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Abstract
In a coordinated mobility-on-demand system, a fleet of vehicles is controlled by a central unit and serves
transportation requests in an on-demand fashion. An emerging field of research aims at finding the best
way to operate these systems given certain targets, e.g., customer service level or the minimization of fleet
distance. Previously, the key components of fleet operation have been the dispatching, rebalancing and
routing of vehicles as well as the detection and assignment of ride-sharing possibilities. In this work, we
introduce a new element of fleet operation: the assignment of idle and staying vehicles to a limited set
of parking spots. We present three different parking operating policies governing this process and then
evaluate them on different parking space distributions. We show that even for a highly restricted number of
available parking spaces, the parking space capacity violations can be reduced to zero at a relatively small
operational cost and without negative impact on system service level. Our findings suggest that knowledge of
the current parking space occupancy at a central control unit greatly facilitates handling parking constraints.
This implies that suitable infrastructure is necessary to monitor the state of occupancy of parking spaces.
Finally, we also highlight possible directions of future research such as to find the best distribution of parking
spaces for a given mobility-on-demand system and city.
Keywords: Mobility-on-Demand, Parking, Operational Policy, Fleet managment, AMoD

1. Introduction
In many cities, privately owned cars are a dominant mode of transport. Apart from their undeniable
usefulness for transportation, cars require roads to drive, burn fuel, emit greenhouse gases and pollutants
and cause congestion. Furthermore, cars also have an impact on urban life when they are not in operation
but parked. Occupied parking causes additional vehicle distance and economic inefficiency. [32] provides
one of the first overviews of cruising for parking and [9] estimates that drivers spend 65-107 driving hours
a year searching a free parking spot in major Western cities. As every location that a car owner chooses
to visit requires a parking spot, the land consumption of parking spaces is significant. For instance, in Los
Angeles county, parking spaces consume about 14% of incorporated land [7].
With the advent of partially or fully self-driving cars, their impact on parking has been extensively
studied in recent literature. Among other technological advantages, self-driving cars can be leveraged to
allow for more densely packed parking lots [26]. Apart from this, the technology will change the behavior
of travelers: privately owned, fully self-driving cars may reduce the cost of travel and allow owners to send
their vehicle to a parking spot separate from their destination.
The implications of this ability are assessed in [36] based on a simplified city model. It describes a city
topology with only one parameter, the distance from the city’s “port” or central location. The work predicts
that in an economic equilibrium with self-driving cars, daytime parking will happen at the periphery of the
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city or even at the residential locations of commuters. Car owners will simply send their cars to parking
lots in cheap locations to maximize economic utility.
The same topic is discussed in [25] with a slightly different angle. Based on numerical results of a traffic
micro-simulation for downtown San Francisco, the authors describe the possibility that autonomous vehicles
could simply be sent cruising around the block in order to avoid parking fees. By that, they would create
substantial additional distance and congestion. Additionally, this option would render useless the possibility
of authorities to use parking prices as a steering mechanism for private vehicle usage. Subsequently, dropping
parking prices would therefore induce even more traffic.
In an agent-based simulation, [6] investigate the negative impact of excessive cruising in a neighborhood of
Berlin with 4,000 parking spaces and a total of 37,000 people traveling. In this study, owners of conventional
vehicles randomly search the area surrounding their destination for available parking. Fully autonomous and
privately owned vehicles can furthermore chose between the strategies of traveling to a dedicated parking
garage or randomly cruising within the neighborhood without stopping. Overall, an average duration of
8:50 [min] is recorded to find an empty parking space. Additional vehicle distance traveled for parking
search are 2% to 4% for all strategies except for the cruise strategy that results in an increase of 80% to
110%.
Besides being available for private ownership and usage, fully self-driving cars could also be operated in
a coordinated fleet by a service provider. Users would then book a vehicle in an on-demand fashion. This
concept is described in literature as autonomous mobility-on-demand (AMoD).
In a data analysis based approach, [18] uses previously developed methods of vehicle and trip shareability
networks [31, 34] to determine a lower bound of parking space reduction for Singapore under the assumption
that a large-scale autonomous mobility-on-demand system is introduced. The presented greedy heuristic
algorithm is applied to a 1.44 million trips data set. The results suggest that a 85% reduction of the
current estimated minimum of 1,369,576 parking spaces can be realized if all of these trips are served by an
AMoD system. A similar study [19] by the same authors focuses only on home-work commuting by shared
autonomous vehicles. It projects a 50 % reduction of parking needs at the expense of 2% of additional fleet
distance for Singapore.
Beyong data analysis approaches, the study described in [38] presents a custom-built simulator that is
applied to data for Atlanta in the United States. The authors conclude that parking land use can be reduced
by 4.9% if 5% of trips are served with a mobility-on-demand system.
[35] presents a combined consideration of three different questions in one extended simulation study
for a newly planned district, Waterfront Tanjong Pagar, in Singapore. First, the influence of vehicle stop
bay length is analyzed and it is clearly demonstrated that shorter bays of 10 [m] length lead to worse
system metrics than larger bays of 30 [m] in terms of total travel time, in-vehicle time and average wait
time. Additionally, vehicle sizes are varied and vehicles with 4, 10 or 20 seats are tested. The influence
of different operating policies for ride sharing is not considered, although it may be large. Finally, the
vehicles are programmed to behave in specific ways when they are without a customer. They may either
perform “demand-based roaming”, i.e., they travel towards locations with substantial past demand and
then randomly patrol these zones; they may park on-street thereby blocking the lane; or, the vehicle may
also travel to a depot where it can be parked. A mixed depot/street strategy is examined as well. While
the study is relevant and contains many important aspects, the large number of factors which are varied
simultaneously make it hard to draw clear conclusions.
In [24], vehicles in a mobility-on-demand scheme operate in a “station-based” or “free-floating” mode
and the latter is shown to be beneficial for the service level of the scheme.
All research mentioned so far demonstrates that the fleet level decision-making related to parking of
vehicles has an influence on system performance. In this work, we attempt to study this decision-making
in depth and aim to quantify its impact exactly with simulation methods. To achieve this, we formally
introduce the process of assigning staying vehicles to free parking spots as an element of a fleet operational
policy that we call “parking operating policy”. This new part of fleet operation thus composes an additional
