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Abstract

Dynamic ridesharing (DRS) is envisioned as a sustainable mobility solution, with shared automated vehicles

(SAVs) expected to facilitate DRS operations in the near future. Existing DRS-SAV-related literature typically focuses
either on optimising fleet operations or simulating SAVs employing heuristic DRS methods, which may lead

to an incorrect estimation of their true impacts. In this study, we design a time-based framework that enables
communication between the DRS service provider and a mesoscopic traffic simulator. We incorporate individual
socio-demographic features to generate future demand for SAVs and conduct two sets of simulation experiments
within a detailed, large-scale urban network. First, we compare advanced DRS operation strategies during the
morning peak. Then, we test the most effective strategy over an extended simulation period to replicate full
business day operations. The results indicate that optimisation-based matching combined with fairness-aware
pricing outperforms heuristic strategies in improving ridesharing performance and alleviating network congestion.
Furthermore, the extended simulations reveal that profit-oriented objectives, which are common among transport
network companies, result in significantly more empty VKT. To encourage the adoption of ridesharing, transport
authorities should consider penalising (e.g., taxing) solo trips or subsidising shared trips.

Keywords Dynamic ridesharing, Shared autonomous vehicle, Fleet operation, Pricing, Congestion

1 Introduction

Excessive private vehicles, together with the increasing
need for mobility, have been constantly challenging the
existing transport systems, particularly in densely popu-
lated cities. Transport network companies, such as Uber,
Lyft, and Didi, which provide internet-based on-demand
mobility services, are envisioned to facilitate a shift from
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to a certain degree, with trip information being disclosed
over time [1], is expected to increase vehicle occupancy.
By potentially (slightly) sacrificing time and comfort, DRS
passengers benefit from sharing the travel fare with their
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co-riders, thus the combined convenience and cost-effec-
tiveness of on-demand services, including ride-hailing
and DRS, are expected to attract travellers [2]. Nonethe-
less, the operational challenges posed by DRS hinder its
widespread adoption [3]. Automated vehicle (AV) tech-
nology is seen as complementary to DRS service, as AVs
are expected to accommodate more conveniently to fre-
quent route and assignment changes. Moreover, shared
AVs (SAVs) are envisioned to benefit travellers [4], as
well as the transport systems and the environment [5] by
reducing the negative externalities of owning and driving
a personal car.

Most studies about SAVs and DRS either emphasise
fleet operation or traffic simulation. The operation-
focused studies include the design of novel matching [6,
7] and pricing [8] strategies, which are then tested using
simulation tools that consider simplistic traffic condi-
tions, such as static or historical travel time. On the
other hand, large-scale simulation-based studies [5, 9]
commonly employ simple heuristic operation methods
to evaluate the impact of SAVs on traffic. However, such
methods may underestimate the effect of DRS, as dem-
onstrated by [10], where comparing DRS-SAV to per-
sonal non-autonomous vehicles without sharing showed
no significant difference. This study evaluates the system-
level performance of optimisation-based matching and
fairness-aware pricing strategies for demand-responsive
SAV services, and compares them against commonly
used heuristic approaches under realistic congestion and
traveller response dynamics.

This paper builds on the work recently published by
[8], where an algorithm designed for fair pricing and
optimisation-based vehicle-traveller matching is pre-
sented, which, to the best of our knowledge, is the first
work in literature coupling fair pricing and fleet match-
ing optimisation. However, their work relied on stringent
assumptions, the most significant of which was the use
of static travel times within the network. In this work, we
overcome this limitation by testing the proposed algo-
rithm in a mesoscopic traffic assignment tool, capable of
producing dynamic travel times and replicating conges-
tion propagation. By doing so, we prove that the devel-
oped algorithms outperform state-of-the-art ones even in
settings where queue propagation is accounted for, fur-
ther proving the effectiveness of the proposed solutions.
As it is widely acknowledged that on-demand SAVs will
have an impact on the overall traffic efficiency [11, 12],
to benchmark the proposed solution through dynamic
traffic assignment allows to validate its performance in a
realistic setting. The results provide an important glimpse
into what are the implications of an on-demand SAYV ser-
vice for a medium sized European city, when state-of-
the-art methodologies are combined to properly frame
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the multiple dimensions of the problem (i.e. matching,
pricing and dynamic traffic simulation). It does so by
evaluating fleet and service performance in a realistic set-
ting but also by assessing the impacts on the overall net-
work congestion.

2 Literature review

2.1 DRS operations: matching and pricing

The DRS problem is a variant of the classic vehicle-rout-
ing problem and dynamic pickup and delivery problem
[13, 14]. In [15] an optimisation-based method is intro-
duced to assess the potential of DRS using real travel data
in Atlanta, finding that using optimisation-based meth-
ods instead of simple heuristic rules could substantially
improve the performance of DRS. Early studies [15-17]
relied on heuristic methods or integer linear program
(ILP) formulation [18]. Due to computational limita-
tions, these ILP models do not apply to large-scale sce-
narios. In [6] this research gap was filled by proposing
an efficient algorithm, which has been validated using the
New York City taxi dataset. Subsequently, a computa-
tionally efficient method was proposed in [19] by formu-
lating the DRS matching into a classic linear assignment
problem, which is even up to four times faster than the
one in [6] while achieving similar service quality. In [20]
an extended linear assignment problem was formulated
to account for endogenous congestion caused by the
ridesharing fleet.

Nonetheless, all these DRS studies do not deal with
ridesharing pricing and make strong assumptions that
travellers would accept any ride the platform provides.
The authors of [21] proposed a fair fare split method such
that every co-rider is fully satisfied with her/his trip fare
and assignment. In [22], the authors investigated how
to fairly split the ridesharing trip cost among co-riders
such that the optimal solution is also an equilibrium. Fur-
thermore, a dynamic discount strategy was designed in
[23] to incentivise travellers to choose ridesharing trips.
In [24] a novel taxi ridesharing strategy was developed
accounting for both online and offline travellers. Besides,
they introduced a ridesharing payment model to facilitate
the calculation of ridesharing fares. The authors of [25]
introduced an operational framework of dial-a-ride prob-
lem considering both pricing and customer choice. Addi-
tionally, in [8] a scalable fairness-aware pricing method
was proposed to charge ridesharing passengers based on
their detour and shared trip distance, where fairness is
defined from the traveller’s perspective. However, opti-
misation-focused studies usually lack realistic traffic flow
models or even assume constant speed. Nevertheless,
ignoring the endogenous congestion effects and travel-
lers’ mode choices may yield over-optimistic results [5].
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2.2 SAV +DRS simulation

Simulation-focused studies attempt to use state-of-
the-art traffic simulators to evaluate the DRS impact on
operation performance metrics and network congestion.
The authors of [10] argued that previous studies might
exaggerate the impact of SAV due to the unrealistic con-
gestion models and travel demands they used and, to
address this issue, proposed an event-based framework
for simulating SAVs using a traffic simulator based on the
cell transmission model. A stream of works utilised the
agent-based simulator MATsim, which employs a queue-
based approach to model traffic dynamics [26]; The
work in [27] showed that DRS is critical to reduce the
vehicle-miles travelled, thereby traffic congestion, dem-
onstrating the benefits brought by DRS-enabled SAVs; in
[28], the performance of traditional taxis was compared
with DRS-enabled SAVs, indicating that DRS can sig-
nificantly increase vehicle occupancy and reduce carbon
emissions; in [5], the benefits and costs of DRS-enabled
SAVs in Austin, Texas, were quantified demonstrating
that, in the presence of both private AVs and SAVs, DRS
is beneficial to the transport system when road pricing is
enforced during peak hours. The authors of [29] simu-
lated SAVs in a multimodal dynamic demand system to
evaluate the performance of the SAV fleet, conclud-
ing that ridesharing and vehicle rebalancing can greatly
improve the system performance. More focus on the
behavioural component has been dedicated in [30-32],
which exploited the behavioural activity-based model
SimMobility MT to model the utilities of new automated
services and how these compare to current modal alter-
natives. Another example is the work in [33], where dif-
ferent scenarios for automated mobility on-demand have
been assessed by exploiting Aimsun (for the supply) and
SimMobility MT (for the demand). SimMobility MT
is also used in this work to identify the initial, potential
demand of the SAV service. More details about the Sim-
Mobility MT can be found in [31].

