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Abstract

Automated valet parking is a use case for autonomous driving. It allows customers to leave their vehicles at the entrance of a
parking garage. The vehicles then independently steer to a parking space. Besides increasing comfort, automated valet parking
also enables parking garage operators to provide additional services, such as charging an electric vehicle, to which the vehicle
can be autonomously routed. We formulate automated valet parking service provision as a scheduling problem and propose
solution methods that focus on runtime and quality of results. The results show that the proposed optimization approach
is capable of slightly outperforming heuristic benchmarks in many scenarios. However, we also find that the First-Come-
First-Served and Earliest-Due-Date-First heuristics are often satisfying scheduling approaches. In addition, the potential of
optimizing automated valet parking service provision is compared to traditional parking garages, showing at least a 46.4%

increase in charging and other services scheduled.

Keywords Automated valet parking - Autonomous vehicles
problems - Smart charging - Constraint programming

Highlights

e We introduce the new problem class of automated valet
parking service provision.

e We propose solution methods to the automated valet
parking problem based on constraint programming.

e Automated valet parking increases the number of sched-
uled services by at least 45.4% and up to 339.1%.

e The two-stage constraint program formulated for the
automated valet parking problem performs best at low
and medium system utilization.

e Using heuristics can provide good results for the auto-
mated valet parking problem and scales well.
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1 Introduction

Autonomous driving offers promising use cases such as
shared mobility or a reduction in vehicle ownership (Baron
et al., 2021) and may reduce mobility costs (Bagloee et al.,
2016). An early use case is automated valet parking (AVP).
Beginning with level 4 autonomy (Sae International, 2021),
the driver no longer needs to steer the vehicle in controlled
environments (Wang et al., 2021) and can therefore leave the
vehicle at the entrance of parking garages. AVP is considered
the first use case for autonomous vehicles (Banzhaf et al.,
2017) and is already being tested and demonstrated in multi-
ple pilot projects, such as at the International Auto Show in
Germany in 2021 (Vda, 2021), the European research project
V-Charge (Schwesinger et al., 2016) and the research project
AutoPles (Klemm et al., 2016), which analyzed driverless
parking and charging. These pilot projects have demonstrated
that autonomous vehicle parking is already feasible. There
are several advantages associated with AVP, such as the abil-
ity to relocate vehicles whenever necessary to improve a
parking system’s efficiency (Zips et al., 2020), saving the
time needed to search for a parking spot (Schu and Riener,
2020) and the potential to reduce the average space occupied
per vehicle by double parking vehicles (Orey et al., 2016).
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This has led to different potential use cases where AVP can
increase the comfort of drivers, such as maneuvering an EV
to a charging station once it is no longer occupied, taking
over the vehicle on arrival at an airport (Bosch, 2020), or
as a seamless transition to public transport (Scholliers et al.,
2020).

In this study, we formulate the challenge of scheduling
services provided to an autonomous vehicle in an AVP park-
ing garage and introduce the AVP service provision problem
(hereafter referred to as the AVP problem), which addresses
the scheduling of fully automated services performed on
vehicles in an AVP parking garage. We assume that cus-
tomers visit the parking garage (i.e., the AVP system) for
other reasons; that is, the AVP service provision is not the
primary reason they use the parking garage. That means that
service provision is an addition to any other objectives tied
to the visit (such as visiting a mall), similar to the concept of
destination charging (Schmidtet al., 2020). Examples of such
services include EV charging, the delivery of goods, clean-
ing services such as car washes, or vehicle repairs. The AVP
problem can thus be seen as a support to electric mobility
as the demand for comfortable charging solutions increases,
such as destination charging. Furthermore, the AVP problem
benefits service station operators, such as charge point oper-
ators, as vehicles do not block the station after the service
is performed, which may result in higher utilization rates.
Challenges in scheduling for the AVP problem include, for
instance, the stochastic arrival of new customers, large prob-
lem instances with numerous customers and service stations,
and a limited number of service stations. Scheduling is a
decision-making process aimed at allocating resources to
tasks over a given time period while optimizing for one or
more objectives (Pinedo and Dordrecht, 2016). In the con-
text of the AVP problem, a task is a service requested by a
customer, and the resources are service stations (as a gen-
eralization of charging stations). The objective is to handle
as many services as possible within the constraints imposed
by the customers’ dwell times, as well as the servicing times
and the number of service stations.

The AVP problem is unique but related to known schedul-
ing problems, such as the flexible job shop problem (Biazewicz
et al., 1996) in the sense that it has flexible machine allo-
cation, the open shop problem (Gonzalez and Sahni, 1976)
regarding the absence of precedence constraints, or the
shunting problem (van den Broek et al., 2022) in terms of
deadlines. These classes of scheduling problems are well
established in the literature, with various extensions, such
as the flow shop problem with an identical sequence of tasks
for every job (Soukhal et al., 2005). Further, there are vari-
ous objectives such as minimizing the makespan (e.g., Kis et
al. (2010)), minimizing earliness or tardiness (e.g., Grimes
and Hebrard (2011)), or minimizing the sum of comple-
tion times of jobs (e.g., Anand and Panneerselvam (2015)).
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The shunting problem with service requests, on the other
hand, is a more specific problem that describes how train
components are parked and serviced during off-peak hours.
Similarly, to the AVP problem with service requests, they
include limited capacity and the possibility of omitting spe-
cific requests. However, other than the AVP problem, they are
deterministic in the sense that arriving and departing trains,
the available processing time, as well as service requests
are known in advance (van den Broek et al., 2022). Shop
floor scheduling or shunting problems and their derivatives
are complex combinatorial problems (Zhang et al., 2019).
Similarly, the AVP problem is hard to solve. In an AVP
setup, the arrival rate of customers determines the avail-
able computing time to find a feasible solution, which can
be below one minute (e.g., Abdel-Aal (2020); Klappenecker
et al. (2014)). Therefore, an efficient approach is needed
to address the trade-off between runtime and quality of
results.

