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Abstract

Ultrasound is one of the cheapest, safest, and most ubiquitously found medical imaging tech-

nology. However ultrasound imaging is currently underutilized in image-guided interventions

due to limited image quality and the lack of automated methods to provide image-based

guidance. This work describes methods to improve ultrasound image quality and enables new

procedure guidance methods through robotic steering of ultrasound imaging catheters.

The first two chapters present a robotic system that was designed and built to autonomously

steer ultrasound-imaging catheters. This system enables autonomous tracking of instruments

inside the heart, and can generate 4D (3D + time) ultrasound volumes from the 2D images

acquired from the catheter. This work improves visualization of cardiac structures during

interventions, potentially leading to a decrease in the use of X-ray fluoroscopy.

Next two chapters present methods for improving ultrasound image quality. One method

increases interpolation accuracy during ultrasound scanline conversion using Gaussian process

regression. The second method extends the dynamic range of ultrasound images through

high dynamic range imaging methods, similar to how smartphones and digital cameras can

combine pictures taken at different exposures to improve the visibility of different structures.

The final chapter describes a platform that was developed to characterize the dynamic

response of human muscles and internal organs, such as the stomach. The data collected in

these studies can help improve the fidelity of finite element models of the human body.
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Chapter 1

Introduction

Medical imaging has revolutionized medicine in the past few decades, eliminating guesswork

(i.e. “exploratory surgery”), and enabling quick and accurate diagnosis. Image-guidance in

diagnosis and interventions greatly augments the senses of vision and touch that physicians

have relied on for centuries [1].

The field of medicine is on the brink of a similar breakthrough with the recent advancements

in surgical robotics and the integration of medical imaging with automated procedure guidance.

The importance of innovation and research in this area is recognized by many companies and

agencies. For instance, image-guided interventions is one of the eight program areas (along

with ultrasound, X-ray, and MRI) in the Division of Applied Science & Technology (DAST)

at the National Institute of Biomedical Imaging and Bioengineering (NIBIB). So far in the

clinic, most robotic systems have lacked the ability to make real-time decisions based on the

rich information provided by the imaging systems. Combining real-time image guidance with

surgical robots will define the future of robotic surgery and medicine in general.

1.1 Motivation

Image guidance is critical, both in conventional and robotic surgery. From tissue biopsy

to cardiac ablation, clinicians rely on medical imaging for (1) preoperative planning, (2)

intraoperative guidance during procedures, and (3) postoperative evaluation and validation.
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Patient safety and procedure outcome therefore heavily rely on the quality and accuracy of

medical images. Thus, improving image-guidance has a direct impact on improving health

care.

Among all imaging modalities, ultrasound is an ideal choice for image guidance in a

number of procedures. Images are acquired in real time at high frame rates, with no radiation

exposure, and at much lower expense than CT and MRI. Its portability and low cost make

ultrasound imaging especially valuable for use in developing countries, emergency interventions

in the field, and for reducing the cost of robotic systems. Therefore enabling new procedures

that utilize ultrasound is important.

Cardiac interventions is one area where medical imaging has greatly improved the standard

of care, enabling minimally-invasive procedures to be performed. Minimally invasive procedures

are safer and cheaper than conventional open surgery, however issues such as access to the

surgical site, limited dexterity, lack of accurate and real time instrument position feedback, and

disturbances due to physiological motions limit which organ systems are viable for minimally

invasive approaches. Flexible instruments, such as catheters, with small diameters can be

used to gain access to the surgical site through the vasculature; however controlling these

manipulators manually is highly challenging. This issue is addressed in Chapter 2.

Intraoperative imaging is crucial for procedure guidance during many interventions, however

the high computational resources required for real-time image processing limit the availability

of robust, automated procedure guidance. For example, during cardiac ablation, clinicians

rely on X-ray fluoroscopy to determine the locations of their catheters. Cardiac catheters

with integrated ultrasound imaging can provide real time image acquisition from within the

heart, however the difficulty in controlling these catheters, and the computational limitations

of real-time image processing and visualization has so far prevented ultrasound-based image

guidance for robotic and manual interventions. This issue is addressed in Chapter 3.

Compared to MRI and CT, ultrasound has much lower image quality, and the images are

usually 2D instead of 3D. Interpreting ultrasound images requires years of training. However

it is possible to improve the image quality using computational photography and machine

2



learning, improving the accuracy of diagnoses and the efficacy of image-guided interventions.

Chapters 4 and 5 report two novel methods which help to achieve this goal.

Finally, the use of ultrasound can enable new experimental methods in basic research.

For example, in motion studies, biomechanics researchers often rely on noisy EMG signals

to determine muscle activity, and otherwise do not have tools to characterize the motion

of internal organs. Ultrasound imaging can be used in these studies to acquire real-time

tissue motion in a non-invasive fashion. A new tissue characterization system is reported in

Chapter 6 to demonstrate this capability.

1.2 Background

1.2.1 A Brief History of Medical Imaging

The history of medical imaging is considered to begin with the discovery of the X-ray in

1895 [2]. Thus we gained the ability to peek inside the human body in a non-invasive fashion,

which Hippocrates and other physicians since his times must have wished for dearly.

Even though ultrasound imaging was already being used to detect flaws in metals in the

1940’s, its wide adoption in medicine was not until late 1960’s. I urge the inquisitive reader to

peruse through [3] for a fascinating story about how ultrasound imaging came to be adopted

in cardiology, and medicine in general.

The first in vivo magnetic resonance imaging (MRI) images were acquired from a mouse in

1976 [4], and from a human in 1977 [5]. Back then, MRI was called nuclear magnetic resonance

(NMR) imaging. However in 1984 it was recommended that the word ‘nuclear’ be removed

from the term ‘NMR imaging’ on the basis that it might (falsely) “suggest that radioactivity

is associated with the procedure in the minds of the patients undergoing examination” [6].

Since their conception, all three imaging methods have been rapidly improved (e.g. better

imaging quality, faster acquisition speed, lower radiation) and today they are widely used in

hospitals. However these devices are still not considered cheap: an MRI machine can cost

up to $3 million, a computed tomography (CT) scanner up to $2 million, and an ultrasound
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machine up to $250,000.

Once a diagnosis is made noninvasively using medical imaging, there still remains the

problem of gaining physical access to the surgical site for intervention. The surgeon’s goal is

to inflict the least amount of damage to healthy tissue when gaining access. Laparoscopic

techniques have been developed where small ‘ports’ are opened in the patient’s abdominal

wall and long, rigid metallic instruments are inserted through to reach the surgical site. The

abdomen is insufflated with carbon dioxide to distend the abdominal wall from the internal

organs and provide a workspace where the surgeon can insert to see the working tools. The first

laparoscopic cholecystectomy in humans was demonstrated in 1985 [7]. Although diagnostic

laparoscopy was well established by 1937, it took another 50 years for operative laparoscopy to

be developed and accepted as a minimally-invasive alternative to open surgery. Even though

laparoscopic procedures were quite common in gynecology in the 1970s, the rest of the medical

field was quite resistant to the adoption of this technique.

Laparoscopic surgery requires extensive training for surgeons to develop the necessary

hand-eye coordination. The long, rigid tools used in laparoscopy reduce dexterity, which

can make it inconvenient or impossible to perform certain procedures. Robotic laparoscopy

systems were developed to alleviate this problem by adding ‘wrists’ to the rigid instruments,

and having surgeons operate the system through a console. The da Vinci system is the most

successful of these systems, with 4,271 systems installed worldwide [8].

Another method of achieving minimally-invasive access is through the vasculature. In

1929 Werner Forssmann performed the first human right-cardiac catheterization on himself

by repurposing a urinary catheter [9]. He was fired from the hospital where he worked for

his experiments. Later in 1956, he shared the Nobel Prize in Medicine with Cournand and

Richards “for their discoveries concerning heart catheterization and pathological changes in

the circulatory system” [10].

Catheters, which are long, thin, flexible instruments, are used throughout the body to gain

minimally-invasive or non-invasive access to organs. Cardiac catheters are used to perform

procedures such as angio, stent placement, valve replacement, and ablation, which previously
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Figure 1.1: The anatomy of an ultrasound probe.

required open heart surgery [11]. Two main advantages of these procedures are that they

reduce the risk of stroke due to placing the patient on a cardiopulmonary bypass machine,

and do not require a thoracotomy – a surgical incision into the chest wall. Image-guidance

(usually fluoroscopy) is heavily utilized in these procedures to see the location of the catheter,

since there is no direct line of sight.

One problem with image-based procedures is that the biological tissue can shift due to

various factors such as respiration, edema, and tissue resection. While a surgeon can compen-

sate for some of these motions, a robotic system can provide more accurate compensation

using position information provided by intraoperative imaging. One such system where con-

tinuous motion compensation and highly accurate robotic manipulation has enabled complex

treatment is in robotic radiosurgery (CyberKnife, AccuRay, Sunnyvale, California, USA) [12].

This system can compensate for respiratory motion of the lungs in order to accurately deliver

radiation treatment to tumors.

1.2.2 Principles of Ultrasound Imaging

In ultrasound imaging, a sound wave in the megahertz range is emitted using piezoelectric

crystals (Fig. 1.1). The sound wave transmitted through the tissue undergoes a nonlinear

process where

1. the wave is attenuated / absorbed by the tissue,
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2. the wave is totally reflected or partially reflected and refracted at tissue boundaries, and

3. the wave is scattered (Fig. 1.2).

The reflected signal is recorded by the piezoelectric elements. The data is then processed and

represented as a series of intensities along the scanlines.

1.2.3 Use of Ultrasound in Cardiac Interventions

Intracardiac echocardiography (ICE) catheters can acquire 2D ultrasound images from within

a patient’s heart chambers. Use of ICE catheters is currently limited to critical procedures

such as transseptal puncture and Patent Foramen Ovale (PFO) / Atrial Septal Defect (ASD)

closure. However many other interventions can benefit from the use of ICE catheters [13]. For

example, in ablation treatments for arrhythmia, use of ICE catheters can improve ablation

quality [14–18], however this is not performed commonly due to the difficulty in steering the

ICE catheter to align the imaging plane with the ablation catheter.

Researchers have shown that 3D ultrasound imaging can guide basic surgical tasks more

efficiently and accurately than 2D ultrasound imaging [19]. 3D transesophageal echo (TEE)

has been a substantial advance in guiding and monitoring transcatheter heart valve procedures

for the treatment of structural heart diseases [20].
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1.2.4 Use of Ultrasound in Robotic Interventions

The use of ultrasound-based guidance in robotic interventions is currently fairly limited,

however research in this area fairly active. A number of small ultrasound probes that are

compatible with the da Vinci surgical system (Intuitive Surgical, Sunnyvale, CA, USA) are

available for use in detecting tumor margins in procedures such as partial nephrectomy [21].

A research system that aimed to bring robotic assistance to treating prostate cancer through

brachytherapy is undergoing Phase I clinical trials [22]. A number of robotic systems have

been developed to provide passive, semi autonomous, and fully autonomous needle insertion

using ultrasound-based image guidance [23–25]. With the development of 3D ultrasound

imaging, it became possible to track cardiac tissue in ultrasound volumes. Researchers built

handheld and catheter-based robotic devices to compensate for the high speed motion of

internal cardiac structures, where real-time tissue tracking is achieved through 3D ultrasound

imaging [26,27].

1.2.5 Use of Ultrasound in Biomechanics Research

Use of ultrasound imaging is not limited to the operating room, but it is also used to advance

our understanding of human biomechanics. Ultrasound-based muscle fascicle tracking for

biomechanics studies has been demonstrated, including using ultrasound to estimate muscle

and tendon dynamics during walking [28–30]. Such work has shown how changes in the

aponeuroses and connecting fascicles impact the biomechanics of gait. There are many other

organ systems and biomechanics-related research that could benefit from using ultrasound

imaging for non-invasive quantification of tissue dynamics, such as for improving the fidelity

of finite element simulations of the human body.

1.3 Thesis Contributions

The contributions of this work can be grouped into the four areas below:
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1.3.1 Autonomous Steering of Flexible Instruments

In collaboration with another PhD student, Paul Loschak, PhD, I developed a robotic

system for autonomous steering of ICE catheters to enable real-time tracking of cardiac

structures and other instruments (e.g. ablation catheters) during cardiac interventions. I

developed a computationally efficient framework to enable real-time control of the robot. We

conducted six in vivo live animal trials using our system, successfully steering ICE catheters

autonomously inside a beating heart. This enables real-time monitoring of the interaction

between instruments and the cardiac tissue, potentially leading to a decrease in the use of

X-ray fluoroscopy, and improving the quality of ablations.

1.3.2 Real-Time 3D Ultrasound Image Generation and Visualization for

Procedure Guidance

Using the aforementioned robotic catheter system, I developed a framework to enable real-time

reconstruction of 3D ultrasound volumes from the 2D images acquired by the ICE catheter. I

implemented the computationally-demanding volume reconstruction and rendering algorithms

in CUDA. We conducted two in vivo trials, in which we generated 3D views of the heart

in real time. This work improves visualization of cardiac structures during interventions,

potentially leading to a decrease in the recurrence of arrhythmia after ablation and the use of

X-ray fluoroscopy.

1.3.3 Improving Ultrasound Image Quality Through Bayesian Methods

and Enhanced Dynamic Range

We applied computational photography and machine learning techniques to improve ultrasound

image quality. I used Gaussian process regression to increase interpolation accuracy in

converting ultrasound scanlines to B-mode images. I also developed methods to acquire and

generate high dynamic range ultrasound images, similar to how smartphones and digital

cameras can combine pictures taken at different exposures to improve the visibility of different

structures. In clinical practice, better quantification leads to more informative clinical
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decision-making, and quantification depends heavily on the image quality.

1.3.4 Ultrasound Image Acquisition and Processing for Biomechanics Stud-

ies

Thinking about uses for ultrasound imaging outside the confines of surgical robotics, we

proposed to use ultrasound imaging to acquire real-time, high frame rate information about

the state of muscles and other tissue inside the human body in a non-invasive fashion. Together

with collaborators, I developed a platform for characterizing the dynamic response of human

muscles and internal organs, such as the stomach, and conducted IRB-approved studies with

human subjects. Ultrasound images of the stomach are compounded in 3D space to reconstruct

the shape of the organ. The data collected in these studies will help improve the fidelity of

finite element models of the human body.

1.4 Thesis Overview

Chapter 2 presents a robotic system that was designed and built to autonomously steer ICE

catheters. Chapter 3 describes work on building 3D ultrasound volumes in real-time from

2D images acquired by an ICE catheter. Chapter 4 presents work on using Gaussian process

regression to improve ultrasound scanline conversion accuracy. Chapter 5 describes work

on extending the dynamic range of ultrasound images to improve the level of visible details.

Chapter 6 presents work on applying ultrasound imaging to biomechanics studies, enabling

the in situ study of phenomena that could not be observed before. Chapter 7 gives a summary

of our contributions and present views for the future of ultrasound imaging, image-guided

interventions, and robotic surgery.
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Chapter 2

Autonomous Steering of

Ultrasound-Imaging Catheters

Cardiac catheterization is useful for performing a variety of diagnostic and interventional

tasks in minimally invasive procedures [11]. However procedure guidance and situational

awareness in the electrophysiology suite is generally limited to fluoroscopy. Intracardiac

echocardiography (ICE) catheters provide real-time ultrasound imaging from within the heart;

however their use in cardiac interventions is limited due to the difficulty in manually steering

the catheter, and the lack of advanced visualization tools for procedure guidance. Automated

robotic steering of ICE catheters can potentially enhance imaging of cardiac structures and

working instruments, leading to better visualization and procedure guidance.

In the following two chapters, I present a robotic system that can autonomously steer ICE

catheters to track other instruments inside the heart and generate 3D ultrasound volumes

of cardiac structures in real time. I describe the software architecture for data acquisition,

robot control, and volume reconstruction and rendering. I present results from benchtop

experiments and in vivo trials. The advanced procedure guidance tools developed in this work

can improve intra-procedural treatment by enabling new image guidance capabilities. Even

though this work focuses on ICE catheters and cardiac applications, the control strategies

developed here can be applied to other flexible instruments, and the imaging methods can be
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beneficial in other organ systems. I collaborated closely with Paul Loschak, PhD on developing

the robotic system, the control algorithms, and conducting the in vivo trials.

2.1 Background

2.1.1 Clinical Problem: Arrhythmia

Cardiac arrhythmia is a heart condition that affects millions of people in the world. The

contraction pattern of the heart is regulated by the conduction of electrical signals through

pathways found in the heart. In arrhythmia, a disruption in the regular electrical conduction

through the heart causes abnormal heart rhythms. Misfiring of cardiac muscles can decrease

efficiency in pumping blood to the rest of the body, leading to cardiac failure. There are

multiple types of arrhythmia, however with an estimated 33.5 million people affected in the

world [31], atrial fibrillation is the most common.

2.1.2 Current Practice

Depending on the type and severity of arrhythmia, patients are given medication to regulate

cardiac muscle activity. In patients who do not respond to medication or require immediate

intervention, the electrical pathways that lead to the misfiring of the cardiac muscles are

ablated by delivering radio frequency energy (i.e. heat) to the tissue. This is a minimally

invasive procedure that is performed by electrophysiologists using catheters. A successful

ablation requires precise localization of the ablation zone, and continuous energy delivery to

thoroughly ablate the tissue. Up to 40% of patients have a recurring arrhythmia [32], most of

which are caused by incomplete ablation.

During the procedure, an electroanatomical map of the heart is generated using a mapping

catheter and analyzed to determine the ablation regions. Currently image guidance is provided

through X-ray fluoroscopy during mapping and ablation. Fig. 2.1 shows a fluoroscopy image

captured during one of our in vivo trials. While catheters and ribs are clearly seen in the

image, soft tissue details (e.g. cardiac tissue) are not discernible. Therefore using fluoroscopy
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Figure 2.1: (a) A series of ultrasound images are acquired from within the heart at different locations.
(The heart diagram is taken from [33]) (b) Ultrasound images of the mitral valve and aortic opening
(AO), and the left ventricle at systole and diastole. Images are acquired using an ICE catheter positioned
in the right atrium. (c) An ICE catheter. (d) An X-ray fluoroscopy image of the chest, showing the
heart, ICE catheter, and a pacing catheter. (e) The robotic catheter steering system.

to confirm ablation quality is inadequate, as the clinician is not able to see if the catheter is

in contact with the ablation region, or whether there is sliding between the catheter and the

tissue due to cardiac motion.

