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Abstract: This study presents to construct special networks from images and then apply their topological
properties to image retrieval. Each input color image is divided into three separate gray-level images in the RGB
space. For each gray-level image, we view the 256 gray-levels as nodes and construct the Horizontal Gray-level
Co-occurrence Network (HGCN) and Vertical Gray-level Co-occurrence Network (VGCN) by counting the
number of horizontal and vertical occurrences for each possible gray-level pair. Based on the obtained six
directed weighted networks HGCN R/G/B and VGCN_R/G/B, we extract their topological features including
in-degrees, out-degrees, in-strengths and out-strengths for image retrieval. Simulation results demonstrate the
superiority of our features to some existing features in terms of P-R curve.
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INTRODUCTION

Content-based Image Retrieval (CBIR) 13 any
technology that in principle helps us to organize digital
image archives based on their visual content. Thus, the
research ranging from image similarities to robust image
annotation techmques falls under the field of CBIR.
People from all kinds of fields, such as computer vision,
machine learning, information retrieval, human-computer
interaction, database systems, data mining, information
theory, statistics and psychology are contributing and
becoming part of the CBIR commumty. In the image
retrieval field, the important parameter to evaluate the
user-system interaction level is the complexity of queries
provided by the system. From the users’ perspective,
various querying modalities, such as keywords, free-text,
umages, graphics or their composition can be used to
query a system. These query modalities need different
processing methods or support for user mteraction. Query
processing methods can be classified into text-based,
content-based, composite processing based, mteractive-
simple based, interactive-composite based methods.
Processing text-based queries involves keyword matching
using simple set-theoretic operations and therefore a
response can be generated very fast. However, in huge
systems working with millions of images and keywords,
efficient indexing methods are mdispensable. Composite
querying methods provide the users with more flexibility
for expressing themselves. Interaction-based querying

paradigms statistically model the user’s mterest or help
the user refine his queries by providing cues and hints.
This study focuses on content-based methods. CBIR
methods generally index an image based on its actual
contents such as color (Konstantinidis et al, 2003),
texture (Hejazi and Ho, 2007) and shape (Zhang and Lu,
2002), rather than the metadata such as keywords, tags
and descriptions associated with it (Huang and Tee, 2003;
Zhang et af., 2008, Shantln and Nadarajan, 2009).
Recently, several image coding schemes such as
Vector Quantization (VQ) (Lv and Lu, 2011a, b) and
Block Truncation Coding (BTC) (Li et al.,, 2011) have
been applied to image retrieval for the compressed code
of an image is essentially its compact description. VQ is a
classical quantization technique for signal processing that
models probability density functions by the distribution
of prototype vectors. It was originally applied for data
compression. Tts main idea is to divide a large set of
points (vectors) into groups owning approximately the
same number of points closest to them. Each group is
represented by its centroid as in k-means and some other
clustering algorithms. BTC is a type of lossy image
compression technique for grayscale images. It divides
the original image into blocks and then uses a
quantizer to reduce the number of gray levels in each
block while maintaining the same mean and standard
deviation. Reference (Panchanathan and Huang, 1999)
extracted features from the index table of the
spatial-domain V() compressed mmage. Uclhuyama et al.
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(2001) extracted features from the individual VQ codebook
generated from the image. Idris and Panchanathan (1995)
uses the index histogram of VQ-compressed index
sequence to describe the features which are denoted
as VQ Index Histograms (VQIH) m this paper.
Lu and Burkhardt (2003) extracted DCT-domain VQ index
histograms from the image in the YCbCr color space.
Zheng et al. (2006) proposed two new compressed-
domain features for color image retrieval based on the
YChCr color space. They are named Multi-Stage Vector
Quantization Index Histograms and Mean-Removed
Vector Quantization Index Histograms. Qiu (2003)
extracted a block color co-occurrence matrix and a
block pattern histogram from the single bitplane
BTC compressed image in the RGB color space.
Gahroudi and Sarshar (2007) extracted three block
pattern  histograms from  the three-bitplane BTC
compressed image in the RGB color space. Yuetal (2011)
extracted two pattern co-occurrence matrices from the
BTC compressed Y 1image and VQ compressed Cb and Cr
images, respectively.

This study has proposed a new train of thought to
extract image features from networks or graphs that are
constructed from the input image based on a simple
mechamsm. Ow idea comes from the popular complex
network research area. Complex network 1s a young and
booming research area inspired mainly by the empirical
study of computer networks and social networks. Most
social, biological and technological networks display
substantial non-trivial topological features, with patterns
of connection between their elements that are neither
purely regular nor purely random. Two most well-known
and intensively studied types of complex networks are
scale-free networks (Barabasi and Albert, 1999) and
small-world networks (Watts and Strogatz, 1998). The
former type is characterized by power-law degree
distributions and the latter one is in possession of short
path lengths and high clustering coefficients. The study
of complex networks has aftracted researchers from
various areas. Since the topological features can be used
to describe a network, if we can construct a special
network from each image, then we can use its topological
features to describe the image and thus we can adopt this
feature to search sumilar images in the image database.

