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Abstra
tIn this thesis a fully automated segmentation system for the bones of the kneein Magneti
 Resonan
e Images is presented. Several data sets were segmentedmanually. The resulting stru
tures are �rst represented by unorganised point
louds. With level set methods surfa
es were �tted to these point 
louds. Theiterated 
losest point algorithm was then applied to establish 
orresponden
esbetween di�erent surfa
es. Both surfa
es and 
orresponden
es were used tobuild a three dimensional statisti
al shape model of the major bones in theknee. The resulting model is used to automati
ally segment the knee in sub-sequent data sets through a method 
alled A
tive Shape Models. The resultof the segmentation is promising, but the quality of the segmentation is depen-dent on the initial guess. The segmentation of the major bones is useful forestablishing the position of other parts of the knee, for further segmentation,feature extra
tion and interpretation of the images. The algorithms have alsobeen tested on SPECT images of the brain with even better results.
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Chapter 1Introdu
tionHospitals today produ
e numerous diagnosti
 images su
h as Magneti
 Reso-nan
e Imaging (MRI), Single Photon EmissionComputed Tomography (SPECT),Computed Tomography (CT) and digital mammography. These te
hnologieshave greatly in
reased the knowledge of diseases and they are a 
ru
ial tool indiagnosis and treatment planning.The growing number of images and the in
reasing resolution of the imagesin the medi
al �eld have made it ne
essary to use 
omputerised tools as a helpto �nd anatomi
al stru
tures and to make de
ision support systems.Today almost all analysis of images is still done by manual inspe
tion by thedo
tors even though the images are digitalised from the beginning. Even foran experien
ed do
tor the diagnosis 
an be hard to state and it is often time
onsuming espe
ially in three dimensional images.The aim of this master thesis is to automati
ally segment the bones fromMRIs of the knee for pre-surgery analysis. To do that a method 
alled a
tiveshape is used. An A
tive Shape Model (ASM) uses the mean shape and thetypi
al ways that obje
t variate to segment it. To build the ASM methodsfor making surfa
e re
onstru
tion from point 
louds and methods for �nding
orresponding points over the training sets have also been used.The implementation of this thesis was made in C++ and Matlab. C++ wasused for 
al
ulating 
orresponding points over the training set and for build-ing the shape model. The C++ programs were based on the The VisualizationToolKit (VTK) whi
h is an open sour
e software system for 3D 
omputer graph-i
s (http://www.vtk.org). To improve the speed of the surfa
e �tting the fastmar
hing algorithm was implemented in C by Magnus Wendt. None of the al-gorithms are extremely time 
onsuming and therefore it was not ne
essary torewrite the Matlab part into C.The author is studying toward a Master of S
ien
es in Engineering Physi
swith fo
us on image analysis and 
omputer vision. This thesis was made in
ooperation between the Center for Mathemati
al S
ien
e, Lund Institute ofTe
hnology and the Department of Orthopedi
s in Lund. The MR images wereprodu
ed at several hospitals in southern Sweden.This thesis starts in the next 
hapter with a ba
kground on MRI and astudy of related work. In Chapter 3 the theory for the surfa
e �tting algorithmis reviewed. Chapter 4 in
ludes the method for �nding 
orresponding pointsover the training set and Chapter 5 des
ribes how to align those points. In1



2 1. Introdu
tionChapter 6 the method for building the shape model is presented. Chapter 7holds the algorithms used to segment obje
ts with the aid of the shape model.Later in Chapter 8 the result of the work is showed and dis
ussed and suggestionsfor further work are presented in Chapter 9.



Chapter 2Ba
kground
2.1 Related WorkFor segmentation of medi
al images many di�erent methods have been used.Pham et al. [11℄ make a review of a number of approa
hes.The most 
ommonly used of those approa
hes are Thresholding and RegionGrowing. These are easy to implement and produ
es good results in many 
ases.Thresholding works by 
reating a binary partitioning of the image intensities.The threshold value are prede�ned or in some way 
al
ulated and the pixels withvalues on either side of the threshold value are divided into di�erent groups.In region growing a seed point is de
ided and all 
onne
ted points that ful�lsa prede�ned 
riteria are then labeled as the same group. After that all points
onne
ted to the points labeled in the previous step are 
he
ked. If these alsoful�ls the 
riteria they are labeled in the same group. This algorithm 
ontinuesuntil no more 
onne
ted pixels ful�ls the 
riteria.2.1.1 Segmentation of MR Images of the KneeEarlier work on segmentation is mainly 
on
entrated on distinguishing 
artilagefrom the other parts of the knee. Many di�erent methods have been used to dothat, but most of these are not fully automati
 and therefore needs an experteither to initialise the pro
ess or to 
he
k and �x the result. One way that hasbeen used is region growing [16℄ but on knees the result was not good due tothe la
k of 
ontrast between bone tissue and fat.A 
ommon method for the segmentation is to �t B-splines 
urves to theedges in two dimensional sli
es [4℄, [5℄. The edges were in these arti
les lo
atedby the user. In [14℄ B-splines are also the 
hoi
e but in this 
ase the operatoronly had to initiate the edge in one sli
e and after that a snake improved thesegmentation in the sli
e. For the other sli
es the result from the sli
e next toit was 
hosen as a start guess of the outline. The so 
alled watershed method isapplied in [8℄ but the result was not good. But in [9℄ a modi�ed version of thewatershed algorithm is used with good result but still it needs some assistan
efrom the operator. 3



