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Abstract
This paper presents the coupling of a state-of-the-art ride-pooling fleet simulation package with the mobiTopp travel demand
modeling framework. The coupling of both models enables a detailed agent- and activity-based demand model, in which travelers have the option to use ride-pooling based on real-time offers of an optimized ride-pooling operation. On the one hand,
this approach allows the application of detailed mode-choice models based on agent-level attributes coming from mobiTopp
functionalities. On the other hand, existing state-of-the-art ride-pooling optimization can be applied to utilize the full potential
of ride-pooling. The introduced interface allows mode choice based on real-time fleet information and thereby does not
require multiple iterations per simulated day to achieve a balance of ride-pooling demand and supply. The introduced methodology is applied to a case study of an example model where in total approximately 70,000 trips are performed. Simulations
with a simplified mode-choice model with varying fleet size (0–150 vehicles), fares, and further fleet operators’ settings show
that (i) ride-pooling can be a very attractive alternative to existing modes and (ii) the fare model can affect the mode shifts to
ride-pooling. Depending on the scenario, the mode share of ride-pooling is between 7.6% and 16.8% and the average
distance-weighed occupancy of the ride-pooling fleet varies between 0.75 and 1.17.

The transportation sector is facing several challenges,
especially in urban environments. Because of expected
growth in general population and increased urbanization,
offering a comparable level of mobility is likely to require
reshaping urban mobility. Space, whether it refers to
crowding in public transport, a location to park a private
vehicle, or the streets that these vehicles drive on, will be
an even more scarce resource.
Private vehicles are often identified as one of the problems. High parking demand combined with low occupancy during trips result in a high space consumption of
private vehicles. Ride-hailing services (e.g., uber, Lyft,
Didi) offer similar mobility to users while removing the
necessity to look for parking; however, empty mileage
increases the required space on the streets and causes
congestion (1, 2).
The before-mentioned companies also offer ride-pooling, that is, multiple customers with similar itineraries
share the same vehicle for a part of their trip. With higher
vehicle occupancy, the system could make up for the
empty mileage and the required space per person could
decrease below the level of private vehicles. Furthermore,
emissions per person kilometer (pkm) would also drop

compared with private vehicle usage. Unfortunately, the
ratio of pooled over non-pooled trips is rather small in
the mentioned companies (2).
German regulation therefore considers different rules
for ride-hailing and exclusive ride-pooling services. The
effects of introducing exclusive ride-pooling systems are
currently studied in small-scale pilots by public transport
companies in the largest cities with limited fleet sizes
(e.g., Berlkoenig in Berlin, ioki in Hamburg, Isartiger in
Munich). Additionally, the private-sector company
MOIA started operations in Hamburg and Hanover. In
Hamburg, the company offers the biggest ride-pooling
service for a city in Europe, having a fleet size of currently 330 vehicles. Up to 500 vehicles are allowed for
the service by the regulating city administration.
Ride-pooling services have positive scaling effects: the
larger the fleet sizes and demand for the service, the
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smaller the amount of empty travel and the larger the
potential to pool trips. The overall effects of a ride-pooling
service on the transportation system depend heavily on the
modal shift. It can be expected that the outcome is quite
different if all customers originate from the public transport sector or if private vehicle trips can be replaced.
Before ride-pooling systems will be permitted without
fleet size limitations, simulations are necessary to predict
the consequences. The status quo (with limited fleet size)
needs to be captured by detailed demand and fleet control models to understand the current situation before
large-scale and long-term effects are studied.
This study contributes to the research about ridepooling by (1) combining two specialized software
packages, one for demand modeling and one for the
operation of a ride-pooling system, in a joint simulation
that by design balances demand and supply of the ridepooling service, and (2) testing sensitivities of fleet parameters like fleet size, pricing, and service model on travel
behavior, modal shift, and traffic impacts. For this purpose, an example model of a small town (Leopoldshafen,
Germany) is used.

Literature Review
Narayanan reviewed many relevant aspects for shared
autonomous vehicle services (3). Many of the stated aspects
are also valid for (non-autonomous) ridesourcing services
with drivers, which can also be referred to as mobility-ondemand (MoD) services. This study focuses on demand
modeling and fleet operation for such services.
Travel demand models are an essential tool to estimate the effects of measures and changes in transportation systems (4). Beginning with classical four-step
models, travel demand was modeled very simply, targeting only the result of traffic while ignoring a lot of
behavior-related effects (5, 6). The transition from resultbased to reason-based modeling was enabled by disaggregation in travel demand, which is possible in various
dimensions (6). First, individual persons can be modeled
instead of groups or the whole population; these models
are called agent-based (7). Second, the study area can be
spatially disaggregated by using dedicated locations
instead of traffic analysis zones. Third, the investigation
period can be split into smaller chunks by using single
hours or minutes instead of the whole day. While prior
research focused on trip-based models, the findings of
Kutter proved that travel demand is the amount of locomotion people do to execute activities (8). Those findings
resulted in a broad spectrum of agent-based, activitybased, or both, combined travel demand models. In most
of those models, the relationship between demand and
supply focuses on private individualized traffic in relation to route choice. The main goal of these models is to
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capture the interrelation of increased travel times
induced by congestion and travel demand. For the other
modes, such as pedestrians, bicycles, and public transport, the capacity constraints seldom affect the solution,
or network capacities have no direct effect on the travel
time of all passengers. Therefore, a lot of assignment algorithms for macroscopic or microscopic models have been
developed. Nevertheless, most of those traffic assignment
models lack a direct feedback loop or integration into decisions other than route choice. This issue is addressed by
agent-based models such as MATSim, SimMobility,
POLARIS, and mobiTopp (9–16). They provide the
potential to integrate demand directly into destination or
mode choice decisions of single agents and thus allow a
much closer integration of demand and supply.
On the supply side, the operation of MoD systems is
studied as part of the class of vehicle routing problems
(17). Different subclasses of vehicle routing problems
have already been studied for more than 40 years (18).
Because of a high degree of dynamism—that is, demand
information is revealed to the operator over time—
policies are unlikely to find an optimal solution (that
could be achieved if all demand information was available). Rule-based and optimization-based strategies have
been developed and evaluated in simulation frameworks
that model the operation of a fleet with flexible routes
(19–21). Several vehicle-request assignment policies for
fleets of thousands of vehicles were compared for ridehailing, for example, by Hörl et al. and Hyland and
Mahmassani (22, 23). The problem of matching various
requests into tours for vehicles is computationally far
more challenging. Key contributions for scaling
optimization-based solution approaches were made by
Santi et al. and Alonso-Mora et al., and computationally
further improved in Liu and Sumaranayake, and
Engelhardt et al. (24–27). The developed advanced control policies for ride-pooling can generate substantial
benefits over simpler heuristics; numerical experiments
conducted in Engelhardt et al. and Ruch et al. quantify
these benefits (28, 29). Moreover, the amount of possible
matches depends on the offered service parameters, that
is, reservation time, waiting time, and detour time (30,
31). The papers mentioned in this paragraph typically
assume exogenous demand and aim to serve this given
demand as efficiently as possible.
There are several approaches that combine demand
and MoD supply modeling. Typically, these are based
on stochastic user equilibrium approaches, where travelers’ mode choices are adjusted day-to-day, where the
adjustments are based on within-day simulations of the
service (32). Djavadian and Chow extended their framework to model the impact of elastic supply, where drivers
also adjust day-to-day in a two-sided platform (33). Liu
et al. integrate a heuristic ride-hailing control algorithm
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into an activity- and agent-based MATSim simulation
model, in which travelers make plans before the simulation of a day and score their travel utility afterwards
(34). A co-evolutionary process is used over multiple
iterations to reach an equilibrium. This approach in
MATSim was improved by Hörl et al. with a more
advanced fleet control and a mode-choice model after
iterations of daily network simulations (35). A similar
approach is available in SimMobility, which models a
transportation system in three timescales (36). Activity
planning and mode choice—including the choice to use
MoD systems—are determined pre-day and the MoD
system is simulated in a stage called supply. Similarly to
MATSim, these stages are iterated in a learning loop.
Liu and Samaranayake extend this endogenous demand
loop by an operator loop to find an optimal fleet composition of vehicles with passenger capacity of 1, 4, and 10
(26). The latest versions of commercial transportation
software packages include mobility services in their
demand models and contain fleet operation modules that
work similarly to the described approaches (37, 38).
An idea to reduce the amount of required iterations
or remove them completely utilizes mode choice models
based on real-time information of various mobility
options, for example, public transport, private vehicle,
and MoD systems (39, 40). Dandl et al. use a rather simple demand model, whereas Wilkes et al. employ rather
simple ride-pooling control algorithms (39, 40). The goal
of this work is to combine the very detailed travel
demand modeling framework mobiTopp with the fleet
simulation and ride-pooling control algorithms from
Engelhardt et al., where ride-pooling demand and supply
are regulated by the availability of real-time information
(27).
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Figure 1. General overview of the simulation environment.