2.1.3 Ultrasound Imaging Catheters

Intracardiac echocardiography (ICE) catheters provide real-time ultrasound imaging from

within the heart. The 2.67 mm (8 Fr) diameter catheter houses a 64-element piezoelectric

ultrasound transducer at the distal tip. The utility of ICE catheters in improving ablation

quality has been shown in [14–18]. However their use in cardiac interventions has so far been

limited due to the significant training and skill required for manually steering the imaging

plane, and the lack of advanced visualization tools for procedure guidance.

2.1.4 Robotic Catheters and Image Guidance

There are a number of commercially available robotic catheter steering systems [34–38]. These

systems enable the teleoperation of catheters, thereby reducing the X-ray exposure of clinicians.
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Figure 2.2: (a) The four controllable degrees of freedom of the ICE catheter. (b) A picture of the
ICE catheter handle. (c) Structures and coordinate frames of interest.

However these systems do not offer autonomous steering of cardiac catheters.

A number of research prototypes have demonstrated autonomous steering of cardiac

catheters and endoscope-size manipulators in constrained bench top environments [39–45].

These prototypes have not been shown to steer accurately in the unconstrained environments

typical of catheter interventions, and do not control the orientation of the manipulator tip,

which is crucial for ultrasound imaging. Additionally, most are configured to steer custom built

manipulators that are designed for robotic control; however this approach does not translate

to clinical use as readily as a system that can robustly manipulate commercially-available

catheters.

2.1.5 Goals and Challenges

We recognized the value of an autonomous catheter steering system in delivering image-based

guidance during minimally-invasive cardiac procedures. Our major goal was to develop a

clinically-viable system that could enable real-time ultrasound-based procedure guidance,

and minimize or completely eliminate the use of X-ray fluoroscopy. We focused on ablation

monitoring with the end goal of improving ablation quality and accuracy, thereby reducing

risk of recurrence.

Our system enables two major capabilities for use in cardiac interventions. First is to
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enable real-time tracking of other instruments inside the heart to align the ultrasound imaging

plane with the tip of the instrument for monitoring tissue-instrument interactions. The second

is to acquire 2D ultrasound images of a section of the heart to reconstruct them into 4D (3D

+ time) ultrasound volumes, which can provide improved procedure guidance (presented in

Chapter 3).

There are a multitude of challenges in translating a system from the benchtop to animal

studies. In our case, we faced the following major challenges:

1. Steering a flexible manipulator accurately,

2. Compensating for physiological motion (respiratory and cardiac),

3. Tracking the motion of other working instruments inside a beating heart,

4. Keeping the footprint of the catheter steering system small and compatible with existing
devices in the electrophysiology suite,

5. Implementing robust and efficient algorithms to enable reliable and real-time execution
(addressed in Chapter 3),

6. Handling data input/output to/from multiple devices asynchronously at different sam-
pling rates (addressed in Chapter 3),

7. Creating an intuitive and informative user-interface that enables quick debugging of the
system (addressed in Chapter 3), and

8. Reconstructing and rendering 4D (3D + time) ultrasound volumes (addressed in Chap-
ter 3).

In our previous work we developed a system for automatically pointing cardiac imaging

catheters in a constrained bench top environment [46]. While this system has proven to be

effective for bench-level steering, it was necessary to implement a more robust controller that

can cope with the friction, backlash, and unconstrained catheter shaft motion that occurs

during in vivo procedures. The following sections describe the motivation for redesigning

the controller for improved robustness, the new control strategy, system characterization

experiments, and results from in vivo catheter steering. This work provides the first method

known to us for accurately controlling unconstrained flexible manipulators in the presence of

unmodeled external disturbances.
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2.2 Catheter Kinematics and Sensing

The ICE catheter is 90 cm long and 2.67 mm (8 Fr) in diameter. A picture of the catheter is

shown in Fig. 2.1 and and the catheter degrees of freedom (DoF) are indicated in Fig. 2.2.

The distal 5 cm of the catheter, which we denote as the ‘bending section’, is built to be more

flexible compared to the rest of the catheter body. Four pull wires extend from the distal tip

of the bending section to the catheter handle, connecting to two control knobs on the handle

in a pull-pull configuration. The pull wires allow the clinician to pitch and yaw the imaging

plane. The clinician can also translate and rotate the handle axially to translate and roll

the imaging plane (see Fig. 2.2a-b). The clinician manipulates the ultrasound catheter by

holding the plastic handle and actuating the four degrees of freedom (4-DOF) to generate the

resulting tip motions shown in Fig. 2.2a.

The ICE catheter is an underactuated system with infinite degrees of freedom. Pull wire

actuation deflects not only the bending section, but also the entire body of the catheter. This

parasitic motion of the catheter body is hard to model or predict as it is highly dependent on

the boundary conditions (e.g. vasculature geometry and contact, tissue properties) and other

unmodeled parameters.

2.2.1 Constrained Catheter Motion

In our previous work, the robotic system for steering cardiac imaging catheters relied on a set

of physical constraints that isolated the bending to only the distal 5 cm bending section of the

tip [46]. The base of the bending section was fixed with respect to the catheter handle and

robot. This catheter tip fixation succeeded in isolating the bending section of the catheter

and simplified the control required for steering, which was necessary at the beginning stage of

our investigation of catheter position and orientation steering.

2.2.2 Unconstrained Catheter Motion

Accurately maneuvering the 4-DOF catheter in vivo requires a controller that is robust to a

number of inaccuracies and disturbances, which have been minimally addressed in the robotic

15



Vasculature

Base

Target

Bending Section

Catheter Shaft
Tip EM
SensorEM Cables Base EM

Sensor

Figure 2.3: Uncontrollable catheter shaft motion. Dashed lines show alternative locations of the
catheter shaft due to uncontrolled motion within the vasculature. EM trackers measure the position
and orientation of the catheter at two locations: at the base of the bending section, and at the tip.

flexible manipulator literature. Inside the plastic off-the-shelf catheter handle, slack in the

pull wires connected to each bending knob produce large backlash and deadzone regions that

are non-linearly coupled to the rotations of both bending knobs (Fig. 2.5). Additionally, the

long catheter shaft experiences compression, bending, and torsion in the vasculature. This

reduces the effectiveness of the bending knobs, increases friction between the catheter and

the vascular walls, and causes the location of the base of the bending section to vary, as

portrayed in Fig. 2.3. Here the catheter is shown in three potential configurations. The
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The displacement of base point in xyz coordinates and (c) the change in base point rotation about the
catheter axis are measured.
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Figure 2.5: ICE catheter deadzone is variable and depends on the current configuration of the catheter.

proposed controller keeps the tip at the target location regardless of where the base is located.

The uncontrollable motion of the base point during unconstrained bending significantly affects

the ability of the catheter to converge to the desired target pose. To illustrate typical base

motion, Fig. 2.4 shows the uncontrollable motion of the bending base during catheter tip

navigation of a square trajectory with the shaft unconstrained. The range of displacements

of the bending base in the xyz-axes were measured as [8.4 mm, 6.4 mm, 5.9 mm] and the

maximum angular deviation from the centerline was 9.65°.

The catheter passes into the patient vasculature through an introducer, which is a plastic

tube containing a rubber seal to prevent blood outflow. Friction between the catheter shaft

and the introducer seal increases the amount of windup due to catheter rotation and causes the

catheter body to buckle during insertion. Respiratory and cardiac motions of the patient also

contribute disturbance to the system, resulting in further inaccuracies. Patient vasculature is

highly variable in diameter, stiffness, curvature, and length. Catheter translation is subject to
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backlash as the catheter body conforms to the near wall or the far wall of the vasculature

(examined in [47]).

We decided to interface with commercial ICE catheters instead of building our own, because

ICE catheters are commercially available and approved for clinical use, which increases our

robotic system’s likelihood of adoption by the medical community. However this comes at the

cost of increased controller complexity due to the mechanical limitations of the catheter, as it

is not built for robotic control. While some of these limitations may be avoided by altering the

mechanical design of a catheter, it is less expensive and more clinically feasible for a robust

controller to manipulate an off-the-shelf catheter.
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Figure 2.6: Three parameter spaces are used to describe the motion of the catheter. Join mapping
and kinematics map these spaces to each other.

2.2.3 Kinematics

Previous research has mainly focused on 3-DOF continuum robot kinematics and did not

consider the extra DOF required to control the heading of the ultrasound imaging plane

[40, 41, 43, 48–50]. Our kinematics derivation follows the methodology in [40]. With the use of

two sensors (one at the tip and one at the base of the bending section, as shown in Fig. 2.2c)

we extend this to enable four DOF control of ultrasound imaging catheters.

Three different parameter spaces are used to control the flexible manipulator: joint,

configuration, and task space (Fig. 2.6). The joint space is the four actuator variables

corresponding to manual catheter controls, i.e. pitch (φ1), yaw (φ2), roll (φ3), and translation

(φ4) shown in Fig. 2.2 and 2.2. The configuration space variables (d, γ, θ, α) describe the

shape of the catheter as shown in Fig. 2.7. Lastly, the task space describes the position of the
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catheter tip (x, y, z) and orientation of the imaging plane (ψ). The mapping from joint space

to configuration space is based on the mechanical design of the robot and the manipulator,

and is therefore system-specific; whereas the mapping from configuration space to task space

is a kinematic mapping that is broadly applicable to flexible manipulators.

The accuracy of the mapping between configuration space and task space is based on the

following idealized assumptions: the bending section of the catheter has a constant curvature

along its length (circular arc); the bending catheter lies on a single plane; and the effects of

torsion about the catheter tip are negligible. In reality, these assumptions lead to less accurate

results. However, the idealized relationships between task space and configuration space can

still provide valuable information regarding how the robot joints should be adjusted for the

catheter tip to reach the desired pose, and, coupled with feedback control, can compensate

for modeling inaccuracies adequately.
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2.2.4 Forward Kinematics

Forward kinematics map the configuration space to task space. The table in Fig. 2.7 shows the

D-H parameters we derived for four DOF catheters, following the methodology used in [40].

Frame 0 is the base frame, and Frame 7 is the catheter tip. Fig. 2.7 shows the configuration

parameters, where d is the translation, γ is the catheter handle roll, θ is the angle between

the x-axis of the catheter handle and the bending plane, and α is the bending from the global

z-axis (i.e. the catheter body). L is the length of the bending section. The transformation

matrix, T (d, γ, θ, α, L), describes the pose of the catheter tip in base coordinates (Eq. 2.1).

T (d, γ, θ, α, L) =



sγ+θsθ + cγ+θcθcα −sγ+θcθ + cγ+θsθcα cγ+θsα Lcγ+θ(1− cα)/α

−cγ+θsθ + sγ+θcθcα cγ+θcθ + sγ+θsθcα sγ+θsα Lsγ+θ(1− cα)/α

−cθsα −sθsα cα d+ Lsα/α

0 0 0 1


(2.1)

2.2.5 Inverse Kinematics

The idealized mapping from task space to configuration space begins with T and calculates α,

d, θ, and γ. From the translational component of T we can calculate the distance from the

catheter tip to the global z-axis as

‖xtip, ytip‖2 = ‖T14, T24‖2 = (1− cα)
α

, (2.2)

where α ∈ R+, cα denotes cosα, and ‖ · ‖2 is the l2-norm. Then α can be calculated by

computing the root of the nonlinear equation in Eq. 2.2. The idealized d is then calculated

from T34. The idealized angle θ is

θ = atan2
(
−T32
sα

,−T31
sα

)
. (2.3)
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Lastly, the angle γ can be calculated from

γ + θ = atan2(ytip, xtip) = atan2(T24, T14). (2.4)

2.2.6 Joint Mapping

The desired configuration space motion can be mapped to the corresponding joint space inputs

as

φ1 = 2Rcα cos θ/Dknob (2.5)

φ2 = −2Rcα sin θ/Dknob (2.6)

φ3 = γ (2.7)

φ4 = d (2.8)

where Rc is the radius of the catheter body and Dknob is the diameter of the pulley inside the

catheter handle.

The following section describes a control strategy that will robustly converge the catheter

tip to the desired position and point the ultrasound imager in the desired direction despite

these effects and disturbances.

2.3 Control Strategy

Controlling the imaging plane position and angle of an ICE catheter is challenging due to the

flexibility (parasitic motion and modeling challenges) of the body, deadzone and friction in the

pull wires (Fig. 2.5), and catheter-specific variability in mechanical behavior. We determined

that it is necessary to sense not only the pose of the bending tip, but also of the bending

base in order to determine the bending curvature and to account for the parasitic motion

of the bending base due to catheter actuation. Due to mechanical transmission losses along

the flexible body of the catheter, it is not possible to determine the tip configuration using

encoders attached to the catheter handle. These transmission losses are catheter-specific,

time-varying (materials degrade over time), and dependent on boundary conditions. Therefore
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Figure 2.8: The controller (gray box) receives the desired catheter tip pose and iteratively calculates
joint angle adjustments to manipulate the catheter.

we attach two electromagnetic (EM) sensors near the bending base and the bending tip (see

Fig. 2.2c). EM sensors are commonly used in electrophysiology (EP) labs during cardiac

interventions, therefore the use of EM sensors is not a concern for the clinical viability of the

system. The EM sensor readings are not affected by the energy delivered during ablation.

A feedforward model is used to calculate the required joint level adjustments to reach the

target configuration. These commands are then scaled based on the magnitude of the error,

and the catheter position is iteratively adjusted to reach the target.

The measured sensor information and idealized kinematic relationships are used together

to calculate the joint space adjustments for tip convergence. The robot navigates the tip of

the ultrasound catheter to reach the desired position while aiming the ultrasound imager in

the desired direction by the controller shown in Fig. 2.8. It is not possible to control the

full 6-DOF pose of the ultrasound imager, therefore the controller aims to adjust the 3-DOF

position of the tip and the 1-DOF rotation of the ultrasound imager about the axis of the

catheter tip.

Two EM sensors are used to resolve the configuration of the catheter tip. One sensor is

placed at the tip of the bending section, proximal to the ultrasound transducer such that the

ultrasound beam is not distorted. The second sensor is placed at the base of the bending

section to resolve physiological disturbances from the environment and the unmodeled behavior

of the catheter body.

Let Tsensor be the transformation corresponding to the sensor reading at the current

location of the catheter tip. The ultrasound imaging plane is the plane formed by the x- and

z-axes of the tip pose. ultrasound imager rotation is measured in rotation of the x-axis about
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the z-axis of the tip pose. Tsensor cannot be directly used in the inverse kinematics calculations

since the rotational component of the sensor reading will have rotations that are induced by

the unmodeled effects in the system; instead a kinematically feasible configuration Ccurr =

[dcurr, γcurr, θcurr, αcurr] needs to be calculated based on the position [xsensor, ysensor, zsensor],

and handle roll γsensor reported by the base sensor. Let Ccurr = [dcurr, γcurr, θcurr, αcurr]

represent this kinematically feasible configuration, with pose Tcurr.

The user indicates a desired position and change in heading, Xdes = [x, y, z,∆ψ]. Calculat-

ing the desired catheter configuration, Cdes = [ddes, γdes, θdes, αdes], requires additional steps

beyond using the inverse kinematics equations. Any change in catheter tip position induces a

change in the imager heading that is dependent on the current and target positions. In order

to arrive at the desired heading, this induced angular change ψinduced has to be calculated and

adjusted for in the following manner before outputting commands to the motors (Fig. 2.9).

(1) Calculate inverse kinematics given Xdes,xyz and the current handle roll, γcurr. The

angle γcurr is measured from the base sensor (rather than the current roll joint) because a

significant amount of rotation is lost through torsion along the catheter shaft. This calculates

the configuration at the target, given γcurr. This pose is defined as Ttemp, and the configuration

parameters are labeled as Ctemp = [dtemp, γtemp, θtemp, αtemp].

(2) The position and curvature of the catheter at the temporary and desired configurations

are equal. Therefore, the configuration parameters ddes = dtemp and αdes = αtemp. However,
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the temporary pose only represents the target position and requires additional roll calculations

to point the ultrasound imager (Fig. 2.9). We begin by calculating the angle between the

x-axis at the temporary pose and the x-axis at current pose. This is done by first projecting

~xcurr to the plane defined by the vectors ~xtemp and ~ytemp,

~xcurrproj = ~xcurr − (~xcurr · ~ztemp) ~ztemp, (2.9)

and calculating the angle ψinduced between the x-axes,

ψinduced = cos−1
(
~xcurrproj · ~xtemp
‖~xcurrproj‖

)
. (2.10)

To maintain directionality, we calculate the direction of the normal to the plane defined by

~xcurrproj and ~xtemp,

ξ = ~ztemp ·
(
~xtemp ×

~xcurrproj

‖~xcurrproj‖

)
. (2.11)

If ξ < 0 then the angle ψinduced is negated.

(3) At this point, we can point the ultrasound imager in the target direction by calculating

the desired configuration parameters γdes and θdes as

γdes = γtemp + ψinduced + ∆ψ , (2.12)

θdes = θtemp − ψinduced . (2.13)

The desired configuration is then related to the control inputs, φ1−4. Convergence to the

desired pose is an iterative process, in which the tip of the catheter is sensed, and the remaining

relative change required to reach the desired pose is recalculated. Image collection is triggered

when the user-defined allowable translational and rotational error thresholds of the tip are

satisfied.

2.3.1 Disturbance Rejection

During in vivo procedures the catheter additionally experiences external disturbances due

to respiratory motion, adjacent catheter motions in the same vessel, tissue motion due to

displacement of adjacent organs, etc. We represent external disturbances as Uext in Fig. 2.8.
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ultrasound catheter is a cylinder, shown with dotted lines. The gray and black workspace cylinders
correspond to the workspace before and after uncontrolled base motion. The tip of the catheter bends
along the trajectory shown in orange. The blue dotted line represents the shortest distance between the
target and the z-axis of the catheter base.

