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Magnetic resonance imaging (MRI) offers high-contrast soft tissue imaging and the

unique capability of temperature sensing inside the tissue, making it superior guidance

in image-guided surgery. Laser-based tumor ablation is one of the treatments that has

significantly benefited from MRI guidance, with which 3-dimensional (3D) ablation

margins alongside thermal distributions can be evaluated in real-time to protect surrounding

critical structures while ensuring adequate ablation margins. However, the confined bore

of MRI and its high magnetic field significantly limit surgeons’ access to patients,

which facilitates the development of MRI-guided robotic systems to allow remote control.

Although many systems were proposed to enable intra-operative MRI-guided robotic laser

ablation, they generally only allow the targeting of rigid and contact-based laser probes

inserted to the surgical site along a straight pathway. There is still a gap for developing

an MRI-guided robotic system capable of flexible navigation to targeted lesions and

performing delicate non-contact laser beam manipulation.

The main focus of this thesis is to develop a robotic system that integrates a soft

continuum manipulator and its high-precision control to enable flexible and precise laser

beam manipulation in MRI. Soft robots, benefiting from their elastic body, ensure safe

interaction with their surroundings, thus allowing noninvasive and flexible access to the

deep surgical sites through confined natural orifices, e.g., transoral approach. Soft robots

can be fabricated using magnetic resonance (MR) safe materials and driven by pressurized

fluid flow, which brings new opportunities to the development of MRI-guided robotics. The
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challenge of precise motion control for soft robots is addressed by employing closed-loop

control with learning-based modeling and vision feedback. An online learning visual servo

control framework is proposed to approximate the nonlinear robot kinematics without

prior knowledge of the robot and camera parameters, and enable precise robot navigation

even under unknown external disturbances. To achieve delicate laser beam steering using

soft robotic manipulators, eye-to-hand visual servo controllers are investigated based on

epipolar geometry modeling and machine-learning modeling. A novel miniature soft laser

manipulator that ensures MR safety but maintains dexterous manipulation is designed,

with its parameters optimized using finite element analysis (FEA). All in all, an integrated

soft robotic system is proposed to achieve MRI-guided transoral laser surgery. The robot

enables endoscopic laser delivery and operating in the oral and pharyngeal region with

sub-millimeter accuracy (<0.2 mm). A patient-specific dental guard is designed to create

an open-jaw cavity for robot anchorage and access of auxiliary instruments such as a

fiberscope. Novel wireless MR markers are incorporated to enable positional tracking in

the MRI coordinate. Furthermore, preclinical trials were conducted to evaluate the robot

performance both with ex-vivo swine tissue and a cadaver model.

(Word count: 433 words)
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Chapter 1

Introduction

1.1 Motivation and Objectives

Magnetic resonance imaging (MRI) provides a compelling set of features for the guidance

of interventional procedures, including high contrast imaging of soft tissue, detailed

visualization of physiological changes, and thermometry. Laser-based tumor ablation

stands to benefit significantly from MRI guidance because 3-dimensional (3D) ablation

margins alongside thermal distributions can be evaluated in real-time to protect surrounding

critical structures while ensuring adequate ablation margins. As a result, an increasing

number of studies have introduced intra-operative (intra-op) MRI to guide and evaluate

the laser ablation process in-situ with rigid and contact-based laser probes, e.g., for

percutaneous liver ablation. Comparatively, few researchers investigated MRI usage with

projection-based (non-contact) lasers such as those used for transoral laser microsurgery

(TLM). This non-contact laser setting requires dexterous laser beam steering at the ablation

site, which raises substantial challenges due to the confined bore of MRI and its high

magnetic field (i.e., 1.5/3T).

TLM plays a vital role in the treatment of head-and-neck cancers. During current TLM,

surgeons must use their empirical technique to estimate the laser ablation depth beyond

the crucial artery/nerve while dissecting these tumors. In typical surgical settings, intra-op

evaluation can only be performed through time-consuming and costly pathology laboratory

procedures such as frozen section analysis (FSA). However, FSA can only assess the gross

tumor volumes that are resected, rather than the unresected region left in the oral, nasal,

and pharyngeal (ONP) cavity. By introducing MRI guidance, 3D resection margins can
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be monitored and evaluated intra-operatively and in real-time to protect critical structures

while resecting adequate margins. This may eliminate the need for FSA, smoothening the

surgical workflow, shortening operative time, and improving patient outcomes. However,

this drives the demand for a robotic system that adapts to the confined ONP anatomy and

MRI environment while providing high-precision manipulation.

Soft manipulators driven by pressurized fluid flow can be used to address this challenge

through their high conformability, dexterity, and ability to be magnetic resonance (MR) safe.

Bio-inspired continuum robots made of elastomer materials are compliant and flexible. They

are specifically suitable for tasks involving interactions with surroundings, in which the

robots can passively vary their morphology to adapt unstructured environment. However,

their flexibility and nonlinear actuated deformation usually hinder their uses in precise

manipulation compared to their rigid counterparts.

To address the unmet technical challenges towards MRI-guided transoral laser surgery,

this research focuses on developing adaptive controllers for soft robotic manipulation,

high-precision soft laser manipulator, and integrated transoral robotic system. The main

objectives of this thesis include:

1. To develop an adaptive eye-in-hand visual servoing controller that avoids complicated

analytical modeling process of soft continuum robots, while enabling its precise

navigation control in constrained environments.

2. To design a miniaturized MR-safe laser manipulator capable of delicate laser beam

steering in confined cavities.

3. To propose real-time sensing and control methods that enable precise laser spot

targeting using soft manipulators even in the harsh MRI environment.

4. To validate real-time MR-based positional tracking using wireless MR markers and

1-dimensional (1D) projection MRI pulse sequence.

5. To develop a soft robotic system for MRI-guided transoral laser surgery, which can

provide flexible and precise delivery of laser energy to lesions even in deep regions.

6. To validate the robot performance through both ex-vivo and cadaveric laser ablation

trials. Real-time MR thermometry will be investigated to monitor the laser ablation

process.
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1.2 Structure and Contributions of Thesis

Chapter 2 presents a review of the recent advances in intra-op MRI-guided intervention,

in particular for laser surgery. The classification of MR safety is listed, which defines

the standard for the development of MRI-guided robotic systems. The current status of

non-contact laser surgery in head and neck cancer treatment is reviewed, including transoral

laser microsurgery, transoral surgical robotic systems, and endoscopic laser manipulators.

In the review of these systems, the clinical demand for efficient intra-op tools, such as

intra-op MRI, to assess the laser ablation completeness is highlighted. The existing robotic

systems for transoral laser surgery are not MRI compatible. In contrast, the systems with

MRI guidance currently are not equipped for controlling non-contact, projection-based

lasers, particularly within constrained anatomy such as the oral and pharyngeal cavities. The

perspectives regarding the MR-compatible actuation, real-time sensing in MRI, continuum

robots for MR-safe/conditional manipulation, and precise motion control for soft continuum

robots are discussed.

Chapter 3 proposes an adaptive visual servo controller using nonparametric online

learning, enabling precise motion control for a hydraulic-driven soft robot. The controller is

constructed by learning the inverse mapping solely from collected camera images, without

any prior knowledge of the robot and camera parameters. Excellent accuracy in the learning

inverse mapping is assured without having to tune the hyperparameters in the learning

approach. Localized Gaussian process regression (LGPR) models enable fast online updates

to accommodate new input data that reflect the latest robot status. Sensing data provided by

fiber Bragg gratings (FBGs) are combined to enhance motion estimation accuracy under

feature-deficient conditions. Augmented reality (AR) is integrated to virtually extending

the camera view beyond the normal field-of-view (FOV), thus offering enhanced guidance

for operators.

Chapter 4 presents visual servo controllers for automatic laser spot steering using soft

manipulators. An epipolar-geometry model is established to acquire the inverse transition

mapping from image to actuation space. With this inverse mapping, a feedback control law

is derived without dependence on prior information of tissue geometry. A state observer is

also designed to provide a dynamic estimation of robot configurations, enabling accurate

computation of the inverse transition mapping. A learning-based visual servoing controller

is also implemented to achieve automatic targeting of the laser spot that could be projected

along any trajectory prescribed in-situ on the endoscopic view. The kinematics of soft robot



32 Chapter 1. Introduction

is approximated using machine learning techniques, which can accommodate modelling

uncertainties from the actual operation data and eliminate the need for hand-eye calibration.

Chapter 5 introduces the design of a soft robotic system for MRI-guided transoral

laser surgery. The clinical requirements are investigated. A reinforced miniature soft laser

manipulator is proposed, with finite element analysis (FEA) conducted to optimize its spring

reinforcements. A hydraulic motor is integrated to achieve insertion/retraction of the soft

robotic endoscope in the oral and pharyngeal anatomy. A dynamic model is established for

the hydraulic transmission system to guide its parametric design. A patient-specific dental

guard is proposed to create an open-jaw cavity for robot anchorage and access to auxiliary

instruments such as a fiberscope. Wireless MR markers are fabricated and validated to

enable real-time positional tracking in MRI.

Chapter 6 presents the preclinical trials of the transoral robotic system with ex-vivo

swine tissue and a cadaver model. Signal-to-noise tests are firstly conducted to verify the

MRI compatibility of the proposed robotic system. The use of anatomical T2 imaging and

MR thermometry for monitoring laser ablation is investigated. A cadaver trial is conducted

to validate the robot setup/anchorage, intra-op MRI guidance, as well as visual servo-based

laser beam manipulation in actual human anatomy. During laser ablation, MR thermometry

is implemented to measure the thermal diffusion process in the ablated lesion.

The main contributions of the thesis are summarized as:

1. First attempt to address a learning-based visual servo control for a fluid-driven soft

robot such that the inverse kinematics can be directly approximated by LGPR. Online

updating of LGPR models to compensate dynamic disturbances. Point tracking and

path following experiments were conducted to demonstrate the precise visual servo

of a hyper-elastic soft robot under varying payload.

2. Development of enhancing methods for eye-in-hand soft robotic visual servoing.

A hybrid eye-in-hand tracking algorithm is proposed, by combining image-based

2-dimensional (2D) motion estimation with FBGs-based strain sensing to enhance the

tracking accuracy in dim/feature-deficient scenarios. An extended view is integrated

to allow visualization of virtual features outside the actual camera view.

3. Development of an eye-to-hand vision-based feedback controller for soft robotic laser

manipulation based on epipolar geometry modelling. The controller enables precise



1.2. Structure and Contributions of Thesis 33

laser spot control without prior knowledge of the tissue surface geometry. Dynamic

estimation of soft robot configurations is achieved by fusing the model prediction and

camera feedback, thus allowing accurate calculation of robot kinematics.

4. Development of a learning-based eye-to-hand visual servoing controller that enables

high-precision laser beam steering using a soft laser manipulator. The controller

was tested via the path following experiments with various patterns, e.g., batman

and zig-zag filling, which demonstrated sub-millimeter accuracy in both boundary

tracking and region filling.

5. Design of a reinforced miniature fluid-driven soft manipulator capable of delicate,

precise, and repeatable laser spot steering on the mucosa. The MR-safe hydraulic

actuation enables simultaneous robot operation and MR imaging while ensuring

minimal image artifacts.

6. Development of an MR-safe endoscopic robot system allowing flexible access to

lesions in the confined oral and pharyngeal cavities. The system provides a stable

platform for laser beam delivery and navigation to the targeted lesions with MRI

guidance. The robot is compact and lightweight, enabling mounting on the patient

and operation with standard MR imaging coils.

7. Experimental validation of intra-op MRI-guided robotic laser ablation on ex-vivo

tissue and cadaveric oropharyngeal tissue. Intra-op MR thermometry was used to

monitor the laser ablation process. A learning-based controller was employed to

enable accurate visual servoing of the laser spot along a path prescribed in situ on

the camera view.
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Chapter 2

Robotic Laser Surgery with MRI

guidance

2.1 Introduction

Image-guided surgery [54] has become a trend in the development of surgical procedures,

with pre-operative (pre-op) or intra-op images being employed to assist surgeons to

perform the safer treatment. Among various imaging modalities, MRI is superior in

terms of non-invasive, non-ionizing radiation, and high contrast for soft tissues [55]. MRI

enables detailed visualization of the physiological changes of tissue, and even temperature

perception inside tissue, making it unique and superior guidance for interventional

procedures. MRI has been widely investigated in applications such as biopsy [56, 57],

cardiovascular intervention [58, 59], targeted drug delivery [60], and thermal therapy for

tumor ablation [61, 62].

Lasers are widely used for tumor treatment, accrediting to its capability of very precise

energy deposition and thus a clear-defined boundary of the thermal ablation zone. The

use of fiber-based laser probes is favorable for usage with MRI due to their intrinsic

MRI-compatibility. Recently, there are increasing studies aiming to introduce intra-op MRI

to enable in-situ evaluation of the laser ablation process, along with the development of

MRI-guided robotic systems for laser probe navigation. However, the strong magnetic field

in the MRI scanner prevents the use of ferromagnetic materials, thus posing significant

challenges to robot system design. There are also limited choices of sensors available in

the harsh MRI environment. These limitations make the precise control of the instrument

37
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in the confined workspace of MRI bore a difficult task. This could be even challenging

in non-contact laser surgery requiring frequent and dexterous manipulation of the laser

beam, rather than contact ablation at local points only. However, the recent advancements

of techniques like MR-conditional actuation, fast imaging sequencing, MR-based tracking,

and intelligent control bring great potential in extending MRI-guided robotic intervention

to more complex procedures.

This chapter will present the recent advances of intra-op MRI technologies and the

new developments of MRI-guided robotic platforms. The prior arts of non-contact laser

surgery will be reviewed, together with the clinical motivation of introducing MRI guidance.

The latest developments of soft continuum robots and their precise motion control will be

discussed, showing their potential in surgical applications. Furthermore, the motivation of

bringing soft robotic manipulators to MRI-guided laser surgery will be highlighted. This

chapter provides the research background for the technical works presented in this thesis.

2.2 Recent Advances of MRI

MRI is a non-invasive imaging technique that has been widely used in clinics for diagnosis,

staging, and follow-up of diseases. Up to 2018, there are about 36,000 scanners being in

used worldwide, with an increase of 2,500 every year [63]. MRI employs strong magnetic

fields, magnetic field gradients, and radio-frequency fields to create image contrast from the

spins of hydrogen protons [64], which varies with the types of tissues. There is no ionizing

radiation involved, making MRI distinguished from X-ray, computed tomography (CT) and

positron emission tomography (PET) scans. In addition, MRI can offer versatile imaging

capabilities to provide information about anatomical (Fig. 2.1a), functional (Fig. 2.1b), and

metabolic (Fig. 2.1c) changes [65]. These advantages prompt the application of MRI in

various areas such as neuroimaging, cardiovascular, and musculoskeletal.

2.2.1 Intra-operative MRI

Compared with ultrasound or CT scans, MRI typically takes a longer time to acquire a

high-quality image. Recently, much progress can be seen in terms of accelerating MRI

scans. Uecker et al. achieved real-time image acquisition at a temporal resolution of 20ms,

with the use of radially k-space encoding and fast low-angle shot (FLASH) technique [66].

The rapid development of deep learning provides opportunities to accelerate the MRI image
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Fig. 2.1: (a) MR anatomical image showing the brain tumor. Image source : [1]. (b)
Functional MRI response to word generation. Image source : [2]. (c) 13C pyruvate image
of the blood pool in cardiac chambers. Image source : [3].

reconstruction with greater undersampling of the k-space [67, 68]. A commercial platform

(RTHawk, Heartvista®) used artificial intelligence to speed up a complete cardiac Ischemia

exam from 90 minutes to 15 minutes [69]. Apart from fast imaging, it also allows real-time

control of the scanner and streaming out the MRI raw data for automatic feedback. These

advances could facilitate the use of MRI intra-operatively to guide interventions.

A discomfort or concern related to an MRI scan is the narrow and confined bore.

The development of open MRI may offer a potential solution for future scanner settings.

Currently, open MRI achieves the highest field strength of 1.2 Tesla (Fig. 2.2a), which

was demonstrated with acceptable accuracy for guiding needle insertion [70]. Recently,

there is a portable MRI system (SwoopTM, Fig. 2.2b) cleared by the U.S. food and drug

administration (FDA) for MR imaging of the brain, which is a breakthrough in terms

of MRI accessibility [71]. Another advance in MRI technology is the development of a

flexible receive coil (Fig. 2.2c), which enables application-specific design with compact

size [72, 73].

Fig. 2.2: (a) 1.2T Open MRI scanner from Hitachi. Image source : [4]. (b) FDA-cleared
portable MR imaging system from Hyperfine. Image source : [5]. (c) Flexible MRI receive
coil from GE. Image source : [6].
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2.2.2 Setup of Interventional MRI Systems

MRI provides excellent contrast for soft tissues, capable of visualizing most lesions without

using contrast agents [74]. Besides, it enables imaging of a slice in any arbitrary position

and orientation, making it flexible for accessing complex regions during interventional

procedures. To leveraging those benefits, intra-op or interventional MRI has been developed

fast in recent years.

The world’s first intra-op MRI is the GE Signa System, with a “double donut”

design (Fig. 2.3a). It provides full patient access by arranging two opposite magnetics

horizontally beside the MR table. Accrediting to its open configuration, surgeons could

perform surgical procedures conveniently while standing or sitting. Intra-op MR images

can be acquired without patient movement. There have been more than 1,000 neurosurgical

cases conducted with this system since 1995. However, performing surgery inside the

scanner needs specialized non-ferromagnetic instruments, many of which are not available.

Hitachi proposed a commercial intra-op MRI system integrating an open scanner in the

operating theatre room (Fig. 2.3b). Patients can be smoothly transited between surgical state

and imaging state. However, the low field (<0.5T) offered by open-type scanners results in

reduced image resolution that is not comparable to conventional diagnostic scanners (1.5T

and 3T).

Fig. 2.3: (a) Surgeons perform surgery in a GE Signa SP system. Image source : [7]. (b)
Setup of the Hitachi intra-op MRI system integrating operating theatre and MR scanner in
one room. Image source : [8].

The other type of intra-op MRI system uses the high-field closed-bore scanner, which

can provide higher imaging resolution and faster imaging speed. An example is the IMRIS

hybrid operating suite (Fig. 2.4a). It is equipped with a ceiling-mounted rail system capable

of transporting the magnet between a diagnostic room and adjacent operating rooms.

Therefore, diagnostic-quality images can be obtained without transferring the patient.
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However, special features, e.g., regulated airflow and radiofrequency (RF) shielding, must

be included in the operating rooms. Another example is the advanced multi-modality

image-guided operating (AMIGO) suite (Fig. 2.4b), which comprises a PET/CT room apart

from the MRI room and operating room, thus offering multi-modality image guidance. The

MR scanner can traverse on ceiling rails to the operating table, while the PET/CT scanner is

stationary. Although these systems enabled improved safety and image qualities, the process

of moving ”in-and-out” patients could complicate surgical workflow and induces additional

operation time.

Fig. 2.4: (a) IMRIS intra-op MRI suite with double-room or three-room configurations.
Image source : [9]. (b) AMIGO operating suite combining MRI and PET/CT for
image-guided therapy. Image source : [10].

2.2.3 MR Compatibility of Interventional Devices

To create a smoother surgical workflow, operations may need to be performed inside or near

the MRI scanner, during which MR imaging guidance can even be obtained in real-time to

assist the procedure. However, the strong magnetic and radiofrequency field of MRI raises

special safety issues to the instruments being used. Potential hazards can be caused by the

magnetic forces or torques generated on metallic objects. Besides, the radiofrequency pulses

may induce the heating of electrical cables, needles, and implants. Surgical instruments

could also introduce inhomogeneity of the magnetic field, resulting in imaging artifacts,

which may be hazardous in MRI-guided interventions. Therefore, any devices designed

for usage in MRI should undertake rigorous testing following the protocols defined by

the American Society for Testing and Materials (ASTM) F2503 [75]. A comprehensive
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Table 2.1: Classification of MR labels in ASTM F2503 standard

classification of the requirements for three categories of devices is also listed (Table 2.1),

i.e., MR-safe, MR-conditional and MR-unsafe.

In many interventional procedures, e.g., laser ablation, robotic assistance plays an

important role in improving targeting accuracy and thus the surgical outcome. However,

conventional robotic systems commonly use metallic components and electric motors,

hindering their migration to MRI-guided interventions. This prompts the development of

MR-safe or conditional robotic systems. In the following section, the representative works

and recent advances about MRI-guided interventional devices will be introduced, with our

focus on laser surgery.

2.3 Recent Development of MRI-guided Laser Therapy

MRI-guided laser interstitial thermal therapy (LITT) [76–78] has been widely used to treat

lesions in various organs such as the brain, liver, and prostate. Laser energy is delivered

using an optical fiber to target and ablate lesions selectively. Compared to other ablation

techniques, such as ultrasonic energy [79], argon beam coagulator [80] and radiofrequency

energy [81], lasers provide precise energy deposition and ablation margin, as well as

effective hemostats. Intra-op MRI guidance is proved to bring tremendous benefits to LITT,



2.3. Recent Development of MRI-guided Laser Therapy 43

in terms of improving targeting accuracy and monitoring the necrotic zone being ablated.

There are also commercial laser therapy systems that aim to utilize MR guidance, such as

the TRANBERG R© [82] and Visualase R© [83] system.

Fig. 2.5: (a) Clearpoint R© system for stereotactic needle placement. Image source : [11].
(b) Neuroblate R© system featuring robotic manipulation of laser probe. Image source :
[12].

2.3.1 Neurosurgery

One of the earliest applications of MRI-guided intervention is neurosurgery, including

deep brain stimulation [84] and LITT. The common feature of these two procedures is

the use of needle-based instruments to deliver electrical impulses or laser energy. To

accurately locating 3D targets within the brain, stereotaxy is widely used for positioning

the instruments. A number of MR-safe/conditional stereotactic systems are also proposed

to enable intra-op MRI-guided stereotaxy.

There are two commercial stereotactic systems that target MRI-guided laser therapy.

The first one is the ClearPoint R© system (ClearPoint Neuro Inc., USA) (Fig. 2.5a), which

integrates a single-use frame device for instrument alignment with MRI guidance [85]. It
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allows manual adjustment of the frame trajectory from outside of the MRI bore. The other

one is the Neuroblate R© platform (Monteris Medical Inc., USA) (Fig. 2.5b), which enables

two degrees-of-freedom (DoFs) robotic manipulation of the laser probe [86]. Piezoelectric

motors were employed to achieve rotation and insertion of the probe. The orientation of

probe is adjusted manually through a separate stereotactic frame (AXiiiS), comprising three

linear translating legs and a ball unit.

Fig. 2.6: (a) Piezoelectric-driven 7-DoFs robotic system for stereotactic neurosurgery.
Image source : [13]. (b) Pneumatic-driven needle-guide robot allowing 2-DoFs orienting
of needle. Image source : [14]. (c) Hydraulic-driven robotic system enabling bilateral
instrument navigation [15].

Many research prototypes have also been proposed to achieve robotized stereotaxy

under MRI. Fisher et al. [13] designed a 7-DoFs robot with a remote-of-center motion

(RCM) mechanism (Fig. 2.6a), enabling automatic positioning, orientating, and insertion

of a needle. Each DoF of motion was driven by a piezoelectric motor. No significant

reduction (≤ 10.3%) in signal-to-noise ratio (SNR) was found during the robot’s operation.

Stoianovici et al. [14] developed a needle positioning robot with two motorized rotational

DoFs for orientating an RCM mechanism (Fig. 2.6b). Each DoF was actuated by a

custom-designed pneumatic motor. The RCM location can be adjusted using a passive
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arm. Both two robotic systems need to be mounted on the MR table. Guo et al. [15]

presented a robot allowing bilateral stereotactic procedures (Fig. 2.6c). Two needles can

be oriented simultaneously using two five-bar parallel mechanisms. The robot was driven

in a master-slave manner using 10-meters long hydraulic transmission between the control

room and MRI room. Its compact design allows patient-mounting setup, as well as operating

inside a standard imaging head coil.

2.3.2 Percutaneous Interventions

Percutaneous ablation is performed by inserting a needle through the patient’s skin towards

the target anatomy [87]. It is widely employed in the treatment of tumors inside numerous

organs, such as the breast [88], kidneys [89], and liver [90]. To ensure accurate ablation

margin (≤ 1 cm) and avoid inadvertent organ damage, MRI has been investigated to

monitor the ablation procedures, taking advantage of MRI’s high soft-tissue contrast.

Laser applicators ensure MR safety, enabling MR imaging to be conducted simultaneously

with the ablation. However, the success of the ablation procedure still depends on the

targeting accuracy of needles, which drives the development of MR safe/conditional needle

placement robots.

Fig. 2.7: (a) Innomotion robotic system for MRI- and CT-guided needle placement. Image
source : [16]. (b) Pneumatic-actuated robot for MRI-guided laser ablation of liver. Image
source : [17].

Table-mounted systems are proposed to achieve high-accuracy needle positioning,

benefiting from their rigid structure. Innomotion (Innnomeic Inc., Herxheim) is a

commercial robotic system designed for MRI- and CT-guided needle positioning [16]

(Fig. 2.7a). It utilizes pneumatic cylinders to achieve 5-DoFs manipulation of the
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needle. Franco et al. designed a 4-DoFs pneumatic-actuated needle-positioning robot, and

conducted a pilot study of MRI-guided laser ablation on two patients [17] (Fig. 2.7b). A

gantry was used to support the robot frame above the patients. The multi-imager compatible

needle-guided robot proposed by Stoianovici et al. also allows MRI-guided percutaneous

intervention [91]. However, the table-mounted systems generally have a large footprint and

need to work with a custom MRI body coil. Potential needle movement induced by patient

respiration may lead to a safety hazard.

Patient-mounted systems can move with the human body, thus offering improved

safety related to patient motion. Li et al. proposed a body-mounted robotic assistant

for MRI-guided low back pain injection [18] (Fig. 2.8a). The robot provides 4-DoFs

manipulation of the needle with the use of piezoelectric motors. Together with a mounting

frame, the robot has a dimension of 219 mm×250 mm×87 mm, and a weight of 1.3 kg.

He et al. designed a semi-automated robotic system for MRI-guided percutaneous needle

procedures [19] (Fig. 2.8b). Three soft fluid-driven actuators were employed to achieve

fine adjustment of needle orientation. Accredited to the compact size (Ø108 mm × 115

mm height) and lightweight (189g), the robot enables patient mounting and operating with

standard loop coils. Several robots can even be used simultaneously to enable multiple

needle targeting.

