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Abstract

Many peoplesu�er from hip fractures, especially peoplesu�ering from os-
teoporosis. Doctors rely on radiographs, i.e., x-ray images,to establish the
precisenature of a fracture. An automated fracture detection system can
assistthe doctor by performing the �rst examination to screenout the easier
cases,leaving a small number of di�cult casesand the secondcon�rmation
to the doctors. This thesis outlines a fracture detection system and focus
on measuringthe neck-shaft angle of the femur. The accuracyof using the
neck-shaft anglefor determining femur fractures is also tested.
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Summary

Many peoplesu�er from hip fractures, especially peoplesu�ering from os-

teoporosis. Doctors rely on radiographs, i.e., x-ray images,to establish the

precisenature of a fracture. An automated fracture detection system can

assistthe doctor by performing the �rst examination to screenout the easier

cases,leaving a small number of di�cult casesand the secondcon�rmation

to the doctors.

This thesis outlines a fracture detection system, and focuseson the ex-

traction of the femur bone contour and measurement of the femoral neck-

shaft angle. Snakes combine with Gradient Vector Flow �eld are used to

extract the femur outline. Given the boundary contour, the orientations of

the femoral shaft and the femoral neck are computed. The angle between

these two orientations is the neck-shaft angle. Using the neck-shaft angle

as a criterion for discriminating betweenfractured and healthy femurs, the

method achievesa correct classi�cation rate of 94.5%.



Chapter 1

In tro duction

1.1 Motiv ation

Many people su�er from fractures of the bone, especially people su�ering

from osteoporosis. Osteoporosisis a diseasecharacterizedby low bonemass

and deterioration of bone tissue(Fig 1.1). This condition leadsto increased

bone fragilit y and risk of fracture. If not prevent or left untreated, the

diseasecan progresspainlessly until a bone breaks. Osteoporosis related

bone fractures occur typically in the hip, spine and wrist (Fig 1.2). Any

bone can be a�ected but of special concernare fractures of the hip as such

fractures almost always requireshospitalization and major surgery. It can

alsoimpair a person'sabilit y to walk unassistedand may causeprolongedor

permanent disability.

Some800 peoplesu�er hip fractures in Singapore every year due to os-

teoporosis and Singapore General Hospital (SGH) seesabout 350 of such



1.1. Motiv ation

(a) Healthy Bone (b) Osteoporotic Bone

Figure 1.1: Comparisonbetweenosteoporotic and healthy bone.

Figure 1.2: Commonfracture sites for osteoporosis
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1.1. Motiv ation

patients each year. According to studies,a quarter of the hip fractured pa-

tients die within the �rst year and seventy percent of the survivors require

walking aids, becamewheelchair bound or bedridden [33].

Doctors rely on radiographs, i.e., x-ray images,to establish the precise

nature of a fracture (seeFig 1.3). Currently doctors in Singapore General

Hospital examine each radiograph twice to determine whether a fracture

exists. Manual inspection of radiographsfor fractures is both a tedious and

time consumingprocess.On top of that, doctors will get too tired to perform

the task reliably after examining numerousradiographs. As somefractures

areeasierto identify than others,an automatedfracture detectionsystemcan

assistthe doctor by performing the �rst examination to screenout the easier

cases,leaving a small number of di�cult casesand the secondcon�rmation

to the doctors. Automatic interpretation of medical imagescan relieve some

of the labor intensive work of the doctors thus improving the accuracyof the

diagnosis.

In this research, emphasiswill be placedon detecting commonhip frac-

tures of the femur assuch fracturesaccount for the largestportion of fracture

incidents in the population. Section1.2 will explain in detail the anatomy of

the femur and Section1.3 will describe di�eren t fractures of the femur.

5



1.2. The Femur

Figure 1.3: A radiograph exampleof the hip.

1.2 The Femur

The femur is the longestand strongestbone in the skeleton. It is connected

to the pelvis to form the hip joint and connectedto the tibia to form the

upper kneejoint (Fig. 1.4). Each femur directly bearsthe weight of the upper

body.

The femur is almost perfectly cylindrical in the greater part of its ex-

tent. It is divisible into a body and two extremities: the upper and lower

extremities.

The Bo dy or Shaft

The body or shaft, almost cylindrical in form, is a little broaderabove

than in the center (Fig 1.5). It is slightly arched, soas to be convex in

6



1.2. The Femur

Figure 1.4: Anterior skeleton anatomy
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1.2. The Femur

front and concave behind.

Upp er Extremit y

The upper extremity comprisesthe head, neck, a greater trochanter

and a lessertrochanter (Fig. 1.5). The headis globular and the neck is

a 
attened pyramidal bone connectingthe head with the shaft of the

femur. The neck forms an angle of about 125 degreeswith the shaft,

but it varies in inverseproportion to the development of the pelvis.

The anglealsovariesconsiderablyin di�eren t personsof the sameage.

The greaterand lessertrochanters provide leverageto the musclesthat

rotate the thighs on it axes.

Lower Extremit y

The lower extremity is somewhatcuboid in form and it consistsof two

oblong eminencesknown as the condyle(Fig 1.6)

Neck-Shaft Angle

The neck-shaft angleis commonlyusedby doctors to detect fracturesin

the femur. The neck-shaft angleis determinedby measuringthe angle

subtendedby the linesdrawn through the axesof the femoralshaft and

the femoral neck (Fig 1.7). The neck-shaft angle for a healthy adult

femur is approximately 120 to 130degrees.

8



1.2. The Femur

Figure 1.5: Upper extremity and body of the femur.

Figure 1.6: Lower extremity of the femur.