Uext can cause the catheter shaft to translate (Fig. 2.10 left) and/or rotate (Fig. 2.10 right).

Our controller needs to be robust to this external input such that stability is guaranteed and

the catheter tip does not diverge from the target location.

The workspace envelope of the catheter is a cylinder (Fig. 2.10). An external disturbance

can move the base of the catheter so that the target point is no longer contained in the

workspace. The condition for the target to remain within the workspace is to maintain

‖xdes, ydes‖2 ≤ Rw, where Rw is the radius of the workspace cylinder. Calculating the

workspace boundary from the base tracker pose enables real-time detection of out-of-workspace

errors. In the clinical setting, such errors would stop catheter servoing and be reported to the

clinician for repositioning the catheter.

2.3.2 Respiration Compensation

During cardiac interventions, the position of the ICE catheter is cyclically altered by physio-

logical disturbances (respiratory and cardiac). These disturbances affect each region of the

heart differently, and the ICE imaging plane can become misaligned with the target it is

imaging. Due to the mechanical limitations of the ICE catheter (material degradation due to
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cyclic loading, low tensile strength of the pull wires, hysteresis and plastic deformation), we

focus on tracking and compensating for the respiratory disturbances.

Before actively steering the catheter, the controller observes the motion induced by

respiration on the catheter body using the EM trackers on the ICE catheter, however these

also measure the disturbance due to cardiac motion. We first apply a low-pass filter to the

EM measurements to filter out the cardiac motion from each of the three translation axes

and the four components of the axis-angle representation for the rotation. (Fig. 2.12).

The filtered tracker data now only contains the respiratory disturbance, which is cyclical
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and sufficiently regular to be modeled using a fourth order Fourier decomposition. Once the

model is trained, the ICE catheter can remain in a fixed position with respect to the heart

rather than with respect to the EM emitter simply by adding the modeled disturbance to the

catheter’s target pose. Note that while the catheter is actively steered, the respiration model

cannot be updated, since motion due to active steering and motion due to respiration can not

be accurately separated.

Here we briefly describe the Fourier series modeling approach (a detailed treatment can

be found in [51]). A continuous signal can be described as the sum of harmonically related

sine waves, expressed as

z(tn) ≈ c0 +
m∑
i=1

aisin(θitn) + bicos(θitn) , (2.14)

where tn is time at step n of N , c0 is the DC offset, m is the number of harmonics, φi is the

phase offset at each harmonic, ai and bi are amplitudes, θi = 2πiω0, and ω0 is the fundamental

frequency. Eq. 2.14 is given in rectangular form instead of the polar form, because it is linearly
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separable, making it possible to write, z = Ax where

A =



1 1 · · · 1

sin(θ1t0) sin(θ1t1) · · · sin(θ1tN−1)
...

...
...

sin(θmt0) sin(θmt1) · · · sin(θmtN−1)

cos(θ1t0) cos(θ1t1) · · · cos(θ1tN−1)
...

...
...

cos(θmt0) cos(θmt1) · · · cos(θmtN−1)



, (2.15)

and x =
[
c0, a1, . . . am, b1, . . . bm

]T
. The state coefficients x can be estimated using

least squares. Our implementation makes use of singular value decomposition to solve this

linear system. Each coordinate (translation and rotation) of the bending tip and bending

base is modeled independently.

Once the model parameters are determined, the controller is activated, meaning the

observations from the EM sensors on the catheter cannot be used to update the respiration

model any more. The model tends drift across time due to variations in the respiratory cycle,

therefore the respiration frequency is measured using an EM tracker attached to the patient’s

chest, and the corresponding phase shift is added to the model to keep it aligned with the

current respiration cycle.

2.4 Robot and System Design

The kinematic algorithms were implemented and tested on a robotic prototype for manipulating

an ultrasound catheter. The design of the robot (Fig. 2.11) connects four actuators with the

four degrees of freedom of the catheter handle. A system of coaxial rotating rings mates to

the bending knobs and the catheter handle to actuate pitch, yaw, and roll (see Fig. 2.13). The

rotational transmission rests on a linear stage which is translated by a lead screw. The robot

was designed such that an ultrasound catheter can be quickly fastened into (and removed

from) the robot during clinical procedures, as demonstrated in Fig. 2.11. This is a safety
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feature that allows clinicians to take over manual control of the ICE catheter in case of a

system failure. Two scissor lifts adjust the inclination of the robot for aligning the catheter

with the introducer to minimize buckling of the catheter shaft.

Each of the four DoF of the catheter is actuated by a 25W brushless DC motor (EC-max22,

Maxon, Switzerland) with a 53:1 gear reduction. Each motor is driven by a motor controller

(EPOS2 24/2) that runs an internal servo loop at 1 kHz. The error between the commanded

and measured joint angle motion is negligible [52,53]. Fig. 2.14 shows a diagram of the devices

that enable autonomous steering of ICE catheters.

The host PC uses the CANopen protocol to communicate with the motor controllers

through a PCIe-based active CAN interface card (CAN-IB200/PCIe, IXXAT, Bedford, NH,

USA). We switched from a USB connection in our earlier prototypes to a CAN connection

in this version due to the high latency of USB communication (3 ms vs. 460 µs) per axis.

This switch required no change in the control code; the high-level Service Data Object (SDO)
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Figure 2.14: Device diagram showing the communication layers between the physical devices and the
software framework components.

communication uses the same API calls for both USB and CAN communication modes.

An S-video frame grabber (USB3HDCAP, StarTech, London, Ontario, Canada) captures

ultrasound images at 30 frames per second. The frame grabber is capable of faster acquisition

at 60 fps, however the ultrasound imaging system used in our studies (ACUSON Sequoia

512, Siemens Healthcare, Erlangen, Germany) can only transmit S-video signals at 30 fps.

Depending on the imaging settings, the ICE catheter acquisition rate can go up to 120 fps.

ECG signals are acquired from a pacing catheter positioned in the coronary sinus. The

pacing catheter is connected to an electrophysiology (EP) system (LABSYSTEM, Boston

Scientific, Marlborough, MA, USA) for signal conditioning. A digital data acquisition system

(U6, LabJack, Lakewood, CO, USA) captures the ECG signals from the EP system at a 1 kHz

sampling rate.

The motion of the ICE catheter, the target catheter, and the chest wall are tracked at 150 Hz

using four 6-DOF electromagnetic (EM) sensors (trakSTAR, Ascension Technology/NDI,

Canada). The EM trackers have a spatial resolution of 0.5 mm and angular resolution of 0.1°,

and RMS accuracy of 1.4 mm and 0.5°.

The host machine houses an Intel i7 4790K quad-core overclocked CPU running at 4.4

GHz with 32GB DDR3 RAM and two NVIDIA TITAN GPUs with 6GB RAM each. The

data generated by the system, system events, and user actions are stored on an SSD drive,
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Figure 2.15: The catheter navigates a 4 cm square trajectory of 80 set points while pointing the
ultrasound imager in the same direction for all points.

which reduces data I/O overhead.

2.5 Experiments

2.5.1 Bench Top Motion

In preparation for in vivo studies, the performance of the controller was tested in a simulated

vasculature environment on the bench top. The catheter was introduced through a 14 Fr

introducer into to a smooth-walled plastic tube (Teflon FEP, 1.3 cm inner diameter, 62 cm

length). The distal bending section of the catheter was able to bend freely outside the distal

end of the tube.

The first bench top motion study measured the ability of the robotic system to navigate

the catheter tip through space along a 4 cm square trajectory of 80 setpoints. The catheter

was navigated through multiple trajectory orientations and sizes. The ultrasound imager

was adjusted to point in the same heading for all trials. An example trajectory is shown

in Fig. 2.15, where the blue line is the target trajectory and the red line is the measured

trajectory of the catheter tip. The catheter tip reached the desired set points with mean

absolute errors of 0.92 mm (standard deviation σ = 0.12 mm) and 1.01° (σ = 1.05°). The

base tracker moved up to 8.4 mm away from the initial point due to catheter actuation. The

average time to navigate to each set point (dependent on the allowable error threshold and the
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Figure 2.16: Bench top tests demonstrating the ability of the robotic system to maintain the catheter
tip at the target pose despite disturbance step and target step inputs.

proportional controller gain) ranged from 1.5 s to 3.7 s, which is well within a 5 s specification

for breathing motion.

The next motion study isolated ultrasound imager rotation while maintaining a fixed

position in space. The ultrasound imager was commanded to rotate 2° a total of 20 times

with a specified allowable angular error threshold, while the position of the catheter tip was

maintained within the 1 mm position error threshold (measured mean absolute error 0.83 mm,

σ = 0.3 mm). The average time to converge on the target imager heading ranged from 2.61 s

(σ = 2.67 s) with error threshold 0.25° to 1.81 s (σ = 1.15 s) with error threshold 1°.

The last bench top study examined the performance of the system in response to a step

disturbance. This is important because interaction with adjacent catheters can displace the
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shaft, and respiratory motion causes the heart and the supporting vasculature to shift. A

step input disturbance was created by moving the vasculature phantom at the base of the

catheter bending section, thereby displacing and slightly rotating the base of the catheter.

The controller senses the disturbance and makes the necessary adjustments to converge back

to the original target position and ultrasound imager direction. An example disturbance

response test is shown in Fig. 2.16. The system was disturbed by moving the plastic tube

before data collection. At t = 0 s the controller was activated and the catheter converged to

the target pose. Data collection began at t = 5 s when the disturbance was removed (Fig. 2.16

(top)), causing a disturbance step input to the base of the bending section. This disturbance

moved the catheter tip to the wrong pose (Fig. 2.16 (middle, bottom)). The controller then

navigated the catheter tip back to the target pose. At t = 17 s the user commanded a ∆ψ = 2°

imager rotation (a target step input), changing the desired imager angle from 0° to 2° and

maintaining the position at 0 mm from the target. The tip converged to the target pose with

mean errors 0.5 mm (σ = 0.3 mm) and 0.18° (σ = 0.12°).

2.5.2 Initial in vivo studies

In vivo animal testing was performed on a live porcine model due to similarities between

human and porcine cardiac anatomy. The in vivo protocol was approved by the Institutional

Animal Care and Use Committee (IACUC). The animal received humane care in accordance

with the 1996 Guide for the Care and Use of Laboratory Animals, recommended by the US

National Institutes of Health. An ICE catheter with two EM sensors was introduced through

the 14 Fr introducer in the femoral vein to the right atrium (RA). A 6 Fr quadpolar catheter

was outfitted with one EM sensor near the tip to serve as the imaging target. The target

catheter was introduced through an 11 Fr introducer in the femoral artery to the left ventricle

(LV).

In previous studies the introducer seal caused numerous problems: (1) Friction between the

introducer seal and the catheter body caused nonlinear effects on steering motion. Mechanical

solutions were built into the robot to improve joint motion efficiency. (2) During in vivo
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Figure 2.17: Introducer seal is bypassed using a brass tube filled with silicone.

studies the EM tracker cables applied outward pressure opening the rubber seal, causing

continuous blood leakage from the femoral vein. A saline drip was set up to apply gentle

pressure against blood leakage. This replaced the blood leakage with a continuous saline

leakage from the introducer seal.

Previous introduction methods were replaced with a new strategy. A brass tube (diameter

6 mm, length > 2 cm) was used to completely prop open the seal (Fig. 2.17), thereby

eliminating the rubber-to-catheter friction from the introducer seal. Some friction from other

sources still existed, but the negative effects of friction on steering motion were greatly reduced.

The brass tube was fit into place by first sliding it over the catheter tip to rest at the proximal

handle. After the ultrasound catheter was introduced to the RA, the tube was then forced

into the seal. This process was borrowed from existing sheath and guidewire catheterization

techniques. Silicone grease was packed into the tube around the ultrasound catheter body and

EM sensor wires. This prevented blood from leaking through the introducer and eliminated

the need for a saline drip. Silicone grease was also used in bench top experiments. This

process was designed specifically for non-survival animal procedures in which an EM sensor

must be attached to the exterior of the ultrasound catheter. This process can be changed or

eliminated for an ultrasound catheter navigated by built-in EM sensors housed within the

catheter tip, which are currently not accessible to us for proprietary reasons.

The subject’s heart rate was paced at 120 bpm. The ventilator pumped 800 cc of air into
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Figure 2.18: In vivo tests demonstrating the ability of the robotic system to maintain the catheter tip
at the target pose despite disturbance step, disturbance ramp, and target step inputs.

the subject’s lungs every 7.5 sec. To create a repeatable step disturbance input, respiration

was temporarily paused on inhalation. While the respirator is paused, the pressure inside the

lungs gradually increases (due to oxygen input, diaphragm relaxation, and other physiological

effects), causing the heart to displace slowly with constant velocity as a ramp input.

The disturbance to the base of the catheter bending section is shown in Fig. 2.18 (top)

where low frequency changes are due to respiratory motion and high frequency changes

are due to cardiac motion. Before data collection, the controller was de-activated and the

subject inhaled a breath, causing the catheter to displace 7 mm from the desired pose. Then

the subject’s breath was held for 30 seconds, causing the ramp input disturbance (shown

in Fig. 2.18 (top) as the increasing line of constant slope). At t = 5 s the controller was
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activated and overcame the step disturbance input from respiration to converge at the target

pose. At t = 20 s the system was given a 2° step command of ultrasound imager adjustment.

From t = 5 s to t = 30 s the ramp input continuously caused base displacement with an

approximately constant velocity while the controller maintained the target tip pose. During

the ramp input, the tip converged to the target pose and remained at the target pose with

mean errors 1.1 mm (σ = 0.7 mm) and 0.44° (σ = 0.31°). The controller was also able to

avoid divergence from the target pose while cardiac motion caused higher frequency (1.67 Hz)

disturbance.

Figure 2.19: In vivo respiration compensation trajectory.

2.5.3 Instrument Tracking with Respiration Compensation

The goal of this test was to maintain the ICE catheter imaging plane aligned with a target

ablation catheter by using respiratory motion compensation. The ablation catheter tip was in

the LV. The ICE catheter was teleoperated to a region of the workspace and rotated to point

the imaging plane roughly towards the target. Breathing models were initialized and then

the robot was activated to begin tracking. The system maintained the same position of the

catheter tip with respect to the breathing motion and continuously rotated the ultrasound
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Figure 2.20: In vivo respiration compensation error histogram.
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Figure 2.21: Automatically pointing the ultrasound imager at a manually-steered target catheter in
vivo. (A) Robot points ultrasound imager at target. (B) Clinician moves target out of view. (C) Robot
reorients ultrasound imager to continue pointing at target.

imager to align with the target.

This test was repeated multiple times. An example data set from a one-minute long trial

is shown in Fig. 2.19. Based on the respiration model, the ICE catheter is commanded a

target displacement (shown in orange) which would keep it in a fixed location with respect to

the cardiac tissue. The ICE catheter response is shown in light gray. This response is low-pass

filtered and shown in blue for easier comparison with the target displacement. Fig. 2.20 shows

a histogram of the error between the target and achieved (unfiltered) displacement. The

(unfiltered) position was maintained with a 0.53 mm root mean squared error (0.20 mm for

filtered). Ultrasound images acquired during an ablation task is shown in Fig. 2.21 which

demonstrates the utility and effectiveness of the instrument tracking function. Fig. 2.22 shows

an ultrasound image from another ablation task in the left ventricle where the ablation site

and the catheter tip are clearly seen.
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Figure 2.22: In vivo ablation of the left ventricular wall.

2.6 Discussion

This chapter presented a method for robustly and accurately navigating flexible manipulators

through unconstrained environments with external disturbances. The control strategy was

designed to calculate the configuration space parameters of the catheter based on the current

tip pose and base rotation that were measured using two EM sensors. This enabled navigation

to be robust to friction and backlash nonlinearities as well as external disturbances to the

catheter body.

Experimental results from bench top and in vivo studies demonstrate the robustness of

the robotic system in steering the catheter tip to desired poses in the presence of unmodeled

disturbances. Disturbances due to respiration were modeled using a fourth-order Fourier series,

and the model period was updated using an EM sensor mounted on the chest. Using this model,

accurate tracking of an ablation catheter was demonstrated during in vivo trials. Instrument

tracking enabled automatically re-orienting the ICE catheter imaging plane towards a target
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moving at respiratory speeds. Such effective instrument tracking can potentially reduce

or completely eliminate the use of X-ray fluoroscopy in certain cardiac interventions. The

methods presented here are also applicable towards compensating for higher frequency cardiac

motions, however this was not demonstrated due to the mechanical limitation of the ICE

catheter.

While the performance of the system is satisfactory, convergence time and error can be

further improved through deadzone compensation, or by using catheters that are better built

for robotic steering. The brass tube that was used to eliminate friction due to the introducer

seal can be eliminated by integrating the EM sensors into the catheter body.
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Chapter 3

Enabling Real-Time Ultrasound

Reconstruction for Advanced

Procedure Guidance

In the previous chapter we presented a robotic system that can autonomously steer cardiac

catheters, demonstrating automatic positioning of the ultrasound imager and adjusting the

direction of the imaging plane in the presence of physiological disturbances. This chapter

describes how these capabilities are utilized to acquire, generate, and display wide field-of-

view volumetric ultrasound images of cardiac anatomy. These volumes can help reduce the

cognitive burden on the clinician, obviating the need to steer the ICE catheter while mentally

piecing together a series of 2D ultrasound and fluoroscopy images. I developed a versatile

software framework to enable concurrent execution of autonomous catheter steering, volume

reconstruction, and rendering on a single workstation. We tested the system capabilities in

two in vivo live animal trials.

40



3.1 Introduction

The system presented here is capable of autonomously acquiring 2D ICE images from within a

beating heart, reconstructing 3D ultrasound volumes from these images in real-time (and 4D

volumes in post processing), and displaying these high resolution volumes through real-time

volume rendering, providing a clear view of cardiac structures and other interventional tools

inside the heart (Fig. 3.1).

