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Abstract—In this study, a conceptually simple, yet flexible and extendable strategy to contrast two different color images is introduced.
The proposed approach is based on the multivariate Wald-Wolfowitz test, a nonparametric test that assesses the commonality
between two different sets of multivariate observations. It provides an aggregate gauge of the match between color images, taking into
consideration all the (selected) low-level characteristics, while alleviating correspondence issues. We show that a powerful measure of
similarity between two color images can emerge from the statistical comparison of their representations in a properly formed feature
space. For the sake of simplicity, the RGB-space is selected as the feature space, while we are experimenting with different ways to
represent the images within this space. By altering the feature-extraction implementation, complementary ways to portray the image
content appear. The reported results, from the application on a diverse collection of images, clearly demonstrate the effectiveness of
our method, its superiority over previous methods, and suggest that even further improvements can be achieved along the same line of
research. It is not only the unifying character that makes our strategy appealing, but also the fact that the retrieval performance does
not increase continuously with the amount of details in the image representation. The latter sets an upper limit to the computational
demands and reminds of performance plateaus reached by novel approaches in information retrieval.
Index Terms—Image retrieval, multivariate statistics, sampling, graph-theoretic methods, similarity measures, multivariate
visualization.
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INTRODUCTION

D

URING the last years, large collections of digital libraries
are being created due to the low cost of digital storage
and the rapid growth of computational power. The increasing number of images has opened the need for developing
powerful tools for searching through such image databases.
Automatic retrieval of an image from a whole data set using
representative text-annotation comes from the early 1970s.
However, the limitations of this conventional method forced
the development of image-based retrieval systems such as
IBM’s QBIC project [1], PhotoBook system [2], VisualSEEK
[3], etc. These systems make use of low-level features such as
color, shape, and texture to represent the image content. In
addition, region-based retrieval systems such as NETRA
toolbox [4], Blobworld system [5], ImageMap [6], Schema
project [7], and WALRUS [8], make use of subimage region
extraction and corresponding features to locate relevant
images. Among others, MPEG-7 standard [9] defines a set of
visual descriptors for image content representation designed
to meet the requirements of different application domains.
Currently, query-by-example search engines are becoming
very popular because they provide a convenient way to
formulate the inquiry targets [10]. This can be probably set
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only loosely initially and refined later through relevancefeedback [11] and active learning procedures [12]. For a
comprehensive comparative study of content-based retrieval systems, the interested reader is referred to [13].
Considerable research has been carried out on the basis
of color content [14]. The most popular representation of
color information is global histogram. Statistically, it
denotes the joint probability of intensities of the three-color
channels, thus describing the global color distribution in an
image. In general, the color histogram provides useful clues
for the subsequent expression of similarity between images,
due to its robustness to background complications and
object distortion. Moreover, it is translation, scale, and
rotation invariant, very simple to implement and systems
encountering histograms exhibit a fast retrieval response
that makes real-time implementation easier. A lot of
(dis)similarity measures have been proposed for computing
the distance between histograms from two different images.
These measures can be distinguished into four categories
[15]: heuristic histogram distances, nonparametric test
statistics, information-theory divergences, and ground
distance ones. The innovative work by Swain and Ballard
[16], who proposed a color-indexing algorithm to identify
similar color images using histogram intersection (HI),
remains a golden standard.
The main weakness of extracting color histograms
globally is that it does not take into account the spatial
distribution of color across different areas of the image. A
number of methods have been developed for integrating
color and spatial information for content-based queries [13],
[14]. Since in most applications, complete segmentation
implies a great deal of user interaction during database
Published by the IEEE Computer Society
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acquisition; this approach is not feasible for large image
databases. The standard approach to provide spatial
information is to divide the image into multiple regions
and extract color descriptors from each of them [17].
Corresponding region-based color descriptors are compared in order to assess the similarity between two images.
Gong et al. [18], for example, partitioned the image into nine
equal subimages and represented each subregion by a color
histogram. In addition, Stricker and Dimai [19] developed a
method for splitting each image into five nonoverlapping
spatial regions and employ, afterward, color descriptors for
each region in order to establish matching procedures.
Alternatively, Smith and Chang [20] used color sets to
approximate histograms, which correspond to salient image
regions and are represented by binary vectors to allow a
more rapid search. A totally different approach was
introduced by Pass et. al. [21], who partitioned the
histogram bins by the spatial coherence of pixels, classifying
in this way each pixel of the quantized image based on the
associate color coherence vector (CCV). In this direction,
Huang et. al. [22] proposed new color features called color
correlograms, which include the local color spatial correlation as well as the global distribution of this spatial
correlation. Recently, several other techniques have been
introduced as well in which different color-related features
are used as descriptors, including chromaticity moments
based on cumulated [23] and regular [24] histograms,
reference color table methods [25], color feature hashing
techniques [26], color adjacency graphs [27], and pure
chrominance measurements [28]. The plethora of all these
techniques has been motivated by the fact that depending
on the application at hand and the user’s priorities,
sometimes we want to optimize performance regardless of
speed and/or storage requirements, while some other times
suboptimum performance can be tolerated if there are strict
time and space limitations.
It was the scope of this work to develop a generic
approach to color image retrieval, which could incorporate
inquiries at different levels of information complexity (e.g.,
ranging from the color of individual pixels to the dominant
color-variation within individual image-patches). In order
to avoid the limitations with the recent conventional
methods (histogram binning problems, complicated image
representations, and different techniques for spatial color
distribution matching), we tried to devise and experimentally justify a potential alternative approach that would
represent the color information of each image in a
trustworthy format and employ statistical comparisons
between color distributions. Among the main objectives
was also the achievement of high performance without
resorting to complicated image representations, the compatibility with the conventional notion of a color image as a
collection of RGB-pixels and the foundation on a mathematically sound theoretical framework. Overall, it was
within our intentions to provide a conceptually simple
method with flexible/extendable character (that would not
limit the application of the method within a specific color
space or tight it with a particular prefiltering technique),
while keeping the computational load low.
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In our study, we followed a hybrid, pattern-analytic, and
graph-theoretic approach. The visual content of each color
image is described by means of a vectorial distribution in a
properly defined feature space. The comparison between
two such images incorporates the computation of a
distributional difference and, therefore, shares the invariant
characteristics of the histogram-like methods. In the core of
the proposed method lies a nonparametric test dealing with
the “Multivariate Two-Sample Problem” [29], which has been
adopted here for expressing color image similarity. The
specific test is a multivariate extension of the classical WaldWolfowitz test (WW-test) and compares two different
samples of vectorial observations (i.e., two sets of points in
RP ) by checking whether they form different branches in
the overall minimal-spanning-tree (MST) [29]. The output of
this test can be expressed as the probability that the two
point-samples are coming from the same distribution. Its
great advantage is that no a priori assumption about the
distribution of points in the two samples is a prerequisite.
The bottleneck of our approach is the feature-extraction
step, i.e., how to represent the content of each image in a
properly constructed feature space. Without loss of generality and in order to gain some insights, the feature space was
selected in all cases to coincide with the trichromatic
RGB-space. However, we varied the procedure with which
a vectorial distribution, representative of the image content,
is formed in the RGB-space. In the simplest case, a few
RGB-vectors from randomly selected pixel-locations suffice
for fast, but medium-performance retrieval. For a better
performance, each image is partitioned regularly into blocks
and representative RGB-vectors are computed from these
blocks. Other more complicated variants of the featureextraction step, though straightforward, are left for future
consideration.
The rest of this paper is organized as follows: The graphtheoretic framework of MST and the multivariate WW-test
is provided in Section 2. The feature extraction process is
described in Section 3. Extended results including a short
discussion of the experimental observations are presented
in Section 4. Finally, conclusions are drawn in Section 5,
along with an outline of our future research objectives.