9



1.3. Anatom y of Fracture

Figure 1.7: Neck-shaft angle

1.3 Anatom y of Fracture

A fracture may be a completebreak in the continuity of a boneor it may be

an incompletebreak or crack. The fracture site is often usedto classify the

type fracture. Hip fracturescanbe classi�ed ashead,neck, intertro chanteric,

trochanteric or subtrochanteric. The following is a classi�cation found in [16].

Femoral Neck Fractures

Femoralneck fractures occur betweenthe end of the femoral headand

the intertro chanteric region (Fig 1.8).

In tertro chanteric Fractures

10



1.3. Anatom y of Fracture

(a) (b)

Figure 1.8: Femoral neck fracture (b) occursat the femoral neck region (a).

Intertro chanteric fracturesoccur in the bonebetweenthe femoralneck

and the femoral shaft (Fig 1.9). Thesefractures may involve both the

greater and lessertrochanter.

Greater Tro chanteric Fractures

This type of fracture occurs in the greater trochanter (Fig 1.10). It

may occur in elderlypatients su�ering from osteoporosisandmay result

from direct trauma such as a fall.

Subtro chanteric Fractures

Subtrochanteric fractures occur betweenthe lessertrochanter and the

shaft of the femur (Fig 1.11).

11



1.3. Anatom y of Fracture

(a) (b)

Figure 1.9: Intertro chanteric fracture (b) occursat the intertro chanteric re-
gion (a).

(a) (b)

Figure 1.10: Greater trochanteric fracture (b) occurs at the greater
trochanteric region (a).
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1.4. Pro ject Ob jectiv es

(a) (b)

Figure 1.11: Subtrochanteric fracture (b) occursat the subtrochanteric region
(a).

1.4 Pro ject Ob jectiv es

The overall goal of the project is to develop a systemto detect fractures of

the femur automatically, which consistsof three modules(Figure 1.12).

Firstly, given an x-ray imageof the hip, the Femur Localization module

will needto �nd the location of the left and right femur in the image. Precise

object localization is a di�cult problem in computer vision. This module is

investigatedby another student and is thus not the focusof this thesis.

Next, to analyzethe geometryof the femur, a moreaccurateoutline of the

femur is needed. The locations of the two femurs identi�ed by the \F emur

Localization" module will serve as the initial search locations in the \F emur

Contour Extraction module". Activ e contours, also know as snakes[23] are

usedin the \F emur Contour Extraction" module. If a snake is placedclose

13



1.4. Pro ject Ob jectiv es

Figure 1.12: Project Overview.
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1.5. Organization of Thesis

to the femur outline, the snake algorithm will make use of image features

to guide and deform itself to converge on the outline of the femur. The

output from the snakealgorithm is a moreaccuratedescriptionof the femur's

boundary contour and is moresuitable for analyzingpotential fracture of the

femur.

Finally, in the \F racture Detection" module, the contour of the femurs

will beanalyzedto computethe neck-shaft angles.Any femurswith abnormal

neck-shaft angleswill be classi�ed as fractured.

In summary, the main objective of this thesis is to develop the algo-

rithms necessaryfor the \F emur Contour Extraction" and \F racture Detec-

tion" modules.

1.5 Organization of Thesis

After highlighting the motivation and project objectivesin this chapter, re-

lated work will be reviewed in Chapter 2. The details of the algorithms for

the \F emur Contour Extraction" and \F racture Detection" module will be

discussedin Chapter 3 and Chapter 4 respectively. Experimental results of

the algorithms are discussedin Chapter 5. Finally, future direction for this

work is highlighted in Chapter 6, followed by the conclusionin Chapter 7.

15



Chapter 2

Related Work

Medical imageinterpretation is a hard problem asany non-trivial algorithm

will involve someform of automated systemto understand the information

contained in the image. Fortunately, the generalshape, location and orien-

tation of the objects of interest are usually known in medical imageanalysis.

Such information may be represented in a model of the object as initial con-

ditions, constraints on model parametersor constraints during model �tting

procedure. Once the model has beenestablished,analysisof the model can

take place.

There is a wealth of model representations usedin medicalimageinterpre-

tation literature. They includefree-formdeformablemodels[23, 31, 32], para-

metric deformabletemplates[36], point distribution model [11,12], graphical

templates [3] and skeleton-basedtemplates [29, 30].



2.1. Free-Form Deformable Mo del

2.1 Free-Form Deformable Mo del

Free-form deformablemodels contains no global structure except for some

regularization constraints such ascontinuity or smoothnessconstraint of the

boundary. Without any constraints on the global shape, it can represent

arbitrary shape as long as it satis�es the regularization constraints.

Activ e contours [23, 31, 32] or snakes are good examplesof free-form

deformablemodels. Thesecontours will evolve under the in
uence of image

forces(such a edgesor intensity) that pull it towards desiredfeaturesand

internal forces that enforce smoothnessand continuity constraints on the

contour.

This approach of evolving basedon local imagefeaturesmakesthe snake

more vulnerable to image noise and initial position. Many improvements

have beensuggestedto overcometheseshortcomings[1, 9, 10, 34].

With an initialization that placesthe snakecloseto the object boundaries,

the snake algorithm can extract an accurate representation of the object's

outline. Such detailed outlines are useful for constructing higher level repre-

sentation of the contour such ascentroid-radii model [8, 20] and the curvature

primal sketch [4, 26].

17



2.1.1 Centroid-Radii Mo del

2.1.1 Centroid-Radii Mo del

The centroid-radii model [8, 20] samplesa set of points from the outline of

the object. Thesepoints will be usedto re-parameterizethe original contour

in terms of the distancefrom the centroid to the points (call radii lines) as

well as the anglefrom a referenceline to the radii lines.

