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Surgical robots have been widely used to assist surgeons to carry out dexterous surgical

procedures via various ways. Robotically assisted surgery allows surgeons to overcome the

limitations in the minimally invasive surgery and thus to enhance the surgical performance.

Most of the robotically assisted surgery require surgeon’s operation directly or indirectly via

a teleoperation station. A certain level of autonomy in robotic surgery could not only free the

surgeon from some tedious and repetitive tasks, but also utilize the advantages of the robot:

high dexterity and accuracy. This work considers the image-guided robotic neurosurgery,

aiming to semi-automate a neurosurgical procedure for clean up the tumor residues after

manual removal of the brain tumor using a surgical robot, where the manual operation is a

tedious and time-consuming task for surgeons due to long time integration of the fluorescent

signal. The entire medical procedure is modeled using behavior tree framework, and encoded

and tested on RAVEN TM II surgical robotic platform using a simulated brain phantom.

Furthermore, a path planner is developed that automatically synthesize different ablation

path plans to cover the entire tumorous regions. At the current stage, the path planner is

able to generate three types of path patterns for the surgeon to choose the most reliable plan

before robotic execution. Along with the generated path plans, other computed metrics such

as the total number of the via-points in each plan, estimated time for the robotic execution,

will also be delivered to the surgeon for reference.
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GLOSSARY

TUMOR ABLATION: is a surgical method to remove tumor tissue. Special probes are used
to “burn” or “freeze” cancers.

TUMOR RESECTION: refers to the general surgical procedure of removing tumor tissue.

DEBULKING: is the reduction of as much of the bulk (volume) of a tumor as possible. It
is usually achieved by surgical removal.

SURGICAL CAVITY: is a concave cavity that is exposed after the debulking of brain tumor,
which can be up to a ping-pong ball size.

SURGICAL SITE: refers the part of the body where the surgery takes place. It also refers
to the surgical cavity based on the context.

TUMOR RESIDUE / RESIDUAL TUMOR: refers the positive tumor margin that remains on
the surface of the surgical cavity after surgical debulking. Tumor residues can be in
any shapes and sizes.

CONTOUR: refers to the tumor boundary.

VIA-POINTS: refer to the intermediate points between the starting point and the desti-
nation in a resection path.

vi
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Chapter 1

INTRODUCTION

Ever since the first documented robotic-assisted surgical procedure in 1985 [1], when

an industrial robotic arm (PUMA 560) was used for neurosurgical biopsy, surgical robotics

has been studied and developed for many medical applications by many research groups

worldwide. In the last decade, new medical imaging and image-guidance technologies have

been explored in combination with robotics to augment a variety of medical procedures by

providing surgeons with accurate spatial information about the location and anatomical re-

lationships of subsurface structures and instrument positions [2]. This integrated technology

approach for medical imaging, image processing and segmentation, registration, tracking, and

visualization, as well as human-robot interaction, offers potential benefits to both patients

and physicians, and thus has been intensively studied and applied primarily in minimally

invasive surgery. Clinical applications using image-guided robotic technology show enhanced

dexterity and precision during the operation in the area of urology [3], orthopedics [4] and

neurosurgery [5, 6], compared to the traditional open or laparoscopic surgery, although im-

proved outcome of the robotic surgery has yet to be proven.

In the past few years, the development of molecular imaging technologies has greatly in-

creased the visual information available to the surgeons during the operations. Near-infrared

(NIR) fluorescence imaging has been shown feasible during cancer surgery (i.e. tumor ab-

lation) using available imaging systems and contrast agents [7]. NIR fluorescence imaging

makes the intraoperative tumor visualization and identification available to the surgeon, and

therefore, has the potential to reduce the frequency of positive margins and the number of

second surgeries [8].
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1.1 Clinical Scenario

For patients with malignant gliomas, a safe maximal resection of the brain tumor is key to

the higher survival rate. Clinical study of patients with glioblastoma showed significantly

longer survival times for patients with 98% or more resection of tumor volume [9]. However,

complete resection of the brain tumor at the margins is still a challenging task for surgeons

due to the complex anatomic situations with high-risk structures in the cranial area and

the lack of clear delineation between the tumor tissue and normal brain tissue. Therefore

complete resection can only be achieved in a minority of patients. Fluorescence imaging

techniques have shown great potential for improved surgical outcomes by providing surgeons

intraoperative contrast-enhanced visualization of the tumor with modern contrast agents.

One such agent, 5-aminolevulinic acid (5-ALA) has been assessed in many clinical studies

[10, 11] but has limitations that the depth of imaging is reduced compared to NIR imaging,

and the color rendering of the tissue reflectance image is distorted due to the absence of

visible light within the fluorescence channel.

In the proposed clinical scenario, “Tumor Paint” [12] is considered for providing the

molecular-specific imaging of brain tumors. “Tumor Paint” is a molecule derived from scor-

pion toxin, which is able to selectively bind to brain tumor cells and fluoresces in the NIR with

the illumination of conjugated dye from red laser illumination as shown in Figure 1.1, or from

NIR illumination in the BLZ-100 product [13]. The cancerous regions can be segmented in

the NIR fluorescence image which is co-registered with reflectance full-color images. Because

fluorescence responses of residual tumor cells remaining after the major debulking can be

very weak, significant integration time may be required for a clear image segmentation. Due

to this long integration time, manual treatment of the fluorescently labeled tumor residues is

very tedious and nearly impossible. Thus, this procedure for tumor residue ablation is ideal

for robotic automation with advanced multimodal laser-based imaging.
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(a) (b)

Figure 1.1: Detection of mouse brain tumor injected with Tumor Paint in near-infrared
fluorescence image captured by scanning fiber endoscope: (a) standard fluorescence image
of a mouse brain. (b) post-processed image of the same mouse brain ex vivo.

1.2 Medical Robotic Problem Description

Based on the above clinical scenario, this thesis explores the feasibility for robotic automation

of residual brain tumor ablation under surgeon’s supervision. It is assumed that the bulk

of the brain tumor will be removed through conventional surgery and a surgical cavity up

to a ping-pong ball size will be exposed afterward. The goal is to automatically detect and

clean up the tumor residues exposed and remaining on the wall of the surgical cavity using

an intelligent robotic system, which is built with a RAVENTM II surgical robot platform, a

multi-modal Scanning Fiber Endoscope (SFE), a surgical suction tool and a stereo camera

pair. The robotic system will first perform an initial scan of the surgical cavity to search

for the fluorescence labeled tissues. A 3D model of the surgical cavity, labeled with the

detected tumor residues, will be created from the scan. Then a motion planning module will

automatically synthesize ablation plans based on the size and shape of the detected tumor

residues. The surgeon will then authorize a subset of the plans for automatic ablation and
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visually monitor the progress.

1.3 Raven Surgical Robot

RAVENTM II (Figure 1.2) surgical robot is an open-source platform for medical robotics

research [14]. RAVENTM II is a cable-driven mechanism and was originally designed as a

robot for teleoperation, like the da Vinci R© system. As medical robotics research explores

increasing use of automation, limitations affecting positional precision, such as cable stretch-

ing and friction, mechanical backlash, and the imperfect kinematic model, which are not

critical for teleoperation become significant obstacles for autonomous tasks. In the following

sections, methods are discussed to mitigate these issues.

Figure 1.2: Overview of RAVENTM II surgical robotic system.

source: http://applieddexterity.com/wp-content/uploads/2013/04/ravensys_lrg-644x320.png

1.4 Medical Imaging System - Scanning Fiber Endoscope

Scanning Fiber Endoscope (SFE) [15] is a multimodal medical imaging system which is able

to work in both reflectance and fluorescence video modes. The instrument consists of red-

green-blue (RGB) laser illumination sources coupled into a single mode optic fiber that can

be spiral scanned in 2D using a piezoelectric tube as an actuator (Figure 1.3). The small rigid

http://applieddexterity.com/wp-content/uploads/2013/04/ravensys_lrg-644x320.png
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tip (1.6 mm in diameter and 9 mm in length) on a highly flexible shaft allows unobtrusive

optical guidance on small robotic end-effectors.

Figure 1.3: Schematics of the Scanning Fiber Endoscope.

source: http://sitemaker.umich.edu/betrnet/files/schematic.jpg

1.5 Technical Aspects and Research Aims

This work describes the bench-top implementation of the robotic automation of a neuro-

surgical procedure for clean-up the brain tumor residues under surgeon’s supervision. The

automated surgical procedure is divided into the following task sequence:

1. Collection of medical images: geometric scanning of the surgical cavity exposed after

manual debulk

2. Medical image processing:

• Specular reflection removal

• 3D image reconstruction of the surgical cavity

• Localization of the tumorous tissue inside the surgical cavity

http://sitemaker.umich.edu/betrnet/files/schematic.jpg
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3. Generation of one or more ablation plans

4. Plan selection by the surgeon

5. Plan execution by the surgical robot with vision feedback

6. Validation of the ablation outcome via SFE vision

These subtasks will be repeated until no cancerous tissue is detected in the last step.

Algorithmic details of subtasks will be addressed in the following sections.

This thesis demonstrates the feasibility of modeling the ablation procedure using the

Behavior Tree framework, creating a 3D model of the surgical cavity from a set of 2D

reflectance and fluorescence SFE images, as well as the validity of a surgical coverage path

planner based on the generated point-cloud of tumor residues. Furthermore, this work focuses

on integrating an intelligent surgical robotic system on software and hardware levels, as well

as development and validation of the algorithms for medical imaging and guidance of surgical

instruments subject to medical procedure constraints and real-time endoscopy. This work

aims to provide a pilot study of an integrated intelligent medical robotic system for semi-

automation of a medical procedure in image-guided brain tumor ablation surgery with the

following research aims.

Aim 1: Develop a framework for medical automation (Chapter 2)

Behavior tree is used to model the medical procedures and is implemented as the top-level

of the control architecture for decision making and automatic coordination of each subtask

with the surgeon in the loop. A new logic node (Recovery Node) is implemented to meet

the requirements of this medical scenario.
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Aim 2: Develop motion planning algorithms for image-guidance and robotic

resection (Chapter 3 and Chapter 5)

Motion planning is highlighted in two key aspects of this research: 1) Guidance of the surgical

instrument and imaging system to the target region and 2) generation and execution of the

ablation plans in the target region. The first part addresses the motion planning and control

of the vision system, which requires real-time feedback from the vision system and registers

the robot pose with the vision frame. The second aspect focuses on trajectory planning of the

surgical instrument based on detected tumor residues. Given the tumor segmentation map

generated from 3D image reconstruction, the planner will synthesize paths which completely

cover the segmented area subject to the following medical constraints:

• Complete removal of all labeled tissue. Minimize the removal of normal tissue.

• Imaging and planning must be repeated until no labeled material (cancerous tissue) is

detected.

• Each residual tumor is assumed to be homeomorphic to a sphere (that is to have no

holes) but is likely to have tendrils which will require specialized plans.

• A surgeon must have reliable control and choose the trusted plan for robotic treatment.

Aim 3: Integrate an interactive surgical robotic system of software, hardware,

and SFE imaging (Chapter 4 and Chapter 5)

To achieve a fully intelligent surgical robotic system that is able to perform image-guided

robotic surgery in an automated manner, system integration on both software level and

hardware level are necessary. Mechanical parts are designed for assembling the imaging sys-

tem and the surgical instrument as well as the robotic system. Significant software modules

such as imaging, reconstruction, and planning are integrated with the robot control module
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for smooth and automatic functionality in demonstrations. A user interface is coded for

displaying the corresponding information to surgeons.

Aim 4: Demonstrate the adaptability towards clinical experiments (Chapter 6)

The semi-automated image-guided robotic brain tumor ablation is performed on a brain

phantom, glutinous “tumor” material, using visible light color segmentation. System perfor-

mance is evaluated and analyzed for potential usage in the future clinical application. NIR

imaging test with mouse brain tumor and NIR fluorescence marker is conducted to verify

the feasibility of the algorithms.

In the long-term perspective, this research will contribute towards automating medical

procedures that combine the techniques originating in the industry and the robotic AI com-

munity with the medical constraints for clinical applications.
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Chapter 2

BEHAVIOR TREE FRAMEWORK FOR
MEDICAL AUTOMATION

This chapter1 describes a modeling framework for the automation of medical proce-

dures. Behavior Tree is used as a top-level modeling language for describing of medical

sub-procedures and transition between each subtask. A new node type specifically designed

for handling medical outcome and a data storage structure is introduced.

2.1 Autonomy in Medical Robotics

As surgical robotics research progresses beyond teleoperation towards automation, there is a

need to robustly represent high-level medical tasks and deliver intelligent surgical plans based

on the decision-making of artificial intelligence. Autonomy in robotic surgery does not mean

the absence of surgeon [17]. Instead, it involves the perception of the environment by the

robotic system and a corresponding adaption of its behavior to the changing environmental

parameters [18] under the supervision of the surgeon. Combined with advanced medical

imaging technology and modeling techniques, as well as the traditional CAD/CAM related

technologies from the industry, a certain degree of autonomy in robotic surgery may relieve

the surgeon from tedious and receptive work and exhibit better overall precision and accuracy

of the surgical intervention.

A few applications of autonomous medical robotics have achieved clinical approval over

the last few decades. Most of these applications are related to orthopedic surgery, neu-

rosurgery, and radiotherapy. ROBODOCTM was introduced into orthopedic surgery since

1992 [19], for execution of pre-planned cuts in total hip replacement [20]. NeuroMateTM is an

1Parts of this chapter are reprinted, with permission, from [16].
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image-guided stereotactic robot that is able to automatically guide and perform neurosurgical

procedures [21, 22], e.g., deep brain stimulation(DBS) and stereotactic electroencephalogra-

phy(SEEG). Autonomous robotics has been applied to radiosurgery, such as the CyberKnife R©

system, which is able to track, detect and correct for even the slightest motion that might

occur throughout treatment delivery in real-time [23], as well as the GammaKnife [24] for

head positioning, planning, and treatment.

Recent academic research has demonstrated more intelligent behaviors in performing

autonomous surgical sub-procedures. Knot tying in suturing is one automated surgical task

studied by several researchers. [25] used a recurrent neural network to learn knot tying in

robotic heart surgery, and [26] used iterative learning to automate the knot tying subtask in

suturing at the superhuman performance. Robotic systems and methods for automatic needle

steering have also been explored in [27, 28]. Other laboratory results include automated

debridement [29] and cochlear implantation [30,31].

