A METHOD FOR UPDATI NG A 2 DI MENSI ONAL LI NEAR DI SCRI M NANT ANALYSI S (2DLDA)
CLASSI FI ER ENG NE FI ELD OF I NVENTI ON The present invention relates broadly
to a met wo 2bovoeegsdat i ng a 2 di mensional |inear discrinPoarsG2anabysd s
(2DLDA) classifier engine, to a 2 dinensional |inear discrimnant analysis
(2DLDA) classifier engine and to a nethod and system for selecting sanples
froma pool conprising a plurality UB: abel ed sanpl es. BACKGROUND Pri nci pal
Conmponent Anal ysis (PCA) and Linear Discrimnant Analysis (LDA) are popul ar

tools for di AEMIEPHOT®OR UPDATINGAALZ DIMENSIONAL IHNEAR . one common
difficulty DISCRIMINARTPENALYSIBIOL DR cIASEHIERENAINE | onal sampl e

Is presented, the systemhas to alning acquirred in the past
and repeat the learning process fromthe beginning. On the other hand, the
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Upded eSahd SsybRA Mo 8ei¥tingOsdmpiay i it # do%P%@thﬁn&_Lg rpﬁﬁ%lit%rlﬁiléﬁé?&j sanpl es.
To achi exfiplebi s, several "existing methods pertormincrenmental PCA (1 PCA)
| earni ng by updating the eigenspace nodel s. However, all these nmethods have
only coBaiCkGROUNDHI ng exactly one new sanple to an ei genspace nodel at a
time. One inproved approach is a method of nerging and splitting eigenspace
noded s that Biihdpss Campbinstk Aadlysie(PGANEHdASndap Dirim@ahiatalydis ADW)2ed e St ep.
| ncr enepéaliart teois dor BiGknsias redustioheed fagipld edraciorobj@ivet, Iodekid@mon
appl i catiffcoy in@simgshePCAraht 0DAUS tat ahetavel omeeadditivaalrsastpRsigateseheal ni Ng
al gori t then ssieri haw de|dscaddethappeEing racquiciaingas pakt and asgat thy idangngenent al |y
| ear ni ngroaessofierortbe begiamisgrOm ithgee nthpa tend, dhe abitiytiatupdatet the alighimadapt | vel y
updad i ngigenspasamith dgiteampatatior ingtaadas ifigl reAraiomgisrcrasy de Lisinf ROA atd ng
LDA- baskldAdn tpai-iimé fase irecophition seoniipriigj erguheiilaived appli@ioosposi ti on (SVD). Due
to the difficulty of designing an increnental solution for the eigenval ue
probl em on t Wersmanérl dearaing seat prevideea wagesutiaf thgbovherebléms Ibeech [ittl e
wor k_ onlegedig SehRNS. ribe deasAinal SYBBIN. a0y deing hprssentest with | new draining deteenrent al
|i ngar BPYRes 1§ IRRMINcaWEngps ihaving tosguseethh cygeMaEining sambleedTe @chievre
cl assi f EappEHalgistag methods p  ingrgmegtehpA &P Cav laarmpg Wh Hiedatingdke QR
deconpoSEENHIce MKels. Hpwaves\a) thege fpatihods have only considered adding exactly
" one new sample to an eigenspace model at a time. One improved approach is a method
. of merging and splitting eigenspace models that allows a chunk of new samples to be
30 learned in a single step. Incremental tensor PCA has al§o been applied in object tracking
applications. One such method uses an on-line tensor subspace learning algorithm
which models the appearance changes of a target by incrementally learning a low-order
tensor eigenspace representation through adaptively updating the sampie mean and
eigenbasis. '

35

A common aspect of existing LDA-based algorithms is the use of Singular Value
Decomposition (SVD). Due to the difficulty of designing an incremental solution for the
eigenvalue problem on the product of scatter matrices in LDA, there has been little work
on designing incremental LDA algorithms. Recently, some incremental linear
40  discriminant analysis (ILDA) methods have been used for the classification of data
- streams, for example, an ILDA which uses QR decomposition rather than SVD. Another
method focuses on specific features that best discriminate the data so far, and an ILDA
is based on directly updating the between-class scatter matrix and within-class scatter
matrix. However it should be noted that the above ILDA methods use data that is
45  presented in vectorised form. Thus, a limitation of the above methods is that the chunk
size (the number of samples to be added each round of update) cannot be too large
because the memory cost may become relatively too high. Although the large chunk size
problem can be solved by partitioning a big chunk into several smaller ones and perform
: ILDA on these smaller chunks, the computational complexity may stiil be high.
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35 The first approach that attempts employing patterns in a matrix form in
pattern recognition was applied to character recognition. There has also been a
unilateral 2DLDA. More recently, a 2DLDA + LDA method for face recognition has
been introduced. Also, there are some further extensions on 2DLDA to solve the
small sample size problem, for example, a bilateral 2DLDA as described in [H. Kong,

40 L. Wang, E.K. Teoh, J.-G. Wang and R. Venkateswarlu, A Framewdrk of 2D Fisher
Discriminant Analysis: Application to Face Recognition with Small Number of Training
Samples, Proc. CVPR 2005, pp. 1083-1088], and a realtime 3D face recognition
system based on the 2DLDA features as described in [J.-G. Wang, H. Kong, E. Sung,
W.-Y. Yau, E. K. Teoh, Fusion of Appearance Image and Passive Stereo Depth Map for

45  Face Recognition Based on the Bilateral 2DLDA, EURASIP Journal on Image and Video
Processing, Volume 2007 (2007), Article 1D 38205, 11 pages doi:10.1155/2007/38205],
the contents of which are hereby incorporated by reference. However, all the 2DLDA
methods discussed above do not consider incremental subspace analysis. Thus, the
computational complexity may still be very high.
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A need therefore exists to provide method for updating a 2 dimensional linear
35 discriminant analysis (2DLDA) classifier engine and a 2 dimensional linear
discriminant analysis (2DLDA) classifier engine that seek to address at least one of

the above problems.

40 SUMMARY

in accordance with a first aspect of the present invention, there is provided a
method for updating a 2 dimensional linear discriminant analysis (2DLDA) classifier
engine for feature recognition, the method comprising the steps of:

45 providing one or more sample images to the classifier engine, the classifier
engine comprising a plurality of classes derived from a plurality of training images
and a mean matrix of all images;

updating the mean matrix of all images based on the sample lmages

updating a between-class scatter matrix based on the sample images; and

50 updating a within-class scatter matrix based on the sample images.
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sorting the unlabeled samples in the pool according to their distances to a
respective nearest neighbour,
30 selecting the sample with the furthest nearest neighbour for labeling; and
updating the 2DLDA classifier engine based on the labeled sample.

:;'—

The updating of the 2DLDA classifier engine may comprise the method of the
first aspect.

35
The method of the third aspect may be applied to face recognition.
The method of the third aspect may be applied to face age recognition.
40 The face age recognition may comprise determining whether a face belongs

{o one of the groups cdnsisttng of children, teen age, adult and senior adult.

In accordance with a fourth aspect of the present invention, there is provided
a system for selecting samples from a pool comprising a piurality of unlabeled
45  samples for active learning, the system comprising:
means for applying a 2 dimensional linear discriminant analysis (2DLDA)
classifier engine to the unlabeled samples;
means for sorting the unlabeled samples in the pool according to their |
distances to a respective nearest neighbour;



In accordance with a second aspect of the present invention, there is
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r ecognimeipad comerising éheagjers et ogni ti on may conpri se deterni ni ng whether a
face bel ongsPreydipaensfortmeregsaipis ivgass & fMegclessifignianginen the elapsifigle, adul t
and 5s erfnsinsn @YMPrising, a bl 01 dasge Heaved fiefa adpalily obfraining pagssnt
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conpri si ng aRseliraieryedt MaH A &l daagenprses adhe SBPRIMAE8F Ay, the system
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comprising the steps of; . , L
25 applying a 2 dimensional linear discriminant analysis (2DLDA) classifier
engine to the unlabeled samples;
sorting the unlabeled samples in the pool according to their distances to a
respective nearest neighbour,
selecting the sample with the furthest nearest neighbour for labeling; and
30 updating the 2DLDA classifier engine based on the labeled sample.

BRIEF DESCRIPTION OF THE DRAWINGS

35 Embodiments of the invention will be better understood and readily apparent
to one of ordinary skill in the art from the following written description, by way of
example only, and in conjunction with the drawings, in which:

4 Fig. 1 (a) and Fig. 1 (b) show graphs of face recognition accuracy against the
40  number of the incremental learning stages on the Olivetti Research Laboratory (ORL)
and Extended Multi Modal Verification for Teleservices and Security applications
(XM2VTS) databases respectively when new samples are sequentially added {o a

face recognition system according to an example embodiment.

45 Figure 2(a) and 2(b) show graphs of classification accuracy against number
of new samples using chunk Incremental 2DLDA on the ORL and XM2VTS
databases respectively according to an example embodiment.

Figures 3(a) and 3(b) show graphs comparing the execution times between -
50  baich 2DLDA and sequential Incremental 2DLDA against the number of learning
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according to an example embodiment.

25
Figure 10 shows sample unlabeled images in the pool according to an
example embodiment.

Figure 11 shows a graph of classification accuracy versus the number of the
30 selected samples according to an example embodiment.

Figure 12 shows a flow chart illustrating a method for updating a 2
dimensional linear discriminant analysis (2DLDA) classifier engine according to an
example embodiment.

