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Segmentation

Images

segmentation

- individual patients (diagnosis, treatment planning, follow-up)
- group studies (drug trials, elucidating disease mechanisms)




Exposing the “unseeable”
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Measuring more consistently

Rater 2 Rater 3
# 54| 57.3 [ml] # 127 | 35.0 [ml]

Quantifying lesions in multiple sclerosis (MS):
- number (#)

Rater 4 Rater 5 Rater 6
# 51| 54.9 [ml] # 49| 57.5 [ml] # 87 | 45.7 [ml]
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Analyzing images faster

segmentation
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Voxel-based segmentation

“voxel”

Determine which anatomical structure each voxel belongs to:
- think “LEGO bricks”
- outer surfaces can easily be extracted if needed
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This and next lecture

Automated
computational
methods
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This and next lecture

Automated
computational
methods
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The problem to be solved

MRI image d

N voxels 1= (I4,..., ZN)T

T
d=(di,...,dy) Loe{l,.. . K)
dn: intensity in voxel n K: number of classes
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One solution: generative modeling

- Formulate a statistical model of how a medical image is formed

p(161) | S
sl [ F RS — J
“labeling ' ‘ “imaging
mode]” ¥ . model” el N
Label image 1 MRI image d

- The model depends on some parameters 6 = (QET: BdT)T

~

— Appropriate values @ are assumed to be known for now...
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Toy example

N = 2 voxels 2
K = 3 classes = ( ) )

p(l) = p(l1,12) p(l) = p(l1,12)

0.24 0.06 0.08

|_I |2 I_I |2 |_I |2

0.15 0.08
. 2 l 5 1 2

0.11 0.16
L 5 I l, 1 2
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Toy example

N = 2 voxels
di
K = 3 classes d= ( ds )

p(d“) — p(dl,, d2|l1,, lz)
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Segmentation = inverse problem
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Segmentation = inverse problem

The posterior distribution p(1|d, @) is given by Bayes rule:

11d. §) = 2 !
p(l|d, 0) (dl6)
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Segmentation = inverse problem

The posterior distribution p(1|d, @) is given by Bayes rule:

(dll 5 Iabeling model
A P s Ud
p(lld, 8) =
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Segmentation = inverse problem

Label image 1
1= arg maxp(1|dj 6)
The posterior distribution p(1|d, @) is given by Bayes rule:

Imaging model Tl N l 9
p(l|d, 6) ' )
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Segmentation = inverse problem

Label image l
1 = arg maxp(1|dj 6)

The posterior distribution p(1|d, @) is given by Bayes rule:

p(d|l, 6,
p(1ld, 6) "'
= 3", p(d|L, 8,)p(1/8;) (but not needed)
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Gaussian mixture model

p(1|61)
>

[ N
“labeling ' '

model”

Label image 1

— Assign a label to each voxel independently
— Probability of assigning label k is T

p(1/6;) Hmn | 0, = (71, ..,
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Gaussian mixture model

N = 2 voxels

— ll
K = 3 classes — I

N1

Independence between voxels

p(1) = p(l1,12) = p(l2|A)p(i1)

0.1 0.15 0.25 e " . . 0.2 0.3 0.5
0 1 2
0.06 0.09 015 L
N 0.3
0.04 0.06 0.1
0 0.2
0 1 2
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Gaussian mixture model

p(d]l,804)
I
“Imaging
mode]”

MRI image d
- Draw the intensity in each voxel with label &k from a2
Gaussian distribution with mean tx and variance oy,

p(d|L,8,) = HJ\/‘(dn\ugﬂ,ai) C O0g= (1, i, 00, o)

; 1 (d— p)?
d|p, 0%) = -
M) = s om | = S
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Toy example
N = 2 voxels
d1
K = 3 classes d = ( do )

p(dl) = p(dy, da|l, 12) = p(dalyf, Ia, A)p(da |11, 5)
= l-_JHH A

o
N
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Gaussian mixture model

— histogram

= = white matter
o= ogrey matter

----- CsF

= total mixture model

K = 3 labels
(d‘g H (ZN n‘,uh Jk)?rﬁ)
n
0 = (j1,- - Jk, Oy G, T, )
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Posterlor probability distribution

' p(d[1,64)p(110,)
p(d|6)

['n, N(dnl|fu,,,0 )Hn Uy

p(1d, 6)

|

:—[rs; Zk ( Tl “}’k'} Jf;)ﬂk
TT 200/, 6)

N(d'n ‘;}’E” 3 (Jj-éz )ﬂ'—g T

B Zk N(d’rl‘/ika Jﬁ)ﬂk
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Maximum a posteriori segmentation

e

= arg maxp(l|d ) = arg max p(ln|dy, 0)
1, I

— hiztogram

= = white matter
o= orey matter

----- CaF

= total mixture model

white matter
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Problem solved?