4 2. Ba
kground2.2 A
tive Shape ModelsIn this thesis A
tive Shape Models [6℄ is the 
hoi
e for the segmentation. Thismethod uses a te
hnique with a statisti
al model of the shape of the obje
t tobe analysed. The model is 
onstru
ted from a training set were the obje
t hasbeen segmented in another way (in most 
ases manually).An a
tive shape model represents the shapes with the mean shape and alinear 
ombination of variation modes. This 
an be written in matrix form asx = �x+�b; (2.1)where x is the new shape, �x the mean shape, � the variation modes and b theparameters to the variation modes. If the model is well suited to the obje
t thatis to be segmented the model should be able to represent the new shape andthe parameters in the b ve
tor should be relatively small.A
tive shape have been used by Cootes et al. in [6℄. There they only workedin two dimensions on the 
artilage of the knee. In this thesis a three dimensionalapproa
h of the a
tive shape is applied to segment out the whole stru
ture inall image sli
es at on
e.2.3 Image A
quisitionMRI in medi
ine was developed in the 80's by Sir Peter Mans�eld and Paul C.Lauterbur and they were awarded the The Nobel Prize in Physiology or Medi
inein 2003. The te
hnique uses the nu
lear spin of the hydrogen atoms. With astrong magneti
 �eld (about 1{10 T) more hydrogen atoms have their spinpointed as the magneti
 �eld than in the opposite dire
tion. This makes itpossible to pump the hydrogen atoms with radio-photons (about 100 MHz) andthen there will be resonan
e in the hydrogens atoms and a radio frequen
y 
anbe 
olle
ted to measure the stru
ture inside the body. For more informationabout MRI see [15℄.The images are produ
ed in sli
es, these sli
es are taken in three di�erentdire
tions, sagittal, 
oronal and transversal. In Figure 2.1 the three di�erentviews are shown.The major bones in the knee are referred to as femur and tibia. Figure 2.2shows the name of the bones.

Figure 2.1: The three sli
e dire
tion of medi
al images. To the left a sagittalview, in the middle 
oronal view and to the right transversal view.
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Figure 2.2: Names of the bones in the knee.Medi
al images used in this thesis are stored in the DICOM format [2℄. In theDICOM standard the dire
tions of the axises are fully de�ned by the patient'sorientation. The x-axis is in
reasing to the left hand side, the y-axis in
reasestowards the ba
k of the patient and the z-axis in
reases towards the head ofthe patient. These de�nition makes the 
oordinate system right handed. In therest of the report these de�nitions are used when medi
al images are dis
ussed.2.4 Related Ongoing WorkParallel to this thesis another master thesis has been started at the Center forMathemati
al S
ien
e. That thesis works with segmentation of the brain inSPECT images. Be
ause of that all algorithms made in this thesis have alsobeen tested on SPECT images of the brain.



Chapter 3Shape Re
onstru
tion fromPoint CloudsFrom an unorganised point 
loud the aim is to get a triangulation of the surfa
ethat the points are lo
ated at. To do that �rst of all the point 
loud of the femurhas to be 
onstru
ted. After that a level set approa
h is used for the surfa
e�tting.3.1 Building the Point CloudThe point 
loud is built from points marked manually in the MR sli
es. Themarking is done in every sli
e. The points marked are 
onne
ted with 
ubi
splines and therefore it is more points than those whi
h are marked that aresaved, this gives a denser point 
loud. During the marking the splines are visibleand the result 
an be visual examined.To every image sli
e an information tag is 
onne
ted. This tag 
ontainsinformation whi
h makes it possible to lo
ate every image pixel in a 3D-spa
e.The 
oordinate system is the same for the sli
es in di�erent dire
tions and thusdi�erent sli
e dire
tions 
an be mixed together. An example of a point 
loud
an be seen in Figure 3.1.3.2 Cal
ulating the TriangulationThere are several methods to �nd the surfa
e to an unorganised point 
loud.The easiest way to do this is to start with one point, then �nd the two pointswhi
h are 
losest and number that group as the �rst triangle. After that always
hose the 
losest not used point to the line 
onne
ting two points and a newtriangle will be made. Do this for all points and the triangulation is 
ompleted.The problem with this approa
h is that the femur is marked in the MR sli
es.Samples are taken from sagittal, 
oronal and sometimes transversal sli
es andare then mixed together. This makes a noisy point 
loud as in Figure 3.1. Tohandle the noisy data a level set approa
h is used to re
onstru
t the surfa
e. In[18℄ Zhao et al. developed a method whi
h re
onstru
ts a surfa
e that is minimalto the distan
e transform to the data set. This approa
h has problem when the6



3. Shape Re
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tion 7

Figure 3.1: Unorganised point 
loud of the femur.point 
louds are noisy. Later Shi and Karl [12℄ proposed a data-driven, PartialDi�erential equation (PDE) based, level set method that handles noisy data.The idea of the level set method is to represent the surfa
e as an impli
itdistan
e fun
tion whi
h is zero at the surfa
e and negative inside. The fun
tionis then updated to solve a PDE that is 
onstru
ted in su
h a way that it willhave a minimum at the true surfa
e. By updating the fun
tion iteratively it will�t to the surfa
e. The problem is formulated as follows:Denote the points in the point 
loud X = (x1; : : : ;xn). And the distan
efun
tion � where � = 0 is the surfa
e. With aid of the distan
e fun
tion thesigned distan
e from a point to the surfa
e, denoted as g(xi; �), 
an be writteng(xi; �) = �(xi) = Z �(x)Æ(x � xi)dx; (3.1)where Æ is the delta distribution. The distan
es are then 
olle
ted in a ve
torg(X; �). The problem 
an now be rewritten as an energy minimisation problem.The energy is thenE(�) = � logp(g(X; �)j�)| {z }Ed +� Z Æ(�)jr�jdx| {z }Es ; (3.2)where p(g(X; �)j�) is the probability that the points X has the shape �. Hereit is assumed that p(g(X; �)j�) is a Gaussian distributed:p(g(X; �)j�) / e�(g�u)TW�1(g�u)=2; (3.3)where u is the mean distan
e and W is the 
ovarian
e matrix.The distan
e fun
tion � also has to ful�l the 
onstraint jr�j = 1 to ensurethat it is a signed distan
e fun
tion. The Ed term des
ribes how well the surfa
eare suited to the points and the Es term is for smoothing.In ea
h iteration of the surfa
e re
onstru
tion a step is taken in the steepestde
ent dire
tion of the gradient. For the Ed the gradient is obtained as:dEdd� = dETddg dgd� : (3.4)



