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Abstract

Existing Computer Aided Diagnosis (CAD) systems traditionally employ Convolutional Neural Networks

(CNNs) for the classification of particular conditions in the medical field. The objective of CAD systems is

to provide a second opinion before a final decision is made by medical physicians. Although existing CAD

systems obtain high accuracies, the cost for high accuracy is an extensive amount of images required for the

system training. The aim of this research is to achieve high accuracy with a reduced number of required

images for training through the use of line and contour-based features. This leads to the proposed question

“Can the use of pattern recognition in the form of Artificial Intelligence detect long-bone fractures based on

line and contour features from X-ray images in a similar manner as a medical professional?”. The proposed

question is answered with the development of two novel schemes for both line and contour-based features.

There are two line-based fracture detection schemes, which are Standard line-based fracture detection and

Adaptive Differential Parameter Optimization (ADPO) line-based fracture detection. The ADPO scheme

optimizes the parameters of the Probabilistic Hough Transform for detailed fracture line detection. The

classification of the fractured and non-fractured lines is performed using an Artificial Neural Network (ANN).

A total of 13 features are extracted from each detected line. The evaluation of the Standard scheme indicated

an average accuracy of 74.25%, whilst the ADPO scheme achieved an average accuracy of 74.4%.

The contour-based fracture detection schemes are based on the line-based fracture detection scheme to

further improve the classification accuracy. The two contour-based fracture detection schemes are Standard

Contour Histogram Feature-Based (CHFB) and improved CHFB fracture detection schemes. A total of

19 features are extracted from each detected contour. The Standard CHFB scheme achieved an average

accuracy of 80.7%, whilst the improved CHFB scheme achieved an average accuracy of 82.98%. Both the

contour-based fracture detection schemes perform significantly better than the line-based fracture detection

schemes. Additionally, a hierarchical clustering technique is implemented to highlight the fractured region

within the X-ray image.
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Chapter 1

Introduction

The following chapter introduces the two novel schemes: Adaptive Differential Parameter Optim-

ized (ADPO) line-based fracture scheme detection and Contour Histogram Feature-Based (CHFB)

fracture detection scheme, which answers the proposed question: Can the use of pattern recognition

in the form of Artificial Intelligence detect long-bone fractures based on line and contour features

from X-ray images in a similar manner as a medical professional?

1.1 Introduction

It is evident in the medical field, that there is an emphasis on the importance of accurate diagnoses, as

an inaccurate diagnosis can potentially cost a life or expose a healthy person to unnecessary expensive

and harmful treatment. Medical professionals are subjected to long working shifts that potentially causes

extensive fatigue, which results in doctors being prone to performing inaccurate diagnoses. Various research

studies involving computer aided diagnosis and artificial intelligence have been conducted to assist medical

doctors with patient diagnoses [2, 3]. Majority of the research conducted utilizing artificial intelligence

within the medical field are complex and require an extensive amount of data, which can lead to processing

data with high dimensionality [4, 5]. Therefore, the research detailed in the following dissertation explores

alternative methods that utilises pattern recognition in the form of Artificial Intelligence (AI) for fracture

detection whilst utilising both limited available training data and data dimensionality. In this chapter the

proposed question is detailed in Section 1.2. The aim of the research is highlighted in Section 1.3. The two

contributions of this research are introduced in Section 1.4, which briefly describes the methodology taken to

address the proposed research question. The research layout is presented in Section 1.5 and finally a chapter

conclusion is given in Section 1.6.

1.2 Research Question

The understanding of the approach for fracture detection performed by a medical professional is crucial as it

is the approach mimicked for the detection of long-bone fracture. The formal procedure taken by a medical

professional in the detection of long-bone fractures is to first capture an X-ray image of the subject’s injured
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area, followed by the examination of the image. The examination is performed visually by identifying the

fracture area. This is then followed by the classification of the type of fracture before a final diagnosis is

made by the medical professional based on their knowledge and experience within the field. The focus of

this research is the identification of the fractured region within the X-ray image. This leads to the research

objective which is to perform long-bone fracture detection by adopting a computer-based visual technique

through pattern recognition. The visualisation technique is performed by utilizing image processing methods

to extract both lines and contours found within individual x-ray images. The detection for the presence or

absence of fractures is performed using a simple feed-forward Artificial Neural Network (ANN), where it is

trained and tested with extracted features from detected lines and contours within the X-ray images. Thus,

the research detailed in this dissertation intends to answer the proposed question:

Can the use of pattern recognition in the form of Artificial Intelligence detect long-bone

fractures based on line and contour features from X-ray images in a similar manner as a

medical professional?

1.3 Aim and Objective of Research

Based on the proposed research question, the aim of this research is to develop fracture detection schemes

that utilises a simple feed-forward ANN architecture for feature-based inputs from detected lines and contours.

Thus, the objective of this research is to perform long-bone fracture detection through computer vision in

the form of image processing and feature-based inputs.

1.4 Research Contribution and Methodology

In this research, the two main contributions are the developed schemes for fracture detection. The first is

Adaptive Differential Parameter Optimization (ADPO) line-based fracture detection scheme and the second

is Contour Histogram Feature-Based (CHFB) fracture detection scheme. Both developed schemes employ

image processing for the detection of lines or contours. This process translates pixel data into image objects

in the form of lines or contours for the respective schemes. It is the translation of pixels to image objects

that reduces the complexity required for the ANN, as there are far less image objects than pixel points. The

approach taken in this research mimics the visualisation techniques employed by medical professionals with

the intentions to reduce computational complexity that is traditionally introduced by the Convolutional

Neural Network (CNN). The CNN is the most commonly used for image classification [6]. The aim of this

research is to classify detected X-ray lines and contours as fractures or non-fractures as well as detecting the

fractured regions within the image to answer the proposed question. Thus, the operation performs feature

analysis through pattern recognition and minimizes pixel data analysis. The reduction of pixel data analysis,

reduces the required complexity for the Artificial Neural Network(ANN). Thus, a simple feed-forward ANN

constructed of four layers is employed for this research. The features utilised for the inputs of the ANN are

extracted from the detected lines and contours. The application of the research is not intended to replace

medical professionals, but to assist them with fractured and non-fractured classifications.



Chapter 1 — Introduction 3

1.5 Research Layout

For both ADPO and CHFB fracture detection schemes, X-ray images of the long-bone are used. The

detection is focused on X-ray images of the human lower limb, which consists of the knee, leg, and foot region.

This is different from the existing solutions, in which the classification of fractured and non-fractured is

performed on an image basis. Therefore, existing solutions involving AI do not identify the region of fracture

which is crucial information for all medical professionals. The ADPO scheme utilises the Probabilistic

Hough Transform for line detection. The difference between the ADPO and the standard line-based fracture

detection scheme is the optimization of the parameters for the Probabilistic Hough Transform for the ADPO

scheme. The ADPO scheme is an improvement from the standard line-based fracture detection scheme.

However, the detected lines within the X-ray image is an approximation of the image objects. The CHFB

scheme improves on the ADPO scheme by employing contours for feature extraction over lines. The fractured

region detection is implemented using the results obtained from CHFB scheme, as the detected contour

objects holds more details than the detected line objects. Both the ADPO and CHFB schemes are the main

focus of the following dissertation. The layout of the dissertation is as follows: the background is discussed in

Chapter 2, and existing works and solutions in Chapter 3. The image processing for image enhancement is

detailed in Chapter 4. The two main contributions for the research are detailed in Chapters 5 and 6, whereby

Chapter 5 looks at line-based fracture detection and Chapter 6 looks at contour-based fracture detection.

Finally, in Chapter 7 a conclusion for the dissertation is presented.

1.6 Conclusion

In conclusion, the following chapter introduces two novel schemes: Adaptive Differential Parameter Optimized

line-based fracture detection scheme and Contour Histogram Feature-Based fracture detection. Both novel

schemes are intended to answer the proposed question: Can the use of pattern recognition in the form of

Artificial Intelligence detect long-bone fractures based on line and contour features from X-ray images in a

similar manner as a medical professional? Furthermore, the layout of the research is detailed in this chapter.
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Chapter 2

Background

The concepts and analysis techniques employed for the research is detailed in this chapter. The

concepts includes the understanding of the long-bone leg geometry, types of machine learning

classifiers and the Hough and Probabilistic Hough Transform. The analysis techniques specifically

look at the Principal Component Analysis (PCA) and the Receiver Operating Characteristic

(ROC) curve. The understanding of the geometry of the long-bone is crucial, as the research is

conducted using X-ray images of the human long leg-bones. Consequently, the types of fractures

that occur in long-bones are detailed. For the classification of the fractured and non-fractured

bones, a classifier is used. There are three main categories for classifiers: unsupervised, semi-

supervised, and supervised classifiers. Since, this research is an application within the medical

field, the supervised classifier is opted for to minimize potential classification errors. The selected

Artificial Neural Network (ANN) is feature based, rather than image based. However, in order to

extract features, the detection and quantification of the image objects are performed using the

Probabilistic Hough Transform. The Probabilistic Hough Transform is utilised for straight line

detection in X-ray images. The technique helps to quantify the pixels within X-ray images for the

simple ANN adopted for fracture and non-fracture classification. The two analysis techniques,

PCA and ROC curve are analysis techniques employed to evaluate the extracted features and the

performance of the ANN, respectively. PCA generates a covariance matrix, that evaluates the

dependency of each feature from one another. This is then used to find the dominant contributing

feature(s). The ROC curve evaluates the sensitivity of the ANN classification. The sensitivity is

for correctly identifying fractures from non-fractures.



Chapter 2 — Background 5

2.1 Introduction

In this chapter the concepts used for both the research conducted and the understanding of existing solutions

are explained. The concepts include classification techniques that are categorised as either supervised or

unsupervised machine learning, the architecture of supervised neural networks, and the selected training

methodology employed. As the data utilised for the research are X-ray images of the long-bones from the

human lower limb, both the geometry and anatomical notation are detailed in this chapter. In addition, the

evaluation techniques used for analysing both extracted features and system performance are detailed in the

chapter. Section 2.2 details both the geometry and anatomical notations for long-bones, whilst in Section

2.3, the different classification techniques are discussed. The techniques are Support Vector Machine (SVM),

Näıve Bayes (NB), Convolutional Neural Network (CNN) and Artificial Neural Network (ANN). In Section

2.4, the algorithm used for line detection is detailed. Finally, in Section 2.5 both analytical techniques and

approaches are discussed.

2.2 Long-Bone Geometry

2.2.1 Leg-Bone Geometry

The X-ray images utilised for this research are focused on the long bones found in the human lower limb,

particularly the tibia and fibula bones. The tibia bone is the larger bone of the two and is also known as the

shin bone, whilst the fibula is the bone located behind the leg under the knee cap [7]. In addition to the

long-bones within the leg, the lower knee, ankle and foot bones are included within the x-ray image, which is

illustrated in Figure 2.1(a). The focus of this research is within the leg region. The tibia and fibula bones

are the longest bones in the X-ray image among all other bones. The bones in the ankle and foot region

(talus, cuneiform, calcaneus, metatarsals and phalanges) are short and are placed in a general horizontal

position, whereas the tibia and fibula bones are positioned in a general vertical position shown in Figures

2.1(b) and 2.1(a) 1.

1X-ray images are obtained from No. 85 Hospital, 1328 Huashan Road, Shanghai, China with the permission of the Radiology

Department. Ethics clearance no. M170678 for re-usage of X-ray images was received.
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(a) Bones within the leg region (b) Bones within the foot region

Figure 2.1: X-ray images presenting the bones found within the leg and foot regions.

The geometrical model of the tibia and fibula bone is detailed by the authors of [1], in which both lower

leg bones are marked with anatomical landmarks. The femur bone is the frame of reference in which the

anatomical landmarks are based, particularly the acetabulum centre (point at which the femur bone is

connected to the hip bone) and femoral head. There are four parameters used to define the bone geometry.

A quasi-sagittal plane is created using the midpoint, Os between the Lateral Malleolus (LM) and Medial

Malleolus (MM) of the Tibia and Fibula bone. The joining segment between LM and MM forms the zs

axis of the quasi-sagittal plane, whilst the xs and ys axis are orthogonal to zs. The quasi-sagittal plane is

based on the midpoint, Os, in which the ys is the quasi-frontal axis. The anatomical landmarks position
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components (x, y and z) are used to construct the bone embedded anatomical frame, which is defined on

the quasi-sagittal plane. The bone embedded anatomical bone is utilised for the geometrical placement

measurements of the tibia and fibula bones. The anatomical landmarks for both tibia and fibula, and foot

bones are listed in Table 2.1 and presented in Figure 2.2.

Table 2.1: The listing of anatomical landmarks of the human lower limb and its abbreviations adapted from

[1].

Bone Anatomical Lanmarks Abv.

Tibia and Fibula Tibial Tuberosity TT

Head of the Fibula HF

Most Medial Tibial Plateau MMP

Most Lateral Tibial Plateau MLP

Medial Malleolus MM

Lateral Malleolus LM

Figure 2.2: Image with anatomical landmarks of the tibia and fibula bones along with the quasi-sagittal

plane generated from midpoint, Os based off of [1].
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2.2.2 Leg-Bone Fractures

Fractures in long-bones are more perceptible than other bones within the human body. A fracture is defined

as a surface break, crack or complete rapture of the bone structure [8]. The most common fractures that occur

in long bones are oblique fractures, illustrated in Figure 2.3, in which the bone fracture breaks diagonally. It

is estimated that 30-40% of fractures located on the tibial shaft are oblique fractures [9]. The angle of the

oblique fractures ranges from 15◦ to 50◦ [10]. Other common fractures are [11]:

• Stable Fracture - A break in the bone, where the ends of the broken bones are still aligned with a

slight misplacement.

• Open, compound fracture - A complete break in the bone, whereby the damage causes an open

wound with potential visibility of the bone.

• Transverse fracture - A breakage occurs in a horizontal direction.

• Comminuted fracture - The breakage causes many shattered pieces of the broken bone.

Figure 2.3: X-ray image presenting a human tibia bone with an oblique fracture.
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2.3 Supervised and Unsupervised Machine Learning

There two categories of classifiers, supervised and unsupervised machine learning. Supervised learning

consists of providing the classifier with both inputs and target outputs during the training process. This is a

form of providing the classifier with prior knowledge of what is expected for given inputs. Thus, supervised

classifiers generate a function that approximates the relationship between the input and output. On the other

hand, unsupervised learning is the absence of providing the classifier with prior knowledge. Unsupervised

learning utilises the given data set for identification markers for classification. This process utilises pattern

recognition techniques for the classification operation. However, the number of classification groups are

unknown and is highly dependant on the technique used for pattern recognition. In this research, the focus is

on supervised classifiers as the developed schemes are used for medical diagnoses. Therefore prior knowledge

given to the classifier is crucial for accurate diagnosis to minimize classification errors.

2.3.1 Semi-Supervised Learning Classifiers

A semi-supervised learning classifier is a classifier which employs both labelled and unlabelled training data

[12, 13]. Majority of the training data is unlabelled. This eliminates the need to utilise human expertise for

labelling extensive amounts of training data for the classifier. Common semi-supervised learning classifiers

are Näıve Bayes (NB) and Support Vector Machines (SVM).

Näıve Bayes

Näıve Bayes (NB) is a simple classifier that is based on Bayes’ theorem, in which an assumption is made

that all the features are conditionally independent given the class label in [14]. The assumption is generally

false, as it does not describe the relation of the features accurately since the features are usually dependent.

However, the resulting model is simplified and results in good performance.

Support Vector Machine

Support Vector Machine (SVM) is a classifier mainly used for complex classifications. In addition to

classification, it can be used for regression. In order to separate new data into specified categories, SVM is

trained with given labelled data making it a semi-supervised learning classifier [15]. It performs classification

by searching for hyper-planes that differentiates classes from one another. The hyper-plane selected should

maximize the margin between the classes. However, the priority lies in selecting a hyper-plane that minimizes

the error, regardless of the margin. In some cases where the data is not linear, a kernel function is applied to

the dataset before SVM is implemented. In general, SVM is used for binary classification [16]. The use of

classification techniques is common in the medical field. The most common classification technique is the

SVM classifier. Unlike the CNN which makes use of back-propagation training in the form of chain rule,

the SVM classification makes use of linear regression. Linear regression is a statical form of modelling the

relationship between datasets. The linear regression model is determined based on the data points [17]. It is

essentially an estimate of the relationship between the data points.
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2.3.2 Supervised Learning Classifiers

Neural Networks are a common tool selection for classification, in which it consists of three distinguished

layers: input, hidden, and output layer. A general neural network consists of one or two hidden layers. The

neural network requires training, which deems it to be a supervised classifier. The Back-Propagation Neural

Network (BPNN) is a common training technique used for neural networks. There are derivatives of the

BPNN, such as the Supervised Delta Learning Rule [18].

Artificial Neural Network

An Artificial Neural Network (ANN) is a model that loosely mimics the biological human brain. It is

composed of nodes, just as the brain is composed of neurons. The nodes are placed in a structured manner

which are called layers. Each node must be connected to another node or multiple nodes within its immediate

neighbouring layer. The connection between each node holds a weighted value, which gives the neural network

a memory [19]. There are three distinct layers: input, hidden and output layer. In any ANN structure, there

is one input and output layer. However, there can be multiple hidden layers. The number of hidden layers

are varied, depending on the application of the ANN. In general, the number of hidden layers are determined

through a trial-and-error process. However, the number of hidden layers within the neural network increases

both the complexity and training time of the ANN. A simple ANN structure with an input, hidden and

output layer is shown in Figure 2.4, where the input layer has two nodes, the hidden layer has three and the

output layer has one node. The ANN shown in Figure 2.4 is a simple feed-forward neural network, whereby

the processing of the data moves in one direction: from input layer to output layer [20].

Input Layer Hidden Layers Output Layer

x1

x2

h1

h2

h3

O

w11

w12

w13

Figure 2.4: Diagram illustrating a simple structure of an artificial neural network with three layers, input,

hidden and output layer.
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Back-Propagation Training Technique

ANNs make use of supervised learning, as it consists of weights that are to-be adjusted. The adjustment of

the weights is a training technique which gives the neural network intelligence, which is the BPNN algorithm.

The objective of the training algorithm is to adjust each weight associated to each nodal connection within

the neural network according its contribution towards the target output. It computes the gradient vector

of the negative-log-likelihood through the process of applying chain rule [21, 22]. The feed-forward chain

rule is expressed in (2.2) for the three-layer ANN structure shown in Figure 2.4, given that the feed-forward

operation of the ANN is given in (2.1) [23].

f(x) = X(Y (x)) (2.1)

f ′(x) = f ′(X) ·X ′(Y ) · Y ′(x), (2.2)

where X and Y are activation functions 2 at the different layers: input, hidden and output, and x is the

input into the neural network.

The weights within an ANN gives the neural network intelligence to automate decisions with any given

input. The weight values between the node connections are determined through a training process called

Back-Propagation, which is described below [26]:

• Step 1: The weights, wkj are initialized by randomly assigning them to a value. The weight values will

be adjusted at a later stage.

• Step 2: Training data is created by pairing inputs with target outputs.

• Step 3: The net input, zj into each node within the hidden layer is computed using (2.3).

zj =

n∑

k=1

wkjxk, (2.3)

where n is the number of input nodes, m is the number of nodes in the hidden layer, and j ∈ {1, 2, ...,m}.

• Step 4: The output, oj , for each node in the hidden layer is calculated by applying the logistic function.

The logistic function, ψ() is expressed (2.4) and node output, oj in (2.5)

ψ(z) =
1

1 + e−z
(2.4)

oj = ψ(zj) = ψ

(
n∑

k=1

wkjxk

)
(2.5)

2An activation function is a decisive function which indicates whether the output from a particular node within the neural

network is crucial or not. It is also known as a transfer function [24, 25].
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• Step 5: The net input and output for the nodes at the output layer is computed in the same manner

shown in Steps 3 and 4, which is given by (2.3) and (2.5), respectively. The calculated output, o of the

output node in the output layer is crucial for the next step.

• Step 6: The Back-Propagation algorithm is aimed at updating each weight within the network such

that the computed output is as close to the target value as possible. This is done by calculating the

total error, E between the calculated output, o and the target output, ot. The total error is computed

using (2.6).

