerical analysis of the
UC Berkeley survey is presented in Section 4, which includes
a discussion of the economic benefits and the utilization of
parking lots. Finally, Section 5 summarizes the main find-
ings of the study and describes possible future work.

2. Literature Review

Shared parking has received increasing attention due to its
capacity to deal with parking challenges in metropolises
[18]. A well-functioning shared parking policy should enable
people to use their parking spaces and to obtain additional
benefits by meeting the parking demand of others [19, 20].
To achieve this goal, a series of measures have been
attempted in practical applications. Here, we focus on park-
ing demand management and parking pricing.

2.1. Parking Demand Management. As the core of improving
the efficiency of parking spaces, scholars have explored
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several types of management measures, including building
land, parking behaviours, and parking demand. Early studies
mainly explored how different land types can realize the
complementarity of parking demand and supply. The Amer-
ican Urban Land Institute first explicitly discussed the feasi-
bility of using adjacent parking facilities to ease the demand
for oversaturated parking facilities [20]. Subsequently, Lit-
man [21] proposed a classification of parking peak hours
for different sites based on surveys of shared parking users.
Antonson, Hrelja and Henriksson [22] discussed the holistic
function of Gothenburg parking and found that policymak-
ers should take shared parking between different parcels
more seriously in the concrete application of management
approaches. These studies indicated that parking demand
for various types of land use facilities (or public buildings)
differs over time, and the application of parking space shar-
ing is feasible [23].

Individuals and groups have various preferences for
parking facilities that also directly affect and determine the
effect of implementing parking space sharing schemes [24].
The behaviours of drivers seeking a parking space and their
reactions to changes in external factors to address parking
problems should be issues of concern to management [9,
10, 25, 26]. For instance, Golias, Yannis and Harvatis [27]
found that despite drivers’ individual attributes, parking
space cruising time, length of parking time, and walking dis-
tance also affected personal parking space selection. If the
cruising time is longer than 8 minutes, people’s experience
of parking space availability is significantly reduced [28].
This has a negative impact on personal participation in
shared parking and creates uncertainty in revenue and park-
ing costs [29]. Therefore, it is worth further exploring the
decision-making process involved in parking lot selection
under the management of shared parking.

With regard to research on parking demand, some stud-
ies in this field have been based on a large number of basic
data surveys and analyses [30–32]. For example, the fifth
edition of the report “Parking Generation Manual,” which
is published by the Institute of Transportation Engineers
on a regular basis, collected survey data on different types
of land use, and analysed the parking generation rate with
single or multiple independent variables [33]. The reported
results provide a good reference for the construction of park-
ing spaces. Alternatively, scholars have explored efficient
methods of demand prediction to help manage shared park-
ing systems. Several mathematical models, such as the rate of
increment method, classification and regression trees, and
the long short-term memory module, have been used to
forecast the time-varying fluctuations of shared parking
spaces [9, 10, 34–36]. The implementation of management
measures also affects the forecasting and analysis results of
parking demand [33].

2.2. Parking Pricing. Strictly speaking, parking pricing is a
main measure of parking management policy. We listed it
here separately because, due to the effectiveness of imple-
mentation, many cities and regions have adopted it as an
acceptable administrative policy. The earliest research on
this topic is Vickrey’s study [37] of parking fees, which con-

tributed to the conclusion that it is wise to change parking
prices at various times or locations. An increasing number
of scholars subsequently began to explore the parking pric-
ing problem [38–40]. For example, in the landmark book
The High Cost of Free Parking [41], D. Shoup and his coau-
thors conducted studies to explore how to establish an
appropriate price to balance the utilization ratio and velocity
rate of parking lots. These authors suggested that a good
strategy for parking pricing can ensure that parking lots
are well used and readily available and can make the local
economy more efficient [8, 42, 43]. Arnott et al. also pub-
lished an exploration of the effects of parking fees on urban
traffic congestion by adopting and expanding the practical
model proposed by Vickery [44]. They found that although
parking fees could not eliminate urban traffic congestion,
raising fees in some areas (such as the central business dis-
trict with high parking demand) can produce at least three
levels of benefits by reducing cruising for parking, local dis-
tortionary taxation, and traffic congestion [38, 45, 46].

Although several real-world cases have illustrated the
significant effect of price ranges due to the inelasticity of
parking difficulty [47–51], these cases have not affected
scholars’ propositions of a better pricing model to optimize
the parking service environment and reduce urban traffic
congestion [11, 52, 53]. Scholars have hoped to improve
the theoretical development of parking pricing policies and
replicate the success of shared parking programmes in other
parts of the world [7, 54–57].

Despite the difficulties, academics have an optimistic
attitude towards the use of price leveraging to improve the
utilization efficiency of urban parking spaces. In addition
to the abovementioned SFpark, over recent years, quite a
few companies have developed smartphone apps (such as
Airparking, Bestparking, and Parkme) to integrate and pub-
lish scattered information on parking spaces through online
trading methods and help drivers quickly find a suitable
parking location. These apps monitor parking availability
by deploying a massive network of sensors or encouraging
drivers to publish parking space occupancy information.
For example, Google’s OpenSpot application was developed
to help drivers find parking spaces by searching a one-mile
radius around their location. Although this application has
not become popular due to the complex requirements for
user behaviours, the idea of using the power of crowdsour-
cing and a point incentive system for individuals to promote
the effects of shared parking has received increasing atten-
tion [58].

In subsequent studies, scholars have considered sharing
platforms for urban parking spaces based on smartphone
technology that involves renting personal parking spaces
through a peer-to-peer market with new e-sharing methods
in which the core business plan is to match parking demand
and parking space pricing [18, 59]. Shao, Yang, Zhang et al.
[60] proposed a linear 0-1 programming model to maximize
operating revenue while attempting to minimize loss due to
request rejection via the first-booked-first-served sequence.
Xiao et al. [3, 61] used a truthful double-auction mechanism
to address the price issue of shared parking and ensure fair-
ness for all participants. These authors found that the
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auction mechanism based on the principle of fairness could
improve the turnover rate of shared parking spaces and mar-
ket trading volume. Furthermore, they compared the plat-
form’s payoff and participants’ utility in different auction-
based pricing strategies (e.g., a uniform price strategy and
differential price strategy) and discovered the advantages of
unified pricing for shared parking spaces. Other technolo-
gies, such as location tracking, parking reservation, parking
space allocation, and dynamic parking permits combined
with pricing principles, have been used to address the poten-
tial space and efficiency of existing shared parking infra-
structure [18, 19, 59, 62, 63].

Overall, the literature has made great contributions to
the study of shared parking policies, and these studies have
provided strong support for specific measures to reduce or
eliminate regional parking pressure. These measures can
assist local governments in identifying other mandatory or
incentive methods to optimize the efficiency of shared park-
ing spaces using smartphone apps. Although previous stud-
ies have explored several interesting economic features,
including pricing, shared infrastructure, and parking man-
agement, to help shared parking policy succeed in the con-
text of scarce resources, we hope to answer the following
questions by exploring the effects of policy implementation
considering the current situation of excessive car usage:

(i) How can we describe the judgement process of individ-
ual risk and benefit perception when users participate
in FlexPass bidding, and how can we distinguish bids
for shared parking spaces in the environment of park-
ing demand competition?

(ii) How does the bidding incentive affect the economic
benefit of parking lots, and what is the correlation
among the incentive intensity, utilization efficiency of
parking spaces, and policy effectiveness of FlexPass?

