(©Copyright 2020

Yun-Hsuan Su



Vision Based Surgical Tool Tracking and Force Estimation with
Robot Kinematics Prior

Yun-Hsuan Su

A dissertation
submitted in partial fulfillment
of the requirements for

Doctor of Philosophy

University of Washington

2020

Reading Committee:
Blake Hannaford, Chair
Samuel Burden

Jeng-Neng Hwang

Program Authorized to Offer Degree:

Electrical and Computer Engineering



University of Washington

Abstract

Vision Based Surgical Tool Tracking and Force Estimation with Robot Kinematics Prior

Yun-Hsuan Su

Chair of the Supervisory Committee:
Professor Blake Hannaford

Electrical and Computer Engineering

Robot assisted minimally invasive surgery combines the skill and techniques of highly-trained
surgeons with the robustness and precision of machines. Through a teleoperation scheme,
surgeons can execute high-level surgical tasks by commanding instruments controlled by
precise robotic devices. Several advantages arise. To name a few: (1) achieved precision is
beyond that of human dexterity alone (2) a greater number of kinematic degrees of freedom
are possible at the surgical tool tip (3) surgeons are able to operate remotely, i.e. agnostic
of patient location given a suitable communication line. Despite the numerous advantages
over traditional key-hole or laparoscopic surgery, the lack of realistic and real-time force
feedback is a major drawback — discerning tool-tissue interactions can be unintuitive and
can ultimately result in unintentional tissue damage. Directly sensing forces at the tool-tissue
interface is theoretically possible using tool tip mounted force sensors, but this approach is not
amenable to required sterilization procedures. Thus, a vision based force estimation method

is proposed to infer the applied force based on real-time analysis of tissue deformation.
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Chapter 1

INTRODUCTION

Ever since the first documented use of a robot-assisted surgical procedure back in 1985,
great progress has been done towards advancing the technology of robot manipulated surgical
practice. Yet, obtaining accurate force feedback during such kinds of surgical operations is a
heated topic. In fact, no current commercialized surgical robots provide information about

the applied force, and thus this field of research still holds great potential.
1.1 Background

In minimally invasive surgeries (MIS), surgeons rely on endoscope images to operate on
patients. Recently, surgical robots have been employed in MIS. If they control the instru-
ments via haptic devices, force feedback can be sent as a warning when the surgical tool tip
approaches important arteries or nerves, which could promote a higher level of safety [40].
However, force feedback can be hard to obtain. Due to size, cost, constraints and difficulties
in sterility maintenance, directly applying force sensors on the tip of surgical tools is often
impractical. An alternative is to visually measure the tissue indentation due to surgical

contacts in endoscope images, then infer force accordingly from the level of deformation.
1.2 Overview

The proposed method for achieving visual force estimation can be divided into three stages as

shown in Figure[I.1 The first stage encompasses generating a 3D model of the surgical scene

!The robot, PUMA 200 (Westinghouse Electric, Pittsburgh, PA), was used for needle placement in a
CT-guided brain biopsy [109].



with binary labels of surgical tool versus background tissue. The second stage is to measure
tissue deformation at the tool-tissue contact point. Meanwhile, this stage also correlates
tissue deformation with applied force. Lastly, the third stage realizes feedback of force to the
human operator of the Raven-II surgical robot platform using a haptic input device. Below
is a more in-depth description for each of the three stages.

stage 1: 3D reconstruction and stage 2: tissue deformation analysis
segmentation of surgical and force rendering

tool versus tissue 4
mIsgy -

e
- -

deformation

ion
t stage 3: bilateral teleoperation
- ® o
g e S - .
ok .5 o i $%4m motion
Yy P o™ 8t o ’ ry - - C—
s force

reconstruction segmentation

Figure 1.1: Three stages involved in the proposed vision-based force estimation method.
Most of the completed work is focusing on stage 1.

1.2.1 3D Reconstruction and Segmentation of Surgical Tool versus Tissue

In this research, two strategies for surgical tool segmentation and surgical scene 3D recon-
struction are considered . The core difference between the two strategies is the order in

which tool segmentation and 3D reconstruction take place.

As shown in Figure Strategy I first carries out 2D tool segmentation with robot
kinematics prior, then proceeds with 3D reconstruction near the tool-tissue contact region.
On the other hand, Strategy II starts with 3D reconstruction of the entire surgical scene
from multiple 2D endoscopic images then later followed by 3D tool segmentation. It was
hypothesized that the performance of the two methods would depend on several salient

task parameters, e.g. known vs unknown camera pose, static vs dynamic scene, or with vs



without camera motion. To that end, a hypothesis matrix of various parameters and datasets
was synthesized and tested with both strategies. In fact, the difference between Strategy I
and Strategy II lies in the order of (a) image segmentation and (b) 3D reconstruction. In
particular, while Strategy I executes in the sequence of (a) then (b), Strategy II executes (b)

followed by (a). Below is a brief description of the two components (a) and (b).

Image Segmentation

Surgical instrument tracking from endoscopic images is a prerequisite for many medical
robotics research. In vision-based force estimation in MIS, the goal is to identifying the
tool-tissue contact point and analyze the nearby tissue deformation, so instead of merely
creating a bounding box that tracks the tool location, pixel-wise segmentation is necessary.
Some challenges in surgical tool segmentation include motion blur, partial occlusion, specular
reflections [51] on wet tissue surface, lighting changes from the coaxial light source, and the

metallic surgical tool shafts that often reflect tissue colors.

Considering the above factors, Fig- Strategy I
segmentation step: 3D reconstruction step:
. 1) 2D geometry/shape 1) regional reconstruction
ure [1.3| shows a broad spectrum of dif- 2) color filtering —> 2) SFM, SLAM, VO
3) robot kinematics prior with triangulation —» 3D reconstructed
: del with ted
ferent ways previous researchers have Strategy 11 L, T
3D reconstruction step: segmentation step:
. . 1) regional reconstruction 1) 3D geometry/shape
dealt with the task of image-based sur- 2) SFM, SLAM, VO —> 2) color filtering
with triangulation 3) robot kinematics prior

gical instrument detection. According
Figure 1.2: Two strategies for surgical scene 3D

to a survey paper [54] in 2016, there ) .
reconstruction and tool segmentation.

are two main approaches - marker and

marker-less, where a marker can be further classified into either a visual marker or a non-
visual marker. In terms of visual markers, topology markers stand out in instrument detec-
tion because distortions of the tags still yield a positive detection, unless they change the
topology. Since most surgical tool shafts have a cylindrical shape, when putting a marker
on the tool shaft, it is often not fixed on a flat surface, distortion is thus inevitable. Yet in

general, visual markers suffer from lack of robustness to occlusion, which can easily happen



during surgical operations when the tool is stained with blood. Contrarily, non-visual mark-
ers are not subject to occlusion, some of which include RFID sensors [161], acoustic [132]
or electromagnetic trackers [135] etc. Some concerns about using those markers are that
preferably no external electronics should be placed inside patients’ body, and so it is not
desirable to place those sensors or trackers on the surgical tool tip, besides some of them are

relatively expensive, and others have receivers that are undesirably big in size.

Desplte the effectlveness Of usimg rwithtrackingalgorithms: including

. L. E}ay(_asian filters (Kalman filter), Partical
markers, since not many clinically used filtering etc.

without tracking algorithms: no cue

surgical tools have external sensors or from subsequent image frames, the
algorithm works independently on
surigcal tool detection invariant of time

markers attached, for better generaliz- (image-based surgical
tool detection

ability, marker-less surgical instrument visual markers: including barcode, AR

tag, topology tag, color and shape
L markers

segmentation is considered. My first at- with marker

non-visual markers: including RFID

. sensors, optical, acoustic and
tempt of marker-less surgical tool seg- e|ect,0ma§neﬁc trackers

mentation with traditional computer vi- Figure 1.3: Different approaches for image-based

sion was proposed [53]. surgical instrument segmentation.

Later, I discovered that Raven-II [17] joint angles and end-effector position are available
and could be helpful in tool segmentation. Given the camera extrinsic matrix with respect to
the Raven base frame, robot kinematics provides a shape prior indicating where the surgical
instrument may appear on the image frame by projecting the 3D surgical tool pose onto the
2D image. Afterwards, color filtering can be applied to modify the kinematics derived shape
prior using the shape matching algorithm in the frequency domain using DFT. Finally, with
a modified shape prior mask, a color mask is applied further polish the segmentation result.
In summary, the proposed surgical tool segmentation algorithm [204] fuses robot kinematics

shape prior with color filtering in the Opponent color space.

In |170], the idea of using robot kinematics in tool segmentation was further integrated
in a data-driven approach using convolution neural network (CNN) and proven to improve

segmentation accuracy and robustness especially with longer runtime.



3D Reconstruction: Depth Lattice Rendering

The goal of stage 1 is to generate a 3D model of a local tissue patch centered at the surgical
instrument contact point, so that a temporal deformation map due to tool-tissue contact
can be generated and analyzed. In Strategy I, since image segmentation is already done,
the likelihood map of the surgical tool on the image plane can be utilized in verifying local
region where 3D reconstruction is needed. On the contrary, Strategy II 3D reconstructs the

entire image because there is no prior knowledge provided by the image segmentation step.

Preliminary experiments were conducted Stereo vision

using a stereo camera system with known Segmentation result Disparity map

S
.

camera poses. Figure [I.4] demonstrates the
workflow that achieves tissue deformation

analysis through tool segmentation and 3D

reconstruction from stereo vision. With ' 1' ' 1'
robot kinematics, a spherical volume of in- Sphere ROI\ Depth map
terest centered at the surgical tool tip can - deformation

be projected onto the image frame forming B0 sy

a 2D region of interest illustrated as a green

ettt i e

tinted circle. In fact, since the sphere vol-

ume of interest is fixed sized, the circle ra- T

Figure 1.4: The workflow of stage 1 using a
stereo camera system.

dius on the image is inversely proportional

to distance from surgical tool to camera.

To improve the computational cost, 3D reconstruction is done only within the green
tinted circle. Meanwhile, the tool segmentation result is used to identify tissue pixels on the
depth map. Then, a custom feature enhancement algorithm pads the relatively featureless
tool region with designated pattern so the accuracy of the resultant 3D model is ensured.
Afterwards, one can get the local tissue topology near the tool-tissue interaction point.

Figure [1.5| shows the overview of stage 1 in the research plan.



In , three different methods of 3D reconstruction from stereo laparoscopic image
streams including localization and mapping (SLAM), structure from motion (SEFM) and
visual odometry (VO) followed by feature points triangulation are compared. A novel dataset
was created for testing, and a ground truth model was acquired via high fidelity 3D scanning.
The dataset was generated using a pre-calibrated stereo camera viewing a realisitc phantom

surgical cavity with Raven-II surgical end effector.

The comparative experiments show that 3D reconstruction can be accomplished via mo-
tion of a single camera, yet in MIS constant camera motion can be disorienting and dis-
tracting. Alternatively, dense surgical scene reconstruction can be pursued from multiple
cameras from different viewpoints. Previous work has demonstrated that multiple viewpoint
autostereoscopic display (AD) technology maintains stable surgeon perception of the scene
while allowing for camera repositioning . It allows all cameras to remain relatively sta-
tionary while collectively streaming multiple view points. Multiple cameras are particularly
amenable to dynamic scenes, not unlike the human body, e.g. caused by respiration and
heartbeat. This method does not necessitate additional incision ports as cameras can be

attached to the interior of the abdomen and provide multiple views once insufflated [190].

Raw images

Each rawimage *= e,
D e

3D
Real-time
Robot

kinematics
3D reconstruction

from multicamera viewpoints

Color filters

Adjust
prediction

Segmentation result

Figure 1.5: This is an overview of stage 1. The raw surgical images (middle) are sent to the
tool segmentation (right) and multicamera 3D reconstruction (left) units.



COSLAM is a related work that achieves visual reconstruction using multiple independent
cameras in dynamic environments [241]. However, COSLAM applications are different from
MIS settings in several key aspects: (1) Camera pose is unknown in COSLAM. However,
camera pose can potentially serve as a prior and lead to better reconstruction accuracy. (2)
COSLAM has been implemented on room-scale environments. Surgical cavities are much
smaller. (3) Camera motion in COSLAM algorithms do not deviate much from straight-
line trajectories. Cameras presented here roughly orbit around the volume of interest (VOI)
within the surgical cavity. These observations highlight the need to develop a specialized sur-
gical cavity 3D reconstruction algorithm using multiple independently moving RGB cameras

with known poses, which later resulted in a series of three research articles [203 200].

camera group 1 camera group 2
R \ * Af L 4 5
AT AN RS A

time

Figure 1.6: Camera grouping and (intra/inter) camera matching in a multicamera system.

focuses on the topic of camera grouping and pair sequencing in a surgical environ-
ment, where I define a camera group to be a subset of cameras that share relatively similar
views. These camera groups are automatically formed based on individual camera poses us-
ing a graph based algorithm. Then, pairs of images within the same camera group undergo
3D trangulation to create a 3D map. Finally, pair sequencing is an algorithm that decides

the order to merge the 3D maps rendered from selected image pairs.

The subsequent two articles [203,206] in the three part series concern the temporal change
in the 3D tissue model; namely, tissue deformation analysis and camera motion to achieve

optimal tissue model tracking. The details will be covered in the next section.



1.2.2  Tissue Deformation Analysis and Force Rendering

Stage 2 aims to render a deformation map centered at the surgical tool interaction point.
Then estimate contact force based on the deformation and a known tissue dynamics model
. In order to get the deformation map, non-rigid registration for consecutive 3D tissue
maps is necessary. That being said, extends previous findings in [205] and formulated
an energy minimization function that performs non-rigid point cloud registration over time
and classifies local surface patches into either static, shifting, or deforming. Again, a robot-

assisted MIS setup with multiple cameras considered, as depicted in Figure

The energy function in non-rigid regis- )4%
tration oftentimes contain both data and g
regularization terms. Quadratic data terms
used in ,, implicitly assume posi-
tional errors with Gaussian distributions and
ensure corresponding points align after regis-
tration process. On the other hand, regular-

ization terms in [116,221]| preserve smooth-
P Figure 1.7: Multiple independently moving

ness by created deformation fields to fit data, cameras from different views of the surgical
cavity. Calculated geometries are represented
as a point cloud.

affording the optimization procedure robust-

ness to noise and outliers.

However, soft tissue deformation resulting from natural breathing or heartbeat are large,
piece-wise smooth signals residing on 3D surfaces. On the other hand, indentations due to
tool-tissue interactions usually result in larger positional errors close to the incision point,
with smaller errors for the remaining surfaces. Therefore, this indicates that the positional
errors are sparse, and are thus better suited for and modeled by a heavy-tailed distribution
instead of a Gaussian one. Such a model was incorporated in the registration method pre-
sented in , for which surfaces were assumed piece-wise smooth, and substantial changes

in transformations could occur only in relatively local areas.



Viewpoint selection is another important factor in many robotics tasks, and may influence
navigation, object recognition, environment reconstruction, camera placement and mesh sim-
plification for polygonal models [19]. Salient relevant work include next best view planning
(NBV) [1,[179] and swarm-based mapping [43,68,209] as they relate to configuring vision
sensors for optimal view coverage. While both NBV planning and swarm-based mapping
present aspects of optimal vision sensor placement, the application domains of large-scale,
openly navigable spaces with rigid objects are not directly extendable to RMIS. Surgical en-
vironments, in contrast, are oftentimes spatially constrained, highly dynamic and deforming,

and contain reflective surfaces.

Since manual camera positioning in robotic minimally invasive surgery is suboptimal
and error-prone [158], I am interested instead in autonomous solutions. Unlike other tool-
tracking focused autonomous camera positioning research [192}223]238], this work [2006]
presents a novel context-aware autonomous multicamera viewpoint adjustment pipeline from
the perspective of simultaneously maintaining the surgical tool within view and providing

better point coverage for real-time 3D surgical cavity reconstruction.

To render force from tissue deformation, there are roughly two main routes. In a mechan-
ical or bio-medical approach, nonlinear viscoelastic dynamic models of tissue are determined
either by offline tissue identification or directly treated as prior knowledge from a medical
database, then force is calculated from the model [243]. Data scientist, however, use machine
learning techniques to bridge the gap between tissue deformation and the applied force. Re-
current Neural networks (RNN) often adopted as it handles time variant features well. In
these cases, they either apply a relatively simple mass-spring model to simulate tissue dy-
namics behavior or go entirely model-free [3]. In this research, I infer force directly by looking
up a medical database for a given deformation level and tissue type. Later, I approached
the vision-based force estimation idea from security stand point in robotic teleoperation, and

elaborated my vision in [208].
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1.2.8 Bilateral Teleoperation

In stage 3, the estimated force is sent back to a haptic device used to remotely control the
surgical robot arm. In other words, a master-slave system will be setup and surgeons can
perform surgical operations via a haptic device while getting real-time force feedback as
though they were operating in-person. In a typical bilateral teleoperation system shown in
Figure both the visual and force sensors are provided, and yet the time-varying latency
in sensor measurements as well as the various sampling rate for different sensors can cause
challenges. In fact, while a visual measurements update at every 30-40 ms, force information
updates at 0.5-1 ms, which is the frequency requirements of touch/tactile senses in human
perception . Contrary to a typical bilateral teleoperation system, the force feedback in
our application is not obtained from a force/torque sensor, but instead it is derived from
vision, which means that the force information is significantly sparser than if a force sensor
is used. Due to computational limits with image processing in stage 1 and 2, the update rate
of the deformation map is further slowed down to roughly 6-7 Hz, significantly lower than
the 1000Hz force feedback update rate requirement.

(Average Sample Rate 0.5-1.0 ms)

(Average Sample Rate 1-4 ms)

F(-[;) force (measurements)
M B gg;cseor
Vision Guidance o q(t) joint angles

Force Control Force Control gree

sp(t) l A.gor‘fhm F

i Op;,
Visual Guidance 1 Qbjecy
—
qp(t) — _
vision (images) Image Processing

(Average Sample Rate 30-40 ms)

iCenter of Mass

Figure 1.8: Visual guidance and force control in a robotic system.

In a fully teleoperated robotic surgery, interpolation or prediction algorithms like Kalman
filtering can be used to improve the force feedback quality, and surgerons can close the

loop if any unrealistic haptic sensation occur. Yet, when a robot is programmed to perform
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part of a surgical procedures autonomously, the synchronization and quality of visual and
force feedback become very essential . With the awareness that this will be an important
issue in my work and that only a literature review on Spanish research works were
conducted, I have decided to do a survey myself for existing methods in dealing with

robot manipulation tasks with vision and force information.

Also, instead of artificially apply an inten-
sive interpolation on the deformation data, which
will not provide a realistic haptic sensation given
the current state, I decided to define it as future
work, after the computation speed on the vision

side is further improved through code efficiency

optimization. In the meantime, I joined a col- ) )
Figure 1.9: The experimental setup in

laborative research project that empirically eval- , Motion commands are sent and a

uates the degree to which haptic feedback may deviated force feedback is received.

deviate from ground truth yet result in acceptable teleoperated performance in a simulated
RMIS-based palpation task . In Figure a preliminary user-study is conducted to
verify the utility of the simulation platform, and the results provide implications in haptic
feedback for RMIS and inform guidelines for vision-based force estimation. Adaptive thresh-
olding is used to collect the minimum and maximum tolerable errors in force orientation and

magnitude of presented haptic feedback to maintain sufficient performance.

Later, I got involved in another collaborative work that investigates the possibility
of reflecting additional information like robot joint limit warning in haptic feedback. Specif-
ically, a locally sampled joint limit surface is generated and represented as a point cloud.
This local point cloud is then used to provide 3 DOF haptic feedback to the operator as
an indication that a joint limit has been reached, and provides kinesthetic force feedback to
efficiently remove the operator from that joint limit. This work can potentially be applied

to robotic surgery for surgeons to naturally intuit robot joint limits and avoid confusion.



12

1.3 Submitted Scholarship

From the overview, this task consists of three stages - 3D reconstruction and segmentation
of surgical tool versus tissue (Chapter [2J3]4]), tissue deformation analysis and force rendering
(Chapter [5)), and bilateral teleoperation (Chapter @ Future work is covered in Chapter

stage 1: 3D reconstruction and stage 2: tissue deformation analysis
segmentation of surgical and force rendering

LUUI VEI DUD LIDSUC

-

deformation

reconstruction

Figure 1.10: Illustration of the three stages and how the submitted scholarships are related
to the entire research plan.

Several scholarships were submitted based on certain part of this research plan. Below is

a summary of each of the scholarships which are marked with colored boxes in Figure [1.10

1.8.1 Vision-Based Force Estimation Framework (blue box)

At Grace Hopper Celebration (GHC) 2018, a session talk titled ” Vision-Based Surgical Tool
Tracking and Force Estimation With Kinematics Prior” was proposed and accepted, where

I shared the three stages of my research and preliminary results.

1.8.2 2D Surgical Tool Segmentation (red box [170] and green bor [204))

Surgical tool segmentation is a process that performs pixel-wise classification of 2D surgical

images into two categories - surgical instrument and background tissue. It is a prerequisite
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for many medical robotics applications including vision-based force estimation. Three ap-
proaches for surgical tool segmentation were implemented over the course of my PhD. At
MICCALI 2017, I was involved in the Surgical Instrument Segmentation Challenge on behalf
of the University of Washington, where a pure computer vision method was proposed and
later submitted as a journal paper to MedIA [53]. At ISMR 2018, a real-time vision based
surgical tool segmentation framework with robot kinematics prior was presented [204], and it
covers Strategy I of stage 1 in the research plan. The novelty of this work is the utilization of
robot kinematics as a prior information for visual processing, which significantly speeds up
the computation. In ICRA 2019 [170], we further proved that the kinematics prior mask not
only fused well with traditional computer vision results, but is also beneficial when combined

with data-driven method using CNN. See Chapter [2] for details.

1.8.3 A Comparison of 3D Surgical Tool Segmentation Strategies (purple box [91|])

Previously in section [1.3.9 the framework was designed to perform 2D image segmentation
of the surgical tool followed by 3D reconstruction of the background tissue. However, I was
inspired by a feedback during my Qualifying exam to swap the order of segmentation and 3D
reconstruction. So, I named the default sequence Strategy I and the reversed version Strategy
IT, and started a study to comparatively evaluate the performances. This work was later
published at TROS 2018 in a paper titled, ”Comparison of 3D Surgical Tool Segmentation
Procedures with Robot Kinematics Prior” [91]. More results can be found in Chapter .

1.83.4  Multicamera Dynamic Surgical Cavity 3D Reconstruction ( 1205,1207])

Real-time surgical scene 3D reconstruction from multiple camera viewpoints is a crucial step
that concludes stage 1 in the research plan. Since numerous related research exist, I started
with an experimental comparison of common 3D reconstruction algorithms including SLAM,
Visual Odometry (VO) and Structure from Motion (SfM) in robot-assisted MIS and evaluated

their respective performances in an SII 2020 paper titled ” A Comparison of Surgical Cavity
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3D Reconstruction Methods” [207]. Through the review, I identified the need to develop a
specialized 3D reconstruction framework tailored for robot-assisted MIS which adapts well
with specular reflections, the highly deforming nature of soft tissue and the spherical spatial
distribution of the camera swarm along the inner abdominal wall. The proposed framework
rooted on the novel concept of camera grouping and pair sequencing was later implemented

and accepted by ISMR 2019 [205]. More results will be provided in Chapter [4]

1.8.5 Tissue Deformation Analysis and Force Estimation (cyan box [205,206,/208])

Up to this point, a 3D model of the local tissue patch can be derived from a set of surgical
images from various viewpoints at any time instance. Yet, vision-based force estimation re-
quires tissue deformation analysis; namely, information about the temporal change in the 3D
tissue model. To that end, I presented an energy minimization based non-rigid registration
and point classification algorithm at IROS 2019 |203] that is suitable for a piece-wise smooth
surgical scene with highly dynamic motion close to the tool tissue contact point and near
stationary tissue patches further away. During my work in multicamera 3D reconstruction, I
received multiple comments about the minimum number of cameras needed for a sufficiently
accurate 3D model. I believe this question boils down to two factors - (a) the topological
complexity of the tissue patch, and (b) derivation of an optimal camera motion algorithm for
a good 3D reconstruction result so that fewer cameras are needed. Although (a) is out of our
control, I implemented an autonomous camera viewpoint adjustment algorithm to address
problem (b) and submitted the work to ISMR 2020 [206]. Finally, I wrapped up stage 2
of the research plan by feeding the deformation data into a tissue model that outputs the
3D contact force vector given a particular tissue type. I later approached the visual force
estimation concept from a cyber security perspective and submitted the work to IRC 2020
in a paper titled ”Securing Robot-assisted Minimally Invasive Surgery through Perception

Complementarities” [208]. Find Chapter [5| for more details.
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1.3.6  Haptic Feedback in Robotic Surgery ( 142,89,119])

In order to realize bilateral teleoperation in stage 3 of the research plan, a survey of state-
of-the-art combined vision and force control methods in robotic manipulation is conducted,
which I am preparing to submit as a journal paper titled ” A Review on Integration of Vision
and Force in Robot Manipulations.” to Advanced Robotics (AD) [119]. T outlined current
use-cases and landscape for combined vision and force control approaches and envision to
provide a guideline for researchers to pick the ideal visual, force, or combined control scheme
in their particular robotic application. Meanwhile, the vision derived force is bound to
include some extent of error. To investigate the tolerable inaccuracy in the force feedback
during teleoperated robotic surgery, I was involved in a collaborative user study that required
subjects to repeatedly palpate a tissue membrane while receiving haptic feedback that was
deviated either in magnitude or orientation. The experimental results were analyzed and
accepted to EMBC 2020 [42]. In another ICARM 2019 paper [89], I collaboratively worked
on a research project that studied the possibility to incorporate contact force information
and robot joint limit warning in tandem into haptic feedback during robot teleoperation.

More details will be provided in Chapter [6]
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Chapter 2

2D SURGICAL TOOL SEGMENTATION

In vision-based force estimation for robot-assisted minimally invasive surgeries, the force
information is derived from the perceived tissue deformation due to the tool-tissue contact in
the laparoscopic images. That being said, being able to automatically identify the surgical
tool region in the surgical image sequence in real-time is a prerequisite. While object recog-
nition with natural features only (no barcode) can be a challenging task itself in the general
case, in our application, since both the camera and the surgical tools are mounted on a robot
that provides kinematics information, the extrinsic parameters of the camera as well as the
kinematics information from the surgical robot can be integrated and provide a helpful cue
to estimate the projected surgical tool on the image plane, which in our implementation, is
called the shape prior mask U. With the help of the shape prior mask, some color filtering
scheme tailored for surgical images and a transformation to the frequency domain to speed
up the computation, the surgical tool can be segmented under pixel level in real-time. The

detailed methodologies and algorithms [204] are presented in the following.

Apart from this work, two other surgical tool segmentation approaches were explored.
The first one examines the possibility of using pure computer vision alone [53] and the
second one investigated the combined result from vision based machine learning and robot

kinematics information [170]. Both studies are mentioned in section [2.5

2.1 Methods

2.1.1 Camera Pose Estimation
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In order to use robot kinematics to as- 3D setup

=l O L 2D image
certain the surgical instrument’s loca- ,
. . . . -
tion within the camera image plane, o

2D corners on image
obtained by OpenCV function

defining the camera frame with re-

spect to the robot base frame is re-

Figure 2.1: The 2D and 3D coordinate input of

checkerboard corners to the PNP algorithm. From

as the perspective-n-point (PNP) prob- this, the transformation from Raven II base frame
to camera frame is obtained.

quired. In what is often referred to

lem, the aim is to estimate the pose of
an object given n 3D points on the object and their corresponding 2D projections onto the
image plane. This process also requires the camera intrinsic parameters. Instead, we require

the converse, that is to determine camera pose with respect to the object.

First, the 2D (z,y) projections were generated from function cvFindChessboardCorners
in OpenCV to detect checkerboard corners in the image frame, as illustrated in Figure
The 3D corner locations of the 48 checkerboard corners were obtained by manually mea-
suring the corner positions with respect to the Raven II base frame. Combined with camera
intrinsic parameters, determining the transformation matrix between robot and camera frame

is trivial. Figure [2.1]illustrates the two coordinate frames.

