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Abgract

The objective of the present work is to propose a
novd method to extract a dable fedure st
representative of imege content. Each image is
represented by a liner combination of fractd
orthonormd bads vectors. The mapping coefficients of
an image projected onto each orthonormd basis
conditute the festure vector. The st of orthonormal
basis vectors are generated by utilizing fractd iterative
function through target and domain blocks mapping.
The distance messure remains consgent, i.e, isometric
embedded, between any image pairs before and after
the projection onto orthonormal axes. Not only Smilar
images generate points dose to each other in thefeature
space, but dso dissmilar ones produce fegture points
far goart. The above satements are logicaly equivdent
to thet digant fegture points are guaranteed to mgp to
images with dissmilar contents, while dose feature
points correspond to Smilar images. Therefore, utilizing
coefficdents derived from the propossd
combination of fractd orthonormd bads as key to
search imege database will retrieve amilar images,

linear

while & the same time exdude dissmilar ones. The
coefficients associated with each image can be later
used to recondruct the origind. The content-based
query is peformed in the compressed domain. This
goproach s dficient for content-basad query. Scdling,
rotationd, trandation, mirroring and horizonta/vertica
flipping varidions of aquery image aredso supported.

Keywords content-based  imege  retrievd,  fractd

Z.Z. Tsai

E-mail: tsaitc@cse.nsysu.edu.tw

orthonormd bagis, iterative function system
1. Introduction

The retrievd of digitd image is an active area of
research in computer science due to the inefficiency of
query processing utilizing traditiond textud language.
Most image retrieva paradigmsfal between automated
pixd-oriented  information modds and  fully
human-assited daabase sthemes [1]. These
goproaches differ in gpplication domain, visud features
extracted, features discrimingtion criteria employed,
and query mechanisms supported. Feature vector
characterizing image properties is generdly composed
of color, texture, shape and/or location information.
Digance messure, eg., ndimensond Eudidean
distance, is utilized to compute the smilarity between
different feature vectors. Query pecification tools are
provided to alow user-constructed sketches and weight
assignments among different fegture components; etc.
As an example, the QBIC system dlows the calor,
texture, or shape of an image or pat of an image be
compared with feature vectors from database images
usng Eudidean smilarity messure[2]. Theretrieva of
similar images from database corresponds to determine
neighboring points in the proximity of the feeture point
of aquery image:

The mapping of an image to the corresponding
feeture vector is a process of dimengondity reduction.
By finding a lower-dimensond representation of the
image, an effective feature veector is expected to contain
vitd characterigticsof the origind. The pitfall associated



with the tradiitiona gpproach isthat even though similar
images generdly derive feature points dose to eech
other. However, there is no guarantee thet dissmilar
images will map to digtant feeture points. For example,
the comparison of color feature usudly employs certain
messure of higogram. Images with resembling
histogram distribution will be regarded as Smilar under
this scheme. However, even with andogous histogram
digribution, the color within a dissmilar image or
sub-image might be spatidly didributed in a totdly
different manner. Using color festure as a measure of
smilarity between images is not powerful enough to
exdude the fdse-postive cases Moreover, a query
imege might be rotaiond, scding, shifted, or
noise-corrupted  variations of datdbase images A
traditiond retrievd dgorithm might not be robug to
indude smilar database images of these vaiations,
causing theoccurrence of falsedigmis.

The corresponding festure vectars f, f,, f., f
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of imeges iy,i,,i,,i, . respectively, are shown i;
Fgure 1. The derived fegture points in the feaure
domain might not presarve the same spatid digance
relaionship as ther counterparts in the image domain.
When an image i, is used for querying a datebese,
i,,i; Will be induded in the search resuit due to the
proximity of points f,, f, with f_ in the festure
space. However, imege i, will be exduded since
point f, is considered as too distant from f_ . A
dissmilar image, eg,, image |5, mistakenly dassified
as gmilar one is cdled fasepostive while a smilar
image, eg., image 1, incorrectly exduded from the
find search reault is refared as fdsenegdive. Beng
undble to provide dable distance messure most
sysems try to minimize fase-negative results a the
expense of an increased number of fdse postives A
compact, perceptudly relevant representation of an
image content that preserves the distance rdationshipin
terms of amilarity metric in both image and feature

spacesishighly desirable.