2.2 Behavior Tree as A Multi-task Control Framework

Behavior Tree (BT) is a graphical modeling language which encodes the artificial intelligence

(AI) behaviors into a tree. The traversal of the tree from the root node to leaf nodes realizes

the decision-making and behavior execution of the AI. BT allows the graphic representation

and formalization of complex action flows and thus facilitates the conversion into code and

data streams [32]. BT architectures can be addressed in two types [33], i.e., event-driven

BT and data-oriented BT. Event-driven BT attempts to minimize the amount of work done

at each ticking frame, and thus guarantees the minimum computation and improvement on

both performance and debugging. This type of architecture updates the tree only when an

event occurs, e.g., when the state of a node changes. Data-oriented BT aims to boost the

overall performance by optimizing the memory coherency. This type of architecture improves

the cache performance by using a stack allocator for the whole BT.

While simple behaviors can be modeled using finite state machines (FSMs), and there are

no claims that BTs are superior over FSM [34] from a theoretical viewpoint, BTs are starting
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to gain preference over FSMs in the AI community due to their flexibility, simplicity, and

reusability. For large and sophisticated systems, BTs provide more scalable and modular logic

[35]. In recent years, the BT notation has been extensively used for modeling the non-player

characters (NPCs) in interactive video games, such as the Halo Series [36] and DEFCON [37].

In robotics, BTs have been recently tested as a multi-mission control framework for humanoid

robot control [38–40] and unmanned aerial vehicle(UAV) control [41,42].

This research explores the potential utility of BTs as a modeling language for intelligent

robotic surgical procedures. The flexibility, reusability, and simple syntax of BTs will poten-

tially help the surgeon and engineer model complicated surgical procedures and implement

them in robotic surgery. To the best of our knowledge, this is the first time that BT is

applied for modeling and control in medical robotics.

2.3 Medical Procedure Modeling using Behavior Tree

In robotics, classic motion planning from goal states and environmental feedback has for

decades been considered as a general approach for automation. In the context of surgery,

the robustness of the plans should be emphasized as the plans are only probabilistically

successful. This thesis focuses on the development of a highly flexible framework using BT

notation for the representation and sequencing control of automation in medical robotics.

2.3.1 Essence of the Behavior Tree

The BT notation models the system behaviors into a spanning tree via a set of hierarchical

nodes. Transitions between nodes are specified by the several types of the parent node. A

behavior tree consists of several types of nodes. All BT nodes can return one of three states:

‘running’, ‘failure’, and ‘success’. These nodes can be further grouped into three parts based

on the functionality in the tree: root node, logic node, and leaf node. A root node is the

top node of each BT. For each BT, there exists only a single root node. The logic nodes

provide the transition logic between the different behaviors. The leaf nodes of a BT execute

the actual action commands that control the AI entity. Listed below are five types of the
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most frequently used nodes and their symbols in the construction of a BT.

Root ∅ : generates enabling signal with a certain frequency.

Sequence → : enables and executes its children sequentially and returns success iff all

children return success.

Selector (Priority) ? : enables and executes its children sequentially and returns success

the first time a child returns success.

Parallel ⇒ : enables its children sequentially for parallel execution. It returns success iff

the fraction of its children reporting success is greater than S, where 0 < S < 1.

Decorator ♦ : executes its children until a certain condition is satisfied.

Action © : performs a certain subtask and at each frame, returns ‘running’, ‘failure’, or

‘success’. It belongs to the leaf node type.

The implementation of BT framework is based upon the work from [40]. The enabling

methods of each node are modified such that the efficiency of the tree traversal is improved.

Instead of executing all nodes at each ticking frame, the status of the currently active nodes

is checked and updated if its children’s status is updated. A general BT for any medical

procedure can be expressed in Figure 2.1. The treatment procedure takes place only after

the disease is successfully diagnosed.

In addition, to meet the medical requirements and handle the uncertainty in robotic

surgery, a new type of BT node and a data structure is implemented.

Recovery node

In robotic surgery, possible failures or incomplete results may occur during the robotic inter-

vention. To deal with these imperfect outcomes, a recovery � node type is implemented.

This type of node is able to initiate a recovery procedure that brings the robot to a safety
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Medical procedure →

Diagnose → Treatment →

A1 A2 A... A1 A 2 A...

Figure 2.1: Generalized BT representation of medical behavior.

�

Medical procedure → recovery procedure →

Figure 2.2: Generalized BT representation of medical behavior with recovery capability.

region in the surgical environment when the main treatment procedure is not successful, and

then repeat the major surgical procedure until a specified status is reached.

A recovery node has only two children (Figure 2.2). The first child has a higher priority

over the second child, and therefore usually represents the main surgical procedure. The

second child represents the recovery procedure which usually resets the robot state and

prepares for the next trial of a robotic intervention. The recovery node returns success if

and only if the first child succeeds, otherwise the recovery procedure (second child) will be

executed and then repeat the execution of the first child. This node returns failure if the

first child fails after a certain number of repetitions C or the recovery procedure fails. The

pseudocode is described below in Algorithm 1.
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Algorithm 1 Recovery Node.execute()

1: if getState(child(1)) = Success then
2: return Success
3: else if getState(child(1)) = Running then
4: return Running
5: else if getState(child(1)) = Failure then
6: execute(child(2)); counter++
7: if getState(child(2)) = Success and counter ≤ C then
8: execute(child(1))
9: return Running
10: else if getState(child(2)) = Failure or counter > C then
11: return Failure
12: else if getState(child(2)) = Running then
13: return Running
14: end if
15: end if

Blackboard

A shortcoming of the existing BT implementation [40] is the lack of a mechanism for data

flowing between nodes. All data are encapsulated inside each individual node. However,

medical procedures usually involve large data sets that need to be passed from one step to

another, e.g., the CT scans took at the beginning needs to be referred later. To address this

problem, a global blackboard data store is implemented. The blackboard contains a set of

data generated and consumed by leaf nodes and provides a set of methods to manipulate

the data, such as read, write, update and delete. A leaf node can link to the blackboard

instance via pointer reference. Each BT contains single blackboard instance for shared data

flow between leaf nodes.

Blackboard is implemented as a hash table, which maps each key (name of the data) to a

block of memory for value storage. Each operation (insert, delete, search) yields on average

O(1) time complexity. Figure 2.3 gives an example of how the data is stored internally

alongside with the BT.
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keys
hash

function
buckets

queries from
BT node

cavity

tumor

zigzag

spiral

mix

...

000

001

002 double | size t | *p to data block

...
...

100

101

102

103

double | size t | *p to data block

double | size t | *p to data block

double | size t | *p to data block

double | size t | *p to data block
...

...

Figure 2.3: Blackboard implementation in semi-automated brain tumor resection.

2.3.2 Behavior Tree Representation of the Semi-automated Brain Tumor Ablation

In this study, the procedure for brain tumor ablation can be divided into six major steps

sequentially: 1) scanning, 2) model creation 3) plan generation, 4) surgeon authorization, 5)

plan execution and 6) examination. A sequence node is used to combine these major steps.

Each step can be further divided into several subtasks. Each specific subtask is modeled as

a leaf node - action node. As addressed above, a recovery node is used to handle possible

incomplete or unsuccessful robotic intervention. The recovery procedure includes two steps.

First, it will clear all the current generated plans in the blackboard and reset the BT. After

that, it will start an initialization process to bring the robot to a known safety region. Figure

2.4 describes the BT representation of this semi-automated tumor ablation procedure.
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Chapter 3

PATH PLANNING

This chapter1 presents robust path planning methods for robotic ablation of tumor

residues in various shapes, which are represented in point-clouds instead of analytical ge-

ometry. Along with the path plans, metrics are delivered to the surgeon for selecting the

best plan for the automated robotic ablation.

3.1 Background and Related Work

3.1.1 Path Planning in Robot-assisted Medical Procedure

Most of the path planning in current robot-assisted surgery focus on 1) minimizing the

tool path length and 2) avoiding the collision with the vital tissue when approaching the

target. In recent years, motion planning for robotic needle steering is one of the most

intensively studied examples for medical procedures including tissue biopsies, tumor ablation,

and brachytherapy cancer treatment. Alterovitz et al. [44, 45] developed a motion planning

algorithm for flexible needle steering that considers the uncertainty in robotic motion and

maximizes the probability of avoiding collisions and reaching the target. Durham et al. [46]

presented a 3D, constant time, motion planning algorithm for steerable needles using inverse

kinematics. Jackson [47] proposed a path planner for autonomous robotic suturing that

aimed to minimize the interaction forces between the tissue and needle. Bernardes et al.’s

method [27] combined closed-loop feedback with intraoperative path replanning for dynamic

scenes. Other related planning in medical fields includes minimally invasive surgery, where

the optimal port placement and pose planning of the robot were discussed [48], and in virtual

1Parts of this chapter are reprinted, with permission, from [43].
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endoscopy, where the optimal guidance path for endoscopic exploration of 3D medical images

was computed [49].

3.1.2 Complete Coverage Path Planning

The intraoperative path planning in this study is related to the Complete Coverage Path

Planning (CCPP), which requires the robot to visit each area in the target region, i.e.,

the residual tumor. Many algorithms based on a two-dimensional (2D) environment have

been developed over the decades for applications in Computerized Numerical Control (CNC)

machining, such as the generation of cutter paths in pocket milling [50–52], in which case the

geometry of the target region is well defined a priori using a CAD model. Another heavily

studied area of CCPP is in mobile robotics [53,54] such as cleaning robots [55], lawn mowers,

underwater searching robots and automated farm machines [56], where the geometry of the

target region is unknown, but robots are able to perform dynamic planning with the feedback

from onboard sensors.

3.1.3 Analogy to the Industrial Task

In this project, the target regions (residual tumors) consist of a set of point-clouds generated

from SFE image processing. The proposed CCPP is based on the point-clouds, which contain

limited geometrical information. A similar approach is found from reverse engineering in

rapid prototyping manufacturing. In that case, the point-cloud is obtained by a scanning

system from existing physical profiles, such as sculptures. The traditional approach is to

reconstruct the CAD model from point-clouds [57, 58] before the generation of the tool

path. However, the reconstruction procedures are computationally inefficient and require

interaction by users with advanced knowledge of surface modeling [59]. Alternative methods

without the entire surface reconstruction include Z-map modeling [60], 3D biarc fitting [61]

and moving least-square surfaces [62]. These methods are relatively fast but inaccurate due

to the noisy points input.
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In this thesis, the proposed path planning for generation of robotic ablation plans will

need to combine the above-mentioned methods with the consideration of contour/shape

irregularity as well as the surface uncertainty.

3.2 Planning Algorithms

3.2.1 Problem Definition and Assumption

Assumption

In this study, following assumptions are made:

1. All residual tumors are homeomorphic to a sphere, i.e., there are no holes in each

residual tumor or only the outermost tumor boundary is analyzed.

2. All cancerous tissue remains on the surface of the surgical cavity, although it is possible

in real clinical case that the tendrils may go deeply into brain tissue, in which case

another scan - plan - ablation cycle will be initiated.

3. The surgical cavity is close to an inverted shallow spherical dome, but its inner surface

can be rough. This assumption is based on the reachability of the currently available

surgical tool.

Problem definition

The objective of the path planner is to find complete coverage path plans given a 3D segmen-

tation map of each residual tumor detected in the surgical cavity. More precisely speaking,

given a set of points Pc that represent the contour of a residual tumor and a set of points

Ps that describe the inner surface geometry of that margin, as well as a minimum circular

treatment area At of the surgical tool, the goal is to deliver a finite set of possible path plans

S that cover the entire margin area for robotic ablation.

S = Planner(Pc,Ps, At) (3.1)



20

where S 6= ∅, 0 < |S| ≤ n, n is an integer as the maximal number of plans. (n = 3 for

current version of the planner)

3.2.2 Complete Coverage Path Planning with Geometry Irregularity

Guidance plane and shape factor

The remaining residual tumors after the major removal could be represented in any arbitrary

geometry and size. By assumption, the residual tumors stay on the surface of the surgical

cavity, thus a guidance plane called Plg is defined such that the projection of the point-

cloud Pc onto Plg preserves the shape similarity. In this study, to get the maximal shape

similarity, the guidance plane is chosen as a plane perpendicular to the surface normal of

each tumor residue. The surface normal is computed as the average of point normals using

Point Could Library [63]. Figure 3.1 describes the guidance plane Plg of each tumor residue

in the surgical cavity.

Figure 3.1: Illustration of the guidance plane and surgical cavity.

The projection generates a set of 2D points Pproj with respect to the plane Plg. The

shape analysis is performed upon the polygonal approximation of the point set Pproj . Shape

characterization [64, 65] is a large area of image analysis, even a brief review is beyond the

scope of this work. This work focuses on the analysis of shape irregularity, i.e., shapes
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that have irregular, asymmetric and serrated edges, as do most of the brain tumor residues.

Circularity is chosen for overall evaluation of the shape irregularity and is described by

Equation 3.2.

fcirc(Pproj) =
4πA

P 2
(3.2)

where P is the perimeter of the polygon consisting of Pproj , A is the corresponding area

computed using Green’s Theorem, derived as Equation 3.3. Appendix A gives the detailed

derivation.

A(Pproj) =
n−1∑
k=0

(xk+1 + xk)(yk+1 − yk)

2
(3.3)

where n = |Pproj|, (xk, yk) is the k-th point of Pproj in counter-clockwise order.

It is obvious that the circularity of a circle is 1, and much less than one for an irregular

shape. Circularity determines the path patterns that will be used in planning. Another key

measurement is the enclosed area A of the boundary Pproj , which determines the maximal

number of plans delivered to the surgeon.

Planning flowchart

The flowchart of the plan generation is described in Figure 3.2. The approach is divided into

five major steps:

• projection onto the guidance plane

• smoothing

• 2D coverage path planning on the guidance plane

• reverse projection onto the original 3D surface formed by point-cloud

• path interpolation on a 3D surface
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The path planning algorithms are further divided based on the area of the shape into two

basic groups for improving the efficiency of robotic execution and reducing the removal of

healthy tissue.

Start

Input: Pc, Ps, At

Projection

Smoothing

A(Pproj) >
At?

Small area
planning

Big area
planning

Reverse
projection

Path
Interpolation

Output: S

Stop

no yes

Figure 3.2: Flowchart of the path planner.



23

3.2.3 Algorithms

Planning with shape irregularity - small area

The small area shape is defined as a polygon consisting of Pproj whose area is no larger than

the minimal treatment area, i.e., A(Pproj) ≤ At. At is defined as the minimum area cleaned

by the surgical probe when approaching to the tissue surface, and is approximated as a circle

in this study.

The coverage rate of a minimum treatment area is defined as the percentage of the Ps

that is located within the minimum treatment circle co-centered with Pproj . The path plan

for the tumor residue with a small area is determined by the coverage rate as described in

Algorithm 2.