As mentioned above, there is a gap between operation-
focused and simulation-focused studies, while only a few
studies have tried to fill this gap. This is primarily due
to the high computational burden of repeatedly solving
optimisation problems under dynamic traffic conditions,
the complexity of interfacing optimisation algorithms
with traffic simulators, and the difficulty of ensuring real-
time consistency between vehicle routing, congestion
propagation, and traveller responses. As a result, most
existing studies either rely on optimisation models with
simplified or static travel times, or on traffic simulations
employing heuristic operational rules. A notable excep-
tion is the work of [34], which integrates a Mobility-on-
Demand simulation framework with Aimsun to explore
how dynamic and stochastic travel times affect fleet
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metrics. Results show that unreliable pickup time and
inaccurate travel time estimation, stemming from static
or deterministic travel time assumptions, deteriorate the
performance of MoD services. However, they focus on
dynamic travel time without modelling pricing and trav-
eller’s behaviour. In both [5] and [4] DRS-enabled SAV
were simulated and account for traveller’s mode choice.
However, only simple rule-based ridesharing operation
methods were adopted.

2.3 Contribution

In this paper, we employ the recently developed match-
ing and pricing method proposed in [8] and overcome
its most restricting hypotheses. Building on its compu-
tationally efficient optimisation structure, the proposed
simulation framework demonstrates how optimisation-
based matching and pricing can be effectively integrated
with a mesoscopic traffic simulator for large-scale SAV
operations. The main differences are summarised as
follows:

1. This study employs state-of-the-art traffic modelling
software to simulate both ridesharing and private
vehicles within a detailed large-scale urban network.

2. The ridesharing operator can dynamically compute
the shortest paths and assignment plans for vehicles
based on real-time traffic conditions.

3. Travellers make mode choice decisions based on
real-time travel times and trip fares.

The remainder of the paper is structured as follows: Sect.
3 describes the simulation framework and ridesharing
algorithms; in Sect. 4, two simulation experiments are
conducted for the city of Tallinn, Estonia, to evaluate dif-
ferent operation strategies and the contribution of differ-
ent components; Sect. 5 offers an analysis and discussion
of the obtained results; finally, Sect. 6 concludes the
paper and suggests directions for future research.

3 Methodology

To test the developed solutions within a dynamic traf-
fic simulation environment, while still accounting for an
elastic demand, we propose a time-based framework for
implementing optimisation-based DRS-SAV in existing
traffic simulators. Compared to the event-based frame-
work, where each request triggers a vehicle assignment
action, the time-based framework allows the system to
group all the requests during a short interval and then
optimise the vehicle assignment plan collectively. We
then use the framework to test the matching and pricing
algorithms from [8]. Travellers’ mode choices are mod-
elled based on real-time travel times and the ridesharing
service performance.
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3.1 Simulation framework

In this section, we first introduce a time-based simula-
tion framework that integrates the simulation tool Aim-
sun Ride [35] with the newly developed service operator.
Next, we briefly discuss how the operator dispatches
vehicles and charges users. Finally, we explain how users
choose their travel mode based on the ride offers.

To precisely depict the network traffic, we employ the
commercial software Aimsun to simulate multimodal
large-scale urban traffic. Particularly, Aimsun Ride is a
simulation platform for planning towards new and pri-
marily demand-responsive mobility in urban environ-
ments. It is an agent-based demand-supply interaction
framework for multimodal and multi-operator fleet-
based service systems, coupled with the Aimsun Next’s
multi-class mesoscopic traffic simulator [36]. It should
be noted that an operator in this context refers to a ser-
vice provider or fleet manager. In terms of the traffic
model, the well-known car-following model based on the
Gipps model [37, 38] is implemented in Aimsun Next.

In this paper, we develop a time-based simulation
framework that enables real-time communication
between a ridesharing platform and a traffic simulator.
Fig. 1 illustrates the time-based communication between
Aimsun Ride and the Operator modules. Three input files
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include requests, fleet, and the network. To begin with,
all requests are passed to the service operator, while Aim-
sun Ride is called by the service operator at a fixed time
interval At. A callback is sent from Aimsun Ride to the
Service Operator asking for an action plan every Az. At
each time step, all requests arriving within the interval
[t,t + At] are jointly considered by the operator, which
solves the matching and pricing problem and updates
vehicle schedules accordingly. Specifically, the Service
Operator is responsible for determining the vehicle
assignment (including idle vehicle assignment) and pric-
ing plans, by performing a series of algorithms proposed
in [6]. Then the traveller can either accept or reject the
ride offer based on the price and trip information. Note
that pricing and matching are two critical components in
DRS operation. We later tested different strategies in the
experiments. Once the offer is confirmed, the operator
communicates the final schedule for each vehicle-request
pair to Aimsun Ride. The simulator implements the oper-
ational decisions and simulates the traffic in one time
step. The changed vehicle status and traffic conditions are
available to the service operator in real-time, facilitating
the next round of assignment. These steps are performed
iteratively until the end of the simulation.

DRTPool Aimsun
Operator Ride
Initialize
Callback time = now + At
_____________________________ )
At
Candidate

vehicle searching

Route insertion
and pricing

———>
e

DRS _ Other modes
Operation Vehicle-traveller Mode
matching choice
Idle vehicle
assignment
A . A
Update vehicle schedule
i Callback i
Timeline

Timeline

Fig. 1 Time-based communication sequence diagrams between Service Operator and Aimsun Ride
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3.2 Ridesharing operation algorithm
In this study, ridesharing operation involves vehicle-trav-
eller matching, pricing, and idle vehicle dispatching.

In particular, the fleet operator batches the requests
within a fixed time interval and searches candidate vehi-
cles for each request based on the pickup time. In cases
where no available vehicle is found, for instance when
all the nearby vehicles violate the pickup time window,
we assume the traveller would either wait until being
assigned to a vehicle or leave the system if the maximum
waiting time constraint is violated. In the latter case, a
private vehicle is assumed to serve the trip. Otherwise,
the operator calculates the trip fare according to the vehi-
cle schedule associated with each potential vehicle-trav-
eller pair. For solo trips, we adopt the conventional taxi
fare structure to calculate the fare f5°'°:

0 = fo + futy + fady, 1)

where f;, f,, and f,; denote base, time, and distance fare
rates, respectively, while ¢, and d, are the solo trip time
and distance, respectively. For a ridesharing trip, the new
traveller’s origin-destination is inserted into the vehicle’s
schedule to minimise total travel time. While rideshar-
ing, the trip fare f512' is calculated via:

f:hare = (I)T : .f'rv (2)

where f, denotes the previous price before route
insertion and the multiplicative discount function
0 < ®(-) < 1 accounts for the traveller’s detour rate,
the number of co-riders and shared trip distance. Note

that f, = f5°° for every new request r. Furthermore,
the trip fares for those assigned in the earlier stages are
changed if the trip is shared with the new traveller.

Specifically, when ridesharing is considered, the
vehicle schedule is updated and a discount factor
®, = ®,(73,¢#) is computed based on two indices: the
relative detour index 79, capturing the additional travel
experienced by passenger r; and the ridesharing index
¢g, which quantifies the extent to which the passenger’s
trip distance and travel time are shared with other rid-
ers. By construction, ®,.(7¢, (%) € (0, 1], the ridesharing
fare is always lower than the corresponding solo fare,
and a shared trip is considered valid only if the updated
price is strictly lower than the pre-sharing price. Conse-
quently, no rider pays more after sharing. If this condi-
tion is violated due to numerical or scheduling effects,
the offer is classified as unfair and automatically rejected.
Appendix A reports the formulation of the ridesharing
discount function. Readers can refer to [8] for a detailed
explanation.

