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2.1.2

CT 3

3

3 2

CT

2.2

2.3 CT

(a) (b)

(a) (b)

2 2

(a)(b)

3

2.2

2.2.1 Conditional Random Fields

Conditional random field (CRF) [1]

X X V

M x ∈ {0, 1, ...,M}
a La P (La; xa) X

L P (L|X)

P (L|X) =
∏
i∈V

P (La; xa) (2.1)
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1         19        22       12        8        251         19        22       12        8        25

1.0)1.0)

0.9)0.9)

0.81)0.81)

10 20 3010 20 30

1.0
0.1      0.1      0.2       0.8      0.8      0.2

R=0, G=25.5, B=0R=0, G=25.5, B=0
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R=22.95, G=25.5, B=41.31R=22.95, G=25.5, B=41.31

2.2: ( )

( )CT
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2.3: (a) (b)
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a La a

b Lb

P (L|X) =
∏
a∈V

P (La|xa) ·
∏

a∈V,b∈Na

P (La, Lb|xa, xb) (2.2)

Na a

Na 2 4 8 3

6 18 26

2 CRF

2.2.2

P (L|X)

LMAP := argmax
L

P (L|X) (2.3)

X MAP

E(L;X) := − logP (L|X) (2.4)

argmax
L

P (L|X) = argmin
L

E(L;X) (2.5)

E

2.2.3

0 unary 1 pairwise

(2.6)

E(X) =
∑
a∈V

θa(xa) +
∑

a∈V,b∈Na

θab(xa, xb). (2.6)

θa θab 2

xa 2 (xa, xb)

[77]
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(2.6) θa

CT xa

P (xa|La)

θa(xa) = − logP (xa|La) (2.7)

100%

θab

θab(xa, xb) =

⎧⎪⎨
⎪⎩
0, (xa = xb)

f(|La − Lb|), (xa �= xb)
(2.8)

f

2.2.4

2 (M = 1) (2.6)

θab(0, 0) + θab(1, 1) ≤ θab(0, 1) + θab(1, 0) (2.9)

MaxFlow-MinCut

MaxFlow-MinCut QPBO

[18] α αβ [2]

9



[39] 2

[21, 73]

2.2.5

2 2 V c

{xa|a ∈ c} Xc

(2.6) (2.10)

E(X) =
∑
c∈C

θc(Xc). (2.10)

c C

θc(Xc) Xc c |c| − 1

order 1 2

(2.6)

C

θc C

V

2 {0, 1} (2.10) 2

1

θa(xa) =θa(0)(1− xa) + θa(1)xa,

2

θab(xa, xb) =θab(0, 0)(1− xa)(1− xb) + θab(0, 1)(1− xa)xb

+ θab(1, 0)xa(1− xb) + θab(1, 1)xaxb,

10



3

θabc(xa, xb, xc) =θabc(0, 0, 0)(1− xa)(1− xb)(1− xc) + ...+ θabc(1, 1, 1)xaxbxc

2 2

[17]

roof-duality QPBO [18]

2.2.6

2

[23]

1 2

QPBO

P nPotts

2 2

[31]

1− x1x2...xn = 1 + min
z∈{0,1}

−z(x1 + x2 + ...xn − n+ 1), (2.11)

1− (1− x1)(1− x2)...(1− xn) = 1 + min
z∈{0,1}

(1− z)(x1 + x2 + ...xn − 1). (2.12)

z ∈ {0, 1} n (2.11) 1

0 1 (2.12) 0

0 1

2 2

z

P n Potts

(2.11) (2.12) (0 1)

robust P n Potts [32]

N

11
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sink
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z
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...

w
0
/N

w
0

w
0
/N

w
0
/N

w
1
/N w

1
/N

w
1
/N

2.4: (2.13) (2.14)

min

(
1,

n∑
i=1

1− xi

N

)
= 1 + min

z∈{0,1}
z

(
−1 +

n∑
i=1

1− xi

N

)
, (2.13)

min

(
1,

n∑
i=1

xi

N

)
= min

z∈{0,1}

(
z + (1− z)

n∑
i=1

xi

N

)
. (2.14)

(2.13) 1 (2.14) 0 0

N 1

(2.11) (2.12)

2.4

[22]

3 2.11
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ax1...xd = min
z1,...,znd

(
nd∑
i=1

zi(k
d
i (−S1 + 2i)− 1)

)
+ S2.

S1 =
d∑

i=1

xi, S2 =
d−1∑
i=1

d∑
j=i+1

xixj,

nd = �
d− 1

2
� kd

i =

⎧⎪⎨
⎪⎩
a if a > 0,

−a if a < 0.

