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Abstract

Knee replacement surgery is a common orthopaedic procedure that greatly benefits

from a three-dimensional geometric representation of a patient’s knee bone obtained

from MR or CT data. The use of these image modalities pose the following challenges:

(i) high imaging cost; (ii) long wait times; (iii) limited availability and (iv) in the

latter, large exposure to ionizing radiation. Traditional approaches based on planar

X-ray radiography are significantly less prone to these issues; however, they only

provide two-dimensional information.

This work presents a proof of concept study for generating patient-specific femoral

bone shapes from a statistical shape atlas using anatomical features acquired from

calibrated X-ray radiographs. Our hypothesis was: three-dimensional geometry can

be reconstructed, within 2 millimeters RMS, by identifying features on two calibrated

radiographs. We illustrate the feasibility of our approach with regards to acquiring

features and the viability of reconstructing patient-specific bony anatomy. A set

of reliable and relevant features is identified for which an acquisition protocol and

user-interface was devised to minimize inter-observer variability. Both the data and

methods used to construct the atlas are discussed as well generating shapes from fea-

tures. The reconstructions accuracy was comparable to, albeit lower than, competing

approaches that rely on two-dimensional bony contours.
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Chapter 1

Introduction

During preoperative planning for knee replacement surgeries, the best practice is

to use three-dimensional imaging such as Computed Tomography (CT) or Magnetic

Resonance (MR). The issues with three-dimensional imaging include cost, resource

availability, imaging time, and (for CT) exposure to radiation. To overcome these

problems, we propose an alternative method that relies on calibrated X-Ray radio-

graphs and anatomical features to generate a three-dimensional representation of the

bony anatomy. The following hypothesis is made: three-dimensional geometry can

be reconstructed, within 2 millimeters RMS, by identifying features on two calibrated

radiographs.

1.1 Computer Assisted Surgery

Since its inception, computer assisted surgery (CAS) has done much to transform

traditional surgery, from reducing invasiveness, operating times, and recovery times

to improving reliability of surgical procedure as well as facilitating the genesis of
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new surgical techniques. With regards to surgical planning, CAS has contributed to

enhancing the way surgeons visualize a patient’s anatomical structure.

In orthopedic surgery, image modalities such a planar X-ray radiography, CT

imaging, and MR imaging are commonly employed during the surgical planning

phase. With radiography, X-ray radiation is absorbed by calcium contained, in vary-

ing amounts, in bone and soft-tissue, allowing them to be distinguished and imaged.

Similarly, CT imaging offers a more detailed view of a patient’s anatomy by stacking

two-dimensional images to form a three-dimensional volume. Compared to radiog-

raphy, soft-tissue information tends to be better preserved. However, contrast detail

along bone/soft-tissue border tends to be limited. With MR imaging, soft-tissue

components can be clearly imaged.

1.2 Motivation

Total knee arthroplasty (TKA) is procedure commonly performed on patients suffer-

ing from various forms of severe arthritis and other diseases by replacing a portion

of the knee-joint with a prosthesis as seen in Figure 1.1. Initially, damaged carti-

lage along the distal femoral and proximal tibial borders are removed. The resulting

uncovered bone surfaces are cut perpendicularly to the respective mechanical axes,

allowing implants to be positioned such that correct knee orientation is maintained.

This includes accurate alignment with regards to varus/valgus orientation coronally,

flexion angle sagittally and rotational alignment distally. The implants fitted to the

bone surface are either cemented or “press-fit” onto the bone, while a plastic spacer

is inserted into the joint space allowing smooth flexion and extension of the knee.

Successful TKA outcome is reliant on accurate implant sizing and placement.
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Figure 1.1: Representation of preoperative knee (left) suffering from severe os-
teoarthritis and the same knee postoperatively (right) following TKA.
Arthritic cartilage is resected, the bone surface of the femur and
tibia is cut to accommodate the prosthetic components, a spacer
allows for smooth flexion between them (Reproduced with permis-
sion from OrthoInfo. c©American Academy of Orthopaedic Surgeons.
http://orthoinfo.aaos.org).

Historically, conventional preoperative TKA planning was primarily derived from

planar radiographs of a patient’s knee, from which measurements are taken to deter-

mine implant sizing as well placement [1–5]. The limited views of a patient’s anatomy

provided by radiography often lead to rough sizing and placement estimates preop-

eratively, with the actual final sizing and placement performed intraoperatively with

the aid of jigs and guides [6–10]. CT and MR based planning overcomes these limita-

tions by providing a fully three-dimensional representation of the knee’s anatomical

structure (see Figure 1.2) ensuring greater accuracy in sizing and placement [6,11,12].
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In addition, it can lead to an increased survival rate [13–16], a decrease in a patient’s

recovery time [3, 16,17], and a reduction in surgical invasiveness [16,18,19].

Figure 1.2: Preoperative planning based off of CT data (Image appears with permis-
sion from Dr. Lars Perlick [20]).

Since preoperative planning can greatly benefit from access to a complete three-

dimensional representation of a patient’s anatomical structure, the goal of this thesis

is to reconstruct three-dimensional knee geometry from features annotated on cali-

brated two-dimensional X-ray radiographs. Potentially, this work could be extended

to automatically predict implant sizing as well as optimal placement based on the

annotated features. In contrast to CT-based and MR-based planning, this approach
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benefits from a reduction in costs, imaging delays, and exposure to ionizing radiation.

1.3 Contributions

This thesis attempts to determine whether features acquired from calibrated X-ray

radiographs can predict geometry using a statistical shape atlas. A set of reliable

features was identified based on literary research and consultations with an experi-

enced surgeon. Software was developed to extract three-dimensional features from

annotations on two calibrated X-ray radiographs.

Geometric prediction involved constructing an atlas incorporating both geomet-

rical and feature-based information of the knee. CT data of the knee was collected;

software was created to segment the images from which mesh models were extracted.

An annotation protocol and software were devised to facilitate consistent identifica-

tion and annotation of features on CT volumes. For each knee dataset, all anno-

tations were performed by an expert surgeon and at least one medical reader. The

inter-observer variability of the annotations was determined in order to the validate

the reliability of the features, while leave-one-out analysis was used to assess the atlas’

ability at predicting geometry.

1.4 Overview

We begin with a review of related works in Chapter 2 providing context to our con-

tributions. In Chapter 3, we describe the specific methodologies used to identify and

annotate anatomical features, construct the statistical shape atlas as well as how bony

surfaces are predicted from features. Chapter 4 outlines the experimental results of
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generating shapes from the atlas as well as results from feature variability analysis.

Finally we conclude and provide considerations for future work in Chapter 5.



Chapter 2

Background and Related Work

There has been much work done in the field of statistical shape atlas construction

and anatomical feature acquisition for use in computer-assisted surgery (CAS). In

this chapter, we discuss the difficulties in identifying and acquiring features rele-

vant to capturing morphological information of the knee as well as the challenges in

constructing a reliable statistical shape atlas. We conclude by covering the existing

techniques used to incorporate features into atlases and the current approaches for

reconstructing three-dimensional shapes from two-dimensional images. Each of these

aspects was integral to conceiving the methodology implemented in this thesis.

2.1 Anatomical Features

Anatomical features are a set of key morphological properties for a given anatomy

which are commonly referenced during surgical planning and intervention. There

are different types of features which can include, but are not limited to: landmark

points, axes, surface curvature, angles, and dimensions. A desirable feature is one

7
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that can be readily identified, be consistently reproduced, and is of significance when

expressing morphological differences among corresponding shapes in a population.

Establishing features specific to the knee joint is an ongoing field of research resulting

in disparate approaches and level of efficacy. The difficulty of locating features is

a direct result of the smooth nature of the distal femur, providing few identifiable

discrete points [21]. Only recently have there been attempts to standardize a set

of knee joint features as well as to establish an annotation protocol [22, 23] for use

in knee replacement procedures. In practice, manual annotation is still the most

common approach, although automated methods for landmark acquisition have been

gaining traction [24]. In this section, anatomical features of the distal femoral bone

have been grouped into three categories: features that can be identified on the bone

surface, features that provide a frame of reference and therefore facilitate additional

feature identification, and discrete measurements potentially relevant to capturing

shape variability between individuals.

2.1.1 Articular Surface Features

In the majority of cases, discrete surface structures are related to ligament attachment

sites. During procedures involving anterior cruciate ligament (ACL) reconstruction,

bony landmarks on the lateral wall of the intercondylar notch are used to guide

anteromedial (AM) and posterolateral (PL) ligament bundle reattachment. The bi-

furcate ridge [25] is an osseous prominence bordering both the AM and PL bundles

serving as an elongated divider. The lateral intercondylar ridge (also known as

the resident ridge) is an elevated bony ridge bordering the anterior portion of the
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ACL attachment site and is considered a vital landmark for guiding ACL reconstruc-

tion [25–28]. Shino et al. [29] noted that, as well as being an important surgical

reference, the morphology of the intercondylar notch varies little, making the lateral

intercondylar ridge an easily identifiable feature. According to Farrow et al. [30], it

can even be approximated using Blumensaat’s line. On lateral radiographs, Blumen-

saat’s corresponds to the roof of the intercondylar notch [31,32]. From the distal end

of Blumensaat’s line, the lateral intercondylar ridge runs at a seventy-five degrees an-

gle relative to Blumensaat’s line with length equal to the length of Blumensaat’s line

multiplied by a Blumensaat’s-ridge ratio of 0.79. A similar structure can be found on

the medial side, the medial intercondylar ridge [26]; however, it has no referential

value in ACL reconstruction and therefore few studies have been performed regarding

the reliability in identifying it. Next to the resident ridge, the lateral posterolat-

eral rim [26] of the intercondylar notch also borders the ACL attachment site. It is

often mistaken as the resident ridge by inexperienced surgeons since it is not always

well defined on all femurs.

In total knee arthroplasty (TKA), the ligament attachment sites known as the

lateral and medial epicondyles are the most common features used in rotational

alignment of the prosthetic component. Victor et al. [33, 34] qualified them as the

most anterior and distal osseous prominence over the medial and lateral aspect of the

medial and lateral condyle, respectively. Additionally, the medial epicondyle borders

a depression on the bony surface slightly proximal and posterior to it referred to as

the femoral medial sulcus. Using axial MR imaging, Griffin et al. [35] determined

its position by selecting the image with the deepest depression of the sulcus. Intra-

operatively, the peaks of the epicondyles are usually identified by palpitation [36,37].
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During TKA procedures, Yau et al. [38] reported significant error up to 7.6 millime-

ters in identification of medial and lateral epicondyles. Poilvache et al. [1] reported

being unable to identify the sulcus of the medial epicondyle intraoperatively in both

healthy and arthritic knees. Using CT volumes, the difficulty in identifying the me-

dial epicondylar sulcus was proportional to the severity of osteoarthritis [39]. Similar

results have been observed in other studies [17,21,36,40–44]. Proximal and posterior

to the medial epicondyle is the adductor turbercle located at the distal edge of a

thin ridge of bone [45]. Next to a small depression, distal and posterior to the adduc-

tor tubercle, the attachment site of the medial gastrocnemius tendon was identified

by LaPrade et al. [45] and named the gastrocnemius tubercle.

The center of the knee, on the distal end of the femur, is of great importance

not only for implant positioning but also in restoring the mechanical alignment of the

knee in TKA procedures. However, the concept of distal knee center is ambiguous

and results in diverging definitions. Currently, there are attempts to standardize its

definition as the midpoint of the epicondyles [22, 46]. Early definitions mark it as

the depth of the anterior intercondylar groove [47, 48]. Yoshioka et al. [40] marks

it as the anterolateral attachment of the posterior cruciate ligament. Others define

it as the middle of the intercondylar notch [49, 50] or the deepest (distally) point of

the intercondylar notch [51]. In the axial view, Victor et al. [33] qualifies it as the

most anterior point in the middle of the femoral notch. Intraoperatively, kinematic

methods involving manipulation of the knee have been used to determine it [38, 49].

While they can be considered similar, they can lead to ambiguity.

The remainder of surface features generally used to assess bone morphology have

no distinct bony descriptors and therefore are identified relative to a frame of reference
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(see Section 2.1.2). Among these are the most anterior and posterior aspects

of the medial and lateral condyles respectively, which has been defined relative to

Whiteside’s line [52] and the transepicondylar axis [1, 40] in the axial plane. In the

sagittal plane, they can be identified with regards to the anatomical axis [53] with

reasonable precision [21]. Similarly, the most distal aspects of the medial and

lateral condyles can be determined sagittally using the anatomical axis [53]. In other

studies, the mechanical axis has been used to determine distal prominences [1,35,52].

Lastly, the anterior and posterior cortex points of the distal femur are often

referenced for morphological measurements. The anterior cortex point is the most

proximal portion anteriorly of the trochlear groove [52,54], while the posterior version

is located on the most posterior aspect of the intercondylar groove [31,55].

2.1.2 Referential Features

The anteroposterior axis of the distal femur (also known as the Whiteside’s

line [56]) has been used to establish rotational alignment of the femoral component

in valgus knees [1,41,56,57]. It is defined by the line through the deepest part of the

trochlear groove anteriorly and the center of the intercondylar notch posteriorly. It

is considered to be perpendicular to the surgical transepicondylar axis (defined later

on), although Middleton and Palmer [57] observed that while it might be true in the

majority of cases, variation values about the mean ranging from 80 to 102 degrees

and a standard deviation of 4.7 degrees suggests that it shouldn’t be used alone as

a rotational assessment guide. For varus knees it was shown as being less reliable

at determining rotational alignment, resulting in excessive rotation [58]. For cases of

trochlear dysplasia or destructive arthritis where the anterior surface of the condyles



CHAPTER 2. BACKGROUND AND RELATED WORK 12

is highly variable, Whiteside’s line becomes unreliable [1].

The posterior condylar line (PCL) [17,39,41] has also been used in rotational

alignment of valgus knees [56]; however, the incidence of lateral dislocation of the

patella was significantly higher than when Whiteside’s line was used. Berger et al. [17]

define it as the line tangent to the posterior condylar surfaces when viewed distally.