The operator is tasked with optimising the assign-
ment plan, determining which vehicle should serve
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which traveller’s request. In this paper, we compare two
matching strategies: greedy matching, which is the most
popular method in simulation-based studies, and optimi-
sation-based matching. In the former, a traveller is paired
with a candidate vehicle with the minimum travel time to
serve the request. In the latter, an integer linear optimisa-
tion problem for ridesharing trips is formulated to deter-
mine the optimal vehicle-traveller matching.
Based on Egs. (1)-(2), we define the trip profit as

5 (f° —cpy), P = 1, vehicle is idle
TPy = (Z fb}me _e ) —(Xep ]? —cs P > 1,otherwi (3)
vep I3 P repfr—cpy)s ,otherwise

where § is a parameter designed to scale the solo trip
profit when the vehicle is idle; cp,, denotes the trip cost,
such as energy consumption, for vehicle v to serve trav-
eller p; P denotes the set including all assigned travel-
lers except those who have reached their destination;
P represents the same set before the current traveller
joins; C P and Cp,, indicate the total trip cost for serv-
ing P and P, respectively. Note that, when the vehicle
is not idle, the trip profit mp, for vehicle v is defined as
the marginal profit incurred each time a new traveller is
added to its schedule.
The optimisation problem is formulated as

ijZ Z TPvTry — 7(|R‘ - Z Z xr,v) (4)

r vEV, r veV,
subject to
Z Tro <1, VreR (5)
veV,
Z T, <1, Ywev, (6)
Ty € {0, 1}, @)

where V, represents the candidate vehicle set for travel-
ler r; x,, is a binary variable that equals 1 if vehicle v is
assigned to serve traveller r and 0 otherwise; the param-
eter y is the weight for the penalty term accounting for
unserved travellers; and | R| denotes the number of trav-
ellers that wait to be served; therefore, the objective (4)
aims to maximise the difference between total profit and
unserved penalty. The vehicle schedule and trip fare are
determined by solving the above optimisation problem.
Next, the operator proceeds to finalise the vehicle-trav-
eller matching and delivers the trip information to the
traveller.

Upon receiving the offer, the traveller, based on the
received price and travel time, can either accept or
decline the ride. Notably, the model accounts for two



Zhou et al. European Transport Research Review (2026) 18:28

types of rejection, either because of unfair pricing or
inappropriate trip arrangements, such as long travel time.
When the offer is unfair, for example, the ridesharing
price is even higher than the price before sharing, then
the traveller is assumed to leave the system directly and
use a private vehicle instead. In this context, the unfair
price refers to the ridesharing price that disregards the
traveller’s detour and shared distance, resulting in a
higher overall cost. On the other hand, if a trip is not pre-
ferred due to longer waiting or detour times, we assume
travellers would stay in the system and wait for the next
round of assignment. It is worth mentioning that our
method allows for the modelling of both human-driven
and autonomous private vehicles.

Finally, due to supply-demand imbalances, idle vehicles
may remain in a low-demand region and are unable to
serve future requests. To address this, we implement a
reactive, demand-driven idle vehicle repositioning algo-
rithm from [6] to assign idle SAVs to unmatched travel-
lers. Specifically, idle SAVs are not proactively relocated
based on demand forecasts. Instead, repositioning is
triggered only when there exists an imbalance between
waiting requests and idle vehicles. In such cases, the
operator solves a small assignment problem that matches
idle vehicles to currently unmatched requests by mini-
mizing travel time to request origins, subject to one-
to-one assignment constraints. If a request accepts the
service, the vehicle proceeds as a pickup; otherwise, the
vehicle is repositioned toward the request’s origin area
to improve near-term availability. Note that idle vehicle
assignment is essential for maintaining a continuous and
effective on-demand service, particularly under condi-
tions of supply—demand imbalance. Nonetheless, we
emphasize that vehicle repositioning is not a primary
focus of this study; rather, it is included for complete-
ness and to enable system-level performance evaluation.
Our analysis instead centers on how the proposed pricing
and matching strategies influence eventual repositioning
demand and empty VKT.

3.3 Mode choice

Travellers submit their requests, providing travel origin
and destination, maximum waiting time and acceptable
detour time. Note that we consider travellers with het-
erogeneous waiting and detour tolerances. We utilise the
following formulations to calculate the utility of different
travel modes:

fev = fov + fBy - dpv (8)
upy = PBpv + Be - tpv + Bf - fov 9)

usav = Bsav + Bt - tsav + B - fsav, (10)
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where fp represents the private trip cost and PV is the
acronym for private vehicles; D, denotes the fixed cost
per trip, indicating the vehicle depreciation rate per trip;
fpy is variable costs per kilometre, representing fuel con-
sumption expense; dpy is the private trip distance; upy
and ug,y are the travel utilities of private and SAV trips,
respectively; Bpy and S,y are model-specific constants to
reflect the inherent trip qualities of private vehicles and
SAV, respectively; B, and B, represent the marginal disutil-
ity of travel time and trip fare; ¢py, gy, and fg,y are travel
time and trip fare for private and SAV trip respectively.
Note that f;,y can be calculated via (1) and (2) depending
on whether the trip is shared or not. Although we do not
explicitly model public transit in this study, it can be eas-
ily incorporated using a specific formulation. Travellers
either accept or decline the SAV offer based on the trip
utility, which is modelled here via a logit model [39]. For
the travellers who were assigned before the current batch
and shared with new travellers (requests), we assume
they would automatically accept the updated price only if
it is lower than the original price. The new traveller refers
to the travellers that need to be assigned in the current
batch, rather than those assigned in the previous steps.

Note that public transport is not explicitly modelled in
the real-time mode choice; however, as described later in
Sect. 4.2, its role is partially captured upstream through
the activity-based demand generation, where it consti-
tutes a substantial competing mode. We focus on short-
term competition between SAVs and private vehicles to
isolate the operational and congestion effects of differ-
ent ridesharing strategies. Public transport can be incor-
porated by adding a transit utility, based on travel time,
waiting time, and fare, to the logit model using schedule-
or simulation-based transit outputs.

4 Simulation settings

4.1 Basic settings

We use the City of Tallinn, Estonia, as our case study.
For our experiments, we employ a network that cov-
ers an area of 240 km?, including 33,000 sections and
15,600 nodes. We select Tallinn as the case study area
due to the availability of a detailed, calibrated large-scale
traffic model and an activity-based demand model. As a
medium-sized European city with recurrent congestion
and diverse travel patterns, Tallinn provides a realistic
and representative testbed for assessing the operational
and network-level impacts of shared automated vehicle
services. The model has been built in a way suitable to
reproduce the door-to-door service provided by SAVs,
as the precision with which origins and destinations
are framed equals the area of each of the 610 centroids
(500x500 meters, see Fig. 2). Each request is therefore
served within walking distance from both their origin
and their destination.
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Fig. 2 Centroids and the traffic network - shades of colours based on the
area of the city: purple - centre, blue - western, orange - northern, green
- eastern

In (3) and (4), the solo-trip scaling factor is fixed at
6=0.7, while the unserved-request penalty is set to
~v = 2€ per request. The parameter § mildly penalises
solo trips to encourage ridesharing while maintain-
ing competitiveness with private vehicles. The value of
y is chosen to prioritise serving feasible requests when-
ever marginal profit is non-negative, without forcing
low-quality assignments. Requests are grouped every
At = 30s [19], and each request considers at most 20
candidate vehicles selected from nearby garages based
on real-time travel times. With this pruning strategy, the
resulting ILPs are solved to optimality within each batch-
ing interval, with an average computational time of less
than 1second. Note that the proposed ILP has the same
totally unimodular structure as the classical linear assign-
ment problem [19], which allows it to be relaxed to a
linear program while still yielding integer optimal solu-
tions. Consequently, the optimality gap is zero and the
optimisation is solved efficiently within 1 s per batch; see
Appendix B for detailed computational results.

