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Abstract 

 
The motivation of the research is to develop a 3D visualization tool to assist a consultant 

radiologist in the diagnosis of Chondral injury/osteoarthritic (OA) craters that exist in 

Magnetic Resonance (MR) images of the femoral cartilage of the human knee. The thesis 

presented addresses this by making three scientific contributions. 

The first contribution is in the area of segmentation by presenting the development of a 

simple, robust and user-friendly semi-automatic segmentation method which we term the 

“Region-Based Segmentation and Bounding Box” (RBS&BB) method. A useful feature of 

this method is that it requires four mouse clicks to segment the articular cartilage from MR 

images. 

The second contribution is in the field of surface reconstruction by introducing a novel 

fusion of an adaptation of the contour method known as ‘Contour Interpolation (CI)’ with 

Radial Basis Functions (RBFs) which we describe as ‘Contour Interpolated/RBFs (CI-

RBF)’. In addition, we also present a spline boundary correction method which enhances 

the volume estimation of the method. The CI-RBF method significantly reduces data 

points required and significantly improved the computation speed over the comparable 

methods. 

The third contribution is in the field of hole-filling by the development of an image 

processing tool to rapidly and automatically detect 3D render and accurately quantify 

Chondral injury/OA craters that exist in MR images of the femoral cartilage. This was 

achieved by adapting the Moshtagh ellipsoid method and its novel combination with 

Harris’s corner detection method. The 3D rendering of the OA crater was achieved by our 

developed CI-RBF method. We validate the performance of our proposed method by 

performing three investigations. Firstly, we validate the method against synthetic craters, 

of known radii, generated in the femoral cartilage. Secondly, we demonstrate that the 

developed method can detect knees with pathology from a randomized sequence of knees 

with and without pathology). Finally, we show how the method can determine the volume 

of real OA craters and compare this to the manual delineation method. 

It is hoped that the techniques developed in this thesis will be of benefit to the future 

researchers in the field of segmentation, surface reconstruction and the detection of OA. 
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Chapter 1 

Thesis Overview 

 

The motivation of the research was to develop a 3D visualization tool to assist a 

consultant radiologist in diagnosis of Chondral injury/osteoarthritic (OA) craters that 

exist in Magnetic Resonance (MR) images of the femoral cartilage of the human knee. 

The thesis consists of three scientific contributions. The first scientific contribution is to 

develop a semi-automatic segmentation technique Region-based Segmentation and 

Bounding Box (RBS&BB) method that can quickly segment the patellar, femoral and 

tibial regions of the articular cartilage of the human knee from MR images. The second 

contribution is concerned with the development of a 3D reconstruction method by 

fusing contour interpolation (CI) with radial basis functions (RBFs) which we call “The 

Contour Interpolated - Radial Basis Function” (CI-RBF) method. This method was used 

to reconstruct 3D models of the femoral, tibial and patellar cartilages from the 

segmented MR images generated by RBS&BB method. The third scientific contribution 

is concerned with the development of an image processing tool that can rapidly, 

automatically detect 3D render and quantify Chondral injury/osteoarthritic (OA) craters 

accurately from MR images of the femoral cartilage which is an adaptation of 

Mostagh’s and Harris’s methods. A brief overview of each chapter will now be given. 

In chapter two, features of the human knee that have significance to articular 

cartilage damage are discussed. A brief synopsis concerning the bone, ligaments, 

muscles, menisci and articular cartilage is presented in the beginning of the chapter. A 

detailed discussion on the articular cartilage composition and functions are then 

presented. This is followed by a discussion of the chondral lesions which includes 

classification of chondral lesions by ICRS and a popular variation of this classification 
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by Bauer and Jackson. The chapter concludes by a concise presentation on various 

imaging modalities for the diagnosis of detrimental changes to articular cartilage. 

Chapter three, details materials and resources used in this research. A discussion on 

the MR sequences used for cartilage quantification and Chondral injury/OA crater 

detection is presented. The chapter includes and discusses the ethics application that 

was submitted for the Chondral injury/OA crater study.  

In chapter four, a review of the different methods used by the researchers in the field 

to segment the articular cartilage of the human knee from MR images are presented. In 

the first section of the chapter, a review of the manual techniques used for the articular 

cartilage segmentation is initially presented. This is followed by a review on the semi-

automatic and automatic techniques used for segmenting the articular cartilage.  

In the last section of this chapter, we present the development of a simple, robust and 

user friendly method which we term as the “Region-Based Segmentation and Bounding 

Box” (RBS&BB) method for the segmentation of the articular cartilage from the MR 

images of the human knee. This is followed by the performance assessment of the 

developed RBS&BB segmentation method used for the extraction of the femoral, tibial 

and patellar cartilages using a Dice Similarity coefficient, Sensitivity and Specificity 

measure. The section is concluded with the quantitative analysis of the RBS&BB 

method. 

In chapter five, 3D surface reconstruction techniques are presented. The first section 

of the chapter presents a brief discussion on the surface reconstruction and its 

application. The chapter reviews the Delaunay approach, Crust and Cocone methods. 

Next, 3D Doctor a commercial package which employs tiling and adaptive Delaunay 

triangulation for surface rendering is presented. This is followed by a discussion on 

another surface reconstruction technique, namely, implicit surface interpolation. The 
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Radial Basis Functions (RBFs), partition of unity and moving least squares are 

presented under implicit surface interpolation. Carr’s [66] un-optimized method which 

is particular to this work and which applies RBF interpolation to scattered data for 

reconstructing a surface is then presented. The chapter is concluded by a discussion of 

the Contour-based surface reconstruction. 

In chapter six, a simple and effective method of fusing an adaptation of the contour 

method known as ‘Contour interpolation (CI)’ with radial basis functions (RBFs) is 

developed which is described as ‘Contour interpolated/RBFs (CI-RBF)’. The chapter 

demonstrates how this new method provides an accurate and fast 3D reconstruction 

model of the human articular cartilage from MR images. A spline boundary correction 

is also presented which further enhances accuracy. The chapter demonstrates how the 

proposed CI-RBF method significantly reduces the number of data points required for 

fitting an implicit surface to the entire cartilage and also improves the speed of 

reconstruction. The chapter also compares the proposed CI-RBF method to two other 

models: a commercial package (3D Doctor), Carr’s RBF method and a benchmark 

manual method for the reconstruction of the femoral, tibial and patellar cartilages. To 

validate the quality of the proposed CI-RBF method a subject cohort consisting of 17 

right non-pathological knees (10 female and 7 male) is assessed.  

Furthermore, quantitative analysis is performed on the mean estimated volumes of 

the 3D models of the femoral, tibial and patellar cartilages. Also, the computation-speed 

and data requirements of the CI-RBF method are compared to the Carr and 3D Doctor 

models.  

Chapter seven presents a review of the volume-based methods and mesh-based 

methods hole filling techniques. We then proceed to develop an image processing tool 

that can rapidly, automatically detect, 3D render and quantify Chondral 
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injury/osteoarthritic (OA) craters accurately that exist in MR images of the femoral 

cartilage. We describe how it is possible to adapt the Moshtagh’s ellipsoid method and 

combine it with Harris’s corner detection method to identify the Chondral injury/OA 

crater boundaries. We use our contour interpolated Radial Basis Function (CI-RBF) 

method for 3D reconstruction of the Chondral injury/OA craters. Three investigations 

are performed to validate the performance of the method. Firstly, a number of synthetic 

holes, of known radii and volume, are generated in the MR images of the femoral 

cartilage and then determine the percentage root mean square error (%RMSE) of our 

automated method to the known crater volumes and to volumes determined by the 

manual delineation of the craters to test the accuracy of our method. Secondly, the 

automated method is used to detect knees with pathology from a randomized series of 8 

knees (4 with pathology and 4 healthy). Finally, we determine the volumes of real 

Chondral injury/OA craters in 4 knees using manual delineation and compare the 

%RMSE of this to our automated method. To our knowledge this is the first time 

Chondral injury/OA craters in the MR image of a human femoral cartilage have been 

detected and quantified automatically. 
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Chapter 2 

The Human Knee 

 

2.1 Introduction 

This chapter addresses features of the human knee that have relevance to damage 

occurring to the articular cartilage. The joints of the body are quite different in structure 

and hence an awareness of particular elements of the knee joint were thought necessary 

for identifying potential signal analysis techniques that might be utilized to improve the 

quantification of damage to the articular cartilage. The chapter starts with a brief 

synopsis concerning the bones, ligaments, muscles, menisci, and articular cartilage. 

Thereafter, biomechanics of the knee is presented, this comprising the kinematics and 

loading on the joint. This is followed by a discussion of the features of osteoarthritis 

and chondral lesions. The chapter concludes with a discussion on the imaging 

modalities utilized for the diagnosis of detrimental changes to articular cartilage. 

 

2.2 Anatomy of the knee 

2.2.1 Introduction 

The knee is the largest joint in the body, and also one of the most complicated 

because it has many important roles to play for effective locomotion. These include the 

provision of range of motion within the lower extremity, decreasing the motion of the 

center of mass of the body with each step, and shock absorption.   

The knee is comprised of a tibiofemoral (articulation of the femur over the tibia) and 

patellofemoral (articulation of the patella over the femur) joints. The tibiofemoral joint 

is further divided into medial and lateral compartments. 
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The bones associated with the knee are the tibia, femur, and patella primarily (Fig 

2.1 [1]). 

 

Fig 2.1 [1] Bony anatomy of the knee 

 

The knee joint comprises the distal end of the femur and proximal end of the tibia. 

The distal end of the femur has a medial and a lateral condyle. Each condyle has a 

different shape which matches the shape of a plateau on the proximal end of the tibia 

(Fig 2.2 [2]).  

 

Fig 2.2 [2] Right Femur viewed from below 

 

Hence the tibial plateau has a medial and lateral section split by the tibial spine (Fig 

2.3 [3] ).  
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Fig 2.3 [3] Upper surface of Tibia 
 

2.3 Major ligaments 

There are four major ligaments: Anterior Cruciate ligament (ACL), Posterior 

Cruciate ligaments (PCL), Lateral Collateral ligaments (LCL) and Medial Collateral 

ligament (MCL). The cruciate ligaments reside deep within the joint space and resist 

forward and backward translation of the tibia on the femur. The lateral ligaments resist 

medial and lateral forces. Overall these ligaments provide stability to the knee joint 

[138], and when damaged can increase laxity. Increases in laxity can lead to instability 

and subsequent damage to the articular cartilage.  

 

2.4 Major muscles of the knee 

There are two group muscles of the knee that are important to controlling motion at 

the joint: Quadriceps and Hamstrings. The Quadriceps muscles extend the knee joint 

and are important in controlling knee flexion. They also act as a shock absorber storing 

energy associated with landing activities [193]. When weak, as a result of injury or 

chronic articular disease, these muscles are less effective in their roles and thus more 

stress is placed on the articular cartilage, increasing the possibility of damage to this 

structure.  
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The hamstring muscle groups are used for actively flexing the knee and can also act 

as a supplementary hip extensor. These muscles also limit knee extension [4]. Their role 

in providing protection to the articular cartilage is less than the quadriceps, though after 

some injuries, e.g., anterior cruciate ligament rupture, these muscles can aid in stability 

of the joint and hence indirectly protecting the articular cartilage. 

 

2.5 Menisci  

The menisci Fig 2.4 (a) and (b) [4] act as shock absorbers against impact-type 

loading, as well as distributing compressive and shear loading across the articular 

cartilage surfaces [13, 123, 175, 223]. The menisci are made of different types of 

collagen that are specifically distributed to reduce stress on the articular cartilage [24]. 

The menisci also assist in the joint lubrication, cartilage nutrition and overall joint 

stability. The menisci protect the weight-bearing surfaces of the tibia and femur [157, 

263]. As the medial meniscus experiences greater stress than the lateral, it tears more 

often. When torn, there is increased stress upon the articular cartilage and the potential 

for subsequent damage, often leading to premature osteoarthritis [265]. 

 

 
Fig 2.4 [4] (a) Anterior (front) view of the knee (b) Knee close-up showing cruciate 
ligaments and menisci 
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2.6 Articular cartilage  

In the human adults cartilage may be classified as fibrous, elastic, or hyaline [288]. 

The articular cartilage Fig 2.4 (a) [4] is a thin layer of hyaline (transparent) cartilage 

[124] which covers the ends of the bones at the joint. It serves as a friction-reducing, 

lubricated and wear-resistant surface that is slightly compressible to evenly distributed 

forces during loading. Articular cartilage can bear high cyclic loads without any 

damage or degenerative change [58, 194]. The following sections provide a brief 

discussion about the composition, structure and functions of the articular cartilage. 

 

2.6.1 Composition of articular cartilage 

Articular cartilage is 2 to 4mm thick. It does not have blood vessels, lymphatics or 

nerves. Articular cartilage comprises of two phases: solid and fluid. The fluid phase is 

75-80% of the wet weight (ww) of cartilage [197]. Water, which contributes up to 80% 

wet weight of the tissue, is the main ingredient of the fluid phase. Other components 

include sodium, potassium, chloride and calcium ions. The extra cellular matrix (ECM) 

constitute the solid phase [27, 210]. Composition of the solid phase is approximately 

10% chondrocytes, 10-30% collagen, 3-10% proteoglycans, approximately 10% lipids 

and small amount of glycoproteins [211]  

 

2.6.2 Chondrocytes 

The chondrocyte is the resident cell type in the articular cartilage [118]. 

Chondrocytes constitute only 1 to 5% of the ECM volume [142]. Chondrocytes are 

highly specialized, metabolically active cells responsible for the development, repair 

and maintenance of the ECM. The number, shape and size of chondrocytes change 

according to the anatomical region of the articular cartilage. Chondrocytes are flatter, 
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smaller and denser in the superficial zone of the cartilage. Chondrocytes seldom make a 

cell-to-cell contact for communication amongst cells. Instead, they respond to growth 

factors, piezoelectric forces, hydrostatic pressures and mechanical loads [59]. Cartilage 

has a limited intrinsic healing capacity to an injury because the chondrocytes have 

restricted replication potential.  

 

2.6.3 Collagen 

Collagen constitutes about 60% of the dry weight of the cartilage [118]. Types of 

collagen found in the articular cartilage are divided into fibril and non-fibril forming 

[142]. Types VI, IX and X do not form fibrils but they contribute to the ECM structure 

whereas types II and XI form fibrils. Type II collagen fibrils whose fibril thickness 

changes according to the depth of the cartilage and other collagen types add to the 

tensile strength of cartilage [159]. Type II collagen accounts for 90 to 95% of the 

collagen in the ECM and thus represents the major type of collagen in the articular 

cartilage. Collagen types I, IV, V, VI, IX and XI represent only minor proportion of 

collagen which stabilize the fibril network of collagen type II. Every member of the 

collagen family (at least 15 different types of collagen) has a composition involving 3 

polypeptide chains (triple helix structure). The polypeptide triple helix structure 

provides stability to the matrix by adding to the shear and tensile properties of the 

articular cartilage [196].  

 

2.6.4 Glycosaminoglycans 

Glycosaminoglycans (GAG) are long chains of non-branching polysaccharides, 

comprising of repeated disaccharide units [117]. The disaccharide usually has a sulfate 

group (SO4
2-). The GAG has a negative charge due to sulfated disaccharides and COO- 
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ionic group. This negative charge helps to control hydration and mechanical properties 

of the cartilage [23]. 

 

2.6.5 Proteoglycans 

Proteoglycans are the second largest group of macromolecules in the ECM of the 

articular cartilage and constitute 10 to 15% of the wet weight. Proteoglycan as shown in 

Fig 2.5 [5] mainly consists of a protein core with 1 or more glycosaminoglycan chains 

attached in a covalent manner.  

 
Fig 2.5 [5] Structure of an aggrecan-type complex proteoglycan 

 

More than 100 monosaccharides form the chain and charge repulsion keeps them 

separated from each other. The proteoglycan which are essential for the normal 

functions of the articular cartilage are: aggrecan, biglycan, fibromodulin and decorin. 

Aggrecan is the major type of proteoglycan found in articular cartilage, and gives it 

strength to resist compressive loads [159].  
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2.6.6 Zones 

Articular cartilage has four distinct zones: superficial, middle, deep and calcified as 

shown in Fig 2.6 (a) and (b) [7]. These zones have different material composition and 

thus mechanical properties. There are 15% dry weight (dw) contents of proteoglycan in 

the superficial, 25% dw in the middle and 20% dw in the deep zones. The collagen 

contents are 86% dw in the superficial and 67% dw in the deep zones. The water 

contents varies linearly from approximately 84% to 40 – 60% with increasing depth 

[196]. 

 

 
(a) (b) 

Fig 2.6 [7] (a) Cellular arrangement in the zones of articular cartilage (b) Collagen fiber 
organization 

 

The superficial zone which contributes 10 to 15% to the cartilage thickness protects 

the deeper layers from shear and tensile stresses. The superficial zone is tightly packed 

with collagen fibers which primarily lie parallel to the articular surface. This collagen 

also plays an important part in the fluid permeability of the cartilage. It has been 

reported that the articular cartilage permeability increases with the removal of its 

topmost layer [129, 270], thus affecting shock absorbing capacity. 
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The middle zone acts as a bridge between the superficial and deep zones. The 

collagen fibers in the middle zone are more randomly oriented. The middle zone also 

has highest proteoglycan content of all layers. The middle zone constitutes 40 to 60% 

[118] cartilage volume. The middle zone provides initial resistance against the 

compressive forces. 

The deep zone constitutes 30% of the cartilage volume [118]. As the collagen fibrils 

in the deep zone are arranged perpendicular to the articular surface, the deep zone 

resists the compressive forces. In the deep zone, the bond between cartilage and bone is 

reinforced by the extension of radial collagen fibers into the calcified zone. A distinct 

tidemark separates the deep zone from the calcified zone. Collagen X is present in the 

calcified zone. As the chondrocytes for calcified zone are confined within the calcified 

matrix they are inert [25]. 

 

2.6.7 Functions of articular cartilage 

The main function of articular cartilage is to present an articulation surface with least 

friction between the tibia and femur bones. Cartilage reduces friction in the articular 

joints. It does this in a number of ways. Deformation of the cartilage by loading results 

in expanding the load-bearing area and retarding the movement of the lubricating fluid 

film [140]. The reduction in friction can be due to adsorption of the lubricating 

glycoprotein-I onto the cartilage surface [262]. During some knee movements, there is a 

“plowing motion” of the cartilage fluid as it is discharged at the leading edge and 

absorbed at the trailing edge of motion [195]. The articulating surfaces can also be kept 

apart by a boundary lubricant produced by the discharged fluid during articular cartilage 

loading [200]. “Puddles” of lubricants can also be left at the articulating surface by the 

cartilage due to its porosity during its loading [189]. 
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Articular cartilage is also involved in the transmission of loads to the subchondral 

bone. Articular cartilage can bear high cyclic loads without any damage or degenerative 

change [58, 194]. When the cartilage is loaded in compression, forces on the articular 

surface increase the interstitial fluid pressure and eventually the fluid flows out of the 

ECM [196, 210]. The fluid flows back to the tissue on the removal of the load. The 

fluid flow is slowed from leaving the matrix rapidly by the low permeability of the 

cartilage [209]. 

 

2.7 Biomechanics of the knee joint 

2.7.1 Kinematics and kinetics  

Primarily the tibiofemoral (TF) joint rotates in the sagittal plane (flexion-extension). 

In a coordinate system, 3D motion of the TF joint is explained by 3 rotations and 3 

translations [292] as shown in Fig 2.5 [199].  

 

 

Fig 2.5 [199] TF joint motion in a clinical joint coordinate System [292]. Mediolateral 
translation (M–L) and flexion–extension (F–E) occur along and about an epicondylar 
femoral axis. Joint distraction and internal–external rotation (I–E) occur along and 
about a tibial long axis. Anterior–posterior translation (A–P) and varus–valgus (V–V) 
(or adduction–abduction) rotation occur along and about a floating axis, which is 
perpendicular to both femoral epicondylar and tibial long axes. 
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When the axis of tibia and femur has a zero degree angle in the sagittal plane it is 

known as full extension or 00 flexion. A knee can be actively flexed up to 1300 by the 

hamstring muscles. The knee is not a pure hinge joint. During flexion and extension it 

translates posteriorly and anteriorly respectively. This is often termed a gliding motion. 

During flexion on a fixed tibia, the femoral condyles roll posteriorly but at the same 

time they are gliding anteriorly on the tibia. Additionally, the joint also rotates medially 

and laterally during flexion and extension. The magnitude of internal and external 

rotation of the knee is much less (~30-40 degrees) than flexion and extension, and it 

varies according to the amount of flexion in which the joint is positioned. Hence, the 

contact point of the articular surfaces is constantly changing. As mentioned earlier, 

ligamentous structures guide this movement. In the event of damage to these ligaments, 

movement is less controlled and hence additional stresses are placed upon the articular 

cartilage. 

In the frontal plane, at rest with the knee fully extended, the patella experiences a 

resultant lateral force (Q-angle effect) which originates from the lines of action of 

patella tendon and that of the quadriceps muscles. However, this changes as the knee 

flexes and the patella then moves within the femoral trochlear groove. The patellar 

surface is divided into lateral and medial surfaces that articulate with respective sides of 

the femoral trochlea. The patella’s contact with the trochlea becomes most apparent 

after 10-20 degrees of flexion. At this point, the patella moves into the femoral trochlear 

groove and resides there through much of flexion.  

The loads that the joint surfaces experience are as a result of muscle force and 

external force (for example: ground reaction force during gait). The muscle force 

generated is determined according to the posture of the body and joint motion.  
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An example highlighting the influence of these forces is during gait. The knee moves 

cyclically during this task. At foot strike, the knee is important in absorbing the impact 

forces of the foot landing on the ground. These are external ground reaction forces. 

During gait, Morrison [206, 207] estimated tibio-femoral joint forces of 4.3 body 

weight (BW), 4.0 BW and 3.4 BW for climbing stairs, going down on a ramp and 

walking respectively. As part of shock absorption, the knee flexes 20-30 degrees at foot 

strike and this motion is controlled by the quadriceps muscles which add to the 

load/force transmitted to the joint. Thereafter the knee extends from the mid part of 

stance toward push off. During the swinging phase of gait, the knee has to flex 

approximately 700 to avoid the foot dragging on the walking surface. This is achieved 

by the hamstring muscles. The primary loading of the joint is associated with the 

muscle forces at this time. In the latter part of the swing phase, the knee extends and at 

foot strike is close to full extension. Quadriceps muscles become more active again at 

this time. During level walking, the PF joint experiences a joint force of ~ 0.5 BW, and 

this increases to 3-4 BW during ascending and descending stairs. In deep squatting 

activities, this force can be as high as 7-8 BW [176]. 

In the frontal plane, alignment of the limb can affect the loading experienced in the 

medial or lateral compartments. For instance if a person has a varus deformity (bow 

legs), then the TF joint experiences a greater adduction moment when walking, and 

hence greater load is placed on the medial aspect of the joint which can ultimately lead 

to excessive stress on the articular cartilage. In contrast, a valgus deformity leads to the 

transmission of increased load in the lateral compartment of the joint. 
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2.8 Detrimental changes to articular cartilage at the knee 

2.8.1 Osteoarthritis 

Detrimental changes to the knee joint’ articular cartilage occurs as a result of long 

term wear or acute injury. In respect to the former, osteoarthritis is most common. In 

this condition, after accumulated loading, often over many years, the articular cartilage 

gradually roughens and becomes thin. With this damage, inflammation occurs in the 

joint which leads to further breakdown of cartilage. Additionally, the bone at the edge 

of the joint grows thicker and outwards resulting in osteophytes or bony spurs (Fig 2.6 

[224]).  

 

Fig 2.6 [224] Knee joint with Osteoarthritis 

 

Furthermore, the ligaments and capsule gradually thicken and become less stiff. As a 

result of disuse, and the inflammatory processes, the muscles (particularly quadriceps) 

weaken, making the knee joint less unstable and more likely to succumb to further 

articular cartilage damage. In some instances, osteoarthritis can take many years to 

develop and affect a wide area of the joint’s articular surface. In contrast, trauma can 

lead to articular cartilage damage in a specific location that eventually becomes arthritic 

in nature [43]. Other factors that can influence the beginning and progression of 

osteoarthritis are heredity [114, 130], obesity [202, 267], age [91] and gender [113, 161, 

163]. 
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2.9 Chondral lesions 

A chondral injury reflects damage to the articular cartilage most often following an 

injury. Such a lesion can be described as a surface irregularity or superficial defect, a 

partial or full thickness defect. Depending on the spatial resolution, a partial thickness 

defect may be further divided into low- and high-grade partial thickness defects. A low-

grade partial thickness defect is a lesion which involves less than 50% of the full 

cartilage thickness whereas a high-grade partial thickness defect is a lesion which 

involves 50% to 99% full cartilage thickness. There are a number of classification 

schemes to facilitate the description and clinical tracking of chondral pathology which 

takes into account the size and depth of the lesion. The International Cartilage Repair 

Society (ICRS) has graded lesions from 0 to 4 depending upon the lesion’s depth [73]. 

Grade 0 stands for normal cartilage. Grade 1 lesions are surface fibrillation and/or 

superficial lacerations. Grade 2 lesions are partial thickness defects with less than 50% 

of the full cartilage thickness. Grade 3 lesions are again partial thickness defects but with 

greater than 50% of the full cartilage thickness. Grade 4 lesions are full-thickness 

cartilage defects with extension into subchondral bone. 

A popular variation of this classification system is that of Bauer and Jackson [37]. It 

was established from the study of 167 chondral lesions of the femoral condyle, in which 

6 different arthroscopic forms as shown in Fig 2.7 [37] were defined. Lesions of types I-

IV are of traumatic origin whereas types V and VI are different stages of degeneration 

[37]. 
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Fig 2.7 [37] (a) Type I Linear crack (b) Type II Stellate fracture (c) Type III Flap (d) 
Type IV Crater (e) Type V Fibrillation (f) Type VI Degrading 
 

2.9.1 Type I: linear-crack type 

Type I represent a linear crack in the articular cartilage, usually partial thickness, but 

can reach the subchondral bone, see Fig 2.7 (a) [37]. A linear crack is often caused by a 

major shearing force applied to the articular surface. It is usually found in the weight-

bearing areas, but is not a common injury. 

 

2.9.2 Type II: stellate-fracture type 

Represented by a system of diverging cracks, often with a central flaking of cartilage; 

see Fig 2.7 (b) [37]. The stellate fracture most often occurs with direct trauma. It can be 

caused by a direct blow to the condyle. Stellate-fracture type lesions are also common in 

weight-bearing areas. 
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2.9.3 Type III: flap type 

In this type of lesion, a flap of articular cartilage is detached at the apex but attached 

at the base. Flap type lesions are usually triangular in shape and most commonly are 

found in the weight bearing areas (Fig 2.7 (c) [37]). Flap type lesions are usually full-

thickness lesions which result following a rotational motion with compressive load on 

the joint. 

 

2.9.4 Type IV: crater type 

Crater type lesion has a piece of cartilage (usually full-thickness) down to the 

subchondral bone missing. Sometimes the edges of the lesion are separating from the 

subchondral bone. This lesion has sharp and well defined edges (Fig 2.7 (d) [37]). Crater 

type lesions are commonly found within weight-bearing areas. The crater type lesion is 

caused by either a high magnitude acute shearing force chipping off the piece of 

cartilage, or loss and exposure of the subchondral bone due to frequent shearing stresses 

as can occur in occupational environments. 

 

2.9.5 Type V: fibrillation type 

Fibrillation lesions are partial-thickness lesions, without loose flaps or pieces (Fig 2.7 

(e) [37]). The curvature of the condyle may look flattened or scraped from a tangential 

view. This type of chondral lesion denotes the initial stage of degenerative arthritis [37]. 
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2.9.6 Type VI: degrading type  

Type VI lesions may either be localized to a small area or fairly extensive with a 

marked fraying look (Fig 2.7 (f) [37]). Type VI lesion is soft to touch but presents a 

coarse fibrillation. The degrading type lesion is quite common in the weight-bearing 

areas. 

In our work we are most interested in identifying type IV crater type lesions. Details 

of the technique used for identifying and later filling craters automatically are discussed 

in Chapter 7 

 

2.10 Imaging modalities 

There are various imaging modalities used for diagnosis of cartilage lesions. Such 

modalities include: Radiographs (Fig 2.8(a)) [8], Computerised Tomography (CT) (Fig 

2.8 (b)) [8], Magnetic Resonance Imaging (MRI) (Fig 2.8 (c)), Positron Emission 

Tomography (PET), CT-arthrography, MR-arthrography.  