2
2.1

THEORETICAL FRAMEWORK

Graph-Theoretic Description of the Image
Content and MST
Given the establishment of a systematic procedure for
extracting homologous, low-level characteristics from a
color image (e.g., the chrominance of individual pixels) that
are individually represented as vectors in a predetermined
space, we can rely on graph theory to provide a collective
perspective that captures the essence of the visual content of
the image under study. Graph theory, by putting emphasis
on the structural relationships between the extracted
characteristics, provides robust descriptions to noise and
simple transformations like image scaling. Specifically, the
MST-graph appears as an extremely useful condensation of
the bulk of information conveyed within the ensemble of
image characteristics.
Graph theory sketches the MST structure with the
following definitions [30]. A graph is a structure for
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representing pairwise relationships among data. It consists
of a set of points called nodes V ¼ fVi gi¼1:N and a set of links
E ¼ fEij gi6¼j between nodes called edges. The degree di of a
node is the number of edges incident to it. When a weight eij
is assigned to each link, a weighted-graph is formed and, in
the particular case that eij ¼ eji , this graph is called
undirected weighted graph. A tree is a connected graph with
no cycles. A spanning tree T of a (connected) weighted graph
GðV; EÞ is a connected subgraph of GðV; EÞ such that: 1) it
contains every node of GðV; EÞ and 2) it does not contain
any cycle. The MST is a spanning tree containing exactly
(N  1) edges, for which the sum of edge weights is
minimum.
The MST provides a compact description of a point
set. It contains the “nearest-neighbor” information about
each point and the shortest linkage information about
subsets of points [31]. Another advantage of MST is
determinacy, meaning that the results from the application
of a method working with MST-graph do not depend on
random choices or the order in which points are
scrutinized, but are affected solely by the point set
provided as input [30]. In general, the MST structure is
unchanged under transformations like translation, rotation, and nonlinear ones preserving the ordering of edge
lengths. Finally, the MST is relatively insensitive to small
amounts of noise widely and randomly spread over the
field [30].
To conceptualize the previous abstract notions, let us
consider the simplest possible feature-extraction procedure
(postponing a thorough treatment until Section 3) aiming at
mining color information from an image. Suppose that
N pixels are selected at random and the corresponding
triplets of RGB-values constitute the ensemble of low-level
characteristics representing the image at hand. This sample
of pixels is represented (based on the RGB-vectors) as a set
of points in R3 space. The specific points are then used as
the nodes of the original fully-connected graph, while the
interpoint Euclidean distances as the weights of the
corresponding edges. Finally, using a standard algorithm
[31], the MST is delineated from the original graph.
Provided that the number of selected pixels is sufficiently
high, the MST offers a parsimonious description of the color
variation in the image, with the additional advantage of
being inherently insensitive to the pixels location. Given a
second image, the color content of which is to be compared
with the content of the first one, we can proceed with the
selection of pixels (and the construction of MST in RGBspace) as previously and transform the comparison between
color-contents into a comparison between the corresponding MST-graphs. To perform such a comparison, a welldefined statistical test is available in the literature of
multivariate statistics. A short description of this test is
provided in the sequel.

