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ẅⅎ◙ (Thresholding)
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Otsuôs (1979)
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Å Otsu, N., "A Threshold Selection Method from Gray-Level Histograms," IEEE Transactions on Systems, Man, and 

Cybernetics,Vol. 9, No. 1, 1979, pp. 62-66.
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ᶳ ẅ

ÄῊ ẅҒ ῡ ἥ ‟
Â ” Е ғ ῗ ҅ ∆ ẅ ἥⅎ◙

Â ẅ f (x, y) p(x, y) ῗЇ ғx, y ῗ

Ä / Еҿ үἥ ҅үⅎ◙ ẅ
Â ἥⅎ ҅ ∆ ἥ

Â ү ἥ ҅ү ẅ

Â ֙ ἥ ẅЇ үἥ ẅ ẅ

Â ẅ Ѓ ẅ Є ⅎ◙
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ẅ

1. ἥⅎ ҅ ∆ԝ Ӑ 50% ἥ
Â ᵫ ἥ К

2. Ầ₴ ү ἥ

3. ү ἥ ҿ ɼ Ї∑
ᴮ ẅ ҅ү ẅЖ ∑ЇҒ
Â ᵫ≡ ⅎ К

4. ҿ ἥ └

ẅЇ ẅ └ ἥ

ẅ

5. ἥ ẅЇῴ ẅ

└ ἥ ẅЇ ἥ

ⅎ◙
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ⅎ ẅ҅ᶡ

ẅ ἥЇ үἥ ҅ү ẅ



Ä Е
Â ‼∑Е ᵒἥ

Ä Е
1. ἥ

2. ἥ ‼∑

3. ┼ Ẩ ∑

Ä Е
1. ἥ

V Ҳ

V ֢ԝ

2. ‼∑Ѓᶳ Ίᵩ Є



Ä ᶡ
1. Ҳ ҿ

2. ғ Ѓ<TЄ≡

3. ᵫ

T = 3                    T = 2                     T = 7

1 0 4 7 5 1 1 5 5 5 1 1 5 7 5 1 1 1 1 1

1 0 4 7 7 1 1 5 5 5 1 1 5 7 7 1 1 1 1 1

0 1 5 5 5 1 1 5 5 5 1 1 5 5 5 1 1 1 1 1

3 0 5 6 5 1 1 5 5 5 3 1 5 5 5 1 1 1 1 1

3 3 5 6 4 1 1 5 5 5 3 3 5 5 5 1 1 1 1 1
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ÄתRש ү ἥ ЇPש

Ä R ⅎ 1/4 RiЇ ҙ
ᶕ P(Ri ) = TRUE 

1. ᴑ҅ү RiЇ P(Ri ) = FALSE Ї Ὶⅎ Ғ
ⅎ

2. ҩү Ri RjЇ P(RiʸRj ) = TRUE Ї ᴂ

3. ҅ ⅎ Ғ ԋЇ∑
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ᶡЃ ЄЕⅎ ⅎ

(a) (d)(c)(b)
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Ä Ї ⅎ

Ä √ ⅎ◙ Ѓ҅ ҿҲ ҅ Є

Ä ⅎ

Â Ҳה Ї ɼ ԓ ҿẐ ֙ Ї҅
ⅎҿ Ї ɼ Ї └ ҿ ɼ

Ä

Â ה ҅Ҳ Ї ԓ҅ү Ї ᴂӐ
ҿ Ї∑ ҿ҅ ɼ Ї Ғῴ װ

֙ ɼ

Ä

Â ᶕ ≡ ᵣ Ї Ғ҅Ї ҅ ЇᵜҒ
ҿ҅ү Ї Ї ҿ

҅ ɼ ҅ Ї └Ғῴ װ ɼ

Ä

Â ᵲɼ
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Äⅎ ЃwatershedЇӤ ⅎ / Є
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Ä ἥ Ӥ װ ҿ3D

Â ἥ 3D Ҳ
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ғMi Ҳ ἥ Ѓ ⅎ◙ Є
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K-means 
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K-means I



K-means I
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K-means I



K-means I



K-means I



K-means I



K-means I



K-means algorithm 
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ԓӀ꜠ ἥⅎ◙

ÄACM: Active Contour Model 

Â Е ἥҲ ҅ ꜠ Ї ┼
Їᶕ ῚẨ ᵩ Їה ₴ ἥҲ Ῐ

ᵩ

Âҩ

V Ӏ꜠ Еsnake

V ₉ᵫӀ꜠ Е (level set)



