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Abstract

Minimally invasive laparoscopic interventions, despite being widely
used within different disciplines of surgical oncology, are restricted by
several factors including limited contact sensing and haptic feedback,
a loss of stereoscopic depth perception, indirect camera navigation and
reduced dexterity. The development of robotic systems in recent years
has aimed to address these limitations by adding force-sensing capa-
bilities to the instruments, providing a stereo camera with a robotic
holder, and increasing the degree of freedom in the instruments. How-
ever, most of the systems only allow teleoperation where the robot
directly duplicates the surgeon’s motions without any level of auton-
omy. Despite their increasing application, many robotic systems have
been designed without taking full advantage of new imaging techniques
that can assist surgical diagnosis and planning via multi-scale anatom-
ical and pathological information. Existing studies on the integration
of imaging techniques into intraoperative guidance have demonstrated
promising outcomes in terms of improved surgical precision, reduced
tumour margins, better nerve-sparing results and an improved con-
sistency of treatment. This research proposes a framework for the
automated scanning of various imaging modalities including endomi-
croscopy, optical coherence tomography and ultrasound. The scanning
results are fused with the endoscopic view to provide a clear and intu-
itive visualisation for the surgeon, aimed at assisting surgical planning.
To facilitate the automation of the scanning task via visual servoing,
real-time vision-based tracking methods for surgical instruments have
been developed. Furthermore, dynamic surgical environments, such as

tissue motion, are considered in the autonomous scanning framework,



by estimating the motion characteristics and adapting the motion dur-
ing the scanning task. The results provide valuable insights into im-
proving surgical diagnosis and navigation for image-guided robotic
surgery in the form of autonomous robotics, and motivate the devel-
opment of autonomous systems for surgical tasks, while reducing the

cognitive workload of the surgeon.
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B.3.

Top row: the reconstructed tumour is overlaid on la-
paroscopic images to provide an augmented view for
tumour localisation and diagnosis. Bottom row: ultra-
sound image is overlaid according to current position of
the probe. Left and right column show examples of the

10mm and 15mm tumour respectively. . . . . . . . ..

Experimental setup of the da Vinci® system with the
dVRK (a), needle tracking for moving the needle from
initial position (b) to desired target insertion point (c),
wound detection under different camera views (d, e).

The running suture task (a) and the learned motion for
"Subtask 1”7 (b) as reproduced from multiple demon-
strations using the HSMM. The ellipses correspond to
the covariances for each state of the HSMM. . . . . . .
Examples of the needle driver tip trajectory for auto-
mated initialisation of the needle at the desired inser-
tion point (orange) followed by automated playback of
the learned motion for the first subtask (blue) under
different initial conditions in the robot base coordinate

system [mml. . ..o
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List of Acronyms

AR Augmented Reality
CAS Computer-Assisted Surgery
CLE Confocal Laser Endomicroscopy

CT Computed Tomography

DOF  Degree-of-Freedom
DVRK da Vinci® Research Kit

EKF Extended Kalman Filter
EM electromagnetic
EPNP  Efficient Perspective-n-Points

FOV Field-of-View

I1GS Image-Guided Surgery
IME Interquartile Mean Error

LUS Laparoscopic ultrasonography
MC Motion Compensation
MIS Minimally Invasive Surgery

MRI Magnetic Resonance Imaging

NCC Normalised Cross-Correlation
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OCT

PCA
PCLE
PNP
PSM

QGO
RMIS
RMSE

ROS

VS
VTK

Optical Coherence Tomography

Principle Component Analysis
probe-based Confocal Laser Endomicroscopy
Perspective-n-Points

Patient Side Manipulator

Quantised Gradient Orientations
Robot-assisted Minimally Invasive Surgery
Root Mean Square Error

Robot Operating System

Visual Servoing

Visualisation Tool Kit
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1. Introduction

It was not until the mid-19th century that surgery was considered a
valuable treatment for human diseases or injuries due to the previ-
ous lack of proper pain control through anaesthesia. The discovery
of anaesthesia allowed more intricate operations in the internal re-
gions of the human body to take place. However, more dangerous
post-operative infections were caused by inadequate antiseptic tech-
niques during surgery. The introduction of sterile surgery and the use
of anaesthetic laid the foundation for modern invasive surgical tech-
niques. Wilhelm Roentgen discovered X-rays, which could be used as
a medical diagnostic tool allowing the internal structure of the human
body to be seen and examined without the need to make an incision.
Since the 20'" century, the improvements in medical imaging technol-
ogy have promoted the development of Image-Guided Surgery (IGS)
in which surgeons are able to examine patient’s anatomy by using CT,
MRI, positron emission tomography and ultrasound scans. Over the
past fifty years, these imaging modalities have been extensively used
for preoperative surgical planning, as well as in intraoperative navi-
gation in the context of the wider field of Computer-Assisted Surgery
(CAS). Similar to how GPS assists a driver in navigating a city, CAS
guides a surgeon around the patient’s anatomy during a procedure.
The two key components of CAS are the registration of the patient’s
anatomical model alongside the intraoperative scene and the real-time
tracking of the related surgical instruments and anatomy. The chal-
lenge is minimising the errors in the registration and tracking process
which could lead to an unreliable map for surgical guidance. In recent

years, there has been increasing use of intraoperative imaging modali-
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ties for CAS which includes ultrasound scans, Confocal Laser Endomi-
croscopy (CLE) and OCT. To accommodate the application of these
intraoperative imaging modalities, instrument tracking is essential in
order to provide the correct information to the surgeon.

With recent advances in medical imaging, surgeons are able to per-
form diagnoses or surgeries inside a patient’s body without making
large incisions by using an endoscope. This enables MIS where special
surgical instruments are inserted via a few small incisions. There are
several benefits of MIS to the patient compared to open surgery. These
include reduced haemorrhaging, less pain, a shorter hospital stay and
less chance of postoperative complications. Despite improved patient
outcomes, MIS is more difficult from the surgeon’s perspective due to
loss of dexterity, poor depth perception and the non-intuitive motor
skill caused by the fulcrum effect.

To address the above issues, robotic systems have been introduced
into operating theatres as smart instruments with high precision and
improved dexterity. One of the most successful commercial systems
for Robot-assisted Minimally Invasive Surgery (RMIS) is the da Vinci®
surgical robot (Intuitive, CA). The da Vinci® robot allows the surgeon
to perform surgery from a seated position at a master console with
a magnified three-dimensional (3D) image of the surgical field. The
movements of the surgeon’s hands are duplicated on the instruments
with jointed-wrist design through a robotic arm inside the patient’s
body. It has been applied to cardiac, colorectal, gynecological, thoracic
and urologic surgery. However, the system is expensive, which is the
main criticism of the system.

Surgical robots can easily incorporate medical imaging techniques
for navigation and guidance during RMIS. An example of this has
been presented in [1] where preoperative imaging data is registered to
an intraoperative endoscopic view in which the surgeon can see sub-
surface information via AR techniques. The capabilities of the surgical
robot have been largely extended due to the use of medical imaging

techniques. However, the maximum potential of the robot cannot be
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reached without taking full advantage of artificial intelligence. Surgical
robots can offer the possibility of automating the whole or parts of the
procedures which require high accuracy and repetitive actions while
reducing the cognitive workload of the surgeon. The potential chal-
lenges of automating surgical tasks include the dynamic environment
with deforming tissue, the lack of force sensing between an instrument
and the tissue, and variable surgical plans for different patients. Fur-
thermore, ethical and legal issues may prevent the use of autonomous
surgery. Robust algorithms and hardware designed to automate sur-
gical tasks by using medical imaging and computer vision techniques

are the crucial components of autonomous surgery.

1.1. Research Objectives

Surveys such as that conducted in [2] have shown that fatigue can
negatively impact a surgeon’s performance in terms of accuracy, lead-
ing to tissue damage, increased leak rates, non-goal-directed motion
and operating time. These findings highlight the benefits of automat-
ing surgical tasks or subtasks that are tedious and repetitive or that
require high precision.

Numerous studies [3, 4] have demonstrated that systems with low-
level shared control between the surgeon and the robot, such as the
active constraint technique [5], show promise over freehand in terms
of improved accuracy and shorter completion time. With regards to a
control framework that automates surgical tasks using a robot, visual
servoing, which uses visual information to control the robot, is one
of the most effective approaches as video of the target scene that is
captured by the laparoscope is always available. In order to build an
autonomous framework for executing surgical tasks, the framework is
required to have several essential components: reliable and real-time
tracking of surgical instruments, accurate 3D scene recovery and a
visual servoing method that is robust to errors in the system calibration

and is able to deal with a dynamic environment such as moving tissue.
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This thesis has four major aims. Firstly, it aims to develop a vision-
based instrument tracking algorithm that reliably runs in real-time,
facilitating the automation of surgical tasks via visual servoing. Sec-
ondly, this thesis proposes an autonomous scanning framework for op-
tical biopsy using pCLE and OCT, which are held by a pick-up mount
that is grasped by the da Vinci® robot. In this scanning framework,
the 3D surface of the surgical field is recovered so that an optimal tra-
jectory for the scanning task can be planned accordingly. The surgeon
does not directly control the robot but is responsible for the selection of
the scanning region, the inspection of the planned trajectory, as well as
the supervision of the scanning motion executed by the robot. Thirdly,
several visualisation methods for different imaging modalities are in-
vestigated which include the overlay of pCLE images in the endoscopic
view; a unified visualisation consists of both macro and micro views
of the images in different scales. Fourthly, the autonomous scanning
framework is applied to intraoperative ultrasounds with an extension
where the dynamic environment is considered in order to deal with the

moving tissue caused by respiration.

1.2. Thesis Overview
The outline of the thesis is as follows:

Chapter 2 provides an introduction to the medical imaging modali-
ties and their applications in surgical diagnostic and planning, as well
as the fusion and visualisation of different imaging modalities. It then
reviews surgical tool tracking techniques that can be utilised for nav-
igation and automation in robotic surgery. Next, this chapter briefly
reviews surgical robotic platforms used for laparoscopic surgery. In
the last part, the robotic assistance for surgical task automation is
discussed. In particular, this chapter tries to define different levels of
autonomy of surgical robotics based on the existing literature. The

benefits of automating surgical tasks in MIS are described followed by
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several sample applications. Furthermore, this chapter presents the
challenges faced in developing autonomous surgical robots, taking into

consideration potential ethical and legal concerns.

Chapter 3 proposes a novel marker design to facilitate tracking of
cylindrical instruments. The marker consists of three patterns of dots
and corners which can be detected efficiently in endoscopic images. The
corresponding tracking framework for the proposed marker improves
its reliability compared to previous methods. Thanks to the marker
design, the visibility of the marker is significantly improved, provid-
ing a large working space. In addition to the detection process, the
temporal information of the marker is utilised in the tracking in case
of partial occlusion or reduced visibility. The estimation method for
the instrument pose eliminates the ambiguity of the pose by utilising
additional chessboard corners on the marker. To test the applicability
and the usability of the proposed tracking framework, it is modified
for different tool sizes (6 mm to 14 mm in diameter). Furthermore,
validation results show that the tracking framework provides low pose
estimation error while tracking the instrument in real-time. An exam-
ple of the application of instrument tracking is that ultrasound images
are being overlaid on the endoscopic images using tracked ultrasound
probe positions to provide an augmented view for intraoperative sur-

gical navigation in MIS.

Chapter 4 proposes a model-based real-time tool tracking framework
for robotic surgery. A CAD model of the robotic tool is used to gener-
ate the virtual contour templates based on the robot’s kinematics. The
tool detection is realised by applying a template matching method on
the individual parts of the tools, allowing for articulated tool tracking.
The outlier template matches of the tool parts are rejected based on
the 2D geometrical context. The 3D pose is then estimated by us-
ing an Extended Kalman Filter (EKF). Experiments are conducted on
phantom, ex vivo and in vivo video data, and the results show that the

proposed method outperforms the state-of-the-art methods.
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Chapter 5 presents an autonomous framework using the da Vinci®
robot for endomicroscopic mosaicing and the online fusion of the re-
constructed 3D endoscopic view with microscopic images. The frame-
work utilises both laparoscopic images and pCLE images to close the
control loop to achieve the level of precision required for high-quality
mosaic generation, which relies on a sufficient overlap between con-
secutive image frames. The framework also provides a comprehensive
visualisation and fusion of the multi-scale images by overlaying the
pCLE images onto the surgeon’s view, while generating 2D mosaics in
real-time, and fusing the mosaics into a 3D stereo reconstruction of
the surgical scene. Furthermore, different trajectory patterns are com-
pared via a phantom experiment, and the spiral pattern which leads to
less robot backlash is chosen for the following experiments, including

the ones presented in the following chapter.

Chapter 6 extends the autonomous framework by including OCT
into the scanning task for tissue micro-structure assessment. The
framework can now be used for the automated 2D scanning of the
pCLE/OCT probes, providing tissue surveillance of a large area through
image stitching. Closed-loop control of the robot on the pCLE image
plane (in the lateral position) can result in the loss of probe contact
with the tissue. Therefore, the OCT images are used to control the
robot to maintain the desired distance along the axial direction. The
OCT images are used to create a 3D volume of the tissue structure
which can be fused with a stereo reconstruction and a mosaic image
in the fusion framework. This provides the surgeon with a multi-scale

3D view of the operating site.

Chapter 7 adopts the autonomous framework for intraoperative ultra-
sound scanning and extends it to consider the dynamic environment,
such as moving tissue caused by respiration. The tissue motion is
assumed to be periodic so that the underlying tissue motion charac-
teristics can be estimated before the scanning by utilising an effective

vision-based approach. Next, an optimal scanning trajectory is gener-
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ated by considering both the tissue surface shape and the ultrasound
transducer dimensions. The motion model is then incorporated into
the visual servoing framework. Furthermore, the motion model is up-
dated online to compensate for errors in the model. The proposed

system is validated with both phantom and ez vivo experiments.

Chapter 8 summarises the key findings and contributions of this thesis
and addresses the emerging trends and future research directions for

robot autonomy in surgery.

The key contributions of this thesis include:

¢ Designing a novel hybrid marker and the corresponding tracking
framework that enables tracking of cylindrical instruments in

real-time and allows large working space.

¢ Developing a model-based tracking algorithm for robotic instru-
ment that has real-time performance, by incorporating both kine-
matic and imaging information to estimate pose of the articu-

lated robotic instrument.

« Proposing an autonomous framework for pCLE/OCT scanning
that allows for the generation of large mosaics with minimal in-

tervention from the surgeon.

 Presenting a visual servoing technique to control the da Vinci®
robot to move smoothly for the scanning task, by utilising mul-
tiple imaging modalities including the laparoscope, pCLE and
OCT.

o Providing the surgeon with an intuitive visualisation of multi-
scale image information in order to support the surgical diagno-
sis and the decision-making, by developing an online multi-scale

fusion scheme for robotic surgery.
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e Presenting a trajectory planning method for the ultrasound scan-
ning task that ensures efficient coverage and the optimal probe
orientation as well as a good tissue contact, by considering sur-

face curvature and the dimension of the ultrasound transducer.

¢ Developing an extension of the autonomous framework for intra-
operative ultrasound scanning of the tumour under tissue motion,
by estimating the motion model using vision-based techniques

and updating the model online to correct the errors.
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1.3. Publications from this thesis

The work presented in this thesis has resulted in a number of peer-

reviewed full conference papers and journal publications:

o Zhang, L., Ye, M., Giannarou, S., Pratt, P., Yang, G.-Z.:
Motion-Compensated Autonomous Scanning for Tumour Local-
isation using Intraoperative Ultrasound. In: International Con-

ference on Medical Image Computing and Computer-Assisted In-
tervention (MICCAI). pp. 619-627 (2017).

e Zhang, L., Ye, M., Chan, C., Yang, G.-Z.: Real-Time Surgical
Tool Tracking and Pose Estimation using a Hybrid Cylindrical
Marker. International Journal of Computer Assisted Radiology
and Surgery. 12(6), 921-930. (2017).

o Zhang, L., Ye, M., Giataganas, P., Hughes, M., Bradu, A.,
Podoleanu, A., Yang, G.-Z.: From Macro to Micro: Autonomous
Multiscale Image Fusion for Robotic Surgery. IEEE Robotics and
Automation Magazine. 24(2), 63-72 (2017).

o Zhang, L., Ye, M., Giataganas, P., Hughes, M., Yang, G.-Z.:
Autonomous scanning for endomicroscopic mosaicing and 3d fu-
sion. In: IEEE International Conference on Robotics and Au-
tomation (ICRA). pp. 3587-3593 (2017).

e Zhang, L., Ye, M., Chan, C., Yang, G.-Z.: Autonomous Ul-
trasound Scanning for Intraoperative Tumour Localisation and

Diagnosis. In: Hamlyn Symposium. pp. 5-6 (2016).

e Ye, M., Zhang, L., Giannarou, S. and Yang, G.-Z.: Real-time
3D Tracking of Articulated Tools for Robotic Surgery. In: Inter-
national Conference on Medical Image Computing and Computer-
Assisted Intervention (MICCAI) pp. 386-394 (2016).
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o Pratt, P., Hughes-Hallett, A., Zhang, L., Patel, N., Mayer, E.,
Darzi, A. and Yang, G.-Z.: Autonomous ultrasound-guided tis-
sue dissection. In: International Conference on Medical Image

Computing and Computer-Assisted Intervention (MICCAI). pp.
249-257 (2015).

o Rafii-Tari, H., Vandini, A., Zhang, L., Hughes-Hallett, A., Yang,
G.-Z.: Vision-guided Learning by Demonstration for Adaptive

Surgical Robot Control. In: Hamlyn Symposium. pp. 39-40
(2015).

Additional journal and conference paper related to computer vision

and robotics that have been co-authored:

o Zhang, 7Z., Zhang, L., Yang, G.-Z.: A computationally efficient
method for hand—eye calibration. International Journal of Com-

puter Assisted Radiology and Surgery. pp. 1-13 (2017).

o Grammatikopoulou, M., Zhang, L., Yang, G.-Z.: Depth Esti-
mation of Optically Transparent Laser-Driven Microrobots. In:

IEEE International Conference on Intelligent Robots and Sys-
tems (IROS). [In Press| (2017).

e Ye, M., Johns, E., Handa, A., Zhang, L., Pratt, P., Yang, G.-
Z.: Self-Supervised Siamese Learning on Stereo Image Pairs for

Depth Estimation in Robotic Surgery. In: Hamlyn Symposium.
pp. 27-28 (2017).
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2. Literature Review on
Image-Guided Navigation
and Surgical Task

Automation

2.1. Introduction

The adoption of MIS is largely due to its benefits of small keyhole
incisions on patients. The small incisions lead to significantly less
blood loss compared to open surgery, and therefore a faster recovery
and shorter hospital stay. However, it is physically more difficult for
the surgeon who has to look at a distant monitor, which provides a
2D view of the operating site. Furthermore, the laparoscope is being
held by an assistant without the surgeon having direct control. The
assistant can suffer from fatigue during long operations which results
in an unsteady field of vision. In addition to the vision issues, the
instruments used in laparoscopic surgery introduce a fulcrum effect
due to the incision being made in the abdominal wall. The fulcrum
effect requires the surgeon to move the instruments reversely, which
requires a prolonged and sustained learning curve.

The disadvantages of MIS can be addressed by surgical robots such
as the da Vinci® system where a 3D stereo display and instruments
with wrist movement are provided. The surgeon is able to sit in an

ergonomically comfortable pose and rest the arms on a padded bar.
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The instruments are controlled by the surgeon directly using a pair of
master manipulators. The surgeon’s hand motions are scaled and du-
plicated on the instrument with tremor filtration. Hence, the surgical
robot extends the surgeon’s ability as accurate and small movements
are achievable, allowing for more complex surgeries to be conducted
with a minimally invasive approach. The robotic manipulators are un-
der the direct control of the surgeon in a teleoperation scheme where
no intelligence is available. Existing research has established that some
automated surgical tasks have comparable or better outcome in terms
of precision and speed compared to the surgeon completing the tasks
manually. The automation of tedious and repetitive tasks can reduce
the fatigue of the surgeon during long operations, which avoids poten-
tial safety issues.

Advances in imaging technology (such as CT, MRI, ultrasound and
endomicroscopy) have had a significant improvement in disease diagno-
sis and surgical planning. Both preoperative and intraoperative imag-
ing modalities can be used in RMIS to allow surgeons to see inside
the body and underneath the tissue so that complications can be min-
imised. Several studies have shown that the image guidance for robotic
surgery can be achieved by using the patient model from a preopera-
tive C'T scan and an intraoperative ultrasound. Recent developments
in imaging technology have revealed that the molecular and cellular
imaging modalities such as endomicroscopy and OCT can be used in
RMIS where metabolical and physiological information is available for
surgeons in real-time. Another benefit of autonomous surgery is the
real-time fusion of different imaging information from the macro scale
to the micro scale, which allows surgeons to obtain a more complete
understanding of the condition.

Autonomous surgery allows for different imaging information to be
incorporated and surgical tasks to be completed with robot control.
This chapter also explores the different levels of autonomy in robotic
surgery, followed by the advantages of an autonomous surgical system.

Both commercial products and the research surgical robotic platforms
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are introduced. Lastly, the current challenges in developing a clinically

acceptable system with automated features are discussed.

2.2. Imaging Modalities and Fusion
Techniques in MIS

Image-guided techniques are fast becoming an essential component of
MIS to address some of its limitations including the lack of tactile feed-
back to the surgeon and a reduced 3D perception. A major challenge
of MIS is that the localisation of the targeted anatomical structures,
such as non-superficial tumours and critical nerves, is almost impos-
sible with the human eye if no haptic feedback is provided. Without
the exact location and the dimension of these targets, the decision-
making during surgery becomes a very challenging task. Some studies
have presented the efficacy of using preoperative imaging for surgical
guidance and navigation. However, it is not sufficient to only rely on
preoperative images because the shifting of abdominal organs under
the pneumoperitoneum may cause differences between the preopera-
tive images and the surgical field. To address this issue, preoperative
imaging data can be registered with intraoperative imaging data to pro-
vide updated real-time navigation for laparoscopic procedures. While
conventional imaging modalities, such as X-rays/CT, MRI, and ultra-
sound scans, have been routinely used in IGS, other optical imaging
techniques that allow for cellular imaging and the evaluation of tissue
micro-scale structure have been emerged for surgical oncology. New
imaging techniques, which provide real-time structural or pathological
information of the tissue, can assist in tumour margin delineation dur-
ing the procedure. Furthermore, imaging data from multiple modalities

can be fused to provide multi-scale comprehensive tissue information.
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Figure 2.1.: A demonstration of intraoperative navigation using a pre-
operative CT/MRI model for image-guided robotic partial
nephrectomy ©2012 Springer [6]. (a) Kidney model with
tumours built from CT/MRI scan; (b) An augmented en-
doscopic view of the tumour using inverse realism method
[7]; (¢) Excision boundary for the tumour dissection; (d)
Overlay the boundary in the endoscopic view.
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Table 2.1.: Comparison between imaging modalities for MIS in terms
of their penetration depth, resolution and acquisition rate.

Technique Image depth Resolution Acquisition rate
CT — ~1 mm video rate
MRI - ~1 mm up to 30 Hz

Ultrasound 10 to 100 mm 20 to 100 pm video rate

Fluorescence ~10 mm camera resolution video rate
NBI 1 to 2 mm camera resolution video rate
CLE ~100 pm ~1 pm 10 to 120 Hz
oCT up to 3mm ~ 10 pm up to 120 Hz

2.2.1. Imaging Modalities and Applications

CT and MRI are two primary imaging modalities used for IGS in which
the image data is often used preoperatively to create an anatomical at-
las for surgical planning and navigation. While CT provides accurate
and relatively fast imaging at the expense of the exposure to radiation,
MRI provides high-resolution imaging without the radiation issue but
with much lower acquisition speeds. Both modalities are utilised for in-
traoperative navigation by using the preoperative patient model that
is registered with the endoscopic view, as shown in Fig. 2.1. Fur-
thermore, intraoperative CT and MRI imaging techniques have been
developed in relation to MIS for locating abnormal tissue and avoid-
ing critical structures. The intraoperative imaging can be registered
with the endoscopic view to assisting navigation and decision-making
[8] by registering the CT image data with the endoscopic view manu-
ally or via marker-based methods. However, the shortages of CT, such
as its cumbersome and slow registration and the exposure to radia-
tion, restrict its intraoperative applications. Although intraoperative
MRI does not have the radiation issue, it has very a slow update rate,
and it requires specialised instruments for intraoperative usage. Nev-
ertheless, MRI-compatible instruments and robotic devices are being
actively developed and translated into clinical practices.

