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ABSTRACT

In this paper, a novel color image segmentation algo-
rithm and a novel approach to large-format image seg-
mentation are presented, both focused on usage for image
segmentation in content-based multimedia applications.
The novel color image segmentation algorithm uses the
Discrete Wavelet Frames decomposition to extract tex-
ture features and performs pixel classification using a
novel initial clustering procedure and applying a novel
variant of the K-Means-with-connectivity-constraint al-
gorithm in the combined intensity and texture feature
gpace. This novel scheme enables the unsupervised op-
eration of the proposed segmentation algorithm. The
novel large-format image segmentation scheme employs
the aforementioned segmentation algorithm and exploits
spatial redundancy to provide an elegant framework for
the fast segmentation of large-format images. As shown
by experimental evaluation, these novel algorithms pro-
vide fast segmentation with high perceptual segmentation
quality.

1 INTRODUCTION

In recent years, the proliferation of digital media has
established the need for the development of tools for the
efficient representation, access and retrieval of visual in-
formation. While several approaches have been proposed
to address these issues, most recent approaches rely on
the analysis of the content of the medium in semantic ob-
jects. Thisis true both for still image manipulation (im-
age indexing [1, 2], region-of-interest coding using the
JPEG2000 standard [3]) and for video coding and index-
ing using the recently introduced MPEG4 and upcoming
MPEG7 standards. The cornerstone of any such content-
based multimedia application is the segmentation algo-
rithm. The present work concentrates on addressing the
issue of effective segmentation of still color images.

Segmentation methods for 2D images may be divided
primarily into region-based and boundary-based methods
[4]. Region-based approachesrely on the homogeneity of
spatially localized features such as intensity and texture,
whereas boundary-based methods use primarily gradient
information to locate object boundaries. In this paper, a
region-based approach is adopted. A novel segmentation
algorithm is presented using a combination of position,
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intensity and textureinformation for theimage pixels. An
overview of the proposed algorithm can be seen in figure
1
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Figure 1: Overview of the proposed segmentation algo-
rithm.

Although this segmentation algorithm is quite fast
when applied to images of relatively small dimensions,
its efficiency degrades quickly as the dimensions of the
image increase. For this reason, a novel framework for
the fast segmentation of large-format images is proposed
(figure 2). The proposed framework effectively addresses
the issues of time efficiency and perceptual segmentation
quality and, as will be seen, can also be combined with
most segmentation algorithms found in the literature.
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Figure 2: Proposed scheme for the fast segmentation of
large-format images.

The paper is organized as follows. The segmentation
algorithm is presented in section 2. In section 3, the
framework for the fast segmentation of large-format im-
ages is developed, and the issues of time efficiency and
perceptual quality are discussed. Section 4 contains an
experimental evaluation of the developed methods and
comparisons, and finally, conclusions are drawn in sec-
tion 5.

2 COLOR IMAGE SEGMENTATION
2.1 Color and Texture Features

The color features used are the three intensity co-
ordinates of the CIE L*a*b* color space. This color
space is more suitable for the proposed algorithm than
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Figure 3: 1-D Discrete Wavelet Frames decomposition of
Ly levels.

the widely used RGB color space because it is approxi-
mately perceptually uniform, i.e. the numerical distance
in this color space is approximately proportional to the
perceived color difference. The color feature vector of
pixel p, I(p) isdefined as

I(p) = [Ir(p), Ia(p), In(p)]"

In order to detect and characterize texture properties
in the neighborhood of each pixel, the Discrete Wavelet
Frames (DWF) decomposition, proposed by [5], is used.
This is a method similar to the Discrete Wavelet Trans
form (DWT), that employs a filter bank based on a low-
pass filter H(z) to decompose each intensity component
of the image to a set of subbands (figure 3) and uses the
standard deviations of all detail componentscalculated in
a neighborhood F' of pixel p to characterize its texture.
The complementary highpass filter G(z) is defined with
respect to the lowpass H (z) asfollows:

G(z) = zH(=z71). Q)

The filters of the filter bank, Hp,(z),Gi(2),i
1,..., Ly are generated by the prototypes H(z), G(z),
according to equations:

Hii(2) = H(z*)Hi(z),

Gip1(2) = G(2*)Hi(2),i =0,...,La— 1

where Hy(z) = 1 is the necessary initial condition and
L, is the number of levels of decomposition. The 2-D
fast iterative scheme presented in [5] is used by our seg-
mentation algorithm. The filter bank employed is based
on the lowpass Haar filter, that was shown to be a suitable
choice.

