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Retrieval of video images based on Co-occurrence matrix
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Abstract : Mulumecha data 15 now one of the widely used information in all the ficlds as the
fast developmenls of compuler techuques have been made Traditional databasc systcms
based on textual mformation have limiatons when applied le mullimedia information. This
15 because simple lextual descriplions are ambiguous and inadequate [or scarching
mullimedia informatien for muliimedia databases and digiial hibraries Thus. cspectally for
image data, which is onc of the important multimedia informarion types, there have been
recently considerable intercsts in content-based 1mage reirieval techmiques, which can
retrieve and browse image data on the basis of pictonial gueries. Therelore, this paper
presents an cfficient method for describing texlute information in image data.

I. Introduction

Many features of an image such as colour, lexture, shape
and symhbolic descniplors have been used as the bagis of
conlent-based image reirieval |1], This paper proposcs
video 1mage retrizval algorithm especially using lexture
featmes. Texlure is one of the most important delining
characlensucs of an wmage |2] However, thete 15 no
formal defminon of a (exture because i1 shows ils
charactenstics by both each pixel value and texel values
[3]. ©n the basis of lexture charactetistics, an 1mage can
be considered as the mosaic of differenl (exture paltern
regions. When each texlure paltern region m an image 1s
described by proper features, the umages (n dalabases can
be etrieved and browsed in lerms of texlurs patterns. For
describing a lexture reglon, this paper suggesis the use of
only six diufferent lexture features, which are produced by
lhe co-occurrence matux [4]. In owder to describe
dircchonal characteristics of a texiure region, sach
texture feature s realised along the fowr different
directions:  verlical, horizental, and two diagonal
direchons, Also, Euclidean distance is apphed to show
the steength of a similanty belween a query (cxture
patlern and fexture patierns m databases. Since each
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lexture Teature has its own different value doman, 11 18
difficult 1o directly use the mdividual [cature values mn
order Lo produce the correct strength af a similarity 1n the
Buclidean dislance, Therefore, we propesc to normalisc
wndividual feature components of a lexture paltern by
using the standard devialions of the 1espective features
over an entire dalabase The proposed algorithm 1n this
paper s applicd to a varicty of tcxlure patterns laken
from rea! video images

This paper 15 organised as follows Section cxplans how
lo produce Co-occurrence martrices and 1t texture
featurcs. Also. a normalised Euclidean distance 1s
defined in seetion IIL Finally. the resulls of applying the
proposed algorithm to real video images are shown in
scclion [V

IL Co-occurrecne matrix

Haralick et a/ [4] suggested a co-occurrence malrix for
exlracling leaturc features lo describe the spaiial
distrtbuton of a textue Co-occurrence  malrices
display the graylevel spatial-dependency aleng dilferent
angular relationshups.  horizontal, vertical and (wo
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diagonal dircctions, tn a neighbouning system A co- Pl 1 8) z
occurrence mairix is specified by the relative frequencies Fasu = Z z {#} (160}
P(1, J.7r,6) wilh which 1wo pixels. separated by distance . R
¥, occur m a textue ajong the direciion of angle 6, onc o
wilh graylevel rand the other with graylevel f. A co- €)Conlrast:
occutience mairix 1s therefore a function of distance #, Cotw
angle & and grayscales, N xS P )
Il is assumcd thal a lexiured image ¥ is definad over a Jeon = 2” 22[ .1 ]“h‘-fd i—jlEny {11)
m o=, xovy (e lattice £2: =0 =1 =l

L=k mu)lSkd), sy (1) d) Correlation
The co-ocewrrence malrices used in this paper shows P fn8)
texture characleristics along 0 degree, 45 degiec, 90 ZE(U) B At
degtee and 135 degree as [ollows, feor =— (12}

UTG\

PO J 0y =D (mm e ) k—m =0 —nl=r, R . .

