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Abstract

This paper presents a scalable content-based image indexing and retrieval system based on a new multiscale filter. Image databases often

represent the image objects as high-dimensional feature vectors and access them via the feature vectors and similarity measure. A similarity

measure based on the proposed multiscale filtering technique is defined to reduce the computational complexity of the similarity search in high-

dimensional image database. Moreover, a special attention is paid to solve the problem of feature value correlation by dynamic programming. This

problem arises from changes of images due to database updating or considering spatial layout in constructing feature vectors. The computational

complexity of similarity measure in high-dimensional image database is very huge and the applications of image retrieval are restricted to certain

areas. To demonstrate the effectiveness of the proposed algorithm, we conducted extensive experiments and compared the performance with the

IBM’s query by image content (QBIC) and Jain and Vailaya’s methods. The experimental results demonstrate that the proposed method

outperforms both of the methods in retrieval accuracy and noise immunity. The execution speed of the proposed method is much faster than that of

QBIC method and it can achieve good results in terms of retrieval accuracy compared with Jain’s method and QBIC method.
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1. Introduction

Image databases often represent the image objects as vectors

of d numeric features and access them via the feature vectors

and similarity measure. The feature vector dimensions of

typical vector-based descriptors are quite large. The high

dimensionality of the feature vectors leads to high compu-

tational complexity in distance calculation for similarity

retrieval, and inefficiency in indexing and search. To make

the content-based image retrieval truly scalable to large size

image databases, efficient multidimensional indexing tech-

niques need to be explored.

Several methods have been proposed to overcome these

problems [1]. The techniques can be roughly categorized into

the following classes [2,3]: (1) the dimensionality reduction

(DR) approach, (2) the multidimensional indexing approach,

and (3) the filter-based approach. An indexing algorithm may

be a combination of two or more of the mentioned classes. For

example, one promising approach is to first perform dimension

reduction and then use appropriate multidimensional indexing

techniques.

Even though the dimension of the feature vectors in image

retrieval is normally very high, the embedded dimension is much

lower [4,5]. Principle component analysis (PCA) [4,5] is a good

way to condense most of information in a data set to a few

dimensions. One thing worth pointing out is that blind dimension

reduction is dangerous, since information can be lost if the

reduction is below the embedded dimensions. Recently,

although Smith and Chang [6] developed a post-verification

technique to avoid the problem of blind reduction, the other

limitations of the dimension reduction approach still exist.

Considering that image retrieval system is a dynamic system and

new images are continuously added to the image collection, the

computation of dimension reduction is expensive [7].

The existing popular multidimensional indexing techniques

include the bucketing algorithm, k–d tree, priority k–d tree,

quad-tree, K–D–B tree, hB-tree, R-tree and its variants RC-tree

and R*-tree. In addition to the above approaches, clustering and

neural nets, widely used in pattern recognition, are also

promising indexing techniques. Very good reviews and
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comparisons of various indexing techniques in image retrieval

can be found in [8]. Multidimensional indexing methods treat

d-dimensional feature vectors as points in a d-dimensional

vector space and the similarity measure can be viewed as a

measure of distance within that space. The multidimensional

indexing approach receives a challenge to access image

databases: the performance of existing multidimensional

indexing schemes degrades dramatically as the dimensionality

increases [3,9].

The filter-based approach searches the nearest k neighbors

of a query by filtering the vectors so that only a small portion of

them must be visited. The percentage of vectors visited during

a search depends on the strategy used to design the filter. As an

example, the LPC-file [2] partitions the vector space into

rectangular cells and these cells are used to generate bit-

encoded approximates for each vector. The k-NN queries are

processed by first scanning the entire approximation file and by

filtering the vast majority of vectors from the search based only

on these approximations. The drawbacks of the filter-based

approach are: (1) the design of the approximations is not a

trivial work and the precision of the approximation is not good

while applying to image data of good locality; (2) additional

information should be added to the approximate in order to

enhance the filtering rate when the database is getting larger

and larger.