Constraint programming (CP) is a possible approach to
solving the AVP problem. The advantage of the CP approach
is that it provides a feasible schedule quickly and improves
the result over time (Pinedo and Dordrecht, 2016). It belongs
to the artificial intelligence approaches, intending to effec-
tively reduce the solution space (Zhang et al., 2019). The
structure of the AVP problem can be translated into a con-
straint satisfaction problem, similar to a job shop problem
(Da Col and Teppan, 2019), and has the advantage that
additional constraints can be easily integrated to address real-
world requirements (Beck et al., 2011), such as tardiness
(Grimes and Hebrard, 2011). We propose a two-stage solu-
tion approach that first reduces the number of pending service
requests by finding a set of feasible service requests and then
improves the associated schedule.

In this study, we contribute to theory and practice by
formalizing the AVP problem and by proposing possible
solution approaches. We benchmark our solution method
based on constraint programming against different heuris-
tics on a case study. The results further help parking garage
operators to quantify the benefit of integrating AVP systems
with charging stations and additional services.

2 Problem definition and notation

For the AVP problem, we consider three components with
different properties relevant for the problem definition. A
customer is equivalent to a vehicle, has a departure time,
and a set of AVP service requests. An AVP service request
is associated with a set of compatible service stations. Each
AVP service request is non-preemptive and can have individ-
ual characteristics, such as the amount of energy requested or
the quality of a service, e.g., standard or extensive car wash,
which are incorporated into the property processing time,
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which is specific for each service station associated with the
service request. A service station provides AVP services at
a fixed location within the parking garage and is compatible
with a subset of service types. Each service station is capa-
ble of handling one AVP service at a time. Figure2 in Sect. 4
provides an exemplary layout of such a parking garage that
we later use in our simulation.

The corresponding scheduling approach has to address
three decisions: (1) the allocation, which defines the service
station that will handle a customer service request for an
AVP service, (2) the order in which the AVP services of a
single customer are handled, and (3) the order in which AVP
services are handled on a single service station. The three
decisions are interrelated, and decisions (2) and (3) can be
represented by the single decision variable start time.

Based on this introduction, we formally introduce the AVP
problem.
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In every iteration of the AVP problem with a known set
of customers (i.e., every time the problem is solved after the
arrival of a new customer), there are a set of n customers
J = {Ji}1<i<n, aset of m service stations M = { My }1<k<m,
and a set of AVP service request tuples G; = {O; j}1<j<0()»
where O; defines the total number of AVP service requests
of a customer J;, which are assumed to be known when the
customer enters the parking garage. Within the AVP system,
the start times s; ; of service requests are determined. Every
service request has a given processing time p; ; x at service
station My, and the corresponding customer must drive to
the service station, which is assumed to take time c. The
overall objective is to schedule as many services as possible
during operation while the arrival and characteristics of new
customers are unknown. We divide this problem into two
stages. First, we determine the feasible service requests. In
a second stage, we create slack in the system by trying to
schedule feasible service requests identified in stage 1 as
early as possible. Service requests can be assigned to the
set of compatible service stations (similar to a flexible job
shop problem (Zhang et al., 2019)). a; ; « € {0, 1} denotes
whether a service request O; ; is assigned to service station
M. An overview of all parameters and decision variables is
provided in Table 1.

Based on this notation, we formulate the constraints of
the AVP problem. We start in stage 1 with objective func-
tion (1) that maximizes the number of service requests that
are successfully scheduled. First, Constraint 2 ensures that
every service request can at most be assigned to one service
station. Second, the no-overlap Constraint 3 for customers
ensures that the start time s; ; of the j’th service request of
customer J;, O; ;, is scheduled after any previously started
AVP services for customer J; are completed. It is conceptu-
ally represented in the optimization model and can be solved
using a Big M formulation. This completion time includes
the time ¢ needed for driving to and from the station. The start
time is always relative to ¢ = 0, the time the latest customer
entered the system. Constraint 4 then ensures that there is
no overlap on any machine My from any customers. Here,
we do not need to consider the driving times. The order in
which AVP services are provided is not important, i.e., there
is no precedence constraint requiring that one AVP service
be completed as an input for another service.

A service request O; ; can be assigned to any service
station M} within the set of compatible service stations
F(Oij) S M.

Every customer within the AVP system is parked for a
limited time only, which is why a deadline for completing
all services for customer J; is needed. We assume that the
departure time (i.e., dwell time) d; is known in advance. Such
deadline constraints are also used in related scheduling prob-
lems such as JSP and FJSP (e.g., Balas et al. (1998, 2008))
where the objective is to minimize the sum of delayed ser-
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Table 1 Nomenclature for AVP problem

Indices and parameters
J = {Ji}lgign

M = {Mk}lgkgm
G; = {Oi,j}lgjgo,-
G; ={0ijh=j<o,
0,

O;,j

F(Oij)cM
Di.j.k

d;

c

Decision variables

Set of customers

Set of service stations

Set of AVP service requests of customer J;

Set of AVP service requests of customer J; that are successfully scheduled in optimization stage 1
Total number of service requests of customer J;

Service request j of customer J;

Set of compatible service stations for AVP service request O; ;

Processing time of service request O; ; of customer J; on service station My

Departure (dwell) time of customer J;

Constant driving time to service station

i Preliminary start of service request O; ; of customer J; after optimization stage 1
5, j Start of service request O; ; of customer J;

a; jr €1{0,1} Allocation of service request O; ; to service station My

a,{, ik € {0, 1} Allocation of service request O; ; to service station My in stage 2

Derived variables

B(Mjy) Remaining blocked time of service station My at arrival of new customer

C(J;) Remaining servicing time of customer J; at arrival of new customer

vices (e.g., Bahroun et al. (2018)) or the aggregated tardiness
of services (e.g., Zhu and Heady (2000)), while all services
have to be performed. In the AVP problem, not every service
request is necessarily completed at departure, as the customer
may have more service requests than the departure deadline
allows, or service requests from other customers may block
the service stations. Constraint 5 ensures that only those ser-
vice requests get scheduled that can be performed before the
dwell time is over.