Radiographs have the advantage of being non-invasive, and are low in cost. Their 

disadvantage is the exposure to ionized radiation and their resolution is not high for 

appreciating cartilage damage. CT uses multiple radiographs for producing cross-

sectional layers to show greater detailed images. However, like plain radiographs, there 

is concern related to exposure to radiation. 

  
(a) (b) (c) 

Fig 2.8 (a) X-ray of the knee [8] (b) CT scan of the knee [8] (c) MRI of the knee 
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Magnetic Resonance Imaging (MRI) has emerged as the preferred technique for 

accurate non-invasive, clinical assessment of the structural composition and integrity of 

the knee articular cartilage [231]. Emerging research has shown its value as a research 

tool for studying the knee cartilage morphology in both healthy and arthritic volunteers. 

Degeneration [55, 250, 253] and loss of the articular cartilage volume are important 

factors in the occurrence of osteoarthritis [113]. The identification of osteoarthritis 

typically requires measures of the volume [233] and thickness [104, 106, 110]. 

Therefore, understanding the characteristics of cartilage is considered important in 

order to fully understand the pathogenesis of OA. Furthermore, advanced imaging 

techniques can allow an earlier appreciation and quantification of chondral damage 

which might progress to osteoarthritis. From a processing point of view, for automatic 

identification the cartilage and bone interface needs to be further developed.  

The quality of MR images varies with the magnetic field strength [226] which varies 

from 0.1 to 3.0 Tesla (T), where a magnetic field strength of 3.0 T produces a high 

resolution image [278]. Advantages of MRI include its lack of ionizing radiation and 

ability to see soft tissues through multiplanar imaging [243]. One of the major 

advantages of MRI is the ability to manipulate contrast, to project different tissue types 

[113]. Disadvantages of MRI are that it requires complex expensive machines, and 

highly trained individuals for operating the machine. Additionally, subjects with certain 

metals in their body and devices such as pacemakers cannot have an MRI scan [70].  

The common contrast mechanisms employed in MRI are: proton density, T1-

weighted, 2D or multislice, and T2-weighted imaging with or without fat suppression 

[113]. Visibility of the cartilage lesion and signal-to-noise ratio is governed by the type 

of contrast used for cartilage imaging. MR sequences commonly used for cartilage 

quantification are discussed below. 
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2.10.1 Fat suppressed T1-weighted spoiled gradient recall 

Fat Suppressed T1-weighted Spoiled Gradient Recall (FS SPGR) is one of the 

Gradient Recalled Echo (GRE) imaging type. GRE imaging has been used because of 

its 3D capability and also it takes relatively short time to provide high resolution 

images. FS SPGR is the most commonly used MR sequence for cartilage quantification 

[105, 258]. It gives a good contrast-to-noise, signal-to-noise (SNR) and spatial 

resolution. In this sequence, Fat suppression removes the chemical shift artifact (A 

common MRI artifact caused by the differences between resonance frequencies of fat 

and water) by increasing the dynamic range of signal acquisition. The FS SPGR 

provides a well delineated bone-cartilage interface. T1-weighted provides a good 

contrast between the cartilage and subchondral bone, but the contrast with the synovial 

fluid is poor. SPGR has number of limitations such as, it provides low contrast between 

the cartilage-meniscus and cartilage-synovial fluid interface which results in poor 

delineation of cartilage defects [178]. Also, Sagittal SPGR images with 1.5 mm 

thickness suffer from partial volume effects. This results in relatively high precision 

errors at the medial facet of patella, medial and lateral tibia and femoral condyles [108]. 

Despite these limitations, 3D SPGR imaging is considered the standard for the 

morphologic imaging of cartilage [146, 222]. 

 

2.10.2 Double echo steady state water excitation 

Double Echo Steady State water excitation (DESSwe) imaging allows accurate 

measurement of cartilage morphology in the femorotibial joint in pathological or non-

pathological knees [108, 145]. This technique acquires two or more gradient echoes 

separated by a refocusing pulse and later combines both echoes into the image [113]. 

The resultant image has a higher T2*-weighting thus having bright signal from both the 
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cartilage and synovial fluid [216]. DESSwe provides more heterogeneous signal 

characteristics of the cartilage, joint space and tissues surrounding the joints. It has 

advantages of higher SNR, and detects the focal cartilage lesions due to greater 

cartilage to fluid contrast [261] and isotropic resolution, which curtails the partial 

volume effects. The sagittal DESSwe images the whole knee with high resolution (slice 

thickness of 0.7 mm) in close to 10 minutes. DESSwe performance is not good for 

femoropatellar joint. 

 

2.10.3 Fast spin echo imaging 

Fast Spin Echo Imaging (FSE) is another useful sequence for evaluating articular 

cartilage. T2-weighted fast spin-echo imaging sequences with and without fat 

suppression have been recommended for assessing the articular cartilage integrity [6]. 

There is a limited role of T1-weighted imaging in evaluating cartilage due to its 

limitation in assessing the adjacent soft tissue structures [273]. The T2-weighted 

imaging sequence presents an excellent contrast between the fluid and cartilage, but it 

diminishes the signal from the articular cartilage. Whereas, T1-weighted conventional 

spin-echo signal gives a high SNR and good spatial resolution but poor contrast 

between joint fluid and cartilage [188]. Two-dimensional FSE, which is a powerful 

clinical tool, suffers from anisotropic voxels, partial volume and slice gaps effects 

[113]. It provides a better contrast and identifies cartilage abnormalities. The FSE has 

faster scan time but the sequence obtained has blurred edges. Advantages of the FSE 

sequence are: it can be used everywhere due to its versatility, decreased scan time for 

higher resolution, high signal-to-noise ratio (SNR), long TRs (Time of Repetition is the 

time it takes to repeat the FSE sequence). It can also be used for very fast breadth 

holding imaging in the abdomen. The main limitation of FSE is that it blurs the edges. 
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FSE techniques show excellent results in the detection of cartilage lesions [254]. 

Although FSE provide excellent depiction of structures in the imaging plane, its 

challenging to evaluate small structures across multiple slices [113]. This problem has 

been tackled by the advent of 3D sequences which are fast spin-echo images with flip 

angle modulation, thus curtailing imaging time and edge blurring. Three-dimensional 

FSE images of the knee [180] and ankle [112] show isotropic resolution with the ability 

to obtain high-quality multiplanar reformations [62, 63]. 

 

2.10.4  SPACE sequence 

SPACE stands for sampling perfection with application-optimised contrast using 

different flip angle evolutions sequence. SPACE are 3D fast (turbo) spin echo 

acquisition [54]. SPACE sequence with flexible reordering, optimised contrast and 

motion sensitising gradient are used for producing 3D isotropic T1 FS (fat saturated) 

images. The advantage of the 3D T1 FS SPACE sequence is that it has a shorter 

acquisition time and hence shorter MR protocol time. Another advantage is that it also 

provides robustness to movement artefacts [83]. 

 

2.10.5 Other prospective pulse sequences 

Other proposed sequences for cartilage imaging are: Driven Equilibrium Fourier 

Transform (DEFT) imaging and Balanced Steady-State Free Precision (bSSFP). 

Contrast given by DEFT depends on the ratio of T1 and T2 for a given tissue (where T1 

and T2 are relaxation times). The DEFT sequence enhances the signal from the synovial 

fluid rather than losing the signal from cartilage (which is done in T2-weighted 

sequences) to produce contrast in the musculoskeletal imaging. Cartilage to fluid 

contrast provided by DEFT is better than SPGR, proton density FSE or T2-weighted 
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FSE at short TR [134, 135]. The cartilage signal is preserved due to short TE with the 

DEFT sequence. Cartilage morphology studies have been performed initially using 

DEFT imaging [125, 296] but it has not been proven superior to 2D approaches. FSE 

with driven equilibrium pulses, known as “DRIVE”, a sequence quite similar to DEFT 

has been used for musculoskeletal imaging [290].  

bSSFP MRI is known as an efficient method for 3D MR images which are obtained 

with a high signal quality. A higher resolution is achieved by multiple acquisitions with 

an increased scanning time [98]. bSSFP sequences have been used in many studies for 

imaging the articular cartilage [61, 100, 126]. bSSFP may also be useful for imaging 

ligaments and menisci because of 3D acquisition and bright synovial fluid [101]. 

However, this technique has a disadvantage of being sensitive to off-resonance artefacts 

(especially with increase in repetition time (TR) or at 3T) [113] which refers to a small 

deviation in the local spins’ resonant frequency in relation to the nominated scanner 

center frequency and it is caused by field inhomogeneity. There are a number of 

methods proposed for fat suppression with bSSFP imaging. With homogenous magnetic 

field and short TR conventional fat suppression or water excitation pulses can be used 

[173]. A difference between fat and water frequency is used by the linear combination 

of bSSFP [275] and fluctuating equilibrium MRI (FEMR) [126] to separate fat and 

water. Phase detection method can be employed for rapid separation of fat and water 

[274].  

 

2.11 Summary 

The knee is a complex joint essential to normal function of many daily living tasks, 

as well as tasks in recreation and work. The joint is stabilized by ligaments primarily 

and is controlled by two main muscle groups: the quadriceps that extends the knee and 
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the hamstrings that flex the joint. Within the joint, articular cartilage of the femur and 

tibia serve to reduce loading, lubricate and enhance the efficiency of motion across 

these bone ends. Damage to the cartilage can occur as a result of injury that directly 

damages the cartilage or by a wear and tear process that can take many years to 

develop, the latter being known as osteoarthritis. The ability to view damage to articular 

cartilage is relatively limited using traditional techniques like radiographs. However, 

more recent technology associated with magnetic resonance allows much more 

effective visualization of the joint. Nevertheless, there is still a need for effective 

quantification of the damage observed. Many scoring or classification systems are semi 

quantitative and limited in their precision. Additionally, of concern is that the 

processing of the magnetic resonance images has required a manual delineation of the 

imaged slices, a process that can take a number of hours to complete. Hence, there is a 

need for an automated process that accelerates the delineation process and accurately 

quantifies the magnitude of different types of structural damage e.g.: craters, holes etc.  
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Chapter 3 

Data Resources and Ethics Approval 

 

In this chapter details of the data and resources used in the study are presented. A 

brief description of the MR sequences used for cartilage quantification is given in the 

first section of the chapter. This is followed by a presentation and explanation of the 

submitted ethics application for the human OA study. In addition, the participant 

information sheet, consent form, questionnaire and advertisement for the OA research 

project are discussed in detail. 

 

3.1 Data and resources used 

The thesis has been involved in the study of two main sets of data. The first set of 

data consisted of knees of normal pathology was provided by the Health and 

Rehabilitation Center based at the Auckland University of Technology (AUT) and the 

second set of data was obtained from subjects having OA which required a new 

application for Ethics Approval from the University of Auckland Human Participants 

Ethics Committee. For reference data sets are labelled as Data Set A and Data Set B 

respectively. The PC processor was an Intel (R) Core (TM)2 Quad CPU Q9300 @ 2.50 

GHz with 4GB RAM. The software was written in MATLAB©. Each data set in turn is 

now discussed. 

 

3.1.1 Data set A 

Data set A was provided by the Health and Rehabilitation Center, Auckland 

University of Technology. All subjects provided written and informed consent and 

ethics approval for this study which was subsequently granted by the institutional ethics 
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committee of AUT. Data set A was used for 3D reconstruction of the articular cartilage 

and consisted of knees with healthy pathology. MRI scans of the right knee from 17 

healthy volunteers (10 females, F1-F10 and 7 males, M1-M7) were obtained using a 

Philips Medical Systems 1.5-T Gyroscan-Intera whole-body scanner fitted with an 

extremity quadrature coil (Medical Advances Inc. USA). Imaging was performed in the 

sagittal plane with T1-weighted fat-suppressed 3D spoiled gradient recalled acquisition 

in the steady state. An image sequence of size 512 x 512 and slice thickness of 1.5 mm 

with a field of view of 160 mm; flip angle is 55o; repetition and echo times of 57 and 

12ms respectively was used. 

 

3.1.2 Data set B 

Data set B consisted of knees with OA pathology was obtained after obtaining ethics 

approval from the University of Auckland Human Participants Ethics Committee 

(details are given in section 2.2). All subjects provided written and informed consent. 

Data set B was used for detecting and reconstructing 3D models of chondral 

injury/Osteoarthritic craters. MRI scans of eight knees (four healthy and four arthritic) 

of 4 subjects (M1 – M4) were obtained using a Siemens Magnetom Skyra syngo MR 

D13. 3D T1 SPACE sequence was performed in the sagittal plane, with the listed 

parameters: field of view of 170 mm, variable flip angle, repetition and echo times of 

700 and 11ms respectively, SPAIR fat saturation mode, average 1.0. The image size 

was 640 x 640 pixels with a slice thickness of 1.5 mm. 

 

3.2 Human ethics approval for data set B 

For the OA study an application (reference number: 10007) for human ethics 

approval was submitted to the University of Auckland Human Participants Ethics 
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Committee (UAHPEC) through my supervisor Dr Charles Unsworth. The ethics 

application was accompanied by a Participant Information Sheet (PIS), Consent Form 

(CF) and Questionnaire for participants regarding the suitability of a participant for MR 

scans and an Advertisement for the research project. These documents are now 

discussed. 

 

3.2.1 Participant information sheet 

The Participant Information Sheet (see Fig. 2.1 (a) - (c)) contains the project title and 

a brief introduction of the researcher and principle investigator (PI).  

 
 

Department of Engineering Science 
Level 3, Uniservices House, 

70 Symonds Street Auckland  

Phone: +64 9 373 7599 ext 88392 

 
The University of Auckland 
Private Bag 92019 

Auckland, New Zealand 

 

PARTICIPANT INFORMATION SHEET 
(Address by category, e.g. Manager) 

 

Project title: Fast detection of Osteoarthritis through New Image Processing 

Methodologies 

 

Researcher Introduction 

This research is being undertaken by Zarrar Javaid who is a PhD student at the 

Dept of Engineering Science at the University of Auckland. He is being supervised 

by Dr Charles Unsworth, Principal Investigator (PI), who is a senior lecturer in 

this department. 

 
Project description and invitation 

You are invited to participate in a project that is investigating the effectiveness of 

a new software program to reconstruct images of your knee joint in 3-d, and 
detect lesions in your cartilage. If successful, this software will reduce the time 

needed to process scans of knee joints and also provide more accurate 

information concerning the shape and size of any lesions present.  

If your doctor has indicated that you have osteoarthritis of the knee joint or have 

damaged your articular cartilage, and you are 18 years or older, then you meet 

our initial inclusion criteria. The study involves magnetic resonance imaging 

(MRI) of your knee joints. Not all people can have MRI scans. For you to be 

scanned safely, you will not have a metal implant anywhere in your body. 

 

Fig. 2.1 (a) Participant Information Sheet (Page 1 of 3) 
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Some further contraindications to MRI that will prevent you from participating in 

this study include: Cardiac pacemakers, implantable cardiac defibrillators, 

metallic foreign bodies within your eye, cochlear implants in your ear, pregnancy, 

implanted neurostimulators, an artificial heart valve or clips, brain aneursym 

clips, implanted prosthesis, implanted stimulation or drug infusion devices, and 

moderate claustraphobia. 

You are required to fill out a questionnaire that will be used to validate your 
suitability to undergo the MRI scan. The questionnaire, which requires yes/no 

responses, asks about your clinical health history. This includes current 

conditions, previous surgery, medications and implants.  The answers to these 

questions are required to ensure that you can undergo an MRI scan safely. 
 

Project Procedures 
The project involves a single scanning session within the Faculty of Medical and 

Health Sciences at the Grafton campus of the University of Auckland. This session 
will take between 45 and 60 minutes. During the MRI scans, you will be asked to 
remain as still as possible for up to half an hour while you are in the scanning 
tunnel. There is no charge associated with this scanning.  To help with your travel 
expenses, you will be provided with a $40.00 Westfield gift voucher. 

 

Data storage/retention/destruction/future use 
MRI scans of your knees are kept as electronic copies. Your data will be stored 
electronically for a six year period, which is a requirement of the university. 

Thereafter it will be deleted permanently from the storage devices. 

All participants’ data and results will be identified by a code number only. The data 
will be used for scientific publications, reports and conference presentations. No 
names of participants or any material that could identify an individual will be 
published or presented.  
Consent forms are locked away in a separate location from the data, so no 
association can be made between the results and the consent forms.  
Your data may be used in another study that extends the current work. However, 
all the protection mechanisms mentioned above will be in place should that event 
occur. 
A 3-D diagram of your knee joint together with information concerning the number 
and extent of lesions observed in the articular cartilage will be presented to those 
participants who request the information.  
A summary of the overall findings concerning the accuracy of the new software will 
be presented to those participants who request the information. 

 

Incidental finding 

If we identify any unusual clinical finding incidentally, (for example cancer in the 
form of an osteo sacoma in the knee) which is relevant/important to the health of 
the participant we will inform them of that finding. If a participant does not wish to 
be advised of such findings then he/she will be excluded from the research project. 

 

Right to Withdraw from Participation 
You have the right to withdraw from physical participation up to and including the 

time that you are present at the MRI scanner. You also have the right to withdraw 
your data from the research within a week of the MRI scans being performed. 
For data withdrawal, you will need to contact the PI (Dr. Charles Unsworth) who 
will then destroy the CD containing your data. 

 
Fig. 2.1 (b) Participant Information Sheet (Page 2 of 3) 
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Anonymity and Confidentiality 

Digital files (MRI) will have a participant identification which is alpha-numeric. As 

mentioned above, if the information you provide is reported/published, this will be 

done in a way (using the participant ID) that does not identify you as its source. 

IANZ approved CAMRI’s MRI Safety and Consent Form will be filled and signed by 

the participant. CAMRI will keep a copy of the scan for future medical reference 

keeping in view the health and safety issue of the participant. 
 

Contact Details 
 

Researcher 

Name: Zarrar Javaid 

E-mail: z.javaid@auckland.ac.nz 

Phone No: +64 9 373 7599 ext 87061 

 
Supervisor 

Name: Dr. Charles Unsworth 

E-mail: c.unsworth@auckland.ac.nz 

Phone No: +64 9 373 7599 ext 82461 

 

Head of Department 

Name: Dr. Rosalind Archer 

E-mail: des-hod@auckland.ac.nz 

Phone No: +64 9 373 7599 ext 84517 

 
Chair contact details: ―For any concerns regarding ethical issues you may contact the Chair, The 
University of Auckland Human Participants Ethics Committee, The University of Auckland, Research 
Office, Private Bag 92019, Auckland 1142. Telephone +64 9 373-7599 extn. 87830/83761. Email: 
humanethics@auckland.ac.nzǁ.  

 
Approval wording: ― APPROVED BY THE UNIVERSITY OF AUCKLAND HUMAN 
PARTICIPANTS ETHICS COMMITTEE ON 23-Aug-2013 and the amendments approved on 24-
Sep-2013 FOR (3) YEARS REFERENCE NUMBER 10007 

 
Fig. 2.1 (c) Participant Information Sheet (Page 3 of 3) 

 

The PIS gives a description of the project and extends an invitation to the 

participants to take part in the OA research while explaining the suitability of a 

participant for the project. The PIS also describes the procedure of the project and data 

storage involved. Furthermore, the participants are informed about the incidental 

findings and if the participant does not wish to be advised of such findings then he/she 

will be excluded from the research project. Through the PIS the participants are also 

told that they have the right to withdraw from the physical participation up to and 

including the time that they are present at the MRI scanner. They also have the right to 
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withdraw their data from the research within a week of the MRI scans being performed. 

They are informed to contact the PI for data withdrawal who will then destroy the CD 

containing their data. The participants are also informed through the PIS about the 

anonymity and confidentiality of their data. They are told that they have to fill and sign 

an IANZ approved CAMRI MRI Safety and Consent form. IANZ is New Zealand’s 

premier accreditation body. Also, CAMRI will archive the images as per CAMRI’s 

standard procedure. This means that anonymity with respect to participant identity 

cannot be guaranteed because, as per IANZ instruction, CAMRI are required to include 

the participant name and details in their safety sheet and log book maintained at 

CAMRI. However, since the digital files (MRI) will have a participant’s identification 

which is alpha-numeric, participant’s information will be reported/published using 

participant ID thus maintaining anonymity of the participant in any reported work. 

 

3.2.2 Consent form 

Every participant has to sign a Consent Form before taking part in the research 

project. This form contains the title of the project and details of the researcher. This 

form is a declaration by the participant that he/she has read the PIS, understood the 

nature of the research and why he/she has been selected. Also, he/she has had the 

opportunity to ask questions and has them answered to his/her satisfaction. The 

participant’s consent to take part in the research, his/her right for data withdrawal, 

agreed to have MRI scans of the knee, agreed to use his/her images for scientific 

publications without his/her name or other identifying details, if participant wishes 

he/she can be sent summary of findings through e-mail, agreed to advise for a 

significant incidental finding and understands that the data be kept for 6 years, after 

which it will be destroyed. Fig. 2.2 presents the Consent Form for this research project. 
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Department of Engineering Science 
Level 3, Uniservices House, 

70 Symonds Street Auckland  

Phone: +64 9 373 7599 ext 88392 

 
The University of Auckland 
Private Bag 92019 

Auckland, New Zealand 

 

CONSENT FORM 

(Address by category, e.g. Manager) 

THIS FORM WILL BE HELD FOR A PERIOD OF 6 YEARS 

 
Project title: Fast Detection of Osteoarthritis through New Image Processing 

Methodologies 
Name of Researcher: Zarrar Javaid 

Degree: PhD 
Department: Engineering Science 

 
I have read the Participant Information Sheet; have understood the nature 

of the research and why I have been selected. I have had the opportunity to ask 

questions and have them answered to my satisfaction. 

 
•    I agree to take part in this research. 
 
•    I understand that I am free to withdraw from physical participation at any 

time I am present at the MRI scanner, and to withdraw any data traceable to 

me within a week of the MRI scans being performed. 
 
•    I agree / do not agree to give knee MRI scans. 
 
•    I agree / do not agree to have my images used for scientific publications, reports 

and presentations (without my name or other identifying details). 
 
•    I wish / do not wish to receive the summary of findings. If you would like to 

receive a summary of findings, please add your e-mail address here ___________ 
 
•   I understand that where a significant incidental finding is made, I will be 

advised of this finding. 
 
•    I understand that data will be kept for 6 years, after which they will be 

destroyed. 

Name: __________________________________                                                         

 

Signature: _________________________________                                                   
 

Date: ______________________                                  
 
APPROVED BY THE UNIVERSITY OF AUCKLAND HUMAN PARTICIPANTS ETHICS 
COMMITTEE ON 23-Aug-2013 and the amendments approved on 24-Sep-2013 FOR (3) YEARS 
REFERENCE NUMBER 10007 
 

Fig. 2.2 Consent Form 
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3.2.3 Questionnaire for participants 

The questionnaire (see Fig. 2.3) for the participants consists of questions regarding 

the safety and suitability of a participant for a MRI scan. 

Questionnaire 

Answer Yes/No     Participant ID:___________ 
Have you had a previous MRI scan?      Yes/No 

Do you have or have you ever had a cardiac pacemaker?    Yes/No  

Do you have a brain aneurysm clip?      Yes/No  

Have you ever had an injury to the eye with a metallic object or fragment?  Yes/No  

Have you had any previous surgery?      Yes/No  

Please list   _________________________________________________ 

Do you have any allergies to medications?      Yes/No  

Please list   _________________________________________________ 

Do you have any of the following?       

Anaemia, blood disorders, kidney disease or seizures?    Yes/No  

FEMALE PATIENTS 

Is there any chance that you could be pregnant?     Yes/No  

Are you currently breastfeeding?       Yes/No  

DO YOU HAVE ANY OF THE FOLLOWING? 

Implanted cardiac defibrillator      Yes/No 

Implanted electronic or magnetic device      Yes/No 

Metallic stent, filter or coil      Yes/No 

Cochlear implant or other ear implant      Yes/No 

Heart valve prosthesis      Yes/No 

Any type of prosthesis (eye, limb etc.,)       Yes/No 

Joint replacement      Yes/No  

Screws, plates or wires in bones or joints      Yes/No 

Shunt (spinal, intraventricular, or heart)      Yes/No  

Vascular or drug access port or catheter      Yes/No 

Radiation seeds or implants      Yes/No 

Medication patches (Nicotine or hormone)       Yes/No 

Tattoo or permanent makeup      Yes/No 

Dentures or partial plate      Yes/No 

Hearing aid      Yes/No 

Shrapnel, bullets or other metal      Yes/No 

Important Note: If you answer YES regarding any of the above, then you cannot undergo MRI  

Fig. 2.3 Questionnaire 
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The questionnaire contains participant’s ID and number of questions for which 

participant has to answer either yes or no. These questions are regarding previous MRI 

scan, any metallic object in the body, pacemaker, previous surgeries, allergies to 

medications, anaemia, blood disorders, kidney disease or seizures. The questionnaire 

also inquires about pregnancy and breast feeding. 

 

3.2.4 Advertisement for research project 

For identifying the potential candidate for the research project an advertisement was 

also given (see Fig. 2.4).  

Advertisement 

 
 

We are looking for participants in a project that is investigating the effectiveness 
of a new software program to reconstruct images of knee joint in 3-D, and detect 

lesions in the cartilage.  

If your doctor has indicated that you have osteoarthritis of the knee joint or have 

damaged your articular cartilage, and you are 18 years or older, then you meet 

our initial inclusion criteria. The study involves magnetic resonance imaging (MRI) 

of your knee joints.  

Not all people can have MRI scans. For you to be scanned safely, you will not have 

a metal implant anywhere in your body. Some further contraindications to MRI that 

will prevent you from participating in this study include: Cardiac pacemakers, 

implantable cardiac defibrillators, metallic foreign bodies within your eye, cochlear 

implants in your ear, pregnancy, implanted neurostimulators, an artificial heart 

valve or clips, brain aneursym clips, implanted prosthesis, implanted stimulation or 

drug infusion devices, and moderate claustraphobia. 

The project involves a single scanning session within the Faculty of Medical and 

Health Sciences at the Grafton campus of the University of Auckland. This session 

will take between 45 and 60 minutes.  

There is no charge associated with this scanning. To help with your travel 

expenses, you will be provided with a $40.00 Westfield gift voucher. 

If you are a potential participant and interested in participating, kindly e-mail Kim 
Williams kn.williams@auckland.ac.nz 
 

Approval wording: APPROVED BY THE UNIVERSITY OF AUCKLAND HUMAN 
PARTICIPANTS ETHICS COMMITTEE ON 23-Aug-2013 and the amendments approved on 24-
Sep-2013 FOR (3) YEARS REFERENCE NUMBER 10007 

 
Fig. 2.4 Advertisement for Research Project 
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The advertisement and PIS was sent to the clinician involved in the orthopaedic care. 

The clinician asked to show the advertisement to the individuals who fulfil the research 

project inclusion criteria. The inclusion criterion for the research project is that an 

individual has been identified by his/her doctor as having damaged the articular 

cartilage of their knee joint. This may be a focal lesion or be more extensive in the form 

of osteoarthritis. The advertisement was also placed on notice boards at the University 

of Auckland City Campus. 

 

3.3 Summary 

In this chapter, details about the materials and resources used for this research 

project were presented. The first section of the chapter discussed the data and resources 

used for the research project. This was followed by a presentation and explanation of 

the submitted ethics application for the human OA study. In addition, the participant 

information sheet, consent form, questionnaire and advertisement for the OA research 

project were discussed in detail. 
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Chapter 4 

Segmentation of the Articular Cartilage 

 

4.1 Introduction 

Image segmentation is defined as the ability to partition a digital image into a 

number of objects where each object consists of a set of pixels. For both 3D cartilage 

reconstruction and osteoarthritic (OA) crater detection that is performed in the thesis it 

is necessary to separate the cartilage from the muscles and bones. This chapter presents 

a semi-automatic segmentation method which can enable the separation of the cartilage 

from the muscles and bones. The developed method employs Region-Based 

Segmentation and a Bounding Box method (RBS&BB) to quickly segment the patellar, 

tibial and femoral cartilages from the MR images of the human knee. I would like to 

state that the RBS&BB method was not intended to be a state-of-the art technique but 

rather a quick, simple, reliable, user friendly (requiring only 4 mouse clicks per MR 

image),  and is developed as a means to an end in order to segment the cartilage from 

the bones and muscles. The developed method is assessed by the Dice Similarity 

Coefficient (DSC), Sensitivity and Specificity measures. Whilst the method was not 

intended to be a state-of-the art technique it still provides a very good DSC values of 

(0.895, 0.851, 0.807 and 0.848) for the patellar, femoral, medial and lateral tibial 

cartilage respectively when compared to manual segmentation performed by an expert. 

