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Abstract

The hip joint is one of the body’s largest weight-bearing joints and is commonly affected by
osteoarthritis (OA). With hip osteoarthritis the cartilage within the joint begins to break down
and the underlying bone begins to change. The major pathological features for hip OA
include joint space narrowing and osteophytes formation.

The current gold standard for diagnosing OA is plain radiography, however, is insensitive
when detecting early OA changes and it depends on the subjectivity of the practitioner. The
development of machine learning algorithms which help in the study and diagnosis of many
medical concerns has made huge progress.

In this paper a computer-aided method to facilitate OA diagnosis from DXA images is
proposed. Two different datasets were provided and two different methods were developed for
each of them. For the first data set, Unet Convolutional Neural Network was applied to
automatically segment the hip joint space. Moreover, a quantitative analysis of the joint space
width (JSW) was performed to study the relationship between joint space width and
Anthropometric parameters. On the second dataset, with known conditions of osteoarthritis,
images were classified with VGG16 neural network.

Results of the automatic segmentation had a Dice Coefficient of 0.835. Inverse relationships
between joint space narrowing and age were found and differences between men and women
were significant. Regarding the second dataset, images were classified with a precision of
0.975 and a recall of 0.985.

While the approach is a step in the direction of OA diagnosis, developing a tool that is
accurate enough to be applicable in a clinical context still remains an open challenge.

Keywords: Osteoarthritis, DXA, joint space width, machine learning, hip joint, detection
method, classification, Unet





Prologue

This project has been done with the supervision and collaboration of Galgo Medical SL.
Galgo Medical SL is a Barcelona-based company that emerged from the Department of
Information Technologies (DTIC) of the Universitat Pompeu Fabra (Barcelona, Spain). Galgo
has focused on four medical disciplines: Electrophysiology, Osteoporosis, Intracranial
aneurysms and Epilepsy. This project has been supervised by the Osteoporosis discipline
team 3D-Shaper Medical, which is a spin-off company of Galgo Medical SL.

DXA is the gold standard technique used for the management and follow-up of osteoporosis.
3D-SHAPER is a software application that allows clinicians to assess the cortical and
trabecular macrostructure in 3D from a standard hip DXA scan.

Hip and knee OA causes the greatest burden to the population in terms of pain, stiffness and
disability. The disease includes personal, social and economic consequences for patients, their
environment and society.

Taking advantage of these DXA images it was decided to develop a project in which OA
could be diagnosed by analysing Hip Joint Space.
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1. Introduction

1.1 Hip Osteoarthritis

The hip joint is the junction where the hip joins the leg to the trunk of the body. It is
composed of two bones: the thigh bone or femur, and the pelvis, which is made up of three
bones called ilium, ischium and pubis.[1] The hip joint connects the lower extremities with
the axial skeleton. It allows movement in three major axes, all of which are perpendicular to
one another.[2]

It is one of the body’s largest weight-bearing joints, only secondary to the knee joint, and is
commonly affected by osteoarthritis (OA). [3] Hip osteoarthritis is a degenerative condition
as a result of mechanical overload in a weight bearing joint, and one of the most common
causes of musculoskeletal pain in older adults which may result in decreased mobility and
quality of life.[4] The term “osteoarthritis” is used to represent a heterogeneous group of joint
disorders in patients presenting with joint pain and stiffness.

Figure 1. Healthy hip (left) and osteoarthritic hip (right)

Although the pathogenesis of osteoarthritis is not completely understood it is stated that with
OA, the cartilage within a joint begins to break down gradually and the underlying bone
begins to change. The protective joint space between the bones decreases and results in bone
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rubbing on bone. To make up for the lost cartilage, the damaged bones may start to grow
outward and form bone spurs (osteophytes). These changes usually develop slowly and get
worse over time.[5] The most common symptom is pain around the hip joint however other
outlying symptoms are subchondral cysts, osteophyte formation, periarticular ligamentous
laxity, muscle weakness, and possible synovial inflammation. [6]

1.2 Hip Osteoarthritis prevalence

It is estimated that osteoarthritis affects approximately 7% of the global population, more
than 500 million people worldwide. [7] Moreover, according to some reports from the World
Health Organization around 10% of men and 18% of women older than 60 years of age
currently have symptomatic osteoarthritis. [8]

This condition is an issue that will only continuously increase in incidence over time due to
prolonged survival, widespread obesity, and increased trauma. It is believed that the
proportion of people older than 60 years of age will triple by 2050. [9] Furthermore, it is
estimated that the proportion of the population older than 45 with physician-diagnosed OA is
going to increase from 13.8% to 15.7%.

