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Abstract

Public transport has proven as an efficient and ecological solution to provide mobility to a large part of the society.
Disturbances can impede public transport operation and reduce user acceptance. Current disturbance management
strategies primary focus on minimising impacts on operational planning deeming passengers’ needs less important.
As a development step towards passenger-centred intermodal disturbance management system, we present a minimal
reinforcement learning example for transfer coordination. The environment builds up on the microscopic traffic sim-
ulator SUMO. While we consider reinforcement learning as a valuable approach to find novel solutions to passenger-
centred disturbance management in larger setups, the goal of this work is to demonstrate the applicability of this
method. To this end, it is applied in a small public transport network, demonstrating comparable performance to
that of a deterministic transfer coordination strategy.
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1. Introduction

Public transport (PT) is an efficient and ecological way to ensure the mobility of a possibly large part
of the population especially in urban environments. Unfortunately, PT journeys are exposed to risks of
disturbances. In case feeding vehicles are delayed, planned interchanges can break, resulting in increased
passenger travel time. Many existing works focus on the optimisation of operational metrics during major
disruptions Hayat (2010); Pender et al. (2013). In these events, disturbance mitigation can become a chal-
lenging task due to the extent of the disruption (e.g., mitigation options are limited if an entire network
section is flooded). Furthermore, passengers’ concerns during minor disturbances (e.g., missed connections
at interchanges) are treated less important compared to operational impacts. Still, even such disruptions
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can affect user experience and lead to lower acceptance rate Rocha et al. (2023), mitigating the efficiency
of PT.

The challenge of intermodal PT journeys Babić et al. (2022) can be addressed by a passenger-centric
intermodal disturbance management system (PC-IDMS). For the development of such PC-IDMS, regular
intermodal transport control system (ITCS) data are enriched with measured real-time passenger locations
via Bluetooth Low Energy (BLE) Hösch et al. (2024). Knowing passengers’ locations and destinations in
real-time is key to account for individual travel plans during disturbance management. By introducing
Reinforcement Learning (RL) into PC-IDMS we want to develop it as an assistant system, that expands the
action space of human dispatchers while keeping their workload reasonable. In this work, we address three
main challenges:

1. Firstly, passengers’ real-time locations, combined with ITCS, generate large volumes of data. RL is a
feasible approach for such data-intensive problems, as it prioritizes frequently occurring states while
downplaying rare ones – a principle proven effective in other applications like Vrbanić et al. (2023);
Gregurić et al. (2020).

2. We aim to find novel, innovative solutions relevant to PC-IDMS that have not been considered by
human dispatchers.

3. Finally, in this work, we focus on classical regular PT service Sommer and Saighani (2019), where
vehicles operate independently from the current demand. Therefore, we aim to answer the question
whether it is feasible to construct a minimal RL example (environment and agent), that can achieve
comparable performance with respect to deterministic approaches in a simple transfer coordination
task.

The remainder of this paper is organised as follows. Section 2 provides an overview of recent research
in the field of RL and PT disturbance management. Section 3 presents the methodology of the minimal
RL example. Results from this setup in a controlled simulation environment are provided in section 4 and
discussed in section 5. Finally, section 6 provides concluding remarks and an outlook for future work.

2. State of the art

Integrating passengers’ interests to increase the PT service level has gathered substantial interest over the
past few years. For example, Duarte et al. (2021) show that service level increases can be achieved by efficient
maintenance and management that is enhanced through customer participation. Customer satisfaction can
also be improved by increasing PT resilience. Methods to improve schedule reliability are summarised in
the concept suggested by Santos et al. (2020). Another approach consists of real-time operational control
strategies. From the plethora of control strategies presented by Gkiotsalitis et al. (2023), we apply transfer
coordination. As stated by Corman et al. (2012); Dollevoet and Huisman (2014), minimising both passengers’
missed transfers and vehicle delays in case of disturbance can become a complex problem in real-world
scenarios.

Vehicle holding is one of the most common control strategies for minor disturbances Desaulniers and
Hickman (2007). Generally, a holding strategy increases passenger travel time, so other operational control
means are necessary to mitigate this effect Rezazada et al. (2024). It can either be headway-based (aiming
for even headways) Cats et al. (2012) or schedule-based (aiming for schedule adherence) Berrebi et al. (2018).