(2.15)

z

TYPE-I

Rother

[58] 2

2.5 (a) S0(X0)

0 S1(X0) 1 0 a > 0

TYPE-I

min
Xc;z0,z1∈0,1

az0 + a(1− z1)− az0(1− z1)+

a
∑

i∈S0(X0)

(1− z0)xi + a
∑

i∈S1(X0)

z1(1− xi)
(2.16)

2.5 (b)

2 1

2 x x 1− x

[23]
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a111

0011

a101

a001

a110

a010

a100

a000

costx
3

x
2

x
1

a111

0011

a101

a001

a110

a010

a100

a000

costx
3

x
2

x
1 source

z1 補助変数

x1 x2 x3

z2 補助変数

sink

-a

a

a

aa

a

(a) (b)

2.5: (a)2 (b) TYPE-I

x1x2x3x4 =(1− x1)x2x3x4 = x2x3x4 − x1x2x3x4

=x3x4 − x2x3x4 − x1x2x3x4

=x3x4 +min
z1

(−z1(x2 + x3 + x4 − 2))

+ min
z2

(−z2(x1 + x2 + x3 + x4 − 2))

=min
z1,z2

(x3x4 − z1(−x2 + x3 + x4 − 1))

+−z2(−x1 + x2 + x3 + x4 − 2)) .

TYPE-I

[11]

2.2.7

2 (M = 1) (M > 1)

(2.10)
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L = 1, 2, , l [21]

yi l− 1 2 x1, ..., xl−1

1, 2, 3 2 2 x1x2 = 11, 01, 00

x1x2 = 10

2.6 (a)

1

θab(xa, xb) = θ̃ab(xa − xb)

0 ≤ θ̃ab(xa − xb + 1)− 2θ̃ab(xa − xb) + θ̃ab(xa − xb − 1) (2.17)

[21]

(2.18) :

θc(Yc) =

⎧⎪⎨
⎪⎩
α if ∃i ∈ c : yi < li,

0 otherwise
(2.18)

2 [56] αi

li i

yi li

:

θc(Yc) =

⎧⎪⎨
⎪⎩
α if ∃i ∈ c : yi ≥ li,

0 otherwise
(2.19)

yi li

(2.18) (2.19) 2

Robust P n Potts

N

θc(Yc) = min

(
α,

∑
i∈c,yi<li

α

N

)
(2.20)

N

2.6(b)

15



x3

x2

x1

sink

source

z

α

α/N

α/N

α/N

x3

x2

x1

y

4

3

2

1

sink

source

(a) (b) 

∞

∞

2.6: (a) 2 (b)

z

α Tc

θc(Yc) = min

(
Tc,

∑
i∈c,yi<li

αi

)
(2.21)

Robust P n Potts

Ramalingam [56] [75]

4

2.3

[70]

2 1

3

1
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2.7 4× 4

216

” ”

[58] [45]

1

2.7

2.7

Kohli [32] Mean Shift

Kadoury [24]
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2.7:

1

[62, 68, 41] 1

2.8 2

Field of Expert

[23]

[58, 45]

[32, 24]
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教師なしクリーク選択
Kohliなど

疎なエネルギー
Rotherなど

密なエネルギー
Field of Expertなど

1

5

10

3 ~100~10

2.8:
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3

3

CT

1

3.1

3.2

3.3

3.4

3.5 3.6

3.1

3.1.1

[10] CT

Video-Assisted Thorascopic Surgery:VATS
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(a) (b)

3.1: (a) (b)

3D 3D

V5

3D

3.1

[19]

CT

3

(Pulmonary arteries:PA) (Pulmonary veins:PV)

1.

2. ( 3.2)

3.

21



動脈(PA)

静脈(PV)

3.2:

3.1.2

Lei [37] van Bemmel [69]

MR Level Set

[74]

Saha [60]

GUI

CT

Park [54]

[48, 4].

Sebbe [63] Fast-Marching
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Ebrahimdoost [7] 3D Level-Set

Payer [55]

2

[54]

CRF

1

[8, 65, 66]

Olsson [52]

Nieuwenhuis [50]

Shekhovtsov [64]

Shekhovtsov

Connectivity

constraints Nowozin [51] MRF
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Stühmer [67]

Geodestic distance Connectivity prior 3

[53]

Stühmer

3.2

Data-Dependent Clique Potentials:DDCP

(2.11) (2.12) (2.13) (2.14)) 1

DDCP P n-Potts

3.3(a) 0

1 3.3 2

1 (2.6) DDCP

(2.11) (2.12)

(2.11) 1

(2.12)

DDCP

24



3.3.1

3.3(a) (a)-1 (a)-2

3.3(b)

(2.11) (2.12)

DDCP 3.3

(c) 2 1

(2.11) (2.12) P n Potts (2.13) (2.14)

Robust P n Potts Robust N

Robust

2

DDCP

25



(a) (c) (b) 

(a)-1 (a)-2 

3.3: (a)

(b) (c)

3.3

DDCP

CT CT

3 1)

2) 3)

3.4

Wang

[71] 2

AdaBoost [14]

3.5

3
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動脈の根

静脈の根

(a) (b) (c)

3.4: 3 (a)

(b) (c)

(a) (b)

3.5: (a) (b)
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1

1

[20]

[26]

2

1. 3 VOI(Volume of Interest)

2. VOI Haar

AdaBoost

1.0 2.0 4.0

3 3

0.75mm

1

2 3.6
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(a) (b)

3.6: (a) (b)

3

1

E(X) =
∑
a∈V

θa(xa) +
∑

a∈V,b∈Na

θab(xa, xb) +
∑
c∈C

θc(Xc). (3.1)

xa 2 {Artery, Vein} C c

DDCP θc(Xc) min
(
1,
∑

a∈c
1−xa

N

)
(eq. (2.13)) min

(
1,
∑

a∈c
xa

N

)
(eq.

