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Abstract

Reinforcement learning-based traffic signal control (RL-TSC) has emerged as a promising approach for improving
urban mobility. However, its robustness under real-world disruptions such as traffic incidents remains largely
underexplored. In this study, we introduce T-REX, an open-source, SUMO-based simulation framework for

training and evaluating RL-TSC methods under dynamic, incident scenarios. T-REX models realistic network-level
performance considering drivers' probabilistic rerouting, speed adaptation, and contextual lane-changing, enabling
the simulation of congestion propagation under incidents. To assess robustness, we propose a suite of metrics that
extend beyond conventional traffic efficiency measures. Through extensive experiments across synthetic and real-
world networks, we showcase T-REX for the evaluation of several state-of-the-art RL-TSC methods under multiple
real-world deployment paradigms. Our findings show that while independent value-based and decentralized
pressure-based methods offer fast convergence and generalization in stable traffic conditions and homogeneous
networks, their performance degrades sharply under incident-driven distribution shifts. In contrast, hierarchical
coordination methods tend to offer more stable and adaptable performance in large-scale, irregular networks,
benefiting from their structured decision-making architecture. However, this comes with the trade-off of slower
convergence and higher training complexity. These findings highlight the need for robustness-aware design and
evaluation in RL-TSC research. T-REX contributes to this effort by providing an open, standardized and reproducible
platform for benchmarking RL methods under dynamic and disruptive traffic scenarios.
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1 Introduction

Traffic congestion continues to be a global challenge for
urban mobility, causing economic losses and reduced
quality of life. In 2024, Istanbul drivers faced the high-
est global delays, losing an average of 105hours in traf-
fic, a 15% increase from the previous year. In New York
City and Chicago, motorists lost 102 hours, amounting to
over $1,800 in lost productivity per driver. In total, U.S.
drivers lost more than four billion hours and $ 74 billion
annually to congestion [1]. Effective traffic signal control
is crucial for improving traffic flow, reducing delays, and
enhancing overall mobility.

Traditional traffic signal control methods, includ-
ing fixed-time, actuated, and adaptive systems such as
SCOOT [2], SCATS [3], and TUC [4], have long been
deployed in practice. While fixed-time control is simple,
it lacks responsiveness to real-time fluctuations. Actu-
ated control offers flexibility through local sensor input,
but its limited coordination across intersections hinders
overall network efficiency. Adaptive systems attempt
real-time coordination but often struggle with large-scale
disruptions and rapidly evolving traffic conditions [5].

Recent advancements in artificial intelligence have
positioned reinforcement learning (RL) as a powerful
alternative for traffic signal control (RL-TSC). RL agents
optimize signal policies by interacting with traffic envi-
ronments and learning long-term strategies that enhance
network-wide performance [6]. Unlike traditional meth-
ods, RL-TSC is adaptive to real-time dynamics and capa-
ble of discovering complex temporal patterns, making
it well-suited for managing urban congestion and emis-
sions. The growing availability of traffic data and com-
puting infrastructure supports RL-TSC as a promising,
scalable solution.

However, despite its theoretical strengths, RL-TSC
remains largely undeployed in real-world urban networks
[7, 8]. Most studies are constrained to simulated environ-
ments or historical datasets that do not capture real-time
uncertainties. These simulation setups frequently assume
stable traffic conditions, failing to reflect abnormal sce-
narios such as incidents, sensor errors, or dynamic
rerouting behaviors [9]. This disconnect between con-
trolled experiments and real-world complexities high-
lights the need for rigorous robustness evaluation in
RL-based traffic control.

Simulation environments play a central role in evalu-
ating traffic signal control methods prior to real-world
deployment. Classical simulators such as SUMO [10]
provide high-fidelity modeling of traffic dynamics, while
specialized platforms such as CityFlow [11] enable
scalable multi-agent reinforcement learning experi-
ments. Recent extensions, such as CityFlowER [12],
integrate machine learning models directly into simula-
tion to enhance behavioral realism, and frameworks like
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LibSignal [13] and LibSignal++ [14] support standard-
ized benchmarking and sim-to-real evaluation. However,
these platforms primarily focus on simulation efficiency,
learning integration, or benchmarking, and do not explic-
itly address robustness under incident-driven, network-
level disruptions, which remains largely underexplored.

In computer science, robustness refers to a system’s
ability to perform reliably under atypical or adverse
conditions [15]. In control theory, it implies insensitiv-
ity to parameter variations in a closed-loop system [16].
In reinforcement learning, robustness entails coping
with environmental uncertainty while using all available
information [17]. In urban traffic systems, uncertainties
arise from fluctuating demand, sensor errors, accidents,
weather, and other unpredictable disruptions. These
changes can significantly alter traffic dynamics, posing
major challenges for RL-TSC systems, which often fail to
generalize outside their training distribution.

We define:

Definition 1 Robustness in Reinforcement Learning-
Based Traffic Signal Control (RL-TSC) is the system’s
ability to maintain stable and efficient performance under
dynamic, uncertain, and adversarial conditions in the traf-
fic network and infrastructure. A robust RL-TSC system
should adapt to and generalize across diverse and unpre-
dictable scenarios, including traffic demand fluctuations,
incidents, sensor failures, and environmental disruptions,
while ensuring safety, efficiency, and stability in signal
control decisions.

A growing body of research has investigated ways to
enhance robustness in RL-TSC. Since RL methods rely
on accurate traffic state information, sensor failures
caused by hardware faults, data loss, or detection noise
can significantly disrupt policy performance. The more
complex the state representation, the more sensitive the
RL controller becomes to such failures. Several studies
tackle this issue directly. Rodrigues and Azevedo [18]
simulate sensor failures and use state aggregation, drop-
out-based training, and historical patterns to improve the
resilience of traffic signal control at a single intersection.
Shi et al. [19] introduce RGLight, which leverages graph
neural networks (GNNs), distributional RL, and policy
ensembles to maintain stability under incomplete or
noisy inputs. Jiang et al. [20] propose a dual-policy sys-
tem that switches between a standard RL controller and
a cyclic fallback policy depending on observation quality.
Other works adopt transfer learning and generalization
strategies to improve adaptation to degraded or uncer-
tain sensor inputs [21-23, 24].

Beyond sensing issues, demand fluctuations intro-
duce additional stochasticity. Daily patterns, events, and
unexpected congestion can cause non-stationary traffic
distributions. Rodrigues and Azevedo [18] demonstrate
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RL-TSC resilience to sudden demand surges at a single
intersection, provided that the model has been exposed
to such scenarios during training. Shi et al. [19] extend
this to larger networks (e.g., Luxembourg and Manhat-
tan), confirming improved performance under traffic vol-
atility compared to baseline RL-TSC approaches.

More disruptive are traffic incidents, which can block
lanes or intersections, triggering sharp shifts in traffic
flow. Rodrigues and Azevedo [18] model incidents by
halting vehicles or reducing lane availability. Their find-
ings show that RL policies trained with incident expo-
sure are more resilient than conventional baselines.
Zeinaly et al. [25] simulate vehicle stoppages at varying
distances and confirm that RL agents can maintain learn-
ing stability. Similarly, Aslani et al. [26] use the AIMSUN
simulator to model lane blockages in Tehran and find
that actor—critic methods, an advanced form of RL, out-
perform traditional approaches such as Q-learning and
SARSA in managing such disruptions. However, most of
these incident models remain localized, affecting only a
single intersection or link, and ignore the network-wide
spillover effects typical of real-world incidents. Disrup-
tions often propagate due to rerouting, queue spillback,
and congestion shockwaves, creating a systemic perfor-
mance collapse across multiple intersections. Current
RL-TSC research rarely addresses this full-network chal-
lenge. Moreover, while sensor failures and demand varia-
tions can be easily introduced as noise or data masking,
realistic incident modeling causes distributional shifts
in both traffic patterns and driver behavior, presenting a
unique and underexplored challenge.

To address this gap, we introduce T-REX (Traffic sig-
nal control framework for Robustness Evaluation under
eXtreme scenarios), a benchmarking framework for
evaluating RL-TSC methods under disruptive traffic
events. T-REX is designed to simulate network-wide dis-
ruptions by incorporating state-of-the-art traffic models
that capture dynamic rerouting, speed variations, and
lane-changing behaviors in response to incidents. By pro-
viding a reproducible and open-source platform, T-REX
facilitates the comprehensive evaluation of the learning
stability, robustness, and transferability of RL methods
under various traffic uncertainties. While previous RL
studies often rely on diverse evaluation protocols and
metrics, this lack of standardization has led to incon-
sistent results and limited reproducibility [27]. T-REX
addresses this critical limitation by offering a principled
and standardized framework for the reliable assessment
of RL-TSC methods.

Our key contributions are summarized as follows:

+ We present T-REX, an open-source framework that
simulates traffic networks under incident scenarios,
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enabling systematic, network-level evaluation of
control robustness.

+ We define a unified set of robustness metrics tailored
to RL-TSC, extending beyond conventional traffic
efficiency indicators to capture multiple dimensions
of control robustness.

+ We benchmark several state-of-the-art RL-TSC
methods and show that robustness is highly context-
dependent, with explicit incident awareness being
essential for generalization across different network
settings.

The remainder of this paper is organized as follows. Sec-
tion 2 describes the proposed T-REX framework, detail-
ing its architecture and key modules designed to simulate
vehicle behavior under incident conditions. Section 3
outlines the traffic networks, RL-TSC methods evaluated,
parameter configurations, and the robustness metrics
used. Finally, Sect. 4 presents the experimental setup and
results of our comparative analysis, focusing on learning
performance, testing performance and generalization,
transferability and adaptation of RL-TSC methods.

2 Methodology

2.1 Problem definition

Traffic signal control in urban networks involves dynami-
cally selecting signal phases at intersections to minimize
vehicle delays and congestion. The control decisions
rely on data collected from traffic sensors, which pro-
vide partial and local observations of the current traffic
conditions. The problem becomes more complex in the
presence of incidents (e.g., lane blockages), which disrupt
normal traffic patterns and introduce uncertainty in traf-
fic flow.

We model traffic signal control under incident sce-
narios as a Decentralized Partially Observable Markov
Decision Process (Dec-POMDP), defined by the tuple
M =(8,A,P,R,{2,0,v,N), where IV is the set of signal-
ized intersections, each controlled by a decentralized
agent. At each time step ¢, the global traffic state is s, € S,
and each agent receives a local observation o} = O(s;)
based on its intersection’s traffic conditions and current
phase. Each agent selects an action a! € A, a predefined
signal phase, applied for a fixed duration.