the simulation takes place during mode choice where
mobiTopp uses static information for all modes except
ride-pooling. For ride-pooling, it requests dynamic information of the fleet simulation, that is, the ride-pooling
operator makes an offer based on the current fleet state.
Therefore, the demand to the ride-pooling system is
inherently limited by the fleet, as no new offers can be
made when the fleet operates at full capacity. Third, control commands are transferred at various points during
the simulation to synchronize both frameworks with
each other.
All together, in contrast to other modeling methods, it
is not necessary to run many simulation runs (iterations)
with the selected approach. This is because the mode
choice is undertaken based on live parameter values combined with discrete choice models, and, consequently, a
self-regulating demand-supply balance for the ridepooling service is created. In the following, each part of
the coupling is explained in more detail.

Approach
The main idea behind the developed approach is the joint
simulation of ride-pooling demand and supply in one
simulation layer without iterations. mobiTopp applies
destination and mode choice models, and simultaneously
the fleet simulation mimics the operation of the ridepooling service to guarantee realistic ride-pooling choice
alternatives.
Being implemented in different programming languages, both frameworks are not integrated into each
other but coupled at various points during simulation.
First, the input data is fed into both frameworks at the
start. As shown in Figure 1, structural data, such as
demography of the inhabitants and the attractiveness of
different parts of the study area, is used by mobiTopp to
generate the population and to feed further choice models. The transportation network data is used by both frameworks. Second, the exchange of dynamic data during

mobiTopp
mobiTopp is an agent-based travel demand modeling
framework that models every person, household, and car
of the study area (15, 16). It is written in Java. The population of the study area is modeled as agents following
the definition of Bonabeau (7). Agents are ‘‘autonomous
decision-making entities,’’ which ‘‘individually assess
their situation and make decisions on the basis of a set of
rules.’’ Moreover, mobiTopp is based on the concept of
‘‘simulating activity chains’’ (41). Activity programs in
mobiTopp are modeled for a whole week either by gathered programs from representative empirical data or by
programs generated synthetically (42). While agents carry
out their activity programs, they decide where an activity
will take place and which mode to use. The modular
nature of mobiTopp allows to switch between different
models for destination and mode choice. Current
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implementations are based on discrete choice models,
namely logit and nested logit models (43). These implementations take into account sociodemographic attributes of agents and households as well as network
characteristics such as travel time and cost. To distinguish between different times of the day, travel times can
be modeled on an hourly basis. Route choice is currently
only available for public transport (44). For other modes,
external tools such as Visum and MATSim can be used
(45).
mobiTopp consists of two stages: initialization (longterm module) and simulation (short-term module). For
initialization, the long-term mobility aspects of agents
and households are defined. This includes population
synthesis, generating all agents and households based on
structural and empirical data. Also, locations for fixed
activities (home, work, and education), the activity programs, the ownership of private cars and public transport
passes, and the membership at various mobility providers
are modeled for each agent. These long-term decisions
form the foundation for the simulation of travel demand
in the short-term module. While all agents are simulated
simultaneously during this stage, the short-term module
applies the destination and mode choice models sequentially for each trip of an agent. The destination choice differentiates between two types of destinations: activities at
fixed locations (work, education, and home) and at flexible locations (e.g., leisure and shopping). Fixed locations
are determined in the long-term module and are therefore
kept fixed during the short-term module, while flexible
locations are undefined after the long-term module and
have to be selected in the short-term module. The destination choice itself is separated into two parts. First, the
discrete choice model selects a traffic analysis zone where
the activity can be carried out. Second, a distinct location
inside the traffic analysis zone is selected. mobiTopp by
default supports fives modes: walking, cycling, public
transport, car as driver, and car as passenger. One of those
modes is selected using a discrete-choice model considering the travel time and cost as well as the current situation of the person in the household (15). In particular, a
car can only be selected if the household owns one and it
is not currently used by another member of the household. mobiTopp’s modular nature allows to replace destination and mode choice models depending on the study
area.
Because of its modular and open-source fashion,
mobiTopp has been extended several times. First, by
introducing electric and hybrid vehicles into a model of
the region of Stuttgart, which allows to replace all vehicles either private or shared to be powered by electric or
combustion engines (46, 47). Further on, sharing systems
for cars have been introduced allowing inhabitants to
use cars other than their own (48). With the detailed
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modeling of car passenger trips, pooling of car trips in
the context of the same household has been introduced
(49). Combining both methodologies allows a microscopic model of on-demand mobility systems as
described by Wilkes et al. (40).
For the present study, mobiTopp was extended in several aspects, partially building on the work presented by
Wilkes et al. (40). First of all, a new transport mode is
added to be capable of identifying trips performed by the
ride-pooling mode. Next, modifications to the handling
of these trips were required. This is because the regular
transport modes in mobiTopp use static travel time and
cost matrices and the values required for mode choice
parameters thus can be based on a query to these
matrices. For the present work, however, methods for
dealing with dynamic time and cost values are required.
Furthermore, to handle the requests and responses, and
to provide interfaces to communicate with the fleet simulation, modifications were needed.