Algorithm 2 Small area path generation

Require: Pc 6= ∅ , Ps 6= ∅, At ≥ A(Pproj) > 0
1: if coverage rate ≥ 95% then
2: Psmall ← centroid of Pproj

3: else
4: Psmall ← Pproj

5: end if
6: return Psmall

Planning with shape irregularity - big area

The big area shape is classified as a polygon consisting of Pproj that is larger than the

minimal treatment area At, i.e., APproj
> At. Three possible types of plan for each big area

shape are explored: zigzag, contour-parallel and mixed pattern of both.

Zigzag and contour-parallel are very common path patterns used in industrial CNC pocket

milling. Here, the similarity and difference compared to industrial applications is addressed.

The major difference is that in CNC machining, pocket’s contour is well defined as arcs, lines

using CAD/CAM, while in this work, the tumor’s contour is defined as a set of points derived

from image processing. In this case, contours can be much noisier even after smoothing
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compared to the industrial case. Although a certain level of smoothing is performed before

planning, it is not wise to filter out all noise that is potentially tumor cells. The proposed

algorithms are able to robustly deal with edge noise and avoid numerical error.

1. Zigzag path planning is computationally the most efficient algorithm among above-

mentioned plans, although this plan sometimes generates inefficient paths for robotic execu-

tion. When dealing with very irregular shapes, such as shapes with tendrils, multiple tool

retractions are required. The Algorithm 3 for zigzag planning is based on the traditional

zigzag planning [52] with modifications to fit the medical application.

Algorithm 3 Zigzag path generation

Require: Pc 6= ∅ , Ps 6= ∅, A(Pproj) > At > 0

1: doffset ←
√
At/π

2: Mc← construction of monotone chains along sweeping direction from Pproj

3: Pinters ← intersection points between Mc and parallel offsetting lines.
4: Pz ← sorting of Pinters into zigzag pattern
5: return Pz

According to the ray casting algorithm, the intersection points computation normally

generates an even number n of points and n-1 path segments on each parallel offset line.

The middle point of each path segment lies alternately inside and outside of the polygon.

However, numerical problems may occur in finite precision arithmetics such that any of the

above criteria are violated. Thus, the validity of the generated intersection points are checked

and extra neighboring points are inserted if needed before the sorting algorithm starts.

In the sorting part, all intersection points are grouped into two parts: “in” and “out”.

As illustrated in Figure 3.3, an “in” point has an odd index number and is the starting point

for an imaginary ray entering into the polygon. An “out” point has an even index number

and is where the imaginary ray leaving the polygon.

The sorting of intersection points follows five steps:

step 1: Find “in” point of the lowest row as the starting point of a sub-path.

step 2: If not found, stop, path generation finished.
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Figure 3.3: Definition of an “in” points and “out” point.

step 3: Append neighboring “in/out” point to form the zigzag pattern.

step 4: Find closest same group point of the next row and go to step 3.

step 5: Delete visited points, go to step 1 to create a new sub-path if there are points

remaining.

2. Contour-parallel path planning uses a series of offsetting contours to cover the

residual tumor. Although the computation time is longer than zigzag planning, the contour-

parallel path cleans the serrated edges better. The computation of the offset contour is using

the clipper library [66] which is based on Vatti’s clipping algorithm [67]. The pseudocode is

described in Algorithm 4.

Algorithm 4 Contour parallel path generation

Require: Pc 6= ∅ , Ps 6= ∅, A(Pproj) > At > 0

1: doffset ←
√
At/π, Pp ← ∅

2: while Coffset 6= ∅ do
3: Coffset ← deflation of Coffset by doffset
4: Pp ← Coffset ∪ Pp

5: end while
6: return Pp

3. Mixed pattern path planning combines the merits of zigzag and contour-parallel

planning to deliver the most efficient ablation path for robotic execution: accurate contour
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following and fast ablation of inner material. The mixed pattern planning is designed to de-

liver the most efficient path for star-shaped tumor residues, e.g., tumor residue with tendrils.

Although for some shapes, such as long ellipse-like shapes, the mixed pattern planning may

result in the same path as the contour-parallel planning.

Algorithm 5 Mixed pattern path generation

Require: Pc 6= ∅ , Ps 6= ∅, A(Pproj) > At > 0

1: doffset ←
√
At/π

2: Coffset ← Pproj , Pm ← Coffset

3: while Coffset 6= ∅ && fcirc(Coffset) < fcircmin do
4: Coffset ← deflation of Coffset by doffset
5: Pm ← Coffset ∪ Pm

6: end while
7: if Coffset 6= ∅ then
8: if A(Coffset) > At then
9: Plast ← zigzag path generation
10: else
11: Plast ← small area path generation
12: end if
13: Pm ← Plast ∪ Pm

14: end if
15: return Pm

Figure 3.4 shows the generated 2D path plans on the guidance plane for an irregular

shape. Both contour-parallel and mixed pattern cover the contour exactly. But for the

zigzag pattern there exist over-cover and under-cover of the contour, which indicates more

healthy tissue and not all tumor tissue will be removed.

3.2.4 Reverse Projection and Path Interpolation

Finally, the generated 2D path via-points are projected back onto the original surface of the

point-cloud. For each 2D point, a search circle of radius 0.5 mm is used for computation of

the depth using a weighted average of all points inside the circle. If no points in found inside

the circle, the depth of the closest point is adopted. Linear path interpolation is performed
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Figure 3.4: 2D path on guidance plane using three path patterns.

on the 3D surface such that the distance between each pair of neighboring points is no greater

than 1 mm.

3.2.5 Planning Time Analysis

The computation time of each plan generation algorithm is analyzed using a simulated phan-

tom with irregular shaped “tumor residues” as depicted in Figure 3.5.

The computation time of each plan based on an average of 30 runs on a machine with

4GB RAM and Intel CoreTM2 Quad cpu R© 2.5Ghz is compared in Figure 3.6. It indicates

the computation complexity for each path pattern. The computation time using contour-

parallel pattern increases dramatically with the increase of the number of vertices and shape

complexity. The computation time of zigzag path is extremely fast and increases quasi-

linearly with the number of vertices. For some margins with serrated edges, such as tumor

residue 4, the mixed pattern planning is able to reduce the computation time remarkably

compared to contour parallel planning (Figure 3.6-right), while for some margins with long

and narrow shape like tumor residue 1, mixed pattern and contour-parallel planning result

in the same plan (Figure 3.6-left).
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(a) (b)

Figure 3.5: Simulated phantom for performance analysis: (a) Top view with tumor indexing.
(b) Perspective view.
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3.2.6 Paths Plan Display

The final path plans S are represented by a set of via-points in 3D. Each plan is displayed

on a terminal with the total number of via-points nv for each plan, the number of tool

retractions nr and the estimated execution time which is roughly proportional to nv.
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Chapter 4

MEDICAL IMAGE PROCESSING

4.1 3D Image Reconstruction of the Surgical Cavity

4.1.1 3D Information Extraction from Endoscopic Images

Endoscopic imaging is an essential component of minimally invasive robotic surgery as it pro-

vides surgeons with visual information to precisely localize lesions in a complicated anatomic

environment. Analysis of these diverse images for 3D information extraction requires sophis-

ticated computerized quantification and visualization tools. Recent advances in computer

vision and GPU computation techniques have enabled the creation of 3D and panoramic

images from 2D medical endoscopic images at acceptable speed or even in real-time [68].

Image mosaicing [69] is an image fusion technique that has recently been applied in

endoscopic image processing. It is a procedure of automatic alignment of multiple 2D images

into a larger composition that expands the endoscopic view into a panorama. Studies have

successfully applied image mosaicing to create a panoramic view of the tubular esophageal

surface [70] and the cavernous surface of an entire bladder [71].

Stereo-endoscopes have been used in recent clinical applications to provide direct 3D

information of a surgical scene. Algorithms with GPU or hybrid CPU-GPU enhancement

have greatly improved reconstruction speed and allowed dense intraoperative surface recon-

struction of soft tissue in real-time from stereo endoscopic images for minimally invasive

surgery [68, 72]. An alternative approach based on structure from motion (SfM) techniques

originating from robotic vision have given the conventional monocular 2D endoscopes 3D

capabilities. Traditional feature detection algorithms have been applied to find the corre-

spondence in an image pair. In [73], the authors used an optical flow algorithm to harvest

3D features from 2D endoscopic images; in [74], the Scale-invariant feature transform (SIFT)
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feature detector (computationally expensive but presumably with better performance) was

used to find the vascular feature points in a surgical cavity.

In summary, the calibrated robotic motions of a single flexible endoscope can provide 3D

surface models of complex surgical cavities with high accuracy, allowing guidance through

small openings in the body.

4.1.2 Structure from Motion

Structure from motion is a computer vision technique that estimates the 3D model from a

2D images sequence sensed over time which may be coupled with location information. This

process of 3D information recovery involves major tasks and algorithms including:

• Feature detection in each image

• Feature matching and validation between image pairs

• Depth recovery from triangulation

• Optimization and smoothing of the generated 3D model

Research work demonstrated in [74] showed the feasibility of creating a virtual 3D model

of a spherical surgical cavity from a set of 2D SFE images using the conventional structure

from motion technique in MATLAB. However, the MATLAB implementation had slow run-

time and difficulties to integrate with autonomous plan execution. Moreover, the number of

extracted feature points was limited and therefore resulted in a sparse point-cloud for surface

reconstruction. This led to missing geometrical details in the case of a non-smooth surface.

To overcome the above limitations and improve the overall computational performance,

the 3D reconstruction process is rewritten in C++ using alternative feature detection and

matching algorithms, different triangulation orders as well as different optimization strate-

gies. Additionally, SFE imaging in the wet surgical environment usually results in strong

specular reflections in the image, which degrade the reconstructed 3D model due to the false
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detection and matching of these saturated points as feature points. To improve the robust-

ness of reconstruction procedure, these saturated reflection points were removed in the SFE

images before feature detection.

Reflection removal

The specular reflection in the SFE images is displayed as bright and saturated pixels. A

binary mask is created from these saturated pixels through thresholding of the intensity.

The color information in the mask is then restored from the neighboring pixels based on

image inpainting method [75], which uses level sets to describe the missing regions and

propagates the image information inwards along the image gradient. Figure 4.1 compares

the same SFE image before and after reflection removal.

(a) (b)

Figure 4.1: Reflection removal: (a) Original SFE image. (b) Reflection removed in the same
image.

It is noticed that in Figure 4.1(b), the saturated pixels are removed successfully, such

that these points will not be classified as feature points in the reconstruction process. The

color information of the small regions and central regions are recovered better compared to
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the large regions and edge regions, which are seen in the incomplete round boundary of the

image.

3D reconstruction pipeline

Figure 4.2 describes the pipeline of the reconstruction process. This module executes the

reconstruction procedure when requested by an action client node in the BT using ROS

Action protocol and sends the generated point-cloud of the surgical cavity back to the client

node. The details of software architecture implementation will be addressed later in Chapter

5. Here, the overall data flow in the reconstruction module is given in Figure 4.2.

ROS Action ServerROS Action Client

executeCallback():

BT Action Node:
3D Reconstruction

Step 1: Load Images

Step 2: De-noising and
specular reflection removal

Step 3: Feature detection and
matching

Step 4: RANSAC validation

Step 5: Triangulation

Step 6: Bundle adjustment

Step 7: Outlier removal and
smoothing of point-cloud

Goal:
SFE poses
image directory

Result:
Point-cloud of the
surgical cavity

Figure 4.2: 3D reconstruction pipeline.
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This new implementation is based on the OpenCV library [76] for image processing

and the SSBA library [77] for bundle optimization. Oriented FAST and Rotated BRIEF

(ORB) [78] feature descriptor is used in the new implementation. ORB uses FAST (Features

from Accelerated Segment Test) in pyramids to detect the key points in each image and

extracts the feature vectors from these key points using rotated BRIEF (Binary Robust

Independent Elementary Features). The ORB descriptor uses an orientation compensation

mechanism for key points detection and feature vector extraction. Compared to the previous

implementation using SIFT feature descriptor, ORB yields more reliable features points in

the SFE images at a much faster speed when testing the same SFE image set as listed in

Table 4.1. Test in [78] also shows that ORB is less sensitive to the Gaussian noise in the

image.

Performance improvements

Performance comparison between the old [74] and new implementation, based on the same

SFE image input consisting of 30 frames, is given in Table 4.1.

Table 4.1: A comparison between the old and new implementations

old method new method

Language MATLAB C++

ROS and BT Integration no yes

Reflection Removal no yes

Feature Descriptor SIFT ORB

Depth Recovery Order add frame in time sequence add frame with the best triangulation

Bundle Adjustment Order incremental global

Runtime (CPU) >200 s ≈ 10 s

Point-cloud Size ≈ 200 1999

It is shown that the performance of the reconstruction algorithm was significantly im-
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proved in the new implementation. The runtime is about 20 times faster based on solely

CPU computing, and this speed can be further improved by enabling GPU computing capa-

bility. Furthermore, the recovered point-cloud of the surgical cavity is about 10 times denser

compared to the previous result [74].

4.2 Toward Real-time Tumor Identification in Fluorescence Images

1For patients with malignant brain tumors (glioblastomas), a safe maximal resection of the

tumor is critical for an increased survival rate. However, complete resection of the tumor

is hard to achieve due to the invasive nature of these tumors, where the margins of the

tumors become blurred from tumor to more normal brain tissue, but in which single cells or

clusters of malignant cells may have invaded. Recent developments in fluorescence imaging

techniques have shown great potential for improved surgical outcomes by providing surgeons

intraoperative contrast-enhanced visual information of tumor in neurosurgery. The cur-

rent near-infrared (NIR) fluorophores, such as indocyanine green (ICG), cyanine5.5 (Cy5.5),

5-aminolevulinic acid (5-ALA)-induced protoporphyrin IX (PpIX), are showing clinical po-

tential to be useful in targeting and guiding resections of such tumors. Real-time tumor

identification in NIR imaging could be helpful to both surgeons and patients by reducing

the operation time and space required by other imaging modalities such as intraoperative

MRI, and has the potential to integrate with robotically assisted surgery. In this section, a

segmentation method based on the Chan-Vese model was developed for identifying the tu-

mor boundaries in an ex-vivo mouse brain from relatively noisy fluorescence images acquired

by a multimodal scanning fiber endoscope (mmSFE). Tumor contours were achieved itera-

tively by minimizing an energy function formed by a level set function and the segmentation

model. Quantitative segmentation metrics based on tumor-to-background (T/B) ratio were

evaluated. Results demonstrated feasibility in detecting the brain tumor at quasi-real-time

and has the potential to yield improved precision brain tumor resection techniques or even

1Parts of this section are reprinted, with permission, from [79].
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robotic interventions in the future.

