1 A METHOD FOR UPDATING A 2 DIMENSIONAL LINEAR DISCRIMINANT ANALYSIS (2DLDA)
CLASSIFIER ENGINE 5 FIELD OF INVENTION The present invention relates broadly to a
method for updating a 2 dimensional linear discriminant analysis (2DLDA) classifier engine, to a 2
dimensionalmer wiscraninant analysis (2DLDA) classifier engine and torCiietioer 4@t system for
selecting samples from a pool comprising a plurality unlabeled samples. BACKGROUND 15Principal
Component Analysis (RCA) and Linear Discriminant Analysis (WA) are popular tools for dimension
reduction and feature extraction. However one tommon drffrculty in using the RCA and LDA is that
whenever one additig ed, the, ining acquired in the
past and repeat] wdhe (K ability to update the
discriminant 205 R TG i SN oI tGH SR d-or it Tatttaming YSahticial to using RCA and
LDA in real-time face recognition, monitoring or surveillance applications. Incremental learning
can provide@ Wayouhatie-above problem. In such learning scheme, the learning system, on being
presented with new training data, 25 updates its learning without having to reuse the current training
samples. To achidve thissestvierarndristirmpethiodsdherformn incegmentat RGAa(RCA) [Rarning by
updating tg@‘@i @a%@%d@?é%}f@@@“éwﬁ%i%%@%d%%%ﬁn Brebisidisred %Eidlng exactly
one new s e d of merging
and spllttl space mjgagmsiha? a&%%%/s% Y Chink ot nceﬁv?/ﬁ ﬂsmﬁeggr}g)l‘g quo Li‘é’&%”f} in a single step.
Incremental tensor RCA has alto been applied in object tracking applications. One such method uses
an on-line #gskGsUligice learning algorithm which models the appearance changes of a target by
mcrementally Iearnlng a Iow order tensor e F%enspace representatlon through adaptively updating the
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designing jnetessanial {Ha Axjigartnes. Recendly nseinehineramentapliaraihdiigisefiniant analysis
(ILDAY methwasdramecribdpht sefoiztive glsssificitidhrefrdatag streawis), fonsxrgipie,sad ILDA which
uses OR ddédinpeditite fﬁtﬁé?%‘ﬁ%Iﬁﬂmﬂﬁ?rﬁ@ﬂ%@%@Qﬁé@céﬁpe}@ecific features that best
discriminate the gata so r,and an ILDA IS %ased on dlrect\lyt trn%‘the etw en-class scatter

matrix and within Jasses f@reme" %afﬁ?ﬁi ‘r‘i‘éresr %"Qﬁilr:r 1 e d At B8 Shye, 1A methods use

data shat isdhieescnienlip Mﬁﬁ&@tl 9'H. ratses R hmakioneitheatene. n‘r%taeﬁ svs that the chunk
size (the nmmkm\ferfsa;am@mrbodadﬂedmaﬁmmmdabmmd@mmamombe)mlaﬁg@ Because the
memory C@W@%Wréﬁamww 1(:10) ih@@ mﬁﬁ“@dgﬁﬁhe tewfy) e ivigisiesi Asigirabéerriban be solved by
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model is upeiiethtERg R REYve SRR ehaviieh cg%t'fead;‘écaydﬁ@lr@ﬁ@i‘zéhﬁ i@@ﬁ&t@a'r&r\ﬂai@érfor the case
where wrorgsiasiifoatarn ispaasetkivy dhrmitial siagiveydebdainexistirgiiiRArcembindgs 5
discrlmlnaﬁ’{&e%ﬁﬁ%'ﬁeconstructlve mformation Also an incremental LDA has been used for face

reco |t|on wher enerallzed \{er %dlfﬁc for | n]odell|ng compared
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convéft thelsﬁn@rgmnbmwe@!mwnm geslentorbaemdeheriesiniputthehelowifartinceomarix of these

vectors andTRIEIR ExFERTHe 8 %%éﬁ)?% geon ﬁo?ﬂcﬂ%oéﬁ%'r sFber ﬁﬁ‘ﬁfr&v@sﬁ%gﬁg strategy,
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Elgenfacegﬁa@igﬂgﬁ%ﬁ%@é‘ss y%c %81%@%%%?3@%@{@% PRIfAtNS and achieved
900d perfqipEnCe; RO Boatgs:mast Rehiglvimeeinel Rrlislis FBrmarple, an image
of 1125x 9 pixgitsize ﬁ@ﬁ@@d%@@%u@wﬁm&m@m@ammémﬂmaﬁme Magters are of high
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scatter mabsgaisedheasasingLiast 2@y become relatively too high. Although the large chunk size
problem can be solved by partitioning a big chunk inte several smalter ones and perform
ILDA on these smaller chunks, the computational complexity may still be high.
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Various conventional methods have attempted to solve the SSS problem, e.g. PCA plus LDA has been
used in ILDA. One important conventional approach is the two dimensional linear discriminant analysis
(2DLDA) method. 2DLDA is an extension of LDA. The key difference between classical LDA and the
2DLDA is inwhe2@baepsesentation of data. While classical LDA uses the M8t teidf8sentation,
2DLDA works with data in matrix representation. In addition, 2DLDA has asymptotically minimum
memory requirements, and lower time complexity than LDA, which is desirable for large face datasets.
Also, 2DLDA uses the image matrix to calculate the between-class scatter matrix and the within-class

scatter matrix. As the di e t y be much
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further ex Son 8%@2 & S eﬁ@s Siexar Cq Silateral 2DLDA
as described In [H Kong, 40 L ng E. K Teoh J G Wang and enkatesvvarlu A Framework of
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However, faHﬁheaZﬁDLﬁDAaﬂneﬁmdmdwscms&habdhe desmtitrcoisider inciememntabsubispace analysis.
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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: 45providing 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 imageswo 2apodetisg the mean matrix of all images based on the saR§Jle@#HAE8&4ahdating .a
between-class scatter matrix based on the sample images; and 50updating a within-class scatter
matrix based on the sample images. 4 The updating of the between-class scatter matrix may
comprise updating a mean matrix of each class2o which at least one of the sample images belongs
prior to updatingt between-class, scatter m t{z}ixih mté@% ting ofthe withinzclass scatter matrix
may comprise LN @1%&%&?%% %ﬁa uéﬁ%&ﬁf@%@. 2 m@%ﬁ@a&%@,@wé@me images
belongs . AL EW Nelassrssatier pratox ciptradcordgrice wath & sisdemd aspect of the
present inyeRian sthelisthprovieeckad?itimeansiondldinebelsd imintroanalyibi@DDA) classifier
enginé fordgatanrgsesnyritioghthestiastiidy snagiaesdomgti&ing raasr & ngé%%eﬁ%rived from a
plurality ofctraiiag %?@ﬁ%%%ﬁﬁﬁfﬂr@fcégfiﬁfﬁ’ﬁ ?nﬁﬁfggfﬁef@cp § @ﬁé@ﬁpmore sample
images; "2PREA{CEGRUBYAL @%3%8{%‘@4 NP a0t oA t§ ) Jeimages;

98S, imides We ve{%mih nery %i/ EsRased RRBsARPIadRages;
means fortHﬁ,ag@}%%blg ﬁv%\@e ass’scatter matrix based on the sample images; and 20means for
updaftng a within-class scatter matrix based on the sample images. In accordance with a third
aspect of the presemiinyentionstbers is:ativeildite fetiotion s (F SR FETRdAa pool
comprisingoaiphediity ofhen| Esite v EBsamPRESFHE RRVEFEENT CEh@ tho& ’éﬁ@ing the steps of:
" applying EoiigReASIORaPRRES  dis ’iu‘ht @%ﬁlﬁ?’éﬁ@pﬁ %lﬁé unlabeled
samples; ot SHAR fﬁ%ﬁ\ﬁ? %Dgégaéf S i e BT Agren AP oaineil disla respective

RES: sor a@? e HkFadd RO NEdoaHAeH Giplanegaiera resp

neareSt naigHiHE, %‘e’i’e&%ﬁ%e&m@mt&m Tghesinearess neigabostzindaheling: and
updating thengRakédh GRSSIfiesresigiEbasedion tignabeletbsamHecbiainieoapefatitg of the 2DLDA
classifier dagjalg mayrqeprsétizemethodiof shovtirepplisgEensTHECIRIHBEBF BRNsRd hspect may be
applied to kagenesssgairidh OlPian etRoreise P i SRPTER A ¥ @pplied to face age recognition.