Fig. 2.8: (a) Body-mounted robotic assistant offering 2-DoFs translating and 2-DoFs
orientating of needle. Image source : [18]. (b) Compact needle-placement robot allowing
manual coarse-adjustment and robotic fine-tuning of needle orientation [19].
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2.4 Non-contact Laser Surgery in Head-and-Neck Cancer

Treatment

Non-contact laser surgery is conducted by projecting a laser beam to tissues, creating an

incision or ablation effect. Optical lenses are commonly used to direct and focus the output

beam, thus providing a small laser spot with a high power density. To achieve a precise

treatment margin, the laser probes need to be frequently manipulated during the ablation

process. Although the working mode of contact (e.g., interstitial) versus non-contact lasers

may be different, they share the same principle to apply thermal energy to create damage in

tissue, which is totally dependent on tissue temperature rise and its duration [92].

Fig. 2.9: (a) Anatomy of head and neck regions. Image source : [20]. (b) Larynx cancer
near the vocal cords. Image source : [21]. (c) Nasopharyngeal cancer. Image source :
[22]. (d) Pharynx cancer in the tonsil wall. Image source : [23]. (e) HPV-associated
oropharyngeal cancer. Image source : [24].

2.4.1 Head and Neck Cancer

Head and neck cancer (HNC) (Fig. 2.9) is the seventh most common cancer in the

world, causing more than 450k deaths every year [93]. As these cancers are located in

regions associated with critical functions (e.g., respiration, phonation, and deglutition),

traditional open surgery or adjuvant therapy often results in significant patient morbidity,

including dysphagia and dysphonia. Transoral surgery has become a dominant alternative by

performing tumor resection through the mouth, primarily aiming at organ preservation [94].

However, this approach can still be associated with considerable detriment to the patient

due to the lack of specialized instrumentation to facilitate working in these confined spaces.
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Ablation technologies enable local energy delivery to targeted lesions inside the body [95],

and thus allowing localized and controlled ablation for minimally invasive surgery. Among

them, in particular, for smaller lesions, lasers can provide precise energy deposition and

ablation margin, as well as effective hemostasis.

Laser therapy has been used in the treatment of a variety of head and neck cancers

[96,97], with laser ablative therapy most commonly used in the treatment of glottic cancers.

Laser ablation in glottic cancers with ultranarrow margins has been shown to be effective

in preserving vocal function without the need for further adjuvant radiotherapy [98]. This

can be used for even bulky tumors that are early stage, with the advantage of minimal

thermal spread to the surrounding normal tissue [99]. Now with the Human Papilloma Virus

(HPV)-associated oropharyngeal cancer epidemic where improved outcomes and narrower

margins for resections are needed, the use of laser for resections has been shown to improve

pain scores, reducing hospital stay and time to oral feeding when compared to the use of

traditional cautery [100].

Fig. 2.10: (a) Setup of current transoral laser surgery. Image source : [25]. (b) Laser
micro-manipulator with a mirror rotated by joystick. Image source : [26]. (c) Luminens
AcuBlade laser scanner with pre-programmed patterns. Image source : [27]. (d) KLS
Martin SoftScan digital scanner system. Image source: [28]. (e) DEKA HiScan system
enabling high-precision scanning shapes. Image source : [29].
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2.4.2 Transoral Laser Microsurgery

With the development of minimally invasive surgical techniques and medical lasers, TLM

has attracted growing attention in the treatment of HNCs (Fig. 2.9) [101]. Previous

oncological studies [102–104] have demonstrated TLM’s excellent performance in treating

laryngeal tumors with the minimal adverse influence of vocal cord function and reasonable

functional voice outcomes. TLM performs laser beam projection trans-orally for tumor

resection, eliminating external incisions as in conventional open-neck surgeries [105].

The high-power laser beam needs to be projected at a small size (∼250 µm, [106]) and

manipulated precisely (<1 mm, [107]) in the narrow laryngeal area (∼20×20 mm2). It is

demanding in terms of accuracy due to the high risk of damage to the vocal muscles [108].

This also challenges the development of laser steering devices and corresponding control

schemes.

Fig. 2.11: Virtual scalpel concept using a stylus for interactive display and laser control.
Image Source : [30, 31]

Carbon dioxide (CO2) laser (λ '10.6 µm) with a high absorption rate in soft tissues is

the most common laser source in TLM. The lasers are typically delivered and maneuvered

via a set of external prisms and mirrors, which provides laser beam projection and

steering at the surgical site. In a conventional TLM setup, surgeons manually operated a

joystick to manipulate a beam-splitter mirror that projects the laser beam at the targeted

lesions [105] (Fig. 2.10a-b). However, such manual manipulation requires the surgeons
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to master high psychomotor skills to achieve dexterous hand-eye-foot coordination.

Recently, the motorization of external manipulators was introduced to improve the laser

aiming precision and efficiency [109]. Motorized laser scanners (e.g., Lumenis AcuBlade

(Fig. 2.10c), KLS Martin SoftScan (Fig. 2.10d), DEKA HiScan (Fig. 2.10e)) allowing

pre-programmed scanning patterns are commercially available, providing improved laser

incision quality. However, these systems still need surgeons to position the pattern using a

manual micromanipulator. New motorized micromanipulators were proposed to enable the

incorporation of a stylus-based machine-surgeon interface to release surgeons from looking

through the microscope during laser manipulation (Fig. 2.11), thus offering improved

ergonomics [30, 31]. However, these laryngeal laser surgery setups are mainly based on the

design of straight-line laser beam projection from an external manipulator to the surgical

site (Fig. 2.10a). To ensure sufficient exposure of tumors to the laser beam, patients may

need to maintain a high extension of the neck. Moreover, the long working distance (∼400

mm) causes a leveraging effect on the laser beam, which can amplify inaccuracies in laser

steering.

2.4.3 Transoral Endoscopic Surgery assisted with Robots

Lasers with a shorter wavelength, e.g., thulium (λ '2,013 nm) and blue light (λ '445

nm) laser, were introduced to overcome the limitations of ”line-of-sight”. They can be

coupled into a flexible optical fiber to enhance access to surgical targets and achieve efficient

tissue dissection as well as excellent hemostasis [110]. The development of hollow-core

optical fiber also enabled the coupling of the commonly-used CO2 laser. Fiber-optic lasers

are already employed in clinical practice [111–113]. However, the difficulties in manual

manipulation of flexible optical fibers have also led to its incorporation with surgical

robotics systems.

Currently, there is a single transoral surgical robotic platform that is FDA-approved

for transoral minimally invasive surgery (da Vinci, Intuitive Surgical Inc., USA) [114].

Compared to the daVinci SI system using four individual rigid instruments (Fig. 2.12a),

the da Vinci SP system integrates four articulated instruments into a single cannula

(Fig. 2.12b-c), thus enabling deep and narrow access. Although these systems offer high

quality vision and control for surgeons, the high setup cost and long training time limit

their availability. An alternative hybrid approach using endo-laparoscopic instruments and

a robotic Flex R© camera (Medrobotics, USA) (Fig. 2.12d) has also been approved for
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Fig. 2.12: (a) Setup of da Vinci SI system for transoral surgery. Image source : [32]. (b)
Transoral setting with da Vinci SP robot. Image source : [32]. (c) Endowrist instruments of
da Vinci SP surgical system. Image source : [33]. (d) Flex R©) robotic endoscope comprising
two flexible instruments. Image source : [34].

clinical use for head and neck surgery [115]. Two pilot studies [114, 116] have evaluated

the feasibility of combining transoral robotic surgery (TORS) with flexible fiberoptic laser

technology, demonstrating enhanced precision, fine cutting margins, reduced postoperative

pain, and increased operation safety.

2.4.4 Endoscopic Laser Manipulator

The advances of flexible medical laser bring the opportunity to access lesion targets

located in the deeper regions, which also promotes the development of endoscopic laser

manipulators. Renevier et al. [35] designed a two-DoFs actuated micromirror based

on a micro-electro-mechanical system (Fig. 2.13a), which could be integrated into an

endoscopic tip. However, the inclination of reflecting mirrors may result in an elliptical

laser spot. Acemoglu et al. [36] proposed a flexible robotic laser scanner, which used four

electromagnetic (EM) coils to manipulate a laser fiber (Fig. 2.13b), while the projection
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Fig. 2.13: (a) Endoscopic laser steering using an actuated mirror. Image source : [35].
(b) Laser scanner manipulating a laser fiber by four electromagnetic coils. Image source :
[36]. (c) Laser scalpel with Risely prism beam steering system. Image source : [37]. (d)
Cable-driven mechanism for optical fiber manipulation. Image source : [38].

workspace of laser spot was restricted in a 5 × 5 mm square. A 5-cm long rigid laser

scalpel using the Risley prism beam steering mechanism was designed (Fig. 2.13c), which

could be mounted on a modified laryngoscope [37]. An extensible continuum robot has been

investigated to achieve focal adaptation for non-contact laser surgery [117]. A cable-driven

parallel mechanism was proposed to achieve 5-DoFs manipulation of an optical fiber tip

(Fig. 2.13d), which has to maintain a close distance to tissue, e.g., 1 mm for incision and

2-5 mm for ablation and hemostasis [38].

2.4.5 Clinical Motivations of MRI-guided Transoral Laser Surgery

Despite robot assistance, surgeons must still depend on their experience to approximate

a safe ‘deep margin’ while avoiding injury to crucial neurovascular or muscular

structures. In normal surgical settings, such intra-op evaluation can only be performed

through time-consuming and costly pathology laboratory procedures such as FSA [118]

(Fig. 2.14a-b). While frozen section performed immediately after resection is the current

gold-standard approach, margin assessment performed simultaneously and in real-time as

the surgeon treats the tumor would present a significant advance.
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Fig. 2.14: (a) Microscopic setup for intra-op FSA. Image source : [39]. (b) Pathology
result of a frozen section. Image source : [39]. (c) Tumor depth measured on an anatomical
MR image of tongue base. Image source : [40]. (d) Temperature map acquired by MR
thermometry during high intensity focused ultrasound ablation. Image source : [41].

Recently, online estimation of tissue temperature [119] and ablation depth [120] based

on modeling the laser-tissue thermal interaction were investigated. However, this method

requires collecting actual data from the laser ablation process on ex-vivo tissues, which

could be inaccurate for in-vivo applications. An alternative is to introduce an intra-op

sensing modality to monitor the laser ablation process. MRI has gained prevalence as

an intra-op image guidance modality because it can clearly contrast cancerous tissue as

well as critical neurovascular structures (Fig. 2.14c). MRI can form high-resolution 3D

surgical roadmaps for pre-operative planning, delineating early stage (T1/T2) carcinoma

[121], while real-time MRI can readily visualize the physiological changes of tissue due

to successful or incomplete laser cutting/ablation. The live visualization of fine changes in

tissue temperature (<1 °C) is made possible by MR thermometry [122], which has been

widely adopted for thermal dose monitoring in MRI-guided focused ultrasound procedures

[123], radiofrequency ablation [124], and interstitial laser ablation [125]. Closed-loop

control has also been demonstrated by utilizing MR thermometry feedback [126, 127].

Some examples of commercial laser therapy systems that utilize real-time MR thermometry

include the Tranberg system (Clinical Laserthermia Systems Americas Inc.) and the
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NeuroBlate system (Monteris Medical, Inc.). Pairing anatomical and thermal imaging,

MRI stands to be the unique modality that can provide accurate intra-op monitoring of

ablation depth (Fig. 2.14c) relative to the underlying critical tissue, as well as the extent

of thermal diffusion (Fig. 2.14d), which could facilitate the modulation of laser delivery

through different parameters, e.g., laser pulse width, distance, and power.

During the laser ablation, real-time (up to sub-second [128]) MR thermometry can be

conducted to measure the temperature diffusion in tissues, offering online monitoring of

tumor ablation margin, which can be even overlaid on the camera view to alert overheating

to surroundings. After each ablation run, an intra-op anatomical MR scan can be performed

for the in-situ assessment of the completeness of lesion cutting/ablation. This may eliminate

the need for FSA, smoothening the surgical workflow, shortening operative time, and

improving patient outcomes.

2.5 Perspectives towards MRI-guided Non-contact Laser

Manipulation

Although many MRI-guided robotic systems have been proposed for procedures like

percutaneous ablation and neurosurgical surgery (Section 2.3), these systems are primarily

designed for contact or needle-based ablation wherein the laser tip is inserted through a

single entry point in the skin and directly into target lesions where it remains stationary

during the ablation process. Any positional adjustments are made between subsequent

ablations. At present, no robotic platform is able to leverage real-time intra-op MRI

guidance together with continuous control of laser beam projection for tumor ablation. This

would be even challenging within constrained anatomy such as the oral and pharyngeal

cavities. A new generation of MR safe/conditional robots that features compact size, high

accuracy, and dexterous manipulation is expected. In this section, the enabling technologies

for MRI-guided non-contact laser manipulation will be discussed, which also shape the

main focus of this thesis.

2.5.1 MR-compatible Actuation

The performance of actuators can determine the accuracy, responsiveness, and payload

of the whole robotic system. However, the high magnetic field in the MRI environment
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prohibits the use of ferromagnetic materials, thus posing great challenges to the choice of

actuation methods. Electromagnetic motors commonly used in conventional robotics are not

allowed. Besides, the actuators should maintain high performance after long-range (∼10 m)

power transmission between the control room and MRI room.

To ensure a safe actuation for robotic systems in the MR environment while

minimizing the interferences, various MR conditional/safe actuators were developed, such

as piezoelectric motors [129, 130]. However, the high-frequency current exciting the motor

stepping action may inevitably induce artifacts on intra-op imaging. This can be solved by

putting actuators away from the imaging site or iso-center during their operation, which,

however, increases the robot footprint. Inherently MR-safe motors powered by fluid, e.g.,

pneumatic motors [131–133], have also been proposed. However, the high compressibility

of air may cause mechanical transmission delay and thus control inaccuracies. Hydraulic

actuation [134, 135] was also investigated. The hydraulic system is accomplished with

incompressible fluid as transmission media, offering quick response, accurate control, and

high-power density. However, the fluid transmission system via long pipelines should be

optimized to reduce any bubbles and leakage. In general, the response of fluid actuation

could be nonlinear, which is hard to model, raising difficulties to the precise control of

robot end-effector.

2.5.2 Real-time Positional Tracking in MRI

Accurate localization of interventional tools in MRI enables closed-loop control of robotic

intervention, which plays an important role in improving targeting accuracy. However,

conventional instruments are difficult to be tracked from MR images due to the image

artifacts, while image acquisition is also time-consuming. The harsh MR requirement also

results in limited choices of external sensors. To address this challenge, MR-based tracking

markers were developed to achieve positional localization in MRI.

MR markers can be classified into three types: passive, active, semi-active. Passive

tracking markers contain contrast agents that alter local MR signal intensity by shortening

the T1 or T2 value [136, 137], or paramagnetic materials that introduce local magnetic

field distortion [138, 139]. Although passive marker can avoid RF safety hazards, it

generally involves complicated MR sequences to identify marker signals unambiguously

from background signals [140], or distinguish signals from multiple markers when they

are closed to each other. Active tracking marker utilizes MR-compatible radiofrequency
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circuit wired to MR scanner. The major advantage of active markers is that fast and accurate

tracking can be conducted with multiple markers connected to the scanner receiver channels.

However, the long electrically conductive wire connection would induce RF heating [141],

or cause difficulties in clinical implementations [142]. Recently, semi-active markers with

tuned circuits have attracted increasing interest for MR-based tracking [143, 144]. They do

not require an electrically conducting wire connection to the MRI scanner, thus reducing

the implementation complexity, and the risk of RF-induced heating due to wiring.

2.5.3 Continuum Robotic Manipulator

Taking the confined MRI bore into account, a compact manipulator is in demand to enable

dexterous manipulation. To access the deep regions within the narrow oral and pharyngeal

anatomy, the manipulator should also provide safe and flexible navigation. These challenges

drive us to investigate the development of flexible and continuum robots.

Fig. 2.15: (a) Concentric tube robot for laser probe navigation. Image source : [42]. (b)
Tendon-driven continuum robot for neuroendoscopy. Image source : [43]. (c) Endotics
soft robotic colonoscopy. Image source : [44]. (d) STIFF-FLOP soft robotic endoscopy
for keyhole surgery. Image source : [45].

Robot designs based on concentric tubes (Fig. 2.15a) were introduced to provide

laser probe targeting in MRI [42, 145]. Concentric tube manipulators generally require

sophisticated actuation settings to generate both rotational and linear motion, which also
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have to be located close to the robot end-effector to minimize losses in transmission. This

induces difficulty in the design of compact robots and their actuator setups, particularly

when the robot must be accommodated and operated inside the standard MRI head/body

coil. This is made further challenging by the common use of piezoelectric-based motors,

which should not be placed near the imaging site to prevent EM-artifact generation

on images. This makes the external actuation system relatively heavy and large, which

may require mounting to the MRI table, impacting surgical workflow and patient access.

Tendon-driven snake-like robots [38, 107, 146] (Fig. 2.15b) face similar challenges with

actuator compactness, and are typically not MRI-compatible.

Soft robots made of elastomeric materials [147, 148] have attracted increasing research

interest. This is accredited not only to their high-power density actuation [149], but

also their adaptability with confined and unstructured surroundings. Soft robots are

low-cost, disposable, and easily sterilized, making them a viable choice in single-use

endoscopic applications. Furthermore, soft robotic manipulators can be fabricated [150]

using MR-safe materials such as polymers [19], and allow rapid prototyping with

customizable, patient-specific designs. Commercial products such as Endotics [151, 152]

(Fig. 2.15c) and Aer-O-Scope [153] are examples of exploiting soft robotic technologies

for disposable, safe, and cost-effective colorectal screening purposes. Recently, a stiffness

controllable soft robotic endoscope (STIFF-FLOP, Fig. 2.15d) [45, 154] was validated in

human cadavers, demonstrating a superior field of vision in comparison to the use of

standard laparoscopic vision in a mesorectal excision task [155].

In the case of MRI-guided non-contact laser surgery, soft robotic manipulators driven

by pressurized fluid flow show great potential. Hydraulic actuation can be employed to

ensure intrinsic MR safety as well as fast mechanical transmission response. Integrated

with optical laser fiber, soft robots can provide flexible laser energy delivery and laser beam

manipulation.

2.5.4 Precise Motion Control for Soft Continuum Robots

There are two main reasons posing challenges to the precise motion control of soft robots.

First of all, the robot fabrication process could introduce uncertainties to robot geometry as

well as its mechanical property. Secondly, soft robots feature nonlinear deformation upon

actuation due to the intrinsic nonlinear strain-stress relation of elastomeric materials. To

develop effective control strategies, several models have been investigated to approximate
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Fig. 2.16: (a) Piecewise constant curvature assumption. Image source : [46, 47]. (b)
Establishing force equilibrium based on Cosserat rod theory. Image source : [48]. c
Real-time finite element modelling for soft robot control. Image source : [49]. (d)
Characterizing soft robot kinematics based on FEM. Image source : [50].

the kinematics behavior of limber manipulators without skeletons [156]. The piecewise

constant curvature (PCC) assumption (Fig. 2.16a) was popularly applied to simplify the

bending kinematics of continuum robots with uniform shape and symmetrical actuation

[47,157]. Combined with positional sensors, e.g., EM tracking probes [158], the PCC-based

geometric solution enabled real-time closed-loop control of the robot pose in free space.

Recent work utilized the PCC assumption and a self-contained curvature sensor to control

the locomotion of a soft robotic snake [159]. Parallel kinematics was employed to

achieve position control of a soft robot integrated with elastomer strain sensors [160].

Other modeling approaches, such as those based on the Cosserat rod theory [161, 162]

(Fig. 2.16b), have been used to investigate the kinematics mapping by establishing force

equilibrium, which can account for gravity and external load. Nevertheless, unknown

disturbance to the robot, such as unpredictable payload and interaction with surroundings,

can promptly deteriorate the model. Finite element modeling (FEM) (Fig. 2.16c-d) was

also applied to accurately estimate complex robot deformations, by which the kinematics

mapping could be generated and incorporated in the soft robot control [50]. Recent works

described that asynchronous FEM could be combined with a quadratic programming

algorithm to achieve real-time control of soft robots [163] (Fig. 2.16c). However, the

modeling accuracy is sensitive to geometric and material parameters, of which the searches
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are also heuristic. Moreover, the models mentioned above are design-specific to particular

robot structures.

Data-driven control approaches avoid complicated analytical modeling by

approximating the kinematics mapping or control policies from acquired sensing

data. Neural networks (NNs) have been studied to approximate the global inverse

mapping of non-redundant soft continuum robots [164, 165]. NNs could be specifically

designed to learn global mapping accurately, but it is not efficient for online learning

because all network parameters have to be updated in every iteration. A novel data-based

approach [166] was also applied optimal control to estimate the kinematic Jacobian matrix

online. It demonstrated stable control of a tendon-driven continuum robot in a 2D statically

constrained environment. Recently, a locally weighted online learning controller [167]

was proposed to achieve the 3D orientation control of a fluid-driven soft robot. It could

compensate for externally applied disturbance; however, the need for heuristic tuning of

multiple data-dependent parameters becomes the major weakness of this approach [168].

2.6 Conclusion

This chapter introduces the state-of-art techniques for intra-op MRI-guided intervention,

in particular for laser surgery. The requirements on MR safety are clarified, which sets

the standard for the development of MRI-guided robotic systems. The current status of

non-contact laser surgery in head and neck cancer treatment is also reviewed, including

the transoral laser microsurgery, transoral surgical robotic system, and endoscopic laser

manipulators. However, there is still clinical demand for efficient intra-op tools, such

as MRI, to assess the laser ablation completeness. The current robotic systems for

transoral laser surgery are not MRI compatible, while existing MRI-guided robotic systems

are not equipped for controlling non-contact, projection-based lasers, particularly within

constrained anatomy such as the oral and pharyngeal cavities. To this end, some crucial

techniques are investigated, including the MR-compatible actuation, real-time positional

localization in MRI, continuum robotic manipulator, and precise motion control for soft

continuum robots.

In the following chapters, investigations on the aforementioned important techniques

are introduced in detail. In Chapter 3, a fluid-driven soft robotic endoscope is presented,

with visual servoing controllers proposed to enable its precise navigation control. Chapter 4
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introduces the high-precision laser beam steering control with a soft robotic manipulator,

which serves as the fundamental basis for employing soft robots in transoral laser

surgery. Then a complete prototype of an MRI-guided transoral robot integrating hydraulic

actuation, soft robotic navigation and laser beam steering, and MR-based positional

localization is presented in Chapter 5. Finally, Chapter 6 presents the results of preclinical

trials that were conducted to validate the robot’s feasibility and performance in actual human

anatomy.



Chapter 3

Eye-in-hand Vision-based Online

Learning Control for Soft Robotic

Navigation

3.1 Introduction

As introduced in Chapter 2, soft robots, owing to their elastomeric material, ensure safe

interaction with their surroundings. These robot compliance properties inevitably impose a

trade-off against precise motion control, as to which conventional model-based methods

were proposed to approximate the robot kinematics. However, too many parameters,

regarding robot deformation and external disturbance, are difficult to obtain, even if

possible, which could be very nonlinear. Sensors self-contained in the robot are required to

compensate for modeling uncertainties and external disturbances. Camera (eye) integrated

at the robot end-effector (hand) is a common setting. To this end, a learning-based controller

is proposed based on the camera feedback to accomplish more precise robotic tasks.

In this chapter, an adaptive eye-in-hand visual servo control framework based on local

online learning techniques is presented. The controller is constructed by learning the inverse

mapping solely from collected camera images, without the need for calibrating robot and

camera parameters. Promising accuracy in the learning of inverse mapping is assured

without having to tune the hyperparameters in the learning approach. LGPR models enable

fast online updates to accommodate new input data that reflect the latest robot status. As a

result, precise manipulation can be achieved even when the robot encounters unknown and

61
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varying external disturbances. The major contributions of this work are:

1. First attempt to address a learning-based visual servo control for a fluid-driven soft

robot such that the inverse kinematics (IK) can be directly approximated by Gaussian

process regression (GPR);

2. Efficient update of the trained inverse motion mapping to compensate dynamic

disturbance by adjusting the most relevant local GPR model;

3. Novel experimental validations demonstrating precise point-to-point tracking and

path following of a hyper-elastic low-stiffness soft robot with variable tip loading.

3.2 Eye-in-hand Visual Servoing and Applications

Visual servoing is a control strategy that utilizes visual feedback to close the control

loop of robotic systems. It is able to resist distance-related limitations in robotic

end-effector control, with applications extending to the manufacturing industry, military

field, automobile steering, and even aircraft landing [169]. Visual servoing can be

classified into eye-in-hand and eye-to-hand configurations based on the camera’s location.

Eye-in-hand cameras are embedded at the robot end-effector and enable more flexible

viewing of the workspace. Using this approach for rigid-link robots, tele-operated

object/feature tracking and obstacle avoidance in imperfectly-modeled environments can

be achieved [169,170]. Applications also include robotic minimally invasive surgery, where

surgical instruments and specific tissues or organs can be tracked intra-operatively [171],

reducing the burden of manual endoscope control.

Vision-based systems are a viable choice for integration with soft robots, as they

can be small and self-contained. Making use of camera feedback, visual servoing has

been extensively studied over the last decades, and many approaches have been proposed

[172,173]. Wang et al. [174] first achieved eye-in-hand visual servo control of a cable-driven

soft robot based on analytical kinematic modeling and an interaction matrix, where the

intrinsic and extrinsic camera parameters are estimated beforehand. Other studies addressed

the visual servo of a concentric-tube robot [175] and series pneumatic artificial muscles

[176] by estimating the task space Jacobian matrix from image feedback. But these

controllers were only validated in free space. Recently, a PCC-based adaptive visual servo

controller was proposed for a cable-driven robot in a constrained environment [177]. It could
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handle the control of the robot statically constrained by physical interaction. However, the

model-based controller could only adapt to a specific type of constraint, i.e., static ”stuck”,

by estimating the ”stuck” length online. Other factors, e.g., modeling uncertainties and

varying external forces, could also deteriorate the model and introduce control inaccuracies.

3.3 Online Learning Visual Servoing Control Framework

This section describes the proposed online learning control framework for soft robotic

navigation based on camera feedback. Utilizing the learning method, the nonlinear motion

mapping from task space to robot actuation can be directly modeled. A feedback controller

is constructed based on the trained inverse motion mapping to achieve targeting objectives

defined in the task space.