4.2.1 Introduction and Background

Clinical background of fluorescence imaging in brain tumor resection

In resection of malignant gliomas (e.g. glioblastomas) and other brain tumors, an important

aim is the near complete resection of the tumor without damaging the healthy tissue, because

the extent of removal (EOR) is a critical factor for tumor progression and survival. However,

this goal is challenging for surgeons as the tumor boundaries are often not well delineated

because of the invading front of tumor cells. In cases of tumor recurrence, tumor tissue at the

margin of a surgical cavity is often hard to distinguish from other treatment effects such as

radiation using conventional imaging and surgical techniques. Therefore, imaging modalities

such as MRI and ultrasonography are being configured for intraoperative use to locate tumor

tissue or residual, recurrent tumor. However, these imaging modalities are expensive and

require significantly modified instrumentation and operating room design, and therefore have

not found broad acceptance. While these modalities may reveal the shift of the brain after

opening the cranium, they do not provide imaging at cellular resolution.

Recently, imaging techniques based on fluorescence contrast agents for tumor visualiza-

tion have been explored for neurosurgery to intraoperatively identify tumor tissue. Such

imaging techniques allow the surgeon to image the fluorescent signal that correlates in most

instances to the tumor tissue with capabilities of real-time, non-contact and preservation

of background view. Clinical developments in imaging systems and biomarkers have made

progress towards clinical application [80, 81]. Tumor PaintTM (Blaze Biosciences, Seattle,

WA), a molecular biomarker conjugated with ICG, has shown potential for delineating the

brain tumors in real-time [8]. 5-ALA, another widely studied contrast agent which is ap-

proved by European Medicines Evaluation Agency for tumor visualization based on the

accumulation of PpIX, has been used in multiple clinical trials for resection of malignant

gliomas [10, 82, 83]. The reported results [11, 82, 83] indicate an improved rate of gross total
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resection (GTR), which may assist surgeons in near-complete brain tumor resection to in-

crease survival and reduce neurological deficits. Fluorescence imaging of brain tumors in real

time at cellular resolution (confocal laser endomicroscopy (CLE)) during surgery with com-

parable diagnosis results to conventional pathology techniques is of particular neurosurgical

interest in that it can identify metastasizing tumor cells invading the brain at the tumor bor-

der [84]. The high resolution of confocal imaging comes with a very limited real-time visual

field (sub-millimeter range) which add inefficiencies and complexities that can be overcome

by reducing the resolution to multi-cellular and expanding the visual field to the millimeter

range.

Tumor detection in fluorescence images

Fluorescence-guided surgery has shown potential in improving the clinical outcome. Al-

though results of surgery using 5-ALA have been generally positive, exact identification of

cells with 5-ALA signal at near cellular resolution remains elusive. A technical difficulty in

tumor visualization, especially for thinner regions of residual tumors, is that the fluorescence

signal becomes very weak due to the lower indicator concentration and photo-bleaching, e.g.

with 405 nm laser excitation of low concentrations of PpIX from 5-ALA. Since cancer cells

essentially disappear among the healthy brain tissue when photo-bleaching occurs, keeping

laser power levels low will help avoid this permanent loss of signal during surgery. There-

fore, a longer integration time is required for capturing image frames in order to achieve

an acceptable signal-to-noise (S/N) ratio for the detection of the residual or infiltrating tu-

mors at low laser power. Many developments in the design of imaging systems, such as the

mmSFE [15], have been made to improve their S/N ratio and image quality with a reduced

integration time, light exposure, and auto-fluorescence background subtraction [85]. In ad-

dition, algorithms for medical image processing can provide reliable tumor segmentation in

an automated manner despite the relatively noisy and low-contrast images.



38

In the context of semi-autonomous robotic neurosurgery

Another need for automated tumor detection in fluorescence images arises from the explo-

ration of robotic neurosurgery. Since the acquisition of fluorescence images might be slowed

for the improved residual tumor visualization, manual removal of residual tumors can be a

slow, repetitive, and tedious procedure for surgeons. Thus, this procedure might be automat-

ically guided by a robot that removes fluorescent cell clusters by extremely precise surgery

or ablation in the debulked tumor cavity. With this background, a reliable and fast tumor

detection method is required for medical planning and intervention by a surgical robot with

automation. In the following sections, methods for reliable tumor detection in the presence

of clinically significant levels of fluorescence will be addressed and the performance of tumor

recognition and segmentation algorithms will be analyzed.

4.2.2 Methods

Segmentation is an important procedure in medical image processing to extract useful in-

formation for medical planning, diagnostics, and treatment. Many research studies on the

segmentation of various image modalities e.g. MRI [86], CT [87] have been published. Be-

cause fluorescence tissue images display high noise levels at the background and various

signal intensities due to the uncontrolled imaging distances, the traditional thresholding and

edge detection methods show poor segmentation results of these types of images. An alter-

native approach for segmenting the images with low-contrast edges is to use region-based

active contour models, which are known for the robustness but high computational complex-

ity. Region-based active contour models use a certain region descriptor to guide the curves

evolving towards the boundary of each region of interest, thus to detect the objects in the

images. The Chan-Vese model [88] is one prominent variation of the region-based active

contour models that is applied for this fluorescence image-guided robotic surgery. This algo-

rithm can be used in a repeated and automated manner during residual tumor clean up, as

each time the top layer of fluorescence cells are removed, a new underlying layer is revealed
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and its boundary needs to be automatically demarcated to guide the robot with surgeons

monitoring.

Segmentation problem and active contour model

The basis of the proposed segmentation method is a Mumford-Shah model [13], which ap-

proximates a general grayscale image into a piecewise smooth function. Let the domain Ω

be a bounded subset of R2 and function f(x, y) : Ω → R be a given grayscale image to be

segmented, and u(x, y) be the piecewise approximation of the original image, it is smooth

within each connected region in the image domain Ω separated by the contour C , i.e. in

region Ω\C , the problem is to find such contour C ⊂ Ω, which segments the image f(x, y)

into non-overlapping regions. The Mumford-Shah energy functional is defined as follows:

FMS(u(x, y), C) = µLength(C)

+ λ

∫
Ω

(f(x, y)− u(x, u))2 dx dy +

∫
Ω\C
|∇u(x, y)|2 dx dy

(4.1)

where µ > 0, λ > 0 are fixed weighting parameters.

A special case of the Mumford-Shah energy function is given by the Chan-Vese model [88],

which assumes the image approximation u(x, y) to be a piecewise constant function allowed

to have only two values with respect to the contour C (Equation 4.2).

u(x, y) =

c1 (x, y) is inside C,

c2 (x, y) is outside C.

(4.2)

The Chan-Vese energy function further adds an additional area penalizing term and is
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modified as Equation 4.3.

FCV (c1, c2, C) = µLength(C) + νArea(C) +

λ1

∫
inside C

|f(x, y)− c1|2 dx dy+

λ2

∫
outside C

|f(x, y)− c2|2 dx dy

(4.3)

where µ > 0, ν ≥ 0, λ1 > 0, λ2 > 0, are pre-tuned weighting parameters for penalizing

the length of the C, the enclosed area of C as well as the difference between the piecewise

constant model u(x, y) and the input image f(x, y). Image segmentation can be obtained as

the best two-phase piecewise constant approximation u of the image f by finding a minimizer

of the problem (4.3).

However, in practice, it is difficult to minimize both of the energy functions Equation

4.1 and Equation 4.3 due to the non-convexity, although theoretical existence and regularity

of the optimal results were proved in [89] and [90]. Therefore, the Chan-Vese algorithm

proposed a level set formulation [91] for convex approximation to solve the optimization

problem.

Level set formulation of the model

Instead by explicitly searching over all boundary sets C, the Chan-Vese algorithm uses a

level set function to minimize the energy function. The boundary sets C ⊂ Ω is obtained by

zero-crossing of a level set function Φ(x, y) : Ω→ R as in Equation 4.4.

C = {(x, y) ∈ Ω : Φ(x, y) = 0} (4.4)

The inside and outside of the contour C are distinguished by the sign of Φ(x, y).

inside C = {(x, y) ∈ Ω : Φ(x, y) > 0} (4.5)
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outside C = {(x, y) ∈ Ω : Φ(x, y) < 0} (4.6)

In general, there exist multiple representations of level set function for a given C. With

the assistance of the Heaviside step function H for numerical computation, which is defined

as:

H(s) =

1 s ≥ 0,

0 s < 0.

δ(s) =
d

ds
H(s) (4.7)

Each term of the Equation 4.3 can be expressed in the level set function as below:

Length(C) = Length(Φ = 0)

=

∫
Ω

|∇H(Φ(x, y))| dx dy =

∫
Ω

δ(Φ(x, y))|∇Φ(x, y)| dx dy
(4.8)

Area(C) = Area(Φ = 0) =

∫
Ω

H(Φ(x, y)) dx dy (4.9)∫
inside C

|f(x, y)− c1|2 dx dy =

∫
Ω

|f(x, y)− c1|2H(Φ(x, y)) dx dy (4.10)∫
outside C

|f(x, y)− c2|2 dx dy =

∫
Ω

|f(x, y)− c2|2(1−H(Φ(x, y))) dx dy (4.11)

Combining Equations 4.8, 4.9, 4.10 and 4.11, the level set formulation of the Chan-Vese

model is derived as:

FCV (c1, c2,Φ) = µ

∫
Ω

δ(Φ(x, y))|∇Φ(x, y)| dx dy+

ν

∫
Ω

H(Φ(x, y)) dx dy+

λ1

∫
Ω

|f(x, y)− c1|2H(Φ(x, y)) dx dy+

λ2

∫
Ω

|f(x, y)− c2|2(1−H(Φ(x, y))) dx dy

(4.12)

After initializing a level set function Φ(x, y) which is smooth enough, the minimization

problem is solved numerically by evolving the function Φ in each iteration. In this study,

a circular function and a chessboard function as initial level set functions (shown in Figure
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4.3) were tested. Results showed that both types worked well for the given images as long

as enough iterations were provided.

(a) (b)

Figure 4.3: Two types of the initial level set function used in this study with their zero-
crossing as (a) a circle of radius 50 pixels, and (b) a chessboard with a square width of 50
pixels.

Fluorescence image processing routine

The entire processing routine for each raw fluorescence image is divided into five major steps

as illustrated below in Figure 4.4.

image
smoothing

Chan-Vese
segmentation

initial contour
extraction and

processing

image
morphology
transform

final contour
extraction and

evaluation

Figure 4.4: Fluorescence image processing routine.

Smoothing: For reducing the pixel noise, an initial image-smoothing step is performed

using a median filter of a window size 3x3 pixel. Because the fluorescence image taken by
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the mmSFE contains a significant amount of salt and pepper noise (impulsive noise), and

median filtering is less sensitive than linear techniques to extreme changes in pixel values.

The median filter is relatively effective when removing such type of noise while still preserving

the edge information of an image. The smoothed intensity image serves an input to the next

step of the Chan-Vese segmentation.

Segmentation: The segmentation procedure starts automatically with a predefined level

set function Φ0 with its zero-crossing as the initial guess of the contours. In this study, the

initial contour is either a circle of radius 50 pixels at the center of the image or a chessboard

with a square width of 50 pixels. At each iteration step k, the algorithm updates c1(Φk) and

c2(Φk), and solves the partial differential equation to obtain Φk+1. The iteration terminates

until the minimum is found (i.e. the L2 distance between Φk+1 and Φk is below a tolerance)

or the maximum allowed loop number is reached.

Contour Extraction: The resulting level set function Φ is zero-crossed to achieve gross

contours, which might still be noisy due to the insufficient number of iterations. A binary

image is created by the extracted contours.

Outlier Removal: Morphology transformations (an opening operation of size 7x7 pixel

followed by a closing operation of size 15x15 pixel) are applied to the generated image for

outlier removal and final smoothing of the segmented area.

Evaluation: The final contour is extracted from the segmentation image. The average

intensity of the area enclosed by the final contour and the average intensity of a 20 pixel-

wide contour band outside the contour is computed in the original fluorescence image for

T/B ratio evaluation.
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4.2.3 Experiments Setup

Mouse brain tumor model

Animal experiments were performed according to the protocol approved by the IACUC of

the St. Josephs Hospital and Medical Center (Phoenix, AZ). The mouse brain tumor model

was created by injecting GL261-luc2 mouse glioma cells beneath the brain surface of C57bl6

mice [84]. Animal surgeries and mmSFE tumor imaging were carried out on the 15th through

the 18th day after implantation allowing the tumors to grow. 5-ALA hydrochloride was

injected intraperitoneally 2-6 hours or 24 hours prior to surgery to induce PpIX accumulation

in the tumor. Tumor imaging using the mmSFE was performed in-vivo and rapidly after

brain removal.

Configuration of the mmSFE system

The mmSFE system uses a short wavelength 405 nm laser for the excitation of the 5-ALA-

induced PpIX with a 2.1 mm diameter forward-viewing scope probe. The reflectance and

fluorescence light was collected and isolated into three different channels (red, green, blue)

of the SFE using different photomultiplier tubes (PMTs). The red channel captures the

emission light of 5-ALA-induced PpIX near the main emission peak (634 nm) and out to the

minor near-infrared emission. The blue and green channels mainly collect the reflectance and

any auto-fluorescence of the scene. The segmentation is performed on the red/fluorescence

channel of the mmSFE image. It was noticed that in the collected images, the red spectral

channel interfered with the overlapping auto-fluorescence and reflectance in various levels,

leading to the low signal to noise ratio in most of the raw fluorescence images.
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4.2.4 Results and Discussion

Segmentation of tumor region in fluorescence images

Two types of level set function (a circle and a chessboard, see Figure 4.3) were used as the

initial guess. Both approaches worked well if enough iterations were given. The circular

level set function converged slightly faster compared to the chessboard function in most

of the images. The segmentation routine terminated in this experiment with an L2 error

tolerance of 0.1 or the maximum iteration loop of 50 was reached. The speed of evolution

mainly depends on the noise level of the raw fluorescence image (i.e. the SNR in the raw

gray image). More iterations are required to reach the same desired error tolerance when

segmenting images with lower SNR. Figure 4.5 illustrates partial results starting from an

initial input of an RGB mmSFE image.

