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1. Introduction

Carotid Stenosis (CS) is defined as the narrow-
ing or blockage of the carotid arteries. This
condition is primarily caused by the accumula-
tion of fatty deposits along the arterial walls,
which progressively restricts blood flow. The
Common Carotid Arteries (CCAs) constitute
the primary vessels delivering blood to the brain
and face, and represent critical anatomical land-
marks in vascular, neurosurgical, and head-and-
neck procedures. A reduction in blood flow due
to CS can significantly increase the risk of cere-
brovascular events. The gloabal prevalence of
significant CS (reduction in lumen diameter of
> 50%) is estimated to be approximately 1.2%
in woman and 1.8% in men, with an annual inci-
dence ranging from 2% to 6% [1]. Nowadays, the
minimally invasive Transfemoral Carotid Artery
Stenting (TFCAS) remains the most commonly
used method for CS, especially considering that
carotid endertactomy is highly discouraged in
patient with high carotid bifurcation, prior neck
irradiation, or significant comorbidities. TFCAS
requires catheter navigation from the femoral
artery up to the carotid. This navigation tech-
nique can be limited by the tortuosity of the aor-
tic arch, particularly in the presence of a type-3

aortic arch (according to Madwhal criteria [2]),
which demands for advanced technical exper-
tise and high procedural skill from the operator.
Remote-controlled catheter by robotic technolo-
gies have been developed in order to mitigate
limitations of manual navigation such as radi-
ation exposure, precision, tremors, fatigue and
added operator discomfort. Nevertheless, the
outcome of the procedure is still limited by hu-
man error, and robotic systems’ interfaces such
as buttons and joysticks require skills that are
different to those used in current clinical prac-
tice. In this context, the increasing procedural
complexity and the need for enhanced precision
and safety have motivated the development of
autonomous navigation strategies for endovas-
cular interventions. The objective of this the-
sis is to investigate Al-driven approaches for au-
tonomous endovascular navigation accross dif-
ferent anatomical scenarios through the devel-
opment of a Unity-based simulation framework
and to design the actuation behavior of the cur-
rent robotic catheterization platform available
at the Robot-Assisted Surgery Research Group
of the Department of Mechanical Engineering of
KU Leuven, Belgium.



2. State of the art

Different studies investigated the efficiency of
Al-based model for autonomous endovascular
navigation. Among them, only a limited sub-
set specifically addresses the aortic arch, in most
cases using Reinforcement Learning (RL). In
RL, an agent interacts with an environment by
observing its state and performing actions. Each
action influences the environment, which returns
feedback in the form of a reward signal. The ob-
jective of the agent is to learn an optimal policy
that maximizes the expected cumulative reward
over time. In [3], The Asynchronous Advantage
Actor-Critc (A3C) algorithm has been trained
in Unity Engine, while in [4], it was adopted in
SOFA Framework and trained on a single mod-
eled aortic arch. In [5], the Policy Improvement
with Path Integrals (PI12) algorithm is employed
to enhance the performance of Imitation Learn-
ing (IL) based on expert demonstrations across
different pathological configurations of the same
aortic arch. Finally, in [6], the Proximal Policy
Optimization (PPO) algorithm in combination
with Generative Adversarial Imitation Learning
(GAIL) technique is explored for autonomous
navigation within a type-1 aortic arch, then val-
idated over a type-2 aortic arch. Despite these
contributions, several limitations remain. First,
to the best of the author’s knowledge, none of
the reviewed studies explicitly trains and evalu-
ates autonomous navigation models on Type-3
aortic arch configurations, which are associated
with increased anatomical complexity and pro-
cedural difficulty. Second, generalization across
different aortic arch geometries remains largely
unexplored. Only one study [7] considers train-
ing and validation across different arch types.
Third, although Learning from Demonstration
(LfD) techniques have been combined with RL,
existing works in the vascular domain typically
rely on a single demonstration-based strategy,
while the combined use of multiple approaches,
such as Behavioral Cloning (BC) and GAIL
within the same framework, remains underex-
plored.

This thesis is positioned within these gaps,
by (i) extending the evaluation to more com-
plex anatomical configurations, including Type-
3 aortic arches, (ii) investigating the generaliza-
tion capabilities of the proposed approach across
different anatomical scenarios within a unified

simulation framework, and (iii) exploring the
combined use of multiple LfD techniques along-
side reinforcement learning to improve naviga-
tion performance.

3. Materials and Methods

The simulation environment was developed us-
ing Unity Engine, version-6000.40f1, a real-time
3D development platform widely adopted for in-
teractive simulations and robotics research.