Imege retrievd by content dlows a user to search
image database by specifying the content of an
exemplay image as the basis for retrievd [3]. In
traditiond content based indexing, content indices
(colors, shapes or textures) for each image in the
datebase are firg extracted and gppended to the imege
data as overheads. The corresponding festure vector of
aquery image is computed and compared to the stored
fegture vectors. Images mogt smilar to the query are
returned to the user. Given tha images are usudly
coded in compressed formeat in a database, it would be
more efficient if the compressad data can dso be used
directly as indices for content-basad query. In our
proposed scheme, each image is decomposad into a
lineer combination of fracta orthonormd basis The
coefficient of esch term serves both as a fedture
component in the corresponding feature vector and
compressed data. The content-based query followed is
performed in the compressed domain. Contents of the
image are embedded in the compressed data, which can
be emly and dficently used as indices for
content-based imege retrievd. The extracted festure
vector, composed of linear coeffidients, will be proved
in the fallowing section to preserve digance metric
between the corresponding imeage points in the image
domain.

In what follows fractd orthonorma besis
goproach will be introduced firs. The procedure of
generating a st of fractd orthonormd bads for an
ensamble of databaseimageswill be outlined. Next, the
conservation of Euclidesn distance messure before and
ater the mgpping onto orthonorma  bads will be
proved. Image pairs with long feeture distance in the
fegture domain are guaranteed to be dissmilar ones,
while fegture points dose to each other correspond to
smilar images The lagt section shows the effectiveness
of thisnove gpproach using a butterfly image database



as an example. Due to the presarvation of digance
relaionship in both the image and feature domains,

cong gent search results are obtained.
2. Fractal Orthonormal Bass
Approach

Bandey suggested that doring images as
collections of trandformations could lead to image
compression [4]. Jaquin was among the firgt to publish
a fractd image compresson scheme by regular
patitioning of the image [5]. The accurate coding of a
range block is dependent upon there being asdf-amilar
domain block in the codebook. Because this piecewise
sf-amilar modd is an gpproximation of red-world
data, there is no guarantee that perfect mapping can be
found. Obsarving that theiterative function system (IFS)
coding technique seems to have alimit in the accuracy
that an image can be coded [6], Vines proposed a
scheme by finding a s¢t of basis vectors to best
represent theimage in the sense of achieving the higher
fidelity with good compression [7,8]. Vines method
was intended to improve the decoded signd-to-noise
ratio of fracta compression, no gpplication to image
databaseretrievad wasever suggested.

According to Vines agproach, a st of
orthonormd basis vectors is created by Gram-Schmidt
procedure and the range blocks are coded by projecting
the block dements onto this basis. The principle in
determining the orthonorma st isto create a basis thet
dlows each range block to be accurately represented
with a minimum number of the bads vectors. These
fractd orthonorma bases are derived from the domain
vectors. With these vectors, the range blocks can be
encoded with a smple projection operation, and the
maep parameters will be the corresponding weights for
thisorthonormd besis.

For arangeblock of size L, x L, let M, = %=
be the length of the range vectors Let R, ={7"'} %
bethe set of dl range vectorsinan imagel. Threebasis

vedtors v;,V, and V,, determined a priori according
to Vines gpproach, are orthonormdized later to form
the fird three of the required M, orthonormal bed's
vetors, where V, ={1,1LA 3" , the DC vaue
V,={0123456701234567.A 01234567 , the tilt
dong the
¥, ={0000000011111111A ,7,7,7,7,7,7,7,7 ", thetilt

X-aXis, ad

dongthey-axis
Theremaining basisvectorswill be chosen to goan
the (M,-3) -dmensond subgpace S°

perpendicular to the subspace spanned by a priori
vedors V,,V, axd V. At the kth iteration, the i-th

projected range vector isdenoted as s that residesin
a corregponding subspace S*. The optimel basis
vector direction is determined by taking the s vector
with the lagest corrdlation to dl of the other s
vedtors i.e, the vector s* maximizes the following
equation is sdected:

Nr

>ls-s)

R
where ‘(Sk .s:s)‘ is the absolute vaue of the inner
productof s and s

Once exch basis vector direction is determined, the
remaining s vectors are projected onto the subspece

orthogond to s by thefollowing projection operator

P, =1-5(s"§)'s".
The chosen bad's vector direction is saved as t, and
the process is repedted until the necessary M, -3
vectors are obtained. In this manner, the st of M, -3
orthogondl vedtors, {t;}":~°, thet best represents the
Sbgpace S° is determined. A search is then
performed through the domain vectors to find the best
st of domain vectors for these direction vectors The
domain vector with the largest component in the
direction of thedirection vector is sdected. Becaueitis
possble that one doman vector has the largest
component on more than one direction vector, each



domain vector isonly adlowed to be used once.