8 3. Shape Re
onstru
tionFrom (3.2) we have dEddg = �1p dpdgand dgd� = [Æ(x� x1); : : : ; Æ(x� xn)℄T :Now approximate Æ(x) withÆ�(x) = ( 0; jxj > �;12� h1 + 
os��jxj� �i ; jxj < �; (3.5)where � � 0. Finally put the evolution step due to the negative gradientdire
tion so that the step due to the Ed term is" d�dt ����x=x0#d = � nXi=1 dEddg(xi; �)Æ�(x0 � xi): (3.6)To 
onstru
t the 
omponent of the evolution speed for the fun
tion � due to thedata term over the whole domain, denoted as Fd, so that � will remain a singeddistan
e fun
tion, the method from [1℄ is followed, thus solving of the PDE:r� � rFd = 0 (3.7)with the boundary 
onditionFd(x0) = " d�dt ����x=x0#d (3.8)obtained from (3.6) is made. This PDE is derived so that jr�j = 1 will remaintrue. The smooth terms evolution speed is as Zhao et al. showed in [19℄�d�dt �s = �r � r�jr�j� jr�j: (3.9)Combining the two terms of energy gives the �nal evolution speed asd�dt = Fdjr�j+ ��r � r�jr�j� jr�j: (3.10)Here � is used to make a good balan
e between the surfa
e �tting and thesmoothing.The use of the approximated delta distribution makes the method robust tolo
al minima, be
ause a point only e�e
ts the surfa
e 
lose to the point. Thusit is possible to make an initial guess 
lose to the real surfa
e whi
h redu
ethe time for the algorithm signi�
ant. The � parameter in (3.5) 
an be variedto make the surfa
e �tting algorithm able to handle data sets with di�erentsparsity.Between every step of the iteration the fast mar
hing algorithm is used toupdate the distan
e fun
tion, this is ne
essary to keep jr�j = 1. For moreabout the fast mar
hing algorithm see Adalsteinsson and Sethian in [1℄.



3. Shape Re
onstru
tion 9The initial guess is obtained by making a fun
tion that in every point hasthe value of the positive distan
e to the nearest point in the point 
loud. Afterthat those points that are 
lose to the surfa
e are set to zero. This makes thefun
tion divided into two parts divided by a band where the fun
tion is zero.A new distan
e fun
tion is now made that measures the distan
e to the outeredge of the zero area, this is a signed distan
e fun
tion whi
h is negative insidethe surfa
e. Finally the surfa
e are moved by the half length of the thi
kness ofthe zero band. The moving of the surfa
e is done by subtra
ting the distan
e ofthe movement to the whole volume. This makes an approximated surfa
e thatis very good at 
onvex parts of the surfa
e but not that good in the 
on
aveparts.3.3 Result on Real DataThe surfa
e re
onstru
tion has problems when the data is not dense enough.In the femur example in Figure 3.1 that does not produ
e any problems. Theresult 
an be seen in Figure 3.3. But in the SPECT images the used data wasless dense and it was ne
essary to interpolate more points to get a good surfa
e.An image of the point 
loud in the SPECT images 
an be seen in Figure 3.2and the result of the surfa
e �tting when more points were interpolated 
an beseen in Figure 3.4.

Figure 3.2: A point 
loud generated from SPECT images of the brain.



10 3. Shape Re
onstru
tion

Figure 3.3: The surfa
e �tted to an unorganised point 
loud. Even though thesurfa
e is a little bit transparent it is hard to see the points inside the femur,this makes the surfa
e look like it lies inside the points.

Figure 3.4: The result of the surfa
e �tting when the points represent the brainfrom SPECT images.



Chapter 4Finding CorrespondingPointsIn shape modelling it is of great importan
e that during the training a dense
orresponden
e is established over the training set. This part is the most diÆ
ultand the most important for a good result of the up
oming segmentation. The
orresponden
e is normally established by pla
ing landmarks at the surfa
e.A landmarks is a point on the surfa
e. These are labeled, thereby giving
orresponden
e between points on the surfa
es in the training set. A good 
hoi
eof landmarks in a medi
al image des
ribes something that are of anatomi
alinterest, for example a good landmark 
an be the tip of the index �nger. Usuallythese points are not many enough. It is also hard to �nd these automati
allyand to mark them manually is very time 
onsuming and error prone.An approa
h to �nd 
orresponden
e between shapes is to have 
orrespondingparametrisation of the shapes. If the shapes later are sampled a

ording to theparametrisation it is possible to �nd 
orresponding points of two shapes. In theremaining part of this thesis these points are re�red to as landmarks.4.1 Iterative Closest PointIn this thesis the 
orresponden
e of points over the training set is establishedby the Iterative Closest Point (ICP) algorithm [3℄. With the ICP algorithma 
orresponding triangulation of the surfa
e for the bones is a
hieved over thetraining set. The problem is to 
al
ulate new verti
es on the surfa
e while theshape remains the same.The ICP algorithm mat
hes two overlapping surfa
es. It uses one as sour
esurfa
e and one as target. The triangulation of the sour
e is kept and the aimis to get an optimal 
orresponding triangulation on the target surfa
e. To dothis an iterative pro
ess is applied with the steps as follows:1. For ea
h vertex at the sour
e surfa
e �nd the 
losest point at the targetsurfa
e.2. Compute the transformations from the sour
e to the new points, lo
atedin the previous step, that minimise the mean square error between thetwo point 
louds with translation and rotation.11



12 4. Finding Corresponding Points3. Apply the transformation4. Return to 1 until the improvement between two iterations is less than athreshold value � > 0.When the threshold value is rea
hed the 
loset points on the target surfa
eare 
al
ulated one last time and these points gives the new verti
es on the targetsurfa
e.This algorithm gives two surfa
es with 
orresponding triangulation and ea
hpoint 
an be looked at as a landmark with 
orresponding landmark at the othersurfa
e. If the same sour
e surfa
e is always used and the target surfa
e isswit
hed it is possible to �nd 
orresponding landmarks in a larger training set.