3. Survey Data and Modelling Approach

3.1. Survey Design. The FlexPass survey was conducted from
Sep. 21, 2015, to Oct. 16, 2015, among parking users at UC
Berkeley. The campus can be likened to a small town, and
its parking lots are used mainly by parking permit holders
of the university. Therefore, our survey targeted the current
annual C permit and F permit holders, who have the right to
use the parking lots. A parking permit allows the holder to
park in a garage or parking lot according to the permit type.
C permits are normally used only by faculty and senior staff,
while F permits are available to other people. In 2015, the
parking price for a C permit was $131 per month, and the
price for an F permit was $95 per month. During the survey
process, the volunteers who participated installed a FlexPass
app on their smartphones and could be paid up to $15 to sell
their parking rights on campus for the day. Figure 1 shows
the interfaces of the FlexPass app.

In the volunteers’ daily travel, a subsidy price could be
submitted through the bidding interfaces of the smartphone
app, as shown in Figure 1(a), if they did not need to use cam-
pus parking lots (e.g., no use of parking rights held). The

smartphone app produced a randomly generated amount
(RGA) from 0 to 15 dollars for comparison to allow the user
to decide whether to accept the individual bidding price. To
incentivize the volunteers, if the bidding price was lower
than the RGA, the smartphone app provided information
on the bidding success, and the users could obtain a mone-
tary reward equal to their bidding price. Otherwise, the
app prompted the bidding to fail, and the volunteers still
reserved their right to park on campus on that day. The
default choice every day was “park on campus,” as shown
in Figure 1(b). It could be changed from the app interface
or from the app calendar if the volunteer did not plan to
use the parking. Before bidding prices were submitted, two
questions had to be answered: the alternate mode of trans-
portation the user would be taking and whether the user
would be coming to campus (as shown in Figure 1(c)). The
deadline for the return of parking rights was 12 noon every
day. After the end of our survey, each volunteer could obtain
the quota of subsidies they had earned through the app sta-
tistics (as shown in Figure 1(d)).

3.2. Process Execution Description and Modelling Theory.
Figure 2 illustrates how parking lot providers, demanders,
and managers cooperated to implement FlexPass. The
shared parking policy helped the use rights of parking lots
form a closed loop among the participants. Parking lots’
recycling and leasing based on cash-out measurements were
a decision-making behaviour process with risk. Drivers who
held F and C permits were the original owners of parking
spaces at UC Berkeley. They could freely propose bidding
prices within a reasonable range according to their use of
their parking spaces and could obtain the corresponding
subsidies. Although promoting FlexPass could improve the
utilization of parking lots, the possibility of cashing out
could also make users face uncertainty and risk when
reclaiming their use rights for parking spaces. Fortunately,
management controls the pricing power and may be able
to hedge certain risks and obtain an objective benefit by
renting parking spaces.

Note that our study does not include the concrete alloca-
tion for parking spaces in the evaluation scope of the model,
although many excellent studies have provided profound
discussions of this topic [64, 65]. Instead, we focus on deter-
mining what kind of external leasing strategy is beneficial to
shared parking considering the competition between park-
ing lots and people’s risk perception of sharing. In particular,
the bidding process in FlexPass is essentially incentive guid-
ance for people to share parking spaces. Whether the slots
are traded or not, the cash-out scheme will be included in
the cost and paid by the parking lot management to the
parking space providers. Obviously, the transaction price
approval standard here should depend on the external park-
ing demand, people’s parking supply decisions and the com-
petitive pressure between parking lots. In addition to the
distance from the parking space to the destination, the eco-
nomic cost of parking is the core focus of demanders. This
can be expressed as different parking lots competing in
rental pricing to attract various demanders if we do not con-
sider the parking distance. Therefore, from a rational
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(a) (b)
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Figure 1: The interfaces of the FlexPass app.
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viewpoint, the actors in FlexPass are making a risk decision
based on a cost–benefit analysis. To describe the operational
process of FlexPass more carefully, we propose four model
assumptions from the perspective of the aforementioned risk
decision theory.

Assumption 1. “All-or-nothing” principle for drivers and
“one-to-many” principle for parking managers.

Parking space providers who can share their parking
spaces and parking managers who can establish the reclama-
tion prices are established as rational actors. The “all-or-
nothing” principle for drivers implies that when they want
to share their use rights for parking spaces, they are bound
to propose a satisfactory bidding price. The “one-to-many”
principle means that parking managers must face the bid-
ding decisions of many drivers within a certain period. This
differs from Xiao et al.’s research [3] in that one occupied
parking space cannot be redistributed to multiple parking
demanders during the available time. Although this setting
sacrifices part of the mobility of resource utilization and
reduces the flexibility of supply-demand matching, it avoids
disputes over shared parking, such as parking time alloca-
tion conflicts or overtime parking, in the actual operational

process. In FlexPass, the parking lot also determines the rec-
lamation of parking spaces. Managers need to pay the
agreed-upon bids and make profits by subletting the use
rights of parking spaces to parking demanders. Rejecting
unnecessary bidding applications at the right time will help
parking managers maintain their profit margins.

Figure 3 is the game tree diagram of the bidding process
under this assumption. In the figure, player 1 is the parking
lot and player 2 is the provider. f iði = 1, 2,⋯Þ is the incentive
intensity scheme of the parking lot, and u and v refer to the sin-
gle benefits of players 1 and 2, respectively. Y means that the
provider’s bidding is successful, and N refers to failed bidding
or retaining the use right for a parking space.

If the parking manager successfully recovers the parking
right of provider i and subleases it to the surrounding
demanders at a certain price, the parking lot can obtain eco-
nomic benefits uð f iÞ. The corresponding subsidy of provider
i is vð f iÞ. If the parking manager rejects the bidding applica-
tion of provider i or decides to keep the use rights for the
parking space that day, then the benefits of both parties are
zero. In Figure 3, the right forms of the node for player 2
are a subgame tree with only one provider i. Let ωi denote
the behavioural state of the individual bidding of provider i
. If the person is rational, the decision must depend on the

Pays rent

Parking
demander 2

Parking slot
owner 3

Parking slot
owner 1

Parking slot
owner 2

Bids $13

Bids $18

Bids $11

Pays rent

Parking
demander 1

Flexpass management
department

Ownership

walking path
Communication

Figure 2: The operational process of FlexPass.
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size of the second component in brackets; i.e., the optimal
decision is as follows:

ωi =
Y , v f ið Þ > 0,
N , v f ið Þ ≤ 0,

(
ð1Þ

where Y andN can be numerically recorded as 1 and 0,
respectively.

On the other hand, the parking manager can obtain profits
depending on whether the individual initiates the bidding and
successfully returns the parking right. Consequently, when
FlexPass becomes amature policy, we can imagine that it would
be an interactive process similar to a nonconfrontational game
between the providers and the parking manager. The ideal
result of this game is to make the income of parking managers
as large as possible on the basis of ensuring that the economic
benefits of drivers returning parking rights are greater than 0.

