MVA2007 IAPR Conference on Machine Vision Applications, May 16-18, 2007, Tokyo, J

3-31

FAST GRAPH SEGMENTATION BASED ON STATISTICAL AGGREGATION PHENOMENA

Frank Nielsen Richard Nock
Sony Computer Science Laboratories, Inc. CEREGMIA/Univ. Antilles-Guyane
Tokyo 141-0022, Japan 97275 Schoelcher, Martinique, France
Frank.Nielsen@acm.org Richard.Nock@martinique.univ-ag.fr
ABSTRACT prst initializing for each pixel a corresponding single-pixel

In this paper, we brst generalize a recent statistical color i 9/ and then merge stepwise similar adjacent regions un-

age segmentation algorithm [5] to arbitrary graphs, and repop(I no more fusollon IS attlgl_rglabtlﬁ. Th(l;s,la_t agiven st((ajp, region
its performance for 2D images, 3D meshes and volume datd’ gw*nch:Cnam :I:Z 'Lnap :;'j )énr:el;n'nerylrgg'i?clogei' éic;ncy
We then describe a fast pre-segmentation to the main grap% ph ( ), S ging predicatgdeci

procedure that allows us to further speed-up the segmentati(?ﬁerngg.ncg the qurrltlant pglrt 0; adr{acent regions. Usually,
by a factor ofx 2 to x 4, without decreasing signipcantly the M IS dynamicafly updated whenever merging occurs.

quality of segmentations. As an application, we built a real-l‘et G = (V,E) be an arbitrary graph qv/| = n nodes and

time video segmentation that is robust enough to be used ﬂr?l = m edges. LeE.a andE.b denote the two nodes debn-

camera-driven user interfaces and robotics applications. Ing the edge gxtrem|t|e§E = (E.a E.b). To _each nodg
V of V (debning a region), we further associate a unique

ID denoted byRegID(V), and a mean feature vectbfV)
1. INTRODUCTION (say, mean color channels for pictures or mean area/normal
o i for triangle mesh, etc), and its region siz@/). We further
Segmentation is the fundamental task of grouping raw datﬁ/eight each edg€ E using a weighting functiom().
into a small number of perceptual units: the so-caed- | ot E = {E E|w(E) r} denote the set of edges with
ments AIthough_image segmentati.o.n has bgen studied frqrﬂleights less than or equal to Our graph region growing
the very beginning of computer vision [1] in the 1970s, it g5orithm is a generalization of the color image segmentation
is stlll'nowadays an pnsolved and yet hot topic. 'Slnce it)f [5] that brst proceeds by sorting edges in increasing or-
inception, segmentation has been tackled for various typ&ser of their weights, and then inspects iteratively each edge
of data: color images, videos, range images (as known gs - (g 5 E b) to determine whether the two associated re-
depth images), 3D volume data (such as CTs or MRISs), 3Qyions (hooked up by their IDs) should be merged or not. The
meshes, etc. In Section 2, we present a generalization of 4qqrithm is fast because it does not maintain dynamically
statistical color image region merging framework [5] to ar-ine RAG and yet deliver provably good segmentations under

bitary graphs. Graphs are convenient universal structures tQyme statistical model [5] (see Section 3). We summarize the
manipulate, that encode both data and their topologies. Seﬁ?aph region growing process as follows:

tion 3 describes how to design concentration inequalities fOéRAPHSEGMENTATIONBYREGIONGROWING(G: (V,E,w))

the generic graph region merging algorithm, and report ony st in increasing order edges according to their weights
segmentation results for various data types: 2D color images. g & SORT(E, W)

(Section 3.1), 3D meshes(Section 3.2), and gray volume datg. fori 1to|E |

(Section 3.3). Segmenting frame-by-frame video requires a. do

lot of processing power. We present in Section 4 a video-raté. if RegID(E;.a) = RegID( E;.b)

segmentation algorithm that proceeds by pre-segmenting ef- then if PREDICATE(RegID(E; .a), RegID(E;.a))
bciently images in order to build a reduced graph on which?- then Updatef (.) andn(.) accordingly

the generic segmentation is then applied. Finally, Section % MERGERegID(E; .a), RegID(E; .b))
concludes our paper. Merging and updating region IDs is done efpciently us-

ing the disjoint set union-pPnd data structure of Tarjan [7].
Although one call to MRGE can potentially requires loga-

rithmic time to update region IDs, a sophisticated amortized
analysis proves that it merely costs almost constant time [7].
Therefore the graph region growing procedure is quasi-lihear.

