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ABSTRACT

A content-based image retrieval algorithm is prepbafter researching feature extraction of imagtute,
shape feature extraction and relevance feedbaadrithin. Fourier transform is used in the feature
extraction of the texture. Boundary moments to ctetee image boundaries is used in the featuraetidn

of the shape, similarity measuring function is usedmage similarity match. And the introduction of
relevance feedback algorithm in order to allow sigerinteract with the query system for image el
system to increase the adaptability features.
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1. INTRODUCTION spatial location relations, image feature extractio

should be accurate and fast extracted featurebean

Content-based image retrieval (CBIR) itselan effective characterization of the image or the
contains different levels of structure and semantitistinction between image capabilities.

information retrieval. Studied at this stage is how Color feature is one of the basic characteristics
use color, texture, shape and spatial location o

low-level visual features and combination of, the image, cglor fea}ture IS thg most widely used
|8ual features in the image retrieval, color featu

features to be retrieved. From content-based ima . . . .
traction is also relatively easy to achieve, by

retrieval technology and image processing, ima X : )
recognition, database and other related fields %?Iculgtlng the number of pixels Of. each colorfia t
establishment of the color histogram. Color

knowledge. Its research results can contributéiéo thistogram reflects the statistical characteristiés

development of other areas, such as featu[re. T
he image color distribution are a common means of

representation, feature extraction, similarit : : )
B image color. A histogram is a function of the
measurement problems are digital image processin . . : .
mber of pixels in each gray level image is

basic questions. However, content-based imai
retrieval system described in the image featur |,splayed.

feature extraction and similarity measurement On the basis of Fourier transform extracts the
technology has yet to be mature; there is still Imuavedge ring features as the texture feature vector.
research space.

2. DESIGN CONTENT-BASED IMAGE

Two-dimensional Fourier transform of the image:

RETRIEVAL ALGORITHMS Fuv) =%Zf .y )expl- | 27(ux-+ ) N]
2.1. The Image Preprocessing uv=0L.,N-1

'I_'he purpose of_|magg pre-processing 1S 1o According to the separation characteristics of
facilitate the calculation of image feature exti@ct : ? ; i
two-dimensional Fourier transform:

and similarity measure in order to improve the
efflc_lenc_y of image ret_neval. The preprocessing F(uyv):yi’lexp[—jzmx]viﬂf(X‘y)exp[—jzmy]
original image set a series of processing to preduc N = N = N
an image process to describe the characteristics o
libraries, including: scale unification, format
conversion, grayscale processing.
2.2. Image Feature Extraction

Feature extraction is a library to generate the cor ) ) 1

. . . .. = 2

responsible for extracting image characteristics of |7 UWI=IRTWY)+17(uv)]
visual features including color, shape, texture,

}(According to the above forms of separation, the
use of one-dimensional Fourier transform by two to
two-dimensional Fourier transform spectrum
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The spectrum is an important feature of the By a description of the boundary feature to get
image, and reflects the image gray levehe image of the shape parameter, the boundary of
distribution, if the image is in the target shape dhe image generally refers to around the image
arrangement of showing some kind of directionafjray-scale intensity contrast changes in the set of
then the higher value of the spectrum shows tipixels. Boundary moments detects the image
directional distribution orthogonal to the directio boundaries, set for the regional center of gravity
of image target. Based on Fourier transform, ektrac_ 7,
the wedge ring features as the feature vectors. (X, Y, the boundary points of the set of points on

A) Circular sampling the {X(i)’ y(i)\i =12...N } center of gravity to the

Ring sample is given texture roughness arpaoundary of Euclidean distance:

periodicity.
2() =[(x() =) + (Y0 = ) 1%, = 12..,N yom
ent is a widely used model characteristics, the pth
V) cartesian coordinate system converted to 1 1 p
m, = WZ [z()]
i=1