2.1.2  Kinematics Shape Prior Mask

Given robot joint states, forward kinematics, and camera pose, a raw projection of joint
locations onto the camera image plane is straightforward. Then, from the physical thickness
of each robot link, the perceived thickness on either end of a robot link in the image is inferred
respectively. Suppose an object point with known width W is distance D from camera with

focal length F'. Then the apparent width in camera pixels, P, is defined as

P=F"/p (2.1)



18

The overall shape of the projected robot tool can be obtained with simple trigonometry.

The union of these pixels forms the initial shape prior mask, . This is more computationally

efficient than projecting all points on the tool surface.

Q: Fipal Filter

:

Figure 2.2: Colorspace components used to determine color mask. The likelihood map @) is
defined by a weighted sum of these components: hue, saturation, O; and Os.

2.1.8  Log-likelihood Color Mask

Once the robot kinematics shape prior u is generated, color filtering across the entire image
further refines the prior estimate. The color filtering scheme adapted for this work was
based upon work by Van De Sande et al., which claimed that hue and saturation in the HSV
colorspace and Opponent; and Opponents (denoted O; and Oz) are colorspace components

providing the most discriminative power to separate surgical tool pixels from background

pixels , where:

0, = G-R
Oy, = B-Y=B-(G+R)

The log-likelihood mask (@) is then defined as
Q = ’LUlH + ’lUgS + ’U)301 + w402

where H and S are the hue and saturation components respectively and the weights wy, wo,

ws, wy were heuristically tuned. Because HSV is a non-Euclidean colorspace, the coneHSV
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colorspace [167] was adopted for use during color comparisons, where (H,S, V') values are
transformed into (V, S cos (H), S'sin (H)). The used colorspace components are shown in Fig-
ure[2.2] An ideal post filtering image will appear bright for the tissue pixels and significantly

darker for surgical tool pixels.

2.1.4  Frequency Domain Shape Matching

The two masks, u and @), provide two estimates of the surgical tool shape within the image
frame. The robot kinematics shape prior mask, u, was derived by projecting surgical tool
configurations and thickness onto the image plane. Meanwhile, the log-likelihood mask, @,

was generated via a linear combination of four colorspace components.

In mask u, pixels corresponding to surgical tools are white (255 in 8-bit gray), while
the remaining pixels are black (0 in 8-bit gray). The converse is true for (), that is the
determined tool pixels approach 0 (black), and the rest of the image approaches 255 (white).
Therefore, ideally the black pixels in v should correspond to white pixels in () and vice versa.

Multiplying ideal masks pixel-wise should result in all zeros.

However, v may not align well with @, as shown by comparing Figure 2.3}b and Figure
[2.3}c¢ This can be due to inaccuracies in camera extrinsic parameters, robot kinematics and
joint sensors, or timing mismatches between robot pose and image frame. An objective
function defined as the sum of pixel-wise multiplication between u and () can be interpreted
as the energy, E, to be minimized for optimal alignment. Suppose there are Nr rows and
N¢ columns in both images A, B. Then E is defined as

Nr Nc¢

E(A,B)=> > A(x,y) B(z,y) (2.2)

y=1 z=1

The mask matching procedure aims to modify shape prior mask u to best match () and thus

minimize F, and is achieved in two optimization steps:
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e Finding the optimal translation for v to match @), generating the shifted mask U.

e Finding the optimal rotation and scaling for U to match @), generating mask U.

Translation Suppose a translational error exists between shape prior u and actual surgical
tool image location. To counteract this error, a translational offset which minimizes E is
sought. Let t = (t,,t,), and then define u; as the resultant mask of u translated by . The

optimal translated mask is denoted U

U = argmin E(up Q) (2.3)

ug

The solution to this optimization is achieved efficiently in the frequency domain using

duality between spatial and frequency domains [191], namely
u®Q =TF 1 FoF:) (2.4)

where ® denotes spatial convolution and F the Discrete Fourier Transform (DFT). Consider

pixel (t,,t,) of the spatial convolution (origin is center of image):

Ng N¢
U®Q<t:raty) = Zzu<x - tmvy - ty)Q(LL’,y)
y=1 z=1
which is precisely E(uz Q). Thus the optimal offset is determined by the minimum pixel of
u® Q = F 1 (FoF:). The time complexity reduces from O (N*) to @ (N?log N) using the

DFT. Figure [2.3| outlines the procedure.

Consider Figure 2.4f] where @, u, U are respectively marked with red, blue, and green.

The green is a translated version of blue that better matches red.

Rotation and Scale The two masks U and ) may also misalign in rotation and scale.
To account for this, the masks U and @) were first transformed to log-polar coordinates and

zero-padded, forming U’ and @'. A Cartesian coordinate (x,y) is represented in log-polar
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coordinates as (a,b) where

a = log+/x2+1y?

b = atan2(y,z)

a and b correspond to scale and rotation respectively. Finding the minimum pixel of U’ ® @’

thus determined the optimal scale and rotation of U to best match ). The scaled and rotated

W
|

()

version of U is denoted U.

Figure 2.3: Translation matching. (a) raw image frame (b) initial shape prior mask, u (c)
color filtering mask, @ (d) two masks convolved, minimum value gives optimal translational
offset to generate mask U.

Consider Figure [2.41] where ), U, U are respectively marked with red, blue, and green.
The green is a scaled and rotated version of blue that better matches red. Theoretically, due
to nonlinear coupling of the two steps, the global optimum is achieved by interchangeably
applying translation and rotation/scale adjustments until convergence, but only one iteration
is applied in this work, under the assumption that the kinematics data is of high accuracy,

to improve efficiency.

2.2 Experimental Design

Figure [2.5] shows the experimental system setup using the Raven II platform. A 40mm
baseline stereo camera with 640x480 pixel resolution was fixed to the Raven II base frame

to acquire image data. Realistic tissue images were placed in the background.
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(k) ()

Figure 2.4: DFT shape matching, (a)-(f) illustrate translation matching to find U, (g)-(1)
rotation and scale matching to find U. (a) color filter mask @ (b) Fourier transform Fg (c)
shape prior mask u (d) Fourier transform F, (e) convolution u ® @ (f) red - @, blue - u,
green - U (g) log-polar color mask ) (h) Fourier transform F (i) log-polar shape mask U’
(j) Fourier transform Fy (k) convolution U’ ® Q' (1) red - @, blue - U, green - U.

2.2.1 Robot Kinematics Shape Prior

The joint locations of the Raven-II platform
were obtained from encoder readings and
forward kinematics. The positions can be
projected onto the camera image plane and
shape can be determined via Eq2.1] With

raw position data, a static positioning error

was observed. This was compensated with a

raven tool:
surgical instrument
used in this work.

background tissue:
a cardboard printed with
endoscopic images.

stereo camera

Figure 2.5: Experimental setup, includes
Raven II and stereo camera hardware.
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static offset added to the initial robot pose estimate as illustrated in Figure [2.6

!
0\

Figure 2.6: The left shows raw projection of robot joints and initial shape prior of two poses
without static offset. The right shows with static offset.

2.2.2  Frequency Domain Shape Matching

The main source of misalignment between color mask and shape prior mask arises from
latency between image stream and robot kinematic information. That is, the robot pose is
sampled slightly prior to the image frame with some variance. The methods described in
Section [2.1.4 were used to determine optimal mask shift, scaling and rotation. In practice, to
avoid mismatching different tools in view, a 2D Gaussian distributed penalty map centered
at the origin is fused with u ® ) to bias the optimal translational solution towards smaller

magnitude, under the assumption that initial shape prior u is close to true tool projection,.

2.2.3 Color Mask Post Processing

A final color mask was used to account for the effects of partial occlusion from real tissue and
trivial ambiguity near segmentation boundaries. As illustrated in Figure 2.7, there are four

steps to turn the nicely aligned shape prior U into the actual binary segmentation result.

First, mask borders were expanded outward to tolerate trivial edge misalignment using
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(a) (c) (d)

Figure 2.7: Final color mask procedure. (a) dilated and blurred edges (b) log-likelihood color
mask (c) binary threshold (d) morphological operations, resulting in final mask.

OpenCV functions dilate and blur [22] (Figure 2.7a). Then, the same log-likelihood color
filter for generating () was applied. This helps to eliminate tool pixels partially occluded by
real tissue (Figure . Observe that this step incorrectly removed some tool pixels, due
to the reflective nature of the tool. Next, a simple binary threshold classifies pixels as either
tool or non-tool (Figure . Finally, to account for the misclassified pixels due to the tool
reflection, the OpenCV function morphologyEX was used to dilate boundaries and eliminate

noise [22]. This results in the final segmentation mask as shown in Figure
2.3 Results and Discussion

2.3.1 Raven II Tool Segmentation

Figure illustrates the final results of the real-time image-based surgical tool segmentation
with robot kinematics shape prior. This was performed with the Raven II surgical robot
platform, and the final mask was achieved using the techniques and workflow described in
sections and 2.2l Overlaying the final mask with the raw image allows for segmentation
of foreground (surgical tool tip) and background. The results shown here were achieved at

a refresh rate of approximately 6 Hz using a commodity workstation.
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Figure 2.8: Raven II tool segmentation. (a) raw image (b) final shape prior mask (c) seg-
mented foreground tool (d) segmented background tissue.

From the robot kinematics and information about static pose estimation offset, an initial
raw shape prior mask, u, is first generated. A log-likelihood color mask, @), is created from
raw image data. These two masks are then convolved (using duality property and DFT) to
estimate optimal translation to match the shape prior to color mask, generating translated
shape prior, U. Masks U, () were then converted to log-polar coordinates, where they were
again convolved to estimate optimal scale and rotation of the shape prior mask to match the

color mask, generating mask U. A post process color mask produces the final shape prior.

Dice Coefficient Analysis
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Figure 2.9: Sgrensen-Dice indices for 75 analyzed frames. Manually labeled mask pixels were
compared to real-time generated mask pixels.

2.3.2  Sorensen-Dice Index Analysis

The Sgrensen-Dice index was used to measure the accuracy of the automatic real-time sur-

gical tool segmentation. For evaluation, data was collected by actuating the Raven II tool
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along a trajectory traversing a wide variety of joint configurations while staying within the
image frame. The maximum displacement and rotational speed of motion are 10c¢m/s and
30° /s respectively, which meets standard surgical operation requirements [228]. Image frames
(640%x480 pixels) were captured and processed in real-time as described in sections and
2.2] 75 of the 2000 frames were randomly selected and manually labeled offline to classify
tool from background. These manually labeled masks formed the ground truth X against

which the real-time, automatically generated masks Y were evaluated.

The Sgrensen-Dice index is a measure of similarity between two datasets defined as

22X NnY|

QS =
XT+1V]

(2.5)

When datasets X, Y are identical, QS = 1, while disjoint X, Y result in Q5 = 0. For each
of the 75 images, the ground truth dataset included pixel locations of the manually labeled
surgical tool. The experimental set included segmented tool pixel locations generated by
the proposed method. An average dice coefficient of 0.7372 is achieved, which compares
well to state-of-the-art graphics-accelerated methods [112]. Sgrensen-Dice indices for each

individual frame over time are depicted in Figure [2.9]

A broad selection of tool poses were captured for this analysis, and Figure demon-
strates the very slight dependence that tool configuration bears on the Sgrensen-Dice index.

This suggests that the method is robust to varying tool configurations.

2.3.8  Color Spectrum Stochastic Modeling

In this work, the log likelihood map @) was a weighted sum of the Opponent, RGB and
HSV color components, and was essential for the shape matching of kinematics prior mask
U. While computationally efficient, a more discriminative color filtering scheme is possible
through statistical analysis. To that end, a large number of surgical operation images were

manually labeled and analyzed for color space components. From this, the probability distri-
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butions of tool pixels and non-tool pixels along each color space component can be generated.

This statistical representation in color space, as shown in Figure|2.11, can provide the means

for an advanced color filtering scheme.
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Figure 2.10: The correlation between each tool joint and dice coefficient output.

2.4 Conclusion

This chapter describes a method for real-time vision-based surgical instrument segmentation

with kinematic prior [204]. The method affords a notable combination of attributes, including

low computational complexity.

average Sgrensen-Dice index > 0.73.

results validating use with Raven II tools.

6Hz execution rate without GPU acceleration.

robustness to partial occlusion by fusing robot kinematics with color filtering.

The technique was evaluated on the Raven II surgical platform, and segmentation results

were compared with manually segmented images. The results were encouraging with high

Sgrensen-Dice index that is robust to tool configuration. Thus, the method is promising



28

towards the use of kinematic prior and color masking for real-time tool segmentation in a

robot-assisted minimally invasive surgical setting.

"~ B00 ~BO0

200
Saturation 300 0 Hue Saturation 300 0 Hue

(a) (b)

om0

Figure 2.11: Color statistics. (a) probability distribution of tool pixels (b) probability dis-
tribution of non-tool pixels.

Future improvements to the proposed image segmentation method include stochastic
modeling of surgical tool and tissue pixels, as described in section [2.3.3] This can greatly
improve the generation of log likelihood color mask (). Furthermore, static offset correction
of estimated robot pose can be automated through Kalman filtering. Validating the method
in various lighting conditions and with a reduced baseline stereo camera (or endoscopic) setup
will further promote this method towards clinical issue. A natural extension of this work
includes exploring the remaining subtasks of the vision-based force estimation as illustrated

in Figure [1.10] while integrating the segmentation method described here.

2.5 Further Study

Other than the proposed surgical tool segmentation approach [204], T also collaboratively
worked on two side projects on the same topic. The first project was a MICCAI surgical
tool segmentation challenge with pure computer vision methods , and the second project

was a data-drive approach to tool segmentation fused with kinematics prior [170].
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2.5.1 Surgical Tool Segmentation with Pure Computer Vision

In Summer 2017, Niveditha Kalavakonda and I teamed up and participated in the 2017
MICCATI Endoscopic Vision Challenge - surgical instrument segmentation hosted by Intuitive
Surgical Inc. The dataset was made up of 10 sequences of abdominal porcine procedures
recorded using Da Vinci systems. From each of the 8 surgical procedures, 225 frames (down-
sampled to 1Hz) were selected from the stereo video sequences as training data and the last
75 frames were kept as test data. Our team was among the top 10 of all the contestants and

a joint paper describing the method from each team is submitted [53].

Datallmage200 Ground Truth Grabcut (Dice=0.825)

Figure 2.12: A sample segmentation result using our method in the EndoVis Challenge.

Unlike the solutions from many other teams, we were interested in developing a surgical
tool segmentation method without machine learning, and see how far traditional computer
vision approaches could go in this matter. The motivation comes from the lack of massive pre-
labeled surgical image dataset in general situations [105]. In fact, as shown in our previous
work in [204], the robot-held surgical tools can be segmented in real-time with an average
dice coefficient |112] of 0.7372 by including additional information of robot kinematics data

and camera extrinsic parameters.
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Many image features including shape masking, edge constraints, border constraints, dis-
parity discontinuity and color filtering have potential impact on the segmentation result. If
a weighted sum of the features is computed, one may be able to determine whether each
pixel belongs to a tool or tissue. Depending on the blurriness of the image, the weights for
the features vary. For example, edge constraints and disparity information are less reliable
in blurry images, and can be misleading in the case of interlacing [193]. Every time a new
image comes in, a high level classification of image blurriness is conducted. Then, corre-
sponding weighting factors are applied based on its blurriness score. Finally, a probability
mask is generated from the weighted sum of the features. Figure [2.12| shows one of the well

performed sample image processed using this method.

Few advantages for this algorithm are that no training is required, and efficient on-line
execution. Thus, this work can be considered a preliminary study on the image segmentation

part of stage 1 in the research plan, which is marked with a red box in Figure [I.10]

2.5.2 A Data-Driven Surgical Tool Segmentation Approach with Robot Kinematic Prior

This is another side project I worked jointly with Fangbo Qin, a visiting PhD student from
China. Inspired by the other contestants in the EndoVis Challenge, we decided to focus on
improving one of the best-performing convolution neural network in surgical tool segmen-
tation - the ToolNet. The proposed CNN model ToolNet-C has the capability of learning
features from numerous unlabeled images and learning segmentation from few labeled images,
making the application more convenient. The kinematic pose based silhouette projection is
implemented leveraging the prior knowledge of instrument 3D shape. However, problems
exist with both solutions alone. Specifically, reflection issue occurs in surgical instrument
segmentation from endoscopic vision which causes false negatives and holes in the segmented
surgical tool, at the same time there is the drifting effect with robot kinematics solution.
So, we proposed data fusion of CNN prediction and kinematic pose, where the data fusion is

realized by the particle filter to refine the kinematic pose. The weight suppression and shape
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matching likelihood are proposed to effect the resampling and weighting of particles, respec-
tively. The experiments showed the proposed ToolNet-C model could be learned with only
30 labeled images without using data augmentation, and the proposed data fusion method
could increase the segmentation performance significantly. In the future, the time cost of
the silhouette projection will be further reduced, so that more particles can be employed in

real time to enhance the particle filter.

() ©

Figure 2.13: Segmentation results with data fusion. (a) Raw image, (b) robot kinematics
projection, (c) prediction of ToolNet, (d) fusion of kinematics and machine learning methods.

In this work, Fangbo was in charge of experimenting with implementing the Convolution
Neural Network (CNN) algorithm, revising the loss function and exploring feature extraction
methods, while I gave advice on integrating robot kinematics information with the machine
learning results. By combining the machine-learning-based surgical tool segmentation ap-
proaches with robot kinematics prior information, as shown in Figure [2.13] it is proven that

the segmentation accuracy is further improved. The work was later submitted to [170].
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Chapter 3

A COMPARISON OF 3D SURGICAL TOOL SEGMENTATION
STRATEGIES

In stage 1 of the research plan shown in Figure 3D reconstruction and segmentation
of the surgical scene is required. Although image segmentation and 3D reconstruction is re-
spectively discussed in previous chapters[2 and [3|and implemented chronically, an interesting
discussion arose during my qualifying exam of the potential effects and performances if the
order of segmentation and reconstruction is reversed. To find out the result, two 3D seg-
mentation and reconstruction strategies were defined and then a series of experiments were
conducted with the two strategies on the same surgical dataset. The result was accepted to

IROS 2018 [91]. Below is a summary of this study.

3.1 Background

3D reconstruction and surgical tool segmentation are necessary for several advanced tasks
in robot-assisted laparoscopic surgery. These tasks include vision-based force estimation,
surgical guidance, and medical image registration where pre-operative data (CT or MRI
scan image slices) are overlaid on patient anatomy in real-time during surgery [123| to name
a few. In this work, two main strategies were considered: (1) initialize with surgical tool
segmentation from 2D images, then proceed to local 3D reconstruction near the tool-tissue
interaction region by projecting the segmented result into 3D space, and (2) initialize with
3D reconstruction of the entire surgical task space, followed by surgical tool segmentation
from within the 3D reconstructed model. Both methods were implemented on the Raven-II

surgical robot system, and accuracy and time complexity for both methods were compara-
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tively analyzed while considering various task parameters. Finally, based on the results of
this work, guidelines for selecting reconstruction and segmentation strategies and procedure

for particular situations are outlined.

3.1.1 Related Work

Surgical Scene 3D Reconstruction

High level classifications of surgical scene 3D reconstruction algorithms have been formulated
based on camera motion and scene type. In particular, methods without dependencies on
camera motion utilize different visual cues, including stereo [195] [175], actively projected

spatial patterns [166] [82], and shading and shadows [122] [140] to achieve reconstruction.

Typical laparoscopic cameras move frequently during operation, and thus SFM can be
leveraged to recover 3D structure. For rigid scenes, SLAM methods that simultaneously
estimate 3D structure and camera motion exist [73] [13] [216] |[120]. With regard to feature
points extraction, detectors specific to surgical scenes have shown better results than SURF

or SIFT alone [124].

Kinematics-Based Tool Segmentation

Several segmentation methods with robot kinematics prior exist which do not rely on visual
markers [7] [8] [52]. The segmentation method used in this work determines the optimal
alignment between robot kinematics prior and color mask by DFT shape matching, which was
shown to achieve segmentation with average Sgrensen-Dice index greater than 0.73 at 6Hz

without GPU acceleration. Furthermore, this method is amenable to Raven II tools [204].



3.1.2 Contribution

To the best of the author’s knowledge, this work is the first to analyze and compare strate-
gies for surgical tool 3D segmentation by interchanging the order of 3D reconstruction and
segmentation across several parameters. This study informs a preferable methodology for
stage 1 in the vision based force estimation proposal and serves as a guideline for future and

related ongoing work within the parameters of the hypothesis matrix define below.

Hypothesis Matrix

Several task parameters are considered when comparing the accuracy and time complexity
between the two proposed methods of 3D reconstruction and segmentation. In particular,
motion and pose of both the cameras and surgical tool are considered, resulting in four
separate parameters. This is shown in Figure |3.1

SLAM and VO followed by

triangulation is used only
when cameras are non static

static cameras

e  moving scene (tool)

surgical tool pose [RUCUUNE -mera poses unknown el
. P static scene (tool)
wrt world frame wrt world frame

static cameras
IS moving scene (tool)

robot kinematics prior
can be use, only when known _
both camera and tool moving cameras

poses are known static scene (tool)

—>

Figure 3.1: Parameters used to populate hypothesis matrix.

Several considerations are made with regard to test data (the method by which data
were collected is described in detail in a later section). In most cases, surgical robots are
utilized with a closed loop control scheme — tool pose is always known. With segmentation

algorithms, the robot kinematics shape prior is applicable only when both camera and tool
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poses are known. However, camera pose is not always tracked. The data was collected with
a pre-calibrated stereo camera, and can be broadly classified into two sets: MS Dataset —
static camera moving scene, and 577 Dataset — moving camera static scene. MS Dataset
was collected with a static camera but with dynamic tool motion, while 577 Dataset con-
tains recordings of a static surgical scene from various viewpoints of a moving camera. Both
datasets contain information of both the surgical tool and camera poses. However, by omit-
ting camera pose information in each of the two datasets, an additional two test cases arise.

This results in four total test sets, called A,B,C,D.

The four test conditions combined with the four variations of test parameters form the
hypothesis matrix shown in Table 3.1 by which the two reconstruction and segmentation
strategies, Strategy I and Strategy II, will be evaluated. Note that there is a parameter in

Table 3.1: Hypothesis Matrix

Dataset MS 577
Static Cam Moving Cam
Moving Scene | Static Scene

Scenario

Test 1D
Parameter

Known camera pose
Known tool pose
Static scene

Static camera
Ground truth

B C D

BO®WOo oo =
KO ®WOR
O|® O OO
O|ROOR

o indicates that the parameter assumption is true for that test condition, while & indicates
false. In general, the more true parameters, or o, the less challenging the test condition.

the hypothesis matrix of whether the camera pose is known. In fact, an unknown camera
pose can arise from the fact that not all endoscopes are machine tracked, instead, they are
sometimes hand-held by a nurse or assistant during the surgical operation [108]. Camera
pose can be unknown even with machine held cameras, for example when the endoscope

holding system is separated from the surgical robot system. In such a case, the coordinate
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transform between the two systems needs to be calibrated prior to the surgery [102]. Even
so, over time there is inevitable accrued error, so camera pose accuracy decreases overtime.
Moreover, in many applications, it is the camera pose with respect to specific region of
interest on a particular organ that matters. In this case, as the human body is not static,

obtaining the transformation matrix between the task and camera frame is a challenge.

L1, L2, L3 are the image borders from which the tool enters.
The vanishing point is the intersection point of the two approximate edges of the tool shaft.

e

vanishing

“image
centeq vanishing

point 3

Figure 3.2: Vanishing point constraint for surgical tool segmentation.

3.2 DMethods

The two strategies outlined in Figure [1.2] are tested and evaluated on the four test condi-
tions, A-D, described in Table The first strategy conducts segmentation prior to 3D
reconstruction and the second strategy interchanges the order of these operations. The per-
formance is evaluated against a ground truth 3D model captured via the Space Spider 3D
White Light Scanner (0.1mm precision). The reconstruction and segmentation methods were

carried out on the test conditions A-D. Note:

e SLAM and VO followed by triangulation are 3D reconstruction algorithms applicable to
moving cameras with unknown trajectories. Therefore, for static camera test conditions

(A,B) only SFM was implemented.

e In moving scene conditions (A,B), movement is isolated to the surgical tool, i.e. the

background tissue is static.
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e In Strategy I, tool segmentation is executed from 2D images, while Strategy II employs

a 3D segmentation method.

e 3D reconstruction in Strategy I is localized to tool tip and adjacent tissue. In contrast,

Strategy II involves reconstruction of the entire scene.

3.2.1 Strategy I: Segmentation — Reconstruction
2D Tool Segmentation

Known Camera Pose (A,C) This portion of Strategy I relies heavily of prior work [204]
and is outlined briefly here. With camera extrinsic information, 3D surgical tool pose is
projected back to the 2D image frame, forming robot kinematics shape prior u. A log-
likelihood color mask @ is generated by a linear combination with heuristically tuned weights
wy, wo, ws, wy of hue H, saturation S in the HSV colorspace and Oy, Oy in the Opponent

colorspace, shown in Eq[3.1]
Q = wiH + w5 + w301 + w407 (3.1)

where O; = G—R and Oy = B—(G + R), with R, G, B being red, green and blue components
in RGB colorspace. This color mask formation (which was also described in Section
provides the most discriminative power over separating surgical tool pixels from background
tissue pixels [95]. Optimal translational alignment between u and @ is determined via DFT

shape matching and minimizing the energy defined as the sum of pixel-wise multiplication

of w and the shifted @ by (t;,%,):

argmin E(t,,t,) = argmin(u® Q(t,,1t,)) (3.2)
= argmin F ' (FF?) (3.3)

where ® denotes spatial convolution and F is the Discrete Fourier Transform (DFT).
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Unknown Camera Pose (B,D) Without camera extrinsic information, the robot kine-
matics shape prior u cannot be determined, and thus only the log-likelihood color mask )
was applied. To eliminate false positives, geometric constraints inherent to the specific sur-
gical tool segmentation application were implemented. To name a few: (1) the tool always
emerged from the image borders, so any island blobs were disregarded, (2) the tool shaft is
cylindrical, so two near-parallel lines were found on either tool edge, (3) generally the tools
orient away from the camera near the image center region, resulting in a vanishing point
where the two lines intersect [29]. This vanishing point should reside on the image side of
the border from which the tool emerges, as shown in Figure Pure color filtering meth-
ods are hypothesized to produce less accurate segmentation results than those incorporating

known camera Ppose.

Local 3D Reconstruction

In Strategy I, the 3D reconstruction step is performed after segmentation. This order of
operations presents a few distinct advantages. Firstly, the segmentation result can serve as
a prior indicator of the tool-tissue interaction region, reducing the 3D reconstruction region.
Thus, only local 3D reconstruction around a bounding box centered at the tool location with
width= 20 times the perceived surgical tool width is performed, drastically reducing the
time complexity. Secondly, segmentation results can help enhance features of tool regions.
The surgical tool shaft often affords few distinct features, resulting in sparse reprojection in
3D reconstruction. By first obtaining a segmentation result, pixels corresponding to surgical
tool are known, and thus a feature-filled pattern can be padded on the tool region starting

from the left edge of the tool shaft. The reconstructed model can then be enhanced, shown
in Figure [3.3

Three 3D reconstruction algorithms were considered in this work: SFM, SLAM and VO
followed by feature points triangulation. Again, only SFM was used if the camera poses are

known (A,C). These methods are described below.
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Figure 3.3: Feature points detected before and after tool region feature enhancement. The
number of feature points increases at the tool tip when augmented to robot pose. The tool
shaft contains even more features when padded with a feature filled pattern.

