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Abstract

Due to increasing demands of managing pictorial
data such as art galleries, medical image archiving,
trademark signs, etc., the development of efficient
image retrieval systems becomes extremely
important. An image retrieval system is a computer
system for browsing, searching and retrieving
images from a huge database of digital images.
Most traditional and ordinary methods of image
retrieval use some method of adding metadata such
as captioning', keywords, or descriptions to the
images so that retrieval can be performed over the
annotation words. Manual image annotation is
time-consuming, laborious and expensive; to
address this, there has been a large amount of
research done on automatic image annotation.
There are two types of image retrieval such as text-
based image retrieval and content-based image
retrieval. Content-based image retrieval (CBIR) -
the application of computer vision to the image
retrieval. CBIR aims at avoiding the use of textual
descriptions and instead retrieves images based on
similarities in their contents (textures, colors,
shapes etc.) to a user-supplied query image or user-
specified image features. Both techniques
individually — have  both  advantages and
disadvantages.

In our work, a vertical search engine is
proposed to improve image retrieval performance
by integrating text and visual features. User
intention gap and semantic gap is bridged by
integrating textual and visual features. Visual
features are reweighted according to their
significance to the query terms. Hence, precision
of content based image retrieval is improved. This
paper proposes a new method of K-mean clustering
in which we calculate initial centroids instead of
random selection, due to which the number of
iterations is reduced and elapsed time is improved.
Key Words: CBIR, vertical search engine, K-means
Clustering algorithm.

1. Introduction

Recent years have seen a rapid increase in the size
of digital image collections. Everyday, both
military and civilian equipment generates giga-

bytes of images. A huge amount of information is
out there. However, we cannot access or make use
of the information unless it is organized so as to
allow efficient browsing, searching, and retrieval.
Image retrieval has been a very active research area
since the 1970s, with the thrust from two major
research communities, database management and
computer vision. These two research communities
study image retrieval from different angles, one
being text-based and the other visual-based. Avery
popular framework of image retrieval then was to
first annotate the images by text and then use text-
based database management systems (DBMS) to
perform image retrieval.

Many advances, such as data modelling,
multidimensional indexing, and query evaluation,
have been made along this research direction.
However, there exist two major difficulties,
especially when the size of image collections is
large (tens or hundreds of thousands). One is the
vast amount of labour required in manual image
annotation. The other difficulty, which is more
essential, results from the rich content in the
images and the subjectivity of human perception.
That is, for the same image content different
people may perceive it differently. The perception
subjectivity and annotation impreciseness may
cause unrecoverable mismatches in later retrieval
processes. In the early 1990s, because of the
emergence of large-scale image collections, the
two difficulties faced by the manual annotation
approach became more and more acute. To
overcome these difficulties, content-based image
retrieval was proposed. That is, instead of being
manually annotated by text-based key words,
images would be indexed by their own visual
content, such as color and texture. Since then,
many techniques in this research direction have
been developed and many image retrieval systems,
both research and commercial, have been built.
The advances in this research direction are mainly
contributed by the computer vision community.

2. RELATED WORKS

2.1 Content-Based Image Retrieval
Recently, many content-based image retrieval
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(CBIR) systems have emerged to satisfy some of
the needs [1], [2] . Although these modern image
databases are queried by image content, the query
image still needs to be formulated into some
internal form for efficient execution.

In general, the purpose of CBIR is to present
an image conceptually, with a set of low-level
visual features such as color, texture, and shape.
These conventional approaches for image retrieval
are based on the computation of the similarity
between the user’s query and images via a query by
example (QBE) system [3]. Despite the power of
the search strategies, it is very difficult to optimize
the retrieval quality of CBIR within only one query
process. The hidden problem is that the extracted
visual features are too diverse to capture the
concept of the user’s query. To solve such
problems, in the QBE system, the users can pick up
some preferred images to refine the image
explorations iteratively. Early image retrieval
systems manually annotate images with metadata,
and use text-based retrieval to search on tags.
However, manual annotation is extremely time
consuming, especially for very large scale image
databases.