2.2 The Multivariate Wald-Wolfowitz Test (WW-Test)
Given two multidimensional point samples fXi gi¼1:m and
fYi gi¼1:n , the hypothesis Ho to be tested is whether they are
coming from the same multivariate distribution. At first, the
sample identity of each point is not encountered and the
MST of the overall sample is constructed. Then, based on
the sample identities of the points, a test statistic R is
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computed. R is the total number of runs, while a run is
defined as a consecutive sequence of identical sample
identities. Rejection of Ho is for small values of R. The null
distribution of the test statistic is derived, based on
combinatorial analysis [29].
Consider samples of size m and n, respectively, from
distributions Fx and Fy , both defined in RP . Let N ¼ m þ n,
C be the number of edge pairs of MST sharing a common
node, Pand di be the degree of the ith node. Then,
C ¼ 12 N
i¼1 di ðdi  1Þ.
Number the N  1 edges of the MST arbitrarily and
define Zi ; 1  i  N  1, as:

1 if the ith edge links nodes from different samples
Zi ¼
0 otherwise:
P
Then, R ¼ N1
i¼1 Zi þ 1. Under Ho , the mean and variance
of R can be calculated as follows [29]:
2mn
2mn
þ 1; V ar½RjC  ¼
E ½R ¼
N
N ðN  1Þ


2mn  N
CN þ2
þ
½N ðN  1Þ4mn þ 2 :

ðN  2ÞðN  3Þ
N
It has been shown that the quantity:
R  E ½R
W ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
V ar½R
approaches (asymptotically) the standard normal distribution while E½R and Var½R are given in closed form based
on the size of the two samples [29]. This enables the
computation of the significance level (and p-value) for the
acceptance of the hypothesis Ho .
In our case, the above test is utilized as follows: With the
feature extraction step, a representative point-sample is
selected for each of the two color images that are to be
compared. W is then computed and used as a similarity
measure in a way that the more positive its value is, the
more similar the two images are [29]. In the past, a few
other statistical indices have been proposed, as well, as
means of measuring similarity between color distributions.
These distances (for instance, the Kolmogorov-Smirnov
distance (KS), the chi-square test (2 -statistic), etc. [15]),
measure how unlikely it is that one distribution is drawn
from the population represented by the other. Under this
perspective, the WW-test can be directly incorporated in
retrieval processes from large image libraries, with the great
advantage of being, by design, suitable for dealing with
multivariate distributions.

2.3 General Comments
An image-retrieval system (e.g., a query-by-example
scheme) based on the WW-test presents a flexible character.
It is a combined consequence of representing each image by
multiple feature vectors and, subsequently, performing
statistical comparisons between the formed distributions of
feature vectors that are model-free and not limited to
equally sized samples. The quantity W computed between
pairs of images plays the role of a “distributional distance”
and, therefore, inherits interesting invariant-characteristics.
On the other hand, such a retrieval system presents a very
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generic character, since by altering the nature of extracted
feature-vectors, we can represent information of different
kinds and, thus, perform several content-dependent comparisons. Many image analysis techniques could have been
utilized in this step, including local (e.g., salient-point
methods [32]) or regional approaches [33]. Since clustering
and segmentation techniques are time consuming, difficult
to implement, and still an open issue in the field of image
processing, we employed much simpler and generally
applicable procedures for extracting representative vectors.
The only seemingly weak point of the proposed scheme
is that it relies on the formation of MST, which is known to
be a computationally demanding procedure. To provide
some insight about the computational complexity of the
methodology, the MST construction requires computational
time OðN 2 Þ using Prim’s algorithm [31], while the test
statistic can be evaluated in time OðNÞ, where N is the
number of data points in both cases. The employed featureextraction procedures showed that satisfactory performance
could be achieved even when small-sized samples of
representative vectors are used.

3

IMAGE CONTENT REPRESENTATION

3.1 Random Selection of Pixels
Considering all the RGB-vectors that comprise each image
and utilizing them in forming detailed distributions that
will be then compared in pairs with the WW-test, is
apparently a computationally prohibitive strategy to represent the content of each color image. For that reason, the
simplest and most straightforward alternative method of
random sampling [34] is encountered here. With random
sampling, the goal is to choose a representative set of cases
from the full population under consideration. In statistical
terms, uniform random sampling is the basic sampling
technique where we select a group of items (a sample)
from a larger group (a population). Each individual is
chosen entirely by chance and each member of the
population has an equal chance of being included in the
sample [34]. In the case of a color image, via random
sampling a restricted number of pixels are selected. The
corresponding RGB-vectors constitute the set of representative vectors. The procedure is repeated for each image
(including the query) independently, each time a pairwise
similarity computation is performed. Based on these
selected sets, relative matches are pursued. Fig. 1 illustrates
the performance of WW-test for a pair of similar and a pair
of dissimilar RGB-images. For ease in the visualization, only
the Red and Green components were taken into account. In
both panels, different labels have been associated with each
of the two images to be compared. After random selection
of 15 pixels from each image, the corresponding RG-vectors
were used to locate the selected pixels in the RG-plane.
Based on the image they were coming from, the twodimensional points were labeled accordingly. By contrasting the two overall MSTs, it becomes evident that in the case
of similar images (top panel), there are many edges having
differently labeled nodes as endpoints while only a few in
the case of dissimilar images (bottom panel).