A challenge of the AVP problem is the lack of fore-
sight regarding customer arrivals and the demand for service
requests. We assume that customers arrive randomly at the
AVP system and that there is uncertainty regarding their
arrival, dwell time, and service requests. This creates char-
acteristics of online optimization, requiring us to consider
the state of the AVP system at the time of optimization. As
a consequence, the AVP problem has to be solved every
time a customer arrives. To address this requirement, we
include two blockage constraints that represent prior online
commitments of the AVP system in the AVP problem for-
mulation. As services are non-preemptive, service requests
cannot be interrupted or modified until they are completed
once started. This includes driving toward the service. Thus,
when a car has started to move toward a service, it can no
longer be interrupted. While service requests that have not
yet begun processing can be rescheduled or canceled alto-
gether, started service requests must be completed. When
new customers arrive in this situation, the service requests
of the currently serviced customer and the corresponding
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service station are not available at # = 0 when the AVP prob-
lem is solved with updated information. This is ensured in
Constraint 6 for the service station and Constraint 7 for the
customer. The function B () returns the time until which the
service station My is blocked with successfully scheduled
and already begun service requests, i.e., the time it still takes
to complete the service request allocation a;,j . C(*) does
the same for customer J; that is being serviced at the time of
optimization.

In our proposed formulation of the AVP problem, the main
objective is to successfully schedule as many services as
possible, i.e., to maximize the number of executed services
indicated in the objective function (1). Other objectives are
conceivable, such as maximizing the total execution time of
services or the total value of services scheduled by assigning
a weight to each service.

Since there is no information available on future arrivals,
we cannot accurately anticipate future demand in the AVP
problem. Therefore, even if we find an optimal solution given
the currently available information under the current state of
the system (i.e., scheduling all service requests of all cus-
tomers present in the parking garage), this does not guarantee
an optimal operation of the AVP system under the circum-
stances of new arrivals (e.g., once the next 100 customers
have arrived in the system). For instance, scheduling a ser-
vice request later during a customer’s dwell time, when it
could also have been scheduled earlier, results in the same
number of completed services. However, delaying the service
request could lead to blockage of the service station when
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new customers with new service requests arrive. To address
this, we use an iterative approach. In optimization stage 1, we
determine starting times s; ; of all feasible service requests
as an initial solution. These starting times are then improved
in the second optimization stage to increase slack in the sys-
tem, resulting in starting times si’ J Therefore, in the second
stage, we consider a reduced set of service requests G for
customer J; that only contains service requests O; ; with
ZMkeF(o,;j a;,j.x = 1. Using this set, we then minimize the
completion time of all service requests by determining s{y f
and a; gk through the objective function (10). It ensures that
every service request is scheduled as early as possible, maxi-
mizing the available slack in the AVP system. Other than that,
the constraints are the same, with one adjustment: In Con-
straint 11, a; j.k how has to be equal to one for each tuple of
customer, service request, and machine to ensure that all ser-
vice requests in the sets G/ for customer J; are successfully
scheduled.
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This defines the AVP problem. To further contextualize the
problem, Table 2 summarizes the relevant constraints and
compares them with the flexible job shop and open shop
problems.

Table 2 Properties of the optimization problems

Property Flexible job Open AVP
shop shop problem

Precedence constraints v X X

No overlap v v v

Prior online commitments X X v

Deadline constraints X X v

Flexible machine allocation v’ X v

3 Solution approach and benchmarks

As described, we use two subsequent objective functions in
the formulation of the AVP problem. The rationale of this
approach is not only grounded in concerns for the quality
of the solution, which is potentially improved as the sec-
ond objective ensures a higher system flexibility when new
customers arrive. It is also based on runtime considerations.
As customers continuously arrive and as we re-optimize the
system every time new information becomes available in the
form of a new customer (which might similarly be under-
stood as additional requested services), solutions need to be
quickly determined before the next arrival. In our case study,
we award not more than 15 seconds to each of the optimiza-
tion stages. This is necessary to ensure that a new solution is
duly available for new customers as they arrive.

The two-stage approach contributes to this, as it splits the
decision into determining the set of feasible service requests
and determining a time-efficient schedule. Determining the
feasible services is a less complex decision. On the other
hand, a valid schedule can be challenging to compute, which
is facilitated by excluding services that cannot be scheduled
anyway.

Besides the design of the AVP optimization problem, the
choice of scheduling algorithm and its implementation also
have an impact on the quality of the results and the computa-
tional speed of the system. Therefore, the objective is to find
a relatively good feasible solution in a reasonable time. For
such applications, constraint programming (CP) has garnered
considerable attention in recent research. The advantage of
the CP approach is that it provides a feasible schedule quickly
and improves the result over time. A schedule is feasible if
it complies with all constraints of the AVP problem, but it
may not be the optimal solution of the objective functions.
For solving the AVP problem, this means that a time limit
can be used to provide a faster response from the scheduling
approach and to ensure the successful operation of the sys-
tem. In our evaluation, we also include a set of runs with a
warm start based on the result of the Earliest-Due-Date-First
heuristic to make the best use of computational resources
(Ball, 2011) and to determine whether this approach can
improve results.
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3.1 Benchmarks

As the optimization of the AVP problem with CP cannot
guarantee an optimal solution, both overall and in each opti-
mization stage, we use benchmarks to assess the quality
of the solution. These benchmarks are two static heuris-
tics (First-Come-First-Served and random) based on simple
rules to schedule services, two dynamic heuristics that
are recalculated every time new customers arrive (Earliest-
Due-Date-First and Least-Slack-First), and two technical
benchmarks that serve as upper and lower bounds. To provide
a lower bound for the AVP problem solution, we calculate
the scenario where no automation is implemented, represent-
ing current parking garages where vehicles do not move after
being parked. That means they can use at most one service
and then block the service station for the remainder of their
dwell time. For the upper bound, we implement an optimiza-
tion with complete information about customer arrivals and
dwell times, as well as their service requests. Using these
approaches, we can calculate a lower benchmark called no-
avp and an upper benchmark with complete information to
assess the quality of the AVP problem solution. In addition,
using the four heuristics, we can evaluate if and in which
scenarios the AVP problem formulation can improve the
AVP system operation beyond computationally less expen-
sive solutions. Note that we assume the use of autonomous
driving in the parking garage, i.e., the repositioning of vehi-
cles, for all benchmarks except for no-avp. When running the
heuristic approaches, the available machine with the shortest
processing time is selected for service requests with different
processing times at different service stations. For example,
if a fast or slow charger can perform the service and both
are currently available, fast charging is selected. Using the
heuristic approaches, if not otherwise specified, the service
requests are scheduled in the order they appear in the set of
service requests G; of customer J;.