E =
∑ 1

2
(ot − o)2 (2.6)

• Step 7: The total error, E is used to adjust the weights within the neural network. This adjustment

is performed over i iterations such that the total error is at its minimum. The minimum error value

is a predefined threshold value. The adjustments of the weights are expressed in (2.7) for each i-th

iteration.

w
(i)
kj = w

(i−1)
kj + ηδ

(i)
k y

(i)
j (2.7)

where η is the learning rate and 0 < η < 1, e
(i)
j is the error at node j for the i-th iteration, n is the

number of nodes in the output layer, m is the number of nodes in all other layers except the output

layer, and

δ
(i)
k =




y

(i)
j (1− y(i)

j )× e(i)
j j ∈ {1, 2, 3, ..., n}

y
(i)
j (1− y(i)

j ) j ∈ {1, 2, 3, ...,m}

Convolutional Neural Network

A Convolutional Neural Network (CNN) is a type of feed-forward ANN. The architecture of the CNN consists

of a number of layers. Each layer serves a particular purpose [6]. The common CNN layers are: filter bank,

non-linearity, fully-connected, and a feature pooling. A layer is constructed of a number of feature maps.

The number of feature maps within each layer is dependent on the desired output of the CNN and the image

inputs. The CNN performs its operation in a non-linear manner, due to its structure. CNNs are generally

used for scoring input images. An architecture of a CNN is shown in Figure 2.5 [27, 28], in which the yellow

block is indicative of the image input, the green blocks are the feature maps within each hidden layer, and

the orange block is the produced output vector.

The CNN is a supervised neural network that accepts image inputs. It yields high accuracy in many image

classification applications, such as handwriting detection, facial detection as well as road surface damage

detection [27]. However, the downfall with CNN is the amount of training data required for accurate

classification [29]. CNNs requires a extensive amount of training images, due to the operations of the

feature maps. Each feature map identifies a particular feature from the input image through a convolutional

process. Therefore, scoring the image input on the presence or absence of the feature. For handwriting,
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Figure 2.5: Diagram illustrating the general architecture of a Convolutional Neural Network.

facial, and road surface damage detection there are an abundant amount of captured image data available

on open-source platforms. Alternatively, the manual collection of the data is not impossible, however it

is time-consuming. For medical applications, the amount of required images for an accurate diagnosis is

problematic. This is due to the availability of the medical images. For certain medical diseases, it may only

occur for a minority of people. Additionally, the rarity of certain medical diseases can often be misdiagnosed

by medical professionals. Due to the lack of availability of the medical image data, this degrades the accuracy

of the CNN and as a result yields inaccurate diagnosis. The diagnosis from the CNN becomes dire should it

produce false negative results. This means that the presence of the medical disease is not detected and the

patient is deemed to be unaffected. In the medical field, it is accepted to have false positives rather than

false negatives. With false positives, the patient can be further examined and possibly treated to prevent

any dire conditions. However, an untreated false negative diagnoses decreases the chances of survival in an

infected patient.

The CNN’s architecture allows it to translate three dimensional (3D) datasets into a single vector for the

purpose of the classification outcome. In other words, the CNN reduces the image input data to a summarised

vector. Based on the obtained summary, the classification of the image is performed. Therefore, the CNN

processes the image input as a whole through RGB pixel analysis. As a result of this, the CNN classifies the

image as a whole and does not focus on details about the image [30]. Therefore, the CNN struggles to pin

point the problematic area within the image. The computational power of the CNN is extensive depending

on the size of the image and the size of the feature regions within the image. The size of the feature regions

determines the feature map size. The smaller the dimensions of feature map and the larger the input image,

results in higher computational power. Moreover, based on the number of feature maps in each layer, a

Graphics Processing Unit (GPU) is required for parallel processing. A key advantage of the CNN is that

minimal parameters are required as the architecture of the CNN is a deep-feed-forward neural network [28].

This means that the number of parameters are made-up using the depth of the neural network, whereas

shallow neural networks require more parameters.

The architecture of the CNN is constructed with kernel filters and pooling layers. The functionality of the

filter layer is to extract features from the input image. The filter layer is made up of multiple feature maps,

in which each map is associated to a specific desirable feature. There are two types of pooling techniques

for the pooling layer: average and max pooling. Both types of pooling techniques compress the features

further such that a single summary vector is obtained [6]. The disadvantage of the CNN is the filter layer(s),
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as it struggles to extract features if the input image is resized or stretched. However, the advantage of the

detection of the features is performed through a convolutional technique, which overlaps the feature map

onto the input image. Due to the convolutional technique, the orientation and positioning of the feature

within the input image does not affect the CNN feature detection. This is because the layers within the CNN

can be rotated. However, an additional disadvantage to the CNN, is that it can only detect features that are

previously exposed to the network, which means that multiple variations of the features must be exposed to

the network for accurate classification. CNNs are also unable to detect varying image sizes due to its fixed

dimensions for the feature maps. A change in input image size results in an inaccurate classification. An

introduction of dynamic resizing of feature maps sizes adds to the computational complexity of the network.

2.3.3 Advantages and Disadvantages

The advantage of a simple feed-forward neural network is the simplicity of the network architecture compared

to the architecture of the CNN. However, there are disadvantages to a simple neural network in which it is

difficult to represent a more complex function [31]. Due to the simplicity of the structure more parameters

are required. Hence there is a weight attached to each nodal connection between immediate neighbouring

layers. The number of input nodes is an indication of the number of parameters. Thus the simple neural

network requires multiple input parameters for an accurate detection. An additional disadvantage of the

simple neural network is its ability to over-fit during training. The definition of over-fitting is when the

output data of the neural network matches exactly to the actual output data. This is viewed as negative as

the training data may consist of noise, in which the neural network has trained to model a noisy system. The

over-fitting is generally a result of over training the neural network. In consequence, the input parameters

into the simple neural network must be well planned, as the outputs are based on the inputs. This means

that the parameters must exhibit strong variations for the neural network to distinguish one classification

from another. However, the number of inputs into a simple neural network is fixed.

2.4 Probabilistic Hough Transform

The Hough Transform is a straight line detection technique in computer vision. The detection of straight

lines within images are crucial as it provides geometrical representations for image objects. The detection

is generally performed using Canny or Sobel processed images. The Canny and Sobel processes are edge

detection techniques. An edge is a sequence of pixels that makes up an object within the image.

The Hough Transform performs line detection using the polar coordinate system, (rθ, θ) derived from Figure

2.6, in which a line is expressed in (2.8). The edge points, P(x, y) are used as a voting mechanism for line

detection. Thus the points are considered as constraints and rθ is expressed in (2.9), by rearranging (2.8).

Hence, each line is represented in the form of (rθ, θ).

y = −
(cosθ
sinθ

)
x+

( rθ
sinθ

)
(2.8)
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Figure 2.6: Diagram illustrating the Hough Transform line detection concept.

rθ = xcosθ + ysinθ (2.9)

A line is detected based on the number of intersections passing through (rθ, θ). The Hough Transform tracks

the number of intersections for each (rθ, θ) by looping through each pixel point of the edge. These are the

pixel points that are white in colour, which is generated by the Canny edge detection technique. Therefore,

a threshold is defined for the minimum number of intersections for the definition of a detected line. The

Hough Transform consists of accumulators which tracks the number of intersections. The algorithm of the

Hough Transform utilizes a two-dimensional array for the accumulator, in which it employs (2.9) for line

detection. The parameters of the accumulators are rθ and θ. The algorithm is detailed in Algorithm 1 [32].

The computational complexity of the Hough Transform, where M is the number of edge pixel points and

the accumulators are divided into Nrθ × Nθ, is expressed as O(MNθ). This complexity is associated to

the voting process of the Hough Transform, whilst the complexity for the search process is expressed as

O(NrθNθ). This operation can be problematic for cases with high dimensionality, in which it will require

more computational power along with large availability of memory.
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Algorithm 1: Hough Transform Algorithm

Data: Edge Pixel Points

Result: Hough Transfrom for line detection

two-dimensional accumulator with parameters rθ and θ;

for each edge pixel at (xi, yi) and surrounding neighbour points do

if Sufficient evidence for line at pixel then

calculate (r(i)
θ
, θ(i)) parameter ;

search for accumulator bin for (r
(i)
θ , θ(i)) ;

increment accumulators, Nrθ and Nθ ;

end

end

for each accumulator bin do
find bins with the highest values by finding local maxima in the accumulator space, in which a

threshold is applied ;

if bin local maxima meets threshold then

extract (r
(i)
θ , θ(i)) information as detected line ;

store line information in vector ;

end

end

return detected lines vector;

The Probabilistic Hough Transform is an optimized version of the Hough Transform, in which it samples

random edge points for the detection of lines [33]. Given that there are a total number of M edge pixels,

the Probabilistic Hough Transform randomly selects m samples from M edge points, where m ≤M . Hence,

reducing the complexity of the operation from O(MNθ) to O(mNθ). The number of randomly sampled

points is crucial, although its small sample size decreases the processing time, it decreases the accuracy of

line detection. The number of randomly sampled points is dependent on the size of M , such that it maintains

accuracy [34]. The sampling of the random points, is pseudo-random. This means that there is a structured

selection of points to ensure that a even distribution of pixels are selected from each detected edge object

from a pool of pixels, M .

2.5 Analytical Techniques and Approaches

2.5.1 Principal Component Analysis

Principal Component Analysis (PCA) is a linear technique that performs dimensionality reduction through

the process of embedding the data into a linear subspace of low-dimensionality. The low-dimensional

representation describes the variance found within the data [35]. During the construction of the low-

dimensional representation, PCA does not discard information. It creates new characteristics to represent
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the original characteristics. This is done by searching for characteristics that show the largest variation.

According to [36], maximizing the variance will result in minimizing the error in the newly constructed

characteristics.

In this research, PCA is utilised for the analysis of the variation for the extracted features from both

line and contour detection. PCA employs the use of both eigenvectors and eigenvalues for data variation

analysis. Eigenvectors and eigenvalues are solved using the eigenproblem expressed in (2.10). Eigenvectors

and eigenvalues are crucial in PCA since eigenvectors assist with determining the correlation between the

data points whilst eigenvalues, λ dictates the weighted average of the variance for any projection.

cov(X)v = λv, (2.10)

Av = λv, (2.11)

where A is an n × n matrix generated by the covariance of matrix, X, and λ and v are eigenvalues and

eigenvectors of matrix, A, respectively.

PCA operates by converting the features into a covariance matrix. However, before a covariance matrix is

generated, the features are normalized. The covariance matrix is used to determine the principal components.

The number of principal components is proportional to the number of features (variables), n within the

dataset in consideration. The resultant principal components matrix, P are computed by determining

the eigenvalues of the covariance matrix. The covariance matrix is a symmetrical n × n matrix, A. The

eigenvalues found in the covariance matrix are the variances of the principal components. There are n

eigenvalues, since the number of principal components are proportional to the number of variables. All

eigenvalues in λ are greater than or equal to zero. The largest eigenvalue corresponds to the first principal

component. This applies to the subsequent eigenvalues, until the i-th principal component. Therefore λi

corresponds to the i-th eigenvector.

• Step 1: The first step is to determine the covariance matrix for input, X. Let the covariance matrix

have three distinct variables and the three variables are represented by x, y and z, which are vectors

of the features. Thus the covariance matrix, A can be expressed in (2.12) and the entries of the

co-variance matrix is calculated using (2.12)

A =




cov(x,x) cov(x,y) cov(x, z)

cov(y,x) cov(y,y) cov(y, z)

cov(z,x) cov(z,y) cov(z, z)


 (2.12)

cov(x,y) =

∑n
i=1(xi − x̄)(yi − ȳ)

(n− 1)
(2.13)

where x̄ and ȳ are mean values for x and y datasets.

The result of cov(x,x), cov(y,y) and cov(z, z) are eigenvalues of matrix A which are the variances of

the principal components.
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• Step 2: The eigenvectors v1,v2,v3, ...,vn corresponding to the eigenvalues

λ1, λ2, λ3, ..., λn are calculated. Assuming that the eigenvalues are in descending order such that:

λ1 ≥ λ2 ≥ λ3,≥, ...,≥ λn, then λ1 is the first principal component and v1 consists of the main

characteristics for the given data.

• Step 3: The principal components that expresses the features of input X is expressed as follows:

Pi = λi1vi (2.14)

• Step 4: For analysis the matrix is reconstructed by arranging the components from most variations to

least variations. This is expressed as follows:

P = [P1, P2, ..., Pn] (2.15)

• Step 5: Matrix, P is employed to determine the dominant contributing features from input X.

2.5.2 Receiver Operating Characteristic Curve

The receiver operating characteristic (ROC) curve is a tool commonly utilised for performance evaluation of

binary classification systems [37]. The ROC curve relies on four distinct variables, namely true positive, false

positive, true negative, and false negative. The definition of the four parameters are graphically presented in

Figure 2.7. Additionally, it is defined as follows:

• True Positive, TP - A correct detection which indicates the presence of a particular condition.

• False Positive, FP - An incorrect detection which indicates the presence of a particular condition

whilst the condition is absent.

• True Negative, TN - A correct detection which indicates the absence of a particular condition.

• False Negative, FN - The detection of an absence of the particular condition, whilst the condition is

present.

The ROC curve is constructed of two variables, namely, sensitivity and specificity which makes use of the four

parameters defined above. Sensitivity is the measure of the system’s ability to correctly detect the presence

of the particular condition. Mathematically, the sensitivity variable is expressed in (2.16). In consequence,

the true positive rate (TPR) is defined as the sensitivity value. The second variable is specificity, in which it

is a measure of the system to exclude the particular condition when it is absent. The specificity variable is

determined using (2.17). The specificity is translated to the false positive rate (FPR), which is expressed in

(2.18). The plotting of the ROC curve is illustrate in Figure 2.8, where the ideal and reference ROC curve is

presented. The ideal ROC curve has a maximum Area Under the Curve (AUC) with a value of 1, therefore
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Figure 2.7: Diagram illustrating the mapping of true positive, false positive, true negative and false negative.

indicating that the system is very sensitive in detecting a particular condition. The ROC reference curve

is indicative of a system that randomly assigns binary classification labels without any logical incentives.

An ROC curve that lies closely to the ROC reference curve illustrates that the system is not sensitive in

detecting the particular condition. Therefore, the system has a bad performance which leads to an accuracy

of 50%.

TPR = sensitivity =
TP

TP + FN
(2.16)

specificity =
TN

FP + TN
(2.17)

FPR = 1− specificity =
FP

FP + TN
(2.18)



Chapter 2 — Background 20

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

AUC = 1

False Positive Rate (FPR)

T
ru
e
P
os
it
iv
e
R
at
e
(T

P
R
)

ROC curve illustrating the ideal and reference ROC curve with maximum AUC

Ideal ROC
ROC Reference

Figure 2.8: Graph presenting both the ideal and reference ROC curves.

2.6 Conclusion

To conclude, this chapter provides a detailed insight into the concepts used for both the research discussed

in this dissertation and in the existing literature. The concepts include, the long-bone geometry whereby

focal regions and bones within the X-ray images are highlighted. The long-bones only includes the leg bones

of a human lower limb, namely the tibia and fibula bones. Further concepts detailed includes supervised

and unsupervised machine learning. Since, this research focuses on X-ray images in medical applications,

supervised machine learning is favoured over unsupervised learning. However, there are semi-supervised

classifiers which includes NB and SVM. For supervised learning, there is ANN which utilises the back-

propagation technique for training and the popular choice for image classification, the CNN network. There

are both advantages and disadvantages for both ANNs and CNNs. The major disadvantage of the CNN is

the number of training images required, however it requires less parameters compared to the ANN. Whereas,

the ANN requires a number of parameters for accurate classification, due to its shallow neural network

structure. The Probabilistic Hough Transform technique is discussed as it is employed to extract geometrical

representations of the image edge objects detected within the X-ray images. Finally, the analytical techniques

and approaches used to evaluate the extracted data and the performance of the developed systems are

discussed in this chapter. The techniques and approaches include PCA and ROC curves.
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Chapter 3

Literature Review

The classification of fractured and non-fractured X-ray images is no longer a novel concept, as

it has been conducted in multiple fashions employing various machine learning algorithms and

image processing techniques. This chapter details the related work conducted for the classification

of X-ray images. Additionally, the related works in image segmentation and feature and feature

extraction techniques are detailed. The most commonly employed classifier are Näıve Bayes (NB),

Support Vector Machine (SVM), Artificial Neural Networks (ANN) and Convolutional Neural

Network (CNN). Both image enhancement and image segmentation are utilised in related works

to ensure that noise is removed from X-ray images and proposed systems are focused on the given

image regions. Additionally, extracted features from the X-ray images are based on the image

texture. Therefore, the features are commonly extracted using the Gray Level Co-occurrence

Matrix (GLCM) technique. The purpose of this chapter is to give insight on the related works for

the research conducted.

3.1 Introduction

This chapter details the related work for fracture detection using computer aided classification and computer

vision. The common techniques employed by the computer-aided classification are Näıve Bayes (NB), Support

Vector Machine (SVM), Artificial Neural Networks (ANN) and Convolutional Neural Network (CNN). The

related works detailed in Section 3.3 focuses on fracture detection which utilises X-ray images. Other related

works that focus on computer vision are discussed in Sections 3.3.2 and 3.3.3. The computer vision techniques

discussed includes image segmentation and feature and feature extraction from image sources.

3.2 Automated Diagnosis in Medical Field

Artificial Intelligence (AI) is used widely in various applications and utilizing AI within the medical field is

not uncommon. Automated medical diagnosis was introduced in the early 1970s in the form of decision tree

analysis [38], whereby data files are arranged in tree-like structure for easy search purposes. The simplest

implementation of the automated diagnosis using decision tree analysis is through the use of “if... then”
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statements. However, within the medical field there is a broad range of human anatomical diagnosis which

can render the “if... then” statement algorithm as tedious and inefficient. This brings the attention for more

efficient automated diagnosis. There are various algorithms for automated diagnosis and these algorithms

can be divided into two categories, namely, simple and complex neural networks. The differences between

the two categories are the data, complexities and computational power that are required for training and

neural network operations. The complexity of a neural network is defined by the number of input parameters,

interacting factors between neural network layers and their relationship between one another [39].

3.3 Related Work

3.3.1 Fracture Detection Techniques

Donnelley, M et al. [40] proposed a Computer Aided Diagnosis (CAD) system for the detection of fractures

that can be potentially missed during X-ray diagnoses by medical professionals. The system consists of

long-bone edge detection, parameter approximation, diaphysis segmentation and fracture detection using

gradient analysis. In the long-bone edge detection, features are extracted using the morphological scale

space. The parameter approximation extracts anatomical locations of the long-bone by utilising the Hough

Transform for straight-line detection. The end points of the straight-lines are used for markers for anatomical

locations. In the diaphysis segmentation component, the bone centre-line is determined. Gradients are

extracted from the detected straight-lines. Fractures are detected based on the direction of the particular

line to the normal lines. If a particular line is parallel to the normal lines, then it is considered non-fractured.

However, lines with large gradients that are not orthogonal to the bone edges indicate there is an abnormality,

hence a fractured line. The authors obtained an 83% detection accuracy for the proposed CAD system.

Brahim A. et al. [41] presented a CAD system for early knee Osteo Arthritis (OA) detection. The system

utilises knee X-ray imaging and machine learning algorithms for the detection. The X-ray images are

pre-processed using the Fourier filter in the Fourier domain. The selection from the extracted features are

performed using Independent Component Analysis (ICA), which is a dimensionality reduction technique.

These selected features are given to the Näıve Bayes and random forest classifiers for the classification of OA

detection. The authors achieved a 82.98% accuracy using 1024 knee X-ray images.

The author, Mahendran, SK [42] proposed a fusion-classification technique for automated fracture detection

from X-ray images in long bones. The technique consists of three distinct components, namely, preprocessing,

segmentation and fracture detection. The preprocessing component simultaneously enhances and removes

noise from the X-ray image using a technique called Simultaneous Automatic Contrast adjustment, Edge

Enhancement and Noise Removal (SACEN). The segmentation component isolates the diaphysis and epiphysis

bone region of the image using a combination of wavelets (1-level Harr) and morphological transform. The

author utilises texture features for fracture detection, which includes Gray Level Co-occurrence Matrix

(GLCM) Mean, GLCM Variance, Energy, Entropy, Homogeneity Gabor Orientation, Markov Random Field

(MRF) and Intensity Gradient Direction (IGD). The classifiers are selected by the author to construct
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the fusion-based classifier, namely, feed-forward back-propagation neural network (BPNN), support vector

machine (SVM), and Näıve Bayes (NB) classifier. The reported accuracy of the fusion classifier is 91% for

fractures and 98% for non-fractures. The system was trained with 400 fractured x-ray images and 250 normal

x-ray images, whilst it was tested with a separate set of 1000 images. 600 of the test images were images of

fractures whilst the remaining were normal images.

Syiam, M et al. [43] proposed an adaptive interface agent (AdAgen) for X-ray fracture detection. The

interface AdAgen uses neural network to collaborate with trained agents. The neural network is used to

build the software interface agent for the detection of fractures in long bones. A semi-intelligent system is

provided by the software agent. The results obtained from the simulations indicated that the incorporated

agents assists with the performance of the automated fracture detection in leg radiography.