Fig. 1. WW-test for a pair of similar images (top) and dissimilar images
(bottom), based on 15 randomly selected pixels from each image (“o”
and “*” labels are indicating pixels from different images). In the top
panel, there are 13 edges denoted by transverse lines, having differently
labeled nodes as endpoints and, therefore, splitting the overall MST into
14 subgraphs, thus R ¼ 14 ðW ¼ 0:7502Þ. On the contrary there are
only three such edges in the bottom panel, thus R ¼ 4 ðW ¼ 4:4891Þ.

Regarding the number of pixels that need to be sampled
from each image, it can be intuitively understood that this is
related to the nature of each image (i.e., how rich is the
image in color information [35]). While in the case of a
relatively uniform image a few pixels might suffice, in the
case, e.g., of a small object on a uniform background many
more RGB-vectors should be drawn so as the small object is
represented by a few of them. To provide a practical answer
to that question we studied the effect of the number of
sampled pixels on the average retrieval performance (see
Section 4). This was motivated by the signal processing
practice, according to which, in order to define the optimum
sampling frequency for an unknown signal, one keeps
increasing the sampling rate till the frequency spectrum
remains unaltered.

3.2

Segmenting the Image into Nonoverlapping
Blocks
The image content representation in the feature space
obtained via random pixel selection is such that it does not
contain any information about the spatial domain, i.e., the
particular color layout on the image plane. To better
understand this, consider that any two RGB-vectors can
correspond to neighboring or distant pixels as well. As a
means of incorporating information about the spatial
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Fig. 2. Representing an image-block by the average vector (AV) and
principal vector (PV) of the included set of RGB-vectors.

distribution of color, we followed the standard tactic to
partition the image into nonoverlapping equal rectangular
blocks [17] and represent the color content within each one
by a properly defined RGB-vector. In this way, an imagecontent representation is developed in the RGB-space in
which the representative vectors can be associated with
regular pixel locations, that is, the locus of the corresponding block. We experimented with two methods for
representing the color-content of each block. The first
method is based on the computation of the average vector
(AV) and it is expected to perform well in the case of
uniform blocks. The second method is based on the
computation of the first principal vector (PV) corresponding
to the distribution of RGB-vectors comprising each image
block. This is achieved by computing first the ½3  3
covariance matrix, estimating afterwards the characteristic
vector urmax associated with the maximum eigenvalue rmax
and, finally, scaling by ðrmax Þ1=2 ). The first PV represents the
scale and variation of dominant color variation and is
therefore expected to perform well in the case of nonuniform blocks. Our experimentation showed that, in general,
these two vectors contain complementary information for
each image block and, therefore, can be used simultaneously. A characteristic example is provided in Fig. 2,
where from the RGB image shown on the right a ½32  39
pixels block has been delineated and the set of all the
1,248 RGB-vectors of the included pixels has been plotted as
a point-diagram in which both the AV and the PV have
been appended.
Fig. 3 illustrates the performance of WW-test for a pair of
similar and a pair of dissimilar RGB-images, when both the
set of average vectors (AVs) and the set of principal vectors
(PVs) corresponding to the depicted blocks are simultaneously utilized as representative vectors. In each panel, the
dot- and star-symbols denote the endpoints of each PV and
AV, respectively, while the color is used to distinguish the
vectors coming from blocks of different images. For the
definition of “optimum” number of blocks, in which each
image has to be split so as the representation of its content is
as accurate as it is actually necessary, the obvious compromise between a detailed description and computational
economy has to be made. Following a procedure similar to
the previous one for the definition of the number of selected

Fig. 3. WW-test for a pair of similar images (top) and dissimilar
images (bottom), based on the average vectors (AVs) and the
principal vectors (PVs) from the depicted nine blocks. In both
panels, the overall MST is comprised from 18 representative vectors
from each image. In the top panel R ¼ 17 ðW ¼ 0:6807Þ, while in
the bottom panel R ¼ 7 ðW ¼ 4:4403Þ.

pixels, we measured the retrieval performance as a function
of the numbers of blocks. Such a curve not only provided an
estimate of the highest performance, but also helped with
the settlement of an upper limit beyond of which the
increase in computational cost is not counterbalanced by the
improvement in retrieval performance.

4

EXPERIMENTAL STUDY

4.1 Data Set
The ensemble of images utilized to produce the experimental results presented in this paper for demonstrating the
introduced methodology is part of the Corel image
collection [36]. The specific data set is a heterogeneous
subset from the Corel gallery [36], including D ¼ 1; 000 still
color images of 24bpp each, given in portable pixel map
format of sizes ½192  128 or ½128  192 pixels. The entire
Corel database contains a wide variety of images, from
animals and plants to views and natural images. The
utilized data set was formed by preassigning the images
into 20 distinct classes (e.g., cars, eagles, flowers, etc.), as
introduced in the Schema Reference System [7]. By
incorporating the coherent opinion of many individuals,
53 perceptually similar images were kept for each category.
Fifty among these images were included in the image
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database (which, in total, contained D ¼ 50  20 ¼ 1; 000
images), while the other remaining three were included in
the data set of query images (Q ¼ 3  20 ¼ 60 images).
The categorization was employed only for evaluating
the performance of the reference system. This classification of the images into 20 perceptually given classes was
incorporated in the name of the images, by including in
the original numbering a prefix denoting the class (e.g.,
eagles135074.ppm, fireworks73072.ppm, etc). This served
as the ground truth (based on high-level semantics) with
which we could compare the behavior of the proposed
retrieval scheme. In the experimental results reported in
this section, the retrieval procedure had been first
evaluated for each of the 60 query images and then the
performance score was averaged across all queries.

