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1. Introduction

Endovascular procedures increasingly rely on
patient-specific anatomical models derived from
preoperative CT imaging to support planning
and simulation. However, during the interven-
tion, vascular geometry may differ from the pre-
operative configuration due to patient position-
ing, limb manipulation or soft tissue deforma-
tion. As a result, a direct use of the preoper-
ative model without intraoperative update may
introduce spatial inaccuracies.

Ultrasound (US) represents a non-invasive and
widely available intraoperative imaging modal-
ity, but it provides partial and modality-specific
representations of the anatomy. Establishing a
reliable spatial correspondence between preoper-
ative CT models and intraoperative US data is
therefore essential to enable accurate navigation
and model updating within clinically acceptable
time constraints. The intrinsic differences be-
tween CT and US imaging physics make this
task particularly challenging, and recent works
have highlighted the need for dedicated strate-
gies to bridge the multimodal gap between the
two domains [1].

1.1. Limitations of Current CT-US
Registration Strategies

CT-US registration remains challenging due to
the intrinsic multimodal nature of the prob-
lem. Intensity-based approaches often strug-
gle with appearance differences between modal-
ities, while feature-based geometric methods
such as Iterative Closest Point (ICP) are sen-
sitive to initialization and may converge to in-
correct local minima in the presence of partial
overlap or rotational ambiguities. Hybrid and
learning-based frameworks have attempted to
address these limitations by integrating segmen-
tation and data-driven matching within unified
pipelines [2]. Although such approaches improve
automation and anatomical awareness, they of-
ten require large annotated datasets and remain
sensitive to acquisition variability. In intra-
operative contexts, registration strategies must
therefore be automatic, initialization-robust and
computationally efficient, without relying on
manually selected anatomical landmarks.

1.2. Aim of the Thesis

The aim of this thesis is to develop an auto-
matic CT-US registration pipeline capable of es-
tablishing a reliable spatial correspondence be-
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Figure 1: Overall CT-US registration pipeline.

tween a preoperative patient-specific vascular
model and intraoperative US data. The pro-
posed framework integrates a robust multi-start
rigid registration strategy with a subsequent de-
formable refinement step applied to the recon-
structed vascular geometry, based on a fast deep
learning-based US segmentation method for au-
tomatic extraction of vascular structures (Fig-
ure 1).

Beyond the integration of these components, the
main contributions of this work are:

e the design of a symmetry-aware multi-start
rigid registration strategy to improve ro-
bustness under rotational ambiguities and
partial overlap;

e the structured integration of segmentation,
3D reconstruction and deformable registra-
tion into a fully automated intraoperative-
oriented pipeline;

e an experimental analysis of the impact of
acquisition heterogeneity on segmentation
accuracy and its implications for geometric
alignment.

The overall objective is to achieve a geometri-
cally consistent, robust and computationally ef-
ficient solution compatible with intraoperative
constraints.

2. Materials and Methods

The proposed framework is designed to estab-
lish geometric alignment between a preoperative
CT-derived vascular model and intraoperative
ultrasound (US) data. The workflow is struc-
tured into two distinct phases:
1. Preoperative phase: a patient-specific
vascular surface model is generated from
CT imaging. This step is performed offline
and does not affect intraoperative timing.
2. Intraoperative phase: a short robot-
tracked US sweep is acquired prior to the
intervention. US images and correspond-
ing probe poses are processed to obtain a
3D vascular reconstruction, which is subse-
quently aligned to the preoperative model
through rigid and deformable registration.
This structure ensures minimal operator interac-
tion and concentrates the computational effort
in a preparatory step compatible with clinical
workflow constraints.

2.1. System Architecture and Refer-

ence Frames

All spatial entities are expressed within a consis-
tent chain of reference frames. The world frame
W is attached to the robotic base, while addi-
tional frames describe the end effector E, the
probe P, and the image frame I. Rigid trans-
formations are represented in homogeneous form



as 4T, mapping coordinates from frame B to
frame A. The overall transformation chain link-
ing image and world coordinates is defined as

WTI :WTE‘OETPOPT[

This formulation, together with image spacing,
enables consistent mapping of segmented image
contours into the global coordinate system for
geometric reconstruction and registration.

2.2. Data Acquisition and Synchro-
nization

During the intraoperative phase, US images and
probe poses are acquired through a ROS2-based
communication framework and synchronized to
ensure spatial consistency between each frame
and its associated probe configuration. A cali-
bration procedure estimates the fixed transfor-
mation between probe and image frames.

2.3. Ultrasound Segmentation

Automatic vessel segmentation is performed us-
ing convolutional neural networks of the U-
Net [3| family, selected for their robustness in
biomedical image segmentation under limited
data conditions.

Model training. Training is conducted of-
fline using k-fold cross-validation to obtain sta-
ble performance estimates. Data augmentation
and dropout are adopted to mitigate overfit-
ting. Independently trained models are com-
bined through parameter averaging into a single
consolidated network. Probability calibration is
applied to improve reliability of confidence es-
timates, followed by hysteresis thresholding to
improve spatial coherence.

