SVM classifiers and PET/MRI
o ? coregistration.




SVM.

Support Vector Machines is a method for
constructing a special kind of rule, called linear
classifier, in a way that produces classifiers with
theoretical guarantees of good predictive
performance.

While for producing non-linear rules it's used
the “kernel trick” to construct special kind of
non-linear rules.
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SVM.

or machines combines three

-« The solution technlque from optimal
| hyperplanes

* The idea of convolution of the dot-product.
* The notion of soft margins.
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Finding the optimal Hyperplane (separable case).

{yljxl):---:{yﬂ:x]}; y'i'E{_11 +1}1

ip = sign|d(x)].

d(x) = wLx + b.

yi(wix +b) > 1.

[
d(x) = wxI + b= > y.l-_a-.,-_}:firx + b.
i=1
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Finding the optimal Hyperplane (separable case).

Hyperplane for the kernel poly with kerneloption 1.

SV M using kernel poly and kerneloption 1.
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X2 coordinate.

X1 coordinate.

X1 coordinate.
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Finding the optimal Hyperplane (non separable
case).

yi(wix+0) > 1 ¢

class -1 U
w¥*x+b<-1

[
d(x) = wxI + b= > y.icm-.i}zirx + b.
=1
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Finding the optimal Hyperplane (non separable
case).

kerneloption 1. yperplane for the kernel poly with kemeloption 1.

#1 coordinate.
coordinate.
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Finding the optimal Hyperplane (non separable
case).

SV using kernel poly and kerneloption 1. Hyperplane for the kernel poly with kemeloption 1.

NS

#1 coordinate.
%1 coordinate. #E coordinate.

3/December/2009. CINVESTAYV / INFN. 8



Kernels: from linear to nonlinear classifiers.

Mercer's Theorem.

Any symmetric positive semi-definite function
K(x,x") is an inner product in some space (and

viceversa).

We don't need to know the actual mapping
since ge can use kernel function to compute

similarity in the feature space.

K(x,x;) = 721z = (P(x), P(x3)) .
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Kernels: from linear to nonlinear classifiers.

Separation may be easier in higher dimensions

f(x) =wlox)+b=wlz+0b.

K(x,x;) = 721z = (P(x), P(x;)) .

[
f{}[) — WTE + b = E oY {ﬂb{}ii:}j q}(x}} _|_ k. dimensions simple in higher dimensions
1=1

f
fx) =) auyK(xj,x) +b.
i=1
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3/December/2009.

SV M using kernel poly and kerneloption 2.

0

X1 coordinate.

X3 coordinate.

X2 coordinate.
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Hyperplane for the kernel poly with kerneloption 2.
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SVM.

Once the support vectors have been found, the
bound on the expected probability of commit-

ing an error on a test example can be calcu-
lated as follows:

E(number of support vectors)
E .

E; [p(error)] <
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:':'f VMs on the data.

e Difference.
e Perimeter.

- Difference + Pe
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Difference.

Kernel. C. E(p(error)) ExpError.
Polynomial Degree 1. 50 0.2959 0.2373
Polynomial Degree 2. 1.0199 0.1488 0
Polynomial Degree 3. 0.01 0.2169 0

- Gaussian o =1. 12.6337 0.3404

Gaussian o = 2. 34.3466 0.2779
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threshold = 0.7 @ 100.0 %

True Positive (Sensitivity)
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Perimeter.

Kernel. C. E(p(error)) ExpError.
Polynomial Degree 1. 39.3961 0.1818 0.1356
Polynomial Degree 2. 19.7030 0.1841 0.0678
Polynomial Degree 3. 4.5545 0.2005 0.0678

- Gaussian o = 5. 50 0.3657 0.0339

Gaussian o = 10. 49.4951 0.3140 0.1356
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threshold = 0.3 @ 37.2 % &UC =095
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Difference + Perimetef?

Kernel. C. E(p(error)) ExpError.
Polynomial Degree 1. 41.4159 0.1666 0.0679
Polynomial Degree 2. 5.0595 0.2517 0
Polynomial Degree 3. 1.0199 0.3238 0

- Gaussian o=1. 13.7926 0.5944

Gaussian 0=2. 3.0397 0.3660
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threshold = 0.2 @ 100.0 % AUC = 0.96

True Positive (Sensitivity)
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The coregistration

necessary step for con
information from m;
anatomlcaI_J, ormation
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Coregistration PET/MRI.

* |Information-theoretic similarity measures, such
as Mutual Information (Ml), have been
successful for coregistration since they don't
assume linear intensity dependency between
Image modalities, such as intensity-difference
or correlation-based metrics.

« Subsequent refinement is the Normalized
Mutual Information (NMI).
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Coregistration PET/MRI.

Information contributed by the image is the
entropy

H(A) = — E pla)log(p(a)).

ae A

H(B) = - ) _ p(b)log(p(b)).
he 5
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3/December/2009.

Coregistration PET/MRI.

Mutual Information.

Measure of the joint entropy with respect to
the marginal entropies.

I(A,B) = H(A) + H(B) — H(A, B),

. . p(a,b) .
1A, B) = 3 Y p(a, b)log(-220) )

acA be 5 p(a}p{b}

CINVESTAV / INFN.

26



Coregistration PET/MRI.

Normalized Mutual Information.

Maes et. al.

2I(A, B)

=5 + By

I(A,B) = H(A,B) — I(A, B).
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Coregistration PET/MRI.

F' ETI mage Q
localhost > 0 Q
:_I_‘

. Norm
Flirt localhost FiltGaus

localhost localhost

FETImageTemplate QHQ Q:}C ’
localhost
®

Ima iniris
Norm FlitCoReg oy

localhost FiltGauss localhost
localhost

MRImageTemplate

localhost

TEMPLATE Intermediatelmages

localhost localhost

Flirt

localhost
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[/MRI, using BET
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 using Mtual
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Coregistration PET/MRI.

Normalized Mutual Information.

Studholme

H(A) 4+ H(B)
H(A,B)

(A, B) =
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I, using Normalized
mation.
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jistration PET/MRI.
'ﬁ_ration have three important

corp ~ spatial information.
- to Interpolation artifacts.
e Their computation are time-consuming.
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Coregistration PET/MRI.

One way to improve the coregistration is the
use of the Curvelet transform.

The Curvelet transform is a higher dimensional
generalization of the Wavelet transform. It is
design to represent piecewise smooth functions
at different scales and angles. In this scheme,
curved edges are approximated with very few
coefficients.
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Conclusions.

« Overview of Support Vectors Machines for
classification, how we have used SVM on the data to

find the optimal hyperplane and some results using
SVMs.

« A Coregistration procedure using Mutual Information or
Normalized Mutual Information, and a probably
improvement (under study) to this coregistration
procedure using the Curvelet Transform.
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