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ABSTRACT

Minimally invasive surgeries are performed using various medical instruments such as catheters
and endoscopes in order to reduce the burden on patients. However, these procedures rely on indi-
rect observation modalities, including endoscopy and X-ray CT, and therefore cannot be performed
in an intuitively manipulable manner. As a result, a high level of operator expertise is required. In
this context, the introduction of tactile sensing into minimally invasive medical devices is expected
to improve the spatial resolution of intraoperative monitoring.

To date, a number of catheter-type tactile sensors based on electrical principles have been
proposed, but all of them face challenges when high-density tactile sensing is required. In this study,
we address these challenges by proposing a novel vision-based tactile sensing system, “TacBalloon”
, which is built upon a balloon catheter originally developed for cardiac ablation procedures.

In particular, to realize a compact, balloon-catheter—scale tactile sensor, which has been difficult
to achieve using conventional vision-based tactile sensing methodologies, we construct a data-driven
tactile sensing framework. The proposed system adopts a marker-based tactile sensing approach,
in which a marker pattern printed on the skin surface is observed through an endoscope and used
to infer tactile information. Tactile estimation is performed by a neural-network-based tactile
estimation model, which is trained on a dataset generated entirely in simulation. During training,
data augmentation and related techniques are introduced to mitigate the Sim2Real gap.

We experimentally evaluated the performance of the tactile balloon catheter implemented us-
ing the proposed data-driven tactile sensing system. Within regions where the surface markers
were visible, the system achieved a contact depth estimation accuracy of approximately +1 mm
and reliably reconstructed complex surface deformations. Furthermore, by comparing against pho-
togrammetry, we assessed its ability to estimate contact areas on anatomically realistic models.
The results demonstrate that TacBalloon enables high-density, wide-area tactile sensing on a flex-
ible balloon surface and constitutes a promising solution for providing real-time tactile feedback

in minimally invasive surgery.

Keyword:Tactile sensing, Tactile sensor, Vision-Based Tactile sensor, Balloon Catheter, Softbody

Simulation, Optical Simulation , Machine learning
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Chapterl

Introduction

1.1 Background

1.1.1 Tactile Sensing

In recent years, advances in the field of robotics have expanded the range of tasks that
robots can perform from conventional manufacturing to logistics, agriculture, service in-
dustries, and even highly specialized domains such as medical care and nursing care.
Against the backdrop of global labor shortages and population aging, demand for automa-
tion and labor-saving through the use of robots has been steadily increasing. According
to a 2010 report by the New Energy and Industrial Technology Development Organiza-
tion (NEDO), a national research and development agency in Japan, the robotics market,
including its latent potential, was projected to reach 5.3 trillion JPY (60.4 billion USD)
by 2025 and 9.7 trillion JPY (110.9 billion USD) by 2035, based on the average 2010
exchange rate of 87.8 JPY per USD |[1]. Estimates by private market research firms for
around 2025 suggest that, even when limited to industrial robots, the market size of the
robotics industry will be on the order of 50 billion USD in 2025, and is expected to grow
to 90.6-—111.0 billion USD by 2030 and 291.1 billion USD by 2035 |2-4]. The market
for service robots is also projected to surpass NEDO’ s earlier forecasts [5], indicating
an overall acceleration in market growth . NEDO’ s 2024 market analysis identifies the
manufacturing sector, warehouse management and logistics, and the medical, nursing, and
welfare sectors as the main segments driving the expansion of the Al robotics market, sug-
gesting that technological innovation in these areas will be a key factor in transforming

future social infrastructure [6].



Table 1.1: Market estimates and projections for the overall robotics industry (billion USD).
Values for 2025 from NEDO (2010) are projections, while those from private research firms
are estimates.

Source 2025 2030 2035 Segment  Reference
NEDO (2010) 60.4 - 110.9 Total 1
29.8 - 541 Industriall 1
30.7 - 56.8  Service 1
ABI Research (2025) 44.8 110.7 - Industrial 2
Mordor Intelligence (2025) 48.3  90.6 - Industrial 4
Future Market Insights (2025) 55.1 - 291.1 Industrial 3
585 - 3933  Service 5

Robotics market potential (trillion JPY)

10.0
9.0 W Service (other)
8.0
@ Service (personal)
7.0
6.0 O Service(medical/care)
5.0 — Agricultural/
Forestry/Fishery
4.0
3.0 B Robot technology
20 O Manufacture
1.0
0.0
2010 2015 2020 2025 2030 2035

Fig. 1.1: Robotics market forecast reported by NEDO (2010-2035) . English translation
by the author. : The service sector is projected to exhibit particularly strong growth.

Against this background, one of the challenges that has become apparent in the de-
ployment of industrial robots and medical/care robots is the assurance of safety and envi-
ronmental adaptability. In particular, for collaborative robots that are designed to work
in proximity with humans, and for medical and nursing-care robots that interact with
the interior of the human body, it is technically crucial to reduce the risk that the robot
may damage humans or the surrounding environment. Moreover, when handling objects

that are soft and easily crumbled, such as food products, deformable flexible materials

!"'Within the NEDO forecast, the industrial segment is obtained by summing the manufacturing, robot
technology, and non-service agricultural/forestry/fishery sectors reported in .
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Fig. 1.2: Image of future soft robot ||

such as rubber and fabric, or granular media that are inherently difficult to grasp, conven-
tional robots based on rigid links and motor-driven actuation face significant limitations
in adaptability Eﬂ Motivated by these issues, soft robots that actively incorporate flexi-
ble materials into their structures and actuation mechanisms have attracted considerable
attention. Leveraging their intrinsic compliance, soft robots enable enhanced safety and
novel approaches to robotic manipulation that exploit passive deformation to achieve bet-
ter conformity to target objects.

Alongside the progress in soft robotics, the importance of tactile sensing—which allows
robots to physically interact with the external world and “perceive” contact states—has
been rapidly increasing. Tactile sensing refers to technologies that measure mechanical
interactions between the sensor and the object (e.g., normal forces, shear forces, pressure
distributions, shape deformation, and contact locations) and feed this information back
into robot control and inference. Analogous to the tactile information obtainable from
human skin on the fingers, tactile sensing is expected to provide robots with direct infor-
mation about “what is touching where and how, ” thereby improving the accuracy and
safety of various tasks such as grasping, exploration, and manipulation.

A wide range of approaches has been proposed to realize tactile sensing, including elec-
trical, acoustic, fluidic, and optical methods. Electrical approaches utilize piezoresistive,
capacitive, and piezoelectric effects to convert external forces into electrical signals, en-
abling highly sensitive and high-speed sensing. In combination with MEMS technologies,
these approaches have enabled high-density, miniaturized sensor arrays EI] However,
because sensor elements and wiring tend to be concentrated near the contact surface,
such sensors are structurally susceptible to mechanical damage and face difficulty in si-

multaneously achieving flexibility and large deformations. In addition, their performance



is strongly affected by electromagnetic noise, humidity, and the material properties of
the contact object, and thus complex compensation methods are often required to ensure
stable operation [10].

Optical tactile sensors, by contrast, measure contact-induced deformations or changes
in optical patterns using optical waveguides, optical fibers, or camera images, and offer
advantages such as high spatial resolution, a wide dynamic range, and robustness against
electromagnetic noise [8{10]. In particular, vision-based tactile sensors estimate contact
by capturing the displacement of markers or variations in brightness patterns on the
back side of a flexible skin with a camera, and then inferring contact geometry, force
distribution, slip, and surface texture at high spatial density using image processing and
machine learning techniques |11-14]. Nevertheless, in most cases, the processing pipeline
is tightly coupled to a specific sensor design, so that designing a tactile sensor for a given
application requires co-design of both the sensor hardware and the associated processing
system. Furthermore, the sensing characteristics of a designed sensor cannot be verified
without actual fabrication, making iterative design tuning toward the target application
difficult. For these reasons, there is a strong demand for a unified system that can be
applied in a scalable manner, from whole-body robot morphologies down to ultra-compact

designs such as medical catheters.

1.1.2 Tactile sensors for medical applications

In recent years, there has been a growing demand in clinical practice for surgical techniques
that minimize tissue incision in order to reduce the burden on patients. In response, a vari-
ety of medical devices, such as catheters and endoscopes, have been developed to facilitate
minimally invasive surgery, and numerous surgical techniques for different pathologies
using these devices have been proposed. In such minimally invasive surgery, not only
the treatment of the target region but also the navigation of medical instruments along
anatomical pathways requires highly precise and skillful manipulation. This is essential to
minimize the physical burden on patients during insertion and positioning of the instru-
ments.

To enable such advanced manipulation, it is crucial to provide the operator with rich
information about the environment surrounding the medical device and thereby support

intuitive operation. However, small surgical instruments such as catheters inherently do



not afford intuitive manipulation. This is because current systems rely on indirect visu-
alization methods, such as narrow field-of-view endoscopy or X-ray CT, and are unable
to directly sense the target tissue in real time. Consequently, these procedures demand a
high level of specialized knowledge and extensive clinical experience.

In light of these challenges, directly sensing and feeding back information about the
interaction between medical devices and biological tissue has become an important re-
quirement. In particular, medical tactile sensing technologies that can measure mechan-
ical interactions—such as forces between tissue and instruments—are regarded as highly
promising [15H17].

Recent studies have further proposed the use of tactile sensing for the diagnosis of
malignant tumors by analyzing tactile information obtained from palpation of internal
tissues [18,19]. In these applications, compact tactile sensors suitable for use inside the
human body have been developed, and in many cases, electrical sensing methods based on
Micro Electro Mechanical Systems (MEMS) are employed. While such approaches enable
compact sensor designs, they typically require expensive microfabrication processes and
have limited capability to acquire tactile information that is spatially distributed over a

wide area. As a result, the practical utility of these sensors remains restricted [16].

1.1.3 Ablation catheters

Atrial Fibrillation (AF) is the most common persistent arrhythmia and is known to be
associated with an increased risk of stroke, heart failure, and all-cause mortality. Ablation
catheters are therapeutic catheters used to treat arrhythmias such as AF by delivering
thermal or non-thermal energy from the endocardial side to pathologic myocardial tissue
that constitutes abnormal electrical conduction pathways. By thermally or non-thermally
ablating this tissue, the myocardium is rendered necrotic and scar tissue is formed, thereby
achieving electrical isolation. In particular, because ectopic activity originating from the
pulmonary veins is a major trigger of AF, the current standard therapy is Pulmonary
Vein Isolation (PVI), in which the ostia of the pulmonary veins are encircled by concentric
scar lesions from the left atrial side to block electrical connections between the pulmonary
veins and the main body of the left atrium [20,21].

Ablation catheters can be broadly classified according to the mode of ablation. One

category is point-by-point ablation, in which thermal or non-thermal energy is applied via



point contact. In point-by-point ablation, the catheter tip is sequentially moved along
the atrial endocardial surface, and ablation is performed at each contact point to form
linear or circumferential lesion sets. Because the ablation outcome strongly depends on
the stability of catheter-tip positioning and the contact conditions with the myocardium,
it has been reported that even for the same operator, variability in lesion continuity and
depth can easily occur, potentially affecting treatment outcomes [20-22].

In contrast, balloon catheter ablation is a technique that enables circumferential abla-
tion with a single catheter. In this approach, the balloon is inflated at the pulmonary vein
ostium, its outer surface is brought into intimate contact with the myocardial tissue, and
ablation is then performed to create a continuous scar. Balloon catheter systems include
cryoballoon, which perform cryothermal ablation using liquid nitrogen or other refriger-
ants [23]; HotBalloon, which perform thermal ablation by heating the balloon’ s internal
medium with radiofrequency current [24,25]; and laser balloon, which perform ablation
by irradiating from the inner side of the balloon with laser energy [26] [20-22].

Balloon catheter ablation can exploit the high deformability of the balloon to cre-
ate extensive scar lesions and is considered capable of shortening procedure time while
maintaining efficacy and safety comparable to standard point-by-point ablation. It is also
reported to reduce dependence on the operator’ s level of experience and to facilitate
relatively uniform isolation of the pulmonary veins. On the other hand, in cases with
pulmonary vein anatomical anomalies or small-diameter veins, complete occlusion can be
difficult to achieve, and issues such as incomplete ablation and pulmonary vein stenosis
have been pointed out as remaining challenges [20H22,27].

In balloon catheter-based cardiac ablation procedures, it has been shown that moni-
toring contact forces and mapping ablation sites strongly influences the overall procedural
success rate [15-17]. Recent studies have further proposed the use of tactile sensing for the
diagnosis of malignant tumors by analyzing tactile information obtained from palpation
of internal tissues [1819]. In these applications, compact tactile sensors suitable for use
inside the human body have been developed, and in many cases, electrical sensing methods
based on MEMS are employed. While such approaches enable compact sensor designs,
they typically require expensive microfabrication processes and have limited capability to
acquire tactile information that is spatially distributed over a wide area. As a result, the

practical utility of these sensors remains restricted [16].
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Fig. 1.3: Modes of ablation catheters: (a) point-by-point ablation, in which ablation is
performed via point contact at the catheter tip (b) cryoballoon, in which the balloon
is filled with liquid nitrogen and the contacted tissue is frozen to induce necrosis
(¢) HotBalloon, in which the liquid inside the balloon is heated by radiofrequency (RF)
current to ablate the tissue (d) laser balloon, in which tissue ablation is performed by
irradiating from inside the balloon with a laser [31].



1.2 Research purpose

Conventional medical tactile sensors have been structurally and fabrication-wise con-
strained to local point or line measurements, making it difficult to acquire tactile infor-
mation over the entire surface of an instrument. Furthermore, in intrabody environments,
restrictions on the field of view and the placement of force sensors make real-time, wide-
area tactile sensing challenging. Against this background, the present work aims to realize
a tactile sensing technology capable of accurately estimating wide-area contact geometries
by newly designing and constructing a tactile balloon catheter based on marker-based
tactile sensing. However, implementing tactile sensing in ultra-compact balloon catheters
is technically demanding.