Laparoscopic ultrasonography (LUS) is a type of medical sonogra-
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Figure 2.2.: A demonstration of intraoperative ultrasound overlay in
robot-assisted partial nephrectomy ©2014 Elsevier [9].
The ultrasound image is superimposed on the endoscopic
view (a) with a cutaway and 1-mm ruler (b).

phy in which a specialised transducer is required. The transducer must
be able to fit through a 10 mm laparoscopic trocar. Existing studies
have suggested that LUS is beneficial for MIS by providing staging
information of the tumours below the surface of organs. LUS has
been commonly used in laparoscopic liver surgery for tumour iden-
tification and localisation [10, 11], laparoscopic cholecystectomy for
bile duct screening [12], and pancreas surgery for cancer assessment
[13]. Recently, LUS has also been used to facilitate intraoperative tu-
mour localisation during partial nephrectomy through the utilisation
of advanced visualisation techniques such as AR [14, 9], as shown in
Fig. 2.2. Robotic ultrasound probes have been developed which can be
grasped by a robotic instrument to improve the manipulability of the
probe [15]. Furthermore, intraoperative ultrasound imaging can be in-
tegrated with preoperative image data to develop a reliable navigation
system [16] for MIS by registering the preoperative patient model with
the ultrasound volume.

Narrow band imaging (NBI) is a non-invasive optical imaging tech-
nique that uses only two wavelengths of light to visualise the mucosa
and blood vessels. NBI offers high-contrast images that highlight the

mucosal surface layer and the haemoglobin-rich areas such as blood
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Figure 2.3.: Laparoscopic white light images (a,c) of metastatic peri-
toneal nodules and the corresponding narrow band images
(b,d) ©2017 Springer[17].

vessels. As shown in Fig. 2.3, NBI images can assist surgeons in defin-
ing resection margins for a cancerous tissue by emphasising features
such as capillary and mucosal patterns. In transoral robotic surgery
(TORS), NBI is used to detect early superficial pharyngeal cancers [18]
which tends to be difficult when using a standard endoscope. Addi-
tionally, NBI is utilised in laparoscopic surgery for gastric cancer [17],
bile leak [19] and ovarian cancer [20].

Near-infrared fluorescence (NIRF) imaging is an innovative imaging
technique that uses contrast agents with fluorescent characteristics in
the near-infrared spectrum. The most widely-used contrast agent is
indocyanine green (ICG), although there are other clinically-approved
fluorescent dyes such as methylene blue. The da Vinci robot also has
fluorescence imaging capability, as shown in Fig. 2.4(a-d). Numerous
studies have demonstrated that NIRF imaging is a safe and effective
method to localise vessels and tumours from the surrounding tissue in
many types of surgery [22, 23] including partial nephrectomy, chole-
cystectomy, colorectal surgery, ureteroureterostomy, lymph node dis-
section, partial adrenalectomy and thymectomy. Another emerging

technique is fluorescence lifetime imaging (FLIM) [24] which produces
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Figure 2.4.: Examples of using fluorescence for tumour and vessel iden-
tification during da Vinci® partial nephrectomy ©2017 In-
tuitive Surgical. Inc.: assessment of parenchymal perfu-
sion during tumour excision (a-b); identification of vessels
in renal hilum (c-d). An example of laparoscopic AR using
fluorescence for identification of ischemic area in a bowel
loop (e-f) ©2017 Elsevier[21].
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an image based on the differences in the fluorescence decay of tissues.
FLIM is able to provide intraoperative evaluation and the potential
diagnosis of tumours in various procedures.

While conventional imaging modalities are essential for surgical on-
cology, early disease diagnosis requires micro-scale real-time imaging.
CLE is an endoscopic imaging modality that allows for a real-time opti-
cal biopsy by providing on-site histologic information on a sub-cellular
level. The tissue being examined is illuminated by a low-power laser
beam and the fluorescence of light reflected from the tissue is detected
through a small aperture. The aperture is placed to align with the
conjugate focal plane of the tissue so that only the returning light
that is emitted from a desired focal plane is detected. While CLE
was initially used for gastrointestinal procedures, the applications of
CLE have been rapidly expanding. In particular, CLE is being utilised
to assist surgical diagnosis during MIS, including intra-biliary imag-
ing [26, 27], intra-abdominal imaging [28, 29, 30], oral cavity [31] and
larynx [32] imaging and cervical imaging [33], as well as neurosurgery
imaging [34, 35, 36]. As shown in Fig. 2.5, CLE has been success-
fully applied to transoral robotic surgery for distinguishing between
carcinomas and benign mucosa.

OCT is a diagnostic imaging technology that allows for the real-
time, high-resolution, cross-sectional imaging of biological tissues in
vivo. OCT imaging is analogous to ultrasound, but instead of us-
ing acoustical waves, OCT emits infrared light and measures the light
backscattered from the patient’s tissue. By combining the backscat-
tered light and a reference signal, a high-resolution spatial image of the
tissue microstructure can be produced. An example of OCT images
and the corresponding histopathological images is shown in Fig. 2.6.
OCT was initially developed for non-invasive ocular imaging as infrared
light can penetrate different ocular media, which can be distinguished
in OCT images [39]. Despite numerous applications in ophthalmology
[40], OCT is also being used emerging in other surgical fields. OCT is

utilised in laparoscopic surgery to acquire real-time diagnostic images
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Figure 2.5.: An example application of the endomicroscope in a tran-

soral robotic surgery ©2015 John Wiley & Sons[25].
(a) The endomicroscopy probe is inserted through a
da Vinci® Introducer, (b,c) the endoscopic imaging of
the oropharynx with corresponding microendoscopic im-
ages and hematoxylin-eosin stained histopathologic images
from the oropharynx of squamous cell carcinoma (b) and
benign mucosa (c).
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Figure 2.6.: (a) A view of in vivo OCT probe on prostate gland adja-
cent to cavernous nerve in a rat model, and OCT imag-
ing and the corresponding histopathology of rat cavernous
nerve (b) and prostate glandular tissue ©2008 Elsevier[37].

Blood vessels

(a) (c) 500pm

Figure 2.7.: (a) Laparoscopic OCT for human ovarian cancer diagnos-
tics, (b) OCT image of ovarian stroma in endometrio-
sis with increased vasculature and (c) corresponding
histopathology ©2009 Elsevier|[38].
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for prostatectomy [41, 42], partial nephrectomy [43] and the identifi-
cation of ovarian tissue [38], which is shown in Fig. 2.7. Furthermore,
OCT is applied to other procedures including: spinal surgery [44], neu-
ral surgery [45], gastrointestinal surgery [46] and breast surgery [47], as
well as intravascular surgery [48]. For a detailed introduction to OCT
surgical applications, the reader can refer to a comprehensive review
in [49].

2.2.2. Imaging Fusion and Visualisation

Intraoperative surgical planning and decision-making requires a com-
prehensive understanding of the positional and structural information
of the targeted tumour and the surrounding critical anatomic struc-
tures such as nerves and blood vessels. While conventional intraoper-
ative imaging modalities such as CT and MRI provide high-resolution
images of the anatomy and the physiological processes of the body,
emerging imaging techniques such as CLE and OCT assist in early
cancer diagnosis by offering micro-scale information about the tissue.
The fusion of the information or images produced by different imaging
modalities can enhance the surgical capabilities of the surgeon. Using
the advanced visualisation of the information from fused imaging, the
surgeon can not only localise the tumour but also distinguish between
normal and cancerous tissue rapidly.

Despite the extensive use of intraoperative ultrasounds, which facil-
itates tumour and vital anatomy localisation without radiation, many
other intraoperative imaging modalities can be fused with ultrasound.
FLIM can be combined with intravascular ultrasounds [24] to pro-
vide a concurrent visualisation of human coronary vessel composition,
structure and pathology, which is shown in Fig. 2.8. A recent study
has integrated the FLIM into the robotic surgery workflow for tissue
characterisation, as shown in Fig. 2.10, by overlaying the FLIM scan-
ning results on the endoscopic view. Furthermore, CLE can be fused

with ultrasound by using a customised robotic device [50], as shown in
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Fluorescence lifetime 3D map

Figure 2.8.: 3D visualisation of intravascular ultrasound images and
fluorescence lifetime images. The fluorescence lifetime val-
ues are mapped on to the 3D lumen surface. Figure by
24] used under CC BY/Adapted from original.
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Figure 2.9.: Fusion of ultrasound and endomicroscopy ©2015 IEEE[50].

48



Figure 2.10.: Overlay of FLIM scanning results on the endoscopic view
(a) in a da Vinci® robotic surgery (courtecy of Jakob
Unger, UC Davis, USA), where a map of FLIM (b-c) is
generated via scanning for tissue characterisation.

Fig. 2.9. The ultrasound imaging technique is enhanced by being fused
with imaging modalities that provide complementary information.
Another imaging modality that is fused frequently is the fluorescence
imaging. Recently, [51] proposed a fibre-based imaging platform that
provides simultaneous FLIM and OCT images using a double-clad fi-
bre. The result of the FLIM and OCT fusion is shown in Fig. 2.11.
Additionally, the fluorescence imaging technique can be used to provide
markers for intraoperative CT model registration and AR visualisation
in laparoscopy [53]. This idea has been applied to the robotic surgery,
as shown in Fig. 2.12. The fluorescent markers have been shown to be

robust in the presence of smoke, blood and tissue.
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Figure 2.11.: A white light image (a) and the corresponding fluores-
cence lifetime image (b) of a coronary artery section. (c)
Fusion of the fluorescence lifetime image with OCT im-
age. Reprinted with permission from [51], Optical Society
of America.

2.3. Tool Tracking and Navigation
Techniques in MIS

The localisation and tracking of surgical instruments is an important
factor in IGS where the relative position between the instruments and
the targeted tissue is used for guidance and navigation. Numerous
studies have been conducted on the tracking of surgical instruments,
which is an essential component of an image-guided navigation system.
The most widely-used and reliable tracking methods that are applied
extensively use external devices such as electromagnetic (EM) and op-
tical trackers. Despite the various applications of EM trackers for en-
dovascular procedures [54, 55], they are also used in laparoscopic [56]
and robotic [57] surgery. For a comprehensive review of EM trackers in
medical applications, please refer to [58]. Regarding optical trackers,
several applications have emerged for CAS [59, 60, 61]. In addition
to the EM and optical trackers, an ultrasound-based tracking method
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Figure 2.12.: An in wvivo study of the intraoperative CT registration
using fluorescent markers for robotic surgery. The white
light image of the fluorescent markers attached to a
porcine kidney (a) and the corrsponding fluorescence im-
age recorded with the da Vinci® Firefly " system (b). The
3D CT data (c) is registered to the endoscopic view using
the fluorescent markers (d) ©2017 Springer[52].
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has been proposed [62], but the low tracking frame rate restricts its
practical application for IGS.

While external devices can be used for instrument tracking, vision-
based tracking techniques do not require extensive hardware integra-
tion as they process endoscopic images directly. Several marker-based
methods have been successfully developed and applied in clinical se-
tups successfully by the use of fiducial markers consisting of chessboard
vertices, [63], circular dots [64], hybrid features and specialised features
[65].

Furthermore, purely image-based methods have been developed to
eliminate the need for modification of the instrument design. Regard-
ing the image-based methods which do not utilise a marker, a detailed
review of the techniques can be found in [66]. To improve the robust-
ness and accuracy of the tracking approaches, there are several studies
that have attempted to combine different tracking devices by using
a template model with kinematics [67, 68], and EM with an optical
tracker [69]. Recently, deep learning techniques has been applied for
recognition and pose estimation of surgical tools [70] where promising
results are shown.

To fully exploit the potential and the advantage of imaging and
tracking techniques in the context of IGS, AR is a useful visualisation
technique for planning and guiding laparoscopic surgery. Laparoscopic
AR has the potential to address the visual limitations of laparoscopy
including the lack of depth perception, a small camera view and poor
hand-eye coordination. As mentioned in [71], a classic AR system pro-
vides accurate AR in the endoscopic view by registering the patient’s
model created from the preoperative or intraoperative images with the
current surgical scene. Furthermore, emerging techniques in laparo-
scopic AR, such as fluorescence-based AR and self-augmentation, are
reliable in providing accurate visualisation of the biological information
of tissue [21].

The implementation and integration of the above components for a

complete image-guided navigation system can be a challenging task due
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to the diverse hardware and software compatibility. To address this is-
sue, several open-source development platforms for image-guided nav-
igation systems are available. Regarding medical imaging processing,
analysis and visualisation, there is the Visualisation Tool Kit (VTK)
[72], the medical imaging interaction toolkit [73], as well as the slicer
[74]. For the tracking of instruments and image-guided navigation, the
image-guided surgery toolkit [75] and CustusX [76] may be the best
options. These open-source platforms have greatly contributed to the

rapid development of IGS.

2.4. Surgical Robotic Platforms

The surgical robotic platform is a comparatively new field of work in
MIS which is also a recent trend in surgery. Over the past decade,
there has been an increasing interest and clinical experience in the
development of surgical robotic platforms. These platforms deliver
potential advantages including an increased precision and flexibility of
motion, an enhanced depth perception and the elimination of tremor,
while also offering a comfortable surgical set-up by allowing the surgeon
to operate the robot in a ergonomic position. The emerging robotic
platforms are becoming more flexible, smaller incisions required and
enhanced in terms of sensing ability. They also have more ergonomic
interfaces, more of a compact footprint and enhanced portability, as
well as being more intelligent and autonomous. As a result, surgical
robots have take advantages over both human surgeons and machines
to achieve better surgical outcomes. While there are many existing
surgical robotic systems available for different types of surgeries, this
chapter only focuses on those which are capable of laparoscopic surgery,
which is the main theme of this thesis. In the following sections, the
existing commercial systems are presented, followed by an overview of

the current research on the development of robotic surgical techniques.
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Figure 2.13.: The da Vinci® Xi surgical robot consists of (from left to
right): surgeon console, vision cart and patient-side cart
©2017 Intuitive Surgical, Inc.

2.4.1. Commercial Systems

The most widely-used surgical robot on the market to date is the da
Vinci® surgical system, developed by Intuitive Surgical (Sunnyvale,
CA, USA). The da Vinci® robot has a typical master-slave setup which
allows the surgeon to sit at a console to perform the procedures, by
manipulating the surgical tools held by the robot at the patient’s side.
The most recent da Vinci® Xi system has improved the anatomic access
compared to its predecessor, by providing easier docking, a larger mo-
tion range and an ability to attach the laparoscope to any arm, while
reducing the arm size for improved portability. As the robot offers
better visualisation and greater dexterity compared to conventional
laparoscopic approaches, it has been adopted for various applications.

The development of alternatives to the da Vinci® robot is ongoing
as the costs of the robot and its consumables are too high, preventing
its promotion in developing countries. Recently, a surgical robot de-
veloped in China called Micro Hand S, has been successfully used for

cholecystectomies and appendectomies, and preliminary results have
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Figure 2.14.: Two surgical robots developed by TransEnterix:
Senhance™ system (a) and SurgiBot™ system (b-c)
©2017 TransEnterix, Inc.

been reported in [77]. Similar to the da Vinci® robot, the Micro Hand
S robot uses the master-slave setup with a console and slave arms. The
main advantage of the Micro Hand S is the price, which is expected
to be as low as one-tenth of the cost of the da Vinci® robot [77]. Re-
cently, a Korean surgical system called ‘Revo-i’, which is similar to
the da Vinci® robot, has completed a preclinical study for cholecystec-
tomy [78]. However, substantial studies and clinical trials are required
to confirm the safety and the efficacy of these systems.

Another commercial robot for laparoscopic surgery is the Senhance
Surgical Robotic System (TransEnterix, NC, USA), which offers force
sensing for haptic feedback, a 3D monitor for depth visualisation, an
eye-tracking device for camera control and a set of reusable instru-
ments. The system has been used in urology [79], gynaecology [80, 81]

and thoracic procedures. Despite the functionalities provided by the
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Figure 2.15.: The Flex® system includes an operational tower with a
touch screen graphical user interface, a framework for
stabilisation of compatible flexible instruments and the
flexible endoscope. The tip of the flexible endoscope con-
tains 6 LEDs for illumination, a high-definition camera
and two working channels ©2015 John Wiley & Sons[83].

Senhance robot, its patient side arms are bulky which take up a lot
of space, and it is difficult to move around. Another useful robot for
single-port surgery, produced by the same company, is the ‘SurgiBot’
system [82] which offers reduced incisions, scalable motion and instru-
ment clutching to allow the surgeon to adopt the most ergonomic pose.
However, the system has recently been rejected for the FDA clearance,
and there are no further updates on the system at the time of writing.

The most recent robotic surgical systems tend to have a reduced
footprint and a more compact design, allowing for single-port access
or even access through natural orifices without incisions being made
into the skin. An example of this is the FDA-approved system Flex
Robotic System (Medrobotics Corp., MA, USA), which has been used
in transoral [84, 85] and colorectal [86] surgery. The advances in sur-
gical robots enhance surgeons’ capabilities by providing the access to
complex and narrow anatomical locations with adequate flexibility and
dexterity. Navigating such systems can be a challenging task for a
surgeon so image guidance which fuses multiple modalities may offer

improved results.
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Patient Side Intraoperative
da Vinci® Manipulator Ultrasound Imaging
Surgical Console

dVRK
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Figure 2.16.: An example experimental setup for the da Vinci® robot
with dVRK controllers and an intraoperative ultrasound
imaging machine.

2.4.2. Research Platforms

The development of robotic surgical techniques, including task automa-
tion, novel surgical instruments, surgical guidance and navigation, is
an active research field where common research platforms can support
and accelerate such developments by providing the essential hardware
and software components. The most common platforms allow for the
fast implementation of novel ideas and concepts, as well as rapid in-
strument prototyping without effort needed to build a surgical robot.
Furthermore, common hardware and shared software frameworks can
facilitate collaboration between research groups. There are several re-
search platforms available including the dVRK, the RAVEN surgical
robot, the DLR MicroSurge robotic system, the Medineering Position-
ing Arm (Medineering, Munich, Germany) and the KUKA LBR Med
robot, as well as other customisable surgical robotic platforms.

The dVRK is a set of controllers with firmware and software for
robot communication, developed by the Johns Hopkins University in
collaboration with Intuitive Surgical. Currently, dVRK supports part
of the first-generation da Vinci® robotic system, which includes master
tool manipulators, Patient Side Manipulators (PSMs) and endoscopic

camera manipulators. A Robot Operating System (ROS) interface for
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Figure 2.17.: Surgical robotic platform for research. (a) RAVEN-II
Surgical Robot ©2013 IEEE [97]; (b) KUKA LBR Med
robot OKUKA Aktiengesellschaft; (¢) DLR MiroSurge
surgical robot ©2009 IEEE [98].

joint space and Cartesian control is provided, alongside a teleoperation
program. The dVRK platform has attracted a lot of interest, and it has
facilitated the research of novel surgical instruments [87, 88|, human-
robot collaboration, surgical task automation [89, 90, 91] and multiple
sensors fusion [87, 91]. Similar to the dVRK, RAVEN is also an open
surgical robotic platform consisting of two cable-driven laparoscopic
arms which are teleoperated with two Geomagic Touch haptic devices
(Geomagic, NC, USA). Several studies have also been conducted using
the RAVEN platform, including the cooperative control of surgical
tasks [92, 93], the automation of surgical debridement [94] and tumour
ablation [95] tasks, and surgical robot training [96].

The MiroSurge system developed by the German Aerospace Centre
(DLR) is another research platform for laparoscopic surgical appli-
cations. Each MiroSurge system [99] has three to five MIRO robot
arms at the patient’s side, and two actuated haptic master manipu-
lators, Sigma 7 (Force Dimension, Switzerland). The MIRO robot is
a versatile and lightweight manipulator that can integrate specialised
instruments and multimodal sensors. The MIRO arm can be cou-
pled with a MICA instrument [100], which enables extra dexterity and
force-sensing capability and is customised for specific surgical tasks.
There are other robotic arms that have been built for medical appli-
cations such as the the KUKA LBR Med robot (KUKA, Germany)
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and the Medineering positioning arm (Medineering, Germany). They
have been specifically designed for medical scenarios by considering the

safety issues that can occur during the execution of tasks.

2.5. Robotic Assistance for Surgical Task

Automation

2.5.1. Classification of Autonomy in Robotic
Surgery

The scope of autonomy in surgery depends on the type and degree
of automation for all computerised technical systems that are used
in surgery. These systems include imaging acquisition and process-
ing modalities, surgical action planning and decision-making software,
and robotic arms for the execution of the surgical action. Existing
studies have proposed several classification methods for autonomy in
surgery. Wolf et el. [101] classify robotic surgical devices into three
groups: passive, semi-active and active. In this definition, the passive
devices are the surgical navigation systems that are used for the po-
sition tracking of relevant devices and the patient’s anatomy, such as
the optical tracking device OptoTrak (Northern Digital Inc., Canada).
The semi-active devices aim to guide or increase the surgeon’s control
and accuracy in the use of the operating instruments. The scaling and
tremor filtration function provided by the da Vinci® surgical system
can be seen as a semi-active feature. With regards to active robotic
systems, the device actively operates on a patient’s anatomy based
on a predefined trajectory. The first surgical robotic system that fell
into this category was the Robodoc system (Integrated Surgical Sys-
tems, CA), which was used to mill predefined bone areas for total knee
arthroplasty. This is only a broad classification in which the robotic
systems are considered to be mechanical devices with pre-programmed

functions.

59



A more comprehensive classification is proposed by [102] in which
surgeons and automated systems are seen as two agents in the surgical
process. The degree of the automation of a given system is determined
by how many surgical functions are actively supported by the system.
Manzey et al. [102] divides surgical functions into three groups: (a)
acquisition and analysis of information; (b) decision-making and plans
for action; (c) execution of the surgical action. The surgeon or the
automated system can play either active or passive roles depending
on their involvement in the particular function group. The autonomy
levels are ordered from ‘0’ to ‘5’ where ‘0’ represents no automation
and ‘5’ represents high level of autonomy.

In the absence of automation, robotic systems are used in a master-
slave mode where the operation performed by the surgeon on the mas-
ter, is duplicated exactly by the slave. The motion scaling and filtration
feature in the da Vinci® system is not considered to be automation. In
the case of a low degree of automation, a system is required to play an
active role in the acquisition and analysis of information. For exam-
ple, a surgical navigation system that provides support for intraopera-
tive data acquisition and processes may leave the decision-making and
task execution to the surgeon. As the degree of automation increases,
the autonomous system becomes move active in the surgical functions
(such as decision-making and the execution of surgical actions). With
regards to high-degree automation, the surgeon takes a passive role in
all three surgical function groups, although the surgeon is still required
to monitor the automated functions and intervene if the automation
fails. This classification method for automated surgical systems not
only includes the surgical planning and action execution functions in-
volved in CAS but also considers monitoring and image analysis as
part of automation.

To accommodate the increasing level of autonomy in surgical robotics,
[94] uses the term “supervised autonomy” to define a type of system
that is capable of automating surgical sub-tasks under the surgeon’s

supervision. Recently, Yip et al. [103] has adopted this term in a pa-
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per on their proposed classification method for robotic surgery. The
automation levels defined in the paper are: direct control, shared con-
trol, supervised autonomy, and full autonomy. Direct control means
that there is no automation in the system and surgeons are in complete
control of surgical tasks by teleoperating the robot. In shared control,
the motion of the surgical tool is controlled by the surgeon and the
robot simultaneously. An example of this is the active constraints al-
gorithms(also known as the virtual fixture) [5] which are implemented
in surgical robots to prevent the surgeon from moving outside a prede-
fined safe region. As the autonomy level increases, the robot executes
surgical tasks with increasing degrees of automation under the sur-
geon’s supervision, which is supervised autonomy. In this case, the
surgeon observes the operation and is responsible for the high-level
decision-making, while the robot executes the motions. Regarding full
autonomy, the robotic system completely replaces the surgeon during
the operation.

In addition to the above classification, Yang et al. [104] propose
a framework for medical robotics with six levels of autonomy. The
automation levels are ordered from ‘0’ to ‘5’ which are, respectively,
no autonomy, robot assistance, task autonomy, conditional autonomy,
high autonomy and full autonomy. By following this framework, Yip
et al. [103] classify the levels of autonomy similarly, although in this
work supervised autonomy was not differentiated into task autonomy
and conditional autonomy. Task autonomy refers to the automation
of specific tasks initiated by the surgeon. In the case of conditional au-
tonomy, multiple task strategies are available for the surgeon to select
based on the current condition of the operation. Both task and condi-
tional autonomy are essential components of high and full autonomy:.
Here, full autonomy means that no human surgeon is needed while the
previous classifications still require a surgeon to oversee the operation.