SFM Based Reconstruction SFM estimates 3D structure given a set of ordered 2D
images. Without time constraints, SFM generates very accurate reconstruction. With the
advancement of recent SFM technique, a reduction from O(N*) to O(N) is achieved through
bundle adjustments [229]. As shown in Figure a 3D model was generated from two sub-
sequent images. Then point cloud alignment merged the point clouds. The SFM algorithm
can be realized in four steps - (1) feature point detection, (2) camera matrix estimation
(3) relative camera motion derivation and (4) point cloud generation. In the case of known
camera poses (A,C), camera extrinsic values directly replace the first 3 steps. Also, step (1)
is performed twice with different 'MinQuality’ values. The first operation helps estimate

camera pose changes while the second aids in point cloud generation.

SLAM Based Reconstruction SLAM operates in real-time with ordered sequence of
images, and is relatively time-efficient compared to SFM. Several off-the-shelf SLAM frame-
works were investigated prior to selecting the method for this work [149] [115] [145] [111].

Because of its fast operation, broad open-source development community and wide range of
supported imaging setups, ORB SLAM2 was implemented. The default ORB_SLAM?2 Bag
of Words (BoW) vocabulary for feature detection was not amenable to surgical scenes. A

visual vocabulary relevant to surgical cavity imagery was generated via open-source DBoW?2.
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An identical vocabulary structure as ORB_SLAMZ2’s default implementation was created and

populated with images from the surgical workspace.

-500

Figure 3.4: Point cloud alignment and stitching.

VO Based Reconstruction VO estimates the relative camera pose of two image frames
from disparate viewpoints. Image points are then reprojected back into 3D space based on

estimated camera trajectory. Finally, by feature point matching, the 3D model is generated.

3.2.2  Strategy II: Reconstruction — Segmentation

Global 3D Reconstruction

3D reconstruction for Strategy II was identical to that in Section with two distinctions:

1. Lacking prior tool segmentation, 3D reconstruction was performed on the entire scene,

increasing runtime.

2. Tool region feature enhancement cannot be performed without prior tool segmentation.
Since the surgical tool is relatively thin with large depth discontinuities at tool edges,

tool regions tend to reproject improperly.

Below are drawbacks of Strategy II, conducting 3D reconstruction prior to segmentation.
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Figure 3.5: Results of Test Condition A: MS Dataset with Known Camera Pose (Top); Test
Condition B: MS Dataset with Unknown Camera Pose (Bottom).

3D Segmentation

The 3D segmentation method follows closely to the 2D segmentation case in Section [3.2.1]
The log likelihood color filtering scheme was directly applied to the 3D scene. With known
camera pose (A,C), the 3D model was directly aligned with the world frame. Voxels corre-
sponding to surgical tool volume were derived from robot kinematics and mapped to regions
of the 3D model for segmentation. However, with unknown camera pose (B,D), color filtering
was executed in tandem with a cylinder finding function, pcfitcylinder, which supports point

cloud objects. This aided in detection of tool shaft of known physical size and shape.
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Figure 3.6: Results of Test Condition C: 577 Dataset with Known Camera Pose (Left); Test
Condition D: 577 Dataset with Unknown Camera Pose (Right).

3.2.8 Data Collection

All data were collected from tissue phantoms with the Raven II surgical robot platform. The

arrangement of tissue phantom were consistent within each dataset.

Test Data

Two data sets were collected for analysis: MS Dataset — involving static camera and moving

scene/robot, and 577 Dataset — involving moving camera and static scene/robot.

MS Dataset were collected from static stereo cameras. A Raven II tool was continually
actuated with random trajectories while maintaining end effector within both left and right

image frames. The maximum translational and rotational speed of motion were 10 ¢m/s and
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30 deg/s respectively, consistent with typical surgical operation speeds [228]. Image frames

(640% 480 pixels), kinematic information as well as camera poses were captured in real-time.

577 Dataset consists of stereo recordings of static Raven II tool and surgical scene. The
recording procedure entailed two passes of stereo cameras orbiting 180 degrees about the tool
interaction region at a radius between 10-20 cm at rough roughly 3 revolutions per minute,

a reasonable trajectory for realistic constrained endoscope motion [9].

Ground Truth

The Space Spider, an in-house white light 3D scanner, was used to obtain ground truth 3D
reconstruction of the surgical scene used in 577 Dataset. The 3D resolution of the scanner is
0.1lmm with point accuracy at the 0.05mm scale. 11 scans were required to completely record
the geometry of the surgical scene, which each scan containing about 700 image frames. Post

processing was performed in Artec Studio, generating the 3D ground truth model.

3.2.4  Performance Analysis
Segmentation Accuracy

The Sgrensen-Dice index measures the similarity between two sets, was used in this work to
measure segmentation accuracy and is defined in Eq. 2.5 In this study, a small preprocessing
step was required for 3D segmentation Sgrensen-Dice index calculation: down sampling of

generated result to match spatial resolution of ground truth data.

Reconstruction Accuracy

Two metrics were used to evaluate 3D reconstruction as shown in Eq[3.4 and Eq3.5} root

mean squared error (RMSE) and relative reprojection error (Rg,). Let X denote ground
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truth point cloud, and Y the reconstructed point cloud. Then

k k|2
RMSE = \/Z 1 [X = Y7 (3.4)

Yk\p

- —k
M k=1 |X r

RErr

where || is the Frobenius Norm, M is the number of frames, Ny is the cardinality of X, X*
is the 4% point in frame k. Furthermore, Y}* is the nearest (in the Euclidean sense) point to

XF after alignment.

3.3 Experimental Design

Reconstruction error and operation time were measured between Strategy I and Strategy 11
on test conditions A-D. Results help to characterize methodology choices in real-time 3D

tool segmentation approaches given problem parameters.

3.3.1 MS Dataset

Table outlines test conditions A and B, and the four relevant parameters therein. Both
Strategy I and Strategy II were tested on MS Dataset via these test conditions. Recall that
MS Dataset involves static cameras, and therefore only the modified SFM algorithm was used
for 3D reconstruction. Furthermore, note that test conditions A and B are distinguished only

by whether or not the camera pose is provided.

Known Camera Pose

This experiment corresponds to test condition A, as seen in Table 3.1 The top row of Figure
shows steps and results from Strategy I as well as results from Strategy II.
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Unknown Camera Pose

This experiment corresponds to test condition B, as seen in Table The bottom row of

Figure |3.5| shows steps and results from Strategy I and results from Strategy II.

3.8.2 577 Dataset

Unlike MS Dataset, 577 Dataset includes video recordings of static surgical scene with moving
cameras. Test conditions C,D correspond to 577 Dataset, and are distinguished only by
whether or not camera pose is known. Both Strategy I and II were tested in both C and D.

Since the cameras were moving, all SFM, SLAM, and VO were tested for condition D.

Known Camera Pose

This experiment corresponds to test condition C, as seen in Table [3.1 The left column of

Figure [3.6] shows steps and results from both Strategy I and Strategy II.

Unknown Camera Pose

This experiment corresponds to test condition D, as seen in Table [3.1} The right column
of Figure |3.6| shows steps and results from both Strategy I and Strategy II. The output 3D
models from the three 3D reconstruction algorithms were generated, and results using SFM

were shown for both Strategy I and Strategy II in Figure [3.6]

3.4 Results and Discussion

Table shows 3D reconstruction RMSE and Rg,, values and Sgrensen-Dice indices Q.S for
each combination of strategy and test condition A-D. MS Dataset lacks 3D ground truth

data. Thus Sgrensen-Dice index @S was computed from manually labeled 2D images for
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Table 3.2: Performance Analysis

’ Dataset ‘ MS 577
w A B | C D
Parameter
Known Cam Pose O & O &
SEM | 0.732 0.574 | 0.895 0.612
QS SLAM| - - - 0.548
VO - - - 0.593
SFM - - 6.628 8.398
Strategy | RSME SLAM| — — 1073
I [mm]
VO - - - 11.22
SFM - - 0.070 0.115
REgwr SLAM| - - - 0.186
VO - - - 0.125
SFM - - 0.808 0.713
QS SLAM| - - - 0.631
VO - - - 0.691
SEFM - - 11.02 11.25
Strategy | RSME STAM = — — 13.08
IT [mm]
VO - - - 19.03
SEFM - - 0.086 0.109
R SLAM| - - - 0.157
VO - - - 0.162

QS denotes the average Sgrensen-Dice index based on segmentation result and appropriate
ground truth. RSME and Rg,, are measures of 3D reconstruction accuracy.

Strategy I 2D segmentation. Strategy II Sgrensen-Dice index, 3D RMSE and Rg,, do not

exist for MS Dataset experiments.

In terms of time complexity, both segmentation and 3D reconstruction were achieved
with O(n) runtime. Bundle adjustments accelerated 3D reconstruction [229]. With known
camera pose, 3D model alignment time is reduced. Furthermore, segmentation was more

efficient because camera pose informed robot kinematics prior, as shown in Table [3.2]
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In general, Strategy I reduced 3D reconstruction time by isolating the local region of
interest. However, this amount of time saved clearly depends on the relative portion of the
image frame that the surgical tool covers. It was also of interest to compare time complexity
and density of resulting point clouds generated by the three 3D reconstruction algorithms,

SFM, SLAM and VO in Strategy II for test condition D.

3.4.1 Strategy I

In Strategy I, 2D segmentation is executed prior to 3D reconstruction. As a result, only 3D

reconstruction of the proximal region surrounding surgical tool is performed.

e Known Camera Pose: Surgical tool pose configuration was overlaid on the image to
enhance feature point detection within surgical tool region.

e Unknown Camera Pose: Segmented areas were padded with feature filled pattern to
enhance 3D tool reconstruction.

e False positives: Result contained more false positives, i.e. tissue falsely labeled as tools.

e Risk Assessment: While this method generally saves time, it is a high-risk-high-reward
approach, particularly with unknown camera pose. Although local 3D reconstruction
from the segmented tool region is time efficient, the result is erroneous if segmented

tool region is inaccurate, which is likely without camera pose and thus kinematics prior.

3.4.2  Strategy 11

In Strategy II, 3D reconstruction is executed prior to segmentation. Segmentation is per-

formed with 3D data.

e Additional Segmentation Cues: Tool segmentation is informed by 3D geometry in
addition to color filtering.
e Less Feature Points: Due to the tool’s metallic material, thin geometric shape and

large depth discontinuities between tool edge and background, less feature points are
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available for matching during 3D reconstruction. Segmentation is required prior to tool

feature enhancement.

e False Negatives: Results contained more false negatives, i.e. tool pixels falsely labeled
as tissue pixels. False negatives can occur from either tissue colored reflections on
the tool surface or imprecise reconstruction. It can be difficult to discriminate false

negatives from real tissue occluding surgical tool.

e Time Efficiency: 3D reconstruction was performed on the entire image. This is com-
putationally inefficient, particularly with known camera pose and distant surgical tool

resulting in small region of interest.

e Risk Assessment: In general, this is a safer strategy; it guarantees 3D reconstruction

of the area of interest.

3.4.8 Sources of Error

e Strategy I False Positives: False positives in this context are tissue falsely labeled
as surgical tool. This can be attributed to the fact that following segmentation, ap-
plied feature enhancement encourages additional features for reprojection into 3D, even
neighboring tissue. With unknown camera pose, there is even greater probability that
feature enhanced non surgical tool points are segmented as tool points. With known
camera pose, segmentation is more accurate. However, tool borders are slightly out-

stretched, and edge points may actually correspond to tissue.

e Strategy II False Negatives: False negatives in this context are tool regions falsely
labeled as tissue. Since in this strategy, 3D reconstruction is done first, areas of the
surgical tool shaft appear relatively featureless in 2D images. These areas are difficult
to match and reproject to the 3D model. 2D points which are correctly segmented
as tool are strong feature points on the surgical tool surface which generate highly
accurate depth information by triangulation. On the other hand, tissue (most of the

area on the images) is more likely to be falsely matched and reprojected to the tool
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region. Since tissue might occlude the tool, it is algorithmically impractical to mark

all tissue points within the tool region as either tool points or outliers.

3.4.4  Summary

Vision based force estimation requires an accurate 3D model of the real-time surgical scene
with tool segmented from tissue. Two main strategies were proposed: either with tool
segmentation followed by 3D reconstruction or vice versa. Given the authors’ belief that
the preferable strategy may change depending on the problem parameters, a hypothesis
matrix was synthesize to study different parameters and conduct 3D reconstruction and

segmentation using both strategies [91]. Results indicate that:

e Camera pose information saves time in both strategies under all problem assumptions,
and furthermore increases 3D segmentation and reconstruction accuracy.

e 3D point clouds in the tool region were generally denser using Strategy I, since feature
enhancement can occur prior to 3D reconstruction.

e Strategy I is more time efficient than Strategy II.

e With known camera pose, Strategy I tends to be comparable to or even better than
Strategy II. With unknown camera pose, Strategy I becomes rather risky since local
3D reconstructions may become erroneous.

e The optimal strategy depends on problem parameters. With known camera pose, Strat-
egy I is generally better considering runtime. With unknown camera pose, Strategy 11
is a slower but safer option to guarantee including the region of interest.

e The optimal strategy depends on tolerance to false positives and false negatives. Strat-
egy | is preferable if false negatives are less tolerable, and Strategy II is suggested if

false positives are less tolerable.
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Chapter 4

MULTICAMERA DYNAMIC SURGICAL CAVITY 3D
RECONSTRUCTION

Dynamic 3D reconstruction of surgical cavities is essential in a wide range of computer-
assisted surgical intervention applications, including but not limited to surgical guidance,
pre-operative image registration and vision-based force estimation. According to a survey
on vision based 3D reconstruction for abdominal minimally invasive surgery (MIS) [123],
real-time 3D reconstruction and tissue deformation recovery remain open challenges to re-
searchers. The main challenges include specular reflections from the wet tissue surface and
the highly dynamic nature of abdominal surgical scenes. To identify the flaws in existing
3D reconstruction algorithms in robot-assisted MIS, preliminary experiments using state-
of-the-art 3D methods were performed to generate 3D surgical scene models from a stereo
video sequence. While SFM provides the highest accuracy, it does not meet the real-time
requirement, and SLAM is most suitable for online applications, but the 3D model resolution

is not ideal. This study is later published in [207] and covered in section [4.2]

These results validated the need for a specialized 3D reconstruction framework for robot-
assisted MIS. Moreover, [190,211] emphasize the benefits of using multiple independently
moving RGB cameras to generate an accurate measurement of tissue deformation at the
volume of interest (VOI). To that end, a novel camera grouping and pair sequencing algorithm
that handles multicamera 3D surgical scene reconstruction with known camera poses is
proposed [205] and evaluated with the Raven-II [17] surgical robot system for tool navigation,
the Medtronic Stealth Station s7 surgical navigation system for camera pose monitoring, and

the Space Spider white light scanner to derive the ground truth 3D model.
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4.1 Background

4.1.1  Motiwation

3D reconstruction is an essential premise for numerous robot-assisted laparoscopic surgical
applications, including vision-based force estimation, surgical guidance, and medical image
registration in which the pre-operative data (computed tomography (CT) or magnetic reso-
nance imaging (MRI) scan image slices) are overlaid on patient anatomy during surgery [123].
Although several research approaches are promising in this field, dense 3D reconstruction
in real-time for minimally invasive surgery (MIS) remains an open challenge. Prominently,
identifying critical and corresponding feature points from images with smoke, low contrast,
specular reflections or homogeneous surfaces is a difficult task. The narrow view involved in
laparoscopic imaging combined with the dynamic nature of the cavity, resulting from both
surgical instrument and tissue motion, present additional obstacles for 3D reconstruction.
Using monocular RGB cameras without active camera motion planning or additional sensory
elements limits reconstruction to only planar surfaces or sparse, insufficient 3D models of

the surgical scene.

4.1.2  Related Work

Video-based 3D reconstruction of surgical scenes can be classified based on scene type and
use of camera motion [123]. Various SLAM methods are able to estimate 3D structures
as well as camera motion depending on whether the scene is either rigid or deformable
[13,73,[120,216]. For an active or frequently moving laparoscopic camera, structure-from-
motion algorithms are suitable for generating 3D surface models. Methods which rely only
on one camera and its motion must incorporate dynamic view expansion (DVE) to construct

and expand dense 3D models due to the limited field-of-view (FOV) of laparoscopic cameras
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[143,222]. While promising, this approach highly constrains scene motion to ensure accurate
frame matching, which is not amenable to the highly dynamic nature of real world, online
surgical scenes. Meanwhile, without the use of camera motion, reconstruction can be achieved
using other visual cues, such as stereo vision [175,195], active projection of spatial patterns
[82,|166], and use of shading and shadows |122}/140]. To extract feature points, descriptor-
based tracking methods like speeded up robust features (SURF) and scale-invariant feature
transform (SIFT) are favorable for their high performance and fast computation, though

descriptors and detectors specifically designed for surgical scenes show superior results [124].

Single moving camera surgical cavity reconstruction approaches have utilized either monoc-
ular [77] [46] [88] or stereo [121] [144] |131] vision sensors. With monocular cameras, the
extracted 3D shape is represented by a linear combination of predefined basis shapes [23].
Spatial and temporal smoothness constraints were imposed in [157]. [231] [84], followed by
relaxing of orthographic assumptions of the camera model. With stereo vision, [56] extended
the factorization approach from [23], and [130] distinguished rigid and moving points based

on a global Euclidean transformation check.

Multiple cameras allow for tracking of dynamic tissue shape changes with minimal camera
repositioning. Such an approach for MIS was developed for which the cameras were mounted
to a single insertable unit through a trocar to avoid multiple additional incision entries
[190]. For this, the relative positions of the cameras were fixed. However, recent technical
advances in magnetic cameras [236] |[142], which can be inserted into the abdominal cavity
and controlled by external magnets, can help overcome this limitation. In fact, high precision
wireless control of magnetic cameras was achieved for single-incision laparoscopic surgery
(SILS) [212] [59]. This technology can allow multiple independently moving cameras that

simultaneously record the surgical cavity from multiple viewpoints.

COSLAM achieves visual reconstruction using multiple independent cameras in dynamic
environments [241] and serves as the primary inspiration of the novel multicamera surgical

scene 3D reconstruction framework [205] presented in this chapter.
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4.2 Preliminary Study

In this work, three different methods of 3D
reconstruction from stereo laparoscopic im-

age streams including simultaneous localiza-

tion and mapping (SLAM), visual odometry
Figure 4.1: Sample stereo image pair of phan-
tom surgical cavity environment. Images were
compared. As shown in Figure [£.1], a novel acquired at 30 HZ and streamed various view-
points of the surgical scene.

(VO), and structure from motion (SFM) are

dataset was generated using a pre-calibrated
stereo camera viewing a realisitc phantom surgical cavity with Raven II surgical end ef-

fector, and a ground truth model was acquired via high fidelity 3D scanning.

4.2.1  Preliminary Ezperiment Design

In this work, a new stereo video dataset of a surgical scene with surgical robot was collected,
and a ground truth model was derived using a high precision 3D White Light scanner.
Three reconstruction approaches, SLAM, VO and SFM methods, were then compared quan-
titatively via performance of 3D reconstruction of the synthetic surgical scene against the
ground truth model. Reconstruction error and point density of the different methods were
of particular interest, with motivations to determine the best technical direction for online

pre-operative scan registration and real-time vision-based force estimation.

4.2.2 SLAM

In general, SLAM fuses quantitative data from sensors navigating a previously unknown,
primarily static environment. The environment is incrementally mapped and the sensors
localized within. Several versions have been successfully implemented in real-time on an or-
dered sequence of images. Of the actively researched open source SLAM algorithms, oriented

features from accelerated segement test (FAST) and rotated binary robust independent ele-
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mentary features (BRIEF) SLAM2 (ORB SLAM2) [145] is of particular interest. This is due

to ORB SLAMZ2’s notable accuracy, fast operation due to minimal computation, and range

of supported imaging setups. Modifications to the ORB SLAM?2 method were implemented

to better suit the reconstruction task.

MIS Vocabulary Generation: ORB
SLAM2 operates with FAST keypoints [178§]
and BRIEF descriptors. However, ORB’s
default Bag of Words (BoW) vocabulary
for feature detection is ill-suited for surgical
scenes found in MIS. With that said, I be-
lieve a feature detector and descriptor spe-
cific to surgical scenes may exhibit improved
robustness for the application of interest in
this work. For ORB SLAM2 to benefit from
loop closure and trajectory refinement, a
visual vocabulary characteristic of the sur-
gical cavity imagery was required. This
was achieved using the open-source DBoW?2
project [70]. A vocabulary structure identi-
cal to ORB SLAM2 in terms of levels and
branches was creating using numerous im-
ages from the surgical scene to build the vo-
cabulary. In this way, the computational ef-
ficiency benefits that comes from the struc-
ture of ORB SLAM2 were preserved while
features were modified to be specific to MIS

tasks within a surgical cavity.

Algorithm 1 SLAM 3D Reconstruction from
Trajectory

1: for each consecutive image pair I*, I**! do

2: extract feature points

3: MIS BoW

4: FAST keypoints

5: extract BRIEF descriptors

6: match feature points

7 BRIEF descriptors

8: load camera pose

9: ORB SLAM?2 localization

10: save attributes:

11: camera pose

12: image points

13: inlier matches between I and I**!
14: match feature points

15: across aggregate views processed
16: reproject matched points

17: triangulate from multiple views
18: refine reprojection

19: bundle adjustment
20: end for
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Reconstruction: While SLAM simultaneously tracks localization and environment re-
construction, the reconstruction procedure in ORB SLAM2 was modified for the presented

MIS task. The general method is described in Algorithm [1]

Note that feature matching was performed twice per successive frame pair. The first
instance discovers matched points using BRIEF descriptors from a very short time scale —
consecutive images only. In contrast, the second is used to track feature points in aggregate
over a longer period of time. In this implementation, it was observed that performance in-
creased with downsampling of image frames; this created starker viewpoint changes between

successive frames. Additionally, runtime was decreased by this downsampling.

4.2.8  Visual Odometry

VO utilizes sequential images to estimate incremental relative camera poses. After com-
putation, incremental transformation matrices between subsequent time instances can be
obtained. This can then be accumulated to recover the trajectory of the camera throughout
the video stream. With an estimated camera trajectory, 2D corresponding feature points
from subsequent image frames can be reprojected into 3D space through triangulation. In

this way a 3D model of the scene can be created.

VO methods can be implemented with either monocular or stereo camera setups. How-
ever, a major drawback of using monocular visual odometry for scene reconstruction is that
scale is unknown. As previously described, the video dataset in this work was captured using
a stereo camera, which provides both depth and scale. VO algorithms can also suffer from
drift error; recursively multiplying estimated incremental camera transformation matrices
together may lead to accumulation error, as the estimated trajectory drifts further from the
true trajectory. An effective solution to this drift error is to provide easy-to-detect feature
points with known 3D locations, used to occasionally correct for camera pose error. The VO

implementation used in this work is outlined in Algorithm
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In line[T5]of Algorithm[2} inlier point Algorithm 2 Visual Odometry for MIS

detection is required. This procedure 1. denote L;, R; as the i'" frame in the left and

was built under the assumption of a right cameras respectively

rigid scene, and thus 3D points should 2. for consecutive stereo pair L;, R; and

be positioned similarly relative to one Lii1,R;11 do

another between subsequent frames. In 3 preprocess using camera calibration pa-
other words, the distance between any rameters

two features points in P; should match 4. undistort

the distance between the corresponding 5. rectify

points in Piy;.  Suppose d(i,j) com- 6 compute disparity maps

putes the Euclidean distance between 7. L;,R; — D;

enumerated feature points 7, 7. This is s: Liv1,Riv1 — Diq

enforced with consistency matrix A(t) o load camera pose

for consecutive frames at indices ¢t,t+1, 10: ORB SLAM2 localization

generated such that A(t);; = 0 by de- 11: extract and match FAST feature points

fault and: 12: calculate 3D feature point position from
A(t)ij =1 Di, Diyq
if d(i, j) identical between P, and Pjy;. 1 from D;, Dy
14: generates point clouds P, P14
The goal is then to select a large sub- 15: determine inlier points between F;, P
set of feature points whose consistency 16: estimate transformation matrix between

score is higher with one another. This - :
inlier points

can also be viewed as solving the Max-

17: rotation R;
imum Clique Problem with A(%) as the )
4 W (*) 18: translation 7;
adjacency matrix [18|. From the gen- ) ) ) ) .
) Y x [18] & 19: derive trajectory via recursive multiplica-
erated camera trajectory, the surgical .
ion
scene can be reconstructed similarly to
20: end for

the method described in section [4.2.2l
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SFM estimates 3D structure of a scene from a set of 2D images and is capable of working

with large, unordered sets of images [73]. Without processing time constraints, SFM often

exhibits excellent results. With images captured from a monocular camera, 3D structure

and camera motion can be recovered only up to scale.

Computing the actual scale in world
units requires other information including
size of an object in the scene and information

from additional sensor, e.g. an odometer.

This method is suitable for extension to
3D reconstruction with multiple cameras or
viewpoints; so long as the FOV captured
in the image pairs are not completely dis-
joint, no additional information about rela-
tive camera pose is required for reconstruc-
tion. Scale is therefore not an issue with the
stereo dataset. There are two primary po-

tential utilizations of SFM in this work:

e reconstruction from entire sequence;

e point cloud generation between subse-
quent frames, followed by alignment
and stitching to form the aggregate

structure.

Algorithm 3 SFM Procedure For Consecu-
tive Image Pairs

1:

2:

3:

4:

10:

11:

12:

13:

14:

15:

for each consecutive image pair I*, I'*! do
extract and match feature points
detect corners in I
match corners in !
estimate camera matrix
camera essential matrix
find epipolar inlier points
matched points are along a hori-
zontal line
compute camera motion
extract and match feature points
match dense set of points between
I, [+t
smaller similarity threshold
generate pointcloud
3D triangulation of matched

points

end for

In the introduced dataset, overall camera view changes for the entire time span resulted

in difficulty extracting corresponding feature points consistently. A shorter time scale was
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thus more amenable, and the latter technique was pursued. This begins with the process
outlined in Algorithm [3| and results in a point cloud for each pair of consecutive images.
Each of these point clouds were then aligned and combined to the current aggregate point

cloud. This stitching procedure is visualized in Figure

new point cloud updated point cloud
T

current point cloud
aree

-400
-200

200
400

400 540400 -200

Figure 4.2: Align and stitch the current aggregate point cloud with new point cloud.

Point Cloud Stitching: The SFM generated point clouds are merged both to ex-
tend the overall FOV as well as to create a dense aggregate reconstruction. The process is
completed using the Iterative Closest Point (ICP) algorithm. The main components of this

process are outlined as:

1. Downsample Point Clouds: Downsampling of both the generated point cloud and the
ground truth point cloud helps to filter noise and improve consistency. The quality of
point cloud registration depends heavily on data noise, and downsampling with a box
grid filter is an effective way to ameliorate this [83]. The size of the box grid filter can
be carefully designed such that the point clouds, after downsampling, have a similar

and consistent number of points.

In this work, the grid size, g was selected as ¢ = 0.1. Downsampling was then achieved
using the grid average downsampling technique:
| P

| Pt
, where P, = DS(P,,g), and P/, = DS(Pi41, gs);
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Note that | - | denotes number of points in the point cloud, s is a scaling factor, P’ is
the downsampled version of point cloud P, and DS is the downsampling function that

takes a point cloud as its first argument and grid step size as its second.

2. Find Transformation and Align: Determine the transformation that aligns the second
point cloud with the first point cloud via ICP, and transform to the reference coordinate

system defined by the first point cloud.

3. Merge the Point Clouds: Merge point clouds with a specified merge size, as determined

by user-defined processing time and resulting resolution requirements.

4. Repeat Steps Above: Repeat the steps above taking one new point cloud at a time and

merging all the point clouds together.

The resultant aggregate point cloud from merging the individual point clouds is the recon-

struction result using SFM.

