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Abstract

Image guided liver surgery aims to enhance the precision of resection and

ablation by providing fast localization of tumours and adjacent complex vasculature

to improve oncologic outcome. This dissertation presents a novel end-to-end system

for fast and accurate 3D surface reconstruction and motion estimation of the liver

for alignment of intraoperative imagery with a preoperative volumetric scan. The

system is designed and evaluated for application to liver surgery in an open setting,

where open surgery is the dominant setting. The system is comprised of three

key components: initialization, 3D surface recovery, and 3D motion estimation.

Initialization is performed semi-automatically using a Branch-and-Bound (BnB)

strategy to generate a set of globally optimal shape-based registration candidates

from which the user can select a suitable initialization. 3D surface recovery is

performed using a computationally efficient adaptive Coarse-to-Fine (CTF) stereo

algorithm providing data-driven dense reconstructions in a computationally-efficient

manner. A robust, 3D motion estimation technique based on interframe feature

matching is then used to register a time series of reconstructions back to the initial

frame of the sequence. The system has been evaluated empirically with reference to

novel laboratory and intraoperative datasets, with results showing that performance

is within tolerances expected for integration into Surgical Navigation (SN) systems.
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Chapter 1

Introduction

1.1 Motivation

Medical imaging now plays an important role in the operating room in a field

known as Image Guided Surgery (IGS) [138]. IGS techniques aim to aid surgical

teams in operating within surgical tolerances by providing them with additional

information beyond what is otherwise available about the patient’s anatomy during

the operation. IGS techniques can be as straightforward as directly deploying an

imaging system, such as intraoperative Ultrasound (US), that provides the surgical

team the ability to view projections of subsurface structures that can guide actions

during a surgery. Alternatively, more advanced IGS techniques use intraoperative

imaging modalities, ranging from US and visible monocular or stereo vision systems

all the way to volumetric scanners such as Cone Beam Computed Tomography

(CBCT) or open Magnetic Resonance Imaging (MRI), and register them to the

preoperative imagery to provide surgical teams with a means of readily relating the

information acquired preoperatively with the patient’s anatomy in its intraoperative
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state.

The more advanced forms of image guidance are often also referred to using

terms such as Computer-Aided Surgeries (CASs), Computer-Aided Interventions

(CAIs), Guided Navigation (GN), Surgical Navigation (SN), and Intraoperative

Localization (IL), primarily depending on the branch of the literature where the

work appears. Nevertheless, all of these terms fall under the umbrella of IGS. For

the purposes of this dissertation, the term Surgical Navigation (SN) will be used

to denote systems that attempt to merge or register preoperative imagery to the

intraoperative state of the patient to provide additional vital information to the

surgical team.

Neurosurgery was the first surgical specialty to make use of SN techniques as a

part of patient care. Early SN applications to neurosurgery were made possible by

assuming that the spatial relationship between the brain tissue and surrounding

bony (i.e., rigid) landmarks remained constant. With this assumption in place,

initial SN systems made use of a stereotactic frame that was rigidly affixed to the

patient’s skull prior to obtaining preoperative imagery and would remain in place

during surgery [190]. The transformation between the stereotactic frame and the

preoperative imagery would be obtained through the localization of fiducial markers

on the stereotactic frame in the preoperative imagery. In the case of the commonly

used Brown-Roberts-Wells (BRW) and Cosman-Roberts-Wells (CRW) stereotactic

frames, these fiducials came in the form of three oblique rods that extended out of

the stereotactic frame in what was called a “localization frame”. The relationship

between the frame and the lesion/tumour observed in the preoperative imagery

would be assumed to be rigid allowing the identification of landmarks on the

stereotactic frame to guide the instruments to targets in the brain. Newer image-

2



guided techniques, also known as frameless stereotaxy, make use of less invasive

fiducial markers for registration and external trackers for navigation of hand-held

instruments [147, 57, 58]. These techniques notably still rely on the predominantly

rigid relationship between the fiducial, skull, and brain tissue. With knowledge of

the transformation between the stereotactic frame and the preoperative imagery,

computers could be used to plan straight-line paths into areas of the brain using

the stereotactic coordinate system.

Integration of rigid SN techniques have made their way into other surgical fields.

Otolaryngology (also known as Ear, Nose, and Throat (ENT)) [25, 204, 122, 43, 102],

orthopedics [201], maxillofacial surgery [218], and dental surgery [45] have all

benefited from advances in SN technology. Similar to neurology, these applications

of rigid SN techniques are possible due to the (semi-) rigidity of the surgical site,

which is predominantly due to the close proximity of bones that limit the amount

of deformation of the tissues of interest [14].

Surgical areas still awaiting mass adoption of SN techniques are those where

the tissues of interest do not have a relatively constant spatial relationship with

rigid structures, i.e., abdominal surgery. Here, non-rigid deformations may occur

not only between preoperative and intraoperative imagery, but also between in-

traoperative scans acquired at different times, particularly when considering the

spatial relationship relating the organ of interest to nearby bony structures.

Nevertheless, interest in the medical community in SN techniques for soft tissue

surgery has grown steadily in recent years. One such area of interest is the use of

SN techniques during liver resection tasks. Liver resection is the only potentially

curative therapy for liver cancer, but often represents a surgical challenge due to

the location of tumours throughout complex, delicate vasculature [155, 163]. To

3



date, SN applications to the liver have shown utility in specific surgical settings.

SN applications to the liver have proved helpful in identifying small sonographically

occult colorectal liver metastases (i.e., tumours that were found in preoperative

Computed Tomography (CT), but become difficult to see using intraoperative US),

particularly after treatment with chemotherapy (often used to downstage the disease

and allow for resection) [98, 86, 133]. SN systems have been used to predict accurate

resection planes and remnant volumes [174]. When analyzing overall surgical

outcomes, SN applications to liver surgery have had limited reports suggesting

current techniques are able to aid in difficult ablations [87], able to provide slight

reductions in incomplete resections [24], and have provided a benefit to individual

patients undergoing complicated liver procedures [134]. Initial results suggest that

by imaging the liver in real-time and providing the surgeon continuous feedback

regarding the localization of tumours relative to adjacent major vasculature, the

likelihood of an incomplete resection or inadvertent liver injury has the potential

to be reduced [137, 134, 175]. However, similar to the state of neurological image

guidance systems, no randomized controlled clinical trials have been performed to

accurately assess the impact of current image guidance systems on patient outcomes

in liver surgery [175]. The absence of such a study is primarily due to the fact that

determining relevant endpoints for such a study that provides a sufficient number

of patients is difficult [175].

1.2 Problem structure

The goal of a Surgical Navigation (SN) system is to achieve and maintain the

registration of an intraoperative video source to the volumetric scan obtained

4



(a) (b)

Figure 1.1: Surgical Navigation (SN) Application to Liver Surgery. (a) Shows a
view of the surgical theatre during an open liver resection surgery at Memorial
Sloan Kettering Cancer Center (MSKCC). The gold box positioned over the patient
contains a stereo camera. Synchronized stereo video is used to reconstruct a time
series of 3D surface models of the patient’s liver, capturing a selected portion of the
intraoperative state of the patient’s anatomy. (b) Shows the subsequent registration
of the surface model to the preoperative volumetric image of the patient’s liver.
The light points in the background of the image are the result of segmenting the
outer surface of the patient’s liver from a preoperative CT scan. The dark points
in the foreground are the result of a stereo reconstruction performed on a single
frame during the same patient’s operation. Details of the algorithm leading from
the input to the output are provided in Figure 3.1 and elaborated in Chapter 3.

preoperatively of the same anatomical region allowing for the two sources of data

to be readily co-referenced by the surgical team. The majority of solutions to this

task are shape-based approaches. In this case, to provide a common reference frame

between the preoperative and intraoperative imagery, two sub-problems, each of

which push state-of-the-art in computer vision, need to be solved. First, shape-

based approaches start by estimating a 3D surface model of a selected portion of

the patient’s anatomy from the intraoperative imagery. Second, the intraoperative

surface and preoperative volumetric model are registered. This registration is

maintained on incoming imagery to keep the relationship of the two data sources

up to date. A pictorial overview is provided in Figure 1.1.
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There are three major challenges to realizing Surgical Navigation (SN) systems.

First, a time series of 3D surface models must be recovered from an intraoperative

video sequence even in the presence of sparse visual features and low texture

surfaces that can be typical of internal organs, e.g., the liver. Moreover, estimation

must be efficient enough to support real-time decision making in the operating

theatre. Surface reconstruction approaches that can tolerate such conditions should

be explored. Second, initial alignment between the recovered surface model and

preoperative scan must be accomplished taking into account the cross modality

differences between the intraoperative and preoperative imagery, i.e., different

imaging modalities yield different visual appearances. Currently, initial alignment

typically is performed by an expert human operator (e.g., a surgeon); however, this

approach leads to interruption of the surgical work flow and a resulting accuracy

that is highly user-dependent. Alternative approaches should be explored that

lessen or remove the need for human intervention. Third, to support ongoing

Surgical Navigation (SN) during surgery, the initial registration must be updated

and maintained as incoming intraoperative imagery is acquired. Extant solutions

to this challenge typically rely on repeated surface-to-surface registration of the

recovered surface estimates; however, this approach often is susceptible to drift and

thereby loss of physically meaningful registration beyond initialization. Alternative

approaches that can maintain physically meaningful registration across a time-

series of intraoperative acquisitions should be explored. Additionally, while not

a challenge inherent to SN systems, advances in development of such systems

currently are hampered by lack of controlled laboratory datasets for systematic

evaluation.
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1.3 Contributions

The primary contribution of this work is a novel end-to-end system for fast surface

reconstruction and motion estimation of the liver for alignment of intraoperative

imagery with a preoperative CT scan. Specifically, we deem this system to be

“end-to-end” as the system implements a fully functional Surgical Navigation (SN)

pipeline that relies on manual input for initialization purposes only and requires no

subsequent user intervention. The current instantiation of this system is designed

for use during intraoperative planning/exploratory phases in an open surgical

setting. The targeted use case allows for the system to aid the surgical team

with relocalizing subsurface structures of interest intraoperatively while accounting

for the fact that the system does not currently address the significant occlusions,

deformations or changes to the surface topology that often occur during the course

of a typical liver resection task (all of which are still ongoing problems of interest

in the research community).

In this system there are four notable subcontributions.

1. To the best of our knowledge, this system is the first to use an adaptive

Coarse-to-Fine (CTF) stereo algorithm for fast and accurate 3D surface re-

construction in intraoperative liver imaging. The approach yields data-driven

dense reconstruction by allowing coarse resolution image data to inform fine

resolution reconstruction, even in low texture regions [179]. Coarse-to-Fine

(CTF) processing also leads to computational efficiency, while complementary

use of adaptive windows supports precise reconstruction of 3D boundaries.

2. We propose a shape-based (semi-) automated initialization strategy for regis-

tering an intraoperatively acquired 3D reconstruction to a preoperative CT
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scan. To our knowledge this strategy is the first automated or semi-automated

technique to provide quantitative results on intraoperative data and one of

the first proposed for use in Surgical Navigation (SN). Manual initialization

strategies, that have become common practice in the SN community, have

been shown to interrupt surgical workflow and the accuracy of the resulting

registration is highly dependent on the expertise of the user performing the

initial registration [14]. The proposed semi-automated strategy ameliorates

this limitation.

3. The system makes use of a robust, 3D motion estimator based on interframe

feature matching to register a time series of surface reconstructions to the

initial frame of the sequence for subsequent registration to a volumetric CT

scan. The proposed feature matching-based approach encourages registration

to bring physically meaningful features into alignment and has shown to be

resistant to drift in our experiments.

4. The creation of a controlled laboratory dataset allowing for ground-truth

evaluation of the motion estimation ability of SN systems. To our knowledge

this is the first laboratory controlled dataset mimicking open surgical settings

with ground-truth signals for the motion of the phantom liver. One of the

current challenges in the SN community is the standardization of evaluation

of such systems. With this challenge in mind, the laboratory dataset has

been shared with the SN community to enable future comparisons between

systems.

The system has been evaluated (i) empirically in controlled laboratory exper-

iments with a liver phantom for precise quantitative evaluation and (ii) using
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patient data acquired during liver resections that took place at Memorial Sloan

Kettering Cancer Center (MSKCC). Both forms of evaluation take place in open

liver resection (or analogue) conditions. Despite a shift in surgery toward less

invasive procedures [191] and corresponding research effort in SN systems that

target Minimally Invasive Surgery (MIS) applications, as evidenced by the focus

of recent surveys in the area [96, 91, 128, 121, 113, 14], most liver resections are

performed as open resections due to the extent and location of disease. A recent

study from MSKCC reported that roughly 75% of liver resections at their centre

were performed in an open environment [166]. Moreover, laparoscopic approaches

are only suitable for certain cases where there is oncologic equivalency between

open and laparoscopic interventions [166]. Overall, we demonstrate a stereo-based

platform capable of providing temporally dense 3D textured data registration to

a preoperative model in near real-time under realistic conditions of liver surgery.

Portions of this work have been previously published [181].

1.4 Outline of dissertation

The dissertation consists of five chapters. Chapter 1 has motivated the work and

outlined the contributions provided. Chapter 2 reviews related research. Chapter 3

details the developed technical approach to the problem of SN in liver surgery.

Chapter 4 provides an empirical evaluation of the implemented system in laboratory

and intraoperative conditions. Finally, Chapter 5 reviews the main points of the

dissertation and suggests avenues for future work.
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Chapter 2

Related research

Research on the development and use of Surgical Navigation (SN) systems is

concerned with enabling the direct use of preoperative imagery during live surgery

in a way that accounts for and is consistent with the intraoperative state of

the patient. To date, developments in this field have required the knowledge

and exploitation of various imaging modalities and subsequent manipulation of

the chosen imaging modalities to provide common structures in the pre- and

intraoperative images to place the two pieces of information into correspondence.

Typically, SN systems of interest use preoperative volumetric imagery and attempt

to extract similar 3D information intraoperatively (either surface estimates or

additional volumetric imagery) and subsequently register the two pieces of 3D

information to provide the common reference for the pre- and intraoperative states.

The contributions made in this dissertation consider algorithmic aspects of

SN systems. Hence, in the literature review, we restrict discussion primarily to

the algorithmic approaches documented in prior works. Little will be said about

non-algorithmic details of the prior work (such as details of the surgical procedures,
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Operating Room (OR) details, imaging setup, etc.). Furthermore, there are few

datasets available and no attempt at common validation among published works.

Metrics used for evaluation are also varied. Hard performance requirements and

standardized metrics required to evaluate SN systems to determine clinical relevance

is a pressing need in the community. Suggestions for accuracy requirements, as they

pertain to abdominal and/or liver interventions, are provided for discussion within

the empirical evaluation of the system presented in Chapter 4 of this dissertation.

A system classification based on functional pathways through extant SN systems

is proposed and extant systems are reviewed. The system classification provides a

way to distinguish between the main approaches to bridging pre- and intraoperative

sources of imagery, while the extant systems provide specific examples of the various

approaches yielding additional insight.

2.1 System classification and extant systems

This section provides a review of related approaches to bridging between preop-

erative volumetric imagery and intraoperatively acquired imagery. Much of the

published research related to providing a bridge between preoperative volumetric

imagery and live intraoperative imagery focuses on a subcomponent of the pipeline

that is necessary to accomplish the task. Nevertheless, several fairly complete sys-

tems have been documented and are presented in this section. Figure 2.1 provides

a framework for classifying the general approaches to this problem. The figure

depicts the four main system designs that were identified in the current literature

for relating intraoperative video data to preoperative volumetric data, as follows:
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Figure 2.1: Functional Pathways Classification Through Extant Surgical Navigation
(SN) Systems. Shown are the variety in approaches for systems relating preoperative
volumetric images to intraoperative video imagery that appear in the current
literature. Four primary paths exist through the classification of extant systems:
(1) pose estimation from 2D-3D point correspondences, (2) pose estimation with
respect to a model or map captured intraoperatively, (3) surface registration of a
partial intraoperative 3D surface reconstruction and the preoperative volume, and
(4) registration using an intraoperatively acquired volumetric image as a bridging
modality.
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• Pose estimation from 2D-3D point correspondences. Path 1 in Fig-

ure 2.1 relies on a set of 2D-3D point correspondences relating visual features

in a reference video frame to points on the preoperative volumetric surface.

From this set of 2D-3D correspondences between the data sources, a projec-

tion can be estimated relating the two sources of data at a point in time. The

projection can be maintained by tracking/matching the image features in

subsequent frames of the video. While simple and relatively straightforward,

this class of approaches is limited by the difficulty of detecting correspond-

ing cross-modality features between the preoperative and intraoperatively

acquired images.

• Pose estimation with respect to a model/map captured intraop-

eratively. Path 2 in Figure 2.1 also employs monocular/2D video, but

relies on a separate procedure that generates a surface map or model of

the intraoperative state of the organ. This class of approaches attempts to

bring the preoperatively acquired and intraoperatively acquired images into

common representations (i.e., 3D surface models) and thereby overcome the

challenges of establishing cross-modality point-wise feature correspondences.

This process can be performed in a variety of ways (Structure-from-Motion

(SfM) [207, 197, 74, 115, 123, 90], Simultaneous Localization and Mapping

(SLAM) [130, 37, 56], Shape-from-Shading (SfS) [36, 116] as well as SfS+SfM

hybrids [116] have all appeared in the literature). Once the intermediate

3D surface model has been computed from the video input, the intraopera-

tively constructed model can (optionally) be registered to the preoperative

model using shape-based or point-based approaches (depending on the type
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of map/model being maintained). Subsequent images can then be registered

to the intraoperatively constructed model as it now contains visual features

related to the 3D structure providing cross-modal features with which to

match. Conversely, the ultimate ability for the system to localize the cur-

rent intraoperative state to the preoperative imagery will be bounded by

the cumulative errors of localizing to the intraoperative model, building the

intraoperative model/map, and registering that map to the preoperative

model.

• Surface registration of a partial intraoperative 3D surface recon-

struction and the preoperative volume. Path 3 in Figure 2.1 makes

use of 3D measurements at a given input frame (often via the computation of

disparity from stereo imagery) along with shape-based registration techniques

to register the shape of the viewed scene to the preoperative state of the

organ. The use of stereo video (or another real-time 3D vision sensor) allows

for the frame-by-frame 3D reconstruction of the visible scene. The ability to

build a 3D surface estimate at every frame removes the necessity to build an

intermediate 3D model/map based on the intraoperative data. As a result,

any issues of distinguishing camera vs. scene motion are removed and scene

motion can be recovered solely in the registration of the data sources. A main

limitation of these techniques is in the large degree of local shape similarity

typically present during the registration of small patches of the surface of

organs and the preoperative imagery. This degree of local shape similarity

can make the use of shape-based registration approaches particularly prone

to finding local minima as well as having relatively “flat” solution spaces
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where surface patches can be slid along the local region of the preoperative

volume with relatively little change in the registration error [27, 188, 215].

Increasing the surface coverage of the intraoperative scan is currently the

best non-invasive means to combat the issue of local shape similarity in these

techniques [173, 158]. Similar approaches using Laser Range Scanning (LRS)

or a tracked probe manually swept over the organ of interest have appeared

in the literature (and in Food and Drug Administration (FDA)-approved

systems in the case of tracked probes [175]). Recent work has explored minia-

turizing LRS for endoscopic surgery by introducing two optically tracked

probes: a single-plane laser as a structured light source and an endoscopic

camera [55]. To reconstruct the visible anatomy in 3D, the endoscope is

clamped in place while the laser is manually swept over the Region Of Interest

(ROI). These approaches have an important difference when compared to

techniques using real-time 3D vision sensors. Though their pipelines may be

similar, 3D reconstruction using LRS or a tracked probe is a time aggregated

process. As such, systems relying on these 3D reconstruction techniques are

only applicable for a “snapshot” approach to SN where results are shown

at a single point in time as opposed to one that updates with the state of

the patient. The novel system presented in this dissertation is in the class of

approaches that make use of surface registration of a partial intraoperative

3D surface reconstruction to a preoperative volume.

• Registration using an intraoperatively acquired volumetric image

as a bridging modality. Similarly to the previous option, path 4 in

Figure 2.1 makes use of an intraoperatively acquired volumetric scan (via
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imaging techniques such as Cone Beam Computed Tomography (CBCT) or

Open Magnetic Resonance Imaging (MRI)) as a bridging modality to aid

in the registration process [6, 125]. These imaging modalities provide a

means of obtaining a volumetric scan of the area of interest intraoperatively

(typically at a lower quality/resolution when compared to their preoperative

counterparts). Typically, the volumetric scan is used to bring additional

context when compensating for deformations that may take place in the

patient’s anatomy between preoperative and intraoperative states. Partial

surface models acquired at any time instant via stereo, or some other in-

traoperative 3D surface imaging modality, can be registered directly to the

intraoperatively acquired volumetric scan. This intraoperative volumetric

scan is in a similar physical state as the partial surface model. Utilization of

the intraoperative volumetric scan allows the update registration process, that

must occur frequently and with limited surface coverage, to deal with only a

portion of the state change as a result, e.g., [125]. Meaningful integration of

these scanners in SN systems is currently challenging due to issues including

the large cost of such scanners, possible radiation exposure for the patient

and surgical team, and the limited access for the surgical team to the patient

while scanning.

The remainder of this chapter describes how extant systems in each of these

categories operate.
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2.1.1 Pose estimation from 2D-3D point correspondences

This general class of approaches uses hand-picked corresponding features in an

intraoperative video frame and the preoperative 3D volume to constrain the estima-

tion of the camera’s pose with respect to the preoperative model [7, 187, 172, 142].

Figure 2.2 shows a typical configuration for a SN system in this category. These

approaches assume that there are corresponding point features on the 3D sur-

face and imagery that can be readily localized, which is often not naturally the

case [138, 142]. With this in mind, the best that can be achieved in such approaches

is a least squares approximation to the correct registration. A benefit of such an

approach is that if you can assume a lack of any systemic bias in the error in

identifying matching points the registration error will asymptotically improve as

the number of point correspondences provided to the algorithm increase. However,

if the additional points are not relatively uniformly distributed over the surface

being registered, a small registration error can occur in the region with increased

density of points at the expense of significantly larger errors in areas not well

represented in the provided correspondences [118, 119, 49].

To avoid the dependency on hand-picked points, some systems make use of

cross-modality fiducials that are placed on/in the patient’s anatomy during a

separate surgical procedure prior to acquiring the preoperative scans [7, 187, 172,

78, 192, 203, 77]. These cross-modality features can then be identified both in the

intraoperative video imagery and the preoperative volumetric scan using automated

or semi-automated means and then used to create a similar estimate of the relative

projection relating the two sources of data, a process known as “inside-out” tracking.

While these approaches simplify a portion of the technical challenges, they are
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Figure 2.2: Pose Estimation from 2D-3D Point Correspondences. Path 1 is
extracted from Figure 2.1 for clarity of exposition and convenience of the reader.

often avoided due to the invasive nature of the additional surgical procedure needed

to implant the fiducial markers [7].

Current approaches also typically assume that the intraoperative and preopera-

tive states of the organ of interest have not changed in shape. These approaches

typically end up computing the camera pose by estimating the projection that

provides the best fit of the model feature points in the current frame, assuming

rigidity. Once initial correspondences have been found in a reference frame, the

tracking of the feature points in subsequent video frames allows for the projection

matrix to be recomputed given the new locations of the feature points in the image

frame [7, 187, 172, 123, 129, 142, 65, 77].