Interface
The communication between mobiTopp and the fleet
simulation framework is triggered at various points during the simulation. At the beginning, mobiTopp verifies
that the fleet simulation framework is set up and the
socket communication is ready. During the simulation,
there are event- and time-triggered communications
between mobiTopp and the fleet simulation as illustrated
in Figure 2.
Each time an agent is about to perform a mode
choice, mobiTopp sends a request to the fleet simulation.
This request contains information on the origin and destination of the agent. The fleet simulation’s response
contains information about the required travel time (split
in access, waiting, riding, and egress time) and costs
offered by the provider. This information is evaluated by
mobiTopp and the mode choice is performed, considering all available modes for the upcoming trip. In case the
agent’s decision is to use ride-pooling, a binding booking
is communicated to the fleet operator.
Further communication takes place after each simulation time step. mobiTopp communicates to the fleet
simulation that a time step has finished and the next is
about to start. Then, the fleet simulation optimizes the
current fleet assignments. After that, the vehicles of the
fleet move according to the current assignments and customers board and disembark the vehicles in the fleet
update step. As a result of this step, the list of agents,
which are about to arrive in the following time step, is
sent to mobiTopp.
Because of the separation of booking requests and
optimizing all requests, the fleet simulation is able to
respond to various requests with realistic, utilization-

Wilkes et al

5

Figure 2. Communication between the mobiTopp and fleet simulation framework.

dependent offers, and optimize them in conjunction.
This two-stage approach enables mobiTopp and the fleet
simulation to balance ride-pooling demand and supply
in a single run.

Fleet Simulation
The fleet simulation module is implemented in Python
and represents an additional travel mode accessible for
each agent within mobiTopp. The task of the module is
to simulate the detailed interaction between agents using
ride-pooling for a certain trip and a ride-pooling fleet
operator offering the service. A travel request is defined
by a request ID i, a request time ti , the network origin
node oi , and the network destination node di . The fleet
operator controls a fleet of Nv vehicles with capacity cv .
The operator has two main tasks: First, offers for incoming travel requests are created; the attributes of these
offers are the input for the discrete choice models of
mobiTopp. Second, agents that decided for the ridepooling service are included into the routing tasks of a
fleet’s vehicle.
Within this framework, a routing task c is defined by
an ordered list of stops at certain network nodes where
boarding processes are scheduled, charging processes are
conducted, or vehicles end their re-positioning tasks.
Stops are connected by the fastest route within the
underlying street network. After an update of the simulation time by DT is communicated by mobiTopp, vehicle
movements and boarding processes are carried out
according to the currently assigned routing tasks for
each vehicle.
The following policy is applied to compute routing
tasks for vehicles: First, routing tasks have to fulfill a
maximum waiting time constraint for each agent that

should be picked up on the route, that is, the duration
between each agent’s request and pick-up is smaller than
wait
. Second, routing tasks have to fulfill an
or equal to tmax
in-vehicle time constraint for each agent; the in-vehicle
time is bound by a maximum detour parameter relative
to their fastest route travel time Ddet
max . Third, routing
tasks have to fulfill the constraint of vehicle capacity at
all times, that is, the number of on-board passengers cannot exceed cv . Finally, the goal is to assign routing tasks
c to each vehicle v 2 Nv that minimize the global objective function
X
r(cv ),
ð1Þ
N=
v

with the objective function value of a single vehicle
routing task r(cv ). Charging and re-positioning strategies
are not considered in this study.
In this study, an objective function is implemented,
which rewards serving as many requests as possible while
minimizing the overall service time of fleet vehicles:
r(cv ) = tcend  tcstart  Ncr g:

ð2Þ

tcend and tcstart is the time the routing task cv is completed and started, respectively. Ncr is the number of
requests assigned to the routing task. g is a large reward
parameter to prioritize serving requests.
At each simulation time step, a new set of agents
sequentially queries offers from the ride-pooling fleet
simulation module. Not all of these agents will later
choose the ride-pooling service as their travel mode. A
naive approach to deal with this issue could be to calculate new vehicle assignments, for example, by using the
algorithm described in Engelhardt et al., for the whole
request batch (27). After that, the operator creates offers

6
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for the agents based on the the new assignment solution
and re-calculates the assignments once all agents confirmed or declined the booking of an offer. However, if
the batch size is large and only few of these agents will
later choose the ride-pooling service, a mutual optimization might block capacity of the ride-pooling fleet preventing the optimization algorithm from finding offers
for some agent requests. The employed strategy to circumvent this blocking of capacity is to deal with new
requests sequentially: for one request after another a new
assignment solution is computed while the old solution is
kept in memory. Based on the new solution, an offer is
created. In line with the mobiTopp process flow, the
agent’s mode choice function is called directly after. If
the agent chooses ride-pooling as its travel mode, the
assignment solution is updated, otherwise the assignment
solution is reset to the old one and the request is removed
from the solution space.
Re-running a computationally complex and timeconsuming global optimization algorithm for each new
request is not tractable. To deal with the computational
complexity, the following two-stage approach is introduced: in a first stage, a local optimization solution is
calculated with a fast insertion heuristic for each new
request. An offer is created based on the solution of this
heuristic. Once all agents executed their mode choice
decisions and ride-pooling customers are fixed, a global
optimization is executed to improve the decisions for
assigned routing tasks. As long as the batch size of new
ride-pooling customers is small, the insertion heuristic
builds on the solution of the global optimization from
the last optimization time step. Therefore, close to optimal results can be expected. Both stages are described in
the following, starting with the insertion heuristic.
Let Cv, 0 be the currently assigned routing task of
vehicle v. For each new request ri , the location of origin
oi and destination di are inserted as additional stops into
cv, 0 . All possible insertion combinations with oi before di
into the list of stops in cv, 0 are considered. Let civ, kv be
the kv -th new feasible routing task for vehicle v which
includes the new request, that is, a routing task fulfilling
all time constraints and the capacity constraint. The
request i is assigned to vehicle n with new assigned routing task cin, kn which minimizes the difference
DN = Ni  N0 = r(cin, kn )  r(cn, 0 )

ð3Þ

resulting in a local optimization of the global objective function from Equation 1. The mode choice parameters access, waiting, riding, and egress time, as well as
the fare, are extracted from this new assigned routing
task and the mode choice is called after providing these
parameters to mobiTopp. If the agent decides for ridepooling, the routing solution cin, kn is assigned to vehicle
n, otherwise the routing task cn, 0 is reset.