A technique that outlines the fractured bones in an X-ray image of a patient’s arm within casting material

was presented in [44]. The technique divides the image into segments. Since the casting material causes a

low contrast and high noise ratio within the X-ray image, noise is present within the image. To eliminate the

noise, a geodesic active contour model with global coefficients is applied to the segments of bone region. The

global constraints for the model are predefined by the prior shape collected. Feedback for each iteration is

provided by a maximum-likelihood function. The experimental results obtained indicated that the technique

produces outlines of the fractured bones on the low contrast X-ray images in a robust and accurate manner.

Liang et al. proposed a technique that makes use of a mathematical morphology to identify tibia bone

fractures [45]. The technique applies segmentation to the X-ray images by dynamically dividing it into

several intervals to determine the smallest intervals with the target. The technique makes use of the Otsu

method to automatically threshold the small regions. A statistical method is employed for examining the

segments to ensure that accuracy is achieved and to prevent over- or under-segmentation. The segments of

the image are adjusted according to the results obtained from each iteration. The iterations end when the

test result conforms to the predefined stopping conditions. The segmentation process is then followed by

a mathematical morphology, in which the target border as well as boundary fractures are extracted. The

precise location of fractures is detected by superposing the target border image to an extracted skeleton.

An automated fracture detection system for long bones has been developed by the authors of [46]. The

system first extracts the edges of the X-ray image using a non-linear anisotropic diffusion method. The

diffusion method operates by smoothing the image without discarding crucial information regarding the

boundary locations. The second step is to determine parameters for the straight lines that best represent

the edges of the long bones. This is done by modifying the Hough transform which has an automatic peak

detection system. To highlight the abnormal regions which includes fractures, the magnitude and direction

of the gradient is determined by making use of the calculated parameters.

The general approach to classifying the presence of bone fracture involves mapping the data to one of several

predefined classes. However, there are challenges presented in the classification techniques, which are due to

information overload, size and dimension of the data [47]. A classification technique is defined as a systematic

approach of processing input data by constructing classification models. Examples of classification techniques
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includes Decision Tree Classifiers, Rule-Based Classifiers, Neural Networks, Support Vector Machines and

Näıve Bayes Classifiers.

There are various standard classifiers implemented for automating the detection of bone fractures using

X-ray images. [48] described a study done to test the performance of single and combination classifiers.

The classifiers used in the study are Back-Propagation Neural Network (BPNN), Support Vector Machine

(SVM) and Näıve Bayes (NB) classifier. Contrast, Homogeneity, Energy, Entropy, Mean, Variance, Standard

Deviation Correlation, Gabor orientation (GO), Markov Random Field (MRF) and intensity gradient

direction (IGD) are features exacted for testing each classifier. The metrics used to evaluate the performance

of each classifier are sensitivity, specificity, positive predictive value, negative predictive value, accuracy and

execution time. The authors discovered that fusion classifiers enhances the detection capacity. Furthermore,

the results indicated that the combination of SVM and BPNN obtained the best performance.

The authors of [49], proposes a four-step system that makes use of fusion-classification techniques to automate

the detection of bone fracture specifically for leg bones (tibia). The four-steps includes preprocessing,

segmentation, feature extraction and bone detection. The three classifiers during the fusion classification are

Back-Propagation Neural Network (BPNN), Support Vector Machine (SVM) and Näıve Bayes Classifiers

(NB). Through experimentation, the authors stated that the proposed four-step system showed significant

improvement in terms of detection rate and speed of classification.

In [50], the authors proposed a system based on Artificial Neural Network (ANN) for the detection of bone

fractures. The system is designed to accept X-ray images as its inputs. The images are then enhanced using

pre-processing techniques. The ANN module is trained using the enhanced X-ray images. ”True Detection

Rate” and ”False Detection Rate” are used to evaluate the performance of the system. The results that

authors obtained for the proposed system indicated that the system had a 89% success rate.

The authors of [51] described an approach for automating the detection of bone fractures in the femur and

radius. The system consists of a combinational approach. The first step of the system is to pre-process the

input by extracting features, namely Gabor texture, Markov Random Field texture and intensity gradient.

The classifiers implemented for testing are Bayesian classifier and Support Vector Machine (SVM). From

experimental results, the combined approach improved the detection rate of bone fractures as well as the

classification accuracy compared to a single classification approach.

He, J.C. et al. [52] presented a fracture detection technique which partitions the problem into smaller

sub-problems. The sub-problems lie within the SVM kernel space. The training process trains multiple

SVMs, such that each sub-problem can be solved by a specialized SVM, therefore forming a hierarchy of

SVMs. The experimental results obtained indicates that the hierarchy of SVMs performs better than a single

SVM. Furthermore, the performance showed that it enhanced the accuracy and reliability of SVMs.

Umadevi, N. et al. [53] presented a multiple classification system which detects fractures in long bones

(specifically the tibia). The features used for the system are texture and shape. The system makes use of

three different classifiers, namely Back-Propagation Neural Network (BPNN), K-Nearest Neighbour and
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Support Vector Machine (SVM). Each classifier is trained with different sets of data. Fusion selection is

adopted as the voting scheme for the decision making process. The decision made by the system is binary. It

indicates whether the fracture is present or absent.

The authors of [55] presented a Convolutional Neural Network (CNN) model that automatically detects

lumbar vertebrae in C-arm and X-ray images. The training process is performed by making use of Disaster

Risk Reduction (DRR). Automatic segmentation of Region of Interest (ROI) is implemented to reduce the

computational complexity. A feature fusion deep learning (FFDL) model is included to combine the two

features of lumbar vertebra X-ray images. This makes use of Sobel kernel and Gabor kernel to extract the

features namely, contour and texture. From the experiments, the authors found that the proposed model

performed more accurately in abnormal cases with pathologies and surgical implants.

The authors of [56] proposed a system that extracts features and classifies lung diseases using an Artificial

Neural Network (ANN). The lung diseases includes TB infections, lung cancer and pneumonia. The detection

of the lung boundaries is done by pre-processing the image. The pre-processing technique is based on

intensity and discontinuity methods. The features extracted are statistical and geometrical features. For

image classification, the system makes use of Feed Forward and Back Propagation Neural Network (BPNN)

to detect lung diseases.

Tomita, N, et al. [57] presented an automatic system that detects incidental osteoporotic vertebral fractures

(OVFs) in the chest, abdomen, and pelvis computerized tomography (CT) examinations.The system is

designed to mimic the level of practising radiologists. Radiological features are extracted from CT scans

using a deep CNN. An aggregation module is leverage to make the final decision based on the given extracted

features. The extracted features is highly dependent on the architecture of the CNN, as the CNN produces

feature vectors that is fed into the feature aggregation module. The authors, further explored various feature

aggregation techniques which includes long short-term memory (LSTM) network. The authors performed an

evaluation on their system with a total of 1432 CT scans, in which the system achieved an 89.2% and a

90.8% F1 score.

Doğantekin A. et al. [54] proposed a hybrid system with a CNN and Wavelet Transform-Singular Value

Decomposition (DWT-SVD) for the classification of malignant and benign masses from liver CT images.

The authors intention for the hybrid system is to reduce the execution time of the CNN architecture. The

features for the classification are extracted using Perceptual hash functions. The hybrid system was evaluated

using 200 images, in which 100 images are of benign tumours and the other 100 are of malignant tumours.

The system achieved an accuracy of 97.3%. Features are crucial for the classification of various categories.

In [58], the authors presented a computer aided diagnosis (CAD) system which includes two methods. The

first method is Hough transform fracture detection (HTBFD), which makes use of an unsupervised learning

approach that utilises fuzzy c-mean thresholding and edge detection for extracting bone boundaries. The

second method consists of Gradient feature based fracture detection (GFBFD) which utilises a supervised

learning approach. The gradients are extracted using a sub-window search. The authors obtained better

performance for the GFBFD method with an 88% accuracy compared to the HTBFD method.
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The authors of [59] presented the study of a designed model for the prediction of fracture type in X-ray

images. There are two types of features that are considered by the authors, namely structural and texture

feature extraction. The structural features leverages on the Hough Transform for feature extraction, whilst

the textual features are extracted using GLCM. The structural features extracted are mean peak value of

the Hough Transform and standard deviation of peak values of the Hough Transform. the textual features

includes image contrast, energy, homogeneity and correlation.

In [60], the authors proposed a novel CAD system for the detection of fractures in long bones using X-ray

images. The system employs GLCM for feature detection and extraction in the X-ray images. The features

extracted includes energy and contrast of the X-ray image. These features are considered as parameters

for the detection of fracture presence. A thresholding value of 0.95 for the GLCM produced parameters is

utilised for the classification of fractured and non-fractured X-ray image. The accuracy obtained by the

authors is 86.67%.

Kim, D.H et al. [61] proposed a fracture detection model to investigate the extent of which learning can be

transferred in CNN networks. The fracture detection focused on detecting wrist fractures from X-ray images.

The CNN is constructed with five layers: one input and output layer, two hidden layers and connected layer.

The authors trained the model with a total of 11,112 images. The training includes images that were labelled,

both fractured and non-fractured. A total of 100 images were used for the testing of the model. The images

consisted of 50 fractured and 50 no-fractured images. The results obtained by the authors indicated that

the sensitivity and specificity resulted in values of 0.9 and 0.88, respectively. Additionally, the AUC value

obtained was 0.954, indicating that the model proposed has a high sensitivity detection for fractures.

The authors of [62] designed a system which employs the image processing for bone fracture detection. The

objective of the designed system is to locate the extract area of the fracture for the input X-ray image. The

system consists of mainly two components, namely image pre-processing and segmentation. The image

pre-processing enhances the image by removing ”noisy” pixels. This process is performed using a Gaussian

filter. The purpose of the image segmentation is to focus on the ROI of the X-ray image. The authors

adopted three crucial techniques for the segmentation of the image: region approach, boundary approach,

and edge approach. The Canny edge detection technique is adopted to assist with the image segmentation

process. The fracture detection process first identifies the straight-lines extracted from the image. The

straight lines are extracted using the Hough Transform technique. The lines are used for feature extraction,

which includes line distance and angle. Both features are used to determine a score for the extracted lines.

The detection of the fracture is based on the score. The authors evaluated the system with 12 images, which

included both fractured and non-fractured bones. The system was capable of detecting the fracture areas

from the given images.

The authors of [63] proposed a tool for long-bone fracture detection in digital X-ray images based on

digital-geometric techniques. The tool employs image segmentation, contour generation, and an unsupervised

correction of bone-contour. The image segmentation separates the bone region from its surround flesh, such

that the ROI is extracted from the image. The bone contours are generated using an adaptive thresholding
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approach. The adaptive approach analyses 8 neighbouring pixels based in its intensity to determine the

adaptive threshold. The authors adopted the adaptive thresholding from the methodology discussed in [64],

in which the methodology extracts contours by integrating an entropy-based segmentation approach with

adaptive thresholding. This methodology is based on X-ray images that have bone and flesh regions with

overlapping intensity range. The unsupervised correction of bone-contours both corrects any discontinuation

generated by the adaptive thresholding contour generation, by traversing through the contour points to

and linking points to the corresponding chain code. Fracture detection is performed by analysing the

concavity-indices of the bone-contour pixels, in which the boundaries of the contour show irregular curves.

3.3.2 Related Work in Image Enhancement and Image Segmentation

The authors of [65] described the methodology used for bone image segmentation. The segmentation is

automated to isolate the bone region from its surround flesh region. The proposed methodology uses

entropy-based segmentation, which consists of an integrated segmentation algorithm. The algorithm converts

the X-ray image into a greyscale image, in which entropy computation of each pixel around 9× 9 neighbours

is performed. This is followed by the generation of the entropy image, whereby the pixel values range

from 0 to 255. A median filter is applied before the intensity threshold is computed. The final result is a

segmented bone image. The image is enhanced by applying a multilevel Linear combination of Open-Close

and Close-Open filter.

In [66], the authors presented a novel algorithm for extracting the ROI from face images. The novelty of

the algorithm stems from the multi-resolution cellular analysis. The algorithm is implemented along with

an adaptive thresholding technique. The idea of exponential averaging is incorporated into the technique.

The algorithm separates the facial features through cellular analysis, these regions includes, eye, mouth,

and nose region. Regions that are not of interest are discarded through the use of a containment tree. The

containment tree is a methodology that captures the relationship between the cellular regions. The authors

reported that the algorithm described has a robust and efficient performance for the extraction of ROI.

In [67], the proposed system employs fuzzy network, multilevel threshold and morphological methods for the

removal of noise and enhance the contrast of the CT images. The fuzzy network proved to balance the noise

reduction and enhancement in the results, whilst the multilevel Otsu’s threshold filled in the missing gaps

found within the images.

3.3.3 Related Work in Feature and Feature Extraction Techniques

In [68], the authors discussed the various techniques applied for edge feature extraction. The techniques

includes wavelet transform, Differential edge detection, Roberts edge detection, Canny edge detection, and

Binary morphology. The wavelet transform is mainly utilised for the removal of noises in the model designed

by the authors for their analysis. The Differential operator for edge detection is based on the change in

intensity of the pixels. The differential operator is capable of handling large changes in greyscale values

between pixels. The operator gather pixel points based on threshold values for varying differential values.
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The Roberts operator performs a similar operation as the differential operator, however it utilises partial

difference operators instead. The Roberts operator performs better with images that have steep low noise,

however its edge detection accuracy is low. The canny operator has the best edge detection performance

compared to all other operators analysed for edge detection. The operator searches for partial maximum

value of the image gradient. The image gradients are obtained by applying a derivative of the Gauss filter.

There are two thresholds that the Canny operator utilises, a strong and weak threshold. The stronger edges

are used to connect the weak edges. The authors concluded that the techniques work best for images with

low noise.

Authors Yang, F et al. [69] proposed a feature extraction technique based on greyscale histograms for the

detection of high morbidity of esophageal cancer. The proposed technique consists of three major steps, the

first is image processing followed by feature extraction from greyscale histogram and finally Bayes discriminant

is used for the verification of the classification abilities on the extracted features. The image preprocessing

converts RGB images to greyscale, as well as to remove noise components introduced by external disturbance.

Additionally, the normal tissue within the image is enhanced. A histogram is constructed based on the

greyscale intensity, in which it is used for feature extraction. The extracted features are mean, variance,

skewness, Kurtosis (a measure of greyscale distribution), and energy. The accuracy classification results

obtained using the extracted features is a 66.7% for constricted esophagus cancer and 86.7% for ulcerous

esophagus.

The authors of [70] developed a model based on Deep Convolutional Neural Network (DCNN) for feature

extractions. The features are extracted from X-ray images for the classification of weld flaw types. The

model uses a technique called Sparse Autoencoder (SAE) as well as the mapping of the CNN layers for

feature extraction. This extracted features are compared to the features from the traditional Grey Level

Co-Occurrence Matrix (GLCM) technique. The results obtained by the authors indicate that the extracted

features based on the DCNN is better than traditional features, as it obtained a 97.2% accuracy whereas

the accuracy obtained by the traditional methods obtained an 82.2% accuracy. The processing of images

are essential as it ensures that all images are consistent to obtain the best results when passed through the

system.

In [71], the authors studied texture feature extraction in X-ray chest images. The study is conducted by

first processing the X-ray images using histogram equalisation and morphological filtering, which improves

both the contrast and SNR of the image. The texture features are extracted from the processed image. The

texture features are image roughness and fractal dimension. The features are evaluated by the similarity

measurement, precision and recall in relation to the original image for image retrieval. The authors indicated

that the precision and recall accuracy of utilising texture feature extraction is 85.32% and 85.56% retrieval

accuracy, respectively.

In [72], the authors analysed a series of image processing algorithms for the classification of osteoporosis.

The classification utilises K-Nearest Neighbours (KNN), whilst feature extraction uses the GLCM technique.

There are eight distinct features extracted from the X-ray images using the GLCM technique, namely
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mean co-occurrence matrix, standard deviation, entropy, angular second moment (ASM), energy, contrast,

homogeneity, and dissimilarity. The authors obtained a 97.83% accuracy for the assessment osteoporosis

from the complete implementation of the KNN and GLCM extracted features.

The paper, [73] described an algorithm which uses, maker-controlled watershed transform based on gradient

and homotopy modification to segment the X-ray images. The considered features includes the region

value, region area, region centroid and protuberant polygon. The protuberant polygon is extracted from the

fractured image using maker processing and regionprops techniques. The authors of the papers further utilize

lines extracted from the images using Hough Transform for the protuberant polygon fractured image. The

extracted lines are used for the determination of the perpendicular centre-line, which assists with determining

the angle between the fractured line and the centre-line. Fractured X-ray images are classified using the

determined angle.

The authors of [74] proposed an edge feature extraction technique for X-ray images using the Simplified Gabor

Wavelet Transform. The Gabor Wavelet Transform is a function built on the basis of Fourier Transform. It

is commonly used to extract both time and frequency information from a given signal [75]. For the proposed

model, the Simplified Gabor Wavelet Transform is utilised in the extraction of features from edges. The use

of the Simplified Gabor Wavelet Transform is opted for the comparison to the conventional Gabor wavelet,

which is both extensively complex and does not prove to be useful for real-time applications.

In [76], the authors presented a model for texture analysis and fracture identification of lower extremity

bones in X-ray images. The model is constructed of two main components, feature extraction and fracture

classification. The components employs the GLCM and K-Means clustering techniques for texture analysis.

The features extracted using the GLCM technique are: contrast, correlation, energy and homogeneity. The

K-Means clustering technique is used to classify the X-ray images as fractured or non-fractured based on

the extracted images. It does so, by analysing each point provided by the extracted features. The authors

reported an 80% accuracy for the system classification, in which 10 images were used for evaluation.

Vijayakumar, R et al. [77] proposed an automated hierarchical algorithm for the detection of bone fracture

in X-ray images. The algorithm uses the GLCM for feature extraction for the detection of fractures. The

extracted features are: contrast, local homogeneity, inverse difference moment, entropy, correlation, variance,

and average. The classification of a fractured and non-fractured is performed based on the parameters of

GLCM. The authors reported an accuracy of 87% for fracture detection.

The authors of [78] used the Canny edge detection for fracture detection. The system proposed includes

image enhancement, image segmentation and feature extraction. Feature extraction is based on the line

detection performed by the Hough Transform technique. The Canny edge detection is utilised for image

segmentation to ensure that the focus is on the ROI. The straight-lines detected by the Hough Transform

is used as features for fracture detection. Both distance and angle are used to represent the line. This is

used for fracture detection, in which distance and angle are analysed. A line is detected as a fracture if the

angle of the line is less than 85◦, whilst non-fractured lines have an angle between 85◦ and 90◦. The authors

evaluated the system using 21 X-ray images, in which the detection accuracy of the system is 90%, however,
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the system has a low sensitivity detection in which it was only able to detect 3 fractured images out of 5

fractured images.

In [79], the authors presented a paper which details the use of X-ray images for bone fracture analysis. The

technique developed aims to identify the fracture region within bone X-ray images, through edge detection,

erosion, dilation, and connected component labelling. The selected edge detection technique is Sobel. Both

the erosion and dilation techniques are utilised for enhancing the X-ray images. The connected component

labelling technique for the detailed system is used for connecting 8 neighbour components with a particular

pixel. This differentiates background and foreground pixels. A skeleton of the image is obtained using two

methods, thinning and medial axis transformation. End point co-ordinates are extracted from the skeletal

image for gradient detection and distance analysis. If both gradient and distance meet a given condition,

then the region with the points are considered as a fractured region.

In [80], a CAD system using deep feature fusion was proposed for the detection of lung nodules. Features are

a key step to CAD systems, the authors fuse a variety of features obtained from varying CAD systems which

employs the classic CNN. Principal Component Analysis (PCA) is applied to features for dimensionality

reduction, hence only critical features are considered. The authors obtained improved results using the deep

feature fusion for detection of lung nodules compared to the classic CNN.

3.4 Conclusion

To conclude, the following chapter details the related work that has been previously investigated for fracture

detection using X-ray images. The related works commonly employ NB, SVM, ANN, CNN and multi-

classification techniques for the classification of fractured and non-fractured X-ray images. The methodology

employed by the reviewed related work shows that a majority of binary classifiers classifies the X-ray images

as a whole and does not highlight the faulted regions in the image. The techniques developed for computer

vision, are capable of highlighting the faulted regions, however they are limited in such a manner that it

only performs well for particular fractures. Therefore, the purpose of the reviewing related work is to gain

insight about the techniques and approaches utilised for the detection of fractures within specifically for

X-ray images.
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Chapter 4

Image Enhancement Techniques for X-ray Images

Image enhancement is a methodology adopted for the enhancement of raw images. For this

research, the enhancement is focused on X-ray images. The X-ray images are converted from

RGB to greyscale to ensure consistency and simplification for further processing of the image.