(2.14)) wc C

3.3.1

0

θa(xa) ∝

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩
0 if xa = Artery and |PPA − Pa| < Tdistance,

0 if xa = V ein and |PPV − Pa| < Tdistance,

∞ otherwise.

(3.2)

|PPA − Pa|, |PPV − Pa| a

Pa Tdistance

1 3

29



3.7: 6 18 26

6 18 26

3.7 18

θab(xa, xb) ∝

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

⎛
⎝exp

⎛
⎝−G2

ab

σ2
G

⎞
⎠+ α

⎞
⎠ ·

⎛
⎝exp

⎛
⎝−H2

ab

σ2
P

⎞
⎠+ β

⎞
⎠ /D2

ab if xa �= xb

0, otherwise.

(3.3)

Dab = min (|PPA − Pa|, |PPV − Pa|) PPA PPV

a Pa

|Va− Vb| Gab [12] a b

Hab

[12]

Hab = exp

(
−RAB

σ2
RAB

)
·
(
1− exp

(
−R2

S

σ2
S

))
.

RAB =
√
|λ1λ2|/λ3, RS =

√
λ2
1 + λ2

2 + λ2
3.

λ1 λ2 λ3 3

0.5 1.0

2 Dab

Tdistance = 11mm α = 0.01 β = 0.1 σG = 50.0

σP = 0.3 σRAB
= 0.5 σS = 8.0

30



3.3.1

(3.1) C DDCP θc(Xc) wc

i i S/2

26

a b

E(a, b) = L(a, b)(|Va − Vb|+ α)(|Da −Db|+ β). (3.4)

L(a, b) a b Va Vb a b , Da Db

α β i

1. i

j i j i → j

cj

2. (j, k) 2

(cj + ck)/|Pj − Pk| Pj j

3. j → i→ k

i → j i → k i

j k

i

(3.1) c

θc(Xc) (N − 1)

31



S

S S

S = 15

0.75mm S = 15

11mm

(3.4) α β

c

wc

(2.13) (2.14)

2

i ∈ c = 1, ..., n

i) 2 :

∑
i∈c |Pi+1 − Pi|
|Pn − P1| ,

ii) : ∑
i∈c
|∠Pi+1PiPi−1|,

iii) :

max (|∠Pi+1PiPi−1|) ,

iv) 2 :

max(Vi+1 − 2 · Vi + Vi−1),

v) :

σ(Vi),

32



vi) :

E(|Di+1 −Di|),

vii) :

max(Di)−min(Di).

3.8 (a) (b)

i) (b) ii)

iv)

2

:

− log

(
Pr(not all same)

Pr(all same)

)

10

1

10 3.9

DDCP

1

i) iv)

wc 0

3.10 DDCP DDCP

33



(a) (b)

3.8:

 

projected feature value 

lo
g
 lik

e
lih

o
o
d
 ra

tio
 

–2 

–1 

0 

3.9:

3.10:

wc
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3.3.2

DDCP

[48]

(Db) (Dv) 2

3

Db

Dv

:

arctan(D′
b/D

′
v), (3.5)

D′
b =

1

|c|
∑
i∈c

Db(i)/σDb
,

D′
v =

1

|c|
∑
i∈c

Dv(i)/σDv

σDb
σDv Db

Dv c

3.3.1

2

− log

(
Pr(not all same)

Pr(all artery)

)
,

− log

(
Pr(not all same)

Pr(all vein)

)
.

3.11(a) 1

(b)

2 (b)

(a)

2

(2.13) (2.14)

35



 

arctan(D
b
’ /D

v
’ )arctan(D

b
’ /D

v
’ )

projected

feature value

fre
q
u
e
n
c
y

lo
g
 ra

tio
3.11: 1

[20]

[20] EXACT09 [42]

3.4

2

3.4.1

DDCP

[48] [48]

DDCP 20

CT 120kVp

X mAs

103 218 159 1.0mm

0.8mm 0.67× 0.67mm2

10
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CT −200HU

(PA) (PV) (PA∪PV) 3

4

Method-SAF)

Method-GC) DDCP 1

Method-DDCP) DDCP

Method-DDCP&SAF) DDCP

Method-SAF

1.

2.

3.

Type =

⎧⎪⎨
⎪⎩
artery , if arctan(D′

b/D
′
v) < 0.5,

vein, otherwise.
(3.6)
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c
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n

(a) volume-based measure 

(b) length-based measure 

3.12: 4 PA∪PV (a) (b)

Method-SAF Method-GC Method-DDCP

Method-DDCP&SAF

4.