Local Reconstruction Global Reconstruction Ground Truth

(global scene)

Figure 4.3: Point clouds generated using the three methods of interest and the ground truth.
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4.2.5 Preliminary Experiment Results

The three methods of 3D reconstruction described above were performed on the collected
surgical scene dataset, and the results are presented in the following section. Recall that
reconstruction error against the ground truth model and point density were the quantitative
measures of interest. In all three cases, an estimated camera trajectory is used as part of
the reconstruction. Ideally, the three methods should produce very similar camera motion
estimates from the same dataset. The generated trajectories shown in Figure [4.4] are rela-
tively consistent, indicating that differences in trajectory estimation play only a negligible
role in reconstruction. Qualitative visual surface reconstruction results from each of the three

methods are shown below in Figure

Estimated Camera Trajectory

From SFM Method
From SLAM Method
150 From VO Method

100

Z{mm)

50

0 -l
200
200

Y(mm) -400  -200

X(mm)

Figure 4.4: The camera trajectory estimated using the three algorithms.

Note that in Figure 4.5/ all reconstructed points are merely interpolated; in this visualiza-
tion, high frequency noise and outliers are emphasized through interpolation. The generated
surface does not necessarily reflect either the density or accuracy of generated point clouds.
The generated reconstruction results visualized as point clouds are shown in Figure [4.3] and
give a better indication of point density and general shape of reconstruction as compared to
interpolated results in Figure [£.5] Magenta ground truth point clouds are overlaid to better

depict reconstruction error.
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Figure 4.5: The comparison of ground truth point cloud and point cloud with the three
tested surface reconstructing algorithms. Surface reconstruction is performed using a subset
of the points generated in the point cloud maps and using the interpolation method based
on Voronoi tessellation.

To evaluate 3D reconstruction, the root mean squared error (RMSE) of reconstructed
points clouds from each algorithm was calculated relative to the ground truth point cloud.
Supposing that an algorithm generates reconstructed point cloud P4, it is compared to the
ground truth point cloud Pgr. Then the RMSE is based on the FEuclidean distance between

each point in P4 and the closest point in Pgr, specifically

o| S 1Pa(i) — Porli)

MSE = \| &L 4.1
RMS ¥ (4.1)

where P4 (i) indicates the i*" point in pointcloud P4, Pgr (i) the closest ground truth point to
Py(i), and N = |Py4[, the number of points in P4. Table [4.1] shows the quantitative surgical
scene reconstruction results from the three algorithms.

Table 4.1: Point Cloud Density and Accuracy

N RMSE[mm|
SLAM 1061 13.9759
VO 444 19.0315
SFM 1312 11.2547

N denotes the number of points in the point cloud.
Based on the results N in Table the SFM algorithm was able to generate the most
structure from the dataset, whereas the VO point cloud was the sparsest, and thus inter-

polation results are smoothest, as observed in Figure 4.5, Note that a denser point cloud
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is preferred since it both provides more information and through a simple down-sampling
process can be transformed into a sparse point cloud if needed. Beyond density of recon-
struction, the accuracy of the generated surface is critical to MIS. With regard to the RMSE,
SFM resulted in the most accurate reconstructed surgical scene point cloud. These results
can be visualized in Figure 1.3l With life-critical telerobotic tasks like RMIS, an emphasis

on accuracy of spatial information over quantity is logical and safer.

The algorithms here were implemented on the same machine without hardware optimiza-
tion. Qualitatively, SFM was the least optimal. With future goals of online implementation,
the SFM method’s remarkably prolonged computation time make it an unlikely candidate
moving forward. Although VO and SLAM both appeared promising in terms of runtime,

the SLAM method is preferred with the far denser and more accurate point clouds.

While the SLAM algorithm is encouraging, drawbacks do exist. The SLAM generated
point cloud is dense yet diverged. Auxiliary methods such as additional Kalman filtering
or particle filtering may remove these outlier points over longer periods of time. In general,
when a feature point is repeatably undetectable over a length of time it is removed. This

approach is inspired by promising work presented by Zou et al. [241].

4.2.6  Preliminary Study Contribution

To the best of the authors’ knowledge, this work is the first to: (1) introduce the stereo-
camera video stream of the realisitc phantom surgical cavity dataset with ground truth
captured from high fidelity 3D scanning; (2) implement SLAM, VO and SFM 3D dense re-
construction algorithms on the stereo laparoscopic dataset; and (3) comparatively analyze
and quantify the performance of said approaches. All in all, this preliminary study provides
insight into methods towards real-time surgical scene 3D reconstruction methods for laparo-
scopic robot-assisted MIS procedures, and lays the groundwork for future work in other areas
of medical robotics research, e.g. vision-based force estimation with multiple independently

moving cameras with known camera poses (see section [4.3]).
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4.3 DMethods

4.3.1 Fundamental Concepts

In MIS, it is undesirable to constantly move the camera around while the surgeon is per-
forming the operation. In fact it can be very distracting if the camera motion is frequent.
However, all of the proposed methods require camera motion to get a dense 3D reconstructed
scene. To compensate for this, a worthwhile approach may be to reconstruct the surgical
scene from multiple cameras from different viewpoints. It is shown that the multiple view-
point autostereoscopic display (AD) technology prevents the surgeon from losing the 3D
perception of the scene when a camera is repositioned [211]. By doing this, the cameras can
all stay relatively still but provide multiple view points at every time instance. In fact, this
approach is even more powerful in dynamic scenes which is very common considering the
respiration and heart beat of the patient. This method also does not necessarily require more
incision ports during minimal invasive surgery as the additional cameras can be attached to

the inside of the abdomen and provide multiple views once the abdomen is insufflated.

Such a multi-cam device tailored for minimally invasive surgeries (MIS) has already been
invented [190]. In that design, the cameras were all mounted on one insertable unit and
inserted through a trocar in order to avoid the need to create multiple incision entries. The

drawback is that the relative positions of the cameras are fixed.

However, with recent technical advances in magnetic fields, magnetic cameras [236] [142]
which can be inserted into the abdominal cavity and controlled by external magnets on
the outside of the abdominal wall are developed. Also, the magnetic camera steering can
be achieved with high precision with wireless control and thus, single-incision laparoscopic
surgery (SILS) can be demonstrated [212]. Moreover, [59] shows a magnetic levitation camera
(MLC) design which can reduce the invasiveness to the patients and improve the camera
motion dexterity. Potentially, this will allow multiple independently moving cameras that

simultaneously record the surgical cavity from different viewpoints.
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With this idea in mind, and a conclusion drawn from the preliminary study that SLAM
is the 3D reconstruction algorithm most feasible to real-time applications compared with
VO and SFM. A novel surgical scene 3D reconstruction framework using multiple indepen-
dently moving camera with known poses has been developed based on the existing COSLAM
algorithm [241]. There are four key points where our implementation differs from COSLAM:

e In COSLAM, the camera poses are assumed to be unknown, however, in our imple-
mentation, both the surgical tool is held by a robot arm and the cameras’ position and
orientation are tracked. So, the pose of the cameras is a known parameter instead of
the algorithm output. Theoretically, with additional known information we have, the

precision of the 3D reconstructed scene could be improved.

e In the COSLAM algorithm, the image feature points from different cameras are matched.
The feature points are then classified into static and dynamic (moving) points depend-
ing on the relative locations of the matched feature points across different camera
viewpoints. The dynamic points are being referred to a moving object or noise, and
that only the static feature points contribute to 3D reconstruction of the scene. In our
implementation, not all the objects are rigid, so a third class of feature points - the

deformed points - should be created.

e The COSLAM algorithm is tested on a larger scaled environment, such as a room,
whereas our implementation will be targeted toward a scene of a surgical cavity whose

size is much smaller.

e The camera motion in the original COSLAM as well as other SLAM algorithms tend to
be close to a linear trajectory, but in our implementation, the cameras are all moving
roughly around an orbit centered at the surgical cavity. So, the camera motion patterns
are different, which may or may not affect the performance. So, I intend to look into

this problem and do some further investigations.

e The compilation of the COSLAM algorithm is not trivial due to its dependencies
on many 3rd party libraries and version restrictions. So my aim is to minimize the

dependencies one will need to compile my implementation of the algorithm.



65

As with in [241], feature matching in our proposed surgical scene 3D reconstruction frame-
work is conducted across both time and space. Camera matching across time, or intracamera
matching, matches feature points among images from the same camera at different time in-
stances. Camera matching across space, intercamera matching, matches feature points from
concurrent images from different cameras. In this method, cameras are grouped together
if fields of view (FOVs) overlap by a predefined threshold. Cameras can exist in multiple
groups, and features are matched only between cameras within the same camera group. This
is conveyed in Figure [£.6] This example features seven cameras classified into two camera
groups. Each cameras undergoes intracamera matching, but only cameras within the same

group undergo itercamera matching.

e 7 e K . L A S <P MO S AL A0 R AP A P R Ry

e o vt e e e e VRS R TR —

-
E cameral camera2 camera3 g { camerad camera5 camerab camera7 {

1 ] ]
; i i
£ P | | i
£ i1 ;
| - 3
e e O —
camera group 1 camera group 2 time

Figure 4.6: Camera grouping and intra/inter camera matching.

While there are many image pairs that can be selected, not all camera pair selections will
produce good matching results. This work proposes a carefully designed strategy for image

pair selection to increase time efficiency and reduce outliers.

4.3.2  Qverall Workflow

Since acquired camera images are assumed 2D, 3D reconstruction requires at least two images
for comparison and triangulation. These two images can be selected either from the same
camera at subsequent time instances or concurrently from two different cameras. In this work,
a basic assumption that some 3D points may be generated from an exhaustive search of all
possible image pairs. The static environment case is straightforward. With ideal camera

calibrations, computational cost is not a constraint, and with ideal camera triangulation
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error in reconstruction arises only from feature matching. Finally, assuming a Gaussian
model for outlier noises, an average 3D pointcloud of the scene can be generated. However,
practical challenges for MIS exist. Time efficiency is a requirement for online applications, so
determining the minimum number of image pairs to derive a 3D model is critical. Moreover,
in dynamic environments, image pairs from different time instances may be erroneous. The
reliability of the generated 3D information needs to be prioritized in this online, dynamic
scenario. Figure [4.7] illustrates the four sub-tasks within the overall proposed approach,

detailed in the following subsections.

4.3.8  VOI Coverage Check

Only cameras with views of the VOI should

F compute VOIscore
\ cam

be considered for grouping and subsequent \ i

. . . “‘\x \ cam; <=
reconstruction.  Some basic assumptions \ -

| schemel: CGscore
: VOIscore
about the cameras allow for a geometric ap- ey - scheme2: CGuon:
|

proach to the problem.

- Y P B

“— % W

bl MST generation ‘ I\ g

Suppose each camera has a rectilinear

lens with perspective center at the center

of its entrance pupil [98]. A pinhole model Figure 4.7: The workflow for camera grouping
and pair sequencing in multiple camera 3D re-

then applies, as illustrated in Figure construction of dynamic surgical cavities.

The camera angle of view (AOV), used in-
terchangeably with FOV [60], describes the angular extent of a given scene that is imaged.

The directional components of horizontal, vertical, and diagonal AOV satisfy the relation:

tan (%) =3 'iSQ (4.2)

where ¢ can take on the designations of h, v, d, the horizontal, vertical or diagonal specification

of the image. S5 is the distance from camera center to image plane.
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The following are necessary and sufficient conditions for a 3D point, p, to appear within

the AOV. The 3D point:
e remains within the horizontal AOV (w), < ay,).
e remains within the vertical AOV (w, < ay).

e is the closest point to the camera along the ray cast from camera center to the point.

With these assumptions, a VOI cover-
age check for each camera ensures that all
grouped cameras sufficiently view the VOL.
Cameras that fail the check will not be taken

into consideration until relocated. First the

predefined VOI is discretized into a set of . ) )
Figure 4.8: The horizontal, vertical and di-

3D points. The 3D points can be distributed agonal AOVs shown in red, green and blue re-
spectively. S is the object distance from cam-
era, S, the distance from camera lens to image
bution to emphasize particular regions of the plane and F is the camera focus. Sy = F is
required for sharp projection of P;.

uniformly in space, or in a weighted distri-

VOI such as the tool-tissue contact point.

Each camera is then scored for VOI coverage, denoted VOl First, let Z, f, k represent
unit vectors in the camera cartesian frame. Let P be the set of all sampled points of the

VOI. Iterating through each point P, € P, compute the normalized projections onto ¢, j

P,-j |P

sin(w,) = Fdl_ [Fwl (4.3)
1Bl [Pl
P,-i |Pg

sinwy) = Ho il Ful (4.4)
1Bl 15

If the point is within the AOV, coverage is increased. In other words, if (sin(wh) < sin (%))

Qo

5 )), then increment

and (sin(w,) < sin (

1
VOIscore - VOIscore + — (1 - VOIscore)
qg+1



where P, = (P, Py, P,.) is the ¢ inter-
ated point in P, represented in camera frame
C with positive depth P,,. Further, w;, and
w, are the horizontal and vertical angles be-
tween k and the ray cast from camera center
to P,. Each camera’s VOl represents the
VOI coverage and is valued between 0 and
1, 1 representing full coverage. Figure
depicts several VOl values for different
configurations, i.e. various geometries and
sample point distributions for the VOI. A

simple predetermined VOI...e threshold in-

68

cameral camera2

camera6 camera7 camera8 camera9 cameral0

Figure 4.9: This is a set of 10 images from dif-
ferent camera viewpoints and the visualization
of the camera poses.

forms a binary classification distinguishing eligible cameras with enough visibility of VOI

from cameras that do not view critical features of interest. As an example, consider a set of

ten cameras within a surgical cavity. These cameras provide various viewpoints within the

cavity, and their camera poses are known apriori. This scenario is depicted in Figure [4.9

VOl score: 0.12318 VOI score: 0.36607 VOI score: 0.68207

400

200

X (mm) ¥ (mm)

Y (mm)

Figure 4.10: The VOl values for three different VOI sample point distributions. Sample
points from left to right: (1) uniformly distributed in a cube (2) uniformly distributed in the
spherical coordinate system (azimuth, elevation, radii), points appear denser near the center
in Cartesian space; (3) distributed along a cone shape similar to the tool range of motion
under the Remote Center of Motion (RCM) constraint.



The VOlge can then be calcu-
lated for each camera given a known
workspace geometry and VOI sam-
pling distribution. For this, a cubic
workspace and uniform sampling is cho-

sen, and VOl values are determined

as shown in Figure

4.8.4  Camera Grouping
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VOI score: 0.76634 VOl score: 0.51841 VOl score: 0.64763 VOl score: 0.66266 VOI score: 0.49962
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Figure 4.11: VOl values for all 10 cameras from
Figure[4.9] VOI defined as a cubic workspace span-
ning X,Y = [—150,150] and Z = [0, 150] and with

uniform sampling.

Of the cameras with sufficient VOIg.e, camera groupings for optimal feature matching must

be formed. This is achieved through a graph-based approach and another metric, CGgeope. A

fully connected graph is constructed with each vertex a camera and each edge weighted by a

CGgeore- Edges with weights greater than a CGgope threshold are broken. Subsequently, initial

non-overlapping camera groups are formed as the remaining isolated sub-graphs. These are

divided into mutually overlapping camera groups by dividing into the largest complete sub-

graphs. A critical component of this procedure is the calculation of CGg.ore. Two proposed

methods for described, based on (1) pose difference and (2) view overlap.
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Figure 4.12: (a) CGgeore1 Of each camera pair (b) and (c) are the non-overlapping and over-

lapping camera grouping result.
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CGgcore1 (Pose Difference): This score simply compares the relative configuration
between two cameras. Let fij denote the translation between camera ¢ coordinate frame and

camera j. Also, suppose I?;; is the relative rotation between cameras 7 and j. Then define

tI'(Rij) —1

CGscorel(ihj) = ‘ |t:J ‘ |2 + COS?I 2

which ranges from 0 to oco; smaller values of CGg.ore1 indicate more similar camera viewpoints.

Camera groups using CGgeore1 for the scenario in Figure are shown in Figure 4.12]

CGgcore2 (View Overlap): This grouping scheme inherits the previously computed
VOlcore value utilizes the Sgrensen-Dice index [113]. Again, let P denote the set of sampled
VOI points. For arbitrary camera i, let Cam; be the the subset of P viewable by camera ¢,

as determined by (4.3)) and (4.4). The quantifiable metric CGgeore is then defined as:

_ 2[Cam; N Cam|
|Camy;| + |Cam;|

CGscoreQ (Zv j) =

where |.| denotes cardinality. CGgeorez Tanges from 0 to 1; smaller values of CGgeopeo indicate
more similar camera viewpoints. Camera groups using CGgeore2 for the scenario depicted in
Figure 4.9 are derived and subsequently depicted in Figure [4.13]
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Figure 4.13: (a) CGgeorez Of each camera pair (b) and (c) are the non-overlapping and over-
lapping camera grouping result.
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4.3.5  Threshold Derivation

The camera grouping threshold is determined by Algorithm 4| for graph G [94]. r calculated

in step 8 is the ratio between the mean intra-cluster and inter-cluster edge weight.

In Figure {L.12}(b), four camera Algorithm 4 Threshog(G)

groups are generated with a thresh- 1. set s as threhold increment step size

old of 280, separating camera pairs 2: set 7Tpey = 00

with large CGgeorer- In this case, 3: set e, = least edge weight in G
each camera belongs to exactly one 4: set th. = greatest edge weight in G
camera group. Figure [l.12}(c) il-  5: set thpes = the

lustrates overlapping camera groups 6: while th, > e, do

where a camera can exist in mul- 7 remove edges with weight > th,.

tiple camera groups simultaneously, 8: calculate weight ratio for remaining graph, r
which is achieved by mandating a 9 if (1 < rpest) then

complete graph. A threshold of 0.3 10: Thest = T

for CGgeorez results in the camera 11: thyest = the

groups depicted in Figure 4.13| The 12 end if
viewpoint overlaps for the scenario 13 the = thpest — S
depicted in Figure [4.9) using the two 14: end while

proposed CGgeore algorithms can be 15: return thpes

visualized graphically, as illustrated

in Figure [4.14

4.8.6  Feature Matching Pair Generation

After camera groups are formed, optimal camera pairs for triangulation with groups must

be determined; using all pairs can be redundant. To facilitate this, a minimum spanning
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tree (MST) approach is utilized. Two popular methods exist to find the MST: Kruskal’s
algorithm and Prim’s algorithm [99]. The MST results are distinguished by thicker edges
in Figure and Figure [4.3.4] Table [4.2] shows the average run time for both algorithms

using the various graphs and CGgeore values.

Each MST algorithm will be briefly ex-
plained given N € N cameras, and two undi-
rected graphs Gi(V, Ey),Go(V, Ey) where

vertices V is the set of N cameras and

@ %

the edges FEi, E, are defined by the two
Figure 4.14: View overlap using procedures

camera group scores, CGgeore1 and CGgeore- detailed in B34 and B34 On the left
Specifically, By = {CGqeore1 (i, §)} and Ey = is —CGgeore1(%,j) and on the right is the

o o —CGgeore2(?, j) scores. The x and y axes are
{CGacorez (i, j)} for 4,j € {1,2,...,N}. Sec- camera indices. Warmer colors indicate more

tion detailed decomposing Gy and G, View overlap.

into sub-graphs via heuristically tuned CGgcore thresholds. The following subsections describe

MST derivation for sub-graph g(v, e) using Kruskal’s and Prim’s algorithms.

Graph Runtime [ms|
Figure Overlap CGgcore Kruskal’s  Prim’s
Figure |4.12t(a) - CGecorel 4.7123 4.0939
Figure |4.12t(b) no CGagcorel 5.0104 5.4402
Figure 4.12t(c) yes CGecorel 5.3571 5.9124
Figure L.13((a) - CCaeorer | 3.9528 3.2108
Figure |4.13t(b) no CGgeore2 3.8232 3.4516
Figure 4.13t(c) yes CGacore2 4.0016 4.6392

Table 4.2: Mean run time for camera feature matching pair generation using different MST
algorithms and weighting functions over ten trials. Blue denotes the better performing MST
algorithm for the given test condition. Note: ZNCC and ORB are adopted respectively for
feature matching and feature points extraction.

MST via Kruskal’s: In Kruskal’s algorithm, the MST structure begins by selecting

the edge with minimum weight, as determined by CGgcore. The remaining edges are added
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one-by-one to the MST structure based on edge weight, so long as their addition does not

create a closed loop in the MST. Once all nodes are included, the MST is complete.

MST via Prim’s: In Prim’s algorithm, the MST begins by arbitrarily selecting a vertex
of the sub-graph, and is removed from the set of remaining vertices. From the remaining
vertices, the vertex connected to any element in the MST with least edge weight, as deter-
mined by CGgeore 18 added to the MST and removed from the pool of remaining vertices.

The process continues until all vertices are added, at which point the MST is complete.

4.3.7  Pair Sequencing in Time and Space

The 3D model of the surgical cavity is obtained by merging point clouds derived from tri-
angulating matched feature points from every generated image pairs, including both intra-
and intercamera pairs. The intercamera pairs are pairs of connected vertices in the MST.
However, the accuracy of the final 3D model is affected by the merging sequence. Severla
considerations are made in determining both intra- and intercamera pair sequencing. The

methods used in this work are described in the following subsections.

Intercamera Pair Matching: (1) Sub-Graph Point Cloud Generation: At this point each
camera group is represented by the MST of some sub-graph g. Select arbitrarily s, a leaf
vertex in ¢g. An initial point cloud is generated from s and an adjacent vertex. Subsequent
point clouds are merged by traversing the remainder of the MST via a depth first search
approach. Each merge step contributes to a cumulative point cloud, PCy; where 7 denotes the
merge iteration. A final point cloud is generated for sub-graph g, denoted PCy. To ensure
tolerance of map point position uncertainties, a Gaussian feature detection error N (0, 0?1) is
imposed for every merged point. (2) Reprojection Error Check: Prior to each merge step i in
sub-graph point cloud generation, PCy;_; is reprojected to each image frame in g. Only the
points whose maximum reprojection error REP,,,, which is simply the Mahalanobis distance

between reprojected point and nearest feature point within each camera frame [138].
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Intracamera Pair Matching: Intracamera matching classifies dynamic vs static areas
of PC,. For each camera vertex within sub-graph g, REP,,, of points in PC is calculated
and compared between the current and previous camera frame (in this work, a framerate
of 60 Hz is utilized). If the difference in reprojection error is greater than a predefined

threshold, the point is labeled as non-static.

Fused Camera Group Result: The generated point clouds from each camera group
are combined to form an aggregate surgical cavity 3D model. Because camera groups were
formed based on workspace visibility, limited overlap will occur between camera group point
clouds. Where overlap does occur, uncertainty correction as described for sub-graph point

cloud generation is employed.

4.4 Experiments

4.4.1 Data Collection

Data were collected from ten tracked, arbitrarily moving cameras viewing a phantom surgical
scene for three minutes. The frame rate for all cameras was 60 Hz. To obtain the ground
truth 3D model of the surgical cavity, the Space Spider White Light Scanner was used (Figure
. The 3D resolution of the scanner is 0.1 mm with point accuracy at the 0.05 mm scale.

b) the original surgical scene

a) the Space Spider 3D Scanner

Figure 4.15: a) Space Spider 3D Scanner to generate ground truth 3D model of surgical
scene. b) Surgical scene pre and post tissue paper treatment.
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The Space Spider is not robust to foam and other elastic plastic materials. Therefore,
the original phantom tissue surface was ill-perceived by the scanner. To solve this problem,
a thin layer of semi-damped tissue paper covered the tissue surface (Figure b). This in
effect makes the surface material amenable to 3D scanner detection. Furthermore, damping
the thin tissue paper ensured consistent and smooth adhering, resulting in negligible topology
changes, and the transparent nature of damp tissue paper helped preserve the color profile
of the phantom. A total of 11 scans were required to completely record the geometry of the
surgical scene, with each scan containing approximately 700 image frames. Post processing

was performed in Artec Studio to generate the 3D ground truth model shown in Figure [4.16]

Figure 4.16: The ground truth 3D model of the surgical scene.

After scanning, a few post processing steps are required to construct the 3D model as a
whole from multiple scans (Figure [4.17)). These include alignment, global registration, noise

elimination, fusion, mesh simplification and texture building.

betore alignment fusion and fill holes

the final 30 model

overlay all the aligned scans (n'd add color/texture back)

multiple scanned results

Figure 4.17: Post processing of the ground truth 3D model.
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4.4.2  FExperimental Setup

A total of six test cases of interest were generated to evaluate different grouping parameters.
First, selection of camera grouping method could be classified into four grouping methods:
exhaustive pair grouping, nearest pair grouping, CGgeore1, OF CGgeorez. The latter two meth-
ods are divided further into group overlap or no group overlap, as determined via CGgeore
threshold described in Section — if cameras are allowed to exist in multiple camera
groups, overlap is present.

Each experimental condition was evaluated against three metrics of interest, which reflect
the density of reconstruction, reconstruction error, and algorithm efficiency respectively:

1. total number of points generated in the 3D surface reconstruction

2. RMSE from ground truth

3. number of camera pairs evaluated

4.5 Results and Discussion

Fig. depicts the final surgical cavity 3D reconstruction results from each test condition,

and the evaluated metrics are shown in Table (4.3

Test Pairing Overlap | N RMSE [mm| Pairs

A every pair - 8988 4.2773 45
B | nearest pair - 1382 2.4424 9
C oG N 6457 1.7359 6
D scorel Y 7349 1.6867 6
E aa N 7056 1.5529 8
F score2 Y 8678 1.2887 11

Table 4.3: Experimental results showing for each test condition: N - number of points
generated, RMSE - error from ground truth point cloud, Pairs - number of camera pairs
evaluated. The time efficiency is roughly proportional to the number of triangulated camera
pairs. Note: there are N= 16870 points in the ground truth point cloud.
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Figure 4.18: 3D reconstruction results using different camera groupings schemes.

Consider the following observations:

e Test A: Exhaustive camera pairing results in a dense, noisy point cloud. Since no
grouping was performed, reprojection error conditioning as described in Section
is unfeasible, resulting in large N.

e Test B: Cameras are paired with nearest neighbor, resulting in one single camera
group. The resultant point cloud is of higher precision but sparser.

e Test C-F: The proposed camera grouping methods resulted in denser, less noisy and
more efficient point clouds than Test A. Tests D and F allow camera group overlap
which leads to higher point cloud density and accuracy, yet may cost computational
time.

e Test C,D: CGgeorer is faster to compute and is robust to workspace size. In contrast,
CGseorea €xhibits runtime proportional to workspace size and sample density (as shown
in Fig, , and is less suitable in larger of time-varying/dynamic workspaces. In this
particular experiment, the number of camera pairs does not change between Test C
and Test D. Difference in camera groupings result in variation in N and RMSE.

e Test E,F: View overlap results in more matched feature points, and thus CGgeores fits
the problem objective well. In this condition, camera group overlap has a greater effect

on all three metrics as compared with CGgeorer.
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Chapter 5

TISSUE DEFORMATION ANALYSIS AND FORCE
ESTIMATION

Deformable objects and surfaces are ubiquitous in the daily lives of humans — from the
garments in fashion to soft tissues within the body. Because of this routine interaction with
soft materials, humans are adept and trained in manipulation of deformable objects while
avoiding irreversible damage. The dexterity and care involved is largely facilitated through a
combination of the human haptic sense of touch and visual observations of object deformation
[235]. While this scenario presents itself as a trivially intuitive task, it becomes significantly
more difficult and complex with the deprivation of both 3D depth perception and haptic
senses. This deprived state is not dissimilar to the scenarios encountered in many robot-
assisted minimally invasive surgeries, which can lead to unintentional tissue damage [40].
One approach to remediate these issues combines real-time dynamic 3D reconstruction and
vision-based force estimation for haptic feedback. In Chapter [, a novel approach of camera
grouping and pair sequencing [205] framework is introduces. Continuing the endeavors in
multicamera 3D reconstruction of dynamic surgical cavities, this work introduces a method
for non-rigid, sparse point cloud registration and subsequent point classification into three
categories: static, shifting and deforming [203|. Afterward, contact force can be obtained

from tissue deformation level by looking up a medical datasheet for a specific tissue type.

