
 
 

Delft University of Technology

Performance Analysis and Fleet Requirements of Automated Demand-Responsive
Transport Systems as an Urban Public Transport Service

Winter, Konstanze; Cats, Oded; Homem de Almeida Correia, Goncalo; van Arem, Bart

DOI
10.1016/j.ijtst.2018.04.004
Publication date
2018
Document Version
Final published version
Published in
International Journal of Transportation Science and Technology

Citation (APA)
Winter, K., Cats, O., Homem de Almeida Correia, G., & van Arem, B. (2018). Performance Analysis and
Fleet Requirements of Automated Demand-Responsive Transport Systems as an Urban Public Transport
Service. International Journal of Transportation Science and Technology, 7(2), 151-167.
https://doi.org/10.1016/j.ijtst.2018.04.004
Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without the consent
of the author(s) and/or copyright holder(s), unless the work is under an open content license such as Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.

This work is downloaded from Delft University of Technology.
For technical reasons the number of authors shown on this cover page is limited to a maximum of 10.

https://doi.org/10.1016/j.ijtst.2018.04.004
https://doi.org/10.1016/j.ijtst.2018.04.004


International Journal of Transportation Science and Technology 7 (2018) 151–167
Contents lists available at ScienceDirect

International Journal of Transportation
Science and Technology

journal homepage: www.elsevier .com/locate / i j ts t
Performance analysis and fleet requirements of automated
demand-responsive transport systems as an urban public
transport service
https://doi.org/10.1016/j.ijtst.2018.04.004
2046-0430/� 2018 Tongji University and Tongji University Press. Publishing Services by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

⇑ Corresponding author.
E-mail addresses: m.k.e.winter@tudelft.nl (K. Winter), o.cats@tudelft.nl (O. Cats), g.correia@tudelft.nl (G. Correia), b.vanarem@tudelft.nl (B. va
Konstanze Winter ⇑, Oded Cats, Gonçalo Correia, Bart van Arem
Department of Transport and Planning, Faculty of Civil Engineering and Geosciences, Delft University of Technology, P.O. Box 5048, 2600 GA Delft, The Netherlands

a r t i c l e i n f o a b s t r a c t
Article history:
Received 20 February 2018
Received in revised form 25 April 2018
Accepted 25 April 2018
Available online 3 May 2018

Keywords:
Demand responsive transport
Shared automated vehicles
Cost determination
Fleet size determination
Flexible public transport
The introduction of public transport services by fully automated vehicles can potentially
change the way public transit services will be operated, as they allow shifting from rigid
scheduled and route-bound services towards flexible, demand-responsive services. This
study examines the potential performance of an Automated Demand Responsive Transport
Service (ADRTS) as a replacement for scheduled bus services and simulates the effects of
demand levels, vehicle capacity, vehicle dwell time and the initial vehicle distribution on
system performance in terms of fleet size and system costs. The simulation tool allows sim-
ulating the operation of the ADRTS in a complete graph and is applied to the case study of
Arnhem, the Netherlands. For this case study it has been shown that for a minimum fleet
size following the imposed constraints, the operational costs range between 0.84 and 1.22
Euros and the average passenger wait time ranges between 2 and 6 min, according to the
assumptions made on demand and operational parameters. The operational costs of the
ADRTS showed to be in the same range of the current bus system, while providing a
demand-responsive transport service with an average waiting time of around 4 min per
passenger-trip. The economies of scale, which play an important role in public transport,
are also apparent in the simulated ADRTS operations.
� 2018 Tongji University and Tongji University Press. Publishing Services by Elsevier B.V.
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/

licenses/by-nc-nd/4.0/).
1. Introduction

The development of automated driving technology advances rapidly and automated vehicles (AVs) are commonly
assumed to play a significant role in transport systems of the future (Alessandrini et al., 2015; Benevolo et al., 2016;
Correia et al., 2016; Lam, 2015; Wang, 2015). The advancement of AVs potentially poses both opportunities and threats
to conventional public transport systems. On one hand, if AVs rapidly enter the private car market, offering greater comfort
and potentially productive travel time, public transport ridership may decline leading to efficiency losses. On the other hand,
AVs pave the way for significantly reducing the operational costs of public transport services which are often dominated by
driver labour costs. Moreover, the introduction of AVs into public transport services have the potential to revolutionize the
way in which public transport services are provisioned and consumed by facilitating a shift into more flexible and demand
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responsive modes of operations. Conventional public transport systems offer scheduled services in rigid networks, in which
passengers have to adjust their travel plans accordingly.

In this paper we envision an Automated Demand Responsive Transport System (ADRTS) which dynamically responds to tra-
vel requests using a centrally dispatched fleet of highly automated vehicles. The flexible and lower-capacity service enabled
by ADRTS can potentially substitute conventional public transport in networks characterized by low to moderate levels of
many-to-many demand pattern and where labour costs make the network-wide provision of DRT services prohibitive.
Hitherto, demand-responsive services have proven to be exceptionally cost-intensive and therefore not economically viable
beyond very low-demand or except for premium services, and usually require exceptionally high subsidy levels in developed
countries which are characterized by high labour costs (Ferreira et al., 2007; Fu, 2002; Sayarshad and Chow, 2015).

The operation of an ADRTS is evaluated using a simulation model that allows assessing operator and passenger costs
under alternative system specifications and scenarios. The main contributions of this study are: (1) determining the fleet size
that will minimize ADRTS system (i.e. passenger and operational) costs under given constraints on maximum passenger
waiting time; (2) determine the minimum fleet size for operating an ADRTS as a substitute to current public transport,
and; (3) benchmark the passenger and operational costs to the existing bus system as well as a non-automated DRT system.
To the best of our knowledge, ADRTS have not been modelled as a substitution for an existing urban public transport net-
work. Previous studies have either assumed ADRTS to serve all demand for mobility and offer a door-to-door service (i.e.
automated taxi) or considered a single corridor or feeder service operations.

The ADRTS is simulated for a case study based on the city of Arnhem in the Netherlands, for which the influence of
demand, vehicle capacity, vehicle dwell time and the initial vehicle location on the system performance is analysed in terms
of operational costs as well passenger generalized travel costs. Given the novelty of AV, assumptions made on the opera-
tional and cost parameters are of a speculative nature and the results presented in this paper should be therefore viewed
as a first glimpse on the impact the introduction of AV might have on public transit services.

The paper is organized as follows: In Section 2, we review the automated public transport landscape with respect to
emerging mobility solutions, taxonomy of ADRTS and the literature on modelling ADRTS. In Section 3, the ARDTS envisioned
in this study is described along with the approach adopted in this study for modelling its operations. The case study and the
scenario design are described in Section 4, followed by the results. We conclude with a discussion of the results, the limita-
tions of the study and suggestions for further research.
2. The automated public transport front

2.1. Emerging new mobility solutions

In the last decade, new technological and societal mobility trends emerged, which could be potential game changers for
both private and public transport. These trends include the advancement of vehicle automation, the rise of shared economy
and growing urbanization which constitute important features in the portrait of so-called smart cities. At the time writing,
technology is not yet mature enough to allow the deployment of such full-scale systems. However, current trends suggest
that this may be a reality in the coming decade where planning and operational principles for such systems are still lacking.
Pilot studies and trials worldwide have shown that automated vehicles (AVs) of all levels are operational and fully auto-
mated vehicles are expected to become part of the vehicle fleet in the not so distant future (Alessandrini et al., 2015).