Exemplar system: Puerto-Souza et al. 2014

The system developed in this work aims to provide a long-term and accurate Aug-

mented Reality (AR) surgical display during kidney Laparoscopic Partial Nephrec-

tomy (LPN) surgery [142]. (Nephrectomy is a surgical procedure to remove all

(radical) or part (partial) of a kidney.) The system attempts to directly compute a
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projection matrix relating the 3D preoperative volume to the 2D intraoperative

imagery.

To initialize the system, a series of 2D-3D point correspondences are needed to

relate the preoperative volume to a single image frame in the intraoperative video.

These point correspondences are obtained by projecting the preoperative model

into the reference image frame and hand aligning the model to the image contour.

Shi-Tomasi corner features [168] are extracted from the reference image frame with

each feature being associated with the closest projected point from the preoperative

model. Corners differing too far from the closest projected preoperative point are

discarded from the initial set of “anchor-point” feature correspondences.

These 2D-3D point correspondences are then used to compute a 3×4 projection

matrix that relates the preoperative volumetric 3D coordinate space to 2D pixel

coordinates in the reference image. Different approaches to computing the projection

matrix are used when the monocular camera is calibrated vs. when it is not. In

the uncalibrated case, a version of the Direct Linear Transformation (DLT) [62]

is used. When the camera has been calibrated, the images are first undistorted

and then the Perspective-Three-Point (P3P) algorithm [97] is used. In both cases,

a weighted-Random Sample Consensus (RANSAC) strategy [48] is used to make

the projection estimation more robust. The weighted-RANSAC strategy works

by lowering the contribution of clustered points, as well as points that had poor

reprojection errors in the previous timestep, to the error computation used in a

standard implementation of RANSAC. A Sliding-Window (SW) weighted least-

squares approach [111] is used to help reduce jitter in the motion estimates.

To recompute the projection matrix relating the preoperative volumetric data to

the intraoperative video, the 2D features that were extracted in the initial reference
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image frame are tracked. Feature tracking is performed using an extension of the

Shi-Tomasi tracker that accounts for affine transformations in the tracked template

as well as changes in illumination and reflection [81]. The tracked features are

then used to maintain the 2D-3D point correspondences between the preoperative

volumetric image and the intraoperative imagery throughout the video sequence.

When features are lost during tracking (i.e., due to sudden camera movement,

occlusion, etc.) a tracking-recovery stage is deployed. In particular, Scale-Invariant

Feature Transform (SIFT) features are extracted and matched across images before

and after the failure [106]. It is argued that use of SIFT features and matching for

tracking failure recovery is preferable to the simpler corner features used during

regular tracking because they are more robust to scale and rotation changes. Finally,

the initial correspondences are used in a Hierarchical MultiAffine (HMA) feature

matching strategy [143] to compute an image transformation relating the position

of the feature points in the image prior to the tracking failure to their location in

the current image.

The system was evaluated on two monocular video sequences taken during

LPN interventions. The proposed weighted DLT with SW approach was compared

with three baseline approaches. First, a version of the system that estimates the

projection matrix using DLT with RANSAC (i.e., without a weighted RANSAC and

without SW). Second, a version of the system that estimates the projection matrix

with the weighted DLT on a SW and the feature recovery stage. Third, a version of

the system using a weighted P3P and SW and the feature recovery stage, requiring

calibration information and rectified images as input. The video sequences contained

a number of challenges for typical navigational systems including rapid camera

motions, organ deformations, and prolonged occlusions. The first sequence is ≈19
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seconds long, with most of the challenges resulting from changes in illumination and

partial occlusions of the kidney. The second sequence is over 2 minutes in length and

contains a wider range of challenging situations (greater tissue deformation, camera

retraction/reinsertion, change in zoom, and total occlusions). The evaluation

consisted of measuring the precision of the overlay, precision of the 3D registration,

and the robustness to noise/occlusion. In general, the proposed approach provided

a visibly more precise and stable overlay of the 3D model when compared to the

organ boundary across the video sequences despite not always having the lowest

reprojection and 3D errors across the various sequences. The average reprojection

error ranged from 3.23 - 3.52 pixels across the three approaches for the first sequence

and ranged from 3.39 - 3.59 pixels for the second sequence.

2.1.2 Pose estimation with respect to a model/map cap-

tured intraoperatively

As noted above, to overcome the typical lack of cross-modal features that are visible

from both the intraoperative video and the preoperative volumetric model, some

techniques perform a two-step reconstruction/registration approach [207, 37, 38,

56, 112, 90, 214]. Figure 2.3 shows a typical configuration for a SN system in this

category. These architectures almost exclusively take advantage of properties of the

tissues being registered and/or stages in the procedure that allow them to assume

that the organ remains predominantly rigid while the reference model is being

captured. Recent research has demonstrated 3D reconstruction of a scene from a

monocular endoscopic video without relying on scene rigidity during the building of

the intraoperative model [90]. This system uses a two-stream approach: Shape-from-
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Figure 2.3: Pose Estimation With Respect to a Model/Map Captured Intraopera-
tively. Path 2 is extracted from Figure 2.1 for clarity of exposition and convenience
of the reader.

Template (SfT) is used to recover the camera pose and deformation information

at frame rate with respect to the current state of the surface reconstruction and

Non-Rigid Structure-from-Motion (NRSfM) is used to continually build and update

the template map at a lower frame rate.

One version of this approach relies on the generation of a visually textured

3D surface map [37, 38, 90, 202]. The generated model provides a source of data

relating the visible topology of the organ, in its intraoperative state, as well as

visible image texture that can be seen by the cameras. Much research has been

done on intraoperative surface reconstruction from monocular video in isolation

(e.g., [206, 115, 186, 56, 90, 202]). To be able to relate intraoperative imagery

with preoperative scans, the shape information contained in the model can be used

to perform a shape-based registration between the intraoperative surface model

and the preoperative volumetric model. Alternatively, registration between the

intraoperative and preoperative information can make use of point correspondences

between the imagery (or the map) and the preoperative model [207, 112].

When visual texture is encompassed in the map/model, image features extracted
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in subsequent frames in the video can be used to localize with respect to the model

through the use of image features contained in the intraoperative surface model,

providing a registration chain back to the preoperative model [38]. Alternatively,

visual tracking information [207] as well as external tracking (typically optical or

magnetic tracking systems) [47, 151, 151] has been used to update the localization

with respect to the model.

Some systems have been developed for cases where preoperative volumetric

models are either not necessary for the surgical task [56, 110, 202] or are avoided to

try and limit exposure of particularly sensitive tissues to radiation [176]. In cases

where measurements and situational awareness require localization with respect to

an intraoperatively acquired 3D reconstruction, registration back to a preoperative

model may not be necessary. Two examples where SN techniques have been applied

to a task requiring only intraoperative localization include measuring the size of a

hernia repair [56] and diagnosis/localization of lesions inside the stomach during

gastric endoscopy [202]. Alternatively, in the field of sinus surgery, it is common

practice for the surgery to take place without patient specific Computed Tomography

(CT) information unless absolutely necessary [176]. An approach to SN in this

domain uses statistical shape models, derived from the CT scans of previous patients,

to act as a generic preoperative anatomical model [176]. A deformable registration

is performed between the 3D surface estimates generated during the endoscopic

video sequence and the statistical shape model. The deformable registration along

with the shape model is used to provide a visualization of the estimated surrounding

structures, along with an associated confidence, as a coarse localization aid to the

surgeon.
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Exemplar system: Zhou et al. 2019

A system for intraoperative reconstruction of various tissue surfaces from stereo

laparoscopic videos is presented by Zhou et al. [215]. The system uses a feature-

based SLAM algorithm to mosaic 3D surface estimates from individual stereo

frames (captured at a close standoff distance) to generate a coherent 3D model of

the viewed tissues.

The stereo matching component of the system was selected to avoid both the

complexity of global stereo matching methods while allowing the system to provide

stable and dense matches in low texture regions (something typically difficult for

local stereo matching methods). The system uses a local block-matching approach

with a Zero-Mean Normalized Cross-Correlation (ZNCC) similarity metric to

determine dense correspondences across the stereo pair. The algorithm uses 11× 11

windows, analyzing every other pixel in a checkerboard pattern. Given a pair

of 960× 540 images and a disparity search range of 100 pixels the runtime on a

Graphics Processing Unit (GPU) is ≈ 5 ms.

The matches from the stereo correspondence method are typically quite noisy

and include a large number of outliers. To provide a cleaner 3D reconstruction,

the system runs three postprocessing steps: outlier detection/removal, hole filling,

and surface smoothing. Outlier detection starts off by assuming that the tissue

surface is relatively smooth, throwing out any point that does not have a sufficiently

close disparity value in one of its neighbouring pixels. Two hole filling methods

are performed when a match cannot be found between the two stereo views at

a pixel location. The first approach searches each of the eight radial directions

within a 50 pixel range, while the second approach searches all pixels around
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the location in need of a disparity value that are within a 20 pixel radius. For

both approaches, if a sufficient number of points in the search range have a

valid disparity value, the missing value is filled via interpolation. These two

steps are performed in an iterative process (alternating between outlier removal

and hole filling) while gradually increasing the outlier rejection radius. This

allows disparities that are removed during outlier rejection to correspondingly be

filled again gradually providing an increasingly smooth surface. The last step

for processing the individual frame 3D reconstruction is to perform a modified

Laplacian smoothing procedure [195].

Point based registration is then performed on adjacent frames using extracted

Oriented Features from Accelerated Segment Test and Rotated Binary Robust Inde-

pendent Elementary Features (ORB) features [157]. Given the viewing conditions

typical in laparoscopic surgeries, outlier rates on matched features were seen to be

higher than 85% on occasion. In these cases, the traditional RANSAC+P3P-based

outlier rejection method did not perform well and was prohibitively slow [88]. As

such, the authors leveraged an infinitesimal camera motion assumption and used

the displacements of matched ORB features as an outlier criteria.

The DynamicR1PnP algorithm is used to estimate the camera position and

orientation from n feature matches between the 3D reconstruction (available at

the 2D feature locations of the previously reconstructed frame being registered to)

and their corresponding 2D image projections (in the frame being registered) [215].

The method incorporates a re-weighting strategy and the 1-Point Random Sample

Consensus (1PR) algorithm to reduce the effects of outliers.

Keyframes are used in the system to help limit the frequency of having to

calculate the global model. A keyframe is added if it satisfies the following
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conditions: there are at least 50 correct ORB matches after the DynamicR1PnP

stage and it has been at least 10 frames since the last keyframe or the camera pose

has changed greater than some threshold since the last keyframe.

Given the camera motion tracking results, when adding a new keyframe to the

map, keyframes with significant overlap to the current keyframe are selected as

candidate keyframes. ORB features at the current keyframe are matched to features

of the candidate keyframes and DynamicR1PnP is run to help eliminate some of

the accumulative error. A cost function combining local Bundle Adjustment (BA)

costs (to minimize reprojection error) and Iterative Closest Point (ICP) costs (to

minimize the distance between the global 3D model and the current stereo matching

reconstruction) is minimized to produce the updated camera pose estimates.

Once aligned, the Truncated Signed Distance Function (TSDF) method is used

to mosaic the raw 3D point clouds to obtain an extended 3D model of the viewed

tissue surface. This process is essentially averaging and merging the 3D coordinates

if multiple observations lie within some area about that point. Pixels with a valid

disparity measure that do not have a match in the extended surface model are

considered as new observations and are simply added to the extended surface model.

To texture map the model, given that the light source is located at the tip of the

laparoscope, pixels at the center of the image are updated with a weight of 1 with

the weight decreasing towards the edge of the image during a TSDF merge.

The system was tested on ex and in vivo data. The ex vivo data was conducted

using four porcine livers and three porcine kidneys. Registration between the

intraoperative surface model and the preoperative volumetric model was performed

by segmenting the preoperative CT, manually selecting landmarks such as tissue tips,

edge points and other recognizable landmarks, and then refining the registration
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with ICP over the entire 3D surface reconstructions. Root Mean Square Error

(RMSE) errors on the four liver cases ranged from 1.1 - 2.0 mm and ranged from

1.0 - 1.1 mm in the three kidney cases.

The majority of the leveraged algorithms had been parallelized and optimized

for computation on a GPU. The average runtime per keyframe was reported as 76.3

ms on stereo images with 960× 540 resolution. The authors note that the current

pipeline relies on the assumption that the scene remains static and thus should

be applied only to surgical scenarios with minimal deformation present. Under

these conditions the authors state that the reconstructed surface could be used for

further registration to an intraoperatively acquired volumetric image.

2.1.3 Surface registration of a partial intraoperative 3D

surface reconstruction and the preoperative volume

Perhaps the most prevalent class of systems in the literature relies predominantly

on shape-based registration for relating intraoperative imagery to preoperative

volumetric images. In these systems, relating the 2D imagery with the preoperative

volumetric imagery first requires the extraction of 3D shape information from the

video source. Figure 2.4 shows a typical configuration for a SN system in this cate-

gory. When stereo imagery is used as the input modality this operation is achieved

by first computing the corresponding locations of points across the pair of stereo

images. Subsequent triangulation of the matched points (correspondences) into 3D

space results in a 3D point cloud capturing the 3D structure at these locations for

each input stereo frame. Considerable work has focused on intraoperative surface

reconstruction as an independent research contribution (e.g., [94, 12, 28, 183, 108]),
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Figure 2.4: Surface Registration of a Partial Intraoperative 3D Surface Reconstruc-
tion and the Preoperative Volume. Path 3 is extracted from Figure 2.1 for clarity
of exposition and convenience of the reader.

often with a stated desire to extend these contributions in the future so that they

register the reconstructions to preoperative imagery for SN assistance.

The recovered shape of the 3D surface can be registered to the preoperative

volume (typically with some manual assistance to begin) using shape-based registra-

tion techniques to relate the stereo imagery to the preoperative model [42, 193, 185,

151, 152, 153, 60, 188]. Notably, a recent survey noted that, to their knowledge, all

shape-based intraoperative registration methods, used in laparoscopic interventions,

relied on ICP or one of its variants [113].

The majority of systems that fall into this category make use of stereo vision

techniques to generate the intraoperative estimate of the 3D structure of the

surface of the organ. Some techniques extract primitive features such as central

lines of the coronary tree [42] or salient landmark/point-based features chosen

manually [185] or automatically [60]. When paired with epipolar constraints,

meaningful (albeit sparse) 3D surface information can be extracted for the organ,

typically via a simple nearest neighbour strategy [60]. Other approaches often try

to provide a more dense estimate of the 3D structure of the scene [193, 151, 152,
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153, 188, 211, 214]. While many approaches to dense stereo estimation exist in the

medical imaging literature [113], only a few examples of integration into a system

attempting to relate recovered shape back to preoperative imagery is evident in the

literature. One solution attempts to leverage a standard Dynamic Programming

(DP) based semi-global approach to recovering 3D structure of the kidney [193].

Ordering constraints are used, in a DP paradigm, to provide an optimized solution

(under the leveraged constraints) on a row-by-row basis in the rectified stereo pair.

Another solution, using a semi-global technique, Hybrid Recursive Matching (HRM)

originally developed for teleconferencing applications [4], has been applied to SN

applications targeted at the heart and liver [151, 152, 153]. The HRM algorithm

uses the previously processed nearby spatial locations and a temporal disparity

candidate at the same image location in the previously processed image frame to

“bypass” the local search process from traditional search methods due to the large

search range present in their application. Limiting the search to so few candidates

is unlikely to provide the correct answer on its own. As such, it is paired with a

non-standard meandering scan path (to provide optimal spacing of spatial disparity

candidates) and a gradient-based iterative update technique (to refine the initial

disparity candidates) to provide a dense disparity map ready for post processing

that enforces boundary-aware smoothness constraints.

Exemplar system: Röhl et al. 2011

A system to reconstruct the surgical surface from stereo endoscopic images is

presented by Röhl et al. [151, 152, 153]. The system was designed for use in real-

time with millimetre accuracy for intended intraoperative use in an AR setup [151].

To assure the quality of the stereo reconstruction, the stereo endoscope is calibrated

29



prior to every intervention. As a preprocessing step, each stereo pair is rectified

from this preoperative calibration. Additionally, simple specular highlight detection

is performed using an intensity threshold.

To generate dense disparity measurements from the stereo pair, a semi-global

approach is used, Hybrid Recursive Matching (HRM) [4]. The core aspect of this

algorithm is to minimize the computational effort of disparity search by reducing

the search to a small number of candidate disparities generated from the spatial

and temporal neighbouring disparity estimates at each pixel.

Several modifications to the generic system were made to apply this algorithm

to the medical domain. The system made use of an alternative error metric

(simplified census [151]) to help cope with the surface reflectance of the tissues

being viewed. They also extend the algorithm to calculate subpixel disparities as

the original design of the algorithm was meant for large-baseline stereo applications.

The ordering of pixels in the disparity map, along with the removal of points not

obeying the ordering constraint, is exploited to perform a simple meshing on the

point cloud. For registration, an external tracking system is used to track the

endoscope. A chessboard pattern is used to generate the transformation between

the endoscope tip and the external tracker coordinate system. The transformation

is calculated by using a tracked pointer device to obtain the locations of the

chessboard corners in the external tracking coordinate system and registering these

points to the reconstructed 3D positions of the chessboard corners from the stereo

imagery. The endoscope can then be tracked in the external tracking coordinate

system. Finally, the reconstructed surface requires an initial registration to the

preoperative model, which is done by hand. Iterative Closest Point (ICP) [29, 15] is

performed to help refine any error present in the surface reconstruction/endoscope
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tracking pipeline.

An extension that attempted to use bilateral filtering [136] (and joint-bilateral

filtering [117]) techniques for disparity smoothing and depth propagation in semi-

occluded regions was later explored [152]. The work was also extended to a joint

Central Processing Unit (CPU)-Graphics Processing Unit (GPU) implementation

that showed improved accuracy of depth measurements and faster processing times

(due to repeated computation of the disparity maps: low resolution results on the

CPU and high resolution, tiled results on the GPU) [153].

The system was evaluated against an OpenCV [20] implementation of semi-global

block matching [72] as well as a constant-space belief-propagation algorithm [71]

(both employed with default parameters from the OpenCV library with no further

tuning to the particular dataset). A custom simulator was made to help evaluate

the algorithms against different camera motions (allowing for more or less temporal

support for the proposed HRM method), various textures (ranging from no-texture

to several textures based on laparoscopic images of liver tissue), image noise, and

errors in rectification. All methods for computing disparity were able to achieve

subpixel mean disparity error and sub-millimetre reconstruction error across all

simulated (non-noisy) datasets with the CPU-GPU hybrid approach edging out

the competition across most test configurations. With the introduction of image

noise and rectification error the CPU-GPU hybrid approach and the semi-global

block matching were more evenly matched.

Additional tests were performed using image sequences (and corresponding

ground-truth point clouds from manually registered CT scans) of a heart phantom.

Again, the CPU-GPU implementation was evenly matched with the semi-global

block matching approach when comparing the mean error in registration distance
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across all of the phantom-based datasets.

Qualitative analysis was performed offline on in vivo data collected during a

laparoscopic surgery performed by a da Vinci surgical robot1 [79]. The authors

noted that the results from the semi-global block matching algorithm were visibly

noisier than their proposed algorithm in the presence of surgical smoke and had

problems reconstructing very homogeneous regions. They noted this result was

likely due to the temporal support present in the HRM as well as its recursive

implementation. The two algorithms also worked equally well in the presence

of specularities, but the semi-global block matching algorithm performed worse

in undersaturated/dark regions of the image. The semi-global block matching

algorithm performed better in regions with depth discontinuities (e.g., near the

presence of surgical tools).

The authors noted that the GPU-only version of the system performed fast

enough to be used intraoperatively (achieving 40 FPS using an image resolution

of 320 × 240 pixels) [151]. Their recommended CPU-GPU method achieved a

processing rate of 14 FPS using an image resolution of 640 × 480 pixels in a

follow-on publication [153]. The 3D reconstruction portion of the pipeline was

evaluated in isolation (with known registration transformation parameters) using a

computer generated liver simulation as well as with a silicone heart phantom. The

recommended CPU-GPU method achieved a mean distance error of 0.08 - 0.56 mm

in the sequences generated in the liver simulation and 1.45 - 1.64 mm in the

phantom heart datasets. The quality of the surface reconstruction along with initial

overlay of the pre- and intraoperative models was deemed sufficient to successfully

register the two models.

1The da Vinci Surgical System is product of Intuitive Surgical, Sunnyvale, CA, United States.
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2.1.4 Registration using an intraoperatively acquired vol-

umetric image as a bridging modality

The last set of systems rely on the recent introduction of intraoperative volumetric

scanners present in modern hybrid operating rooms. Figure 2.5 shows a typical

configuration for a SN system in this category. Cone Beam Computed Tomography

(CBCT) and Open Magnetic Resonance Imaging (MRI) scanners are able to

provide volumetric images of the patient’s anatomy while they are present on

the operating table. Meaningful integration of these scanners in SN systems is

currently challenging due to several issues, as follows. First, costs associated with

the equipment and its utilization are high [173, 14]. Second, there is often a

need to modify the surgical environment. Open MRI sensors require the removal

of ferromagnetic materials to help avoid magnetic interference [69, 173]. All

intraoperative volumetric scanners take up non-negligible space in the operating

theater and can easily necessitate modifications to the typical surgical workflow

due to issues relating to access to the patient [173]. Third, additional concerns

of radiation exposure to the patient and surgical team are present with the use

of some intraoperative volumetric scanners, including CBCT scanners. Fourth,

the time required to acquire and postprocess intraoperative volumetric images is

non-negligible in comparison to the targeted use cases of SN systems [69, 14].

Nevertheless, intraoperative volumetric scanning has been used in select research

approaches to the problem of relating intraoperative video views to preoperative

volumetric imagery [122, 125, 13]. In these techniques, the intraoperative volumetric

scan is used as a bridging modality between the intraoperative video and the

preoperative scans. The additional information present in the intraoperative

33



Stereo
Video

3D Surface
Estimate

Intraoperative
Volume

CBCT
Open
MRI

Preoperative
Volume

CT

MRI

4

4

4

Intermediate States

Bridging Modalities

Preoperative Modalities

Intraoperative Modalities

Figure 2.5: Registration Using an Intraoperatively Acquired Volumetric Image as
a Bridging Modality. Path 4 is extracted from Figure 2.1 for clarity of exposition
and convenience of the reader.

volumetric images allows for more aggressive registration techniques for relating

the intraoperative and preoperative states of the patient’s anatomy while doing so

in a more data-driven manner than is typically possible with only a partial surface

reconstruction of the patient’s anatomy and few (if any) cross-modality features

automatically available for the system to key in on.

Exemplar system: Mountney et al. 2014

A comprehensive system for augmented reality in soft-tissue Minimally Invasive

Surgery (MIS) is provided by Mountney et al. [125]. The key contribution of this

work is to introduce a Cone Beam Computed Tomography (CBCT) imaging modality

into the system pipeline that produces 3D CT-like images and 2D fluoroscopy in

the same coordinate system while the patient is on the operating table.