Traffic incidents are introduced at randomly selected
edges e' € E, blocking lanes I C L; approaching inter-
section . The incident duration d and start time ¢, are
drawn from predefined distributions D and U, respec-
tively. The transition function P(s;;1|s;,a;) models the
evolution of the traffic network, capturing both regular
flow and incident-related disruptions, such as rerout-
ing, speed reduction, and lane-changing behavior. These
dynamics are simulated using the T-REX framework,
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providing a realistic and data-driven representation of
incident impacts.

The reward function R(s;,a;) defines the immediate
feedback received after taking joint action a; in state s,
reflecting traffic performance objectives such as mini-
mizing congestion, delay, or queue length. (2 denotes the
observation space from which each agent’s local observa-
tion o} is drawn, and ~ € [0,1) is the discount factor that
balances immediate and future rewards.

Each agent aims to minimize congestion and delay
through the reward function R. The goal is to learn an
optimal joint policy:

LCHEY | EACHED) (1)

ieNn

that maximizes the expected discounted return:

Im=Ern D) v’r}] : ©)

t=0 ieN

where 6; denotes the parameters of agent ’s policy, and
7 is the trajectory over states and actions. Since learning
a centralized policy over the joint state-action space suf-
fers from the curse of dimensionality, we instead learn
a decentralized policy 7 = {m;};cn, where each agent
independently maximizes its own long-term cumulative
reward.

In this work, the above Dec-POMDP formulation
serves as the underlying decision-making model imple-
mented within the T-REX framework. T-REX provides
the simulation environment that instantiates the transi-
tion dynamics P, observation function O, and reward
function R through realistic traffic modeling. This inte-
gration allows reinforcement learning agents to be
trained and evaluated under diverse incident scenarios,
facilitating systematic assessment of robustness and gen-
eralization across network conditions.

2.2 Overall framework

T-REX is designed as a complementary framework that
explicitly models incident-driven, non-stationary disrup-
tions and enables systematic robustness evaluation at the
network level. It operates as an offline simulation plat-
form for analyzing traffic signal control under incident
scenarios, supporting the training and evaluation of con-
trol policies, particularly reinforcement learning-based
methods, by incorporating realistic disruption mecha-
nisms such as lane blockages, probabilistic rerouting,
and speed adaptation. Beyond RL, T-REX also enables
the evaluation of alternative traffic management strate-
gies, sensor configurations, and control logics in a con-
trolled and reproducible environment. In this study, we
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use T-REX to systematically train and evaluate RL-TSC
methods under incident conditions. A schematic over-
view of the framework is provided in Fig. 1.

Built on the open-source SUMO simulator [10], T-REX
comprises four main modules: Network Environment,
Initializer, Deployment, and RL Interaction. The Network
Environment module forms the SUMO-based simulation
core, initializing the scenario with network layout, vehicle
routes, signal plans, and vehicle attributes. The Initializer
defines incident parameters, either user-defined or ran-
domly generated, including location, duration, blocked
lanes, and start time. The Deployment module injects
incidents into the simulation and adjusts vehicle behavior
accordingly, such as rerouting, lane changes, and speed
adaptation. The RL Interaction module enables real-time
communication between agents and the simulation,
transmitting traffic states and rewards while receiving
control actions (signal phases).

The modular architecture of T-REX facilitates exten-
sibility and integration with external data sources. Users
can define new incident types by specifying attributes
such as affected edges, blocked lanes, severity levels,
start times, and durations through configuration files or
Python interfaces. The incident-generation component
supports both deterministic and stochastic parameters,
enabling diverse scenario definitions without modifying
the core framework. This modular design also enables
T-REX to be adapted to other traffic simulators with
compatible interfaces, as the incident modeling and eval-
uation pipeline are decoupled from the underlying simu-
lation engine.

In addition, T-REX can be coupled with external data
feeds via the TraCl interface or custom APIs, allowing
real-time event injection or replay of historical incident
records. For example, traffic management systems or data
services can dynamically trigger incidents during simula-
tion based on real or synthetic data streams. While spe-
cific numerical results may vary depending on simulator
characteristics and calibration, the qualitative findings
regarding robustness under incident-driven, non-station-
ary disruptions are expected to generalize across simu-
lation environments. This design ensures that T-REX
serves not only as an offline benchmarking platform but
also as a foundation for online, data-driven traffic man-
agement and digital-twin applications.

2.3 Incident definition and deployment

Traffic incidents, such as collisions, roadwork, or severe
weather, are unexpected events that disrupt normal traf-
fic flow by blocking part of a road for a certain duration.
Although SUMO is widely used for traffic simulation, it
lacks built-in support for modeling such incidents. Exist-
ing workarounds typically involve stopping vehicles,
altering traffic light phases, or reducing road capacity



Nguyen et al. European Transport Research Review (2026) 18:85

Page 5 of 24

Traffic network

Vehicle routes

Traffic signal

Vehicle attributes

Network environment

. ;
; :
. :
I :
i Traffic Network !
. Environment !
1 1
. :
; 1
1

' RL interaction
(RESCO)

States (waiting time,
queue, speed, etc.)

1
1
1
1
1
1
1
1
1
Rewards (waiting :
time, pressure, etc.) '
1

1

1

1

1

1

1

1

1

1

1

1

Simulation Interface

Multi RL agents

Signal phases

Incident edge

Incident simulation

Rerouting
model

Rerouting path

Incident duration

Incident

Incident position

Blocked lanes

Lane change
setting

I

[ Routing algorithm |-

[ |__Fixed time information _|!
= L[ Fixed place information |:

1
} Online sources I:

]

Incident
awareness

Observation I:

1
1
1
1
1
1
1
:
)
—'L- Triggering
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

C—1 Incident-related modules 1 RL components

Fig. 1 Schematic overview of the T-REX framework

or speed limits [28, 29]. However, these approaches are
limited: capacity or speed reductions lack realism, traf-
fic light manipulation cannot simulate mid-edge dis-
ruptions, and manually defining affected areas becomes
impractical for large or randomized networks. Further-
more, stopping vehicles using predefined routes fails to
support stochastic or on-the-fly incident generation,
making it unsuitable for RL training. Fixed-duration
incidents also fail to capture the variability of real-world
clearance times.

To address these limitations, we propose an online
incident deployment method using TraCI (Traffic Con-
trol Interface). Incident parameters are defined in the
Initializer module, supporting both user-defined and
random generation. Each incident is specified by its edge
ed € E, position p, blocked lanes | C L;, start time fy,
and duration d. For randomized deployment, the number
of blocked lanes is sampled from a uniform distribution
l ~ Uu(1,1,), where 1, is the number of lanes on edge e,

Starting time speed | " Driver sight distance |!
: adjustment :
! | Incident Tane-changing :
Initializer . Deployment { . |.
I Network configuration 1 Incident information 1] locident:1slated

configuration

and the position p is sampled uniformly within the range
(10, x,), where x, is the edge length, and the 10-meter
buffer at each end prevents bugs in SUMO. The duration
d is sampled from a distribution D, and t,, is sampled
uniformly from U(tyarmups fend — 1200) ensuring incidents
start after warm-up and have sufficient time to affect traf-
fic before the simulation ends. Multiple incidents can be
configured to occur simultaneously.

Incident activation is managed by the Deployment
module, which introduces a flexible and precise mecha-
nism for simulating lane-blocking events. At the specified
start time f,, special “IC” vehicles are inserted at posi-
tion p on edge e to block designated lanes. If a vehicle
is already present, it is teleported to ensure consistency.
This approach provides exact control over incident tim-
ing and location, guarantees immediate blockage, and
supports randomized yet reproducible incident scenarios
during RL training.
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As mentioned in Sect. 2.2, this study focuses on apply-
ing T-REX for training and evaluating RL-TSC meth-
ods, where incidents are generated randomly. However,
T-REX can also be used to simulate and evaluate a wide
range of traffic management strategies at the network
level under incident conditions. Four major categories
of urban road incidents can be simulated by customizing
the configuration of T-REX, as listed below:

+ Vehicle accidents/collisions: simulated as full or
partial lane blockages caused by disabled vehicles;

« Stalled or broken-down vehicles: represented by
stationary obstacle vehicles on specified lanes;

+ Roadworks or planned closures: represented as
extended multi-lane blockages with configurable
duration;

+ Environmental or infrastructure failures: including
speed-reduction zones (e.g., fog, heavy rain) and
traffic signal malfunctions simulated by fixed-phase
or blackout control at selected intersections.

Details of possible configurations and the involved mod-
ules for each incident type are provided in Appendix B.

2.4 Simulating vehicle behavior under incidents

2.4.1 Rerouting model

Existing studies on RL-TSC under incident scenarios
generally do not incorporate vehicle rerouting into their
simulations. In earlier work on developing a SUMO-
based incident simulation,Smith et al. [28] proposed a
rerouting mechanism. However, their rerouting logic is
simplistic, as it reroutes any vehicle upstream of the inci-
dent edge if that edge appears in its planned route. This
approach does not accurately reflect real-world rerouting
behavior. In reality, rerouting is a far more complex phe-
nomenon. Drivers’ awareness of an incident is influenced
by various information sources, such as radio, navigation
systems, road signage, and direct observation. The tim-
ing and decision to reroute also vary greatly among indi-
viduals. Neglecting this complexity in simulation limits
the realism of traffic dynamics under incident scenar-
ios, which can lead to misleading conclusions about the
robustness and effectiveness of RL-TSC methods.

To more realistically simulate rerouting behavior in our
framework, we adopt the Information Comply Model
(ICM) [30] and implement it in SUMO using TraCl.
The ICM is built on three key assumptions. First, drivers
only consider rerouting once they become aware of the
incident, which depends on both direct observation and
external information sources. Second, drivers choose to
reroute to avoid the negative consequences of the event
and to benefit from expected lower travel costs. Third,
when rerouting, drivers aim for an optimal path based
on their estimates of actual and future travel costs, which
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may be influenced by other rerouting drivers, past expe-
riences, or predictive traffic information.

The ICM models driver behavior using two compo-
nents: an awareness model, which determines when and
how drivers become aware of an incident, and a rerouting
model, which governs the decision-making process for
selecting an alternative route.

The awareness model describes the mechanisms and
information sources that inform drivers about unex-
pected events. These sources include fixed-time informa-
tion (FTI), such as radio broadcasts and periodic TMC
updates; fixed-place information (FPI), such as roadside
Variable Message Signs (VMS); online sources (OS), such
as social media, websites, or mobile applications; and
direct observation (OB) of abnormal traffic conditions.