35

Figure 13 shows a schematic diagram of a computer system = for
implementing the method and system for updating a 2 dimensional linear
discriminant analysis (2DLDA) classifier engine according to an example
embodiment. : '

40 - A
Figure 14 shows a flow chart illustrating a method for selecting samples from
a pool comprising a plurality of unlabeled samples for active learning, according fo
'~ an example embodiment. - : '

45
DETAILED DESCRIPTION .

Embodiments of the present invention can provide an exact solution of
50 Incremental 2DLDA for updating the discriminant eigenspace as bursts of new class -



(XM2VTS) dat abases respectively when new sanples are sequentially added to
a face recognition systemaccording to an exanpl e enbodi nent. Figure 2(a)
and 2(b) wbaomogrwagsRs of cl assification accuracy agai nst PaUsicee09®Ho4LW

sanpl es' usi ng chunk I ncrenental 2DLDA on the ORL and XM2VTS dat abases
respectively according to an exanpl e enbodi nent. Figures 3(a) and 3(b) show
graphs conparing the execution ti me? bet ween batch 2DLDA and sequenti al

I ncrenmental 2DLDA agai nst t he numnbe | ear ni ngst ages usi ng ORL and XM2VTS
dat abas@sa rcempeit satpbbitizNg CTRGH, N8 Ib@tv@@n%)e&m:drﬁ aitedias® MatrbFcgnines 4(-a) and
4(b) sheaagaphheCexmpadié EndddnePie GithdLd Mmbidhmescahelizties MmbatversicL&A and
chunk lineeeernat abL PRI A ddschitad for swe ltagds: Sddesneagan ampiehet ongreep of new
sanpl es(seqientialkid adimXfevaiSotateabasgse atespextdp (¢hlink).accordi ng to an exanpl e
enbadi ment. Figures 5(a) and 5(b) show graphs conparing the nmenory costs of
sequenti al |3dife grticsequoirthe alestripbore nerictal folbBisDArau sxplgitRbr amgiickiy2VTS

dat abasgssantépant feuwss yofaelgoritimsgand famtierzinpt esyermbliclirepasentdiogarels 6(a) and
6(b) sheperafioaphs datapwaitiing chepwenbrenangstiesef algorithikic! dddriptiogs cangnk

i ncr enefnetion2IDirBambslin tepGRIEntatichsXVE VSmganabersbby thesp elstiddsislthe deteor ding to
an ¥xanppeessing @b ie penverimast effectiviioihe sebeipragraithdinwasta ethersgrilledinFur t hest
Near est thRierigAp elaoriths isdieracrdragnergit soraeiveddnpea wiftronsinentseapegre 8 shows
a flow Qfﬁéﬁpﬁ l¢adnngstpreedqsrs eeskbtThe Glape Areifess eequisiag RhyripahmebiPdRieNSt 0 ah
exanpl eSferfysign!rstantitigs; gs gleslyica)( MRoRgiisPr HER SignMsgEpable aftheNtour age
grgﬁs veregdeansipgieg. "r‘%ﬁ ﬁ@mP‘%fe‘ér?”gﬁﬁ‘r?ﬁ‘i‘"éeéTﬂﬁ‘!f’Hlaf% . F| gur e 10 shows

sa e unlabeled |na es in the ool accord to an exa | e enmbad nent
Figure 11 s 'V(ﬁat%q%tg 5S¢ q %F%a@m@wéww of the
sel ect e?Pp§ ,, ‘ Breéﬁ &t O'é vvs a flow
chart i | %i‘ H%‘?%ﬁ@ *| 'PW%‘%‘“

d| s S B anmpl e

g tE? a9 ?
| mﬂﬁ‘ﬂa i’lsmg ang’ %Q% ”'é;%‘ F (g g? t Fepa{e%%‘ u?seﬁ’hyé g em for
Jdbi kb e R iy e

S “(%9_ aéco di tnag fnss n exanpl e
25 The present specification also discloses apparatus for performing the operations
of the-methods. Such apparatus may be specially constructed for the required purposes,
or may comprise a general purpose computer or other device selectively activated or
reconfigured by a computer program stored in the computer. The algorithms and
displays presented herein are not inherently related to any particular computer or other
30 apparatus. Various general purpose machines may be used with programs in
accordance with the teachings herein. Alternatively, the construction of more specialized
apparatus to perform the required method sieps may be appropriate. The structure of a
conventional general purpose computer will appear from the description below.

|er engi n

35 in addition, the present specification also implicitly discloses a computer
program, in that it would be apparent to the person skilled in the art that the individual
steps of the method described herein may be put into effect by compuier code. The
computer program is not intended to be limited to any particular programming language
and implementation thereof. It will be appreciated that a variety of programming

40 languages and coding thereof may be used to implement the teachings of the disclosure
contained herein. Moreover, the computer program is not intended to be limited to any
particular control flow. There are many other variants of the computer program, which
can use different control flows without departing from the spirit or scope of the invention.

45 Furthermore, one or more of the steps of the computer program may be
performed in parallel rather than sequentially. Such a computer program may be stored
on any computer readable medium. The computer readable medium may include
storage devices such as magnetic or optical disks, memory chips, or other storage
devices suitable for interfacing with a general purpose computer. The computer readable

50 medium may also include a hard-wired medium such as exemplified in the Internet”



enbodi nent. Figure 14 shows a flow chart illustrating a nmethod for

sel ecting sanples froma pool conprising a plurality of unl abel ed sanpl es
for acti wsol2envas22eg§, according to an exanpl e enbodi nent PCDISGAVI9BIN459
DESCRI PTI ON Enbodi nents of the present invention can provi de an exact
solution of Increnmental 2DLDA for updating the discrimnant eigenspace as
bursts of new classdata cone in sequinti ally. Thus, the between-class and
wi thin-class matrix can be updated in the exanpl e enbodi nents w thout nuch
recal cubaten®or wirefesy eiediudn Sud ad BxangiiRed Ml the RIMntbie eagsHonbedste@dr t wo
cases: dgkcomnmitsranogamwenadadedeans tegpcuteion suthi aggnebdipupdde Bomeutthan one
new sanpffeztiadly @aeltsSh @p apparatus)that Gapempnts thaostspodf thdprefi@®amgihocdn whi ch
follows are explicitly or inplicitly presented in ternms of algorithnms and
funcki onal oOveryidyobf 2DLBAr esent ati ons of operations on data within a
conput er nenforthe Shersge sdrgboditenisc desc,i. Qn’tlmnﬁ...a(ckd' Eungtx’omaly are synmbolic

ny

P AR AL o oBERS °E s ted b o BB e
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el ectrical . wagnhetic tical nals cap e of being store
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speci figalu odoetherwi se, and as apparent fromthe following, it wll
be appre%{l"gt 235 'taa?]atct%uroughout t he present speci f| cation, di scussi ons

utilizing temMByGtG] B8 eehiNe! dbodimEPYAMbRY use” rre%ﬁé LoD qf LDA .
det er MEyHPA) deSRlcRel fY’ [H. RERET Bl Pghg, EKN fdd J'CE‘Q Wang @RAt R Ying”, or

theqs i kQeniaRds@aril,On HMEMERSK AR ﬂ)"ﬁlsﬁé@@@&ﬁﬁlﬁaﬁfmﬁ’alﬁ% gbbﬁcfatéb{% ®ke OF

simlar R@b%t’ubﬁﬂmﬁ e Nugmbdr R tTTdiRY Bathales SPrBf cC\RRBHS s 1688-fodsgpr esent ed

as physikgdil. - @ankid, iteSKavd, E. nsdye veoNPeE. Y Stm ansaenQipreQ@hae simlarly

represemhfR asd Py Blersd Wbt MRp fol Fhtd Reb6yrmomPRARId 6Y She Bigerapt her

i nf or MaRDODA SEURAYP, JouFrRN8IMBagecdndidst BiokassirgeVolore. 2000 e20u7g yendle

speed f i (fAt3s005,al 5 pades aloh$e3156/pE072858205]f as therfoImAng bbesaprdat itons of the

met hods lno&méntammm URhenBYDLBA $p & geadiay 2D0DDA whicH fitbisf pait be(aopsnty red

pur pos esisciminamtyvestorp VY, sedaNgsatiefylrlg: pur pose conput er or ot her device.

sel ectively activated or reQonf iggur ed by a corrputTer program stored in the

conmputer. The al gorithnms and I(’%zysMb e‘geﬁﬂ edh&ein are nog1 i nherently

}59 )general

related to affy Partatgmaxco . Variou
pur pose machi nes may %é’”use{E i W (T og) BBV i(R! aggbMdance with the teachings

herein. Alternatively, the”@mstruction of nore speci aI i zed
- The optimal W, and W; correspond to the eigenvectors of S_1S,, and SIS,

wr

25  respectively, where S, and S, are the left within-class and between class scatter
matrices of the training samples respectively; Sy, Sy are the right within-class and
between-class scatter matrices of the training samples respectively. The pseudo-
code for the B2DLDA algorithm is given as foliows.

30 Algorithm B2DLDA (W], Wr, B/1, B[z, ...B/n, Br1, B,Q, ...,Bm) = BZDLDA(“, [2.‘.., ln, m,

m)
input: 1y, I, ..., my, m;
% L, i=1 2 .h, represent n images, and m, and m, are the number of the

discriminant components of left and right B2DLDA transforms respectively

35 Output: VV], W,-, B/1, B/g, ---Bln: Bn, B,Q, ...,Bm
% W, and W, are the left and right transformation matrix respectively by the
B2DLDA; B; and By; are the reduced representations of |; by W, and W, respectively

1. Compute the mean matrix,X,, of the / " class of each i

40 2. Compute the global mean matrix, M, of {l}, i=1,2...n
3. Find S, and Sy,



apparatus to performthe required nethod steps nay be appropriate. The
structure of a conventional general purpose conputer will appear fromthe
descri pt iwo 2bslwe2e68] N addi ti on, the present specificati eaTalGa@onpisd citly
di scl oses a conputer program in that it would be apparent to the person
skilled in the art that the individual steps of the nethod described herein
may be put into effect by conputer code. The conputer programis not
intended to be limted to any particul ar programr ng | anguage and

i mpl ement ation_thereof.. It 'Il_ajfe appreciated that a variety,of .

pr ogr anm ng E?'Jaﬁ aque's&aﬁ&\/%%i‘n )ther eof may be used to inpl e(%gnt t he

t eachi ngs ofgt hesrdisol gaurg gorvaiyged herein. Moreover, the ggpputer
programis nof %ﬂ:&e@%o bseyql i'm't?d to any particular cont So flow. There
are mardy Ginierte trerfirsimhssigénvehors éaplt ef SPSagr am  whi ch can use different
control; fl,ows, it hout. departing fromthe spirit or scope of - i nvention.
Furthersr'mvkl'eﬂf%h 2’df"Me of the steps of the conputer prograrr@ﬁay be

per Por feditchSparéSivel rat her than sequential ly. Such a conputer program may
be stored orsan éigqpmferMp(gadM}Te medi um The conputer readgb)e nmedi um may
i ncl ude storage dévices such as magnetic or optical disks, nmenory chips, or

i

ot her storag&u.rdeﬁ,.:qgj sXtaMeXorMnterfacing with a general®purpose

conputes.. The ¢ ter readabl e ned.u al so include a hard-w red nmedi um

such a?’e@?@ﬁ%t?g{%ysﬁ 'Hr?'ﬂ%nweﬁkoé?g@t%@g;%bor wirel ess medi um such as

exenpl i §.ied[¢" thie.. GBfM nobi | e tel ephone system The conputer (@ ogram when.