The enhancment of the image includes the noise and white space removal, pixel equalisation,

gamma correction, denoising and unsharp mask. Since the image is converted to greyscale, all

enhancement operations are performed on a single channel with pixels ranging from 0 to 255. The

removal of white space ensures that the ROI is focuses on the object centred in the image, whilst

the other four techniques, namely equalisation, gamma correction, denoising and unsharp mask

prepares the image for edge detection. The edge detection adopted is the Canny edge detection

technique, in which a binary image is generated to highlight the detected edges found in the image.

The binary image is crucial as it is used for line and contour detection.

4.1 Introduction

This chapter describes the implementation of X-ray image pre-processing. It explores the techniques applied

to all raw X-ray images for image enhancement and edge detection. The edges detected from images are

crucial for extracting both lines and contours. In Section 4.2, the image preparation techniques are detailed.

The techniques applied include the removal of surrounding white space, noise, as well as enhancing the

contrast of the pixel intensities. This is followed by image enhancement, in which this process consists of

blurring background image pixels to remove noise, whilst intensifying the solid edge pixels for improved

image contrast. This is detailed in Section 4.3, in which the raw X-ray image is prepared for edge detection.

The technique adopted for edge detection is the Canny edge detection technique, which the implementation

of the technique is borrowed from the OpenCV version 2.4 library. The edge detection operation generates a

binary image (black and white), in which the identified edges are highlighted with white pixels against a

black background. The generated image will be further utilised for line and contour extraction in Chapters 5

and 6.
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4.2 Image Preparation

The image preparation process ensures that all raw X-ray images are consistent and the surrounding white

spaces are removed before proceeding to further processing. Additionally, the image preparation process

extracts the Region of Interest (ROI) from the X-ray image. The preparation process is detailed as follows:

1. The raw X-ray image, illustrated in Figure 4.1(a) is converted from an RGB image to a greyscale

image, in which the pixel values range from 0 to 255. Herein, the “0” value is representative of the

black pixel colour and value “255” is representative of the white pixel colour.

2. The removal of the surrounding white space within the X-ray image is performed by detecting pixels

with the values of 255 from both ends of the image (left and right end). Additionally, the removal of

the white space shifts the focal point to the centre of the image, hence the ROI is focused on image

objects centred in the image.

3. An additional evaluation of the white space is performed by eliminating any pixel that has a close

proximity to the pixel value “255”. Therefore, pixels with the pixel value ranging from 200 to 255 are

eliminated. This eliminates high contrasting pixels that can be found on the boarders of the ROI.

4.3 Image Enhancement

The image enhancement process further prepares the image for edge detection. The process alters the

greyscaled image by enhancing it with equalisation, gamma correction, de-noising and unsharp masking.

The purpose of the image enhancement is to highlight the focal image object and to blur the background

noises within the image. This allows to eliminate the generation of unnecessary edges that are detected by

the edge detection operation. The process of each enhancement technique is detailed in Table 4.1.

Table 4.1: Detailed image enhancement techniques applied to the X-ray image.

Technique Description

Equalisation The equalisation process enhances the image by equally distributing the pixel

intensity across the entire image.

Gamma Correction The process of the gamma correction is to improve the brightness of the image by

manipulating the pixel values. The manipulation of the values are based on the

Gamma value, Γ. If Γ < 1, then the image is shifted to a darker shade. Hence,

decreasing the brightness of the image. If Γ > 1, then the image is shifted to a

light shade which increases the brightness of the image. Otherwise when Γ = 1,

there is no change done to the image. The Gamma value selected for the X-ray

images is Γ = 1.5, which slightly increases the brightness of the image.
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Denoising The purpose of applying denoising to the image is to eliminate noise that is

introduced by external disturbances. Noise within the images is defined as a

random variable with zero mean [81]. The technique selected for noise removal is

called Non-local Means Denoising, which is based on the principle of replacing

pixel values with the average pixel values that are in similar pixel group [82].

Unsharp Mask The process of unsharp mask is to highlight aspects of the image that are out-

of-focus. The process does this by sharpening the pixels around the edges by

increasing the pixel value without the introduction of noise.

The results of the enhanced image is presented in Figure 4.1(b), whereby image preparation and all four

enhancement techniques are applied to the original image illustrated in Figure 4.1(a).

(a) Raw X-ray Image (b) Enhanced X-ray Image

Figure 4.1: The original and enhanced X-ray images.

4.4 Edge Detection

Edge detection is performed on the enhanced image. The technique utilised for edge detection is the Canny

edge detection. The purpose of the Canny edge detection technique is to extract edges from the image by

generating a binary image that highlights the detected edges. The technique operates by detecting similar

pixel intensities based on the focal pixel [83]. The algorithm searches for similar pixel intensities by utilising
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four distinct angles: 0◦, 45◦, 90◦ and 135◦. The pixels are grouped together to form a sequence of pixel

points, called an edge. There are three main requirements that must be satisfied for each sequence of pixel

points in order to be considered as an edge. The three requirements are low error rate, good localisation and

minimal response [84]. The result of the Canny edge detection image is presented in Figure 4.2(b). The

Canny edge detection algorithm is detailed as follows [85]:

1. A Gaussian filter is used to filter out noise. This includes unwanted details and textures found within

the greyscale image. The Gaussian filter is expressed in (4.1) as

Gσ = − 1√
2πσ2

exp(−x
2 + y2

2σ2
), (4.1)

where x is the kernel width size and y is the kernel height size.

2. The Gaussian filter is applied to the original image, f(x, y) to generate a smooth image, g(x, y)

expressed in (4.2).

g(x, y) = Gσ(x, y) · f(x, y) (4.2)

3. The magnitude gradient, m(x, y) of (x, y) and intensity gradient, θ(x, y) of the smoothed image, g(x, y)

are generated using the Sobel operations. Both magnitude and intensity gradient is expressed as follows:

m(x, y) =
√
gx(x, y)2 + gy(x, y)2 (4.3)

and

θ(x, y) = tan−1

(
gy(x, y)

gx(x, y)

)
(4.4)

4. A threshold is applied to filter out intensities that do not meet the threshold criteria. The application

of the threshold is expressed in (4.5) to obtain altered magnitude values, m′(x, y).

m′(x, y) =




m(x, y) if m(x, y) > T

0 otherwise
(4.5)

where T is the threshold which is carefully selected such that edge elements are maintained, whilst

noise is suppressed.

The non-maxima pixels of pixel magnitude, m′ are suppressed in order to thin out the ridges of each

edge. This is done through the operation of checking whether each element in m′(x, y) meets the

requirements. The requirement defined states that the non-zero pixels must be greater than two of

its neighbours that are in the same direction of θ(x, y). If m′(x, y) meets the requirement it is kept

unchanged, otherwise it is set to a value of 0, such that it becomes part of the background.

5. A double threshold is applied in order to determine potential edges. The thresholds are applied to the

resultant m′(x, y) from the previous step. The two thresholds T1 and T2, where T1 < T2, generates two

binary images, B1 and B2. The binary image, B2 consists of less noise, as well as fewer false edges

compared to B1. However, B2 has greater gaps between the edge segments.

6. The edge segments of B2 are linked to form a continuous segment. This is done by utilising B1, where

the neighbouring points in B1 of the edge end segment in B2 are extracted to link the segments in B2.
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(a) Enhanced Image (b) Canny Produced Image

Figure 4.2: The enhanced image and the generated image by the Canny edge detection technique.

4.5 Conclusion

In this chapter the processes for image preparation, image enhancement and edge detection are discussed.

The image preparation ensures that all considered X-ray images are consistent, by converting the images

from RGB to greyscale, removing surrounding white space, and extracting the ROI. Image enhancement is

applied to the extracted ROI image, in which four enhancement techniques are applied, namely, equalisation,

gamma correction, denoising and unsharp masking. The enhanced image is used for edge detection, in which

the Canny edge detection technique is employed. The technique generates a binary image, which highlights

the edges against a dark background. The edges are made up of a sequence of points, which are based on the

similarity of the group of pixel intensity values. The generated binary image is of importance as it is further

utilised for both line and contour extraction.
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Chapter 5

Adaptive Differential Parameter Optimization

Line-Based Fracture Detection Scheme

Two line-based fracture detection schemes are developed and discussed, namely Standard line-

based fracture detection and Adaptive Differential Parameter Optimized (ADPO) line-based

fracture detection. The difference between the two schemes is the detection of lines from the

Canny generated image. The ADPO scheme optimizes the parameters of the Probabilistic Hough

Transform, such that granule lines within the fractured regions are detected, whereas the Standard

scheme is unable to detect them. The lines are detected using the Probabilistic Hough Function,

in which the detected lines are a representation of the image edge objects. The lines are given in

the form of points, (x, y), which includes the starting and ending point. Based on the given line

points, 13 features are extracted from each line, as a summary of line information. These features

are used for fracture and non-fracture classification of the detected lines. The classification is

carried out by the Artificial Neural Network (ANN). There are two evaluations that are employed

to evaluate both the entirety of the system and the ANN. The Standard Scheme is capable of

achieving an average accuracy of 74.25%, where its maximum achieved accuracy is 75.9%. The

ADPO scheme achieves an average accuracy of 74.4% with a maximum accuracy of 82.9%. The

ADPO scheme is opted for over the Standard scheme, however it can be further improved with

detected contours rather than line extraction.
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5.1 Introduction

This chapter describes a novel Adaptive Differential Parameter Optimization (ADPO) line-based fracture

detection scheme. However, in order to understand the ADPO approach for line-based fracture detection, the

Standard line-based fracture detection is detailed in Section 5.2. The Standard line-based fracture detection

procedure extracts lines from the canny generated image using Probabilistic Hough Transform. A total of 13

features are extracted from each detected line within the image. The features are detailed in Section 5.3,

which includes distance, gradient, and the starting and ending points of the line. The features are labelled as

either fractured or non-fractured using a graphical user interface (GUI). The labelled features are used to

both train and test the ANN. The architecture of the ANN is described in Section 5.3.5, in which it consists

of four layers, an output and input layer and two hidden layers. PCA is performed on the line features

to determine the dominant contributing features that differentiates a fractured line from a non-fractured

line. The results of the analysis indicates that the distance in the horizontal direction holds dominance for

fractured lines, whilst the distance in the vertical direction holds dominance for non-fractured lines. Further

PCA results are detailed in Section 5.3.4. The line classification of the ANN is detailed in Section 5.4, which

includes two different experimental set-ups. The first is line-based with image context, in which it evaluates

the overall system and the second is line-based without any image context. The second experimental set-up

evaluates the performance of the ANN.

Since the Standard line-based fracture detection approach does not detail all the granule lines found within

the fractured area of the X-ray image, a novel ADPO scheme is proposed. This scheme optimizes the

parameters of the Probabilistic Hough Transform, such that all detailed lines are detected for further data

processing. There are three parameters that are optimized, namely the threshold, minimum line length, and

maximum line gap parameters. The optimization and selected values for the three parameters are detailed in

Section 5.5. The follow-up procedures of the ADPO is similar to the approach of the Standard line-based

fracture detection, however the difference is the data that is given to the ANN. Only lines that fall within

the leg-bone region of the leg are used to train the ANN, while all other lines are disregarded as the lines

are classified as knee, foot or flesh. The filtering technique of the bone from flesh lines in the leg area is

described in Section 5.5.2. The performance of the ADPO line-based fracture detection system is detailed in

Section 5.5.3, whereby it uses the same experimental set-ups as the Standard scheme.

5.2 Standard Line-Based Fracture Detection

The Standard line-based fracture detection follows the procedure in which it first extracts lines from the

canny processed image. This is followed by the extraction of 13 features from each line. The features are

used to train and test the ANN. Additionally PCA is applied to the features to determine the dominant

feature(s) that differentiate fractured and non-fractured lines. The training component of the ANN both

setup the neural network as well as trains it, whilst the execution component is employed for testing the

ANN. The results obtained from the evaluation are analysed to assess the ANN’s performance. Figure 5.1

illustrates a graphical flow of the Standard line-based fracture detection procedure.
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Figure 5.1: Flowchart illustrating the procedural flow of the Standard line-based fracture detection.

5.3 Methodology

5.3.1 Line Extraction

The line extraction is performed by utilizing Probabilistic Hough Transform. The Probabilistic Hough

Transform is a line detection technique in which lines are detected from contrasted image produced by the

Canny edge detection technique. It uses the Polar coordinate system in which a line is expressed in the form

shown in (5.1). A line is defined by rearranging (5.1) to generate (5.2) for point P(x, y). Therefore, each line

that passes through (xi, yi) is represented by (rθ, θ)

y = −
(cosθ
sinθ

)
x+

( rθ
sinθ

)
, (5.1)

rθ = xcosθ + ysinθ. (5.2)
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The (rθ, θ) coordinates are used to detect lines by determining the number of intersections between the

curves. An increase in the number of intersections indicates a long line. Therefore, a threshold for the

minimum number of intersection is defined for line detection. This is the operation of the Hough Transform,

in which it tracks the number of intersections for each (rθ, θ). Detected lines by the Probabilistic Hough

Transform are represented in the form of (x1, y1, x2, y2). The chosen parameter values for the Probabilistic

Hough Transform for line detection in the Standard scheme are listed in Table 5.1. The result of the detected

lines by the Probabilistic Hough Transform is shown in Figure 5.2(b).

Table 5.1: The detailed Probabilistic Hough Transform parameters for Standard line-based fracture detection

approach, along with the reasoning for the selected values.

Parameter Functionality Assigned

Value

Reasoning

rho, ρ pixel accumulator for distance

resolution of line detection

1 The value is assigned to 1 for fine pixel resol-

ution for line detection.

theta, θ angle accumulator for angle

resolution in line detection

π
180 The angle selected allows for all line angles to

be considered for line detection.

threshold only accumulators with a

value above the threshold are

considered as lines

10 The threshold value at 10 produces lines with

sufficient detailing such that the lines in the

fractured region are detected, whilst still main-

taining a minimal number of detected lines.

minimum

line length

provides an acceptable min-

imum line length. Lines that

do not meet this requirement

are rejected

25 The chosen value assists with eliminating lines

that are too short. The short lines are product

of the remaining noise from the enhanced

image.

maximum

line gap

defines the maximum line gap

between points that link the

same line

10 The value assigned to the parameter is chosen

based on the generated lines, whereby the

lines generated cover all critical information

within the image but does not over extend the

generated lines. An increased value, generates

extended lines which implies that there is

existing information that is not present in the

image, whereas a decreased value shortens the

lines and misinterprets the image information.
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(a) Enhanced X-ray image (b) Image of detected lines

Figure 5.2: X-ray images illustrating the detected lines of the Probabilistic Hough Transform with the

assigned parameters given in Table 5.1.

5.3.2 Line-based Feature Extraction

A set of 13 features are extracted from each detected line. The features are a summarised representation

of the lines detected from image edge objects found in the X-ray image. These features are used as inputs

into the ANN. The purpose of extracting the features is to quantify and provide crucial information about

the lines to the ANN that differentiates a fractured line from a non-fractured line. The quantification of

the features reduces the complexity of the ANN in both training and execution. The features are extracted

based on the starting and ending points in the form of L(x1, y1, x2, y2), provided by the Probabilistic Hough

Transform. These extracted features are listed and detailed in Table 5.2.

Table 5.2: The details of the extracted line features along with the feature notation and extraction methodo-

logy.

Extracted

Feature

Notation Abv. Extraction Methodology

1 x start x1 X1 x1 is the x-value of the starting point

2 y start y1 Y1 y1 is the y-value of the starting point

3 x end x2 X2 x2 is the x-value of the ending point, where x2 > x1

4 y end y2 Y2 y2 is the y-value of the ending point
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5 distance d DIST The distance feature is extracted using x1, y1, x2, and y2. The

distance calculation is expressed in (5.3).

d =
√

(x2 − x1)2 + (y2 − y1)2 (5.3)

6 gradient θL G The gradient feature is determined using x1, y1, x2, and y2. It

is determined using (5.4).

θL = tan−1
(x2 − x1

y2 − y1

)
(5.4)

7 x-Midpoint xM X-MID The x-Midpoint feature is determined using x1 and x2. The

midpoint in the x-direction is calculated using (5.5).

xM =
x1 + x2

2
(5.5)

8 y-Midpoint yM Y-MID The y-Midpoint feature is calculated using y1 and y2. The

midpoint in the y-direction is calculated using (5.6).

yM =
y1 + y2

2
(5.6)

9 x-Difference ∆x X-DIFF The x-Difference feature is determined using x1 and x2. It

determines the difference between the x-values.

∆x = x2 − x1 (5.7)

10 y-Difference ∆y Y-DIFF The y-Difference feature is determined using y1 and y2, in

which it determines the difference between the y-values.

∆y = y2 − y1 (5.8)

11 x-distance dx X-DIST This feature is derived from the Pythagoras theorem using

(5.9), but the distance in the x-direction.

dx = dcos(θL) (5.9)

12 y-distance dy Y-DIST The y-distance feature similar to the x-distance feature, how-

ever it is given in the y-direction. The y-direction is extracted

using (5.10).

dy = dsin(θL) (5.10)
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13 gradient de-

viation

∆θ G-DEV The gradient deviation feature indicates the amount that the

current gradient deviates from the most frequently occurred

gradient, θRef. The gradient deviation is obtained using (5.11).

∆θ =| θRef − θL | (5.11)

5.3.3 Feature Correlation Analysis

The Pearson product-moment correlation coefficient is used to measure the dependency between each feature

extracted from 39,224 lines. The correlation coefficient, c is calculated using (5.12). The correlation coefficient

is an indication of the strength of the association between two features. It is given between a range of -1

to 1, which quantifies both strength and direction of the association between two features. The value “−1”

indicates a strong negative relation. This means that as one feature increases in value, the other decreases.

A “0” value shows that there is no association, and the ”1” indicates a strong positive relation between two

features, as either feature value increases, the other increases as well

c =
cov(x,y)√
s2
x · s2

y

, (5.12)

where cov(x,y) is the covariance of x and y and s2
x and s2

y are the sample variances of x and y. The

covariance and samples are defined as follows:

cov(x,y) =

∑
(x− x̄)(y − ȳ)

n− 1
,

s2
x =

∑
(x− x̄)2

n− 1
,

s2
y =

∑
(x− x̄)2

n− 1
.

The purpose of a correlation map is to provide a visual association between each extracted line feature. The

association provides an indication of the features that are dependent on one another, as well as features that

are independent from all other features. The correlation map for the 13 extracted line features is illustrated

in Figure 5.3. The correlation map indicates that the gradient deviation and x-Difference feature are less

reliant on all other features and are more independent as they their relations with the other features are

either weak positive or weak negative. Independent features are crucial as they have minimal redundant

information. This allows for some discrepancy in the input information used to train the ANN. Redundant

features contain duplicated information and as a result, they do not provide enough information to allow for

the differentiation between fracture lines and non-fractured lines. The correlation map presented in Figure

5.3 contains a minimal amount of features that have a strong positive (light blocks) or strong negative (dark

blocks) association with other features.
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Figure 5.3: Correlation Map illustrating the association between each of the 13 features extracted.

5.3.4 Principal Component Analysis

The purpose of utilizing PCA is to identify the dominant line features to determine the main contributing

factors that distinguishes whether a line is considered fractured or non-fractured. PCA operates in such

a manner that the feature with the most variation is considered a dominant feature. The variation of the

features is one of the contributing factors for the classification of fractured and non-fractured lines. The

variation of a feature indicates that the feature values varies for different line characteristics. PCA is applied

to a number of lines, m, where m = 39, 224 for a number of features, n where n = 13. A matrix, X with the

dimensions of m× n is created to represent each feature of each line. The matrix is normalised to generate

matrix, X ′ in which PCA is applied to. PCA produces a n×n covariance matrix, A. The eigenvalues, λ and

eigenvectors, v are generated using the covariance matrix. The eigenvalue, λi is a scaler which provides the

magnitude of the varying values for each i-th feature, where i ∈ {1, 2, 3, ..., n}. The higher the scalar value,

the more variation the feature contains, whereas a lower scaler value shows that there is little to no variation

within the feature. However, it is difficult to assign the appropriate eigenvalue to its associated feature as

the eigenvalues are sorted in descending order due to the PCA procedure. Therefore, the eigenvectors are

utilized, as each element in the eigenvector is ordered in the same manner as the columns of the matrix, X.