3.3.1 Task Space Definition

A camera mounted at robot end-effector allows image-based control strategy, namely

eye-in-hand visual servo. Mappings from the spaces of actuation, configuration to task

spaces have to be defined successively. The actuator input (at equilibrium) is represented

as α(k) ∈ Um at time step k, where Um denotes the m-dimensional actuation space.

Let s(k) be the manipulator configuration space parameters under input α(k), which

corresponds to an end-effector position p(k) ∈R3 and orientation normal n(k) ∈R3 in the

Cartesian space. The orientation normal is a vector of unit length. The collective variable

θ (k) = [p(k) n(k) ] ∈ R6 depends on robot configuration s(k):

θ (k) = h(s(k)) . (3.1)

Assume the robot motion is quasi-static, we can obtain the forward transition model:

∆s(k) = f (s(k) ,∆α(k)) , (3.2)

where the incremental input from time step k to k+ 1 is denoted by ∆α(k) = α(k+1)−

α(k), and the change of robot configuration induced by the incremental input ∆α(k) is

denoted by ∆s(k) = s(k+1)−s(k).

The task space is defined in the camera frame (Fig. 3.1a), with the incremental

displacement denoted as ∆z (k) ∈ R2. The frame is always perpendicular to the camera
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Fig. 3.1: 2D motion estimation in the camera view. (a) Image frames at two successive
time steps. (b) Incremental displacement between two matched blocks with the highest
similarity. An red block is selected from the frame at time step k as the template pattern,
which is matched by the yellow block searched from the frame at time step k+1.

principal axis, which aligns with the robot tip normal. The change of end-effector states

∆θ (·) will be mapped to the motion in the camera frame, ∆z (k). Combining this mapping,

Eq. 3.1 can thereby be extended to:

∆z (k) = g(s(k) ,∆α(k)), (3.3)

The control objective is to generate the actuation command, achieving a desired

movement ∆z∗ (k) in task space. Thus, we need to obtain the inverse transition mapping

of Eq. 3.3, i.e.,

∆α(k) = Φ̂(s(k) ,∆z∗ (k)) . (3.4)

The inverse mapping Φ̂ is dependent on the current robot states, s(k), which is unknown

due to the lack of configuration-related sensing data. However, the robot configuration s(k)

is uniquely determined by the actuator input α(k) based on the quasi-static assumption of

robot movement. Note that this relation could be altered by external forces. Hence, we can

use the actuator input to represent the robot states in the inverse mapping:

∆α(k) = Φ(α(k) ,∆z∗ (k)) , (3.5)

which is an approximation of the actual inverse kinematics Φ̂ in Eq. 3.4. The inverse
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mapping should be modeled based on the actual operation data comprising image feedback

∆z (·), and the actuation input α(·), ∆α(·). Learning-based methods will be employed to

avoid complicated analytical modeling.

3.3.2 Motion Estimation on Image Plane

To process the 2D camera image feedback for the learning of inverse transition mapping,

the effective estimation of incremental displacement ∆z between two successive images

is first addressed. As shown in Fig. 3.1b, a reference block from the image frame at time

step k is selected as the template pattern, which is matched by searching from the image

frame at time step (k+1) through block sliding. In this calculation, only the 2D movements

along the u and v axes are considered. As the time interval between two successive time

steps is very short (∼20 Hz), it can be assumed that the change of robot tip orientation

is small. Otherwise, the orientation change could introduce inaccuracies to the 2D motion

estimation based on template matching. It was evaluated by calculating the movement error

of 100 images generated by rotating an original image from−10◦ to 10◦ ( Fig. 3.2a). As the

displacement was calculated between successive frames at tiny time intervals, the twisting

angle reflected in the camera view is < 5◦, referring to the recorded twisting angles during

pre-training data exploration ( Fig. 3.2b). Therefore, the movement error caused by the

camera rotation would be < 3 pixels, which is acceptable relative to the 10-pixel tolerance.

Besides, the orientation-induced error is generally correlated to the robot configuration,

which could be accurately resolved by the instant update of the actuation status in the

learning model.

Fig. 3.2: (a) Motion estimation errors sampled at angular resolution of 0.25◦. (b) Twisting
angle of robot end-effector (camera) under varying actuation inputs when one chamber is
inflated. All three chambers are pre-pressured with actuation input α0.

Therefore, during the continuous robot motion, the camera frames can be assumed to

move on the same plane between two successive time steps, thus mainly moving in planar
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(2D) motion. A template matching algorithm based on a square of image intensity feature

is employed to estimate the 2D translations on the image plane (Fig. 3.1b). The algorithm

is implemented using the “matchTemplate” function in OpenCV [178]. A reference block

containing the template pattern is first prescribed in the previous image frame. Then a

block is searched from the current image frame by sliding the block pixel-by-pixel and

calculating its similarities to the template. A metric function “T M CCORR NORMED” is

used to quantify the similarity, i.e.,

R(ξ ,η) =
∑i, j (T (i, j) · I(i+ξ , j+η))√

∑i, j T (i, j)2 ·∑i, j I(i+ξ , j+η)2
, (3.6)

where the matrices T and I denote, respectively, intensities in the template block and sliding

block. The local indices of pixels in the blocks are denoted by i and j. The location of the

sliding block in the image frame is represented by (ξ , η). By finding the block with the

highest similarity (Eq. 3.6) to the template using “minMaxLoc” function, we can obtain a

motion vector (Fig. 3.1), ∆z(k) = [∆u,∆v]T, with respect to the template:

[∆u,∆v] = argmax
ξ ,η

R(ξ ,η). (3.7)

The forward/backward movement of the camera may induce the scaling effect of the tracked

features. However, compared to the lateral camera movement, this is assumed to have

minimal effect on the estimation of translation displacements through template matching.

Besides, the axial movement of the camera will be small given the short time interval

between successive camera imaging (≥ 20 Hz). Similarly, for optical aberration-caused

geometrical distortions, its effect on relative motion estimation could be ignored, as the

compared templates extracted from successive frames are supposed to be with little changes

of distortion. Note that the absolute distortion of the template is not considered in this

algorithm. The template matching process is performed continuously alongside the robot

movement, thus offering a real-time motion estimation for robot kinematics learning as

well as its feedback control.

3.3.3 Local GPR-based Online Learning Control

To “learn” the inverse kinematics, a precise regression approach is required to map the

estimated 2D motion to the corresponding actuation input. Given that soft robotic actuation

is nonlinear, a nonparametric method, GPR [179], is employed. This data-driven method
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can accommodate the unpredictable characteristics caused by the fabrication uncertainty

of soft robots and the calibration of the camera intrinsic/extrinsic. After pre-training, the

GPR model can be online updated using the new sensing data collected during robot

manipulation. A locally weighted learning scheme is utilized to enable fast model prediction

and update, thus real-time robot control. There are three key steps as bellow:

Gaussian Process Regression

Training: Our aim is to model the inverse mapping ∆α = Φ(α,∆z∗) as defined in

Section 3.3.1, with both the current robot states and desired camera motion, x =

[ αT ∆z∗T ]T ∈Rn, as input, and the required actuation, y= ∆α∈Rm, as output. For soft

robots, m is the number of actuation chambers. The robot is first commanded to explore the

workspace with a predefined actuation sequence, during which a training dataset is collected

for model initialization. Given a set of input data X = {xi} and output data Y = {yi},

i = 1,2, . . . ,N, each dimension of the output ys = {ys
i },s = 1,2, ...,m is independently

trained. GPR assumes that the input and output of the training data satisfies a nonlinear

mapping ys
i = G(xi)+ ε , where ε is a white Gaussian noise with zero mean and variance

σ2
n . The output is modeled as a Gaussian distribution ys ∼ N

(
0,K (X,X)+σ2

nI
)
, where

I is the identity matrix and K (X,X) is a covariance matrix. The size of the matrix K,

N × N, depends on the size of training data, N. Here, the zero-mean prior is adopted,

since the change of actuation ∆α should have zero mean. The ith-row, and jth-column

element ki j = k (xi,x j) in covariance matrix K (X,X) is a customized function. Here,

squared-exponential kernel function [179] is used:

ki j = k (xi,x j) = σ
2
s exp

(
−0.5(xi−x j)

TΛ(xi−x j)
)

(3.8)

where σs
2 is the signal variance, and Λ = diag(λ) is a diagonal matrix with characteristic

length-scales λ = [λ1, . . . ,λn]
T acting on each dimension of the input X individually.

In our experiments, hyperparameters σs, σn, and λ were initialized as 0.1, 0.5, and

0.5I respectively. Then they can be updated by maximizing the negative log marginal

likelihood. The hyperparameters can be found by standard optimization methods such

as conjugate gradient, which is an automatically seeking procedure without the need of

heuristic intervention. With these, GPR can generate a global nonlinear mapping model

ready for prediction.

Prediction: Given a query input set _
x , the joint distribution of the observed target

values ys and predicted value g(_x) are expressed as [179]:



68Chapter 3. Eye-in-hand Vision-based Online Learning Control for Soft Robotic Navigation

 ys

g(_x)

∼ N

0,

 K (X,X)+σ2
n I k(X,

_
x)

k(
_
x,X) k(_x, _x)

 (3.9)

Based on Eq. 3.9, we can solve the mean ḡ(_x) and covariance V (
_
x) of the prediction as:

ḡ(_x) = kT (X,
_
x)
(
K (X,X)+σ

2
n I
)−1
ys = kT (X,

_
x)β (3.10)

V (
_
x) = k(_x, _x)−kT (X,

_
x)
(
K (X,X)+σ

2
n I
)−1
k(X,

_
x) (3.11)

where β is the prediction vector with a dimension of N×1. For the visual servoing task, the

predicted value ḡ(_x) and V (
_
x) give, respectively, the mean and covariance of the actuation

command that is required to achieve the desired camera motion queried in _
x.

Localized GPR Model

During GPR predicting or updating, the inversion of matrix
(
K (X,X)+σ2

n I
)

has to be

calculated, which is time-consuming due to the complexity of O
(
N3
)
. Decreasing the size

of training dataset N should be an effective way to accelerate the computation. Therefore,

instead of grouping the collected training data in one matrix, k-means algorithm is applied

to divide them into M clusters, D j, j = 1,2, . . . ,M, with a Gaussian-based kernel (Eq. 3.8)

utilized to quantify the similarity between each pair of data. For each data, its similarity to

the centers of clusters will be calculated, with the closest one selected to include the data.

Clusters from 1 to M will be iteratively updated so that the sum of data similarities to their

assigned clusters are minimized. As discussed in Section 3.3.1, the actuator input α can

be used to represent the robot state, which is thus selected as the basis for clustering. The

sample size of the jth cluster is denoted by N j, with the corresponding center represented as

cj ∈Um. A local GPR model Φ j is trained for each cluster, with a upper limit of sample size

Nmax
j imposed to ensure efficient computation. The limit is also maintained during model

updating with newly collected data. At each time step, Eq. 3.10 can be used to calculate a

prediction ŷ j from each local model Φ j. Taking the weighted average of the predictions of

M local models, the combined actuation input [180] can be obtained as:

∆α(k) = ∑
M
j=1 ω jŷ j

/
∑

M
j=1 ω j, j = 1,2, . . . ,M, (3.12)

where the weight ω j is given by the similarity between current actuation input α(k) and

the center of jth cluster. The similarity is measured using a Gaussian kernel (Eq. 3.8),

assuming each cluster of data satisfies a Gaussian distribution. The steps of data processing
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and training for model initialization are summarized in Algorithm. 1.

Algorithm 1 Pre-training of LGPR models
Inputs:
X: input samples;
Y : output samples;
ω (·): similarity kernel function;

1: Clustering training dataset into M local groups with k-means clustering algorithm.
2: for each cluster j = 1,2 . . . ,M do
3: Train jth Local GPR model Eq. 3.8;
4: end for

Incremental Learning

During robot execution, its actuation property may be changed by external disturbances,

which result in observations different from the training data collected in free space. To

enhance the adaptability of the controller to those uncertainties, online refining of the

pre-trained models is implemented. At each time step k, new sample data pairing the input

x = [ α(k)T
∆z(k)T ]T ∈ Rn and output y = ∆α(k) can be acquired and grouped into

the nearest cluster Dr for model updating. As the online data can reflect the latest robot

operation condition, the updated model will adapt to unknown external disturbances, thus

providing more accurate control. During the dataset updating, the size limits of each cluster

are imposed to ensure fast model prediction. If the current size of local model Nr <Nmax
r , the

new sample can be directly added into the cluster with other data kept unchanged; otherwise

Nr ≥ Nmax
r , the oldest sample [x1,y1] will be deleted while adding the new sample. A new

local model Φr will be trained based on the updated dataset.

The key steps of model updating is to calculate the new prediction vector β as in

Eq. 3.10, which involves the inversion of matrix
(
K (X,X)+σ2I

)
. To enable efficient

computation of this inversion, Cholesky decomposition LLT is employed to represent the

matrix. Then the prediction vector can be solved from the linear equations, y =LLTβ. The

advantage is that the Cholesky decomposition can be directly adjusted to accommodate the

newly added data [180], by inserting a new row in matrix L:

Lnew =

 L 0

1T l∗

 , (3.13)

l =L−1k (X,xnew) , l∗ =
√

k (xnew,xnew)−‖l‖2. (3.14)

where k (·) is the kernel function as given in Eq. 3.8.
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Discarding the oldest sample from matrix L can be achieved by two steps: The first one

is to re-arrange the oldest data to the last row. This can be achieved by multiplying L with

a permutation matrix:

R= I− (δ1−δNr)(δ1−δNr)
T, (3.15)

i.e., RL. In Eq. 3.15, a vector δi ∈ RNr contains all zero elements except for the ith

element that is equal to one. We can then obtain the new matrix Lnew by deleting the

last row of the re-arranged matrix, RL. The procedures for updating the pre-trained

models incrementally are given in Algorithm. 2. Fig. 3.3 presents the online learning

control framework integrating four key units: command input, LGPR model prediction and

updating, soft robot actuation, and image processing.

Algorithm 2 Incremental learning of LGPR Models

1: for each new sample (xi,yi) do
2: for each LGPR model Φ j, j = 1,2 . . . ,M do
3: Calculate the similarity between the sample and cluster center ω j = ω (xi,c j);
4: end for
5: Select the nearest model: r = argmax jω j;
6: if ωr > similarity threshold then
7: if Nr > Nmax

r then
8: Remove the oldest data in model Φr;
9: end if

10: Add (xi,yi) into the most relevant local cluster Dr:Xr =Xr∪xi, Yr =Yr∪yi;
11: Update the center of local cluster: cr = mean(Xr);
12: Calculate the new Cholesky matrix and prediction vector using Eq. 3.13;
13: else
14: Generate a new cluster cM+1 = xi,XM+1 = xi,YM+1 = yi, M = M+1;
15: Train a new local GPR model;
16: end if
17: end for

3.4 Experiments of Image-based Visual Servoing

In this section, experimental validation of the online learning visual servoing controller is

conducted using a pneumatic-driven hyper-elastic soft robot. Point-to-point tracking and

path following tasks are performed to showcase the robot control accuracy. During these

tasks, external forces and changing tip loading were intentionally applied on the robot to

validate the adaptability of the proposed online learning controller.
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3.4.1 Experimental Setup

The experimental setup is shown in Fig. 3.4, where a soft robotic manipulator is fixed at

the base, with its tip facing towards a LEGO® scene. The robot body was molded with

room-temperature-vulcanization (RTV) silicone (Ecoflex 0050; Smooth-On, Inc.), which

features low stiffness and high elasticity [167]. With a compact size in an outer diameter of

�13 mm and a length of 67 mm, the soft robot can be used for endoscopic application. The

robot integrates three individual cylindrical chambers that can be inflated by pneumatics

or hydraulics. On the outer surface of each chamber, a layer of Kevlar string (1-mm pitch)

was helically wound to limit its radial deformation. Thus, the chambers will only elongate

or shorten axially, providing bending motion with an angle of > 90◦. In the experiments,

the inflation of each chamber is driven by a pneumatic cylinder, which is coupled to

a stepper motor through lead screw transmission. By adjusting the inflation volumes of

three chambers, omni-directional aiming of the robot tip can be achieved. The robot tip is

mounted with an endoscopic camera (Depth of view: 8-150 mm). Images with 400×400

pixels can be captured for processing. Given that the diagonal field of view is 90◦, an

image pixel can be translated to 0.16◦ camera motion. An LED module is also equipped

for adjusting the brightness in the camera view when the operating environment is dark,

since this lighting will move along with the robot end-effector and function the same role

in each frame. All LEDs on the module should be in the same white color and brightness,

thus avoiding additional disturbances to the original features.

Upon pneumatic actuation, the soft robot made of hyper-elastic material will present

a nonlinear bending response, which is difficult to be accurately characterized for precise

robot control. Alongside bending, inflating chambers would also generate twisting of the

continuum robot body, which gives rise to the unexpected rotation of the camera view.

3.4.2 Pre-training Inverse Kinematics using Local GPR

The robot is first commanded to explore its bending workspace to collect a pre-training

dataset D′ = {αi,∆zi,∆αi}|Ni=1 for initialization of the LGPR models. The robot working

scene used for pre-training can be different from the actual one. The actuation input αi

satisfies a uniform distribution and was executed sequentially. At each actuation step, after

reaching equilibrium, a camera image is captured, with the 3D position of the robot tip

recorded by an EM tracking coil (NDI Aurora®).
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Fig. 3.4: Soft robot manipulated in a LEGO® scene. The soft manipulator is fabricated using
silicone rubber, comprising three string-constrained pneumatic chambers for actuation. The
robot tip is equipped with an endoscopic camera and five LEDs.

The next step is to pair the collected data. Between two actuation inputs α j and αi,

we can obtain the change of actuation as ∆αi = α j−αi. To calculate the corresponding

2D motion ∆zi in camera view, a visual feature is selected at the center (zc) of the image

captured under input αi, and matched from the new image (znew) captured under input α j.

The motion vector ∆zi can be obtained by subtracting the positions of feature in two image

frames, ∆zi = znew−zc.

Note that the dimension of actuation space (∆αi) is larger than the task space (∆zi). Such

redundant actuation introduces nonconvexity to the inverse mapping, ∆αi = Φ(αi,∆z
∗
i ),

in which a data pair (αi,∆zi) may map to more than one ∆αi. To learn a model with

high accuracy and generality, the nonconvex dataset D′ is pre-processed by removing the

data samples (αi,∆zi,∆αi) in a condition that the elements in αi = [α1i α2i α3i ]
T are all

nonzero. Thus, we obtain a new dataset:

D = {αi,∆zi,∆αi | α1i ·α2i ·α3i = 0,∀i = 1, . . . ,N}. (3.16)

Actuation input fulfilling the constraints in Eq. 3.16 comprises at least one zero elements,

which means at least one chamber is not inflated. Thus, every actuation command will lead

to a unique robot pose in the workspace, indicating that the actuation space in dataset D

is non-redundant. However, the actuation command predicted by the learned model may

violate the constraint due to approximation error. To maintain the convexity of the training
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dataset, the constraint in Eq. 3.16 is also applied for new data pairs that were used to update

the controller.

Fig. 3.5: Three thousand sample pairs of robot actuation and tip position collected for
initialization of the inverse model. (a) Training set partitioned into six (colored) clusters
based on their actuation inputs with the k-means algorithm. (b) Corresponding tip position
distribution of six clusters is also shown.

To train multiple local GPR models that characterize the whole workspace, the training

dataset D (randomly selected 1,000 samples) was partitioned into 6 groups using the

k-means clustering algorithm. A Gaussian kernel was utilized to measure the distance

between points. Fig. 3.5 shows the 6 local clusters in 6 colors, with a data size of

[202,257,82,294,106,59] respectively. The ribbon-like clusters have one soft chamber

primarily actuated, while the other three clusters have two soft chambers actuated. The

data sizes of all local models are limited to be <300.

3.4.3 Experiments and Results

With the experimental platform, two kinds of tasks are conducted to validate the proposed

online learning controller. The first one is to track a manually selected target by locating it

at the image plane center. The tracking error is defined as the distance between the current

position of the target and the camera view center. The other task is to track the target along

a predefined trajectory in the image plane, with the corresponding tracking error measured

as the shortest distance between the current target position and the trajectory. Both tasks

are performed in free space and under external disturbances, such as interactions and tip

loading. Four experiments have been conducted as follows:
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Fig. 3.6: Tracking of five target points, which are the center of red block, manually selected
in the camera view. (a) Panorama image obtained by stitching the image sequences. The
red box represents the template pattern centered at each selected target. The green circles
denote the camera centers at each step, showing the footprints of matched block feature
throughout the journey. (b) Corresponding robot configurations with the five targets traced
at image center. (c) Tracking errors in unit of pixels.

Point-to-point Tracking

The aim of this task is to position any target way-points at the image center by manipulating

the robot. This function could be useful in endoscopic navigation. As shown in Fig. 3.6, five

targets (labels 1 to 5) are picked and tracked sequentially. Once a target point is selected,

a 100× 100 block (red box) is created with the target as its center. The block of image

intensities serves as the template pattern to be matched in the image processing unit. By

stitching the series of camera images throughout the tracking journey, a panorama image

can be obtained, as shown in Fig. 3.6a, with the green circles denoting the image centers.
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Fig. 3.6b shows the five snapshots of robot configurations captured with five targets tracked

at the image center, respectively. A tolerance of 10-pixels was set for the tracking accuracy

to ensure fast convergence. As depicted in Fig. 3.6c, the five target points are accurately

aimed with an error <10 pixels, demonstrating that the proposed controller enables accurate

soft robot control. It proves that LGPR models can provide a precise approximation of the

robot inverse kinematics, compensating the disorientation between actuation and task space.

Fig. 3.7: Target tracking with external forces applied. The robot is pulled away from its
initial straight configuration and then released. The bottom figure shows the tracking errors
at three phases of loading. The orange dash line represents the 10-pixels tolerance.

Target Tracking under External Forces

The target tracking task has been further conducted with external disturbances applied on

the robot body, for the purpose of validating the feedback controller’s robustness. A target

point was initially selected at the image center for robot tracking. External forces were

intentionally introduced to deviate the robot from its initial configuration, thus causing

tracking errors. The controller was commanded to minimize the error, thus fixating the

target at the image center. In this task, online model updating is not involved, with the

camera image only used for feedback control. Fig. 3.7 shows the robot configurations and

the tracking errors, which are maintained as less than 20 pixels, even with the robot affected

by external forces. The force was applied continuously by a finger within a certain time

window (12.7∼31.0 sec). The results demonstrate that the robot could react against the
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external loading with feedback control. Although the effective compliance of the robot is

reduced, the inherent mechanical limitation of its soft body can still prevent excessive force

output.

Fig. 3.8: Path following test on a predefined “∞” trajectory. (a) Trajectory of the tracked
targets in the camera view. A target (red-dashed block) is initially selected at the intersection
of the “∞” trajectory for robot tracking. (b) u and v coordinates of the tracked block
throughout the journey. (c) Tracking errors in three cycles. (d) Summary of the error
statistics.

Path Following with Insufficient Pre-training

To evaluate the efficiency of the proposed online learning scheme, a path following task

has been performed, with the LGPR model initialized from a small dataset of 300 samples.

Due to the insufficient pre-training data, the obtained model may be inaccurate at some
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places in the workspace. Therefore, the LGPR model must be online refined with the newly

collected data during execution. The reference path is given as a sequence of positions in

the 400×400 pixels camera view. Fig. 3.8a presents the tracked trajectory. Fig. 3.8b shows

the coordinates of tracked targets along u and v axes in the image frame. The corresponding

tracking errors in pixels are depicted in Fig. 3.8c. In the 1st cycle, only a rough following of

the reference path is achieved, with a root-mean-square error (RMSE) of 16.8 pixels and a

maximum error of 64.5 pixels (Fig. 3.8d). In the following two cycles, with the updating of

the controller, tracking accuracy is enhanced, with the RMSE and maximum error reduced

to 5.4 pixels and 11.5 pixels, respectively. Although the controller was initialized with a

poorly pre-trained model, the proposed online learning scheme enabled efficient refinement

of the controller, thus achieving precise path following.

Path Following under Varying Load

A path following task has been further conducted with dynamic loading applied on the

robot tip. Pre-training data was collected with the robot vertically positioned, and there was

no additional weight attached to the robot. However, in the path following task, a variable

payload was introduced by wrapping a balloon at the robot tip. The balloon can be inflated

by pumping in water through a silicone tube. An additional weight of up to 21 grams can

be applied, including 15 grams of water and 6 grams of the balloon cap. Note that the

maximum load (21 g) reaches 105% of the robot original weight (20 g). In addition, the

robot was placed at a horizontal pose, thus maximizing the effects of both the tip load and

robot gravity, which has to be compensated by the proposed online learning controller.

Fig. 3.9a and Fig. 3.9b depict the tracking trajectory and corresponding tracking errors,

respectively, with the results in three cycles in different colors. In the 1st cycle, the balloon

was not inflated, but the 6 grams balloon cap and robot gravity still could adversely affect

the tracking performance. An error peak was observed at time t = 22 s. However, it

was eliminated in the following cycles, demonstrating that the controller adapted to the

additional tip load. In the 2nd cycle, 12.5 grams of water (62.5% of robot weight) was

quickly pumped into the balloon at t = 89 s, finished at t = 90.5 s, which gives rise to an

error peak in one second (Fig. 3.9c). Snapshots of the robot configuration and the inflated

balloon are presented Fig. 3.9d. The controller achieved fast convergence of the tracking

error during t = 90.5 ∼ 93.5 s. More water was injected into the balloon, resulting in a tip

load up to 15 grams at t = 94.8 s (Fig. 3.9d, right). The additional load was increased

at a relatively low speed, which can be compensated by the online learning controller,

thus maintaining the tracking error as <12 pixels. At t = 98 s, the water in the balloon
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Fig. 3.9: Performance of path following under varying payload. A (6-gram) balloon is
wrapped around the robot tip. Water is pumped in-and-out of the balloon to introduce a
changeable tip load (6∼21 g). (a) Tracked trajectory in three successive cycles. Deviations
in regard to the pre-training error (1st cycle in red), injecting and removing water (2nd

cycle in blue) were observed. (b) Corresponding tracking errors throughout the journey.
(c) Tracking error vs additional payload. The load is presented in % with respect to the
robot original mass, 20 g. (d) Snapshots of the robot and balloon at three time steps.

was removed at a fast speed. The tracking trajectory was deviated from the reference path

due to the sudden change of tip load. But the controller quickly diminished the deviation,

converging the tracking error to a small level in a 1-second period. In the 3rd cycle, precise

path following was maintained with the tracking errors <12 pixels. From this experiment, it
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can be analyzed that the closed-loop online learning controller can guarantee a stable path

following under a variation (increment or decrement) of external loading within a 9.6%/s

changing rate, where the percentage is referred to the added loading in the robot original

weight. When the changing rate is in the range of 9.6∼42.7%/s, the robot may not keep

converging to the path. However, once the rate reduces less than 9.6%/s, the robot tracking

error will converge to a steady range again, with an error reducing rate of ∼14 pixel/s.