The  parameters in  (8), (9, and (10)
are set as 0y =06 €, v, =0.9km/€,

Bpy = Bsav =0, By = 0.48, and By = 3.2, based on [5]
and [23]. We adjusted the utility parameter for private
vehicles, shifting it from 3,, = —0.1 for human-driven
vehicles to 8, = 0 for AVs. Furthermore, from (1), we
employ fo = 2.5 €, f; = 0.2 €/min,f; = 0.6 €/km [40].

All above parameter values are selected based on the
relevant literature and adapted to reflect real-world oper-
ating conditions in Tallinn. In addition, sensitivity anal-
yses are conducted for the key parameters to assess the
robustness of the results.

Page 7 of 19

4.2 The behavioral models

The initial pool of eligible requests, i.e., users willing to
adopt SAV as a travel mode, is defined through activity-
based behavioural modelling. A model of the population
for the city of Tallinn is built in SimMobility MT [41],
which takes as input a synthetic population of 400,000
individuals, then exploits nested logit and utility func-
tions to compute each mobility choice within the simu-
lated day through 22 behavioural models. Each individual
is characterised by socio-demographic features such as
income level, household structure, and number of cars
owned, which are considered in the utility formulas
through weights, denoted as . More details about the
employed activity-based model, its structure and calibra-
tion may be found in [42]. While, in this study, we focus
on the supply side of the problem (i.e. the effects of differ-
ent routing algorithms on the service performance) and
thus make fixed assumptions on the demand, we refer
the reader to [43] for additional details on the feedback
effects of different service performances on the demand.
In the following, we summarise how the utility of the
SAV mode is framed. Before the start of the simulation,
the reduction in price due to sharing is not considered, as
the population is presented the SAV alternative through
the following utility function:

costsav

Usav =Bsav + Beost - @ - =
mcome

Btravel _time - travel _time+
6d0wntown : duw””'ydowntown"'
5population : log(eXp (}3“0& . area) +

exXp (ﬂdensity . POp“l(ltion)) + ﬁdistance : dismnce,

(11)

where /3 are the weights for each component of the util-
ity function; area, density and population are instead
aggregate measures for each OD pair, which represent
the increased utility related to zones with higher popu-
lation density (e.g., downtown). Eq. (11) represents the
SAV service utilisation rate estimation and allows us to
define the initial pool of potential users by comparing
the SAV utility with the one of other modes of transport.
In this study, the fare per kilometre of SAVs, i.e., costgsy
in (11) is assumed to be half of the one currently avail-
able for human-driven taxis in Tallinn to account for the
lack of operational cost related to the driver, similarly as
in [33, 44]. Note that the effects of ridesharing, its per-
formance (expressed through travel and waiting time),
and the reduction in pricing are considered in a succes-
sive phase, i.e., when the vehicles are assigned to each
request, which allows to correctly represent the detour
and waiting times.

The activity-based model has been used to design a
future scenario relevant to the research questions and
resulted in a modal share of 21% for the SAV service,
against 31% for private vehicles, 24% for public transport,
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Fig. 3 Scatter plot with the baseline and simulated values of flows across
the available detectors

23% for walking, and 1% for other modes (e.g., motorcy-
cle, cycling). Public transport is not explicitly modelled as
an operational alternative during the simulation. Instead,
it is accounted for upstream through the activity-based
demand model, where travellers choose among public
transport, private vehicles, walking, and SAVs based on
calibrated utilities. Only travellers selecting SAVs are
passed to the simulation framework, while public trans-
port demand remains fixed and contributes implicitly to
background traffic conditions.

4.3 Morning peak scenario

4.3.1 Demand

The results from the activity-based model have then been
analysed for the morning peak hours, i.e. 08:00-10:00,
the period of the day when congestion is higher. The
background traffic equals 47,000 private vehicles within
the network, plus 22,500 commuter vehicles (still private)
travelling from outside the city boundaries. There are
34,750 trip requests for SAV service and 47,000 private
trips during the two-hour morning peak. Note that the
travel demand generated by SimMobility lacks param-
eters, such as maximum waiting time and latest arrival
time, thus we synthesise these data based on [23] and
[8]. To capture heterogeneity in travellers’ willingness to
share, we assign request-specific maximum waiting and
detour tolerances. For each request, the maximum wait-
ing time is drawn from a truncated normal distribution

Table 1 Compared assignment and pricing strategies
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with a mean of 7 minutes and bounded between 5 and
15minutes, while the maximum detour tolerance is
drawn from a truncated normal distribution with a mean
of 10minutes and bounded between 0 and 20 minutes.
These tolerances are enforced as individual acceptance
constraints during the matching process. Lastly, for
requests that cannot be served by the SAV system, either
due to violating the waiting time threshold or resulting in
an unfair trip fare, we assume that a private vehicle per-
forms a solo trip.

4.3.2 Supply

At the beginning of the simulation, 3,050 four-seat SAVs
are uniformly distributed across the network, with five
vehicles at each centroid. The SAV fleet movement is
simulated in Aimsun Next, where it interacts with other
human-driven vehicles. To achieve this, a dynamic traffic
assignment model (DTA) has been built and calibrated
for the city of Tallinn. The calibration has been carried
out against data from 148 detectors (Fig. 3) and for the
morning peak hours (07:00-10:00), when the network is
the most congested. It focuses on the parameters of the
volume-delay functions adopted by the simulator and
achieves a R? value of 0.9625 and GEH<5 for 75% of
detectors [45], threshold on par with current best prac-
tices [46]. The routing relies on historic routing, which
is calculated via a macroscopic static traffic assignment
algorithm, for 70% of the background traffic, and on sto-
chastic route choice for the remaining 30%.

4.3.3 Compared strategies

To evaluate how fairness-aware price-based optimisation
affects the performance of DRS services and its influ-
ence on congestion, we designed five scenarios, which are
summarised in Table 1, and more thoroughly described
as follows.

+ NRTX serves as the baseline scenario without
ridesharing, where the nearest (NR) idle vehicle is
assigned to serve each request, and the trip price
is calculated via (1), representing a conventional
taxi (TX) fare.

» TTDE indicates assigning the vehicle with the
minimum travel time (TT) and utilising a detour-

Strategy Ridesharing Assignment method Pricing method

NRTX No Nearest idle vehicle (NR) Conventional taxi fare (TX), computed by (1)

TTDE Yes Travel-time-based (TT) heuristic assignment Detour-based pricing (DE), adapted from
the mt-Share method [24]

TTFA Yes Travel-time-based (TT) heuristic assignment Fairness-aware pricing (FA)

OPDE Yes Optimisation-based (OP) assignment via the profit- Detour-based pricing (DE)

oriented optimisation problem (4)-(7)
OPFA Yes Optimisation-based (OP) assignment Fairness-aware pricing (FA)
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based (DE) pricing method. TTDE enhances NRTX
by allowing ridesharing, while the vehicle-traveller
pairs are formed using a simple heuristic method,
consisting of assigning the vehicle that results in the
minimum total travel time after inserting the new
traveller’s origin and destination. Besides, the detour-
based method is a common pricing method for
dynamic ridesharing. Here we employ a modification
of the mt-Share method proposed in [24]. However,
instead of employing the entire framework for
dynamic ridesharing proposed in [24], we utilise
only the detour-based pricing method to fairly split
the ridesharing benefit between co-riders.

+ TTFA means travel time (TT) based assignment and
fairness-aware (FA) pricing method. TTFA differs
from TTDE in terms of the pricing method, where
the former employs the same assignment strategy
as the latter, but combined with the fairness-aware
pricing method.

+ OPDE represents optimisation-based (OP)
assignment and detour-based (DE) pricing. OPDE
extends TTDE, improving operation efficiency
by incorporating the profit-oriented optimisation
problem (4)-(7).

+ OPFA indicates optimisation-based (OP) assignment
and fairness-aware (FA) pricing. OPFA combines
the optimisation assignment used in OPDE with the
fairness pricing employed in TTFA.