| ogged gjgrg‘ji=qi)<\g;,:lijt_.@q_ﬁ)ﬁ such a general - purpose conmputer effectigyely results

in an appaeakyg that ni mpl ements the steps of the preferred neghod. Overview

of 2DLRA I'n_ithe exanple enbodinents are i mage sanples from N cl asses. is

the mage matrix) sanple of the 1 class Ck, for / = 1...n k and k is the

nunber of saABlFertdl BA@imESksional dmkanaibcaimihigt BRAsIAlhErenntalanpl es of

theiscl agsLik) is the nean matrix of all sanples, where T is the total

nunber of sarmy ESLDAMeatlibdY shARSIETIsudlly tRatHd b9 an dnfife BatanPk Baidmgodi nent s

make ussanddled, hgubiit @heraiso Ha RfefrB2 BbRA) Bdesc2DLhBA. iim gobhe Kiwrgiont,. Wang,

E. K Teltdwevér,-rfot SWighatdinihg S@nkiet eamdel presehidd mnaivanke oTheBefiogher

Di scri npfntaatexAmaleysmbodiAigpks car iroprove oRabe EREL OGN BS idencnibedhatdivaldy Nunber of

Tr &@ni ngeisamdresentBl teamiGYPRMD0TE appeffet083-nidiB&] thaidcanl .adépt Waog, H. Kong,

E. Sungdiméhsignal¥agensBacrepresdmtatiansiooefiest appereananciangeagé tentdrddssi ve

St er eo thepby fhkifitafing tHeaceoBsitiogriask. dncaBasedbtethe karrdit sithepate 2BLESA, - EURASI P

Jour nal using bniadee ary sdantdes Ritboesthie mged ol thewa@Dedmp2e0The mathddcdfe | D

38205, the pagenie cﬁmﬁboﬁirﬂemsﬂsw%m?r%@m@o &8 inpremEDLaAWoodiEnsierelended to
25 linear discriminant analysis (Incremental 2DLD.

In the incremental 2DLDA of the example embodiments, the between-class
scatter matrix and the within-class scatter matrix are updated based on the new
sample/sampies. For evaluation purposes, an initial discriminant eigenspace is

30 learnt using a database of samples by randomly selecting only a part of the
available original database as the training samples. The remaining part is treated as
new samples. Assuming M is the overall mean matrix of all the training samples, the

mean matrix of the class mis %, form=1.2,....N. S, and S; are the within- and

between- class scatter matrices respectively. The two cases are described as
35 follows.

Sequential incremental 2DLDA
In one embodiment, referred to herein as Sequential incremental 2DLDA,
only a new sample is added at each step. Let Y be a new sample which is labeled
40 as belonging to class Iy, the overall mean matrix is updated in the example
embodiment as ,
M'=(nNI+Y)/(n+1) (10)
n=n+1 v .



I ncrenental 2DLDA. The B2DLDA is a general
(adjoint) discrimnant vectors Wand W sati sfying:
corr esporiot2o1idee268i genvectors of S Sh/ and S~ Sb;.

2DLDA which finds a pair of

The optimal W and W
r es pPETISIGRaloppo4smer e Sbi

and Sbr-are the left within-class and between-class scatter matrices of the
training sanples respectively; Swi , Sw are the right wthin-class and

bet ween-cl ass scatter nmatrices of t% training sanpl es respectively. The
pseudo code for the B2DLDA algorithm’is given as follows. Al gorithm B2DLDA
(WL, Wh B, BY3s a face Bnade of Bmkw, sitectPg. ¥ i62B3abid ofla duBject whidhn, mh nr)

| nput : doks nbRappearlin the dlrrentrdining set,/ilkdn , 2, .. . N, represent n imges, and
and m are the numbemdf ni.he 1di scri m nant conponents of |eft and right
B2DLDA transforns respectively Qutput: W, WBn, B12, ... B1ln, Bn , Bl2
Brn5% WL and>the othereharik ifl ¥efst foand frongtine fresens treimedt AR Aretassifier spect i vel y
by t he B2BIsDAPIBDf anaxbiiBy case (Ele passhyether mpae seaitbaofl dres ciebs IMiy W and

WL - r es paciaiagehihd exatoptp etrdoodimentean matrix, x , of the / class of each / 2.
Conmput e the gl obal. nean matrix, of {I,}, /=1,2...n 3. Fin and SW

| , I ncrenent al t\/\oxlgli"ngnsqu’ﬁaiih- I"“lxwear di scri m nant anal ysis (?(flnf)r enent al
2DLDA) The 2DLDA descr'ibed above is usually trained on an entire batch of
trai ni ng sanpl es,nt#us 4ilt can also be referred to as Batch 2DLDA. In sone
si tygat i ons, THaWwtREen-BREs 8tdttePmaieistupaiattidng femiwal es can be presented in
advance. The nethod qf the exanpl e enbodi ments can inprove on the B2DLDA as
descri bed above By gst my¥, noeftt-aM ) earni ng, which is an eft3ctive net hod
that can adapt a | ow<wi nensi onal ei genspace representation to refl ect

appear ance chang of<t he. té ,_ihereby facilitating the r ghition
task. It can upda be—tgéicgiur ral{é[%‘t%’%%u%gg’;ce states using only tﬁggnew sanpl es
wi t hout the ﬁpeel 5 ﬂitﬁiﬁ-?cla%@‘é?é’c?e?tmda?ﬁ:mlLf‘p?iate-g‘ﬁmﬂgr‘h}.md of the exanple

enbodi nent s erein referred to as 1 ncrenent'al two di nensional |inear

di sgyim nantlf?@EY%&inﬁb@%@%MﬁJbﬂé’d@@ﬁ%w clds idGebiRel $REHRIn-ARDA of the
exanpl e PR tEhaidsmchgigen- cl ass scatter matrix and the within-class

scatter matri x arg updated based on the new sanpl e/ sanpl es. ﬁg{r) eval uation
purposes, an initial dfscrimnant eigenspace is
S, =S, ' (15)
else '
t n " — :
20 Sw=p, +——(Y-%,) (Y-X,) (16)
n +1
. n, _ - 7
S, = +—L—(Y -X, XY -X, 17
=D . T Y-T)-X,) (7
N N -
where >,o=2> =y > (X %) (X -X,) (18)
c=l e=l i . .
N ’ N
Y, =2y, =2 XXX -5, (19)
e=l e=] 7
Once Sy and S, are updated using the new sample, the feature extraction
.25  can be done in the same way as with 2DLDA. :

The pseudo-cdde of the Incremental 2DLDA algorithm according to the
~ example embodiment is given in Algorithm .incremental 2DLDA® below. When a new
sample is added, the algorithm updates the discriminant eigenspace based on the

30 new sample. ‘
Algorithm_[ncremental 2DLDA® (W', i'k, Sy, Su') = Incremental 2DLDA ({Y, A}, M,
ikl Sbi SW1 nky nv N)
Input: Y, kv, M, X, , k=1,2,...N; 8y, 8y, ny, k=1,2,...N

35 %Y : new training sample



| earnt using a database of sanples by randomy selecting only a part of the
avai l abl e original database as the training sanples. The remaining part is
treated awonew/w226pl es. Assuming Mis the overall nean marmsiGO®foo@sd t he

trai ning sanples, the nmean matrix of the class mis xmfor m=1,2,...,L/.
Sw and Sb are the within- and between- class scatter matrices respectively.
The two cases are described as follows. Sequential increnental 2DLDA In one

enbodi ment, referred to herein as Sebuenti al i ncrement al 2DLDA, only a new

sanpl e #9,.anslepbepbfeach step. Let Y be a new sanple which is | abeled as

bel ongi %0 Manbef85theGampidinaNetiatabagean nutri x is updated in the exanple -
enmbodi n®NY: rasntekQF te Nadsesan fraceathiprge of a new subject, i.e. Y is a sanple
of a sufjmcdndMii, CR=49eS NMOArePBGAEar MatrilEofCHE BNtFaikhihgisBliiesSatd tHhen 1 On
the other h ix bmjthg.létﬁ.cfa%ErPfsgercﬁr@h}-he present trained 2DLDA classifier to
be & safPES ol Sy il {dIGeth 4nss (Ballr REERAMNa W JEARLY [ite! L he

cl ass /r%%éctHB dted in e exanpl e "enbodi nent as e e W thin-class
U ifhn
ke .

scattero, &,ﬁbgpgcgﬁg l%b@slfﬂrth¥k-ﬂl\fcla¥si s a face imge of a new subject,
a new class is created. %e w thin-class scatter matri x renai ns unchanged:

el sg, where ¢ I I_:; e Sw, and Sb are updated using the new sanple, the
fea uresg f"ga@t’i.)%nk%;’%“beydgﬁé in the sane way as wth 2DLDA. The

pseudo- ¥dtiearsf i hg=iicr eNeort 4)2,.2 DDA aa dioz iupdatedcmeadimairik coftthe akanpl e
enbodi ”ﬁélhing%aﬁ-ld’@s!bﬂd%hé'@_@éteﬁhﬁéaﬁ RatrRNBtha lk-1R PldBbdedirbly: When a new

sanpl e ¥sspades, deehalgasictibanndsiatiass shtednfelii ahdtRtuRiagRNgRase based on
t he newlassgdaer M@ iekpsativelgr enent al 2DLDA3 = Increnental 2DLDA M | nput:

% 15 new-t-r-ai-pning-sanple¥%Lg-: the | abel of Y %n: nunber of the sanples in
the dat abase
1. Update the mean matrix of all samples

M'=(nM+Y)/(n+1) S (20)
n=n+1
20 2. Update the beiween-class scatter matrix
) N
Sy =213 ~M) X, -M) (21)
c=1 .
1] N L} L) 1
S, =1, (X, -M)E, -M)’ (22)

c=1
If Y is a face image of a new subject, N=N+1, n'y.q =1
If Y is not a face image of a new subject,

, 1 .