The proposed controller demonstrates accurate path following even under varying tip load,

indicating that the pre-trained LGPR models can be effectively updated online.

3.5 FBG-enhanced Soft Robotic Visual Servoing

In the previous validation of soft robotic visual servoing (Section 3.3), 2D motion

estimation relying only on image plane feedback is easily affected by vision occlusion,

blurring, or poor lighting. For the commonly-used template matching method, tracking

performance greatly depends on the image quality. Fiber Bragg gratings (FBGs), a type

of high-frequency flexible strain sensor, can be used as an assistant device for soft robot

control. A method is proposed to enhance motion estimation in soft robotic visual servoing

by fusing the results from template matching and FBG wavelength shifts to achieve

more accurate tracking in applications such as minimally invasive surgery. Path following

performance is validated in a simulated laparoscopic scene, demonstrating significant

improvement to feature tracking and robot motion.

3.5.1 Motion Estimation Combined with FBG

Template matching, as illustrated in Section 3.3.2, is a commonly-used method for camera

motion estimation. However, features in the surrounding scene and the lighting condition

would greatly affect the estimation accuracy. These inaccuracies introduced by the image

quality can not be addressed by solely improving the image processing method. FBGs can

provide measurement on strains reflecting the robot configuration, which can be combined

with the camera feedback to enable a more robust estimation of camera motion. Two major

steps are introduced as bellow:

Learning-based motion estimation with FBG

Optical fiber containing FBGs has been attached along the robot body to reflect its

deformation. To ensure effective sensing, we should pay attention to several considerations
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Fig. 3.10: Pneumatic-driven 3-chamber robot is used. An optical fiber with multiplexing
16 FBGs is helically wrapped around the manipulator for sensing feedback of robot
configurations in real-time. A monocular endoscopic camera and a LED module are fixed on
the tip cap of robot. Cross-section and axial views of the robot show the silicone chambers
constrained individually with helical Kevlar strings.

when placing the fiber: 1) Locate the gratings at places involving large strain changes; 2)

Distribute the FBGs so that the measured strain changes altogether can uniquely map to the

robot configuration; 3) The effect of optical fiber on the mechanical properties of the soft

robot should be minimized; 4) Contact on the robot surface should introduce negligible or

small strain changes in FBGs. These considerations inspire us to wrap the fiber helically

along the robot body and seal it with silicone adhesive. Using the L FBGs integrated

in the optical fiber, wavelength shifts from 1 to L can be obtained and represented by

λ = [λ1λ2 · · ·λL]
T ∈ RL. Wavelength shift λ(k) at time step k is the difference between

current wavelength vector and the original wavelength vector λ0 (corresponds to initial

robot configuration) (Fig. 3.10). For each two adjacent time steps k and (k+1), we could

obtain the 2D motion vectors in the camera frame ∆z (k+1) ∈ R2 (Section 3.3.1), and

the wavelength shift λ(k) and λ(k+1). Their wavelength difference is represented as

∆λ(k+1) = λ(k+1)−λ(k). In the camera view with abundant features, the estimation

results from template matching during slow and smooth manipulation could be regarded as

a ground truth, which is used to train the FBG-related estimation model.

Training: The pre-training procedure collects the captured endoscopic image at

each time step, as well as the wavelength shift vector λ. The actuation sequence Q =

[ α(1) α(2) · · · α(N) ] (N is the sampling number) to the robot for data exploration is

predefined to cover the whole workspace. The wavelength difference sequence can therefore
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be obtained as

∆Λ=
[

∆λ(1) ∆λ(2) · · · ∆λ(N)
]

(3.17)

where ∆λ(i) = λ(i)−λ(i−1), i = 1,2, . . . ,N. The images captured on each step are saved

to calculate the 2D motion ∆z (i) = z (i)−z (i−1) offline, forming the motion sequence

∆Z =
[

∆z (1) ∆z (2) · · · ∆z (N)
]

(3.18)

Using the feedforward neural network in the deep learning toolbox of MATLAB, with

[ ∆Λ Λ ]T as input and ∆Z as output, we can train a motion estimation model represented

as

∆z (i) = M (∆λ(i) ,λ(i)) , i = 1,2, . . . ,N. (3.19)

Prediction: To increase the processing speed, the model generated in MATLAB is

converted to a dynamic link library (DLL) that can be called in the C++ environment. The

wavelength receiving via User Datagram Protocol (UDP) and the motion estimation are

both accomplished in Qt Creator, with the motion estimation at the kth step obtained by

∆zw (k) = M (∆λ(k) ,λ(k))

= M ((λ(k)−λ(k−1)) ,λ(k)) , k = 1,2, . . .
(3.20)

As this model is not related to real-time image processing once finished the training

procedure, it can be regarded as an independent 2D motion estimator using FBG with a

frequency of at least 30 Hz.

Visual-strain-combined Motion Estimation

The template matching method (Section 3.3.2) is utilized to estimate the motion on the

image plane. During the searching of the sliding block that matches the template pattern,

the corresponding similarity is calculated using Eq. 3.6 and denoted by a variable γ . The

matched block has the largest similarity to the template, with their center positions in

camera view denoted by z (k) and z (k−1), respectively. By subtracting the positions,

the 2D motion ∆zc (k) is obtained, with the corresponding coherence γ (k). Based on the

trained model from FBGs sensing (Eq. 3.20), another motion can be predicted as ∆zw (k).

The accuracy of image-based estimation is affected by the quality of image features, while

the FBGs sensing may be noised by temperature variation and other small interactions. To

achieve a stable motion estimation but avoiding both their disadvantages, the combined
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motion can be calculated as a weighted average:

∆zp (k) = wγ (k) ·∆zc (k)+(1−wγ (k)) ·∆zw (k) (3.21)

where the constant w is used to adjust the ratio of coherence, functioning as a scaling factor

that normalized the two motion estimations. It is predefined and tuned to the best value

before robot execution. In the experiment, it was initialized as 0.7. Note that high tracking

accuracy can be maintained with the parameter varied in a small range (0.6 ∼ 0.8).

3.5.2 Experiments of FBG-enhanced Visual Servoing

Experiments have been conducted to validate the FBG-enhanced visual servoing in

scenarios with insufficient features, by comparing with the pure camera-based method

[181]. A single-core optical fiber with 16 FBGs (8 mm length for each FBG) was helically

wrapped and adhered (by Sil-PoxyTM, Smooth-on Inc.) along the robot body (Fig. 3.10).

The bottom of the robot has been fixed to a 3D printed base that remains stationary. The

experiment setup and results are given as follows:

Experimental Setup

As illustrated in Fig. 3.11, the soft manipulator is fixed downward, viewing the workspace

scene built from swine viscera to simulate the endoscopic scene in laparoscopy. The depth

of the scene surface relative to the camera front end is about 3 cm.

Fig. 3.11: Simulated scene mimicking the laparoscopic surgery environment. Pre-bending
of the robot is applied to simulate the laparoscope setup. EM tracking coils are equipped to
measure the instantaneous poses of robot tip.



84Chapter 3. Eye-in-hand Vision-based Online Learning Control for Soft Robotic Navigation

The overall visual servoing accuracy is determined by both the motion estimation

and robot controller. To evaluate their independent effects, two kinds of tracking errors

are defined. The first one is measured only from the image frames, assuming the motion

estimation to be accurate. Thus, this tracking error only depends on the controller

performance (i.e., Fig. 3.12a and Fig. 3.13a). The other kinds of error takes account of the

ground-truth measurement from EM tracking coils, thus including the error of estimated

motion (Fig. 3.12c and Fig. 3.13c). With the aim of enhancing motion estimation accuracy

in this section, the second kinds of errors in the path following tasks are compared, with

versus without FBGs sensing combined. A pair of 6-dimensional (6D) EM tracking coils

(NDI Aurora®) are fixed laterally on the robot tip to measure its ground-truth poses, based

on which 3D motion vectors between successive steps can be calculated. Given that the

normal direction of the image plane always aligns with that of the robot tip, the 3D motion

can be projected to 2D motion on the image plane. A series of projected 2D motions

constitutes the actual tracking path in the image frame.

To calculate the 3D motion vectors, the 3D positions and 4D quaternions of two EM

tracking probes are denoted as pi (k), and hi (k), respectively, i = 1,2. The center position

of the robot tip is measured as

p(k) = (p1 (k)+p2 (k))
/

2 (3.22)

The quaternions h1 (k) or h2 (k) can be transformed to rotation matrix R(k). The

initial local coordinate at robot tip is represented by three orthogonal unit vector, u0 =

[ 1 0 0 ]T , v0 = [ 0 1 0 ]T and n0 = [ 0 0 1 ]T . At time step k during robot

operation, the basis vectors are transformed to u(k) = R(k) ·u0, v (k) = R(k) · v0 and

n(k) =R(k) ·n0. Given the 3D motion vector ∆p(k) = p(k)−p(k−1), and the current

camera frame, u(k)v (k), the projected motion vector is obtained as:

∆p̂(k) = ∆p(k)− ∆pT (k) ·n(k)

|n(k)|2
·n(k) (3.23)

w.r.t. the coordinate of EM generator. The 2D motion vector w.r.t. the image coordinate

u(k)v (k) can be given as:

∆z (k) =
[

∆p̂T (k) ·u(k)
|u(k)|

∆p̂T (k) ·v (k)
|v (k)|

]T

(3.24)

The local camera frame may be disorientated from the EM coordinate by a twisting angle
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θ , which needs to be calibrated so as to match the 2D motion estimated from EM coils,

∆z (k), with that measured through image processing, ∆zc (k). As the angle is constant, it

can be obtained as the mean angle difference calculated from a sampling data set. Then the

angle bias can be corrected to find the aligned motion vector:

∆zs (k) = T ·∆z (k) =

 cos(θ) sin(θ)

−sin(θ) cos(θ)

 ·∆z (k) (3.25)

The motion vector ∆zs (k) is used in the evaluation of motion estimation accuracy with and

without FBG enhancement.

Visual Servo in Feature-deficient Scenes

The improved motion estimation method has been validated via path following tasks. In

Section 3.4.3, a desired path in the “∞” shape [181] is tested. The smooth path is defined

by 72 points on the 400×400 pixels camera frame (with the mean interval of 15.7 pixels),

generating a closed curve with a continuous gradient. To increase the tracking difficulty, the

path designed in this section is the outline of the Batman logo with several acute angles,

consisting of 127 points with a mean interval of 7.9 pixels. The robot is instructed to track

the same template pattern in the laparoscopic scene (Fig. 3.11) along the Batman path for

3 cycles, using template matching alone (Fig. 3.12) and the enhanced method proposed in

this section (Fig. 3.13), respectively.

In the camera view, the tracking trajectory of the target block roughly accords with

the Batman path when the 2D motion estimation is achieved by both template matching

and FBG-enhanced method (Fig. 3.12a, RMSE: 8.6 pixels, Fig. 3.13a, RMSE: 8.6

pixels), benefitting from the well-performed closed-loop controller. However, the accuracy

of motion estimation can be reflected in the actual projected path of the end-effector

(Fig. 3.12c, Fig. 3.13c), which is supposed to be similar to Fig. 3.12a and Fig. 3.13a.

However, due to the accumulation of estimation errors, the ground-truth tracking path

deviates from the reference path. The tracking target was intentionally defined on the surface

of the liver lacking features, and was finally lost from tracking (Fig. 3.12b). The initial and

final camera views with the tracking block were captured and shown in Fig. 3.12b and

Fig. 3.13b, where the black dotted block denotes the initial target.
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Fig. 3.12: Robot following of a predefined “Batman” path in the scene of Fig. 3.11. (a) The
motion estimated by image processing of the endoscopic view alone. (b) Bright reflective
spot displaced along the tissue due to the robot motion. Features in the red block are selected
by the user before the motion displacement (Left). After, such a block is expected to keep
matching/tracking at the same square of features (Right. Black dotted block indicates the
position of red block selected at the previous time step), acting as a static reference for robot
to “draw” the path. (c) Actual path of end-effector recorded by EM tracking coils, which
project on the same u−v coordinates. The recorded deviation along those 3 cycles is caused
by the error of such a red block matching/tracking.
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Fig. 3.13: Tracking performance of the same “Batman” path in the scene of Fig. 3.11, with
the motion estimated by FBG-enhanced method. (a) Estimated motion of tracked feature
in the endoscopic view. (b) After 3 cycles, the offset of tracked feature from the red block
to the black dotted block is obviously reduced, resulting in more accurate tracking in (c)
recorded by the EM tracking probe.
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Fig. 3.14: Errors of “Batman” path following with a simulated laparoscopic setup
(Fig. 3.11). (a) Visual servoing with camera-based motion estimation, inducing a mean
error of 94.45 (SD: 53.55) in the 1st cycle. (b) Visual servoing with FBG-enhanced motion
estimation. The tracking errors correspond to the trajectories in Fig. 3.12c and Fig. 3.13c,
with red dots denoting the maximum error in each cycle.

The actual tracking errors measured with EM coils are depicted in Fig. 3.14. The RMSE

for each cycle gradually increases over three successive cycles, which are 108.6, 114.9, and

122.4 pixels when using solely-image-based estimation, and 14.4, 17.8, and 27.2 pixels

when integrating FBGs sensing. With the FBGs enhancement, an 82.3% reduction of the

visual servoing error has been achieved.

As the template matching method depends on the features in the camera view, it could

be inaccurate in scenes lacking features or with a uniform pattern, like the liver surface

test, thus giving rise to errors in motion estimation and visual seroving control. However,

FBGs sensing will not be affected by any disturbances in the camera view, standing to be

a promising modality that can be combined with the camera to enable enhanced motion

estimation and soft robotic visual servoing.
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3.6 Augmented Reality-enhanced Visual Servoing

Eye-in-hand visual servoing controllers (Section 3.3 and Section 3.5) can be used for soft

robotic navigation solely based on the camera view, which may not cover all the regions of

interest. Therefore, a further improvement of camera feedback is proposed by incorporating

the information of medical imaging. Augmented reality (AR) is a potential technique that

could enhance the camera image guidance, which is beneficial for robotic interventions.

This section presents the integration of visual servoing and AR for the control of a flexible

robotic endoscope. Pre-operatively segmented anatomy can be visualized in the endoscopic

view via AR to improve awareness of critical structures and provide guidance towards

regions of interest (ROIs). With AR, the camera view can also be virtually extended beyond

the normal field-of-view, enhancing positional awareness relative to out-of-view ROIs.

Combined with visual servoing control of a flexible endoscope, the surgeon can directly

prescribe targets in the image frame for automated navigation. These concepts is applied

experimentally with an anatomical skull phantom. A virtual tumor target located in the

extended view was successfully tracked. The key steps of our experimental validation are

introduced as bellow:

Fig. 3.15: Flowchart of the coordinate registration loop of the proposed augmented reality
system. The pre-op model is registered to the phantom skull. EM tracking is implemented
to register the virtual camera which renders an extended virtual view overlaid on the real
camera view. The extended view only contains virtual objects, whereas the current view
contains both virtual and real camera images.

Coordinate Registration

The coordinate registration loop of the proposed AR system is shown in Fig. 3.15. The

pre-op skull model can be segmented from pre-op 3D images, e.g., CT images. Six feature

points on the phantom skull can be selected and pinpointed with an EM tracking probe
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for the registration process. Point-based rigid registration is performed to locate the skull

model in the EM coordinates. An EM tracking marker is used to track the camera position

and orientation. The accurate and stable registration of the camera pose with respect to the

pre-op model is the key step for achieving AR augmentation. The pre-op skull model can

be rendered according to the EM tracking position, which constructs the virtual camera. By

aligning the virtual and real camera view, an augmented view is generated. The virtual view

extends beyond the real camera view, offering increased FOV and greater visualization of

surrounding anatomy and segmented ROIs. The transformation process can be represented

as:
CTS =

CTE ·ETS (3.26)

where the transformations CTS, CTE , ETS ∈ R4×4 are respectively measured from the

monocular camera reference to the world coordinate (skull) frame, camera frame to the EM

tracker frame, and the EM tracker frame to the skull frame. The transform CTE between

EM tracking and camera coordinates is estimated using a checkboard-based calibration

method [182].

Experimental Setup for AR-Guided Visual Servoing

The experimental setup is shown in Fig. 3.16. A phantom skull model was 3D-printed

based on segmented bony landmarks within CT images. To fit within the confined space

of the phantom’s nasal cavity, a compact tendon-driven soft robot with 2 bending DoFs

was fabricated with an outer diameter of 4 mm. The robot is integrated with a monocular

camera with a resolution of 400×400 pixels. A 3D-printed mounting was used to hold the

soft robot body. The robot tip was attached with a 6-DoFs EM tracking probe. The EM field

generator was placed beneath the soft robot and phantom skull model. The phantom skull

is fixed relative to the EM generator.

Augmented Reality Overlay

The augmented reality interface is comprised of the virtual extended view, current camera

view, and target, as shown in Fig. 3.17. A virtual tumor target (highlighted in blue)

is fixed to the virtual skull model and is not present in the real skull. The experiment

was conducted with the tip of the robot inserted into the nasal cavity at a depth of

approximately 1 cm. The skull anatomy is aligned with respect to the real camera view, with

a fiducial registration error smaller than 1.3 mm. The registration accuracy is comparable to

commercial navigation systems for surgery (e.g., StealthStation™, Medtronic) [183].
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Fig. 3.16: Experimental setup for augmented reality guided visual servoing. A compact
tendon-driven robot (outer diameter 4 mm) is integrated with a monocular camera. An EM
generator is placed beneath the 3D printed skull phantom and tendon-driven robot.

Fig. 3.17: Augmented reality interface. The augmented view is generated by aligning the
virtual camera with the real endoscopic camera through hand-eye calibration. (a) Target
initially located in extended view (above), with corresponding real camera view shown
below. (b) Augmented view after visual servoing of robotic endoscope towards the target
(above) and corresponding real camera view (below).

Visual Servoing Combined with AR

In this experiment, the robot is controlled to aim the camera center at a target outside the

initial camera view. AR is utilized to display the target in an extended view, which creates

visual guidance for robot tracking. As shown in Fig. 3.17a, the target tumor is initially

located in the extended view and is selected by the user. After visual servoing of the robotic

endoscope for target tracking (Section 3.3), the virtual tumor is located in the center of
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the camera view, as shown in Fig. 3.17b. Four intermediate waypoints (labels 2 to 5) were

manually selected from the image plane. The robot traced the target waypoints successively

at its image plane center. Fig. 3.18a shows the mosaic image obtained throughout the

tracking journey. A series of yellow circles denote the image plane center at each time step.

Fig. 3.18b presents the tracking errors, showing that the robot achieves accurate tracing of

each desired target with an error <10 pixels. The extended time required to converge to

each waypoint target (error plateaus indicated by pink arrows) is induced by the backlash of

the tendon-driven robot actuation.

Fig. 3.18: Tracking of a target located in the extended view. Four intermediate way-points
are manually selected in the camera view for robot tracking as in Fig. 3.6. (a) Mosaic image
obtained during the tracking journey. (b) Absolute tracking errors in pixels. The plateaus
of error (last for 2-4 s) (indicated by pink arrows) are due to mechanical backlash of the
tendon-driven robot.
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3.7 Conclusion

This chapter proposes a nonparametric online learning control framework, enabling precise

eye-in-hand visual servoing of a pneumatic-driven soft robot made from hyper-elastic

materials. The controller is initialized by learning the inverse transition mapping solely

from collected sensing data, thus alleviating the need for analytically modeling the

robot kinematics or calibrating camera intrinsic/extrinsic. Promising accuracy in the

learning of inverse mapping is assured without having to tune the hyperparameters by

the nonparametric learning approach. Localized GPR models enable fast online updates

to accommodate new input data that reflect the latest robot status. Compared to existing

model-based visual servoing methods, which did not consider unknown mechanical

disturbances, the proposed learning-based method first resolves unknown variable external

loading. It has the potential to be used in minimally invasive surgical applications, e.g.,

endoscopy and laparoscopy [152, 184].

The online learning controller achieved precise path following for a fluid-driven soft

robot with varying payload applied on its tip (up to 105% of the robot weight). Stable

tracking was maintained even when the load was quickly increased (∼ 62.5% of robot

weight over 1.5 s), while a slowly-varied payload can be effectively compensated. After

removing the loading, path following accuracy further increased with an RMSE of 5.6 pixels

and a maximum of 10.8 pixels. In future work, the prior knowledge of robot or camera

parameters will be incorporated with the learning framework. For example, the LGPR

models can be initialized with virtual data simulated from finite element analysis [167],

simplifying the process of data collection for pre-training. More dynamic tasks will be

conducted to evaluate the proposed online learning control. Visual seroving for soft robots

with multiple segments, involving high redundancy, will be investigated.

Strain sensing by FBGs is combined to enhance the visual servo performance in

feature-deficient scenes. AR can be integrated to virtually extending the camera view

beyond the normal FOV, thus offering enhanced guidance for operators.



Chapter 4

Eye-to-hand Vision-based Control

for Soft Robotic Laser Steering

4.1 Introduction

Soft robotic manipulators integrating flexible lasers bring new opportunities for minimally

invasive surgery. These robots could be fabricated in a compact size and equipped as

an endoscope tip. Furthermore, made of non-ferromagnetic materials, they allow further

applications to MRI-guided laser surgery, which could enhance safety by providing intra-op

monitoring of laser ablation progress. However, the fluid actuation via long water pipes

designed for MRI safety further complicates the soft robot kinematics. To achieve precise

laser projection (<1 mm, [107]) in a confined workspace and avoid undesirable tissue

damage, a controller with high accuracy and stability is required. An effective way is to

close the control loop. Cameras are used normally to provide visual feedback to surgeons.

Using computer vision techniques to process camera images, we can obtain the laser spot

position on the surgical site.

Eye-in-hand setup with the camera moving with robot tip (Chapter 3) is normally

used for guiding robotic navigation to a targeted ROI. In contrast, laser spot steering is

conducted with the camera immobile and viewing a fixed ROI, which is an eye-to-hand

setup. Vision-guided laser steering control was investigated to automate laser spot projection

[25, 185]. Epipolar or trifocal visual servoing demonstrated excellent control accuracy

in laser spot steering. However, the geometric model of actuated mirrors was utilized to

construct the controller, which is not suitable for use in soft laser manipulators. In contrast

94
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to actuated mirrors with well-formulated kinematics, soft robotic laser manipulator has

nonlinear kinematics and a time-varying origin of the laser beam, resulting in that the robot

kinematics is coupled with the epipolar geometry.

In this chapter, a geometric model that combines the epipolar constraint with the soft

robot kinematics is proposed to achieve precise control of laser spot projection. Through

this approach, the inverse transition mapping from image space to actuation space can be

obtained without limitation to the projection tissue geometry. A learning-based modeling

approach is also proposed to eliminate the need for any prior information about the robot

system, including camera calibration. Based on the inverse transition mapping, feedback

controllers could be formed to ensure accurate laser spot targeting in the camera view.

The control performance is validated on an MR-safe robotic laser manipulating platform

integrated with a fiber-optic camera. The key contributions of this work are listed as follows:

1. Visual servoing of soft laser manipulator based on epipolar geometry modeling,

which enables precise laser spot control without prior knowledge of the tissue surface

geometry;

2. Data-driven controller enabling accurate visual servoing of the laser spot along a path

prescribed in-situ on the camera view;

3. Experimental validation of the proposed laser spot visual servoing on target tracking

and path following tasks.

4.2 Schematics of the Laser Steering System

To control the laser beam projection on oral tissue, a desired path or region for laser ablation

is defined on a visualization interface. Using this path, the controller can automatically steer

the laser spot on the 2D image plane. As shown in Fig. 4.1, a hydraulic-driven soft robot

is used to manipulate the laser fiber collimator, which is housed in the central channel of

the robot. An external camera is equipped on the outer shell to provide visual feedback of

the laser spot on the surgical site. The actuation space of soft manipulator is represented by

the lengths of soft chambers, L; adjusting the chamber lengths varies the configurations of

the soft manipulator, which drives the collimator towards different directions; the vectors p̃0

and p̃1 are the laser spot images in the camera view; the linear displacements Λu and Λv are
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Fig. 4.1: Schematics of the laser steering system. A soft manipulator is actuated by adjusting
the fluid volume of soft chambers, which steers the laser spot from p̃0 to p̃1 within the
camera view.

along u and v directions respectively. The nonlinear inverse transition mapping from image

space to robot actuation is modeled based on constant curvature (CC) robot kinematics

and epipolar geometry. Referring to the desired laser spot position and current robot state,

actuation commands can be generated through the inverse transition mapping.

4.3 Laser Spot Detection

Precise detection of the actual laser spot position on the projection scene is the prerequisite

of closed-loop control, thus allowing automatic correction of the targeting errors. Due to the

monochrome and high intensity of the laser spot, the laser aiming region can be extracted

from the live camera video based on intensity thresholding [186]. The processing steps are

described below: 1) Thresholding: The captured red-green-blue (RGB) image is converted

to a grayscale image, or we can extract a specific color channel according to the color of the

aiming light. The image is binarized by setting the intensity values higher than a threshold

as 255, with others to zero. The threshold value can be experimentally obtained using the

corresponding laser projection setup. This step produces a binary output image. 2) Filtering:

An erosion filter is applied to remove small particles that remain in the binary image. This
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process clears the background noise and only keeps the laser spot blob in the output image.

3) Centroid calculation: By averaging the coordinates of all remaining white pixels, the

centroid position of the laser spot in the image frame can be obtained.

