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Abstract

Color and color neighborhood statistics have been used
extensively in image matching and retrieval. However, the
effective incorporation of color layout information remains
achallengingissue. In this paper we present a novel method
for color layout based image matching called Spatial Color
Component Matching (SCCM). First perceptually dominant
colors are extracted from an image and are back-projected
to segment the image into various areas. Then, each dom-
inant color area, depending on its size, is segmented into a
number of spatial units using a multilevel graph partition-
ing algorithm. Each unit is described in terms of its color
and a set of spatial attributes to form a Spatial Color Com-
ponent (SCC). All SCC’s form a list that summarizes the
color layout information in an image. The distance between
two images is then defined by the minimum distance map-
ping between the two corresponding SCC lists. The algo-
rithm has been evaluated using an image database of wall
paper patterns and another database of natural images. It
has been judged by human subjects to be highly effective in
both cases.

1. Introduction

Color feature is one of the most widely used visual fea-
tures in image matching and retrieval. Techniques for color
based image matching can be divided into two categories:
(1) global color distributions and (2) color layout.

The global color distribution features are relatively sim-
ple to calculate and can provide reasonable results in many
applications [17, 12, 5]. However, since such techniques
do not take into consideration any spatial features, it has
limited discriminative power. As a result, much research
has been carried out to incorporate the layout of colors,
which lead to the second category of techniques. One pop-
ular group of techniques within this category can be char-
acterized as augmented or extended histograms. Examples
include color correlogram [6], and augmented color his-
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tograms [2]. These techniques, however, all rely on pixel
level statistics, thus can not capture regional features such
as “a green region to the right of a red region”.

An alternative to the histogram based techniques are the
region based methods. One approach is to divide the whole
image into fixed sub-blocks and extract color features from
each of the sub-blocks [16, 18]. The drawback of fixed par-
titioning based methods is that they do not take into account
the natural segmentation of an image, thus finer features
within a sub-block are lost. Alternative approaches have
been developed which segment images into regions based
on color or texture, then compute both color and spatial at-
tributes for each region [14, 1]. However these methods
were designed to facilitate region or object based queries
in image databases. They are not suitable for comparing
whole images based on color layout. Another class of al-
gorithms make use of models that encode relative relations
among sub-blocks to represent images of various layout
types [9, 15]. These algorithms were designed to classify
images into a set of pre-defined classes, thus can not be eas-
ily adapted to compare arbitrary images.

In this paper we propose a new method for comparing
arbitrary images based on color layout called Spatial Color
Component Matching (SCCM). For each image, first per-
ceptually dominant colors are extracted and back-projection
is used to segment the image into dominant color areas.
Each dominant color area is then spatially divided into a
number of subregions using a graph partitioning algorithm.
The color along with a group of spatial attributes are used to
describe these subregions called spatial color components
(SCC). The distance between any two images is then com-
puted by finding the minimum distance between the corre-
sponding SCC lists.

2. Dominant Color Area Extraction

We first transform a color image from the RG' B space
into the L*a*b color space to take advantage of the percep-
tually more uniform nature of the L*a*b space [19] . The set
of all possible colors are then quantized to a subset defined



by a compact color codebook [10].

In the next step, a statistical method is used to identify
and remove colors of speckle noise. The method is based
on the observation that human beings tend to ignore iso-
lated spots of a different color that are randomly distributed
among a consistent color. Such isolated colors are identified
through the computation of Neighborhood Color Histogram
Matrices [5] and then mapped to the surrounding consistent
color. The colors are then sorted in order of decreasing area
percentage it occupies in the image. A color is removed if
it occupies less then 2% of the image and its ranking in the
sorted list is larger than 3. At this point all remaining colors
are considered dominant colors in the image. A pixel with
non-dominant color is assigned the closest dominant color.

After dominant color extraction, a back-projection pro-
cedure is used to segment the image into dominant color ar-
eas. The procedure simply assigns all pixels with the same
color to the same area. Note that a dominant color area dif-
fers from a conventional image region in that it is not nec-
essary connected. Figure 1 (a) and (b) show an image and
its dominant color areas.

)

Figure 1. (a): An image; (b): Its dominant
color areas; (c): The six SCC’s computed
from the largest dominant color area as ex-
plained in Section 3, shown in pseudo-color.