GRAY-LEVEL CO-OCCURRENCE NETWORK
CONSTRUCTION

The first key step in owr image retrieval system is to
construct six gray-level co-occurrence networks (GCNs)
from each input color image in the RGB space. Before
describing the construction process, we give some
knowledge of graph (or network). A network G 1s
composed of a set of nodes V = {v,, v,, ..., v;} joined by

627

edges E = {e;}, where, e, denotes the edge from node v, to
node v,. In many real-world networks, edges are often
associated with weights W = {w;} that differentiate them
in terms of their strength, intensity or capacity. We call
these networks weighted networks. On the other hand,
many real-life networks are directed networks composed
of directed edges (i.e., arcs). If a network is both weighted
and directed, we call it a directed weighted network. Next
we turn to owr directed weighted network construction
problem.

Without loss of generality, we take the R image for
example to describe the construction process of horizontal
and vertical GCNs. In our network, we take the gray-levels
as the network nodes. Since the R image is a 256 gray-
level image, thus the number of nodes in each GCN is 256
and each node is labeled with a gray-level a€(0,255). Next
problem 1s how to associate these nodes, 1e., which
mechanism is adopted to connect each pair of nodes with
a directed weighted link. Tn this study, for each possible
gray-level pair (a, b), O<a<255, 0<b<255, we scan the
whole R image row by row to count the number of
occurrences of (a, b) as a horizontal neighboring pixel pair
and we denote the obtained number as w,,. If w, >0, we
construct a directed link (called arc) from Node a to Node
b with w,, being its weight. Otherwise, there is no link
between Node a and Node b. Based on the above simple
mechanism, we can obtain the horizontal GCN (HGCN).
Similarly, by scanning the whole R image column by
column to count the number of occurrences of (a, b)as a
vertical neighboring pixel pair, we can obtain the vertical
GCN (VGCN). Figure 1 shows an example of HGCN and
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Fig. 1: Example of HGCN and VGCN constructed from a
small image. (a) A small example image (b) The
corresponding HGCN (¢) The corresponding
VGCN
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VGCN that are constructed from a small image. For
example, since there are two pairs of (11,10) and one pair
of (10,11) m the horizontal direction, thus the incoming
weight to Node “117 from Node “10” 15 1 and the
outgoing weight from Node “117 to Node “107 is 2 in the
HGCN. Similarly, since there are one pair of (249, 250) and
one pair of (250, 249) in the vertical direction, thus the
mncoming welght to Node “249” from Node “2507 15 1 and
the outgoing weight from Node “249” to Node “250” is 1
in the VGCN.

THE PROPOSED SCHEME

The second key step in owr image retrieval system is
to compute the topological features from each GCN. For
undirected unweighted networks, three measures can be
used to characterize their featwres. Degree distribution is
the first important topological feature. The degree of a
node 15 defined as the number of edges incident from it.
Degree distribution P (k) 15 defined as the probability that
a randomly selected node is with degree k. The degree
distribution is very important in studying both real
networks, such as the Internet and social networks and
theoretical networks. The second wmportant feature 1s the
clustering coefficient which is a measure of degree to
which nodes in a graph tend to cluster together. The
global clustering coefficient i1s based on triplets of nodes.
A triplet 15 three nodes that are connected by either two
(open triplet) or three (closed triplet) undirected ties. A
triangle consists of three closed triplets, one centred on
each of the nodes. The global clustering coefficient 1s the
number of closed triplets over the total number of triplets.
The clustering coefficient can be also obtained by
averaging the local clustering coefficients over all the
nodes. The local clustering coefficient C, for Node 1 with
degree k; 1s defined as the number of links L, that actually
exist between its nearest neighbors divided by the number
of links that could possibly exist between them, i.e.,
C, = 2L/Tk, (k-1)]. The third inportant feature is called
Average Path Length (APL) that 15 defined as the average
distance over all possible pairs of nodes in a connected
network.