This approach is useful for objects with fairly consistent shape but in the

caseof femur fractures, the centroid may be drastically di�eren t from one

caseto the other.

2.1.2 Curv ature Primal Sketch

Curvature primal sketch [4] extractssigni�cant changesin curvature alongthe

contour acrossvarying levelsof details (i.e., multiple level of curvesmoothing)

called the generalizedscalespaceimageof planar curve [26]. Thesechanges

are classi�ed into �v e di�eren t groups of primitiv esbasedon the curvature

discontinuity and are usedfor matching purposes.

This technique hasbeensuccessfullyusedfor object recognition [27] but

the representation is too sparsefor fracture detection. For examplein some

fracture incidents, it may not increaseor decreasethe number of curvature

primal sketch primitiv es. Hence, this will posea problem when trying to

detect fracturesbasedon such primitiv es. Furthermore, the lessertrochanter

18



2.2. Parametric Deformable Templates

may not be present in all the femur imagesand may thus 
ag o� a wrong

alert during fracture detection.

2.2 Parametric Deformable Templates

Deformabletemplates [36] are hand-crafted models represented by a collec-

tion of parameterizedcurves. Thesecurvesare uniquely described by a set

of parameters.Changing the parameterswill changethe geometricshape of

the template.

A good example is the work of Yuille et al. [36] who constructed de-

formable templates to extract facial features. Their parametric models for

eye and mouth templatesconsistof circlesand parabolic curves. The shape

of the template is controlled by the radius of the circle and the parameters

of the parabola. A set of regularizing constraints are used to impose on

the shape to limit the deformationssuch that it result in reasonableshapes.

By de�ning energy terms describing the deformation of the template and

energyterms for the image features, the detection algorithm will becomea

minimization procedurebasedon the energyterms.

For this techniquea good initialization of the contour is necessaryfor good

results. On top of that, this schemeis not suitable for shapeswith compli-

cated outlines as it will be di�cult to describe the outline using a small set

19



2.3. Poin t Distribution Mo del

of curves. Secondlythe approximate orientation, scaleand translation of the

object to be segmented hasto be known beforehandto craft the regularizing

constraints and it will be di�cult to build a template encompassingall the

di�eren t classesof fractures.

2.3 Poin t Distribution Mo del

The Point Distribution Models (PDM) [14, 25] approach assumesthe exis-

tenceof a set of training examplesfrom which to derive a statistical descrip-

tion of the shapeand its variation. This approach is mostusefulfor describing

objects that have well understood generalshape but which cannot be easily

described by a rigid model.

The shape is de�ned asall the geometricalinformation that remainswhen

location, scale and rotational e�ects are �ltered out from an object [15].

One way to represent a shape is to locate a �nite number of points on the

boundary of the object (a sequenceof pixel co-ordinates)called landmark

points. To ensurethat the set of points satisfy the de�nition of a shape,

the e�ects of scale,translation and rotation are �ltered out by aligning the

training samples.A commonprocedurefor aligning the data is the Procrustes

Analysis [6, 13, 18]. Principal Component Analysis spaceis usedto extract a

parameterizedmodel of the training data and with this parameterizedmodel,

20



2.4. Graphical Template Mo del

it allows new shapes,di�eren t from the training samples,to be synthesized.

Point distribution models are used in Activ e Shape Models [11, 12, 13]

to search for objects of interest in an image using the PDM. The search is

formulated as an optimization problem in which the di�erence betweenthe

synthesizedshape and the actual image is to be minimized. This algorithm

hasbeenprovento besuccessfulin medicalsegmentation [5] andanalysis[19].

The main drawback of this approach is that the PDM requires human

intervention to annotate landmark points in the training imagesand this can

be very time consuming.Currently automatic and semi-automaticmethods

are being developed to aid this task of annotating landmark points.

2.4 Graphical Template Mo del

The model in a Graphical Template[2, 3] is represented asa graph. Vertices

will represent landmark points and edgesrepresent important geometricre-

lations among the landmark points. Such graphs are usually hand-crafted

and di�er from application to application.

The Graphical TemplateModel is usedmainly asa registration algorithm.

The algorithm attempts to localize the model by scanningfor candidatesof

each of the landmarks. Theselandmarksare extracted from the imageusing

robust local operators. The collection of landmark points which satisfy the

21



2.5. Skeleton Based Mo del

graph constraints and yielding the best match, will be chosento represent

the object in the image.

2.5 Skeleton Based Mo del

Figure 2.1: The medial axis (solid line) is de�ned in terms of maximal discs

(dotted circles).

A medial axis, or skeleton,of a shape is de�ned asthe locusof the centers of

all maximal discscontained in the shape. A maximal disc contained in the

shape is any circle with that touches the boundary of the shape at two or

more points (Figure 2.1).

An intuitiv e way to construct the medial axis is the prairie �re transform.

Imagine that the interior of the object is composedof dry grassand a �re is

started at all points of the boundary. The �re will move in at uniform speed

towards the middle of the object. At points where two fronts of �re meet,

they will extinguish each other. The locationswherethe fronts meet are the

22



2.5. Skeleton Based Mo del

locations of the medial axis points.

Shape modeling typically requiresa robust variant of the traditional me-

dial axis so that small changesin the outline of the shape doesnot severely

alter its topology [17]. Most skeleton extraction algorithms require a seg-

mented imageasthe input. An exceptionis the algorithm proposedby Pizer

et al. [30] where they introduceda model comprising of nets of medial and

boundary primitiv es. This model can estimate the boundary of the object

and its medial axis basedon the intensity gradient in the original gray scale

image.

