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Abstract  

This work cannot be considered to stand alone, in fact it is part of a larger national project 

called HOLOA, which stands for Holistic Osteoarthritis. In the HOLOA project, the study 

of Osteoarthritis disease begins with the clinical information of each patient and ends with 

the multiphysics simulations of the specific OA knee joints. Nowadays, a large number 

of people suffer from Osteoarthritis (OA), which is a joint disease that affects the knee 

joint in particular. This disease leads to the partial or complete loss of the articular 

cartilage tissue. Because of the pain experienced, the motor functions of the patient 

become limited and lead to medical treatments that, in most cases, include arthroplasty 

surgery. The most diffuse OA classification method foresees the radiography image 

technique to detect the loss of cartilage, however, this method can only detect an already 

ongoing loss of cartilage. In this case, an early diagnosis can help to slow or stop the 

ongoing cartilage loss by avoiding surgery. This can be achieved with new medical 

imaging methodologies which include Magnetic Resonance Images (MRI) and 

quantitative MRIs. The first imaging method gives us information on the geometry of the 

joint, which we exploit for the first purpose of this study: to create patient specific knee 

3D models. To achieve this first goal, we label each image pixel giving it a biological 

meaning, and this process is called segmentation. Once an MRI is segmented and 

validated from a trained expert, it will represent a training OA knee image called an atlas. 

This work, that lies in the first part of the HOLOA project, is aimed to create a procedure 

that lead to the creation of an atlas. In order to do this, we develop two protocols. The 

first one foresees the segmentation of the principal bones and then the intervention of a 

trained expert to complete and validate the labels. In the second protocol, instead, we 

perform the complete segmentation and the expert have just to validate the quality of our 

outcomes. In order to make this process replicable we also create a guideline to follow in 

order to achieve our same results. The second imaging method, the quantitative MRI, is 

used to obtain information on the composition of the cartilage. Once a representative 3D 

knee model is created, we need to assign biochemical information to the cartilaginous 

tissues of this model realistic. This is the second purpose of this work and it can be reached 

with a procedure called mapping. This procedure will be discussed in the second section 

of this work. From the whole project, we hope to obtain useful information linking the 



tissue composition and the progressive degeneration caused by OA within reasonable 

clinical times. The ultimate goal is to provide an effective standard method for early 

diagnosis and a better treatment. 

Keywords: Osteoarthritis; knee segmentation; atlas; MRI mapping 
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1. Introduction   

1.1    Project HOLOA 

The following study is part of a bigger national project called HOLOA, which stands for 

holistic osteoarthritis. The term holistic is due to the fact that we consider all the possible 

connections among the causes that lead to OA, trying to fuse medical, physical and 

engineering points of views. All patients under this study are divided in several groups, 

each one containing some common clinical features, that are: age, gender, body mass 

index (BMI) and therapy (conservative or knee replacement). From the gait cycle we try 

to understand the loads that act on the knee joint. In the meantime, starting from the 

magnetic resonance images (MRI) of each patient, we want to create patient-specific knee 

geometry. These 3D geometries will be used for the creation of a complete 3D knee finite 

element model specific for each group. The 3D models part which corresponds to the 

cartilage tissue of the knee joint will be then characterized by the information obtained 

from the quantitative MRI mapping technology. The characterized finite element models 

will be used to perform multiphysics simulations, see Figure 1. 

The reliability of these simulations will depend on the accuracy of the geometries deriving 

from the MRIs. Another important aspect of the simulations is given by the 

characterization of the finite elements models (FEMs). This second step can be obtained 

from the quantitative MRIs mapping process. By fusing the groups information with their 

Figure 1 – Overall schematic  HOLOA project workflow. Study of the gait cycle (A), creation of 

the patient-specific knee model (B), creation of the patient specific mesh (C) and its 

characterization(D), multiphysics simulation (E). 
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respective representative knee model we could also obtain a standard procedure that can 

lead us to make solid medical advices about the need of surgery in a new patient, even if 

in most cases this is decided just based on the subjective level of the pain of each patient. 

1.2    Cartilaginous tissue 

In order to build a computational model of the knee joint, it is fundamental to have a 

realistic 3D geometry and to associate with it a realistic composition of the cartilage. The 

healthy articular cartilage tissue is composed by the hyaline cartilage and it is 2 to 4 mm 

thick. As every connective tissue, it is composed of extracellular matrix (ECM). This 

tissue is highly specialized, it has a lubrication and protection function from sheer, tensile 

and compressive forces imposed to the articulation. The ECM is full of cells named 

chondrocytes which play a key-role for the maintenance and repair of the matrix. They 

have different concentration and shape depending on the zone of the cartilage (as shown 

in Figure 2) and their survival depends on the chemical and mechanical environment. Due 

to their weak replication ability, the hyaline cartilage is a tissue that has a limited healing 

recovery capability. The main cartilage tissue constituents are water, which represents 

from 65% to 85% of weight, collagen macromolecule (15-20% of weight), proteoglycans 

(PGs) and some other noncollagenous proteins and glycoproteins. Among them, collagen 

represents the most important structural macromolecule in ECM, in fact it makes up to 

60% of the dry weight of cartilage and type II collagen in the main kind in it. Thanks to 

its composition and its disposition in the ECM (Figure 2), collagen provides to cartilage 

tissue important shear and compressive properties. However, the composition showed in 

Figure 2 is referred to a healthy articular cartilage.  
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A straightforward attitude that helps to maintain this structures and composition is given 

by the regular joint motion. The OA is indeed associated with drastic changes in cartilage 

metabolism, which occurs when the capacity to maintain the physiological balance of 

degradation and synthesis of the different macromolecules by chondrocytes is lost1. In 

fact, in the healthy cartilage, the ECM water content is sustained mainly by the PGs. 

These glycoproteins are attached to glycosaminoglycans (GAGs), which confer them a 

negative charge. Thanks to this, PGs attracts cations, such as sodium, which pull the water 

into the cartilage. 

Superficial tangential 

 Zone  

Middle zone 

Deep zone 

C 

 
A B 

Figure 2 - Cross sectional diagram of healthy articular cartilage with (A) cellular and (B) 

collagen fibers position and organization. In (C) the extracellular matrix of articular cartilage is 

also visible the main macromolecules of this tissue. 
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1.3 Osteoarthritis (OA) 

Knee OA is a common invalidating condition whose causes are challenging to define. 