Thus, the i-th feature is represented by element, eij in eigenvector, ej . The determination of the contribution

for each feature is entailed as follows:
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1. Sum all elements in eigenvector, ej to generate a vector of summed elements, s = {s1, s2, s3, sj , ..., sn},
where n is the number of eigenvectors. The calculation of sj for the j-th eigenvector is expressed in

(5.13)

sj =
n∑

i=1

eij . (5.13)

2. Utilizing s, convert each element in the eigenvectors to a ratio, rij . The eigenvectors are arranged in

such a manner that it produces a matrix, R with elements rij . Each element, rij is calculated using

(5.14),

rij =
eij
sj
. (5.14)

3. The overall feature contribution, ci obtained by averaging all elements in the i-th row of matrix, R.

This calculation is expressed in (5.15). The feature contribution is associated to the n extracted features

from the lines

cj =

∑n
j=1 rij

n
. (5.15)

Figures 5.4, 5.5, and 5.6 illustrate the results of the PCA feature contributions. These results are crucial

as they show the indicative feature(s) that contribute most to the differentiation of a fractured and non-

fractured line. Additionally, it is an indication of the feature that holds the most information about the line

characteristics. Figure 5.4 shows the feature contribution for 39,224 extracted lines from 53 images. Figure

5.4 disregards the labelling of the lines. The most dominant feature in Figure 5.4 is gradient deviation with

76.36% contribution, followed by the gradient and x-distance feature. Therefore, despite the labelling of the

lines, the gradient deviation, gradient and x-distance have the most varying values from the extracted lines.

Thus, the three features holds crucial information about the line characteristics.

Figure 5.5 presents the feature contribution for 15,561 extracted line features that are labelled as fractures.

The results show that there are three very distinct features that are dominant for fractured lines, namely,

x-distance, gradient deviation and y-difference. The feature x-distance has the most varying values for

fractured lines. This is valid as the orientation of fractured lines are generally positioned in a horizontal

direction. Additionally, the feature y-difference is valid, because the fractured lines vary greatly in vertical

length. For the x-difference feature, this indicates that the fractured lines vary greatly in length in the

horizontal direction.

Figure 5.6 shows the three main dominant contributing features for non-fractured lines, which are x-difference,

gradient deviation, and x-distance. The results indicate that the fractured and non-fractured features share

two dominant features, namely gradient deviation and y-difference. This can cause confusion to the ANN in

the classification of fractured and non-fractured lines, however the features differ in contribution for fractured

and non-fractured lines. The results further shows that there are minor dominant features for non-fractured

lines, namely, x-difference, y-distance, and gradient to assist with the differentiation between fractured and

non-fractured lines.
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The application of the PCA provides sufficient details about the contributions of each feature for both the

fractured and the non-fractured lines, as well as all the lines in general. There are features that have minimal

contributions to the line information in which it can be eliminated to reduce the training and execution

complexity of the ANN. However, given that there are only 13 features extracted from each line, there is

potential for confusion between the fractured and the non-fractured lines. Thus all 13 features are considered

as critical information about each extracted line.
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Figure 5.4: Histogram illustrating the results of the feature contribution from PCA for all extracted lines

regardless of line classification.
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Figure 5.5: Histogram illustrating the results of the feature contribution from PCA for extracted lines

labelled as fractured.
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5.3.5 Neural Network Structure

The architecture of the ANN for the Standard line-based fracture detection scheme consists of four layers:

one input and output layers, and two hidden layers. The number of nodes, n in the input layer is 16 nodes

(n = 16). There are three additional nodes compared to the number of extracted line features in the ANN

input layer. The three additional nodes are for the labelling of the X-ray image regions, namely, the knee, leg

and foot region. Thus, if the line belongs within the leg region, the value “1” is assigned to the associated

leg feature indicator, whilst a “0” value is assigned to both knee and foot feature indicators. The assignment

of the knee, leg and foot regions is performed during line feature extraction. Therefore, the knee, leg and

foot region assignments are considered as additional features to the extracted line features.

There are two hidden layers in the architecture of the ANN. The number of layers within the neural network

defines the ANN complexity [86]. An increased number of hidden layers increases training complexity of the

ANN, since it will increase the number of iterations until the desired error is obtained [87]. Furthermore,

increasing the number of hidden layers does not yield a higher accuracy from the ANN. However for a single

hidden layer, the ANN is over simplified and is prone to over-fitting. Therefore, increasing the difficulty of

obtaining a high accuracy. This leads to the selection of having two hidden layers for the architecture of the

ANN for Standard line-based fracture detection scheme. Each hidden layer has n+ 1 nodes. The purpose of

the additional node in the hidden layer compared to the input layer is to introduce an additional vote of

input before reaching the output layer [86, 88].

The output layer only has one node, the outcome of the output node is expressed as Of , where −1 ≤ Of ≤ 1.

The range between “-1” to “1” is defined by the labelling of the training data, whereby fractured lines are

assigned to “1” as its target output and non-fractured lines are assigned to “-1”. The details of the data

labelling process is discussed in Section 5.3.6. The final detection outcome, O classifies the input line as

fractured or non-fracture with “true” or “false. Thus, O ∈ {true, false} and is expressed in (5.16), where

true defines a fracture and false defines a non-fracture. The ANN training and network set-up is detailed in

Table 5.3.

O =

{
true, 0 ≤ Of ≤ 1

false, −1 ≤ Of < 0
(5.16)

Table 5.3: The ANN training set-up for the Standard line-based fracture detection approach.

ANN Detail Set-Up Functionality Assigned

Value

No. of ANN epochs The number of epochs defines the maximum number of

iterations allowed during the training of the ANN. If the

error of the ANN does not meet the desired error value, the

network continues training until the number of iterations

has reached the defined epochs value

50,000 epochs.
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Desired Error The desired error value is the minimal error allowed for the

ANN during the training, as weights cannot perfectly match

the input to out value , whilst still maintaining generality

over large data sets.

0.0001

Training Data Order The data given to the ANN for training is potentially

ordered. An ordered training data set can swing the ANN

weights from one decision to another. Thus, the training

data is shuffled such that there is no favouritism is given

over a selected set of data.

“shuffled”
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Figure 5.7: Diagram showing the artificial neural network architecture for Standard line-based fracture

detection scheme, where µ is indicative of the hidden layers.
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5.3.6 Data Line Labelling

The data labelling is performed using a graphical user interface (GUI). The data is labelled visually through

the GUI by a user. The extracted lines from the Probabilistic Hough Transform is drawn onto the enhanced

image of the original X-ray image, shown in Figure 5.8. Before the lines are labelled, further processing is

performed to isolate the lines within the knee and foot region from the lines in the leg region. Thus, the

labelling process is restricted to the lines in the leg region. The isolation of the lines in the knee and foot

region is borrowed from the extracted contours, which is discussed in Section 6.3.3.

The labelling process is performed manually by a human professional, whereby the user selects the region of

the fracture. The lines in the selected region are labelled as fractures while the remaining lines are labelled

as non-fractures. The regional labelling approach is chosen, as it mimics the visual detection approach that

a medical professional utilises. This approach is chosen over the labelling of individual lines, as it is far

too time-consuming and impractical. The impracticality of labelling individual lines stems from the visual

information that a single line provides. A single line provides little to no evidence of whether it is fractured or

non-fractured, whereas a group of lines provides more context about the line classification. The regional data

labelling approach, provides adequate information about the lines based on its location and neighbouring

lines. A line is considered a fracture if either its starting or ending point is within the selected area. However,

this approach is not perfect, as it mislabels lines that are non-fractures but fall within the selected region as

fractures.

(a) Fracture Line Selection (b) Highlighted Fracture Lines

Figure 5.8: Images illustrating the labelling of the detected lines.
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5.4 Results of the Standard Line-Based Fracture Detection

5.4.1 Artificial Neural Network Experimental Set-Up

The ANN is evaluated based on its performance to make accurate fracture and non-fracture classification.

The set-up of the evaluation consists of both system and ANN evaluation. For the system evaluation, a total

of 20 images are used to evaluate the system. There are 20 individual image cases for the system evaluation.

Each case trains the ANN with a number of images ranging from 1 to 20. This evaluation provides the ANN

with lines that has context about the image it is extracted from. The images, i, are randomly selected from

a set of training images,n. Hence, i ∈ {1, 2, 3, ..., n}, where n = 29. There are an average of 740 lines per

image, and the average ratio of fractures to non-fractures is 1 : 1.52. Each case has 10 simulations. This is to

obtain an average accuracy for the system as each simulation accuracy outcome differs slightly from one

another. The slight differences are a result of the randomly initialised weights in the ANN as well as the

randomly selected images used for each training case. 23 images are used to test the system for each case to

ensure that each case and simulation is evaluated fairly.

5.4.2 System and Artificial Neural Network Results

The results of the system evaluation is presented in Table 5.4, where the minimum, average and maximum

accuracies for each case are detailed. The system is evaluated using a total of 11,910 lines that are extracted

from 23 images. From the 11,910 lines, 4,707 lines are fractured and 7,203 are non-fractured lines. The

results illustrated in Table 5.4 shows that the maximum accuracy achievable by the system is 75.93%. This

is an indication that the extracted features used to train the ANN poses a limiting factor to the achievable

accuracy. The graph shown in Figure 5.9 is a graphical illustration of the results given in Table 5.4, thus

further indicating the the system accuracy ranges between 60% to 76% accuracy with its maximum and

minimum error bars in consideration.

Table 5.4: The results for the system’s minimum, average and maximum accuracy for 20 cases over 10

simulations for the Standard line-based fracture detection scheme.

No. Trained Images, ci Min Accuracy (%) Average Accuracy (%) Max Accuracy (%)

1 68.606 72.764 75.777

2 60.462 69.9842 75.206

3 60.831 71.0134 75.113

4 66.255 71.8111 75.718

5 60.336 70.1906 75.407

6 66.314 72.1956 75.466

7 69.639 72.2939 75.743

8 60.571 71.3233 75.919

9 67.674 71.7062 75.743

10 68.85 72.7254 75.449
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No. Trained Images, ci Min Accuracy (%) Average Accuracy (%) Max Accuracy (%)

11 67.674 72.5499 75.76

12 67.599 71.5242 75.332

13 69.018 72.4467 74.845

14 72.704 74.2133 75.651

15 60.579 69.7346 75.374

16 60.487 70.0982 74.433

17 67.389 72.6766 75.306

18 61.226 69.519 75.928

19 60.437 68.9798 75.55

20 70.848 73.7094 75.197
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Graph showing the average accuracy results for the Standard line-based fracture detection scheme

Figure 5.9: Graph illustrating the average accuracy for 20 cases over 10 simulations for the Standard

line-based fracture detection scheme.

The ROC curve is constructed using the sensitivity and specificity results from the binary classification

system. There are four variables that are considered for the sensitivity and specificity, namely, true positive,

false negative, false positive and true negative. Both false negative and false positive are miss-classifications
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of the lines and have detrimental consequences within the medical field. However, a false negative is far more

severe than a false positive, as it implies that a fracture has been missed and can potentially be untreated

leading to dire consequences. The calculation for both sensitivity and specificity are expressed in (5.17) and

(5.18), respectively. The ROC curve for the image evaluation is illustrated in Figure 5.10. The ROC curve is

determined by employing curve-fitting on the measured results. The area under the curve (AUC) for the

presented ROC curve is 0.8149. An ideal AUC has a value of 1. Therefore, the system has a favourable true

positive sensitivity detection

sensitvity =
TP

TP + FN
, (5.17)

specificity =
FP

FP + TN
. (5.18)
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Figure 5.10: Figure illustrating ROC curve for the Standard line-based fracture detection.

For the ANN evaluation, each case is made up of a number of lines that is used to train the ANN to evaluate

its performance. The lines are grouped into two categories, fractures and non-fractures. The evaluation is

set-up such that there is an equal number of fractured and non-fractured lines for each case. Thus 50% of

lines are fractured and 50% of lines are non-fractured. Each case consists of a number of both fractured and

non-fractured lines in groups of 5’s. The total number of lines used for training is 1,500 lines. Consequently
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there are a total of 150 cases. The performance of the ANN is evaluated in the same manner as the system

evaluation, whereby a fixed number of lines is used for testing the accuracy of the ANN. A total of 13,178

lines are used to test each case, whereby 5,162 are labelled as fractured lines and 8,016 are non-fractured

lines. The result of the accuracy for each case is illustrated in Figure 5.11.

Table 5.4 shows that despite the number of images trained, it does not affect the accuracy of the ANN as the

accuracy of the system ranges between 65.37% to 75.44%. This indicates that a single image provides the

ANN with enough line training data to achieve an average of 71.57% accuracy. Figure 5.11 illustrates that

the accuracy of the ANN is between 67% to 72% after the exposure of 40 lines. Therefore, the minimum

number of lines needed to achieve an accuracy between 67% to 72% are 20 fractured and 20 non-fractured

lines. An increase in the number of lines exposed to the ANN, does not result in any drastic improvements

regarding the detection accuracy.
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Graph illustrating the performance of the ANN for the Standard line-based fracture detection scheme

Figure 5.11: Graph illustrating the performance of the ANN whilst training it with an equal number of

fractured and non-fractured lines for each case for the Standard line-based fracture detection scheme.
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5.5 Adaptive Differential Parameter Optimized Line-Based Fracture De-

tection

For the Standard line-based fracture detection scheme, the parameters of the Probabilistic Hough Transform

is not optimized for line detection. The purpose of the Adaptive Differential Parameter Optimized (ADPO)

line-based fracture detection scheme is to optimize the parameters, such that the generated lines can

accurately represent the image edge objects found in the X-ray image. This includes generating granule lines

that details the fractures in the fractured region. There are three major parameters that are optimized:

threshold, minimum line length and maximum line gap parameters. The ADPO line-based fracture detection

scheme follows the same procedure as the Standard scheme. The difference is that the ADPO introduces a

parameter optimizing process and a filtering technique to separate surrounding flesh lines from the leg-bone

lines in the leg region. The architecture and training of the ANN remains the same as the Standard scheme.

Additionally, the evaluation for both system and ANN remains the same.

5.5.1 Adaptive Differential Parameter Optimization

1. The threshold parameter controls the number of point intersections, such that (rθ, θ) coordinates are

considered as lines. An increased threshold value defines fewer lines with less minor details about the

image edge objects, whereas a decreased threshold parameter value captures all details about the image.

This is illustrated in Figure 5.12. Therefore, the threshold parameter value is set to 1. Although the

detected lines in Figure 5.12(a) are scattered compared to the lines in Figure 5.12(b), the lines are

reconstructed at a later stage when all other parameters are optimized.

2. The minimum line length, lmin parameter controls the accepted length of the detected line. An

increased lmin eliminates lines that are considered as noise, however it disregards detailed lines that

are found in the fractured region. This is depicted in Figure 5.13, where Figure 5.13(a) shows more

detailed lines, particularly within the fractured region compared to Figure 5.13(b), whereas in Figure

5.13(b), the outline of the fracture is barely visible from the generated lines. Although a minimal value

assigned to lmin may be ideal, but the generated lines contains redundant information, as a number

of short segmented lines can be represented by a single line instead. Additionally, the shorter lines

distorts the most frequently occurring gradient within the leg region and therefore effects the gradient

deviation feature.

The optimized minimum line length, l′min is determined by obtaining the gradients of each line, L

detected in the image for a particular lmin, where 1 ≤ lmin ≤ 25. Thus there are a total of 25 images

generated for each minimum line length ranging from 1 to 25. The gradients of each line within each

image is used to calculate the average gradient, θ̄lmin to represent the general direction of the lines in

the image. The determination of θ̄lmin is expressed in (5.19). The average gradients are evaluated to

determine the maximum difference between adjacent average gradients. This evaluation is performed

by finding the difference between each adjacent average gradient, which is expressed in (5.20). The

lmin associated to the maximum difference between the average gradients, ∆θ̄max is the optimized
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(a) Threshold value 1 (b) Threshold value 50

Figure 5.12: Images illustrating the generated line difference between a minimal and increased threshold

parameter value.

minimum line length. This is because the gradients of the fractured lines are in a more horizontal

position between 0◦ and 45◦, compared to non-fractured lines which are generally in placed in a vertical

position. Therefore, the fractured lines have a lower gradient value than non-fractured lines and the

largest average difference is associated with l′min. The calculation is expressed in (5.21)

θ̄lmin =

∑m
k=1 θLk
m

, (5.19)

where, m is the total number of detected lines in the image and Lk is the k-th line.

∆θ̄lmin = θ̄lmin − θ̄lmin−1, (5.20)

l′min = argmax(∆θ̄lmin). (5.21)

However the lines, Ll′min generated from the optimized minimum line length does not contain all the

detailed lines in the fractured region. Thus, lines generated by prior minimum line lengths from the

optimized minimum line length are borrowed to fill in the missing detailed fractured lines. A conditional

statement is employed such that the borrowed minimum line length will never be less than the value

“1”. The prior minimum line lengths are specifically, l′min − 1 and l′min − 2. Prior lines that have been
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(a) lmin = 2 (b) lmin = 25

Figure 5.13: Images illustrating the generated line difference between a minimal and increased value assigned

to the minimum line length parameter.

previously considered, are redundant as it shares the same lines with l′min, l′min − 1, and l′min − 2. The

considered lines, L are given by (5.22)

L =
[
Ll′min Ll′min−1 Ll′min−2

]
, (5.22)

where L is a vector of lines, L(x1, y1, x2, y2).

There are repeated lines from the three selected sets of line vectors: Ll′min , Ll′min , and Ll′min . Only the

unique lines are exacted and considered. Thus, the final lines considered, Lf are expressed in (5.23)

Lf (L) = unique{Li}i∈{1,2,3,...,n} (5.23)

3. The maximum line gap, Lgmax parameter controls the gap between the ending points of each line

segment. If the distance between the line segments’ ending points do not meet the allowed maximum

line gap, the segments are combined to create a single line. A decreased maximum line gap generates

lines that do not describe the image edge objects in the fractured region, despite the optimized minimum

line length value. The results are shown in Figure 5.14(a). An increased maximum line gap generates

lines that misrepresents the image edge object, as it over extends the lines. The result of an increased

maximum line gap value is shown in Figure 5.14(b). The selected value for the maximum line gap is
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13. The value is chosen based on the evaluation of the number of lines generated for each maximum

line gap value ranging between 10 and 20. The maximum line gap value of 13 is chosen as it generates

a sufficient number of lines that details the crucial information for 50 images used for testing.

(a) Lgmax = 10 (b) Lgmax = 25

Figure 5.14: Images illustrating the generated line difference between a minimal and increased value assigned

to the maximum line gap parameter.

5.5.2 Lines of Interest in the Leg Region

Through visual analysis of lines generated from the X-ray images, the detected lines includes both the lines

of the bones and of the surrounding flesh (outer leg) as illustrated in Figure 5.15(a). The fractured lines are

only situated in the leg-bone region. Therefore, the focus of the fracture detection only concerns the lines

within the leg-bone region. Consequently, the surrounding flesh lines are eliminated to reduce the number

of lines used for training the ANN. The elimination of the flesh lines is performed through the process of

analysing the x-values of each line point. The x-values are chosen for the analysis for two reasons. The first

is to isolate the lines in the leg-bone region from the surrounding flesh lines by creating vertical slices of

the image. The second reason is due to the pattern discovered with the x-values regarding its difference in

density for lines in the flesh and leg-bone region. The leg-bone has a higher x-value density compared to

the flesh lines, as there are more detected lines in the leg-bone region. This pattern holds true for all X-ray

images used for this research.
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(a) All lines detected in leg region (b) Removal of all other lines except lines in the bone region

Figure 5.15: Images illustrating the before and after of applying the sliding window to isolate the surrounding

flesh lines from the leg-bone lines in the leg region.

In order to focus on the lines in leg-bone region, the lower and upper bounds are determined using the

extracted x-values from the lines. Therefore, x1 and x2 are extracted from each line, L(x1, y1, x2, y2). A

frequency vector, fx for all unique x-values is created. The frequency vector holds the total number of

occurrences for each unique x-value in the form of (x, f), where x is the unique x-value and f is the number

of occurrences for the particular x-value. The x-values of fx are analysed by employing a sliding window, w∗

that traverses through each x-value of the image width, w to find matching values in fx. The window size,

lw∗ of the sliding window is 5% of the image width, w. The 5% value is selected based on the number of

detailed points obtained from the windowing procedure, which is through trial-and-error. An increase in the

window size gives leeway for the lower bound value, however the upper bound value is shortened and does

not achieve the desired x-value. Thus, by increasing the window size, the ROI is shifted.

