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Abstract

Training surgeons to navigate catheters and guidewires through blood vessels is
challenging, and simulators are increasingly used to practice these procedures safely.
However, no standard method currently exists to objectively measure how realisti-
cally a simulator reproduces the behavior of real surgical instruments. This thesis
presents an image-based framework for the quantitative comparison of physical and
simulated catheter configurations, combining camera-based image acquisition, cen-
terline extraction, geometric alignment, and shape comparison metrics.

Physical experiments were performed by imaging catheters and guidewires both on
flat surfaces and inside a vascular phantom (Physical SIM). The same instrument
configurations were then reproduced in the Mentice simulator (VIST), allowing a
direct comparison between the physical and virtual setups. The framework was fur-
ther extended with an automated optimization module that searches for simulator
stiffness parameters that best reproduce the observed physical catheter behavior
using Bayesian optimization.

Validation experiments demonstrated high accuracy in catheter length estimation,
achieving a mean absolute error of 0.117 cm and a coefficient of determination ex-
ceeding R? > 0.99. It also remained consistent regardless of the catheter shape. The
alignment procedure showed that the extracted centerlines converge to a close geo-
metric correspondence after registration. Optimization experiments further showed
that simulator stiffness parameters could be tuned to reproduce physical catheter
configurations with high geometric similarity, although discrepancies remained for
certain catheter-guidewire combinations. A direct comparison between the physi-
cal and virtual environments was additionally limited by fundamental differences in
anatomy representation.

The results demonstrate that the proposed framework enables quantitative and re-
peatable evaluation of endovascular simulator realism. Among the evaluated metrics,
RMS error and curvature analysis were found to be the most informative: RMS error
for localizing spatial deviations along the catheter shaft, and curvature analysis for
capturing mechanical differences in instrument bending behavior. The framework
provides a foundation for future validation and calibration of catheter mechanics in
anatomically realistic simulation environments.

Keywords: endovascular, simulation, catheter, guidewire, validation, centerline,
alignment, optimization, curvature, phantom.
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AD Average distance

CDF Cumulative distribution function
DSC Dice similarity coefficient
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HFV Hessian-based Frangi vesselness
MAE Mean Absolute Error

MHD Modified Hausdorff distance

RMS Root Mean Square

SIFT Scale-Invariant Feature Transform
SVD Singular Value Decomposition
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Nomenclature

Below is the nomenclature of symbols and variables used throughout this thesis.

Points and Coordinates

Puw 3D point in the world coordinate frame, (2, Y, 2w) "

Pe 3D point in the camera coordinate frame, (z., ye, z.) "

Puw Homogeneous world point, (Zu, Yuw, Zw, 1)

Pe Homogeneous camera point, (2, Ye, Ze, 1)

Pi Homogeneous in-plane calibration target point, (i, Yuwi, 1)
X, 2D pixel coordinate, (z,ys) "

X Homogeneous pixel coordinate, (x,ys, 1)

(Zey Ye) Normalized camera coordinates (pre-distortion)

(Zey Ue) Radially corrected normalized camera coordinates

r? Squared radial distance from the principal point, 2 + y?

(Azx., Ay,) Tangential distortion displacement

Camera Parameters

K 3 x 3 intrinsic (calibration) matrix

f Focal length (isotropic case)

fzr fy Focal lengths in horizontal and vertical pixel units
(CayCy) Principal point

5 Skew coefficient

R 3 x 3 rotation matrix, R € SO(3)

t Translation vector, t € R3

P 3 x 4 camera matrix, K[R | t]

X1



Distortion Parameters

K1, Ko Radial distortion coeflicients
D1, Po Tangential distortion coefficients
d Distortion parameter vector, (k1, ko, p1, p2)

Calibration and Error Metrics

H; 3 x 3 homography matrix for image j

ry, o First and second columns of rotation matrix R

Xs.ij Detected pixel coordinate of corner ¢ in image j

Xs.ij Projected (predicted) pixel coordinate of corner i in image j
ERMS RMS reprojection error

M Number of calibration images

N; Number of detected corners in image j

N Total number of corner observations, Zj]\il N;

Catheter Kinematics

r(s,t) Catheter centerline space curve, parameterized by arc length and
time

s Arc length parameter

R(s,t) Orthonormal frame defining cross-section orientation, R € SO(3)

d; Local tangent direction, [0,0,1]"

Curvature-torsion vector

>

—~
~—

Skew-symmetric matrix operator
Internal force vector
Internal moment vector

External force density

External moment density
Material density
Cross-sectional area

Second moment of area

o~ D

Stifflness matrix
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Ko
FE

Intrinsic (rest) curvature

Young’s modulus

Geometric Analysis

B-spline centerline curve

Normalized arc-length parameter, u € [0, 1]
B-spline degree

B-spline control points

B-spline basis functions

Knot vector, {ug, w1, ..., Un}

Procrustes Alignment

Xiy Yi

Procrustes scaling factor
Corresponding source and target point sets

Mean squared alignment error

Accuracy Metrics

i-th centerline point of the simulated instrument

i-th centerline point of the physical reference instrument
Number of centerline points

Minimum Euclidean distance from point p to point set G
Simulated instrument centerline or segmentation

Physical reference instrument centerline or segmentation
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Introduction

This chapter introduces the clinical and technical background of endovascular sim-
ulation, establishes the need for objective accuracy evaluation, and defines the re-
search problem, aim, research questions, and scope of the thesis.

1.1 Introduction to endovascular interventions

Image-guided endovascular interventions are a form of minimally invasive surgery in
which medical instruments, such as catheters and guidewires, are navigated through
the vascular system using real-time imaging, most often fluoroscopy or ultrasound
[1]. Compared to open surgery, these procedures generally result in reduced pa-
tient trauma, shorter recovery times, and improved clinical outcomes, which has
contributed to their increased use in modern healthcare [2].

Despite these advantages, endovascular procedures are technically demanding. Physi-
cians must accurately control long and flexible instruments within complex vascular
geometries while interpreting two-dimensional images of three-dimensional anatomy
[1, 3]. Small errors in instrument positioning or timing can lead to complications,
putting high demands on technical skill and experience [1].

1.2 Endovascular simulation

Due to the complexity of endovascular procedures, simulation-based training has
become an important element of medical training [4, 5]. High-fidelity endovascular
simulators provide a safe environment for physicians and students to practice pro-
cedures and explore complex scenarios without risk to patients.

Compared to traditional training methods, simulation enables standardized eval-
uation and objective performance assessment. Previous studies have shown that
simulator-based training can improve technical performance and clinician confidence,
contributing to improved patient safety [5, 6, 7].

A key concept in medical simulation is fidelity, which describes how closely a sim-
ulator represents real clinical conditions and how well skills learned in simulation
transfer to real procedures [8]. In endovascular simulation, achieving high fidelity
is challenging, as small inaccuracies in geometry, or instrument behavior can affect
perceived realism and training effectiveness [9].
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1.3 Motivation and Problem Statement

There is currently no standardized methodology for objectively measuring the accu-
racy and realism of endovascular simulators [10]. Assessment is often predominantly
based on subjective expert feedback [9], in which clinicians judge whether the simu-
lation appears realistic based on their experience. Such assessments are difficult to
standardize and reproduce, and may vary between observers.

Objective accuracy measures, such as spatial deviation, temporal delay, and geomet-
ric similarity, are well established in other technical fields, particularly in computer
vision and robotics [11], but are not widely applied in endovascular simulation. The
absence of standardized accuracy metrics makes it difficult to compare simulation
systems and highlights the need for objective, quantitative evaluation criteria.

1.4 Industrial context

This thesis is conducted in collaboration with Mentice AB, a Gothenburg-based
company developing high-fidelity endovascular simulators. As simulation systems
become increasingly advanced, there is a growing need for objective and data-driven
validation methods. Although expert evaluations remain important, they are often
time-consuming and difficult to integrate.

From an industrial perspective, an image-based accuracy measurement framework
would enable repeatable comparison between virtual simulation environments and
physical reference systems. Such a framework could support continuous validation
and assist Mentice in fine-tuning their simulation models.

1.5 Aim and Research Questions

The aim of this thesis is to develop an image-based framework for measuring the tech-
nical accuracy of endovascular simulation systems. The framework enables quanti-
tative comparison between Mentice simulation and physical reference data.

A central aim of the project is to propose and evaluate specific accuracy metrics
to determine their suitability for this domain. The project aims to move beyond
subjective evaluation by validating data-driven metrics that are interpretable and
suitable for integration into simulator development workflows.

The long-term vision of this work is to contribute to the development of standard-
ized and objective accuracy evaluation methods for endovascular simulators. In an
industrial context, the proposed framework may also serve as a foundation for con-
tinuous validation and testing as simulation systems evolve over time.

To achieve this, the thesis seeks to answer the following research questions:
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RQ1 How accurately do virtual endovascular simulations reproduce the spatial be-
havior of instruments compared to physical reference systems in two-dimensional
image space?

RQ2 Which image-based accuracy metrics are most suitable for capturing relevant
deviations in catheter or guidewire navigation?

RQ3 How consistent are the proposed accuracy measurements across multiple ex-
periments?

RQ4 What practical limitations of uncertainty arise when comparing virtual and
physical endovascular simulations using image-based methods?

1.6 Scope and Limitations

The scope is intentionally limited to ensure feasibility within the time frame of a
master’s thesis and to maintain a clear focus on quantitative accuracy assessment.

A specific part of the scope is the evaluation of the accuracy metrics themselves.
The thesis does not assume a single standard of truth, but rather investigates the
suitability of different mathematical definitions for endovascular validation.

The framework is evaluated through offline analysis of images from virtual sim-
ulation environments and controlled physical experiments using phantom models.
Real-time implementation in live clinical imaging systems is considered outside the
scope of this work; the framework is intended specifically for post-processing vali-
dation and benchmarking rather than for direct clinical application.

Accuracy analysis is performed in two-dimensional image space, reflecting the projection-
based nature of imaging used in clinical settings. Comprehensive three-dimensional
reconstruction and full 3D validation are not required outcomes of this thesis.

1.7 Contributions

This thesis contributes to the development of a more objective and quantitative
evaluation framework for endovascular simulation systems. By introducing and sys-
tematically applying measurable image-based accuracy metrics, the work reduces
reliance on subjective expert assessment and improves the reproducibility, trans-
parency, and comparability of simulation performance.

In addition, the thesis provides a structured methodology for extracting and param-
eterizing instrument trajectories from both virtual and physical data, and evaluates
the suitability of different metrics for capturing clinically relevant deviations. The
proposed framework is designed to support continuous validation and benchmarking
within an industrial simulation environment.
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Theory

This chapter presents the theoretical background required for the methods devel-
oped in this work. It covers medical imaging principles, catheter kinematics, and
fundamental concepts in computer vision and geometric analysis.

The chapter introduces X-ray fluoroscopy as the primary imaging modality, followed
by models describing catheter behavior. Then it outlines the principles of image for-
mation and camera calibration, as well as techniques for segmentation and centerline
extraction. Finally, methods for geometric representation, alignment, and accuracy
evaluation are presented.

2.1 Medical Imaging and Catheters

Medical imaging and catheter kinematics constitute two fundamental components
of endovascular simulation, as they underpin both the visualization of the anatomy
and the modeling of instrument behavior.

2.1.1 X-ray Fluoroscopy

X-ray fluoroscopy is an imaging modality commonly used during endovascular proce-
dures [1]. Despite concerns regarding both acute and long-term radiation exposure,
it provides real-time imaging that is essential for procedural guidance. The system
consists of an X-ray source and detector that acquire two-dimensional projection
images at high frame rates (typically around 30 Hz).

Although soft tissue contrast is limited, the use of contrast agents and the inher-
ent visibility of surgical instruments allow clinicians to identify relevant structures.
However, since fluoroscopy produces 2D projection images of inherently 3D anatomy,
accurate interpretation of spatial relationships and instrument positions can be chal-
lenging. Additionally, registering these 2D images with pre-acquired 3D datasets is
a complex task.