Further studies in section seek: (1) an optimal camera pose adjustment algorithm in
the multicamera system such that fewer cameras are needed [206]; and (2) a cyber security
perspective toward vision derived force feedback [208]. The topics addressed here present
open challenges and ongoing research directions for researchers to this day [123], and provide

a step towards real-time 3D reconstruction and force feedback in robot-assisted surgery.
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5.1 Background

5.1.1 Related Work

Non-rigid Registration: Registering multiple frames of medical imaging is necessary
to stitch together volumes or scenes of the region of interest in real-time. Real-time, rigid
methods for ultrasound have been proven in clinical validation studies and are adequate only
with very slight deformations [184]. However, these methods are often inappropriate for the
soft tissues encountered in MIS applications. Non-rigid registration of dynamic point clouds

is a field of research on its own.

Oftentimes non-rigid registration is formulated as an energy functional containing both
data and regularization terms. Regularization terms help to preserve smoothness, affording
the optimization procedure robustness to noise and outliers. Wand et al. and Li et al.
created deformation fields to fit data during optimization for non-rigid registration |116}221].
In another approach, Stifimuth et al. introduced an as-rigid-as-possible energy function to
promote smoothness [198]. A high-order graph matching technique with implicit embedding
energy was used for registration with high deformation by Zeng et al. [239]. Guo et al.
demonstrated that using [y regularization in non-rigid registration can improve robustness

and accuracy [80]. Methods for sparse non-rigid surface data are elaborated in [86},234]

The quadratic data terms used in [80,[116,234] implicitly assume positional errors with
Gaussian distributions. Soft tissue deformation resulting from natural breathing or heartbeat
are large, piece-wise smooth signals residing on 3D surfaces. On the other hand, indenta-
tions due to tool-tissue interactions usually result in larger positional errors close to the
incision point, with smaller errors for the remaining surfaces. Therefore, this indicates that
the positional errors are sparse, and are thus better suited for and modeled by a heavy-tailed
distribution instead of a Gaussian one. Such a model was incorporated in the registration
method presented in [117], for which surfaces were assumed piece-wise smooth, and substan-

tial changes in transformations could occur only in relatively local areas.
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Deformable Shape Correspondence: Deformation tracking can provide crucial in-
formation for force estimation.One approach is to match feature points between two frames
of the same deformable object, and estimate a correspondence between those frames; reg-
istration, alignment, and matching are special cases of the shape correspondence problem.
The complexity of determining correspondence relies on context: partial vs full, dense vs
sparse, semantic vs geometry, local vs global etc. [213]. Methods exist for various shape
representations. Given implicit surfaces, conformal mappings using diffeomorphisms can be

used to produce a space-of-shapes or geodesics, which morph between two shapes [189).

Mesh representations of a surface are amenable to topological approaches for deformable
tracking. Given a mesh shape model and a few anchor vertices, a mean-value encoding
approach can be used to evaluate shape-preserving and rotation invariant deformations [106].
In another method, a robust mesh correspondence search was achieved via a combinatorial
tree traversal that weighted heavily self-distortion energy [240]. Large deformations can be
tracked so long as the deformed surface is near-isometric to the original genus zero surface.
By first flattening meshes using a mid-edge flattening technique and conformal mapping,
Lipman et al. developed a Mobius voting technique that could automatically determine
dozens of correspondences between genus zero surfaces under large deformations |[126]. A
similar Mobius approach was used to ascertain intrinsically symmetric point correspondences
in [103]. Other approaches involve first segmenting shapes into semantic parts, followed
by registrations between near-isometric shapes within these classes. This was achieved by

employing eigenfunctions of the Laplace-Beltrami operator [174].

Schulman et al. developed an algorithm for tracking deformable objects in real-time
from sequences of point clouds. The approach utilized a physics engine and a probabilistic
generative expectation maximization algorithm to determine point cloud and mesh model
correspondences. The solution was robust to occlusion, yet would not recover well from
a divergent estimate [185]. Point clouds are also amenable to skeletal approaches. Given

even sparse point clouds, curve skeletons can be extracted via an iterative method assuming
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shapes are generally cylindrical . By modeling the evolution of competing fronts within
an object’s volumetric shape, curve skeletons can also be analyzed for both sparse point
clouds and meshes . While many of these approaches result in accurate and repeatable
shape correspondences, most rely on either a priori assumptions of the object’s shape or the
presence of numerous distinct features (geometric, color), assets not necessarily available in

surgical settings. Furthermore, only a few of these approaches work in real-time.

Dynamic Point Classification: To estimate interaction force based on tissue deforma-
tion, the dynamic changes in the surgical cavity surface must be tracked. Locally deforming
surfaces should be distinguished from static or merely shifting regions. In [241], re-projection
error values of mapped 3D point cloud data between inter and intra camera groups provide
indications for distinguishing the dynamic or static nature of the observed geometries. In
robot-assisted MIS, it is challenging to isolate and segment the moving surgical tool tip points
from nearby deforming tissue points. This is exacerbated by the fact that tissue features and
colors are often reflected off the metallic tool surface [123]. To overcome this, this work incor-
porates robot kinematic information with the constrained optimized non-rigid registration

results, thus more selectively distinguishing deforming points from merely shifting ones.

point classification result

from iteration (t:

template point cloud &

from iteration (t-Nr)
&

shifting § deforming

%

dynamic

robot pose

tool point

o extraction | . target B ) )
template point cloud A repro_Jectlon e point cloud non-rigid registration
from iteration (t-Nr) inti alcrllrlgras'nl'e s from iteration (t) registered target point cloud
T intr: ra inlier:

from iteration (t)

triangulation

reprojection - ‘ reprojection| stereo matching tria!ngulation
heck i *  inliers
cnee - - - OUtIIers inter camera inliers
.

intra camera outliers

camera - triangulation registered
poses fmmd New set of images gisposed = outliers target point cloud
from iteration (t) false points inter camera outliers

Figure 5.1: The flowchart for (a) non-rigid registration and (b) point classification. Grey
boxes demarcate the two main results of the algorithm.
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5.1.2 Contribution

In my previous work [205], a graph-based pairwise camera sequencing method for real-time
multicamera 3D reconstruction of dynamic surgical cavities is proposed. Towards realiza-
tion of simultaneous 3D reconstruction and interaction force estimation, the work here ex-
tends those previous findings to non-rigid point cloud registration over time and subsequent
classification of locally static, shifting, or deforming surfaces [203]. This work utilizes a

robot-assisted MIS scenario for which multiple endoscopes are present in the surgical cavity.

This paper presents a constrained optimization framework for 3D information processing

from multiple viewpoints in a dynamic surgical environment such that:

e point clouds from successive time frames are optimally registered while simultaneously
ensuring shape and smoothness of the resultant 3D model as well as maintaining the

dynamic nature of the surgical scenes;

e points are classified into - static or dynamic. Dynamic points are further classified as

either deforming or shifting, depending on the relative motion of neighboring points.

5.2 Methods

Since both position and color of surface points are useful indicators for feature registration,

surface points in this work are stored in six dimensional color point clouds, i.e. p € R® where

o
P=1\
’p
and “p € R3 stores the RGB color values and P € R? the Cartesian position vector of point
p. In addition to this, each point position Pp is augmented to form homogenous coordinate,
hp = (°p 1)T. Given this point cloud representation, the flowchart shown in Figur
conveys the overall workflow described in this work, the details of which are described in the

following sections.



5.2.1 Template Point Cloud

The template point cloud, denoted P,
contains ordered points collected dur-
ing the first time instance. In particu-
lar, P is generated accumulatively from
multiple view points within the surgi-
cal cavity. The process for building the
template 3D model from multiple 2D

images involves inter-camera matching,

pair sequencing, and triangulation — de-
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Figure 5.2: Extracted feature points from multiple
2D images captured with 6 cameras from different
viewpoints are combined to form P.

tails of which are found in the authors’ prior work [205]. A sample of a template point cloud

from various viewpoints is shown in Figure 5.2} All points are treated as static at time 0.

5.2.2  Target Point Cloud

For each time step after the ini-
tial template point cloud is formed,
a new set of images are acquired
from all cameras. Visible 3D points
in the template point cloud are
then reprojected to the new set of
images based on current camera
poses to determine which regions
are viewable at the current time in-
stance. Viewable points which are

correctly shown in the separate 2D

new set of images:
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tool @
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extraction

i T e
kT
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(dynamic points)
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outlie
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Figure 5.3: The generation of target point cloud G.

images will be updated. Then, the union of all non-viewable 3D template points and the

updated regions form the target point cloud, G, for that time instance.
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Figure |5.3| conveys the process by which the target point cloud is generated. Observe
that any feature points within the 2D images which are not yet associated with a 3D point

are triangulated, and thereby associated with a new 3D point in the target point cloud, G.

5.2.3 Surgical Tool Segmentation and Removal

Robot kinematic pose information is tracked by the Raven-II system [17]. Given this pose,
accurate 3D models of the robot, and camera poses, a 2D mask of the tool shaft can be
generated and projected onto each camera image. This in effect eliminates any tool points,
both in the 2D images and in the generated 3D point cloud [91,204]. As a result, both
template and target point clouds P, G, consist only of points representing the topology of

the soft tissue within the surgical cavity.

>

template points (pi)

T | Ty : A Ty Tisry i
» ; Tr:\) Toa » To i » s
: vy Tisn - e Tosar /\
Yiy oy
target points (gri) : argmin Eo argmin Eo+Es argrﬁin Ep+Es+Eo
| T
b 0? - . . .

07 o » non-rigid registration result (light green)

4 4 o 0ap 0 . R X
®o0 overlaid with template points (dark green)

Figure 5.4: Illustration of the three terms in the energy function - Eguia, Esmin, Eorth-

5.2.4  Energy Function

Suppose that |[P| = Np and |G| = Ng. Furthermore, denote the set of the first w natural
numbers, {1,2,...,w}, as N/, With an appropriate energy function defined, the goal is to
determine correspondences between each point p € P to points § € G in an energy optimal
fashion. More explicitly, a correspondence map F : NIVl — NIVl is sought such that Vi € Np
the point p; corresponds to gr(;) while minimizing energy. This energy optimization relies

on homogenous transformations 7; that transform points p; € P to g; € G.
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More succinctly F(i) : NIV — NINel can be formulated as

T, - "p; PF.
F(i) = argmin Poy (5.1)
JENg Cﬁ; Cg’j )
and define matrices
Ty
1 0 00
4Npx3 T, . .
TeR"™ T= . , where initially T, = |0 1 0 0],V
' 0010
Ty,
"pi
P e RV P —
Hﬁ]TV]P
Npx3 T
GeR™, G= (pgf(l) Pire) - pg]:(N]p))

The point correspondence map F and transformations T are iteratively updated to min-

imize the energy function:

E = ED + aES + BEO (52)

where «, [ are real valued weighting scalars and

Ep = |diag(kp) (PT — G)||, (5.3)
Es — )onag(k?s)BTH1 (5.4)
Eo = |ST —koll (5.5)

with the three energy components Ep, Fg, Eo detailed in the following sections and illus-

trated in Figure
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Data Term FEp:

The data component ensures each transformed template point, 7;"p;, is close to the

corresponding target point ?gr(; in the 1-norm sense. Expressed point-by-point,

Np

Ep = > kp,

i=1

T = gre)|,
where kp € R contains real value weights which are determined by

- —1
o = (7857510, + ) 5

Note that here T@ indicates the previous iteration value of T;. e¢p = 0.001 is set to a small

positive value to prevent division by zero.

Smoothness Term Fj:

The smoothness component achieves piece-wise smoothness of the 3D surface by ensuring
neighboring points in P share similar transformations. In order to do this, the notion of
“neighboring” points in P must be defined. To that end, let the distance between two
arbitrary points in P be the Cartesian Euclidean sense. That is, the distance between two
points py,p, € P is simply |[?p;, — PPy||2. Then neighboring points for point p; € P are
determined by a neighborhood mapping B : NIV x N — NIVl where B(i, ) returns the
index, k, of the j*® nearest point pp € (P — p;) to point p;. For example, B(1,2) would
return the index of the 2°¢ nearest neighbor to p;. In this work, a search of Nz = 6 nearest

neighbors is used for smoothing. Now define smoothing matrix

NpNpx4N;j
B e RVpNexaNe B —
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where submatrices b, € RNBX4Ne gre defined as

h =T h =T
Py - — Dy
~— ——
gth B(g,1)th
b, =
h =T h =T
Py o —"Dy
——
qth B(CI,NB)“‘

Then Eg should regulate transformed neighboring points as
N Ng
Es = Y ks(i.) (T = Tsup) "Bill,

i=1 j=1

where kg € RM*V5 contains real-valued weights determined by

ks(i,j) = {H (Tz - TB(i,j)) " i , + 65}_1 (5.7)

Here e = 0.001 prevents division by zero. The vector form of kg is produced by concate-

nating successive rows of kg and is denoted ks as in Equation (|5.4)).

Orthogonal Term FEj:

The orthogonal component ensures preservation of the local surface by enforcing that the
orientation portion of each Tj, call it R;, is close to a proper rotation matrix, i.e. orthogonal
with determinant of 1. Since R; is not necessarily a proper rotation, a proper rotation matrix

R; that is nearest of R; is sought via singular value decomposition

UsVvii = R
R; = sgn (det (UiV;T))UiViT

Now define a row-selection matrix, S € R3V*4N¢ and collect the R, into ko € R3V*3 such
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that

R R
ST=| : , ko= (5.8)
RN]p RNP

Then Ep should regulate deviation from proper rotation as
Np
2
Eo = Y |Ri—Rilz
i=0
2
= ||ST - kOHF

as in Equation , and where ||| indicates the Frobenius norm. This term takes effect

when portions of the target point cloud are significantly distorted from the template.

5.2.5  Optimization

Recall from Equation [5.2] that the goal is to iteratively update transformations T to minimize

energy, in other words to solve for
argmin : Ep + aFs + SEp
T

where «a, f are real values. In this work, o = 0.5 and = 0.3. The minimization is readily
achievable if the formulation is constrained. To that end, a method of Lagrange multipliers

is proposed. First define

@1 = diag(kp) (PT — G)
Q, = diag(ks)BT

and recall relations between @)1,Q2 and Ep, Eg, as shown in Equations . Now

introduce undetermined Lagrangian multipliers A, Ay, and positive real valued parameters
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141, fio. Then denote the following Lagranian terms

Ly = (A1, Q) — diag(kp) (PT - G))
Ly = <A2,Q2—diag(k;)BT>
Lo = Qi — ding(kp) (PT - G)

Li = Z2)|Q: — diag(ks)BT}

where (-) is the inner product of argument matrices in vector form. Now define an augmented
Lagrangian [75] L, as
L,=FE+L,+Ly+ L.+ Lq

Lagrangian multipliers Aj, Ay and parameters puq, ps are updated iteratively by

Wi = pifl; where 1 = 1,2 (5.9)
At = A+ fin (Q1 — diag(kp) (PT — G))
Ay = Aot fis (Q2 - diag(k;})BT) (5.10)

where * variables are from the previous iteration. The alternate direction method of
multipliers (ADMM) |21] is then used to iteratively update T, @1, Q2. First define shrinking

operation S : R™*"™ x R — R™*" whereby X=25 (X, 7) is determined element-wise as

~

X(4,7) = sgn (X(i, 7)) max(|X(i, j)| — 7,0)
Now consider difference matrices

D, = diag(kp)(PT — G) — Qqji;*

D, = diag(ks)BT — Qojiy’
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where again - variables are from the previous iteration. @); is then updated for i = 1,2 as

Q; = argninL, =5 (D;, ;") (5.11)
Qi

Since T is quadratic, its iterative minimization is solved with a first-order optimization

condition:

(11 M(diag(kp)P) + o (ding k) B) + 26H(S) ) T =

PTdiag(kp)” (A1 + 111 Q1 + pundiag(kp)G)+

B diag(ks (As + 112Q) + ST(28k0) (5.12)

where H(X) = X”X. The above detailed operations in concert form the ADMM constrained

optimization, summarized below in Algorithm

5.2.6  Point Classification

Only deformed surfaces are indicative of
tool-applied force.  From section [5.2.2
points in G inherited directly from P have
minimal reprojection errors, and are thus
static. The remaining data must be classi-
fied as either deforming or merely shifting.
The approach relies on assumptions that
shifting points either (1) exhibit near identi-
cal transformations as Np nearest neighbors
or (2) exhibit near identical transformations
as a subset of neighbors while the remain-

der shift together. All other points exhibit

Manually Labeled Point Cloud

[l :shifting points
Il :deforming points

<)
— N
.| shifting point .| shifting point . defo(rm\ing point
1 inside i);gg:t/)1 1 fo\bject/tig[der} 1 \O\ ) T
~ 0 ~N.— o ~N— 0

A S A

Figure 5.5: P and three manually labeled sam-
ple points. 6 nearest neighbors are shown in G.
Shifting points can be concentrated (red) or in
two separate groups (black) in G. Neighbors
in G spread widely for deforming (blue).

greater variance in neighbor distribution in G, and are thus deemed deforming.
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A score, lg,, is assigned to Algorithm 5 Non-rigid Registration ADMM Proce-

each non-static point, p;, to de- dure
input template and target point clouds P, G

termine whether or not it is

set M, M,: predefined maximum iteration threshold
shifting. ¢, depends on proxim-

initialize mq, my: current iteration as 0
ity to the robot tool tip as well

while (T not converged) and (Ttm; < M;) do
as the relative motion of the Npg

calculate G from mapping F in (5.1)
update kp using ((5.6))
update kg using (5.7))

while (T not converged) and (Ttmy < M,) do

nearest neighbors from the P to
G. First, from tool tip location

R € R3, determine the distance

from g; as
update ko using (5.8))
S o update )y, si 0.11
dy = |5~ B, = 6~ Rl pdate 01, @ using
calculate T using ((5.12))
and calculate the neighbor index update p1, 12 using (5.9)
of the furthest neighbor from g; update Ay, Ay using (5.10)
in target point cloud by end while
end while
k = argmax HTihﬁi — Tjhﬁin return T
jeNWVB]

Then determine whether each neighbor, g,, is closer to g or gi and record the distance in

the 1-norm sense

aq = min (HTB(Lq)h@ - p@‘ 17 ”(TB(Lq) - TB(i:k))hﬁng)

lc, is then determined as
Np

le, = dit %q (5.13)

= PP = D0

Points are more likely to be classified as deforming if near the tool tip or in dense regions.

This is reflected by dr and the denominator in Equation A point p; is shifting if [¢, is
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less than heuristically tuned threshold ec = 0.04, otherwise it is labeled deforming. Figure
[5.5] shows neighbor point distribution in G from three manually labeled points.

5.3 Experimental Results

5.3.1 Non-Rigid Registration

A robot tool tip deforming soft tissue was recorded from six viewpoints, as depicted in Figure
In total, 10 seconds were recorded at 30 fps, resulting in 300 sequential scenes. The
first 10 frames were used to generate the initial template point cloud. Subsequent target
surfaces were paired with the scene 10 frames (1/3 sec) prior as the template. Registration
was performed on all scenes, resulting in 16870 points per point cloud. A timeline of the
iterative optimization and the registration result of the 199" frame is shown in Figure
and Figure [5.6

W: template point cloud W: registration with naive ICP (for rigid body)
: target point cloud : target point cloud

2.9010 mm

100
1.0830 mm
-100 -100

W registration with non-rigid ICP (state of the art) W: non-rigid registration with ADMM (proposed)
: target point cloud : target point cloud

100
0.6665 mm 0.1761 mm

-100 -100

Figure 5.6: Target surfaces overlaid with the template. From top-left clockwise: target and
unaltered template; rigid ICP; proposed method; state-of-the-art non-rigid ICP [80],
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Ep,Eg significantly improved at the 2°¢ epoch, while Eo converged most rapidly. Large
errors in rigid ICP indicate deformation, yet state-of-the-art non-rigid ICP fails at edges and

tool-tissue borders, where deforming and shifting points meet . The proposed method

mitigates these errors.

T T

500

Energy Minimization Timeline
T T T T

E
ED
E
E

energy score

| YV M

20 40 60 80 100 120 140

Figure 5.7: Minimization timeline of | Ep, Fs and Ep. Vertical lines indicate an increment
of the outer while loop in Algorithm

Accuracy: 93.41%

Accuracy: 97.02%

static static

91.5%
60957

shifting shifting

Classifed Result
Classifed Result

deforming deforming

static shifting deforming static shifting deforming
Ground Truth Label Ground Truth Label
Accuracy: 98.21% Accuracy: 98.99%

static static

shifting shifting

Classifed Result
Classifed Result

0. 6 89.3%
deforming 127116 deforming

static shifting deforming static shifting
Ground Truth Label Ground Truth Label

deforming

Figure 5.8: Confusion matrices: A (Blue), B (Red), C (Yellow), D (Green). D resulted
in 98.99% accuracy. Static points propagated directly from the template; thus no false
positives. Falsely labeled shifting and deforming points significantly decreased from A »

B » C. Including tool-tip proximity, C » I, most significantly improved deforming point
classification.
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5.8.2  Point Classification

From the entire point cloud sequence, an evaluation set of 60 target point clouds were selected
at random and manually labeled. Three additional, increasingly sophisticated classification
conditions for p; were used to evaluate each component of the proposed classifier, D:
e A — q, is evaluated for neighboring point g, simply as ||T5(i7Q) hipy —Pg; H1 This condition
ignores shifting object borders and proximity both to tool tip and of neighbors in P.
e B - q, is as proposed, but lo, = Zflvfl a4, ignoring proximity both to tool tip and of
neighbors in P.

e C—Ip, = Zévi W noe considers neighbor proximity, but ignores tool tip.
= Di—PPB(i,q) ||

Table 5.1: Aggregate Positive Classification Results

Condition | Correct Shifting Correct Deforming Accuracy
A 52986 82734 93.41%

B 60957 115208 97.02%

C 62323 127116 98.21%

D 62256 135989 98.99%
Truth 66650 142270 100%

Bold indicates best performer.

All 60 target-template pairs were processed via A—ID, and classification results were evaluated
via confusion matrices. Figure [5.9| visually compares manually labeled ground truth with

the proposed method; the two are near identical.

: shifting points
: deforming points

150
100
50

(a) °
Figure 5.9: (a) manually labeled point cloud (b) classification result from D.

a0 (b) 0
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5.4 Conclusion

In surgical scenes, large, piece-wise smooth tissue surfaces coexist with highly deforming tool-
tissue interaction regions. These surfaces can be captured and reconstructed from multiple
camera views [205]. Tool-tissue interaction forces are characterized by deforming regions, and
identifying deformations can be achieved through two steps: registration and classification.
The proposed energy-based non-rigid registration method converges rapidly and outperforms
state-of-the-art non-rigid ICP methods, as demonstrated in Figure 5.6l Key differences
include the use of a heavy-tailed distribution to account for sparse positional errors, and an
iterative constrained optimization that preserves both local correspondence and piece-wise

smoothness using ADMM.

Following registration, dynamic regions were classified as either deforming or shifting.
This work proposed several considerations to discriminate the two, including border regions,
relative movement of nearest neighbors, as well as proximity to surgical tool-tip. Parameters
were incrementally incorporated into test conditions A — D, showing overall performance
increase with each improvement while achieving accuracy of 98.99% using D. Figure
depicts that the proposed classification performs close to ground truth. Experiments were
conducted on 60 randomly selected deforming scenes and compared against manually labeled
data, and numerical results are summarized in Figure [5.8] and Table [5.1. The methods
proposed here and accompanying experimental results lay a foundation towards continual

research in vision-based force estimation for robot-assisted MIS.

5.5 Further Study

Robot-assisted surgery affords great benefits over traditional surgical practices including the
possibility of remote surgical operations in rural areas and higher precision than human
dexterity alone. Real-time tissue deformation analysis facilitates intelligent control that

improves the surgeons’ experience when performing robotic surgery. A few potential future
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medical robotics functionalities that leverage tissue deformation information include (1) hap-
tic surgical guidance through virtual fixtures, (2) vision-based force estimation given known
tissue property, (3) perception complementarity for telerobotics security, and (4) tissue mo-
tion prediction and compensation. My main PhD research revolves around achieving (2),
but I got the opportunity to collaboratively work on two other research projects in (3) and
(4) respectively and they will be covered in section [208] and section [233].

Finally, Chapter [6] contains discussion and preliminary experiments with (1).

Furthermore, tissue deformation analysis using a multicamera system naturally led to
some interesting questions - what is the minimum number of cameras needed to generate a
sufficiently dense 3D tissue model during RMIS? can the cameras learn to move optimally so
fewer of them are needed? To answer the questions, an autonomous multicamera viewpoint

adjustment algorithm was developed and covered in section [206].

5.5.1 Perception Complementarity for Telerobotics Security

Introducing robot systems into surgical tasks provides additional enhancements, including
improved precision, remote operation, and an intelligent software layer capable of filter-
ing aberrant motion and scaling surgical maneuvers. However, the software interface in
telesurgery also lends itself to potential adversarial cyber attacks. Such attacks can nega-

tively effect both surgeon motion commands and sensory information relayed to the operator.

To combat cyber attacks on the latter, one method to enhance surgeon feedback through
multiple sensory pathways is to incorporate reliable, complementary forms of information
across different sensory modes. Built-in partial redundancies or inferences between percep-
tual channels, or perception complementarities, can be used both to detect and recover from
compromised operator feedback. In surgery, haptic sensations are extremely useful for sur-
geons to prevent undue and unwanted tissue damage from excessive tool-tissue force. Direct
force sensing is not yet deployable due to sterilization requirements of the operating room.

Instead, combinations of other sensing methods may be relied upon, such as non-contact
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model-based force estimation. This work presents the design of a surgical simulator software
that can be used for vision-based non-contact force sensing to inform the perception com-
plementarity of vision and force feedback for telesurgery. A brief user study is conducted
to verify the efficacy of graphical force feedback from vision-based force estimation, and

suggests that vision may effectively complement direct force sensing.

Robot System Unit Data Processing Unit Human Controller Unit
vision i . . (screen)
. deo feed
robot |- (ameras) | Gisual data — Processing) > f;lsgg}:k (ideofeed) human |
$/'| 7 operator | |
. 3
vision synthetic &,
co:(,‘%){’ I— fyn d @
SR to force orce data 5
BB | & A
%‘O o > ﬁ(haptic joystick)
‘/:'p \\ o
~ | _ measured cross validated |/ x -
. | force data | validation [ | Daptic fcon=
Communication orce data feedback
Network 1
Communication
(motion command) Network 2

Figure 5.10: Teleoperated RMIS architecture with cybersecurity vulnerabilities identified.

In Figure[5.10] two communication networks in the sensory feedback direction are outlined
with a blue background. In Communication Network 1, the dashed arrow indicates a sensory
input not currently available in state-of-the-art RMIS; other modes of force estimation, e.g.
vision-based, are required. The red X’ labels are potential cyber attack pathways in the
two communication networks addressed. Portioned marked in yellow highlight the two main
research areas in this study, which lead to contributions in three directions:

1. introduce the notion of perception complementarities as a partial solution for cyberse-

curity in robot-assisted MIS;

2. simulate the estimation of haptic information via reconstruction and synthesization

through vision, in this case, tissue deformation analysis;

3. evaluate through user studies sensory feedback through a disparate channel, in this

case the use of graphical force feedback from vision based-estimation.

The combination of these three contributions provide insight into cross-verification and multi-
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pathway transmission of various types of sensory information to enhance RMIS security.
Should one type of sensory information be temporarily compromised, distorted or otherwise
absent due to adversarial cyber attacks, inconsistency can be detected and thus addressed

via perception complementarities.

With visual Force Feedback Without visual Force Feedback meENARETE
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Figure 5.11: Completion time and maximum applied force from each trial conducted by the
five subjects using different tissue topologies. On the left is trials with visual force feedback
and on the right are trials without. The subjects are tasks to perform telesurgeries on each
tissue topology four times (two with visual force feedback and two without). There are 10
sample points in each tissue topology category in the left and right subplot. The primary
and the secondary y-axes represent completion time (left [secs]) and maximum force force
feedback (right [N]).