First-come-first-served In the First-Come-First-Served
(FCFS) heuristic, customers arriving first are assigned to ser-
vice stations in the order they arrive. The strength of the
FCEFS heuristic lies in its ability to create dense schedules,
as arriving vehicles are instantly scheduled if possible, or
the first available service station is assigned to the next ser-
vice request. This approach has been proven to provide good
results in smart charging scenarios without information on
future trips (Flath et al., 2012) and is therefore a promising
benchmark solution. The FCFS heuristic follows a similar
objective to the second objective function of the AVP prob-
lem formulation, which is to schedule services as early as
possible, thereby providing flexibility for future solutions. In
our implementation of the FCFS heuristic, the algorithm first
determines the set of service stations with the earliest possi-
ble start time and then chooses the station with the shortest
completion time. This decision is particularly relevant for
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services where multiple machines are capable of providing
the service at different speeds, such as charging stations with
both slow and fast charging capabilities.

Random The random heuristic serves as a lower benchmark
for the scheduling algorithms, addressing the question of
whether any optimization of the AVP problem, as proposed
in this paper, is useful or whether being able to move vehi-
cles autonomously is already sufficient. In this scheduling
approach, a random possible start for the service request is
selected, where every time ¢ < tpax has the same probability
of being selected, as long as the service request is completed
before the customer’s departure and both the customer and
service stations do not have overlapping services. The ran-
dom approach does not prioritize any service station.
Earliest-due-date-first The Earliest-Due-Date-First (EDD)
approach is a dynamic heuristic. In contrast to the FCFS
heuristic, it recalculates the schedule every time new cus-
tomers arrive at the AVP system. It is similar to the FCFS
heuristic in the sense that it provides dense schedules. Every
time a service station completes a service request, the cus-
tomer with the earliest departure time and demand for that
service is scheduled next. Therefore, there are no gaps in the
schedules as long as there are feasible service requests for
the service stations. As for the FCFS heuristic, the service
station with the shortest processing time is selected if several
service stations are available to process a service request.
Least-slack-first The Least-Slack-First (LSF) approach is a
second dynamic heuristic. It also recalculates the schedule
every time new customers arrive at the AVP system, but
instead of the customer with the earliest departure time, the
customer with the least slack (i.e., difference between dwell
time and total required servicing time) is scheduled next.
Instead of servicing requests in the order of appearance in
the set of service requests, as for the other heuristics, we
scheduled the shortest service from this set first to address the
objective of maximizing the number of scheduled services.
This is intended to provide a comparison between heuris-
tics and ensure that we have not overlooked any quick-win
improvements. The service station with the shorter process-
ing time is selected if several service stations are available to
process a service request.

No AVP While the three heuristics are used to benchmark
the quality of the AVP problem’s solution, we use the no-avp
benchmark as a lower bound for the AVP system overall. It
quantifies whether an AVP system has any value at all com-
pared to today’s parking reality. Without an AVP system, the
customer performs the first feasible service request in the list,
possibly among a set of service requests, if a corresponding
service station is available upon arrival. If a set of possible
service stations is available, the customer chooses the sta-
tion with the shortest service processing time. The customer
is then parked at the service station and blocks the station
until departure. In case no service station is available upon
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arrival, the customer parks in a regular parking lot. Note that
this approach allows the customer to satisfy only one service
request.

Complete information Unfulfilled service requests can be
caused by poor scheduling decisions or simply system con-
straints. To distinguish between these, we implement the
complete information benchmark. We apply a variation of the
AVP problem. We limit the optimization to the first objective
function as the system needs no flexibility, and use Constraint
7 to account for the time until arrival, during which customers
cannot fulfill any service requests. The complete information
optimization is, of course, not limited to 15 seconds of com-
puting time, as it is meant to serve as a benchmark. However,
even though the optimization is limited to the first objective
function, not all scenarios can be computed in a reasonable
time. We therefore impose a time constraint of four hours and
use the solution found within that time frame. We also use
CP to solve the complete information benchmark. A detailed
analysis of the runtime, including a justification for the four-
hour restriction, is provided in Sect.5.2.

4 Case study

To evaluate the AVP problem and the proposed solution
approaches, we design a case study. We include three dif-
ferent types of service requests, which we call charging,
washing, and loading a vehicle, for illustrative purposes.

4.1 Simulation

Setup The simulation is based on the process-based discrete-
event simulation framework SimPy implemented in Python
(Team SimPy, 2021). We use an event-based simulation
setup, i.e., the starting times are continuous. The simula-
tion is thus advancing from event to event. Every time new
information becomes available in the form of a new cus-
tomer, the AVP problem is solved again, and the dynamic
heuristics (EDD, LSF) are reapplied, or, in the case of the
static heuristics, just applied to the new customer. Every
time the event service request completed occurs, the service
request is counted as successful. To implement the CP solu-
tion approach for the AVP problem, including the warm start,
we use OR tools (Da Col and Teppan, 2019).

Every execution of the CP for the AVP problem is limited
to 15seconds for each of the two optimization stages (i.e.,
finding and rescheduling feasible service requests). In other
words, if not more than two vehicles arrive per minute, the
AVP system is capable of recalibrating its solutions.

The simulation process is illustrated in Fig. 1. Whereas in
our AVP problem formulation, we have included the driving
time between services as a constant, we calculate the actual
driving path in the simulation.