4.2 Performance Evaluation
The evaluation of an image retrieval system is usually
accomplished via empirical approaches. Such an approach
typically consists of realizing a set of queries for which the
correct answer has been determined beforehand. The most
widely used performance measures for the efficiency and
accuracy in information retrieval are the two quantities
precisionðP rÞ and recallðReÞ [17], which in our case were
used as follows: For a given query image, let S be the
number of similar images in the database coming from the
same class (S ¼ 50 in our case) and T be the set of total
retrieved results (a user-defined number controlling the size
of the selected list of images returned after a query-byexample, e.g., the top 10 images). If R is the number of
relevant images retrieved (i.e., correct results) among the
T images in the selected list, then precision and recall for
the specific query image are defined as [17]:
# of relevant images retrieved R
¼
# of total retrieved results
T
# of relevent images retrieved
R
Re ¼
¼ :
# of similar images in the database S
Pr ¼

From the definitions stated above, P r will decrease when
Re increases. The two quantities become equal when the
size of the selected list, T , is chosen as the number of similar
images in the database. In what follows, the above indices
were used for comparing our approach, which is based on
the use of W-index as similarity measure, with several other
dissimilarity measures for comparing color histograms [15],
[37]. In all cases, the reported performances are averaged
scores, referring to the same set of query images. Specifically, for the introduced methodology, the results are
coming from both basic variants and different settings of
the involved parameters, which is basically the number of
representative vectors. On the contrary, the only free
parameter for the color histogram is the number of bins
used, which was set to 20 for each RGB-channel. By
experimenting with a wide range of values we noticed no
significant changes in recall performance.
In order to provide a short description of the other
methods employed here for comparison purposes, let
H ¼ fhi g and K ¼ fki g be histograms from a query image
H and a database image K, respectively, each containing
n bins.
Histogram Intersection (HI): It was originally proposed by
Swain and Ballard [16] for color image retrieval in the
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spatial domain and is found to be attractive due to its ability
to handle partial matches [37]. It is shown that, when the
areas of the two histograms are equal, the HI is equivalent
to the L1 distance. The HI-measure is given by:
n
P

minðhi ; ki Þ
dHI ðH; K Þ ¼ 1  i¼1 P
:
n
ki
i¼1

Kullback-Leibler Divergence (KL): It measures how inefficient, on average, it would be to code one histogram using
the other as the code-book [15], [37]:
dKL ðH; K Þ ¼

n
X
i¼1

hi log

hi
:
ki

Jeffrey Divergence (JD): This is a modification of the K-L
Divergence that is symmetric, numerical stable, and
robust with respect to noise and size of histogram bins
[37], given by:

n 
X
hi
ki
;
hi log
þ ki log
dJD ðH; K Þ ¼
mi
mi
i¼1
i
where mi ¼ hi þk
2 .
2 Statistics (2 -test): It is a statistical index that measures
how unlikely it is that one distribution is drawn from the
population represented by the other [15], [37], given by:

d2 ðH; K Þ ¼

n
X
ðhi  mi Þ
:
mi
i¼1

Earth Movers Distance (EMD): It is based on the solution
of the well-known transportation problem [37]. The distance between two distributions is given as the minimum
amount of work needed in order to transform one
distribution into the other, where the total cost is the sum
of the costs needed to move the individual features:
P
i;j fij dij
;
dEMD ðH; K Þ ¼ P
i;j fij
where dij denotes the dissimilarity between bins i and j and
fij  0 is the optimal flow
P between the two distributions
such that the total cost i;j fij dij is minimized, subject to
some constraints [37].

4.3 Pixelwise Random Sampling
Regarding the random selection of pixels as a means of
mining information about the color content of an image, the
performance of our proposal is systematically studied by
varying the number of extracted RGB-vectors N from 10 to
100. Since the set of representative vectors is randomly
selected each time a pairwise similarity computation is
performed, experiments were conducted 10 times and
averaged scores of the precision index are plotted in Fig. 4.
In this way, performance results are more precise, especially when a small number of pixels are encountered for
the WW-based methodology. Fig. 4 includes a plot of this
curve for the T ¼ 10 top retrieved images, along with the
corresponding level of precision for each dissimilarity
measure presented previously.
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Fig. 4. Precision as a function of the number of randomly selected pixels
from each query and database image, for the 10 most similar images
(T ¼ 10). Measurements on the curved line are referring to the WWbased system using the W-index as the similarity measure. The
precisions of the histogram-related dissimilarity measures are depicted
as horizontal lines.