A review of freehand 3D ultrasound reconstruction algoritms can be found in [54]. Real-

time 3D registration of ultrasound volumes was demonstrated in [55]. A wavelet-based fusion

method was used in [56] to compound ultrasound volumes that were acquired from different

ultrasound probe locations. Real-time 4D ‘mosaicing’ of 3D ultrasound images of moving

targets is demonstrated in [57], where ECG-gating is used to split the ultrasound volumes

into bins. 3D reconstruction of 2D ultrasound slices was demonstrated in a benchtop setting

in [58] and in vivo in [59]. Researchers performed 3D reconstruction of ICE images to extend

the field of view of ICE catheters in [60, 61]. A SLAM-like 3D reconstruction method was

adopted in [62] to reconstruct 2D ICE images of a stationary phantom into 3D volumes in

real-time during benchtop studies. The CARTO electroanatomical mapping system (Biosense

Webster, Irvine, CA, USA) creates a 3D map of the heart based on position information from

a mapping catheter [63]. The CartoSound module overlays ultrasound images acquired from

an ICE catheter on this map [64], however the ultrasound image itself is not used to generate

or update the map.

Acquiring, building, and rendering 4D (3D + time) ultrasound volumes of a beating heart

is a computationally-challenging task, which requires the reliable operation of many diverse,

intricate parts. In this chapter we continue to address the challenges that were outlined in

Chapter 2:

1. Implementing robust and efficient algorithms to enable reliable and real-time execution,

2. Handling data input/output to/from multiple devices asynchronously at different sam-

pling rates,

41



Inferior Vena Cava

ICE Catheter

Figure 3.1: The volume rendering graphical user interface enables real-time user interaction with
a 4D (3D + time) ultrasound image of the anatomy. The ultrasound volume is reconstructed from a
series of 2D ultrasound images that are acquired at different imaging angles throughout the cardiac
cycle.

3. Creating an intuitive and informative user-interface that enables quick debugging of the

system, and

4. Reconstructing and rendering 4D ultrasound volumes.

3.2 Software Framework

Building robotic systems for surgical and interventional applications often involves integrating

many devices and complex behavior. Over the years, a number of research teams developed

software frameworks to enable robust, real-time operation of surgical robots. The CISST/SAW

libraries is one such framework that is widely used [65]. It is a collection of libraries designed to

ease the development of computer assisted intervention systems [66]. However, as programming

languages evolve, and with the release of highly optimized libraries, these frameworks quickly

become obsolete. These advances ultimately make developing new frameworks faster and

reliable.

Our initial system development during the proof-of-concept stage of our system relied on
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the Microsoft Foundation Class (MFC) library for the graphical user interface (GUI) elements.

As we moved towards animal trials and added more functionality to our system (e.g. real-time

reconstruction and visualization), we elected to create a new framework that could handle

the computational challenges of the problem and maintain reliability through hour of testing

during in vivo trials.

Our main goals in developing the software framework were to ensure:

• High performance: The algorithms, data structures, and libraries used should be selected

to minimize computation time.

• Minimal memory management: Objects that go out of scope should automatically

deallocate memory. This reduces the coding efforts and the likelihood of memory leaks,

as well as improving code readability.

• A responsive UI : The graphical user interface should feel responsive and have an intuitive

layout. It should support visualization tools such as real-time plotting and OpenGL

for 3D scene rendering where the user can interact with the rendered volume (rotation,

zoom, thresholding, etc.).

• Modularity: The class structure should allow individual submodules to be easily adopted

in different projects, minimizing coding efforts in the future. This also means that the

code should be cross-platform.

We elected to switch the development platform to Qt cross-platform application framework

(the Qt Company, Espoo, Finland) in the interest of minimizing development time while

maximizing functionality. Qt has many advantages: it is cross-platform, has built-in OpenGL

support, it is well documented, has many useful GUI element prototypes that can be easily

extended, and it is built on top of C++. It is widely used in industrial applications, including

medical devices, therefore it is robust and well-tested. The signals and slots mechanism

in Qt allows communication between objects, even across threads, obviating the need for

messy callback functions. Unlike callback functions, signals and slots ensure type safety, since

function signature mismatches will be caught at compile time. Signal and slot connections
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- Low-Pass Filter
- Respiration Model
- Sweep

TCP/IP

TCP/IP

Figure 3.2: Class diagram for the overall system. User interface classes are indicated in green.
Inter-process communication (e.g. Frame Publisher to Listener) is handled using TCP/IP connections.

across threads are established in a queued fashion, ensuring thread-safety. The signals and

slots mechanism makes it possible to ensure modularity, since classes do not need access to each

other’s methods. The signals and slots mechanism is similar to Lightweight Communications

and Marshalling (LCM) and Boost Signals; in fact, Qt allows substituting LCM and Boost in

place of the built-in signals and slots.

Fig. 3.2 shows a class diagram for our framework. For each device in the system, a worker

class handles data I/O and device operation through function calls to the device application

programming interface (API). Each device also has a ‘widget’ class associated with it, which

implements a GUI element for user interaction with the device. These classes are modular,

and therefore can easily be used in other applications. Each worker class lives in a separate

thread to allow for concurrent code execution and communication with each of the devices.

The GUI elements are always responsive even if the workers are busy. Data is transfered

across classes and threads through the signals and slots mechanism.

The OpenCV library is used to acquire images from the frame grabber. In order to

minimize data transfer overhead (deep copy), we use shared pointers to pass the image data

to other threads. Saving the images to disk is one of the slowest operations due to the limited
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data transfer bandwidth, therefore the Data Logger keeps a queue of shared pointers to the

images that need to be saved. Once each image is saved, the shared pointer automatically

goes out of scope, and the pointer count is decremented. Once the pointer count reaches zero,

the image memory is automatically deallocated. Use of smart pointers greatly reduces the

likelihood of memory leaks, code complexity, and potential for future bugs.

The Data Logger handles logging events, errors, and data from each device. The QFile

and QDataStream classes are used for asynchronous file I/O. Data logging is also executed on

a separate thread.

User interface elements are activated or deactivated based on a state machine model of

UI operation. User, device, and system events transition the state, and these updates are

propagated from the workers to the widgets through the use of the Qt signals and slots

architecture.

The Eigen linear algebra library [67] is used for highly optimized computations in the

controller, such as coordinate transformations, filtering, and singular value decomposition.

Eigen utilizes SIMD instruction sets to vectorize operations. It also performs automatic loop

unrolling to speed up computation at compile time.

During respiration model generation, the EM readings are low-pass filtered to filter out

the cardiac motion. QtConcurrent is used for simultaneous low-pass filtering of multiple EM

sensor readings to speed up the control loop.

The QCustomPlot library enables real-time plotting of signals, such as ECG and respiration.

This functionality enables easy debugging and system monitoring for the engineer, and provides

useful information to the clinician.

Communication between the main GUI and the reconstruction and rendering widgets

is handled through TCP/IP connections, implemented using QTcpSocket and QTcpServer

classes.

The ultrasound volume reconstruction is a compute-intensive but highly parallelizable

operation. Thus, we offloaded this computation to an NVIDIA graphics processing unit

(GPU). We wrote custom CUDA kernels to process millions of pixels from the ultrasound
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images at once. We also use a GPU for real-time rendering of the ultrasound volumes using

raycasting.

3.3 Ultrasound-based Procedure Guidance

The real-time, high frame rate images taken from within the heart using the ICE catheter

can improve procedure guidance during cardiac interventions. Data and results presented in

this section were acquired during in vivo studies with porcine animal models. The in vivo

protocol was approved by the Institutional Animal Care and Use Committee (IACUC). The

animals received humane care in accordance with the 1996 Guide for the Care and Use of

Laboratory Animals, recommended by the US National Institutes of Health.

3.3.1 Ultrasound Volume Reconstruction

2D ultrasound images offer limited visibility of cardiac structures. In addition, piecing together

a mental image from a series of 2D images is a cognitive burden on clinicians. Using our

system, we can combine the 2D ultrasound images into a 4D (3D + time) volume to provide

advanced procedure guidance to clinicians.

Data Acquisition

Data acquisition for volume reconstruction is automatically controlled by our system. The

clinician positions the ICE catheter in a region of interest, then enters the angular spacing

between slices, and the total desired sector angle. The system then controls the ICE catheter

such that at least two cardiac cycles are observed at each sweep location, where the imaging

plane is actively controlled to remain at a fixed heading while compensating for respiration.

Then the system proceeds to the next imaging angle. Instead of performing a dense sampling

where no interpolation is needed, we sample at set angular intervals, which reduces the

sampling time. Less time is needed to reconstruct a volume, especially considering that at

each sampling location we need to acquire samples for a few heart beats.
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During acquisition, each image is labeled with its pose based on the EM sensor readings.

In addition, based on the ECG signal, the image is also labeled with the percent cardiac

phase it is acquired from (Fig. 3.3). During reconstruction, images with the same cardiac

phase (within ±1
2 bin size) are binned together. The number of bins depends on the temporal

resolution desired by the clinician. In our studies, we elected to divide one cardiac cycle into

fifteen bins. Our animal models had heart rates in the 100 to 120 bpm range, and ultrasound

images were acquired at 30 fps, therefore we expected to acquire a minimum of 15 frames per

cardiac cycle.

Reconstruction

After ECG binning, the Frame Publisher sends these images, the ECG label, and the

EM data to the Reconstruction Widget over a TCP/IP connection. We separated the

Controller, Reconstruction, and Rendering widgets into different processes and provided

TCP/IP connections between them. This isolates each process from any errors or crashes

that occur in the others, which is an important safeguard in safety-critical systems such as

surgical robots. Even though these processes currently run on a single host machine, the

TCP/IP connection allows these processes to be easily executed on different machines, which

is a common practice in commercial systems.

The Reconstruction Widget transforms each pixel in the ultrasound images to a common

coordinate frame. This computation is performed efficiently on the CPU using SIMD vector-

ization. The pixel intensities and coordinates are then transferred to the GPU. The pixels are

assigned to voxels in a 3D grid. In cases when multiple pixels are assigned to a single voxel,

the data collision is resolved based on maximum intensity.

Each pixel in the ultrasound image is transformed to a common coordinate frame based

on the EM sensor readings.

worldTUS =world TEM ·EM TUS (3.1)

Depending on the angular spacing between imaging angles prescribed by the clinician,
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Figure 3.4: Catheter tip position and imaging plane angle during image acquisition for 4D recon-
struction. The heart rate was 100 bpm and the respiration period was 5.4 s. The vertical dashed lines
on the right indicate the instances when the catheter imaging plane converged to the target imaging
angle. The angle ∆ψ between targets was 2°.

there can be gaps between the imaging planes, as shown in Fig. 3.3. These can be filled in using

interpolation. We first find the convex hull of the filled voxels to determine the interpolation

boundaries using the QHull library [68]. Afterwards, a simple nearest neighbor interpolation

is performed on the GPU using a marching progression to fill the gaps in the volume. The

interpolated volumetric grid is then saved to disk and transferred to the Rendering Widget

over TCP/IP for visualization.

3.3.2 Rendering

The Rendering Widget has an OpenGL-based interface that allows a user to interact with

the ultrasound volume, such as rotating or scaling it. The rendering algorithm is based on

raycasting, where 106 ‘rays’ are cast from the observer’s position into the volume and the

pixel information is accumulated along the ray based on a transfer function. The user can also

control the parameters of this transfer function to enhance the detail of different regions. The

false color is based on the depth of the voxels being rendered. Raycasting is also performed

on the GPU as it is computationally intensive but highly parallelizable. We achieved 60 Hz

update rates using this technique. Ultrasound volumes shown in Fig. 3.3, 3.5, and 3.6 were

rendered using the Rendering Widget.
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Mitral Valve

LV

Figure 3.5: Fast intraoperative 3D reconstruction result (systole). The ICE catheter was positioned
in the right atrium and imaged the left side of the heart. This volume rendered image is a view from
the left atrium looking towards the bottom of the heart. The mitral valve is visible in the near field, and
the left ventricle (positioned behind the mitral valve) can be seen through the aortic opening.

3.4 Results

The goal of the robotic system in vivo was to quickly navigate the catheter tip and ultrasound

imager to a target pose, collect images of target structures, and then navigate to the next target

pose. The controller was designed to actively converge towards the target pose. Ultrasound

image acquisition was triggered once the catheter reached the target tip pose within a specified

error threshold. During the in vivo study images for 4D reconstruction were collected at

increments of 2° steps. Ultrasound images were collected through multiple heart beats and

then the catheter was moved to the next target pose with a step input to the target angle. 30

ultrasound slices were collected in 96 seconds with motion compensation, during which the
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mean absolute error was 1.57° (σ = 1.06°) and 0.55 mm (σ = 0.33 mm).

The desired and achieved catheter tip positions and imaging plane angles are shown in

Fig. 3.4. The time series on the left shows the commanded target displacement of the ICE

catheter (shown in orange), which is computed based on the respiration model. The controller

tries to keep the ICE catheter tip in a fixed location with respect to the cardiac tissue The ICE

catheter tip response is shown in light gray. This response is low-pass filtered and shown in

blue for easier comparison with the target displacement. Based on the catheter displacement

(gray) we can see that the catheter is cyclically displaced due to cardiac motion at 1.67 Hz,

which matches the 100 bpm heart rate of the subject. In addition, the filtered data (blue)

shows an external cyclical disturbance due to respiration at roughly 0.2 Hz, which agrees with

the respiration cycle period of 5.42 s that was detected by the respiration model (orange).

The plot on the right in Fig. 3.4 shows the catheter imaging plane angle. The vertical

dashed lines indicate the instances when the catheter imaging plane converged to the target

imaging angle. Once converged, the catheter was commanded to maintain heading and acquire

ultrasound images for 1 s, and then to proceed to the next desired imaging angle. The angle

∆ψ between targets was 2°.

The acquired ultrasound images are reconstructed during the procedure into 3D or 4D

volumes to enhance visualization of anatomical structures and working instruments. A

reconstructed volume of the left ventricle and the mitral valve is shown in Fig. 3.5.

Table 3.1 shows the execution time of each operation in the 3D reconstruction pipeline.

Discretization, data gridding, and interpolation all scale sub-linearly with the input and

output size, clearly demonstrating the value of parallel execution on the GPU. These timings

can be further reduced through optimized memory access. The slowest operation in the

pipeline is finding the convex hull, which is currently executed on the CPU, and scales almost

linearly with the data size. However the current performance still allows fast intraoperative

reconstruction.

Our reconstruction pipeline on the GPU is limited to 3D at the moment. In post-processing,

we extended this to 4D, where we used a more accurate, GPU-accelerated inpainting algorithm
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based on the discrete cosine transform [69] to improve the interpolation quality. A subset of

the reconstructed volumes are shown in Fig. 3.6. Top row shows the original 2D ultrasound

images acquired by the ICE catheter. The bottom row shows the reconstructed volumes from

a set of 30 slices with 2° spacing. The motion of the mitral valve and the ventricular wall is

clearly visible. This reconstruction can be completed under three minutes.

Table 3.1: Execution time for various stages of the reconstruction pipeline with different input and
output sizes.

Input (# pixels) 1,444,080 2,166,120 2,888,160
Output (# voxels) 128x64x128 128x64x128 128x128x128

Operation (device) Execution Time (ms)
Discretize (GPU) 0.88 1.12 1.17
Grid Data (GPU) 0.59 0.66 0.78
Convex Hull (CPU) 1,254.03 1,799.52 3,979.89
Interpolate (GPU) 168.94 171.97 243.11

Transfer (x2) 1.92 3.06 4.70
Total (s) 1.43 1.98 4.23

3.5 Discussion

In this chapter we presented methods for robotic acquisition and reconstruction of 3D and

4D ultrasound volumes from 2D ICE images. We presented results from in vivo live animal

studies to demonstrate the performance and validity of our approach. We successfully

generated a 3D volume of the left heart in real-time with our system. The robot control,

volume reconstruction, and rendering algorithms can all run on a single host computer,

demonstrating the computational efficiency of the system. The computationally-intensive

but highly parallelizable steps of the reconstruction pipeline were performed on the GPU to

accelerate reconstruction speeds. Our robotic system and volume reconstruction techniques

can provide autonomous procedure guidance in cardiac interventions, potentially reducing the

use of fluoroscopy and improving the efficacy of the procedures. Situational awareness in the

clinic can be further improved by overlaying instrument location in the rendered ultrasound
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volumes.

Throughout the development of the system, each part was tested rigorously to make sure

that the overall system would survive the challenges of in vivo trials. Many robotic surgery

research platforms do not make the transition from the benchtop to in vivo studies due to the

complexities involved in preparing a system to face many unanticipated problems.

The EM sensors have a limited accuracy, therefore there is often an alignment error

between the spatially-registered 2D images that are using during volume reconstruction. This

can lead to blurry volumetric images and inaccurate representation of anatomy. This problem

can be alleviated by extracting salient features from the 2D images and imposing a continuity

constraint on these features (like a rubber band) between slices in 3D space to improve the

alignment.
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Chapter 4

Gaussian Process Regression for

Ultrasound Scanline Conversion

In image-based procedure guidance, the resolution and accuracy of the medical image sets

a fundamental limit on the precision of the guidance system. Therefore improving medical

image quality has a direct impact on increasing the accuracy of feedback provided to clinicians

and surgeons.

As described in Chapter 1, the piezoelectric crystal array inside an ultrasound probe

acquires radio frequency (RF) data along scanlines. This scanline data is then processed,

undergoing time gain compensation, low-pass filtering, envelope detection, log compression,

and many other steps. Finally, the processed scanlines (A-mode) are interpolated such that a

dense 2D image or 3D volume (B-mode) can be displayed to the clinician.

The real-time, high frame rate display requirements of ultrasound imaging has limited the

type of interpolation that is used to generate B-mode images. Bilinear or cubic interpolation

is often used to generate the final US image. These simple, local interpolation approaches

ignore important data from more distant neighboring samples, leading to inaccuracies in

interpolation. Therefore a more accurate interpolation method can improve the quality of

image-based procedure guidance.