40THface age recognition may comprise deferpining whether Adage HRloBEsIAGAEAT the groups
ConSIStlngygéi"For%@;r%gé ﬁ%@aﬁnﬂ‘ﬁ%ﬁ@nﬂ SHUNEAAWE needed labsled samples. A key
challenge in active leaming is to minimize the selection of sampies. from the
uniabeled pool to be labeled in order to fully leam the complete data available. The
95 piassification error of a sample fypically serves as the criteria for selactmg_’the
samples. in order fo select the most informative sampies, the incarrac_t}y classified
samples are ordered using their classification errors. The idesa for selecting & sampke
is that the worst samples (with the biggest error) should be addeof fo the iraining
samples and a new classifier will be learned using the new ftraining c_latabase.
30 However, as the data are unlabeled, one cannot fell which data is _m_correg:t.
. Moreover, due to the large data set and high dimension of the feature, training with
" the complete data set is usually not feasible.

A nead therefore exists to provide method for updating 2 2 g‘itmen'sionai i:mear
35 discriminant analysis (2DLDA) dlassifier engine and a 2 dimensional linear
discriminant analysis (2DLDA) classifier engine that seek {0 address at least one of

the above problems.
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. In accordance with a first aspect of the present invention, there is provided &
method for updating a 2 dimensional linear discriminant analysis (2DLDA) classifier
engine for feature recognition, the method comprising the sf:eps of: ‘ ‘

45 providing one or more sample images to the ciassifier engine, Fhe clgss;ﬁer
engine comprising .a plurality of classes derived from a plurality of training images
and a mean matrix of all images; .
updating the mean malrix of all images based on the sample images;
updating a betwsen-class scatter matrix basgd on the sample images; and
50 updating a within-class scatier matrix based on the sample images.



In accordance with a fourth aspect of the present invention, there is provided a system for selecting
samples from a pool comprising a plurality of unlabeled 45samples 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 pobl according
to their distari¥ésted@aspective nearest neighbour; 5 means for selectingtA&Sa#iB0Ath the
furthest nearest neighbour for labeling;-means for updating the 2DLDA classifier engine based on the
labeled sample; 5means for obtaining the highest accuracy while labeling least unlabeled samples;
and means for removing the labeled sample from the pool. In accordance with a fifth aspect of the
present invention, there is provided a 10 computer storage medium having stored thereon computer

code means for ipstructinga comRULingdevicede examtearmeihad dompndatingaidydimensional
linear discripinantanalysisi2iloA) cassifienenginefor featurapecogrtionsthegmpthod comprising
the steps of prosicingohenpesnaresamplisimegés to the classifier engine, the classifier 15engine
comp#ising a plurality of classes derived from a plurality of training images and g mean matrix of all
images; updatin Tﬂ%%ﬂ%@ﬁﬁn%ﬁr&‘%ﬁﬁ‘ﬁ}] ‘Qa%fé:‘ @é@@'ﬁﬁﬁ@‘ g’%ﬁ@ elh g‘%;fg}giﬁ ting a
bétween-c%%@%%ﬁﬁﬁ&ﬁc @g‘ﬁgﬁ | SAmple images. 20 In‘accordance with 4 sixth aspect of the
present invenﬁon, ere Is provided a computer storage medium having stored thereon computer code
meang for instrugiingsactenpsiting-devieedsnexesptetaohatizogfareseéleovimgisaniples from a pool
comprisingseoplisrdlity? aftu ateielediseaptiscioniastivenalipmn@the A strsteo wigiam$ihe steps of.
25applyingea2igiraerasiios t%@ﬁ%@FﬁPﬁﬂ?&ﬁﬁ]%fﬁ%@i?&DA classifier engine to the unlabeled
samples; sorting %MW@@E@%@&%@W T BS LR I I TR

&, .
ages: g elr éqs?ances to a respective nearest

: & Mean m ‘
nelghi%our, means for receiving one or more sample images;
means for updating the mean matrix of all images based on the sample
images; ' . .
means for updating a between-class scatier matrix based on the sample
images; and : ‘ :
20 means for updating a within-class scalter matrix based on the sample
images.

in accordance with a third aspect of the present invention, there is provided a
method for selecting samples from a pool comprising a piurality of unlabeled
25  samples for active learning, the method comprising the steps of: . .
applying a 2 dimensional linear discriiminant analysis (2DLDA) classifier
engine o the unlabeled samples; o
sorting the unlabsled samples in the pool according to their distances fo a
respeciive nearest neighbour, ' '
30 selecting the sample with the furthest nearest neighbour for labeling; and
updating the 2DLDA classifier engine based on the labsled 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 fo face age recognition.
40 The face age recognition may comprise determining whether a face belongs

to one of the groups consisting of children, teen age, adult and senior adult.

In accordance with a fourth aspect of the present invention, there is provided
a system for selecling samples from a pcql ‘comprising a plurality of unlabeled
45  samples for active ieamning, the systern comprising:
means for applying a 2 dimensional linear discriminant analysis (2DLDA)
classifier engine {0 the unlabeled samples; )
means for sorfing the uniabeled samples in the pobl according to their
distances to a respeciive nearest neighbour,



selecting the sample with the furthest nearest neighbour for labeling; and 30updating the 2DLDA
classifier engine based on the labeled sample. BRIEF DESCRIPTION OF THE DRAWINGS
35Embodiments 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 con}ur})%ggn with the
drawings, inWhishoBig2e (a) and Fig. 1 (b) show graphS of face recognitio AtEUrACY 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 to a%ace recognition system according to an example

embodiment. 45Figure 2(a) and, %)tﬁ ow, araphsef ghassificationascurangaabnst mamber of new
samples Y j ARIncremental 2DLDA on the ORL and XM2VTS databases respectiVely according

to an example efbadimentupdating thigEBSIXa)andBibpshiow graphs voripariPlethe execution times
between. &&hpish 2DLDA and sequential Incremental 2DLDA a%ain_st the nu_mer o[ Igarning WO
2010/62268PCTHBE2000/00015E 6lata sk eeingreHach i a0 et SaBhsECRE R ctively
accordingS HHEsxaiiple embodi#pd&nt. Ftilég’%ré?g #‘ and A0 g%}gw graphs comparing the execution

times between 5¥ath BHEBR U MK Incramental 2DLDA of various chunk sizes against the

number of new samplesusino@RL MRd26NM2Y tEidatabasesrestiootitreeas qordidgde an example
emboslimeginputer Jrigilieshéajandaiinshowrgrlapimeomperina ehecrREMBIFEBEStEDT 10 sequential
ILDA and isetueintipkl norepagingati @DeDIR F@L’Wfﬁaﬁl\wvﬂté%ﬁ%a%éié“? g@‘@@%ely according to
an.exampleemisteifmenent analysiy (RI-6(3) & BB SRBNPQRpIFE LomBERG the memory costs of
chunk ILW%WC?%H?}?% LRALSINGQRL aRdAMAT SHplabasesidanaspectively

acco %i”géﬁ an exaniple cmbodiment.r csJdgWeitesneYrs a glagimyoillusinaingithgeBurthest Nearest
Neig ougﬂgeﬁg RLcRAEINGE i aRaeample embodiment. , 20Figute 8 shows a flow chart illustrating a
method for activejeamni thaceerdingi:ar akinmgks aisddimirt samplEA@RSORRRI(d) show sample
images of the foupdgingrabpavasspeiessaiases sratiy 18SaH SRR MIIBHATENt. 25 Figure 10

shows sample unlabeled images in the pool accardin ' imeRtiag Figure 11
shov#® a graph of tRACSIHERRGIE ?Jﬁ,{?%ﬁﬁ%r?ﬁ%ﬁ%ﬁ%%ﬁ 9631‘@:%’@ &&%g;tgagpmamgs according to
an exampfﬁo %@%ﬁ%puﬁn IFRel & @ Boweghaitrilusiating aamethadifomupdating a 2
dimensionghdnesrgisgraninantranalysis(2BeRA ) scapsificioerglive dovoitinghe arethesmple
embodimesttrbrising thigsteers &8 shows.a schematic diagram of a computer system for implementing
the ri&thod and sysigimefox L%dﬁﬂﬁ@%?ﬁﬂiﬁfﬁ%idﬂ%ﬁrfm@?%igﬁﬁiﬁﬁﬁaf%%lré@/s ; 5HA) classifier

engine ac ﬂﬁgt‘f’c?% &ﬁ@?@%ﬂg' inn the pool according to their distances to a

Y

soriing the u

respective nearest neighbour, - _ ,
¥ selecting the sample with the furihest nearest neighbour for labeling; and

30 updating the 2DLDA classifier engine based on the iabaled sample.

BRIEF DESCRIPTION OF THE DRAWENGS

35 Embodiments of the invention will be better unde};stood andl rgadity apparent
to one of ordinary skill in the art from the foilowing wrlﬁen description, by way of
example only, and in conjunction with the drawings, in whichi:

Eig. 1 (a) and Fig. 1 (b) show graphs of face recognition accuracy against the
40 number cgf the( ‘agzcremef?tai Eéa)ming stages on the Olivetti Research Laporatory. (QRL)
and Extended Mulfi Modal Verification for Teleservices and Securily applicalions
(XM2VTS) databases respectively when new sampies are sequentially added fo a

face recognifion sysiem according to an example embodiment.