RL is a machine learning paradigm for decision making under uncertainty. Applying it to PT disturbance
management requires the formulation of a Markov decision process (MDP) Yu et al. (2022). In comparison to
existing, rule-based approaches, RL can deploy real-time vehicle holding in a computationally more efficient
manner while considering network-wide effects Alesiani and Gkiotsalitis (2018). RL also proved to be effective
for online bus scheduling in cases when offline schedules become infeasible Liu et al. (2023). Similarly, RL
can adapt existing PT networks to changed demand conditions Yoo et al. (2023). Many real-time operational
control strategies, such as Wang (2023); Low et al. (2024) rely on multi-agent, rather than single-agent RL.
An essential feature of PC-IDMS is to incorporate passengers’ concerns. Modelling passenger satisfaction
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Fig. 1. SUMO implementation of the disturbance situation. A small delay of the feeding vehicle (pink bus) causes the passenger
travelling from A to miss the connecting vehicle (blue tram) during the interchange in H. Therefore, the destination B cannot
be reached.

Table 1. Travel itinerary of base line scenario: the connecting vehicle (tram) leaves the interchange hub H on time. Therefore,
the passenger misses the connection at the interchange and cannot reach the destination B.

Location Time [min] Vehicle Annotation
A 01:00 Bus (Feeding) Journey start
H 09:00 Bus (Feeding) Transfer at local hub
H 09:00 Tram (Connecting) Connection lost
B 10:00 Tram (Connecting) Tram on time

as MDP has been addressed by Chu and Guo (2023) in a single-agent and by Vikharev et al. (2019) in a
multi-agent RL system.

Deep neural networks approximating non-linear functions extend RL to deep RL Sutton (2018). Deep
RL can effectively apply holding control at an initial bus stop to dispatch buses according to the real-time
passenger demand Zhao et al. (2022). Several works rely on deep RL to model lane changing for autonomous
cars driving in mixed traffic. Activities focus on comparison to other algorithms Yao et al. (2024) and
different components of the reward function Karalakou et al. (2023). Modelling these multi-agent systems
with factor graphs provides a more realistic communication framework for asynchronous decision making
Troullinos et al. (2025). Integrating crowd-shipping tasks into a centralised vehicle network, deep RL can
outperform existing approaches Rodriguez et al. (2023).

3. Methodology

To demonstrate the feasibility of RL in the context of PC-IDMS, we implement the minimal example for
transfer coordination depicted in Fig. 1. Table 1 provides a synthetic travel itinerary of the passenger in
the baseline situation (without transfer coordination). We assume a small delay of the bus, so the passenger
misses the transfer to the tram, if it leaves on time. We built this scenario in the simulator SUMO (Simulation
of Urban Mobility, Lopez et al. (2018)). To keep computational requirements low, this SUMO scenario is
limited to the three mentioned entities (two PT vehicles and one person).

3.1. Reinforcement Learning Task

We define the problem as an episodic task. Initially, passenger and bus are at location A. An episode
terminates if the passengers successfully reaches location B. If the passenger misses the connection at H,
B cannot be reached and the episode ends after 900s (max. number of time-steps). The initial state of the
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next episode does not depend on the terminal state of the current one. We model the dispatcher of the
local transport provider as a single RL agent. The agent’s goal is to learn the optimal departure time of the
connecting vehicle, that minimises the passenger’s travel time.

3.2. Markov Decision Problem

The MDP has the properties state, actions and reward ⟨S , A,R⟩ Sutton (2018). For S , we assign each of
the k = 23 PT stops inside the SUMO network with a unique integer value. The discrete state space consists
of the passenger’s p and the tram’s t next stop.

S = {(p, t)|p ∈ {0, 1, ...,N − 1}, t ∈ {0, 1, ..., k − 1}} (1)

The discrete action space is defined by two possible actions: Action 0 causes the tram to leave H immediately.
Action 1 postpones the tram’s departure, imposing a holding interval of 60 s as the shortest time entity used
for scheduling (PT schedules usually don’t use time information in the order of seconds).

A = {0, 1} (2)

Actions can only be selected if the tram has already entered the network and has the connecting stop H
downstream. Since too frequent action changes can introduce noise, we add an action skip interval ia,s, which
restricts the agent to select actions only at discrete time-steps after ia,s. We define the reward function as
follows.

