21 SEPTEMBER 2005 | MAGE RETRI EVAL USI NG DI STANCE MEASURE Background This
invention relates to i nage processing and, nore parti cul arhySEliﬂ;TMﬁngoos
characterization of inmages. S Inmage processing refers to the analysis and
mani pul ati on of images using a conputer. The discipline enconpasses a w de
array of techniques, inducting pattern recognition and other image

anal ysi's, conpression angheRGedRneA SHTRGIISTATRE MeacBREM Sssion, and i mage
construction, to nane ummna‘%r&ﬁﬁa‘grm ng i s used in -
di verse fiel ds such as astronony, nedicine, mlitary 10 operations,
communi cati ons, geol ogy, neteorol og)&aﬁiﬁﬂﬂw on. Although visual in nature,

i mages nay be characteri zed so that a conputer or other processor - based

system may al so & vérﬁf%]p' roaess ﬁﬂérmngnepnrgéégﬂbednd q'h(ﬁ%' lﬁg'*yt Q&‘ thémge

from ot her i rrages entifyingt ropy, er 0
orientation, cl’@racme*hetnefhofsnt'mgesm based features is one appr oach to 15 i mge
char act erd zat.i on nt act c fe e. mag/ serve

|
as characteristi émB%% YOC %S?fg re%&%f%lihﬁaga ﬂalagatgl‘]arngqu"é IOQS E@%gg‘% ar ea,

eccentri ci t yconogutérul erherwgdmhe dMympaEYes iaC Midey atrdg ndfi fey:hmb@es nﬁ@mm@ecause
i mages are often perturbed, O#ﬁh as during transm ssion,

characteri stﬁ’%tteﬁ'é SRBNEP aBE OfRE IMsReRnalysi, F‘H’EB‘TEP'?O‘I" ﬁv‘éref‘%ﬁﬂ‘”q'éf‘@b@? ng 20

transfor mat i pige taRBgRsibA aé}ﬁif,%g@t:brgﬂ%cﬂw th ﬂSr'nBCBbt Erfé‘xﬂ%&é‘ﬁ')b%@: Ihagat i on,
scal i ng, sheari ng, conpression, | ncl usi on of noi se, and so on.

Parti cul ar | yProgRessig Entisesl i dvsves Mields pughe rase BS@OMiD| BEYICNEeGilitary
sear chi %We?&;o%g doﬁﬂﬂuﬁxéﬂkﬂé %%”"ﬁg”f“%ave V%y??t@rs%%ne“ stics of the

i mges, used searc y varying results,
however. This t ymiathmigh vsgual rrargeéugeamages MRy lee ehaseaterigedcorthang chmpeer | mage

retrieval . th‘%ﬁ*H?&c%EEOr-b%%%J E{/sftérﬁ gy PO t¥18 Qaéral?SESI e :gmages s

to associate eac nunber fea ur es eat ure
vectors, ead)isbnglmgether lemgesiwrmqthb:y imagesf eddentiyingl thesmomenreppexpyt 0 a

nglem i :c ineg_n geiq' rﬁrﬂs na%k O(ﬂ'%lntatl%ﬁt cyrr&h?rphqgfggm%géseedtf}ég{u?esaig %nQ aBSI%%HJ; ?os
15 image chargctenzat;on Structural and syntactic features of the image may serve
as characteristic parameters. Geometric indicia, such as perimeter, area,

eccentricity, or Euler humber, may numerically identify the image.

Because images are often perturbed, such as during transmission, the
characteristic parameters of the image are ideally- invariant following

20 transformations. Image transformations may include translation, rotation, scaling,
shearing, compression, inclusion of noise, and so on.

Particularly 'in the emerging domain of Internet technology, image
searching may be an important tool. Different characteristics of the images, used
for image searching, may have widely varying results, however. This type of

25 image searching is known as content-based image retrieval.

One technique for retrieving images from a database of images is to
associate' each image with a certain number of features. Using feature vectors,
each image, represented by its feature values, is mapped to a point in an n-

dimensional feature space, where there are n features identified. A similarity



1 21 SEPTEMBER 2005 query is then used to retrieve the inmages tying in a
nei ghbor hood close to the query inmage. |In executing thes@lSERTEABER 2005
gueries, the precision of obtaining the image nay be offset by the size of
the i mage dat abase and the tinme to calculate the 5 various features
involved in the simlarity query. Thus, there is a continuing need for

opti m zi ngquergge theet useaval rateéveoti®. infgiee fiyikle & Bi pHigHyoribdt dwge Doawne ngs
Figure 1 is a block diagramof a binary inmage according to one enbodi nent
of the invBWE¥YdR9%0 Figure 2 is a block diagramof a 4 and 8- nei ghbor hood
according to ong sgbasigBRte eimikhs quiREL iHeNBrefitigh e oBtairindtHe! ke di agr am
of a gray-tone inmage according to one enbodinent of the invention; Figures
4A t hr oughM&l ke eff$st iy hej saggelsthef image dptalase e thadijee &9 ciiryetedhe 15 3
accordi 89 {QiQRGRIRAFVIRRY ifthd HSiids v%hgpn; Fi gures 5A through 5D are
reflected gray code representations of 1t gray- tone inmage of Figure 3
accordi ng to onBwsntherk is@nonginuing eeedfasoptioigindimpgeeetdieval methddsck di agr am
of a system according to one enbodi ment of the invention; 20 Figure 7 is a
fl ow di agram for cal cul ati ngy b é"n;#@e matrix for plural

i mges of the systemof Fi n%r’%%@%ﬁ?ﬁ?t@é one enbodi nent of the

i nvention; and fwaré & ias blpck| gimgeimagelfarm foinary. amageaetegdind etovahal anobi s

di st ance LY e and plural inages of the system of Figure 6
accordi ng F@M@@%Sﬁ%ﬂg%%v }"Hrr@%t of the invention. Detail ed Description

Eul er Minber Tdhigwerd sveblank diaggen fof and-aardh8-alemhiborhbod magedng é@ohe i nage nmay
be ' '

embodiment of the invention;

Figure 3 is a block diagram of a gray-tone image according to one
embodiment of the invention;

Figures 4A through 4D are binary images of the gray-tone image of Figure

15 3 according to one embodiment of the invention;

Figures 5A through 5D are reflected gray code representations of the gray-
tone image of Figure 3 according to one embodiment of the invention;

Figure 6 is a block diagrém of a system according to one embodiment of
the invention;

20 Figure 7 is a flow diagram for cajculating a variance-covariance matrix for
plural images of the system of Figure 6 according to one embodiment of the .
invention; and -

Figure 8 is a flow diagram for calculating the Mahalanobis distance
between a query image and plural images of the system of Figure 6 according to

25 one embodiment of the invention.