These acronyms represent combinations of matching
and pricing strategies. Specifically, the first two letters
denote the matching method, e.g., whether it is heuristic
matching (NR or TT) or optimisation-based (OP) match-
ing; while the last two letters specify the pricing scheme,
i.e., detour-based (DE) or fairness-aware (FA) pricing.
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Fig. 4 Temporal distributions of trip requests in the full business day
scenario
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Finally, note that all scenarios utilise the same algorithm
proposed in [6] to dispatch idle vehicles.

On the other hand, we compare OPFA with the two-
fleet baseline scenario [8], where both ridehailing and
ridesharing fleets are operated simultaneously, with 1,525
vehicles in each fleet. In contrast, this study relaxes the
assumption of two distinct fleets and instead applies the
same pricing method using a single-fleet-based match-
ing approach for fleet operations. Besides, the simula-
tions carried out in this study do not rely on historical
travel times and instead allow the proposed algorithm to
respond to dynamic changes in congestion patterns and
travel times.

4.4 Full business day scenario

To comprehensively assess the ridesharing service over
an extended period, we simulate the fleet operation
from 8:00 to 19:00, covering both the morning and eve-
ning peaks as well as the non-peak noon hours. Similar
to the peak scenario, the initial demand for this extended
period is generated using the described activity-based
model. The initial demand consists of 132,621 requests
for SAVs, while the background traffic comprises 157,000
private vehicle trips. The temporal distribution of trip
requests over the full business day scenario is displayed
in Fig. 4. Instead of initialising vehicles homogenously
across the network, we distribute the vehicles according
to the spatial distribution of requests over the full day.
In total, there are 4457 vehicles. In this scenario, we only
test the best performance method OPFA to replicate the
daily operation of DRS service providers. In this scenario,
we set the discount parameter « to 0.4 to encourage ride-
sharing. Meanwhile, for the § in Eq. (3) two values are
tested (0.5 and 1), to understand how solo trip tax affect
the use of ridesharing service.

5 Results and discussion

We first evaluate five single-fleet scenarios across three
dimensions: fleet performance, service performance, and
network congestion. Next, we examine the robustness of
the results through a sensitivity analysis on key param-
eters. Finally, we compare the two-fleet baseline scenario
from [8] with the best-performing OPFA strategy.

In terms of fleet performance, we measure the follow-
ing metrics. The service rate is defined as the percent-
age of served requests. Total vehicle kilometres travelled
(VKT) represents the total distance travelled by the
entire fleet. Empty VKT refers to kilometres travelled
without passengers on board and consists of two compo-
nents. Pickup VKT measures the distance travelled by a
vehicle from its current location to a passenger’s pickup
point after assignment, while Repositioning VKT cap-
tures the distance travelled by idle vehicles during repo-
sitioning actions when no passenger is on board. The key
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Table 2 Fleet performance in the morning peak scenario
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Strategy Served requests Total SAV VKT/served Empty VKT [km] Average occupancy
VKT [km] Pickup Repositioning

NRTX 15274 239122 15.81 71994 8144 1
TTDE 13753(15729%) 228268 16.73 56716 12203 1.26
TTFA 15325 201513 13.72 55770 12394 1.38
OPDE 18041(6503*) 214430 12.18 60707 6582 1.49
OPFA 22789 206077 9.04 39494 6874 191
Note: *indicates the number of unfair pricing
Table 3 Service performance in the morning peak scenario
Strategy Waiting time [min] In vehicle time [min]

Mean Median stdev Mean Median stdev
NRTX 6.07 469 642 16.53 12.5 13.99
TTDE 6.0 3.94 7.66 22.96 1833 17.49
TTFA 524 3.70 6.48 23.11 17.67 18.97
OPDE 767 5.94 6.75 22.65 17.83 17.79
OPFA 6.20 4.72 6.55 24.09 20.17 18.0

distinction between the two is that Pickup VKT is associ-
ated with assigned requests, whereas Repositioning VKT
arises from unassigned requests and reactive fleet rebal-
ancing. Average occupancy is the average number of pas-
sengers on board during the simulation period. Besides,
we calculate the statistics of passengers’ waiting and in-
vehicle time. Lastly, the network congestion is measured
by average vehicle speed and density.

5.1 Morning peak scenario

5.1.1 Fleet performance

Table 2 reports the main indicator concerning the per-
formance of the SAVs across the network and the served
requests.

Table 2 allows us to isolate the individual effects of ride-
sharing, matching, and pricing. Comparing NRTX and
TTDE identifies the pure effect of introducing rideshar-
ing under heuristic matching and detour-based pricing:
occupancy increases from 1 to 1.26, while empty VKT
declines, but the number of served requests decreases
due to limited matching efficiency. Holding matching
fixed, the comparison between TTDE and TTFA isolates
the pricing effect: fairness-aware pricing substantially
increases the number of served requests (+11.4%) and
reduces VKT per served request, indicating that pricing
primarily affects user acceptance and pooling participa-
tion rather than vehicle utilisation. Holding pricing fixed,
the comparison between TTDE and OPDE isolates the
effect of optimisation-based matching, which yields a
large increase in served demand (+31.2%), higher occu-
pancy, and a sharp reduction in repositioning-related
empty VKT, highlighting matching as the dominant
operational driver. Finally, OPFA combines both effects,
achieving the highest occupancy (1.91), the lowest empty
VKT, and the largest service rate, confirming that pricing

and matching are complementary and jointly necessary
to fully realise the benefits of ridesharing.

The numbers in parentheses in the “served requests”
column denote requests rejected due to unfair pricing,
which occur only under detour-based pricing. As shown,
the combination of heuristic matching and detour-based
pricing results in nearly 45% of total travellers experienc-
ing unfair pricing. In contrast to TTDE, the optimisation-
based approach OPDE reduces the share of travellers
experiencing unfair pricing to approximately 19% of total
travellers; this same group subsequently leaves the sys-
tem, and their exit is the primary driver of the perfor-
mance gap between OPDE and OPFA.

In summary, OPFA delivers the strongest overall per-
formance in Table 2, achieving the highest occupancy
and the lowest empty VKT and VKT per served request.
The occupancy gap relative to the second-best strategy
(OPDE) is substantial (0.42), which directly translates
into fewer empty pickup kilometres and improved traf-
fic efficiency. OPDE ranks second across these indicators,
confirming that optimisation-based matching is the dom-
inant contributor to performance gains. Fairness-aware
pricing alone (TTFA) also improves efficiency relative
to TTDE, reducing VKT per served request and increas-
ing served demand, indicating that pricing primarily
enhances user acceptance and pooling participation.

5.1.2 Service performance

Table 3 reports indicators related to the SAV service, rep-
resenting how effectively the SAV fleet performs while
guided by the different algorithms. As the waiting and
travel time increase for SAV, users become more likely to
choose private vehicles. Differently from the initial modal
choice model in SimMobility (described in 4.2), carried
out with only an estimate of travel and waiting time at
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the start of the day, this choice happens during the traf-
fic assignment and will impact the availability of the
SAV vehicles in the following time steps. From Table 2,
we observe that the number of travellers served by ride-
sharing increases through each scenario from NRTX to
OPFA. As a result, all the statistics related to travellers’
in-vehicle time increase accordingly with the increase of
served requests. Additionally, OPDE, where the assign-
ment of vehicles to requests follows the optimisation
algorithm but the pricing is not fairly shared across the
ridesharing users, exhibits the longest waiting time. This
can be explained by the fact that the detour-based pric-
ing method (TTFA) fails to generate proper rideshar-
ing prices and, due to unfair pricing, travellers leave the
system and opt for private cars instead. Consequently,
OPDE has fewer served travellers. On the other hand,
the detour-based pricing method might provide fewer
ridesharing benefits, making it less attractive to travel-
lers. Those who choose PVs based on their utility might
remain in the waiting pool until the next round of opti-
misation. Consequently, OPDE results in the longest
waiting time.