To address these limitations, some procedures employ biplane fluoroscopy systems,
where two X-ray sources and detectors are used simultaneously to provide improved
spatial understanding of anatomy and instrument positioning.
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2.1.2 Catheter Kinematics

Catheter kinematics can be described in terms of the translation, rotation, and de-
formation of the instrument as it navigates through the vascular system. These
motions are controlled from the proximal end and are influenced by interactions
with the vessel walls, including contact and friction effects [3].

To model these behaviors more accurately, the catheter can be represented as a
continuous, deformable structure. In such approaches, the instrument is treated
as a flexible rod subject to external forces and boundary conditions [12, 13]. The
catheter is often discretized into multiple segments, each describing the local po-
sition and orientation, while the overall deformation is governed by the balance of
internal elastic forces and externally applied loads.

A common and physically grounded approach is to model the catheter using beam
theory or Cosserat rod formulations, where bending, torsion, and stretching are ex-
plicitly considered. These models capture the nonlinear behavior of the catheter as
it interacts with the surrounding anatomy and provide a continuous description of
its shape and motion.

In the Cosserat rod framework, the catheter centerline is described by a space curve
r(s,t), parameterized by arc length s and time ¢, together with an orthonormal
frame R(s,t) € SO(3) that defines the orientation of each cross-section [12, 13].
The kinematics of the rod are given by:
r

gs = Rdjs, %lj = RRg, (2.1)
where d3 = [0, 0, 1]7 represents the local tangent direction and & is the curvature-
torsion vector. The operator (A) denotes the skew-symmetric matrix associated with
a vector.

The dynamics of the catheter are governed by the balance of linear and angular
momentum:

J’r  On
p]%iz%?%—rsxn—irl, (2.3)

where n and m are the internal force and moment vectors, f and 1 are external force
and moment densities, p is the density, A is the cross-sectional area, and I is the
second moment of area.

The material behavior of the catheter is described through constitutive relations:
m =K(k —Kkyg), n=FEA(r;—d;), (2.4)

where K is the stiffness matrix, K¢ is the intrinsic curvature, and E is the Young’s
modulus.



2. Theory

Interactions with vessel walls introduce additional complexity, as contact forces,
friction, and geometric constraints significantly influence catheter motion [12, 13].
These effects can lead to phenomena such as buckling, looping, and sudden changes
in direction, which are important to capture in realistic simulations. Overall, the
Cosserat rod formulation provides a powerful framework for modeling catheter defor-
mation, enabling accurate representation of its mechanical behavior in endovascular
procedures.

2.2 Image Formation

The process in which a three-dimensional scene is mapped onto a two-dimensional
image plane is governed by the geometry of perspective projection. The most widely
used idealization is the pinhole camera model, see Figure 2.1 for an illustration, in
which all rays of light from the scene pass through a single point before being
recorded on the image plane [14]. A 3D scene point p. = (¥, Ye, 2¢) ', expressed in
the camera coordinate frame, is projected onto the sensor plane through the central
projection

TefZe
X =P.(pe) = | ye/2c |, (2.5)
1

which divides the lateral coordinates by the depth z. [14]. For a camera with a
single focal length f and the principal point at the image origin, the corresponding
sensor coordinates (z,ys) are

Te Ve

Ts = fia Ys =
Ze Ze

(2.6)

The nonlinearity introduced by the perspective division is removed by expressing
the 3D point in homogeneous form p. = (¢, Ye, 2, 1) |, making projection a linear
matrix operation [14].

2.3 Camera Calibration

Camera calibration is the process of estimating the parameters that relate 3D world
coordinates to 2D pixel coordinates in the image. These parameters are divided into
intrinsic parameters, which are internal to the camera, and extrinsic parameters,
which describe the pose of the camera relative to a world reference frame [14].
An accurately calibrated camera is a prerequisite for any quantitative image-based
measurement, as it enables metric quantities such as distances and angles to be
inferred from pixel observations.

2.3.1 Camera Model

The projection from a 3D world point p,, to a homogeneous sensor coordinate X, =
(z5,9s,1)" is described by the camera matrix [14]
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Figure 2.1: Geometry of the pinhole camera model. A 3D camera-centered point
P is projected through the optical center onto the image plane located at distance
f along the Z-axis.

%, =K[R t|p,=Ppu, (2.7)

where R € SO(3) and t € R? are the extrinsic parameters encoding the camera
orientation and position with respect to the world, and P = K[R | t] is the 3 x 4
camera matrix [14]. The matrix K is the calibration matrix, which encodes the
camera intrinsics as [14]

fe s ¢
K=10 f, ¢/, (2.8)
0 0 1

where f, and f, are the focal lengths expressed in horizontal and vertical pixel
units, (cg, ¢,) is the principal point, and s is a skew coefficient that accounts for
non-perpendicularity of the pixel axes [14]. For most modern digital cameras the
skew is negligibly small and is set to zero in practice. For a camera with f, = f, = f
and zero skew, K reduces to three degrees of freedom (f, ¢,, ¢,), while the extrinsic
parameters (R, t) contribute six additional degrees of freedom.

2.3.2 Lens Distortion

Real lenses deviate from the ideal pinhole model due to imperfections in their man-
ufacture and design. These deviations, collectively termed lens distortion, introduce
systematic errors in image-based measurements and must therefore be corrected
prior to analysis [14].

8
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The dominant form is radial distortion, which displaces image points toward or away
from the principal point by an amount that increases with radial distance. Lenses
that pull points toward the centre exhibit barrel distortion, while those that push
them outward exhibit pincushion distortion, as illustrated in Figure 2.2 [15].

INPUT GRID BARREL DISTORTION PINCUSHION DISTORTION

Figure 2.2: The effect of barrel distortion and pincushion distortion on a square
grid.

If we let (z., y.) denote the coordinates obtained after perspective division but before
scaling by f and shifting by (¢, ¢,) [14]:

_ Ty Pt _ Iy Pty

Te = , . = , (2.9)
rz'p+tz rz'p+tz

where r,, r,, r, are the three rows of R and p is the 3D world point [14]. The radial
distortion model is then [14]

Lo = xc(l + K2 + /127“3), e = yc(l + K2 + /@27“?), (2.10)

where 7> = 22 + y? and Ky, k3 are the radial distortion coefficients [14]. After the
radial distortion step, the final pixel coordinates are recovered as [14]

T :fj6+cx7 ys:f@c‘i‘cy. (211)

In addition to radial distortion, a small tangential distortion (see Figure 2.3 [15])
arises from slight misalignment between the lens and sensor planes [14]. The explicit
correction terms, modeled by two additional coefficients p; and p,, are given by [16,
17, 18]

Az, = 2p1xYe + P2 (r? + 2:1:'3), Ay. = pp (r? + ny) + 2D Yo (2.12)

and equation (2.11) generalizes to

xs = f (& + Axe) + ¢y, Ys = [ (Jc + Aye) + ¢4 (2.13)
The complete distortion parameter vector d = (ky, ko, p1, p2)' is estimated jointly
with the intrinsic parameters during calibration, ensuring consistency with the

OpenCV implementation used in practice [17, 18].
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¥ %
Ce— Position with
distortion

Axis of max
tangential
distortion

Ideal
position

Axis of min
tangential
distortion

dr: radial distortion
dt: tangential distortion

Figure 2.3: Effect of tangential distortion. Solid lines indicate the undistorted
case; dashed lines show distortion to the left and right. Both tangential and radial
distortion displace a pixel from its ideal position.

2.3.3 Checkerboard Calibration

The standard method for estimating K and d is the planar checkerboard technique
introduced by Zhang [17]. The approach requires a planar calibration target with
a regular pattern of known geometry and a set of images acquired from different
viewpoints.

The calibration proceeds as follows. For each image, the inner corner positions are
detected using a sub-pixel-accurate corner detector, yielding a set of 2D pixel ob-
servations {X;;}. The corresponding 3D world coordinates {p,,;} are known from
the target geometry. Because the target is planar, the world coordinate system can
be defined so that all corners satisty z,; = 0, which reduces the projection to a
homography.

For each image j, a 3 x 3 homography H; is estimated that maps the homogeneous
planar target coordinates p; = (i, Yuw.i» 1)T to the observed image coordinates:

Since H; = K]ir; ry t;], each homography provides two linear constraints on K
by exploiting the orthonormality of the rotation columns r; and ro. With images
from at least three distinct viewpoints, a closed-form solution for K is obtained via
decomposition of the image of the absolute conic [17, 11].

This closed-form solution initializes a subsequent nonlinear refinement in which all
intrinsic parameters, distortion coefficients, and per-image extrinsic parameters are
jointly optimized by minimizing the total reprojection error, using the Levenberg-
Marquardt algorithm [19, 20].

2.3.3.1 Quality Metrics

The quality of a camera calibration is assessed by the reprojection error: the Eu-
clidean distance between each detected corner X, ;; and its projection X ;; through

10
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the calibrated model. The overall quality is summarized by the root mean square
(RMS) reprojection error,

1MN7

€ERMS = NZZ

j=1i=1

2

(2.15)

is,ij - )/\(s,ij 9
where M is the number of calibration images, N; is the number of detected corners
in image j, and N = Zjﬂil Nj is the total number of observations. A well-converged
calibration typically yields egys < 0.5 pixels for standard imaging setups; values
below 1 pixel are generally considered acceptable for quantitative applications [11].

2.4 Image Segmentation

To identify the catheter structure against the background, a Hessian-based Frangi
Vesselness (HFV) filtering approach is used [21]. This method analyzes the lo-
cal curvature of image intensity to enhance tubular structures while suppressing
non-tubular features. The filter operates at the voxel level and is based on the de-
composition of the eigenvalue of the local Hessian matrix of the image. The local
structure at each voxel and scale is characterized by the sign and magnitude of the
corresponding Hessian eigenvalues. By appropriately selecting and combining these
eigenvalues within a vesselness function, tubular structures such as catheters and
guidewires are enhanced, whereas non-vascular structures and background noise are
effectively suppressed. The 2D Frangi vesselness function for detecting vessels with
bright contrast is defined as:

(7 0if AQ(T, S) >0 (2 ]_6)
v(T,s) = .5 - , :
e:z:p(—Ri(B; ))(1 - exp(—sz(ﬁg’ 1)), otherwise

where A\ (Z,s) and A\y(Z, s) are the eigenvalues of the Hessian matrix at position

T on the scale s, ordered so that (|A(T,s)] < |A2(T,s)]). The term Ry(T,s) =
M (Z,9)]
[A2(Z,9)]

like structures, while S(Z,s) = \/)\%(T, s) 4+ M3(Z, s) quantifies the structureness,
reflecting the overall strength of the local second-order structure.

represents measure of blobness, distinguishing tubular structures from blob-

2.5 Centerline Extraction

Centerline extraction is a key step in catheter geometry analysis, as it enables the
characterization of instrument shape, length, and curvature. By reducing the seg-
mented catheter to a one-dimensional representation, the centerline provides a com-
pact and meaningful description of its spatial trajectory.

In this work, the centerline is extracted from segmented images through a multi-step

process consisting of skeletonization, graph-based path extraction, and subsequent
refinement.

11
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2.5.1 Skeletonization

Skeletonization reduces a binary object to a one-pixel-wide representation while pre-
serving its overall topology and connectivity. In this thesis, the segmented catheter
mask consists of foreground pixels representing the catheter and background pixels
representing the surrounding image. For tubular objects, the resulting skeleton pro-
vides an approximation of the object’s medial axis.

Skeletonization is performed using the Zhang-Suen thinning algorithm [22]. The
algorithm iteratively removes boundary pixels from the foreground object while pre-
serving connectivity. For each foreground pixel P; with 8-neighbors P, ..., Py, let
N(P;) denote the number of non-zero neighbors and S(P;) denote the number of
0 — 1 transitions in the ordered neighborhood.

The algorithm consists of two sub-iterations that are repeated until no further pixels
can be removed. In the first sub-iteration, P; is removed if

2§N(P1)§6, S(Pl)zl, P2P4P6:0, P4P6P8:0.
In the second sub-iteration, P; is removed if
2<N(P) <6, S(P)=1, PPPs=0, PyP;Ps=0.