The statistical data in Figure |5.11| show positive correlation between the maximum force
and the time taken to complete the experiment. However, this is especially true for the
trials (sample points on the graph) that are representing the most complex and difficult
tissue sample (Tissue Sample 2). For the simpler tissue geometry (Tissue Sample 1), there is
little correlation between the completion time and the maximum force feedback. Meanwhile,
human operators tend to perform better in both efficiency and applied force with visual
force feedback than without visual force feedback. Several users also shared qualitatively
that they relied on the visual force plot during situations nearing time limit (30 seconds).
As a result, operators needed to act faster while controlling for force or when the tissue
geometry is challenging with unavoidable tool-tissue contact. Refer to [208] for more details

about the experimental design and quantitative analysis.
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5.5.2  Learning-based Tissue Motion Prediction and Compensation

Heartbeat synchronization, a term introduced by Nakamura in 2001 [146], is used to describe
the cancellation of the relative motion between the robot-held surgical instruments and the
beating heart so that surgeons can operate on the heart as if it was stationary. Similar work
can be roughly categorized by research focus on either a) vision-based real-time tissue motion
tracking [176,|177]; b) control algorithms for surgical robots to follow the soft tissue motion
[14,[220]; or ¢) implementation of motion compensation on high DOF cable driven surgical

manipulators, like the RAVEN-II and the da Vinci Research Kit (dVRK) [125]/180,/181].
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Figure 5.12: The GMM model training process.

In this study, I collaboratively worked with Zhengtong Xu, a visiting student from China
on developing a novel soft tissue motion compensation framework for robotic assisted min-
imally invasive surgery that incorporates (1) primary tissue motion extraction and learning

and (2) Model Predictive Control (MPC) [27] for surgical robot end-effector actuation.

First, the primary motion of heartbeat data is extracted through frequency analysis.
Then, the Gaussian Mixture Model (GMM) is adopted to fit a spatial gradient map from

the primary heart motion data as shown in Figure [5.12l The top row shows the Gaussian
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function fit and the bottom row illustrates the learnt dynamic system motion gradient. The
three columns from left to right are results from the two data subsets and the combined
result. With the GMM based primary motion model, the proposed framework is resilient to

tissue motion spanning across different speed, amplitude and on noise level.

Meanwhile, the MPC is formulated to avoid dependencies with robot dynamics, which
can be impractical to calculate and error prone for high degree of freedom (DOF) cable-
driven surgical robots. An in-depth performance evaluation comparatively with the original
tissue motion (simulation) and the motion 10 times slower (RAVEN-II) were analytically
conducted. Figure illustrates experiments on RAVEN-IT [17] using the proposed frame-
work and simple P control. Note that because of the predictive nature of MDP, motion
compensation using the proposed framework appears less jittery and follows the reference
heartbeat motion more closely. In fact, our approach is able to achieve a RMS error below

1 mm if the reference motion slows down up to 4 times. This work was later submitted to

TROS 2020 [208].
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Figure 5.13: The motion compensation result using P control (left three columns) and the
proposed algorithm (right three columns) in each of the xq,x9, 23 dimensions across time.
The raw tissue motion (orange), the RAVEN-II compensation motion (blue) and the tracking
error (black) are illustrated.
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5.5.8  Autonomous Multicamera Viewpoint Adjustment

In robot-assisted minimally invasive surgery (RMIS), small keyhole incisions are made in the
inflated patient’s abdomen. Various robotic surgical tools and laparoscopic optical sensors
can then be inserted through these incisions via trocars. Subsequently, real-time vision in-
formation from human-positioned laparoscopes informs surgeon teleoperation of the surgical
robot system. However, even with experienced human experts in the loop, poor situational
awareness due to limited visual and haptic feedback can deteriorate performance. Recent
medical robotic research has implications with regard to improving intelligence in RMIS by

including augmentations and levels of task autonomy.
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Figure 5.14: Overview of optimal camera viewpoint adjustments formulated as a maximum
coverage problem. Each new camera pose is associated with a set of visible points in the
3D surgical cavity model. A point passes the reconstructability check if it is sufficiently
visible to at least two camera views. The goal is to find the optimal next camera poses under
abdominal wall constraints to achieve maximum number of 3D reconstructable points.

Towards that end, telesurgical visual perception must be addressed. Since manual cam-
era positioning in robotic minimally invasive surgery is suboptimal and error-prone [158],
the authors are interested instead in autonomous solutions. Unlike other tool-tracking fo-

cused autonomous camera positioning research [192,223,238|, this work presents a novel
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context-aware autonomous multicamera viewpoint adjustment pipeline from the perspec-
tive of simultaneously maintaining the surgical tool within view and providing better point

coverage for real-time 3D surgical cavity reconstruction.

Motivation

Current robotic laparoscopic systems in RMIS do not function with autonomy. Manual
camera positioning is tedious and presents a cost of clinical resources and human attention,
and viewpoint control is a key aspect of teleoperation that is conducive for automation [158].
In fact, Urey et al. [211] showed improved surgeon perception of the surgical scene with dense
3D reconstruction from multiple camera viewpoints. Despite these benefits, it is challenging
to obtain optimal camera viewpoints through direct human control or verbal communication
with a surgical assistant in a dynamic environment while simultaneously reacting effectively
to irregular events in surgical scenes — this difficultly is exacerbated with increasing camera
number. Thus, instead of encumbering surgeons with the need to both manage cameras and
manipulate surgical tools, autonomous robot-controlled camera viewpoint adjustment is a

favorable alternative approach and one that is explored in this work.

Related Work

Viewpoint selection is important to several robotic tasks, and may influence navigation,
object recognition, environment reconstruction, camera placement and mesh simplification
for polygonal models [19]. Salient relevant work include next best view planning and swarm-

based mapping as they relate to configuring vision sensors for optimal view coverage.

(1) Next Best View Planners: The next best view (NBV) problem seeks the optimal
sensing action to optimize a specified task goal. The NBV strategy or optimal series of
view sequences may be task, context, or feature driven, and generally seek the next view to
minimize some ambiguity function or incorporate explicit planning algorithms |179]. These
active methods perform exploratory sensing and aggregate sensory information to iteratively
determine the most suitable sensor view and can be broadly classified into three categories,

including surface-based methods, global-based methods, and volumetric methods [1].
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Robot kinematic information can be used to collect better views, and may take into
account manipulator motion cost as well as view quality [107]. Other objective functions
may include reachability, registration constraints related to view overlap, and sensor field
of view [215]. These constraints may aid in increasing scan quality while simultaneously
reducing required navigation. Dunn et al. developed a hierarchical statistical approach that
incoporates camera parameters [61,62], and Potthast et al. used a probabilistic approach for
autonomous 3D reconstruction [169]. Scott et al. developed the occluded edges technique,
which searches for edges in range imaging data to discover surfaces that have not yet been
observed [186,/187]. Multi-phase approaches can reduce the number of viewpoints to be

evaluated and also the overall computational complexity of evaluating NBV [172,214].

(2) Swarm-Based Mapping: Unmanned aerial vehicle (UAV) based swarms allow for
distributed processing and have been used for object detection, object tracking, navigation,
coordination, environmental monitoring, data collection, and path planning to name a few
[43]. These approaches require coordination and fusion of multiple vision sensing agents [28,
58,201]. Optimal path planning for UAV swarms may evaluate computational time against
limited sensor and communication capabilities |[197], or exhibit adaptive algorithms [50].
Maximizing coverage with swarms of UAVs may also be achieved with simple strategies
that leverage individual UAV obstacle avoidance and wall-following with coordinated high-
level dispersion from the departure point [137]. Swarm based collaborative simultaneous
localization and mapping may achieve decentralized robust, efficient and accurate mapping
[242]. UAV swarms are thus amenable to environmental monitoring, mapping and response

tasks, including wild fire detection [6] and pollution [153}|183] and water management [31].

While both NBV planning and swarm-based mapping present aspects of optimal vision
sensor placement, the application domains of large-scale, openly navigable spaces with rigid
objects are not directly extendable to RMIS. Surgical environments, in contrast, are often-
times spatially constrained, highly dynamic and deforming, and contain reflective surfaces.

These challenges must be addressed for multi-camera optimal view evaluation in RMIS.
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Contributions
In this work, the author presents
e a novel autonomous camera viewpoint adjustment framework for RMIS developed as
a constrained maximum coverage problem;
e experimental insight regarding the number of cameras in use and their comparative
dynamic surgical scene 3D reconstruction performances.
The optimization solution outputs optimally selected next camera poses and the correspond-
ing reconstructability coverage. The two questions in Figure [5.14] succinctly summarize the

research aims addressed.

Methods

Autonomous camera viewpoint adjustment was formulated as an optimization problem for
achieving maximum coverage [44] of a dynamic 3D surgical cavity model. Due to the highly
deforming nature of the surgical scene [123|, locations of existing points within the 3D
model are frequently updated. Newly observed points update the model, whereas previously
observed data are gradually removed from the model if not re-observed - these decay at
a heuristically tuned threshold rate. More details of this 3D surgical cavity model update

process can be found in [203].

(1) Maximum Coverage Objective Function: —Denote the 3D surgical cavity model P
as a set of Np points, denoted as P = {p)...pn.} and p; € R®. Due to the fundamental
requirements of stereo reconstruction [30], each point is considered visible in the 3D model
only when two or more cameras is able to see the point. This requirement is realized by
assigning Vj = 1...Np a visibility flag v; € [0, 1] indicating point pj is viewable if v; = 1, and

not viewable otherwise. The maximum coverage problem is then formulated as:

Np
Maximize Z W(p;)v; (5.14)

j=1

where W(pj) is a custom weighting function returning a value positively correlated to the
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importance of observing point p; during the surgical operation.

Assuming that the surgeon’s region of interest is proximal to the surgical tool tissue
interaction point, denoted ¢ € R*® which is obtained through robot kinematics [204], the

weighting function W was defined as

o 1
W(pj) - max (Hﬁ] _ (ﬂ‘zae) (5‘15)

where € = 1072, and the range of W(p;) € R is (0, /.

(2) Constraints on Next Camera Poses: sbdominepual constralnfs
X . 100 ﬁlk
Let the multicamera system contain pre- | ogaiee
cisely N¢ cameras where Ne¢ € N and ® %

N¢ > 2. Now denote G, 7, € R® as the 2 LN ]
0 \‘ - ool tip:[20:-17,18]
current and next candidate camera config- %z
80 4 ==
60

urations for camera i respectively, where w0

weighting function

20 . _— 50
0 _

i = 1...N¢, and k = 1...Ng (these are de- 2 S — "o
picted in Figure|5.15). At each time step,

=

-80

Figure 5.15: Next candidate camera poses 7i;
under abdominal wall constraints. All cameras
ented to one of its next candidate poses are mounted on the inside of the abdominal wall
via external magnets. Next candidate poses ex-
hibit slight deviations of camera center and ori-
representation of the selected next camera entation from the current pose ¢. The red col-
orbar shows the weighting value W(p;), which is
inversely proportional to distance from the tool
straint holds true. tip.

each camera ¢ is repositioned and reori-
under several constraints. If the one-hot

pose is C; € [0,1]%, then the below con-

Nk
Icil, = Y Ci(k)<1,Vk=1.Ng CeC (5.16)
k=1

where C; (k) indicates the k™ element in C; and C is the set containing all {C;|i = 1...N¢}.

Next candidate poses of each camera include the option of remaining at ¢; or moving to one
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of Nx —1 other poses. Note that a camera will remain at the current configuration by default

if optimal C; = [0]™x.

To encourage smooth and stable camera pose adjustments, define motion penalty function
M(i, k) € R, which returns a smaller value when there is less movement or instantaneous

velocity change for camera ¢. This is achieved by setting

my = P(&) = P(iiu)
mo = Q(é;) Q(ﬁzk)
M(i k) = Imally +ea [lme — 1}

(5.17)

"%
+ a3 ng —my

‘ 1

"
o Hml —M™ ‘2

where P, Q extract from an input vector in RS the position and quaternion orientation
information respectively. The variables m} and 5 are the m;, ms values obtained from the
optimal selected camera pose in the previous time step. Finally, oy is a parameter balancing
the impact between translational and rotational camera motion, whereas as, ag are velocity

regulation parameters controlling the position and orientation of camera motion respectively.

To regulate jitter in camera motion, a tolerance threshold T, is introduced. This is used

to impose the following constraint

Ne  Ng

LC) =) M(i,k)Ci(k) < Tw (5.18)
i=1 k=1
(3) Visibility Flag Derivation: The objective function in (5.14) includes a visibility flag,
vj. This flag is determined via visibility function V(i, k, pj), defined such that

1, if p; is viewable from 7i;;
Vi, k, i) = (5.19)

0, if p; is not viewable from 7
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which leads to a subsequent optimization constraint that is imposed as

Ne Ng

0.5 ) > V(i k) Ci (k) >v; VP (5.20)
i=1 k=1
which ensures that v; is set to 1 only if pj is viewable by at least two cameras. For RMIS,
additional considerations are required. In particular, for laparoscopic surgeries a light source
is typically operated coaxial with the camera, resulting in severe specular reflection [196]
around local patches with angle of reflection 5 ~ 0. Areas with large S appear darker.

Angle of Reflection Response
Reconstructability Function Response

mm " o

50
, mmo

mm R ks )
Figure 5.16: Sample reconstructability plot. The red colorbar indicates R (i, k, ;). Response
from angle of reflection 8 is shown in the top left subplot. The small white dot is a local
patch where 5 < 0.1, and the reconstructability value is forced to 0. Other smoothly faded

patches result from larger 5. Bottom left is the projection angle v response. A point has
weaker response when it projects closer to the image border, i.e. 7y large.

Furthermore, regions are fuzzier and more more prone to distortion when close to the
image border [194]. To account for these considerations, a custom reconstructability function
R(i,k,p;) € [0,1] is developed to assess a quality score for each point p; from camera
viewpoint 7;,, and is calculated as

0.0, if 5 <0.1

R(i, k,p;) = { min(cos(B), cos(7y)), elseif forvy>1
1.0, else



108

Y, \/
e e
current A
Y —» next candidate
‘(‘“ v cam6 cameigiposes —» INEAIEIAIPOsES
AT Gi ‘ ii;
C” cam4 P f\ Vik .
P abdominal optimal next _new ity
wall constraints CamISERECSES images [~ reconstruction
h surgeon update ya
uman . 1
o7 » robot motion —> » weighting
operator / command v ROI function \J
kalman predicted ) W(p,
robot current filter next —— @) BUS(?;?;I
feedback tool pose > tool pose
l_j Y vy d rr:axlimum
i T update
current 4 pride'ftted visibility | | visibility N coverage
3D model Ehieck function problem
P = {pr..on. } V(i k. pj)

Figure 5.17: One-step look ahead control workflow for autonomous optimal camera viewpoint
adjustment. The maximum coverage problem, marked with thicker blue borders, is the main
part of this work. The blue arrows in this workflow are updates within the same iteration,
and the pink dashed arrows are information passed across subsequent iterations. More details
regarding the abdominal wall constraints can be found in Figure m

where f3 is the angle of reflection at point p; and + is the projection angle from camera view
Mk, as depicted in Figure m The constraint imposed by (5.20)) is then reformulated as

Ne Ng

0.5 ) > R(i. k,5;) V(i k,5;) Ci (k) > v; Vp; €P (5.21)
i=1 k=1
(4) The Optimization Procedure: The previous sections defined objective function and
subsequent constraints specific to optimal multicamera configuration for RMIS. With these
derivations, the autonomous camera pose adjustment procedure can be formulated as the
following budgeted maximum coverage problem:

Np

argmaxz W(p;)v; (5.22)
C;i,Vi€Nc j=1

subject to constraints (5.16)), (5.18)), (5.21))

where C; € [0,1]V%, Vi € Ng (5.23)

v; € [O, 1],\V/j € Np (524)



Budgeted maximum cover-
age problems are proven NP-
hard [227], even the unit cost
version with direct reduction
from the set cover problem
[2]. Amongst existing approx-
imation approaches [218] [76],
the adopted approximate solu-
tion achieves an approximation

factor of (1 — 1/e) [101], which

outperforms alternative options.

The three algorithms below
depict the approximation strat-
egy used in this work. The Bet-
ter Coverage Solver B compares
coverage weight score S(h) of
two input sets of next camera
poses h; and hsy, then returns

the set with greater S(h).

The Greedy Largest Set G
algorithm returns a set of se-
lected next camera poses de-
rived from a greedy search of in-
The

creased weight loss ratio.

autonomous camera pose ad-
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Algorithm 6 Better Coverage Solver B

1:

2:

input list of camera poses and 3D points hq, hy, P
suppose S(h): returns the Zj\ffl W(p;)v; score, with
- camera poses C = h

- updated v; using (5.21))

evaluate S(hy), S(h2)

if S(hy) > S(hy) then
return hperer = b1
else
return hpeier = ho
end if

Algorithm 7 Advanced Approximation Strategy A

1:

2:

3:

10:

11:

12:

input list of cameras and 3D points C, P

set T¢: predefined small set threshold as 3

set H; = exhaustively search with SN (|Cl], <
Te

initialize Hy, = {C; | C; = [0]™%,Vi € N¢}

for each hy = {C; | Zé\fl G|, =T} do

if , hold true then
hy = G(hy,IP,C)
Hy = B(hy, Hy, P)
end if
end for

Hbest = B(Hla HQ)

return Hy g

justments can be achieved with G, and the approximation factor is (1 —1/ye) [101]. However,

for improved approximation factor, algorithm [7|is ultimately adopted.
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Algorithm 8 Greedy Largest Set G Finally, the Advanced
1: input list of camera poses, cameras and 3D points h, C, P Approximation Strat-
2: set C = hpew = h egy A entails selecting

E: the explored matrix as [0]Ve* Ve a small set threshold

3: initialize E(i,:) = [1]">M< if ||Ci||, > 0,VC; € C Te > 3. The problem
4: while E # [1]Ve*Me do is then divided as

5. find the (i, k) pair in E(i,k) == 0 such that 1. exhaustive search

S(Ci(k)=1 = C)~S(hnew) of sets with car-

1s maximized

L(Ci(k)=1— C)—L(hnew)

6: if (5.16)), (5.18)) hold true then

dinality less than
Te

T: update FE(i,:) = [1]"*Mx
2. comparative greedy

8: update hyew = C

algorithm G with
9: else

date E(i,k) = 1 cardinality T¢ sets

10: update E(i,k) =

as initial seeds
1L reset C; (k) =0 Optimal results H; and
12: end if

Hy are then compared

13: end while with the better cover-

14: return hyey age solver B.

(5) System Update: The workflow for autonomous optimal camera viewpoint adjustment
is shown in Figure[5.17} Algorithm|[7]is represented as the ‘'maximum coverage problem’ block,
with blocks to its left being function and variable settings. Multicamera 3D reconstruction

details from the authors’ previous work [203,[205] are shown to its right.

Experimental Design

In this work, I am interested in: (1) validating the proposed autonomous multicamera view-
point adjustment framework using the Advanced Approximation Strategy A (2) solving for
the minimum number of cameras required to maintain a high quality dynamic 3D map. Pre-

liminary experiments show high redundancy with 6 or more cameras and noticeable impact
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from occlusion with less than 3 cameras. To that end, three sets of experiments were con-
ducted on the same dynamic surgical scene concerning autonomous multicamera viewpoint
adjustment for 3, 4 and 5 cameras respectively. In every set, the proposed approximated
viewpoint adjustment method is comparatively evaluated against an exhaustive one-step-

look-ahead search in terms of runtime and 3D coverage of the dynamic surgical scene.

(1) Camera Specifications: In these exper-
iments, all cameras were mounted on the in- ]
side of the abdominal wall and captured im-
ages at a rate of 30 fps with a field of view of N > : ‘ jﬁﬂ\%
60 degrees. The abdominal wall was a curved e
161x161 constantly deforming grid mesh simu-

lating natural motion associated with breath-

Figure 5.18: Dynamic surgical scene; blue
curved surface is the simulated abdomi-
apart from its adjacent neighbors, and the nal wall represented by 161x161 grid points
slowly warping due to breathing. The gray
surgical tool is inserted to palpate the tissue
abdominal wall mesh. Initially, all cameras patch at random locations. The pink surface
represents the local tissue patch that con-
stantly deforming with a sinusoidal motion
cal scene and oriented straight down. At every pattern and surgical tool tissue contact.

ing. Each sample abdomen point was 2mm

cameras only existed on the vertices of the

were mounted around the center of the surgi-

time step, a total of 9 possible camera next movements were possible for each camera - mov-
ing one sample point in +x,-x,+y or -y direction; tilting 1 degree around +x,-x,+y or -y;
and remaining at the current configuration. A motion penalty function M was defined in

(5.17) to impose preference of steady cameras and minimal change in viewpoints.

(2) Dynamic Surgical Scene:  The tissue surface was represented as a 21x21 sample
mesh grid. Each sample tissue point was 10 mm apart from its 4 nearest neighbors and
had a timestamped weighting score W as defined in to impose the importance for
that particular point to be observed at that time. The dynamic soft tissue patch follows a

predetermined sinusoidal motion. Additional tissue deformation occurs when the surgical
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tool palpates random locations of the tissue patch. The entire motion sequence is 33.3
seconds, and contains a total of 1000 time iterations (at 30 Hz). The entire simulated
surgical environment is illustrated in Figure [5.18] Finally, the objective function described
by was evaluated in these experiments; namely to find the sequence of optimal poses
for each individual camera such that the weighted coverage of the 3D reconstructable tissue

points were maximized.

Exhaustive Search

Proposed Approach

] 50 100 150 200 250 300 350 400
Tracked Points (Count)

Figure 5.19: Parallel plot depicting the number of tracked points over 1000 iterations using
the proposed approximated camera viewpoint adjustment algorithm (lower dark lines) versus
with exhaustive search (upper light lines). The horizontal axis is the number of sample tissue
points out of 441 that are 3D reconstructable. Each line represents the number of tracked
points at one iteration. Results from the three sets of experiments are color coded with blue,
red and green respectively for the 3, 4, 5 camera systems.

Observations
(1) Coverage Drop and Recovery: At every time step during the experiments, the number
of covered points (3D reconstructable tissue points) were calculated as Zjv:“”l v; and are
illustrated as color coded lines in Figure |5.19] From this, it is observed that:
1. The instantaneous coverage increases as more cameras are used. Namely, the aggregate
number of tracked points increase with increasing number of cameras.
2. The coverage variance across iterations is greater using the proposed approximation
method (lower dark lines) compared with exhaustive search (upper light lines).
3. The coverage variance across iterations is greater as more cameras are used. Namely,

the tracked points standard deviation increase from 3, to 4, to 5 cameras.
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To investigate the effects of the last two observations, the right half of Figure shows
time variation plots of the tracked point coverage using the proposed method compared with
exhaustive search. System robustness is improved by a coverage drop and recovery rule that
defines the temporal tracked point count. The temporally tracked point count (in Figure
differs from the instantaneous number of tracked points (as in Figure in that
existing points in the 3D map are dropped from the temporal tracked point list only when
they are “absent” in the instantaneous tracked point list for 10 successive frames. Similarly,
a new 3D point is added to the temporal tracked point list if it repeatedly appears in the

instantaneous tracked point list for 10 successive frames.

Exhaustive Search

“'5Cams

Proposed Approach

6] 2 4 6 8 10 12
Runtime (sec)

Figure 5.20: Parallel plot showing computational efficiency for each of the 1000 iterations
using the proposed camera viewpoint adjustment algorithm (lower dark lines) versus with
exhaustive search (upper bright lines). The horizontal axis is runtime for one iteration.

It is observed that tracked points exhibit a vacillating ripple over time. Despite this
ripple, coverage remains relatively robust and is able to recover to about 400 tracked points
consistently. This suggests that the effects of observations 2 and 3 above may be marginal.
Furthermore, coverage oscillation occurs at the same frequency as the periodic sinusoidal
tissue motion. Specifically, coverage drops were caused predominantly by the sinusoidal
motion near the tissue patch border — critical areas of interest are, in contrast, tracked
very robustly, indicating that the weighting function is appropriate. Interestingly, with the
proposed method, the effect of increased camera number on coverage drops magnitude is
greater as compared to exhaustive search. However, with increasing camera number, the

observed coverage drop was distributed across more cameras and with less severity.
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Figure 5.21: Performance plots for the autonomous camera motion adjustment experiments
on computational efficiency (left column) and 3D points coverage (right column). The rows
correspond to systems with 3, 4 and 5 cameras respectively. Dark lines are for the proposed
approximation algorithm A, whereas the shaded area corresponds to exhaustive search.

(2) Computational Efficiency: The computational time efficiency of the proposed method
versus exhaustive search is tracked and depicted in Figure [5.20| and the left half of Figure

.21} illustrated as color coded lines. From these results, one can observe:

1. With increasing number of cameras, runtime improvement from exhaustive search (up-
per light lines) to the proposed approximation algorithm (lower dark lines) increases.

2. The runtime variance across iterations is greater with the proposed method compared

with exhaustive search for fewer cameras (3 or 4).

3. With the proposed method, the best performing trials from each experiment (3, 4 or
5 cameras) performed similarly. This indicates that the computational cost of adding
cameras in the proposed method does not increase exponentially with number of cam-
eras. The jump in runtime from 4 to 5 cameras for exhaustive search, in contrast, is

stark. It is suspected that greater improvement will be observed with more cameras.
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4. Real-time implementation will seek to optimize computational efficiency from the cur-
rent MATLAB prototype. Yet, runtime results are still indicative of computational

efficiency between exhaustive search and the proposed method.

(3) Camera Viewpoint Stability: - ‘ ‘ ‘ ™ 500

Qualitatively it was also noticed that | 1400
1300

with the proposed Advanced Approxi- 1200

mation Strategy, A, the average motion I . |1

o

runtime difference(%)

penalty value M for each camera over

1-100

iterations decreases from 38.88, 36.19, 40 30 20 10 0
tracked points difference (%)

to 31.23 as the camera count increases . igams
N ams
. . . 5Cams

from 3 to 5, whereas with exhaustive

search, the average M value descends

Figure 5.22: Correlation plot of the difference ratio
from 38.88, 33.39, to 25.40. This shows in runtime and coverage between the proposed al-
gorithm and exhaustive search. Every sample point
depicts the performance for one iteration. Points
less individual camera motion can be are color coded to represent the experiment set, i.e.
number of cameras. A difference ratio histogram is
calculated for each axis.

that a more stable surgeon view with

achieved with more cameras involved.

Summary

The effectiveness of the novel proposed Advanced Approximation Strategy, A, was assessed
in terms of coverage and computational runtime as compared with exhaustive search. Figure
[5.22] summarizes the relative improvement from exhaustive search to the proposed method
in both metrics. With increasing camera number, runtime is readily decreased with the
proposed method at marginal cost in coverage. The proposed approach exhibited stark
improvements in computational runtime with increasing number of cameras. The current
method relies on a simple one step look ahead approach. Future improvements will seek to
reduce the severity of coverage drops due to periodic tissue motion or surgical tool tissue
interaction, e.g. palpation. One possible solution is to incorporate Kalman filtering or

semantic knowledge of the surgical operation to predict tissue motion.
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Chapter 6

HAPTIC FEEDBACK IN ROBOTIC SURGERY

Haptic feedback can render real-time force interactions with computer simulated objects.
In several telerobotic applications, it is desired that a haptic simulation reflects a physical
task space or interaction accurately. This is particularly true when excessive applied force
can result in disastrous consequences, as with the case of robot-assisted minimally invasive
surgery (RMIS) and tissue damage. Since force cannot be directly measured in RMIS, non-
contact methods are desired. A promising direction of non-contact force estimation involves
the primary use of vision sensors to estimate deformation. In Chapter [5] tissue deformation
is mapped to contact force by looking up medical datasheets of known tissue properties.
However, although the surgical images were captured at 30Hz, due to the computation limi-
tation, the image processing slows it down to roughly 7THz, whereas haptic feedback update
rate is required to be at least 1000Hz for a realistic sensation. Thus, bilateral teleoperation

will be feasible only after our code is further optimized for efficiency.