Once drivers become aware of an unexpected event,
the rerouting model is used to estimate the probabil-
ity that they will choose to deviate from their original
route. This probability is derived using a binomial logit
model, where the utility of rerouting is determined by
the expected gain and avoided loss associated with the
decision.

Further details on the ICM components are provided in
Appendix A.

2.4.2 Speed adaptation model

When a vehicle enters an edge affected by an incident,
drivers typically reduce their speed due to safety con-
cerns, weather conditions, and behavioral responses such
as rubbernecking [31]. Visibility, road geometry, weather,
and traffic density influence the extent of this slowdown.
In our simulation, we model this behavior through speed
adaptation based on the driver’s visibility of the incident
ahead.

We propose a novel method based on the concept of
Stopping Sight Distance (SSD) from road design guide-
lines [32] to determine the point at which a driver initi-
ates deceleration in our simulation. In this context, SSD
refers to the total distance a vehicle needs to come to a
complete stop, accounting for both the perception-reac-
tion distance and the braking distance. The perception-
reaction distance (m) is computed as:

dPRT =0.278 X V X t,

where V is the vehicle speed in km/h and ¢t = 2.5 seconds,
the standard reaction time recommended by AASHTO.
The braking distance (m) is given by:

VZ
dp = 0.039 X —,
a

with a=3.4m/sz, the recommended deceleration
rate. These values are standard AASHTO defaults,
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representing conservative assumptions suitable for
safety-oriented modeling. The total stopping sight dis-
tance is then:

SSD = dPRT + db'

Unlike conventional road design, where SSD is deter-
mined from the design speed, our framework computes
SSD dynamically based on each vehicle’s actual speed
at the moment it enters a route segment affected by an
incident. This reflects realistic traffic conditions in which
vehicle speeds vary due to congestion, signals, or geom-
etry. Speed adaptation is activated when the vehicle’s dis-
tance to the incident location becomes less than or equal
to its computed SSD, representing the point at which the
driver can visually perceive the obstruction and begins to
decelerate. In other words, SSD serves as both the visibil-
ity distance and the trigger threshold for initiating speed
reduction.

To model vehicle behavior near the incident, we incor-
porate principles from Move Over laws, which require
drivers to reduce speed or change lanes near station-
ary roadside vehicles [33]. We implement a conservative
reduced speed of 5 mph (approximately 8 km/h) when a
vehicle is within SSD of the incident, representing cau-
tious traversal of the affected edge.

2.4.3 Contextual lane-changing

In T-REX, we enhance the realism of lane-changing
behavior for vehicles affected by incidents by modifying
SUMO’s LC2013 model [34] via TraCl. Specifically, vehi-
cles are modeled to make early, strategic lane changes
in anticipation of downstream obstructions, reflecting
efforts to maintain route adherence and avoid blocked
lanes. The model also accounts for speed-seeking behav-
ior, where drivers shift to adjacent lanes perceived to
offer better flow conditions. Additionally, cooperative
interactions are included, allowing vehicles in neighbor-
ing lanes to yield space for merging vehicles when appro-
priate. The preference for keeping to specific lanes (e.g.,
the rightmost lane) is relaxed to prioritize incident avoid-
ance. These adaptations are dynamically triggered based
on a vehicle’s proximity to an incident: lane-changing
parameters are modified when a vehicle enters the SSD
range of a disabled vehicle and revert to default once the
vehicle has passed. This enables more anticipatory and
context-aware lane-changing behavior during disrup-
tions. Detailed settings for the lane-changing model are
presented in Appendix B.

2.5 Interacting with RL-TSC agents

As discussed in Sect. 2.2, this study presents a specific
application of T-REX as an environment for training and
evaluating RL-TSC methods in the presence of traffic
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incidents. To enable such learning, it is essential to have
a framework that allows RL agents to interact with the
traffic simulation, observing states, taking actions, and
receiving rewards. In this work, we adopt RESCO (REin-
forced Signal COntrol) [35] to facilitate communication
between the simulation environment and RL-TSC algo-
rithms. RESCO is a benchmarking toolkit developed
on top of SUMO and integrated with the OpenAI Gym
interface, enabling standardized training and evaluation
of RL-based control strategies. Specifically, at predefined
simulation intervals, RESCO allows the RL agent to
receive traffic-related observations via TraCI commands.
Based on these observations, the agent selects an action,
which is then applied through TraCl, after which the sim-
ulation advances by a fixed number of steps. The agent
subsequently receives a reward based on traffic perfor-
mance metrics, observes the new state, and updates its
policy accordingly. This interactive loop is repeated over
multiple episodes, allowing the agent to progressively
learn and refine effective traffic signal control strategies
under incident scenarios.

3 Computational Experiment

3.1 Traffic networks

To evaluate the robustness of RL-TSC methods at the
network level using T-REX, we focus exclusively on
multi-intersection traffic networks. Specifically, our
experiments are conducted on one synthetic network
and four real-world networks. The synthetic grid net-
work, adopted from Chen et al. [36], is a 4 X 4 intersec-
tion layout. The real-world network scenarios are based
on those used in the experiments of Ault and Sharon
[35], which draw from two well-established SUMO
benchmark scenarios: TAPAS Cologne [37] and InTAS
[38]. From TAPAS Cologne, we use two configurations:
the Cologne corridor, consisting of three intersections,
and the Cologne region, which comprises eight intersec-
tions. From InTAS, we use the Ingolstadt corridor, with
seven intersections, and the Ingolstadt region, which
includes 21 intersections. These scenarios represent
realistic urban traffic networks in two German cities,
Cologne and Ingolstadt, featuring actual road layouts and
calibrated traffic demand. Their inclusion enables us to
benchmark the performance of RL-TSC methods under
realistic conditions and compare them with prior studies
conducted in non-incident scenarios. Details of the traf-
fic intersections and corresponding network layouts are
provided in Appendix B.

3.2 RL-based traffic signal control methods and baselines

We evaluate a diverse set of RL-TSC methods, covering
both independent and coordinated learning paradigms
for network-level control. Each intersection is modeled
as an agent, with decentralized training preferred due
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to scalability constraints. The selected RL-TSC methods
include:

+ Independent Deep Q-Network (IDQN) is a multi-
agent RL method in which each agent independently
controls a single intersection without sharing
information with other agents. Convolutional layers
are used to aggregate lane-level traffic state features,
as described in Ault et al. [39].

+ Independent Proximal Policy Optimization (IPPO)
follows the same decentralized architecture as IDQN
but utilizes a policy gradient approach (PPO) instead
of value-based Q-learning. Including IPPO enables a
comparative analysis between value-based and policy
gradient methods under incident scenarios, two
foundational paradigms in reinforcement learning.

+ MPLight [36] is a decentralized RL method that
employs pressure-based coordination. It incorporates
queue pressure into the agent’s state representation,
allowing partial observability of neighboring
intersections. MPLight calculates Q-values for each
signal phase based on the phase competition concept
derived from the FRAP architecture [40]. Parameter
sharing across agents also enhances its scalability in
large-scale traffic networks.

+ Feudal Multi-agent Actor-Critic (FMA2C)Ma
and Wu [41] extends the state-of-the-art MA2C
framework [42], ) by introducing hierarchical
coordination via feudal reinforcement learning. In
this architecture, a set of intersection-level agents
(workers) operate under the guidance of regional
agents (managers), enabling coordination through
both local learning and top-down goal setting.

These methods are chosen for their diversity in learning
strategies and coordination levels. All have been validated
under non-incident settings [35,36,39,41], and we adopt
their open-source implementations for consistency.
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Further details on the MDP (Markov Decision Process)
of each RL-TSC method are presented in Appendix C.
We also include four traditional rule-based baselines:

+ Fixed-time control, where phase ordering and
durations follow a predefined cycle, based either on
real-world traffic signal plans or existing benchmark
settings (e.g., for the 4 X 4 grid from Chen et al. [36]).

+ Random control, which randomly selects a signal
phase at each decision step, providing a naive
baseline for comparison.

+ Max-pressure control, similar to the implementation
in Chen et al. [36], selects the phase with the
maximum pressure, defined as the difference
between upstream and downstream queue lengths.

+ Greedy control, as used in Ma and Wu [41], selects
the phase with the highest wave, where the wave is
measured by the number of approaching vehicles at
the intersection.

These rule-based baselines provide interpretable and
practical benchmarks for assessing RL-based methods.
They help determine whether the added complexity of
RL is justified and highlight where RL offers advantages,
such as adaptability to dynamic traffic patterns and resil-
ience to disruptions.

3.3 Simulation scalability and running time analysis

To evaluate the computational efficiency and scalability
of the T-REX framework, we conducted a runtime analy-
sis across multiple benchmark networks under both nor-
mal and incident conditions (two incidents per episode).
The evaluation was performed using the MaxPressure
control policy to ensure a consistent and lightweight sig-
nal control strategy. Each simulation was executed for
one hour of simulated time and repeated ten times to
reduce stochastic variability arising from vehicle genera-
tion and random incident initialization. Table 1 reports
the average runtime, real-time factor (RTF), simulation
speed (steps/s), and Average Vehicle Time in Simulation

Table 1 Average simulation runtime and scalability across different network scenarios using the MaxPressure controller (1-hour

simulation, averaged over 10 runs)

Scenario Condition N Vehicles Runtime (s) RTF Steps/s AVTS (s)
Grid4x 4 Base 16 1516 1.580 2278.000 227816 161.574
Grid4 x4 Incident 16 1516 3.009 1196.317 119.630 214.877
Cologne Corr. Base 3 2855 1.648 2183436 218344 75.38
Cologne Corr. Incident 3 2855 5316 677232 67.723 226.13
Cologne Reg. Base 8 2045 0.862 4175.635 417.564 108.775
Cologne Reg. Incident 8 2045 2.993 1202614 120.263 175.622
Ingolstadt Corr. Base 7 2220 1.895 1900.154 190.015 79.992
Ingolstadt Corr. Incident 7 2220 3448 1044.040 104.404 110.681
Ingolstadt Reg. Base 21 4269 12.319 292.222 29.222 572173
Ingolstadt Reg. Incident 21 4269 21.563 166.951 16.695 638.067
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(AVTS), which reflects both traffic demand and conges-
tion impacts in each scenario.