While this procedure provides fast and tractable solutions for the mode choice interaction with mobiTopp,
optimal assignments for routing tasks of vehicles cannot
be expected. Therefore, once all request interactions are
processed, a global optimization algorithm is called to
improve the current assignment solution. The algorithm
applied is based on the algorithm proposed by AlonsoMora et al. (25). The concept of the algorithm is
described in the subsequent paragraphs. A detailed
description of the applied algorithm is out of the scope
of this paper and the reader is referred to Engelhardt
et al. for additional information (27).
The idea of the algorithm is to divide the ride-pooling
assignment problem into easier-to-tackle sub-problems.
In a first step, all feasible routing tasks any vehicle is able
to take to serve an arbitrary set of requests, which is
denoted by request bundle, is determined. This step is
followed by an optimization step where an integer linear
problem (ILP) is solved to assign the best routing tasks
to vehicles. If both steps are computed until termination,
the optimal solution for the static assignment problem
can be found. Nevertheless, a naive exhaustive search
approach for calculating all feasible routing tasks in most
cases is not tractable because the search space increases
exponentially with the system size.
Therefore, the applied algorithm directly exploits the
wait
time constraints tmax
and Ddet
max , which predominantly
define the feasibility of routing tasks. Considering all
possible combinations of customers (and vehicles), most
routing tasks that would be checked by a naive search
approach are infeasible because of customers’ time constraints. Therefore, a guided search can be applied to
reduce the number of feasibility checks when computing
all feasible routing tasks. This guided search is defined
by the following three rules:
First, any routing task for vehicle v serving request i
can only be feasible if v can reach the origin of i within
wait
the time constraint tmax
.
Second, any routing task for an arbitrary vehicle for
serving request i and request j can only be feasible if a
feasible routing task serving both requests for an imaginary vehicle starting at the origin of i or the origin of j can
be found.
Third, the resulting feasible routing tasks are created
within a certain order. Therefore, let a vehicle-to-requestbundle (V2RB) O½v; ri , ri + 1 , :::, rm  be defined as the set
of all feasible routing tasks for vehicle v serving exactly
the bundle of requests ri , ri + 1 , :::, rm . Let the grade of a
V2RB be the number of requests that are served by this
V2RB. A V2RB O½v; ri  of grade 1 can therefore only
exist if the first rule concerning vehicle v and request ri is
fulfilled. A V2RB O½v; ri , rj  of grade 2 can only exist if
the first rule concerning vehicle v and request ri and vehicle v and request rj , and the second rule concerning

Wilkes et al

7

request ri and request rj is fulfilled. Consequently, for
V2RBs with grade n.2 to exist, all V2RBs of grade n  1
resulting from removing one of the served requests have
to exist. For example, for the V2RB O½v; r1 , r2 , r3  to
exist, the existence of O½v; r1 , r2 , O½v; r1 , r3  and O½v; r2 , r3 
are necessary.
Combining all three rules, a guided search can be
applied by creating all feasible V2RBs iteratively starting
from grade 1 until no more can be found.
After computing all feasible V2RBs, each V2RB is
rated by the minimum objective function value of
all routing tasks included in this V2RB. This V2RB is
also represented by this routing task. By defining rv, Bk
the objective function value of the V2RB
O½v; ri , ri + 1 , :::, rm  = O½v; Bk  with the corresponding
request bundle Bk = ri , ri + 1 , :::, rm and conversely K(i)
the set of all request bundles that include request ri , the
ILP can be formulated:
min
zv, k

s:t:

X

X

rv, Bk zvk

ð4Þ

v, k

zv, k ł 1

Figure 3. Area and transportation network used in this case
study.
Note: The green dots represent public transport stops.

8v 2 V

ð5Þ

v

X X
k2K(i)

zv, k = 1 8i 2 R

ð6Þ

j

zv, k 2 f0, 1g 8v, k

ð7Þ

In Equation 4 zv, k is a binary decision variable taking
the value 1 if the V2RB O½v; Bk  (represented by its routing task with minimum objective value) is assigned to
vehicle v. The constraint of Equation 5 guarantees that
no more than one V2RB is assigned to any vehicle v. The
constraint of Equation 6 enforces that each request has
to be assigned to a V2RB. Note that the existence of at
least one solution, for which the last constraint is feasible, can be guaranteed because of the initial solution created by the insertion heuristic in the first fleet control
stage.
In general, this algorithm finds the global optimum of
the static ride-pooling assignment problem. Nevertheless,
to overcome peaks in computational time, a time limit of
5 s is employed for building feasible V2RBs for each vehicle. Additionally, a time limit of 30 s is applied for solving the ILP. These time limits are triggered only on rare
occasions during the simulations and evaluations, showing that the solution deteriorates only marginally.

Simulation Results
Case Study Description
The simulation framework is applied to a mobiTopp
example project, the Eggenstein-Leopoldshafen case. It
contains the small city of Eggenstein-Leopoldshafen

(Germany). The model spreads over a total area of 12.4
km2, and includes areas with residential and industrial
land use. Concerning transport infrastructure, it includes
different road categories up to federal highway, as well
as urban rail lines. Figure 3 shows the transport network.
The case study area contains 20,639 inhabitants represented as person-agents. The modeled travel demand generated by the inhabitants contains 70,518 trips during the
course of a day. Compared with other studies, a rather
small number of trips is performed, which enables testing
new modeling algorithms or modules and performing
many simulation runs to test the sensitivity of different
parameters. While the population is based on actual
demography by the inhabitants of the area, and the activities performed by the agents is based on long-term study
data from the German Mobility Panel, further parts of
this model are not calibrated.
By default, the model includes the modes public transport, walking, bicycle, car as driver, and car as passenger. For the present work, the set of available modes was
extended by adding the mode ride-pooling. All inhabitants can use the modes walking, bicycling, public transport, and car as passenger. Car usage is restricted to
agents having a licence and living in a household with a
car—around 73% of the agents have access to a car.
Mode choice is performed using a multinomial logit
model. To keep the model simple, the valuation parameters (betas) are the same for each mode and only
travel time and costs are set to influence mode choice in
this model (btt =  0:0102min1 , and bcostsperkm =
2:82ct1 ). The alternative specific constants are set to
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Figure 4. Simulation results for varying fleet sizes.