2. GRAPH SEGMENTATION BY REGION
GROWING

Region growing is one of the oldeatea-basedmage seg-
mentation algorithm [1]. A region growing process starts by !Linear for all practical cases. Slightly supra-linear in theory [5].
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() |Exo| = 3186900 (d) |Evag| = 4144163

Fig. 1. Intermediate segmentation results of a high-depnition (b)
1920x1080 color toy imageencils  after processing all SFeo st calWeshisenenistonllnene (22005
edges, forr { 0,5,10,148.

The quality of segmentation clearly depends on both the merg-
ing predicate and the edge order. In [5], a predicate based on
statistical aggregation phenoménaas given for color im-

ages and it was further shown that under some particular edge

Toggle Segmentation

order, the resulting segmentation was close to the OoptimalO Tot St

segmentation with high-probalibity. In the next Section, we Pt

show how to build initial graphs, give predicate functions

based on concentration inequalities, and report on segmen- (c)

tation results for 2D images, 3D meshes, and volume data,

respectively. Fig. 2. Segmentation results for 3D meshes: ¢ajv and

(c) hand models 6804and654666triangles, respectively).
(c) is a snapshot of the mesh segmentation software where

3. CONCENTRATION INEQUALITIES AND parametef can be tuned on-the-Ry using the slidebar.

SEGMENTATION RESULTS

3.1. Segmenting Color Images taining pixel(i,j ) ((i ,j ), respectively). Paramet€) (Q =

Let | be a RGB color image of widtiv and heighth. To 32 by default) controls the granularity of segmented regions.
each pixel(i,j ), we associate a nodd; with unique ID Figure 1 depicts the intermediate segmentations as the algo-
RegID(Vij ) = i x w+ j. We consider the 4-connexity rithm proceeds through the sorted sequence of edges. Ob-
model of images.,) so that besides pixels on the border, Serve in this case that 75% edges have weights below 10 and
all interior pixels have exactly four neighbours that depne acthat picture of Fig. 1(c) is very close to the Pnal segmentation
cordingly edges. Edges are weighted according to the maxghown in Fig. 1(d).

mum color channel difference:

W(E =(Vij ,Vi j ) =maxcq rop (e )élc(i JOD. 3.2. Segmenting 3D Meshes

The total number of edges ia = 2wh S w S h. The  Segmenting meshes is an important ingredient of geometry
merging predicate based on concentration inequalities is d@rocessing. Applications of mesh segmentation include pa-
Pned as: rameterization and texture mapping (texture atlas), morph-

= ing, multi-resolution modelling, editing, compression, anima-
o (Nax le(i,j) Stc(ij) b(nij )+ b(ni j ) (1) tion and shape matching. Prior work [6] of mesh segmenta-
. . tion algorithms are either based on region growing, or hierar-
whereh(x) = %%—6;(m|n(256,x) log x + 2log 6wh) [5], and hi I/g el el . fgtl growing drati
nij (nj j ) denote the number of pixels in the region con-c. icalliterative spep_tra clusterings, often requiring qua ratic
MoV time (and thus limiting meshes to a few thousand triangles).
2For example, the sum of independent uniform random variables yields & hus, those methods brst require to simplify and remesh ap-
Gaussian random variable (well-known central limit theorem). More generpropriately original data (introducing some kind of distortion
ally, statistical aggregation phenomena have been recently found for randoglnd somehow presegmenting the raw mesh) to then segment
variables satisfying loose distribution assumptions [4]. . P 9 . 9 . o g_
3Setting the connexity of pixels B doubles the number of edges with- NE€W small-size _mes_hes using matrix decompt_)smon teChm.ql'JeS-
out improving much the segmentation. Our segmentation is fast enough to tackle directly the origi-
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nal mesh input. Our graph segmentation algorithm partitions  (a) Source (b) SeQ2 =32  (c) SegQ =3
3D meshes at rate of a million triangles per second on com-
modity PCs, and hence is suitable for interactive applications.
Consider any triangular mesh withrianglesTy, ..., T;. They

are several waysto debne input graphs depending the rela-
tionships of triange/vertex/edge. We choose to associate for
each triangld anodev G . Then, we debne a(graph) edge
Ey, ifand only if the corresponding trianglds andT, share

a common edge, and set the weigl{Ey | ) as the area differ-
ence of adjacent trianglew(Ey, ) = |area(Ty) S area(T))|.