These conditions ensure that only removable boundary pixels are deleted, while
endpoints and pixels required to preserve object connectivity are retained.

2.5.2 Graph-based Path Finding

A skeletonized binary object consists of discrete pixels that describe the object’s
medial structure, but these pixels are not inherently ordered. To obtain a continuous
centerline, the skeleton is represented as a graph in which each pixel is a node and
edges connect neighboring pixels with weights encoding Euclidean distance. The
longest geodesic path between endpoint pairs then yields an ordered coordinate
sequence corresponding to the object’s primary axis, while naturally suppressing
spurious branches and noise-induced artifacts.

2.6 Geometric Analysis

The transformation of discrete, pixel-based skeleton representations into continuous
geometric curves is a prerequisite for further analysis. B-splines are used to pa-
rameterize the catheter centerline. A B-spline curve C(u) of degree p is defined as
a piecewise polynomial function constructed from a linear combination of control
points P; and normalized B-spline basis functions N; ,(u) [23]:

C(u)=> Nip(wP;, 0<u<1 (2.17)
=0

The basis functions are defined recursively over a nonperiodic, nonuniform knot vec-
tor U = {ug, uq, ..., uy,} using the Cox-de Boor recursion formula.

12
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2.7 Procrustes Alignment

The comparison of geometric shapes requires a framework to remove variations
caused by arbitrary positioning, orientation, and scale. This process is formally
known as Procrustes Analysis.

Procrustes alignment finds the optimal similarity transformation (scaling factor c,
rotation matrix R, and translation vector t) that maps a source point set onto
a target point set by minimizing the mean squared error between corresponding
landmarks [24]:

n

1
AR, t,c) = ZHyZ (cRx; + t)||° (2.18)
n

The optimal parameters are computed in closed form via singular value decompo-
sition of the cross-covariance matrix of the two point sets, following the method
of Umeyama [24]. An illustration of a similarity transformation can be seen in
Figure 2.4.

Initial Rotation &
configurations Translation Reflection Scaling

A NN

Figure 2.4: Illustration of the sequential similarity transformations applied during
Procrustes superposition: translation aligns centroids, rotation and reflection align
orientation, and scaling resolves differences in coordinate space magnitudes.

2.8 Accuracy Metrics

The following accuracy measurements have previously been used to evaluate guidewire
simulation in endovascular interventions [2]. These metrics will be reviewed and,
where appropriate, incorporated into the proposed framework to support quantita-
tive evaluation of simulation accuracy. Furthermore, discussions with Mentice have
identified curvature analysis as a specific requirement. Although distance-based
metrics quantify spatial deviations, curvature analysis enables evaluation of the in-
strument’s mechanical behavior by assessing whether the simulated catheter bends
and deforms realistically at specific locations compared to the physical reference.

2.8.1 Root Mean Square Distance

The root mean square (RMS) error is a widely used metric to quantify the average
magnitude of deviation between the simulated and physical trajectories [2, 12]. Tt
provides a single scalar value representing the overall discrepancy between two sets
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of corresponding points. For a guidewire represented by N ordered centerline points,
the RMS error is defined in equation 2.19:

1
RMS = J ~ 2 (™ = aeet]2), (2.19)
N =0

real

where z{"™ denotes the i-th centerline point of the simulated guidewire, and !
denotes the corresponding centerline point of the reference (physical) guidewire. The
norm || - || represents the Euclidean distance between corresponding points.

2.8.2 Hausdorff Distance and Modified Hausdorff Distance

The Hausdorff Distance (HD) and the Modified Hausdorff Distance (MHD) are com-
monly used to quantify the discrepancy between two contours. While HD measures
the maximum deviation between two point sets (i.e., the worst-case mismatch),
MHD captures the average deviation, providing a more robust estimate of the over-
all positional error in the simulation [2].

MHD reflects the average local distribution of positional errors along the guidewire
path. Given two ordered point sets corresponding to the simulated guidewire (Gyg;p,)
and the real guidewire (Geq), the MHD is defined in equation 2.20.

M H D(Gieat, Gaim) = max [mgan d(p, Guim), moan d(p, Great) | (2.20)

real sim

Similarly, the HD represents the maximum local positional error along the guidewire
path. HD is defined in equation 2.21.

HD(Gyear, Gsim) = max IenSaX d(p, Gsim), max d(p, Greal)} , (2.21)

real PEOsim

In both formulations, d(p, G) denotes the minimum Euclidean distance between a
point P and the point set (G, defined as:

d(p, G) = minllp — . (2.22)
zeG
where || - || represents the Euclidean norm. Thus, MHD characterizes the aver-

age discrepancy between the real and simulated guidewire centerlines, whereas HD
identifies the largest deviation between them.

2.8.3 Average Distance and Maximum Distance

The Average Distance (AD) and Maximum Distance quantify the mean and peak
spatial separation between the simulated and real guidewire centerlines, respectively

[2].

The AD represents the mean Euclidean distance between corresponding ordered
centerline points of the simulated and real guidewires. For a guidewire consisting of
N centerline points, AD is defined as:
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1= !
_ = szm _ glea 7 2.93
52 H (223)
where 75 and x7°? denote the i-th centerline points of the simulated and real
guidewires, respectively, and || - || represents the Euclidean norm.

The Maximum Distance corresponds to the largest Euclidean distance between cor-
responding centerline points of the two guidewires in the 2D medical image [2, 25].
It reflects the peak local deviation between the simulated and physical trajectories.

2.8.4 Dice Similarity Coefficient

The Dice Similarity Coefficient (DSC) is used to quantify the degree of overlap
between the segmented regions of the virtual and physical instruments [2, 25]. Tt is
a widely adopted metric for evaluating spatial similarity between two binary images.
The DSC is defined as twice the area of overlap between the simulated guidewire
segmentation (G, ) and the real guidewire segmentation (Gyeq) divided by the sum
of their individual areas, as expressed in Equation 2.24.

2|Greal N Gsim|
|G7‘eal| + |Gsim|

where | - | denotes the area (or number of pixels) of the segmented region, and N
represents the intersection between the two segmentations.

DSC = (2.24)
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System Overview

Quantitative comparison between physical catheter configurations and their sim-
ulated counterparts requires a workflow that is both reproducible and physically
grounded. The same preprocessing assumptions, the same geometric representa-
tions, and the same metric definitions must apply consistently across every experi-
ment. To satisfy this requirement, a software framework was developed to integrate
physical image acquisition, image-based geometric analysis, and simulation control
into a single configurable pipeline.

The framework was implemented in Python, using PySide6 for the graphical in-
terface, OpenCV and scikit-image for image processing, SciPy for geometric oper-
ations, and Optuna for Bayesian optimization. Communication with the Mentice
VIST software is handled via a gRPC interface, which allows the framework to con-
trol simulation state, instrument parameters, and image capture during parameter
search.

3.1 Processing Pipeline

The processing pipeline converts each raw image input into a physically scaled,
continuous geometric representation of the catheter centerline. It is designed to
be deterministic for a fixed configuration, with all geometric outputs expressed in
millimeters rather than pixels, and modular so that outputs can be inspected and
cached independently.

The pipeline consists of five phases, illustrated in Figure 3.1: input and physi-
cal prior derivation from the catheter French size, preprocessing (undistortion and
region-of-interest restriction), segmentation and centerline extraction, physical scale
conversion and centerline refinement, and finally spline fitting with geometric fea-
ture extraction. Each input produces a structured output containing the spline
centerline coordinates, curvature profile, radius of curvature, total length, and the
millimeter-per-pixel scale factor. Implementation details are given in Section 4.3.
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Figure 3.1: Overview of the processing pipeline, organized into five phases: input
and physical prior, preprocessing, segmentation and centerline extraction, physical
scale and refinement, and geometric modeling and feature extraction. Diamond
nodes indicate branching decisions; rectangular nodes indicate processing steps.
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3.2 Comparison Module

The comparison module takes two pipeline outputs, one from a physical catheter
image and one from a simulated image, and produces a quantitative assessment
of their geometric correspondence. Because both inputs share an identical data
structure and have passed through the same pipeline, any measured discrepancy
reflects a genuine geometric difference rather than a preprocessing artifact. The
module computes metrics across three levels of sensitivity: positional error along
the centerline, area-level segmentation overlap, and curvature profile similarity. The
details of the implementation are given in Section 4.4.
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Method

This methodology consists of four main stages. First, physical and simulated flu-
oroscopic images of catheters and guidewires are acquired using controlled experi-
mental setups. Second, the images are processed to extract catheter centerlines and
geometric representations. Third, alignment and quantitative comparison metrics
are applied to evaluate similarity between physical and simulated configurations. Fi-
nally, an automated stiffness sweep framework combined with Bayesian optimization
is used to identify simulation parameters that best reproduce the observed physical
catheter behavior. Each stage is designed to address one or more of the four research
questions defined in Section 1.5.

4.1 Hardware Configuration

The image acquisition system consists of a Raspberry Pi Camera Module 3 mounted
on a rigid overhead rig above the experimental surface, connected to a Raspberry
Pi 5 Model B via a CSI ribbon cable. The framework runs on a Dell Precision 7530
computer connected to the Pi over a direct Ethernet link and triggers image capture
remotely over SSH. This setup was used consistently across all experiments in this
thesis: validation (Section 4.5), physical SIM vs. VIST (Section 4.6) comparison,
and the stiffness sweep optimization protocol (Section 4.7).

The camera is mounted perpendicular to the image plane at a fixed height of 392 mm,
which was measured and kept constant across all experiments. The background
surface was chosen per experiment to either be white or black, which maximized
the contrast of the catheter in the image. Lighting was ambient room lighting and
was not actively controlled. The camera setup consists of the Raspberry Pi camera
module 3, Raspberry Pi 5 B and the camera mount, as can be seen in figure 4.1.

4.1.1 Raspberry Pi Camera Module 3

The Raspberry Pi Camera Module 3 is used for all image acquisition in this work.
It is based on the Sony IMX708 sensor and features an 11.9 MP resolution of
4608 x 2592 pixels and an integrated autofocus system [26]. The autofocus capabil-
ity is relevant for this application because catheter thickness varies across instru-
ments, and consistent focus across the full catheter length is necessary for reliable
segmentation. An integrated infrared filter is also included, which suppresses IR
contamination under mixed lighting conditions. The camera supports up to 50 fps
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Figure 4.1: Camera setup used for capturing images of the catheters and
guidewires, showing the overhead rig with the camera mounted at a fixed height
of 392 mm above the image plane.

at Full HD resolution, though only still-image capture is used in this work.

4.1.2 Raspberry Pi 5 B

The Raspberry Pi 5 Model B serves as the dedicated compute unit for camera control
and image transfer [27]. It features an ARM Cortex-A76 CPU running at 2.4 GHz
and 1 GB of RAM. Rather than running the full analysis framework on the Pi, the
Pi is used solely for camera control and image acquisition. This keeps processing off
the Pi and avoids the memory constraints of running a full image analysis pipeline
on embedded hardware.

4.2 Camera Calibration

The camera was calibrated using a planar checkerboard target with a (7 x 9) inner-
corner layout and a square size of 20.0 mm, following Zhang’s method (Section 2.3.3)
as implemented in OpenCV. A total of 22 images were acquired at the native camera
resolution of (4608 x 2592) pixels, with varying checkerboard pose to constrain both
intrinsic and distortion parameters. The resulting parameters were subsequently
applied to undistort all images prior to geometric analysis and length estimation.
The summary of the calibration results can be found in Section 5.1.
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4.3 Processing Pipeline Implementation

The processing pipeline described in Section 3.1 was configured and applied con-
sistently across all experiments in this thesis. The following describes the specific
implementation decisions made for each pipeline phase and the rationale behind
parameter choices given the imaging conditions. Default configuration parameters
are summarized in Table 4.1.

Table 4.1: Pipeline configuration parameters and their default values.

