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DELIVERABLE EXECUTIVE SUMMARY

These deliverable reports the work carried out under Tasks 5.4, 5.5 and 5.6 of Work Package 5, which develop the modular simulation
platform and the model-to-application transferability methodologies of the FEDORA simulation space. It is led by ETH Zirich, while
Chapter 3 has been contributed by NTUA as Task 5.5 leader and Chapter 4 by the University of Cyprus as Task 5.6 leader.

Chapter 2 presents the model-agnostic and modular simulation platform developed in Task 5.4. The platform is not a simulator of
its own, but a coordinating layer between the modules that determine how the modelled system is acted upon and the environments
in which those decisions take effect. The two sides never communicate directly, but they only exchange state information and
decisions through a single orchestrator, which brings all connected components into a common lifecycle and keeps them
synchronised as a run proceeds. The design has been instantiated end to end in a demonstrator for traffic signal control. SUMO acts
as the environment, and four control methodologies of differing character, among them a baseline in which no controller is
connected, are handled on the same terms. Every run is recorded and can be assessed through dcommon evaluation pipeline, and
the implementation is available open source together with its documentation.

Chapter 3 reports the Sim2Real techniques for model-to-application transferability dev, Task 5.5, with particular emphasis
icy Optimization perimeter controller
combined with a queue balancing framework was trained in a source simulator, CityElowyand evaluated in a target simulator, SUMO,

on reinforcement learning based control strategies. As a proof of concept, a P

in a sim-to-sim experiment on a grid test-bed network. The transfer relies on d Action Transformation. A forward dynamics
model is fitted on transitions collected in the target simulator and an inver mics model on transitions collected in the source,
and the resulting grounded action is applied in the source simulator i raining. Direct transfer degraded the network-level
indicators with respect to a policy trained directly in the target simulator,"whereas the evaluated configurations of the framework
outperformed direct transfer in almost all cases.

Chapter 4 reports the foresight analysis scenarios gener evaluation capability developed in Task 5.6. Its in-silico platform
starts from a parameterised scenario description coverin and, network state, UAV service, traveller behaviour and control

policy. A configuration studio constructs a reproducible’run, SUMO executes the microscopic multimodal traffic while a TraCl-based
module coordinates the UAV service layer, a multi anager evaluates eligible passenger journeys and reserves capacity, and

a dashboard consolidates the outputs into and scenario comparisons. For each eligible passenger journey, the best

available non-UAV journey is compared wi AV-assisted chain of access, waiting, scheduled flight and continuation. The UAV

option is selected only when it is oper y feasible and reduces the passenger's total estimated travel time. The workflow is
currently being validated on the A C etwork, before transfer to the calibrated Greater Nicosia network. Chapter 5 draws the

three tasks together and relat e the innovations and results the project set out to achieve.

The three tasks contribute components of the FEDORA simulation space, and the platform of Task 5.4 offers a possible way of
integrating them, as it is intended as an interoperability framework for the technical components developed across WP4 and WP5.
Each task has produced a working implementation, and the demonstrator shows that methods and environments can be brought
together through common interfaces rather than through integration work carried out for each pairing. Consistent with the stage of
the project, the content of this deliverable reflects work in progress, and the scope covered by each task is set out in the
corresponding chapter.

The purpose of this deliverable is therefore to document the state of these components and of the interfaces between them, ahead
of the final version of the FEDORA simulation space that is to be reported in D5.3.
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1 INTRODUCTION

This deliverable is submitted at Month 15 of the project and reports the work carried out under Tasks 5.4, 5.5, and 5.6 of Work
Package 5 (WP5), which develop the modular simulation platform and simulation-to-reality transferability methodologies for the
FEDORA simulation space. It is led by the Swiss Federal Institute of Technology Zurich (ETH), while Chapter 3 has been contributed
by the National Technical University of Athens (NTUA) as Task 5.5 leader, and Chapter 4 by the University of Cyprus (UCY) as Task
5.6 task leader.

The core of the deliverable is a model-agnostic and modular orchestration framework (Task 5.4) that separates decision logic from
the environment in which it is executed, so that the controller or optimisation modules developed in the technical WPs can be
connected to different simulation environments or a real pilot site, through a shared communication contract. To facilitate the
deployment of logic modules developed in simulation in real-world pilot environments, Task 5.5 introduces a control approach and
the Sim2Real techniques needed to bridge the reality gap between simulation and real-world déeployment, and Task 5.6 introduces
the foresight scenario components and simulation environments developed for network-wide analyses.

The content of this deliverable reflects work in progress. The orchestration framework; the«control and transferability techniques,
and the foresight components will continue to evolve as the demonstration preparation in WP6 advances and as the FEDORA
solutions from WP4 and WP5 are progressively integrated. Where the currentsimplementation covers only part of the intended
architecture, this is documented transparently, and the corresponding elements will be consolidated in the final version of the
FEDORA simulation space reported in D5.3.

1.1 MAPPING FEDORA OUTPUTS

FEDORA GA COMPONENT | COMPONENT TITLE RESPECTIVE DOCUMENT JUSTIFICATION

CHAPTER(S)
v
A 4 DELIVERABLE
D5.2 ModularSimulation Platform Chapters 2-5 Chapter 2 covers the modular
and Sim2Real Techniques simulation platform (75.4);
Chapter 3 the Sim2Real
techniques (T5.5); Chapter 4
foresight components (T5.6);
Chapter 5 consolidates the
research and scientific
innovation, including the cross-
task integration.
TASKS
T5.4 Model-agnostic and modular Chapters 2.1-2.5 Implemented model-agnostic and
simulation platform modular orchestration

framework, covering its
architecture, communication
contract, traffic signal control
demonstrator, evaluation
pipeline and user documentation.

PU - PUBLIC

D5.2 - MODULAR SIMULATION PLATFORM AND SIM2REAL TECHNIQUES

Funded by Project funded by

the European Union U

11




FEQIIRA

T5.5 Sim2Real techniques for model-  Chapters 3.1-3.5 Control approach and Sim2Real
to-application transferability techniques for model-to-
application transferability, with a
structured account of their
integration into the orchestration

framework.
T5.6 Foresight analysis scenarios Chapters 4.1-4.5 Foresight scenario components
generation and evaluation and simulation environments,

and their compatibility with the
orchestration framework.

Table 1. Adherence to FEDORA GA Deliverable & Tasks Descriptions

1.2 DELIVERABLE OVERVIEW AND REPORT STRUCTURE

This deliverable is organised into three chapters that reflect the tasks it covers, a chapter consolidating the research and scientific
innovation, and a concluding chapter.

Chapter 2 documents the outputs of Task 5.4, led by ETH. It presents the model-agnostic and modular simulation platform and
orchestration framework: its objective and design principles, its architectureantd component model, the communication contract
through which components exchange information, the mechanisms that allow simulation environments and logic modules to be
exchanged, and the accompanying evaluation pipeline and userdocumentation. A demonstrator of the framework is available as
open-source software, linking the “Urban Priority Pass” (UPP), presented in more detail in deliverable D4.1, and a set of baseline
traffic signal controllers to the open-source SUMO (Simulationfef Urban MObility) simulation environment.

Chapter 3 documents the outputs of Task 5.5, led by NTUA. Itintroduces a control approach and the Sim2Real techniques for model-
to-application transferability, describes the demonstration through which transferability is assessed, and shows, as a structured
exercise, how the control components would befintegrated into the orchestration framework so that the same controller can be
connected to a custom simulator, a baseline mierosimulation or a real pilot site.

Chapter 4 documents the outputs of Task'5:6, led by UCY. The FEDORA foresight scenario components and simulation environments
developed for network-wide analysis, arexdesigned to support the configuration, execution and evaluation of multimodal mobility
scenarios and to specify how these components connect to the orchestration framework. The framework defines the information
that each component can absorb and process, the commands and decision outputs it can return, and the inputs and logic modules
that the simulation environments can accept and host. At the current stage, the complete FEDORA solution pipeline is being tested
and validated on a smaller network representing the Aglantzia area, where the University of Cyprus is located, before being
transferred to the calibrated Greater Nicosia network that will support the final large-scale pilot evaluation.

Chapter 5 summarizes the research contributions and scientific innovation of the activities within this deliverable. Its first section
draws the three tasks together, explaining how they will compose into a single system and how the work relates to subsequent
deliverables and to the WP6 pilots; the following sections relate the work to the project's Expected Innovations (El) and Expected
Results (ER). Chapter 6 concludes the deliverable and outlines the next steps, and Chapter 7 lists the references.
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2 MODEL-AGNOSTIC AND MODULAR
SIMULATION PLATFORM

2.1 DESIGN PRINCIPLES AND OBJECTIVES

The evaluation of traffic management strategies before their deployment in the real world relies almost entirely on simulation. It is
in a simulated environment that a new signal-control policy, a pricing scheme or a demand-management measure is developed,
tuned and compared against the status quo. At the same time, the credibility of that simulation-based evidence ultimately
determines whether a measure is trusted enough to be tested on real streets. Yet the different modules that are used for this
research are currently rarely designed to work together. Optimisation models, control logic and simulation engines are typically
developed independently, each with their own assumptions, data formats and interfaces, typically fitting one specialized context.
Connecting a novel controller to a given simulator therefore tends to require significant integration work, which typically must be
redone whenever the controller is moved to a different simulation environment, or should beideployed in a real-world setting. The
result is that promising methods remain confined to the setting in which they were built; are difficult to compare on a common basis,
and are hard to carry forward from a research prototype towards a real deployment.

Logic Module Layer

Interchangeable decision-making methods

Controller Demand Optimisation Module ]

cbseratiens T ldecisions

Interoperability Layer
Orchestrati cle coordination - information exchange - configuration - recording
exchange — logic and environment never communicate directly
environment state T l apply / advance
Application Layer

Interchangeable execution environments

Abstract Network Model Microsimulation ’ { Real Pilot Site ’ ‘ ’

Figure 1. Generic three-layer design of the modular simulation platform. Interchangeable logic modules and execution
environments communicate through a central interoperability layer, which coordinates their lifecycle and the exchange of
state information and decision outputs. The list of logic modules and application layer environments is not exhaustive.
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This difficulty is not a new observation, and several established frameworks address parts of it. Multi-domain simulation frameworks
such as Eclipse MOSAIC (Schrab et al. 2023), whose architecture is inspired by IEEE standard for High-Level Architecture (HLA) and
couples simulators of the traffic, communication and application domains through federates and ambassadors, and earlier couplings
such as iTETRIS (Rondinone et al. 2013) and Veins (Sommer et al. 2011) coordinate independently developed simulators, but their
organising principle is the composition of several simulation domains into one holistic model, whereas the concern taken up here is
the separation of the decision-making methods from the environments in which they are applied.

Task 5.4 addresses this challenging fragmentation by developing a model-agnostic and modular simulation platform: an
interoperability framework whose purpose is to integrate the various traffic control solutions, demand management approaches,
and simulation environments developed and used across the FEDORA technical work packages. Beyond the transferability allowing
for simple application-independent execution and comparison of different modules of the same type, this should eventually also
enable the combination of components without excessive integration work. Rather than being a single monolithic simulator, the
platform is a coordinating layer that sits between two kinds of interchangeable parts, the logic module layer for decision making on
one side and the application layer executing the communicated commands on the other, and mediates the exchange of information
between them. This separation is visualized in Figure 1 and represents the central design decision of the platform. Both the logic
module layer and the application layer hold interchangeable parts represented through aden-exhaustive list of possible modules,
joined by an interoperability layer in the middle. The remainder of this chapter describesthow, the platform is realised, demonstrated
and evaluated.

Three design principles follow directly from the Task 5.4 objective and shape the platform throughout.

The first is the decoupling of decision logic from the environment in which it is applied and the model-agnosticism that follows
from it. A control or optimisation method should not need to‘knowswhether it is driving a microscopic traffic simulator, a more
abstract network model or, in principle, an interface to a real pilotsSite. Similarly, an environment should not need to know which
specific traffic management methodology is deployed for the computation of a traffic signal plan or which demand prediction model
informs the decisions of the controller. As shown in Figure 1, the two sides never communicate directly, but the interoperability
layer takes responsibility for the exchange of informatien between them, so that each side can be developed, replaced or re-used
independently. Because logic and application layer.cammunicate only through the platform's mediating layer, and never with one
another, neither is tied to the internals of the other. A method developed against the platform can in principle be connected to any
environment that speaks the same shared,contract, and an environment integrated once becomes available to many methods. This
is what makes it meaningful to speak of the platform as model-agnostic: it does not privilege a particular simulator, a particular class
of logic modules, or a particular@application domain.

The second is composability. The platform is deliberately structured as a set of cooperating parts with well-defined responsibilities,
coordinated by a central orchestrator. This component acts as an interoperability agent between the logic and the application layer:
it brings the parts into a common lifecycle, mediates the information they exchange, and keeps them synchronised as a run proceeds.
At the same time this agent-based framework represents the introduction of a dedicated coordinating element rather than
interoperability being built into each method or engine. Composability thereby also extends to the logic side, where more than one
module can be combined so that their contributions are merged into a single course of action for the application layer.

The third is testability and reproducibility. Because the platform standardises how parts are coordinated and how information is
exchanged, a given experiment can be described, configured and repeated in a controlled manner, and its outputs can be captured
and analysed on a consistent basis regardless of which specific method with the same type of decision output or which environment
was used. This principle is what allows the platform to serve not only as an integration mechanism but also as a basis for fair
comparisons and evaluation, a role developed further in Section 2.4.

Taken together, these principles position the platform as the connective layer between the different technical logic modules and
simulation environments developed and used throughout WP4 and WP5 within the FEDORA simulation space. It builds directly on
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the integrated multimodal simulation and prediction framework reported in D5.1, which established the simulation engines and
demand models that the platform is designed to orchestrate, and provides the mechanisms through which the logic modules
developed elsewhere in the project can be brought into a common application setting. Finally, it also prepares connected methods
for the transfer towards real-world operation that motivates Tasks 5.5 and 5.6. The sections that follow cover the platform's
architecture and the way its parts interoperate (Section 2.2), the implemented demonstrator (Section 2.3), and its evaluation
capabilities, implementation status and availability (Section 2.4).

2.2 ARCHITECTURE AND INTEROPERABILITY

The layered organization introduced in Section 2.1 is realised through a set of cooperating components that exchange information
through a common scheme. This section describes that architecture: the way the components communicate (Section 2.2.1), and the
lifecycle and stepwise execution through which the orchestrator coordinates them throughout a scenario run (Section 2.2.2). The
descriptions focus on the reasoning behind the structure since these choices determine how easily new logic modules or alternative
execution environments can later be brought together under the same framework, beyond the implemented demonstrator
presented in Section 2.3.

2.21 COMPONENT MODEL AND COMMUNICATION

The platform comprises a small number of component types with distinctarolés! A single orchestrator is tasked with addressing the
responsibilities of the interoperability layer and maintains contact with all others. Any communication among decision-making
modules or between them and the execution side is routed through'it. On the execution side, one connected environment represents
the setting in which decisions take effect and which determines the/advancement of time. In the presented demonstrator this is a
time-based simulation environment, but it could equallydean event-driven model or a connection to an operational site. On the
decision-making side there are the logic modules, the methads that determine how the modelled system is acted upon, such as a
traffic signal controller or an optimization routine. Also demand prediction models or other components that could inform decision-
making processes can be connected through the légic module layer. A recorder observes the exchange between these components
and stores it for later analysis without influencingiit. This composition follows the three-layer arrangement of Figure 1, with the
orchestrator and the recorder forming the 'mediating layer between the interchangeable decision-making and execution
components.

Communication between the components takes the form of message passing rather than direct invocation. Each component runs
as an independent process and exchanges states or decisions with the orchestrator over a Transmission Control Protocol (TCP)
connection, so that no component holds a reference to another or calls its code. Running the components as separate processes
that communicate over a network keeps the application and logic module layers decoupled at runtime and removes any requirement
that they share a programming language, an internal data representation or a common address space. The same arrangement also
allows the execution backend to be a simulator running alongside the orchestrator or, without any change to the coordinating logic,
a connection to a remote system such as a real-world pilot installation.

The logic modules specify to the orchestrator during configuration and start-up what context information they require to return the
desired decision and at each step the orchestrator requests the corresponding states from the environment and passes it on to
them. Every message exchanged during execution is self-contained: it carries its origin, its intended recipient layer, the type of
information it holds and the information itself, which is enough for the orchestrator to route it. For efficiency only the required state
information is requested and then selectively communicated by the orchestrator in one direction and decisions from the logic
modules can be collected and combined before being sent to the application layer, keeping the communication needs as low as
possible. Because each message is characterised by the type of information it carries rather than by the specific component that

produces it, the same mechanism conveys state descriptions, control decisions, or, for other classes of method, demand estimates
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or optimisation results. How the quantities are reported in a state description or how control decisions are expressed, depends on
the participating components and is described for the traffic signal control demonstrator in Section 2.3.

Table 2 summarises the message types currently defined, the information each of them carries, and the form this information takes
in that demonstrator. Alongside the routing information described above, every message also carries the time at which it was sent,

so that the recorded trace can be ordered independently of the components that produced it.