This polymorphic disease affects about the 4% of the world’s population, of which the 

83% suffer from knee OA2.  The epidemiology of knee OA is widely studied and the 

related literature is complex and sometimes controversial. In early days, the causes that 

could lead to the disease were sparse and very general, they included age, gender, obesity 

(as a cause of mechanical overload), occupational knee bending, chondrocalcinosis and 

smoking3. However recent studies have widely confuted some of these assertions. The 

obesity factor is one of these, in fact, if on the one hand it is true that the risk of OA is 

increased in obese patients, on the other we know now that this increased risk cannot be 

explained by the effect of overload of the joints. Indeed, recent epidemiological studies 

have highlighted that a metabolic syndrome rather than obesity itself has the greatest 

impact on the initiation and severity of OA4. But for some other factors, like smoking, 

even if  a study performed on a men’s group reported that smokers have a greater cartilage 

loss and have more pain than non-smokers, this evaluations are still not significant and 

they need further study to assess the effect in knee OA5. There are also other studies which 

have found an important correlation between meniscus tears and subregional cartilage 

loss, as well as between the knee malalignment (varus and valgus knee) and medial tibia 

and lateral tibia cartilage loss6. 

From the other side, in order to avoid or postpone the surgery, they have been studied 

pharmacotherapies and/or viscosupplementation approach (VA). The most conventional 

pharmacological therapies include the treatment of the pain with non-steroidal anti-

inflammatory drugs (NSAIDs) and narcotic analgesics. The ibuprofen obtained relatively 

safe effects (especially for gastrointestinal conditions) among the other NSAIDs and 

statistical significant effect compared with placebo therapy7,8. Alongside the 

pharmacotherapy, or as unique treatment, commonly VA are used to reduce the pain in 

the knee joint. This widely used therapy consists in an intra-articular infiltration of 

hyaluronic acid, of which the synovial fluid in the knee-joint is mainly composed and it 

acts as a lubricant and shock absorber. It is now accepted that the replacement of this 

through infiltration can solve (temporarily) or greatly improve the problem of knee OA. 

However, according to a recent study, the effectiveness of this therapy is very doubtful. 
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Indeed, it associates the VA with “a small and clinically irrelevant benefit and an 

increased risk for serious adverse events9”. 

In knee OA, the main consequence that leads to the unbearable pain, hence to the 

arthroplasty, is the degeneration of the cartilage. It is lost slowly, it can take decades to 

go from its typical thickness of a few millimetres to complete loss and its rate of loss is 

highly variable among  individuals10. The important aspect that we have to take in account 

in this phase is a ‘good’ classification of knee OA. The classification of a disease that has 

multiple and heterogeneous causes is not trivial. Moreover, the classification could 

include many different levels of analysis within. Although recent researches try to find a 

classification of OA in a more rigorous way, i.e. by a metabolomics analysis of synovial 

fluid samples, which show initial important results11. In most cases, the diagnosis and the 

classification of knee OA is based only on radiographic appearance. Kellgren and 

Lawrence proposed some criteria in 1957, accepted by the World Health Organization at 

symposium held in Milan in 196112: the Kellgren-Lawrence (KL) method consists in a 

classification of the grade of the severity of knee OA using five grades, from 0 to 4. Each 

grade corresponds to a distance between the femur and tibiae bone and also to the 

presence of osteophytes. This method requires use of X-Ray image in which the cartilage 

and other soft tissues are invisible, Figure 1, thus the distance between the bone is easily 

computable. 

 

 

 

 

 

 

 

 

Despite the wide diffusion of this method, the KL system is widely argued and it has 

noted limitations. It has been criticized for assuming a linear radiographic progression of 

Figure 3 - KL grading  scale. The normal stage of cartilaginous tissue is not shown in the figures 

above. They start from Grade 1, which corresponds to the “Doubtfull” classification, and ends 

with Grade 4, which corresponds to the “Severe” classification.  
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OA, from osteophyte formation until the deformation of articular surface. This creates a 

lack of diagnosis in those patients with pain, loss of cartilage, but absence of osteophytes 

on their knee radiographs. Moreover, KL classification allow variable interpretations of 

the descriptions and, within 1966 and 2006 studies, has been found also five different 

descriptions of the KL grading classification2. Taking into account these assumptions, 

usually, a classification of KL grade between 2 and 3 could implicate the necessity of a 

surgery. Nevertheless, the rate of this surgery varies by up to a hundred percent depending 

on the clinical center and, as said before, on the pain that the patient feels.  

Due to the complexity of the disease, having a complete realistic computational model of 

the knee joint in which is possible to see and define critical zones depending on the 

clinical conditions of the patient, could represent an important step forward in the 

detection of the causes of the pain. Recognizing the origin of the pain led to the prevention 

of surgery or to mini invasive procedures. In fact, we know that in the early stage of OA, 

the microstructure of cartilage collapse and the tissue increases the water content, due to 

the loss of PGs functionality. This biophysical structure loss represents the confines 

between the healthy life and the beginning of an irreversible unhealthy life of articular 

cartilage. Because of this change, indeed, the cartilage loses also the capability to well-

resist stress and strain and it begins to break down. When the cartilage becomes 

compromised the OA is already in its late stage13. 

1.4 Image based analysis 

1.4.1 Magnetic resonance imaging (MRI) 

A non-invasive technique which provide very useful information about the morphology 

and physiology of the cartilage is the magnetic resonance imaging (MRI). This imaging 

method takes advantage from the protons concentration in our body, in particular from 

our hydrogen cations (H+). The cations have a self-circular motion called spin, which can 

be clock-wise or anti clock-wise and it creates a magnetic dipole. We refer with spin-up 

to clock-wise motion with positive charge up and spin-down to the other one with positive 

charge down.  In the MRI, an intense magnetic field invests all our body and all these 

cations tends to align to it. When the positive pole of a cation aligns with the positive pole 

of the external magnetic field we have a parallel direction, anti-parallel in the other way  
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around. This alignment is proportional to the intensity of the field and the more intense 

the field, the more parallel cations we have. But the alignment does not perfectly match, 

in fact each cation wobbles in the direction of the field, this attitude is called precession. 