Parameter Default Unit Rationale

Processing 2160 pX Balances sub-mm feature resolution

width with computation time

Frangi o range (3, 5) px Covers expected catheter cross-sections
at processing resolution (see Step 5)

Frangi threshold 0.070 - Empirically tuned to separate catheter

ridge response from background noise
Provides dense enough sampling for
smooth curvature estimation

Spline samples 10000

Resampling step  0.025 mm Sub-pixel physical spacing; avoids
aliasing in curvature computation

Curvature win- 0.25 mm Suppresses pixel-grid  discretization

dow noise while preserving clinically rele-
vant bending features

Spline tolerance  0.15 px Allows minor smoothing of skeleton

noise without distorting true bends

For each input, the pipeline accepts a raw media path, catheter size in French units,
calibration mode and optional camera calibration file, optional object distance for
pinhole-based scaling, and an optional rectangular or polygonal ROI in raw-image
coordinates. It returns a structured analysis tuple

(img, mask visual, path_centered, s, ¥s, %, Kmm, Tmm,> Lmm, M),

where x4, y, are spline centerline coordinates, u is the normalized arc-length param-
eter, Kmm is curvature in mm~?, rn,., is radius of curvature, Ly, is total centerline
length, and m is the estimated mm-per-pixel scale factor. This output structure
is shared across all analysis modes, ensuring that the comparison module receives
identically formatted data regardless of whether the input originated from a physical
or simulated image, which directly supports the measurement consistency required

to answer RQ3 and RQ4.

Step 1: Physical Prior from Catheter Size

Before any image processing begins, a physical diameter prior is derived from the
catheter’s French size using the standard conversion dy,,, = F'r/3. This prior serves
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two roles: it anchors the Frangi sigma range to the expected catheter width in pixels
(Step 5), and it provides a fallback scale estimate when camera-based calibration is
unavailable (Step 7). Using a physical prior rather than a fixed pixel assumption
ensures that the pipeline generalizes across the range of catheter sizes used in this
study without manual re-tuning between experiments.

Step 2: Image Loading, Cropping, and Resizing

The input image is resized to the configured processing width while preserving aspect
ratio, with optional pre- and post-crop passes to remove border artifacts. The
post-crop is particularly important for simulated frames from VIST, which typically
carry black margins that would otherwise bias the Frangi ridge-polarity detection
in Step 5. Resizing to a fixed width normalizes the spatial frequency content of
the image, ensuring that the Frangi sigma range corresponds to consistent physical
scales regardless of whether the input comes from the Raspberry Pi camera or the
VIST simulator.

Step 3: ROI Projection

If a user-defined ROI (Figure 4.2) has been specified in raw-image coordinates, it is
geometrically projected into the processed-image coordinate space by composing the
pre-crop offset, the resize scale factor, and the post-crop offset. Restricting process-
ing to the ROI reduces the influence of background structures and is particularly
important when the field of view includes non-catheter features such as phantom
walls or guide-tube connectors, as encountered in the physical SIM experiments
described in Section 4.6.

Figure 4.2: Region of interest selection interface, allowing the user to restrict
processing to the relevant anatomical and instrument area. Supports both rectangle
and free hand control.

Step 4: Camera Undistortion

When a camera calibration file is available, radial and tangential lens distortion is
corrected prior to segmentation using the intrinsic and distortion parameters esti-
mated during checkerboard calibration (Section 2.3). Undistortion is applied at this
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stage, before any geometric measurements, because all subsequent length and curva-
ture estimates assume a rectilinear projection model (Section 2.2). If the calibration
file cannot be loaded, the original image is retained and processing continues, with
a corresponding reduction in metric accuracy for length and curvature outputs.

Step 5: Frangi Vesselness Filtering and Thresholding

Catheter enhancement is performed using Hessian-based Frangi vesselness filtering
(Section 2.4). Ridge polarity (dark-on-light or light-on-dark) is determined auto-
matically from the global image brightness, allowing the same pipeline to process
both standard camera images and simulated fluoroscopy frames without manual
configuration.

The Frangi sigma range, specified in the configuration as pixel values, is grounded
in the physical catheter diameter. The expected catheter radius in pixels at the
processing resolution is

dim /2
=

and the configured sigma range is chosen to bracket this value across the supported
French-size range. A lower bound is enforced for numerical stability of the Hessian
eigenvalue decomposition.

The resulting vesselness map is binarized at the configured threshold, the ROI mask
from Step 3 is applied, and connected-component analysis retains only the dominant
structure, discarding smaller fragments and noise regions.

Step 6: Skeletonization and Longest-Path Extraction

The binary catheter mask is reduced to a one-pixel-wide medial axis using the Zhang-
Suen thinning algorithm (Section 2.5.1), and the skeleton is converted to a graph
in which each pixel is a node and edge weights encode Euclidean distance between
neighbors (Section 2.5.2). The primary centerline is then extracted as the longest
geodesic path between detected endpoint pairs. When no topological endpoints ex-
ist, for example when skeletonization produces a closed loop due to segmentation
noise, a farthest-node strategy is applied to the largest connected component in-
stead. The result is an ordered pixel-coordinate polyline approximating the catheter
centerline.

Step 7: Diameter Estimation and Physical Scale

Accurate conversion from pixel to physical coordinates requires an estimate of the
mm-per-pixel scale factor m. The Euclidean distance transform of the binary mask
is sampled at each centerline point to estimate the local vessel radius. The median
value provides a robust diameter estimate that is insensitive to local segmentation
failures:
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dpx = 2median(rpr).

The scale factor is then computed by one of two methods depending on available
calibration data. When a camera calibration file has been loaded and an object
distance Z is provided, the pinhole projection model (Section 2.2) gives

Z . Wi
) fpx,scaled - fx ' ;
Wcalib

m=-——

fpx,scaled
where f, is the calibrated horizontal focal length and Wioc/Wean, accounts for the
resize applied in Step 2. When no object distance is available, the physical prior
from Step 1 is used as a fallback:

px
The camera-distance method is preferred when available because it does not assume
that the segmented catheter diameter is free of thresholding bias. The diameter
fallback is nonetheless robust in practice because the median distance transform is
largely insensitive to moderate threshold variations.

Step 8: Arc-Length Resampling and Centering Refinement

The raw skeleton polyline is non-uniformly spaced due to the discrete pixel grid. To
obtain a geometrically consistent representation, the path is resampled uniformly in
arc length at a physical step size of Aspx = ASmm target/m. Each resampled point
is then refined by shifting it toward the local maximum of the squared distance-
transform field, effectively snapping it to the medial axis of the catheter cross-
section. This centering step is particularly important for thick catheter segments
where the skeleton may lie off-center due to asymmetric segmentation boundaries,
and it reduces systematic bias in curvature estimates near high-curvature regions.

Step 9: Endpoint Extension

Morphological thinning algorithms systematically underestimate the length of tubu-
lar objects because the skeleton terminates approximately one local radius before
the true mask boundary. To compensate, the centerline is extrapolated at both ends
by projecting along the local tangent direction until the catheter mask boundary is
reached. This correction is small in absolute terms, typically on the order of one
catheter radius, but it is consequential for tip-region curvature estimates and for
total-length measurements, where a consistent end-to-end definition is necessary for
valid cross-experiment comparison.

Step 10: Spline Fitting

A smoothing B-spline (Section 2.6) is fitted to the refined centerline to obtain a con-
tinuous, differentiable curve free of pixel-grid discretization artifacts. Near-duplicate
points introduced by the resampling and snapping steps are removed prior to fitting.
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Given the remaining noisy centerline observations {y;}72,, the spline fitting is for-
mulated as a regularized optimization problem. Extending classic smoothing spline
methodology [28] to a parametric framework [29], the objective is to find a curve
C(u) that minimizes a cost function balancing data fidelity and global smoothness:

£= 3 wilCluy) w17 + 4 [ € (1)

=1

where w; represents a weighting factor for individual points and A is the global
smoothing parameter.

To ensure the spline honors the physical extents and boundary constraints of the
device, the endpoint weights w; at the proximal and distal boundaries are signifi-
cantly elevated relative to the interior points. The choice of A is critical; it must
be large enough to suppress discretization artifacts from the pixel grid but small
enough to preserve the high-frequency bending moments of the catheter. To achieve
this across varying inputs, the smoothing parameter is set adaptively as:

A= Nt - (Tx)°, (4.2)

where Ny is the number of input points and 7, is the configured spline tolerance.
This form scales the allowed total residual with the number of input points, ensuring
that the effective per-point tolerance remains constant regardless of catheter length.

Step 11: Curvature and Radius of Curvature

Curvature is computed analytically from the spline’s first and second parametric
derivatives:

(w) |2 (w)y" (u) — y'(u)z"(u)]

Kpx (1) = :

’ (' (u)? + ¢/ (w)?)*?

and converted to physical units via kmm(u) = Kpx(uw)/m. A moving-average smoother
is applied over a physically fixed window of 0.25 mm to suppress residual numeri-
cal noise in the second derivative without attenuating clinically relevant bending
features. The radius of curvature ry,(u) = 1/Knm(u) is retained as a more inter-
pretable quantity for regions of low curvature.

Step 12: Total Centerline Length

Total catheter length is computed by summing the Euclidean distances between
consecutive spline sample points and converting to physical units:

me - Z ||pi+1 — piHPX -m.

Using the dense spline representation rather than the raw skeleton polyline reduces
length bias from pixel-grid quantization, particularly for curved segments where a
coarse polyline would systematically underestimate arc length. The accuracy of
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this length estimate is validated experimentally in Section 4.5.1, directly address-
ing RQ3 regarding measurement consistency across different catheter configurations.

For simulated images, instrument length is not extracted through image processing.
Instead, the simulator has direct access to the instrument’s three-dimensional state
and computes the visible length analytically from its physics model.

4.4 Comparison and Metrics Implementation

The comparison module receives two pipeline outputs: a reference object derived
from a physical catheter image and a simulated object derived from a VIST simu-
lator frame. Both carry identical data structures because they have passed through
the same upstream pipeline described in Section 3.1. This guarantees that any mea-
sured discrepancy between the two reflects a genuine geometric difference between
the physical and simulated catheter configurations, rather than an artifact of incon-
sistent preprocessing. Before metric computation, both centerlines are resampled to
a common point count under a shared arc-length parameterization, ensuring that
pointwise distances are computed between geometrically corresponding locations
rather than arbitrarily indexed points.

4.4.1 Alignment

Before metric computation, the simulated centerline is registered to the reference
using Procrustes alignment (Section 2.7). Two alignment modes are provided to
accommodate different experimental contexts.

The default Procrustes-only mode minimizes the global RMS correspondence error
and is appropriate when neither centerline has a geometrically privileged anchor
point. This mode was used for the validation experiments (Section 4.5), and for
the physical SIM versus VIST comparison (Section 4.6), where the goal is to assess
overall shape similarity regardless of absolute position.

The endpoint-lock mode addresses the fact that tracking errors in complex medical
devices accumulate non-uniformly along the device length. It fixes the proximal end-
point of the simulated centerline to that of the reference before alignment, using it
as an anchor. Applying the resulting transformation to the full configuration places
both centerlines in a shared coordinate frame anchored at the insertion point, so
that metric values reflect the relative spatial divergence of the distal segment rather
than global shape difference. This mode is used in stiffness-sweep contexts, where
the catheter insertion point is a fixed physical constraint and the distal shape is the
quantity under evaluation.

The choice of alignment mode is a methodological decision that must remain consis-
tent within any single experiment, as different modes produce different metric values
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for the same input pair. This represents one of the practical sources of uncertainty
relevant to RQA4.

4.4.2 Metric Computation

The full metric suite is computed from the aligned, resampled centerline pair and
the corresponding segmentation masks, with each metric designed to capture a com-
plementary aspect of geometric deviation.

Positional metrics - RMS error, mean correspondence distance, maximum correspon-
dence distance, Hausdorff distance, and modified Hausdorff distance (Section 2.8) -
characterize the spatial deviation between centerlines at different levels of sensitivity
to outliers. RMS and mean distance summarize the average discrepancy across the
full centerline, while Hausdorff distance captures the worst-case deviation. Modi-
fied Hausdorff distance provides a more robust alternative by averaging over local
maxima rather than taking the global maximum.

Mask-level overlap is evaluated using the Dice similarity coefficient (Section 2.8.4).
Because the Dice score operates on the full segmentation area rather than the one-
dimensional centerline, it captures thickness and boundary errors that centerline-
distance metrics cannot detect.