Method-GC 1 Method-

DDCP DDCP&SAF 3.3.1 3.3.2 Robust

P n Potts (2.13) (2.14) N = 1

N = 3

3.1 3.2

PA∪PV Method-SAF 73.6% Method-GC 77.6% Method-DDCP

90.8% Method-DDCP&SAF 91.0%

3.3% 3.12

Box-Plot Method-GC Method-DDCP

4core CPU 2.8GHz PC 52.5 93.2

Method-GC Method-DDCP DDCP 3.13
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Artery 

Vein 

Artery 

Vein 

unclear boundary 

(a) (b) (c)

(d) (e) (f)

3.13: (a)-(c):

(d)-(f):

(a) (d) Method-DDCP (b) (e) Method-GC

(c) (f)
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3.1: (%)

Case Method-SAF Method-GC Method-DDCP Method-DDCP&SAF Miss

No PA PV PA PV PA PV PA PV PA PV

1 80.7 80.8 91.2 91.0 97.2 94.2 97.4 93.4 0.8 0.3

2 76.8 69.1 94.9 68.2 93.6 96.8 95.1 96.2 0.6 0.7

3 69.8 69.3 92.4 73.1 92.4 93.5 94.9 93.7 2.0 1.7

4 71.9 81.2 93.4 90.4 97.8 95.6 99.2 96.0 0.4 1.0

5 62.5 71.7 96.0 73.8 97.4 96.6 98.0 98.0 0.9 1.4

6 64.7 75.1 90.3 72.2 92.7 95.2 92.8 97.9 0.7 0.9

7 80.1 74.3 92.4 94.0 96.5 97.7 95.7 97.8 0.8 1.6

8 60.1 72.2 90.6 70.6 96.6 94.1 97.9 94.3 1.2 1.1

9 35.7 83.8 89.3 59.9 89.3 95.7 89.3 92.3 2.2 1.3

10 56.7 66.4 95.9 75.2 97.2 93.8 97.4 95.9 0.6 1.5

Mean 65.9 74.4 92.6 76.9 95.1 95.3 95.8 95.6 1.0 1.2

3.2: (%)

Case Method-SAF Method-GC Method-DDCP Method-DDCP&SAF Miss

No PA PV PA PV PA PV PA PV PA PV

1 87.2 87.5 85.1 84.5 94.5 90.5 94.8 89.5 2.3 1.8

2 84.0 74.3 88.4 62.2 87.7 92.9 89.0 91.5 2.9 2.5

3 70.2 72.0 84.5 60.8 86.0 87.9 89.4 87.7 5.2 4.7

4 80.8 85.1 87.0 81.8 94.9 90.1 97.4 90.9 2.0 4.7

5 66.7 68.9 89.8 68.2 93.2 92.7 94.0 94.5 3.4 3.7

6 68.6 81.6 84.7 61.3 88.3 91.6 88.5 94.8 2.2 2.6

7 87.8 72.5 86.3 87.9 93.9 94.5 91.9 94.6 2.4 4.1

8 66.1 78.1 85.6 60.5 91.9 87.4 94.4 87.7 3.2 4.2

9 34.0 80.3 85.4 51.1 86.1 92.0 80.6 89.0 3.9 3.5

10 57.5 70.3 92.1 62.6 94.8 87.6 95.2 90.8 1.5 4.6

Mean 70.3 77.1 86.9 68.1 91.1 90.7 91.5 91.1 2.9 3.6
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3.14: N N = 1

N = 3

 

artery 

vein 

3.15: Method-DDCP

2D

(a), (b), (c) 2 Method-GC

1

( 3.13 (c))

Method-GC 3.13 (d), (e), (f)

CT

Method-DDCP

3.14 Robust P n Potts

N = 1 N = 3

Method-DDCP 3.15

Method-SAF [48]
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(a) (b)

3.16: (a)

(b)

3 87%

73.6% [48]

3.16 2

Method-DDCP&SAF 91.0%

Method-DDCP

3.4.2

CT

120kVp 0.5mm

0.5mm 0.5× 0.5mm2
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3.17: 3

1.2 − 1.5ml/sec 3.0ml/sec

3

3 3 3

3.17

II 10

I III

3

200HU

200HU

200HU

-I

2 DDCP

DDCP
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Method-GC Method-DDCP 2

10 9 5 24

-I 3.3 Method-DDCP Method-

GC 52% III 2/3 DDCP

3.18

Method-GC (a)(c) Method-

DDCP(b)(d)

3.3: Method-GC Method-DDCP

24
Grade-III Grade-II Grade-I Total

Method-GC 33 58 63 154

Method-DDCP 11 41 22 74

-II

2

16

13 11 40 Method-DDCP

200HU

3.4

III 0.19,

II 1.19

3.19

Superior Vena Cava:SVC
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(a) 症例１，Method-GC (b) 症例１，Method-DDCP

(c) 症例２，Method－GC (d) 症例 2，Method－DDCP

3.18: -I (a) (c) Method-GC (b) (d)