decision-making process next to the ones we have already studied, namely the assignment of free vehicles to
open requests called “dispatching”, e.g., [29]; the assignment of idle vehicles to locations of future anticipated
demand called “rebalancing”, e.g., [29, 16]; the evaluation and assignment of ride-sharing oppurtunities [30]
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and; the choice of vehicle routes [21].
Compared to our previous studies, we drop the assumption that as many parking lots are available as
required, i.e., that vehicles have an opportunity to stop on any road at any time. Instead, we introduce
limited parking capacities at every road and implement a model to measure any violations of these parking
constraints accurately. Then, we develop various parking operating policies and assess their impact on system
service level and efficiency, especially vehicle distance traveled. In doing so, we can address the currently open
question if a limited number of parking spaces in a city will severely impair fleet performance or increase
the cost of a coordinated mobility-on-demand system. Moreover, we assess the impact of parking space
density and parking space distribution. For this purpose, we use three different parking space distributions:
a uniform distribution in the network, a distribution based on available public parking and a distribution
based on parking spaces currently used by a two-way shared mobility operator.
Our work differs from [24] as we introduce limited capacities as well as different parking operating policies
and asses their impact on system performance and efficiency. While there are similarities of our work to
[20], the chosen scope is very different. In [20] the authors propose to use the available degrees of freedom to
perform vehicle-to-grid services to the electrical power grid. The parking locations of vehicles are thus not
determined by the MoD operation but by requirements from the (smart) power grid. Instead, we use the
degrees of freedom to optimize the operation of the mobility-on-demand scheme. [38] operates on a lower
resolution model with only 8,694 roads, uses heuristic rebalancing and dispatching methods and does not
compare different parking operating policies. Finally, [18, 19], while similar to our approach in spirit, present
a data analysis based approach with a lower resolution: 4,529 distinct locations of origins and destinations
for 1.44 million trips. Instead, our study examines 363,503 trips on 26,892 distinct origin and destination
locations within an even larger network. In contrary to our work, road dynamics and congestion are not
explicitly taken into account, no rebalancing of vehicles is performed and the single chosen dispatching
strategy is local, i.e., it does not globally optimize the process.
Therefore, our contributions are as follows. We formally introduce the parking operating policy as
a part of fleet-level decision making. We demonstrate that under very mild assumptions and a highly
restricted number of parking spaces, it is possible to drive violations of parking constraints to almost zero
at a limited operational cost and without negative impact on system service level. We further demonstrate
that in order to realize this state, it is beneficial to have information on free parking spaces available to
the central operator. Therefore, we conclude that suitable infrastructure should be foreseen in the design of
the mobility-on-demand system. Finally, we highlight future directions of research such as to find the best
distribution of fleet parking spots for a given mobility-on-demand case and city.
The paper is is organized as follows. First, the problem is formally stated in Section 2 and necessary
notation is introduced. Then, three different parking operating policies are presented in Section 3. These
operational policies are evaluated in simulation and compared in different scenarios in Section 4 and 5. A
conclusive statement is provided in Section 6.
2. Problem Defintion
An operational policy guiding the behavior of a fleet of vehicles in a mobility-on-demand system is
responsible for decision-making in several ways. First, an assignment of available cars to waiting customers
must be determined and updated at every time instance. There are various ways of doing this, including
heuristic strategies [5] or globally optimized strategies [29]. During large periods of the day, there are idle
vehicles which are not needed to serve currently outstanding demand. These vehicles must be repositioned
to locations of future anticipated demand, a process called rebalancing or repositioning. The choice of
rebalancing locations can be made in various different ways, e.g., as described in [37, 28, 22]. Furthermore,
possible ride-sharing opportunities may be considered with a suitable strategy, e.g., the ones compared in
[30]. Finally, also the routing of vehicles can be determined to effect a certain behavior, e.g., the reduction
of overall congestion levels[27]. In all of these aspects, the right trade-off between customer service quality
including wait and travel times, vehicle distance traveled and fleet size has to be determined.
In this work, we focus on another aspect of fleet operation which has not been considered in depth
until now. We consider the case in which parking spaces are limited and present according to a certain
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distribution, i.e., we remove the assumption that staying vehicles can stay on all roads at all times. This
aspect is closely related to the rebalancing problem mentioned above: rebalance commands can only send
vehicles to locations with free parking space or to locations at which they pick up the next customer directly.
The problem is clearly distinct from the related problem of determining the dimensions and design of
pickup and dropoff zones at heavily frequented locations, e.g., train stations or airports. This is a separate
problem that should be handled in a different context as it depends on many additional factors. Most of
them are related to entirely new problem dimensions not related to fleet operating policies: the composition
of the population (elderly people, wheel-chair drivers, kids etc.), the size of travel parties and the type
of travelers (with or without luggage, work or leisure etc.), the architecture of the buildings, the safety
requirements, and more.
In this work, we solely assess the case in which staying and idle vehicles can only remain at predetermined
locations in the city, the parking spaces. In order to model the problem, two principal approaches can be
chosen. On one hand, vehicles could be prevented to stay on locations without free parking spaces with a
hard constraint, i.e., any number of excess vehicles exceeding the capacity is not permitted. On the other
hand, an approach can be chosen in which excess vehicles on parking locations are allowed but measured
and minimized by the parking operating policy. In such a case, overflowing parking areas may appear in
the results. We have chosen the second approach as it represents well the realistic scenario of car parks with
spot searching vehicles as illustrated in Fig. 1. Although a parking area has a finite number of spots, it can
temporarily host more vehicles in its intermediate spaces and access ways. Small and temporary violations
thus do not pose a problem. Furthermore, this approach allows to quantify and characterize the excess
occupancy accurately. In our model, every parking area is placed on a distinct road i ∈ N where N defines
the set of all such roads in the network. The number of parking spots in a parking area i is limited to a
parking capacity ci . These values are constant for the total simulation duration T . Each parking spot in an
area can be occupied by a vehicle and ri (t) describes the number of occupied parking spots of the parking
area at road i and time t. These definitions allow to introduce the amplitude of violation ai (t) at time t,