As it can be seen in Fig. 4, the proposed system performs
satisfactorily even for a small number of randomly selected
pixels. Describing the general trend of the depicted curve,
we could say that the increase in the number of extracted
vectors is followed by an increase in the precision. However,
this performance enhancement is concurrent with the
increase in sampling density only at the leftmost part of
the plot. Beyond  60 pixels, the performance improves very
slowly with the number of extracted vectors. This observation is very important for finding the best trade-off between
effectiveness and efficiency when applying our algorithmic
procedure. Considering that in applications where high
speed in retrieval is the basic specification, the gain in
precision cannot counterbalance the computational load of
constructing lengthy MSTs. Such a curve can be suggestive
for the minimum number of selected pixels so as to achieve a
certain level of performance at a tolerable computational
time. To provide some indication regarding effectiveness,
we can mention that the precision of the proposed
algorithmic procedure for approximately N ¼ 30 vectors is
almost equal to the precision of the HI-method, while for
N  60 vectors it outperforms all other measures. To provide
some indication regarding computational efficiency, the
execution time of the proposed procedure was measured
and expressed relatively to the execution time of the HImethod denoted as tHI , which is the fastest computational
approach among the included in the study. Retrieval time
for one query is, on average, ½1:35  tHI  for N ¼ 30 and
½2:02  tHI  for N ¼ 60.

4.4 Blockwise Sampling
Regarding the segmentation of images into nonoverlapping
rectangular blocks and the subsequent computation of
representative vectors as a means of incorporating information about the spatial layout of color, we studied the
performance of our proposal as a function of blocks
number. In our initial approach, the average vector (AV)
was computed within each block and selected as the
representative vector. By studying the blockwise AV
sampling, a curve having similar trend as in Fig. 4 was
obtained (not shown here due to space limitations). The
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Fig. 5. Precision for a representation using AVs and PVs as a function of
the number of blocks in which each query and database image was split,
for the 10 most similar images (T ¼ 10). Measurements on the curved
line are referring to the WW-based system using the W-index as the
similarity measure. The precisions of the histogram-based dissimilarity
measures are depicted as horizontal lines.

same plateau in performance was observed, after approximately partitioning the images into 20 blocks. However, by
increasing the number of blocks, the performance could not
be improved beyond the level that was reached by selecting
random pixels.
This barrier in performance, motivated the search for
alternative representations that could carry more (or
complementary) content-related information. The principal
vector (PV) expresses a theoretically different concept for
vectorial distributions than the average vector (AV) since
the AV and PV relate with the first and second order
statistics, respectively. Moreover, the PV has a straightforward physical interpretation that carries the information of
dominant color variation. Thus, the PV appeared a logical
candidate for representing the content of the blocks and
proved to actually behave differently when incorporated in
a WW-based query engine. Experiments had proven that
images belonging to the same class are retrieved at different
ranking positions when using the representative AVs and
PVs from the delineated blocks separately. This complementary information could be exploited by building an
overall system that employs both the AV and PV
descriptors. As a consequence, more images belonging to
the same class to the query would be retrieved among the
first ranking positions. In addition, the common images
retrieved among the selected list having high similarity
index value, would be enforced and retrieved in higherranking positions. Finally, false alarms (irrelevant images
belonging to a different class than the query image) would
be fairly rejected in the final retrieval choice. By using the
two descriptors independently and performing detailed
analysis for the entire query-set, it was found that among
the different tens of images retrieved by the two corresponding search engines, only a small portion (38 percent)
was in common. This motivated the introduced algorithmic
practice that was followed as described below.
After extracting the AV and PV as a pair of representative vectors from each block, a single WW-based search
engine was built (see Section 3.2). The corresponding
precision curve is provided in Fig. 5 in exactly the same
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format as in Fig. 4, for the top T ¼ 10 retrieved images,
versus the number of blocks that each image was split into.
In addition, the corresponding level of precision for each
dissimilarity measure applied on blocks of the image is also
provided in this plot. In this case, the color-spatial
information of an image has been modeled by splitting it
into a set of equal subimages and representing each
subimage by a distinct color histogram [18]. After proper
integration of all partial dissimilarity measures for the
block-related histograms into an aggregate dissimilarity
measure, we built a search engine and performed the
corresponding precision-index measurements for different
number of blocks. This experimentation showed that the
precision-index started to degrade when the images were
split into more than 20 blocks. The horizontal lines for each
aggregate dissimilarity measure shown in Fig. 5 correspond
to the highest precision-index that was identified. This was
calculated by testing for different pairs of values H&V ,
defining the number of horizontal (H) and vertical (V )
blocks that each image was split into, when varying H and
V from 2 to 5. In this way, the spatial distribution of color is
equally considered in all related experiments, making fair
comparisons between the proposed WW-based similarity
and the predefined histogram-based ones.
From what we can perceive in Fig. 5, once again a
plateau emerges in the precision curve, but in this case, its
upper limit is much higher (compared to Fig. 4). The
increase in retrieval effectiveness is striking; 10-15 percent
with respect to all methods and 7-8 percent with respect to
the previous implementations of WW-based engine. By
measuring the performance in the case that only the PVs
were used as representative vectors from the blocks, we
verified that the relative high performance seen in Fig. 5 is a
result of the combined use of both the AV and the PV of
each block. To provide some indication regarding computational efficiency, the execution time was measured for the
WW-based approach of blockwise AV and PV sampling
and expressed it once again relatively to the execution time
of the HI-method tHI . The time for one query is, on average,
½1:30  tHI  for N ¼ 20 vectors (i.e., after partitioning the
image into 10 nonoverlapping blocks) and ½2:20  tHI  for
N ¼ 60 (i.e., after partitioning the image into 30 nonoverlapping blocks). Bearing in mind that the color-histogram
technique is a very fast computation, and taking into
account the improved performance of our method, the
slight increase in execution time should be considered
insignificant.
In order to demonstrate more vividly the benefit of
efficient information handling from the use of the
similarity measure that is based on the application of
WW-test on AVs and PVs from 30 nonoverlapping image
blocks, we have included in Fig. 6 visualization of the
image database structure provided by the dimensionality
reduction technique of Multidimensional Scaling (MDS)
[37], [38]. This is a standard approach in multivariate
statistics, appearing in many algorithmic variants though.
Given all the M ðM  1Þ=2 pairwise distances between
M objects, a distance preserving mapping of these objects
can be performed in a low-dimensional space (usually, a
plane) and in such a way that the objects are mapped onto
points with interpoint distances which are equal to the
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Fig. 6. MDS-maps of the entire database using color histogram (a) and
WW-test (b), along with the members from three different image
categories denoted using the specific symbols shown at the bottom.