Experiences with automated mass transit, sharing the infrastructure with non-automated vehicles and having limited
guidance, have also been tested in several pioneering pilot studies (Alessandrini et al., 2014; Anderson et al., 2014;
Christie et al., 2015; ERTRAC (European Road Transport Research Advisory Council), 2015; Fagnant and Kockelman, 2015;
WEpods, 2016). These pilot trials operated single line connections between pre-determined pick-up and drop-off nodes.
Such experiments are necessary not merely for testing technology but are also instrumental in examining travellers’ sensi-
tivity to its characteristics, such as the absence of a driver and service interface and flexibility.
2.2. Taxonomy of automated demand-responsive transport service

Several public transport systems designed for being operated with AVs have been described in the literature in recent
years (Brownell and Kornhauser, 2014; Burns et al., 2013; Fagnant et al., 2015; Fagnant and Kockelman, 2014;
International Transport Forum, 2015; Spieser et al., 2014; Zhang et al., 2015). The ADRTS described in these studies can
be classified using the following four service dimensions (Winter et al., 2016):

� Accessibility: ADRTS can provide stop-to-stop services or door-to-door services.
� Directness: a distinction can be made between direct services (no transfers and no intermediate stops) and network ser-
vices (several fully or partly predefined routes with multiple stops and transfer locations).

� Vehicle sharing: vehicles can be shared in space when multiple people ride the same vehicle or in time where a vehicle can
be used by different individuals sequentially.

� Demand responsiveness: different degrees of demand responsiveness and restrictions on passenger waiting times can be
specified.
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2.3. Modelling automated demand-responsive transport systems

As the research on operating ADRTS is only at its beginning, there is no established method to model or simulate ADRTS
yet. This is presumably also related to the complexity of dynamically operating a large fleet of vehicles in a demand-
responsive fashion. It is especially challenging to establish an optimizationmethod for solving the dynamic DRT vehicle rout-
ing problem with time window constraints because small changes in the solution structure can result in highly infeasible
solutions (Urra et al., 2015). Research in this field currently focuses on the implementation of new data sources and data
transmitting technology, large scale applications and ride-sharing in urban areas (Chassaing et al., 2016; Li et al., 2016;
Martinez et al., 2015; Muelas et al., 2015; Sayarshad and Chow, 2015).

Models of ADRTS borrow from concepts of modelling PRT, taxi fleet management, dynamic DRT systems and Dial-a-Ride
problems. Previous studies applied various approaches for modelling ADRTS, including analytical models (Brownell and
Kornhauser, 2014; Jokinen, 2016; Liang et al., 2016; Spieser et al., 2014), simulation models (Burns et al., 2013; Fagnant
et al., 2015; Fagnant and Kockelman, 2014; International Transport Forum, 2015). The level of detail in these models ranged
from generic grid networks to detailed transport models; the simulated fleet sizes varied from a couple of hundred vehicles
to several million vehicles. The most commonly applied technique is simulation, as this allows to include stochastic passen-
ger generation, stochastic travel times, dynamic vehicle assignment and dynamic vehicle relocation strategies, hence
increasing the realism of such models. Fagnant and Kockelman (2015) for example used an agent-based simulation to study
the implications of having a fleet of AVs for serving urban mobility needs. The current typical carsharing modal share of 3.5%
of all trips was assumed. They tested different operational scenarios for the city of Austin. They concluded that each AV
would be able to replace 11 conventional vehicles but could induce 10% higher mileage due to empty trips. Fleet size require-
ments and the level of service obtained under different scenarios were not evaluated. Using the same technique, a model has
been developed to test the introduction of automated taxis that will fully substitute the existing car fleet to satisfy transport
demand in the mid-sized European city of Lisbon, Portugal (International Transport Forum, 2015). Results showed that fleet
size always decreases, albeit no systematic assessment of the implications of alternative fleet size was performed. The traffic
implications and potential congestion resulting from using such large automated fleets in an urban environment were
neglected. An agent-based simulation for Singapore analysed the impact of substituting private cars with automated taxis
while taking into account their impact on traffic as well as the responsiveness of demand based on the system performance
(Azevedo et al., 2016). The results show a decrease in the mode share of private cars when replaced with automated taxis.
Mendes et al. (2017) investigated the potential of ADRTS to substitute a single streetcar line. The results of this study suggest
that in order to replace 39 streetcar vehicles, 500 automated mini-busses are needed in case of line-based operations and
450 if operating as a demand-responsive system when aiming at achieving the same average waiting times. Winter et al.
(2016) found that the performance of ADRTS operated as a shuttle service is very sensitive to the stochastic properties of
the passenger arrival process. This stresses the urgency to develop and test robust system designs for ADRTS, which ensure
that ADRTS are deployed where it is most suitable.
3. Model description

In order to gain a first understanding of the performance of ADRTS and the associated costs, we developed a simulation
model for the ADRTS. In this chapter the system configurations for the simulated ADRTS and the modelling approach are
described. A particular emphasis in terms of the modelling approach is put on the description of the strategy applied to
assign vehicles to passenger requests, which is a crucial problem of demand responsive systems.
3.1. Description of the simulated automated demand-responsive transport system

The system simulated in this study is defined as a demand-responsive direct stop-to-stop service, in which vehicles are
shared simultaneously. Restrictions are set for the average and individual passenger waiting time. System components are
the network in which the ADRTS operates, passengers and the vehicle fleet.

A public transport network can be represented by a direct and labelled graph GðS; EÞ, where the node set Srepresents sta-
tions, which serve as pick-up and drop-off locations. The link set E# S� S represents direct connections between stations.
Since the ADRTS system offers direct connections between each pair of pick-up and drop-off locations, G is a complete graph.
The travel time associated with traversing link e 2 E is denoted by we.

The passengers served by the ADRTS request a vehicle at a pick-up station. Passenger request generation follows a Poisson
distribution with an arrival rate kijðsÞ per pick-up station si per time interval s, destined to drop-off station sj. The generation
time of request r 2 R, occurring at the passenger arrival time at si, is denoted by tar , where R is the set of passenger requests.
The set of passenger requests is updated on each simulation step and is divided into Rs and Rp, the subsets of served and
pending requests, respectively.