Figure 1: Parking area as a dynamic reservoir.

which is defined as the difference between the occupancy ri (t) and the capacity ci of the road i (Eq. 1).
(
ri (t) − ci if ri (t) > ci
ai (t) =
(1)
0
if ri (t) ≤ ci
In order to have a single scalar metric, the value ai (t) defined in Eq. (1) is integrated over the total time T
resulting in a value αi . This value αi is then summed over all roads i ∈ N resulting in an overall quantity
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ri (t)

αi
ci

t
Figure 2: Violation of the parking capacity ci at road i is characterized by the value αi .

α that represents the severity of parking capacity violations for the entire day. The resulting unit of this
parking capacity violation formulated in Eq. (2) is vehicles times seconds [veh · s].
Z T
X
αi :=
ai (t) dt
α :=
αi
(2)
0

i∈N

Fig. 2 shows an example road with occupancy ri (t) over a certain time period. The limited capacity of the
parking area is indicated by the dashed line ci . The gray-colored enclosed area of the dashed and solid line
is αi and represents the violation of parking space capacity for the road. As an analogy, each parking area
at a road i can be seen as a dynamic reservoir, in which the in- and outflow of vehicles result in a change of
d
the reservoir level dt
ri (t). All introduced variables are summarized in Tab. 1.
Table 1: Table of Variables