The sliding window is bounded by two variables, the starting window value, ws and the ending window

value, we. The two variables vary in value as the sliding window traverses through the width of the image,

whilst maintaining a fixed length defined by lw∗ . If a match between the i-th x-value within the sliding

window (ws ≤ i ≤ we) with the j-th x-value in fx, then frequency, fj is summed to obtain the window total

frequency, f (i)tot for the i-th width x-value. The purpose for obtaining f
(i)
tot for each i-th x-value is to find the

region with the highest x-value density to determine the lower and upper bounds of the leg-bone region. The

described algorithm is presented in Algorithm 2 and the result of the density algorithm for Figure 5.15(a) is

illustrated in Figure 5.16.
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Algorithm 2: Obtaining x-Value-Density of x-values Extracted from Lines Algorithm

Data: x-values, x1 and x2 from each detected line

Result: csv file with summed frequency values at each i-th value within the X-ray image

Create csv file;

Obtain frequency vector fx for each unique x-value through frequency analysis;

Initialise sliding window size, lw∗ to 5% of image width, w;

for i = 0, i < w, i+ + do

Window start, ws = i;

Window end, we = i+ lw∗ ;

Window frequency, f
(i)
tot = 0;

for j = 0, j < lfx, j + + do

if ws ≤ f (j)
x < we then

f
(i)
tot = f

(i)
tot + fj ;

end

end

record the total frequency within the current window, f
(i)
tot along with the associated i-th value in the

csv file;

end

return csv file ;
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Graph illustrating the sum of frequencies for x-values found at for each window frame

Figure 5.16: Graph showing the results of the windowing technique to Figure 5.15(a).
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In Figure 5.16, the region with the highest peak is indicative of the highest x-value density within the image.

The lower and upper bounds of the region is determined by observing the turning points of the graph in

Figure 5.16. The result of applying the lower and upper bounds is presented in Figure 5.15(b).

5.5.3 Optimized Line-Based Detection Results

The results of the ADPO line-based fracture detection scheme are obtained from the same experimental

set-up described in Section 5.4.1. However, the difference is the data used for both training and testing the

ANN. The ANN is only trained with lines that are found within the leg-bone region. The elimination of

the surrounding flesh lines reduces the training complexity of the ANN. Therefore, the evaluation of the

ANN is focused on classifying fractured lines from non-fractured lines found only in the leg-bone region,

whilst all other lines are evaluated by other components in the system. This means that the lines found

within the knee, foot and flesh regions are automatically classified as non-fractured lines. A total of 16,515

lines extracted from 23 images are employed to evaluate the ADPO scheme. Of the 16,515 lines, 8,035 are

fractured lines and 8,480 are non-fractured lines.

The image evaluation accuracy results for the ADPO line-based fracture detection scheme is presented in

Table 5.5. The average number of lines per image used for the ADPO scheme is 849 lines per image. The

accuracy of the system ranges from 63.61% to 80.88%. Thus yielding an average accuracy of 72.89%, which

is a slight improvement from the average accuracy obtained from the Standard scheme, which is 71.57%.

The accuracy improvement indicates that automated classification of the line found in the knee, foot and

flesh regions improves the system’s overall performance. This can be seen in he graphical illustration in

Figure 5.17, where it compares the results of the ADPO scheme to the Standard scheme.

Figure 5.18 illustrates the performance of the ANN. A total of 11,195 lines are used to test each case for the

ANN, whilst 8,035 lines are fractured and 3,160 are non-fractured. The results shows that the accuracy of

the ANN requires a minimum of 300 lines to obtain a 65% accuracy. The accuracy achieved for the ANN

evaluation is less than the accuracy of the Standard scheme, which obtained a maximum accuracy of 72%.

However, the ANN of the ADPO scheme focuses only on the lines in leg-bone region, whereas the ANN of

the Standard scheme is exposed to all lines detected in the X-ray image.

Table 5.5: The results for the system’s minimum, average and maximum accuracies for 20 cases over 10

simulations for the ADPO line-based fracture detection scheme.

No. Trained Images Min Accuracy (%) Average Accuracy (%) Max Accuracy (%)

1 65.129 73.8656 80.866

2 63.294 74.7085 82.894

3 62.246 72.0613 81.732

4 63.53 72.3312 80.751

5 61.629 74.2942 81.483

6 61.32 70.5336 80.715

7 65.389 74.9762 81.163
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No. Trained Images Min Accuracy (%) Average Accuracy (%) Max Accuracy (%)

8 63.76 70.1397 81.998

9 65.722 75.3762 81.417

10 62.168 70.9889 80.648

11 62.313 71.7632 81.217

12 61.508 72.1551 80.587

13 65.752 74.2622 82.955

14 64.087 71.7565 78.401

15 59.891 72.1895 80.793

16 65.934 71.1875 77.312

17 60.539 73.1001 79.752

18 68.314 75.1457 81.695

19 64.693 72.3942 80.339

20 65.05 74.5831 80.793

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21
0

10

20

30

40

50

60

70

80

90

100

No. Image Trained

A
cc
u
ra
cy

of
D
et
ec
ti
on

(%
)

Graph showing the average accuracy results for the ADPO line-based fracture detection scheme
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Figure 5.17: Graph illustrating the average accuracy for 20 cases over 10 simulations for the improved ADPO

line-based fracture detection scheme.
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Graph illustrating the performance of the ANN for the ADPO line-based fracture detection scheme

Figure 5.18: Graph showing the system’s minimum, average and maximum accuracies of the ADPO line-based

fracture detection scheme.

The ROC curve for the system evaluation is presented in Figure 5.19. There are three distinct ROC results

illustrated: measured results, estimated ROC, and ROC reference. The measured results are obtained from

each case used to evaluate the system. Since the measured results are scattered, a ROC approximation

using the measured results is constructed. The estimated ROC curve is employed for the calculation of the

AUC, in which the AUC has a value of 0.8271. The ROC reference provides further context of the system’s

performance relative to a system that randomises binary classification. The AUC value obtained shows that

there is a slight improvement from the Standard scheme, where the AUC value is 0.8149. Therefore, the

ADPO scheme is more sensitive in detecting true positives than the Standard scheme.
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Figure 5.19: Figure illustrating ROC curve for the ADPO line-based fracture detection.

5.6 Line-Based Fracture Detection Scheme Complexities

The complexity for both the Standard and the ADPO line-based fracture detection schemes relies on the

complexity of the image enhancement and line detection process, as well as the architecture of the ANN.

The complexity of the image enhancement process is discussed in Chapter 4. Both the Standard and ADPO

line-based fracture detection schemes utilises the same ANN architecture, as both schemes extract the same

features from the detected line objects. The complexity of the ANN architecture is discussed in Section

5.3.5. The difference in complexities between the Standard and the ADPO line-based fracture detection

schemes lies within the line detection process. The ADPO scheme introduces an additional optimization

component for granular line detection, as well as a component that isolates the lines detected in the leg-bone

region from the surrounding flesh lines. The two additional components adds more computational complexity

to the ADPO scheme compared to the Standard scheme, as further computations are performed for the

optimization of line detection and isolation of the lines in the leg-bone region.
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5.7 Critical Analysis

The performance of the ANN is evaluated based on its ability to accurately classify fractured and non-

fractured lines. There are four variables that are employed to evaluate the results of both the ANN and the

entirety of the system: true positive, true negative, false positive and false negative.

In the medical field, false positives are tolerated, as it is indicative of a cautious system. However, false

negatives cannot not be tolerated as it means that a fracture is being detected as normal. It is difficult to

avoid false negatives when working with ANN’s due to its purpose for forming a generalised operation for all

input data. Therefore, the number of false negatives must be as minimal as possible. The accuracy, a for the

evaluation of both the ANN and the system is expressed in (5.24).

a =
TP + TN

TP + TN + FP + FN
(5.24)

By evaluating (5.24), the accuracy is purely based on the number of true positive (TP) and true negatives

(TN) and it provides minimal detailing about false positives (FP) and false negatives (FN). Therefore the

accuracy obtained from the results above provides an indication of the system’s ability to correctly detect

true positives and true negatives. The understanding of the false positives and false negatives is crucial in

(5.24), as an increase in either FP or FN value, it decreases the overall accuracy. An analysis performed on

the FP and FN for the Standard and ADPO scheme are illustrated in Figures 5.21 and 5.22, respectively.

The Standard scheme has a ratio of 1:0.48 for FP to FN, whilst the ADPO scheme has 1:1.33 ratio. Thus

the ADPO scheme has a higher number of FN detections compared to the Standard scheme. This is a result

of the number of fractured and non-fractured lines employed for the testing of the ADPO scheme. The

number of fractured and non-fractured lines used for the evaluation of the ADPO scheme is 8,035 and 8,480,

respectively. The increase in the fractured lines is the result of the optimized parameters in the Probabilistic

Hough Transform for line detection, whereas the Standard scheme is evaluated with 4,707 fractured and

7,203 non-fractured lines. Therefore, the ADPO scheme has a higher possibility of detecting false negatives

due to the increased number of detected fracture lines and as a result has a ratio of 1:1.33 for false positives

to false negatives. However, the ADPO scheme has less false positive and false negative detections compared

to Standard scheme, which is illustrated in Figures 5.21 and 5.22. The ADPO scheme false positive and false

negative detection are all below 20% regardless of the number of images used to train the ANN.

Further evaluation of the ROC curves for both Standard and ADPO schemes in Figure 5.20, the ROC curve

of the ADPO scheme increases in TPR at a lower FPR value compared to the ROC curve of the Standard

scheme. The ROC curve of Figure 5.10 indicates that the scheme reaches maximum sensitivity at 0.4 FPR for

the measured results, whilst in Figure 5.19 the maximum sensitivity is reached at 0.37 FPR. This indicates

that the sensitivity performance of the ADPO scheme is slightly better than the Standard scheme.
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Figure 5.20: ROC curves for both the Standard and ADPO line-based fracture detection scheme.

Although, the ADPO scheme has a better sensitivity and accuracy performance compared to the Standard

scheme, the system’s maximum achievable accuracy is 82.9%, which can be further improved. However,

the accuracy of the described schemes are hindered by the labelling of the lines. The approach utilised for

the labelling of the fractured and non-fractured lines is an area selection approach, whereby the lines that

are within the selected area are labelled as fractures. Lines that are not considered as fractures by human

visualisation but are within the selected area are mislabelled. This affects the ANN performance as the

weights in the ANN are adjusted due to the mislabelled lines. However, the affect on the weights is minimal

as there is only a minority of mislabelled lines. Additionally, the number of features extracted from the

lines is limited, because only two points are provided by the Probabilistic Hough Transform to describe

the line detected from the image edge objects of the X-ray image. Moreover, the line detection within the

X-ray image is only an approximation of the image edge objects in the X-ray image. An improved detection

methodology built from the foundations of the line-based fracture detection scheme is detailed in Chapter 6,

whereby contours are utilised rather for feature extraction instead of lines.
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Graph showing percentage of False Positives and False Negatives for Standard Line-Based Fracture Detection

False Positives False Negatives

Figure 5.21: Histogram graph presenting the percentage of false positives and false negatives in each case for

the Standard line-based fracture detection scheme.

5.8 Conclusion

To conclude, this chapter details two line-based fracture detection schemes, Standard and ADPO. Both

line-based fracture detection schemes utilises 13 extracted features from the detected lines. The difference is

that the ADPO scheme optimises the parameters in the Probabilistic Hough Transform for line detection.

The optimisation detects more detailed lines for the fractured region within the X-ray image compared to the

Standard scheme. Additionally, the ADPO scheme employs a technique which isolates the bones within the
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Graph showing percentage of False Positives and False Negatives for ADPO Line-Based Fracture Detection
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Figure 5.22: Histogram graph presenting the percentage of false positives and false negatives in each case for

the ADPO line-based fracture detection scheme.

leg region from the surrounding lines of the flesh. Therefore, the ANN is only trained with lines within the

leg-bone regions. Thus, shifting the focus of the ANN to detect fractures within the leg-bone area only. The

system eliminates all other detected lines, which are automatically classified as non-fractures. This includes

lines within the knee, foot and surrounding flesh region. In focusing the ANN for lines only in the leg-bone

region, it reduces the training complexity of the ANN. The accuracy of the ADPO scheme is slightly better

than the accuracy of the Standard scheme. The average accuracy of the ADPO system is 72.89%, whilst the
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average accuracy of the Standard scheme is 71.57%.

The ANN evaluation without image context indicates that the Standard scheme performs better than the

ADPO scheme, however the ADPO ANN only focuses on the lines found within the leg-bone region, whereas

the Standard scheme’s ANN is given all detected lines for training. Therefore, the accuracy evaluation will

be higher for the Standard scheme as there is a larger number of classified true negatives in the accuracy

calculation compared to the ADPO scheme. Further analysis is performed on both schemes to evaluate the

ratio of false positive to false negative detection. The ADPO scheme has a higher false negative detection

compared to the Standard scheme, but the sensitivity of the ADPO scheme is better than the sensitivity of

the Standard scheme. This is determined by employing ROC curves and the calculation of the AUC. The

AUC of the Standard scheme is 0.8149, whilst the AUC of the ADPO scheme is 0.8271. Therefore, between

the two line-based fracture detection schemes, the ADPO scheme is preferred over the Standard scheme.

The limitation of both schemes lies within the detection of the lines, where the detected lines are an

approximation of the image edge objects in the X-ray image. Additionally, the two points provided to

describe the lines limits the number of features that are extracted for fracture detection. Due to the

limitations of line detection and extracted features, an alternative approach is considered in Chapter 6,

which improves upon the line-based fracture detection schemes. The alternative approach employs the use of

contours over the use of lines for feature extraction.
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Chapter 6

Contour Histogram Feature-Based Fracture

Detection Scheme

The contour-based fracture detection scheme is an improvement from the line-based fracture

detection schemes. There are two contour-based fracture detection schemes. The first is the

Standard Contour Histogram Feature-Based (CHFB) and the second is the improved CHFB

scheme. The difference between the two schemes is the removal of the surrounding detected flesh

contours from the leg region in the improved CHFB scheme. The flesh contours are automatically

classified as non-fractures. The contours are further refined to give a precise representation of the

image edge objects. The refinement technique employed eliminates repeated points that completes

the contour. This reduces redundancy of information. A total of 19 features are extracted

from each refined contour. 8 out of the 19 features are based on the number of occurrences

for particular detected gradients in the contour. Moreover, the occurrence of the 0◦ gradient

in the contours are employed for the separation of the knee, leg and foot region. The features

are a summary representation of the contour, in which it is used as inputs into the ANN. The

ANN architecture is similar to the one utilised for the line-based fracture detection scheme. The

difference is the number of nodes for the input and hidden layers. This is to accommodate for the

additional features that are extracted from the contours. Both Standard CHFB and improved

CHFB schemes are evaluated with the same experimental set-ups for the line-based fracture

detection. The experimental set-ups evaluate both the system and ANN performance. The average

system accuracy for the Standard CHFB scheme is 80.7%, whilst the improved CHFB scheme

has an average accuracy of 82.98%. Therefore there is a slight performance improvement for

the improved CHFB scheme compared to the Standard scheme. Additionally, the hierarchical

clustering technique is adopted to highlight the fractured region within the X-ray image, using

extracted 0◦ gradients from fractured contours.
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6.1 Introduction

The following chapter details the Contour Histogram Feature-Based (CHFB) fracture detection scheme, which

is built from the foundations of the line-based fracture detection schemes. It utilises detected contours for

feature extractions. A contour is defined as a sequence of pixels surrounding an image edge object. Thus the

contours consist of more information than the detected lines in the Standard and ADPO schemes. The increase

of information allows for the extraction of more features, which is discussed in Section 6.3.5. The features

are analysed using PCA to determine the dominant contour feature(s). The dominant feature(s) indicate(s)

the feature(s) that holds the most information to provide insight of the feature(s) which differentiate(s) a

fractured contour from a non-fractured contour. The application of PCA is detailed in Section 6.3.7. Before

feature extraction, the detected contours are refined to eliminate duplicated information. The refinement of

the contours is detailed in Section 6.3.2. The additional information provided by the contour allows for image

segmentation. There are three distinct regions within an X-ray image, namely the knee, leg and foot regions.

The image segmentation process separates the three regions such that the focus is on the leg region. The

image segmentation process is detailed in Section 6.3.3. The ANN architecture for CHFB fracture detection

consists of four layers: one input and output layer, and two hidden layers. It has a similar ANN architecture

to the ANN for both the Standard and ADPO schemes. However, the difference is the number of nodes in

each layer of the ANN. This is detailed in Section 6.3.9. The results of the ANN are illustrated in Section

6.4, where the experimental set-ups for the CHFB fracture detection scheme are discussed.

6.2 Contour Histogram Feature-Based Fracture Detection System Over-

view

The CHFB fracture detection scheme consists of similar components as both the Standard and ADPO

schemes. The difference in the two schemes is the detected objects used for feature extractions. The

Standard and ADPO scheme utilises line detection, whereas the CHFB schemes utilises contour detection.

Consequently, the CHFB schemes consists of additional components, namely contouring refinement and

image segmentation. PCA is applied to the extracted features to determine the contributing dominant

feature(s) for fractured and non-fractured contours. The training of the ANN consists of two components,

namely the ANN architecture and the training data used to train the ANN. The execution of the ANN

both tests the accuracy of the ANN performance as well as obtains visual output results of the detected

fractured contours. Additionally, the fractured region is identified using a hierarchical clustering technique

on 0◦ gradient points extracted from fractured contours. An overview of the CHFB fracture detection scheme

is illustrated in Figure 6.1.
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Figure 6.1: Flowchart illustrating an overview of the system for the contour-based fracture detection scheme.

6.3 Methodology

6.3.1 Contour Extraction

The contours are detected using the canny image generated from the Canny edge detection technique. The

canny image consists of highlighted edges against a dark background. Contours defined as a sequence of

points, (x, y) surrounding image edge objects. Therefore each detected contour varies in size depending

on the size of the image edge object. The size of the contour is determined by the number of points that

construct the contour. The contour provides more information about the image edge objects compared

to the detected lines. This is because contours are composed of more than two points to represent image

edge objects found within the X-ray image. However, since the contour surrounds the edge object, there

are repeated points that introduce redundancy. Consequently, the contours are further refined to eliminate

the redundancy as the redundant points distort the representation of the image edge objects. Figure 6.2
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illustrates the extracted contours from the X-ray image.

(a) Original Enhanced X-ray Image (b) Extracted Contours from X-ray Image

Figure 6.2: Images illustrating the extracted contours from the enhanced X-ray image.

6.3.2 Contour Refinement Processing

The purpose of further processing the contours is to refine the contours by eliminating repeated points. The

refinement of the contours is conducted due to the repeated points that complete the contour surrounding

the image edge objects. Consequently, the elimination of the repeated points reduces redundant information

and produces a better representation of the image edge object found in the image. A flow diagram of the

contour refinement process is illustrated in Figure 6.3. The ending index value, Ie indicates the stopping

point of all the unique points within the contour from the starting index point, Is. All other points beyond

Ie are repeated points that forms the complete closed contour. In order to determine Ie, the maximum

distance, dmax between the contour’s starting point, p1 and all other points, pi, where i ∈ {2, 3, 4, ...,m} and

m is the total number of points in the contour, are calculated. The distance between each contour point

from point p1 is calculated using (6.1),

di = |xp1 − xpi |+ |yp1 − ypi |, (6.1)
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where, i ∈ {2, 3, 4, ...,m} whilst the maximum distance is expressed in (6.2).

dmax = max(d1, d2, d3, ..., dm). (6.2)

The turning-points of the closed contour is determined using di, in which it provides the direction of

each point from point p1. The direction of each point is referred to as the directional status, Di, where

Di ∈ {“increasing”, “decreasing”}, which is expressed in (6.3). A change in direction, ∆Di at Di in the

contour is a change in directional status between Di and Di−1.

Di =

{
“increasing”, di > di−1

“decreasing”, di < di−1

(6.3)

The change in direction, ∆Di is used to find the turning point with the smallest distance value, dmin.

Therefore all di at Di that are classified as a turning points are stored in vector, v. Vector vd stores the

index and distance values in the form of (I, d), where I is the index value and d is the distance value. The

minimum distance dmin is calculated using as.

dmin = min(vd) (6.4)

The minimum distance, dmin is evaluated by a threshold value, T that is defined by (6.5).

T = 0.25dmax (6.5)

The evaluation determines the relative positioning of the turning point compared to dmax. The purpose of

this evaluation is to determine Is and Ie. If ∆dmin < T , the calculation of Is and Ie are illustrated by (6.6)

and (6.7), respectively. Otherwise Is = 0 and Ie = Idmax , where Idmax is the index value at the dmax.

Is =

⌈
Idmin

2

⌉
, (6.6)

Ie =

⌈
Idmin + (m− 1)

2

⌉
, (6.7)

where Idmin is the index of the dmin at the turning point and m is the total number of contour points.



