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SHORT SUMMARY

Shared autonomous mobility (SAM) may exacerbate congestion by increasing traveled distances,
but dedicated congestion management strategies remain relatively underexplored. This study
proposes a deep reinforcement learning framework to dynamically adjust congestion charges under
SAM. To represent mixed traffic conditions (privately owned and shared autonomous vehicles),
we integrate a multi-region Macroscopic Fundamental Diagram with a spatial dial-a-ride model.
Building on this environment, a double deep Q-learning algorithm is applied to optimize congestion
charges for a fixed cordon. The results show that the proposed framework can efficiently manage
congestion. Furthermore, application results indicate that the introduction of SAM leads to higher
congestion, as it increases vehicle total traveled distance.

Keywords: Congestion pricing, Deep reinforcement learning, Dial-a-ride model, Macroscopic fun-
damental diagram, Pricing strategies, Shared autonomous mobility

1 INTRODUCTION

With the advancement of autonomous driving technologies, autonomous vehicles are expected to be
deployed on the roads in the near future. Due to the high initial cost of automation and potential
benefits from reduced operating costs (Bosch et al., 2018), shared autonomous mobility (SAM) is
likely to be more prevalent than privately owned vehicles. SAM has already been piloted in several
cities worldwide and is expected to be commercialized soon, prompting extensive research on its
potential impacts.

The impacts of SAM on traffic congestion are multifaceted. On the transport supply side, SAM is
expected to enhance traffic flow by reducing delays and human errors (Bertoncello & Weel 2015;
Park et al., 2021; [Yu et al.}[2023). On the transport demand side, SAM could improve accessibility
particularly in areas with limited access to public transit and for people who are unable to drive,
such as adolescents, the elderly, people with disabilities (Fagnant & Kockelman, [2015). In addition,
SAM may encourage longer and more frequent trips by reducing the burden of driving (Truong
et all 2017; Paithankar et al.l [2025; Milakis et al., |2018|). Meanwhile, SAM can replace private
car usage (Duarte & Ratti, [2018} |Fagnant & Kockelman) 2018), but they also induce additional
empty trips, such as traveling to depots and picking up passengers. The overall finding suggests
that SAM may worsen road congestion, by increasing total vehicle kilometers traveled by 10% or
more (Fagnant & Kockelmanl 2015} [Litman, [2025)).

SAM can alter transportation systems by increasing the number of trips and traveled distances,
potentially influencing the effectiveness of the current congestion pricing, one of the most estab-
lished transport demand management strategies. Nevertheless, congestion pricing under SAM
remains underexplored. Previous research has primarily adopted scenario-based approaches, using
agent-based simulations to capture complex interactions between SAM and congestion management
policies (Lee et al.) [2026; Kaddoura et al., [2020; |Simoni et al., [2019). These studies emphasize that
the need to regulate SAM since it can make current congestion pricing less effective. However, due
to the high computational cost of simulation, they are limited in practically implementing dynamic
congestion pricing scenarios with SAM.

Although reinforcement learning has been widely applied to optimal control problems, including
traffic signal control, vehicle dispatching, and routing, little attention has been paid to its appli-
cation for dynamic congestion pricing due to complex network dynamics (Vermeulen et al., 2026).
Lu et al.| (2024) developed a multi-agent transformer-based dynamic tolling system coupled with a
microscopic simulation environment. |Parishad et al.| (2025]) proposed a dynamic congestion pricing



Agent Environment (7)
Action (A): Toll

' : { . ‘:
! ) Deep Reward (R) | Macroscopic i
I | Reinforcement l i | Fundamental !
! Learning | ! Diagram SAM i
1
i ! i Vebhicle flow
! | H Car flow i
! ! | :
1 1
! Update ! i Spatially extended) |
! - A i
' Policy | H Dial-a-ride model | |
i i i !
I 1 1 |
I 1 H 1
i : i SAM |
1 1
I g Demand |
i G E i Mode choice i
i Pricing i i . i
E Strategies i i (Logit model) !
] ; L )

State (S): Vehicle Accumulation and Outflow

Figure 1: A deep reinforcement learning framework for adjusting congestion pricing

in multi-modal networks based on a trip-based Macroscopic Fundamental Diagram (MFD). They
demonstrate the effectiveness of their models. However, they do not account for SAM despite its
potential to induce congestion.