To provide an overview of the above classification methods for auton-
omy in surgery, Fig. 2.18 depicts the autonomy levels as a spectrum in

which similar colours represent similar autonomy levels. In the figure,
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Figure 2.18.: A diagram showing autonomy level of surgical robot de-
fined in literatures.

all of the classification methods start from the left with no automation
and to the right with increasing levels of autonomy. As the develop-
ments in the automation of surgical tasks emerges, a clear pathways
from the current assistance-type automation to high-level and even full

automation will be available.

2.5.2. Benefits of Surgical Task Automation

As the level of autonomy increases, there are many advantages in au-
tomating surgery. A major advantage of a robotic system is that it
provides high precision and accuracy while performing repetitive tasks
tirelessly and stably. Given that robotic systems have computational
and mechanical advantages while a human surgeon is adept at high-
level contextual decision-making, it is important to take advantage of
both robots and humans. By carrying out tedious and cognitively-
demanding tasks, the robotic system reduces the surgeon’s fatigue
and allows the surgeon to focus on the clinical aspects of a proce-
dure, such as the decision-making, surgical workflow and risk man-
agement [105]. Many studies [106] show that collaboration between
human surgeons and a robotic system can lead to improved accuracy

and shorter task-completion times. A classic example is the active
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constraint application, where the robot restricts the paths or positions
of instruments so that damages to critical anatomical structures (such
as nerves and blood vessels) can be avoided. Furthermore, robotic
systems provide increased manipulability and dexterity compared to
laparoscopic surgery by using wristed instruments.

Robotic systems also have several advantages in terms of utilising
medical imaging such as CT, MRI and ultrasound scans. Anatomical
models built by preoperative imaging modality can be easily imported
to the robotic software for surgical planning and navigation. Further-
more, intraoperative imaging modalities can be seen as robotic sensors
which adapts to the changing environment based on the imaging in-
formation, as well as other sensors and commands. When automating
surgical tasks, the data gathered from different sources needs to be
used effectively in order to take the optimal action based on the cur-
rent status of the procedure. Another advantage of a robotic system
in IGS is that the surgeon’s exposure to the radiation from the X-ray
fluoroscopy exposed to surgeons is significantly reduced as the surgery
can be performed in a different room.

Another benefit of automating surgery using a robotic system is to
provide consistent and standardised treatments, contributing to bet-
ter efficiency and surgical outcomes. Despite the target anatomy being
different from patient to patient, the action of a particular task should
be similar for each patient. An example of this is that the quality of
a wound closure depends on the surgeon’s skill of suturing, whereas
automating the task provides consistent results regardless of the sur-
geon’s skill level.

In addition to the advantages in terms of surgical outcomes and
ergonomic considerations, automation in surgery is also beneficial for
hospital administration as it shortens hospital stays. Furthermore, the
skilled surgical staff that would be required for low-level tasks, such as

holding the camera, can be redistributed to other areas of the hospital.
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(a) Human-machine collaborative surgery (b) Human-robot inclusion segmentation

Figure 2.19.: (a) Human-machine collaborative framework for surgical
pin and suture task ©2011 IEEE[107]. (b) Human-robot
collaboration on inclusion segmentation experiment with
different control modes ©2016 IEEE [106].

2.5.3. Developments of Surgical Task Automation
Collaborative Framework for Surgical Task

The strengths of both the human surgeon and the robot can be fully
exploited in robotic surgery, by utilising a collaborative framework. In
such collaborative framework, surgical tasks can be partially performed
by the robot autonomously with surgeon’s control or supervision and
the rest by the surgeon manually. Previous studies have used the
Learning from Demonstration (LfD) technique [107, 92] to teach the
robot to recognise and perform surgical tasks. Asshown in Fig. 2.19(a),
a task can be divided into several subtasks where the workload can be
distributed between a human operator and a robot. A recent [106] eval-
uates the performance of different human-robot collaboration models,
which can be shown in Fig. 2.19(b). The results indicate that the robot
can identifies boundaries with higher sensitivity and less variance than
human operators, though the human operators can complete the task

faster.
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Figure 2.20.: Automated surgical task using dVRK. (a) Soft tissue de-
bridement task ©2015 IEEE [89]; (b) Suturing task ©2016
IEEE [90]; (c) endomicroscopic scanning task ©2017
IEEE [109].

Automation Framework for Surgical Task

Several studies have increased the levels of autonomy in robotic surgery
by proposing frameworks for surgical task automation [94, 89, 95, 90,
91]. Various methods have been utilised to automate the surgical tasks.
The methods based on visual servoing use imaging feedback of the la-
paroscope to control the robot [94, 91]. Other methods utilise learning
based method by using the learning from demonstration technique [89].
Recently, the deep reinforcement learning technique has been applied
on dVRK for multilateral surgical pattern cutting [108]. As shown in
Fig. 2.20, different types of surgical tasks can be automated by using
the dVRK platform.

Motion Compensation

Compensation of physiological motion is an active research topic in
the context of robotic surgery. The physiological motion induced by
respiration or heartbeat can be very disturbing for the surgeon dur-
ing surgical procedures that require high accuracy. To overcome this
problem, numerous robotic instruments or devices have been devel-
oped for the surgical operations that are affected by the physiological
motion significantly. Research groups have tried to mitigate this issue
in cardiac surgery [110, 111, 112], by developing a motorised instru-

ment with ultrasound guidance [110], presenting a predictive control
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algorithm based on biological signals like the electrocardiogram [111],
and applying a predictive control method on a surgical robot [112].
Although most of the motion compensation methods or systems use
cardiac surgery as their exemplar application, the methods can be ap-
plied to other procedures that contain periodic respiratory motion.
Despite the fact that external sensors have been successfully used
to capture the physiological motion for the compensation task, visual
tracking methods based on endoscopic images have been developed for
tissue deformation recovery and tracking [113, 114, 115]. These ap-
proaches [114, 115] use feature-based methods to extract and track
salient features on the target organ surface such as blood vessels,
fat tissue or other distinguishable structures for estimating the or-
gan motion. The main benefit of the feature-based methods is the
low computational requirement so that real-time performance can be
achieved. However, their accuracy highly depends on the availabil-
ity of the salient features in the surgical scene. To address this issue,
previous study [113] has proposed to use the Thin-Plate Splines for
modelling the tissue deformations. The method [113] allows tracking
regions with poor texture by choosing a set of flexible control points.
Furthermore, the feature-based tracking methods have been extended

by considering robust online learning and classification schemes [116].

2.5.4. Challenges of Surgical Task Automation

The tissue motion of the patient caused by respiration and their beat-
ing heart makes the surgical scene a challenging environment. Also, the
tissue and organ deformation caused by pneumoperitoneum or patient
movement may invalidate preoperative plans that are created based
on the patient model reconstructed from preoperative imaging, such
as CT and MRI scans. Consideration of such a dynamic environment
when developing an automated system can potentially provide a more
reliable and robust system for real surgical scenarios. Existing studies

[117] have discussed facilitating minimal intraoperative movement by
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fixing the patient with pins or frames. However, this is very difficult to
accomplish in laparoscopic surgery due to the nature of the soft tissue
involved. Another approach is to track the changing environment so
that the robot can adapt itself to the movement. Therefore, imaging
techniques can be used to estimate the tissue motion intraoperatively
to provide guidance and background information for the automation
of surgical tasks in a dynamic environment. Furthermore, tissue ma-
nipulation such as ablation, cutting, dissection and suturing could lead
to topological tissue changes requiring an update of the patient model.
Other visual occlusions in surgery such as instruments, bleeding and
electrocautery smoke may also result in difficulties for systems that rely
on the direct vision of endoscopic cameras. Hence, multiple imaging
modalities may solve this problem by using intraoperative ultrasound,
CT and MRI scans for surgical navigation. Nevertheless, automation
of surgical tasks requires real-time imaging performance, which is still
a challenging problem for some modalities.

While routine and repetitive surgical tasks are relatively easy to au-
tomate, it is usually difficult to identify such well-defined tasks. For
example, there is no consensus among surgeons on the optimal man-
agement of positive surgical margins during partial nephrectomy [118].
Therefore, it would be a useful feature if autonomous systems consider
task-specific specifications or constraints when executing of routine
surgical tasks.

In addition to the technical challenges, which may be solved as the
technology improves, ethical and legal issues have become a major
concern when implementing surgical task automation in clinical prac-
tice. As the robotic instruments and devices have an increased level
of automation, the related regulatory, ethical and legal issues require
careful consideration [104]. For example, it is important to understand
how to prevent the surgeons losing their skills or developing a possible
over-reliance on an automated systems which have greater levels of au-
tomation. Furthermore, it is not clear who should take responsibility

among the human surgeons, the hospital, the device manufacturer and
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the software developers is the usage of an automated system results
in surgical errors that harm the patient. These questions have to be
answered before an automated system can be used in the operating

room.

2.6. Conclusion

Robotic techniques have revolutionised the field of MIS over the last
two decades. Robotic devices have extended the capability of sur-
geons by providing higher positioning accuracy, improved dexterity
and steady tool movement. The field has also benefited from medi-
cal imaging techniques through the use of the imaging modalities in
the different stages of the surgery for diagnosis, planning, navigation
and result confirmation. The automation of specific surgical tasks has
become possible by combining the imaging and robotic techniques.

The automation of tedious and repetitive tasks or tasks that require
high precision can potentially benefit RMIS. Open surgical robot plat-
forms have facilitated the development and the research of automated
systems by providing common hardware and shared software frame-
works. The most common approach to realising automation is visual
servoing, which is a method that utilises imaging information for task
planning, navigation and execution.

There are many challenges to overcome when building an automated
system. The technical difficulties include a changing environment, vi-
sual occlusions and the standardisation of procedures. Furthermore,
the ethical and legal issues must be addressed properly when intro-
ducing an automated system from a laboratory setup to the operating
room. The current research of automated surgical systems mainly fo-
cuses on task-specific automation and human-robot cooperation, which
is feasible, safer and is more likely to be accepted by surgeons. Fully
automated surgery is not desirable or acceptable until all of the tech-

nological and ethical issues are addressed.
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3. Marker based Surgical

Instrument Tracking f

3.1. Introduction

To identify the anatomical structures such as vessels and tumours dur-
ing MIS, intraoperative ultrasound has been used [9]. However, a
well-known drawback of using intraoperative ultrasound is that sur-
geons need to interpret the ultrasound images and perceptually relate
these images to the operative scene captured by a laparoscope [119].
This is particularly challenging, as the ultrasound images and laparo-
scopic videos are displayed separately on different screens. To reduce
the mental workload of a surgeon, a previous study presented in [9]
has introduced an intuitive visualisation method, which is achieved by
registering the 2D ultrasound images into the surgical scene. This ap-
proach enables surgeons to observe details from both ultrasound and
laparoscope in a single display. To provide consistent image overlays,
the ultrasound probe needs to be tracked during operation.
Electromagnetic [120], optical [121] and hybrid [69] approaches have
been used to track the surgical instruments with reasonable accuracy.
Nevertheless, a direct use of laparoscopic images for tracking instru-
ment in MIS is more practical than other methods where extra tracking

devices [69] are used. The introduction of additional tracking devices

fContent from this chapter was published as:
Real-Time Surgical Tool Tracking and Pose Estimation using a Hybrid Cylindrical
Marker. Zhang, L., Ye, M., Chan, C., Yang, G.-Z.. International Journal of
Computer Assisted Radiology and Surgery. 12(6), 921-930. (2017)
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Table 3.1.: Comparison of visual marker based tracking methods for
intraoperative ultrasound probe

Method Probe shape Pattern type Robotic/Frechand Real-time

[124] Planar Chessboard Freehand Yes
[125] Planar Chessboard Robotic No
[64] Planar Circular-dot Robotic Yes
[63] Cylindrical ~ Chessboard Freehand No
Ours Cylindrical Hybrid Both Yes

into the theatre would not only occupy the valuable space in the op-
erating field, but also suffer from intrinsic limitations of these track-
ing devices such as ferromagnetic interference and line-of-sight issues.
Previous methods have extracted 2D locations of a planar [64] or cylin-
drical [63] marker that is rigidly attached to the probe. In Table 3.1,
a list of marker-based tracking methods for intraoperative ultrasound
probes is presented. Among these methods, pose estimation is treated
as a Perspective-n-Points (PnP) problem [122]. However, pose estima-
tion of a planar marker may provide two ambiguous solutions where
the incorrect one should be eliminated [123].

In this chapter, a new marker design is proposed for cylindrical sur-
gical tools. The marker consists of three patterns of circular dots and
lines of chessboard vertices, as shown in Fig. 3.1. The circular-dot
pattern is used to estimate the pose of the tool while the chessboard
vertices are used to eliminate the ambiguity in pose estimation. To fur-
ther improve detection rates, a tracking component considering tem-
poral information is employed to cater for failures in marker detection.
The proposed tracking framework is evaluated with various surgical
tools including ultrasound probes and robotic instruments. Detailed
validation is provided and comparison results demonstrate our frame-
work outperforms other alternative approaches, both in detection rates,

work space coverage and pose estimation accuracies.
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Figure 3.1.: (a) A top view of the proposed marker for cylindrical ob-
ject tracking. The hybrid marker consists of circular-dot
patterns and chessboard vertices. (b) A side view of a
cylinder showing related parameters to define a marker’s
local coordinate frame.

3.2. Design of Hybrid Marker

This chapter proposes a novel hybrid marker including both circu-
lar dots and chessboard vertices for a cylindrical object as shown in
Fig. 3.1(a). The circular dots can be labelled into three groups de-
noted as top, middle and bottom patterns according to their relative
location. Each pattern has two lines of circular dots which are used for
pose estimation. Top and bottom patterns are vertically asymmetric
and the middle pattern is symmetric such that adjacent patterns can
be easily differentiated. In addition, we placed three lines of chess-
board vertices between the circular-dot patterns. The middle vertices
have a 90 degrees orientation shift relative to the top/bottom vertices.
These vertices are used to remove ambiguous pose estimation in sec-
tion 3.6. The marker can be horizontally placed on a cylindrical object
such that lines on the pattern are parallel to the axial axis of a cylin-

drical tool. We define a local coordinate frame of a cylinder, as shown
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in Fig. 3.1(b), where several parameters can be defined:

A=aR
e
C= 2R51n§ (3.1)

h = R(1 — cos %)

Here A is the arc length when the angle and radius is « and R, re-
spectively. C'is the chord length and h is the corresponding segment
height.

Given a marker position p = [z,y]” located in a 2D coordinate
frame as indicated in Fig. 3.1(a), its corresponding 3D position P =
[X,Y, Z]T in the local coordinate frame of the cylinder can be defined
by using equation 3.1:

X ==z

Y
Y = Rsin = 3.2
sin (3.2)

R—VR?-Y? ify<r®
R+VEE—Y? ify>zh

Z:

These points will be used as model points for the marker pose estima-

tion in section 3.6.

3.3. Efficient Detection of Hybrid

Features

A workflow of the detection algorithm for the proposed marker is shown
in Fig. 3.2. At each iteration, a grayscale image is obtained from a
colour image and used for circular-dot detection. The grayscale image
is then used to generate multiples binary images, as shown in Fig. 3.2,

based on thresholding. The use of multiple binary images is effective for

72



Pre-processing Circular-dot detection

Binary images Result

Input image

Marker identification

Grayscale A i Final result

Chessboard vertices detection

Response map Result

Gaussian filter

"y G4

Figure 3.2.: Algorithm workflow of the marker detection algorithm.
The binary images are generated using threshold values
between 70 and 100 with an interval of 10. The detected
dots are circled in red, and the chessboard vertices are la-
belled in yellow. The first dot in the pattern is circled in
blue.

discarding blobs that are false positives, as they would not consistently
appear when varying the threshold values. The threshold values should
be determined according to the lighting condition of the scene. In our
experiments, we used a set of thresholds (70-100) with an interval of
10, which is a good trade-off between speed and accuracies. To locate
circular dots, we apply contour tracing on the binary images to extract
circular blobs. In this chapter, the method proposed in [126] is utlised
in our implementation® to extract the circular blobs.

Several criteria were used to filter spurious blobs which do not belong
to the marker. A blob is removed if its area is not in line with a desired
value which can be defined based on the possible minimal and maximal
size of a blob in the image. In addition, the convexity of a blob is also
used because the perspective projection of a circular-dot on an image
results in a convex shape, whereby non-convex blobs can be removed.
We define the convexity as the ratio of the blob’s area to the area of the

blob’s convex hull. Another adopted criterion for removing polygonal

*an implementation of OpenCYV is adopted [127]
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blobs is the circularity which is defined as:

_4-7T-E

@) T

(3.3)

where E and P are the area and perimeter of the blob, respectively.
Lastly, a blob belongs to the marker should appear at least N times in
the binary images, where N is called repeatability. The best numbers
for area, convexity, circularity, repeatability are 50-2000, 0.85, 0.75 and
2.

The chessboard vertices are detected using an efficient detector [128]
designed for chessboard corner feature. As shown in Fig. 3.2, a Gaus-
sian filter is applied to the grayscale image to remove speckles and
noises that might degrade the performance of the chessboard detector.
For each pixel in the filtered image, a ring of 16 pixels around the
pixel are sampled at a constant radius with equal angular spacing. A
response map is calculated using the sampled pixels, which is shown
in Fig. 3.2, and a chessboard feature belongs to the marker if its value
in the response map is greater than a threshold value. We follow the
method in [128] to calculate the response map. Specifically, an overall
response for each pixel equals to a sum response subtracting a differ-
ence response and mean response. The sum response calculates the
summation of opposite samples. The difference response is defined as
the difference of opposite samples. The mean difference is an abso-
lute difference of a local intensity mean and a larger spatial mean. To
further remove spurious features, which tend to have low responses,
non-maximum suppression [129] is applied to retrieve the location of
peak responses. In addition to offering the position information, the
chessboard detector also provides the orientation of a vertex in the im-
age coordinate using 1 of 8 labels. Given the orientation information,
a spurious feature can be removed as its orientation label will not in
accord with the desired one which will be described in section 3.4.

Furthermore, triangle forming the chessboard vertices may be de-

tected as a dot. Therefore, the detected chessboard features are also
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used to reject the false detection of a circular dot.

3.4. Identification of the Hybrid Marker

To estimate the marker pose, the correspondence information of the
detected dots and the model points is required. We have used the
following cues. Firstly, dots that are close to each other are assigned
to the same cluster. The cluster that has the largest number of dots
is identified as the marker. Secondly, four endpoints locating at cor-
ners are found by using the convex hull of the cluster and the corners
should have sharp angles. The endpoints are sorted based on the fact
that two long edges are parallel, and then the model circular-dot pat-
tern can be transformed to the image using correspondences of the
sorted endpoints. Thirdly, the identity of each detected dot is found
by using the closest point in the transformed model pattern. Since
the top and bottom patterns are the same but vertically flipped, if an
asymmetric pattern is detected, we need to decide which pattern it be-
longs to. Typically, surgical instrument movements are constrained by
the incision point, so it is assumed that the pattern cannot be flipped
horizontally. Since the circular dots in the detected pattern are iden-
tified, if the first dot of the pattern (as depicted in Fig. 3.2) is on the
left side of the last dot, the pattern is a top pattern, otherwise, it is
a bottom pattern. Finally, the orientation of the symmetric (middle)
pattern can be determined similarly by looking at the relative position
of the dots. By having the labeled circular-dot pattern, the chessboard
vertices can be identified as well. The relative orientation between the
chessboard vertices and the circular-dot pattern is fixed, therefore the
desired orientation of the vertices can be deduced from the orientation

of the circular-dot pattern.
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Figure 3.3.: A sequence of images showing how the tracking algorithm
reacts when the marker is partially occluded by fake blood.
The green outline of the marker indicates successful de-
tection while yellow outline means detection failure and
tracking component is used.

3.5. Marker Tracking using Optical Flow
and Homography

In practice, occlusion can occur due to rotational motion of the probe
as well as blood stains on the marker, all of which would result in
missing dots during marker detection. To address this problem, we
compute a homography H, which is a 3x3 matrix with 8 Degree-of-
Freedom (DoF'), representing perspective transformation between two
planes. The circular-dot pattern is defined in a reference coordinate
frame where position of the dots is denoted as p,. During tracking, the
projection of the circular dots on the camera image plane is denoted
Pm- The homography links them via: p,, = Hp,..

If the detection component of the framework is not able to detect
the marker, a sparse optical flow method [130] is applied, considering
the temporal information, to find the current position of visible dots.
The dots are used to estimate the homography H. This homography
can be estimated using only four pairs of non-collinear points, thus
robust to occlusion. The position of a missing dot can be calculated
from its correspondence in the reference coordinate frame by using the
homography.

An illustration of how the tracking component deals with the oc-
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Figure 3.4.: Qualitative results of the tracking framework for the pro-
posed marker on various types of surgical tool. A 5mm
monopolar cautery (top row), a da Vinci® large needle
driver (middle row) and a laparoscopic ultrasound probe
(bottom row) is tracked, respectively. The coordinate axis
in red, green and blue shows that the pose has been cor-
rectly estimated.

clusion is shown in Fig. 3.3. The marker is detected correctly at the
beginning. As blood is stained onto the probe, which is shown in
Fig. 3.3(b)-(d), the detection method cannot extract the marker’s lo-
cation and the tracking method is used. The tracking method, on the
other hand, is able to locate the marker correctly until a major area of
the pattern has been occluded, as shown in Fig. 3.3(d). In this case, the
tracking results start drifting which leads to wrong pose estimation. In
Fig. 3.3(e), detection of the marker is recovered when the blood stain
is cleaned. For self-occlusion, as shown in Fig. 3.4, the algorithm can

deal with large rotational motion where the marker is partially visible.

3.6. Pose Estimation and Ambiguity

Elimination

Given the model points defined in the marker’s local coordinate frame

and their corresponding tracked projections on an image of a calibrated
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camera, the marker pose can be estimated via PnP methods. However,
a planar model has the rotation ambiguity which corresponds to a
reflection of the points about the plane whose normal points along a
line-of-sight that pass through the points [123]. The pose estimation
problem becomes ambiguous when the projection of the model is close
to affine, which typically occurs if the pattern is either small or far
from the camera. We employed [123], which is particularly useful as it
provides two solutions that can correctly align the projections using the
estimated pose with the detected correspondences. One of the solutions
should be eliminated when ambiguity occurs. Normally, the correct
solution will result in a smaller re-projection error, which represents
the difference between the projections and tracked dots. In each image,
he re-projection errors from both solutions are compared and if both
give small errors close to the zero the ambiguity occurs. To resolve this
issue, we use points from a different plane where the wrong solution
gives a large re-projection error.

An ambiguous case is shown in Fig. 3.5 in which two marker poses
are estimated using the detected circular dots indicated in green. If we
project the circular-dot pattern using the two estimated poses, then
both projections will be aligned with the tracked pattern. Therefore,
we take advantage of the chessboard vertices on the hybrid marker
which are not located in the same plane as the circular-dot pattern.
In Fig. 3.5, projected vertices using the two poses are shown in red
and blue respectively. They are compared to the current vertices de-
tection, which is drawn as yellow dots, and the closer one (smaller
re-projection error) is chosen as the correct pose. In this example, the
pose corresponds to the red projections is correct. To verify this, we
place an ultrasound image locating at the transducer of the probe and
then project the outline of the ultrasound image on the camera image
using the estimated poses. As shown in Fig 3.5, it is clear that the red

projected outline is the correct one.
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Figure 3.5.: An illustration of ambiguous pose removal using chess-
board vertices. The red and blue circles indicate projec-
tions of the model chessboard vertices using two candidate
poses. The two quadrangles represent the projected out-
line of an ultrasound image on the image. In this example,
we can easily see that the pose corresponds to the red is
correct.

3.7. Experiments and Results

3.7.1. Hardware Set-up

Images of surgical view are captured using a 10mm diameter monocular
laparoscope (Karl Storz GmbH, Germany) whose intrinsic parameters
are calibrated using [131]. We tested the proposed framework on two
ultrasound transducers: (a) UST-533 linear array microsurgery probe;
(b) UST-5550 linear array 2-way laparoscopic probe. Both transducers
are driven by a Prosound a-10 machine (Hitachi Aloka Medical Ltd,
Japan). Laparoscopic and ultrasound images are streamed to a com-
puter (3.4 GHz CPU, 16G RAM) using DVI2USB converters (Epiphan
System Inc, Canada).

To validate the robustness of the tracking framework on the proposed
cylindrical marker, five cylindrical rigid bodies with various diameters

from 6 to 14 mm are designed and printed, as shown in Fig. 3.6. Four
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Figure 3.6.: 3D printed rigid body with various size for validation
(left) and definition of the marker’s local coordinate sys-
tem (right).