Method-DDCP
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(a) (b)

(c) (d)

3.19:

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

(a) (b)

(d) (c)
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3.4: Method-DDCP

16 13 11 40
Grade-III Grade-II Grade-I Total

High contrast 3 19 16 38

Mixture 5 14 12 31

Low contrast 10 29 16 55

3.5

3.2

Saha [60]

2 25-40 95%

[48]

3 87%

[55] 10 94.1%

90.7% 95.7%
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[55] 5

2

DDCP

[38]

3

10

DDCP

3D

[78] 3D

2

2

1 CT

[29, 3]
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GUI

3.20

1

5-10 [61]

3.6

1

1

3
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(a)

(b) (c)

3.20:

(a)

3

(b) (c)
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4

4.1

4.2 4.3

MICCAI Segmentation Challenge

4.4 4.5

4.1

CT

CT
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Lesage [40]

Kirisli [33]

2

[5]

[49, 9, 43]

2

Level-Sets [72]

CT 1

Kohli [30]

Kadoury [24]

52



Delong [6]

Robust P n Potts

4.2

CT

4.1

3D-MPR

3D-MPR 2

4.2

3

3 1: , 2: , 3:

CRF 2.2.7

0 1

4.2.1

Conditional Random Field

E(Y ) =
∑
i∈V

θi(yi) +
∑

i∈V,j∈Ni

θij(yi, yj) +
∑
c∈C

θc(Yc). (4.1)
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(a)

(b)

4.1: (a) CT

(b) CPR

(a) (b)

4.2: MPR (a) (b)
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yi L = 1, 2, , l

i Y yi Ni i

θi θij yi (yi, yj)

θc(Yc) c ⊂ V yc

θc(Yc) c

(2.18)

(2.19)

0

4.3 (a)

(a) 0

1 (b)

1

(c)

(d)

1

2 3

(2.20) yi < 2

yi ≥ 2

yi < 2 yi ≥ 3

Optimally Oriented

Flux (OOF) [36] OOF a 3
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(a) (b)

(c) (d)

前景、背景のとき
小さなエネルギをとる

4.3: (a) (b) (c)

(d)

f(r) =

⎧⎪⎨
⎪⎩
1, if r ≤ a

0, otherwise,

r =
√
x2 + y2 + z2

(4.2)

∇2I =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

∂2I

∂x2

∂2I

∂x∂y

∂2I

∂x∂z

∂2I

∂y∂x

∂2I

∂y2

∂2I

∂y∂z

∂2I

∂z∂x

∂2I

∂z∂y

∂2I

∂z2

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(4.3)

3 1 2

4.4

2

FT−1

⎛
⎝FT (image) · F (ν) · exp(−

ν2σ2

2
) · (2πiνx)l · (2πiνy)m · (2πiνz)n

⎞
⎠ . (4.4)
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1e

2e

3e

03,2,01 >>≈ eee

1e

2e

3e

03,2,1 >>eee

4.4: 3

FT (image)

F (ν) =
4π sin(aν)− 4πaν cos(aν)

ν3
,

ν =
√
ν2
x + ν2

y + ν2
z

(4.5)

l +m+ n = 2

2πiν

4.5 4.6 OOF

0.5 4.0mm 1.26

OOF

MPR 0.25mm

1 4.7

2

2 2
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∂

∂

∂∂

∂

∂

∂

∂∂

∂

∂∂

∂

∂

∂

2

22

2

222

2

2

zzyyzxyxx

4.5: OOF 2

4.6: (a) OOF (b)
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複数の 1階ポテンシャル2つの高階ポテンシャル

4.7: 1

1

Robust P n Potts

Robust P n Potts

Robust

1
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4.8:

4.8

1

4.2.2

α

MICCAI Segmentation Challenge[33]

4.9

OOF yi : i ∈ c

4

12

Robust P n Potts N

20% 20%

80%

2

− log

(
Prc∈C(
{i ∈ c|yi < li} ≥ Nc)

Prc∈C(
{i ∈ c|yi < li} < Nc)

)
(4.6)
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4.9:

1 4.10

λ1 �= 0, λ2, λ3 >> 0

4.10

yi < 2

α

4.11

3D-MPR

OOF

80%

4.2.3 0 1

(4.1) 0 1 2

3D-
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4.10:

4.11: 3D-MPR
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MPR z

lsoftz σsoft
z

llumen
z σlumen

z

lcalcifiedz = llumen
z + 3σlumen

z lbackgroundz

0

0

θa(yi = Lumen) ∝ 1− exp

(
−(Ii − I lumen

z )2

2(σlumen
z )2

)
· h(Di). (4.7)

li yi Di yi h(Di)

Di < Rz 0 1 Ii Ilumen

θa(yi = Plaque) Ii Isoft Icalcified

θa(yi = Background) Di >> Rz

Di > 3Rz 0 ∞
1

1

18

θij(yi, yj) ∝

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩
N(Ii − Ij, σ

2
g)(̇1−N(Ii − Iplaquez +Ilumen

z

2
), σ2

z)/Di , if yi < 3 and yj < 3

N(Ii − Ij, σ
2
g)(̇1−N(Ii − Ibackground

z +Iplaquez

2
), σ2

z)/Di , if yi < 2 and yj ≥ 2

0 , otherwise.