This paper presents a scalable content-based image indexing

and retrieval system based on a new multiscale filter. The

image objects are represented as high-dimensional feature

vectors and users can access them via the feature vectors and

similarity measure. A similarity measure based on the proposed

multiscale filtering technique is defined to reduce the

computational complexity of the similarity search in high-

dimensional image database. Moreover, a special attention is

paid to solve the problem of feature value correlation by

dynamic programming [10]. Dynamic programming is a well-

known technique to return the optimal alignment between two

feature sequences, where one is from a query image and the

other is from a database image. Considering that an area in the

query image is similar to that of a database image, however,

this area is segmented into two nearby regions in the query

image and segmented into a single region in the database image

due to the fixed parameters used in the segmentation algorithm.

In this case, the two regions in the query image would become

two nodes, which are nearby with each other, in the resulting

feature sequence representing the spatial layout of the query

image. On the other hand, the corresponding region is just one

node in the resulting feature sequence representing the spatial

layout of the database image. The recursive equations to

perform dynamic programming proposed in this work would

properly align both nodes of the query image with that of the

database image. In conclusion, the advantages of the proposed

dynamic programming approach for content-based image

retrieval are twofold: (1) it measures the image similarity in

terms of spatial layout of regions properties; (2) it diminishes

the affectation of inaccuracy of region segmentation due to

lighting, viewpoint, and threshold values used in image

retrieval. The computational complexity of similarity measure

in high-dimensional image database is very huge and the

applicability of image retrieval is limited. To demonstrate the

effectiveness of the proposed algorithm, we conducted

extensive experiments and compared the performance with

the IBM’s query by image content (QBIC) [11] and Jain and

Vailaya’s method [12]. The experimental results demonstrate

that the proposed method outperforms both of the methods in

retrieval accuracy and noise immunity. The execution speed of

the proposed method is much faster than that of QBIC method

and it can achieve good results in terms of retrieval accuracy

compared with Jain’s method and QBIC method.

The remainder of this paper is organized as follows. Section

2 describes the method to compute the similarity between two

images by dynamic programming. Section 3 presents the

design of the proposed multiscale filter. Section 4 presents the

analysis of the proposed image retrieval strategy. Some

experimental tests to illustrate the effectiveness of the proposed

image retrieval method is shown in Section 5. Finally,

conclusions are drawn in Section 6.

2. Similarity measurement by dynamic programming

Consider a database DB consisting of a large number of

images, each of them is represented as a d-dimensional feature

sequence FZ fffi;pig; iZ1;.;dg, where fi and pi are the ith

feature and the corresponding percentage of pixels of the

vector, respectively. Depending on the types of features used in

the system, each fi could be a scale, a vector, or a set of vectors.

For example, if we separate an image I into several regions,

which are represented by their mean colors, then each fi of F

corresponding to a region i of I is a color vector. The Euclidean

distance is commonly used as a dissimilarity measure of two

images.

Let SZ ffsi;pig; iZ1;.;d1g and TZ ffti;qig; iZ1;.;d2g

be two feature vectors. Then the distance between S and T

based on the concept of the QBIC method [11] is computed as
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where ai,j is the similarity coefficient between features si and tj

ai;j Z 1K
disti;j

distmax
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where disti,j is the Euclidean distance between feature values si

and tj and distmax is the maximum distance between any two

feature values. This metric gives the weighted length of the

difference vector between S and T, weighted by ai,j, iZ1,.,d1;

jZ1,.,d2, which accounts for the perceptual distance between

different pairs of features.

The effectiveness of the content-based image retrieval

(CBIR) techniques depends on the correctness and the types of

features used to represent the content of the images. Basically,

there are two kinds of features of an image: visual features and

spatial relationship features. The visual features including

color, shape and texture are unable to precisely capture the

high-level semantics of images. On the contrary, spatial
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