In fact, GCN 1s a kind of directed weighted complex
network which can be characterized by the distributions
of node degrees, node strengths and local clustering
coefficients. Given a directed weighted graph G on N
nodes, its weight matrix W = {w,} . and its adjacency
matrix A = {a,} .., Where, the entry a; satisfies: If there
exists an arc from the head node i to the tail node j, then
a; = 1; otherwise, a; = 0. The number of head nodes
directly adjacent to Node 1 1s called the in-degree of Node
1, while the number of tail nodes directly adjacent to it 1s
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its out-degree. The in-degree is denoted as k™™ and the
out-degree as k™. Furthermore, the sum of arc weights
inbound to Node 118 called the in-strength of Node 1
and the sum of arc weights outbound from it 1s its
out-strength. The in-strength is denoted as s* and the
out-strength as s, Based on above definitions, we have:

H-1
K =Y a, (1)
j=0

and:

out _
R L

(2

Thus, for each GCN, we can obtam four sequences:

K = ek, K, K = kg ke, kEs) (3
and:
L S W Lo ) 4

Based on these four sequences, we can obtain four
32 dimensional normalized vectors as follows:

E= {Eiun—ﬂ =E§n—>15>"'=ki2n4a—>255}
E = {kgn—'ﬂ =k§“—'>15 ----- k;zg—ﬂss} (5)
E={§. 80 Bas)
E= {goﬂi'?sgaﬂs ----- Eznt.:)l@tazss}
Where:
T n+7
ki = o KB k) (6)
and:
inf{out n+7 ot
T = () (85, )

Here, k.. = 256 and s, equals the image size. Since there
are six GCNs generated from each input color image, we
can obtam 24 normalized vectors and jomn them together
into the final 768 dimensional feature vector of the input
image.

EXPERIMENTAL RESULTS AND DISCUSSION

To demonstrate the effectiveness of the proposed
feature, we compare our feature with the traditional color-
histogram-based (CH) featwre and VQ mndex histogram
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(Tdris and Panchanathan, 1995). We adopt the standard
database 1n the experiment that i1s carried out on a
Pentium IV computer with the 2.80 GHz CPU. This
database consists of 1000 JPEG 1mages of size 384x256 or
256%384 which are categorized into ten categories
including people, beach, building, bus, dinosaur,
elephant, flower, horse, mountain and food, each
containing 100 images. Figure 2 shows 10 typical images
from this database:

No. of relevant images

Precision= -
No. of images returned (8)

_ No. of relevant images
100

Recall

For the traditional CH feature, we extract three 256-bin
color histograms (i.e., the feature vector 1s also 768-
dimensional) from each image m the RGB color space. For
each image, the VQIH feature extraction process for each
color component can be illustrated as follows: (1) Divide
the image into blocks with the same size of each
codeword, typically 4x4. (2) For each block, find its
nearest neighbor codeword in the codebook and assign
the codeword’s index to this block. (3) Calculate the index
histogram from the obtamed codeword index sequence,

with the number of bins being the number of codewords
in the codebook. Here the number of bins is selected to be
256. Because there are three color components, we can in
total get a 768-dimensional feature vector for each image.
To compare the performance more reasonably, we
randomly select 5 images from each class and thus m total
50 images, as the test query images. For each test query
image, we perform the retrieval process based on the
proposed feature, the traditional CH feature and the VQ
index histogram respectively. For each number of returned
images (from 1 to 1000), we average the recall and
precision value over 50 test query images. Here, the
precision and recall are defined as follows.

Figure 3 compares the average P-R curves among the
proposed feature, the conventional CH featiwe and VQ
index histogram (Idris and Panchanathan, 1995). From
Fig. 3, we can see that our feature 15 much better than the
traditional CH feature, because our feature can reflect the
relationships between neighboring pixels. We can also
see that our proposed featuwre can achieve a bit better
performance than the VQIH feature.

To have an intuitive comparison of the retrieval
performance between the proposed featwe and the CH
featire, we also give a query example as shown in Fig. 4,

Fig. 2: Ten typical images from the test database
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Fig. 3: Comparisons of P-R cwves among various features
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Fig. 4 (a-b): Real query examples based on different kinds of features. (a) Retrieval results based on the CH feature
and (b) Retrieval results based on the proposed feature

where the query image is the first image in the returned
results. Figure 4a shows the first 16 retrieved images
based on the CH feature, while Fig. 4b shows the first 16
retrieved images based on the proposed features. We can
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see that, two images in Fig. 4a are not from the same class,
while all images in Fig. 4b are from the same class.
Therefore, we can know that the proposed feature can
better represents the image content.
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CONCLUSIONS

In this sudy, we present a new type of feature for
color image retrieval. This new kind of feature 1s extracted
from two networks (HGCN and VGCN) that are
constructed from each image. The network construction
process 1s very simple by scanming all possible pixel pairs
i horizontal (row by row) and vertical (column by
column) directions in each image respectively. We extract
the in-degree, out-degree, in-strength and out-strength
histograms from HGCN and VGCN as the final feature for
retrieval. This feature can reflect the relationship between
neighboring pixels, such that it can obtain much better
retrieval performance than the traditional color histogram.
Experimental results also show that the proposed feature
1s better than the VQIH feature. Future work will
concentrate on other topological features or spectrum
properties of GCNs to further improve the retrieval
performance.
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