The chapter presents a survey of commonly employed segmentation techniques used 

to segment the articular cartilage. Firstly, a brief discussion of the manual segmentation 

techniques of the articular cartilage is given. Then a concise review of the semi-

automatic techniques currently in use for the segmentation of the articular cartilage is 

presented. This is followed by a review of automatic techniques currently in use by 
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researchers for the articular cartilage segmentation. Finally, the chapter is concluded by 

a presentation of the work performed in this thesis to segment the articular cartilage of 

the human knee. 

Part of work presented in this chapter is drawn from a paper: “Z. Javaid, C. P. 

Unsworth, M. Boocock and P. McNair, “Contour Interpolated Radial Basis Functions 

with Spline Boundary Correction for Fast 3D Reconstruction of the Human Articular 

Cartilage from MR images”, published by Med Physics in March 2016 (See Publication 

section). Results and text included in this chapter are largely unchanged from the 

submitted version as allowed by the University of Auckland under the 2011 Statute and 

Guidelines for the Degree of Philosophy (PhD). Co-authors of this work Dr Charles P. 

Unsworth, Dr Mark Boocock and Professor Peter McNair advised and commented on 

the manuscript, however the bulk of the research and preparation for submission was 

undertaken by the thesis author (see accompanying declaration). 

 

4.2 Manual segmentation techniques 

Manual Segmentation techniques are operator dependent. These techniques are 

concerned with delineating each voxel in the data volume either by marking their 

boundaries or by filling region of interest. Delineating the articular cartilage manually is 

quite laborious and time-consuming and can result in errors caused by operator fatigue 

[285] and inter- and intra-observer variability [116]. It should also be noted that manual 

segmentation, as rightly pointed by Shim et al. [251], is solely dependent on the 

observer’s ability to determine the cartilage boundary, leading to inaccuracies [251]. 

This in turn can affect the quantitative measurements as the cartilage is thin (1.3 – 2.5 

mm for healthy knee) [143]. Fig 4.1 shows a 3D model reconstructed after manual 

segmentation of the femoral cartilage. It is possible to observe lines on the 3D model 
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that exist between neighbouring MR image slices due to the femoral cartilage not being 

delineated properly because of intra-observer variability.  

 
Fig 4.1 A 3D model of the femoral cartilage segmented manually 

 

Fig 4.2 highlights the difficulties in the manual delineation of the femoral and tibial 

cartilage respectively in the cartilage-cartilage interface. 

 
Fig 4.2 Errors introduced by delineating the cartilage manually 

 

Since a clinician or trained operator is required for manual delineation of the image, 

to accurately identify objects of interest in the MR images. Thus, such methods can 

place a heavy burden on clinician time and prove costly if a trained operator is required. 

Despite these limitations and difficulties manual segmentation is still used as the 
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preferred method and seen as the gold standard for delineating anatomical structures 

[79, 259]. 

 

4.3 Semi-Automatic segmentation techniques 

Semi-automatic segmentation techniques either combine the manual correction or 

initialization with an image processing technique to achieve segmentation. Most semi-

automatic segmentation techniques are limited by error introduced by manual 

interaction and intra- and inter-observer reproducibility. Advantages of semi-automatic 

techniques are that they are easy to segment and save complexity of programming. 

Eckstein et al. [105] presented a detailed overview of previously reported techniques to 

articular cartilage MR image acquisition and quantitative analysis. Most recently, 

Ryzhkov [243] presented a critical literature review of the knee cartilage segmentation 

methods.  

Keeping in view the time and labour involve in delineation of the cartilage manually a 

number of semi-automatic techniques have been used for segmenting the cartilage, 

namely, region-growing [107, 109, 222, 230, 233, 241, 285], graph-cuts [29, 251], Edge 

detection [174], B-spline snakes [60, 154, 192, 258, 259], software tool [144], live-wires 

[127, 260], active shapes [256] and level set [187]. The processing time for these 

techniques vary from 30 minutes to several hours, requiring experienced clinicians [289] 

trained in cartilage assessment. 

Kapur et al. [153] used a model-based approach to first segment the more easily 

identifiable femur and tibia bones by region growing, and then detect cartilage voxels 

using a Bayesian classifier. Pirnog [234] employed a combination of Active Shape 

Models and Kapur’s approach for the segmentation of the patellar cartilage. Solloway et 

al. [256, 257] manually delineated the femoral cartilage using B-spline curves to 
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generate Active Shape Models. Carballido-Gamio et al. [65] presented a semi-automatic 

segmentation technique based on Bezier splines. Raynauld et al. [237] and König et al. 

[169] used active contour approaches. Both methods employed user interactive 

processes for initial contour selection and frequent interactions by an expert for the 

correction of the final results. Lynch et al. [192] employed manual initialization for 

region-growing technique and later manually traced the femoral cartilage boundaries. 

Piplani et al. [233] determined the articular cartilage signal intensity boundaries by 

viewing the MR scan as a binary image. The adjustment of the threshold value made the 

entire articular cartilage visible. Next the resulting binary image was compared with the 

original image to verify the presence of the articular cartilage. The objects of interest 

were classified by a four-neighbour connectivity model. A null pixels line was drawn 

manually to separate the articular cartilage surfaces from the segmented objects. 

Waterton et al. [285] employed a region-growing approach to segment the femoral 

articular cartilage. The cartilage was determined interactively by placing seed values 

within the area to be analysed. A contour was used to enclose the region of interest and 

the same procedure was repeated for every slice in the data set. Next, manual 

adjustments were then made to the segmented regions which were not perfectly 

segmented to ensure accuracy. Later a musculoskeletal radiologist checked a portion of 

segmentation for accuracy.  

Eckstein et al. [107] performed the articular cartilage segmentation semi-

automatically by a gray scale orientated volume growing algorithm. In another study, 

Eckstein et al. [109] segmented the patellar, femoral and tibial cartilage interactively 

section by section. This was followed by manually delineating the low contrast areas of 

the cartilage and its vicinity. A region-growing algorithm was then used after placing a 

seed value in the cartilage center. The region-growing algorithm would stop on 
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reaching either a high gradient of signal intensity or a manual marking. The accuracy of 

the segmentation was ensured by visually checking each section. 

Pakin et al. [222] presented a region-growing scheme for segmenting the cartilage. 

The region-growing was followed by a two-class clustering for separting the cartilage 

(with the assumption that the bones were already segmented). A trained user corrected 

the segmentation [241] and later the method was evaluated for intra-user 

reproducibility.  

Graph cuts are also commonly employed in segmentation. In interactive graph cuts 

[51] the user marks some pixels as part of the object of interest and others as the 

background. The algorithm performs an optimal segmentation such that these hard 

constraints are satisfied. Bae et al. [29] applied a graph-cuts [49] algorithm for the 

cartilage segmentation. The seeds were placed manually to differentiate between 

cartilage and non-cartilage (menisci, synovium, joint fluid) regions. The seeds were 

placed in the mid-slice of the data set. The seeds were not placed on every slice of the 

data set rather every fifth to tenth in high tissue-contrast regions and more frequently in 

the low tissue-contrast regions. A computer program was used to propagate the seed 

from one slice backward and forward to neighbouring slices. Later a graph-cuts 

algorithm was employed for the cartilage segmentation. A review after the first 

segmentation addressed the incomplete or erroneously segmented regions by repeated 

reseeding and re-running of the graph-cuts algorithm.  

Shim et al. [251] also employed a graph-cuts [49] approach for segmenting the 

cartilage. In the first step, two types of seeds in the form of curvilinear marks of 

different colours were placed manually by a radiologist in the cartilage and non-

cartilage (bone, synovium, joint fluid or menisci) regions. The seeds were placed on 

every fifth to tenth slice in regions of high tissue-contrast and more frequently in low 
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tissue-contrast regions. Next, seed points were propagated backward and forward to 

slices like Bae et al [29]. To depict a reduction in the initial seed reliability the seeds 

were reduced by one pixel width at each propagation. This was followed by the 

cartilage segmentation using the graph-cut algorithm [49]. Later the semi-automated 

method was compared with manual segmentation using a Dice Similarity coefficient 

(DSC). Results showed that inter-observer DSC of semi-automatic segmentation was 

significantly higher than the manual segmentation. 

Kshirsagar et al. [174] used edge-detection to semi-automatically segment the 

femoral cartilage from the 3-D MRI scans. Kshirsagar used a 3D customised edge-

detection software based on Monga et al. [205] scheme to obtain a 3D edge-map from 

each 3D MRI scan. The scheme allowed a user selectable spatial width of the edge-

detection filter. A width which was smaller than the mean cartilage thickness was 

selected for precise edge positioning. All the edges in a slice were automatically 

indexed by the edge detection software. A customized interactive software (Cmrview) 

was used to automatically isolate the cartilage-femur interface after indexing. The 

artifacts and portion of the bone which were not covered by the cartilage were removed 

manually. The same procedure was repeated for all the slices to identify the cartilage-

bone interface in 3D which was used as a template for image registration. 

Stammberger et al. [258] segmented the cartilage from the surrounding tissues in 

MRI slices by using a region-growing algorithm. The seed point was placed manually 

in the center of cartilage. After inspecting the segmentation necessary corrections were 

made manually. Further to this, a user placed transition points on the cartilage boundary 

in each slice for the separation of the cartilage and cartilage-bone surfaces. Next the 

shape interpolation method [137, 236] was employed to interpolate segmented cartilage 

of each slice into an isotropic binary volume, this was necessary as the in-plane 
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resolution and slice thickness differ. The shape interpolation method estimated the 

interpolated cartilage boundary from the weighted distance to the two adjacent slices 

cartilage boundaries. Finally, a standard tracking algorithm was used to separate the two 

cartilage surfaces. 

Kauffmann et al. [154] used 3D active contours for segmenting the bone-cartilage 

interface (inner-boundary) and cartilage-synovium interface (outer-boundary) of the 

tibial and femoral cartilages from a 3D MRI data set. Next, a local coordinate system 

(LCS) was attached to the bone-cartilage interface to map the entire cartilage geometry 

on a corresponding parametric surface grid. Later the cartilage thickness was computed 

automatically by finding the Euclidian distance between every point on the bone-

cartilage interface to the corresponding point on the cartilage-synovium interface and 

generating the thickness-map. For focal area volume computation the femoral cartilage 

was divided into smaller regions such as trochlea, medial and lateral condyles by a 

skilled clinician radiologist. Similarly, the tibial cartilage was divided into two regions 

medial and lateral plateau. 

Burgkart et al. [60] employed a semi-automatic B-spline snake algorithm for the 

segmentation of the lateral and medial tibial cartilage in 8 OA subjects. The semi-

automatic B-spline snake segmentation has a high precision than the manual 

segmentation [259]. The accuracy of segmentation was ensured by visual inspection of 

each section. Numerical integration of the voxels allocated to the medial and lateral 

tibial cartilage was used to compute the volume of the tibial cartilage. The thickness of 

the cartilage was computed using a validated 3D Euclidean distance transformation 

[258]. 

Stammberger et al. [259] proposed a semi-automatic segmentation technique based 

on a B-spline snake approach to delineate the cartilage boundaries in real time with 
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minimal user interaction. The segmentation was initialized by either a number of points 

in the neighbourhood of the cartilage or by a rough initial contour line enclosing the 

cartilage. Initially, the points were joined to form a contour using linear interpolation. 

The initial contour was parameterized as B-spline curve to achieve a smooth contour 

representation. The control points of the B-spline representation of the initial contour 

were obtained by resampling the contour with respect to a discrete curvature measure. 

The B-spline calculated from the control points (resampled contour points) was fitted to 

the initial contour by iteratively adjusting the control points. The deformable contour 

was matched to the image boundaries by three energy terms: the internal deformation 

energy ED, the image forces EI, and the coupling forces EC. Later the segmented 

boundary of one slice was used as initial contour for the following slice (which was part 

of 3D data set of cartilage).  

Lynch et al. [192] presented a hybrid segmentation method which combined expert 

knowledge with directional Canny filters, cost functions and cubic spline to segment the 

articular cartilage from 3D MRI scans of the knee. The femoral cartilage ends were 

delineated manually at the initialization stage. The slices belonging to the patello-

femoral, medial tibio-femoral and lateral tibio-femoral regions were also separated 

manually by the observer using six control points for a cubic spline. The position of the 

six control points were optimised to minimise a cost function to present a smooth curve 

through the cartilage in the 3 relevant slices. Next the inner (bone-cartilage interface) 

and outer boundaries of the articular cartilage were identified using directional Canny 

filters and separate cost functions for inner and outer boundaries. This was followed by 

computation of the Canny filter response including the response sign. Later the 

increment of the cost function was computed (the sum of the increments for each 

portion of the cubic spline was used to compute the total cost function). Finally, the 
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positions of the control points which actually defined the cartilage segmented within all 

slices were saved. 

Iranpour-Boroujeni et al. [144] added a number of components to a semi-automated 

software method presented by Duryea et al. [56]. The software comprised of the low-

level image processing algorithms and a graphical user interface (GUI). The image 

processing algorithms consisted of a customized edge tracking and an active-contour 

edge refinement scheme. The edge tracking software was modified to cater for both 

edge detection of cartilage-soft tissue and cartilage-bone margins. Initially, the 

segmentation of the bone-cartilage margins for each slice was performed. In addition, 

the observer also marked the outer-most margin of the cartilage which was used as a 

constrain for the segmentation process. Next the observer marked two points on the two 

ends of the cartilage in each slice ignoring any inaccuracies in segmentation in the 10 

mm circular region (“exclusion region”) around each of these two points. This helped in 

saving the observer time as there was less cartilage loss and quite frequent software 

failure in the exclusion region. Next, the software was used by the observer to segment 

the other cartilage margin and an automatic active-contour algorithm was used by the 

software to refine the segmentation. 

Gougoutas et al. [127] evaluated the accuracy and reproducibility of the Live Wire 

method for the quantification of cartilage volume in MR images. MR-based volume 

measurement of a patellar cartilage-shaped phantom was compared with the data 

calculated via water displacement to assess the accuracy of the Live Wire method. The 

Live Wire algorithm [91] was a user-driven segmentation method. Initially, the 

algorithm was trained by an operator using a reference image set. The training process 

which was of 5 minutes duration required to be performed once only. The boundaries 

between the cartilage and tissues were delineated automatically by the algorithm by 
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creating mathematical functions. After training the cartilage was segmented with some 

manual guidance near the cartilage boundary. The algorithm took approximately 30 

seconds per slice to accurately segment the cartilage. This technique did not require any 

post correction. 

Solloway et al. [256] employed Active Shape Models to segment the femoral 

cartilage. A model-based segmentation technique was used. In order to segment objects 

the model required to have priori knowledge of the object. The Active Shape Models 

(ASM) used explicit models of the shape variation and gray-level appearance of a given 

class of objects. Training sets of the images which have variety of objects were used to 

form the models. The desired objects were denoted as group of marked landmark points 

for training the model. A point distribution model (PDM) was built by statistically 

analysing the variation of the landmark points’ location over the training set. Similarly 

by examining the pixel values in small patches in the vicinity of landmark points helped 

in building a model of the object’s gray-level appearance. Solloway et al. [256] created 

an ASM using the model of the shape and gray-level variations of the desired objects. 

The ASM was used to look for the objects in the images. Fitting model to data was an 

iterative process which began with an approximation to the correct result for the 

particular image. The shape deformation was governed by the combined gray-level 

information around each landmark point for a better fit. The ASMs were constrained to 

deform as the objects observed in the training set by the combined information of the 

shape and gray-level.  

Warfield et al. [283, 284] presented a classification scheme for segmenting the 

cartilage. In their scheme a user interactively registered a knee template for a test scan. 

The classification and template registration steps were repeated to achieve 
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segmentation. Their method gave better intra-scan variability of the volume than the 

repeated manual segmentation on the data it was tested on.  

 

4.4 Automatic segmentation techniques 

In the previous section, we have seen how the cartilage can be manually delineated 

by experts but can be time consuming and also suffer from inter- and intra-observer 

variability. Thus, it is beneficial to automate cartilage segmentation. The main 

challenges faced in automating the cartilage segmentation are cartilage thinness, 

contrast with the neighbouring tissues and also introduces computational programming 

complexity. A number of groups have developed automatic cartilage segmentation 

techniques which will now be discussed. 

Grau et al. [128] in 2004 approached the segmentation problem by combining the 

watershed transform [41] with atlas registration. Grau et al. [128] improved the 

watershed transform by introducing priori knowledge about the objects in the image of 

interest rather than using the gradient calculation. The technique proposed the use of a 

cost function for each object to be detected in the image. Grau then used region-

growing for watershed calculation ensuring that the label of the markers were known at 

the start of the process and gradually spread in the entire image. Markers were used as 

the seeds of the region growing process. Grau et al. [128] improved the efficiency of the 

algorithm by using ordered queues which solved the problem of plateau labelling 

without any pre or post processing. For details on the plateau handling and analysis of 

watershed calculation algorithm refer to [240]. The watershed pixels (pixels at the edge 

of the final regions for which more than one class gave same probability of having 

edge) were assigned to that adjacent region whose mean value was nearer to the pixel 

value. 
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It was reported that the knee joint movement restricted the use of the atlas and Grau 

et al. [128] instead manually selected voxels as three different markers (manually 

selected markers being for the cartilage, bone and other tissues). The limitation of the 

proposed method as reported by Fripp et al. [120] is that it required approximately 10 

minutes user seeding and also it segmented the cartilage as a single object rather than 

independent tibial, femoral and patellar. 

Folkesson et al. [116] in 2007 presented a two-step k-nearest neighbours (k-NN) 

classifier on voxel intensity and absolute position based features. The method allows for 

fully automatic segmentation of the cartilage in healthy and osteoarthritic knee scans. 

The method was mainly proposed for studies using low-field MR scanners. The 

segmentation algorithm used was based on a one versus all approach of combining 

binary approximate k-NN classifier. Since it was required to separate three classes: the 

tibial medial cartilage, femoral medial cartilage and background; a rejection threshold 

was combined with one binary classifier trained for separating femoral cartilage and 

other binary classifier trained for separating the tibial cartilage. In order to maximize 

the Dice Similarity Coefficient (which measured the spatial volume overlap between 

two segmentations) the rejection threshold was optimized on the training set. As the 

voxel classification took 60 minutes due to k-NN classifier computational complexity 

Folkesson et al. [116] developed an efficient voxel classification algorithm [85]. The 

algorithm basically concentrated on the cartilage voxels rather than all voxels. Initially, 

the algorithm randomly sampled voxels and classified them as cartilage or background. 

Classification continued in the neighbouring voxels until no more cartilage voxels were 

found. The cartilage was sampled densely at the center and sparsely at the border since 

some portions of the cartilage was located at the center of the scan. In addition, 

Folkesson et al. [116] presented an iterative position adjustment method which catered 
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for the changes in the test subject position in the scanner. A manual tracing was 

performed by a radiologist to evaluate the segmentation method. An unpaired t-test was 

also performed to evaluate the inter-scan reproducibility using an estimated volume and 

surface area. In addition, another unpaired t-test was performed to detect changes 

between healthy and osteoarthritic subjects using Kellgren-Lawrence index [158]. This 

study was focused on the medial cartilage compartments as OA is frequently found in 

these regions of the knee [103]. Folkesson et al. [116] method has limitations in the 

intensity overlap of the cartilage and other surrounding tissues and also by the change 

in cartilage locations from slice to slice. 

Glocker et al. [249] in 2007 proposed an automatic segmentation of the patellar 

cartilage using a statistical atlas and efficient primal/dual linear programming. Glocker 

et al. [249] method was evaluated on 56 MRI data sets. This automatic segmentation 

technique was used to segment the patellar cartilage by fitting a statistical atlas to the 

MR data in a non-rigid registration scheme. The atlas was deformed to maximize the 

conditional posterior atlas density with respect to the image. 

Koo et al. [172] in 2008 applied support vector machines (SVM) to data from multi-

contrast MR images by using, intensities and geometrical information. Koo’s method 

took a multiple set of MR images for the knee joint. Since each pixel (or voxel) in the 

image (or volume) has multiple gray scale values from the multiple sets of MR images, 

a feature vector of the gray scale values was created for each pixel (or voxel). The SVM 

was trained on multiple sets of MR images of the desired joint and binary mask of 

manually segmented articular cartilage (obtained from one of the multiple sets of MR 

sequences). Next a feature vector was formed for each pixel (or voxel), that is, mapping 

the pixel or voxel in multi-dimensional space and labelled it as black (non-cartilage) or 

white (cartilage) based on its binary value in the mask images. In addition, the feature 
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vector might also contain the geometrical information for a voxel such as distance from 

the bone (where the distance from the bone helps in separating the muscles from the 

cartilage as the cartilage was closer to the bone than the muscles). Later an optimal 

hyperplane calculated by the SVM separated the cartilage and non-cartilage pixels or 

voxels. The trained SVM and an optimal hyperplane were then used to segment the 

cartilage from the new data set. A feature vector was formed for each pixel or voxel of 

the new data set. The SVM then proceeded to assess whether the pixel or voxel was 

inside or outside the hyperplane, representing the boundary of the cartilage. One point 

to note is that Koo et al. [172] made the assumption of independent and identical data 

distribution which was reported by Kumar and Hebert [248] as potentially unsuitable 

for the segmentation of cartilage from MR images. 

Fripp et al. [120] in 2010 used a 3D active shape model for automatic bone 

segmentation and a hybrid deformable model for cartilage separation from the bone 

cartilage interface (BCI). A block matching strategy [220] was employed to estimate 

the global transformation between cases and atlas. A free form deformation approach 

[242] for Non-Rigid Registration (NRR) was used to match the cases and atlas. Fripp et 

al. [120] employed tissue classification approach to segment each cartilage. This tissue 

classification approach was quite similar to Folkesson’s work with the exception of 

using SVM [72] for training and classification, used reduced set of features and 

calculated cartilage position using Euclidean distance from each bone. Fripp followed a 

segmentation hierarchy by finding the bone cartilage interface first to help in 

initialization for cartilage detection. Fripp used the spatial relationship between the 

bone and cartilage to segment the cartilage automatically from the bone cartilage 

interface (BCI) (where, the bone cartilage model used for the segmentation of the 

femur, tibia and patella bones of the knee joint comprised of a bone statistical shape 
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model and cartilage thickness statistics). For details of statistical shape model, bone 

segmentation and initial BCI extraction see Fripp et al. [119]. 3D Active shape models 

(ASMs), which were initialized by affine registration of an atlas to the case, were used 

to segment the bone. ASMs also contained prior information about the cartilage tissue 

probability and its thickness which was used for estimating the location of the BCI. 

Bone segmentation was followed by extracting the points in the ASM with greater than 

90% probability of having cartilage and used them as the initial BCI estimate. Later the 

BCI was refined. The bone segmentation, BCI extraction and estimated thickness 

profile were further refined by the cartilage segmentation algorithm. A principal 

component model of thickness variation for the points on the BCI was built from the 

BCI and thickness maps from the training database. 

The estimated tissue properties used in the BCI extraction were refined by the first 

stage of the cartilage segmentation and a distance image for each bone was generated. 

Next the probability image for the cartilage tissue was produced and used as the input 

for the cartilage segmentation algorithm. After convergence of the cartilage 

segmentation algorithm any overlapping voxels in the bone-cartilage model were 

relabeled by the distance map to the nearest cartilage interface and the voxels on the 

outer cartilage surface with intensity similar to the bone were removed. The cartilage 

segmentation algorithm took approximately 15 minutes.  

Dodin et al. [99] in 2010 proposed a hierarchical automatic segmentation algorithm 

for osteoarthritic knee cartilage volume quantification. The algorithm was developed on 

3D MR images. In this study, an automatic bone segmentation was developed 

comprising of surface selection by a ray-casting method [191]. To separate the femur, 

tibia and patella the MR images were resampled in the vicinity of the bone initially. The 

cartilage was then identified using an optimized texture-analysis technique. This served 
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to segregate the surface of the cartilage from other soft tissues. The cartilage was then 

automatically segmented from the synovial fluid using a Bayesian decision threshold in 

the intensity histogram of rest of the objects in the MR images of the knee. The 

proposed method was performed on nine osteoarthritic knee patients. 

Yin et al. [295] in 2010 employed a LOGISMOS (layered optimal graph image 

segmentation of multiple objects and surfaces) framework for simultaneously 

segmenting the bone and cartilage surface from volumetric MR images. The 

LOGISMOS methodology involved: object pre-segmentation; construction of a single 

graph having all relationships and surface cost elements; and was followed by a single 

optimization process for simultaneous segmentation of the desired surfaces. Initially the 

volume of interest (VOI) of each bone along with its cartilage in the 3D MR images 

was identified using the Adaboost (Adaptive Boosting is a machine learning meta-

algorithm) approach. Next, a median filter was used to remove local noise and the 

image intensities were normalized as in [120], and linearly stretched between minimum 

and maximum. The cartilage features collected from the training data set for all 

cartilage/non-cartilage locations were used to train a new Adaboost classifier for each 

bone. The Adaboost classifiers classified each graph node as cartilage/non-cartilage 

while the bone surface was segmented since the aim was to separate the bone and 

cartilage surfaces of the knee joint from the MR images. As the cartilage usually covers 

the bone portions which articulate with the other bone, bone and cartilage surfaces were 

defined for these locations. Only the bone surfaces were searched in the non-cartilage 

regions. Next, the initial bone surface was used to make double surface segmentation 

graphs for each bone (patella, tibia and femur). To prevent cartilage overlap the 

interacting cartilage surfaces were kept at a minimum distance zero from adjacent 

bones. Later, an s – t cut algorithm [50] was used to simultaneously detect femoral 
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bone-cartilage, tibial bone-cartilage and patellar bone-cartilage. One drawback of this 

approach is that it required preliminary segmentation of the object of interest. Thus 

inaccurate delineation of the pre-segmentation can affect the final graph search 

segmentation in detecting the preferred borders. 

S. Lee et al. [181] in 2011 presented a hierarchical automatic knee segmentation 

scheme for MR images. This scheme comprised of the bone segmentation, BCI 

detection and the cartilage segmentation. The bone segmentation was achieved by a 

modified branch-and-mincut algorithm. The bone cartilage interface (BCI) was detected 

by binary classification of the voxels on the base of appearance and position. The 

cartilage was then segmented by optimization of the estimated local shape and 

appearance probabilities in localized Markov random fields.  

Zhang et al. [298] in 2013 used support vector machine (SVM) classification for 

cartilage segmentation. Zhang et al. [298] presented an automatic knee cartilage 

segmentation of multi-contrast MR images using supervised classification with spatial 

dependencies. The salient features of the proposed system are multi-contrast MR 

images with a preprocessing pipeline, feature extraction, a classification model based 

on the SVM-DRF (where DRF is discriminative random field) design and parameter 

learning and inference on the model. The voxel feature vector contained the normalized 

intensities, local image appearance and geometrical features (extracted based on the 

automatic bone segmentation using multi-contrast MR images). The SVM-DRF 

classification model was used to incorporate spatial dependencies between 

neighbouring voxels and benefit from the SVM properties. The voxels were classified 

based on solving an optimal labelling problem in an inference graphical model having 

DRF-based interaction and SVM-based association potential. However, since the 

geometric features of the localized bone used to identify the cartilage were not 
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sufficient to separate bone, the resultant cartilage segmentation could be prone to error. 

Zhang also compared the proposed method with the state-of-art techniques used for the 

cartilage segmentation by the DSC values. It was reported by Zhang et al. [298] that 

due to variable approaches and study population it was not easy to have a reasonable 

comparison between these methods. 

J. Lee et al. [179] in 2014 proposed a fully automatic method for segmenting 

cartilage from the MR images of knee using multi-atlas and local structural analysis 

method. Lee has employed a multi-atlas non-rigid registration approach for initial 

segmentation. The initial segmentation was later used as an input to the graph-cut 

method. The segmentation consisted of three steps: building multiple-atlas, locally 

weighted vote (LWV) algorithm application and adjusting region. In multiple-atlas 

building, a non-rigid registration scheme was used to register all regions to a target 

image and later best matched atlases were selected. Next the information from best 

matched atlases was merged using LWV algorithm for achieving initial segmentation. 

The statistical information for cartilage, bone and neighbouring regions was calculated 

from the initial segmentation for adjusting the region. The statistical information was 

used to automatically determine the seed points for the graph-cut method. Lastly, the 

region was adjusted by revising the outliers and bone regions. The proposed method 

was performed on 150 knee MR images from a public open dataset. 

Dam et al. [86] in 2015 presented an automatic segmentation of high and low field 

knee MR images using knee image quantification. Dam et al. [86] introduced and 

evaluated the knee image quantification (KneeIQ) framework for automatic 

segmentation of knee joints from MR images. This was integrated with some of the 

attractive features of the preceding methods. Like Folkesson et al. [116] Dam also 

employed a voxel classification framework and integrated it with a new multi-atlas 
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preregistration step which helped in better alignment of the individual structures. The 

framework could be used for different structure sets or configurations of 

bone/cartilage/meniscus compartments training data. The proposed method was 

evaluated against manual segmentation by automatically segmenting 1907 knee MR 

images. It was reported that the proposed method performed similar to manual 

segmentation and equally accurate or better than other automatic techniques. 