Another important metric for service performance is
the experienced in-vehicle time. From NRTX to OPFA,
the number of travellers using ridesharing increases due
to optimisation and fairness pricing. While OPFA shows
the highest travel time value (see Table 3), it should be
noted how this is attributed to a higher percentage of
shared trips, which inevitably cause a higher travel time
due to detours (e.g., it can be noticed how NRTX, with
no shared trips, has a much lower value of average travel
time when compared to the other scenarios). Under
TTFA, fairness-aware pricing makes shared rides more
attractive, leading to higher acceptance rates and faster
assignment, which reduces waiting times. However,
this also results in a higher proportion of shared trips
with larger detours, thereby increasing average in-vehi-
cle travel time compared to TTDE. Nonetheless, when
comparing OPFA with the ridesharing baseline TTDE,
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we observe that 65.7% more travellers are served, with,
on average, only 0.2minutes longer waiting time and
1.1 minutes longer in-vehicle time. This demonstrates
that advanced DRS operation strategies, such as optimi-
sation-based matching and pricing, can fundamentally
improve system performance. When considered sepa-
rately from each other (TTFA and OPDE scenarios), it is
possible to notice how the fairness-aware pricing (TTFA)
results in an increase of shared trips that is lower than
the optimisation in OPDE and yet, the average travel time
is higher than in OPDE. This would suggest that, while
both scenarios overperform when compared to NRTX
and TTDE, the improvements due to the optimisation
algorithm are higher, both in fleet efficiency and in the
total number of served requests.

5.1.3 Network congestion

We now proceed with analysing how the service affects
the rest of the traffic and the overall congestion. Figure 5
reports how the average vehicle density and speed across
the network progresses through the simulation. The aver-
age density is calculated at the end of each 30-minute
time interval as the average value across each link in the
network. It represents how many vehicles are present
along the link per kilometre. Higher density represents
higher occupancy of each link and thus is a proxy for the
experienced congestion. Meanwhile, the average speed is
calculated as the mean of the speeds of all moving vehi-
cles in the same 30-minute time interval. A higher aver-
age speed indicates less congestion. All the progressions
are the result of the same demand so the different trend
for each scenario is solely the result of the service perfor-
mance and the overall number of vehicles (both private
and SAV) on the network.

Combining Fig. 5 (a) and (b), we observe that OPFA
has consistently the lowest density, hence the average
speed in OPFA outperforms that of all other scenarios.
This indicates that efficient DRS operation strategies can
greatly improve the traffic situation. Before 9:15, TTDE
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Fig. 5 Trajectory of the average speed and density through the morning peak scenario
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has the highest density and lowest speed due to unfair
pricing, which incurs more private cars. However, as
ridesharing trips gradually finish after 9:15, the density
of TTDE decreases rapidly while the speed increases
accordingly. Surprisingly, the density in TTFA surpasses
the other scenarios in density after 9:15, which can be
partly attributed to ridesharing trips requiring longer
travel times, leading to more vehicles circulating in the
latter half of the simulation. Notably, after 10:00, vehicle
speeds increase under the optimisation-based strate-
gies (OPDE and OPFA), while they decrease under the
heuristic-based strategies (NRTX, TTDE, and TTFA).
This phenomenon is attributed to the cool-down process
during the last 15 minutes, with no new ride requests. In
heuristic-based strategies, many of the previous waiting
requests cannot be served due to high congestion and
limited waiting time. Conversely, by leveraging optimi-
sation methods, OPDE and OPFA prevent the loss of
potential passengers and, consequently, fewer private
cars are utilised. Additionally, as most SAVs reach their
destinations and travel on secondary roads, vehicle
speeds drop significantly. Meanwhile, the optimisation
method ensures efficient operation even during the cool-
down process in OPDE and OPFA. As vehicle density
drops, vehicle speed increases.

Furthermore, separating assignment from pricing, as
observed in TTFA, leads to higher density, validating the
assertion that pricing under an assumed matching policy
can result in inferior performance [47]. The higher den-
sity in TTFA and OPDE reveals that inappropriate DRS
strategies might exacerbate traffic conditions. Nonethe-
less, OPFA consistently maintains lower density and
higher speed throughout the simulation. This is probably
the result of the highest number of shared trips across
scenarios. This, coupled with the highest number of
served requests (and consequently the lowest number of
private vehicles), results in an overall reduction in vehi-
cles deployed and travelling to serve the same demand.
This result suggests that combining the proposed opti-
misation algorithm with fair pricing yields the biggest

(a) TTFA
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improvements, not only for the SAV fleet but also for the
background traffic. Therefore, a joint optimised method
is critical for the DRS operator to enhance both fleet per-
formance and traffic efficiency.

Finally, the aggregate results are further assessed by
analysing their spatial distribution. Figure 6 compares
the densities for TTFA and OPFA (i.e., the best and worst
one in terms of density) at 9:30, the time at which den-
sity reaches the highest value for most of the scenarios.
As it can be noticed, while the critical points and bottle-
neck are similar, the propagation of queue fronts is way
more severe in TTFA. The degradation of the traffic flow
across the network seems also to impact more the back-
ground private traffic, as the SAV service retains similar
travel time performance between TTFA and OPFA (see
Table 3); yet, it should be remembered how TTFA sees
more requests shifting to private vehicles, thus serving
only those requests which maintain a competitive per-
formance despite the surrounding traffic conditions. An
analysis of the travel time distribution for background
traffic reveals that, while the distribution itself is fairly
similar, OPFA still over-performs as its average travel
time for background traffic is the lowest among scenarios
(Fig. 7).

It should be stressed how, in our experiments, the SAVs
are as (in)efficient as human-driven vehicles in terms of
driving behaviour. This means that the improvement
in travel time for the background traffic is due solely to
the more efficient routing and fewer VKT in OPFA, as
every other boundary condition (SAV fleet, SAV poten-
tial demand, overall demand) is kept constant across
scenarios.

5.1.4 Performance comparison

Finally, we compare the OPFA with the two-fleet sce-
nario. As shown in Table 4, the single fleet achieved a sig-
nificantly higher service rate, with 17.5% more requests
served compared with the two-fleet scenario. This is
because the doubled number of ridesharing vehicles
increases passenger-carrying capacity. Despite a slight
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Fig. 6 Density values [veh/km] for each section in TTFA and OPFA at 9:30 in the morning peak scenario
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Table 4 Performance comparison in the morning peak scenario

Strategy Served requests VKT [km] Average occupancy Average time[min]

Total SAV Empty Waiting Traveling
Two-fleet 16698 165201 77526 1.37 5.96 21.60
OPFA 22789 206077 46368 191 6.20 24.09
Table 5 Sensitivity of system performance to batching interval At (strategy OPFA)
At [s] Served requests Total VKT [km] Empty VKT [km] Service performance on average

Pickup Repositioning Waiting [min] In-vehicle [min] Occupancy

15 21,624 210,260 39,019 7205 7.0 253 2.07
30 22,789 206,077 39,624 7452 6.2 24.1 2.05
60 21,079 207,590 41,541 9645 6.6 249 203
120 20,006 210913 42,638 12,407 6.6 254 192
300 17,182 206,896 50,742 11,886 8.1 239 1.62

increase in waiting and travel times, OPFA is able to
serve significantly more passengers with only a moder-
ate rise in VKT. Another observation is that overlook-
ing dynamic travel times may lead to overly optimistic
conclusions. Although we did not directly compare the
effects of static and dynamic travel times on fleet opera-
tions using the same network, demand, and supply, the
relative metrics in the New York City and Tallinn experi-
ments, such as the ratio of requests to vehicles, suggest
that dynamic travel times result in lower service rates.
This finding underscores the importance of employing
advanced traffic simulators to evaluate state-of-the-art
methods for on-demand service operations.