To address this, we propose a novel data-driven tactile sensing system, shown in Fig.
[1.4] as a framework for constructing tactile sensors and simplifying their development. The
proposed system is characterized by a tactile estimation model that is trained in a simu-
lation environment to infer tactile data. Specifically, we first design the tactile sensor as a
three-dimensional model and construct a virtual environment that integrates deformable-
body simulation with optical simulation. Within this environment, deformations of the
sensor skin and changes in optical markers induced by contact are automatically gener-
ated to build a large-scale supervised dataset. We then train a machine learning model
for tactile estimation using this dataset and introduce a learning strategy to mitigate the
sim-to-real (Sim2Real) gap that arises when deploying the model in real-world settings.

By implementing the above data-driven tactile sensing system, we aim to realize a

tactile balloon catheter as a concrete embodiment of the proposed framework.
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Fig. 1.4: System configuration: A machine-learning-based tactile estimation model is
trained on a dataset collected through simulation, where noise is injected during training
to mitigate discrepancies between the simulation and the real environment. Contact of
the balloon catheter is then inferred by feeding the tactile estimation model with images
in which optical markers have been extracted from endoscopic images acquired by an
endoscope mounted inside the tactile balloon catheter.



1.3 Structure of the Research

This thesis proposes a data-driven, vision-based tactile sensing technique aimed at sim-
plifying the construction of tactile sensing systems and advancing tactile sensing for min-
imally invasive surgery. As an application, we present a novel tactile balloon catheter and
validate its effectiveness. Accordingly, the thesis is organized to develop the discussion
step by step and systematically, covering background technologies, the proposed method,
experiments, and discussion. An outline of each chapter is provided below.

Chapterl (Introduction). We survey the landscape of tactile sensing and its medical
applications. We clarify the advantages and technical challenges of vision-based tactile
sensors adopted in the proposed method and summarize research trends in medical tactile
sensing. We then identify the technical challenges involved in applying tactile sensing to
balloon-catheter—type devices, position the problems addressed in this study, and articu-
late the significance of our approach.

Chapter2 (Related Works). We systematically review fundamentals of tactile sensing
and prior work on medical applications. We outline the principles and characteristics of
diverse tactile sensors—electrical, optical, fiber-optic, and fluidic—and describe the key
features of vision-based tactile sensing. We also organize the challenges of applying tactile
technologies to slender, compliant structures such as catheters and specify the technical
problems targeted in this research.

Chapter3 (System Design, Fabrication, Simulation and Machine Learning). We de-
scribe the design philosophy and components of the tactile balloon catheter system devel-
oped in this work and detail the prototyping process. We then present the construction of
the simulation environment used to generate training data for the tactile estimation model
and provide a detailed description of the resulting machine learning dataset. The archi-
tecture of the learning model, as well as preprocessing and postprocessing procedures,
are explained. The chapter concludes with the training process using simulated data,
convergence characteristics, learning curves, and representative prediction examples.

Chapter4 (Evaluation). We evaluate the overall performance of the trained tactile
estimation model and sensing system from three perspectives. First, we experimentally
measure depth-estimation accuracy under point contact and discuss model performance
for local balloon deformation. Second, using a rig with known shapes, we assess shape-

estimation accuracy for area contact over the entire balloon and analyze discrepancies

10



between the estimated mesh and ground-truth geometry. Third, we examine contact-area
estimation for complex shapes, clarifying the effectiveness and limitations of the method
with a view toward clinical use.

Chapterb (Discussion). We synthesize the evaluation results and position the proposed
data-driven tactile sensing system within the broader literature. In particular, we compare
with prior vision-based tactile endoscopes, highlighting the characteristics, strengths, and
limitations of our approach. We analyze the causes of accuracy degradation observed
in different evaluations—such as uncertainty in out-of-FOV regions, differences between
simulation and reality, and constraints in marker design—and outline technical issues for
future improvement.

Chapter6 (Conclusion and Future Work). We summarize the contributions of this
study and present directions for future research toward practical deployment and broader

applications.

11



Chapter2

Related works

2.1 Overview

In this chapter, we review prior work on tactile sensing technologies, including those for
medical applications, and clarify the context in which TacBalloon is situated. Tactile
sensors can be broadly classified into approaches based on electrical, acoustic, fluidic,
and optical methods. Each modality has its own strengths and weaknesses in terms of
sensitivity, miniaturization, responsiveness, flexibility, and the ability to perform wide-area
sensing, depending on its structure and sensing principle. Furthermore, as an application
to medical devices, tactile sensors for catheters have been actively investigated. Owing
to spatial constraints, tactile devices for medical use have thus far primarily adopted

electrically based approaches.

12



2.2 Electrical approaches

In tactile sensors based on electrical approaches, external forces and contacts are converted
into electrical signals to acquire tactile information. Representative methods exploit effects
such as piezoresistance, resistance, capacitance, and piezoelectricity. In general, electri-
cally based tactile sensors exhibit high sensitivity and good frequency response, while
also consuming little power. On the other hand, because the sensing elements themselves
are placed in close proximity to the contact surface, there is a durability issue in that
damage to the elements or wiring can render sensing impossible. In addition, as these
are electrical methods, sensing performance can be hindered by noise arising from the
surrounding electromagnetic field or from the materials in contact. To ensure flexibility,
it is necessary either to employ materials with special properties or to embed the sen-
sor itself on the surface or inside an elastomer. Consequently, flexibility often trades off
against structural durability and sensing accuracy. Furthermore, enhancing functionality

and increasing density through MEMS entails substantial fabrication cost [8,/9).

2.2.1 Piezoresistance

Piezoresistive tactile sensors are composed of insulating polymers in which conductive

fillers are dispersed, and detect mechanical deformation caused by external forces as
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Fig. 2.1: Piezoresistive tactile sensor (a) Schematic of a piezoresistive tactile sensor: an
external force compresses the polymer, bringing conductive fillers closer together and
thereby reducing the resistance. (b) Piezoresistive tactile sensor composed of PVA and

CNTs .
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changes in electrical resistance. Typical conductive fillers include carbon black [33], car-
bon Nanotube (CNT) [32,34,35], and metal nanoparticles [36},37]. Insulating polymers
used as matrices include PolyDiMethylSiloxane (PDMS) [3§], PolyUrethane (PU) [35],
and PolyVinylAlcohol (PVA) [32]. Sensors that rely on the deformation of conductive
fluids—such as liquid metals or ionic liquids—have also been proposed [39]. The change

in resistance of such conductive composites is described by Eq. (2.1]) [8,9].

oL
A

R: resistance, p: resistivity,

R (2.1)

L: length of the resistor, A: cross-sectional area of the resistor

When an external force compresses the tactile sensor, L decreases, while A increases
due to the Poisson effect, leading to a decrease in resistance. The resistivity p is determined
by factors such as contact between conductive fillers dispersed in the insulating polymer
and tunneling effects. Piezoresistive tactile sensors have the advantages of simple signal
processing and robustness against electromagnetic noise. However, they tend to exhibit
hysteresis, which degrades their frequency response characteristics [8},9].

Gongalves et al. developed an aqueous printable ink composed of PVA and CNT for
fabricating piezoresistive sensors. PVA is a water-soluble polymer with stretchable me-
chanical properties, enabling the fabrication of piezoresistive sensors capable of withstand-
ing strain levels of up to 3. Moreover, because the material is compatible with water-based

printing, sensors of various shapes can be easily manufactured using this approach [32].

2.2.2 Resistive

Resistive tactile sensors utilize changes in contact resistance between conductors induced
by external forces. Deformations in the microstructure at the conductor contact interface
under external loading cause changes in resistance, which are used to detect the magnitude
and direction of contact forces [40,41]. The relationship between the resistance and the

applied force is approximately proportional as expressed in Eq. ([2.2]).
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Fig. 2.2: Resistive tactile sensor. (a) Schematic of a resistive tactile sensor. (b) Resistive
tactile sensor: protrusions at the contact interface deform under external force, increasing
the contact area and thereby decreasing the resistance .

Rx F2 (2.2)

R: resistance, F": external force.

Resistive tactile sensors with such structures have the advantage of achieving high
sensitivity even for small forces. However, due to issues such as reproducibility of the
microstructure at the contact interface, they tend to exhibit hysteresis and drift .

Choong et al. developed a resistive tactile sensor by coating highly stretchable elec-
trodes onto a compressible PDMS substrate patterned with microscale pyramidal struc-
tures. When an external force is applied, the pyramids deform, altering the contact area

and geometry, which in turn changes the electrical resistance of the sensor .
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2.2.3 Capacitive

Capacitive tactile sensors consist of two electrodes and a dielectric layer sandwiched be-
tween them, and measure external forces as changes in capacitance. By introducing mi-
crostructures into the electrodes and dielectric, sensor designs with enhanced sensitivity
and flexibility have been proposed. In the case of a parallel-plate structure, the change in

capacitance is expressed as in Eq. (2.3).

o1 A
d

C": capacitance,

C =

A: overlapping area of the plates, d: distance between the plates,

€o: permittivity of free space, €1: relative permittivity of the dielectric

Changes in d are used to measure normal forces through corresponding changes in

capacitance, while changes in A can be exploited to measure shear forces. Capacitive
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Upper flexible board \. j b1 C1 |
Dielectric layer Cz—L__r_—L Cs i (o

Lower flexible board T c i
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Lower electrode layer H
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(d)

(b) Gong et al. |\

Fig. 2.3: Capacitive tactile sensor. (a)Schematic of a capacitive tactile sensor. (b)A
capacitive tactile sensor composed of a microcylindrical array: the direction and magnitude
of the applied force are calculated from differences in the output signals of a 2x2 array of
capacitive sensor elements
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tactile sensors offer excellent frequency response and a wide dynamic range. However,
they are susceptible to electromagnetic noise, and noise filtering requires relatively complex
signal processing. They are also sensitive to humidity and may malfunction depending on
the surrounding environment and the material of the contact object [8-10].

Gong et al. proposed a capacitive tactile sensor that employs a dielectric layer en-
gineered with a micro-cylindrical structure. When an external force is applied, the air
volume fraction between the cylindrical dielectric pillars decreases, resulting in a larger
change in effective permittivity with respect to strain. This enhances the sensitivity and
overall performance of the sensor. Furthermore, by analyzing the output signals from
a 2x2 array of capacitive elements, the system can disentangle and measure both the

magnitude and direction of the applied force [42].

2.2.4 Piezoelectric effect

Piezoelectric tactile sensors are based on the piezoelectric effect and measure tactile infor-

mation using the piezoelectric potential generated when a piezoelectric material is mechan-

Array of thin PZT pressure
sensing elements

Pressure

(a) (b) Canan et al. [43)

Fig. 2.4: Piezoelectric tactile sensor. (a) Schematic of a piezoelectric tactile sensor. (b)
Thin-film piezoelectric tactile sensor: by leveraging the high sensitivity and fast response
of piezoelectric tactile sensing, this device enables continuous monitoring of arterial blood
pressure.
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ically deformed. Sensitivity and mechanical flexibility depend on the material: inorganic
piezoelectric materials such as ZnO [44] and GaN [45] have high Young’ s moduli, making
them unsuitable for soft tactile sensors. For mechanically flexible piezoelectric materials,
polymer-based materials such as PVDF are often used [46]. Because piezoelectric tactile
sensors generate a piezoelectric potential only at the instant of mechanical deformation,
they exhibit excellent high-frequency response and are advantageous for vibration mea-
surement. However, owing to their high internal resistance, they cannot measure static
contacts. Moreover, piezoelectric materials also exhibit pyroelectricity, and sensor tem-
perature can therefore influence the measurement results [8},9].

Canan et al. proposed a piezoelectric tactile sensor based on the piezoelectric effect
of lead zirconate titanate (PZT). By leveraging the high piezoelectric coefficient of PZT
and the fast dynamic response inherent to piezoelectric tactile sensors, they developed a
device capable of continuously measuring subtle deformations induced by slight variations

in arterial pressure [43].

2.2.5 MEMS

Among the advancements in the aforementioned electrical tactile sensing methods, MEMS
technologies have become increasingly important for miniaturizing tactile sensors. MEMS
technology uses semiconductor fabrication processes such as photolithography, etching,
and thin-film deposition to create micro-scale mechanical structures, enabling the produc-
tion of high-precision sensing elements on the millimeter to sub-millimeter scale. This
technology has facilitated proposals for high-density, high-resolution, and multifunctional
tactile sensors that exploit electrical effects. However, MEMS microstructures are gener-
ally fragile and prone to damage in environments involving large deformations. In addition
to fabrication costs, design costs associated with miniaturization—such as wiring layouts
and structural design—are also non-negligible [8}9].

Alea et al. proposed a tactile sensor implemented on a chip by integrating a PVDF-
based piezoelectric sensor array with a front-end signal processing chip. The sensor and
chip were implemented using CMOS technology, achieving dimensions of 200 um x 200 um
per cell [47].
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Fig. 2.5: Tactile Sensor Using MEMS (a) Cross-sectional SEM image of the tactile sensor
(b) Chip micrograph of the tactile sensor implemented on a CMOS chip
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2.3 Acoustic-based tactile sensors

Acoustic-based tactile sensors estimate contact, pressure, and the mechanical properties of
contacted objects by measuring changes in the characteristics of acoustic waves propagat-
ing inside or on the surface of an elastic body. Typically, ultrasonic or audible elastic waves
are excited within the sensor, and tactile information is obtained by observing changes in
resonance frequency, attenuation, and phase or amplitude spectra induced by contact.

A key advantage of acoustic tactile sensors is that they exploit the wave field generated
in the fluid inside the sensor body and therefore do not necessarily require complex elec-
trodes or wiring at the contact surface. Moreover, by tuning the wavelength and frequency
band of the acoustic waves, it is possible to adjust sensing characteristics, such as sensi-
tivity not only to surface contact but also to information in the depth direction to some
extent. On the other hand, resonance characteristics strongly depend on the properties of
the medium and the contact conditions, making compensation for environmental fluctua-
tions, temperature variations, and aging effects crucial. In addition, in flexible structures
with complex propagation paths, it has been pointed out that identifying the relevant
modes is challenging.