Table 2. Message types exchanged during a run, with the state and decision quantities of the traffic signal control demonstrator.

MESSAGE TYPE

step

traffic_state

logic_command

apply_and_advance

get_state, state_report

vehicle_log_meta,
vehicle_event

PU - PUBLIC

DIRECTION

Orchestrator to
application layer

Application layer to
logic module layer,
routed by the
orchestrator

Logic module layer to
orchestrator

Orchestratordo
application layer.

N\ g

Orchestrator to and
from the application
layer and the logic
module layer

Application layer to
orchestrator

INFORMATION CARRIED

Releases the environment
to carry out its next
iteration.

The state description for
the current step. A fixed
part is always transmitted;
the lane measurements,
namely queue lengths,
weighted queue lengths
and priority bids, only
where a logic module
requires them.

4
The decision ne logic
mo d with a
cision type.

-

The decisions of all logic
modules for one step,
merged and passed on to
be applied before the
environment advances.

An optional request for a
snapshot of a component's
internal state and its reply,
restricted to the attributes

enabled in the
configuration.

The header of a run and the
individual entry and exit
events observed in the
environment, reported
rather than written by the
environment itself.

D5.2 - MODULAR SIMULATION PLATFORM AND SIM2REAL TECHNIQUES

Funded by
the European Union

Project funded by

LHE
‘
:

ROLE IN THE DEMONSTRATOR

No further content; the iteration reads the
network state, applies the decisions returned
for it and advances SUMO by one step.

Time and step counter and, per signalised
intersection, the number of phases used for
the measurements, the index of the signal
setting displayed and the signal state of the
controlled links. The two state-responsive
controllers add the per-phase queue lengths,
the Urban Priority Pass also the priority bids,
counted within a configurable distance of the
stop line.

Type traffic_light_command, with the time
and step it refers to, the index of the next
signal setting per signalised intersection and
the controller's internal state for each.

The combined assignment of a next signal
setting per signalised intersection; empty in
the baseline configuration, where the
environment keeps its own signal plans.

For the environment the step and time and
the identifiers, lanes, positions and priority
flags of the vehicles present; for the
controllers the controller type, the internal
state per intersection and, where computed,
the submitted bids and whether a phase was
switched.

Scenario label, signalised intersections, run
length, spawn horizon, random seed and total
lane length; per vehicle the identifier, event
type, time, priority flag and, on leaving, the
length of its route.
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Lifecycle signals marking
environment_stated, Application layer to when the environment has
environment_stopped orchestrator become operational and

when its run has ended.

K

The first carries the SUMO label and prompts
the first step; the second the time and step at
which the run ended.

Copies of the messages
routed between the
communication, Orchestrator to components and of the Written to the communication log and to the
vehicle_log recorder collected entry and exit vehicle log used by the evaluation pipeline.
events, mirrored without
affecting the decision path.

2.2.2 COMPONENT LIFECYCLE AND ORCHESTRATION

Beyond exchanging information during a run, the components must be brought into and out of.operation in a coordinated manner.
They differ entirely in their internals and in how long they take to become operational. A mieroscopic simulator, for instance, must
load a network and reach a running state, whereas a rule-based controller is ready almost immediately. The orchestrator therefore
requires a uniform way to reason about the status of each component without being aware of their internal working principles. The
proposed integration platform achieves this by modelling every component as a.finite state machine (FSM) with the same lifecycle,
shown in Figure 2. Each component passes through the same explicit states, namely created, configured, ready, running and stopped,
together with a single failed state reachable from any of them. Becausesthe lifecycle is explicit and identical across components,
each may manage its own readiness and communicate it in a form the orchestrator interprets uniformly.

CHREATED fail() <

configure()

CONFIGURED fail()

;

resources prepared

stop() READY

z

v

o

=

r |«

m
U

coniigljure() stop() start()

stop() RUNNING fail(y

L

stop()

RO STOPPED |« stop() g

1

Figure 2. Shared component lifecycle modelled as a finite state machine. Every component managed by the
orchestrator passes through the same states (created, configured, ready, running and stopped), with a failed state
reachable on error from any stage and a path from stopped back to configured that returns a component to service.
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The separation of the early states is deliberate. Creation instantiates a component but does not launch it yet, configuration injects
the scenario-dependent and user-defined parameters passed through a single configuration file, and the transition to ready certifies
that the component's resources have actually been prepared, for example a network loaded, an internal model initialised, or a
connection to an external system opened. Keeping these states distinct allows the orchestrator to create every component
separately, configure them, and only continue towards the scenario run execution once each has independently reached the ready
state. This readiness barrier based on internal component states excludes the ill-defined situation in which one component is already
acting while another is still being initialised. The single failed state serves the complementary purpose. Since failures may arise at
any stage and in any component, whether due a malformed configuration, a simulator that stops responding, or a lost connection
to an external site, routing every such case to one explicit state gives the orchestrator a uniform means of detecting it and bringing
the run to a controlled stop rather than leaving it in an inconsistent state. Finally, the path from stopped back to configured allows
for a component to be reused across successive runs without being destroyed and rebuilt, which is especially relevant when a
systematic variation over scenarios or module settings would otherwise repeatedly cause the computationally expensive restarting
of a complex component such as a microscopic simulator.

Putting everything together, the orchestrator executes a full scenario according to the control,loop shown in Figure 3, consisting of
a startup phase, a repeated main loop, and a shutdown phase. In the startup phase the @rchestrator reads the user-defined run
configuration containing all necessary setup parameters and launches the recorder, the logic'modules, and the environment through
the lifecycle described above, completing with all components being in the ready state.

Once all components in the pipeline have signalled their readiness, each iteration of the main loop follows a fixed sequence,
reflecting the semantic steps coordinated by the orchestrator between each advancement of the environment by one step. The
orchestrator first requests all states required by the connected logic modules from the environment to enable decisions grounded
in the situation at that step and distributes them to all logic modules at once. As every module receives the same information, their
decisions are directly comparable and, where several modules act together, can be combined without ambiguity about the state
they refer to. Each module computes its decision independently, preserving interchangeability and extensibility. The orchestrator
accumulates the returned decisions and, once every module has replied, merges them into a single course of action and issues it to
the environment, which then applies it and advances by one‘step. Throughout, the orchestrator mirrors the exchanged messages
and, where enabled, additional environment state infermation to the recorder without affecting the decision path, so that a
complete trace is produced for post-analysis without perturbing the scenario execution. After each iteration, the loop tests whether
the scenario has been completed and eithergproceeds to the next steps or moves into the shutdown phase.

By collecting the logic modules’ decisions‘and applying them bundled together, the orchestrator synchronises the main execution
loop within every cycle, so that every ‘module works from the same view of the state and their decisions take effect jointly,
guaranteeing reproducibility given,the same scenario configuration and connected logic modules. What follows then depends on
the observed state and on the methods only, rather than on incidental differences in the order or speed with which the modules
respond. This consistency is what makes it straightforward to connect and combine logic modules of very different character: a rule-
based controller, an optimisation routine and a learning-based method are all coordinated through the same mechanism and reason
based on the same information, so that any of them can be added, replaced or run alongside the others without having to account
for how the others reach their decisions. The advancement of the simulation by one step is executed autonomously, so that under
the assumption of operational equivalence the same coordination applies whether that environment is a simulation driving a model
or a connection to an operational site that reflects the system as it evolves. As all exchanges of state information and logic module
decisions are recorded, a run can be reconstructed and examined during post-processing, supporting the repeatable comparison of
alternative configurations.

The orchestrator, as well as the overall framework, also support the case of no connected logic modules, in which the environment
proceeds to execute the defined scenario under its own default behaviour and provides a natural reference evolution. When a run
ends, the shutdown phase returns the components to the stopped state, releases their resources and finalises the recorded trace.
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Figure 3. Control loop coordinated by the orchestrator. Each step consists of a publication of the traffic state,
the collection of the logic modules’ decisions, and the application of the merged decisions to the environment.
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2.3 DEMONSTRATOR: TRAFFIC SIGNAL CONTROL

The architecture described in Section 2.2 is general, since it describes how logic modules and application layer execution
environments are coordinated without fixing the exact functionality of either of them. To demonstrate the functionalities of such a
modular simulation platform end-to-end and provide a more concrete example for the described behaviours, it has been instantiated
in a demonstrator for traffic signal control. Signal control is well suited for this purpose, as it is a well-studied problem with
established methods of differing character, ranging from fixed schedules to state-responsive strategies, which lets the platform's
handling of interchangeable logic modules be exercised on methods that are genuinely different from one another. Figure 4
illustrates the components of the demonstrator as an instance of the generic three-layer design in Figure 1, with a microscopic traffic
simulator on the execution side, a set of signal controllers forming the logic module layer, and the orchestrator mediating between
them with the recorder connected for tracking.

Logic Module Layer Interoperability Layer Application Layer

Controllers @ } *u!atfon Environments D
<+—>

Orchestrator —
Fixed Cycle Controller Simulation of Urban MObility
Traffic Signal Control I (SUMO)
Max-Pressure Controller SimMobility
Traffic Signal Control Data Space @
GityFlow
Urban Priority Pass Conf‘ra“t
Traffic Signal Control
R@ersislency
KE”""""me"t Setup FEDORA Pilot Sites
0
Demand Models -an Vienna Pilot
&

Figure 4. Traffic signal control demonstrator as an instance of the three-layer platform, with the signal controllers as logic modules
and SUMO as the application layer environment (highlighted in red). Other simulation environments and pilot connections shown
are illustrative and not part of the present implementation.

On the execution side, the environment is provided by SUMO (Simulation of Urban MObility), an established open-source
microscopic traffic simulator. Consistent with the functionalities discussed in Section 2.2, SUMO reports selected state information
of the modelled network on request, such as the queues forming on each approach and the current signal settings, and applies the
given signal plan decisions before advancing the simulation by one step. It is driven through the Traffic Control Interface (TraCl),
which the environment component uses to both read states and execute traffic signal changes. The scenario run with the
demonstrator is defined to be self-contained, consisting of a road network, a corresponding traffic demand, and the definition of
the signalised intersections it contains, which together provide a reproducible setting in which the controllers can be run and
examined. Since the environment is only contacted through the orchestrator, the same role could equally be filled by another
simulator or, in time, by a connection to a pilot site, as the illustrative entries in Figure 4 suggest.
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The logic modules in the demonstrator are traffic signal controllers, each computing signal decisions from the state information the
environment reports, with the active controller being selected and configured through the user-defined scenario file. Four different
control methodologies are available as part of the demonstrator. The baseline scenario corresponds to the case where no external
controller is selected, which results in the environment running under its own built-in signal plans with default timing and the
orchestrator issuing an empty list of decisions at each step. This corresponds to the case of no connected logic modules anticipated
in Section 2.2, and serves as a reference configuration against which the active controllers can be assessed. The most basic connected
method is a fixed-cycle controller that applies pre-timed signal plans, whose phase sequence and timing, including the green
durations, the yellow transition and per-intersection offsets are specified entirely in the user-defined scenario configuration with
each intersection cycling through its phases independently. While it is simple and predictable, this type of controller represents a
logic module that acts without requesting or relying on state information from the environment.

The remaining two controllers are state-responsive. Max-pressure control derives its signal decisions from the reported state, using
the pressure at different approaches to each intersection, understood as the difference in queue lengths between opposing
approaches, to decide which movement should receive a green light. The selection is organised as an auction, in which the competing
movements bid according to their pressure and the movement with the highest bid is granted'the next green phase, so that the
controller continually favours the directions under the greatest load. The Urban PriorityhPass controller, developed within the
FEDORA project and documented in deliverable D4.1, builds on this mechanism. It/ xtends the auction with priority bids for
designated vehicles, such as public transport, so that the signal timing can favour thése vehicles alongside the general balancing of
queues. The strength of this preference is set by a single tuneable parameter that .trades off network-wide efficiency against the
reliability of the priority service. When setting the strength parameter to itssneutral value the priority bids have no effect and the
controller reduces to a regular max-pressure approach. The quantitative behaviour of the Urban Priority Pass is reported in
deliverable D4.1, while its role within this demonstrator is to show how advanced and new control methodologies developed as part
of the FEDORA project can operate through the platform on thesame terms as established solutions.

Combined, these controllers showcase the mechanisms introduced’in Section 2.2. Although they range from a static schedule to an
adaptive, priority-aware strategy, all four controllers present the same behaviour to the rest of the platform, requesting specific
state information available in the application layer enwironment and returning a signal decision, so that switching between them
requires no change to the environment, the orchestrator, or the recorder, and is expressed only in the user-defined run
configuration. The shared auction basis of the twostate-responsive controllers, and the reduction of the Urban Priority Pass to the
max-pressure control approach at its neutral setting, further show that functionally similar methods can be examined against one
another within a single environment andsscenario, which is another practical value of the platform for the development of novel
control approaches and optimisatioh,methods elsewhere in FEDORA.

2.4 IMPLEMENTATION, EVALUATION AND AVAILABILITY

The demonstrator presented in Section 2.3 is provided as a working Python implementation of the platform, in which the
orchestrator, the recorder, the SUMO environment and the different signal controllers run together as the independent, message-
passing components introduced in Section 2.2. A scenario is fully defined by the mentioned user-defined configuration file,
containing the scenario selection, the environment, and the active controller. Based on the configuration, the orchestrator launches
all relevant components through their lifecycle and drives the main simulation and control loop until completion. As auxiliary files
for the SUMO simulation environment, the scenario also supplies a self-contained network, demand information, and a set of
signalized intersections, so that the implementation can be executed and reproduced without reliance on external data.

The scenario supplied with the demonstrator is a synthetic grid network with nine signalised intersections, each operating four
controllable phases. Vehicles are generated at twelve entry points at 50 vehicles per hour each and assigned one of twelve routes,
and a run covers 5 000 steps of one second under a fixed random seed. In the Urban Priority Pass configuration, 30 % of them are
additionally designated as priority vehicles.
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During a run, two complementary records are produced. The recorder receives a copy of every message routed by the orchestrator
and stores it, so that the information exchange between the components remains traceable after the completion of a run. These
records hold the state information passed from the environment to the logic modules, the decisions they return, as well as the
control messages that drive the main simulation loop. Where enabled, the orchestrator also periodically requests snapshots of the
component’s internal states through polling. The content of this communication log can be restricted to selected message types
where a smaller log is sufficient. A second record captures the modelled traffic itself: as vehicles enter and leave the network, the
environment reports these events to the orchestrator, which forwards them to the recorder. The latter collects them into a dedicated
vehicle log, pairing each vehicle's entry and exit with the distance it travelled, which provides the basic for the evaluation pipeline
described below and other post-processing.

Building on the vehicle logs, the repository provides an automated evaluation pipeline that is executed once a run has finished and
computes standard traffic engineering metrics from it: the mean, median and spread of vehicle travel times, the vehicle hours and
vehicle kilometres travelled (VHT and VKT), the traffic flow, the space-mean speed and the network density. Which of these are
computed can be configured, and the pipeline returns a concise summary together with a set of standard plots. As the metrics are
calculated based on the abstracted vehicle logs rather than simulation output files from any specific environment, the same
evaluation applies to any execution backend that reports these events in the expected form;, whether a simulator or a future pilot
connection. As every run follows the same control loop and can be repeated under a fixed random seed, the metrics for different
configurations are directly comparable, so that the baseline and the three controllersdescribed in Section 2.3 can be assessed against
one another on a common scenario. Moreover, the unmodified per-vehicle and message records also remain available to further
post-processing, for which the repository includes controller-specific analysis,scripts, such as a breakdown of the experienced
average travel times for prioritised against regular vehicles under the Urban Priority Pass, as well as cross-controller comparisons.
Consistent with the scope of this deliverable, quantitative results for developed components such as the Urban Priority Pass are
reported in deliverable D4.1.

The entire platform is available open source. The code repository’(https://github.com/fedora-horizon/fedora_platform) contains
the presented demonstrator, including the SUMO integration,controllers, orchestrator, evaluation pipeline, and post-processing
scripts. An accompanying user documentation (httpss//ivt-baug-ethz.github.io/fedora_platform) covers the platform’s technical
architecture, configuration, evaluation, as well as the'‘@@mponents and their interfaces in more detail. This open availability lets the
demonstrator be reproduced and the platform be reuSed and extended beyond the demonstrator reported here.

2.5 CONCLUSION

This chapter has presented the madel-agnostic and modular simulation platform for coordinating interchangeable decision-making
methods with the environments in which they are deployed. Section 2.1 set out its purpose and guiding principle to introduce a
platform that acts as a coordinating layer and brings decision-making methods and execution environments together under a
common scheme, while keeping the two sides independent and allowing several methods to act in combination. Section 2.2
developed these principles into an architecture centred around a single orchestrator through which all communication passes. It
described how the components exchange information, how a shared lifecycle brings heterogeneous components into and out of
operation in a coordinated manner, and how a stepwise control loop keeps all of them synchronised.