23



Chapter 3

Extraction of Femur Con tour

An overviewof the algorithm for extracting the contour of the femur is shown

in Figure 3.1. It consistsof a sequenceof processes.First a modi�ed Canny

edgedetector (Section3.1) is usedto computethe edgesfrom the input x-ray

imageof the hip followed by computing the Gradient Vector Flow �eld [34]

(Section 3.3) for the edges. Next, the snake algorithm [23] (Section 3.2)

combine with the Gradient Vector Flow will move the active contour, i.e, the

snake to the contour of the femur.

For the snakealgorithm to work well, the initial points of the snakeshould

be placed closeto the femur boundary. Currently the initial points of the

snake areplacedmanually asautomatic placement of the initial points of the

snake is a di�cult problem and it is not the focusof this thesis.



3.1. Mo di�ed Cann y Edge Detection

Figure 3.1: Femur contour extraction algorithm.

3.1 Mo di�ed Cann y Edge Detection

The Canny edgedetector [7] takesas input a gray scaleimageand produces

as output an image showing the position of the edges. It works as follows.

The imageis �rst smoothed by Gaussianconvolution. Next, a simple2D �rst

derivative operator is applied to the smoothed imageto highlight regionsof

the imagewith high �rst derivatives. Using the gradient direction calculated,

the algorithm performs non-maxima suppressionto eliminate pixels whose

gradient magnitude is lower than its two neighbors along the gradient di-

rection. Finally thesethin edgesare linked up using a technique involving

double thresholding. Although Canny edgedetector works well in detecting

the outline of the femur, it also detects a large number of spurious edges

closeto the shaft (Figure 3.2b). Such spuriousedgeswill a�ect the snake's

25



3.1. Mo di�ed Cann y Edge Detection

(a) (b) (c)

Figure 3.2: Result of Canny edgedetection. (a) Original femur image. (b)

Canny edgewith low threshold values. (c) Canny edgewith moresmoothing

and higher threshold values. Notice that a large portion of femoral headhas

disappeared(c).
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3.1. Mo di�ed Cann y Edge Detection

convergenceon the outline of the femur and have to be removed. Attempting

to remove the spuriousedgesby increasingthe smoothing e�ect will reduce

thesespuriousedgesbut the edgeinformation at the femur headwill alsobe

lost (Figure 3.2c). Contributing to the problem is the fact that the femur

headoverlapswith the hip bonesand edgemagnitudesof the femur headin

this region is low. Hencesimple thresholding basedon edgemagnitude will

fail .

The problem of preserving femur head edgesand at the sametime re-

moving spuriousedgescan be solved by incorporating information from the

intensity image into the Canny edgealgorithm. Looking at the original in-

tensity x-ray imageof the femur (Figure 3.2a), areascontaining boneshave

higher intensity than non-bone regions. Hencethis information can be used

to distinguish spurious edgesfrom femur head edges. The Canny edgede-

tector with a small smoothing e�ect is usedto detect the femur headedges

while spuriousedgeswith both low intensity value and low gradient magni-

tude valuesare removed (Figure 3.3d).

In summary, a pixel is marked as an non-edgepoint if

1. it is detectedby Canny edgedetector,

2. it hasan intensity lower than a threshold �, and

3. it hasan edgemagnitude lower than the samethreshold �.
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3.2. Snakes and Activ e Con tours

(a) (b) (c) (d)

Figure 3.3: Modi�ed Canny edgedetection with various threshold values.

(a) 20%,(b) 50%,(c) 70%,(d) 90%

The threshold � is actually a percentage value. In the current implementa-

tion, a non-edgepixel must have an intensity and an edgemagnitude lower

than 90% of the total pixels. Figure 3.3 shows the edgedetection results

with various threshold values.

3.2 Snakes and Activ e Con tours

Snakesor active contours becamepopular after the seminalpaper by Kass,

Witkin and Terzopoulos [23]. The contour extraction module makesuseof

snake to snaponto the contour of the femur (Figure 3.4).

Snakes are formulated as energy-minimizingcontours controlled by two
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3.2. Snakes and Activ e Con tours

forces:

1. Internal contour forceswhich enforcethe smoothnessconstraint.

2. Imageforceswhich attracts the contour to the desiredfeatures,in this

case,edges.

Esnak e =
Z 1

0
E int (v(s)) + E imag e(v(s))ds (3.1)

Representing the position of the snake parametrically by v(s) = (x(s); y(s)),

the energyof a snake Esnak e (Eqn 3.1) is a sum of the internal energyE int

of the snake and the imageenergyE imag e.

In ternal Energy

The internal energy E int is composedof a �rst-order term controlled

by � (s) and a secondorder term controlled by � (s).

E int =
�
� (s) jvs(s)j2 + � (s) jvss(s)j2

�
=2 (3.2)

The terms vs and vss represents the �rst and secondderivative of v

respectively. � (s) characterizesthe tension along the snake and � (s)

characterizesthe bending of the curve. Currently, � (s) and � (s) are

set as values� and � .
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3.2. Snakes and Activ e Con tours

Image Energy

In the current implementation, the snake is programmedto converge

onto edgesand modi�ed Canny edge detector (Section 3.1) is used

to compute the edgesEedge from the input images. The image en-

ergy E imag e will be Eedge weighted appropriately by a negative weight

� wedge.

E imag e = � wedgeEedge (3.3)

Minimization Pro cedure

A snake that minimize the energy functional Esnak e must satisfy the

following Euler equations[23] :

� xss + � xssss +
@E imag e

@x
= 0 (3.4)

� yss + � yssss +
@E imag e

@y
= 0 (3.5)

Wherexss and xssss arethe secondand fourth derivativesof x, similarly

for yss and yssss.