This study develops a congestion pricing scheme under SAM using deep reinforcement learning.
A multi-region MFD is employed to represent traffic condition. To estimate the traffic flow of
SAM vehicles given hourly demand, we adopt a spatial dial-a-ride model proposed by [Park et al.
(2023)). Building on this experimental environment, a deep reinforcement learning agent optimizes
congestion charges for a fixed cordon. The proposed framework enables the efficient development
of dynamic congestion pricing schemes accounting for SAM while reducing computational burden.
The remainder of this paper is organized as follows. Section [2] presents a deep reinforcement
learning framework for cordon-based congestion pricing. Section [3] describes the experimental
setup. Section [4] presents results, and Section [5] demonstrates an application of the suggested
model. Finally, Section [f] concludes the paper.

2 MODELING FRAMEWORK

Fig.[T]describes a deep reinforcement learning framework for congestion pricing. Multi-modal trans-
port dynamics, including cars, transit, and SAM, are represented through the following processes.
First, a logit model estimates mode shares. Then, the dial-a-ride model converts SAM passenger
demand into vehicle flows between regions. Finally, the MFD captures traffic dynamics based
on car demand and SAM vehicle movements. A deep reinforcement learning agent dynamically
adjusts congestion charges at each time step by interacting with the environment.

The dynamic adjustment of congestion charges can be formulated as a Markov decision process,
represented by the tuple (S, A, R, P, v), defined as follows:

e State (S): The state represents the network traffic conditions, including traffic flow and the
cumulative number of vehicles in each zone.

e Action (A): The action adjusts congestion charges t each timestep by increasing or decreasing
them by a fixed amount, or maintaining them.

e Reward (R): The reward is defined as the weighted sum of the total number of accumulated
vehicles at each timestep, with greater emphasis on vehicle accumulation within the cordon.
Furthermore, a penalty is imposed on the toll amount at each timestep to prevent excessively
high charges. toll amount at each timestep is penalized to prevent excessive toll.

e Transition (7): Transition represents the transport system dynamics based on a macroscopic
fundamental diagram and a dial-a-ride model, presented in the following subsections.

e Discount factor (7): The discount factor is set to 0.75, emphasizing current traffic conditions
while still accounting for future conditions.



To solve the Markov decision process and learn optimal congestion pricing strategies, we employed
a double deep-Q learning algorithm to mitigate overestimation bias by separating action selection
and evaluation (Van Hasselt et al., 2016).

yP PN = Ryt +4Q(Siy1, argmax, Q(Syy1, a3 0,); 6;) (1)

where y denotes the target values. (@) represents the action-value function estimating the
expected sum of discounted future rewards. # and #~ are the parameters of the online and target
network, which determines and evaluates action respectively. To improve stability in training, a
replay buffer is employed to store past experiences for sampling during training.

DDQN

Mode choice

The transition of the Markov decision process consists of three sequential steps, capturing the
evolution of transport dynamics given the current network conditions, an origin-destination matrix,
and congestion pricing control at each timestep. First, a logit-based choice model estimates an
origin-destination matrix for each mode. Second, a dial-a-ride model estimates SAM vehicle flows
using SAM demand. Finally, the multi-region MFD estimates network conditions given the car
demand and SAM vehicle flows. The utility functions of car, transit, and SAM are expressed as
follows, similar to Parishad et al.| (2025)):
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where ivt, wait, and cost represent in-vehicle time, waiting time, and travel cost, respectively. g
denotes the utility parameters for each mode and attribute. 7 indicates a scale parameter associated
with the variance of unobserved utility.

Dzal-a-ride model

Dial-a-ride model is a generalized model of on-demand mobility services describing operation status
of on-demand mobility services using a queuing network, firstly proposed by |Daganzo & Ouyang
(2019). |Park et al.| (2023]) extended this model considering spatial heterogeneity in travel demand
and balancing demand and supply including relocation problem in the dial-a-ride model.