Variable

Unit

Description

ci

[veh]

number of parking spaces at parking area i

ri (t)

[veh]

occupancy of parking area i at t

ai (t)

[veh]

parking capacity violation at parking area i at t

αi

[veh · s]

severity of parking capacity violation at area i

α

[veh · s]

severity of parking capacity violation

The fleet parking problem can be seen as a modification of the transportation problem first described by
A. Tolstoi in 1930 [33] capturing the difficulty of distribution and allocation of resources. One can indicate
both the density of violating vehicles as well as free parking spaces as distributions in the space of R2 . In
contrast to the original problem, these subsets are not of equal size. The fleet parking problem is only
feasible as long as the cardinality of the set of vehicles to redistribute is always smaller or equal to the
cardinality of the set of free parking spaces, i.e., as long as there is at least one free parking space per vehicle
that must be relocated in the city. Having defined the fleet parking problem , we state the objective of a
5

parking operating policy as follows:

Objective of Parking Operating Policy A parking operating policy must redistribute idle and staying
vehicles such that α is driven to zero and all other system metrics such as wait times, vehicle miles
traveled etc. are not deteriorated.
System metrics of importance and their respective relevance may differ depending on the case under
consideration. For some mobility-on-demand systems, minimization of vehicle distance traveled is the primary objective while others may be designed to provide the best possible service level in terms of travel and
waiting times.
3. Parking Operating Policies
As outlined in the previous chapter, a parking operating policy must redistribute idle and staying vehicles
such that the parking capacity violation α is driven to zero. Specifically, we assume an original distribution
of staying vehicles to be determined by a previous element of fleet operation. This may be an algorithm
determining rebalancing movements or simply dispatching dynamics resulting in vehicles being placed at
trip end locations. The parking operating policy further repositions vehicles from this predetermined distribution in order to reduce parking space capacity violations. In the following subsections, we present three
different parking operating policies which can handle this problem. The first one assumes no communication
between vehicles and no availability of information about the location of free parking spaces. The second
strategy assumes that vehicles possess information on the number of available parking spaces in a bounded
neighborhood close to their location. The third policy finally assumes that all free parking spaces in the
operating area are known to a central operator.
3.1. Random Diffusion(RD)
The first approach is similar to a strategy chosen by many human drivers who would simply patrol the
neighborhood of their destination in the search of a parking space. On a fleet level, this means that vehicles
reaching a stay destination without available parking spaces are shuffled to downstream roads at random.
More precisely, if the number of staying vehicles ri (t) is violating the limit ci at road i, these excess vehicles
are redirected to a random downstream road. The policy is illustrated in in Fig. 3. A vehicle is allowed to
reverse its direction or to follow a new road at the crossroads, provided that this is possible at its location
in the road network. For the example provided in Fig. 3, the vehicle is directed in the green, red or blue
direction with equal probability of 31 . This procedure is described in Parking Operating Policy 1.

Figure 3: Possible directions of a relocating vehicle for the Random Diffusion policy.
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Parking Operating Policy 1
Random Diffusion (RD)
Input:
all staying vehicles in idle mode
ci : limited capacity for all roads i in road network
Output:
R: list of relocating vehicles
Ω: list of destination roads for each vehicle
At each time instance :
Initialization :
1: S = {}: empty set
2: for road i in road network do
3:
si ← set of all staying vehicles in idle mode at road i
4:
S ← si
5: end for
Relocation :
6: for si in S do
7:
if size (si ) > ci then
8:
Λi ← remove (size (si ) − ci ) vehicles from si
9:
for relocating vehicle rj in Λi do
10:
ωj ← compute random downstream road
11:
R ← rj
12:
Ω ← ωj
13:
end for
14:
end if
15: end for
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3.2. Directed Diffusion(DD)
The Random Diffusion policy can be augmented by the consideration of directionality. In order to have a
larger horizon of possible destination roads, the n-level neighbor roads are introduced. The n-level neighbor
roads of road i are all roads that can be reached from road i crossing with at most n road changes, e.g.,
intersection crossings. To avoid cycles, duplicates are identified and excluded from further traversal. In
contrast to the previous method, in Directed Diffusion the destination of such vehicles in a parking space
above capacity is set as the n-level neighbor road with the highest number of free spaces f ∗ . If the highest
number of free spaces is smaller or equal to zero, a random neighbor road of level n is chosen. The parking
operating policy is defined in Parking Operating Policy 2. Fig. 4 illustrates the method graphically for
Parking Operating Policy 2
Directed Diffusion (DD)
Input:
all staying vehicles in idle mode
ci : limited capacity for all roads i in road network
Output:
R: list of relocating vehicles
Ω: list of destination roads for each vehicle
At each time instance :
Initialization :
1: S = {}: empty set
2: for road i in road network do
3:
si ← set of all staying vehicles in idle mode at road i
4:
S ← si
5: end for
Relocation :
6: for si in S do
7:
if size (si ) > ci then
8:
Λi ← remove (size (si ) − ci ) vehicles from si
9:
for relocating vehicle rj in Λi do
10:
ω ∗ , f ∗ ← road with highest number of free spaces of n-level neighbors of rj
11:
if f ∗ > 0 then
12:
ωj ← ω ∗
13:
else
14:
ωj ← compute random n-level neighbor road of rj
15:
end if
16:
R ← rj
17:
Ω ← ωj
18:
end for
19:
end if
20: end for
n = 2. The n = 1 level neighbor roads of the origin in blue have 0, 0 and 4 free lots. In red, the second level
neighbor roads n = 2 have 0, 2, 5, 0, 1, 1, 2 and 6 free parking spaces. Following the algorithm described
above, the orange car would be sent to the road with the highest number of free parking spaces greater than
zero, which in this case is the one with 6 free parking spots. As it is not useful to drive towards roads without
free parking spaces, the policy sets a random neighbor destination if all neighboring roads are without free
spaces. This helps to avoid cycles and to escape from isolated centers without available parking slots. For
the simulation results, n = 2 was used.
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Figure 4: An example of possible directions in the Directed Diffusion policy.