The merging predicate which exploits the same concentration
inequality as [5] return true if and only if:

(nk logng + n Iogn|)(i

Q Nk

whereV, andn; denote respectively the mean triangle area
and the number of triangles in the region containing ngde

fori { k,l}. Qis ascalar parametecontrolling the coarse-
ness of segmentation (useful for multi-scale segmentation or
oversegmentation settings). Figure 2 reports the segmentation
obtained at interactive rate by adjusting param&er Tri-
angle area statistics are surprisingly good enéuglobtain

nice segmentations, because most meshes are either scanneg
regularly or appropriately isotropically remeshed. That is,
meshes seem to often encode into triangle areas the implicit
surface characteristics. Note that as a preprocessing step,
source meshes can be remeshed to meet that condition.

(Vi S Vi)?

1
+ a), )

N
25

Fig. 3. Result of the segmentation of a grayscale MRI volume
3D images are dense sets of voxels stored into image stackata 56x 256x 34 voxels). Column (a) shows source im-
(slices). Most of the 3D voxel data are acquired in gray in-ages, (b) result of a typical segmentation, and (c) result of an
tensities. We use the 6-connexit@q) of voxels to dePne the oversegmentation. Segmentation took less than one second.
node/edge graph and choose the merging predicate similarly

to Section 3.2. Result of the segmentation is displayed in Fig- s i . ) . .
ure 3 for two different values of multi-scale parameger block is said Ononuniform.O We then consider adjacent pairs

of blocks when building the graph edges. For uniform/uniform
pairs of blocks, we create only two nodes and a single edge
linking the corresponding presegmented regions (squares of
To further improve the running time of the color image seg—SZ pixels). For uniform/nonuniform blocks, we create in-
?redges as before but there is no intra-edge in the uniform

ment.atlon of Se.cyon 3.1to reach video-rate, one may p.rsolock (modeled by a single node). Although this scheme
consider downsizing the source image. However downsiz-

ing images dearades signibcantly the seamentation ualitcan be straightforwardly extended in a hierarchical way, we
A% t rg ; 9 h con igt i dy in thg number fq ; ound it ran better on a single level by choosing blocks of

de € ?jppdogc bCO szs nre fuctt?lo E u ee 0 ? ?2 x 4 = 16 pixels (we usually remov85%of edges. The ta-
nodes and edges by performing a fas ck pre-segmentatiofyy pejow gives some statistics for imagencils  (resized
We split the image into regular blocks of sige s and com- . )

. to 720x 480 of Fig. 1:

pute for each block its color extrema for each channel. If the
max/min difference is below a given threshold for each color
channel, we label the block as OuniformO. Otherwise, theBlock size #uniform/#total #uniform% seg. time (msec)

3.3. Volume Images

4. VIDEO-RATE IMAGE SEGMENTATION

“Namely, three ways (graph node/graph edge): triangle/edge, trian- 24x 24 331600 55% 20
gle/vertex a;1d edge/vertex. ’ 16x 16 9541350 70% 16
5AlthoughQ has the same meaning as in Eq. 1, its value is different. 4% 4 2025121600 93% 147
6We also tried triangle normals but found out that area worked best. 2x 2 8544486400 98% 202
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(@)

(b)

Fig. 4. (a) shows the picture with uniform blocks colored

in black and the result of the segmentation. (b) shows the

segmentation with all edges with weights less than 10 and

20 automatically merged, respectively. Observe that in th€ig. 5. Screen snapshot of our real-time live camcorder video
rightmost picture some pencils disappeared (overmerged widegmentation (Sony HDR-HC1, MPEG-2 transport stream at
the background region). 25 Mbps).

Observe that although there are mare 2 blocks thad x 4 The full segmentation library code is a mere few hundred lines

blocks, it takes more time to label then as uniform/nonuniformof C++ making it ideal for embedded systems. Segmentation

This explains our choice fatx 4 blocks. In practice, we ob- is fast enough for handling 1M triangle meshes at interactive

serve ax 2 to x 4 speed-up factor in segmentation. rate or segmenting VGA live video feeds. We will perform
To further improve speed, we decide to automatically merjee VGA video segmentation of the audience during the pre-

all edges whose weights are below some prescribed threskentation.

old. Doing so, we avoid to computeRBDICATE for pairs of

regions that are anyway likely to merge. Figure 4 displays 6. REFERENCES
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