Sections 2.3 and 2.4 applied this design in a working system. The platform was instantiated in a demonstrator for traffic signal
control, where a microscopic traffic simulator serves as the environment and a set of signal controllers, from fixed-time control to
the Urban Priority Pass, act as the logic modules, each connected through the same interface. At this example, it was described how
the recorder retains a complete account of each run and how an evaluation pipeline can process this information into standard
traffic engineering measures, allowing different controllers to be assessed on a common basis. Released as an open-source code
repository together with a user documentation, the platform offers a foundation on which the control and optimisation methods
developed across the project can be integrated, compared, and in time carried towards the pilot environments.
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3 SIM2REAL TECHNIQUES FOR MODEL-TO-
APPLICATION TRANSFERABILITY

3.1 TASK DESCRIPTION

One of the main challenges in deploying intelligent traffic management systems is the gap between simulation and real-world
operation. Although advanced traffic control strategies often achieve excellent results in simulation, their performance often
declines when applied in practice because real traffic does not behave exactly as it does in the training environment. Reducing this
simulation-to-reality (Sim2Real) gap is therefore important for developing traffic management systems that can be transferred from
research to real-world applications with confidence. Task 5.5 focuses on Sim2Real methodologies that improve the transferability of
traffic management models, with particular emphasis on reinforcement learning (RL)-based control strategies. The objective is to
reduce the differences between the training and deployment environments by enabling simulated traffic dynamics to better reflect
those encountered in more realistic settings. To evaluate the effectiveness of the proposed methodology, the developed traffic
management models are tested across microscopic traffic simulators with differenglevels of fidelity, ranging from computationally
efficient but more abstract simulators to more detailed and realistic traffic simulation environments. The resulting Sim2Real
framework is designed to support the multimodal traffic simulator developed infTask 5.1.

As a first step towards this objective, a proof-of-concept study was carried’ out using network-level perimeter control as a
representative traffic management application. Perimeter control has ‘received considerable attention in recent years because it
regulates traffic at the network level by controlling the flow of'Wehicles entering a congested urban area. The effectiveness of
perimeter control is associated with the Macroscopic Fundamental Diagram (MFD), which captures the relationship between
network accumulation and trip-completion rate (or productiof) (Daganzo, 2005; Gartner & Wagner, 2004; Geroliminis & Daganzo,
2007). Under typical operating conditions, the MFD exhibits‘a critical accumulation at which network productivity reaches its
maximum. Once this threshold is exceeded, congestion develops rapidly and network performance deteriorates. This observation
has motivated the development of many MFD-based control strategies, including model predictive control, linear quadratic
regulators, and proportional-integral controllers (Aboudolas & Geroliminis, 2013; Geroliminis et al., 2013; Hajiahmadi et al., 2015).
These methods have shown strong performance) however they depend on accurate traffic models and reliable MFD estimation,
assumptions that become difficult to.(satisfy under uncertain demand, heterogeneous traffic conditions, or imperfect state
estimation.

Recently, Reinforcement learning (RL) has been used as an alternative because it can learn control policies directly through
interaction with the traffic environment, reducing the need for explicit traffic models. Many studies have demonstrated that RL can
regulate network inflow effectively, achieve performance comparable to model-based approaches, incorporate domain knowledge
to improve learning, and scale to large urban networks consisting of multiple interacting regions (Kampitakis & Vlahogianni, 2025;
Ni & Cassidy, 2019; Yoon et al., 2020; Zhou & Gayah, 2021, 2023). Nevertheless, the existing studies assume that the environment
used for training is the same as the one in which the learned policy will eventually be deployed. As a result, the ability of RL-based
perimeter control policies to generalize across environments with different traffic dynamics remains largely unexplored.

This issue is part of the sim-to-real problem and perimeter control is a natural instance of it. RL policies are typically trained in
simulation, because collecting data and training policies in real traffic networks is expensive, slow, and often impractical. Differences
between simulation environments and the real-world, referred to as the reality gap (Jakobi et al., 1995), can nevertheless lead to a
degradation in performance after deployment. To reduce this gap, research mostly in the domain of robotics has proposed several
sim-to-real transfer methods, including system identification, domain randomization, adaptive domain randomization, and domain
adaptation (Chebotar et al., 2019; Peng et al., 2018; Tobin et al., 2017). For RL-based perimeter control, though, the question of how
well a learned policy generalizes across environments with different traffic dynamics remains open.
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Grounded Action Transformation (GAT) is one of the most recent approaches developed to address this kind of problem (Hanna et
al. 2021). Instead of modifying the source simulator or learning policies that remain unchanged across environments, GAT learns
forward and inverse dynamics models from a small amount of target-domain data and uses them to transform the actions selected
by the policy during training. In doing so, the source simulator more closely replicates the dynamics of the target environment, while
training continues entirely in the source simulation. However, despite these developments, its potential for perimeter control has
not yet been examined. From a traffic management perspective, sim-to-real techniques have been used mainly in the context of RL-
based traffic signal control. More specifically, (Da et al., 2023a) have used GAT for traffic signal control, introducing forward and
inverse dynamics models to make the simulator actions closer to those of the target environment without changing the simulator
itself. Further work built on this approach introduced Uncertainty-aware Grounded Action Transformation (UGAT), which used the
confidence of the dynamics models for selective action transformation to increase stability and transfer performance (Da et al.,
2023b). Additionally, PromptGAT improved the GAT framework through the addition of large language models to enhance forward
dynamics predictions through domain knowledge and thus improving adaptability to differences in weather conditions and road
features (Da et al., 2024). Lastly, (Turnau et al., 2025) extended this method to Multi-Agent RL through a Joint-Local GAT (JL-GAT).
Their framework uses information from nearby intersections to account for local interactions, and maintains the scalability of
decentralized learning. In their experiments, JL-GAT was able to reduce the sim-to-real performance gap under adverse weather
conditions consistently and managed to perform better that the centralized and the decentralized GAT approaches in large traffic
networks.

Despite the aforementioned developments, its potential for perimeter control has'not'yet been examined. To address this gap, the
study proposes a sim-to-real framework for RL perimeter control based on GAT. To the best of the authors' knowledge, this is the
first study to investigate sim-to-real transfer for RL-based perimeter contrel, extending the application of GAT to network-level traffic
management. Perimeter control can also be prone to the reality gap as'its effectiveness is affected by the network's macrosco pic
dynamics, which are a result from lower-level processes, e.g4 car-following behaviour, route choice, congestion spillback, and
demand patterns. Even a detailed simulator can reproduce theseyphenomena only approximately. Differences between simulation
and reality can therefore affect the overall traffic patterns that the perimeter controller depends on. To study this transfer gap in
controlled conditions, we train and test a policy across two simulators that have different dynamics, so that the same network and
demand can produce different macroscopic states. The proposed framework adapts a perimeter control policy trained in a source
simulator to the dynamics of a target simulator. We evaluate it in a sim-to-sim experiment with CityFlow and SUMO as the source
and target simulators, respectively. Previous studies mostly assess GAT frameworks against direct policy transfer, we additionally
benchmark against RL policies trained directly.in the target simulator under an identical interaction budget. Finally, we test various
GAT refinement frequencies and target-demain interaction budgets, in order to give some insights on how these two factors can
alter transfer performance and data efficiency.

3.1.1 CONCEPTUAL FRAMEWORK

We consider a sub-network, which we refer to as the protected network (PN), embedded within a broader network that needs to
be protected from congestion. Under certain conditions, there is a critical accumulation level in which the network operates most
efficiently and beyond this level congestion builds rapidly leading to degraded conditions. This phenomenon is captured by the
Macroscopic Fundamental Diagram (MFD) which describes the relationship between vehicle accumulation and trip completion rate.
Perimeter control is the traffic management strategy adopted here with the objective of regulating the number of vehicles entering
the PN in order to maintain vehicle accumulation around the critical value and prevent oversaturation. In this work this is achieved
by adjusting the green duration of the phases that advance traffic into the PN where each boundary link that leads into the PN is
assumed to be controlled by a traffic signal.
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Figure 5. The transfer setting.

In the context of RL, perimeter control can be viewed as a sequential decision-making problem, which we formalize as a Markov
Decision Process (MDP) characterized by (S, 4, P, R, y). An RLagent learns a control policy through repeated interaction with a traffic
simulation environment. At each control cycle, it observes the current traffic state, selects a control action and receives a reward,
after which the environment evolves under its traffic dynamics to the next state. The state summarizes the prevailing traffic
conditions relevant to control, the action is a single, network-level quantity and the reward encodes the control objective. Through
this interaction the agent learns a policy that maps states to actions so as to maximize the expected cumulative discounted reward.
Crucially, we consider this MDP across two distinct simulation environments. The policy'is trained in a source simulator, which we
denote by S,,,,, but is intended for deployment in a target simulator, which we denete by'T,,,,,, whose underlying traffic dynamics
differ (Figure 5). Note that the two environments share the same state and action definitions and the same reward and they differ
only in their transition dynamics (Ps,,  # Pr,, ). This shared interface with differing'dynamics is what makes transfer between them
both meaningful and non-trivial, and it is the setting the proposed frameworkis'intended to resolve.

3.1.2 THE RL-BASED PERIMETER CONTROLLER

The RL agent has three main design components: the statefthe action, and the reward. At the beginning of each control step, the
agent observes a state s; which is a vector of the form

se = [af™, qf", qf"",n,, TC,) € [0,1]° (1)

where the variables represent the total entrance queue, the total PN inflow, the total PN outflow, the PN’s instantaneous
accumulation, and total trip completions upon the'completion of the control step, respectively. To increase stability all variables are
normalized to the interval [0,1]. Also, note that:the same state representation is used in both the source and target simulators. Based
on the observed state s; agent selects@n action a;. In this work, the action is the total number of vehicles that are allowed to enter
the PN over the upcoming contrel cyele: As a rule of thumb, a; € [—1,1] which is then linearly mapped to the feasible network inflow
range according to

ordered at+1

qe = lqmin (Gmax — len)l

where Gmin and Gmax is the minimum and maximum boundary inflow, respectively, which resulted from the minimum and
maximum green time settings of the perimeter intersections assuming a saturation flow of 1800 veh/h.

After tha action a; is applied to the environment, it advances to the next state (s;,;) and a reward signal is returned also to the
agent. The reward r; is defined as the total number of completed trips during the previous control step:

1. =TC 3)

where 1; is normalized to [0,1] for enhanced stability. This reward encourages the agent to maximize trip completion rate without
explicitly given the critical accumulation.

In this study, the RL algorithm used for training the perimeter control agent is the Proximal Policy Optimization (PPO) algorithm. PPO
is an on-policy, model-free, policy-gradient algorithm, belongs to the actor-critic family of RL methods (Schulman et al., 2017) and
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has shown great results in continuous control tasks. PPO improves the stability of policy-gradient learning by using a clipped objective
function. The clipping operation limits how much the new policy is allowed to differ from the previous policy. In this way, PPO avoids
overly aggressive policy updates and improves training robustness. The policy g is represented by an actor network, which maps
the current state s; to a control action a;, while a separate critic network estimates the value of that state, i.e., the expected
cumulative reward obtainable from it under the current policy. During training, the critic's estimate acts as a baseline: the actor is
updated to make actions that performed better than the critic predicted more likely, and those that performed worse less likely.

The RL-instructed inflow is uniform along the perimeter of the protected network. A queue balancing framework is introduced to
optimally distribute the permitted vehicle inflow and to calculate the exact green times for the corresponding phases of the
controlled intersections along the perimeter of the protected network, based on real-time observed queues. More precisely, an
optimization problem (Integer Quadratic Programming - IQP) is built and solved before the beginning of each control cycle. We
define the following notation for the queue balancing optimization problem. Let I be the set of perimeter control (PC) intersections
and n¢ denote the number of entrance phases at the i*" PC intersection, while n} is the number of secondary phases (i.e., non-
entrance phases). For each entrance phase k of the i PC intersection, the number of queued vehicles is denoted by g, and the
discharge rate (in vehicles per second) is given by sf,. The green time assigned to each entrance phase, gt, is a decision variable in

e,min emax

the optlmlzatlon and is bounded by minimum and maximum limits gt;;” and gt;;" , reSpectively. Similarly, for each secondary
phase k of the it" PC intersection, the number of queued vehicles is denoted by q;;, andithe discharge rate is s;;,. The assigned green
time for each secondary phase, gt;,, is also treated as a decision variable and is constrained also by minimum and maximum green
time bounds, gt/ and gt/ respectively. Finally, the total green time available at PC intersection i is denoted by gtf°t, and the
permitted inflow into the protected region, as instructed by the RL controllér, is represented by f,. The optimization problem is

formulated as follows:

e
minimize  60; Yie; Yoo, (qf — gt * s§)? +
gtlk gtik
nf 2
0, Yier Xy (qi — (Gtix * su)) (4)
subject to

Zlelzk 1gtlk *Stk < fRL +5
n{ e e

Yier Doy 9tik * S = frr —
Z"is ¢; +§‘,"ie te = gttot viel

k=1g ik k=1g ik = 9t L
gte = gtd™" vie Lk e(l,..,nf}
gti < gty vie Lke{1,..,nf}
gt = gt vie Lke(l,..,n}
gtie < gt vie Lk e{l,..,ni}
gti, €2 vie IL,Lke{1,..,n{}
gt €EZ*Vvie I,ke{d,..,nf}

The solution to the optimization problem in (4) yields the updated traffic signal plans that are implemented in the upcoming control
step. The objective function of the optimization problem consists of two terms. The first term minimizes the number of queued
vehicles on the entrance phase links, and the second term targets the reduction of queues on the secondary phase links. Each term
is weighted by 0, (here 0.9) and 8, (here 0.1), respectively, allowing the formulation to emphasize these objectives differently. The
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first and second constraints defined in (4) ensure that the assigned green durations for all entrance phases align with the RL-

R

instructed inflow, within an allowable deviation equivalent to =5 vehicles. The next constraint guarantees that the total green time
at each PCintersection is fully allocated. The following four constraints ensure adherence to the predefined minimum and maximum
green time settings for both entrance and secondary phases. Finally, the last two constraints make sure that all green time
assignments, are strictly positive integers. An overview of the RL-based perimeter controller is shown in Figure 6.
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Figure 6. The RL-based perimeter control framewaork.
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3.1.3 GROUNDED ACTION TRANSFORMATION

Under the GAT framework, adapted to our setting, there is a simulator (seurce) which has an imperfect and modifiable MDP that
models the MDP of the environment of interest, i.e., the target simulator. Modifiable means that the source simulator has a
parameterized transition probability function of the form Py (s [s,@)4= Ps,, (- |s, a; ¢) where ¢ can be changed in order to produce
a different simulator. GAT what effectively tries to dofis\to find a ¢~ that minimizes the discrepancy between the transition
probability function of the source and the target simulator.'Given a dataset By = {7;}i%,, T; = (sé,af), ey Sk, aiT_l,s%) which is
collected by rolling out policy 74 in the target simulator.then

¢ = arg;nin Yeieny 2izo A(Pr,,, (sta|st, ab) PefyBlaalst at ¢)) - (5)

where d is a distance metric that measufés,the discrepancy between the transition dynamics P, ~of the target simulator and the
transition dynamics P, of the source simulator. The central idea of GAT is to augment the source simulator with a differentiable
action-transformation function“g..\Rather than executing the agent's action directly, the simulator executes g's transformed action,
chosen so that the resulting transition in the source matches the one the same original action would have produced in the target. In
effect, g grounds the source dynamics in those of the target. The function is realized as a parameterized function approximator (i.e.,
neural network), and its parameters constitute the grounding parameters ¢ of the augmented simulator, so GAT needs no access to
simulator internals. More precisely, the grounded action transformation function is defined as,

a. = g(sp,ap) = Hsem](st,st + F (s, at))(6)

where @, is the grounded action returned by g given a state s, and action a, (= 4 (s;)). At this point we should emphasize that PPO
is updated with a;, not d;. The transformer belongs to the environment, not the policy, and together with the source simulator form
the grounded environment.

The grounded action transformation function includes two distinct functions, i.e., the forward model F and the inverse model HSem;
as it is also shown in Figure 7. Each model is approximated with a deep neural network with parameters ¢ and ¢, respectively
(¢ = prUdy). The forward model captures how the target environment responds to control actions. It is a mapping F: S X A — X,

PU - PUBLIC

D5.2 - MODULAR SIMULATION PLATFORM AND SIM2REAL TECHNIQUES

Funded by Project funded by

the European Union “

27




roLISRA

where X c R® denotes the space of state changes, and it is fitted exclusively on transitions recorded in the target simulator. It
predicts the state change 4s,,, that would result from applying an action a, being in state s,, and is defined as

F(s,ae) = ZEt+1 (7)

From Eq. (7) the predicted next state $;,, follows as s; + F(s;, a;). This approach follows the effect-space formulation of (Hanna et
al., 2021), predicting the change rather than the absolute next state avoids requiring the network to reproduce the current state at
its output and retains resolution, since consecutive states differ by a small fraction of the normalised range.