3.3. Optimal Flow Parking Assignment(OFPA)
Random Diffusion and Directed Diffusion are local approaches while the problem of vehicle redistribution
can be optimized globally. One possible solution can be found with a mathematical programming approach
that determines the most efficient assignment of overflowing vehicles to a given distribution of available
parking spaces. Our proposed solution is a variation of the transportation problem by A. Tolstoi [33]. In its
linear programming formulation it is known as the Hitchcock-Koopmans transportation problem [8].
To introduce the definition of the linear program, the following variables and parameters are necessary:
i ∈ R is the index of a road with violated parking capacity, and R the set of all such roads. Variable j ∈ Q
is the index of a road j with available parking, and Q the set of all such roads. The variable vi counts
vehicles located at road i ∈ R that must be relocated to avoid parking space violations. The number of free
parking spaces in road j ∈ Q is called fj . The network distance
P between locations i and j is introduced
as δij . The total number ofP
available parking spaces is F := i∈Q fi , and the total number of vehicles
requiring relocation is V := i∈R vi . In the case of F ≥ V every relocation need can be satisfied, i.e., at
parking i ∈ R vi vehicles can be relocated. We generalize to cases with F < V by introducing a uniformly
reduced number of relocation vehicles ṽi which is defined as:


V −F
)
ṽi = max(0, vi −
|R|
Finally, xij is the number of vehicles that are sent from location i to j. Using this notation, an integer linear
program determining the least cost redistribution of vehicles can be set up as follows:
P
P
min
i∈R
j∈Q δij xij
P
s.t.
xij ≤ fj
∀j ∈ Q
Pi∈R
∀i ∈ R.
(3)
j∈Q xij = ṽi
xij ≥ 0

∀i, j ∈ R, Q

xij ∈ N0
In contrast to the original problem formulated by Hitchcock and Koopmans, the first constraint in Eq. (3)
is changed from equality to inequality. This constraint previously ensured that the destination capacity is
not violated. As the destination set of the transportation problem is of equal size as the origin set, the
sum of all amount from i to j has to be equal to the capacity of j. The parking problem instead assumes
a destination set of equal or larger size than the origin set and therefore requires an inequality constraint.
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The original problem in Eq. (3) can be rewritten in standard form resulting in:
min

δ> x

s.t.

Ax ≤ b

x

(4)

x≥0
xij ∈ N0
For algebraic transformation, the following matrices and vectors are needed:



1 ... 1




1n×m
=  ... . . . ... 
In×m =

1 ... 1


0 ... 0


0n×m
=  ... . . . ... 
f

=



0

...

0

f1

f2

...

>



ṽ =

1
0
..
.

ṽ1

0
..
.
...

ṽ2


...
.. 
. 

1

...

>

Using this notation the following matrices characterize Eq. (4):
x

=



x11

x12

...

x21

δ

=



δ11

δ12

...

δ21

A =

δ22

IQ×Q
11×Q
01×Q

−IR·Q×R·Q
...
01×Q·(R−1)
11×Q

−11×Q
01×Q

01×Q·(R−1)
−11×Q
















x22

>
...
>
...