During precession protons are out of phase. The frequency that this proton is processing 

about an axis is called Larmor frequency (LF) and it is given by: 

𝑓 =
𝛾𝐵

2𝜋
 , where  

If we fire a radio frequency (RF) at the same as LF, the precessed protons become to be 

in resonance. The resonance produces two main effects: 

1. The protons start to be in phase; 

2. Anti-parallel spin increase in number, this phenomenon is called spin-flip. 

The consequence of the first effect is that the magnetization vector (the net vector of all 

cations dipole) also starts to wobble. The second effect knock down the magnetization 

vector until 90°. In this stage the protons are ready to relax once we switch-off the RF, 

going from a high energy state to a low energy state. This energy loss due to the relaxation 

is received by another coil in the MR. Depending on how the protons will relax from their 

exited state, they will emit a certain amount of energy. In our body all the different tissues 

have different concentrations of H+, hence they emit different amount of energy which 

correspond to different intensity in the gray scale of the MR image.  

Traditional relaxation methods include: 

 Proton density image (PD) in which tissue with more H+ have higher intensity (appear 

more white) in the image: good contrast between subchondral bone and cartilage. 

 T1 relaxation image (or T1-weighted), that involves spin flip where antiparallel return 

parallel. As result the darker area is where we have lower density (i.e. water) and 

brighter ones where the density is higher (i.e. fat). Very useful for structure purpose 

in the knee joint. 

 T2 relaxation image (or T2-weighted), that involves the precession, where the spin 

goes from being in phase to out of phase. These images appear like the negative of T1 

images and they are very useful for functional purpose14,15 (i.e. knee joint structures 

water content).  

𝛾 = 26,7 ∗ 107 [𝑟𝑎𝑑 𝑠𝑇]⁄  is the gyromagnetic ratio for Hydrogen 

𝛽 [𝑇] is the magnetic field 
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In our project the MRI sequence is a T1-weighted image with fat suppression. The 

suppression of the fat tissue signals in this case, help us to both enhance the contrast 

between the cartilage and the adipose tissue and to morphologically characterize the 

structures nearby. Hence conventional MRI provides sufficient tissue contrast to detect 

morphological changes in cartilage where radiography cannot16.  

 

1.4.2   Introduction to quantitative MRI mapping  

Despite conventional MRI methodologies could be already considered an important step 

forward compared to the KL method, there are more advanced MRI techniques that 

provide quantitative information on the biochemical composition of the cartilage in 

advance.  

The most widely used quantitative MRI methods for the knee cartilage tissue are: 

 Delayed gadolinium enhanced MRI of cartilage (dGEMRIC). The gadolinium is 

highly paramagnetic and promotes the alignment and relaxation of the nearby protons.  

Here T1 relaxation is used as the quantitative result for dGEMRIC. A lower T1 

indicates reduced GAG content compared to healthy cartilage. 

 T1 rho mapping to measure the presence of large macromolecules, like PGs. Indeed, 

the protons of water molecules nearby PGs will dissipate energy faster then free water 

molecules. Thus a higher T1 rho relaxation time indicates the presence of PGs. 

 T2 mapping is used to measure the water content in cartilage and, indirectly, collagen 

content and orientation. The free water molecules have a slower rate of decay 

compared to the water molecules trapped in collagen, which will have a smaller T2 

relaxation time13 .  

Hence, having good quality T2 MRIs gives us morpho-structural information on the knee 

cartilage, which is difficult to interpret in terms of OA severity, see Figure 4A. 

Nevertheless, looking at the same sagittal sequences overlapped by the images obtained 

from the quantitative T2 mapping method, we can notice chromatic modified zones 

within the cartilaginous tissue. In this case, the same images give us the possibility to 

diagnose early and late stages of OA where conventional MRI cannot, see Figure 4B. 
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All the information acquired with these advanced MRI methods can be assigned to a 3D 

model of cartilaginous tissue, creating a highly realistic and reliable model that can be 

used for the analysis of the FEM. In fact, filling the lack of 3D graphical visualization can 

make easier to understand the analysis of weight-bearing forces in cartilage and, i.e., 

integrate it into virtual medical simulation system17.  

Figure 4 – The conventional T2sagittal MRI (A) and the same sequences overlapped by the 

images obtained with the quantitative T2 mapping methodology (B) give us different information. 

Even if T2 image does not show major defect in cartilage, the mapping methods suggest early 

and late stages of OA34. 

A 

B 

NORMAL EARLY OA LATE OA 
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1.5 Segmentation process and usefulness 

Having a good approximation of the 3D volumes and shapes of the knee-joint tissues can 

be a challenging task. The step that connects the MRI to the building of the specific-

patient 3D geometry is given by the segmentation, see Figure 5. The image segmentation 

is the process of assigning a label to every 3D pixel (named voxel) in an image such that 

voxel with the same label share certain characteristics. With the segmentation we are able 

to represent an image into something that is easier to analyze18. This procedure requires 

some previous steps that include image registration, image intensity setting and image 

contrast setting. The most straightforward method consists in a manual delineation of the 

region of interest (ROI) by a trained expert, but it is a tedious and prone to error approach. 

An alternative approach involves the properties of signal intensity to drive the 

segmentation.  

 

 

 

 

 

 

 

 

In this case, automatic or semi-automatic algorithms can handle large-scale datasets or in 

applications where user-time is crucial. The intensity-based classification of MRI 

becomes problematic when signal intensities are inhomogeneous. Another complication 

is represented by the significant shape and appearance variations that can be caused by 

sensor noise/artifacts (inhomogeneous magnetic field, gradient nonlinearity), patient 

difference and motion (volunteer and/or natural body movements during the analysis), 

anatomical changes due to surgery19. Segmentation techniques are manifold and they 

could be divided in the following classes: 

SEGMENTATION 

MRI GEOMETRY MESH MODEL 

Figure 5 – Segmentation step within the workflow that lead to the construction of a FE model. 
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 Threshold based segmentation: this class of algorithms exploits the grayscale 

intensity of each pixel of an image. If the value of that pixel is greater than a fixed 

threshold, then it will be assigned to the foreground pixels set, to the background 

pixels otherwise. Due to the inhomogeneity of the medical images, other criteria like 

global, local or adaptive thresholding are required. The big limitation of these 

approaches is represented by the assumption that the entire structure tissue and the 

background have a different pixel intensity20. 