Results show that T-REX scales efficiently with both
network complexity and vehicle density. In smaller net-
works such as the Cologne Region (8 intersections, 2,045
vehicles), the framework achieved an RTF above 4,000
in the base condition, requiring less than one second of
wall-clock time per simulated hour. For medium-scale
configurations such as the Grid4x4 (16 intersections,
1,516 vehicles) and Ingolstadt Corridor (7 intersections,
2,220 vehicles), runtimes remained below 2 s in the
base condition, maintaining near real-time execution
performance.

As expected, introducing incidents increases run-
time due to the additional computational overhead from
rerouting, lane-changing, and speed adaptation behavior.
Across all networks, incident scenarios roughly doubled
or tripled the runtime compared to the base cases, with
RTF values decreasing from above 2,000 to around 1,000
on average. For example, in the Grid4x4 scenario, run-
time increased from 1.58 s (RTF 2,278) to 3.01 s (RTF
1,196) when two lane-blocking incidents were intro-
duced. A similar pattern was observed in the Ingolstadt
Region (21 intersections, 4,269 vehicles), where runtime
increased from 12.32 s (RTF 292) to 21.56 s (RTF 167).

Since SUMO updates each active vehicle at every simu-
lation step, computational load depends not only on the
number of intersections and generated vehicles, but also
on how long vehicles remain in the network. The AVTS
therefore reflects the number of vehicle updates required
per episode. We observe that scenarios with higher
AVTS values correspond to longer wall-clock runtimes
and lower RTF values, particularly under incident condi-
tions where congestion propagation increases dwell time
inside the network. This relationship confirms that run-
time grows with the dynamic vehicle count over time, not
merely static network or demand size.

Overall, the scalability trends demonstrate that
T-REX’s runtime grows approximately linearly with the
number of controlled intersections and sub-linearly with
total vehicle demand. Even in the largest tested configu-
ration, the simulation remained computationally trac-
table, requiring less than 25seconds of wall-clock time
to process one hour of traffic conditions. These findings
confirm that T-REX can efficiently support both small-
and medium-scale network studies, making it suitable for
large-scale reinforcement learning training and bench-
marking. Future work will explore distributed simulation
and GPU-based rollout computation to further enhance
runtime scalability for extensive urban networks and
real-time control applications.
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3.4 Evaluation metrics

Previous studies on RL-TSC have primarily focused
on conventional traffic metrics such as queue length,
travel time, and delay. While RL-TSC methods often
outperform traditional approaches on these metrics,
the comparisons are not always aligned with real-world
deployment challenges [8]. Notably, many studies report
best-case performance during training, which may not
reflect reliability or robustness. Strong simulation results
do not guarantee real-world effectiveness, especially for
RL algorithms that rely heavily on exploration and are
often sample inefficient.

In practice, real-world deployment of RL-TSC can fol-
low three main approaches: pre-training (training fully in
simulation), online learning (learning directly and exclu-
sively in the real world), and pre-training with continuous
learning (fine-tuning a pre-trained policy using real-time
data). For online and hybrid approaches, the learning
phase after deployment is critical, as real-time adapta-
tion affects both traffic efficiency and safety. Therefore,
the stability, convergence, and exploration cost during
training must also be considered in addition to final traf-
fic performance.

To capture these aspects, we evaluate learning behav-
ior using a set of empirical metrics that quantify stability,
convergence efficiency, and exploration cost. Each metric
is computed using the performance indicator, a general
traffic-level measure (e.g., average delay, queue length,
waiting time, and travel time) that is consistently defined
across all benchmarked algorithms. This choice is neces-
sary because each method optimizes a different reward
signal under distinct MDP formulations (see Appendix
C); thus, using internal reward values would not allow for
fair cross-method comparison. All reported results are
averaged over five random seeds, using a moving aver-
age window (5 episodes for value-based methods and 30
for policy-gradient methods) to smooth stochastic fluc-
tuations. We report the average over the top-performing
episodes, specifically, the best 10 consecutive episodes
for IDQN and MPLight, and the best 100 consecutive
episodes for IPPO and FMA2C.

3.4.1 Learning Stability Index (LSI)

RL training curves are inherently stochastic due to ran-
dom exploration, varying traffic demand, and incident
occurrences. Such fluctuations represent the cost of
exploration, which has direct implications for real-world
safety and reliability during online deployment. The LSI
quantifies the extent of these fluctuations, reflecting how
consistently a method improves over time:

T
> U 1)
t=1

LSI =

Sl
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where I; is the smoothed performance indicator at epi-
sode t and T is the total number of episodes.

A higher LSI indicates frequent or large variations in
learning performance, which may correspond to insta-
bility and higher exploration cost. However, we note that
LSI can also capture rapid performance changes asso-
ciated with fast learning, and thus may, in some cases,
conflate instability with steep improvement dynamics.
Therefore, LSI should be interpreted in conjunction with
the complementary metrics listed below, which together
provide a more comprehensive and reliable assessment
of learning behavior. By contrast, a lower LSI generally
reflects smoother and more stable policy adaptation,
which is desirable for online or hybrid learning scenarios.

3.4.2 Final Performance Deviation (FPD)

Deep RL methods often show non-monotonic learning
behavior and unstable convergence [43]. The FPD mea-
sures how closely the final training performance aligns
with the best performance achieved during training:

FPD = |Iﬁnal _Ibest|
Tpest ’

where I, and I are the final and peak values of the
smoothed learning curve. A low FPD implies that the
algorithm retains its best-learned performance toward
the end of training, while a high FPD indicates poor pol-
icy retention or regression. To reduce sensitivity to sin-
gle-episode noise, FPD is computed from smoothed and
averaged learning curves across multiple seeds.

3.4.3 Convergence Rate (CR)

The CR provides an empirical measure of how quickly
the training process stabilizes. Since TSC environments
are non-stationary, perfect convergence is rarely attain-
able; instead, CR reflects the time required for the learn-
ing curve to remain within a tolerance band of its final
stable performance:

1 .
=) lfIﬁnal < IO,
T. .
CR = == ifIﬁnal >IO,
c
0, otherwise,

where I, is the initial performance, Iy, is the final per-
formance, and T, is the episode when performance
remains within a threshold e of the final value. The
threshold € is tuned empirically for each scenario to
ensure robust detection despite stochastic noise. As
with FPD, CR is evaluated using smoothed and averaged
learning curves to avoid false threshold crossings due to
random fluctuations.

Page 10 of 24

3.4.4 Area Under the Learning Curve (AUC)
While final performance reflects asymptotic quality, the
AUC measures overall learning efficiency:

T

AUC=/ 1(t) dt.
0

A smaller AUC (for metrics where lower is better) indi-
cates faster improvement and better sample efficiency.
Unlike traditional RL evaluations where exploration cost
is often disregarded, here AUC intentionally incorpo-
rates the trade-off between early-stage exploration and
operational performance. This aligns with a practical
perspective: in real-world TSC deployments, exploratory
or random control actions can cause additional delays or
even unsafe traffic situations, conditions that are unac-
ceptable to traffic authorities Han et al. [8]. Hence, AUC
penalizes algorithms that require extensive exploration
to achieve good performance. To account for differ-
ences in convergence timescales between value-based
and policy-gradient methods, we further report the Rela-
tive AUC (RAUC). RAUC quantifies the relative change
in AUC of an RL-based TSC method under normal and
perturbed conditions, thereby serving as a comparative
metric for evaluating the robustness of different learning
approaches.

3.4.5 Relative AUC difference (RAUC)

To assess robustness under network disruptions or inci-
dent scenarios, we compare AUC values in normal and
perturbed conditions using the RAUC:

AUCg, — AUC,

RAUC = AUCG ,

where AUCg; and AUCg, are computed in the nominal
and perturbed environments, respectively. Lower RAUC
values indicate smaller performance degradation and
stronger robustness to external disturbances.

3.4.6 Performance Degradation Index (PDI)
Finally, to evaluate generalization across environments
(e.g., simulation-to-reality transfer), we define the Perfor-
mance Degradation Index (PDI) as:

Ig —Ig _ Alg

PDI = —IG =TI

where I and Ig, represent performance in training and
testing environments. A higher PDI indicates greater
performance loss when transferring to new or perturbed
settings, capturing the generalization capability of the
trained policy.
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Robustness in traffic signal control is closely related
to safety, particularly under incident scenarios where
unstable or inefficient control may lead to unsafe traffic
conditions. While the proposed metrics do not explicitly
measure collision-level safety, they capture system-level
effects that are closely associated with safety risks, such
as congestion buildup, unstable policy adaptation, and
prolonged exploration. Safety-aware RL approaches [44]
explicitly enforce safety constraints and can be evalu-
ated within T-REX to assess their robustness under
disruption.

3.5 Experimental setup

We conduct a series of experiments to assess the perfor-
mance of RL-TSC methods across multiple dimensions
of robustness. These dimensions, learning performance,
generalization, and transferability/adaptation, corre-
spond to key evaluation aspects that are critical under
different real-world deployment strategies of RL-TSC.
Across all experiments, we consider multiple traffic net-
works and include non-learning baselines for bench-
marking. Each traffic episode simulates 3,600seconds,
including a 100-second warm-up phase.

Experiment 1: learning performance. In this experi-
ment, we evaluate the learning performance of four RL-
TSC methods under both normal and incident scenarios
across various traffic networks. While real-world vali-
dation remains the ultimate goal, simulation provides a
controlled and reproducible environment to analyze the
learning behavior and convergence of different RL-TSC
methods, particularly under online training or continu-
ous adaptation scenarios.

Value-based methods (IDQN, MPLight) are trained
for 100 episodes, while policy-gradient methods (IPPO,
FMAZ2C), which generally require more extensive train-
ing, are trained for 1,400 episodes. Performance is mea-
sured using average queue length, travel time, waiting
time, and delay. Incident scenarios include two randomly
generated disruptions per episode to induce congestion
propagation, rerouting, and conflicting demand patterns.

Experiment 2: testing performance and generaliza-
tion. This experiment investigates the ability of RL-TSC
methods to generalize across environments without
additional training, a scenario representative of pre-
training deployment where real-world data is limited. We
evaluate three methods - IDQN, MPLight, and FMA2C,
by training them in one scenario and testing them in
another without further adaptation (i.e., zero-shot gen-
eralization). Due to overfitting observed during training,
IPPO is excluded from this experiment.

Specifically, we examine four training—testing combi-
nations: (i) training and testing in the base (no-incident)
scenario, (ii) training in the base scenario and testing
in the incident scenario, (iii) training and testing in the
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incident scenario, and (iv) training in the incident sce-
nario and testing in the base scenario. For each method,
we select the best policy based on the lowest average
travel time over ten consecutive training episodes and
evaluate it directly in the target test scenario.