4.1.1 Design

To define the scenarios, we differentiate between parameters
that specify the infrastructure at the parking garage and those
that describe the customers.
Infrastructure Every parking garage is designed differently,
and no standard layout is available. This has led to the devel-
opment of multiple techniques to find the optimal layout for
a particular parking lot (Young, 1988). To provide generaliz-
able findings for the AVP problem and to reduce the impact
of specific parking garage designs, we base our design on a
structural element generally found in parking garages, where
vehicles are parked in islands of two, with each vehicle hav-
ing its own access to the driveway. We scale this design to
incorporate 10 bays with 10 vehicles parked in each row. An
illustration of the parking garage is shown in Fig. 2, where the
gray nodes represent driveways and the green nodes repre-
sent parking lots. In total, this results in a parking garage with
200 parking spaces. The entrance is located on the lower left
(brown node), and the exit is on the upper left (blue node).
We position the charging and washing service stations in
the outer left bay. The number of service stations varies per
scenario. In scenarios with more than 10 service stations,
we repeat the same allocation, moving one bay to the right,
until all service stations are located in the parking garage. As
some service stations may be located in a remote location,
we positioned the loading area at the bay on the right side.
In the basic setup, we include twelve charging stations,
out of which four are fast chargers (50 kW) and eight regular
chargers (11 kW). Additionally, we add ten service sta-
tions for vehicle washing and four loading stations. Whereas
the charging stations provide a single service with varying
speeds, the washing and loading stations can offer services
of different quality. We differentiate between a small and a
large service, where the washing takes 15 or 30 minutes, and
the loading takes 5 or 10 minutes, respectively. The services
provided in this simulation are fictional and could be replaced
with others. The combination of different services with vari-
able processing times is an important requirement in an AVP
system, and hence, it is included in the case study.
User behavior We base our simulation on a medium-sized
parking garage and use scenarios to evaluate the impact of
different utilization rates. Unless otherwise stated in the sce-
narios, we simulate 1000 vehicles with an arrival rate of 60
vehicles per hour. However, the arrival rate is modified in
some scenarios, in which case we refer to it as A. On aver-
age, each vehicle has a dwell time of 90 min, with a minimum
of 60 and a maximum of 120 min. The dwell time is a ran-
dom variable drawn from a uniform distribution. We assume
a 30% chance of a customer requesting each service, with
a 50% chance for the small and large services, respectively.
The amount for each charging request is randomly drawn
from a uniform distribution within a 4 kWh interval centered
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on the mean of 13.3 kWh (Electrive and Net, 2020). The
realization of the simulation environment then determines
the total duration of the simulation, #,,x, Which extends until
the last vehicle has left the parking garage.

4.1.2 Scenarios

The utilization of parking garages varies from day to day
and within a single day. This raises the question of how
scheduling approaches can handle different utilization rates
and whether there are advantages for some approaches given
certain utilization levels. The customer set is generated at the
beginning of the simulation, including an arrival and depar-
ture time for each customer, as well as the set of service
requests for each customer. This also allows us to calculate
fmax- 1o reduce the driving time within the parking garage
before the subsequent service request is fulfilled, the clos-
est idle parking spot to the next scheduled service station is
assigned. We use constant driving times to the service sta-
tions. This can also be achieved with a lookup table that stores
the driving times from all parking spaces to all service sta-
tions, thereby improving the representation and complexity
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of the system. We implement three sets of scenarios that vary
concerning the following parameters.

Arrival rate Parking garages can experience on- and off-peak
utilization, where at certain times, a high number of vehi-
cles enter the parking garage. To analyze how the different
scheduling approaches handle these situations, we vary the
average number of vehicles within the system. To this end, we
use Little’s Law to determine the average number of vehicles
L in the parking garage in a steady state. For a given arrival
rate and dwell time, Little’s Law provides the average num-
ber of vehicles within the AVP system. The exact formulation
is shown in Eq. 19a.

The capacity utilization CUt! is then calculated as the ratio
of the number of vehicles L and the total number of parking
lots in the parking garage | P L |. With a constant dwell time
d inside the AVP system, we increase the average number of
vehicles arriving per time unit A to represent a utilization of
10% to 100% of the parking spaces.
L=x-d (19a)
L

CUlﬂ —
| PL |

(19b)
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Between the scenarios, the customers have identical prob-

ability distributions of having a specific service request.
Overall, we analyze 10 individual scenarios, Pcuil, with
CcYl € [10%, 20%, ..., 100%], where CUt! describes the
share of parking spaces utilized in a steady state.
Flexibility of customers With an increasing acceptance of
AVP, the number of service requests from customers will
likely increase. As there is no reason to assume that the dwell
time will grow similarly, the time flexibility for each cus-
tomer within the AVP system decreases. Time flexibility in
the context of this simulation refers to the ratio of the aggre-
gated processing time of all service requests to the total dwell
time of all customers, and it is a relevant factor, for exam-
ple, in charging EVs (Huber et al., 2020). In the following,
fi calculates the flexibility of an individual customer J; by
dividing the sum of the fastest possible processing times of all
services by the dwell time before subtracting this ratio from
1. In other words, if the customer has no service requests,
the flexibility is 100%, and when the total number of service
requests matches or exceeds the dwell time, the flexibility
is 0%. We then calculate the average over all customers to
determine the system’s flexibility, f2'&.

0O; .
2Ly minkeF (0, ) Pi.jk
d

fi = max(l —

favg — Z?:l Ji

n

,0) (20a)
(20b)

By decreasing the average time flexibility from 80% to
0%, we gain insight into how the scheduling approaches
cope with an increasing number of service requests from
customers, including situations where the infrastructure is
insufficient to handle every request. This leads to 9 individual
scenarios F yae where f*8 € [80%, 70%, ..., 0%] describes
the flexibility of an average customer (Eq.20b).

Utilization of service stations Due to spatial or financial lim-
itations, it may not be possible to increase the number of
service stations to provide an adequate supply for customers.
Within these scenarios, we evaluate how different scheduling
approaches cope with varying utilization rates of the service
stations by reducing the number of service stations for a con-
stant demand. The utilization rate across all service stations
is determined by the average aggregated processing time of
service requests across all service stations that can service
the request, divided by the maximum supply the service sta-
tions can provide during a time period .. We calculate the
virtual average processing time for a service by dividing the
sum of the processing times of the service across all cor-
responding service stations by the count of service stations
available for the service. As we assume all types of service
stations to have equal utilization rates, we can combine them
in one equation and use the total possible processing time
|M] - tmax of all available service stations, regardless of the

specific requested service.

n Oi A B
Dzt Zj':l ZmeF(o,,j) Pi.j.m * TF(O;
uy =
|M| * max

(21a)

In total, we evaluate 10 utilization rates, U,,,, where
uy € [10%, 20%, ..., 100%] describes the utilization of all
different service stations as the ratio of the time needed for
service requests to the time available for service requests. An
overview of all scenarios and the parameters is provided in
Table 3.

5 Results

The results presented in this section are calculated on vir-
tual machines allocating four threads and 2GB RAM to
each CP solver instance. The setup enables the independent
simulation of each scenario without any interference during
runtime. The CP solver algorithm benefits from more threads
for parallelized execution, but the heuristics can only utilize a
single CPU thread. Because the simulation outcome is based
in part on random sequences, the results are based on 10 inde-
pendent runs per scenario. Between those runs, we calculated
the standard deviation of the share of successfully performed
service requests to show that the 10 independent runs are suf-
ficient. The maximum variance between the 10 independent
runs across all solution approaches and scenarios was 3.13%.