zero (bASC = 0:0). An exception is the mode ‘‘car as passenger,’’ which has a high negative alternative specific
constant (bASC, pass =  3:0). This is undertaken to represent the effective limited availability to join a ride with
another person. Ride-pooling uses the same link travel
times as the modes car as driver and car as passenger.
Several simulation runs were performed with varying
individual parameters of the fleet simulation framework.
All other parameters (e.g., all travel demand-modelrelated parameters) were held constant. The varied parameters are fleet size, accepted waiting time, and accepted
detour factor, as well as price-related parameters. The
price for the ride-pooling system consists of a base fare
component f b , which is charged for every trip, and a
distance-based component f d . The choice of scenarios
aim to test the sensitivities of these parameters on the
travel demand for the ride-pooling service, as well as for
the other travel modes. As the baseline scenario, a scenario with a rather low price (which could be offered by
an autonomous ride-pooling service) and medium-sized
fleet is used, see Table 1 (50). The scenarios with higher
prices relate to current taxi systems with driver, as, for
example, in Munich the price of a taxi ride is 3.70 Euro
plus 2.00 Euro per km (51).

Simulation Results
In a first step, the ride-pooling fleet size is varied from 0
to 150 vehicles (see Figure 4). Figure 4a illustrates the
modal share of ride-pooling services, Figure 4b the fraction of agents that received a ride-pooling offer, and
Figure 4c the driven distance of ride-pooling service. All
figures show similar trends: an approximately linear
increase for small fleet sizes with a saturating behavior
for large fleet sizes. This observation can be interpreted
by the operation of the ride-pooling services in two different realms: for small fleet sizes demand exceeds supply. The fleet reaches its capacity limit and cannot serve

Table 1. Base Scenario and Variation of Parameters

Parameter
Fleet size (# vehicles)
Vehicle capacity (# passengers)
Maximum waiting time twait
max (min)
Detour time factor Dmax
det (%)
Base fare f b (ct)
Distance fare f d (ct/km)

Base
scenario
value

Sensitivity
test

50
4
5
40
100
25

0, 25, 75, 100, 150
na
10
0, 20, 60
25, 200, 400
15, 50, 250

Note: na = not applicable; ct = abbreviation for Eurocent (1/100 Euro).

additional customers. Increasing the fleet sizes makes the
service accessible for customers that did not receive an
offer from the ride-pooling service. This results in a
higher mode share but also additional fleet mileage.
Nevertheless, after reaching a fleet size of approximately
75 vehicles, ride-pooling demand is saturated at a mode
share of around 16%: the supply of the ride-pooling fleet
exceeds demand. With the ride-pooling service not operating at its capacity limit, the service can be offered to
nearly all agents. With more vehicles but no additional
users, the implemented control algorithm can even
slightly reduce the fleet mileage in the saturated regime.
As baseline for the following analysis, a fleet size of 50
vehicles is used (base scenario).
The demand for ride-pooling implies a decreased number of trips at all other modes. The comparison of modal
shares for the scenario without the ride-pooling service
and the scenario after introducing the mode ride-pooling
with the operation defined by the base scenario is shown
in Figure 5. Ride-pooling gains a mode share of 14.4%.
The low fares estimated for an autonomous ride-pooling
service (base fare of 100 Eurocent [ct; 1/100 Euro] and a
distance fare of 25 ct/km in the base scenario) attract
demand from all traditional modes. Relative to the
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different pricing schemes, that is, variation of base and
distance-based fare independently. The modal split at different costs is depicted in Table 2. The following analysis
is always relative to the base scenario.
Having a lower fare for ride-pooling, the demand for
this mode increases by between 1.3% and 6.9% in the
analyzed scenarios. Relatively, bike trips decrease most
with a reduced distance fare, and car trips are reduced
most with a lower base fare.
If the distance or base fare are doubled, the demand
for ride-pooling trips decreases by 6.0% and 14.4%,
respectively. The usage of other modes increases with
changes between +0.3% and +3.5% in these two scenarios. In both scenarios, public transport gains most
trips. However, this effect is most dominant with the high
distance fare scenario (+2.5%, while the other modes
have increases of up to 1.0%), while in the high base fare
scenario all modes show a similar relative increase of
trips (between +1.6% and 3.5%).
More insight can be gained from the scenarios with
the highest fares. As their change concerning ridepooling trips is of similar magnitude (242.2% and

Figure 5. Comparison of modal share with and without an
offered ride-pooling service.

scenario without ride-pooling, with the exception of the
special mode ‘‘car as passenger,’’ the decrease in modal
share of the other modes is between 10.6% and 16.6%;
the highest absolute decrease can be seen with ‘‘pedestrian’’ trips. (The mode ‘‘car as passenger’’ as being very
simply modeled is left out from the further analysis.)
The high amount of prior pedestrian trips raises the
question how the other different modes are affected by

Table 2. Trip-Based Modal Split in Base Scenario and Cost-Related Variations

Base scenario
Distance fare = 15 ct/km
Distance fare = 50 ct/km
Distance fare = 250 ct/km
Base fare = 25 ct
Base fare = 200 ct
Base fare = 400 ct

Bike (%)

Car (%)

Passenger (%)

Pedestrian (%)

Public transport (%)

Ride-pooling (%)

21.8
21.6
20.8
21.8
+0.3
23.0
+5.3
21.5
21.2
22.2
+1.8
22.9
+5.4

17.9
17.9
20.4
18.1
+1.0
19.1
+6.4
17.6
21.9
18.2
+1.6
18.9
+5.4

1.8
1.8
+2.0
1.8
22.8
2.2
+19.2
1.8
+1.8
1.8
+2.3
1.8
+/20

25.4
25.5
+0.4
25.6
+0.8
27.2
+7.3
25.2
20.8
26.1
+2.7
27.6
+8.7

18.7
18.7
20.3
19.2
+2.5
21.0
+12.1
18.5
21.2
19.4
+3.5
20.4
+9.1

14.4
14.6
+1.3
13.5
26.0
7.6
247.2
15.4
+6.9
12.3
214.4
8.3
242.2

Note: ct = abbreviation for Eurocent (1/100 Euro). In the base scenario, the distance fare is 2.5 ct/km and the base fare is 100 ct. The first row of each
scenario represents the mode share and the second row of each scenario represents the relative change to the base scenario.