Experiment 3: transferability and online adaptation.
This experiment evaluates how well RL-TSC methods
adapt to dynamic conditions under a deployment strat-
egy that combines pre-training with continued online
learning. Each method is first trained in a base sce-
nario without incidents and then transferred to an inci-
dent scenario, where training continues without model
reinitialization.

IDQN and MPLight are trained for 100 episodes per
phase (pre-transfer and post-transfer), while FMA2C is
trained for 1,400 episodes per phase to account for its
greater training complexity. The experiments are con-
ducted on both the synthetic Grid 4x4 network and the
real-world Ingolstadt Region network. We assess adapta-
tion and resilience by observing changes in average travel
time across the training and transfer phases.

4 Results and discussion

4.1 Experiment 1: learning performance

Table 2 presents the best performance achieved during
training for both the base (normal) and incident scenar-
ios. Bolded values indicate the best-performing RL-TSC
method for each metric. Using travel time as the primary
performance indicator, we compute the robustness met-
rics defined in Sect. 3.4, with the results summarized in
Table 3. These metrics include LSI, FPD, CR, and RAUC.
For all metrics, lower values indicate better performance.

Under normal conditions, RL-TSC methods gener-
ally outperform traditional baselines. For instance, in
the Ingolstadt Region, IDQN, representing independent
value-based learning, achieves 242.88seconds in travel
time, outperforming Fixed-Time (295.22s). This sug-
gests that even without inter-agent coordination, well-
structured local state representations and value-based
updates can yield effective control. Meanwhile, FMA2C,
which leverages hierarchical coordination through feudal
learning, performs best in the Cologne Corridor (88.35s),
showing that coordinated decision-making across lay-
ers enhances optimization in more complex urban
environments.

However, this advantage does not consistently carry
over to incident scenarios. In the Cologne Corridor,
MPLight, representing decentralized coordination using
pressure-based reward design, experiences significant
performance degradation, with travel time increasing
to 178.74seconds, falling behind Greedy (157.74s) and
Fixed-Time (116.94s). This suggests that while pres-
sure-based mechanisms can facilitate implicit coordi-
nation under stable conditions, they may be less robust
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Table 2 Performance of the investigated methods on training
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Grid Avg. Queue Avg. Travel time Avg. Waiting Avg. Delay

Base Incident Base Incident Base Incident Base Incident
Fixed-time - - 204.51 214.07 65.09 73.01 93.26 103.23
Random 2.56 2.85 24267 255.75 101.09 112.23 132.18 144.89
Max-pressure 0.61 1.09 160.14 181.75 23.11 42.50 49.06 70.27
Greedy 0.30 0.39 14541 160.78 10.96 24.28 34.51 4942
IDON 0.35 1.25 145.79 191.92 12.49 51.27 34.25 80.72
MPLight 0.60 1.14 160.38 187.01 2197 45.77 49.06 75.27
IPPO 211 3.25 223.95 271.16 84.49 128.70 113.34 161.01
FMA2C 1.94 232 215.75 23410 76.38 92.69 105.07 122.98
Cologne Cor.
Fixed-time - - 76.23 116.94 24.89 62.88 38.85 79.64
Random 6.96 9.00 140.65 203.31 82.85 14243 124.22 203.68
Max-pressure 4.38 7.95 128.94 190.10 78.98 138.62 95.32 165.51
Greedy 2.53 3.16 135.07 157.74 87.04 106.71 101.16 139.03
IDON 2.48 4.81 91.60 150.16 38.13 95.99 61.69 132.75
MPLight 511 6.46 111.00 178.74 54.87 124.70 89.84 169.90
IPPO 4.20 730 11453 189.66 62.04 13447 8241 172.51
FMA2C 2.89 4.85 88.35 126.96 37.30 73.61 53.92 101.58
Cologne Reg.
Fixed-time - - 114.51 12891 29.37 41.20 49.37 62.34
Random 4.69 4.81 166.97 17791 62.32 70.77 102.30 115.03
Max-pressure 0.61 0.98 91.77 107.97 8.63 2281 27.63 44,08
Greedy 0.30 034 84.89 9329 469 11.65 20.80 29.72
IDQN 0.39 0.81 86.37 101.60 5.96 17.50 22.34 37.58
MPLight 1.01 1.10 99.27 107.34 13.98 20.50 3512 42.88
IPPO 1.25 4.59 110.78 178.36 24.98 74.33 46.92 115.07
FMA2C 1.02 1.29 98.12 109.07 14.76 22.69 33.86 44.86
Ingolstadt Cor.
Fixed-time - - 116.91 175.84 48.07 101.25 73.01 131.62
Random 442 528 126.44 156.56 5215 79.54 94.50 13597
Max-pressure 1.35 223 79.79 1. 15.28 44.39 42.23 88.75
Greedy 1.81 219 100.58 120.19 34.60 53.10 77.38 105.83
IDQON 0.74 1.97 7243 103.34 10.22 37.02 35.29 75.94
MPLight 1.39 295 78.78 125.89 16.53 59.54 46.43 108.18
IPPO 1.29 3.71 104.19 132.52 3848 61.06 69.12 110.21
FMA2C 1.88 273 87.13 113.51 2248 4542 53.27 89.42
Ingolstadt Reg.
Fixed-time - - 29522 309.06 10241 114.40 150.12 163.15
Random 4.46 4.61 326.63 349.36 124.66 146.50 192.79 21846
Max-pressure 540 553 551.37 550.81 358.23 357.09 420.98 424.40
Greedy 2.26 2.50 301.70 33442 114.37 142.79 159.59 19227
IDQN 1.67 1.91 242.88 263.05 60.72 76.27 106.78 127.88
MPLight 3.14 3.36 284.65 306.57 92.14 110.18 147.40 169.86
IPPO 354 399 31040 337.09 115.26 14231 176.84 204.88
FMA2C 2.15 2.60 252.65 281.96 65.12 90.40 117.15 147.93

to sudden disruptions. Similarly, IPPO, as a representa-
tive of decentralized policy-gradient methods, under-
performs Greedy in the Ingolstadt Corridor (132.52s vs.
120.19s in travel time), indicating that its slower conver-
gence and higher variance may hinder responsiveness to
incident-induced dynamics.

In the synthetic Grid4x4 network, all RL-TSC methods
underperform relative to the Greedy baseline during inci-
dents. For example, IDQN’s travel time rises from 145.79
to 191.92seconds, while Greedy increases only modestly
from 145.41 to 160.78seconds. his behavior may reflect
the simplicity and regularity of the grid network, where
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Table 3 Learning performance metrics of RL-TSC methods
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Grid4 x4 LSl FPD CR AUC RAUC
Base Incident Base Incident Base Incident Base Incident
IDON 7.330 814.661 0.034 0.342 0.014 0.067 17050.706 21152.862 24.059
MPLight 7486 612472 0.007 0.346 0.013 0.080 17979.397 21173.720 17.767
IPPO 875.889 3001.635 2174 4.770 —0.0008 —0.001 665797.802 1241386.056 86451
FMA2C 19.838 330332 0.034 0.092 0.002 0.042 318017.798 351935.840 10.665
Cologne Cor.
IDON 7775667 114.436 1.543 1.179 0.059 —-0.013 13626.695 22531.990 65.352
MPLight 5695477 140.097 1.373 1.257 -0.014 -0.012 17114.030 24729.504 44.498
IPPO 10657.108 12242250 9.966 3621 —-0.007 —0.004 365325.553 219815.749 —39.830
FMA2C 8212.069 9967432 0.200 1.621 0.002 0.023 199662.804 279639.156 40.056
Cologne Reg.
IDON 51.853 656.083 0.009 0.169 0.013 0.029 10278.780 12223.445 18919
MPLight 511.220 676.036 1435 1173 -0.010 -0.010 13185.565 13442.965 1.952
IPPO 112498 1711.564 0.192 2.045 0.031 -0.002 183600.283 528496.517 187.852
FMA2C 90.924 516.186 0.020 0.024 0.001 0.001 164846319 190315.011 15450
Ingolstadt Cor.
IDQN 26.754 1840.784 0.017 0.579 0.013 0333 8676.864 13636.753 57.162
MPLight 104.527 5903.952 0.040 2457 0.015 -0.010 9182.465 19714.950 114.702
IPPO 62.338 4578.024 0.060 5111 0.033 -0.002 151446.714 783816.170 417.552
FMA2C 99.902 2152.070 0.030 0.065 0.001 0.002 140259.031 205025.106 46.176
Ingolstadt Reg.
IDON 2742.280 3805.556 0.330 0.038 0.110 0.615 26980.021 29725.092 10.174
MPLight 6286.990 4468.380 2.051 0615 —-0.010 —-0.013 41709.383 37294.750 —-10.584
IPPO 4725375 4386.292 4.140 1.716 -0.001 -0.002 1348850.585 1055946.293 -21.715
FMA2C 6918328 3211.393 0407 0.156 0.250 0.003 427084.614 467161467 9.384

independent control and uniform topology limit the
advantages of adaptive RL policies.

Robustness metrics reveal significant degradation in
learning performance under incidents. IDQN, as an inde-
pendent learner, suffers from the most volatile behavior:
its LSI in Grid4x4 spikes from 7.33 to 814.66, and its
RAUC reaches 24.06%, indicating instability in adapt-
ing to dynamic disruptions. IPPO exhibits a similar pat-
tern, with a RAUC of 417.55% in the Ingolstadt Corridor,
underscoring the challenges of sample inefficiency and
sensitivity in policy gradient methods. Negative CR val-
ues, such as IDQN’s drop from 0.059 to —0.013 in the
Cologne Corridor, further indicate convergence failure
in turbulent environments. These issues are also reflected
in MPLight’s performance, highlighting limitations of
pressure-based coordination when facing non-stationary
disruptions.

Among all evaluated methods, FMA2C consistently
demonstrates the highest robustness. It maintains low
LSI and FPD values and achieves the lowest RAUC in
several networks - for example, only 9.38% in the Ingol-
stadt Region. Its hierarchical architecture allows for
structured cooperation: high-level agents adapt strat-
egy while low-level agents manage local actions, provid-
ing resilience to large-scale disturbances. However, this
robustness is offset by slower convergence and sample
inefficiency. For instance, FMA2C’s CR values remain

low across networks (e.g., 0.001 in the Cologne Region),
reflecting the cost of learning coordinated behavior. This
trade-off suggests that while hierarchical RL is well-
suited for complex, disruption-prone networks, its use in
real-time systems may be limited by the need for random
exploration and sample inefficiency.