  Active contour segmentation: these algorithms try to trap the structure of interest 

in a 2D line, or in a 3D surface. They are manually initialized and the evolution of 

their contour is guided by the local image intensity gradient21 or from the global 

properties of the segmented areas22. 

 Graph cut: this class of algorithms read the image as a weighted graph. The purpose 

here is to find the good cut between the graphs, which will represent our segmentation. 

For example, the firstly minimum cut algorithm tries to cut following segments that 

have as few connections as possible, which has bad outcomes where the graph is 

dense. A normalized version of this algorithm fixes this bias23. 

 Region Growing: also here the image is read as a weighted matrix and   the algorithm 

exploits cellular automata principles as seeds pixel growing factor. This type of 

algorithm is explained more in detail in the section ‘2.2.1 Algorithm specifications’. 

1.5.1 Atlas and Multi-atlas formation 

Independently on the technique that we choose, nowadays the segmentation has 

limitations in medical application. These limitations are represented mainly on the dataset 

that we have, the condition of the population that we want to analyze, and the final 

accuracy that we need. In fact, the dataset, that could be represented by the MRIs, should 

be chosen wisely because it can determine the accuracy of our outcomes. Thus the dataset 

should best represent the population under the study, both in terms of quality of images 

and variability among the population. In our case we would to identify, starting from 

MRIs, the tissues of the knee joint, which can be distinguished in soft and hard. While 

the hard tissues can be easily recognized and they have a limited inter-patient variability, 

the soft tissues present large deformations within the population. Moreover, in our case 

the population is represented by people who are affected by knee OA, and this condition 

can highlight these deformations further. Due to these reasons, the knee segmentation 
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represent a big challenge and very often a manual segmentation approach is used24. The 

so obtained labelled images, preferably validated by more than one radiologist, are called 

atlases. In this case, these atlases are training images that facilitate the interpretation of 

the medical gray-scale and they can be exploited for a wide variability of purpose. The 

most common use includes a process called registration, in which we fix a position of the 

atlas in the 3D space and we transform each new images in order to overlap our atlas. 

Thanks to this process we could obtain a novel labelled image in an automatic way. 

Depending on the criteria that we choose for the registration process we can have a 

deterministic or a probabilistic atlas25. When a population present a so wide variability, 

as in our case, it should be convenient to divide it in groups. This procedure should be 

based on objective factors that relate all the patients, such as clinical data, that determine 

the modes in the population. This division can be followed by a computational process in 

which clustering algorithms applied to all the training images should reveal the same 

modes as before26. This division facilitate the semi- and full- automatic computerized 

methods that can be used for the creation of future atlases, for supporting intraoperative 

imaging techniques, or to help in early diagnosis. The creation of these groups lead to the 

formation of multiple atlases, in which the inter-patient biological variability can be better 

interpreted and, in case of new images, registered. 

2. Methods 

2.1 Dataset  

During the first part of HOLOA project all diagnostic data of some volunteers’ patients 

from the Hospital ‘Parc de Salut Mar’ of Barcelona have been collected. The consent was 

obtained from each subject after full explanation of the purpose and risk of all procedure. 

Knee-joints have been imaged on a lower limbs magnetic resonance unit with a T1-

weighted with fat suppressed MRI sequence. Each image data consists in 212 sagittal 

slices with a resolution of 512x512 pixel and a slice thickness of 0.5 mm.   
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During the development of the project we identified 4 factors of study related to the 

development of OA, which are BMI, age, gender and therapy. Each one has been divided 

in 2 sublevels, which characterize the factors further.  

Each group represent a certain stage of OA severity. In fact, basing this assertion on what 

we explained in the introduction, the worst case could be represented by a female patients 

who belongs to the age range of 68-75 group, with a BMI ≥30 and in the knee 

replacement group will most probably have an advanced cartilage loss due to an advanced 

stage of OA. In contrast, opposing groups is expected represent a patient with a healthier 

cartilaginous tissue. 

2.2 First aim: knee multi-atlas from MRI 

Automatic segmentation of the knee joint remains an attractive outcome, but in real 

applications user interaction is still required. However, for our purpose, taking the 

definitions from “Registration and Segmentation for Image-Guided Therapy”, in27, a 

semi-automatic and semi-supervised segmentation (SASS)  based on region growing 

algorithms was chosen to achieve this task. In particular, the SASS is defined: 

1. Semi-automatic, because the algorithm needs few seeds pixels to correctly identify 

the target tissues, which are manually selected.  

2. Semi-supervised, because the region growing algorithms need our intervention with 

some stopping, growing and similarity criteria that depend on the structure that we 

are considering. 

Groups

Age

60-67 68-75

BMI

25-29.9 30 +

Gender

Male Female

Therapy

C AP

Figure 6 - Representative 4 groups (orange level) of patients with OA for HOLOA project, each 

one with 2 subgroups (gray level). In the BMI subgroups: range 25-29.9 = Overweight; range 

30+ = Obesity. In the Therapy subgroups: C=Conservative; AP=Arthroplasty. 
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The segmented images that we will obtain from this procedure will represent our ground 

truth after being revised by a trained radiologist expert. They can be used for different 

purposes; in our project, we will use them to create a multi-atlas that represent a novel 

database for these specific osteoarthritic patients’ groups.  

Thus, per each patient MRI, in order to create a single model, the steps that we follow 

are:  

1) segmentation of the bones and of the other soft tissues in the knee joint without 

cartilage tissue; 

2) registration of a complete 3D model (that comes from an open source project named 

OpenKnee) over the segmented images in order to segment also the cartilage; 

3) revision by a trained radiologist expert and creation of an atlas; 

4) mapping of cartilaginous tissue properties into each model created with the 

information that could be taken from the quantitative MRI signals; 

5) creation of a FE model; 

6) multiphysics simulation.  

In this study we examine points 1 and 4 in detail that will represent the first and the second 

aim respectively. The other points will be discussed in the section ‘4 Conclusions’ and ‘5 

Limitations and future works’ sections where we also discuss the limitations and the 

possible improvements of this work. 