5.1 Scenarios

We compare the impact of increasing arrival rates, decreas-
ing customer flexibility, and increasing utilization of the
service stations. The results of each scenario for each solu-
tion approach (FCFS, random, EDD, LSF, no-avp, complete
information, and the proposed AVP optimization with and
without warm start) are presented in Figs.3, 6, and 7. Each
figure is split into two subfigures. The left figure illustrates
the average number of successful services over all 10 inde-
pendent runs for each scenario and scheduling approach. The
data for complete information are split into scenarios where
every run provided an optimal solution (continuous line) and
scenarios where at least one independent run was not solved
to optimality (dotted line) within the four-hour time limit.
To highlight the performance of the AVP problem solution
using CP with a warm start based on EDD in comparison
with FCFS, the right subfigures show the absolute and rela-
tive differences between the two. Positive values signal the
superiority of the AVP optimization.

Arrival rate In the scenarios Prua with C utl ¢ [10%, 20%,
..., 100%], the average utilization of parking lots in the
parking garage is raised by increasing the arrival rate of cus-
tomers. The results show that as the arrival rate increases, the
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Table 3 Parameters of all scenarios

Scenario  Infrastructure User behavior
Slow Fast Washing Loading Arrival rate[veh/h]  Prob. charging[%] Prob. washing[%] Prob. loading[%]
charging charging station station
Po 12 4 10 4 20 30 30 30
Py 12 4 10 4 40 30 30 30
P39 12 4 10 4 60 30 30 30
Py 12 4 10 4 80 30 30 30
Pso 12 4 10 4 100 30 30 30
Pso 12 4 10 4 120 30 30 30
Pro 12 4 10 4 140 30 30 30
Pgo 12 4 10 4 160 30 30 30
Poo 12 4 10 4 180 30 30 30
Proo 12 4 10 4 200 30 30 30
Uio 40 25 50 20 60 30 30 30
Uno 30 10 30 10 60 30 30 30
Uso 40 4 20 7 60 30 30 30
Uso 20 4 15 5 60 30 30 30
Uso 14 4 12 4 60 30 30 30
Uso 10 4 11 3 60 30 30 30
U 10 3 10 3 60 30 30 30
Uso 7 3 9 3 60 30 30 30
Uy 5 3 8 2 60 30 30 30
Uioo 4 3 7 2 60 30 30 30
Fgo 12 4 10 4 60 18 19 19
Fro 12 4 10 4 60 27 27 27
Feo 12 4 10 4 60 36 36 36
Fso 12 4 10 4 60 45 45 45
Fyo 12 4 10 4 60 54 54 54
F30 12 4 10 4 60 63 63 63
F> 12 4 10 4 60 72 72 72
Fio 12 4 10 4 60 81 81 81
Fy 12 4 10 4 60 90 90 90
%00 — no-awp 204 45
—— random
800 — gz a5 4.0
a 0 — I:\Ip problem g 307 I 355
2 a0 —— avp problem warmstart & 308
K — fotal S 25 3
Seo 4N N | NS complete information feasible fa} L2s
§ complete information optimal % 204 " E
2 4o 3 o g
300 15
10 4 1.0
200 —— Absolute Difference AVP Problem Warmstart - FCFS
- 5 —— Relative Difference AVP Problem Warmstart - FCFS |- o5
Po  Po  Pun  Pw P Po  Po Po Po  Pig Po Po Po Pw  Po P Po  Pw  Pw  Puo
Scenario Scenario

Fig.3 Results of scenarios Peua with CU! € [10%, 20%, ..., 100%]
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number of service requests that are scheduled successfully
decreases for all scheduling approaches. The worst perfor-
mance is observed in the no-avp benchmark, with 64.6% of
service requests successfully scheduled in scenario Pjo and
approximately 13.7% in scenario Pjgp. With an increase in
arrival rate, the service stations are occupied more often at
the arrival of new customers. The same trend is observed for
the other scheduling approaches, but with a slower decline.
The random heuristic provides better results than the no-
avp approach, but lags behind the FCFS and AVP problem
optimization approaches. With the random heuristic, vehi-
cles can be relocated in the AVP system, and hence, more
than one service request per customer can, in theory, be
scheduled. Nevertheless, due to the random nature of the
scheduling approach, gaps occur between services, resulting
in time intervals where the service stations are not handling
customers, despite remaining service requests. The reason
for this is the non-preemptive service requests. As some gaps
between scheduled service requests are shorter than the short-
est service request processing time, there is no possibility to
utilize the gap.

This is illustrated in Figs.4 and 5, where two exemplary
Gantt diagrams of a schedule using the FCFS and the ran-
dom heuristic are illustrated using 100 vehicles. The figures
show that the FCFS heuristic creates a “dense” schedule.
This allows for a better utilization of the service stations,
resulting in more handled service requests. As aconsequence,
the FCFS heuristic, as well as the EDD and LSF heuristics
that generate similarly dense schedules, provide good results
when compared to the random heuristic. They often perform
similarly well as the AVP problem optimization approach
without complete information. The differences between the
FCFS and EDD heuristics, as well as the AVP problem, are
minor. However, the AVP approach consistently outperforms
the heuristics. Here and in the following, we observe that the
AVP optimization with a warm start based on EDD slightly
outperforms the AVP optimization without a warm start.
The results show that the schedules created provide close
to optimal results. In addition, Fig.3 shows that the relative
difference between the FCFS heuristic and the AVP solution
with warm start increases with an increasing arrival rate. With
more vehicles in the parking garage, the optimization has
more potential to re-prioritize single service requests to create
an optimal schedule. In contrast, the FCFS does not rearrange
customers over time. The EDD heuristic shares this advan-
tage with the AVP optimization, which might contribute to
its better performance. Interestingly, the LSF heuristic does
not perform equally well as EDD. One possible explanation
is that the least slack as an indicator prioritizes the execu-
tion of longer services, whereas EDD will always try to add
services for customers who depart soon. It is notable that in
most scenarios with higher arrival rates, the AVP optimiza-
tion is on par or outperforms the optimization with complete

information. This is, of course, caused by the non-optimality
of the complete information optimization after the four-hour
optimization window, but it remains notable that incremental
optimization can compete with this comprehensive approach
that has advantages in terms of information availability. The
same applies to the following scenarios.