(4.8)

Iplaquez Ii < I lmen
z Isoftz Icalcifiedz

4.2.4

MICCAI

Segmentation Challenge 3 1)

2) 3) 1
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2 3

0% 100%

1 50% positive

predictive value:PPV 2

Quantitative Coronary Angiography (QCA) CT Angiography (CTA)

2 QCA 2 X

CTA CT

Segmentation Challenge

web [33] web

http://coronary.bigr.nl/stenoses/

[26]

[26] Segmentation Challenge

MPR

dlumen dwall

CTA

dlumen/dwall (4.9)

CTA CT

QCA

50mm

dlumen QCA 3

1. [26]

Society of Cardiovascular Computed

Tomography (SCCT) 18
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4.12:

2. 100mm

4.12

4.3

3 4.1 4.2 4.3

4core CPU 3.4GHz PC

10 2015 12 15

3

2

4.1 CTA 51.1%

33.3%
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2 CTA

K 0.32 4.13

QCA

[33]

QCA

3 8

4 #2

3

3 3

#2 #2

DICE DICE

Healthy DICE DICE diseased

4.4

4.14 4.15
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(a) (b)

4.13: #08 LAD7 CPR

(a) #1 (b)

4.16

50%

3D-MPR 3

2D 3

1

3 3

3

3

2.16

QPBO
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4.14: 1 (a) (b)

(c)
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4.15: 2 (a) (b)

(c)
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4.16:

4.5

CT

MICCAI Segmentation Challenge
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4.1: MICCAI Segmentation Challenge 1

http://coronary.bigr.nl/stenoses/ 2015 10

Method Category
QCA
Sens.

QCA
P.P.V.

CTA
Sens.

CTA
P.P.V Ang.rank

% rank % rank % rank % rank

CTA Consensus Min.User 82.1 2.0 52.3 1.0 100.0 1.0 100.0 1.0 1.2

Observer2 Min.User 75.0 3.0 51.2 2.0 70.2 3.0 80.5 2.0 2.5

Observer1 Min.User 85.7 1.0 40.0 5.0 83.0 2.0 60.9 3.0 2.8

Observer3 Min.User 64.3 5.0 42.9 4.0 66.0 4.0 59.6 4.0 4.2
Kitamura et al.

Higher-Order Graph Cut Automatic 35.7 14.0 32.3 6.0 51.1 7.0 33.3 5.0 8.0
Lugauer et al.
ClosedSetOpt Automatic 60.7 6.0 24.6 7.0 46.8 11.0 25.0 11.0 8.8
Cetin et al.

Vessel intensity & geometric features Min.User 53.6 10.0 19.2 11.0 53.2 6.0 26.0 9.0 9.0
Lugauer et al.

Machine Learning + MRF Automatic 53.6 10.0 22.1 10.0 48.9 10.0 27.7 8.0 9.5
Mohr et al.

Level-sets & tissue classification Automatic 57.1 7.0 14.4 13.0 51.1 7.0 15.7 13.0 10.0
Melki et al.

Learning based detection Automatic 57.1 7.0 11.3 17.0 55.3 5.0 11.5 14.0 10.8
Wang et al.
Level-sets Automatic 25.0 16.0 50.0 3.0 10.6 19.0 33.3 5.0 10.8

Eslami et al.
Likelihood Min.User 67.9 4.0 9.4 18.0 51.1 7.0 4.0 18.0 11.8
Duval et al.

Feature extraction Automatic 57.1 7.0 12.2 15.0 42.6 12.0 7.6 16.0 12.5
Broersen et al.

LKEB Automatic 25.0 16.0 18.9 12.0 27.7 15.0 31.0 7.0 12.5
Shahzad et al.
Int J Card Img Min.User 28.6 15.0 24.2 8.0 21.3 16.0 23.3 12.0 12.8

ksz et al.
Region growing Min.User 21.4 18.0 22.2 9.0 17.0 17.0 25.8 10.0 13.5
Melki et al.
Watershed Automatic 46.4 13.0 12.1 16.0 42.6 12.0 9.3 15.0 14.0
Lor et al.

Probabilistic Min.User 50.0 12.0 13.9 14.0 31.9 14.0 3.0 19.0 14.8
Flrez-Valencia et al.

Kalman filter Min.User 17.9 19.0 8.5 19.0 14.9 18.0 4.8 17.0 18.2
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4.2: MICCAI Segmentation Challenge 2

http://coronary.bigr.nl/stenoses/ 2015 10

Method Category
QCA

Avg.Abs.diff.
QCA

R.M.S.diff.
CTA

Weighted Kappa Avg.rank

% rank % rank K rank

CTA Consensus Min.User 28.8 2.0 34.4 2.0 1.00 1.0 1.5

Observer1 Min.User 30.1 3.0 35.2 3.0 0.74 3.0 3.0

Observer2 Min.User 31.1 7.0 36.5 4.0 0.77 2.0 3.8

Observer3 Min.User 30.6 4.0 36.9 6.0 0.73 4.0 4.5
Kitamura et al.