In a probabilistic framework, the data along the scanlines can be considered as samples
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drawn from an underlying probability distribution – then the goal of the interpolation step is

to approximate the values of unobserved pixels from this distribution. Statistical methods

can better infer the underlying distribution, leading to more accurate interpolation.

In this chapter, we use Gaussian process regression to improve the accuracy of ultrasound

scanline conversion. In GP regression, a Gaussian distribution function is fit to each observation

point. A covariance function is used to compute spatial correlation between observations. The

parameters of this function can be tuned to capture different characteristic length scales that

are specific to each dimension of the data. This adaptability is useful for ultrasound, since

the observations along a scanline are dense, whereas the number of scanlines is small.

Using ultrasound scanlines acquired from two different ultrasound scanners during in vivo

trials, we evaluate the performance of different interpolation methods. Using several quality

metrics, we show that GP regression outperforms the nearest neighbor, bilinear, and cubic

spline interpolation methods. In addition to improved image quality, the variance estimate of

GP regression can be used to improve the accuracy of further image processing steps, such as

registration.

4.1 Background

4.1.1 Previous Work on Improving Ultrasound Image Quality

Fast interpolation methods, such as bilinear and cubic interpolation, are often the de facto

interpolation methods for B-mode ultrasound image generation. Most work on ultrasound

image enhancement has focused on speckle reduction [70] and denoising [71]. A spatio-

temporal smoothing filter was developed in [72] to improve scan conversion accuracy. Spline

interpolation for 3D ultrasound volume compounding was explored in [73]. Kriging (another

name for GP regression in geostatistics) was used for 3D ultrasound reconstruction from

multiple scan converted 2D slices in [74]. A comprehensive review of interpolation for 3D

ultrasound compounding can be found in [75].

GP regression has been used with other imaging modalities: single image super-resolution
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Figure 4.1: In vivo scanline data. (a) An ultrasound image of a posterior human lower leg was acquired
using a probe with 256 parallel scanlines, with 793 points along each scanline. The gastrocnemious and
soleus muscles are clearly visible in the image. (b) An ultrasound image of a human aortic valve was
acquired using a 3D TEE probe with 64× 48 divergent scanlines, with 412 points along each scanline.
The image in the upper right corner is the scanline data, plotted in polar coordinates. The image on
the bottom is scan converted to Cartesian coordinates using bilinear interpolation.

was explored in [76] for natural images; [77] explored MRI super-resolution; [78] used the

variance estimates from GP regression to improve MRI image registration. To the best of our

knowledge, GP regression has not been applied to ultrasound scanline interpolation before.

4.1.2 Statistical Models for Ultrasound Signals

It is important to understand the process that generates the ultrasound radio frequency signal

in order to choose appropriate statistical models and parameters for the problem. Utilizing

prior knowledge about the data distribution will lead to a more accurate regression.

A simple model for ultrasound signals is the Rayleigh distribution [79]. Assuming the
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Figure 4.2: The PDF, CDF, and 1-CDF of the K-distribution.

imaging media has a large number of scatterers that are smaller than the wavelength of

the ultrasound signal, and the magnitude and phase of the scattered ultrasound waves are

independent and have a normal distribution, then their joint probability will be a Rayleigh

distribution,

f(x) = x

σ2 exp
(
− x2

2σ2

)
(4.1)

where σ is the scale parameter.

The Rayleigh distribution assumptions only hold for diffuse scattering. However biological

tissue usually also exhibits specular scattering due to the presence of larger scatterers, which

leads to a deviation from the Rayleigh distribution. The K-distribution is proposed as a

generalized model for scattering in [80,81], which has the form

f(x) = xν+(n/2)−1 bν+(n/2)

2ν+(n/2)−2 Γ(ν)Γ
(
n

2

)Kν−(n/2) (bx) , (4.2)

where ν > −1 is a shape parameter that describes the homogeneity of the tissue [82], b =
√

2nν
ρ

is the scaling parameter, n is the number of dimensions, ρ is the characteristic length scale, Γ(·)

is the Gamma function, and Kν(·) is an order-ν modified Bessel function of the second kind.

In the limit ν →∞, the K-distribution approaches the Rayleigh distribution. In ultrasound

imaging, we set n = 2, resulting in the following probability density function (PDF),

f(x) = 4
√
ν

ρΓ(ν)

(√
ν

ρ
x

)ν
Kν−1

(
2
√
ν

ρ
x

)
(4.3)

where x > 0. The PDF of the K-distribution for different values of ν can be seen in Fig. 4.2.

Ultrasound data collected from 72 subjects in [83] show that the K-distribution fits the
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data better compared to the Rayleigh distribution. In fact, the K-distribution is widely

used to describe scattering phenomena with non-Rayleigh behavior, from sonar reverberation

modeling in oceanic engineering to laser scattering in atmospheric turbulence [84].

We can utilize this prior on the ultrasound signal distribution through the use of non-

parametric Bayesian regression to improve interpolation quality.

4.2 Methods

4.2.1 Gaussian Process Regression

A Gaussian process (GP) is a collection of random variables, any finite number of which have

a joint Gaussian distribution [85]. A Gaussian process is completely specified by its mean and

covariance functions f(x) ∼ GP(m(x), k(x,x′)). A zero mean function is commonly used in

practice. Observations are considered as random variables that are drawn from a multivariate

normal distribution  y

y∗

 = N

0,

K + σ2
nI K∗

KT
∗ K∗∗


 (4.4)

where y is a vector of scanline intensities, y∗ is a vector of pixel intensities at the interpolation

locations, and σ2
n is the observation noise. The covariance matrix is a positive semi-definite

symmetric matrix, where K is the covariance between observations, K∗ is the covariance

between observations and interpolation points, and K∗∗ is the covariance between interpolation

points. The elements of the covariance matrix are computed using a covariance function

(Section 4.2.4) Kij = k(xi, xj), K∗ij = k(xi, x∗j ), and K∗∗ij = k(x∗i , x∗j ). y∗ and its variance

can be estimated as

ȳ∗ = KT
∗

(
K + σ2

nI
)−1

y (4.5)

V[y∗] = K∗∗ −KT
∗

(
K + σ2

nI
)−1

K∗ . (4.6)

From Eq. (4.5) we can see that y∗ is in a reproducing kernel Hilbert space (RKHS) with

reproducing kernel k(x,x′) [85].
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Scanlines
x

y

θ

r

Cartesian Polar

Figure 4.3: (left) The interpolation points (colored) for generating a B-mode image lie on a grid,
however the observations that contribute to each pixel lie along an arc (light blue). (right) Mapping
these interpolation points to polar coordinates resolves this warping of the interpolant, but results
in a non-uniform spacing between interpolation points. Scan conversion is often performed in polar
coordinates, then the interpolated points are mapped back into Cartesian coordinates.

4.2.2 Scanline Conversion - Parallel and Divergent Scanlines

In ultrasound probes, the scanlines can be either parallel to each other or spread out radially

from the source (divergent). With parallel scanlines, the data points are in Cartesian

coordinates, and it is straightforward to interpolate and display them on a user’s screen

(Fig. 4.1a).

In contrast, with divergent scanlines, the scanline data is in polar coordinates, but the

clinician is often interested in the Cartesian space representation for ease of spatial reasoning

(Fig. 4.1b). Fig. 4.3 shows the arrangement of scanlines in both polar and Cartesian coordinates.

The desired interpolation points (colored) lie on the image grid in Cartesian space. Notice that

the density of observations in Cartesian space gets sparser as the distance from the ultrasound

transducer (r) increases. In practice, when using linear interpolators, scan conversion is

performed in polar coordinates because the observations lie on a grid. The interpolated

intensity values can be then simply displayed in Cartesian coordinates [72]. However this

method ignores the increasing distance between observations due to the mapping between polar

and Cartesian space. In order to achieve better accuracy, the interpolation method should

account for this change in distance, capturing the underlying process better. In Section 4.2.4

we will discuss how this can be achieved with GP regression by using different kernel lengths.
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4.2.3 Validation - Measuring Interpolation Accuracy

In order to validate our claim that GP regression leads to higher interpolation accuracy, we

compare the performance of commonly used interpolation methods (nearest neighbor, bilinear,

and cubic spline interpolation) against the performance of GP regression. We conducted

leave-N-out studies, where only Ns scanlines were kept out of the total Nt scanlines. The

missing data was then filled in using interpolation. We computed the mean of absolute

errors (MAE) and the peak signal-to-noise ratio (PSNR) between the ground truth and the

interpolated images.

The MAE is defined as

MAE = 1
I

I∑
i

|Z∗i − Ẑi|, (4.7)

where Z∗i are the intensities of the ground truth scanlines, Ẑi are the intensities of the

interpolated scanlines, and I is the total number of observations in the ultrasound image.

Assuming that the scanline intensities are normalized to R : [0, 1] , the PSNR is defined as

PSNR = 10 log10

( 1
MSE

)
, (4.8)

where

MSE = 1
I

I∑
i

(
Z∗i − Ẑi

)2
. (4.9)

GP regression should ideally have the highest PSNR and lowest MAE and MSE among

the interpolation methods tested.

4.2.4 Covariance Functions

Covariance functions (i.e. kernels) capture the spatial dependence of observations. There are

various kernels that can be used to compute the covariance matrix. A comprehensive list can

be found in [85]. In this work, we consider two covariance functions: the squared exponential

and the Matérn.

Kernels usually have a parameter that controls the characteristic length scale of observation

locations. It is possible to set a different length scale for each dimension of the data, which is
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Linear Phased-Array

Scanlines Interpolate

Figure 4.4: Leave-N-out studies. The dotted lines indicate ultrasound scanlines. The scanlines
indicated in red are removed from the dataset. Nearest neighbor, bilinear, and cubic spline interpolation,
and GP regression is used to estimate the pixel intensities at these locations. The estimates are
compared to the ground truth values in the full dataset.

useful when dealing with a non-isometric sampling density, such as in the case of ultrasound,

especially in the case of divergent scanlines.

Squared Exponential

The squared exponential (SE) covariance function (also called the radial basis function (RBF)

kernel) is an infinitely differentiable function, which results in a very smooth process. The SE

covariance function with separate length scales for each dimension is expressed as,

k(xi,xj | θ) = σ2 exp
[
−

2∑
n=1

(xi,n − xj,n)2

2l2n

]
, (4.10)

where θ are the function parameters (σ and ln), σ is the signal variance, ln is the characteristic

length scale for dimension n, and xi,n is the nth component of the ith observation.

In our case, we will denote the length scale along the scanlines as lr, and normal to the

scanlines as lθ.
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Matérn

The Matérn autocovariance function has the form

k(xi, xk | θ) = σ2 21−ν

Γ(ν)

(√
2ν
l
r

)ν
Kν

(√
2ν
l
r

)
, (4.11)

where r is the distance between xi and xj , and l is the characteristic length scale, and ν is

the smoothness parameter. In D dimensions, the distance metric is expressed as

r(xi,xj) =

√√√√ D∑
n=0

(xi,n − xj,n)2

l2n
. (4.12)

According to [86] the strong smoothness assumptions of the SE covariance function

are unrealistic for modeling many physical processes, and therefore the Matérn class is

recommended [85]. The Matérn covariance function is dve − 1 times differentiable. In general,

ν is chosen to be a half-integer, which reduces Eq. (4.11) to an exponential multiplied by

a polynomial and the spectral density becomes rational [86]. When ν = 1/2, the Matérn

covariance function reduces to the exponential covariance function, and as ν →∞ the kernel

converges to the SE covariance function. In literature, ν is usually set to 3/2 or 5/2 [85].

Now let us reconsider the PDF of the K-distribution (Eq. (4.3)), restated here for conve-

nience,

f(x) = 4
√
ν

ρΓ(ν)

(√
ν

ρ
x

)ν
Kν−1

(
2
√
ν

ρ
x

)
where x > 0. This function and the Matérn covariance function given in Eq. (4.11) look

similar. In fact, the cumulative density function (CDF) of the K-distribution is,

F (x) =
∫ x

0
f(u)du = 1− 21−ν

Γ(ν)

(
2
√
ν

ρ
x

)ν
Kν

(
2
√
ν

ρ
x

)
. (4.13)

Setting ρ =
√

2ρ∗,

1− F (x) = 21−ν

Γ(ν)

(√
2ν
ρ∗

x

)ν
Kν

(√
2ν
ρ∗

x

)
, (4.14)

which gives us the Matérn covariance function with unit variance (σ2 = 1).

In our experiments, we observed that the Matérn covariance function with ν = 3/2 leads

to better interpolation compared to the SE kernel.
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ShortLong Optimal

Figure 4.5: Incorrect choice of the kernel length can lead to reconstruction errors (blurry images or
missing data).

4.2.5 Finding the Optimal Length Scale

In general, the kernel parameters are determined by minimizing the log marginal likelihood of

the GP ,

log p (y | X) = −1
2y>

(
K + σ2

nI
)−1

y− 1
2 log

∣∣∣K + σ2
nI
∣∣∣− N

2 log 2π, (4.15)

where N is the number of observations. However, since we have ground truth data, we instead

opted to optimize the kernel parameters through a constrained optimization problem with

the MSE metric as the cost function, described as

min
ln

1
I

I∑
i

(
Z∗i − ẐGPi

)2

s.t. ln > 0, n = α, r

(4.16)

where Z∗i is the ground truth pixel intensity and ẐGPi is the GP estimate. In our optimization

studies, we noticed that the landscape is convex, however the gradients near the optimum are

small.

Choosing a larger than optimal length scale result in blurring, while shorter length scales

lead to unfilled regions between the scanlines (Fig. 4.5), both of which result in a decrease in

the PSNR.

The kernel parameters correspond to physical parameters of the underlying process.

Therefore we hypothesized that we can use our knowledge about the distances between data

points to determine the kernel parameters. The distance between observations along the

scanlines, ∆r, and the distance between the scanlines, |r∆α|, are constants that are determined
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by the ultrasound probe and imaging settings.

In the case of divergent scanlines, our confidence along the rays r is constant, however

as the scanlines diverge, we have less observations per unit area. Therefore our confidence

between scanlines (in the α axis) should decrease. This can be achieved by scaling lα by 1/r,

which reduces the characteristic length scale in the α-axis, thus increasing the uncertainty of

the pixels in between the scanlines.

Inspection of the optimized kernel lengths led to the discovery of following relationships

for the kernel lengths:

• For parallel scanlines,

lα = 1√
3

∆α (4.17)

lr = kN ∆r , (4.18)

where ∆α and ∆r are the (standardized) distances between observations (i.e. voxel size),

kN is the reduction factor for leave-N-out studies. For example, if only N/4 scanlines

are used in the interpolation, then kN = 4.

• For divergent scanlines,

lα | r̄i
= 1√

3
|r̄|
2r̄i

∆α (4.19)

lr = kN ∆r , (4.20)

where |r̄| is the overall (standardized) scanline length.

4.2.6 Reducing Computational Cost - Patched GP Regression

GP regression has O(N3) memory and O(N2) time complexity (where N is the number of

pixels) [85], which is perhaps the main reason why it has not been widely adopted in clinical

imaging. Medical images can contain millions of pixels or voxels, making it computationally

challenging to perform GP regression in real time.

The main bottleneck in the algorithm is in inverting the covariance matrix. The covariance
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function gives us a measure of the spatial dependence between observations. With certain

covariance functions (such as the ones used in this work), the covariance function quickly

decays as the distance between observation pairs increases. Therefore, outside of a local

region, the contributions from other observations can practically be ignored. We utilize this

feature to reduce the computational demands of GP regression. We split the scanline data

into overlapping patches and evaluate GP regression separately for each patch. We chose a

window size of 15 observations, since larger window sizes only had a small impact on our

quality metrics. Note that this procedure can be massively parallelized on a GPU or FPGA

to process the entire image in a single pass.

Also note that the computation time and costs can be greatly reduced by pre-computing

the matrix KT
∗
(
K + σ2

nI
)−1 in Eq. (4.5) and K∗∗ in (4.6). For a given probe and imaging

depth, the interpolation locations are not going to change, therefore these matrices can be

precomputed and stored in memory to avoid performing the costly Cholesky decomposition in

real time. This reduces the computational complexity to just O(NM) for the matrix-vector

multiplication in Eq. (4.5), where M < N is the number of observations.

4.3 Experiments and Results

We acquired in vivo scanline data from two different ultrasound imaging systems. 2D images

of the lower leg of a healthy male subject were acquired at 61 mm imaging depth and

6 MHz frequency using a linear-array ultrasound probe with parallel scanlines (LV8-4L65S-3,

TELEMED Ltd, Vilnius, Lithuania). The 256 scanlines with 793 observations along each

scanline are shown in Fig. 4.1(a). In another experiment, 3D divergent scanline data of a

human heart was acquired at 63 mm imaging depth and 7 MHz frequency using a phased-array

3D transesophageal echocardiography (TEE) probe (X7-2t transducer connected to an iE33

ultrasound imaging system, Philips Healthcare, Andover, MA, USA). A slice from the 3D

dataset with 64 scanlines and 412 observations along each scanline are shown in Fig. 4.1(b).

These studies were approved by the Harvard University Institutional Review Board (IRB)

and the Boston Children’s Hospital IRB.
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Figure 4.7: Interpolator performance for scan conversion of parallel scanlines. (a) absolute PSNR
scores (higher is better), (b) relative PSNR scores (computed by subtracting the lowest scores from the
rest, higher is better), and (c) MAE scores (lower is better).

The observation noise σ2
n was set to 2× 10−3 through a hyperparameter optimization of

the GP. We used the imaging processing toolbox and the statistics and machine learning

toolbox in MATLAB (MathWorks, Natick, MA, USA) in our calculations.