Chapter 5Aligning the Training SetUsing Pro
rustes AnalysisWhen the 
orresponding landmarks are found the next step is to align thelandmarks under similarity transformations. This is done be
ause only theshape should be 
onsidered in the shape model and the translation, s
ale androtation should be �ltered out.Even if shape is a 
ommon expression in the every day language it is goodto have a more mathemati
al de�nition of it. An intuitive one is as follows:De�nition 5.1 (shape) Two geometri
 obje
ts have the same shape, if one
an be mapped onto the other by a similarity transformation.Similarity transformations only e�e
ts translations, rotation and s
aling. Thisde�nition does not allow 
ipping when shapes are 
ompared. (See Figure 5.1.)The most popular way to make the aligning is the Pro
rustes Analysis [7℄.With this method the aim is to align one shape X,X = (x1; : : : ;xn) = 0B� x11 : : : x1n... . . . ...xm1 : : : xmn 1CA ; (5.1)where m is the dimension and n the number of points, with another shape Ywith 
orresponding landmarks. This is done by minimisingkX� T (Y)k2over T , where T is a similarity transform.Alignment of two shapes, X = (x1; : : : ;xn) and Y = (y1; : : : ;yn), in threedimensions 
an be 
al
ulated expli
itly. Umeyama presents a way to do this [17℄.The method �nds the minimum of the mean squared error e2(R; t; 
) of twopoint patterns, e2(R; t; 
) = 1n nXi=1 kyi � (
Rxi + t)k2; (5.2)with respe
t to rotation R, s
ale fa
tor 
 and translation t. The dimensionalityare usually two or as in this 
ase three. Before the theorem is showed a lemmais presented. 13
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Figure 5.1: Triangle D and E have the same shape. On triangle B the labels
an be moved and it will then have the same shape as D and E. Triangle Ais 
ipped 
ompared to D and E and therefore does not have the same shape.Triangle C has a di�erent shape 
ompared to the other triangles.Lemma 5.1 Let A and B be m�n matri
es, and R an m�m rotation matrix,and U�VT a singular value de
omposition of ABT (UUT = VVT = I; � =diag(�i); �1 � �2 � � � � � �m � 0). Then the minimum value of kA �RBk2with respe
t to R isminR kA�RBk2 = kAk2 + kBk2 � 2tr(�S); (5.3)where S = � I if det(ABT ) � 0;diag(1; 1; : : : ; 1;�1) if det(ABT ) < 0: (5.4)When rank(ABT ) � m� 1, the optimum rotation matrix R whi
h a
hieves theabove minimum value is uniquely determined and given byR = USVT ; (5.5)where S in (5.5) must be 
hosen asS = � I if det(U) det(V) = 1;diag(1; 1; : : : ; 1;�1) if det(U) det(V) = �1: (5.6)when det(ABT ) = 0 (rank(ABT ) = m� 1).The proof of the lemma 
an be found in [17℄. There the following theorem isalso proved using the lemma.



5. Aligning Training Set 15Theorem 5.1 Let X = (x1; : : : ;xn) and Y = (y1; : : : ;yn) be 
orrespondingpoints patterns in m-dimensional spa
e. The minimum value "2 of the meansquare error e2(R; t; 
) = 1n nXi=1 kyi � (
Rxi + t)k2 (5.7)of these point sets with respe
t to the similarity transformation is given by"2 = �2y � tr(�S)2�2x ; (5.8)where �x = 1n nXi=1 xi; (5.9)�y = 1n nXi=1 yi; (5.10)�2x = 1n nXi=1 kxi � �xk2; (5.11)�2y = 1n nXi=1 kyi � �yk2; (5.12)Cxy = 1n = nXi=1(yi � �y)(xi � �x)T ; (5.13)and let a singular value de
omposition of Cxy be U�VT (� = diag(�i); �1 ��2 � : : : � �n � 0), andS = � I if det(Cxy) � 0;diag(1; 1; : : : ; 1;�1) if det(Cxy) < 0; (5.14)Cxy is a 
ovarian
e matrix of X and Y, �x and �y are mean ve
tors of X and Y,and �x and �y are varian
e around the mean ve
tors of X and Y, respe
tively.When rank(Cxy) � m�1, the optimum transform parameters are determineduniquely as follows: R = USVT ; (5.15)t = �y � 
R�x; (5.16)
 = 1�2x tr(�S); (5.17)(5.18)where S in (5.15) must be 
hosen asS = � I if det(U) det(V) = 1;diag(1; 1; : : : ; 1;�1) if det(U) det(V) = �1; (5.19)when (rank(Cxy) = m� 1).



16 5. Aligning Training SetThe theorem gives a way to align two data sets X and Y as 
lose as possibleunder similarity transform. But in this thesis not only two data sets but thewhole training set is to be aligned. Therefore an iterative approa
h has beenused. The steps are as follows [6℄:1. Translate the examples so that their 
enter of mass are in origin.2. Chose one example as initial guess of the mean shape, �x, and s
ale it sothat k�xk = 1.3. Re
ord the �rst estimate as �x0 to de�ne the default referen
e frame.4. Align all the shapes to the estimated mean shape. Do this as in theo-rem 5.1.5. Estimate a new mean shape �x.6. Constrain the new mean shape by aligning it with �x0 and s
ale it sok�xk = 1.7. Return to 4 until 
onvergen
e.When the 
orresponding points are aligned it is possible to move forwardand 
al
ulate a shape model of the knee.



Chapter 6Building the Shape ModelIn this part is des
ribed how a shape model is built and what the bene�ts are.The shape of an obje
t is des
ribed by n points. In this thesis the points are inthree dimensional spa
e but it 
ould also be higher or lower dimension with forexample the time dimension as an extra dimension.6.1 Prin
ipal Component AnalysisWith n landmarks, Xi = (x1; : : : ;xn)T where xi are m-dimensional points, atthe surfa
e. The segmentation problem is nm dimensional. It is therefore ofgreat interest to redu
e the dimension and in an a

urate way be able to de
idewhether a new shape is reasonable.The aim is to �nd a model so that new shapes 
an be expressed by the linearmodel x = �x+�b, where b is a ve
tor of parameters for the shape modes. Withthis approa
h it is possible to 
onstrain the parameters in b so the new shapealways will be reasonable.To generate the model � from N training shapes, Prin
ipal ComponentAnalysis (PCA) is applied. The landmarks Xi used in the PCA are 
olumnsta
ked. In a three-dimensional 
ase this 
an be written,~xi = � x1; � � � xn; y1; � � � yn; z1; � � � zn �T : (6.1)The approa
h to perform the PCA is as follows:1. Compute the mean of the data�x = 1N NXi=1 ~xi: (6.2)2. Constru
t the 
ovarian
e matrix of the dataC = 1N � 1 NXi=1(~xi � �x)(~xi � �x)T : (6.3)3. Compute the eigenve
tors, �i and the 
orresponding eigenvalues �i of C.17