3. Spatial Color Components

While the set of dominant color areas provide a com-
pact representation of the main color layout characteristics
of an image, they are cumbersome to compare directly. The
reason is that although each area has a uniform color, the
spatial characteristics such as size, location, and spatial dis-
tribution can vary widely within an area, making it difficult
to match different color areas. Our solution to this problem
is to further partition each dominant color area into subre-
gions that are equal-size in terms of area percentage. The
number of subregions assigned to each area is proportional
to the total size of the area. As a result, for each image we
obtain a fixed number of equal-size subregions called spa-
tial color components (SCC). Each SCC is then character-
ize by its color as well as its spatial attributes. The distance
between two images can than be computed efficiently by
matching the two corresponding lists of SCC’s.

Clearly, the crucial step in this approach is the partition-
ing algorithm. Intuitively, the partitioning should be guided

by the layout of the pixels in the area and result in spa-
tially “tight” clusters. More formally, the partitioning needs
to satisfy the following criteria: 1) the subregions are as
close to equal-size as possible; 2) it results in least possi-
ble amount of disconnectedness within a subregion; and 3)
it maximizes cross region distances. This poses a complex
combinatorial optimization problem, which can be formu-
lated as a k-way graph partitioning problem.

The k-way graph partitioning problem is the problem
of partitioning the vertices of a graph into & roughly equal
parts, such that the total weight associated with edges con-
necting vertices in different parts is minimized [8]. Al-
though the problem itself is NP-complete, much research
has been carried out to find approximate solutions that can
be computed efficiently. One of the latest set of algo-
rithms, the METIS package developed by Karypis et al.
[7], achieves a run time linear to the number of edges in
the graph using a novel multilevel recursive partitioning
scheme. METIS also provides support for eliminating spu-
rious non-contiguous subregions, which makes it ideal for
our application. In the following we explain how METIS is
applied to solve our partitioning problem.

Suppose we have a dominant color area which is to be
partitioned into k SCC’s. First a sub-sampling procedure is
performed (when necessary) to bring the number of pixels
in the area to below a predetermined value (e.g., 1000). Let
the resulting number of pixels in the area be n, we create
a weighted graph G{V, £}, where the set of vertices V =
{v1,...,v,} contains one vertex for each pixel in the area
and the set of edges € = {e;;,i =1,...,n;j =i+1,...,n}
contains one edge for every pair of vertices. The weight w;;
assigned to edge e;; is then defined as: w;; = Doz — dijs
where d;; is the Euclidean distance between the pixels rep-
resented by vertices v; and v;, and D45 is the maximum
pixel-wise distance within the area. The subroutine pmetis
from the METIS package is then applied to this weighted
graph and the resulting & partitions form the spatial color
components. The computation time for the whole partition-
ing process is linear to the number of pixels in the area after
sub-sampling.

Figure 1(c) illustrates the six SCC’s extracted from the
largest dominant color area shown in Figure 1(b), in pseudo-
color,

4 Distance Computation

In order to compare two images represented as lists of
SCC’s, we first need to define the distance between two
SCC’s. Clearly, both color and spatial features should be
considered in defining such distance. Since each SCC is
uniform in color, the color feature is simply the color of the
component in L*a*b form. In selecting the spatial features,
the goal is to compose a small set of features that captures



the most important spatial characteristics of a set of pix-
els. We have arrived at four spatial features: the centroid,
which indicates the location of the SCC; the minimum mo-
ment of inertia and its orientation, which together indicate
the mass distribution of the SCC; and the average size of
connected components within the SCC, which is a measure
of the “scatteredness” of the SCC.

Let S, and S, represent two different SCC’s, the fol-
lowing are definitions of the features and the corresponding
distances.

e Color  Cy(Ly,ay,by): color  coordinates
in L*a*b space. Distance:  D.(u,v) =
\/(Lu - Lv)2 + (au - av)2 + (bu - bv)2'

e Centroid Position P, (Z.,,): horizontal and vertical
coordinates for the centroid. Distance: D,(u,v) =

\/(fu - jv)z + (gu - g’u)z-

e Minimum Moment of Inertia M, as defined in [4].
Distance: Dy, (u,v) = | M, — M,]|.

e Orientation of minimum moment of inertia A,,
as defined in [4]. Distance:  Dg,(u,v) =
min{|Ay, — Ay|,m — |Ay — Ay|}.

o Average region size S,: average size of connected
components within the SCC. Distance: D, (u,v) =
[ Sy — Syl

In order to combine the above distances, each distance
is first normalized by its mean computed over a large set of
images. Denote the normalized distance with D, the overall
distance between two spatial color components S,, and S,
is defined as:

D)= Y waDa(u,v)

a€{e,p,m,a,s}

where « is the suffix indicating the feature type and w,, is
the weight assigned to the corresponding feature. Currently
the weights are determined empirically and are assigned the
following values: w. = 0.8;wp = 0.1;wp, = 0.02;w, =
0.04; ws = 0.04. Not surprisingly, w, is by far the largest
weight, reinforcing the observation from previous subjec-
tive experiments indicating that color is the most important
factor in judging image similarity [11].