Also, it is difficult to describe images

accurately with a controlled set of keywords.
Discrepancies between the query terms and tagging
terms lead to poor retrieval results. They still incur
some common problems, namely redundant
browsing and exploration convergence. To tackle
such issues, Content Based Image Retrieval
systems were developed to use visual features such
as color and texture to index and retrieve images.
The primary challenge in CBIR is the semantic gap
between the high-level image content and the low-
level visual features. CBIR techniques also tend to
be computationally intensive due to the high
dimensionality of visual features.
Feature Extraction: Feature (content)
extraction is the basis of content-based image
retrieval. In a broad sense, features may include
both text-based features (key words, annotations)
and visual features (color, texture, shape, faces).
However, since there already exists rich literature
on text-based feature extraction in the DBMS and
information retrieval research communities, we
will confine ourselves to the techniques of visual
feature extraction.

Within the visual feature scope, the
features can be further classified as general
features and domain specific features. The former
include color, texture, and shape features while the
latter is application-dependent and may include,
for example, human faces and finger prints. The
domain-specific features are better covered in
pattern recognition literature and may involve
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much domain knowledge which we will not have
enough space to cover in this paper.

2.2 Text-Based Image Retrieval

Text-based image retrieval. Current web image
search engines like Google Image Search
(http://images.google. com) and Bing primarily rely
on textual metadata. They take textual queries and
match them with the metadata associated with the
images, such as image file name, URL, and other
surrounding text in the webpage containing the
image. Since the textual information surrounding
an image may not necessarily describe the image
content, and it is difficult to describe visual content
using text, the retrieval performance of the
metadata-based searches can still be poor.

3. Proposed System

We propose a novel method, Integrating Text and
Visual Features to achieve the high precision and
recall of CBIR in coping with the large-scale image
data.

3.1 Basic K-means Clustering Algorithm

According to the basic K-mean clustering
algorithm, clusters are fully dependent on the
selection of the initial clusters centroids [1]. K data
elements are selected as initial centers; then
distances of all data elements are calculated
byEuclidean distan ce formula. Data elements
having less distance to centroids are moved to the
appropriate cluster.The process is continued until
no more changes occur in clusters.
Following are the algorithmic steps for basic
K-mean algorithm.
» Randomly select k data objects from data
set D as initial centers.
> Repeat;
» Calculate the distance between each data
object di (1 <=i<=n) and all k clusters
Cj(1 <= j<=k) and assign data object di to
the nearest cluster.
» For each cluster j (1 <= j<=k), recalculate
the cluster center.
» Until no change in the center of clusters.

3.2 Data Collection

Textual and Visual data is collected for generating
a repository for image search. Data is collected
with text and images. The text based image data is
stored as name of the image, its category and its
full description. For visual features of images, edge
histogram is considered from image texture. They
are four directional edges and a non-directional
edge. Four directional edges include vertical,
horizontal, 45 degree, and 135 degree diagonal
edges. These directional edges are extracted from
the image-blocks. If the image-block contains an
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arbitrary edge without any directionality, then it is
classified as a non-directional edge. Normalized
edge histogram descriptor is collected for image
retrieval process. For textual data, we record the
name, category, full textual description, and so on
for each product. Visual product images are
collected and it tags and annotations are also
extracted. Both textual data description and visual
feature and tag description are utilized for vertical
search.

3.3 Text Processing

Query entered by the user is obtained and pre-
processed to get the important terms from the
query. Pre-processing includes Stopwords Removal
— Stop words, i.e. words thought not to convey any
meaning, are removed from the text. This process
removes all words that are not nouns, verbs or
adjectives. For example, stop words removal
process will remove all the words like: he, all, his,
from, is, an, of, and so on. Stemming - The stem is
the common root-form of the words with the same
meaning appear in various morphological forms
(e.g. player, played, plays from stem play).
Stemming will find the stems of the output terms to
enhance term frequency counting process because
terms like "learners" and "learning” come down
from the same stem "learn". This process will
output all the stems of extracted terms. Similar
words for the terms obtained is identified and used
for image search. The actual term and the similar
terms are combined and retrieve results from
repository. This is the initial result set that is
obtained from text processing.

3.4 Visual processing

From the image collected, We capture the spatial
distribution of edges with five edge strengths
generated from an edge histogram descriptor. The
five edges in the edge histogram descriptor are
horizontal, vertical, 40 degree diagonal, 135 degree
diagonal and non-directional. After the edge
extraction from image-blocks, we count the total
number of edges for each edge type in each sub-
image. Since there are five different edges, we can
define five histogram bins for each sub-image.
Then, since there are 4x4=16 sub-images, we have
total 16x5=80 bins for the edge histogram. These
80 histogram bins are the only standardized
semantics for the MPEG-7 edge histogram
descriptor. However, with the local histogram bins
only, it is not sufficient to represent global features
of the edge distribution.
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Fig 1. Five types of edges

Note that to improve the retrieval performance, we
need global edge distribution as well. In this paper,
we generate the semi-global and global edge
histograms from the local histogram bins. Then, the
global, semi-global, and local histogram bins are
used to evaluate the similarity between images. The
normalized value of these edges are obtained for
visual processing. Based on the normalized value,
the images are further processed for image
comparison and retrieval.