Given a set By of transitions (s;, a;, S;+1) that are collected in the target environment by applying policy 7y, the parameters ¢ of
the forward model are obtained by minimizing

Le(¢p) = ]E(st,at,st+1)~‘BT [IIF(se ae) = (Spe1 — St)”%] (8)

The model is fitted on target states but, during policy training, is evaluated at source states, as the target simulator is not part of
that stage. This is admissible because both environments share the same state representation, and because the data collection
procedure exposes the model to the state region the policy visits. As predicted state changes.may carry s; + F(s;, a;) outside the
unit box, the predicted next state is clipped to [0,1]° before being passed to the inverse madel.

The inverse model predicts the action that reproduces a given transition in the source environment. It is a mapping Hg, :S XS -
A, and it is fitted on transitions that are recorded in the source simulator. Given the reconstructed next state §;,; and the current
state s; the inverse model predicts the grounded action @, which eventually is applied to the source simulator. It is defined as,

4y = Hs,,,, (5t Se41)  (9)

Given a set Bs of transitions (s, a;, S¢1) that are collected in the source environment by applying policy g, the parameters ¢ of
the inverse model are obtained by minimizing

Ly(pn) = E(Stzatr5t+1)~35 [”Hsenv(sf’ St41) = at”i] (10)

During policy training the model is queried with an ohserved source state together with the reconstructed next state by utilizing F,
and the resulting action is clipped to [—1,1]. Together, the two models define the grounding function of Eq. (6). Applying g(s;, a;)
in the source simulator instead of a, aligns one-step transition behaviour between the two environments,

Psen,,(' Ise, g(ses at)) ~ PTen,,(' |se, ae) (11)

so, the policy is optimised against source dynamics aligned with those of the target and is expected to transfer with a smaller
performance gap.

H grounded action tronsformation g(sr, ;)
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Figure 7. Overview of the grounded environment.

3.1.4 TRAINING PIPELINE

The training process follows an iterative procedure, and each iteration can be divided into two distinct steps as shown in Algorithm
1. The grounding step where the forward and inverse models are fitted from data that are generated by the target and source
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simulators, respectively, by the current policy, and the policy refinement step. A single grounding step is not sufficient, because the
forward and inverse models are fitted from data generated by the policy while the policy itself changes during optimization. Models
fitted at one iteration therefore become progressively less representative of the states the policy subsequently visits. This creates
the need for alternating between grounding and policy improvement over K iterations. The policy g is first pre-trained for M steps
in the source simulator without transformation, resulting in an initial policy mg, that is competent in the source environment and
can be used to generate informative transitions. Each subsequent iteration k = 1, ..., K then collects transitions from both
simulators under o,y refits the two models according to Egs. (8) and (10) and optimises the policy for a fixed number of PPO steps
in the grounded source environment, continuing from 8, _;. Collecting under the current policy concentrates the data on the states
the policy visits, so that both models are fitted where they are subsequently queried. The procedure returns 7y, , which is evaluated
in the target simulator with the transformation removed.

The quantity that controls the cost of the framework is the number of transitions collected from the target simulator, since in a
deployment setting this is the only data that must be gathered from the environment of interest. This is expressed through a data
ratio a € (0,1], defined relative to the number of interactions required to train a policy directlydn the target simulator, N,,,,. The
total target budget is aN,, ., divided equally across iterations, so each iteration contributes @Ny,, /K transitions. Thus, a value of
a = 1is a framework that consumes exactly as much target data as direct training in the,target simulator, while a < 1 quantifies
the reduction in target-data requirement obtained through grounding.

Algorithm 1: Iterative grounding for perimeter control

Input: source simulator S,,,,, target simulator T, iterations K, data ratio a, target budget N, .., pre-training
steps M
Output: 1y,
1: 68y « PPO(S,,,) for M steps — pre-train in séureepno transformation
2: fork=1toK do
3 B « collect aNq, /K transitions from T, under TTg,_, » Grounding
4 B¥ « collect aN,q,/K transitions from S,,,, under TTg,_,
5 ¢ < argmin Lz (¢p) omBl ~Ed. (8)
6: ¢y < argmin L (¢py) 0n BH- Eq. (10)
7 g(s,a) « Hg, g (s, clipls + F (s, a))) - Eq. (6)
8 0 < PPOBy_1,Seny © g) for Ny /K steps » Policy refinement
9: end for
10: return g,

3.2 EXPERIMENTAL SETUP
3.2.1 SIMULATION ENVIRONMENTS

In this study, CityFlow serves as the source simulator and SUMO as the target. CityFlow is an open-source traffic simulator designed
for large-scale and computationally efficient traffic experiments (Zhang et al., 2019). SUMO is also an open-source traffic simulator
widely used for modeling urban traffic flow and vehicle interactions (Krajzewicz et al., 2012). Both are microscopic and both use car-
following models of the Krauf§ family, but they were built for different purposes. CityFlow focuses on computational efficiency and
can achieve simulation speeds more than twenty times faster than SUMO, making it well suited for the repeated interactions
required during RL training. In contrast, SUMO offers a richer set of behavioral models and more detailed junction dynamics,

providing a more realistic representation of traffic operations. These characteristics defines the assignment of roles. The source must
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be fast enough to support policy optimisation, and the target is the more realistic representation of the system of interest. This
resembles the asymmetry between a training simulator and a real network. Using a second simulator makes it possible to quantify
the transfer gap under controlled conditions, since its dynamics can be sampled repeatedly to establish a reliable performance
benchmark, something that would be impractical in a real traffic network.

First experiments showed that CityFlow could not reproduce network recovery under oversaturation and queues spilled back across
successive intersections into circular blocking configurations, in which each vehicle is obstructed by another along a closed path.
When these states occurred , they could not be self-resolved, so no further trips complete and the decongestion branch of the MFD
is never observed. Thus, three extensions were implemented. A teleportation mechanism removes a vehicle stopped for longer than
a predefined time limit and reinserts it on the next available edge of its route, releasing the blocking configuration without changing
its origin or destination. Adaptive rerouting reassigns active vehicles with a given frequency a route to their destination using
Dijkstra's algorithm on edge travel times, with a tolerance of preventing unnecessary rerouting between almost equivalent
alternatives. An output module was also added to produce metrics comparable to those reported by SUMO and both behavioural
extensions replicate mechanisms that are already provided in SUMO.

3.2.2 DESCRIPTION OF THE TESTBED NETWORK

The testbed is a 7x7 grid network, it includes 49 signalized intersections and 112 bidirectional edges with 200m length and two lanes
per direction (Figure 8(a)). The network also includes 28 external boundary nodes, which are used as entry and exit points for
vehicles. All intersections are controlled by fixed-time traffic signals with a 90,second cycle which is also the control step duration.
Each signal has four green phases, separated by 3 second yellow intervals, Fof perimeter-control experiments, the 24 intersections
on the boundary of the grid are treated as perimeter intersections. Note that for the perimeter intersections, one green phase per
approach is assigned to better differentiate entrance from no-ehtrance movements. The same network topology is used in both
SUMO and CityFlow.

(a) (b) (c)
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Figure 8. The test-bed network (a); The origin-destination zones (b); Trip-type synthesis (c)

Origin-destination zones are placed on the inside and the outside the PN. The inside area is divided into 36 internal zones,
corresponding to the blocks of the 7x7 grid network, while 28 external zones are placed at the boundary entry and exit edges (Figure
8(b)). Three types of trips are considered in this study (Figure 8(c)): trips entering the PN from outside (q21), trips exiting the PN
(g12), and through trips that start outside the PN and end outside it after crossing the network (g22). Internal trips, where both
origin and destination are inside the PN, are not included in this study. The demand is mainly incoming to the PN, resembling morning

PU - PUBLIC

D5.2 - MODULAR SIMULATION PLATFORM AND SIM2REAL TECHNIQUES

Funded by Project funded by

the European Union i E

30




rush-hour conditions. In the main demand period, about 68% of the trips are outside-to-inside, 15% are inside-to-outside, and 17%
are outside-to-outside through trips (Figure 9).

The demand is consisted of a 15-minute warm-up period followed by a 1-hour peak period and after that the demand drops to zero.
A total of 24561 trips are generated including the warm-up period. External origins and destinations are distributed almost uniformly
across the four sides of the network, with the assumption that a vehicle that enters from one side does not exit the network from
the same side. Initial routes are generated in SUMO using macroscopic route assignment with stochastic user equilibrium, allowing
up to five alternative routes per trip. During simulation, dynamic rerouting is also enabled every 180 s so vehicles can adapt their
routes according to traffic conditions. The same demand pattern is applied to both simulations.
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Figure 9. Demand &a

Figure 10 presents the MFDs obtained from 10 runs in SUMO and CityFlow without perimeter control. Both simulations run until all
trips have completed. It is evident that both simulators e i developed MFD that has a unimodal shape, but differences
can still be observed between the two MFDs. SUMO pro arply peaked MFD. The maximum observed trip completion rate
is ~4.5veh/s and the critical accumulation is aroundﬁo veh with a maximum value of 8000 veh. CityFlow, in contrast, yields a

4500

flatter and broader profile. The peak trip completio is lower, at approximately 3.5 veh/s and the critical accumulation is closer
to 3800 veh. Its congested branch is also shoir isier. Accumulation reaches around 6500 veh and empties more quickly. This

shows that even if the complete informati ing the network topology and demand is given from the target to the source

environment differences in traffic evoluti network performance can still emerge due to the difference in the underlying
dynamics. The differences betwee o'simulators are evident and confirm that SUMO and CityFlow induce distinct macroscopic
itable
F T

dynamics, making the pair a su tbed for evaluating sim-to-real transfer in RL-based perimeter control.
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Figure 10. MFD (10 replications) without perimeter control for SUMO (a) and CityFlow (b)
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3.2.3 TRAINING SETUP

Three training configurations were developed: (i) PPO trained directly in SUMO, (ii) PPO trained in CityFlow and directly transferred
to SUMO, and (iii) PPO trained in CityFlow using the proposed GAT framework. To make a fair comparison between the different
trainings, all RL policies were trained for 24000 (N,,,, = M) environment steps. GAT was evaluated using both three- and five-
iteration schedules (k =3 &5). Moreover, 5 data ratios (¢ = 0.2 —1.0) were considered. The combination of k and a
hyperparemeters led to 10 different GAT configurations. Both the forward and inverse model are approximated by deep neural
networks. The architecture and the hyperparameters for the GAT model where kept the same across the different GAT
configurations and are presented in Table 3. Finally, the same PPO hyperparameters were used for all training configurations
regarding the policy training and are presented in Table 3.

Table 3. Neural network architectures and training parameters.

PPO FORWARD INVERSE
PARAMETER (ACTOR/CRITIC) MODEL MODEL
Input / output dimensions 5/1 6/5 Q@ 0/1
P P -~
Hidden layers [64, 64] [64)64] [64, 64]
v
Activation tanh LU RelLU
.
Optimizer Adam Adam Adam
A 4
Learning rate p3 0.001 0.001
. )
Loss clipped surrogate MSE MSE
Mini-batch / batch size . 20 64 64
o
Epochs per update / perfit 10 100 100
N A
PPO algorithm
a
Rollout lehgth 160 steps
DiscoNr, 4 0.99
GAE coefficient, A 0.95
Clipping range 0.20
Value-function coefficient 0.50
Entropy coefficient 0.00
Maximum gradient norm 0.50

To verify the efficiency of the proposed method 10 replications with different random seeds were run in the target environment
(SUMO) to ensure that any potential improvement is not coincidental, as different initial seeds may lead to different traffic conditions
due to the intrinsic stochasticity of the simulator which is also observed in real networks.
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3.3 RESULTS

Table 4 and Table 5 summarize the performance of all trained configurations deployed in the target environment, i.e., SUMO, for
k =5 and k = 3 iterations, respectively. The comparison is based on four network-level performance indicators: i. Vehicle Hours
Travelled (VHT), ii. Total Travel Time (TTT), iii. Total Depart Delay (TDD), and iv. average network speed (Speed). In both tables, the
policy trained directly in SUMO (Target-trained) is used as the reference baseline. By comparing the reference baseline with the
direct transfer, we can observe that performance is deteriorated considerably showing that the performance gap is real. More
precisely, VHT, TTT, and TDD increased by 15.89%, 15.91%, and 15.87%, respectively, while the average network speed decreased
by 6.68%.

Table 4. Performance of the 5-iteration GAT control policies

Control Scenario % Diff. % Diff. % Diff. | Speed (km/h) | % Diff.
SUMO trained model 7784 - 4501 - 3283 - .& 7.93 -
GAT, a=1.0 7687 -1.25 4843 7.60 2844 -13.37 7.67 -3.28
GAT, a=0.8 8269 6.23 4457 -0.98 3812 ‘\gl 7.98 0.63
GAT, a=0.6 8168 4.93 4440 -1.36 3728 13.55 7.99 0.76
GAT, a=0.4 8385 7.72 4971 10.4‘&4 3.99 7.57 -4.54
GAT, a=0.2 9083 16.69 4576 1.67 4506 37.25 7.88 -0.63
N
CityFlow direct transfer 9021 15.89 6"%91 3804 15.87 7.40 -6.68

Table 5. Performanee of the 3-iteration GAT control policies

Control Scenario % Diff. % Diff. % Diff. | Speed (km/h) | % Diff.
SUMO trained model ‘c‘ - 4501 - 3283 - 7.93 -
GAT, a=1.0 7859 0.96 4516 0.33 3343 1.83 7.91 -0.25
GAT, a=0.8 -8182 5.11 5398 19.93 2785 -15.17 7.39 -6.81
GAT, a=0.6 7921 1.76 4487 -0.31 3434 4.60 7.94 0.13
GAT, a=0.4 8422 8.20 4502 0.02 3921 19.43 7.93 0.00
GAT, a=0.2 8760 12.54 6123 36.04 2637 -19.68 7.08 -10.72
CityFlow direct transfer 9021 15.89 5217 15.91 3804 15.87 7.40 -6.68

Introducing GAT largely closes this performance gap. With the exception of the lowest data ratio (a = 0.2) for the case of 5 iterations,
all GAT configurations outperformed the direct-transfer policy. The best results were obtained with the 5-iteration framework using
o = 1.0, which reduced VHT by 1.3% relative to the policy trained in directly in the target environment. Although GAT is intended to

bridge the dynamics gap, the results suggest that iterative grounded action transformation can improve policy robustness when
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sufficient target-domain data are available. This observation is in-line with previous sim-to-real studies that showed that exposure
to more diverse dynamics enhances policy generalization (Andrychowicz et al., 2020; Peng et al., 2018; Tobin et al., 2017).

—— NPC  —— Target-trained —— Direct Transfer ——— GAT

3 iterations
a=0.6 o . o a=1.0

Trip Completion
Rate (veh/s)

(b)
\

N

1 I I I I I 1 =1 I 1 1 I I =1 1 1 LI
o 2500 5000 7500 O 2500 5000 7500 O 2500 5000 7500 O 2500 5000 7500 0 2500 3000 7500

Accumulation (veh)

Figure 11. MFD trajectory for the 5- (a) and 3-itération (b) GAT under different target-data budgets (a)

In general, transfer performance improved as more. target-domain data became available. Ranked by their VHT gap to the target-
trained policy, the configurations order identicallydnder both schedules: a = 1.0, a = 0.6, a = 0.8, a = 0.4 and a = 0.2. The ordering
is therefore monotonic in the target-data budgetiapart from a single transposed pair, which recurs in both settings: o = 0.6 achieved
lower VHT than a = 0.8 by 1.3 and 3.4 percentage points under the 5- and 3-iteration frameworks respectively. For the 3-iteration
framework, a = 0.6 offered the besttrade-off, increasing VHT by just 1.8% compared with the target-trained policy. In contrast, the
a = 0.2 configurations remained well'below the performance of the baseline, increasing VHT by 16.7% and 12.5% for the 5- and 3-
iteration frameworks respectively; the former is exceeded even by direct transfer at 15.9%. This indicates that very small target
datasets are not sufficient to learn dynamics models that can support effective policy transfer, and that below a certain sample size
the transformation ceases to assist the policy at all. These results indicate that transfer performance depends both on how many
target transitions are collected and also on which transitions they are, and they motivate two directions: selecting the transitions
that are most informative for fitting the dynamics models rather than sampling them uniformly and identifying when a policy should
be evaluated in the target environment, since the target-data budget (data ratio) alone does not reliably indicate when grounding
has converged.

Figure 11 shows the evolution of the network operating state (MFD trajectory) for all trained configurations against the case where
no perimeter control is applied to the network (NPC). As expected, the network in the NPC case quickly exceeds the optimal operating
region, causing trip completion rate to decline and enters the congested regime. On the other hand, the controller trained directly
in the target environment maintains the network close to the high-production region for most of the simulation. The direct transfer
policy at first follows a similar trajectory but begins to diverge as congestion develops, showing the differences in traffic dynamics
between the two simulators. The GAT framework narrows this gap. The trajectories increasingly resemble those of the target-trained
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controller, as more target-domain data become available, indicating that the transferred policy can better captures the target traffic

&

dynamics. This trend is most pronounced for @ = 1.0, where both the loading and recovery phases closely match the reference
trajectory. In contrast, the @ = 0.2 configurations deviate more noticeably, suggesting that the limited target data are not sufficient
to accurately learn the target dynamics.