' i ificat inst number
45 Figure 2(a) and 2(b) show graphs of classiication accuracy against num

of naw gamp}es using chunk incremental 2DLDA on the ORL and XM2VTS
databases respectively-according to an example embodiment. : .

Figures 3(a) and 3(b) show graphs ,compafing ﬁjne execution times between -
50 batch 2DLDA and sequential fncremental 2DLDA against the number of learning



40 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 to an example embodiment.
45 DETAILED DESCRIPTION 7 data come in sequentially. Thus, the between-class and within-class
matrix can b peiatedimthe example embodiments without much recalc ¥l Ta/E%esions of
incremental 2DLDA are described for two cases: add one new sample at one step (sequential) and
add more than one new sample at one step (chunk) Some portions of the description which
follows are explicitly or implicitly presented in tedms of algorithms and functional or symbolic
representa ions of ope ns ithir 0 L lgQri scriptions and
functronaleéﬁ%é/(m‘,b e g%?ese%?(%%%%reg &earcnségﬁgggsé%gt%ﬁﬁ ocs-{l;e siﬁé%’igfﬁ{ttr%@d@@eelo processing
arts to convey most effectively the substance of their work to others skilled in the art. An algorithm is
here, and generéilyreente vawte(beatselbmstemqlehe@mwm {eastingetoeedesired result.
The sﬁepsbarei’*tr%@éﬁr% A R UAations of phjeitarauanties sgeissiBrectrical,

agnetic BY'® ﬁc %r%f%tgas%f%%rna%&WW%@%?P@&E%&WF@H%W%‘HQ and otherwise

manrpulateoda %Ily stated otherwise, and as apparent from the following, it will be

apprecrated that;t[nggghg@t%@r@gptmrf@@gﬂ@ dissussionsHdilizipgdeymmsuchyas "scanning”,
"updating'segadeutatingiA" detergainingtial replasingtialgeneratingsing nitializiagd, Xdanifyng'™, or the like,
refer to théaﬁahamam&pambe@swoﬁauwmmnt@rxeym@mmtozmﬂmm|Iar electronic device, that
manipulates and transforms data re resented as p caI uantities within the ct m%puter system |nto
e Gata S e 25 il i S5 e omton
storage, ”r%@%@l%ﬁx?‘éﬂﬁa% St £he, gqt specification also discloses apparatus for
performing the operations of the methods Such apparatus may be specially constructed for the
required purposefsgm@m&yrmdsgmrgdmmwméwﬁmamamsomdmmotrveIy activated
or reconfi@mmamemmeppre@mﬁi@m’ed in the computer. The algorithms and displays presented

herein are not |nheren reIated to an L{a com utte(r ol other 3q aratus \éanous general

88 us TAn od for ﬁt‘ accﬁ ﬁ-.
purp6se mcachln é% MSAn 2ctorgance wi eac erem. Alternatively,
the construc? ion of ore specia ized apparatus to perform the requrred method steps may be

appropriate. Thersydﬂ@wm@meQQWr@eneg@spummmm@ut@rdeappeeasﬁtretm the description
below. 35lacadditiortythe gr@selat @pkatficatndn also implicitly discloses a computer program, in that it
would%he apparent to the person skilled in the art that the individual steps of the method described

herein magf( > piitd ﬂQHf ﬁ?V%&ﬁmﬁﬁr%ﬂ%E*%érﬂﬁﬁ?ﬁu%r BFofPaM IS MelfdEl to be limited to

any particu AT P programmrng Panguage and implementation thereof. It will be appreciated that a variety
of programming 4y janguages8¢ceding JRetniamay Resedverdnplemenithe teasbings of the
disclasure zostrinedhgieinchbategverathe:somipuatprogeam 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 witHo8tgepartFPont tHe¥ ?ﬁfEWnd‘rezone or more of
the steps & V;er%@ﬁfég Rl T RO G

compyier progr m may & stored on any computer readable medrum The computer readable medium
may include storagg.devicesssuoh as magaetisior apiicatdisks smemasyiehipssesathier storage
devices stuitagiterfariinterfacingavithl aayenevadiporpbse covapugerz The doraeiteriededie SOmedium
may also intsodi@iaavardrw st mEILRY SucHess BRenfpiiRg] ifsRdR@riet 8Ty SIERTFGt wireless
mediym sURRREBthplified in the GSM mobile telephone system. The computer program when

loadett and execulerh 00 SUdh A SRR BOSE RmRYR AP EIL Leny Lo AR geRpals (el
implementg th, 8 r ﬁ'&fag eyrgdam Etfééﬁyﬁiﬁﬁewef aeu@regaam% %&%ﬁtwmbodlments
{(4C1),.. ()éﬁk%;arr@ﬁéﬁﬁﬂbdr 4iiCA.)1 are image samples from N classes. X,k E Rrx' is the r (rxw -

image matrix) sample of the Rh class Ck, for i = 1...nk and nk is the number of samples in class CIo
TCk #4.-Enkis defined as the mean matrix of samples of the class Cir,

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 -



ilk2=1 10M -l is the mean matrix of all samples, where T is the total number of " T samples for all N
classes. In addition, the example embodiments make use of the bilateral 2DLDA (B2DLDA)
described in [H. Kong, L. Wang, E.K. Tech, J.-G. Wang and R. 15 Venkateswarlu, A Framework of 2D
Fisher Discrivgirtantgpei/sis: Application to Face Recognition with Small UHEEPBIPEIRIng Samples,
Proc. CVPR 2005, pp. 1083-1088] and [J.-G. Wang, H. Kong, E. Sung, W.-Y. Yau, E. K. Teoh, Fusion
of Appearance Image and Passive Stereo Depth Map for Face Recognition Based on the Bilateral
2DLDA, EURASL1P Journal on Image and Vided Processing, Volume 2007 (2007), Article 20 ID 38205,
11 pages ol: 19, 11551200 1@%@’%@& e 2BLRAN0RS extendedtodociemental,?BLDA. The
B2DLDA Lﬁ:@a&%ﬂﬁﬁ % ts-aP et (aeionnt) [distrmipantiveciars Wkapd Wr satisfying:
2ALWTC, MOMHRMIEGIOEMIDA- MY Hé2-Hided 67 (Ko 3Zapaswed Xt navis THaenpiptianaliéd/lssed Wr correspond
to the eigénveetdies) ahS Sty ande3at 8/l BErespettivelyevetmr&Bilkand Sbr are the left within-class

and between-class scatter matrlces of the tralnlng samg S respectlve% S1, Swr ar(? the right
within-class andsﬁ’aiw fﬁ g & g cli n he pseudo-code

for the B%%,, %ﬁiggi@ﬁ%‘gmﬁn A E&&y&g e ori Q{ ,,Brn) =

B2DLDAG chgnal M idirdéresditatBhsMfe the ealna,us@d r@,pmmwmg@@ afnd ml and mr are
the m@mbﬁfoﬁéibﬂgdmﬁmmvéﬁmmamnﬁssbfﬂeimbdm@et & 2l At ransfermskitespectively 350utput
W, Wr, Biig B2, Br, SuorityBria %WﬁaﬁdéﬁvaW@m@@téﬁ%’ﬁdﬁQ ﬁﬁtﬁmtﬁ‘&tﬁmwa@ﬁx respectively by

the B2DLD/RIBR t&ﬁ@@r%ﬁéﬁ‘ﬁ%@% Qéﬁ{ ﬁ%@dﬁ e W@fg %%eg ..................
_______s}f_mf.s_i.cai @@ﬁ Be ﬂ%{ C% fet S g‘a%mﬁ& compute the global
mean atrlx f CZD |n r an SWI WO 201 62268 9 PCT/SC2009/000459 =(I(

'M)T (R -M) Un!ess specrﬁca!iy statad otherwise, and as apparent from the following, jt will be
appraciated that throughout the present specification, discussions utilizing terms such as
“scanning”, “updating”, “calculating”, “determining”, “replacing”, “generating”, “initializing”,

“identifying”, or the like, refer to the action and processes of a computer system, or
20  similar electronic device, that manipulates and transforrns data represented as physical
guantities within the computer system info other data similarly represented as physical
guantifies within the computer system or other information storage, transmission or

display devices.