4.2 Experiment 2: testing performance and generalization
Generalization is quantified using the Performance Deg-
radation Index (PDI), reported in Table 4, where columns
denote training—testing scenario combinations. Detailed
performance results are presented in Appendix D. While
PDI enables method-level comparison across networks,
it is less suited for comparing across training-testing
pairs, since scenarios with incidents naturally incur lon-
ger travel times. To complement this, we also report each
method’s percentage improvement over the Max-pres-
sure baseline under various conditions (Fig. 2). We use
Max Pressure as the baseline in Experiment 2 because it
is a well-established rule-based control policy known for
its analytical stability guarantees Varaiya [45], and strong
empirical performance in non-learning traffic signal con-
trol. It serves as a standard benchmark in RL-TSC stud-
ies Wei et al. [46], Zheng et al. [40], Chen et al. [36], Ma
and Wu [41], offering a reliable reference for evaluating
the robustness and generalizability of RL-based methods
under traffic incidents.
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Table 4 Performance degradation index of RL-TSC methods

Grid4x4 Base-base Base-incident Incident-inci- Inci- Av-
dent dent- er-

base age

IDON 0.04 0.61 0.07 013 021

MPLight  —0.01 0.20 —0.06 -0.16 —-0.01

FMA2C 0.14 0.24 0.05 004 012

Cologne

Cor.

IDON -0.18 0.36 0.93 -0.09 0.25

MPLight  0.66 1.92 0.02 -0.30 0.57

FMA2C 032 092 0.08 -0.21 0.28

Cologne

Reg.

IDON 0.00 0.78 —-0.03 -040 0.09

MPLight  —0.06 0.31 0.44 015 021

FMA2C  0.60 1.95 061 031 087

Ingol-

stadt

Cor.

IDON 0.01 1.54 0.06 -0.50 0.28

MPLight  —0.18 052 0.17 -043 0.02

FMA2C 055 1.09 038 0.01 051

Ingol-

stadt

Reg.

IDON —0.04 0.11 0.50 -0.10 0.12

MPLight  0.63 0.65 062 064 063

FMA2C 041 0.40 0.12 020 0.28

The observed generalization patterns in our results can
be interpreted through the lens of epistemic and aleatoric
uncertainty in RL. Epistemic uncertainty, which arises
from limited knowledge or insufficient data, reflects the
model’s uncertainty about the environment and can often
lead to overfitting. Aleatoric uncertainty, in contrast,
stems from inherent randomness or noise in the envi-
ronment and cannot be reduced by collecting more data.
Notably, Figure 3 reveals that policies trained in base sce-
narios in many cases outperform those trained directly
under incident conditions when evaluated in the pres-
ence of disruptions. This counterintuitive finding can be
partially attributed to the epistemic uncertainty inherent
in incident-trained models. Since traffic incidents during
training vary in location, severity, and timing, the agent
may overfit to these specific conditions, leading to brittle
policies that fail to generalize to unseen disruptions dur-
ing testing. This form of model uncertainty, caused by
limited and biased exposure to disruptions, limits the
agent’s ability to build a robust policy.

In contrast, policies trained in base scenarios may cap-
ture more stable and generalizable traffic patterns, allow-
ing them to better handle moderate disruptions during
testing - even without direct exposure to such conditions
during training. This suggests that reducing epistemic
uncertainty through broader or more diverse training
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experiences may be more beneficial than narrowly focus-
ing on incident-specific conditions.

Additionally, the environment’s aleatoric uncer-
tainty, stemming from the inherent stochasticity of
traffic behavior, such as variable vehicle arrival times
or driver responses, remains irreducible and further
challenges generalization. The poor transferability of
incident-trained policies to base scenarios also under-
scores that without explicitly accounting for both types
of uncertainty—e.g., through robust algorithmic design,
regularization, or uncertainty-aware exploration strat-
egies—RL-TSC methods struggle to maintain perfor-
mance under train-test distribution shifts.

Method-specific analysis reveals important differ-
ences in how RL-TSC approaches handle uncertainty
and generalize across scenarios. IDQN, representing
the independent value-based learning paradigm, per-
forms reliably when training and testing conditions are
aligned (e.g., base—base or incident—incident), but its
performance degrades sharply under distribution shifts.
In Grid4x4, for example, IDQN improves travel time by
5.62% over Max-Pressure in the base—base setting but
suffers performance drops of 57.41% and 23.2% in the
incident—base and incident—incident cases, respectively.
This sharp decline reflects high epistemic uncertainty,
IDQN’s reliance on detailed local state features enables
it to model regular traffic dynamics effectively, but it
also leads to overfitting to simulation-specific patterns.
Although the 4x4 grid is relatively large, its uniform and
symmetric structure limits environmental diversity, mak-
ing it easier for the model to overfit. In contrast, irregu-
lar real-world networks such as Ingolstadt expose the
agent to more heterogeneous topologies and rerouting
conditions, improving generalization and reducing epis-
temic uncertainty, as reflected by the lower PDI values
(0.11 for base—incident and 0.50 for incident—incident).
This improvement is likely due to the greater structural
diversity and rerouting flexibility in such networks, which
expose the agent to a broader range of conditions during
training and reduce epistemic uncertainty.

MPLight, which follows a decentralized coordination
paradigm using pressure-based state and reward rep-
resentations, exhibits more stable performance across
scenarios. Its abstraction over raw traffic features, by
focusing on upstream—downstream queue differences,
effectively mitigates aleatoric uncertainty by filtering out
low-level stochastic variations in traffic flow. In Grid4x4,
MPLight maintains consistent performance across all
training—testing combinations, achieving the lowest
average PDI (-0.01). However, its use of parameter shar-
ing and uniform logic across intersections becomes a
limitation in heterogeneous networks like Cologne and
Ingolstadt. In these settings, diverse traffic patterns and
intersection geometries introduce epistemic uncertainty
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Fig. 2 RL-TSC performance improvement over Max-pressure

that MPLight’s generalized design cannot fully capture,
leading to higher degradation indices (e.g., 1.92 and 0.65,
respectively).

FMA2C, a hierarchical RL-TSC method employing
manager—worker coordination, exhibits the most pro-
nounced generalization challenges across multiple set-
tings. In structured, mid-sized networks like Grid4x4
and Cologne Region, FMA2C struggles with epistemic
uncertainty arising from the sensitivity of its learned
coordination strategies to small shifts in regional traffic
flows. This is reflected in consistently high PDI values
(e.g., 1.95 in Cologne Region base—incident), indicat-
ing disrupted alignment between manager and worker
agents. Moreover, the hierarchical structure is also vul-
nerable to aleatoric uncertainty, as stochastic variations
can misalign the intended top-down coordination. None-
theless, in large-scale, irregular environments such as the
Ingolstadt Region, the hierarchical architecture aligns

more naturally with real-world traffic patterns, allowing
FMA2C to achieve more stable performance (e.g., PDI of
0.12 in incident—incident, 0.20 in incident—base). These
results suggest that while hierarchical coordination offers
scalability and structure, its effectiveness depends heavily
on network characteristics and requires careful adapta-
tion to manage both types of uncertainty.

Our findings highlight the need to better handle both
epistemic and aleatoric uncertainties in RL-based TSC,
especially when aiming for robust real-world deployment
across varying traffic conditions.

4.3 Experiment 3: transferability and adaptation
Figures 3 and 4 illustrate the average travel time per
episode across both the training and transfer phases in
Experiment 3.

In the Grid 4x4 network, all three RL-TSC meth-
ods exhibit clear convergence during the initial training
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Fig. 3 Performance of IDQON and MPLight in the transferability experiment (rolling average over a window of 5 episodes) The plots show the evolution
of average travel time (y-axis) during training episodes (x-axis) in (a) The grid 4x4 and (b) The Ingolstadt Region networks. For both methods, the first 100
episodes correspond to training in the non-incident environment, after which the model is transferred and continuously trained for another 100 episodes
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phase in the base scenario. The convergence levels align  coordination via pressure, converges near Max-pressure.
with their respective learning paradigms. IDQN, as an FMAZ2C, which relies on hierarchical coordination and
independent value-based method, quickly approaches requires more extensive sampling to align manager—
the performance of Greedy through simple exploitation ~ worker behaviors, converges the slowest and under-
of local patterns, while MPLight, using decentralized performs, with an average travel time of 217.45seconds
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compared to 161.17 for Max-pressure and 145.12 for
Greedy.

Upon transfer to the incident scenario, all methods
experience a sharp performance drop, but the severity
varies by paradigm. IDQN suffers the most substantial
increase in travel time, from about 150seconds to nearly
400seconds, highlighting the fragility of methods that
rely heavily on detailed traffic state representations when
exposed to dynamic and previously unseen conditions.
In contrast, MPLight and FMA2C show more moderate
increases of approximately 60 and 25seconds, respec-
tively. This smaller spike for MPLight can be attributed to
its pressure-based abstraction, which simplifies input fea-
tures but also reveals overfitting tendencies during con-
tinued training. Meanwhile, FMA2C maintains a more
stable (although underperforming) trajectory post-trans-
fer, consistent with the higher complexity and sensitivity
of hierarchical coordination structures. Notably, IDQN
shows signs of adaptation through continued learning,
gradually recovering from the initial shock. However, its
average performance remains highly volatile. This high
variance is partly due to the stochastic nature of incident
generation, which introduces variability in traffic dynam-
ics across episodes. However, it is primarily driven by the
instability of independent learning in IDQN. Without
coordination or shared policy mechanisms, each agent
adapts locally to rapidly changing conditions, leading to
inconsistent system-level behavior under non-stationary
disruptions. In contrast, MPLight exhibits lower variance
due to its pressure-based coordination and shared policy
structure, while rule-based approaches such as Max-
pressure remain stable given their deterministic control
logic. Both MPLight and FMA2C diverge over time in
this transfer setting, suggesting limited resilience in han-
dling abrupt environmental changes without additional
architectural or mechanisms to capture non-stationary
dynamics.

In the Ingolstadt Region network, learning behaviors
shift significantly due to the network’s larger scale and
structural diversity. Here, MPLight, despite its prior sta-
bility in synthetic settings, fails to converge even in the
base scenario, and its performance worsens further post-
transfer, highlighting the challenge of applying a shared-
policy decentralized method in highly heterogeneous
networks. IDQN performs more stably during base sce-
nario training, achieving slightly better travel times than
Greedy (293.21s vs. 301.70s), but fails to adapt effectively
after transfer. Its performance fluctuates heavily under
incident conditions, suggesting that while independent
value-based learning may generalize somewhat in regular
patterns, it struggles to re-optimize when encountering
new, disruptive dynamics.