25 X, =—(m X, +Y h - 23
5 " +1( X, +Y) (23)
n}r =n +1

3. Update the within-class scatter matrix
If Y is a face image of a new subject,

S‘wl =V ’ (24>
30 S, =S, . (25)
N=N+1
ey =1
if Y is not face image of a new subject,
) ny — -
S, =8, +——(Y-%,) (Y-%,) (26)
n +
3% Sy =8 +— (Y =X, XY ~X, ) (27)
n +1 !
— 1 =
X, = (n, X, +Y) (28)

m +1



% /V: nunber of the classes in the database %M and x k (k=1,2,...,/V) are
the mean matrix of the all training sanples and the nean matri x of the
/c-th cl a8 208gpeBi vel y; % Sb and Sw are the bet ween- clP@ISGOR0D@IS9 mat ri X
and within-class scatter matrix respectively; % nk: the nunber of the
sanples for the /c-th class Qutput: are the updated nmean matrix of the all
traini ng sanpl es and the updated mealg matrix of the k-th class
respectively; % Sb' and Sw are the dpdated between-class scatter natrix
and the updated w,thinclpss scatter matrix respectively; 1. Update the nean
matrix of all sanplies” 2. Update the between-class scatter matrix c=l If Y
is a fate T mage of a mew subj ect, A/=N+1, n N\+1 = 1 If Y is not a face

i mage %@%PPGWQP%%?@E@%& gg?‘ﬁ;[ e the within-class scatter matrix If Y is a

face,i Y% s not face i mage of a new subject, The

proof of Equatiaon (27) is .as.follaows. u notes the set of the
traini nA.s% égei tteﬁ)ﬂﬂ.eaf)%[loﬁlgfi tf%ﬁ%é?ﬁﬁ%mg‘%b%qmunk i ncrenmental 2DLDA

I n anot er=xec %T%%Txlrbferred to herein as Chunk increnmental 2DLDA,

mul tiple saﬁb’f’és are added at each step. The Sequential incremental 2DLDA
descri bed) {Bove (%~ Ehereftor &, Y sBeli al case of the Chunk increnental 2DLDA.
It will B& appreciated that if nore than one new sanple is provided, it may
be nore e{f icient Yt-d_ﬁﬂa? al [ %Figge o_ret¥akn, the | n¥r&gept al 2DLDA
rather fhan®toretraim 1t "With ai i%‘exhéwasanﬁ é’%at g time. In the
exanpl e enbodi nent,” assung t new sanples_ar€ given and tIei r |abels,

W t hout ='S°Sﬁ Ygenetat ¥ Y, syge)(¥h§n,,é’@r<¥—qﬁn> w_sap es. {Y } which
bel ong to™ nth @ asg. The ieart mairix of »f ha nth class is updated in the
exanmpl e enbodiTent as '

. _ -
Y -3 )Y-X,)

(n, +1)°
As Y (X -x,)=0,
, n, (n, +1) _ o n, _ -
S, =8, +——"21—2(Y-~ Y- =8, +———(Y-X, XY-X%,
| wr wr (nly + 1)2 ( xl,- )( XI,, ) nly +1 ( XI, )( XI} )
10  Hence,
n
S, =8, +——(Y=%, }(Y-%, )"
ny +1 : !
Similarly,
I nl). —_ T —_
S,=8,+ (Y—-XIY) (Y-—x,},)
n +1
15 Chunk incremental 2DLDA

In another embodiment, referred to herein as Chunk incremental 2DLDA,
multiple sampies are added at each step.. The Sequential incremental 2DILDA
described above is therefore a special case of the Chunk incremental 2DLDA.

20 It will be appreciated that if more than one new sample is provided, it may be
more efficient to use all of them to retrain the Incremental 2DLDA rather than to
-retrain it with a single new sample at a time. In the example embodiment, assume ¢
new samples are given and their labels, Y={{Y1,v1}.{Y 2. N2},....{Y, I3} Without loss of

generality, assume there are g, new samples, Y}y which belong to the m™

25 class. The mean matrix of the m™ class is updated in the example embodiment as
foliows: '

e¥rl=m

%, =(,%, + DY)/, +4,) (31)
Y,eYi=n
NMm= Nt Qm
The updated overall mean matrix is



foll ows: The updated overall nean matrix isThe b The w thin-class scatter
matrix i s updated by: where y c is the nean matri x of the new sanpl es of

t he cl asswo 2010idf6226Be sanpl es bel ong to a new subj ect, aPsursE2009H2045%9 L new
sanpl es ‘belong to the N+1 class, the between class scatter matrix is
updated: The within-class scatter matrix is updated: where are n e e an
right scatter matrix of the (L/ +1)th1 | ass and: The proof of Equations (35)
and (36) is giv en as follows: According to the definition of the

bet ween-cl ass scatter matypix, Repl acing MLin the above equation with (32)
and using the fact thaM+ p Yhe above equation, the following is obtained:
The pseudo- code oM the—Chithk-I ncrenental 2DLDA al gorithm accogatiing to the.
exanpl e enbodi nent is (szi”v’é‘n in the AlgorithmIncrenental 2DLDA b. Al gorithm
| ncrenent al 2% PRiveepiclags)scatteripadntiedatoPbA v y v Input: ( HYi, 7Yi} ,
/=1 ,2, ... , newstratn S s | abel s; % n: nunber of sanpl es
in the database %SN:_aﬁ:;}%fggr—o t(%e_(i}? sses in the database %I\ﬁﬁgﬁd xk
(k=1,2,... ,L/) are thhe mean matrix of the all traini ng sanples and the
mean matrix of ths, />4 (2] ads)Eespaolively; % Sb and Sw are t(Be)

bet ween-cl ass scatter=matrix and within-class scatter matrix respectively,;
% nk® the nuithewitbih-ddss scatipt mstrixds updimied byt h cl ass Qut put:are the updated
mean nat [, x mhialgtrai Riglg sanples and_the updated nmean matrix of the
/c-th cl¥ss scki (&l y*+ 795 )zéﬁd—S\f\) (areXthe updated between-cl ass
scatter matrix and™t he upéé‘te “Wi thinclass scatter matrix respgsfively; 1.

Updat e t he mfean tgi x_ofy al |l _sanpl, és +2n, Updat et he n matrix of the
classes g, . J QS(&héxb)et(&/ee_rf‘-cgl’"Wer Qiﬂ"%cf‘zﬁk‘yc»

€Y =c Y.eYnl=c
, N . N n qZ e — g
Swr = chz Z (Zc +_—C_C_—7(Yc —Xc)(YC —Xc) +
=1 e=1 (nc + qt:) - (36)
n’ 9.(g. +2n,)
— (Y, =X )Y, —%)" +-2— 3 (Y, ~F )Y, -F))
(nc +qc)2 YkE{YZ}ﬁIk=CL * (nc +qU)b YA.Eélk=c ¢ *
where Yy is the mean matrix of the new samples of the class c.
10 Ifthe samples belong to a new subject, assume /x+1 of L new samples belong
to the N+1 class, the between class scatter matrix is updated:
Sy =2 m(E ~M) X, ~M)+g,,F-M) F-M) (37)
Sy =21 X, ~M)E, ~M)" +¢,,,, F-M)F~-M)" (38)
The within-class scatter matrix is updated:
15 Sur =Su+ 2y (39)
Sur =80+ 2 (40)
where Z(NH)[ and Z(Nﬂ)r are the left and right scatter matrix of the (N+1)"
class and:
Doy = ZYker,kﬂ (Y, -5 (Y, ~¥.) (41)
20 PIIED SN e 5 B ¢ RS A Y (42)

The proof of Equations (35) and (36) is given as follows:

According to the definition of the between-class scatter matrix,

25 ZC = ch(Xi ~M)H)X. -M)” +ch,(Yf ~M')(Y, -M")”



4 . Update the within-class scatter matri x Advantageously, the Increnental
2DLDA according to the exanpl e enbodi nents inherits the advantages of the
2DLDA andwoheldasezsenent al LDA (1 LDA). Based on the | ncr @cEsGalodDBA, t he
smal | sanple size problemcan be avoided as well, since the w thin-ciass
scatter matrix is not singular. It does not have to redo the entire
training when a new sanple is added1i n addition, while the present

formul ati on can provi de an exact sol Gt | on, the existing |ILDA gives only
appr oXi EEIScikgy MR IrBBe aB6vd Bitsatioh w38V deiisihg @@ facrmai cal instability. The
experinmental gresults show that the lacremental 2DLDA can produce the sane
per f or mance s(iyxit—lYYlﬁabcE(gﬁiDMi:IE(ﬁ@Hng_)mﬁe conputation tinme and
menory than #he latter, @&as discussed=tin detail below. As w |l be understood
by a pendumalsiiel dcpatiom theéolipwingvarbtainad: in order to do increnental

| earni ng, both ILDA and Increnental 2DLDA need to nmintain one

class.  Dawsua(XF oMOKer SHnt o soomeDARS s FRERG MR et el BB "

scatter matrix and within-class statter matri x can be mich Smaller than the

ones of | LDA, se-lncr D v heyfrinitations of the
nunber 3f(,,}hgc)ezggésﬁg§%gﬁ]ﬁ%%i ?gﬁ?#Y?LW€%?ﬁ1e?@onventi onal 2DLDA

al gorithm  nost of the conmput,atign occurs at the steps of conputing the

mean of _ eCl ¢ _qyerall %reany g s ;and loj genvy VS, MY — M)
wi t hi n-cl4 ?sz scl\g)t?tﬁérwngtf'(qg -amd’ gﬁﬂ@ﬁs deat-ge)”’ rrﬁg(?cg, angI(Yt he )
conputation is bagsed on the nunber of training sanples. The conputation
times mxz@@gmg@)éi(gp\'({f%yﬁmhen t he nunber of samples is very large (e.g.
in the thousands 7@r tens of thousands). In contrast, the Increnental 2DLDA
al gorithm.,according to the exanple enbodi nents has nost of the conputation
occur ri r AK; tI)EE epMpf+upddting (i t MFEcMiSs scatter matrix and between
cl asses seatter matrix, aft the ¢conputation i s based on t.he nunber of the
cl asses. Thg anal ysis of the con?ut at i onal ﬁrrpl exity for both 2DLDA and
| ncr errerh;@—‘zqsm l2go¥% itHMY: s My st éd i H21arLE T YXY, ©8h be seen from Tabl e
1 that t C?'iqrs';p]gért (ei gen conmput atii(?rg) of*t he conputation conpl exity of
2DLDA andd ncre tal_2DLDA are the sa ( ). = secgnd part
( conput &t né( *g@zﬁﬁr—ﬁg%u_ﬁﬁg*b@t\_@ey-;;@éﬁd)?gﬁ t—ﬁiﬂﬁ?class scatter
matrices) of tife ¢omplexity of the conventional 2DLDA (i.e. 0(/7Av2))
incr§as s W th2t he <ne ease &f _thertraining sanples size /?, while the
second ard, Qg )lzhgsg_nc%ﬂt a"f?oﬁaly” e>qui renent of the Increnmental 2DLDA
according to the exarple enbodinent (i.e. QNrW)) only depends on the
nunber of classes N. For a database with g sanples of each subject, the
time cost ofqf g)sgnc%-g bAlne?Chidk IrtrdRMh 3HEGDAMIGEHIRAT &otding td-DA- I n
gener al yd 8 ARASErbOaiRt RGN AHRL ARBRIA érdrlental 2DLDA®.