Inference within the pipeline. During the
intraoperative procedure, US frames undergo
pre-processing before being fed to the network.
The resulting probability maps are converted
into binary masks through hysteresis threshold-
ing. Morphological post-processing is applied to
obtain geometrically consistent vessel contours
suitable for reconstruction.

2.4. 3D Reconstruction

From each binary mask, vessel contours are ex-
tracted in image coordinates (r,c) and mapped
into the world frame through the calibrated
transformation chain, producing spatially lo-
cated 3D samples. Aggregating successive

frames yields an intraoperative surface point
cloud. Point cloud downsampling and filtering
are applied to homogenize density and suppress
outliers. A surface mesh is reconstructed us-
ing Poisson surface reconstruction, followed by
smoothing to improve regularity. An intraoper-
ative centerline is then extracted from the mesh
and used to initialize rigid alignment.

2.5. Point Cloud Registration

Geometric alignment between the reconstructed
ultrasound geometry and the preoperative
model is performed in two stages:

Rigid registration. A symmetry-aware rigid
alignment strategy is adopted. Given a set
of input points, Principal Component Analy-
sis (PCA) is used to estimate the main axis
of the geometry. Candidate orientations are
generated by rotating around the principal axis
and by testing possible axis inversions to ad-
dress axial symmetries typical of tubular vas-
cular structures. For each candidate initializa-
tion, ICP [4] is applied to minimize the root
mean square error (RMSE) between correspond-
ing points. The solution giving the lowest RMSE
is selected. This rigid registration block is ap-
plied first to the extracted centerline to obtain a
robust coarse alignment and subsequently to the
full surface geometry, initialized with the trans-
formation estimated from the centerline.
Deformable registration. After rigid align-
ment, a non-rigid refinement step is applied to
account for local geometric discrepancies be-
tween intraoperative and preoperative surfaces.
Deformable registration is performed using Co-
herent Point Drift (CPD) [5], a probabilis-
tic framework that estimates a continuous and
smooth displacement field. The deformable step
improves local correspondence while preserving
geometric plausibility and avoiding overfitting to
local noise.

The sequential application of multi-start ICP
rigid alignment and CPD deformable refinement
provides a robust balance between global consis-
tency and local accuracy.

3. Experimental part

All experiments were conducted on a laptop
workstation equipped with an Intel Core i7-
13620H CPU, 16GB RAM and an NVIDIA
GeForce RTX 4060 Laptop GPU (8 GB). The



same hardware configuration was used for recon-
struction, registration and segmentation experi-
ments.

3.1. In-vitro Phantom Experiments

Experimental evaluation of the registration
pipeline was conducted on three vascular phan-
toms named Artificial, Vein and Artery. The
phantoms were fabricated using gel-wax with ad-
ditives (paraffin wax 7% w/w and talcum pow-
der 1% w/w) to obtain suitable mechanical sta-
bility and ultrasound visibility. The Vein and
Artery geometries were derived from the same
preoperative CT model used as fixed point cloud
in the pipeline, ensuring consistency between
digital and physical representations. For each
phantom, 8 tracked US sweeps were acquired us-
ing the robotic setup.

Reconstruction consistency was evaluated
by comparing repeated reconstructions of the
same phantom geometry. Surface discrepancies
were quantified using mean surface distance and
95th percentile Hausdorff Distance (HD95) com-
puted pairwise across acquisitions.

Rigid registration robustness was assessed
by comparing the proposed symmetry-aware
multi-start strategy with a conventional single-
start ICP baseline under controlled perturba-
tions of the initial alignment. Convergence be-
havior and alignment quality were quantified us-
ing RMSE and success rate.

Registration accuracy was evaluated by com-
paring alignment results after rigid registra-
tion and after deformable refinement. Distance-
based metrics (RMSE and HD95) were com-
puted between the intraoperative reconstruction
and the corresponding reference model.
Computational performance was assessed
by measuring the execution time of the main
processing stages, from ultrasound acquisition
to final registration, in order to estimate over-
all workflow duration.

3.2. Segmentation Experiments on
Phantom and In-vivo Data

As segmentation constitutes the first intraopera-
tive processing step and directly determines the
geometric reliability of the reconstructed sur-
face, a dedicated experimental analysis was con-
ducted to assess its robustness across both con-
trolled phantom data and heterogeneous in-vivo

acquisitions. The segmentation component was
evaluated on four datasets defined in the thesis:

e Phantom: ultrasound acquisitions of the
Artificial, Vein and Artery phantoms;

e Carotid: publicly available in-vivo carotid
ultrasound dataset;

e San Raffaele: in-house in-vivo femoral
vein ultrasound dataset;

e Mus-V: heterogeneous in-vivo vascular ul-
trasound dataset, reformulated into binary
tasks (Mus-V Artery and Mus-V Vein).

Performance was quantified using Dice Similar-
ity Coefficient (DSC) and HD95.