Hip Osteoarthritis probably has greater social cost and more associated disability than
degenerative changes of other joints [10]. Effects of osteoarthritis can result in a reduced
mobility and marked physical impairment that can lead to a loss of independence[11] [5],
which could lead to a lower productivity, a loss of one's autonomy, need for help, as well as
increased healthcare use. [12]

The level of functional disability depends on each patient, however, can be highly variable. It
is estimated that approximately 80% of those with osteoarthritis have some limitation in
movement and up to 33% of them can be considered “severely disabled.”

Nowadays an effective cure for osteoarthritis does not exist, apart from a total hip
replacement surgery at the advanced stage. It is why an early diagnosis is the only available
option to ensure and prolong the patients’ healthy years of life. [13]

1.3 Diagnosis

Hip pain is often the main symptom of hip osteoarthritis that triggers diagnostic evaluation
and treatment. [14]

The current gold standard for osteoarthritis diagnosis, besides the always required routine
clinical examination of the symptomatic joint, is X-ray imaging (plain radiography), which is
safe, cost-efficient and widely available. [13] [15]

X-ray images are manually assessed and scored by specific physicians, based on several
radiological features. Typical radiological and pathological finding is mainly the definite
presence of osteophytes and the presence or absence of joint space [16]
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In order to assess the extent of affectation of osteoarthritis, practitioners use imaging
techniques to quantify joint damage by measuring the space that exists between the bones of a
joint. Narrowing joint space indicates cartilage loss and worsening osteoarthritis [17]

Despite these advantages, it is well known that plain radiography is insensitive when
attempting to assess early stage of osteoarthritis and monitoring progression. [18]
Furthermore, the diagnosis is highly dependent on the subjectivity of the practitioner because
there is not a well and precisely defined grading system.  [19]

The most commonly used method for radiographic evaluation remains to be
Kellgren-Lawrence grading scale. This system has been mostly used for hand, hip, and
tibiofemoral joint osteoarthritis as a semiquantitative assessment by measuring OA severity
on a scale of 0 to 4, being >2 radiographic OA. (Table 1) However, when diagnosing
early-stage OA with only moderate cartilage abnormalities or a localized cartilage defect, the
Kellgren-Lawrence grading system has limitations. While there have been advancements in
the treatment of OA, early detection remains a concern.

Grade of
Osteoarthritis

Description

0 No Osteoarthritis

1 Doubtful narrowing of joint space and/or possible osteophytes

2 Definite osteophytes and possible narrowing of joint space

3 Multiple osteophytes, definite narrowing of joint space, and some
sclerosis and deformity of bone ends

4 Large osteophytes, marked narrowing of joint space, severe sclerosis, and
definite deformity of bond ends

Table 1. Kellgren-Lawrence grading system

Nevertheless, the increasing aging population in nearly all countries, is making the demand
for alternative forms of diagnosis grow ever larger than before. It is commonly believed that a
time-efficient and accurate automatic diagnosis will become necessary soon.

1.4 Machine learning for image diagnosis

Osteoarthritis is still considered a mysterious pathologic condition where the symptomatic
treatment is the only available and limited therapeutic option. Until a cure or effective
treatment is found, early diagnosis is essential.

Medical image classification plays an essential role in clinical treatment and teaching tasks.
However, the conventional techniques have reached its ceiling on performance. Over the last
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years there has been a huge progress in the development of machine learning algorithms for
segmentation and classification of medical images which help in the study and diagnosis of
many medical concerns. The deep neural network is an emerging machine learning method
that has proven its potential for different classification tasks. [20][21] However, medical
image datasets are hard to collect because it needs a lot of professional expertise to label
them.

In the last years helping diagnosis tools concerning osteoarthritis have been investigated.
Most of them are based on artificial intelligence and machine learning.

Machine learning techniques, especially deep learning techniques such as convolutional
neural networks, have been successfully applied to general image recognitions.

Recently, such techniques have also been applied to various medical images to assist the
process of medical diagnosis. [22]CNNs are especially suitable for image diagnosis because
they were designed to process data in the form of multiple layers, and they are able to take
advantage of natural image properties.