The ADRTS is operated by a vehicle fleet V. Each vehicle v 2 V is either stationary or travelling between two stations. Vehi-
cle departure time from station s 2 S is denoted as tdv ;s and the arrival time as tav ;s. Each vehicle has a fixed passenger capacity
qv and a variable on-board passenger occupancy ov .
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The control procedure assigns a vehicle to serve passenger requests, which results in a sequence of requests assigned to a
vehicle over time Rv = rv,1, rv,2. . ., rv,n where Rv #R. Passenger requests with the same pick-up and drop-off station are com-
bined as long as the capacity constraint is not violated. Upon arrival at a pick-up station si, the vehicle waits for a pre-defined
dwell time tdwell

v before departing at time tdv . During this time, the bundling of passenger requests is permitted. If the number
of passengers in a dwelling vehicle reaches vehicle capacity (ov ¼ qv ) before the vehicle has spent the time tdwell

v at a pick-up
station, the vehicle departs immediately. Because of this mode of operations, passengers experience in addition to waiting
time, also vehicle dwell time before departing. The total time that a passenger spends stationary at the station is denoted as
passenger idle time, defined as tidler ¼ td_v � tar where r 2 R _v . After arriving at the drop-off node, a vehicle remains stationary
until it gets assigned to the next passenger request. Vehicles are not cruising emptily or relocate strategically when idle,
the here discussed ADRTS is thus operated in a non-anticipatory manner. The simulated performance of the ADRTS is thus
obtained for a service with simplified features, and must therefore be considered as a lower bound of the potential perfor-
mance that could be achieved with a smarter use of the ADRTS.
3.2. Modelling Approach and Model Architecture

A model is developed for simulating the operation of the ADRTS, including the process of assigning vehicles to passenger
requests. The simulation tool determines the minimum fleet size and the fleet size leading to the minimum system costs
(Formula 1) and the associated operational and passenger travel costs in an iterative manner. A flowchart of the main sim-
ulation process is shown in Fig. 1 and described in the following sub-sections.
Fig. 1. Flowchart of the main simulation process.
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3.2.1. Objective and cost functions
The model searches for the fleet size that minimizes the total system costs by repeatedly simulating the operation of the

ADRTS for an increasing fleet size until the minimum system costs are achieved, as indicated in the loop in Fig. 1. The system
costs comprise the operational costs co and the passenger generalized travel costs ct. The objective function is thus:
z ¼ min c0 þ ct
� � ð1Þ
The operational costs co are in turn comprised of fixed costs cf for the infrastructure necessary to operate the ADRTS,
maintenance cost cm for each of the vehicles in the fleet of fleet size ( Vj j), as well as annuity depreciation costs cd and energy
costs ce for all vehicles for the total driven mileage m. The operational costs can be therefore calculated as:
co ¼ c f þ cm � Vj jð Þ; þ cd þ ce
� � �m ð2Þ
Passenger generalized travel costs include total passenger in-vehicle time tivtand total passenger idle time tidle:
ct ¼ bVOT �
X
r2R

bw � tidler þ tivtr

� � ð3Þ
where bVOT is the value-of-time, bw is the waiting time coefficient for the idle time at the pick-up node and tivtr is the time
passenger r spends travelling in-vehicle. Less straight-forward cost items on the passenger side such as reliability, comfort
or perceived safety are not included in the cost function as their quantification for shared automated vehicles is currently
even more speculative than time-related aspects.

Travel times are assumed to be deterministic based on the shortest path between each pair of origin–destination. The
minimisation is thus aiming at the fleet size ( Vj j), the total driven mileage (m) and the total passenger idle time
P
r2R

tidler

� �
. Since vehicles always use the shortest route, the driven mileage depends solely on trip chaining. To minimize

the other two system variables, the e-constraint method has been selected, which delivers a solution close to the Pareto opti-
mum. This method allows to minimize one variable while the others are set as hard constraints (Caramia and Dell’Olmo,
2008). This approach is suitable in this case as pre-determined constraints on passenger cost is a common element in public
transport concession contracts (Van Oort, 2014) and thus it is reasonable to assume that it would be applied when introduc-
ing ADRTS as a public transport service. In this case the constraints refer to the average passenger idle time, which should not
exceed 10 min, and the individual passenger idle time, which should not exceed 30 min. These constraints allow obtaining a
clear image on passenger waiting time distributions in the here analysed ADRTS.

The simulation outcome is interpreted in two ways: (a) in terms of the minimum fleet size |Vmin|, which is the fleet size
necessary for serving the demand while satisfying the pre-defined time constraints, and; (b) in terms of the fleet size leading
to the minimum system costs, |V*|.

3.2.2. Assignment process
The process of assigning vehicles to passenger requests has an impact on the performance of the ADRTS. An event-based

simulation model is developed to match free vehicles to currently open requests in each simulation step. This process is
based on a myopic vehicle allocation procedure to establish the lower bound of system performance.

First the required approach times for all vehicles to all pending requests in Rp are determined from a travel time matrix
based on the shortest path. Vehicles currently in service are also considered in this process, based on their expected arrival
time at the drop-off location of their current passenger(s) in combination with the expected travel time from that location to
the pick-up destination of the new request. This results in a matrix of the required approach time for each pending travel
request by each vehicle. Then, the order in which a vehicle is assigned to an open request is determined by sorting the pend-
ing requests by the sum of the approach times of all vehicles once in a descending and once in an ascending order, as shown
in Fig. 1. The rationale behind this approach is to allow in each time step the possibility to select between two assignment
strategies: (1) Short-First Strategy – it can be beneficial to serve requests with short approach times first, at the cost of addi-
tional waiting time for passengers requesting the service of the ADRTS at nodes with longer approach time. This will lead to a
large number of passengers experiencing very short idle times and a small number of passengers experiencing long idle
times; (2) Long-First Strategy – it can however also be beneficial to keep the maximum passenger idle time as short as pos-
sible, which implies that requests with longer approach times get served first, which might increase the idle time of passen-
gers at nodes with initially short approach times. Either way, it is always the vehicle with the shortest travel time to
approach the pick-up node of a request which gets assigned to the request. Both strategies are myopic but have different
implications on passenger idle time distribution.

Once all passenger requests or all vehicles are assigned, the sum of all passenger waiting time in passenger-minutes for all
assigned requests is calculated for each list. The assignment order leading to lower total passenger waiting time is selected.
There are thus no priority rules with respect to request generation time (e.g. FIFO). There is also no explicit prioritization of
high-demand pick-up nodes, although this is indirectly attained by basing the assignment order on the sum of all passenger
waiting times. All requests assigned to a vehicle in this process are added to the dynamic sub-set of served requests Rs;

requests that have not been assigned remain in the dynamic subset of pending requests Rp. If a passenger request does



156 K. Winter et al. / International Journal of Transportation Science and Technology 7 (2018) 151–167
not get served within the predefined constraining waiting time, the fleet size is considered to be infeasible and the simula-
tion is started anew with an increased fleet size (Fig. 1).
4. Model application

4.1. Case study description

The model described in Section 3 was applied to a real-world case study in order to test the viability and potential per-
formance of an ADRTS under various scenarios. The case study is based on the city of Arnhem in the Netherlands, which has
around 150,000 inhabitants. Arnhem’s current urban public transport system consists of 15 bus lines, some of which are
operated by trolley busses. On an average working day in November 2014, more than 32 thousand passenger trips were
recorded in the smartcard validation database. An origin–destination matrix estimated based on smartcard records was
available from the regional transport planning authority. The demand matrix consists of 26 postal zones with the distances
between the centroids of the postal code areas of Arnhem. For the purpose of analysing ADRTS performance and costs in the
event that it fully substitutes an urban line-based service and the respective demand level, the currently observed demand
level is used as a base case. In the absence of a mode shift model for forecasting induced demand, the passenger demand
matrix assigned to the ADRTS is thus inelastic. The implications of changes in the demand level on the resources required
and the level of service obtained are also investigated.