H(z) = %(1 +270). @

For images of relatively small dimensions, e.g. 150 x
100 pixels, a two-dimensional DWF decomposition of
two levels has been chosen (L, = 2), resulting in an 18-
component texture feature vector,

T(p) = [o1(p),02(p), - .-, 01s(P)]" ®3)

whereas in the experiments where the algorithm of this
section was applied directly to large-format images, four
levels of decomposition were used instead of two, result-
ing in a 36-component texture feature vector.

2.2 Initial Clustering

In order to compute the initial values required by the
KMCC algorithm, the image is broken down to square,
non-overlapping blocks of dimension f x f. In thisway,
areduced image composed of atotal of L blocks, b;,1 =
1,...,L, iscreated. Let the center of block b; be pixel
pl,...- A color feature vector I(b;) and a texture feature
vector T'(b;) are then assigned to each block, as follows:

2

1) = = S IL), T(h) = T(pho), (@

where p!,,,m = 1,..., f? are the pixels belonging to
block b;.

The distance between two blocksis defined as follows:
D(bl17bl2) = ||I(bll)_I(blz)||+||T(bl1)_T(blz)||7 (5)

where [|1(by, ) — I(bi,)I|, [|T'(bi,) — T'(bi,)|| are the Eu-
clidean distances of the intensity and texture feature vec-
tors.

The number of regions of the image is initialy esti-
mated by applying a variant of the maximin algorithm to
this set of blocks. In the employed variant, the intensity
and texture distance Db,,,,,. between thefirst two centers
is calculated and candidate centers are accepted as region
centers until the minimum distance between the candi-
date center and aregion center is lower than v - Db,az,
wherey = 0.4.

In order to obtain an estimate of the spatial centers
of these regions, a simple K-Means algorithm is applied
to the set of blocks, using the information produced by
the maximin algorithm for its initialization. Thisis fol-
lowed by the application of a recursive four-connectivity
component labelling algorithm [6], so that a total of K’
connected regions are identified. Their centers, includ-
ing their spatial centers S(sy,) = [Sz(sk), Sy(sk)]?, k =
1,..., K, are then calculated as the mean values of the
intensity, texture and position features of the pixels be-
longing to the blocks assigned to each region.

2.3 Conditional Filtering

Images may contain parts in which intensity fluctua-
tions are particularly pronounced, even when al pixelsin
these parts of the image belong to a single object (figure
5(a)). In order to facilitate the grouping of all these pixels
in a single region based on their texture similarity, their
intensity differences are reduced by conditionally apply-
ing amoving average filter.

The decision of whether the filter should be applied to
aparticular pixel p or not is made by evaluating the norm
of the texture feature vector T'(p); thefilter is not applied
if that norm is below a threshold T%;,. The output of the
conditional filtering module can thus be expressed as:

1w if ||7(p)|| < T
)= { Ll I HITE)> T O
Tin = max{0.65 - Tpno, 14} ©)

where T),4 1S the maximum value of the norm ||T'(p)||
in the image.



The output of the conditional filtering stage is used as
input by the KMCC agorithm.
2.4 TheK-Meanswith Connectivity Constraint

Algorithm

Clustering based on the K-Means algorithm, originally
proposed by McQueen [7], is awidely used region seg-
mentation method [8, 9, 10] which, however tendsto pro-
duce unconnected regions. This is due to the propensity
of the classical K-Means agorithm to ignore spatial in-
formation about the intensity valuesin an image, sinceit
only takes into account the global intensity or color in-
formation. Furthermore, previous pixel classification al-
gorithms of the K-Means family do not take into account
texture information. In order to aleviate these problems,
we propose the use of a novel variant of the K-Means-
with-connectivity-constraint algorithm. Inthisalgorithm,
texture features are combined with the intensity and po-
sition information to permit efficient handling of textured
objects.