Detailed Description

Euler Number
To retrieve an image from a database of images, each image may be
characterized to distinguish it from the other images. For example, the image

30 may be characterized numerically.



characterized to distinguish it fromthe other inages. For exanple, the
image 30 may be characterized nunerically. 2 21 SEPTEMBER22GEFPTEMBER 2005
exanpl e, each binary i mage of a database of binary i nmages nay be assigned
an Eul er nunber. An Eul er nunber of a binary image is the difference
between the nunber of connected conponents (objects) in the inmage and the
number of hol e$or §xamelej paghebinaryTimesElfer datapes of Hinant spegesgnaabe f eat ur e
of the bi VA | er erml

transl ati B%E%P%‘?ng ieéghér@ﬁa%v'ng‘na% ru beérr-és%egﬁa t%garﬁls?? (Q)&rr]réejl? L?%f]eng? t he

bi nary i megtwesn liherauynbenmaf) eorirecregycdmponeptse@bieces) inrtharinidgx aktiphael matri x
20, in whi chlbez%no gb’ ect..pi.xel 12 is shaded, to indicate a binary val ue of
1, while a™ aﬁ Q&?Hb 'B}aﬁ‘é-| 12 is unshaded, to indicate a binary val ue
of 0, & depi ctrd Hulerfiugtbee ida tdidibdical Féund of teinsl imabe.l Th@Gulea

connected conponent . is. a set of, object pixels such that a obj ect pi xel
12 in the @ﬁ’f‘n&r s" ef'}‘?"lsh@"%ri‘ftj'%t“”(jS’f tﬁ‘%ﬁ?t}o'g n@iGRBosFHE #id é‘%%’%&ﬁﬂone

obj ect pi xiginstdnition agt%@%aggoth a 4- nei ghborhood 14 and an

8- nei ghbor hood 18 are depicted in Figure 2. 15 In addition to connected

conmponent's i n thBNBIYnE¥aEe] Hadgey e remesenteth sdpmdhic, Mapike)l ealriy 2fefih ned as a
set of baC\KHiEPUa;hd bXebser $HG Y kgr IxLlofiN fiie set is in
the 4 (or eight R@i gﬁhoshoogggbgﬁd'ﬁgalggag%eg lﬁg%}gggé%%gf&i'xe'f’ of the sane
set antlt hbackeroungd @ixebl2 df ubsieked, cunndipitedt binky valne kb 8eds ldgpicteddmnect ed
conponent . r h_.cal ( r f .t Lxel. ix 20 is
defi ned toﬁétgregl' ﬁvg&h?n%ﬁéqge%&eﬁgé %%égg’;&ﬁ%@%egﬁgg‘ﬂgﬂéﬁﬁégﬁeh 0ﬁol um (or
row). Two ohjes pisgipeedti thptianyt ofecdpivest a2t inctileusatsis (in ahe )eigidqlor dow) sai d to
be neighboring if at ' one pixel. g run is_in the e ght (or four)
nei ghbor ho&d® ”%P‘%i QfePl‘ P L gt piXSL.ﬁz%PF?e tsﬁ@ebfs%ar ?"i 98”16, known
as |, consmnegtbonfiood 11 argl @ 8-aeighiserhoeth) 8 ire ddpictedEin Bgurearber E(1) of the
| TRge f‘.? 'S th?nsgggﬁ&s t%h%onnn%rcrttc)e%r cgr]:'\pcg#enn i(rjxetoe;[ eoqné’ﬁ/ image, in one
embodiment, a hole is defined as a set of background pixels, such that any
background pixel in the set is in the 4 (or eight) neighborhood of at least one
 background pixel of the same set and this entire set of background pixels is
enclosed by a connected component.
20 A run of the i column (or row) of the pixel matrix 20 is defined to be a

" column (or row). Two runs

maximat sequence of consecutive ones in the i
appearing in two adjacent columns (rows) each are szid to be neighboring if at
“least one pixe! of a run is in the eight (or four) neighborhood of a pixel of the
other run.
25 If the binary image 16, known as I, consists of a single row (column) i, the
Euler number E(I) of the image 16 is the same as the number of runs, denoted as
R(i), of the image 16, as shown by the following formula:
E(I) = R(1)
However, where the binary image 16 consists of multiple rows (columns), the
30 binary image, 1, may be divided into partial images, Ii. Further, the Euler number

of the entire image can be found using the following relations:

3



R(i), of the inmage 16, as shown by the following formula: E(l1) = R(1)
However, where the binary imge 16 consists of multiple ro’d SEPTEYBER 2005he
30 binary image, |, may be divided into partial inages, |I. Further, the

Eul er nunber of the entire inmage can be found using the follow ng
relations: 3 21 SEPTEMBER 2005 E(I) = E(I1 u 12) = E(11) + E(12) - E(I11 n
12), and E(I; n |;) Ed) g Ehers @E(Tehﬁraﬂ(b)tﬁélmuhb@ndof nei ghboring runs
bet ween two consecutlve r ows (colé.dfmrlrg?I the (i -1)"" and the ith
rows (colums). 5 According to one dﬁ msht t he Eul er nunber of a binary
i mage is dﬂfdr@@de@mls; hiee dihber ehoegheiringerunt hetveaem b doneeutvibEIWSOf T UNS

for all thth ungqof t he, nei ghboring runs between all
consecut i vgﬁfﬂ%\& 8\9 ?’83)2 t1’?ﬁs) TS QRIS g M pi xel : matrix. Stated

mat hematsi cal |y: AzNoNqu_ﬁ|tE>|)oneTb|TBbdi}nent7the0Euler]nuﬁrVDei(bfVW%ir%d rdgedpnot es the
entire imge._ Thus, by know n @Ethe nunber of runs and _the nunber of

nei ghbor i ngefitesas ihe ﬁé{feb‘?fifér tyvgagdhe sumy plethe merbes aiyens fe(3)) rowsay be
conput ed. EpdighneHidOfheldund Bet@hsahwma%n; %wméaaemyc 33&%&3 pE% &e

extended to gray-tone inages. For exanple, as depicted In Figure 3, a
gray-tone irfgécoBEMsmp! Bie Nepf ebehmattix. | Jioted mat)aemt’mﬂyl x in which each
element 22 is an integer between 0 apd 255, decinal denoting the intensity
of the correspondi ng pixel. TB@u) r#ejj&(noy‘iaj ue of each elenent may be
represented by an 8-bit binary vector (b7, =bb, b5, b4, b3, b2, 20 bi, b0) .

The or ay ! Qfierd fR9%eABiesHHE eRBIPHIAEES 1HGNDy RAdwiRG BRETmIY: RhHtandi sti nct

bi nary I mag
the number of neighboring runs in the binary image, 1, the Euler number, E(I)

may be computed.

Euler Vector
15 The Euler number for binary images may be extended to gray-tone images.
For example, as depicted in Figure 3, 2 gray-tone image 36 may be represented
in an N x M matrix in which each element 22 is an integer between 0 and 255
decimal denoting the intensity of the corresponding pixel. The intensity value of
each element may be represented by an 8-bit binary vector (b, bs, bs, bs, b3, by,
20 by, by). The gray-tone image 36 thus comprises eight bit pianes, or eight distinct
binary images. _
The hYDOthetICrl gray-tone image 36 includes three 8-bit pixels 22a, 22b,
and 22c, each of which represents a distinct intensity value, ‘as shown.
In one embodiment, the first four most significant bit planes (by, be, bs,
25 and by) of the 8-bit binary vector are retained. In essence, four binary images
are reteined. In Figures 4A-4D, the four binary images 18a-18d are depicted,
representing the four most significant bit planes of the gray-tone image 36 of

Figure 3. An Euler number may be computed for each binary image 18s-18d.