10 - ‘

Algorithm _Incremental 2DLDA® (X, Sy, Su) = Incremental 2DLDA

({thy’l}:{Yz,lyZ}a---{Ytylyt}: m1 Mv ikv Sba SW! nk1 MI) nv N)
Input: {Yi, Iy,‘},'=1._.t, M, ik’ k=1,2,N, Sb, Sw, Ty, k=1,2,N

%{Y; i}, =1,2,...,t new training samples and labels;
15 % n: number of the samples in the database

% N: number of the classes in the database .

% M and X, (k=1,2,...,N) are the mean matrix of the all training samples and the

mean matrix of the k-th class respectively;

% S, and S, are the between-class scatter matrix and within-class scatter matrix
20  respectively; .

% ni. the number of the samples for the k-th class

Output: M, X,, k=1,2,...; ', S'u



face recognition, g>1. Thus, the Increnental 2DLDA according to the exanple
enbodi nents can be conputationally nore efficient than 2DLDA. Anot her
advant agewof2oimsemaent al 2DLDA over the conventional 2DeDavS&neholonddsoi s t hat
it requires much less nenory than the latter two. The 2DLDA al gorithm needs
to load all training sanples when a new i mage is added, requiring nenory of
(n*n<wc2) bytes (with float type dat1%) while the Increnental 2DLDA
algorithmonly incurs nmenory size of "(rxw) bytes for | oading one new i mage

and (L/oiRy) Gnir §W" Gk1BYL 6§ drof o ERRAPSF gk }L%_éat{éﬁ%egﬁ rivaftfik yofg[\,‘%saﬁps,

over 15l el e KB bdilad P dertat M SBsy iebranel o e rornry
t han ”‘Z{?g% ’ﬁgrv gl{;%uﬁg%%d PG ASSY ptie ri>$%n FRSBIROYtIR- 4 1D
vector WLh arze . {N,re%ec?'}'%% size of the covariance matrix is (rc w . In
order to do increnental learning, both ILDA and Increnmental 2DLDA need to
mai ntain U?J'Ei%tebfﬁte el SlafsSorsf ki [esmatri x and one within-class scatter
matri x of ‘every 2/ q?/,gq) apg I'cation with N cl asses, the4gfm)ry
requirenent in | LRALEO mai Futaln Sb and Swis L/c2c (rcw 2c 2 (by es and the
Merry J efdaiLfRthedmbR& FWRNLasseDLDA to maintain Sb and Swis L/c2c (r ¢
w) *2. Thus, the nenory _COE{_O thg ItDA is about (r*w) tines 2% I ncrenment al
2DLDA. Furt her I%Fénﬁ‘n’ta"'yz (f)A é'a solve the limtation of )ne nunber of
cl asses> blrdpfsihesturerselashecatiRlimal®s ze encountered in I LDA. The
experimental results <gsihg therpet hgd, of the exanpl e enbodi s show t hat
[ tpi s possible ugée‘” Fagé?e&ghulﬂﬁ g%ze&e% update the ei genspacg?%%}i ckly.
Table. 1: The comput afi on conplexity of the 2DLDA and I ncrenental 2DLDAThe
inventors have evsy ua} egd(X heMmexhoM 9t the exanpl e enbodi nent@sjn a face
recognition applicati®en using the publicly available Qivetti Research
Labiér atébr Ypdairithe wittinfassrsdatiervatrik Modal Verification for Tel eservices and
Security, apRhicat RQns( XMV, dat abases. The ORL dat abase contains ten
di ffer eﬁs«r/?%gls.qés:ﬁtb @gh*“gg_lf%qﬁ{}%t—ih&?(}‘sub}cédt s. For sone subjects, the
rent

i mages wer eQCT‘aken“ét di ff times, with varying lighting, {ggial _
expressi ong, (oper-/,closeq, eyes, &iiyl+0g,)/ mlip and facial details
(gl asse§, 74 poq| %&_‘ésﬂﬁ 751‘;@ q, ;'?2 ac lé_rﬁgeycbs&ab"&bs) 112 92 pi xel s.
The xmz%rs 15t aba3E” cont ai ns_gei ght™ { 0061™ahd CDS 0006) different .
frontal ¢i ma 'Qf f_29% subj eqt s Theyi mages in CDSO0001 were taken at
t he begls‘ﬁni g;fof*gg grd(ngqltqgjzit@h g‘ii‘ly” tﬁ?& ?Hnages i n CDS0006 were taken
fromthe m,ddl e of the head rotation shot when the subjects h&B)returned
their heads to tWeyniddhe They . e €r eyt  {r Q S tained in
CDS001 (. Fhe)5i, ,kgcfk eécl):(ﬁl"norcrgral i et eyjegc;,(geki ?”%@gu?ﬁigg 161 pi xel s.

20 Advantageously, the Incremental 2DLDA according to the example embodiments
~ inherits the advantages of the 2DLDA and the Incremental LDA (ILDA). Based on the
Incremental 2DLDA, the small sample size problem can be avoided as well, since the
within-class scatter matrix is not singular. It does not have to redo the entire training
when a new sample is added. in addition, while the present formulation can provide an
25  exact solution, the existing ILDA gives only approximate updates and thus it may suffer
from numerical instability. The experimental results show that the Incremental 2DLDA
can produce the same performance as with batch 2DLDA while saving more
- computation time and memotry than the latter, as discussed in detail below. As will be
understood by a person skilled in the relevant art, in order to do incremental learning,
30  both ILDA and Incremental 2DLDA need to maintain one between-class scatter matrix
and one within-class scatter matrix of every class. However, for Incremental 2DLDA, the
size of the between-class scatter matrix and within-class scatter matrix can be much
smaller than the ones of ILDA, so Incremental 2DLDA can overcome the limitations of
the number of the classes or chunk size in ILDA.
35 ‘



For the ORL database, one of the ten sanples of each subject is randomy
selected to formthe testing set, and the renmaining nine sanples of each
subj ect fwormtoie2168ai ni ng set. At the begi nning, 8 i mgesTG200®0048$pect i ve
15 subjects are used (about 30% of the size of the database) to construct
an initial bilateral twodinensional |inear discrimnant eigenspace. The
testing set conprises 40 images (one inage from each subject).

Subsequently, the remaining traini ng?6sarrpl es are added to update the

di scri m nantinsHESBAESicRRICEDIDA bRPFinM, Mkt of HRsaRfsuthBorl Bek£ds tHehe sanpl es
of the §iepd i dTIcEHABUIHIE thS @HledrD df €sdcht BRs©EbiSEIBAESn ,0bigehealued ajined

di scri nigamiectd alithifrelash a8t asikfaneaidiesen-Whs@Beatdr rhatrial gy tishm B2DLDA
are apptoraplthtorispbaedl bAIge nlmbebbRtrBinilyesdrapieslr Bife BompdiaBon tifke B| and Br
ar e zonweytietoire dibnNeaitowisen eispecinbeelof saPPlsi & astopbe@ (g redihee t he

di mensi thousdndsher conrcat tratactsyent oosrast, §Bi InBrgmeritsl 20DRArBgdrithel ghbour

cl assi f aeordisg éunpiteo graimple gebodimentsi sl mosicafghetdoarputationl dccuFrdrg athe XM2VTS
dat abasthe si¢p phepdstigp withigclas scatige smadiix dik belmepecidsses $6&iss uhatext s (about
40% of &k the zemphtatitre idbasdrher thanembsedf the clessssr Toe analjisis of tile bi | at er al
t wollli meerspuiatdnal complexidi for bt 2RUAMA and)inesgraerdal ZINdA elgbiitun sdisteclonpri ses
295 | mageBioelticange Seeorfravadhbledbinetip. flr$trparh(@|g@mmqnmutaimn) phthei nvent or s
have i npireprat@dcernriexicefdhiM apndDEBmantal RXDAbarsihe sprerdefa). Thenput er
(PC) ha%899gd ap%’t dearpuigdana alimprigt €o51PNENG rHetwe sy raind4@Rhigfclasndom
Access BAAWSF ym ﬁ)?‘) of riher erEpPIEYlys RbViNe Heonyantiamehdd@LEIA | (her &fBAl 2DLDA in
ter b omc@,@é%wﬁb inpESAsSP HBRHRPINSoTAMRIOR BiZE e WhEE dibe 9EaDA, Pasbeh

al gori t KPscom @ltatmabwqy §a‘h%f tﬁﬁ ngrersenta2gypa ecgerdingdadha exameifow gr aphs

of faceeWQE‘?} ntiof &8 RRIASt B tH%n’BéFb%f of ﬁ@sﬁ?ﬁ: Bt & |earnin
st ages 9%% I P%@ E%g\%ﬁﬁ%%?@% %ttqf Ies are

squ(gn%%‘?"ltem‘gﬁl r%?ﬁ s g}{fgwraw anpl e

en %HeZ fl FEABRE
| ear ni ngmePI PLétﬁ qagy ééﬁ 58t thap %égﬁ! es that has bgen added

to the | f th f
e ?%EE e
”Eéesnééds'ms @3@ .mng 'SSEHH%%W ?q fication
L

accu rac Rkl O% DA.on t he

i
A /
ORL and':}é R@;é eYdl jé Cg Qii $ odi ment .
In Fi gugﬁh (f&) re ll’stgu Sg n '}he Birhunk si ze
r@LBQ %lds% 'x ”t &oh@ f%ﬂ f onal I LDA
ecwsezbmﬂ% §a§38ut”(ﬁh\ﬂttﬁ1‘|éé rﬁo.\e,nrh WBR S Irhdbbd b JFIDA X an
bet ween-cl ass scatter matri x which are of size {r*wf. Onthe ot her hand, the
chunk size i Risbh IEXAMHeANREE RicpRI¥en &AL 1D&Lar With %iZsa%BLand the
size of the covariance matrix is (r<w)” In order to do incremental learning, both ILDA
and incremental 2DLDA need to maintain one between-class scatter matrix and one
35  within-class scatter matrix of every class. For an application with N classes, the
memory requirement in ILDA to maintain S, and S, is Nx2x(rxw)*x2 bytes and the
memory requirement in Incremental 2DLDA to maintain Sy, and S,, is Nx2x%(rxw)x2,
Thus, the memory cost of the ILDA is about (rxw) times of Incremental 2DLDA.
Further, Incremental 2DLDA can solve the limitation of the number of classes or
40 limitation of the chunk size encountered in ILDA. The experimental results using the
method of the example embodiments show that it is possible use large chunk size to
update the eigenspace quickiy.