The network for the case study consists of these 26 nodes and is modelled as a complete bi-directional graph with direct
links between all nodes, with distances ranging between 1.2 and 15.9 km between the nodes. Passenger generation rates are
assumed to uniformly follow a common temporal distribution featuring morning and evening peak periods. For computa-
tional reasons, only the four-hour long morning peak hours are simulated, which results in a total of 11,697 simulated pas-
senger trips. Fig. 2 depicts the case study area along with the average hourly passenger generation rate for each zone during
the analysis period.

Also in terms of the vehicle characteristics, the input data is based on the vehicles employed in the WEpods project, a
modified version of the EZ-10 vehicles manufactured by the EasyMile Company (WEpods, 2016). The vehicle is assumed
Fig. 2. Demand distribution in the case study area. Map data � OpenStreetMap contributors, CC BY-SA.
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to travel with an average speed of 30 km/h, excluding dwell times. The ADRTS speed is comparable to the one attained by
current bus services in Arnhem while serving fewer stops, thus leading to a higher commercial speed. Based on this speed
and the current battery capacity of the EZ-10 vehicle, a battery range of 630 km is assumed, the charging time of an empty
battery is assumed to be 8 h. The investment costs for the vehicles, as well as all costs linked to the operation of the vehicles,
are of a speculative nature as AVs are not yet object of mass production and only very little field experience has been gained
with these vehicles. The following cost estimates derive from the experience in the WEpods project. The purchase price for
the WEpods vehicles was 200,000 Euro (Krebbekx, 2016). Taking into account potential quantity discounts, the purchasing
price for the ADRTS vehicles used in a network service is set to 150,000 Euro per vehicle, neglecting potential price differ-
ences between vehicles with various passenger capacity.

The assumed depreciation costs of 0.12 Euro per driven kilometre are based on a wear life span of 10 years, or 1.22 million
driven kilometres, and a salvage value of 5% per year. The energy costs for the electric vehicles are set to 0.01 Euro per kilo-
metre. Insurance costs are set to 3.33 Euro per day, per vehicle and maintenance costs to 10 Euro per day per vehicle. The
system operational cost, independent of the fleet size, consists of the costs for the controlling staff and their equipment.
It is assumed that the system can be operated with six system controllers with a yearly salary of 60,000 Euro per employee
per year and the cost for the equipment is assumed to be 40,000 Euro per year. This leads to fixed costs of 1096 Euro per day.
The overall cost function per day for the operational costs of the case study are thus:
co ¼ 1096
euro
day

� �
þ 13:33

euro
day

� �
� qþ 0:12

euro
km

h i
þ 0:01

euro
km

h i� 	
� m

km
day

� �
ð4Þ
Passenger generalized travel costs are calculated based on the Dutch value of time (VOT) of 8.75 Euro for passengers,
adopting the values for surface transport (Significance et al., 2012). As ADRTS or comparable systems are not operational
yet, only assumptions of the VOT for users of such a system can be made. Spieser et al. (2014) state that the VOT of auto-
mated transport services should be lower than for other modes as automated vehicles will presumably offer a particularly
high comfort. First experimental findings on this matter were recently made using stated choice experiments (Krueger et al.,
2016; Winter et al., 2017; Yap et al., 2016). Notwithstanding, given the inconclusive results of these studies, a reliable VOT
value for automated transport services has not yet been established. For this reason a conservative choice for the VOT value
of 8.75 Euro has been made. The value of bw is set to 2.5, reflecting the greater discomfort associated with waiting times in
public transport (Wardman, 2004). This leads to the following cost function for passenger generalized travel costs:
ct ¼ 8:75
euro
hour

h i
� 2:5�tw þ tivt
� � ð5Þ
4.2. Scenario design and simulation requirements

To test the influence of alternative operational parameters on system performance, we simulated 21 scenarios as a sen-
sitivity analysis. The following scenarios were tested and analysed:

� Vehicle capacity (C) – uniform for the whole fleet, ranging from 2 to 40 passengers,f2;4;10;20;40g.
� Demand level (D) – ranging between 50% and 150% of the initial demand,f0:5;0:75;1:00;1:25;1:50g.
� Vehicle Dwell time (DT) – ranging from 1 to 6 min, 1;2;3;4;5;6f g.
� Initial vehicle location (IVL) – equally distributed or stored at initial central depots (Fig. 3).

In order to test the influence of the in initial vehicle location on the system performance, three alternatives were tested
(Fig. 3), of which the first alternative bundles all vehicles at one central node (IVL1) whilst the other two options feature two
different set of five nodes selected over the service area (IVL5a and IVL5b), with IVL5a showing a wider spread of the vehicle
depots over the city area then IVL5b.

For the base case, a vehicle capacity of 10 passenger, a dwell time of 3 min at the pick-up nodes and a random initial vehi-
cle distribution were assumed. While the simulation model allows specifying a mixed fleet composition, a uniform vehicle
capacity is specified to examine the interactions and implications of this design variable using a set of scenarios. In addition
to varying each of the abovementioned variables while other variables remain unchanged, seven combinations of vehicle
capacity and dwell time were investigated.

Model application requires the specification of a range of network and demand input as well as parameter values. The
results of the simulations have to be discussed in the context of the assumptions made on the vehicle specifications, service
operation and cost assumptions, the assumptions made on the input parameters are summarized below for the convenience
of the reader (Table 1).

For each scenario, an exhaustive search was performed to determine all fleet sizes that yield a feasible solution, based on
which the minimum fleet size and the solution yielding the minimum system costs are determined. For each solution, 20
simulation runs were conducted in order to attain statistically robust results. Using passenger waiting time, an outcome
of vehicle assignment and the stochastic passenger generation process, 20 repetitions yielded a confidence interval of 99%
in a Student’s t-test. A solution is considered feasible only if all waiting time constraints are satisfied in all 20 simulation
runs.



Fig. 3. Initial vehicle distribution. Map data � OpenStreetMap contributors, CC BY-SA.

Table 1
Summary of the input specifications in the case study application.