25 The prasent specification also discloses apparatus for performing the operalions
of the methods. Such apparaius 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 pariicular computer or other

30 apparatus. Various general purpose machines may be used with programs in
accordance with the teachings herein. Alfernatively, the construction of more specialized
apparatus to perform the required method steps may be appropriate. The structure of a
conventional general purpose computer will appear from the description below,

38 In addiiion, the preseni specification also impiicitly 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. 1t will be appreciated thal a variely of programming

40 languages and coding thereof may be used to smplemen‘t the teachings of the disclosure
contained herein. Moraover, the computer prograim is not intended to be limited to any
particular control flow, There are many other variamts 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 paraliel rather than sequentially. Such a computer program may be stored
on any computer readable medium. The compuier readable medium may include
storage devices such as magnetfic 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



(2) (X1 -MOT (X/-114,) (3) 4. Compute the first m eigenvectors {f} };1.111 of SS (4) 6. Find Sbr
and Swr, Shy = E1.1, rz,-114)(i" - (8) S™-mo(x4.-m)r (6) 7. Compute the first mr eigenvectors 10571:1',
of S" ii?R. (7) 9. Bli==1,".n (8) Bo=1.Wi=1...n (9) Incremental two dimensional linear discriminant
analysis (Inckgmenras26s2DLDA) The 2DLDA described above is us&&Il5aiedui§Han entire
batch of training samples, thus it can also be referred to as Batch 2DLDA. In some situations,
however, not all of the training samples can be presented in advance. The method of the example
embodiments can improve on the B2DLDA as described above by 20 using incremental learning,

which is ay gffective, method, laplcan %dfj%(%rl&ﬂﬂ\‘(ﬁ Imenslona) PigsNRPARE FSRLSsRRLgLion to reflect
) 5 o

appearané%&%éﬂ&ﬁé&%& SRRl 1DSKeR YR @I%&n MWQ%@%&Q%% ate the current
subspace statesehisingianty dhemnevasanmplesmatheut the fiegdJonthepastsanaplies. The method of the
example embodiments is herein referred to as incremental two dimensional 25linear discriminant
analy§is (IncrenfertaV 2R BABLDA |n the incremental 2DLDA of the example embodiments, the
between-class stafté MRAFPEnATROTHAINSCIA6E Sehttélmattix dre pdatédbdsad 8ffthe new
sample/samplessdrosieyatationipsrsoses, ar Mitatrdist fmimant@igeaspaseisB0diedmnt using a
database gf samples bydandemiy sglestingrondy tpattioftne sivailabiplesginakbdatahase as the
training samples.<Fhe remainin rt is treated a mples, Assuming. M is_the overall mean
matrix of ali‘the: 'ﬁ%d sésrnéﬁe‘gsq%t%ea%egagg ﬁ“a"’tﬁ g?%wrﬁﬁpsg grﬁ!%%%,p#or%r% :3 f%%i\l SW and 5b
are the withjn- n, _between- class scatter matrices respectively. The two cases are described as
35fo|1 Ws.t@eﬂqggtél i ésr,gar[]nee mgﬁﬁﬂ%% G ar}p samples, \nﬁ\em “F ?é ;Li@ to%? num%er 0?

samplas for alt N classes.

in addition, the example embodimenis make use of the bilateral 2ZDLDA

(B2DLDAY described in [H. Kong, L. Wang, EK. Teoh, J-G. Wang and R

15 Venkateswariu, A Framework of 2D Fisher Discriminant Analysis: Application to Face

Recognition with Small Number of Training Samples, Proc. CVPR 2005, pp. 1083-1088]

and [J.-G. Wang, H. Kong, £. Sung, W-Y. Yau, £. K. Teoh, Fusion of Appearance

image and Passive Stereo Depth Map for Face Recognition Based on the Bilateral

2DLDA, EURASIP Journal on Image and Video Processing, Volume 2007 (2007), Article

20 1D 38205, 11 pages doi:10.1155/2007/38205] as the 2DLDA 1o be exiended io

- incremental 2DLDA. The B2ZDLDA is a general 2DLDA which finds a pair of (adjoint)
discriminant vectors W, and W, satisfying:

N
S Bwl @, - M)W, W (%, — M) W,

(W, W,) =arg max— i 1
G ST WK KWW (K] %)W,
T fromt i}

The optimal W, and W, correspond to the eigenvectors of §_;8, and 5.8,

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

30 Algorithm B2DLDA (W, W, By, Bp, ...Br, Br, By -, Bm) = B2DLDA(,, L., 1y, m

)
tnput: 51, 12, S Ny O 3 o 8 . :
% L, f=1,2,...n represent n images, and m and m. are the number of the

discriminant components of left and right B2DLDA transforms respectively

35 Output VV], Wr, BH, BQ_, ...B;n, BH, B,g, ...,Bm
% W, and W, are the left and right transformation mairix respectively by the
B2DLDA: By and By are the reduced representations of | by W, and W, respectively

1. Compute the mean mairix, X, , of the #* class of each i

40 2. Compute the global mean matrix, M, of {1}, =1,2...n
3. Find Sm and SW;, )



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 40as belonging to class iy, the overall
mean matrix is updated in the example embodiment as Mi.,--(NM+Y)/(n+1)(10) n = n+1 WO
2010/062268BGT#kER6©9/000459 10 If Y is a face image of a new BGBjeGEEI¥4% a sample of a
subject which does not appear in the current training set, then N=N+1,nw=1 50n the other hand, if Y is
found from the present trained 2DLDA classifier to be a sample of an existing class (e.g. person), the
mean matrix of the class | y is updated in the exgample embodiment as ,1 =(ni 11. + Y),(11) n +1' 17
=17 +1 IF11 10The between-class scatter matrix is updated as follows /V = Enc(i, -114"T (7(.1 - 1\1'
)(12) S-bM)(l, -(E)@.Eihe,.w@mm&flg@scﬁﬁbr matrix is updated similarly. 15ft Y 18)a face image of a
new subject, a new is, creat AWithinscl [ [ . S= [
s é ! zo%ewf “‘cﬁziﬁﬂs &a _@Q[Jh&\fvmg}ﬂjc ass scatter matrix remains unc@gnged._ S=S(14) Swi
4. Compute the first m eigenveciors {g7 1), of 8,8,

iz w!

B.Wi gl dr s s8] B CN
5 8, Find Sy and Sy,
S, =50 n (X~ MDE, ~ M)’ (5)
Swr = Z:;[ ’;':[ (X;i wa)(-Xf _-M)T ) (6) .
7. Compute the first m, sigenvectors {17 of 8,8,
8 W[, 45 sy, ] | : (7)
40 9. By= W, i=1,...n . . (8)

B.= "W, i =1...n B (@)

incremental two dimensional linear discriminant analysis {(incremental
15 2DLDA) ' :
. The 2DLDA described above is usually rained on an entire baich of training
sampies, thus it can also be referred 1o as Batch 2DLDA. In some siluations,
however, not all of the training sampies can be presented in advance, The method
of the example embodiments can improve on the B2DLDA as described above by
20 using incremental learning, which is an effective method that can adapt a jow
dimensional eigenspace representation to reflect appearance changes of the target,
thereby facilitating the recognition task. It can update the current subspace states
using only the new samples without the need for the past samples. The method of
the example embodiments is herein referred to as incremental twe dimensional
25  linear discriminant analysis (Incremental 2DLDA).

in the incremental 2DLDA of the example embodiments, the between-ciass

scatier malix and the within-class scatter matrix are updated based on the new
sample/samples. For evaluation purposes, an initial discriminant eigenspace s

30 learnt using a database of samples by randomly selecting only a part of the
avallable 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 m is X, for m = 1,2,...,N. 8, and S, are the within- and

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

Sequeniial incremental 2DLDA
In one embodiment, referred o herein as Seguential incremental 2DLDA,
only a new sample is added at each. step. Let Y be a new sample which is iabeied
40 as belonging to class &, the overall mean mafrix is updated in the example
ambodiment as :
WM =(n+Y)/{(n+1) _ (10)
n= : _



where (Y 1,)7(Y)) = Er (Y)(Y(17) +1 Z:c = z Ecr, --icy (X; -11.,)(18) c=1cr=1 Er =EL ,Ec=1

Once SW and SID are updated using the new sample, the feature extraction 25 can be done in the
same way as with 2DLDA. The pseudo-code of the Incremental 2DLDA algorithm according to
the exampl&#hibtidifaeist is given in Algorithm .Incremental 2DLDAa beld M AHFERN L HéEW sample is
added, the algorithm updates the discriminant eigenspace based on the 30 new sample. Aloorithm
Incremental 2DLDAeSb' SIN') = Incremental 2DLDA ({Y,ly}, , Sb, Sw, nk, n, Ai) Input: Y, ly, M,Sb, S,
35 %Y: new training sample 11 % /y: the labeldf Y % n: number of the samples in the database % N:
number of the clagses.in.the,database YoM angbls, (5 112is Nargithe: meapsatinef the all training
samples ahelthe: aRean imalix.efdherkitinglass tespectively; % Sb and Sy, are the between-class
scatter matrix and within=classsgatter matrix respectively; % nk: the number of the samples for the

k-th class 10O0utput: WI',51b, %M' and i (k=1,2,...,N orare the updated mean matrix of the all
5 On the other hand, I Y is found from the present trained 2DLDA classifier lo
be a sample of an existing class (e.g. person), the mean matrix of the class i is
updated in the example embodiment as

¥ =t —(n % +Y), (1)
ooy 107 !
n;r =, +1
10 The between-class scatter matrix is updaied as follows

N T

Sy =y n (X, ~M) (&, ~M) (12)
p=x]
N . L. ‘

8, = 2.8 (%, ~M)E, - M) (13)

e=]

The within-class scatter matrix is updated simijarly.