Table 3.2.: Work space for the proposed marker on various tool size

Diameter Distance to camera Roll Pitch Yaw

(mm) (mm) (deg) (deg) (deg)
6 30 to 125 +£68 +56 +81
8 35 to 160 +£76  +71  +83
10 40 to 185 +£82 +76 +85
12 60 to 200 +£85 +78 483
14 60 to 210 +£80 +78  +80

active optical sensors are placed on the body which is tracked by an
Optotrak Certus system (Northern Digital Inc, Canada) that achieves
0.1 mm accuracy. The rigid body can be grasped and moved by a da
Vinci® Cadiere forceps instrument (Intuitive Surgical, USA). As the
UST-533 probe does not have a cylindrical shape, a housing adaptor
is printed, as shown in Fig. 3.7, so that it can be tracked by using the

proposed marker.

3.7.2. Work Space Analysis

To identify the work space of the proposed marker and associated de-
tection algorithm, we recorded the maximal distance and rotation of

the tool, above which the marker cannot be detected. We investigated
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Figure 3.7.: An housing adaptor that can hold a planar ultrasound
probe. With the housing, the planar probe can be tracked
by using the proposed marker.

the translational motion along camera’s optical axis and the rotational
motion around the local axis (roll, pitch and yaw) of the validation
rigid body as depicted in Fig. 3.6. The dimension of the marker has
been modified based on the size configuration in order to maximise the
marker’s coverage on the curved surface. For testing the rotational
motion, the marker was placed about half of its maximal work dis-
tance to obtain better visibility. We repeated the experiment on all
five markers with different sizes whose results are shown in Table 3.2.
A positive correlation can be found between the marker size and dis-
tance to the camera. As the marker becomes larger, the maximal work
distance is accordingly extended due to better visibility. We observed
that a reasonable work space for most minimally-invasive procedures
ranges from 50 to 200 mm. The rotation around the roll axis has also
been extended up to £89 degrees when the tool diameter increases to
14 mm. Regarding rotation around the pitch and yaw axis, the marker
is capable of dealing with rotation more than £70 and +80 degrees,
respectively. In summary, these results show that the proposed marker
can be applied to instruments with different size while providing a large

work space.
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Figure 3.8.: A snapshot of the experiment for detection rate compar-
ison. For each distance group, the same movement has
been reproduced to test the detection performance of dif-
ferent markers. The circular-dot marker cannot be de-
tected while the marker is in a very slant view. In the
far distance group, we show a scenario where the marker
is rotated around its axial axis, so only the other side is
visible.

3.7.3. Detection Rates

As reported in [64], the detection rate of a circular-dot feature is higher
than a chessboard feature. In order to evaluate the detection rate of
the proposed marker, which consists of both circular-dot and chess-
board vertices, we compared with two previous marker designs with
one containing only chessboard vertices [63] and the other one con-
taining only circular-dot [64]. The proposed hybrid and the chessboard
only markers were placed on the 10mm diameter cylindrical rigid body.
The circular-dot marker can only be placed on a planar surface due to

the limitation of its detection algorithm. The size of the circular-dot
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marker was set to be similar to our hybrid marker for a fair compari-
son. The experiment was divided into three groups based on different
distances to the camera: near (50-100 mm), middle (100-150 mm) and
far (150-200 mm), as shown in Fig. 3.8. For each group, we run three
trials for the three types of markers using the same trajectory which
mainly consists of rotational motion around the roll, pitch and yaw
axis. The illumination level was fixed in the same distance group. The
trajectory is firstly recorded from a manual demonstration using the
da Vinci® robot with dVRK controllers [132]. During the trial, the
recorded trajectory is played back and the detection results are saved.
For the chessboard vertices marker, a detection result is considered as
a success if at least four features are found as required by [63]. For the
circular-dot marker, we only apply the detection part without tracking
so that the performance is similar to [64]. In this case, a frame is ac-
cepted if the number of detected blobs equals to the number of dots in
the marker. For circular-dot in the hybrid marker, one is considered to
be a success if either of the top, middle or bottom pattern is detected.

The quantitative results, as shown in Table 3.3, confirm that the
hybrid marker with proposed tracking framework is superior to pre-
vious methods in terms of marker detection rate. In particular, the
circular-dot pattern(s) in the hybrid marker were nearly 100% detected
in different distances. The planar circular-dot marker has much less de-
tection rate due to self-occlusion caused by the rotational motion. Re-
garding the chessboard feature, the results based on the hybrid marker
are comparable to the method introduced in [63] for near and mid-
dle distance. However, our chessboard feature detection method can
be deteriorated when the marker is far away. This is because more
rigorous criteria were used to ensure the correspondence between the
detected chessboard features and model points for accurate pose esti-
mation. For example, if less than four chessboard features with the

same orientation are detected, the result is regarded as a failure.
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Table 3.3.: Detection rates of different markers in different work

distances
. Chess.board Circular-dot Hybrid Hybrid
Distance vertices (64] chessboard  dots
[63] (ours) (ours)
Near
(50-100 mm) 87.2% 53.2% 98.3% 99.7%
Middle
(100-150 mm) 86.8% 61.5% 84.7% 100%
Far
(150-200 mm) 79.5% 75.7% 11.0% 99.8%

Table 3.4.: Pose estimation error for the proposed marker on different

tool size
Diameter Trans. Mean Error = STD Rot. Mean Error + STD
(mm) (mm) (deg)
6 1.43 £+ 1.09 0.55 + 0.38
8 4.15 £+ 1.53 1.70 £+ 0.47
10 2.80 £ 2.02 0.72 4+ 0.52
12 2.53 £ 1.40 0.69 = 0.33
14 3.79 £ 1.70 0.90 + 0.45
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3.7.4. Pose Estimation Error

In order to quantitatively validate the pose estimation error, we used
the Optotrak Certus system to obtain the ground truth. To this end,
two registrations are required: optical sensors to the hybrid marker
TA and optical system to laparoscope T5. In the following of this
thesis, T? is denoted as a transformation from coordinate {1} to {2}.
The problem can be treated as a AX = Y B problem which is defined

as:

TS - TY =T5 - TV, (3.4)

where T and T is optical sensors pose in the optical system coordi-
nate frame and marker pose in laparoscope coordinate frame, respec-
tively. A total of 10 T2 and T} were acquired, so that T4 and TE
can be calculated using [133].

For experimental validation, we ran five trials for the markers with
different diameters. For each trial, a total of 50 measurements were
made near half of the maximum work distance (as defined in Table
3.2). For each measurement, a relative pose between the estimated

and ground truth pose is calculated as:
Ty =T7 7, (3.5)

where T = T¥ is the calibrated transformation between the optical
sensors and hybrid marker. The pose estimation error, as shown in
Table 3.4, is the translation and rotation component of T Tt is
worth noting that this error combines the registration error of T
and T in equation 3.4. The results in Table 3.4 show that the pose
estimation error is slightly smaller than results presented in [63] where
an error of 4.443.3 mm was reported. It is worth noting that the 8 mm
tool performed worse than the 6 mm one due to the marker design. For
the 6 mm marker, the top and bottom chessboard vertices are closer

than the 8 mm marker, so they can be detected more frequently, as
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Figure 3.9.: Ultrasound image is fused with laparoscopic image using
an inverse realism technique [7].

shown in Fig. 3.6. To improve detectability of the 8mm marker, the
pattern design can be adjusted so that at least one line of chessboard

vertices is visible.

3.7.5. Example Application for Ultrasound
Overlay

Here, an example application of the proposed tracking approach for
surgical AR is demonstrated. To this end, we combine our track-
ing framework with an AR approach introduced in [7]. As shown in
Fig. 3.9, the proposed framework provides accurate tracking, which
enables seamless integration intraoperatively with see-through vision.
The speed including detection and tracking is 20 frames per second
on 960x540 images. The visualisation with inverse realism can be pro-

cessed in real-time [134].

3.8. Discussion and Conclusion

The proposed tracking framework allows for large rotational and trans-
lational motion whilst providing superior detection rate and pose esti-
mation accuracy. These are shown in Tables 3.2, 3.3 and 3.4. In com-
parison with the previous methods [64, 63], the proposed framework
improves the detection rate by considering the temporal information
between consecutive images. Further, the proposed method achieves

competitive pose estimation accuracy compare to [63] while allowing
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real-time processing which enhances its usability for clinical applica-
tions. The current framework can cope with self- and partial occlusion
as demonstrated in Fig. 3.3. It is worth noting that the effect of smoke
is not yet considered. This will be included in our future work. We
have also shown that the proposed marker can be applied to different
types of surgical instruments as shown in Fig. 3.4.

Currently, the camera calibration is carried out off-line and the pa-
rameters are assumed to be fixed during tracking. A useful improve-
ment of the framework is to include simultaneous camera calibration
as the marker is tracked. This will enhance the applicability of the
framework in clinical use where camera calibration may be trouble-
some when camera focus has to be changed.

In conclusion, a novel hybrid marker made of circular dots and chess-
board vertices has been proposed, along with an algorithm for track-
ing surgical tools. The circular-dot pattern is used for pose estimation
while chessboard vertices are used to address the issue of ambigu-
ous pose estimation. In addition, temporal information is considered
to deal with partial occlusion. Extensive experiments have been con-
ducted on tracking a cylindrical ultrasound probe with different scenar-
ios. Both qualitative and quantitative results confirm that our frame-
work outperforms the current state-of-the-art approaches in terms of
detection rates and pose accuracies, whilst also provides a large work
space. Furthermore, we also show the results of our framework on
different surgical tools with varying sizes, and the results verify the

practical value of our framework in minimally invasive procedures.
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4. Model based Instrument
Tracking for Robotic
Surgery TS

4.1. Introduction

Instrument tracking is an enabling technique in the context of CAS.
Allowing the continuous localisation of surgical instruments, it is a
prerequisite for providing instrument control during autonomous ex-
ecution of surgical tasks. In addition, augmented display of in vivo
imaging modalities, such as ultrasound, requires consistent tool track-
ing during operation. To this end, approaches have been proposed to
obtain the position and orientation of the surgical tool by using exter-
nal tracking devices such as electromagnetic sensor [58], optical tracker
[121] or hybrid system [69]. However, the introduction of additional
tracking devices into the theatre would not only occupy the valuable
space in the operating field, but also suffer from intrinsic limitations of

these tracking devices such as ferromagnetic interference and line-of-

fContent from this chapter was published as:
Real-time 3D Tracking of Articulated Tools for Robotic Surgery. Ye, M., Zhang,
L., Giannarou, S. and Yang, G.-Z.. In: International Conference on Medical Image
Computing and Computer-Assisted Intervention (MICCAI) pp. 386-394 (2016).

$This work has been conducted in collaboration with Dr Menglong Ye. The
author of this thesis developed a software for the virtual tool rendering and data
communication with the da Vinci® robot, and participated all CAD model process-
ing, experiments, data processing and labelling, and validation. Dr Menglong Ye
developed the components for template matching, 2D part detection and verifica-
tion, and 3D pose estimation, as well as method validation.
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sight issues. Therefore, a direct use of laparoscopic images for tracking
instruments in MIS is more practical than other methods. Beside the
marker-based methods introduced in Chapter 3, model-based marker-
less methods [66] have been developed to detect and track surgical
instruments.

Recent advances in surgical robots have significantly improved the
dexterity of the surgeons, along with enhanced 3D vision and mo-
tion scaling. Surgical robots such as the da Vinci® (Intuitive Surgical,
Inc. CA) platform, can allow the augmentation of preoperative data
to enhance the intraoperative surgical guidance. In robotic surgery,
tracking of surgical tools is an important task for applications such as
safe tool-tissue interaction and surgical skills assessment.

In the last decade, many approaches for surgical tool tracking have
been proposed. The majority of these methods have focused on the
tracking of laparoscopic rigid tools, including using template match-
ing [135] and combining colour-segmentation with prior geometrical
tool models [136]. In [137], the 3D poses of rigid robotic tools were
estimated by combining random forests with level-sets segmentation.
More recently, tracking of articulated tools has also attracted a lot
of interest. For example, Pezzementi et al. [138] tracked articulated
tools based on an offline synthetic model using colour and texture fea-
tures. The CAD model of a robotic tool was used by Reiter et al.
[67] to generate virtual templates using the robot kinematics. How-
ever, thousands of templates were created by configuring the original
tool kinematics, leading to time-demanding rendering and template
matching. In [139], boosted trees were used to learn predefined parts
of surgical tools. Similarly, regression forests have been employed in
[140] to estimate the 2D pose of articulated tools. In [141], the 3D lo-
cations of robotic tools estimated with offline trained random forests,
were fused with robot kinematics to recover the 3D poses of the tools.
Whilst there has been significant progress on surgical tool detection
and tracking, none of the existing approaches have thus far achieved

real-time 3D tracking of articulated robotic tools.
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Figure 4.1.: Illustration of transformations used in this chapter.

This chapter presents a framework for real-time 3D tracking of ar-
ticulated tools in robotic surgery. Similar to [67], CAD models have
been used to generate virtual tools and their contour templates are
extracted online, based on the kinematic readings of the robot. The
tool detection on the real camera image is performed via matching the
individual parts of the tools rather than the whole instrument. This
enables the proposed method to deal with the changing pose of the
tools due to articulated motion. Another novel aspect of the proposed
framework is the robust verification approach based on 2D geometri-
cal context, which is used to reject outlier template matches of the
tool parts. The inlier 2D detections are then used for 3D pose estima-
tion via the EKF. Experiments have been conducted on phantom, ex
vivo and in vivo video data, and the results verify that the proposed

approach outperforms the state-of-the-art.

4.2. Part-based Online Templates for

Tool Detection

The proposed framework includes three main components. The first

component is a virtual tool renderer that generates part-based tem-
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Figure 4.2.: Virtual rendering example of the large needle drivers (a)
and the corresponding camera view (b). The predefined
keypoint locations are labeled in (a). The red skeletons
show the projection based on the tool kinematics, and
green skeletons show the tracking results of the proposed
framework (b).

plates online. After template matching, the second component per-
forms verification to extract the inlier 2D detections. These 2D detec-
tions are finally fused with kinematic data for 3D tool pose estimation.
The proposed framework is implemented on the da Vinci® robot. The
robot kinematics are retrieved using the dVRK [132].

In this work, to deal with the changing pose of articulated surgical
tools, the tool detection has been performed by matching individual
parts of the tools, rather than the entire instrument, similar to [139].
To avoid the limitations of offline training, the proposed method gen-
erates the part models on-the-fly such that the changing appearance
of tool parts can be dynamically adapted.

To generate the part-based models online, the CAD model of the
tool and the robot kinematics have been used to render the tool in a
virtual environment. The pose of a tool in the robot base frame B
can be denoted as the transformation T2, where F is the end-effector
coordinate frame shown in Fig. 4.1. T2 can be retrieved from dVRK
(kinematics) to provide the 3D coordinates of the tool in B. Thus, to
set the virtual view to be the same as the laparoscopic view, a stan-

dard hand-eye calibration [142] is used to estimate the transformation
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Figure 4.3.: (a) Extracted gradient orientations from virtual rendering
where the the orientations are quantised and colour-coded
as shown in the pie chart. (b) The corresponding camera
view with the tracking results.

TS from B to the camera coordinate frame C. However, errors in the
calibration can affect the accuracy of TG, resulting in a 3D pose offset
between the virtual tool and the real tool in C. In this regard, the
transformation found from the calibration is presented as TG, where
C™ is the camera coordinate frame that includes the accumulated cali-
bration errors. Therefore, a correction transformation denoted as Tg,
can be introduced to compensate for the calibration errors.

Here, n=14 keypoints P? = {sz}:-L:l are defined on the tool, and
the large needle driver is taken as an example. The keypoints include
the points shown in Fig. 4.2 and those on the symmetric side of the
tool. These keypoints represent the skeleton of the tool, which also
apply to other da Vinci® tools. At time ¢, an image I, can be obtained
from the laparoscopic camera. The keypoints can be projected in I;

with the camera intrinsic matrix K via

1 _
P!/ = “KTS TG P5. (4.1)
s
Here, s is the scaling factor that normalises the depth to the image
plane.
To represent the appearance of the tool parts, the Quantised Gradi-

ent Orientations (QGO) approach [143] has been used (see Fig. 4.3).
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Figure 4.4.: (a) An example of part-based templates; (b) Quantised
gradient orientations from a camera image; (c¢) Part-based
template matching results of tool parts; (d) and (e) Geo-
metrical context verification; (f) Inlier detections obtained
after verification.

Bounding boxes are created to represent part-based models and cen-
tred at the keypoints in the virtual view (see Fig.4.4(a)). The box size
for each part is adjusted according to the z coordinate of the keypoint
with respect to the virtual camera centre. QGO templates are then ex-
tracted inside these bounding boxes. As QGO represents the contour
information of the tool, it is robust to cluttered scenes and illumination
changes. In addition, a QGO template is represented as a binary code
by quantisation, thus template matching can be performed efficiently.

Note that not all of the defined parts are visible in the virtual view,
as some of them may be occluded. Therefore, the templates are only
extracted for those m parts that facing the camera. To find the cor-
respondences of the tool parts between the virtual and real images,
QGO is also computed on the real image (see Fig.4.4(b)) and tem-
plate matching is then performed for each part via sliding windows.

Exemplar template matching results are shown in Fig.4.4(c).
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4.3. Tool Part Verification via 2D

Geometrical Context

To further extract the best location of the tool parts, a consensus-based
verification approach [116] is included. This approach analyses the ge-
ometrical context of the correspondences in a PROgressive SAmple
Consensus (PROSAC) scheme [144]. For the visible keypoints {p;};",
in the virtual view, their 2D correspondences are denoted in the real
camera image as {pm};i’fj:l, where {p; ; }5:1 represent the top k cor-
respondences of p; sorted by QGO similarities.

For each iteration in PROSAC, the proposed method selects two
point pairs from {pi,j}?iszl in a sorted descending order. These two
pairs represent the correspondences for two different parts, e.g., pair
of p; and p; 2, and pair of p3 and ps;. The two pairs are then used to
verify the geometrical context of the tool parts. As shown in Fig.4.4(d)
and (e), two polar grids are used to indicate the geometrical context
of the virtual view and the camera image. The origins of the grids are
defined as p; and p; o, respectively. The major axis of the grids can be
defined as the vectors from p; to ps and p; 2 to ps 1, respectively. The
scale difference between the two grids is found by comparing d (p1, p3)
and d (p12,ps31), where d (-,-) is the euclidean distance. The angular
and radial bin sizes can be defined as 30 degrees and 10 pixels (allowing
moderate out-of-plane rotation), respectively. With these, two polar
grids can be created and placed on the virtual and camera images. A
point pair is determined as an inlier if the two points are located in
the same zone in the polar grids. Therefore, if the number of inliers
is larger than a predefined value, the geometrical context of the tools
in the virtual and the real camera images are considered as matched.
Otherwise, the above verification is repeated until it reaches the max-
imum number (100) of iterations. After verification, the inlier point

matches are used to estimate the correction transformation Tg,.
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4.4. From 2D to 3D Tool Pose Estimation

This section describes how to combine the 2D detections with 3D kine-
matic data to estimate Tg,. Here the transformation matrix is rep-
resented as a vector of translations and rotation angles for each axis:
X = [tz,ty,tz,oc7ﬁ77]T
parts defined in Section 4.2) can be denoted as z = [uy, vy, ..., Up, Uy,

. The n observations (corresponding to the tool
I,
where u and v are their locations in the camera image. To estimate
x on-the-fly, the EKF has been adopted to find x(k) given the ob-
servations y (k) at time k. The process model is defined as x(k) =
Ix(k — 1) + w(k), where w(k) is the process noise at time k, and I is
the transition function defined as the identity matrix. The measure-
ment model is defined as y(k) = h(x(k)) + v(k), with v(k) being the

noise. h(-) is the nonlinear function with respect to [t,,t,,t., o, 5, v]T'

h(x(k) = KF(x(R) T PP, (42

which is derived according to Eq.4.1. Note here, f(+) is the function
that composes the translation and euler angles (in x(k)) into the 4 x 4
homogenous transformation matrix T¢_. As Eq.4.2 is a nonlinear func-
tion, the Jacobian matrix J of h(-) is derived regarding each element
in x(k).

For iteration k, the predicted state x~ (k) is calculated and used to
predict the measurement y~ (k), and also to calculate J(k). In addition,
y(k) is obtained from the inlier detections (Section 4.3), which is used,
along with J(k) and x~(k), to derive the corrected state x* (k) which
contains the corrected angles and translations. These are finally used
to compose the transformation T¢_ at time k, and thus the 3D pose
of the tool in C' is obtained as TG = TS T4 T%. Note that if no 2D
detections are available at time k, the previous Tg, is then used.

At the beginning of the tracking process, an estimate OTg_ is re-
quired to initialise EKF, and correct the virtual view to be as close as
possible to the real view. Therefore, template matching is performed

in multiple scales and rotations for initialisation, however, only one
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template is needed for matching of each tool part after initialisation.
The Efficient Perspective-n-Points (EPnP) algorithm [145] is applied to
estimate OTg_ based on the 2D-3D correspondences of the tool parts
matched between the virtual and real views and their 3D positions
from kinematic data.

The proposed framework can be easily extended to track multiple
tools. This only requires to generate part-based templates for all the
tools in the same graphic rendering and follow the proposed frame-
work. As template matching is performed in binarised templates, the

computational speed is not deteriorated.

4.5. Experiments and Results

The proposed framework has been implemented on an HP workstation
with an Intel Xeon E5-2643v3 CPU. Stereo videos are captured at
25Hz. In the C++ implementation, the workloads of the part-based
rendering and image processing are allocated into two CPU running
threads, enabling real-time performance on the proposed framework.
The rendering part is implemented based on VITK and OpenGL, of
which the speed is fixed as 25Hz. As the proposed framework only
requires monocular images for 3D pose estimation, only the images
from the left camera were processed. For image size 720x576, the
processing speed is &~ 29Hz (without any GPU programming). The
threshold of the inlier number in the geometrical context verification
is empirically defined as 4. For initialisation, template matching is
performed with additional scale ratios of 0.8 and 1.2, and rotations
of +15 degrees, which does not deteriorate the run-time speed due
to template binarisation. The proposed method was compared to the
tracking approaches for articulated tools including [139] and [141].
For demonstrating the effectiveness of the online part-based tem-
plates for tool detection, the proposed approach is compared to the
method described in [139], which is based on boosted trees for 2D

tool part detection. For ease of training data generation, a subset of
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Figure 4.5.: Detection rate results of our online template matching and
GradBoost [139] on two single-tool tracking sequences.

Figure 4.6.: The overall rotation angle errors (mean+std) along each
axis of the end-effector on Seqs.1-6.

the tool parts was evaluated in this comparison, namely the front pin,
logo, and rear pin. The classifier was trained with 6000 samples for
each part. Since [139] applies to single tool tracking only, the trained
classifier along with the proposed approach were tested on two single-
tool sequences (1677 and 1732 images), where ground truth data was
manually labelled. A part detection is determined to be correct if the
distance of its centre and ground truth is smaller than a threshold. To
evaluate the results with different accuracy requirements, the threshold
was therefore sequentially set to 5, 10, and 20 pixels. The detection
rates of the methods were calculated among the top N detections. As
shown in Fig.4.5 the proposed method significantly outperforms [139]
in all accuracy requirements. This is because the templates used in the
proposed method are generated adaptively online.

To validate the accuracy of the 3D pose estimation, the centre lo-
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Table 4.1.: Translation and rotation errors (mean4std) on Seqs.1-6.
Tracking accuracies with run-time speed in Hz (in brackets)
compared to [141] on their dataset (Seqs.7-12).