When used as a bridging modality, this approach allows for automated co-

registration of preoperative CT information and laparoscopic images. This proce-
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dure is accomplished in three stages. First, a registration of CT to CBCT that

takes into account large surface deformations due to the insufflation process (gas

being introduced into the abdomen to make space for surgical tools). Second,

a registration of the laparoscope to the CT via the CBCT coordinate system

accounts for minor residual offsets and local deformations due to respiration and

pulmonary activity. Third, a temporal registration across laparoscopic images

accounts for camera motion and tissue deformation caused by respiration and

pulmonary activity.

Two preoperative scans are performed using a contrast injection at the arterial

and venous phases. These CT scans are registered together and segmented into

3D anatomical models such as the liver, tumour, vessels, abdominal wall, etc.

During the procedure the abdomen is insufflated with CO2 causing a large initial

deformation to occur. The CT is registered to the CBCT coordinate system using a

non-rigid biomechanically based registration technique [132]. The general approach

is to perform a rigid alignment of the spine, model and account for the insufflation

process (making use of the abdominal pressure being measured), and then perform

a diffeomorphic non-rigid registration. The final deformation field can then be

applied to preoperative data to bring it into the current, CBCT aligned, state of

the organs.

Registration of the laparoscope to the CBCT coordinate system is done in a

two step process: an initial position estimation followed by local refinement. The

initial position of the laparoscope is estimated using fluoroscopic images. The

laparoscope is held stationary by a mechanical device and two mono fluoroscopic

images are acquired (each separated by 90◦). A semi-automated approach selects

two points along the shaft of the laparoscope, which are then triangulated to
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estimate five-Degrees of Freedom (DOF) of the laparoscope’s pose. The rotation

about the camera axis and the position of the camera in the shaft are not recovered

using this approach, which introduces a source of error down the pipeline.

A local registration refinement is then performed directly between the laparo-

scopic images and the CBCT-aligned 3D surface model of the organ. At this stage,

the patient is not at breath hold; therefore, it is important to again perform the

registration when the patient is at a fully inhaled state to prevent introducing fur-

ther sources of error. (Breath hold is a technique that can be used to mechanically

stop the breathing of a patient on a ventilator [70]. It can be used to temporarily

cease the motion in the surgical field that the patient’s respiration induces in a

safe and controlled manner.) To help ensure this result, features are tracked on the

tissue surface, matched in the left and right images, transformed into the CBCT

space (to filter out points not showing as being on the tissue surface), and then

subjected to Principal Component Analysis (PCA) and smoothed to recover a 1D

respiration signal for each feature. After performing outlier rejection, the localized

respiration signals are averaged to produce a global respiration signal. Parameters

of the respiration model are estimated for the global respiration signal using the

Levenberg-Marquardt (LM) minimization algorithm and the maximum inhale state

is extracted. A point cloud is extracted from the preoperative model (using the

laparoscope’s position, the camera’s intrinsic parameters, and z-buffering) and is

registered to the reconstructed point cloud (generated by propagating disparity

values about matched features [183]) using a probabilistic version of ICP. The use

of a probabilistic ICP approach helps compensate for the local differences in shape

due to the different approaches used to generate the point clouds.

The features being matched are generated as a result of a learning algorithm [126].
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The feature tracker attempts to learn what information is most suitable for tracking

in the MIS environment while the system is online.

Finally, the laparoscopic images are temporally registered. The tissue de-

formation and laparoscope position are jointly estimated in a modified, Motion

Compensated, Simultaneous Localization and Mapping (MC-SLAM) framework [127].

The SLAM framework uses an Extended Kalman Filter (EKF). The camera’s state

(position, orientation, translational velocity, and angular velocity), respiration

model parameters, and the map are encoded in the state vector. The camera

motion is predicted using a constant translational and angular velocity model. The

state prediction model predicts the point in the respiration cycle and subsequently

predicts the motion in the map points. The measurement model transforms state

space/world coordinates into measurement space/image coordinates. Features are

then tracked using the tracker mentioned above [126]. To initialize the system, the

camera is assumed stationary for one respiration cycle.

The system was evaluated on simulated data (mesh from a CT scan textured

with laparoscopic images), silicon liver phantom data (with surface fiducials for

ground-truth), offline ex vivo porcine data (with fiducials), offline in vivo porcine

data (without fiducials), and non-medical synthetic data from the Stanford dataset

again textured with laparoscopic images. For every dataset that was captured,

corrupted versions of the dataset were created with random noise added to the

ground-truth starting position of the laparoscope in the CBCT system. Two error

metrics were published: Surface Registration Error (SRE), which captured the

average metric distance between each point in the registered point cloud to the

closest preoperative surface point, and Target Registration Error (TRE), showing

the Root Mean Square (RMS) error of the fiducials between their known ground-
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truth values and their position after registration. The system was able to provide

approximately 1 mm accurate SRE results (ranging between 0.8 mm and 1.3 mm

across datasets) while experiencing significantly larger TRE results (0.3 - 1.69 mm

in simulated datasets and 3.4 - 4.1 mm in ex/in vivo datasets).

2.1.5 Learning-based systems

Much like the majority of sub-disciplines in computer science (especially research

areas in computer vision), Machine Learning (ML) has found increased adoption into

recent SN systems. Current integration of ML techniques into SN systems generally

follows the system classification presented earlier in Section 2.1 and replaces one

or more components in the pipeline with a learned component. Pertinent to SN

systems, independent contributions towards learning-based components have been

gaining prominence in recent years. Contributions in areas such as Deformable

Image Registration (DIR) [89, 150, 180, 209, 39, 46, 76, 167, 5, 16, 40, 67, 68, 75, 95],

image segmentation (of volumetric [80, 213] and 2D imagery [154, 109, 64]), structure

recovery from monocular [103, 216] and stereo images [21, 210], and activity

recognition [217] have all appeared in recent years in the literature. Recent reviews

have been produced to summarize the efforts in these areas [101, 30, 124, 63, 107].

While many of these self-contained research areas have started to have an

influx of ML techniques being applied to the tasks at hand, integration into more

complete SN pipelines has been slower. Some research into DIR is targeted at

SN-like applications in the context of hybrid ORs, where the current state of the

tissues could potentially be captured by consistent/regular volumetric imaging (e.g.,

[99, 40, 67, 68]). This approach, while attractive from a research perspective,
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appears to currently produce several barriers to surgical workflow (discussed in

Section 2.1.4). Integration of ML components into more traditional SN pipelines,

as depicted in Figure 2.1, has occurred by replacing one or more components in the

pipeline with a learned version of the same component (e.g., [104, 110, 202, 211]).

Deep Neural Network (DNN)-based depth estimation networks have seen inte-

gration into some SN systems (e.g., [104, 110]). The single-frame depth estimation

network in both of these SN systems is based on an encoder-decoder architecture

with skip connections between the encoder and decoder layers at the same scale.

One system design interleaves recurrent units into the encoder to integrate spatial

and temporal information in the depth estimation process [110, 200]. The same SN

system supplies the current image along with the predicted depth map to a second

network, based on the Visual Geometry Group (VGG)-16 architecture [171] with

recurrent units interleaved, for visual odometry estimation [110].

In a stereo Simultaneous Localization and Mapping (SLAM)-based SN system

for Laparoscopic Partial Nephrectomy (LPN) surgery, a Mask Region-based Con-

volutional Neural Network (R-CNN) [66] has been used to segment the portion

of the 2D image that belongs to the kidney [211]. The segmentation allows for

3D reconstruction to be restricted to the kidney, in isolation from surrounding

tissues/objects. Here, a Region Proposal Network (RPN) proposes candidate object

bounding boxes, a feature extractor acting on each candidate box is used for

classification and a per pixel mask is generated by a Fully Convolutional Network

(FCN) [105] for each Region Of Interest (ROI). DNNs have also been used as a

feature extractor. In one SN system, this technique allows for images of the same

ROI to be identified in an interventional video sequence and combined to produce

a high resolution surface reconstruction of that ROI using Structure-from-Motion
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(SfM) methods [202].

Exemplar system: Zhang et al. 2019

One example of integrating a learned component into an SN system was targeted

at providing video see-through AR navigation for LPN (kidney) surgery [211]. The

system relies on stereo laparoscopic video to provide depth estimates of the visible

surface of the patient’s kidney. Learning in this system is used to segment portions

of the images that correspond to the patient’s kidney and restrict subsequent point

clouds to arise from these regions. These individual surface estimates are stitched

together to provide a global surface estimate that is registered to the preoperative

model of the patient. In regards to the system classification already presented,

this system follows the pattern of pose estimation with respect to a model/map

captured intraoperatively, Section 2.1.2.

Dense stereo matching is performed via Semi-Global Block Matching (SGBM) [71,

72]. The particular semi-global approach used in this system makes use of

local/pixel-based matches using a Sum of Absolute Differences (SAD) sub-pixel

match metric [17] while approximating a global smoothness optimization via a

series of 1D regularization calculations to help promote smooth changes in disparity

in multiple directions. SGBM applies regularization across multiple directions in

an attempt to avoid the types of streaking artefacts that can occur when regular-

ization is restricted to individual scanlines (such as in typical DP stereo matching

approaches).

Renal surface segmentation in the laparoscopic image is performed using Mask

Region-based Convolutional Neural Network (R-CNN) [66]. Mask R-CNN is an
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extension of the Faster R-CNN [145] architecture that adds a Fully Convolutional

Network (FCN)-based branch [105] for predicting pixel-wise segmentation masks

on each ROI. Transfer learning is leveraged during training of the network. The

network is pre-trained on the MS COCO object recognition dataset [100] and

refined using a task-specific dataset consisting of manually segmented renal regions

on a set of 1062 clinical laparoscopic images from nine different patients. The

trained network is applied to an incoming laparoscopic image and the kidney is

segmented from the rest of the surgical scene in the form of a mask output from

the network. The mask is then used to restrict the 3D reconstruction at that frame

to the region of the image containing the kidney surface.

In an attempt to decrease the ambiguity present when registering the frame-wise

intraoperative reconstructions with limited Field-of-View (FoV) to the preoperative

volumetric model, individual reconstructions of each stereo frame are stitched

together to produce a global intraoperative surface model of the kidney. The

stitching process begins by detecting and matching Speeded Up Robust Features

(SURF) features in images taken at sequential timesteps [8]. RANSAC is then used

to eliminate outlier matches [48]. The 3D locations of the matched 2D features are

generated from their corresponding disparity maps and a point-based registration

method is used to generate the 3D transformation relating the two stereo frames.

The 3D reconstruction of the incoming frame is warped back to the initial frame,

using the chain rule to extend the transformation back to a keyframe. Points that

do not overlap (after transformation) are added to the global reconstruction to

grow the surface map. Global bundle adjustment is then performed to reduce

accumulated errors across the sequence. The resulting point cloud is stitched and

downsampled using a box grid filter to reduce noise.
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After generating the global intraoperative surface reconstruction of the kidney

the final task is to register the intraoperative reconstruction to the preoperative

surface model. As part of the preprocessing, the half side of the kidney that will

be exposed to the laparoscope is manually selected from the preoperative model.

PCA is then used to produce an initial coarse alignment [83, 199]. With an initial

alignment in place, ICP is then used for rigid refinement [15]. Finally, Coherent

Point Drift (CPD) is used for a final non-rigid refinement.

The system was evaluated on a kidney phantom in laboratory settings as well

as an in vivo clinical stereo video sequence. The rubber kidney phantom had 14

pins with an average diameter of 1.7 mm inserted into the simulated organ to

act as cross-modality features. A CT scan of the phantom (including fiducials)

was captured before the evaluation. Real kidney surface texture was projected

onto the phantom using an overhead projector and the phantom was placed in an

abdominal model. Reconstruction error on the phantom (as measured as closest

Euclidean distance to the preoperative model) was typically ±1 mm. Tests were

then performed where an instrument placed deformation by a point source on the

rubber phantom (where deformation at that point ranged from 5 - 10 mm) and

reported that the mean TRE was 1.28 mm (with a maximum TRE of 2.60 mm)

under such conditions. In vivo tests were performed offline and were qualitative

in nature (showing the overlay of the preoperative CT scan in the laparoscopic

image).

Results of the CNN-based segmentation method was also reported in isolation.

Predicted segmentation masks of never before seen laparoscopic images were

compared with manual segmentation using an Intersection over Union (IoU)

metric. Images taken from 15 different capture angles were used to verify the

42



system. The mean segmentation accuracy rate was 94.9% with a segmentation

time of 0.6 seconds per image.

The authors noted that the system still had three main conditions to be met

for the system to perform adequately. The first constraint was that the global

reconstructed surface model needed at least 30% coverage of the preoperative model

for an accurate initial registration between the intraoperative and preoperative

models to be achieved. Second, the deformation of the target organ had to be

minimal to ensure that the stitching process would represent patches taken of

the organ in the same deformation state. Third, as this model is built over time,

to ensure the successful implementation of the navigation framework, the target

organs need to remain relatively stationary during stitching.

2.1.6 Hybrid systems

Some systems have appeared in the literature that have implemented several

paths in the system classification [25, 193, 7]. Presumably, such combinations

allow for systems to compensate for when the system is faced with not enough

information to perform in its preferred manner by maintaining the registration

between intraoperative and preoperative datasets through the use of a secondary

method.

Exemplar system: Vagvolgyi et al. 2008

An interesting system for augmented reality in robotically assisted Laparoscopic

Partial Nephrectomy (LPN) surgery was produced by Vagvolgyi et al. [193]. Here,

determining the precise border between tumour and normal kidney tissue can be
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challenging despite the use of intraoperative ultrasonography. The introduction

of AR technology to this task can help accurately identify tumours (and their

margins) and help adoption of minimally invasive surgical techniques for partial

nephrectomy.

Prior to the operation, the preoperative CT image is segmented manually to

generate a 3D surface model of the kidney, tumour (or stone), and collecting

system. During the surgery, as part of the system initialization, a segment of the

recorded stereoscopic video with the kidney in view is used to manually register to

the segmented 3D-CT kidney model. To accomplish the manual registration, the

segmented kidney model is overlaid on the endoscopic video segment and manually

adjusted to obtain the best visual fit. After this procedure, surface-based tracking

techniques are used to further refine the manual registration. The tracking system

makes use of several manually selected corresponding points, in both the CT scan

and the imagery, on the kidney surface surrounding the renal mass as fixed reference

points. Further refinement of the registration is done via the Iterative Closest Point

(ICP) algorithm [29, 15].

The system generates dense disparity estimates using a custom dynamic program-

ming solution [193]. When shape is distinctive enough, it can perform a multi-stage

3D-3D registration. The rigid transformation between the reconstructed surface

and the preoperative CT model is estimated using ICP, then a deformable surface

registration is computed using a spring-mass system. When shape is not enough,

the system makes use of sparse registration methods. For this process to work an

initial registration between the video and the CT-model has to be achieved (either

via a successful dense registration or manually). Once a registration is known, the

system relies on a set of manually selected and tracked 2D features to constantly
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update the registration between frames [193, 185].

The system was evaluated qualitatively offline on in vivo data collected during

an animal trial as well as on two in vivo patient datasets. For the animal trial, the

stereo algorithm was able to cope with the discontinuities present in the anatomical

structure, but had some difficulties recovering depth values around the surgical

tools. No preoperative CT data was available for registration results so limited tests

were performed based on an initial clean frame being used to test the registration.

In comparison to the reconstruction of the clean frame, the average error per vertex

after rigid registration was below 2 mm with deformable registration techniques

reducing the average error to below 0.5 mm for most of the same video segment.

The first patient dataset was captured during a LPN. The system was able to

accurately overlay the cutting margins on the kidney surface around the tumour

in an offline process. The accuracy of the overlay was verified by the surgeon

who performed the surgery. For registration purposes, an initial registration was

performed by hand with sequential updates using pinned surface feature points.

The second clinical case covered the removal of a large kidney stone. A manually

segmented CT scan was used to show the kidney surface as well as the kidney

stone. The same registration and pinning process was used to update across a

video sequence that was approximately 1 minute in length. No empirical evaluation

was performed on the in-vivo patient data.

2.2 Open issues

Despite the significant increase in activity of research into vision-based structure

estimation and registration of intraoperative imagery to preoperative images in the
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SN community, such systems are still not a part of the typical surgical workflow

for many surgical disciplines. Nevertheless, the promise of such technology is an

appealing one. Indeed, being able to provide an up to date alignment between

preoperative imagery and the current state of the operating environment will open

up new possibilities during surgery. This alignment will allow for accurate and

patient-specific navigation of instruments and the ability to execute preplanned

manipulation of organs [14]. Similarly, estimated 3D structure has potential to

provide information that enables robot surgical assistants to perform with greater

autonomy than currently is the case [91]. Eventually, these new abilities may open

up new possibilities for the types of ailments that may be treated and significantly

change the severity of some treatments that currently have non-negligible risks for

complication [169]. Indeed, relevant and necessary steps are being taken in the

SN community to make this technology a reality, but there is still much ground to

cover for most of the intended applications.

2.2.1 Optical organ registration

Existing systems for optical organ registration in surgery have been proposed;

however, they typically rely on techniques that may ultimately hinder their adop-

tion in soft tissue surgery. Point-based [7, 187, 172, 142] and surface-based ap-

proaches [42, 34, 151, 152, 153, 60] are dominant for initializing the registration

between preoperative and intraoperative scans; however, these approaches are

currently hindered by being heavily manual. Volume-based approaches can be

used to make this initial registration more automated and robust [125, 13], but are

hindered by their underlying technology: imposing additional workflow concerns,
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additional cost, and potentially introducing radiation concerns for those in the

operating theatre [69, 173, 14].

Without the use of intraoperative volumetric scans, the automation of the initial

registration between preoperative and intraoperative scans often resorts to the use

of artificial cross-modality fiducials to provide additional landmarks that can be

automatically localized in all scans [7, 187, 172, 203]. The use of such fiducials

creates additional invasive steps in the workflow of typical procedures to the degree

that it is often desirable to avoid their use altogether [7, 14]. Furthermore, the

utility of the fiducials often diminishes greatly as their placement becomes separated

from the surgical surface of interest where their use may be more practical [14].

Lastly, for the update of the registration, the vast majority of techniques rely on

some variant of ICP for incremental shape-based registration [113]. When combined

with the use of typical surface error metrics, such as SRE, ICP will directly minimize

the error metric. However, when combining the relatively smooth surfaces of typical

surgical sites with the typical issues of low surface coverage with intraoperatively

acquired 3D surface data, a large degree of local shape similarity is present in the

problem [173, 158]. The use of ICP will often cause the intraoperatively acquired

surface to “slide” along the preoperative surface, potentially away from a physically

meaningful initial alignment, to minimize the error metric.

Ultimately, many registration techniques have been applied to this problem

area; however, no clear cut winner has emerged when considering both technical

and practical challenges in the deployment of a final solution. As a result, manual

registration between the preoperative and intraoperative datasets is still the de-

facto standard in current implementations. Techniques often differ in how they

generate this initial registration and how they generate the information necessary
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to maintain the registration in the presence of incoming intraoperative data.

2.2.2 Non-rigid deformation

Another area of this field that has room to grow is the ability to model non-rigid

deformations in the modelling and registration process. While this issue has begun

to be explicitly dealt with in the SN literature, many systems still rely on a rigid

assumption during one or more stages of the pipeline [113]. For stereo based systems

where instantaneous depth measurements are available, incorporation of non-rigid

deformation models will likely occur during a registration process (either temporal

registration of the reconstructed data or registration of intraoperative information

back to preoperative models). Biomechanical models have been explored in the

medical imaging community as a potential solution to this problem (e.g., [2, 59,

22, 6, 125]). Due to the large degree of intra- and inter-patient variability in

tissue properties, the use of biomechanical models is typically a highly patient

specific process [14]. Acquiring meaningful measurements of patient-specific tissue

properties in a manner that is suitable for surgical workflow remains a challenge [14].

Such models are also expensive to compute from a computational point of view

often making them not real-time amenable in their current state [14].

For motion-based structure recovery techniques, accounting for non-rigidity is

likely to occur throughout the entire system. Given that motion-based systems

predominantly rely on tracked features as the basis for the estimation of 3D structure

and motion, consideration of the features and how they are matched may be part

of the process for dealing with the non-rigidity of the scene. Currently, the types

of features and descriptors that are present in the medical image-based structure
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recovery literature tend to be, at most, invariant to changes due to scale and

rotation, but lack invariance to the affine transformations present during non-rigid

deformations. As the ability to recover stable features is currently an issue for such

systems, consideration of a more stable feature detection/tracking method that can

cope with affine transformations may prove useful (e.g., [120, 23, 164]). Further

integration of non-rigid techniques present in the computer vision SfM literature

may also yield benefits for medical applications, where the effects of non-rigidity

cannot be avoided, minimized or compensated for via current methods.

2.2.3 Temporal consistency

In the medical stereo literature, postprocessing was found to play a significant role

in providing finished results. Often, postprocessing steps were put in place to deal

with issues of spatial and temporal smoothness [151, 152, 153, 11]. Varying degrees

of enforcing spatial smoothness in an integrated manner during the depth estimation

process is already present in the medical stereo literature [193, 182, 146, 151, 11].

Approaching temporal smoothness in an integrated fashion using techniques already

present in the stereomotion literature, e.g., [177], would then be an intuitive next

step for the field. As many downstream applications for depth estimation depend

on the temporal consistency of the depth estimates, such an approach may greatly

benefit the abilities of such systems.

2.2.4 Evaluation

Perhaps the largest open issue in this field is the lack of standardization in the

evaluation of proposed systems. Currently, proposed systems predominantly use
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independently collected information for evaluation. The data used for testing can

originate from a variety of sources ranging from simulations to real data of phantoms

or biological tissues imaged during in vivo or ex vivo interventions. Evaluation

is also often performed seemingly based on whatever data is available given the

particular application area, procedure protocol, access available to the researchers,

etc. This state of evaluation leads to a vast range of data sources and metrics

being used for the evaluation of vision-based surface reconstruction and medical

SN systems. The vast range of data sources present in the community is, in large

part, due to privacy issues that often impedes the sharing/dissemination of real

surgical data. Thus, proposed systems are examined predominantly in individual

silos with very few conclusions being drawn regarding comparison between systems.

Many sub-fields in the computer vision literature have received a large amount

of traction, and experienced sustainable growth, by providing standardized datasets

along with standard metrics for evaluation (relevant examples include: two-frame

stereo [165], visual odometry [52], object recognition [41], and action recogni-

tion [84]). These datasets provide a common ground for comparison between

systems. Making a dataset that is suitable for the entire field of SN research is a

difficult endeavour. Many aspects should be considered, primarily the drastically

different tissue properties being imaged during different procedures and across

patients. Additionally, many other aspects vary across systems and surgical appli-

cations including the varying imaging modalities and the additional constraints

being used by different systems to help make individual system approaches more

stable. Even considering these challenges, useful datasets should be possible that

can focus on a subset of the field that will encourage growth in the knowledge of the

constituent components that will be common across all such systems. Furthermore,
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consensus on what process and what metrics should be used to evaluate a system

would go a long way towards standardization in evaluation of SN systems, even for

cases where standard data does not yet make sense.