It can also be used in conjunction with the transepicondylar axis (described later in

this section) for rotational alignment. In most cases, it is used to guide jig-based

instrumentation. On occasion, the posterior condylar surfaces may be deformed,

partially resected, or otherwise unusable to the surgeon as reference landmarks. In

instances of arthritic change or valgus deformity, it is considered inaccurate at defining

neutral rotation in a significant number of patients [59]. For patients undergoing

revision TKA the resected posterior condylar surface might be entirely unusable.

Intraoperatively, Talbot and Bartlett [44] found the PCL to be extremely variable,

presenting a wide range and shown to be an inconsistent feature in comparison to

other bony landmarks. In contrast, Victor et al. [33] were able to reliably identify the

PCL in the axial view of CT volumes.

Berger et al. [17] investigated the transepicondylar axis as an alternative to the

PCL. Their motivation was the result of the inability to use the PCL in deformed

arthritic and partially resected knees. Miller et al. [60] asserted that prosthesis rota-

tion parallel to the epicondylar axis resulted in the most normal patellar tracking and

minimized the amount of patellofemoral malrotation during knee flexion. A distinc-

tion must be made between the clinical transepicondylar axis and the surgical

transepicondylar axis. The former is the line passing through the most prominent
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aspects of medial and lateral epicondyles while the latter is defined as the line con-

necting the lateral epicondyle and the sulcus of the medial epicondyle. Stiehl and

Abbott [48] considered the surgical transepicondylar axis to be perpendicular to the

mechanical axis. Victor et al. [33] reported that the clinical and surgical transepi-

condylar axes could be accurately determined in CT images of healthy knees. In cases

of varus or valgus malalignment, the transepicondylar axis has been found to be less

accurate than Whiteside’s line and tended to deviate towards deformity [56,61]. The

angle formed between the surgical transepicondylar axis and the PCL is considered

the posterior condylar angle [39, 41, 61, 62] as opposed to the condylar twist

angle [39–41] formed between the PCL and the clinical transepicondylar axis. Both

have been used as a secondary visual assessment of rotational alignment [17, 39, 61].

However, most preoperative planning using CT or MRI datasets relies on the condylar

twist angle. Griffin et al. [61] observed that the posterior condylar angle was signif-

icantly greater in valgus knees than in the other osteoarthritic knees. Furthermore,

given the standard deviations and ranges of values reported, the posterior condyles

are potentially unreliable references for femoral component rotation in some knees.

Some studies argued that the clinical transepicondylar axis can be used to approx-

imate the optimal flexion axis which represents the best fixed axis that models both

flexion and extension of the knee [37,48]. It passes through the centers of the poste-

rior femoral condyles, which the authors determined by fitting circles to the posterior

condyles in the sagittal view. On average, a translational error of 3.4 millimeters and

orientation error of 2.9 degrees was observed. Eckhoff et al. [46] argued that these

findings suffered from “flattening” of the axes to two-dimensional orthogonal planes
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on which the measurements were made. In these two-dimensional projections, differ-

ences between the axes are shrunk. When comparing the axes in three-dimensions,

the authors found a mean angle of five degrees on average with a maximum of eleven

degrees making the axes distinct. These results were corroborated by Most et al. [63]

who observed a mean angle of 4 degrees ±0.8 degrees. Victor et al. [34] extended

the method of determining the optimal flexion axis by fitting spheres to the posterior

condyles instead of limiting themselves to circles in the sagittal view. In the axial

plane projection, the surgical transepicondylar axis was found to be almost paral-

lel, while the clinical transepicondylar axis was consistently more externally rotated.

Relative to Whiteside’s line, it was found to be nearly orthogonal; however, the range

varied from -10.62 to 11.67 degrees. In healthy knees with no deformities, identifica-

tion of the posterior condylar line showed the lowest inter-individual variability when

compared to the optimal flexion axis.

The anatomical and mechanical axes of the distal femur are routinely used in

TKA procedures. The mechanical axis is used as reference for neutral alignment of

the knee components, while the anatomical axis is used in conjunction with jig-based

guides to facilitate implant placement. Contemporary definitions of the mechanical

and the anatomical axes are the lines passing through the center of the proximal

femoral head and the distal center of the knee and the line along the shaft of the

femur and passing through the distal center of the knee respectively. In the coronal

view, the anatomical axis encloses a six degree valgus angle with the mechanical

axis [1, 51]. Seo et al. [54] presented a method of identifying the mechanical axis

sagittally by external palpation of bony landmarks for use in TKA. They identify

the line connecting the lateral epicondyle and the anterior margin of the greater
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trochanter of the proximal femur as the palpable sagittal axis. A variant described

as the femoral sagittal mechanical axis passes through the center of the femoral

head and the lateral epicondyle.

Defining the anatomical axis can also be problematic as the femur is prone to

bowing which can vary among individuals. Reed and Gollish [64] attempted to qualify

the distal exit point of the anatomical axis using intramedullary femoral guides. On

average, they found that the distal exit point was located 6.6 millimeters medial

to the center of the femoral notch, contradicting previous studies that considered

the latter as the exit point which would result in excessive valgus alignment of the

knee. On lateral radiographs, Fridén et al. [53] defined the anatomical axis as the line

passing through the lowest point of Blumensaat’s line and through the midline point

along the femoral shaft. Oswald et al. [51] analyzed anatomical and mechanical axes

identified on orthogonal radiographs and comparing them to measurements made on

CT datasets. Their findings led to what they named the distal femoral anatomical

axis corresponding to the long anatomical axis of the femur which they argue

would allow shorter intramedullary guides. They define the long axis as the line

passing through the midpoint of the cortical shaft at 2
3

of the femoral length and

the midpoint of the cortical shaft at 1
3

of the length. Subburaj and Agarwal [65]

opted using the entirety of the narrow shaft portion of the femur to define the long

anatomical axis, which represents 5
8

of the overall femoral length. In contrast, the

distal femoral anatomical axis passes through the deepest point of the intercondylar

notch and the midpoint of the cortical shaft twenty centimeters above the knee-joint

line. Seo et al. [54] defined a similar shorter anatomical axis passing through the center

of the medullary canal at the junction between the femoral shaft and the condylar
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region and the point four centimeters proximal to it. For use with extramedullary

guides, they define the distal femoral anterior cortex axis as the line passing

along the cortex just proximal to the femoral condyles.

For many of the features, accurately identifying them often requires a coordinate

system or planar frame of reference. Clinical planes in the sagittal, coronal or axial

orientation are commonly used yet lack a precise definition relative to the distal

femur. Eckhoff et al. [66] sought to investigate the position of the sulcus of the

intercondylar groove (that is, the deepest depression of the intercondylar groove)

relative to the midplane separating the condyles sagittally. The midplane is described

as the plane passing through the midpoint of the two most posterior prominences of

the lateral and medial condyles. It is considered perpendicular to the line formed

by these prominences. In previous studies, the midplane was assumed to intersect

the sulcus. However, their findings showed it to be lateral to the midplane. Croche

et al. [21] considered the sagittal plane as passing through the midpoint between

the medial and lateral epicondyles, perpendicular to the line they form. The vector

normal defined by this midpoint and the center of the femoral head orients the axial

plane, while the coronal plane contains the normal and the epicondylar prominences.

In a similar approach, Mahfouz et al. [52] defined the sagittal plane as perpendicular

to the transepicondylar axis and containing the anatomical axis, while the coronal

plane is defined parallel to the mechanical axis and containing the two most posterior

prominences of each condyle. Ma et al. [67] proposed determining the sagittal plane

relative to the axial and coronal planes. The plane perpendicular to the mechanical

axis is the axial plane, on which Whiteside’s line is projected to define the coronal

plane perpendicular to it. Victor et al. [33] proposed a similar approach using the
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same definition for the axial plane; however, the coronal plane was defined as the

plane containing the mechanical axis and parallel to the line formed by the centers

of the best fitting spheres for the posterior condyles. Recently, there have been

attempts to standardized a coordinate system of the distal femur for use in prosthesis

planning [22]. The knee center, defined by the deepest point of the intercondylar

notch, is used as origin. The z-axis is defined by the mechanical axis which connects

the midpoint of the epicondyles to the femoral head center. The line perpendicular

to this axis and parallel to the line passing through the epicondyles is the x-axis. The

y-axis is perpendicular to both these axes.

2.1.3 Discrete Measurements as Features

Among the many studies that attempt to quantify the geometry of the knee joint,

most seek to establish a set of intrinsic parameters suitable for knee replacement

surgery [40, 68–70]. Identifying which measurements best capture shape variability

among individuals is of great value for successful prosthesis design and planning.

Historically, the bicondylar width is among the most measured parameters of the

distal femur and essential in prosthetic sizing. Despite this, a multitude of approaches

have been devised regarding how it is measured and what points of reference are used

with no clear consensus on a decisive methodology. Cheng et al. [71] defines it as the

length of the clinical transepicondylar axis. In the axial view, Yue et al. [72] defined it

as the distance between the epicondylar prominences parallel to the posterior condylar

line. Similarly, Yazar et al. [73] measured the width along the most medial and lateral

prominences of the epicondyles in the coronal view. Griffin et al. [35] used the length

of the surgical epicondylar axis in axial MR images. Since the bicondylar width is used
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for prosthesis sizing, some authors measure the width relative to the resection border

[52,74]. Others specify measuring the width of the resected surface in the axial view

at the level of the popliteal recess, just below the epicondylar prominences [31,73,75].

Farrally and Moore defined [76] it as the maximal distance across the condyles in the

transverse plane. In MR image volumes, Charlton et al. [77] measured the maximal

bicondylar width in the axial view at the anterior notch outlet at one-half the femoral

height.

Additional features important to expressing knee morphology have generally been

identified statistically by comparing femoral measurements made between male and

female specimens. Early examples include the study by Yoshioka et al. [40] which

collected measurements on normal cadaveric femora with respect to the mechanical

axes of the bone from both men and women. The authors found a strong correlation

between the medial and lateral condylar depths, which they define as the distance

between the most anterior and posterior point in the axial plane of the respective

condyles. To a lesser extent, a good correlation was noted between the condylar width

and the depth of the lateral and medial condyles. Defined axially, the condylar

width is the distance between the distal cartilaginous borders of the lateral and

medial condyles measured from the line parallel to the transepicondylar axis passing

through the knee center, referred to as the transverse axis. The transcondylar

angle, the angle between the tangent to the distal portion of the condyles with respect

to the transverse axis in the coronal plane, also exhibited considerable variation.

Comparing dimensions between males and females, a statistically significant difference

was observed in the width and height of the lateral and medial condyles, with the

higher values obtained in male specimens. The condylar height is the combined
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distance of the most anterior point to the transverse axis and the most posterior point

to the transverse axis in the axial plane for both the medial and lateral condyle.

In addition to these findings, Berger et al. [17] furthered the analysis of the lin-

ear measurements defined by Yoshioka et al. [40] and concluded that there existed a

statistically significant difference between males and females for the bicondylar width

between the lateral epicondyle and the medial epicondylar sulcus, the posterior condy-

lar distance, and the intercondylar notch width. The posterior condylar distance

is described axially as the minimum distance between the center of the intramedullary

canal and the posterior condylar line. The distance between the intersection points

of the transverse axis with the medial and lateral condyles in the intercondylar notch

region is known as the intercondylar notch width. Poilvache et al. [1] reported

similar findings as well as finding a significant but small difference between males

and females in the ratio between the bicondylar width and the mean height of the

condyles. These findings suggested that females had narrower femurs than males,

which were corroborated in the study by Chin et al. [78]. The authors also noted a

larger transcondylar angle with valgus knees. Their definition of the transcondylar

angle, differing from Yoshika et al. [40], is the angle between the tangent to the

condyles distally and the mechanical axis in the coronal plane. Additionally the sul-

cus angle, the trochlear-epicondylar angle and Blumensaat’s angle have shown large

variations between individuals although lack clinical analysis relevant to quantify-

ing morphological variations. Distally, the sulcus angle [1] is the angle formed by

the line connecting the lateral anterior condylar prominence, the deepest part of the

trochlear groove and the medial anterior condylar prominence. The angle between
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the transepicondylar axis and the trochlear line, formed between the anterior promi-

nences of the medial and lateral condyles, is known as the trochlear-epicondylar

angle [1]. In the sagittal view, Blumensaat’s angle [31,55] is measured between Blu-

mensaat’s line and the posterior femoral cortex which can vary from 23 to 60 degrees.

The measurements from Yoshika et al. [40] have also been used to assess side to side

differences between the left and right knee of individuals, which overwhelmingly find

no significant difference that would affect prosthesis planning [31,40,79].

Later works focused on using principal component analysis (PCA) to determine

which features best express variability of femoral morphology for use in symmetri-

cal femoral component design. A symmetrical correlation matrix was obtained from

PCA by Low et al. [80] allowing correlation between features defined by Yoshika et

al. [40] to be established. The intercondylar notch width was found to poorly cor-

relate with all the major parameters. However, it was found to be relatively stable

and therefore could be statistically determined. Lateral and medial condylar widths

could be deduced if the overall femoral width and intercondylar notch width were

known. The condylar depths were considered closely related by a ratio of approxi-

mately 0.87, with the lateral value being slightly larger. Similarly, the lateral height

was found to be consistently larger than the medial height allowing for a ratio of

0.83 to be approximated. Mahfouz et al. [52] used PCA to determine statistically

significant features from three-dimensional statistical shape atlases. In addition to

the previously discussed features, an unlabelled distance between the most poste-

rior aspect of the intercondylar notch and the most anterior portion of the trochlear

groove was identified distally. It is measured along the line segment perpendicular to

the anatomical axis and the transepicondylar axis. Measurements between condylar
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prominences were determined to be relevant shape characteristics including the dis-

tance between the two most anterior prominences, the distance between the two most

posterior prominences, and the distance between the two most prominent points dis-

tally. Sagittally, the distance between two lines tangent to the anterior and posterior

condylar prominences respectively and parallel to the anatomical axis is recorded as

the overall AP size. Morphology of the anterior aspect of the condyles is measured

relative to the most proximal point of the distal anterior intercondylar groove. In this

approach, the lateral anterior prominence, the medial anterior prominence and the

most anterior portion of the intercondylar groove have their distance relative to the

coronal plane containing this point measured. In a later study [81] using the same

methodology, morphological differences among different ethnicities were examined.