3D Pose Error Tracking Accuracy
Our method EPnP-based

Seq. Trans.(mm) Rot.(rads.) Trans.(mm) Rot.(rads.) Seq. Our method [141)
1 1.31+1.15 0.11+0.08 3.10£3.89 0.12+0.09 7 97.79%(27) 97.12%(1)
2 1.50+1.12 0.12+0.07 6.69+833 0.244+0.19 8 99.45%(27) 96.88%(1)
3 3.14+1.96 0.12+0.08 8.03+846 0.23+0.20 9 99.25%(28) 98.04%(1)
4 4.04+221 0194015 5.02+541 0.29+0.18 10 96.84%(28) 97.75%(1)
5 3.07+2.02 0144011 547+5.63 0.26+0.20 11 96.57%(36) 98.76%(2)
6 324+270 012+005 403+387 023+013 | 12 98.70%(25)  97.25%(1)

Overall | 2.83+£2.19 0.13+0.10 5.51£6.45 0.24£0.18 | Overall 97.83% 97.81%

Figure 4.7.: Qualitative results. (a-c) phantom data (Seqs.1-3); (d) ex
vivo ovine data (Seq.4); (e) and (g) ex wvivo porcine data
(Seqs.9 and 12); (f) in wvivo porcine data (Seq.11). Red
lines indicate the tool kinematics, and green lines indicate
the tracking results of the proposed framework with 2D
detections in coloured dots.

cations of the tool parts are manually labelled on both left and right
camera images on phantom (Seqs.1-3) and ex vivo (Seqs.4-6) video data
to generate the 3D ground truth. The tool pose errors are then ob-
tained as the relative pose between the estimated pose and the ground
truth. The proposed approach was also compared to the 3D poses
estimated performing EPnP for every image where the tool parts are
detected. However, EPnP generated unstable results and had infe-

rior performance to the proposed approach as shown in Table 4.1 and
Fig.4.6.
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The proposed framework has also been compared to the method
described in [141]. As their code is not publically available, the pro-
posed framework is run on the same ez vivo (Seqs.7-10,12) and in vivo
data (Seq.11) used in [141]. Example results are shown in Fig.4.7(e-
g). For achieving a fair comparison, the tracking accuracy is evaluated
as explained in their work, and presented both our results and theirs
reported in the paper in Table 4.1. Although the proposed framework
achieved slightly better accuracies than their approach, our processing
speed is significantly faster, ranging from 25-36Hz, while theirs is ap-
proximately 1-2Hz as reported in [141]. As shown in Figs.4.7(b) and
(d), the proposed method is robust to occlusion due to tool intersec-
tions and specularities, thanks to the fusion of 2D part detections and
kinematics. In addition, the proposed framework is able to provide ac-
curate tracking even when T$  becomes invalid after the laparoscope
has moved (Fig.4.7(c), Seq.3). This is because TE_ is estimated online
using the 2D part detections.

4.6. Discussion and Conclusion

This chapter has proposed a real-time framework for 3D tracking of
articulated tools in robotic surgery. Online part-based templates are
generated using the tool CAD models and robot kinematics, such that
efficient 2D detection can then be performed in the camera image. For
rejecting outliers, a robust verification method based on 2D geomet-
rical context is included. The inlier 2D detections are finally fused
with robot kinematics for 3D pose estimation. The proposed frame-
work can run in real-time for multi-tool tracking, thus can be used for
imposing dynamic active constraints and motion analysis. The results
on phantom, ex vivo and in wvivo experiments demonstrate that the
proposed approach can achieve accurate 3D tracking, and outperform
the current state-of-the-art.

The tool localisation accuracy of the proposed method may be in-

sufficient for the automation of some surgical tasks that require fine

99



movements. Furthermore, the visual occlusion of the tool, such as
specular highlight and the blood stain on the tool, can result in sig-
nificant errors in the pose estimation. Therefore, both accuracy and
robustness of the method have to be improved before it can be used for
visual servoing of the tool. In the experiments, we found that errors
in the pose estimation mainly occur along the camera depth direction.
This is probably caused by the use of a single camera instead of the
stereo camera provided by the da Vinci robot. Therefore, a potential
improvement can be made by utilised both cameras to reduce the error

along the depth direction.
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5. Autonomous
Endomicroscopic Scanning

and Fusion on Surface |

5.1. Introduction

In the previous chapters, real-time tool tracking methods are proposed
which enable surgical task automation by using visual servoing. In this
chapter, we will investigate how autonomous scanning combined with
robotic guidance can be used to provide detailed tissue characterisa-
tion. As mentioned before, robotic MIS systems with stereo vision can
provide better manipulation and depth perception. In particular, the
da Vinci® robot (Intuitive Surgical Inc., CA) is a successful surgical
platform which is widely used for treatment of gynaecological and uro-
logical cancer. The da Vinci® robot is purely a master-slave system
that provides tele-operation, with no automation or artificial intelli-
gence features. In this chapter, the potential of the da Vinci® system
for surgical automation is investigated by using the da Vinci Research
Kit.

Whilst human guidance is essential for MIS, a recent review [146]
has concluded that surgical automation can be used for some important

steps of the operation, which could provide new augmented abilities

fContent from this chapter was published as:
Zhang, L., Ye, M., Giataganas, P., Hughes, M., Yang, G.-Z.: Autonomous scanning
for endomicroscopic mosaicing and 3d fusion. In: IEEE International Conference
on Robotics and Automation (ICRA). pp. 3587-3593 (2017).
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for the surgeon, allowing them to perform tasks more accurately and
intuitively. To this end, studies have been conducted, for instance, to
maintain consistent motion for ultrasound elastography [147]. In [107],
a human-machine collaborative framework was proposed to improve
surgeons’ performance by semi-automating surgical subtasks. Further
studies have also investigated how to perform automatic surgical tissue
dissection [148].

Another target for automation is the use of pCLE for generating
in situ microscopic images of tissue. pCLE has been used extensively
in the gastrointestinal tract and abdominal organs (e.g. [149, 150]),
mainly to discriminate between normal and cancerous tissue. How-
ever, with a Field-of-View (FoV) of typically 0.25-1 mm, it is difficult
to characterise larger areas of tissue or to return to previously sampled
points [151]. Video mosaicking to synthesise a larger FoV requires the
operator to maintain optimal probe pose and tissue-contact while per-
forming slow and controlled scanning motions with sub-millimetre ac-
curacy, which is a difficult manual task. Robotised instruments could
therefore potentially allow larger, more consistent mosaics to be cre-
ated. pCLE has previously been used both with an industrial robot
and in bespoke devices [152, 153, 5], while [50] presented simultaneous
robotic pCLE and ultrasound scanning. Integration with the da Vinci®
[25, 154], has also been investigated, but weak-depth perception and
poor ergonomics mean that it is still challenging to scan consistently
while maintaining probe orientation and continuous surface contact.
Therefore, the development of an autonomous pCLE scanning system
would benefit its use in surgical operations by reducing the cognitive
load on users and improving the scanning accuracy over larger 3D sur-
faces.

This chapter presents a 6 DoF visual servoing method based on the
da Vinci® robot with the dVRK. With the proposed approach, the
robot is able to achieve smooth motion with sub-millimetre accuracy,
and it has been demonstrated that an autonomous large-area pCLE

scan can be performed by the robot over a user-defined area. In addi-

102



tion, to facilitate intraoperative tissue diagnosis and identification, a
3D visualisation method is proposed to fuse the 3D tissue surface with
multiple microscopic mosaics on-the-fly. This 3D fusion approach is
designed to provide the surgeon with an intuitive and effective real-
time visualisation of multi-scale imaging information, which supports
surgical diagnosis and planning. Our framework has been tested on
phantom and ex vivo tissue experiments and the results demonstrate

its potential clinical value.

5.2. Hardware and Software Overview

The hardware components of the framework, highlighted in red in
Fig. 5.1, consist of a PSM of a da Vinci® robot with dVRK con-
trollers, a stereo laparoscope, and a custom endomicroscope system.
The dVRK controllers are connected to a host PC via a IEEE 1394
firewire interface in a daisy chain topology. The stereoscopic system
provides SD (720x576) video streaming for both left and right channels
at 25 Hz. In the host PC, the stereo stream is captured by a Kona 4
PCle frame grabber (AJA Video System).

The endomicroscope system is an in-house laser line-scanning fluo-
rescence system, described fully in [155], coupled to a Cellvizio UHD
Probe (Mauna Kea Technologies, France). The probe, which consists
of a 30,000 core fibre imaging bundle and a micro-lens, provides a FoV
of 240 pm and a fibre-sampling limited resolution of approximately 2.4
pm.  The line-scanning system provides optical sectioning, meaning
that the endomicroscope collects light only from an in-focus plane ap-
proximately 20 pym in depth. Processed microscopic images are scaled
to 300x300 pixels and served to the controller at 80 Hz via a TCP/IP
connection. In addition to the host PC, a second PC with modest
configuration is dedicated to 2D mosaicing and 3D visualisation which
runs at 15 Hz and 1 Hz, respectively.

The software component of the proposed framework runs on the

ROS, highlighted in green in Fig. 5.1. The stereo images captured
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Figure 5.1.: An overview of our proposed system framework for au-
tonomous endomicroscopic scanning and 3D mosaicing.

from the camera are used for 3D tissue surface reconstruction via a
stereo matching method. The reconstructed 3D surface is used for
two purposes: (1) to plan a scanning trajectory based on its positional
and normal information; (2) to provide 3D fusion with the 2D image
mosaics. The video stream from the laparoscope system is also used
for estimating the pose of the pCLE probe.

As shown in Fig. 5.2, the end-effector of the robot grasps an adapter
that holds the pCLE probe. A marker (KeyDot®, Key Surgical, Min-
nesota) is attached to the adapter for pose estimation of the probe.
The stereo system is calibrated using the method presented in [131]
to obtain the intrinsic and extrinsic camera parameters such that the
3D depths of the tissue can be recovered via stereo matching. The
trajectory planning consists of two parts: a global plan to guide the
probe to the desired location of the scan (identified by the user), and
a local plan to generate a mosaic.

A visual control component closes the loop by comparing the current
and desired probe poses and commanding the robot to minimise their
difference, causing the probe to follow the planned trajectory. The

robot’s end-effector Cartesian pose is read and set via a dVRK-ROS
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Figure 5.2.: A description of coordinate systems (frames) and related
transformations. B: robot base frame; E: end-effector
frame; M: marker frame; D: probe tip frame; C: camera
frame; I: mosaic point cloud frame.

component which is connected to a low level PID controller imple-
mented by the SAW package using the cisst library [132].

pCLE images are stitched together in real-time using pairwise regis-
tration of frames by template matching via normalised cross-correlation.
A position estimate obtained from the registration process is fused with
the pose estimation from the camera using a Kalman filter, to provide
probe position information used for closed-loop control during the scan-
ning. The image mosaic is also fused with the reconstructed surface
on-the-fly to provide both macro- and micro-views of the scanned re-
gion. By providing accurate and robust pose estimation, this visual
servoing approach permits smooth and accurate probe scanning, al-

lowing the formation of contiguous image mosaics.
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Figure 5.3.: Illustration of two types of trajectory pattern for pCLE
scanning: spiral (left) and raster (right). Three parame-
ters that define the trajectory are labelled with red double-
arrow line.

5.3. Trajectory Planning Based on 3D

Reconstruction

In this work, the scanning trajectory is planned to adapt to the 3D
profile of the tissue surface. The stereo images are rectified and undis-
torted by using the camera intrinsic and extrinsic parameters. The
Efficient LArge-scale Stereo (ELAS) [156] approach has been applied
to the stereo images for 3D surface reconstruction. To determine the
normal to a point on the surface, the problem is approximated by the
problem of estimating the normal of a plane tangent to the surface,
similar to [157].

The scanning trajectory, which is a sequence of probe tip poses in
the camera frame (TZ), is planned in two stages: the global trajectory
planning, which moves the probe to the starting pose for scanning,
and the local trajectory planning, which performs high resolution scan-
ning from the starting pose. To generate the probe tip poses in the
global trajectory, the proposed method interpolates between the cur-

rent probe tip pose at a standby position, and the desired starting pose
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for scanning. The desired starting pose ensures that the endomicro-
scope is perpendicular to the tissue surface (using the surface normal
from the 3D reconstruction) which is important for high quality mi-
croscopic image retrieval.

For the local scanning trajectory, it can be assumed that scanning
surface is locally planar, which is reasonable as each individual scan-
ning region is usually small (about 2x2mm) and most tissues are com-
pliant. The local scanning trajectory can be planned on a 2D plane,
with the aim of generating a contiguous mosaic over the desired area of
tissue. Two types of scanning patterns have been investigated, namely
the raster and spiral trajectories. Example patterns are shown in
Fig. 5.3. A set of common parameters are used to specify the tra-
jectory generation for both patterns. The diameter of the scanned
region is defined by w which is typically 1-2 mm in our experiment. In
order to reduce the likelihood of gaps in the mosaic image, but without
excessive over-sampling, the overlap parameter Af is set to half of the
FoV of the endomicroscope, which is 240 pm. the proposed method
also defines a point spacing parameter Al to set the interval between
points in the trajectory.

For the raster pattern, each trajectory point (zy,yx) is defined as:

k- Al, ke [0, %] ,k in odd row,
T =

w— (k-Al), kel[0,2], kin even row, (5.1)
yp = k- Af, ke [0,85].

As the probe maintains direct contact with the tissue at all times, mi-
nor tissue deformation would occur. Abrupt changes of direction (par-
ticularly moving between lines in the raster pattern) results in loading
and unloading of the tissue [158]. To minimise this tissue deformation,
an extra loading-unloading phase between two scanning lines is added,
where the probe advances further than the limit of the planned trajec-
tory, as shown in the Fig. 5.3. This also helps compensating for the

backlash of the robot which occurs during large directional changes.

107



For the spiral pattern the k-th trajectory point is given by:

r,=2>b-0 - cosb,

(5.2)
Yk = bek 'sinek
where b and 6, are calculated as:
A
b= 251,
=L (27, (5.3)

b= /221 ke [0, %],

Here, Af is the distance between two successive spiral loops and [y, is

the total length of the spiral trajectory.

5.4. Pose Estimation with Kalman Filter

Two types of imaging information are used for probe pose estima-
tion: the laparoscopic camera image and the endomicroscope image.
For probe pose estimation using the camera, a marker with asymmet-
ric dots is attached to the adapter (see Fig. 5.2). The vision-based
detection-tracking method proposed in chapter 3 is used for marker
recognition. The detection component is based on blob detection sim-
ilar to [159], which is applied on every image in the sequence. In order
to improve the marker recognition rate, a tracking component based
on pyramidal optical flow [130] is included to track the dots of the
marker in time. Once the marker pattern is recognised in an image,
the efficient perspective-n-points algorithm [145] is applied to calculate
the marker pose based on 2D-3D correspondences. The probe pose can
be calculated as: TE = TY - TY,, where T} is a fixed transformation
measured beforehand.

When using endomicroscope images for positional estimation of the
probe, only translational motion on the image plane is considered. In

order to filter the noisy camera measurements and fuse information
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from both imaging modalities, a Kalman filter is applied to obtain a fi-
nal estimate of the probe probe. Here, a discrete-time linear stationary

signal model is considered:
x(k) = Ax(k—1) +w(k) (5.4)

where x(k) € R" is the state vector. w(k) € R" is a sequence of process
noise which is assumed to be drawn from a zero mean multivariate
normal distribution whose covariance matrix is denoted by Q(k). In
this work, the state vector x(k) = [tx,ty,tz,t'x,t'y,t'z,a,ﬁ,’y,d,ﬁ.,"y]T
represents the position and orientation (in Euler angle form) of the
probe together with their first derivatives (translational and angular
velocity). The state transition matrix is defined as: A = (AOT AOT) in
which Ar = (7§ Af'313 ). The time interval between samples is denoted
as At.

The relationship between the measurements from sensors and the

states is defined as:
y(k) = Cx(k) + v(k) (5.5)

where y(k) € R! is the measurement vector, and v(k) € R’ is a se-
quence of observation noise which is assumed to be zero mean Gaussian
white noise with covariance R(k). Since two sensors are available, the

measurement matrix C'is defined separately for camera and pCLE:

C.
(5.6)
C,=(10000).

The error covariance of states is updated in the prediction stage as:

P(klk—1) = AP(k — 1|k — )AT + Q(k — 1). (5.7)
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The Kalman gain for the camera and pCLE is given by:

K.(k) = P(k|k — 1)CI(CP(k|k — 1)CT + Re(k)) ",

K, (k) = P(k|k — 1)CI(C,P (k|k — 1)CT + Ry (k)) ", o8
The measurement residual is given by:
r(k) =y(k) — Cx(k —1). (5.9)
The correction is then performed using:
() = (ks = 1)+ SKRI) + KB,

P(k) = (I - 3(K.(k)C. + K,(K)C,)P(k[k — 1).

During the execution of a global trajectory to the scanning region,
there is no pCLE image information (the probe is not in contact with
the tissue) and thus only the camera data is fed into the Kalman
filter. When the probe arrives at the scanning region, the states of
the Kalman filter are reinitialised as the servoing is switched from the

camera to the mosaic image coordinates.

5.5. Closed-Loop Scanning with Visual

Servoing

The proposed framework computes the hand-tool transformation T
between the end-effector and marker on the adaptor via a standard
hand-eye calibration approach [142]. The advantage of using the hand-
tool transformation is that it will not be affected when the robot and
camera are repositioned, making it more practical during surgical pro-
cedures. Although T¥ would change slightly if the adapter is released
and re-grasped, it is found that the resulting small error (a few mil-
limetres) in the hand-tool transformation is acceptable for the visual

servoing control.
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Given a current estimated probe pose TZ and a desired pose TZ"
in the camera frame (in the planned trajectory), a new command pose
can be calculated for the robot to minimise the difference. The relative
probe pose, denoted as TH", is given by: TH" = (Tg) . TE, where
TLZ and TE" are obtained from the Kalman filter and the planned tra-

jectory, respectively. Since the local trajectory is in the mosaic image
RL 0
01
trajectory from 2D to 3D. R is essentially a 2D rotation between the

coordinates, a transformation T4 = ) is required to convert the
probe and the mosaic, which can be calibrated by driving the robot
along a line.

With this, one can calculate the robot command T% that minimises

the relative probe pose:
Ty =Ty Ty Ty TP - (Tin) - (TE) (5.11)

The vision-based correction is performed on every pose along the
planned trajectory. To produce a smooth scanning motion, the tra-
jectory between two adjacent poses is interpolated and executed using

the robot kinematic model.

5.6. Endoscopic 3D Fusion and

Visualisation

Using the 3D reconstruction of the scanning region and the probe pose
in camera coordinates, the registration of the mosaic images with the
tissue surface can be done. This enables us to create a multi-scale
map that links macro- and micro-views, which are obtained from the
stereo camera and the pCLE, respectively. For pCLE mosaicing, an
approach similar to standard real-time techniques discussed in [160]
is utilised, using normalised cross-correlation to estimate the relative
shift between each pair of consecutive frames. To avoid overwriting in-

formation from previous frames, and minimise image boundary effects,
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Figure 5.4.: Snapshots of the phantom and ez vivo experiments. (a)
and (c) Experimental setups; (b) and (d) A snapshot of the
surgical view captured by the laparoscope. The KeyDot®
marker was overlaid with the streaming microsopic images

for AR.

blending is applied. The 2D mosaic is then converted to a 3D mosaic
point cloud where each point represents a pixel in the mosaic.

In order to register the mosaic point cloud with the surface, T¢
is required. As illustrated in Fig. 5.2 it can be calculated as: TL =
T} -T1,-Th, where M represents the coordinate frame of the marker
at the beginning of the local scan. With T¢ for each scanning region,
the proposed method is able to register mosaics from multiple region
scans onto the same 3D surface. The 3D mosaic point cloud is updated
on-the-fly when the microscopic images are mosaicked. An illustration
of this multi-scale 3D fusion can be seen in Fig. 5.8.

This chapter describes three ways to visualise the scanning and mo-
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Table 5.1.: Stereo Reconstruction Accuracy
ELAS [156] COCYV [161]

Cordineg  MAE (mm) 0.80 £0.70  1.24% 0.89
RMS (mm) 1.31 +0.98 1.85 + 0.82
Cordineg  MAE (mm) 120 +£156 147 £ 123
RMS (mm) 1.77 +2.16  2.66 + 1.47

saicing on-the-fly: (1) an augmented view from the camera that allows
both the robot and target tissue to be seen by overlaying the endomi-
croscope images onto the tracking marker on the adaptor, as shown in
Fig. 5.4(b) and (d); (2) a real-time, continuously updated 2D mosaic
map; (3) an online 3D fusion of mosaics onto the reconstructed sur-
face. These methods provide a clear and intuitive visualisation for the

surgeon, aimed at assisting surgical planning.

5.7. Experiments and Results

5.7.1. Stereo Validation

For assessing the accuracy of ELAS stereo reconstruction, a comparison
of the method with the state-of-the-art [161] is provided using the
Hamlyn cardiac datasets (http://hamlyn.doc.ic.ac.uk/vision/).
The results are provided in Table 5.1, and present that the ELAS

method provides competitive accuracies.

5.7.2. Hand-eye calibration accuracy

Due to the kinematic error of a tendon driven manipulator such as
the da Vinci® robot, the hand-eye calibration would only be accurate
within a space where the calibration data has been taken. Given the
calibrated hand-tool transformation T and an initial marker pose

Tgfo, the proposed method can predict a marker pose using robot for-
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Figure 5.5.: As the marker moves away from the starting reference
pose, the predicted pattern (projection on image is shown
in red dots) deviates from the detected one.

Table 5.2.: Error of Hand-eye calibration

Translation (mm) Rotation (deg)

MAE 1.33 £ 0.78 0.64 £ 0.37
RMSE 1.54 0.74

ward kinematics:

TY =T . TE . TE. TV (5.12)

The ground truth of the marker pose T was obtained from man-
ual annotation. The error between the ground truth and the pose
estimated by the hand-eye model is calculated by using Eq. 5.12.

The error pose is computed as: AT% = (T%) <. TY. Starting
from the initial pose TAC%, as the marker moves within the workspace
for the scanning task, two values are calculated: translational error
and rotational error. The translational error is the Euclidean norm of
the translational part of AT% while the rotational error is the mean of
the Euler angle of the rotational part. As presented in Table 5.2, the
translational and rotational errors are approximately 1.5 mm and 0.7
degrees respectively, which is sufficient to support sub-millimetre-scale

accuracy for the visual servoing.
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5.7.3. Accuracy of Visual Servoing

To quantitatively validate the camera visual servoing approach, the
experiments used the Optotrak Certus system (Northern Digital Inc,
Canada) which achieves 0.1 mm accuracy. Optical sensors were at-
tached to a custom probe adapter, so that a rigid transformation could
be found between the optical sensors and the marker frame. Ten trials
were run, with each consisting of two runs: trajectory-following with
Visual Servoing (VS), and Kinematic Motion (KM) only. The planned
trajectories, which are defined in the camera coordinates, were used as
the ground truth, and the optically-tracked results of two runs were
transformed into the camera coordinate for comparison. To this end,
it is assumed that the starting pose of the two runs should align with
the first pose in the ground truth trajectory. For each pair of measured
and ground truth poses at the same time instance, the pose difference
is considered as the error. For translational errors, the Euclidean dis-
tance is computed, and for rotational errors, the average of the Euler
angles from the x, y and z axes are used. The measured translational
errors and rotational errors are summarised in Table 5.3. Both trans-
lational and rotational accuracies using the camera visual servoing are
improved over kinematic-only control. The motion using the camera
visual servoing was able to achieve on average approximately 0.21 mm
for the translational error and 1.23 degrees for the rotational error.
Since the camera-based visual servoing is used to move the probe
to an initial position for scanning, the repeatability can be qualita-
tively evaluated by comparing the differences among multiple mosaics
acquired at the same nominal position. Three trials were run, in which
the probe was moved to the same position before scanning and mo-
saicing over a printed grid phantom. As shown in Fig. 5.6, the mosaic
images from different trials (identified by the colour) are well-aligned
at their centres, both horizontally and vertically, and the camera vi-
sual servoing provides good repeatability with only about 50 to 150

pm deviation. This shows good correspondence with the quantitative
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Table 5.3.: Camera Visual Servoing Error (Mean £ Std)

Translation Error (mm) Rotation Error (degrees)
Trial VS KM VS KM

Trial 1 0.238 £ 0.06 0.863 £ 0.26 0.89 + 0.55 4.51 £ 1.45
Trial 2 0.222 £ 0.08 0.360 £ 0.21 1.21 £ 0.53 3.57 £ 0.79
Trial 3 0.189 £ 0.08 0.507 £ 0.16 1.19 £ 0.55 1.96 £ 1.00
Trial 4 0.185 £ 0.07 0.588 £ 0.37 1.54 £ 0.46 5.54 £ 1.27
Trial 5 0.172 £ 0.06 0.462 £ 0.27 1.44 + 0.55 5.62 £ 1.11
Trial 6 0.226 £ 0.07 0.915 £ 0.40 1.57 + 0.49 5.22 £ 1.08
Trial 7 0.247 £ 0.06 0.909 + 0.37 1.11 + 0.48 4.05 £ 0.87
Trial 8 0.303 £ 0.09 0.542 £ 0.17 1.25 + 0.50 0.79 £ 0.52
Trial 9 0.165 £ 0.10 0.484 £ 0.13 0.84 + 0.45 3.39 £ 0.80
Trial 10 0.164 £ 0.07 0.666 £+ 0.13 1.21 £+ 0.57 1.44 £ 1.04

Total 0.211 + 0.07 0.630 + 0.25 1.226 + 0.51 3.61 + 0.99

accuracy estimated above (0.211 mm).

The mosaic images in Fig. 5.6 also provide us with a measure of
the accuracy of the camera and endomicroscope combined servoing.
This is performed by comparing the original layout of the grid pattern
with the obtained mosaicked grid, and in our experiment, the error
is approximately 60 pm, including the uncertainty introduced by the

laser printing of the pattern.