Convolutional neural networks (CNNs), learn effective feature representations particularly
competent for detailed classification like classification of knee osteoarthritis images. [23]

In several computer vision applications, such as image recognition, automatic detection and
segmentation, content-based image retrieval, and video classification, CNNs have
outperformed several approaches based on hand-crafted features. [24]

Recently, Joseph Antony et al. used a fully convolutional neural network for automatically
quantifying knee osteoarthritis severity by firstly, automatically localizing the knee joints and
next, classifying the localized knee joint images where they reported a radiological 0A
diagnosis area under the ROC curve of 0.93  [13]

Moreover, studies such as the one performed by Yamamoto et al. [25]considered the use of
deep learning to diagnose osteoporosis from hip radiographs. They collected 1131 images
and assessed Osteoporosis from the hip radiographs using five different convolutional neural
network (CNN) models.

1.5 Objectives

The accuracy of the above-mentioned diagnosis approaches has already reached practitioner
levels, and in the near future, they may even exceed human experts; as a result, patients will
receive more reliable diagnoses.[26]

As Joint Space Narrowing is one of the main characteristics of radiographic osteoarthritis,
focus will be done on analysing the hip joint space.

We believe that hip OA diagnosis from DXA images could be improved by using CADx
machine learning-based methods. So, taking advantage of DXA images for osteoporosis
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diagnosis, provided by Galgo Medical, a computer aided method using machine learning is
proposed to diagnose osteoarthritis.

Specifically, medical image semantic segmentation and classification are addressed by
applying two Convolutional Neural Network models for osteoarthritis diagnosis.

Therefore, the main goal of this study is the development of a computer-aided analysis
method based on a Convolutional Neural Network, to analyse the hip joint space and
diagnose osteoarthritis. This could be used as an objective tool to support clinicians in their
decision.

This thesis has been structured around the following specific objectives:

- Development of a method that automatically segments the hip joint space in DXA
images using U-net

- Creation of a database, studying the relationship between the joint space width and
other factors such as age, sex and size.

- Diagnosis of osteoarthritis, by calculating JSW and its relationship with
Kellgren-Lawrence grading system

- Development of a classification method of osteoarthritis patient and healthy patient
images through VG16 Convolutional Neural Network

2. Methods

2.1 Data Collection

For this study two different datasets provided by Galgo Medical SL. were used. The first one
collected 1041 patients with unknown conditions of osteoarthritis. From which 855 were
women and 186 men. Ages varied from 18 to 91 (55 +- 36). With a weight from 34 kg to 112
kg and height from 135 to 188 cm.

The second dataset was a Japanese dataset, where conditions of osteoarthritis were known. A
total of 306 DXA images, from which 212 patients did not have OA versus 94 that had the
condition at an advanced stage, were provided. Different methods and procedures were
developed for each of the datasets considering resolution and quantity of the images of the
datasets.

All models were trained for the left hip and used the horizontally flipped right ones to
increase the dataset’s size. Images with artifacts or where the joint was not seen correctly
were excluded to avoid any disturbances in the results.

2.2 First Dataset

For the first dataset the following workflow shown in Figure 2.  was established.
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Figure 2. Process of labeling hip DXA images

DXA is based on the variable absorption of X-ray by the different body components and uses
high and low energy X-ray photons. The energy employed is chosen to compensate for the
different attenuation coefficients of the mineralized bone and soft tissues of the skeletal site
that is being analyzed. [27]In practice, high and low energy photons are analyzed separately
after the protons have passed through bones and soft tissue. With use of a particular
computing algorithm, the attenuation values of soft tissues are subtracted, leaving only the
attenuation values of bone.

DXA is simple, quick and noninvasive. It's also the most commonly used and the most
standard method for diagnosing osteoporosis. The advantages of DXA over plain radiography
include lower radiation dose, low cost, ease of use, and rapidity of measurement.

As mentioned before, osteoarthritis and osteoporosis are two of the main health issues elderly
people face. Dual x-ray absorptiometry is currently the state-of-the-art technique to measure
bone mineral density and to diagnose osteoporosis according to the World Health
Organization guidelines [28].

2.2.1 First dataset Preprocessing

For the first set of images a preprocessing to the images was performed so the region of
interest could be better appreciated. From the metadata of the images the coordinates of the
neck of the femur were obtained in order to crop the image around the Hip joint space.

Moreover, a mask to convert every part that was not bone into black pixels and make the
automatic segmentation easier was applied to the original images (Figure 5.) After this the
images were imported to Image Labeler APP in MATLAB to proceed with the manual
labelling of the 1041 images. Every pixel of the image was labeled as 'jointspace' (purple) or
'other'(blue). (Figure 3.) While labeling the images the ones with artifacts/no clear images
were discarded.