original distances between the corresponding objects. The
advantage of such a low-dimensional point-diagram is that
by visual inspection, the neighboring relationships between objects and, therefore, possible grouping tendencies
in the data are becoming apparent. In our case, we first
estimated the pairwise similarity measures for all the
1,000 images in our database (i.e., 1; 000  ð999=2Þ ¼
499; 500 W-indices in total) and then, by using Kruskal’s
algorithm [38], the 2-dimensional MDS-map was computed, as seen in Fig. 6b. For comparison purposes, we
include in Fig. 6a the corresponding MDS-map from the
color histogram approach. In the MDS-map, the entire
image database is shown as a point-swarm. Of great
interest is the relative structural difference between the
subsets of points belonging to different image classes. To
portray this kind of information, light black dots are used
to represent all the images in the background of Fig. 6 and
three types of symbols to distinct the images from three
image classes (consisting of 50 images each). The specific
classes were chosen for visual representation between the
different approaches, due to their evident perceptual color
dissimilarity. The specific implementation was made using
30 AVs and PVs. A few images from these three selected
classes are given at the bottom of Fig. 6 along with the
associated symbols. The direct comparison between Fig. 6a
and 6b reveals enough evidence that the WW-test provides
a similarity measure that is superior to histogram-related
one when visualization of mutual distances of all database
images is encountered. From what we can observe, the
three different image classes are clearly separated in our
method, forming clusters of high concentration. On the
other hand, using the histogram-approach, the same
groups of images tend to mix together, i.e., the different
classes seem to overlap.

4.5

Comparative Study of the Different Variants of
the Proposed Scheme
To enable a direct comparison, in terms of performance,
of the different variants of the WW-test based search
engine, precision measurements have been included in
Table 1 for different numbers of N of representative
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TABLE 1
Precision Measurements for a Query-System Returning the
T ¼ 10 Most Similar Images Based on Different Ways to
Express Image Content (Random Sampling, AVs & PVs from
Blocks) and Variable Number N of Representative Vectors

vectors. In addition, measurements have been carried out
for the corresponding execution times. Provided that tHI
denotes the execution time of the HI-method, the
execution times of WW-test based methods have been
expressed relative to it and tabulated in Table 2.
In order to provide some insight to the complexity of our
method, a detailed analytic and experimental cost model is
presented in Table 3, listing the proportions of the
individual steps of the algorithm (partitioning, feature
extraction, MST construction, and WW-test), prior to the
overall execution time of the different implementations.
From what we can perceive here, the MST-construction is
proportionally the most time-consuming operation of the
overall system implementation. The ongoing execution time
of the WW-test that derives from the growing number of
vectors extracted from each RGB image (Table 1) is the
outcome of the increase in computational time needed for
the construction of the overall MST-graph (Table 3). Despite
the apparent considerable computational load that our
proposal requires (since, for the execution of WW-test, the
construction of the MST is a prerequisite), the practice
shows that efficiency might be an advantage as well. It is
worth mentioning that MST is also a key part in the entropic
spanning graphs [39], an important methodological approach
in image analysis with many interesting applications. In
their case, the authors suggest the use of dedicated
hardware. Nowadays, the theory of randomized algorithms
[40] provides alternative fast approximations to the MST
construction problem with the incorporation of which the
efficiency of our work can improve significantly.
Fig. 7 provides an illustration of the performance of
different approaches by including a detailed query example. The query image (a sunset) can be seen at the top. Each
of the following three rows is devoted to the results
obtained by using one of three different techniques (colorhistogram method, WW-test applied on 30 randomly
selected vectors, WW-test applied on AVs, and PVs from
30 blocks). The returned images, in each row, are
represented in decreasing order of similarity to the query
image. As we can see, some of the returned images are
different from the query image in the case of histogramapproach (the images ranking from six to nine contain a red
car with green or dark-green background). On the contrary,
WW-test in its random sampling implementation retrieves
correctly eight sunrise-images among the eight first
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TABLE 2
Average Execution Times for a Single Query, Relative
to the Execution Time of HI