Under this assumption, parking lots must bear most of
the day-to-day trading risk. In addition to the cost of recla-
mation, the income from FlexPass must be considered in
terms of the external demand for and leasing smoothness
of shared parking spaces. Only after subletting the recovered
parking spaces to external parking demanders can the park-
ing lot obtain economic benefits with the help of FlexPass.
Therefore, the incentive intensity to meet the optimal deci-
sion of the manager should be in accordance with

U fð Þ =max u f ið Þf g, v f ið Þ > 0: ð2Þ

Unlike in previous studies, the operation of FlexPass is
divided into two independent stages by the principles of this
assumption. In the first stage, the providers of shared park-
ing spaces propose the bidding prices. In the second stage,
the parking lot makes the decision of whether to accept the
bidding by evaluating the rental income of shared parking.
For both parties, the pure strategy of the game ð f , YÞ is
not the best strategy for people to follow. The reason is that
in real life, providers do not focus only on economic benefits
when they make bidding decisions, and there is no way for
parking lots to make a fully informed decision regarding
whether to accept bids. This will be further discussed in
the following assumptions of this paper.

Assumption 2. The operation of FlexPass will compete with
traditional parking lot operations, and the market allocation

of parking demand will be linked to the external rental price
of parking spaces.

The utilization efficiency of shared parking lots is uncer-
tain in this study because shared parking policies such as
FlexPass interfere with many factors during the operational
process, such as a lack of punctuality in the arrival and
departure of vehicles, traffic congestion, and individual pol-
icy compliance [29, 59]. Fortunately, it seems that market
competition with limited resources has a positive influence
on managerial incentives and avoids the risk of uncertainty
[66]. Therefore, our study considers the overall parking
demand to be allocated to two parking lots, denoted parking
lot A and parking lot B, that compete for market share via
the rental pricing of parking spaces. Parking lot A imple-
ments the traditional parking service mode with a certain
supply capacity, while parking lot B implements the mode
with FlexPass. To focus on the problem of the sustainability
of the benefit, we assume that the proximity between the
parking position and the demander’s destination as well as
the cost are not considered. For parking lots, the risk of
uncertainty in parking demand is related to the rental prices
they set.

Due to intensive competition in the parking market,
parking lots A and B both need to face the potential risk of
business loss due to resource vacancies. This result is in line
with our previous assumption that parking managers are
sufficiently rational to implement the “one-to-many” princi-
ple. In the whole process of competition, a company such as
parking lot B would make risk-averse decisions in a timely
manner as a rational actor [67]. In other words, the flexible
incentive strategy of parking lot B is to find the dynamic
equilibrium between the parking price and parking demand
in competition. As in some previous studies [48–50, 68], the
relationship between parking price and parking demand is
defined as a linear model, as shown in the following equa-
tions:

DA = 1 − θð Þξ − aA pA − p0ð Þ + rA pB − pAð Þ,
DB = θ ⋅ ξ − aB pB − p0ð Þ + rB pA − pBð Þ,

ð3Þ

where DA refers to the portion of the forecast parking
demand ξ allocated to parking space A and DB refers to
the parking demand allocated to parking space B. pA and
pB represent the rental price set by parking lots A and B.
p0 is the governmental guidance price set for parking. aA
and aB refer to the demander’s price sensitivity for parking
spaces based on the government guidance price; correspond-
ingly, rA and rB represent the competition intensity of the
rental price. The parameter θ is used here to introduce the
demand shares between these two parking lots, which may
be determined by other simplified factors in our study, such
as travel purpose, payment method, and parking conve-
nience. Its value ranges from 0 to 1, and the value 0.5 can
be used as a judgement value to identify which parking space
has an advantage in demand allocation. Note that the
parameter θ can also be regarded as the preference or the
choice habits of parking demanders for the parking space.

1

2

f1
f2

fn Y

Y

Y

N

... ...

(0,0)

(u( f1), v( f1))

(u( f2), v( f2))

(u( fn), v( fn))

(0,0)

(0,0)

2

2

...

N

N

Figure 3: Game tree of the bidding process between parking
managers and car users.
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The parameters rA and rB represent the demand for parking
spaces from competitors by adjusting prices and explain the
total utility of price to parking demand together with aA and
aB. The advantage of this assumption is that the allocation of
parking demand cannot be guaranteed to be very susceptible
to the parking price compared with the other assumptions of
nonlinear relationships [67].

Due to the finite absorptive capacity, parking lot B can
earn only constrained revenue from the fulfilled demand
because its unmet demand is assumed to be lost. Thus, the
possible profits π of parking lot B can be given by

π = pB ⋅min C,DBð Þ −O, ð4Þ

where C refers to the capacity of parking lot B, which is
related to personal bidding behaviours and the reclaimed
number of parking spaces, and O refers to the reclaimed cost
for the parking space providers. Note that DB is a random
variable, and min ðC,DBÞ refers to the minimum value of
C and DB. It describes three scenarios: (1) if the value of C
is smaller than the parking demand DB, the results of min
ðC,DBÞ will be equal to C; (2) if the value of C is greater than
the parking demand DB, the result will be DB itself; (3) if the
value of C lies within the distribution of DB, the result of
min ðC,DBÞ will also be a random variable. Denoting ðgÞ+
= max ðg, 0Þ, min ðC,DBÞ will be recorded as C − ðC,DBÞ+.
The profit function of parking lot B can be written as

π = pB ⋅ C − C,DBð Þ+½ � −O: ð5Þ

In a competitive environment, the parking lot manager’s
aim is not just to rent out all the existing parking spaces. The
operational process of FlexPass also needs to consider the
impact on its revenue of reclaiming parking spaces. The
parking lot must pay for the purchased spaces in advance
regardless of whether the parking spaces are utilized.

Assumption 3. In bidding, providers often submit a price
higher than their real earnings to avoid the risk associated
with the FlexPass policy.

We can imagine that if the FlexPass policy is carried out
smoothly, the shared parking business will be a service mar-
ket, and its pricing frameworks will be developed in the con-
text of parking space utilization. To optimize cost
contingency in service pricing, the expectation of risk aver-
sion is still the main reason for people’s decision-making
regarding travel choices [69–73]. Therefore, combined with
the rational actor setting in Assumption 1, we have reason
to believe that when people share their parking spaces, they
also make decisions that involve risk aversion.

According to the mechanism of flexible incentives, the
cost of reclaiming is directly related to the bidding of park-
ing providers. Because bidding behaviour is only the first
step in parking space sharing, whether revenue is obtained
also depends on the reclamation decision of parking space
B from a personal viewpoint. Note that βi refers to the bid-
ding price of provider i, and ci is the cost after sharing the

parking space. Thus, the profit εi of driver i can be written as

εi = βi − cið Þ ⋅ ωi − ωi − χið Þ+½ �, ð6Þ

where χi represents the reclamation state of this parking
space. When provider i initiates bidding βi, parking lot B
will determine whether to reclaim by examining the number
of parking spaces currently recovered. If the current recovery
quantity is less than the forecast demand, parking lot B will
agree to the bidding price, and χi should be recorded as 1.
Otherwise, the value of χi should be recorded as 0. The
expected profit πi for parking lot B produced by individual
bidding is

πi = pB − βið Þ ⋅ ωi − ωi − χið Þ+½ � ⋅ DB
C

: ð7Þ

In this assumption, we first introduce the value-at-risk
function to depict the risk-averse behaviours of parking lot
providers during the bidding process. In traditional studies,
the value-at-risk function is defined as the η-quantile of
profit εi, i.e., Pfεi ≤VηðεiÞg = η. The risk-averse indicator η
of the value-at-risk function VηðεiÞ takes a value in the inter-
val [0,1]. When the indicator η equals 1, the risk people feel
during bidding is neutral. The closer the value of η is to zero,
the stronger the feeling of risk people have and the weaker
their willingness to bid for parking space sharing (because
people tend to be more risk averse). Therefore, the focus of
FlexPass should shift from the pursuit of the economic ben-
efit of parking lot B to protecting people’s bidding
enthusiasm.