In computer implementation, Eqn 3.1 is discretizedas follows :

Esnak e =
nX

i =1

E int (i ) + E imag e(i ) (3.6)

Using a vector notation with v i = (x i ; yi ) = (x(ih ); y(ih )) and approxi-

mating the derivativesxss, xssss, yss and yssss in Eqn 3.4 and 3.5 using
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3.2. Snakes and Activ e Con tours

�nite di�erence, E int (i ) can be expandedas :

E int (i ) =
� i jv i � v i � 1j2

2h2
+

� i jv i � 1 � 2v i + v i +1 j2

2h4
(3.7)

For a closedcontour snake, we can de�ne v(0) = v(n). De�ne f x (i ) =

@E imag e=@x i and f y(i ) = @E imag e=@yi wherethe derivativesareapproxi-

matedby �nite di�erence. Thereforethe correspondingEuler equations

(Eqn 3.4, 3.5) become

� i (v i � v i � 1) � � i +1 (v i +1 � v i ) + � i � 1(v i � 2 � 2v i � 1 + v i )

� 2� i (v i � 1 � 2v i + v i +1 ) + � i +1 (v i � 2v i +1 + v i +2 ) + (f x (i ); f y(i )) = 0
(3.8)

Rewriting the above Euler equationsin matrix form we have

Ax + fx (x; y) = 0 (3.9)

Ay + fy(x; y) = 0 (3.10)

Where A is a penta-diagonal bandedmatrix and below is an example
for a 7 point closedcontour with constant � and � :

A =

0

B
B
B
B
B
B
B
B
@

c1 d1 e1 0 0 a1 b1

b2 c2 d2 e2 0 0 a2

a3 b3 c3 d3 e3 0 0
0 a4 b4 c4 d4 e4 0
0 0 a5 b5 c5 d5 e5

e6 0 0 a6 b6 c6 d6

d7 e7 0 0 a7 b7 c7

1

C
C
C
C
C
C
C
C
A

ai = � i � 1

bi = � � i � 2� i � 1 � 2� i

ci = � i + � i +1 + � i � 1 + 4� i + � i +1

di = � � i +1 � 2� i � 2� i +1

ei = � i +1

(3.11)

To solve Eqn 3.9, the snake is madedynamic by treating x and y as
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3.3. Gradien t Vector Flo w

function of time and solved iterativ ely [23].

x(t + 1) = (A + 
 I ) � 1(
 x(t) � fx (x(t); y(t))) (3.12)

y(t + 1) = (A + 
 I ) � 1(
 y(t) � fx (x(t); y(t))) (3.13)

where 
 is the Euler step size. (A + 
 I ) � 1 can be calculated by LU

decomposition in O(n) time, wheren is the length of the snake.

3.3 Gradien t Vector Flo w

Gradient Vector Flow (GVF) [34] is a type of external force for active con-

tours. The GVF was created to overcometwo shortcomingsof the original

active contour formulation i.e poor convergenceto concave boundariesand

sensitivity to initialization. GVF is computed as a di�usion of the gradient

vectorsof a gray-level edgemap derived from the image.

The GVF �eld is de�ned as the vector �eld G(x; y) = (q(x; y); r (x; y))

that minimizes the energyfunctional

" =
Z Z

� (q2
x + q2

y + r 2
x + r 2

y) + jr Ej2 jG � r Ej2 dxdy (3.14)

where E is an edgemap E(x; y) derived from the image. Using calculusof

variations, the GVF can be found by solving the following Euler equations
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3.4. Com bining Snake with GVF

� r 2q � (q � E2
x + E2

y) = 0 (3.15)

� r 2r � (r � E2
y + E2

y) = 0 (3.16)

Equations 3.15 and 3.16 can be solved by treating q and r as functions

of time and solving

q(x; y; t + 1) = � r 2q(x; y; t)

� (q(x; y; t) � Ex (x; y)) � (Ex (x; y)2 + Ey(x; y)2)
(3.17)

r (x; y; t + 1) = � r 2r (x; y; t)

� (r (x; y; t) � Ey(x; y)) � (Ex (x; y)2 + Ey(x; y)2)
(3.18)

The steady state solution (as t ! 1 ) of equations3.17 and 3.18 is the

requiresolution of the Euler equations3.15and 3.16. Details of the numerical

implementation for Eqn 3.15and 3.16can be found in [35].

3.4 Com bining Snake with GVF

The snakealgorithm is combinewith the external forcecomputedby the GVF

to improve the performanceof snake. To incorporate the GVF into the snake

algorithm, after computing the solution q and r in equation 3.17 and 3.18,

replacefx and fy from equation 3.12and 3.13with q and r respectively.

With the GVF snake, only a small number of initialization points are

neededto start the snake algorithm (Figure 3.4) and successive iterations
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3.4. Com bining Snake with GVF

of the algorithm will re-distribute the snake points more regularly along the

contours.

(a) (b) (c)

Figure 3.4: With small number of initialization points in (a) an accurate

outline of the femur can be obtained usingsnake combine with GVF (b). (c)

shows the result of using snake without GVF and it is di�cult to get the

snake to snaponto the concave structure at the femoral neck.
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Chapter 4

Measuring Neck-Shaft Angle

from Femur Con tour

The contour lines along the femoral shaft are almost parallel. If normal lines

are drawn from one side of the shaft to the opposite side and compute the

midpoints of theselines, then the mid-points would be alignedparallel to the

shaft (Figure 4.1). We call thesenormal lines level lines aseach line denotes

a level along the femoral shaft. Section 4.1 will explain in detail how such

linesareconstructedand Section4.2 will how the midpoints of the level lines

are used to determine the orientation of the shaft. The level lines are also

useful for computing the orientation of the femoralneck, which is elaborated

in Section4.3. Oncethe shaft orientation and the neck orientation have been

computed,the neck-shaft anglecanbe easilycomputedasthe anglethe neck



4.1. Computing Level Lines

Figure 4.1: Normal lines on the femur shaft.

and shaft orientation.