 

4.5 Developed procedure for articular cartilage segmentation 

In the previous sections, we presented the manual, semi-automatic and automatic 

techniques used by researchers for segmenting the articular cartilage from the MR 

images of the human knee. The motivation for this research, as described in section 4.1, 

is to present a simple and robust semi-automatic segmentation method which yields 

high DSC values, is user friendly (namely requiring a low number of mouse clicks to 

segment an image) that could be used for both 3D cartilage reconstruction and 

osteoarthritic (OA) crater detection performed in the thesis to separate the cartilage 

from the muscles and bones. The developed RBS&BB method was not intended to be a 

state-of-the art technique but rather a quick, simple, user friendly reliable method that is 

developed as a means to an end in order to segment the cartilage from the bones and 

muscles.  

Our method employs region growing one of the methods of Region-Based 

segmentation [132, 152]. As reported by Boykov et al. [49] region growing and 

thresholding are most widely known segmentation techniques due to their speed and 

simplicity. The region growing algorithm is an iterative process which works to check 

the neighbouring pixels of the initial seed points to determine whether those 

neighbouring pixels are added to the seed points or not. 
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The basic idea of Region Growing is now described. In region growing we start with 

a single pixel m, known as seed pixel and like to expand from the seed pixel to fill a 

coherent region. We define a criterion of membership as CM(x, y), this will give a value 

of unity if pixel x and y are similar and a value zero otherwise. An adjacent pixel n can 

be added to pixel m’s region if CM(m, n) ≤ Th for a certain threshold Th. This 

procedure is then repeated for the other pixels within the image that is comparing each 

pixel to the seed pixel m by using criterion of membership when considering adding a 

pixel to the growing region. After which, the region grown will be tested for 

connectivity (adjacency) information. 

Now we present the procedure developed for the segmentation of articular cartilage. 

We called this procedure Region-Based Segmentation and Bounding Box (RBS&BB) 

methods. The block diagram of the scheme is presented in Fig 4.3. 

 

 
 

Fig 4.3 Block diagram of RBS & BB methods 

 

4.5.1 Low pass filter 

Initially, the MR images were passed through a low pass filter to simultaneously 

remove the noise and preserve the edges (depicted in Fig 4.4 (a) and (b)).  

The low pass filter used was Wiener filtered. The denoising operation maintained the 

fidelity of the image and also did not introduce any artifacts due to filtering process. 
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The filtered image was then segmented by Region-Based Segmentation which is 

discussed next. 

 

4.5.2 Region-Based Segmentation 

The filtered MR images were segmented by region-based segmentation (region 

growing). The region growing algorithm used is now discussed briefly. Initially, a seed 

value of 200 determined from trials on 17 knees was selected (see chapter 6 showing 17 

knees). Fig 4.4 (a) shows the input MR image and Fig 4.4 (c) shows all the pixels which 

matched the seed value (this was later used for 8-connectivity). 

Next, neighbouring pixels were added to the initial seed point provided the criterion 

of threshold was met. The threshold could be intensity, grayscale texture, or colour. We 

found using a simple threshold of 255 – seed value was sufficient to cover the range 

from highest gray scale value to the seed value. Based on the threshold criterion, if the 

neighbouring pixel value minus the seed value was either less than or equal to the 

threshold then the pixel would be added to the seed point. Fig 4.4 (d) presents the 

binary image (TT); this image contained all the pixels that passed the threshold criterion 

(that is, the difference between the pixel value and seed value was less than or equal to 

the threshold). 

We employed the criterion of an 8-connected neighbourhood to grow the 

neighbouring pixels from the initial seed. This was achieved through a morphological 

reconstruction [277] procedure in which one image called the marker (seed points 

image SPI) was repeatedly dilated based on the characteristics of the mask image 

(binary image TT). The dilation was based on the concept of 8-connectivity at the seed 

points in the SPI and stopped until the SPI values stopped changing. Fig 4.4 (e) presents  
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Fig 4.4 (a) An original MR image slice of the human knee (b) The filtered MR image 
slice (c) Stippling highlights the seed points in the image (SPI) (d) Binary image (TT) 
showing all the pixels (in white) that passed the threshold (e) Resultant image after all 
the pixels in TT image were analysed for 8-connectivity to the seed points (f) Output 
image B with border objects (g) Application of the clear border resulted in image D with 
objects touching the border removed (h) Bounding Box (4 clicks shown by yellow dots) 
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an image after all the pixels in the TT image were analyzed for 8-connectivity to the 

seed points. 

The region growing stopped when there were no more pixels left in the image for 

inclusion in the region. The artefacts touching the border in Fig 4.4 (e) were then 

removed by a clear border procedure which is discussed now. 

 

4.5.3 Clear border procedure 

For removing the objects (muscles) touching the borders we employed the MATLAB 

routine imclearborder(). This routine used morphological reconstruction [232] to remove 

the objects that touch the borders of the scan. The primary task was to select a suitable 

marker image to get the desired effect. In this routine, the input image (I) (see Fig 4.4 

(e)) was selected as the mask image whereas the marker image (M) has pixel value zero 

everywhere except along the borders. The borders have the same pixel value as the input 

image. Next, the output image (B) is obtained after performing an ‘AND’ operation on 

the marker and the mask images (see Fig 4.4 (f)).  

The output image (B) only contains the image with border objects. Finally, 

subtracting B from I produced the desired image (D) (see Fig 4.4 (g)) with objects 

touching the borders removed. 

 

 

4.5.4 Bounding box 

We developed a bounding box to separate the patellar, femoral and tibial cartilages. 

In developing this bounding box two things were considered: all the portions of the 

cartilage should remain intact and bounding box should be created with minimum 

number of clicks. The developed bounding box as shown in Fig 4.4 (h) required only 4 
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clicks to separate the patellar, femoral and tibial cartilages. It was found all other 

corners on Fig 4.4 (h) could be calculated from these initial 4 positions. 

Fig 4.5 (a) – (c) presents the patellar, femoral and tibial cartilages separated by the 

bounding box technique developed. Fig 4.5(a) – (c) also, highlights the difficulty 

experienced in separating the cartilages at the cartilage-cartilage interface. 

 

        

(a) (b) 
 

 
(c) 

 
Fig 4.5 Application of the Bounding Box technique for separation of the (a) Patellar and 
(b) femoral (c) Tibial cartilage 
 

It is possible to observe that a small portion of the tibial cartilage has been removed. 

This removed portion was added to the femoral cartilage. Likewise, a tiny portion of 

femoral cartilage was added to the patellar cartilage. 

Although the bounding box is user friendly requiring only 4 clicks one drawback of 

the technique is that it linearly slices between the femoral and tibial cartilages and the 

femoral and patellar cartilages. The tibial-femoral cartilage interface is difficult to 
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delineate. The problem is not as simple as curve fitting the circumference of the femur 

and tibia separately. Rather pressure in the knee joint creates a difficult cartilage-

cartilage interface where the cartilages are squeezed into one another thus, flattening the 

surfaces in an approximately linear fashion. Hence, a linear section between this 

interface provides approximation to the flattening that may occur. 

 

4.5.5 Peripheral region removal 

After segmentation and bounding box extraction small erroneous peripheral regions 

were removed. This procedure worked on the logical criteria that a peripheral region 

constituted any region that was smaller than the largest region. Our developed 

peripheral region removal procedure initially labelled the regions in the slice and later 

removed all the regions except the largest region. The peripheral regions in the tibial 

cartilage slice as shown in Fig 4.5 (c) were removed by the peripheral region removal 

procedure. The clean tibial cartilage is shown in Fig 4.6. 

 

 
 

Fig 4.6 Tibial cartilage with peripheral regions removed 

 

4.5.6 Other improvements 

In some slices portions of the muscles with low-contrast (especially in the difficult to 

segment region as reported by Bae et al. [29]) can remain attached to the femoral 



64 
 

condyles. In each knee it was found on average for there to be 8 – 12 such slices that 

would exhibit this phenomenon. The procedure to remove these artefacts is now 

discussed 

Let a slice when segmented with seed value and passed through the bounding box 

contained these artefacts (labelled the segmented slice as ‘Seg_A’) see Fig 4.7. 

 

 
 

Fig 4.7 Slice Seg_A (Femoral cartilage with artefacts) 

 

We re-segmented the same slice with a new seed value and labelled it ‘Seg_A_new’. 

Next a bounding box was created in ‘Seg_A’ around the artefacts; this same bounding 

box was then used as mask for ‘Seg_A_new’. The masked image later replaced the 

portion containing artefacts. Fig 4.8 presents a slice without artefacts. 

 

 
 

Fig 4.8 Femoral cartilage after removing artefacts 

Any peripheral regions introduced by masked image were then removed by Peripheral 

Region Removal procedure. 

 

Artefact 
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4.5.7 Validating segmentation 

Region-Based Segmentation and Bounding Box (RBS & BB) methods were used to 

separate the patellar, femoral, medial and lateral tibial cartilages of 17 subjects (7 Males 

and 10 Females). For validating the segmented cartilages we employed the Dice 

Similarity Coefficient (DSC) = 2Tp/((Fp+Tp)+(Tp+FN)), Sensitivity = Tp/(FN+Tp) 

and Specificity = TN/(TN+Fp) [80], where Tp represents a true positive, Fp a false 

positive, FN a false negative and TN a true negative count. Where, a DSC value of zero 

indicated no overlap and unity indicated a perfect overlap. Cartilages were manually 

traced four times (on 4 different days) by an expert using 3D Doctor [255] software and 

the means were compared with cartilages obtained by the RBS & BB methods. The 

DSC results for ten female and seven male subjects are plotted in Fig 4.9a-c.  

 

 

(a) 

 

Fig 4.9 (a) DSC results for the patellar cartilage of all males and females subjects for 

RBS&BB method (results were sorted based on patellar cartilage DSC of male and female. 

Also, first seven points on x-axis of the plots represent female (F1-F10) and male (M1-

M7) subjects) 
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(b) 

 

 

(c) 

 

Fig 4.9 DSC results for the (b) femoral (c) medial and lateral tibial cartilage of all males 

and females subjects for RBS&BB method (results were sorted based on patellar cartilage 

DSC of male and female. Also, first seven points on x-axis of the two plots represent 

female (F1-F10) and male (M1-M7) subjects) 
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Table 4.1 Mean and Standard Deviation of Sensitivity, Specificity and Dice Similarity 

Coefficient (DSC) for Articular Cartilage using 7 male and 10 female right knee samples 

 

 

The results obtained by the RBS&BB methods were found to follow the same trends 

amongst different subjects (see Fig 4.9a-c). The low resolution (Female F1) images 

were found to be noisy making it difficult to pick cartilage manually from the 

surrounding tissues. This resulted in a lower value of DSC for the patellar and femoral 

female cartilage. It was found that the RBS&BB approach was better at segmenting the 

patellar cartilage and performed very similar to [120] for the femoral and tibial 

cartilages. Separating the femoral and tibial cartilages was difficult as their boundaries 

became difficult to discern accurately (at the cartilage-cartilage interface) thus keeping 

the DSC value lower. A high DSC for the patellar cartilage was noted because the 

segmentation process identified and separated the cartilage as the whole of the cartilage 

was presented. We observed a lower DSC value for medial tibial cartilage as it had its 

majority of slices facing the cartilage-cartilage (femur-tibia) interface.  

Statistical Analysis was performed with GraphPad Statistics software PRISM6 and 

MATLAB (where level of significance was set at 0.05). We performed hypothesis 

testing on three quantities: the quality of segmentation; volume estimate and 

computation time. Each is now discussed. 

The quality of the segmentation was analyzed first using an unpaired t-test. This was 

performed in two ways. The unpaired t-test was first applied to the mean Dice Similarity 

Coefficient (DSC) of RBS-BB and Fripp [120] segmentation of the articular cartilage 
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and secondly, an unpaired t-test was applied to the Sensitivity values of RBS-BB and 

Fripp segmentation of the articular cartilage. 

The unpaired t-test was firstly applied to the mean Dice Similarity Coefficient (DSC). 

The Null Hypothesis (H0) was that the RBS-BB and Fripp [120] methods have the same 

mean DSC. It was found that the p-value for mean DSC for the patellar cartilage was 

0.0079 which negated H0, hence confirming that the segmentation of the patellar 

cartilage for RBS-BB was significantly better than [120] method. It was found that the p-

value for mean DSC of the tibial cartilage was 0.7706 and the femoral cartilage was 

0.4226. This did not negate H0, hence the segmentation of tibial and femoral cartilages 

was not significantly different than [120] method. 

Secondly, an unpaired t-test was applied to the Sensitivity values of RBS-BB and 

Fripp [120] segmentation. The H0 was that the RBS-BB and Fripp methods have same 

mean sensitivity values. It was found that the p-value for the mean Sensitivity of the 

patellar cartilage was 0.0006. This negated H0. Thus, the mean sensitivity value for 

patellar cartilage using RBS-BB method was significantly higher than [120] method. 

However, it was found that the p-values for the mean sensitivity of the tibial and femoral 

cartilage were 0.86 and 0.0643 respectively which did not negate the H0. Thus the mean 

sensitivity of the tibial and femoral cartilages using the RBS-BB method was not 

significantly higher than [120]. 

Thus, the RBS&BB performed significantly better than Fripp [120] in segmenting the 

patellar cartilage, whilst it was found that segmentation of the femoral and the tibial 

cartilage was not significantly different than Fripp’s [120] segmentation method. The 

validation of segmentation was followed by quantitative analysis which is now 

discussed. 
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4.5.8  Quantitative analysis of segmentation 

Fig 4.10 presents scatter plots of the cartilage volume for male and female subjects 

using the manual and RBS&BB methods. On observation, the y=x profile of Fig 4.10 

highlights that the manual and RBS&BB methods are positively correlated with one 

another, becoming more accurate for smaller volumes. 

The mean volume in mm3 for the (manual, RBS&BB) methods were (4422, 4262), 

(15257, 15438) and (6602, 6092) for the male patellar, femoral and tibial cartilages 

respectively. Whereas, the mean volume in mm3 of (3048, 2997), (10702, 10548) and 

(4275, 4080) was found for the female patellar, femoral and tibial cartilages 

respectively. The median absolute volume difference error was found to be (2.16%, 

2.39%, 2.79%) and (1.3%, 3.48%, 5.06%) for the male and female subjects’ patellar, 

tibial and femoral cartilages respectively. Whereas, the median absolute volume 

difference error was found to be (1.46%, 3.06%, 4.24%) for all the subjects’ patellar, 

tibial and femoral cartilages respectively. Hence improved over [120]. 

 

 

Fig 4.10: Scatter plots of the Male and Female subjects’ cartilages volume using the 
manual and the RBS&BB methods. Demonstrating positive correlation between the 
manual and the RBS&BB methods 
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Hence, the RBS&BB method was improved over current methods as described 

above. However, we must state that it was not developed as a state-of-the art technique 

but rather a simple, quick, user friendly, reliable and a means to an end in order to 

segment the cartilage from the bones and muscles to enable us to pursue our goal of 3D 

reconstruction of the articular cartilage of the knee and detection, quantification and 

reconstruction of OA craters. 

 

4.6 Summary 

This chapter presented a survey of commonly employed segmentation techniques 

used to segment the articular cartilage of the knee from MR images. Firstly, a brief 

discussion on the manual segmentation of the articular cartilage was presented. This 

was followed by a review on the semi-automatic and automatic segmentation 

techniques for the articular cartilage. The chapter was concluded by a discussion of the 

method employed by us for the segmentation of articular cartilage. 
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Chapter 5 

3D Reconstruction Techniques 

5.1 Introduction 

3D reconstruction is defined in computer vision and graphics as the method of: 

“capturing the shape and appearance of real objects” [26]. The chapter begins with a 

brief discussion on surface reconstruction and its applications. Techniques used for 

surface reconstruction are then discussed. This is followed by the simplest surface 

reconstruction technique, Delaunay approach, Crust and Cocone methods. Next, 3D 

Doctor [255] which is a commercial package and employs a variation of tiling and 

adaptive Delaunay triangulation [89] for surface rendering is discussed. This is 

followed by a discussion on another surface reconstruction technique, namely, implicit 

surface interpolation. The methods covered under this technique are: radial basis 

functions, partition of unity and moving least squares. Carr’s method which is particular 

to this work and which applied RBF interpolation to scattered data for reconstructing a 

surface is then presented. A brief discussion about 3D reconstruction of the cartilage is 

then presented. The chapter is concluded with a discussion on the contours and contour-

based methods for surface reconstruction. 

 

5.2 Surface reconstruction and its applications 

In order to perform surface reconstruction two salient features are required: the 

surfaces should have boundaries and are embedded in some Euclidean space ℝ�	. In 

surface reconstruction a model of an unknown surface S is computed from a given set 

of infinite samples � ⊂ 	ℝ�. Thus, the resultant model is called a reconstruction of S 

from P. Properties such as geometry and topology of the reconstructed surface should 

match the original surface. Reconstruction of watertight surfaces from point clouds has 
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been immensely popular since the mid 80’s [47]. Reconstructing 3D surfaces from 

point clouds has allowed the fitting of scanned data, filling of surface holes and re-

meshing of existing models [294]. Despite the many advantages of point clouds there 

are a number of issues in the reconstruction of surfaces from point clouds. These 

problems are: non-uniform point sampling, scan misregistration and sampling accuracy 

which results in lower positioned accuracy and normal accessibility issues which causes 

the lack of data in some surface regions. The reconstruction techniques tackle these 

issues by: inferring the topology of the unknown surface, fitting noisy data accurately 

(with no over fit) and providing watertight filling of the holes [155]. 

 

5.3 Techniques for surface reconstruction 

There are a number of techniques used for surface reconstruction in the literature. 

Several surface reconstruction techniques are based on alpha shapes [30, 40, 111], 

Delaunay triangulations [12, 21, 28, 45, 78, 93, 168] and Voronoi diagrams [18, 20]. A 

triangular mesh is created in all these methods and later, the triangular mesh 

interpolates all or majority of the points. The jagged surface that result due to noisy data 

are either smoothed [168] or refitted [30] to the points in subsequent processing. Other 

surface reconstruction approaches which are not based on Delaunay triangulation exist, 

for example level set methods [299], radial basis functions (RBFs) based methods [66] 

and researchers have also used Moving Least Squares (MLS) surfaces [11, 15, 22] 

which were implicitly defined by a MLS projection operator. An overview of the 

surface reconstruction is presented in [248]. A short survey on Delaunay triangulation 

based method is presented in [70] 

For noisy data usually the points are fitted using a zero set of an implicit function 

(where an implicit function is defined as the sum of the radial basis functions (RBFs) 
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centered at points [66, 213, 272] or piecewise polynomial functions [214, 217]). The 

solution matrix is dense and ill-conditioned as the ideal RBFs are globally supported 

and non-decaying. Carr et al. [66] used a fast multipole method to find a practical 

solution to large datasets. A number of other schemes also estimate surfaces using a 

signed-distance function [30, 82, 139]. Mullen et al. [212] discussed the importance of 

assigning a sign to the resulting distance function for the input points which are not 

oriented. 

 

5.4 Delaunay-based approaches 

Delaunay-based approaches are the simplest form of 3D reconstruction. Delaunay-

based surface reconstruction methods from scattered data have been studied by the 

computational geometry community and are based on nearest neighbour interpolation 

[42]. As the interpolation-based methods need input points (or at least a few) to be part 

of the final surface, the results can be affected by the presence of noise. Digne et al. 

[96] applied a noise smoothing filter to the point set to enhance the quality of a resultant 

mesh. Labatut et al. [177] suggested an outlier-resilient method which depends on the 

known information of the sensor position at the time of scene capturing. Delaunay-

based surface reconstruction methods compute surfaces from scattered point data. In 

order to find neighbours for each sample point the method proceeds by exploring a 

neighbourhood in all directions for all sample points. This is accomplished by Delaunay 

triangulation. Methods which use a subset of Delaunay triangulation for surface 

reconstruction are regarded as restricted Delaunay-based methods. There are two 

commonly known methods in this area as the Crust method and Cocone method which 

are now described. 
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5.4.1 Crust method 

The Crust method for surface reconstruction was proposed by Amenta et al. [17]. 

The Crust method is briefly explained here. The method assumes a given point set P 

sampling an unknown smooth surface S. The Crust method initially computed the 

Voronoi diagram V(P) of P. The Voronoi diagram V(P) of P is a cell decomposition of 

ℝ� in convex polyhedrons. Each Voronoi cell corresponds to exactly one sample point 

and contains all points of ℝ� that do not have a smaller distance to any other sample 

point. The Voronoi cell corresponding to ��� is given in Eq. 5.1: 

 

�� = {��ℝ� ∶ 	∀���	‖� − �‖ ≤ ‖� − �‖  5.1 

 

Likewise Voronoi facets are closed facets by two Voronoi cells, Voronoi edges are 

the closed edges shared by three Voronoi cells and Voronoi vertices are the points 

shared by four Voronoi cells. The Voronoi diagram is defined as a collection of 

Voronoi objects (either a Voronoi cell, facet, edge or vertex). 

Computation of the Voronoi diagram V(P) of P in Crust method was followed by 

defining the set of poles Q of the Voronoi diagram. Vp was assumed as the Voronoi cell 

of the sample point p in the Voronoi diagram. The farthest Voronoi vertex of Vp from p 

(positive pole) was labelled as p+. The pole vector which pointed from sample point p 

to p+ was labelled as np. Similarly the negative pole p- was the Voronoi vertex which 

was farthest from p but in the opposite direction to positive pole and the angle between 

pole vector np and vector from p to p- was greater than 900 as in Fig 5.1 (a) [92].  
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(a) (b) 

Fig 5.1 [92] (a) Voronoi cell Vp of sample p intersecting surface S. Pole vector np, 
negative and positive pole p-

 and p+ respectively are illustrated (b)Illustration of Cocone 
 

Next the Delaunay triangulation D(PUQ) was computed. Delaunay triangulation 

reconstructed only the candidate triangles on the surface which have all their vertices in 

P, thus any remaining triangles were discarded. The Delaunay complex D(PUQ) was 

used to ensure that all the triangles crossing the medial axis of the sampled surface S 

were removed. If the sampling P was dense the candidate triangles would not form the 

resulting surface rather they would contain a surface which was homeomorphic1 to S. 

The final surface (known as the Crust) was obtained after the manifold extraction stage. 

Prior to manifold extraction the computed surface resembled the original surface 

geometrically but might have extra triangles enclosing pockets. The manifold extraction 

stage serves to trim off pockets by the removal of triangles with sharp edges resulting in 

a quilted surface. After which a breadth first search is used on triangles to extract the 

outside of the quilted surface.  

 
                                                           
1 If homeomorphism exists between two surfaces they are both known as 
homeomorphic. 
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5.4.2 Cocone method 

The Cocone method was designed by Amenta et al. [19] as an enhancement of the 

Crust method. Similar to the Crust method, for a dense sampling the Cocone method 

initially generated a small set of candidate triangles containing the restricted Delaunay 

triangulation DS(P). A candidate triangle is defined as a triangle in D(P) whose dual 

Voronoi edge intersects any of the co-cones. Like the Crust method the candidate 

triangles in the Cocone method did not necessarily form a surface, instead they have a 

minimum of one surface provided P was sufficiently dense. Finally, the manifold 

extraction stage (same as used in Crust method) was employed to extract the surface. 

For Cocone illustration see Fig 5.1 (b) [92] 

Methods which result in watertight surfaces are important extensions of the Crust 

and Cocone methods. These methods are categorized as inside/outside labelling 

methods. After calculating the Delaunay triangles from the scattered data, the resultant 

tetrahedron was labelled as inside or outside based on whether it was inside or outside 

the solid bounded by the scattered data. A resultant surface could be obtained from the 

labelled tetrahedra by keeping all those triangles which were shared by one inside and 

one outside tetrahedron. This resulted in watertight surfaces as there was no path 

passing from the inside of the bounded solid to the outside without passing the retained 

triangle. The Power Crust designed by Amenta et al. [21] and Tight Cocone by Dey et 

al. [93] produced watertight reconstruction. Reconstruction algorithms which are not 

watertight work nicely on dense data sets but suffer difficulty for under sampled data 

(producing holes or other artifacts in the neighbourhood of the under sampling) [93]. 

The noisy sampling of P has also been addressed by the enhanced Tight Cocone 

method which is known as Robust Cocone. The Robust Cocone method was designed 

by Dey et al. [94] (Dey worked on the problem raised in Power Crust that the balls 
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circumscribing adjacent Delaunay tetrahedrons intersected deeply if both tetrahedrons 

belonged to either inside or outside component). On the other hand the tetrahedrons 

have shallow intersection if they were from different components, that is, one from 

inside and other from outside. Dey et al. [94] found out that this might be false for 

tetrahedrons in the noisy regions around a surface S, instead these tetrahedrons could be 

detected due to smaller subscribing balls. The sample points on the boundary of the 

noise layer whether facing inside or outside were retained by the Robust Cocone 

method and later Tight Cocone method was executed on this small set of retained 

sample points. 

 

5.5 3D Doctor 

In this section, a brief discussion about 3D-Doctor© which is a commercial package 

and employs a variation of tiling and adaptive Delaunay triangulation [89] for surface 

rendering is presented.  

3D-DOCTOR© [255] is a software package (made by Able Software Corporation) 

which facilitates 3D modeling, image processing and measurement for MRI, CT, PET, 

microscopy, scientific, and industrial imaging applications. 3D-DOCTOR [255] supports 

many image file formats. 3D Doctor uses 2D images for creating 3D surface models and 

performs volume rendering in real time on a personal computer. 3D Doctor employs a 

variation of tiling and adaptive Delaunay triangulation [89] for surface rendering. In 

addition, the volume can be calculated and measured in 3D Doctor which is useful for 

the quantitative analysis. 
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The 3D-Doctor does not use standard raster-based surface modeling algorithms such 

as the marching cube [190]. Instead, 3D-Doctor employs a variation of tiling and 

adaptive triangulation to generate a vector-based data structure. The vector-based data 

structure uses lines and points to represent object boundaries (or regions of interest 

(ROI)) within an image. This provides more flexibility in 3D image segmentation and 

ease in editing stand out vector-based data structures from raster-based methods. Also, 

vector-based data structures handle features like islands, holes and branches efficiently. 

For creating a 3D model the images are initially filtered from the resulting point set. 

Next, 3D Doctor employs a variation of Delaunay triangulation to create set of 

polygons for surface rendering.  

3D-Doctor employs a ray-casting-based algorithm for volume rendering which is 

similar to ray-tracing. The difference between the two methods is that ray-tracing traces 

light rays from the eye to the voxels whereas ray-casting casts light from behind the 

object through the voxels to the eye to generate a 3D perspective of the image. 

3D-Doctor employs two different types of 3D rendering namely: Surface and 

Volume rendering. In theory, surface rendering generates 3D primitives (triangles) to 

form and display the object surface. The surface rendering results are vector-based that 

is, a surface is defined by a list of 3D triangles. The volume rendering projects the 

whole 3D volume to a 2D viewing plane employing ray-tracing methods. The volume 

rendering displays a 2D raster-based image or a bitmap. Whereas, the surface rendering 

mainly focused on generating surface properties of an object without doing anything 

about the voxels inside the object. This makes easier to handle multiple objects’ 

display. 
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3D-Doctor uses an OpenGL standard and vector-based boundary determination 

instead of a raster-based one. This provides improved computational speed while 

working on 3D images. Also, OpenGL permits an easier way to display 3D surface data 

and provides the option to change the view angle and object properties interactively. 

 

5.6 Implicit surface interpolation  

In the previous section, we have discussed the simplest reconstruction technique and 

a commercial package 3D-doctor. This section presents another surface reconstruction 

technique, namely, implicit surface interpolation. The methods covered under this 

technique are: radial basis functions, partition of unity and moving least squares. Carr’s 

method which applies RBF interpolation to scattered data for reconstructing a surface is 

presented under the radial basis functions. This section begins with an outline of the 

concept behind implicit surface interpolation, now discussed. 

Implicit surface interpolation is defined as such: for a given set of points A = {ai} 

⊂ 	ℝ� which is scattered over a surface, generate a function b = f(a) whose zero level 

set, that is , the points at which the function takes on the value zero (Z(f) = {a : f(a) = 

0}) approximates or interpolates A. Often b = f(a) is made as a weighted sum of simple 

primitives. 