The three fixed vedtors V,,v,,v, axd the
M, —3 domain vectors form a set of M, vectors
that span the space of the range vectars. If the selected
M, —3 doman vectors are denoted sequentialy as
{V}M:, thenthe st of fractal basis vectorsis equdl to
[V,,V,,V5,V,,A ¥, ]. These beds vectors are
further processed using the Gram-Schmidtt procedure to
obtain the corresponding fractd orthonorma  basis
matrix Q =[d,,q,,A ,qy ] - Thecoding of agiven
rangevector 7' of image | with aset of weight W/
is eguivdent to W' =Q'r' o ' =QW' . The
previous two eguaions define the basic encoding and
decoding process. An image | with range vector st
R={f}; ., te =t o
W, ={W,i=1A Ny, j=1A M}
derived according to the fractd orthonormd besis
matrix Q. The st of weights W, sarves both as a

weights
can be

feature vector and compression coefficients of image .
From the pergoective of image database retrievd, the
weight matrix W, represents the signature of image |
and adigtance metric d,; isemployed to measure the
smilarity of images | and J based on fegture points
W, and W, in the M, -dmensond space. The
weight matrix W, is dso utlized in the later
decompresson process to recongruct the origind
image from theimage coding/decoding perspective.
According to the above paradigm, an imege | is
patitioned into nonoverlgoping range  blocks
R, ={F'}"s . Eachrangeblock ' isdecomposed
into a linear combingtion of orthonormd bed's vectors
by employing the same fractd orthonormal basis meatrix
Q . Theset of coefficientsfor dl rangeblocks, W, , is
the sgnature for image | usad in the retrieva of image
database. Since the origina image can be recongtructed
by employing the feature set W, with high SN rétio,
W, therefore is agood representation of image | with

little information loss. The Smilarity measure between

two images |, J is determined by comparing a distance
metric d; beween W, and W, . Next, we will
show that the digance metric employing Eudidean
messure is isometric embedded in both image and
fegture domains, i.e, the proximity of two image points
I, Jin the image space indicates that of corregponding
feeturepoints W, , W, , andviceversa

Proposition:

The Eudidean distance between imeges | and J in the
image domain and that of the corresponding feature
vectors W, and W, , derived by projecting range
blocksof | and J onto aset of orthonorma bedis vectors,

areequivaent.
Proof:
TheEudideendistance d, ; betweenimages! andJ
can beformulated as
d, =[r-J|.

or expressad intermsof range
dIJ:N’;‘i’iﬂ*
Eachrangeblock ' and 77 of image | and J can
be further represented as a linear combination of M,
orthonormd basisvectors Q =[q,,d,,A ,q,, ], With

riJ

blocks , where i'eR,i’eR,.

coefficients
W, eW W eW,,i =1A Ng, j =1A M, , respectively.
NR

d,=>

i=1

Mr

j=1

NR Mr
= Zl‘,(Z;,(vw} —w))*ap)"
i=1 j=
Sncedl bagsvectorsare orthonormd, i.e,
qulq-ﬁj:O,Vi,je{lAMr},i;tj.

All crossproduct terms are zeros

d, =30 W —w)?)?
p=1 g=1
=ZF; Z:,(Wi} —w;)|| = G, »
i=1|fj=

Theabove propostion gatesthat the Eudidean distance
measure remains the same after the projection of points