NPC  —— Target-trained —— Direct Transfer —— GAT
3 iterations
) a=0.2 a=04 ) a=0.6 ) a=038 o a=1.0

8000 - - - -

6000 = - - - -
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z 2000= - -
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Figure 12. Accumulation over time for'the’5-(a) and 3-iteration (b) GAT under different target-data budgets (a)

Figure 12 shows the evolution of networkdacecumulation for all trained configurations against NPC. Without perimeter control,
accumulation increases continuously dufing the demand period, reaching approximately 7500 vehicles before gradually declining.
The target-trained controller maintains accumulation close to the critical operating level, whereas the direct transfer controller
exhibits larger fluctuations duting the start and recovery of congestion, reflecting the dynamics mismatch between the two
simulators. The proposed GAT framework progressively reduces these differences as the amount of target-domain data increases.
The a = 1.0 configuration provides the closest match to the target-trained controller, while the ¢ = 0.6 and a« = 0.8
configurations also maintain the network close to the desired accumulation level.
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Figure 13. Difference in cumulative trip completion for the 5- (a) and 3-iteration (b) GAT under different target-data budgets (a)

Figure 13 illustrates the difference in cumulative trip completions relative to the NPC case. The GAT policies almost progressively
recover the production profile of the target-trained controlleri’Across both the three- and five-iteration frameworks, they maintain
higher trip-completion rates than the direct-transfer policy, with the a = 1.0 configuration providing the closest match to the target-
trained controller as it almost overlaps with the target-trained policy and briefly exceeds it during the peak congestion period,
indicating a slightly higher vehicle completion rateioverthat interval.

3.3.1 EFFECT OF THE GATRMETHOD ON ACTIONS

Figure 14 shows how the proposed\GAT framework improves perimeter-control performance by comparing the evolution of network
accumulation with the corresponding ordered inflow actions. For the sake of brevity, only the results of the 5-iteration GAT
framework are presented, as the 3-iteration framework exhibits the same overall behaviour. Figure 14(a) shows the evolution of
network accumulation, and Figure 14(b) presents the corresponding inflow actions generated by each trained PPO agent.

The direct transfer policy initially applies inflow actions that are appropriate for the source simulator but overly permissive for the
target environment. Consequently, network accumulation exceeds the critical accumulation of the target simulator, allowing
congestion to develop beyond the level that maximizes network production. The policies trained under GAT gate more conservatively
as accumulation builds, holding it closer to the target's critical point, and relax that restriction as the network discharges without
producing a second period of excessive accumulation. This behaviour is a property of the learned policies rather than of the
transformation itself, which is applied only during training.
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Figure 14. (a) Evolution of network accumulation under the different trained PPO policies; (b) The trained-PPO agent’s actions.

The magnitude of this adjustment is not monotone in the target-data budget. The « = 0.2 configuration is the most conservative,
limiting accumulation effectively but delaying recovery, and a = 0.4 remains close to the ditect transfer profile, whereas a« = 0.6,

= 0.8 and a = 1.0 balance restriction during congestion against the restoration of throughput as conditions improve.
Reproducing the actions of the target-trained policy is not an objective of the framework, @nd these profiles are therefore best read
as a diagnostic of the grounding rather than a measure of transfer quality. An importantfinding though is that the « = 1.0 attained
the lowest VHT while departing more from the target-trained action profile comparedtoa = 0.6 anda = 0.8.

3.3.2 GROUNDED ACTION TRANSFORMATION FUNCTION SENSITIVITY ANALYSIS

A sensitivity analysis was conducted to understand how the proposed GAT framework changes the actions selected by the original
policy. Since GAT adjusts the control action before it is applied.in the'source environment, this analysis provides insight into whether
these modifications are negligible, random, or follow a systematic pattern. The analysis focuses on the best-performing configuration
(5-iteration GAT with a = 1.0). Figure 15 was generated by sampling traffic states and their corresponding raw actions (PPO) from
the evaluation trajectories and passing them through the fitted grounded action transformation function.
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Figure 15. Sensitivity analysis of the fitted grounded action transformation function for the best-performing GAT configuration.

For each raw action, the resulting grounded actions were collected across a range of traffic states. The solid red line shows the
median grounded action. The dark shaded area is the interquartile range, while the lighter area shows the 10th to 90th percentiles.
The dashed diagonal is the identity line, i.e., points on this line are left unchanged by GAT.

PU - PUBLIC

D5.2 - MODULAR SIMULATION PLATFORM AND SIM2REAL TECHNIQUES

Funded by Project funded by

the European Union 9 o

37




FEQIIRA

The grounded actions mostly remain below the identity line, meaning that GAT does not pass the original actions through unchanged.
This behaviour becomes clear especially for positive raw actions, where the grounded action increases more gradually and remains
lower than the original value. As a result, actions that would allow high inflows are moderated before being executed in the source
environment. In contrast, strongly negative raw actions rapidly approach the lower bound of -1, suggesting that highly restrictive
control decisions are preserved whenever they are needed. The shaded ranges also show that the adjustment changes with the
traffic state. The same raw action does not always produce the same grounded action under different traffic conditions. The fitted
transformation is thus state-dependent, with GAT adjusting the policy action based on both the original action and the current state
of the network.

3.4 INTEGRATION INTO THE FEDORA MODULAR SIMULATION
PLATFORM

Within the FEDORA modular simulation platform described in Task 5.4, the proposed Sim2Real perimeter-control framework can be
naturally integrated as a pluggable logic module, while each traffic simulator or deployment platform is represented as an execution
environment. The logic module encapsulates the trained reinforcement learning controllerand, when required, the Grounded Action
Transformation (GAT) component, exposing the standard input-output interface expected by the orchestration framework,
rendering them compatible for a possible later integration.

During each control interval, the Orchestrator requests the current traffic(staté from the connected environment. For perimeter
control, this state includes the information required by the RL controller,such as entrance queue lengths, protected-network inflow
and outflow, network accumulation, trip-completion rate, and, when available, the status of perimeter traffic signals or detectors.
The Orchestrator forwards this information to the logic module, which generates a corresponding logic command, for example the
desired perimeter inflow or the associated signal settings after the queue-balancing procedure. When the GAT component is
enabled, the raw action produced by the PPO policy is first transformed into a grounded action before being translated into
executable control commands. The resulting command is then returned to the environment through the apply and advance
interface, where it is implemented for the next controelinterval.

An advantage of this architecture of this architecture is that the same control logic can operate across different execution backends
without requiring modifications to the controlier itself. In a computationally efficient simulator such as CityFlow, the environment
provides abstract network-level trafficstates and accepts perimeter inflow or green-time commands, making it well suited for policy
training. In a more detailed microscopic simulator such as SUMO, the environment supplies richer information on vehicle
movements, queues, traffic signals,’and network performance, allowing more realistic evaluation and serving as the target domain
for Sim2Real experiments. In a real-world deployment, the simulator can be replaced by a field-interface layer that converts detector
measurements, signal-controller data, and traffic management system information into the same traffic state representation, while
translating the controller's logic command into valid traffic signal or inflow-control instructions.

Throughout this process, the Orchestrator is responsible for coordinating communication between modules, managing execution
timing, handling lifecycle operations, logging interactions, and, when necessary, polling the environment for updated state
information. At the same time, the Recorder stores communication traces together with traffic and performance data for subsequent
analysis. This modular architecture demonstrates how the FEDORA platform facilitates the transfer of intelligent traffic management
applications across different environments. Once implemented as a logic module, the same perimeter-control strategy can be
trained in a source simulator, evaluated in a higher-fidelity target simulator, or ultimately deployed in a real traffic management
system through the same standardized communication interface.
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3.5 CONCLUSION

Task 5.5 investigates the use of Sim2Real reinforcement learning to improve the transferability of network-level traffic management
strategies across environments with different traffic dynamics. As a proof of concept, the approach was evaluated on the perimeter
control problem, where a reinforcement learning controller trained in one microscopic traffic simulator was transferred to another
using a GAT framework.

The experimental results showed that differences in traffic dynamics between simulation environments can lead to a considerable
loss in performance when a trained policy is transferred directly. The proposed Sim2Real framework effectively reduced this
performance gap by adapting the controller's actions to the characteristics of the target environment. Across all evaluated scenarios,
the framework consistently outperformed direct policy transfer and, under the best-performing configuration, achieved
performance comparable to, and in some cases better than a controller trained directly in the target simulator. The action-level
analysis further revealed how the learned transformation modifies perimeter inflow according to the level of congestion, allowing
the controller to keep network accumulation closer to its optimal operating region.

Beyond the proof-of-concept study, this work demonstrates how Sim2Real reinforcement learning can contribute to the broader
objectives of FEDORA by enabling traffic management applications to be transferred across different simulation environments
without requiring complete retraining. The proposed controller was also conceptually‘integrated into the modular simulation
platform developed in Task 5.4, illustrating how the same control logic can be connected to different simulators and ultimately, to
real traffic management systems, through a common orchestration interface.

Although the proposed framework was evaluated using a synthetic grid network’and two microscopic traffic simulators, the results
show the potential of Sim2Real techniques to improve the robustness‘@nd practical deployment of RL-based traffic management
systems. These results can be used as the basis for several futlire research directions. Since the smallest budgets failed while
intermediate ones occasionally outperformed larger ones, showed that transfer depends on which target transitions are collected
and not only on the number of the collected data. Consequently, a next step could be to select transition data based on how
informative they are for the training of the dynamics modelsis@A convergence test could also be beneficial to stop grounding when
further iterations are no longer yielding better results. Additionally, accounting for model uncertainty by transforming actions
selectively where it is low can be a next step for@nvironments whose dynamics differ more than those examined in this study,
because the transformation is deterministicand fitted under a squared-error loss. Deployment on a real network could show how
to obtain target transitions without relying @n costly or potentially disruptive exploratory control actions, showing the importance
of logged operational data and safety~aware data collection. Finally, extension to multi-region perimeter control with many
interacting agents, and to settings where demand and topology also differ, could show whether grounding is also effective when the
differences extend beyond the traffic.dynamics.

PU - PUBLIC

D5.2 - MODULAR SIMULATION PLATFORM AND SIM2REAL TECHNIQUES

Funded by Project funded by o
the European Union 4] B 39




FEDQIIRA

4 FORESIGHT ANALYSIS SCENARIOS
GENERATION AND EVALUATION

Task 5.6 develops the foresight scenario generation and evaluation capability required to assess FEDORA solutions under plausible
future mobility conditions. The work connects scenario design, microscopic multimodal simulation, UAV service modelling and
automated KPI extraction in a repeatable in-silico environment. The present Chapter documents the rationale, state of the art,
methodology, current implementation, integration pathway and next development steps of the platform.

4.1 TASK DESCRIPTION

Task 5.6 realises Expected Innovation EI4.6 (A foresight analysis scenarios generator designéd.to explore use cases of emerging
mobility concepts in diverse traffic conditions, enabling a deeper understanding of how thésescancepts adapt to varying needs and
strategies) by providing a scenario-driven evaluation environment for network-wide foresight analysis. It is designed to test and
evaluate FEDORA solutions, including the optimisation and control functions developed across WP4, and the modular orchestration
concepts of Task 5.4. Its immediate application is the Nicosia pilot (Pilot #3) in Task 6.5, where UAV passenger services, drone-based
traffic sensing, vertiport placement and innovative solution of multimodal tfansfers can be investigated. The task is therefore not
limited to producing a single simulation case. It establishes a scenario ehginesthrough which demand growth, incidents, network
restrictions, UAV fleet design, service capacity, behavioural adoption and‘control settings can be combined into reproducible what-
if experiments. The resulting evidence is intended to identify the conditions under which a FEDORA solution provides measurable
benefits, the operational limits that may remove those denefits; and the configurations that should be prioritised for pilot
deployment. Hence, the capabilities of the foresight genération.éngine include, but are not limited to the following:

e Generation of plausible combinations of fdture mobility demand, disruptions, service configurations, and traveller
behaviour.

e  Execution of controlled, uncontrolled; and UAV-assisted scenarios within a common microscopic simulation environment.

e Comparison of road-only and multimodal person journeys on a door-to-door travel-time basis.

e Quantification of network, trayvéller, multimodal-service, and UAV-service KPIs using a consistent output pipeline.

e  Provision of a calibrated evidence base for WP6 pilot design and large-scale impact estimation beyond the field trial.

. Horizon scanning a Q
Scenario levers Outputs for Nicosia
mobility trends & emerging use cases
Demand growth . A q A
- o & . 0D shif ‘ ® Scenario catalogue for Nicosia and crosgilot
peal/of-peals, OD shifts, events El4.6 evaluation.
Scenario design
- Network stress plausible combinations of demand, services @ Quantified comparison of roaebnly,
incidents, bottlenecks, road closures and disruptions multimodal, and UAVassisted policies.
4 . .
UAV service design Inputs for T6.5 demo planning: which use
fleet size, speed, capacity, hub locations Simulation execution cases, locations and KPlIs are most promising.
SUMO + UAV controller + FEDORA solution

parameters

. Behavioural adoption Evidence base for largescale impact
fcce‘:‘a”ce offpaidRinyandlpyiimocal ‘ estimation beyond smaliscale field trials.
ransfers

Evaluation

Control strategies ° KPIs, robustness, limits and demonstration
route planning, corridor optimisation, response el =%
planning ®

what-if > evaluate > prepare demo

Figure 16. Foresight scenario engine, from horizon scanning to stress-tested simulation and pilot preparation.
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Figure 16 depicts the architecture of the foresight scenario engine. Scenario levers cover traffic demand, network stress, UAV service

R

design, behavioural adoption and control strategies. The workflow translates horizon-scanning outputs into parameterised
scenarios, executes them through the SUMO-UAV environment, evaluates performance and robustness, and returns evidence for
Nicosia pilot design and cross-pilot assessment.

4.2 STATE OF THE ART AND RESEARCH GAP
4.2.1 MICROSCOPIC AND INTERMODAL URBAN MOBILITY SIMULATION

Microscopic traffic simulation is widely used to evaluate traffic-management strategies before real-world deployment because it
represents the movement and interaction of individual vehicles and travellers. SUMO is an open-source, microscopic and continuous
simulation suite that supports road vehicles, public transport, pedestrians and bicycles, while TraCl enables external applications to
observe and control the simulation online [19], [20]. Its person model represents trips as sequences of walking, riding, waiting and
stopping stages, and its intermodal router can search combinations of walking, private vehiclesrand scheduled public transport [20],
[23]. These capabilities provide an appropriate ground-transport foundation for FEDORA.

A number of research scenarios demonstrate the value of constructing reusable SUMO envifonments from open and observed data.
The Monaco SUMO Traffic scenario incorporated public transport, pedestrians andythree-dimensional urban information for
cooperative-ITS studies [21]. The InTAS scenario represented Ingolstadt Road infrastructure, traffic lights and public transport and
validated simulated flows against measurements from multiple counting locations [22]. Such projects show that credible simulation
requires much more than a digital road map: demand, control plans; schedules, behavioural parameters and observed traffic
conditions must be calibrated and validated.

4.2.2 UAV FLIGHT, SENSING AND URBAN-AIRsMOBILITY SIMULATION

UAV simulators address a different part of the problem. AirSim combines visual rendering, sensor emulation and a high-frequency
physics engine for autonomous vehicle research [24]. RotorS provides modular multirotor dynamics, controllers and state estimation
within Gazebo [25], while newer frameworks such@s Pegasus provide multi-UAV simulation and integration with PX4 and ROS 2 [26].
These tools are valuable for flight control, pereeption, autonomy and hardware- or software-in-the-loop testing, but they are not
designed to model city-scale road congestion, public-transport schedules, pedestrian trips or passenger-level mode chains.

At the transport-system level, ugban-air-mobility studies analyse demand, vertiports, fleet operations, network effects and
integration with existing modes: Reviews identify a fragmented modelling landscape in which many studies simplify either the
ground network, passenger transfersor aircraft operations [27], [28]. Conversely, UAV traffic-monitoring research demonstrates the
value of aerial cameras for vehicle detection, trajectory extraction and network observation [29], but this sensing role is rarely
integrated within the same platform used to evaluate UAV transport services and ground traffic management.

4.2.3 RESEARCH GAP ADDRESSED BY FEDORA

The research gap is therefore not the absence of capable simulation tools; it is the absence of a single, calibrated and extensible
environment that links their complementary domains. Ground-traffic simulators provide detailed multimodal network operations
but do not natively represent a scheduled UAV passenger service. UAV physics simulators emulate aircraft dynamics and sensors but
generally omit city-scale traveller demand and public-transport interaction. System-level Urban Air Mobility (UAM) models often
represent access, waiting, capacity and continuation modes in an abstract manner. In addition, simulation accuracy remains
conditional on the availability of real data for network, demand and behavioural calibration.

The FEDORA contribution addresses this gap at the service and transport-system level by integrating SUMO, TraCl-controlled UAV
operations, passenger-level door-to-door evaluation, hub queues and capacity, configurable scenario generation, UAV sensing
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coverage and automated KPI reporting. The current platform deliberately does not claim high-fidelity aerodynamics. Instead, it

provides a modular operational layer that can later be coupled to a dedicated flight-physics simulator, while preserving the city-scale

multimodal and foresight-analysis capabilities.