Across all ethnicities, males were found to have larger anteroposterior dimensions

than females with a mean difference of 5 millimeters. In the instance of African

American females, the patellar groove was found to be deeper by an average of 7.4

millimeters compared to Caucasian females. Similarly, the anteroposterior dimension

of African American males were large than Asian males by 4.3 millimeters on average.

Studies seeking to establish a kinematic model of the knee joint have often relied

on observations about the articular surface of the posterior condyles to determine the

flexion and extension axes. In those cases, semi-circle facets fitted along both the me-

dial and lateral condylar surface in the sagittal view were determined during imaging

of the knee at various degree of flexion of extension [82,83]. The center of those facets

were then used to determine the respective flexion and extension axes. It was found

that flexion could be approximated by fitting a semi-circle along the posterior contour

of the condyle, whereas the semi-circle representative of extension passed along the
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posterior and distal contour [84]. Though these are only approximations, the radius

of the semi-circles do provide an apt method of quantifying the sagittal dimension

of the posterior condyles. Eckhoff et al. [46] approximated the flexion-extension axis

in 3D segmented volumes by superimposing cylinders sagittally onto the posterior

contour of the medial and lateral condyles. They noted a slight asymmetry, with the

medial radius being greater than the lateral one. Alternatively, the radius can be

determined by finding the best fitting spheres within the posterior medial and lateral

condyles [34]. It is a common belief among many surgeons that the lateral condyle is

smaller anteriorly, distally, and posteriorly than the medial one [56].

2.2 Statistical Shape Models

Constructing patient-specific three-dimensional surfaces from sparse data is a non-

trivial challenge for which much research has been conducted. In most cases, it in-

volves building a deformable model and fitting that model to the patient’s anatomy.

The statistical shape model (SSM) is among the more common forms of anatomical

atlases for describing shape variations. It is a discrete, parametric model in which ge-

ometric differences among individuals of a sample population are recorded. Statistical

analysis is performed to determine the constraints of shape variability, allowing new

shape instances of individuals outside the sample population to be approximated.

The incorporation of a-priori knowledge, determined statistically, allows for more

robust and accurate shape reconstruction than comparable approaches [85]. The

best known example of a SSM is the Point Distribution Model (PDM) by Cootes

et al. [86] upon which many current models are based on and which will form the

focus of this overview. In their approach, two-dimensional “training” shapes were
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manually annotated with a set of corresponding, connected points along the shape’s

surface. The locations of these points were determined based on their ability to

best capture shape variability. A mean shape is computed from these outlines, to

which all training shapes are aligned. Principal component analysis (PCA) is then

applied to statistically produce a reduced set of parameters that best express shape

variability, constituting the SSM. The most critical aspect of this process involves

establishing correspondence between shapes which necessitates automated methods

when extending to three-dimensional shapes. In those instances, manual annotation

becomes increasingly time-consuming, error-prone, and subjective. Section 2.2.1 pro-

vides a review of the most established and novel ways of establishing correspondence

between three-dimensional surfaces. It is not meant to be a comprehensive overview

(for which the survey by Heimann and Meinzer [87] is more suited). In Section 2.2.2

a review of current techniques for embedding anatomical features into the SSM is

given. Finally, in Section 2.2.3, the different existing ways in which 3D surfaces can

be reconstructed from two-dimensional radiographs is presented.

2.2.1 Modelling Shape Variations

Among the earliest examples of three-dimensional SSMs, Fleute and Lavallée [88,89]

introduced a model of the knee joint for use in anterior cruciate ligament (ACL)

reconstructive surgery. The deformable model is fitted to a sparse set of points

identified on the bone surface intra-operatively using a 3D localizer system, resulting

in a complete surface representation. The authors constructed their SSM using 11 dry

femurs digitized into non-organized set of points and one triangulated mesh as the

template. A multi-resolution approach based on octree-splines [90] is used to align
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and match the training shapes to this template. In this approach, the template mesh

is resampled to form a dense set of points, from which a 3D octree-spline distance

map is computed allowing a least-squares minimization of distances between it and

the unorganized point sets to be performed. Zheng et al. [91] fitted their SSM to

sparse data in a three stage approach: affine registration using the iterative closest

point (ICP) algorithm [92], minimization of a joint cost function [93], and a thin-

plate spline kernel-based deformation [94]. Correspondence among surfaces is first

established using a spherical harmonics based method [95, 96] and optimized with

the minimum description length (MDL) principle [97] for PDM construction. This

approach entails automatically optimizing correspondence such that the number of

parameters required in the final model to describe variation is minimized. A surface

mesh subdivision algorithm [98] is used to refined the mesh coarseness to the user’s

requirements.

Lorenz and Krahnstöver [99] establish correspondence by projecting vertices of a

template mesh to the surface of segmented training shapes. CT volumes of verte-

brae are segmented and a template is arbitrarily picked for which a surface mesh is

derived based on the local curvature. A small set of corresponding anatomical land-

mark points are manually added to both the mesh and the training segmented shapes.

These are used to align, deform, and finally relax the template to the training samples.

Kaus et al. [100] extended this method with a 3D elastically deformable model [101]

thereby automating correspondence. In their work, the template mesh is adapted

to the training shapes using an external energy to drive the mesh towards the seg-

mented boundary and an internal energy maintaining the vertex distribution on the

mesh surface. Meller and Kalender [102] employed a similar deformable registration
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approach to fully triangulated meshes of the pelvis.

Using MR images of the brain, Wang et al. [103] proposed using geodesic distance

and surface curvature to simultaneously establish surface correspondence and trian-

gulation. At first, segmented volumes are triangulated at the level of voxel size using

the Marching Cubes algorithm [104], after which a small set of points are manually

labeled on the template surface and triangulated separately from the existing triangu-

lated surface. Training samples are aligned to the template using Procrustes analysis

and rigid registration; the labeled points are propagated onto the training surfaces by

minimizing Euclidean distances, surface normal matching, and mean image curvature

matching. Geodesic path computation is used to determine the shortest path between

the points along the surface, selecting a midpoint along those paths and decomposing

each triangle into four smaller ones. The process is repeated until sufficient detail is

captured.

Zhao et al. [105] created a three-dimensional partitioned form of the Active Shape

Model (ASM) [106], where meshes are modeled and broken down into smaller com-

ponents with parameters computed for each part independently of the others. These

smaller shapes exhibit less variation than the entire mesh which can be captured with

fewer training samples compared to capturing variation for the full shape. Subsequent

publication by the authors sough to address the challenge of picking an ideal tem-

plate [107]. The authors make the argument that no single template can accurately

approximate all of the training samples and that in situations of high variability,

arbitrary template selection can deteriorate the accuracy of approximation. Their

approach involves deforming each sample to every other sample and selecting the one

that best approximates all others on average. During SSM construction, a bridge
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template is selected for outlier samples which can’t be accurately approximated by

the template but can by the bridge template. In such cases, the bridge template is

approximated by the template and the resulting approximation is deformed to the

outlier. Alternatively, Wu et al. [108] base their template selection on the reconstruc-

tion error from a leave-one-out experimentation.

Wu et al. [108] approached the correspondence problem with a two-level regis-

tration framework. Initially, detailed high resolution meshes are extracted from the

training sets. Corresponding low resolution meshes are computed and deformed to

a template using a combined thin-plate spline and robust point matching algorithm

developed by Chui and Rangarajan [109]. This approach benefits from the ability of

not needing one-to-one correspondence between all mesh vertices, which the authors

exploit to build a SSM of the distal femur from training samples with variable shaft

lengths. Correspondence is fuzzily updated as the meshes are deformed, with the

final low resolution correspondence propagated to the high resolution mesh using a

radial basis function interpolation. The authors of this approach noted an increase

in registration efficiency without significantly affecting accuracy of the SSM.

2.2.2 Embedding Anatomical Features

While there has been extensive research conducted on the various aspects of SSM

construction, few have focused on embedding anatomical features. In early instances

involving PDMs, point-based features are added manually to the training samples

prior to statistical analysis. For use in orthopaedic surgery, Chan et al. [110] used

ultrasound images to instantiate and register a point distribution model (PDM) to
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bony anatomy. During the construction phase of the model, pose and surface defor-

mation are optimized separately. The center of femoral head is embedded into the

training shapes, serving as the center of rotation during registration and as an addi-

tional constraint of variability. Rajamani et al. [85] proposed a shape reconstruction

algorithm similar to Fleute et al. [89] with the ability to include non-spatial informa-

tion such as height, weight and age. The SSM was constructed from 14 segmented

CT datasets of the proximal femur for the purpose of reconstructing patient-specific

surface from digitized landmarks and bone surface points obtained intra-operatively.

Their approach differs by operating directly in the PCA shape space, that is the set

of all possible shapes, rather than fitting the model in Euclidean space. As a result,

scalar features are embedded as additional statistical parameters.

Fripp et al. [111] built a SSM of 15 MR image scans of the distal femur based on

the construction method outlined by Davies et al. [112]. Training shapes are extracted

from image volumes using a parameterized surface extraction algorithm, which also

forms the basis for the initial parameter optimization process. Embedding scalar

information, such as cartilage thickness, involves extending the dimensionality of the

training surfaces prior to optimisation from R3 to R3+m where m is the number of

scalars to include. Similarly, Bryan et al. [113] uses finite element analysis to construct

a statistical model incorporating material property of CT volumes of proximal femurs.

Each volume is segmented, to which a reference model is registered. For each of

the vertices of the morphed shape, corresponding greyscale values from the CT are

extracted and assigned prior to PCA. In comparable approaches, Au et al. [114]

encoded CT greyscale intensity values as bone density for distal femurs, whereas Yao

and Taylor [115] encoded density in a hierarchical tetrahedral representation of the
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pelvis.

2.2.3 Reconstruction from Radiographs

The use of two-dimensional imaging modalities such as X-ray radiography can be

desirable when faced with the limitations of CT and MR alternatives such as cost,

wait time, and increased radiation exposure. However, the need for three-dimensional

anatomical information has lead to the development of deformable 2D-3D image reg-

istration techniques for which registration accuracy is crucial. Yao and Taylor [116]

sought to examine what factors might affect the accuracy of three-dimensional recon-

struction from two-dimensional data. A statistical model of the pelvis was constructed

from CT images after which 2D-3D registration between the model and digitally re-

constructed radiographs (DRRs) derived from the CT data was performed. The

reconstructions were then compared to the original CT volume. In general, the more

X-ray views that are used, the more accurate the registration is; however, three to

four is generally considered sufficient. In the case of only two views being available,

orthogonal images are ideal, yet no severe degradation in registration accuracy is

observed if the viewing angle is between 75 and 105 degrees. Co-registration of two-

dimensional X-ray images is also important as even 5 degrees of error significantly

impacts 2D-3D registration. Regarding the view angle relative to the anatomical

structure, it was found to have relatively low impact on the registration. In the ma-

jority of cases, three-dimensional reconstruction from two-dimensional images involves

registering contours with statistical shape models.

Fleute et al. [117, 118] proposed registering a three-dimensional SSM of the dis-

tal femur to contour points identified on radiographic images. The distance between
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the contour of the model surface and the contour formed by projection rays passing

through the labeled points is minimized using the ICP algorithm, followed by non-

rigid deformation. Benameur et al. [119] make use of anatomical landmark points

and contours to reconstruct scoliotic verterbrae. A set of landmark points identifiable

on both lateral and posterior-anterior radiographs provide a crude rigid registration

with the statistical model. Edges are extracted from the radiographs using a Canny

edge detector process [120], while edges from the SSM are obtained by projecting

the model to the image plane. Minimization of distance between these edges is per-

formed to reconstruct the patient-specific surface. In contrast, Lamecker et al. [121]

proposed minimizing dissimilarity of silhouettes of the pelvic bone. Reconstruction

using this approach rather than minimizing the distance between edge maps reduced

reconstruction errors in situations where contours had no well-defined corresponding

counterpart.

These approaches primarily rely on solving a 2D-3D registration problem, however

others have attempted to reformulate the challenge differently. Zheng et al. [122,

123] sought to reconstruct a patient-specific three-dimensional surface from a pair of

calibrated radiographs for both pathological and non-pathological proximal femurs

using a PDM constructed from CT images of non-pathological knees. Both the bone

contour and anatomical features are identified manually and used to reconstruct the

shape. The features are used in an ICP-based registration to determine the initial

alignment between the contour and the PDM. A set of best matching points between

the contour of the radiographs and of the projected model are determined using a non-

rigid point matching process. Knowing the radiograph’s focal point, the registration

problem is then turned into a 3D-3D reconstruction. This is the most closely related
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work to the approach presented in this thesis. Kurazume et al. [124] proposed a similar

approach for in vivo fluroscopic images of the proximal femur using a distance map

of silhouette contour constructed by the level set method instead of ICP registration

of contour points.

In many situations, it is difficult to locate a feature that is visible in all views,

which limits the amount of information available to the reconstruction process. When

only two views are considered, it is known as the stereocorrespondence problem. To

address this, Mitton et al. [125, 126] described 3D reconstruction of the upper cervi-

cal vertebrae using non-stereocorresponding points (NSCP) and elastically deformable

models. In a calibrated system, NSCP are identified on a single radiograph where

the only three-dimensional information available is that the three-dimensional point

must lie on a line connecting the X-ray source to the 2D point on the image. The

three-dimensional position is then approximated by elastically deforming a generic

mesh model while maintaining geometrical and topological constraints. However, the

accuracy of this approach is limited by the exclusion of a priori information provided

by contour information. Laporte et al. [127] proposed a non-stereocorresponding con-

tour (NSCC) method to reconstruct three-dimensional surfaces from two-dimensional

contours identified on calibrated radiographs of cadaveric distal femurs. Rather than

rely on precise identification of stereocorresponding anatomical landmarks, recon-

struction depends on contours grouped into anatomical regions. These regions are

defined in the statistical model, allowing for improved initialization and optimisation,

without the need for stereocorrespondence. The final alignment is then used to deform

the statistical model and predict the patient-specific surface. Similarly, Galibarov et

al. [128] uses anatomical information to automatically extract the contour of in-vivo
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proximal femur from a lateral radiograph and reconstruct the three-dimensional sur-

face. Image processing is used to enhance the contours of the bone portion, while

known dimensional constraints of the proximal femur in a lateral pose are used to

automatically identify the correct contour. These same constraints are then used to

align the contour outline to the generic three-dimensional model.