The K-Meanswith connectivity constraint (KMCC) al-
gorithm applied to the pixels of the image consists of the
following steps:

1. Theregion number and theregion centersareinitial-
ized, using the output of the initial clustering proce-
dure described in section 2.2.

2. For every pixel p, the distance between p and al re-
gion centersis calculated. The pixel isthen assigned
to the region for which the distance is minimized. A
generalized distance of apixel p fromaregion sy, is
defined as follows:

D(p,sk) = [|7(p) = J(s1) [+

FIT() = Tst)l|+ A Ip ~ S(s 18
k

where S(sg) =[Sz (sk), Sy(sk)]” isthespatial cen-
ter of region sy,

IJ(p) — J(si)ll = > Jr(s1))?,

re{L,a b}

IT(p) = T(sx)ll = J > (oa(@) = Ty(s0))?,

q=1

lp=Sell= [ > @ )?

q€{z,y}

Thearea Ay, of each regionisdefined as A, = My,
where M}, isthe number of pixels assigned to region
sk, and A isthe average area of all regions.

The regularization parameter A is defined as:
Dbmaw

/2 2
pz,maw + py7maz

The regularization parameter X\ is used to ensure
that a pixel is assigned to aregion primarily due to

A=04-

their similarity in intensity and texture characteris-
tics. Being proportional to the intensity and texture
contrast Db,,,... of theimage, it ensuresthat evenin
low-contrast images, whereintensity and texture dif-
ferences are small, these will not become insignif-
icant compared to spatial distances. The opposite
would result in the formation of regions that would
not correspond to the objects of the image.

. The connectivity of the formed regions is evalu-

ated; those which are not connected are easily bro-
ken down to the minimum number of connected re-
gionsusing arecursive four-connectivity component
labelling algorithm [6].

. Region centers are recalculated. Regions with ar-

eas below asize threshold K M CC;.. are dropped.
In our experiments, the threshold K M CC'y;,. Was
equal to 0.5% of thetotal image area. Thisis lower
than the minimum accepted region size, which in
our experiments was defined as th,.. = 0.75%
of the total image area. The latter is used to en-
sure that no particularly small, meaningless regions
are formed. Here, the dlightly lower threshold
KMCCy;,, isused instead of thg;.., to avoid drop-
ping, in one iteration of the KMCC algorithm, re-
gionsthat are closeto threshold th ;.. and arelikely
to exceed it in future iterations. The number of re-
gions K is aso recaculated, taking into account
only the remaining regions.

. Two regions are merged if they are neighbors and

if their intensity and texture distance is not greater
than an appropriate merging threshold:

D(Skuskz) = ||J(8k1) - J(Skz)||+
+ ||T(Sk1) - T(Skz)H < thmerye

Threshold thy,erge iSimage-specific, defined in our
experiments by

7.5 if Dby < 25
thimerge = 15  if Dbyes > 75 9
10 otherwise

where Db, istheintensity and texture contrast of
the particular image, as defined in section 2.2

. Region number K and region centers are reevalu-

ated.

. If the region number K is equal to the one calcu-

lated in Step 6 of the previousiteration and the dif-
ference between the new centers and thosein Sep 6
of the previousiteration is below the corresponding
threshold for al centers, then stop, else goto Sep 2.
If index “old” characterizes the region number and
region centers calculated in Step 6 of the previousit-
eration, the convergence condition can be expressed
as K = K°?and

17 (s1) = J (s3Il < thi,



1T (s%) = T(sy')| < the,
1S (sk) = S(sg Il < ths,

fork = 1,..., K. Since there is no certainty that
the KMCC algorithm will converge for any given
image, the maximum allowed number of iterations
was chosen to be 20; if thisis exceeded, the method
proceeds as though the KMCC algorithm had con-
verged.