Two-component Gaussian mixture model:
tumor vs. “other”

Posterior probability for tumor
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Gaussian mixture model

p(16:)

“labeling
model”
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Gaussian mixture model

p(l6:) g 5 p(dfl,04)
“labeling ¢ “imaging
model” model”

m1 = 0.9, m = 0.5
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Gaussian mixture model

by - = bt B ol Ry | oy
B Rl e T
"'-\::. -Q:I.I::-""l' .-:.'--'!l-.I H'- e :--\.l:. .-|'||l—I:
R T S AT
. R L s .-l:l : N1 '-Il:\l .:.:l_-.. 1
p(ll6:) =Rl p(dl 64)  E IR
:"--I ::- ...i..ﬁ';-_-'_ L ...-'q:._._.-:' H _":ll |.IF ;I_
- i e T Y — i
L el e e
Y, . L f_;'i'__‘.!-':-f'.','r.--_'-'-i-" S e . LB
labehng BN E T :g“fu 1maging i
Fatingnel o TR g

o
-

model” :-‘Ei't'_-""ﬁfl- L M '..:ZI model”
Label image 1

histogram

— — —tissue 1

/J’l — 70:| IJ,2 — 90 _ _I_I::tsalllinsdel
01 — 55.0'2 — 5
™ = 0.2,?1'2 — (.8
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A?

“labeling
model”
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Gaussian mixture model

“Imaging
mode]”

L RS )
- i T e ]

pu kT e e AR

Label image |

1 =70, pu2 = 90
01 — 5-}.02 — 5
w1 = 0.8, = 0.2




Markov random field model

p(16:)
I
“labeling

model”

= 70, o = 90

0-1:5-}0-2:5
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— histogram
— = tissue 1
= tissue 2
— total model




Markov random field model

— Prior that prefers voxels with the same label to be spatially clustered

p(16:) = o exp(~U(16)

zero if labels are the same, one otherwise

strength of penalty
a6, - 2

)

sum over all neighboring voxels

- Z(0;) = > yexp(—U(1]0;)) is a normalizing constant (not needed in practice)

Aalto-yliopisto
Aalto-universitetet

B  Aalto University



Markov random field model

- Slightly more general:

p(1]0;) =

Ue) =88 #1;)
(4.7) i

- 0, =(B,m1,...,7K)" are the model parameters

- Reduces to Gaussian mixture model prior p(1/6;) H?Tg for =0
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Toy example

N = 2 voxels I
K = 3 classes — ( I )
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Samples

Different values for model parameters 6; = (3, 71,..., Tk
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Why exactly this model?

- Long-range statistical dependencies between voxels
- Local computations (efficient!):

p(1)
}?(l\i)

|
all labels except p( ) l
the one of voxel i Zh— p( )

_ exp(—U(1]6:)) neighbors of voxel i
>, exp(—U(116:))
T exp (= B e 0l # 1))

> .7k exp (— 3 Z;% 5(l; # k))

p(l;] =
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Mean field approximation

- In the Gaussian mixture model, the posterior was of the form
p(1/d, §) Hp ln|dy, 0)

- With the Markov random field model, the posterior no longer
“factorizes” that way

- For a 2-label model in a standard 256x256x128 MR scan,
there are over 1019 ynique label images with each its own
posterior probability!

- Solution: approximate p(1|d, 6)
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Mean field approximation

- Approximate p(1/d, @) with something of the form

q(l) = Hq'rz(l-'rz)

- Find the voxel-wise distributions qn(k) that minimize the
difference between ¢(1) and p(l|d,8)

— Quantify the difference between the two distributions using the
“Kullback-Leibler divergence”

KL (q) | p11d.0) ) =~ 3" g log 22
|

q(l)
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Toy example
N = 2 voxels I
K = 3 classes :(12) d:(

p(lld) = p(l1, l2|d1,d2) == q(l1)q(l2)

2 0.24 0.06 0.08 o 2
1 0.15 0.08 0.11 =
0 0.11 0.16 0.01 0

0 1 2
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Mean field approximation

— Solution for one voxel 7:

_ N(dilfug; 67,)7i(l)
> N(dilfir, 67)7vi (k)

- exp (— B icm, (1 — g (k)))

qi(l;)

where ;(k) = S Fpr - €Xp ( — Zjé‘m (1— q;,s(]‘ff)))
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Mean field approximation

— Solution for one voxel 7:

iy = N6
)= R, )

a— fx/ﬁ Jen (1= 4,0

Zw Tk exp /BZJE‘)’I (1 — g5 (K

Influenced by the result
In neighboring voxels:
spatial context!!!!
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Mean field approximation

— Solution for one voxel 7:

iy = N6
)= R, )

a— fx/ﬁ Jen (1= 4,0

Zw Tk exp 5ZJem (1 — g5 (K

Influenced by the result
In neighboring voxels:

spatial context!!!!
— Need to iterate across all voxels
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Example

Two-component Gaussian mixture model:
tumor vs. “other”

n(k) for tumor class
5 =0
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Example

Two-component Gaussian mixture model:
tumor vs. “other”

Gn ( ]f) for tumor class

B =0.25
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Example

Two-component Gaussian mixture model:
tumor vs. “other”

Gn ( k) for tumor class

B =0.55
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