As shown in Figure 4.5(b), the raw fluorescence image displays relatively high SNR, and

thus the segmentation procedure is fast and straightforward, and the segmented region has

high confidence for tumor tissue. However, most of the SFE images taken from the mouse

brain model in this experiment contained different levels of background fluorescence, which

could not be simply filtered by a median filter. In the next part, the noise compensation

method to improve the overall SNR of the image before applying the median filtering will

be discussed.
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(a) (b)

(c) (d) (e)

Figure 4.5: (a) Initial RGB image from SFE. (b) Red Fluorescence channel of the image.
(c) The initial guess of the boundary derived from a circular level set function(4.3(a)). (d)
Boundary found after 4 iterations of segmentation algorithm with parameters of µ = 1,
ν = 125, λ1 = 2.0, λ2 = 2.1, dt = 0.1, h = 1. (e) Further smoothed contour and highlighted
tumor region after morphology transformations.
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Rejection of light disturbance and enhancement of the signal to noise ratio

Background fluorescence in medical imaging comes from a variety of sources. The major

external source is related to the imaging instrument setup and imaging parameters, such

as the light from the excitation source, imaging distance, camera noise and environmental

light. Another source is mainly due to the auto-fluorescence of the tissue samples or the

fluorescence resulting from the fluorophores not bound to specific targets. In this experiment,

we observed both types of background fluorescence in the SFE image data. An artificial

source of fluorescence noise is from strong spectral fluorescence that occurs when the scanning

laser illumination strikes the wet and shiny surface of the brain and reflects directly onto

the six 0.5 mm diameter optical fibers. These fibers collect and return the light to the color

separation system and fluorescence filters used in the green and red channels. The more

intense excitation light does produce a higher number of photons leaking through the laser

rejection filters, resulting in an apparent fluorescence signal (Figure 4.7).

(a) (b) (c)

Figure 4.6: (a) RGB SFE image with light disturbance from the excitation source (marked
by the red circle). (b) Red channel fluorescence image with background fluorescence from
the excitation source. (c) The segmented region contains the inaccurate classification of the
target. Red circles denote the segmentation from background fluorescence.

Figure 4.6(a) and 4.6(b) show that both the original RGB SFE image and the red flu-
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orescence image contain the reflection from the laser source, which leads to the inaccurate

identification of the tumor region in the segmentation step as indicated in Figure 4.6(c). It

is observed that both the blue (Figure 4.7(a)) and green channel (Figure 4.7(b)) of Figure

4.6(a) contain the saturated reflection of the laser light, which is also partially collected by

the red channel (Figure 4.7(c)).

(a) (b) (c)

Figure 4.7: Signal intensity of Figure 4.6(a) in each channel: (a) Blue channel, (b) Green
channel, (c) Red channel.

To mitigate the signal crosstalk between different channels, a correcting factor is derived

for enhancing the image contrast and mitigating the reflection and auto-fluorescence in the

red channel. The correcting factor is defined as the intensity ratio between the red channel

and the other channels, given as follows:

hannfCF =
fR(x, y)

bfB(x, y) + gfG(x, y)
(4.13)

where b and g are weighting factors for the signal intensity in the blue and green channel,

fB(x, y) and fG(x, y) respectively. This study empirically picks b = 0.7 and g = 0.3. The

red spectral signal is the multiplied by this correction factor, given as:

fR(x, y) = fR(x, y) · fCF (4.14)
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Figure 4.8 below shows the processed fluorescence image (Figure 4.8(a)) and its segmen-

tation (Figure 4.8(b)) of the target region indicating more confident identification compared

to the previous result (Figure 4.7(c)). The ratio between the average intensity of the fluo-

rescence and standard deviation of the background improved from 5.89 dB in Figure 4.7(c)

to 7.50 dB in Figure 4.8(a) based on the industry standard 10 log rule.

(a) (b)

Figure 4.8: (a) Red fluorescence image after correction. (b) Segmentation of the improved
image.

Target to background ratio

The background region size is set as 20 pixels outwards from the presumable tumor contour

[92]. The ratio between the average tumor intensity and background intensity in the corrected

red channel is computed as T/B ratio. Figure 4.9 illustrates the mask of the target (white

region) and background (gray region, 20 pixels in width) from the segmentation.

T/B ratio was analyzed in 30 images of mouse tumors taken by SFE, the average and

standard deviation of the T/B ratio of 30 image segmentations were 2.87±1.08 (range of 1.95

- 6.92). This result approaches the T/B ratio observed in a commercial bench-top animal

in-vivo spectral imaging instrument IVIS R© (PerkinElmer, MA) for PpIX in the mouse brain

tumor, average and standard deviation are 4.81 ± 0.92 [93]. A direct comparison of the



50

Figure 4.9: Mask of the target (white) and background (gray) used for T/B ratio computa-
tion.

tumor/background (T/B) ratio is difficult since the experiment setups were different, and

the reported T/B ratio was calculated for the standard ROI versus contralateral brain, as

opposed to the nearby brain in this study. Nonetheless, the results indicated a certain level

of reliability of the segmentation.

As found in the previous section, the red fluorescence channel is often confounded with

auto-fluorescence and strong reflections, which reduces the overall image quality. The com-

pensation method proposed above not only improved the over all SNR of the image but also

improved the T/B ratio of the segmented region as the target signal was enhanced while the

background noise was suppressed. The T/B ratio from 5 tumor-specific fluorescence images

showed an average of 17% improvement after applying the image correction.

The segmentation and noise reduction methods discussed in this section for T/B ratio

classification are solely based on the captured light signal. However, in clinical settings, the

T/B ratio also highly depends on the concentration level of PpIX, which correlates with

histologic grades of malignancy in human gliomas [94]. It is found that in the mouse brain

model used in this experiment, the accumulation level also varies in different regions of the

brain. Some brain areas showed increased amount of non-specific accumulation of PpIX in

normal brain tissue. Such areas were detected in the SFE image as well, with a T/B ratio

as high as 2.94 for the areas with the highest intensity. Figure 4.10 shows the detection of
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the non-specific accumulation of PpIX in normal brain tissue. The segmentation results of

this study need to be further confirmed by surgeons and validated with histology to provide

correlation with verified tumor cells versus normal brain cells.

(a) (b) (c)

Figure 4.10: Detection of the non-specific accumulation of the PpIX. (a) Initial RGB SFE im-
age indicating non-specific accumulation. (b) Segmentation of the red/fluorescence channel.
(c) Finalized segmentation mask.

Processing speed

The processing algorithm is implemented in C++ using the OpenCV library [76]. For noisy

images, a larger number of iterations are required to get reliable segmentation, which is

linear with the total processing speed. The average processing time of 30 images with an

image resolution of 608 x 608 pixel is ca. 0.65s/image when allowing maximal 10 iterations.

The speed was measured on a Windows 10 system of 16 GB Memory and Intel i7-2.8GHz-

CPU. This speed can be further improved by enabling GPU computation at each numerical

iteration, which is linear with the size of image pixels (608 x 608 pixels for the SFE images).

4.2.5 Conclusion and Future Work

This section demonstrates that the proposed algorithms can be used for tumor boundary

identification in 5-ALA-induced-PpIX fluorescence images with quasi-real-time performance.

Strong reflections and auto-fluorescence are mitigated in the fluorescence image to achieve
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robust automatic extraction of the fluorescence boundary. Both the processing speed and

the robustness when dealing with low SNR images indicates the potential to integrate with

automatic robotic residue brain tumor resection. T/B ratio as a threshold value has reliably

marked the tumor tissue boundary in both animal tumor models [93] and early stage human

cancers [92] with a strong histopathological correlation. As follow-up work, the histopathol-

ogy testing will be conducted as ground truth for validating the reliability of the segmentation

for the purpose of residual brain tumor clean-up. Moreover, imaging with NIR biomarkers

such as “Tumor Paint” will be tested and compared.

4.3 Tumor Localization in 3D Space

In the previous steps, a set of points that represents the surface geometry of the surgical

cavity is created and segmentation of the tumor region in the 2D fluorescence images is

achieved. The goal of this step is to recover 3D point-clouds, Pt, that represent the tumor

residues, from SFE poses, 2D pixel segments, Ppixel, and a 3D point-cloud of the surgical

cavity, Ps from the last step. The physical relationship of these input parameters is depicted

in Figure 4.11.

Figure 4.11: SFE pinhole camera model and relationship to the 3D objects.
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This procedure is further divided into four steps: 1) create the mathematical surface

model from Ps using Thin Plate Spline (TPS) interpolation. 2) determine the ray function

for each segmented tumor pixel. 3) compute the intersection point between the ray function

and surface model. 4) cluster point-clouds from each image segment. Figure 4.12 describes

the block diagram of tumor residue localization. In the following, details of each step are

explained.

Fluorescence
images

Surgical
Cavity Ps

SFE
poses

Segmentation

Ray function
determination

TPS fitting

Intersecting point computation

Points clustering

Pt

Tumor Localization

Ppixel

Figure 4.12: Block diagram for tumor residue localization.
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Thin Plate Spline based surface model

Thin Plate Spline (TPS) [95] is a spline-based surface fitting technique. It has been widely

used as a non-rigid transformation for shape warping because it is insensitive to the noise

of the data set. A physical analogy of TPS is to bend a piece of thin sheet metal. TPS

fitting uses a set of weights to describe the smoothness of the fitted surface by minimizing

the bending energy. More precisely, the goal is to find a mapping function f : (xi, yi) 7→ zi

from the point set Ps by minimizing the following energy function (Equation. 4.15) such

that any arbitrary point on the fitted surface can be computed from the projection on the

world X-Y plane of the same point.

Etps(f) =
n∑

i=1

‖zi − f(xi, yi)‖2+

λ
x

((
∂2f

∂x2
)2 + 2(

∂2f

∂x∂y
)2 + (

∂2f

∂y2
)2) dx dy

(4.15)

where λ ≥ 0 is a pre-defined regularization parameter that measures the goodness of the

fitting. For λ = 0, the TPS surface is reduced to a plane using least square fitting indicating

zero bending energy. λ is empirically set to 1 based on the overall smoothness and fit of the

original point-cloud Ps.

The coefficients of the mapping function can be solved uniquely in closed-form by invert-

ing a nonsingular matrix of size (n+ 3)× (n+ 3), where n is the number of the points in Ps.

This operation leads to a complexity of O(n3) and becomes slow when the point-cloud Ps

gets large. Many studies have reduced the computation cost by different methods, e.g. [96]

used a preconditioned conjugate gradient method to solve the system of equations; [97] pro-

posed optimal low rank approximations to TPS that were both computationally efficient

and stable. In this study, the QR decomposition in Eigen library [98] is used to perform

the matrix inversion. The computation time is about two seconds when solving for about

2000 points, which is still tolerable when compared to executing time of the entire medical

procedure.
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Determination of the ray function

The physics of SFE imaging is approximated as a pinhole camera model for simplification.

Each 3D point in space is projected uniquely on the projection plane at a certain pixel

location. From the mathematical relationship, a 3D point representing the tumor cell must

lie on the line which connects the camera optical center and the corresponding pixel point

on the projection plane as shown in Figure 4.11. The mathematical representation of this

line in world frame is defined as a ray function in Equation 4.16.

fray(t) ,


x

y

z

 =


xc

yc

zc

+ tR


u−cx
fx

v−cy
fy

1

 (4.16)

where [xc, yc, zc]
T is the location of SFE optical center in world frame. Rotation matrix R

transforms a point in SFE frame to world frame. [u, v]T is the pixel location on the image

and [cx, cy]
T is the principal point. [fx, fy] are the focal lengths along the camera x and y

axis respectively.

Computation of the intersection point

The location of a tumor cell in space must satisfy two constraints: 1) ray function and 2)

TPS mapping function. For each pixel segmented from the fluorescence image, there is a

unique corresponding 3D point in space representing the tumor cells, i.e. the intersection

point between the ray function and TPS surface determines the 3D location of tumor cells

detected in the endoscopic image. A numerical method is used to search for the intersection

point iteratively. The algorithm starts with two initial points on the ray function: SFE

position p1 = [xc, yc, zc]
T and the intersection point between the ray and the world X-Y

plane p2 = [x′, y′, 0]T . Note that p1 must not be on the TPS surface while p2 could be on

the surface, in which case the iteration finishes in one loop with p2 as the result. There are

two possible relations regarding the location of these two initial points when not on the TPS
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surface. A simplified 2D illustration is given in Figure 4.13.

(a) (b)

Figure 4.13: Two possible cases of points p1 and p2 with respect to the TPS surface. (a)
Case A. (b) Case B.

• Case A: two points are located on different sides of the TPS surface (Figure 4.13(a)).

In this case, the intersection point is computed by sliding p1 and p2 towards each other.

The convergence is bidirectional along the ray function. The middle point of p1 and p2

will be the intersection point at convergence.

• Case B: both points are located on the same side of the TPS surface (Figure 4.13(b)).

In this case, the intersection point is found by sliding both p1 and p2 towards the

TPS surface for one directional convergence at the point p2. Case B can turn into

case A after several iterations if f ′rayf
′
TPS is smaller than zero when evaluated at the

intersecting point.

The pseudocode for this iteration algorithm is given in Algorithm 6. The iteration is guar-

anteed to terminate within a maximal allowed number of loops.
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Algorithm 6 Calculation of Intersection Point

Require: p1 = [xc, yc, zc]
T , p2 = [x′, y′, 0]T , fTPS, fray

1: if p2(z) ≈ fTPS(p2(x), p2(y)) then
2: return p2

3: else
4: while Case B(p1, p2) do
5: if p2(z) ≈ fTPS(p2(x), p2(y)) then
6: return p2

7: else
8: p1 ← p2

9: p2 ← fray

∣∣∣
z=fTPS(p2(x),p2(y))

10: end if
11: end while
12: while Case A(p1, p2) do
13: p3 ← (p1 + p2)/2
14: if p3(z) ≈ fTPS(p3(x), p3(y)) then
15: return p3

16: else
17: p1 ← Case A(p1, p3) ? p2 : p1

18: p2 ← p3

19: end if
20: end while
21: end if

Points clustering

From the previous steps, a point-cloud of tumor pieces is obtained in each 2D image if tumor

residues are detected through segmentation. Each residual tumor may be scanned multiple

times in a sequence of SFE images, and thus multiple point-clouds are generated for the

same residual tumor. In this step, these point-clouds of the same tumor piece are clustered

into a single point-cloud and the ordered contour of the clustered point-cloud is extracted

for the automatic generation of ablation plans afterward. First, a 2D grid map is created

on the X-Y plane of the world frame from the point-cloud of the surgical cavity Ps. Each

point-cloud Pt generated from single fluorescence image is then projected onto the grid map

with each grid cell marked as 1 for tumor and 0 for non-tumor. This step can be interpreted
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as adding a small tumor patch to the 2D binary map frame by frame. A 2D binary map is

created after all point-clouds of the tumor are projected (Figure 4.14). The outer contours

are extracted since any holes inside each tumor residue will be treated as well. Finally, the

generated contours and corresponding grids inside each contour which represent the tumor

cells are projected back onto the TPS surface of the surgical cavity. In this step, the number

of total tumor residues, the contour and the internal points in 3D space of each tumor residue

are retrieved, which are the inputs for the following planner.