3.5 Weighting Visual Features

Base representation of the term in the visual feature
space is computed. There are N items with term T
in their descriptions, and each item is represented
by a M-dimensional visual feature vector. The
mean vector of the N feature vectors is used as a
base representation of term T in the visual feature
space. Mean vector is computed for the number of
items containing the term. When N is large enough,
mean vector will preserve the common
characteristics in the image features and smooth
over the various sections. In such a manner, the
mean vector is rendered as a good representation of
the keyword. The mean vector will preserve the
common characteristics in the image features and
smooth over the various sections. Two distributions
such as positive and negative distributions are
computed and weight vectors are computed for
comparison.

3.6 Ranking

A ranking is a relationship between a set of items
such that, for any two items, the first is either
'ranked higher than', 'ranked lower than' or ‘ranked
equal to' the second. In mathematics, this is known
as a weak order or total pre-order of objects. It is
not necessarily a total order of objects because two
different objects can have the same ranking. The
rankings themselves are totally ordered. For
example, materials are totally preordered by
hardness, while degrees of hardness are totally
ordered. Based on the terms and weight vector, the
set of images are ranked. The weight vector is
computed for different terms mentioned in the user
query. For each term, value of weight vector is
compared and the term which with high valued
weight vector is ranked first. Based on the ranking,
the images are retrieved and displayed to user.
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Hence we achieve high accurate image retrieval by
combining visual and textual features.

3.7 Integrate Textual and Visual

Features

Our goal is to integrate textual and visual
features in vertical search by learn the visual
representations for textual terms and obtain the
semantic interpretations of visual features. We
present a vertical search engine which uses
integrated model to improve image retrieval

performance.
isual
eatures

K-
mean
cluster

[

Fig 2: Integrate Text and Visual Features by K-
mean

The system is comprised of three major
components: the Crawler, the Pre-Processor, and
the Search and Ul component. Data is collected
with text and images. The text based image data is
stored as name of the image, its category and its
full description.

For wvisual features of images, edge
histogram is considered from image texture. They
are four directional edges and a non-directional
edge. These directional edges are extracted from
the image-blocks. If the image-block contains an
arbitrary edge without any directionality, then it is
classified as a non-directional edge. Normalized
edge histogram descriptor is collected for image
retrieval process. User intention gap and semantic
gap is bridged by integrating textual and visual
features. After visual and text based image data
collection, user query is collected and pre -
processed by applying stop words and stemming to
get important terms from user query.

On getting the terms, text-based image
retrieval is done by comparing the terms and the
descriptions of images. Visual features are
reweighted according to their significance to the
query terms and the retrieved images using text
based retrieval. Based on the visual features, the
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images are ranked and displayed to user. Hence,
precision and recall of content based image
retrieval is improved by integrating text and visual
features of images. Weighting scheme infers user
intention from query terms, and enhances the visual
features that are significant toward such intention.

Semantics of Local Edge Histogram: After the edge
extraction from image-blocks, we count the total
number of edges for each edge type in each sub-
image. Since there are five different edges, we can
define five histogram bins for each sub-image.
Then, since there are 4x4=16 sub-images, we have
total 16x5=80 bins for the edge histogram.
Normalization and Quantization of the Bins: After
generating local edge histograms for all 16 sub-
images, we need to normalize each bin in the
histogram by dividing it with the total number of
image-blocks with an edge in the corresponding
sub-image. Then, each histogram bin has a value
ranging from 0 to 1. To represent the normalized
bin values in binary form, we need to quantize
them. Since the normalized bin values are normally
distributed in a small range (say, from 0 to 0.3), bin
values are non-linearly quantized. The quantization
tables are obtained by adopting the Lloyd-Max
algorithm. Then, assigning 3 bits per bin we have
total 3x80=240 bits to represent the local histogram

Three major components:

1. The Crawler fetches product pages from retailer
websites.

2. A customized parser extracts item descriptions
and generates the term dictionary and inverted
index.

3. Simultaneously, the image processor extracts
visual features from item images.

4. Next, we integrate textual and visual features in
a reweighting scheme, and further construct a
visual thesaurus for each text term.