The acoustic tactile element proposed by Shinoda et al. consists of a hollow elastic
body and ultrasonic transducers, as shown in Fig. [2.6a] When the internal cavity of the
elastic body is deformed, its acoustic resonance characteristics change, and the direction
and magnitude of the external force are estimated from these changes. This method
exploits the fact that the eigenmodes of the spherical cavity are slightly perturbed by the
external force, and that this perturbation appears in the frequency response [48]. Soleimani
et al. proposed an ultrasonic-tomography-based tactile skin that reconstructs the spatial
distribution of acoustic attenuation using multiple ultrasonic transducers arranged around
the periphery, thereby enabling wide-area contact detection and pressure estimation. In
this approach, the entire sensor surface is treated as a single continuous medium, and
the contact location and distribution are reconstructed from changes in the propagation

characteristics of the acoustic field within the medium [49].
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Fig. 2.6: Acoustic tactile sensors. (a) Tactile sensor based on changes in frequency re-
sponse: contact is estimated from changes in acoustic characteristics induced by defor-
mation of a spherical cavity [48]. (b) Tactile sensor based on ultrasonic tomography: the
distribution of tactile stimuli is obtained by reconstructing an attenuation map of acoustic
waves from changes in their propagation characteristics .

21



2.4 Fluidic tactile sensors

Fluidic tactile sensors estimate externally applied forces and deformations by measuring
changes in the pressure or flow rate of a fluid enclosed within the sensor body. Typical
working fluids include air, water, saline solution, and liquid metals, which are filled into
hollow chambers embedded inside compliant structures [10].

Goshtasbi et al. modeled fluid—structure interactions and proposed a method that
estimates contact location and load by training a machine learning model on internal pres-
sure measurements [50]. Zou et al. proposed a sensing strategy that can be retrofitted
to existing soft fluidic actuators. In their approach, the deformation state of the actuator
and the shape, stiffness, and surface roughness of the contacted object can be inferred
solely from measurements of the drive-side fluid pressure and flow rate. By modeling
the input—output relationship of the actuator, tactile information can thus be estimated
without embedding additional sensing elements into the structure, enabling tactile func-
tionality to be easily added to existing fluid-driven devices [51].

Instead of measuring pressure directly, alternative designs treat the fluid within the flow
channel as a conductive medium and read out pressure-induced cross-sectional changes as
variations in electrical resistance, effectively realizing a piezoresistive sensor. Several tac-
tile sensors employing conductive fluids—such as low-melting-point liquid metals or ionic
liquids that remain liquid at room temperature—have been proposed. Yao et al. presented
a thin, wearable tactile sensor in which a gallium-based liquid metal is encapsulated in
cavities inside an elastomer. Changes in the cross-sectional area of the internal cavity due
to bending or contact are detected as variations in conductive resistance and used as tactile
signals [52]. Wang et al. proposed a tactile sensor, illustrated in Fig. that employs
three liquid-metal-filled microchannels formed by 3D printing; their device simultaneously
detects tactile stimuli and temperature changes by reading out resistance changes in the
three microchannels [39]. In contrast, Kim et al. proposed a soft pressure sensor that
uses physiological saline as a conductive fluid. Owing to its high biocompatibility, saline
offers advantages over liquid metals in terms of safety and thermal stability [53].

Su et al. proposed the method shown in Fig. in which tactile information
is estimated from changes in both the pressure of a weakly conductive fluid and the
impedance between electrodes induced by fluid deformation. When the elastomer deforms

upon contact with an object, the internal conductive fluid is deformed, leading to changes
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Fig. 2.7: Tactile sensor based on conductive fluid. (a) Configuration of the microchannels.
(b) Encapsulated liquid metal: deformation of the microchannels leads to deformation of
the liquid metal. (c) Sensing circuit: variations in resistance caused by deformation of the
liquid metal in the three microchannels and by changes in the liquid metal temperature
are read out for sensing [39)].

in pressure. At the same time, the deformation of the conductive fluid alters the conductive
paths between electrodes placed on the chamber surface, and the resulting changes in
impedance are used to measure tactile stimuli [54].

A major advantage of fluidic tactile sensors is that they can maintain high flexibility
of the overall structure while allowing the electronic circuitry and pressure sensors to be
located remotely from the contact region. This is beneficial in environments where placing
metals or electronic components at the contact interface is undesirable, such as in strong
electromagnetic environments or medical applications. Furthermore, by designing the
internal fluid domain and hollow geometry, local contacts can be made to actively induce

specific pressure distributions, from which the contact location and contact geometry can
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Fig. 2.8: Tactile sensor based on pressure and impedance of a conductive fluid: tactile
stimuli are measured from impedance changes arising from variations in the conductive
paths between electrodes as the conductive fluid deforms .

be inferred.

On the other hand, because fluids possess viscosity and inertia, fluidic sensors exhibit
dynamics that differ from those of purely electrical sensors in terms of response speed and
hysteresis. In particular, in long tubes or complex flow paths, propagation delays and losses
of pressure waves become significant, making modeling and compensation indispensable in
applications that require fast tactile responses. Designs that require auxiliary components
such as pumps and valves also face challenges in miniaturizing and integrating the overall
system. When liquid metals are used, additional issues must be considered, including
changes in material properties due to oxidation and temperature variations, as well as

embrittlement caused by corrosion of other metals.
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2.5 Optical tactile sensors

Optical tactile sensors are sensing devices that convert mechanical contact and deforma-
tion into tactile information by reading changes in optical propagation or image patterns.
Optical tactile sensors offer high spatial resolution and a wide frequency response range.
They also have advantages such as high durability, flexibility, and robustness against elec-
tromagnetic and thermal noise. On the other hand, they typically require relatively high
power consumption and a computing system capable of performing complex processing.
A basic optical tactile sensor consists of a light source, an optical medium (e.g. , waveg-
uides, elastomers, or optical fibers), and a photodetector (e.g. , photodiodes or cameras).
When the sensor surface deforms upon contact, the internal optical path length, conditions
for transmission, reflection, and scattering, or visual patterns change. By detecting and
analyzing these changes, it is possible to estimate contact location, contact force, surface
geometry, and other tactile features. Optical tactile sensing approaches can be broadly
classified into methods based on optical waveguides and optical fibers, and vision-based

methods that acquire tactile information as images using cameras [8-H10].

2.5.1 Optical waveguide tactile sensors

Optical waveguide tactile sensors exploit the properties of optical waveguides such as
optical fibers, and measure contact-induced changes in light intensity, wavelength, trans-
mission, and propagation path arising from deformation or strain of the waveguide [55-58].

Maekawa et al. proposed a tactile sensor in which a hemispherical optical waveguide
is formed inside a fingertip-shaped structure. When a deformed elastomer is pressed
against the surface of the optical waveguide, the reflection conditions at the waveguide
surface change. As a result, part of the light that propagates inside the waveguide via
repeated total internal reflection is scattered at the contact region, and tactile information
is obtained by detecting this scattered light with photodetectors [59].

Luca et al. proposed a robot hand that uses optical fibers integrated with fiber
Bragg grating (FBG) strain sensors. A fiber Bragg grating is a device in which a periodic
modulation of the refractive index is formed in the core of an optical fiber. This periodic
refractive index modulation acts as a diffraction grating and reflects only a specific wave-
length component of the incident light. When a broadband spectrum is launched into a

fiber Bragg grating, light at a specific wavelength (the Bragg wavelength) is reflected. The
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Fig. 2.9: Optical-waveguide tactile sensors. (a) Optical waveguide contact sensor: when
the deformable skin is pressed and comes into contact with the optical waveguide, the
reflection coefficient at the waveguide surface changes, total internal reflection is locally
broken, and the leaked light is used to detect contact . (b) Intensity modulation of light
induced by bending of an optical fiber . (c¢) Gripper-type tactile sensor using fiber bending:
the red lines indicate optical fibers forming the tactile sensor, and tactile information is
measured from the modulation of light caused by fiber bending .
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Bragg wavelength shifts as a function of the temperature and strain applied to the optical
fiber. In the work by Luca et al. , the sensor output was derived solely from strain under
constant temperature conditions, and they demonstrated that both the size and stiffness

of the grasped object can be accurately estimated using this approach [57].

2.5.2 Vision-based tactile sensors

Vision-based optical tactile sensors use cameras to acquire tactile information as images.
They combine a compliant skin with light sources and a camera, and capture images
of marker displacements or brightness pattern changes on the back surface of the skin
induced by contact. A key feature of this approach is that, by applying image processing
and machine learning, it can estimate a wide range of tactile information, including contact
geometry, force distribution, slip, and surface texture.

Vision-based tactile sensing approaches can be broadly divided into two categories:
the GelSight method, which estimates contact from changes in reflected intensity of RGB
light components, and marker-based methods, which track the motion of markers printed
on or embedded in a flexible skin.

The GelSight sensor proposed by Johnson et al. consists of a transparent acrylic plate,
a flexible skin covering its surface with a reflective coating, and internal illumination and
a camera. As illustrated in Fig. deformations on the back surface of the skin
caused by contact are captured as images of light intensity distributions. High-density
tactile information is then extracted from these intensity distributions [11]. In particular,
as shown in Fig. GelSight is well suited for visualizing fine surface textures formed
by microscopic asperities with high resolution. However, the reflective coating on the skin
surface is prone to wear, which limits durability. In addition, the sensor surface cannot
undergo large deformations due to its structure. Furthermore, the arrangement of the
camera and light sources is restricted, making it difficult to freely design arbitrary sensor
geometries [60)].

Marker-based tactile sensing methods consist of a flexible skin embedded with optical
markers and a camera that tracks these markers to estimate deformation. The TacTip
family adopts the design shown in Fig. Numerous pin-shaped optical markers are
arranged on a compliant skin, and an internal camera is placed so that it can observe

the markers. Marker positions are extracted from the camera images by image processing
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(c)

Fig. 2.10: GelSight tactile sensor. (a) Reflective-membrane elastomer on an acrylic plate, a
cookie pressed against it, and the resulting deformation. (b) Deformation of the reflective
membrane illuminated by blue light from the lower left and red light from the lower right.
(c) Surface texture of a 20-dollar bill captured at high resolution with GelSight .
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and converted into three-dimensional coordinates, enabling high-resolution measurement
of skin deformation. As illustrated in Fig. marker-based tactile sensors allow
relatively high flexibility in marker layout and internal geometry design, and such design
choices can be used to tune sensitivity to local curvature, shear deformation, and slip
direction. Their effectiveness has been demonstrated in various robotic tasks, such as
detecting slip and shear forces [12}13,61].

Moreover, marker-based tactile sensors are highly scalable. Duong et al. developed
a large-area soft-skin tactile sensor that covers an entire robot, as shown in Fig. [2.12
They proposed a method that employs an internal stereo-camera-based vision system to

measure wide-area contact distributions in a single shot [14].
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Fig. 2.11: TacTip family: deformation of the black skin is inferred from the motion of white
optical markers. Left: designs of marker-based tactile sensors. Right: camera views. (a)
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2.6 Medical tactile sensors

2.6.1 Catheter tactile sensors

The importance of tactile sensors in the medical domain has been rapidly increasing in step
with advances in minimally invasive surgery. In particular, in endoscopic procedures and
the manipulation of intravascular devices, surgeons lose the direct haptic feedback that was
available in conventional open thoracic or abdominal surgery. As a result, tactile sensing
technologies that can measure interactions with tissue have become indispensable. Tactile
sensors used in clinical settings must prioritize safety with respect to biological tissues,
requiring high flexibility, while simultaneously being constrained to miniature geometries
that can be inserted into blood vessels or internal organs. For example, in intravascular
catheters widely used in cardiac interventions, the typical outer diameter at the tip is on
the order of 3. 5-4 mm, and even in the largest devices it does not exceed approximately
8-10 mm. Accordingly, tactile sensor design is subject to extremely stringent dimensional
constraints, with an upper limit of about 8 mm, and in actual clinical use even thinner
profiles are desired [17,,62].

Most medical tactile sensors proposed to date employ electrically based sensing princi-
ples, including piezoelectric, capacitive, and resistive mechanisms. These approaches are
characterized by high sensitivity and relative ease of miniaturization via MEMS technolo-
gies. In addition, a variety of methods based on optical fiber sensing and other principles
have been proposed. However, for clinical application, such sensors must simultaneously
satisfy multiple requirements, including miniaturization, flexibility, durability, and resis-
tance to electromagnetic interference [17,/62].

Clinical studies have demonstrated that real-time acquisition of tactile information can
lead to improved treatment outcomes. A representative example is ablation catheter pro-
cedures in which contact-force sensors are employed. In these studies, ablation catheters
equipped with a force sensor at the tip measure and control the contact force between the
catheter and the myocardium during the procedure. This has been reported to improve
the quality of lesion formation and reduce the recurrence of atrial fibrillation after the
procedure [15417].

Tactile sensors based on the piezoelectric effect constitute one of the major approaches

in medical applications [63]. With advances in MEMS technology, it has become possible
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Fig. 2.13: Electrical tactile catheters. (a) Cantilever-type piezoelectric contact sensor
fabricated using MEMS technology . (b) Tactile sensor constructed by sandwiching a
piezoelectric film between silicone rubber layers .

to fabricate micro-scale cantilever structures, such as those shown in Fig. [2.13a] Various
methods have been proposed that achieve miniaturization, thin form factor, high-speed
response, linearity, high sensitivity, and multi-axis detection of very small forces (< 1
N) . Other approaches have also been proposed in which piezoelectric films are
sandwiched between flexible materials, allowing load measurement while conforming to
compliant structures . However, in methods where electrically based sensor arrays
share the same surface as the contact interface, or where the sensors are embedded directly
at the contact surface, there is an inherent trade-off: structural flexibility is reduced, and
the sensor elements and wiring become mechanically vulnerable, so that damage can easily
render the device inoperable. This is particularly problematic in catheter structures, which
are subjected to strong bending and torsional loads, making it difficult to ensure long-term
reliability.

Furthermore, when such electrically based sensor arrays share the same surface as the
contact interface, or when the sensor arrays are directly embedded at the contact surface,

not only is flexibility reduced, but the concentration of sensors and wiring at the inter-
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face increases the likelihood of mechanical damage. The use of MEMS-based fabrication
processes also drives up manufacturing costs. In addition, electrically based measurement
techniques are susceptible to electromagnetic influences, particularly in radio-frequency
(RF) environments such as those used for ablation.