Due to the scattering effect of light on tissue, the laser spot seen in the camera image

could be irregular, non-circular, or even split into multiple laser spots. This introduces

noise into the centroid calculation and may cause sudden jumps of the measured laser spot

position. To ensure smooth tracking of the laser spot, a linear motion model is integrated to

predict its position, which is combined with the measured centroid position through Kalman

filtering. The linear motion model is defined as: p̃∗t+dt

˙̃p∗t+dt

= Λ

 p̃t

˙̃pt

 , Λ =

 I2×2 dt I2×2

02×2 I2×2

 (4.1)

where Λ is the state transition matrix; subscript “t” and “t+dt” denote the time step t and

t+dt, respectively; the sampling period of camera images is denoted by dt; the combined

position and velocity are represented by p̃t and ˙̃pt respectively; the predicted laser spot

position and velocity are denoted by p̃∗t+dt and ˙̃p∗t+dt respectively. The observation equation

is given as:

p̃obs = H

 p̃∗t+dt

˙̃p∗t+dt

 , H =
[

I2×2 02×2

]
(4.2)

where H is the observation matrix, and p̃obs is the laser spot position observed from the

model. The combined laser spot position p̃t+dt and velocity ˙̃pt+dt are calculated as:

 p̃t+dt

˙̃pt+dt

= Λ

 p̃t

˙̃pt

+Gt (p̃mea− p̃obs) (4.3)

where p̃mea is the measured laser spot position from camera images; the Kalman gain at

time step t is denoted by Gt , which can be updated as follows:

X̂t+dt = Λ Xt ΛT +Q;

Gt+dt = X̂t+dt HT
/(

H X̂t+dt HT +Y
)
;

Xt+dt = (I4×4−Gt H) X̂t+dt

(4.4)

where X̂t+dt and Xt+dt denote the predicted and updated state covariance matrix at time step

t+dt, respectively; the covariance matrix of process noise is denoted by Q; the covariance

matrix of measurement noise is represented by Y.
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4.4 Epipolar Geometry Modelling for Soft Robotic Laser

Steering Control

In this section, epipolar geometry is investigated to relate the soft robot configuration and

laser spot image, thus establishing the inverse transition mapping from image space to

robot actuation. With this inverse mapping, a feedback control law is derived without prior

information of tissue geometry. Experimental validation demonstrates that the controller

enables accurate path following for the soft laser manipulator.

Fig. 4.2: (a) Illustration of the epipolar geometry-based modeling. The 3-D coordinates Oc

and Oo denote the camera center and the robot center, respectively. Along with the laser
projection spot s, these three points form the epipolar plane. (b) Three main parameters
characterize the robot configuration, namely the bending radius r, plane angle φ and bending
angle θ .
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4.4.1 Soft Robots Modelling

As shown in Fig. 4.2, the laser manipulator is represented as a bending curve. Point Oo

is the intersection of the tangent lines at robot base Ow and robot tip. Assuming the soft

manipulator bends with constant curvature, we can obtain the translation vector of Oo

relative to the base coordinate Ow:

w
o t =

[
0 0 r tan θ

2

]T
(4.5)

Through hand-eye calibration, we can obtain the homogeneous transformation c
wT, the

rotation matrix c
wR, and the translation vector c

wt, from robot base coordinate Ow relative to

camera coordinate Oc. Coordinate Oo is defined in parallel to the base coordinate Ow; thus,

the transformation matrix w
o T from coordinate Oo relative to Ow can be determined only by

the translation vector w
o t. The parallelism is consistently satisfied since the coordinate Oo is

defined referring to the CC kinematic model’s coordinate. The translation distance/vector

can be estimated based on the geometric relationship in the model. Then, we have the

homogeneous transformation between coordinate Oo and Oc:

c
oT = c

wT w
o T =

 c
wR c

wRw
o t+ c

wt

01×3 1

 (4.6)

Virtual camera and epipolar constraint:

Let us denote s as the spatial projection spot of the laser beam, pc as the position of the laser

spot in the camera coordinate, pe as the position of robot tip in the reference coordinate

Oo, which can be assumed as a virtual camera. The laser beam is considered as the optical

axis, and the robot tip is regarded as the virtual image of the laser spot. Therefore, points pc

and pe can be regarded as the images of the same spatial point s in two camera frames. In

the frame of the virtual camera, we can concisely form the laser projection vector based on

the robot configuration, i.e., Eq. 4.8. The epipolar constraint [187] is accordingly applied to

link the two frames:

pT
e F pc = 0 (4.7)

where pe can be expressed as:

pe =
[
‖pe‖ sinθ cosφ ‖pe‖ sinθ · sinφ ‖pe‖ cosθ

]T
(4.8)

where ‖pe‖= r · tan
(
θ
/

2
)
. The bending radius of soft manipulator is denoted by r; the plane
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angle is represented by φ ; and the bending angle is given by θ , as defined in Fig. 4.2b. The

fundamental matrix of the two camera frames, F, can be given as [187]:

F = c
oRT (c

ot)∧ = c
wRT (c

wR w
o t+ c

wt)∧ (4.9)

where (·)∧ maps a vector to an rotation matrix, based on the Lie algebra of rotation group

SO(3) [188], as bellow:




a1

a2

a3



∧

=


0 −a3 a2

a3 0 −a1

−a2 a1 0

 (4.10)

As shown in Fig. 4.2a, the spatial point s and its image in the camera and robot (virtual

camera) frames, namely pc and pe, and the origins of the two frames, Oo and Oc, form the

epipolar plane. The epipolar constraint in Eq. 4.7 can be decomposed as the dot product of

two orthogonal vectors in the robot frame, {Oo}, and the camera frame, {Oc}, respectively:

pT
e · (F pc ) = 0 , pc

T ·
(
FT pe

)
= 0 (4.11)

where F pc and FT pe are the normal vectors to the epipolar plane, which are expressed in

the frame of robot and camera, respectively [25].

Laser spot position, pc, is normalized in the form of [px py 1 ]T , and linked with

its homogeneous pixel coordinate p̃, namely [u v 1 ]T , by multiplying camera intrinsic

matrix K:

p̃ = K pc (4.12)

By differentiating the epipolar constraint in Eq. 4.7, we get:

(
FT pe

)T ṗc +(F pc)
T ṗe +pT

e Ḟ pc = 0 (4.13)

where ṗc is the velocity of the laser spot. The time derivative of robot tip position ṗe

(Eq. 4.8) can be linearized with a Jacobian matrix J1, namely:

ṗe = J1

[
ṙ θ̇ φ̇

]T
(4.14)

The Jacobian matrix J1 can be derived by differentiating Eq. 4.8 relative to the robot

configurations,
[

r θ φ

]
:



4.4. Epipolar Geometry Modelling for Soft Robotic Laser Steering Control 101

J1 =

[
∂pe

∂ r
∂pe

∂θ

∂pe

∂φ

]
(4.15)

where each term is calculated as:

∂pe

∂ r
=

[
tan

θ

2
· sinθ · cosφ tan

θ

2
· sinθ · sinφ tan

θ

2
· cosθ

]T

(4.16)

∂pe

∂θ
=



r · cosφ ·

(
tan
(
θ
/

2
)
· cosθ + sinθ · 1

2cos2
(
θ
/

2
))

r · sinφ ·

(
tan
(
θ
/

2
)
· cosθ + sinθ · 1

2cos2
(
θ
/

2
))

r

(
− tan

(
θ
/

2
)
· sinθ + cosθ

1
2cos2

(
θ
/

2
))


(4.17)

∂pe

∂φ
=

[
−r · tan

θ

2
· sinθ · sinφ r · tan

θ

2
· sinθ · cosφ 0

]T

(4.18)

The time derivative of the fundamental matrix Ḟ only depends on a non-constant term

in w
o t, i.e., r tan

(
θ
/

2
)
. Notice that it would not be zero since the virtual camera has a

time-varying translation from the robot base coordinate. Then we can obtain:

Ḟ = c
wRT (c

wR w
o ṫ
)∧

= η
c
wR
(c

wRT w
o t
)∧

(4.19)

where the multiplier η can be given as:

η =
d
(
r tan

(
θ
/

2
))/

dt
r tan

(
θ
/

2
) = J2

[
ṙ θ̇ φ̇

]T

= J2 J−1
1 J1

[
ṙ θ̇ φ̇

]T
= J2 J−1

1 ṗe

(4.20)

where d(·)/dt denotes the derivative of time, and J2 is a Jacobian matrix containing

first-order partial derivatives that can be obtained as:

J2 =

[
tan

θ

2
r

2cos2
(
θ
/

2
) 0

]
(4.21)

Thus, the last term in Eq. 4.13 can be related to other two terms through the velocity of

robot tip ṗe, namely:

pT
e Ḟ pc = pT

e
[

c
wRT (c

wR w
o t)∧

]
pc η

= k1 η = k1 J2 J−1
1 ṗe

(4.22)

where the scalar k1 is obtained by multiplying the terms before the multiplier η given by

Eq. 4.20.
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4.4.2 Controller Design

Inverse mapping-based controller I:

By decomposing ṗe along the normal vector of epipolar plane and two orthogonal vectors

inside the epipolar plane [25], we obtain:

ṗe = γ
oh+β1

pe

‖pe‖2 +β2
(pe× oh)
‖pe× oh‖2 (4.23)

where oh = (F pc)
/
‖F pc‖. ‖·‖ denotes the 2-norm of a vector. The decomposing

coefficients along each vector are denoted by γ , β1 and β2. Substituting Eq. 4.23 into the

middle term of epipolar constraint in Eq. 4.13, and applying the orthogonal property in

Eq. 4.11, we derive the coefficient γ as:

γ =−
(
FT pe

)T ṗc

‖F pc‖
− pT

e Ḟ pc

‖F pc‖
(4.24)

The first term of γ can be regarded as the projection of laser spot velocity ṗc onto the vector,(
FT pe

)/
‖F pc‖, which is orthogonal to the epipolar plane. We can decompose ṗc into a

component along this vector and a remaining component:

ṗc = ξ
ch+

(
I3×3− chchT ) ṗc (4.25)

where ch=
(
FT pe

)/∥∥FT pe
∥∥. By projecting the remaining component of ṗc onto the second

and third term in Eq. 4.23 [25], we can approximately get β1 and β2:

β1 =

∥∥FT pe
∥∥

‖F pc‖
D1 ṗc , D1 = pT

e
o
cR
(
I3− chchT ) (4.26)

β2 =

∥∥FT pe
∥∥

‖F pc‖
D2 ṗc , D2 = (pe× oh)T o

cR
(
I3− chchT ) (4.27)

As a consequence, we have:

ṗe = A ṗc− oh
pT

e Ḟ pc

‖F pc‖
= A ṗc− oh

k1 J2 J−1
1

‖F pc‖
ṗe (4.28)

where the matrix A can be given as:

A =
[
pe D1 +(pe× oh) D2− ohchT ] ∥∥FT pe

∥∥
‖F pc‖

(4.29)
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Thus, we have obtained an inverse mapping from the image velocity ˙̃p to the robot tip

velocity ṗe: (
I3×3 +

oh
k1 J2 J−1

1
‖F pc‖

)
ṗe = A ṗc = A K−1 ˙̃p (4.30)

The robot tip velocity ṗe (Eq. 4.9), which is determined by the velocity of configuration

parameters, [ṙ θ̇ φ̇ ]T , can be related to the variation velocity of chamber lengths, L̇, using

a Jacobian matrix Jact obtained based on the CC model [47]:


ṙ

θ̇

φ̇

= Jact


L̇1

L̇2

L̇3

=



∂ r
∂L
∂θ

∂L
∂φ

∂L




L̇1

L̇2

L̇3

 (4.31)

∂ r
∂L

=
L0

2c1



√
c1−

∑
3
i=1 Li

2
√

c1
(2L1−L2−L3)

√
c1−

∑
3
i=1 Li

2
√

c1
(2L2−L1−L3)

√
c1−

∑
3
i=1 Li

2
√

c1
(2L3−L1−L2)



T

(4.32)

where, c1 = ∑
3
i=1 L2

i −L1 ·L2−L2 ·L3−L1 ·L3.

∂θ

∂L
=

1
r

[
1
3

1
3

1
3

]
− 1

r2
∂ r
∂L

(4.33)

∂φ

∂L
= c2 ·



−2
√

3
3(L2−L3)

1

2
√

3(L1−L3)(L2−L3)
2

1

2
√

3(L2−L1)(L2−L3)
2



T

(4.34)

where, c2 =
3(L2−L3)

2

3(L2−L3)
2 +
√

3(L3 +L2−2L1)
.

The inverse transition mapping from image space to actuation space is accordingly

obtained as:

L̇ = B ˙̃p (4.35)

where,

B =

(
I3×3J1Jact +

oh
k1J2Jact

‖Fpc‖

)−1

AK−1 (4.36)



104 Chapter 4. Eye-to-hand Vision-based Control for Soft Robotic Laser Steering

Thus, the actuation command of each chamber can be generated according to the desired

laser spot displacement.

A proportional feedback control law can be constructed based on the time-varying error

in pixels between the current and target positions of the laser spot:

˙̃p =−λ (p̃− p̃∗) (4.37)

where p̃∗ is the desired laser spot position, and the proportional gain λ is a positive constant.

Note that the control law in Eq. 4.37 will ensure exponential convergence of the laser spot

tracking errors in the camera view.

Forward mapping-based controller II:

Following the similar approach as in controller I, we can form a forward mapping between

the image velocity ˙̃p and robot tip velocity ṗe. The forward mapping will also be used for

constructing a robot state observer (e.g., Eq. 4.49), as described in the next section. By

decomposing ṗc along the normal vector of the epipolar plane and two orthogonal vectors

inside the epipolar plane, we obtain:

ṗc = δ
ch+ ε1

pc

‖pc‖2 + ε2
(pc× ch)
‖pc× ch‖2 (4.38)

where the coefficient δ can be derived by substituting Eq. 4.38 into Eq. 4.13, given as

follows:

δ =−(F pc)
T ṗe

‖FT pe‖
− pT

e Ḟ pc

‖FT pe‖
(4.39)

Similar to Eq. 4.25, the robot tip velocity ṗe can be decomposed as a component along the

normal vector of epipolar plane, and a remaining vector:

ṗe = ζ
oh+

(
I3×3− ohohT ) ṗe (4.40)

By projecting the remaining component of ṗe onto the second and third term in Eq. 4.38,

we can accordingly get the coefficients ε1 and ε2:

ε1 =
‖F pc‖
‖FT pe‖

D1 ṗc , D1 = pT
c

c
oR
(
I3− ohohT ) (4.41)

ε2 =
‖F pc‖
‖FT pe‖

D2 ṗc , D2 = (pc× ch)T c
oR
(
I3− ohohT ) (4.42)
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Substituting these coefficients into Eq. 4.38, the forward mapping can be formed as:

ṗc = M ṗe (4.43)

where the transition matrix M has similar form as Eq. 4.29:

M =
[
pc D1 +(pc× ch) D2− chohT ] ‖F pc‖

‖FT pe‖
− ch

k1 J2 J−1
1

‖FT pe‖
(4.44)

Note that the third element of ṗc and ˙̃p are zeros. Thus they can be related by ˙̃p = K̃ ṗc,

where K̃ keeps the diagonal elements of camera intrinsic matrix K with other elements set

as zero. Thus, the transition between the laser spot velocity in pixel coordinates and the

chamber length variation rate can be obtained as:

˙̃p = K̃ M J1 Jact L̇ (4.45)

A feedback controller is designed as:

L̇ =−(M J1 Jact)
T K̃−1

λ ∆ p̃ (4.46)

where the proportional gain λ is a positive constant.

To prove the stability of the controller in Eq. 4.46, a Lyapunov function is designed as:

V =
1
2

∆ p̃T K̃−1 K̃−1
λ ∆ p̃ (4.47)

By differentiating Eq. 4.47, we get:

V̇ = ∆ p̃T λ K̃−1 K̃−1˙̃p

= ∆ p̃T λ K̃−1 K̃−1 K̃ M J1 Jact L̇︸ ︷︷ ︸
˙̃p

=−∆ p̃T λ K̃−1 M J1 Jact (M J1 Jact)
T K̃−1

λ ∆ p̃︸ ︷︷ ︸
L̇

=−
[
(M J1 Jact)

T K̃−1 λ ∆ p̃
]T [

(M J1 Jact)
T K̃−1 λ ∆ p̃

]
=−

∥∥∥(M J1 Jact)
T K̃−1λ ∆ p̃

∥∥∥2
≤ 0

(4.48)

Therefore, the proposed feedback controller in Eq. 4.46 is asymptotically convergent. The

epipolar constraint is degenerate when the laser spot is located at the line between the

robot frame centre and camera frame centre. However, this case is avoided by the restricted

bending workspace of the robot.
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4.4.3 Robot State Observer

The soft robot configurations are determined by the lengths of fluid chambers, which thus

can be used to represent the robot state. The accurate estimation of chamber lengths is

significant on the calculation of transition mappings, namely Eq. 4.35 and Eq. 4.45, thus the

control commands. However, it is always difficult to measure the chamber lengths directly.

To this end, the chamber lengths are estimated by combining the information from the model

prediction and that from the image feedback. To achieve a desired laser spot displacement,

the required change of chamber lengths can be approximately calculated using the proposed

controllers, Eqs. 4.35 and 4.37, or Eq. 4.46. Then the laser spot position at the next time

step can be predicted based on the forward mapping as in Eq. 4.45.

As given in Eq. 4.49 and Eq. 4.50, a Kalman filter is constructed as the state observer

combining the predicted and measured laser spot positions. The transition matrixes in

the forward mapping (Eq. 4.45) are approximated as the observation matrix Hk, Hk =

K̃MJ1Jact , which is calculated based on robot state at time step k. L(k) = L(k−1)+Bk ∆ p̃∗+wk

p̃(k) = p̃(k−1)+Hk [L(k)−L(k−1)]+vk

(4.49)

The combined robot state, L̂(k), is given as:

L̂(k) = L(k−1)+Bk∆ p̃∗

+ Gk [p̃mea (k)− p̃(k−1)−Hk Bk ∆ p̃∗]
(4.50)

where p̃mea (k) is the measured laser spot position at time step k. The Kalman gain is

denoted by Gk, which can be updated based on the same rule as Eq. 4.4. Increasing the

covariance of process noise will reduce the weight of model prediction. Increasing the

covariance of measurement noise will enhance the smoothing of noise but decrease the

rate of convergence.

The architecture of the proposed control method is shown in Fig. 4.3, which combines

the components of laser spot detection, the epipolar-geometry based controller, and the

robot state observer. The control target defined in the camera view can be a reference

trajectory or even a path drawn by an operator using a mouse cursor. As the formulation

of the proposed controllers does not include any information on the laser projection depth,

they will allow stable laser spot visual servoing even on an irregular projection surface.
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4.4.4 Simulation and Results

To validate the performance of proposed controllers, simulation studies are firstly

conducted. CC model is employed to represent the kinematics of soft manipulator, which

projects a laser spot s on a planar surface. Thus a corresponding image p̃ appears in the

camera view:

p̃′ = K T1
c
oT
[

s 1
]T

, p̃ = p̃′/p̃′z (4.51)

where T1 =
[

I3×3 01×3

]
. The laser spot position in the robot coordinate Oo can be

calculated as: 
sz = d− r tan

(
θ
/

2
)

sx = sz tanθ cosφ

sy = sz tanθ sinφ

(4.52)

where d is the depth of laser spot with respect to the robot base coordinate Ow.

The robot and camera parameters are set to match the experimental platform. The

natural length of the hydraulic chambers is 9 mm, and the radial distance between the

chamber and the central channel is 3 mm. The camera is housed in parallel to the long

axis of the soft manipulator, with an axial distance of 7 mm. Referring to the camera pixel

size and focal length, the camera intrinsic matrix is defined as:

K =


1,000 0 640

0 1,000 480

0 0 1

 (4.53)

The soft manipulator with the laser collimator is placed 20 mm above a planar projection

surface. Three simulation studies are conducted as below:

Controller I vs Controller II

The performance of Controller I and II are compared via a target-tracking task. As shown in

Fig. 4.4a, both two controllers enabled accurate tracing of a goal point in the camera view.

Fig. 4.4b shows the tracking errors of two controllers in u and v directions, respectively.

Using the same proportional gain, Controller I converges faster than controller II due to

the smaller step size of controller II, which can be increased by using a higher gain. Both

controllers achieved equal convergent speed along two directions. In the next simulation, the

camera was intentionally rotated about its principal axis by 20°, which was unknown to the

controllers. This means that the camera view is rotated with respect to the laser manipulator,
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resulting in a rotated motion vector of the laser spot in the camera view. Fig. 4.5 shows the

corresponding tracking results. Controller II achieved a straighter path than controller I,

while ensuring a similar convergence rate. This indicates that controller II is more robust

to the uncertainties in the camera parameters. In addition, controller II does not involve

frequent calculation of matrix inversion. Therefore, Controller II will be utilized in the

following simulations and experiments.

Fig. 4.4: Simulation of target tracking using Controller I and Controller II. (a) Tracking
trajectories; (b) Tracking errors.

With vs Without observer

Fig. 4.6 shows the simulation results on following a spiral path with and without using

the robot state observer. This result demonstrates that the state observer can compensate

for the Gaussian noise and model uncertainty, by taking the measured laser spot position

into account. This would be advantageous for the hydraulic actuation system, as the desired

change of chamber lengths may not be fully completed due to the possible air bubbles

existing in the hydraulic tubes.

Parametric Analysis in Simulation

To implement the proposed visual servoing controller, the camera intrinsic and extrinsic

parameters, as well as the robot geometry parameters, need to be initialized. Obtaining the

exact value of those parameters is challenging, and as such, the controller should be robust
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Fig. 4.5: Simulation of target tracking using Controller I and Controller II. The camera is
intentionally rotated about its principal axis by 20°, which is unknown to the controllers.
(a) Tracking trajectories; (b) Tracking errors.

against error that arises from them. To this end, simulations are first conducted to study

the robustness of the proposed controller by introducing additional noise to the modeling

parameters. The simulated control task is to follow a circle (center: (400, 400), radius: 50

pixels) in the camera view. With exact robot and camera parameters, the controller achieved

a root-mean-square (RMS) tracking error of 0.08 pixels (∼1.2 µm). All simulations were

conducted to ensure the same path following speed, one cycle in 1,000 steps.

1) Camera intrinsic parameters: They are found to have a limited influence on the control

accuracy. For example, the second diagonal element of intrinsic matrix K is multiplied by

2, and the principle coordinate along the u axis is divided by 1.2. The controller maintains

a stable path following with an RMSE of 0.31 pixel (∼4.5 µm).

2) Camera extrinsic parameters: By introducing 20% error (∼2 mm) to the translation

parameters, and rotating the camera 30 degrees about the x, y, and z axes respectively,

corresponding RMSEs of 1.51, 0.22, and 0.31 pixels are obtained, i.e., around 21.9, 3.2

and 4.5 µm. It infers that the proposed controller can be applied in endoscopic applications,

of which the assembly accuracy of the camera is around 5 deg and 1 mm [185].

3) Robot geometry parameters: The controller is found to be robust to a relatively large



4.4. Epipolar Geometry Modelling for Soft Robotic Laser Steering Control 111

change of the robot structural parameters. A 20% error is added to the natural chamber

length, as well as the radial distance between the robot central channel and fluid chambers.

The RMSE of following a circle is only about 0.37 pixels (∼5.4 µm).

Fig. 4.6: Simulation of a spiral path following. Gaussian random noise is induced to the
length estimates of chambers at each time step. Actual footprint of laser spot compared
with the reference path are plotted. The larger deviation of laser spot from reference path,
the warmer color of its footprint. (a) Without robot state observer; (b) With observer.



112 Chapter 4. Eye-to-hand Vision-based Control for Soft Robotic Laser Steering

4.4.5 Experiments and Results

In this section, experiments are conducted to evaluate the performance of the proposed

controller on an MR-safe soft robotic laser manipulator. A fiber optics camera has been

integrated to provide image feedback of the laser spot. Point tracking and path following

tasks are performed. The experiment setup and results are introduced as follows:

Fig. 4.7: (a) Soft laser manipulator with a fiberscope equipped to provide image feedback.
(b) GRIN-lens collimated laser fiber. (c) Bottom view of the soft manipulator.

Experimental Platform

Experimental validation has been conducted using the platform, as shown in Fig. 4.7.

The laser steering module comprises three cylindrical elastomeric chambers separated by

120°, which are inflated and deflated by hydraulic cylinders. The soft manipulator is 3D

printed with AgilusClear30TM material. Each cylinder is connected to a stepper motor,

providing precise control of the cylinder volume. The hydraulic transmission is achieved

through 10-meter-long pipelines (OD=4 mm). By pumping in and out water, each elastic

chamber can be elongated or shortened individually. Regulating the inflation volumes of

three chambers offers omni-directional bending (+/- 25°) of the optical laser fiber housed

in the center channel. The fiber end is assembled with a collimator to produce a small laser

spot projection at a longer distance compared to a free-end fiber. The collimator selected is a

gradient-index (GRIN) rod lens with parameters: 0.23 pitch, face angle = 8°, outer diameter

= 1.0 mm, length = 3 mm, anti-reflection coating at 1,550 nm. It is packaged with the optical

fiber ferrule using a glass tube. The distance between the fiber end and the lens’ front end

is near zero. The size of the laser spot on the target is about 1mm, which could be further

reduced by optimizing the lens parameters, e.g., pitch value, length. The laser manipulator
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provides a scanning area of 20×20 mm2 at a projection distance of∼20 mm. The executable

space is ensured by imposing maximum limits on each motor. With this setting, laser energy

can be projected on the tissue surface in a small spot, avoiding potential overheating caused

by fiber tip sticking.

An additional outer cover is proposed to capsule the soft fluid chambers. Steering of

the laser lens can be performed inside the cover, thus avoiding external disturbances, such

as tissue contact in the confined ONP. This design enhances the robustness of laser beam

control by isolating the soft manipulator from its surroundings, therefore allowing laser

ablation to be performed with higher accuracy. A fiber optics camera with 30,000 pixels in

a diameter of 2 mm is utilized to provide visual feedback. Images are captured through a

bundle of optical fibers (10-meters long) and coupled to a high-resolution RGB camera of

1,280×960 pixels. The control algorithm is implemented in Matlab (Intel Core i7-6700HQ

CPU@3.0GHz with 16-GB RAM).

Point-to-point Tracking

A point tracking experiment has been conducted to validate the performance of the proposed

controllers. The homogenous transformation between robot and camera coordinate is

initialized based on robot design parameters. The rotational angle of the camera view is

estimated from laser spot movement in the camera image while inflating one soft chamber.

As shown in Fig. 4.8, the robot is controlled to track four points one by one. Once the laser

spot enters a region within 3 pixels (∼105 µm) of a target point, the desired target will be

switched to the next one. Similar to the simulation result (Fig. 4.4), both controllers achieved

accurate tracking of the four targets. However, the laser spot trajectory with Controller II is

straighter than Controller I, particularly from target 2 to 3, which implies that Controller II

has a more precise approximation of the inverse transition mapping.

