Joint Shape Segmentation



\ Motivations

Structural similarity of segmentations

e Extraneous geometric clues

Single shape segmentation Joint shape segmentation
[Chen et al. 09] [Huang et al. 11]
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\ Motivations

Structural similarity of segmentations

* Low saliency

Single shape segmentation Joint shape segmentation
[Chen et al. 09] [Huang et al. 11]




\ Motivations

(Rigid) invariance of segments

e Articulated structures

Single shape segmentation
[Chen et al. 09]

Joint shape segmentation
[Huang et al. 11]
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‘ Pair-wise Joint Segmentation

Objective:

max score(S1)+score(Sy)+consistency(Sy, S2)
1,92

Outline:




‘ Segmentation Parameterization
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‘ Segmentation Parameterization

 Segmentations: subsets of
initial segments obtained from
randomized segmentations

| = =

|— |=—=]

U €l» B8 8 - -

— ——

J

e

Initial Segments




‘ Segmentation Parameterization

A

 Segmentations: subsets of
initial segments obtained from
randomized segmentations

* Segmentation constraints: each
. . . Randomized Cuts
point is in exactly one segment 1
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‘ Segmentation Parameterization

A

 Segmentations: subsets of
initial segments obtained from
randomized segmentations

* Segmentation constraints: each
. . . Randomized Cuts
point is in exactly one segment 1
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‘ Segmentation Parameterization
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‘ Consistency Term

* Defined in terms of mappings
— Oriented
— Partial

Many-to-one correspondences Partial similarity




‘ Consistency Term

* Defined in terms of mappings

— Oriented
— Partial

* Mapping score [Anguelov et al.05]

score(M;;) = A| > W
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‘ Consistency Term

* Defined in terms of mappings
— Oriented
— Partial

 Mapping score [Anguelov et al.05]

score(Mi;) =X 3 We+p X W
CEMij (C,C')EAij

* Consistency score

consistency(S1, S>) = > max score(M;;)
ije{12,21} Mi;




‘ Constrained Optimization

2
max >, 2. Ws > (A X Wetp X Wio)
51,52,M12,M21 =1 s€8, ije{12,21] ceM;; (e, )EA;; (ec)

s.t. cover(p)| =1, VvpeP;, 1<i<?2,

M; € Mapping(S; x S;), 115 € {12,21}




‘ 0-1 Linear Programming Formulation

* Introduce binary indicators

Segments

1 seS1USs
¥s =1\ 0 otherwise




‘ 0-1 Linear Programming Formulation

* Introduce binary indicators

Segments Correspondences

v — 1 s€S1USs 1 ce MipUMoy
7] 0 otherwise Y= o otherwise




‘ 0-1 Linear Programming Formulation

* Introduce binary indicators

Segments Correspondences Correspondence pairs

v — 1 s€S1USs 1 ce MipUMoy |1 (e,d) e Ao U Axq
7] 0 otherwise Ye = “(ed) =

0 otherwise 0 otherwise




‘ 0-1 Linear Programming Formulation

* Introduce binary indicators

Segments Correspondences Correspondence pairs

v — 1 s€S1USs 1 ce MipUMoy ; 1 (c,c) € A1o U Axq
7)1 0 otherwise Y= o otherwise () ™3 0 otherwise

Objective function:

max ¥ xwi94+ ¥ Oyl wier -zl wid)
ie{1,2} ije{12,21}




‘ 0-1 Linear Programming Formulation

* Introduce binary indicators

Segments Correspondences Correspondence pairs

0 otherwise

0O otherwise 0 otherwise

_{1 s€S1USs _{1 c € MqioUMoy _{ 1 (¢,d) € Ao U Axq
Ts = Ye = e, d) =

Segmentation constraints:

S xs =1, VpeP;

secover(p)

Matrix representation: A;x; = 1




‘ 0-1 Linear Programming Formulation

* Introduce binary indicators

Segments Correspondences Correspondence pairs

0 otherwise

0O otherwise 0 otherwise

_{1 s€S1USs _{1 c € MqioUMoy _{ 1 (¢,d) € Ao U Axq
Ts = Ye = e, d) =

Mapping constraints:

X Yy S s VsEL Bijyij < DigX;
s'el; =)

/ /
Yis) S T V(s8N €Cy Biyig < DyjX;

Vij € {12,21}




‘ 0-1 Linear Programming Formulation

* Introduce binary indicators

Segments Correspondences Correspondence pairs

v — 1 s€S1USs 1 ce MipUMoy ; 1 (c,c) € A1o U Axq
7)1 0 otherwise Y= o otherwise () ™3 0 otherwise

Compatibility constraints:

R 22 (e, (s)s)) S Ye Ve € Cijypi € Py, Vig € {12,21}
s;€COver(p;) s’ o

E12215 < F1oy192 E21221 < Fo1y21




‘ 0-1 Linear Programming Formulation

Linear programming relaxation

max ¥ xwi94+ ¥ Oyl wiruzlwid)

ic{1,2} ije{12,21}
S.t. A1X1 =1 A2X2 =1
B1oy12 < D1oxq Bo1y21 < Do1x5
!/ / !/ /
312Y12 < D12X2 321Y21 < D21X1
FE127210 < F12y12 Eo17251 < Fo1y21

and 0<z<1 Ve € X1,X2,¥12,¥21,212,%Z21




‘Similar Shapes

* As a by-product, pair-wise joint segmentation
determines pairs of similar shapes

Similar Less similar




‘ Multi-way joint segmentation

* |nput shapes
— Different objects
— Different categories

Inputshapes
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‘ Multi-way joint segmentation

* Perform all pair-wise joint segmentation to
determine pairs of similar shapes

Input shapes / Pairwise joint \

segmentation
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‘ Multi-way joint segmentation

e Objective function

> score(S;) + ¥ consistency(S;, S;)
1=1 (SZ',SJ')ES

segmentation

/ Pairwise joint \ / Multiway joint segmentation \




‘ Multi-way Joint Segmentation

* Formulation

maxzx?w§6g+% Z ()\yT COH#—,uzwwadJ)
=1 (4,4)€€

st Ax; =1, 0<x,; <1 foralll1 <i<n

and BZJy"»J < D. Bwy@j < Dl. E’&jz’&j < Fznggv
0<y;;<1,0<z; <1 forall (i,j) € £.




‘ Multi-way Joint Segmentation

e Revised Formulation

o n
max Y sl wi S0 (whwer i) e - )
i=1 (i,j)€E

S.t. AZXZ:].,OéXzS]_fOI‘aHl<Z<’n
and | Bijyij < Dijxij, By < DiiXji, Eijzg; < Fijyj,
for all (i,j) € £

Two independent constraint sets




‘ Alternating Optimization

(
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Shape-wise optimizations:

se n
max X! W, - W Z V[xi — Xij”2
{71(i,5)€€}
s.t. AiXizl, OSXZ S 1 )
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max
Xij YijrZij

S.t.

Pair-wise optimizations:

T ___corr

T ,adj 2
+ pziywis — l[x — x|
/ !/
Bijyij < DijXij, Bi;yij < DyiXgi, Eijzig < Fijyij,

Aixi;=1,0<%x,;<1,0<y;; <1, 0<z; <1 )




Princeton Segmentation Benchmark [Chen et al. 09]

* 380 shapes in 19 categories
 Manual segmentations for each shape (4300 in total)




Princeton Segmentation Benchmark [Chen et al. 09]

Joint  :Joint shape segmentation per each category

JointAll : Joint shape segmentation over the entire database

Rand index metric [Rand 1971] - the smaller, the better

SD | RC | Supervised || Joint | JointAll || Human
Average | 17.2 | 15.3 10.7 10.5 10.1 10.3

* Significantly better than single shape segmentations
 Competitive against supervised segmentation
* JointAll is slightly better than Joint




Rand Index Scores on PSB [Chen et.al 09]

When shape variation of the input is big

Top: Joint

Bottom: JointAll

00
SD | RC | Supervised || Joint | JointAll || Human
Armadillo | 8.9 | 9.2 8.4 7.4 7.4 8.3




Rand Index Scores on PSB [Chen et.al 09]

When shape variation of the input is small

Top: Joint Bottom: JointAll
\§ | O | A 22| A | 2t
\'§ > 4 ‘5\< =g PP~ )A'i’
\ J ’ oo
A 210 [ 2 2] | 28 (2
22 L2 L (2L 2
SD | RC | Supervised || Joint | JointAll || Human
Airplane | 9.3 | 134 8.2 12.9 10.2 9.2




Versus Supervised Method [Kalogerakis et al.10]

Supervised segmentation Joint shape segmentation




‘Joint versus JointAll




Rand Index Scores on PSB [Chen et.al 09]

Failure case

Octopus
SD | RC | Supervised || Joint | JointAll || Human
Octopus | 4.8 | 6.4 1.8 6.7 7.2 2.4




Other Unsupervised Methods



‘ Embedded spaces

[Sidi et al 11]

Shape segments mapped to
some feature space
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‘ After a “spectral transform”
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‘ Algorithm
£

(a) Per-object segmentation
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(b) Diffusion maps
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(d) Statistical model
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(e) Result

(c) Clustering

[Sidi et al 11]




‘ Sub-space clustering

‘V

P2
Features inspired from

supervised learning
[Kalogerakis et al 10]

[Hu et al 12]




‘ Comparison
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Other Unsupervised Methods



Learning from labeled/unlabeled data

[Wang et al 12]
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‘ Supervised learning

[Wang et al 12]




‘ Un-supervised learning

[Wang et al 12]




‘ Semi-supervised learning

[Wang et al 12]




‘ Constrained clustering

[Wang et al 12]




Algorithm

[Wang et al 12]

Initial Co-segmentation Constrained Clustering

Final result Active Learning




‘ Effective on large data sets

[Wang et al 12]
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