4.1 Computing Level Lines

The construction of the level lines depends on the normals of the contour

points and therearea fewways to computethe normal for a point on the con-

tour. A commonapproach is to use�nite di�erence to estimatethe derivative

and hencederive the normal direction. This technique usesa small number

of points in the neighborhood of the point of interest to derive the normal.

It is sensitive to small changesin the neighbors' positions of the points.
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4.1. Computing Level Lines

On the other hand, with a densesampling of points along the contour,

a larger set of points can be used to compute the normal at a point using

Principal Component Analysis (PCA) [21, 22]. To compute the normal of a

contour point, choosea neighborhood of points around the point of interest.

This set of points represents a segment of the contour and PCA is applied to

this segment of points. Given a set of points in 2D, PCA returns two eigen-

vectors and their associated eigenvalues. The eigenvector with the largest

eigenvalue will point in the direction parallel to this segment of points and

the other eigenvector givesthe normal direction at the point of interest.

Once the normal for each point on the contour has beencalculated, the

set of level lines L can be computed. Let p i and p j denotethe vector repre-

sentation of two points on the contour and n i and n j be the associated unit

normals. Then the line l(p i ; p j ) that connectspoints p i and p j is a level line

if

jn i � n j j � j(p i � p j ) � n i j � j(p i � p j ) � n j j � 1 (4.1)

In the current implementation, two orientations v1 and v2 are similar i.e.,

jv1 � v2j � 1 if jv1 � v2j � 0:98
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4.2. Computing Orien tation of the Femoral Shaft

4.2 Computing Orien tation of the Femoral

Shaft

The orientation of the femur shaft can be computedby extracting the mid-

points of the level lines on the shaft (Figure 4.2). Given level lines l i (p1
i ; p2

i )

and the midpoints m i = 1
2(p1

i + p2
i ), sort m i in decreasingorder of y-

coordinatesof m i (assumingthe origin is at the top-left cornerof the image)

and call them m0
i . The �rst midpoint m0

1 must be a midpoint along the

femoral shaft. Now for each midpoint m 0
i , i � 2, include m0

i asa shaft point

if m0
i is near to m0

i � 1.

After �nding the midpoints of the shaft, the PCA algorithm is used to

estimate the orientation of the midpoints. The eigenvector with the largest

eigenvalue computed from the PCA algorithm will represent the orientation

of the shaft midpoints.

4.3 Computing the Orien tation of the Femoral

Neck

The computation of femoral neck's orientation is more complicatedbecause

there is no obvious axis of symmetry. The algorithm consist of three main

steps.
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4.3. Computing the Orien tation of the Femoral Neck

Figure 4.2: The midpoints of the level lines are shown as white dots. The

midpoints along the shaft give a good estimate of the orientation of the

femoral shaft.
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4.3.1 Computing Initial Estimation of Femoral Neck's Orien tation

1. computean initial estimate of the neck orientation (Section4.3.1) ,

2. smooth the femur contour (Section4.3.2), and

3. search for the best axis of symmetry using the initial neck orientation

estimate (Section4.3.3).

4.3.1 Computing Initial Estimation of Femoral Neck's

Orien tation

The longestlevel linesin the upper regionof the femur alwayscut through the

contour of the femoralhead(Figure 4.3). Giventhis observation, an adaptive

clusteringalgorithm [24] is usedto cluster long level linesat the femoralhead

into bundlesof closelyspacedlevel lineswith similar orientations. The bundle

with the largestnumber of lines is chosen,and the averageorientation of the

level lines in this bundle is regardedas the initial estimateof the orientation

of the femoral neck.

The adaptive clustering algorithm is useful as it doesnot needto choose

the number of clusters before hand. The general idea is to group the level

linessuch that in each group, the level linesaresimilar in terms of orientation

and spatial position. The adaptive clustering algorithm groups a level line

into its nearestcluster if the orientation and midpoint of the cluster is close.

If a level line is far enoughfrom any of the existing clusters, a new cluster
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4.3.1 Computing Initial Estimation of Femoral Neck's Orien tation

Figure 4.3: Level lines along the femoral neck intersects the femoral head

contour.

will be createdfor this level line. For level lines that are neither closenor far

enough,they will be left aloneand not assignedto any cluster.

With the adaptive clustering algorithm, it ensureseach cluster has a

minimum similarit y of R1 for the cluster orientation and minimum similarit y

of R2 for the mid-points distance. The algorithm alsoensuresthat the cluster

di�ers by a similarit y of at most S1 and S2 for the orientation and mid-points

distancerespectively. Varying the valuesof R1, R2, S1 and S2 controls the
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4.3.2 Smoothing the Original Con tour

granularit y of clustering and the amount of overlapping betweenclusters.

Algorithm 1: Computing initial estimation of femoral neck's orienta-
tion.

Input : Set of level lines L = f l i g, with corresponding orientation u i

and midpoint m i .
Output : A point phead on the femoral headcontour.

Note that each cluster k is characterizedby an orientation uk and a
midpoint m k .