Table 6. Comparison of relevant simulation approaches and the gap addressed by the FEDORA platform.

Approach

SUMO and validated
SUMO scenarios

Agent-based demand
platforms

AirSim, RotorS, Pegasus
and related UAV
simulators

System-level UAM
models

Primary strength

Microscopic road traffic,
persons, buses, walking,
cycling, intermodal
routing and online TraCl
control.

Large-scale activity and
demand assignment over
complete populations.

Flight dynamics,
autonomy, control,
sensor and
software/hardwar

the-loop testing.
a

Vertiport, fleety'demand
and market or network
analysis:

'e roduce city-scale
étlmodal passenger

Limitation for the

FEDORA use case FEDORA response

Adds UAV service, hubs,
queues, sensing and
passenger-level UAV
ternatives while
‘ ining SUMO ground

~ des.

Typically, less détailed for
UAV operational events
and microscopic hub
interactions.

&
Do n&tlvely

No native UAV passenger
mode; accuracy depends
on local network,
demand and behaviour
calibration.

Uses scenario demand as
input to a microscopic
operational evaluation.

Provides the transport-
system layer and defines
a future coupling point
for physical flight and
sensor models.

] raffic and public
transport.

Executes access and
continuation stages
within the same SUMO
network and records
operational interactions.

Ground access,
congestion, transfers and
sensing are often
abstracted.

Passenger UAV service
*Al{emanve multimodal path when it reduces doeto-

door travel time.

Freight/ parcel UAV service

’ Use drones to serve selected parcel routes and free road
capacity.

Airborne traffic sensing

n Cameras on drones provide bird’sye monitoring for
incidents and bottlenecks.

P&R

u Existing modes in Nicosia

Public buses, P&R/DRT, bicycle rental and-scooter
services remain part of the multimodal network.

Figure 17. Nicosia pilot concept- UAV passenger and freight services and airborne sensing integrated with existing modes.

Table 6 positions the FEDORA foresight platform with respect to the principal simulation approaches relevant to Fedora framework.

The comparison covers microscopic and intermodal traffic simulation, agent-based demand modelling, high-fidelity UAV simulation
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and system-level urban air mobility analysis, highlighting the main capability contributed by each family of tools and the limitation
that remains for the FEDORA use case. In this regard, Figure 17 summarizes the application scope that motivates the integrated
platform. The UAV is treated as an additional service layer over buses, park-and-ride, demand-responsive transport, cycling and
micromobility rather than as an isolated mode.

4.3 METHODOLOGY

The methodology starts from a parameterised scenario description. Each scenario will use the Nicosia’s pilot calibrated network and
will combine the demand state with a set of service and control assumptions. This separation is essential for repeatability as the
same network can be evaluated under different demand levels, incidents, UAV fleet sizes, capacities, speeds, station layouts and
traveller-acceptance assumptions without modifying the simulation code. This configuration stores these settings in a validated JSON
configuration and creates a scenario-specific output directory.

Table 7. Principal foresight scenario levers and representative paranéters.

Scenario dimension

Representative parameters Purpose

Peak/off-peak volume, OD
distribution, departure-ti
profile, special events

Stress the network and test the
sensitivity of benefits to future
mobility demand.

Demand

Network state

UAV service

Traveller behaviour

Control policy

growth factors.
-

Incidents, road closures,
bottlenegks, reduced capacity
and control failures.

v

Fleet size, speed, capacity, path,

e, hub/vertiport

ions and service
Pvailability.

Eligibility, acceptance, transfer
penalty and mode availability.

Road-only baseline,
uncontrolled assignment,
multimodal reservation and
FEDORA optimisation settings.

Assess robustness and identify
conditions in which alternative
modes become valuable.

Evaluate operational design,
waiting time, utilisation and
spatial coverage.

Represent adoption and the
perceived cost of multimodal
transfers.

Compare alternative traffic-
management and service-
allocation policies.

Table 7 defines the main dimensions used to generate foresight scenarios. Demand, network conditions, UAV service design,

traveller behaviour and control policy can be modified independently or combined to construct consistent what-if experiments for

the Nicosia pilot. Each dimension serves a different analytical purpose as follows:

e Demand and network-state variations stress the transport system,

e UAV-service parameters test operational design and capacity,

e Behavioural parameters represent adoption and transfer sensitivity;

e Control-policy settings enable comparison between road-only, uncontrolled and FEDORA-supported strategies.
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4.3.1 PLATFORM ARCHITECTURE AND EXECUTION WORKFLOW

The platform follows a five-stage workflow as follows:

Scenario inputs, define the network, demand, hubs, UAV fleet, UAV paths, disruptions and policy assumptions.
The configuration studio validates these inputs and constructs a reproducible run.
3. SUMO executes microscopic ground traffic and person events, while TraCl exposes the state needed by the UAV and
multimodal manager.
The multimodal manager evaluates eligible passenger journeys, reserves capacity and controls pickup and drop-off events.
5. The dashboard presents the SUMO and UAV outputs are consolidated into KPI tables, figures and scenario comparisons.

o " . . Multimodal Analysis &

Scenario inputs Configuration studio SUMO + TraCl core Y
manager dashboard
® network + demand ) ® JSON config builder ) microscopic traffic ) ® travel time comparison ) ;I'Lrél/)rjéte/summary
® hubs/ vertiports ® UAV planner vehicle/person events ® queues/capacity ® KPltables
® UAV fleet & paths ® SUMO output setup dynamic interaction ® UAV pickup/dropgff | ® figures & deltas
® incidents / control policy ® repeatable run folders state-file compatible ® audit of decisions ® scenario report
Output layer  trip.txt route.txt sum.txt stops.txt stats.txt uavj‘.‘ mu ;;:’nnusdz;;decl dashboard figures

Figure 18. In-silico simulation architecture connecting scenario inputs, configuration, SUMO-TraCl, multimodal logic and analytics.

Figure 18 presents the implemented architecture from leftsto right. The modular separation between configuration, execution,
decision logic and analytics allows the same platform to supportsepeated foresight studies and provides a clear future interface to
the FEDORA orchestrator described below.

4.3.2 UAV INTEGRATION IN SIMUEATION PLATFORM

The implemented coupling integrates SUMO’s microscopic ground-mobility environment with a high-level UAV service layer. SUMO
represents road vehicles, passenger movements, public transport, walking stages, network conditions and ground travel times, while
the UAV layer provides hub locations, service’schedules, flight times, capacity constraints and pickup/drop-off events. A TraCl-based
coordination module exchangesithe information required to evaluate and execute UAV-assisted journeys without modifying SUMO's
native ground-traffic logic.

For each eligible passenger journey, the current high-level logic compares the estimated door-to-door travel time of the best
available non-UAV journey with a candidate UAV-assisted chain. The UAV-assisted chain includes access to the departure hub,
waiting for the next feasible UAV service, the scheduled aerial leg, and the best feasible continuation from the arrival hub by vehicle,
public transport or walking. The UAV option is selected only when it is operationally feasible and reduces the passenger's total
estimated travel time. In particular, the current decision rule is therefore to select the UAV-assisted journey when the sum of access
time, waiting time, scheduled UAYV flight time and final-continuation time is lower than the best non-UAV door-to-door alternative,
subject to service availability and capacity. When the UAV option is selected, the passenger's access vehicle is rerouted to the
departure hub. After the aerial transfer, a road-vehicle is used or when walking or public transport provides the shortest remaining
journey, the passenger continues using that mode instead.

The decision module is intentionally replaceable. More advanced methods, including reservation-based assignment, predictive
optimisation, network-level coordination, multi-objective optimisation or learning-based policies, can be connected through the
same integration interface without changing the SUMO execution core. The UAV schedule, trajectory representation and operational
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modelling used by the platform follow the specifications of WP4, analytically described in D4.1; the contribution reported here

concerns their high-level integration with SUMO and their use in foresight scenario evaluation.

Table 8. Travel-time components used by the UAV-SUMO journey-selection approach.

Component Estimation basis Operational interpretation

Best available non-UAV route
Baseline journey from the passenger origin to
destination.

Reference against which the UAV
chain is assessed.

SUMO road route and estimated The passenger arrives using the
Access leg travel time to the UAV departure  original vehicle, which is coloured
hub. red after acceptance.

Difference between predicted

Waiting time hub arrival and the next feasible CZﬁ;Tre : mf?:: st‘r:atloornal
g scheduled UAV departure, P q ¥

including capacity. mﬁ IS B,

fi AV path
Configured UAV path, Represents the aerial transfer

UAV flight timestamps, speed and service between the two hubs.
schedule.
)4
A vehicle continuation is
Minimum feasi ehicle, represented by a blue reinserted
Continuation leg walking or ransport vehicle; walking or public
continu e arrival hub.  transport does not require a blue

vehicle.

Table 8 the passenger journey into the companents used by the current UAV-SUMO decision logic. The non-UAV baseline is
compared with a UAV-assisted chain consisting of the ground access leg, waiting time at the departure hub, the scheduled UAV flight

and the best feasible continuation from the arrival hub.

Likewise, Figure 19 depicts the high-level coupling between the ground-mobility simulation and the UAV service layer. SUMO

supplies the ground access and‘continuation alternatives, while the UAV module supplies the scheduled aerial service, capacity and

hub-transfer information. The current implementation selects the UAV-assisted chain only when it improves the complete passenger

journey; the same interface can subsequently host more advanced optimisation and coordination algorithms.

HubA Hub B

. —

candidate park & fly path: access + wait
+UAV fly

baseline road / bus / walk /
micromobility path

baseline road/ bus / walk /
micromobility path

Origin baseline road / bus / walk /
micromobility path

Destination

Figure 19. Passenger-level door-to-door decision rule for selecting a UAV-assisted journey.
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4.3.3 UAV SERVICE, HUB AND STATE-TRANSITION MODEL

The UAV path, service schedule and operational model implemented in the platform follow the UAV modelling and planning
specifications developed in the relevant FEDORA WP4 technical work, analytically described in D4.1 Each service is represented by
a time-stamped three-dimensional trajectory and the associated speed, altitude, passenger capacity, turnaround assumptions and
repeat schedule. Hubs are mapped to both geographic coordinates and SUMO road edges, allowing the ground and aerial layers to
exchange passengers through access routing, queues, reservations and pickup/drop-off events. The service lifecycle is therefore
represented through the states planned, assigned, travelling to the departure hub, waiting and boarding, transported by the UAV,
arrived at the destination hub, and completed through the selected continuation mode. The same UAV object may also include a
field-of-view model that records observations over selected road segments and supports the traffic-sensing use case.

ile Edit Settinas Locate Simulation Window Lancuace Helo
£ - : | Sesle TeatticT T8 1s

Aglatzia Area

©»

Controlled, fully calibrated
environment for testing UAV logig
routing, output collection and
dashboard behaviour.

Aglantzia Area

andidate hub connections used for scenario development.

Figure 20. Greater Nicosia pilot

Figure 20 represents the target city-scale co on for the final stage of the work. It depicts the Greater Nicosia area and the
candidate hub and UAV connections that wi sed to examine spatial coverage, ground-access time, vertiport placement and the
potential demand served by UAV-assi neys. Before the final deliverable, this wider network will be calibrated using available
real traffic, public-transport an ata, so that the foresight scenarios are evaluated on a representative city-scale baseline

rather than on an uncalibrated n

Figure 21 represents the current validation environment in Aglantzia, the smaller part of the Greater Nicosia area in which UCY/KIOS
is located. At this stage, the purpose is not to claim city-wide results, but to test the complete FEDORA solution pipeline in a
controlled network: scenario configuration, UAV scheduling, hub operations, passenger transfer, continuation by vehicle, walking or
public transport, state and colour transitions, output generation and dashboard analysis. Once these functions are verified, the same
workflow will be transferred, without changing its core interfaces, to the calibrated Greater Nicosia model for the final deliverable.
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_sumpy.nuntime S1e1f2 sumocfq - SUMO 1270
etings Locate Semulition Window Language Help

CERIEEY I O I i ——— ) I U
O axont @0

FULLY CALIBRATED

UAV Field of view
2

UAV Dropoff/Depot

Figure 21. Aglantzia test-module validation environment used er Nicosia scale-up.

2

4.3.4 CONFIGURATION, REPEATABILITY AND D QNAGEMENT

The configuration studio removes the need for manual editing mulation code. User-entered values are written to the scenario

configuration and are treated as the source of truth for th . This is particularly important for UAV speed, capacity, path
timing, simulation horizon, update intervals and output | values entered during configuration must not be silently replaced
by hard-coded model defaults. The platform validates mand inputs, completes derived station mappings from the selected UAV

path and network, and stores the resulting configur with the run outputs for auditability.

State files are supported to initialise compl

@dal demand and network conditions. The state is loaded by SUMO, but the
multimodal decision is not applied to every oading time. Instead, the manager listens only for true departure events, which
ensures that each passenger vehicle is d once at the beginning of its journey and avoids the substantial computational
es. Figure 22 consolidates the capability stack: scenario inputs, configuration builder,

SUMO-TraCl execution, multi al ic and analytics. Standard SUMO outputs are preserved alongside UAV dispatch, travel,

overhead of continuously inspecti

sensing and multimodal-decision , allowing the same run to be analysed from both network and service perspectives.

@ Scenario inputs @ Config builder € SUMO +TraCl © Multimodal logic © Analytics
SUMO network, demand, Generate runnable Col Lj
- amic interaction with mpare total journsy
buses, pedestrian/cycle scenarios with user- - ?:: microscopic wp- time across modes ant f::x‘:::g:::m KPI
AHUCLEL A Clr I L LT simulation at run time. =Ponly use UAV when

service parameters. reproducible file paths. - Barencal dashboards.
Outputs currently supported

tripinfo vehroute summary

completed and unfinished trips route histories and exit times network-level evolution

stats UAV logs
waiting and hub/stop behaviour SUMO performance indicators dispatch, travel and sensing events

Figure 22. Implemented SUMO-UAV capability stack and supported output families.
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4.4 IMPLEMENTATION AND EVALUATION
4.4.1 MICROSCOPIC MULTIMODAL ENVIRONMENT

The current implementation is evaluated using a microscopic representation of the Aglantzia area in Nicosia, which serves as the
controlled validation environment for the FEDORA foresight simulation workflow before its transfer to the Greater Nicosia pilot
network. The represented network covers a bounding box of approximately 4.26 km x 2.30 km (approximately 9.8 km?) and contains
2,167 road edges, 6,711 road lanes, 929 non-internal junctions and 11 signalised junctions. In addition to private road traffic, the
environment represents public transport, pedestrians, bicycles and shared mobility, enabling multimodal person journeys to be
reproduced within the microscopic simulation. The current validation demand comprises 6,000 persons and 6,933 vehicle objects
across private cars, buses, bicycles and shared-mobility services. Four hub locations are incorporated to support the testing of
FEDORA multimodal and UAV-assisted scenarios. UAV-related operational parameters, including fleet size, capacity, trajectory,
speed, altitude and service schedule, remain scenario-configurable rather than being fixed properties of the network, allowing
different foresight assumptions to be evaluated using the same underlying mobility environment. A simulation step of 0.1 s is used
to support fine-grained coordination between SUMO traffic evolution and the externally contfolled FEDORA components.

Table 9 provides the principal scale and configuration characteristics of the environmentised for the current implementation. The
Aglantzia model is not intended to constitute the final spatial extent of the Nicosia foresightanalysis. Instead, it provides a sufficiently
detailed and multimodal microscopic test environment in which the complete FEDORA pipeline, including scenario configuration,
multimodal interaction, UAV integration, output generation and KPI processing, can be verified under controlled conditions.
Following this validation stage, the same methodological and software pipeélineWwill be transferred to the Greater Nicosia network,
where traffic demand and network conditions will be calibrated againstireal data for the final network-wide foresight experiments
and pilot preparation. The current implementation represents read vehicles, buses, cyclists, pedestrians, person-in-vehicle stages,
bus loading and signalised crossings within SUMO. These native modes remain under SUMO control; they are not reimplemented in
the UAV manager. The manager is invoked only for eligible passenger-vehicle departure events and only when the UAV service is
enabled. This preserves the validated ground-traffic logic anddimits additional computation to vehicles for which an alternative is
relevant.

Table 9. Main ch@racteristics s of the Aglatzai microscopic validation enviroment

Characteristic Current configuration
Study area \glantzia, Nicosia, Cyprus
Approximate area 9.8 km?

Road edges 2,167

Road lanes 6,711

Non-internal junctions 929

Signalised junctions 11

Ground-mobility representation Private vehicles, buses/public transport, pedestrians, bicycles and shared mobility

Demand in current validation

6,000 persons; 6,933 vehicle objects across the represented modes
dataset
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Y GETTEnEE Scenario-dependent fleet size, capacity, speed, altitude, trajectory and repeat/service
schedule
Multimodal functionality :\cl)aali,a%l:)t:]hc transport, walking, cycling/shared mobility and UAV-assisted journey

Simulation step 0.1s

R ro AL S
| fle gdt Seings Locste Smustion Yindew Lingusge Help =

oy suntinse, 19161182 sumocty - SUMO 1270 - o

P | i 0 m

Bus Stop

Figure 23. Aglantzia SUMO environmen bus, sidewalk, bicycle and bus-stop infrastructure.