Path Following

Laser spot path following tasks have been conducted to evaluate the accuracy of the

proposed visual servoing controller (II). In the 1,280×960 pixels image frame, a reference

path is predefined as a list of target positions to be tracked by the laser spot. The tracking

error in the unit of pixels is defined as the shortest distance between the current position of

the laser spot and the desired trajectory.

Two successive cycles are selected from the continuous path following journey, with

the actual trajectory of the laser spot and the corresponding tracking errors presented in

Fig. 4.9a and Fig. 4.9b, respectively. Over the 1st cycle, the RMS tracking error is 2.37
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Fig. 4.8: Performances on tracking multiple target points using Controller I compared with
using Controller II. The robot is controlled to aim the laser spot at four target points one by
one (Targets 1 to 4). (a) Tracking trajectories; (b) Tracking errors from Target 1 to Target 2.

pixels (∼83 µm), and the maximum tracking error is 7.47 pixels (∼261.5 µm). The accurate

path following is maintained in the 2nd cycle, during which the RMSE and maximum error

are 1.82 pixels (∼63.7 µm) and 5.92 pixels (∼207.2 µm), respectively. The projection

distance is about 20 mm (Fig. 4.9c), resulting in a projected “Mickey Mouse” boundary

with a width of about 10.5 mm (300 pixels) on the target surface. Fig. 4.9d depicts the

current laser spot image along with its trajectory throughout the tracking journey. Thus, the

overall accuracy of laser spot targeting can be concluded with a mean tracking error <105

µm (3 pixels). The maximum path following speed is tested as about 58 pixels/s (∼2 mm/s),

corresponding to an RMSE of 6.13 pixels (∼214.6 µm).
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Fig. 4.10: Performances on path following using respectively open-loop and closed-loop
control. Water leakage is intentionally caused by puncturing one water pipe to a soft
chamber, thereby actuation disturbance. The closed-loop controller can still compensate
for it and maintain precise path following.

Open-loop vs closed-loop: To validate the robustness of the closed-loop controller, one

water pipe connected to a soft chamber was intentionally punctured, inducing water leakage

during the robot operation. Fig. 4.10 shows the tracking results using open-loop control

compared with closed-loop control. The laser spot cannot follow the desired path with

open-loop actuation. However, the closed-loop controller can compensate for the actuation

disturbance, thus ensuring accurate path following.

Repeatability: Fig. 4.11 shows the repeatability of Controller II when performing path

following. The controller was set to track a “Mickey Mouse” path with 70 loops. The RMS

tracking error remains small within 4 pixels (∼140 µm) while the maximum error maintains

about 10 pixels (∼350 µm). It demonstrates that the laser manipulation system, along with

the proposed visual servo controller, is stable and reliable.

With vs without state observer: To validate the effect of state observer, a path following

test has also been conducted with water leakage intentionally introduced by puncturing

one water pipe to a soft chamber. Fig. 4.12 shows the tracking results using state observer

compared with omitting state observer. It demonstrates that the state observer reduced the
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RMS tracking error from 4.26 pixels (∼149.1 µm) to 2.96 pixels (∼103.6 µm).

Fig. 4.11: Repeatability of the control performances in following the “Mickey Mouse” path
as in Fig. 4.9 (70 cycles in total).

Fig. 4.12: Performance on path following with and without state observer. Water leakage
is intentionally introduced by puncturing one water pipe to a soft chamber. (a) Tracking
trajectories; (b) Tracking errors.
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Hand-drawing Following

The performance of visual servoing Controller II has been validated via a hand-drawing

following task. The positions of the mouse cursor in the camera view are detected as the

desired target of the laser spot. The drawing speed is estimated to be about 10 pixels/second.

The laser spot is controlled to instantly follow the mouse cursor manipulated by an operator.

As shown in Fig. 4.13, the laser spot can accurately follow the mouse cursor, with an RMS

tracking error of 3.97 pixels (∼180.5 µm) and a maximum error of 12.26 pixels (∼557.3

µm).

Fig. 4.13: User-defined path “drawn” by a mouse cursor. Both the laser spot footprint and
the drawn path are superimposed in the camera view, so as to evaluate the tracking errors
(RMSE and Max.).

4.5 Learning-based Laser Steering Control

In this section, a learning-based visual servoing controller is implemented to achieve

automatic targeting of the laser spot that could be projected along any trajectory that

is prescribed in-situ on the endoscopic view. The prerequisite is to form an adaptive

kinematics model approximating the nonlinear inverse mapping from image space to
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robot actuation space. Conventional kinematics methods require accurate characterization

of robot structural parameters and actuation response, which is a well-known challenge

for the intrinsic nonlinear hyper-elastic property of elastomeric materials. In contrast,

data-driven methods [167] such as machine learning approaches could accommodate

modeling uncertainties from the actual operation data, as well as eliminating the need for

hand-eye calibration.

4.5.1 Inverse Transition Mapping

Similar to Section 3.3.1, the actuation input (in equilibrium) at time step k is denoted

by α(k) ∈ U3, where U3 represents the 3D actuation space. The configuration of the

collimator, including end position and orientation normal, is denoted by a collective variable

θ (k), which is related to the robot configuration. During quasi-static movement, there

exists a unique mapping between robot configuration space and actuation space. Therefore,

the actuation command can be used to reflect the robot configuration, which is nearly

unmeasurable for soft robots. The task space is defined in the 2D camera view (Fig. 4.7),

with the laser spot position denoted as p̃ ∈ R2. Direct inversion of the forward transition

mapping is not possible because the manipulator is redundant, and the solution set of all

possible solutions do not forms a convex set. Driven by the insight that the solution set of

the differential IK problem form a convex set locally, the inverse transition model from task

space to actuation space is represented by spatially localizing the actuation variable, i.e.:

∆α(k) = g(α(k) ,∆p̃(k)) (4.54)

Neural network is utilized for training the inverse mapping rather than GPR. This is

because the focus is on accuracy and consistency, which are assured by a large number

of data samples to characterize the whole workspace. The computation cost of GPR model

prediction is higher in the case of a large training data size. The laser steering module is

also protected from external disturbances by an extra outer constraint, thus releasing the

need for efficient online learning of the controller. The actuation command at previous

time step α(k) is incorporated as an input for generating the actuation at next time step

α(k+1) = α(k)+∆α(k). This achieves localizing α from the sample data instead of the

learning architecture. Localization can be formed within a bounded range of ∆α(k). Note

that it will inherently bound the model output spatially too.
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4.5.2 Learning-based Controller

The learning-based controller is initialized by training a neural network with time-varying

2-D laser spot displacements, (∆u,∆v), and soft actuation status, (pi, i=1,2,3), as its

input, and the corresponding actuation changes, (∆pi, i=1,2,3), as output (Fig. 4.14a).

The data was collected by commanding the laser manipulator to explore the workspace

with a pre-defined scanning pattern (e.g., spiral). Relative movements rather than absolute

positions of the laser spot are utilized to train a model so that it is robust to variation of

viewing depth, which would scale the relative movements but completely shift the absolute

positions. The actuation status represents the absolute inflation volumes (0∼0.004 mL)

of three soft chambers and determines the robot configuration. It is also incorporated as

an input to facilitate spatially localizing the inverse kinematics problem, thereby ensuring

the convexity of the solution set. This is driven by the insight that the differential IK of a

nonlinear system can be linearized locally.

The green laser spot with monochromatic color and high intensity is recognized by

thresholding the captured RGB images. Five thousand data samples were collected and

divided randomly into training/validation/testing sets in the ratio of 80:10:10, respectively.

A multilayer perceptron with two hidden layers and one output layer, using tan-sigmoid

and linear transfer function, respectively, was employed for learning. Levenberg-Marquardt

backpropagation was utilized to train the network parameters. The sizes of hidden layers

were selected (20 nodes in each layer) to fulfill a high goodness-of-fit with the correlation

coefficient >0.99. The network was trained using the “fitnet” function in Matlab with

Intel® CoreTM i7-8750H CPU @2.20GHz. During each control loop, the desire laser spot

movement, as well as the actuation status, will be inputted into the trained model. The

trained NN model will always output a valid set of liquid volumes pumping in/out of the

three soft chambers, which is inherently bounded by the training data. The trained NN model

enables output prediction at high frequency (>100 Hz) for real-time robot control. Laser

spot positions in camera view can be extracted online and fed back to close the control loop

of soft actuation (Fig. 4.14b). Image acquisition and laser spot detection were implemented

in a process written by C++, which was running in parallel with the main control loop.

The feedback controller compensates for the tracking errors in real-time (>20 Hz) and

further improves the control accuracy. A feedback delay of ∼30 ms was introduced by the

camera image acquisition and processing, as well as communication with the main control

loop. However, it is acceptable due to the limited bandwidth of soft actuation, resulting in a
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maximum laser steering speed of 2 mm/s.

4.5.3 Experiments of Learning-based Laser Steering Control

Laser steering control has been tested on a soft robotic laser manipulator using a series

of exercises that map to pre-defined patterns. The laser manipulator was configured to

scan the laser over an area of 15×15 mm2 on a projection plane located 15-mm below

the robot tip, with a maximum bending angle of 26º. The scanning area is sufficient for

coverage of an average oral tumor, which was reported to have a mean length of 4.04

mm and width of 3.08 mm when identified using MRI [189]. Precise steering of the laser

spot within a small and local area using the hydraulic-driven soft laser manipulator could

raise challenges due to the actuation nonlinearity and fabrication uncertainty. To this end,

a learning-based modeling method was implemented to characterize the robot kinematics,

which establishes the mapping from laser spot movements on the projection plane to robot

actuation. The laser spot position can be computed from robot tip orientation which was

measured using an EM-tracking system (Fig. 4.15a), or by directly extracting from camera

images (Fig. 4.15b). Based on the trained model, a feed-forward controller was constructed

to predict the actuation commands of three chambers for the desired laser spot positions.

Four different path following tests were performed under different laser control conditions.

Open-loop laser spot tracking was used to follow spiral and pentagon paths with mean

tracking errors of 150 µm and 189.4 µm, respectively (Fig. 4.16a). In the open-loop path

following of the pentagon, the repeatability of laser beam manipulation was also calculated

using the deviation of successive cycles from the first cycle. The tracking results of the

pentagon path following demonstrated a mean deviation error of 44.6 ± 8.2 µm, which

suggests that the robotic laser manipulator paired with the learning-based model could

produce repeatable and accurate path following even with open-loop control.

To further improve the control accuracy, a closed-loop controller has also been

investigated. For the purpose of lab-based validation, an EM tracking probe was

incorporated to provide feedback. The robot achieved enhanced tracking accuracy even

when following an irregular batman symbol path with the root-mean-square tracking error

reduced to 121.5 µm. Considering the limitation of EM sensors in the MR environment,

closed-loop visual servo control based on the MR-compatible fiberscope view is also

investigated. Apart from providing feedback for control, the fiberscope could view the laser

spot projected on the surgical site, thus offering an interface for both task definition and
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Fig. 4.15: Lab-based laser beam steering control. (a) Path following of the laser spot on a
projection plane using the soft laser manipulator. The laser spot position can be determined
based on the robot tip position and orientation measured with an EM tracking system. (b)
Laser spot visual servoing is achieved with an MRI-compatible fiberscope.

visual monitoring. A 10-meter-long fiber optic camera (Fig. 4.15b) was utilized to meet the

requirements of operation under MRI. As demonstrated in Fig. 4.16b, the laser spot could

be accurately controlled to follow a four-leaf path defined in the camera view, with a mean

tracking error of 1.04 pixels, corresponding to 69.3 µm on the projection plane. In ablation

procedures, the laser spot footprint may need to fill a targeted area. Apart from the spiral

pattern shown in Fig. 4.16a, the laser manipulator also maintains excellent accuracy when

filling an area with complex boundary in a zig-zag pattern, as shown in Fig. 4.17.

The tracking error statistics of the path following experiments are shown in Fig. 4.16b,

indicating that the laser manipulator is capable of tracing any basic and complex paths with

high accuracy (<200 µm), which meet the clinical requirements on laser spot targeting (<1

mm) [107]. The spiral and pentagon pattern results demonstrate that the laser manipulator

can accurately perform a circular and linear motion that commonly comprises other,

more complex patterns. In addition, the robot maintains high accuracy even on following

complicated trajectories, e.g., a batman symbol, which involves sharp turns and thus sudden

changes of the robot trajectory. This is typically a challenging task for soft robots to perform

precisely due to the need for sudden volume changes of the robot’s soft actuation chambers,

coupled with the compliance of the robot body.
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Fig. 4.17: Laser spot steering in a zig-zag pattern. (a) Laser spot trajectory tracked when
filling the area of a batman shape with a zig-zag pattern. (b) Tracking error distributions in
both the left-to-right and right-to-left paths. (c) Associated tracking errors over 10 minutes
of tracking.

4.6 Conclusion

This chapter presents a visual servo controller for a soft robotic laser steering system.

Epipolar geometry is first constructed to relate the camera frame with soft robot kinematics,

thus modeling the inverse transition mapping. Based on this inverse mapping, a feedback

controller is established, without having to incorporate prior knowledge of the tissue

surface geometry. A state observer is also designed to provide a dynamic estimation of

robot configurations, enabling accurate computation of the inverse transition mapping. The

closed-loop controller provides robustness to actuation disturbances compared to open-loop

control. It brings new opportunities to precise laser projection using a soft manipulator,

which could be equipped on an endoscope tip for endoscopic laser surgery. Moreover,

the MRI-compatibility of soft laser manipulator enables further application in MRI-guided

laser treatment, which could enhance the intra-op monitoring of laser ablation outcomes

(Chapter 6).
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The proposed controller enabled precise targeting of the laser spot using a fluid-driven

soft robotic manipulator. This is achieved by delicately adjusting the inflation volumes of

three fluid chambers over a 10-meters long pipeline, which is a challenging task demanding

for high-precision control. With the proposed controller, accurate laser spot path following

was demonstrated, with an RMS tracking error of <4 pixels in camera view, corresponding

to a physical error of laser spot projection <140 µm, which meets the clinical requirements

on laser spot targeting (<1 mm) [107]. This is maintained even throughout 70 repeated

cycles, with the maximum tracking error smaller than 11.32 pixels (∼396.2 µm).

In general, both the model-based and the learning-based controller can achieve accurate

laser spot steering control. However, the model-based method needs for calibration and

initialization of the camera extrinsic parameters, which could be varied during the robot

setup. The learning-based method can accommodate this through the use of training data

acquired in-situ. But the initialization of the learning model may be time-consuming. In our

future work, the synergetic use of model-based and learning-based methods will be of our

research interest. The influence of MRI sequence parameters on the imaging of tissue being

ablated will be investigated. Real-time tracking with MRI [144] will be incorporated to

enable registration between MR image coordinate and robot coordinate. Visual servo based

on MR-thermometry will also be of our research interest. Proper surgical laser sources, e.g.

pulsed laser, will be investigated to achieve tissue cutting or ablation in cooperation with

the laser beam manipulation. Another plan is to improve the laser spot control performance

by decoupling the velocity profile and path following [190].



Chapter 5

Soft Robotic System for MRI-guided

Transoral Laser Surgery

5.1 Introduction

Most of the existing MRI-guided laser surgery are based on contact-laser, without the

need to frequently manipulate the laser beam. Currently, there is no laser steering

manipulator that meets the requirement of MR safety. Soft robotic manipulators possess

a unique combination of properties that are not typically seen in surgical robotics. Driven

by pressurized fluids, they have the potential to address these challenges through high

conformability, dexterity, and the ability to be MR-safe. Researchers have sought to

apply soft robotics to several clinical applications such as colonoscopy [151, 152] and

keyhole surgery [154]. Here, they leveraged the safety and conformability of soft and

flexible actuators, where precision is a secondary goal. Few studies have reported intra-op

MRI-guided soft robotic systems, particularly at miniature scales, while maintaining

sufficient accuracy for treatment. Submillimeter-scale laser manipulation is required in

transoral laser microsurgery [107], while still ensuring the safety of delicate surrounding

structures.

To this end, a unique fluid-driven soft robotic system that employs reinforced miniature

soft actuators is proposed to provide precise laser delivery for TLM. A hydraulic actuation

approach is taken for its intrinsic MR-safety and ability to miniaturize the robot design by

allocating the larger actuator systems to outside of the MRI room [135]. When compared to

pneumatic actuation [191], hydraulics does not suffer from the high compressibility of air,

127
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which can cause mechanical transmission delay and associated control inaccuracies. The

system generates zero EM interference, allowing the introduction of intra-op MRI guidance

to evaluate the laser/tissue interaction process, which plays an important role in balancing

adequate tumor resection and function preservation. The soft robotic system is compact

(Ø12×100 mm) and lightweight (∼200 g), while providing 5 degrees-of-freedom motion.

Integrating with a laser fiber, the robot enables flexible delivery and precise targeting of

surgical lasers. A miniaturized laser manipulator is designed with optimized reinforcement

to provide delicate laser beam steering (+/- 26°) in a confined area. The manipulator

is actuated through micro-volume (<0.004 mL) fluidic inflation of elastomer chambers,

which are regulated with a learning-based controller. The learning-based controller can

accommodate any modeling uncertainties introduced during the robot setup. A fiberscope

is used to monitor the laser spot footprint and provide closed-loop guidance for laser beam

steering control. During laser ablation, MR thermal imaging can be conducted to evaluate

the heat diffusion in tissue, thus offering real-time monitoring of the ablation margin. 3D

MR scanning can be performed intra-operatively to enable in-situ assessment of the ablation

completeness. The key contributions of this work can be differentiated as follows:

1. Development of an MR-safe endoscopic robot system allowing flexible access to

lesions in the confined oral and pharyngeal cavities. The system provides a stable

platform for laser beam delivery and navigation to the targeted lesions with MRI

guidance. The robot is compact and lightweight, enabling mounting on the patient

and operation with standard MR imaging coils;

2. Design of a reinforced miniature fluid-driven soft manipulator capable of delicate,

precise, and repeatable laser spot steering on the mucosa. The MR-safe hydraulic

actuation enables simultaneous robot operation and MR imaging while ensuring

minimal image artifacts.

5.2 Design Requirements

Oncologic management of HNCs requires local-regional control of disease, as well as

preservation of speech and swallowing functions [114]. There is often a dilemma between

adequate tissue margin for clearance and functional destruction from over-resection. To

enable agile delivery of laser energy to target regions, the robot should provide dexterous

navigation through intraoral and oropharyngeal cavities, even down to the hypopharynx
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and larynx. The robotic scope should ensure safe contact with the upper airway, and

also offer a stable platform for precise and local control of laser beam projection on

oral and pharyngeal lesions. The distal laser manipulator should satisfy two key clinical

requirements: sufficient workspace to cover the average men and women vocal fold size

(20×20 mm2) with a projection distance of 20∼25 mm; laser spot targeting accuracy of <1

mm [107], aforementioned in Chapter 4.

Provided with intra-op MR anatomical and temperature images, tumor margins can be

identified in-situ, and the ablation/incision depth can be monitored in real-time. This ensures

tumors/lesions are marked and resected with a margin of 5-10 mm beyond the tumor [192].

To monitor minute physiological changes in the region of the lesion, zero image artifacts

have to be ensured even during robot operation in close proximity to the imaging site. To this

end, the robot should meet the rigorous requirement of zero EM interference, comprising of

no conductive, metallic, or magnetic components, i.e., the MR safety defined in the ASTM

F2503 standard [75]. In addition, the robot should be compact and lightweight, enabling

mounting on the patient and operation with standard MR imaging coils.

5.3 System Overview

The proposed soft robotic platform for MRI-guided transoral laser microsurgery is shown

in Fig. 5.1a. A soft robot integrated with a lens-pigtailed laser fiber enables safe endoscopic

intervention through the dental anchorage in the oral cavity, and directs energy delivery

to the lesion target deep to the larynx. Two segments of the soft robot, i.e., active

bending section and distal laser manipulator, were employed to offer, respectively, coarse

robot navigation and fine laser beam pan-tilting (Fig. 5.1b). Each segment comprises

three elastomeric chambers with volume varied by fluidic inflation/deflation to provide

omni-directional bending. Miniature spring reinforcement constraints are integrated into

the laser manipulator to enable repeatable and accurate steering of laser beam even inside

a protective outer shell (Fig. 5.1c). Together with insertion, the robot provides five DoFs

in manipulating the laser lens. Insertion/retraction is achieved by using a two-cylinder

hydraulic actuator, which is coupled with a passive bending section to transfer rotational

displacement to linear advancement. Both the soft chambers and cylinders are hydraulically

driven via 10-meters long pipelines, which are channeled through the MRI room waveguide

and connected to robot consoles in the control room. The robotic scope is compact with a

size of Ø12×100 mm and is lightweight at 200 g, thus allowing non-invasive mounting to
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the patient with a custom-made dental guard (Fig. 5.1d). MR-based tracking markers can be

assembled with the dental guard to offer positional localization in MRI, thus registering the

robot base with anatomical MRI coordinates and allowing the introduction of intra-op MRI

guidance to monitor the laser ablation progress. Intra-op MRI can provide clinicians with

enhanced perception of tissue incision width and depth [193], while providing the unique

capability of measuring dynamic changes of tissue temperature in 3D, which is crucial in

alerting excessive hyperthermia to the lesion surroundings, particularly in depth.

5.4 Soft Robotic Laser Targeting System

In this section, the design of a hydraulic-driven soft robotic system is presented. Apart

from the laser scanning segment, a continuum segment is incorporated for adjusting the

orientation of the camera view. Finite element analysis was conducted to optimize the robot

design parameters. The mechanical performances of the robot were evaluated.

5.4.1 Soft Manipulator Design and Fabrication

To fulfill the rigorous requirement of MR safety, soft robots fabricated with elastomers,

or polymer-based materials, are studied. These have gained increasing interests in medical

applications, e.g., endoscopes, accredited to their flexibility and safe compliance with soft

tissue surroundings. However, soft chambers made of pure elastomer material cannot sustain

high pressure, limiting their loading capabilities and allowing uncontrolled expansion

upon pressurization. Prior arts proposed to restrict soft chambers’ radial expansion by

paper-reinforced [194] or fiber-reinforced methods [195], which restricted their deformation

to 1D elongation. However, such reinforcement cannot improve the soft robots’ stiffness,

thus the mechanical responsiveness. The discrete constraint would also give rise to

non-uniform distributions of the chamber wall thickness upon pressurization, which may

result in high local stresses and rupture.

To this end, a soft robotic steering mechanism with a spring reinforcement constraint

(SRC) is proposed to enable omni-directional laser lens manipulation. The mechanism

consists of three separate elastic chambers, located 120° apart in a triangular configuration.

Reinforced springs fabricated from stiff materials are applied to the surface of each

individual chamber during 3D printing. With the SRC, the soft chambers could bend

with higher stiffness and lower hysteresis. The robotic scope is composed of two actuated
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segments. The distal segment, namely the laser manipulator (Fig. 5.2a), incorporates SRC

and soft chambers at a total length of 10 mm, offering omni-directional pan/tilting of the

laser lens in a local area (Fig. 5.2b). An extra outer shell (Ø12 mm) is designed to protect

the laser beam maneuvering from external disturbances, e.g., contact with the oral and

pharyngeal tissues. Note that the outer shell will not affect the bending of soft manipulator.

This isolation design enhances the robustness of the laser manipulator and ensures laser

beam steering with high accuracy. The second actuated segment, which is the active bending

section (Fig. 5.3), comprises three soft reinforced chambers in a total length of 24 mm and

an outer diameter of 9.2 mm, providing coarse navigation for lesion targeting. The soft

continuum segments were fabricated through 3D printing (Stratasys, Connex 3 Objet 350),

which enables hybrid printing of rigid and soft materials. This fabrication method offers

the option of fast robot customization, e.g., chamber lengths. There is a trend towards 3D

printing materials that are biocompatible and sterilizable. However, the presented robot

can also be fabricated by molding with mass-producible materials, e.g., medical-grade

elastomers. Additionally, the presented system is designed to be single-use, which can

reduce sterilization and cross-contamination concerns.

Fig. 5.3: Active bending section with length of 24 mm and outer diameter of 9.2 mm,
comprising of three soft chambers with individual spring constraints.

5.4.2 Design Optimization based on Finite Element Analysis

FEA is conducted to simulate the robot characteristics upon pressurization (Fig. 5.4a),

thus facilitating the design optimization. The specific strain-stress relationship of the

selected elastomer (i.e., AgilusClear30TM) was evaluated through a uniaxial tensile test and
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approximated by the Ogden model in the simulation. The robot structure was tessellated

with the quadratic tetrahedron element (e.g., Abaqus C3D10H). Strain hardening/stiffening

effects were considered such that the nonlinear stress-strain behavior can be simulated using

specific methods, such as arc-length.

Two model characteristics in terms of (i) bending angle and (ii) maximum von Mises

stress are analyzed to evaluate the effect of partitions in the reinforced spring model. As

shown in Fig. 5.4b, the effective bending angle decreases with more spring partitions,

meaning that greater pressure is required to overcome the additional model rigidity. This

implies that the bending stiffness of the soft manipulator is increased with spring partitions.

However, the maximum von Mises stress over the whole model is also increased by adding

partitions, as shown in Fig. 5.4c. The enhanced stiffness could improve the hysteresis

and responsiveness of the soft manipulator, thus allowing accurate laser beam control.

However, high local stress would introduce model fracture and reduce the robot’s durability.

Three is the optimized number of partitions for our design, balancing the trade-off among

compactness, bending stiffness, and local material rupture. Another concern is the twisting

of the soft actuator caused by the extension of each spring structure. FEA result indicates

the average twisting angle is negligible (<1°) and reduced with the spring partition number.

Each partition connects the three individual chambers/spring coils, which causes them to

share the twisting loading, ultimately simplifying the bending kinematics and improving

robot controllability.

5.4.3 Flexible Laser System

Tissue ablation is predominantly governed by achieving intensity levels beyond the specific

ablation threshold. The tissue ablation threshold depends on both the laser wavelength and

power density. A focused lens is optimal in terms of reducing laser spot size, thus increasing

power density. But it introduces difficulty to the device assembly and miniaturization.

The rod collimator compactly integrated with laser fiber can converge the laser beam to

a small spot (<1 mm), thus ensuring high power density. The fiber-optic collimator can be

customized in a wavelength range of 400∼2,000 nm, among which some wavelengths have

been applied in ENT (ear, neck, and throat) surgery with bare-tip fibers.