In the spatially extended dial-a-ride model proposed by [Park et al.| (2023)) (Fig. , each vehicle
belongs to one of four workload states within each zone and transitions between these states over
time: idle, assigned, serving, and relocation. These states can be expressed by a vector describing
the number of serving passengers, the number of assigned passengers, relocation state, and the
zone index.

Idle (0,0,0,¢): Vehicle is wandering without serving any passengers and in zone i

Assigned (0,1,0,2): Vehicle is assigned to a passenger and moving to pick-up location in zone
i

Serving (1,0,0,7): Vehicle is serving a passenger originating from zone ¢

Relocation (0,0,1,7): Vehicle is relocating and moving from zone i

A spatially dial-a-ride model is generally used to determine the optimal fleet size to achieve waiting
time T}, given the area and demand density of each zone and their distribution, also providing
the vehicle flow between regions. Table [I] presents the input and output variables of the spatially
extended dial-a-ride model.

Based on the flow conservation of each zone, the steady-state solution can be derived from Little’s
formula as follows:

no ~ kR;/(vT,,)?

o, = poy X Ty,

nyy = dip/v = NiRipigliy /v
= rijlij /v

For further details, see Daganzo & Ouyang| (2019) and [Park et al.| (2023)).
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Figure 2: Workload transition network for on-demand mobility services (Source:
(2023)))

Table 1: Input and output variables of workload transition network for on-demand mobility
services

Category | Variable | Unit Definition
Input R; km? Area of zone ¢
Ai trips/(h-km?) | Demand density of zone i
;ﬂg AM - Ratio of trips with origin ¢ and destination j to total trips from ¢
T, h Average waiting time of zone i
v km/h Average vehicle speed i
K - Network shape constant 7
Output abo veh/h Transition rate from “idle” to “assigned” state in zone i
o veh/h Transition rate from “assigned” to “serving” state in zone i
o veh/h Flow of serving vehicles moving from origin ¢ to destination j
i veh/h Flow of relocation vehicles moving from origin 4 to destination j
néo veh Number of idle vehicles in zone ¢
nd, veh Number of assigned vehicles in zone ¢
nlljo veh Number of serving vehicles moving from origin 4 to destination j
ni veh Number of relocation vehicles moving from origin ¢ to destination j

Multi-region macroscopic fundamental diagram

The MFD-motivated by fundamental diagram-represents the network traffic condition at the re-
gional level by aggregating links with homogeneous traffic context . The MFD
can be extended to multiple heterogeneous regions by accounting for inter-regional transfer flows
(Geroliminis et al., [2012)). The temporal dynamics of vehicle accumulation in each region can be
expressed as follows:

*J i 17 j . ...
@ = () = Y ey My () + Ypeys M (8) (for i #j, i,5 € R)

where ¢% (t) and N%(t) represent traffic flow and vehicle accumulation generating in region i with
destination j at time t. V() denotes the set of neighbors of region i at time ¢. M}*(t) indicates the
internal trip completion rates in region i at time t. M, ij (t) represents the transfer flow originating
from region ¢ and destining for region j at time t.

Internal trip completion rates and transfer flows are derived as follows:

NU(t) F'(N'(t))
Ni(t) Lt

M) = 07
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M7 (t) = min |6} - ,Ch(NR(1)) -
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Figure 3: Grid network and demand distribution

where F(-) is the production MFD of region i, a function of the vehicle accumulation in region
i, Ni(t) = > jer N U (t). L indicates the average trip length corresponding to travel between
superscripts. 6 indicates the ratio of outflow from region ¢ with destination j to transfer neighbor
region h. Multi-region MFD estimates network traffic conditions based on the car flow and SAM
vehicle flow derived from mode choice and the dial-a-ride model.

3 EXPERIMENTS

A hypothetical 6 x 6 grid network is considered, with the cordon defined as 2 x 2 grid in the center,
where congestion charges are applied when crossing the cordon. An origin-destination matrix with
a 10 minute time interval is generated to account for urban traffic patterns, including congestion
within the cordon and peak-hour patterns. A grid network and demand distribution is represented
in Fig. [3] We assumed that the impacts of public transit on traffic flow is negligible, given its high
capacity.