2.3 Summary

The statistical shape models discussed in the previous sections provide several possible

approaches to constructing an atlas that incorporates anatomical features. In this

study, we adapt the Point Distribution Model by by Cootes et al. [86], due to its

track record and flexibility, facilitating the embedding of different types of anatomical

features. To address the lack of one-to-one correspondence between healthy knees and

those exhibiting pathological deformities not present in the former, the thin plate

spline and robust point matching algorithm by Chui and Rangarajan [109] was used

for deformable registration.

While the majority of reconstruction techniques that use calibrated radiographs

primarily rely on bony contours, we propose an alternative based on key anatomi-

cal measurements in order to simplify the reconstruction process as well as to pro-

duce reconstructions suitable for prosthesis planning. A comprehensive overview of

anatomical features of the distal femur, including their reliability and annotation

methodology, was performed in order to identify a set of features apt at capturing

knee morphology.

The next chapter provides details of the software and methodology devised to

construct the atlas as well as how we validate the reconstruction results.
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Methodology

This chapter describes the approach used to predict three-dimensional femoral geom-

etry from anatomical features identified on calibrated two-dimensional radiographs,

and consists of two parts: atlas construction, and hypothesis testing.

For atlas construction, the following steps are taken:

1. Computed Tomography (CT) image data of a patient’s knee is acquired. The

distal femur is semi-automatically segmented, from which a surface mesh is

extracted (Section 3.1.1).

2. A set of anatomical features of the distal femur is identified (Section 3.1.2).

3. Features are annotated on Digitally Reconstructed Radiograph (DRR) render-

ing of the CT volume, mimicking clinical settings, by an experienced surgeon

and trained medical readers (Section 3.1.3). A second, different set of DRRs,

serving as proxies for two-dimensional calibrated radiographs of the particular

patient, are annotated and are later used to test whether three-dimensional ge-

ometry can be predicted from two-dimensional calibrated radiographs (Section

32
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3.1.3). For the remainder of this thesis, we hereby refer to the DRRs used

during the atlas construction phase as “CT DRR” and those used for shape

instantiation as “X-ray DRR”.

4. The surface meshes are initially rigidly aligned using the Iterative Closest Point

(ICP) algorithm [92], followed by deformable registration using a thin-plate

spline based approach [109] (Section 3.1.5).

5. Annotated CT features are incorporated into their corresponding mesh as scalar

data (Section 3.1.5).

6. Principal Component Analysis (PCA) is performed to obtain the statistical

shape atlas (Section 3.1.5).

For hypothesis testing, the features acquired from X-ray DRRs are used with the

atlas to predict each patient’s geometry. The predicted geometry is compared to the

patient’s actual geometry in the segmented CT. The entire process is summarized in

Figure 3.1.

3.1 Atlas Construction

3.1.1 Volume Meshing

Knee bone data consisting of anonymized CT volumes was provided by the Human

Mobility Research Center at Queen’s University after consent was obtained from pa-

tients (see Appendix A). This data, encoded in the Digital Imaging and Communica-

tions in Medicine (DICOM) image format [129], was read using the DICOM Toolkit
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Figure 3.1: Overview of statistical shape atlas construction and shape instantiation.
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library [130], applying modality transforms resulting in manufacturer-independent

intensity values stored in Hounsfield Units [131].

Visualizing the three-dimensional volumetric data consisted of using common

view-aligned texture mapping techniques [132–134] and optimizations [135]. In this

approach, slices are sampled from the volume perpendicular to the view axis along

rays for each pixel of the screen in a back-to-front fashion. Sampled values are accu-

mulated and rendered to the scene.

Prior to meshing, segmentation is performed to isolate knee bone components.

A semi-automatic segmentation toolkit was developed (in C++, OpenGL) to ex-

tract the femur from CT volumes. Initially, a transfer function [134] is used to map

a voxel’s intensity to a colour and opacity value. Since intensity values correlate

strongly to material density, opacity can be set such that dense bone components

can be emphasized while less dense elements, such as soft tissue, can be thresh-

olded [136] as shown in Figure 3.2. In most instances, thresholding is insufficient

and requires additional manual intervention. A hole-filling feature, using a seed-based

region growing algorithm [134], is provided to fill gaps in segmentations. For minor

adjustments, a “paint-brush” labeling tool is employed. Due to the time-consuming

nature of segmentation, three operators were employed to segment the CT volumes

(see Acknowledgements).

An existing implementation of mesh extraction based on curvature dependent

triangulation of implicit surfaces was extended for use with volumetric data [137].

With it, near-equilateral triangles are grown from a seed triangle along the segmen-

tation’s surface, whose curvature dictates edge length. Curvature was determined

by computing the approximation of the gradient using a 5 × 5 × 5 Kroon derivative
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Figure 3.2: Volume meshing: (left) original axial CT slice; (middle) thresholding-
based segmentation; (right) segmentation derived surface mesh.

kernel [138,139]. A blurring function similar to Gaussian smoothing was applied be-

forehand to smooth the surface. In many cases, the resulting meshes suffered from

small holes and minor amounts of undesirable triangulation. The open-source Mesh-

lab [140] toolkit was used to correct these issues.

Among the 85 available CT datasets, 22 were selected providing a total of 15

left and 16 right knees. Datasets with poor image resolution were excluded as they

affected the quality of the corresponding mesh or negatively impacted feature identi-

fication. Additionally, many of the CTs had to be excluded due to insufficient femoral

shaft length, which is required for correct feature annotation as discussed in Section

3.1.3. To eliminate the influence of shaft length in statistical analysis (Section 3.1.5),

the shortest shaft length in the population was taken as the shaft length for every

other knee. A balanced selection of healthy and varying degrees of arthritic knees

was emphasized in order to maximize the spectrum of knee shapes. On average, each
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mesh consisted of roughly four thousand vertices, which is consistent with other stud-

ies [85,88,91]. Figure 3.3 provides an example of a triangulated surface mesh of the

femur.

Figure 3.3: Triangulated surface mesh of the distal femur.

3.1.2 Feature Identification

In order to determine which features would best capture the morphology of the dis-

tal femur, literary resources focusing on knee arthroplasty, anterior cruciate ligament

(ACL) reconstruction and kinematic analysis of knee flexion were consulted. These

procedures tend to be on the forefront of joint structure research as correct identifi-

cation of anatomical features remains one of their greatest potential sources of error.

Based on the findings of the literary review, given in Section 2.1, and with the aid of
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an experienced surgeon, Dr. T. Derek V. Cooke (OAISYS Inc), a subset of features

was selected that satisfied the following criteria:

• Identifiable: An operator must be able to identify and annotate the feature

in both CT volumes and X-ray radiographs.

• Reliable: Identifiability of the feature should not be affected by the condition

of the knee (e.g. arthritic, valgus/varus, etc.). It should be reliable such that

inter-observer variation in feature identification is clinically acceptable.

• Morphologically relevant: The feature should relay important geometric

information that contributes to shape variability. Otherwise, it should serve as

a reference to facilitate accurate identification of subsequent features.

While the motivation for this study is to predict three-dimensional femoral ge-

ometry from features visible in two-dimensional radiographs, the eventual goal is be

able to predict implant sizing and alignment in knee arthroplasty procedures. As a

result, there was an emphasis on features important to prosthesis planning, meaning

those that best reflect the morphology of the condylar surface of the knee.

Feature Definitions

Among the chosen features were those considered to be important references, useful in

describing axial, sagittal, and coronal orientation as well as for making measurements.

This includes:

• Knee center: Identified as the center of the intercondylar notch coronally

and the point where the intercondylar notch meets the trochlear groove sagit-

tally (see Figure 3.4). Its location is not sensitive to the effects of condylar
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Figure 3.4: Coronal (left) and sagittal (right) DRR of the knee joint showing the
femoral anatomical axis (yellow), the center of the distal knee, and the
midpoint along the shaft. The distance between the knee center and mid
point is determined as being approximately twice that of the bicondylar
width.
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deformation or variation and remains relatively constant [80].

• Femoral anatomical axis: Chosen as it can be reliably identified on images

containing only the distal end of the femur provided there is at least 4-15 cen-

timeters of the shaft present [51, 54]. It is defined relative to the coronal and

sagittal plane as passing through the knee center and through a midpoint along

the shaft (see Figure 3.4). To ensure consistency in inter-subject annotation

and avoid the bias posed by knee bowing, the location of the midpoint is spec-

ified relative to its distance to the center of the knee. In the coronal view, that

distance is approximated as twice the distance of the bicondylar width (defined

later on).

Figure 3.5: Axial DRR of the distal femur (left) showing the most anterior and pos-
terior prominences of the medial and lateral condyles. Medial condylar
depth represented in the sagittal DRR (right).

• Most prominent point anteriorly and posteriorly for both the medial
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and the lateral condyles: In CT volumes, the prominences are identified in

the axial plane. The location of the posterior prominences are visually assessed

such that the line tangent to both posterior condylar surfaces passes through

them. The same method is used to determine the anterior condylar prominences.

For radiographic images, the anterior and posterior prominences are identified

in the sagittal view such that the tangent lines are parallel to the anatomical

axis, which has been shown to be reasonably precise [21]. See Figure 3.5.

Figure 3.6: Bicondylar width measured on a coronal CT slice containing the anatom-
ical axis (left) and coronal DRR (right).

• Bicondylar width: With the difficulty of accurately measuring the bicondylar
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width in CT volumes (see Section 2.1.3), measurements were made on the coro-

nal image slice passing through the anatomical axis which offers reduced visual

clutter relative to the DRR view. The width is measured along line tangent

to the condyles distally between the most medial and lateral distal points of

the distal articular surface (see Figure 3.6). The same approach is adopted for

measurements made on coronal radiographs.

• Condylar depths: For both the medial and lateral condyles, the condylar

depth is measured between the anterior and posterior prominences sagittally.

It is considered to be the shortest distance between the lines parallel to the

anatomical axis passing through each prominence (see Figure 3.5).

Figure 3.7: Radius of the posterior medial condyle shown on sagittal DRR (left),
sagittal CT slice containing the posterior prominence (middle), and vol-
umetric CT representation (right).

• Posterior condylar radii: With the important effect that the posterior condyles

have on overall knee kinematic, the posterior condylar radii was used to describe
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their shape. Measured sagittally, the radius of each posterior condyle is approx-

imated by the circle passing through three points along the posterior articular

surface. In CT volumes, the radius is measured on the sagittal image slice pass-

ing through the most posterior prominence as it contains the larger condylar

outline (see Figure 3.7).

There were additional features, commonly used in knee replacement surgery, that

were initially considered then deemed unsuitable upon further investigation. The

medial and lateral epicondyles, along with the transepicondylar axis formed between

them, are frequently used for knee implant alignment. These features cannot be

reliably identified on radiographs, especially in the lateral view, and therefore were

omitted. Other referential axes, such as Whiteside’s line and the posterior condylar

line (PCL), are typically restricted to intra-operative use and are unreliable in situ-

ation of serious pathological deformity. Finally, the mechanical axis was considered

in place of the anatomical axis; however, it requires the full length femur bone to be

accurately identified.

Coordinate System Definitions

In order to minimize the discrepancy in measurements of features between imag-

ing modalities, a novel reference frame was conceived to reproduce the sagittal and

coronal orientations typical of radiographs for use with CT volumes. Additionally,

since the smooth nature of the femur’s surface renders localization of certain fea-

tures problematic, the use of planar reference serves to ease feature identification in

a three-dimensional environment. While many approaches exist to constructing such

a system, their reliability varies depending on the condition of the knee and often
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are unsuitable for knees with severe deformation. Other approaches suffer from lim-

itations such as requiring the full length of the femur or are inapplicable to imaging

datasets. The approach presented in this study relies on using the anatomical axis as

well as the most anterior and posterior condylar prominences.

Initially, the anatomical axis is identified on the coronal and sagittal DRR views.

The coronal view is approximated by positioning the distal femur relative to the cen-

ter of the tibial intercondylar eminence [141]; the sagittal view is orthogonal to it.

Using this method, inter-observer variability of plane orientation is not considered to

affect the reliability of identifying the anatomical axis. Taken as a direction vector,

the anatomical axis provides an axial plane orientation from which the most anterior

and posterior prominent points of the medial and lateral condyles are identified. A

bisection point is obtained from the lines connecting the anterior and posterior promi-

nences of each condyle. The plane containing this point and the two points of the

anatomical axis constitutes the sagittal plane, while the coronal plane is automati-

cally determined from the previous two planes. The purpose of defining the sagittal

plane in this manner was to avoid orientation bias common in knees with condy-

lar deformations [1, 39], which in turn would affect the morphological representation

sagittally.

3.1.3 Feature Acquisition

Given a set of desirable features, acquiring them can be cumbersome and time-

consuming. To overcome this challenge, a toolkit was developed to streamline anno-

tation of features defined in Section 3.1.2 and to limit the potential for inter-observer
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variability. During development, it was important to be mindful of the target audi-

ence which ranged from surgeons to trained medical readers, the latter consisting of

individuals without a formal medical background but trained to identify anatomical

structures. As a result, the user interface had to be intuitive and simple to operate.

A total of three operators contributed to the annotation process, including one

experienced surgeon (see Acknowledgements). For each operator, extensive training

was provided prior to annotation. Initially, a thorough discussion was had among

all participants regarding the correct identification of each feature: what defines it,

why that feature is important to the study, and how to best annotate it. Following

that, all members were provided user guides on how to use the annotation software

and underwent multiple group training sessions, during which each member engaged

in supervised annotation exercises while the others watched. Once every member

became proficient at using the software and at annotating features, each were given

the same 22 CT datasets to annotate separately in order to prevent outsider bias.