Figure 4.14: 2D binary map of the cavity on the X-Y plane (white pixels represent the
tumor) and contour extraction from the binary map.
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Chapter 5

AN INTEGRATED ROBOTIC CONTROL FLOW FOR
IMAGED-GUIDED BRAIN TUMOR ABLATION

5.1 Control Architecture

The entire software framework for the semi-automated and image-guided residual brain tu-

mor ablation surgery is implemented using the Robotic Operating System (ROS) API [99]

on Linux systems. The top layer is a BT that models the medical procedure for brain tu-

mor resection. The middle layer consists of functionality modules that prepare and process

the corresponding data requested by the BT. The bottom layer contains a set of control

modules which directly control the driver of each hardware system. The three-layer control

architecture is depicted in Figure 5.1.

Figure 5.1: Three-Layer Control Architecture: Top layer - BT; Middle layer - functionality
modules; Bottom layer - control modules.
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The communication among different Linux machines and across different layers is estab-

lished based on ROS Message and Action protocols. Each module represents one or multiple

executables running on three Linux machines. In this study, the SFE imaging module and

the robot control module runs on a laptop and a real-time patched Linux machine respec-

tively. The remaining modules run on a third Linux computer. All Linux computers are

synchronized in time via the local network with Network Time Protocol (NTP) such that

information from different computers can be sorted and handled in time sequence. In the

following sections, each module will be discussed in detail from bottom up, except the 3D

reconstruction module which is already addressed in the above chapter.

5.2 Hardware Control Modules

The control modules operate on the hardware devices directly. These modules read the

devices’ sensory information and publish it onto the ROS network, as well as receive messages

from upper-level modules and generate corresponding motion/control commands to operate

the drivers of the devices. Three modules are implemented/modified for control of the three

major devices in this research: the mmSFE imaging system, the stereo camera system, and

the RAVEN IITM surgical robot system.

5.2.1 SFE Imaging

The mmSFE system is controlled from a LABVIEW R© interface in a Windows PC. Data

transfer between PC and the SFE control box is based on the PCIe serial protocol. In the

previous work, manual operations were required on the LABVIEW R© interface to save the

endoscopic images into the local disk and transfer them later to another computer for further

image processing. The SFE imaging module is implemented to overcome this limitation so

that all image data processing operation is automated for the medical procedure. This

module grabs the SFE images at a certain frame rate using the Epiphan R© framegrabber as

an intermediate for image data conversion and publishes the pre-processed images onto the

ROS network. Figure 5.2 shows the control flow among the different devices such that the
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SFE images can be accessed seamlessly by other software modules anytime when needed

without manual operation.

Windows PC

SFE Control
(LABVIEW R©)

SFE
Control Box

Epiphan R©

FrameGrabber

SFE Imaging
(ROS API)

Linux Machine

PCIe VGA USB ROS

Message

Figure 5.2: Data flow pipeline for automatic image acquisition.

The SFE imaging module reads the raw data from the digitizer via a USB connector and

converts the data into an image for further processing. The initial image processing follows

five steps:

1. data conversion: This step converts the raw USB data grabbed from the VGA into the

OpenCV image matrix format.

2. image cropping: The raw VGA displays each frame at a resolution of 800x600, while

each SFE image contains pixel information only in a central circle due to its spiral scan of the

illumination optical fibers. To reduce the data size sent to the ROS network, and thus the

lower the network latency. The original frame is cropped to the fit a resolution of 600x600.

3. image rotation: The mmSFE system scans the imaged object in a spiral pattern and

then maps the collected reflection light into a circular image. The starting scanning point

varies randomly every time when the system powers up, and thus, the camera XY coordinates

rotate accordingly, causing an undetermined rotation in the image frame. This rotation is

compensated every time at the power-up cycle by introducing a rotation matrix along the

camera Z axis, which is determined manually after power-up using a reference board.

4. undistortion: The intrinsic parameters of the SFE imaging system are determined us-

ing the conventional pinhole camera calibration method, which estimates the focal lengths,
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principal point, and the distortion parameters (up to the 4th order) using a set of 2D images

of a chessboard of known size from different view angles. The SFE image is then undistorted

using the estimated distortion parameters.

5. image publishing: This step converts the processed SFE image into a ROS image mes-

sage and sends the image data together with a timestamp onto the ROS network at approx-

imately 30 fps. This speed is determined by the SFE hardware.

5.2.2 Stereo Camera Control

The stereo camera is a custom built camera pair consisting of two identical low-cost Logitech

QuickCam R© Communicate Delux webcams. Each camera has a lens with manual adjustable

focal length. The maximal resolution of the camera is 1280x960 pixel at 7.5 fps. Both

webcams are snapped into a 3D-printed base that can be mounted on an aluminum bar with

an adjustable base distance as shown in Figure 5.3. The optical axes of the two webcams are

approximately aligned in parallel to provide a reasonable field of view based on the robot

workspace.

Figure 5.3: Stereo camera system consisting of two webcams and an adjustable mounting.

Each camera is controlled individually by a ROS node using the USB Video Class (UVC)
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driver. Two ROS nodes for video streaming execute in parallel and the image pairs are

approximately synchronized in software using the ROS message filter by grabbing two images

from the camera pair which are closest in the timeline. An image rectification is performed

to project the two images onto the common image plane using the extrinsic parameters of the

camera pair. The rectified image pairs are then published into the network for the tracking

algorithm in the vision feedback control. A conventional stereo camera calibration method

using a chessboard of known sizes is applied to estimate the camera intrinsic parameters and

the extrinsic parameters of the camera pair. The data flow of the camera control module is

depicted in Figure 5.4.

webcam 1

webcam 2

camera node 1

camera node 2

undistortion
rectification

raw image 1

raw image 2

rectified image 1

rectified image 2

Figure 5.4: Stereo camera control pipeline. Each green node represents an independent ROS
node.

.

Although this is a straightforward implementation for multiple camera device control,

limitations were found that the ROS image messages take too much network bandwidth

causing network congestion or delay, because both the raw images and rectified images are

published to the network (1280x960 pixels). Future work on the stereo camera system should

investigate the possibility of hardware synchronization and/or multi-thread computing for

software synchronization to reduce the ROS network latency.

5.2.3 Robot Control

The Raven IITM surgical robot is an open-source research platform. The robot consists of

two arms which can be teleoperated separately in the master/slave mode by a user from a
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remote operation station via UDP network packets. To allow the robot to receive motion

commands from the ROS network, a ROS message subscriber is added to the robot control.

Keyboard operation is added for the convenient switch of the robot runlevels. The received

motion increment commands are converted to the desired motion trajectory of the robot end-

effector if enabled by the keyboard, otherwise, this increment information will be discarded.

Figure 5.5 illustrates the modification of the RAVENTM II software.

RAVENTM II Software

Automove
Subscriber

Keyboard
Control

desired position
computation

position increment

ROS message

keyboard operation

for runlevel switch

enable/disable

· · ·

Figure 5.5: RAVENTM II software modification (orange modules).

5.3 Motion Control with Vision Feedback

From the achieved point-clouds of tumor residues, corresponding ablation plans are generated

using the path planner described in Chapter 3. The robot will then execute one of the plans

approved by the user (surgeon) through a terminal input. To improve the overall ablation

accuracy, two types of vision sources are combined as the feedback to robotic motion control:

1. Stereo-vision for tracking of the robot end-effector position to overcome robot motion

inaccuracy.

2. SFE vision for fine adjustment of the ablation path during robotic execution.

This section describes the functional modules of image processing and machine vision as well

as the robot motion control with vision information.
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5.3.1 Stereo-vision Feedback

Stereo-tracking module

The stereo-tracking module tracks a set of color markers related to the robot position, SFE

camera position as well as the ablation tool position using the video images published from

the camera control module at the bottom level. Each image pair is synchronized via ROS

message filter. The tracked objects are smoothed using two identical Kalman filters in the

image pair. The system model is approximated as a linear dynamic model and is given as

below:

xk+1 = Axk + wk

yk = Hxk + vk

(5.1)

where the state vector xk = [u, v, u̇, v̇]T with u and v representing the pixel location of the

object in the image at time step k. Matrix A is the system matrix and derived as:

A =


1 0 1 0

0 1 0 1

0 0 1 0

0 0 0 1

 (5.2)

The measurement matrix H is a 4× 2 matrix with 1s at its first 2× 2 diagonal. wk is the

process noise and is assumed to be zero mean normal distribution (wk → N (0,Pk)) with

covariance Pk is given as σp
2I, where σp

2 = 0.0001. vk is the measurement noise which

is assumed to be zero mean gaussian white noise (vk → N (0,Qk)) with the measurement

covariance Qk is given as σm
2I, where σm

2 = 0.1.

The Kalman filtering works in three steps at each imaging frame cycle. Starting with an

initial estimation of the tracked target position x0 in the image, the filter predicts the target

position at time step k from k-1, denoted as xk|xk−1. When the image pair arrives at time

step k, the target position is measured from the image segmentation, which is denoted as
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yk. The system state xk|xk is then updated with the measurements and an optimal Kalman

gain Kk at time step k. The first two terms of the updated states uk and vk are then used

for disparity computation. The workflow of the stereo-tracking system is depicted in Figure

5.6. Note that the left and right image processing are synchronized in software using ROS

message filter.
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Figure 5.6: Workflow of stereo-tracking module.

This custom tracking system is able to reach an accuracy of ± 0.5 mm when provided

with proper light. The performance of the stereo camera is measured by tracking a stationary

color marker in 3D space. The position of the marker is recorded using the stereo camera

over time and the noise of the tracking system is derived in Table 5.1.
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Table 5.1: Noise of the stereo-tracking system

x axis y axis z axis

Noise [mm] ±0.05 ±0.05 ±0.3

Motion with stereo-vision augmentation

The motion control with stereo-vision augmentation is performed in three steps: move, check,

correct (Figure 5.7). Robot motion is verified with the stereo-tracking system and corrective

incremental movements are generated until the robot accuracy is reached within a defined

threshold.

Figure 5.7: Robot position control with stereo-vision augmentation: the actual path deviates
from the ideal path due to imprecise angle information of joints. Motion commands continue
updating until the end-effector reaches within the tolerance of the destination.

Performance measurement is conducted by commanding the robot tip moving in random

directions with random distances. The average of absolute error in the vision system is

measured from 40 trials and is listed in Table 5.2.
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Table 5.2: Motion accuracy in the stereo-vision system

x axis y axis z axis

Absolute Error [mm] 0.248 0.198 0.333

The autonomous motion with stereo-vision is able to control the robot end-effector to

move into a small desired region with the target position. Considering the noise distribution

of the vision system, the desired region can be narrowed down to the shape of an American

football. In this study, a spherical threshold of radius 0.5mm is used for simplicity. Once the

end-effector is found inside the desired region, it is hard to differentiate whether the error is

caused by control or by vision noise, thus, further motion command stops. Moreover, motion

stability is highly related to the noise of the vision system and minimum threshold of the

motion control. In some areas of the working space where the lighting is not perfect, the

robot may move back and forth and take a longer time to stabilize.

5.3.2 SFE Vision Feedback

The obtained 3D model of the surgical cavity might not be accurate enough due to recon-

struction errors in the previous step, which sometimes cause over resection observed in the

experiment. Moreover, a slight tissue motion might occur anytime during the ablation. In

these cases, the generated ablation path becomes inaccurate. Therefore, fluorescence image

based feedback is introduced in the ablation procedure for fine adjustment of the robot tra-

jectory to overcome small model inaccuracy and slight tissue motion. Since the SFE is a

2D imaging device, the path adjustment is performed in the lateral plane such that each

via-point in the ablation path is constrained within the tumor area in the 2D image. Figure

5.8 illustrates the process of fluorescence image guided path correction during the ablation.

Before the motion command is sent to the robot, the fluorescence image is analyzed.

Path correction is only performed when there is a significant amount of tumor visible in

the segmented fluorescence image. The target position of the robot end-effector in world



69

Fluorescence
images

SFE
poses

3D target
position

segmentation

Tumor
area big
enough?

target projection
onto the image

target
inside

tumor?

No correction

target update
in image

reverse projection
to 3D space

No Yes

Yes No

updated 3D target

Figure 5.8: Path correction using fluorescence image as feedback.
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coordinate system is projected to the current 2D fluorescence frame to check whether the

destination is located within the tumor. All targets which are located away from the tumor

area will be corrected towards the tumor. Figure 5.9 depicts the three-step correction: 1)

project the target 3D point onto fluorescence frame based on the pinhole camera model. 2)

compute the centroid of the visible tumor area. 3) compute the intersecting tumor pixel on

the line consisting of the centroid and the target pixel. This step is solved by binary search

along the line.

Figure 5.9: 3D target projection and its correction in the segmented SFE fluorescence image.
The ablation tool is 7 French (≈ �2.3 mm) in size.

The intersecting pixel is considered as the adjusted target projection and is reverse-

projected back into the 3D world space while preserving the same depth as the old target.

Figure 5.10 shows the original ablation path and updated path during the execution when

treating a round simulated tumor of �6.35 mm. Due to the reconstruction error, the gener-

ated 3D tumor model is slightly larger (≈ � 7.21mm) than the actual one, as is indicated

in the figure that the original ablation path (red line) covers a larger area than the actual
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simulated tumor area (green area). The robot adjusts the ablation path during the execu-

tion based on the proposed visual servoing algorithm. The updated path (blue line) shows

a more accurate coverage of the tumor area compared to the original path, meaning less

normal tissue is removed during the ablation.
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Figure 5.10: Path correction based on real-time SFE vision feedback. Left: Contour follow-
ing, Right: Zigzag path

It is noticed in Figure 5.10 that the top part of the path is not corrected due to the lack

of visual information because the SFE view of the tumor at this region was blocked by the

ablation tool. This problem can be solved if using a higher DOF surgical tool at the robot

end-effector to guarantee the SFE vision all time.
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5.3.3 Autonomous Motion Control Module

This autonomous motion control module in Figure 5.1 combines the two types of vision feed-

back discussed above and is implemented as a ROS action server, which can be automatically

activated when requested by the BT action node from the top control layer. Figure 5.11 de-

scribes the scheme of the autonomous motion control with vision feedback incorporated with

the BT.