3.1. Actuators Command Logic Im-
plementation

A complete high-level actuation control logic of
the robotic system currently available in the
laboratory (Figure 1) was designed and imple-
mented in Unity. The available catheterization
system controls three endovascular instruments:
the guidewire, the catheter, and the introducer
sheath. Each instrument is actuated by a pair
of units (guidewire by Active Unit C and D,
catheter by Active Unit Y and Passive Unit
B, introducer sheat by Active unit A and Pas-
sive Unit X). The active units can selectively
grip or release the instrument and enable both
translational and rotational motion (2 Degree Of
Freedom (DOF)), whereas the passive units re-
main permanently gripped and allow only trans-
lational movement (1 DOF). The implemented
system operational phases are:

e (Calibration Mode: initialization of the pa-
rameters’ value (desired displacement, de-
sired rotation, anti-kinking distance) and of
the units’ state within predefined mechani-
cal constraints.

e Surgery Mode: push/pull and rotation of
each of the instruments loaded.

[ Introducer Sheat [ Catheter [0 Guidewire
Passive Passive End of
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Vessel Active Active Active Active
Entrance UnitA Unit B UnitC UnitD

Figure 1: Illustration of the actuation modules
of the laboratory robotic catheterization system.

3.2. Guidewire Modeling

Since the proposed framework focuses on the
autonomous navigation of a guidewire within a
vascular network, only the guidewire was mod-
eled through a deformable representation, while
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Figure 2: Graphical user interface of the proposed framework. Left: Main Menu; right: Simulation
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the catheter and introducer sheath were ap-
proximated as rigid tubular structures. The
guidewire was modeled as a chain of intercon-
nected sphere GameObjects (Figure 3) embed-
ded within four sections: embedded within four
sections:

1. Guidewire Core Sphere, a high-mass
sphere that receives translational and rota-
tional commands and drives the motion of
the entire system.

2. Guidewire Tip, modeled using the Piece-
wise Constant Curvature (PCC) approach.

3. Guidewire Support Spheres, placed be-
fore the tip to preserve realistic forward mo-
tion and prevent undesired bending toward
the tip direction during advancement.

4. Guidewire Length Visualization
Spheres, used exclusively for visualization
purposes.

To enable realistic navigation and Al-model
training, collisions between the vascular phan-
toms and the guidewire were enabled in simula-
tion.
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Figure 3: Guidewire design scheme.

3.3. Graphic User Interface (GUI)

The graphical user interface (Figure 2) provides
an intuitive workflow for configuring and ex-
ecuting endovascular navigation tasks, includ-
ing Aortic Arch Configuration selection (Fig-
ure 2, left), control mode choice (manual or au-

tonomous), and Simulation Settings (Figure 2,
right), enabling the selection of the navigation
model, the target anatomy, and the guidewire
geometry. An additional mode enables the Ac-
tuator Simulation (Figure 2, left), in which it is
possible to test the implemented actuator con-
trol logic.

3.4. Anatomical Dataset

In total, four different anatomical models ac-
quired from CT scans (three models were ex-
tracted from open-source datasets, while one
model was provided by the laboratory) and im-
ported into the Unity environment were used
for training and validation. According to the
Madhwal classification, the dataset included one
type-1, one type-2, and two type-3 aortic arch
models. Type-1, type-2, and type-3 arches cor-
respond to increasing distances between the bra-
chiocephalic artery origins and the top of the
aortic arch.

3.5. Graph-Based Path Planning

On every anatomical model, graph-based path
planning has been performed. The proposed
path planning pipeline consists of three main
stages: (i) centerline extraction and post-
processing, (ii) graph generation from the ex-
tracted centerline network, and (iii) graph-based
path generation between the selected start and
target locations. Firstly, centerline extraction
has been conducted through the "Extract Cen-
terline" module available in 3D Slicer. The ex-
tracted centerlines were further processed (Fig-
ure 4) in Python to reduce high-frequency ge-
ometric artifacts. Each branch was resampled
with a uniform spacing of 0.5 mm and smoothed
using a cubic parametric spline interpolation.
Subsequently, a moving average filter with a
window size of 9 points was applied to further
reduce local fluctuations while preserving the



branch endpoints and the connectivity at vessel
bifurcations.

(b) Post-processed center-
lines with Python library.

(a) Pre-processed center-
lines with 3D Slicer only.

Figure 4: Center-lines post-processing effect.