Chapter 6 — Contour Histogram Feature-Based Fracture Detection Scheme 74

Start

p1 = c0

d1 = 0

d0 =| c1x − c0x | + | c1y − c0y |
dmax = d0

Idmax
= 1

v = ∅
i = 2

i < m

di =| cix − c0x | + | ciy − c0y |

di > dmax?
dmax = di
Idmax

= i

di > di−1? Di = “increasing”

di == di−1? di = di−1

Di = “decreasing”

Di 6= Di−1? v =

[
v

(i− 1, di−1)

]

Di−1 = Di

di−1 = di

i + +

size(v) 6= 1?

dmin = min(vd)

T = d0.25dmaxe

dmin ≤ T?
Is = d Idmin

2 e
Ie = d Idmin

+(m−1)

2 e

Is = 0

Ie = Idmax

cr =

{
(xI , yI), Is ≥ I ≥ Ie
otherwise

cr =

{
(xI , yI), 0 ≥ I ≥ vI0

otherwise

return edges

End

True

False

True

Yes

No

Yes

No

Yes

False

True

True

False

False

Figure 6.3: Flowchart illustrating the contour refinement processing technique.
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6.3.3 Image Segmentation

The X-ray images of the lower human limb consists of three distinct regions, namely, the knee, leg and foot

regions. In order to perform fracture detection from the X-ray image using contours (or lines), the regions

are separated. The separation technique is intended to isolate the detected contours within the leg region

from all other regions. This is to avoid any possible confusion between the detected contours in the knee and

foot region with fractured contours found in the leg region. The separation methodology is based on the

frequency analysis of 0◦, 45◦, 90◦ and 135◦ gradients. The gradients are extracted from the detected contours.

The gradients are determined by calculating the gradient between adjacent contour points. The frequency

analysis evaluates the extracted gradients at its associated vertical positioning in the X-ray image.

The interpretation is conducted using the vertical positions of the image due to the positioning of the three

regions. Moreover, the three regions are separated by slicing the image horizontally to achieve three distinct

areas. The operation is performed through recognizing patterns in the extracted gradients. The gradients

provide more information about the knee and foot regions positioning within the image. Therefore, the

contours within the knee and foot regions have a more horizontal positioning compared to the contours within

the leg region. This is illustrated in Figure 6.4. As a result of the increased number of horizontal contour

placements, there is a high density of 0◦ gradients at particular regions within the image. In consequence,

the image segmentation employs a frequency analysis technique to identify the areas of high 0◦ gradient

density along the vertical direction of the image to create three distinct regions.

(a) Extracted Contours with Foot Region Present (b) Extracted Contours with Knee

Region Present

Figure 6.4: Images illustrating the extracted contours in the knee and foot region.
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The result of the frequency analysis for Figure 6.4(a) is presented in Figure 6.5. Figure 6.5 clearly illustrates

that there is a cluster of 0◦ gradients within the foot region. This cluster of 0◦ gradients is indicative of the

y-value that is used to separate the foot region from the leg region. However, verification for both the knee

and foot region is required. The verification of the y-value to separate both knee and foot region from the

leg region is illustrated in Figure 6.6.
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Figure 6.5: Density graph for each unique gradient against the image y-values.

6.3.4 Region Verification

The X-ray images have a portrait orientation, in which the upper portion of the lower-limb (knee region) is

positioned at the top, and the lower portion (foot) of the limb is at the bottom of the image. Therefore the

y-values at 0◦ gradient are used to verify the knee and foot region. Only the y-values at the 0◦ gradient

are considered, as the other three gradients do not provide information about the regions. The top left

co-ordinate in (x, y) of the image is (0, 0), whilst the bottom right co-ordinate is (xmax, ymax). An adaptive

approach is taken to determine the threshold values for both the knee and foot regions.
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First the knee threshold is obtained. The verification of the knee region is given by the temporary knee

threshold, Tktemp expressed in (6.8).

Tktemp = 0.2h, (6.8)

where h is the height of the image.

The value assigned to Tktemp is based on the generalization of the knee region position within the X-ray

images. The verification algorithm updates the knee threshold value, Tk as it traverses through the y-values

at the 0◦ gradients. Figure 6.6 illustrates the algorithm whereby a temporary knee threshold is determined.

The temporary threshold is further validated with the algorithm detailed in Algorithm 3, whereby the

temporary knee threshold is checked to determine whether the value has changed from its initial value.

Algorithm 3: Knee Threshold Verification Algorithm

Data: Temporary knee threshold Tktemp value

Result: Final knee threshold value, Tk

Assign knee threshold, Tk to temporary knee threshold, Tktemp

if Tktemp not equal to 0 then

if 0◦ gradient cluster size < 115 then
Tk = 0

end

end

return Tk

For the foot region, a similar approach is employed. However, the difference is that there are two temporary

foot thresholds. The first foot threshold, Tf1 is the difference between adjacent y-values, where it is used to

determine large gaps between the 0◦ gradient clusters. Whilst the second foot threshold, Tf2 determines the

smaller gaps between the clusters. The two threshold, Tf1 and Tf2 values are checked against a pre-determined

foot threshold, Tftemp which is expressed in (6.9).

Tftemp = 0.6h (6.9)

The two thresholds are checked against the Tftemp to determine the final foot threshold value, Tf, expressed

in (6.10).

Tf =




Tf2, Tf1 < Tftemp

Tf1, otherwise
(6.10)
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Figure 6.6: Flowchart illustrating the algorithm for determining the threshold values for both the knee and

foot region.
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Both knee and foot thresholds are utilised to categorise contours within its respective regions: knee, leg, and

foot regions. The starting or ending y-value points of the contours that are less than the knee threshold are

considered part of the knee region and the contours greater than the foot threshold is considered part of the

foot region, whereas all other contours fall under the leg region. The results for both knee and foot region

separation from the leg region is illustrated in Figures 6.7 and 6.8.

(a) Contours in the Leg Region (b) Contours in the Foot Region

Figure 6.7: Images illustrating the contours detected in the knee and leg region.
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(a) Contours in the Leg Region (b) Contours in the Foot Region

Figure 6.8: Images illustrating the contours detected in leg and foot region for Figure 6.4(a).

6.3.5 Contour Feature Extraction

There are a total of 19 features extracted from each refined contour detected in the X-ray image. These

features are used as inputs into the ANN for fracture and non-fracture classification. Additionally, the

extracted features are a representation of the contour information, in which it summarises the information

about the contour. The features are listed in Table 6.1. Features 12 to 19 employ the histogram (frequency)

analysis to determine the number of occurrences for each unique gradient derived from the contours.

Table 6.1: The details of the extracted features along with its feature notation and extraction methodology

for CHFB fracture detection schemes.

Extracted

Feature

Notation Abv. Extraction Methodology

1 No. of Con-

tour Points

Nc N-C The total number of processed contour points.

2 x start x1 X1 x1 is the x-value of the first contour point

3 y start y1 Y1 y1 is the y-value of the first contour point

4 x end x2 X2 x2 is the x-value of the last contour point, where x2 > x1

5 y end y2 Y2 y2 is the y-value of the last contour point
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6 distance dt DIST-T The total distance between all adjacent points in the contour.

dt =

m∑

i=1

√
(x

(i)
2 − x

(i)
1 )2 + (y

(i)
2 − y

(i)
1 )2, (6.11)

where m is the size of the contour

7 gradient θC G The gradient between the first and the last point in the contour.

It is determined using the gradient equation expressed in (6.12).

θC = tan−1
(x2 − x1

y2 − y1

)
(6.12)

8 1st Average

gradient

θ1stAvg G-AVG1 The 1st-Average-gradient feature is obtained by determining

the gradient between two adjacent points within the contour.

θ1stAvg =

∑n
i=1 θi
n

, (6.13)

where n is the number of gradient values and θi is the gradient

between adjacent points in the contour.

9 2nd Average

gradient

θ2ndAvg G-AVG2 The 2nd-Average-gradient feature is obtained using θ1stAvg.

θ2ndAvg =

∑k
i=1 θ

(i)
1stAvg

k
, (6.14)

where k is the number of θ
(i)
1stAvg

10 x-Midpoint xM X-MID The feature is determined by calculating the midpoint of

between the x-values of each adjacent point in the contour. It

is summed and divided by the total number of midpoints to

obtain the average, which is expressed in (6.15).

xM =

∑m
i=1

(
x2i+x1i

2

)

m
(6.15)

11 y-Midpoint yM Y-MID The y-Midpoint feature is similar to the x-Midpoint feature.

However, it is in the y-direction, which is expressed in (6.16).

yM =

∑m
i=1

(
y2+y1

2

)

m
(6.16)

12 No. of Zero

Gradients

Nθ=0 N-G0 The feature is the obtained using the frequency of zero gradients

between two adjacent points.

13 No. of 45

Gradients

Nθ=45 N-G45 The feature is the frequency of 45◦ between two adjacent

points.
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14 No. of 90

Gradients

Nθ=90 N-G90 The feature is the frequency of 90◦ between two adjacent

points.

15 No. of 135

Gradients

Nθ=135 N-G135 The feature is the frequency of 135◦ between adjacent points.

16 No. of Zero

Difference

Gradients

N∆θ=0 N-G0-

DIFF

The feature is the frequency of the difference zero gradients,

which is calculated using the gradient values from features 12 -

15.

17 No. of 45

Difference

Gradients

N∆θ=45 N-G45-

DIFF

The feature is the frequency of 45◦ difference in gradient

between two adjacent gradient points.

18 No. of 90

Difference

Gradients

N∆θ=90 N-G90-

DIFF

The feature is the frequency of 90◦ difference in gradient

between two adjacent gradient points.

19 No. of 135

Difference

Gradients

N∆θ=135 N-G135-

DIFF

The feature is the frequency of 135◦ difference in gradient

between two adjacent gradients.

6.3.6 Contour Feature Correlation

Feature correlation is performed on the features extracted from the contours to investigate the dependence

and independence of each feature from all other features [89]. The correlation map is presented in Figure

6.9. There are two main types of correlations, the first is strong positive correlation which is associated to

the value “1” and the second is strong negative correlation which is associated to “-1”. An independent

feature has a correlation value of “0” against all other features. Figure 6.9 indicates that there are some

strong correlations involving features Number of contour points, x start, y start, x end, y end, 2nd Average

gradient,x-Midpoint, and Number of 45 gradients, whilst all other features have minimal dependency on one

another. Therefore, the features with strong correlation share information, which are potentially redundant.
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Figure 6.9: Correlation map illustrating the dependency between the 19 extracted contour features.

6.3.7 Principal Component Analysis

The objective of the PCA application for the Standard CHFB fracture detection scheme is to determine the

dominant features within the contours that are categorized as fractures and non-fractures. There are a total

of 19 features extracted for the Standard CHFB scheme. The feature contributions for a fracture is shown in

Figure 6.11 for 1,237 contours, whilst Figure 6.12 presents the contributions of 4,576 non-fractured contours.

In Figure 6.10, the feature contributions for 5,813 contours are illustrated. This considers all 5,813 contours

regardless of the labels, fractured or non-fractured associated with the contours. The overall dominant feature

despite the labelling of the contours is the gradient feature. Therefore, this is an indication that the gradient

feature holds the most varying information compared to all other features. Consequently, the gradient feature

is the dominating feature in both Figures 6.11 and 6.12. However, there are other sub-dominate features that

differentiate a fractured contour from a non-fractured contour. For fractured contours, the sub-dominating

features are Number of 90◦ Difference Gradient, followed by the 1st Average gradient feature, whereas

for non-fractured contours, the sub-dominating features are 2nd Average gradient followed by 1st Average

gradient. Although both fractured and non-fractured contours have similar dominating and sub-dominating

features, the contribution of each feature varies in contribution intensity.
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Figure 6.10: Graph illustrating the results of the PCA for all contours, regardless of its classification.
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Figure 6.11: Graph illustrating the results of PCA for fractured contours.
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Figure 6.12: Graph illustrating the results of PCA for non-fractured contours.

6.3.8 Contour Data Labelling

The contour data labelling employs the same approach as the data labelling methodology used in the Standard

and ADPO schemes. The labelling is performed by a medical professional through a GUI, whereby the

user is presented with the detected contours. The fracture region is selected by the user. An area selection

approach is adopted as the individual contour labelling approach introduces difficulty in identifying whether

it is fractured and non-fractured. This is due to the lack of information provided by individual contours as

there is little to no context about the contour relative to its neighbours. The fractures and non-fractures

are easily identified as a group since neighbouring contours provide more context about the contour within

the image. Consequently, an area selection approach reduces the time consumption spent on labelling the

contour data individually. A contour is labelled as a fracture if either its starting or ending point is found

within the selected area. The area approach has its disadvantages in that contours that are not considered

fractured but are in the selected fractured area, are mislabelled as fractured. Therefore, this hinders the

accuracy of the ANN. The area labelling approach for contours is illustrated in Figure 6.13.
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(a) Fracture Contour Selections (b) Highlighted Fractured Contours

Figure 6.13: Images illustrating the labelling of contours through the area selection approach.

6.3.9 Neural Network Architecture

The ANN architecture is similar to the ANN used for the Standard and ADPO line-based fracture detection

scheme, in which the ANN consists of four layers: one input and output layer, and two hidden layers. This

a deep feed-forward neural network. The difference is the number of nodes within each layer of the ANN,

except for the output layer. This is due to the additional number of features extracted from the contours.

Therefore, the value assigned to n in Figure 5.7 is n = 22. The additional three nodes are for the knee, leg

and foot regional classification.

6.4 Results Analysis

The Standard CHFB fracture detection scheme is evaluated using two different evaluations. The first

evaluation evaluates the scheme on a system performance basis, whilst the second evaluation evaluates the

performance of the ANN. The first evaluation employs the use of contours with image context. A total of 20

images along with their associated contours are randomly selected for training the ANN. Thus, there is a

total of 20 cases for the evaluation of the system’s performance. Each case has 10 simulations, to adequately

evaluate the system, as images are selected randomly for each case from a pool of 29 images. There is

an average of 112 contours per image with a ratio of 1:3.70 for fractured to non-fractured contours. Each

case is evaluated with a total number of 1,720 contours obtained from 22 images. Of the 1,720 contours,
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287 contours are fractured and 1,433 are non-fractured contours. The results for each case is illustrated in

Table 6.2. The consistency of the detection accuracy is graphically presented in Figure 6.14. Figure 6.14 is

a graphical illustration of the results obtained from Table 6.2 plotted against the accuracy results of the

ADPO line-based fracture detection scheme. It illustrates that the accuracy obtained from the contour with

its minimum and maximum accuracy in consideration performs better than the ADPO line-based fracture

detection scheme. The accuracy of the system evaluation ranges from 74.3% to 85.17%. Thus, yielding an

average accuracy of 80.7%. The accuracy results obtained indicates that with the contour-based features, the

system performs better than the line-based features which has an average accuracy of 72.89%. The accuracy

improvement is attributed to the increased number of features extracted from the contours.

The second evaluation selects random contours, which do not have any image context that the contour is

detected from. There are an equal number of fractured to non-fractured contours used to train the ANN for

each case. Therefore, the training data consists of 50% fractured contours and 50% non-fractured contours.

There are a total of 150 cases, in which the fractured and non-fractured contours are grouped in multiples of

5’s for each case. Hence, a total number of 1,500 lines are used to train the ANN. The results are presented

in Figure 6.15. The results shows that the accuracy of the ANN ranges from 78% to 83%.

Table 6.2: The results of the system’s minimum, average and maximum accuracies for 20 cases over 10

simulations for the Standard CHFB fracture detection scheme.

No. Trained Images Min Accuracy (%) Average Accuracy (%) Max Accuracy (%)

1 73.547 78.9593 84.128

2 72.907 80.6338 84.826

3 72.791 81.75 85.00

4 71.802 79.2906 84.36

5 70.756 78.7792 84.012

6 70.93 79.1047 83.256

7 77.267 82.5638 86.221

8 74.884 80.7792 87.151

9 76.163 82.2791 86.395

10 72.442 79.8721 84.012

11 76.628 80.4012 84.419

12 74.477 80.3662 85.581

13 73.721 80.8374 85.233

14 78.953 81.343 84.709

15 74.535 80.4128 85.872

16 71.802 80.9767 86.57

17 74.186 81.3779 85.64

18 75.64 81.4826 85.116
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No. Trained Images Min Accuracy (%) Average Accuracy (%) Max Accuracy (%)

19 75.872 80.7559 84.826

20 76.744 81.9769 85.988
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Graph showing the average accuracy results for the CHFB fracture detection scheme

Line ADPO accuracy
Standard CHFB accuracy

Figure 6.14: Graph illustrating the average accuracy for 20 cases over 10 simulations for the Standard CHFB

fracture detection scheme.
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Graph illustrating the performance of the ANN for the Standaard CHFB fracture detection scheme

Figure 6.15: Graph illustrating the performance of the ANN by training it with an equal number of fractured

and non-fractured contours for the Standard CHFB fracture detection scheme.

The ROC curve for the Standard CHFB fracture detection is presented in Figure 6.16, in which it has a

AUC value of 0.8225. The ROC curve is an indication of the system’s sensitivity to detect true positives. A

higher AUC value indicates better sensitivity detection, as the ideal AUC value is 1. Thus, the AUC value of

0.8225 is an improvement from the line-based fracture detection schemes. Consequently, the system reaches

maximum sensitivity at 0.3 FPR from the measured results.
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Figure 6.16: Figure illustrating ROC curve for the Standard CHFB fracture detection scheme.

6.5 Data Improvement

The Standard CHBF fractured detection scheme is improved by applying the x-value analysis on the starting

and ending points of the contours to isolate the surrounding flesh contours from the leg-bone contours. This

is illustrated in Figure 6.17. The isolated flesh contours are automatically classified as non-fractures. This

minimises the training complexity of the ANN. Additionally, the testing data set that evaluates the ANN,

does not consist of the flesh contours. It is an unfair evaluation of the ANN if the testing data set includes

the flesh contours as the ANN has no exposure (knowledge) about the flesh contours. Thus, the average

number of contours per image is 108 and the fractured to non-fractured ratio is 1:3.99 for the improved

CHFB scheme. The system evaluation of the improved CHFB scheme is detailed in Table 6.3, whereby

1,866 contours are used to evaluate the system. Of the 1,866 contours, 277 are fractured and 1,589 are

non-fractured contours. The accuracy of the system ranges from 77.08% to 87.0%, in which it yields an

average accuracy of 82.98%. A graphical illustration of the accuracy is illustrated in Figure 6.18. The

comparison between Figures 6.14 and 6.18 shows that there is a slight improvement in the accuracy for

the improved CHFB scheme. The accuracy improved from an 80.7% average accuracy to a 82.98% average

accuracy. The accuracy improvement of the overall system is attributed to the automated classification of

contours that belong to the knee, foot and surrounding flesh regions.
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(a) Original Extracted Contours (b) Bone Contours Only

Figure 6.17: Images illustrating the isolation surrounding flesh contours from the leg-bone contours.

Table 6.3: The results for the system’s minimum, average and maximum accuracies for 20 cases over 10

simulations for the improved CHFB fracture detection scheme.

No. Trained Images Min Accuracy (%) Average Accuracy (%) Max Accuracy (%)

1 75.134 82.9314 86.227

2 82.047 84.4052 89.068

3 77.17 83.7996 87.138

4 75.67 83.5209 87.835

5 78.992 82.942 87.46

6 78.242 82.5348 86.174

7 77.438 82.8831 86.763

8 77.063 82.3205 85.316

9 81.726 85.4824 87.245

10 78.135 82.6796 87.513

11 71.704 80.9593 86.281

12 75.616 82.149 86.549

13 74.812 82.4061 86.442

14 76.313 82.4706 86.71

15 78.189 83.3976 86.334
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No. Trained Images Min Accuracy (%) Average Accuracy (%) Max Accuracy (%)

16 77.331 84.0032 86.763

17 75.563 80.879 86.388

18 77.599 84.5658 88.371

19 77.867 84.2765 87.728

20 74.973 80.9754 87.406

2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21
0

10

20

30

40

50

60

70

80

90

100

No. Image Trained

A
cc
u
ra
cy

of
D
et
ec
ti
on

(%
)

Graph showing the average accuracy results for the improved CHFB fracture detection

Line ADPO accuracy
Standard CHFB accuracy
improved CHFB accuracy

Figure 6.18: Graph illustrating the average accuracy for 20 cases over 10 simulations for the improved CHFB

fracture detection scheme.

The AUC graph for the the improved CHFB scheme is presented in Figure 6.19, in which it has an AUC value

of 0.8275. This is a slight improvement from the Standard CHFB scheme that has an AUC value of 0.8225.