 

5.6.1 Radial basis functions 

In 1971 Hardy [133] introduced the multi-quadric Radial Basis Function (RBF) 

method. The RBF is an interpolation technique based on the formula Eq. 5.2: 

	
�� = 	���
|� − ��|�												(5.2)

�

���
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Where:
i
x  is the number (N) of RBF centers, 

i
λ  are the RBF coefficients and ϕ  is 

the real valued function called the basis function. The basis functions may be linear ϕ

(r) = r, Gaussian ϕ (r) = exp(-cr2) as proposed in [246], Thin Plate Splineϕ (r) = 

r2log(r+1) as used by [102] and triharmonic (ϕ (r) = r3). Micchelli [204] and Wright 

[291] solved the theoretical problems with stability and solvability of the RBF. Later, a 

polynomial function p(x) of degree k was added to the Radial Basis function by [291] to 

ensure solution stability. The resultant Radial Basis Function becomes (Eq. 5.3): 

	
�� = 	�
�� +���
|� − ��|�												(5.3)

�

���

 

There are a number of applications for the Radial Basis Functions. Carr et al. [66] in 

2001 applied RBF interpolation to scattered data for reconstructing a surface. This is 

performed by fitting an implicit representation to a set of sampled points using 

polyharmonic radial basis functions. Carr created a signed distance function, fitted an 

RBF to the signed distance function and later performed iso-surface extraction of the 

fitted RBF. 

Sand et al. [244] in 2003 used Fast RBF software for extracting iso-surface mesh. 

Sand obtained the constraints on the geometry by attaching needles to a skeleton and 

then determining where these needles intersect silhouettes. A silhouette presents an 

image of a person, an animal or an object as a solid shape of single colour and its edges 

match the outline of the subject. The observed constraints were accumulated and 

filtered, thus solving problems such as occlusion, hole-filling, deformation and noise 

removal simultaneously. Limitation of the technique occurred in the quality of 

reconstruction which was restricted by the details captured in silhouettes, the accuracy 
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of skeleton estimation from motion-capture markers and the range of motion in the 

training set.  

Tang et al. [264] in 2003 presented a fast analytical texture mapping based on RBF 

interpolation to solve the problem of constrained texture mapping. The 2D points in the 

texture image were assigned by the user to the picked 3D points on the surface. Texture 

attributes of all the other points were obtained by interpolating data sets as scattered 

data. Later, the RBF was employed to construct smooth parameterization of surfaces.  

Kojekine et al. [167] in 2003 proposed a set of software tools that used compactly 

supported radial basis functions (CSRBFs) to process scattered data. Kojekine 

developed an effective library of C++ classes to solve the computationally intense 

problem of surface reconstruction and deforming using RBF splines. Kojekine also 

proposed an efficient octree (a tree data structure in which each internal node or cell has 

exactly eight children or sub nodes) algorithm that allowed handling of large data sets 

within reasonable time. 

Belytschko et al. [38] in 2003 used RBFs for defining implicit surfaces. Belytschko 

presented a method for modelling solid objects by structured finite elements. The 

outside surface of the object and inner surface such as cracks, material interfaces and 

sliding surfaces were then described by the implicit functions. Later, the structured 

finite element approximations of the displacement field were modified to model the 

internal features. Although the method provided good accuracy at the same order as of 

unstructured meshes, the convergence rate was below optimal. 

Carr et al. [67] in 2003 demonstrated that scattered range data could be smoothed at 

low cost by fitting RBFs to the data and convolving the resultant with a low pass filter. 
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The RBF interpolated across holes and gaps. Carr has demonstrated how a smoother 

basic function was equivalent to a low pass filter when applied during RBF evaluation. 

The resultant approach was computationally efficient as fast numerical methods were 

employed. The salient characteristic of this method was that it avoided resampling the 

RBF on a fine grid. 

Wang et al. [280] in 2007 altered the partial differential equation (PDE) which 

governed the motion of the level set’s interface into a simple ordinary differential 

equation (ODE) and used a level set function interpolated by RBFs for segmenting 

images. But, this new presentation has some storage issues as it was required to invert 

and store a matrix of the size of dataset. Therefore, it becomes inappropriate for 3D and 

4D datasets. Researchers enhanced the inversion problem by employing a variational 

method to derive new ODEs which resulted in more memory and computationally 

efficient schemes. One of these researchers, Slabaugh et al. [252] in 2007 have evolved 

equation for both edge-based and region-based segmentation algorithms by employing 

anisotropic RBFs. Slabaugh updated the weight coefficients, number, locations and 

anisotropic properties of the RBFs for a new iteration. For region-based segmentation, 

B-spline RBFs were used for the interpolation of the level set function by Bernard et al. 

[39] in 2009. 

Hraiech et al. [141] in 2008 presented a technique for generating meshes by 

combining planar parameterization and morphing method using a regression model 

based on RBFs. Hraiech created a finite element mesh directly from STL (Surface 

Tessellation Language) files using a generic finite element model and corresponding 

anatomic user selected landmark points on both femurs (the STL and the generic). 
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Pu et al. [235] in 2009 exploited the interpolation/extrapolation characteristic of 

RBFs. Pu proposed a greedy algorithm consisting of forward and backward operations 

for finding the minimum set of segmentation points. These points were later used to 

reconstruct high fitting accuracy freehand sketches in the form of implicit functions. 

Zapletal et al. [297] in 2009 dealt with computation and utilization of auxiliary points in 

order to further increase the ability of RBF to restore damaged areas in an image. 

Zapletal inserted auxiliary points into undefined areas. The computed auxiliary points 

caused minimum error in the image.  

Pears et al. [228] in 2010 generated an implicit RBF model of the facial surface. 

Pears have presented an RBF-based system to map noisy 3D point clouds to pose 

aligned or pose normalized depth maps. Ding et al. [97] in 2010 presented the use of the 

RBFs to reconstruct surface from which girths were determined. As only partial surface 

of the object was required for measurement, Ding generated RBF-based local implicit 

surfaces, thus saving the valuable computational time. Tian et al. [268] in 2010 used 

RBF interpolation for the 3D surface reconstruction of the work piece. The 3D point 

cloud of the work piece was obtained by laser radar. Later, an implicit function was 

fitted to the 3D point cloud to obtain 3D surface reconstruction.  

An RBF interpolated level set proposed by Paiement et al. [221] in 2014 required only 

updating of RBFs weights. This technique neither required merging and adding of 

RBFs nor updating properties of individual RBF. Paiement et al. [221] have combined 

both the segmentation and interpolation properties of the RBF. 
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5.6.2 Carr’s RBF method 

Carr [66] applied RBF interpolation to scattered data for reconstructing a surface. 

This was performed by fitting an implicit representation to a set of sampled points using 

polyharmonic RBFs. Carr achieved this by creating a signed distance function, then 

fitting an RBF to the signed distance function and later iso-surface extraction of the 

fitted RBF was performed. These steps are now explained in detail. 

 

A Creating Signed Distance Function 

Carr et al. [66] implicitly modelled the surface with a function f(x, y, z). Now if all 

the points (x, y, z) of surface S satisfy the relation Eq. (5.4): 

�
�, �, �� = 0					
5.4� 
 

then S was implicitly defined by f. Carr determined a function f that could define the 

surface S implicitly, thus, satisfying the relation Eq. (5.5): 

�
�� , �� , ��� = 0,�ℎ���	� = 1	, … , �							
5.5� 
 

Where, {
i i i

(x ,y ,z )} are points on the surface. Carr added off-surface points, with non-

zero values, to the input data for suppressing the ordinary solution for f (that is, f zero 

everywhere). Carr then used f as a signed distance function and di were selected as the 

distance to the nearest on-surface points. The signed distance function was defined as 

Eq. (5.6): 

�
�� ,�� , ��� = 	 � 0				� = 1	, … ,�													
�� − 	������	�����	��� 			� = � + 1	, … ,�				
��� − 	������	�����	�								
5.6� 
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Points which were outside the objects were given positive values whereas negative 

values were allocated to inside points. In and out off-surface points were created by 

going in the direction of the surface normals as reported in [271]. Out off-surface points 

were produced by going in the direction of out surface normals. In off-surface points 

were then added by going towards the in surface normal [266]. Later the signed distance 

function was fitted with RBF. The on-surface, in and out surface points and RBF fit for 

a patellar cartilage slice from one of the subjects are now shown in Fig 5.2 

 

Fig 5.2 Off-surface points and RBF fit of signed distance passing through the zero-contour 
(iso-surface) on the patellar slice (Dotted lines in the big square show the cartilage border, 

dots represent the on-surface points, the solid line through the dots is the RBF fit, vertical 

lines through the dots are the normals through the off-surface points and arrows show the in 
and out off-surface points) 
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B Isosurfacing 

Isosurfacing is the procedure of extracting an iso-surface of a function either as a 

polygon mesh or set of points. Where an iso-surface for a density function, df, at a value 

v is defined as the set of all points a where df(a) = v. In surface reconstruction, the 

density function df, denotes a signed-distance function and the reconstructed surface 

resembles the iso-surface at df = 0. Three dimensional models of the patellar, tibial and 

femoral cartilages obtained after iso-surface extraction of the RBF fitted signed distance 

function are presented in Fig 5.2. 

      
(a) (b) 

 
(c) 

Fig 5.2 3D model of the (a) Patellar (b) Tibial and (c) Femoral cartilage using Carr’s 

method 
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It can be observed that the models obtained are quite smooth. For Carr’s un-

optimized method (which is used here) more memory was required than the 

developed Contour Interpolation RBF (CI-RBF) method which is discussed in 

detail in Chapter 6. A detailed comparison of the two methods is presented in 

chapter 6. 

We acknowledge that Carr has developed a fast RBF technique [66, 266] which 

optimizes speed and memory. However, we cannot compare the developed CI-RBF 

method with optimized fast RBF as the developed CI-RBF method is not 

optimized. 

 

5.6.3 Partition of unity 

In Partition of Unity the data domain is broken into smaller domains and the problem 

is addressed locally. Initially, the data is approximated separately on each of the smaller 

domains and later the local solutions are integrated by blending the weighted sum of 

each local subdomain, where the weights are smooth functions that sum to one at all 

points in the domain. 

Tobor et al. [269, 287] presented a method for the reconstruction of large geometric 

data. Tobor’s method is a combination of the Partition of Unity and radial basis 

functions (RBFs). Ohtake et al. [218] in 2005 presented a Multi-level Partition of Unity 

implicits (MPU) to construct surface models from a very large set of points. Ohtake 

performed an octree-based subdivision of the box (which bounded the point set). A 

local shape function (piecewise quadratic function) was created at each cell of the 

octree. The local shape function fitted the points in the cell. Like signed distance 

functions the local shape functions have zero value near data points and positive and 

negative values inside and outside the data points respectively. The inside and outside 
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local orientations of points were differentiated by the approximate normals of the 

points. If the shape function did not match the points (inaccurate approximations of the 

shape function) the whole procedure was repeated after subdividing the cell. The shape 

functions were merged together according to weights from the partition of unity 

functions near the shared boundary of two or more cells. The partition of unity merging 

of the local shape functions at the octree leafs resulted in the global implicit function of 

the surface.  

Consider a bounded domain Ω in Euclidian space. Form subdomains of Ω by 

dividing it into N mildly overlapping (that is having at most one data point in the 

intersection of two incident subdomains) smaller domains {Ω�	}i = 1, …, N with Ω	 ⊆ 

⋃ Ω�� . A partition of unity can be constructed which is in fact a set of nonnegative 

compactly supported continuous functions {wi(x)}i = 1, …, N such that Supp(wi) ⊆ Ω� and 

∑ ��
�
��� = 1 at every point. 

Suppose X = {xi} є ℝ�is a set of n points on the surface. For every cell Ω� a set Xi = 

{x є X / x є	Ω�} is generated and a local approximant fi is used to approximate a surface 

on every subdomain. Thus, the global function is stated as a blending of the local 

functions (Eq. 5.7) 

�
�� = 	∑ ��
	
��� (�)��(�)  (5.7) 

The partition of unity function {wi} (Eq. 5.8) can be obtained by the normalization 

process of a set of smooth functions Wi: 

��
x� = 	 "�(�)∑ "
(�)	

��

																														(5.8) 

The continuity of the global function f is governed by Wi, the weighting function. 

The weighting function Wi can be produced by considering the center, radius and 

distance function of the corresponding cell. The cells can have an axis-aligned 
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bounding box, balls or axis-aligned ellipsoids shapes. The proposed methods for 

splitting the domain are: binary trees and octrees. The amount of subdivision is 

governed by both the degree of smoothness and local sample density. Researchers have 

used RBFs [269, 287] and quadrics [218] for local fitting. Ohtake et al. [219] in 2004 

proposed a combined partition of unity and radial basis functions method for 

reconstructing surface from 3D scattered data. Initially, Ohtake obtained a crude 

approximation of scattered data by partition of unity and later refined this 

approximation using RBFs. Schall et al. [247] in 2006 integrated Kazhdan’s FFT-based 

surface reconstruction approach with adaptive subdivision and partition of unity to 

achieve robust surface restoration and a lower memory consumption. Lower memory 

consumption helped in achieving higher reconstruction accuracy than the original 

global approach. Xia et al. [293] in 2006 presented a least squares formulation using 

radial basis functions for surface reconstruction. The proposed Orthogonal Least 

Squares (OLS) algorithm was used to select centers. Large point sets were organized by 

an octree point set. Later, the surfaces were reconstructed in an octree cell and blended 

into a global surface using the partition of unity method. 

Braude et al. [53] in 2007 presented a contour-based surface reconstruction using 

multi-level partition of unity (MPU) implicit models. This involved extracting a set of 

2D contours from a 3D scan. Braude’s proposed method treated the pixels of the 

contour as points in R3 and later the surface produced from the MPU implicit model 

was used to approximately fit the 3D points. 

Nagai et al. [214] in 2009 presented a smoothing of the partition of unity implicit 

surfaces to produce a noise robust surface reconstruction. Nagai employed discrete 

differential operators and Laplacians for the smoothing of partition of unity implicit 

surfaces. 
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D’Otreppe et al. [84] in 2012 generated smooth surface meshes from multi-region 

medical images. D’Otreppe proposed a combination of an implicit surface 

reconstruction method (based on multi-level partition of unity) with multi-region mesh 

extraction scheme. The proposed method was used to solve the problem of extracting 

smooth multi-material meshes (that could fit to the tissue boundaries). 

 

5.6.4 Moving least squares 

Levin [183] in 1998 introduced Moving Least Square surfaces (MLS). MLS surfaces 

were first used in point-based graphics by Alexa et al. [15] in 2003. A projection 

operator which projects points from a tubular vicinity onto the surface was used to 

define the MLS surfaces. A drawback of MLS surfaces is that the associated non-linear 

optimization problem increases the computational cost of the traditional projection 

operator. Alex et al. [14] in 2004 overcome this obstacle by presenting a slightly 

different and simpler projection approach. For defining implicit surfaces from point 

cloud data [10, 11] Alex et. al has also catered for the correct normal computation. Alex 

et. als’ projection approach iteratively projected a point x onto a plane defined by 

weighted average of vicinity points (Eq. 5.9) and the normal n(x) 

#
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For a given input points’ normals (
 the normal n(x) can be computed either by 

averaging the input normal Eq. 5.10. 
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Or n(x) can be found by weighted least-squares fit Eq. 5.11 
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After convergence of the iteration, point x was generated on the MLS surface. 

Amenta and Kil [22] in 2004 proposed an alternative projection scheme for points 

which were not sufficiently close to the MLS surface after analyzing the stability 

problems of the traditional projection operator. In addition, the MLS surfaces were 

explicitly defined in terms of critical points of the energy function -��� along lines 

determined by a vector field. A comprehensive survey of point-based techniques and a 

brief on the traditional projection operator was presented by Kobbelt et al. [164]. 

Fleishman et al. [115] in 2005 introduced a robust moving least squares technique 

for reconstructing piecewise smooth surfaces from noisy point clouds. Fleishman 

employed a new robust statistics method to locally categorize point sets into multiple 

outlier-free smooth regions. This segregation helped to project points on a locally 

smooth region and thus defining a piecewise smooth surface which enhanced the 

numerical stability of the projection operator. Daniel et al. [87] in 2007 presented a 

method which used robust moving least squares to identify sharp features in a point 

cloud. Daniel et. al’s feature extraction was multi-step refinement method which locally 

fitted surfaces to the potential features employing the concept of robust moving least 

squares. Daniel et. al’s algorithm which employed Newton’s method [227] returned a 

set of complete and smooth curves defining the features. Weber et al. [286] in 2012 

presented a sharp feature preserving technique for MLS surface reconstruction. In this 

technique, the sharp features were marked in the pre-processing stage. Later, the feature 

curves were approximated from the selected features locally. The MLS projection 

resulted in a piecewise smooth surface with the sharp features preserved. 

Alliez et al. [16] in 2007 proposed an algorithm which can be applied to both 

oriented and unoriented point sets for the reconstruction of watertight surfaces. Alliez’s 

algorithm used a new noise-resilient Voronoi-PCA procedure for estimating normal 
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direction. The reconstruction was achieved by computing an implicit function via an 

eigenvalue problem to make its gradient best fit the estimated normal directions.  

Calakli and Taubin [64] in 2011 presented a new variational formulation to 

reconstruct a watertight surface defined by an implicit equation from a finite set of 

oriented points. The implicit function was used as a smooth approximation to the signed 

distance function to the surface. Calakli and Taubin presented a very simple hybrid 

finite element/finite difference discretization, which in conjunction with the Dual 

Marching Cubes algorithm and octree partitioning of space resulted in accurate and 

adaptive meshes. 

Kazhdan et al. [155] in 2006 proposed the Poisson surface reconstruction technique 

for making watertight surfaces from oriented points. The oriented point samples were 

initially obtained from 3D range scanners. Poisson surface reconstruction technique was 

robust to noisy data and mis-registration artifacts, but it resulted in over smoothing the 

data [16, 64, 95]. Kazhdan et al. [156] in 2013 made amendment in the Poisson 

reconstruction algorithm by adding positional constraints. The positional constraints 

were only applied to the input points located near a 2D manifold, whereas the gradient 

constraints were used over the full 3D space. In both Poisson surface reconstruction and 

its screen variant [155, 156] the sample density was used as the scale indicator. Thus, a 

surface sampled at higher resolution was supposed to have a denser set of samples. As 

the increased sampling rate was caused by data redundancy and not the sample 

resolution, Poisson surface reconstruction resulted in fitting the sample noise and using 

false geometric details. 
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5.7 3D reconstruction of the cartilage 

In the previous section, we presented a discussion on the implicit surface 

interpolation technique which was used for surface reconstruction. In this section, we 

present a number of techniques reported by researchers for 3D reconstruction of the 

articular cartilage of the human knee from MR images. 

Eckstein et al. [109] segmented the patellar, femoral and tibial cartilage interactively 

section by section and reconstructed the 3D model of the cartilage using an optimized 

surface construction algorithm [198]. Koo et al. [170, 171] reconstructed 3D cartilage 

shape from MR images using a multi-step process. After segmenting the cartilage 

images Koo et al. [170, 171] employed the Marching Cube algorithm [190] to build a 

3D polygonal surface model of cartilage. Louis et al. [90] used the Non-uniform 

rational b-splines (NURBS) to construct the surfaces of the articular cartilages. Han 

[131] performed the 3D model reconstruction of the human knee cartilage using grey 

level and contour interpolation. Triangles were then used to link the interpolated spots 

between the beds of images to reconstruct the 3D model. Bowers et al. [48] used Live 

Wire segmentation to segment the femoral and tibial cartilage structures from each 

scan. Next, the cartilage boundaries were manually corrected after semi-automatic 

segmentation. The resultant contours were then exported as point clouds and used to 

generate closed surface models for each cartilage structure by wrapping a triangular 

surface mesh to the 3D point cloud [74]. 

 

5.8 Contours  

A contour is defined as an outline of an object or body where a region boundary is 

formed by linking the edge points within the contour. A region boundary represents a 

closed contour namely, when the starting point is the same as the end point, whereas 



94 
 

when the starting point is not same as the end point the region boundary is known as an 

open contour. A contour can be represented as a curve or an ordered list of edges. The 

mathematical model of a contour is a curve. Line segments and cubic spline are 

examples of such contours. A good contour should be simple, compact, accurate (fit the 

image features) and suitable for the operations performed during later stages of the 

application. The type of curve used to model the contour determines the accuracy of the 

contour representation. The accuracy of the contour representation is also determined 

by the performance of the fitting algorithm and accuracy of the edge estimates. An 

appropriate curve model fit to the edges enhances the accuracy by averaging out the 

errors in edge location. The efficiency also increases with more appropriate and 

compact representation for later operations. 

 

5.8.1 Contour-based surface reconstruction 

The problem of reconstructing 3D models from 2D contours has been addressed in 

1970’s by Keppel [160] and Fuchs et al. [121]. Batnitzky et al. [36] in 1981 presented a 

3D surface reconstruction algorithm for Computed Tomography (CT) examinations to 

study brain lesions. Batnitzky used contours from the CT scans of the brain to 

reconstruct surfaces using tiles. A number of techniques have been proposed for 3D 

model reconstruction from 2D contours and are categorized under two main categories: 

contour stitching and volumetric methods. These methods are now discussed. 

In contour stitching, mostly the research on contour-based surface reconstruction 

was focused on creating a mesh that connects or stitches the vertices of the 

neighbouring contours. Meyers et al. [203] and Bajaj et al. [31] defined three main 

problems which are solved in contour stitching, namely correspondence, branching and 

tiling. 



95 
 

Boissonnatt [46] in 1988 employed Delaunay triangulation to reconstruct a 3D shape 

from planar cross sections. Unfortunately Boissonnatt’s approach was unable to solve 

some of the contour stitching problems such as dissimilar or overlapping contour pairs. 

Meyer et al. [203] in 1991 proposed an algorithm which dealt with the narrow valleys 

and branching using a minimum spanning tree. Bajaj et al. [31] in 1996 solved the three 

problems of contour triangulation by a combined approach of contour augmentation and 

putting some constraints on the triangulation procedure. Barequet et al. [32, 33] 

connected most portions of the contour by a partial curve matching algorithm and used 

multi-level triangulation for the remaining portions of the contours. Kuo et al. [122] in 

1999 produced smoother meshes by adding new vertices to the contour using an 

isotropy-based method and solved the branching problem by introducing an 

intermediate slice at the branch point between two adjacent contours 

In volumetric methods, given a distance field (an implicit representation of an object, 

where the value of a point in the field is defined to be the signed distance from that 

point to the object) for each contour, the 2D fields are stacked and interpolated in the z-

direction with cubic B-splines, producing a .� → . function whose zero set is the 

reconstructed surface. Levin [182] in 1986 reconstructed surface from a series of 

parallel contours using the seminal volumetric approach. Raya and Udupa [236] in 1990 

produced isotropic sampling by interpolating intermediate contours prior to 

reconstruction. Contours were obtained by segmenting the grayscale volume data and 

were converted to 2D distance fields which were linearly interpolated in z-direction. 

Jones and Chen [147] in 1994 reduced the computation for calculating 2D distance 

fields by proposing Voronoi diagrams. Barrett et al. [35] in 1994 interpolated the 

intermediate grayscale values by using morphological operators on the contour images. 

Savchenko et al. [245] in 1995 represented surface reconstruction by a developed 3D 
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function which was produced by a volume spline based on Green’s function. Chai et al. 

[71] in 1998 created surfaces from nested contours by using gradient-controlled partial 

differential equations. Nilsson et al. [215] in 2005 produced smooth surfaces from 

contour images using 2D level set morphing with cross-contour velocity. 

Braude et al. [53] in 2007 presented a contour-based surface reconstruction using 

multi-level partition of unity (MPU) implicit models. A set of 2D contours were 

extracted from a 3D scan. Braude’s proposed method treated the pixels of the contour 

as points in R3 and later surface produced from MPU implicit model was used to 

approximately fit the 3D points. 

 

5.9 Summary 

This chapter covered 3D reconstruction techniques. The chapter began by providing 

a brief discussion on surface reconstruction and its applications. Techniques used for 

surface reconstruction were then discussed. This was followed by a discussion on the 

Delaunay based approach. Techniques related to implicit surface interpolation were 

then described. A description about the 3D reconstruction of the cartilage was then 

presented. The chapter was concluded by a discussion of the contour and contour-based 

surface reconstruction which lends itself to Contour Interpolation (CI) in the next 

chapter. 
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Chapter 6 

3D Reconstruction of the Articular Cartilage of the Human Knee using 

Contour Interpolated Radial Basis Functions 

 

6.1 Introduction 

A 3D reconstruction method was developed to accurately 3D reconstruct the 

articular cartilage of the knee and 3D render the automatically detected OA craters. In 

this chapter, we describe how we developed a novel fusion of an adaptation of the 

contour method known as ‘Contour interpolation (CI)’ with radial basis functions 

(RBFs) which we describe as ‘Contour interpolated/RBFs (CI-RBF)’. The motivation 

of this research  was to extend and improve upon the work of Carr [66] who has fitted 

an implicit surface to the point cloud for reconstruction. The problem with Carr’s 

approach is that it has used a lot of data points and thus a longer time is required for 

reconstruction. As it is not possible to reduce the number of data points for a point 

cloud we employ contours for the reconstruction to resolve this issue. This allows us to 

choose the level of interpolation in the model reconstruction (that is, the number of sub-

sampled data points that the contour is made up from). The novel approach of sub-

sampling thus results in reducing the number of data points and also the time taken to fit 

an implicit surface. We also present a spline boundary correction which further 

enhances volume estimation of the method. A subject cohort consisting of 17 right non-

pathological knees (10 female, F1-F10 and 7 male, M1-M7) are assessed to validate the 

quality of the proposed method. We demonstrate how the CI-RBF method dramatically 

reduces the number of data points required for fitting an implicit surface to the entire 

cartilage, thus, significantly improving the speed of reconstruction over the comparable 

RBF reconstruction method of Carr. We compare the CI-RBF method volume 
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estimation to a commercial package (3D Doctor), Carr’s RBF method and a benchmark 

manual method for the reconstruction of the femoral, tibial and patellar cartilages. The 

benefits of the developed CI-RBF method are that it provides fast computation (being 

of the order of a few minutes – hence, near real time); accurate and robust 3D model 

reconstruction that matches Carr’s RBF method; an improvement over 3D Doctor and 

the manual benchmark method in accuracy and significantly improves upon Carr’s RBF 

method in data requirement and computational speed (40% faster than Carr).  

Work presented in this chapter is drawn from a paper: “Z. Javaid, C. P. Unsworth, 

M. Boocock and P. McNair, “Contour Interpolated Radial Basis Functions with Spline 

Boundary Correction for Fast 3D Reconstruction of the Human Articular Cartilage from 

MR images”, published by Med Physics in March 2016 (See Publication section). 

Results and text included in this chapter are largely unchanged from the submitted 

version as allowed by the University of Auckland under the 2011 Statute and 

Guidelines for the Degree of Philosophy (PhD). Co-authors of this work Dr Charles P. 

Unsworth, Dr Mark Boocock and Professor Peter McNair advised and commented on 

the manuscript, however the bulk of the research and preparation for submission was 

undertaken by the thesis author (see accompanying declaration). 

 

6.2 Methods 

In this section, we present our developed articular cartilage image segmentation and 

3D model reconstruction. Under the 3D model reconstruction we introduced our 

developed Contour Interpolated Radial Basis Functions and spline boundary correction 

methods. Later in the section we briefly discussed volume estimation methods and iso-

surfacing.  
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(a) (b) 

 

 
(c) 

Fig 6.1 (a) A typical MRI scan of the human knee (b) Bounding Box used on segmented 

scan after clear border to separate cartilages (4 clicks as mentioned in section 6.3 are shown 

as yellow dots) (c) Off-surface points and RBF fit of signed distance passing through the 

zero-contour (iso-surface) on femoral slice (Dotted lines in the inner picture show the 

cartilage border, the solid line through the dots is the RBF fit and vertical lines through the 

dots are the normals through the off-surface points) 

 

A typical MRI scan of the human knee [24] is shown in Fig 6.1 (a) and the steps for 

the segmentation of the femoral, tibial and patellar cartilages from the bones and 

muscles (see Fig 6.1 (b)) are listed below. 
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6.3 Articular cartilage image segmentation 

Five steps are used for separating the patellar, tibial and femoral cartilages from the 

bones and muscles these are now described: 

1) The MR scans were initially passed through a low pass (see section 4.5.1) filter to 

simultaneously remove the noise and preserve edges (see Fig 6.1 (a)) 

2) Region-based segmentation (RBS) [132, 152] was applied to all scans using a 

seed value [9] of 200 determined from many trials. The criterion of gray scale 

level range was then used for extending the membership (for details of RBS see 

chapter 4). 

3) All the muscles touching the border were automatically removed by using a clear 

border procedure (by namely, creating a mask around all the objects touching the 

border of the image and removing them, clear border procedure is presented in 

chapter 4 section 4.5.3). 