Based on the centerlines of the vascular model,
a graph was generated to explicitly represent
the connectivity between different branches and
to enable the application of graph-based path
planning algorithms. By converting the center-
line network into a graph, the navigation prob-
lem was reformulated as a path planning task
on a discrete topological structure (the graph it-
self). This representation allows the use of the
Dijkstra algorithm, which computes the path of
minimum total length between two given nodes
P and Q within a weighted graph. The gen-
erated path provide continuous geometric guid-
ance during the navigation of the agent. The
overall workflow of the proposed framework is
illustrated in Figure 5.

3.6. Al model

Proximal Policy Optimization (PPO) and Soft
Actor-Critic (SAC) have been employed to learn
navigation policies through interaction with the
simulated environment. PPO is an on-policy
reinforcement learning algorithm that improves
policy stability by constraining updates through
a clipped surrogate objective:

LY (9) = E {min (rt(ﬁ)flt, clip(re(6),1 — e,1+ 6)14,5)}

(1)

where () is the ratio between the probability
of selecting action a; under the updated policy
and the probability of selecting the same action
under the previous policy, 6 represents the set
of neural network weights that define the agent’s

policy, A; is the advantage estimate, measuring
how much better or worse the selected action a;
is compared to the expected value of the current
state s¢, clip(+) is the clipping operator and € is
the clipping parameter controlling the maximum
allowed deviation between the old and the up-
dated policy. In contrast, SAC is an off-policy
reinforcement learning algorithm based on the
maximum entropy framework, which promotes
exploration by maximizing both the expected

’

cumulative reward and the entropy of the policy:

J(0) = Erpyr) Zr(st,at) +aH(me(- | se))|, (2)

t

where « controls the trade-off between reward
maximization and policy stochasticity, r (s, at)
represents the reward received by the agent af-
ter taking action a; in state s; and H(w(- | s¢))
denotes the entropy of the policy 7w at state
$¢, which measures the randomness of the ac-
tion distribution. BC and GAIL were intro-
duced to accelerate the learning process and im-
prove initial policy performance by leveraging
demonstration data. In particular, these LfD
techniques allow the agent to benefit from prior
knowledge, reducing the exploration burden typ-
ically required by reinforcement learning alone.
BC formulates the problem as supervised learn-
ing, directly mapping states to expert actions,
whereas GAIL adopts an adversarial framework
to learn a policy that reproduces the expert be-
havior distribution through an implicit reward
signal.

3.6.1 Observations

The observation space (Figure 6) consists of 34
features describing the state of the guidewire
and its relation to the planned trajectory. All
quantities are expressed in the local reference
frame of the agent through the inverse rota-
tion matrix R™! € R3*3. The local position
of the guidewire tip (3 observations) is com-
puted aS Otip,pos — R_l(ptip - pagent)- The
local orientation of the guidewire tip (3 obser-
vations) is represented as Ocypve = R 'deurve,
where degrve € R3*! denotes the local axis of
the guidewire tip used to represent its bending
direction. The observation associated with the
local target point (3 observations) is computed
a8 Otarget — R_l(ptarget — Pelosest ), Where Pelosest
denotes the closest point along the reference tra-
jectory to the guidewire tip, and piarget denotes
a target point sampled 4 mm ahead along the
path and used to guide local navigation. The fu-
ture sampled points along the trajectory (15 ob-
servations) are defined as Ofyture s = R_l(pk —
Pelosest ), Where py denotes the k-th future point
sampled at increasing arc-length distances after
the local target point, with k& € {1,...,5}. The
local tangent direction of the trajectory (3 ob-
servations) is represented as:
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Figure 5: Block diagram of the proposed navigation pipeline.

Otangent — R71 (—ptarget — Pelosest ) (3)
Hptarget - pcloscst”

The final navigation goal (3 observations) is rep-
resented as Ogoal = R_l(pgoal - pclosest)'
Finally, the normalized direction vector from the
guidewire tip to the local target point (3 ob-
servations) and the Euclidean distance between
them (1 observation) are computed as:

Odir = R71 m > Odist = Hptargct - ptip”
Hptarget - ptip”

4)
3.6.2 Reward Function

The reward function is designed to promote
progress along the path, alignment with the cen-
terline, and efficient task completion. The val-
ues reported below are based on a trial and error
approach. At each time step:

e A reward of +0.0007 is assigned if the agent
makes forward progress along the path, oth-
erwise a penalty of —0.0002 is applied.

e Milestone rewards are introduced to guide
learning: +0.2, +0.5, +1, and +3 are as-
signed when reaching %7 %, %, and the final
target, respectively.

e A penalty proportional to the distance
from the path is applied as —0.0001 -
DistanceToPath to enforce alignment with
the centerline.

e A constant time penalty of —0.0003 per step
is added to encourage shorter trajectories.

e Unsuccessful episodes are terminated with
a reward of —5 if no progress is observed for
more than 5000 steps.