These features were later used to construct the atlas. With regards to features used to

reconstruct patient geometry, since radiographic images corresponding to the patients

of the CT volumes weren’t available, orthogonal X-ray DRRs were used instead. The

sagittal and coronal views of X-ray DRRs were generated automatically by averaging

the CT DRR views established by the operators during CT annotation. Only two

readers, including the experienced surgeon, were available to annotate the X-ray DRR

image sets.
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Acquisition from Computed Tomography Images

Given the set of CT images, the same rendering method detailed in Section 3.1.1 was

used to visualize the volume. Initially, the user is presented with a three-dimensional

rendering of the knee bone using a generic transfer function suitable for thresholding

bone material (Figure 3.8). In most cases, no further adjustments are needed but

functionality is provided to do so, including a histogram of image intensity values

for reference. In instances where there are undesirable materials present that aren’t

thresholded by the transfer function, a system based on clip planes is used to remove

them. Although the protocol stipulated in Section 3.1.2 details feature annotation

relative to axial, sagittal, and coronal planes, the three-dimensional volume provides

an additional means of visual verification and correction.

Figure 3.8: Transfer function for bone rendering with optional functions for material
colourisation.

For annotation purposes, a predefined list of anatomical features is available where
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each entry is defined by the feature’s name, type, completion state, and differentiating

colour (Figure 3.9). Feature type includes point(s), axis line, distance, angles and

circular outlines for which the appropriate annotation tool best suited for annotating

the feature is automatically provided. Additionally, context sensitive measurements

relating to the type of feature are provided during the annotation process such as

length and angle. To help users keep track of progress, the completion state of a

feature serves to indicate if all aspects of that features have been correctly and fully

annotated. Accidental deletions or other mistakes are safeguarded from by means of

a saving and loading mechanism for annotations as well as automatic saving in case

of accidental application closure. To prevent visual clutter, rendering of annotations

can be toggled based on user preference: hide all annotations, only display endpoints,

only display annotations for the active feature, display the current annotation and

those of anatomically related features, or simply show all annotations. Manipulating

annotations is primarily undertaken using the mouse; however, the keyboard arrow

keys allow for finer adjustments.

Similarly, the mouse serves to rotate and translate the knee bone volume as well

as alter the amount of “zooming”. The center of rotation can be changed to an anno-

tated feature to better assess its placement. The primary manner in which features

are annotated involves the use of real-time CT DRR rendering of the corresponding

CT volumes. The same mechanisms used to manipulate the CT volume are employed

to position and orient the CT DRR rendering. During the annotation process, there is

a need to approximate the coronal and sagittal view in order to establish the anatom-

ical axis. Once the user has determined one view, the other can be automatically

computed. Additionally for each point-based component of a feature, the user can
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Figure 3.9: Main annotation user interface. Thresholded 3D volume shown with
anatomical feature list.

opt to draw lines passing through the points and orthogonal to the viewing plane.

The projection of these lines in the other view provides a mean to better identify

features as shown in Figure 3.10.

The anterior and posterior condylar prominences are identified on CT DRRs in

the axial view (Figure 3.11a) and serve to automatically correct the orientation of

the sagittal and coronal plane. To improve visual information, an axial CT DRR is

automatically generated using the anatomical axis as the orientation direction and

is restricted to the area between the knee center and proximal end of the condyles.
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(a) (b)

(c)

Figure 3.10: CT DRR of the femur illustrating projection lines: (a) Annotation of the
knee center on AP DRR; (b) simulation of the projection line originating
from the X-ray camera and passing through the knee center annotated
on the AP DRR; (c) projection line shown in ML DRR to guide ML
annotation of knee center.
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A preview of the sagittal plane outline is displayed and updated as the condylar

prominences are annotated (Figure 3.11a-b). Finally, for certain features there is a

need to annotate them on CT image slices relative to the corrected axial, coronal

and sagittal plane. Slice index selection is automated relative to the position of the

corresponding features. For example, sagittal slice used to annotate the posterior

condylar radius is selected as the slice containing the posterior condylar prominence.

Acquisition from Radiographic Images

Our study used features taken from X-ray DRRs to test the quality of geometry

reconstruction. This was done because none of the patients whose CT data we used

also had calibrated radiographs taken. However, in this section we describe how such

radiographs can be taken and used, and describe a computer application developed

to do so.

In order to recover three-dimensional information from a pair of planar X-ray ra-

diographs, a calibration system was needed. With a calibrated camera, a transforma-

tion between image coordinate space and world coordinate space can be established.

To calibrate the camera, the pinhole camera model was adopted which depends on

its intrinsic and extrinsic parameters being known [142]. The intrinsic camera pa-

rameters are necessary to relate image coordinates to the coordinates of the camera

reference frame, while the extrinsic camera parameters allows the camera’s position

and orientation to be defined with regards to the world coordinate system. Together,

a homogenous projective transform mapping world coordinates (xw, yw, zw) to image

pixel coordinates (u, v) can be defined as:
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(a) (b)

(c) (d)

Figure 3.11: (a) Axial CT DRR of the condylar region only, (b) axial CT image slice,
(c) coronal CT image slice, (d) sagittal CT image slice.



CHAPTER 3. METHODOLOGY 52


u

v

1

 = K

[
R T

]
whereK =


fu 0 uc

0 fv vc

0 0 1


Intrinsic parameters are represented by the camera calibration matrix K, which

describes the relationship between the camera and the image relative to the focal

length f and the principal point (uc, vc). The focal length is the distance between

the camera’s pinhole and the image plane along the optical axis, typically the Z axis,

which in the calibration matrix is expressed as the number of pixels in both the u

and the v directions of the image (fu, fv). This is to account for instances where the

image pixel is non-square. The principal point is the optical center of the image, which

ideally would be the image center but is not always the case. The extrinsic parameters

consists of a rotation R and a translation T which transform world coordinates to

camera coordinates. From these parameters, the camera’s position and orientation

can be deduced and expressed in world coordinates as:

Cposition = −RTT

Corientation = RT


0

0

1


The three-dimensional reconstruction approach employed by this study relies on

computing the extrinsic parameters given the correspondence between a set of known

three-dimensional reference points and their two-dimensional image projections. The
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camera’s intrinsic parameters are assumed to be known beforehand. To achieve this,

a proprietary knee brace embedded with fourteen spherical fiducial markers was de-

veloped by Dr. T. Derek V. Cooke (OAISYS Inc) and serves to optimally orient the

knee relative to the desired imaging views, as shown in Figure 3.12. The radioopaque

markers are arranged such that they are clearly identifiable in both coronal and sagit-

tal radiographical views.

Figure 3.12: Left: Knee brace used to optimally orient the knee and estimate camera
pose from radiographic images; right: virtual knee brace environment
with radiographs prior to calibration.

A user interface was developed to facilitate the process of establishing correspon-

dence between the reference fiducial points and their two-dimensional projections on

radiographic images. At first, the user is presented with a virtual three-dimensional

representation of the knee brace and the embedded fiducial points along with sagittal

and coronal X-ray radiographs. The images are initially configured orthogonal to each
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other and aligned relative to the knee brace such that the sagittal and coronal orien-

tations are correctly maintained respectively (see Figure 3.12). The user is provided

with the ability to manipulate the scene such that the virtual fiducial points roughly

align with their image projections. The virtual points are then projected onto the

image in close proximity to their actual in-image location. A Hough transform algo-

rithm is used to automatically detect in-image fiducial projections and match them

to the closest user-generated projections, thus establishing 3D-to-2D correspondence.

The same procedure is repeated for the second radiographic image.

Determining the pose of a calibrated camera from a set of 3D-to-2D point cor-

respondences is known as the points-n-perspective (PnP) problem. To solve it, the

non-iterative algorithm developed by Lepetit et al. [143] was implemented. It involves

the parameterization of n reference points as four virtual control points such that they

form a basis aligned with the principal directions of the data. As a result, each ref-

erence point can be expressed as a weighted sum of the control points. Knowing the

two-dimensional projections of the three-dimensional reference points and the intrin-

sic parameters, the problem can then be reformulated as a set of linear equations

for which the solution is based on minimizing the reprojection error. The resulting

solution can be further improved by using it as an initialization to a Gauss-Newton

based optimization.

The solution is used to determine the camera’s position and orientation relative to

the virtual knee brace as previously discussed, which in turn can provide the position

and orientation of the image plane. Given the camera’s focal length f and the image’s

principal point, the image’s position Pimage in world coordinate space can be expressed

relative to the camera:
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Pimage = Cposition + f ∗ Corientation

This position coincides with the principle point, while the orientation of image is

the same as the camera’s (see Figure 3.13). When the position and orientation of

both the sagittal and coronal image planes have been recovered, the three-dimensional

position of additional points can be determined by finding the intersection of their

projection lines.

To provide familiarity to users, the annotation interface mimicked that of the CT

annotation software. The features were collected as described Section 3.1.2 using only

the sagittal and coronal X-ray DRR representation of the knee.

Figure 3.13: Virtual knee brace featuring the reconstructed position and orientation
of both the camera and the image plane.
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3.1.4 Preparing Features and Variability Analysis

Once the features have been collected from the CT DRR and X-ray DRR datasets,

they are processed for use in the statistical shape atlas. The CT DRR features are

used for the atlas construction, while the X-ray DRR features are used for hypothesis

testing.

Initially, the atlas is constructed by aligning the surface meshes of the knees

using the femoral anatomical axis, the anterior and posterior prominences of the

medial and lateral condyles, and the centers of the circle fitting the posterior aspect

of each condyle (see Section 3.1.5). Since the location of the femoral anatomical

axis endpoint in the proximal direction is only approximated relative to bicondylar

width, it is normalized by taking the axis normal and projecting the endpoint 100

millimeters from the distal endpoint along the normal. Similarly, since the condylar

prominences are annotated in the axial plane, their three-dimensional locations are

the point projections on the axial plane passing through the distal endpoint of the

femoral anatomical axis. Later on, the bicondylar width, the condylar depths, and

the posterior condylar radii obtained from CT datasets are embedded into the atlas,

while the corresponding features from X-ray DRR datasets are used to reconstruct

knee shapes (see Section 3.2). In all these instances, the mean among all annotators

for each of these features is used.

In order to quantify the reliability of the features, the inter-observer variability

is determined [144]. For a given feature, the inter-observer variability assesses the

difference in annotation between annotators. With point-based features, let p(i=1...n)

be the point coordinate of a feature for n annotators and p̄ the mean among all

annotators for that feature, such that:
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p̄ =
1

n

n∑
i=1

pi

and d(i=1...n) the distance of each annotation to the mean, such that di = ‖p̄ − pi‖.

In instances where the feature is scalar-based (e.g. bicondylar width), the process is

identical. The measure of the overall inter-observer variability involves calculating

the mean value d̄ and standard deviation of di=1...n. The standard deviation is the

square-root of the variance:

σ =

√√√√ 1

n

n∑
i=1

(di − d̄)2

The smaller the value of the mean and the standard deviation, the more the

feature can be considered reliable.

3.1.5 Statistical Shape Atlas Construction

In this section, we discuss the steps required to construct the statistical shape atlas.

It involves using the 31 triangular surface meshes mentioned in Section 3.1.1 and

the features acquired from CT datasets as discussed in Section 3.1.3. Initially, the

meshes are aligned using an Iterative Closest Point (ICP) algorithm, followed by

deformable registration to establish point-to-point correspondence between surfaces.

Once feature information has been incorporated into individual surfaces, Principal

Component Analysis (PCA) is used to quantify shape variation enabling new shapes

to be derived.
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Rigid Registration

In order to correctly parameterize the variation of the femur’s geometry, the knees

must be rigidly aligned beforehand. To achieve this, a template knee was selected

based on its ability to best represent the average knee shape. The remaining knees are

referred to as learning shapes. Determined visually, the template chosen in this study

was a left knee to which subsequent knees are aligned. Since the pool of available

shapes includes both left and right knees, right knees were mirrored along the x-axis of

the CT image volume to become left knees. Many studies have shown no significant

side-to-side difference between left and right knees [31, 40, 79]; therefore mirroring

them shouldn’t negatively impact the accuracy of the model.

Aligning the learning shapes to the template involved using the Iterative Closest

Point (ICP) algorithm by Besl and McKay [92]. Simply put, the ICP algorithm finds

the transformation aligning one shape to another such that the distance between

the surface points of one shape and their nearest neighbors on the other shape is

minimized. To reduce the possibility of local minima, an initial approximate trans-

formation must be provided which gets optimized by the ICP algorithm. The initial

transform can be computed if correspondence of a subset of points between two shapes

is known. In this instance, the anatomical features were used, specifically the end-

points of the anatomical axis, the anterior and posterior condylar prominences, and

condylar centers (see Section 3.1.4). It was found that by doing so, the occurrence

of poor convergence was reduced compared to algorithms based on Singular Value

Decomposition (SVD) which align shapes relative their principal axes [108]. An ideal

rigid alignment between two femoral surfaces using features for initialization is shown

in Figure 3.14.
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Figure 3.14: Ideal alignment between two knees using ICP. Anatomical features are
represented by spheres.

Deformable Registration

Once all the learning shapes have been aligned to the template, correspondence be-

tween the surfaces must be established to determine what aspects exhibit the great-

est amount of variability. Deformable registration entails progressively deforming the

template’s surface to a learning shape’s surface while maintaining topological con-

straints. By doing so, a non-rigid transformation can be determined that maps points

of the template to those of the learning shape. Only the position of a template’s ver-

tices are changed, while mesh connectivity remains the same. That is to say, there is

no addition or deletion of vertices. For statistical analysis, we use a library of shapes

consisting of the template and a set of deformed template shapes corresponding to

each of the learning shapes. By doing so, point-to-point correspondence between the

template and the learning shapes can be obtained.

The deformable registration algorithm proposed by Chui and Rangarajan [109]

was chosen based on its suitability to tackle challenges common with registration
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of distal femurs [108], notably its reported resilience to outliers. In the context of

registration between two point sets, outliers are considered points in either set that

have no counterpart in the other. Relative to the distal femur shape, outliers can

occur in cases of variable shaft length, as well as in situations of differing geometric

complexity due to arthritic deformation. To characterize the relationship between

point sets, the algorithm adopts a deterministic annealing framework consisting of

thin plate spline (TPS) and a “softassign” method. The TPS provides a non-rigid

spatial mapping between point sets; however, it is limited by the need for known

point correspondence. The softassign component serves to address this by determin-

ing “fuzzy” correspondences between points. The entire registration process can be

summarized as:

1. Initialize parameters: temperature (T ), regularization parameters (λ1 and λ2),

correspondence matrix (M), transformation parameters (d and w).