n

Table. 1: The computation complexity of the 2DLDA and Incremental 2DLDA

45
: Algorithm 2DLDA - Incremental 2DLDA

.Computation
Complexiy O(P+nrw?) J=max(r,c) | O(F+Nrm?), l=max(r, w)




because the nenory cost for nmaintain the between-class and w thin-class
scatter matrices are lower. Figures 3(a) and 3(b) show graphs conparing the
execut i orwoiznegekmBween bat ch 2DLDA and sequential | ncr @CESGA0IDDIOA

agai nst ‘'the nunber of |earning stages using ORL and XM2VTS dat abases
respectively according to an exanple enbodinent. In Figures 3(a) and 3(b),
one new sanple is added at each stag At each stage, the batch 2DLDA

| earning i s executed using the training sanples conposed by the initial

trai ni ng set Thadthvehiersbaves amdliated dicke chetiiod bidthe Sb@agmle binbodimdnes megn from

Fi gur es f®akcegniticd(dpplitatain tsing theepuliliciyraveilaele Riveld Reschith Laeoaeny i al

| ncr ened@BL) 20 BAendediddlti dfiodeh¥erificatingl fer Eafbsstivinenand ascurigpapptieatioasl by | i nes
302 and (912YT$ksdatakdssse Skhe ORh. ddtahiastmontains tren2dif@an{ msagespif ementogd by

| i ne8 364 digiigcBupjects.nFerdelinng sabjetisethexiotages orerei taken at tifflererdttinss, of t he
exanpl ewihbyeaiing fightingnidaial axesassions Heperamslosed eyabssiient notwmsigpl es,

whi | e t ABI B gefadln (girpees bno glesserit The BEDA the)acedmegeriapbolity! W8 x h t he

i ncr eas@2j iXeihie PimB2\6FS tdpdahrse eaigneigifi (RS OW(apndifePA (AO63 hows

gr aphs étﬁfﬁf%\t frRgiat mades &F gard AT 29heubiass. iderimpaes i ODEBR0 awerectakian -

| nctnedt e %L@Ngcﬂf t%h?%@@*@?ﬂhﬂ“%|%'”&I§J§ﬁr¥épfﬁ%’oﬁd‘fﬁ5@?ak@ﬂ frasy sarrpl es

s oo e e e ‘?‘é'ﬁﬁfi? Ao esrby " DS echeesl Eodho

nbodi 8 di t
gn ?nl:r Qﬂ%‘?ﬁ“é?%%ﬁﬁlﬂﬂag? %%ﬂ PYSIPA | earning is execut ed us?ggl ?ﬁe >
set l‘ihggdsa”’?'ﬁ ?ﬁ?ﬁ‘ﬁ%aﬁﬁ%g 'tt'ﬁﬁ%atmrn z ”'ﬂ?@%e% bi”cot'a%he e *the. ©

| ar ger t? §| § °r§n " b t chunk

| ncr ene }. g e é‘h |§e8§58 eﬁf ag‘lf%nd 5(b)
show gr g éarr].jS o se uenti al

I nepgme r%un £O8 it fﬁqée% ,f i prding to

{:'f‘?ﬁ/ m§8 %rdl ng to
an X il fﬁ&ﬁ% eéh §E i 3

exanpl e GEROA FENzmdTbd UF Ghe @ € remory
isthithafil ofaQP

dat abasgg hESREGH }abe%%ye i'onébtélﬂ tﬁ@ f@é‘tﬂf@% res 6(a),
t hesshugknvaried tb $D8Rctop tdPekilve). WAGIS% tedtt e%i n?&sko?\ From
Fi gur es chficater(2Bd PEttors ORIB (B} and b nedfsP ﬁeléﬁl%hr lﬁE ?& 2DLDA
Met hod gfe @ rebaARbe rTROBLIMMBIXMASTS BREBSEN (R theded mrnﬁ‘@ 602 and
612 usesesigpedtivearsd yudjess (BBORIA0% Rfind @&ecanmsraat%%@ bkPlsedto
r epresegbsdruct an initial bilateral two-dimensional linear discriminant eigenspace. The

30 testing set comprises 295 images (one image from each subject).

In the evaluation, the inventors have implemented the Incremental 2DLDA in

Matlab on a personal computer (PC) having a 2.66GHz central processing unit

A (CPU) and 4GB of Random Access Memory (RAM). In order to show the advantage

35  of Incremental 2DLDA in terms of execution time and memory cost over the batch

2DLDA, both algorithms are run on the same database. Figures 1(a) and 1(b) show

graphs of face recognition accuracy against the number of the incremental iearning

stages on the ORL and XM2VTS databases respectively when new samples are

sequentially added to a face recognition system according to an example

40  embodiment. In Figures 1(a) and 1(b), the number of the incremental learning

stages is equivalent to the number of samples that has been added to the learning

samples for the incremental models. As can be seen from Figs. 1 (a) and 1 (b), the
accuracy is improved as the number of the samples is increased. '

45 Figure 2(a) and 2(b) show graphs of classification accuracy against number
of new samples using chunk Incremental 2DLDA on the ORL and XM2VTS
databases respectively according to an example embodiment. In Figure 2(a), the
chunk size is 40, while in Figure 2(b), the chunk size 300. As discussed above, the
chunk size is limited in the conventional ILDA because it needs to maintain a within-

50 class scatter matrix and a between-class scatter matrix which are of size (rxw)%. On



by lines 504, 514, 604 and 614. The conparison of the nenory cost for |LDA

and I ncremental 2DLDA is shown in Table 2. It can be seen from Table 2 that

t he | ncr ewerbal062IBRDA net hod can consunes signi ficant!| yPCess2000000439 t han

| LDA. These results verify the analysis that the |lincrenental 2DLDA can

overcone the limtation of the nunber of the classes or the chunk size that

I's encountered in | LDA. Wen the nu r of classes is large or the chunk

size is too large, the nenory cost of the |ILDA can beconme very high. On the
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sol utlon n actlve | ear ner usual | y has t hr ee corrponents (1) a classifier

trained on t r b d data ueryi.n functlonthat
decwesb%;@é%ﬁ@ LHEIEGT g ke R
ly

cl assi f S er
nedi"ﬁ%bﬁgﬁ”eﬁ%@g%&ﬁ e W@W ge“E %F %g; PP ool oo
the seedog&lponhiihg qg‘ih%é?@memé?z { Bt tﬁe 5&9 bEBAY
eval uat Ué’xﬂgrtﬁ’é ﬁ"aﬁﬁfr{g' LRSIl c@mE b theinltdl #8infa (ﬁ(z e 'L he oracle
s 9o | eBORKdRPLEHRD siOY & bahgls- frcg‘r'rljld'lﬂeﬁ% dArfy eY‘g'l ear ni ng,
n poi nt gh@kesiss! |§QH§@hg@ér Rb8&Ydfon fifleSudiy u'?lkrl #sn he batch
Si ze. %ﬂﬁﬁd @fhee g}@,rﬂplgl RIRAERS In active |earners | s ow one det erm nes
whet her a point in Uwll be informative if |abeled. Uncertaintyln the
exanpl e enborigirizt 5(@N aHACE(Y) abRGY §RMAL | AnERRGOBEN hemb8edotQ of
30 sequential ILDA and .sequential Incremental 2DLDA using ORL and XM2VTS
databases respectively according to an example embodiment. The samples are
resized to about 56x46 pixels in the example embodiment. Figures 6(a) and 6(b)
show graphs comparing the memory costs of chunk ILDA and chunk Incremental
2DLDA using ORL and XM2VTS databases respectively according to an example
35 embodiment. In Figures 6(a), the chunk size is 80, while in Figure 6(b), the chunk
size is 300. From Figures 5(a)-(b) and 6(a)-(b), it can be seen that the Incremental
2DLDA method of the example embodiment, as represented by lines 502, 512, 602
and 612 uses significantly less memory than the conventional [LDA, as represented
by lines 504, 514, 604 and 614.

40 '

B The comparison of the memory cost for ILDA and Incremental 2DLDA is
shown in Table 2. It can be seen from Table 2 that the Incremental 2DLDA method
can consumes significantly less memory than ILDA. These results verify the analysis
that the lincremental 2DLDA can overcome the limitation of the number of the

45  classes or the chunk size that is encountered in ILDA. When the number of classes

is large or the chunk size is too large, the memory cost of the ILDA can become very -
high. On the other hand, in the Incremental 2DLDA method of the exampie
embodiment, the memory cost is very low.



performactive |learning. Uncertainty sanpling typically works by assigning
an uncertainty score to each point in U and picking the n points with the
hi ghest uwoentoaioniéy scores. These uncertainty scores ar @ChasewIonosshe
predi ctions of the classifier currently trained on L. The uncertainty
sanpling nmethod usually relies on probability estimtes of class nenbership
for all the exanples in the active pﬁao Mar gi n- based cl assifiers, e.g.
SVM have been used as a notion of uHcertainty in prior art nethods where
cl ass neamenshhdmpemaRaddst (in Méga%fﬂe%hef tHe L apehOtheRORESENT/. JDUDSA .