Another issue that could be addressed in this realm would be the inclusion

of additional standardized error metrics. Typical measures of performance (e.g.,

disparity error, Surface Registration Error (SRE) and Target Registration Error

(TRE)) capture aspects of the accuracy of the surface reconstruction and surface

registration processes. For the intended applications of this technology, the struc-

tures of interest are often suspended in the volume. Metrics that relate accuracy of

measurements at the surface to areas of interest in the organ volume will likely be

a necessary step for the eventual adoption of this technology. Along similar lines,

it is highly desirable to develop specific accuracy and precision requirements for

recovered 3D information to be applicable to specific surgical tasks. Ultimately,

performance in this domain must relate to the medical needs.

2.3 Comparison of the proposed system to pre-

vious work

In light of the previous work, the main contribution of this dissertation is in

the design and instantiation of a novel end-to-end SN system for application to

open liver surgery. Existing SN systems that target an open setting tend to rely

on intraoperative sensing modalities that require a significant amount of time

to generate an intraoperative 3D surface estimate [26, 32, 87, 85] resulting in

a “snapshot” approach to the SN system as a whole. As such, a pressing need
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for SN systems targeting open liver surgeries is to be able to provide real-time

localization feedback that updates on the current state of the patient [175]. The

system presented in this dissertation follows Path 3 (surface registration of a

partial intraoperative 3D surface reconstruction and the preoperative volume) of

the functional pathways classification presented in Section 2.1 and in Figure 2.1.

The application of this design to open liver surgery removes the need for a “snapshot”

approach to SN along with any requirement to operate at breath hold and allows

for frequent updates. Other design choices within this class of systems were made

that respond to pressing needs of such SN systems applied to open liver resection

tasks.

The presented system uses a hand delineated mask to isolate the liver. Masking

techniques have shown up in the extant systems review primarily to guide monocular

surface reconstruction efforts (e.g., [37]). Masking in this system allows for the

successful application of rigid registration techniques on a scene that is highly

non-rigid as a whole for the interframe motion estimation techniques.

The system integrates an adaptive Coarse-to-Fine (CTF) stereo algorithm [179].

The use of a CTF strategy provides efficiency and added robustness to local minima.

CTF stereo techniques have been applied favorably to imagery of liver phantoms in

an isolated manner [189]. This work applies a similar strategy to both controlled

laboratory datasets as well as intraoperative cases, within an end-to-end SN pipeline,

with the added application of adaptive windowing techniques to help avoid the

smoothing across 3D boundaries that is typical of CTF approaches [50, 179].

Manual initialization strategies are a common bottleneck in the presented SN

systems and have been shown to interrupt surgical workflow and have outcomes

that are highly dependent on user expertise [14]. Semi-automatic approaches have
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appeared in the literature that require the user to hand select unique 2D and/or

3D landmarks that are identifiable in both the intraoperative and preoperative

imagery [38, 139, 149]. The proposed semi-automated initialization scheme removes

direct manipulation of the data and turns the initialization into a selection process

whereby the n-best registration candidates are presented to the user for selection

of the most accurate placement of the two surface estimates, further attempting to

reduce the manual effort and expertise required for initialization.

Regarding motion estimation, a recent survey noted that, to their knowledge, all

shape-based intraoperative registration methods, used in laparoscopic interventions,

relied on ICP or one of its variants [113]. Systems in the class that perform pose

estimation from 2D to 3D point correspondences often make use of landmarks

that were selected manually [129, 65] or automatically [143] along with subsequent

tracking in order to maintain the estimated projection with incoming video frames.

The system presented in this dissertation applies a robust feature-based approach

to interframe 3D motion estimation in order to encourage the registration to bring

physically meaningful features into alignment and does so without chaining multiple

incremental registrations that can rapidly lead to drift (typical of the ICP-based

approaches prevalent in shape-based approaches to SN). The use of a feature-based

technique for interframe motion estimation in the SN system presented in this

dissertation perhaps provides the biggest divergence (not related to the particular

surgical application) in comparison to other extant systems belonging to Path 3

of the functional pathways classification.
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2.4 Summary

This chapter has presented a review of existing approaches to image guided SN

systems in the literature. A system classification was presented categorizing exist-

ing systems into four broad categories: (i) systems that perform pose estimation

from 2D-3D point correspondences, (ii) systems that capture a model/map in-

traoperatively and subsequently estimate pose relative to this map, (iii) systems

that perform a surface registration of an intraoperatively acquired partial surface

reconstruction and the preoperative volume, and (iv) systems that register using

an intraoperatively acquired volumetric image as a bridging modality. The most

prevalent approaches in the literature are those that perform shape-based registra-

tion back to a preoperative volume. Recently, systems that rely on laparoscopically

acquired image sequences have increasingly resorted to following an architecture

similar to the second category: building a coherent model from multiple frames,

registering this model to the preoperative model and then localizing with respect

to the intraoperatively acquired surface. It has been noted that the lack of surface

coverage in the individual frame reconstructions recovered in these scenarios makes

registration directly to the preoperative model a prohibitively difficult task in the

majority of cases [173, 158, 215].

Machine Learning (ML) has recently had an impact on the SN literature.

Examples where learned components for depth estimation [104, 110], organ segmen-

tation [211], and similar view detection [202] have been integrated into SN systems

has already appeared in the literature. Given the trends in SN-related fields towards

increased exploration of ML techniques, further integration in research-based SN

systems seems inevitable. However, integration of ML components into SN systems
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may experience further barriers for translation into clinical settings. Outstanding

issues include development of technical approaches that allow systems to learn and

adapt to specific deployments (e.g., specific hospital settings) and resolving matters

related to privacy of patient data used in training and testing [144].

SN applications of computer vision have a history of taxing extant algorithms,

representations and systems. While the problem is undoubtedly challenging, great

strides have been made to tackle many of the necessary challenges. Advances along

the lines outlined under open issues will help not only with SN applications, they

will undoubtedly contribute to the basic science of the field. This chapter also

highlighted how the system that is documented in the remainder of this dissertation

contributes to the state-of-the-art.
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Chapter 3

Technical approach

This chapter details a novel end-to-end system for fast surface reconstruction and

motion estimation for alignment with a preoperative Computed Tomography (CT)

scan with application to liver surgery. Specifically, this system is deemed to be

“end-to-end” as the system implements a fully functional Surgical Navigation (SN)

pipeline that relies on manual input for initialization purposes only and requires no

subsequent user intervention. The current instantiation of the system is designed

for use during intraoperative planning/exploratory phases. Targeting this particular

phase of surgery provides an aid to help the surgical team relocalize subsurface

structures of interest while avoiding the need to deal with the significant occlusions,

deformations or changes to the surface topology that typically occur during the

course of a typical liver resection task (many of which are still significant challenges

in the Surgical Navigation (SN) research community). Nevertheless, information

is maintained throughout the system, with these future challenges in mind, that

could benefit future extensions of this work allowing the system to work in more

stages of the surgery.
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The system was designed (and validated) for use in an open surgical en-

vironment. Despite a shift in surgery towards less invasive procedures [191]

and corresponding research effort in SN systems that target Minimally Inva-

sive Surgery (MIS) applications, as evidenced by the focus of recent surveys in

the area [96, 91, 128, 121, 113, 14], most liver resections are performed as open

resections due to the extent and location of disease [166].

Underlying the system design is an effective decomposition of the intraoperative

field of view to allow for the use of rigid constraints. The surgical field that is in

view from the overhead cameras typically includes several surgical surfaces (i.e., the

diaphragm, intestines, fatty tissue, outer abdominal cavity, etc.). When looking

at the scene in its entirety the movement observed is highly non-rigid. During

intraoperative planning stages the majority of the motion of the surface of interest,

i.e., the liver, is moving primarily due to the cardiac and respiratory cycles. In this

phase the motion of the liver is semi-rigid [173] with typically large translations

caused by the respiratory cycle, ≈10 - 75 mm [33], constituting the majority of the

movement of the liver surface. Similar to previous work targeting the uterus [37],

our work proposes the use of a mask that allows for separation of the liver from the

surrounding tissues in a single frame. This masking technique allows for rigidity

assumptions to be applied on the 3D structure of the liver surface in a way that

provides plausible registration results within typical tolerances required for surgical

adoption (where errors are often required to be smaller than 5 mm [14]).

As noted in the penultimate section of Chapter 2, Section 2.3, the system

includes a number of components that address several needs in the medical com-

munity that were not previously addressed or often overlooked in the SN research

community. Here, key components are threefold. First, the system employs a
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novel semi-automated approach to initialize the intraoperative to preoperative

data registration process. This component decreases reliance on difficult manual

registration initialization. Second, the system integrates an adaptive Coarse-to-Fine

(CTF) stereo algorithm [179] capable of fast, accurate, and boundary preserving

3D surface reconstruction of the visible anatomy. With important information for

downstream processing occurring at 3D boundaries (such as organ contours for pre-

to intraoperative registration) this is an important distinction that we believe is a

first in the SN community. Third, the system employs a 3D motion estimator based

on interframe feature matching to register a time series of reconstructions to the

initial frame for subsequent registration to a volumetric CT scan. This approach

encourages registration to bring physically meaningful features into alignment and

does so without chaining multiple incremental registrations that can rapidly lead

to drift.

This chapter is laid out as follows. Section 3.1 provides an overview of the

SN system design. Sections 3.2 - 3.5 detail the various sub-components of the SN

system. Section 3.6 provides implementation details for the instantiated system.

Section 3.7 provides a summary of the chapter. The description of the system in

this chapter is provided in a way that is independent of the specific parameter values

used during deployment. Implementation details for all aspects of the system, and

all parameter values used during system evaluation, are provided in Appendix A.

3.1 System overview

Figure 3.1 provides an overview of the system for recovering a time series of 3D

surface reconstructions of a surgical scene and subsequent registration of these
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reconstructions to a preoperative volumetric model. The input is a stream of

synchronized left-right image pairs from a stereo video camera and a volumetric

model (a segmented CT scan of the patient’s liver). The specific imaging system

used for evaluation is documented in Section 4.1.

The processing pipeline consists of four main components: system initialization,

stereo correspondence determination, 2D feature tracking, and six-DOF motion

estimation. System initialization produces a registration between the initial frame

of the intraoperative video and the preoperative volumetric model. Stereo corre-

spondence yields a dense disparity map between points in the left and right images.

The disparity map is projected into 3D space and filtered to produce a 3D surface

reconstruction. 2D feature tracking is applied to the video from the right camera

to provide 2D matched feature locations across the image sequence. These 2D

tracks are fused with the disparity maps to produce a 3D non-rigid deformation

field. Six-DOF motion estimation computes a rigid six-DOF motion estimate from

the 3D deformation field relating the current frame back to the initial frame. The

3D surface reconstruction and six-DOF motion estimate are combined to place the

surface into the same reference frame as the initial frame of the video sequence.

When combined with an initial registration of the initial frame to the preoperative

scan, the registration of incoming frames to the initial frame allows for a chained

registration back to the preoperative volumetric scan of the organ of interest.
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Input:
Left image Stereo disparity
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Right image

2D feature tracks 6DOF motion estimation
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Input:
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Output:
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Figure 3.1: System Diagram. Input images from stereo video cameras are shown in grey level with the red box
in the right image indicating the region of analysis. Recovered stereo correspondences are shown as a disparity
map referenced to the right image, with brighter grey levels indicating larger disparities. Green lines on tracking
output show recovered 2D displacement of features across time. Pre/intraoperative alignment shows an overlay of
the reconstructed surface map on the corresponding volumetric model. See text for detailed description.



3.2 Initialization

System initialization consists of two areas of user intervention. The first specifies

a mask for the image region that covers the organ of interest, i.e., the liver. The

second specifies an initial registration between the preoperative CT volumetric

image and the intraoperative reconstruction at the initial frame; two approaches

are provided for this component.

3.2.1 Region of interest specification

The initialization process starts by isolating the portion of the surgical scene

belonging to the liver in the initial frame of the intraoperative video. Scene

decomposition is achieved by having a binary mask generated by hand denoting

portions of the visible scene that should be reconstructed/tracked by the SN system.

The mask can be created in any suitable image editing software, where the

portion of the scene to be recovered is painted in white and the rest of the scene

is painted black, see Figure 3.2. For example, the case shown in Figure 3.2 was

generated using Photoshop1. Use of the mask, M t∗ (x, y), where (x, y) denotes the

image spatial position and t∗ specifies the frame in the video where initialization

occurs (the initial frame), allows for the subsequent 3D reconstruction and tracking

procedures to accurately decompose the scene and focus on the liver. A hand

generated mask is only provided for the reference (right) image and only at the

initial frame, t∗.

1Adobe Photoshop is a graphics editor developed and published by Adobe Inc., San Jose, CA,
United States.
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(a) (b)

Figure 3.2: Region Of Interest (ROI) Specification. (a) Shows the reference (right)
image in the initial frame of the intraoperative sequence used during initialization.
(b) Shows the hand-delineated mask marking the portion of the liver surface that
will be reconstructed and tracked by the developed SN system.

3.2.2 Manual registration initialization

The first registration initialization strategy is a manual 3D-3D surface registration,

where the user takes the 3D surface model of the liver, provided by a segmented CT

scan, and aligns it with the partial 3D surface model reconstruction at the initial

frame through manual use of a Graphical User Interface (GUI), MeshLab [31], see

Figure 3.3. The hand alignment is refined by the use of Iterative Closest Point (ICP)

to minimize any local error in the initial hand alignment and is reinspected to ensure

the alignment is still physically meaningful [15, 29, 212]. This initialization strategy

is in-line with common practice in the SN community and represents a comparative

measure to most existing systems for these tasks. Performing this task requires

both knowledge of the anatomy and comfort with the imaging modalities and

experience with Computer-Aided Design (CAD)/Computer-Aided Manufacturing

(CAM) type interfaces for working with 3D data. As such, manual registration
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typically takes some time and effort to perform with accuracy, even for an expert

operator.

Figure 3.3: Manual Registration Initialization. The figure shows an intermediate
view of using MeshLab during the manual registration process. Points to the left
side correspond to the intraoperatively acquired surface model (point cloud). The
mesh on the right side corresponds to the preoperatively acquired volumetric model.

3.2.3 Semi-automated initialization

The second initialization strategy automates all or part of the initial alignment

relating the intraoperative 3D reconstruction with the preoperatively acquired

surface estimate of the patient’s liver. ICP [29, 15] is perhaps the most well-known

and widely used method for efficiently registering 3D point clouds under Euclidean

(rigid) registration, both in terms of initialization strategies in SN systems as well

as in broader usage scenarios requiring registration of 3D point sets. The algorithm
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starts with an initial transformation estimate and then begins an iterative procedure

alternating between finding closest point correspondences between the two point

clouds under the current transformation and re-estimating the transformation

using these closest point correspondences, iterating until convergence. The primary

downside to this approach is its susceptibility to converging to a local minimum due

to the non-convexity of the problem and the iterative nature of the ICP approach.

Thus, ICP requires a reasonably good initialization to have the best chance at

converging to a physically meaningful location. The relatively flat solution space

caused by the registration of smooth surfaces typical in SN applications creates

additional issues for ICP when attempting to converge to an exact position on

shape-based information alone.

To help decrease reliance on needing to provide a manual initialization, several

global registration methods have been developed in the broader literature. One

approach to this problem is to perform a stochastic optimization such as genetic

algorithms [170, 148], particle swarm optimization [196], particle filtering [161] and

simulated annealing schemes [19, 135]. While these approaches help to avoid local

minima, initializations still need to be reasonably good otherwise the parameter

space can become too large for typical heuristic search. These solutions are also

incapable of ensuring they reach a globally optimal solution.

Another approach to the problem uses shape descriptors that can be extracted

and matched between the two point sets allowing for a coarse alignment of the two

point sets. Local descriptors such as spin images [82], shape contexts [10], integral

volume [53] and Fast Point Feature Histograms (FPFHs) [159] are invariant to

specific transformations and have been used for such purposes. Feature correspon-

dences, and corresponding transformation estimation, can then be determined using
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random sampling methods [159], greedy algorithms [82], Hough transforms [205]

or Branch-and-Bound (BnB) algorithms [53, 9]. Global shape descriptors, such as

Extended Gaussian Images (EGIs) [114], have also been used to find an optimal

transformation maximizing global descriptor correlation but require significant

surface overlap to perform reasonably. The main drawback of these approaches is

that they require that distinctive 3D surface texture be present on the surface of

the organ of interest that can be faithfully recovered in both the preoperative model

and the intraoperatively acquired surface reconstruction to guide the registration.

This prerequisite was not met in any of the laboratory or intraoperative evaluations

performed in this work. As a result, such local feature-based approaches were

not considered for the semi-automated initialization technique presented in this

dissertation.

The semi-automated initialization strategy used in this pipeline employs a

modified version of Globally Optimal Iterative Closest Point (GO-ICP) [208] to

provide registration candidates to a user. A fixed number of registration candidates

are computed and displayed to the user allowing them to pick the best option from

the set, as shown in Figure 3.4. The task then becomes one requiring knowledge

of the anatomy and familiarity with viewing this type of data, skills typically

abundant in the surgical environment. Perhaps more importantly, this strategy

removes the burden of having to directly manipulate the 3D data in a meaningful

way, a skill that would be at a premium in both the surgical environment and

workflow.

Traditional ICP takes two point sets, Y = {Yi}, i = 1, . . . , G and Z = {Zj}, j =

1, . . . , H and attempts to find the rigid rotation, R, and translation, T, that
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minimize the L2-error EICP,

EICP (R,T) =
G∑
i=1

ei (R,T)2 =
G∑
i=1

‖RYi + T− Zj∗‖2, (3.1)

where ei(R,T) is the per-point residual error for Yi as compared to the closest

point on the model surface Zj∗ . Given R and T, the point Zj∗ is given as,

j∗ = arg min
j∈{1,··· ,H}

‖RYi + T− Zj‖. (3.2)

Unlike the standard ICP, Globally Optimal Iterative Closest Point (GO-ICP)

makes use of a Branch-and-Bound (BnB) strategy [92] to find a globally optimal

shape-based registration under the same L2-error used in the traditional ICP

implementations, (3.1). BnB strategies are often used in solutions to non-convex

problems (such as the 3D point set registration problem). Application of BnB

techniques to 3D registration adds the challenges of finding a reasonable quantization

of the search space as well as defining the upper and lower bounds of areas in the

quantized search space. The translation and rotation search spaces are maintained

as separate 3D cubes (further quantized into uniform sub-cubes) resulting in a

translation and rotation vector (where rotations are computed in angle-axis format).

The upper bound in a given translation/rotation sub-cube pair is given as the

L2-error evaluated at the center point of the candidate sub-cubes and the lower

bound is determined by the upper bound and the uncertainty radius around this

upper bound; at each point the uncertainty radius is a function of the length

of a side of the sub-cube in the quantized search space and the distance of the

point to the origin. The full six dimensional search space is evaluated using a

nested BnB strategy whereby an outer BnB searches the rotation space of SO(3)
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and solves the upper and lower error bounds, ĒR and ER respectively, of a given

candidate rotational sub-cube, CR, and the corresponding optimal translation,

TCR
, by executing an inner BnB search. Both the inner and outer BnB search

processes use a queue to keep track of sub-cubes that need to be processed in the

translational, QT , and rotational search spaces, QR, respectively. Each search space

is initialized with a single cube encompassing the entire rotational or translational

search space to be considered. At each iteration, this search space is split into eight

equal sub-cubes that are individually run through an update procedure. The goal

of the search is to find a globally optimal L2-error, E∗, and corresponding optimal

rotation, R∗, and translation, T∗. Given a candidate rotational sub-cube, CR, the

update procedure is shown in Algorithm 1.

The default GO-ICP implementation works well for scenarios where the surface

characteristics of the model combined with the surface coverage observed in the data

to be registered to the model allows for a unique match [208]. Unfortunately, given

the rather low surface coverage typical in intraoperative stereo reconstructions (often

capturing only a portion of one face of the liver), the large degree of local shape

similarity present in the model and potential for deformation between preoperative

an intraoperative states, the single candidate provided by GO-ICP is typically

unlikely to be of use in intraoperative settings. As such, the algorithm was modified

to maintain a list of candidate registrations. By modifying the BnB conditions in the

algorithm, the n-best registration candidates can be produced using the same search

strategy. If the number of registration candidates to be considered is known a priori

then the list of registration candidates can be maintained during the search process.

The modified update procedure in this case is shown in Algorithm 2. In the use

case where the operator would like to generate an additional registration candidate
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the update procedure can be modified to provide the “next best” registration

candidate at the cost of some overlapping computation. The update procedure in

this case is shown in Algorithm 3. During initialization, either Algorithm 2 can

be used to generate the n-best solutions allowing for the selection of a suitable

registration from a set of candidate registrations or the user can request candidates

one at a time getting the “next best” registration candidate using Algorithm 3

until an acceptable registration is provided. For evaluation purposes, the 50-best

registration candidates were generated (using the approach outlined in Algorithm 3)

and inspected for each of the datasets evaluated in Chapter 4 as preliminary

experimentation suggested that the solution would be within that group.
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Algorithm 1: Globally Optimal Iterative Closest Point (GO-ICP) update
procedure for candidate rotational sub-cube

Input: Candidate rotational sub-cube CR, current minimal error E∗ (and
corresponding rotation R∗ and translation T∗) and priority queue
of candidate sub-cubes QR.

Output: Updated minimal error E∗ (and corresponding rotation R∗ and
translation T∗) and priority queue of candidate sub-cubes QR.

1 Compute upper-bound error ĒR for candidate rotational sub-cube CR and
corresponding optimal translation TCR

by calling an inner translational
BnB with rotation R0, zero rotational uncertainty radii, and a current
minimum error E∗ (where R0 is the central point of the candidate
rotational sub-cube).

2 if ĒR < E∗ then
3 Run ICP with the initialization (R0,TCR

). Update E∗, R∗, and T∗

with the results of ICP.
4 Compute ER for CR by calling an inner translational BnB with rotation R0,

uncertainty radius γR and current minimum error E∗ (where γR is the
uncertainty radius for rotational sub-cube CR, i.e., the maximum amount
a point x can be perturbed by an arbitrary rotation R ∈ CR).

5 if ER ≤ E∗ then
6 Discard CR and continue evaluating sub-cubes in the priority queue QR.

7 else
8 Put CR into QR.
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Algorithm 2: Globally Optimal Iterative Closest Point (GO-ICP) “list-
based” update procedure for candidate rotational sub-cube

Input: Candidate rotational sub-cube CR, an ordered list of size n
containing the best errors evaluated at this point in the
search process E∗ (and corresponding rotation R∗ and
translation T∗ lists with matching indices) and priority
queue of candidate sub-cubes QR.

Output: Updated error list E∗ (and corresponding rotation R∗

and translation T∗ lists) and priority queue of candidate
sub-cubes QR.

1 Compute upper-bound error ĒR for candidate rotational sub-cube CR and
corresponding optimal translation TCR

by calling an inner translational
BnB with rotation R0, zero rotational uncertainty radii, and a current
minimum target error max(E∗) (where R0 is the central point of the
candidate rotational sub-cube).

2 if ĒR < max(E∗) then
3 Run ICP with the initialization (R0,TCR

). Update E∗, R∗, and T∗ with
the results of ICP by inserting the error (and corresponding
rotation and translation values) into the corresponding lists
at matched indices sorted by the error measurement.

