Nested Partitions Using Texture Segmentation
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Abstract texture segmentation (for example: [2, 22]). However, these
techniques all deal with multiscale inputs, not with the mul-
A multi-step method of partitioning the pixels of an im- tiscale outputs required for nested partitions. After the mul-
age such that the partitions at one step are wholly nestedtiple scale inputs are obtained, usually through filtering the
inside the partitions of the next step is described, i.e. weinput image with a filter bank, these inputs are segmented
describe an agglomerative, hierarchical segmentation tech- independently. The output partitions at each of the scales
nigue that uses texture information to perform the segmen-are not easily related to each other. Adaptive schemes are
tation. The image is requantized using K-Means cluster- often used for this purpose.
ing. Then, clusters are expanded using region growing and A segmentation approach that provides nested partitions
morphological processing. This provides the most detailed is useful for such applications as object tracking and pattern
level of segmentation. The next coarser segmentation levelsnatching. When tracking a scene whose objects change
are obtained by steadily relaxing the inter-cluster distance with time (such as severe weather signatures on remote
between the clusters that is allowed by the morphological sensing imagery), the coarser partitions remain almost un-
processing. Results are demonstrated on real-world imageschanged, but the more detailed signatures that are embed-
and swathes of Brodatz textures. ded in these coarse partitions change significantly. If the
segmentation scheme can provide nested partitions, then the
coarser partitions can be used for tracking, and detailed par-
1 Introduction titions embedded in them can be advected accordingly. In
pattern matching, it is often easier to identify objects when
|mage Segmentation is the process of partitioning the the object can be identified at different scales (WindOWS em-
pixels of an image into discrete components or partitions. bedded in a building, for example). The scale of the build-
It is possible to devise a multiscale approach where theing can be used to identify all the buildings in an image and
partitions in one scale are nested within the partitions of then, the positions of the windows can be used to identify a
a coarser scale [16]. The watershed segmentation approacRarticular building.
of [24] provides a way to test the saliency of contours and ~ The rest of this paper is organized as follows: Section 2
thus provides a way to do nest the partitions. Watershed segdescribes the technique of obtaining nested partitions using
mentation, however, requires that the measurement space piexture information. Section 3 shows the result of this algo-
ordered so as to arrange the pixels in the order of increasingithm on various real-world scenes and swathes of Brodatz
“elevation”. When segmenting using texture, the measure-textures.
ment space consists of texture vectors and therefore can not
be ordered without reducing its dimensionality. 2 Method
In this paper, we describe a technique of obtaining nested
partitions when using texture to do the segmentation. There A vector of measurements taken in the neighborhood of
have been many techniques proposed to perform multiscalea pixel is associated with that pixel. This vector of measure-



be emphasized that this fixed number of levels (“K” in the
K-means clustering) is not the number of regions in the re-
sulting segmentation. It is the number of levels into which
the image is requantized. The requantization is an iterative
process that makes use of K-Means clustering to partition
the image values into the K bins.

The measurement space (the gray level of the images)
was divided up into K equal intervals and each pixel was
initially assigned to the interval in which its gray level value
lay. A Markov assumption, that a pixel belongs to the same
interval as its neighbors, was imposed. In each iteration,
the best label for each pixel in the image was chosen based
on a cost factor that incorporated two measures. The first
measure is the Euclidean distandg,(k), between the tex-
ture vector at that pixel and the cluster mean of the can-
didatek, given by: d,,,(k) =|| u} — Toy || Wherep} is
the cluster mean of the!” cluster at then*" iteration and
T,, the texture vector at the pixét, y). The second mea-
sure is a contiguity measuré,(k), that measures the num-
ber of neighbors whose labels differed from the candidate
label k. We can formally express the distandég(k) as:

Figure 1. Hierarchical segmentation: Left to
right, top to bottom: (a) A photograph of a
building from the U. Groningen database [31]
(b) Most detailed segmentation, using the
multiscale segmentation algorithm described

in this paper, colored such that each compo- do(k) = Sn (1 — 6(S2 — k) wheres?: is the label
c 1J€ENzy 1] (%]

nent is a different color. (c) A coarser level
of segmentation. (d) A hierarchical tree rep-
resentation of the segmentation results. Re-
gions at the top of the graph (the results of
more detailed segmentation) are contained
within the regions at lower levels in the graph.