18 6. Building the Shape ModelThe matrix C has the size nm � nm and it 
an be very time 
onsuming to
al
ulate the eigenve
tors of the C matrix (in this 
ase C has the size of about12000�12000). But if the number of training examples is fewer than the numberof landmarks times the dimension it is possible speed up the 
al
ulations. Itwill only be ne
essary to 
al
ulate eigenvalues and eigenve
tors to an N � Nmatrix where N is the number of training examples. To show this approa
h theSingular Value De
omposition (SVD) [13℄ is used.Let X = (~x1 � �x; : : : ; ~xN � �x). Then X 
an be de
omposed byX = U�VT; (6.4)whereU is an nm�nm orthogonal matrix andV is anN�N orthogonal matrixand� a diagonal matrix. For the PCA the eigenve
tors to the 
ovarian
e matrixXXT are of interest. These are the 
olumns in U in the expressionXXT = (U�VT )(U�VT )T = U�2UT : (6.5)For the matrix XTX the SVD isXTX = (U�VT )T (U�VT ) = V�2VT : (6.6)Now if the singular value �i is not zero the i:th 
olumn of the U matrix 
an be
al
ulated as Ui = XVei=�i (6.7)where ei is the identity ve
tor in dire
tion i.To 
ompute the PCA in this way generates a faster algorithm if the numberof examples in the training set are less then the number of landmarks times thedimension. The information that is lost are the rest of the eigenve
tors witheigenvalues equal to zero, but those are of no interest in the shape model.The eigenvalues of XTX are as showed in (6.5) and (6.6) the same as thosefor XXT . The eigenvalues in � are sorted so �1 � �2 � : : : � �n � 0.The eigenvalues �i 
an be interpreted as the varian
e of the landmarks in thedire
tion of the 
orresponding eigenve
torUi, whi
h des
ribes a shape variationmode. This makes it possible to just use the big variation modes in the shapeand not 
onsider the small ones.6.1.1 A PCA Example in Two DimensionsIf there is a set of points in the plane, the PCA des
ribes the main dire
tion ofthe points and the orthogonal ve
tor. This makes it easy to �nd the dire
tionof most variation. Figure 6.1 is an example where random points with di�erentstandard deviation (std) in x- and y-dire
tion are rotated. The two prin
ipal
omponents are plotted with 2 std in ea
h dire
tion.6.2 Making New Shapes From the ModelFrom the model new shapes 
an be 
onstru
ted. Let � = [�1; : : : ;�N ℄, where�i are the 
olumns in U, i.e. the eigenve
tors of the 
ovarian
e matrix. Itis not ne
essary to 
hoose all the 
olumns in U, but if not all are used those



6. Building the Shape Model 19

Figure 6.1: Random points where PCA is applied to �nd the main dire
tion.The main dire
tions are plotted with 2 std.
orresponding to the largest eigenvalues are to be 
hosen. The eigenve
tors are
alled modes of variation or shape modes. New shapes 
an now be 
al
ulated as~x = �x+�b = �x+ NXi=1 �ibi: (6.8)Cootes et al. propose in [6℄ a 
onstraint of the bi parameters of �3�i, where�i is the square root of the eigenvalues of the 
ovarian
e matrix �i, to ensurethat any new shape is similar to the shapes in the training set. This method isused in this thesis. Another way to 
onstrain the parameters in the shape modelwould be to look at the probability that the new shape is from the training setand 
onstrain the whole shape into a reasonable interval.The numbers of shape modes to be used in the shape re
onstru
tion 
anbe limited and then 
hosen to represent a proportion of the variation in thetraining set. The proportion of variation that t eigenve
tors 
over are given byVt = Pti=1 �iP�i : (6.9)6.3 Shape Model of the FemurFrom the aligned training set PCA is applied on the landmarks. The result 
anbe seen in Figure 6.2. Where the �rst �ve shape modes are plotted with themean shape in the middle. Over 50 % of the variation lies in the �rst shapemode. But that is be
ause the MR images do not always 
overs exa
tly thesame se
tion of the knee.
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Figure 6.2: The �rst �ve shape modes of the femur. In the middle is the meanshape, to the left two std of the shape mode is subtra
ted and to the right theyare added. Noti
e how most of the variation is in the �rst shape modes.



Chapter 7Segmentation with A
tiveShape ModelsThe segmentation with a
tive shape models is based on an iterative approa
h.After an initial guess the four steps below are iterated.1. Sear
h in the dire
tion of the normal from every landmark to �nd a suitablepoint to pla
e the landmark in.2. Update the parameters for translation, rotation, s
ale and shape modesto make the best �t to the new points.3. Apply 
onstrains on the parameters.4. Repeat until 
onvergen
e.7.1 Multi-Resolution Approa
hfor A
tive Shape ModelsTo improve the robustness and the speed of the algorithm a multi-resolutionapproa
h is used. The idea of multi-resolution is to �rst sear
h in a 
oarserimage and then 
hange to a more high resolution image when the sear
h in the�rst image is not expe
ted to improve. This improves the robustness be
ausethe amount of noise is less in the 
oarse level and therefore it is easier to �nd away to the right obje
t. The high resolution images are then used to �nd smallstru
tures. The speed a

elerates be
ause there is less data to handle in the
oarse levels.In the knee MR-images the voxels in the �rst level are ten times larger inthe dire
tion orthogonal to the sli
es than in the other dire
tions. Be
ause ofthat smoothing is made in every sli
e separately. Some of the images has asize of 512� 512 pixels and others 256� 256, therefore those images with highresolution are smoothed down to 256� 256 and that is 
onsidered as the �rstlevel. Then the levels are evaluated with smoothing in the sli
es in two stepswhi
h gives the 
oarsest level a resolution of 64�64. There are usually between20 and 25 sli
es in an image set. In Figure 7.1 a Gaussian pyramid with thethree �rst levels 
an be seen. 21