2.2.1 Algorithm specifications 

The algorithm that characterize our SASS approach for the segmentation task is named 

adaptive Dijkstra algorithm28 (ADA). This algorithm is included in the user-oriented 

segmentation module of the medical imaging software 3D Slicer. It lies between the 

GrowCut and the Dijkstra algorithms. The first one is based on Cellular Automata models 

that uses Moore neighborhood of each pixel p that we define as seed pixel or cell (i.e. the 

bone tissue and the background). The initial statement of these pixels is defined by its 

strength θp ∈ [0,1] and their label lp. From these information, the state of the cells 

changes according to the migration dynamics, spreading out all over the image that is 

considered as a weighted matrix. 
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This algorithm terminates when no pixels change state. But GrowCut convergence is 

slow, especially when the number of image slices is big because it traces through the 

entire image domain at each iteration28. The second one, the Dijkstra algorithm itself, 

calculates the shortest path from starting point to all other points. Thus, for instance, 

taking a weight graph with 25 vertexes (grid 5x5), if we would calculate the shortest path 

between two of them, the algorithm firstly calculates all possible weighted paths and then 

picks the shortest or less weighted29 (Figure 7). 

 

The ADA uses the dynamic aspect of the GrowCut algorithm in the Dijkstra algorithm 

that here is used to find the shortest path among the clusters created by the Cellular 

Automata model. Moreover, ADA works locally rather than globally as the classical 

algorithm does28. This feature allows a fast local updating when a new seed pixel is added 

(manual corrections after the first automatic segmentation) see Figure 8. 

 

 

 

 

 

 

A B 

Figure 7 - Dijkstra algorithm visual example: searching for the shortest path between the 

vertexes v3 and v15, this algorithm firstly evaluates all the possible paths computing their 

weight (A) and then it chooses the shortest one (B). 

 

Figure 8 – Adaptive Dijkstra Algorithm scheme. 
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2.2.2 First protocol  

The initial workflow for obtaining an exploitable atlas foresee a semi-automatic 

segmentation of the main bones of the joint. The other tissues undergo the manual 

segmentation performed by a trained expert radiologist, the surfaces refinement with an 

automated process represent the last step of this process, see Figure 9. 

 

 

 

 

 

 

In the Figure 9, each step implies a time for the task, such that:  

Tatlas= ∑ Tstep𝑖

𝑛
𝑖=1  , where Tstep𝑖=Tuser+Talgorithm 

The Tuser is the user interaction time required to complete the task in each step and 

Talgorithm represent the amount of time required by the algorithm to elaborate data and 

give a final result. Some step requires almost only the user time interaction, i.e. Step 2, 

conversely, in Step 3 the computational performance has a big weight. To achieve the 

true medical need for a fast processing of image recognition it is necessary to increase 

this performance as much as possible. Processing speed and intuitiveness of the 

interaction are critical properties that must be considered in order to have a useful and 

fast segmentation19.  

2.2.3  Second protocol  

Having fully understood the principle of operation of ADA, we have been able to improve 

the accuracy, speed and robustness of our results. Indeed, the SASS, that was firstly used 

only for the main knee bones (femur, tibiae and patella), is now used also for the all other 

soft tissues of the joint. To achieve this purpose, we exploited the principle of the multi-

layered segmentation, see Figure 10: 

 each tissue is segmented in a different level; 

• Principal  knee 
bones 

segmentations

Step 1

• Complete manual 
segmentation

Step 2
• Automatic surfaces 

refinement

Step 3

• Final knee atlas  

Step 4

Figure 9 – First protocol workflow for the creation of a single knee joint atlas 



17 
 

 smoothing algorithms (median, Gaussian, remove extrusions, fill holes) are applied 

to each different level to improve the single tissue; 

 all levels are fused in one that will contain all the tissues. 

 

 

 

 

 

 

 

This procedure presents different advantages and improvements, including: 

1. high speed segmentation and accuracy in tissues with a small ROI (exploiting of the 

local feature of ADA); 

2. easy post-processing allows modifying the accuracy of a single tissue segmentation 

in an external layer at any time and then reunify it with the global one (interactivity 

of segmentation and layers/tissues independency); 

3. easily reproducible and user-friendly. 

Thanks to these advantages, we create a new protocol in which each step changed in task 

and time required to complete it, see Figure 11. 

 

 

 

 

 

 

 

 

Figure 11 -  Second protocol workflow for the creation of a single knee joint atlas 

• All tissues  (exept 
cartilage) labelled 

with SASMS

Step 1

• Automatic 
segmentation for 

cartilaginous 
tissue  extraction

Step 2

• Expert revision

Step 3

• Knee atlas  

Step 4

Level 1 

FINAL SEGMENTATION 

Level N  

Segmentation 
1 

Segmentation N 

N = # OF TISSUES 

Figure 10 – Multi-layered segmentation  
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2.2.3.1 Application of the second protocol on a representative 

tissue  

Our initial knee joint segmentation comes from SimTK Open-knee project30. Although 

this labelled image is complete and very accurate, it comes from a healthy patient and 

hence it is not representative of our cases. Moreover, relying on a single atlas leads to 

have bias in terms of distance to other population samples, accuracy of the registration 

methods and distribution of anatomical variability31.   

We will show below shortly an application of the second protocol. The first step is to 

identify all the tissues from the MRI. To achieve this task is important to have a good 

knowledge of the anatomy and composition of the tissues within the knee in order to 

know respectively the position and the MRI appearance of the tissue. A good balance 

between image brightness and contrast is fundamental to recognize some tissue, see 

Figure 12. 

A  

B  

C  

D  

Figure 12 - With a bad balance between brightness and intensity (A), we lose important 

information within the image. Indeed, with the same coronal view (right side of the MR images) 

and a good balance, we can distinguish the medial collateral ligament (B), the lateral menisci 

(C) and the posterior cruciate ligament (D) in both coronal and sagittal planes. These structures 

are easily recognizable in the anatomical model shown on the right side. 
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In order to recognize all the tissues of interest we should know a priori how they look like 

in the different planes sections. In Figure 13 below, we take as example the lateral menisci 

and we show how the final 3D model should look like after segmentation and how we 

expect it should appear in the sagittal view within the MRI. We recall that this is a model 

just for anatomical study and thus it refers to perfect healthy conditions.  

 

 

 

 

 

 

 

 

 

 

Once that all tissues are recognized we need to initialize the algorithm. In the second step, 

in fact, we need to define the voxel seeds which give to the algorithm the correct initial 

statement for growing. In order to achieve the correct segmentation of the tissue is 

important to define also the ROI within the algorithm has to work. Thus, exploiting the 

local feature of the ADA, we select initial and final bounds seeds for the background and 

the seeds for the tissue in those planes where they are easily visible. Moreover, we have 

also to help the algorithm to distinguish possible inhomogeneity within the images, see 

Figure 14. We crop the images as much as possible just to highlight the ROI. 