Figure 6: Graphical repre-
sentation of the observation
space.

e A penalty in the range [—5, —2] is assigned,
and the episode is terminated, according to:

Ltot

Sti .

=5+ 3" if ||Ptip — Pelosest|| > 0.015 m

Rpath =
0, otherwise

(5)

where Rp,tn denotes the penalty associated
with excessive deviation from the planned
path, sip denotes the curvilinear abscissa
of the guidewire tip along the path, and
Lot denotes the total length of the planned
path.

4. Experimental Set-up

4.1. Training Phase

The training was performed using the Unity ML-
Agents package. The task of the simulation is to
correctly perform a guidewire autonomous over-
arching of the aortic arch without any need for
external support inside the Unity simulation en-
vironment. During the training phase, the learn-
ing agents were trained exclusively on the type-
3 aortic arch configuration, representing the
most challenging anatomical scenario due to its
increased tortuosity and geometric complexity.
This choice was made to encourage robust pol-
icy learning under demanding navigation condi-
tions. The path of the task is chosen accordingly
to the standard TFCAS procedural workflow,
following the clinical navigation route from the
descending aorta toward the supra-aortic target
vessels (Figure 7). BC and GAIL were employed
both individually and in combination, and in-
tegrated with reinforcement learning algorithms
PPO or SAC to evaluate their contribution to



navigation performance. Both approaches were
trained using a dataset of 25 demonstrations
collected from a non-expert operator within
the simulation environment through the use of
a joystick, providing a baseline behavior that
the agent can imitate and refine during train-
ing. The combination of trained algorithms
were: 1)PPO, 2) PPO+BC, 3) PPO+GAIL, 4)
PPO-+BC+GAIL, 5) SAC+BC, 6) SAC+GAIL,
7) SAC+BC+GAIL.

Figure 7: Ilustration of the navigation task in
the arotic arch anatomy. The blue point repre-
sents the start position located in the discend-
ing aorta, while the red points indicate the tar-
get locations positioned at the outlets of the
left subclavian artery (Target 1), left common
carotid artery (Target 2), and brachiocephalic

artery (Target 3).

4.2. Validation Phase

The validation phase was conducted on type-
1, type-2 and type-3 aortic arch configurations,
which were not encountered during training.
This evaluation aimed to assess the general-
ization capability of the learned policies across
anatomically distinct vascular geometries. For
each aortic arch configuration, 20 evaluation
episodes were performed for each of the three
navigation targets (Figure 7): the left subclavian
artery (LSC), the left common carotid artery
(LCCA), and the brachiocephalic artery (BCA).

4.3. Evaluation Metrics

The performance of the proposed reinforcement
learning agents is evaluated using quantitative
metrics that assess both learning behavior and
task efficiency:
e Average Cumulative Reward: provides
insight into the optimization dynamics of
the learning process:

o | N 0 .
_N; Zrt (6)

t=0

where rt(z) denotes the reward received at
timestep ¢t during episode ¢, T; represents
the duration of episode i, and N is the num-
ber of considered episodes.

e Episode Length: defined as the number
of steps required to complete an episode, is
analyzed as an indicator of navigation effi-
ciency and trajectory optimization.

e Success Rate: the percentage of episodes
in which the agent successfully reaches the
target branch.

e Procedure Time: the total elapsed sim-
ulation time required for the agent to suc-
cessfully reach the desired vascular branch.

Statistical comparisons between models are eval-
uated with respect to the PPO baseline and per-
formed using the Mann—Whitney U-test for
procedure time and Fisher’s exact test for suc-
cess rate, with Holm correction applied to con-
trol for multiple comparisons.

5. Results and Discussion

The performance metrics of the trained algo-
rithms are summarized in Table 1. SAC-based
models are not included in the quantitative eval-
uation, as they did not converge during training
and therefore did not produce reliable perfor-
mance metrics, as shown in Figure ??. The fail-
ure of SAC to converge is likely due to its sen-
sitivity to hyperparameter tuning and the dif-
ficulty of learning stable value estimates in a
structured and constrained navigation task with
complex reward shaping. As it regards PPO-
based models, the inclusion of BC leads to a
clear improvement in simpler anatomies (Type
1), where PPO+BC achieves 100% success with
statistical significance (p = 0.018) compared
to the PPO baseline. For more complex con-
figurations (Type 2 and Type 3), the success
rate remains comparable across methods (ex-
cept for PPO+GAIL), indicating that BC does
not degrade performance but does not consis-
tently provide further gains. Regarding proce-
dure time, the results are more heterogeneous.
In multiple cases (5/9 targets), the PPO base-
line achieves lower completion times and shows
statistically significant differences (p < 0.001)
respect to PPO-+BC, indicating that the intro-
duction of BC may lead to slower trajectories
despite maintaining high success rates. On the
other hand, PPO+BC-+GAIL often provides a