4 Compute ER for CR by calling an inner translational BnB with rotation R0,
uncertainty radius γR and current minimum target error max(E∗)
(where γR is the uncertainty radius for rotational sub-cube CR, i.e., the
maximum amount a point x can be perturbed by an arbitrary rotation
R ∈ CR).

5 if ER ≤ max(E∗) then
6 Discard CR and continue evaluating sub-cubes in the priority queue QR.

7 else
8 Put CR into QR.
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Algorithm 3: Globally Optimal Iterative Closest Point (GO-ICP) “next
best” update procedure for candidate rotational sub-cube

Input: Error from previously obtained registration candidate E+,
candidate rotational sub-cube CR, current minimal error E∗ (and
corresponding rotation R∗ and translation T∗) and priority queue
of candidate sub-cubes QR.

Output: Updated minimal error E∗ (and corresponding rotation R∗ and
translation T∗) and priority queue of candidate sub-cubes QR.

1 Compute upper-bound error ĒR for candidate rotational sub-cube CR and
corresponding optimal translation TCR

by calling an inner translational
BnB with rotation R0, zero rotational uncertainty radii, and a current
minimum error E∗ (where R0 is the central point of the candidate
rotational sub-cube).

2 if ĒR < E∗ and ĒR > E+ then
3 Run ICP with the initialization (R0,TCR

).
4 if Resulting error from ICP > E+ then
5 Update E∗, R∗, and T∗ with the results of ICP.

6 Compute ER for CR by calling an inner translational BnB with rotation R0,
uncertainty radius γR and current minimum error E∗ (where γR is the
uncertainty radius for rotational sub-cube CR, i.e., the maximum amount
a point x can be perturbed by an arbitrary rotation R ∈ CR).

7 if ER ≤ E∗ then
8 Discard CR and continue evaluating sub-cubes in the priority queue QR.

9 else
10 Put CR into QR.
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Figure 3.4: Globally Optimal Iterative Closest Point (GO-ICP) Candidate Selection
Interface. The top 20 registration candidates are displayed on a 4× 5 grid. The
best registration candidate is selected by the user and is highlighted in red. The
user is able to manipulate the view of all registration candidates in a synchronized
manner (i.e., the CT scans common to all registration options will all have the
same orientation to the camera when the view is manipulated).

3.3 Stereo correspondence and 3D surface recon-

struction

3.3.1 Stereo correspondence

Several intraoperative imaging modalities have been used for the purposes of SN.

Due to the trend towards MIS, and prevalence of monocular endoscopic cameras in

many surgical disciplines, a large body of work exists in attempting to use monocular

intraoperative image sequences in SN systems (e.g., [207, 197, 74, 130, 115, 36,

116, 123, 37, 56, 90, 103, 216]). SN systems leveraging monocular imagery as their
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intraoperative imaging modality have been previously mentioned in Section 2.1

(with particular focus in Sections 2.1.1 and 2.1.2). One method for using monocular

imagery in SN applications is to maintain a projection relating the preoperative

volumetric model to the current image (e.g., [7, 187, 172, 123, 129, 142, 65, 77]).

This projection can be estimated with a set of 2D-3D point correspondences being

generated and/or maintained between the two image sources. One major hurdle

in these applications is the relative paucity of features that can be uniquely and

precisely identified between a typical preoperative scan of the patient’s anatomy

and a 2D image from a monocular video sequence obtained during that patient’s

surgery. Another approach is to perform pose estimation with respect to a model

or map captured intraoperatively. These methods require the generation of an

intraoperative 3D surface estimate of the patient’s anatomy from the monocular

image sequence. Structure-from-Motion (SfM) (e.g., [207, 197, 74, 115, 123, 90]),

Simultaneous Localization and Mapping (SLAM) (e.g., [130, 37, 56]), Shape-

from-Shading (SfS) (e.g., [36, 116]), SfS+SfM hybrids (e.g., [116]) as well as

learning-based approaches (e.g., [103, 216]) have all appeared in the SN literature

as methods for acquiring intraoperative 3D surface estimates from monocular image

sequences. The vast majority of these techniques require strong assumptions to

be met during the acquisition of the models (examples include assuming scene

rigidity, specific camera motion, and/or controlled lighting combined with the

typical use of an oversimplified surface reflectance model for the given domain).

These assumptions are, in general, a result of the fact that depth estimation from

a single view is an ill-posed problem. Specifically, the geometry of the problem of

recovering 3D structure from a monocular image only allows for each viewed point

to be constrained to a line in space without making use of additional information
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and/or assumptions about the scene geometry being viewed. Thus, while depth

information can not be generated directly from each independent frame in the

sequence, after the intraoperative scene geometry has been recovered, incoming

frames observing the scene have the potential to be localized to an intraoperatively

obtained map and/or the preoperative model (with the appropriate initialization)

at frame rate.

Structured light systems have been utilized to some extent in the SN literature in

an attempt to further extend the range sensing abilities of traditional image sources

through the use of active sensing techniques. Structured light systems project

known patterns onto the scene and recover that projected pattern from one or more

cameras observing the scene. The projector, in effect, acts as an additional camera

in the system, with disparity being calculated between the undistorted pattern

displayed by the projector and the distorted projection captured by the camera(s).

Structured lighting systems are able to produce relatively dense depth estimates

at frame rate (e.g., VGA resolution depth images at 30 Hz for the structured

light based Microsoft Kinect2). Unfortunately, structured light techniques often

suffer in situations where there are other strong light sources present, highly

reflective surfaces and/or (semi-)transparent surfaces being imaged [162], all of

which are commonplace in typical SN applications. Furthermore, development

of custom structured light devices intended for SN applications also have the

additional drawback of typically operating in the visible portion of the spectrum,

thus projecting visible patterns onto the patient’s anatomy causing an undesirable

distraction to the surgical team the device is intended to aid. Potential for encoding

2The Kinect is a motion sensing input device for the Xbox video game console produced by
Microsoft Corporation, Redmond, WA, United States.
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structured light patterns in a manner that is imperceptible to a human operator,

and is independent of the carrier signal, has been explored [35]. This approach

could be beneficial for future visible-light structured light systems targeting SN

potentially allowing for the projector to act as a fully adjustable light source for

the surgeon while additionally enabling real-time dense active range sensing.

Another intraoperative imaging modality that has been used in SN applications

is that of Laser Range Scanning (LRS) [33, 175, 55]. LRS is an active imaging

technique that works by sweeping a single-plane laser across the surgical scene. The

projection of this laser stripe is captured by a high resolution camera. Through

the process of triangulation, the data acquired by the camera can be used to

generate 3D point locations along the projected line resulting in the computation

of a 3D point cloud of the observed scene during the sweeping of the laser across

the scene. The process of sweeping the laser across the scene results in the 3D

reconstruction process using LRS to be a time aggregated process (taking roughly

30 s for a single acquisition of the liver [175]). As such, systems relying on LRS as

a 3D reconstruction technique are only applicable for a “snapshot” approach to

SN where results are shown at a single point in time as opposed to a system that

updates with the changing state of the patient’s anatomy. Moreover, changes in

the surface geometry during a scan (e.g., due to breathing) can yield nonveridical

reconstructions.

Based on the above considerations, the system outlined in this dissertation uses

stereo video as the intraoperative imaging modality used to register the preoperative

and intraoperative states of the patient’s liver. Stereo video has a long history of

being used in SN applications (e.g., [42, 193, 185, 151, 152, 153, 60, 188]). In general,

the use of stereo imagery helps to alleviate some of the issues when recovering 3D
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structure from monocular imagery by providing multiple synchronized views of the

same scene from different points of view. With known calibration, computation

of the depth of a point comprises of finding matching locations in the two stereo

images and subsequent triangulation. Consequently, dense disparity estimates can

be directly computed at each frame in a passive manner placing less constraints on

the scene, lighting and movement of the camera.

Existing systems have sampled a wide variety of stereo algorithms for use on

various disparate medical solutions. Stereo correspondence techniques primarily

differ based on the degree and nature of the spatial smoothness constraints applied

to the resulting disparity estimates. Local matching approaches have been explored

in the medical imaging literature (e.g., [183, 12]). These approaches are able to

provide dense depth estimates over the reference image frame and are typically

computationally efficient and real-time amenable due to their restriction to lo-

cal computation when determining correspondences between the stereo imagery.

These solutions are often paired with postprocessing techniques to provide spatial

smoothness in the depth estimates. Alternatively, spatial smoothness constraints

can be integrated into the correspondence determination itself resulting in what

are referred to as semi-global and global methods for determining stereo correspon-

dence. Global methods attempt to minimize an energy function over the entire

reference image that typically combines a local match component as well as a global

smoothness term (e.g., [94, 182, 28, 11]). Optimizing such an energy function

gives solutions that are consistent with the image data and also yield smooth sur-

faces, but at the expense of high computational complexity. Semi-global methods

improve computational efficiency by providing an estimate for a global energy

function by performing a series of local estimates (e.g., [193, 151, 152, 153]). Given
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consideration for the potential future integration of the SN system into surgical

workflow only local correspondence techniques were considered for integration into

the system due to runtime constraints.

The system uses a local stereo correspondence algorithm that has been shown

to provide accurate and efficient depth estimates [179]. This particular algorithm

has shown to have a good speed vs. accuracy tradeoff in comparison to many

other local and semi-global correspondence methods from the broader stereo vision

literature [179]. Given a calibrated stereo pair of images (Figure 3.5), Il(x, y) and

Ir(x, y), with subscripts l and r denoting left and right images, respectively, while

(x, y) denotes image position, the algorithm yields a disparity map, d(x, y), that

provides the spatial offset between corresponding points in the input pair. The

disparity map is recovered by solving the optimization problem:

d(x, y) = arg max
di∈dmax

∑
(u,v)∈wS(x,y)

ρ [Il(u, v), Ir(u+ di, v)] , (3.3)

via search over disparities, di, in a specified range, dmax, to maximize the summed

pixel-wise similarity measure, ρ, between image intensity values in a window, wS,

around (x, y). Although the algorithm is agnostic with respect to the choice of

similarity measure, ρ, our instantiation makes use of Normalized Cross Correlation

(NCC),

dNCC(x, y) = arg max
di∈dmax

∑
(u,v)∈wS(x,y)

Il(u, v)Ir(u+ di, v)√∑
(u,v)∈wS(x,y)

Il(u, v)2
∑

(u,v)∈wS(x,y)
Ir(u+ di, v)2

,

(3.4)

as it is robust to baseline shifts in the image intensity between the left and right

images that often occurs in the intraoperative setting.
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The algorithm employs CTF processing for efficiency and added robustness to

local minima in the correspondence search, whereby initial low-resolution versions of

the input images yield low-resolution disparity maps that subsequently are refined

via consideration of higher-resolution images to culminate with the resolution of

the original input. The algorithm also uses adaptive windows, wS, that conform to

avoid smoothing across 3D boundaries [50]. An example recovered disparity map

for an input stereo pair is shown in Figure 3.6b.

Left Image Right Image
(a) (b)

Figure 3.5: Intraoperative Stereo Imagery. Sample imagery taken in an open
surgical setting of a liver resection are shown.

Right (Reference) Image Disparity Image Smoothed 3D Point Cloud
(a) (b) (c)

Figure 3.6: Intraoperative 3D Reconstruction. A reference 2D image of the surgical
site is shown in (a). The result of the stereo matching approach is shown in (b).
The corresponding point cloud, after all post processing, is shown in (c).
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3.3.2 3D reconstruction

Appeal to known camera calibration allows for the recovered disparities to be

projected to a 3D point cloud. Given image location x = (x, y) in pixels, a 4× 4

perspective transformation matrix, Q, computed during stereo calibration and the

corresponding disparity at the image location, d (x), the 3D reprojection of the

point, Π, is given as

Π (x, d (x)) = (X, Y, Z)> =

(
X̃

W
,
Ỹ

W
,
Z̃

W

)>
, (3.5)

where



X̃

Ỹ

Z̃

W


= Q



x

y

d (x, y)

1


(3.6)

and

Q =



1 0 0 −cx

0 1 0 −cy

0 0 0 f

0 0 −1/b (cx − c′x) /b


. (3.7)

In the above, f is the focal length of the reference camera, b is the baseline distance

between the left and right camera, (cx, cy) is the principal point in the reference

image, and
(
c′x, c

′
y

)
is the principal point in the non-reference image.

The resulting point cloud is filtered via statistical outlier removal to reject
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depth values that differ significantly from their neighbours [160]. The sparse outlier

removal looks at the k-nearest-neighbours of every point and computes the mean,

µ, and standard deviation, σ, of the nearest neighbour distances. Any points falling

outside the threshold µ± α·σ are identified as outliers and removed from further

processing, with α being a scaling factor that was set empirically.

After outlier removal is performed, the remaining points are resampled via

Moving Least Squares (MLS) [1] to produce a smooth manifold surface as the final

3D surface reconstruction. The goal of this procedure is to define a projection,

P (·), that can take a 3D point, Pi ∈ IR3, sampled from a surface, S, and project

it onto a two-dimensional surface, SP , that approximates the sampled points, Pi.

Given that a manifold surface can be thought of locally as a plane, a local reference

domain (plane) is defined for a given point, R.

Notably, statistical outlier removal and MLS resampling is only performed for

visualization and Surface Registration Error (SRE) evaluation purposes. Dense

raw 3D reprojection information is used for all motion estimation processes.

3.3.3 Region of interest enforcement

As noted in Section 3.2.1, during initialization a region of interest mask, M t∗ (x, y),

was provided for the initial (key) frame, t∗, in the image sequence. That mask is

used to restrict processing to the area to be registered to the volumetric model.

Following initial delineation, the mask is warped automatically to all other frames

in the sequence via a robust affine estimate of image motion across the masked

region [18]. (Sequences of up to 1729 frames in duration are evaluated in Chapter 4.)
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This approach uses an affine model for the parametric flow function,

v (x, y; a) =

vx(x, y)

vy(x, y)

 =

a0 + a1x+ a2y

a3 + a4x+ a5y

 , (3.8)

where (x, y) specifies image location, (vx(x, y), vy(x, y)) are the x and y components

of the optical flow at this point which is written in terms of the affine parameters

a = (a0, a1, . . . , a5). The use of an affine motion model allows for larger windows

in the spatial aggregation process used to constrain the computation of the optical

flow. When using larger windows, the use of least squares estimation techniques

become less appropriate as multiple motions become more likely to be present in

a given window. As such, the use of a robust error norm, the Geman-McClure

norm [54], λ, results in solving for the affine flow parameters, a, by minimizing the

error function,

EFLOW(a) =
∑

(x,y)∈wF

λ
[
(5>I)v(a) + It, γ

]
, (3.9)

where wF is the support window, 5 =
(
∂
∂x
, ∂
∂y

)>
is the local gradient vector,

It = ∂I
∂t

is the temporal gradient and γ is a control parameter. In essence, the error

(3.9) simply respects the optical flow constraint equation [73],

(
5>I

)
v + It = 0, (3.10)

but generalizes by allowing v to take parametric form (3.8). The local minima of

(3.9) can then be found using Successive Over-Relaxation (SOR) techniques [141,

184, 194]. To begin, the support window, wF , is set to the rectangular Region Of
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Interest (ROI) encapsulating the marked pixels belonging to the liver in the image

mask, M t∗ (x, y), provided during initialization, Section 3.2.1. Subsequently, the

estimated affine motion parameters, (3.8), are used to propagate the ROI (and

hence wF ) across time via image warping. The warped masks are currently only

used to restrict processing as well as for visualization and evaluation purposes

(allowing for the liver to be separated from the surgical scene).

An example recovered surface reconstruction is shown in Figure 3.6c.

3.4 2D feature tracking and generation of a 3D

deformation field

The next step in the pipeline maintains a set of 2D feature correspondences across

the image sequence that can be fused with the depth information, provided via

the stereo correspondence module (Section 3.3), to generate an estimate of the

3D deformation field relating the scene at a given frame back to its corresponding

state in the initial frame of the image sequence. The first part of this task, i.e.,

maintaining a set of 2D feature correspondences across the image sequence, can

traditionally be accomplished in two distinct ways: image motion based feature

tracking and feature matching. Both of these methods rely on feature extraction,

in one or more of the images. These feature locations indicate positions exhibiting

distinctive visual texture and can focus on corner-like structures (for detectors such

as Harris corners [61], “good features to track” [168], Features from Accelerated

Segment Test (FAST) [156], or Oriented Features from Accelerated Segment Test

and Rotated Binary Robust Independent Elementary Features (ORB) [157]) or
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blob-like structures (such as Scale-Invariant Feature Transform (SIFT) [106] and

Speeded Up Robust Features (SURF) [8]). Ideal features in this application should

be both repeatable (i.e., detected in all images where the feature location appears)

and should be able to be precisely located in subsequent images.

Image motion-based feature tracking methods typically use optical flow to

obtain the motion vectors relating the location of feature points in adjacent frames

effectively propagating the tracked location of feature points extracted at some

previous frame in the image sequence. Typical assumptions of these methods

include brightness constancy (i.e., the projection of the same point in the scene

looks similar in adjacent frames), small motion (i.e., the feature point does not

move very far between frames) and spatial coherence (i.e., feature points move like

their neighbours). As such, tracking is often more suitable for SN systems operating

on a video sequence rather than independently captured images that may be taken

from very different view points or at different stages of the surgery. The main

challenges in tracking-based approaches are dealing with large inter-frame motions,

strong illumination changes over time, occlusion, and changes of the appearance of

the areas of interest in the surgical scene. These scenarios can cause issues such

as drift (incremental build up in the error of the tracked locations of the feature

points) and feature drop-off (where tracking is lost for a given feature). Even given

these complications, tracking methods can be highly accurate and can capture

dense motion fields [198].

Feature matching methods on the other hand attempt to match extracted

features between the two images. Feature matching can be performed on the raw

intensities using block-matching techniques similar to those used in stereo processing.

More often, feature matching is performed on local feature descriptors extracted
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around the feature point location in the image. Common feature descriptors include

distribution-based descriptors (using histograms to represent different characteristics

of the local visual appearance or shape), spatial-frequency techniques (describing

frequency content in the image), and differential descriptors (providing properties

of local spatial derivatives of the image). These intermediate representations can

often allow the matching of these feature descriptors to provide elements of scale

and rotation invariance as well as additional robustness to changes in illumination

over time. Thus, these methods are best suited to matching features when the

observations are made under noticeably different viewing conditions (i.e., changes

in view angle, illumination, tissue state, etc). Feature matching methods often

provide a very sparse estimate of the motion field. Additionally, subpixel accuracy

of matching approaches are often limited with the majority of detectors providing

integer precision localization.

For the given application, optical flow-based feature tracking methods were

used to maintain the location of extracted features in the initial frame of the image

sequence across the entire sequence. Specifically, “good features to track” were

extracted and tracked with local estimates of optical flow [168]. “Good features

to track” have a long history of use and are widely seen to be reliable features for

tracking tasks. Furthermore, “good features to track” have been recently at the

core of state-of-the-art action recognition techniques (prior to the introduction of

Machine Learning (ML) techniques to the field) [198].

To establish feature tracks between frames in the stereo video sequence, 2D

features are tracked in one of the video streams (the right is used) in the operative

ROI, M t (x, y), as propagated in time, as specified in Section 3.3.3. Tracking in

2D makes use of the “good features to track” algorithm [168]. This algorithm
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restricts operations to sets of 2D feature points, χ(t), where the local image gradient

structure is sufficient for stable appearance across time. Let K be the set of valid

feature indices and T be the set of valid frame indices. Let a given feature, with

feature index k ∈ K at frame t ∈ T , be expressed as xtk ∈ χ(t). Tracking is

performed on each extracted feature, xtk, across two images, I t and I t+δt, taken at

times t and t+ δt, respectively by minimizing the dissimilarity measure

ETRACK
(
xtk
)

=
∑

(u,v)∈wT (xt
k)

[I t+δt(u+ δx, v + δy)− I t(u, v)]2, (3.11)

over windows, wT , centred at the feature points. A gradient-based solution is

employed to yield the optimal feature displacement, d = (δx, δy)
>, for each feature

point, xtk. While the original formulation accounted for a full affine transformation

across time [168], the simpler translational formulation given here has proved to

suffice for the cases of current interest. Example tracks are shown in Figure 3.7a.

Analogous to the projection of stereo disparity maps to 3D point clouds (Sec-

tion 3.3), the extracted features at each frame are combined with the calibration

information and disparity estimates at the tracked points to yield a set of tracked

3D features, X (t). In particular, for all times t ∈ T , and features, k ∈ K, let xtk

denote the 2D coordinates of the feature k at t. Then, Π (xtk, d(xtk)) = Xt
k, (3.5),

are the 3D coordinates corresponding to xtk and X (t) is the set of 3D coordinates

for all k ∈ K at time t. Similarly, a discrete 3D deformation field, V(X, t), is

computed, relating the 3D feature points at the initial frame, X (t∗), and another

frame, X (t), as

V
(
Xt∗

k , t
)

= Xt
k −Xt∗

k . (3.12)

A 2D projection of a sample 3D deformation field is shown in Figure 3.7b and 3.7c.
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(a)

(b) (c)

Figure 3.7: 2D Feature Tracking and 3D Deformation Field. (a) 2D “good features
to track” (shown as dots) as well as 2D vectors (shown as lines emanating from
the dots) showing relative displacements between the current frame and the initial
frame are shown for a number of tracked features on the surface of the liver. These
2D features are merged with the disparity information and projected into 3D.
Vectors connecting the 3D location of each feature at the initial frame with its
current location constitute the 3D deformation field. The deformation field is
shown as a 2D projection with a frontal view (b) and side view (c). Similar to (a),
in (b) and (c), the dots are the 3D projections of the tracked locations of the “good
features to track” extracted at the initial frame at a later frame in the sequence.
The lines show the 3D deformation field relating the point sets at the current frame
and the initial frame. For clarity in visualization, actual tracked points have been
subsampled by a factor of ≈2 for display.
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3.5 6DOF motion estimation and intraoperative

alignment

To perform the registration across frames of the 3D surface reconstructions, a

six-DOF motion between each frame and the initial frame is recovered based

on the previously recovered 3D deformation fields V as defined in (3.12). The

3D deformation field captures aspects of both the rigid and non-rigid motion of

the surface of the liver. Here, we concentrate on exploiting the rigid component;

nevertheless, the non-rigid deformation field, V, could be useful in future extensions

that aim to model corresponding organ deformations; see Chapter 5.

As the motion of the liver during intraoperative planning/exploratory phases

is predominantly rigid [173], the system currently recovers a rigid transformation

from the 3D deformation field. The rigid transformation is recovered by a more

robust version of an earlier algorithm [3] according to Procrustes

(R,T) = arg min
R∈SO(3),T∈IR3

n∑
i=1

‖(RPi + T)−Qi‖2 (3.13)

where Pi and Qi are 3D points in two surface reconstructions that have been

brought into correspondence at n locations tracked by the 3D deformation field, R

is a 3× 3 rotation matrix, and T is a 3× 1 translation vector. Before computing

the rotation, the centroids of the point clouds are computed

P̄ =

∑n
i=iPi

n
, Q̄ =

∑n
i=iQi

n
(3.14)
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and new versions of Pi and Qi are created that are centred at the origin

P ′i = Pi − P̄ , Q′i = Qi − Q̄, i = 1, 2, . . . , n. (3.15)

A 4× 4 covariance matrix, S is then computed as

S = PIQ>, (3.16)

where P and Q are the 4 × n matrices that have P ′i and Q′i as their columns,

respectively, and I is an n× n identity matrix. The Singular Value Decomposition

(SVD) decomposition of the covariance matrix,

S = UΣV>, (3.17)

is used to compute the rotation as

R = V



1

1

. . .