Once all the images were labeled, groundtruth data, they were exported into the MATLAB
workspace, having here the pixel data images and the plain images. Moreover, a data set was
created.
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a b

c d

Figure 3. Process of labeling hip DXA images

a. Original DXA image  b. Cropped DXA image c. After the mask was applied d. Manual
Labeling (purble = joint space, blue = background)
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The set was divided into two, the training set (80%) and the test set (20%). These percentages
were used because according to a study conducted by Afshin Gholamy et al. they came up
with the empirical result that 80/20 was the best separation for test and train sets.[39] [23]
This resulted in 833 images for the training set and 208 for the test set. Patients were
relocated randomly in each group.

2.2.2 Segmentation

For this first data set, the one were conditions of OA where unknown semantic segmentation
was chosen because of the good resolution of the image and specifically the good
visualization of the joint space. The aim of segmenting the joint space and further analysis of
it was to detect the possible future slight changes on the joint space width, find a correlation
with the Kellen Lagrange grading scale and consequently assess the presence of OA.

Semantic segmentation is a computer vision problem where assignment of each pixel to a
class label is performed, thus different from the classic image classification task where only
one class value is predicted (assuming single label classification) The application of image
segmentation is predominantly seen in the medical field. [29] [30]

Regarding segmentation, in medical image analysis, image segmentation has its own
significance, the desired output should include localization, i.e., a class label is supposed to be
assigned to each pixel.[9]

2.2.3 The Model

Once the data set was splited and images were labeled, in order to automatically segment the
hip joint space, a U-net convolutional network was created with "UnetLayers'' MATLAB
function.[31] UnetLayers include a pixel classification layer in the network to predict the
categorical label for every pixel in an input image.

U-net is one of the most important semantic segmentation frameworks for a convolutional
neural network (CNN). It is widely used in the medical image analysis domain for lesion
segmentation, anatomical segmentation, and classification. The advantage of this network
framework is that it cannot only accurately segment the desired feature target and effectively
process and objectively evaluate medical images but also help to improve accuracy in the
diagnosis by medical images. [32]

The network architecture is illustrated in Figure 4. It consists of a contracting path, encoder,
(left side) and an expansive path, decoder (right side). [33] Firstly, the contracting path is a
typical convolutional network that consists of repeated application of convolutions, each
followed by a rectified linear unit (ReLU) and a max pooling operation.

Secondly, the aim of the expansive path is to semantically project the discriminative features
(lower resolution) learnt by the encoder onto the pixel space (higher resolution) to get a dense
classification.
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Figure 4. U-net architecture

Each of the steps within the expansive path is set up by an up sampling of the feature map
followed by a 2x2 convolution (“up-convolution”), which divides the number of feature
channels by two, a concatenation and two 3x3 convolutions, each followed by a rectified
linear unit. The cropping is necessary due to the loss of border pixels in every convolution. At
the final layer a 1x1 convolution is used to map each 64- component feature vector to the
desired number of classes, in this case, two classes. In total the network has 23 convolutional
layers.

2.2.4 Training the model

After having the dataset processed and the network created, training of the network was done.
As mentioned before 833 images were used for the training of the model. 'TrainNetwork'
function in MATLAB was executed to train the U-net CNN for posterior testing and
validation. Several resolutions of the image were tried. (See table 2.) Because of
computational costs the images were finally resized from original resolution to 96x96 pixels.

The training was performed with 500 iterations and a Learning rate of 1e-05. The learning
rate was established after trying several rates and determining it was the one with the best
result taking into account time and accuracy. Moreover, it was executed in parallel to reduce
computing time. In table 2. other computing specifications for every image pixel resolution
are specified.
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In order to improve the quality of the segmentation a modification on the last layer of the
U-net network was performed. The region of interest is the hip joint space so weights on the
class labelization layer were modified, increasing the weight label for this class since the
background class is not relevant for joint space width calculation. The predetermined weights
were one to one. Different weights were tried to achieve the best segmentation possible as
seen in Table 3.