Tactile sensing methods based on optical fibers offer advantages such as small size,
light weight, and high immunity to electromagnetic interference, making them suitable
for use in combination with RF devices. In fiber-optic tactile sensors, configurations such
as those shown in Fig. have been proposed, in which contact forces are estimated
by analyzing changes in light intensity or interference patterns induced by deformation
or displacement of a diaphragm at the tip . Hybrid tactile sensors that combine
piezoelectric elements with optical fibers, as illustrated in Fig. have also been
reported [74L[75].

Despite their advantages in terms of high sensitivity, miniaturization, and fast response,
both electrical and fiber-optic tactile sensors face structural limitations when it comes to
spatially resolving extensive contact with biological tissue. In practice, they are generally
restricted to point or line contact measurements. Electrical sensors often lack sufficient
flexibility due to embedded components, or have limited deformation capability. Fiber-
optic sensors are likewise constrained in their allowable deformation because they are
highly sensitive to changes in reflection and intensity. Consequently, although these devices

are capable of measuring very small forces, their measurement range is limited, and they
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cannot accommodate larger forces.

2.6.2 Colonoscope tactile sensors

In colonoscopy, it has been clinically reported that flat polyps and non-polypoid tumors
may be overlooked even when they lie within the endoscopic field of view, due to poor
visual contrast. On the other hand, pathological studies have shown that tumor tissue is
generally harder and exhibits mechanical properties distinct from those of normal mucosa,
and tissue stiffness has been reported as a potential diagnostic marker for lesions [76].
Against this background, approaches have been proposed that do not rely solely on optical
endoscopic images, but instead augment the endoscope with tactile sensing capabilities to
quantitatively measure mechanical interactions with the intestinal wall and thereby detect
or highlight lesion sites.

Kim et al. proposed a colonoscope tactile sensor that employs a donut-shaped bal-
loon, as shown in Fig. A reflective membrane is provided over a portion of the
donut-shaped balloon surface, and an optical unit is inserted into the central opening
of the balloon. RGB LEDs illuminate the reflective membrane independently, and the
membrane is imaged by an endoscopic camera. The measurement principle is similar to
that of the GelSight method: deformation of the balloon—and hence deformation of the
reflective membrane—is projected onto RGB intensity maps and acquired as texture infor-
mation. The device is designed with a minimum diameter of 25 mm and can accommodate

diameters up to 90 mm by inflating the balloon [77].
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optical unit and a donut-shaped balloon with a reflective membrane. (b) Balloon shapes
before and after inflation, and the camera field of view after inflation .
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Chapter3

Data-driven tactile balloon catheter

3.1 Overview

Marker-based vision tactile sensors estimate tactile information by reconstructing the
three-dimensional shape of a deformable skin from changes in marker positions using
image processing. However, the image-processing pipeline depends on design factors such
as marker layout and camera configuration, and thus methods based on machine learning
have been proposed. In these approaches, the relationship between deformation and the
resulting image changes is learned only after a physical sensor has been fabricated, which
increases the cost of sensor development. Therefore, it is desirable to generate training
data by simulation and to carry out model training in a simulation-based manner.

In this chapter, we introduce a tactile sensing system that employs a tactile estimation
model trained on data generated in simulation. As a concrete implementation, we present
the design and fabrication of a tactile balloon catheter based on an existing cardiac ab-
lation balloon catheter, the HotBalloon catheter. We also describe the construction of a
simulation system for collecting training datasets, as well as the architecture and training

procedure of the tactile estimation model.
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3.2 System configuration

The proposed data-driven balloon-catheter tactile sensing system consists of three main
components: a data acquisition sequence, training sequence of Machine learning model,
and an estimation and visualization sequence. The method aims to estimate tactile infor-
mation from visual data, constructing a machine-learning model using a large amount of
simulation-generated data, and subsequently inferring the three-dimensional shape of the
balloon from optical marker patterns observed in real environments.

First, in the data acquisition sequence, the deformation behavior of the balloon catheter
and the accompanying deformation of optical marker patterns are accurately simulated by
combining deformable-body simulation with optical simulation. In the deformable-body
simulation, material parameters of the balloon are specified, and deformation-shape data
are generated to cover a wide variety of contact conditions. In the optical simulation,
image data are obtained by reproducing how changes in the balloon surface geometry
are projected into the image space of the endoscopic camera. Through this sequence of
generation processes, a large-scale dataset is constructed that establishes correspondences
between tactile information (deformation) and marker patterns.

Next, in the training sequence of Machine learning model, the aforementioned dataset
is used to train a tactile estimation model that predicts the three-dimensional deformation
shape of the balloon from optical marker patterns. In this study, a convolutional neural
network (CNN) is adopted in order to capture both local and global deformation features of
the marker patterns. The CNN extracts feature maps from image inputs and maps them,
through a multi-layer learning pipeline, to three-dimensional shape information of the
balloon. The model is trained in a supervised manner so that it learns the correspondence
between input marker-pattern images and output three-dimensional meshes.

Finally, in the estimation and visualization sequence, marker-pattern images captured
in real time by an endoscopic camera during catheter operation are analyzed, and the
trained tactile estimation model is used to infer the balloon deformation shape. The
inferred results are presented to the operator via three-dimensional visualization, enabling
indirect understanding of the contact state of the balloon.

However, one of the most critical challenges in implementing this system is that the
relative pose between the endoscopic camera and the balloon is not mechanically stable,

and that there exists a Sim2Real gap between the deformable-body simulation and the
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real environment. In particular, uncertainty in camera pose can cause large variations in
marker projections and thereby significantly degrade inference accuracy.

To address these issues, this study constructs a dataset in which domain randomization
is applied during simulation-based data generation. Furthermore, as a preprocessing step
in training, noise and geometric distortions are added to the simulation images to match
the statistical properties of real data more closely, thereby improving the model’ s gen-
eralization ability with respect to uncertainties in camera pose. Through these measures,
the system is designed to reduce inference errors arising from the Sim2Real gap and to

enable robust tactile estimation under real-world conditions.
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3.3 Tactile balloon catheter

In this study, we used the HotBalloon catheter developed by Toray Industries, Inc. |
shown in Fig. as the base device for tactile sensor development. This device is a
balloon catheter designed for the treatment of atrial fibrillation, in which a fluid inside
the balloon is heated by RadioFrequency (RF) current and the resulting thermal energy
is used to ablate myocardial tissue during pulmonary vein isolation [24,25]. In the present
work, we exploit the flexible, large-deformation balloon structure of this device as a skin
for embedding vision-based tactile sensing functionality.

The appearance and design of the balloon part of the HotBalloon catheter are shown
in Fig. The catheter body consists of a 5 mm-diameter outer shaft and a 2 mm-
diameter inner shaft arranged along the central axis. The balloon is made primarily of
polypropylene (PP), with an effective length of approximately 30 mm in the longitudinal
direction. PP resin offers high flexibility, chemical stability, and heat resistance, and there-
fore possesses the properties required to withstand temperature increases and repeated
deformation under ablation conditions. The proximal side of the balloon is bonded to the
outer shaft and the distal side to the inner shaft using a photocurable resin. The balloon
diameter varies between 5 and 35 mm depending on the volume of fluid injected into the
interior. This large range of geometric change is designed to accommodate inter-patient
anatomical variations in pulmonary vein morphology [24,25].

In this section, we describe how vision-based tactile sensing functionality is added to

the balloon structure.

3.3.1 Marker Pattern

The proposed method employs a marker-based approach. Therefore, multiple optical
markers are regularly placed on the balloon surface to enable visual measurement of de-
formation. The markers serve as indicators that reflect local stretching, rotation, and
curvature changes of the balloon surface, and are imaged in real time by an endoscopic
camera. The resulting images are passed through camera calibration and geometric correc-
tion procedures (described later), and then provided as input to a machine-learning-based
tactile estimation model. In this way, three-dimensional balloon surface geometry and
external contact states can be estimated from visual changes in the marker patterns.

In this study, we investigated two types of optical marker patterns applied to the
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Fig. 3.1: Marker layout patterns: (a) Asymmetric, (b) Symmetric

surface of the balloon catheter, shown in Fig. based on the assumption that the
marker layout strongly influences the accuracy and robustness of tactile estimation.

First, the asymmetric pattern shown in Fig. was deliberately designed to avoid
any rotational symmetry on the balloon surface. This asymmetry ensures that the ge-
ometric configuration of the marker set remains uniquely identifiable, even under small
rotations or axial shifts of the endoscopic camera. Such uniqueness helps reduce ambigu-
ities in depth and shape estimation. In vision-based tactile sensing, where only a single
viewpoint is available, rotationally symmetric patterns can project similar visual appear-
ances for different balloon orientations, potentially confusing the machine learning model.
Thus, the asymmetric design offers improved discriminability for the estimation network.

In contrast, the symmetric pattern shown in Fig. arranges the markers radially
in a regular configuration. This layout facilitates a uniform visual marker density across
the balloon surface, mitigating local information imbalance. If the marker spacing varies
significantly, the tactile estimation model may exhibit heterogeneous reconstruction ac-
curacy across regions; therefore, ensuring uniformity is important for stabilizing shape
estimation.

We also examined the appropriate marker diameter. Markers with a diameter of 1
mm provide higher spatial resolution but frequently detached during fabrication due to

insufficient adhesion area. Conversely, 3 mm markers were too large, reducing marker
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density and impairing the detection of fine local deformations necessary for tactile estima-
tion. Considering both manufacturing robustness and sensing performance, we selected a

marker diameter of 2 mm as an optimal balance.

3.3.2 Fabrication

To apply optical markers to the balloon catheter surface with high precision and unifor-
mity, we adopted a stencil-based coating process. An overview of the marker transfer
procedure is shown in Fig. [3.2c

First, the marker pattern to be transferred onto the balloon surface was geometrically
optimized, and a corresponding stencil was designed in 3D CAD. The marker layout was
designed so that markers are uniformly distributed over the entire circumference of the
balloon. The stencil inner geometry was defined as a spherical shell whose inner length
in the longitudinal direction matches the expanded balloon length of 30 mm. The stencil
was fabricated using a fused deposition modeling (FDM) 3D printer. Since FDM printing
is prone to edge rounding and dimensional inaccuracies due to layer-wise deposition, the
marker diameter was set to 2 mm in the design, but the stencil apertures were printed as
minimally sized 1 mm holes. The apertures were then mechanically enlarged using a pin
vise as a post-processing step. This procedure removes staircase-like layer artifacts inher-
ent to 3D printing and yields apertures with high circularity. As a result, the geometric
accuracy of the coated markers is improved, reducing error factors in subsequent visual
sensing and machine-learning-based tactile estimation.

Next, the balloon catheter is deflated and inserted into the stencil. The balloon is
then inflated inside the stencil so that its surface comes into close contact with the stencil
inner wall. Once contact is achieved, blue paint is sprayed through the stencil apertures
to transfer the marker pattern onto the balloon surface. After coating, sufficient drying
time is allowed to ensure that the paint adheres firmly.

After the blue paint has dried, the balloon is deflated again, removed from the stencil,
and reinflated in free space. The entire balloon is then coated with red paint as an outer
layer. Because the catheter itself is transparent, complex background patterns may be
visible through the balloon if left uncoated. The red coating suppresses the influence of
ambient light and background, thereby facilitating segmentation of the marker pattern.

Red was chosen for the outer coating because it provides high optical contrast against
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Fig. 3.2: Design and fabrication of the TacBalloon catheter. (a) Design of the balloon
catheter. (b) Design of the tactile balloon catheter and degrees of freedom of the endo-
scopic camera: the endoscope has lateral degrees of freedom of approximately 0. 5 mm, 3
mm in the axial direction (y.), and up to 360 deg in rotation (yg). Due to bending of the
balloon and catheter, the optical axis of the camera can tilt by up to approximately 45 deg
relative to the catheter axis (zy and zp). (c) Fabrication of the tactile balloon catheter:
(1) insert the balloon catheter into the 3D-printed stencil and inflate it inside; (2) spray
blue paint through the stencil apertures; (3) remove the stencil after the paint has dried;
(4) coat the balloon catheter with red paint. (d) Fabricated tactile balloon catheter
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Table 3.1: Camera profile; Enable Inc. ENA-10448-AS

Diameter mm Resolution px FoV (air) deg FoV (water) deg
1.5 480x640 120 90

the blue markers and thus improves the accuracy of marker extraction by the endoscopic
camera.

Since the balloon undergoes repeated inflation and deflation, conventional paints tend
to crack easily, leading to degradation of marker shape. To avoid this problem, we used
a polyurethane-based paint with high elasticity and excellent extensibility. Specifically,
we used Urehero manufactured by Saito Paint Co. , Ltd. , ensuring homogeneous film

thickness and mechanical flexibility.

3.3.3 Endoscopic camera

To enable imaging in the confined space inside the balloon catheter, we employed the
ENA-10448-AS endoscopic camera manufactured by Enable Inc. , as shown in Fig.
This device has an outer diameter of 1. 5 mm, making it sufficiently small to be installed
within the balloon catheter.

As illustrated in Fig. the endoscopic camera is inserted along the inner catheter

(a) (b)

Fig. 3.3: Endoscopic camera ENA-10448-AS. (a) Overall view of the endoscopic camera.
(b) Close-up view of the distal tip.
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toward the base of the balloon and positioned to observe the surface markers from inside
the balloon. In the structure used in this study, the camera has no support structure
near the balloon; it is mechanically constrained only by a stopcock-type sealing valve.
Consequently, the camera has relatively large degrees of freedom: approximately 0. 5 mm
in the lateral direction, 3 mm in the axial direction (y.), and up to about 360 deg in
rotation (yg). In addition, bending of the balloon and inner catheter can cause the optical
axis of the endoscopic camera to tilt by up to approximately 45 deg relative to the central
axis of the balloon catheter (zy and zg).

Furthermore, as shown in Figs. and the inner shaft that maintains the
balloon structure partially occludes the field of view of the endoscopic camera. As a
result, a subset of the optical markers applied to the balloon surface is occluded and thus
cannot be observed.