Case study
Demand in the morning peak hour 11,697 trips (sensitivity analysis: 50–150%)
Network 26 nodes, between 1.2 and 15.9 km apart
Initial vehicle depots 5 depots (sensitivity analysis: 1–5 depots)

Vehicle specifications & service operation
Vehicle speed 30 km/h
Vehicle capacity 10 passengers (sensitivity analysis: 2–40 passengers)
Vehicle life span 10 years
Battery range 630 km
Battery charging time 8 h
Vehicle dwell time per pick-up/drop-off 3 min (sensitivity analysis: 1–6 min)

Cost assumptions
Value-of-Time of in-vehicle time 8.75 Euro
Value-of-Time of waiting time 21.88 Euro
Cost for staff and control centre per day 1096 Euro
Purchase cost per vehicle 150,000 Euro
Salvage value per year 5%
Energy cost per km 0.01 Euro
Insurance cost per vehicle per day 3.33 Euro
Maintenance cost per vehicle per day 10 Euro
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5. Results and discussion

5.1. Simulation results for the base scenario

In the following, the results for the 24 scenarios are presented in terms of minimum fleet size |Vmin|, fleet size leading to
the minimum system costs |V*| and a comparison of the system performance for an exemplary fleet size of 400 vehicles. The
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overview of the results concerning |Vmin| and |V*| is shown in Table 2. In both cases, the percentage change of the system costs
per passenger-trip is compared with the base scenario, and the percentage of the operational costs out of the total system
costs and the average passenger idle time per passenger-trip are shown (Table 2).

The computation time of the simulation of the ARDTS in the morning peak hours on a complete graph with 26 nodes var-
ied between 6 and 10 s on a computer with an Intel� Xeon� processor CPU E5 1620 v3.

5.1.1. Minimum fleet size
For the base scenario, the minimum fleet size |Vmin| is 306 vehicles (Table 2). The system costs for the minimum fleet size

are 3.37 Euro per passenger-trip, of which 19% (0.63) are operational costs and 81% (2.75) are generalized travel costs. More
than half of the latter stems from passenger idle time (55%) and the rest is attributed to in-vehicle time (45%). When
expressed in terms of driven vehicle mileage, the system costs are 0.85 Euro per kilometre. The average idle time per pas-
senger per trip for this fleet size is 4.2 min, whereas the maximum observed passenger idle time is 21 min. For the simulated
fleet sizes, no battery charging during a simulated day is required, as no vehicle’s daily mileage exceeded the maximum
range.

5.1.2. Minimum system costs
Lower system costs per passenger are achieved by increasing the fleet size up to the point where the marginal increase in

operational costs exceeds the marginal decrease in the generalize travel cost (Fig. 4). The minimum system costs of 3.21 Euro
per passenger are obtained with a fleet size of |V*| = 478 vehicles. The average idle time per passenger per trip for this fleet
size is 3.3 min with the vast majority of passengers waiting less than 3.5 min (Fig. 5). Since the curve of the system costs is
very flat, we decided to indicate the fleet size leading to the lowest 1% of the average system costs in addition to the absolute
minimum fleet size in Table 1. In the base case scenario, fleet sizes ranging between 435 and 564 yield system costs that
exceed the minimum system costs by no more than 1%.

5.1.3. Vehicle occupation rate and empty trips
In addition to the passenger idle times, important indicators of the system performance of a public transport service are

the vehicle occupation rate and, in particular in the case of demand-responsive services, the number of empty driven mile-
age. Figs. 6 and 7 present these indicators, respectively, for this base case scenario. The average use of the vehicle capacity per
service trip (i.e. excluding empty trips), is presented as a percentage of vehicle capacity in Fig. 6. Vehicle occupancy rate is a
key indicator of system efficiency (Fagnant and Kockelman, 2014; Fielding et al., 1978). In the base scenario it can be
observed that the average vehicle occupancy is 4.4 passengers for the minimal fleet size. Vehicle occupancy decreases to
an average of 4.1 passengers when deploying the fleet size that minimizes system costs. Vehicle occupancy rates moderately
decrease for larger fleet sizes. This trend is caused by a reduction in passenger waiting times at pick-up nodes induces by a
Table 2
Results for scenarios concerning the vehicle capacity (C2–C40), the demand level (D75–D150), the dwell time (DT1–DT6) and the initial vehicle locations (IVL1–
IVL5). Results are shown for the fleet size leading to minimum system costs and for the minimum fleet size (|V*|; |Vmin|).

Scenario System costs per
passenger-trip [€]

Percent change in system
costs to base scenario

Percent of operational
costs [%]

Fleet size Average idle time per
passenger-trip [min]

Base 3.21; 3.37 N.A. 32; 19 478 [435, 564]; 306 3.25; 4.18
C2 3.51; 3.58 9.35; 6.23 34; 32 601 [534–640]; 534 3.69; 4.15
C4 3.07 ; 3.11 �4.36; �8.90 31; 28 421 [411–421]; 349 3.05; 3.42
C20 3.53 ; 3.80 9.97; 12.76 36; 24 687 [655–768]; 324 3.51; 5.75
C40 3.60 ; 3.65 12.15; 8.31 38; 32 781 [691–865]; 578 3.49; 5.69
D50 3.93; 3.91 22.43; 16.02 34; 25 316 [252, 350]; 365 4.64; 5.14
D75 3.51; 3.97 9.35; 17.80 35; 23 396 [396, 506]; 332 3.62; 4.54
D125 3.02; 3.52 �5.92; 4.45 29; 25 491 [458, 520]; 305 3.13; 3.85
D150 2.90; 3.95 �9.66; 17.21 26; 31 425 [401, 582]; 235 3.10; 3.57
DT1 3.08; 3.20 �4.05; �5.04 39; 27 651 [587, 668]; 300 2.25; 3.78
DT2 3.12; 3.23 �2.80; �4.15 35; 26 555 [508, 575]; 299 2.74; 3.95
DT4 3.34; 3.40 4.05; 0.89 30; 25 485 [436, 485]; 319 3.86; 4.55
DT5 3.51; 3.53 9.35; 4.75 28; 24 438 [438, 452]; 319 4.49; 5.02
DT6 3.70; 3.71 15.26; 10.09 25; 23 392 [364, 426]; 340 5.34; 5.58
C2, DT1 2.82; 2.85 �12.15; �15.43 40; 37 530 [514, 558]; 477 1.61; 1.91
C4,DT1 2.64; 2.64 �17.76; �21.66 39; 38 478 [478, 490]; 478 1.35; 1.35
C2, DT2 3.16; 3.22 �1.56; �4.45 36; 34 562 [543, 568]; 497 2.69; 3.07
C4, DT2 2.80; 2.82 �12.77; �16.32 33; 31 374 [374, 402]; 347 2.24; 2.51
C20, DT4 3.62; 3.86 12.77; 14.54 33; 23 677 [606, 718]; 333 4.03; 5.96
C20, DT6 3.84; 4.04 19.62; 19.88 29; 22 568 [543, 609]; 333 5.16; 6.66
C40, DT6 3.84; 4.08 19.62; 21.07 29; 22 583 [554, 622]; 341 5.12; 6.75
IVL5a 3.51; 3.56 9.35; 12.76 35; 28 396 [396, 506]; 291 5.07; 5.88
IVL5b 3.02; 3.09 �5.91; �8.31 29; 24 491 [458, 520]; 327 4.10; 4.82
IVL1 2.90; 2.94 �9.66; �12.76 26; 23 425 [401, 582]; 352 6.22; 6.21
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larger fleet size, which leads in turn to a less efficient bundling of passenger requests. This relation is an outcome of the
matching algorithm used in this study. A more advanced matching scheme can potentially improve the economies of scale
in fleet assignment and therefore result with a different relation between fleet size and the average utilization rate of vehi-
cles in service.