YD =i, ¥ () = ) ) ¢) Sum ol squales; varlance
P, forA57y=H#{(k, D imme O, ((k=m)y=1,(l—ny=-1))or _ af Pl e &)
((k=m)==r,(l—n)=r), Y(,[) = i, ¥ (m,m) = ) foan = 2 2, 0-0"| === (13

(3 t

PO, J e 90y =h (U, D (mamye Q) k=ml=rll—-nl=0, 1 Inverse difference moment:

Yik,)=1Y(m,n) = f} (ED] i PG 1 r. @)
P, £r1387) <#{((k DoOmomy & ),k —m) =5, (0 =m = riyopy, =Y _ { SR (14}
(k—m)=—r,(d—n)y=—1Y&N=0LYmm=j) (3 TG - ) R
where # denotes the number of elements. Tt s where v, is the total grayscale, # the mean of P
observed that the co-occurrence matnx 18 symmetrical and  p “# o..0. are the mean and  siandard

: Rl SR ¥
becanse of Py, j.r,6)=P{j.o,rb). devialion ot £, 1, that arc denated as:
(13

The tetal number of pairs ef compaied pixels 1s different Po= ZM !
due to the angular relationships. To overcome this, it 15 ’ R
necessary to normalise the frequencies of the occurrence (16)

matrices  The irequency normalising constant R s
explicitly dcfined as the fiequency of pairs of compared
pixels in each co-occurrence matrix.  For examples, the
constanl R [lor the harizontal, vertical and the diagonal

co-occutrence malrices are defined in (Eq 6-8),
respectively
Ky = 208 LY —1) (6)
Ky =20,.(¥, ~1) €
Kp =28, =N —t) 8)

Using the above co-cccurrence maltrices, many different
lexlute features arc produced However, there is a dilema
belween computing costs and the number of texture
[ealures. Therefore. this paper uses only six different
texlure features in order to keep rcasonrable compuung
casts The delmitions of the texture features used 1n this
paper are also shown as [ollows [4][5][6].
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II1. Normalised Euclidean distance

As explammed 1n section 11 a lexture paltern of a video
1mage is described in terms of its sia dilferent texiure
features. each of which shows four diectional
characteristics. In order to compare a query lexture with
texiures 1 a video image database. this paper proposes a
normalised Euclidean distance as a sumilarily {unction.

The strength of similarily belween tweo palterns can be

described  through  the Euclidean  distance  of
corresponding texture features as follows:

EDQ.T) =]fQ_MP _fI_MPI'F[jQ_ASM ‘f,r_Aw|+

‘foCON _f.’,CON""{fQﬁCOR ‘fJ,COR""

‘fQJ*AR *fLVAR[Jr‘fQJDM =T _ioa
(7

Where, /g, 1, are texture [(eatures of a query and
inpul lextures, respeclively. Since each texture [ealure
has its own value domain, total Euclidean dislance can
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be easily dependent on the Euclidean distance of the
feature with larger featurc value domain Therelote, 1t 15 |
required to normalise the Euclidean distance in order to =
have a independent simularity function regardless of oa Y,
texture [eature value domain This paper uses the 08 !
standard deviaton of respective lexturc fealures over o \
entire image database as follows: L\
08
|fQ_MP—f.'_MP| ‘f@ﬁqm *frf.qu‘ g o5
EDQ.I = i
S |SDASM ‘ " ad
‘f@uca.v—ff_cwd |fQ_COR‘fLCORl+ o \\
nz
]SD con | |SD COR | .
‘fQ_l‘AR_f[_VAR| ]fQJDM *ff_mMI o
0 01 02 199} 04 193} 0B a7 ce ng 1
Recall

‘SDVARI ISDIDM |

(18)

1V. Experimental results

Searching a texture pattern m a video 1mage should be
considered in a conleni-based rchiieval system This 1s
because & pattern-based rctricval system is operated
locally rather than globally. This section shows the
retricval results of a local query texture.

(b) (c) (d} {e)
Fig 1 Retrieval resulls (a) a query paltern (b)-(e)
Retrieval resulls

(b3

Retricval results (a) a query pattern (b)-(e)

{c} G|

2

Fig.

Retricval results
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Fig. 3. Precisian Vs. Recall

V. Conclusion

The cliicient rtetiieval video umage algorithm using
texture features are proposed in this paper, The proposed
textuie features are produced on the basis of Co-
accurrence matrices. In order to precisely describe
fexture pattetns, lhe tlexturc fealures proposed m Lhis
paper consider Tour directienal components such as
verlical, horzontal, and two diagonal directions. Also,
we suggest the normalised Euclidean distances between a
query and video image [ealure sets in order to avoid
domunatien of a certain feature value range. Since lhe
normalised Buclidean distance improve lhe strength of
similarily [unction, we just used only six different texture
features and also produced competent results.
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