5.7.4. Phantom and Ezx Vivo Experiment

The experiment steps can be summarised as follow:
1. A stereo reconstruction of current surgical scene is generated.
2. A user places the probe at a standby location.

3. A user selects a target scanning region with the global and local

trajectories being generated accordingly.

4. The robot moves the probe along the global trajectory with ser-

voing from the laparoscopic camera images.

5. Probe arrives at the starting position for the mosaic scan over
the desired region; robot drives probe to follow local trajectory

using both microscopic and laparoscopic images for servoing.
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133 pm

Figure 5.6.: Demonstration of mosaic results on a printed grid phantom
with black holes (outlined by the dashed rectangle). Three
trials are identified by three different colours and a red
guide axis is placed for assisting comparison.

6. After finishing the scan, the probe returns to the standby loca-

tion, ready to scan the next region.

To validate the approach, autonomous scans were performed on a
custom-made PVA cryogel kidney phantom. In order to produce high
quality microscopic images, lens tissue paper stained with the topical
fluorescent contrast agent acriflavine, was placed on top of the surface.
A snapshot of the experiment is provided in Fig. 5.4(a-b). Scanning
tasks were then performed on the phantom surface using both spi-
ral and raster trajectories. An example of the 2D mosaics obtained
is shown in Fig. 5.7. The actual trajectory line drawn on the mo-
saic image shows that the robot suffers from the raster motion due to
backlash, as the raster pattern consists of abrupt changes of motion
direction. The spiral pattern is considered to be superior as the motion
direction changes gradually.

The 3D fusion results are presented in Fig. 5.8 which demonstrates

that our approach is able to perform multi-region scanning. These
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Figure 5.7.: Comparison of spiral and raster trajectories. The actual
trajectories measured on the mosaic images are shown in
red dotted line.

results have shown our proposed framework is able to provide continu-
ous image mosaicing, benefiting from the smooth and accurate motion
generated by the visual servoing approach. Experiments were also
performed using ex vivo animal tissue (see Fig. 5.4(c-d)). The gastric
mucosa of a porcine stomach tissue sample was again stained with the
topical acriflavine contrast agent. Examples of the 3D fusion results
are provided in Fig. 5.8. Both the phantom and ez vivo experiments
have demonstrated that our framework is capable of performing au-
tonomous pCLE scanning and generating high quality image mosaics.
Again, due to the advantages of global surface reconstruction and vi-
sual servo control, the proposed framework is able to scan multiple
regions on the same surface. This also provides a global-local mapping
where the user can not only see each scanning location from macro-

scale but also see a zoomed-in mosaic image.

5.8. Discussion and Conclusion

The proposed framework presents good repeatability and accuracy,
with all trials demonstrating consistently low errors, sufficient to allow
pCLE scanning tasks to be completed. The mosaicing results from
both phantom and ez vivo experiments, shown in Fig. 5.8, demon-
strate that the system can scan multiple regions and obtaining good

quality mosaics. The results are a significant improvement over the
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(2)

(b)

Figure 5.8.: Exemplar 3D fusion results. (a) and (b) online multi-
region fusion results from the ex vivo gastric mucosa ex-
periment; (c¢) and (d) Online multi-region fusion results
from phantom experiment.

basic linear mosaics produced by manually operated pCLE, suggest-
ing enhanced clinical value for intraoperative pathological analysis and
surgical planning.

Whilst one might expect the accuracy of stereo reconstruction to be
insufficient for pCLE scanning, it was found that most of scanning tasks
could be completed successfully. However, it was observed during the
stereo validation that the recovered surface tends to have a constant
offset despite good shape matching to the ground truth. To address
this erroneous offset, the probe tip to marker transformation T was
adjusted to ensure continuous contact with the surface. This solution
is not ideal and would cause problems when the reconstruction error
becomes too large (> 2.0mm), as it would cause the probe to either
lose contact with the surface or apply too much pressure, leading to
excessive deformation. It is also observed that the image quality tends
to decrease as the contact force increases. A comprehensive solution to
this problem, would be to perform additional visual servoing based on

the quality of microscopic images. With this, the image quality could
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then be used to detect loss of contact or excessive pressure, and adjust
the robot position accordingly [162].

In this chapter, an autonomous framework using the da Vinci® robot
is proposed for endomicroscopic mosaicing and online fusion of 3D re-
constructed macroscopic images with microscopic images. Both la-
paroscopic camera and pCLE images have been utilised to achieve
continuous and smooth scanning. In addition, the proposed frame-
work provides a comprehensive visualisation scheme for users, which
includes: (1) an overlay of microscopic images into the surgical view
for AR; (2) an online updating 2D mosaic image; and (3) 3D fusion
of the mosaic images with the tissue surface on-the-fly. These visu-
alisation options have a range of potential benefits for intraoperative
tissue analysis and surgical planning, which will be explored in future
work. The proposed framework has been tested on phantoms and ex
vivo tissue, and quantitative results obtained from an external track-
ing system have shown that our framework can achieve accuracy better
than the FoV of the endomicroscope, thus permitting smooth and ac-

curate microscopic scanning.

120



6. Autonomous
Endomicroscopic
Scanning and Fusion with

Depth Information f

6.1. Introduction

Recent studies [146] have suggested that automation of some surgical
subtasks, particularly those that are tedious and repetitive or require
high precision, can be beneficial in improving accuracy and reducing
the cognitive load of the surgeon. For example, several studies have
investigated automation of surgical suturing subtasks, including using
a suturing tool under fluorescence guidance [163], and other studies
have explored areas such as autonomous tissue dissection [148]. In
Chapter 5, an surgical automation framework has been presented for
pCLE scanning tasks that required high accuracy and smooth motion.

As mentioned in Chapter 5, individual pCLE images need to be
sticked together in order to form large mosaics which are more useful
for surgical diagnosis. Several mosaicing algorithms have been devel-
oped for this purpose, including both real-time [164] and more robust

offline processing [165] approaches. However, the operator is required

fContent from this chapter was published as:
From Macro to Micro: Autonomous Multiscale Image Fusion for Robotic Surgery.
Zhang, L., Ye, M., Giataganas, P., Hughes, M., Bradu, A., Podoleanu, A., Yang,
G.-Z.. IEEE Robotics and Automation Magazine. 24(2), 63-72 (2017).
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to maintain optimal probe orientation while performing smooth and
controlled scanning motions with sub-millimetre accuracy. For pCLE
in particular, which requires direct tissue contact, the probe-tissue
force is critical [154], both to ensure good quality images and to limit
the amount of tissue deformation occurring during scanning. Mosaic-
ing under manual control is therefore extremely challenging.

To address this issue, several studies have attempted to robotise
pCLE probes with the aim of achieving consistent imaging over large
areas of tissue. These developments have included dedicated robotic
mechanisms for 2D scanning [50, 153, 166] and for maintaining the de-
sired probe-tissue contact force [154]. Integration with existing robotic
systems, such as the da Vinci® [154, 25|, has also been investigated.
However, even with robotic assistance, limited depth perception and
poor ergonomics mean that it can still be difficult for clinicians to
perform a continuous and smooth scan during tele-operated surgery;
maintaining the probe in a specific orientation and ensuring continuous
contact with the surface remains difficult and tedious.

OCT differs from pCLE in that it provides cross-sectional images
of the tissue’s structure. The nominal depth range is typically several
millimetres, although penetration into scattering tissue is limited to
1-2 mm in practice. OCT has achieved significant clinical success in
ophthalmology, and endoscopic OCT has extended the range of appli-
cations to areas such as the gastrointestinal tract [167]. It has also been
used in laparoscopic and robotic prostatectomy [40] for characterising
neurovascular bundles along the prostate in real-time. As for pCLE, it
is necessary to mosaic OCT images if a large FoV is required, and this
shares many of the difficulties with pCLE mosaicing. However, since
OCT is a cross-sectional technique that does not require tissue contact,
it can also be used to determine the distance between the probe tip
and the tissue. Several studies have suggested the potential benefits
of combining cross-sectional OCT images and fluorescence microscopy
(e.g., [168]), although most of the designs for combined probes require

sacrificing the resolution of the fluorescence channel. Here, by mount-
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ing the two probes side-by-side, the proposed framework combines the
advantages of both techniques to provide complementary diagnostic
information — high-resolution surface information and lower resolution
sub-surface information.

The autonomous scanning system presented in Chapter 5 has the
potential to support the use of optical biopsy in surgical operations.
In this chapter the scanning motion is visually servoed not only using
pCLE images (in the direction transverse to the tissue surface) but also
by OCT images (in the axial direction). With this approach, the robot
is able to ensure that optimal contact force is maintained between the
pCLE probe and the tissue, assisting with smooth motion (avoiding
stick-slip) and helping to form continuous mosaics.

Furthermore, to facilitate intraoperative tissue diagnosis and identi-
fication, a 3D visualisation method is proposed to fuse the reconstruc-
tion of the 3D tissue surface with 2D endomicroscopy mosaics and 3D
OCT volumes on-the-fly, an improvement over the work in Chapter
5. This 3D fusion approach is designed to provide the surgeon with
intuitive real-time visualisation of multi-scale image information, sup-
porting surgical diagnosis and decision-making. The framework has
been validated with a series of phantom and ex wvivo tissue experi-
ments, with the results demonstrating the potential clinical value of

the approach.

6.2. Overview of the Scanning Framework
and Workflow

The system links custom pCLE and OCT systems with a stereo laparo-
scope and a PSM of a da Vinci® surgical robot with dVRK controllers.
The dVRK controllers (da Vinci Research Kit, Medical Motion) allow
the conventional master console of the da Vinci® to be bypassed and
replaced by the autonomous control system. They are connected to a

host PC via an IEEE 1394 firewire interface in a daisy chain topology.
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Figure 6.1.: An overview of our experimental setup for autonomous
optical biopsy probe scanning and multi-scale fusion.

The stereoscopic system provides standard-definition (720x576) video
streaming (for both left and right channels) at 25 Hz, which is cap-
tured by the host PC using a Kona 4 PCle frame grabber (AJA Video
System). An example of the system setup can be seen in Fig. 6.1.
The robotic system consists of a set of dVRK controllers and both the
pCLE and OCT probes are grasped by a da Vinci® PSM. The micro-
scopic system consists of an CLE system, an OCT system and a PC
used to capture and process pCLE and OCT images.

The pCLE and OCT systems are developed with in-house designs,
both consisting of a flexible fibre optic probe connected to an external
base unit. The distal tips of the fibre probes are held by a pick-up
mount which can be grasped by da Vinci® instruments. The pCLE
system is a high-speed line-scanning endomicroscope [155] coupled to
a Cellvizio UHD fibre probe (Mauna Kea Technologies). It excites
tissue at a wavelength of 488 nm and collects fluorescence emission
above 500 nm. It is used with typical fluorescent stains which can be
excited at 488 nm, such as acriflavine. The probe, which consists of a
30,000-core fibre imaging bundle and a micro-lens, provides a FoV of

240 pm and a fibre-sampling limited resolution of approximately 2.4
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pm. Since each fibre core within the bundle transmits a ‘pixel” of the
image, no scanning mechanism is needed at the distal tip of the probe;
it is entirely passive. The external line-scanning system illuminates
and images a single line of the tissue (via the bundle) at a time, a
technique which ensures light is predominantly collected only from an
in-focus plane approximately 9 um in depth. The line-scan design
(rather than point-scanning as in conventional confocal microscopes)
sacrifices some axial resolution in exchange for a maximum frame rate
of 120 fps, which is beneficial for this application as it allows for higher
speed scanning.

The OCT system uses a swept source laser (Axsun Technologies, Bil-
lerica, MA) with a central wavelength of 1300 nm. The laser sweeps
over a wavelength of 110 nm at a frequency of 100 kHz, with each sweep
allowing acquisition of a single axial line (an A scan) through the tissue
by the technique of spectral domain low coherence interferometry. The
forward viewing fibre probe is 13 mm long (fabricated at the Institute
of Applied Physics, Russia) and has a 2.7 mm diameter rigid tip. This
tip incorporates copper wires and a NdFeB magnet, providing a mech-
anism for scanning the fibre at 40 Hz and hence generating 2D images.
A GRIN micro-lens focuses the beam onto the tissue, and the assembly
is covered with Teflon tubing. The FoV of the probe is approximately
1 mm.

Both optical biopsy systems are controlled via a single software in-
terface, developed in LabVIEW (National Instruments), running on a
secondary PC. Images are acquired and processed in real time, resized
to 300x300 (pCLE) and 90x300 pixels (OCT), corresponding to real
dimensions of 240 x 240 pum and 900 x 3000 pm respectively, and are
streamed to the host PC at 40 Hz via a TCP/IP connection. The
software component of the framework is implemented using the ROS
across two computers, with the workload of robot motion control sep-
arated from imaging processing and 3D visualisation. The ROS uses
TCP/IP to communicate with the pCLE/OCT PC and the servoing

PC; this has a round trip time of about 5 ms. The 2D mosaic process-
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Figure 6.2.: The data flow streaming from the different imaging modal-
ities is processed for visualisation and servoing purposes.
From a pair of stereo images, a surface of the scene is re-
constructed as a point cloud. By stitching pCLE images,
a mosaic image can be created, and a 3D volume can be
built from OCT images. These results are fused into a
unified window for multi-scale visualisation.

ing runs at 10 Hz (100 ms). Therefore, for lateral motion compensation
using pCLE images, the delay is approximately 110 ms. For vertical
motion compensation using OCT distance estimation, the delay is ap-
proximately 40 ms.

As shown in Fig. 6.2, the stereo images captured by the camera
are used for 3D tissue surface reconstruction via a stereo matching
method. Images captured by the pCLE system are registered pairwise
by normalised cross-correlation and combined by the dead-leaf method.
Concurrently, OCT images are mapped into a 3D volume based on the
current probe pose, providing a 3D volumetric reconstruction over the
scanned tissue. The pCLE mosaic, OCT volume and reconstructed
surface are fused together on-the-fly to provide both macro- and micro-
views of the scanned region.

To generate a mosaic over a defined area, the probe is scanned over

a pre-defined trajectory using the robot, with the trajectory planned

126



in the coordinate system of the mosaic. A visual control component
closes the loop by comparing the current and desired probe poses and
driving the robot to minimise their difference. This results in the
desired region of tissue being imaged regardless of kinematic errors or
tissue motion and deformation.

Separate from the visual servoing loop, the end-effector pose of the
robot (in Cartesian space) is then read and set via a dVRK-ROS com-
ponent which is connected to a low-level PID controller implemented
by the SAW package using the cisst library [132].

The scanning trajectory is planned on a 2D plane with the aim of
generating a mosaic over the desired area of tissue. A spiral trajectory
is preferable to a raster pattern as it avoids sudden changes in direction
and hence exerts less deformation on the tissue. To generate a desired
spiral trajectory, the distance between two successive spiral loops (A7)

is pre-defined. This defines the constant b:

7A7“

s

b (6.1)

In order to reduce the likelihood of producing gaps in the mosaic im-
age, whilst preventing excessive over-sampling, Ar is set to half of the
endomicroscope’s FoV (240 pm). The radius of the spiral trajectory
rsp represents the size of the scanned region, and the total length of

the spiral trajectory [y, is calculated as:

Finally, the k-th trajectory point is defined as:

z,=0b-0 - cosb,

Y = b 0 - sin by,
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Figure 6.3.: Illustration of the coordinate frames and dimension of the
hardware; (a) shows a da Vinci® tool grasping the pick-up
adapter holding the pCLE and OCT probes. The dimen-
sion of the adapter and probes is labelled; (b) shows the
definition of the coordinate frames used in the visual ser-
voing and fusion. The marker and pCLE probe coordinate
frames are denoted as {M} and {P} respectively. The
volume and mosaic image coordinate frames are denoted
as {V} and {I} respectively; (c) shows an augmented la-
paroscopic view where a pCLE image is overlaid on the
adaptor.

where 6, is obtained using equation 6.1 and 6.2:

21
O = ,/T’C,zk € [0,1,) . (6.4)

6.3. Closed-Loop Scanning using pCLE
and OCT images

At each iteration of the control loop, the desired robot end-effector

command is defined as:

TL =T T - T4, - T - T - T4 (6.5)
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The definition of the different coordinate systems is illustrated in Fig. 6.3.
TE is the end-effector pose in robot base coordinates, calculated us-
ing forward kinematics. The transformation TE* is the transformation
between the current and desired probe positions. TL* is calculated
in every iteration during closed-loop control using the displacement

between the current and desired probe positions. TE* is defined as:

I At
0 1

Px

P = , (6.6)

where At = [Atz, At,, AtZ]T is a displacement vector and I is a 3x3
identity matrix. In order to obtain the displacement vector, the in-
formation from either or both of the pCLE and OCT images is used.
The rest of the transformations in equation 6.5 are constants that can
be measured or calibrated in advance. In particular, the end-effector
to marker transformation T¥ is calibrated using a standard hand-eye
calibration method [142]. The marker to probe transformation T is
determined from the CAD model of the adapter. It should also be
noted that TE, = (T¥)™ and T¥* = (T%,)"*. Continuous detection
of the marker is not required during local scanning with closed-loop
servoing, as it is only used to determine the transformation between
the robot end-effector and probe, which does not change in time with
a rigid setup. Note that the scanning surface is assumed to be a plane

as each individual scanning region is usually small (about 2x2mm).

6.3.1. Servoing using pCLE Images

To allow a continuous mosaic to be generated over the desired area
of tissue, the visual servoing loop is closed on the mosaic image. The
pCLE mosaicing is performed using an approach similar to the stan-
dard real-time technique described in [164, 155], using normalised cross-
correlation to estimate the relative shift between each pair of consec-
utive frames. At the beginning of each scanning procedure, the probe

position in the mosaic image "p(t = 0) = (0, 0) is located at the centre
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of the image. During scanning, an estimate of the current probe posi-
tion "p(t) at time ¢ is obtained from the mosaic (i.e. from integrated
pair-wise image shifts over time). Next, by comparing ™p(t) with the
k-th desired probe position in the trajectory "p*(k), the displacement

between the current and desired position is calculated as:

. [cosa —sina] ‘ [mp?; —mpz] 7 (6.7)

sina  cos«a "y — "Dy

At,
At,

where « is an 2D rotation angle between the probe and the mosaic
image, and k,, is a constant that converts the displacement from pixels
to real distance. To calibrate the rotation angle «, the probe is moved
by the robot in a horizontal line scan using the laparoscope. The
angle a between the scanned line and the desired horizontal line can

be calculated.

6.3.2. Servoing using OCT Images

The distance from the OCT probe to the tissue can be estimated by
detecting the top surface of the tissue in the OCT cross-sectional im-
age, which can be seen in Fig. 6.1. The OCT probe is mounted slightly
higher than the pCLE probe, so that the top surface of the tissue ap-
pears at a non-zero depth in the OCT image. Since the top surface
usually maintains the most intense signal, this can be found by simple
peak detection, taking the first peak above a user-defined threshold.
To mitigate the influence of noise, a Kalman filter is applied to assist
accurate distance estimation for servoing. Here, the proposed frame-
work utilises a constant velocity model for the Kalman filter as the
motion of robot along the depth direction is smooth. At the beginning
of each scan, it is assumed that a good initial contact has been made
by the user (i.e. clear pCLE images can be seen), and the current
OCT distance estimate d,. is recorded. This distance is then set as
the desired distance d}, and the robot is thus required to maintain this

distance during scanning. The displacement along the z-axis is defined
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as:
AL, = ky - (d'y, — doct). (6.8)

oct

Here k, is a constant that converts the distance from pixels to real

distance.

6.4. Multiscale Fusion and Visualisation

In this work, three different imaging modalities are fused together in
a unified visualisation framework including both macro- and micro-
views. For the macro-view, a pair of stereo images is used to recon-
struct a 3D surface of the scanning region using an efficient stereo
matching method [156]. The micro-view then consists of a mosaic
image obtained from pCLE images overlaid onto a 3D volume recon-
structed from OCT images.

To place the mosaic image with the OCT volume, the proposed
framework takes account of the known lateral offset between the OCT
and pCLE probes due to the design of the pick-up mount, as shown
in Fig. 6.3. The size of the volume is set according to the defined size
of the scanning region such that it will be large enough to contain all
OCT images during scanning. The size of each voxel in the volume
is set equal to the size of the OCT image pixels, such that each voxel
represents approximately 10 um in the plane of the cross-section, and
10 pm along the out-of-plane direction. A 2D-3D mapping allows each
pixel in each OCT image to be mapped to a voxel in the volume.
For each scan, the volume is initialised such that all voxels are set
to invisible. The pose of each OCT image in the volume coordinate
frame is then obtained from the current position of the probe in the
mosaic image coordinate frame, taking into account the known offset
between the two probes. The value of the voxel is simply set equal to
the intensity of the corresponding pixel in the OCT image. If the voxel
has already been set using a previous OCT image, its value is updated

by averaging the new and current values.
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Figure 6.4.: Resulting mosaics from pCLE servoing on a printed grid
phantom. Results from trial 2, 4, 7 and 10 are shown
here. In all trials, the mosaic image shows the grid pat-
tern clearly. An example of misaligned square due to the
inaccuracy in the visual servoing is indicated in trial 2.

The mosaic image is then scaled according to its real size and placed
in the same visualisation framework as the OCT volume. To register
the OCT volume and pCLE mosaics with the macro surface recon-
struction, the proposed framework makes use of a circular-dot marker
attached to the adaptor Fig. 6.3(a). The definition of different coordi-
nate frames is defined in Fig. 6.3(b). When a scan is started, the initial
pose of the marker in camera coordinates T is recorded. Since there
is a known transformation between the marker and the probe T%, and
a known offset T!, between the two probes, the registration matrices

TL and T}, can be calculated as:

TI :T]V['TP 'TI
c v 1p (6.9)
TY =TL - TV.
It should be noted that T4 = T as the probe is located at the centre
of the mosaic image when the scan starts. With the transformation
T, and T}, the mosaic image and volume can be registered with the

surface reconstruction.
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6.5. Experiments and Results

6.5.1. Accuracy of pCLE Visual Servoing

To evaluate the accuracy and consistency of the pCLE visual servoing,
a test phantom containing a known grid pattern is manufactured. The
phantom was printed by a laser printer on a sheet of paper and coated
by a fluorescent marker, making it visible in the pCLE channel. Every
square in the grid pattern had a line thickness of 35 ym and width of
208 pum, as shown in Fig. 6.4. To avoid the effect of printing inaccu-
racies, which can be seen in Fig. 6.4 where the printed grid pattern is
not the same as the design, a benchtop microscope was used to take
several measurements of the width of individual squares. The average
of the measurements was then taken as the ground truth width of a
square. For the results shown below, the measured ground truth width
of a square was 213.24 ym (compared to an intended width of 208 pm).

To test the consistency of the visual servoing, 10 scans were per-
formed over the same phantom, generating 10 mosaic images. To
maintain the independence of the trials, the phantom was repositioned
between each run. In each mosaic image, the width of every square
is measured and compared with the ground truth value. In total, 36
measurements were taken along the horizontal and vertical direction
for each image. Due to the intrinsic inaccuracy of the servoing, squares
in the pattern can be misaligned as shown in Fig. 6.4. The fraction of
misaligned squares is presented in Table 6.1. The Root Mean Square
Error (RMSE) and Interquartile Mean Error (IME) were then calcu-
lated for each trial, with the IME ignoring the effect of outliers. These
results are shown in Table 6.1 where the total RMSE is 14.8 ym and
the total IME is 10.0 pm. If this is compared to the FoV of the probe
(240 pm), it is clear that both qualitative and quantitative results
show that the proposed pCLE servoing method can achieve a high ac-
curacy and good consistency using the da Vinci® robot, for the case of

a non-deforming sample.
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Tendon-driven robots such as the da Vinci® system, are often con-
sidered incapable of performing tasks that require such high precision
due to backlash and kinematic inaccuracy. To demonstrate how the
proposed method improves the robot’s capability for pCLE scanning,
scanning results with and without the pCLE servoing are compared. As
shown in Figs. 6.5(a) and (b), although the kinematic model appears to
show that the robot should follow the desired trajectory correctly, the
actual mosaic image does not show the corresponding motion, indicat-
ing that there is an error in the kinematic model. With pCLE servoing,
comparison of the trajectory and resulting mosaic image demonstrates
that the controller corrects the kinematic error in order to follow the
desired trajectory in the space of the mosaic image. The diameter of
the spiral trajectory from the kinematic model is about 0.93 mm and
from the pCLE servoing on the printed pattern and porcine tissue is
1.41mm and 1.85 mm, respectively.