Table 3. Mean Trip Distance in the Base Scenario and Change of Mean Trip Distances between Base Scenario and Cost-Related
Variations

Base scenario
Distance fare = 15 ct/km
Distance fare = 50 ct/km
Distance fare = 250 ct/km
Base fare = 25 ct
Base fare = 200 ct
Base fare = 400 ct

Bike

Car

Passenger

Pedestrian

Public transport

Ride-pooling

1.88 km
20.5%
+0.7%
+1.7%
+0.1%
20.1%
20.5%

1.85 km
20.4%
+0.1%
+2.3%
20.1%
20.4%
21.0%

2.50 km
+3.2%
+3.1%
+21.6%
+5.5%
+0.2%
22.2%

1.58 km
20.6%
+1.6%
+5.5%
20.2%
+0.1%
+0.1%

2.32 km
20.5%
+1%
+2.8%
20.1%
+0.2%
+0.3%

1.97 km
+2.3%
25.9%
243.1%
20.7%
+0.7%
+5.9%

Note: ct = abbreviation for Eurocent (1/100 Euro). In the base scenario, the distance fare is 25 ct/km and the base fare is 100 ct.
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247.2%), the changes on other modes can be directly
compared between these two scenarios. It can be seen
that with a higher distance price, public transport trips,
especially, increase (more than car trips, compared with
their original value). Contrarily, the number of pedestrian trips is higher at the high base fare variation.
The different effects of the fare models on the modal
split changes indicate that mean mileage per trip should
be analyzed further. As can be seen in Table 3, the mean
mileage is decreased by 43.1% for ride-pooling trips at
the variation with highest distance fare, compared with
the base scenario. This also has an impact on the other
modes: since ride-pooling serves more of the shortdistance trips, the other modes’ mean distance per trip
increases, especially for pedestrian trips where mean distance per trip increases by up to 5.5%.
The opposite effect can be seen in variations with
highest base fare: ride-pooling becomes less attractive for
short trips. While the mean distance for ride-pooling
trips increases by 5.9%, the mean trip length by other
modes decreases up to 1.0%. Interestingly, the mean distance of public transport trips increases. This could be
explained by the consistency of private vehicle trips in
the demand model: people who previously used a car for
making a relatively long round trip might now switch to
ride-pooling to their intermediary destination and return
home by public transport.
Finally, the impact of different fleet control parameters
is studied. Figure 6 shows stacked plots of vehicle occupancy states at different times of the simulation period.
The maximum value on the y-axis indicates the fleet size.
White spaces therefore correspond to idle vehicles.
Figure 6a displays the base scenario. Until 5 a.m. only
a few agents are active in the system resulting in nearly
all vehicles being idle. With rising demand, vehicles start
moving. During the course of the day, roughly 10 of the
50 vehicles perform empty pick-up trips. The largest
amount of vehicles is occupied with one customer. Only
a few vehicles reach occupancy states of three passengers
or higher. Overall, a distance-weighted average occupancy of 1.08 is observed in this scenario.
In Figure 6b a simulation with an increased maximum
wait
= 10 min (in comparison with the
waiting time of tmax
base value of 5 min) is shown. On the one hand, by
increasing the maximum waiting time, the fleet simulation module gets additional degrees of freedom for optimization. On the other hand, additional waiting time has
a negative effect on the number of agents choosing the
ride-pooling service. Nevertheless, the first effect seems
to be prominent in this setting, because the ride-pooling
modal share can be increased to 15.7%. Compared with
the base scenario, occupancy states of three and more
are more likely resulting in an increased average occupancy of 1.17.
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Figure 6, c and d, show variations in the allowed
detour parameter from Ddet
max = 40 % in the base scenario.
Ddet
max = 0 % almost represents a ride-hailing service. Only
agents with the same origin-destination relations can be
pooled together. Therefore, nearly no vehicle exceeds the
occupancy of one, while the fraction of empty pick-up
trips increases resulting in an average occupancy of 0.75.
Without pooling, the fleet capacity decreases, that is, the
fleet can serve less customers in the same period of time.
The modal share therefore decreases by 2.0 percentage
points compared with the base scenario. For Ddet
max = 60
% the opposite effect can be observed. By increasing the
allowed detour, additional pooling options become available, resulting in higher occupancy states and a higher
modal share.
Finally, Figure 6, e and f, depict scenarios with different fleet sizes. Analogously to the discussion of Figure 4,
the two realms are shown, where demand exceeds supply
(for 25 vehicles), and supply exceeds demand (for 100
vehicles). In the first case, only a few idle vehicles can be
observed during times of demand. In the second case,
even during times of high demand, many vehicles are
idle.
As stated in the case study description, the result values do not reflect the real situation of EggensteinLeopoldshafen as the model is not calibrated. Therefore,
the results are only indicative and show trends (e.g., for
different pricing strategies). The case study rather shows
evaluations of impacts of a ride-pooling system (with
various fleet settings) on travel demand, which can be
analyzed with the developed software frameworks.

Performance
The framework is not yet optimized for computing speed.
At the current state, the computation times for more than
70,000 requests and fleet re-optimization after every
simulation minute (24 h simulation) in the 50 vehicles scenarios range between 1:26 h and 2:46 h on a modern
3.3 GHz CPU (single threaded). Influencing factors are
mostly the number of bookings and the degrees of freedom at the fleet simulation, such as allowed detours and
allowed waiting time.

Conclusion
Summary
This paper presented the coupling of mobiTopp with an
advanced fleet simulation module. The coupling works
on an agent-based level, which is naturally suitable to
model ride-pooling because of the involved online matching of vehicles and passengers.
The resulting simulation framework allows analyzing
transportation networks in the presence of a ride-pooling
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Figure 6. Time-dependent vehicle occupancy for the ride-pooling fleet by varying one parameter in comparison with the base scenario.
det
det
(a) base scenario: modal share 14.3%; (b) a twait
max = 10 min: modal share: 15.7%; (c) Dmax = 0 %: modal share: 12.4%; (d) Dmax = 60 %:
modal share: 14.7%; (e) fleet size 25: modal share: 8.7%; (f) fleet size 100: modal share: 16.8%.
Note: ; indicates the overall average occupancy in the corresponding scenario. The varied parameter and the resulting ride-pooling modal share is shown in
the sub-captions.