4.3.1 Parallel Scanlines

Fig. 4.6 shows the interpolated B-mode images for three different leave-N-out cross-validation

studies. Leftmost column shows the ground truth data. The variance map on the right shows

the normalized values of the variance reported by GP regression from Eq. (4.6), where darker

regions indicate smaller variance (i.e. higher confidence). We can see that the amount of

uncertainty increases as the number of scanlines is reduced. Fig. 4.7 shows (a) the absolute

PSNR scores, (b) the relative PSNR scores (computed by subtracting the lowest scores from

the rest), and (c) the MAE scores. Nearest neighbor interpolation has the largest error as

expected, and GP regression has the lowest error and highest PSNR.

As the number of observations (scanlines) is reduced, we see a wider separation in

performance between GP regression and the other interpolation methods. Looking at the

relative PSNR scores, we see that the scores for the bilinear and spline methods have a negative

slope that tend towards the performance of the nearest neighbor interpolation. However GP

regression maintains a constant separation from the baseline (nearest neighbor).
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Figure 4.9: Interpolator performance for scan conversion of divergent scanlines. (a) absolute PSNR
scores (higher is better), (b) relative PSNR scores (computed by subtracting the lowest scores from the
rest, higher is better), and (c) MAE scores (lower is better).

4.3.2 Diverging Scanlines

Fig. 4.8 shows the interpolated B-mode images for three different leave-N-out cross-validation

studies in polar coordinates. Leftmost column shows the ground truth data. The variance

map on the right shows the normalized values of the variance reported by GP regression from

Eq. (4.6). We can see that the amount of uncertainty increases as the number of scanlines

is reduced. The variance also increases along the scanlines due to the 1/r scaling of the

lα parameter. Fig. 4.9 shows (a) the absolute PSNR scores, (b) the relative PSNR scores

(computed by subtracting the lowest scores from the rest), and (c) the MAE scores. Nearest

neighbor interpolation has the largest error as expected, and GP regression has the lowest

error and highest PSNR. GP regression exhibits a larger increase in performance for divergent

scanlines compared to the linear scanlines.

We observe an even wider separation (compared to parallel scanline results) in performance

between GP regression and the other interpolation methods as the number of observations

(scanlines) is reduced. Looking at the relative PSNR scores, we see that the scores for the

bilinear and spline methods again have a negative slope that tend towards the performance of

the nearest neighbor interpolation. Differently from the parallel case, the relative PSNR score

for GP regression has a peak around 13 scanlines, then rapidly decreases near the performance

of bilinear interpolation. However, we should notice that this occurs when the number of

scanlines is less than 15, which is the window size we chose to reduce the computation time.

This suggests that we simply do not have enough data points to accurately infer the underlying
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distribution of the data, thus GP regression performance drops rapidly.

Fig. 4.10 shows the interpolated B-mode images for three different leave-N-out cross-

validation studies in Cartesian coordinates. Leftmost column shows the ground truth data.

The variance map on the right shows the normalized values of the variance reported by GP

regression from Eq. (4.6). We can see that the amount of uncertainty increases as the number

of scanlines is reduced. The variance also increases along the scanlines due to the 1/r scaling of

the lα parameter. At N = 13 and N = 8, the B-mode images generated by GP regression are

visibly clearer compared to the other interpolation methods. Bilinear interpolation exhibits

the laterally elongated features that is characteristic to ultrasound images seen in commercial

ultrasound systems.

4.4 Discussion

In this chapter we investigated the use of Gaussian process regression for ultrasound scanline

interpolation. We analyzed in vivo ultrasound data acquired using both parallel and divergent

scanline probes to validate the performance of GP regression. Using leave-N-out cross-

validation, we qualitatively and quantitatively showed that GP regression leads to better

B-mode conversion than other interpolation methods, indicated by the higher PSNR and

lower MAE scores. We also showed that the covariance matrix can be precomputed, greatly

reducing the computational complexity of the problem. In our implementation, the average

time to estimate the value of one data point was 0.3 ms. It should be possible to enable

real-time execution of GP regression through an optimized implementation.

We demonstrated that GP regression leads to better scanline conversion using real clinical

data that was acquired from different organ systems. The images we collected span a wide

range of clinical cases. The leg dataset exhibits high frequency texture and has a dense set of

scanlines, whereas the cardiac dataset comprises uniform patches of dark (blood) and bright

(muscle) regions and has a sparse set of scanlines.

One open question in our study is whether the kernel length relationships that we identified

hold for different anatomy. Kernel lengths should be optimized for ultrasound images acquired
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from different regions of the body, and these optimal lengths should be compared with the

relationships we identified.

Choosing a covariance function prescribes a prior on the spatial variation of the data. Even

though the Matérn3/2 function resulted in lower errors compared to the squared exponential

kernel, use of other covariance functions should be investigated as well. Furthermore, a gamma

process may recover the underlying distribution better than a Gaussian process.

In clinical practice, better quantification leads to more informative clinical decision making,

and quantification depends heavily on the image quality. In the case of parallel scanlines,

visual inspection of the interpolated images does not reveal significant improvements in image

quality. This may raise concerns over the utility of using GP regression. However the PSNR

scores indicate a marked improvement. This, in unison with the utility of using the variance

matrix generated by the GP, indicates that using GP regression can lead to improvements

in the performance of image processing steps that are further down the pipeline by avoiding

compounding of errors.
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Chapter 5

High Dynamic Range Ultrasound

Imaging

High dynamic range (HDR) imaging is a popular computational photography technique that

has found its way into every modern smartphone and camera. In HDR imaging, images

acquired at different exposures are combined to increase the luminance range of the final

image, thereby extending the limited dynamic range of the camera.

Ultrasound imaging suffers from a limited dynamic range as well; at higher power levels,

the hyperechogenic tissue is overexposed, while at lower power levels hypoechogenic tissue

details are not visible. In this chapter, we apply HDR techniques to ultrasound imaging, where

we combine ultrasound images acquired at different power levels to improve the level of detail

visible in the final image. We present results for images acquired from ex vivo and in vivo tissue

and demonstrate that HDR-US enables visualizing both hyper- and hypoechogenic tissue at

once in a single image. The performance of five tone mapping operators is quantitatively

evaluated to determine the most suitable mapping for HDR-US imaging. Our results clearly

demonstrate that HDR-US imaging can improve the utility of ultrasound in image-based

diagnosis and procedure guidance.
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5.1 Motivation

Ultrasound imaging is an invaluable tool for medical diagnosis and intraoperative guidance.

Images are acquired in real time at high frame rates, with no radiation exposure, and at much

lower expense than CT and MRI. However, ultrasound imaging suffers from a limited dynamic

range: at higher power levels, rigid surgical tools and hyperechogenic tissue in the imaging

field get overexposed (Fig. 5.1c), while at lower power levels hypoechogenic tissue details are

lost (Fig. 5.1b).

There is extensive literature on image processing methods for improving ultrasound image

quality. Some popular techniques are speckle and noise reduction through spatial and frequency-

domain filters [71], detail enhancement through spatial and frequency compounding [70,87],

and contrast enhancement using histogram equalization or tissue harmonic imaging. See [88]

for a review of ultrasound image enhancement techniques. However, these methods do not

address the issue of limited dynamic range.

Similar to ultrasound imaging, optical cameras have a limited dynamic range as well.

Imaging shadows requires a long exposure, while imaging highlights requires a short one.

High dynamic range (HDR) imaging is a method which extends the dynamic range of optical

cameras by combining images taken at multiple exposures [89]. In the last few years, this

method has become ubiquitous in smartphones and digital cameras.

In this chapter, we show how HDR imaging techniques can be applied to ultrasound

images to improve their dynamic range, enabling the imaging of media over a wide range of

reflection and attenuation characteristics. We also compare several tone mapping methods,

which allow the HDR-US images to be displayed on regular (i.e., low dynamic range) screens,

while preserving the visibility of features from across the entire dynamic range. This leads

to better visualization for clinicians and can improve the performance of subsequent image

processing operations. Therefore the extended dynamic range of HDR ultrasound (HDR-US)

can allow for better diagnosis and procedure guidance.

Extending the dynamic range is of interest to other medical imaging modalities as well. A

similar treatment was applied to MR imaging in [90], but there was no investigation of tone
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Figure 5.1: (a) Experimental setup: A phased linear array ultrasound probe (Philips 15-6L) images
a chicken thigh at 4 cm depth while an ablation catheter (ThermoCool SF, Biosense Webster, Diamond
Bar, CA) is pressed against the tissue. (b) B-mode ultrasound image acquired at power level −18.0 dB.
The catheter body and the skin surface exhibit strong reflection, showing a clear image of the contact
between the tissue and the instrument, while the deeper tissue and the bone surface have poor detail.
(c) Ultrasound image acquired at power level 0.0 dB. The bone surface and the hypodermis details are
pronounced, whereas the instrument and skin surface details are lost due to overexposure as well as
ringing from the instrument. Scale on the right shows the estimated drop in signal strength due to
attenuation and reflection through the catheter and tissue layers.

mapping in this study.

5.2 Methods

5.2.1 Ultrasound Image Formation

We begin by considering the process that generates the ultrasound image. The intensity of a

pixel in the B-mode ultrasound image is proportional to the pressure of the reflected sound

signal. The pressure of a sound wave that is scattered by a target away from the transducer

can be expressed as

ps(r, t) = A0
R e−µa(d+r)

r
F

(
t− d+ r

c

)
(5.1)

where r is the radius from the target, t is time, A0 is the amplitude, R is the reflection

coefficient, µa is the amplitude attenuation factor, d is the distance between the target and

the transducer, F (·) is the acoustic envelope, and c is the speed of sound [91]. Increasing the

amplitude increases the pressure. The only constant intrinsic to the ultrasound transducer in

this equation is the amplitude; the rest of the terms are specific to the media being imaged.
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Table 5.1: Acoustic properties of relevant media [91].

Property Water Fat Muscle Bone Aluminum

Z [kg/m2/ s1] ×106 1.5 1.35 1.7 5.5 17

a [dB/cm1] 0.0022 0.63 1.8 20 0.018

b 2 1 1 1 1

The relative amplitude loss of the returning signal due to attenuation and reflection losses

can be calculated as
Az
A0

=
√
RIe

−µaz (5.2)

where RI is the intensity reflectivity, and z is the total distance traveled by the signal.

Assuming a normal incidence at the boundary between two media, the reflected power loss in

dB can be calculated as

20 log10
Az
A0

= 20 log10

∣∣∣∣Z2 − Z1
Z2 + Z1

∣∣∣∣ e−µaz (5.3)

where Z1 and Z2 are the acoustic impedance of media 1 and 2. The amplitude attenuation

factor is a function of the signal frequency f and media-specific values a and b, written as

µa = afb

20 log10 e
. Fig. 5.1c shows the estimated drop in signal strength due to attenuation and

reflection through the catheter and tissue layers. The acoustic impedance and the attenuation

coefficients were taken from [91].

5.2.2 High Dynamic Range Formulation

In photography, the intensity Z of a pixel in a photograph is a nonlinear function of the

exposure X, expressed as Z = f(X). Malik and Debevec [92] derived a method to recover the

response curve of a camera from multiple exposures. Exposure can be defined as X = E∆t,

where E is the sensor irradiance, and ∆t is the exposure time. Assuming f is monotonic, we

can write f−1(Z) = E∆t. Taking the logarithm of both sides, we have g(Z) = log f−1(Z) =

logE + log ∆t. The response curve g and the irradiances Ei can be then recovered by

77



minimizing the loss function

L =
N∑
i

P∑
j

[g(Zij)− logEi − log ∆tj ]2 + λ
Zmax−1∑
z=Zmin+1

g′′(z)2, (5.4)

where N is the number of pixels in each image, P is the number of photographs, and λ is a

regularization parameter that controls the smoothness of g [92]. The response curve is then

used to map the pixel intensities in each low dynamic range (LDR) image to a relative radiance

value, by rearranging the expression for g(Z) given above to logEi = g(Zij) − log ∆tj [92].

In practice, radiance is computed using a weighted average of all exposures from the input

images, which increases robustness and reduces noise. Once the response curve is computed,

it can be used with any image taken with the system and does not need to be recomputed,

given other imaging settings remain constant.

A similar response curve is recoverable for ultrasound probes. In Eq. 5.1, the only term that

depends on the ultrasound transducer is the signal amplitude, A0. Grouping all other terms

in U , which describes the scattering and attenuation properties of the medium, Eq. 5.1 can be

written as ps = UA0. Assuming that the mapping f from the pressure of the scattered wave to

the pixel intensity Z in the ultrasound image is monotonic, we can write f−1(Z) = ps = UA0.

This has the same form as f−1(Z) = E∆t.

The reflection equation (Eq. 5.2) is also linear in the amplitude, but it depends on the

frequency as well. Assuming that the ultrasound probe is held stationary, kept at the same

imaging depth and frequency, and the target did not move during imaging, a change in source
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Figure 5.2: Response function recovered from the fifteen ultrasound images acquired at different power
settings.
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signal amplitude should result in a linear change in the received signal amplitude. This is

similar to keeping the camera stationary with the same aperture and focus while changing

the exposure duration.

Ultrasound machines generally express acoustic power in decibels (dB). This is not an

absolute measure of power, but rather a logarithmic ratio between two amplitudes. We can

convert from power to a relative amplitude Ar using

Ar = 10(Power/20dB). (5.5)

This quantity can be used in the HDR calculations. Fig. 5.2 shows the response curve recovered

using fifteen ultrasound images acquired at different power levels. The curve has a form that is

very similar to that of digital cameras computed using natural photos (see [92] for examples).

The nonlinearity in this function is due to nonlinearities in the transducer behavior, as well as

the log compression applied during B-mode image formation in the ultrasound machine.

The recovered response curve is then used to compute logUi = g(Zij) − logAj , which

can be interpreted as mapping B-mode image pixel intensities to the relative scattering and

attenuation characteristics of the tissue.

5.2.3 Tone Mapping – Display of HDR-US Images

Once the HDR ultrasound image is computed, there remains the problem of displaying the

information to the user on a low dynamic range (LDR) screen. The human ocular system can

only resolve up to 30 dB, and conventional monitors are limited to two orders of magnitude

of dynamic range. Mapping an HDR image to the LDR is called tone mapping, where the

goal is to preserve details and color appearance from the HDR image, which would be lost in

a simple linear compression of pixel intensities. There is extensive work on tone mapping for

HDR images; a detailed treatment is presented in [93]. Note that this step is only necessary

if the HDR-US images will be shown to the clinician for diagnosis and procedure guidance.

If the images are instead going to be used in an image processing pipeline, the rich HDR

information can be retained to improve performance.
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Tone mapping operators (TMOs) are often distinguished into global and local operators.

Global operators find a single compression function that changes the luminance of all pixels

in the image [93]. In contrast, local operators compress the luminance of each pixel using a

mapping that varies spatially based on the neighboring pixels [94]. Therefore local TMOs

preserve detail better, whereas global TMOs can lead to a loss of contrast. However local

TMOs can cause halo artifacts around sharp features due to the Gaussian filter that is

commonly used to compute the local parameters. The use of edge-preserving smoothing

operators, such as the bilateral filter, can help prevent halos.

The simplest tone mapping method is normalization, where the HDR pixel intensities

are linearly scaled down to the LDR range. However, this operation leads to a loss of detail,

especially in the darker regions. In this work, we focus on five common tone mapping operators:

(1) contrast-limited adaptive histogram equalization (CLAHE) [95], (2) a global luminance

compression TMO [96], (3) a local luminance compression TMO that computes the local

parameters based on a difference of Gaussians (DoG) approach [96], (4) a local luminance

compression TMO based on a bilateral filter [93], and lastly (5) a two-scale decomposition

method using bilateral filtering [94].

In CLAHE, the image is divided into regions, and the histograms of these regions are

redistributed to have a wider, more uniform distribution, effectively increasing the contrast.

The luminance compression approach suggested by Reinhard in [96] has several implemen-

tations. The global implementation computes the geometric average of each pixel’s luminance

to steer the compression [93]. The DoG approach computes a difference of Gaussians to

determine the appropriate filter size to be used in determining the local compression parameter.

The bilateral filter approach replaces the DoG with an edge-preserving smoothing operator,

which is better suited to preserving sharp contrasts and can be faster to compute than the

DoG.

The decomposition approach by Durand in [94] preserves sharp gradients by separating the

HDR image into a base layer (low frequency components) and a detail layer (high frequency

components), and only reducing the contrast of the base layer, which preserves details in the
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final LDR image.

5.2.4 Quality Metrics

Quantifying the improvement (or degradation) in image quality of a tone-mapped HDR image

over the original images is not straightforward since there is no ground truth. Quality metrics,

such as mean-squared error (MSE), apply a direct comparison between pixel intensities.

However, comparing the tone-mapped HDR image to any one of the input images necessarily

leads to a mismatch between intensities, resulting in lower scores.

Instead, the analysis technique we adopt in our work is to use a sliding window to compute

the similarity between the tone-mapped HDR image, and each of the original LDR ultrasound

images that are used to generate the HDR image. Using only a small patch instead of the

entire image makes it possible to determine local correspondences between the HDR and LDR

images. This analysis shows how much of the dynamic range detail is preserved when the

HDR-US image is tone mapped for display on an LDR medium: if the tone-mapped HDR-US

image only has high agreement with a small subset of the original LDR images (i.e., uses

a narrow power level range), this means that the tone mapping failed to preserve the HDR

information. Through this analysis, we aimed to determine the TMO that maintains the most

detail.

The similarity metric we used is the peak signal-to-noise ratio (PSNR), defined as

PSNRj = 10 log10

(
2552/MSEj

)
, (5.6)

in which

MSEj = 1
N

N∑
i

(
ZHDRi − ZLDRj

i

)2
, (5.7)

where N is the number of pixels in the sliding window, j is the index of the reference image,

ZHDRi is the intensity of pixel i in the tone-mapped HDR image, and ZLDRj

i is the intensity

of pixel i in the reference image j. Computing the arg max of PSNRj yields the index (and

therefore the power setting) of the reference image that has the best correspondence with

the tone-mapped HDR image. Computing this index at each sliding window location yields
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Figure 5.3: (a–d) Four of the fifteen ultrasound images acquired at various power levels, and their
histograms. In low power settings, the catheter body and the skin surface have good contrast and detail;
however, the deeper structures are missing. At the higher power settings, the bone surface and the
deeper tissue have good detail, but the catheter and the skin are overexposed and have lost fine detail.
(e) Tone-mapped high dynamic range ultrasound image. The deep tissue structures, as well as the
catheter and skin details, are easily visible.

a contour map (Fig. 5.6), which shows a power level landscape of the best corresponding

reference image. The TMO that results in an HDR image with the widest set of reference

images will be chosen as the TMO that is most suitable for ultrasound imaging.