The hypot hetical gray-tone inmage 36 includes three 8-bit pixels 22a, 22b,
and 22c, each of which represents a distinct intensity val 19, SEPTEMBER 20050
one enbodi nent, the first four nost significant bit planes (b7, b6, b5, 25
and bl) of the 8-bit binary vector are retained. In essence, four binary
images are retained. In Figures 4A-4D, the four binary inmages 18a-18d are

depi cted, reprigssiet émgodifent, obiforkdSImmitigaithé €art Mikibep fénesh Hindhe
gray-tone jmage 36 of _Figure 3. An Eul er nunber may. be conputed for each

bi nary i megeotgabidhe usPitpipRENVBERCDO®S Pa Bheb&?rb‘édF‘Pfé’t‘?ftEd Har &% e
conput i ng &d}?esgblrhnﬁﬁg ruﬂ@@&rd drey ceRchecRirngy, %, gs,r@gem%cﬁ :he four-bit binary

vector (b7, b5, is converted tO correspondi ng reflected gray
code vector (g7, 96 95 g4), in wh|@h=bg7 = b7 5 ge = b7 e be gs be
(r)b5 ? b5 e b4 where O denote Gxgﬂgiﬂydulo-Z) operation. The result of
the ref ected gray code conversionh is'depicted in binary inages 28a
through 28d of Figures 5A-SD, 10 gespeéibyely, according to one
~enbodinment. It is well-known that for bi nary vector, the correspondi ng
reflected gray code is uni que and 91c35§¥?%a. Accordingly, in one

enbodi ment whideeaEddretesy BORO(moduloc2PlopéraBomr iThkenNebutg bAthe réMmetetimmee, K is a
4-tuple (E7, E6, E5, E4), where E; is the Euler nunber of the_ partial

bi nary i megsle @"VE’F@FHE@EBW%'E binay neass 2B3ehrauch 28d ofgFigures BApBs pondi ng
to 154 herersﬁéé‘tﬁ@%egctﬂ'&%g Q@%ﬁe BB RN atxt Qm%mdwneﬂ%t o a\ﬁzn Thus, in

addition to calcufating an Eul er number for a binary I mage, ul er
vect or for‘v’%ctfg'vél]}&Q%'fﬁépﬁr‘fﬂﬁamr&ﬂﬁ?%@@aﬁ@ﬁl’%@'@@ﬂ%%‘dﬁﬁwﬁéa| ng the four

most si gni {1 caniecuay iBidheARRAnGT: HCEHEARRI0rCOMYEHI Qi er-g- bi

bi nary vector to it éorrespon Ing reflected gray ‘code, uting the
Eul er nunbtenefimage, 2, isec B-topie| (Ext Bl Egriy, whete & @pﬂes&ﬂemnwmer of rthe

characterizi g gy 20€ bMRIFRAUR) HY EHSHane G Q1S 7 UG ELBHERS % OF the
15  the reflected gray code representation of intensity values.
Thus, in addition to calculati‘ng an Euler number for a binary image, an
Euler vector for a gray-tone image may be calculated by considering the four
most significant binary bit planes of the image, converting the 4-bit binary vector
- to its comresponding reflected gray code, and computing the Euler number for
20 each reflected gray code representation.
In characterizing gray-tone images using Euler vectors, the elements of the
Euler vector have, in some cases, a decreasirig order of importance. That is,
elemment E; is most significant in characterizing the image, next is E¢, and so on. .
Further, the ranges and the variances of various elements of the Euler vector
25 widely differ. In such an environment, the Mahalanobis distance may be adopted
to provide a2 measure that captures the similarity and dissimilarity of properties for

features of a set of images.

Mahalanobis Distance

30 The Euler number E;, may thus characterize a binary image. By extension,
an Euler vector §, including four Euler numbers, E; Es, Es, and Ei, may

5



Eul er vector have, in sone cases, a decreasing order of inportance. That
is, element E, is nost' significant in characterizing theliSBRIEMBER{2005%
E6, and so on. Further, the ranges and the variances of various el enents
of the Euler vector 25 widely differ. In such an environment, the

Mahal anobi s di stance may be adopted to provide a nmeasure that captures the
si m | aritychamftenee s giaydeng ymage. pEaperuleresunier Eif awyupe destribed seta of

i mges. Ma obles .0 1 3 e n r. E hus_c acteri ze
a binary i?r%g}@ B‘%}c g@t Z;tr@{]%ﬁe I(r%aa;!‘%laEuallé&egrraj\q) o or%E, EE"R(? lucfilntrtfg ?%u‘gwEul er
nunbers, EmbdeBnerEsEulandectEt, chamyterizatdh nSEFOENVBERaQ96S itbhge attiemdl.ze a

gray-tone i mage, Fach Euler nunber E:. . nmay be descriped as a. "feature" of

the gray-tone %ﬁﬁ%oé'e ".nEgLé%'o\Fc&thgg‘f ge%h'gesefﬁ?blﬂ‘ﬁ ‘?{t?“CF TBhe M58 ment |

Eul er ectigrinchairasdee dataBideon Aneew fidade, ag,biesirg featuresaifineetyi Bvel . Suppose

an Eul er vector, . errg, descri bes features for ea tone imge, 5 K
i Cant b et

ch gray-tone
in an i mag&c % H@(ﬁdif%@e a9 451oRESE  BR%P 'VdéF?‘YﬁgdWEQe'Eul er
vector F.,g rhy becdifipdred td 8xAGf khOMIgheir IhRGPagatabass. dhe Newten recei ved
i mge, (, may be conpared to each. of the images in the i mage dat abase.

Once a matlefoundsimagergtrieyatdyeomrietei eval is conplete. One way to conpare two
things is to Megsuis & diniaBES RENIERNO NEMre H0ifhal DaSBR A CIENt MRy
enl sca s nu ut als

be perforned betwe ars, such | ers, o may be perfornmed
bet weel veRisignes meghserserinmihbg)perifamed dervesadscalerngueh ayegmbers, bite di st ance

et veen ! Mt Bk 3 AfbrAed BEONAN IIBOR, DINIADoN o000 qXEGHE LORY e
conput ed. Accordingly, {Re "dr'st ance bet ween the 't | mEges nmay - be
conput ed. VEstdBuppodistanhe bgtwegen theaget@Osnd & saubnd omede i avirgeits mage dat abase

40. Rather_than. conparing, fpr _a xact .natch, .in one enbodi nent, a
di st ance  Yesieb atey BoransRet Aeafihdy B gEBht bl tie FUR RiasBE My e
dat abase ney/cdgputdcaken. One di stance neasure is known as a Mahal anobi s
di stance neasure. The. WMahal anobig di.stan?e rreasH,re, cal Cg| at es tge

Og ound in atabase 40.

"di stace” bet wHRRPSEHEE fWHEFY, TeEg0d s not e image

Rather than comparing for an exact match, in one embodiment, a distance
measure between the query image 30g and other images in the database may be
taken. One distance measure is known as a Mahalanobis distance measure. The
Mahalanobis distance measure calculates the “distance” between the query image

20  30q and the other images in the database, then ranks the distance resuits. The
smallest distance result is the "match.”

The Mahalanobis distance measure operation is depicted in Figure 6,
according to one embodiment. A system 100 includes a processor 80, an image
database 40 and a Mazhalanobis distance measure 60. The image database 40

25  includes multiple images 30, in which each has an associated Eulér vector, &.
The Mahalanobis distance measure 60 receives each of the images 30 from the
image database 40, and compares them to a query image 30qg, which includes its
own Euler vector, &. In one embodiment, the Mahalanobis distance measure 60
is a software program, executable by the processor 80, for performing

30 Mahalanobis distance measurements between the query image 30qg and one or

more images 30 from the image database 40.