In contrast, FMA2C, representing hierarchical coor-
dination, demonstrates strong adaptability in this larger,
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more complex setting. It converges gradually in the base
scenario and continues improving post-transfer, despite
an early performance spike. Its post-transfer perfor-
mance stabilizes around 303.07seconds, outperform-
ing Greedy (334.42s) and showing both robustness and
continued learning capacity. The architecture’s ability to
maintain regional strategy alignment and local respon-
siveness allows it to outperform other paradigms in this
dynamic environment. These results affirm the potential
of hierarchical methods to support ongoing adaptation
in real-world networks - despite the cost of slower initial
convergence and sampling inefficiency.

5 Conclusion

In this study, we introduced T-REX, an open-source and
reproducible simulation framework designed to train and
evaluate RL-TSC methods under incident conditions.
Built upon the SUMO platform, T-REX incorporates key
behavioral modules, including probabilistic rerouting,
speed adaptation, and contextual lane-changing, to real-
istically model vehicle behavior in disrupted networks.
These features enable T-REX to simulate complex, net-
work-level incident dynamics with a high degree of fidel-
ity, supporting the development and benchmarking of
robust RL-TSC strategies.

To complement the simulation framework, we pro-
posed a suite of robustness-oriented evaluation metrics
that extend beyond conventional traffic efficiency indi-
cators. These metrics provide a more comprehensive
understanding of RL-TSC behavior under different real-
world deployment paradigms, including pre-training,
online learning, and pre-training with continuous learn-
ing. Using extensive experiments across both synthetic
and real-world networks, we evaluated several state-of-
the-art RL-TSC methods in terms of learning efficiency,
generalization ability, and adaptability to dynamic traffic
conditions, with a particular focus on incident scenarios.

The experimental results reveal that no single RL-TSC
paradigm consistently dominates across all networks,
scenarios, metrics, and robustness dimensions. Inde-
pendent value-based methods like IDQN demonstrate
fast convergence and strong performance under stable
conditions but suffer from overfitting and instability
when exposed to dynamic or unseen incident scenarios.
This reflects high epistemic uncertainty, as IDQN’s reli-
ance on detailed local states makes it vulnerable to dis-
tributional shifts not seen during training. Decentralized
pressure-based coordination methods such as MPLight
offer better generalization in structured environments
due to their abstracted state representation, which helps
mitigate aleatoric uncertainty by filtering out stochastic
fluctuations. However, they struggle to adapt in heteroge-
neous networks where local traffic patterns vary widely,
revealing limitations in handling epistemic uncertainty.
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Hierarchical coordination methods like FMA2C exhibit
robustness and adaptability, particularly in large-scale or
irregular networks, by leveraging structured top-down
control. Yet, their performance in mid-sized structured
networks is hindered by sensitivity to small regional flow
changes, leading to coordination failures and elevated
epistemic uncertainty. Moreover, this approach comes
at the cost of slower convergence and requires substan-
tially more training interactions with the environment
to learn an effective policy. Overall, base-trained poli-
cies generalize better than incident-trained ones, sug-
gesting that exposure to disruptions alone is insufficient
without addressing the underlying uncertainty. Transfer-
ability remains challenging for all methods, highlight-
ing the need for RL-TSC architectures that are explicitly
designed to manage both epistemic and aleatoric uncer-
tainties in dynamic real-world traffic environments.

These findings collectively indicate that current state-
of-the-art RL-TSC methods are not yet ready for reli-
able real-world deployment, as they lack robustness
to distribution shifts, struggle with out-of-distribution
generalization, and fail to consistently handle incident
conditions. Bridging this gap will require both archi-
tectural innovations and training strategies that explic-
itly promote generalization and robustness under
uncertainty.

Furthermore, we analyzed the simulation scalability
and running time of T-REX across multiple synthetic and
real-world networks. The results demonstrate that run-
time scales approximately linearly with network size and
sub-linearly with vehicle density, with incident scenarios
incurring higher computation time due to additional
rerouting and behavioral adaptation. These findings con-
firm that T-REX remains computationally efficient and
suitable for medium- to large-scale studies, providing
practical insights for users in planning experiments.

Despite its contributions, the T-REX framework has
certain limitations. Parameters governing driver aware-
ness and response to incident information are currently
inferred or assumed, in the absence of empirical datas-
ets. Future work should aim to integrate more realistic
behavioral data to improve the accuracy of rerouting and
adaptation modeling. Moreover, while T-REX currently
models driver-level rerouting through the Information
Comply Model, it does not yet represent system-level
dynamic rerouting and recovery processes, such as coor-
dinated detour guidance, adaptive network rebalancing,
or emergency response mechanisms. Extending T-REX
to include these coordinated recovery dynamics would
enable a more complete assessment of network resilience
and post-incident recovery strategies. In addition, future
extensions should enable seamless coupling with exter-
nal traffic data feeds or live information systems to allow
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real-time event injection and data-driven incident trig-
gering. Such integration would enhance T-REX’s interop-
erability with digital-twin platforms and online adaptive
control frameworks, broadening its applicability beyond
offline benchmarking. T-REX can be extended to support
broader robustness assessments, such as sensor failures,
fluctuating demand, and adversarial conditions, thereby
increasing its utility as a benchmarking platform for real-
world RL-TSC deployment.

6 Reproducibility statement

To support reproducibility, we have made the full source
code for the T-REX framework publicly available, includ-
ing the simulation scripts, traffic network configura-
tions, and the modified SUMO interface used to model
incident dynamics. All RL-TSC baselines (IDQN, IPPO,
MPLight, and FMA2C) are integrated using openly
accessible implementations, with any modifications
clearly documented.

Appendix B provides full details of our experimental
setup, including the parameter configurations for the
Initializer and Deployment modules, as well as all hyper-
parameter settings used during training and evaluation.
This ensures that our results can be replicated under con-
sistent experimental conditions.

We encourage the research community to use T-REX
as a standardized platform for benchmarking RL-TSC
methods under real-world disruptions, and to extend its
capabilities for future robustness-oriented studies.

The full codebase and associated resources are publicly
available at: https://github.com/MLSM-at-DTU/T-REX

Appendix A Rerouting model

A.1Incident awareness model

Let P,yare(e, t) denote the probability that a driver becomes
aware of the event while traversing edge e € E and exiting
at time ¢. This probability is modeled as a joint function
of the complementary probabilities associated with each
available source of information i € {FTI, FPI, OS, OB}:

Paware(67 t) =1- (1 - Péware(e’ t)) .
ie{FTILFPL,0S,0B}

The probability of awareness through fixed-time infor-
mation, PEIL (e,t), is based on the number of times a
driver is exposed to relevant broadcasts while traveling
along edge e:

PErL (e, t) = pFTI(t + 1) — pFTI(D),

where pFTl(¢) is the cumulative probability that a driver
has become aware of the event via broadcasts up to time ¢:
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with gy representing the market penetration of radio
listeners, pon the probability that a listener notices the
event during a broadcast, and t£'! the time of the n-th
broadcast.

The probability of becoming aware through fixed-place
information, PEPL (e, t), depends on both spatial and tem-
poral proximity to the information source:

1

1+ (c?(e,ed))
2

Pisvare(e: 1) = 0¢™ - B(t > tepy) -

with
€(e’ed) = ||e’ed|| +v- ||M1d(0a [start -, tend - t)“

In this formulation, 55! is a binary indicator that equals
1 if the edge e is equipped with a VMS, and 0 otherwise.
The function B(-) evaluates to 1 if the VMS broadcast has
occurred before the driver passes the sign. The function
£(e, e?) denotes the effective distance from the edge to the
event location e?, combining both spatial distance |e, e9||
and a temporal component scaled by the average speed ©
. The parameter ¢, defines the maximum effective range
of the VMS, and B! controls the rate at which the prob-
ability decays with distance. The event duration is repre-
sented by t,,¢ and feqq.

Awareness through online sources is modeled as a
cumulative probability function, where the probability of
becoming aware while traversing edge e is:

Pz(x)\?are(e, )= Pos(f + te) - Pos(t),

and the cumulative probability of awareness at time ¢
pO5(¢) is defined as:

2
POS(8) = pos - [1 —exp (—%)] )

where pos denotes the proportion of drivers using
online platforms, tqg is the time at which the event was
first published online, and o is a spread-rate parameter
governing how quickly the information propagates.

Finally, drivers may become aware of an event through
direct observation of abnormal traffic conditions. The
probability of observation-based awareness is modeled as:

Pg)w]?are(t) = Mld (0’ 1’ §OB : (te - fe)) - teOB’
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where ¢, is the actual travel time on edge e, f, is the
typical (pre-event) travel time, (9P is the minimum delay
required to trigger awareness, and {op is a sensitivity
parameter that scales the effect of delay on awareness. The
function Mid(0, 1, -) ensures that the resulting probability
is bounded between 0 and 1.

A.2 Rerouting decision model

The expected gain, denoted by Api(¢), captures the change
in the utility of available routes by comparing actual edge
transition probabilities to typical (pre-event) ones. This is
computed based on the cosine similarity between the two
probability distributions:

ZEEE? pe(t) pe(t)
Ve POR - /S e 12 OF

Api()=1-—

where p¢(t) represents the actual transition probability
from edge to edge e € E;* at time ¢, while p°(t) denotes
the corresponding typical (pre-event) transition prob-
ability. The set E;* contains all outgoing edges from edge
toward the vehicle’s destination.

The avoided loss, denoted by Awi(?), quantifies the
improvement in travel cost achieved by rerouting com-
pared to following the typical route. This is calculated as
the difference in expected edge potentials (i.e., cost-to-go
values) weighted by the transition probabilities:

ZeeEi+ P we(t) - ZeeE;f P wé(r)
S PFOWED)

Awi(t) =

In this formulation, w®(t) denotes the minimum
expected cost to reach the destination from edge e at time
t.

The total utility of rerouting, V¢ oute, is modeled as a lin-
ear combination of expected gain and avoided loss:

Vreroute = ﬂgain : Api(t) + ﬁloss . Awi(t) + BO’

where By, and Bjo are sensitivity parameters that rep-
resent the driver’s responsiveness to gain and loss, respec-
tively, while 3, controls the general willingness to reroute.
The resulting rerouting probability at edge and time ¢,
denoted by £i(t), is given by the standard logistic function:

1

() P —
1+ exp(_vreroute)
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A.3 Routing algorithm

When a driver decides to reroute, the new path must
be computed based on the current network conditions.
Although the rerouteTravelTime () function pro-
vided by SUMO via TraCl is intended to support dynamic
rerouting, it is currently known to be unreliable in certain
scenarios [47]. To address this limitation, our framework
integrates three alternative online routing algorithms:
greedy search, A* and Dijkstra’s algorithm, which provide
flexible and accurate route selection under dynamic traffic
conditions.