esti mat Rl tHésORIY ahd B e dMVEINATRCEta5=28% t he hyper pl ane for classifiers. The
uncertainty score is inversely proportional to the absolute value of the
di stapce from {he hyperplane, whére points fakiaser té\? t he hyp®Rihrang are
nmor e pncertai n{ A main difference hetialeén memast i *F'E Yner casidfon passi ve

| ear ne |ts the trasgey| Ngitiel teximing , | imenory 0 choese t he untaheibted || nst ance
to querl?/a t hesiexanpl e eatodi nentgost he (matementadf gh;%se cr armimtal |2DLDA
class|fier is the dijstance of the (@Ligky {saRplipAt o]t D fas@narmé:ﬁald of
probapilities. |Incremental 2DLDA|wi th nearest nei ghbour’ c| a2BLbAgr

accor PRy to the exanpl e enbodi ment may |be one of |the sinplest
cl ass| @0cat i on SCheanﬂ ';ﬁgl%t classifies d data poi zn’t based on the | abel s of
i t's nesuiissts s, arf Sreabiectsl By | hgpglhe [mul pigcl ass | lens. wever ,

i ncr ew&hﬂaﬂgeﬁlDlL%g%fgneﬁﬂaﬁﬂS/S@lbiﬁF& a ggl'lgur al IE’)I(())'[I on|o :EbtrjﬁégertaiOhét_é; in

cl ass| #38@at i on| and hence, it is|unclear howto estimte the probability of
m scl igablcation fof a given data poin Ln the exanple enbodiment,, the

di st ahM2VESt he subspace is chosen as the uncertainty neasurenent. |Further,
in the&Ranpl e|embod] ment, the data face that yields the |argest dijstance
to t heSHiRGest | neighbdt? SPQGGE%IGeq,tm@nc t he o3anpl egsel @ct i op et had i's

r ef er [ B}R9EE as Fur t hedP29¢s/8uBiget Nei ghbodr (FNN). This meahs al |l the
unl abpf?¥ o qﬂncertal n data are|tested |and for each data, its nearjest
nei gh h:leqt)c f ound -using the inctet 2DL DA pH \JI_DP]’ irons as descrli bed

abovg and t he one whi ch has t he furthest ngarmest nei ghbour is chosen. This

fﬁﬁ?héitd?f Sg;" gmc Breimer %”bab"'y%ﬁ:;t ras“‘éeﬁta'” ” t?ﬁ.s ay

inply a Eeé ‘P'B‘P ?8“?'?.3%'5@? i dt the
near er gn ugn I% \}, %?5' asg Ii@'?f Cf;ﬁ’ \(? t°y '}3 %xarrpl eis
eﬁl llo

cl agsi f £g it T Ml e LHe | east
pr obabi gb g n@ correc RSP i | rable Yo Iea‘?n this
sanpl e. "Fi gurg shovvs a di agr am illustrating the Furt hest Near est

Nei ghbour mb@BFbQ%Pé&lJ&QeB&uﬁ& exanpl e enbodi nent. Assune there are two

classes of SRR 88 appreciated by a person skilled in the relevant art that pool-based
15  learning is a setup for active learning. In active learning, there is a pool of unlabeled
points U and a pool of labeled points L.. The goal is to iteratively pick the most
informative points in U for labeling, obtain the labels from some oracle or teacher,
add the labeled points to L, incrementally update the classifier using the newly
added samples from U, and then iterate and see how fast the classifier converge to
20 the final solution. An actlve learner usually has three components: (1) a classifier
trained on the current set of labeled data; (2) A querying function that decides which
instance in U to query at the next round; and (3) An updated classifier after each
query. In the example embodiment, a classifier is trained using a small number of
: randomly selected labeled exampies called the seed set. In addition, the process is
25 repeated until either the evaluation rate arrives at a value or U is an empty set or
: until the oracle is no longer able to provide labels. During each round of active
learning, n points are selected for labeling. This is herein referred to as the batch
size. One of the main differences in active learners is how one determines whether a

point in U will be informative if labeled.
30 ‘
Uncertainty



marked as "0" and "x" and their feature space distributions are shown in

Figure 7. In the exanple enbodi nent, "D's represent four unlabel ed sanpl es

t hat havewbeen/pempect ed to t he subspace. The nearest necgisicaumw®o¢4s9 B, C

and D) of the four sanples are connected with themrespectively. Based on

t he approach descri bed above, "A" is the first sanple to be selected by the

FNN sel ection nethod because it is t furthest nearest nei ghbour. The new

classifier is increnentally |earned Using the added sanpl es, and

uncertai nty |acoeesx=aifle Rntsbaaasht) an drivertintyabaherhgdabstohdh ishesdwe . - Figure
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st eﬁo 81'@metrﬂaéntm¢preel§ inversele pipportiopebiodhe abeelviedaluscd it digtange tfﬂ¢e1 r
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classifier SPgNRE Qiferenes hebvery AR ALY dearBer 3aghpl RasSIVR ieR@Spéoths06. At

ste 82‘2“ert"ﬁ‘§ elepEnt ebf-sirphesseathe Péﬁb\?‘@@bﬁlﬁgrﬂﬂﬁﬁécﬁ)dﬁlq% Inothg he ot her
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enpty, %’Jge ATAR D 156 Rl %%v Yrentagllighabithat ed t he
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ggtsegrc £hs ;jg ? Wﬁ%ﬁ E%@ @0% Sf‘iﬁ;ﬁeﬁ Qnition

(g zﬁ? %rsh o) ﬁt% %‘éla %pr %Vﬁr Q%?:f?e?f at egzto
S (o B as i %fgg g %fbcaB et
t here aﬁﬁcgrt Ubj e

5 Shtghnoe %bﬁ Beettutdlac aba

agi ng i nmages. net%%e exarrpl e enbodi nent, four age groups are def| ned as:

chi bgren, tegpyage; i SRR AR hi daﬁ 9 Srdf 1 ?z f our
groups jyaidhhg tsxtﬁmﬂesree ?hasmllﬁeﬁ*e le ﬁ&ﬁ %@éﬁ iand above
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i mages {{iQMAPLKaIDE tdded\Ela /R ﬁg' Qre P is fPutt? néltmé:e it is
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range "eitheoNALaRBOYiBighhBS: fsaél%s'eﬂagﬂ% ah@ RBqutdd hawp ek indrest he four
cl assesppbbi f&hﬁ‘éﬁalﬁﬁycﬁr’cﬁé AGtheSt hdirbst rdighbRr {ufid dut [b¥im@rechpt al of
2726 1 negesiied;tBIMASy imply a significant step forward in learning. If it is assumed that

the nearer a sample is to a data the higher the probability that the example is

classified correctly, then one that is furthest away will have the least probability of

35 Dbeing correctly classified. It is desirable to learn this sample.

Figure 7 shows a diagram illustrating the Furthest Nearest Neighbour method
according to an example embodiment. Assume there are two classes of samples,
marked as “0” and “x” and their feature space distributions are shown in Figure 7. In

40 the example embodiment, “A’s represent four unlabeled samples that have been
projected to the subspace. The nearest neighbours (A, B, C and D) of the four
samples are connected with them respectively. Based on the approach described
above, “A” is the first sample to be selected by the FNN selection method because it
is the furthest nearest neighbour.

45

The new classifier is incrementally learned using the added samples, and
uncertainty scores are produced for the unlabeied data in the pool. Figure 8 shows a
flow chart 800 illustrating a method for active learning according to an example
embodiment. At the start, a seed set 802, an evaluation set 804, a pool 806 and a

50 2DLDA classifier 808 are provided. The samples in the seed set 802 and the



9(a)-9(d) show sanple imges of the four age groups respectively. For the
unl abel ed face data in the pool 806 (Figure 8), a database is collected
fromthrewozouwwess (1) a |ab using a web canera; (2) fromsakodacesd mges
in public databases including the Facial Recognition Technol ogy (FERET),

t he Pose, Expression, Accessories, and Lighting (PEAL) and the Pose,

Il lum nation, and Expression (PlE) tabases; and (3) the Internet. There
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met bod gl eab%&é‘ dff é’{ie and BIRAEE H% e[%@é] JF 235€ imAdGAN Fidiged andom
Gdg g{e@g,r@@g% 0Ps rddpgcfivrgluction in the nunber of

training es reqw red for FNN to obtain a simlar accuracy as the
random sel eCHrOﬂqeaBHraQéféH fa%e%'é’e@t hfinedpodtr 8B FFigure 8} la dapbachs round of
active |LGRicRidebm e RUIRRE: O arlablﬂam?raeﬂab caehet®) (Arfibetdefagt Wnhgés accur acy
usi Bg eid bakidTebRBHsds ikkRidRdTItNe Fallal TRedoBEition Technology (FERET), the

Pose, Expression, Accessories, and Lighting (PEAL) and the Pose, llumination, and

Expression (PIE) databases; and (3) the Internet. There are total of 4000 face

images of 1713 persons. In addition, in the example embodiment, a face detector is

used to detect the face, and all faces are then geometrically normalized to 88x88

35 image. Figure 10 shows sample unlabeled images in the pool.

in the example embodiment, an initial classifier is trained using the images
from 'the FG-NET database, and the face images in Morph are used as query
images. Half of the FG-NET and Morph database respectively is randomly selected
40  for the seed set. The remainder half is used as the evaluation set. For each round of
the active learning, 4 samples from the uniabeled pool with the furthest nearest
neighours which are at the top of the pool are selected and labelled by the user.
They are then added to the training set and the 2DLDA classifier is updated using
the newly added samples.
45
Figure 11 shows a graph of classification accuracy versus the number of the
selected samples according to an example embodiment. As can be seen from fine
1102, the error rate can be much lower when only a subset of U has been labeled as
opposed to when all of U has been {abeled. This phenomenon has been observed in
50 other works on active learning as well. Thus, stopping the labeling process early can



value at Y-axis. Table 3 shows the reduction of the nunber of rounds needed
for the FNN and random sel ection for getting the simlar accuracy. As can
be seen fwormialbkms3 , FNN sel ecti on can obtain sim | ar PATSG2EONOSS h
random sel ecti on using on average 72.5% fewer sanples. Tabel 3 72.52

(average) Figure 12 shows a flow chart 1200 illustrating a method for
updating a 2 dimensional |inear di scy. I mnant anal ysis (2DLDA) cl assifier
engine for feature recognition aCCOI’&I ng to an exanpl e enbodi nment. At step

1202, oinevery ueefe isasplheng vaged ddasifipaion dedr. tOnd pbesstbhlagsaddneis thagi ne, the
cl assi f steppism tHengroceasypzdryl mgy aeipl tumadidtoptiets vl tas sremirtesatyied thd eloon a
pl ur al i taye oby incaeéadenghermaddisors gomtsnara radaat r fox exdmplk) if holmgesoutfingst ep 1204,
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i mges. At dnepddit®s, the wetthimamdeash the anetwodnacedrding stoufukatexdmplesed on t he
sanpl e embedimentsi ignomphied wihsthe apbwach rdrare o quéery| seariads ragdamivet hod f or
sel ect | sRiedegisaeprasenicd polie tHifoiniFdeurg 1d. Hewealle seepfframFigses 8. sanpl es
for actigeneiond of dee sxembledeMBodimear NURESS BHBbHASRINaN e Brdpm 402, a 2
di nthsi gflegtioniaReEaacai scri mi nant anal ysis (2DLDA). classifier engine is
applied to the unl abel ed sanples. At step 1404, the unl abel ed sanples in
t he pool ar eA%éerEBeraE%Pﬂ”Sr?@ e f?%'FPO'Hl”b r@nﬁ‘éﬁb?roo%tr?@%‘ﬁe@iam}"ée%ear est
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Can be t n r ra% r%y

h belng
execute é“éﬁy P Wﬁ?l%aracw ﬁg@?wc%e'%%'o R ehoc o
sys 59?0 uc Stet hod of the exanpl e enbodi nent. The conputer
sys em 1300 conprises a conputer rﬁpéﬁlékg 1302, input nodul es such as a
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exanpl e i ncl udesygyprocessorzisi8—a )
180 1 600 68.3
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72.52 (average)

Figure 12 shows a flow chart 1200 iliustrating a method for updating a 2
25 dimensional linear discriminant analysis (2DLDA) classifier engine for feature
recognition according to an example embodiment. At step 1202, one or more
sample images are provided to the classifier engine, the classifier engine comprising
a plurality of classes derived.from a plurality of training images and a mean matrix of
all images. At step 1204, the mean matrix of all images is updated based on the
30 sample images. At step 1206, a between-class scatter matrix is updated based on
the sample images. At step 1208, a within-class scatter matrix is updated based on

the sample images. '

Figure 14 shows a flow chart 1400 illustrating a method for selecting samples

35 from a pool comprising a plurality of unlabeled samples for aclive learning,

according to an example embodiment. At step 1402, a 2 dimensional linear

discriminant analysis (2DLDA) classifier engine is applied to the unlabeled samples.