1

det(VU>)


U>. (3.18)

The optimal translation is then the residual created in the origin-centric point

clouds after the rotation is applied

T = Q̄− RP̄ . (3.19)

The solution is made more robust by using a modified version of Random Sample
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Consensus (RANSAC) [48] to minimize the effect of outlier correspondences, poor

depth estimates, or those most effected by any non-rigidity in the viewed scene.

Traditional RANSAC is shown in Algorithm 4 with the modifications being shown

in Algorithm 5. The modified approach differs from traditional RANSAC in

two main ways. First, RANSAC traditionally uses the minimum number of point

correspondences necessary to estimate a 3D transformation, i.e., three. The modified

version of the algorithm uses a user-defined number of point correspondences, p,

that is set to 30 point pairs during the evaluation process. Second, the traditional

RANSAC approach terminates once the application of the motion estimate results

in the fraction of inliers to the total number of points exceeding some manually

defined threshold, τ . The modified version of the algorithm runs for a set number

of iterations returning the motion estimate resulting in the largest number of inliers.

These modifications resulted in stable motion estimates being produced across all

intraoperative and laboratory datasets with common parameters being used across

datasets.

Notably, registering incoming frames back to the initial frame ameliorates issues

of registration drift that can occur in the most prevalent alternative approaches

of chaining sequential shape-based registrations between adjacent frames (i.e.,

ICP) over a long sequence. An example final alignment between a 3D surface

reconstruction and volumetric model is shown in Figure 3.8.
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Algorithm 4: Random Sample Consensus (RANSAC) for Rigid Motion
Estimation

1: Select three pairs of 3D points at random from the two sets of point
correspondences relating the two frames.

2: Estimate a rigid rotation, R, and translation, T, from the three selected pairs
of points.

3: Determine how many points from the two sets of point correspondences, after
applying the rigid rotation and translation estimate, fall within a predefined
distance threshold, ε. These will be the model inliers.

4: If the fraction of the number of inliers over the total number of point
correspondences exceeds a predefined threshold, τ , re-estimate the rigid
motion estimate using all the inliers and terminate (returning the newly
calculated R and T).

5: Otherwise, repeat steps 1 through 4 (maximum N times).

Algorithm 5: Modified Random Sample Consensus (RANSAC) for Rigid
Motion Estimation

1: Select p pairs of 3D points at random from the two sets of point
correspondences relating the two frames.

2: Estimate an optimal rigid rotation, R, and translation, T, from the p selected
pairs of points.

3: Determine how many points from the two sets of point correspondences, after
applying the rigid rotation and translation estimate, fall within a predefined
distance threshold, ε. These will be the model inliers.

4: If the number of inliers is greater than the maximum number of inliers
previously seen or if this is the first iteration, set the maximum to the current
number of inliers and update the transformation estimate to the newly
calculated R and T.

5: Repeat steps 1 through 4 (N times).
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Figure 3.8: Intraoperative Alignment. The darker points in the foreground represent
the surface reconstruction of the visible portion of the patient’s liver generated by
the stereo reconstruction algorithm and subsequent postprocessing, as described in
Section 3.3.2. The intensity of a given point matches the grayscale value of the
corresponding pixel in the reference (right) image. The brighter surface model in
the background is the preoperative CT scan of the same patient’s liver. The initial
alignment of these two data sources was performed manually, in accordance with
the description provided in Section 3.2.2.

3.6 Implementation

The described system has been implemented in software. Implementation details for

all aspects of the system, and all parameter values, are provided in Appendix A. The

most time critical components of the system, when considering potential integration

into surgical workflow, are the module generating dense disparity information from

the stereo imagery, the module that maintains the 2D feature tracks, and the

module that combines these pieces of information into a 3D deformation field and

computes the rigid registration estimate relating the incoming frame back to the

initial frame of the sequence. The system runtime was measured by independently

measuring the runtime of these three components and concatenating them so as to

run fully sequentially (i.e., no concurrency at the pipeline level). Following this

methodology, given input 640×480 images, the core system components execute at 8

Frames Per Second (FPS) on an Intel Xeon CPU E5-1650 v4 3.6GHz processor with

256GB of RAM. Considerable speed-up is anticipated with a Graphics Processing
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Unit (GPU) implementation, e.g., the slowest component of the system is stereo

correspondence, which already has been previously ported to run on a 240 core

GPU (nVIDIA GeForce GTX285) with 640× 480 images and 256 disparity levels

at 100 Frames Per Second (FPS) [178]. Therefore, there is overall potential for

the system, minus initialization, to maintain an alignment between preoperative

and intraoperative data at rates greater than the frame rate of typical input video

sequences. For reference, the semi-automated initialization strategy, which runs

outside of the main loop of the system, took ≈ 33 minutes (without parallelization)

using Algorithm 2 to generate the 50 registration candidates used for evaluating

Intraoperative Case 1 .

3.7 Summary

This chapter presented a novel end-to-end system for fast surface reconstruction

and motion estimation for alignment with a preoperative CT scan targeted to open

liver resection tasks. The pipeline employs two different initialization techniques:

a traditional manual 3D-3D surface registration of the 3D reconstruction at the

initial frame of the sequence to the preoperative CT scan and a semi-automated

technique that uses an efficient BnB strategy to find a global registration [208]. A

hand delineation of pixels belonging to the liver in the right image of the initial

frame is also provided as part of the system initialization in the form of an image

mask.

By exploiting the hand provided mask, structure and motion belonging to the

liver can be successfully decoupled from the surgical scene as a whole (which behaves

in a very deformable manner as opposed to the predominantly rigid behaviour of
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the liver undergoing respiratory motion [173]). 3D structure of the liver is extracted

through the use of an adaptive CTF stereo matching technique [179]. This approach

provides a fast estimate of the depth of points belonging to the liver surface, while

helping to preserve 3D discontinuities in an attempt to maximize the amount of

the liver surface recovered.

“Good features to track” [168] are extracted from the liver surface at the initial

frame and tracked throughout the video sequence. The tracked features provide an

estimate of correspondences to visible features on the liver surface over time. By

combining the tracked 2D features with the recovered 3D surface, a 3D deformation

field is produced allowing for any frame in the image sequence to have a set of

3D feature correspondences back to the initial frame. A rigid motion estimate is

computed from the non-rigid deformation field (via a robust version of an earlier

approach [3]) and combined with the initial hand registration of the initial frame

to register subsequent frames back to the preoperative CT scan.
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Chapter 4

Empirical evaluation

The system detailed in Chapter 3 has been evaluated empirically in both controlled

laboratory conditions and with clinical data acquired during liver resection tasks

conducted at Memorial Sloan Kettering Cancer Center (MSKCC). Laboratory

testing allowed for evaluation of both the comparison of Surface Registration Error

(SRE) as well as comparison of the motion estimation required for optical organ

registration tasks (typically a level of analysis not available in an intraoperative

setting).

This chapter is laid out as follows. Section 4.1 provides details of the imaging

setup used for both the laboratory and intraoperative test conditions. Section 4.2

provides details about the laboratory and intraoperative datasets that were used

to evaluate the developed SN system. Section 4.3 provides comparative evaluation

of the manual and proposed semi-automated registration technique. Section 4.4

provides estimates of the error in the motion profiles recovered by the system in the

laboratory datasets (where ground-truth motion estimates are present). Section 4.5

uses Surface Registration Error (SRE) to provide a performance metric for how
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close the reconstructed and registered intraoperative surface estimate matches

the corresponding surface of the preoperatively acquired CT scan of the liver.

Discussion of the results presented in Sections 4.3 - 4.5 is deferred to Section 4.6.

4.1 Image capture

All datasets were acquired using two Grasshopper2 GS2-GE-20S4C GigE machine

vision cameras1 with a baseline of ≈ 60 mm at a targeted standoff distance of

≈700 mm (see Figure 4.1). The Grasshopper2 GS2-GE-20S4C GigE machine vision

cameras provide a 1/1.8′′ Charge-Coupled Device (CCD) sensor with a maximum

resolution of 1624× 1224 (a pixel size of 4.4 µm). Two C-mount lenses2 (maximum

aperture: f/1.4, focal length: 8 mm and lens diameter (ø): 25.5 mm) were used.

Synchronized stereo images were captured at a resolution of 1024× 768 in grayscale

at a targeted frame rate of 30 FPS. All intraoperative evaluations take place in

open liver resection conditions. Laboratory evaluations are meant to replicate the

relative positioning of the liver and camera setup as in ideal open surgical scenarios.

Regarding the illumination, we make use of two soft boxes, providing a diffuse

lighting source, are placed on either side of the liver phantom (approximately 1 m on

each side of the target) for the laboratory image sequences. For the intraoperative

sequences, we make use of whatever lighting was available in the surgical theatre.

No special accommodations were made. Figure 4.2 shows pictures of the test

scenarios as well as acquired images for both example laboratory and operating

room conditions.

1Grasshopper2 GigE cameras were manufactured by Point Grey Research, Vancouver, BC,
Canada (now named FLIR).

2Lenses were manufactured by Goyo Optical, Japan.
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Figure 4.1: Stereo Sensor. Two calibrated video cameras are mounted in a metal
enclosure. See text for details.
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Figure 4.2: Example Image Capture in Both Laboratory and Surgical Settings.



4.2 Datasets

The laboratory dataset consists of three calibrated stereo image sequences of a

silicone liver phantom attached to a motion control platform (one linear and one

rotational stage)3 for precise motion control; see Figure 4.3. The phantom is rigidly

affixed to a fiducial board containing 2D AR-tag fiducials [51] located on the outer

perimeter of the fiducial board as well as 3D LEGO4 fiducials located in the corners

of the fiducial board. These fiducials are used to aid in the initial manual alignment

of the reconstructed point cloud to the corresponding CT scan and for verification

of the provided motion commands. Each laboratory test condition consists of a

31 frame sequence with evenly spaced samples along the motion trajectory. Three

different motion profiles were tested: Translation-Only (1 mm increments),

Rotation-Only (1 degree increments), and Translation+Rotation motions

superimposed. As mentioned previously, the largest component of motion in open

liver surgery conditions is due to respiration causing large translational motion in

the order of ≈10− 75 mm [33]. The laboratory dataset covers average translational

motions, in the range of 0− 30 mm, and greater than average rotational motions,

in the range of 0− 30 degrees, with motion increments being chosen in accordance

with the known precision of the linear and rotational Newport motion stages. A

representative frame is shown in this chapter in Figure 4.4. Additional frames

are shown in Appendix B, Figure B.1. The laboratory dataset image sequences

were acquired at an approximate standoff distance of 700 mm to the liver phantom

(equivalent to the targeted distance for the device when used intraoperatively).

3The motion control platform and motion stages are manufactured by Newport Corporation,
Irvine, CA, United States.

4LEGO bricks are a play material manufactured by The LEGO Group, Billund, Denmark.
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Three intraoperative data sequences were captured during three separate sur-

gical interventions requiring open liver resection at MSKCC. The target standoff

distance for each surgery was approximately 700 mm. The first intraoperative

dataset, Intraoperative Case 1 , consists of 350 frames. The second and third

intraoperative datasets, Intraoperative Case 2 and Intraoperative Case 3 ,

are considerably longer in duration consisting of 1729 and 1726 frames, respectively.

Representative frames are shown here in Figure 4.4. Additional frames are shown

in Appendix B, Figures B.2-B.4. Intraoperative datasets were captured with a

frame rate of 30 FPS.

In both the laboratory and operating room, the same calibrated stereo video

camera, as specified in Section 4.1, was used for image acquisition (the gold box

in Figure 4.1 and in the upper middle portion of the external views shown in

Figures 4.2 and 4.3b).
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(a)

(b) (c)

Figure 4.3: Laboratory Dataset Experimental Setup. Figure (a) depicts the general
experimental setup where the linear (bottom) and rotation (top) stages of the
motion platform are visible as well as the linkages connecting the stages directly to
the liver phantom and fiducial board. Figure (b) shows the same setup (including
illumination, plywood backdrop, liver phantom and fiducial board as well as the
stereo camera positioned above the target liver phantom). Figure (c) shows an
overhead close-up of the fiducial board and liver phantom.
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Figure 4.4: Dataset Overview. An example stereo pair from each of the employed
datasets is shown. For simplicity, a single left-right view representative of the
appearance of all three conditions in the laboratory dataset is shown (as the three
datasets only differ by the relative motion of the phantom liver and the camera).
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4.3 Initialization method comparison

As mentioned previously in Section 3.2, two initialization methods were developed

for use in this system. First, a standard approach involving manual registration of

the partial 3D stereo surface reconstruction at the initial frame to the preoperative

CT scan was employed. This method for initialization is analogous to the standard

method employed for the vast majority of systems in the SN community. The

second method employs a modified version of Globally Optimal Iterative Closest

Point (GO-ICP) to provide registration candidates to a human-in-the-loop. This

section evaluates the utility of the GO-ICP algorithm for initialization of both the

laboratory and intraoperative datasets. First, the ability of the GO-ICP algorithm

to find a registration candidate that is visually similar to the hand registration

within a nominal number of candidates is explored. Second, registration candidates

resulting from the GO-ICP algorithm are quantitatively evaluated and compared

to the hand registration candidate.

4.3.1 Finding a registration candidate

Standard GO-ICP attempts to find a globally optimal rigid registration using a

BnB strategy to search the entire 3D motion space, SE (3). The modified version,

presented in Section 3.2.3, is able to produce the n-best registration candidates in

the search space. For the purposes of the experiments in this dissertation the 50

best registration candidates between the 3D stereo surface reconstruction of the

initial frame and the preoperative CT scan are generated from the modified GO-ICP

algorithm to see if a meaningful registration candidate is produced (determined via

visual inspection). Table 4.1 and Figures 4.5-4.10 show the results of this process.
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Interestingly, all of the laboratory datasets showed a visually meaningful registration

result in the best GO-ICP registration candidate. For the three intraoperative

cases, only Intraoperative Case 1 exhibited a visually meaningful registration

candidate within the 50 best candidates (and did so at registration candidate

14/50). An anterior view of the first 20 registration candidates for this case are

shown in Figure 4.11.

Dataset Condition
Acceptable Candidate

in Top 50
First Acceptable

Position

Laboratory
Translation-Only Yes 1

Rotation-Only Yes 1
Translation+Rotation Yes 1

Intraoperative
Case 1 Yes 14
Case 2 No N/A
Case 3 No N/A

Table 4.1: Globally Optimal Iterative Closest Point (GO-ICP) Candidate Search
Success Statistics.
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Figure 4.5: Registration Initialization Candidates - Laboratory Dataset:
Translation-Only. Darkest points correspond to the recovered surface model,
as overlaid on a fine mesh of the volumetric model.
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Figure 4.6: Registration Initialization Candidates - Laboratory Dataset: Rotation-
Only. Visualization as in Fig. 4.5.
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Figure 4.7: Registration Initialization Candidates - Laboratory Dataset:
Translation+Rotation. Visualization as in Fig. 4.5.
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Figure 4.8: Registration Initialization Candidates - Intraoperative Case 1. Visual-
ization as in Fig. 4.5.
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Figure 4.9: Registration Initialization Candidates - Intraoperative Case 2. No
acceptable GO-ICP result was returned for this case. Visualization as in Fig. 4.5.
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Figure 4.10: Registration Initialization Candidates - Intraoperative Case 3. No
acceptable GO-ICP result was returned for this case. Visualization as in Fig. 4.5.
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Figure 4.11: Globally Optimal Iterative Closest Point (GO-ICP) Registration Ini-
tialization Candidates - Intraoperative Case 1. The first 20 registration candidates
output by the modified version of GO-ICP are shown for Intraoperative Case
1 . The registration candidate chosen by the human-in-the-loop, candidate 14, is
highlighted in red. Visualization as in Fig. 4.5.
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4.3.2 Manual versus GO-ICP registration candidates

Once a visually convincing (qualitative) registration candidate has been found

further analysis of the registration candidates was needed to assess the viability

of the semi-automated registration technique. As such, a measure of Surface

Registration Error (SRE),

SREi = ‖Pi −P∗i ‖, (4.1)

where Pi is a point in the registered stereo reconstruction of the surface and P∗i is

the closest point to Pi in the preoperative volume after registration, was calculated

for each of the registration candidates.

The results of this analysis are reported in three ways. First, the error distribu-

tion for each registration candidate is plotted in the form of a box plot in Figure 4.12.

Second, the mean and standard deviation statistics for the registration candidates

are enumerated in Table 4.3.2. Third, the SRE is depicted as a colour-coded 3D

surface model in Figures 4.14 and 4.15 showing the spatial distribution of error

over the surface reconstruction.

Dataset Condition
Manual Registration GO-ICP Registration

SRE (mean) SRE (std) SRE (mean) SRE (std)

Laboratory
Rotation-Only 0.8968 0.8175 0.9082 0.7755

Translation-Only 0.8996 0.8067 0.9008 0.7486
Translation+Rotation 0.7951 0.7433 0.8219 0.6802

Intraoperative
Case 1 1.3652 1.4115 1.7935 1.8967
Case 2 2.8479 2.9421 N/A N/A
Case 3 2.5257 1.4280 N/A N/A

Table 4.2: Mean and Standard Deviation of Initialization Candidates. All measure-
ments are provided in mm.
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Translation-Only Rotation-Only

Translation+Rotation Intraoperative Case 1

Figure 4.12: Globally Optimal Iterative Closest Point (GO-ICP) vs. Hand Ini-
tialization Surface Registration Error (SRE). The SRE for the hand registration
candidate and the best candidate resulting from the use of the modified GO-ICP
algorithm are shown as box plots. Blue boxes cover the interquartile range, with
the red line showing the median value. Whiskers cover 90% of the reconstructed
point clouds. The largest outlier for each registration candidate is indicated by a
red asterisk. Note that the y-axis on the three laboratory dataset conditions range
from 0-8 mm. The y-axis on the intraoperative case ranges from 0-14 mm.
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Figure 4.13: Hand Initialization Surface Registration Error (SRE) for Intraoperative
Case 2 and Intraoperative Case 3. The SRE for the hand registration candidate on
the two unsuccessful GO-ICP cases, Intraoperative Case 2 and Intraoperative
Case 3 are shown as box plots. Blue boxes cover the interquartile range, with
the red line showing the median value. Whiskers cover 90% of the reconstructed
point clouds. The largest outlier for each registration candidate is indicated by a
red asterisk. No acceptable semi-automated registrations were produced for these
cases.

110



Dataset Hand Registration GO-ICP Candidate

T
ra

n
sl

at
io

n
-

O
n
ly

R
ot

at
io

n
-

O
n
ly

T
ra

n
sl

at
io

n
+

R
ot

at
io

n

Figure 4.14: Globally Optimal Iterative Closest Point (GO-ICP) vs. Hand Initial-
ization Registration Candidates - Laboratory Dataset. The Surface Registration
Error (SRE) distributions of the hand registration candidate and the leading
GO-ICP registration candidate for the three laboratory dataset test conditions
(Translation-Only , Rotation-Only and Translation+Rotation) are shown.
Errors are depicted with respect to the location and magnitude of the error on the
reconstructed surface. The visual scale for the registration errors are shown in the
bars below each scan and are the same across all cases (ranging from 0 mm - pure
red, to 7 mm - pure blue).
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Figure 4.15: Globally Optimal Iterative Closest Point (GO-ICP) vs. Hand Initial-
ization Registration Candidates - Intraoperative Case 1. The Surface Registration
Error (SRE) distributions of the hand registration candidate and the leading
GO-ICP registration candidate for Intraoperative Case 1 is shown. Errors are
depicted with respect to the location and magnitude of the error on the recon-
structed surface. The visual scale for the registration errors are shown in the bars
below both scans and are the same for both cases (ranging from 0 mm - pure red,
to 13 mm - pure blue).

4.4 Motion estimation

The translation (magnitude) and rotation components of the recovered motions

are reported for the laboratory datasets in Figure 4.16. (Recall that the intraoper-

ative sequences did not support ground-truth motion; so, no quantitative motion

estimates are provided.) For each of the three tested motion profiles (Translation-

Only , Rotation-Only , and Translation+Rotation), the recovered translation

magnitude is shown in panels (a, c, and e), while the recovered rotation angles

are shown in panels (b, d, and f). At any given frame, motion was recovered with

respect to the initial frame in the sequence. For Rotation-Only it is seen that

the recovered angle accurately tracks the true motion (interframe increments of 1

degree), approximately a line of slope one and the recovered translation is correctly

very small. (Note that since the true translation has zero magnitude, the error

between the recovered and ground-truth is the same as the recovered and only the
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recovered is shown.) For the Translation-Only case, the results are exactly com-

plementary to those of Rotation-Only , again showing very accurate performance.

Similarly, the Translation+Rotation case shows the desired combination of the

other two cases. Notably, motion drift is not affecting the interframe estimation

over these sequences owing to the motion always being computed relative to the

initial frame. In contrast, typical approaches that chain transformation estimates

between adjacent frames to relate a given frame back to a keyframe would be

susceptible to drift.

Table 4.3 provides a summary of the mean and standard deviation of the reported

motion errors for the three laboratory datasets. Note that mean errors and standard

deviation of the motion estimates are not provided for the intraoperative datasets

as no ground-truth motion information is available.

Translation Magnitude (mm) Rotation Angle (deg)
Dataset mean std mean std

Rotation-Only 1.8975 0.6547 -0.4124 0.5126
Translation-Only -0.1440 0.6560 1.0898 0.5744
Translation+Rotation 0.5654 0.4092 -0.4507 0.4095

Table 4.3: Mean and Standard Deviation of Motion Error.
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Figure 4.16: Motion Recovery Results. The recovered translation magnitude
(a, c, and e) and rotation (b, d, and f) estimates are plotted for each of
the three laboratory motion profiles (Translation-Only , Rotation-Only , and
Translation+Rotation). The blue line indicates the motion estimate; the red
line depicts the deviation of the motion estimate from the ground-truth, as actu-
ated by the motion platform. The two plots showing a single curve correspond to
measurements where the ground-truth signal was zero motion; hence, the recovered
and error values are the same and only the recovered is shown.
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4.5 Surface registration error

A measure of Surface Registration Error (SRE), Equation (4.1), was calculated

for all laboratory and intraoperative dataset sequences. Figures 4.17-4.22 depict a

sample stereo image pair from each of the laboratory and intraoperative dataset

conditions along with a visual depiction of the intraoperative surface reconstruction

registered to the preoperative CT scan at three frames across the sequence. Figures

showing all reported frames co-registered, with and without the corresponding CT

for reference, are shown in Figures C.4-C.9 in Appendix C. The plots in Figures 4.23

and 4.24 show the distribution of SRE over all points in the reconstructed point

clouds for the selected frames. Registration between CT coordinates and the

initial frame of each laboratory sequence was performed using the semi-automated

initialization technique, as specified in Section 3.2.3. SRE results, initialized via

identification of five cross-modality features located on the platform supporting the

phantom in both the stereo imagery and in the CT scan, are provided in Appendix C.