inimage spaceinto aset of orthonorma besisvectorsin
the feature domain. The image space and the feture
spece are “isometric” to each other. From this we can
conclude thet the closeness of two image points in the
imege space, e, d, ; <&, implies the proximity of
the corresponding fegture points in the fegture domain,
dyw, <&- Theabove satement islogicaly equivdent
to “if festure vectors W, and W, are distant to eech
other, then image | is do digant to image J." Snce
smilar images are mapped to dose feature points and
only points dose to the feature point of a query imege
will be induded in the retrievd resllts, images
corresponding to digant feetures points will be
exduded. This property suggedts that fase-negative
caxs are unlikdy to occur. Therefore, employing the
proposed paradigm will not fasdy ignore any Smilar
images based on the Eudidesn metric in the feature
goace. Similar objects will be induded in the find
retrievd set. Another facet of the aove propostion
reveds that the proximity of feeture points in feature
domain indicates the doseness of image paints in
image oace This datement is equivdent to that
dissmilar image points imply fegture points far apart.
Therefore, the ssarch in near proximity of the feeture
point of aquery imagewill not return dissmilar images.
This property mekes sure that no fasepogtive will
Utilizing the coeffidents of the lineer
combination of an orthonorma basis st as fedure
vectors will retrieve condstent datebase refrieva result
exduding both fase-positive and fase-negaive cases.
Even though any orthornormd bads st can be
utilized to condruct the feture space, a compect,
dficent represntation of an image that leads to
concentrations of energy in as few codficients as

oceur.

possible is prefared. Image energy concentrated in as
low-dimensond subspace as possble is highly
desrable due to lower computation complexity

required in festure comparison process and fewer

truncation erors incurred in ignoring less sgnificant
terms. The directions of axes for the aforementioned
fractd orthonorma basis vectors are chosen with the
largest corrdation to the other range vectors in the
ensemble of databaseimages Thelinear coeffidientsby
projecting an image onto the proposed orthonormd
space and the frequency components by transforming
the same image by Fourier transform are compared.
The projected coefficients and frequency components
ae fird ranked according to ther magnitudes,
respectively. The accumulated ranked power spectrum
dating with the largest coeffidents or frequency
components are tebulated and normdlized, as shown in
Fgure 2. Much fewer fractd orthonormd coefficients
are needed to condiitute the same amount of energy in
comparing with those derived by usng Fourier kernels
3. Experimental Reaults

In order to demondtrate the power of the proposed
fractd orthonorma bads approach, a databese
conggting of butterfly images is congtructed. A totd of
1013 hutterfly images with naturd or uniform
backgrounds ae downloaded
http:/AMww.thaisit/entomologid,
http://turing.csie.ntu.edu.tw/ncnud mvindex.html,
http:/Amww.ogphoto.comvindex.htm,
http:/fyuri.owestnc.edu.tw/gdlery/butterfly,
http:/Aww.mesc.usgs.gov/resources/education/butterfl
Y, and
http://mamiba.bio.udi.edu/~pjbryant/biodiv/bflypinthtm.
All images acquired are trimmed down to 320x 240
pixels with 24 bits of depth per pixd. Each imege is
patitioned into non-overlgpping range blocks with size
8x8. The R, G B color components are processad
independently to determine the fractd orthonormd
basisin each color plane. The fractd orthonorma basis
métrixes q_q., ad Q, derived are 64-dmensond

eech. FHgure 3 shows the fractd orthonormd basis
marixes Q,,Q,, Q, deived by following the

from webdtes



procedures outlined in Section Il for a training st of
100 butterfly images in the database The 64 fractd
bass vectors of each color plane are composed of
uniform, edge or texture regions The codfficient
corresponding to the vector g, the orthonormalized
verson of thefirst a priori vector v, ={1,1,A ", is
consdered as the brightness levd of a specific color
component within animage.

A total of 64 codfficients for each color component
ae deived by proecting a range vector into an
orthogond space with 64 dimensons. A color range
vettor can therefore be lossesdy recondructed by
employing 192 linear coeffidents. Since the energy is
highly concentrated in rdatively few numbers of axes,
mogt coefficients are negligible in the later Smilarity
compaison dage Only three most  significant
codfficients per color component are employed in later
Eudidean digance computation, the remaining less
significant coefficients are conddered with zero vaues
Snce dl projection coefficients of database images are
cdculaed only once and dored as compression
codfficents the computation of Smilarity messure
involves only the derivation of feeture coefficients for
the query image, subtraction of matching coefficients
and summation of dl squared differences Therefore,
the retrievd process is veay dfident. FHgure 5
demondraes the retrievd result by using a typicd
butterfly image (scientific name: abpiercani) as query.
The images retrieved are arranged according to the
degree of dmilarity from left to right, top-to bottom.
The sdientific name of the butterfly is listed on top of
the image. After providing a query image, a user can
chooe a subsst of R, G or B color components as
meatching indices for feature discrimination. Only the
codffidients corregponding to the sdected color planes
will beincluded in the calculation of Eudlidean distance
The brightness factor can dso be sdectively turned on
o off by induding or exduding the coefficient

corresponding to @, in the Similarity computation to
counter the influence of changing light intendty
between images.