However, the value-at-risk function cannot represent the
tail distribution characteristic of people’s bidding enthusiasm.
In our study, we use the function of conditional value-at-risk
Vη

CðεiÞ as an extension of the value-at-risk function VηðεiÞ to
overcome the tail-end shortcoming [74, 75]. The mathematical
formula is

Vη
C εið Þ =

ð+∞
−∞

zdFη
ε zð Þ, ð8Þ

where z is an auxiliary dummy variable and Fη
εðzÞ refers to the

cumulative distribution function of VηðεiÞ. If z ≥VηðεiÞ, the
function Fη

εðzÞ equals 1; if z <VηðεiÞ, then Fη
εðzÞ = FεðzÞ/η.

Thus, we can intuitively see that Vη
CðεiÞ is the conditional

expectation function of εi subject to z. In other words, Vη
CðεiÞ

refers to the perceived benefits of provider i after considering
the risk in a shared parking policy, which can be defined as fol-
lows [67, 76]:

Vη
C εið Þ =max v + 1

η
E min εi − v, 0ð Þ½ �

� �
, ð9Þ

where v is an auxiliary dummy variable and its range is in the
interval [0, +∞]. Under this condition, the function Vη

CðεiÞ
reaches its maximum when v takes the value of VηðεiÞ. Let Λ
= aBðpB − p0Þ − rBðpA − pBÞ. We can deduce the following
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result if we substitute Equation (6) into Equation (9):

Vη
C εið Þ =

πi βi − cið Þ Φ−1 ηð Þθ −Λ
� �

DB pB − βið Þ , if Φ−1 ηð Þθ −Λ ≤ C,

βi − ci
η

ηωi − ωi + 1ð Þ, if Φ−1 ηð Þθ −Λ ≥ C,

8>>><
>>>:

ð10Þ

where Φ−1ðgÞ refers to the inverse function of forecast parking
demand ξ. The detailed proof process of this function is pro-
vided in Appendix A.

Assumption 4. The parking lot will comprehensively consider
the current number of recovered parking spaces and the self-
estimated parking demand for each provider’s bidding price
and then determine whether each parking space is profitable
under the bidding price.

As in previous studies, the auction mechanism of FlexPass
in this study establishes a direct connection between parking
space providers and demanders via an internet platform, and
the parking manager needs to buy back parking rights before
leasing to demanders [14, 15]. During the operational process,
the parking manager takes risks and earns profits, which inev-
itably makes the parking manager adopt rational behaviour of
risk aversion when making decisions. The only risk that leads
to a profit is a unique uncertainty resulting from an exercise of
ultimate responsibility, which by its very nature cannot be
insured, capitalized, or salaried [77]. This makes the manager
consider the risk when recycling shared parking spaces. There-
fore, we establish that the bidding prices B = fβ1, β2,⋯, βng
are provided in a discrete form for the parking manager. Each
bidding price βn corresponds to a cost cn ≥ 0 of sharing the
parking space in FlexPass, which means there is a relationship
βn − cn ≥ 0 and that the behavioural state ωn of individual bid-
ding should be recorded as Y according to previous assump-
tions. For ease of exposition, our study refers to all providers
who would bid the price as agents when we do not distinguish
them specifically. Due to the sealing characteristic of FlexPass
biddings, the price offered by providers is known only to the
parking manager, and no provider is aware of the prices
offered by others.

To hedge against risk, the management would estimate the
possible number of bidders K and the external parking demand
DK . The bidding orders could be processed under the first-
come-first-served principle; we cannot consume too much
computing power and time in judging whether to receive them.
The proportion of bidding and reclaiming that we consider is
characterized by the following formula:

0 ≤ 〠
i

n=1

χn

ωn
≤ 1: ð11Þ

Under this policy, at any time, the distribution of reclaiming
maintains a reasonable state in determining these bidding
prices. Therefore, we establish that the parking manager could

comply with the following utility rule:

〠
i−1

n=1
χnβi K − i + 1ð Þ − 〠

i−1

n=1
ωnp0 DK − 〠

i−1

n=1
χn

 !
≤ 0: ð12Þ

The constraint condition here is used to guarantee that this
decision rule is initiated only after a person has filed a bidding
application. The parking guidance price p0 represents the
driver’s stereotype of parking pricing to assist managers in rec-
lamation decisions. The first item of this formula makes a sim-
ple calculation when the bidding price βn is received. If, within
the estimated number K, someone submits a bidding price βi,
the first item reflects the expected total cost of recovering under
the accepted probability at that moment, while the second item
calculates the income that can be obtained by subletting the
parking space at the guidance price p0. The constraint condition
is that the deviation between these two items is less than zero,
which means that the recovery by bidding price βi is profitable.
As a real-time allocation process, the winner would gradually
emerge with the bidding pushed out of the model. It is worth
mentioning that, according to our model assumptions, we have
made some appropriate amendments for the incentive proper-
ties referenced in the research of Myerson and Satterthwaite
[78] as follows:

(1) Computational efficiency: the calculation involved in
the operation of FlexPass should be able to be deter-
mined in polynomial time.

(2) Rationality of participants: the participants expect a
non-negative utility of trading in FlexPass when they
take action to share or sublet parking spaces

(3) Approaching truthfulness: the providers of parking
spaces will behave truthfully in setting their bidding
prices. If a provider offers a high price, he or she will
also bear a high risk of bidding rejection

(4) Budget balance: if FlexPass continues to operate for a
long time, its revenue should be at least in surplus

In general, although formula (10) that we derived to
describe people’s risk perception benefit is a piecewise func-
tion, the forms of both formulas are linear under their corre-
sponding conditions. Therefore, bidding, which is a
distributed concurrent process, has a faster calculation
speed. Meanwhile, the objective function in our model is
set as ∑χi ⋅ V

η
CðεiÞ to ensure the maximization of personal

perceived benefits while chasing the effectiveness of the
parking lot. Formula (12) is provided to help determine
the trading price and satisfy the rapid response of recovery
judgement for the parking manager. Our allocation of win-
ning bids does not have a complete monotonic, although
each winner would receive a threshold payment. However,
it is close to meeting the state of truthfulness because the
piecewise function representing the personal perceived ben-
efit could be monotonic under the condition of the respec-
tive segments (proved in Appendix B). The last property
provided by Myerson’s research is the target of this paper,
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which focuses on exploring the economic benefit of parking
spaces by applying the FlexPass shared parking policy. Obvi-
ously, the model presented is mixed integer quadratic pro-
gramming (MIQP), and for this kind of problem, the
branch-and-bound algorithm would be used in our study
because of its ability to quickly find the optimal solution.