15 If Y is a face image of & new subject, a new class is created. The within-class
scatier mairix remains unchanged;
s, =S, | (14)
Slwi = Swf ‘ ] . (‘; 5)
else .
o= oy -%, ) (Y- : 16
20 Sy ¥R R (16)
. n, _ T )
b= tde (¥ %, XY X, (173
wr Z,. n;r _1’1( Iy ){ Iy ) 4
' N N i , 3
where Y = = PN SRS B S (18)
cvat ¢l i i .
N ' N
S o= =) 2K -ENE-F) (19)

el e=l i .
Once S, and S, are updated using the new sampie, the feature extraction
25  can be done in the same way as with 2DLDA. .

The pseudo-code 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  nswsample. ‘

Algorithmn _Iincremental 2DLDA® (W', X, 8., Su) = Ingremental 2DLDA ({Y A}, M,
o Sp, 8wy i 1 N)
Input: Y, kv, M, X, , k=1,2,...N; Su, 8y, iy, k=1,2,0.N

35 %Y : new training sample




training samples and the updated mean matrix of the k-th class respectively; % Sb' and Sw' are the
updated between-class scatter matrix and the updated within-class scatter matrix respectively; 15 1.
Update the mean matrix of all samples 1\111=(nM+Y)/(n+1)(20) . 17=n+1 20 2. Update the
between-cla&© gedttsizifatrix En:a, -m'yci, c., SMI)OrLe -MOT(22) c.i If YE§ H35&¥7H4de of a new
subject, N=N-fl, o'N+1 =1 If Y is not a face image of a new subject, 1 25 yci = (ni+Y)(23) n =11 1 3.
Update the within-class scatter matrix If Y is a face image of a new subject, -=(24) 30s - =(25) N=N+1
nN+11' If Y is not face image of a new subject, 1£Sw +21/ (Y 1, )T (Y)(26) n +1 11i 35+'(V i )(Y) T(27)
% ke the labsl of Y

% . number of the samples in the database
% A pumber of the olasses in the datebase

% M and ¥, (k=1,2,..,N) are the mean matrix of the ail raining samples and the

5  mesan matrix of the kuth class respeciively;
% &, and 8, are the between-class scatier malrix and within-class sc.aﬁ:er matrix
respecively;
% n the number of the samples for the k-th class

10 Output: M, %, k=12,...; S’ S'u

%A and ¥, (k=1,2,...N or 1,2, MM) are the updated mean matrix of the all

sraining samples and the updated mean matrix of the k-th class respectively;
% &, and S, are the updated between-class scaiter mairix and the updated within-
class scatter matrix respectively;

18
1 Update the mean matrix of ail sampies , _ : '
M'=(nM+Y)/{(n+1) . o (20)
=k
20 2 Update the between class scatier mairix
S, =Y. 3, ~M) (% -M) (21)
c-l . :
S, EZn;(ic ~-M)E, ~M) (22)
=]
If Y is a face image of a new subject, N=N+1, 1’y =1
Y is not a face image of a new subject,
25 %, = ——(n,%, +Y) o @
T+l e
ff;; = +1
3. Update the within-class scatter matrix
if Y is a face image of a new subject,
S'wl = Sw! ' (2’4)
30 S, =S, _ (25)
N=N-+1
finer =1
HY is not face émage of a new subjedt,
8, =8,+ I(Y“—ifr )T(Y“”izy) (28)
T,
35 ' S!\t'r = Swr - in’y )(Y wi}r :)T ‘ (27)

B, +
v

1 -
X, = 1 (%, +Y) (28)

n,




Ul+11, 1-(nl.11, +Y)(28) +1' 12 The proof of Equation (27) is as follows, Assume Cly denotes the
set of the training samples with label ly. =y (X)(X - )7' sils Xe(Cfr,Y --- )T (Y)(Y - EXX=SY -1, Y ftir
(X1L)+1)CY )(XII,.+1

WO 2010/062268 ] PCT/SG2009/000459

12

m o=n +1

The proof of Equation (27) is as follows,

5
Assume Cy denotes the set of the training samples with label 1.
B = 2 (K-E, ME-%)
Xe(Cy,. ¥}
= Y (X-F (X~ ) +(¥~ %, Y -5)
el .
T, - EXX % o, Ly g, Xy
= %, - ! ~F - 2y -%, - : -%, ~ :
¥eC), b m +1 ( r n, o+l oy , +1 1" n, +1
V-% XY -% ) Y-% ) (¥Y-%
:Swr +Z: ( X )( 3 1") ""(Xf'r mii'}( - il') “( {1')(Xiy W?‘{;.)T +
7 (n, +1 o+l m, +1 d
T (¥o3, )Y %, )
—— (¥ -% -X
(n;)_ N 1)3 In I
As Y (X7 ~%, =0,
. n, (1, +1) _ o ", _ - 7
§ =5 + T (V% YY-% ) =8, +—(¥Y-% HY-F,
| wr wr (ﬂir L 1)2 ( 1 )( i ) ]’ifr o 1( I )( Iy )
1¢ Hence,
H
§ =8, +—— (Y~ WY-%, )7
m o+l ! !
Similarly,
. ", o _
§,=8,+——(¥-X% ) {Y—wx!’,)
ny, +1 '
15 Chunk incremental ZDLDA
in another embodiment, referred to herein as Chunk incremental 2DLDA,
multipie samples are added at each step.. The Sequential incremental 2DLDA
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 refrain the Incremenial 2DLDA rather than to
retrain it with a single new sample af a time. In the example embodiment, assume !
new samples are given and their labels, Y={{Y 1,.!\,'1},{‘1’2,&2},...,{Yt,lﬂ}}. Without loss of
generality, assume there are g new samples, {Y,}p .., Which belong fo the it

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

£, =%, + 2.¥)/n,+q,) (31)
Yye¥riem
fim = Ot Gm
The updated overall mean mairix is



07+1)2 12, 772 (nz" +1)2(Y if, )CY - AsE (xi./) o, n1 (n1 +1) li 11(XY+ 1 CY |)C12 - (n4 +1)24
10Hence, 77)(Y -) T Similarly, (y +1ir)T (y air n 15Chunk incremental 2DLDA In another
embodiment, referred to herein as Chunk incremental 2DLDA, multiple samples are added at each
step.. The S&gushtiaditdremental 2DLDA described above is therefore a%peeial®&88%the Chunk
incremental 2DLOA. 20It 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 embodim@&#t, assume t new samples are given and their labels,
Y={{Y1k1}{Y2,1y2}, {Yt,/yt}}. Withput loss of

7 4 Z ¥,
L (32)
ntt
The between-class scatter matrix is updaled by
e A
Sy = 0 (E, ~M) (¥, -M) (33)
gl
S e N
=5 m, (T, ~M)E, -M) (34)
3]
5 The within-class scatter matrix is updaied by:
2
ZZ Z oL+ ) e (- E Y (F, - E b
=} g} gc ) (35)
q.lg, +2n, T _
—— (¥, %) (¥, -F,) + -5 6—pn (Y, -¥.) (4, -3.0
(r, "HEC) wie;i—s * (n.+4q,) ch%;fku—uc ' ¢
n, F -
DD W q“) ~ENF )+
el o=l gc‘ ( 2 ) : (3@)
n, . NN ACHR) - 7
e (Y, -3, )(Y, -%.) + (Y, =¥, -F.)7)
(n, +€IC)Z Yl.e{'i;z}}\i‘.scj‘ * (n,+q. ¥ Yke;Z&k-c ¢
where ¥_is the mean matrix of the new sampiss of the ciass c.
10 ' If the samples belong to a new subject, assume Iy, of L new samples belong
to the N+1 class, the batween class scatter malrix is updated:
8, = m (%, =M (&, - M) +¢,,F-M) F-M) (37)
8, = 2. (X, =M WE, ~ M)+, T~ MIF~ M) (38)
The within-class scatter matrix is updated:
15 Sy =8, -+, ey | (30)
S =50 + 3 (40)
where » . and D ey, Are the left and right scatter matrix of the N+
class and: , ' .
Doty = Dveve (e VY (N -F0) (41)
20 Z(N—H)r = Zyke‘!nlkmc (¥ —¥. XY, __.yc)?" (42)