Since only 4 to 5 passengers share on average a vehicle designed for 10 passengers, vehicles are underutilized in the base
scenario. The underutilisation of vehicles has a direct impact on the ADRTS performance because it prevents the early depar-
ture of vehicles, which can only occur if a vehicle is completely full before the end of the designated dwell time at a pick-up
node. In a system operated by oversized vehicles, it is thus more likely that passengers experience the full vehicle idle time,
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hence increasing passenger idle time. Notwithstanding, a low vehicle occupancy rate indicates that most passengers are
served directly, which reduces the passenger waiting time. These observations concerning the influence of vehicle occupancy
are confirmed by the observed passenger idle time distribution (Fig. 5) and by the outcomes of vehicle capacity scenarios,
discussed in Section 5.2.

Another system indicator for public transport, which is particularly important for demand responsive services, is the
share of empty rides or dead mileage. For the ADRTS, it can be observed that the larger the fleet size, the less empty mileage
is required (Fig. 7). Here it can be seen that the percentage of empty mileage drops from about 13% for a fleet size of 306
vehicles to about 3% for a fleet size twice as large. The empty vehicle mileage decreases to around 7% of all trips when
the fleet size is set to |V*|. The decreasing trend for empty trips is explained by the initial vehicle distribution assumed in
the base case: since vehicles are initially randomly distributed over all nodes, an increase of the number of vehicles leads
to greater vehicle availability at all nodes. This allows offering more passengers a direct service without having to wait,
and fewer empty vehicles have to be relocated to serve passengers requests at a pick-up node other than their current loca-
tion. With a sufficiently large fleet size, empty trips can be avoided altogether. However, increasing the fleet size leads to a
lower utilization of the available vehicles. For instance, vehicles are in use – either performing empty trips or serving pas-
sengers – in average for 98.3% of the simulation time for the minimum fleet size |Vmin| of 306 vehicles as determined in the
base case of the case study. This rate declines to 58.5% for the fleet size |Vmin| of 478 vehicles, which implies that vehicles, in
average, stand still for about 40% of the simulated period. The time vehicles stand still includes both, vehicle dwell time as
part of the passenger boarding process as well as idle parking at the last drop-off while waiting for the next passenger-
assignment. Averaged over the simulation period, this translates to approximately 200 vehicles parked at one of the 26 nodes
of the simulated network.

5.1.4. Benchmarking system costs
The operational costs of the envisaged ADRTS are assessed by comparing the base case with the minimal fleet size to: (a)

the reference case of the existing line-based public transport service in Arnhem, and; (b) a scenario where the demand-
responsive system is operated in the exact same way as the ADRTS with the exception of being steered by human drivers.
The existing public transport network in the case study area consists of 13 bus lines (Breng, 2017) operated by 57 buses per
hour during the analysis morning peak period performing a total of 693.4 vehicle-km per hour. The busses and trolley buses
in Arnhem are assumed to have the same cost function parameters as the ADRTS, with an additional cost item linked to dri-
vers salaries, which are set to 25 Euros per hour. Thus, an operational cost of 0.68 Euro per passenger-trip is attained for the
current bus service. The operational costs of the ADRTS of 0.63 Euro per passenger-trip is thus comparable to the costs of the
operation of the current bus network, by offering a demand-responsive transport service with an average passenger idle time
of only 4.2 min. That such a DRT system becomes infeasible when being operated by human drivers becomes apparent when
adding drivers’ costs. Assuming an hourly employment cost of 25 Euro per driver-hour based on Dutch labour market cir-
cumstances, operating the DRT system by human drivers instead of fully automated vehicles, the operational costs per
passenger-trip would increase from 0.68 Euro to 3.24 Euro, reflecting an increase of approximately 300%. This clearly demon-
strates that vehicle automation is a prerequisite for DRT services to become an economically sustainable alternative to line-
based operations in urban contexts from a societal welfare perspective.

5.2. Passenger demand, vehicle capacity and dwell time

Passenger demand, vehicle capacity and vehicle dwell time are expected to strongly influence the system performance of
future ADRTS. Moreover, interactions between variables may lead to an amplified effect in the necessary fleet size, system
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costs and passenger idle times. For the analysed case study, a vehicle capacity of 4 passengers yields the best results in terms
of both minimum system costs and minimum fleet size. This is the result of the case specific demand pattern and demand
volume in the simulated case study, which have an influence of experienced dwell times, in particular on early departures.
Moreover, the performance obtained with a vehicle capacity of 4 passengers remains superior also when considering a fixed
fleet size of for example 400 vehicles (Fig. 8), for which no feasible solution for a vehicle capacity of 2 passengers could be
found. This finding is again the result of the interplay between vehicle capacity and vehicle dwell time and its influence on
passenger idle time. As discussed above, the vehicle occupancy rate observed in the base case (Fig. 6) corresponds to the
average demand per node per vehicle dwell time interval, which is slightly more than 4 passengers in three minutes. This
explains why the system performance is best in the scenario with vehicle capacity of 4 passengers. Passenger waiting times
are minimized when instant service is proved to as many passengers as possible, thus when the number of early departures
for fully occupied vehicles is maximized. This can be best attained by employing vehicles with a capacity close to the demand
generated in each node during the prescribed vehicle dwell time, which leads to a maximum number of early vehicle depar-
tures. Early vehicle departures are thus favourable for reducing the overall system costs as they lead to short experienced
vehicle dwell times while, by definition, leading to a high vehicle occupation rate, which reduced the fleet size and thus
the operational costs. Furthermore, the advantage of smaller vehicles is underestimated in this analysis, as here acquisition
and operation costs are not, contrary to actual observations, assumed to be lower for smaller vehicles than for larger vehicles.
Hence, the system performance for a fleet of vehicles with a capacity of 4 passengers compared to a fleet of vehicles with a
capacity of 10 passengers would be better than depicted here. On the other hand, the performance of vehicles with a high
capacity (scenario C20 and C40) is arguably overrated because the assumed vehicle purchase price is insensitive to the vehi-
cle capacity. The vehicle capacity should thus always be chosen with care in order to achieve the best outcome for both the
operator and the passengers by investigating the relation between passenger demand, vehicle size and vehicle dwell time.

In terms of the demand level, the outcome for the |Vmin| and |V*|are not unambiguous (Table 1). In terms of minimum
system costs, system costs are lower in the base scenario than in scenarios with either increased or decreased demand. In
contrast, when choosing the fleet size that minimizes system costs, a demand of 150% relative to the base scenario yields
the lowest system costs. The corresponding fleet size is also the lowest among the demand scenarios considered. This is
again an indication that the vehicle capacity selected in the base scenario of ten passengers is too large for the respective
demand level. The increase in demand leads to a better utilisation of vehicle capacity and consequently more often early
starts can be performed. This leads to a quicker vehicle turnover which in turn reduces the necessary fleet size.