Ӏ꜠ ᴮׂש

Ä ԓ

Ä֘ἥ

Ä ԓ ῇ Ḫ
Â ᾨ Ḫ ɻ ꜠Ḫ

Ä Ί
Â ⅎ ɻẘ ⅎ (PDE)Ї ⅎ₉ᵫ



ԓӀ꜠ ἥⅎ◙

Ä Ӏ꜠ Еsnakes

Â ῝ ᵲЕòSnakes: Active Contour Modelsò

Ä₉ᵫӀ꜠ Е (level set)

Â From Snake to Level Set

Â Classical Level Set Model



Ӏ꜠ (Kass et al, 1988)
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Ὺ ἥ ῗ Ⱶ



Ӏ꜠

ÄSnakes ⃰

Ä Ґ ( ⅎ ):

Ὺ Ⱶ: ∑ ЃRegularizeЄ Ї

Ⱶ: ꜠ Ῐ ᵩ ꜠
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Demo for Snakes
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(curvature)

Ä ίᵲҿ
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(curvature)
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Ä Е ҏ ү ⅓ ꜠
Â ԓ҅ Ї װ ҿЕ
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꜠ ꜠

꜠
(Area decreasing/increasing)

꜠
(Length shortening flow)
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(Area decreasing/increasing)

꜠
(Length shortening flow)
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Ӏ꜠

Ä Ҳ : ԓ3D ҿ

ÄҒ



”

Ä ԓ Ӏ꜠ Ґ : 

Â T-Snakes: topologically adaptable snakes

V McInerney and Terzopoulos, 1995 

V Ray and Acton, 2003

V Li, Liu, and Fox, 2005

Ä :

Â (Level set methods)



Ä Е ҏЇ ҅ ҏ

Ä Е2D Ą 3D

Ä Е3D Ą 2D
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⃰ (level set function)
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Â ғ ҿ45
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⃰ (Signed distance function)
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Level Set without Re-initialization

Ä re-initialization ҿ ⃰:

Ä ӎ ⅎ ⃰

ῚҲ

Ä ⃰

Ä ԓ Ґ Ї └ Е

ÅLi, Chunming, et al. "Level set evolution without re-initialization: a new variationalformulation."IEEE CVPR, 2005.
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Graph Cut ◙

ÄGraph cutЕ҅ ⃰ ᴮ
Â ԓ ἥ ӎgraphЃ / Є

Â ҅

V Ї ԓ ἥҲ үἥ ɼ ҩү ҅
Ѓ Ҳ ЄЇ Ӥ n-linksɼ

Â ԑ

V ҩү Їⅎ⌡ ᵲSЃsourceЕ Є TЃsinkЕ Єɼ

V ү 2ү Ӑ Ї ԑ Ѓ Ҳ
ЄЇ Ӥ t-linksɼ



Graph Cut
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Ä Ҳ ҅ү ẅ×ЇӤ װ ҿcostЃשᴍ
Є

Â ◙ costЃ ҿȿὅȿЄ ὅ ẅ ɼ
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( ) ( )smooth dataE E E= +x x x
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Graph cut

1. ҅ү ἥЇ ᴂ ҅ү Ї ҩ Їҩ
ҩ ẅɼ

2. ἥ үἥ Ї ҩү ἥ Ӑ
҅ Ї ẅ Smooth ” ɼ

3. ҩү sЃ Є tЃ ЄЇ ү
Ї ẅ Data ” ɼ

4. װ ẅЇ ɼ

5. └ ◙Ї үmin cut ẅ Ї
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Ä ◙(min cut) -> (max flow)

Â ◙

Ä ԓ҅ү ЃgraphЄЇ ẅ Ầ Ѓ Є

Ä ҅ה (start)└ ҅ (goal) Ѓmax flowЄ

Ä └ Ї ҅ү ◙Ѓmin cutЄ

Ä Ғ ꜘ Ї └ Їה └ ◙

Ä ᴍש cut װװ └
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Graph cutⅎ◙
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Normalized Cuts

Ä ἥἥ ҿ Ї ἥ Ї Ґ
Âҩү Ѓἥ ЄӐ ẅ ἥ ᵒ ”

ÄNormalized cutsЕ Ґ Ї Ҳ ⅎҿҩ
Âⅎ◙ ᴍ‼∑Е
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Mean Shift

Ä Е ⅎ Ҳ ẅ (peak)Ї
ԓ ҅ү ẅ ἥ ҿ ԓ ҅ⅎ◙

Â ԓ ⅎ Ї Parzen Їה ᵆ
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Ä : └
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Ä : └
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Mean Shift

Ä : Mean Shift ⃰
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Extended Mean Shift
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Extended Mean Shift
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Ä Е
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Ä Ὀ Ҳὲү ●ЇὪὼ ᵆ (Ӥ
parzen ᵆ )ҿ

ÄẐ ה ҅ү ⃰ Ї ⃰
ῇ Е

Ä ⃰ Ὢὼ ᵆ ҿЕ
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