In the experiments, tactile estimation was performed with the balloon interior filled
with either air or water. The field of view (FoV) of the endoscopic camera depends on
the difference in refractive index between the camera lens and the surrounding medium.
This relationship is described by Snell’ s law in Eq. . When the balloon interior
is filled with water (n2 ~ 1.333), the effective FoV seen from the lens is reduced by
approximately 33 % compared with the case where it is filled with air (n; =~ 1.000).
Therefore, although the specified FoV of the ENA-10448-AS camera used in this study
is 120 deg in air (Table , it is reduced to about 90 deg in water, as depicted in Fig.
Consequently, the range of markers that can be simultaneously imaged is reduced.

[lumination for imaging inside the balloon catheter was provided by the LED light

source mounted at the tip of the endoscopic camera.

nqsin#7 = ng sin Oy (3.1)
nq : refractive index of incident medium (air ~ 1.000),
ngy : refractive index of refracted medium (water ~ 1.333),

01 : incident angle, 05 : refracted angle
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(b) ()

Fig. 3.4: Marker patterns and endoscopic camera views. (a) Reference marker layout (FoV
= 180 deg). (b) Endoscopic image of the balloon catheter filled with air (FoV = 120 deg).
(c) Endoscopic image of the balloon catheter filled with water (FoV = 90 deg).
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3.4 Camera calibration

The optical system of the ENA-10448-AS endoscopic camera used in this study employs
an ultra-wide-angle lens with a FoV of 120 deg. Compared with ordinary cameras, such
ultra-wide-angle lenses produce images with pronounced barrel distortion. This optical
distortion arises from the projection model of the lens. The standard projection model
for conventional lenses is the pinhole camera model, expressed in Eq. , whereas

ultra-wide-angle lenses are designed to follow projection models such as those in Egs.

B-3-@.9).

h
y=f— (pinhole model) (3.2)
x
y=f0 (equidistant projection) (3.3)
y= fsinf (orthographic projection) (3.4)
y = 2f tan (Z) (stereographic projection) (3.5)
. (0 - L
y = 2f sin 3 (equisolid-angle projection) (3.6)

y : image height, f : focal length, 6 : angular coverage,

h : object height, =z : distance to object

Optical lenses inevitably exhibit distortion due to manufacturing tolerances and sub-
tle deviations in lens surface shape. Consequently, images obtained from the endoscopic
camera do not strictly follow the idealized projection equations. Such optical distortions
introduce significant geometric errors in marker positions and distances on the image
plane. In particular, for the tactile estimation problem addressed in this study, small
relative position changes between markers on the balloon surface are used to reconstruct
the surface geometry. Without correction, systematic biases induced by distortion would
be propagated into the reconstructed shapes, leading to a substantial degradation in esti-
mation accuracy. Therefore, it is necessary to perform camera calibration to estimate the
internal parameters of the endoscopic camera.

However, as mentioned above, the projection model of an ultra-wide-angle lens is not

a simple pinhole camera model. Thus, calibration methods based on distortion models
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(a) (b)

Fig. 3.5: Distortion and correction of the ultra-wide-angle camera. (a) Original distorted
image. (b) Image corrected by camera calibration.

derived from the pinhole model, such as the Brown—Conrady model [78], are not appropri-
ate. Instead, we adopt the Ocam model proposed by Scaramuzza et al. as the distortion
model |79]. The Ocam model is defined by a polynomial relationship as in Eq. and
is widely used as a standard method for fisheye camera calibration. It is also available as

a fisheye camera calibration toolbox for MATLAB.

f=ao+aip' + asp® + azp® + asp’ (3.7)

p : distance from the image center, a, : distortion parameters

Using images of a checkerboard pattern captured from multiple poses, we estimated the
parameters of the Ocam model. The estimated parameters include not only the polynomial
coefficients a,, but also the coordinates ¢ of the distortion center. These parameters
allow the fisheye images to be corrected into geometrically accurate images based on the
equidistant projection model. Furthermore, separate calibrations were performed in air
and in water. Because the optical path depends on the refractive index of the medium, a
distinct optical model must be applied when the endoscope is used under water to achieve
accurate distortion correction.

The estimated lens distortion parameters are listed in Table[3.2] The effect of distortion

correction using these parameters is illustrated in Fig.
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Table 3.2: Distortion parameters

ag al as as a4

air  111. 92 0 —-2.06x10"* —1.09x10~® 1.70 x 10~8

water 168. 55 0 211x10% —1.16x10"° 1.07x 1078
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Fig. 3.6: Tactile Balloon Catheter and Simulation (a) 3D model of a tactile balloon catheter
(b) Tactile balloon catheter constructed in simulation (c) Balloon catheter in simulation:
constraints and virtual camera placement

3.5 Simulation

In this section, we describe the simulation framework used to reproduce the deformation
behavior of the balloon catheter and the associated displacement of marker patterns, and
to construct training datasets for the machine-learning model. The primary purpose of
this simulation is to avoid the cost and experimental constraints of repeated trials on
physical hardware, and to enable efficient acquisition of tactile data under a wide range
of conditions for learning.

The simulation consists of two components: a deformable-body (soft-body) simula-
tion that generates skin deformation caused by contact, and an optical simulation that
generates endoscopic images of optical markers as they move with the deforming skin.

To integrate these two components, we built a simulation environment based on NVIDIA
Isaac Sim [80]. Isaac Sim is a robotics simulation platform capable of executing high-
fidelity physical simulation and optical rendering in real time. NVIDIA PhysX5 [81] is
used for the physical simulation, in which the balloon deformation is analyzed as a soft
body. This enables real-time computation of the balloon surface deformation under various
conditions, including internal pressure variations, external contact forces, and kinematic
constraints. In this study, we imported the 3D design model of the tactile balloon catheter
fabricated in Section into the simulation environment, modeled the balloon catheter
and its optical marker patterns as a deformable body, and defined the projection model

of the endoscopic camera to construct an integrated virtual experimental environment.
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3.5.1 Soft-body simulation

The balloon catheter, which was designed in 3D CAD as illustrated in Fig. is placed
in the simulation environment as shown in Fig. [B.6b] In particular, the balloon portion
is modeled as a soft body. To reproduce the deformation behavior of the balloon catheter,
we impose appropriate constraints on the balloon structure. Specifically, the mesh vertices
at the proximal junction between the catheter shaft and the balloon are fixed in world
coordinates and used as a reference frame for deformation.

The soft-body simulation is performed using NVIDIA PhysX5, which implements a
finite-element-method (FEM)-based soft-body solver. In FEM-based soft-body simulation,
the deformation behavior of the balloon can be reproduced by assigning material properties
such as Young s modulus, Poisson’ s ratio, and density. Compared to mass-spring
methods, which approximate deformable objects with point masses and springs, FEM
provides better consistency with physical material parameters and higher accuracy in
reproducing deformation shapes [82,[83]. However, even with FEM, accurately simulating
the physics of highly deformable materials (e. g. , hyperelastic behavior) in real time
remains challenging due to computational cost. Consequently, the soft-body simulation in
PhysX5 does not perfectly match the true deformation behavior of the physical balloon.

Moreover, the balloon catheter treated in this study is a physically complex structure
consisting of an elastic membrane and internal fluid. The apparent material properties
of the balloon, such as effective Young’ s modulus, depend on deformation state, inter-
nal fluid pressure, and fluid viscosity. For this reason, it is difficult to reproduce the
deformation behavior exactly with a single set of physical parameters.

In machine-learning-based applications that suffer from discrepancies between simula-
tion and reality (the so-called Sim2Real gap), domain randomization—that is, randomizing
physical parameters during dataset generation—has proven to be an effective strategy [84].
By training on data generated under a wide variety of physical conditions, the model can
learn robust behavior and improve its generalization ability to real-world environments. In
our setting, the dataset constructed by simulation consists of balloon deformation shapes
and the corresponding endoscopic images; explicit force data applied to the balloon are
not used. This makes it particularly suitable to adopt domain randomization of physical
parameters.

For each contact episode in the simulation, we randomized the balloon’ s apparent
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Table 3.3: Camera poses and simulation parameter ranges used for data collection. Min
and Max denote the lower and upper bounds of each parameter range, respectively.

y (mm) Yo (deg) zg (deg) 2y (deg)
Min — Max Min — Max Min — Max Min — Max
2 — 2 0 — 360 -40 — 40 -40 — 40

Young' s modulus Coefficient of friction Poisson’ s ratio

E (kPa) ,u v
Min — Max Min — Max Min — Max
10 — 80 0—0.1 0.4 —0.5

Young' s modulus E (kPa), Poisson’ s ratio v, and coefficient of friction p within the
ranges listed in Table This increases the diversity of deformation patterns experienced
by the balloon and enables the construction of a robust dataset that covers the deformation
shapes likely to occur in the physical device, thereby improving the estimation accuracy

of the tactile model.

3.5.2 Optical simulation

The objective of the optical simulation is to generate virtual image data that correspond
to actual endoscopic observations, by reproducing how deformation-induced changes in
optical marker positions—obtained from the soft-body simulation—are captured by the
endoscopic camera.

The endoscopic camera used in this study, ENA-10448-AS, is an ultra-wide-angle cam-
era with a field of view of approximately 120 deg. While ultra-wide-angle cameras provide
a wide field of view, they are prone to barrel distortion and complex nonlinear aberrations
compared with standard lenses, and these distortions strongly depend on the adopted
projection model. In this work, we adopt an equidistant projection model in which the
distance y (in pixels) from the image center to any pixel is proportional to the incident
angle 0 (deg), as described by Eq. (3.3).

Within the simulation environment, we construct a virtual camera that follows the
equidistant projection model of Eq. . The field of view of the virtual camera is
set to 180 deg, which is wider than that of the actual endoscopic camera. This choice
ensures that all optical markers on the balloon surface are within the imaging range when
generating training datasets. The discrepancy between the virtual camera’ s field of view

and that of the real camera is handled later during the machine-learning preprocessing
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stage. Because, under the equidistant projection model, the distance y (pixels) from the
image center is proportional to the incident angle 6, we simulate the limited field of view
of the real camera by cropping the simulation images to the desired angular range during
preprocessing.

For optical rendering, we use the rendering engine provided by NVIDIA Isaac Sim
and treat the camera pose as a variable. Since images are binarized before entering the
machine-learning pipeline, we configure the optical simulation to output images in which
markers are rendered in white and all other regions in black, thereby generating images

that contain only the marker shapes (see e. g. , Fig. [3.5al).

3.5.3 Collecting training data

To obtain the data required for training the machine-learning model, we apply diverse con-
tact interactions to the balloon catheter within the simulation environment and construct
a dataset consisting of balloon deformation behaviors and the corresponding endoscopic
images. The dataset is designed to cover a wide range of contact conditions that may oc-
cur in practice, thereby improving the generalization performance of the model. At each

simulation step, we collect the following two types of data for learning:

e Vertex coordinates of the deformed balloon mesh: The three-dimensional
coordinates (x,y, z) of 642 vertices of the deformed balloon mesh, as computed by

the soft-body simulation.

e Virtual endoscopic camera images: Images captured by the virtual camera that
depict the deformation and displacement of optical markers induced by the balloon

deformation in the soft-body simulation.

As contacting objects in the simulation, we use three geometric primitives: a sphere, a
cylinder, and a rectangular block. For each simulation episode, we randomize the number
of contact objects, the aspect ratios of their shapes, and their contact directions, positions,
and indentation depths, in order to generate a wide variety of deformation patterns. In
addition, the pose of the virtual endoscopic camera—specifically, its position along the
optical axis y. and its tilt angles xp and zg (Fig. [3.2b)—is randomized within the ranges

listed in Table This allows us to collect image data that reflect field-of-view changes
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caused by camera misalignment and position errors, thereby bringing the simulated images
closer to those observed in real environments.

Furthermore, to reduce the Sim2Real gap, we apply domain randomization to the
physical parameters used in the soft-body simulation, namely Young s modulus E, the
static coefficient of friction p, and Poisson’ s ratio v. The randomization ranges are shown
in Table where “Under” and “Max” denote the lower and upper bounds, respectively;
parameter values are sampled uniformly within these ranges for each episode.

In total, approximately 70, 000 pairs of contact patterns and endoscopic images were
collected, and a large-scale dataset was constructed for training the tactile estimation

model.
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Fig. 3.7: Tactile Balloon Network: simulation endoscopic images are used as inputs, and
the corresponding deformed balloon 3D meshes are used as ground-truth labels for su-
pervised learning. By training the network with noise-augmented endoscopic images, the
model learns to generalize and becomes capable of estimation from real endoscopic images.

3.6 Machine Learning

Using the simulation dataset constructed in the environment described in Section
which consists of endoscopic images and the corresponding deformed balloon meshes—we
construct a tactile estimation model, referred to as the Tactile Balloon Network, and train
it in a supervised manner to estimate tactile information. In addition, to account for noise
components that cannot be fully represented in simulation, we apply data augmentation
during training so that the resulting model acquires robustness to various types of noise

encountered in real environments.

3.6.1 Preprocessing of training data

As described in Section [3.5] the endoscopic images used as inputs to the machine learning
model are idealized images generated by a virtual camera in the simulation environment.
These images do not contain the various disturbances present in actual surgical settings,
such as lens aberrations, illumination variations, scattering in fluid, marker defects, and re-
flections, and thus constitute a noise-free dataset. By contrast, real endoscopic images are
affected by diverse optical, mechanical, and environmental noise sources, as summarized
in Table A model trained solely on such clean simulation images would be vulnerable
to these disturbances, and its estimation accuracy would inevitably degrade due to the
Sim2Real gap.

Reproducing all such real-world noise phenomena in simulation is difficult. Moreover,

multiple noise sources often occur simultaneously, making it impractical to generate a
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dataset that exhaustively covers all combinations. Therefore, in this study we collect only
noise-free camera images under idealized conditions at the data generation stage, and
subsequently enhance adaptability to real environments by applying data augmentation
as a preprocessing step during training.

Concretely, as illustrated in Fig. [3.7 we adopt a strategy in which random noise
is generated and added with a certain probability to each simulation image immediately
before it is fed to the network. The noise types used are listed in Table and include
brightness variation, Gaussian noise, random masking, image rotation or translation ,
cropping , and blur, thereby mimicking various real-world disturbances. Because the
combination of these noise sources is determined stochastically, even the same input image
is subjected to different noise patterns at each epoch, as illustrated in Fig. [3.12] This
design encourages the model to acquire high robustness against real-world noise.