Intraoperative data was initialized using the semi-automated initialization technique

when a successful candidate was found (i.e., Intraoperative Case 1 ). Otherwise,

a manual registration process, specified in Section 3.2.2, was used. Analogous results

using manual initialization on Intraoperative Case 1 are shown in Appendix C.

Thus, for all cases where the semi-automated initialization procedure yielded valid

registrations, they are used in the results presented here. The corresponding fully

manual initialization results are relegated to an appendix for the sake of comparison.

For cases where the semi-automated approach failed, fully manual initialization is

used in this chapter.

The initialization procedure defines the transformation relating the initial (key)
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frame to the CT coordinate space. Subsequent frames were registered to the initial

frame using the approach described in Section 3.5 and then registered to CT space

using the transformation relating the initial frame to the CT scan. Figure 4.23

shows SRE for the three laboratory datasets. Mean errors are approximately 1 mm

with over 99% of the points lying under 4 mm SRE across the laboratory datasets.

Figure 4.24 shows SRE for the three intraoperative datasets. For the intraoperative

dataset conditions, the errors are larger in general with a larger standard deviation.

Intraoperative Case 1 is most similar to the laboratory dataset conditions in

terms of SRE comparison with an average error of ≈1.93 mm. Intraoperative

Case 2 and Intraoperative Case 3 both experienced similar average error of

≈3.2 mm.

Notably, the interframe registration algorithm never explicitly minimizes SRE by

applying shape-based registration techniques (e.g., iterative closest point); therefore,

the registration is data-driven with respect to the actual positions of identified

features on the surface of the organ and is more likely to produce a physically

meaningful registration.

Table 4.4 provides a summary of the average and standard deviation of the re-

ported SRE for the three laboratory dataset conditions and the three intraoperative

dataset conditions.

Similarly to the Middlebury stereo dataset evaluation protocol [165], it is often

useful to provide a statistic that represents the portion of the data falling within

some range of utility. In the field of stereo correspondence, this often takes the

form of the percentage of reported pixels lying within one pixel disparity error

from ground-truth. The safety margin around a potential tumour location in

laparoscopic interventions is 10− 25 mm [140]. Several independent researchers
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have proposed an error of < 5 mm as being of interest in SN applications to the

liver (e.g., [93, 158, 14]). This threshold has been rationalized in a variety of ways:

comparison to tolerances in other parts of the body [93], ability to restore intuitive

spatial understanding to the surgeon [158], and comparison to limits around typical

surgical margins [14]. The < 5 mm SRE threshold is adopted here as a measure

of ultimate benefit with the < 10 mm threshold a measure of utility. Table 4.5

shows the number and percentage of reconstructed points with an SRE falling

below these thresholds. For the three laboratory dataset conditions > 99.9% of the

reconstructed data was shown to fall within the lowest of these margins (< 5 mm).

In the intraoperative dataset conditions, Intraoperative Case 1 , maintained

similar performance of 92.3% of the reconstructed data falling within the < 5 mm

threshold. Intraoperative Case 2 and Intraoperative Case 3 noticed a drop

in performance, having 77.2% and 81.1% of the reconstructed data fall within

the < 5 mm threshold respectively. When comparing to the lowest of bounds

on the planned safety margins in laparoscopic surgeries, 10 mm, ≈ 100% of the

laboratory and ≈98% of the intraoperative data lies within this tolerance. Further

breakdown of the SRE distributions in the sub 5 mm range are shown in Table C.3

in Appendix C.
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Surface Registration Error (SRE) (mm)
Dataset Condition mean std

Laboratory
Rotation-Only 1.0050 0.8237
Translation-Only 1.1057 0.8873
Translation+Rotation 1.0598 0.8376

Intraoperative
Case 1 1.9349 1.9486
Case 2 3.2279 2.8418
Case 3 3.2106 2.5355

Table 4.4: Mean and Standard Deviation of Surface Registration Error (SRE)
on Datasets. Datasets that had a suitable GO-ICP registration candidate (all
laboratory cases and Intraoperative Case 1 ) are initialized using the GO-ICP
registration candidate evaluated in Section 4.3.2. Otherwise, the manual registration
candidate is used for initialization.
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Dataset Condition Total Points
< 5 mm < 10 mm < 15 mm < 20 mm < 25 mm

# Points % # Points % # Points % # Points % # Points %

Laboratory
Translation-Only 1354374 1353048 99.9 1354303 99.995 1354374 100 1354374 100 1354374 100
Rotation-Only 1358820 1358250 99.96 1358820 100 1358820 100 1358820 100 1358820 100
Translation+Rotation 1344523 1342778 99.9 1344523 100 1344523 100 1344523 100 1344523 100

Intraoperative
Case 1 735806 679505 92.3 730661 99.3 735713 99.99 735806 100 735806 100
Case 2 2746115 2120084 77.2 2673421 97.4 2735364 99.6 2746100 99.9995 2746115 100
Case 3 2732357 2216546 81.1 2673512 97.8 2724510 99.7 2731565 99.97 2732357 100

Table 4.5: Surface Registration Error (SRE) - Data Within Surgical Tolerance. The total number of reconstructed
points as well as the number and % of reconstructed points falling within the < 5 − 25 mm SRE thresholds are
reported here. Datasets that had a suitable GO-ICP registration candidate (all laboratory cases and Intraoperative
Case 1 ) are initialized using the GO-ICP registration candidate evaluated in Section 4.3.2. Otherwise, the manual
registration candidate is used for initialization.
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Left View Right View Preoperative CT

Frame 0 Frame 15 Frame 30

Figure 4.17: Qualitative Surface Registration Error (SRE) Results - Translation-Only. The left and right (non-
rectified) views from the stereo camera are shown at the initial frame (frame 0). The preoperative CT scan is shown
in a top-down view. The recovered stereo reconstructions (shown in darkest grey), registered to the preoperative CT
scan, are shown at frames 0, 15, and 30.
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Frame 0 Frame 15 Frame 30

Figure 4.18: Qualitative Surface Registration Error (SRE) Results - Rotation-Only. The left and right (non-rectified)
views from the stereo camera are shown at the initial frame (frame 0). The preoperative CT scan is shown in a
top-down view. The recovered stereo reconstructions (shown in darkest grey), registered to the preoperative CT scan,
are shown at frames 0, 15, and 30.
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Left View Right View Preoperative CT

Frame 0 Frame 15 Frame 30

Figure 4.19: Qualitative Surface Registration Error (SRE) Results - Translation+Rotation. The left and right
(non-rectified) views from the stereo camera are shown at the initial frame (frame 0). The preoperative CT scan
is shown in a top-down view. The recovered stereo reconstructions (shown in darkest grey), registered to the
preoperative CT scan, are shown at frames 0, 15, and 30.



123

Left View Right View Preoperative CT

Frame 0 Frame 68 Frame 100

Figure 4.20: Qualitative Surface Registration Error (SRE) Results - Intraoperative Case 1. The left and right
(non-rectified) views from the stereo camera are shown at the initial frame (frame 0). The preoperative CT scan is
shown with the anterior face of the liver facing the camera. The recovered stereo reconstructions (shown in darkest
grey), registered to the preoperative CT scan, are shown at frames 0, 68, and 100.
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Left View Right View Preoperative CT

Frame 0 Frame 800 Frame 1700

Figure 4.21: Qualitative Surface Registration Error (SRE) Results - Intraoperative Case 2. The left and right
(non-rectified) views from the stereo camera are shown at the initial frame (frame 0). The preoperative CT scan is
shown with the anterior face of the liver facing the camera. The recovered stereo reconstructions (shown in darkest
grey), registered to the preoperative CT scan, are shown at frames 0, 800, and 1700.
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Left View Right View Preoperative CT

Frame 0 Frame 800 Frame 1700

Figure 4.22: Qualitative Surface Registration Error (SRE) Results - Intraoperative Case 3. The left and right
(non-rectified) views from the stereo camera are shown at the initial frame (frame 0). The preoperative CT scan is
shown with the anterior face of the liver facing the camera. The recovered stereo reconstructions (shown in darkest
grey), registered to the preoperative CT scan, are shown at frames 0, 800, and 1700.



Rotation-Only

Translation-Only

Translation+Rotation

Figure 4.23: Surface Registration Error (SRE) - Laboratory Dataset. SRE, Equa-
tion (4.1), is shown at five degree/mm increments across the laboratory sequences.
Box plots are shown for each of the reported frames. Blue boxes cover the in-
terquartile range, with the red line showing the median value. Whiskers cover 90%
of the reconstructed point clouds. The largest outlier for each dataset is indicated
by a red asterisk.
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Intraoperative Case 1

Intraoperative Case 2

Intraoperative Case 3

Figure 4.24: Surface Registration Error (SRE) - Intraoperative Dataset. SRE,
Equation (4.1), is shown in Intraoperative Case 1 for four frames representing
various amounts of respiratory motion that were chosen to show the system perfor-
mance over the largest portion of the organ’s motion. SRE is shown at 100 frame
increments across the longer intraoperative sequences: Intraoperative Case 2
and Intraoperative Case 3 . Box plots are shown for each of the reported frames.
Blue boxes cover the interquartile range, with the red line showing the median
value. Whiskers cover 90% of the reconstructed point clouds. The largest outlier
for each dataset is indicated by a red asterisk.
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4.6 Discussion

In this chapter we provided an evaluation of the proposed SN system and some of

its components in isolation. The system was evaluated both in controlled laboratory

conditions, where a liver phantom underwent a series of controlled motion patterns

as well as in a number of open liver resection tasks.

4.6.1 Initialization

Two initialization methods were compared: (i) a manual initialization procedure

and (ii) a semi-automated registration leveraging GO-ICP. The modified GO-ICP

approach was able to provide a meaningful “one-shot” registration candidate in the

laboratory dataset conditions and a meaningful candidate, as the 14th candidate,

in one of the three intraoperative dataset conditions. As the GO-ICP algorithm

attempts to find a rigid registration between the source and the target point cloud,

it is intuitive that the ability to find a successful registration candidate will depend

in part on the amount of deformation present between the preoperative state

of the organ and its intraoperative state. With the level of deformation being

negligible (if any) in the laboratory dataset test conditions a delineation between

the performance of GO-ICP on the laboratory dataset and the intraoperative

dataset can be expected.

Another hurdle present in the use of GO-ICP in this application domain is the

large degree of local shape similarity. By its very nature, the algorithm cannot

distinguish between perfect symmetries [208]. When looking at the volume of a

typical liver as a whole, self-symmetry is unlikely. However, when analyzing the

particular use case of SN, intraoperatively recovered estimates of the organ surface
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typically only cover a small portion of the surface of the organ. The recovered

surface is typically smooth and without any uniquely identifiable landmarks to

guide 3D registration. As such, this problem is also susceptible to issues of

symmetry. Intraoperative Case 1 illustrates this problem, despite being the

single intraoperative case having some success with the proposed semi-automated

initialization. Upon visual inspection, as seen in Figures 4.11 and C.3, there are a

great number of locations providing a viable registration between the reconstruction

and the preoperative CT when based solely on the shape of the two objects.

For example, under the conditions provided to the GO-ICP search, registration

candidates 1-13, while not physically meaningful, each had a lower SRE than the

visibly plausible registration location provided by registration candidate 14. In

cases with minimal deformation present, increased surface coverage is perhaps the

only solution for fully breaking such issues of symmetry.

To our knowledge there is only one previous attempt to automate this portion

of the typical SN pipeline [149]. This previous approach relies on 3D feature

descriptors that could be localized in both the preoperative imagery as well as in

the intraoperative surface reconstruction. It also relies on pre-segmenting the CT

scan to only contain the visible portion of the surface and manual delineation of

the liver contour in pre- and intraoperative imagery. While impossible to make

direct comparison, our proposed method achieved a mean SRE of 0.82-0.91 mm

across the laboratory dataset conditions. The most similar comparison point would

be to the tests performed in the previous work where they took 43% of the CT

surface (roughly in the same location as our stereo reconstruction), applied no

deformation to the sliced points, applied a random transformation and attempted

to register the partial surface. This resulted in an approximate error of 10 mm
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(without the added difficulty of having noise from the stereo reconstruction of the

surface, which was shown to dramatically increase error in other tests the authors

performed). Our experiments also seem to provide the first quantitative results

for semi-automated initialization on intraoperative data (showing a mean SRE of

1.79 mm on Intraoperative Case 1 ). Further, the SRE for the semi-automated

approach performed favourably compared to the fully manual approach, which

yielded an SRE of 1.65 mm; see Appendix C, Table C.1. Similarly, comparable

SRE results were found for semi-automated vs. fully manual initializations on the

laboratory datasets (Table 4.4 vs. C.1). Overall, these results suggest promise

for our semi-automated initialization procedure, at least for cases where superior

coverage in surface reconstruction is achieved.

4.6.2 Motion estimation

The first component of the end-to-end system evaluation looked at evaluation of

the extracted motion of the organ in comparison to a known motion of the organ in

a series of controlled laboratory evaluations. As mentioned previously, the largest

component of motion in open liver surgery conditions is due to respiration causing

large translational motion in the order of ≈10−75 mm [33]. The laboratory dataset

covers average translational motions, in the range of 0− 30 mm, and greater than

average rotational motions, in the range of 0− 30 degrees. To our knowledge it is

the first liver motion evaluation (simulated, laboratory or in/ex-vivo) in an open

surgical setting. We also believe it to be the first focused on the motion of the

liver as opposed to the relative camera motion (which has been seen as a stream

of evaluation in several MIS applications). Over our three laboratory dataset
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conditions, the recovery of the translational component and rotational component

of the organ motion was within ranges reported previously [130, 127, 123, 56].

While the results reported elsewhere typically derive from MIS procedures, and

therefore from somewhat different conditions than we target, they nevertheless

provide the closest points for comparison.

4.6.3 3D surface estimation and optical organ registration

Surface Registration Error (SRE) has been reported to evaluate the quality of the

registration between the recovered surface models and volumetric models. For

each dataset, mean SRE was in the range 1.03 − 3.23 mm (Table 4.4). It also

was seen that 99.9% and 80.7% of the registered laboratory and intraoperative

points (respectively) yielded under 5 mm error, while ≈ 100% and 97.8% were

under 10 mm error (Table 4.5). Further, time series of SRE distributions showed

no tendency toward drift (Figures 4.23 and 4.24), which provides evidence that the

system can maintain registration across time.

SRE and surgical tolerances have an important relationship for SN systems

seeking adoption in the Operating Room (OR). As surgical tolerances decrease,

so too must the registration error of systems operating in these scenarios. With

surgical tolerances in laparoscopic interventions documented in the 10− 25 mm

range [140], it is clear that registration errors must fall within this range to be

part of a deployed SN solution. We also noted that a more restrictive threshold

of < 5 mm has been adopted in several publications in the SN literature. This

threshold has been reasoned from several different positions including relation to

accepted tolerances in other portions of the anatomy [93], ability to restore spatial
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understanding to the surgeon [158], and in comparison to the limits in place around

typical surgical margins [14]. Our reported errors lie within these tolerances.

Notably, the only two Food and Drug Administration (FDA)-approved liver

surgery systems, CAS-One5 [137] and Explorer6 [87], do not compensate for re-

altime motion [175]. If disturbed, either through patient respiration or surgical

manipulation, accuracy is negatively impacted and re-initialization is needed. In

practice, current systems are typically used at breath hold. As such, real-time

localization and feedback is needed in an ideal system [175]. More generally, com-

mercial systems rely on optical tracking, which has a stated accuracy of < 2 mm, as

evaluated at a single point in time [131]. The errors reported are within comparable

bounds and the presented system is capable of providing continual updates. Thus,

our system has potential to provide the precise anatomical location of tumours in

the complex vasculature, in real-time, as the liver undergoes motion throughout

the course of surgery.

5CAS-One was developed at the University of Bern and is manufactured by CAScination,
Bern, Switzerland.

6Explorer is manufactured by Pathfinder Therapeutics, Inc., Nashville, TN, United States.
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Chapter 5

Conclusions

5.1 Summary

An end-to-end system for fast and accurate 3D surface reconstruction and motion

estimation for alignment with a preoperative volumetric scan has been presented.

The system has been designed and evaluated for application to liver surgery in an

open setting, with open surgery still the dominant setting for liver operations [166].

It is comprised of three key components: initialization, 3D surface recovery, and 3D

motion estimation. The system has been evaluated empirically with reference to

novel laboratory and intraoperative datasets, with results showing that performance

is within tolerances expected for integration into SN systems.

The first system component, initial registration of preoperative CT information

and intraoperative surface reconstructions, was provided using two methods: manual

initialization using a GUI as well as a semi-automated initialization strategy based

on a modified version of GO-ICP [208]. Manual initialization strategies are common

practice in the SN community. Despite being a reliable method for obtaining
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reasonable initializations for most cases, manual initialization strategies have been

shown to interrupt surgical workflow and the accuracy of the resulting registration is

highly dependent on the expertise of the user performing the initial registration [14].

The pitfalls inherent in the manual initialization process motivate the creation

of new strategies that improve this aspect of SN systems. The proposed semi-

automated initialization strategy has potential to improve workflow through a

decreased reliance on expensive user input to system operation.

As its second major component, the system integrates an adaptive CTF stereo

algorithm [179] capable of fast and accurate 3D surface reconstruction of the surface

of the visible anatomy. The approach yields data-driven dense reconstruction in

a computationally-efficient manner by allowing coarse resolution image data to

inform fine resolution reconstruction, even in low texture regions [179]. Typical

applications of CTF processing in stereo imagery suffers from blurring about 3D

discontinuities [179]. CTF processing has been suggested before for use in SN

applications [189]. Complementary use of adaptive windows in our approach allows

for precise reconstruction of 3D boundaries [179]. With important information for

downstream processing occurring at these discontinuities (e.g., organ contours for

pre- to intraoperative registration) as well as the downstream benefits of employing

strategies to maximize surface coverage, this advance is an important distinction

that we believe is a first in the SN community.

The third major system component makes use of a robust, 3D motion estimator

based on interframe feature matching to register a time series of reconstructions

back to the initial frame for subsequent registration back to a volumetric CT scan.

This approach proved to be stable, with no observable motion drift in the reported

motion errors or systematic increase of SRE in full sequence registration evaluations.
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When compared to other systems that may chain a series of reconstructions to

a single keyframe [193, 129, 11], which rapidly lead to drift, or several of the

SLAM-based systems where localization ability deteriorates as they go further

from their starting position [130, 37, 56], this approach shows great promise for

scenarios where it is applicable (such as the designed scenario of intraoperative

planning). Also, unlike typical approaches in the SN community that use ICP for

incremental 3D model registration [193, 185, 34, 11, 113], the proposed feature

matching-based approach encourages registration to bring physically meaningful

features into alignment. Typical ICP-based registration minimizes the L2-error

between the two point sets and is prone to sliding effects, where the optimal

registration incrementally drifts away from the originally hand-picked/physically

meaningful location while the two surfaces (typically smooth in nature) slide along

each other due to subtle changes in the error profiles.

Beyond the system per se, this research also addresses a pressing need in the SN

community, a controlled laboratory dataset allowing for ground-truth evaluation

of the motion estimation ability of SN systems was created. To our knowledge

this is the first controlled dataset placed in open surgical analogue settings with

ground-truth signals for the motion of the phantom liver. This addresses two needs

of the SN community. First, it provides a controlled manner with which to test SN

systems in an open surgical setting. As mentioned previously, the vast majority

of liver resection tasks are performed in an open surgical setting. Second, the

laboratory dataset has been shared with the SN community addressing yet another

need by allowing for future comparisons between proposed systems to become a

possibility. The utility of the dataset has been demonstrated via evaluation of the

developed system. Here, the results suggest the potential for integration into a
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clinical system.

5.2 Notable limitations

While the SN system presented in this dissertation is capable of providing accurate

results in an efficient manner, the system does have its limitations. There are

three notable limitations of the system design. First, the system does not currently

account for any sources of non-rigid deformation of the liver. Interframe motion

estimation currently makes use of previous observations, namely that the liver

behaves in a predominantly rigid fashion during intraoperative inspection [173].

While these assumptions provide compelling results under the evaluated scenarios,

extending the use of the system into further phases of the operation is likely to result

in these assumptions being violated because of non-rigid deformations taking place

due to interactions with the liver by the surgical staff. Furthermore, there is often

a non-rigid deformation of the organ that occurs between when the preoperative

image is acquired and when the intraoperative stereo imagery is initially obtained.

This later source of deformation likely accounts for a noticeable portion of the

reported SRE in the evaluations provided in this dissertation. Providing a physically

meaningful deformation model that is able to run within the constraints of a typical

surgical workflow should be considered in future iterations of this work.

Second, the semi-automated initialization strategy proposed in this dissertation

worked extremely well in laboratory conditions but struggled to find a suitable regis-

tration candidate in two of the intraoperative datasets. The currently implemented

semi-automated initialization strategy makes use of an underlying technique that

computes the n-best registration candidates, in terms of SRE. As observed in the
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results, the “best” registration candidate in terms of physical meaningfulness may

not align with the best potential alignment in terms of SRE (due to issues such as

measurement error, limited surface coverage combined with a large degree of local

shape similarity, and deformation between the intraoperative and preoperative

states of the liver). Determining additional constraints and/or methodologies that

may help the semi-automated initialization technique find a physically meaningful

registration in a suitable amount of time with minimal effort from the user should

be explored in future work.

Third, although not experienced in the data obtained for evaluating the system,

interacting with the organ of interest during the running of the system has the

potential to induce feature drop off that could ultimately cause interframe feature

tracking to fail. Extending the interframe tracking module to be able to recover

from tracking failures and/or decrease the potential for long-term drift should be

explored in future iterations of this work.

In addition, there were two notable limitations in the evaluation of the SN

system presented in this work. First, error analysis is provided only at the surface

when structures of interest for this application are often embedded within the

organ volume. Integrating subsurface imaging into the intraoperative data being

evaluated could provide additional information about subsurface accuracy of the

system and should be considered as a part of future work.

Second, additional intraoperative information capturing increased variation in

patient anatomy, surgical workflow and in the extent, location and type of disease

as well as capturing video sequences over extended durations during the surgical

intervention would be beneficial for further evaluation of system performance.

Furthermore, data driven design principles could be used to help focus development
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efforts by identifying existing issues present in the system design that were not

uncovered by the current intraoperative sequences as well as new use cases the

system will need to deal with in deployment.

5.3 Future directions

5.3.1 Support for non-rigidity

To date, introduction of non-rigid registration or refinement has not been explored

in the context of the proposed system. However, three places exist in the presented

framework to support research into non-rigid registration of an intraoperative

3D reconstruction and preoperative volumetric imagery. First, modification of

the GO-ICP BnB constraints to include non-rigidity could support recovery of

corresponding relationships between the initial frame and preoperative CT scan.

Second, a bootstrap approach of providing an additional non-rigid refinement as

a postprocessing step could provide this support. Third, fully utilizing the 3D

deformation field (Section 3.4) to support non-rigid registrations of sequential 3D

surface reconstructions could provide end-to-end support for non-rigid alignment

of data. Note that both the rigid and non-rigid components of the motion of the

surface are captured by the deformation fields currently maintained in the system.