Each traveler considers in-vehicle time, waiting time, and fare. In this experiment, the waiting time
for car is set to zero, while the waiting time for transit and SAM is set to 5 minutes. The transit fare
is fixed at €2.5. The SAM fare consists of a fixed fare of €4 and a distance-based cost of €0.4/km.
Travel speeds for private cars and SAM are determined based on the MFD, whereas the travel
speed for transit is fixed at 25 km/h. Mode choice parameters used in this study are presented
in Table [2| with the value of travel time for cars set to €12.5/h. The parameters associated with
SAM are based on (Huda et al.| [2023).

Table 2: Mode choice parameters

Parameter Transport mode | Value
vt Car -0.1
Transit -0.08
SAM -0.07
ﬂwait Car _
Transit -0.15
SAM -0.15
pBeost Car -0.04
Transit -0.04
SAM -0.04
Scale parameter | Generic 0.1

For the dial-a-ride model applied to the grid network, each zone has an area of 25km?, and & is set
to 0.63. The target average waiting time is 5 minutes. MFD production function is set to a three-
degree polynomial as 5.0 x 10~ "n3 —0.15n2 +50.0n (veh-km/h), where n indicates the accumulated
vehicles in region. Hyperparameter setting for the double deep-Q learning is presented in Table
similar to [Parishad et al.| (2025)).



Table 3: Hyperparameters for the double deep-Q network

Parameter Value
Number of iterations | 1,000
Replay buffer size 1,440
learning rate 1x10™*
Batch size 64
Discount factor 0.9

Reward

400 600

Episode

Figure 4: Episode reward

4 RESULTS

Fig. ] shows the training results of the agent, showing that the learning process becomes relatively
stable after 800 iterations. After training, the optimal congestion pricing policy derived by the
deep reinforcement learning agent is presented in Fig. [5| yielding a lower reward compared to the
scenario without congestion pricing (Fig. @ Although peak hour demand is slightly higher in the
morning, the longer duration of the peak period leads to higher congestion charges compared to
the morning peak.

5 APPLICATIONS: IMPACTS OF SAM ON CONGESTION PRICING

Fig. [7] presents the travel demand for SAM and the corresponding vehicle flow in the network,
estimated by the dial-a-ride model. To maintain an average waiting time of less than 5 minutes,
about half of vehicles are deployed compared to demand. In particular, during the morning peak
hour, when demand is most concentrated, vehicle relocation becomes more active to efficiently
meet demand while limiting the increase in total number of deployed SAM fleets.
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Figure 5: Congestion charges by time-of-day
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Figure 6: Comparison of reward under scenarios with and without congestion charges by
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Figure 7: The number of SAM vehicles by fleet status and demand

Fig.[8|describes the average mode share and the total traveled distance of cars and SAM under sce-
narios with and without SAM. Since the introduction of SAM absorbs transit trips, total traveled
distance increases under SAM, consistent with 2026). Furthermore, although the num-
ber of SAM vehicles is lower than SAM demand, SAM vehicles are continuously operating unlike
private cars, thereby affecting network conditions more substantially than private cars (Fig. E[)

6 CONCLUSIONS

This paper proposes a deep reinforcement learning framework to dynamically adjust congestion
pricing under SAM. To capture mixed traffic conditions between private cars and SAM, we in-
tegrated a MFD with a dial-a-ride model. The result shows that the proposed framework can
effectively adjust congestion pricing. Furthermore, application results reveal that SAM influences
congestion pricing by increasing the number of vehicles, consistent with previous studies based on
agent-based simulations with higher model complexity and computational cost
Kaddoura et al., 2020; [Simoni et al., 2019).
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Figure 8: Mode share and traveled distances under scenarios with and without SAM
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Figure 9: Average vehicle speed under scenarios with and without SAM

Despite these contributions, the proposed framework has some limitations. First, since the model
is not a path-based, it is challenging to fully capture the effects of congestion pricing. Furthermore,
the proposed framework share the limitations of the dial-a-ride model. In particular, the spatially-
extended dial-a-ride model is limited to a passenger capacity of one due to the complexity of
accommodating multiple passengers. These limitations can be addressed in future research. First,
a trip-based MFD could better represent network condition by explicitly modeling vehicle arrivals.
Second, the dial-a-ride model could be extended to accommodate multiple passengers.
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