 

 

 

 

 

Figure 13 – Exploded anatomical view of the tissues of interest for the SASMS with lateral 

menisci highlighted (left). Zoom of the menisci 3D structure (top right) and his sagittal section 

within the anatomical model (middle left) and its appearance within a MRI (down left). 
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2.3 Second aim: cartilaginous tissue mapping 

Once having a complete patient-specific geometry thank to the segmentation process, this 

is combined with a general FEM mesh that we obtain from the OPEN KNEE project in 

order to obtain a patient specific knee mesh. This models will have a certain number of 

tissues, each one with an ordinate spatial structure. In particular, the principal tissue of 

interest within this study is the cartilaginous tissues. It should be characterized with 

realistic information about the biochemical composition which can be obtained by the 

quantitative MRI mapping signals showed in the section ‘1.4.2 Introduction to 

quantitative MRI mapping’. Unfortunately, we did not receive on time the data for this 

patients during our project. Thus, in order to accomplish the second aim of this project 

and to create a procedure that can be applied on this type of data, we need to create dummy 

data. The data that we could obtain from this methodology is a point cloud type, in which 

each point in a 3 dimensional space represents a specific composition of the cartilaginous 

tissue, see Figure 15. 

 

 

 

A  

B  

C  

D  

Figure 14 – Steps for the initialization of the algorithm: (A)definition of the ROI, (B)definition of 

seeds pixel, (C) definition of the limits and (D) definition  of the inhomogeneity. 
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If we think about this points taken from all other position in the space, we will obtain a 

point cloud. Our task is then to assign all these points to the nearest spatial point within 

the cartilaginous tissue knee mesh. A way to obtain an approximation of this point cloud 

could be to transform the general cartilage FEM mesh into a dense point cloud, which 

will have his own origin and density, that we call O1 and D1, and then create a dummy 

point cloud, such that: 

1. It is less dense, with a density D2 << D1 

2. It has the origin O2 ≠O1 

3. It is deformed 

4. At least it must undergo an affine transformation 

Our initial model file format is Stereo Lithography (STL). In order to obtain our first and 

second point clouds we use two software which are SolidWorks and Blender. The latter 

one allow us to reduce the density of the nodes and deform the shape within the STL file 

obtaining points 1 and 3 of the above list. We use then Scanto3D module of SolidWorks 

in order to transform the STL format into XYZ format, which give us a NxI matrix as 

result, where N is the dimension (in this case 3) and I is the number of points. We call 

CART and MAP the point cloud deriving from the original cartilaginous model and from 

the deformed one respectively, see Figure 16. Obtained both point clouds, we use Matlab 

to work with them. Firstly, we apply a transformation matrix to the MAP in order to fulfil 

also points 2 and 4 of the aforementioned list. Now the mapping process consist in the 

registration of MAP to CART. We will use the Iterative Closest Point (ICP) algorithm 

Figure 15 – Example of a specific point in 3D space within the cartilaginous tissue that represent 

a certain biochemical composition thanks to the information given by the quantitative MRI 

signals. 
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which minimize the difference between two clouds of points32. Doing this we are 

assigning the biochemical composition to the patient specific knee mesh.  

      

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3 Results 

3.1 Dataset 

Following the map showed in Figure 6, we established 16 groups, which represent a wide 

number of OA patients. For some of them we do not have MR images and for some other 

we have more than one image, as shown in the Table1. 

 

Figure 16 – Creation of dummy data deriving from quantitative MRI mapping. 

Initial 
mesh 

Decimate 
geometry 

CART MAP 

mm 

mm 

m
m
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 Table 1 – Number of patients within each of 16 groups.  

 

 

 

 

 

 

 

 

 

The groups number 5,6,7 and 14 have 0 patients within, thus only 12 groups are available. 

 

3.2 First Protocol 

We applied this protocol on the main knee bones (femur, tibia, fibula and patella) 

segmenting all them in the same layer. Having a ROI which include all the volume means 

that the algorithm in each iteration has to pass through all the weighted matrixes (images), 

and this turned out to be time consuming. In fact the segmentation time for the bones per 

each patient is: TBs
=Tu+Ta=1.5 h+0.5 h=2 h, where TBs

,Tu,Ta are the times for bones 

segmentation, user time and the time for running the algorithm respectively. The soft 

tissues of the knee joint, especially in OA patients, are very thin, incomplete and some 

time they are not present at all. Because of this, during the definition of the voxel seed 

from the voxel background, it is very difficult, and sometime impossible, to properly 

define these tissues, especially when the space between them is fewer than the minimum 

voxel size, as in the case of Figure 17, where the background voxel seed have a size of 1 

pixel.  

 

  

 

Group 
counter 

Group 
number 

Number of 
patients 

1 1 1 

2 2 1 

3 3 3 

4 4 2 

5 8 1 

6 9 4 

7 10 2 

8 11 6 

9 12 6 

10 13 1 

11 15 3 

12 16 2 
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With this protocol we performed 6 bones segmentations and only 1 total segmentation, 

which is showed in Figure 18.  

 

 

 

 

 

 

 

 

Figure 18- Complete patient-specific knee model derived from the manual segmentation within 

the 1st protocol. 

Figure 17 – The orange arrows indicate the critical zones where is very hard or impossible to 

well define the background voxel seeds (green coloured) from the bones voxel seeds (yellow 

coloured).  
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3.3 Second protocol  

With the first method was not possible to segment the soft tissues within the knee. 

Conversely, using the multi-layered segmentation explained in section ‘2.2.2 Second 

protocol’, al the target tissues have been segmented. The time required for a complete 

segmentation of one knee patient, that include all the tissues but cartilaginous tissues is: 

TTot=TBs
+TStS

= 3.5 h, where TBs
,TStS

 are the times for bones and soft tissues 

segmentation respectively. Here the user time and the time for running the algorithm are 

highly influenced by the ROI of each tissue. Figure 19 shows the final 3D model of the 

menisci initialized in section ‘2.2.2.1 Application of the second protocol on a 

representative tissue’. In the same figure we show also one example of all other tissues 

of interest segmented and the total 3D model which derive from them. 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

A  

B  

Figure 19 – Final 3D model of the menisci initialized in Figure 11 (A) and complete segmentation 

of the same patient showed in Figure 13 performed with the 2nd protocol (B). 
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With this protocol we performed one complete segmentation for each group, obtaining a 

total of 12 patient-specific knee models.     