Also in terms of passenger idle times an increased demand is beneficial. For an exemplary fleet size of 400 vehicles, it can
be seen that both the operational costs and generalised travel costs decrease with increasing demand (Fig. 9). As already
observed in terms of vehicle capacity, the system performs best when vehicle capacity is fully used, but not exceeded,
due to the application of vehicle dwell times in case vehicles still have residual capacity at a pick-up node. The same reason-
ing applies in explaining the observations made in terms of the effects of varying demand levels. This explains the decreasing
passenger idle times as well as the decreasing necessary fleet size for minimum system costs with increasing demand. In
contrast, the minimum fleet size required increases with increasing demand. When determining the latter, it is not passen-
ger waiting time that is decisive, but rather satisfying the constraint that all passengers must be served within the individual
maximum passenger idle time limit. This leads to an increase in the minimum number of vehicles needed for serving an
increasing demand.

The influence of the vehicle dwell time on the performance of the ADRTS is particularly important as a major share of the
system costs consists of the generalized travel costs. In the base case about 65% of all passengers experience a passenger idle
time of exactly three minutes (Fig. 3) because they are the first passengers to board a vehicle. They experience thus the full
vehicle idle time dwell. Less than 23% of all passengers experience a vehicle dwell time shorter than three minutes, and 12%
of all passengers experience waiting times longer than three minutes in the base case. The vast majority of the latter expe-
rience an idle time between 7 and 14 min, which can be explained by the travel times between the nodes in the case study
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network. When the vehicle dwell time is shortened, it can be observed that the passenger idle times and the system costs
decrease, on the cost of an increased |Vmin| and |V*| (Table 1). For longer vehicle dwell times, the opposite trend can be
observed. This is also true for a fleet size of exemplary 400 vehicles (Fig. 10). Furthermore can be observed that the opera-
tional costs decrease with an increasing vehicle dwell time, as a smaller fleet size suffices to satisfy the requirements. The
benefit of smaller vehicle capacities for the system costs stem thus from shorter passenger idle times. As discussed for the
vehicle capacity, it is important to adequately select the vehicle dwell time in accordance with vehicle capacity and the
demand per pick-up station per dwell time interval. In current non-automated demand-responsive systems dwell times vary
greatly: while in taxi-like services no dwell time is applied, unscheduled jitney or minibus services often only depart once
they are filled completely with passengers, which can lead to very long dwell times (Bruun et al., 2016). Where ADRTS will be
positioned in this context is not yet determined, and will depend on the local circumstances of an ADRTS service in regard to
fleet size, vehicle capacities, demand, the targeted level of service and procurement regulations.

In order to account for the reciprocal effect of vehicle capacity and vehicle dwell time, an additional set of scenarios is
investigated in which both parameters are altered simultaneously. The observations made for variations in demand level,
vehicle capacity and vehicle dwell time stress the importance of balancing between these system parameters in order to
a achieve a good system utilisation. Therefore we tested how the system performs for shorter vehicle dwell times combined
with smaller vehicle capacities as well as how it performs for longer vehicle dwell times combined with increased vehicle
capacity (Table 1). It can be seen that the minimum system costs can be reduced substantially, as well as the average pas-
senger idle times, when smaller vehicle capacities are combined with shorter vehicle dwell times. The increase in system
performance due to greater flexibility is however only achieved with an increased fleet size.

5.3. Initial vehicle location

The search for the best initial distribution of the vehicles in this study is not exhaustive and aims at exemplifying the
range in which improvements in system performance of the ADRTS are possible by varying the distribution of initial vehicle
depots. It can be observed that the minimum system costs decrease if all vehicles are initially located at one central depot,
and so does the vehicle fleet (Table 1). Conversely, when comparing the results for a fixed fleet size of 400 vehicles (Fig. 11),
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the lowest system costs are attained by initially distributing vehicles evenly over all nodes. When comparing the two sce-
narios featuring five depots (Scenario Loc5a and Loc5b), no clear pattern can be observed, as scenario Loc5a has higher min-
imum system costs than the base scenario, while in scenario Loc5b lower minimum system costs can be achieved. Hence, not
only the number of depots but also their exact location has consequences on system performance. Any improvement in
terms of minimum system costs or costs for the minimum fleet size result however in an increase in fleet size. That this
increase in fleet size is of no consequence for the minimum system costs is a result of the cost composition of the ADRTS.
While vehicle dispatching in anticipation of demand aims at reducing passenger waiting times and by this the generalized
travel costs, it can increase the operational costs due to additional mileage. However, the possible increase in operational
costs are opposed to a decrease in fleet size if the demand is anticipated successfully, which reduces maintenance costs
and investment costs. Based on the results from scenarios on the initial vehicle location it can be concluded that is best
to position the vehicles initially where the demand occurs early during the simulation period. This also show the potential
for demand anticipation during the operation.

The influence of demand anticipation on system performance of ADRTS has also been observed by Burns et al. (2013) as
well as Fagnant and Kockelman (2015). Berbeglia et al. (2010) suggests three strategies for relocation vehicles in anticipation
of passenger requests: (1) waiting strategy: vehicles wait at their current position for a specific time span before launching so
that passenger requests get bundled before departure, (2) buffering strategy: the assignment of requests to a certain vehicle
route gets slightly delayed so that requests can get bundled before departure and; (3) vehicle diversion strategy: unassigned
vehicles move to a strategically chosen location within the network from which expected future request can be reached par-
ticularly fast. While in the system layout of the presented ADRTS only the waiting strategy is applied, scenario results sug-
gest a large potential for improving ADRTS performance lies in implementing vehicle diversion strategies. This requires the
further development of methods for optimizing fully dynamic demand-responsive transportation systems for many-to-
many networks (Berbeglia et al., 2010).
5.4. Study limitations and research outlook

Given the forward-looking nature of this study which examines the potential performance of an innovative urban mobil-
ity solution, many consequential variables and parameters are unknown. The analysis and results presented in this paper
should therefore be considered as an explorative assessment of a possible future rather than a speculative attempt to fore-
cast the costs and benefits of an introduction of an ADRTS. In particular, the focus of this study has been on the impact of
changes in operational settings on the system performance, discarding potential changes in travel patterns. While the results
of this study provide insights on the relations between key design variables and performance indicators, absolute values
depend on the assumptions made with regards to cost parameters. The ADRTS performance evaluation conducted in this
study is thus based on values that are speculative until more reliable size-dependent fleet cost parameters become available,
which is one of the shortcomings of a method based on cost comparison. Advances in both behavioural and technological
research may offer new insights on the operational costs and passenger costs for using highly automated vehicles.