The proof of Equations (35) and (38) is given as follows:
According o the definition of the between-class scatter matrix,

25 Z =3 n (X - M)XK, -M) +ch(‘y ~MYY, -M"D

i=1



generality, assume there are qn, new samples, {Yi}yierni,", which belong to the Mth 25 class. The
mean matrix of the Mth class is updated in the example embodiment as follows: nm=nm+ gm The

updated overall mean matrix is 13 n +t The between-class scatter matrix is u

. atrl pdated by 77 'h-)T
-1V1)(Y: -M¥ @G Fisedthin-class scatter matrix is updated by: N2 ,-.4(%53?1%?8“3@9?4% (35; 1
277,)) (YA -Ic) (YA -Y)T(Y-37 k -,)) (tic+ q0)2 (36)

14
Hepiaczng M in the above equation with {32) and using the fact that

Z(xzv -%Y[) = Z(‘yx - K= Z(“"‘ ~Y¥)=0

el jrst =l

in the above equation, the following is obtained:

T = SR - MY(KE - M) Q’Cn F =~ MK~ MY(KS - MD)T ——Te (7 - )T

q. ¢ o 'l‘?'?c

z—;ﬂTchin o, = M)+ g, (¥, =Tl (¥, - M)+, (Y, -9

mi(Xf”MMX?*‘M}T EZ{S’ WM ~ M) + ] g, (¥ - MY - M)

Fed (QC w}“nc fe=1 - (ﬂc +q¢) Je=l
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“The pseudo-code of the Chunk incremental ZDLDA a{gortthm according ‘to
the exampie embodtm@nt is given in the A!gorﬁ:hm Incremental 2DLDAP.
10 -

Algorither Incremental 2DLDAY ¢ fx",“ S, &) = incrementa]' 2DLDA

Y b {Ya b, Y ulet, M, M. X, S, Sw»_”k, W, 1, N)
EHPUt‘ {Y], IIY!},"—'{ o E\ﬂ, ik R f'(:1,2fN, Sb, SW, Ay, W"i,Z,N
%Y, M}, 21,2, £ new training samples and labels;
15 % number of ’me samples in the database
% N: number of the classes in the database
% M and ¥, (k=1,2,...,N) are the mean matrix of the all training samples and the

mean matrix of the k—th class respectively;

% &, and S, are the between-class scatter mairix and within-class scatter mafrix
20  respectively;

% i the number of the sampies for the k-th class

Output. M, X, k=1,2,...; 8, 8



2 n, (Y"icxykqge(qg, + 2774 Y k Y7¢)04 -KY') (770 +q,)2 YketY)e-akmc(n, + q,)2 yteynic,c wherey, is the
mean matrix of the new samples of the class c. 10If the samples belong to a new subject, assume /Nti
of L new samples belong to the N+1 class, the between class scatter matrix is updated: =-1'41)7(i,(37)
S hr z="nt,- M4 230(86226%(3.-, -m1)7(38) The within-class scatter matrix isRygdtaer? 9% ¥
E(N-1-1)1(39) = S, +E(Artor(40) N+1)r where E(M-1)1 and 3-are the left and right scatter matrix of the
(N+1)th class and: The proof of Equations (35) and (36) is given as follows: According to the
definition of the between-class scatter matrix, 7§xi, -mt)xic -NOT q( Y1-ACT WO

2010/062700PCTISC2009/000459, 14 Roplasing M Ji 1 2hoys edelion it (32) gd using the fact

training samples and the updated mean matrix of the &th class respeciively,
% 8, and 8,/ are the updated behmeenmciass scatter matrix and the updaled within-
class scatter matrix respeciively;

1. Update the mean mairix of all samples
M= M+ ZY Y (n+t) {43)
) n=ref
10 2. Update the mean matrix of the classes

X, =%, +1,9,/0m, 1) (44)

m bt

3. Update the bei:ween class scalter matrix
Zn (T, MO (%, —~M) (45)
S, = ‘? n (X, ~M X%, -M)’ (48)

c—l

15 4, Updat@ the thhm class scatter matnn

ZZ, Z &+, x)(yc—x‘w

s c=| +
R, ¥ -5+ AR NE A AL A A
(H ch) Y, e¥ iy “ci c ('T?c +‘2’c)2 Yee¥ri =c ! ¢ ’ :
n.q, — o
:ZZC Z (Z .L q (YL' ch)(Yc _.XC)T +
oral el ( + ) N
(g.+2nm) (48)
s = qc gc‘ [ e FraRvA
(Y, %Y, -X,)" +-=e—2s (Y, -9 )Y, -§.00)
(n +q )H Y;G;Z(‘\I‘—c‘ * (]1(: +qc)2 Ykﬁ;}zg‘g;mc ¢ ¢ t
20 Advantagecxusiy‘ the heremental 2D{.DA according to the example embodimenis

" inherits the advantages of the 2DLDA and the Incremental LDA (ILDA). Based on the
incremental 2DLDA, the small sample size probiem can be avoided as wall, since the
within-class scatier matrix is not singular. lf does not have 1o redo the entire fraining
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 memorty than the latier, 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 baiween-class scatter matrix
and one within-class scaifer matrix of every class. However, for Incremental 2DLDA, the
size of the between-class scatier matiix and within-class scaiter 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 [LDA.

35 ‘



g, (WT -TNT) = ()| -37X-D = (YYT VS) = 0 in the above equation, the following is obtained:
-L[(Xci-M)Tqc(3 m)1Kr, m)(xcigc(Y m)]T gctn, 2 gymy- gm, 21 2,) c c) 2 2lit77,qc (yrc.(n, +9,)2 (nc
g32 5+ gr(qg, + 2n c)yk _y,)(yk yen (nc+ qc)2e7711,'=" The pseudo-code of the Chunk Incremental
2DLDA algovithrmie@ezding to the example embodiment.is given in the Ai§SrhrA MY ERental
2DLDAD. Algorithm Incremental 2DLDADLS , S wi) -= Incremental 2DLDA m, M, Xk,S, S™, nk, NI', n,
Input: {Y1,M, Nk ,Sb, Sw, fl k=1,2,...N %{Y114,training samples and labels; 15 % n: number of the
samples in the database % N: number of the clésses in the database % Ni and ik (k=1,2,...,N) are the

mean matnx of [ner EARNA R2rpiEs A1 &g‘n&%meﬁ@mw%0£&%mﬁoq%%%@smveIy_, % Sband S

ehysense @&%pﬁ&ﬂi@e%& X andEhin-class seatialimaibn 2 Uigsnestivelyand

eigenveciors, within-class scatter matrix and between-class scatier mairix, and the

computation is based on the number of training samples. The compuiation fimes

5 may become significant when the number of samples s very large (eg. in the

thousands or tens of thousands). In contrast, the incrementat 2DLDA algorithm

according to the example embodiments has most of the compuiation ooourting at

the step of updating within-class scatter mairix and between classes scatter matrix,

and the computation is based on the number of the classss. The analysis of the

10 computational complexity for both 2DLDA and Incremental 2DLDA algorithm is Hsied

in Tabie 1. It can be seen from Table 1 that the first part (eigen computation) of the

computation complexity of 2DLDA and incremental 2DLDA are the same (O(F)). The

second part {computational time for computing beiween-class and within-class

scatter mairices) of the complexity of the conventional ZDLDA (ie. O{nrw™))

15  increases with the increase of the training samples size n, while the second part of

the computational reguirement of the Incremental 2DLDA according to the example

embodiment (i.e. O(Nmw®)) only depends on the number of classes N. For a

database with g samples of each subject, the time cost of the Incremental 2DLDA is

about 1/g-th compared to 2DLDA. In general, in order 1o achieve higher accuracy in

20 face recognition, g=1. Thus, the incremental 2DLDA according fo the example
embodimants can be computationally more efficient than 2DLDA.

Another advantage of Incremental 2DLDA over the conventional 2DLDA and
ILDA is that it requires much less memory than the latter two. The 2DLDA algorithm
25  needs o ioad all training sampies when a new imags is added, requiring memory of
(nxr=wx2) bytes {(with float type data) while the incremental 2DLDA aigorifhim only
incurs memory size of (r*w) byies for loading one new image and {(N+3)x(rewx2)
bytes for remembering the mean of every classes, overall mean of the training
samples, within-class matrix and belween-class matrix. Thus, the conventional

30 2DLDA uses about (n/N) times more memory than incremental 2DLDA

Also, in iLDA, the image is represented as a 1D vector with size rxw, and the
size of the covariance matrix is (F<wj?. In order to do incremental learning, both ILDA
and Incrementat 2ZDLDA need to maintain one between-class scatter mairix and one

35  within-class scatier matrix of every class. For an application with N classes, the
memory requirement in 1LDA to maintain 8, and $,, is N*2x{r=w)*x2 bytes and the
memory requirement in Incremental 2DLDA to maintain 8, and 8, 18 Nx2x(r=w)x2.
Thue, the memory cost of the ILDA is about (r<w} fimes of incremental ZDLDA.
Further, Incremental 2DLDA can solve the limitation of the number of classes or

40 jimitation 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 quickly.