Curvature profiles from both inputs are compared pointwise, yielding four scalar
metrics: MAE, RMS, maximum absolute difference, and the arc-length location of
peak discrepancy. To support visual inspection alongside these quantitative mea-
sures, curvature and bending radius heatmaps are rendered by mapping the com-
puted profile values onto the extracted centerline and overlaying them on the cor-
responding input image, allowing regions of mechanical discrepancy to be localized
directly in image space.

4.5 Validation of the Algorithms

This validation step is necessary to address RQ3 and RQ4 before cross-experiment
comparisons are performed. For the measurements to be consistent across multiple
catheters and configurations, the image-based length estimation algorithm must first
be confirmed to be accurate and stable. Similarly, understanding the measurement
error characteristics - in particular, how error varies with object length and shape
- is essential for interpreting the uncertainty associated with all subsequent metric
values. A method that exhibits systematic bias or shape-dependent error would
introduce a confound into the comparison between physical and simulated catheter
geometries.

4.5.1 Length Estimation

The accuracy of the image-based length estimation algorithm was evaluated by
comparing measured catheter lengths against known physical reference lengths. A
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catheter was placed straight alongside a ruler on a flat surface and photographed
using the Raspberry Pi camera module, as shown in Figure 4.3. Seventeen measure-
ments were taken across a range of 1.0 to 25.0 cm, with the ground truth defined
by the ruler markings. For each image, the pipeline extracted the catheter cen-
terline and computed the total arc length in millimeters, which was then compared
against the corresponding reference value. Agreement between the two methods was
assessed using mean absolute error, mean relative error, and Bland-Altman analysis.

Figure 4.3: Experimental setup for length validation, showing a catheter placed
alongside a ruler on a flat surface.

4.5.2 Measurement Consistency Across Shape Variations

To evaluate whether the algorithm produces consistent length estimates regardless
of catheter shape, a single catheter of known physical length 20 cm was bent into
six distinct configurations and imaged separately for each, as illustrated in Fig-
ure 4.4. Configurations were chosen to span a range from nearly straight to tightly
curved. Since the same physical catheter was used throughout, the true arc length
remained constant across all configurations. The pipeline was applied to each im-
age independently, and the resulting length estimates were compared against the
known reference length. This test was designed to confirm that the measurement is
invariant to bending deformation, which is a necessary property for the framework
to generalize across different catheter configurations in the main experiments.
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Shape 1 Shape 2
Shape 3 Shape 4
Shape 5 Shape 6

Figure 4.4: The six bending configurations used to evaluate measurement consis-
tency, each showing the same 20 cm catheter bent into a distinct shape.

4.5.3 Alignment

The alignment procedure was validated by imaging a catheter in one configuration,
then physically rotating it and capturing a second image, as illustrated in Figure 4.5.
This produced two images of the same catheter with a known rotational difference
between them. Both images were processed through the pipeline to extract their
respective centerlines, after which the alignment algorithm was applied to register
the second centerline onto the first. The quality of alignment was assessed by com-
paring the RMS correspondence error before and after the transformation, and by
visually inspecting the overlay of the aligned centerlines.
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Figure 4.5: Images used for alignment validation, showing the catheter in its
original orientation (left) and after physical rotation (right).

4.6 Physical SIM vs. VIST

The physical simulator (SIM) was compared with the VIST simulator by performing
equivalent instrument manipulation procedures in both systems. The experiments
were conducted using a 4-Fr micro catheter. Both the physical phantom and the
VIST case were based on the same neurovascular anatomy, representing the internal
carotid artery (a. carotis interna) including the carotid siphon and Circle of Willis.
Both models are shown in Figure 4.6.

The catheter was first advanced through the physical SIM phantom until the tip
reached the carotid siphon. It was then progressively withdrawn, and a still image
was captured at each of 13 evenly spaced insertion depths.

The same 13 insertion depths were then replicated in VIST by manually positioning
the catheter to the corresponding depth in the simulation, using the insertion length
derived from the physical images as a reference. The fluoroscopy projection angle
in VIST was matched to the camera viewing angle used during physical acquisition,
ensuring that the two image modalities captured comparable two-dimensional pro-
jections of the catheter geometry. At each position, the simulator was allowed to
reach a settled state before a fluoroscopic frame was captured, ensuring that the
recorded image reflected a stable equilibrium configuration of the instrument.

The resulting 13 image pairs were processed through the pipeline described in Sec-
tion 3.1 to extract catheter centerlines and geometric descriptors. The two-image
comparison mode of the framework was used to apply the comparison module de-
scribed in Section 3.2 to each pair, computing the full metric suite. Prior to metric
computation, both centerlines were aligned using Procrustes alignment without end-
point locking, as no fixed anatomical anchor point could be reliably identified across
both environments. Length matching was applied where the visible instrument ex-
tents differed between the two systems.
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(a) Physical SIM phantom. Injected
with coffee to highlight the vessel struc- (b) Corresponding VIST anatomy
ture. model.

Figure 4.6: The neurovascular phantom used in the physical SIM experiments
(left) and the corresponding anatomy model in VIST (right), both representing the
internal carotid artery including the carotid siphon and Circle of Willis.

4.7 Stiffness Sweep and Bayesian Optimization

A central challenge in endovascular simulator validation is that the mechanical be-
havior of a catheter is governed by its stiffness distribution along the shaft, and
this distribution is not directly observable from image alone. Determining which
stiffness parameters cause the simulator to reproduces given physical catheter con-
figuration therefore requires searching a continuous, multi-dimensional parameter
space. Manual search is impractical because each candidate configuration requires
a full simulation run, a fluoroscopic frame capture, and a complete comparison
pipeline evaluation, making the cost per trial high relative to the number of trials
that would be needed for exhaustive coverage. The stiffness sweep module addresses
this by automating the search process, integrating directly with both the VIST and
the comparison pipeline.
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4.7.1 Stiffness Parameterization

The VIST catheter stiffness model is parameterized by three control points (y, y2, ys)
that define the bending stiffness at fixed positions along the catheter shaft, from
proximal to distal. The positions of the two intermediate control points, x5 and
x3, can either be fixed at their default locations or included as additional search
variables which reflects the physical requirement that anchor positions are mono-
tonically ordered along the shaft. Search bounds for all variables are configured in
the launcher before the sweep begins.

The stiffness values assigned to these control points are not expressed in absolute
physical units. Rather, the simulator interprets them as relative scaling factors ap-
plied to an internal baseline stiffness, so that a value of 1.0 corresponds to baseline
behavior, while values above or below 1.0 represent proportionally stiffer or more
flexible configurations respectively. The shape of the resulting stiffness profile along
the shaft - and therefore the simulated bending response - is governed by the ratios
between the control point values, not by their absolute magnitudes. This relative
parameterization means that the search space explored during optimization is best
understood as a space of stiffness profiles rather than a space of physically mea-
surable material constants. Thus, the parameter values recovered by the optimizer
should be interpreted as the profile that best reproduces the observed catheter ge-
ometry under the given simulator conditions, rather than as direct measurements
of the physical catheter’s mechanical properties. The control point layout along the
shaft is illustrated in Figure 4.7a, and the resulting piecewise-linear stiffness profile
is shown in Figure 4.7b.

4.7.2 Simulator Control Interface

The stiffness sweep communicates with the VIST simulator through a gRPC inter-
face, which serves as the control and data channel between the Python sweep runner
and the simulation application. All instrument positioning, state management, and
image capture are performed through this interface. Figure 4.8 summaries the full
control sequence; the subsections below describe each phase in detail.

Startup

Before any sweep trials begin, the runner verifies that the simulator is running. Once
the simulator is active, a single gRPC channel is opened to the simulator process,
through which all subsequent communication occurs. The runner then waits until
the simulator reports that it has reached a running state before proceeding.

Device Preparation

The instrument is prepared in a fixed sequence. The instrument is moved to its
target insertion position automatically using the length derived from the reference
image (Section 4.3). Settling is confirmed by polling the instrument state until the
position error below configured thresholds (0.30 cm). Once settled, the instrument
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(a) Key profile control coordinates.
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(b) Relative stiffness profile along the shaft.

Figure 4.7: VIST catheter stiffness parameterization curves and corresponding
control segment boundaries.

state is saved as a baseline snapshot that will be restored at the start of each trial.

Fluoroscopy Stream

A continuous fluoroscopic frame stream is opened at the start of the sweep and kept
active across all trials. The X-ray source is activated, and an initial set of frames is
discarded to allow the image to stabilize before any captures are used for analysis.

Per-Trial Execution

For each candidate stiffness configuration, the following sequence is executed. The
instrument state is first restored to the saved baseline, ensuring that each trial be-
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Figure 4.8: Flowchart of the simulator control interface. Teal nodes represent one-
time setup operations performed before the first trial; purple nodes represent the
per-trial execution loop. The settling check repeats until position error fall below
their configured thresholds before frame capture proceeds.

gins from an identical starting condition. The stiffness parameters are then written
to a local configuration file, which the simulator reads when the instrument is next
published. The instrument is republished with the new stiffness values and moved
to the target position, after which the runner again waits for the settled-state con-
ditions to be met.

Once the instrument is settled, a synchronized frame is captured from the fluoroscopy
stream. Synchronization is achieved by reading the current simulation time and
advancing through the frame stream until a frame whose timestamp meets or exceeds
the target time is found. This timestamp-gated capture ensures that the recorded
frame reflects the instrument’s settled configuration rather than a transient state.
The captured frame is saved as an image file and passed to the comparison pipeline
for scoring.
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4.7.3 Bayesian Optimization

Bayesian optimization is employed to search the stiffness parameter space efficiently:
because each trial requires a complete simulation run and image capture, minimizing
the number of trials needed to locate a good parameter set has direct practical value.
Trial proposals are generated by Optuna using a Tree-structured Parzen Estimator
(TPE) sampler, which builds a probabilistic model of the objective function from
completed trials and proposes new candidates in regions of the parameter space
that are likely to improve on the current best result. The trial schedule begins
with a set of random startup trials to initialize the model, followed by model-guided
optimization trials.

4.7.4 Composite Objective Function

Although each trial yields several geometric error measures, the optimizer requires a
single scalar objective. The composite score f is defined as a weighted combination
of four terms:

F=0.30 - epums + 0.25 - epgs + 0.25 - £, + 0.20 - £45p (4.3)

where egus is the root-mean-square correspondence error, epgs is the 95th-percentile
correspondence error, ¢, is the curvature mismatch, and e, is the tip position er-
ror. All four terms are computed over the matched segment to ensure a fair spatial
comparison, as described in Section 3.2.

The distribution of weights across these multiple metrics was chosen to establish a
balanced optimization objective. This strategy prevents the optimization loop from
over-indexing on or exploiting edge cases in a single dimension of accuracy such as
finding parameter sets that minimize global distance (eryg) at the expense of se-
vere localized shape distortions or poor tip placement, and thereby ensuring that the
optimized simulation parameters reflect true physical behavior across all measured
geometric attributes.

The largest weight (0.30) is assigned to the RMS term because it summarizes global
correspondence uniformly along the matched length and is the metric used as the
ranking criterion in manual comparison workflows; giving it the highest influence en-
sures that the optimizer’s selection pressure is consistent with that evaluation mode.
The P95 term receives equal weight to the curvature term (0.25 each) to penalize
large localized deviations, errors that the RMS alone would underweight, while pre-
serving sensitivity to shape-level features such as bending turns. The tip error is
assigned the smallest weight (0.20) because the tip position is already captured par-
tially by both the RMS and P95 terms; a separate term is included to retain an
explicit signal on distal placement without over-penalizing tip discrepancy.

4.7.5 Interpretation and Scope

The stiffness sweep and Bayesian optimization module is a parameter-search tool,
not an evaluation method in its own right. Its output is a ranked set of simulated
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candidate configurations, of which the best-matching is carried forward for met-
ric analysis using the comparison framework of Section 3.2. The interpretation of
whether the best-found parameters constitute an acceptable match to the physical
reference, and what the residual discrepancy implies about the simulator’s mechan-
ical model, is addressed in the Results and Discussion chapters.