5.3 Experiments and Results

We conducted an ex vivo and an in vivo experiment to test our methods. In both experiments,

the ultrasound images were acquired using a Philips SONOS 7500 ultrasound machine (Philips

Healthcare, Andover, MA, USA) with a 128-element linear phased array probe (Philips 15-6L),

which has an operating frequency range of 6−15 MHz. The TGC controls were set to their

lowest value. The grayscale B-mode ultrasound images were transferred to a PC using an

S-video frame grabber (USB3HDCAP, StarTech, London, Ontario, Canada).

5.3.1 Ex Vivo

In our ex vivo experiments, we placed a chicken thigh into a water tank and pressed an

ablation catheter (ThermoCool SF, Biosense Webster, Diamond Bar, CA) against the tissue

surface. The bottom of the tank was covered with an ultrasound absorbing mat to prevent

ringing due to reflections from the tank surface. See Fig. 5.1a for a picture of the experimental

setup.
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(a) (c) (d)(b)

Figure 5.4: (a) Ultrasound image acquired at 0.0 dB. (b) Tone mapped HDR-US image. (c) Regions
discussed in the text. Highlighted in green is the ablation catheter body, purple is the ringing from the
catheter, red is the fat layer, cyan is the bone, and yellow is the deep tissue structure. (d) HDR-US
image intensities before tone mapping, shown in false color to convey the entire dynamic range. This
image contains over three orders of magnitude of dynamic range, from 0.09 to 140.

Fifteen B-mode ultrasound images were acquired at 4 cm depth and 6 MHz frequency,

with power levels linearly spaced between −26.7 to 0.0 dB (mechanical index of 0.1 to 1.0,

there was no return below −26.7 dB). A subset of these images can be seen in Fig. 5.3. The

power settings were dialed in manually using the ‘power’ control knob on the ultrasound

machine. The response function for these images, calculated using Debevec and Malik’s

method [92], can be seen in Fig. 5.2. The HDR-US image computed from the original fifteen

LDR images is shown in Fig. 5.4d, which contains over three orders of magnitude of dynamic

range. The tone-mapped HDR image is shown in Fig. 5.4b and demonstrates the utility of

HDR in combining the low- and high-power details in a single image. Fig. 5.4c shows regions

of interest.

The HDR Toolbox [89] was used to perform the HDR and tone mapping operations in

MATLAB (MathWorks, Natick, MA, USA). Fig. 5.5 shows the output of five different tone

mapping algorithms: (a) contrast-limited adaptive histogram equalization (CLAHE), (b)

global Reinhard, (c) local Reinhard with DoG, (d) local Reinhard with bilateral filter, and (e)

Durand’s bilateral separation. For all TMOs, we used the default parameters. The Durand

and Reinhard TMOs automatically adjust their parameters based on the input images. A

gamma correction value of 2.2 was also applied, except for the CLAHE-based TMO.

A qualitative assessment shows that the adaptive histogram equalization amplifies the
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(a) (b) (c) (d) (e)

Figure 5.5: Output of five different tone mapping algorithms: (a) CLAHE, (b) global, (c) local
Reinhard with DoG, (d) local Reinhard with bilateral filter, and (e) Durand’s bilateral separation.

0 -0.9-2.4-4.2-6.3-8.4-10.5-12.0-14.1Power (dB) 

(a) (b) (c) (d) (e) 

Figure 5.6: Similarity with baseline images for (a) CLAHE, (b) global, (c) local Reinhard with DoG,
(d) local Reinhard with bilateral filter, and (e) Durand’s bilateral separation. The blue rectangle in the
top left corner indicates the size of the sliding window (40× 40 pixels) used for computing the local
PSNR.

noise in the deeper regions and the ringing around the catheter body. The DoG TMO results

in saturated regions along the catheter and skin (Fig. 5.5c) that lead to a loss of detail. Of

the remaining, the Reinhard bilateral TMO maintains finer texture along the catheter and the

skin compared to the global TMO. However the Durand TMO has the best ringing suppression

at the catheter tip and sharpest detail along the skin overall.

In our quantitative analysis, we calculated the PSNR for the output of each TMO, which is

a measure of the similarity between the reference image and the tone-mapped HDR-US image,

as described in Section 5.2.4. We iterated over each of the fifteen ultrasound images as the

reference input in the PSNR calculations. A sliding window size of 40 x 40 pixels was chosen

heuristically. For each patch, we calculated its arg maxj PSNRj to find the reference image

power level that corresponded the most to the tone-mapped HDR-US image. We display
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this information in the form of a contour plot in Fig. 5.6. The colors in the contour plot

correspond to the power levels of the reference images.

We expect the area around the catheter-tissue interface to have the highest PSNR score

at lower power levels, since these areas have better contrast and detail at the lower power

levels. Furthermore, when the region of interest focuses on the deep tissue structures and

bone surface, the PSNR should peak near or at the highest power reference image, since these

structures are only visible in the high power images.

Based on Fig. 5.6, the PSNR contours at the catheter-tissue interface helps us rule out the

adaptive histogram and Reinhard DoG TMOs as viable candidates. For these two TMOs, the

catheter-tissue interface shows a higher correspondence with the high-power images; however

in reality, these structures are overexposed and have lost detail at the higher power levels.

Therefore, these two TMOs fail to preserve the detail and contrast in these regions. Of the

remaining three, the Reinhard global and the Reinhard bilateral TMOs have almost identical

performance, suggesting that the high frequency texture in ultrasound images results in a

large kernel size, which reduces the compressive power of the bilateral approach to that of the

global. The Durand TMO has the widest range of power levels, indicating that this TMO

preserves the widest dynamic range among all, and is therefore best suited for use in our

application. This is expected, since the Durand TMO only compresses the low frequency

components of the image and preserves the high frequency details in the image.

5.3.2 In Vivo

In a second experiment, we imaged the lower leg of a healthy human male subject. Fifteen

B-mode ultrasound images were acquired in the transverse plane at 6 MHz using the same

probe, imaging depth, and power settings as before. The study was approved by the Harvard

University Institutional Review Board (IRB). Fig. 5.7 shows ultrasound images taken at three

power levels, as well as the false color HDR-US image displaying the full dynamic range,

and its tone-mapped LDR version. The tibialis anterior muscle and the reflection from the

surface of the tibia are hard to discern in the low-power image (Fig. 5.7a), whereas the muscle
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Figure 5.7: HDR-US image of a human lower leg acquired in the transverse plane. The tibialis
anterior muscle and the surface of the tibia can be seen. Images at fifteen power levels were acquired,
three of which are shown in (a) −15.9 dB, (b) −6.3 dB and (c) 0 dB. (d) HDR image tone-mapped
using the Durand TMO. (e) HDR-US image intensities prior to tone mapping, shown in false-color
with values ranging from 0.1 to 49, almost three orders of magnitude of dynamic range.

fascicles and the skin surface are saturated in the high-power images (Fig. 5.7b-c). Note

that the ultrasound image in Fig. 5.7b is already saturated near the skin surface, while the

deep tissue structures are still not visible. This demonstrates that capturing all details of the

anatomy is not possible at a single power level.

The HDR-US image in Fig. 5.7d is tone-mapped using the Durand TMO. This image

shows a clear improvement in the contrast and visibility of the deep tissue structures and the

muscle fascicles while preventing saturation in the skin and bone surface. Fig. 5.7e shows the
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HDR-US image prior to tone-mapping, which contains almost three orders of magnitude of

dynamic range.

5.3.3 Number of Images Required for HDR-US Computations

An important point to consider in HDR computations is the number of images that is sufficient

for capturing the dynamic range in the imaging field. For a given dynamic range, minimizing

the number of images used in HDR reconstruction will allow for faster acquisition, resulting

in higher frame rates and improved robustness to tissue and transducer motion. On the other

hand, increasing the number of images can reduce noise and increase image quality.

In order to understand how the number of images included in the HDR computations

effects HDR quality, we conducted an exhaustive leave-p-out cross-validation. We calculated

the mean squared error (MSE) between the “ground truth” (i.e.,the HDR image computed

using all available images) and the HDR image computed using p fewer images.

In addition to the number of images, the spacing between power levels is also crucial to

recovering the widest dynamic range available. Images that are close to each other in terms of

their dynamic range will not contribute much towards extending the dynamic range. In our

cross-validation studies, we calculated the MSE over all possible image combinations (32,767)

to obtain bounds on best and worst MSE possible for each value of p. Fig. 5.8 shows these

values both for the ex vivo and in vivo datasets, which exhibit almost identical trends. Using

the popular structural similarity (SSIM) index [97] instead of the MSE score leads to similar

trends.

We hypothesized that uniform sampling is a good strategy for choosing which images to

include in the HDR reconstruction for a given number of images. For example, if three LDR

images are to be used, we would pick −26.7 dB, −12 dB, and 0 dB. Our study results validate

this hypothesis; the MSE scores for the uniform sampling strategy (shown in black in Fig. 5.8)

quickly converge to the optimal MSE score when four out of fifteen images are used.
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Ex Vivo In Vivo

Figure 5.8: Leave-p-out cross-validation results for ex vivo and in vivo studies. The best and worst
mean squared error (MSE) scores provide lower and upper bounds on the deviation from the “ground
truth” HDR image constructed using fifteen power levels. The uniform sampling strategy quickly
converges to the best (i.e., lowest) MSE score.

5.4 Discussion

Our results demonstrate that it is possible to enhance the amount of detail that is visible in

an ultrasound image by combining images that were acquired at different power levels. This

enables capturing a wide dynamic range, from hypoechogenic tissue details to highly reflective

instruments, and presenting them to the user in a single image. We tested the performance

of five TMOs through qualitative and quantitative analysis. The peak signal-to-noise ratio

studies clearly show that the Durand TMO preserves the most detail during tone mapping.

The leave-p-out cross-validation results indicate that four uniformly-sampled images are

sufficient for capturing the full dynamic range of the specific imaging targets used in our

studies. However, the minimum number of images required to construct an HDR-US image

depends on the dynamic range of the imaging target. See [92] for a discussion on the number

of images required to recover the response curve and the radiance map.

We did not conduct an exhaustive study of TMOs, and the parameters for the TMOs

we tested could be optimized to further improve the level of detail in the tone-mapped

LDR images. Additionally, the TMO can be a user-selected post-processing option. Just as

clinicians can currently control the amount of log compression applied to the image using a

knob or slider on the ultrasound machine, once HDR-US is implemented clinically, the users

can switch between different TMOs.

One limitation of our study was in terms of acquisition time. We currently do not have
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a way of automatically adjusting the power settings on the ultrasound machine in real-

time. Thus, acquiring an HDR stack of muscle activity, such as the heart, is not possible

(although ECG-gating can be used to gate cardiac imaging). However, ultrasound machine

manufacturers, such as BK Ultrasound (Peabody, MA, USA), have already integrated real-time

frame-by-frame power level adjustments into their system application programming interfaces

(APIs). Implementation of HDR-US imaging in such systems would enable a set of HDR

images to be acquired in just four consecutive frames, which would result in an acquisition

time of 50 ms for a probe with an 80 Hz acquisition rate. Images at different power levels can

be acquired fast enough such that tissue or probe motion causes minimal misalignment. These

images can then be aligned using standard algorithms, such as SIFT or Ward’s method [98].

The HDR computations, which are already optimized for mobile computing platforms, can

easily be integrated into the ultrasound data processing pipeline, including 3DUS imaging.

In our studies, we were limited to using the S-video output for image capture, which

introduces noise in the image. Once the HDR computations are integrated into the image

formation pipeline, using the clean digital signals will lead to higher-quality HDR images.

One common issue with imaging rigid instruments with ultrasound is the ringing and

shadowing artifacts from the tool. Here we did not explicitly address these artifacts; however,

the tone-mapping step will automatically prevent the instruments from getting saturated,

and the HDR computations will reduce the prominence of these artifacts. See [99, 100] for

in-depth analyses of ultrasound artifacts arising from metallic instruments, and methods to

reduce such artifacts.

Readers familiar with ultrasound imaging may question whether time gain compensation

(TGC) can compensate for signal loss due to attenuation, thereby obviating the need for

HDR-US. It should be noted that the utility of TGC is limited to cases when the attenuation

media is approximately homogeneous in the lateral direction (i.e., at a given depth, the

dynamic range of the media is narrow). Otherwise, adjusting the TGC will not prevent

structures from getting overexposed or lost.
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5.5 Conclusions

In this chapter, we have shown that standard HDR imaging techniques can be used to improve

the dynamic range of ultrasound images. Based on acoustic equations, we argued that the

power settings can be used as an analog to exposure time in HDR calculations. We evaluated

five tone mapping operators based on the peak signal-to-noise ratio. The results based on

images acquired from ex vivo and in vivo tissue showed that the Durand TMO produces

LDR images with the widest perceivable dynamic range. Extending the dynamic range of

ultrasound imaging can improve the performance of further image processing steps. The benefit

of HDR-US will be the greatest in procedure guidance, where we face the broadest dynamic

range, due to the presence of highly reflective surgical tools and deep tissue structures.
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Chapter 6

Quantifying Tissue Dynamics In

Biomechanics Studies Through

Ultrasound Imaging

This chapter describes the development of a non-invasive system for characterizing human

tissue dynamics. The system combines medical ultrasound imaging with an optical tracking

system and a vertical exciter that can impart whole-body vibrations on seated subjects. Tissue

motion is extracted from the ultrasound images, and in combination with the optical tracker

data, the frequency response of the tissue is calculated based on the commanded vibration

of the seat and the resultant motion of the tissue. Dynamics of abdominal organs and the

upper leg are characterized using the developed system. The ultrasound imaging method

presented here will provide insight into the dynamics of soft tissues, as well as their boundary

conditions with surrounding organ systems. The identified characteristics can be utilized for

surgical planning and simulation as well as for validating a finite element model that is being

developed to predict vehicular ride comfort in the early stages of automobile design. I closely

collaborated with Daisuke Yamada on this work.
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6.1 Motivation

Understanding the in vivo dynamics of soft tissue, including its interaction with adjacent

tissues, is a key problem for many fields of study. An accurate understanding of the dynamics

can improve the fidelity of computational models of the human body. For instance, in surgical

planning and simulation, a computational model of the patient based on medical images is

used to evaluate surgical procedures [101]. The static configuration of internal organs has

been modeled in previous work, but the dynamic response of soft tissue, including contact

forces between adjacent tissues, was not well characterized. In the automobile engineering

field, computational models of passengers have been studied to predict vehicular ride comfort

in automobile design [102]. Distribution of contact pressure between the seat cushion and the

passenger’s anatomy have been well validated. However, conventional modeling studies did not

focus on the dynamic response of soft tissues inside the passenger’s body, thus the relationship

between dynamics and subjective comfort are yet to be clarified. The reason for this gap

between tissue dynamics modeling and comfort estimation can be attributed to the lack of

robust methods to observe internal tissue dynamics and to validate tissue dynamics models

that have already been developed. Therefore, validating models of the human body dynamics

requires developing a measurement method that can characterize the in vivo dynamics of soft

tissue.

Ultrasound is a promising imaging modality for observing the in vivo dynamic motion

and deformation of soft tissue due to its compact form, low cost, high sampling rate, and

noninvasive nature. Ultrasound imaging has been previously used in biomechanics studies to

estimate the muscle and tendon dynamics during walking [28–30]. Such work has shown how

deformation of aponeuroses and connecting fascicles impact the biomechanics of gait.

The work presented here combines an ultrasound imaging system with a whole-body

vibration exciter. Using this system, the dynamic characteristics of soft tissues can be

identified in terms of a frequency response function by associating the observed response

with the input vibration. An optical tracker is used to compensate for the vibration induced

motion of the ultrasound probe. In addition to the design of the system, initial results of
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Figure 6.1: System setup.

abdominal organs and upper leg are presented.

6.2 Experimental Setup

The system consists of (1) an ultrasound imaging device, (2) a vibration exciter, and (3) an

optical tracker, as shown in Fig. 6.1. The ultrasound imaging device (Sonos 7500, Philips

Healthcare, Andover, MA, USA) was used to acquire images of soft tissue for recording the

dynamic response. A transesophageal echocardiography (TEE) ultrasound probe (Omni III,

Philips Healthcare, Andover, MA, USA) was affixed to the surface of the subject’s body.

The TEE probe was chosen for its low-profile, reducing moments of inertia that can cause

the probe to move during excitation, as well as its steerable ultrasound imaging plane. An

active seat suspension system (Bose Ride System, Bose Corporation, Framingham, MA,

USA), which was originally developed to reduce passenger vibration by counteracting external

disturbances, was repurposed as a vibration exciter. Its powerful electromagnetic actuator

lends itself well to generating input vibrations that can mimic road conditions. An optical

tracker (fusionTrack500, AtracSys GmbH, Switzerland) was used to track the spatial position
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Figure 6.2: Coordinate frames of targets of interest. The optical tracker records the pose of reflective
markers that are attached to the ultrasound probe, the subject, and the rigid base frame of the vibration
exciter (defined as the world coordinate frame).

of reflective markers at a sampling rate of 333 Hz and accuracy of 90 µm. Passive motion of

the ultrasound probe, the responses at the surface of the subject’s skin, and the vertical seat

motion xseat were tracked.

After attaching the reflective markers, ultrasound images and trajectories of the reflective

markers were recorded while the subject was exposed to whole-body vibrations. The experi-

mental subject maintained their posture throughout the experiment. In order to temporally

align the ultrasound images with the optical tracker data, the ultrasound probe was given a

step input both at the beginning and at the end of the experiment.