5.3.2 Improve the semi-automated initialization strategy

Currently the GO-ICP algorithm at the core of the semi-automated initialization

uses the L2-error present between the closest points in the two point sets as

a minimization criteria. In the presence of non-rigidity this choice can become
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problematic. A natural extension would be to relax the L2-error currently supported

by the algorithm to allow for some degree of non-rigidity as done elsewhere [149].

Furthermore, introduction of additional constraints placed by the liver contour [37,

38, 149] could be a powerful means of resolving some of the issues currently observed

with partial observation of the surface and the large degree of local shape similarity

present at those levels of surface coverage. The warped region of interest mask

already maintained by the system, Section 3.3.3, could be used to provide this

organ boundary/occlusion information.

Recently, an approach to global rigid registration that uses a quasi-BnB strategy

has been proposed in the literature [44]. The quasi-BnB replaces the linear lower

bounds seen in GO-ICP with quadratic quasi-lower bounds providing a significant

speed up (especially when high registration accuracy is required). Integration of

quasi-BnB constraints into the automated registration strategy could allow for a

further decrease in disruption to surgical workflow and/or increased fidelity in the

registration result in the same computational budget.

5.3.3 Feature track recovery for long-term tracking and

occlusion tolerance

The interframe motion estimation module in the SN system makes use of 2D

feature tracking methods. The use of 2D feature tracks, when combined with the

computed disparity information at each frame, allows for a registration of any

frame back to the initial frame in the image sequence. This design provides several

benefits in comparison to many competing methods; however, it is not without its

disadvantages. A known downfall of 2D feature tracking methods is that of feature
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drop off as tracking progresses throughout the video sequence. Drop off can occur

for a variety of reasons including occlusion of the feature in a given frame, large

motions that are outside of the capture window and/or induce significant motion

blur, and any significant change in appearance of the feature location. Making use

of feature matching techniques to help re-establish lost feature tracks should be

explored as a form of tracking recovery. Furthermore, extensions which exploit the

periodicity observed in the data due to the patient’s respiration may also be of

interest to future work.

5.3.4 Subsurface imaging and error analysis

An extension of the presented approach to include subsurface registration through

the use of additional sensing modalities that support subsurface data acquisition

during surgery (e.g., Ultrasound (US), Cone Beam Computed Tomography (CBCT),

and open Magnetic Resonance Imaging (MRI)) is also of interest. Appropriate

application of intraoperative subsurface scanning and registration constraints may

provide better localization for surgeons when surgical margins are tight. Fur-

thermore, integrating subsurface information into the surface-based registration

approach is an important step for being able to measure the correlation between

measurements of registration errors at the surface of the organ and the ability to

target subsurface structures accurately.

5.3.5 Additional intraoperative evaluation

Additional testing on clinical data is desired to further validate and develop the

presented techniques. If possible, the ability to have external validation in the
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operating room conditions could yield further information regarding the accuracy of

the proposed system. Introduction of fiducials for a controlled set of intraoperative

cases could provide measures of Target Registration Error (TRE) that would further

allow for the evaluation of the initialization and motion estimation portions of

the system. Data collected in conditions capturing extra surface coverage of the

liver could provide a starting point for aspects of non-rigid refinement. Here,

surface coverage is often a necessary (but not sufficient) condition for obtaining

any meaningful deformation corrections in these settings [173, 158].

Testing within the OR, in real-time, will be another area of interest for future

testing. To date, the use of the SN system inside the OR has not been possible due

to need for further ethics and regulatory approvals. However, use of the system

within the surgical theatre will be an important step towards gathering feedback

from surgeons on the utility of this system and determining further avenues for

system improvement. The ultimate goal would be to put the system through

clinical trials in order to quantify the impact of the system on surgical outcomes.
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Appendix A

Implementation details

A.1 Initialization

During manual initialization the final step is to refine the registration of the

surface reconstruction of the initial frame to the preoperative CT via the use of

a traditional ICP technique [15, 29, 212]. The refined registration candidate is

viewed again to ensure the physical meaningfulness of the registration has been

preserved. Descriptions of the ICP parameters and corresponding values that are

used across the laboratory and intraoperative datasets and are shown in Table A.1.

The GO-ICP semi-automated registration technique has several free parameters.

The Mean Squared Error (MSE) convergence threshold acts as a termination

criteria. If the average squared Euclidean error for all points to the surface falls

below the convergence threshold then the algorithm terminates and returns the

current transformation. The trim fraction is used when the reconstruction does not

perfectly overlap the model (and was disabled for all reported results). Finally, the

remaining parameters setup the rotation and translation space evaluated by the
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algorithm. For the semi-automated initialization tests, the 50-best candidates were

generated and inspected for each of the tested dataset conditions. Descriptions of

the GO-ICP parameters and values that were used during evaluation are shown in

Table A.2. Dataset specific values for the free parameters of the GO-ICP module

that were used during evaluation are shown in Table A.3.

Variable Variable description Value
maximum
correspondence
distance

Sets the inlier/outlier threshold, i.e., distance>
maximum correspondence distance is an outlier

1 mm

maximum iterations Maximum number of iterations that will be
used to try and converge on a solution

300

transformation
epsilon

If epsilon between successive transformations
< transformation epsilon then return current
transformation

1e-8

Euclidean fitness
epsilon

If total Euclidean squared error < Euclidean
fitness epsilon then terminate

1 mm

Table A.1: Implementation Details - (Initialization) Iterative Closest Point (ICP).
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Variable Variable Description Value (Range)
MSE convergence
threshold

If average squared Euclidean error <
MSE convergence threshold then the
current transformation is returned
and the algorithm terminates

0.0001 to 0.0005 mm

rotation
minimum

Minimum rotation value in the
search space for the algorithm

-3.1416 rad

rotation width Size of the rotation search space 6.2832 rad
translation
minimum

Minimum translation value in the
search space for the algorithm

-0.8 to -0.6 mm

translation width Size of the translation search space 1.2 to 1.6 mm
trim fraction Percentage of points allowed to be

removed from calculation (for use
when point cloud only partially over-
laps model)

0 (no trimming)

nodes Nodes per dimension of distance
transform cube

300

Table A.2: Implementation Details - Globally Optimal Iterative Closest Point
(GO-ICP).

MSE
Convergence Rotation Translation Trim

Dataset Threshold Minimum Width Minimum Width Fraction Nodes
laboratory 0.0001 mm -3.1416

rad
6.2832

rad
-0.6 mm 1.2 mm 0

(no trimming)
300

intraoperative 0.0005 mm -0.8 mm 1.6 mm

Table A.3: Implementation Details (By Dataset) - Globally Optimal Iterative
Closest Point (GO-ICP).

182



A.2 Stereo correspondence and 3D surface re-

construction

The stereo correspondence component of the system pipeline contains many of

the free parameters most often tuned for a given dataset. A description of the

free parameters in the stereo algorithm as well as ranges for how they are set is

shown in Table A.4. The baseline shift parameter is part of the preprocessing of

the data. The baseline shift acts as a horizontal shift of the rectified, non-reference

(left) image in the stereo pair. The shift effectively removes the shift in projection

due to the standoff distance of the camera to the patient from the search range.

Another variable that is modified across datasets is the window size used for local

correspondence computations. Finally, the number of smoothing iterations (using

anisotropic diffusion) performed on the resulting disparity map was varied across

datasets. Parameters are often tuned in response to the standoff distance between

the camera and the surgical site and/or the amount of visible texture on the surface

of the liver. The stereo component uses relatively common parameters across the

evaluated datasets, which are shown in Table A.5.

The statistical outlier removal component deals with finding points that differ

too much from their surroundings and removes them from future processing. A

description of the free parameters in this portion of the system as well as typical

values are found in Table A.6. For the statistical outlier removal component of

the pipeline, standard parameters were used across datasets (with the exception

of Intraoperative Case 1 ). Two parameters were needed for this process: the

number of nearest-neighbours to analyze at each point and the outlier threshold

(specified as the multiple of the standard deviation of the mean distance to the
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query point). The values of the free parameters in the statistical outlier removal

component used during evaluation are shown in Table A.7.

For MLS smoothing of the data only one free parameter existed. Instead of

computing the surface whereby all points in the point cloud were used in a weighted

computation for the surface at each point, only points in a nearest-neighbour search

range held any influence. All datasets used a search range of 2 mm.

Variable Variable Description Value (Range)
baseline shift The baseline shift acts as a hor-

izontal shift of the rectified, non-
reference image in the stereo pair
and acts to remove the standoff dis-
tance of the camera to the patient
from the search range

0 to 300 px

window size The size of the aggregation window
used to determine correspondence

11 to 15 px

search range The horizontal search range in pixels
at each level of the pyramid during
CTF processing

5 px

pyramid levels The number of pyramid levels used
in the CTF approach

5

pyramid type Prefiltering approach used to pre-
vent aliasing when generating the
image pyramids

Laplacian

smoothing iterations Number of iterations of a boundary
preserving disparity smoothing op-
erator via anisotropic diffusion

0 to 10

Table A.4: Implementation Details - Stereo.
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Baseline Window Search Pyramid Pyramid Smoothing
Dataset Shift Size Range Levels Type Iterations

Laboratory (all) 0 px
15 px

5 px 5 Laplacian
no smoothing

Intraoperative Case 1 150 px
Intraoperative Case 2

300 px 11 px 10
Intraoperative Case 3

Table A.5: Implementation Details (By Dataset) - Stereo.

Variable Variable Description Value
(Range)

number neighbours The number of nearest neighbours to
analyze at each point

500 to 1000
points

outlier threshold The threshold for inliers/outliers (ex-
pressed as the multiple of the standard
deviation of the mean distance to the
query point)

0.0005

Table A.6: Implementation Details - Statistical Outlier Removal.

Number Outlier
Dataset Neighbours Threshold

Laboratory (all) 1000
0.0005Intraoperative Case 1 500

Intraoperative Case 2 & 3 1000

Table A.7: Implementation Details (By Dataset) - Statistical Outlier Removal.

185



A.3 2D feature tracking and generation of a 3D

deformation field

Feature tracking is performed by first extracting “good features to track”. Im-

plementation details explaining the free parameters, including ranges for how the

parameters are set, are shown in Table A.8. Dataset specific values for the free

parameters are shown in Table A.9. The maximum number of features that can be

returned, minimum quality level of accepted features (expressed as the fraction of

the minimal eigenvalue), and minimum distance between returned features (used

to help space features over the region to be tracked) are all free parameters. The

number of features and feature spacing are modified based on the robustness of the

visual structure present on the surface of the liver. As the visual texture decreases,

more points are needed at this stage as future motion estimation proves to be more

robust to detecting outliers over the surface. When visual texture is distinctive,

being more selective on the features maintained for downstream processing proved

to be beneficial over the evaluated datasets.

Variable Variable description Value (range)
Maximum
number of
features

Maximum number of features to be returned
by the algorithm

10000 to 1000000

Quality
level

Minimum quality level of accepted/returned
features (expressed as the fraction of the mini-
mal eigenvalue in the gradient feature matrix)

0.001

Minimum
distance

Minimum distance between returned features
(used to help space features over the region to
be tracked)

5 to 20 px

Table A.8: Implementation Details - Good Features to Track.
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Maximum Quality Minimum
Dataset no. features level distance

Laboratory (all) 100000

0.001
20 px

Intraoperative Case 1 10000
Intraoperative Case 2 100000

5 px
Intraoperative Case 3 1000000

Table A.9: Implementation Details (By Dataset) - Good Features to Track.

A.4 6DOF motion estimation and intraoperative

alignment

Once a 3D deformation field relating a given frame back to the initial frame has

been generated a rigid motion estimation is performed on the two sets of keypoints.

As this stage provides a least-squares estimate of the rigid motion relating the

two point sets, performing the motion estimation on the full deformation field

would not be ideal as it would include any outliers present. The method is made

more robust by performing the rigid estimation using a RANSAC strategy. All

evaluated datasets use common parameters for this component of the pipeline.

Descriptions and the common values for the free parameters in this stage, used

across all evaluated datasets, are shown in Table A.10.
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Variable Variable Description Value
(Range)

iterations Number of iterations for the
RANSAC strategy

20

inlier threshold The post-registration Euclidean dis-
tance between paired points that de-
lineates inliers from outliers

0.15 mm

subsampled features The number of points subsampled
from the two point sets and used
for rigid motion estimation at each
iteration of the RANSAC strategy

30

Table A.10: Implementation Details - Rigid Motion Estimation.
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Appendix B

Dataset image sequences

The reference (right) image for each of the reported frames in all of the laboratory

and intraoperative dataset conditions is depicted in Figures B.1-B.4.
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Figure B.1: Laboratory Dataset Image Sequences.
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Figure B.2: Intraoperative Dataset Image Sequence: Intraoperative Case 1.

R
ig

h
t

Im
ag

e

Frame 0 100 200 300

R
ig

h
t

Im
ag

e

Frame 400 500 600 700

R
ig

h
t

Im
ag

e

Frame 800 900 1000 1100

R
ig

h
t

Im
ag

e

Frame 1200 1300 1400 1500

R
ig

h
t

Im
ag

e

Frame 1600 1700

Figure B.3: Intraoperative Dataset Image Sequence: Intraoperative Case 2.
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Figure B.4: Intraoperative Dataset Image Sequence: Intraoperative Case 3.
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Appendix C

Additional results

Additional tables and figures of results that augment those provided in Chapter 4

are provided here.

SRE statistics on datasets that were previously reported in Section 4.5 using the

semi-automated initialization technique are reported here using manual initialization

techniques. Registration between CT coordinates and the initial frame of each

laboratory sequence was performed via identification of five cross-modality features

located on the platform supporting the phantom in both the stereo imagery and

in the CT scan. Intraoperative data was initialized using a manual registration

process, specified in Section 3.2.2. Both registration options go through a stage

of ICP refinement between the CT scan of the liver (or phantom liver) and the

stereo reconstruction of the visible portion of the CT scan to minimize any local

error present after initial registration [15, 29, 212]. The resulting registration is

reinspected to ensure the alignment is still physically meaningful. Intraoperative

Case 2 and Intraoperative Case 3 are not reported in these results as no

acceptable semi-automated registration candidate was produced and results using
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manual initialization were already presented in Section 4.5. Table C.1 provides

average and standard deviation SRE statistics using manual initialization. Table C.2

shows the number and percentage of reconstructed points with an SRE falling

below the thresholds of utility outlined in Section 4.5. The plots in Figures C.1

and C.2 show the distribution of SRE over all points in the reconstructed point

clouds for the selected frames after manual initialization.

Table C.3 shows the number and the percentage of the reconstructed points

that fall within 1 - 5 mm SRE ranges for each of the datasets using the preferred

initialization method: semi-automated initialization for laboratory datasets and

Intraoperative Case 1 and manual registration for Intraoperative Case 2

and Intraoperative Case 3 . Similarly to Table 4.5 and related discussion in

Chapter 4, instead of only looking at the operationally motivated 5 mm thresh-

old [14], we look at all 1 mm increments below this value (as registration error

is only one contribution towards achieving the desired surgical margins). Some

of the additional conditions also mark important comparison points. In general,

commercial systems rely on optical tracking, which has a stated accuracy of < 2 mm,

as evaluated at a single point in time [131]. This bound on the performance of

currently approved systems can be used as a point of comparison in Table C.3.

Figure C.3 depicts the front, side, and top views of the registration candidates for

Intraoperative Case 1 provided by the modified version of GO-ICP presented in

Section 3.2.3. The front views are the same as in Figure 4.11. The alternative side

and top views reveal degenerate conditions, for example, the surface is registered

on the back face of the liver in candidates 3 and 4, which is not clear from the

front view alone.

Figures C.4-C.9 show front, side, and top views of the various laboratory and
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intraoperative dataset conditions where all reported frames are co-registered in the

same visualization. In these figures, each of the frames is given a unique colour

(which remains consistent across all of the views). These figures help depict the

ability of the presented system to perform interframe registration and the general

fit of the intraoperative reconstructions to the preoperative CT data.

Surface Registration Error (SRE) (mm)
Dataset Condition mean std

Laboratory
Rotation-Only 1.0274 0.8698
Translation-Only 1.0597 0.8736
Translation+Rotation 1.0785 0.8998

Intraoperative Case 1 1.6493 1.4060

Table C.1: Mean and Standard Deviation of Surface Registration Error (SRE) on
Datasets with Manual Initialization. Average SRE over reported frames are shown
with manual initialization of the initial frame reconstruction to the CT scan.

Dataset Condition Total Points
< 5 mm < 10 mm < 15 mm < 20 mm < 25 mm

# Points % # Points % # Points % # Points % # Points %

Laboratory
Translation-Only 1354374 1350903 99.7 1354374 100 1354374 100 1354374 100 1354374 100
Rotation-Only 1358820 1356020 99.8 1358820 100 1358820 100 1358820 100 1358820 100
Translation+Rotation 1344523 1339317 99.6 1344523 100 1344523 100 1344523 100 1344523 100

Intraoperative Case 1 735806 716043 97.3 734544 99.8 735806 100 735806 100 735806 100

Table C.2: Surface Registration Error (SRE) - Data Within Surgical Tolerance
with Manual Initialization. The total number of reconstructed points as well as
the number and % of reconstructed points falling within the < 5 - 25 mm SRE
thresholds are reported here.
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Rotation-Only

Translation-Only

Translation+Rotation

Figure C.1: Surface Registration Error (SRE) - Laboratory Dataset with Manual
Initialization. SRE, Equation (4.1), is shown at five degree/mm increments across
the laboratory sequences. Box plots are shown for each of the reported frames.
Blue boxes cover the interquartile range, with the red line showing the median
value. Whiskers cover 90% of the reconstructed point clouds. The largest outlier
for each dataset is indicated by a red asterisk.
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Intraoperative Case 1

Figure C.2: Surface Registration Error (SRE) - Intraoperative Dataset with Manual
Initialization. SRE, Equation (4.1), is shown in Intraoperative Case 1 for four
frames representing various amounts of respiratory motion that were chosen to
show the system performance over the largest portion of the organ’s motion.
SRE is shown at 100 frame increments across the longer intraoperative sequences:
Intraoperative Case 2 and Intraoperative Case 3 . Box plots are shown for
each of the reported frames. Blue boxes cover the interquartile range, with the
red line showing the median value. Whiskers cover 90% of the reconstructed point
clouds. The largest outlier for each dataset is indicated by a red asterisk.

Dataset Condition Total Points
< 1 mm < 2 mm < 3 mm < 4 mm < 5 mm

# Points % # Points % # Points % # Points % # Points %

Laboratory
Translation-Only 1354374 761570 56.2 1174247 86.7 1306724 96.5 1339825 98.9 1350903 99.7

Rotation-Only 1358820 803918 59.2 1185654 87.3 1311149 96.5 1346416 99.1 1356020 99.8
Translation+Rotation 1344523 748604 55.7 1159320 86.2 1295681 96.4 1327078 98.7 1339317 99.6

Intraoperative
Case 1 735806 279831 38.0 514558 69.9 636648 86.5 692113 94.1 716043 97.3
Case 2 2746115 659859 24.0 1193907 43.5 1605754 58.5 1893674 69.0 2120084 77.2
Case 3 2732357 461229 16.9 1001503 36.7 1541823 56.4 1949909 71.4 2216546 81.1

Table C.3: Surface Registration Error (SRE) - Error Breakdown. The number and
percentage of reconstructed points falling within 1 - 5 mm SRE are reported across
the three laboratory dataset sequences and the three intraoperative dataset se-
quences. Datasets that had a suitable GO-ICP registration candidate (all laboratory
cases and Intraoperative Case 1 ) are initialized using the GO-ICP registration
candidate evaluated in Section 4.3.2. Otherwise, the manual registration candidate
is used for initialization.
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Figure C.3: Globally Optimal Iterative Closest Point (GO-ICP) Registration Initialization Candidates - Intraoperative
Case 1.
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Figure C.4: All Frames Registered - Laboratory Dataset: Translation-Only. The
first and third rows show all of the reported frames co-registered, without and
with the corresponding CT scan included for reference, with the intensity value
of each 3D point coming from the 2D intensity at the corresponding pixel in the
reference image for that frame. The second and fourth rows show the same 3D
information as the first and third rows, respectfully, with the difference being that
each reconstructed frame is now assigned a unique colour. This rendering provides
a qualitative view of the accuracy of the frame reconstructions and inter-frame
registration procedure. Frame colour assignments in the multicolour rows remain
consistent across views.
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Figure C.5: All Frames Registered - Laboratory Dataset: Rotation-Only. The
first and third rows show all of the reported frames co-registered, without and
with the corresponding CT scan included for reference, with the intensity value
of each 3D point coming from the 2D intensity at the corresponding pixel in the
reference image for that frame. The second and fourth rows show the same 3D
information as the first and third rows, respectfully, with the difference being that
each reconstructed frame is now assigned a unique colour. This rendering provides
a qualitative view of the accuracy of the frame reconstructions and inter-frame
registration procedure. Frame colour assignments in the multicolour rows remain
consistent across views.
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Figure C.6: All Frames Registered - Laboratory Dataset: Translation+Rotation.
The first and third rows show all of the reported frames co-registered, without and
with the corresponding CT scan included for reference, with the intensity value
of each 3D point coming from the 2D intensity at the corresponding pixel in the
reference image for that frame. The second and fourth rows show the same 3D
information as the first and third rows, respectfully, with the difference being that
each reconstructed frame is now assigned a unique colour. This rendering provides
a qualitative view of the accuracy of the frame reconstructions and inter-frame
registration procedure. Frame colour assignments in the multicolour rows remain
consistent across views.
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Figure C.7: All Frames Registered - Intraoperative Dataset: Intraoperative Case 1.
The first and third rows show all of the reported frames co-registered, without and
with the corresponding CT scan included for reference, with the intensity value
of each 3D point coming from the 2D intensity at the corresponding pixel in the
reference image for that frame. The second and fourth rows show the same 3D
information as the first and third rows, respectfully, with the difference being that
each reconstructed frame is now assigned a unique colour. This rendering provides
a qualitative view of the accuracy of the frame reconstructions and inter-frame
registration procedure. Frame colour assignments in the multicolour rows remain
consistent across views.
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Figure C.8: All Frames Registered - Intraoperative Dataset: Intraoperative Case 2.
The first and third rows show all of the reported frames co-registered, without and
with the corresponding CT scan included for reference, with the intensity value
of each 3D point coming from the 2D intensity at the corresponding pixel in the
reference image for that frame. The second and fourth rows show the same 3D
information as the first and third rows, respectfully, with the difference being that
each reconstructed frame is now assigned a unique colour. This rendering provides
a qualitative view of the accuracy of the frame reconstructions and inter-frame
registration procedure. Frame colour assignments in the multicolour rows remain
consistent across views.
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Figure C.9: All Frames Registered - Intraoperative Dataset: Intraoperative Case 3.
The first and third rows show all of the reported frames co-registered, without and
with the corresponding CT scan included for reference, with the intensity value
of each 3D point coming from the 2D intensity at the corresponding pixel in the
reference image for that frame. The second and fourth rows show the same 3D
information as the first and third rows, respectfully, with the difference being that
each reconstructed frame is now assigned a unique colour. This rendering provides
a qualitative view of the accuracy of the frame reconstructions and inter-frame
registration procedure. Frame colour assignments in the multicolour rows remain
consistent across views.
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