5.2 Sensitivity analysis

5.2.1 Batching time

Table 5 presents the sensitivity of system performance
to the batching interval At under the OPFA strategy.
Overall, the results indicate that system performance
is maximised at intermediate batching intervals, while

excessively large batching intervals lead to a gradual
deterioration in both service quality and fleet efficiency.
For batching intervals up to 60 s, variations across most
performance indicators remain relatively small, sug-
gesting that OPFA is robust to moderate changes in At.
As the batching interval increases, the average vehicle
occupancy decreases, indicating that shorter batch-
ing intervals facilitate more effective ridesharing by
enabling better consolidation of requests across succes-
sive batches. This higher level of sharing is accompanied
by slightly higher waiting and in-vehicle times, reflecting
the additional detours inherent to shared rides. When At
exceeds 60 s, the number of served requests declines pro-
gressively, while waiting times increase and occupancy
decreases, showing a degradation in service performance.
Meanwhile, total VKT remains relatively stable for At
values between 15 s and 120 s; however, empty VKT,
particularly associated with vehicle repositioning, rises
substantially at larger batching intervals, pointing to less
effective fleet utilisation. In short, these results highlight



Zhou et al. European Transport Research Review (2026) 18:28

Table 6 Sensitivity of system performance to fleet size
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Strategy FleetSize  Served Requests  Total VKT [km]  Empty VKT [km] Service performance on average
Pickup Repositioning Waiting [min]  In-vehicle [min]  Occupancy
TTDE 1220 7568 210,179 22,494 3461 883 252 1.56
3050 13,753 228,268 56,716 12,203 6.0 23.0 1.26
5490 15,994 221,987 73,895 26,441 79 24.0 123
OPFA 1220 8776 202,235 16,651 2237 8.72 266 2.03
3050 22,789 200,077 39,494 6874 6.2 24.1 191
5490 31,369 227,902 58751 23,664 547 234 1.96
Table 7 Fleet performance in the full business day scenario
Penalty 8 Servicerate[%] Total SAV VKT [km] VKT per request Empty VKT [km] Average
Pickup Repositioning Occupancy Time idle [mins] Fare [€]
1 95.5 785650 6.2 386393 4400 1.36 104 6.8
0.5 94.0 685139 55 215988 9856 1.55 137 59

a clear trade-off between responsiveness and coordina-
tion efficiency, with At = 30 s providing the best balance
between service performance and operational efficiency
under OPFA.

5.2.2 Fleetsize

Table 6 reports a sensitivity analysis of system perfor-
mance with respect to fleet size for the two representa-
tive strategies, TTDE and OPFA. Three fleet sizes are
considered, ranging from an undersupplied case to an
oversized fleet, while keeping demand unchanged. Sev-
eral consistent patterns emerge. First, increasing fleet size
naturally leads to a higher number of served requests and
lower waiting times for both strategies; however, the rela-
tive performance ranking remains unchanged across all
fleet sizes. The roughly two-minute higher waiting time
for TTDE with 5490 vehicles reflects lower passenger
acceptance, triggering additional empty vehicle reposi-
tioning and, consequently, inefficient fleet utilisation. In
particular, OPFA consistently serves substantially more
requests than TTDE while maintaining comparable or
lower total VKT, confirming that the optimisation-based
matching combined with fairness-aware pricing scales
robustly with fleet capacity. Second, while empty VKT
increases with fleet size for both strategies, reflecting
higher repositioning and pickup activity in looser sup-
ply conditions, OPFA systematically meaningfully lower
empty VKT per served request, indicating more efficient
vehicle utilisation. Third, average occupancy declines
slightly as fleet size increases, yet OPFA preserves a sig-
nificantly higher occupancy level across all scenarios,
suggesting that its ability to consolidate demand into
shared trips is not sensitive to fleet abundance. Overall,
these results demonstrate that the advantages of OPFA
are not driven by a specific fleet-size calibration, but
persist across a wide range of supply conditions, thereby
reinforcing the robustness and external validity of the
comparative findings.

5.3 Full business day scenario

Since OPFA outperforms the other algorithms tested in
the morning peak scenario, it is worth investigating how
it performs throughout an entire business day of on-
demand system operation. As the objective of the optimi-
sation problem is to maximise trip profit, we analyse how
penalising solo trip profits affects system performance.
Particularly, we test two scenarios, where in the baseline
scenario S1 we set =1 in Eq. 3, i.e.,, no tax is imposed
on solo trips; this is compared with a taxed scenario S2,
where we set §=0.5 in Eq. 3 so as to prioritise ridesharing
trips.

Table 7 compares the fleet performance of OPFA for
scenarios S1 and S2 over the 11-hour period. Despite
1% difference in service rate, a smaller § results in sig-
nificantly less VKT, approximately 12.8% less, due to
increased ridesharing. Hence, the average VKT per
served request is lower in S2. Interestingly, we found that
the reduction in VKT primarily comes from the empty
VKT associated with travelling to the requests’ origins.
Besides, since S2 imposes a higher solo trip tax, the oper-
ator prioritises ridesharing trips. Consequently, S2 shows
a higher occupancy rate and idle times but lower average
trip fares.

Figure 8 presents the average number of passengers on
board across the simulation period. As shown in Fig. 4,
the number of requests sharply decreases from 8 to 10
AM. Correspondingly, the average number of passengers
on board first increases sharply and then decreases rap-
idly. During the non-peak hours, the average number of
passengers in S1 and S2 is 1 and 1.4, respectively. Both
begin to rise again during the evening peak. It is worth
noting that both curves have the same number of passen-
gers during the peak hours, as there are no enough idle
vehicles available. When the fleet operates at full capac-
ity, the impact of different choices of § becomes insig-
nificant. The main difference lies in the off-peak hours,
where a smaller § allows the operator to assign more
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Fig. 8 Average number of passengers in vehicles in the full business day
scenario

passengers to en-route vehicles instead of idle ones. This
greatly reduces the empty driving VKT and increases the
occupancy rate.

Figure 9 shows the average waiting and travel times
throughout the simulation period. Both metrics exhibit
similar trends: they increase during the morning peak,
drop during non-peak hours, and rise again during the
evening peak. However, the travel time decreases sharply
at the end of the simulation. This is because long trips or
newly assigned trips at the end of the simulation are not

—— 6=1
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included in the analysis (i.e. trips generated during the
last time interval, with not enough time to carry out their
natural progression before the end of the simulation).
Additionally, when §=1, passengers experience longer
waiting times but shorter in-vehicle times. This occurs
because passengers wait longer for available ridehail-
ing vehicles, while ridesharing offers more ride options.
As a result, with more ridesharing trips, waiting times
decrease but in-vehicle travel times increase. This further
suggests that the S2 scenario has a higher proportion of
ridesharing trips. However, the total travel times in both
scenarios are quite similar.

5.4 Discussion

The operational efficiency of different scenarios has sev-
eral policy implications involving both MoD service
operators and public authorities. For the operator, DRS
is capable of serving significantly more travellers, even
when considering real-time traffic conditions. However,
this improvement is achieved through advanced opera-
tional strategies. Optimisation-based assignment could
significantly increase the number of served travellers,
whereas simple heuristic methods, such as assigning the
vehicle with the minimum travel time, may even reduce
the number of served travellers. Besides fair pricing could
further incentivize ridesharing users, thereby improv-
ing overall performance. Lastly, with the same fleet size,
advanced DRS operational strategies could serve more

—=— 6=05
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— [\ N
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In vehicle time [min]

—_
S

8:00 10:30

13:00

15:30 18:00

Time

Fig. 9 Passenger’s average waiting and travel time across the full business day scenario
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travellers with even less VKT, thereby reducing opera-
tional costs and increasing profits. Therefore, the service
operator must deploy advanced DRS operation strate-
gies to improve system performance while maintaining
good service quality. This requires designing algorithms
also from the traveller’s perspective. Conventional pri-
vate operators typically prioritise self-interest and profit.
Consequently, they may overlook the congestion effects
brought about by their fleets. However, our research finds
that a strategy solely focused on profit, without integrat-
ing matching and pricing, can lead to worse outcomes.
Being aware of the potential congestion effects caused
by the fleet and taking proactive measures to optimise its
operation not only benefits other modes of travel but also
proves advantageous for the operator itself.