A fiberoptic medical laser enables flexible energy delivery towards target tumors located

in the deep laryngeal region. An 808-nm diode laser with a power of 3 W was selected for

the lab-based evaluation. The laser was guided by a 10-meters long optical fiber, with a
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core diameter of 105 µm. Green laser (532 nm) with a power of 10 mw was coupled into

the same fiber to provide visual guidance. A GRIN-lens collimator ('Ø1.2×9.0 mm) was

assembled at the fiber tip to emit a parallel-beam spot on tissue (Fig. 5.5). Compared with

free-end fiber, the collimator could output a small laser spot (<1 mm) with high power

density (>4 W/mm2) even at a long distance (∼15 mm), hence allowing laser ablation

without tissue-fiber contact. This minimizes the heat-affected zone on tissue and allows

retention of the micro-lens after the procedure.

Fig. 5.5: (a) GRIN lens pigtailed with laser fiber. (b) Laser beam profile emitted from three
types of fiber ends.

5.4.4 Mechanical Response Evaluation

Workspace: The maximum bending angle of the fabricated soft segments upon

pressurization was measured using an EM tracking system (NDI Aurora®). The laser

manipulator can steer the laser lens to a maximum angle of ±26° (Fig. 5.6a), which enables

a scanning area of 15×15 mm2 at a 15-mm projection distance. As for the active bending

section, my design offers an angular workspace of ±60° (Fig. 5.7a), which can be further

enlarged by elongating the segment length or reducing the number of spring partitions.

Frequency response: The dynamics response of soft manipulator with hydraulic

actuation has been tested. The soft chamber was inflated/deflated through a hydraulic

cylinder actuated by a servo motor. Ten-meter-long hydraulic pipeline was utilized to meet

the transmission requirements between the MRI and control rooms. The positional output

of the robot tip under periodic sinusoidal input from 0.1 Hz to 5 Hz was captured by an

EM tracking marker. Fourier analysis was conducted to evaluate the harmonic response.

As shown in Fig. 5.6b, the bandwidth was approximately 1 Hz (angular velocity: ∼20°/s),

at which the magnitude response decreased -3 dB [196]. This indicates that the changing
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frequency of positional command could be less than 1 Hz in order to avoid low-pass filtering

by the soft robot composite. The bandwidth is intrinsically governed by the robot stiffness,

which could be improved by fabricating the spring constraint with stiffer materials (e.g.,

PEEK). The phase lag was kept at less than 35° within the bandwidth. The transmission

latency, or time delay from the computer signal to the distal output, was measured as

83ms on average with the input frequency less than 1 Hz. Note that in our setup, the

laser parameters (e.g., power, pulse duration) could be modulated online based on the MR

thermometry feedback. This could alleviate the need for high-speed laser scanning, which

is primarily for avoiding local over-heating.

Fig. 5.7: Mechanical performance testing for active bending section. (a) Angular range.
(b) Following a path on projection plane in numerous cycles. (c) Repeatability of the path
following.

Durability: The reliability of soft chambers (e.g., material fatigue) should be

maintained in a prescribed amount of usage, despite the intention to be a single-use device.

As shown in Fig. 5.6c, the soft manipulator is inflated (actuation step 2,200) and deflated
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(actuation step 0) repeatedly 2,000 times over a period of 1 hour. The robot remains

functional while the absolute bending angle decreased only 1.5°, which can be compensated

by a feedback controller or an online-updated learning model.

Hysteresis: The hysteresis of the soft manipulator has been tested by measuring its

bending angle upon loading and unloading to the elastomer chambers. Two consecutive

actuation cycles were performed. Fig. 5.6d shows the soft robot has a maximum hysteresis

angle of 0.35°, which is negligible. This is accredited to the rigid spring reinforcement

constraints that mechanically compensate for the hysteresis originating from the elastomeric

material.

Repeatability: The repeatability of the active bending section has been evaluated by

executing predefined actuation commands to follow a path in numerous cycles (Fig. 5.7b).

The repeatability of robot footprint is defined as the deviation of the current trajectory from

that tracked in the first cycle. Although the polygon reference path includes sudden changes

of following directions, the soft robot still demonstrates a highly-repeatable path following

with a mean deviation error of 254.5 µm over four cycles (Fig. 5.7c).

5.5 Docking and Insertion Mechanism

To perform laser surgery trans-orally, an anchorage platform is designed with instrument

channels to house the soft robotic scope as well as other tools, e.g., a lighting guide. A

hydraulic motor is integrated to provide advancement or retraction of the scope.

5.5.1 Design and Fabrication of Dental Guard

A docking mechanism is custom-made to provide stable robot mounting to patients in a

non-invasive manner. A dental impression body was taken by using a fast-set dental alginate

(Aroma Fine Plus) on the oral cavity (Fig. 5.8a) and then casted with plaster (Fig. 5.8b). The

cast was optically scanned to form the 3D dental feature (Fig. 5.8c). The tailor-made dental

guard (Fig. 5.8d) was constructed based on the 3D cast with an open bite of 35-40 mm,

allowing 2 entrances for endoscopic instruments to work in a workspace >40×40×20 mm3.

The workspace can be further enlarged by pressing the tongue downward using a plastic

depressor, enabling the accommodation of more instruments guided by the endoscope.

Several mechanical interlocks are featured on the dental guard to anchor the entire robotic
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mechanism. The robot can be securely mounted on the dental guard and allow docking

through the oral cavity, thereby reducing the invasiveness to the soft palate and uvula. Thin

and tiny RF wireless resonators [144] (<Ø3×10 mm, capsulized with Gadolinium-doped

water) were fabricated and embedded inside the dental guard, providing high-contrast

landmarks for registering the robot base in the MR image coordinates.

Fig. 5.8: (a) Dental impression with a fast set alginate. (b) Dental plaster molded using the
impression body. (c) 3D dental feature obtained from optical scan. (d) Custom-made dental
guard with two instrument channels.

5.5.2 Hydraulic Motor for Transoral Endoscope Insertion

A rolling-diaphragm sealed hydraulic motor (Fig. 5.9) [15, 135] has been integrated to

advance the bending sections. Linear hydraulic actuation is transmitted to rotary movement

using a pair of pinion-and-rack units. Rolling diaphragms offer excellent sealing as well as

negligible sliding friction. A curved channel is designed to guide the passive bending section

of the robotic scope. A pair of semi-rigid 10-meter-long pipes are used for the hydraulic

transmission between the MRI control room and scanner room. The liquid pressure was

pre-loaded to 1 bar to reduce the backlash and enhance the transmission efficiency. The

hydraulic motor provides a maximum linear stroke of 20 mm, driving each pinion by 100.6°

and corresponding to 50 mm robot insertion that is capable of reaching the oropharyngeal

area. A concern related to the practical usage of hydraulic actuation under MRI is possible

leakage or dripping when channeling the pipelines through the MRI waveguide. This

problem can be addressed by the incorporation of an automatic fluid circulation system,

with which water can be automatically filled or drained as needed during the setup.
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Fig. 5.9: Two-cylinder actuator driven by master-slave hydraulic transmission. Rolling
diaphrams [53] are integrated to provide fluid sealing while ensuring minimal sliding
friction.

5.5.3 Hydraulic Transmission Modelling and Optimization

To study the hydraulic motor characteristics and optimize its design, a dynamic model of

the fluid transmission system is established. Based on the model, parametric analysis is

conducted in simulation to identify the key factors that dominate the transmission response.

This serves as a guideline for selecting the optimal design parameters governing the

transmission performance in various aspects, such as stiffness and latency. Note that this

model has the potential to be extended to characterize complicated hydraulic-driven systems

with multiple DoFs. The modeling steps, design considerations, and simulation results are

given as follows:

Dynamics Modeling of Hydraulic Transmission

This section details the dynamics model of the rolling diaphragm-based hydraulic

transmission, which describes the relation between the input force Fin from the master side

to the output force of Fout at the slave side. A spring-mass-damping system (Fig. 5.10)

is adopted to approximate the interactions between the pistons and hydraulic fluid. Their

interconnection is represented by the spring elements of stiffness 2Kt , which account for the

pipeline compliance and fluid compressibility. Assume that the system damping induced by

the rolling diaphragm and fluid friction can be described by the coefficients c and B f .
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Fig. 5.10: Dynamics model of fluid transmission over a pipeline. Input force Fin is employed
to push Piston 1, with force Fout applying at the output side. The cross markers “×” below
three masses denote the fluid damping.

The pipeline compliance is first derived by considering that the input force Fin is applied

at Piston 1 while the Piston 2 is blocked. Assume the pipe material is homogeneous and

isotropic. The following equations in Eq. 5.1 gives the hoop stress σθ and radial stress σr

at the inner pipe wall in response to the fluid pressure P, based on Lamé Formula:

σθ = P ·
D2

pi +D2
po

D2
po−D2

pi
, σr =−P (5.1)

where Dpo and Dpi denote the outer and inner diameters of the pipeline. Assuming that the

pipe material is isotropic with a modulus of elasticity E and Poisson’s ratio υ , we can obtain

the hoop strain:

εθ = ∆Dpi/Dpi = (σθ −υσr)/E (5.2)

Considering the conversation of fluid volume in an enclosed system, the volume change

induced by pushing the input piston should be equal to the volume change along the

pipeline:

[(Dpi +∆Dpi)
2−D2

pi]Lp = D2
in ·∆xin (5.3)

where Din and ∆xin denote the diameter and displacement of the input piston, respectively.

The length of pipeline is denoted by Lp. Thus, the increase of pipe inner diameter ∆Dpi can

be calculated as:

∆Dpi ≈ D2
in ·∆xin/(2DpiLp) (5.4)
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With Eq. 5.1 to Eq. 5.4, and the input force, Fin = P · (πDin
2/4), which generates the

fluid pressure, we can obtain the pipeline transmission stiffness Kp at the input piston:

Kp =
Fin

∆xin
=

πED4
in

8D2
piLp

[
D2

pi +D2
po +υD2

po−υD2
pi

D2
po−D2

pi

]−1

(5.5)

Taking the fluid compressibility into account, we can calculate an additional stiffness:

K f = Ev ·Ain
2/V (5.6)

where Ain represents the cross-sectional area of the piston with input force applied. The

whole volume and bulk modulus of the enclosed fluid are denoted by V and Ev respectively.

The two kinds of stiffness, Kp and K f , can be regarded as two springs connected in serial,

with the combined transmission stiffness Kt being calculated as:

Kt = KpK f /(Kp +K f ) (5.7)

To model the damping effect of fluid transmission, the energy loss along the pipeline is

analyzed. Assume that Piston 1 is moved by the input force Fin at a constant velocity, with

zero loadings applied at the Piston 2 (Fout = 0). For simplification, assume the fluid as

a steady and incompressible flow here. Therefore, the fluid head loss between input and

output pistons, h f , can be derived according to the Bernoulli equation:

Pin

ρ
+

v2
in

2
+gzin =

Pout

ρ
+

v2
out

2
+gzout +h f (5.8)

where Pin and Pout are the fluid pressures, vin and vout are the fluid velocities, zin and zout

denote the fluid elevations. The subscript “in” and “out” give the corresponding observing

points, i.e., input and output piston, respectively. The density of fluid is represented by ρ .

The gravitational constant is denoted by g.

As the lengths of the input and output cylinder are way shorter than the pipeline, the

head loss in the cylinders is ignored. Local loss caused by the diameter change at the pipe

connections is assumed to be negligible comparing to the pipeline loss, h f , which can be

approximately calculated as:

h f = λLpv f
2/(2Dpi) (5.9)

where λ and v f denote the flow coefficient and velocity [197], respectively. Considering

a laminar pipe flow, we can obtain that λ = 64/Re, with Reynolds number given as Re =
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ρv f Dpi/µ , where µ denotes the fluid’s dynamic viscosity.

Neglecting the change of pipe elevations, we can ignore two corresponding terms, gzin

and gzout , in Eq. 5.8. The change of fluid velocities between the input and output piston is

negligible. Considering the assumption of zero payloads (Fout = 0), the pressure Pout equals

to zero. With the relation Fin = Pin ·Ain, we can calculate the equivalent damping coefficient

as:

B f =
Fin

vin
= 8πµLP

(
Din

Dpi

)4

(5.10)

The inertia of fluid mass is approximated by an equivalent mass as seen at the piston,

which can be calculated in the aspect of energy:

m f v2
in = mcylv2

in +mpiv f
2, (5.11)

where mcyl and mpi are the masses of fluid in the cylinders and pipeline, respectively. The

equivalent fluid mass, m f , can be given as:

m f = mcyl +mpi(Din/Dpi)
4 (5.12)

Fig. 5.10 shows the key parameters and components governing the dynamics of the fluid

transmission system. Applying Newton’s Second Law for each mass, we can obtain a linear

differential equation as:

Kq+Cq̇+Mq̈ = F (5.13)

where 
K =


2Kt −2Kt 0

−2Kt 4Kt −2Kt

0 −2Kt 2Kt

 C = diag(c,B f ,c)

M = diag(mp,m f ,mp) F =
[

Fin 0 −Fout

]T

(5.14)

In Eq. 5.13, a state vector q = [ q1 q2 q3 ]T comprises the displacements of input piston

(q1), fluid (q2), and output piston (q3), as defined in Fig. 5.10. The damping coefficient

of the rolling diaphragm is denoted by c. Arranging Eq. 5.13 into the form of state-space

function, we obtain: q̇

q̈

=

 0 I

−M−1K −M−1C

 q

q̇

+
 0

M−1F

 (5.15)
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Table 5.1: Nominal values of design parameters in simulation

Fig. 5.11: Simulation showing the trend of transmission stiffness against: (a) pipe inner
diameter; (b) pipe length; and (c) piston diameter. It can be observed that the stiffness profile
is significantly affected by the pipe materials: PA 6, PA 66, PTFE and PU.

Design Considerations

Based on the dynamics model, numerical simulation can be conducted to investigate the

effect of various design parameters on the transmission performances, such as stiffness

and latency. This gives us a guideline in selecting the material, length, diameter, and

thickness of fluid pipes, as well as the diameter of input/output cylinders. Pipes made of

four common materials: polycaprolactam (PA) 6, PA 66, polytetrafluoroethylene (PTFE),

and polyurethane (PU), are studied. Some nominal parameters in the simulation are given

in Table 5.1.

Transmission stiffness: The transmission stiffness has a compelling effect on the

system’s repeatability and accuracy. Fig. 5.11a-b illustrates the trends of transmission

stiffness in various pipe diameters and lengths. The stiffness decreases when the diameter

or the length increases. It can also be observed that the choice of pipe material imposes a
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Table 5.2: Physical parameters of the hydraulic transmission system

significant influence on transmission stiffness. PA66 offers the highest transmission stiffness

because it possesses the highest Young’s modulus. However, the large bending stiffness

of PA66 (0.17 N·m2 with outer/inner diameter of Ø6/4 mm) hinders its application in

conditions that requires flexible arrangement. Fig. 5.11c shows that the enlargement of

piston diameter can also enhance the transmission stiffness, due to the increased piston

diameter to pipe inner diameter ratio.

Transmission latency: The fluid pipe has a thick wall, given that the ratio between its

inner diameter (Dpi) and wall thickness (Tp) is smaller than 10 (Dpi/Tp < 10). The power

transmission in this system can be considered as the simultaneous occurrence of pressure

and velocity changes. Such velocity of pressure transmission over enclosed fluid can be

approximated as [198]:

cp =

(√
ρψDpi

Tp ·E
+

ρ

Ev

)−1

(5.16)

where the parameters are summarized in Table 5.2. The pipe support factor ψ can be

calculated as [198]:

ψ = 2e(1+υ)/Dpi +Dpi/(Dpi +Tp) (5.17)

Fig. 5.11d shows that the latency is around 21 ms using the baseline parameter values

(Table 5.1). The ratio of pipe inner diameter to thickness varies while the pipe thickness is

fixed at 1 mm. The enlargement of pipe inner diameter over 2 mm causes a slight increase of

the latency. But changing the diameter Dpi to <1 mm will give a significant rise in latency.

Meanwhile, the latency is also proportional to the pipe length. And the use of more rigid

pipe material will reduce the transmission latency.

Overall, several design tradeoffs are developed to account for the required dynamics

performance and dedicated operating conditions. Shorter pipelines are preferable as a

general design rule to reduce the fluid inertia, give rise to a higher transmission stiffness,

and decrease the transmission latency. For surgical applications that emphasize positional
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accuracy, such as breast or prostate biopsy, pipelines with a smaller diameter and pistons

with a larger diameter should be adopted to enhance the transmission stiffness. However, a

small pipe diameter (< 2 mm) will dramatically increase transmission latency and damping,

which will deteriorate the control and stability. Therefore, the pipeline diameter shall be

expanded to accommodate for applications that require a rapid dynamic response, such as

the tele-manipulation of a catheter in a master-slave manner.

Fig. 5.12: Step response of a single cylinder transmission, which were measured in two
different steps of magnitudes. Experimental and modeled responses are compared. The
response time from the signal input is within 40 ms.

Step Response of Single-cylinder Actuation

Master and slave components of the transmission were connected by 10-meter semi-rigid

nylon (PA 6) tubes, which had inner and outer diameters of ID:Ø4 mm and OD:Ø6

mm, respectively. Distilled water is selected as the transmission fluid, accrediting to its

availability and ease of implementation. The water pressure pre-loading in all pipelines

was controlled by a pressurized air supply system, a pressure regulating valve, and a

fluid reservoir. Not only could this eliminate backlash, but it could also ensure the

symmetric folding/unfolding of rolling diaphragms, thus reducing friction during fast

motion transmission.

To evaluate the dynamics model, the force response of the fluid transmission has been

experimentally tested and compared with simulation results. An input force was applied at

the master side using a rack-and-pinon mechanism (Fig. 5.9), with the pinion driven by a
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DC motor. The output piston was blocked, with its reaction force measured using a force

sensor. Initial water pressure of 0.05 MPa was generated to eliminate the backlash between

the rack and pinon, giving rise to an output force at 5 N. Fig. 5.12 shows the measured force

response to the step force input with two different magnitudes, i.e., 26 N and 78 N, which

matches the corresponding simulation results calculated based on the dynamics model. The

hydraulic transmission demonstrates a short response time of <40 ms, with the rise time

from 10% to 90% appropriately 25 ms. The output force was settled within the 5% error

band in 0.17 s. This indicates that forces can be transmitted rapidly using the proposed

fluid transmission even with a long pipeline (∼10 m), which facilitates responsive robotic

teleoperation in MRI.

5.6 Real-time Positional Localization in MRI

Localization of the robot system in the MRI coordinate is the prerequisite of MRI-guided

robotic intervention. The robot motion can be tracked or localized using MR markers

(Section 2.5.2). In this section, an inductively coupled radio frequency (ICRF) marker

for MR-based positional tracking is presented. The marker enables robust amplification

of tracking signals at all magnetic resonance (MR) scanning orientations. The marker

employs three curved resonant circuits fully covering a cylindrical surface that encloses the

signal source. Each resonant circuit is a planar spiral inductor with parallel plate capacitors

fabricated monolithically on a flexible printed circuit board (FPC) and bent to achieve the

curved structure.

5.6.1 MR-based Wireless Marker

A wireless marker is a tuned LC tank circuit at resonant frequency matchable with the

MRI scanner Larmor frequency. When a wireless marker is placed inside the scanner, only

components B1
+ and B1

− that are parallel to the marker’s surface normal vector are effective

for generating current through its inductor. The omnidirectional tracking arrangement is

shown in Fig. 5.13, with three curved resonant circuits evenly wrapped on a 3 mm diameter

hollow cylinder (wall thickness: 0.25 mm, length: 10 mm) surface. The cylinder is filled

with 10 mM gadolinium-doped water which is a typical MRI contrast agent for enhancing

signal amplification, acting as the internal signal source. Two sides of the cylinder were

sealed with UV-curable adhesive.
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Fig. 5.13: (a) Original planar form of three monolithic resonant circuits. (b) Curved form
of the resonant circuits forming the omnidirectional marker. (c) Three markers embedded
inside an MRI-compatible needle guide in order to provide 6-DoFs positional tracking.

5.6.2 Marker Orientation Dependency

The marker orientation dependency has been evaluated with the marker embedded inside

a 3D-printed MRI-compatible block. The block was mounted on a 3D-printed plastic

protractor stand that can rotate in steps of 10° around X-, Y- and Z-axis from 0° to 90°.

The protractor stand was affixed at the isocenter inside a clinical 1.5T MRI Scanner (Signa

Explorer, GE Healthcare) with a standard 8-receiver imaging head coil. The MR images

at different orientations were acquired using fast spoiled gradient-echo (FSPGR) sequence,

with parameters: TE = 2.144 ms, TR = 7.185 ms, slice thickness = 2 mm, matrix size = 200

× 200, flip angle = 1°, FOV = 120 mm × 120 mm, pixel spacing = 0.6 mm. Image distortion

caused by gradient nonlinearities was compensated with gradient warp correction. DICOM

images were extracted and processed in MATLAB. The initial signal-to-background ratio

is ∼57. Although the marker signal drops when the rotational angle around X-, and Z-

directions increases, the signal remains bright and can be unambiguously identified from

the background, as shown in Fig. 5.14. When the axis of the marker aligns with X- or Y-

direction, the ratio drops to ∼30.

5.6.3 MR Imaging Test

MRI-based experiments have been conducted to validate the capability for visualizing

subjects and instruments in a single MRI image. An MRI-compatible needle guide [15]
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Fig. 5.14: Coronal, sagittal, and axial gradient echo images of the marker at low flip angle
(1°) acquired at different orientations using a fast spoiled gradient-echo (FSPGR) sequence
(with settings TE = 2.144 ms, TR = 7.185 ms, slice thickness = 2 mm, matrix size = 200 ×
200, flip angle = 1°, FOV = 120 mm × 120 mm, pixel spacing = 0.6 mm). Marker signal can
be unambiguously identified from the background at any orientation. The max. and min.
signal-to-background ratio are, respectively, around 57 and 30.
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(Fig. 5.13c) embedded with three markers was mounted on the forehead of the subject, who

was scanned with a supine position. Fast gradient echo pulse sequence (TE = 2.692 ms,

TR = 5.853 ms, slice thickness = 1 mm, matrix size = 256 × 256, pixel spacing = 1 mm)

was applied to retrieve MR images on the aforesaid 1.5T MRI scanner. The coronal and

sagittal MR images are shown in Fig. 5.15a and Fig. 5.15b, respectively. The performance

plots demonstrate that the signal level from the marker is much higher than the noise from

both the head and background (SNR > 18), implying the marker can be easily visualized or

tracked both visually and with a computer algorithm.

Fig. 5.15: (a) Low flip-angle (1°) MR scanning image with average signal intensities (SI) of
ROI (2 × 2 pixels) indexed. The marker is affixed to a human head with a 3D-printed fixture.
The average marker signal is about 18 times stronger than the signal from brain, and about
170 times stronger than background noise. (b) Image of the MR-compatible needle guide
placed next to the head. Three bright spots can be clearly visualized and identified from the
head.



152 Chapter 5. Soft Robotic System for MRI-guided Transoral Laser Surgery

5.6.4 Real-time Tracking Test

A real-time tracking test of three wireless markers has been conducted by continuously

performing 2D imaging. The markers were attached along a catheter which was

continuously steered. Gradient echo sequences, which have the parameters TR/TE =

3.9/1.168 ms, flip angle = 1°, slice thickness = 30 mm, are applied to enable fast 2D

imaging (0.2 s). The slice could cover the three markers and enable 2D projection imaging

(Fig. 5.16a). Fig. 5.16b gives the time series maximum intensity projection (MIP) along the

y-axis in a period of 30 s, with a sampling frequency of 5 Hz. In the MR images, the signals

of markers had high contrast against the background, which could be automatically detected

to provide real-time positional feedback in MRI (Fig. 5.16c). Orthogonal 2D projection

imaging could be further interleaved to achieve 3D localization of the three markers.

Fig. 5.16: (a) MR markers tracked using 2-D projection sequence. (b) Projection to the
y-axis showing the continuous tracking of the three markers at update rate of 5 Hz. (c)
Variation of their corresponding y-axis position over time.
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5.7 Conclusion

This chapter presents the design of a soft robotic system for intra-op MRI-guided transoral

laser microsurgery. The robot comprises two actively-steerable soft continuum segments

which are driven by micro-volume liquid flow (<0.004 mL) to the internal elastomer

chambers, which are individually integrated with spring reinforcement constraints. The

spring reinforcements were designed and optimized through FEA to balance between

robot bending stiffness and maximum local stresses, thus enhancing robot response

with minimized hysteresis while maintaining adequate robot durability. The distal laser

manipulator actuation is effectively decoupled from the active bending section, allowing

stable and repeatable kinematics, and thus high-accuracy laser control. Integrated with

an optical laser fiber, the robot enabled endoscopic laser delivery and operating in

the oropharyngeal region with sub-millimeter accuracy. A patient-specific dental guard

was designed to create an open-jaw cavity for robot anchorage and access of auxiliary

instruments such as a fiberscope.

The active bending section offered a 60º omni-directional bending workspace for coarse

navigation to the region of interest. The distal laser manipulator allowed fine laser beam

pan-tilting (±26º) in a local target area, with a maximum scanning area of 15×15 mm2 at a

15 mm projection distance. Combined with a learning-based controller, accurate laser spot

manipulation can be achieved, with a mean tracking error <200 µm in path following tasks

(Chapter 4).

A two-cylinder hydraulic motor was integrated to provide a DoF of

advancement/retraction, with the design parameters optimized based on a dynamic

model for hydraulic transmission. Wireless MR markers were fabricated and validated to

enable real-time positional tracking in MRI.



Chapter 6

Preclinical Validation Studies

6.1 Introduction

With the unique capability of thermal imaging in 3D, MRI-guided laser ablative therapy

is attracting increasing attention. It can provide real-time measurement of heat diffusion in

tissue, enabling intra-op assessment of the ablation margins, which can play an important

role in the treatment of oral and pharyngeal cancers with particular concern for function

preservation. Aside from MR thermometry, anatomical MR imaging also provides major

and proven benefits for delineating cancerous, healthy, and ablated tissue, which can be

utilized for pre-op planning and intra-op tracking of resection completeness and depth.

When paired with MR thermometry (and seamlessly registered in the same reference

coordinate frame), there is tangible clinical motivation to utilize MRI in laser-based

otolaryngologic procedures. The proposed MR-safe soft robotic system (Chapter 5)

enables the introduction of intra-op MRI guidance to evaluate the laser/tissue interaction

process. This could protect critical healthy structures, while eliminating the need for FSA,

thus smoothening the surgical workflow and shortening operation time.