Even though the region centers of particularly small
regions are omitted in Step 4 and the formation of large
regionsis encouraged in Step 2, there is no guarantee that
such small regions will be absent from the segmentation
mask following the convergence of the algorithm. Fur-
thermore, despite the use of the moving averagefilter de-
scribed in section 2.3, regions corresponding to atextured
object may have remained separate, despite their texture
similarity, dueto differencesin their intensity.

To dleviatethelatter problem, aregion merging proce-
dure for regions of significant texture, based on their tex-
ture similarity, is employed, following the convergence of
the KMCC agorithm. Chromatically homogeneous re-
gions are not eligible for merging through this procedure,
since that would lead to the merging of regions corre-
sponding to different non-textured objects. In particular,
neighboring regions sy, s, for which ||T'(sy)|| > 10 and
IT(sq)|] > 10 are merged if their texture difference is
lower than an experimentally determined threshold:

T (s1) — T(sg)|| < 7.5

This is followed by the elimination of any remain-
ing small regions. Since these regions are not wanted,
they are forced to merge with one of their neighbor-
ing regions, based on intensity and texture similarity: a
small region sg,, My, < thsi. iS appended to region
Sky ko =1,..., K, ko # ky, for which the distance

D(sky,5k) = 1 (580) = T (s12) | + 1T (58,) — T (s, )|

is minimum. This procedure is performed for all small
regions of the segmentation mask, until all such small re-
gions are absorbed.

3 FAST LARGE-FORMAT IMAGE SEGMENTATION

The approach presented in the previous section is con-
siderably fast when the agorithm is applied to images
of relatively small dimensions, e.g. 150 x 100 pixels,
but time efficiency degrades quickly astheimage sizein-
creases. In order to provide a more efficient scheme for
the segmentation of large-format images, one could take
advantage of a reasonable assumption already made in
the previous section, namely that regions falling below
asize threshold thg;.. = 0.75% of the total image area
areinsignificant. For large-format images, this threshold
correspondsto a large number of pixels. Thisrevealsthe
potential of applying the segmentation algorithm of the
previous section to reduced versions of the original im-
ages. These would be large enough for even insignificant
objects to be detectible, yet significantly smaller than the
original ones, thus faster to segment.

A necessary condition for al significant objects to be
detectible in the reduced image is that the size threshold
for the reduced image, expressed as the minimum number
of pixels, be much greater than one; thus,

thsize *Ymaz * Tmaz

R2

> 1,

Where 02, Ymae &€ the origina image dimensions, R
is the reduction factor and th,;.. has been defined as
thsize = 0.75%.

The use of a reduced image improves the time ef-
ficiency of the segmentation process, but does so at
the expense of the quality of the segmentation result,
since edges between objects are crudely approximated by
piecewise linear segments, lowering the perceptual qual-
ity of the result. To alleviate this problem, the use of the
Bayes classifier for the minimization of the mean-square
error in the reclassification of pixels belonging to blocks
on edges between regions is proposed. If a block, as-
signed to one region, is neighboring to blocks of T" other
regions, I' # 0, the assignments of all pixels of the origi-
nal image represented by that block must be reevaluated,
since each of them may belong to any one of the possible
I'+1regions. Inthisway, G setsg?,i = 1,...,G of dis-
puted pixels are formed, each associated with a different
setgf,i=1,...,G of possibleregions.

The reclassification of the disputed pixels is then per-
formed using their intensity values only, as follows: Let
wy, be the class of pixels assigned to region sy, not in-
cluding any disputed pixels:

wy={p€si,p¢gl,i=1,...,G}

According to the Bayes classifier for minimum classifi-
cation error [11], adisputed pixel p, p € g7, isassigned
to region sy, if

p(welI(p)) > plwylI(p)), Vsk,sq € gi,k #q, (10)

Using the Bayes Theorem and assuming that among
the pixels of group g¥ the a priory probability of class
wr, plwr), sk € g¢,isequal for al regions sy, € ¢¢, the
classification criterion of equation (10) is simplified to:
pixel p, p € g7, isassigned to region s, if

pU(p)lwk) > p(I(P)|wy), Ysk,sq € 97:k 7 g-

Probability p(I(p)|w) can be calculated as

pI@wr) = [ histi(L(p), (1)

z€{L,a,b}

where histf, x € {L,a,b} are the normalized his-
tograms of region s, excluding any disputed pixels.