2. Apply rigid and non-rigid transformations (d, w), update correspondence be-

tween point-sets (M).

3. Given updated correspondence, update transformation parameters (d, w).

4. Decrease parameters: T = T ∗ r and λi = λiniti ∗ T , where r is an annealing

constant.

5. Repeat steps 2-3 until threshold value T = T final is reached.

Each iteration is conditioned by a temperature T which controls the strictness

of the correspondence and deformation. At the end of iteration, the temperature is

decreased according to an annealing rate r. For correspondence, the temperature
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dictates the maximum accepted distance between corresponding points. Establishing

correspondence is done using a joint linear assignment least squares based optimiza-

tion [145] and is stored as a correspondence matrix M . Softassign entails that the

values in M are continuous in the interval [0, 1] rather than binary, allowing for fuzzy,

partial matches between points. Doing so allows correspondence to be improved grad-

ually and continuously, resulting in a more stable energy function. As the temperature

nears zero, the correspondences become more and more binary. With regards to the

TPS, the temperature also dictates the value of the regularization parameters λ1 and

λ2 for the affine and non-affine transformation components d and w respectively. In

instance of large λ values (due to high T values), the amount of non-rigid transforma-

tion is limited to prevent overfitting. As the temperature decreases, the restrictions

are relaxed. An example of deformable registration using this algorithm can be seen

in Figure 3.15 below.

Embedding Features

Given that one-to-one correspondence between shapes is established with respect to

their surface points, each of the n shapes si=1...n can be represented as a set of m

points pij=1...n,1...m such that pij = (xij, yij, zij). The next step is to embed feature

information that will serve to guide shape instantiation. In this study, we sought

to incorporate the bicondylar width (w), condylar depths (dmedial and dlateral), and

posterior condylar radii (rmedial and rlateral) of each knee into their respective shape

representations. By reformulating the data as column-vectors, the features obtained

from the CT datasets can be appended as scalar values to the end of a shape vector

such that :
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Figure 3.15: Deformable registration of template point set (blue) to learning point
set (red) using TPS-based algorithm.

si =

[
pi1 · · · pim wi dmedial

i dlaterali rmedial
i rlaterali

]T
The order of the vector elements is maintained throughout each shape, therefore

preserving one-to-one correspondence. Since all the elements of the shape vector are

treated as scalar values during statistical analysis, there is no need to discriminate

coordinate data from the feature’s dimensional data.

Principal Component Analysis

Fundamentally, Principal Component Analysis (PCA) [146] is statistical tool used to

find a meaningful change of basis for a given dataset. The principal components are

the vectors that form this basis and are established by determining the directions in

which the greatest amount of variation is observed. Associated with each component
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is an eigenvalue that relates the variance of the data observed along that component.

Since PCA entails establishing a new basis, any point can be rewritten as weighted

combination of the principal components and the mean of the dataset, which in the

context of shape analysis constitutes the statistical shape atlas. In this instance, the

mean of the dataset is used as the origin of the basis. Using the previously defined

column vectors si=1...n consisting of both surface points and anatomical features, the

mean s̄ is defined as:

s̄ =
1

n

n∑
i=1

si

The datasets are then grouped as a population matrix X and centered relative to

the mean such that:

X =

[
s1 − s̄ s2 − s̄ · · · sn − s̄

]
Determining the principal components of X entails computing the eigenvectors

from the covariance matrix:

covariance(X) =
1

(n− 1)
XXT

To avoid having to use the XXT matrix, an efficient implementation of Singular

Value Decomposition (SVD) is used to minimize computational requirements. Per-

forming SVD on X provides the following decomposition: X = UΣV T , where the

diagonals of Σ are the square roots of the eigenvalues of XTX and the columns of V

are the right singular eigenvectors of XTX. Considering the matrix Y , such that:
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Y =
1√
n− 1

XT

we can write:

Y TY =

(
1√
n− 1

XT

)T (
1√
n− 1

XT

)

Y TY =
1

(n− 1)
XXT

which is equivalent to the covariance matrix ofX. By performing SVD on Y , such that

Y = UΣV T , we obtain the eigenvalues Σ2 and the eigenvectors V of the covariance

matrix of X. Using SVD to determine the principal components allows us to avoid the

computationally expensive step of calculating the covariance matrix, which becomes

impractical as number of points increases.

3.2 Atlas Validation

Once the statistical shape atlas has been constructed, it can be used to predict un-

known patient-specific knee geometry using a set of weighted parameters. Specifically,

we attempt to reconstruct three-dimensional geometry using anatomical features col-

lected from calibrated two-dimensional X-ray DRRs. In this section, we detail the

manner by which features can predict geometry as well as how we validate the recon-

struction results.
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3.2.1 Predicting Geometry

For n column vector shapes si=1...n with m+5 row elements, a (m+5, n−1) matrix P of

principal components and n−1 corresponding eigenvalues λi=1...n−1 are obtained from

PCA. Individual principal components are stored along the columns of P . Using the

shape mean s̄, the principal components, and the column vector w of n−1 coefficient

weights, shapes can be reconstructed as follows:

s = s̄+ Pw

For existing shapes in the population, the weights can be computed as w = P T (si−

s̄). For new and unknown shapes, the weights have to be estimated based on subset

of known shape characteristics. In this instance, the features are used. The majority

of possible shape variations lie within two standard deviations of the mean, resulting

in w being bound such that −2
√
λi=1...n−1 < wi=1...n−1 < 2

√
λi=1...n−1.

Since only the features are used to estimate the reconstruction weights, let sfnew

be a shape vector that includes only the last five rows of snew. The same is done for

the mean s̄f and the principal component matrix P f . To reconstruct sfnew, estimating

the weights w is turned into least-squares optimisation problem where the objective

function f(w) is minimized:

f(w) =
1

2
‖P fw − (sfnew − s̄f )‖

Since in this study the number of unknowns is greater than the number of equa-

tions, making the system underdetermined, the active-set algorithm is used to solve

the minimization problem. This approach is not guaranteed to converge to a global
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minima.

3.2.2 Validating Geometry

The accuracy of the reconstruction can be assessed by performing a leave-one-out

validation [97, 147]. This involves removing the learning shape of one knee from the

population, recalculating the principal components, and predicting the geometry as

described earlier using the features annotated on X-ray DRRs of that particular knee

to estimate the weights, w. The reconstruction error is then determined by calculating

the root-mean-square (RMS) distance between the vertices of the actual shape and

the shape predicted by w. This process is repeated for each of the learning shapes.

In addition to validating reconstruction results when using features acquired from

two-dimensional images, we attempt to quantify the validity of the atlas itself as well

the amount of error introduced when using features acquired from X-ray DRRs com-

pared to using features from CTs. For the latter, the validation process is repeated

while using CT features to reconstruct geometry. These are the same features em-

bedded into the statistical shape atlas itself. The reconstruction error of each knee is

compared to the error obtained when using features from X-ray DRRs. To validate

the atlas, the leave-one-out validation process is repeated. However, the weights are

determined by projecting the known shape point values onto the principal compo-

nents. This serves to quantify the “ground truth” reconstruction error of our atlas

and describes the atlas’ ability to capture all aspects of shape variability.



Chapter 4

Results

In this chapter, we cover the overall results of our study. Specifically, we detail the

outcome of the feature variability analysis, providing both visual and numerical rep-

resentations of the results. Regarding statistical analysis of knee shape variability, a

visual illustration of the variation captured by each principal component is given along

with a written interpretation of what changes can be observed. Finally, geometric

reconstruction accuracy of the statistical shape atlas is measured.

4.1 Feature Variability

To assess the reliability of the chosen anatomical features, inter-observer variability

analysis was performed. The data used in the analysis consisted of three sets of

annotations, one for each annotator, for each of the 31 femurs. For a given feature,

the mean distance of the annotations to the mean annotation, the standard deviation

of those distances, and the maximum recorded distance were determined. Tables

4.1 - 4.3 provide the variability of the features for each of the datasets. A mean

67
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representation of feature variability across all datasets is illustrated by Figure 4.3,

while Figures 4.1 - 4.2 provide a visual comparison of inter-observer feature variability

overlaid with the corresponding bone surface mesh.

Dataset Bicondylar Width Lateral Depth Medial Depth Lateral Radius Medial Radius

1 5.2±2.9 (7.7) 0.5±0.3 (0.8) 0.3±0.2 (0.5) 1.3±0.4 (1.9) 0.5±0.2 (0.7)
2 3.3±2.2 (5.0) 0.9±0.5 (1.4) 1.3±0.5 (2.0) 0.8±0.3 (1.2) 1.4±0.5 (2.1)
3 3.2±1.8 (4.8) 0.4±0.2 (0.6) 0.3±0.2 (0.5) 0.2±0.1 (0.3) 0.4±0.3 (0.6)
4 4.4±3.1 (6.6) 0.3±0.1 (0.5) 0.6±0.3 (0.9) 0.5±0.3 (0.7) 1.3±0.8 (2.0)
5 5.4±2.0 (8.1) 0.7±0.5 (1.1) 0.3±0.1 (0.5) 0.7±0.5 (1.1) 0.6±0.3 (1.0)
6 6.7±4.1 (10.0) 0.7±0.3 (1.1) 0.3±0.2 (0.4) 0.8±0.3 (1.2) 0.4±0.2 (0.5)
7 6.5±3.2 (9.7) 0.3±0.1 (0.4) 0.3±0.2 (0.5) 0.5±0.2 (0.7) 0.7±0.2 (1.0)
8 3.1±1.1 (4.7) 0.3±0.2 (0.4) 0.7±0.4 (1.1) 0.6±0.3 (1.0) 0.5±0.3 (0.8)
9 3.9±2.3 (5.8) 0.2±0.1 (0.4) 0.3±0.2 (0.5) 0.6±0.4 (0.9) 1.5±0.8 (2.2)
10 5.9±3.0 (8.9) 0.2±0.1 (0.3) 0.6±0.3 (0.9) 0.7±0.3 (1.1) 0.4±0.3 (0.6)
11 2.5±0.9 (3.8) 0.2±0.1 (0.4) 0.3±0.1 (0.5) 0.9±0.4 (1.4) 1.2±0.6 (1.7)
12 5.3±3.1 (8.0) 0.7±0.3 (1.0) 0.4±0.2 (0.7) 1.2±0.7 (1.8) 0.8±0.5 (1.2)
13 5.2±2.9 (7.8) 0.3±0.1 (0.5) 0.3±0.2 (0.5) 0.2±0.1 (0.3) 0.7±0.3 (1.0)
14 3.7±1.4 (5.5) 0.1±0.0 (0.1) 0.8±0.3 (1.2) 0.5±0.2 (0.7) 0.4±0.2 (0.6)
15 5.7±3.0 (8.5) 0.6±0.3 (0.9) 0.5±0.3 (0.8) 0.8±0.3 (1.1) 0.7±0.4 (1.0)
16 4.1±1.9 (6.1) 0.2±0.1 (0.4) 0.7±0.3 (1.0) 1.0±0.4 (1.5) 0.8±0.5 (1.2)
17 3.8±1.7 (5.7) 0.1±0.0 (0.2) 1.1±0.4 (1.6) 0.4±0.2 (0.6) 1.0±0.4 (1.5)
18 4.0±2.0 (6.0) 0.5±0.2 (0.7) 0.5±0.3 (0.7) 0.4±0.2 (0.7) 0.8±0.3 (1.2)
19 4.1±2.7 (6.2) 0.1±0.0 (0.1) 0.2±0.1 (0.3) 0.6±0.3 (0.8) 0.9±0.3 (1.4)
20 4.8±2.3 (7.2) 0.8±0.3 (1.2) 0.2±0.1 (0.3) 0.6±0.2 (0.9) 0.8±0.3 (1.1)
21 4.6±1.8 (7.0) 0.2±0.1 (0.3) 3.4±1.5 (5.1) 0.4±0.1 (0.6) 0.1±0.0 (0.2)
22 5.3±2.7 (8.0) 0.3±0.1 (0.5) 0.2±0.1 (0.4) 0.6±0.3 (0.8) 0.5±0.2 (0.7)
23 6.2±3.7 (9.3) 0.2±0.1 (0.2) 0.2±0.1 (0.3) 0.3±0.1 (0.5) 0.7±0.3 (1.0)
24 5.3±3.5 (7.9) 0.1±0.0 (0.2) 0.2±0.1 (0.3) 0.6±0.2 (1.0) 1.0±0.4 (1.5)
25 6.3±3.2 (9.5) 0.5±0.3 (0.7) 0.4±0.3 (0.6) 0.1±0.0 (0.2) 0.6±0.2 (1.0)
26 6.5±3.8 (9.7) 0.5±0.2 (0.7) 1.0±0.3 (1.5) 0.9±0.6 (1.3) 0.7±0.5 (1.1)
27 6.1±3.6 (9.2) 0.5±0.3 (0.8) 0.4±0.3 (0.7) 0.8±0.5 (1.2) 0.5±0.3 (0.8)
28 7.4±3.8 (11.1) 0.4±0.2 (0.7) 0.5±0.2 (0.8) 0.3±0.1 (0.4) 0.6±0.4 (1.0)
29 7.2±3.1 (10.8) 0.2±0.1 (0.3) 0.0±0.0 (0.1) 0.3±0.1 (0.5) 0.3±0.2 (0.5)
30 5.2±3.3 (7.7) 0.2±0.1 (0.4) 0.8±0.4 (1.2) 0.5±0.2 (0.7) 0.1±0.1 (0.2)
31 5.2±2.2 (7.8) 0.5±0.2 (0.8) 0.3±0.1 (0.4) 0.8±0.4 (1.2) 0.9±0.3 (1.3)