R =



200 + ts,r passenger arriving at B
−100 passenger waiting at H on episode termination
tn,i − tn,w + dn,i else

(3)

Parameter ts,r is the remaining simulation time, tn,i the normalised interchange time, tn,w the waiting time,
and dn,i the normalised walking distance between passenger and connecting vehicle at the interchange hub.
Introducing ts,r into the first case encourages the agent to minimise the delay of the connecting vehicle even
if the connection is ensured.

3.3. Reinforcement Learning Agent

We implement a tabular actor-critic RL agent as introduced in (Sutton, 2018, chap. 13.5), outlined in
algorithm 1. The combination of actor and critic enables learning a policy (regulation to map states to
actions, learned by the actor) and the value function (assigning a value to each state, learned by the critic)
at the same time. As the state space is relatively small and discrete (size= 23×23), policy and value functions
can be represented directly instead of using function approximation. Finally, the transition function P depicts
how the agent’s actions affect the state. In our case, P is governed by the behaviour of the SUMO simulation.
The interaction to the environment is realised via the TraCI API.

4. Results

We train the RL agent for 200 episodes. The computation time on a 13th Gen In-
tel(r) Core(TM) i7-1370P CPU amounts to 4 minutes. We choose a random seed value at
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every new episode. The passenger’s walking speed is ad-
justed to a value between 2 and 7 km/h following a uniform
random distribution at every time-step. Traffic lights op-
erate in fixed phases. We parametrise the agent by setting
both actor αθ and critic αw learning rates to 0.1. The action
skip interval ia,s = 10s was deemed to be the most promising
value from the initial experiment set of {10, 30, 60} s.

Fig. 2 depicts the return (sum over all rewards in one
episode). All return values are smoothed over 20 episodes.
Because the RL training process can be highly stochastic, we
average the return over 100 iterations. The figure illustrates
the lower return limit of a successful episode at 72 (dotted
line) and the upper return limit of an unsuccessful episode
at −168 (dashed line). Within the first 25 episodes, returns
are low with narrow deviation but improve quickly. In most
episodes, returns keep rising until they reach a plateau at
a mean return value of 100 at episode 75. We also observe
an increasing standard deviation from episode 25 onwards.
Overall, 78 training episodes terminate successfully result-
ing in a mean final return of 111.

After training, we test the RL agent by performing 100

Algorithm 1 Actor–Critic Update Algorithm
Input: policy π(a|s, θ)
Input: value estimate v̂(s,w)

1: for each episode do
2: Initialise S , cs ← 0
3: while S not terminal do
4: cs ← cs + 1
5: if cs = ia,s then
6: cs ← 0
7: A ∼ π(·|S , θ)
8: Take A, observe S ′, R
9: δ← R + v̂(S ′,w) − v̂(S ,w)

10: w← w + αw · δ
11: θ ← αθ · δ
12: S ← S ′

13: end if
14: end while
15: end for

episodes in the training setup. We compare the performance of the RL agent to a deterministic approach,
that holds the tram for 119 s after the arrival of the bus. Fig. 3a shows the departure delay of the tram at
H.

The RL agent’s transfer coordination strategy results in a departure delay between 89 and 123 s with a
median value of 100 s. The dashed line indicates the departure delay assigned by the deterministic policy.
We measure the passenger travel time as the time between beginning the trip at A and terminating it at
B. At all knots (A, B and H), the passenger has to cover short walking distances, that influence the travel
time. Fig. 3b depicts the box plots of the passenger travel time for both (RL and deterministic) transfer
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Fig. 2. Average return (sum of all rewards in one episode) over all 200 training episodes. Values are averaged over 100 iterations.

coordination strategies. Surprisingly, despite the higher departure delay, the deterministic approach achieves
a slightly lower median passenger travel time than the RL approach. Both box plots are skewed positively
(the majority of values is low). The median values of the deterministic (765 s) and the RL (769 s) differ only
slightly.
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Fig. 3. Evaluation of RL-based transfer coordination based on departure delay (panel a) and passenger travel time (panel b).

5. Discussion of the results

5.1. Training progress

The increasing standard deviation in Fig. 2 from episode 25 onwards indicates that in some training
runs, the RL agent learned a suboptimal policy. This suboptimal policy holds the tram until the end of an
episode, so the passenger cannot reach the destination. The policy can surpass the lowest possible return,
because it maximises the immediate reward during the interchange (see third case in equation 3). It remains
suboptimal because the final goal is never reached. Such behaviour is a risk resulting from reward shaping
(rewarding intermediate goals). It could potentially be counteracted by discounting future rewards Sutton
(2018), which leads the agent to focus more on long-term return rather than immediate reward. Adapting
the reward function to sparse rewards only (first two cases in equation 3) would decrease sample efficiency
though.