4. Results

4.1. Case Description and Parameter Setting. This study
selects the bidding data on working days for analysis and
assumes that the parking spaces of our survey respondents
are in a parking lot in Berkeley. The parking lot has 225
parking spaces, and among them are 25 redundant parking
spaces left over when implementing the incentive policy to
deal with the sudden pressure of parking demand (i.e.,
ensuring that the peak rate of daily parking occupancy is
approximately 0.9). As mentioned earlier, a parking lot with
the same number of parking spaces and the same demand
evolution rules is included for competition. That is, external
parking demanders can park their cars in these two parking
lots without considering factors other than parking fees. To
quickly respond to bids, a program that generates random
contrast numbers is preinstalled in the FlexPass app to pro-
vide people’s cash-out claims under the incentive mecha-
nism. According to the parking situation in Berkeley at
that time, we set the respondent to submit a bidding applica-
tion of US $0 to US $15 to the parking lot, and the app pro-
duced an RGA for bidding judgement. If the bid submitted
was lower than the RGA, the parking lot would automati-
cally receive it. In this setting, if drivers bid at a higher price,
they will bear a greater risk of failure. However, if the bid-
ding is too low, it cannot offset their travel cost, although
it can be accepted more easily. Thus, people’s ideal bidding
strategy is to propose a reasonable bid for the actual
situation.

To facilitate the analysis, we divided the entire bidding
process into 13 time periods. This is because when testing
FlexPass, UC Berkeley established that respondents could
decide whether to bid for returned parking spaces before
12:00 at the latest, and the earliest time to bid was pushed
forward 36h. The respondents’ bidding during the whole
investigation is illustrated in Figure 4. The total number of
people who initiated bidding showed a two-peak fluctuation
feature in the bidding periods and reached the maximum 2–
4h and 16–18 h before the bidding deadline (i.e., the peak
period of bidding was from 8:00 AM to 10:00 AM and from
6:00 PM to 8:00 PM). If we divide the total number of people
bidding by the days, we can obtain the average bidding
number.

Figure 5 shows the number and prices of bids during the
survey period. The bidding approval rate of individuals in
the UC Berkeley survey was between 54.35% and 83.58%.
The maximum approval prices ranged from US $6 to US
$13, which was significantly lower than people’s highest
bids. This is because during the actual operational process,
FlexPass could enable the parking manager to not blindly
follow people’s irrational bidding prices when recovering
the use rights of parking spaces, which reflected the

“strategy-proof” characteristic of the incentive mechanism.
Since the survey obtained bidding information initiated by
providers based on their own wishes, it was difficult to mea-
sure the cost ci after they shared the parking spaces. In our
study, the provider’s cost was iterated in the model formulas
in the form of coefficients for each survey sample. According
to the parking environment around UC Berkeley, we used
the linear function ΦðξÞ = q1ξ + q2 as the fitting result of
the parking demand distribution, and the values of the coef-
ficients were 0.01951 and -0.6939, respectively. The setting
and descriptions of other model parameters are illustrated
in Table 1.

4.2. Solution and Sensitivity Analysis. In this paper, we use the
branch-and-bound algorithm solver of Cplex 12.9 software to
program the numerical experiment. When analysing the sensi-
tivity of an indicator, the other parameters are temporarily
fixed, as shown in Table 1. For example, when we discuss the
impact on parking demand of the change in the competition
coefficient between the two parking lots, although the propor-
tion between rA and rB may change from 1 : 1 to 1 : 3.5 (i.e., peo-
ple are becoming increasingly sensitive to the rental price of
parking lots), the psychological value of people’s sensitivity to
the guidance price is still set as 1 : 1. To avoid the nonconvex
nature of the linear programming and ensure that the model
can quickly respond to individual bidding behaviour, we record
the constraint condition Φ−1ðηÞθ −Λ ≤ C as scenario 1 (i.e.,
due to the erroneous judgement, the number of reclaimed
spaces is excessive under the risk-aversion level η and the pref-
erence θ of parking demanders, and the parking demand allo-
cated to parking lot B is limited) and constraint condition
Φ−1ðηÞθ −Λ ≥ C as scenario 2 (i.e., there is a shortfall in spaces
for shared parking, and the demand for parking lot B is strong)
according to the derivation of Assumption 3. The research
model supports a remarkable illustration of rental price setting,
parking turnover, and policy effectiveness.

4.2.1. Price Setting for Leasing. Using the FlexPass survey
data as our model input, we obtain the optimal pricing strat-
egies for leasing. Figure 6 shows the optimal pricing for leas-
ing and FlexPass net profits under competition with the
traditional parking lot. The rental prices differ between sce-
narios 1 and 2. In general, the optimal prices in scenario 1,
in which the assigned demand is limited, are higher than
those in scenario 2. This is because our method allows park-
ing lots to adopt the operational strategy of “high pricing
and high revenue.” It enables the parking lot to reduce the
competition for the sublease volume and instead customize
a higher price to offset the economic cost of reclaiming too
many spaces and pursuing a certain benefit in the situation
of limited demand. Conversely, if the parking demand is suf-
ficient (i.e., in scenario 2), our method tends to formulate a
lower rental price for stealing market share competition
and ensuring people’s perceived benefits.

Obviously, the allocation of parking demand in our
model is affected by the pricing of competitive parking lots
and government guidance. FlexPass considers these two fac-
tors when setting prices. As shown in Figure 7, if the oppo-
nent’s parking price or the government’s guidance price
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increases by 5 dollars to 10 dollars, the optimal prices of
FlexPass increase accordingly in both scenarios. From the
results that we calculated based on the actual data, the opti-
mal price of scenario 1 is more stable than that of scenario 2.
This is reasonable because in the context of limited demand,
rental prices must be anchored at a high-order position to
hedge the monetary costs of excessive recovery. In the envi-
ronment of sufficient demand, our method has more pricing
space to win the competition for parking demand allocation.

Note that the trend of this change is equivalent to the gov-
ernment guidance price and the rival price due to the default
setting having the same weight.

4.2.2. Turnover Situation of Parking Spaces. Exploring the
turnover of parking spaces under an incentive strategy is
one of the main purposes of a shared parking policy.
Figure 8 shows the statistical results of the recovery number
under these two scenarios based on the model’s berth
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recovery decision rules mentioned above. The recovery deci-
sion rules considering the proposed risk aversion will be
more radical to enable agreement on the recovery of parking
spaces and to ensure providers’ benefits from participating
in shared parking. Compared with the number of bidding
applications, the decision rules enable FlexPass to bear at
least 70% of the recovery rate during the survey period,
and the recovery rate can be maintained at a relatively equal
proportion under these two scenarios.

Figure 9 shows the fluctuation in attracted demand and
occupancy rate of parking spaces if the providers who win
the bidding do not fail to keep their appointments. Although
the attraction of the rival may reduce the occupancy rate of
parking spaces in some demand environments of scenario 1,
in general, it ensures that the parking spaces for FlexPass are
used effectively. The reason is that in addition to considering
the parking demand attracted from competitors, the overall
utilization efficiency of parking spaces depends on the num-
ber of people’s bidding applications and the number of Flex-
Pass spaces reclaimed. If the parking lot recovers too many

parking spaces and there is not enough external demand,
some of the recovered spaces will inevitably be idle during
the operational process. On the plus side, the method we
propose can occupy a favourable position in the competition
and obtain one part of the parking demand that was origi-
nally assigned to the opponent. Regarding the attraction
effect, due to the lower pricing, scenario 2 can win a larger
parking share than scenario 1, which was at the expense of
the parking lot’s net profits.

4.2.3. Effects of Policy Benefits. During the operation of Flex-
Pass, there may be some differences in policy benefits
between individuals and parking lots when the individual
perceived benefit is analysed separately, as shown in
Figure 10. Compared with scenario 1, the lower pricing of
scenario 2 will make the overall perceived benefits of pro-
viders higher. This may be because individuals’ perceived
benefit is affected mainly by their own subjective value
judgement. When a parking lot that implements FlexPass
has a lower leasing price, it is equivalent to transmitting a

Table 1: The default setting of other model parameters.