4) A bounding box (BB) as in Fig 6.1 (b) was developed to require only 4 clicks per 

slice (yellow dots) by the user to separate the patellar, femoral and tibial 

cartilages; all other corners on Fig 6.1 (b) could then be calculated from these 

initial 4 positions (BB is presented in chapter 4 section 4.5.4).  

5) Small erroneous peripheral regions were next removed automatically from the 

image using the logical criteria that a peripheral region constitutes any region that 

is smaller than the largest region (peripheral region removal is presented in 

chapter 4 section 4.5.5). 

 

6.4 3D Model reconstruction 

3D models of the femoral, tibial and patellar cartilages were reconstructed and 

compared using a commercial package called ‘3D Doctor’ [255]; Carr’s RBF method 
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[66]; and the proposed CI-RBF method (for details of 3D Doctor and Carr’s RBF 

method see Chapter 5). All the reconstruction techniques namely the CI-RBF, Carr 

RBF and 3D Doctor followed the steps mentioned in section 6.3 for the articular 

cartilage segmentation. The developed CI-RBF now follows. 

 

6.4.1 The Contour interpolation/RBF (CI-RBF) method 

A detailed description of the 4 stage CI-RBF visualization tool (presented 

graphically in Fig 6.2) after MR images of the human knee are obtained is as follows: 

 

Stage 1: Preprocessing and Segmentation 

Stage 1 follows all the five steps mentioned in articular cartilage image segmentation 

(described in section 6.3). After segmentation has been completed the following 

developed methodology for 3D reconstruction was performed. 

 

Stage 2: Initial Contour Interpolation (CI) 

1. The separated femoral, tibial and patellar cartilage contours are fitted with cubic 

splines. 

2. Each fitted contour is then interpolated to have the same number of points for 

each MR image which we term ‘Contour Interpolation’ (CI). This is because the 

number of pixels varied with the size of each contour. It was this inconsistency in 

size and number of pixels that presented a problem when fitting an implicit 

surface using a RBF [133]. To overcome this inconsistency we introduced the 

fitting splines of a fixed number of points (for example 200) for every contour. 
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Stage 3: Spline Boundary Correction 

We observed that the pixels which were very close to the spline boundary were not 

counted towards the pixel count and hence can reduce the volume estimation (for 

volume estimation method see 6.4.5). To overcome this discrepancy we developed a 

simple spline boundary correction method (see 6.4.2 for spline boundary correction 

method) by defining a threshold. The spline boundary correction identified the missing 

point on the spline boundary. This was performed as such:  

1. A max distance is automatically determined for each slice of the femoral, tibial 

and patellar cartilages (see Fig 6.2 upper left part of stage 3 figure). 

2. A ‘Neighbourhood Radius Threshold’ (NRT) (see spline boundary correction 

method 6.4.2) is determined from a lookup table of knees using the max 

distance value (see Fig 6.2 central part of stage 3 figure). 

3. Any missed points around the spline boundary are then identified using the NRT 

value (see Fig 6.2 lower right part of stage 3 figure) and a new contour 

containing the missing points is created. 

 

Stage 4: 3D Model Surface Reconstruction 

1. The new contour (which includes any missing points) is then re-interpolated to 

have same number of points for each slice 

2. A signed distance function (SDF) is then created (for details of creating signed 

distance function see chapter 5) from the new set of spline boundary points and 

fitted with RBF (see chapter 5 for details of RBF). This was performed as such: 

in/out off-surface points (see Fig 6.1 (c)) were created for the new set of points 

by projecting along the (in/out) surface normals respectively as reported in 

[271]. The RBF fit (mesh) of the articular cartilage for a linear basis function is 
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Fig 6.2 The CI-RBF method described in four stages 
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shown in Fig 6.3 (a-c).  

 

   
(a) (b) 

 

(c) 
Fig 6.3 A mesh of RBF fit of the (a) patellar (b) medial tibial (c) femoral cartilages using 
linear basis function. The black lines discern each MR image 

 

The RBF interpolates the corresponding points that connect intermediate 

contours together. Thus, since the contours are uniformly sub-sampled the 

spacing between them is uniform and hence the resulting grid is uniformly 

spaced. 

3. Iso-surface extraction (see 6.4.6) is performed on the RBF fitted signed distance 

function to obtain a 3D model reconstruction 

The CI-RBF method allows one to also choose the level of interpolation in the model 

reconstruction (that is, the number of sub-sampled points that the contour was made up 

from). For example, it was found by experiment different levels of interpolation 
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(between 100-300 points) of the contours to reconstruct 3D model of the patellar 

cartilage results in the same quality of reconstruction as one another with the 100 point 

interpolation scheme (as demonstrated in Fig 6.4) fitting the implicit surface in a 

reduced time (i.e. 263 seconds as compared to 728 seconds for 300 points/slice 

scheme). 

 
Fig 6.4 Comparison of Male (left) and Female (right) subjects’ femoral cartilage volume 
with increasing points 

 

6.4.2 Spline boundary correction method 

We observed that the pixels which are very close to the spline boundary could be 

missed in the counting procedure and hence reduced estimation of volume. To 

overcome this discrepancy we introduce a simple correction method by defining a 

neighbourhood radius threshold (NRT) around each pixel on the spline boundary. Any 

pixels that fall within the neighbourhood radius are thus deemed to be part of the 

boundary. Since the spline boundary is made of 100, 200 or 300 points depending on 

whether we are using it for fitting the patellar, tibial or femoral cartilage there is 

chance that distance of the candidate pixel is less than (NRT) for a number of 

boundary pixels. To overcome this we look for the shortest distance from the spline 

points to the candidate pixel. For example, if the distance of pixel A (outside the spline 

boundary) from pixels B, C, D and E (on the spline boundary) is less than 

neighbourhood radius threshold then pixel A will be included in the boundary four 
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times (one time for B, C, D and E). To avoid this duplication, after becoming the 

candidate for inclusion, pixel A will be included on the basis of shortest distance from 

boundary pixels B, C, D and E. If B has the shortest distance from A, then A will be 

included on the basis of B and will not be included again on the basis of any other 

pixel on the spline boundary. 

 

6.4.3 Algorithm for automatically finding the threshold for each slice 

We have developed an algorithm for automatically finding the NRT around each 

pixel on the spline boundary for each slice. As described in section 6.4.2 this NRT 

value will help in identifying pixels which are deemed to be part of the spline 

boundary. The algorithm is now described. 

1. Get x and y values from the actual slice contour. 

2. Identify the boundary and inside pixels of the actual slice contour. 

3. Fit a spline to the actual slice contour (see Fig 6.5 (a-b)). 

4. Increase NRT from an initial value of 0.1 until the number of pixels inside and on 

the fitted spline boundary is equal to number of pixels inside and on the boundary 

of actual slice contour. 

5. There is a possibility that some of the pixels, which are not part of actual slice 

contour, will be picked up by the NRT value as shown in Fig 6.5 (a-b). We refer to 

these as false pixels. To remove the false pixels one proceeds as follows: 

a. Match boundary pixels (picked up due to the NRT value) of the spline with the 

pixels of the actual slice contour and remove those pixels (false pixels) which do 

not find a match, and update the total pixel count accordingly. 

b. An alternate way is to generate a new count for all the matched pixels at the 

spline boundary (we refer to these as true pixels). 
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(a) 

 
(b) 

Fig 6.5 (a) Actual Slice contour with boundary and inside pixels shown with red ‘+’ 
(b) Optimum NRT picks two false pixels which are marked with black ‘*’ and not 
counted towards pixel count. Inside pixels are shown with red ‘+’ and close boundary 
pixels with green ‘*’ 
 

6. Calculate area by multiplying the total pixel count to height (ydim) and width 

(xdim) of a pixel. 

7. Calculate volume = area × inter-slice distance.  

 

6.4.4 Threshold range 

We next related the neighbourhood radius threshold (NRT) value to an external 

dimension of the MR image which we term the ‘Maximum Distance Parameter’. For 
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finding the NRT range for different cartilages we plotted a boxplot for the NRT versus 

‘Maximum Distance Parameter’ of the patellar, tibial and femoral cartilages for different 

slices. The Maximum Distance Parameter for the patellar cartilage was found 

automatically in the y-axis direction (see Fig 6.6 (a)) and in the x-axis direction for the 

tibial and femoral cartilages’ MR scans using the Euclidean distance formula (see Fig 

6.6 (b) and (c) respectively). 

Thus, upon matching the maximum distance parameter of an unknown knee the 

appropriate minimum NRT can be used from such a look up table. This aids in reducing 

the volume calculation time. For example in Fig 6.6 (a): if we are looking for a threshold 

for a max distance of 7 mm for a patellar slice one should match this in the look up table 

that corresponds to the data in the boxplot and retrieve the minimum value which is used 

as the initial NRT value. Then one should keep increasing the NRT value until the pixels 

inside and on the spline boundary equals the number of pixels inside and on the 

boundary of the actual slice contour. 

 
(a) 

Fig 6.6 (a) Threshold versus Max Distance (mm) of the Patellar Tibial cartilage 
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(b) 

 

 
(c) 

Fig 6.6 Threshold versus Max Distance (mm) of the (b) Tibial (c) femoral cartilage 
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6.4.5 Volume estimation methods 

The volume of the femoral, tibial and patellar cartilages was initially determined by a 

commercial package, 3D Doctor [255]. For our Contour interpolation/RBF method and 

Carr’s RBF method, the volume of the femoral, tibial and patellar cartilages were 

estimated using the procedure of [76]. The volume estimation in [76] employed 

Cavalieri’s principle [68] according to which the sum of the segmented cartilage area 

was multiplied by the inter-slice distance (slice thickness). 

 

6.4.6 Isosurfacing 

Isosurfacing is the procedure of producing an iso-surface of a function as a polygon 

mesh or set of points. An iso-surface for a density function, sdf, at a value v is defined 

as the set of all points a where sdf(a) = v. In surface reconstruction, sdf, denotes a 

signed-distance function that the reconstructed surface resembles the iso-surface at sdf 

= 0. The RBF fit of the signed distance function passing through the zero-contour is 

shown in Fig 6.1 (c). 

 

6.5 Results 

6.5.1 Stopping criteria and stability of CI-RBF 

The stopping criteria and stability of the developed CI-RBF model was next 

examined. To determine the stopping criteria for a number of interpolated points/slice 

we plotted the cartilage volumes versus number of interpolated points for the subject 

cohort (see Fig 6.4). The plots show that increasing the number of points has little effect 

on the volume of the articular cartilage. 
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Fig 6.7 Comparison of mean volume of all male and female articular cartilages for 100 to 300 points/slice with 

their respective scheme, black bars represent volume of one subject for optimum points/slice scheme and white 

bars represent mean volume of 300, 200 and 100 points 
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It was found that the change in femoral, tibial and patellar cartilage volumes were 

quite small after 300, 200 and 100 points/slice respectively (the estimated volume for 

3D models of male M3 patellar cartilage using 300, 200 and 100 points/slice is 4349, 

4351 and 4351 mm3 respectively). Thus, we can safely conclude that the tibial and 

femoral volumes saturate at 200 and 300 points/slice respectively, whereas, the patellar 

volume saturates at 100 points/slice (see Fig 6.7). 

 

6.5.2 Quantitative analysis of contour interpolation/RBF 

Figs. 6.8 (a-c) and 6.9 (a-c) illustrate 3D reconstructions of the patellar, tibial and 

femoral cartilages for 7 male and 10 female subjects respectively. The estimated 

volume plots for the right knees of 7 male and 10 female subjects of the patellar, tibial 

and femoral cartilages using the CI-RBF, 3D Doctor and Carr [66] methods are shown 

in Fig 6.10 (a) together with a manually segmented cartilage volume estimation to 

identify the closest reconstruction technique. For estimating volume the CI-RBF 

method has used a 300 points/slice scheme for the femoral, a 200 points/slice scheme 

for the tibial and 100 points/per slice scheme for the patellar cartilage as their volume 

saturated at these number of points/slice. Fig 6.10 (b), shows the plot for the total points 

used by the CI-RBF, 3D Doctor and Carr [66] methods It can be seen in Fig 6.10 (b) 

that the CI-RBF method uses almost half the number of points used by the 3D Doctor 

and Carr [66] methods. The total points listed are the points used for tracing the 

boundary of the cartilage contour in all slices and the density data is three times the 

total number of points as the maximum increase = 2.0 scheme was employed [266]. 

Results show that the mean estimated volume for the patellar cartilage by CI-RBF 

method has a root mean square error of 3.6% to the mean estimated volume of the 

manually segmented patellar cartilage whereas 3D Doctor and Carr have 3.8% and 
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4.2% respectively. The mean estimated volume of the tibial cartilage by CI-RBF has 

root mean square error of 7.48% to the mean estimated volume of manually segmented 

tibial cartilage, followed by Carr and 3D Doctor (which have 9.61% and 14.1% 

respectively). 

 

 
Fig 6.8 3D reconstructions of the (a) Patellar (b) Tibial and (c) Femoral cartilage for 7 
male subjects using the 3D Doctor, Carr and CI-RBF methods 
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Fig 6.9 3D reconstructions of the (a) Patellar (b) Tibial and (c) Femoral cartilage for 10 
female subjects using the 3D Doctor, Carr and CI-RBF methods 
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(a) 

 

 
(b) 

Fig 6.10 (a) Comparison of the estimated volume of the articular cartilage using the CI-RBF 

(black bars), Carr (grey bars) and 3D Doctor (white bars) methods with the Manually 

Segmented Volume (—x—) using 7 male and 10 female subjects right knees. (b) 
Comparison of the Total points (nodes) of the articular cartilage for the CI-RBF (black 

bars), Carr methods (grey bars) and 3D Doctor (white bars) using 7 male and 10 female 
subjects right knees.  
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The mean estimated volume of the femoral cartilage by CI-RBF has root mean 

square error of 5.25% to the mean estimated volume of the manually segmented 

femoral cartilage, followed by the 3D Doctor and Carr’s method (which have 5.79% 

and 6.05% respectively). Thus, quantitative analysis demonstrates that the CI-RBF is a 

suitable technique for the reconstruction of the patellar, tibial and femoral cartilages. 

 

6.5.3 Computation time for reconstruction 

The computation time for 3D model reconstruction of the patellar, tibial and femoral 

cartilages by CI-RBF and Carr methods was estimated using the MATLAB. The mean 

± standard deviation computation time spent in minutes for (CI-RBF vs Carr) for the 

reconstruction of the patellar was (6.49±0.035 vs 10.75±0.46), tibial was (8.88±0.007 

vs 14.75±2.48) and femoral was (9.43±0.85 vs 16.85±1.73). Thus, computation time 

was improved upon [66]. 

 

6.5.4 Statistical analysis 

The analysis of variance (ANOVA) tests the hypothesis that the means of two or 

more populations are equal. The ANOVA uses variances to check the equality of the 

means. To determine whether there is a difference in the population means ANOVA 

compares the between-group variation with the within group variation. We would likely 

to get significant differences among the population means if between-group means is 

larger relative to the within group means. 

As we have to determine whether the groups (four methods of measuring the 

articular cartilage volume) were actually different in the measured characteristic (mean 

estimated volume) we employed the one-way ANOVA. The null hypothesis H0 (the 

hypothesis formally being tested) was defined to be that all methods have same mean 
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estimated volume. Our measure of evidence against the null hypothesis is the p-value 

(probability of measuring evidence against the null hypothesis). Hence, a p-value less 

than the significance level (α) provided evidence against null hypothesis. We have set 

the significance level value of 0.05 for our 3D model reconstruction methods. This 

indicates a 5% risk of concluding that a difference exists when there is no actual 

difference 

 

A. Statistical measurement of the estimated volumes 

We statistically examined the accuracy of the estimated volumes of articular cartilage 

comparing the manual method to each of the CI-RBF, Carr and 3DD methods using a 

one-way ANOVA. The null hypothesis (H0) was defined to be that all four methods had 

the same mean estimated volume. It was found that the p-values for the patellar (0.9851), 

tibial (0.532) and femoral (0.9859) cartilages did not negate H0, thus the difference in 

mean estimated volume was not statistically significant. Hence, we can say that all three 

methods were as accurate as the benchmark. 

 

B. Computation Time between CI-RBF and comparable RBF method of Carr 

The speed of reconstruction (or computation time) of the articular cartilage by CI-

RBF and Carr’s method were analysed using a one-way ANOVA. H0 was defined to be 

that the two methods took the same mean computation time. It was found that the p-

values for the patellar was (<0.0001), tibial (<0.0001) and femoral (<0.0001) cartilages 

negated H0. Thus, it can be said that the computation time taken by CI-RBF for the 

reconstruction of all articular cartilages was statistically significantly less than Carr. 
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C. Data points between CI-RBF, 3D Doctor and comparable RBF method of Carr 

The data points of the articular cartilage by CI-RBF, 3D Doctor and Carr’s method 

were analysed using a one-way ANOVA. H0 was defined to be that the three methods 

used had the same mean data points. It was found that the p-values for the patellar were 

(<0.0001), tibial (<0.0001) and femoral (<0.0001) cartilages thus negating H0. 

Therefore, it can be said that the data points or memory required by the CI-RBF method 

for the reconstruction of all articular cartilages was statistically significantly less than 3D 

Doctor and Carr. 

 

6.6 Discussion 

In this chapter, we proposed a simple and effective method of fusing an adaptation of 

the contour method known as ‘Contour interpolation (CI)’ with radial basis functions 

(RBF) to produce an accurate and fast 3D reconstruction model of the human articular 

cartilage from MR images which we describe as ‘Contour interpolated/RBFs (CI-

RBF)’. We address the shortcomings of the method developed by Carr [66] who has 

fitted an implicit surface to the point cloud for reconstruction. The problem with this 

approach is that it has used a lot of data points and thus required longer time for 

reconstruction. Since it is not possible to reduce the number of data points for a point 

cloud we employed contours for the reconstruction. Also, using contours helped us in 

subsampling and thus reducing the number of data points and time taken to fit an 

implicit surface. We also proposed a spline boundary correction for further enhancing 

accuracy. Contours of the cartilages were fitted with cubic splines and after spline 

boundary correction a new set of points were re-interpolated to have fixed number of 

points on the fitted spline for each contour. By selecting a fixed number of points for 

each contour, the total number of points for the cartilage was reduced and thus the time 
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taken to fit an implicit surface was also reduced. Later a signed distance function was 

presented requiring a reduced number of points (in comparison to Carr [66] who built a 

signed distance function using the total points on the boundary of the cartilages). A 

signed distance function was then fitted by an RBF. Finally, iso-surface extraction was 

used to obtain a 3D surface model. The CI-RBF method was compared to two other 

models: a commercial package (3D Doctor) [255], Carr’s [66] RBF method and a 

benchmark manual method for the reconstruction of the, femoral tibial and patellar 

cartilages.  

A subject cohort consisting of 17 right non-pathological knees (10 female and 7 

male) were assessed to validate the quality of the proposed method. The femoral, tibial 

and patellar cartilages of the subjects were extracted by Region-Based Segmentation 

[132, 152] and a developed Bounding Box (which requires only 4 mouse clicks per 

slice) methods from 60 MR images and would provide a user friendly interface for a 

radiologist. 

We performed a Quantitative analysis on our CI-RBF method and demonstrated that 

the CI-RBF improved upon the other reconstruction techniques in data requirement and 

speed. The statistical analysis demonstrated that the CI-RBF method matches Carr’s 

RBF [66] method, 3D Doctor [255] and a manual bench mark method in accuracy and 

significantly improves upon Carr’s RBF method in data requirement (p-value < 

0.0001) and computational speed (p-value < 0.0001). In addition, 3D Doctor uses the 

triangulation [89] technique for reconstruction, whereas, the CI-RBF and Carr methods 

use Radial Basis Functions[133]. Our goal was to reconstruct smooth 3D models; using 

triangulation could potentially cause two problems. Firstly, the reconstructed surfaces 

obtained by triangulation would require smoothing. Secondly, the reconstructed 

surfaces obtained using some triangulation techniques required manifold extraction for 
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cleaning sharp edges [93] which resulted in loss of data. So instead of using 

triangulation, RBF was fitted and the resultant surface did not require smoothing which 

have caused loss of data in triangulation. 

We demonstrated how the CI-RBF method significantly reduces the number of data 

points required for fitting an implicit surface to the cartilage, by 48%, 31% and 44% for 

the patellar, tibial and femoral cartilages respectively than the methods of Carr [66] and 

3D Doctor [255] as shown in Fig 6.10 (b). This is because the CI-RBF method used 

fixed number of points per slice per cartilage type (for example, 100 points per slice for 

the patellar, 200 points per slice for the tibial and 300 points per slice for the femoral 

cartilage) whereas the Carr and 3D Doctor methods used total points on the boundary of 

the cartilage. Thus, significantly improving the speed of reconstruction (p-value 

<0.0001) by 39%, 40% and 44% for the patellar, tibial and femoral cartilage over the 

comparable RBF model of Carr [66] providing ‘near real-time’ reconstruction of the 

patellar, tibial and femoral cartilages respectively. Where, the definition of ‘near real 

time’ is actually application dependent and can be defined to be of the order of several 

seconds to several minutes. We feel that several minutes is a reasonable time for a 

computationally un-optimised algorithm to validate the new method which can only 

improve in speed further when the code is optimized. This difference in the 

computational speed is due to the fact that the CI-RBF method used a fixed number of 

points for each contour, the total number of points for each cartilage was reduced and 

thus the time taken to fit an implicit surface was also reduced. Whereas, Carr’s method 

used the total points on the boundary of the cartilages thus it needed more time to fit an 

implicit surface. We could not compare speed to 3D Doctor as the CI-RBF is un-

optimized compared to 3D Doctor.  
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It should also be noted that manual segmentation, as rightly pointed by Shim et al. 

[251], is solely dependent on the observer’s ability to determine the cartilage boundary, 

leading to inaccuracies [251]. This in turn can affect the quantitative measurements as 

the cartilage is thin (1.3 – 2.5 mm for healthy knee) [143]. 

The CI-RBF method provides a fast, accurate and robust 3D model reconstruction 

that matches Carr’s RBF method, 3D Doctor and a manual benchmark method in 

accuracy and significantly improves upon Carr’s RBF method in data requirement and 

computational speed. In addition, the visualization tool has been designed to quickly 

segment MR images requiring only 4 mouse clicks per MR image slice. We hope this 

would serve as a point-of-care 3D visualization tool which would benefit a consultant 

radiologist in the visualization of the human articular cartilage. 
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Chapter 7 

Accurate, Automatic Detection, Quantification & 3D Modelling of 

Chondral injury/Osteoarthritic craters in the Human Knee 

 

7.1 Introduction 

Bauer and Jackson [37] presented a popular variation of the International Cartilage 

Repair Society (ICRS) classification for chondral lesions. Bauer and Jackson [37] 

established from the study of 167 chondral lesions of the femoral condyle that lesions of 

type I-IV are of traumatic origin and type V and VI are different stages of degeneration. 

The type-IV lesions (OA crater lesions), were chosen as they appeared the most 

tractable of all the lesion subtypes [37].  

To date Chondral injury/ OA crater [37] lesions are detected by clinical observation 

or arthroscopy [166] which are time consuming. Thus, there would be benefit in the 

development of an automatic method for detecting and accurately quantifying OA 

crater lesions which could potentially offer a point-of-care diagnosis to a consultant 

radiologist. In this chapter we address this problem, by developing an image processing 

tool that can rapidly, automatically detect, 3D render and accurately quantify Chondral 

injury/osteoarthritic (OA) craters that exist in MR images of the femoral cartilage. The 

chapter begins by an introduction to the literature on hole-filling techniques. This is 

followed by a brief discussion on the Moshtagh and Harris methods. Next, we define a 

minimum Chondral injury/OA crater criterion and describe the algorithm developed to 

detect, fill and quantify Chondral injury/OA craters. We describe how it is possible to 

adapt Moshtagh’s ellipsoid method and by combining it with Harris’s corner detection 

method we produce a novel way to identify Chondral injury/OA crater boundaries. We 
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then proceed to implement the Contour Interpolated Radial Basis Function (CI-RBF) 

method developed in chapter 6 for the final reconstruction of the Chondral injury/OA 

craters in 3D.  

We validate the performance of our proposed method by performing three 

investigations. Firstly, quantifying type-IV crater volumes in ‘real’ human knees is 

limited because it is not possible to obtain absolute volume with a physical experimental 

measure. We resolve this, (through extensive simulation) by generating synthetic craters, 

of known volumes, into MR images of the knee to thoroughly validate model accuracy. 

Secondly, the method is used to detect type-IV crater pathology in a randomized 

sequence of 4 healthy and 4 pathological knees. Finally, we highlight how the volumes 

of real type-IV craters can be estimated using the developed method.  

We demonstrate how our method provides a significant improvement (%RMSE) to 

the known crater volume than manual delineation method for synthetic generated holes 

of known volume. Secondly, our method is used to detect knees with pathology from a 

randomized series of 8 knees (4 with pathology and 4 healthy). We demonstrate how 

the method correctly detects 100% of knees with/without pathology and determines 

exactly how many slices correspond to each Chondral injury/OA crater. Finally, we 

determine the volumes of five real Chondral injury/OA craters using the manual 

delineation method and compare this to our method. To our knowledge this is the first 

time Chondral injury/OA craters in the MR image of a human femoral cartilage have 

been detected and quantified automatically. 

Thus, the method provides real-time, automatic detection and quantification of type-

IV crater lesions in the femoral cartilage for radii 2-4mm, statistically significant over 

standard manual delineation. 
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7.2 Current methods 

Deformation and loss of articular cartilage results in Osteoarthritis (OA) [238], a 

global cause for disability in people over 65 years. Measures of volume and thickness of 

the articular cartilage [174] are used for identifying chondral lesions and osteoarthritis 

with Magnetic Resonance Imaging (MRI) [104, 106, 110, 231, 233]. 

3D models are widely represented by triangular meshes. However, triangular meshes 

may have holes due to: occlusion, limitation of scanners and the damaging of original 

models. It is essential to fill such holes in order to avoid difficulties in model rebuilding, 

rapid prototyping and finite element analysis. There are a number of hole-filling 

techniques used by researchers. These hole-filling techniques can be divided into two 

categories: volume-based methods and mesh-based methods [148]. 

 

7.2.1 Volume-based methods 

In the volume-based methods initially an intermediate volumetric grid of the input 

model is formed. The hole-filled volume is later converted to a triangular mesh by an 

iso-surface extraction. Curless et al. [82] in 1996 employed a volumetric representation 

to detect the mesh portions which required filling. Each mesh was converted to a signed 

distance function. Then the distance functions were combined to extract the zero set in 

order to obtain the final surface. For filling the holes, Curless marked the region of 3D 

space which was laid along the line of sight between the scanner and the meshes as 

empty. Finally, the boundary of 3D region was extracted as a supplementary surface 

(although their method guaranteed the production of watertight surface it might result in 

less plausible surfaces). In addition, the method required information about scanner’s 

line of sight and therefore could result in poor performance if an object’s vicinity was 

not covered by the line of sight of the scanner. 
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Davis et al. [88] in 2002 extracted a zero set from the constructed signed distance 

function to obtain the initial surface. The holes were filled by extending the signed 

distance function from the neighbourhood of the observed surface using volumetric 

diffusion. The diffusion algorithm comprised of alternate steps of blurring and 

compositing. Finally, Marching Cubes [190] were used to extract the surface.  

Verdera et al. [276] in 2003 employed a system of partial differential equations to fill 

the holes. These equations, which were based on the geometric characteristic of meshes, 

were derived from image inpainting algorithms. These partial differential equations were 

used on the holes and their vicinity. The algorithm designed by Verdera et al. [276] is 

slower than Davis et al [88] algorithm.  

Clarenz et al. [77] in 2004 used finite element methods to minimize the integral of the 

squared mean curvature of the filled hole by adapting an iterative approach which 

resulted in smooth connection with neighbouring meshes.  

As majority of the volume-based methods employed Marching Cubes for 

reconstruction they could result in blob like surfaces lacking in sharp corners and edges. 

Some of the researchers [44, 149] employed feature-preserving contouring algorithms 

[150] but still the reconstructed structures lacked in sharp features. 

 

7.2.2 Mesh-based methods 

In mesh-based methods holes are filled locally without affecting the remaining 

surface. This is in contrary to the volume-based methods. Liepa et al. [186] in 2003 

identified and filled holes with a minimum area triangulation of its 3D contour according 

to the method of Barequet et al. [34]. The triangulation was refined to match the density 

of the surrounding mesh triangles. Finally, an umbrella operator based fairing technique 

proposed by Kobbelt et al. [165] was used to smooth the filled holes. 
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Pernot et al [229] in 2006 proposed a non-iterative approach to minimize the 

curvature variant between the surrounding and inserted meshes to fill holes. Initially, 

Pernot et al. identified the hole contour and cleaned the badly oriented or degenerated 

triangles due to scanner noise. The holes were filled by inserting a topological grid 

(mesh). The topological grid was later deformed to match the initial mesh. As Pernot et 

al. technique was unable to recover complex shapes their technique was enhanced in 

[225] by using images (for recovering the missing information) which were acquired 

during the acquisition step. 