IQ×Q

01×Q·(R−2)
..
.
01×Q·(R−2)
..
.
















b =


0R·Q×1


f

.


ṽ
−ṽ

The associated parameters have the following dimensions:
x

∈ RR·Q×1

δ

∈ RR·Q×1

A

∈ R(R·Q+Q+2R)×R·Q

b

∈ R(R·Q+Q+2R)×1 .

Fortunately, matrix A is totally unimodular [13, 10]. Therefore, every extreme point of the feasible region
of the problem in Eq. (4) is integral as long as b is integral. Thus, a relaxed version of Eq. (4) with xij ∈ R
can be solved with a regular solver for linear programs, but the integral solution to the original problem is
obtained.
Using this optimization problem, Parking Operating Policy 3 can be introduced that redistributes
vehicles according to the solution of the optimal flow problem Eq. (3).
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Parking Operating Policy 3
Optimal Flow Parking Assignment (OFPA)
Input: all staying vehicle in idle mode and their locations, capacities of all roads
Output:
ωj : destination of vehicle j
At each time instance :
Initialization :
1: ai ← get roads, which have overflowing vehicles
2: fj ← get roads, which have free spaces
3: δij ← calculate distance between all i and j
Relocation :
4: if R ≤ Q then
5:
xij ← solve optimization problem (3)
6:
ωj ← relocate vehicle according to xij
7: else
8:
do not relocate vehicle
9: end if

4. Simulation Setup
In this chapter, we focus on the evaluation of parking operating policies in simulation. We are interested
to answer three different questions. First, we aim to understand if parking operating policies can regulate
parking capacity violations, measured by α, to zero. Second, we evaluate the impact of parking space density,
i.e., the number of available parking spaces per vehicle on α. Side effects on important system metrics such
as fleet distance and waiting times are quantified. Finally, we consider the effect of spatial distribution of
parking spaces by evaluating three different scenarios of parking spot locations, both artificially generated
and based on real-world data.
The subsequent subsections provide details on the chosen simulation environment, the assessed transportation scenario and the used parking space distributions.
4.1. Simulation Environment
The simulations are carried out in AMoDeus, an open-source software tool designed to conduct research
on mobility-on-demand systems, specifically on different operating policies [29]. It is based on the agentand activity-based transport simulation framework MATSim [17], which allows for accurate simulation of
road network dynamics. Its queuing-network based traffic simulator makes it possible to conduct large scale
parametric studies with high spatial resolution. Furthermore, the framework allows to simulate complex
traveler decisions and supply-demand interactions in a dynamic and iterative way. While this ability has
recently been demonstrated in the context of AMoD [16, 14], our research on parking policies only focuses
on a static demand.
All implemented parking operating policies for the AMoDeus framework are available online as opensource code1 . The linear program in Optimal Flow Parking Assignment is solved with the open-source solver
GLPK [23]. All network distances are calculated using the A*-landmark algorithm [11].
4.2. Transportation Scenario
We use a transportation scenario for Zurich, Switzerland which was first published in [15] and has been
used to study the performance of AMoD dispatching algorithms in previous research [16]. For all details
on how the artificial population of households and travelers has been synthesized and how the local road
infrastructure has been integrated into the MATSim model, we like to refer the interested reader to our
1 https://amodeus.science
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previous publication. In the following, we will briefly introduce the simulation scenario with all aspects that
are of relevance to our investigation of parking policies.
The simulation scenario covers the urban area of Zurich (see Fig. 5) including exogenous traffic. In total,
122,759 travelers are simulated with more 334,180 trips to be served by AMoD. Those trips represent the
maximum possible demand for such a service derived from trips that were previously performed by private
car or public transport. The simulation uses a fine-grained network down to residential roads as they are
defined by OpenStreetMap.
In our previous study [16], the whole AMoD demand of Zurich is to be served by fleets of various sizes
controlled by four different fleet operating policies. In the present experiments we limit our analysis to a basic
operating policy without rebalancing functionality, namely to the Global Bipartite Matching Policy. This
policy assigns available vehicles to open requests by solving a bipartite matching problem with costs between
vehicles and waiting passengers described by the network distance between them. A more detailed analysis
of the interplay of other fleet operational polices and parking space distributions will be an interesting topic
for future research. Here, we limit the scope of this study to the well-understood and universally applicable
global bipartite matching policy.
In the experiments presented in [16], morning peak mean wait time is reduced from approximately 3.7
minutes to 2.6 minutes if fleet size is increased from 6,000 to 9,000 vehicles. A further increase to 12,000
vehicles only results in a 0.2 minute decrease in waiting time. A number of 9,000 vehicles can therefore be
regarded as efficient and would likely be chosen by an operator. For the sake of representability, we limit
our present analysis to this fixed fleet size.
4.3. Parking Distributions
We use three different distributions of parking spaces in our study. In all cases, we sample randomly and
uniformly the number of required parking spaces from an underlying spatial distribution.
In the first distribution, parking spots are uniformly distributed on all streets in the operating area. This
is implemented by determining the set of all roads on which pickups and dropoffs of requests take place in
the prepared simulation scenario. This distribution is denoted as (Uniform) in the results section.
The second distribution of parking spots is based on the actual distribution of parking spaces in Zurich
which was published in [4]. Only publicly available parking spaces are considered, regardless of their cost
or parking time limitations. In total 48,061 parking spots are part of the data set, their distribution is
illustrated in Figure 5 in blue color. This distribution is denoted as (Public) in the results section. It is a
more realistic case compared to uniform distribution, as it represents infrastructure that is already available
in the city. In the experiments section (see below) a number of 36,000 is used as the upper limit of parking
spaces in all simulation cases, which means that only a subset of today’s available parking spots is used in
simulation.
Finally, we use the distribution of parking spots which was available to the Swiss two-way car-sharing
provider Mobility [1] in 2015. The data set has previously been used for the analysis for car sharing demand
in Zurich [3]. The spatial distribution of around 190 car sharing parking locations for approx. 400 cars is
shown in Figure 5. Clearly, with today’s infrastructure, the car sharing operator could not accommodate
9,000 vehicles. Therefore, all simulated cases represent an upsampling of available spots. Yet, they follow a
much more spatially discrete distribution than the former two cases. Therefore, they represent a spatially
confined situation that an AMoD operator could possibly face. Reasons might be that public parking space
in the city was blocked for commercial operators or even transformed for different use. This distribution is
denoted as (Car Sharing) in the results section.
5. Results and Discussion
As a baseline case, we evaluate the violations of parking capacity under regular operations without
parking capacity constraints. This means that only the global bipartite matching policy is used to guide
the behavior of the fleet. Then, the same scenarios are evaluated again with added parking operating
policies that determine the behavior of staying and idle vehicles. By design, the Random Diffusion and
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Figure 5: Distribution of parking spots. All blue spots represent public parking spaces in Zurich city. Red dots represent the
parking locations of the car-sharing service Mobility in 2015. Their size indicates the number of parking spots at the respective
locations.