1 foreach l i 2 L do
Find cluster k such that orientation uk is most similar to u i and
m k is closeto m i .
If juk � u i j � R1 and jm i � m k j � R2 (i.e similar in orientation
and spatially close).
Then include l i in cluster k
Else if juk � u i j � S1 and jm i � m k j � S2

Then createa new cluster with line l i .
end

2 Update cluster orientation and midpoint
Repeat 1 and 2 until convergence

4.3.2 Smoothing the Original Con tour

Consider a parametric equation for a curve v = (x(s); y(s)) and g(s; � ) is

a 1-D Gaussiankernel of width � then X (s; � ) and Y(s; � ) represents the

components of a smoothed curve,

X (s; � ) = x(s) � g(s; � ) (4.2)

Y(s; � ) = y(s) � g(s; � ) (4.3)
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4.3.3 Computing the Axis of Symmetry for the Femoral Head and
Neck

(a) Original (b) � = 2 (c) � = 6 (d) � = 10

Figure 4.4: Contour smoothing. (a) Original femur contour. (b,c,d) smooth

contours with di�eren t � .

Observe that in Figure 4.4(c) the outline of the femoral head and neck is

almost symmetrical after su�cien t smoothing hasbeenapplied to the curve.

The algorithm exploits this symmetry to estimatethe orientation of the neck.

Currently � is chosento be 5.

4.3.3 Computing the Axis of Symmetry for the Femoral

Head and Neck

The generalideaof determining the axisof symmetry is to �nd a line through

the femoral neck and headsuch that the contour of the headand neck coin-

cideswith its own re
ection about the line (Figure 4.6).

43



4.3.3 Computing the Axis of Symmetry for the Femoral Head and
Neck

Given a point pk along the contour of the femoral headand neck, obtain

the midpoint m i along the line joining contour point pk� i and pk+ i . That is,

we obtain a midpoint for each pair of contour points on the opposite sides

of pk (Figure 4.5(a)). Now, we can �t a line lk through the midpoints m i to

obtain a candidateaxis of symmetry (Figure 4.5b). If the contour is perfectly

symmetrical,and the correctaxisof symmetry is obtained, then each contour

point pk� i is exactly the mirror re
ection of pk+ i . So the error Ek for lk is

Ek =
1
n

n=2X

i = � n=2

�
�pk+ i � p0

k� i

�
� (4.4)

wherep0
k� i is the re
ection of pk� i about lk . Ek indicates how good is lk as

an axis of symmetry. The best �tting axis of symmetry is a midpoint �tting

line l t associated with p t that minimizes the error:

E t = min
k

Ek (4.5)
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4.3.3 Computing the Axis of Symmetry for the Femoral Head and
Neck

(a) (b)

Figure 4.5: Generatinga candidateaxis of symmetry. Outline of the contour

and midpoints of the pairing (a). Fitting a line lk through the midpoints (b).

Figure 4.6: Determining axisof symmetryof femoralneck. The white contour

denotesthe smoothed contour of the femoralheadand neck, and black circles

are the re
ection of the contour points about the straight line.
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Chapter 5

Test Results and Discussion

Manual measurement of neck-shaft anglesturns out to be quite inconsistent.

So,there is no accurateandconsistent groundtruth for assessingthe accuracy

of the algorithm that measuresthe neck-shaft angle. Instead, experiments

are conductedto determinehow accuratecan the measuredneck-shaft angle

be usedto distinguish healthy femurs from fractured femur.

5.1 Classi�cation using Neck-Shaft Angle

5.1.1 Test Setup

A set of 64 radiographic imagesof the hip were obtained. Of these64 hip

images,19 of them contained fractures. Out of the 19 hip fractures, 12 were

left femur fractures and 7 were right femur fractures. Each image contains



5.1.2 Test Results

at most one fracture.

Three measurements were taken for each radiographic image: the neck-

shaft anglesfor the left and right femur and the absolutedi�erence between

the left and right neck-shaft angles. The doctors frequently compare the

left and right femur to look for signi�cant di�erences betweenthem. Hence,

another classi�cation will be basedon the di�erence of the left and right

neck-shaft angles.

5.1.2 Test Results

A summary of the result of running neck-shaft angle measurement of the

left and right femurs can be found in Figure 5.1 and Figure 5.2 respectively.

The summary for the di�erence of left and right neck-shaft anglesis shown

in Figure 5.3. The x-axis represents the di�eren t test casesand the y-axis

represents the neck-shaft anglemeasuredin degrees.The dots represent the

healthy femurs and the box around a dot denotesthat the femur is fractured.

From Figure 5.1and Figure 5.2,wecanseethat setting a thresholdat 116

degreesyields the best classi�cation accuracy. For the left-right di�erence,

Figure 5.3 shows that a threshold of 11 degreesyields the best classi�cation

accuracy.

A summaryof the classi�cation resultscanbefound in Table5.1. The sec-
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5.1.2 Test Results
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Figure 5.1: Neck-shaft angle measurement for left femurs. The dotted line

denotesthe classi�cation threshold.
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5.1.2 Test Results
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Figure 5.2: Neck-shaft angle measurement for right femurs.The dotted line

denotesthe classi�cation threshold.
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5.1.2 Test Results
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Figure 5.3: Di�erence betweenleft and right neck-shaft angles. The dotted

line denotesthe classi�cation threshold.
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5.1.2 Test Results

Left Femur Right Femur Left & Right Di�erence

Correct Classi�cation

as fracture 12 3 15 14

as healthy 49 57 106 41

sub-total 61 (95.3%) 60 (93.8%) 121(94.5%) 55 (85.9%)

Wrong classi�cation

as fracture 2 1 3 4

as healthy 1 3 4 5

sub-total 3 (4.7%) 4 (6.2%) 7 (5.5%) 9 (14.1%)

Total 64 64 128 64

Table 5.1: Summary of classi�cation results.
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5.1.3 Discussion on Classi�cation Results

ond column contains the result for the left femur, the third column contains

the result for the right femur and the fourth column contains the combined

results for the left and right femur. The �fth column shows the results using

the neck-shaft angledi�erence.