PUV)=|FU,V)[uv=0L..N-1

(r.¢) in polar coordinates to obtditi-#) moment is defined as
Fixed I ¢ sum, we get: p-order central moments is defined as
13 :
L M, =—) [z(i)—-m,]°"
F’l(r)=iZ:1:P(r,¢i), N ,Z‘i[ ® i
F=r,r,...r, The corresponding normalized moments defined
R(r) : , - as
1\") is the ring characteristics. For the, L
¢summing line forms a ring. Saifi(") reveal —_ . m, N 220
different frequency components of the energy g M )g [ii[Z(i)-mlzlg
distribution of the information in the coarse teetu ’ N = !
1y ;
of the case, ifl is small, a largB(") thel is " N 2 [z - mi]
large, R(r) smaller scale; and in the case of M = o B [%ZN:[z(i)—ml]z]g
texture smallerl changeﬁ(r), the impact is not  Higher order moments are very sensitive to noise,
great. thus reducing the affordability of the results of

classification noise. Therefore, in practical

2) wedge-shaped sample licati f he following | d
Wedge-shaped sample is given the directidiP Ications often use the following lower order
moments.

information
18 3
-\ 3 L2z -m])e
P.(#) -;P(ﬁ#’), b=0.0,....0, F = (MmZ) __N .
! Wzﬂ z(i)
That R (#) is a wedge-shaped feature. LZ“: [2(i) - m,]?
Different ? is the summation of/ line of the F, = Mag = lN o T
wedge-shaped. (M,)? [W; [2(i) - m,]%]2
1y .
Analysis of the histogram of tt%(m, when f LM, N [z = m]

there are a lot of the line, the edge of a texture (M) [%Z[Z(i)—mllzlz

. O irang .
image along the®™ direction, in the frequency The edge of the shape of the different types of
7
it F,
domain along theg + 2and 6 at right angles . .
to the direction of energy concentrated. If th&/Pe of object, is the performance of very

texture does not show the direction, the powefifferent, so M2 is not a good shape description, in
spectrum is not showing directionality.

and Fs is no obvious changeing in the same
I:2
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order to overcome these shortcomings, Liang, (7) The system based on user feedback adjusts

, F, the weights to make the adjustment after weight
Sheng, redefines thé:z and with the query image Q is closer to the needs of
F =F users.
) [ii[z(i) _mﬂg (8) And return to step (1), re-start a new search.
. (ML)3 . . .
F, - M) N "11 N Since computer vision on the color
m NZZ(i) characteristics of similarity is defined and peopie
L = 1 color perception exists a certain gap and hightleve
™ )i [NZ[z(i) -m]*]4 semantic concepts with low-level features of the ga
Fy=—*—= "11 N between the image content-based retrieval results
m NZZ(i) are not always ideal, in order to embed the user
=1

Using Euclidean distance as a similarity measu
between the image feature vector, similarit
matching.

e introduction of content-based image retrieval

)Fﬁpdel to the image retrieval system in recent years
elevance feedback mechanism.

Relevance feedback to learn from the interaction
the user and query system, and capture thesuser'

Vvij to the various features of thefi on, each guery intention to fix the system query strategy ge
the results as consistent as possible with theahctu

characteristic f , according to the right needs of users.

(1), the query image for the Q-, assigned weigg%

Weighwniffurther to the requirements of the queries B€ roughly divided into parameter adjustment

allocated to the various features of the expressigifthod based on relevance feedback in content
retrieval, clustering analysis method, the prolighil

vector T in T of each component of rightsof learning methods and neural network methods.

VVi,-k Discussed the parameter adjustment method and
i the user evaluation of image from the most similar
_ to least similar sort, take sort of the first m etip,
(2), using the similarity algorithm" , calculate r
the query image Q and database image featihey correspond to the characteristics df, take

re

. Lo r. r.
representation of the similarity of" : the average of the m'"! as a new the
S(rij):mj (rij,Vvijk) characteristics of the query object, adjust the
. _ W, 30w,
&orrespondlng weight value ! = U That
f the characteristics are the fancy features of Hex u
database image in the image feature through to give a higher weight.

merging the expression of each feature on the
similarity 3. EXPERIMENTAL RESULTS

(3), the similarity of the query image Q an

S(f;) =2 W;S(ry) With Delphi eigen decomposition of the above

: algorithm, feature extraction, similar figures to
(4) Integrated similarity of Q and database imagaeasure and relevance feedback algorithm. The
from the query image is obtained by merging theearch returned 20 images from the 150 images. The

- S(f) image database contains flowers, trees, butterflies
various— i/ and cats
S Z Wis(h) Query object contains a cat to return to the

(5) To calculate the database image and que%perlment results shown in Figure 1.

image Q, the total similarity, according to theesiz The user interface from the image retrieval
of the arrangement of S, returns the most similar $¢lects "and" no "feedback" on the results of the
images to the user. image, the system will be automatically adjusted
according to the user choice of the retrieval
Yharacteristics of said weight values, in order to
conduct a second search.