An optimal policy can be learned in 78% of all training runs within 200 episodes (4 minutes computation
time on a CPU). We conclude, that the RL agent was able to efficiently handle the data volume and find
an optimal solution in most cases. Since states in unseen events were not part of the evaluation, we cannot
assess the RL agent’s capabilities to generalise to states that have not been part of the training process.
With a potentially more complex RL environment, also computational requirements will increase in future
implementations.

In particular, the reward function should be designed to model the RL agent’s goal while still leaving
room to explore novel solutions. “Thinking outside the box“ is one of the key motivations to apply RL
to PC-IDMS. Since the problem is limited in this minimal example, RL did not find novel solutions to
the transfer coordination problem. Instead, the strict boundaries of the RL environment were designed to
demonstrate the capabilities of the RL agent to learn a conventional transfer coordination strategy. We thus
leave the opportunity of finding novel, innovative solutions to future RL approaches relevant to PC-IDMS.

5.2. PC-IDMS evaluation

From the almost symmetric appearance of the box plot in Fig. 3a, we conclude that the RL agent learned to
adapt the tram’s departure time to the (uniform random) walking speed of the passenger. We can see that
the RL agent outperforms the deterministic solution in almost all tested cases. This strong performance
results, inter alia, from an information advantage of the RL agent. The reward function 3 includes the
distance between passenger and tram at H. This information is not part of the deterministic solution. Still,
it is impressive that the RL agent can learn a policy in 200 episodes, that can minimise the tram’s delay to
only 75% in some cases, compared to the deterministic approach.
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The lower passenger travel time achieved by the deterministic approach in Fig. 3b is governed by a traffic
light in front of the destination B. Following a fixed-time phase plan, this traffic light usually shows green
when the tram approaches according to deterministic transfer coordination. The tram can then pass the
traffic light with maximum velocity, minimising its travel time between H and B. In contrast, the earlier
departure time in H assigned by the RL agent causes the tram to stop at the traffic light. Waiting for the
green phase and accelerating again requires more time (in the order of seconds) than passing the traffic
light with maximum velocity. The large extent of the upper whisker in the deterministic approach results
from the random walking speed of the passenger. Despite the slightly higher travel time achieved by the
RL approach, we can conclude that the RL training was successful. The positive skew of the RL box plots
indicates that the RL agent learned that a low passenger travel time is desirable.

5.3. Limitations of the simulation environment

In this minimum example, we assigned a random walking speed at each time-step to the passenger to
introduce randomness. In practice, this is not a realistic approach. Instead, more realistic walking speeds
could be assigned at the beginning of an episode following a Gaussian distribution. An action skip interval of
ia,s = 10s is lower than the time intervals most transport providers adapt their real-time operational means
in. In practice it would not be feasible to send (possibly contradictory) operational instructions to the PT
drivers in an interval of 10 s. While the main idea of PC-IDMS is to integrate passengers’ concerns into real-
time disturbance management, this minimal example ignores this specific concern of transport providers.
Consequently, to make the presented framework applicable to multiple passengers and vehicles, the state
representation (equation 1) and reward function (equation 3) would need significant adaptions. To evaluate
the generalisation ability of the RL agent, additional testing in an unseen environment would be necessary.

Despite the pointed out shortcomings, the presented RL framework achieved decent results already after
200 training episodes and outperforms a deterministic transfer coordination strategy. By demonstrating
comparable performance of RL in this minimal example, we are confident to find relevant solutions for even
more complex problems in the future.

6. Conclusion and Outlook

With this minimal example, we substantiated our claim that RL can find a transfer coordination strategy
which outperforms a deterministic approach. Though this achievement partially results from an information
advantage, we demonstrated that RL is a suitable method for PC-IDMS. The RL agent learned an optimal
policy in 78% of the training runs. The implementation could be adapted towards scalability to larger
networks and a more realistic simulation environment. Also, more operational means could be incorporated.
With these features, RL can find innovative solutions to PC-IDMS, which can minimise disturbance effects
from passengers’ point of view and contribute to passenger satisfaction and user acceptance in PT.
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