)



20 309 and the other inmages in the database, then ranks the distance
results. The smallest distance result is the "match." The .S

di stance nmeasure operation is depicted in Figure 6, accoraivﬁg S 2005
enbodi ment. A system 100 includes a processor 80, an imge database 40 and
a Mahal anobi s di stance neasure 60. The i mage dat abase 40 25 incl udes

mul ti pl e i mages @it i rblehi50h aaarbinhaso aoneasswimidahent, Babledey edittence | ; K. The
Mahal anobi% Ugitstanc measur,.e 60 recei vgg each of the images.30 fromthe

I mage. dat SHSHRIOND, S Eohiis, SE RS S0BGUERS °f RAE "36HE AILITS nel udes
its own [Hger dytebisy ,40F, .Inl bneneniwitimentant , distaecd/beabianekd saskliet ance
nmeasure 60 is a software rogran‘g execut abl e by the processor 80, for
per f or mi nGCF M Ao ﬁ?%t%é’ﬁf@ié%ﬁ%ﬁ% Hist ek e °B ieH¢ i mage 30q
and one oOfmataRT & theR@esnc3®akuigmd he 1 mage dat abase 40. 6 21 SEPTEMBER 2005
A result table 50, according to one enbodi ment, includes distance

cal cul ati ons d=cheafwgenimages gleinythenitroeldefeberg 8P anar beodlessiisdgers 30 in
the inmg i i re ranked
accordi ngg?%ﬂ{jﬁée)??c%géljig%.t S %Sgseﬁ%&?’l g};?ﬁ‘ e&l@ﬁgﬁﬁ&f&ﬁ%%ﬂeﬁ}éﬁg C’;}esul t

tabl e 50 Esglet hembé&s, gt kah'Es, aindt by refireteah deatorsl caf| the igoay-tdeadinagé 30he i nmages

30 in the,i nage dat gbase ,40 y.he classifie r describhed accqording to

t he Eul ertr(%c acﬁstff'ly.c%aﬁx{gntbqngﬂgrﬂ: '5F. "‘Fﬁ%”%%gs&%c r VEGPrs 'EﬁYg%E nunbers,
E7, EG0 Ebsedatodcadpurertaprelssaness” edtthe @vo vettotdhe Fgr ayentipddcthermgide3® t hey
classify. ,Conve%ti onal | di stgnce measur es between two vectors may be 10
used to cpEre bEMEenYGLERELEY YotVheRR X(RES TOWC BISFENSESR Yex Xifi™8, X+t he

Eucl i deangndliysti@iee hgd YRENIMREIO ¢ %.204 ahd WIeY givén BStHeoflloRIngMENt S, X1,
x2, x3, and x4 and y |likew se has f our el ement s, y1l, Y2, y3, and y4 is

gi ven by EMEUPBI | owing equation: d(x,y) = yl(x,
Yi }' -+{x2-Y,)2+(x2& ¥§§2=+( WSSy 1 he Euclidean

di stance does not provid y God >’ di ? % Recal | that when
charaggeri zi ngqgkéie PPBRorh &R B B)Ei@EFWbEBRce does not provide a very good

distance measure. Recall that when characterizing gray-tone images by an Euler

vector, the elements of the vector have a decreasing leve! of importance. That is,
E, is more importent in characterizing the gray-tone image 30 than Eg; Eg is more
important in characterizing the image 30 than Es; and so on.

20 Further, the ranges and the variances of the elements (E;, Es, Es, and Eq)
of the vector widely differ in their magnitudes. In such an environment, the
Mahalanobis distance may piovide a better measure than the Euclidean distance
for capturing the similarity/dissimilarity properties between the images 30 of the
database 40.

25 The Mahalanobis distance between two vectors, X and y, may be derived

from the following equation: _
d0x, Y)=yl(x-y)" * My * (x-¥)]

where ' represents matrix trensposition. Myc is the variance-covariance matrix

formed by the image feature vectors: X’ = (X3, X2, . . ., Xx) and y'= (yy, ¥z . . .,



vector, the elenents of the vector have a decreasing |evel of inportance.
That is, E7 is nore inportant in characterizing the gray-3o§epTeMBERY 905
than E6; E6 is nore inportant in characterizing the inmage 30 than E5; and
so on. 20 Further, the ranges and the variances of the elements (E2, E6,

E5, and E4) of the vector widely differ in their magnitudes. In such an
envi ronnenty). Hee, (ahal ol 3 ndinstEn dbcrias ap foyindenairib enddx - v ésan e t han

t he Euclidea n simlarity/dissimlarity

properti egﬁz| P%)\j\dﬁégﬁ&t ﬁgnce t%'rg’?%w%%?cﬁég?dat abase 40. 25 The Mahal anobi s

di st ance bet weé'het\»\man@ectayasanoe raauixyqf xyedenbteddes Mvgds ahriddm N metfol | owi ng
equati on: b =[(x -Y) * Mic 1 * (x-Y)) where ' represents matrix
transpomt? erF VM/C is the variance-covariance matrix forned by the image

f eat ure vector Mvc(ﬁ, == wrlancﬁ%fthe u”‘,feéﬂN)e )a,nudxyj (yi, y2 , 7 21 SEPTEMBER
2005 yN). Here %@ \g I X an (n x n) matrix,
and (x - y) is a‘i'?"af'?l” Of)th‘f'rht Elrk?bleﬁbﬁ?:@tt‘W@T'?bl‘ﬁ?‘dﬁhcﬂ is a scalar. The
vari ance- q@yathaA MR (iNpi< 'M&c@f?XThE'Q/Bﬁ&rﬁﬂ—c%%Mﬁe nh&ru@ﬂf%'ué(al% WRbwr X gi ven
by: 5 Mc (i, j) = variance of the its' feature x;, if ]; = covariance
of the |ttﬁ%¢'ﬁ%ﬁ§$@n>€nai@ﬁd jth variable xx if i r | Note that M/C(I, j) =
Mrc(j, 1). TheT}Sacrol—@xb‘E@tﬁeO\‘/éﬂah?%E&/aﬁ%Eé #alx 3F bt @lféa‘?mlé'\%%rs ;Ea%
dlsper5|on mat r i x 0 & Variance: dovar i ance natrix o I mage

- f eat ur® vebeorszndgoard thtocctvheancarararmompatad t Fee voneace ahedeztvee, xpnput ed. The
vari ance C; égature x;, is defined as: Variance (xi)=S,,;z=[Ek., (x;k
-mean (X)) le tY ®there L is the nunber of the observations of the variable
(feature) x;. The feat yaRsn@f(x3=8 g& pe, L rRge )mag/]/gl so be correlated. The
measur e of 15 the correlation bet" any two eatures is known as

covar i ancevhabelas thenwenles of the observations of the variable (feature) x;.

The features of a gray-tone image may also be correlated. The measure of
15 the correlation between any two features is known as covariance. Covariance is
defined as follows:

Covariance (x;, X;) =cov (x,,X;) =[Zk_, (x, —mean (x; ))(x; ~mean (x;))}/L

Once the variance and covariance values are determined, the variance-

covariance matrix, Myc, may be computed. The variance-covariance matrix, Myc,

20  looks like:

6“2 cov(x,, X,) cov(Xs, %, ) ... Cov(X,,X,)
cov(X,, X, ) 8,0 cov(X5,X,) ... COV(X, Xs)
cov(X,,X;) cov(%,, X3) 8,s oo cov(X,,X,)

Mvc=
CoV(Xy, Xn9y)  COV(X5, Xnyy)  COV(X3, Xngy) - -+ COV(Xy, Xinoy)
2
cov(X,,X,) cov(X,, X,) Cov(X5, %) .- 8,n