of the pixel (i, j) at then!” iteration andN,,, is the set of
8-neighbors of the pixdlr, y). Then the choice of the label
for the pixel(z,y) in the (n+ 1) iteration,S},", is given

by the labelkeS}, , for which the energyE (k). given by
E(k) = M (k) + (1 — N)d.(k) 0<XA<1is
minimum. We used\ = 0.6 for all the images, finding that
any value of\ between 0.2 and 0.8 gave similar results. The
candidates that were considered were the labels at'the

ments serves as a descriptor of texture. Suggested descrigteration of the pixels within the 8-neighborhood (of, ).
tors include hidden Markov models [15], Markov Random At the end of each iteration, the cluster attributes (tQis)
Fields [5], image moments [25], co-occurrence [11] and Were updated based on all the pixels that were labeled as
correlation matrices [7] and filtering methods [17, 9, 32]. belonging to the cluster at that time.
There exists no consensus as to which of these approaches At this point, the image has been requantized, but the
provides the optimal texture vector. Havlicek [12] points quantization has taken the spatial arrangement of pixel val-
out that several approaches ( [19, 10, 23], for example) de-ues into account. A region growing algorithm is employed
veloped as a way to emulate the human visual system. Theo build a set of connected regions, where each region con-
statistical approach, also referred to as the stochastic apsists of 8-connected pixels that belong to the same K-Means
proach, assumes that texture is characterized by the gragluster. If a connected region is too small, then its cluster
value pattern in a neighborhood surrounding the pixel [18]. mean (the mean of the texture vectors at each pixel in the
Local coherence and orientation estimates [28], Gabor fil- region) is compared to the cluster means of the adjoining re-
ters banks [30], statistics of Gabor coefficients [33, 27], am- gions and the small region is merged with the closest mean.
plitude envelopes of band-pass filters [3, 20] and multiple This process is repeated until the regions are such that all
components’ frequency estimates [12, 13] have been usecdtluster means have reliable statistics. In practice, we con-
successfully. In the absence of any strong consensus in theidered a region too small if it had less than 10 contributing
literature over the best texture to use, we used local neigh-textural measurements. Usually, the number of texture mea-
borhood statistics (mean, variance, coefficient of variance)surements is the number of pixels in the region. However, if
for all the images discussed in Section 3. The techniquethere are 4 independent image values for a single pixel (as
described works for any choice of texture vector. in multi-channel satellite imagery), then the threshold of 10
Using the texture vectors associated with every pixel in contributing textural measurements may be met by a region
the image, the images were requantized to a fixed numbeof just 3 pixels.
of levels using K-Means clustering [6, 26, 29, 8]. It should The result of the K-Means segmentation, region growing



Figure 2. (a) Image comprised of Brodatz [4]
textures D112 and D19. The result of seg-
mentation using the method of this paper with
K=16 at various scales. (b) most detailed (c)
second most detailed (d) coarse — this is ac-
tually the most accurate.

cess is repeated until the segmented results are stable. The
result of the segmentation at each stage gives one level of
the hierarchical tree (see Figure 1d).

3 Results

The hierarchical segmentation approach described in this
paper was implemented on a natural scene from the Univer-
sity of Groningen database described in [31]. The results
are shown in Figure 1. The nested partitions are shown
as a dendrogram in Figure 1d. Notice that in the coarser
segmentations, the components in the detailed segmenta-
tion that corresponded to the windows are subsumed into
the building itself, so that the three main regions are those
corresponding to the building, its entry and to the sky.

The aerial photograph of San Francisco [14] has been
segmented and the results shown in Figure 3. Unlike the
study [14] from which this image was taken, we obtained
these results without any a priori assumption of the number
of regions in the image.

An image consisting of a Brodatz swathe was segmented
and the different scale segmentations that result are shown
in Figure 2.

An infrared satellite weather image is segmented using
various texture segmentation techniques. Watershed seg-
mentation, a scalar technique that provides nested partitions
is also used for comparison in Figure 4.

For results on a wider variety of images, including medi-
cal and weather imagery, a quantitative measure of the seg-
mentation accuracy as well as a fuller description of the

and region merge steps is the most detailed segmentation ofechnique, the interested reader is directed to [21].

the image (See Figure 1b and Figure 2b). From this point
onwards, we work exclusively in the domain of the seg-
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Figure 4. Segmenting an infrared satellite
weather image. (a) The infrared image be-
ing segmented. Notice the various storms at
the top of the image. The darker areas in the
bottom correspond to ground. (b) The result
of segmenting the image using the Markov
Random Field (MRF) approach of [1]. There
is no detail — it is effectively a binary segmen-
tation. (c) The result of segmenting the image
using the method of this paper (the most de-
tailed scale). Notice the fine detail within the
clouds. (d) The next higher scale of segmen-
tation using the method of this paper. The
strong storm cells being significantly colder
are retained — the large cloud masses are
merged. (e) Simply separating the image into
contiguous bands of 1Kelvin. Thereis alot of
detail, but no organization. This is what you
get using hierarchical thresholds. (f) Using
the watershed segmentation approach of [24].
Because of the textural nature of the data,
the watershed algorithm has very poor per-
formance.