Name Parameter symbol Value

Default setting of government guidance price p0 15

Default rental price of competitor pA 20

Competition coefficient of parking demand rA : rB 1 : 1

Psychological sensitivity to government guidance price aA : aB 1 : 1

Conversion coefficient of personal travel cost ci 0.5

Initial distribution proportion of parking demand θ 0.5

Risk aversion indicator η 0.3
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signal that sharing the parking spaces will not make app
users feel put upon. This will partially offset people’s under-
estimation of space reclamation and improve their enthusi-
asm for participating in shared parking. It is worth
mentioning the trade-off relationship between the individual
perceived benefit and net profits of the parking lot by com-

paring the variation between Figures 6 and 10. Whether we
pursue individual perceived benefits or parking lot benefits,
all come at the cost of neglecting the other. This result is
similar to many research findings that apply the truthful
auction method to realize the incentive mechanism of
mobile crowdsourcing service; i.e., it is considered difficult

22/9 24/9 28/9 30/9 2/10 6/10 8/10 12/10 14/10 16/10
Date

0

2

4

6

8

10

12

14

16

18

20

O
pt

im
al

 p
ric

es
 (d

ol
la

rs
)

Scenario 1: default
Scenario 1: rose 5 $
Scenario 1: rose 10 $

Scenario 2: default
Scenario 2: rose 5 $
Scenario 2: rose 10 $

Figure 7: Trend chart of optimal pricing with the upticks of the government or competitor.

22/9 24/9 28/9 30/9 2/10 6/10 8/10 12/10 14/10 16/10
Date

0

10

20

30

40

50

60

70

Pa
rk

in
g 

sp
ac

e n
um

be
r

Total bidding number
Actual recovery

Recovery of scenario 1
Recovery of scenario 2

Figure 8: Quantity of recovery between these two scenarios and actual judgement.

13Journal of Advanced Transportation



to design a system that simultaneously satisfies individual
rationality, budget balance and system efficiency [79–83].

In our model, people’s enthusiasm for participating in
policies can be reflected in their perception of risks (refer
to formulas (8) and (9)). It is not difficult to imagine that
if FlexPass operates smoothly with the incentive mechanism,
the risk associated with sharing parking spaces will be
reduced. This is specifically reflected in the fact that com-
pared with the initial stage of FlexPass operation, the per-
ceived benefit tends towards its real income when people

make a bid (i.e., the maximum value of the risk aversion
quantile will approach 1 in the model). To analyse the
impact of risk aversion behaviour on the operation of Flex-
Pass, we choose October 14 as the target day, which has a
significant difference in net benefit under the two scenarios
for the sensitivity analysis (as shown in Figure 11). On this
day, the respondents submitted 62 bids in total, and 25
applications were approved by the smartphone app. The
maximum amounts of bidding and system approvals were
US $15 and US $10, respectively. As the risk aversion

22/9 24/9 28/9 30/9 2/10 6/10 9/10 12/10 14/10 16/10
Date

0

5

10

15

20

25

30

35

At
tr

ac
te

d 
de

m
an

d 
of

 p
ar

ki
ng

 sl
ot

s

0.88

0.9

0.92

0.94

0.96

0.98

1

1.02

Ra
te

 o
f p

ar
ki

ng
 re

so
ur

ce
 u

til
ity

Attracted demand in scenario 1
Attracted demand in scenario 2

Occupancy rate of scenario 1
Occupancy rate of scenario 2

Figure 9: Demand attracted from competitors and the parking space utility.

150

100

50

0

50

O
ve

ra
ll 

am
ou

nt
 o

f i
nd

iv
id

ua
l

pe
rc

ei
ve

d 
be

ne
fit

 (d
ol

la
rs

)

20/9 22/9 24/9 28/9 30/9 2/10 6/10 8/10 12/10 14/10 16/10
Date

Scenario 1
Scenario 2

Figure 10: Stem leaf diagram of individual perceived benefits.

14 Journal of Advanced Transportation



quantile increases, our method will gradually shift from tak-
ing care of individual perceptions to chasing profits and for-
mulate a rising price for external leasing. Under this effect,
the net profit of the parking lot also shows a gradual
upwards trend, whether profitable or not. When the pro-
vider’s enthusiasm for participating in shared parking
increases, people’s perceived benefits increase under differ-
ent risk aversion levels. Our pricing strategy will help park-
ing lots make more favourable reclamation decisions in a
negative return environment and maintain the price advan-
tage in a positive income environment. If the personal ben-
efit and parking lot benefit are added together as the policy
benefits of FlexPass, we can obtain the results shown in
Figure 12, which reflects the positive effect of shared parking
policy to some extent.

5. Discussion

In this section, we analyse how FlexPass sets a competitive
rental price by our model and how the utilization efficiency
and monetary incentive of shared parking spaces evolve in
this study. Two different scenarios, which are divided by
the predicted number of recovered spaces based on prior
experience, were calculated and discussed here in depth. As
stated in the report of Minnesota University [17], FlexPass
is promoted to reduce single-occupancy vehicle travel and
increase the commuting accessibility of parking spaces. It is
hoped that it will change the pattern of car travel and
encourage people to use alternative methods of high-
occupancy transportation. Fortunately, together with previ-
ous studies, our research verifies the effectiveness of parking
cash-out schemes in encouraging people’s enthusiasm for
sharing their parking spaces [16, 84]. This is because exiting
from the bidding process could influence people’s parking
decision-making despite the power of economic leverage,
which is a hidden function compared with the traditional
shared parking policy. In terms of behaviours, FlexPass gen-
erates an incentive for providers to recover the cost of their
parking spaces and helps people flexibly set a time period
for shared parking according to their travel schedules [14,
15].

In regard to the characteristic analysis of our study, the
integration of FlexPass and the pricing rules based on risk
aversion effectively releases parking resources and improves
the service level of parking spaces by guiding drivers to vol-
untarily share their parking rights. Figures 6 and 7 reveal
that when all the parking resources can be allocated in a
competitive environment, our approach dares to make
aggressive pricing decisions, although the net profit of the
parking lot will temporarily fall to a negative value. This
aggressive “sacrifice” in economic benefits is in return for
the positive control of the individual risk perception of park-
ing space providers. It is not explicitly calculated in our
model but can affect the number of parking spaces shared
by providers. A supporting phenomenon is that the number
of recovered parking spaces and the parking demand
attracted from the rival are both presented as positive fluctu-
ations, as shown in Figures 8 and 9. In particular, compared
with the original results of RGA judgement in the UC Berke-

ley survey, whether the demand prediction of parking spaces
reclaimed by the parking lot was accurate or not, FlexPass
would maintain a stable high quantity for recovery to ensure
the continuity of people sharing their parking spaces. Mean-
while, the analysis results of individual perceived benefits,
net profits of parking lots, and policy benefit of FlexPass
shown in Figure 10 to Figure 12 illustrate that the operation
of FlexPass has a characteristic of profit seeking, which
enables it to strive for a positive benefit of shared parking
in the competitive environment of parking demand. This
feature enables FlexPass not only to keep the positive reve-
nue of individuals and society to the greatest extent possible
but also to have the ability to turn losses into profits for the
parking lot with the strengthening of risk preference
psychology.