Directed Diffusion policies reduce α to zero as vehicles will not stop unless there is a parking spot. In
contrary, Optimal Flow Parking Assignment will not change vehicles’ positions if they are violating capacity
constraints and no parking space is free in the network. This is only the case if there is less than one parking
spot available per vehicle, i.e., for less than 9,000 parking spots.
The value of α for all parking distributions under usage of the Optimal Flow Parking Assignment and
without parking control (NPC) is shown in Figure 6. The results show that without any action taken,
there are, depending on the distribution of parking spots, between 64,256 and 215,112 vehicle-hours of
parking constraint violation. At a fleet of 9,000 vehicles, this corresponds to a value of 7.3 to 23.9 hours per
vehicle. Most parking capacity violations are present under the Car Sharing distribution as the probability
of staying on a road with available parking is smallest. When the number of parking spots per vehicle
is increased, α decreases but quickly saturates at high levels. These results show that parking capacity
violations are expected to be present and severe if no action to resolve them is taken. When Optimal Flow
Parking Assignment is used, parking capacity violations are reduced to zero as soon as at least one parking
space per vehicle is available. To summarize, significant parking capacity violations are present without
taking action, also for multiple spots per vehicle. All parking operating policies can reduce parking capacity
violations to zero if one ore more parking spots are present per vehicle.
Apart from the reduction of violations, the impact on important system metrics must be assessed under different parking space densities, distributions, and parking operating policies. Relocation of idle and
staying vehicles to parking spots may induce additional vehicle distance traveled, which is an important
efficiency metric of the system, both in economical and ecological terms. The vehicle distance traveled for
all configurations is shown in Fig. 7a. All policies result in an increase of fleet distance compared to the
baseline case. In the best case, under Optimal Flow Parking Assignment and the Public parking space
distribution with four spaces per vehicle, the fleet distance is increased by 20% or 23 km per vehicle and
day. The key difference between Optimal Flow Parking Assignment on one hand and Random Diffusion
and Directed Diffusion on the other hand is that Optimal Flow Parking Assignment requires much fewer
parking spaces per vehicle to reach these values. It offers similar levels of performance already at one space
per vehicle, whereas Random Diffusion and Directed Diffusion cause excessive additional fleet distance for
low parking space availability. While Optimal Flow Parking Assignment causes the smallest increase in fleet
distance under the Public distribution, the Uniform distribution is best suited for the other policies. We
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Figure 6: Evolution of α for the different strategies depending on the number of parking spaces. α is zero for the Random
Diffusion and Directed Diffusion policies for all numbers of parking lots.