3.4   Comparison between the protocols 

Since the first protocol application is limited to the bones of the knee, we show a 

qualitative comparison between them. In Figure 20 we show in particular the final 

segmentation of the patella in order to highlight the inaccuracy of the first protocol 

applied to small tissues. Cases of under segmentation and over segmentation are showed 

by the blue and orange arrows respectively. 

 

 

 

 

 

Figure 20 – 1st and 2nd protocol outcomes. The blue and the orange arrows show under and over 

segmentation cases respectively.  
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3.5   Cartilaginous tissue mapping  

Applying the ICP algorithm to the point clouds setting CART as the target and MAP as 

the source, we obtain a total spatial coverage of CART, see Figure 21 (A). We have also 

rebuilded the 3D surface of CART in order to have a better visualization of the final point 

cloud within entire volume. 

 

 

 

MAP CART 

A 

B 

Figure 21 – The thicker black dots (A) represent the final result after the application of the ICP 

on the two point clouds MAP and CART. In B are showed, the front, top and isometric views of 

the final point cloud within reconstructed surface. 
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4 Limitations, discussion and future works 

Since we obtained MRI from 12 groups and some of them contain just one patient, we 

considered 12 as the target number of segmentations. Moreover, having a complete 

patient-specific mesh for each group represent a good starting point to search for the 

dissimilarities in OA disease consequences.  

For the first protocol we performed only one complete segmentation because the second 

step required about 23 hours of effective user work for the radiologist, which took about 

3 weeks just for one patient. Moreover, the overall outcome has been rejected for the 

creation of the patient specific mesh due to the roughness of the surfaces and the non-

contiguity of the 3D model. Conversely, applying the second protocol, not only do we 

have performed all the target segmentations, but they are all suitable for the creation of 

the patient-specific mesh. Indeed, in the Figure 18 and the model of Figure 19, that come 

from the same patient MRI, we can appreciate how much smoother and contiguous the 

second model is. But this is a consideration aimed at the creation of FEM. In fact, in the 

segmentation process there is no quantitative validation and the accuracy of the final 

results can be evaluated just qualitatively from, at least, a trained radiologist. Only after 

this evaluation a complete segmentation can be considered an atlas and this could 

represent a first limitation for resource availability.  

In the next steps, these training atlases could be used to perform a multi-atlas 

segmentation31 (MAS), that has two main purposes:  

 firstly, the atlas obtained from the OPEN KNEE project can be deformed in order to 

correspond to our labelled images obtaining as consequence the cartilaginous tissue; 

 secondly, thanks to a pairwise registration between the future novel images and each 

atlas image that is in one group of our osteoarthritics patients, it can create new useful 

labelled images for early diagnosis of future patients; 

Another future work could include a process named multi-atlas stratification (MAST), in 

which we search for the modes within our population represented just by the MRI. These 

modes should then correspond to the number of the groups that we actually have26.That 

modes should represent a specific grade of cartilage degradation. Moreover, MAST can 

help us to searching for the best representative atlas within a group. 
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In a qualitative way, we can say that all the models obtained show different joints space 

width that should confirm that they all represent different stages of OA. Depending on 

the age and on the ‘modus vivendi’ of the subjects, these differences should be reflected 

in the outcomes of the simulations. This can provide us useful information to find 

correlation with the evolution over time of OA.  

5 Conclusions 

The strength of this study is the creation of a protocol which is replicable. For this 

purpose, we also wrote a detailed guideline based of the 3D Slicer Software (Version 

4.8.0), where the procedure to achieve our same result is described in detail (see Appendix 

1). We have improved the segmentation times of the knee joint going from about 25 hours 

to only 3 and a half hours of total work. The knowledges deriving from this research could 

lead important consequences in medical and research community. Indeed, from this 

project we could know much more about the relationship between the tissues composition 

and the progressive degeneration caused by OA staying within the clinical times. This 

can provide an effective standard method to have an early diagnosis and a better 

treatment. 
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6 Figure 

Figure 1 – Overall schematic  HOLOA project workflow. Study of the gait cycle (A), 

creation of the patient-specific knee model (B), creation of the patient specific mesh(C) 

and its characterization(D), multiphysics simulation (E). ................................................ 1 

Figure 2 - Cross sectional diagram of healthy articular cartilage with (A) cellular and 

(B) collagen fibers position and organization. In (C) the extracellular matrix of articular 

cartilage is also visible the main macromolecules of this tissue1. .................................... 3 

Figure 3 - KL grade description. The normal stage of cartilaginous tissue is not shown 

in the figures above. They start from Grade 1, which corresponds to the “Doubtfull” 

classification, and ends with Grade 4, which corresponds to the “Severe” classification.5 

Figure 4 – The conventional T2sagittal MRI (A) and the same sequences overlapped by 

the images obtained with the quantitative T2 mapping methodology (B) give us 

different information. Even if T2 image does not show major defect in cartilage, the 

mapping methods suggest early and late stages of OA34.................................................. 9 

Figure 5 – Segmentation step within the workflow that lead to the construction of a FE 

model. ............................................................................................................................. 10 

Figure 6 - Representative 4 groups (orange level) of patients with OA for HOLOA 

project, each one with 2 subgroups (gray level). In the BMI subgroups: range 25-29.9 = 

Overweight; range 30+ = Obesity. In the Therapy subgroups: C=Conservative; 

AP=Arthroplasty. ............................................................................................................ 13 

Figure 7 - Dijkstra algorithm visual example: searching for the shortest path between 

the vertexes v3 and v15, this algorithm firstly evaluates all the possible paths computing 

their weight (A) and then it chooses the shortest one (B) 29. .......................................... 15 

Figure 8 – Adaptive Dijkstra Algorithm scheme28. ........................................................ 15 

Figure 9 – First protocol workflow for the creation of a single knee joint atlas ............ 16 

Figure 10 – Multi-layered segmentation ........................................................................ 17 

Figure 11 -  Second protocol workflow for the creation of a single knee joint atlas ..... 17 