(6) The user query requirements and subjecti
opinions, each image feedback to the system.
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quantified to a different range, resulting in legé&a
chooses the image matching. Normal distribution
fitting method to obtain an extension of the
specified color value to extend the main colorgl an
can compensate for errors caused by quantization.

Different color characteristics of the index of the
similarity matching algorithm based on the color
‘ ‘ index the content and the different algorithms,

@23 cscs  caes  cses  cacw including histogram intersection method, Manhattan
Figure 1 Search Results For The First Time distance, absolute distance (L1), the second distan
(L2), and the Euclidean distance 12].

. The image .Of the second search _returned 20Texture refers to the image pixel gray set or some
Images containing cats to 12, greatly improve trl?fnd of regularity of color changes can be
retrieval efficiency. considered as arising from certain changes in the
e form of grayscale (color) in the space pattern. The
general texture image gray distribution has some
kind of cyclical, with certain statistical propesi

but usually the high-frequency components in the
image spectrum are closely linked. Image texture
features six areas: roughness (coarseness), dontras
(contrast), the direction degrees (directionality),
lines like degree (line-likeness), regularity
(regularity) and rough (rough-ness) [13], of which
the most important features is the roughness of
texture, contrast and orientating degrees.

ce @ rE ez = ' &F

Figure 2 Search Results For The Second T Time

Usually the color histogram indexing algorithm Texture analysis methods can be basically
based on color features (Swain, & Ballard, 19914jivided into four categories for the statistical
[4], the cumulative histogram (the Striker &method, the structural method, the model and the
Orengo, 1995) [5] to represent the colospace / frequency domain joint analysis method
characteristics of the image. Color histogram ef ttj14], and statistical results of the analysis as an
biggest drawback is that the overall probability ahdex of the image. The method is based on
the application of the color distribution, complgte statistical information for statistical distributicof
lost the image color space information, laterolor intensity in the image space, including the
research has made many improvements. Passoccurrence matrix method (Haralick &
polymerization color vector CCV (color coherenc&hanmugam, 1973), Laws texture energy method
vector) method [6]; Stricker and Orengo cumulatd5,16]; structure-based approach to focus on the
color histogram and color moments [5]. The abownalysis of texture on the interrelationship betwee
method retains the probability of color in the irragand regularly arranged; assumptions texture
information, but lost a lot of color space inforivat model-based approach by some type of distribution,
at the same time, different images may have tBach as Markov Random Field Model, the fractal
same color feature representation: Many argue thmbdel; joint analysis based on the space / frequenc
the indexing methods of the local color featureslomain including Gabor transform and wavelet
Hsu et al. Part of them trying to combine the imageansform method .

color information and image color space L .
information on the color histogram retrieval [8]. Study pure mathematics in the 1970s, Haralick et

Smin and Chang color automatc seqmenaidl S0Y5e 1ag¢ X1 shace epencen e o
method [9], the formation of a binary set of colo tation [17]. Tamura et al. From the psychological
index. In image matching to compare the distance e ) ' pSy 9

the image color set and color areas of spati% int view of visual texture representation f”md
exture nature have expressed an intuitive visual

information. The human eye is generally morie<tur . .
sensitive to the main colors, therefore it Waglgnlflcance to the corresponding human visual

suggested that the main colors-based retrie\}%lefrceptlon [13], 1980s, the random field model for

o ture classification and identification. FSCohen
method [10, 11]. Color by color quantization errOtIex . !
which makes the originally very similar color to beGaUSSIan Markov random field model (GMRF), the
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identification of nine kinds of natural texture ofscene and action, and even some of the images
99-100% corrects [18]. DKPanjwani and G-Healycontain a wealth of authors emotional and moral.

further GMRF model for color texture image . . .
Image retrieval, there is always a rough idea, the

segmentation and have achieved good results [19$'ncept of the object described in the image scene
In the 1990s, the wavelet transform theory i ; !
ents and the emotions expressed high-level

applied to the texture representation. People aftef . . ; L .
the wavelet transform coefficient as the indexhef t semantics of images, including Image content, so in
image, such as Smith and Chang, extracted from trheecent years a high-level semantic content-based

wavelet sub-band statistical characteristics as trgage retrieval technology research, has become the

texture of the image, and achieved very goo y o solving the gap between _the image of simple
retrieval results [20-21]. The shape is a distirecti visual features and user semantics.