Type of image Iterations Resolution Training time

Low Energy 500 48x48 13 hours

Low Energy 500 64x64 100 hours

Low Energy 500 96x96 75 hours

Table 2. Computing specifications
As resolution of the images increase, computing time for training increases exponentially

"jointspace" label weight "background" label weight

1 1

2 0.5

1.5 0.75

Table 3. Different weights for class labels
The predetermined weights were one to one

2.2.5 Testing the model

Once the network was trained, the model was tested. 208 images were chosen for testing and
validating the model. It was done with 'semanticseg' MATLAB function. This function
returns a semantic segmentation of the input image using the trained network, in this case,
U-net CNN. It predicts the class label of each of the pixels in the image. In order to evaluate
the quality of the segmentation and validate the model, Dice coefficient was calculated, which
is essentially a measure of overlap between two samples (The ground truth pixel data image
and the resulting image of the semantic segmentation).

This measure ranges from 0 to 1 where a Dice coefficient of 1 denotes perfect and complete
overlap. [34] It divides the number of well labeled pixels by the total number of pixels for
both the "jointspace" and the "background". Then, the average between the "jointspace" dice
coefficient and the "background" dice coefficient was performed.
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The same testing was performed with different types of DXA images. As mentioned above,
DXA images consist of two X-ray beams with different photon energies.Two images are
made from the attenuation of low and high average X ray energy. For this study Low Energy
and Dual Energy images were used. Figure 5.

To continue the postprocessing and future analysis of the joint space width, only one type of
image was selected. To decide so, the Dice coefficient was calculated.

Figure 5.

Comparison between Dual Energy DXA image (left) and Low Energy DXA image (right)

After analyzing the results of the segmentations, Low energy images were chosen to proceed
with the rest of the study as they resulted in a better performance of the segmentation. These
results can be appreciated in Table 4.

Type of image Iterations Resolution Av. Dice
Coefficient

Training time

Dual Energy 500 96x96 0.732 75 hours

Low Energy 500 96x96 0.751 75 hours

Table 4.  Comparison of the Dice coefficient for Dual Energy and Low Energy DXA images

For Low Energy DXA images the Dice coefficient is higher than for Dual Energy images.
The computing time was the same and so the number of iterations.
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2.2.6 Post processing

To improve the resulting segmentation, morphological operations were applied to the
outcoming images. Morphological operations are used with the aim of removing
imperfections in the image. Most of the operations performed include opening and closing.
[35]

In these images close followed by open operations were used. The closing and opening
consists of a combination of erosion and dilation. The difference between both is the order of
erosion and dilation. This allowed filling the holes inside the hip joint space labeling and to
discard loose pixels in the background. Testing of the improvement in the segmentation was
also performed with Dice coefficient.

2.2.7 Data analysis

To obtain relevant information about the joint space, the average joint space width of each
image was calculated, both those obtained from U-net segmentation and those that were
labeled by hand. To achieve this the skeleton across the joint space was drawn (see Figure 8.)

Afterwards, the Euclidean distance from each point of the skeleton and its corresponding first
blue pixel was calculated. To unify and be able to compare between patients the average
Euclidean distance was performed.

Euclidean distance consists on the method to convert a binary image formed by an object
(joint space skeleton) and non-object (background) pixel into another image in which each
object pixel has a value corresponding to the minimum distance of the skeleton to the
background by a distance function is Distance Transformation. [28] (1)

Figure 6. Skeleton of hip joint space for manual labelled images (left) and U-net resulting
segmentation (right)
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(1)

This calculation allowed the creation of a database to analyze the relationship between the hip
joint space width with other anthropometric factors such as age, height and sex. These
parameters were extracted from the metadata of the images.

In order to analyze the precision of the calculation of the joint space width, accuracy
(closeness of the agreement between the result of a measurement and a true value) was
performed calculating the error. The error can be defined as the difference between the
measured result and the true value as shown in the following equation (2):

(2)

Being X the measured value and u the true value. This error is calculated for each of the
values and then the average error is calculated. In this case X is the joint space width
calculated from manual labeling and the joint space width resulting from the automatic
segmentation from U-net.

2.3 Second dataset Preprocessing

As stated before, two different methods for joint space analysis for osteoarthritis diagnosis
were carried out. For this second data set classification was chosen as the resolution of the
image was not appropriate for manual labeling and therefore joint space segmentation. The
hip joint space could not be distinguished and so labeling was not possible. Images with
known conditions of OA were used. The data set consisted of 306 images,

Figure 7. Second Dataset Workflow

For the second dataset the same preprocessing of the image was done. In the first place,
images were cropped around the neck of the femur, and a mask was applied over the image.
These operations were performed with MATLAB. In Figure 9 images of patients with and
without osteoarthritis can be appreciated.
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After preprocessing, images are imported to python where the classification task is
performed.