4.7.6 Physics Model Validation Protocol

The optimization experiments described above are not only used to find stiffness
parameters that reproduce a given catheter configuration; they are also structured
as a protocol for evaluating whether the VIST physics model generalizes correctly
when instrument components are varied independently. The central question is
whether stiffness parameters recovered by optimizing against one instrument com-
bination remain predictive when a different, physically distinct instrument is in-
troduced without re-optimization. If the simulator’s physics model is faithful, the
mechanical response of one component to a change in another should follow natu-
rally from the underlying equations of motion, rather than requiring the parameters
to be re-calibrated for every new combination.

Because all stiffness values in VIST are relative scaling factors rather than absolute
physical quantities (Section 4.7.1), one guidewire stiffness value must be fixed arbi-
trarily to anchor the scale. In this protocol, GW,. is assigned a fixed stiffness of
[—1,6] in Stages 1 and 3, where it serves as the anchor against which the catheter
stiffness is optimized, and is never itself optimized. The choice of [—1, 6] is arbitrary
as any fixed value would serve the same purpose, since what the optimizer recovers
are ratios between component stiffnesses, not their absolute magnitudes.

In all stages, reference images are captured using the Raspberry Pi camera setup de-
scribed in Section 4.1.1, with the physical instrument placed in our setup. Stage 4
therefore constitutes a direct test of whether the simulator reproduces real-world
catheter behavior under a novel instrument combination, rather than a self-consistency
check within the simulation environment.

The protocol is carried out across two catheters with different shapes (Catheter A
and Catheter B) and two guidewires (GW,er and GWyest, where GW e, in our case,
is a physically stiffer variant of GW s, confirmed by tactile assessment):

1. Catheter A optimization with GW_, . GW,; is inserted to the tip of
Catheter A and a reference image is captured with the Raspberry Pi camera.
The Bayesian optimizer searches the catheter stiffness parameter space to find
the configuration that best reproduces this image in VIST, with GW ¢ held at
its fixed anchor value of [—1, 6]. The resulting stiffness parameters for Catheter
A are fixed for all subsequent stages.

2. GWi optimization with Catheter A. GW, is replaced with GWieg
while the optimized Catheter A parameters from Stage 1 are retained. A
new reference image is captured and the optimizer searches only the guidewire
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stiffness parameter space. The recovered stiffness value for GW. is noted
and fixed for Stage 4.

3. Catheter B optimization with GW,. A physically different Catheter
B is inserted with GW,; and a reference image is captured. The optimizer
searches the catheter stiffness space independently of Catheter A, yielding a
separate optimized parameter set for Catheter B. GW,. is again held at its
fixed anchor value of [—1,6].

4. Cross-validation: Catheter B with GWi.. The optimized stiffness pa-
rameters from Stage 3 (Catheter B) and Stage 2 (GWes) are combined with-
out any further optimization, and the simulator is run under this combined
configuration. A reference image of Catheter B with GW, inserted is cap-
tured with the Raspberry Pi camera, and the resulting simulated image is
compared against it using the full comparison pipeline. RMS correspondence
error and visual centerline alignment are the primary evaluation criteria.

The logic of this protocol is that each component’s stiffness parameters are esti-
mated from an experiment in which only that component varies. Stage 4 then tests
whether the simulator correctly predicts the emergent behavior of a novel combina-
tion assembled from those independently estimated parameters. A low correspon-
dence error in Stage 4 would indicate that the physics model composes instrument
interactions correctly, while a high error would suggest that the model’s response
to a given catheter depends on the specific guidewire present during parameter es-
timation, implying that the stiffness parameters are not truly transferable across
combinations. This is therefore a test of the compositional fidelity of the simulator’s
mechanical model rather than of its ability to fit a single configuration.
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Results

This chapter presents the results obtained in this thesis. The findings are orga-
nized according to the main components of the proposed framework and the defined
evaluation metrics.

5.1 Estimated Camera Parameters

The estimated intrinsic and distortion parameters are summarized in Table 5.1,
together with the mean reprojection error.

Table 5.1: Summary of calibration results.

Quantity Value

e 4117.49 px

fy 4111.04 px

Cy 2296.80 px

Cy 1310.74 px

(k1, ko, p1, P2, k3) (0.01796, 0.29686, 0.00358, 0.00057, —0.78619)
Mean reprojection error 0.240 px

5.2 Validation of the Algorithms

This section presents the validation results for the algorithms developed in this
work. The evaluation focuses on the accuracy and robustness of the catheter length
estimation and alignment methods used throughout the comparison framework.

5.2.1 Length Estimation

The length estimation revealed a strong agreement with reference values, with a
mean absolute error of 0.117 £+ 0.107 cm and a mean relative error of 1.89% (range:
—3.67% to 7.00%). The measured lengths clustered closely around the ideal 1:1
relationship line with (R? > 0.99).

Absolute errors ranged from —0.23 cm to +0.18 cm, indicating both positive and

negative deviations from reference values. Performance varied across measurement
ranges:
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« Small measurements (1-5 cm): Mean relative error of 1.7%, with higher
variability.
« Large measurements (>15 cm): Mean relative error of 0.34%, demonstrat-
ing improved accuracy for extended catheter segments.
Bland-Altman analysis revealed a mean bias of +0.035 cm, indicating that mea-
sured values slightly overestimate real length. The 95% limits of agreement were
—0.197 cm to +0.266 cm, and the bias distribution remained approximately sym-
metric across the measurement range.

Figure 5.1 provides a visual summary of the validation results, including the real-
versus-measured comparison, error distributions, and Bland-Altman agreement anal-
ysis.
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Figure 5.1: Measurement validation analysis. (a) Real versus measured catheter
length comparison showing measurements relative to the ideal 1:1 line. (b) Absolute
error distribution across the measurement range with mean error indicated. (c)
Relative error percentage showing proportional deviation from true measurements.
(d) Bland-Altman plot displaying agreement between methods with mean bias and
95% limits of agreement indicated by horizontal lines.

Figure 5.2 shows an example used for validation of the catheter length estimation
based on the extracted centerline. In this example, the catheter has a known physical
length of 10 cm, allowing the estimated length obtained from the algorithm to be
compared against the ground truth.

5.2.2 Measurement Consistency Across Shape Variations

The robustness of the algorithm was further evaluated using a single catheter with
a constant. The resulting output lengths and corresponding absolute errors for each
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Figure 5.2: Example image illustrating validation of the catheter length estimation
based on the extracted centerline. The catheter shown in the image has a physical
length of 10 cm.

shape are summarized in Table 5.2.

Table 5.2: Algorithm output for a 20 cm catheter under different bending shapes

Configuration Actual Length (cm) Measured Length (cm) Error (cm)

Shape 1 20 20.24 +0.24
Shape 2 20 20.00 0.00
Shape 3 20 19.93 -0.07
Shape 4 20 20.05 +0.05
Shape 5 20 20.12 +0.12
Shape 6 20 20.13 +0.13
Mean (£ SD) 20 20.08 + 0.11 0.10 (MAE)

The algorithm produced a mean measured length of 20.08 cm across all trials, with
a standard deviation of 0.11 ecm. The Mean Absolute Error (MAE) was calculated
at 0.10 cm. The recorded measurements ranged from a minimum of 19.93 cm to a
maximum of 20.24 cm, representing a maximum relative error of 1.2% across the
tested deformations.

5.2.3 Alignment

The alignment procedure produced the transformation parameters summarized in
Table 5.3.

As shown in Figure 5.4, the centerlines from Figure 5.3 are initially misaligned due
to rotational differences. Despite this initial discrepancy, the alignment method
successfully compensates for the transformation, resulting in a close correspondence
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Table 5.3: Transformation parameters obtained from the alignment procedure.

Parameter Value

Offset,, —47.4169
Offset, 90.3882
Rotation —62.9570°
Scale 0.991412
RMSpefore 229.7905
RMS, tier 1.0422

between the two centerlines.

The aligned centerline demonstrates a strong agreement with the reference, indi-
cating that the proposed alignment approach is effective in correcting geometric
differences.

Image 1 centerline

Image 2 centerline

Figure 5.3: Extracted centerlines from the two images shown in Figure 4.5.

Figure 5.4: Shows the centerlines from figure 5.3, as well as the resulting aligned
centerline.
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5.3 Physical SIM vs. VIST

Figure 5.5 shows the resulting images of a microcatheter in both the physical SIM
environment and the VIST simulation system. The comparison was performed to
enable analysis of catheter behavior and positioning within the vessel geometry.

Reference image (Length: 123.8 mm) Simulated image (Length: 123.8 mm)

Figure 5.5: Resulting images of a microcatheter in the physical SIM environment
and the VIST simulation system.

Figure 5.6 shows the same images as Figure 5.5, together with their corresponding
extracted centerlines.

Reference image (Length: 123.8 mm) Simulated image (Length: 123.8 mm)

Centerline Centerline

Figure 5.6: Resulting images of a microcatheter in the physical SIM environment
and the VIST simulation system, together with their corresponding extracted cen-
terlines.

Figure 5.7 shows the aligned overlay of the centerlines presented in Figure 5.6.
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Aligned Overlay Comparison

—— Reference image
—— Simulated image

Figure 5.7: Aligned overlay of the centerlines shown in Figure 5.6.

5.4 Stiffness Sweep and Bayesian Optimization

Figure 5.8 shows the real and simulated images used for comparison of the Medtronic
JR4 8F guiding catheter together with a thin and stiff guidewire. In this experiment,
a guidewire stiffness configuration of [—1, 6] was used, while the catheter stiffness pa-
rameters were optimized by the proposed algorithm to [[—1,6.0], [5.3,6.7], [4.7,6.2]]
to achieve the best correspondence between the simulated and real catheter shapes.

Figure 5.8: Real and simulated images used for comparison of the JR4 8F guiding
catheter from Medtronic and an accompanying thin and stiff guidewire.
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Figure 5.9 shows the resulting aligned overlay of the centerlines extracted from the
real and simulated images. As can be observed, the simulated catheter geome-
try follows the real catheter shape closely, indicating that the optimized stiffness
parameters provide a good correspondence between the physical and simulated con-
figurations.

Figure 5.9: Aligned overlay comparison of the centerlines extracted from the real
and simulated images of the JR4 8F guiding catheter from Medtronic and the ac-
companying thin and stiff guidewire.

In Figure 5.10, the guidewire was replaced with a thicker and stiffer variant. Us-
ing the previously optimized catheter stiffness configuration, the guidewire stiffness
parameters were optimized to [—1,6.9] to achieve the best correspondence between
the simulated and real images.

Figure 5.11 shows the resulting aligned overlay of the centerlines extracted from
the real and simulated images using the thicker and stiffer guidewire. As can be
observed, the simulated catheter geometry follows the real catheter shape closely,
indicating that the optimized stiffness parameters provide a good correspondence
between the physical and simulated configurations.

In figure 5.12 shows the real and simulated images used for comparison of the
Cordis XBLAD 4 8F guiding catheter together with a thin and stiff guidewire.
In this experiment, a guidewire stiffness configuration of [—1,6] was used, while
the catheter stiffness parameters were optimized by the proposed algorithm to
[[—1,6.3],[2.6,7.9],[1.3,5.6]] to achieve the best correspondence between the sim-
ulated and real catheter shapes.
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Figure 5.10: Real and simulated images used for comparison of the JR4 8F guiding
catheter from Medtronic and an accompanying thick and stiff guidewire.

Figure 5.11: Aligned overlay comparison of the centerlines extracted from the
real and simulated images of the JR4 8F guiding catheter from Medtronic and the
accompanying thick and stiff guidewire.

Figure 5.13 shows the resulting aligned overlay of the centerlines extracted from
the real and simulated images. As can be observed, the simulated catheter geom-
etry follows the real catheter shape closely, indicating that the optimized stiffness
parameters provide a good correspondence between the physical and simulated con-
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Figure 5.12: Real and simulated images used for comparison of the XBLAD 4 8F
guiding catheter from Cordis and an accompanying thin and stiff guidewire.

figurations.