Flexibility of customers In the scenarios Frave with f28 €
[80%, 70%, ...,0%], we increase the number of service
requests of customers. Figure 6 shows that the total number of
service requests increases linearly, whereas the successfully
scheduled services in the no-avp approach stay the same. This
is caused by the fact that for each customer, at most one ser-
vice can be scheduled as described before. Using the random
heuristic, on the other hand, the AVP system relocates vehi-
cles, thereby increasing the number of service requests that
are successfully scheduled. Due to the capacity limitations of
the service stations, the benefit of additional service requests
decreases, and the heuristics eventually reach a plateau. The
results of the FCFS and EDD heuristics (which yield virtually
the same performance) and the AVP problem optimization
occur in three clusters. The first cluster covers scenario Fgg
and F79. Here, the customer’s flexibility is high, so that
both heuristics and the optimization provide close to optimal
solutions. In these scenarios, the service stations are under-
utilized; hence, even a simple heuristic, such as the FCFS
approach, provides optimal results. In the second cluster, cov-
ering scenarios Fg( to Fpo, the AVP problem optimization is
capable of improving upon the heuristics. It creates a sched-
ule that covers up to 2.5% or 25 service requests more than
the FCFS and EDD heuristics. In the third cluster, covering
F10 and Fp, more service requests cannot be handled by the
service stations and remain in the queue. Whereas in theory,
the AVP problem optimization should expand its lead over
the FCFS heuristic, the opposite is observed (even though
only with a slight deterioration). Within the scenarios with
the lowest customer flexibility, the AVP problem optimiza-
tion loses some of its lead compared to the FCFS heuristic.
This can be traced back to the runtime limitations of the CP
optimization for the AVP problem, which are further ana-
lyzed in Sect.5.2. Similar to the utilization scenarios, the
LSF heuristic underperforms the other heuristics.
Utilization of service stations In the third set of scenarios U, ,
with uy € [10%, 20%, ..., 100%], we decrease the num-
ber of service stations. The results of the no-avp benchmark
and random heuristic follow a similar trend as in the pre-
vious scenarios. Whereas the no-avp benchmark provides
the worst results, the random heuristic performs between
the other heuristics and the no-avp benchmark. It decreases
with the reduction of service stations. The FCFS and EDD
heuristics, along with AVP problem optimization, provide
an optimal result in the first two scenarios, U;g and Upg. The
large number of service stations is capable of handling all ser-
vice requests. Whereas the complete information illustrates

@ Springer



Journal of Scheduling

Charging Station-0
Charging Station-1
Charging Station-10
Charging Station-11
Charging Station-2
Charging Station-3
Charging Station-4
Charging Station-5
Charging Station-6
Charging Station-8
Charging Station-9

Loading Station-22  e— I N |
Loading Station-23 | | | |
Loading Station-24 [ | B I
Loading Station-25 | I T —
Washing Station-12 1] —1
Washing Station-13 | N 2200000000 | |
Washing Station-14 | — 1 | |
Washing Station-15 | ] |
Washing Station-16 e — |
Washing Station-17 | ————
Washing Station-18 —— e
‘Washing Station-19
Washing Station-20 I
I D

Washing Station-21
parking

Charging Station-0
Charging Station-1
Charging Station-10
Charging Station-11
Charging Station-2
Charging Station-3
Charging Station-4
Charging Station-5
Charging Station-6
Charging Station-7
Charging Station-8
Charging Station-9

200

Loading Station-22 I | — I T ——— =
Loading Station-23 1 I | ST .
Loading Station-24 | e e —
Loading Station-25 [
Washing Station-12 I I I
Washing Station-13 I I
Washing Station-14 I s |
Washing Station-15 =e——————= I —
Washing Station-16 I 4 : i} | —
Washing Station-17 I I
Washing Station-18 I I
Washing Station-19 I ===
Washing Station-20 I
Washing Station-21 I
parking T R ——
000 050 100 150 200
Fig.5 Gantt diagram of a schedule based on the FCFS heuristic
—— no-avp 100
2500 | — random
— fcfs a
— edd 80 -
—— avp problem —_
@ 2000 | X
3 Isf 3 <
2 c F3am
> —— avp problem warmstart S 60 e
s — total g g
2 1500 [ ..o complete information feasible o =
& —— complete information optimal % |29
@ 3 40 i
g 2 5
@ 1000 &
1
500 — Absolute Difference AVP Problem Warmstart - FCFS
0 —— Relative Difference AVP Problem Warmstart - FCFS [~ ©
Feo Fro Feo Fso Fao F3o Fa2o Fo Fo Feo Fro Feo Fso Fao F3o Fao F1o Fo
Scenario Scenario

Fig.6 Results of scenarios Fywve where f*% € [80%, 70%, ..., 0%]

that up to scenario Usg, the infrastructure is capable of han-
dling almost every service, the FCFS and EDD heuristics, as
well as the AVP optimization, fail to schedule several services
starting in scenario U3zg. This trend continues with a further
reduction of service stations, but the magnitude to which the
two approaches are impacted differs. As illustrated in Fig.7,
the gap increases with a maximum above 30 scheduled ser-
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vice requests or more than 4%, respectively, in favor of the
AVP optimization. The graph on the right shows that the AVP
with warm start consistently outperforms the FCFS heuristic,
as the difference between scheduled services is always posi-
tive. This can be explained by looking at the input data of the
simulation. In this set of scenarios, the number of customers
and thus the service requests always enter the system at the
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same rate, but the number of service stations decreases. As
a consequence, two factors impact the quality of the AVP
problem optimization. The number of services in the queue
increases, leading to a corresponding increase in complexity,
as discussed in the previous paragraph. However, the reduc-
tion in service stations simplifies the optimization problem.
Additionally, our two-stage approach helps reduce the num-
ber of service requests that need to be scheduled in the second
stage, as services that are technically infeasible are excluded
after the first stage. Apparently, this trade-off works in favor
of the AVP problem optimization, and the number of addi-
tional service requests scheduled increases compared to the
FCFS and EDD heuristics.