returned ones and includes a red car with dark or yellowdark background at the ranks 9 and 10. The best recall result
is provided via the WW-based implementation using both
the AVs and PVs blockwise sampling.
Finally, the performance of the different similarity
measures as methods for accessing image databases was
evaluated following the standard procedure of constructing
the Precision versus Recall diagram. Based on Fig. 8, the
following observation can be made. The WW-test when
acting on randomly selected pixels behaves pretty much the
same as the color-histogram approaches. One needs to bear
in mind that color is a low-level image characteristic,
considered as a sufficient signature of the general “mood”
of the picture and there exactly lies the broad applicability
and relative success of the histogram methods. By randomly selecting a set of RGB-vectors from each database
member and, subsequently, performing pairwise WWbased comparisons, we stay conceptually at the level of
color histogram; since each distribution reflects the relative
frequency with which the RGB-neighborhoods are populated by the vectors of individual pixels, we are still
performing a statistical comparison of two distributions in
RGB-space. Surprisingly, the formed distributions in RGBspace, regarding the retrieval performance of the WW-test,
need not to be acquired in high details (sampling of only a
few pixels provided satisfactory results).
On the other hand, when the WW-test acts on vectors
representing both the color content and the dominant color
variation within each block, it results in a significantly
improved performance. This can be understood by conTABLE 3
Execution Times of the Individual Algorithmic Steps Prior to the
Overall Execution Time of the Different Implementations
(Random Sampling and Blockwise Sampling)
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Fig. 7. Retrieval results for color histogram (first row), WW-test after pixelwise random sampling (second row), and WW-test after blockwise
sampling of average and principal vectors (third row).

sidering that while the average vectors from the blocks
convey information similar in nature (apart from a “lowpass” effect) with the randomly sampled vectors, the
principal vectors provide additional information, which is
the local color variation within the different image regions.
In terms of information, it is exactly this enhanced
representation of the image content that constitutes the
subsequent WW-test so powerful. It is worth mentioning
that the same high performance could not be reached by
random selection (even for 100 times more pixels) and
applying the WW-test on the corresponding RGB-vectors.

5

CONCLUDING REMARKS

AND

DISCUSSION

We have introduced the use of WW-test as a general
strategy for measuring similarity between color images and
demonstrated its effectiveness when used for image
retrieval. Our approach relies on a dual, segregationintegration algorithmic step. First, each image is represented by a set of low-level characteristics extracted in the
form of an ensemble of feature-vectors and then “setdifferences” are computed between pairs of image representations. The great advantage of our approach is that
since it involves a “distributional distance” acting on
samples of image constituents, the emerging similarity
measure possesses desirable invariant characteristics, such
as rotation and translation invariance. Its generic character
stems from the fact that by altering the character of lowlevel image characteristics, we can modify the flavor of
formulated queries. For instance, we could have replaced
the utilized pixelwise color information by a textural
characterization and retrieved images not of similar color
content, but of alike texture. Part of the flexibility of our
proposal is due to the statistical nature of the core
procedure, the WW-test and, specifically, its multivariate
orientation. Not only can different image characteristics, in
principle, be combined naturally in one type of query, but
also different types of queries can evolve independently

and their results can be compared across types. The latter is
a direct consequence of the fact that the measured W-index
relates directly to significance-level and, therefore, can be
used as an absolute measure to rank among the results of
different types of query. For instance, the 10 most similar
images to a given query-image regarding color representation and the 10 most similar ones regarding textural
representation can be immediately ranked from 1-20 using
the corresponding W-indices.
In the included experimental study and without loss of
generality, we restricted ourselves to image content
representations in the RGB-space. Using two simple
feature extraction procedures, we show that our methodology outperforms previously related ones, which are
considered as classical approaches for color image
retrieval. Without the most efficient implementation (since
a greedy algorithm was employed for MST [31]), we
showed that improved performance could be achieved
within a logical execution time.
There are two things from this experimental study that is
worth further consideration. The first is the plateau that is

Fig. 8. Comparison of retrieval performance via the Precision versus
Recall diagram for the different methodologies.
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reached in the precision curves (Figs. 4 and 5) as we
increase the number of representative vectors. This is
important for either defining the maximum performance
at the least computational cost or deciding a reasonable
trade-off. While these curves are associated with a specific
image database, we believe that a similar behavior can be
seen in general. We have to mention that in a (very)
preliminary study, we applied the WW-test for color image
retrieval on an entirely different color data set (Macmillan)
[41], with similar results. Specifically, about the plateau
seen in the case of WW-test, it is very interesting to notice
that a similar behavior has been reported recently in the
work of Bingham and Mannila on random projections for
image and text retrieval, providing a related algorithmic
paradox that can result in significant computational savings
[42]. In this way, by switching from color representation at
pixel-level to color representation at block-level and
adequately incorporating color-variation characteristics, a
significant improvement in performance ( 15 percent) is
realized. This opens the possibility of even higher performance, by experimenting with other higher-order characteristics from image patches.
Finally, we would like to mention the scheduled
extensions of this paper and our related feature research
objectives:
1.

2.

3.

Analytical formulation of ways with which the
application of WW-test can achieve more demanding invariance characteristic, like being suitable as a
cost for partial matching. For instance, scale invariance can be achieved by incorporating the algorithmic trick of multiple resampled versions of the
query image from [43] and exploiting the fact that
W-index can act as an absolute measure of statistical
significance to rank the similarity across different
scales.
Experimentation with other feature spaces (e.g.,
different color spaces) or higher dimensionality
features (long vectors from local image patches).
The use of alternative ways to extract representative
vectors. Of specific interest are neuromorphic signal
processing techniques (e.g., [44]) that identify regions of interests from an image by taking into
consideration the knowledge from psychophysics
about human visual system functionality.
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