Using a neck-shaft angle thresholding classi�er, we can achieve an ac-

curacy of 95.3%and 93.8%for the left and right femurs respectively. The

overall accuracyfor all the femurs is 94.5%.Misclassi�cation rate is 4.7%for

the left femur and 6.2%for the right femur. The combined misclassi�cation

rate is 5.5%. Out of 19 fractured cases,the classi�er managesto detect 15

correctly (i.e, 80% of the total number of fractured femurs) and 4 are are

wrongly classi�ed as healthy.

Using the neck-shaft angle di�erence between the left and right femurs

to classify the radiographic images,55 imageswere correctly classi�ed and

accuracyfor correct classi�cation is 85.9%. For the misclassi�cations,out of

55 images,4 imageswerewrongly classi�ed.

5.1.3 Discussion on Classi�cation Results

The algorithm hasperformedvery well in classifyingindividual femurs based

on neck-shaft angle. For example, for the femurs in Figure 5.4, the neck

shaft angleswerecorrectly measuredand correctly classi�ed ashealthy. The
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5.1.3 Discussion on Classi�cation Results

(a) (b) (c) (d)

Figure 5.4: Femurs correctly classi�ed as healthy .

(a) (b) (c) (d)

Figure 5.5: Femurs correctly classi�ed as fractured.
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5.1.3 Discussion on Classi�cation Results

(a) (b) (c) (d)

Figure 5.6: Fractured femurs in (a) and (b) are wrongly classi�ed ashealthy

due to small changein neck-shaft angle. Fractured femurs in (c) and (d) are

wrongly classi�ed as there is no changein neck-shaft angle.

femurs in Figure 5.5 werecorrectly classi�ed as fractured and the neck-shaft

angleswere also correctly measured. There are two main reasonsfor the

misclassi�cation of fractured femurs as healthy femurs. The �rst reasonis

due to the fact that the fractures are not severeenoughto changethe neck-

shaft anglesigni�cantly. For examplein Figure 5.6(a)and(b) both femursare

fractured at the intertro chanteric region but the changein neck-shaft angle

is not signi�cant enough to be detected by the classi�ed. For the second

type of misclassi�cation, a fracture has occurred but there is no changein

neck-shaft angleof the femur. For example,in Figure 5.6(c) and (d). Such
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5.1.3 Discussion on Classi�cation Results

(a) (b) (c)

Figure 5.7: The x-rays of (a),(b) and (c) were not taken in the expected

posture hencecausingthe classi�er to fail.

fractures usually occur when the fracture occurs in the femoral neck region

and the femoral neck is shortenedbut the neck-shaft angle is unchanged.

The main reasonfor misclassi�cation of healthy femurs asfractured is due

to the fact that the femurs were not taken in the expected position hence

distorting the measuredneck-shaft angle(Figure 5.7).

For the misclassi�cation using left-right neck-shaft angle di�erence, the

errors are similar to those encountered when classifying individual femur

bone. Femur bonesthat are not taken in the expected position will distort

the measuredneck-shaft angleand the di�erence betweenthe two femurs will

be inaccuratehence
agging o� a falsealert.
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Chapter 6

Future Work

In summary, the two main reasonsfor misclassi�cation are:

1. Insu�cien t deformation in the shape to causea large change in the

neck-shaft angle

2. Fractured femurs with no changein neck-shaft angle.

To solve problem (1) it is suggestedthat other ways of detecting fracturesbe

tried. For example,another feature to extract for diagnosingfemur fractures

is the texture of trabecular lines (Figure 6.1). Such lines run from the shaft

of the femur through the neck and ending near the head of the femur. A

fracture in the neck of the femur will usually disrupt the smooth running of

theselines and an analysisof such pattern to pick up any major changesin

the trabecular pattern is useful for locating the fracture site.



Figure 6.1: Trabecular lines.

To solve problem (2) other measurements of the femur bone have to be

taken. An examplewill be measuringthe ratio of the length of the femur

neck to other parts of the femur.

With the algorithms proposed,the neck-shaft angleof a front-view x-ray

imageof the femur canbe calculated. A moreaccuratemethod of measuring

neck-shaft anglecan be computedusing two x-ray images.The secondx-ray

is takenat an obliqueangleto the �rst. This approach takesinto account 3D

structure of the femur bone and basedon the projection of the femur bone

on two di�eren t planesthe neck shaft angle in 3D can be computed. This

method have beenusedin [28] to manually measurethe neck-shaft anglesin
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young patients.
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Chapter 7

Conclusion

In this thesis,we study the problem of estimating neck-shaft anglefrom the

contour of the femur. A method is proposedto compute neck-shaft angle.

The method comprisestwo algorithms. The �rst algorithm extracts the femur

contour accurately from x-Ray imagesand the secondalgorithm computes

neck-shaft anglebasedon the contour of the femur. The contributions of this

research includesthe following :

1. Developing two algorithms that form the core of a system to assist

doctors in detecting femur fractures.

2. A computational method of measuringthe neck-shaft angle which is

more consistent and reproducible comparedto manual measurement.



To the best of our knowledge, this is the �rst computer algorithm for

measuringthe neck-shaft anglefrom x-ray imagesand usingneck-shaft angle

to discriminate healthy femurs from fractured femurs. From the experiments

conducted,we have shown that using the neck-shaft anglemeasuredby our

algorithm wecanachievea classi�cation accuracyof 94.5%. In summary, this

research hasprovided a basisfor future research in femur fracture detection

and developing algorithms to assistdoctors in diagnosingfractures.
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