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Obtaining Features (1)

+ EXxtrinsic registration methods

- Foreign objects are introduced in the imaged
space.

- Invasive (i.e. in the bone)
- Non invasive (i.e. on the skin)

- Objects have to be detected accuratly in all
modalities.

- Registration becomes fast and easy.
- Used in brain and orthopedic imaging.



Obtaining Features (2)

+ Intrinsic registration methods
- Image information is generated by the patient.
- Landmarks
+ Identified by user
+ or geometrical (curvature extrema, corners)
- Segmented binary structures (curves, surfaces)
+ (Semi-)Automated segmentation step



Obtaining Features (3)



Obtaining Features (4)



Obtaining Features (5)



Obtaining Features (6)



Corresponding landmarks

+ Glven:
a set of corresponding points {P.Q}

+ Problem statement:

Find a rigid transformation that maps one
point set P={p} to the other Q={q}

+ Solution
Minimize  |p - (Rq +t)]
=1



Solving the fitting problem

+ Demean both point sets.

# Translation: t=p- Rg

+ Compute the correlation matrix K:=P'Q
+ Singular value decomposition of K:

svd(K)=U D /"
+ Define Rotation R=VxJ'



lterative Estimation Methods

+ Problem:
Find a parameter set, that minimizes the function
9(P).
+ |n the case of 3D registration
- Parameters:
+ 3 for rotation
+ 3 for translation
- g(P) : squared distances between model and data.



Newton‘s method (1)

+ Two assumptions:
1. g(P) has a well defined minimum value.
2. We know R, reasonably close to the minimum.

+ Now use Taylor approximation of the function
near i, .

Dg"(R)D
2

+...

g(R,+D)=g(R)+g'(R)D+



Newton‘s method (2)

+ To find a minimum differantiate with respect
to D and set resulting equation to zero.

g"(R)D=-g'(P)

+ g'(R)) is the gradient vector
+ 9'"'(P)) is the Hessian Matrix



Newton‘s method (3)
+ Least squares cost function:
o(P)=3511(P)- XI" = |e(P) = e(P) e(P)
g(P)=0"e witr €(P)=1(P)=1
3"(P)=¢" (Ple(P)+ & (P)e(P)

Assume f(P) islinear: g"(P) =e' (P)e‘(P) =J"J



Newton‘s method (4)

+ Gradient descent

Minimizing strategy: move iteratively in the
gradient direction.

/D=-g'(P)
+ [terative algorithm

1. make an initial guess [J

2. Do
3. Dnew:_ gI(D)//
. D=D+D.,

5.whie D _, >epsilon



Distance Transforms (1)

+ Generates a distance map for the given
model point set.

+ Useful for quick determination of the distance
between model and data set.

+ Problem:

distance transformation is a global problem.
Convert it to a local one.



Distance Transforms (2)

+ Chamfer distances

assume that it is possible to deduce the distance
value of a pixel by the distance values of it's
neighbours.



Distance Transforms (3)

+ Algorithm
Perform forward and backward scan with the
masks
d2 | dl|d2 0O |dl
di| O d2 | dl| d2

Add distance values in the mask to distance
values In distance map.

Value of zero pixel is the minimum of the five
sums.



Distance Transforms (4)
4 Forward scan

Masks suggested by Borgefors

4 |3 |4 0 |3
310 4 |3 |4

Devide resulting DT by 3. Result
differs max. by ./2- 4/3 from
the euclidean distance.



Distance Transforms (5)
4 Backward scan

Masks suggested by Borgefors

nnn 4 |3 |4 0 |3
o

310 4 |13 |4

Devide resulting DT by 3. Result
differs max. by ./2- 4/3 from
the euclidean distance.



The head and hat algorithm (1)

- Matching of two surfaces
- First surface Is represanted as a stack of

discs, a mesh or unconnected 3D points and
Is called the ,head'.

Second surface Is represented as a list of
unconnected 3D points and is called the ,hat'.

+ A rigid transformation aligns the hat with the

head.
Cost function: square of distances.



The head and hat algorithm (2)

+ Different methods for computing the distance



lterative closest point matching (1)

+ Glven:
A model (i.e. point set, curve, surface)
Measured data points

+ Problem:

Find a rigid transformation, which matches the
data points with the model. (we don‘t know any
point correspondences)

+ Solution:
lterative closest point matching.



lterative closest point matching (2)

+ Algorithm:
1. Finding closest points
2. Updata the matching
3. Compute the motion
4. Apply motion to the points in first frame
5. Iterate till convergence



Iterative closest point matching (3)

+ Finding closest points
- direct method

+ find for each point it's closest point in the
second frame.

- kd-tree
+ puild the kd-tree representation of the data set.



Finding closest points (1)

+ Constraints
1. Maximum tolerance for distance
+if D' <d(xy) rejectthe pairing

2. Orientation consistency for curves

+ Angle between tangent of point x and tangent
of point y can not go beyond the rotation angle.

+ Set Q= maximal rotation



Finding closest points (2)

+ Building a kd-tree
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Finding closest points (3)

+ Algorithm

SEARCH (v,x,D,., )
-if (v==leaf ) return;
¢, =xt(v)}
= P(v)t(v)}
-if (c, - ¢,| £ D, ) thenif (|x- P(v)|£ D, )thenU = P(v)
-if (c,- D, <c,)then SEARCH( Ieftson(v) ,x,D,., )
-if (c, - D, <¢,)then SEARCH( rightson(v) x,D__. )



Finding closest points (4)

+ Example: find closest point for P(2,2)

SEARCH (v,x,D_, ) 530
e e _ — T
: S’ X‘[t‘(\'/;?f)ra”m’ 2,1) - 1 (5,2) - 1
¢, = P} N
-if (¢, G| £ D, )thenif (x- P(v)| €D, )thenU = Py (11y-0  lesf (41)-0  (43)-0

o vty NN N



lterative closest point matching (4)

+ Update the matching

Compute new D, for next ICP iteration, after the
motion was applied.

Compute the mean and sample deviation.

=17y s:\/iN(di-n)

i=1 N i=1

2



Iterative closest point matching (5)

+ Update Dra

if <D
Do = +3
dseif <3D
Do = +2
dseif <6D
Do =+ 5
else

D I — -

I/l the registrati on is quite good

/ | the registrati on is still good

/ | the registrati on is not to bad

// the registrati on isrealy bad



Iterative closest point matching (6)

# Compute the motion
Choose between
+ Glvens transformation
+ Quaternions
+ Dual Quaternions

Minimize cost function for the parameters



Applications

+ Combining images of different modalities
i.e. CT with MR, MR with PET

+ Image guided surgery



Image Guided Surgery (1)



Image Guided Surgery (2)

+ Building 3D models of the MR / CT data



Image Guided Surgery (3)

+ Obtaining 3D surface informations with laser
scanning of the patients skin.



Image Guided Surgery (4)

+ Register 3d skin surface with MR data.
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