The original dataset consists of approximately 70, 000 noise-free images obtained in
simulation. At each epoch, however, new random noise is applied to the images during
preprocessing, so that the same sample is seen under different noise conditions throughout
training. To exploit this effect, we set the total amount of training iterations to be 100
times the nominal dataset size. In this way, we can keep the size of the underlying dataset
modest while still training a tactile estimation model that minimizes the gap between
simulation images and real images.

Finally, after adding noise, we apply binarization and resizing to the images and reshape
them into 256 x 256 x 1 tensors, which constitute the input format of the Tactile Balloon

Network.

3.6.2 Machine learning model

The overall structure of the training process is illustrated in Fig. [3.8f The Tactile Balloon
Network developed in this study takes a preprocessed endoscopic image (256x256x1) as
input and is formulated as a multivariate regression model that directly estimates the
balloon’ s three-dimensional shape.

The network consists of five Residual Blocks [85], with max-pooling layers inserted
between blocks to progressively reduce spatial resolution. This design enables extraction of
both global and local features, capturing fine marker displacements on the balloon surface

as well as overall deformation trends. After feature extraction through the five residual
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Table 3.4: Noise Models and Data Augmentation

Data augmentation H

Cropping ‘

Translation

Noise in data

Random cropping of image

Random translation of image

Real-world noise

Camera motion
Difference in field of view due
to medium

Camera motion

Crop ratio: s [%]

Translation offset: (tz,ty)[pixel]

Variables -
Crop origin: (sxo, syo)
<s<
Range 0< j:? _<8256é(3? s) e
< sz < -
—50 < ty < 50

0 < syp < 256(1—s)

Data augmentation H

Rotation

|

Brightness / Contrast

Noise in data

Random rotation of image

Random gamma correction and
brightness variation

Real-world noise

Camera rotation

INlumination variation

pixel value: ¢ =cx v+
Gamma scale: ~

Variables Rotation angle: yg [deg]
Brightness: 3
S<a<1l2
Range 0 <yy <360 0280_<a5_< 20

Data augmentation H

Gaussian noise

Region masking

Noise in data

Addition of Gaussian
distributed noise

Random masking of image

Real-world noise

Turbidity in underwater env-
ironments

Marker loss caused by
specular reflection and halation
wrinkles on the balloon surface

occlusion by the inner tube

Mean of Gaussian: mean

Mask size: (mlx, mly)[pixel]
Mask origin: (mlxzg, mlyo)[pixel]

Variables . L.
Standard deviation: o Masking ratio: m/[%]
10 < lx <128
0 <mean <0 10 < Iy < 128
Range 0< o <0002 0 <lxg <256
- = 0 <lyo < 256
1<m <40
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Fig. 3.8: Architecture of the tactile estimation network: a 256 x 256 x 1 image is fed as
input. Five stages of residual blocks and max-pooling layers are applied. The resulting
tensor is flattened and processed by fully connected layers with dropout and activation
functions. Finally, the network outputs the 3D coordinates of the balloon mesh vertices.

blocks, the resulting feature maps are flattened and passed through fully connected layers
to generate a 1926-dimensional output corresponding to the x, y, and z coordinates of the
642 vertices forming the balloon’ s 3D mesh.

PReLU is used as the activation function in each residual block. To mitigate over-
fitting, dropout (30%) is introduced between the fully connected layers. This is intended
to improve generalization during training and enhance robustness to inputs that include
real-world noise.

Note that we do not employ recurrent architectures such as LSTMs that utilize tem-
poral information. While time-series models could potentially improve shape estimation
accuracy by referencing adjacent frames, their use would require collecting training data
that comprehensively includes continuous deformation histories leading to each deforma-
tion state, resulting in an excessively large dataset. In addition, temporal variations in
camera pose and optical noise would also need to be modeled. Given the difficulty of

preparing such sequential data, we adopt a CNN-based framework with single-image in-
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put and perform tactile estimation independently for each frame, prioritizing both data
collection efficiency and robustness in real-world settings.

Training is performed in a supervised manner using the 3D balloon models from the
simulation dataset as ground-truth labels. As the loss function, we adopt the mean squared
error (MSE) defined in Eq. (3.8)). The MSE evaluates the Euclidean distance between the
predicted and ground-truth coordinates for each mesh vertex and thus directly penalizes

shape reconstruction error.

2
n
L 1 !
=1 ,
1 n

== [ =) + (0 — o) + (2 — )], (3.8)
=1

where (x;,v;, 2;) and (2}, 9}, z}) denote the predicted and ground-truth coordinates of the
i-th mesh vertex, respectively, and n is the total number of vertices.

For optimization, we use stochastic gradient descent (SGD) with an initial learning
rate of 1 x 1074, Additionally, if no improvement in the loss is observed over five consec-
utive epochs, the learning rate is reduced by a factor of 10, thereby preventing training
stagnation and premature convergence to suboptimal local minima.

With this configuration, the Tactile Balloon Network operates as a deep-learning model
that can accurately estimate the three-dimensional deformation of the balloon from visual
information alone, providing a foundation for real-time reconstruction of contact geometry

from endoscopic images.

3.6.3 Training results

The training conditions were as follows: the initial learning rate was set to 1 x 1074,
and if no improvement in the loss was observed over five consecutive epochs, the learning
rate was reduced by a factor of 1/10. This schedule encourages broad exploration in the
early training phase and finer error minimization as training progresses, leading to stable
convergence. As in the previous subsection, we used SGD as the optimizer and the MSE

defined in Eq. (3.8) as the loss function.
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Although the dataset comprises 70, 000 noise-free simulation images, random noise is
applied at each epoch during preprocessing, so that from the perspective of the model, it
effectively receives data with a diversity equivalent to roughly 100 times the dataset size.
This design enables stable estimation even in the presence of disturbances associated with
the Sim2Real gap. The batch size is set to 128, and the dataset is split into training and
validation subsets with a ratio of 8:2 for cross-validation.

Training was conducted on a workstation equipped with an Intel Core 19 processor and
an NVIDIA GeForce RTX 4080 GPU (16 GB VRAM). The high degree of parallelism
offered by the GPU, accessed via CUDA, enabled efficient processing of the large-scale
training with extensive data augmentation. The learning system and network model were
implemented in PyTorch. Training was performed for 100 epochs, with the total training
time being approximately 23. 5 hours.

The training curves for the asymmetric marker pattern shown in Fig. are pre-
sented in Fig. Both curves decrease steadily as the number of epochs increases;
the learning rate is reduced around 40 epochs, after which the error continues to decrease
more gradually and reaches a convergent trend around 80 epochs. This behavior indicates
that the learning rate scheduling functioned appropriately, enabling stable optimization
while suppressing overfitting.

In contrast, for the symmetric marker pattern, the loss did not decrease sufficiently.
Figure [3.10] shows the training curves obtained when the upper bound of the Rotation
augmentation, which mimics the camera rotation angle yg, was set to 45 deg, i. e. ,
less than half of the symmetric angle of 90 deg of the marker layout. For comparison,
Fig. shows the training curves for the asymmetric marker pattern under the same
rotational augmentation condition. While the asymmetric pattern enables stable learning
regardless of the magnitude of the rotation angle, the symmetric pattern yields stable
training only when the allowable rotation range is relatively small.

From these observations, we conclude that the asymmetric marker pattern shown in
Fig. is more suitable for tactile sensors such as TacBalloon, in which the camera has
rotational degrees of freedom as illustrated in Fig. Therefore, in the experiments
described in expriment, we adopt the asymmetric marker pattern.

Figure shows examples of input images and their corresponding 3D balloon meshes

in the training dataset, as well as noise-augmented images fed into the Tactile Balloon
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Fig. 3.9: Training curves for the asymmetric marker pattern. Smaller values indicate
higher estimation accuracy of the model. (a) Loss function (b) Least mean square error.

Network and the resulting predicted meshes. The color of each 3D mesh encodes the
depth of deformation: relative to the undeformed 30 mm sphere, vertices that deform
inward toward the center are shown in blue, whereas those that deform outward are
shown in red. The predicted results faithfully reproduce features such as balloon inflation,
indentation, and localized deformation under varying contact directions, depths, and noise
patterns. Notably, even in regions near the boundary of the field of view and for complex
deformation patterns, the predicted meshes do not exhibit severe artifacts, suggesting that
the proposed method has strong representational capacity for diverse contact conditions.

Using the trained model for real-world inference, the system executes a full processing
pipeline consisting of camera input acquisition, calibration, preprocessing and tensor for-
matting, model inference, and output of the reconstructed 3D shape data. When running
on an Intel Core i7 processor with an NVIDIA GeForce RTX 3060 GPU (12 GB VRAM),
the inference operated at approximately 24 fps, while CPU-only execution on an AMD
Ryzen 5 6600U achieved around 10 fps.
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Fig. 3.10: Training curves for the symmetric marker pattern with a small upper bound on
the rotation angle. Smaller values indicate higher estimation accuracy of the model. (a)
Loss function (b) Least mean square error.
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Fig. 3.12: Inference results: from left to right, raw endoscopic image, preprocessed input
image, predicted balloon shape, and ground-truth mesh. The network demonstrates stable
shape estimation performance even when noise is added.

63



Chapter4

Experiments and Performance Evaluation

4.1 Overview

This chapter describes a series of experiments conducted to comprehensively evaluate
the performance of the proposed information-driven tactile balloon catheter system and
its core component, the Tactile Balloon Network. The objective of these experiments is
to quantitatively verify whether the model, which has learned tactile information in a
simulation environment, can be successfully applied to real physical situations to achieve
accurate deformation estimation, depth estimation, and contact shape reconstruction. To
assess the effectiveness of the proposed model, we designed three groups of experiments

from the following perspectives:

e Depth estimation experiment
We evaluate the estimation accuracy of indentation depth (contact displacement)
when the balloon comes into contact with an external object. By using test structures
with known indentation depths and comparing the estimated results with the ground
truth, we verify the point-wise deformation reconstruction performance of the tactile

model.

e Shape reconstruction experiment
We evaluate the three-dimensional shape estimation accuracy of the model under
conditions where the overall balloon surface is constrained by a known reference
geometry. By inflating the balloon inside a hollow spherical structure and computing
the error between the estimated three-dimensional balloon shape and the known
spherical surface, we clarify the global shape reconstruction performance and the

spatial distribution of reconstruction accuracy.
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e Contact area estimation experiment
We bring the balloon catheter into contact with models of actual anatomical struc-
tures, such as cardiac tissue, and evaluate the estimation accuracy of the area and
shape of the contact region. The ground truth is obtained from contact regions
reconstructed by photogrammetry, which are compared with the contact regions

estimated by the tactile model.
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4.2 Depth Estimation Accuracy

To quantitatively evaluate the estimation accuracy of the trained Tactile Balloon Net-
work, we constructed an experimental system with a known geometric configuration and
contact depth. In this experiment, we focus on the estimation of deformation depth as a
representative point-wise evaluation of deformation estimation, and investigate the depth
estimation performance under various conditions. In addition to indentation depth, we
evaluate how the estimation accuracy is affected by the contact position, particularly
whether the contact lies inside or outside the camera field of view and whether the optical

markers on the balloon surface are partially occluded by internal structures.

4.2.1 Experimental Design

The depth estimation experiment was conducted using an evaluation system with the
structure shown in Fig. In this experiment, the tactile balloon catheter is first
inserted into a hollow spherical case and inflated. An M3 bolt mounted as the indenter
is then advanced from the case wall to impose a prescribed indentation on the balloon
surface, and the estimation accuracy of the corresponding deformation depth is evaluated.
The actual experimental setup is shown in Fig. The case structure was fabricated
from polylactic acid (PLA) using a fused deposition modeling (FDM) 3D printer. The
inner diameter of the case is 30 mm, and it is equipped with an insertion port to hold the
balloon catheter in place. In addition, a linear guide groove is formed on the outer surface
of the case, along which the M3 bolt can be translated. This allows the contact position
and indentation depth to be stably controlled.

The contact positions were defined based on the field of view of the endoscopic camera,
and eight points (a—~h) were placed as shown in Fig. These positions include points
lying within the field of view (a, b, d, e, g), points outside the field of view (c, f, h), and
points that are partially occluded by the inner tube (g, h). Furthermore, the presence
and density of markers were taken into account: points a and b were placed on marker
locations, whereas points d and e were placed between markers, enabling evaluation of
how marker density affects estimation performance.

The indentation depth was defined relative to the state in which the balloon just comes
into contact with the inner spherical wall, which was taken as the baseline (0 mm). The

position of the bolt head was then adjusted to vary the indentation depth from 3 mm to 10
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Fig. 4.1: Experimental design of the depth evaluation experiment. (a) Schematic of the
experiment: the tactile balloon catheter is inserted into the inner cavity of the case and
inflated. An M3 bolt mounted on the case is advanced to impose a prescribed indentation
depth on the balloon surface. (b) Photograph of the actual experimental setup. (c)
Contact positions: each contact point has the following characteristics: (a, b, d, e, g)
positions within the camera field of view; (c, f, h) positions outside the field of view; (g,
h) positions that are partially occluded by the inner tube.

mm in 1 mm increments. This design covers a wide range of deformation conditions, from
small to relatively large deformations. The insertion axis of the bolt was kept constant to
avoid directional variability at a given depth.

For each combination of contact position and indentation depth, measurements were
repeated 10 times. The average and variance of the estimated indentation depth and

deformation were then computed to assess the stability and accuracy of the estimation.
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4.2.2 Experimental Results

The depth estimation accuracy as a function of deformation magnitude and contact po-
sition is summarized in Fig. [.2] For contact points located within the camera field of
view and not occluded by internal structures (a, b, d, e), the mean estimation error re-
mained within approximately +1mm across the entire depth range from 3 mm to 10 mm,
indicating high estimation accuracy. This result suggests that, when marker patterns are
clearly captured and local deformation patterns are sufficiently provided to the network,
the three-dimensional shape of the balloon can be stably reconstructed.

By contrast, at contact points located outside the field of view (c, f) and at positions
partially occluded by the inner tube (g, h), the mean error increased to approximately
+2-3mm. In particular, at the occluded positions, the disappearance of markers from
the captured image led to noticeably larger estimation errors. Moreover, even at in-view
locations, the error tended to increase for larger indentation depths; slight underestimation

of the indentation was observed around 10 mm.