Higher-Order Graph Cut Automatic 30.8 5.0 36.6 5.0 0.32 5.0 5.0
Wang et al.
Level-sets Automatic 28.8 1.0 33.7 1.0 0.18 11.0 6.0

Shahzad et al.
Int J Card Img Min.User 31.0 6.0 39.3 8.0 0.29 8.0 7.5
Broersen et al.

LKEB Automatic 32.5 8.0 39.3 7.0 0.27 9.0 8.2
Lugauer et al.
ClosedSetOpt Automatic 49.0 11.0 55.1 12.0 0.30 7.0 9.2
Lugauer et al.

Machine Learning + MRF Automatic 50.0 13.0 55.6 14.0 0.32 6.0 9.8
ksz et al.

Region growing Min.User 47.0 10.0 53.1 10.0 0.21 10.0 10.0
Lor et al.

Probabilistic Min.User 38.6 9.0 42.7 9.0 -0.03 15.0 12.0
Mohr et al.

Level-sets & tissue classification Automatic 49.6 12.0 56.0 15.0 0.15 12.0 12.8
Eslami et al.
Likelihood Min.User 50.9 14.0 55.0 11.0 -0.02 14.0 13.2

Flrez-Valencia et al.
Kalman filter Min.User 51.6 15.0 55.6 13.0 0.01 13.0 13.5
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4.3: MICCAI Segmentation Challenge 3

http://coronary.bigr.nl/stenoses/ 2015 10

Method Category
DICE

diseased
DICE
healthy

MSD
diseased

MSD
healthy

MAXSD
diseased

MAXSD
healthy Avg.rank

% rank % rank % rank % rank % rank % rank

Observer3 Min.User 0.79 2.0 0.81 1.9 0.23 2.6 0.21 2.1 3.00 7.8 3.45 7.0 3.9
Lugauer et al.

Machine Learning + MRF Automatic 0.76 3.3 0.75 3.9 0.32 3.8 0.51 4.6 2.47 3.9 3.67 4.3 4.0

Observer1 Min.User 0.76 3.0 0.77 4.6 0.24 3.2 0.24 3.9 2.87 6.8 3.47 7.0 4.8
Lugauer et al.
ClosedSetOpt Automatic 0.74 4.5 0.73 5.1 0.35 4.5 0.55 5.3 2.99 4.7 3.73 4.7 4.9
Mohr et al.

Level-sets & tissue classification Automatic 0.70 5.8 0.73 5.2 0.40 6.4 0.39 5.3 2.68 4.1 2.75 3.0 4.9
Kitamura et al.

Higher-Order Graph Cut Automatic 0.71 6.1 0.75 5.2 0.42 7.2 0.41 6.0 3.17 6.3 3.69 5.0 5.8

Observer2 Min.User 0.65 7.6 0.72 7.1 0.34 7.2 0.27 5.5 2.82 6.9 3.26 6.5 6.7
Shahzad et al.
Int J Card Img Min.User 0.65 8.5 0.68 7.9 0.39 8.2 0.41 7.2 2.73 6.1 3.20 4.8 7.0
Wang et al.
Level-sets Automatic 0.69 6.7 0.69 6.7 0.45 8.0 0.55 8.0 3.94 7.7 6.48 8.3 7.6

Broersen et al.
LKEB Automatic 0.67 7.1 0.69 7.2 0.50 8.4 0.70 8.5 3.89 7.7 5.86 7.9 7.8

Flrez-Valencia et al.
Kalman filter Min.User 0.42 10.9 0.38 10.8 0.83 10.2 1.13 10.5 3.81 5.9 6.96 8.0 9.5
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5

3 4

5.1

5.2.2 5.2.3

5.3

5.4 5.5

5.1

[46]

[16]

CT

3

3

5.1 T12
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T12 椎骨

大腿骨小転支
寛骨球

5.1: 3D T12

5 L1-L5

HU 5.2

[25] 3

2 2

Meesters [47]

[13]

0 1

1 2

1

1
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5.2: 2D
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Komodakis [34]

4

[25]

[34]

5.2

5.3 2 1

3

T12

T12

5.2.1

2

3D-MPR

5.2.2 5.2.3
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2nd step: セグメンテーション
1st step: 中心線抽出

大腰筋モデル

中点

5.3: 3D-MPR
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5.4:

5.2.1

[71]

5.4

T12

T12

HU

2

5.5

ROI ROI
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始点

終点

大腿骨骨頭

5.5: T12

1

E(X) =
∑
a∈V

θa(xa) +
∑

a∈V,b∈Na

θab(xa, xb). (5.1)

0

θa(xa) =

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩
−α if xa = 0 ∧ (I(a) < T1 ∨ I(a) > T2 ∨ |Pa − Pc| > C1),

−α if xa = 1 ∧ Ia > T3 ∧ Ia >< T4 ∧ |Pa − Pc| < C2,

0 otherwise.