Figure 12 - With a bad balance between brightness and intensity (A), we lose important 

information within the image. Indeed, with the same coronal view (right side of the MR 

images) and a good balance, we can distinguish the medial collateral ligament (B), the 

lateral menisci (C) and the posterior cruciate ligament (D) in both coronal and sagittal 
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planes. These structures are easily recognizable in the anatomical model shown on the 
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Figure 13 – Exploded anatomical view of the tissues of interest for the SASMS with 

lateral menisci highlighted (left). Zoom of the menisci 3D structure (top right) and his 

sagittal section within the anatomical model (middle left) and its appearance within a 
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Figure 14 – Steps for the initialization of the algorithm: (A)definition of the ROI, 

(B)definition of seeds pixel, (C) definition of the limits and (D) definition  of the 
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represent a certain biochemical composition thank to the information given by the 
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Figure 17 – The orange arrows indicate the critical zones where is very hard or 
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Figure 21 – The thicker black dots (A) represent the final result after the application of 

the ICP on the two point clouds MAP and CART. In B are showed, the front, top and 

isometric views of the final point cloud within reconstructed surface. .......................... 27 
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8 Appendix 

8.1 Appendix 1 - Segmentation guideline                           

Semi-automated segmentation of knee joint tissues using 3D-Slicer 

Introduction: creating a 3d specific geometries from RM images 

This would be a briefly practical guide that allow you to segment the tissues of the knee-

joint using the software 3D-Slicer (VERSION 4.8.0).                                          The IT 

tools used for this procedure are: 

-pc laptop Asus ZenBook Flip 360 UX360CA, which has 8 Gb of RAM and intel i5 7th 

generation as processor. 

-Wacom Intuos photo, that is a graphic tablet which allow to be more accurate in the 

cursor’s movements. 

With these IT tools the average time taken for a segmentation of a single tissue is highly 

dependent on the region of interest (ROI) that we consider. Following this guideline, you 

should be able to segment all the tissue of a knee joint within 3 hours and 30 minutes.  

Procedure 

The files that we have are NiFTi, but this procedure is applicable to all RM images that 

3D-Slicer can read as volume. Suppose we have 030_right.nii.gz file. 

The method that we use consists in 4 steps: 

1) Open image and set optimal visualization in terms of brightness and intensity moving 

the cursor up or down and right or left on one of 3 view that we have. This step is very 

important because we can highlight the not-obvious differences between tissues, 

identifying them.     

 

 

 

 

 

 Figure 1 – Optimization of image intensity and contrast 
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2) From the drop down menu we select Segment Editor and as master volume we select 

030_right. From the dropdown menu ‘Segmentation’ create a segmentation for each 

tissue defining a background label and a label which represent our target. Now we 

have to add as much segmentations as the tissues are, giving to each of these a different 

colour and, eventually, an appropriate name. In the Figure 2 we selected just 3 tissues of 

the knee-joint, but this should be done for each tissue. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

3) Selecting Paint tool and a proper dimension we have to select as good as possible all 

the gray-scale colours that go with in a specific tissue and at the same time we have 

to exclude same grayscale intensity tissue that we don’t want to segment. We have to 

select also Slice Intersection voice from drop down menu under the orange cross we 

Figure 2 – Initial segmentations definition for knee-joint tissues 

 



37 
 

can see over the images; by pressing Shift and moving the cursor over one image now 

you can see the exact point that intersect also other views.  This procedure will help 

you in the global visualization of the joint and in the identification of the tissue in the 

different views. By scrolling all the segmentations, we select all the notable structure 

that we want, proceeding as in Figure 3. At this point, it is also important to highlight 

all the inhomogeneities that we have in order to exclude that part from the final result. 

As we want to say to the program what is what, but it is enough to say ‘this is tissue’ 

and ‘this is ligament’ just to that slices that define our ROI. 

 

 

 

 

 

 

 

 

 

 

 

4)  From Grow from seeds button we push initialize but don’t push apply after it finishes. 

After initialize we have something like in the Figure 4    

 

 

 

 

 

 

 

5) Now, scrolling all slices we can see some errors done from the automatic 

initialization. In the Figure 5 we can see an example of error in the red circles and in 

Figure 3 – Steps for the initialization of the algorithm: (1st )definition of the ROI, 

(2nd )definition of seeds pixel, (3rd ) definition of the limits and (4th ) definition  of 

the inhomogeneity. 

 

1st  

2nd  

3th  

4th  

Figure 4 – Semi-automated segmentation of the tissues 
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the Figure 6 the corrections done in the blue circles. In order to correct all the errors, 

we have to use again Paint tool drawing small point of the correct tissue and to wait 

that the grow from seeds work automatically again. This procedure must be done for 

all errors that we notice through all slices. Each small point of the correct tissue that 

we write will be extended automatically to all slices. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Figure 5 – Errors obtained from semi-automated segmentation 

 

Figure 6 – Corrections of the errors 
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6) After we finish with all corrections we can push on Apply in Grow from seeds menu. 

Now, if we push on show 3D we see a rendering of the model, Figure 7. (in this 

particular case there is a lot of noise because of short time to do this guide). 

 

 

 

  

 

 

 

 

 

 

 

7) The final step consists in smoothing the model deleting the noise using Smoothing 

tool. Under Smoothing tool, the order of Smoothing method that we use to reach a 

good result is often: 

- Opening with Kernel size(KS) value between 2 and 5 mm applied 1 or more 

times. 

- Closing with KS between 1 and 3 mm applied 1 or more times. 

- Median with KS between 2 and 5 applied 1 or more times. 

In this case we show the effect of the smoothing tool applied 6 times choosing 1 of 

the aforementioned options per each iteration. 
   

  

 

 

 

 

 

 

Figure 7 – First noisy final segmentation result 
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 Figure 8 – Smoothing phases 
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In this example I started from a very noisy model just to show the power of the 

Smoothing tool, but if you perform a better step 5 you will have much better result. 

This step must be applied to each model/segment that we have. 

8) Now from the segments menu we can switch visible or invisible the segment that we 

want. Going on Segmentations->Export/import models and label maps->Advanced 

we select Exported segments ‘visible ‘and push on Export.  

Now we can save the Segmententation-label in our preferred extension.  

Conclusion 

Applying this procedure on all tissues of the knee-joint separately can take up to 3 or 4 

hours. It depends on many factors like image quality, computational power, biological 

variability and so on. 
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