4.2.3 Discussion

Table summarizes the results of F-tests conducted between each contact point, using
the error distributions aggregated over the indentation depths from 1 mm to 10 mm.

In the unoccluded regions within the endoscopic field of view (a, b, d, e), an accu-
racy within +1 mm was achieved. This indicates that the Tactile Balloon Network can
reliably recognize marker displacements and accurately reconstruct the three-dimensional
deformation even on the physical device. This result suggests that the noise augmentation
strategy and deep network architecture introduced in this study function robustly against
various noise conditions that are close to those encountered in real environments.

In contrast, in the out-of-view regions (c, f, g, h), the errors show statistically significant
differences compared to the in-view regions (p < 0.05). The primary cause of this increased
error is the loss of input information due to the absence of visible marker information in the
image. In out-of-view regions, local deformation features cannot be directly obtained, and
therefore the network must infer indentation depth indirectly from global shape changes
appearing in neighboring areas, which leads to reduced estimation accuracy. Furthermore,
in the regions occluded by the inner shaft (g, h), markers are partially missing even within

the nominal field of view, which likely causes the loss of local features necessary for accurate
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Fig. 4.2: Results of the depth estimation experiment. At positions a, b, d, and e, where
markers are directly visible, depth estimation exhibits stable and consistent accuracy. In
contrast, at positions ¢, f, g, and h, where markers lie outside the field of view or are
occluded, the estimation accuracy significantly deteriorates.
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Table 4.1: Results of F-tests between contact points

b c d e f g h
a 0.712 0.000 0.958 0.825 0.000 0.000 0.000
b - 0.000 0.752 0.556 0.000 0.000 0.000
C - - 0.000 0.000 0.598 0.575 0.758
d - - - 0.785 0.000 0.000 0.000
e - - - - 0.000 0.000 0.000
f - - - - - 0.973 0.826
g - - - - - - 0.800

shape reconstruction and thus contributes to the increased error.

On the other hand, no statistically significant differences were observed among the
errors at the contact points within the visible region (p > 0.05). This suggests that the
estimation accuracy does not strongly depend on the specific (asymmetric) marker pattern

within the field of view.

70



Baloon Catheter

Inside Shape

(b)

Fig. 4.3: Experimental design of the shape estimation experiment. (a) Schematic of the
experiment: the tactile balloon catheter is inserted into the inner cavity of the case and
inflated so that the balloon follows the internal shape of the case. (b) Photograph of the
actual setup used for the shape estimation experiment.

4.3 Surface Deformation Accuracy

To further quantify the estimation accuracy of the trained Tactile Balloon Network, we
constructed an experimental system with a known global geometry. In this experiment,
we evaluate the shape estimation accuracy of the balloon from a surface-wise perspective,

focusing on the reconstruction accuracy of the overall deformed geometry.

4.3.1 Experimental Design

The shape estimation experiment was performed using the evaluation system shown in
Fig. In this setup, the balloon catheter is inserted into a case with a hollow

internal structure and inflated at a prescribed pressure such that the balloon deforms
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along the inner wall geometry. Because the internal wall shape of the case is designed
as a known reference surface, the balloon surface passively conforms to this geometry,
allowing quantitative evaluation of the balloon surface mesh estimated by the Tactile
Balloon Network.

The actual experimental setup is shown in Fig. [.3b] The case was fabricated from
PLA using an FDM 3D printer. The internal cavity is based on a sphere of 30 mm
in diameter, onto which four distinct deformation patterns were designed, as illustrated
in Fig. [£4D] These patterns incorporate geometric variations such as indentations,
protrusions, and asymmetries to evaluate the estimation performance under diverse surface
deformation conditions. An insertion port is provided on the side of the case to stably
hold the balloon catheter at a prescribed position.

We further evaluate the deformation shape estimation performance by extracting the
local geometry corresponding to the region where the balloon catheter is placed in con-
tact, based on the two pulmonary-vein shape which mesh obtained from the NIH heart
library [87] shown in Fig. 4.5

In this evaluation, the balloon surface is passively driven to conform to a known shape,
and the ability of the Tactile Balloon Network to reconstruct the three-dimensional balloon
geometry solely from visual information is examined. In contrast to the depth estimation
experiment, which focuses on local deformation, this experiment targets the global shape

reconstruction capability of the model.

4.3.2 Experimental Results

Figure[4.4a)shows the errors between all vertices of the estimated three-dimensional balloon
shape and the corresponding vertices of the ground-truth shapes. For all four target shapes
(Shape 1-4), the estimation error converged to approximately +1mm, indicating high
shape reconstruction accuracy overall.

Figure [£.4D] visualizes the distance between each estimated vertex and its ground-truth
counterpart for each target shape. White regions indicate low error, while colors with
increasing intensity represent larger errors. Red regions indicate vertices that are estimated
outside the ground-truth surface, whereas blue regions represent vertices estimated inside
the ground-truth surface. The arrow in each panel points toward the base side of the

balloon catheter, which lies outside the field of view of the endoscopic camera.
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Fig. 4.4: Results of the shape estimation experiment. (a) Euclidean error between the esti-
mated vertex coordinates of the balloon catheter and the ground-truth vertex coordinates
obtained when the balloon is inflated along the internal shape. (b) (Top) Target shapes.
(Bottom) Euclidean error between estimated and ground-truth vertex positions. White
indicates low error; red and blue represent over- and under-estimations, respectively. The
arrow points toward the balloon base, outside the endoscope’ s field of view.

Similarly, Fig. [£.5b] visualizes, on a per-vertex basis, the distance between the estimated
and ground-truth vertices for two shape patterns that emulate contact with the pulmonary

veins of the heart.

4.3.3 Discussion

Across all evaluated shapes, the error converged to approximately +1mm, indicating that
the Tactile Balloon Network provides stable 3D shape estimation even for diverse inner-
wall geometries. In this evaluation, we tested estimation performance under different

deformation patterns, including spherical surfaces, concave regions, bulged regions, and
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Fig. 4.5: Results of the shape estimation experiment(heart geometry). (a) Euclidean
error between the estimated vertex coordinates of the balloon catheter and the ground-
truth vertex coordinates obtained when the balloon is inflated along the internal shape.
(b) Contact target shape extracted from the pulmonary veins and their ostia of the heart
model, together with the error between the estimated balloon shape and the ground truth.
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asymmetric shapes. In all cases, accurate reconstruction was achieved, demonstrating the
robustness of the proposed approach.

On the other hand, for all cases (Shapes 1-4), Fig. shows a localized increase in
estimation error on the balloon base side indicated by the arrow, which lies outside the
camera’ s field of view. Since this region cannot be directly observed by the endoscopic
camera and marker information is missing, the network must interpolate the shape based
on surrounding global deformation cues. As a result, estimation accuracy tends to be
lower than in regions within the field of view.

Similarly, as shown in Fig. for contact scenarios with the heart model, the overall
error also converges to approximately +1mm, while the error again increases on the base-
side region outside the camera view.

These trends are consistent with the observations in the depth-estimation experiments,
indicating that missing visual information inherent to vision-based tactile sensing similarly

affects shape estimation performance.
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(a) (b)

Fig. 4.6: Experimental setup for contact area estimation. (a) State before balloon inser-
tion: depth = 0 mm, where the balloon tip is aligned with the entrance of the contact
object. (b) State after balloon insertion: depth (mm) denotes the insertion depth of the
balloon tip.

4.4 Contact Area Estimation Accuracy

In balloon catheter ablation, how accurately and stably the balloon catheter contacts
the atrial wall is a critical factor that directly affects the success rate and therapeutic
efficacy of the procedure. Inadequate contact may lead to incomplete ablation of the
target region, thereby reducing treatment efficacy and increasing the risk of arrhythmia
recurrence. Clinical studies have shown that intraoperative monitoring of contact force
and contact area significantly contributes to the quality of lesion formation [15,[16]. In
practice, the width of ablated tissue created during clinical procedures is typically on the
order of 4-12, mm; therefore, a sensing accuracy capable of resolving at least a 4, mm-wide
lesion is required [38].

In this section, we evaluate the ability of the proposed vision-based tactile balloon
catheter and Tactile Balloon Network to estimate the contact shape and contact area
between the balloon and target structures. Specifically, we investigate whether the model
can accurately reproduce the three-dimensional deformation patterns that occur when the
balloon contacts complex, asymmetric geometries such as the atrial wall and pulmonary

veins.
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To this end, we fabricated several test models with heart-like geometries using trans-
parent resin and recorded the three-dimensional deformation patterns that arise when the
balloon contacts these complex curved surfaces. This experimental framework makes it
possible to assess whether the proposed method can reconstruct contact regions not only
for simple spherical contacts but also for complex shapes closer to those encountered in
clinical practice.

Based on this setup, we evaluate the accuracy of contact shape estimation, the re-
producibility of the spatial extent of the contact region, and the quantitative accuracy
of contact area estimation, and discuss the effectiveness of the proposed system and its

potential for clinical application.

4.4.1 Experimental Design

In the contact shape estimation experiment, we used evaluation objects fabricated by a
stereolithography (SLA) 3D printer, as shown in Fig. A semi-transparent resin was
selected as the printing material so that the contact region between the balloon catheter
and the target object could be visually observed from outside. When expanding a balloon
catheter inside the heart, only the minimum required amount of fluid is injected to pre-
vent the catheter from bending due to the balloon’ s pressure-induced reaction force and
slipping out of the pulmonary vein. Consequently, the balloon does not generate sufficient
pressure to displace the myocardium. Therefore, in this study, contact evaluation was
performed using rigid resin targets that do not deform.

The target object was fixed to a dedicated jig, and an experimental setup like that
shown in Fig. [£.6]was constructed. The tactile balloon catheter was then inserted into the
internal cavity of the target object. The posture of the balloon catheter was stabilized by
inserting a metallic guidewire—of the type commonly used in clinical ablation procedures
—into the inner tube, thereby preventing unwanted rotation or lateral displacement of the
catheter inside the target object. Once the catheter tip reached the prescribed insertion
depth, fluid was injected into the balloon to inflate it and bring it into contact with the
inner wall of the target object. The inflation volume was adjusted such that wrinkles
did not appear on the non-contact side, ensuring that the entire balloon surface smoothly
followed the inner wall. To minimize the influence of friction-induced deformation (e. g.

, pulling or dragging) between the balloon surface and the inner wall and to evaluate the
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Fig. 4.7: Contact targets for contact area estimation. 3D shapes used for contact estima-
tion evaluation.

pure contact shape, a thin layer of silicone oil was applied to the inner surface of the target
object.
The shapes of the target objects used for evaluation are shown in Fig. [£7] Four types

were employed in the experiment:
e (a) Circular pipe: a simple cylindrical shape used for baseline evaluation.

e (b) Elliptical pipe: a pipe with an anisotropic cross-section used to assess the effect

of anisotropic deformation direction and magnitude.

e (c) Heart model A: a 3D model of a region around the pulmonary veins, extracted
from a mesh obtained from the NIH heart library [37], used to evaluate estimation

under complex geometries.

e (d) Heart model B: another 3D model of a different pulmonary vein region from the

NIH heart library , also used to evaluate estimation under complex geometries.

Heart models A and B reflect characteristic geometrical features of the pulmonary vein
ostia and are used as evaluation targets to simulate clinically relevant contact scenarios in
balloon ablation.

The contact area estimation experiment was conducted under two insertion depth con-
ditions: 10 mm and 15 mm. For each condition, the tactile balloon catheter was inserted
into the target object, inflated, and held in a stable contact state during measurement.
This protocol allows comparison of the contact region extent and estimation accuracy

under different degrees of insertion and for complex geometries.
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4.4.2 Estimation of Contact Area

To obtain data for comparison, we first extracted the regions where the balloon catheter
actually contacts the target object. When the balloon surface comes into contact with the
target surface, the local reflection conditions change due to compression, and this appears
in the images as regions where brightness and color differ from the surrounding areas, as
illustrated in Fig. In this experiment, we exploit these changes in reflectance to
visually extract the contact region.

After the balloon is inflated and brought into contact, the target object is photographed
from multiple viewpoints. The resulting image set is then processed by photogrammetry to
reconstruct the three-dimensional geometry. Because the contact region on the underside
of the object cannot be captured due to occlusion by the supporting base, this portion is
excluded from the ground-truth data. Among the reconstructed three-dimensional model,
the region exhibiting brightness differences due to changed reflection conditions is desig-
nated as the ground-truth contact area for the experiment.

For the Tactile Balloon Network—based estimation, the three-dimensional balloon mesh
predicted by the network is virtually inserted into the design model of the contact target at
the same insertion depth as in the physical experiment. The minimum distance between
vertices on the balloon mesh and the target surface mesh is then computed. Regions
where this distance is less than or equal to 0. 5 mm are regarded as contact regions.
This threshold is chosen based on the shape estimation accuracy obtained in the previous
experiments.

The extracted contact regions can be visualized as three-dimensional meshes, as shown
in Fig. Next, cylinder projection is applied with respect to the balloon insertion axis
to unfold the three-dimensional contact surface onto a two-dimensional plane. This pro-
cedure maps the contact region distributed on a curved surface to a planar representation,
which facilitates visual analysis and comparison of contact area and spatial distribution.

Figure shows the two-dimensional unfolded maps of the true and estimated con-
tact regions. The blue regions represent the ground-truth contact regions obtained by
photogrammetry, while the red regions represent the contact regions extracted from the
estimated balloon shapes reconstructed by the Tactile Balloon Network. By overlaying
these regions, we can directly compare the consistency of contact location, the extent of

the contact region, and the local shape of the contact distribution, thereby evaluating the
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accuracy and reproducibility of contact area estimation achieved by the proposed method.

4.4.3 Experimental Results and Discussion

As shown in Fig. the estimated contact regions generally agree well with the actual
contact areas regardless of target shape or insertion depth. In particular, for the circular
and elliptical pipes (Fig. H(a)(b)), the discrepancy in both the shape and extent of the
contact region is kept within 1 mm. This indicates that the proposed tactile estimation
model exhibits high generalization performance for relatively simple geometries.