ROS Action ServerROS Action Client

executeCallback():

BT Action Node:
Execution

motion with stereo-augmentation

path correction with
SFE vision feedback

Goal: robot path

Feedback: cur-
rent target status

Result:
path completion

Figure 5.11: Structure of the autonomous motion control module with vision feedback.

The action server starts to execute the task automatically when it receives a goal from

the client. Each action goal is a set of points representing a robot path in 3D space to be

executed. For each target point in the path, the SFE vision feedback algorithm denoted

in Figure 5.8 first checks whether the current target needs to be corrected and updates the

target if needed. Then the robot end-effector will be commanded to move to the updated

target under stereo-vision augmentation as illustrated in Figure 5.7.

5.4 Action Node Implementation

The BT representation in Figure 2.4 gives an overview of the task flow of this semi-automated

medical procedure for residual brain tumor ablation. In this section, the details of each action
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node implementation and how the information flows between the nodes as well as across the

modules will be addressed. Figure 2.4 lists 13 actions in total: scanning, 3D reconstruc-

tion, tumor localization, contour smoothing, small area planning, zigzag planning,

contour-parallel planning, spiral planning, select, execute, check, and two recovery

actions including blackboard cleaning and robot initialization. The action nodes can

be divided into two groups based on the task they carry.

The first type of action node does not perform the task directly within the node, instead,

it sends the command/task goal to other modules, and waits for results sent back from other

modules when the actual task completes. The BT nodes scanning, 3D reconstruction,

execute belong to this type and are implemented in the client-server mode using ROS Action

Protocol. The action nodes are implemented as a ROS Action Client and the corresponding

actual task executors are implemented as a ROS Action Server. The tasks carried out by

these action nodes usually take a long time to complete (often hundreds of ticking cycles)

and require communication with the hardware. Advantages of this implementation include

separating the possible hardware failures from the higher lever decision-making control loop

to improve the robustness of the BT. With ROS Action Protocols, the action node receives

real-time feedback of the current status of the task from the server, such that the action

node can react fast and accordingly if an imperfect sub-result occurs.

The second type of action nodes is mostly data processing nodes or nodes with tasks that

can be completed in a single ticking cycle. All the remaining nodes fall into this category.

This type of the node executes the task within the node directly, which usually includes

three steps: fetching the data from the BT blackboard, processing the data, and updating

the blackboard after the processing is done. Special care is taken at each step such as memory

checking and pointer verification to avoid a sudden crash of the BT and therefore to improve

the overall robustness.
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Chapter 6

EXPERIMENT AND RESULTS

This chapter demonstrates the applicability of the algorithms and methods proposed in

the previous chapters towards the real clinical application. Laboratory setups are built to

validate the algorithms for the automated medical procedure of residual brain tumor ablation.

Performance of the integrated surgical robotic system and experiment results are analyzed

and evaluated.

6.1 Experiment Setup

6.1.1 Design of A Surgical Phantom

In many medical cases, due to vague symptoms at the early stage, patients are diagnosed with

brain cancer only when the tumor is very big - similar to a ping-pong ball size. Therefore, a

concave phantom in similar size was handmade from layers of paper to simulate the debulked

surgical cavity. A high-resolution brain image from the craniotomy was printed and pasted

on the internal surface of the paper cavity. The maximal depth is about 7 mm with a

spherical surface curvature of about 20mm as depicted in Figure 6.1. A protective film was

then applied to the surface of the phantom to create moisture resistance. To simulate the

tumor residues, transparent lotion was mixed with green fluorescence powder, such that this

jelly-like mixture can be segmented in visible light, can stick to the wall of the cavity, and

can be removed through vacuum suction. In this experiment, the SFE produces images in

3-channel RGB format for 3D reconstruction and tumor segmentation in color space.
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(a) (b)

Figure 6.1: Simulated surgical phantom. (a) Top view with a simulated tumor residue
(green). (b) Perspective view without tumor.

6.1.2 Design of A Tool Adapter

A tool adapter (Figure 6.2) was 3D-printed for attaching a suction ablation tube and the SFE

to the robot end-effector. Two types of setups (parallel and angled placement of ablation

tool and SFE) were tested. Two set screws were placed perpendicularly for each cylindrical

hole to fix the position and orientation of the suction tool and SFE to achieve a minimum

bending of the flexible optical fiber. The suction system is able to clear a �3mm circle

when placed perpendicularly 1mm above the simulated tumor tissue. The ablation system

is depicted in Figure 6.3. For stereo tracking purpose, three blue markers were placed on

a planar surface of the tool adapter such that the poses of the suction tool and SFE can

be computed through rigid transforms of the markers. This design allows continuous and

robust pose acquisition of the tool and SFE when they are deep within the surgical cavity

during the treatment process.
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(a) (b) (c)

Figure 6.2: Design of the tool adapter with two setups. (a) Parallel placement design. (b)
Angled placement design - front view. (c) Angled placement design - side view.

(a) (b)

Figure 6.3: (a) Ablation system overview (from left to right): suction tip with tool adapter,
filter, and vacuum. (b) Robot end-effector mount with the simulated surgical phantom.



77

6.1.3 Test Platform

A simulated surgical scenario was built upon the RAVENTM II surgical robotic research

platform (Figure 6.4). A simulated surgical phantom is placed in the robot workspace. The

left arm of the robot is used for the simulated residual tumor resection operation and holds

a 7 French suction tool and a �1.6 mm SFE. A stereo camera pair is mounted on the base

of the robot to provide color-based tracking of the markers, and hence the pose of tool and

SFE. Two LED lights are mounted symmetrically around the workspace to create evenly

distributed light for reduction of the tracking noise.

Figure 6.4: Experiment setup with a RAVEN surgical robot, multi-modal SFE, suction tool,
simulated surgical phantom and stereo-tracker as well as lighting systems. Ablation system
and mmSFE control system are behind whiteboard in this photo.
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6.2 Results and Discussion

6.2.1 3D Reconstruction

The proposed ORB feature descriptor in section 4.1.2 was able to match a sufficient number

of vascular features between the adjacent scans (Figure 6.5), although the Epiphan R© digitizer

reduces the image quality significantly. Hence, the generated point-cloud of the simulated

surgical cavity was sparse (about 1000 points from 49 images), but dense enough to create

a reasonable model of the surface.

Figure 6.5: Feature extraction and matching between two SFE images.
(Displayed: matching between image index 22 and 23 out of a total of 49 images.)

Figure 6.6 illustrates the point-cloud of the surgical cavity along with the detected tumor

residue, marked in green color. The shape and size of the tumor residue in Figure 6.6 match

well with the original tumor residue as depicted in Figure 6.1(a). An average tumor size was

computed as � 7.23 ± 0.441 mm from 10 successive trials when using a � 6.35 mm dot as

ground truth.
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Figure 6.6: The generated point-cloud and the TPS surface of the surgical cavity with the
residual tumor.

From a set of test trials, it is noticed that the size error of the tumor residue increases

with increasing distance between SFE and surgical cavity due to the increasing triangula-

tion error. Therefore, to achieve a relatively small triangulation error and a robust baseline

triangulation, The spacing between each SFE scan was empirically set to 4mm and the dis-

tance between SFE tip and the surgical cavity was limited to 15 mm. Moreover, the SFE

intrinsic camera parameters play a significant role in the accuracy of the 3D model. Due to

the high sensitivity of the SFE, the intrinsic parameters may vary with the force applied on

the SFE from set screws and the internal parameter drifting of electronic elements. Hence,

at power-up cycle of the SFE system, a manual calibration was executed using SFE con-

trol software to reduce the observable central distortion. Multiple conventional calibrations

using a checkerboard were performed later and averages of the intrinsic parameters were

computed. Radial and tangential distortion of the SFE images was corrected partially using

the calibration results. Some of these average values were then fine-tuned based on a set of
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test runs. Finally, these refined parameters were used for the 3D reconstruction algorithms.

6.2.2 Navigation and Execution Accuracy

The motion control of the suction tool tip and SFE is based on vision feedback and robot

inverse kinematics. Direct PID control of desired motor angles is not accurate enough to per-

form tasks which require sub-mm accuracy. Therefore, the stereo-tracking system consisting

of two webcams was introduced to provide the ground truth of tool and SFE poses within

half mm precision. Figure 6.7 plots the position of the SFE and suction tool tip together

with the generated 3D point-cloud of the surgical cavity during the execution of a planned

resection. The suction tool tip was programmed to move 1.5 mm above the phantom surface

to avoid direct contact with the phantom surface.
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Figure 6.7: Trajectories of suction tool tip (red) and SFE tip (pink) with respect to the 3D
model.

It is shown in Figure 6.7 that the tool tip was able to follow the desired treatment path
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within sub-millimeter accuracy. An enlarged display of each via-point (green) and the robot

tip position (red) is presented in Figure 6.8. The spatial root-mean-square (RMS) error

between the actual robot motion path and generated path is computed as 0.207 mm in the

stereo-vision frame.

13 13.5 14 14.5 15 15.5 16 16.5 17

−2

−1.5

−1

−0.5

0

0.5

1

y 
[m

m
]

 

x [mm]

 

generated path actual path

positions where the robot reached the via−points

via−points of generated path plan

Figure 6.8: Motion error analysis of the robot motion (red) vs. via-points (green) on the
X-Y plane of surgical field frame.
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6.2.3 Procedure Duration

The total duration of the entire semi-autonomous procedure was about 6 minutes. Table 6.1

lists cpu time used for each subtask, which is run on a Intel R© CoreTM i7 processor Linux

computer with 8 GB RAM.

Table 6.1: Time of each subtask

Subtask Approx. Time [sec]

7x7 raster scanning in 4mm spacing 196

3D image reconstruction of 49 frames 2

Tumor localization 3

Generation of ablation plans 1

Plan execution (contour parallel path) 136

Result verification via SFE image 2

Note that most of the time was used for the two robotic interventions: scan and ablation.

Due to the motion blur caused by the video digitizer, extra waiting time is required at the

point where the SFE saves an image during the scanning procedure. The physical scanning

speed can be further increased by upgrading to a high frame rate stereo pair. The current

frame rate is 7.5 Hz due to camera hardware limitation. However, the tissue removal process

is preferred to keep slow. Slow ablation speed helps the suction tool to remove the tissue

thoroughly. Secondly, a slower motion of the tool tip prevents big contact forces to the tissue

which may cause tissue damage and other unexpected damage in case of accidental contact

on tissue motion. For the surgeon, monitoring a slowly moving ablation process with enough

time to fine-tune the automated surgical procedure or halt an undesired procedure with a

foot pedal would be advantageous.
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6.2.4 Success Rate

A successful trial is defined as when the integrated system detects all tumor residues, cleans

them and passes the visual validation. Table 6.2 lists the results from 10 consecutive trial

runs. Each trial used one of the four path patterns to ablate the tumor residue based on

its size and shape: zigzag, contour parallel, a mix of the both patterns as well as spot-wise

suction of small tumors. 7 out of 10 trials were successful. The unsuccessful trials were mainly

caused by inaccurate 3D model creation. This is due to several possible reasons. First, the

tumor residue is located in a feature-sparse area, which leads to partially inaccurate surface

model(#7). Second, the drifting of SFE internal parameters such as the field of view(#9),

as well as the error in bundle adjustment lead to the position error of the 3D model, and

hence of the tumor residues. Trial #4 and #7 cannot be considered as total failures because

the remaining tumor material can be removed in further multiple passes as long as there is

no damage to the surrounding healthy brain tissue.

Table 6.2: Results for 10 Trial Runs

trial # # of residues path pattern S/F fail reason

1 1 zigzag 3

2 1 contour parallel 3

3 1 mix 3

4 1 mix 7 residue remained partially uncleaned

5 1 contour parallel 3

6 2 contour parallel / small 3

7 2 mix / small 7 smaller residue remained uncleaned

8 2 mix / mix 3

9 2 contour parallel / mix 7 tool tip bumped into the phantom

10 2 contour parallel / zigzag 3
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6.2.5 Experiment using Wet Phantom

To validate the algorithms under a more realistic surgical environment, the phantom was

sprayed with water to form a wet surface with strong specular reflections in the SFE imaging

(Figure 4.1(a)). A round simulated tumor of �6.35 mm was used as ground truth for

comparison. Experiments were performed with and without the specular reflection removal

technique described in section 4.1.2.
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Figure 6.9: 3D reconstruction under specular reflection.

Figure 6.9 shows a significant improvement in the reconstruction accuracy after removal

of specular reflection when using the same set of SFE images. The basic shape of both tumor

and surgical cavity is more accurately recovered with reflection removal.
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6.3 Conclusion and Future Work

This pilot study of the integrated medical robotic system demonstrated the feasibility of

supervised automation for brain tumor residue ablation in a simulated surgical cavity. The

overall spatial accuracy can be controlled within 1mm with fine tuning of the system pa-

rameters. One key function of the described system is its modularity in control architecture,

which allows easy modification and integration of sensors and actuators if required for more

complex intervention. Although in clinic, neurosurgeries quite often are more sophisticated

and require sub-millimeter precision over a long duration, the methods described in this

study can serve as an entry point for the further endeavor.

One limitation in the current design of the phantom is that the tumor residues cover

some tissue features, which causes small holes in the generated point-cloud of the surgical

cavity and therefore may cause partial inaccuracy in the 3D model. However, this limitation

may not be expected in the clinical setup using real brain tissue with fluorescence markers,

because the vascular features of the tissue with the fluorescence contrast agents can still be

detected under multimodal SFE imaging. In the follow-up work, tests with real brain tissue

with the fluorescently labeled tumor will be performed to verify this hypothesis. Moreover,

another important step towards clinical experiment will be tool interaction with soft tissue.

Thresholds such as maximum safe contacting force need to be determined in future explo-

ration. Further developments of the SFE need to be implemented for more robust tissue

imaging experiments. These include design improvements, automated feedback control of

scanner distortion due to clamping the resonant SFE imager [100], and lossless rejection of

specular reflection using spatially separated light collection and detection [101].

Future work also includes design and implementation of an interactive graphical user

interface that will visualize the ablation plan. This clinical interface will allow the surgeon

to select and define regions, such as a forbidden zone in the 3D model. This zone would

be designated to preserve tissue function, which is extremely important to preserve for the

patient, and thus the robotic intervention will be prohibited inside these regions.
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Chapter 7

FUTURE EXPLORATION OF ROBOTIC SURGERY

This thesis demonstrated a successful laboratory implementation of a semi-automated

robotic medical procedure - residual brain tumor resection. The ideas and methods proposed

in this thesis contribute directly or indirectly to the development of the image-guided robotic

surgery that aims to provide a better or comparable treatment and/or faster recovery time

than the conventional surgery. This chapter discusses the open questions for the future

exploration of robotic surgery and possible efforts required for moving from the laboratory

results towards real clinical applications.