Figure 8. Healthy patient DXA image (left) and OA patient DXA images (right)

2.3.1 The Model

For image classification VGG16 convolutional neural network method was developed for
these images, in python, Jupyter Notebook.

The VGG-16 (Figure 2.) is one of the most popular pre-trained models for image
classification. The depth of the network was shown to be a critical component for good
performance. It is composed of 13 convolution layers stacked together. The convolution
layers act as an automated feature extractor that extracts patterns for discriminating each
disease class. Initial convolution layers learn simple features such as edges which combine
these features in the later convolution layers to form complex features.

The output is provided to a SoftMax layer which provides a probability score for each class
and classification layers assign it to a class based on cross-entropy function.

Figure 9. VGG16 architecture
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2.3.2 Training the model

As mentioned before, for this model a Japanese dataset of 306 images was used, from which
212 patients did not have OA versus 94 that had the condition at an advanced stage. Two
models of training and validation were performed, holdout technique (80/20 training/test) and
Leave one out cross validation. For both training methods, images were resized to 200x200
resolution.

2.3.1.a 80/20 Training

Figure 10. Holdout cross validation

Structure and split of train and test sets can be appreciated

The holdout method is the simplest kind of cross validation. that randomly splits the dataset
into train and test. In this case, 80% training and 20% test split was decided. Resulting in 244
images for training the model and 62 for testing and validation. Every image was relocated
randomly in each group. The model was trained with a learning rate of 0.0001 and 100
iterations.

2.6.1.b Leave one out cross validation

Figure 11. Leave one out cross validation

Structure and split of train and test sets can be appreciated
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As the data set is not huge, leave one out cross validation was also performed. The
Leave-One-Out Cross-Validation, or LOOCV, procedure is used to estimate the performance
of machine learning algorithms when they are used to make predictions on data not used to
train the model. It is a computationally more expensive procedure to perform than simple
cross validation, although it results in a reliable and unbiased estimate of model performance.
[37]

With Leave one out cross validation images were split in a way where just one image is used
for testing and validating the model, and the rest of the images are used for training. The
parameter optimization is performed automatically on 305 of the 306 images and then the
performance of the algorithm is tested on the 306th image pair.

This process is repeated 306 times, each time leaving out a different image to use as the
single test case. Validation is done by the model calculating the prediction of the class of the
image, healthy or osteoarthritic. And then calculating the average of the precision of the
prediction.

3. Results

The results of the study will be presented in four sections: Results of the U-net resulting
segmentation; the post processing improvements; the calculation of the Joint Space width and
creation of its relationships with anthropometric parameters width and VGG16 classification
results with the two different training methods.

3.1 Automatic segmentation results

The results of the segmentation performed by the Unet algorithm of four randomly chosen
images can be appreciated in Figure 12, 13 and 14. As the pixel resolution of the image
increases, the quality of the automatic segmentation seems to improve. The joint space region
has more pixels labeled correctly. This can be numerically appreciated in Table 4.

Figure 12. Automatic segmentation results without U-net modifications. Image resolution (64x64)
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Figure 13. Automatic segmentation results without U-net modifications. Image resolution (96x96)

Figure 14. Automatic segmentation results after weight modification. Image resolution (96x96)

Figure 15.

Dice coefficient distribution for non modified U-net images (left) and weights modified U-net images

As mentioned before the Dice coefficient was calculated to evaluate the quality of the
segmentation in a quantitative way. In Figure 15. The different Dice coefficient distributions
can be appreciated for the resulting semantic segmentations of the algorithm for images with
96x96 resolution.
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It can be seen that images that were tested after modifying the class weights outcame with a
better segmentation than the ones that were not modified. The average accuracy increases
around 0.06 points → 7,42%

The bar that has a Dice coefficient of 0.5 and can be appreciated in both images in Figure 15,
corresponds to an image where U-net does not label any pixel as joint space. Thus, every
background pixel is labeled correctly.

Type of image Iterations Resolution Computing time Av. Dice
Coefficient

Low Energy 500 48x48 13 hours 0.7137

Low Energy 500 64x64 100 hours 0.7245

Low Energy 500 96x96 75 hours 0.7412

Low Energy 500 96x96* 75 hours 0.8006

Table 5. Computing specifications and results of Dice coefficient

*Weights of labels was changed

3.2 Post processing improvements

In order to improve the automatic segmentation results, morphological open and close
operations were applied to the images. In Figure 16. The before, after and manual of these
modifications can be appreciated compared to the one manually labeled. In the two upper
images an example of a bad labeling and its improvement after the open and close operation
can be seen. On the other hand, in Figure 17. the result of a better labeling and its
morphological modification is shown.