In contrast to previous studies, we anticipate that the
outcome of our study will alleviate the dilemma of urban
parking supply and demand by setting a reasonable channel
for bidding incentives in shared parking policy. Our empir-
ical results are consistent with the research of Tschar-
aktschiew and Reimann [16], who found that cashing out
for bidding incentives could serve as a corrective strategy
and guarantee economic efficiency. Since we eliminated the
need for platform fees, the positive behaviour of providers
following the incentive to share their parking spaces would
be further expanded, which would also make people partici-
pate in the design of FlexPass [17, 29]. From the perspective
of commercial operation, our method is not like SFpark in
implementing a purely performance-based pricing strategy
but rather adjusts the flexibility of the price gradient in real
time by observing the change in external parking demand
to maintain the occupancy rate and demand attraction abil-
ity of parking lots at a high level [7, 54]. This can avoid set-
ting too-high prices due to the overheated demand, which
only changes the composition of parkers and creates more
vacancies. Note that although studies have shown that there
is a consistent trend in the system cost and profitability of
shared parking policy under some threshold conditions
[85], our research found that a reasonable recovery and
release mechanism of sharing parking spaces can also enable
parking lots to obtain sustainable benefits during long-term
operation, even if the economic income may be negative.
In other words, for local governments or policy makers,
the shared parking policy can try to promote first and then
gradually pursue the development of profit, which may be
an effective way to alleviate the pressure of urban parking.

In fact, the introduction of FlexPass has transformed
commuters’ parking spaces, which were originally “durable
goods,” into a public resource with the day-to-day character-
istics of “consumables.” The use rights of these parking
spaces can be drawn into market competition through the
mode of reverse auctions, which further encourages people
to flexibly share parking spaces. Unlike tradable parking per-
mits [86, 87], the cash-out scheme of FlexPass is focused on
improving individual awareness of subjective initiatives and
alleviating urban static and dynamic traffic problems. Col-
lecting discrete parking spaces into a management centre
via the bidding mode can not only provide more stable park-
ing spaces but also prevent market-oriented parking rights
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from falling into the hands of individuals who hoard and
resell them. In summary, the integration of FlexPass and
the pricing rules based on risk aversion could effectively
release parking resources and improve the service level of

parking spaces by guiding drivers to voluntarily share their
parking rights. Although to protect the provider’s perceived
benefits against competition, the parking lot may also risk a
loss in setting a low price when the number of parking
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Figure 11: Optimal pricing and net benefit under different risk perceptions.

22/9 24/9 28/9 30/9 2/10 6/10 8/10 12/10 14/10 16/10
Date

−50

0

50

100

150

200

250

300

350

400

450

500

550

To
ta

l p
ol

ic
y 

be
ne

fit
 (d

ol
la

rs
)

Scenario 1
Scenario 2

Figure 12: Total policy benefit of FlexPass during the survey period.

16 Journal of Advanced Transportation



spaces is insufficient, our method can sustainably maintain a
positive external income through individual perceived
expectation.

6. Conclusions

Monetary incentives, as an embodiment of economic lever-
age, have been increasingly applied in related fields of trans-
portation. For the urban parking problem, a sharing
economy strategy based on monetary incentives is continu-
ing efforts to implement new opportunities to relieve the
pressure of urban parking. In this study, we introduced Flex-
Pass, which uses incentives in shared parking via the mode
of bidding prices. A flexible pricing method with a cash-
out scheme was proposed to guide commuting drivers to
share their personal parking spaces and ensure a reasonable
profit for parking management under different parking
demand scenarios. To make the calculation more realistic,
we used four model assumptions to describe this pricing
procedure. First, we set up the bidding game and the
decision-making behaviours between the rational parking
lot and parking space providers. Second, the demand com-
petition between parking lots caused by rental pricing was
integrated into the profit assessment of shared parking pol-
icy. Third, a function of conditional value-at-risk induced
by the unrepresentative characteristic for individual bidding
perception was numerically simulated to explore the evolu-
tion process of people’s shared revenue expectation. Last,
we provided a utility rule to meet the rapid response require-
ment of individual bidding and reflect parking managers’
decision-making power over parking space reclamation
when the external demand became clearer. In this research,
we used survey data of 216 drivers obtained from UC Berke-
ley in a common unit with 225 parking spaces to analyse the
change in operational revenue of FlexPass and included
another parking lot, treated as a competitor, to simulate
the demand competitive environment. A mixed integer non-
linear programming model was built, and the branch-and-
bound algorithm was applied to solve for the optimal solu-
tion. The results show that when the relationship between
the total parking demand and the number of reclaimed
parking spaces is considered, our method cannot only for-
mulate a more competitive price in different scenarios and
earn a higher demand distribution proportion from a com-
petitor but also enable the utilization efficiency of parking
lots to be maintained at a good and stable level. In particular,
if the bids are used as the criterion to distinguish people’s
enthusiasm for parking space sharing, the implementation
of FlexPass would help parking lots pursue their own net
profits due to the increase in shared parking spaces. There-
fore, the economic benefits of our mechanism would be fur-
ther expanded as the operation time is extended.

Although this study represents a practical attempt at a
new incentive mechanism, we assumed that the rental pro-
cess of the bidding survey took place in a single parking lot
of UC Berkeley, and the model parameters were limited to
a fixed value or a certain range to explore the economic ben-
efits and avoid volatility in the operational process of Flex-
Pass. Some settings of this study still differ from real-world

applications. For example, major holidays and important cit-
izen events that may lead to a significant imbalance between
the demand and supply of parking spaces are not considered
in this paper. Additionally, the parking cash-out of the UC
Berkeley survey set a lower limit of 0 dollars and an upper
limit of 15 dollars, which may lead to uncertain revenues
and affect people’s willingness to share their private spaces.
The behavioural evolution caused by bidding prices con-
trolled with a fixed value or without a certain boundary
was not considered in the model construction and analysis.
Furthermore, this study did not consider the detailed alloca-
tion of shared parking spaces, which could be an indepen-
dent and important issue in future research.

Appendix A

In this appendix, we derive the optimal bidding strategy for
parking lot providers, and we analyse how the behavioural
tendency of risk aversion influences personal bids.

According to Assumption 3, the perceived benefits Vη
Cð

εiÞ of provider i considering risk aversion can be given as

Vη
C εið Þ =max v + 1

η
E min εi − v, 0ð Þ½ �

� �
: ðA:1Þ

To simplify the narrative, let εi = ðβi − ciÞ ⋅ ½ωi −
ðωi − χiÞ+� for each provider and Λ = aBðpB − p0Þ − rBðpA −
pBÞ for parking space B, which is operating with FlexPass.
Therefore, the personal perceived benefit Vη

CðεiÞ can be
rewritten as follows:

Vη
C εið Þ =max v + 1

η
E min βi − cið Þ ⋅ ωi − ωi − χið Þ+½ � − v, 0ð Þ½ �

� �
:

ðA:2Þ

Then, we set Vη
CðεiÞ =max GðvÞ, and GðvÞ can be writ-

ten as

G vð Þ = v + 1
η
E min βi − cið Þ ⋅ ωi − ωi − χið Þ+½ � − v, 0ð Þ½ �:

ðA:3Þ

To further discuss the expression of perceived benefit
Vη

CðεiÞ, we consider the following two cases.