The simulation results of the ADRTS presented in this section are an outlook on one of the many possible ways ADRTS can
be operated in the future, as only one specification of operation of an ADRTS, as described in the four service dimensions in
Section 2.2, has been assessed. In terms of accessibility, this study features a stop-to-stop service similar to current public
transport services, while it can be argued that door-to-door services embrace the advantages of demand-responsive trans-
portation even further. In terms of model development there are no differences between these two forms of service opera-
tions, as with the extension to a door-to-door service only the node set S of the labelled graph GðS; EÞ increases in size, while
the other parameters remain the same. Given the short computation times of 6–10 s per simulation run, an extension of the
simulated ADRTS to a door-to-door service is feasible with the presented model in terms of computational effort. Operating
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the ADRTS with door-to-door service with simultaneously shared vehicles require however that the service is no longer
operated as a direct connection, but rather as a network service with intermediate stops. In that case more complex routing
algorithms are required, as discussed in Section 2.3.

The limitations resulting from the uncertainties linked to the operation of an ADRTS and its acceptance are addressed in
this paper by examining a broad range of values in terms of vehicle capacity, dwell time, demand levels and the initial vehi-
cle distribution. Future research should aim at narrowing down these results for a more meaningful analysis of the costs of
ADRTS once more reliable size-dependent fleet cost parameters become available. Furthermore could developing more real-
istic simulation environments featuring stochasticity in both, supply and demand of ADRTS, as well as in the overall traffic
conditions, contribute to a better understanding of the fleet requirements of ADRTS. The stochasticity of the infrastructure
the ADRTS is operating in could be addressed by incorporating stochastic (adaptive) shortest path algorithms. The stochas-
ticity in demand for the ADRTS calls for the development of demand-anticipatory techniques to distribute the vehicles based
on the expected passenger requests. This requires specifying the extent of risk taking in the management of the ADRTS
fleet allowed by an operator (van Engelen et al., 2018). Here the main challenge lies in addressing stochasticity in fleet size
in case that the service is operated in a double-sided market such as ride-hailing platforms, which deserves special attention
in future research.

While the results for the minimum fleet size do not depend on cost parameter values, the fleet size leading to the min-
imum system costs should also be considered with reservations. These reservations towards the cost parameters can only be
dispelled once more experience with the operations of automated vehicles and in particular the ADRTS is gained. The mod-
elling approach adopted in this study performs an exhaustive search for all fleet sizes between the first feasible solution and
fleet sizes leading to minimum system costs. This approach is chosen in order to facilitate the analysis of system performance
– both generalized travel costs and operational costs – sensitivity to changes in fleet size. Future research may deploy a com-
putationally more efficient method for searching for the optimal fleet size as well as the optimal fleet composition, as mixed
fleet operations can potentially allow for a more efficient capacity allocation.

The insight on the impact of initial vehicle location on system performance suggests that strategic vehicle positioning is a
crucial aspect in designing an efficient ADRTS. Consequently, the results of this study call for the development of demand
anticipatory modes of operations and related demand prediction schemes.

Various design aspects of ADRTS catering for AVs are not addressed in this study and should be considered in future
research. This includes the costs for potential infrastructural modifications necessary for operating ADRTS, optimal routing,
vehicle distribution strategies, travel times uncertainty and the possibilities of door-to-door service and pre-booking of
transport services. Another aspect that is not considered in this analysis is space consumption, in particular at pick-up nodes,
and spatial changes needed for operating ADRTS. For this study, the full availability of automated vehicles and their eventual
need for a dedicated infrastructure has been assumed in order to test its scalability for substituting conventional public
transport, ignoring any implication of the deployment stage of automated vehicles. In the transition phase from non-
automated public transport to automated public transport substantial alterations in the system design and system operation
can be expected, which will have an impact on user behaviour. Behavioural studies accompanying the incremental introduc-
tion of vehicle automation will allow examining for example user acceptance and the value of time associated with riding
and waiting times in the context of ADRTS. Users sensitivity to the reliability of ADRTS such as no-shows, change of planned
pick-up times or drop-off locations is of special interest and could be potentially investigated based on existing demand
responsive schemes. Further research on travellers willingness to pay for direct services and perceptions of the ADRTS con-
cept and related travel attributes is needed in order to perform an adequate evaluation as well as investigate the potential for
induced demand when considering the impact of system performance on modal choice. Also issues such as trust in vehicle
automation technology, comfort (e.g. on-board crowding) and perceived safety in simultaneously shared vehicles will play
an important role in the user acceptance of ADRTS and should be researched along with the introduction of increasingly
automated vehicles.
6. Conclusion

This study presents a first step in analysing the potential performance an automated demand-responsive transport sys-
tem (ADRTS) as an urban public transport services operated by highly automated vehicles (AV). Employing AVs for demand-
responsive transport systems reduces the costs of such as service substantially by eliminating driver costs and scheduling
constraints. These are currently the dominating cost factor for DRT services and are one of the main reasons why the intro-
duction of large-scale DRT systems are often unfeasible. In this study the operational costs of ADRTS are estimated and
benchmarked against DRT and the existing line-based service. While the operational costs of ADRTS are in the same range
of the existing line-based operations, the improved level-of-service it yields may result in the reduction of the total system
costs, which are composed of the operational costs and generalized travel costs of the passengers. The simulated ADRTs for
the city of Arnhem in the Netherlands indicate that the costs for the minimum fleet size operating the ADRTS are dominated
by passengers’ generalized travel costs, which account for around two thirds of the system costs in the presented case study.
Consequently, an increase in fleet size has only a marginal effect on overall costs. This in turn influences the minimum sys-
tem costs that can be attained as well as the respective fleet size. For the here presented case study it has been shown that, in
order to serve the maximal 3200 passengers per hour, the fleet size of the ADRTS should be at least 300–500 vehicles,
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depending on the assumption on demand and system operation. The average passenger idle time ranges between 2 and 6
min. The operational costs per passenger-trip range between 0.84 and 1.22 Euro, the total system cost per passenger-trip
range between 2.60 and 3.90 Euro. While these specific outcomes cannot be generalized, as they are the result for a partic-
ular case study, the set-up of the case study in terms of the network and the demand pattern are generic enough to be com-
parable to other small or mid-sized cities. Notwithstanding, the transferability of the simulated results depends of the
assumptions made on the system operations and the cost parameters, as presented in Table 1. With the technology of vehicle
automation evolving and more experiences gained with ADRTS, these values have to be updated in order to obtain more
meaningful results by simulation. Given the simplified manner of ADRTS operation simulated in this study, it can expected
that more specific optimisation procedures and scheduling algorithms yield a potential for improving the system perfor-
mance of ADRTS further.

The modelling approach for the determination of fleet sizes of the ADRTS allows assessing cost breakdown and the effects
of key system parameters. This approach allows hence to draw conclusions on how system design can be improved for both
passengers and system operators. The results suggest that the interaction between vehicle capacity and designed dwell time
plays a significant role in determining system performance. In addition, tailoring initial fleet distribution strategically close
to demand generators is advantageous. Vehicle occupation rate shows to be a key performance indicator in determining sys-
tem performance due to its impact on both operational and travel costs.

The economies of scale, which play an important role in public transport, are also apparent in the ADRTS’ operation.
Higher demand levels yield lower operational and travel costs per passenger due to efficiency gains that are manifested
in higher vehicle occupancy rates. This stresses the need for public transport systems to be among the early adopters of
AV technology in order to realize the opportunities that AVs hold for urban mobility.
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