(a) (b) (c)

Figure 16. Comparison between before(a),  after(b) morphological operations and manual labeled
image (c)
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(a) (b) (c)

Figure 17. Comparison between before(a),  after(b) morphological operations and manual labeled
image (c)

Loose pixels are later discarded by only taking the main pixel group, so they do not interfere
in the calculation of the joint space width.

To measure the impact of the morphological operations the distribution of the Dice
Coefficient was again performed after the operations. See in Figure 18. Mean Dice Coefficient
increased from 0.8006 to 0.8473.

Figure 18. Dice coefficient distribution weights modified U-net images after morphological
operations. Average dice coef: 0.8473
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3.3 Joint Space Width analysis (JSW)

In order to achieve the main objective of the thesis that was joint space analysis for OA
diagnosis, JSW was calculated to see whether this measure decreased in a significant way that
could be quantified. So, JSW for both U-net segmented images and the ones labeled manually
was calculated through Euclidean Distance. In Figure 12 different JSW distributions can be
seen.

In order to analyze the accuracy of the resulting JSW, relative error was calculated. This
resulted in an average error of 21,85%. In the following graph more detailed error distribution
can be appreciated. As in this database conditions of osteoarthritis were unknown further
relationships between Joint space narrowing and OA could not be conducted.

Moreover, joint space width analysis was a first step on the diagnosis of OA. Future steps
would have been finding an association between joint space width and Kellgren Lawrence
grading system.

Figure 19. Distribution of Joint space width

In blue Joint space width distribution for manual labelled images and in light blue Joint space width
distribution for U-net segmentation resulting images.

3.3.1 JSW vs. confounding parameters

Anthropometry is the study of the measurement of the human body in terms of the dimension
of bone, muscle, and adipose tissue. Literature shows that muscle mass or muscle strength is
protective for the development of Osteoarthritis and that it is an age-related condition.
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After analysing the hip joint space width several calculations were conducted to find possible
relationships between JSW and other factors. As the accuracy of the calculation of the JSW
was not good enough, the following operations were done with manual labeled images.

3.3.1.a JSW vs. sex

From 1041 patients DXA images 82.2% were from female patients and 17.8% from male
patients. The average joint space width in men was 5.818 while in women 5.392. To know
whether this difference was significant a T-test was conducted. The results showed this
difference was significant. (P<0.05) [38]

This result supports the idea of what some other studies demonstrate, the presence of sex
differences in OA prevalence and incidence. In case of females the risk is higher. Moreover,
females also tend to have more OA, particularly after menopausal age.

3.3.1.b JSW vs. height

Joint space width versus height was also calculated. As shown in Figure 20. as height
increases, Joint Space Width also increases. [39] Causation between these two parameters has
not been found since this relationship could be indirectly affected by parameters such as sex
or age. Men tend to be taller, thus tend to have thicker cartilage and as people get older, they
get shorter because of the wear of the cartilage.

Figure 20. Joint space Width versus Height
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3.3.1.c JSW vs. age

As mentioned before, osteoarthritis (OA) is often related with an age disorder, moreover, it is
often described as a chronic degenerative disease and thought by many to be an inevitable
consequence of growing old. The concept that aging contributes to, but does not directly
cause osteoarthritis, to see if this relationship could be reflected in the Joint Space Width, age
vs. JSW was plotted. (Figure 21.)

Figure 21. Joint space Width versus Age. As age increases Joint Space Width decreases

Figure 22. Joint space distribution for patients younger than 45 (light blue) and patients older than
75 (intense blue)
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After plotting it, it can be seen that when age increases the joint space width decreases.
However, as conditions of OA in this database are unknown, causation between age and joint
space narrowing can not be concluded.

To see if this decrease was notable, two groups were created. One with the youngest 100
patients and the second one with the oldest 100 patients. So, the sex would not interfere in the
difference, only female patients were grouped. (Figure 22.)

The first group of age in light blue were female patients younger than 45 years old. In intense
blue, patients older than 75 years old. Differences between the two groups of ages can be
appreciated but are not significant (P > 0.05) to conclude age and joint space width have
direct relationship.