system. Transportation planners and fleet operators can
use the framework as a tool to (1) determine the elasticity
of demand on the fleet setting (fleet size, prices, service
quality) or how certain parameters constrain the supply
and thereby the realized demand, and (2) predict and
analyze mode shifts from the traditional modes to the
new mobility option. The introduced simulation framework represents a progress of travel demand models with
new mobility modes, as the used mode-choice model

together with the selected simulation flow generates a
self-regulating demand-supply equilibrium of the ridepooling system and therefore does not require extensive
simulation run iterations.
The coupled framework is applied to an example case
study. Even though the example region is a noncalibrated model, valuable insights could be derived.
Analyzing demand for varying fleet sizes clearly shows
when (elastic) demand and when supply are limiting the

12
realized demand and the utilization of ride-pooling vehicles. The fare system of the ride-pooling system obviously affects the demand elasticity; however, the model
allows to quantify how much increasing base and
distance-based fare affect the average ride-pooling trip
length and the modal split. As a result, regulators can
ask ride-pooling companies for a certain base fare to
reduce the mode transition from active transportation
modes.
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Future Work: Case Study of MOIA in Hamburg
The scale of Hamburg and the ride-pooling service
MOIA are much larger than the example of this paper
and will show scaling effects of ride-pooling for more
demand and larger fleet sizes. It is likely that fleet control
heuristics and parallelization will be required to achieve
tractable computation times. Furthermore, the model
will consider that MOIA employs a fully electric vehicle
fleet. Demand side parameters of the Hamburg case will
be estimated from a large survey with more than 10,000
participants and Mobility in Germany survey data.
More performance indicators from city, operator, and
user view will be evaluated and their sensitivities analyzed. After implementing the status quo in Hamburg,
other use cases will be simulated to study the transferability, for example, by introducing governmental regulations or simulating other cities.
Methodological effort will be necessary to implement
intermodal ride-pooling trips. Moreover, the differences
in relation to wait and detour time between ride-pooling
offers and realized trips will be analyzed to account for
differences between available information for modechoice and actual customers’ experience. Models to
adjust offers and realized trips and the development of
long-term private vehicle ownership models will be interesting challenges. Furthermore, the authors will improve
the implementation of the algorithms and employ parallelization to decrease computation time.
Author Contributions
The authors confirm contribution to the paper as follows: study
conception and design: G. Wilkes, R. Engelhardt, L. Briem, F.
Dandl, P. Vortisch, K. Bogenberger, M. Kagerbauer; data collection: G. Wilkes, R. Engelhardt, L. Briem, F. Dandl; analysis
and interpretation of results: G. Wilkes, R. Engelhardt, F.
Dandl; draft manuscript preparation: G. Wilkes, R.
Engelhardt, L. Briem, F. Dandl. All authors reviewed the
results and approved the final version of the manuscript.

Declaration of Conflicting Interests
The author(s) declared no potential conflicts of interest with
respect to the research, authorship, and/or publication of this
article.

References
1. Clewlow, R. R., and G. S. Mishra. Disruptive Transportation: The Adoption, Utilization, and Impacts of Ride-Hailing
in the United States. Research Report UCD-ITS-RR-1707. Institute of Transportation Studies, University of California, Davis, 2017. https://escholarship.org/uc/item/82w2z91j.
2. Henao, A., and W. E. Marshall. The Impact of Ride-Hailing on Vehicle Miles Traveled. Transportation, Vol. 46,
No. 6, 2019, pp. 2173–2194. https://doi.org/10.1007/s11
116-018-9923-2.
3. Narayanan, S., E. Chaniotakis, and C. Antoniou. Shared
Autonomous Vehicle Services: A Comprehensive Review.
Transportation Research Part C: Emerging Technologies,
Vol. 111, 2020, pp. 255–293. https://doi.org/10.1016/
j.trc.2019.12.008.
4. Heggie, I. G. Putting Behaviour into Behavioural Models
of Travel Choice. Journal of the Operational Research Society, Vol. 29, No. 6, 1978, pp. 541–550.
5. McNally, M. G. The Four-step Model. In Chapter. 3:
Handbook of Transport Modelling (D. Hensher and K.
Button, eds.), Pergamon, Bergama, Turkey, 2000.
6. Domencich, T., and D. MacFadden. Urban Travel
Demand: A Behavioral Analysis: A Charles River Associates
Research Study (Contributions to Economic Analysis).
North-Holland, Oxford, 1975.
7. Bonabeau, E. Agent-Based Modeling: Methods and Techniques for Simulating Human Systems. Proceedings of the
National Academy of Sciences (PNAS), Vol. 99, Supplement 3, 2002, pp. 7280–7287.
8. Kutter, E. A Model for Individual Travel Behaviour.
Urban Studies, Vol. 10, No. 2, 1973, pp. 235–258.
9. Raney, B., and K. Nagel. Truly Agent-Based Strategy
Selection for Transportation Simulations. Presented at
82nd Annual Meeting of the Transportation Research
Board, Washington, D.C., 2003.
10. Lu, Y., M. Adnan, K. Basak, F. C. Pereira, C. Carrion, V.
H. Saber, H. Loganathan, and H. Loganathan. SimMobility Mid-Term Simulator: A State of the Art Integrated
Agent Based Demand and Supply Model. Presented at
94th Annual Meeting of the Transportation Research
Board, Washington, D.C., 2015.
11. Adnan, M., F. C. Pereira, C. L. Azevedo, K. Basak, K.
Koh, H. Loganathan, Z. H. Peng, and M. Ben-Akiva.
Evaluating Disruption Management Strategies in Rail
Transit Using SimMobility Mid-term Simulator: A Study
of Singapore MRT North-East line. Presented at 96th