That being said, rather than conducting extensive interpolation with our vision derived
force data, and attempting to generate a partially artificial haptic feedback, I put my focus in
three aspects of research: (1) a review of existing robot control schemes with both visual and
force feedback |119]; (2) the accuracy requirement in haptic feedback for surgeons to have
satisfatory performance on a palpation task on a tissue membrane [42]; (3) the possibility of
incorporating additional message and warning such as robot joint limits into haptic feedback
during RMIS [89]. These endeavors will lay the groundwork for ultimately realizing bilateral
teleoperation using the vision-based force estimates in RMIS. This chapter summarizes my

findings in (1) and presents (2),(3) in section [6.5]
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6.1 Visual Guidance

6.1.1 Background

Visual guidance uses feedback information extracted from vision sensors to enhance robot
motion [92]. Typically these sensors are cameras. Prior to widespread visual guidance in
robotics, robot tasks relied heavily on rigid, repeatable setups and precise control of end-
effector position. Moreover, accurate a priori geometries were required to properly acquire
objects. These precision positioning systems were expensive, often exceeding the cost of
the robot. To reduce overall costs and improve performance, visual guided robots largely

replaced precision fixturing [78].

Feddema et al. proposed a method of generating robot trajectories using image feature
velocities with known 3D geometrics of the interaction object [67]. Espiau et al. outlined
issues in visual guidance, including modeling interaction matrices and visual feature extrac-
tion [64]. Corke posed an additional set of critical questions, particularly regarding the
dynamics of visual servoing [48]. Problems addressed include latency and stability in feed-
forward control paths. In [47,/160], an adaptive visual guidance system was developed to

provide a confidence metric and a stochastic controller with Kalman filtering.
6.1.2 Technical Approach

The main objective of vision-based control is to minimize the error es(t) = s(t) — sp(t),
where s(t) are visual features and sp(t) the desired visual feature location [36]. The general
approach for reducing e,(t) is accomplished through a velocity controller, which requires a

linear transformation from time variation of s to robot end-effector velocity &, namely

i(t) = 6,(t) = Lo (1) (6.1)

where L. is a 2k x 6 matrix dependent on image feature s, and k is the number of feature

points. Suppose the robot end-effector velocity #(¢) is the input to the system, then to reduce
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the error ey(t), consider

—~

i(t) = —ko LE,(t) = —k, L (s(t) — sp(1)) (6.2)

where T represents the Moore-Penrose pseudo inverse operator and k, is the controller gain.
A real-world value of L, is oftentimes difficult to obtain, and so an approximation denoted

as L. is commonly used instead.

Now define the visual controller as the following
Uy(t) = —ky S, L ey(t) (6.3)

where S, is a selection matrix for visual controller activation direction. The motivation for
the S, term is explained in detail in a later Section. This control scheme, U,(t), allows the

system to simultaneously achieve minimal ‘ é5(t) — k, L, E\l es(t)‘ ‘2 and ||z(t)||2.

Visual guidance can be broadly classified by three characteristics, including sensor loca-
tion, dimensionality and command type. The remainder of this section will elaborate on the

distinctions between the different classes.

Sensor Location

Visual guidance systems can be classified into two types by the location of the visual sensing
device in the system [90]. The two kinds are

1. eye-in-hand

2. eye-to-hand
In eye-in-hand configurations, the camera is attached to the moving robotic manipulator
and the main purpose is to observe the relative position of the target. Usually, the camera
is mounted on the end effector or adjacent link. Conversely, in eye-to-hand configurations,
the camera is fixed in the world and observing both the target and the robotic manipulator.

Figure depicts the differences between two configurations.
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image with object movement image with object movement
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Figure 6.1: Illustration of an eye-in-hand and an eye-to-hand visual guidance system. With
the same robot motion, the perceived object motion in the image plane is opposite for the
eye-in-hand and eye-to-hand configurations.

Equation [6.1.2] assumes the eye-in-hand configuration. The corresponding equation for

eye-to-hand configuration differs only by a negative sign. More derivations can be found

in [36]. Specific technical details differentiating the two categories can be found in [35].

Dimensionality

Visual guidance approaches can also be classified by how vision sensor information is in-
terpreted and utilized. At the lowest level of spatial dimensionality, image data directly
governs robot motion. Alternatively, higher dimensionality information can be inferred from
the combination of image data and a priori knowledge . Broadly speaking, this distinction

classifies visual guidance techniques as
1. Image Based Visual Servoing (IBVS)
2. Position Based Visual Servoing (PBVS)
3. Hybrid approaches

Figure [6.2] illustrates the system level differences between IBVS and PBVS classes. IBVS
involves using information from the image to directly control robot motion. In PBVS, ge-
ometric interpretations of the image are derived, such as estimating the target pose and

parameters of the camera. Hybrid approaches combine aspects of the two approaches ,.
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Image Based Visual Servoing Weiss and Sanderson first proposed a control law based

only on the error between current and desired features on the image plane [182] - the pose of

the target is irrelevant. The visual features, s(t), are normalized 2D coordinates of feature

points, lines or moments of regions on the image plane. Suppose a feature point is represented

in the 3D camera coordinates at time ¢ as (X(¢),Y(t),Z(t)). Then the visual feature is
X(t) Y(1)

T
described as s(t) = [s1(t) s2(t)]" = [m m} . Differentiating with respect to time and

expressing in matrix form results in

8'1 X X:Z

. 2

§ = =7 7 (6.4)
: Y YZ
52 A

X
Y|=—-t-wx |Y (6.5)
A

where & and w are the linear and angular velocities of the robot end effector respectively.

This results in

$= Lt (6.6)
where
L - —% 0 = sisy —(L+s1) s
0 —% Zz 1+ s2 —51 So -5
The controller input is thus
Unlt) = —ky S, L] e(t) (6.7)

where
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and in general

= (rQr.+w)" 17Q

with weighting matrices () and W to specify costs of feature error and control input.

IBVF methods tend to struggle with large rotations [33], a symptom known as camera
retreat [49]. The visual guidance optimum may converge to only a local minimum, and
sometimes the visual system reaches a Jacobian singularity . IBVF is considered visual
guidance in 2D, since computations are all performed on the 2D image plane.

(IBVS)

joint angles
1 Joint
Uv ( Krl]xgﬁgtlcs —»‘——»Controller . Q(t)
Unit (PBVS)
E—

(in Cartesuan space) (in joint space) (PID control)

robot
vision (images)
e -
.§.¢Sz (IBVS) <—J

- I Feature
Pose

—— Extraction
(PBVS) Estimation <—

Visual
(IBVS) Servoing
Controller

Unit
Unit (PBVS)

Figure 6.2: Illustration of an Image Based and a Position Based visual servoing system.

Position Based Visual Servoing PBVS is a model-based technique by which pose of the
object of interest is estimated with respect to the camera which in turn issues a command to
the robot controller. The visual features s are defined as the translation and rotation of the
3D coordinates in the camera frame [s; Sa2 S3 Sga;, Sgay 39a3]T, where fa gives the angle-axis
representation of the rotation. Suppose desired feature pose sp = [sp1 Sp2 sps 0 0 O]T.
The interaction matrix L. then becomes

_ . -
I3xs | sy

Le = s3 (6.8)
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where

B sinc? (5

0 sinc () 9
Lgy = I3x3 — é[a]x + (1 —9)> [G’]X

The pseodo-inverse of the approximated interaction matrix is given as

S1
-1
_[3><3 S9 Lga

E«S\T = L/B_\l = S3 (69)

X

0 L,!

In this case image features are extracted and used to estimate 3D pose of the target

object in Cartesian space. Visual guidance is thus conducted in 3D space.

Hybrid Approaches Hybrid approaches employ some combination of 2D and 3D meth-
ods. Some more pertinent hybrid methods include (1) 2.5D Visual Servoing [49,/133], (2)
Motion partition-based methods and (3) Partitioned DOF Based Visual Servoing [49]. 2.5D
Visual Servoing developed by Malis [133] decouples rotations and translations. Assuming
the desired pose is known, rotational information is obtained from partial pose estimates
from the homography between camera frame and absolute frame — axis and angle are given
by eigenvalues and eigenvectors. Translational control is achieved directly by tracking fea-
ture points so long as feature points never leave the field of view and a depth estimate is
predetermined off-line. 2.5D servoing is more stable than techniques that preceded it. [45]
outlines another hybrid approach whereby visual guidance is split into two parts: (1) keep-
ing the features within the field of view and (2) marking a fixation point as a reference to
bring the camera to the desired pose. Without prior knowledge of a depth estimate from an
off-line procedure, the depth estimates are obtained from robot odometry and by assuming

all features are on a plane.
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Command Type

Command type is determined by whether commanded motion is applied at the joint level
or as end effector configuration. These two classes are (1) Direct Visual Servoing and (2)

Dynamic Look-and-Move.

Distinctly, Direct Visual Servoing algorithms require robot kinematics. A hierarchical
scheme was proposed in [225]. This method relied on reliable features of the target object,

used as a partial model along with global models of scene and robot.

6.2 Force Control

6.2.1 Background

Force control techniques were developed to assist in automated manufacturing processes
[136]. Most manufacturing processes consist of assembly parts and precise contacts between
different components of an object. While the parts often meet the dimensional specifications
, additional processing are still required to achieve a desired finish. These finishing operations
are improved with force control as compared to a dimension driven position-controlled man-
ufacturing process. This can be especially true when assembling delicate parts and physical
damage is a real concern. In these cases, joint torques are controlled to match the desired
force applied by the end-effector to an external object. For this, a method for external force
measurement is required. The most straightforward technique involves direct measurement
via attached force sensors at the robot end-effector. Force sensors are often comprised of

strain gages, which are able to measure six axis force/torque at the end-effector.

In many real world applications, robots need to follow trajectories while interaction forces
may be a constrained in other directions. Force control is oftentimes hybrid force/position
control for which the joint torques are computed using two references |173|. For this, the
control scheme must be dynamically switched between two operations [100,237]. Human

touch exhibits a form of compliance, a property that position-based machine tools lack.
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Compliance in the context of surface finishing is the ability to compensate for mismatch
between tool and part surface. This requires maintaining contact rather than position, and
thus controlling the amount of applied force. Force control aims to extend robot capabilities

in this regard, and allows automated equipment to maintain consistency with contact [226].

6.2.2 Technical Approach

Fundamental to force control is to maintain desired physical contact between the robot device
and the environment particular to the manipulation task. Pure motion control proves inad-
equate due to unavoidable modeling errors and uncertainties, resulting in undesired contact
forces or lack thereof, ultimately leading to unstable and unintended behavior during the
interaction. This is particularly prevalent in rigid environments [217]. The force controller

can be generalized by the following equation

Ur(t) = —Kp Sp (F(t) — Fp(t)) (6.10)

where F'(t) and Fp(t) are the measured and desired force values, K the controller gain and

Sr a selection matrix for force controller activation direction.

Force control can be broadly classified by three characteristics, including sensor location,
compactness, and control strategy. The remainder of this section will elaborate on the

distinctions between the different classes. Mathematical details are found in [217].

Compactness

Compactness of the force controller robotic manipulator system also distinguishes force con-
trol techniques. Two commercially accepted methods of force control are: (1) through-the-
arm ;(2) around-the-arm. In the former, forces are applied considering all robot axes in
unison. The latter focuses on the use of an auxiliary compliant end-of-arm tool to apply

forces, while the robtic arm is used for positioning only.
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Through-the-arm force control is generally deemed the more elegant approach, as it
presents a more natural extension of standard robot control technology. Furthermore,
through-the-arm mimics human object manipulation, whereby the manipulation appendage
is responsible for both movement in positioning and providing force. Through-the-arm ap-
proaches suffer when a stiff, non-compliant media is encountered. The position of this type
of media relative to the part surface is critical, since the overall system stiffness increases.
In the media mismatch problem, robot manipulators are unable to respond quickly enough

to attenuate or eliminate force errors.

Around-the-arm force control decouples force control from the robot controller and uses
the robot arm for positioning only. Figure shows the high-level difference between

through-the-arm and around-the-arm force control systems.

Force/Torque Feedback Signal

Position Command Position Command

User Requested
Force

Force/Torque

Force/Torque Feedback Signal
Transducer

User Requested
Position/Force —>

User Requested

Force Position External

Force  Force Sensor
Objecy Force

Sensor
Controller

Objecy

Robot Controller| Robot Controller

through-the-arm force control system around-the-arm force control system

Figure 6.3: Comparison of a through-the-arm and around-the-arm force control system.

Control Strategy

Pneumatic force control methods can be divided into either passive or active methods [217]
Passive control involves an open loop control system with no means to adjust for force
errors. In contrast, active force control utilizes a controller or regulator to manage a closed-
loop system that continuously monitors the applied force and corrects for the errors. This
guarantees a much more accurate system than passive force control systems. These two

classes can be further described by subcategories, as shown in Figure [6.4]
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Figure 6.4: Force control strategy classification.

Passive Force Control The use of passive force controllers are typical of robots with
special-purpose compliant parts or end-effectors. These parts are compliant with the contact
surface during interaction with the environment [66]. Soft robots are often amenable to this
type of robot controller; its deformable links are flexible and permit adaptations without
breakages. Passive controllers do not require force sensors. Furthermore, with passive con-
trollers there is no guarantee of avoiding high instantaneous contact force. Should the robotic

task not tolerate high instantaneous forces, active force controller schemes are suggested.

T = Inverse
Jacobian -« Klnematlcs -« ID <—Impedance
ol r fo
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+l l o~
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" Unit
+ CulE joint angles A4+ joint angles
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Compgntation Compentation
Direct Force Controller Indirect Force Controller

Figure 6.5: Direct vs. indirect active force controllers.

Active Force Control The active force controllers can be divided into two subsets - direct
and indirect force controllers. In both cases, a force sensor is required in the system, but
the use of the force measurements distinguishes the two. In direct force control, the force is
regulated, i.e. there is a desired contact force for the robot to follow. In other words, the

interaction force is directly being adjusted via a force control loop based on the error between
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measured and desired values. In contrast, for indirect force control, the force measurements
are used to regulate robot motion. Here a motion control loop that uses force information
guides the motion of the robot manipulator. Figure [6.5] conveys the high level distinction

between indirect and direct active control schemes.
Within indirect force control, two main classes emerge: impedance control and admittance

control . The overall distinction is depicted graphically in Figure

force (measurements)
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Unit : Unit Unit

‘ﬂ - angles and velocities
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end-effector pose
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(in Cartesian space)

Impedance
(Impedance Controller) Control Unit

()| zc(1) it

(Admittance Controller)

Figure 6.6: A comparison of an impedance and admittance force controller.

Impedance controllers control the dynamic relationship between exerted force and the
robot movement error, also known as the mechanical impedance of the robot. This controller
generates forces to negate forces involved in motion deviation, and is known to provide better

performance with softer movements [114].

On the other hand, admittance controllers generate deviations from desired motion, and
predicts the robot will move in the desired motion following the external force. This control
method is also called position-based force control, and the desired behavior is implemented
using an outer loop surrounding a position or velocity control loop. outlines an admit-
tance controller where the force controller is operated in joint space while force distribution

and contact surface orientation are computed online to obtain input force.
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6.3 Integrated Vision and Force Control

6.3.1 Resolvability in Sensor Fusion

Sensor fusion within one task dimension require comparison of feedback characteristics from
each sensor. Vision and force resolvability [151] evaluates the extraction of useful information
from both during manipulation tasks. Information provided from disparate sensors can be

assimilated by monitoring resolvability.

Vision resolvability [150] measures the ability to determine object positions and orien-
tations. A typical single camera system can more accurately resolve object locations in a
plane parallel to the image plane. Rotations within image plane parallel planes are more

accurately resolved than perpendicular ones.

Force resolvability depends both on the force sensor and stiffness of the entire system.
This extension of resolvability provides a common measure for both sensors in evaluating
when visual servoing or force servoing strategies are appropriate. A nonlinear force/visual
servoing algorithm that uses force and vision resolvability to switch between sensing modes

demonstrates the advantages of assimilation techniques [10}/168].

6.3.2 Recent Application Spaces

The application space of combined vision and force control spans a wide spectrum. Control
strategies are tailored for specific robot-assisted or automation tasks. This section provides

an overview of several modern applications.

Haptic Stmulation

Basic haptic display involves a purely virtual environment. The subject operates a haptic
joystick to send motion commands and receive simulated contact forces [224]. Simultaneously

the resultant interactions are reflected visually. As an example, virtual reality micro-robotic
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cell injection training uses haptic guidance virtual fixtures [65]. The task exists on the
order of micrometers. Without magnified vision-based force feedback the cell can easily
break. Virtual training systems combining visual and force feedback can be decomposed
into subtasks [128]. In |127], decoupled motion control was implemented whereby simulated
force feedback did not directly correct motion deviation. Instead, the trainee regulated

motion based on cooperative motion feedback from an expert.

Kimmer et. al showed that mental rotations reduced teleoperation performance despite
direct force feedback |104]. Other studies verify that haptic feedback does not reduce user
control [79]. In fact, force feedback improves perception in virtual training systems [15].
[93] describes haptic bilateral control with vision-based guidance, where visual information

translates to assistive force, while a visual compliance controller relies on force control.

Industrial Robotic Tasks

Robotic manufacturing tasks including painting, material handling, and welding are all non-
contact processes. Recent advances incorporate force and vision and permit a new industrial
applications [78]. Sensor-based robot controllers lead to better robot performance, lower
cost, and new applications [24]. Pomares et. al developed a trajectory tracking system that
fused visual and force information with variable weights [168]. Movement flow-based visual
guidance and Kalman filters processed detected interaction forces. There is strong interest in
combining force and vision for autonomous manipulation in unknown environments 10,87,
232]. |232] presents a learning control approach. By mapping image features to joints, visual
guidance and force servoing are implemented adopting an impedance control law. In [10],
both vision and force sensors are mounted on the manipulator. The visual sensor oversees
force probe positioning while the force sensor acquires contact forces with a feedforward /fused
control. In [87], the robot is visually guided while maintaining a desired contact force using
an adaptive control. The task is separated into two subtasks to ensure the end effector force

converges to the desired value and image features converge to desired trajectories.
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Sometimes the object contact plane is given. Studies like |156] and [171] determine ori-
entation and position of uncalibrated planes. Combined visual and force guidance with un-
known planar surfaces is achieved whereby the robot maintains contact forces while marking
surface lines [156]. The controller consisted of a force feedback control loop and a vision-
based trajectory controller as feed-forward signal. In [139] an electrode wearable bio-signal
device controlled a 6DOF manipulator with visual and force sensors attached. Visual and
force guidance are also used in autonomous wheel assembly, with wheel loading completed

with repeatability less than 2mm [3§].

In addition to autonomous manufacturing robots, human-robot collaborative assembly
is another form of robot-assisted manufacturing. Methods for humans to work safely along-
side robots during assembly were developed [41]. Vision tracks as the operator approaches

proximity of the end-effector and the robot stops to allow human operation on the part.

Medical Applications

Robot Assisted Surgery Chatelain et al. optimized ultrasound image quality via visual
guidance of robotic ultrasound probes [32]. Both visual and force sensors were attached to
the tip of the probe. Patlan-Rosales et. al conducted research studies utilizing ultrasonic and
force sensory information to improve robot assisted surgery. In [162], elastography modal-
ity and force measurement are inputs to a palpation system controller which achieves robot
probe control. The same group developed a robotic control framework for 3D quantitative ul-
trasound elastography in the context of visual guidance in autonomous palpation |163]. The
probe moves in a compression motion with applied force control. Automatic motion compen-
sation by ultrasound visual guidance can estimate strain of moving tissue [164]. Image-based
visual guidance, force control and non-rigid motion estimation are achieved given elastic prop-
erties of the moving tissue. Robot-assisted laser microsurgery can also benefit from vision
and force fusion, whereby fictitious force feedback is created through stereoscopic visualiza-

tion |154]. Von Sternberg et. al implemented a force-feedback interface for robotic assisted
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interventions with real-time MRI guidance [219]. A framework for integrating real-time MRI
with robot control in simulated transapical cardiac interventions is presented in [148]. The
system provides both visual and force feedback of a simulated transapical aortic valve im-
plantation with virtual robotic manipulator. Result show improved completion time with the
addition of force feedback. Blood cell characterization for robot manipulated manipulation
is described in [200]. Optical robotic-tweezers manipulate cells, while force calibration and

image processing correlates stretch force and deformation.

Rehabilitation A field force controller adapting pelvic motion was designed to provide
3D feedback for stroke rehabilitation [97]. This visually guided robotic system provided
guidance force to the user’s pelvis. A dissipative haptic display using brake actuated ma-
nipulators performed path guidance for rehabilitation [57]. Three controllers were compared
— velocity ratio, force cancelling, and force mapping. A haptic feedback, skin stroking glove
for the visually impaired was developed to assist navigation [5]. Kinect motion sensing and
vibrotactile feedback were combined. Li et al. invented an intelligent wheelchair with path
planning and obstacle avoidance using local environment modeling [118]. Visual force field

arithmetic mediated target guidance, while a graph method modeled the environment.

6.3.3 Challenges

Combining global information registered by visual sensors with local information registered
by force sensors enables thorough task space knowledge and affords better understanding of
the object with which the robot interacts. The two information modalities are complemen-
tary and essential for complex robot manipulation tasks. The importance is apparent, but

general implementation remains challenging.

Data Characteristics

Force measurements are expected on orders of several hundred hertz (up to 1000Hz [4]),

while typical vision sensors acquire data at 30-60Hz [63]. Force sensors focus locally near
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end-effector and surface contact, whereas visual sensors provide a relatively global view.
The bandwidth for data acquisition and measurement space illustrate the innately different

characteristics between the two sensor data types.

Sensory Interference

Oftentimes end-effector mass causes inertial coupling effects when visual guidance directs
robot motion. This introduces inertial force sensor readings and unstable excitations [152].
To avoid conflicting robot commands from vision and force information, control schemes
can be delicately designed. The common goals are to define the dominate sensory data to

contextualize and prioritize controllers.
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Figure 6.7: Generalized force/vision controller with inner loop PID controllers and gravity
compensation.

6.8.4 Technical Approaches

Force and vision sensors provide complementary information; while visual sensors capture
the 3D global environment, force sensors collect local information at the interaction site .
The two are fundamentally different sensing modalities for which traditional fusion control

methods are insufficient — sophisticated control strategies are required [152].
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Many approaches up to now rely on hybrid control [173]. Examples include studies
like [12] and |11}, which extend ‘task frame’ formalism [26,55]. Hybrid control strategies are
also employed in [87] and [230] for tracking unknown surfaces. External cameras and end
effector force sensors are used for real-time grasping in [147]. Several approaches instead rely
on impedance control, such as [141], in which an external visual controller loop generates
references for the impedance control system. In [151], force and visual sensors act at identical
control hierarchy levels. In [210], virtual forces are applied before contact. In [134], different

sensor systems were combined employing the task function approach.

6.3.5 Classification of Control Methods

One major benefit of combining vision and force is the ability to approach rigid surfaces at
high velocities and initiate stable contact with low impact forces and no bounce. It is proven
that force control is crucial when operating visually guided robots in complex environments.

However, traditional sensory fusion methods are not amenable [141].

The common goal is prioritizing the dominant data source for a given context. To that
end, control strategies can be categorized into three types [152] — traded control, hybrid

control and shared control. Each takes a different approach to separate conflicting commands.

The traded controller separates dominant sensor data by time, delineating robot manip-
ulation task into subtasks. Sensor priorities are predefined for each subtask. The hybrid
controller classifies dominant sensor by geometry. Robot motion commands generated from
vision and force commands are orthogonal. In this way, the two sensors control the robot
in different directions. The last control scheme is shared control, which allows both vision
and force to induce motion commands at all times and in all directions. Figure depicts

a general force/visual controller with inner PID controllers and gravity compensation.

Traded Control

In traded control and hybrid control, vision and force information are used separately de-

pending on how the task is divided. For traded control, the task division is temporally based.



134

The Cartesian euclidean distance e, (t) between current pose z(t) and target pose xp(t) is
compared with the predefined threshold e. If |le,(t)||2 > €, only visual guidance is applied
while force information is used for monitoring. In contrast, for ||e,(t)]|s < €, visual guidance

is disabled and only force control is applied. The control law shown in Figure as C(t) is:

= — /?e 1 e €.
Utt) = Un(t) = —ky Sy L es(t), fllea(8)]] > (6.11)

UF(t) = —KF SF (F(t) — FD<t)), else.

ea(t) = 2(t) — zp(t) (6.12)

where Sv denotes the selection matrix determining the axes for visual servoing, and is typ-
ically the identity matrix. E\l is the pseudo-inverse of the approximated interaction matrix
f; from Section . The formulation depends on camera location and choice of IBVS or
PBVS. For force control, Sg, selects axes for force control, K is the controller gain matrix
and F'(t), Fp represent measured and reference forces respectively. During traded control,
manipulator motion is first controlled by visual feedback U, (t). The controller switches to
force control Up(t) once visual guidance approaches sufficiently near the surface. The desired
manipulator state on the image plane sp(t) represents a state near the surface interaction

site.

Traded control affords quick approach to contact surface, and stable contact is possible
with ‘low gain’ force control. However, the main drawback occurs when motion guidance
stops once |le,(t)||2 < e. Oftentimes, this can result in high contact forces due to inertial

effects, particularly if the approach is optimized for speed.
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Hybrid Control

Hybrid control enables visual and force control simultaneously in orthogonal direction. Specif-
ically, visual guidance is enabled in directions orthogonal to all other feedback. As a result,
pertinent visual information may go unused, a potential waste of observations. However,
one advantage is that due to reduced dimensionality, the visual system does not need to be

perfectly calibrated. The hybrid control law is:

U(t) =U,(t)+ Us(t) + Up(t)
- [—kv Sy Ll ey(t)] + [<ko Sy ap] + [—Kp Se (F(t) — Fp(t))]  (6.13)

where k, and represents velocity controller gain, and xp some desired end-effector reference
velocity. S, S, and S are diagonal selection matrices. To ensure orthogonality, it is required

that S, + S, + Sp = I and that all the elements in S,, S, and Sg are either 1s or 0s.

Many recent works utilize hybrid control, with active research investigating novel com-
bined force and visual robotic control derived from the hybrid control strategy. These are

explored below.

Integrated Traded and Hybrid Control In [156], the robotic task involves grasping a
pen followed by tracing between whiteboard obstacles, all the while maintaining constant
contact force. When the robot end effector is far from the target, only visual guidance is used,
similar to traded control. However, when proximal to the surface interaction, force control
is added and combined with vision in separate axes. Visual guidance is achieved through 2D
IBVS for robustness to camera calibration errors. Constrained motion governs the combined

force and vision portion. Two approaches exists for determining these constraints:
1. local estimation from force/torque
2. recursive least square

The latter was used in this case since force measurements were not reliable; low SNR and

large friction.
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In IBVS, the control error e is defined as:
es(t) =s(t) — sp(t) (6.14)

where s(t) is the measured position and sp(t) is the desired position of features. A simple

control law to drive e (t) to zero is:

Uy(t) = —ky S, Ll e,(t)
= —ky Sy [J7(@)]" eu(t) (6.15)

where = represents Cartesian coordinates and @ the velocity screw of the end-effector mea-
sured in the robot base frame. k, is a constant gain, and J'"(z) is the image Jacobian,
which relates image space velocities s of the features to corresponding Cartesian end-effector

velocity & by
§ =J(x) (6.16)

JUr(z) is in general a function of Cartesian coordinates r. This is typically provided as the
depth of imaged points. When using stereo cameras, the correct combined Jacobian for the
stereo system is obtained by stacking Jacobians for the individual cameras

Jy(2)T;

T (x) = T (6.17)
w\T) Ly

where T} and T} are the transformation matrices for screw from the robot base frame to
left and right cameras respectively, and J!(x) and J’(x) are the Jacobians for left and right
cameras. The exact form for point features can be found in [90]. The screw transformation

matrix for the left camera is given by:
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R t! x R!
Ti=1| " "7 (6.18)
03m3 Ré
with analogous formulation for the right. Suppose an imposed motion constraint in z that
limits end-effector motion along a plane described by normal vector
p=1Ip1 p2 —1 P4]T
Given end-effector position x = [X Y Z]T, the constrained robot position and velocity need

to satisfy the following criteria:

X
- |T Y
1 A
1
X
1 p2 —1] |Y| = 0 (6.20)
Z
The motion on the surface of the constrained plane is
1 0 :
. 1 X
s =J)"(x) o 1 _ (6.21)
Y
p1 D2
Resulting in
Uy(t) = —ky Sy Ll es(t)
1 0
= —k, |0 1| JV(2)es(t) (6.22)
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1 0
where S, = |0 1| and ZE = J\(z).