feature of the image, the shape is generally The relationship between characteristics of the
considered to be the area surrounded by a closgrhce between objects and objects in the image to
contour curves involves the description of the shafmage retrieval has been important research
of the contours of the boundary description and thiirection of the image database retrieval the
description of the region surrounded by this bardeTanimoto primitive method to represent the image
The results described in the Approximation are trentities, and the primitive image object index.
boundary in the image area. Subsequently Chang adoption of the, and propose to

use the two-dimensional string of symbols

Shape features to retrieve r_natchmg methodg a{%%-String) method to retrieve the image spatial
based on the accurate extraction of the shapeein ; . . . : i
relationships, this method is simple and their

image _region under the premise of patterg mbols for parts of the image reconstruction from
recognition to automatically extract the shapehefttye 2D—Strir? ma mang cople adopt and
region is still immature, need to develop a morri'1 . g P, y Ppeop! pt a
improve: Jungert based on the minimum bounding
accurate method. ; . :
box of the image object to represent the spatial
For multi-feature retrieval in terms of weight, irrelationships between objects , respectively, in
addition to the choice of feature selection andverlapping relationship between the x-axis and
combinations thereof, a reasonable set of allaxis projection interval; Lee and Hsu et al.
features is another important factor to affect th2DC-String method; point set topological relations
search results. between the the Nabil comprehensive 2D-String

. methods and the objects in the two-dimensional
Retrieval method based on color, texture, shapqane the 2D-PIR retrieval method

or multi-feature retrieval method, belonging td
image low-level visual content. Image retrieva
technique based on the color characteristics of the
image from the computer's point of view as a
discrete pixel between the pixel is isolated and c

only say that the image presented by the over IZ

consistency of color, cannot distinguish between t tabase, extract what image characteristics, bow t
) ~ncy ’ L gu r(1,\xtract features for efficient and accurate reaiev
image internal characteristics; retrieval based g

texture features is considered on the basis off Olo'? the core issue of content-based image retrieval.
£O'%he Fourier transform extracts texture features, th

adjacent like the re!ationship betweer_1 th_e imaq)e undary moments detect the image boundaries
measure of regularity, roughness, direction aqﬁo '

. ) . en the introduction of relevance feedback
degree of linear features; shape-based retrieval 'Iaorithm the prototype system, the basic
image segmentation_into a closed area, sh?eldieng aIizatior’1 of a high-speed, efficient i;nage refaie
background of the image, such as details of thﬁa '

elements. and more approaching the imaae of th future research will try to choose a different
cognitive, PP 9 9 fSlevance feedback retrieval algorithm  further

improve the retrieval efficiency of the system.
Image is in fact the people of the world cognition

indirectly, an image full of rich semanticREFERENCES

information, not just the color, texture, shape, in

ad_d|t|or_1, the image is full (_)f a physical obje_cttet 1] DONG Wei, Zhou Ming, Guo-Hua Geng Li
object in space on the existence of a relationsh ‘Xiao-based image retrieval [J]. Computer

one or a series of images can represent a Specm%ngineering

CONCLUSIONS

Explicit content-based image retrieval s
rticularly important with the increase of the gea

2005 (10).

251



Journal of Theoretical and Applied Information Technology
31% October 2012. Vol. 44 No.2 B

© 2005 - 2012 JATIT & LLS. All rights reserved-

SATIT

ISSN: 1992-8645 www.jatit.org E-ISSN1817-3195

[2] Qiufang Peng, Yu-Cai Feng, Liang Junjigl3] Thomas. B, Rafael. W, Thomas Blaffert,
based on texture and shape of the image relevanc@ristian Lorenz, and Steffen Renisch, “ Automatic
feedback [J]. Computer Applications, 2005, (04). Extraction of the Pulmonary Artery Tree from

[3] Weiner, Guo-Hua Geng, Zhou Ming. Multi-Slice CT Date”, In Mdeical imaging 2005:
Content-based image retrieval using Gabor filtersPhysiology, Function, and Structure from Mdeical
[J]. Computer Engineering, 2005, (08). Images, edited by Amjr A.Amini, Armando