Wilkes et al

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Annual Meeting Compendium of Papers, Transportation
Research Board of the National Academies, Washington,
D.C., 2017.
Auld, J., M. Hope, H. Ley, V. Sokolov, B. Xu, and K.
Zhang. POLARIS: Agent-Based Modeling Framework
Development and Implementation for Integrated Travel
Demand and Network and Operations Simulations. Presented at 94th Annual Meeting of the Transportation
Research Board, Washington, D.C., 2015.
Auld, J., M. Hope, H. Ley, V. Sokolov, B. Xu, and K.
Zhang. POLARIS: Agent-Based Modeling Framework
Development and Implementation for Integrated Travel
Demand and Network and Operations Simulations. Transportation Research Part C: Emerging Technologies, Vol. 64,
2016, pp. 101–116.
Sokolov, V., J. Auld, and M. Hope. A Flexible Framework
for Developing Integrated Models of Transportation Systems Using an Agent-Based Approach. Procedia Computer
Science, Vol. 10, 2012, pp. 854–859.
Mallig, N., M. Kagerbauer, and P. Vortisch. MobiTopp–A
Modular Agent-based Travel Demand Modelling
Framework. Procedia Computer Science, Vol. 19, 2013,
pp. 854–859.
Mallig, N., and P. Vortisch. Modeling Travel Demand over
a Period of One Week: The mobiTopp Model. arXiv Preprint arXiv:1707.05050, 2017.
Hyland, M., and H. S. Mahmassani. Taxonomy of Shared
Autonomous Vehicle Fleet Management Problems to
Inform Future Transportation Mobility. Transportation
Research Record: Journal of the Transportation Research
Board, 2017. 2653: 26–34.
Psaraftis, H. N., M. Wen, and C. A. Kontovas. Dynamic
Vehicle Routing Problems: Three Decades and Counting.
Networks, Vol. 67, No. 1, 2016, pp. 3–31. https://doi.org/
10.1002/net.21628.
Horn, M. E. Fleet Scheduling and Dispatching for
Demand-Responsive Passenger Services. Transportation
Research Part C: Emerging Technologies, Vol. 10, No. 1,
2002, pp. 35–63. https://doi.org/10.1016/S0968-090X(01)
00003-1.
Cortés, C. E., L. Pagès, and R. Jayakrishnan. Microsimulation of Flexible Transit System Designs in Realistic Urban
Networks. Transportation Research Record: Journal of the
Transportation Research Board, 2005. 1923: 153–163.
Jung, J., and R. Jayakrishnan. A Simulation Framework
for Modeling Large-Scale Flexible Transit Systems. Transportation Research Record: Journal of the Transportation
Research Board, 2014. 2466: 31–41.
Hörl, S., C. Ruch, F. Becker, E. Frazzoli, and K. W.
Axhausen. Fleet Control Algorithms for Automated Mobility: A Simulation Assessment for Zurich. Presented at
97th Annual Meeting of the Transportation Research
Board, Washington, D.C., 2018.
Hyland, M., and H. S. Mahmassani. Dynamic Autonomous Vehicle Fleet Operations: Optimization-Based Strategies to Assign AVs to Immediate Traveler Demand
Requests. Transportation Research Part C: Emerging Technologies, Vol. 92, 2018, pp. 278–297. https://doi.org/
10.1016/j.trc.2018.05.003.

13
24. Santi, P., G. Resta, M. Szell, S. Sobolevsky, S. H. Strogatz,
, and C. Ratti. Quantifying the Benefits of Vehicle Pooling
with Shareability Networks. Proceedings of the National
Academy of Sciences of the United States of America, Vol.
111, No. 37, 2014, pp. 13290–13294. https://doi.org/
10.1073/pnas.1403657111.
25. Alonso-Mora, J., S. Samaranayake, A. Wallar, E. Frazzoli,
and D. Rus. On-Demand High-Capacity Ride-Sharing via
Dynamic Trip-Vehicle Assignment. Proceedings of the
National Academy of Sciences, Vol. 114, No. 3, 2017,
pp. 462–467. https://doi.org/10.1073/pnas.1611675114.
26. Liu, Y., and S. Samaranayake. Proactive Rebalancing and
Speed-Up Techniques for On-Demand High Capacity
Vehicle Pooling. arXiv Preprint arXiv:1902.03374, 2019.
27. Engelhardt, R., F. Dandl, and K. Bogenberger. Speed-up
Heuristic for an On-Demand Ride-Pooling Algorithm.
arXiv Preprint arXiv:2007.14877, 2020.
28. Engelhardt, R., F. Dandl, A. Bilali, and K. Bogenberger.
Quantifying the Benefits of Autonomous On-Demand
Ride-Pooling: A Simulation Study for Munich, Germany.
Proc., 2019 22nd IEEE Intelligent Transportation Systems
Conference (ITSC), Auckland, New Zealand, IEEE, New
York, 2019, pp. 2992–2997. https://doi.org/10.1109/
ITSC.2019.8916955.
29. Ruch, C., C. Lu, L. Sieber, and E. Frazzoli. Quantifying
the Efficiency of Ride Sharing. IEEE Transactions on Intelligent Transportation Systems, 2020, pp. 1–6. https://
doi.org/10.1109/TITS.2020.2990202.
30. Bilali, A., R. Engelhardt, F. Dandl, U. Fastenrath, and K.
Bogenberger. Analytical and Agent-Based Model to Evaluate Ride-Pooling Impact Factors. Transportation Research
Record: Journal of the Transportation Research Board,
2020. 2676: 1–12.
31. Hyland, M., and H. S. Mahmassani. Operational Benefits
and Challenges of Shared-Ride Automated Mobility-onDemand Services. Transportation Research Part A: Policy
and Practice, Vol. 134, 2020, pp. 251–270. https://doi.org/
10.1016/j.tra.2020.02.017.
32. Djavadian, S., and J. Y. J. Chow. Agent-Based Day-toDay Adjustment Process to Evaluate Dynamic Flexible
Transport Service Policies. Transportmetrica B: Transport
Dynamics, Vol. 5, No. 3, 2017, pp. 281–306. https:
//doi.org/10.1080/21680566.2016.1190674.
33. Djavadian, S., and J. Y. Chow. An Agent-Based Day-toDay Adjustment Process for Modeling ‘Mobility as a Service’ with a Two-Sided Flexible Transport Market. Transportation Research Part B: Methodological, Vol. 104, No. 2,
2017, pp. 36–57. https://doi.org/10.1016/j.trb.2017.06.015.
34. Liu, J., K. M. Kockelman, P. M. Boesch, and F. Ciari.
Tracking a System of Shared Autonomous Vehicles across
the Austin, Texas Network Using Agent-Based Simulation.
Transportation, Vol. 44, No. 6, 2017, pp. 1261–1278. https://
doi.org/10.1007/s11116-017-9811-1.
35. Hörl, S., M. Balac, and K. W. Axhausen. Dynamic
Demand Estimation for an AMoD System in Paris. Proc.,
IEEE Intelligent Vehicle Symposium, Paris, France, 2019,
pp. 260–266. https://doi.org/10.1109/IVS.2019.8814051.
36. Nahmias-Biran, B.-H., J. B. Oke, N. Kumar, C. L. Azevedo, and M. Ben-Akiva. Evaluating the Impacts of Shared

14

37.

38.
39.

40.

41.

42.

43.

Transportation Research Record 00(0)
Automated Mobility On-Demand Services: An ActivityBased Accessibility Approach. Transportation, 2020, pp. 1–
26. https://doi.org/10.1007/s11116-020-10106-y.
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