Mean 5.0±2.7 (7.6) 0.4±0.2 (0.6) 0.6±0.3 (0.9) 0.6±0.3 (0.9) 0.7±0.3 (1.1)

Table 4.1: Inter-observer variability of features collected from CT volume by three
annotators. Variability is expressed in millimeters as mean distance ±
standard deviation (maximum distance).
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Figure 4.1: Visual representation of CT annotations by an experienced surgeon (red)
and two medical readers (green and blue). Four knees with the lowest
inter-observer variability are shown; features include anatomical axis, bi-
condylar width, anterior and posterior condylar prominences, condylar
centers and radii (depicted by circular outline).
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Figure 4.2: Visual representation of CT annotations by an experienced surgeon (red)
and two medical readers (green and blue). Four knees with the highest
inter-observer variability are shown; features include anatomical axis, bi-
condylar width, anterior and posterior condylar prominences, condylar
centers and radii (depicted by circular outline).
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Dataset Lateral Anterior
Prominence

Medial Anterior
Prominence

Lateral Posterior
Prominence

Medial Posterior
Prominence

1 1.4±0.6 (2.0) 0.4±0.2 (0.5) 1.8±0.6 (2.6) 1.7±0.6 (2.5)
2 1.8±0.2 (2.1) 2.2±0.6 (3.0) 1.8±0.6 (2.6) 2.8±1.1 (4.0)
3 1.5±0.8 (2.1) 1.4±0.7 (1.9) 1.7±0.5 (2.4) 2.1±0.4 (2.7)
4 3.4±0.7 (4.3) 1.8±0.5 (2.4) 1.2±0.4 (1.7) 5.7±2.1 (8.4)
5 2.8±0.9 (3.7) 1.2±0.2 (1.3) 1.1±0.4 (1.4) 3.7±1.3 (5.5)
6 1.4±0.5 (1.8) 1.1±0.6 (1.6) 1.4±0.5 (2.1) 0.9±0.5 (1.2)
7 2.6±1.0 (3.9) 0.9±0.2 (1.2) 0.5±0.2 (0.8) 0.7±0.2 (0.9)
8 1.1±0.3 (1.5) 2.0±0.6 (2.5) 1.2±0.3 (1.7) 1.1±0.6 (1.6)
9 1.0±0.1 (1.0) 0.8±0.1 (0.9) 0.9±0.3 (1.2) 0.9±0.6 (1.4)
10 1.9±0.5 (2.6) 1.6±0.5 (2.2) 0.8±0.1 (0.9) 0.5±0.2 (0.7)
11 1.8±0.6 (2.5) 1.6±0.4 (2.0) 1.2±0.5 (1.8) 3.2±1.2 (4.8)
12 2.6±0.7 (3.5) 2.5±0.5 (3.0) 1.4±0.6 (1.9) 2.2±1.2 (3.2)
13 1.6±0.3 (2.0) 1.8±0.5 (2.2) 0.6±0.1 (0.7) 0.8±0.3 (1.2)
14 1.5±0.5 (2.2) 1.4±0.2 (1.7) 1.5±0.3 (1.8) 0.9±0.6 (1.4)
15 1.8±0.6 (2.4) 2.7±0.6 (3.2) 1.0±0.2 (1.1) 1.3±0.5 (1.8)
16 1.4±0.5 (1.9) 1.6±0.7 (2.2) 1.9±0.7 (2.8) 1.5±0.4 (1.9)
17 2.3±0.7 (3.2) 3.4±1.2 (4.9) 1.3±0.5 (1.8) 1.1±0.3 (1.6)
18 1.7±0.6 (2.3) 1.3±0.3 (1.6) 1.7±0.6 (2.5) 1.6±0.7 (2.4)
19 2.5±1.0 (3.5) 1.1±0.4 (1.5) 1.1±0.5 (1.4) 3.6±1.5 (5.4)
20 3.1±1.1 (4.6) 1.6±0.6 (2.3) 1.3±0.6 (2.0) 1.5±0.4 (1.9)
21 2.3±0.8 (3.4) 6.7±2.3 (9.9) 2.2±0.7 (3.2) 1.0±0.5 (1.5)
22 2.0±0.5 (2.5) 1.8±0.5 (2.4) 1.6±0.5 (2.2) 2.1±0.8 (3.1)
23 1.7±0.8 (2.5) 0.7±0.3 (0.9) 1.4±0.6 (1.8) 2.4±0.8 (3.4)
24 1.3±0.4 (1.5) 1.3±0.3 (1.5) 0.8±0.3 (1.1) 0.9±0.4 (1.4)
25 1.7±0.7 (2.4) 1.5±0.7 (2.1) 0.8±0.3 (1.1) 0.6±0.3 (0.9)
26 2.0±0.4 (2.4) 2.2±0.2 (2.5) 1.6±0.3 (1.9) 1.1±0.2 (1.3)
27 1.3±0.3 (1.5) 2.5±0.9 (3.7) 1.1±0.5 (1.5) 1.3±0.4 (1.9)
28 2.4±0.5 (3.1) 3.7±0.6 (4.4) 1.3±0.2 (1.6) 1.6±0.3 (2.1)
29 1.7±0.6 (2.6) 1.5±0.6 (2.2) 1.6±0.8 (2.4) 0.6±0.2 (0.8)
30 1.3±0.6 (1.9) 1.3±0.4 (1.9) 1.4±0.4 (1.8) 1.3±0.4 (1.9)
31 1.3±0.4 (1.9) 1.1±0.4 (1.7) 1.0±0.4 (1.5) 0.6±0.2 (0.9)

Mean 1.9±0.6 (2.5) 1.8±0.5 (2.4) 1.3±0.4 (1.8) 1.7±0.6 (2.4)

Table 4.2: Inter-observer variability of features collected from CT volume by three
annotators. Variability is expressed in millimeters as mean distance ±
standard deviation (maximum distance).
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Dataset Anatomical Axis
Distal Endpoint

Anatomical Axis
Proximal Endpoint

Lateral Posterior
Condylar Center

Medial Posterior
Condylar center

1 1.5±0.4 (2.0) 1.1±0.3 (1.4) 2.2±0.4 (2.6) 1.4±0.5 (1.9)
2 1.8±0.9 (2.5) 1.6±0.4 (2.1) 1.6±0.3 (2.0) 3.3±0.8 (4.1)
3 2.2±0.8 (3.0) 0.5±0.2 (0.7) 1.2±0.3 (1.7) 1.6±0.6 (2.4)
4 2.4±1.3 (3.4) 1.7±0.8 (2.6) 1.2±0.1 (1.4) 4.7±1.6 (6.9)
5 1.8±0.6 (2.6) 1.5±0.3 (1.9) 1.3±0.5 (1.8) 2.8±0.9 (4.0)
6 3.0±1.1 (4.4) 1.7±0.6 (2.6) 1.7±0.6 (2.1) 1.0±0.4 (1.3)
7 2.0±1.0 (2.9) 1.0±0.4 (1.4) 0.6±0.1 (0.7) 0.8±0.4 (1.2)
8 3.2±1.1 (4.7) 1.7±0.6 (2.5) 0.9±0.4 (1.3) 0.8±0.3 (1.0)
9 2.8±1.6 (4.1) 1.4±0.6 (2.0) 0.9±0.2 (1.2) 2.1±0.7 (2.7)
10 1.3±0.4 (1.8) 0.9±0.2 (1.1) 1.0±0.1 (1.2) 0.6±0.2 (0.8)
11 2.4±0.8 (3.5) 1.4±0.5 (2.1) 1.2±0.2 (1.3) 2.8±0.9 (4.0)
12 3.8±1.3 (5.7) 1.9±0.6 (2.8) 2.2±0.7 (3.1) 2.2±0.8 (2.8)
13 2.7±1.4 (3.9) 1.5±0.5 (2.2) 0.3±0.1 (0.4) 0.8±0.3 (1.1)
14 2.2±0.6 (2.7) 0.5±0.1 (0.7) 1.1±0.4 (1.4) 0.7±0.1 (0.9)
15 2.9±0.9 (3.6) 1.5±0.5 (2.0) 1.4±0.1 (1.6) 1.3±0.5 (1.9)
16 0.9±0.2 (1.2) 0.9±0.1 (1.1) 2.1±0.5 (2.7) 1.4±0.7 (2.0)
17 2.2±0.9 (3.0) 1.2±0.4 (1.6) 1.0±0.3 (1.2) 1.2±0.5 (1.7)
18 1.3±0.3 (1.6) 1.6±0.8 (2.3) 1.1±0.3 (1.3) 1.3±0.3 (1.7)
19 1.9±0.7 (2.5) 1.7±0.6 (2.1) 0.6±0.3 (0.9) 3.0±1.1 (4.1)
20 2.1±0.2 (2.3) 0.8±0.2 (1.0) 1.1±0.1 (1.2) 1.1±0.5 (1.6)
21 1.7±0.3 (2.1) 0.7±0.1 (0.9) 1.5±0.6 (2.2) 1.7±0.7 (2.5)
22 2.9±1.4 (4.3) 1.6±0.9 (2.4) 1.2±0.4 (1.7) 1.8±0.6 (2.6)
23 2.8±1.4 (4.1) 0.6±0.3 (0.9) 0.7±0.2 (1.0) 1.7±0.5 (2.5)
24 2.5±0.6 (3.3) 1.4±0.3 (1.8) 0.8±0.3 (1.2) 1.3±0.5 (1.9)
25 1.4±0.1 (1.5) 0.9±0.1 (1.0) 0.6±0.2 (1.0) 0.9±0.4 (1.2)
26 3.0±0.9 (4.1) 1.3±0.2 (1.7) 1.4±0.6 (2.1) 1.3±0.1 (1.4)
27 2.3±0.7 (3.1) 1.3±0.5 (1.8) 1.4±0.8 (2.0) 1.3±0.4 (1.9)
28 4.2±0.8 (5.3) 2.3±0.7 (3.1) 1.0±0.4 (1.3) 1.0±0.2 (1.3)
29 2.2±0.9 (3.3) 1.3±0.4 (1.9) 1.8±0.5 (2.3) 0.6±0.2 (0.8)
30 1.0±0.3 (1.3) 0.7±0.1 (0.8) 1.1±0.5 (1.6) 1.3±0.4 (1.8)
31 1.1±0.6 (1.6) 1.0±0.2 (1.2) 1.3±0.8 (2.0) 1.2±0.4 (1.8)

Mean 2.2±0.8 (3.1) 1.3±0.4 (1.7) 1.2±0.4 (1.6) 1.6±0.5 (2.2)

Table 4.3: Inter-observer variability of features collected from CT volume by three
annotators. Variability is expressed in millimeters as mean distance ±
standard deviation (maximum distance).
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Figure 4.3: Mean inter-observer variability of annotations collected from CT volumes.
Values are expressed in millimeters.

4.2 Statistical Shape Atlas

In this section we qualify and quantify the principal modes of variations of the knee

bone. Subsequently, we present the results from the leave-one-out surface model

reconstruction validation.
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4.2.1 Principal Variations of Geometry

Following principal component analysis (PCA), the variance expressed by each com-

ponent was examined. Tables 4.4 - 4.9 provide a visual representation of the first

six principal components, which were found to express the most visually discernible

amount of variance, accounting for 85% of the overall variance across all components.

A gradient colour scale is used to quantify the amount of deformation from the mean

shape as seen in Figure 4.4. A summary of the variance covered by all principal

components and the associated eigenvalue can be found in Table 4.10.

Figure 4.4: Colour scale used to illustrate geometric changes from the mean shape.
Left from the center, the shape deforms inwards; right from the center, it
deforms outwards. Numerical values represent the change in millimeters.

The first principal component dictates overall scaling. As the coefficient weights

are increased, so does the shaft’s circumference, the condylar size, and the intercondy-

lar width. The opposite behavior is observed as the weights are decreased. Only the

shaft length and the region containing the distal knee center remain relatively con-

stant. For the remainder of the components, we make the assumption that geometric

changes are mirrored between decreasing and increasing weights.

The second principal component affects the condyles. When coefficient weights

are decreased, the medial condyle increases in size distally, while the lateral side

remains relatively constant. Regarding the anterior condylar surface, the lateral side

increases in prominence relative to the medial one. Posteriorly, the intercondylar
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Table 4.4: First Principal Component
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Table 4.5: Second Principal Component
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Table 4.6: Third Principal Component
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Table 4.7: Fourth Principal Component
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Table 4.8: Fifth Principal Component
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Table 4.9: Sixth Principal Component
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Principal Components Eigenvalues Variance (%) Cumulative Variance (%)

1 22662.04 52.35 52.35
2 4757.73 10.99 63.34
3 4529.93 10.46 73.80
4 2459.97 5.68 79.48
5 1540.75 3.56 83.04
6 1084.07 2.50 85.55
7 1071.65 2.48 88.02
8 952.34 2.20 90.22
9 540.64 1.25 91.47
10 502.16 1.16 92.63
11 415.95 0.96 93.59
12 381.37 0.88 94.47
13 334.26 0.77 95.25
14 290.56 0.67 95.92
15 255.12 0.59 96.51
16 241.34 0.56 97.06
17 194.63 0.45 97.51
18 162.70 0.38 97.89
19 150.22 0.35 98.24
20 130.72 0.30 98.54
21 118.76 0.27 98.81
22 94.79 0.22 99.03
23 86.19 0.20 99.23
24 74.79 0.17 99.40
25 66.11 0.15 99.56
26 59.29 0.14 99.69
27 48.58 0.11 99.80
28 39.73 0.09 99.90
29 30.07 0.07 99.97
30 14.76 0.03 100.00

Table 4.10: Eigenvalue and variance expressed by each principal component.

width increases, while the condyles increasingly get oriented distally relative to the

shaft. Finally, shaft width increases primarily in the lateral direction. Increasing the

weights causes the distal aspect of the condyles to flatten outwards in the lateral and

medial direction. Additionally, the anterior prominences on the medial and lateral

sides become more mirrored with regards to their distance to the trochlear groove in

the anterior-posterior direction.
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The third principal component influences a more diverse array of morphological

changes. Decreasing the weights causes a uniform increase in shaft width both later-

ally and medially, while its depth remains constant distally but increases on proximal

end in the posterior direction. The condylar depth decreases, while the bicondylar

width remains relatively constant. The width of the individual condyles decrease;

however, the change is greater on the medial side than the lateral one. The posterior

condylar height decreases, with the greatest amount of change occurring along the

proximal surface. Lastly, the intercondylar width decreases.