Figure 23 indicates that the validation environmen*udes the principal ground-mode infrastructure required for multimodal
analysis. Road vehicles, buses, bicycles and ped s'interact on the same network, with bus stops and sidewalks providing the

physical transfer points used by person stag

5 run_route_mul_sllsumocf - SUMO 127.0
H File Edit Settings Locate Simulation Window Languag

=~ Personin Vehicle |

Bus Loading Persons
Traffic Ligts & Crossing

N,
" %%,

Figure 24. SUMO representation of persons in vehicles, bus boarding, pedestrians and signalised crossings.
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Figure 24 illustrates the person-level elements of the simulation. Passenger association with vehicles and public transport is
necessary because the objective is total person travel time rather than vehicle travel time alone. Signalised crossings and walking
stages affect access and continuation times and therefore influence whether a UAV-assisted chain is advantageous.

4.4.2 UAV MOTION AND AIRBORNE SENSING

UAV motion is displayed using the configured trajectory, altitude, timing and heading. The operational service model uses the same
schedule for passenger pickup and drop-off calculations. In parallel, the UAV field of view can be projected over the road network
to identify observation periods for specific road segments. This provides a second contribution of the platform: the same UAV
resource can be evaluated as a transport service and as a mobile traffic sensor.

At the present stage, sensing is represented geometrically through coverage and observation windows. Camera optics, image quality,
weather, occlusion, vibration and perception errors are not yet physically emulated. The platform therefore reports where and when
sensing is possible, while future coupling to a robotics simulator will be required for sensor-level fidelity.

B e At Semngi Locste Simubton Wedow Laegage el

TP 0 0 I - [ S ———" e s

Figure 25. UAV trajec @d-of-view representation over the Aglantzia road network.

Figure 25 shows the UAV and its field-of-vi
intervals and associate aerial obseryati

print. The geometric representation enables the platform to calculate coverage
ith road segments, supporting foresight scenarios in which traffic monitoring capacity

Person drop by UAV

>
%

%,

Person directed to
UAV

Figure 26. Passenger redirection to the UAV service and passenger drop-off at the arrival hub.
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Figure 26 visualises the passenger transition between ground and air services. The redirection and drop-off markers support
verification that accepted passengers follow the intended sequence and that the final continuation is activated only after the
scheduled UAV arrival.

4.5 SCENARIO EXECUTION AND KPI FRAMEWORK

The scenario suite executes baseline, controlled, uncontrolled and UAV-assisted cases with consistent file structures. The output
pipeline combines standard SUMO files with UAV and multimodal logs. Expected values computed at the decision event are kept
separate from realised values obtained from simulation, which allows model error, queue effects and downstream congestion to be
identified.

Table 10. Output files and principal KPI families supported by the platform.

Output/KPI family Examples Evaluation purpose
- - ™ °, .
Tripinfo, completed/unfinished ‘4 sure traveller and vehicle
SUMO trip and route outputs trips, route history, exit time and formance and validate route
travelled distance. ‘execution.
S

Summary, speed, time |10Ss, .
¥, 5P Assess network-wide impacts and

Network evolution congestion, bottlenecksand edge- . . .
identify stress locations.
level delay.
Waiting, Mlking, ride Evaluate complete door-to-door

Stops and person stages . ) .
P P & stages an er durations. multimodal journeys.

Accepted/rejected alternatives,
réason, expected component
times, chosen continuation mode
and expected savings.

Dispatch, flight, pickup/drop-off
o SR, I, .up/. rOPOML  Assess operational feasibility and
gueue, capacity, utilisation and . .
service design.

sensing windows.

Audit the passenger-level decision
and identify why UAV service is or
is not selected.

Multimodal decisions

UAV service

Baseline versus controlled deltas,
Scenario comparison expected versus realised
performance and KPI dashboards.

Support foresight analysis and
pilot decision-making.

Table 10 summarises the output files and KPI families used to evaluate a simulation run. The platform combines standard SUMO
trip, route, network, stop and person-stage outputs with multimodal decision logs, UAV operational records and scenario-
comparison dashboards.

The output structure supports analysis at three complementary levels:

Traveller-level outputs verify complete door-to-door journeys and transfer stages,

network-level indicators quantify congestion, speed, time loss and bottlenecks,

service-level logs explain UAV availability, queueing, capacity utilisation and the reasons why alternatives are accepted or
rejected.
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Keeping expected decision values separate from realised simulation outcomes also enables validation of the estimation logic and
identification of downstream congestion or queue effects.

Figure 27 summarises the T5.6 analysis package. Trends are converted into parameterised experiments, multiple runs are executed
to expose operational limits, and the resulting KPI package supports demonstration design and interpretation of FEDORA value.

Outputs for Nicosia

Scenario generation
o g Quantified changes in travel time, lost

Translate trends into parameterised what-if

experiments for SUMO/UAV models. time, queuelng, ”?Ode shar‘e, Elkiltend
potential monitoring benefits.

FEDORA value
Run multiple scenarios to explore operational limits Explore.t.he condi?ions Jerelacapinidrie
and solution robustness. and resilient multimodal management

provides measurable benefits.

|

o Analysis package Total travel time, waiting timéjlost time,
Compare KPIs and provide evidence for pilot ai\fc/geﬂiont_leVel;andtl’i“?bi!ity by seenario.
. P R utilisation, dispatch timing, service
demonstrations and decision-making. availability, sensing coverage and monitoring
windows.

Figure 27. Scenario-generation, execution and analysis package far T5¥% foresight evaluation.

4.5.1 GRAPHICAL INTERFACES AND REPEATABLE STWDY WORKFLOW

A graphical configuration builder, UAV planner, scenario suite and dashboard have been developed to make the platform usable
without modifying Python source code. Each interface writes thefparameters required by the corresponding logic, creates scenario-
specific folders and exposes the resulting outputs. The interfaces,support rapid testing during development and will also provide a
repeatable workflow for WP5/WP6 evaluation activities.

7

UAV-assisted multimodal simulation Project paths

4

Execution console
Workflow

7 edit configuration
eRT——

2. Run selected simulation

3. Run scenario suite

4. Open suite dashboard

5. Open detailed results viewer
e folder in the expanded

7. Generate comparison figures

Figure 28. Configuration builder for reproducible SUMO-UAV scenario definition.
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Figure 28 shows the configuration builder used to define the network, simulation, UAV and output settings. The interface validates
user input and stores the exact values used by the algorithms, preventing inconsistencies between the graphical configuration and
hard-coded defaults.

[

= Config Builder
—@-@-@ ..o

SUMO UAv 150N Run
Project files Configuration overview
Network file m

Sumocfg file m

Output directory  Output

Scenario name
Simulation timing

Step length ()
Total time (s)

GUI Option c

UAV model and movement Actions

Open UAV Planner
Number of UAVs elect roed s

av Mode!
Save configuration
Movement i £
Uav Mode : 9 e Run simulation
Battery Mode tart the unchange
UAV Speed

FOV (deg)

Figure 29. UAV planner interface for path, speed, timing, altitude and operational settings.

Figure 29 presents the UAV planning interface. User-defined path<and service parameters are converted into the time-stamped
trajectory and station information required by both the visual UAVY movement and the passenger-service calculations.

# uav e - a x

Figure 30. Scenario study-suite interface for repeated execution and consistent storage of results.

Figure 30 shows the study-suite interface used to organise repeated cases. Consistent run folders and metadata are essential for
comparing scenario variants and for tracing each KPI result back to the corresponding demand, network and service settings.
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Figure 31. Dashboard view of UAV observation perigds over a selected road segment.

vehCount
a

specific road segemnt

3 UAV observations over ~ ,
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Figure 31 illustrates the sensing-analysis output. The dashboard recards the temporal windows during which the UAV field of view
covers a selected road segment. This output can be combinedwith'congestion and incident scenarios to evaluate whether the UAV
is available at the location and time at which monitoring is‘'mest valuable.

) R TCTI ] Ei Detectors (SUMO) ige: ) M VehRoutes (SUMO)

Tripinfo histogram: timeLoss

Timeloss per
traveller

count.

150 200 250 200 50
timeLoss

Figure 32. Traveler time-loss visualization generated from simulation outputs.
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Figure 32 presents traveller-level time-loss results. Distributional indicators are important because an improvement in network

q

average performance may conceal substantial losses for specific passenger groups, access locations or transfer chains.

E1 Detactors (SUMO) | Edge/Lana Measures (SUMO) | Queua (SUMO) | VahRoutes (SUMO)

Multimodal vs normal travel time

Normal Scenario: Baseline no multimodality
Multimodal Scenarios Travelers are forced to
used multimodal routesyinctuding Park&Fly
Expected: Algorithmi¢ estimations

Realized: SimdlationRealizations

Travel time (s)
5
=

UAv

Multimodal Multimodal U
(scheduled) (realized)

Normal v
fexpected) fexpected) (realized) (expected)

Figure 33. Baseline and multimodal scenario comparison, ificluding expected and realised performance.

Figure 33 distinguishes the normal road-only baseline from a multimodal scenario and separates algorithmic estimates from realised
simulation outcomes. This distinction is used to verify whether predicted passenger savings remain after actual waiting, congestion
and route interactions are simulated.

4.5.2 VALIDATION RESULTS

This section presents the initial validation results obtained from the Aglantzia simulation environment, focusing on the comparison
of the evaluated scenarios under consistentssimulation conditions. These results are used primarily to verify the correct operation
of the implemented FEDORA simulation and‘evaluation pipeline and to demonstrate its ability to quantify the effects of alternative
multimodal strategies. At this stagéj theresults should therefore be interpreted as validation of the developed methodology and
software workflow rather than asithe final assessment of the Nicosia pilot, which will be conducted after calibration and deployment
of the framework on the Greater Nicosia network.

In Figures below for validation purposes, we compared the UAV multimodal paths with the normal uncontrolled scenario over the
test area of the Aglatzia. For this scenario a control mechanism of route reservation is performed aiming to maximize the utilization
of multimodal efficiency and minimized the passenger travel time. The solution will be presented in the next IEEE ITSC 2026
conference (as accepted paper). Note that the numerical values shown in each figure correspond to the current illustrative Aglantzia
runs and are therefore interpreted as prototype evidence rather than as final calibrated Nicosia results.
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Average SUMO time loss by scenario
54

Average time loss [min]

Figure 34. Average SUMO time loss in the controlled/multimodal and uncontrolled/n@rmal scenarios.

Figure 34 compares the average SUMO time loss across the two scenario configurations. In the illustrated run, the
controlled/multimodal case records an average time loss of 1.0 min, compared with®5:4 'min in the uncontrolled/normal case. Time
loss measures the additional delay experienced relative to unconstrained movement and therefore provides a compact indication
of congestion and control effectiveness. The lower value in the controlled casefindicates that the multimodal reservation logic limited
the accumulation of network delay in this experiment. This result will be feassessed through repeated and calibrated runs before it
is used for pilot-level impact claims.

Controlled / Multimodal..Mean network speed over simulation time
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Figure 35. Mean network speed over time in the controlled/multimodal scenario.

Figure 35 presents the temporal evolution of mean network speed under the controlled/multimodal strategy. After the initial loading
period, the network speed generally remains within a stable operating range, with short-term oscillations reflecting variations in
demand, traffic-signal conditions and route interactions. Most importantly, the time series does not exhibit a persistent downward
collapse. This behaviour indicates that, for the illustrated scenario, the controlled strategy preserves network flow despite recurring
local disturbances.
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Uncontrolled / Normal: Mean network speed over simulation time
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Figure 36. Mean network speed over time in the uncontrolled/normal scehario.
Figure 36 shows the corresponding mean-speed profile for the uncontrolled/normal sc he network initially operates at
speeds comparable to the controlled case; however, after approximately the middlt?f ulation, the mean speed progressively

deteriorates and approaches very low values near the end of the run. The profiIE‘ istent with the accumulation of severe

congestion and eventual network breakdown.
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Figure 37. Average effective travel time by transport mode on each scenario.

Figure 37 disaggregates effective travel time by bicycle, bus and car. In the illustrated controlled/multimodal run, the bicycle and
bus values are lower than in the uncontrolled/normal run, while the car value is slightly higher. The comparison therefore shows
that the effects of a network-management intervention are not necessarily uniform across modes. The effective-travel-time
indicator also accounts for unfinished trips by using the simulation end time, and it must consequently be interpreted together with
completion rates. This mode-level view is essential for identifying whether an intervention improves overall performance by
transferring delay from one user group to another.
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Figure 38. Average time loss by transport mode on each sc
Figure 38 reports the average time loss separately for bicycle, bus and car trips. élled/multimodal scenario substantially
reduces bus and car time loss in the illustrated run, whereas the bicycle category shows a small increase from 0.0 to 0.3 min. Note
that prior the enforcement of the control strategy none of the travellers was g to utilize bikes while with application of the
controlled strategy some travellers are instructed to use bike in their jo benefit their overall travel time. A network-wide
improvement should not be interpreted as universally beneficial unless the impacts on each mode and traveller group have also
been examined.

4.5.3 CURRENT EVALUATION STATUS RPRETATION

entrance-only passenger evaluation, UAV reservatio d access vehicle, UAV transfer, output generation and dashboard analysis.

The current Aglantzia implementation verifies the comllete nical workflow: configuration, state-file and route-file initialisation,
It can therefore be used to test algorithms and jo mechanisms. However, numerical outputs should currently be interpreted
as prototype scenario estimates rather than predictions for Greater Nicosia, because the full pilot area and demand model

are still under calibration.

A result in which few or no pass Qt the UAV is not automatically a software failure. The passenger-level decision may
correctly reject the service whe cess to the hub, waiting time, capacity or continuation time exceeds the benefit of the aerial
leg. The decision logs are designed to expose each component and rejection reason. Conversely, accepted alternatives must be
checked against realised simulation travel time to ensure that the expected saving was achieved.

4.6 INTEGRATION INTO THE FEDORA MODULAR SIMULATION
PLATFORM

Within the three-layer architecture introduced in Chapter 2, SUMO and the UAV execution environment belong to the application
layer, while the passenger multimodal manager, scenario generator and FEDORA optimisation functions are logic components. The
interoperability layer is responsible for configuration, lifecycle coordination, state exchange and output collection. At a simulation
departure event, the environment publishes the eligible passenger state; the multimodal logic returns the selected path and
reservation; the environment applies the vehicle and person transitions; and the recorder stores decisions and KPls.
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The platform can absorb network and demand scenarios from T5.1, candidate hub and service designs, and optimisation parameters
from WP4. It can provide network state, passenger alternatives, queue and capacity information, UAV availability, sensing coverage
and realised KPls. This modular framing permits the present SUMO-based environment to be replaced or complemented by another
simulator without rewriting the decision logic, and it establishes a future coupling point to real pilot data and physical UAV emulation.

4.7 NEXT STEPS
4.7.1 CALIBRATION AND VALIDATION WITH REAL DATA

The highest-priority next step is the calibration and validation of the Aglantzia and Greater Nicosia models using real data. Network
geometry, lane configuration, speed limits, signal plans and public-transport stops will be checked against authoritative sources.
Traffic demand will be calibrated using available vehicle counts, OD information, travel-time observations and departure profiles.
Bus routes, timetables and passenger demand will be aligned with observed or operational data, while pedestrian and cycling
demand will be refined where measurements are available. Calibration will be followed by validation against independent datasets
and explicit reporting of error measures rather than visual agreement alone.

UAV service parameters will likewise be grounded in real or pilot-specific evidence{’Rlanned flight logs will be used to verify speed,
travel time, hover and turnaround time. Hub processing and transfer assumptions will'be measured or specified with the pilot team.
Passenger acceptance and transfer penalties will be informed by surveys and live-pilot feedback. This calibration is necessary before
scenario results are interpreted as expected pilot impacts.

4.7.2 GREATER NICOSIA SCALE-UP AND SCENARI®)CATALOGUE

After validation in Aglantzia, the same workflow will be transferred to the Greater Nicosia final pilot network. The scenario catalogue
will include demand growth, peak and off-peak conditions, ifcidents, road closures, special events, alternative hub layouts, UAV
fleet sizes, capacity and frequency settings, passenger-adoption levels and FEDORA control policies. Repeated experiments will
quantify not only average benefits but also robustness, queue formation, reliability and the spatial distribution of impacts.

4.7.3 FEDORA INTEGRATION AND/RILOT EVIDENCE PACKAGE

The platform interfaces will be aligned with the/FEDORA orchestration contract so that scenario inputs, network state, optimisation
decisions and KPIs can be exchangedwith»other components. The final WP5/WP6 package will include versioned scenarios,
calibrated inputs, reproducibleunconfigurations, decision audits, KPI definitions, expected-versus-realised comparisons and a
concise evidence set for live demanstration planning. Computational profiling and parallel scenario execution will also be addressed
to support the Greater Nicosia scale.