The framework was then tested on ex wvivo porcine stomach tissue
stained with acriflavine. Unlike the phantom experiments, deforma-
tion is now caused by probe interaction with the tissue during scan-
ning. In Fig. 6.5(g), the kinematic trajectory indicates that the robot
attempts to compensate for this deformation, since the deviation is
0.4 mm more than for the non-deforming phantom shown in Fig. 6.5(c).
It can also be seen that the scanning trajectory of an ideal spiral is typ-
ically 'squared-off” as shown in Figs. 6.5(c) and (g). The most likely
causes of this are backlash in the tendon-driven robot, and the limited

bandwidth of the visual servoing control of the robot position.

6.5.2. Robustness to Unexpected Motion

The system is also somewhat robust to unexpected motion and defor-
mation of the scanning target. To show this qualitatively, the scanning
and mosaicing process was interrupted by moving the phantom man-
ually. The first row of Figs. 6.5(e) and (f) shows that the servoing is

able to recover following the unexpected phantom motion. To confirm
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Table 6.1.: Evaluation of Endomicroscopic Servoing

Misalignment (%) RMSE (pm) IME (pm)

Trial 1 17 14.1 8.3
Trial 2 10 15.0 9.1
Trial 3 7 14.6 11.1
Trial 4 7 15.1 8.1
Trial 5 8 12.9 9.7
Trial 6 3 12.9 9.4
Trial 7 17 154 9.9
Trial 8 16 12.5 10.0
Trial 9 16 16.2 12.2
Trial 10 16 18.1 13.0

Total 11 14.8 10.0

the capability of the system under unexpected motion of the tissue, the
tissue was placed on a motorised translation stage which was moved
laterally with different velocities during the robotic scanning. The mo-
saic results are shown in Fig. 6.6. The maximal velocity of the lateral
motion that would not cause failure (discontinuities in the mosaic im-
age) was 0.5 mm/s. When the velocity was increased further to 0.63
mm/s, there was an obvious discontinuity when the system attempted
to correct the motion and continue the mosaicing. Improving the sys-
tem to deal with faster motion would require an increase in the mosaic
processing frame rate, which is currently set to 10 frames per second.
However, this is not limited in practice by the mosaic algorithm but
by the use of a tendon-driven robot that is not capable of fast and
accurate motion. If the mosaic frame rate was increased without an
increase in velocity, the mosaic algorithm would fail as the positional

shift between frames would be too small to detect accurately.

6.5.3. Validation of OCT Distance Servoing

In order to obtain high quality pCLE images, as shown in Fig. 6.7, the

probe should be placed in gentle contact with the tissue at all times.
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In the probe holder, the OCT probe is positioned with an axial offset,
slightly higher than the pCLE probe. Optimal pCLE images should
therefore be obtained when the distance to the tissue, given by the
position of the top surface in the OCT cross-sectional image, is at a
fixed value around this distance (the exact distance required is deter-
mined experimentally). To evaluate how effective the OCT distance
servoing is at maintaining continuous tissue contact, and hence good
image quality, a translation stage was used to move a phantom in a
cyclic motion with a constant linear velocity along the axial direction
of the OCT probe (both towards and away from the probe). Trials
were performed with different linear velocities ranging from 16 to 80
pm/s.

The results in Fig. 6.8 show how well the robot maintains a desired
distance relative to the moving phantom under different peak veloci-
ties (16, 32 and 80 pum/s). When the phantom moves, the deviation
between the current and desired distances can be generally kept within
4 pixels (approximately 40 pm). When the phantom stops, the current
distance successfully converges to the desired one.

To determine whether the OCT distance servoing improves the ro-
bustness of the pCLE scanning, a spiral scanning task on a curved
surface phantom was tested with and without the distance servoing.
Fig. 6.9, shows an example where the mosaicing cannot continue with-
out OCT distance servoing as the pCLE probe loses contact with the
phantom and the image becomes blurred. In contrast, as shown in the
zoomed region of Fig. 6.9, when contact begins to be lost, the robot is

successfully able to recover.

6.5.4. OCT Volume Rendering and Fusion

To validate the OCT volume rendering, a surgical needle with a thick-
ness of 0.3 mm was scanned. In this experiment, the OCT distance
servoing was disabled so that only pCLE images were used for the con-

trol. As shown in Fig. 6.10, a segment of the needle is scanned and
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reconstructed in an OCT volume. From the volume, it can be clearly
seen that the needle is placed on a flat tissue surface. To visualise
both macro and micro information, a multiscale image fusion is shown
in Fig. 6.11. From the stereo reconstruction in macro scale, the fusion
framework can zoom in to the scanned region in micro scale where a

mosaic image and an OCT volume are presented.

6.6. Discussion and Conclusion

This chapter presents an automated scanning framework for pCLE
and OCT optical biopsy using the da Vinci® surgical robot. It is capa-
ble of generating large area mosaics of both pCLE and OCT images.
A crucial feature is that pCLE images are used to close the control
loop, and mosaicing results from both static and deforming phantoms
demonstrated that this effectively compensates kinematic errors. Fur-
thermore, by using OCT images to maintain a constant distance to the
tissue, and hence ensure consistent contact between the pCLE probe
and the tissue, the system is able to compensate for target motion
along the axial direction. This visual servoing allows for the correc-
tion of errors due to tissue deformation, robot positioning and grasping
of the pick-up probe. The accuracy of this correction is better than
the FoV of the pCLE probe, resulting in continuous 2D mosaics with-
out gaps or discontinuities, which represent a common problem for
open loop control. Finally, the resulting high-resolution tissue maps
at micro-scale can be fused in real-time with a stereo reconstruction
at macro-scale from the laparoscopic image-feed, providing the sur-
geon with a multi-scale 3D view of the operating site. This augmented
visualisation provides a range of potential benefits for intraoperative
tissue characterisation and surgical planning. Future work will inves-
tigate complementary servoing using the laparoscopic image, both for
robot motion to the desired scan site, and to improve robustness to
loss of contact (and hence loss of pCLE images for servoing), and an

investigation of the potential of the system to handle patient motion.
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A study comparing the results to master-slave controlled scanning will
confirm the practical clinical benefits of the system in providing the

surgeon with real-time intraoperative cellular-scale tissue analysis.
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Figure 6.5.: Illustration of how pCLE servoing improves mosaicing re-
sults. The left column shows the scanning trajectory based
on kinematic reading of the robot’s end-effector and the
right column shows the corresponding mosaic results on
the same phantom. The first row is the result from us-
ing only the kinematic model, while the second row uses
closed-loop scanning. The effect of unexpected motion
on the mosaic image is shown in the third row. The
unexpected motion is shown in the red dashed circle in
(f) before the closed-loop servoing recovers and returns
the probe to the desired trajectory relative to the tissue
surface.
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Figure 6.6.: Mosaic results obtained using the framework under unex-
pected motion with various velocities. The ‘arm’ connect-
ing the mosaic over the planned region and the additionally
scanned region (caused by the motion) is enlarged to show
that it is continuous, suggesting that the probe correctly
returned to its planned trajectory on the tissue surface.
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Figure 6.7.:

Demonstration of the correlation between the distance to
the tissue surface measured in the OCT image (bottom
row) and the quality of pCLE images (top row). As the
surface moves closer to the probe, from left to right in
the figure, the probe-to-tissue distance measured by the
OCT probe becomes smaller while the pCLE image quality
improves. Note that the pCLE images are autocontrasted.
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Figure 6.8.: The desired OCT distance shown in red is assumed to be
constant during servoing. As the phantom starts moving,
the deviation between the desired potion and the current
position measured by the OCT channel initially increases
and then decreases towards zero as the system corrects for
the motion. Finally, the deviation converges to zero when
the phantom stops. 1 pixel in the OCT image corresponds
to approximately 10 pgm in real space.
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Figure 6.9.: Demonstration of pCLE scanning with and without OCT
distance compensation on a curved surface. Without the
OCT distance servoing, the mosaic could only continue for
a short distance before the probe lost contact, the pCLE
image was degraded and the lateral visual servoing failed.
When OCT distance servoing was turned on, a mosaic was
generated over the whole trajectory.
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Figure 6.10.: A volume reconstruction of a surgical needle with a thick-
ness of 0.3 mm. The red rectangle indicates the segment
that has been reconstructed in the microscopic volume
shown on the left.

(a)

Endomicroscopy
g Mosaic (b) OCT Volume )

Figure 6.11.: An example of multiscale fusion. A macro scale stereo
reconstruction is shown (a). To link with the micro scale,
the mosaic image is overlaid on the stereo reconstruction
(b). To visualise the micro scale images, a pCLE mosaic
and an OCT volume are shown.
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7. Motion Compensated

Ultrasound Scanning f

7.1. Introduction

In the past decade, intraoperative ultrasound has been increasingly
used in both minimally invasive interventions and robot-assisted la-
paroscopy to assist the localisation and targeting of pathological tissue
during tumour dissection. It enables intraoperative visualisation of
the tissue without involving ionizing radiation and facilitates the sur-
geon to define optimal dissection planes. In addition, injury to critical
anatomical structures can be avoided, as localisation of margins for tu-
mour dissection is improved. However, manually controlled ultrasound
scanning can significantly increase the cognitive load of surgeons, due
to the need for maintaining optimal scanning orientation and con-
sistent contact with the tissue, and simultaneously interpreting the
ultrasound images during scanning.

In Chapter 5 and 6, automation of repetitive scanning task that re-
quires high precision has been presented. Intraoperative ultrasound
can also benefit from the surgical automation in robotic surgery. In
[119], an auxiliary robotic arm holding an ultrasound probe has been
used to follow the motion of a tele-operated arm such that image guid-

ance can be provided to the surgeon during tumour resection. A 6-

fContent from this chapter was published as:
Motion-Compensated Autonomous Scanning for Tumour Localisation using Intra-
operative Ultrasound. Zhang, L., Ye, M., Giannarou, S., Pratt, P., Yang, G.-Z..
In: International Conference on Medical Image Computing and Computer-Assisted
Intervention (MICCAI). pp. 619-627 (2017).
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DoF ultrasound visual servoing approach has been proposed in [169]
to control the motion of a robotic system equipped with an ultrasound
probe based on intensity information from ultrasound B-mode images.
Surgical suturing subtasks have been automated in [163] by using a
dedicated suturing tool under fluorescence guidance.

An automatic tumour dissection framework using intraoperative ul-
trasound has been proposed in [148] but it has been designed for pla-
nar tissue surfaces. In [109], a framework for autonomous scanning
with an endomicroscopy probe over complex tissue surfaces has been
proposed to perform microscopic image mosaicking. The above au-
tonomous systems have been designed to deal with static surgical en-
vironments which limit their applicability in real surgical scenarios.
Hence, a 6-DoF' autonomous scanning approach that adapts to tissue
motion has yet to be proposed. Tissue motion recovery is important
for autonomous execution of surgical tasks. In [170], a respiratory
model of tissue motion has been extracted for simultaneously estimat-
ing camera motion and tissue deformation. Recently, a probabilistic
tracking and surface mapping method was proposed for free-form tissue
deformation recovery [171].

In this chapter, a novel system for autonomous ultrasound scanning
under tissue motion is presented for intraoperative tumour localisation.
The system is aimed for kidney and liver surgery where tissue motion
is mainly caused due to respiration. An efficient approach is proposed
to plan in advance the optimal trajectory for the ultrasound scanning,
considering the surface curvature as well as ultrasound transducer di-
mensions for efficient coverage, which improves the ultrasound image
quality and reduces scanning time. For motion compensation, an ef-
fective vision-based approach is proposed to learn the tissue motion.
The learned motion model is updated online and incorporated into
the scanning movement of the ultrasound probe. A 3D tumour model
is reconstructed from a sequence of ultrasound images obtained after
scanning, which provides an intuitive visualisation of tumour location

under the tissue surface. The proposed system has been validated with
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Figure 7.1.: (a) Coordinate frames defined in the proposed system.
{B}: robot base; {E}: robot end-effector; {M}: marker
attached on the probe; {D}: transducer; {C}: stereo cam-
era; {S}: tissue surface; {U}: ultrasound image (b) Hard-
ware Setup;

phantom and ex vivo experiments using ground truth motion data and
CT ground truth. The presented results verify that our system allows
the FoV of the ultrasound to follow the tissue motion, which simplifies

the tumour localisation task for the surgeon.

7.2. Motion Estimation and Online

Update

7.2.1. Tissue Motion Estimation

For motion compensation, the tissue motion can be learned prior to
scanning, before the ultrasound probe enters the FoV of the stereo
camera, thereby eliminating occlusion of the scene. At time ¢, a 3D
surface point P; is estimated by matching its 2D projections p! and
p; on the left and right images of the camera, respectively, using the
stereo matching method proposed in [172].

To recover the global motion of the tissue, the relative motion AP, =

Py — P; of a set of points on the tissue surface is calculated. The first
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Figure 7.2.: Flowchart of the proposed framework. MC: Motion Com-
pensated; VS: Visual Servoing.

stereo image pair at time ¢ = 0 is denoted as the reference and all
the following images are compared to it. The optical flow [173] is esti-
mated between the reference image and the image at time ¢ to find the
correspondence pair {pé, pé} For accurate motion estimation, a grid
of points is sampled from the target scanning region, which are tracked
as above. To eliminate outlier correspondences, forward-and-backward
tracking is performed and the inconsistent points are discarded in the
motion estimation. The tissue motion AP, is estimated as the median
of the motion of the consistent grid points.

In order to learn the underlying motion characteristics, PCA is used
to extract the major motion and project it from the camera coordi-
nate space to the PCA space. The PCA component with the largest
eigenvalue corresponds to the respiratory motion.

In this chapter, a typical respiratory model with asymmetric period

similar to [170] is employed. The model can be represented as:

() = 2 — bcos%(”?t — ) (7.1)

where zj is the exhale position of the respiration, b is the amplitude, 7 is
the period of the respiration, ¢ is the phase and n describes the degree

of asymmetry (the larger the n, the longer the expiration). In this
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Figure 7.3.: Tllustration of motion estimation using PCA. The tissue
motion is tracked in the camera coordinate (a) and pro-
jected in the PCA space (b). The first principle compo-
nent, which corresponds to the largest motion variation, is
learned by fitting a respiration model to it.

work, n = 3 which represents a typical respiratory motion model [174].
The parameters of the model are estimated such that the model fits
to the major motion in the PCA space. This is treated as a non-linear
least-squares problem which can be solved by using the Levenberg-
Marquardt optimisation method. Unlike [170], where a fixed phase
¢ = 0 has been assumed, all four parameters (zg, b, 7 and ¢) are

estimated in this chapter, observing two motion cycles.
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Figure 7.4.: Small errors in the period of the learned motion charac-
teristics can result in large phase drift during the scanning
task. The online updated tissue motion can keep up with
the ground truth while the learned motion gradually devi-
ates from the actual tissue motion
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7.2.2. Online Motion Update

Small errors in the period of the learned motion (7) can result in the la-
tency between the robot and tissue motion during scanning. As shown
in Fig. 7.4, the phase of the learned model will be gradually shift away
from the actual tissue motion. To correct this phase shift, the tis-
sue motion model is also estimated online during ultrasound scanning.
During scanning, the user can define a region on the tissue for online
motion estimation. The same 3D reconstruction result from [172] is
used, and perform optical flow tracking on the selected tissue region.
With the tracked 2D points, tissue movements can be estimated by
solving a PnP problem. Online motion estimation is performed us-
ing the tissue movements in the last two cycles, and updates only the
parameter qAb during scanning, as it is found that phase is an effec-
tive parameter for adjusting the latency between the robot and tissue

motion.
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7.3. Motion-Compensated Ultrasound

Scanning

To generate a desired trajectory for ultrasound scanning, a target re-
gion on a reference image is defined by the user. A starting point
is selected and a zig-zag trajectory which covers the required area is
planned on the 2D reference image. From stereo matching, the corre-
sponding 3D positions of these 2D trajectory points can be acquired.
The distance between each line of the zig-zag trajectory is defined as
half width of the transducer in order to scan the region efficiently.
At each 3D point along the trajectory, surface normal is calculated
using its neighbouring points. The coordinate systems are defined in
Fig. 7.1(a). The scanning trajectory is planned with respect to the
pose of the marker (circular-dot pattern) attached on the ultrasound
transducer. It is defined as a sequence of desired marker poses (T¥*) in
the camera coordinate system such that the transducer can be aligned
with the surface normal at every point of the trajectory. Tissue defor-
mation caused by the contact of the probe is kept to minimum since
the trajectory is planned based on the tissue surface.

In this work, a position-based visual servoing method is employed to
control the robot in the Cartesian space. More specifically, a desired

pose for the robot end-effector is calculated in each control loop as:
T =T5 . TY . T . TM+ . 7l (7.2)

where T is the current end-effector pose in the robot base coordinate
system. TY = (T%;.)~! is a constant transformation between the end-
effector and the marker on the probe that can be measured. TE* relies
only on T4* and any change in T¥ will not affect T%*. The desired
relative movement of the marker depends on the motion caused by the
scanning motion as well as the motion for compensating for respiration,

which are denoted as T‘%* and T%*, respectively. The desired relative
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marker pose for scanning is calculated as:
Ty =T (T~ TH. (7.3)

Here, 'T‘éf[* and T¥ are the desired marker pose and the detected
marker pose (in the camera coordinate system) in the reference and
current frame, respectively. The desired relative marker pose for mo-

tion compensation is calculated as:
TV =715 -1 - T - T - T, (7.4)

where T4, = TP is a constant offset from the marker to the trans-
ducer that can be measured. T3 = TEL* is a rotation between the
transducer and surface point which has the same orientation as the
camera coordinate. Tg* = (Ig A%) is the transformation from the
current to the next surface position which can be calculated from the
learned motion model using the PCA transformation. The tissue po-
sition x; relative to the reference frame at time ¢ can be estimated
via: x; = w - [2(¢),0,0]T, in which w is the PCA eigenvectors de-
scribing the transformation from the 3D to the PCA space. Then

AX = X441 — Xg.

7.4. Tumour Segmentation and

Visualisation

To create a 3D mesh of the tumour for intraoperative visualisation,
the ultrasound images captured during scanning are segmented. Any
segmentation method can be integrated into the system (manual seg-
mentation is used in this chapter). The tumour segmented boundary
is represented as a number of points where each point is connected
to its neighbours across ultrasound images so that a 3D mesh can be
reconstructed. The segmented boundary points are transformed from

the 2D image coordinate system to the 3D camera coordinate system
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Table 7.1.: Estimation results of parameter on three different motion

profiles
Profile 1 Profile 2 Profile 3
7 (Frames) b (mm) 7 (Frames) b (mm) 7 (Frames) b (mm)
Phantom
Estimated 75.24+0.3 3.0£0.1 125.1+0.4 3.0+0.1 124.941.0 5.0+0.1
Phantom
Ground Truth 75.0 3.0 125.0 3.0 125.0 5.0
Ex Vivo
Estimated 75.14+0.2 3.2+0.2 125.240.3 3.1+£0.3 125.14+0.4 4.8+0.4
Ex Vivo
Ground Truth 75.0 3.0 125.0 3.0 125.0 5.0
With MC: —X —Y z
Without MC: = X = Y z
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Figure 7.5.: Quantitative results of ultrasound stabilisation on phan-
toms (a) and ez vivo tissue (b) with and without MC.

C. To this end, an ultrasound coordinate system U is defined in which
each pixel of the ultrasound image can be represented as a 3D point
PY. The segmented boundary points are then transformed to the co-
ordinate C via: P¢ = T¢,-T¥.TE . PV where T can be calibrated by

following [175]. The created tumour mesh is registered in C as shown
in Fig. 7.8(d) and (h).

7.5. Validation and Experimental Results

7.5.1. Experimental Setup

The proposed autonomous ultrasound scanning system includes an
Aloka ultrasound machine with an UST-533 linear transducer, a stan-

dard da Vinci® surgical robot, and a workstation for real-time pro-
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Figure 7.6.: Qualitative results of ultrasound stabilisation. The top
and bottom rows are the trials without and with motion
compensation, respectively. Three motion profiles were
tested on a phantom (a) and ez wvivo tissue (b-c), with
directions along the X-; Y- and Z-axis of the motorised
device.

cessing and robot control. The robot includes a sterescopic camera
streaming images at 25Hz, and a patient site manipulator which is con-
trolled via the dVRK. As shown in Fig. 7.1(b), a circular-dot pattern
(KeySurgical Inc., USA) has been attached to the ultrasound probe to
facilitate tool tracking and pose estimation [148] at 25Hz. The motion
estimation module (including optical flow and parameter estimation)
runs at =~30Hz. To evaluate our proposed framework, experiments
were performed on two kidney phantoms (made of polyvinyl alcohol)
and an ez vivo tissue (ovine liver). For ez vivo experiments, tumours

are simulated using olives which are embedded inside the tissue.

7.5.2. Motion Estimation and Stabilisation

To simulate respiratory motion, a motorised device is used to host
the targets for scanning, such that periodic motion can be generated.
Three motion profiles with different periods (7 € {75,125}) and ampli-
tudes (b € {3,5}) are simulated. For each motion profile, 9 trials were
conducted to estimate motion parameters 7 and b. These trials con-

tain 3 trials each for motion along X, Y, and Z axis (w.r.t. motorised
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Figure 7.7.: Comparison of the estimated and ground truth motion for
different motion characteristics.

device coordinate system). Table 7.1 presents the mean and standard
deviation values of these parameters. The estimated and ground truth
motion is shown in Fig. 7.7. It can be seen that our motion estima-
tion provides accurate results compared to the ground truth models
(defined on the motorised device).

The accuracy of our system can also be demonstrated using “ultra-
sound stabilisation”. As shown in Fig. 7.6, the robot is controlled to
adapt to certain surface points on the tissue in the presence of tissue
motion. The difference in obtained ultrasound images show the effect
of motion estimation. The stabilisation accuracy is quantified using
Normalised Cross-Correlation (NCC) calculated between each image
and the reference image obtained at exhale position. A high NCC
measure indicates a good quality of motion estimation and compensa-
tion. Fig. 7.5 presents the NCC measures calculated with and without
motion compensation on three different motion profiles. It is clear
that by introducing motion estimation and compensation, the NCC

measures can be significantly improved.

7.5.3. Tumour Scanning under Tissue Motion

To evaluate the performance of tumour scanning under tissue motion,
further experiments are conducted on phantom and ez vivo tissue. For

each target, a user defines a point-of-interest for scanning and a region
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Figure 7.8.: Qualitative results of two example autonomous scanning
tasks on a phantom (a-d) and ez vivo tissue (e-h). The
obtained tumours and 3D tissue surfaces are visualised
in (d) and (h). See the supplementary video via https:
//youtu.be/EsomHSwIz2g.

Table 7.2.: Quantitative results of tumour scanning under three differ-
ent motion profiles.

Phantom 1 Phantom 2
Profile 1  Profile 2  Profile 3  Profile 1  Profile 2  Profile 3
Location Error (mm) 3.85 2.33 3.81 2.78 2.57 3.38
Diameter Error (mm) 0.69 0.61 0.33 0.84 0.61 0.77

for motion estimation. These initialisation steps take few seconds via a
customised GUI. Our framework then performs autonomous scanning
with motion compensation, followed by ultrasound image segmenta-
tion and tumour visualisation. The qualitative results are presented
in Fig. 7.8. To validate the reliability of scanning, the locations and
diameter of the obtained tumours are compared to the ground truth
(via CT scanning). As shown in Table 7.2, the proposed framework
presents accuracy results amounting to 0.64 mm (size) and 3.12 mm
(location), which are close to the clinically accepted tumour dissection
margin errors (5-7 mm) reported in [175]. It is worth noting that, the
location errors include the registration error between the CT and cam-
era coordinate systems. Quantitative results are not provided for the

ex vivo data due to the difficulty in obtaining ground truth structures
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as in our case the embedded tumour is not fixed between scans.