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

45
' Algorithm : 2DLDA - incremental 2DLDA
Computation 3 _ 5 -
Complexity O(fF+nrw®) f=rmax(r,c) | O(F+Nrw?), l=max(nw)




% nk: the number of the samples for the k-th class Output M,,S'b, 15 %M' and ikor 1,2,...N+1) are the
updated mean matrix of the all training samples and the updated mean matrix of the k-th class
respectively; % Sior and Sw' are the updated between-class scatter matrix and the updated
within-class%ceated#mzix respectively; 5 1. Update the mean matrix of diF SAIApIEY000459
DIP=-(n"Mi-ZY)/(n+t) n=n+t 10 2. Update the mean matrix of the classes 57:171 = (11171: pt + 1PS In)
knw+1,1) 3. Update the between-class scatter matrix Sy 77:a: -- Mt) c=.1 154. Update the within-class
scatter matrix NN2 E, =(En'gc 2 (Yc c=1c=1c¢(7%éqc) (Yr -1c)+ 11 g2 (YXYXc) )(yk (n --q)2
20Advantageousfy. thelneremental 2RILRA accarsingterthe exampls embodinaarisHnherits the
advantagescef theidldd Amddhel neremestalibion ldiA)iBasediordhednctemenial 2DLDA, the
small sam{ileisjzevp rotdenec anhlicvevbidésitsive fosiestheiesitindciassric attelioatmtrix is not singular.
It does nofﬁﬁé@_‘éﬁ@)ré@{@hﬁ%‘%@nﬁ@@n@fﬁm aieRcacREw BaR @‘@%ﬁé@‘aﬁﬁé@@ﬁ%ﬁﬁ While the present
formufhtloﬁ gt Saltitis ﬁtﬁh‘@@eﬁﬁﬁﬁﬁ g@ %ﬁﬁ%ﬂfﬂﬁ? updates and

e e

2DLDA caghp Q{é}%@% apNyithdalght2 @iwcymbﬂeasm/la@@mspmputatlon time
and memayrdhan ﬁhﬁtt&ttﬁﬁg% ol selasseit vt datgddne [Ohne Kspal bedliDderstosdrbyakgperson skilled in
the réfevant tue, incordep 1o e inessmetinssmifge images in CDS0008 were taken from

iha middle of the head rofation shot when t e sub;ects had returned their heads fo

the middle. They are different from those contained in CDS001. The size of each

notmalized face image is about 101 * 161 pixels.

15 For the ORL database, ane of the ten sampies of each subject is randomly
selected to form ihe festing set, and the remaining nine sampies of each subject
form the training set. At the beginning, 8 images of the respective 15 subjects are

used {about 30% of the size of ihe database) to consiruct an initial bilateral two-
dimensional linear discriminant eigenspace. The {esiing set comprises 40 images

20  (one image from each subject). Subsequently, the remaining training sampies are
added to update the discriminant subspace. Once a discriminant subspace is
updated, the samples of the testing set are used to test the performance of the
updated discriminant model. For face classification, Wh and W, in algorithm B2DLDA
are appiied to a probe image to obtain the features B, and B, The B, and B, are

25  converiad to 1D veciors respectively. PCA is adopied io reduce the dimension of the
concaienated vectors of {B, B} and a nearest neighbour classifier is employed to get
the final recognition result. For the XM2VTS database, at the beginning. & images of
the respective 160 subjects {(about 40% of the size of the database) are used to

' consfruct an initial bilateral two-dimensional ilinear discriminant eigenspace. The

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

in the evaiuation, the inventors have implemented the incremental ZDLDA in

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

, (CPU) and 4GB of Random Access Memory (RAM). In order {o show the advaniage

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 learning

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 {0 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 churk size 30C. 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 mafrix which are of size (mw)®. On



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 Ingvéraexsted 263 DA can overcome the limitations of the numbeF 6T the?8fE8EEdr chunk size
in ILDA. 16 . In the conventional 2DLDA algorithm, most of the computation occurs at the steps of
computing the mean of each class, overall mean, eigenvalues and eigenvectors, within-class scatter
matrix and between-class scatter matrix, and th&computation is based on the number of training
samples. fhe gompuiationdimesiodmayhecome signiticaniunan the pumberehipamples is very large
(e.q0. in thedbausands metens ebiheusanaiskintBenicstcthedncrementai2RkRAsatgerithm according
to the examgaté:esrdyodiments has most of the computation occurring at the step of updating

within- class scatter matrlx and between classes scatter matrlx and the comp utatlon is based on the

numbe ﬁﬁ% ?‘t’ﬁ’egﬁ Fé&‘ ! 8‘?”88 EﬁA and
Incremen % Ig%Lhéﬂ ngtjgai agams &BFH; feafltg &rst part (eigen
8 r?%

computati Omm@etwﬁeﬁMmmp oA e e&tﬁ,dﬂaqgemeta@?-@é&%@@ same (0(f)).

The secorg@arstempuiatanal imatorieampidgtifg detweenclags duad tvethime ctasspgsatter matrices) of

the d@mplmman@wwmmm@mtm (ﬁr@ "@‘(@nﬁ@ IBriscrdesesivhaithwdsciéase of the training

samples @E@ﬁﬂ'/\/ﬁ?@tﬁ@@"@%ﬁ’ga %ﬁ%‘ 65 %l?@ﬁ’?@n?‘bftﬁﬁe‘a _ ntal 2DLDA
W}?tﬁé%

&
accordlng asses N. For a

It NEL

database Wi} W%igafﬁﬁ@q ék@iﬁs rt trtﬁ 2010 iseabout 1g-th
Commeredréawa% Aadd geneniak inoidesdgRshiove b@hﬁémﬂur@%e 2y, tt'me reeognition,. g>1.
Thus, the inereatentab2Dh Divraecesdmpitly thétiexamplerembidithentecdmbef chmpatationally more
efficient tHaTRIBEDA. Another advantage of Incremental 2DLDA over the conventional 2DLDA
and ILDA is thatrtt re S mug sghngve’rsno%p an thgalgrt%te tgvgxe'rctltje 2DLDA %&W”thm 25 needs to
load 3 ”%am%aﬁ};t@ r' 5’&58%@ BT iDL ALT SR 2 bytes (it loat
type data) . q\y%g}e hiviohsi RatISReMAYSiFe:Rl dbaNidndes for loading
one new image aneiihtle3 waﬁérhytﬁnﬁea:remeﬂ‘@eemgame erenrs@f everyeatassaspoverall mean of
the tralnlngcsmﬂplbeemglthmdlasemﬂak%ﬂdlﬁe&a@emmmATmmumxmmmnal 30 2DLDA
uses abouts(ﬁﬂ NIt G alsh Hploring set ag image

repr ent size %t}éFflhﬁérs\%ﬁ gl%ﬁ exegﬁnon ’g%fég#ig “?ﬂ q%ﬁé%e@%ﬁ%%gﬁ. 2.1n order to do
increments ﬁé&%@%}&ﬁ t@ ge menta Y. need to maintain one between-class soatter
matrix and one 35 within- class scatter matrlx of every class. For an application with N classes, the

memory requirerfgniras 15RA tmmammm&bmrgt@WaeMﬁx(mv)M haeegndose mémory

req uﬁ@meﬁ@ﬁi@ﬁh&ﬂaﬁt@ﬁal@@ L@AH@"#?&MW@@%@@\W& NIng kZ amﬁug“/tﬁ‘é"rrﬁemory cost of
the ILDA |§‘%{‘88ﬁ |ﬁ%?@['iﬂ‘é‘ﬁ Ej’ﬁkff@'ﬁt r tﬁ? olve the
limitation 5? %@ 708 ﬁffrs xam mggzﬁg%fﬁ A. The
eXpe”merﬁ Lr@ '@QL %@@é@.@f@ %!W@éﬁ§r§ V‘{cﬂﬁ{ @;@ﬁ@@&ble use large

chunkssizestaddaaaiet etgeiﬁpa@e qumlctyuﬁt«ab;t& L dhevatmiputaiios egsnplexityoefithe 2DLDA and
Incremental22D¢ BE. 17rom Fihresnvenhtins=maV@& @valudteanthe seeththdiofirthdesansplelembodiments
in. a face r@b ﬁtt"‘@ﬁ}m‘y‘b it divorEsiRg theRRBMaytapaiapRSeivetyRBes 168 I5ABoP¥dry (ORL) and
Extended i‘? ﬁ%th' 8"8%?0{38@%% UM EARP A PHEAN T BRIFSRITY) databases.