4.7.4 EXTENSION TO THE REMAINING FEDORA PILOTS

Beyond the Nicosia Pilot (Pilot #3), the simulation framework will be further refined, where applicable, to support the evaluation
needs of the remaining FEDORA pilots associated with El4.6, subject to their final scope and implementation. This refinement will
extend the simulator to capture pilot-specific transport networks, mobility services, operational constraints, and evaluation
scenarios while preserving a common modelling and KPI assessment methodology. The objective is to provide a harmonised
simulation environment that enables consistent assessment of pilot-specific interventions, facilitates cross-pilot comparisons, and
supports the evaluation of the overall FEDORA framework under diverse operational conditions.
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4.8 CONCLUSION

Task 5.6 has established an operational in-silico platform for generating and evaluating foresight scenarios that combine microscopic
urban traffic, native SUMO intermodality, UAV passenger services, hub operations, UAV sensing and automated KPI analysis. The
principal methodological contribution is a passenger-level door-to-door comparison in which an UAV alternative is selected only
when access, waiting, flight and continuation jointly improve the journey and capacity is feasible. The entrance-only evaluation event
preserves computational efficiency and supports both loaded state files and conventional route files without changing the core
red/blue vehicle logic.

The platform fills an important integration gap between ground-mobility simulation and UAV operational modelling, while remaining
transparent about its present limits. Its current role is to validate the complete scenario and evaluation workflow in Aglantzia. The
next phase will calibrate the model using real data, scale it to Greater Nicosia, improve physical UAV and sensor fidelity, calibrate
passenger behaviour, align the interfaces with the FEDORA orchestrator and prepare a validated KPI package for the live pilot. The
simulation framework will also be further refined, where applicable and subject to the final scope of the respective activities, to
support the evaluation needs of the remaining FEDORA pilots associated with EI4.6.
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5 RESEARCH AND SCIENTIFIC INNOVATION

Chapters 2 to 4 presented the three tasks reported in this deliverable: the model-agnostic and modular simulation platform of Task
5.4, the model-to-application transferability (Sim2Real) techniques of Task 5.5, and the foresight analysis of Task 5.6. This chapter
reflects on the research and scientific innovation that this work represents. It first draws the three tasks together, setting out how
they relate and can be integrated within the modular platform (Section 5.1), before relating the individual contributions to the
innovations and results the project set out to achieve (Section 5.2), identifying where they advance the state of the art (Section 5.3),
and discussing their readiness, exploitation and dissemination (Section 5.4).

5.1 CROSS-TASK SYNTHESIS AND INTEGRATION, QUTLOOK

The three tasks are distinct contributions that are nonetheless designed to operate withinsthe'common structure developed in Task
5.4 and presented in Chapter 2. The platform’s role reaches well beyond thebtasks reported here, as it is intended as an
interoperability framework for the technical components developed across WP4“and WP5, bringing the traffic and network
optimisation and control services on one side together with the simulation environments and real-world interfaces on the other, so
that they can be combined and assessed within a single setting. The three-layer architecture of Figure 1, with the orchestrator,
interchangeable logic modules and application layer environments, is the consolidated view within which these components are
placed. In this deliverable the framework is realised in the form.of a conerete demonstrator for traffic signal control (Chapter 2),
which connects a microscopic simulation environment and several controllers through standardized interfaces and message-passing
with TCP. The demonstrator establishes that the mechanisim can‘be applied in an end-to-end setup, and that as every module can
only be contacted and controlled through the defined interfacés, the remaining components integrate in the same manner rather
than requiring the platform to be re-engineered forieach.” The WP4 network optimisation services and WP5 simulators and
controllers would therefore simply be plugged in.with minimal integration effort as additional logic modules and environments,
respectively.

The work reported in this deliverable represents an intermediate stage, and its continuation aims at extending the integrated
platform developed in Task 5.4 and finalizing the developed methodologies in Tasks 5.5. and 5.6, the results of which are to be
reported in deliverable D5.3. The demonstrator is planned to be extended beyond signal control to accommodate further
optimisation and control services developed across WP4 and WP5, which may then be evaluated within the platform. Depending on
the needs of the component deployments in the real-world pilot context of WP6, the application layer environment interface, which
already anticipates connections beyond simulation, may be extended towards interfaces to pilot sites in the second round of
demonstrations. In parallel, the technical integration efforts between the components of WP4 and WP5 discussed here will continue
to be aligned with the project's wider platform through the integration activities in WP2, aiming at an operation alongside the data
and service spaces rather than as a standalone tool. Together these steps cover the individual task contributions towards the
integrated and interoperable framework that the final deliverable will report.
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5.2 CONTRIBUTION TO THE FEDORA EXPECTED INNOVATIONS AND
RESULTS

The conducted work is organised around a set of expected innovations and the results they feed. The three tasks reported in this
deliverable each correspond to one such innovation: Task 5.4 to the agent-based interoperability framework (El4.4), Task 5.5 to the
model-to-application transferability techniques (EI4.5), and Task 5.6 to the foresight analysis scenarios generator (El4.6). Together
with the multimodal simulation engine and the demand and controller models developed in the earlier tasks of the work package
and reported in Deliverable D5.1 (El4.1 to EI4.3), they contribute to two expected results, namely the integrated and interoperable
simulation framework (ER4.1) and the foresight analysis with model-to-application transferability frameworks (ER4.3). The
contributions of the three tasks are set out separately in the following subsections.

5.21 TASK 5.4: AGENT-BASED INTEROPERABILITY FRAMEWORK (El4.4)

Task 5.4 delivers Expected Innovation El4.4, the agent-based interoperability framework foriintegrating decision-making modules
with simulation environments and for assessing them across a range of configurations. This innovation is the model-agnostic and
modular platform presented in Chapter 2, whose orchestrator mediates betweenfinterchangeable logic modules and application
layer environments through a standardized communication scheme, demonstrated end-to-end at the example of traffic signal
control with different methodologies. Its main contribution lies in the intéroperability layer itself, which allows to connect
heterogeneous methodologies and environments through common interfacess while also guaranteeing exchangeability without
additional integration work. The framework thereby provides the interoperable element of the integrated simulation framework
(ER4.1), complementing the framework of simulation engines ofsEl4.1 so that the compatible technical components developed
across the project can be connected on a common basis.

Since the demonstrator is already realised as a reusablé open-source platform rather than a study tied to one application, the
framework forms a natural basis for potential future exploitation and extensions towards the inclusion of methods developed in the
other tasks and work packages as they mature. Its readiness, licensing and exploitation are discussed in Section 5.4.

5.2.2 TASK 5.5: MODEL-TO-APPLICATION TRANSFERABILITY (El4.5)

Task 5.5 contributes Expected Infiovation El4.5, the model-to-application transferability (Sim2Real) techniques for transferring
control methods from simulationitowards real operation, contributing to the Expected Result on foresight analysis with model-to-
application transferability frameworks (ER4.3). Its contribution is described in Chapter 3. The work presented demonstrates how RL-
based traffic management policies can be adapted to operate beyond the simulation environment in which they were originally
trained, addressing one of the main barriers to the practical deployment of learning-based traffic management systems. As a proof
of concept, the proposed methodology was evaluated on the network-level perimeter control problem, where a RL controller trained
in one microscopic traffic simulator was successfully transferred to another simulator with different traffic dynamics using a GAT
framework. The experimental results showed that Sim2Real techniques can substantially reduce the performance degradation
associated with direct policy transfer while requiring only a limited amount of information from the target environment. Beyond the
proof-of-concept case study, future work within Task 5.5 will extend the proposed framework to larger and more realistic traffic
networks and investigate the transfer of traffic management policies across different simulation fidelities. These approaches will
strengthen the contribution of Task 5.5 to Expected Innovation EI4.5 and Expected Result ER4.3 by advancing the model-to-
application transferability of intelligent traffic management solutions.
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5.2.3 TASK 5.6: FORESIGHT ANALYSIS SCENARIOS GENERATION (EI4.6)

Task 5.6 contributes to Expected Innovation EI4.6 by establishing a scenario-generation and evaluation capability for network-wide
foresight analysis. The work combines parameterised scenario design, multimodal traffic simulation, UAV-SUMO integration and
systematic KPIl assessment to examine how changes in demand, network conditions, service configurations and control strategies
affect multimodal transport performance. The resulting framework supports the comparison of road-only, multimodal and UAV-
assisted alternatives and provides evidence on the conditions under which emerging mobility services can improve passenger
journeys, network efficiency and operational resilience. By enabling the testing of future mobility configurations before their
deployment in the pilot environment, Task 5.6 directly supports Expected Result ER4.3 on foresight analysis with model-to-
application transferability frameworks. The technical methodology, simulation environments and evaluation workflow are described
in Chapter 4

5.3 ADVANCES BEYOND THE STATE OF THE ART

The work carried out in Task 5.5 advances the state of the art in the application of Sim2Réal reinforcement learning to intelligent
traffic management. While existing reinforcement learning approaches for perimeter/control generally assume that training and
deployment take place in the same environment, the proposed framework explicitly addresses the transfer of learned policies across
environments with different traffic dynamics. To the best of our knowledge, this'is the first study to apply GAT to network-level
perimeter control. In addition, the study provides one of the first systemati€evaluations of Sim2Real reinforcement learning for
perimeter control by analysing the impact of target-domain data availability,/iterative grounding, and action transformation on
transfer performance.

The work carried out in Task 5.6 advances the state of the art in foreSight-oriented multimodal transport simulation by integrating
microscopic ground-mobility modelling, UAV-enabled transpert, airborne traffic sensing and scenario-based evaluation within a
common simulation workflow. Existing urban traffic simulator§ provide mature representations of road traffic, public transport,
pedestrians and cyclists, while UAV simulation environments typically focus on flight dynamics, trajectory execution or sensor
emulation as separate functions. The proposed FEDORA approach bridges this gap by enabling network-wide scenarios in which
UAV-assisted journeys are assessed together with existing transport modes, considering complete passenger travel times, hub
access, waiting, capacity constraints and onwarditravel. In addition, the framework supports the representation of UAVs as mobile
traffic-sensing platforms and provides a'repeatable pipeline for varying demand, disruptions, infrastructure configurations and
control strategies and evaluating their effects through consistent KPIs. To the best of our knowledge, few existing platforms combine
these capabilities within a unified,environment designed both for large-scale foresight analysis and for the progressive transfer of
simulation findings towards real pilot preparation.

5.4 READINESS, EXPLOITATION AND DISSEMINATION

This section considers how far the work reported here has matured and how it is being made available beyond this deliverable report
and the project itself. The three tasks are treated in turn, since their outputs differ in form.

The modular simulation platform of Task 5.4 is provided as a descriptive concept through this report in Chapter 2 and additionally
presented in an end-to-end demonstrator for traffic signal control. The latter is released as open-source software alongside a
comprehensive documentation (Section 2.4). Future possible extensions to facilitate a more thorough exploitation of the introduced
scheme include the connection of further WP4 optimisation and control services as well as the inclusion of interfaces to additional
environments, potentially including real-world pilot sites, both directed at deliverable D5.3. Due to its open availability and the
structure built around defined interfaces, the platform is the main exploitable result of this first deliverable, into which the methods
of the other tasks and work packages can be integrated as they mature, addressing the interoperability aspect of the integrated
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simulation framework identified as Expected Result ER4.1. The open code, its documentation and the records it produces (Section
2.4) allow the demonstrations to be reproduced and extended by other technical partners, with exploitation and further
dissemination pursued through the activities of WP7.

The Sim2Real framework developed so far in Task 5.5 represents a proof-of-concept demonstration of Sim2Real RL where the
methodology has been validated in a controlled simulation environment. The proposed framework was evaluated through extensive
experiments involving the transfer of reinforcement learning policies between two independent microscopic traffic simulators with
different traffic dynamics, demonstrating both its feasibility and its effectiveness. Within FEDORA, this methodology is expected to
evolve beyond the current proof of concept. Future work will focus on scaling the framework to larger and more realistic urban
networks and will investigate budget-aware and uncertainty-aware Sim2Real approaches that minimise the amount of target-
domain information required while explicitly accounting for uncertainty during the action transformation process. Furthermore,
future developments will explore how RL policies trained in lower-fidelity simulation environments, particularly the macroscopic
simulation framework developed in Task 5.1, can be effectively transferred to higher-fidelity microscopic simulators, enabling
seamless knowledge transfer across different levels of traffic modelling. The scientific outcomes of Task 5.5 are going to be
disseminated through presentations in scientific conferences and academic publications.

The UCY components developed under Task 5.6 are currently available as an operational.in=silico prototype comprising scenario-
configuration tools, a UAV trajectory planner, SUMO-TraCl integration, multimodal (deCision logic, repeatable study execution,
output processing and KPI visualisation. The complete workflow is being validated in the Aglantzia test network, while its application
to the Greater Nicosia pilot area will follow the completion of calibration usingfreal traffic, public-transport and mobility data. The
components are intended to be exploited as a reusable experimentation and pilet-preparation environment for testing alternative
service designs, operational assumptions and FEDORA logic modules befare real-world deployment. Their planned alignment with
the FEDORA orchestration framework will further facilitate their, reuse with alternative optimisation, control and forecasting
components. Dissemination will be pursued through public FEDORA déliverables, project demonstrations, technical workshops, and
the presentation of pilot-relevant results to public authorities,transport operators and research stakeholders.
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6 CONCLUSION AND NEXT STEPS

This deliverable reports the outputs of Tasks 5.4, 5.5 and 5.6. Task 5.4 has developed the model-agnostic and modular simulation
platform, an agent-based interoperability framework in which interchangeable logic modules and application layer environments
are coordinated by a single orchestrator. It has been demonstrated end to end for traffic signal control and released as open-source
software. Task 5.5 has developed the Sim2Real techniques for model-to-application transferability and evaluated them on the
network-level perimeter control problem as a proof of concept. Task 5.6 has established the foresight analysis scenario generation
and evaluation capability, which combines parameterised scenario design, microscopic multimodal simulation, UAV service
modelling and automated KPI extraction. The three tasks correspond to Expected Innovations El4.4, EI4.5 and EI4.6. Together with
the engines and models reported in D5.1, they contribute to the integrated and interoperable simulation framework (ER4.1) and to
the foresight analysis with model-to-application transferability frameworks (ER4.3).

The results support the approach taken. In the demonstrator, logic modules ranging from a fixed schedule to a state-responsive
strategy are exchanged without altering the environment, the orchestrator or the recorder., The compatible technical components
developed across the project can therefore be connected on a common basis, where campatible. A policy transferred directly to a
simulator with different dynamics loses a considerable part of its performance, and'Grounded Action Transformation recovers most
of that loss where sufficient data from the target environment are available. The foresight platform has been used to verify the
complete scenario configuration, execution and evaluation workflow, as well as the passenger-level door-to-door decision on which
the assessment of UAV-assisted journeys rests.

The work reported here represents an intermediate stage, and the components documented in this deliverable lay the groundwork
for its continuation as outlined in Section 5.1. The demonstrator'shows that further optimisation and control services from WP4 and
WP5 can be accommodated as additional logic modules withoutthejplatform being re-engineered for each of them. The application
layer environment interface already anticipates connections'beyond simulation, including to pilot sites in the context of WP6. The
integration efforts between the components discussed here remain aligned with the project's wider platform through the integration
activities in WP2. On the methodological side, the transferability work provides the basis for its extension to larger and more realistic
networks, to budget-aware and uncertainty-aware-approaches and to transfer across simulation fidelities. The foresight platform
provides a workflow that can be aligned with-the FEDORA orchestration contract and that is being prepared for the Greater Nicosia
pilot network. The platform of Task 5.4 is.the main exploitable result of this first deliverable. It is openly available together with its
documentation, so that the demonstrations can be reproduced and extended by other technical partners. Further exploitation and
dissemination are pursued through theactivities of WP7 and through the publications and demonstrations foreseen by the individual
tasks. The results of this continuation'are to be reported in deliverable D5.3.
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FEQIRA
ANNEX — ONLINE SOFTWARE AND MANUALS

This annex provides references to the software developed in the context of this deliverable, focussing on the orchestration platform
described in Chapter 2, including source code repositories and user documentation. The listed references include the location of the
source code repositories, associated documentation (README files, user manuals, installation guides, and administrator guides),
and, where applicable, the corresponding software release, version tag, or commit identifier. The referenced artefacts represent the
versions available at the time of submission of this deliverable.

ANNEX A — SOFTWARE REPOSITORY REFERENCES

IDENTIFIER DESCRIPTION REPOSITORY VERSION / COMMIT
SW-01 Project source code https://github.com/fedora-horizon 0 Release v1.0
‘%
FEDORA Platform https://github.com/fedora-
SW-02 ps:/e / Main branch (accessed version)

Demonstrator horizon/fedora_platform

ANNEX B — USER DOCUMENTATION

DOCUMENT ID LOCATION

UM-01 User Manual ® https://ivt-baug-ethz.github.io/fedora_platform/
o
. . https://ivt-baug-
UM-02 Platform Architecture Documentation ) ) )
ethz.github.io/fedora_platform/architecture/
. https://ivt-baug-
UM-03 Component and Demonstrator Documentation S o e L o e B i e T
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