In Figure 7, the variance-covariance matrix, My, for a database of images

30, is computed according to one embodiment. To illustrate, assume the image

8



- N

defined as follows: Covariance (Xxi,xj)=cov(x"x) =[Ek=, (xk - nmean (XI ))(xjk
-nmean (x,))] /L Once the variance and covariance val ues ar 58 9:?»&

t he vari ance- covariance matri x, Mc, may be conput ed. The 218 EMBER2005
vari ance-covariance matrix, Mwc, 20 |looks |ike: 8X; 2 cov(xz,x,) cov(x31xl)
., cov(xn,x1) cov(X1, X) 8x,2 cov(X3, X, ) ... cov(Xn,x3) cov(x1,x3)

cov(x2, x3 )3 ( )

cov(x3i x( )Ha%é%ge %0 mcgq%g)mgé% %%W% g?a;éé %&/}L‘%& gpég%% tgé , Xn)  8xo

I n Fi gur evéctot, Hg. v%aaha[ﬁde* vavay Eamcederntbuiex  nuMbers E@r Egs, dad, aaludﬁaq,of i mges
is co accordi tQ e .enbodj,ment. To illustrate, assume the

|mage 8 ZW&?P‘PER)%E% %S%greéapaﬁ‘gsg‘agﬁ%‘ﬁcl udes images 30 in which each

i mage 30K has Jife assockabedizhod efatriv 8ol Me, cortpuledfor Blllthe ivegs@0, of SK -

i ncl udes Eul er nunber s EK6, EK5, and EK4 whi ch .consti t ut f eat ures”
of the>i e 93FRESETHE- gﬁ“%fﬁ%f%“tb’mﬁaﬂ}’%{?!ic@%t%q%(w % EEEY| L&ve@Ef or all

the i magesys38moaioo, s bBacLeatimbRsR éOOn&'Wi@ﬁéé%ovaﬁa&'é%é{tnk nm‘ge,530q may be
recei ved by the system 100, as depicted in Figure 6. Once the

vari ance- 68valatednivaagesaueres My cuickly reieved fesired impsasge queri es may qui ckly
retrieved desifed,d ’éﬁﬂ)%ﬁrmén@, %%mb@@%mnééﬂﬁleg&p@'@nm fté??‘? ance
e of

measure 60 conputes t mean aver age each feature o e i mage
dat abase K@a(’rb(Qﬁck\/G‘Z@Q@) of reciBdeaturse of HbeHnage datehase, 46-Bklock dRludes f our

o g BALEE MRS e, s TRPIEEOE Kb AR RECE SBT3
... + F 6)71ejan|cﬂéﬁatxoz(r£ar$e comfplotedr aféallows: .. + E5)/] 15
| JEA=( Ea4+Eb4+Ec4+. . . +E] 4)dEj7 = (B + Eoy + Ecr + . + Eg)i

Hee = (Eae + Eb& +Eg+ ..+ Eje)/j
Mes = (Eas + Eps + Ecs + ... + Ejs)fi
15 Pes = (Eag + Epga + Ecg + ... + EJA;)/J

where j is the number of images in the image database 40.
The featurcs of each image 30 in the database 40 may be correlated. The
_ measure of the correlation between any two features is reflected in the
20 covariance equation, defined above. Accordingly, in one embodiment, the
covariance between features of the images 30 is calculated (block 206). For
example, in the illustreted database 40, the following covariance eguations may
be computed:
cov(Ey, Ee) = cov(Ee,E7) = [(Esy - Me7)(Eas - Mes) + (Eb7 - per)(Eve - Hes) + (Ecy -
25 Pez)(Ees - Mee) + - + (Ey7 - Ber)(Eje - Pes) /3

cov{Ey,Es) = cov(Es,E;) = [(Ea7 - Per)(Ess '_HES) + (Ev7 - Per)(Ebs - Ves) + (Eez -
{7 )(Ees - pes) + ... + (E7 - Her)(Ejs - Pes)1/i

30  cov(E;Es) = cov(Es,E7) = [(Eay - Uer)(Eaq - Hea) + (Eb7 - Per)(Eba - Hea) + (Ec7 -
Pe7)(Eca = Pea) + ... + (E7 - per)(Esa - Pea) 1§

cov(Eg,Es) = cow(Es,Eg) = [(Eas - Pee)(Ees - Wes) + (Eos - Wes)(Ens - Pes) + (Ece -
Bes)(Ecs - Mes) + ... + (Ejs - Hes)(Ejs - Pes))/i

cov(Eg,Eq) = cov(Es,Ee) = [(Es6 ~ Pes)(Eas - Hea) + (Evs - Pes)(Ebs - Mea) + (Ecs -
Pee)(Eea - Hea) + ... + (Ess - Hee)(Esa - Pea))/j
9
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where j is the nunber of inmages in the imge database 40. The features of
each image 30 in the database 40 may be correlated. The neASEFPEMBER®O0S
correlation between any two features is reflected in the 20 covariance
equation, defined above. Accordingly, in one enbodi nent, the covariance
bet ween features of the inmages 30 is calculated (block 206). For exanple,
inthe illustrated database 40, the follow ng covariance equations nay be
conput ed: omNEsiEL) &' @)(Es, lepw([BRs Efs)Eul-(HeD 7+ (Edk I ) (EEASes) PER)s -+ (EL7 -

PE7) (ED6 - MBEEG) pta) (EL7+ (BBPER)ERCQIIPES) + ... + (Ej7 - 1JE7) (Ej6-

PE6) 71] cov(E7, E5) =, cov(ES5, E7) [(Ea7 - PE7)(Ea5 - IDES) + (Eb7 -

PE7) ( Ebd Th@ErS)anénr(eESkomp’&ﬁHﬂEgé b&@@en ELRERumbers E; and( EJE -anB~EE7E7( B 5 -

| JE5))1j cov(E7, E4) = cov(g r%g{:_ [(47 - PE7) (Ea4 - |JEA (Eb7 -

PE7) (Eb4 - @bFy EeafEFs Es angin) e Bs andpimg) The covarfance s gssoci (TE]U& _ PE4))I]
cov(E5, Es) ¢ (Eog E{;‘g@\EQ% B5), [agggg on | JE6) (Ea5 - IDES) + (Eb6 - PEG)(Eb5 -

| DES) +(Ec6- ... +(Ej6 - 1JE6)(E 5 - PE5)3lj 35

cov( E6, E4) = cd‘{P('\EmaE@)e ﬁarpa(ngwnd cpesbaoﬁ%xarekm for theEheatures JZ6FbEb4 - PE4)

+ (Ec6 - ) 6)(E j SEPTEMBER
2005 cov( e %fob\L/‘% Eﬁg%es?atab?sﬁf@g{ V@éﬁ%zﬁ%é’cﬁéﬁgﬁ 'Je‘)ﬁbs E5) (Eb4 -
PE4) +1Q E~53mpLWE5)3(cEcd1ng tcPEAQ embodxmemt (HEpdk 208).1 By (Ejatebagebf)imbgds 5 The
covari ance ted a ul 7 and E5, E7
and E4, EGC%ﬁ%&%gggéﬁmgng”l gStﬁﬁd'aEﬂmeﬁ%aréa&?Srwgtﬁ'ée 1'%%s0ci at i ve.
Thus, cov(ﬂde E6) =cov( E6, E, ) and so on. Now that the variance and
covariance are known faqr the features E7, 'E6, ES, and E4 of the i mage

dat abase 40, the var iSice- covaﬁb\e(ﬁe,éyhatrtw(lw& hayC@éElﬁf7donput ed
according to one enbqgd|fent y(blsoek 208). ta i mages
characterized usMpg uldg’ \fgct SFE K, t he vzérﬁ aﬁze gg?/(gﬂaf%ce matrix Mc

| ooks i ke: cov(E,,Es)  cov(E,,E Ogs cov(E,,E;s)

cov(E,,E;)  cov(E,, Eq) cov(Eg, E,) 6E42

Computstion of the variance-covariance matrix, according to Figure 7, is thus
15  complete.
Once the variance-covariance matrix, Myc, is known, the Mahalanobis
distance may be measured between a query image 30g and one or more images
30 in the image database 40.
In one embodiment, the Mahalanobis distance is computed according to
20  the flow diagram of Figure 8 (block 302). First, a difference between two vectors
is calculated. Each vector includes feature information for a given image 30. For
example, where the Mahalanobis distance is sought between the query image 30q
and the image 302 of the image datebase 40, the difference between the Euler
vectors &5 and & is calculated. The difference between &5and &; is:
(Eq7 -E)
(Eqe - Eae)
(Eqs - Eas)
(Eqe - Eas)