At step 1404, the unlabeled samples in the pool are sorted according o their

distances to a respective nearest neighbour. At step 1408, the sample with the

40 furthest nearest neighbour is selected for labeling. At step 1408, the 2DLDA
classifier engine is updated based on the labeled sample.



Random Access Menory (RAM 1320 and a Read Only Menory (ROM) 1322. The

conput er nodul e 1302 al so includes a nunber of Input/Qutput (1/0

i nterfacesp 2bvooe2eanpl e 1/ O interface 1324 to the di spl ¢THE&R@)9/0608d9 1 / O

interface 1326 to the keyboard 1304. The conponents of the conputer nodul e

1302 typically communi cate via an interconnected bus 1328 and in a nmanner

known to the person skilled in the | evant art. The application programis

typically supplied to the user of t conmput er system 1300 encoded on a
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accenplths kgdmpki engoddivertt320. It will be appreciated by a person skilled in

the art that nunerous variations and/or nodifications nmay be nade to the

present i nverite comastes eygteni M30Receppisesi @ errbpeteremedilad 13 Butinpldparti ng

f r om t reodyes stchoas 3 keyboact 13Meanchmenss Ha0GsNdba phualily dbeeipiibdayicsShe present
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ill"@strative and not restrictive.CLAIMS 1. A nethod for updating a 2
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i mages bel ongg, BELRGGLD oPiah ROybREsLbiRachate §&itdrthe computer

system 1300 encoded on a data storage medium such as a CD-ROM or flash

memory carrier and read utilising a corresponding data storage medium drive of a

data storage device 1330. The application program is read and controlied in its

execufion by the processor 1318. Intermediate storage of program data maybe
30 accomplished using RAM 1320.

It will be appreciated by a person skilled in the art that numerous variations
and/or modifications may be made to the present invention as shown in the specific
embodiments without departing from the spirit or scope of the invention as broadly

35 described. The present embodiments are, therefore, to be considered in all respects to
be illustrative and not restrictive.



matrix. 4. A 2 dinensional l|inear discrimnant analysis (2DLDA) classifier
engine for feature recognition, the classifier engine conprising: a

pl ural it ywof2nlmsses derived froma plurality of traini RGTISGREGOHP04E Mean
matrix of all images; means for receiving one or nore sanple inmages; means
for updating the nean matrix of all inmages based on the sanpl e i nmages;
nmeans for updating a between-cl ass atter matri x based on the sanple

i mages; and nmeans for updating a within-class scatter matri x based on the
sanple ¢Clmpaes. 5. A nmethod for selecting sanples froma pool conprising a
plurality of unlabeled sanples for active l'earning, the nmethod conpri sing

t he steps oft. apm metigpdaf®? uhdaingizoAadimenrieaal ihesc rdistrimamntaaraliyss s (2QLDA)
cl assi f(eBLDANglassifitoebdine dorl fabeire decgniiibesthesuethiodgeanieising tibediters sanpl es

I n the ggpol according to their distances to a respective nearest nei ghbour,
sel ecti ng t hwogdinglamewirthotehsarhpietimages e thecslassiierggnging, theclasaifet i ng; and
updat i reyidineecaDbiying kadyialiyerl dzrgienaleaee droohateralitief teainisafppess 6. The
met hod arsl & gianredatiix otalbim®agss, wherein updating the 2DLDA cl assifier engine
conpri ses t hpdatiegthe mear Mairhef dllimages Bagsdgn %e@aanmﬁgeg 7. The net hod
as @ ai med iypdeting mbetvesn-assysaiteemalrix tased ondae §AMPIeIMass: ae net hod as
clai med in cYreiRtEg 8 WilnineclassgfateR el haged cadle PREBIIMAISH. 9. The nethod as
claimed in claim@8, wherein the face age reco n|t|on COTTB\I’I ses determ ning

whet her a fate beisngethas anelaimed H% “E‘S‘u ’sW cPﬁ’tV" F’Bn t een

a ??S 8FRItEE dpatd ﬁ@i‘lﬁ’F'Fes dat t ?} 5§ tt fom a pool
conﬁf‘m s?ﬂg APUPSSPEY edmgﬁﬁ '8 %'8 R OP ?ﬁ’l sf?@ ®t he system
conpri st means for applying a 2 dl mensi onal I | near di scrl m nant anal ysi s
(2DLDA) clasgifi to . the unI beleds for ortlngthe
unl abel ed saé ere;:at gﬁé’g Sla' Pz;g %omta er@: pq%%% h'gfgspectlve
ne StI ??I ne“ the ﬁaém e lma?ge IO? § u%% getﬁ’éﬂ hi (I%assusr 8§t hear est
nei bolg t{

atrix.
4. A 2 dimensional linear discriminant analysis (2DLDA) classifier enginé
for feature recognition, the classifier engine comprising:
- 25 a plurality of classes derived from a plurality of training images;

a mean matrix of all images;
means for receiving one or more sample images;
means for updating the mean matrix of all images based on the sample.

images;
30 . means for updating a between-class scatter matrix based on the sample
images; and .
means for updating a within-class scatter matrix based on the sample
images. ‘
35 5. A method for selecting samples from a pool comprising a plurality of

unlabeled samples for active learning, the method comprising the steps of:
applying a 2 dimensional linear discriminant analysis (2DLDA) classifier
engine to the unlabeled samples;
sorting the unlabeled samples in the pool accordmg o their distances to a
40 respective nearest neighbour,
selecting the sample with the furthest nearest neighbour for labeling; and
updating the 2DLDA classifier engine based on the labeled sample.

8. The method as claimed in claim 5, wherein updating the 2DLDA
45  classifier engine comprises the method as claimed in any one of claims 1 to 3.

7. The method as claimed in clairﬁs 5 or 8, applied to face recognition.

& 8. The method as claimed in claims 5 or 6, applied to face age
50 - recognition.



| abel i ng; means for updating the 2DLDA cl assifier engi ne based on the
| abel ed sanpl e; neans for obtaining the highest accuracy while | abeling
| east unlwsibebwdezmapl es; and neans for renoving the | abeCedcenypb@sdrom t he
pool . 11. A conputer storage nedi um having stored thereon conputer code
means for instructing a conputing device to execute a nmethod for updating a
2 dinmensional linear discrimnant anglysis (2DLDA) cl assifier engine for
feature recognition,- the method conprising the steps of: providing one or
nore sanple inages to the classifier engine, the classifier engine
conpri si ng &.pl urgéid ingtheld ad asisesl desiaived, Whersirathe! facalage yreodgritica ni'ng
| mges eomibrésesedatemEihing wititharld facedydengsuipdate nitHehgroopagonsistingxof al |
i mages ¢hildenh, pent dpe, sdnfphed semgesiultand updati ng a bet ween-cl ass scatter
mat r3 x based on the sanple inmages. 12. A conputer storage medi um havi ng
stored theretth cohpsustem topdelentninsahples ifras rurad! mgmarisiogpupluraitydel/i ce to
execut eurdabriethaampies fercaative iaagninatipe exstemaemprisvgl conprising a plurality
of unl abel edneamplfersapRlying@ Rvéimesgionaintinear iserimingd awisis 4IPAhe st eps
of : appHgssiier #nging trdhssiabgled saiBalesdi scri mi nant anal ysi s (2DLDA)
cl at&ifier SRBRMe Tl SPHIBY LWE aWUPkeied sapIRes s dhe invg! BReordinlalve i@l sanpl es
i n the PBigNceiont HSRECive naresst naikb@ifices to a respective nearest nei ghbour,
sel ecting HEe3afiPe SRISEING e SAFPIR Ytithn g dutheskingRISHIMIBPOPRERT i ng; and
updat i ng ?H@mezeg)rlfs[) orC lugggtlirfgl ?l‘qe %IE)?_ rAe ca%%%igr Oe%g%ngeblage%elo%dthsea%eleéd
15  sample;
means for obtaining the highest accuracy while labeling least unlabeled

samples; and
means for removing the labeled sample from the pool.

20 11. A computer storage medium having stored thereon computer code
means for instructing a computing device to execute a method for updating a 2
dimensional linear discriminant analysis (2DLDA) classifier engine for feature
recognition, the method comprising the steps of:

providing one or more sample images to the classifier engine, the classifier

25 engine comprising a plurality of classes derived from a plurality of training images

and a mean matrix of all images; )
updating the mean matrix of all images based on the sample images; and
updating a between-class scatter matrix based on the sample images.

30 12. A computer storage medium having stored thereon computer code
means for instructing a computing device to execute a method for selecting samples
from a pool comprising a plurality of unlabeled samples for active learning, the
method comprising the steps of:

applying a 2 dimensional linear discriminant analysis (2DLDA) classifier
35 engine to the unlabeled sampiles; '
sorting the unlabeled samples in the pool according to their distances to a
respective nearest neighbour,
' selecting the sample with the furthest nearest neighbour for labeling; and
updating the 2DLDA classifier engine based on the labeled sample.
40