Moreover, joint space width analysis was a first step on the diagnosis of OA. Future steps
would have been finding an association between joint space width and Kellgren Lawrence
grading system.

3.4 Classification results

In the following section the results concerning the second dataset are presented.

3.4.1 Performance Measures

To validate the effectiveness of the trained VGG-16 model, the measures of the Precision,
Recall and F1 score are chosen. They are mathematically defined in equation (1)-(3) [1]. In
the equations below, TP is True positive, FN is False Negative, TN is True Negative, and FP
is False Positive.

(1)𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

Precision quantifies the number of positive class predictions that belong to the positive class.

(2)𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

Recall quantifies the number of positive class predictions made from all positive examples in
the dataset.

(3)𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 * 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

F-Measure provides a single score that balances both the concerns of precision and recall in
one number.
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3.4.2 Holdout Cross validation

VGG16 Convolutional Network with Holdout Cross validation turned out on the following
results.  Training time was 30 minutes.

Results of the prediction and holdout cross validation show good results for both classes.
From the 62 images used for test and validation just 3 were not classified correctly. However,
recall for images with osteoarthritis was lower. For images from patients with osteoarthritis
recall was 0.98 whereas for images from patients without the condition resulted in 0.98.
Precision was practically the same for both groups, 0.94 and 0.95 respectively.

Figure 23. Confusion matrix for Holdout Cross validation

Figure 24. Precision, Recall and F1 score results

3.4.3 Leave One Out Cross validation

For Leave One Out Cross validation training time was much longer around 4 hours. However,
results showed better performance for both osteoarthritis images and healthy ones. From 306
images 302 images were labelled correctly. Results show a precision of 0.975 and a recall of
0.985. For specific results in each of the categories see Table 8.

24



Between the two methods Leave one out cross validation appeared to have better results
(precision and recall) than holdout cross validation. As the split train test is not variable the
results depend on the sectioned images for train and test.

Figure 25. Confusion matrix for Holdout LOOCV

Figure 26.  Precision, Recall and F1 score results

LOOCV suffers less bias because it trains and tests along the whole dataset. This allows to
reduce the variability. However, the computational costs for LOOCV are much higher.

4. Discussion

As commented, osteoarthritis (OA) is a degenerative joint disease of multifactorial origin, it is
the most common form of arthritis. [40] In addition, 16% of adults over age 45 years will
develop symptomatic OA at some point in their lives. For obese adults, the risk increases to
two in three, accounting for >40 million people across Europe [41] It has a lifetime risk of
45% for knee OA and 25% for hip OA.
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Furthermore, there is a clear increasing trend in the prevalence and estimated costs of OA.
Unlike most chronic diseases, little is known about the development of OA or its progression
and, currently, there are few preventive strategies to offer persons at risk for the disease. As it
has no cure, early diagnosis is really important.

The main goal of the project was to develop a computer aided diagnosis method for OA by
means of machine learning. Specifically, the development of two different methods based on
Convolutional Neural Networks, semantic segmentation and classification.

Results regarding Joint Space segmentation showed good performance of the algorithm.
However the calculation of the joint space width through Euclidean Distance was not as
precise as expected. The model provides good pixel labelization results but the accuracy of
the U-net semantic segmentation was not enough to have a valid Joint space width compared
to the one from Manual labeling.

However, this study had some limitations. First, one of the main constraints was training
computation costs. This limited the resolution of the image and thus affected training input
parameters.

Moreover, conditions of osteoarthritis in the first database were unknown and this difficulted
the analysis and main objective of the thesis that was osteoarthritis diagnosis. However,
results address light in the direction of using machine learning for osteoarthritis diagnosis.

Future steps in this project include finding and establishing a relationship between grades of
radiographic hip osteoarthritis and results of Joint space width. This step could be a big step
as it could diagnose osteoarthritis in an automatic way.

As for the creation of the database and the possible findings for relationships between Joint
Space Width and anthropometric parameters, it is concluded that there is a correlation
between age and Joint Space Width, and that women tend to have a significantly smaller joint
space width than men. This finding could be related with the fact that women have a higher
prevalence of suffering OA.

For the second database, results were very accurate. Precision and recall almost reached
100%. This reinforces the idea that convolutional neural networks, and specifically the ones
used for classification could be used and have a promising potential in the field of intelligent
medical imaging diagnosis of disorders where early detection is essential for maintaining the
healthy life of the patients.
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