On the other hand, for both the circular and elliptical pipes, there are localized areas
where the estimated contact area (red) and the measured contact area (blue) exceeds 1 mm,
and the estimation accuracy degrades continuously along the balloon’ s axial direction.
These areas correspond to regions that are occluded by the inner tube and where surface
markers cannot be observed within the endoscopic field of view. As confirmed in the
depth and shape estimation experiments, such view-deficient regions suffer from degraded
estimation accuracy, and this effect manifests as reduced contact area estimation accuracy.

In the cases of Heart A and Heart B in Fig. the model is able to follow complex
anatomical geometries, such as the highly curved surfaces and branching structures char-
acteristic of the pulmonary veins, and reconstruct the corresponding contact regions. In
particular, at an insertion depth of 15 mm, the model identifies contact regions around
the branched pulmonary veins. However, for these complex heart-contact scenarios, the
estimation error is larger than that for simpler shapes, with a typical discrepancy of ap-
proximately 1-2 mm between the estimated (red) and measured (blue) contact areas.

One plausible cause is balloon bending induced by unbalanced contact forces applied
from different directions during interaction with the complex heart geometry. Such bend-
ing could lead to misalignment between the coordinate frame used for depth-based regis-
tration and the actual pose of the balloon relative to the 3D model of the contact object.

Overall, these results confirm that the proposed Tactile Balloon Network can estimate
contact regions for both simple geometries and complex heart shapes. At the same time,
consistent with the depth- and shape-estimation results, missing visual information—such
as marker occlusion and out-of-FOV regions—directly translates into estimation error.
Relative to the lower bound of the clinically relevant ablation width (approximately 4

mm), the accuracy obtained for complex geometries corresponds to an error on the order
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Experiment Estimated shape

(a) (b)

Fig. 4.8: Estimation method for the contact region. (Left) Estimation of the contact region
based on photogrammetry. The contact region is photographed from top and side views
and reconstructed into 3D by photogrammetry. The region whose appearance changes due
to contact is extracted as the ground-truth contact area. (Right) Estimation of contact
region based on the tactile model: the reconstructed balloon shape is inserted into the
CAD model of the contact target under the same conditions as in the experiment, and
the region where the distance between the meshes falls below a predefined threshold is
extracted as the estimated contact area.



Circle pipe - Ellipse pipe Heart A Heart B

Circle pipe Ellipse pipe

Fig. 4.9: Results of contact area estimation. Blue regions represent ground-truth contact
areas obtained from 3D shapes reconstructed by photogrammetry, and red regions repre-
sent estimated contact areas extracted from the reconstructed balloon shapes. (a) Contact
areas at 10 mm insertion depth. (b) Contact areas at 15 mm insertion depth.

of 50 %.
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Chapter5

General Discussion

5.1 Discussion

In the field of medical devices, where available space is severely limited, tactile sensing has
traditionally relied primarily on electrical sensing principles. However, electrical tactile
sensors face fundamental constraints when it comes to maintaining flexibility and realizing
wide-area, surface-level tactile sensing. In this study, we addressed these challenges by
proposing a balloon-catheter-type tactile sensor that combines optical markers drawn on
the balloon surface with image-based machine learning inference, thereby enabling the
acquisition of wide-area tactile information without any wiring or electrodes on the sensing
surface.

Furthermore, the development of ultra-compact vision-based tactile sensors such as
the proposed balloon catheter—type sensor is difficult to achieve using conventional tactile
sensor development methods, especially under strict geometric and mechanical constraints.
To simplify the development process and improve its flexibility, we constructed a tactile
sensing system in which the tactile estimation model is trained using a large-scale dataset
generated entirely in a simulation environment. As a concrete implementation, we designed
a vision-based tactile sensing method (TacBalloon) that combines an endoscopic camera
and optical markers on a balloon catheter commonly used in cardiac ablation procedures.
We then implemented a mechanism to estimate balloon shape and contact state using the
machine learning model Tactile Balloon Network. Through a series of depth estimation,
shape estimation, and contact area estimation experiments, we confirmed that TacBalloon
can function effectively as a tactile sensing modality for medical applications.

To mitigate the Sim2Real gap, we applied domain randomization of physical parame-
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ters in the simulation and performed data augmentation with artificial noise during train-
ing. These strategies enabled the tactile estimation model, trained solely on simulation
data, to operate robustly in real environments. As a result, we achieved a depth estima-
tion error of approximately +1 mm in visible regions within the field of view, and obtained
high reproducibility for both global balloon shape estimation and contact area estimation.

In addition, the proposed method is not limited to balloon catheters; it is applicable
to a wide range of sensor structures such as multi-degree-of-freedom robotic hands and
flexible finger-type sensors, where endoscopic camera fixation is inherently difficult. The
ability to freely modify the sensor geometry is also a major advantage, making it straight-
forward to design marker patterns and optimize sensing performance according to specific

applications.
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5.2 Limitations of Sensing Capability

While TacBalloon demonstrated high accuracy in depth, shape, and contact area estima-
tion within the visible field of view, several limitations in performance were identified.
The most prominent factor is the decrease in estimation accuracy in regions outside the
endoscope field of view and in areas occluded by the inner shaft. In out-of-view regions,
markers cannot be imaged and thus input information is missing. Consequently, the model
is forced to infer deformation by globally interpolating from surrounding visible regions,
making it difficult to reconstruct localized contact or deep deformations. Similarly, in
occluded regions, markers are partially lost, leading to a lack of the features required by
the model and, ultimately, to increased estimation error.

Moreover, in real environments, large deformation of the balloon surface can cause
markers to become severely distorted or overlap, which destabilizes the extraction of
marker positions. In addition, optical noise such as scattering from underwater environ-
ments and internal reflections within transparent resin—which are difficult to reproduce
perfectly in simulation—also affects visual information and tends to exacerbate estimation
errors.

In this study, we addressed these issues by introducing data augmentation that in-
cluded various types of noise and partial occlusions. However, it is inherently difficult to
completely cover the diversity of real-world optical conditions. In the contact area estima-
tion, we adopted a strict criterion that defined contact as the region where the minimum
distance between meshes is less than or equal to 0. 5 mm. As a result, even small shape
estimation errors or slight axial misalignment of the balloon sometimes manifested as over-
or under-estimation of the contact region.

These observations indicate that the estimation performance of TacBalloon strongly
depends on marker visibility and the stability of the imaging environment. To further im-

prove robustness against these limitations, several possible approaches can be considered:

e Diversification of input modalities: In addition to endoscopic images, incorpo-
rating sensor values related to the internal fluid pressure and inflation volume of the
balloon as additional inputs would enable multimodal estimation of the deformation
state that integrates both geometric and mechanical information. Such input fusion

is expected to reduce the dependence of estimation accuracy on image quality alone,
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thereby mitigating performance degradation in out-of-view or occluded regions.

e Stabilization of endoscopic camera pose: In the present structure, the camera
inserted at the balloon center can move and tilt, and such visual fluctuations can lead
to increased estimation errors. Mechanically fixing the camera to the balloon base
and reducing the deviation between the optical axis and the catheter axis would
improve imaging stability and potentially enhance estimation accuracy. However,
irreversible fixation using adhesives is economically unfavorable because it couples
the lifetime of the endoscopic camera (a reusable component) to that of the balloon
catheter (a disposable device). On the other hand, implementing a mechanically
reversible fixation mechanism within the current catheter diameter is technically

challenging.

e Optimization of marker patterns: By optimizing marker density, shape, color
contrast, and spatial distribution according to typical contact patterns and deforma-
tion modes, it may be possible to design encoding patterns that are simultaneously

sensitive to both local and global deformation.

e Higher-fidelity simulation: Incorporating more accurate models of soft-body
mechanics, such as hyperelasticity, into the soft-body simulation used for dataset
construction, and generating datasets under diverse elastic properties, friction con-
ditions, and deformation behaviors, could further reduce the Sim2Real gap and

strengthen generalization performance in real environments.

Furthermore, in this study, contact was indirectly inferred from shape deformation
rather than directly estimating the contact force itself. Methods that estimate contact
force based on changes in balloon internal pressure [89] or by inverse analysis from defor-
mation shapes [90,/91] have been proposed. Integrating such approaches with TacBalloon
could extend the device into a tactile sensor capable of simultaneously sensing both shape

and force.
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Table 5.1: Comparison of vision-based tactile endoscopes

Gelsight type colonoscope

Item Kim et al. [77] TacBalloon
Minimum diameter 925 5
[mm]
Maximum diameter 90 30
[mm]
Sensing region 40 mm x 25 mm Entire balloon
(torus outer surface) (approximately spherical)
Spatial resolution ~ +53 pm ~ +1mm (within FoV)
Structural design Rigid structure with Fully flexible balloon
integrated optical module integrated structure
Scalability Limited Shape and size scalable

5.3 Comparison with Vision-Based Tactile Endoscopes

In this section, we compare the proposed TacBalloon with a representative existing vision-
based tactile endoscope system, namely the GelSight-sensor-equipped colonoscopic system
proposed by Kim et al. [77], and discuss their respective characteristics and advantages.

We first focus on device geometry. In the GelSight-based tactile colonoscope, the
structural constraints of the optical module result in a relatively large minimum diameter
of approximately 25 mm. Upon inflation, the balloon can expand up to about 90 mm
in outer diameter. This allows for a wide contact area, but limits the anatomical regions
into which the device can be safely inserted. In contrast, TacBalloon utilizes an existing
ablation balloon catheter structure directly as a tactile sensor, maintaining a compact
profile with a minimum diameter of approximately 5 mm and a maximum diameter of
approximately 30 mm. This compactness enables insertion into narrow and complex
clinical environments such as pulmonary veins and the atrial chamber, giving TacBalloon
a broader range of potential applications than the GelSight-based system. Moreover, the
TacBalloon design is inherently scalable, allowing the balloon size to be modified to suit
various applications and sensor configurations.

Next, we compare the sensing regions. In the GelSight-based colonoscope, the effective
sensing region is limited to a portion of the outer surface of a toroidal balloon, with an
effective area of approximately 40 mm x 25 mm [77]. In contrast, TacBalloon can be
patterned with optical markers over the entire balloon surface, enabling tactile sensing

over the full circumference without geometric restriction. This is especially advantageous
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in procedures such as cardiac ablation, where circumferential and wide contact with the
tissue is required.

From the viewpoint of measurement accuracy, GelSight has a clear advantage in high-
resolution measurement of fine surface deformations, achieving an axial resolution of ap-
proximately +53 ym within the sensing region [77]. This high spatial resolution is par-
ticularly beneficial for applications such as surface texture analysis and detection of sub-
tle topographical features, making it well-suited for diagnostic use. On the other hand,
TacBalloon achieves a depth estimation accuracy of about 1 mm in unoccluded regions
within the field of view, which is lower in resolution compared to GelSight.

In summary, the GelSight-based endoscope excels at acquiring high-resolution, local-
ized tactile information, but its device size and sensing region are constrained. In contrast,
TacBalloon offers superior compactness, flexibility, and wide-area sensing capability, mak-
ing it particularly suitable for use in narrow and complex anatomical environments such
as those encountered in cardiac ablation. Thus, the two approaches have complementary
strengths, and the appropriate choice depends on the measurement target and clinical

application.
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Chapter6

Conclusion

6.1 Summary

In this thesis, we proposed a novel vision-based tactile sensor, TacBalloon, specifically
designed for minimally invasive surgery, and demonstrated its effectiveness through its
design, learning framework, and experimental evaluation. TacBalloon integrates optical
markers and an endoscopic camera into a balloon catheter widely used in cardiac abla-
tion procedures. By acquiring three-dimensional deformation of the balloon surface as
visual information, it enables tactile sensing that simultaneously satisfies flexibility, wide-
area coverage, and compact form factor—requirements that are difficult to achieve with
conventional electrically based tactile sensors.

The proposed method has the advantage that a tactile estimation model can be con-
structed without prototyping and measuring a physical tactile sensor. This is achieved
by using large-scale datasets of balloon deformation behaviors generated by physics-based
simulation as training data for supervised learning. The proposed Tactile Balloon Network
estimated the three-dimensional shape of the balloon from changes in the marker patterns
in endoscopic images, and achieved a high depth estimation accuracy of approximately
4+1 mm within the field of view in depth estimation experiments. In shape estimation
experiments, it exhibited stable reconstruction performance for a wide range of target
geometries, from spherical shapes to complex cardiac geometries, and in contact area
estimation experiments, it showed good agreement with experimentally measured data.
These results indicate that TacBalloon has the potential to practically reconstruct tactile
information even in complex environments that approximate actual clinical conditions.

Moreover, the proposed approach is not limited to balloon catheters. By combining
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visual information with flexible structures, it can be extended to a wide variety of medical
devices and soft robotic systems, significantly increasing the design freedom of tactile
sensing. Since it does not require additional electrical wiring on the sensing surface, it
is particularly advantageous in medical applications where high safety and durability are

required.
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6.2 Future Work

Although the proposed TacBalloon has demonstrated its effectiveness as a new tactile
sensing system, further technical developments are required for clinical application. In
particular, the strong dependence of the method on marker observations within the field
of view is a fundamental factor underlying the instability of tactile estimation in out-of-
view or occluded regions, and overcoming this limitation is a key challenge for future work.
We expect that stabilizing the camera pose, optimally designing the marker patterns, and
introducing more advanced model architectures that incorporate temporal information and
self-supervised learning will help compensate for missing visual information and improve
robustness.

Furthermore, to further advance TacBalloon, multimodal tactile estimation that inte-
grates information sources other than vision will be essential. For example, by incorporat-
ing information related to changes in the internal pressure of the balloon or the membrane
tension, it may become possible to estimate not only the contact geometry but also the
contact force, thereby realizing more comprehensive tactile sensing. In addition, since
the training data for TacBalloon rely on simulation, improving the accuracy of soft-body
simulation is also an important issue.

TacBalloon was implemented on a balloon catheter designed with cardiac ablation as a
specific application in mind. However, its structural design and processing framework are
inherently scalable, and thus hold potential for application to other medical devices and
soft robotic systems. Possible future applications include integration into colonoscopic

devices, soft robotic hands, and large-area robotic skins, among others.
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