5. Finally, the Ul component provides query
interface and browsing views of search results.

4. Experimental Data

A text query Q, It first retrieves an initial result set
{1;}. For each li, a reweighted query q; is generated
as (0=0:9, B=0:1). The results are displayed in
columns, with li in the title row. We also use
traditional CBIR as baseline. It skips query expansion,
and uses the original feature vector gi(extracted from
li) as the query, to find visually similar items from the
database.

4.1 Experimental Results and

Comparison

To compare integrating visual & Text with
baseline. First, 100 distinct Q in the form of
“adjective noun” (e.g., night and black) are
randomly selected. Five items from the initial set of
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each Q are randomly selected as seed images to LR ez
generate 500 queries in total. For each query, the Edge Histogram Descripton l
top 10 results from integrating visual & Text and u g (e tespion ‘
M . 1 iml 0.242188 0.1875 0.128... |+
baseline (they could overlap), together with 20 —— | |2 in2 00620313 0304531 0.
- _ 3 im3 00000.00390625 0.1...
randomly selected items from the same category as ' it 0378 00505938 00,
li, are prepared for user evaluation. For each —8l ind 357813 0132813 05
participants have experiences with search engines . 4 ins 00000001562500.
For each query, the participant is provided with Q % it s
and prepared items (permuted), and asked to mark 5 a0 pronsdiial B
items that he/she determines to be relevant with Q. o i 105469 023475 0.1
We reCt_elved _results from 76 Qs and 201 queries. » b L D .
Comparing with baseline. In the table, a true positive u bt B
19 im19 0.117188 0.0703125 0....
(TP) is a retrieved item (CBIR) that is conflr_rn_ed i = T
(marked as relevant) by the evaluator; a false positive 21 in21 0.03125 00546875 0....
A . . . . 2 im22 0.328125 0.0585938 0....
is a retrieved item that is marked as irrelevant. 3 ind3 0.121094 0132813 0.1 |
24 m24 0.132813 0 0.0078125 ... [v

Fig 5- Edge Histogram Description
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Fig 4- Textual Description

Fig 7- Visual Based Image Retrieval

Integration of textual and visual features results in
better search performance. Text-guided weighting
scheme for visual features helps to improve
accuracy. Weighting scheme infers user intention
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from query terms. In contrast to the other compared [5] A.W.M. Smeulders, S. Member, M. Worring,
approaches, our proposed approach can be viewed S. Santini, A. Gupta, and R. Jain, “Content-
as the best solution to precision. Based Image Retrieval at the End of the Early
Years,” IEEE Trans. Pattern Analysis Machine

5. Conclusion II;lg(e:lll|2(:;(;eor1(;:.e,vol. 22, no. 12, pp. 1349-1380,

To deal with the excessive computation for
high dimensional data problem of CBIR and is not [4 J. Cui, F. Wen, and X. Tang, “Intentsearch:
easy to accurately identify problem of TBIR, it Interactive On-Line  Image Search Re-
have presented new approach by integrating Text Ranking,” Proc. 16th ACM Int’l Conf.
and Visual Features. In summary, the main feature Multimedia,2008.
of integrating Text and Visual feature is to . .
improves precision optimize the retrieval ~quality [6] M. Lew, N. Sebe, C. Djeraba, and R. Jain,
of better search performance interactive CBIR. The RCOI’_ltenthBgsed th““'E‘id'a d CIEf(I)Irmatlog
proposed algorithm integrate textual and visual A‘g&e\?rénstaﬁjuﬁiniegia éosqn Lt a gggf;'
feature represented text terms in the visual feature and Applicat.ions vol. 2 no. 1 p‘:) 1_% 2006 N
space, and developed a text-guided weighting o e ' '
scheme for visual features. Such weighting scheme [7] 3. Li and J.Z. Wang, “Real-Time Computerized
infers user intention from query terms, and Annotation of Pictures,” IEEE Trans. Pattern
enhances the visual features that are significant Analysis Machine Intelligence, vol. 30, no. 6,
toward such intention. pp. 985-1002, June 2008.

As a result, traditional problems such as 8] Vailaya, A. Member, M.A.T. Figueiredo, AK.

precision and recall are solved. The effective
results reveal that the proposed approach integrates
Textual and Visual Feature is very effective in
terms of precision and coverage. Moreover, the
new search algorithm integrate Textual and Visual
Feature search can bring out more accurate results
than other well- known approaches.
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