P1 D2

Introducing a proportional force controller

Ur(t) = —KrSr(F(t)— Fp(t))
kr 0 0 -0 00

T

= —|0 kg O [0 0 0| (F(t)=Fb(t)
0 0 kel 001

0oz
= 2 (6.23)

ke (F(t) — Fp(t))

If neglecting the U,(t) term, and combined with vision-based reference trajectory, the overall

control law becomes

Ut) =U,(t) +U,(t)+Up(t)

1 0
Ir 02331
=k |0 1| J(2) es(t) + Ogor + (6.24)
ke, (F(t) — Fp(t))
P1 D2

The combined traded and hybrid control offers advantages, including
1. no prior assumptions of negligible friction needed
2. accurate measurements contact force can recover surface normals

However drawbacks exist. Specifically, piecewise linearity of constraints and precise calibra-

tion are needed.

Prioritized Hybrid Control Autonomous robots in unknown environments should ide-
ally be both adaptive and calibration free. This is especially true with multiple sensor

feedback since interactions between sensory information can be uncertain. Hosoda et. al
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presented a hybrid controller with external visual guidance and force controllers [87]. Both
exhibited on-line parameter estimation and coordination. This adaptive hybrid controller
differs from the typical hybrid controller [152], whereby only one sensory modality governs a
given direction; cross sensory interactions are not considered. In this approach, both sensory
types in all directions and times are considered. However, a predetermined priority heavily
valuing force servoing over visual guidance is required for collision avoidance. For on-line
parameter estimation, the visual controller estimates the camera Jacobian every time step,

whereas the force controller estimates the unknown constraint surface normal vector.

Visual and force sensory information are not independent, and coordination of the two
is crucial. Subtasks are oftentimes dependent on both types, and efforts to carefully design
subtasks and separate the two sensory data are not guaranteed. Due to noise and distur-
bances, extra sensors for backup monitoring are needed. Prioritized hybrid control addresses

this with predefined priorities. In completely unknown environments are tasks, criticality of

sensor type may not be so straightforward.

Visual Gwdance Task Space
i —> Eg[ E% —> Done? —» ﬁ@
Visual Guidance Collision Detection Correct|on of Orlentat|on Completed
(with Force Monitoring) (Force) Force)

T

el

Change of Integrated Vision/Force
Contact Surfacer Control
(Force + Vision)

Figure 6.8: An example illustrating vision-force control fusion.
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Shared Control

Shared control employs both feedback modalities concurrently and in all directions, with-
out predefined weightings. The key lies in recognizing accelerations induced from visual
guidance and subsequently negating from force readings. In practice, measured Cartesian
accelerations are derived from joint encoder readings, which requires two differentiations and
a transformation from joint to Cartesian space. Thus, calculated Cartesian accelerations are
noisy. Measuring end-effector velocity can supplement these readings. Measured Cartesian
accelerations and velocities can inform inertial coupling, and should be ignored with regard

to force control. The strategy can be represented as:

Ui(t) = S Mu(t) =S, (ko Ll eu(t)) (6.25)
Ur(t) = Sp Mp(t)=Sr (—Kr (F(t) — Fp(t))) (6.26)
c1 = Zi(t) > e,
o = ;(t) sgn(Fi(t)) < e, (6.27)
c3 = M,(t) Fi(t) > 0.0

Cq |E| < €p

for each axis 7 in the task space:

if (Cl A CQ) V C3 V ey:

Syliyi] = 1.0

Srli,i] = 0.0
else:

Syli,i] = 0.0

Spli,i] = 1.0
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Then we have

Ult) = U,(t)+ U,(t) + Up(t)
= S, M,(t) + [k, Sy xp] + Sp Mp(t) (6.28)

where ¢ - ¢4 are four criteria that determine dominant sensory information, ¢,, €,, € are
sensor noise thresholds, and 7;, #; represent measured Cartesian velocities and accelerations

along orthogonal task space directions, and F; denotes measured forces.

Modified Shared Control with Piecewise Thresholds Hybrid control and impedance
control aim to resolve sensor data into movement by considering visual and force information
at different levels [151]. While the task frame based shared control is promising [26,55], it
relies on high-level descriptors of actions to be carried out in each direction of the workspace
at each moment. Thus, the geometric properties of the environment must be known. Modi-
fied shared control with piecewise thresholds aims to remove these prerequisites [168]. This

work detailed four steps to validate the method:

1. analyze tracked trajectories

2. obtain movement flow from images

3. fuse force and movement flow visual guidance

4. experimental validation

as depicted in Figure

The sensor fusion approach, step (3), does not require specifying the sensory systems for
each direction. A parameter [(¢,t.) indicates whether tracking is correctly developed, where

t is current time and ¢, is the most recent time of a detected surface change. The following
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equations derive [(t,t.):

f2(t L)

1t = e (6.29)
( t
flt,te) = Y =48
j=te Jv
h(t t ) — i 92(t7tc)
e : Jo
J=tc
where (6.30)

J~: the innovation value for the Kalman filter at time j.

g(t,t.) : the value of G(¢,t.) in the surface change direction.

\G (t,t.) : the effect of surface change on the innovation value.

An empirical study centered around (¢, t.) resulted in the following thresholds:

e L1: Normal functioning of the system; values of I(t,t.) considered as normal.

e [2: Change in the surface. [(t,t.) greater than this threshold indicates change in the

contact surface and the robot must reorient in relation to the new surface.

e [.3. Upper limit of incorrect functioning. This threshold resides between L1 and L2,

and characterizes the greatest [(¢,t.) with no surface change.

[(t,t.) can increase due to irregularities or changes in the contact surface. However, errors
in trajectory generated by visual servoing, high velocity established by movement flow, or
incorrect tracking prevents the system from maintaining constant force and instead exhibits
oscillatory behavior, where [(,t.) increases as a result. To correct this, the proportion of
information used from the force sensor is augmented with increasing [(t,t.). Instead of
making use of selection matrices S,(t), Sg(t), the final control action U(t) is a weighted sum

obtained from movement flow-based visual servoing M, (t) and from force sensor Mp(t)

Uyt) = po My(t) = pe (—kv I3 es(t)> (6.31)
Up(t) = pr Mp(t) =pr (=K (F(t) — Fp(t))) (6.32)

where p, + pr = 1.0, and p,, pr range from 0.0 to 1.0.
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Control actions are defined depending on [(¢,t.) and the previously defined thresholds as:

LIt t.) < L1
Normal functioning. Both control actions are weighted the same, p, = pp = 0.5.

2. L1 <I(t,t.) < L3
A change in the surface begins or the system is non-functioning. The weight of move-
ment flow-based visual guidance system is reduced to correct defects in tracking. The

vision controller weight p, is given as

D2 —D

where p; = 0.5 and py = 0.5(Unin/Unax), Unrn and Upax are the minimum and
maximum allowed value for U(t). The weight of force control system is pr = 1.0 — p,.
3. L3 <I(t,t.) < L2
Security margin. The desired behavior is to continue with minimum velocity U,y rn
contributed by vision guidance.
4. l(t,t.) > L2
A surface change has occurred. The robot should reorient.
Modified shared control with piecewise thresholds aims to resolve contradicting informa-
tion. In an unstructured environment, visual guidance cannot result in movements that are
considered illegal from the force data. Utilizing the movement flow, different sensory data

are combined and 3D trajectories coherent with the spatial restrictions are produced.

Modified Shared Control with Feedforward Loop A feedforward vision controller
can be incorporated into shared controller schemes, and a high-level description is found
in [10]. Additionally, a hybrid position and force control scheme with an internal velocity
controller is used. Unlike other vision and force fusion algorithms, such as [64,(90], a vision
Jacobian is not required. Since highlevel task descriptions determine the use of each sensor,

probabilistic sensor weightings are not required. Figure depicts this approach.
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Figure 6.9: Control scheme with a feed-forward loop. The summation applies only to corre-
sponding pairs of desired set points and measured signals.

Mason’s compliance (task) frame decomposes the control system into 5 control directions
e d1: force direction: measured contact force between object and robot tool tip used in
pos/force velocity controller.

e d2: velocity direction: dominant control direction when no contact.

e d3: tracking direction: automatically generated desired trajectory .

e d4: vision direction: camera position relative to image feature of interest.

e d5: feedforward direction: to reduce the error from d1, d3 and d4.
The controller follows four principals for sensor fusion. (1) The task is divided into a sequence
of subtasks, (2) subtasks using both sensors must be operating in different directions for
different sensory modes, (3) vision feed forward allows force and vision to act in the same
direction, (4) the vision algorithm reconstructs 3D position of feature points for position

based visual guidance. The framework is promising yet requires experimental validation.
6.4 Conclusions

Force controlled manipulation is a common technique for compliantly contacting and in-
teracting with uncertain environments. Visual guidance is effective for reducing alignment
uncertainties between objects using imprecisely calibrated camera-lens manipulator systems.

Visual feedback provides information over a relatively large area of the workspace without
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requiring contact with the environment, and force feedback provides highly localized and pre-
cise information upon contact. These two types of manipulator feedback, force and vision,
represent complementary sensing modalities, and have a been individually widely adopted

in robotic applications.

Combining the two modes can provide thorough and holistic task space characterization,
and can theoretically afford better manipulation performance. Numerous recent research
approaches provide insight into promising direction, yet each method has its limitations
and disadvantages. The search for a generalized solution is a continued research direction,
as most promising and implemented approaches are tailored to specific applications. This
document presents high-level introduction of the two fields, and investigates recent advances
in integrated visual guidance and force control for robotic manipulation. The methods in
visual, force and integrated vision and force are also classified into acknowledged and accepted

categories.

In our case, the force and visual information are coupled in a sense that it is originally
derived from imaging processing by estimating the level of deformation perceived from the
surgical images. The control scheme for autonomy in surgical robotics tasks needs to be
very carefully designed in order to combine the visual information and the vision-based force

estimation information effectively. Thus, this literature search serves a very useful study.

6.5 Further Study

After the literature review, I was collaboraively involved in two telerobotics research that
concerns haptics. An error tolerance user study was conducted for haptic feedback in a
teleoperated palpation task and submitted as a paper to EMBC 2020 [42] (see section .
Later in another research project, we proven the possibility to integrate more information

other than contact force, such as robot joint limit warning, to haptic feedback. This work

was published to ICARM 2019 [89] (see section [6.5.2).
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6.5.1 FError Tolerance for Haptic Feedback In Telesurgery

This work investigates the effects of disparity between rendered haptic feedback and visual
feedback when interacting with deformable bodies, and is motivated by the use case of
haptic feedback in RMIS. Specifically, three variations in rendered force were investigated in

a simulated surgical palpation task:

1. (A) orientation: tilted towards or away from user;
2. (B) orientation: about the visual axis, CCW or CW;
3. (C) magnitude.

Figure 6.10: Positive and negative directions for test parameters A, B, and C. Green
indicates the ground truth force vector based on simulated physics, red and indicate
positive and negative error directions respectively. Black indicates axis of error parameter.
For A, positive error tilts the force vector into the page, and negative error tilts the force
out of the page. As viewed from the user, positive error in B rotates the force vector CCW,
and negative error CW. Parameter C scales the magnitude of the perceived force.

The three test variations, each with two test directions, are depicted graphically in Figure
[6.10 An adaptive thresholding method is then used to collect the minimum and maximum
tolerable errors in force orientation and magnitude of presented haptic feedback to maintain
sufficient performance. Positive and negative thresholds for satisfactory performance along

these parameters were sought in this study.

Table[6.1]shows the median final threshold values for each parameter. Overall, the results
of this study suggest operator sensitivity is not necessarily symmetric to orientation error
in vision-based force estimation. In particular, users tended to demonstrate an increased
robustness in force orientation error away and to the left (CCW). One possible explanation
arises when considering typical grasps for right-handed users in stylus haptic interaction

(such as during handwriting). A fulcrum is formed with the hand while the load generates
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forces at the stylus tip away and to the left. When the ground truth force is rotated towards
the direction of the lever link (toward the user and to the right), less force is perceived at

the fulcrum, resulting in degraded perception.

‘ Threshold ‘ Median

+ +14.4°
- -4.4°

+ +8.21°
- -6.05°
+ x1.08
- % 0.899

A

B

C

Table 6.1: Median Adaptive Thresholds

Furthermore, users maintained acceptable
palpation performance even if force magnitude
was scaled by about 10%. For the positive thresh-
old of force magnitude, 150% of the pop-through
force (2.3 N) saturates the haptic device output

at 3.3N. In contrast, no subject successfully com-

pleted the palpation task with attenuated force

magnitude on the first trial. This suggests that Figure 6.11: The experimental setup in
[42]. Motion commands are sent and a

lack of hapti i iderably detrimental
& lacik Of Raptic cues 15 considerably COUIICRAL - jeviated force feedback is received.

to task performance.

In general, the results of this study suggest that when considering accuracy of non-contact
vision-based force estimation for palpation error tolerance in :

1. orientation is greater away from the user;

2. orientation is greater in the direction away from the user’s dominant hand;

3. force magnitude is generally symmetric.
Force estimation confidence should thus consider user handedness and viewing perspective.
This work is submitted to EMBC 2020 , and we envision the result to inform guidelines

for vision-based tool-tissue force estimation.
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6.5.2 Haptic Feedback that Reflects Robot Joint Limits

Robotic proxies extend human control to task spaces that would otherwise be unattainable
by humans. However, kinematic difficulties associated with operating a remote maneuverable
robotic device may arise due to dissimilarities between the reachable workspaces of the robot
and the input device. This work reconciled these kinematic complexities using a naive tree
structure approach. A 3DOF robot was used to sample joint limits in Cartesian space. The
sampled joint limits were then used to compile a synthetic surface point cloud representing
the joint limits of the 3DOF end effector. Systematically storing point clouds in a tree data
structure, a local point cloud at any given joint limit can be retrieved. Well established

haptic rendering techniques can then be used for appropriate 3DOF feedback.

Results show that using this point cloud storage and retrieval method, the joint limits
for a 3DOF robot can be better represented, understood and maneuvered in cartesian space.
Using joint limit haptic rendering techniques can alert the human operator when a certain
limit has been reached, and thus reduce frustration and confusion in teleoperation. There
are still issues to be resolved in representing workspace kinematics accurately to an operator
using a telerobot, however, techniques used in this study raise the potential for using similar
methods for telerobots having extremely complex task environments and numerous degrees
of freedom. Direct next steps include algorithmic changes including the replacement of the

tree data structure with a more efficient, constant look-up time mapping table. This work

is published to ICARM 2019 [39].

Figure 6.12: (left) Operator-side visual feedback; (right) Local joint limit point cloud when
command input violated A4 limits.
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Chapter 7

CONCLUSION AND FUTURE WORK

During the course of my PhD, I developed a vision-based force estimation framework for
robot-assisted minimally invasive surgery (RMIS) that infers contact force between surgical
instruments and soft tissue through real-time tissue deformation analysis. As illustrated
in Figure [7.1], this framework is divided into three stages. Stage 1,2 are completed and
preliminary experiments are conducted for stage 3. Due to computation limitations, the

completion of stage 3 will require software efficiency optimization.

Stage 1: 3D segmentationand Stage 2: tissue deformation Stage 3: Bilateral
reconstruction of surgical tool versus tissue analysis and force rendering Teleoperation

tool

- — |
non-tc tool /
4 “ '4,

deformation o i ]
hapticimplementation

i
!
{
i

— force
.

8 o B 85 8 8

Foroe(N)
°

3 4
Displacement(mm)

Figure 7.1: My PhD research framework.

Looking at the bigger picture, RMIS has many benefits over traditional open surgery, and

combines the skills and decision making of highly-trained surgeons with the dexterity and
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precision of machines. This architecture entails the Control Agent (surgeon) sending motion
commands to remote Robots (surgical robot). Simultaneously, perceptual information is
relayed in the opposite direction, either in the form of direct feedback to human operators
or as decision factors for autonomous agents. When aspects of perception are weak or
unreliable, a Data Processing Agent can be used to reconstruct or estimate sparse perception
to ensure system robustness. This same component is effective for regulating consistency
and thus detect and deter cyber attacks. Through this cyber-physical system architecture,
however, surgeons lose direct force sensations otherwise present in manual surgery. Realizing
accurate force feedback in RMIS remains an open challenge, since direct placement of force
sensors at the tool tip is incompatible with required sterilization procedures. Vision-based
force estimation from real-time tissue deformation analysis serves as a promising non-contact
alternative and is the major theme of my PhD research. Below is a summary of how my

endeavors fit in this big picture and a brief description of future research plan.

- situation awareness

- data optimization
- perception complementarity l

. . perceptual
ZZEW Cyber Physical System information

0, motion . &
\f"‘mo% command L - interpretation l

£ 20N
< / 2 7
- e autonomous human - decision making
‘sensor positioning | X agent WITTIVSEIE operator a

Control Agent i
-

Figure 7.2: The bigger picture.

7.1 Data Processing Agent

The lack of haptic sensations in RMIS can result in undue forces during surgery, and a
solution would prevent unintentional tissue damage. To that end, I developed a framework
that employs vision to estimate force feedback based on tissue deformation induced by tool-

tissue interaction [204].
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7.1.1 Sttuational Awareness

Situational awareness entails understanding environment state through available sensory
data. In my research, ascertaining the relevant awareness answers the following question:
what do tissue patches in the vicinity of the tool-tissue contact look like? To identify a
region of interest (ROI), I implemented and comparatively analyzed multiple approaches for
image segmentation of surgical tool pixels from background tissue, including pure computer
vision [53], adding robot kinematic prior [204] and finally fusing with a machine learning
approach [170]. 3D reconstruction of the dynamic ROI is then implemented [207]. By
interchanging the order of segmentation and 3D reconstruction, I also discovered a trade-off

between computational efficiency and prone-to-false-positives [91].

7.1.2  Data Optimization

Data optimization improves the quality of sensory input through optimal sensor positioning
or pre-processing. Two sensory inputs are utilized in my research - vision and robot kine-
matics. In vision, external complications like specular reflection, occlusion and deformation
pose significant challenges to 3D reconstruction of surgical cavities. A multicamera system
is hence considered to yield a more accurate surgical 3D model. I created a graph-based
camera grouping and pair sequencing algorithm that automatically generates a high-quality
3D map from multiple, independently moving camera viewpoints [205]. Apart from vision,
robot kinematics information is another source of sensory data. However, motor backlash
and cable stretch for cable-driven robots like the Raven-II introduce inevitable uncertainties
into kinematics calculations. To compensate for this inaccuracy, I collaboratively built a
data-driven robot position correction model [81]. In ongoing work, I aim to seek solutions

to further improve sensory data quality.

7.1.3 Perception Complementarities

Perception complementarities synthesize available sensory data to reconstruct absent or weak
perceptual senses [208]. T developed an autonomous algorithm that distinguishes static, shift-

ing and deforming 3D points. This was used to create tissue deformation maps from temporal
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changes in the 3D surgical cavity model using 3D registration [203]. I currently pursue opti-
mizing vision processing software for better time efficiency so that real-time force estimation
from the surgical deformation map and tissue dynamics models is possible. Meanwhile, I
collaboratively investigated the tolerable vision-derived haptic feedback error such that a
surgical palpation task can still be successfully done [42]. Several alternative approaches
to force estimation in RMIS rely on static force analysis, i.e. deriving end effector force
from joint torques. However, critics are quick to identify that the derived force is extremely
noisy, due to friction from within the cable driven joints and the surgical tool shafts when
interfacing with the trocar. My future research will combine vision-based and robot-based
force estimation approaches into a more vigorous and robust estimation framework. Beyond
reflecting tool-tissue contacts, haptic feedback reflecting robot joint limits can also improve

operator workspace limit perception issues [89).

7.2 Control Agent

A control agent interprets all forms of perceptual information, including enhanced sensory
measurements and artificially generated senses from the perception complementarity. The

control agent also commands robot motion.

7.2.1 Interpretation

Interpretation involves incorporating perceptual information to derive an understanding of
the surroundings. While this comes intuitively for human operators, integrating various
perceptual modes can be challenging for autonomous agents. To address this, I examined
control strategies integrating both force and vision [119]. In ongoing research, experiments

tailored to analyze perception fusion in autonomous agents are a focus.

7.2.2  Decision Making

Decision making renders action from perceptual information and its interpretation. Depend-
ing on whether the target robot role is actuation or sensing, decisions impact either end

effector motion or sensor positioning. Addressing the former scenario, I collaboratively im-
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plemented an autonomous heartbeat motion compensation agent through imitation learning
and model predictive control. This research allows for robotic cardiac surgeries without
stopping the heart [233]. For the latter, I developed an autonomous multicamera viewpoint
adjustment algorithm formulated as a constrained maximum coverage problem in dynamic
surgical cavity 3D reconstruction [206]. This was motivated to require fewer cameras for
reconstruction, and relies on adjusting camera angle. My research program aims to develop
autonomous solutions using artificial intelligence and transfer learning toward improving

robot manipulation or sensor placement.

7.3 Robots

Robots serve as the platforms that perceive and interact with the physical world. With
distinct mechanical and software design of robot systems, many perception complementarity
and autonomous control frameworks are not readily generalized to other robots. Over the
course of my Ph.D, I contributed to the collaborative robotics toolkit (CRTK)|[[][202] and its
associated AMBF simulator||, an NSF National Robotics Initiatives funded project jointly
with Johns Hopkins University and Worchester Polytechnic Institute. The initial motivation
was to build a common API for Raven-II and the da Vinci Research Kit (dVRK), telerobotic
systems primarily used in surgical applications. However, it also encompasses teleoperation
or cooperative control of other robot systems, including prototypical industrial robots. My
future research will prioritize making robots compatible with CRTK to expand cross platform

support.

Moving forward, my research interest aims to investigate more perception complementarity
scenarios; and solidify the vision-based force estimation pipeline. These interdisciplinary
endeavors analytically, computationally and experimentally advance all 3 color-coded com-

ponents (See Figure in robot-assisted surgery.

Leollaborative robotics toolkit (CRTK), https://github.com /collaborative-robotics
2AMBEF simulator, https://github.com/WPI-AIM /ambf


https://github.com/collaborative-robotics
https://github.com/WPI-AIM/ambf
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Appendix A

LIGHTING REFACTORIZATION

The camera used in this work has an
automatic brightness adjustment feature,
which can be disturbing because the light-
ing is inconsistent throughout the video se-
quence. Some pre-processing of brightness

equalization is needed before feeding the

images into the three reconstruction algo-
rithms. This is essential because without Figure A.1: The image frame samples before
brightness compensation, it will be difficult and after brightness re-factorization.
for the feature matching algorithm to find correspondence. Using the brightness of the first

image I' as our standard brightness, Eq is applied to all successive images.

Nz Ny 3 1
Nz Ny 3 i
I' = I' xbrightness_scale

(A.1)

brightness_scale

Where Nx and Ny are respectively the number of rows and columns in the image and c is

the index of the three channels in the RGB color space.

The ith image in the video sequence is I* and operator .x denotes pixel-wise multiplication
of the image and the scaling factor. Rhe raw image samples are shown on the top half of

Figure while the image samples after brightness modification are on the bottom half.
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INTEGRATED VISION AND FORCE PAPER LIST

Ref | Conf./Year | Role of Force Role of Vision Remark
IROS, 2016 | Force sensor: ac- | Image modal- | Robotic palpation Sys-
[162) quire the contact | ity:  ultrasound | tem/elastography  modality
force sensors and force measurement as
input /probe control
ICRA, 2017 | Force sensor: ac- | Image modal- | compression motion with ap-
[163] quire the contact | ity:  ultrasound | plied force control/ visual ser-
force Sensors voing control for autonomous
palpation
IROS, 2017 | Force sensor: ac- | Image modal- | mage-based visual servoing,
[164] quire the contact | ity:  ultrasound | force control and non-rigid
force sensors motion estimation/find elastic
property of a moving tissue via
a robot-assisted system
[32] | ICRA, 2015 | Force sensor: ac- | Image modal- | ultrasound-based visual ser-

quire the contact

force

ity:  ultrasound

Sensors

voing framework/ position-
ing optimization of ultrasound
probe/ also utilizes for mea-

surements
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Transactions
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Transactions
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CIS RAM,
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on Haptics,
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on  Neural
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bilitation,
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quire the contact

force
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quire the contact

force

Force feedback:

target guidance

Force feedback:

fictitious force
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back:Target

guidance

Visual sensor: en-
vironment under-

standing

Visual sen-
sor:reconstruct
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ronment

Visual Sensor:

kinect 3D sensing
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stereoscopic
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construct object

pose and robot
joints configura-
tion
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tracking error under uncer-
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output-feedback path-
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actuated autonomous under-
water vehicles/path-following
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equipment
robot-assisted laser mi-
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turns, and the walking direc-
tion and the feet follow/ hu-
manoid robots based mainly
on ZMP which concerns the
force acting between the foot
and the ground indicating
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performance improvement
that force feedback can

provide in a virtual environ-
ment/ haptic guidance did
not take control away from
the user/compare how much
force feedback improve the
performance of tasks in virtual
world
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Brake Actuated Manipulator
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troller comparison/three con-
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cancelling, and force map-
ping/with and without visual
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Vibro-tactile feedback mecha-
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employs variable weights for
each sensor system/movement
flow-based visual servoing/ de-
tection of interaction forces
processed by a Kalman filter
fusing visual and force infor-
mation/ tracking trajectories/
employs variable weights for
each sensor system/movement
flow-based visual servoing/ de-
tection of interaction forces
processed by a Kalman filter/
learning control approach is
presented for visual and force
servoing of a robot in an un-
known environment/mapping
from image features to joints/
force servoing: an impedance
control law is obtained
combining direct force control
and visual servoing in the pres-
ence of unknown planar sur-
faces/ force feedback control
loop/ vision based trajectory
as a feed-forward signal /robot
arm draw lines while maintain-

ing contact force
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three different

which

strategies

combine force and
vision within the feedback
loop of a manipulator/ traded
control, hybrid control, and
shared control

combine force control and vi-
sual servoing in an uncali-
brated workspace/vision and
force sensors both on manip-
ulator/feedforward /fused con-
trol method

robot

adaptive con-

troller/ robot is visually

guided/contacting  task in
unknown  environment/force
servoing task: force at the tip
of the manipulator converge
to the desired value/ visual
servoing task: to make the
image features converge to
given desired trajectories

uncertain plane surface trac-
ing based on vision and force
sensing/validated by simula-

tion with MatLab robotics

toolkit
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In simulation/virtual visual
servoing/open paper drawer
for printer/ estimating the
configuration of an articulated
object to be manipulated by a
humanoid robot
trim-and-final assembly/
Robot assisted wheel loading
process/ force control and
visual servoing loop/ estimate
assembly time and tracking

error

: Denotes the underwater vehicle applications.

: Denotes the unmanned aerial vehicle applications.
: Denotes the space exploration applications.

: Denotes the haptic virtual simulation applications.
: Denotes the industrial robotic applications.

: Denotes the medical applications.
: Denotes the other applications.




	List of Figures
	List of Tables
	Introduction
	Background
	Overview
	Submitted Scholarship

	2D Surgical Tool Segmentation
	Methods
	Experimental Design
	Results and Discussion
	Conclusion
	Further Study 

	A Comparison of 3D Surgical Tool Segmentation Strategies
	Background
	Methods
	Experimental Design
	Results and Discussion

	Multicamera Dynamic Surgical Cavity 3D Reconstruction
	Background
	Preliminary Study
	Methods 
	Experiments
	Results and Discussion

	Tissue Deformation Analysis and Force Estimation
	Background
	Methods
	Experimental Results
	Conclusion
	Further Study 

	Haptic Feedback in Robotic Surgery
	Visual Guidance
	Force Control
	Integrated Vision and Force Control
	Conclusions
	Further Study 

	Conclusion and Future Work
	Data Processing Agent
	Control Agent
	Robots

	Bibliography
	Lighting Refactorization
	Integrated Vision and Force Paper List