22 7. Segmentation with A
tive Shape Models

Figure 7.1: Three levels of the Gaussian pyramid. To the left the original imagein the middle level 1 and to the right level 2, The size of the images are fromleft to right, 256� 256, 128� 128 and 64� 64 pixels.7.2 Getting the Initial GuessIn order to obtain a fast and robust segmentation it is important to have a goodinitial estimation of the position and orientation. In the initial guess the shapeis assumed to have the mean shape. This makes it ne
essary to �nd values ofseven parameters to make a suitable initial guess in three dimensions (three fortranslation, one for s
ale and three for the rotation).The �rst thing is to dete
t the lower part of the femur. To do that the 1-Dspatial signature of a 2-D image is 
al
ulated by summarising the rows of themiddle sli
e in the 
oarsest level. There will be a signi�
ant dip near the middleof the image whi
h indi
ates the area between the femur and the tibia as seen inFigure 7.2. That row is set to the minimum z-
oordinate of the shape and thetop z-
oordinate is set to the top of the sli
e. That result gives the translationin z-dire
tion and the s
ale.When the bottom z-
oordinate is de
ided a transversal sli
e is taken a givendistan
e above that lo
ation of the bottom z-
oordinate. On this height thefemur is usually lo
ated in the same area of the sli
e and a bla
k line emergesaround the bone. Therefore 1-D spatial signatures in the sli
e at this height areused to �nd where the femur is lo
ated. In these signatures the edge aroundthe femur is lo
ated and the 
enter of the femur are set to be in the middle ofthe area that is lo
ated in this way. This gives the x- and y-
oordinates for theinitial guess. See Figure 7.2 for illustrations of the lo
ation of the initial guess.The rotation is assumed to be zero and thus no sear
h is made to evaluateit. The reason for this assumption is that the 
oordinate system used is �xedto the body. If the knee is not straight problems 
an emerge be
ause the bonewill not point straight to the head.
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Figure 7.2: The 1-D spatial information of the 2-D images. To the left thesum of the 
olumns is plotted, this sum is used to �nd the area between thefemur and the tibia. The images in the middle shows how the x-
oordinate islo
ated. The two points marked with a 
ir
le are lo
ated and the x-
oordinateis pla
ed in the middle. To the right the lo
ation of the y-
oordinate is lo
atedin the same way. The minimums lo
ated are those 
losest to 
olumn 25 in ea
hdire
tion. The lo
ation of the initial guess is marked with a � in the image inthe middle and in the image to the right.



24 7. Segmentation with A
tive Shape Models7.3 Finding Suitable PointsTo �nd the new point to pla
e a landmark, while sear
hing in the dire
tions ofthe normal, mainly two approa
hes are possible. The easiest one is to look for thestrongest edge. This approa
h however requires that the model points are pla
edat the strongest edge whi
h is not always true. To handle this problem it ispossible to build a model of the lo
al stru
ture near the landmarks in the trainingexamples. A model for the mean appearan
e and the appearan
e variation alongthe surfa
e normal at ea
h landmark is built. And at the segmentation the bestposition is 
hosen for the landmark along the normal of the surfa
e.7.3.1 Modelling Lo
al Stru
turesTo model the variations of appearan
e for a spe
i�
 landmark k sample pointsin the normal dire
tion of the surfa
e are evaluated, this gives 2k+1 equidistantpoints. These values usually have a big variation of intensity over the trainingset. To minimise this e�e
t the derivative of the intensity is used. The sampledderivatives are put in a ve
tor gi, the gi ve
tor is in this thesis eleven elementslong. These values are then normalised by dividing with the sum of absolutevalues of the ve
tor, gi ! 1Pj jgij jgi; (7.1)Figure 7.3 shows a typi
al pro�le for a landmark.This is repeated for all surfa
es in the training set and gives a set of samplesfgig for ea
h landmark. These are assumed to be Gaussian distributed and themean �g and the 
ovarian
e Sg are 
al
ulated. This results in a statisti
al modelof the grey level pro�le at ea
h landmark.Through the pro
ess from marking the interesting parts of the knee to build-ing the triangulation with 
orresponding landmarks of the obje
t small errorsin the surfa
e will probably be introdu
ed. This will make the modelled surfa
eto not be exa
tly suited to the real surfa
e. Thus the pro�les will be translateda bit and the bene�t of model will be small. To redu
e these problems an edgedete
tion in a short distan
e along the normal to the surfa
e is performed. Ifthe edge dete
tion �nds a suitable edge the landmarks are moved to that posi-tion. The di�eren
e between this approa
h and a plain edge dete
tion is thatthis only allows small movements from the landmark and if there are severaledges and the edge looked for is not the strongest this make it possible to �nda weaker edge next to the strong one.The edge dete
tion is made by �tting 
ubi
 splines to the sampled values inthe pro�le. With aid of the new points that are 
al
ulated the edge 
an be lo-
ated between the samples. The edge dete
tion looks for pla
es were the se
ondderivative is zero. If those points also has a minimum in the �rst derivative thepoint is 
onsidered as an edge. The dete
tion is made in two steps. First it isdone in a 
oarse level and in a se
ond step the dete
tion is made in the levelwith the highest resolution.
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Figure 7.3: At ea
h model point the derivative of the intensity are sampled alongthe normal dire
tion. The dots in the left image shows where image data arelo
ated, between these sli
es interpolation is needed. To the right is a typi
alexample of a boundary pro�le.7.3.2 Getting New PointsWhen a new point is to be lo
ated, while sear
hing in the dire
tion of the normalduring segmentation, the quality of the �t is measured by the Mahalanobisdistan
es given by f(gs) = (gs � �g)TS�1g (gs � �g); (7.2)where gs is the sample made around the new point 
andidate. This valueis linearly related to the probability that gs is drawn from the model. Thusminimising gs is the same as maximising the probability that gs 
omes fromthe distribution and therefore that the point is at the sought-after edge.To �nd the suitable point m > k values are sampled around the old pla
e forthe landmark and the new point is pla
ed to best �t the pro�les of the trainingset as des
ribed above.7.3.3 Getting New Points in a Multi-Resolution Approa
hThe sampling of the gray level pro�les for modelling the appearan
e is done inevery level so that the �tting 
an be done in every s
ale. The length of the pro�leexpressed in voxels is 
onstant over the levels. This makes the length expressedin millimeters to sear
h longer in the pi
ture with the lowest resolution. In the
oarse level only a few of the shape modes are used in the model. This helpsthe segmentation to not get stu
k in a false edge.To speed up the algorithm only a few of the landmarks are used in the 
oarselevels. In this thesis 1=4 of the landmarks are kept for every step to a 
oarserlevel.