Case 1. If v ≥ ðβi − ciÞ ⋅ ωi, then,

G vð Þ = 1
η
E − βi − cið Þ ⋅ ωi − χið Þ+½ � + βi − cið Þ ⋅ ωi

η
+ η − 1

η
⋅ v = η − 1

η
v + βi − ci

η
:

ðA:4Þ

Note that dGðvÞ/dv < 0, which means GðvÞ would
decrease with v; thus, GðvÞ reaches a maximum at the lower
boundary point when v equals ðβi − ciÞ ⋅ ωi.

17Journal of Advanced Transportation



Case 2. If v ≤ ðβi − ciÞ ⋅ ωi, then,

C = DB ⋅ pB − βið Þ ⋅ ωi − ωi − χið Þ+½ �
πi

,

G vð Þ = v + 1
η
E min βi − cið Þ ⋅ ωi − βi − cið Þ ⋅ ωi − χið Þ+ − v, 0ð Þ½ �

= v −
1
η
E max βi − cið Þ ⋅ ωi − χið Þ+ − βi − cið Þ ⋅ ωi + v, 0ð Þ½ �

= v −
1
η
E βi − cið Þ ⋅ ωi − χið Þ+ − βi − cið Þ ⋅ ωi + v½ �+

= v −
1
η
E βi − cið Þ ⋅ ωi − χið Þ+ − ωi½ � + v½ �+

= v −
1
η
E v −

πiC βi − cið Þ
D2 p2 − βið Þ

� �+
= v−

1
η

ðΔ
−∞

v −
πiC βi − cið Þ
D2 p2 − βið Þ

� �+
dΦ ξð Þ,

ðA:5Þ

where the integral upper Δ would be determined if we record
the variation Λ of parking demand on parking lot B as aBð
pB − p0Þ − rBðpA − pBÞ. If parking demand DB equals, C, then
all parking spaces, including those that providers bid to
reclaim, are leased. At this time, the operation of FlexPass
is in an ideal state. Let ξmax be the total parking demand at
this moment, i.e., ξmax = Δ. Therefore, the formulation is

Δ = ξmax =
C +Λ

θ
,

G vð Þ = v−
1
η

ð C+Λð Þ/θ

−∞
v −

πiC βi − cið Þ
DB pB − βið Þ

� �+
dΦ ξð Þ,

dG vð Þ
dv

= 1 − 1
η
⋅Φ

C +Λ

θ

� 	
:

ðA:6Þ

Obviously, βi − ci > 0 and v ≤ ðβi − ciÞ ⋅ ωi. If v reaches its
maximum at εi, we can deduce that

ωi − ωi − χið Þ+½ � = v
βi − cið Þ ,

C +Λ

θ
= DB pB − βið Þ ωi − ωi − χið Þ+½ � +Λπi

πiθ

= 1
πiθ

DB pB − βið Þ v
βi − ci

+Λπi

� �

= 1
πiθ

pB − βið ÞDB
βi − ci

v +Λπi

� �
,

dG vð Þ
dv

= 1 − 1
η
⋅Φ

1
πiθ

pB − βið ÞDB
βi − ci

v +Λπi

� �� �
:

ðA:7Þ

Note that d2GðvÞ/d2v < 0 and GðvÞ are concave. There-
fore, when dGðvÞ/dv = 0, GðvÞ reaches its maximum and �v is

�v = πi βi − cið Þ Φ−1 ηð Þθ −Λ
� �

DB pB − βið Þ : ðA:8Þ

Thus, when v equals �v under the condition v ≤ ðβi − ciÞ
⋅ ωi, the value of GðvÞ reaches the maximum; otherwise,

the maximum is reached at ðβi − ciÞ ⋅ ωi. That is,

v =
�v, v ≤ βi − cið Þ ⋅ ωi,
βi − cið Þ ⋅ ωi, v ≥ βi − cið Þ ⋅ ωi:

(
ðA:9Þ

Note that under the condition of v ≤ ðβi − ciÞ ⋅ ωi, Gð�vÞ
can be deduced as follows:

G �vð Þ = �v−
1
η

ðΔ
−∞

�v −
πiC βi − cið Þ
DB pB − βið Þ

� �+
dΦ ξð Þ

= �v−
1
η

ðΔ
−∞

πi βi − cið Þ Φ−1 ηð Þθ −Λ
� �

DB pB − βið Þ −
πiC βi − cið Þ
DB pB − βið Þ

� �+
dΦ ξð Þ

= �v−
1
η

ðΔ
−∞

πi βi − cið Þθ
DB pB − βið Þ Φ−1 ηð Þ − Λ + C

θ

� �� �+
dΦ ξð Þ:

ðA:10Þ

Therefore, due to the relationship ðΛ + CÞ/θ =Φ−1ðηÞ,
the formula of personal perceived benefit Vη

CðεiÞ can be
deduced as

Vη
C εið Þ =

πi βi − cið Þ Φ−1 ηð Þθ −Λ
� �

DB pB − βið Þ , if Φ−1 ηð Þθ −Λ ≤ C,

βi − ci
η

ηωi − ωi + 1ð Þ, if Φ−1 ηð Þθ −Λ ≥ C:

8>>><
>>>:

ðA:11Þ

Appendix B

Now, we prove that FlexPass satisfies the three properties
mentioned in Section 3.

Lemma 1. FlexPass is computationally efficient.

Proof. Let n be the total bidding number on the target date.
To ease the exposition, we assume that the parking lot deter-
mines the bidding prices individually according to the order
offered by the parking space providers. The loop of informa-
tion interactions and judgements takes a maximum of OðnÞ
time complexity in FlexPass; i.e., the proposed method of the
reclamation rule can be computed in polynomial time.
Therefore, the shared policy of FlexPass is computationally
efficient.

Lemma 2. FlexPass is individually rational.

Proof. During the operation of FlexPass, the manager needs
to pay provider i the bidding price βi if it has decided to
reclaim the parking space. Under this condition, the utility
of provider i is Vð f iÞ = βi − ci, which we define as Vð f iÞ ≥
0 in Assumption 1. Although in subsequent hypotheses we
know that the perceived benefits of individuals will be lower
than their real benefits due to the existence of risk aversion,
profit εi of provider i who has won the bidding application is
also greater than 0. Therefore, FlexPass is individually ratio-
nal for parking space providers.
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Lemma 3. Biddings of FlexPass are close to truthfulness.

Proof. Since FlexPass has not yet been implemented, the truth-
fulness of biddings here refers to providers behaving truthfully
in parking space sharing by participating in more bidding
prices. Let ci and βi be the provider’s cost and bidding price,
respectively. εi = βi − ci is the utility if bidding price βi is
accepted by the parking space provider. Even considering peo-
ple’s risk-averse bidding behaviour, as presented in Appendix
A, the perceived benefit Vη

CðεiÞ under the condition Φ−1ðηÞθ
−Λ ≤ C equals ðπiðβi − ciÞ½Φ−1ðηÞθ −Λ�Þ/ðDBðpB − βiÞÞ,
which is greater than zero within acceptable values. Therefore,
the personal utility of the provider becomes Vη

CðεiÞ ≥ 0. On
the other hand, we deduce that under the condition Φ−1ðηÞθ
−Λ ≥ C, the perceived benefit Vη

CðεiÞ is greater than zero
because its terms in expression ððβi − ciÞ/ηÞðηωi − ωi + 1Þ are
all positive. That is, people will not raise a false bidding price,
especially when the risk of parking space sharing is taken into
account under these two conditions. With the increment of
FlexPass implementation time, the parking space provider’s
experience in bidding will gradually mature, and the personal
incentive rewards will be close to their perceived value of inner
expectation.
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