Aortic Arch | Model Success Rate (SR) (%) | SR p-value (Fisher) Target 1 Target 2 Torget 3
Time(s) (Mean=Std) | p-value (MWU) | Time(s) (Mean+Std) | p-value (MWU) | Time(s) (Mean+Std) | p-value (MWU)

PPO 86,66 5.47+1.47 9.36 +0.89 1118+ 1.37

Tope 1 PPO+BC 100 0.018* 6.23+0.72 <0.001%* 1088+ 1.21 0.001%** 10.36 + 0.30 0.551
PPO+GAIL 60 0,006 9.28 + 1.67 0.001+ 20.39 + 5.62 <0.001% 43.57+0.66 0.065
PPO+BC+ GAIL 88,33 1 5.44 4+ 0.89 0.320 1036 +0.84 <0.001* 11.28+1.23 0.826
PPO 95 10.60 + 3.19 1279+ 3.03 13.89+0.79

Tope PPO+BC 93,33 1 9.3340.57 0.020* 1293 +0.94 0.095 13.65,%0.94 0.546
PPO+ GAIL 70 0,003 33.17 £ 10.90 <0.001% 20.01 £ 5.49 <0.001% 21.85 + 1.99 <0.0017
PPO+BC+GAIL 93,33 1 9.66 +0.99 0.093 13.61 +2.49 0.095 13.91+0.77 0.903
PPO 98,33 7.20£0.13 10.46 = 1.41 1461+ 1.65

Topes PPO+BC 98,33 1 8.93 +0.59 <0.001" 12,36 +0.62 <0.001" 19.95 + 0.60 <0.0017
PPO+CGAIL 88,33 0,367 20.94 +2.80 <0.001%* 42.85 + 8.02 <0.001% 57.81 + 23.03 0.001°**
PPO+BC+GAIL 98,33 1 757 +0.19 0.001** 11134 0.37 <0.001" 15.52 4 0.93 0.152

Table 1: Summary of model performance across different aortic arch configurations. Significance levels
are indicated as follows: * p < 0.05, ** p < 0.01, *** p < 0.001, while "/" denotes the baseline
reference PPO. Target 1: cannulation in the left subclavian artery; Target 2: cannulation in the left
common carotid artery; Target 3: cannulation in the brachiocephalic artery.

more balanced behavior, with execution times
closer to or slightly higher than PPO (only 3/9
targets show significant differences p < 0.001),
suggesting a trade-off between stability and ef-
ficiency. In contrast, PPO+GAIL consistently
exhibits inferior performance, with significantly
higher procedure times and statistically signifi-
cant differences (9/9 targets p < 0.001) across
all anatomical types and targets, as well as re-
duced success rates in simpler scenarios. This in-
dicates that GAIL alone does not provide a reli-
able learning signal in this setting and may nega-
tively affect both efficiency and robustness. This
behavior is consistent with the characteristics
of the considered methods. While BC can pro-
vide stable improvements even with limited and
suboptimal demonstrations, GAIL is more sen-
sitive to the quality and diversity of the dataset,
and may lead to degraded performance when the
demonstrations do not accurately represent the
desired behavior (non-expert demonstrations).
Overall, despite these differences, all PPO-based
models demonstrate strong performance in com-
pleting the navigation tasks, and consistent re-
sults across different anatomical configurations
suggest a good level of generalization of the
learned policies.

6. Conclusion and future work

This work demonstrates the feasibility of com-
bining reinforcement learning with a physics-
based simulation framework for autonomous en-
dovascular navigation. The proposed frame-
work establishes a flexible and scalable founda-
tion that can be further extended and integrated
with more complex models and real-world ap-

plications. In this context, future developments
would move in two directions:

e Improving the physical and procedural re-
alism of the simulation environment by in-
cluding hemodynamic effects, incorporating
deformable vessel walls and improving the
mechanical properties of the guidewire;

e Transition from simulation to real-world ap-
plications by transferring the learned poli-
cies to physical setups, evaluating their per-
formance in controlled laboratory condi-
tions, and addressing the discrepancies be-
tween simulation and real-world behavior.
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