25 (5 - B) =

Likewise, the transpose (&, - &)’ is as follows:
10




M/c = E72 cov(E7,E5) cov(E7,E5) cov(E7,E4) cov(E6,E7) SE6 2 cov(E6, E5)
cov(E6, E4) cov(E5,E7) cov(E4,E ) cov(E5, E6) cov(E4, E6) OBIZEPTREMEBERE2005
cov(E5, E4) 5E42 Conputation of the variance-covariance matrix, according to
Figure 7, is thus 15 conplete. Once the variance-covariance matrix, Mc,
I's known, the Mahal anobis distance may be nmeasured between a query inmage
30q and one or nore images 30 in the inmge database 40. |In one enbodi nent,
t he Mahal anobi s di &;aRge=i[¢cohplt(Bd -deoo (i nG=sD,dEq20EL)ie f 1 ow di agr am of
Figure 8 (block 302). First, a difference between two vectors is

cal cul at ed. Eamuiﬁoeaaﬂ)orto icnmpuigeth e Mehtlanebis Wfsmmtﬂeomeémrm@eg?%endi mage 30.
For 25_exanp g wher e h,e hal anobi sﬁgl st%ctg I S soug bet ween the query
i mage 30q °”\§r? 6 dMPIREge” JA D Medredst t B5aEXE28). % ttilTS @ PPSF ence

bet ween t kevdridh@ matl'ﬁ@tM{,ESorEM@@U 1Ecalcul§te@8(|bfbdka_§cﬂ§i THe irdkbisk effenee bet ween
(err) and Eis: L ii ). Sa) (Eq6 -Ea6) (Egs - Eas ) (Eq4-Ea4)]
Li kewi se, Mayex k’lyqdﬁgii@g@teéPACOId'Eg tg kngwp BENGRIRS: ows : SR

From these operations, the Mahalanobis distance may be calculated (block
306). For example, using the query image 30q, the Mahalanobis distance may be
10- calculated between the query image 30g and one or more of the images 30 in the

image database 40, as foliows:

d(&, &) = (& - Ea)'*Mvcl*(tq &)
d(Es, &) = (&~ &) * Mvc * (5 - &)
5 (&, &) = (& - Ec)'* Muc™ * (& - &)

d(E &) = (G- E) * M * (& - §)

20 - In one embodiment, the Mahalanobis distance measure 60 ranks the
distance calculations in order from smallest to largest. Accordingly, the‘ﬁrst entry
into the result table 50 is the closest match for the query image 30g. In one
embodiment, using the Euler vector as the representative image feature and the
Mahalanobis distance as the closeness measure, the desired image is found to iie

25 at minimum distance.. Noisy and compressed versions of the query image 30q
have next higher rank in the result table 50, |

In some embodiments, the various features used to characterize the
images 30 may not be equally important for retrieval. In such a case the
elements of the variance-covariance matrix, Myc, may be multiplied by a suitable

30 weight factor according to the importance of the corresponding feature.

For very large databases, computing the distance from the query image
30qg to all other images 30 in the database 40 may take substantial time. Thus,
ranking and, in turn, retrieval, may be undesirably siow. To obviate the problem,

multi~-dimensional search techniques may be employed to retrieve a subset of

11



10 21 SEPTEMBER 2005 (FA - Fz)' = [(Eq7 - E87), (Egqs - Eas), (Eq5 - Ea5),
(Eg4 - Ea4)) Additionally, to conpute the Mahal anobi s di st2ArfFPTEMBER 2005
imge 30g and 5 any of the inages 30 in the i mage dat abase 40, the inverse
of the variance- covariance matrix, Mc, or Mic', is cal culated (bl ock
304). The inverse of the matrix M/c is calculated according to known
princi pl ednages pfiggnin Hees Beighkarheed A thet aeervimatedehiis thit &BANESPIREY be

cal cul ate ; j ' t he

Mahal anob?gr(@gg%ﬁrcog%%trgegéroﬁééécgé+'§cﬁ?%%@gg%%€&e #ﬂ{? %gle uerg/rﬁémrr%e 30g and
one or noles sbsetrely.nages 30 in the inmage database 40, as follows: d(-~q,
Ea) = (Fg - Fa) ' * Mvc¢' * (Fg - E,a) d(Eq, Fb) = (Ea - Fb) ' * Mc' * (FA
- ~b) d(Fg, Fc) = (Ea - E~)' * Mc' * (Ea - E,,) 15 d(E

i ) =(Sq5 ~) RédecTreéd-, g- Ed) 20.1n one enbodi ment, the Mahal anobi s di stance
nmeasure 60 ranks the distance calculations in order fromspallest to

o gest. AccorRHyME mERE HENTGLeS AL shlel A B dite 5 de 11 € SEPE80 A 5 t he

cl osest nedqubntiadrsebt SRUEHeY dAtBAR: ¢ ockll, ANBaste MR ni®Nbe ubsd Bed t he Eul er
vector as, the representative i mage feature and the Mhal anobi s di stance as

the cl osePiBeY SRicEURENIGYSE TRYsPe eaPionedics emBissd A BNl 28 i@ Jetdhi num

di stance. striigirsY1se8%orC SBRIGRS F&HOVAR " SHdWEBrPingt EYEItHE Y a Id3RO&t 3Oty have next
higher rank in the result table 50. I'n some enbodi nents, the vari ous

feat ul®s (RsBerttle WBRdMageesP Je thadmapendgdasd 4hmi inctesibleduand fhe npor t ant
i e, B et S Be e KR b Qe AR 285 8 S ng o
t he i npor inegesinthetdatalmoe respondi ng feature. For very large databases,
cOTPULI 10 e 8 G Rl R" B° BN RS o ek BSOS, 20 1T
retrieval stormy the iadesi3tabl hes Inowti-difterslovibiateartihergy birail efficient
15  retrieval of the images 30.
In one embodiment, images are stored in the binary tree at random.
Sometimes, however, the data is not inserted into the binary tree in random
order. The performance of a binary search, therefore, may be less than optimal.
The binary tree-may be “rebalanced” after each insertion or deletion of data.
20  During rebalancing operations, the nodes of the binary tree are rearranged using
rotations. Typicaily, these rotations minimize the height of the binary tree.
Cne type of binary tree is known as an AVL tree (named for its creators
Adelson-Velskii and Landis). -In this particular form of binary tree, rebalancing
ensures that, for each node in the AVL tree, the difference in height between its
25  subtrees, known as a balance factor, is not greater than 1.
In one embodiment, a four-dimensional range tree 62, as depicted in
Figure 6, is used as a data structure for storing the Euler vectors, &, associated
with each image 30 in the database 40. The range tree 62 is four-dimensional
because the Euler vector includes four features, Euler numbers E;, Eg, Es, and Es.
30 Uéing the Euler vector, &, for the query image 30q, the range tree 62 specifies a