As soon as the reclassification is completed, the con-
nectivity of the formed regions is evaluated; this is fol-
lowed by the appending of any small regions, similarly
to what is done following the convergence of the KMCC
algorithm.



Table 1: Average Segmentation Time for 730 x 490 pixel
Images.

Segmentation Scheme

Direct application of the algorithm
of section 2 to 730 x 490 pixel im-
ages

Application of the algorithm of sec- 18.92
tion 2 to reduced images (R = 8)
Application of the framework of 47.55
section 3 (R = 8)

Time (sec)
2494.28

4 EXPERIMENTAL RESULTS

The segmentation al gorithm described in section 2 was
applied to avariety of natural color images of dimensions
150 x 100 and 192 x 128, with very good results. A com-
parison of the proposed algorithm with the Blobworld
algorithm [1] and a simpler variant of the algorithm of
section 2 (figure 4) indicates the effectiveness of our ap-
proach.

The efficiency of the fast large-format image segmen-
tation framework of section 3 was evaluated by compar-
ing its time efficiency and perceptual segmentation qual-
ity with two other segmentation schemes: the direct ap-
plication of the algorithm of section 2 to the large-format
images and the application of the same algorithm to re-
duced images, as in section 3, without the subsequent
application of the quality improvement stage that em-
ploys the Bayes classifier. The average image segmen-
tation times for the aforementioned schemes, achieved
on an 800MHz Intel Pentium Il PC for 100 images of
730 x 490 pixelsfrom the Corel gallery, are presented in
table 1.

The perceptual quality of the three schemes can be
evaluated using the segmentation examples of figure 5.
As can be seen, the perceptual quality of the proposed
large-format image segmentation scheme is higher than
that of the direct approach, due to the superiority of the
Bayes classifier, compared to the euclidian distance clas-
sification used by the KMCC algorithm. The quality
of the reduced image approach (figure 5(c) and (g)) is
clearly lower, dueto the fact that regions are composed of
blocks of pixelsrather than pixels. These findings, along
with the results of table 1, lead to the conclusion that the
proposed large-format image segmentation framework is
particularly efficient.

Another important observation regarding the proposed
methodology is that it requires nothing of the employed
segmentation algorithm, apart from producing a segmen-
tation mask of the same dimensions as its input image.
Thus, the proposed methodology can be used in combi-
nation with avariety of other segmentation algorithmsde-
scribed in the literature as well.

5 CONCLUSIONS

A novel methodology was presented for the segmen-
tation of color images using intensity, position and tex-
ture features to facilitate the formation of regions corre-
sponding to the real objects. Furthermore, anovel frame-
work for the fast segmentation of large-format color im-
ages was presented, to improve the time efficiency of the

segmentation process. The proposed algorithms are ap-
propriate for use as part of a content-based multimedia
application, such as image querying by example, or for
defining regions of interest for content-based coding of
images, in the context of the JPEG2000 standard.
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Figure 4: Image segmentation examples: (a)-(e) Origina images 192 x 128 pixels, (f)-(j) Results produced by the Blob-
world algorithm (using source code downloaded from http://elib.cs.berkel ey.edu/src/blobworld/), (k)-(0) Segmentation
masks, produced by a variant of the algorithm of section 2, that neither uses texture features nor enforces connectivity
congtraints, (p)-(t) Segmentation masks, produced by the algorithm of section 2.
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Figure 5. Segmentation examples: (8)& (€) Original large-format images. (b)& (f) Direct application of the sesgmentation
algorithm of section 2. (c)&(g) Application of the same algorithm on reduced images (reduction factor R = 8). (d)&(h)
Results of the large-format image segmentation framework.