Figure 5.13: Aligned overlay comparison of the centerlines extracted from the real
and simulated images of the XBLAD 4 8F guiding catheter from Cordis and the
accompanying thin and stiff guidewire.

In Figure 5.14, the guidewire was replaced with a thicker and stiffer variant. The
previously optimized catheter stiffness configuration [[—1,6.3], [2.6, 7.9],[1.3, 5.6]] to-
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gether with the guidewire configuration [—1,6.9] was used to evaluate whether the
simulation could reproduce a catheter shape similar to that observed in the real
image.

Figure 5.14: Real and simulated images used for comparison of the XBLAD 4 8F
guiding catheter from Cordis and an accompanying thick and stiff guidewire.

Figure 5.15 shows the resulting aligned overlay of the centerlines extracted from
the real and simulated images. In contrast to the previous experiments, the sim-
ulated catheter geometry does not closely follow the shape of the real catheter.
This indicates that the previously optimized stiffness parameters are less suitable
for reproducing the behavior of this catheter-guidewire combination, highlighting
the sensitivity of the catheter shape to variations in both catheter and guidewire
properties.

Figure 5.15: Aligned overlay comparison of the centerlines extracted from the real
and simulated images of the XBLAD 4 8F guiding catheter from Cordis and the
accompanying thick and stiff guidewire.
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5.5 Evaluation of Suitable Metrics

To evaluate which accuracy metrics are most suitable for comparing physical and
simulated catheter configurations, two trials from the Bayesian optimization sweep
are presented for the Cordis Vistabrite Tip 8F JL4 catheter - one representing the
best-matching trial and one representing a poor-matching trial. By comparing the
metric outputs across both cases, the discriminative ability of each metric can be
assessed.

5.5.1 Optimized Trial

Figure 5.16 shows the reference and simulated images alongside the aligned centerline
overlay. Visually, the two centerlines follow a similar overall trajectory, with the
main discrepancy concentrated in the proximal curved region near the catheter tip.

Reference image (Length: 257.6 mm) Simulated image (Length: 257.6 mm)

Centerline Centerline

4

=
L

(a) Reference and simulated images.

Aligned Overlay Comparison

~

—— Reference image
—— Simulated image

(b) Aligned overlay comparison.

Figure 5.16: Optimized trial - reference and simulated images with aligned cen-
terline overlay.
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Figure 5.17 shows the curvature and bending radius heatmaps overlaid on the ref-
erence and simulated images. The highest curvature is concentrated at the tip in
both cases, with the straight shaft exhibiting near-zero curvature. The minimum
bending radius was 9.0 mm for the physical catheter and 10.8 mm for the simulated
one, indicating that the simulator produces a marginally less tight bend at the tip.

Reference image - Curvature (Length: 257.6 mm) Simulated image - Curvature (Length: 257.6 mm)
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(a) Curvature heatmap.
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(b) Bending radius heatmap.

Figure 5.17: Optimized trial - curvature and bending radius heatmap overlays on
reference and simulated images.
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Figure 5.18 shows the curvature profiles and point-wise RMS error along the normal-
ized arc-length. The curvature profiles track each other closely along the straight
shaft but diverge at the proximal tip region, consistent with the bending radius
difference observed above. The RMS error plot confirms this, showing the largest
point-wise deviations in the same proximal region, with an overall RMS of 1.26 mm
and a mean distance of 1.10 mm.
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(a) Curvature profiles at matched arc-length positions.
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(b) Point-wise centerline mismatch along the catheter.

Figure 5.18: Optimized trial - curvature profile comparison and point-wise RMS
error along the catheter.
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Figure 5.19 shows the distance histogram and Hausdorff distribution. The Hausdorff
distance was 1.81 mm, representing the worst-case local deviation, driven by the
proximal curved region identified above.
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Figure 5.19: Optimized trial - distance-based metric distributions.
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Figure 5.20 shows the segmentation overlap, yielding a Dice score of 56%.

Reference image mask (blue) Simulated image mask (red) Segmentation overlaps (blue/red/green)

Both: 3030 px

@ Only Reference image
Only Simulated image
Overlap (both)

Figure 5.20: Optimized trial - segmentation overlap showing Dice similarity coef-
ficient.

95



5. Results

5.5.2 Non-Optimized Trial

Figure 5.21 shows the reference and simulated images for a non-optimized trial of the
same catheter. The aligned centerline overlay shows a clear geometric discrepancy
between the physical and simulated configurations across the full catheter length.

Reference image (Length: 257.6 mm) Simulated image (Length: 257.6 mm)

—— Centerline —— Centerline

A

(a) Reference and simulated images.

Aligned Overlay Comparison

= Reference image
= Simulated image

(b) Aligned overlay comparison.

Figure 5.21: Non-optimized trial - reference and simulated images with aligned
centerline overlay.
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Figure 5.22 shows the curvature and bending radius heatmaps for the non-optimized
trial. The spatial distribution of curvature differs markedly between the physical
and simulated images, reflecting the incorrect stiffness parameterization.
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(a) Curvature heatmap.
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(b) Bending radius heatmap.

Figure 5.22: Non-optimized trial - curvature and bending radius heatmap overlays
on reference and simulated images.
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Figure 5.23 shows the curvature profiles and point-wise RMS error for the non-
optimized trial. The curvature profiles diverge significantly along the full catheter
length, and the RMS error plot shows substantially elevated point-wise deviations,
with an overall RMS of 5.52 mm and a mean distance of 4.63 mm.
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(b) Point-wise centerline mismatch along the catheter.

Figure 5.23: Non-optimized trial - curvature profile comparison and point-wise
RMS error along the catheter.
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Figure 5.24 shows the distance histogram and Hausdorff distribution for the non-
optimized trial. The Hausdorff distance of 15.83 mm is substantially larger than
in the optimized trial, reflecting the severe worst-case deviation introduced by the
incorrect stiffness parameters.

Distance histogram Distance CDF
i —== Mean = 4.631 mm i
~~- Max = 15.826 mm ! 1.01
i
i
1
i 0.8 1
i
:
1 c
=]
i ‘g 0.6
1 N
1 )
2
L=
1 =}
! g 0.4
1 3
1O
1
1
i
1
| 0.2 1
i
H 0.0 1
2 4 6 8 10 12 14 16 2 4 6 8 10 12 14 16
Point-wise distance (mm) Point-wise distance (mm)
(a) Distance histogram and CDF.
Hausdorff distance along arc length Modified Hausdorff distance distribution
16 === Modified Hausdorff distance = 3.595 mm
70
14
= 60 -
€ 12
£
3 50 A
S 10+
&
© - Reference image - Simulated image ‘E 40
‘5 81 ~— Simulated image - Reference image >
g --- Hausdorff distance = 15.826 mm 8
E=y
2 6 30
k7]
g
©
2 49 201
21 10
0 4
0 50 100 150 200 250 0.0 2.5 5.0 7.5 10.0 125 15.0
Arc length (mm) Nearest-neighbor distance (mm)

(b) Hausdorff distance distribution.

Figure 5.24: Non-optimized trial - distance-based metric distributions.
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Figure 5.25 shows the segmentation overlap for the non-optimized trial, yielding a
Dice score of 11%.

Reference image mask (blue) Simulated image mask (red) Segmentation overlaps (blue/red/green)

Both: 518 px
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Figure 5.25: Non-optimized trial - segmentation overlap showing Dice similarity
coefficient.

Table 5.4 summarizes the metric values for both trials. All metrics clearly distinguish
between the two cases, with the optimized trial showing substantially lower error
across all measures.

Metric Optimized trial Non-optimized trial
RMS (mm) 1.26 5.52
Hausdorff (mm) 1.81 15.83
Modified Hausdorff (mm) 0.94 3.60
Average Distance (mm) 1.10 4.63
Max Distance (mm) 2.26 15.83
Dice 0.56 0.11

Table 5.4: Comparison of accuracy metrics between the optimized and non-
optimized trials for the Cordis Vistabrite Tip 8F JL4 catheter.

5.5.3 Metric Analysis Across All Trials

Figure 5.26 shows all six metrics plotted across the 225 trials, ordered by their com-
posite optimization score. The distance-based metrics: RMS, Hausdorff, Modified
Hausdorff, Average Distance, and Maximum Distance follow a similar trend across
the ranked trials, while Dice oscillates.

Figure 5.27 shows the correlation matrix between all metrics across the 225 trails.
RMS, Average Distance, and Maximum Distance are almost perfectly correlated
(r > 0.99), while Hausdorff and Modified Hausdorff also show very high correlation
with RMS (r = 0.97 and r = 0.92 respectively). The Dice score shows only a weak
negative correlation with RMS (r = —0.32).
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Figure 5.26: Metric values across 225 trials ordered by composite optimization
score.
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Figure 5.27: Correlation matrix between all metrics across the 225 trails.
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Discussion

This chapter discusses the results obtained from the proposed image-based frame-
work and evaluates the strengths and limitations of the developed methods. The
findings from the validation experiments, the comparison between the physical and
virtual simulation environments, and the stiffness optimization experiments are in-
terpreted in relation to the research questions and the overall aim of the thesis.
In addition, limitations of the current framework and possible directions for future
work are discussed.

6.1 Image-based parameterization of instruments

At an early stage of the project, an approach based on Scale-Invariant Feature Trans-
form (SIFT) features was explored to identify the corresponding patterns between
the captured images and the simulated catheter images. However, this approach was
not pursued further, as it proved difficult to extract a sufficient number of reliable
keypoints. The images primarily consisted of a uniformly colored background with a
single catheter, resulting in limited texture and distinct features. Consequently, the
SIFT algorithm was unable to detect enough meaningful feature points for robust
matching.

The image-based parameterization approach demonstrated improved performance,
allowing for reliable estimation of the catheter length in both simulated and real
images.

6.2 Validation of the Algorithms

The validation results indicate that the proposed algorithms provide sufficiently
accurate and consistent performance for image-based comparison of the physical
and simulated catheter configurations. Crucially, these results establish that the
downstream comparison metrics rest on a reliable geometric foundation. Errors in-
troduced at the extraction and alignment stage are small enough not to confound
the shape comparison results.

The length estimation algorithm achieved a mean absolute error of 0.117 cm across
seventeen catheter lengths ranging from 1.0 to 25.0 cm, with R? > 0.99 against the
physical reference. The error is predominantly fixed in absolute terms rather than
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proportional to length, a behavior consistent with pixel-level uncertainty in skele-
ton endpoint detection, which introduces a constant arc-length offset regardless of
catheter size. As a result, relative error grows for shorter catheters: below 15 cm
the fixed offset represents a non-negligible fraction of total length, while above 15
cm it becomes negligible. For the catheters relevant to this study, where shape com-
parison deviations are expected on the order of millimeters to centimeters, this level
of length estimation error does not meaningfully affect the downstream comparison
results.

The length estimates also remained consistent across the six bending configura-
tions tested, indicating that catheter curvature and geometric deformation do not
meaningfully affect the accuracy of the method. This robustness is attributed to
two successive noise suppression stages in the pipeline: the Frangi vesselness filter
enhances tubular structure and suppresses background noise prior to skeletoniza-
tion, and the subsequent B-spline fitting regularizes the extracted centerline before
arc-length is integrated. Together these stages absorb the local skeleton irregulari-
ties that curved geometries would otherwise introduce, making the length estimate
largely insensitive to catheter shape.

The alignment algorithm successfully compensates for rotational and translational
differences between the compared centerlines, resulting in a close geometric corre-
spondence after alignment.

6.3 Physical SIM vs. VIST

A comparison was performed between the physical simulator (SIM) and the VIST
simulator to evaluate how closely the behavior of the catheter and guidewire in
the virtual environment corresponded to that observed in the physical setup. How-
ever, several known limitations affect the comparability between the two systems.
The vascular structures in the physical SIM consist of relatively compliant and de-
formable materials, whereas the vessels in VIST are modeled as rigid structures
that do not deform in response to catheter or guidewire interaction. As a result,
mechanical interactions between the instruments and the vessel walls differ between
the physical and virtual environments, particularly when using stiffer catheters or
guidewires. Differences in frictional properties, anatomical representation, and over-
all instrument behavior further contribute to discrepancies between the systems.
Given these fundamental environmental differences, quantitative shape comparison
metrics are not reported for this section, as any numerical deviation would reflect
representational mismatches between the two environments as much as genuine sim-
ulator inaccuracy. The purpose of this comparison is therefore limited to demon-
strating that the proposed pipeline operates reliably across both imaging contexts.

