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What are we dealing with!?




What are we dealing with!?

® DTI dataset (I mm isotropic voxels)
® Principle eigenvector streamlines
® 323k space curves
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What are we dealing with!?

Curve lengths in 323k-curve dataset
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Why clustering?

® Approximates tracts for:

® Visualization and selection
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The Goal

® Automatic clustering




The Hypothesis
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How does it work!?

|. Every curve begins as its own cluster

2. Join clusters of two closest curves

3. Repeat step 2 until termination
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How does it work!?

® Single-link distance

o A~.B & d{X,X.., X s.t d(A,X|) < €,

d(xk, B) < €, d(X., x.+.) <evV s




Why agglomerative?

® Provides a cluster hierarchy

® Fasy to understand
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Why a new measure!

® Previous work:

® Corouge




Previous VWork

® Corouge, et al., ISBI 2004

® Minimum-distance




Previous VWork

® Brun, et al., EUROCAST 2003




Previous VWork

® /hang & Laidlaw, TVCG 2008

® Mean distance above
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® /hang & Laidlaw, TVCG 2008
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Previous VWork

® /hang & Laidlaw, TVCG 2008

haw sl & e S TALRY ; \"",fp"\' Dot o ke ‘,/._, Sl wa. hQ“ d o0 ..‘_' V;pi s /.-., JEL S T o A R S P R 8 SR S a0 et VRS Rt BTl P Ty LT PR 11 o WDy 7yt .-,“:.
- N YRS Ry oy PRy e AR e B B AT LA G S i3 Wt SR TR ATE NN B . o o g Py o i S8 e o e, 5. X e 4
': o PO i ?‘-‘""".j e “"* 4 "'”“’! i ‘—'::'{f: .i.‘-"."'.‘ "'i‘.‘--vl""{rﬁ " * X ‘-u 7 b e .‘_"'.-‘\-;_':'r ¥ ’l",'.a"”zk £ f\'!ﬁ?—«‘ PRAR :{:}r W roY

P e SR R AL R IRl R e 4 st s & et R
N b s Tl AL Y A G e o




Previous VWork

® Ding, et al.,Vis 2001
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Previous VWork

® Ding, et al.,Vis 2001
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The New Measure

® Detects overlapping segment




The New Measure

® Trimming

® |nduced relative orientation




Trimmin

Curves 320 and 324
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Trimming

Curves 320 and 324




What we wan

324-=320:
Hy = 0.74; o, = 0.16; matched 46/46; went 22.43/22.23




What we (can) get

320-=324:
Hy = 3.66; 0 = 10.14; matched 113/113; went 55.33/22.43




rimming Excess Matches

320-=324:
Hy = 0.73; o, = 0.16; matched 47/113; went 22.33/22.43
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Trimming Excess Matches

d(A,B) = mean distance in trimmed segment



The New Measure

® Trimming

® |nduced relative orientation




Relative Orientation

Curves 323 and 325




Relative Orientation

Curves 323 and 325




A Good Match

325-=323:
By = 4.92; o4 = 4.44; matched 36/103; went 47.47/35.47




Not So Good

323-=325:
Ky = 3.56; 54 = 2.95; matched 82/82; went 40.47/7.31




Forcing Relative
rientation

323-=325:
By = 4.70; 5, = 4.84; matched §2/82; went 40.47/41.16




Forcing Relative
Orientation

d(A,B) = mean distance in trimmed segment, with forced
relative orientation
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Without Orientation
Forcing or Trimming

323-=325:
Ky = 3.56; 54 = 2.95; matched 82/82; went 40.47/7.31




With Force
Orientation:YWhoa!

323-=325:
gy = 10.41; o, = 3.86; matched 66/82; went 32.47/35.57




Matching Order

323-=325:
By = 4.70; 5, = 4.84; matched §2/82; went 40.47/41.16




Matching Order

325-=323:
By = 4.92; o4 = 4.44; matched 36/103; went 47.47/35.47




Matching Order

325-=323:
g = 4.591; o4 = 442, matched 36/103; went 47.47/35.47




Matching Orders

323->32%5 323->325
Hy = 1047; Oy =¥ 88, matched 66/82; went 3247/3557 = 484, matched 82/82, went4047/41.16

s
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325-»323

09, went 47.47/35.47 By =4.51; o, = 442, matched 96/109; went 47.47/35.47
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323->325 323-»325
Uy = 1041; o, = 3.86; matched 66/82; went 3247/35.57 Hy = 4.70, o, = 4.84, matched 82/82; went 40.47/41.16
156 158

d(A,B) = min mean distance in trimmed segment with forced
orientation, over all four matching orders
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Success!

320->324 320->324
g = 0.75, o4 = 0.16; matched 47/113, went 22.93/2249 By = 0.75, o4 = 0.16, matched 47/113; went 22.99/22.49

3124-53 324->320
0.74; oy = 0.16; mat 122492228 Ba = 074 Cy = 0.16; matched 46/46; v




Success!

158491->158433
By 144; o, = 0.44; malched 35/43; went 17.00/17 67

158493->1584N
33 o, =« 041, matched 37/81; went 18.00/16.33




till Not Quite Right

49201->498 49201->43353
1, o4 = 0.00; matched 1/32; went 0.0 L0 By ™ 2010; o, = 0.00; matched 1/32; went 0.00/0.00

2162, went 10.00/6 .93




An Extreme Case

0->0 0->0
= 0.00; ma S0 wenl 43.00v43.00 Wy = 50.00; o4 = 0.00; matched S0/50; went 49.00/49.00

g = 50.00; a,

-

il

0->0 0->0
e = 5000 Gy = 0.00; matched 50450, wen 430004300 By “ $50.00; Cy ™ 0 00; matched SOVS0; went 49.00/49.00




An Extreme Case

0 0->0
= 0.92; ma 50/50; wen 43.00v34.65 9 ed SO/50; went 49.00/34.65

g = 91.02 0,

>0 0->0
e = 5052, Ty 047; matched 50450, went 34 65/24 50 S052; o, = 047, matched SO/S0; went 34 65/24 50




An Extreme Case

0 0->0
= 52.01; oy = 1.79; matched 50/50; went 43.00/1.96 = 5201, 0, = 1.79, malched SO/50; went 43.00/1.96

0->0 0->0
4 = 1.79; matched S0/50; went 43 04/1 96 Hy = 5201, o = 1.79; matched S0/50; went 49.04/1.96




Match Length Ratio

® |nfinite for perpendicular segments

® |nfinite for end-to-end segments



The New Measure

® d(A,B) = minimum over all four matching
orders of:

® Mean distance between points

oA B 7 Sl N T o
N ST P T TR




The New Measure

® Detects overlapping segment




The New Measure

® Exploits agglomerative clustering with single-
link cluster distance




The New Measure

® Exploits agglomerative clustering with single-
link cluster distance

e d(AC) <€,d(B,C) <€
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A Failure Case

® A single short segment can join two
otherwise strongly separated clusters

® Post-processing the clustering is likely
necessary
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What We'd Like

|. Compute all pairwise curve similarities

2. Find highest similarity




What We'd Like

® Can compute 1600 similarities / s

® But we have 300k curves!
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What we need

® Parallelism




Efficient Clustering







Efficient Clustering

® 30k curves with |3 hosts

® 6.5 hours, 5.1 GB total

o |0 prlorlty queues of i mcreasmg size: BMB,
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Thanks!

® David Laidlaw, my advisor




Questions?

® Motivation

® Agglomerative clustering