Appendix B Parameter settings and configuration
This section outlines the configuration of the Initializer
and Deployment modules in T-REX, along with the hyper-
parameters used for RL-TSC methods.

Initializer module. Incident locations and durations are
assigned based on network type. For the synthetic 4 x 4
grid, a uniform distribution over all edges is used. In real-
world networks, we construct an empirical discrete dis-
tribution by simulating one hour of traffic and assigning
incident probabilities proportional to observed edge-level
traffic volumes. Incident durations follow an exponential
distribution Exp(0.029), based on real-world incident data
from [48].

Deployment module. Awareness and rerouting behaviors
are modeled using multiple information sources:

« Fixed-time information: Market penetration
prrr = 0.7, detection probability oy = 0.5, with
broadcasts every 5minutes.

« Fixed-place information (VMS): Deployed on
40% of edges, active 10 minutes post-incident
(tppr = tsiare + 10), with an effective range of 200
meters and spatial decay SFFT = 2,

« Online sources: Penetration rate pios = 0.8, viral delay
of 5minutes, and awareness propagation rate o = 10
minutes.

o Observation-based awareness: Triggered when delay
exceeds 2 minutes (1B = 2), scaled by sensitivity
£op = 0.5.

Rerouting model. We adopt the utility-based model from
Kucharski and Gentile [30], with parameters (g4, = 2.5,
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Bioss = 2.5, and B, = —5. Drivers choose their next edge
based on normalized congestion factors, while default
route transitions are given probability pé(t) = 1.

Driver heterogeneity. We simulate four driver types with
varying travel time estimation errors: experienced (40%,
5%), novice (30%, 10%), distracted (20%, 20%), and CAVs
(10%, 1%). All other parameters follow SUMO defaults.
Lane-changing parameters: When a vehicle enters its
Stopping Sight Distance (SSD) range of a disabled vehicle
ahead, its lane-changing behavior is dynamically adjusted
in real-time by setting the parameters 1cStrategic=1,
lcSpeedGain=1, 1cCooperative=1, and 1cKee-
pRight =0. Once the vehicle has passed the disabled
vehicle, these parameters are reset to their default values.
RL-TSC methods. We evaluate IDQN, IPPO, MPLight,
and FMA2C using open-source implementations from
Ault and Sharon [35]. Default hyperparameters are
adopted for IPPO and FMA2C, while IDQN and MPLight
undergo additional tuning.

IDQN: We conduct a grid search over learning rates
{0.01,0.005,0.001,1074,107°,107%} and discount factors
{0.99,0.95,0.90}. A learning rate of 10~ performs best for
the 4 x 4 grid and Ingolstadt Region; 0.001 is optimal for
other networks. Discount factor vy = 0.99 yields the best
performance across all environments.

MPLight: Optimal learning rates are 0.005 for the grid,
0.01 for Ingolstadt Region, and 0.001 for others, with
~ = 0.99.

Phase length. We test durations of 5 and 10seconds and
observe no significant performance differences. For con-
sistency and training efficiency, we use a fixed 10-second
phase length across all experiments [35,36].

Traffic network. Details of the traffic intersections for
each benchmarked network are shown in Fig. B1.

Customizing Incidents. As mentioned in Sect. 2.3, the
simulated incidents in T-REX can be customized to rep-
resent specific types of disruptions by adjusting the corre-
sponding configuration parameters. Table B1 summarizes
how different incident types are defined across various
T-REX modules for specific simulation purposes.
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Table B1 Supported incident types and configurable parameters in T-REX
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Incident Type Description Key Parameters Configurable Range / Module
Distribution
Collision / Accident Blocked lanes by inserted disabled“IC" Edge ID, blocked lane count, block-  Position Deployment

Stalled vehicle

Roadworks / Planned
closure
Speed-reduction /
Environmental
Traffic-signal
malfunction

vehicle(s)

Stationary obstacle vehicle with lower
severity

Long-duration lane or full-edge
closure

Reduced speed zone (e.g,, rain, fog)

Intersection operates in fixed-time /
blackout mode

age position, duration, start time

Same as above but single-lane only

Duration (user-defined); affected
lanes; start time

Affected edges, reduction ratio

Intersection ID, duration, phase
pattern

~ U(10 m, edge_length — 10 m);
duration ~ D; lanes

~UQ, )

— Deployment
Initializer

0.3-0.8x normal speed Speed
Adaptation

duration ~ U(tsart stenq)  Initializer /RL
Interaction
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Appendix C MDP formulation of RL-TSC methods

C.1IDQN
Observation space (0'): Composed of features extracted
from the intersection, including for each lane:

+ Current signal assignment (green/yellow/red for
each phase),

+ Number of approaching vehicles,

+ Number of stopped vehicles,

+ Accumulated waiting time of stopped vehicles,

+ Average stop time,

« Average speed of approaching vehicles.

These are all non-negative and phase-dependent, with
a convolutional layer grouping the inputs from lanes that
belong to the same road.
Action space (a'): The assignment of the next signal phase
(e.g., selecting a non-conflicting phase set) must satisfy
two constraints: (1) no conflicting traffic movements, and
(2) a yellow phase must be inserted between red and green
transitions.
Reward function (r'): Reward is based on the reduction
in accumulated traffic delay.
Policy and learning algorithm: Each agent employs
Q-learning (DQN) to approximate its action-value func-
tion and selects the phase corresponding to the highest
Q-value.

C.21PPO
Similar to IDQN, but using PPO as the learning algorithm.

C.3 MPLight
Observation space (0'): Each agent observes:

«+ The current traffic signal phase

+ The pressure values are defined for each movement
through the intersection. Specifically, the movement
pressure for (I, m) is given by X1 ) = qin — Gout»
where g;, and q,,; are the queue lengths on the
entering and exiting lanes, respectively. The phase
pressure for a signal phase s is then computed as
p(s) = Z X(1,m), representing the total pressure

(I,m)es

across all permitted movements in that phase.
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Observations are padded if the intersection has fewer
than 12 movements.
Action space a’: Similar to IDQN.
Reward function r’: The negative pressure of intersection
is defined asr' = —P;, where P, is the difference between the
total entering and exiting queue lengths at intersection .
Policy and learning algorithm: DQN with FRAP
architecture.
Algorithm design:

+ Decentralized: Each intersection is controlled by an
individual RL agent.

+ Shared Parameters: All agents share the same model
weights to scale efficiently across thousands of
intersections.

C.4FMA2C
Traffic network hierarchy: Each intersection is con-
trolled by an agent (worker). The network is partitioned
into regions, each managed by a manager agent who sets
high-level goals for its workers.
MDP for worker agent:
Observation o': Number of approaching vehicles and
cumulative waiting time of the first vehicle at each lane.
Action space a': Similar to IDQN
Reward function r': Penalizes congestion and waiting time
MDP for manager agent:

Observation o*: Aggregated flows in and out of the
region (e.g., directional wave states at region boundaries)

Action a¥: A high-level goal (desired flow direction) for
the region.

Reward r¥: Reflects global traffic throughput and liquid-
ity in the region.

Learning algorithm: Uses Advantage Actor-Critic (A2C)
for both manager and worker levels.

Information exchange: Each worker agent’s input
includes local and neighbor observations and fingerprints
(policy distributions) of neighbors for stability.

Appendix D Performance of RL-TSC methods on
testing environment

Table D1 presents the detailed performance of RL-TSC
methods across different combinations of training and
testing scenarios in the generalization experiment. The
values reported in the table represent the average travel
time.
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Table D1 Performance of RL-TSC methods on different combinations of training and testing scenarios
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Base - Base Incident - Base Incident - Incident Base - Incident
Grid4 x4 Train (last 10) Test (avg. 100) Test (avg. 100) Train (last 10) Test (avg. 100) Test (avg. 100)
Max-pressure 161.17+1.40 194.05+19.68
IDON 146.08+1.52 1521241573 253.69+69.29 224.11+70.89 239.04+81.84 234.57+90.36
MPLight 160.38+1.28 159.03+1.55 160.60+1.50 191.27+23.44 179.33+25.28 192.02+46.43
FMA2C 217.33+2.39 246.90+6.13 248.92+6.83 239.26+20.49 252.30+31.88 269.40+27.98
Cologne Cor.
Max-pressure 178.29493.12 266.49+91.25
IDON 158.46+220.82 130.46+157.98 121.93+155.25 134.70+41.77 260.14+222.51 214.86+18597
MPLight 74.79+4.54 124.17£149.12 171.63+203.16 243.60+133.95 247.96%179.14 218.07+180.63
FMA2C 129.22+130.39 170.89+143.56 1454649249 183.11+139.71 197.52+136.84 247.89+177.75
Cologne Reg.
Max-pressure 99.95+14.03 133.44+33.95
IDON 86.12+0.58 85.75+0.48 90.08+0.50 150.52+101.43 146.39+101.89 153.26+123.71
MPLight 98.84+2.81 92.59+0.67 177.88+48.78 155.25+84.28 22353411281 129.32+69.40
FMA2C 98.97+1.83 157.86+11.18 182.20+19.44 139.52+63.85 224.02+75.40 292.32+84.70
Ingolstadt Cor.
Max-pressure 80.62+2.30 137.14+43.41
IDQN 72.64+1.02 7341+£1.95 81.16+3.63 163.40+95.14 17361412851 184.58+167.66
MPLight 101.01+62.35 82.81+16.34 85.29+14.39 149.18+48.54 174.06+124.25 153.24+126.79
FMA2C 90.65+9.76 140.90+18.09 153.47+19.70 151.38+87.34 208.52+93.25 189.37+94.11
Ingolstadt Reg.
Max-pressure 581.72+63.83 596.90+57.83
IDQN 255.69+89.30 245.01+85.36 273.01+84.10 302.7224+81.986 453.238+184.311 284.89+97.19
MPLight 311.94+76.59 507.77+114.44 563.39+123.11 343.379+46.331 555.62+156.836 515.20+116.72
FMA2C 260.81+36.63 36742+61.23 356.02+79.09 2971347123 334.26+9061 366.08+63.04
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