(5.2)

a Ia Ti Pa Pc a ROI

c Ci ROI

ROI

ROI
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1

θab(xa, xb) =

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

f1
(|Ia − Ib|+ |∇2Ia −∇2Ib|

)
·f2

(
Ia + Ib

2
− Iaverage

)

·f3
( |∇2Ia +∇2Ib|

2

)
|Pa−Pc|+|Pb−Pc|

2

if xa �= xb,

0 otherwise.

(5.3)

f1 f2 f3 ∇2I(a) a

Iaverage

Dpresegment

Ipresegment

5.2.2

” ” 3

2 5.6 (a)

3D-MPR

2 i j

fi,j(t) =
h+ τi

1 + exp

⎛
⎝0.2g · (tj − t) + tj − 20

20− tj

⎞
⎠

(5.4)

g h = Dpresegment

5.6 (b) τi tj

2D 2D

15
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h 

g 

(a)

(b)

5.6: (a) (b) 2D (a)

(b)

h g
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5.2.3

3D-MPR

E(X) =
∑
a∈V

θa(xa) +
∑

a∈V,b∈Na

θab(xa, xb) +
∑
c∈C

θc(Xc). (5.5)

3 θc

C c 2

(5.5) 0 (5.2)

T1 T2

Ipresegment

C1 C2 Dpresegment

1

θab(xa, xb) =

⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

f1 (|I(a)− I(b)|) ḟ2
(

I(a)+I(b)
2

− Ipre

)
d(a, c) + d(b, c)

2

if xa �= xb,

0 otherwise

(5.6)

f1 f2

θc(Xc) = min

(
α,

∑
a∈c:xa �=l

α

N

)
(5.7)

Robust P n Potts [30] c xa

l

N

l = 1

l = 0

2

τi tj 5.7

α αforeground
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高さについて 8種類 曲率について 5種類

5.7:

αbackground

αforeground =f(|μforeground − Ipresegment|)
· g(max(σ2

foreground − σ2
presegment, 0)),

(5.8)

αbackground =f(|μbackground − Ipresegment|)
· g(max(σ2

background − σ2
presegment, σ

2
background − σ2

foreground, 0)).
(5.9)

μforeground σ2
foreground

μbackground σ2
background

Ipresegment σ2
presegment

f g

N

10%

5.3

20 CT 14

28 93 6 22 87

1.0 5.0mm 0.625× 0.625mm2 0.976× 0.976mm2

Jaccard similarity coefficient: JSC

A
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体積のジャカール指数

5.8: 20

B

JSC =
A ∩ B

A ∪ B
(5.10)

5.8 5.1 CT

quad-core CPU 3.4GHz

PC 10.2 33.6

75.4% 77.4% 5.8

5.10

5.11
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5.1: (%)
Case

No (mm) (ml) (ml) JSC (ml) (ml) JSC

1 2.0 111.9 99.8 84.0 107.1 99.7 83.7

2 5.0 315.3 324.3 83.1 277.3 321.3 79.7

3 1.0 148.9 145.6 86.3 143.1 135.7 81.5

4 1.0 319.0 332.8 81.8 296.4 295.6 86.5

5 1.0 108.3 114.5 82.2 124.4 132.2 77.8

6 1.0 85.2 62.1 59.2 72.7 58.0 63.7

7 1.0 145.5 138.0 80.4 161.0 150.0 81.0

8 1.0 203.7 212.5 77.4 214.8 220.6 81.6

9 1.0 154.0 199.5 69.8 157.6 189.1 75.9

10 1.0 103.8 107.4 74.9 110.7 122.9 77.6

11 1.0 50.6 45.4 69.9 53.6 37.1 66.1

12 1.0 115.2 179.3 62.5 107.7 150.0 66.9

13 5.0 319.1 343.9 84.2 321.8 344.7 86.2

14 5.0 244.3 339.2 69.7 262.9 317.8 79.6

15 1.0 94.0 86.0 76.5 120.9 109.9 80.2

16 1.0 160.1 160.6 82.8 142.9 144.3 83.7

17 1.0 141.2 145.0 71.8 150.5 162.3 69.2

18 1.0 97.0 101.5 69.8 91.0 87.2 72.9

19 1.5 139.6 150.2 77.9 151.1 141.2 76.6

20 2.0 68.5 79.3 62.5 73.9 76.5 78.4

Mean 75.4 77.4

(a)

(b)

(c)

筋肉

5.9: (a) 3D

(b) (c) 2D
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5.10:

(a)

(b)

(c)

血管

血管

腎臓

5.11: (a) 3D

(b) (c) 2D
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5.4

[25, 47] [25]

80 72.3% [47] 20 63.4% 68.6%

77.4%

75.4%

1

1

2

3D

2D

5.5

CT

20 76.4%

1
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NTT
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