Model comparison was performed across
three encoder—decoder architectures within the
U-Net family (U-Net, Attention U-Net and U-
Net3-+) on all datasets, in order to assess how ar-
chitectural complexity influences segmentation
performance under different levels of variability.
Dataset variability analysis was conducted
on the San Raffaele dataset by comparing
Single-session, Full and Pruned configurations.
This experiment was designed to investigate the
impact of intra-dataset variability and dataset
size on segmentation performance.

Vessel type and domain aggregation anal-
ysis was carried out on the Mus-V dataset to
evaluate segmentation performance with respect
to artery versus vein discrimination and to ana-
lyze the effect of aggregating data from different
anatomical districts.

4. Results and Discussion

4.1. In-vitro Registration Results

Reconstruction consistency. Repeated ac-
quisitions of the same phantom geometry pro-
duced comparable reconstructed surfaces, with
median HD95 values below 0.8 mm across ge-
ometries. Slightly higher variability was ob-
served for the Artery phantom, consistent with
its smaller diameter and increased curvature.
Overall, reconstruction stability was sufficient to
support subsequent registration.

Rigid registration robustness. The pro-
posed strategy showed improved robustness
compared to a conventional single-start ICP
approach. While the baseline method exhib-
ited convergence failures under unfavorable rota-
tional initialization, the proposed strategy main-
tained high success rates across perturbations.



In particular, the multi-start approach preserved
stable RMSE values below 1 mm in configura-
tions where the baseline frequently diverged,
confirming the effectiveness of PCA-based axis
estimation and symmetry handling.
Registration accuracy. Figure 2 compares
registration accuracy after rigid alignment and
deformable refinement. For all phantom ge-
ometries, deformable registration reduced both
RMSE and HD95. For the Artery phantom,
RMSE decreased from approximately 1.4 mm af-
ter rigid alignment to below 0.6 mm after refine-
ment, with similar relative reductions (40-60%)
observed for the Artificial and Vein geometries.
Final residual errors remained within the milli-
metric range, indicating effective compensation
of geometric discrepancies not resolved by rigid
alignment alone.
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Figure 2: Registration accuracy comparison be-
tween rigid and deformable alignment across
phantom geometries.

Computational performance. Figure 3 re-
ports the runtime breakdown of the pipeline.
The overall acquisition-to-registration workflow
required approximately 40-70s depending on
phantom size. US acquisition and pre-processing
represent the dominant contributions, while
rigid and deformable registration accounted for
a limited portion of the total runtime. These re-
sults confirm compatibility of the pipeline with
intraoperative preparatory phases.
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Figure 3: Runtime breakdown of the registration
pipeline across phantom geometries.

4.2. In-vivo Segmentation Results

Model comparison. Across datasets, U-Net-
based architectures achieved comparable perfor-
mance. On the Phantom and Carotid datasets,
Dice scores ranged between 89% and 93%, re-
flecting controlled acquisition conditions and ho-
mogeneous appearance. Increased architectural
complexity did not consistently improve gener-
alization.

Dataset variability. Figure 4 shows the im-
pact of dataset heterogeneity in the San Raf-
faele dataset. Dice scores remained above 82% in
the homogeneous Single-session configuration,
while performance decreased markedly in the
more heterogeneous Full setting, reaching values
as low as 61.4% for U-Net3+. The Pruned con-
figuration partially recovered performance, in-
dicating that variability has a stronger impact
than moderate dataset size reduction. Similar
trends, but more pronounced, were observed in
HD95, highlighting the relevance of boundary
accuracy for downstream geometric reconstruc-
tion.

Vessel type and domain variability. On
the Mus-V dataset, arterial segmentation consis-
tently outperformed venous segmentation. Ag-
gregated arterial training reached 89.8-91.2%
Dice, whereas venous aggregation ranged be-
tween 58.4-72.1%. Domain aggregation im-
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Figure 4: DSC comparison across dataset configurations (Single-session, Full, Pruned) and architec-

tures, showing the effect of acquisition heterogeneity.

proved performance for arteries but degraded it
for veins, indicating higher sensitivity of venous
segmentation to cross-domain heterogeneity.

5. Conclusions

This work presented an automated CT-US
registration framework integrating US seg-
mentation, 3D reconstruction and geometric
alignment in a unified pipeline.  The pro-
posed strategy achieved millimetric-level reg-
istration accuracy in controlled phantom ex-
periments, with deformable refinement consis-
tently improving rigid alignment while main-
taining computational times compatible with a
pre-interventional setup phase (40-70s overall
workflow duration). Segmentation experiments
demonstrated robust performance under coher-
ent training conditions, while acquisition het-
erogeneity emerged as the main factor limit-
ing generalization, particularly at the bound-
ary level relevant for geometric reconstruction.
Since surface alignment accuracy directly de-
pends on contour precision, these findings high-
light the importance of managing dataset vari-
ability in clinically oriented pipelines. Overall,
the proposed framework supports the feasibility
of automated CT-US alignment with millimet-
ric accuracy and clinically compatible runtime
within a controlled setting. Further validation
on in-vivo data remains necessary.
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