An image processing pipeline was developed to extract the motion of the stomach from the

ultrasound images. First, features in the ultrasound image were automatically extracted using

the Shi-Tomasi minimum-eigenvalue algorithm [103]. Second, the features were automatically

tracked by using the Kanade-Lucas-Tomasi feature tracking algorithm [104], and displacement

fields were calculated. Velocity fields were also calculated (Fig. 6.3) using the Lucas-Kanade

optical flow algorithm [105]. Feature trajectories extracted from ultrasound images were

temporally aligned with optical tracker data. The feature trajectories were then transformed

to world coordinates using the measured poses of the ultrasound probe, thus compensating for

the passive motion of the ultrasound probe. The vertical component of the transformed feature
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Figure 6.3: Velocity fields extracted from ultrasound images of (a) abdominal organs, and (b) the
upper leg. Images were acquired at resonance frequencies of 4 Hz for the stomach and 8 Hz for the
femur.

trajectories is defined as xoutput. Relative position and orientation between the ultrasound

imaging plane and the reflective markers attached to the ultrasound probe were previously

calibrated using the algorithm described in [106]. Finally, the frequency response function

(FRF) of soft tissue, A(ω), was calculated as a transfer function defined as

A(ω) = Xoutput(ω)
Xseat(ω) (6.1)

where X is the Fourier transform of x, and ω is the frequency. Analysis was limited to only the

vertical direction in these experiments; we aim to study the full three dimensional deformation

of tissue in future studies.

Ultrasound images of both the abdominal organs in the sagittal plane and the upper leg

in the transverse plane were acquired to identify dynamics using the developed system. Two

kinds of input signals, sinusoidal and frequency sweep, were introduced. Frequency of the

sinusoidal signal ranged from 1 Hz to 10 Hz at 1 Hz intervals. The frequency of the frequency-

sweep continuously ranged from 1 Hz to 10 Hz across a 20 s time span. Two acceleration

amplitudes, 1 m/s2 r.m.s. and 2 m/s2 r.m.s., were employed for each signal type. However,

the combination of 2 m/s2 r.m.s. and 1 Hz was omitted due to the travel limits of the vibration

exciter. The experimental procedure and conditions were approved by the Harvard University

Committee on the Use of Human Subjects.

The experimental setup was controlled using a Qt-based user interface. The Frame Grabber
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Figure 6.4: Ultrasound images of the femur and the stomach were acquired using a TEE probe. The
tip of the TEE probe is shown at the top.

and Data Logger classes were inherited from the system developed in Chapter 3.

6.3 Results

Fig. 6.4 (a) shows a raw ultrasound image of the abdominal organs. Stomach, liver, abdominal

muscles, and the surrounding connective tissue - such as omentum - can be seen in the image.

The abdominal muscles were recognized as a thick layer separated from other internal organs

with a bright curve. The stomach was observed as a black hollow area surrounded by a bright

ellipsoidal perimeter. Fig. 6.4 (b) shows the upper leg, where the femur and surrounding

quadriceps can be seen in the image. Since the ultrasound is mostly reflected at the surface of

the bone, only the top edge of the femur was observed as a bright arc.

6.3.1 Frequency Response

Fig. 6.5 shows FRFs for (a) the head, (b) the sternum, and (c) the knee. The responses

at the surface of the passenger’s skin were observed using the optical tracker during the

frequency-sweep. FRFs for (d) the stomach, and (e) the femur are also shown in Fig. 6.5.
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Figure 6.5: Frequency response of internal and external anatomy to sinusoidal inputs at 1 m/s2 and
2 m/s2 acceleration.

These responses were extracted from the ultrasound images acquired with the sinusoidal

excitation. The solid lines represent the response to 1 m/s2, and the dotted lines represent

those to 2 m/s2. The curves were interpolated using a cubic spline algorithm.

6.3.2 3D Reconstruction of the Stomach

Using the techniques developed in Chapter 3, the shape of the stomach was reconstructed

from 37 ultrasound images acquired using the TEE probe. A cross-section through this 3D

ultrasound volume is shown in Fig. 6.6, where the stomach cavity is shaded in green.

6.4 Discussion

Peaks of magnitude and phase delays shown in Fig. 6.5 suggest that the passenger-seat

coupled system has resonance characteristics. However, the resonance frequencies vary with

location on the body. Since the experimental subject reported that 4 Hz of imparted vibration

was the most uncomfortable, it is implied that the resonances at the head, the abdominal

muscle, and the stomach can induce the subjective feeling of discomfort. Correlations between
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Figure 6.6: 3D reconstruction of the stomach at 4 Hz sinusoidal input. 37 ultrasound images were
acquired from 0 to 180 degrees at 5 degree intervals. The stomach cavity is shaded in green.

xseat and all xoutput were high, suggesting that the linear analyses are feasible. However, as

shown in Fig. 6.5, the FRFs depend on the amplitude of the input signal, indicating that

the passenger-seat coupled system is nonlinear. In external responses shown in Fig. 6.5 (a),

(b), and (c), higher amplitude causes the resonance frequency and the peak levels of |A(ω)|

to be lower. In contrast, no consistent tendency due to the amplitude is observed in the

internal responses shown in Fig. 6.5 (d) and (e). Further experiments are required to reveal

the amplitude dependency.

Cyclic vertical vibrations of soft tissue were clearly observed in the ultrasound images. We

observed that the direction of velocity of the stomach is shifted from that of the abdominal

muscle. Passive motion of the ultrasound probe caused by the imparted vibration can be one

reason of the phase difference. However, the difference in dynamics between the abdominal

muscle and the stomach can be considered to be dominant to the phase delay between the

velocities, because the phase delays at 4 Hz have a difference of approximately π/8. Moreover,

the quadriceps respond not only in the vertical but also the lateral direction, though only

a vertical input was applied. It is revealed that multi-dimensional vibration modes can be

observed inside the subject’s body.
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6.5 Conclusion

A tissue dynamics characterization system comprising an ultrasound imaging system, a

vibration exciter, and an optical tracker is presented. The system can identify in vivo soft

tissue dynamics as a frequency response function. Dynamics of soft tissue in abdominal organs

and upper leg were characterized using the developed system, and shown to be different from

those observed at the skin surface. 4D (3D + time) reconstruction of resonance mode shapes

will be conducted in future work. The identified shapes of soft tissue, including boundaries

with adjacent tissues, will be utilized for estimating contact forces with inverse finite element

analysis.

Motivated by the small size of the TEE probe and the high frequency image acquisition

capability ultrasound imaging, we created a new tool for biomechanics research, which enables

researchers to study and characterize the dynamics of internal organs and muscles. We aim to

combine the ultrasound images acquired during our studies with MR images of our subjects

to create accurate whole-body finite element models. These models will then be validated

using the analysis methods presented here.
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Chapter 7

Conclusions and Future Work

In this work we aimed to present new methods and systems to improve the acquisition and

processing of ultrasound images for clinical applications, with the goal of advancing diagnostic

capabilities and enhancing robotic and image-guided interventions.

7.1 Contributions

Contributions of this work can be grouped into the four areas below:

7.1.1 Autonomous Steering of Flexible Instruments

We developed a robotic system for autonomous steering of ICE catheters to enable real-time

tracking of cardiac structures and other instruments (e.g. ablation catheters) during cardiac

interventions. I developed a computationally efficient framework to enable real-time control

of the robot. Results from in vivo animal trials demonstrated accurate autonomous steering

of ICE catheters inside a beating heart despite unmodeled disturbances due to respiratory

motion and cyclical disturbances from cardiac motion. This enables real-time monitoring of

the interaction between instruments and the cardiac tissue, potentially leading to a decrease

in the use of X-ray fluoroscopy, and improving the quality of ablations.
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7.1.2 Real-Time 3D Ultrasound Image Generation and Visualization for

Procedure Guidance

Using the aforementioned robotic catheter system, I developed a framework to enable real-time

reconstruction of 3D ultrasound volumes from the 2D images acquired by the ICE catheter. I

implemented the computationally-demanding volume reconstruction and rendering algorithms

in CUDA. We conducted two in vivo trials, in which we generated 3D views of the heart

in real time. This work improves visualization of cardiac structures during interventions,

potentially improving the efficacy of ablation procedures, thus leading to a decrease in the

recurrence of arrhythmia after ablation and in the use of X-ray fluoroscopy.

7.1.3 Improving Ultrasound Image Quality Through Bayesian Methods

and Enhanced Dynamic Range

We applied computational photography and machine learning techniques to improve ultrasound

image quality. We used Gaussian process regression to increase interpolation accuracy in

converting ultrasound scanlines to B-mode images. We analyzed in vivo ultrasound data

acquired using both parallel and divergent scanline probes to validate the performance of GP

regression. Using leave-N-out cross-validation, we qualitatively and quantitatively showed that

GP regression leads to better B-mode conversion than other interpolation methods, indicated

by the higher values of the quality metrics.

We also developed methods to acquire and generate high dynamic range ultrasound

images, similar to how smartphones and digital cameras can combine pictures taken at

different exposures to improve the visibility of different structures. We have shown that

standard HDR imaging techniques can be used to improve the dynamic range of ultrasound

images. Based on acoustic equations, we argued that the power settings can be used as an

analog to exposure time in HDR calculations. We evaluated five tone mapping operators

based on the peak signal-to-noise ratio. The results based on images acquired from ex vivo

and in vivo tissue showed that the Durand TMO produces LDR images with the widest

perceivable dynamic range. Extending the dynamic range of ultrasound imaging can improve
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the performance of further image processing steps. The benefit of HDR-US will be the greatest

in procedure guidance, where we face the broadest dynamic range, due to the presence of

highly reflective surgical tools and deep tissue structures.

7.1.4 Ultrasound Image Acquisition and Processing for Biomechanics Stud-

ies

Thinking about uses for ultrasound imaging outside the confines of surgical robotics, we

proposed to use ultrasound imaging to acquire real-time, high frame rate information about

the state of muscles and other tissue inside the human body in a non-invasive fashion. Together

with collaborators, I developed a platform for characterizing the dynamic response of human

muscles and internal organs, such as the stomach, and conducted IRB-approved studies with

human subjects. Ultrasound images of the stomach are compounded in 3D space to reconstruct

the shape of the stomach. The data collected in these studies will help improve the fidelity of

finite element models of the human body.

7.2 Future Directions

In general, as researchers we should make sure that our projects are clinically relevant, and

that the benefits of the systems we develop are worth the costs. There are many medical

robots that never make it into an operating room, and I firmly believe that we can do better

if we do our due diligence in finding the clinical needs, including our clinical collaborators in

design decisions, and making clinical impact our primary goal.

An interesting investigation would be on whether the HDR-US imaging techniques and

GP regression methods developed in this thesis can improve the performance of further image

processing steps such as registration or segmentation. The HDR-US imaging techniques

and GP regression methods can be combined to further increase the level of detail visible in

ultrasound images.
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Figure 7.1: Ex vivo ultrasound study of a kidney.

7.2.1 Applications to Other Organs

The methods and systems described in this thesis are not limited to use in cardiac interventions,

but can be adopted to other organ systems as well. The autonomous catheter steering system

we developed can enable new procedures through ultrasound-based image guidance. For

example, during partial nephrectomy, a portion of the kidney is surgically resected to remove

tumors. Ultrasound imaging can be used during these procedures to identify tumor margins

and in real time provide guidance to the surgeon. We performed an ex vivo ultrasound imaging

study to determine whether an ICE catheter can be inserted inside the renal pelvis through

the ureter to image the kidney from within. Fig. 7.1 shows an excised porcine kidney placed

in a water tank. An ablation catheter was pressed against the outer surface of the kidney

to as a surrogate for surgical instruments. The tissue-catheter interface was imaged using

an ICE catheter, which was positioned inside the renal pelvis. The tissue deformation due

to contact with ablation catheter can be clearly seen in the ultrasound image, as well as the
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ringing artifact due to the metallic ablation catheter tip. After the experiment, the kidney

was dissected to expose the renal pelvis to demonstrate how the ICE catheter can be steered

to change the imaging plane direction. Results from this study indicate that an ICE catheter

can be used to monitor tissue-instrument interaction during procedures such as nephrectomy,

and can be used to detect tumor margins and provide guidance to the surgeon.

7.2.2 Catheter Steering

Another area of interest is improving controller performance for continuum manipulators.

There are often unmodeled parameters that reduce accuracy and stability, but these parameters

could be learned using adaptive algorithms and other machine learning methods. Modeling or

learning catheter dynamics can allow for more accurate control and motion compensation.

7.2.3 4D Reconstruction, Strain Imaging, Image-Guided Steering

Extending the real-time 3D volume reconstruction to enable 4D reconstruction is algorithmi-

cally straightforward. Our current implementation interpolates the volume when all of the

slices have been acquired. Changing this such that the volume is updated after each slice

could potentially speed up the computation, because a more efficient convex hull algorithm

can be implemented in this case.

The volume renderer can be upgraded to add shading to the volume based on surface

normals. This technique could help differentiate cardiac structure better.

One exciting extension of this work is to perform strain imaging on the cardiac tissue.

Using the high resolution 4D volumes generated from the ICE catheter, it should be possible

to measure the contraction of the cardiac muscle, which could help identify ischemic tissue

regions to guide targeted therapy delivery.

In addition, the volumetric data can be used to improve electromagnetic sensor readings

through a sensor fusion approach, and allow for tissue tracking in addition to instrument

tracking during cardiac interventions.
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7.2.4 GANs for Scanline Conversion

Generative adversarial networks (GANs) have received a great deal of attention recently due

to their generative nature [107]. GANs can learn complex distributions, therefore we are no

longer restricted to models like Gaussian processes or Gaussian mixture models. This makes

them interesting for use in ultrasound scanline conversion, since a GAN can potentially better

learn the underlying distribution. Similar to how we perform kernel optimization in Chapter 4,

a GAN can be trained to receive a subset of ultrasound scanlines, minimize the MSE error

during training, and then generate a full resolution image. GANs have been used to create

super-resolution images in [108].

7.2.5 Compensation for Brain Shift

In brain surgery, MRI-based image guidance is crucial. However as brain tissue is removed

(and other factors such as swelling, gravity, etc) the brain tissue shift and the MRI image is

no longer accurate. Currently, ultrasound imaging is used to deform the preoperative MR

image to the current state, however this can only be done once an hour, since the ultrasound

probe is large and imaging the brain disrupts the surgical field. ICE catheters are FDA

approved for clinical use, and they can be used to simply sit on the surface of the brain and

continuously acquire ultrasound images during surgery. This will allow the MR image to be

updated much more frequently. Continuous ultrasound monitoring of brain shift can therefore

improve procedure guidance, preserving the maximum amount of healthy brain tissue.

7.2.6 3D Printed Ultrasound Phantoms

Tissue phantoms are valuable medical imaging tools that are critical in the development and

validation of new imaging technologies and analysis methods, as well as training residents and

clinicians. However current techniques prohibit the manufacturing of phantoms which can

replicate real tissue characteristics as well as anatomy, limiting the realism and utility of these

phantoms. Manufacturing cost-effective phantoms that have both the desired mechanical and

optical properties is still an elusive goal.
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Figure 7.2: (left) Top view of a phantom with fibrillar structures. (right) Ultrasound image of the
phantom acquired using a 15 MHz probe along the dashed red line.

Phantoms are useful for a multitude of applications:

1. Training residents who are not familiar with the imaging technology,

2. Ground truth data for testing and validating medical image processing algorithms, such

as image segmentation, or elastography.

3. Ground truth data for testing and calibrating imaging systems (e.g. ultrasound probes).

Building tissue phantoms for medical imaging is currently a time consuming task, with

very limited feature complexity and repeatability. Often, 3D printed molds are used to cast

internal features, which are then embedded in a surrounding matrix. The curing time for

these parts is on the order of tens of hours, leading to long manufacturing times. Phantoms

do not have the look and feel of real tissue [109–112].

In collaboration with James Weaver, PhD, Christoph Bader, and Dominik Kolb, we

developed 3D printing methods that can be used to directly print arbitrary geometries using

multiple materials at once. This allows the printing of anatomical features at very fine

resolutions 30 µm with excellent repeatability in a few hours without requiring any molding or

assembly. The phantoms are ready for imaging as soon as they are done printing. A similar

process was independently reported in [113].

These 3D printed ultrasound phantoms can be used for training new residents and clinicians

in ultrasound imaging and palpation, validating image processing algorithms, and calibrating
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ultrasound probes and systems. For use in training, the phantoms can be printed using clear

on clear material, or completely opaque such that trainees cannot see the features inside the

phantom.

Future work should focus on identifying impedance, reflectivity and transmittivity indices,

attenuation constant, speed of sound, and Young’s modulus.

7.2.7 Future of Ultrasound

A 3D ICE catheter with a 24° × 90° imaging cone has been recently released (AcuNav V,

Siemens Healthcare GmbH, Erlangen, Germany) and can provide upwards of 40 volumes per

second. The limited size of the imaging cone still does not provide a full view of most cardiac

structures, however the 3D images can be combined more accurately using 3D registration

techniques developed in [55].

An exciting future awaits ultrasound imaging, where ultrasound will enable the development

of a real-world medical tricorder from Star Trek. Butterfly Network, Inc. is a startup

company working to revolutionize ultrasound imaging by using silicon-based ultrasound

transducers instead of piezoelectric crystals [114]. Combined with miniaturized electronics

and by harnessing the computing power of mobile devices (e,g. iPhones), this company is

aiming to sell self-contained ultrasound probes for less than $2,000. In addition, machine

learning techniques will enable inexperienced clinicians (and perhaps home users in the future)

to get accurate diagnosis.

It is quite likely that the first extraterrestrial settlers will take ultrasound probes with

them to their colonies. The low cost, small size, and low power requirements make them

ideal for interplanetary travel. Combined with machine learning and high intensity focused

ultrasound (HIFU), these systems of the future can both autonomously diagnose and treat

diseases. The work presented here improves the quality and utility of ultrasound imaging for

future generations to come, both terrestrial and extraterrestrial.
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