5.2 Evaluation of solutions

Within each scenario, the CP-based AVP problem optimiza-
tion is computed multiple times as customers arrive at the
parking garage. Figure8 shows the share of AVP problem
instances with optimal and feasible solutions for the scenar-
ios Pcuil within one simulation run. It illustrates that the CP
can compute the optimal result only in scenarios with a long
inter-arrival time. For scenarios Pjg and Pg, more than 99%
of optimization instances are optimal as only a few customers
are present at the parking garage and the utilization of the ser-
vice stations is low. This changes when customers arrive in
quicker succession. As a consequence, only a fraction of AVP
problem instances lead to optimal solutions. These instances
occur at the beginning of the simulation, when the number of
customers is still low. As parking garage utilization increases,
the results no longer become optimal even within four hours
of computation.

To illustrate this in further detail, we focus on scenario
P50, which represents a balanced number of customers, and
analyze both the quality of the results and the improvements
over time.

Quality of results Figure 9 presents a histogram of the number
of customers handled within each AVP problem instance.
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With an average of 45 and a maximum of 71, the number
of customers is well above benchmarks for jobs in related
scheduling tasks described in the literature, such as the job
shop problem. It hence explains why the CP cannot find an
optimal solution for the AVP problem within the 15-second
time limit. This indicates why the FCFS and EDD heuristics,
as well as the AVP problem optimization, perform similarly
in specific scenarios. For the operation of a parking garage
using an AVP system, this implies that when the number
of customers reaches a threshold, the benefits of the AVP
problem optimization decrease, and FCFS might be a viable
alternative, as shown in scenario Fy. In scenario Ps, this
threshold is at a maximum of 11 customers in the queue,
where the objectives of both stages of the AVP problem reach
an optimal result. After 63 customers in the queue, even the
first objective of our two-stage approach can no longer be
solved to optimality. It illustrates the challenges of the AVP
problem as it does not scale well with an increasing number
of customers.

Impact of time The CP approach to the AVP problem finds
feasible solutions and improves them over time. This is illus-
trated in Fig. 10, where every solution found by the algorithm
along the timeline is shown for Scenario Psoy with complete
information. The figure highlights that the CP approach does
not improve the result linearly but rather in steps with no
improvement in between. This makes any statements on the
quality of the result challenging, as no asymptotic behavior
is visible.

Particularly at the beginning, CP can constantly improve
the result, and in total 45 solutions were found after four
hours, with an improvement from 259 to 214 missed service
requests. Whereas the next 4hours provide no new solu-
tion, the objective is down to 210 after 10hours and to 192
after 850 hours. Consequently, we need to determine a cut-
off point, as an optimal solution was not found within the
first 1000 hours. We used 4 hours for our AVP problem opti-
mization with complete information, as it provides sufficient
results with a tolerable runtime.
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6 Discussion and outlook

In our formulation and evaluation of the AVP problem, we
make several assumptions, which are discussed below. We
focus on the successful scheduling of service requests. Other
objectives are conceivable, such as the monetary value of
completed services. In our setup, shorter services might be
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prioritized over longer services as this increases the objec-
tive. There are arguments for and against this approach, and
it might be interesting to compare the optimization for differ-
ent objectives. More importantly, under the CP optimization
of the AVP problem (as well as the dynamic EDD and LSF
heuristics), customers do not receive a guarantee that their
service requests will be completed when they enter the park-
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ing garage (this is different from the FCFS heuristic, for
example). This might not be acceptable in actual service
environments. Improvements to the problem could consider
scheduled services as required to be completed, but mov-
able within the schedule. Due to the innovative nature of
AVP and the extension with service requests, there is limited
insight into user acceptance of such systems. Further research
is necessary to gain a deeper understanding of customer
needs and acceptance. Further, we assume that customers
cannot remove services from their set of service requests
(while adding service requests could be implemented as a
new arrival). Furthermore, we assume the dwell time to be
known and deterministic, which is not always the case in
practice. Future research could address this issue and develop
a stochastic extension of the AVP problem. In the second
stage of our two-stage solution approach, we minimize the
total completion time. This might potentially lead to an over-
reliance on faster service stations. Ideally, these would not be
blocked by customers who, given their dwell time, could also
use slower service stations when new customers arrive that
potentially need fast service completion. Further research is
required to better integrate this additional requirement into
the second-stage optimization problem. We use CP to deter-
mine a valid and optimal schedule for the AVP problem.
We selected CP because it has been successfully applied
to related scheduling problems (Da Col and Teppan, 2019)
and due to its ability to quickly return feasible solutions,
while also being flexible enough to include further constraints
(Beck et al., 2011). We also used warm starts based on the
EDD heuristic to understand whether this would improve
the results. However, we acknowledge that other solution
approaches may lead to equal or better results and should be
analyzed in future research.

7 Conclusion

In this study, we introduce the automated valet parking prob-
lem, which describes the scheduling of service requests
for customers with autonomous vehicles within a parking
garage. This is one of the earliest applications of autonomous
driving, which can increase the utilization of parking infras-
tructure, including service stations providing services such
as electric vehicle charging. To demonstrate the problem, we
use constraint programming in a case study to solve the auto-
mated valet parking problem and benchmark the scheduling
algorithm against First-Come-First-Served, Earliest-Due-
Date-First, Least-Slack-First, and random heuristics. Addi-
tionally, we provide theoretical upper and lower bounds for
the results through simulation of a parking garage with-
out automated valet parking and a complete information
optimization. The results show that constraint programming-
based automated valet parking problem optimization with

a warm start provides the best results in most scenarios,
especially when the optimization becomes more complex;
however, it does not scale well in terms of optimality.
The runtime of the First-Come-First-Served, Earliest-Due-
Date-First, and Least-Slack-First heuristics is not affected
by an increasing number of service requests and provides
results in the range of the AVP optimization, with Earliest-
Due-Date-First and First-Come-First-Served outperforming
Least-Slack-First. Comparing the results against the lower
and upper benchmarks reveals that incorporating automated
valet parking into a parking garage increases the number of
scheduled service requests, indicating the potential of auto-
mated valet parking systems. Using warm starts based on
the Earliest-Due-Date-First heuristic did improve the results.
Furthermore, there is ample potential to improve the auto-
mated valet parking modeling and scheduling approaches,
for example, by including forecasting techniques or stochas-
tic approaches.
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