particular node. In one embodiment, the Mahalanobis distance measure 60 is

12



mul ti-di mensi onal search techni ques may be enployed to retrieve a subset of
11 21 SEPTEMBER 2005 images lying in the nei ghborhood of t2¢ SERFEMBER Q@05
30g in the feature space. Ranking according to the. proposed distance
measure may then be perfornmed on this subset only. 5 Range Trees There are
many techni ques available for finding an itemin a database. A sequenti al
search of ;Ielnferrdacﬂ dehseemithe quayrimage Hlshandlony Hdwge bmagmdrir@ndt the nary
search techniqu be e as.exa Ies bi t ee | 2 dat a
structure rl?s &d B?‘@?"@%Br%“gsmf'gﬁf%v%q ?émedr r CHT ﬁé E/eé “data set.
Wth 10 r ersqmea@t i detdedingBgresr, 3uch rthirhehé rfmgedd&tnaéoaame4ﬁonn*asttol thedesi rabl e
to find the nga ge 3Q that is simlar to the query imge 30g w t hout

sear chi ng ra"F‘Fh‘? H129€RE- i nages in the database 40. In one enmbodiment, a

mul ti - di-mensi Oﬂ\ﬂ'hlestﬁ@r;ﬁ&ehf @fehtforl P& beELdedcPbed AN feBgect RE al IFRERIS 30. The
mul ti-di mensional search tree permts efficient 15 retrieval of the inmages
30. In oneueHssdvimembodimaaiesthare siilled da the ©re vBi maPjedale aumereUEndom
Sonet i Mes. mfii2KBhs ahdl Gafiftiohs fferlftbm! “ﬁfif]‘irﬁgndéai of BRe B 2 % bafE P random
order. The performance of a BI nary searc t herefore, e less than
optimal . CPHer i mhynmdl‘é@tinaglavbtvanaélbais an caldwithinttee trelacsntntrasérsmn@n or

del etion off Hgg%eian\l%"ﬁfoﬂg rebal anci ng operations, the nodes of the binary
tree are rearranged using 'rotations. Typically, these rotations minimze

t he heioght of the binary tree. One type of binary tree is known as an AVL
tree (naned for its creators Adelson-Velskii and Landis). in this
particular formof binary tree, rebalancing ensures that, for each node in
the AVL tree, the difference in height between its 25 subtrees, known as a
bal ance factor, is not greater than 1. In one enbodinent, a

four-di nensional range tree 62, as depicted in Figure 6, is used as a data
structure for storing the Euler vectors, ~K, associated wth each i mge 30
in the database 40. The range tree 62 is four-dinmensional

3



because the Eul er vector includes four features, Euler nunbers E7, E6, ES5,
and E4. 30 Using the Euler vector, EA for the query i nmge2BSEPTEMBERRIQS
tree 62 specifies a particular node. In one enbodi ment, the Mhal anobis -
di stance nmeasure 60 is 12 21 SEPTEMBER 2005 perfornmed between the query

i mage 30g and only these images |lying at the node, rather than on all

i mges 30 of the range tree 62. The results may be ranked in descending
or der N stjckaét.lh%&.st,he first distance value points to the matched inage 30.
5 V\V‘li‘\‘é]a e rhnesént i nvention has been described with respect to a limted
nunber of enbodinments, those skilled in the art will appreciate nunerous
nodi fications and variations therefrom It is intended that the appended
cllaims  cover alAmsthef comgnsingati ons and variations as fall within the true

spirit and scop of . t hi esent invention. 1 3 21 SERPTEMBER 2005 What
T2 Gl ai e o GeseRbRe AT e S il iR e BTGP RISIIRG of | nmges
| cl ugRgk featuResdahaRaseacaFeMdiiNgh EQlePREmBér; 3 nore features, wherein each
feature is an Euler nunber; 4 receiving a query inmage; 5 conputing a

Mghal anobi s di stesaynHeauRsEimegfe query i mage and one of the 6 plurality of
inages. 1 2. Th n0d |_al wWherein conputing a_ lahal angbi s

dirggt ance bet me‘ﬁorﬁﬁﬁtﬁ%a gfgaggl?qébqlmélgta%%b%wgmo etq’rlqlglypl alggflfl(??/n%?ﬂgﬁages

f g t hprurglRyBf ins@s. 3 constructing a variance-covariance matrix using the
one or nore features of 4 the plurality of inmages; 5 selecting a first
image fromthe plurality of inages, the first inmage conprising 6 the one

ory more featuregy. aithod of claim 1, wherein computing 2 Mahalanobis distance between

2  the query image and one of the plurality of images further comprises:

3 constructing a variance-covariance matrix using the one or more features of

4 the plurality of images;

5 selecting a first image from the plurality of images, the first image comprising

6 the one or more features; and

7 computing the Mahalanobis distance between the first image and the query
.8  image using the variance-covariance matrix.

1 3. The methad of claim 2, wherein constructing a variance-covariance matrix

2  using the one or more features of the plurality of images further comprises:

3 computing the mean of a feature of the plurality of images;

4 . computing the variance of the feature of the plurality of images; and

5 computing the covariance between a pair of features of the plurality of images.

1 4, The method of claim 3, further comprising:

2 constructing the variance-covariance matrix from the computed variances and

3 covariances.

1 5. The method of claim 2, wherein computing the Mahalanobis distance between

o

the first image and the query image using the variance-covariance matrix further comprises: . .

identifying a first vector for the first image, wherein the first vector

HOW

numerically characterizes the one or more features of the first image;-
14



7 computing the Mahal anobi s di stance between the first imge and the query
8 image using the variance-covariance matrix. 1 3. The net hoGEPTEMBERDOS
wherein constructing a variance-covariance matrix 2 using the one or nore
features of the plurality of inmages further conprises: 3 conputing the mnmean
of a feature of the plurality of inages; 4 conputing the variance of the
feature of the plurality of inages; and 5 conputing the covariance between
a pair of features of the plurality of images. 1 4. The nethod of claim 3,
fubt her conpri siiggitifginganpreryetciardor the quenyiiarage-eloeremithe geeryaeciox from t he
copput ed var Lya ces_ and 13 covari a_n?%z. 1 a] The met hod of claim 2, wherein
coggutniuﬁtfnfﬂ RSB Yt e 1P G ehthe SueydMagr<9 rmge and the query
i mage using the MakiAMeeme QUAEIARE BetiRkh | e ikt b@étoxcgﬁﬂ)&mégﬁéry vector to |
identifying a first vector for the first 1nmage, wherein the first vector 4
nuBer ipreducy achfferanteeydckes t he one or nore features of the first inage;, 14
21 SEPTEMBER 2005 5 identifying a query vector for the query imge, wherein
the query vector 6 nunerically characterizes the one or nore features of
the query igrage; miafefiod 8f EMIAE] ABmENG@lidsif.ence between the first vector
and the query vector to 8 produce a difference vector. 1 6. The nethod of
cl2i m5, furthemclophing ity differendet veotoyi ng ab hevelisé fofrtbe caruectorvabignan
inyerse of .the variance-cqvariance .3 matrix to produce an internedi ate
resul tn;"at’a?‘l&oHroﬁﬂ?‘??lb?@?rﬂ’ﬁg’fa%ereﬁﬂﬁépﬂedi ate result by an inverse of the

di 4f erence vect Ghultiplying theenteRhétRste Psult b9l ibverb bt 16 FQEBRIE Rcfog: 2
storing the features 'of the plurality of “images in a range tree. 1 8. A
system conprising: 2 a processor; 3 an inmage database including plural
i mages, ea of A.he_ i e escrih . 4.according to one or nore features
wherein ea% fea htfr%elggggﬁd v g,rfugﬁgrbcgﬁprgw. , _

2 storing the features of the plurality of 1images in a range tree.