The results confirm that the proposed algorithm successfully detects and extracts
the catheter centerline in both the physical SIM environment and the VIST sim-
ulation system. The aligned overlay shown in Figure 5.7 demonstrates that the
alignment procedure produces a geometrically coherent result in both cases, estab-
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lishing that the framework generalizes across the two distinct imaging conditions.
This cross-environment robustness is a necessary prerequisite for the subsequent
stiffness optimization experiments, where the framework is applied to more con-
trolled comparisons between physical and simulated catheter configurations under
matched conditions.

6.4 Stiffness Sweep and Bayesian Optimization

The stiffness sweep and Bayesian optimization experiments were conducted to inves-
tigate whether the mechanical properties of catheters and guidewires could be ap-
proximated directly from image data. By comparing physical and simulated catheter
configurations, the framework searches for stiffness parameter combinations that re-
produce the observed catheter geometry as closely as possible. The results provide
insight into both the feasibility and the limitations of estimating simulator param-
eters from static image-based observations alone.

As described previously, the stiffness sweep experiments were performed using two
different catheter types together with two different guidewires, resulting in four
unique catheter-guidewire combinations. The stiffness parameters were optimized
using three of these combinations, while the fourth combination was evaluated us-
ing the previously optimized parameters without additional tuning. This approach
made it possible to investigate not only how well the optimization could reproduce
known configurations, but also how transferable the optimized parameter sets were
to unseen catheter-guidewire combinations.

The results indicate that the optimization framework is capable of identifying stiff-
ness configurations that produce simulated catheter geometries with a high degree
of similarity to the corresponding physical configurations in several cases. In par-
ticular, the optimized simulations were able to reproduce the overall curvature and
spatial trajectory of the catheter centerlines with relatively small geometric devia-
tions.

However, the experiments also revealed limitations in the generalizability of the op-
timized parameter sets. The non-optimized catheter-guidewire combination showed
noticeably larger discrepancies between the physical and simulated configurations,
suggesting that stiffness parameters optimized for one setup do not necessarily trans-
fer well to other instrument combinations. This likely reflects the complexity of
catheter mechanics, where instrument behavior depends not only on stiffness values,
but also on interactions between catheter geometry, guidewire properties, friction,
vessel deformation, and boundary conditions within the environment.

Another important limitation is that the optimization relies solely on static image-
based observations. Multiple stiffness configurations may produce visually similar
catheter shapes in two-dimensional image space, making the parameter estimation
problem inherently underdetermined. As a result, the optimization identifies param-
eter sets that reproduce the observed geometry, but not necessarily the true physical
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material properties of the instruments.

Despite these limitations, the results demonstrate that the proposed framework
provides a practical method for quantitative tuning and evaluation of simulator
parameters. The combination of image-based comparison and Bayesian optimization
offers a systematic alternative to manual parameter tuning and may provide useful
support for future simulator calibration and validation workflows.

6.5 Evaluation of Suitable Metrics

The evaluation of suitable metrics was performed to investigate which quantitative
measures are most appropriate for assessing the accuracy and realism of endovascu-
lar simulations, since no standardized evaluation methodology currently exists for
this domain. The comparison between the optimized and non-optimized trials pro-
vided a controlled basis for this analysis, as the two cases represent clearly distinct
levels of geometric correspondence and therefore allow the discriminative ability of
each metric to be assessed directly.

Among the distance-based metrics, RMS error proved the most informative for char-
acterizing overall geometric correspondence. As shown in Table 5.4, RMS error
increased from 1.26 mm in the optimized trial to 5.52 mm in the non-optimized
trial, clearly reflecting the difference in simulator parameterization. The point-wise
error profiles further demonstrated that RMS error is effective at localizing spatial
deviations along the catheter shaft, making it useful not only as a global summary
statistic but also as a diagnostic tool for identifying where along the catheter the
simulation diverges from the physical reference. However, RMS error alone does
not capture differences in local bending behavior, since two centerlines may achieve
similar point-wise distances while differing in their curvature distribution.

Curvature-based analysis provided complementary information precisely in these
cases. When comparing configurations affected by different guidewire stiffnesses,
the curvature heatmaps revealed mechanical differences in local bending behavior
that were not fully reflected in the distance-based metrics alone. This makes curva-
ture analysis particularly valuable for evaluating whether the simulator reproduces
the mechanical response of the instrument, rather than just its global shape.

The remaining distance-based metrics: Hausdorff distance, Modified Hausdorff dis-
tance, Average Distance, and Maximum Distance, all demonstrated strong discrim-
inative ability, clearly separating the optimized and non-optimized trials. However,
as shown in Figure 5.26, all distance-based metrics follow a near-identical trend
across the 225 trials ranked by composite optimization score, while the Dice coeffi-
cient oscillates independently of the others. This redundancy is further confirmed by
the correlation matrix in Figure 5.27, where all distance-based metrics are strongly
intercorrelated with RMS error (r > 0.91 in all cases), indicating that they carry
largely redundant information. Among these, Hausdorff distance warrants particu-
lar attention: as a worst-case measure it is disproportionately sensitive to isolated
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outliers or segmentation artifacts, which limits its reliability as a general summary
statistic. Modified Hausdorff distance partially addresses this by averaging over
the nearest-neighbor distribution rather than taking the maximum, but remains
strongly correlated with RMS (r = 0.92) and does not offer meaningfully indepen-
dent information. Given this redundancy, RMS error is recommended as the primary
distance-based metric, as it is the most widely used, interpretable, and representa-
tive measure of overall geometric correspondence.

The Dice similarity coefficient, by contrast, proved the least suitable metric for this
application. Despite the optimized trial showing strong geometric correspondence
by all distance-based measures, the Dice score reached only 56%, which is a value
that would typically suggest poor overlap. This behavior stems from the sensitivity
of Dice to segmentation mask width rather than centerline position: small lateral off-
sets between thin, curvilinear structures produce disproportionately large reductions
in pixel overlap, making the metric poorly suited for catheter shape comparison. The
correlation analysis across 225 trials confirmed this, showing only a weak negative
correlation between Dice and RMS error (r = —0.32), while all distance-based met-
rics were strongly intercorrelated (r > 0.91).

Taken together, the results indicate that no single metric is sufficient for comprehen-
sive evaluation of endovascular simulation accuracy. A combination of RMS error
for spatial localization and curvature analysis for mechanical shape characterization
provides the most complete picture of simulator fidelity, and is recommended as the
basis for future evaluation workflows.

6.6 Societal, ethical and ecological aspects

The societal impact of this project lies in its potential to improve patient safety,
as more accurate simulations can reduce the risk of errors during real procedures
by enhancing clinician training prior to patient contact. The use of objective accu-
racy metrics can also contribute to the standardization of simulator quality across
institutions, reducing the reliance on subjective expert evaluation. However, there
is a potential risk that clinicians may place excessive trust in simulators if accu-
racy metrics are misinterpreted or overstated, highlighting the importance of clearly
communicating the scope and limitations of the proposed framework.

From an ethical perspective, the project uses exclusively simulator data, without in-
volving patient data. This approach avoids privacy concerns and minimizes ethical
approval requirements. Furthermore, the focus on objective, data-driven evaluation
helps reduce subjective bias in simulator assessment, supporting fair and transpar-
ent evaluation practices.

With respect to ecological considerations, this project is not expected to have a
significant environmental impact, as it is limited to offline image processing of exist-
ing simulation and experimental data. No additional hardware or energy-intensive
processes are required beyond standard computational resources.
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6.7 Future work

For future work, several directions can be explored to further improve and extend
the proposed framework. Evaluating a broader range of catheter and guidewire
types, including different diameters, stiffness profiles, and tip configurations, would
enable a more comprehensive assessment of the robustness and generalizability of
the system across different clinical scenarios. Expanding the experimental setup in
this way would also improve statistical reliability of the results and allow stronger
conclusions to be drawn regarding the applicability of the proposed methods.

Another important extension would be to incorporate three-dimensional analysis.
The current framework operates entirely in two-dimensional image space, which re-
flects the projection-based nature of fluoroscopic imaging but inherently loses spatial
depth information. Extending the framework to three-dimensional data would allow
a more realistic representation of anatomical structures and instrument behavior,
enabling more advanced geometric comparison and potentially improving the accu-
racy of alignment and shape analysis.

In addition, incorporating temporal information through the analysis of video se-
quences represents a promising direction for future development. The current eval-
uation is based on static image comparisons, whereas catheter navigation is inher-
ently dynamic. By analyzing continuous image sequences, the framework could be
extended to evaluate motion consistency, temporal stability, and dynamic deforma-
tion behavior during instrument manipulation. This could also enable continuous
tracking of catheter motion and provide more detailed insight into transient me-
chanical effects and interaction forces.

Another limitation of the current study is the relatively simple physical phantom
model used during validation. The phantom contains a limited vascular structure
and therefore restricts the range of catheter configurations and navigation scenarios
that can be evaluated. Employing a larger and more anatomically realistic phan-
tom with more extensive vascular branching would enable testing under conditions
that more closely resemble clinical procedures. This would also allow evaluation of
a wider variety of catheter types, guidewire combinations, and procedural paths,
thereby strengthening the clinical relevance of the framework.

Finally, future studies could investigate the integration of the proposed framework
into automated simulator calibration workflows. The current optimization process
demonstrates that simulator stiffness parameters can be tuned to reproduce physical
catheter behavior. Building upon this, future systems could automatically calibrate
simulator parameters against large physical reference datasets, enabling continu-
ous validation and refinement of endovascular simulation models during simulator
development.
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Conclusion

This thesis presented an image-based framework for quantitative evaluation of en-
dovascular simulation systems. The proposed framework was developed to address
the lack of standardized and objective methods for assessing the technical accuracy
and mechanical realism of simulated catheter behavior. By combining camera-based
image acquisition, centerline extraction, geometric alignment, and quantitative com-
parison metrics, the framework enables systematic comparison between physical and
simulated catheter configurations.

The validation experiments demonstrated that the proposed algorithms provide ac-
curate and consistent performance for catheter analysis in two-dimensional image
space. The catheter length estimation method achieved a mean absolute error of
0.117 cm and showed strong agreement with physical reference measurements across
a wide range of catheter lengths. The alignment procedure further demonstrated
robust compensation for geometric transformations between compared centerlines,
enabling reliable comparison of physical and simulated catheter shapes.

The comparison between the physical simulator and the Mentice VIST simulator
showed that the framework is capable of detecting and quantifying geometric dif-
ferences between the systems. Although close correspondence could be achieved
in several experiments, the results also highlighted important limitations related to
differences in vessel compliance, frictional properties, and anatomical representation
between the physical and virtual environments.

In addition, the proposed optimization framework demonstrated that simulator stiff-
ness parameters can be tuned to reproduce physical catheter configurations with
relatively high geometric similarity. The experiments further showed that Bayesian
optimization provides an efficient alternative to manual parameter tuning when
searching high-dimensional stiffness parameter spaces. However, the results also re-
vealed limitations in the transferability of optimized parameter sets between different
catheter-guidewire combinations, illustrating the complexity of catheter mechanics
and the challenges associated with estimating physical properties from static image
observations alone.

Among the evaluated comparison metrics, RMS error and curvature analysis were
found to provide the most informative measures of geometric correspondence and
mechanical behavior. RMS error was particularly useful for localizing spatial devi-
ations between centerlines, while curvature analysis provided complementary infor-
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7. Conclusion

mation regarding local bending characteristics and catheter mechanics.

Overall, the results demonstrate that the proposed framework enables quantitative,
repeatable, and objective evaluation of endovascular simulator realism. The frame-
work provides a foundation for future research on automated simulator validation
and calibration and may contribute to the development of more standardized eval-
uation methodologies for endovascular simulation systems.
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