A user can dso ecify a sub-region of a query
image for retrieval. Since each image is coded with a
range block sze of 8x8, a sub-region with integer
multiples of 8x8 pixds can be expresed & a
partitioning of non-overlapping range blocks, as shown
in FHgure 5 (a). Howevey, if the spedified sub-region is
not integer multiplesof 8x 8, asilludrated in Figure 5
(b), then a mask with the largest integral multiples of
8x 8 that can befit into the sub-region is applied from
the top-left corner with an increese of one pixd
horizontaly or verticaly toward the bottom right corner.
On eaxch iterdive step, only the range vectors under
current mask are formulated as a superpostion of
orthonormal basis vectors The coefficients derived are
used assignaturein the later matching process.

The proposed fractd orthonorma basis gpproach
isdso scde and rotationd-invariant. Users can goecify
the range of scdes and rotation angles of the query
image. Vaiations of the query image multiplied or
rotated by different scaing factors and rotation angles
are coded. If the Sze of the query region dter scaing
and rotation operationsisnot integrd multipleof 8x 8,
then the aforementioned mask will be gpplied. The
codfficents corresponding to eech scde factor and
rotation angle of the range vectors under the current
mask are compared with those of dl database imeges.
Fgure 6 illusrates the retrieva result by specifying a
sub-region with scaing factors ranging from 0.8 to 1.2
and a 30 dgyree increment of rotation angle In
comparison with Figure 4, since a brown dark pattern
on the wing of the butterfly is specified for searching,
images with possible dight scding (0.8 ~ 1.2) and
orientation difference (every 30 degree) of the marking
areincdluded in theretrieval st



4. Conclusons

A feaure extracting method that preserves
distance measure in the image and feature spaces is
provided. The fractd orthonorma basis st introduced
can better summarize imege contents with fewer
orthonormal axes then those of Fourier kernels. Lower
computation requirements and truncation erors are
obtained in comparison with other orthonorma
decompasdition techniques. In retrieving Smilar images
from database, only few coefficients are required to be
evauaed in the computation of Eudidesn digance
The retrievd effidency in tems of computation
complexity and oeed isvery high.

A database congding of butterfly images collected
from exigting websitesis congtructed to demongrate the
power of this goproach. The fegture discrimination
procedure by cdculating the Eudidean digtance
between the corresponding linear coefficients can
retrieve shift-, rotation-, and scdevaiations of the
query image, as specified by the user through the query
interface. Contents of the imege extracted ae
embedded in the compressed datathat can be easily and
dficently used as indices for content-besed image
retrievd. Logic predicates, eg., AND, OR, NOT, or
spatid condraints might be further imposed on plurd
number of sub-regions of a query imege to proceed
more complicated imageretrieva goplications.
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through mos fedure extraction process.

T " Imegefesture  par (i, f,} ad {i,, f;}
illugtrates the cese of fdsenegaive and
. fase-podtive, regpectivey.

Fgure 1. The distance rdaionship between image points
and corresponding festure points is not preserved



Fgure 2. Normdized accumulated ranked power spectrum
of the proposed fracta orthonormd basis (FOB)
goproach and Fourier trandform, garting with

G B color components and brightness leved of the
query imagearedl sdected. Therectangular areain
the upper right-hand corner provides an enlarged

viewing window for theimageretrieved.
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component with the largest magnitude. Much
fewer fractd orthonormd coeffidents are
needed to condtitute the same amount of energy
in comparing with those derived by using

Fourier kernds.
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FHgure 3. The 64 8x8 fractd orthonormd bads vectors
of @ R, (b) G and (c) B color components,
respectively, derived from an ensemble of 100
butterfly database images. The size of each vector
isenlarged by two for ease of observation..
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Fgure 6. Retrievd results based on a sub-region of aquery
image with scding factors 0.8 through 1.2 and
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Figure 4. An image retrievd example Thefeaturesfrom R,