Furthermore, Xin Chen et al. [75] in 2008 suggested a two-step tetrahedral meshing 

algorithm for forming finite element meshes from medical images. Firstly, a triangular 

surface was reconstructed surrounding the object between the adjacent sections. Then an 

advancing front method was employed to discretize the object inside the triangular 

surface. For triangular surface reconstruction, contours of the desired objects were 

extracted from the medical images. Next, contour nodes were placed according to both 

the anticipated density and geometric features. The sectional contours were used to 

construct the surface which comprised of two adjacent sections and one side surface. Xin 

Chen et al. performed a constrained Delaunay triangulation on the sectional contours to 

triangulate the planar meshes. The solid domains between the adjacent sections were 

then tetrahedralized. 

Hole-filling can also be achieved by adapting scattered data fitting techniques such 

as radial basis functions (RBF) and moving least squares (MLS) [279]. Carr et al. [66] 

used polyharmonic RBFs to fit an implicit representation of sample points by creating 

and fitting an RBF to a signed distance function followed by an iso-surface extraction of 

the fitted surface. A single RBF was computed for the entire surface and since the 

complexity of the algorithm was function of n (size of surface) became difficult for large 
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surfaces with small hole boundaries. This problem was tackled by Branch et al. [52] in 

2006 by using local RBFs to fill holes in the triangular meshes. Branch et al. designed an 

algorithm which searched for boundary edges (edges that belong to a single triangle) in 

the triangular meshes. Holes were detected on the basis of the presence of a cycle which 

was formed by the boundary edges. Once a boundary edge was identified the algorithm 

traced the entire boundary in search of a cycle. Thus existence of a cycle indicated the 

presence of a hole. Later, points near the hole were used for fitting a surface using RBFs. 

Brunton et al. [57] in 2011 proposed a curve unfolding approach to fill holes in 

triangulated models. Initially, the boundary loop was unfolded to a simple planar 

polygon such that the loop did not intersect. Next, a constrained Delaunay triangulation 

algorithm was used to triangulate the simple planar polygon. The triangulated patch was 

later embedded in the 3D model using known boundary positions. The resultant patch 

filled the hole as the vertices were kept in order during unfolding. Finally, to match the 

resolution of the surrounding surface the patch was refined. Brunton et al. [57] approach 

was quite similar to Lévy et al. [184] as both constructed a planar parameterization. 

However, in contrast to Lévy , Brunton et al. [57] only parameterized the boundary of 

the hole rather than the entire mesh in the plane. Also, Lévy et al. [184] algorithm 

became inefficient for cases having large surfaces and small hole boundaries.  

Piecewise schemes can also be used to fill holes. Jun [151] in 2005 applied a 

piecewise hole-filling algorithm to fill complex holes. Polygonal holes were initially 

identified in a 3D triangular mesh and were filled regardless of their shape complexity. 

The complex holes were then divided into a number of simple sub-holes with respect to 

their complexity. The sub-holes were later sequentially filled using planar triangulation. 

The new triangles on the holes were then smoothed to upgrade the shape quality with the 

neighbouring triangles. 
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Li et al. [185] in 2010 presented a feature-preserving mesh hole-filling algorithm by 

using a polynomial blending technique. The missing parts of the feature curves were 

filled by the polynomial blending curves based on the detected feature vertices around 

the hole. The feature curve split the original hole into small sub-holes which were later 

filled by a Bézier fitting patch and Lagrange interpolation surface that is, Bézier-

Lagrange hybrid patch. There were two limitations of the method presented by Li et al. 

[185]. These were matching of the feature curve segment around the hole was performed 

interactively and the method was unable to recover corners. These limitations were 

addressed by Wang et al. [282] in 2012. Wang et al. used a three step solution for the 

recovery of the missing sharp features. Firstly, the feature vertices around the hole were 

extracted and categorized into separate feature sets. Secondly, the feature set was 

matched automatically to make the missing feature curve split the original hole into a 

number of simple sub-holes. Using a modified advancing front method [281] the sub-

holes were then filled. This recovered the missing corners in the hole by minimizing a 

newly defined energy. The merits of Wang et al. [282] method are: effective recovery of 

the missing shape, handling of the noisy models and efficiency in handling large holes 

with missing sharp features. Limitations of the method included holes with islands were 

not considered and it was difficult to recover the missing features automatically without 

sufficient information. 

 

7.3 Methods adapted in our work 

In this work we have adapted the Moshtagh’s [208] minimum volume enclosed ellipsoid 

method and combined it with Harris et al. [136] corner detection method. These methods 

are now discussed. 
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7.3.1 Moshtagh minimum volume enclosing ellipsoid method 

The description of Moshtagh’s Minimum Volume Enclosing Ellipsoid (MVEE) 

algorithm is now presented. In the paper [208] Moshtagh was seeking an approximation 

to the projected area of a desired object in the image plane. There, the proposed method 

tried to compute an ellipse with minimum volume which enclosed all the pixels of a 

linear coloured box (see Fig 7.1). 

 

 
 

Fig 7.1 [208] MVEE overlaid on data points of linear box 

 

Moshtagh formulated the problem of computing an ellipse with minimum volume as an 

optimization problem and minimized the volume of the covering ellipse. Moshtagh 

considered a set of m points in an n-dimensional space: S = {x1, x2, …., xm} an element 

of Rn. Represented the minimum volume enclosing ellipsoid of the set S by MVEE(S). 

The volume of the ellipsoid should be positive and ellipsoid was defined by Eq. 7.1 

[208]: 

- = 	 /�	 ∈ 	 .	|(� − �)�0	
� − �� ≤ 	11  7.1 

Where c є R
n
 denoted the center of the ellipse E and B є 2��	 .(set of n x n positive 

definite matrices). Also, for the points xi to be inside E each should satisfy the constraint 

(Eq. 7.2) [208]: 
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(�� − �)�	0	
�� − �� ≤ 1    7.2 

The volume of E was given by Eq. 7.3 [208], 

VOL
E� = 	 ��

����	(�)
= 	��det	(0��)�/  7.3 

Where, w0 is the volume of the unit hypersphere in dimension n. In short, the problem 

of determining the ellipsoid of least volume containing the points of S is equivalent to 

finding a vector c є R
n and an n x n positive definite symmetric matrix B which 

minimizes det(B)
-1 subject to the constraint (Eq. 7.2). Thus, the problem is naturally 

formalized as in Eq. 7.4: 

Minimize det(B)
-1

 by varying B and c subject to the constraints: 

(�� − �)�	0	
�� − �� ≤ 1 where i = 1, …, m   7.4 

Moshtagh employed the dual formulation method based on the Khachiyan’s algorithm 

[162] to find the solution of the problem. The Khachiyan algorithm computed the 

minimum volume ellipsoid which was characterized by the matrix B and its center c 

using an iterative method. The iterative method proceeded to construct a set of 

decreasing ellipsoids. The algorithm initially assumed a large volume ellipsoid 

containing all the given points. The algorithm repeatedly checked the number of points 

in the decreasing ellipsoids to guarantee minimum volume ellipsoid enclosing the 

points. 

It is important to note that a number of points fall outside of the ellipsoid is to be 

expected, because we are truncating the algorithm before reaching its optimal value. The 

amount of error that we will get by doing this is of the order of parameter 'tolerance' (t), 

which represents the amount of error you can tolerate in the final result. For example for 

t=0.001 the average distance of an outside point is of the order of 10-3. 

As discussed earlier Moshtagh tried to compute an ellipse with minimum volume 

which enclosed all the pixels of a linear coloured box (as shown in Fig 7.1). In section 
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7.4 we will use the minimum volume ellipsoid in a very different way to Moshtagh. This 

is not for computing area rather for identifying the faces of the Chondral injury/OA 

crater and also for identifying true corner points of the Chondral injury/OA crater (as 

demonstrated in 7.3.2). 

However, since we have not used minimum volume ellipsoid to compute area a 

number of points which fell outside ellipsoid did not affect our approach as we have 

used minimum volume ellipses to identify faces and locate true corner points of an 

Chondral injury/OA crater. 

 

7.3.2 Harris corner detector 

Harris’s corner detector is now presented. Assume a grayscale 2-dimensional image I. 

Consider sweeping a window w(x, y) by u in x-direction and v in y-direction then the 

variation of intensity is given by sum of squared differences (SSD) Eq. 7.5: 

�3
�, 4� = 	∑ ∑ �
�, ��[3
� + �, � + 4�− 3
�,��]��   7.5 

Where: 

 �
�, �� is the window at position (x, y) 

 3
�, �� is the intensity at (x, y) 

 And 3
� + �,� + 4� is the intensity at the moved window (x+u, y+v) 

Expand I(x+u, y+v) using the Taylor series. The approximated expansion is given by 

Eq. 7.6: 

3
� + �, � + 4� 	≈ 3
�, ��+ �3� + 43�    7.6 

Where:  

Ix and Iy are the partial derivative in x and y respectively 

The resultant approximation is given by Eq. 7.7 

�3
�, 4� ≈ 	∑ ∑ �
�, ��[3
�,��+ �3� + 43� − 3
�, ��]��   7.7 
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�3
�,4� ≈ 	���
�, ��[�3� + 43�]

��

 

�3
�, 4� ≈ 	���
�, ��[�3� + 43� + 2�43�3�]

��

 

This can be written in matrix form as Eq. 7.8: 

�3(�, 4) ≈ 5� 46 7∑ ∑ �
�, ���� 8 3� 3�3�3�3� 3� 9: ;
�4<  7.8 

If 

= = >���
�, ��
��

8 3� 3�3�3�3� 3� 9? 

Then Eq. 7.8 can be re-written as Eq. 7.9: 

�3(�, 4) ≈ 5� 46= ;�4<     7.9 

A corner is denoted by a large variation of intensity VI in all directions of the vector (u  

v). Let A has two Eigen values 1 and 2. If 1and 2 are large positive values, then a 

corner is found. As Harris and Stephens [136] realized that computing Eigen values is 

very expensive (requiring the computation of square root) they instead used the function 

given by Eq. 7.10: 

. = 	λ�λ − @
λ� + λ� = det
=�− @�����(=)  7.10 

Where k is tunable sensitivity parameter and it ranges from 0.04 to 0.15. In short, the 

algorithm evaluates the determinant and trace of Harris matrix A, instead of finding the 

Eigen values of A. Next, we present the algorithm of Harris Corner Detection 

Algorithm. Fig 7.2 shows the working of Harris corner detector on a rectangular box 

and to identify the probable corners in a typical femoral cartilage. 
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(a) (b) 

 
Fig 7.2 Harris corner detector working on the (a) rectangular box (b) typical femoral 
cartilage, green circles represents the probable corners detected. 

 

7.3.3 Harris corner detection algorithm 

Harris corner detection algorithm comprised of six steps which are now discussed. 

Assume an image I for which we want to find the corners. We proceed as follow:  

Find x and y derivative of image (I), that is Ix and Iy using Sobel filter. Next, calculate 

products of the derivative at each pixel that is: 

Ipx = Ix * Ix; Ipy = Iy * Iy; Ipxy = Ix * Iy  

This is followed by finding the sums of products of the derivative at each pixel: 

Spx =∑ 3��; Spy =∑ 3��; Spxy = ∑ 3��� 

Then matrix H(x, y) at each pixel (x, y) is computed (Eq. 7.11) 

A
�, �� = 	 8 2��(�,�) 2���(�, �)2���(�, �) 2��(�, �)
9    7.11 

Next, calculate the response R of the detector at each pixel (Eq. 7.12) 

R = Det(H) – k(Trace(H))2     7.12 
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Finally after computing R for every point in the image, find local maxima of R in 3 x 3 

neighbourhood. 3 x 3 neighbourhood was chosen to pick corners which are close to 

each other. 

 

7.4 Methods 

The section begins by an initial definition of our minimum search criteria for an 

Chondral injury/OA crater [37] and then we proceed to describe the methodology 

developed to detect, fill and quantify Chondral injury/OA craters. We then proceed to 

perform 3 investigations to validate performance of the developed method. 

Firstly, we generate a series of synthetic holes, of known radii and volume, in the medial 

condyle, lateral trochlea, lateral tibial-femoral interface and lateral condyle of the 

femoral cartilage (in segmented MR images used in section 4.5 in chapter 4). We then 

proceed to determine the percentage root mean square error (%RMSE) using our 

developed automatic detection and filling method (which we refer to as the ‘Automated 

method’ from now on) to the known crater volumes and to volumes determined by the 

manual detection and filling method of the craters (which we refer as the ‘Manual 

method’ from now on). We demonstrate how our automated method provides a closer 

(%RMSE) to the known crater volume than the manual method. 

Secondly, we use our developed automated method to detect knees with pathology 

from a randomized series of 8 knees (4 with pathology and 4 healthy). We demonstrate 

how the method correctly detects 100% of knees with/without pathology and can 

additionally determine exactly the number of slices which correspond to a Chondral 

injury/OA crater. Finally, we determine the volumes of five real Chondral injury/OA 

craters using the manual method and compare this to our automated method.  
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7.4.1 Minimum chondral injury/OA crater criterion  

We defined a minimum criterion for a Chondral injury/OA crater to exist in at least 

two consecutive slices which corresponds to a Chondral injury/OA crater depth ≥ 1.5 

mm. This minimum depth was chosen to be reasonable depth after consultation with an 

orthopedic surgeon. 

 

7.4.2 Adapted Moshtagh and Harris methods for chondral injury/OA crater 

detection 

In order to perform successful detection, filling and quantification of Chondral 

injury/OA craters automatically we have formulated the following strategy. This is as 

follows:  

A. Identify the true Chondral injury/OA crater faces;  

B. Automatically identify the end points on the true Chondral injury/OA crater faces,  

C. Connect the end points of the true Chondral injury/OA crater faces in order to 

delineate the crater, and finally  

D. To estimate the volume of the Chondral injury/OA crater 

Each point in the above mentioned strategy is now discussed 

 
A. Identify the true chondral injury/OA crater faces 

To identify an Chondral injury/OA crater face we adapted Moshtagh’s method to be 

used for a different purpose than in his original work. Moshtagh’s [208] minimum 

volume enclosed ellipsoid method (a detailed discussion is presented in 7.3.1) was 

originally developed to determine the area of a linear object by enclosing it in a 

minimum volume enclosed ellipsoid (MVEE)). From Fig 7.3, we also observe for a 
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linear object Moshtagh’s MVEE method can help identify end points of a linear object 

where the points on the perimeter of the major axis P’ and P are at right angles. 

 

Fig 7.3 MVEE enclosing a linear object 
 

In the Chondral injury/OA crater detection method that we develop we use 

Moshtagh’s ellipsoid method in a very different way. We do not use it to find the area 

of an object but rather adapt the MVEE part of the method to locate the true faces of the 

Chondral injury/OA crater.  

 

 

Fig 7.4 True and false end faces of the contours forming the Chondral injury/OA crater 

 

Firstly we define two sets of contour faces: false end faces and true end faces as 

shown in Fig 7.4. Where the true end faces are the desired faces of the contour that we 

wish to identify, which locate a Chondral injury/OA crater and the false end faces are 
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the other end faces of the contours where a Chondral injury/OA crater does not exist 

Fig 7.4. We then proceed to fit an initial minimum volume ellipse of Moshtagh [208] to 

each contour of the cartilage as shown in Fig 7.5. After fitting the ellipses the end points 

of the major and minor axis of each ellipse are shown by magenta colour * in Fig 7.5. 

The distances from the end points (P, P’) of the major axes of ellipse A to all the end 

points (Q, Q’) of the major axes of ellipse B were computed. It can be seen clearly that 

the end points of the major axes of the two ellipses which are at a minimum distance 

apart (P, Q) locate the rough location of end faces of the contour which form the 

Chondral injury/OA crater (faces ‘X’ and ‘Y’ in Fig 7.5). 

 

 

Fig 7.5 Minimum volume ellipses fitted (blue colour) around two cartilage pieces 

 

In Fig 7.5 it can be clearly seen that P and Q are the end points which are minimum 

distance apart. Unlike Moshtagh’s MVEE method that was used to enclose linear 

objects, it is possible to observe from Fig 7.5 that the major axis end points (P, P’ and 

Q, Q’) of the ellipsoids do not center at the faces due to the non-linear nature of the 

contours. To solve this problem and refine the ellipse position, we then proceed to 

linearly divide the major axes into a series of 10 uniformly spaced points from P to P’ 

for ellipse A and from Q to Q’ for ellipse B.  
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Next, we then determined through experiment that a vertical mask subtended from 

the 2nd division from P and a horizontal mask subtended from the 2nd division from Q 

provided an approximate smaller contour (Fig 7.6, delineated in red) which is linear in 

comparison to the larger non-linear contour. We then proceeded to apply for a second 

time the MVEE to this region to refine the axis of ellipse. The new cartilage area is 

shown by red dots in Fig 7.6 (dark green box represents the mask used to segment 

cartilage).  

 

 

Fig 7.6 New ellipses (light green colour) fitted to the cartilage portion (shown by red 
dots). The light green ‘+’ shows the linear interpolated major axes. The dark green box 
represents the mask used to segment the two pieces of cartilage 
 

The light green ‘+’ shows the linearly divided major axes (divisions 1 and 2 etc. are 

highlighted on their light green axes). We found in general that 2 uniformly spaced 

divisions from P and Q could segment the cartilage contour into a new approximately 

linear smaller contour where a minimum volume ellipse (green) fitted would 
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approximately center the major axes of the new ellipses (shown by green colour in Fig 

7.6) at the faces ‘X’ and ‘Y’). 

 

B. Automatically Identifying the end points of the true OA crater faces 

For identifying the end points of the Chondral injury/OA crater faces we employed 

Harris et al. [136] corner detection and Moshtagh’s MVEE method. Harris corner 

detection is now briefly discussed (details of the Harris corner detection method and its 

algorithm are presented in 7.3.2 and 7.3.3 respectively). Harris used a squared 

difference matrix (SSD) of the difference in grayscale value between a pixel and all its 

nearest neighbours within a set window to locate the corners. The SSD matrix 

represents the difference between the surrounding of a pixel and surrounding of its 

neighbours. Harris found that the larger the difference in grayscale between a pixel and 

its adjacent neighbours provided larger Eigen-values of the SSD matrix. Harris related 

now the larger the Eigen-values became the more probable the pixel would occur at a 

corner. 

Harris corner detection method identifies all probable corner points (shown by small 

black circles) on an object; in this case the entire cartilage (that is, the two cartilage 

contours) as shown in Fig 7.7.  

The key is to identify true corners from the probable corners. We found by 

computing the distance between the major axis point L and all the corner points 

determined by Harris method on the cartilage contour enclosed by ellipsoid AA that the 

two corner points which provide the two minimal distances are the true corners (C1 and 

C2 as shown in Fig 7.7) at face ‘Y’. 
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Fig 7.7 Probable corners detected (black small circles) by Harris corner detection on the 
cartilage contours. Four true corner points C1, C2, C3 and C4 (two for each face) of 
Chondral injury/OA crater are shown with small red circles 
 

Similarly, by computing the distance between the major axis point M and all the 

corner points determined by Harris method on the cartilage contour enclosed by 

ellipsoid BB then the two minimal distances also locate the true corners (C3 and C4 as 

shown in Fig 7.7) at face ‘X’. We should note the accurate identification and robustness 

of this search technique which does not require the contour to be exactly linear only 

rather roughly linear. 

 

C. Connect the end points of the true chondral injury/OA crater faces to 

delineate the crater 

Next, the points C1-C4 were connected. We determined the order in which to connect 

the opposite corner points using a shortest distance approach between the opposite 

corner points. It is clear that distance between C1 to C3 is shorter than C1 to C4. 

Likewise, the distance between C2 to C4 is shorter than C2 to C3. In this manner, the 
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correct order of all the points C1, C2, C3 and C4 could be determined. These points were 

later connected as shown by grey lines in Fig 7.8.  

 

Fig 7.8 Grey lines connecting the opposite corner points 

 

A closed region formed by the clockwise order of these points (including the corner 

points) was filled as shown in grey in Fig 7.9. 

 

Fig 7.9 Filled Chondral injury/OA crater hole in the cartilage slice shown with grey 
colour 
 

D. Estimate the volume of the chondral injury/OA crater 

Once the Chondral injury/OA crater had been delineated from the cartilage, the 

volume of the Chondral injury/OA crater could be estimated using the procedure of [76]. 

The volume estimation in [76] employed Cavalieri’s principle [68] according to which 
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the sum of the Chondral injury/OA crater fill area was multiplied by the inter-slice 

distance (slice thickness). 

 

7.5 RESULTS 

In this section, three investigations are performed to validate the performance of our 

automated method. Firstly, we assess how volume estimation using the standard 

benchmark method of manual delineation performs against our automated method 

developed in the previous section by generating synthetic Chondral injury/OA craters in 

the femoral cartilage of known volumes. Secondly, we assess how well our automated 

method can identify whether a knee has a Chondral injury/OA crater pathology or not 

from a randomized trial of healthy and arthritic knees and accurately determine the 

number of layers that exist in the crater. Finally, we assess the volumes of real Chondral 

injury/OA craters using both methods. 

 

7.5.1 Assessment of manual method vs automated method 

We assessed the accuracy of the manual and automatic methods against the known 

crater volume by generating 20 holes in the femoral cartilage. Fig 7.10 shows a 3D 

model of femoral cartilage with typical synthesized craters of radii 2-5 mm. 

 

Fig 7.10 A 3D view of the femoral cartilage with typical synthesized craters of radii 2-
5mm. 
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We generated holes of radii 2, 3, 4 and 5 mm in the femoral cartilage. These holes 

were generated in the medial condyle, lateral trochlea, lateral tibial-femoral interface and 

lateral condyle. Since the real Chondral injury/OA craters (discussed in section 7.4.2) 

occur primarily in the chondral region. Plots for the %RMSE versus crater radii are 

shown in Fig 7.11.  

 

Fig 7.11 Plot of the %RMSE from known volume vs radii of the synthesized Chondral 
injury/OA craters. Red solid lines represent the % RMSE for the manual method and 
dotted green lines represent %RMSE for automated method for craters 
 

Delineation was performed once daily and repeated over 3 days for both manual and 

automated methods. It is important to note that the estimated volume for the automated 

method gave the same values for all three days for all craters assessed. It is possible to 

observe from Fig 7.11 that our automated method incurs a lower %RMSE than the 

manual method. 

It was found that the %RMSE for our automated method for craters of 2, 3 and 4mm 

radii was significantly less than the manual method giving p-values of 0.045, 0.0165 

and 0.0388 respectively with the significance reducing as crater size increased 

(statistical analysis is presented in section 7.5.7). Fig 7.12 shows the plot of holes radii 

vs p-values. 
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Fig 7.12 Plot of p-values vs holes radii. Dotted line show the 5% level 

 

As can be seen the %RMSE for the 5mm crater radius was improved upon the manual 

method but was not significant with a p-value of 0.233. The reason for this is because it 

becomes physically easier to discern and delineate larger craters manually. Thus, the 

manual volume approximation approaches the automated volume at crater sizes ≥ 5mm. 

In addition, holes on the bend (or curvilinear) nature of the cartilage affects larger holes 

and can be seen to increase from 4 – 5 mm radii. It is conventional to take the manual 

method as the gold standard benchmark. However, for crater sizes < 5mm this is not the 

case and the automated method could serve to replace the manual delineation method as 

the benchmark. Due to this outcome, we compare the %RMSE of the manual to the 

automated method for the real Chondral injury/OA craters experiment. 

 

7.5.2 Synthetic chondral injury/OA crater 

The procedure for filling the craters with the manual and automatic methods are 

demonstrated in Figs 7.13 (a) to (d) for synthetic Chondral injury/OA craters of radii 2, 

3, 4 and 5 mm. 
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(a) (b) 

 

          
(c) (d) 

Fig 7.13 Synthetic craters of (a) 2 mm on the lateral Trochlea cartilage (b) 3 mm on the 
lateral condyle (c) 4 mm the medial condyle (d) 5 mm on the lateral Trochlea cartilage: 
Manually delineated femoral cartilage (black) overlaying the semi-automatically 
segmented femoral cartilage (red). Automatically detected corners of hole are shown by 
green circles on semi-automatically delineated cartilage and manually marked corners 
are shown by yellow circles on manually delineated cartilage. Yellow lines are used to 
connect the corresponding corners 
 

7.5.3 Detecting knees with pathology 

Once our automated method had been rigorously tested on synthetic craters of known 

volumes we proceeded to determine if the method could rapidly identify which knees 

exhibited Chondral injury/OA crater pathology from a randomized series of eight knees 

(i.e. 4 healthy and 4 with pathology), and if our automated method could correctly 

identify the number of slices in the real Chondral injury/OA crater. Table 7.1, 

summarises the craters that were identified and the number of slices of the crater with 

the automated method. 
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Table 7.1 Summary of Real OA identified manually and automatically in the 
femoral cartilage using eight knees (4 healthy and 4 with pathology) 

 

 

It is clear that the automated method identifies the pathology of all knees to 100% 

accuracy and additionally identifies the number of slices that a crater had to 100% 

accuracy which leads to a p-value <0.001. We also calculated the probability of 

identifying all the craters. The probability of identifying a crater is Pr(crater) = 0.5, i.e. 

either a crater exists or not. The real data have craters of either 2 or 3 slices. Therefore, 

the probability of identifying the number of slices (that is, 2 slices or 3 slices) is 

Pr(correctly identifying 2 or 3 slices) = 0.5. Thus the total probability of identifying a 

crater with the correct numbered slice is Pr(crater)* Pr(correctly identifying 2 or 3 slices) 

= 0.25. Finally, the probability of identifying a crater of 2 or 3-slices for all five craters is 

(0.25)5 = 0.00098 i.e. approximately 0.1% probability of getting everything correct 

(whether crater exists and correct number of slices). 

 

7.5.4 Detecting, quantifying and 3D modelling real chondral injury/OA craters  

In this section, we now produce a 3D model of the Chondral injury/OA crater with 

the CI-RBF method developed in section 6.4.1. There were five real Chondral injury/OA 

craters which were detected in the 8 knees (4 with pathology and 4 healthy). Each crater 
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is now presented with the crater delineation (developed in section 7.4.2 C) and CI-RBF 

3D model (discussed in section 7.5.6 and developed in section 6.4.1) 

 

A. Chondral injury/OA crater 1 

Chondral injury/OA crater 1 was located on the right knee medial trochlea of subject 

M1. It consisted of 3 slices. It can be observed from Fig 7.14 that the hole size decreases 

as we move from the first to the third slice. We found that all 3 slices were identified 

successfully by the automatic method. The crater was measured using both the manual 

method and our developed automated method. It was found that the percentage root 

mean square error of the estimated volume of the manual method with respect to the 

automated method was 1.34%. Fig 7.14 shows the femoral cartilage slices of M1 right 

knee with a 3-sliced real Chondral injury/OA crater in the medial trochlea filled by 

manual and automated methods.  

 

 

Fig 7.14 Femoral cartilage slices of M1 right knee with a 3-slice crater in the medial 
troclea filled by manual and automated methods. 
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Figs 7.15 (a) to (c) presents the manual and automated methods of filling slices 1 to 3 

of M1 right knee medial trochlea where the red delineation highlights the automated 

method and the black delineation highlights the manual delineation method. The yellow 

highlights the automated delineation of the Chondral injury/OA crater using our 

developed adapted method of Moshtagh and Harris.  

 

        
(a) (b) 

 

 
(c) 

Fig 7.15 M1 right knee medial troclea (a) slice1 (b) slice2 and (c) slice3: Manually 
delineated femoral cartilage (black) overlaying the semi-automatically segmented 
femoral cartilage (red). Automatically detected corners of hole are shown by green 
circles on semi-automatically delineated cartilage and manually marked corners are 
shown by yellow circles on manually delineated cartilage. Yellow lines are used to 
connect the corresponding corners 
 

The 3D models of the filled femoral cartilage and real Chondral injury/OA crater fill 

using manual and automated methods for M1 right knee medial trochlea are shown in 
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Fig 7.16 (a) and (b) respectively. The volumes calculated are given in Table 7.2. It can 

be quite clearly seen that the hole surface area decreases with slices which is evident in 

3D model. 

 
(a) (b) 

 
Fig 7.16 M1 right knee 3-slice (L1-L3) Chondral injury/OA crater at the medial 
trochlea (a) 3D model of the filled femoral cartilage and real Chondral injury/OA crater 
fill (red colour) obtained using manual method (b) 3D model of the filled femoral 
cartilage and real Chondral injury/OA crater fill (red colour) obtained using automated 
method. 