explain this observation as follows: the Public distribution is concentrated on fewer roads than the Uniform
distribution (see Fig. 5). Therefore, the Uniform distribution has at least one parking spot on a larger
number of roads and thus the probability of finding them by chance is higher.
The influence of parking operating policies is not limited to an increase in fleet distance. Waiting times
as a proxy for customer acceptance and attractiveness of the service represent another important factor.
Mean wait times for all configurations are shown in Fig. 7b. Under the Uniform and the Public parking
space distributions waiting times increase by no more than 1%; they even decrease for most parking space
densities in those configurations. In contrast, waiting times increase for a majority of cases by up to 31%
for the Car Sharing parking space distribution.
Those different changes in waiting time can be explained as follows. While typically in fleet control
vehicles are rebalanced to locations of future anticipated demand [37, 2, 28, 12] no rebalancing logic is used
on top of the basic global bipartite matching in the present case. Idle and staying vehicles are merely
sent to available parking spaces by the parking operating policies . Consequently, parking policies can be
interpreted as a different form of rebalancing strategies. If the distribution of parking spaces corresponds
well to the actual locations of the demand, a parking policy automatically represents a well-functioning
rebalancing policy. In contrast, a strong disparity between customer requests and parking availability can
turn an effective parking policy into a malfunctioning rebalancer. Additionally, the locations chosen are
typically closer to the origin for higher parking space densities. This effect is most visible for the Optimal
Flow Parking Assignment : the Car Sharing distribution leads to a concentration of vehicles in very few
spots and therefore increases waiting times, while the Public case distributes vehicles closer to the locations
where requests occur frequently. This behavior makes it necessary to assess rebalancing in combination with
distribution and density in parking spaces in future studies.
Given the results shown in Figures 6, 7a and 7b, we can draw an overarching conclusion. If a fleet
is globally coordinated and information on available parking spaces is known to the central control unit,
a coordinated mobility-on-demand system can be operated with only one guaranteed parking space per
vehicle with little additional vehicle distance traveled and without negative impact on the service level. The
influence of parking space distribution and density on the rebalancing of vehicles makes it necessary to assess
and optimize the operational policy under consideration of the available parking spaces.
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(a) Evolution of the vehicle distance traveled for the different strategies depending on the number of parking spaces.
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(b) Evolution of the mean waiting time for the different strategies depending on the number of parking spaces.
Figure 7: Effects of parking operating policies on system metrics. For the case without parking constraints, the average value
of 6 random seeded simulations was taken.
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6. Conclusion
Parking overflow mitigation is an important component of the operation of mobility-on-demand systems
which was not covered by previous publications. This study closes the research gap by proposing a welldefined problem formulation to assess the effectiveness of parking policies in an mobility-on-demand system.
Furthermore, three different policies for parking overflow mitigation are proposed and their effect on system
performance is evaluated using three different parking space distributions.
We find that the two strategies based on local diffusion of vehicles that only rely on limited information perform significantly worse than another policy which has access to global information and solves the
vehicle redistribution problem using mathematical optimization. The globally coordinated policy is shown
to eliminate all parking capacity violations with minimal increase in vehicle distance traveled and without
negative impact on service level. This is the case with as little as one parking spot per vehicle for all parking
spot distributions assessed.
These findings confirm that wide-spread introduction of mobility-on-demand would make available a
majority of parking spaces for other use. However, this requires global coordination and global information
on the distribution of free and occupied parking spaces at all times. Large-scale mobility-on-demand systems
would thus require dedicated infrastructure to gain access to this information.
We suggest and plan future research in the following directions. Based on a given distribution of travel
demand and under consideration of the fleet operating policy, the optimal distribution of parking spaces
in a city should be evaluated. Furthermore, the mathematical optimization formulations presented in this
work could be augmented by incorporating not only metrics for efficiency (e.g. fleet distance), but also
considering the effects on service level directly. Finally, in the light of most recent results assessing the
congestion effects of mobility-on-demand, it is very relevant to assess the effect of parking spot distribution
on congestion levels in cities.
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