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ABSTRACT where eaclntensity vectoii,, = (un 1, - - -, un k) iSINRE.

We propose a novel multiscale segmentation algorithm basé%n mtensgyb\llect_or can, forfexamplle, pe the vector of red, d
on an extension of stabilized inverse diffusion equations [10]J"€€"N: and blue intensities for a color image, or correspon

The new algorithm is capable of processing vector-valued® & features extracted from a texture image. Each entry of

images defined on arbitrary graphs. We illustrate it througH”m [Ir_ltegsfl_ty vector IS calleﬂmanné{ falli .
segmenting texture mosaics and natural images. 0 define a metric on t_ e spalis® of all intensity vec-
tors, we use the following inner product between two inten-

sity vectorsii,,, andi,:
1. INTRODUCTION.

K
LA
Stabilized inverse diffusion equations (SIDEs) were devel- (U, Un oo = Zu””kwku”*k’ @
oped in [10] for segmentation and restoration of grayscale i k=1 ) ,
images and signals. The solution of such an equation is ¥Nere the weights» = (w,, ..., wx) allow us to assign dif-

family of piecewise-constant coarsenings of the input dataferent relative importance to different channels of an image.

The forward diffusion for such an equation can be viewed asVe denote the corresponding norm|py[,,.
a recursive region merging process To specify the scale-space that we use in this paper, we

Section 2 shows how to adapt SIDEs to the processin eed the following further definitions. We say that a set of

of vector-valued images defined on arbitrary graphs, resul -OdiSR < N is aregionif, fofr I'anIZ two nOdesm’ré <
ing in a region merging segmentation algorithm for such im—R’ ¢ ere exists a sequenrlzedil) 'T]bs c_(znﬂectmga_m "
ages. Possible applications, illustrated in Section 3, includdWo regionsi,, R, are calledneighborsif there exist two

segmentation of vector-valued images consisting of featured®desm € Ei, n € Ry which are neighbors, i.e., such that
vectors extracted from a textured image. m,n} e L. . We letNBR-PAIRS be the set of all pairs of
neighbor regions, and we I&BRS(R;) be the set of all re-
gions that are neighbors of a regi@.
2. SIDES FOR VECTOR-VALUED IMAGES For any partitonS = {Ry,...,R;} of the set\ of
DEFINED ON AN ARBITRARY DOMAIN. nodes, we leUs be the set of all piecewise constant images
We define a vector-valued image on an arbitrary finite\éet }[/ghcljc::]gtree t(rzlc;niflttaeztsﬁ;?/rei?grhorfe:rlsm SE cﬁ.i r\év :g;istﬁ#](rlg_

(r)LrFr)]cl))Igtrz ?OS g/n; fun;tr:??n\;v h;ﬁhoﬁfign;;‘n\gg;rlgsi? it gion R;. Note thatUs is a vector space. To impose a metric
yp ] g ' .~ on this space, we define the following inner product.

is important to define adjacency relationships on the points )
in V, and therefore we assume thitis the set of nodes A . .
of an undirected grapf = (A, £) where the set ofinks (u,v) = ZG(RD (i), fi(V))ws (2)

L consists of unordered pairs of distinct nodes{f, n} is ) = ) .

a link, we say that the nodes andn are neighbors For where(-),, is the inner product for the intensity vectors de-

exampleG could be a finite 2D rectangular grid where each;ined_ in th'_ (ﬁ)’ ar:)clj where(R,»)_ ii ahnonneg%tiv_e wei?ht
node has four neighbors: east, west, north, and south. unction which enables us to weight the contributions of var-

We let V be the total number of nodes and, without loss/©US regions differently. For example(R;) may encode

of generality, denote the nodes by the integerx ..., N, Some information abc_>ut the shgpemf. ) i i
ie., N = {1,2,...,N}. Animageu can be thought of as We consider functional§ defined for images itvs which

anN x K-dimensional vectora = (i, . . ., ix) € RVxK, ~ have the following form:
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on average, with 0.4% standard deviation. The worst result
among the 90 experiments is 3.6% misclassifications.
Experiment 2: Segmentation of Natural Images. Seg-
mentation of natural images is important since it is often
used as the first stage of image analysis algorithms for vari-
ous tasks such as database organization and retrieval, clas-
sification, detection and recognition of objects in images,
compression, etc. Fig. 2 illustrates the performance of our
algorithm on several images from the Berkeley segmenta-
tion dataset [1, 6]. While precise quantitative evaluation of
the performance of our algorithm on such images is beyond
the scope of this paper (indeed, analyzing the performance
of a segmentation algorithm on a natural image is a challeng-
S ing open problem [6, 12]), note that these segmentations are
aft) = —Vé(u)), 3 comparable to the ones produced by recent algorithms such
whereu(t) is the derivative ofi(t) with respect to the scale as[3,7-9,11]. Comparing to the results reported in [11], note
parametet, andV stands for the gradient in the spalde  that our algorithm captures the outline of the small birds in
equipped with the inner product (2). The following proposi- the center of the top left image while the algorithm in [11]
tion shows how to implement this descent equation. does not; in the church image, our algorithm accurately cap-
Proposition 1. The gradient descent procedure (3) can bef[ures the outlines of the two Crosses while the algorithm
equivalently writteh as follows: in [11] does not. Qur segmentations of the Ieoparq and bear
images are very similar to [11]; on the other hand, in the deer
Lo 1 image the algorithm in [11] is able to segment the legs of the
Ty 2 small deer while our algorithm is not
R; ENBRS(R;) .

E'(||jij — fillw), fori=1,...,I.

(a) (b)
Fig. 1: (a) The SIDE energy functiofr, also encountered in the models
of [4,13]. (b) Its derivativeE’.

whereb(R;, R;) is a nonnegative weight function, at-)
is monotonically increasing 0, +o00), with E(0) = 0.

Given an imagex(0) € Us, we generate a scale-space
u(t) by solving the following gradient descent procedure for
t>0:

b(R:, Ry)
g || w
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