On the other hand, private trips, no matter whether
implemented by PVs or SAVs, can lead to severe con-
gestion and emission problems. The public sector can
encourage travellers to use ridesharing services by intro-
ducing higher fees on private trips or imposing lower
taxes on DRS services. Given the potential for reducing
congestion and emissions through DRS, the public sector
could act as the service operator to encourage the adop-
tion of this more sustainable mode of travel. Additionally,
public-owned MoD services, prioritising societal benefits
over profit, have the potential to further optimise DRS
operations with reduced trip fares.

In the full business day scenario, we observed that a
higher solo trip tax has a positive effect on promoting
ridesharing services. As solo trips, such as conventional
ride-hailing, are generally more profitable for the service
operator. This implies that if policymakers leave service
providers unintervened, their preference for solo trips
would lead to significantly higher VKT and thus severe
congestion and emission problems. Transport authorities
should raise concerns about the negative effects brought
by the profit-oriented on-demand service. Moreover, they
should erect policies, such as imposing additional tax on
solo trips to promote the use of ridesharing modes. As
revealed in the full business day scenario, ridesharing can
significantly reduce VKT and thus the associated external
effect.

In our framework, the fairness-aware pricing mecha-
nism explicitly ensures that no traveller pays more for
a shared trip than for the corresponding solo trip, and
that users experiencing larger detours or longer shared
distances receive greater fare reductions. This design
particularly benefits more price-sensitive users, includ-
ing lower-income travellers, and encourages participa-
tion in ridesharing. From an accessibility perspective,
the optimisation-based matching and pricing strategy
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increases overall service coverage and the number of
served requests, which can improve access to mobility
for users in lower-demand or peripheral areas where con-
ventional taxi is less reliable. While we do not explicitly
segment users by income in the real-time pricing stage,
the demand generation relies on an activity-based model
calibrated with socio-demographic attributes, meaning
that lower-income users are more likely to enter the sys-
tem when prices are competitive.

6 Conclusions

This study evaluates the impact of an advanced DRS
pricing and matching method on urban traffic using
a mesoscopic traffic simulator while explicitly model-
ling users’ mode choices. Building on [8], we relax the
key assumption about historic travel times and test the
proposed algorithm with dynamic travel times. We
see that dynamic travel times present additional chal-
lenges to on-demand service operations, resulting in
less favorable performance compared to the static case
of [8]. This underscores the importance of testing new
methods with advanced traffic simulators and account-
ing for traffic dynamics. The study also reports valuable
results about the impacts of the developed methods for
a medium sized European capital. SimMobility is uti-
lised to synthesise the future demand for SAV. We then
compare the optimal assignment and fairness pricing
with other heuristic methods and test various scenarios
in a real urban network. Compared to heuristic meth-
ods (TTDE), the optimisation-based matching (OPDE)
can serve 31.2% more travellers with 6.1% less VKT and
1.67 minutes longer waiting time on average. Further-
more, comparing OPDE with OPFA, 26.3% more travel-
lers are served with 3.9% less VKT and 1.4 minutes less
waiting time. This demonstrates that accounting for
travellers’ mode choices and pricing fairness could fur-
ther enhance the performance of such a DRS system. On
the other hand, OPFA has been proven to significantly
reduce vehicle density and thus lead to higher travel
speeds and less congestion. The full business day sce-
nario shows the robustness of the OPFA method, indi-
cating its applicability in real-time city-scale ridesharing.
The simulation results reveal that advanced operation
strategies are critical for successful DRS implementa-
tion. On the other hand, rule-based methods are unable
to exploit the potential of DRS and thus limit the utili-
sation of DRS. Contrary to intuition, ridesharing (TTDE
and TTFA) does not always lead to better transport effi-
ciency. This work demonstrates that ridesharing services
need to be better organised to improve both fleet perfor-
mance and reduce network congestion.
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Furthermore, even if the same strategy is implemented,
different choices of certain key parameters can lead to
dramatically different outcomes, as demonstrated in our
full business day scenario. For profit-oriented service
operators, transport authorities should promote the use
of a more sustainable mode - ridesharing, by either tax-
ing solo trips or subsidising ridesharing trips.

Finally, it is important to acknowledge the limitations
of this study. First, the numerical results are specific
to the analysed city and fleet sizes; thus, the findings
primarily provide comparative and mechanism-based
insights, rather than externally valid performance
benchmarks across cities or fleet scales. In addi-
tion, while we model private vehicles and SAVs, pub-
lic transport was not explicitly included as a dynamic
mode alternative in the traffic assignment mode choice.
Future extensions should integrate public transit to
assess how SAVs complement or compete with mass
transit in real-time. Moreover, the study operates on a
fixed demand generated by the activity-based model;
it does not capture the long-term feedback loop where
improved SAV service might fundamentally alter vehi-
cle ownership rates or induce new demand. Besides,
the adoption of SAVs depends on behavioural factors
such as social acceptance and trust. While our models
account for heterogeneous traveller preferences, the
results should be interpreted as conditional on these
behavioural assumptions and the chosen fare levels.
Future research may also compare alternative policy
instruments, such as distance-based solo surcharges or
occupancy-based discounts. While the tax-based for-
mulation provides a transparent benchmark, broader
policy comparisons are left for future work. Lastly, we
simulated a single-operator monopoly, whereas a real-
world scenario might involve competition between
multiple service providers. Given the Aimsun Ride
allows for multiple operators, it would be interesting to
investigate the competition and cooperation strategies
between similar service providers.

Appendix A Fairness pricing discount function for
ridesharing trips

Following [8], we define two parameters to reflect ride-
sharing trip features, including detour distance, the num-
ber of co-rides, and shared trip distance. The detour index

74 is calculated via the following equation:
a_di-a
T (AD

r
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where d; indicates the updated trip distance after route
insertion, while d;. denotes the vehicle path length before
insertion. On the other hand, we define (# as the rideshar-
ing index which reveals the distance and the number of
passengers of shared rides experienced by traveller r. To
calculate (%, the vehicle path is divided into legs by pas-
senger’s pick-up and drop-off locations. For each leg A,
we first calculate the travel fare by fi‘ = fi-tx+ fa-dx
where f, t), ,, and d, denote unit time fee, leg travel time,
unit distance fee, and leg distance, respectively. Nonethe-
less, if a leg is shared by several passengers, the leg fare f;
is divided by the number of passengers k). Hence the leg
shared farefs = f/kx. Next, a binary parameter y,,  is
introduced to identify if passenger p travels through leg A.
Lastly, we define

2 iy
Z)\ fil * Yr X

as the ridesharing index, which can be used to measure
the degree of ridesharing, such as the number of corid-
ers and the length of shared travelled distance. Finally, the
ridesharing discount rate is defined as:

G=1 (A2)

®, = exp(—a(rd 4 ¢8)) — b, (A3)

where the discount coefficient a is designed to control the
discount rate. Besides, a based rate b is defined so that
b>0 if the vehicle is empty and 5=0 otherwise. In our
experiments, we set v =2 €&/pax, §=0.7, and discount
parameter «=0.2 as in [8].

Appendix B Computational time
Figure Bl illustrates the per-batch computational time
of the OPFA over the morning-peak simulation horizon,
where each time step corresponds to one request batch of
length A = 30s. The solid blue line reports the total per-
batch runtime, while the orange line indicates the time
spent solving the batch-level assignment optimisation.
On average, the total runtime equals 9.08 s per batch,
which remains well below the batch length throughout the
simulation. The maximum observed runtime per batch is
29 s. The optimisation step itself requires only 0.87 s per
batch on average, accounting for a negligible share of the
overall computational effort. This demonstrates that the
assignment ILP is solved efficiently to optimality and is
not the computational bottleneck of the framework;
most runtime is instead associated with candidate vehicle
searching and route feasibility checks. We further note
that the implementation is written in Python and has not
been performance-optimised.
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Fig. B1 Per-batch total computational time versus optimisation time
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