26 7. Segmentation with A
tive Shape Models7.4 Updating ParametersWhen new landmark positions are lo
ated the next step is to update the pa-rameters for translation, s
ale, rotation and shape modes to best �t the newpoints. This is done by an iterative pro
ess. The aim is to minimisekY � Tt;s;�(�x+�b)k2; (7.3)where Y is the new points and T is a similarity transformation. The iterativeapproa
h is as follows:1. Set the shape parameters b initially to zero.2. Generate the shape given by the present b (See (6.8)).3. Find the similarity transform that best �ts the shape to the new points(See Chapter 5).4. Cal
ulate new parameters for b a

ording to (7.4).5. Apply 
onstrains on b.6. Return to step 2 until 
onverged.Sin
e the shape modes are orthogonal it is easy to 
al
ulate the best parame-ters of the b ve
tor. If a shape ~x is the approximated shape to x as ~x = �x+�b,the b parameters 
an be 
al
ulated my multiplying by �T whi
h gives the resultb = �T (~x� �x): (7.4)In the segmentation only shapes relatively similar to the shapes in the train-ing set is of interested. Therefore 
onstraints are applied to the b parameters.Usually those 
onstraints are �3p�i where �i is the eigenvalue 
orrespondingto shape mode i.



Chapter 8ExperimentsThe di�eren
e between the two data sets on whi
h the algorithms have beentested were primarily the resolution. In the MR images the resolution wasabout 0:5 mm in the sli
es and 3 mm between the sli
es, in the SPECT imagesthe resolution was about 2 mm in all dire
tions. In other words were the voxels
ubi
 in the SPECT images and highly non 
ubi
 in the MR images.8.1 Shape Re
onstru
tion from Point CloudIn the shape re
onstru
tion the distan
e fun
tion was represented with a volumewith 64 elements in ea
h dire
tion. With a lager volume a more detailed surfa
ewould be a
hieved but if the volume was doubled the fast mar
hing algorithmwas too time 
onsuming. On the other hand the time for the algorithm onlydepending signi�
antly on the volume size and not for example the number ofpoints on the surfa
e. The resulting surfa
e looked well suited to the points,but no exa
t measurement has been done. The di�eren
e in the results forthe MR images of the knee and the SPECT images of the brain was primarily
onne
ted to the density of points in the point 
loud representing the surfa
e.In the MR images the marking was done in at least sagittal and 
oronal imagesand therefore there was no big open areas in the point 
loud. On the SPECTimages marking of the brain was only done in transversal sli
es and be
ause ofthat a big open area was left in the top of the brain (Figure 3.2). The result ofthe open area was a 
on
ave top of the brain that was false. To �x that problemnew points were interpolated at the top of the point 
loud. Another approa
hshould be to mark the brain in a se
ond dire
tion.8.2 Finding Corresponding PointsThe result of the ICP algorithm of the knee surfa
es was not satisfying when
orresponding points were to be found between a right and a left knee, even if theknees looked almost the same visually. Therefore the left knees were mirroredin the x-dire
tion. After that there was no signi�
ant di�eren
e between theresult of a left and a right knee.A sour
e to make the result worse was that the images did not 
over exa
tlythe same area in the top. That made the surfa
es sometimes 
over a larger part27
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500Figure 8.1: A good result from the segmentation when only plain edge dete
tionhave been used while updating landmark positions.of the femur in the knee images and in the brain images the whole brain wasnot always 
overed. This means that there are no true 
orresponding point onthe surfa
es. Be
ause of this it arise strange artifa
ts on the top of the femuron some shapes.8.3 SegmentationThe result of the segmentation showed big di�eren
e between the MR imagesand the SPECT images. The result was signi�
antly better on the SPECTimages.8.3.1 Results for MR Images of the KneeThe segmentation of the femur was diÆ
ult. There were mainly two problems;�nding the initial guess and taking bene�t of the modelling of the lo
al graylevel stru
ture.When the initial guess was not good enough the model was not able to �ndthe way to the femur. Instead other edges were lo
ated that were of no interest(often the edge of the volume).Without sear
hing for edges in the building of the pro�les, the model for thelo
al stru
ture was of no use. This made the segmentation algorithm to only�nd the obje
t in a few pi
tures in this 
ase. Then it was a better approa
h tojust make an edge dete
tion when updating landmark positions without any useof prior knowledge of the appearan
e. But in this 
ase the result is not alwaysthe right edge. In Figure 8.1 the result is good and the right edge is dete
ted.But in Figure 8.2 the wrong edge had been dete
ted in the lower part of theknee.When the improvedmodels of the edges were used the result was signi�
antlybetter. If the initial guess was good enough the sear
h algorithm found the rightedges almost every time. But in some parts of the images the result was not asgood. During the segmentation only the sagittal images were used and if theresult were visually examined the result looked better in the sagittal view. InFigure 8.3 the result from a segmentation is viewed.
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500Figure 8.2: A bad result from the segmentation when only plain edge dete
tionhave been used while updating landmarks positions.

Figure 8.3: The result of the segmentation when the model of the gray levelstru
ture were used. The segmentation was applied in sagittal images and theresult looks better in the sagittal view. (The sagittal sli
e is the same as inFigure 8.1.)