Therefore the improved CHFB has a better sensitivity than the Standard CHFB scheme. Consequently, the

improved CHFB scheme reaches maximum sensitivity at 0.21 FPR from the measured results.
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Figure 6.19: Figure illustrating ROC curve for the improved CHFB fracture detection scheme.

Figure 6.20 illustrates the ANN evaluation for the new contour data over a fixed numbers of total contours,

whereby 50% are fractured and 50% are non-fractured contours. The figure shows that the accuracy of the

ANN has a similar pattern to Figure 6.15, in which both figures show a gradual increase in accuracy as

the total number of contours used for training increases. The ANN performance is evaluated using a fixed

number of contours of 1,718 contours which are extracted from 22 images. There are 277 contours labelled

as fractures, whilst there are 1,441 contours labelled as non-fractures.
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Graph illustrating the ANN accuracy over a fixed number of fractured and non-fractured improved contours

Figure 6.20: Graph illustrating the accuracy of the ANN for training an equal number of fixed fractured and

non-fractured contours.

6.6 Clustering

The detection of fractured contours is performed by the contour-based fracture detection scheme, in which

contours classified as fractures are illustrated to the user through the GUI. The results of the detected

fractures from the improved CHFB scheme are illustrated in Figure 6.21(a). However, there are contours

which extend beyond the fractured area which do not highlight the fractured region. In order to highlight

the fractured region, the 0◦ gradient points of the fractured contours are extracted for further processing to

highlight the fractured region. The processing technique adopted is the hierarchical clustering technique.

Hierarchical clustering is the gathering of points based on the distance between a selected point and all other

points to form clusters. Smaller clusters are gathered to form larger clusters, hence creating a hierarchy

of clusters [90]. The hierarchical cluster has two main components which determines the hierarchy of the

clusters, namely the metrics and linkage component. The metrics component is a formula employed for the

determination of the distance between points, whilst the linkage is the formula used connect clusters to form

a larger clusters. The formulas chosen for both metric and linkage component are the classic Euclidean (6.17)

and complete linkage (6.19) formulas.
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d(p, q) = d(q,p) =
√

(q1 − p1)2 + (q2 − p2)2 + ...+ (qn − pn)2 (6.17)

=

√∑

i

(qi − pi)2 (6.18)

d(P,Q) = max{d(p, q)} : p in P, q in B) (6.19)

Clustering is applied to the extracted 0◦ gradient points from the detected fractured contours. The result

of the clustered points for Figure 6.21(a) is illustrated in Figure 6.21(b). The selected hierarchy cluster

is selected based on the distance between the clusters. The selection is performed manually through the

GUI. This allows for the user to have precise control over the highlighted fractured regions. Therefore, the

application of the clustering technique precisely locates the fractured region within the X-ray image.

(a) Detected Contour Fractures (b) Fracture Region

Figure 6.21: Images illustrating the detection of the fractured contours and its highlighted fractured region.
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6.7 Contour-Based Fracture Detection Scheme Complexities

The complexity of both the Standard and the improved CHFB schemes are reliant on the image enhancement

and contour-detection process, as well as the architecture of the ANN. The complexity of the image

enhancement process is discussed in Chapter 4. The contour-detection process poses more complexity than

the line-detection process. This is because the contour-detection process extracts contours, in which a contour

is constructed of a series of points, whilst for line-detection, a line is represented by two points, starting

and ending points. Consequently, the feature extraction from the contours require more computation, as it

evaluates a series of points for each detected contour, which results in an increased computational complexity

compared to feature extraction from detected lines where it only deals with two points for each line. The

ANN architecture of the CHFB schemes are similar to the ANN used for the Standard and ADPO line-based

fracture detection. The difference is the number of nodes within the input and the hidden layers due to

the different and additional extracted features from the contours. The architecture of the ANN for both

the Standard and improved CHFB schemes consist of additional nodes in both the input and the hidden

layers. The additional nodes increases the complexity of both the Standard and the improved CHFB schemes,

as the training complexity of the ANN increases due to the added weighted-connections to the additional

nodes. For the improved CHFB scheme, an added component is introduced for the isolation of the contours

in the leg-bone region from surrounding flesh contours. The added component introduces computational

complexity as the scheme performs an extra evaluation for the isolation procedure. At the same time, the

added component reduces the training complexity of the ANN, by automating the classification of the

surrounding flesh contours as non-fractures. Thereby, the ANN of the improved CHFB scheme only classifies

contours that are within the leg-bone region.

6.8 Critical Analysis

The average accuracy for the Standard CHFB scheme is 82.21%, whilst the improved CHFB scheme is

84.03%. Thus, the improved CHFB scheme performs better than the Standard CHFB scheme. The accuracy

for both schemes are calculated using (5.24). The detected false positive and false negatives provides an

indication of the systems detection sensitivity. Although, the improved CHFB scheme has a better detection

accuracy than the Standard CHFB scheme, it has a similar amount of false positive to false negatives. This

is illustrated in Figure 6.23, which can be compared to Figure 6.22. The ratio of false positives to false

negatives is 1:0.94 for the improved CHFB, whilst the ratio for the Standard CHFB scheme is 1:0.71. Despite

the false positive to false negative ratio of the improved CHFB scheme being higher than the Standard

CHFB scheme, it has a less overall false detection compared to the Standard CHFB scheme. Majority of the

false positive and false negative detections of the improved CHFB scheme are 10% and below, whereas the

Standard CHFB scheme have false positive detections that is above 10%.

A detailed presentation of the sensitivity detection is presented in Figures 6.16 and 6.19 for the Standard

CHFB and improved CHFB scheme, respectively. The sensitivity and specificity are obtained using (5.17)

and (5.18), respectively. From the analysis of Figures 6.19 and 6.16, the improved CHFB scheme has a better
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sensitivity with an AUC value of 0.8275, whilst the Standard CHFB scheme has an AUC value of 0.8225.

This is despite the flaws of the improved CHFB scheme due to the increased false negatives compared to the

Standard CHFB scheme. Therefore, the improved CHFB scheme is opted for rather than the Standard CHFB

scheme, as it has an improved accuracy detection and has a better sensitivity for true positive detection.
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Figure 6.22: Histogram illustrating the total number of false positives and false negatives in each case for

the Standard CHFB fracture detection scheme.
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Figure 6.23: Histogram illustrating the total number of false positives and false negatives in each case for

the improved CHFB fracture detection scheme.

The accuracy of both systems are hindered by the approach taken to labelling the contours. The area

selection approach selects contours based on the contour’s presence within the selected area. However

contours that are not a fracture, but are within the area are mistakenly labelled as fractured. This occurrence

affects a minority of contours, in which it leads to the mislabelled contours utilised for both the training and

testing of the ANN. Therefore, with the mislabelling of the minority of the contours it is difficult to obtain a

higher accuracy than 89.07%. An alternative approach for labelling the contour data with more precision is

discussed in Section 6.9.

The refinement of the detection area using the hierarchy clustering approach is limited. As the approach is

applied to the extracted 0◦ gradients from detected fractured contours. The limitation is introduced by the
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Canny edge detection technique, in which the detected edge points are only in four distinct angles, namely

0◦, 45◦, 90◦ and 135◦. The inclusion of any of the other three gradients within the clustering approach

introduces an overwhelming amount of details. This causes difficulty in highlighting the fractured region.

Therefore, only the 0◦ gradient is useful for the detection of the fractured region. This is problematic as not

all fractured contours consist of 0◦ gradients. Thus fractured regions are missed and the user of the system

will be required to have some knowledge in referring to the detected fractured contours for fracture detection.

Additionally, the clustering method illustrating the precision of the hierarchical cluster level selection can be

further improved. This is discussed in Section 6.9.

6.9 Future Improvements

6.9.1 Data Labelling

The mislabelling of the contours through the area selection approach, can be improved by introducing a

de-selection technique within the GUI. This technique allows the user to select individual contours from

a small selection of contours that are already considered as fractures. Therefore, this alternative labelling

technique consists of both the area selection approach and individual contour selection. Since the individual

selection is within a small group of selected contours, it avoids having to select individual contours from all

other contour. Hence, this gives the user precise control for contour selection without the task being too

cumbersome and time-consuming.

6.9.2 Clustering

The selection of the hierarchical clustering level is provided by the user through the GUI. Although this gives

the user full control of the illustrated clustering level for the detection of the fractured region, it requires

the user to have some knowledge about the varying clustering levels within a hierarchical cluster. This

can be problematic as it would require the user to have prior knowledge about the system. Therefore, an

alternative approach is to adopt an adaptive hierarchical clustering level selection technique. The objective

of the technique is to optimize the selection of the linkage distances between clusters such that only clusters

that highlight the fractured areas within the X-ray image are presented to the user.

6.10 Conclusion

To conclude, this chapter presents two contour-based fracture detection schemes. The first is a Standard

CHFB scheme, in which all extracted contours are labelled and presented to the ANN for the classification of

fractured and non-fractured contours. The second is an improved CHFB scheme, whereby further processing

is performed to eliminate flesh contours within the leg region from the leg-bone contours. Therefore, the

ANN only focuses on contours considered part of the leg-bone. Both schemes are evaluated by their accuracy

to accurately classify fractured and non-fractured contours.



Chapter 6 — Contour Histogram Feature-Based Fracture Detection Scheme 100

There are a total of 19 features that are extracted from the contours, which are used to provided the ANN

with information about individual contours. Two accuracy evaluations are utilised. The first evaluation is a

system evaluation, which the ANN is given contours with image context. The second approach evaluates

the ANN, in which it involves contours without any context to its associated image. Both accuracy tests

indicate that the improved CHFB scheme has a better accuracy ranging from 77.08% to 87.0%, whereas the

accuracy of the Standard CHFB scheme is between 74.3% to 85.17%. However, the false positive to false

negative ratios obtained for both schemes are as follows: the Standard CHFB scheme has a ratio of 1:0.71

and the improved CHFB scheme has a ratio of 1:0.94. Thus, the improved CHFB scheme has more false

negatives than the Standard CHFB scheme. False negatives within the medical field are hardly tolerated, but

for a system that attempts to accurately categorize many varying inputs, it becomes difficult to avoid false

negatives. Thus, it is encouraged that the system attempts to minimize as much false negative detections as

possible. Although the improved CHFB scheme has a higher false negative to false positive ratio, it has

a better sensitivity detection compared to the Standard CHFB scheme. This is obtained from analysing

the ROC curves, which depict the sensitivity over the specificity of the system’s true positive detection

performance. The improved CHFB scheme has an AUC value of 0.8275, whilst the Standard CHFB scheme

has a AUC value of 0.8225.

The detected fractured contours are furthered analysed, as the contours do not give a good indication of the

fractured region. This is because the fractured contours extend further into the non-fractured regions of the

X-ray image. A hierarchical clustering approach is adopted to highlight the fractured regions. This is done

by extracting the 0◦ gradients from the detected fractured contours. The maximum accuracy achieved by the

improved CHFB scheme is 89.07%. However, a higher accuracy can be further obtained by improving the

data labelling approach. The improvement includes an additional methodology in deselecting non-fractured

contours that are within the selected fractured area. Furthermore, additional adaptive improvements to the

selection of the hierarchical clustering level is considered for future improvements.
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Chapter 7

Conclusion

7.1 Introduction

The objective of the research is to answer the following question:

Can the use of pattern recognition in the form of artificial intelligence detect long-bone

fractures based on line and contour features detected from X-ray images in a similar manner

as a medical professional?

The commonly utilised neural network used for fracture detection in existing literature is the CNN, in which

the CNN accepts image inputs. The classification of fractured and non-fractured X-ray images are based

on the CNN feature maps. Although, many of the existing literature obtained high detection accuracy, the

training of the CNN requires an extensive amount of images in order to obtain an accuracy above 85%.

Additionally, the classification of the fractured and non-fractured by the CNN only classifies the image and

does not provide any indication of the fractured region. In the research described, the objective is to minimize

the number of training images used, whilst still maintaining a high detection accuracy. This is achieved by

utilising line and contour-based features extracted from the X-ray images. The research presented answers

the proposed question through the investigation of both line-based and contour-based feature extraction,

which is detailed in Chapters 5 and 6. The approach taken by Chapters 5 and 6 to answer the proposed

question is summarised in Sections 7.2 and 7.3, respectively.

7.2 Investigation using Adaptive Differential Parameter Optimization

Line-Based Fracture Detection Scheme

There are two schemes used for the line-based fracture detection. The first is the Standard line-based fracture

detection scheme and the second is the ADPO line-based fracture detection scheme. Both schemes have the

same number of features extracted from the detected lines within the X-ray images. The lines are detected

using the Probabilistic Hough Transform. The difference between the Standard and ADPO line-based

fracture detection schemes is the the optimized parameters for the Probabilistic Hough Transform in the



Chapter 7 — Conclusion 102

ADPO scheme. The optimized parameters allows the Probabilistic Hough Transform to detect detailed lines

that are found within the fractured region of the X-ray images. The detected lines are an approximation

of the detected image edge objects found in the X-ray images. The edges are generated during the image

pre-processing component, in which the Canny edge detection technique is utilised. The lines are represented

by two points, the starting and ending points.

A total number of 13 features are extracted from the two points that represents a line, starting and ending

points. PCA is applied to the features to determine the dominant contributing feature(s). The dominant

contributing feature(s) is the feature(s) which holds the most varying information about the line. The

top 3 dominant features for fractured lines are x-Distance, gradient deviation and y-Difference, listed from

most dominant to least dominant. For non-fractured lines, the dominant features are y-Difference, gradient

deviation, and x-Distance. Although, both the fractured and non-fractured lines share the same dominant

features, the contribution of each feature differs for fractured and non-fractured. The dominant features

provide distinguishing attributes that separates fractured lines from non-fractured lines.

The features are used as inputs into the ANN to classify a line as fractured or non-fractured. The labelling

of the lines for training the ANN is performed using an area selection approach, in which the lines in the

selected area are labelled as fractured, whilst all other lines are labelled as non-fractured. This is a similar

approach that a medical professional applies, in which they identify the fractured region within the X-ray

image. The area selection approach has a weakness that mislabels neighbouring lines that are within the

area, but are not considered as fractured.

Both Standard and APDO schemes are evaluated on an overall system basis and an only ANN basis. The

system evaluation utilises lines extracted with its image context, whilst the ANN evaluation only evaluates

the ANN with lines without any image context. The detection accuracy of the ADPO scheme is only slightly

better than the Standard scheme for the image evaluation, in which the Standard scheme has an average

accuracy of 71.57% whereas the ADPO scheme has an average accuracy of 72.89%. However the accuracy of

the ADPO scheme performs worse than the Standard scheme for the ANN evaluation. However, the ANN

of the ADPO scheme only focuses on the lines found in the leg-bone region and classifies all lines detected

within the knee, foot and flesh region as non-fractures, whereas the ANN in the Standard scheme is given

all detected lines. The sensitivity of both schemes are evaluated by plotting the ROC curves. The ROC

curves gives an indication of the system’s sensitivity to detect fractured from non-fractured lines. The ADPO

scheme has a better sensitivity in the detection of fractures from non-fractures compared to the Standard

scheme, as the ADPO scheme has a higher AUC value of 0.8271 than the standard scheme, which has a

AUC value of 0.8225.

To answer the proposed question, the line-based fracture detection schemes are able to detect fractures in

long-bones with a maximum accuracy of 82.9% for the ADPO scheme.
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7.3 Investigation using Contour Histogram Feature-Based Fracture De-

tection Scheme

The contour-based fracture detection schemes is an improvement from the line-based fracture detection.

There are two schemes for the contour-based fracture detection scheme, namely, Standard CHFB and

improved CHFB scheme. The contours are detected using the edges from the Canny generated image. The

edges are generated by the Canny edge detection technique. The contours are further refined as a contour is

defined as a sequence of points surrounding the image edge objects. Therefore, the detected contours have

duplicate information. The refinement of the contours eliminates duplicated contour points to provide an

exact representation of the image edge objects.

A total of 19 features are extracted from the refined contours. The 19 features include the extracted features

based on the occurrences for particular attributes in the contours. These attributes mainly consist of the

number of gradients detected found in the contours. There are four distinct gradients, which is the result

of the Canny edge detection technique. The gradients are 0◦, 45◦, 90◦, 135◦. The features are used as

inputs into the ANN. The labelling of the contours utilises the same approach as the data labelling in the

line-based fracture detection scheme, in which an area selection approach is employed. PCA is applied to

the features to determine the dominant contributing feature(s). For fractured contours the top 3 dominant

features in order of most dominant to least dominant are: gradient, No. of 90◦ gradient difference, and 2nd

gradient average. For non-fractured contours, the dominant features are gradient, 2nd average gradient, and

1st average gradient. Although there are shared features among the fractured and non-fractured dominant

features, the contribution of each feature for each category differs from one another.

The difference between the Standard CHFB and the improved CHFB fracture detection schemes is the

isolation of the surrounding flesh contours from the contours in the leg-bone region for the improved CHFB

scheme. Thus, the improved CHFB does not expose the ANN to all contours. Only the contours belonging

to the leg-bone region in the X-ray image are used to train the ANN, whilst the isolated flesh contours

are automatically considered as non-fractures. On the other hand, the Standard CHFB scheme exposes all

contours to the ANN for training. Therefore, the improved CHFB scheme has less training complexity than

the Standard CHFB scheme.

There are two evaluations used to evaluate both the Standard and improved CHFB schemes. The first

is a system evaluation, in which the ANN is trained with contours that have image context. The second

evaluation is the ANN evaluation in which the contours that are used to train the ANN have no image

context from which it is extracted from. The average detection accuracy for the system evaluation of the

Standard CHFB scheme ranges is 80.7%. This is an improvement from both the Standard and ADPO

line-based fracture detection. The average detection accuracy of the improved CHFB scheme is 82.98%. This

is an improvement from the Standard CHFB scheme. For the ANN evaluation, the Standard and improved

CHFB schemes have a similar maximum accuracy, however the difference is the number of contours used to

train the ANN to achieve a high accuracy. The Standard CHFB scheme requires a total of 550 contours

whereas the improved CHFB scheme requires 500 contours.
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Further evaluation is performed, whereby the ROC curve is generated. The ROC curve evaluates the

sensitivity of the system for the differentiation of fractured and non-fractured contours. The improved CHFB

scheme has a better sensitivity detection than the Standard CHFB scheme, as it has a higher AUC value of

0.8275, whereas the AUC of the Standard scheme is 0.8225. Therefore, the improved CHFB scheme performs

better than the Standard CHFB in terms of detection accuracy and sensitivity.

The detection of fractured contours is not sufficient enough in providing details about the fractured region

within the X-ray image. The fractured contours extend further than the fractured region, thus not highlighting

the fractured area. The hierarchical clustering technique is employed for highlighting the fractured region.

The 0◦ gradient points are extracted from the fractured contours. The extracted points are utilised by the

hierarchical clustering to highlight the fractured regions as fractured regions have a higher density of 0◦

gradients than all other regions. The level within the hierarchical cluster can be selected by the user through

the GUI. The lower the selection of the hierarchical cluster level, the more detailed clusters are presented.

This gives the user full control of the highlighted fractured regions within the X-ray image.

Therefore, both Standard and improved CHFB fracture detection schemes addresses the proposed question

with a positive solution, that they have the ability to detect fractures within long-bones using contour-based

features.

7.4 Conclusion

To conclude, both proposed novel schemes for line and contour-based fracture detection are able to detect

long-bone fractures from X-ray images. It mimics the visual approach that a medical professional would

take by detecting the fractured region within the X-ray. Consequently, the fractured and non-fractured

lines and contours are labelled by adopting an area selection approach. Thus, lines and contours within the

selected area chosen by the user through the GUI are labelled as fractures, whilst all other lines and contours

not in the area are labelled as non-fractures. There are total of 13 features extracted from detected lines

and 19 features extracted from the detected contours. The contours have more extracted features than the

lines, as it consists of a sequence of points, whereas the detected lines are only represented by two points:

starting and ending points. The extracted features are a summarised representation of the detected lines and

contours. There are two schemes for both line and contour-based fracture detection. For line-based fracture

detection, there is a Standard and ADPO scheme. The ADPO scheme achieves an average system accuracy

of 72.89%, whereas the Standard scheme achieves an average accuracy of 71.57%. For the contour-based

fracture detection, there is a Standard CHFB and improved CHFB scheme. The Standard CHFB scheme

achieves a system accuracy of 80.7%, whilst the improved CHFB scheme achieves an average accuracy of

82.98%. Therefore the improved CHFB scheme is opted for as it performs better than all other schemes. An

additional hierarchical clustering technique is adopted to highlight the fractured region in the X-ray image

by using the 0◦ gradients obtained from the fractured contours.
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