7.1 Supervised Autonomy in Robotic Surgery

During the past decade, tremendous advances in technologies have occurred in the field of

surgery. One such technology is the use of surgical robots in medicine. The goal of surgical

robots is not to replace the surgeon, but rather, they are designed to assist the surgeons at

various levels during the medical operation to provide more accurate diagnoses, more precise

intervention, shorter operation duration and faster recovery time in post-surgery. A higher

level of robotic assistance is the introduction of a degree of medical automation combined

with artificial intelligence and robotics, which might help to provide the patient with better

surgical outcomes. It is important to view surgeon’s role in autonomous medical procedures

not as obsolete, but to see the potential enhancements that the surgical robots together with

the surgeon will bring for medicine and science. The surgeon is still required to monitor

each aspect of the robotic intervention and be ready to take over anytime if necessary. The

autonomy in medical procedures can be presented in various ways, but not limited to:

Semi-Autonomy: Semi-autonomy refers to partial autonomy in medical procedures with
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surgeon’s supervision in the loop as presented in this thesis. In this type of autonomy, the

surgeon and the robot work non-concurrently. The surgeon detects the irregular robotic

interventions if not detected by the robotic system, and is prepared to take over immediately

if such scenario occurs.

Shared Autonomy: In shared autonomy, surgeon operation and robot autonomy are com-

bined concurrently to achieve a certain medical goal together. This can be realized in multiple

ways, e.g. the robot and the surgeon work independently or the surgeon teleoperates the

robot with a certain degree of autonomy. Shared autonomy requires the autonomous sys-

tems to fully understand the surgical site and goal, as well as the operations carried out

by the surgeon. It is critical in shared control that the robotic system needs to be able to

evaluate/estimate the confidence and danger of the current operation, and even be capable

of an automatic takeover. In addition, it is essential that these autonomous systems need

to be cognitive, transparent, fluent and smooth in human-robot interaction such that the

transition between different operation modes can be seamlessly realized, and thus to reduce

the risk during the surgery. All these factors pose unique challenges due to the increased

complexity in controls.

Before the actual clinical deployment of the autonomous medical robotic systems, a

few open issues of robotic automation in general surgical scenarios are addressed. Possible

solutions are discussed.

7.1.1 Bleeding

Bleeding is a general risk for anyone going through a surgery. Blood obscures the surgical

cavity intermittently and therefore makes the robotic intervention barely possible in this

case. One possible solution would be introducing another robotic tool for blood detection

and suction or even manual cleaning by the surgeon in the context of shared autonomy. Such

operations may slow down the main robotic intervention but will significantly increase the

robustness of the surgical system overall and reduce the risk of surgery. In [102], the authors
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proposed algorithms based on color information and continuous blood colored regions for

automatic bleeding detection in endoscopy video frames in diagnosing gastrointestinal (GI)

diseases. Of course, more robust and faster algorithms will need to be explored for real-time

blood detection during the surgery, in which case there is a much higher volume of blood.

Due to the modular design of the BT based control architecture proposed in this thesis, the

integration of such technology and robotic systems is considered straightforward.

7.1.2 Tissue Deformation and Motion

Tissue deformation and motion during the surgery is another common problem occurring

during surgery and is considered to be a critical issue in medical automation. Estimation

and compensation of periodic tissue motion have been studied by various research groups in

beating heart surgery [103,104] and in image-guided radiotherapy of respiratory tumors [105].

Detection of soft tissue deformation has also been intensively studied for surgical simulation

and in the laboratory using various signal modalities, such as ultrasound feedback [106],

optical feedback [107] and haptic feedback [108]. Challenges still exist for real-time detection

of tissue deformation and non-periodic tissue motion in the actual clinical environment, as

well as the corresponding robot responses in the presence of such tissue deformation and/or

motion. One method proposed in this thesis, introducing the real-time imaging feedback to

correct the robotic intervention, might help to mitigate the problem caused by small tissue

motion but cannot solve the general problem thoroughly - immediate surgeon’s intervention

is required in general case.

7.1.3 Emergency Handling

Surgical operations sometimes involve complications that cannot be automatically detected

and handled by autonomous systems. Therefore, the surgeon is expected to have full control

over the automation and realize the complications soon enough to reduce the risks. Although

the proposed BT framework is able to handle possible non-critical outcomes with a recovery

node introduced in this thesis, it is not yet programmed to handle most of the emergent
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complications during the surgery. It is essential in the future to have robotic systems that

are able to predict and alert possible complications before they happen based on a large set

of vital data collected from the patient and a population of similar patients, and thus allow

the surgeon to have enough time to deal with the complications.

7.1.4 Safety Analysis in Robotic Surgery

Probabilistic risk assessment (PRA) is a systematic and comprehensive methodology for

evaluation of the risks associated with a complex engineered technological entity, e.g. a

power plant or an aircraft [109]. In robotic surgery, a probabilistic risk analysis can be used to

predict the uncertainty and severity of the possible unsuccessful robotic interventions during

the surgery in terms of probability and magnitude, so that the surgeon can be aware of the

possible failures and make decisions about the future robotic interventions based on these

quantities. It can also help to establish the safety margin of a robotic medical procedure.

Literature in medical risk management [110, 111] discusses the process for conducting the

risk assessment using inductive event trees and/or deductive fault trees, which are tree-like

structures for risk modeling. An event tree analysis of a robotic medical procedure can be

partially incorporated into the BT framework adaptively, by extending each BT node to

report the probability of failure occurrence [112] and the severity level of the failure. A

comprehensive risk assessment of the autonomous medical system needs to be established in

the future work.

7.2 Haptic Feedback

Haptic feedback is another essential aspect in robotic surgery although it is not discussed

in this thesis. Current designs and systems for haptic feedback in surgical simulation and

telerobotics allow the users to indirectly feel the objects when being manipulated, but are still

far from providing the real sense of touch. This remains a significant problem in real clinical

applications. Commercial surgical robotic systems focus on providing vivid 3D vision to

compensate for the lack of touch, such as the latest da Vinci Xi R© surgical system which uses
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magnified 3D high resolution stereo-vision to allow the surgeon to see anatomical structures

in crystal clear definition.

Many research groups have proposed methods to generate the virtual force from visual

information [113, 114] and from tissue models [115, 116]. However, haptic feedback is es-

pecially critical for surgeons in the absence of good visual information. Further, complete

tissue modeling is probably more beneficial for surgical simulation than for real surgery.

A considerable amount of research has also focused on designing of force-sensing surgical

instruments [117, 118] and force feedback instruments [119]. But the cost of force sensing

tends to be high, and other issues such as size, sterilizability, reusability, water resistance,

and robustness make the current existing designs hard to meet the surgical requirements.

Therefore, force sensing surgical instruments have not yet been seen in the operating room.

Future work in integrating haptic feedback with surgical robots would be easier with

a continuous reduction in the cost of force sensing. More studies are needed with efforts

from both surgeons and engineers together to contribute for optimal and ergonomic haptic

systems in robotic surgery.

7.3 Intraoperative Fluorescence Imaging in Robotic Surgery

Tumor-specific fluorescence-imaging is a rapidly emerging technology in cancer surgery and

has shown the potential for accurate visualization of tumors and even residual tumor cells

marked by the fluorescence dyes such as ICG or 5-ALA-induced PpIX. Despite the rapid

advances in such technology in robotic surgery, e.g. a near-infrared camera was integrated

into the da Vinci R© Xi System for visualizing blood vasculature in real-time, intraoperative

fluorescence imaging is still challenging especially in robotic brain surgery. Such challenges

include quantitative identification of the tumor target with respect to the background nor-

mal tissue, as the malignant brain tumors are invasive and thus contain diffusive tumor

boundaries. The high noise level in fluorescence imaging makes the quantitative analysis

even more challenging. The study in this thesis demonstrated that such identification can

be measured by T/B ratio, although a threshold of the T/B ratio needs to be further deter-
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mined alongside with pathology test in the future work. Photobleaching is another critical

issue when imaging with fluorophores. Initial studies in imaging of the ex-vivo mouse brain

tumors indicated that the ‘Tumor Paint’ molecular indicator with ICG dye showed a much

slower photobleaching rate (ca. 4-5 times slower) compared to the 5-ALA-induced-PpIX as

a much lower power excitation laser is required for the ICG to fluoresce. A detailed study

regarding the photobleaching rate of the ‘Tumor Paint’ with respect to the imaging distance,

the excitation laser power needs to be conducted in the future for estimating an optimal

operation time window. Another challenging aspect is the multimodal display of the fluo-

rescence signal and the reflectance background. The current Firefly Fluorescence Imaging

system provided by the da Vinci R© Xi Surgical System is able to visualize the target by

overlaying the green fluorescence signal on top of gray reflectance images. However, critical

color information is missing from the background. In the future work, different methods

for multimodality medical image fusion [110,120] should be investigated for vivid and infor-

mative image display. Furthermore, intraoperative imaging in robotic surgery, especially in

minimally invasive robotic surgery, requires high camera dexterity, a small camera size and

a wild field of view. All these factors result in increasing challenges in designing of medical

imaging systems.

7.4 New Designs of the Surgical Robotic Systems

Considering the factors in designing surgical robots, it is a wide field in general which includes

but is not limited to the following aspects:

• procedure-specific robotic systems for different requirements and constraints

in different medical procedures as well as improved transparency in human-

robot systems.

There are some technical factors which need to be considered when designing a surgical

robot. Factors related to the systematic design of the robots to fit different operating

areas in different medical procedures are of great importance, e.g. design of collision-
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free mechanisms and safe control for operating in narrow regions. System latency is

also a critical factor for safety control especially for robots that can be teleoperated by

the surgeon.

• secure networked robotic systems.

With the increased growth of networked systems appearing in the operating room,

a crucial problem becomes the security of the cyber-physical systems. Research has

shown that a teleoperated surgical robot can be hacked via the network [121], although

such potential threat has yet to receive big attention. More security and privacy related

issues might appear when the systems are connected to the outside network, e.g. with

the increasing deployment of cloud computing for cloud diagnosis or even for online

treatment by other experts. Such issues need to be addressed in the future development

of surgical robotics.

• cost-effective robotic systems and smart surgical components.

Along with the goal of improved patient care, another important aim of surgical robots

would be to reduce costs so that they can benefit more patients over the world. Most of

the robotic surgical systems in today’s market cost over $1 million for installation plus

a considerable amount of maintenance fees yearly, which leads to the fact that lots of

patients are not able to receive such medical benefit due to the financial issue. Future

development of surgical robotics should focus on cost-effective robotic systems as well

as smart accessory instruments that integrate with the surgical robots and extend their

functionalities.
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[34] M. Colledanchise and P. Ögren, “How behavior trees modularize robustness and safety
in hybrid systems,” in IEEE/RSJ International Conference on Intelligent Robots and
Systems (IROS),. IEEE, 2014, pp. 1482–1488.

[35] A. J. Champandard, “Understanding behavior trees,” http://aigamedev.com/open/
article/bt-overview/, 2007, [Online; accessed 11-May-2015].

[36] D. Isla, “Building a better battle: The halo 3 ai objectives system,” http://web.cs.wpi.
edu/∼rich/courses/imgd4000-d09/lectures/halo3.pdf, [Online; accessed 11-May-2015].

[37] C.-U. Lim, R. Baumgarten, and S. Colton, “Evolving behaviour trees for the commer-
cial game defcon,” in Applications of evolutionary computation. Springer, 2010, pp.
100–110.

[38] Y. Hoshino, T. Takagi, U. Di Profio, and M. Fujita, “Behavior description and con-
trol using behavior module for personal robot,” in IEEE International Conference on
Robotics and Automation (ICRA), vol. 4. IEEE, 2004, pp. 4165–4171.

[39] J. A. Bagnell, F. Cavalcanti, L. Cui, T. Galluzzo, M. Hebert, M. Kazemi, M. Klingen-
smith, J. Libby, T. Y. Liu, N. Pollard et al., “An integrated system for autonomous
robotics manipulation,” in IEEE/RSJ International Conference on Intelligent Robots
and Systems (IROS). IEEE, 2012, pp. 2955–2962.

http://aigamedev.com/insider/tutorial/second-generation-bt/
http://aigamedev.com/insider/tutorial/second-generation-bt/
http://aigamedev.com/open/article/bt-overview/
http://aigamedev.com/open/article/bt-overview/
http://web.cs.wpi.edu/~rich/courses/imgd4000-d09/lectures/halo3.pdf
http://web.cs.wpi.edu/~rich/courses/imgd4000-d09/lectures/halo3.pdf


97

[40] A. Marzinotto, M. Colledanchise, C. Smith, and P. Ögren, “Towards a unified behavior
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Appendix A

AREA OF POLYGONS FROM GREEN’S THEOREM

D

(x0, y0) (x1, y1)

(x2, y2)(x3, y3)

x

y

C0

C1

C2

C3

Figure A.1: Example of a polygon on a plane (number of vertices n = 4)

Let C be a count-clockwise oriented, piecewise smooth, simple closed curve in a plane, and

let D be the region bounded by C (see Figure A.1), Green’s Theorem gives the relationship

between a line integral around C and a double integral over D as below:

∮
C

Ldx+M dy =
x

D

(
∂M

∂x
− ∂L

∂y
) dx dy (A.1)

where the path of integration along C is counter-clockwise. L and M are functions of (x, y)

defined in the region D and have continuous partial derivatives there.

Green’s theorem can be used to calculate the area of region D by letting ∂L
∂y
− ∂M

∂x
= 1,

as given in Equation A.2.

A =
x

D

dx dy =

∮
C

Ldx+M dy (A.2)
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such function L and M can be chosen as L = 0, and M = x. Equation A.2 can be further

simplified as:

A =

∮
C

M dy =

∮
C

x dy =

∫
C0

x dy +

∫
C1

x dy + ...+

∫
Cn−1

x dy (A.3)

where C = C0 ∪ C1 ∪ ... ∪ Cn−1.

Considering a polygon consisting of a set of 2D points in form

[(x0, y0), ..., (xk, yk), ..., (xn−1, yn−1)], the line function Ck is defined as:

Ck = ((xk+1 − xk)t+ xk, (yk+1 − yk)t+ yk), 0 ≤ t ≤ 1 (A.4)

Therefore,

∫
Ck

x dy =

∫ 1

0

((xk+1 − xk)t+ xk)(yk+1 − yk) dt =
1

2
(xk+1 + xk)(yk+1 − yk) (A.5)

Substituting Equation A.5 into Equation A.3. we get the area of polygon D as:

A =
n−1∑
k=0

(xk+1 + xk)(yk+1 − yk)

2
(A.6)
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