In this chapter, two eye-to-hand vision-based controllers (Chapter 4), i.e., epipolar

geometry-based and learning-based, were validated. Ex-vivo laser ablation tests were

performed, both in laboratory (Section 6.2) and MRI (Section 6.4), using the epipolar

geometry-based controller (Section 4.4). Ex-vivo tissue ablation and a cadaveric

head-and-neck trial were carried out in MRI (Section 6.5), where the learning-based

controller (Section 4.5) was employed for laser spot steering control. MR thermometry was

performed to monitor the tissue ablation margin and thermal diffusion intra-operatively. The

154
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key contributions are listed as follows:

1. Experimental validation of the proposed laser spot visual servoing, as well as the

ablation performance through lab-based and MRI-based ex-vivo tests;

2. Experimental validation of intra-op MRI-guided robotic laser ablation on a cadaveric

head-and-neck model. Intra-op MR thermometry was used to monitor the laser

ablation process.

Fig. 6.1: Laser spot path following and ablation with ex-vivo swine stomach tissue. A
camera view is presented showing the image of the laser spot and its footprint (left upper).
A post-ablation image of the tissue is also shown (left bottom).

6.2 Lab-based Ex-vivo Laser Ablation Test

The laser steering system, including the visual servoing Controller (Section 4.4.2), has been

validated by a laser ablation test on ex-vivo swine stomach tissue (Fig. 6.1). The tissue was

taken out of the refrigerator and naturally defrosted at room temperature of 20 °C for two

hours before the test. A 1,550-nm laser source with a high water-absorption rate is used

to provide efficient vaporization in the ex-vivo ablation test. The laser source power is 3W
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in continuous-wave mode. A pilot green laser (532 nm) is also coupled to provide visual

feedback. To simulate the clinical setting in transoral laser surgery, the soft laser manipulator

is mounted in a downward position, facing toward the tissue surface with a tilted angle of

∼30°. Note that this tilting angle and the projection distance from the robot tip to the tissue

surface are totally unknown to the controller. However, accurate path following of the laser

spot was still achieved, with the tracking trajectory depicted in the camera view. Small

noises in the trajectory are introduced by the light scattering on the tissue surface, resulting

in an irregular shape of the laser spot which affects its detection. We can observe a ”Mickey

Mouse” pattern on the surface of ablated tissue. The trajectory is distorted with respect to

that in the camera view, due to the shrinkage of tissue being vaporized and the irregular

surface geometry.

Fig. 6.2: Laser ablation test on ex-vivo pig tongue tissue. A camera view is presented
showing the image of the laser spot and its footprint (left upper). A post-ablation image
of tissue is shown with the ablated pattern (left bottom).

Another ablation test has been conducted with ex-vivo swine tongue tissue, which

contains less fluid and has higher stiffness. The laser source power was increased to 4W so

that an obvious ablation effect could be observed even with a faster laser steering speed. As

shown in Fig. 6.2, the swine tongue tissue showed less shrinkage upon ablation than swine
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stomach tissue (Fig. 6.1). A “Mickey Mouse” ablated path (14×12 mm) can be observed on

the tissue surface, as well as the camera view. The RMS tracking error during the ablation

is about 5.75 pixels (∼201.3 µm).

6.3 MRI-compatibility Test

SNR testing has become a common protocol for MRI compatibility evaluation in the MRI

robotics field. During the testing, MR scanning was performed with both spin echo and

gradient echo pulse sequences, as suggested in the ASTM F2119 standard [199]. SNR is

calculated as the ratio of signal intensity in the ROI to the noise intensity in the periphery,

according to the National Electrical Manufacturers Association standard [200]. As shown

in Fig. 6.3, SNR is measured as the ratio of the mean intensity inside the red circle and

the standard deviation of intensities inside the green circle. The percentage of SNR changes

compared to the control image can be further calculated.

Fig. 6.3: MR T2 image of a water phantom.

6.3.1 Soft Laser Manipulator

The MRI compatibility of the soft laser manipulator has been investigated by the SNR test,

comparing the reduction of SNR in MR images of a control phantom (J8931, J. M. Specialty
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Parts, USA). T1 weighted gradient echo (GRE) images and T2-weighted fast spin echo

(FSE) images were acquired with the robot operated inside a 1.5T MRI scanner. The MR

images acquired under four operation conditions (i.e., only phantom as the baseline, robot

static with power off, robot static with power on, and robot in operation) were compared

[15], as shown in Fig. 6.4. There is no artifact observed in the phantom images. The loss

of normalized SNR was smaller than 5% even when the robot was fully operated, which

indicates that the laser steering system is MR compatible, and allows simultaneous robot

manipulation and MR scanning.

Fig. 6.4: SNR test of laser manipulator in T1-GRE and T2-FSE. (a) MR images (T1-GRE)
of an MRI phantom placed aside the robot under four operating conditions. (b) Normalized
deviation in artifact percentage calculated by SNR.

6.3.2 Transoral Robotic System

MRI compatibility of the entire robot system has been validated with a 1.5T MRI scanner

(SIGNA™ HDxt, GE Healthcare) (Fig. 6.5a). Although the robot itself is made of

non-metallic materials, wireless MR markers fabricated with micro circuits are integrated on

the robot platform, which were also included in the MR-compatibility test. The robot was

placed beside a rectangular water phantom and translated to the isocenter of the scanner.

As suggested in the ASTM F2119 standard, T1-weighted GRE and T2-weighted FSE
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Fig. 6.5: SNR test of transoral robotic system in T1-GRE and T2-FSE. (a) MR images of a
water phantom placed beside the robot, showing the normalized SNR loss during different
states of robot operation. The robot is not present in the control case. (b) Normalized
deviation in artifact percentage calculated by SNR.

sequences were both implemented for image acquisition and comparison. A control image

of the phantom alone was acquired as the baseline. After positioning the robot next to the

phantom, MR images were acquired with robot operated under three different conditions,

which are: i) Static: robot powered off; ii) Powered: robot at rest, but the hydraulic and

electric power are on; iii) Operating: robot is being actuated. The SNR in MR images

was calculated following the guidelines [200] by NEMA. SNR losses compared to the

control image were calculated over five image slices, which cover the majority of the water

phantom. The mean SNR variation in T1-GRE and T2-FSE images with robot operated are

0.18% and -2.29%, respectively. An SNR loss up to 10% is suggested to be acceptable [201].

The SNR loss compared to the control image is within 5% even with the robot in full

motion, as shown in Fig. 6.5b. Image intensity variations of 30% or above are considered as

artifacts referring to the ASTM standard test method [199], and will appear in white pixels.

No observable image artifacts are found within the phantom area, which indicates that the

robot operation at the isocenter generates zero EM interference to tissue imaging.
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6.4 MRI-based Ex-vivo Laser Ablation Test

Laser ablation experiments have been conducted in the MRI environment with ex-vivo swine

tissues. The robot is controlled tele-operatively with hydraulic transmission over 10-meters

long pipelines, which are channeled through the waveguide between the scan room and

control room.

Fig. 6.6: (a) Experimental setup of the soft laser manipulator in a 1.5T MRI scanner. (b)
Image captured by an MR-conditional camera.

6.4.1 Laser Spot Path Following

Experimental setup of the soft laser manipulator in a 1.5T MRI scanner is shown in

Fig. 6.6a, with a head coil utilized for MR image acquisition. Fig. 6.6b is a local view

showing the laser spot projected on swine tissue. A “Mickey Mouse” pattern was inputted

as the laser spot trajectory. The ex-vivo tissue was ablated with a 4W 1,550nm laser, repeated

for 3 loops. To incrementally monitor the laser ablation effect, 3D T1-GRE acquisition with

parameters: TR/TE = 120/5.65 ms, Flip Angle = 40°, Slice Thickness = 6 mm, Pixel Spacing

= 0.469×0.469 mm, was continuously performed with 18s temporal resolution. After the

laser ablation with three repeated loops, we can observe a shadowed “Mickey Mouse” shape

on the MR image (Fig. 6.7). The obvious difference between the ablated pattern and the

input “Mickey Mouse” pattern results from the hyperthermia-related shrinkage of ex-vivo

soft tissue once after the laser ablation. This difference does not reflect the laser targeting

error, which can be proved by the path following experiment (Chapter 4). The tissue
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shrinkage upon heating was mainly due to dehydration, which is significant for mucosa

tissue containing abundant fluid. Currently, a routine pulse sequence was used to observe

the tissue physiological change after ablation. Each acquisition of MR image takes about

18s; meanwhile, tissue shrinkage could happen because of the low temperature (20 °C) in

the MRI room. In future work, the MRI sequences will be customized to achieve real-time

and high-resolution imaging in the small ablation region.

Fig. 6.7: (a) MR Image (T1-GRE) of ex-vivo swine tissue after ablation with 3 repeated
loops showing a “Mickey Mouse” like pattern. (b) Ablated swine tissue model reconstructed
from 6 slices of MR images.

6.4.2 Thermal Diffusion Monitoring

MRI enables temperature measurement through the proton resonance frequency (PRF) shift

[202], which can be calculated from the phase images. Prior to heating, baseline images are

acquired to determine the reference phase image, φre f . At each time step t, the temperature

difference ∆T can be computed based on the difference between phase images φt and φre f :

∆T = (φt −φre f ) · k

k =
(

γ

2π
·α ·B0 ·TE

)−1 (6.1)
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where the coefficient k is determined by the gyromagnetic ratio γ , PRF temperature

coefficient α , magnetic field strength B0, and echo time TE. Although these parameters

could be obtained from prior arts, calibrating the coefficient k from experiments allows

a more accurate temperature measurement. This can be conducted by matching the

temperature sensing respectively using MR thermometry and a fiber-optic fluorescent

temperature sensor (PRB-MR1 OSENSA, Canada), from a bottle of hot water that is cooling

down naturally. As shown in Fig. 6.8, two sensing modalities show a similar trend by tuning

the coefficient k.

Fig. 6.8: (a) Map of temperature change measured from MR thermometry. (b) Calibration
of MR thermometry with a fiber-optic temperature sensor.

Ex-vivo Laser Ablation Trial:

To evaluate the feasibility of proposed soft robot tele-manipulation, laser beam steering,

and its intra-op MRI settings, an ex-vivo laser ablation test has been conducted to monitor

laser-induced changes on tissue. A head coil was utilized to house the robot and acquire

MR images (Fig. 6.9a). The robot was remotely controlled to aim the laser spot along

a near-circular trajectory. A continuous-wave laser source (1,550 nm, 3 W) with a high

absorption rate in water was used. A green laser with a wavelength of 520 nm was also

combined into the ablation laser beam to offer a visual indication of the ablation laser

location using an MR-compatible fiberscope. A gradient echo sequence with parameters:

TR/TE = 45/13.8 ms, flip angle = 12°, slice thickness = 8 mm, number of slices = 1, pixel

size = 0.625×0.625 mm, field of view = 160×160 mm was implemented to acquire both a

magnitude and phase image at a time resolution of 10 s. This could be further accelerated by

introducing advanced pulse sequences [203]. The magnitude image directly gives the update

of tissue morphology during the laser ablation. As shown in Fig. 6.9b, the laser ablation

depth can be clearly seen and measured ( 2.5 mm) from the MR images. Based on the
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phase images, the temperature increments relative to the baseline acquired before ablation

could be calculated using the PRFS method [202]. The accumulated thermal diffusion on

this cross-sectional slice overlaid on the anatomical tissue image is shown in Fig. 6.9c,

with the laser spot region generating the highest temperature increase. To cause irreversible

cell death, the tissue must be heated to >42 °C [204]. Thermal dosage to the tissue can be

monitored accordingly, which could offer useful guidance to surgeons when controlling the

laser projection and intensity. With advanced MR imaging sequences, multi slices of images

can be taken in parallel [205] or orthogonally [206], thus providing 3D monitoring of the

tissue thermal effect during laser ablation.

Fig. 6.9: MRI-based ex-vivo laser ablation test. (a) Robot setup in the MRI scanner, with an
8-channel transmit/receive head coil for image acquisition. (b) Observable ablation depth
found in MR T2 images of swine tissue before and after ablation, with the laser spot
controlled to follow a near-circular path. (c) MR thermometry applied to monitor thermal
diffusion and accumulated temperature increments in tissue due to laser ablation.
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Fig. 6.10: MRI-based cadaver trial setup. (a) Experimental setup in the 3T MRI scanner
(Philips Achieva). (b) Image acquired by an MRI-compatible camera, with robot moved to
the isocenter. (c) Cadaveric head fixed in an acrylic tube mount. A fiberscope and lighting
guide were inserted through the additional channel of the dental guard.

6.5 MRI-based Cadaveric Trial

To validate the proposed robotic platform in human anatomy, a cadaver trial of transoral

laser ablation has been conducted in a 3T MRI scanner (Philips Achieva). The experimental

setup is shown in Fig. 6.10a-b. A cadaver head was defrosted 24 hours before the test and

fixed in an acrylic tube mount using plastic screws (Fig. 6.10c). The dental guard with an

open bite of 35 mm was fitted in the mouth to create an open-jaw cavity. In addition, the

tongue was retracted anteriorly with a 2/0 silk suture and an L-shape 3D-printed depressor

(90×20×2 mm) was employed to push down the tongue and further increase the workspace.

The depressor was tightened to the head fixture using fabric strings. The robot was then
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mounted on the dental guard and fixed through mechanical interlocks. A 10-meter-long

MR-compatible fiberscope, with an additional lighting fiber for illumination, provided the

endoscopic view for simple navigation.

Fig. 6.11: MRI-based cadaver trial setup and registration. (a) Dental guard registered
based on scanned MR tracking markers. (b) Corresponding z-axis 1-D projection scan for
localizing the three MR tracking markers.

6.5.1 Image Registration with Dental Guard

Three MR fiducial markers Section 5.6 fabricated from capsulized Gadolinium-doped water

(concentration: 10 mM) were integrated with the dental guard to localize the robot base

in MRI coordinates (Fig. 6.11(a)). Specifically-designed miniature wireless MR resonators

[144] were integrated into the fiducial markers to locally amplify their signal, providing high

SNR even under low flip angle excitation (1°). The resonators are flexible printed LC circuits

tuned to the Larmor frequency (63.87 MHz). The fiducial markers show high contrast

in anatomical MR images, thus enabling positional localization. Based on the pre-op 3D

imaging, positions of the markers can be identified from the anatomical background. With
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3D positions of three markers inside the dental guard, point-based rigid registration can be

performed to locate the dental guard as well as the robot base in MR image coordinates.

Alternatively, using 1D-projection gradient readouts, the marker positions could even be

obtained in real-time (∼30 Hz) (Fig. 6.10b).

6.5.2 Laser Spot Path Following

The robot was positioned in the oropharynx of the cadaver, and a laser ablation trajectory

was defined by the operator by “sketching” in the fiberscope camera view (Fig. 6.12a).

Low-temperature laser visualized by MR thermometry could be applied to ensure that

the ablation location is consistent with the pre-op plan made in the T2-weighted model.

Control of the laser spot on the mucosa along the prescribed trajectory was achieved through

machine learning-based visual servoing (Section 4.5). Accurate laser spot steering was

achieved with a mean tracking error of <3 pixels (∼0.2 mm). The tracking performance

of the first two ablation cycles is shown in Fig. 6.12b.

Fig. 6.12: MRI-based cadaver trial ablation result. (a) Laser spot controlled to follow a
trajectory defined in the fiberscope view. (b) Tracking errors of laser spot path following
over two initial cycles.

6.5.3 Intra-op MR Thermometry

For pre-operative planning, a T1-weighted imaging model of the head and neck region was

acquired, using 3D gradient echo pulse sequence with parameters: TR/TE = 7.7/3.6 ms, slice

thickness = 1.1 mm, flip angle = 8°, number of slices = 280, pixel size = 1.03×1.03 mm,

field of view = 230×230 mm. The intra-op scanning plane for temperature measurement

was determined based on the reconstructed 3D head volume (Fig. 6.13a).
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Fig. 6.13: MRI-based cadaver trial ablation result and MR thermometry. (a) Imaging slice
prescribed for intra-op MR thermometry superimposed on the cadaver pre-operative 3D
model. (b) Temperature increments map overlaid on the anatomical MR image after 1 and
3 minutes of ablation. (c) Post-ablation image of the tissue.

Once the lesion region was confirmed in the MR coordinates, the ablation laser was

turned on and steered along the trajectory over multiple cycles (∼35 s each) for 3 minutes,

with a power of 3 W. Meanwhile, anatomical and temperature interleaved imaging was

performed using a routine 2D fast-spin-echo sequence with parameters: TR/TE= 15/5 ms,

slice thickness = 2 mm, number of slices = 14, flip angle = 18°, pixel size = 0.479×0.479

mm, field of view = 230×230 mm, at a time resolution of 20 s. The update rate can be

accelerated to even sub-seconds by tuning the sequence parameters, e.g., reducing the field

of view and number of slices. As shown in Fig. 6.13b a map of temperature increments can

be obtained to reflect the thermal effect on tissue upon laser energy absorption. To cause

irreversible cell death, the tissue must be heated to >42 °C [204]. A post-ablation image

was taken with a handheld camera (Fig. 6.13c), which showed an ablation pattern with a

similar boundary to the predefined trajectory. There would also be undesired coagulation

occurring around the center of region. In future work, laser pulse parameters (e.g., duration,

power) could be modulated online based on the MR thermometry feedback to intensify
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the tissue vaporization in a short duration, thus minimizing the undesired coagulation.

Optical-fiber-guided thulium laser would be an alternative that can provide improved cutting

and ablation properties comparable to that of the widely-used CO2 laser.

6.6 Conclusion

Preclinical trials have been conducted to evaluate the robot performance both with ex-vivo

swine tissue and a cadaver model. During ex-vivo tissue testing, the use of anatomical T2

imaging and MR thermometry on monitoring laser ablation are investigated, which showed

the potential for measuring laser ablation depth and temperature diffusion region. A cadaver

trial was performed to validate the robot setup/anchorage, intra-op MRI guidance, as well as

visual servo-based laser beam manipulation in actual human anatomy. The robot achieved a

precise and automated path following of the laser spot along a trajectory defined in-situ by

the surgeon. During the ablation, MR thermometry was performed to measure the thermal

diffusion process in the ablated lesion. The robot provided a stable platform during laser

ablation due to the rigid anchorage of its base with the dental guard. In the current practice

of treating oropharyngeal tumors, patients are placed under general anesthesia with muscle

paralysis. Therefore, the proposed system is expected to maintain similar levels of motion

stability as demonstrated in the cadaver testing. The outer cover capsulizing the distal laser

manipulator also provides protection from contact with local anatomy.

With the flexible endoscopic approach, the proposed robotic system enabled direct

exposure of the ablation laser to the target lesion, without the need for positioning patients

with extreme neck extension to accommodate rigid laser micromanipulators. Moreover,

by introducing MRI guidance, clinicians could have intuitive and precise feedback of

the ablation process, which is critical for function preservation of surrounding structures.

Temperature diffusion monitoring proved to be useful in laser surgery, as thermal dose and

accumulated tissue damage could be calculated accordingly. MR parameters sensitive to

temperature, such as PRF shift, were adjusted so that the MR susceptibility at high SNR

can be used to measure small changes of temperature with <1°C accuracy. Combined

with advanced MR sequences, even three-dimensional resection margins can be evaluated

intra-operatively to determine the completeness of laser excision/resection. This could

protect critical healthy structures, while eliminating the need for FSA, thus smoothening

the surgical workflow and shortening operation time.



Chapter 7

Conclusion

7.1 Summary of Thesis Achievements

This thesis aims to address several technical challenges in MRI-guided non-contact

laser surgery, which is demanding for a compact and dexterous manipulator, as well as

its high-precision control. A fluid-driven soft manipulator is introduced to enable this

MRI-guided minimally invasive intervention by leveraging its compactness and MR safety.

More importantly, precise motion control of soft robots is studied to lay the foundation of its

application in surgery. A soft robotic system enabling MRI-guided transoral laser surgery

is designed based on the relevant clinical requirements. Preclinical trials were conducted in

MRI so as to validate the overall performances of the integrated robot system. The materials

presented in this thesis bring a new dimension for the development of MRI-guided robotics

by providing improved accessibility, dexterity, and safety. The major achievements of the

thesis are summarized as follows:

1. Online-learning-based eye-in-hand visual servoing: A nonparametric online

learning control framework facilitating precise eye-in-hand visual servoing of a

pneumatic-driven soft robot made from hyper-elastic materials. The controller can be

initialized by learning the inverse transition mapping solely from collected sensing

data, thus alleviating the need for analytically modeling the robot kinematics or

calibrating the camera intrinsic/extrinsic. Localized GPR models enable fast online

updates to accommodate new input data that reflect the latest robot status. The

controller achieved precise path following for a fluid-driven soft robot with varying

payload applied on its tip (up to 105% of the robot weight). Stable tracking was
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maintained even when the load was quickly increased (∼ 62.5% of robot weight over

1.5 s), while a slowly-varied payload can be effectively compensated. After removing

the loading, path following accuracy further increased with an RMSE of 5.6 pixels

and a maximum of 10.8 pixels. Combining strain sensing of FBGs and camera images

enables enhanced motion estimation in feature-deficient scenes. With AR integrated,

a virtual view can be created to extend the camera view beyond the normal FOV, thus

offering enhanced guidance for operators.

2. High-precision control for soft robotic laser steering: An eye-to-hand visual servo

controller enabling precise soft robotic laser steering. Epipolar geometry is first

constructed to relate the camera frame with soft robot kinematics, thus modeling

the inverse transition mapping. Based on this inverse mapping, a feedback controller

is established, without having to incorporate prior knowledge of the tissue surface

geometry. A state observer is also designed to provide a dynamic estimation of robot

configurations, enabling accurate computation of the inverse transition mapping. The

closed-loop controller can provide robustness to actuation disturbances compared

to open-loop control. It brings new opportunities to precise laser projection using

a soft manipulator, which could be equipped on an endoscope tip for endoscopic

laser surgery. Moreover, the MRI-compatibility of soft laser manipulator enables

further application in MRI-guided laser treatment, which could enhance the intra-op

monitoring of laser ablation outcomes.

3. Soft laser manipulator design and optimization based on FEA: A miniaturized laser

manipulator is designed to provide delicate laser beam steering (+/- 26°) in a confined

region. The manipulator can be actuated through micro-volume (<0.004 mL) fluidic

inflation of elastomer chambers, which are individually integrated with spring

reinforcement constraints. FEA is conducted to simulate the robot characteristics

upon pressurization, thus facilitating the design optimization. Based on FEA, an

optimized spring reinforcement is designed, providing enhanced stiffness, improved

responsiveness, and reduced hysteresis for the soft manipulator, thus allowing

accurate laser beam control.

4. Validation of wireless MR marker for MR-based positional localization: A novel

MRI-based omnidirectional positional marker was fabricated and evaluated. The

markers were made of cylindrical glass tubes (Ø3 × 8 mm) with Gadolinium-doped

water (concentration: 10 mM) sealed inside to provide the signal source. Miniaturized
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RF-coil (1.5×6.7 mm) was attached on the tubes to locally amplify MR signal, thus

offering high image contrast against the background even under low flip-angle (<1°)

excitation. The wireless MR-markers enable convenient integration with instruments,

allowing continuous real-time positional tracking in MRI coordinates. 1D-projection

pulse-sequence can be applied so as to enable fast acquisition of positional signal

(>30 Hz).

5. Soft robotic system for MRI-guided transoral laser surgery: The first soft robotic

platform enabling intra-op MRI-guided transoral laser microsurery. The robot

comprises two actively-steerable soft continuum segments, i.e., active bending section

and distal laser manipulator. The active bending section offers a 60º omni-directional

bending workspace for coarse navigation to the region of interest. The distal laser

manipulator allows fine laser beam pan-tilting (±26º) in a local target area, with a

maximum scanning area of 15×15 mm2 at a 15 mm projection distance. Integrated

with an fiber-based medical laser, the robot enables endoscopic laser delivery and

operating in the oropharyngeal region with sub-millimeter accuracy (<∼0.2 mm).

A patient-specific dental guard is designed to create an open-jaw cavity for robot

anchorage and access of auxiliary instruments such as a fiberscope. The entire robotic

system passed MR compatibility testing with no EM artifacts, which allows full robot

operation during imaging even at the MRI scanner isocenter.

6. Preclinical validation of the transoral soft robotic system: Preclinical trials were

conducted to evaluate the robot performance both with ex-vivo swine tissue and

a cadaver model. During ex-vivo tissue testing, the use of anatomical T2 imaging

and MR thermometry on monitoring laser ablation was investigated, which showed

the potential for measuring laser ablation depth and temperature diffusion region.

A cadaver trial was performed to validate the robot setup/anchorage, intra-op MRI

guidance, as well as visual servo-based laser beam manipulation in actual human

anatomy. The robot achieved a precise and automated path following of the laser

spot along a trajectory defined in-situ by the surgeon. During the ablation, MR

thermometry was performed to measure the thermal diffusion process in the ablated

lesion. The robot provided a stable platform during laser ablation due to the rigid

anchorage of its base with the dental guard.
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7.2 Future Work

In the future work, the vision-based controllers (Chapter 3 and Chapter 4) will be

extended by combining an extra sensing modality, which is optical FBG. Optical fiber

allows convenient integration with soft continuum robots. FBGs on the optical fiber would

offer rich configuration-related strain data, which can be trained to achieve pose estimation

of the flexible manipulator. More excitingly, the FBG sensor is intrinsically MR safe,

which provides a promising direction to track flexible instruments in MRI. Through the

synergetic use of FBG data and camera image feedback, we could develop a soft robot

motion controller with improved robustness to disturbances in the camera view, such as

varying lighting and occlusion.

For the transoral soft robotic system (Chapter 5 and Chapter 6), a plan is to implement

real-time MR imaging sequences customized for the laser ablation monitoring, optimizing

for higher temporal resolution while maintaining sufficient imaging (spatial) resolution.

Custom real-time sequences interleaving multi-slice anatomical and thermometry images

bring the potential for greatly enhanced ablation monitoring and could enable automated

laser ablation control based on MRI feedback. The in-situ MR images will also be overlaid

on the fiberscope camera view, providing an augmented reality environment to further

assist surgeons in evaluating the ablation process. A promising extension of this work is

to couple optical coherence tomography (OCT) with the ablation setting by adopting the

lens-pigtailed optical fiber as an OCT sampling arm, which can provide tissue depth images

in micron-scale resolution. Alongside the proposed laser steering mechanism, scanning

paths/patterns could be performed to form 3D forward-viewing OCT images underlying

the lesion. Visual servo of the laser spot projected on tissue would enable the operator to

prescribe any preferred OCT scanning profile in-situ in the endoscopic view, thus facilitating

tissue/tumor characterization at the cellular scale, apart from using MRI.
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