 

B. Chondral injury/OA crater 2 

Chondral injury/OA crater 2 was located on the left knee lateral tibial-femoral 

interface of subject M1. It consisted of 2 slices where the area of the hole has 

approximately the same size for each slice. All slices were identified successfully by the 

automated method. The crater was measured using both the manual method and our 

developed automated method. It was found that the percentage root mean square error of 

the estimated volume of the manual method with respect to the automated method was 

1.79%. Fig 7.17 shows the femoral cartilage slices of M1 left knee with a 2-slice real 

Chondral injury/OA crater in the tibial-femoral interface filled by manual and automated 

methods. 
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Fig 7.17 Femoral cartilage slices of M1 left knee with a 2-slice hole at the lateral Tibial 
and femoral cartilage interface filled using manual and automated methods 
 

 
(a) 

 

 
(b) 

Fig 7.18 M1 left knee lateral tibial-femoral cartilage interface (a) slice1 and (b) slice 2: 
Manually delineated femoral cartilage (black) overlaying the semi-automatically 
segmented femoral cartilage (red). Automatically detected corners of hole are shown by 
green circles on semi-automatically delineated cartilage and manually marked corners 
are shown by yellow circles on manually delineated cartilage. Yellow lines are used to 
connect the corresponding corners 
 

Figs 7.18 (a) and (b) present the manual and automatic method of filling slices 1 and 

2 of M1 left knee tibial-femoral interface where the red delineation highlights the 
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automated method and the black delineation highlights the manual delineation method. 

The yellow highlights the automated delineation of the Chondral injury/OA crater using 

our developed adapted method of Moshtagh and Harris. 

The 3D models of the filled femoral cartilage and real Chondral injury/OA crater fill 

using the manual and automated methods for M1 left knee lateral tibial-femoral interface 

are shown in Fig 7.19 (a) and (b) respectively. 

 

 
(a) (b) 

 
Fig 7.19 M1 left knee 2-slice (L1-L2) Chondral injury/OA crater at the lateral tibial 
femoral interface (a) 3D model of the filled femoral cartilage (with Chondral injury/OA 
crater encircled) and real Chondral injury/OA crater fill (red colour) obtained using 
manual method (b) 3D model of the filled femoral cartilage (with Chondral injury/OA 
crater encircled) and real Chondral injury/OA crater fill (red colour) obtained using 
automated method 
 

C. Chondral injury/OA crater 3 

Chondral injury/OA crater 3 was located on the left knee medial condyle of subject 

M3. It consisted of 3 slices. It is observed from Fig 7.20 that the hole is roughly of the 

same size but staggered to the left as one moves from slice 1 to 3.  

Figs 7.21 (a) to (c) present the manual and automated method of filling slices 1 to 3 of 

M3 left knee medial condyle where the red delineation highlights the automated method 

and the black delineation highlights the manual delineation method. The yellow 

highlights the automated delineation of the Chondral injury/OA crater using our 

developed adapted method of Moshtagh and Harris. 
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Fig 7.20 Femoral cartilage slices of M3 left knee with a 3-slice hole in the medial 
condyle filled using manual and automated methods. The fill is shown in grey colour. 
 

      
(a) (b) 

Fig 7.21 M3 left knee medial condyle (a) slice 1 and (b) slice 2: Manually delineated 
femoral cartilage (black) overlaying the semi-automatically segmented femoral cartilage 
(red). Automatically detected corners of hole are shown by green circles on semi-
automatically delineated cartilage and manually marked corners are shown by yellow 
circles on manually delineated cartilage. Yellow lines are used to connect the 
corresponding corners 
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(c) 

Fig 7.21 (c) M3 left knee medial condyle slice 3: Manually delineated femoral cartilage 
(black) overlaying the semi-automatically segmented femoral cartilage (red). 
Automatically detected corners of hole are shown by green circles on semi-automatically 
delineated cartilage and manually marked corners are shown by yellow circles on 
manually delineated cartilage. Yellow lines are used to connect the corresponding 
corners 
 

The 3D models of the filled femoral cartilage and real Chondral injury/OA crater fill 

using manual and automated methods for M3 left knee medial condyle are shown in Fig 

7.22 (a) and (b) respectively. 

The volume calculated is given in Table 7.2. As observed the hole is staggered to left as 

one moves from slice 1 to 3. 

 
(a) (b) 

 
Fig 7.22 M3 left knee (a) 3D model of the filled femoral cartilage (with 3-slice 
Chondral injury/OA crater (L1-L3) at the medial condyle encircled) and real Chondral 
injury/OA crater fill (red colour) obtained using manual method (b) 3D model of the 
filled femoral cartilage (with 3-slice Chondral injury/OA crater (L1-L3) at the medial 
condyle encircled) and real Chondral injury/OA crater fill (red colour) obtained using 
automated method. 
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D. Chondral injury/OA crater 4 

Chondral injury/OA crater 4 was located on the medial condyle of the right knee of 

subject M3. It has 2 slices. It is observed from Fig 7.23 that the hole size decreases as we 

move from slice 1 to 2. All slices were identified successfully by the automated method. 

The crater was measured using both the manual method and our developed automated 

method. It was found that the percentage root mean square error of the estimated volume 

of the manual method with respect to the automated method was 1.98%. Fig 7.23 shows 

the femoral cartilage slices of M3 right knee with a 2-slice real Chondral injury/OA 

crater in the medial condyle filled by manual and automated methods.  

 

Fig 7.23 Femoral cartilage slices of M3 right knee with a 2-slice hole in the medial 
condyle filled using manual and automated methods 
 

Figs 7.24 (a) and (b) demonstrate the manual and automated method of filling slices 1 

and 2 of M3 right knee medial condyle. The red delineation in Figs 7.24 (a) and (b) 

highlights the automated method and the black delineation highlights the manual 

delineation method. The yellow highlights the automated delineation of the Chondral 

injury/OA crater using our developed adapted method of Moshtagh and Harris.   
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(a) (b) 

 
Fig 7.24 M3 Right knee medial condyle (a) slice1 (b) slice 2: Manually delineated 
femoral cartilage (black) overlaying the semi-automatically segmented femoral cartilage 
(red). Automatically detected corners of hole are shown by green circles on semi-
automatically delineated cartilage and manually marked corners are shown by yellow 
circles on manually delineated cartilage. Yellow lines are used to connect the 
corresponding corners 
 

The 3D models of the filled femoral cartilage and real Chondral injury/OA crater fill 

using manual and automated methods for M3 right knee medial and lateral condyle are 

shown in Fig 7.25 (a) and (b) respectively. The volume calculated is given in Table 7.2.  

 
(a) (b) 

 
Fig 7.25 M3 right knee (a) 3D models of the filled femoral cartilage (with 2-slice 
Chondral injury/OA crater (L1-L2) on the medial condyle encircled) and Chondral 
injury/OA crater fill (magnified in red colour) obtained using manual method (b) 3D 
models of the filled femoral cartilage (with 2-slice Chondral injury/OA crater (L1-L2) 
on the medial condyle encircled) and Chondral injury/OA crater fill (magnified in red 
colour) obtained using automated method 
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It can be quite clearly seen that the hole size decreases with slice which is also evident 

in the 3D model. 

 

E. Chondral injury/OA crater 5 

Chondral injury/OA crater 5 was located on the lateral condyle of the right knee of 

subject M3. It consisted of 2 slices. It is observed from Fig 7.26 that the hole size 

decreases slowly with slice 1 to 2. All slices were identified successfully by the 

automated method. The crater was measured using both the manual method and our 

developed automated method. It was found that the percentage root mean square error of 

the estimated volume of the manual method with respect to the automated method 

was1.11%. Fig 7.26 shows the femoral cartilage slices of M3 right knee with a 2-slice 

real Chondral injury/OA crater in the lateral condyle filled by manual and automated 

methods.  

 

Fig 7.26 Femoral cartilage slices of M3 right knee with a 2-slice hole in the lateral 
condyle filled using manual and automated methods 
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(a) (b) 

 
Fig 7.27 M3 Right knee lateral condyle (a) slice1 (b) slice 2: Manually delineated 
femoral cartilage (black) overlaying the semi-automatically segmented femoral cartilage 
(red). Automatically detected corners of hole are shown by green circles on semi-
automatically delineated cartilage and manually marked corners are shown by yellow 
circles on manually delineated cartilage. Yellow lines are used to connect the 
corresponding corners 
 

Figs 7.27 (a) and (b) demonstrate the manual and automated methods of filling slices 

1 and 2 of M3 right knee lateral condyle where the red delineation highlights the 

automated method and the black delineation highlights the manual delineation method. 

The yellow highlights the automated delineation of the Chondral injury/OA crater using 

our developed adapted method of Moshtagh and Harris. 

 
(a) (b) 

 
Fig 7.28 M3 Right knee (a) 3D models of the filled femoral cartilage (with 2-slice 
Chondral injury/OA crater (L1-L2) on lateral condyle encircled) and Chondral 
injury/OA crater fill (magnified in red colour) obtained using manual method (b) 3D 
models of the filled femoral cartilage (with 2-slice Chondral injury/OA crater (L1-L2) 
on lateral condyle encircled) and Chondral injury/OA crater fill (magnified in red 
colour) obtained using automated method 
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The 3D models of the filled femoral cartilage and real Chondral injury/OA crater fill 

using manual and automated methods for M3 right knee medial and lateral condyle are 

shown in Fig 7.28 (a) and (b) respectively. The volume calculated is given in Table 7.2. 

As can be seen the holes rendered decreases gradually in size as one moves from slice 1 

to 2. 

 

7.5.5 Quantitative analysis 

The volume of the femoral cartilage was estimated using Cavalieri’s principle [69, 239] 

as employed by Cheong et al. [76] (used for estimating volume of the tibial cartilage) 

where the sum of the segmented cartilage area was multiplied by the inter-slice distance 

(slice thickness). Estimated volumes of the Chondral injury/OA craters were performed 

using two methods (manual and automated), as described in the Methods (section 7.4). 

As the statistical analysis of the synthetic holes proved that automated method is more 

accurate than the manual method so we used it as a new standard for finding the 

percentage root mean square error (%RMSE) in the estimated volume of the OA holes. 

A summary of the estimated volumes and %RMSE of the real chondral 

injury/Osteoarthritic craters filled by manual and automated methods are tabulated in 

Table 7.2.  

Table 7.2 highlights how the developed automated method can be used to estimate 

the five real OA crater lesions detected in Table 7.1. It is not possible to perform the 

statistical analysis of the estimated volume of the automated and manual methods due 

to the small sample set. However, the thorough validation was already performed for 

synthetic holes (Chapter 7 section 7.5.1). 

Assuming that our automated method is now the method of choice over the bench mark 

manual method (determined from the synthetic experiments in section 7.5.1) it is  
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Table 7.2 Summary of the Estimated Volume and %RMSE of the Real Chondral 

injury/OA craters filled by manual and automatic methods in the femoral 

cartilage using 5 OA knees (with crater pathology) 
 

 

possible to observe from Table 7.2 that the mean estimated volume of all the craters of 

the automated method is greater than the mean estimated volume of the manual method, 

therefore the manual method underestimates the crater volume. 

 

7.5.6 Reconstructing 3D models of chondral injury/OA craters with the CI-RBF 

method 

After filling the craters in the slices, a 3D Model of the Chondral injury/OA craters 

was reconstructed using our developed contour interpolation RBF (CI-RBF) method 

(described in detail in section 6.4.1).  

 

7.5.7 Statistical analysis 

A paired t-test is used for performing statistical analysis of the dependent samples 

(paired measurements for one set of items). We employed paired t-test to assess our 

automated method versus manual method as we estimated the volume of the same set of 

OA craters (dependent sample) for both methods. A paired t-test [201] of the %RMSE in 
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estimated volume for the manual method versus our automated method from known true 

volume of the Chondral injury/OA craters was performed (at a significance level of 

α=0.05) for craters of 2–5 mm radii. The null hypothesis (H0) (the hypothesis formally 

being tested) was that the mean of the differences between the %RMSE of the two 

schemes differs from 0. P-value (probability of measuring evidence against the null 

hypothesis) was used to determine whether the results were statistically significant. A 

p-value less than the significance level provided evidence against the null hypothesis. 

 

7.6 Summary and discussion  

This chapter presented an image processing tool that could rapidly, automatically 

detect, 3D render and quantify osteoarthritic (OA) craters accurately that existed in MR 

images of the femoral cartilage. To our knowledge this is the first time Chondral 

injury/OA craters in the MR image of a human femoral cartilage have been detected 

and quantified automatically. 

In this chapter, we have automatically detected and quantified the Osteoarthritic (OA) 

craters using an automated method (developed in section 7.4.2) and then used a contour 

interpolation/RBF (CI-RBF) method (developed in section 6.4.1) to reconstruct a 3D 

model of the human femoral cartilage and the fill separately. We have demonstrated 

that our automated adapted method of Moshtagh combined with Harris and CI-RBF 

method could automatically detect, fill and reconstruct 3D models of the femur and 

Chondral injury/OA crater separately.  

First we validated our software on the simulated holes of known volume (radii 2-5 

mm). These holes were created in the femoral cartilage of a healthy knee. Two different 

methods were adopted for detecting and filling holes. The methods were manual 

delineated and our automated method. Results showed that the root mean square error of 
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the automated method for craters of 2, 3 and 4 mm radii was significantly less than 

manual method giving p-values of 0.045, 0.0165 and 0.0388 respectively hence proving 

the accuracy of the automated method over the manual method. As pointed out by Shim 

et al. [251] that manual segmentation was solely dependent on the observer’s ability to 

determine the cartilage boundary which lead to inaccuracies. This will affect the 

quantitative measurement as the cartilage is thin (1.3 – 2.5 mm for healthy knee) [143]. 

The %RMSE for the 5 mm crater radius improved upon the manual method but was not 

significant with a p-value of 0.233. The reason for this is because physically discerning 

and delineating larger craters became easier manually. Thus, the manual volume 

approximation approached the automated volume at crater sizes greater than equal to 5 

mm. It is conventional to take the manual method as the gold standard benchmark. 

However, for crater sizes < 5mm this is not the case and the automated method could 

serve to replace the manual delineation method as the benchmark. Thus we have used 

automated method as benchmark for real Chondral injury/OA craters.  

The final section of the chapter was concerned with the automatic detection and 

quantification of real Chondral injury/OA craters which were independently identified 

and delineated by an expert. The automated method presented was firstly used to detect 

knees with pathology from a randomized series of 8 knees (4 with pathology and 4 

healthy). We demonstrated how the automated method correctly detected 100% of the 8 

knees determining whether they had pathology or not and additionally determined how 

many slices corresponded to each Chondral injury/OA crater exactly. Finally, we 

determined the volume of the five real Chondral injury/OA craters using the manual 

and automated methods. Using our automated method as benchmark we found that the 

manual method underestimated the crater volume by 1.65% on average. This result has 

the potential to be used as a benchmark for craters ≤ 5 mm radii 



162 
 

The results of the synthesized holes of known volume (radii 2, 3, 4 and 5mm) 

showed that the root mean square error of the automated method is significantly less 

than manual delineation (for radii 2 – 4 mm) and hence proving the accuracy of 

automated method over manual delineation. This makes automated method a potential 

candidate to be used as a diagnostic tool. 

To date OA crater lesions in the MR images of the knee are assessed by either an 

orthopaedic surgeon, experienced in musculoskeletal imaging, or a radiologist [166]. 

That is, so far the cartilage lesions are diagnosed by clinical observation or arthroscopy. 

Using the automated method for the detection and quantification will help in 

supplanting the existing clinical observation methods. This will avoid intra- and inter-

observer variability [251]. The automated method will also provide the estimated 

volume of the OA crater rather than the % loss of cartilage.  
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Chapter 8 

Conclusions and Future Research 

 

8.1 Conclusions 

The purpose of the research was to develop a 3D visualization tool to assist a 

consultant radiologist in diagnosis of Chondral injury/osteoarthritic (OA) craters that 

existed in Magnetic Resonance (MR) images of the femoral cartilage of the human 

knee. Chapter one, consisted of an overview of the thesis. It describes how the thesis 

consisted of three main scientific contributions. The first scientific contribution is the 

development of a semi-automatic segmentation method for quickly segmenting the 

patellar, tibial and femoral cartilages of the human knee from MR images. The second 

scientific contribution concerns the development of a 3D reconstruction method to 

reconstruct 3D models of the patellar, tibial and femoral cartilages from segmented MR 

images generated by the semi-automatic segmentation method. Finally, the third 

scientific contribution describes the development of an image processing tool that could 

rapidly, automatically detect and quantify Chondral injury/OA craters accurately from 

MR images of the femoral cartilage which was then 3D rendered using the 3D 

reconstruction method developed also in the thesis.  

In chapter two, we presented a literature review of component features of the human 

knee that are affected by damage that occurs in the articular cartilage. The chapter 

presented a brief synopsis concerning the bones, ligaments, muscles, menisci and 

articular cartilage. Then, biomechanics of the knee was presented which comprised of 

kinematics and loading on the joint. This was followed by a discussion of the features 

of osteoarthritis and chondral lesions. The chapter was concluded with a discussion on 
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the imaging modalities used for the diagnosis of detrimental changes to articular 

cartilage. 

Chapter three, listed all the materials and resources used for conducting this research. 

The MR data used in the thesis was presented in this chapter. In addition, an ethics 

approval application which was submitted for the Chondral injury/OA crater study of 

the thesis was also discussed in the chapter. 

In chapter four, we reviewed manual, semi-automatic and automatic methods used 

by researchers in the field to segment the articular cartilage of the human knee from 

MR images. In this chapter, we contributed in the area of segmentation by presenting 

the development of a simple, robust and user friendly semi-automatic segmentation 

method which we called “Region-Based Segmentation and Bounding Box” 

(RBS&BB) method. The main useful feature of our developed method was that it only 

required four mouse clicks to segment the articular cartilage of the human knee from 

MR images. We assessed the RBS&BB segmentation method using a Dice Similarity 

coefficient, Sensitivity and Specificity measures. We noted a high mean DSC for both 

male and female patellar (which improved upon previous studies [120, 181, 249, 295, 

298] as reported by Zhang[298]). This segmentation technique gave us an average Dice 

Similarity Coefficient (DSC) of (0.895, 0.851, 0.807 and 0.848) for the patellar, 

femoral, medial and lateral tibial cartilage respectively when compared to manual 

segmentation performed by an expert. Similarly, we noted high mean sensitivity for 

both male and female subjects which was improved on [120]. 

It was found that the mean DSC of the femoral cartilage for male subjects was 

improved upon [116, 181, 295] and slightly improved upon [120], whereas, female 

femoral cartilage gave the same mean DSC as [120], was higher than [116, 181, 295] 

and slightly less than [298] for both sexes as reported by Zhang [298]. The mean 
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sensitivity of femoral cartilage for both male and female was found to be improved to 

that reported in [116, 120]; however, the specificity was the same. It was found that the 

mean DSC for medial tibial cartilage was in excess of 0.8 for both male and female, 

whereas, for the lateral tibial cartilage it was greater than 0.84 for both sexes. The 

combined mean DSC of the medial and lateral tibial cartilage for all female subjects 

was found to be higher than that reported in [116, 120, 181, 295], whereas, the 

combined mean DSC of the medial and lateral tibial cartilage for all male subjects was 

found to be higher than that reported by [116, 181, 295], approximately the same as 

[120] and less than [298] for both sexes. 

The validation of segmentation was followed by a quantitative analysis of the 

developed RBS&BB method. We found that the median absolute volume difference 

error to be (2.16%, 2.39%, 2.79%) for male subjects and (1.3%, 3.48%, 5.06%) for 

female subjects’ patellar, tibial and femoral cartilages respectively. Whereas, the 

median absolute volume difference error was found to be (1.46%, 3.06%, 4.24%) for all 

the subjects’ patellar, tibial and femoral cartilages respectively. Hence, the method 

provided improvement over [120]. 

In chapter five, a foundation of 3D surface reconstruction techniques was reviewed. 

The chapter initially started with a review on the Delaunay triangulation. 3D Doctor, a 

commercial package which employed tiling and adaptive Delaunay triangulation for 

surface rendering was then presented. This was followed by a review on another surface 

reconstruction technique, namely, implicit surface interpolation. This was followed by a 

discussion on the Radial Basis Function (RBF), partition of unity and moving least 

squares which use implicit surface interpolation. The chapter then presented Carr’s un-

optimized RBF method which applied RBF interpolation to scattered data for 
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reconstructing a surface. The chapter was concluded by a discussion on the contour-

based surface reconstruction. 

In chapter six, we contributed to the field of surface reconstruction by introducing a 

novel fusion of an adaptation of the contour method known as ‘Contour Interpolation 

(CI)’ with Radial Basis Functions (RBFs) which we described as ‘Contour 

Interpolated/RBFs (CI-RBF)’. We also presented a spline boundary correction which 

further enhanced volume estimation of the method. A subject cohort consisting of 17 

right non-pathological knees (10 female and 7 male) are assessed to validate the quality 

of the proposed method. The chapter demonstrated how the CI-RBF method could 

significantly reduce the number of data points required for fitting an implicit surface to 

the cartilage, by 48%, 31% and 44% for the patellar, tibial and femoral cartilages 

respectively. Thus, significantly improving the speed of reconstruction (p-value < 

0.0001) by 39%, 40% and 44% for the patellar, tibial and femoral cartilage over the 

comparable RBF model of Carr providing ‘near real-time’ reconstruction of 6.49, 8.88 

and 9.43 minutes for the patellar, tibial and femoral cartilages respectively. In addition, 

it was demonstrated, how the CI-RBF method matches the volume estimation of a 

typical commercial package (3D Doctor), Carr’s RBF method and a bench mark manual 

method for the reconstruction of the femoral, tibial and patellar cartilages. 

Thus, the benefits of this are that the developed CI-RBF along with developed 

RBS&BB served as a point-of-care 3D visualization tool which would benefit a 

consultant radiologist in the visualization of the human articular cartilage. 

Work presented in chapter 6 and last two sub-sections of chapter 4 is drawn from a 

paper: “Z. Javaid, C. P. Unsworth, M. Boocock and P. McNair, “Contour Interpolated 

Radial Basis Functions with Spline Boundary Correction for Fast 3D Reconstruction of 

the Human Articular Cartilage from MR images”, published by Med Physics in March 
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2016”. Results and text included in this chapter are largely unchanged from the 

submitted version as allowed by the University of Auckland under the 2011 Statute and 

Guidelines for the Degree of Philosophy (PhD). Co-authors of this work Dr Charles P. 

Unsworth, Dr Mark Boocock and Professor Peter McNair advised and commented on 

the manuscript, however the bulk of the research and preparation for submission was 

undertaken by the thesis author (see accompanying declaration). 

The last two sections of chapter 4 presented the Region-Based Segmentation and 

Bounding Box method and chapter 6 presented the 3D reconstruction method ‘Contour 

Interpolated Radial Basis Functions’ (CI-RBF). Both methods were validated on a 

cohort of 17 right non-pathological knees. These methods have now been published 

recently by Medical Physics (See Publication section). 

In chapter seven, we contributed to the field of hole-filling by developing an image 

processing tool that could rapidly, automatically detect, 3D render and accurately 

quantify Chondral injury/OA craters that existed in MR images of the femoral cartilage.  

The automated method detected and quantified the Chondral injury/OA craters and then 

reconstructed the 3D model of the Chondral injury/OA crater using our developed CI-

RBF method. We achieved this by adapting the Moshtagh ellipsoid method and its 

novel combination with Harris’s corner detection method. 

We then proceeded to validate the developed method. As it was not possible to find 

the actual volume of an OA crater in a real human knee physically we resolve this 

problem by validating our automated method through extensive simulation. We 

assessed the accuracy of the manual and automatic methods against the known crater 

volume by synthesizing 80 craters of radii 2, 3, 4 and 5 mm in MR images of the 

femoral cartilage of the healthy knee. Synthetic craters were delineated once daily and 

repeated over 3 days (that is, 240 synthetic craters were measured). Our results showed 
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that the percentage root mean square error of the automated method for craters of 2, 3 

and 4 mm radii was significantly less than the manual method giving p-values of 0.045, 

0.0165 and 0.0388 respectively. It was found that the craters of radii 5 mm has %RMSE 

improved upon but was not significant with a p-value of 0.233 over the manual method. 

The reason for this was because it became easier to discern and delineate larger craters 

thus the manual volume approached the automated volume at crater sizes ≥ 5 mm. 

Thus, the conventional manual delineation method (used as a gold standard benchmark) 

was replaced by the automated method as the benchmark for craters ≤ 5 mm. 

In the final section of the chapter, we automatically detected, 3D rendered and 

quantified 5 real Chondral injury/OA craters which were independently identified and 

delineated by an expert. In addition, the chapter also demonstrated how the automated 

method determined the number of slices corresponded to each Chondral injury/OA 

crater exactly. The probability of randomly identifying a crater with correct number of 

slices for all 5 Chondral injury/OA craters was 0.1%. The chapter demonstrated how 

the automated method could correctly detect 100% of the 8 knees determining whether 

they had pathology or not. In this section, we were justified in using the %RMSE of the 

manual method using our automated method as reference from previous section. Results 

showed that the manual method served to underestimate the crater volume by 1.65% on 

average. 

To our knowledge this is the first time Chondral injury/OA craters in the MR image 

of a human femoral cartilage have been detected and quantified automatically. 

Radiologist in general looks for 5 mm holes. The technique is quite promising being 

fast and identify very small holes accurately which could be easily missed by an expert, 

this would allow earlier onset detection of Chondral injury/OA craters. 
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As mentioned above, the main limitation with quantifying crater volumes in ‘real’ 

human knees is that it was not possible to obtain the true volumes of the craters with a 

physical experimental measure and manual delineation can be flawed by user error 

[251]. For this reason, the automated method was extensively tested on synthetic craters 

of known volumes to thoroughly validate the method. Thus, an increase in cohort size 

of human does not serve to further validate a study. In addition, it is very difficult to 

find real OA crater lesions in human cohorts, as reported in [81] where only 12% type-

IV craters existed in 31,516 knees and in [166] only 6.6% occurred in 1260 articular 

surface arthroscopies.  

However, we searched a public database, called the OA initiative database [6], for 

type-IV craters in 180 knees with OA lesions dataset (not available at the time of the 

original thesis submission). We found in all cases that none of the 180 knees had Type-

IV pathology and instead only had cartilage thinning (not relevant to this study). 

 

8.2 Future research 

A list of suggestions based on the results obtained in this thesis is now presented. 

 

1. Automate Segmentation of the articular cartilage 

Whilst people have automated the segmentation of the knee, such as atlas or multi-

atlas-based segmentation approach [179, 249] later being more accurate [241] but incur 

high computational cost [249]. One could automate the RBS&BB method of chapter 4 

in a lower computation cost effective manner by developing artificial neural networks 

(ANN)/machine learning algorithms to be able to predict where the 4 points that ideally 

segment the knee are. This could be achieved under supervised training of the ANN on 

a database of different knees in conjunction with where the manual 4 points are for each 
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knee. The manually identified locations of the 4 clicks could be used as the training set 

of knees. This could be achieved under supervised training of the (artificial neural 

network) ANN such as a multi-layer perceptron (MLP). Once trained on many knees, 

the MLP would have the potential to predict these 4 specific locations in order to then 

specify a bounding box to segment the cartilage. 

 

2.  Delineating the cartilage boundaries at the cartilage-cartilage interface 

As discussed in Chapter 4 that the tibial-femoral cartilages interface is difficult to 

delineate. The problem is not as simple as curve fitting the circumference of the femur 

and tibia separately. Rather knee joint pressure creates a difficult cartilage-cartilage 

interface where the cartilages are squeezed into one another thus flattening the surfaces 

in an approximately linear fashion. One solution might be to find the bone cartilage 

interface and use the Euclidean distance from the bone to the cartilage-cartilage 

interface to mark points on the interface. Later a spline fit can be used to delineate the 

interface, although sometimes the cartilage-cartilage interface is vague and not easy to 

mark. 

Another solution can be that ANN can be used for separating the cartilage-cartilage 

interface. This can be done by training an MLP on the manual segmentations of the 

boundary between the femur and tibia for a test set of knees. This would then have the 

potential to predict the cartilage-cartilage interface boundary of an unseen validation set 

of knees. 

 

3. Filling the craters at a bend 

Craters (of radii > 5 mm) at the bend or curvilinear region of the cartilage can 

usually become slightly under filled. In our current version of the method we have 
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connected the crater corner points linearly, which can result in this effect on curvilinear 

sections of the cartilage. One solution might be to connect corner point by a line or 

curve which has the gradient consistent with the slope of the cartilage circumference. 
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