[4] Th Gevers, AWM Smeulders. PicToSeek: Manduca, Proceedings of SPIE Vol, 5746(SPIE,
Combining Color and Shape Invariants FeaturesBellingham,WA, 2005)

for Image Retrieval. IEEE Trans. on Imagd4] Zhang HM, Bian ZZ, Guo YM, et al. An
Process. 2000, 9(1): 102-119. efficient approach to extraction of region of

[5] Qian F, Li M J, Zhang H J et al. SVM-Based interest. Journal of Software, 2005,16(1): 77-88
Feature Weighting Method for Image Retrievdll5] S.Osher, J. A. Sethian. Fronts Propagating with
Proceeding 4th ACM Intl Workshop on Curvature DependentSpeed: Algorithms based on
Multimedia Information Retrieval. 2002, 279-282. the Hamilton—Jacobi formulation [J].Journal of

[6] P.Sumathi, M.P.vani, Computer Aided Computational Physics (S0021-9991), 1988,
Interactive Process of Teaching Statistics 79(1): 12-49.

Methodology - I, IEIT Journal of Adaptive &[16] D. Adalsteinsson, J. A. Sethian. The Fast
Dynamic Computing, 2011(2), Apr 2011, pp:1-6. Cconstruction of Extension Velocities in Level
DOI=10.5813/www.ieit-web.org/IJADC/2011.2.1 Set Methods [J]. Journal of Computational

[7] Ling P.W, The Needed Optimal Cycle for Physics (S0021-9991), 1999, 148(1): 2-22.
Prediction Accuracy of Stock Price Behavior fdd7] Tian Jie, Bao Shanglian, Zhou Mingquan
Traditional Industries in Taiwan by Moving Medical Image Process and Analysis, Publishing
Average Method, IEIT Journal of Adaptive & House of Electronics Industry, 2003, 9: 73-75.
Dynamic Computing, 2011(2), Apr 2011, pp:7-1818] 3. A, SETHIAN. ADAPTIVE FAST
DOI=10.5813/www.ieit-web.org/IJADC/2011.2.2° MARCHING AND LEVEL SET METHODS

[8] Wu C.C, A Study of Synchronous and Bucket FOR PROPAGATING INTERFACES. Acta
Trading Behavior of Institutional Investors, IEIT Math Univ. Comenianae VOL LXVII,1998 |,
Journal of Adaptive & Dynamic Computing, pp.3-15
2011(2), Apr 2011, PP:14-25.119] Yezzi A, Kichenassamy S, Kumar A, Olver P,
DOI=10.5813/www.ieit-web.org/IJADC/2011.2.3  Tannenbaum A. A geometric snake model for

[9] Wu H., Xu J.B., Zhang S.F., Wen H, GPU segmentation of medical imagery. IEEE Trans. on

Accelerated Dissipative Particle Dynamics with Medical Imaging, 1997, 16(2):199-2009.
Parall_el Cell-list deatmg, _IEIT Journal 01‘[20] Malladi R, Sethian JA, Vemuri BC. Shape
Adaptive & Dynamic Computing, 2011(2), Al modeling with front propagation: A level set
2011, o PP:26-32.  approach. IEEE Trans. on Pattern Analysis and
DOI=10.5813/www.ieit-web.org/IJADC/2011.2.4 \achine intelligence, 1995, 17(2):158-175.

[10] Zzhou J.J, The Parallelization Design ({El] B. Ugur Toreyin, vigithan Dedeoglu, A.Enis

Reservoir Numerical Simulator, IEIT Journal of cetin.  “ Real-time Fire and Flame
Adaptive & Dynamic Computing, 2011(2), Apr video”[J].Sciencedirect, 2005
2011, pp: 33-37.

DOI=10.5813/www.ieit-web.org/lJADC/2011.2.5

[11] H, Shikata, E. A Hoffman, and M , Sonka,
“Automated segmentation of pulmonary vascular
tree from 3d CT images”, in Medical Imaging:
Physiology, Function, and Structure from Mdeical
Images, A. A. Amini and A, Manduca, eds , Proc.
SPIE5369, pp. 107-116, 2004.

[12] Yoshitaka Masutani, Heber MacMahon, and
Kunio Doi, “Automated Segmentation and
Visualization of the Pulmonary Vascuar Tree in
Spiral CT Angiography: An Anatomy-Oriend
Approach Based on Three-Dimensional Image
Analysis” In journal of Computer Assisted
Tomography 24(4);587-597

e

252