The fourth principal component changes the anterior surface curvature of both

the shaft and the condyles as well as the orientation of the lateral posterior condyle

relative to the medial one. The lateral posterior condyle orients inwards towards the

medial condyle when the weights are decreased. Laterally, the proximal portion of

the anterior condylar surface flattens. Medially, the anterior prominence becomes

less defined. Along the posterior side of the shaft, the surface undergoes a flattening

effect.

The effects of the fifth principal component are more subtle, altering the proximity

of the condyles to one another. A decrease of the weights results in the distance

between the two condyles to increase in the medial-lateral direction. As it increases,

the shaft’s width narrows medially. In the anterior-posterior direction, the curvature

increases along the anterior and posterior surfaces where the shaft meets the condyles.

In contrast, when the weights increase, the aforementioned shaft curvature flattens.

Finally, the sixth principal component deforms the medial posterior condyle and

the lateral anterior condyle. The medial posterior condylar width decreases while

the overall bicondylar width increases in the medial direction. Anteriorly, the lateral
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condylar width increases in the lateral direction, reducing the “A” distal profile of

the femur.

4.2.2 Reconstruction Error

To validate the atlas, a leave-one-out process was applied where a learning shape

is excluded from the population, the shape atlas is recomputed, and the coefficient

weights are determined by projecting the left-out shape onto the principal compo-

nents. The distance between the reconstruction and the actual shape is compared

by calculating the root-mean-square (RMS) error of corresponding points. The RMS

error represents the “best case” reconstruction of that particular shape using the at-

las. To this error, we compare the reconstruction error using (a) CT features and (b)

X-ray DRR features.

This was done to illustrate the reconstruction error introduced solely from the use

of features, and the error originating from a change in the imaging modality used for

feature acquisition. Table 4.11 provides the results of the leave-one-out error analysis

for each dataset as well as the mean reconstruction error across all of them.
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Dataset
Best Case

Reconstruction
Reconstruction from
CT DRR Features

Reconstruction from
X-ray DRR Features

1 0.37 1.36 1.33
2 0.81 1.04 1.69
3 0.59 1.33 1.40
4 0.51 1.25 0.99
5 0.55 1.17 1.24
6 0.59 1.26 1.62
7 0.72 1.90 1.88
8 0.53 1.86 1.66
9 0.47 1.63 2.00
10 0.67 1.59 1.45
11 0.58 1.57 1.74
12 0.57 1.53 1.27
13 0.50 1.30 1.32
14 0.58 1.47 2.06
15 0.74 1.81 1.57
16 0.56 1.58 1.65
17 0.50 1.69 1.88
18 0.58 1.01 1.35
19 0.52 1.59 1.54
20 1.09 1.80 1.75
21 0.43 1.41 1.56
22 0.62 1.48 1.42
23 0.26 1.85 2.32
24 0.43 2.15 1.96
25 0.93 1.96 2.04
26 0.93 2.59 2.37
27 0.56 1.70 2.60
28 0.66 1.81 1.94
29 0.57 1.62 1.37
30 0.78 2.05 2.03

Mean±Std Dev 0.61±0.17 1.61±0.34 1.70±0.37

Table 4.11: Leave-one-out RMS error for shape instantiation using actual weights
(best case), weights estimated using CT DRR features, and weights esti-
mated using X-ray DRR features. Values are in millimeters.
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Discussion

Our hypothesis is that anatomical features collected from two calibrated two-dimensional

images can predict three-dimensional geometry to within 2 millimeters RMS. This

hypothesis was supported by the leave-one-out experiments reported in the previous

Chapter. We provide a more in-depth analysis in the sections below, which are orga-

nized with regard to feature variability, principal component analysis and geometry

reconstruction.

5.1 Feature Variability

The lack of established “gold standard” makes qualifying feature variability difficult

and, as such, we compare our results to related studies instead. Our results were

comparable to the study by Victor et al. [33] which employed the same modality and

variability analysis methodology as this study. The authors noted an inter-observer

variability range of 0.3 to 3.5 millimeters for annotations made on CT volumes, mim-

icking our findings for all features but the bicondylar width. We were unable to collect
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information regarding consistency in annotation accuracy by each of the operators,

due to their limited availability, meaning no intra-observer variability comparisons

can be made.

The variability among the prominences is similar, with the variation occurring

primarily along the medial-lateral direction. Feedback from annotators suggested

that this is due to the relatively flat nature of the anterior and posterior condyles,

more so in arthritic knees, making identification of a distinct prominence difficult.

The resulting medial and lateral depths measured from the prominences exhibit the

lowest amount of variability. Similarly, relatively low inter-observer variability is also

seen in the medial and lateral posterior condylar radii.

Other than annotation bias, variability of both the depths and radii is sensitive

to the orientation of the sagittal plane, which in turn is dependent on the condylar

prominences and the anatomical axis. Annotation of the proximal endpoint of the

anatomical axis was relatively consistent, while the distal endpoint location varied

significantly in the anterior-posterior direction. Annotators attributed this to the

increased difficulty in identifying the intercondylar surface outline in the sagittal

view of digitally reconstructed radiographs (DRRs). The nature of DRRs can result

in blurrier images compared to actual radiographs. The considerably large amount

of variability expressed by the bicondylar width makes it unreliable as a feature.

Since it is measured on the coronal image slice containing the anatomical axis, the

variability of the axis’ orientation, caused by the distal endpoint, results in variable

visual representation of the femoral bone.



CHAPTER 5. DISCUSSION 87

5.2 Principal Component Analysis

During principal component analysis, a few important patterns emerged regarding

shape variation. Overall, a strong correlation between condylar width, depth, and

height was observed, reinforcing our choice of features. While the radii captured the

posterior condylar height to some extent, visually some important changes occur along

the proximal aspect of the posterior condylar with regards to curvature and condylar

height. It might be necessary to establish a new feature more apt at capturing that

morphological variability.

Regarding width, the medial and lateral condyles varied greatly in width and

orientation independently from one another. Including the widths of each condyle

and distance between them, both posteriority and anteriorly, could be beneficial, al-

beit difficult to identify on radiographs. Similarly, the distance between the anterior

prominences to the trochlear groove was not adequately captured, yet varied substan-

tially. Lastly, the shaft’s circumference and width relative to depth could be included

as they varied greatly along the main principal components.

5.3 Geometry Reconstruction

As with feature variability, qualifying geometry reconstruction error was done by

comparing it to related studies [118, 122, 124, 127, 128]. In the literature, the mean

RMS reconstruction error varied between 0.8 to 1.1 millimeters for techniques relying

on identifying the bony contour on two-dimensional images to reconstruct the three-

dimensional knee shape. Despite the reconstruction error of this thesis being higher

than the aforementioned studies, they are encouraging and could be improved with
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further work. Notably, improving annotation reliability of the bicondylar width,

which the literary review of Section 2.1.3 suggests is among the more important

features for describing femoral morphology, could greatly impact the reconstruction

results. However, the use of calibrated radiographs taken in the clinic will increase

the error, as these radiographs would not be as accurately posed as the DRRs used

in this study.

Overall, there is an increase in reconstruction error when only using the features

compared to the ground truth error; the difference in error between reconstructions

using CT features and that from using X-ray DRR features is relatively minor. This

would indicate that features collected from X-ray DRR planar views are as reliable as

those collected from CT volumes that offers three-dimensions views. This implies that

CTs are not necessary and might be replaced, in the absence of significant pathology,

by calibrated radiographs.
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Summary and Conclusions

A new method for generating bony surfaces from calibrated X-ray images has been

presented. The shape reconstruction relies on anatomical features and a statisti-

cal shape atlas. There was an emphasis on developing a framework that facilitated

reliable and consistent acquisition of features.

The features used to guide shape instantiation showed an inter-observer variability

within one millimeter for all but one feature, which exhibited variability in excess

of what is acceptable. The root-mean-square distance between the points of the

reconstructed shapes, produced by the statistical shape atlas, and those of their

actual shapes was within two millimeters for 80% of datasets and three millimeters

for the rest.

These results show promise that anatomical features can be used to reconstruct

the corresponding three-dimensional bony geometry. Furthermore, features acquired

from CT and features from X-ray DRR produced equivalent geometric reconstruc-

tions, which would indicate that two-dimensional planar images can be used when

generating three-dimensional shapes. Further work would be needed to refine the
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reconstruction process.

6.1 Drawbacks

One of the main drawbacks of this study is the unavailability of radiographs of the

knee in the calibration brace with corresponding CT image data. Without it, the

error of the calibration system cannot be assessed. Additionally, the lack of repeated

feature acquisition trials by the individual annotators prevents the intra-observer

feature variability from being determined. The presence of only three annotators

could be a large bias in the low inter-observer feature variability.

With regards to the feature acquisition protocol itself, it is subject to the short-

comings of manual annotation. The variability introduced by annotator bias can only

be reduced but not completely eliminated. While most of the features collected by

annotators exhibited acceptable amounts of variability, small amounts of variability

of one feature resulted in significant amounts of variability in the collection of an-

other that depended on it. The annotation software itself required varying amounts

of training. Although, in one instance, the amount was substantial and might not be

possible in a clinical setting.

6.2 Future Work

Over the course of the research, several ideas were conceived that might improve the

accuracy of feature acquisition and shape reconstruction.

1. Annotation of the anatomical axis can be made more robust. Variability of

its orientation was primarily due to the distal endpoint located along the knee
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center surface. As an alternative, the axis could be constructed using two

midpoints along the shaft.

2. The bicondylar width, an important feature for describing knee morphology

collected on the coronal slice of a CT volume containing the anatomical axis,

showed the largest amount of variability. In addition to revising the way the

anatomical axis is annotated, the width could be collected using the three-

dimensional coronal outline of the bone rather than using an image slice.

3. Examining the primary modes of variation, the condylar height and width as

well as the width and depth of the shaft are features that expressed significant

amounts of variability. Including them in the shape prediction process could

yield more accurate results.

4. The approach used to determine a camera’s pose from X-ray radiographs cur-

rently relies on knowing the camera’s intrinsic parameters beforehand. A recent

publication by Penate-Sanchez et al. [148] extended this implementation by in-

cluding focal length estimation. We suggest incorporating these changes to

remove one of the requirements of using X-ray radiographs.

5. At the moment, only the minimum number of training shapes necessary to

generating a satisfactory statistical shape atlas are used. Including additional

shapes would increase the robustness of the atlas.

We hope to use the results of this work to further refine the accuracy of the

reconstructed femoral shape and attempt to replicate this approach to generate tibial

bony surfaces. In the long term, we hope to extend the functionality of the atlas to

also predict knee prosthesis sizing and placement relative to the generated knee.
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Appendix A

Letter of Information and Consent

Form

Dear Sir/Madam,

I am writing to you on behalf of a group of researchers at Queen’s University who
are investigating ways to acquire three-dimensional models of the knee using X-ray
images instead of using conventional computed tomography (CT). This research may
lead to a reduction in the use of CT for some knee procedures and a corresponding
reduction in health-care costs and waiting times.

To do this research, we first need to create a library of CT scans of the knee from
volunteers who have already had a CT scan or who are going to have one as part of
a separate clinical procedure. I am writing you this letter because, at a physician’s
request, you have had or are going to have a CT scan of your knee at the Kingston
General Hospital or the Hotel Dieu Hospital.

Your permission is requested to use this CT scan in this research. If you agree, we
will obtain a copy of your CT and X-ray images. These image files will be stripped
of all identifying personal information so that you will remain anonymous. We will
not ask you to do anything more. No further tests, procedures, or hospital visits are
required.
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I invite you to read the enclosed information sheet. The principal investigators,
myself and Dr. James Stewart, would be more than happy to answer any questions
you may have about this research study. For more information regarding the research
study, you are invited to contact me at (613) 876-1112 or Dr James Stewart at (613)
533-3156 directly.

If you have concerns about your rights as a research subject please contact Dr. Joan
Stevenson, General Research Ethics Board at (613) 533-6081. This study has been
granted clearance according to the recommended principles of Canadian ethics guide-
lines, and Queen’s policies.

Sincerely,

Jerome Grondin Lazazzera
M.Sc. Candidate
School of Computing
Queens University
Kingston, ON
K7L 3N6, Canada

PATIENT INFORMED CONSENT:

I have read (or have had read to me) and understand the consent form. All my
questions about the collection of the information and how it will be used have been
answered to my satisfaction. I understand that my CT and X-ray data will be
anonymized and used to construct a 3D shape model of the knee. I understand
that I may not directly benefit from the information obtained from this study but
that others in need of knee surgery may. I realize that I am free to withdraw from the
study at anytime, without prejudice or penalty to my ongoing or future medical care.
Should I have concerns about this study or its adverse effects, or if I have any further
questions, I can contact Dr James Stewart ((613) 533-3156 or jstewart@cs.queensu.ca)
or Jerome Grondin Lazazzera ((613) 533-3156 or jerome@cs.queensu.ca), as well as
the Head of the Department of Surgery, Dr. John Rudan ((613) 549-6666 ext. 3671),
and Dr. Joan Stevenson, General Research Ethics Board ((613) 533-6081). If I have
questions regarding my rights as a research subject, I can contact Dr. Joan Stevenson,
General Research Ethics Board ((613) 533-6081). I may retain a copy of this con-
sent form for my records. To withdraw from this study, participants can contact the
aforementioned Dr James Stewart or Jerome Grondin Lazazzera by phone or email.

I understand that the principal investigators and their research team will take all



APPENDIX A. LETTER OF INFORMATION AND CONSENT FORM 116

reasonable steps to ensure the security of this information at all times and that
no information that could identify me will be published. Furthermore, I allow the
anonymized information and images collected from my procedure to be released to
the principal investigator, his collaborators and research assistants at the School of
Computing for analyses purposes and may be published in open literature.

Patient’s Last Name (Please Print) Patient’s First Name (Please Print)

Patient’s Signature Today’s Date