1 8. A system comprnising:
2 a Processor;
3 an image database including plural images, each of the images described
.4 according to one or more features wherein each feature is an Euler number; and
‘- 5 a maclhine-readable storage medium comprising a software program, that if
6  executed by the proééssor, is effective to receive a query image, to compute a Mahalanobis
7  distance between the query image and one of the plural images and to retrieve an image from
the database.
J 9. The system of claim 8, wherein the software program, if executed by the
2 . processor, is effective to:
3 construct a variance-covariance matrix using one or more features of the plural
4 1images in the image database.
1 10.  The system of claim 9, wherein the software program further computes the
2 Mahalanobis distance by:
3 computing the mean of one or more features of the plural images;
4 computing the variance of one or more features of the plural images; and
5 computes the covariance between pairs of features of the plural images.
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5 a machi ne-readabl e storage medi um conprising a software program that if
6 executed by the processor, is effective to receive a quesysEPREABERR005
conput e a Mahal anobi s 7 di stance between the query i mge and one of the
plural images and to retrieve an image from the database. 1 9. The system
of claim8, wherein the software program if executed by the 2 .
processor, is effective to: 3 construct a variance-covariance matrix using
one or More features of the plural 4 images in the inmage database. 1 10.
THe systembf clhesygemviferlainm 1@ heheroint tharseftpersgpragrany fatwr coompptesdbet he 2

al ﬁ%ﬁql S .di .tgn%ebb.y: 3 conputing the nmean of one or nore features of

e p ﬁfnﬁ’%éléa‘,n 9 X'orrputi ng the variance of one or nore features of the
plaural images; ﬁi%ﬁtiff%%%@éteﬁnat eop%aﬁmglmaﬁs&ée?%epahrﬁleOﬁrsi Qﬁltagé es of
the plural imges. I5 21 SEPTEMBER 2005 1 11. The system of claim 10,
wher etamprisgs sdirsteactorprlogh amnerealheeharapigyizes thet dne ormineHastaresioif ghedfisst ance
by 3.identifying a first imge of the inage database, wherein the first
i mage™%cMhrises a first vector which numerical |y characterizes the one
org nore featur ?ﬁeﬁfifﬁﬁ% al hh&Yy veetdr"Rgahe a;rﬁ@rﬁiﬂag@eptwﬁewﬂgme KLY WettBEt OF
for the query imge, erein the query vector nunerically characterizes
t He omenencafiychafacEtiaeside ofie phwmorpiteaiprésafdhe query Pnagkhe system of clai m 11,
wherein the software program further conputes the 2 Mhal anobis di stance
by: 3 calculating a difference between the first vector and the query
vector to 14 prodeGestamdefl dISHENELwHEeinOhe sBftthare Frdkfbth FkIY cdthpuféanse of
the difference vector. 1 13. The systemof claim 12, wherein the software
priogr Mehtlapehiedistasepbiyes the 2 Mahal anobi s distance by: 3 multiplying the

diBf ference vect lec@ig{jmg "} hﬁ?’e%r?c% Qéctwtegne tﬁ/ea rﬂrgnggc_tgrma/naé if { %%ery vector to

4  produce a difference vector; and

5 calculating an inverse of the difference vector.
1 13.  The system of claim 12, wherein the software program further computes the
2  Mahalanobis distance by: '
-3 multiplying the difference vector and an inverse of the variance-covariance
! 4  matrix to produce an intermediate result; and
5 multiblyin g the intermediate result by an inverse of the difference vector.
1 14. An article comprising a machine-readable medium storing instructions to
2 . enable a processor-based system to:
3 describe a plurality of images included in a database according to one or more
4  respective features, wherein each feature is an Euler number;
5 receive a query image;
6 compute a Mahalanobis distance between the query image and one of the
7  plurality of images and retrieve an image from the database.
1 15.  The article of claim 14, further storing instructions to enable a processor-based
2 system to:
3 construct a variance-covanance matrix using the one or more features of the
4  plurality of images;
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4 matrix to produce an internediate result; and 5 nultiplying the
internediate result by an inverse of the difference vect or21 SERFEMBER 2005
article conprising a nachi ne-readabl e nmedium storing instructions to 2
enabl e a processor-based systemto: 3 describe a plurality of inages
included in a database according to one or nore 4 respective features,
V\/nerei n each feature is an Euler nunber; 5 receive a query inage; 6 conpute
hal anobi s di stance. het weep th er e a of the rality
B oD O e ot ST BE B 15 a8 ol
cl & M ddb orf bl TBItuREOIdNg i nstructions to enable a processor-based 2
systemto: 3 construct a variance-covariance natrix using the one or nore
f eat ures of the catnplltgrth#: |M§hadﬂn0bmagl@@nCQGelE@e$Bh¢ENBEan5n$ thelquey a
f|r lnm%%efrg{pthe ural:t% rrages the first inmage conprising the 6
dspgApq ymanteiavananee Ma- t he Mahal anobi s di stance between the
f| rst i mge and the query 8 inmage using the variance-covariance matrix. 1
16. The article of claim15, further storing instructions to enable a
pr dcessor - bi&ed The sxisleayhclaim 13, 8utheusteringmshraetions fto engbleiz prosesspr-based
al it .images; 4 conpute the variance of the feature of the plurality
maa'é‘éem hd 5 conpute the covariance between a pair of features of the
pl wality of inag@ﬁ%utéthbﬁneéﬁhﬁa&eﬁmfdﬁtﬂépmfaaitﬁbﬂﬁaagés;rther storing
instructions to enable a processor-based temto: 3 construct the
vard ance- covar i afRIBPYathe Karippeeratt tth@feémef@epﬁaahta@é@nm and covari ance. 1
18.5 The article E’ézn ;g Heé‘ nc]%tZ%nin‘é 06 Feeri b Palr 'S¢ fdaATes BFthk Pl ARk, 2

pr ocessor - based

1 17.  The article of claim 16, further storing instructions to enable a processor-based
2  system to:

3 construct the variance-covariance matrix from the computed variance and
4  covariance.

1 18.  The article of claim 17, further storing instructions to enable a processor-based
2  systemto:

3 identify a first vector for the first image, wherein the first vector numerically

4  characterizes the one or more features of the first image;

5 identify a query vector for the query image, wherein the query vector

6 numerically characterizes the one or more features of the query image; and

7 calculate the difference between the first vector and the query vector to
8  produce a difference vector.

1 19.  The article of claim 18, further storing instructions to enable a processor-based
2  system to:

3 multiply the difference vector by an inverse of the variance-covariance matrix
4 to produce an intermediate result; and

5 multiply the intermediate result by an inverse of the difference vector.
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3 identify a first vector for the first inmage, wherein the first vector
nunerically 4 characterizes the one or nore features of tid SEPTEIMBERGE05 5
identify a query vector for the query image, wherein the query vector 6
nunerically characterizes the one or nore features of the query inmage; and
7 calculate the difference between the first vector and the query vector to
8 produce a difference vector. 1 19. The article of claim 18, further
storing instyucti-Qns. t | e -.hase S tQ: lLtiply
theﬁdi ffer er%r((,)'e VecC eoarrt"gf/%g?}g}nﬁ\}%@{étg%f&?s’ﬁ{eg 15§Hc lﬂrcl%t-oc%ééféi apr{gges?%%ﬂrérséd 4 to
produceysemitet er nedi ate result; and 5 nultiply the internediate result by
an inverse of the difference vector. 17 21 SEPTEMBER 2005 1 20. The article
of &laim 19, f urtstee thetfeatureg of tha pluralinoeidmagessffRBE&®R: ocessor - based 2
systemto: 3 store the features of the plurality of inmages in a range tree.
18
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