Given the distance between two SCC’s described above,
the distance between two images is then defined as follow-
ing. First a fixed number, N, SCC’s are computed for each
image. Then the optimal mapping between the SCC lists
is obtained. The optimal mapping between two SCC lists
of equal length is defined as the one-to-one mapping that
minimizes the total pair-wise distance. It can be computed
efficiently using a publicly available implementation [13] of
Gabow’s weighted graph matching algorithm with O(N?)

complexity[3]. The sum of distances defined by this opti-
mal mapping is then taken as the distance between the two
images.

5. Experimental Results

We tested our algorithm on two databases and compared
it to the widely used color correlogram method [6]. One
of our databases contains 884 stock photo images of size
192 x 128 from the Corel Photo Collection, the other con-
tains 336 images of scanned wall paper samples of size
200 x 153. The Corel database contains images from 12 dif-
ferent categories (airshow, bald eagle, cheetah, desert, ele-
phant, field, firework, mountain, polar bear, sailboat, sun-
rise, and tiger), each containing different number of im-
ages. In order to avoid bias towards any particular category,
24 images were randomly selected from each category to
be query images, resulting in a total of 288 query images.
The wall paper database is not divided into specific cate-
gories thus all 336 of its images are used as query images.
For each query image, similar images were retrieved from
within the database using both color correlogram and the
proposed SCCM method and the top matching images were
saved. A 99 color codebook for the L*a*b space [10] was
used in both methods. For the SCCM method, 20 SCC’s
were computed for each image.

A web based graphical user interface has been con-
structed to compare the results from the two algorithms
through subjective experiments. In each experiment, a
query image is randomly selected from all pre-computed
query images, then the retrieval results using two different
algorithms are presented on the screen in two separate hori-
zontal lists, each ordered by decreasing similarity. The user
is asked to select the list that better matches his/her own
judgment of similarity. A “NONE” option can be chosen
when the user feels that there is no clear winner between the
two. This process is repeated until the user has made 5 valid
(i.e., other than “NONE”) choices within each database. In
the interface each list is only labeled as “List 1” or “List 2”
and the order of the two algorithms is randomized for each
query image so that no bias is given to either one.

This GUI was used to compare the proposed SCCM
method to the color correlogram method [6]. A total of 12
independent subjects (6 man, 6 women) participated in the
experiments. All but one of the subjects favored SCCM
more in the 10 choices made, the remaining one subject had
a 5-5 split between the two algorithms. Overall, out of the
12 x 10 = 120 valid choices made, SCCM was perceived
to be better in 74% of the cases, which clearly demonstrates
the effectiveness of the SCCM method.

Figure 2 shows a query example from the Corel database.
The top list shows the retrieved images using SCCM, the
bottom list shows the retrieved images using the color cor-



relogram method. Within each list the left most image is the
guery image and the top 5 matching images are displayed in
order of decreasing similarity to the query image from left
to right. Figure 3 shows a query example from the wall pa-
per database, in the same format.

(b)

Figure 2. Retrieval results for a query image
from the Corel database. (a):
Color correlogram.

SCCM; (b):

i
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Figure 3. Retrieval results for a query image
from the wall paper database. (a): SCCM; (b):
Color correlogram.

6. Summary

We presented a new method for comparing pairs of im-
ages based on color layout, called Spatial Color Compo-
nent Matching (SCCM). An image-based spatial partition-
ing scheme is used to represent an image as a list of spatial
color components (SCC). The distance between two images
is computed by first finding the minimum-distance mapping
between the corresponding SCC lists and then summing up
the the distances between the resulting SCC pairs. Sub-
jective experiments using both artificial and natural images
demonstrated the effectiveness of this approach. Future
work will be directed towards developing indexing schemes
based on this new distance metric, and investigating other
possible spatial descriptors such as texture measures.
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