30 8. Experiments8.3.2 Results for SPECT Images of the BrainWhen the segmentation was done on the SPECT images a better result wasobtained. When the algorithm was used on a number of brains and the resultwas 
ompared to the points marked on the surfa
e it was hard to tell whi
hwere the 
hoi
e of the 
omputer and whi
h were 
hosen by the expert.
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60Figure 8.4: The result of the segmentation on SPECT images of the brain.8.3.3 Di�eren
e Between the Resultof SPECT and MR ImagesThere 
an be several reasons why the result was better with the SPECT imagesof the brain then the MR images of the knee. The most obvious is that theinitial guess was better in the SPECT images where almost the only visiblething was the brain, even if there were some stru
tures for example in the ne
kthat were also visible. In the knee images the mus
les and the fat around thefemur are also visible whi
h makes it a harder task to �nd a good initial guess.A big di�eren
e between the images was the shape of the voxels. In theSPECT images the voxels were 
ubi
. But in the MR images one dimension wasten times larger then the others. This is probably a major drawba
k for examplewhen the lo
al stru
tures are modeled. When the 
orresponden
e a
ross thetraining set is not perfe
t there is a large risk that one normal that pointsin a dire
tion parallel to the image sli
e in one training example points moreorthogonal to the sli
e in an other example. When the normal points parallelto the sli
e a high amount of variation 
an be measured but when it pointsorthogonal to the sli
es almost no variation 
an be measured. The problemwith the knee images often appears on a more detailed level when the voxelsare less 
ubi
, while the segmentation works better on a 
oarse level where thevoxels are almost 
ubi
.



Chapter 9Further WorkThe thesis is divided in the parts shape re
onstru
tion, model building andsegmentation. The �rst part is the one where least further work is ne
essary,even if it would be desirable that the surfa
e re
onstru
tion worked on a moresparse point 
loud.9.1 Improvements on the Model BuildingFor the model building the improvement lies in �nding the 
orresponding pointsbetween the shapes in the training set. A 
ommonly used method to measurehow well points 
orrespond over the training sets is to 
al
ulate the des
riptionlength (DL). This method is used in many di�erent �elds. The 
on
ept ofminimum des
ription length (MDL) 
omes from information theory. The aimis to minimise the amount of information needed for a full des
ription of thetraining set. The idea is that by minimising the des
ription length it will bea trade-o� between a simple model that thus is general and getting a modelthat well represents new shapes that is not in the training set. This approa
hshould favour models that are well suited for des
ribing new shapes whi
h aresimilar to those in the training set and at the same time the model should badlydes
ribe those shapes that are not similar. Hopefully the shapes should be welldes
ribed by a few number of modes.The data is transmitted as a shape model as in (2.1). To transmit the wholetraining set the mean �x and the shape modes � need to be transmitted onetime. Therefore the aim of the optimisation is to make the parameters in b assmall as possible over the training set.Some work has been done by Karlsson [10℄ in optimising the MDL. Thealgorithms in that thesis was too time 
onsuming to use for a more pra
ti
alappli
ation as in this thesis. One of the reasons for this was that the algorithmfor optimisation was global. It should be an interesting approa
h to shift theoptimiser made by Karlsson to a lo
al optimiser and give the result from theICP algorithm as initial guess. For more about MDL see Eri
sson [7℄.31
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Figure 9.1: An example of a pro�le that has two di�erent forms of gray levelsignature.9.2 Further Work on SegmentationThe appearan
e models that are used for the edge dete
tion assumes that thedistributions are Gaussian. This assumption is not 
orre
t for all points, as 
anbe seen in Figure 9.1. In that 
ase two di�erent gray level stru
tures des
ribesthe edge in di�erent images. Therefore it is ne
essary to 
hange the sear
hingfor new points to an algorithm that 
an handle this sort of variations.To over
ome the problem that the result was better in the sli
e dire
tionthat was used for the segmentation, may be solved by making separate sear
hesfor new points in the di�erent sli
e dire
tions and then take the best lo
ation,in some meaning, for the new point.Another way to improve the result is to take advantage of the multi-spe
tralimages that are produ
ed with MRI. For example the 
artilage is bright in onetype of the images. This should make it easier to �nd the right edge in the lowerpart of the femur and of 
ourse to segment the 
artilage.9.3 A New Approa
h for the Sear
hingAfter New PointsWhen the sear
h is made in the normal dire
tions of the surfa
e the informationdensity 
an be low in the sear
h dire
tion (Figure 7.3). If instead the sear
hwas for
ed to be in the dire
tion of the images, the information in the imagesmight be more e�e
tively used. But as 
an be seen in Figure 9.2 this impliesnew problems. Primarily two problems have to be solved.The �rst problem is that the new edge to be lo
ated will not be pla
ed inthe same position on the surfa
e over the iterations. This means that in everystep the lo
ation of the point at the surfa
e has to be lo
ated. This will lead tothe model �tting pro
ess be
oming a mu
h harder task.The other new problem is the modelling of the lo
al stru
ture near theboundary. If this approa
h for sear
hing is used the points where to sear
hmoves over the iterations and the sear
hing for new points is not made in aspe
i�
 dire
tion 
ompared to the surfa
e.
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Figure 9.2: If the sear
h for edge points were made in the image sli
es more ofthe data should be used. The dots represent the points where image data arelo
ated.9.4 De
ision Support SystemThe work with the segmentation was initialised with the aim to make a de
isionsupport system for pre-surgery analysis of the knee. The segmentation of thefemur should be a step in the dire
tion towards su
h a system. When the femuris lo
ated an initial guess for the tibia will be easy and after that the remainingpart of the segmentation of the tibia may be worked out in the same way.When the femur and the tibia are lo
ated a good orientation of the knee isestablished. This makes it easy to lo
ate the menis
us and the 
artilage. Thensome sort of 
lassi�
ation algorithm 
an be used to de
ide whether the knee isinjured or not and if so in what way.It may not be ne
essary to have a perfe
t segmentation to do the furtherwork with a de
ision support system. The aim with the lo
ation of the femurand tibia is to get good positions of the other parts of the knee. And even witha non perfe
t segmentation it might be good enough to lo
ate the interestingparts for a de
ision support system.
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