7.6. Discussion and Conclusion

This chapter presents a motion-compensated autonomous system for
intraoperative ultrasound scanning during robotic surgery. The pro-
posed system performs vision-based tissue motion estimation with on-
line update to recover periodic respiratory motion. The estimated
motion parameters are then combined with 6-DoF visual servoing for
accurate continuous scanning under tissue motion. The obtained ul-
trasound images are segmented such that tumours can be localised
and visualised to the surgeons. Both the quantitative and qualitative
results from phantom and ex vivo experiments demonstrate the ca-
pability of our system for motion-compensated autonomous scanning.
The proposed system allows the FoV of the ultrasound to follow the
tissue motion, which not only simplifies scanning tasks for surgeons
but can also permit observation of temporal changes of the underlying

tissue such as blood flow and contrast uptake.
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8. Conclusion and Future

Research Directions

8.1. Achievements and Contributions of
this Thesis

In recent years, there have been considerable interest in the use of
robotic devices and imaging technology for laparoscopic surgery. Sur-
gical robots offer significantly greater dexterity than conventional la-
paroscopic tools while providing high mechanical accuracy. Medical
imaging techniques such as CT and MRI scans provide important
subsurface information and volumetric models of a patient’s anatomy,
which are useful for preoperative planning and diagnosis. As the pre-
operative model may differ from the patient’s true anatomy during
surgery, intraoperative imaging can be utilised for real-time diagno-
sis and guidance. For example, laparoscopic ultrasounds have been
shown to be a useful tool for the localisation of tumour boundaries
and the identification of critical anatomical structures such as blood
vessels and nerves. Moreover, new imaging modalities such as CLE and
OCT enable a real-time optical biopsy by providing on-site histologic
information on a sub-cellular level. While these modalities provide a
potentially useful tool for early disease diagnosis during surgical oncol-
ogy, it is difficult for them to characterise larger areas of tissue due to
their small FoV. For this reason, video mosaicking which synthesises
a larger area is needed. However, this is a difficult manual task (even

when performed using a robot) which requires the operator to maintain
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an optimal probe pose and tissue contact while performing slow and
controlled scanning motions with sub-millimetre accuracy. The goal is
to develop an autonomous scanning framework using a surgical robot
such as the da Vinci® system by making use of the visual information
and the mechanical accuracy of the robot. Furthermore, the scanning
results can be presented via an intuitive and effective real-time visu-
alisation of multi-scale imaging information, which assists in surgical
diagnosis and planning.

The review in Chapter 2 provides an overview of the main develop-
ments in image-guided robotic surgery and the automation of surgical
tasks according to different autonomy levels. Previous definitions of
the different levels of autonomy for surgical robotics are reviewed and
discussed. The existing imaging modalities for surgical diagnosis and
guidance and their applications in RMIS are introduced. An overview
of the existing commercial and research-based robotic platforms for la-
paroscopic surgery is provided. The research developments in human-
robot collaboration and the automation of surgical tasks are reviewed.
Moreover, a discussion of the technical challenges, as well as the ethi-
cal and legal issues related to the development of surgical autonomy,
is provided.

The marker-based instrument tracking method presented in Chap-
ter 3 facilitates the automation of surgical tasks via a monocular en-
doscopic camera. The proposed hybrid marker and the associated
tracking algorithm allows for the localisation of cylindrical surgical
instruments. Experimental results show that the tool tracking frame-
work can achieve a large workspace while offering comparable accu-
racy compared to the existing state-of-the-art methods. The tracking
framework is successfully utilised in laparoscopic ultrasound guidance
by overlaying the ultrasound images on the endoscopic view.

The model-based instrument tracking method described in Chap-
ter 4 has been designed for robotic instruments with articulated joints.
The proposed tracking method performs template matching of the con-

tour features on each part of the robotic instrument by projecting the
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CAD model based on the robot’s forward kinematics. The outlier tem-
plate matches are rejected by a robust verification method based on
2D geometrical context. The inlier detections are used for 3D pose
estimation via the EKF. The experiments on the phantom, in wvivo
and ex vivo data, confirm that the proposed approach outperforms the
state-of-the-art methods while providing real-time performance.

Chapter 5 introduces the autonomous framework for endomicro-
scopic scanning and fusion based on the da Vinci® robot. The frame-
work provides autonomous scanning and 2D mosaicing over a user-
defined region of interest. The probe carried by the da Vinci® robot
can achieve motion with sub-millimetre accuracy so that the generation
of large mosaics with minimal intervention from the surgeon is possi-
ble. The tracking method proposed in the Chapter 3 is used for the
tracking of the probe which guarantees a smooth and accurate scan-
ning motion. Furthermore, the intuitive visualisation and fusion of
the multi-scale images offer significant possibilities to enhance surgical
procedures by providing the operator with cellular-scale information
over a large area.

A novel real-time multi-scale fusion scheme for robotic surgery is pro-
posed in Chapter 6, based on extending the scanning framework from
Chapter 5. By incorporating live pCLE images and OCT images for
lateral and axial position control, respectively, precise probe scanning
can be achieved. The use of OCT images ensures consistent contact
between the pCLE probe and the tissue, which was a shortcoming of
the scanning framework presented in Chapter 5. The system generates
a tissue map consisting of a 2D pCLE mosaic for surface information
and 3D OCT volume for subsurface structure. The resulting micro-
scopic tissue maps can be fused real-time with a stereo reconstruction
from the laparoscopic video, providing the surgeon with a multi-scale
3D view of the operating site.

A system for automated ultrasound tumour scanning on moving
tissue is presented in Chapter 7, by estimating the motion model of

the tissue and then incorporating the motion into the visual servoing
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framework. The tissue motion characteristics can be learned through
an effective vision-based approach and updated online based on the
3D tracking of the tissue. The scanning trajectory can be customised
based on the tissue shape and the dimension of the transducer for ef-
ficient coverage. The robot can maintain the ultrasound probe in a
relatively static position in the presence of tissue motion while moving
the probe to follow the planned scanning trajectory. To assist in tu-
mour localisation, the tumour model built from the ultrasound images

can be visualised along with the 3D tissue surface.

8.2. Future Research Directions

While the research in this thesis focuses on the automation of surgi-
cal tasks with minimal intervention from the surgeon, shared control
between the human surgeon and the robot is seen as a promising so-
lution to enhance the surgeon’s capability in complex surgical tasks.
For example, the autonomous ultrasound scanning in Chapter 7 can
be modified to allow the surgeon to have control of the ultrasound
probe movement. In a shared control setup, the robot stabilises the
probe to follow the tissue motion so that the surgeon can conduct out
the scanning without having to adjust for the tissue motion. Further-
more, a performance assessment of the different control modes, similar
to the user study presented in [106], would be useful. Existing studies
[176, 177] have tried to address the shared control component for heart
motion compensation by assuming that the motion profile is known.
[119] presents an ultrasound guidance system for robot-assisted laparo-
scopic radical prostatectomy by registering a transrectal ultrasound
robot with the da Vinci® robot so that the ultrasound probe can fol-
low the movement of the da Vinci® instrument which is manipulated
by the surgeon. This suggests that the auxiliary arm of the da Vinci®
robot, which is supported by the dVRK, can be used as a form of smart
assistance while the surgeon performs surgical tasks.

One of the most difficult technical problems for surgical navigation
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for intraoperative tumour dissection Figure by [178] used
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has two phases: the surgeon first perform ultrasound scan-
ning after the DART is placed near the tumour, then AR
can be performed by tracking the DART during tumour
dissection ©2016 Springer [179]
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and automating surgical tasks is the estimation of soft tissue motion,
which should include both global movement and local deformation.
The framework proposed in Chapter 6 only considers a only small
amount of local deformation, and the system presented in Chapter
7 only considers the global periodic motion. Hence, an accurate and
reliable motion tracking algorithm of tissue with real-time performance
is required. The problem becomes more challenging when the tissue
changes dramatically due to instrument interaction such as grasping,
cutting and dissection. A potential solution to this problem is the
biomechanical model [180], which can be utilised to estimate soft tissue
deformation. With regards to tumour dissection, such as a partial
nephrectomy, [178] presents a 3D-printed navigation aid that can be
inserted into the cortex of the kidney, where it remains approximately
fixed relative to the tumour during the dissection. The estimation of
tissue motion can be simplified by tracking the marker attached to the
navigation aid using the method proposed in Chapter 3. Furthermore,
automating the tissue dissection procedure by using the navigation aid
is feasible.

Despite the marker-based instrument tracking method proposed in
Chapter 3 facilitating the visual servoing of the surgical instruments,
the requirements of the marker limit its usability in some applications
in which fixing a marker an instrument is difficult. The model-based
instrument tracking method proposed in Chapter4 does not rely on any
marker, but the pose estimation accuracy is inadequate. Therefore,
further improvement in the instrument tracking methods is desirable
as this will extend the type of surgical task that can be automated.
Recent advances in deep learning may be a solution to this problem as

promising results have been presented in [70].

8.3. Conclusion

Although minimally invasive laparoscopic surgery has been widely used

in different disciplines of surgical oncology, it is limited by a number
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of factors, including limited contact and tactile feedback, the loss of
stereo depth perception, indirect camera navigation and reduced dex-
terity. In recent years, the appearance of surgical robots has addressed
these limitations by integrating built-in force sensors into the surgical
instruments, providing a 3D camera that is held by a robotic arm and
increasing the freedom of the surgical instruments. However, most
systems can only replicate the surgeon’s movements without any au-
tomatic function. Additionally, many robotic platforms are not de-
signed to take advantage of new imaging technologies that can provide
multi-scale anatomical and pathological information for improved sur-
gical diagnosis and planning. Existing research on the application of
imaging techniques for intraoperative guidance has yielded positive re-
sults by improving surgical accuracy, reducing tumour margins and
sparing critical nerves. This study presents a framework for the au-
tomatic scanning of various imaging modalities. The scanning results
can be combined with the endoscopic view and visualised in a clear
and intuitive way to facilitate surgical diagnosis and navigation. In
order to automate the scanning task through visual servoing, this re-
search also develops two real-time visual tracking methods for surgical
instruments. Furthermore, the autonomous scanning framework can
cope with a dynamic surgical environment, such as tissue motion, by
adding the estimated motion characteristics into the scanning motion.
The results presented in this thesis can encourage the development of
autonomous systems for surgical tasks, while reducing the cognitive
workload of the surgeon, and providing insights into improving surgi-
cal diagnosis and navigation for image-guided robotic surgery in the

form of autonomous robotics.
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A. Autonomous Ultrasound
Scanning for
Intraoperative Tumour
Localisation and

Diagnosis f

Intraoperative ultrasound (iUS) has become a popular tool in robot-
assisted laparoscopic surgery to facilitate in situ pathology localisation.
However, manually controlled ultrasound scanning can cause signifi-
cant cognitive loads to surgeons, due to the need for maintaining op-
timal scanning orientation and consistent contact with the tissue, as
well as covering a wide area for tumour detection and surveillance. In
[181], an iUS probe has been controlled by an auxiliary robotic arm
to provide guidance to the surgeon for tumour resection. Although
an autonomous tumour dissection framework using the iUS has been
proposed in [148] on planar tissue surfaces, a 6-DoF autonomous scan-
ning approach that adapts to arbitrary tissue surfaces has yet to be
presented. This work proposes an automatic iUS scanning framework
using the dVRK. Our framework consists of trajectory planning based

on 3D surface reconstruction, an automatic scanning via a 6-DoF vi-

fContent from this chapter was published as:
Autonomous Ultrasound Scanning for Intraoperative Tumour Localisation and Di-
agnosis. Zhang, L., Ye, M., Chan, C., Yang, G.-Z.. In: Hamlyn Symposium 2016.
pp- 5-6 (2016)
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sual servoing guidance, tumour segmentation and reconstruction using

the ultrasound images.

A.1. Materials and Methods

This work made use of a da Vinci® PSM via the dVRK [132] that
provides kinematic control of the robot. A stereo laparoscope system
provides SD (720x576) video streaming for both left and right channels
at 25 Hz. A UST-533 linear array ultrasound probe (Aloka Medical,
Japan) has been mounted in a custom-made clip that can be picked-up
by the robot using Cadiere forceps. A marker (KeyDot®, Key Surgical
Inc, USA) was attached on the probe to assist visual tracking and pose
estimation. A customised PVA cryogel kidney phantom was utilised
with similar elastic and chromatic properties to human tissue.

The tissue surface is recovered from a disparity map using a stereo
matching method [156]. The region for scanning is chosen by the user,
and the scanning trajectory is planned adaptively to the 3D surface
at the beginning of the task. To calculate the local poses (along the
trajectory), which place the probe perpendicular to the surface, a local
coordinate frame {S} on each surface point is defined using surface
gradients and normals. To transform the trajectory from frame {S}
to frame {M} (the marker frame), a matrix T5, is used and defined
based on the calibrated transducer’s position. These local poses also
enforce that the centre of the transducer is aligned with the surface
point.

For every step of visual control, a desired marker pose in frame
{C} is calculated as: TY* = T2 - T¥, where T2 is current desired
transformation from frame {C} to {S}. Asshown in Fig. A.1, a desired
robot command TE* is calculated based on the current and desired
marker pose, T¥ and TY*, in a camera frame {C} via: TE* = TE* -
TY . T¢, - TM* . TE,. The transformation between end-effector frame
{E} and marker frame {M} is a constant which can be either measured

or calibrated using a standard hand-eye calibration method. For every
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Figure A.1.: Coordinate frames defined in this work: surface frame
{S}, marker frame {M}, end-effector frame {E}, robot
base frame {B}, ultrasound image frame {U} and camera
frame {C}.

image in a video sequence, the marker is detected using a circular-
grid detection method followed by a pose estimation step [145] that
calculates the marker’s pose TY in frame {C}. In order to improve
the marker detection rate, this work has included a tracking component
based on pyramidal optical flow [130] to track the circular grid along
time.

To segment ultrasound images that contain tumours, speckle noises
are removed by applying a Butterworth second order filter followed by
an active contour [182] segmentation given a manually chosen seed
region. The boundary and holes of the segmented tumour region
are smoothed and filled by a set of morphological operations. The
boundary is represented as a number of points where each point has
correspondence across ultrasound images. In order to reconstruct a

3D model of the tumour using the ultrasound images, the segmented
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Figure A.2.: A 3D visual comparison between the CT ground truth
(a) and reconstructed models of proposed framework (b-
c¢). The 10mm and 15mm tumours are coloured in red and
green respectively. The green points in b-¢ show planned
trajectory for the ultrasound scanning, where the yellow
arrows indicate the scanning direction.

boundary points need to be transformed from a 2D image coordi-
nate frame to the 3D camera frame {C}. To this end, an ultra-
sound coordinate frame {U} is defined in which each pixel of the
ultrasound image can be represented as a 3D point pY. For N seg-
mented boundary points pY (i) are then transformed to frame {C} via:
pC(i) = TY - TY, - pY(i),i € [1, N], where TY, can be found via cal-
ibration and measurement. A 3D model of the tumour can then be

created by connecting all the corresponding boundary points.

A.2. Results

To validate the overall accuracy of the proposed framework, two spher-
ical tumours (diameter: 10mm and 15mm) are implanted in the kidney
phantom. The ground truth (position and size) of the tumours is ob-
tained from a CT model of the phantom. Fiducial markers are placed

on the phantom in order to assist validation. Each tumour is scanned
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Figure A.3.: Top row: the reconstructed tumour is overlaid on laparo-
scopic images to provide an augmented view for tumour
localisation and diagnosis. Bottom row: ultrasound im-
age is overlaid according to current position of the probe.
Left and right column show examples of the 10mm and
15mm tumour respectively.

autonomously while ultrasound images with pose information TY are
recorded. As shown in Fig. A.2, two tumour models are reconstructed
from the ultrasound images using the described method. To compare
the reconstructed models with the ground truth, spheres are fit to the
CT and reconstructed models, such that the centre position and di-
ameter can be calculated. The errors of centre position are 2.70mm
and 2.80mm while the errors of diameter are 0.57mm and 0.43mm for
10mm and 15mm tumours, respectively.

Here two AR methods of visualisation are provided to assist tu-
mour localisation and diagnosis. As shown in the top row of Fig. A.3,
reconstructed tumour models are overlaid on the laparoscopic images,
displaying the location and size of the tumour relative to the phantom.
In order to have better perception of depth and shape of the tumour,
inverse realism [7] technique is used. The second visualisation is shown
in the bottom row where an ultrasound image is projected and drawn

on the laparoscopic image in real-time. The advantage is to provide
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surgeons both laparoscopic and ultrasound view simultaneously during
autonomous scan without distraction. For a 15x10mm region, average
scanning time is approximately 90 seconds, which is mainly affected

by the scanning path planned at the beginning of the task.

A.3. Discussion

This work proposed a supervised autonomous ultrasound scanning
framework for the robot-assisted laparoscopic surgery. It provides
smooth scanning motion and maintains optimal orientation using the
reconstructed surface. By using stereo vision for motion planning,
robust marker detection and tracking, the robot is able to conduct a
smooth ultrasound scanning on a non-planar tissue surface autonomously.
Different visualisation techniques have been used to present the scan-
ning results of tumours. Both qualitative and quantitative results have
demonstrated the feasibility of the framework to detect tumour size
and position accurately. Future work will focus on considering tissue
deformation and testing the proposed framework in in vivo user studies

and further improving the surgical AR visualisation.
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B. Vision-guided Learning
by Demonstration for
Adaptive Surgical Robot
Control T

Autonomous robot-assisted execution of repetitive surgical tasks has
the potential to reduce fatigue, whilst improving surgical navigation,
procedure times and workspace usage. The increased use of tele-
surgical robots and development of open-source platforms offers new
opportunities for autonomous navigation which has led to a grow-
ing interest in applying the learning-by-demonstration (LbD) frame-
work used in robotics towards complete automation of repetitive tasks
[183, 107]. While vision information has been used towards tool track-
ing and target detection for autonomous task execution [94], the com-
bination of LbD with vision-based 3D landmark recognition and tool
tracking towards adaptive trajectory transfer has not been explored.
This work proposes a LbD framework for automating surgical robotic
execution of subtasks under stereo vision guidance, using the dVRK.
The approach consists of learning optimum motion trajectories for
different subtasks of a suturing task, and using stereo vision for 3D

anatomical landmark recognition and needle tracking, to allow adap-

fContent from this chapter was published as:
Vision-guided Learning by Demonstration for Adaptive Surgical Robot Control.
Rafii-Tari, H., Vandini, A., Zhang, L., Hughes-Hallett, A., Yang, G.-Z.. In: Hamlyn
Symposium. pp. 39-40 (2016)
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Figure B.1.: Experimental setup of the da Vinci® system with the
dVRK (a), needle tracking for moving the needle from
initial position (b) to desired target insertion point (c),
wound detection under different camera views (d, e).

tation of learned trajectories to different clinical scenarios with moving

camera views.

B.1. Materials and Methods

This work made use of the dVRK provided by Intuitive Surgical with
the software implementation based on the cisst/SAW libraries [132].
Two large needle driver tools were used at the patient side manipu-
lator (Fig. B.1). A custom-made PVA cryogel phantom (providing
similar elastic and tensile properties as normal tissue) with customised
built-in wounds (width=6mm) was made for these experiments. Mo-
tion models were learned from multiple experienced demonstrations
(n=6,>10 simulator/surgical procedures) performing a running suture
with three needle insertions. The suturing task is considered to con-
sist of a set of subtasks to be modelled individually and executed by
the robot automatically in a sequential order. However, the focus of
this study is “Subtask 1”: needle insertion through the wound with
the right instrument”, which for this task can be considered the more
dexterous subtask. This subtask is preceded by an initialisation step
involving moving the needle to the correct insertion point by the right
instrument.

Each demonstration consisting of the 3D Cartesian positions and

the rotations (represented as 4D quaternions) of the needle driver tip
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was manually segmented and trajectories from multiple demonstra-
tions were temporally aligned using a combination of dynamic time
warping and spherical linear interpolation. For learning the movement
patterns and reproducing trajectories that capture the main features
of the training data, this work makes use of Hidden Semi-markov Mod-
els (HSMM) [184], a form of explicit-duration Hidden Markov Model
(HMM), where the self-transition probability of the standard HMM is
replaced with a parametric model of the state duration, thereby pro-
viding a better balance between temporal and spatial constraints than
a standard HMM. As a result, a smooth generalised form of the motion
for the desired subtask was learned.

The proposed vision algorithm is used for two main purposes: 1)
wound detection for extracting the geometry and orientation of the
wound under different anatomical variations/camera views 2) needle
tracking in order to provide real-time 3D positioning of its tip.

In order to move the needle from an arbitrary initial position to de-
sired target insertion point (Fig. B.1), after which automatic execution
of the learned trajectories for Subtask 1 can be performed, the inverse
kinematics of the robot is used. The transformation between the co-
ordinate system at the base of the robot and at the stereo endoscopic
camera was calculated offline through hand-eye calibration.

Initially, the wound is detected in the stereo images through a semi-
automatic algorithm that asks the user to provide two input points and
geometrically models the wound with an ellipse, while a feature image
based on the analysis of the eigenvalues of the Hessian matrix is com-
puted to enhance the borders of the wound. Once the 3D pose of the
wound is estimated through triangulation, the needle is driven towards
the desired target insertion point using the robot’s inverse kinematics.
Needle tracking is achieved through an algorithm that detects small
straight segments on a feature image and only considers segments close
to the detected needle in previous frames and with similar orientation.
The segments are combined to create a continuous curve that repre-

sents the needle shape in the current frame. Using these results the
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Figure B.2.: The running suture task (a) and the learned motion for
"Subtask 1”7 (b) as reproduced from multiple demonstra-
tions using the HSMM. The ellipses correspond to the
covariances for each state of the HSMM.

3D needle tip position is estimated through triangulation.

B.2. Results

Fig. B.2 shows the running suture task (a) as well as the HSMM
structure for Subtask 1, as learned from multiple experienced demon-
strations, and the smooth generalised version of the motion extracted
(b), with different colours corresponding to the different states of the
HSMM. The optimum number of states was selected using the Bayesian
information criterion.

The proposed method has been validated by automating the nee-
dle initialisation towards the target insertion point, using the vision
system, followed by automated playback of the learned trajectory for
Subtask 1. The whole execution was considered successful if the needle
tip passed through the wound, and exited on the other side, enough
to be grasped by the left instrument. The automation has been tested
with the wound under different camera views, ranging from a viewing
angle of -10 degrees to +10 degrees with respect to the camera, as well
as different initial poses and distances of the needle with respect to
the wound. The algorithm vas validated multiple times (n=7) under

these different initial conditions. In each case the wound detection
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Figure B.3.: Examples of the needle driver tip trajectory for automated
initialisation of the needle at the desired insertion point
(orange) followed by automated playback of the learned
motion for the first subtask (blue) under different initial
conditions in the robot base coordinate system [mm].

algorithm estimates the 3D pose of the anatomy which was used to
drive the needle towards the desired target insertion point. Fig. B.3
shows examples of the needle driver tip trajectory for automated ini-
tialisation of the needle at the desired insertion point in the robot
base coordinate system (depicted in orange), followed by automated
playback of the learned motion for Subtask 1 (depicted in blue). The
initialisation step is sensitive to the accuracy of the wound detection,
the robot kinematics, and the hand-eye calibration. The results depict
successful and smooth execution of the desired motion under different

initial conditions.
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B.3. Discussion

This work proposes a LbD approach, using the dVRK, for learning
and automating motion trajectories for different subtasks of a suturing
task under vision guidance. By using stereo vision for 3D perception,
anatomical landmark detection and needle tracking, the approach ad-
dresses different clinical scenarios under varying initial conditions and
camera views, thereby allowing for subject-specific variability and tis-
sue deformation. Future work will further extend the framework for
adapting the learned trajectories to more complex anatomical varia-
tions by combining the needle tracking with visual servoing, to further

overcome the inherent errors in the needle initialisation.
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a formal reuse license, however, the following statement may be used
as a permission grant:

In the case of illustrations or tabular material, we require that the
copyright line ©[Year of original publication] IEEE appear prominently
with each reprinted figure and/or table”.

Springer Images

The images replicated in this thesis from Springer publications have
been referenced according to the following format: (©[year of publi-
cation] reproduced from [citation to original article|, with permission
from Springer). Individual licenses for the reused images have been

obtained from Springer.

o Fig. 2.1, Springer licence number: 4214670900675

o Fig. 2.3, Springer licence number: 4198370405291

Fig. 2.12, Springer licence number: 4198241079228

o Fig. 8.1, Springer licence number: 4214661409634
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Elsevier Images

The images replicated from Elsevier have been referenced according
to the following format: ©[year of publication| Elsevier [citation to
original article]. Individual licenses for each of the reused images have

been obtained from Elsevier.

o Fig. 2.2, Elsevier licence number: 4214670197372
o Fig. 2.4, Elsevier licence number: 4214670032816
o Fig. 2.6, Elsevier licence number: 4196761358649
o Fig. 2.7, Elsevier licence number: 4197031506739

o Fig. 2.14, Elsevier licence number: 4214670809943

John Wiley and Sons Images

The images reused in this thesis from John Wiley and Sons have been
referenced according to the following format: ©[year of publication]
John Wiley & Sons [citation to original article]. Individual licenses for
each of the reused images have been obtained from John Wiley and

Sons.

o Fig. 2.5, John Wiley and Sons licence number: 4196671385959

o Fig. 2.15, John Wiley and Sons licence number: 4214670427650

Images from Individual Researchers

o Fig. 2.10 is obtained from Jakob Unger at University of Califor-

nia, Davis.
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