The QRL gta%ase cOntalhs ten adf rent images of each of 5 40 distinct subjects. For some subjects,

the images were takegoai difierenirtime smuith yansinadiohting Hacialexpressiopsi(oper / closed eyes,
smiling / netswiling) =g Jaciakddiaite(plassesTAble glassasy. Tbrersizanfthelaceadthage is about 112

X 92 p|xeIS;JT]@KMW?S@H@QB@@@%W@W(O%O"@%%tfﬁﬁ@@i?,@@@l) hém frontal images
of each of g5 §’t?o @E‘fée“‘ifﬁ@q 2 @%5@@9@9\/"%% Haehead rotation
shot. 4?he| e ? E% ﬁﬁc e}gf ﬁe& rﬁ@t\)ggen the subjects
had returnggl %Qﬁesotmé & idd % Vit llef i t eoeoeta@e RA-DRO01. The size

of each nogmg&aeﬁégcmmﬁgad@ utsmgcy)qdﬁl pixels. 15For the ORL database, one of the ten
samples of each subject is randomly selected to form the testing set, and the remaining nine samples
of each subject form the training set. At the beginning, 8 images of the-respective 15 subjects are used
(about 30% of the size of the database) to construct an initial bilateral two-dimensional linear
discriminant eigenspace. The testing set comprises 40 images 20 (one image from each subject).
Subsequently, the remaining training samples are added to update the discriminant subspace. Once a
discriminant subspace is updated, the samples of the testing set are used to test the performance of
the updated discriminant model. For face classification, W1 and Wr in algorithm B2DLDA are applied
to a probe image to obtain the features B, and B. The B, and Br are 25 converted to 1D vectors
respectively. PCA is adopted to reduce the dimension of the concatenated vectors of {B,,Br} and a
nearest neighbour classifier is employed to get the final recognition result. For the XM2VTS database,

at the beginning, 6 images of the respective 160 subjects (about 40% of the size of the database) are
1iced to conctriiet an initial hilataral two-dimencinnal linear diceriminant einencenace The 20 tactinA cat



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. 4BPigreeEp and 2(b) show graphs of classification accuracyPAdaieStHIE? 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 limitéd in the conventional ILDA because it needs to
maintain ith Oclass I R of size. (rxw)2.
On 18 thg; g@%ﬁﬁ% R;gg&g gg% &gﬁﬁ%ﬁe@ﬁ&b%ﬁﬁrﬁgﬂ%%@ﬁéﬁﬁ%v%%%%ge because the
memory cost for maintain the between- class and within-Glass scatter matrices are lower. Figures
3(a) and 3(b) show graphsjcomparlng the execution timesiti@tween, hat QZDLMN@M sequential
Incremental 2DLDA against the number oflledffiflg stage®isihg ORLam XMPVE Elatc bases
respectively:aseaerd r\g%? Bkhb WF@WI dé gi;ﬂr?s ?( )oanghidib), o ample is added

=)

RSt

at each stage. At e tage, the batch 2DL ,%%fg‘a utediaising ratﬁ%?gasamples 10
composed by the initial training set and the new sample added at th@'ﬁ@fdge lt-gamie seen from
Figures gf@) and 3(p) that the execution time based on the sequehtlal Incremental 2DLDA method of
the exanifdle embodiment (as represented py lines 302 and 312) |1s much less than that for batch
2DLDA (wmesenégd@y linés$30acEnd 314y addition, ghe execgtiopsgtime inghe method of the
example "OrfipRstiFthent 15 reniaiis Rpih same far subsequent new samples, while the execution
time for; @f%?%%ch 2DLDA increases rapidly with the increase in the number|of the new samples.
Figures 4i@sgrgl 4(b) shows graphs comparing the execution times between 20 batch ZIDLDA and
chunk Incresnental 2DLDA iof various chunk sizes agpinst the number of new samples using ORL and
XM2VTS:dgtalases raspectiv@hsaigecrding teay examplg embodimeaty gimilar to4Figuregs 3(a) and
3(b), at |dEiElgstep cgrresp néTs§2e/ BWiRsEremental 2DLDA step, the batch 2DLDA learnipg is executed
using theF I 519 samples omposed by the initial trqlining set and the new sample 25 set added at
that ste JS?PJCegII be-seen-fromFigures-4(a)-and-4(b); the targerthechunk size is; the shorter the
execugjon time using the chunk Incremental 2DLDA method of the example embodiment. Figures 5(a)
and 5(b) show graphsetropasing tietenennoriheostanibi0 segoudintiatid Davandisedaential Incremental
2DLDA umteamamxwwmambasegqea@em@y ébedr@r@gw%%%\ RipE@fifisodiment. The
samples a?@%diféd@d%@ﬁﬁ%@ﬂafﬁ%@ | i gg?cﬁ'ﬁl cme ?gdkf&se‘% 5‘“3% 6(b) show
arais o N et ot AR m@q ZHEA 8o ORL and

M2 @@@B@é@éigﬁpectlve according to an examp e 35 embodlment 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 Incremensakd LD meethiduof the example embodiment, as represented by lines 502,
512, 602 and 61 u@kées@mreaﬁw|e§sarﬁerﬁevy%%ﬁﬁitﬁ‘et6%ﬁ9@¥ﬁ8ham L@Apﬁgl‘%%ﬁ%@ented by lines

504, 534, &RAT 9&(5’ ’“0" Giipas 8??5‘.?{% ey Lo 1o [Cér‘r'@ ental 2DLDA
is shown if 1 sn QéTﬂn E@[Qrm tﬁsieqem%dé‘j sneleds é;an consumes
significantly g @S{%éﬂ%ﬁ@&j Tiese1asd ite \/J@ag(ethﬂear@ayﬂﬁema@ﬂy iﬁ'@;ﬁ%‘m@ntal 2DLDA can
overcome aaaémmﬂaasoﬁéhemmben@f teeadd aiassesamthiest lunkistatighatisvereotmtered in ILDA.
Wheiithe thunflvel ebiclisselnisakirge anirs clsupkyshes ithitee targecnsetmdmorydasi@ithe ILDA can
become véf?“ﬁﬁ@f?@?@tﬁé”@l‘ﬁeﬁ%&ﬁ@bﬂﬁﬁé‘% é%érﬁ \3 Wﬁﬁ‘fﬂ W&tcﬁ% ‘@E‘é(‘é(m?'e embodiment,
the memo 956@?‘?3 &t CI’o‘a\‘l‘e‘VV@ Eg:f Q @reépemory cost (in

Mega byte n(? @tp@fgee g@t WAES databases
Databgse F@M'Z@sﬂnglﬁl@f aing-Sektion rate arrives at a vaiue or U is an empty set of

uniil the oracle is no longer able to provide fabels. During each round of aclive

learning, n points are selecied for labeling. This is herein referred to as the baich

size. One of the main differences in active learners is how one deiermines whether a

point in U will be informative if labeled.

30 :
Uncertainty



Initial memory cost (ILDA) Initial memory cost (Incremental . 2DLDA) MeillrY cost for complete training
(ILDA) Memory cost forcomplete training Incremental 2DLDA) ORL (40 subjects, 10 images/ each
subject) ,,,, 56x.,40 15 subjects, 8 images/subject 206.7 0.07

WO 2019/062268 PCT/SG2009/000459

20

in the example embodiment, an uncertainty sampling approach is used to

perform aclive learning. Uncertainty sampling plcally works by assigning an

uncertainty score to each point in U and picking the n points with the highest

uncertainty scores. These unceriainty scores are based on the predictions of the

5 classifier currently trained on L. The uncertainty sampling method usually relies on

probabifity estimates of class membership for all the examples in the active pool.

Margin-based classifiers, e.g. SVM, have been used as a notion of uncertainiy in

prior art methods where class membership probabilities of the unlabeled examples

are first estimated using the distance from the hyperplane for classifiers. The

10 uncertatinty score is inversely proportional to the absolute value of the distance from
the hyperplane, where poinis closer to the hyperplane are more uncertain.

A main difference between an active learner and a passive learner is the

guerying element, Le. to choose the next unlabeled instance to query. In the

15 example embodiment, the output of the Incremental 2DLDA classifier is the distance

of the query sample to the class instead of probabiliies. Incremental 2DLDA with

nearest neighbour classifier according to the example embodiment may be one of

the simplest classification schemes that classifies a data point based on the labels of

its neighbors, and can naturally handle multi-class problems. However, incrementa

- 20 * 2DLDA does not admit a natural notion of uncertainty in classification, and hence, it

is unclear how o estimate the probabitity of misclassification for a given data point.

in the example embodiment, the distance in the subspace is chosen as the
uncertainty measurerment.

25 Eurther, in the example embodiment, the data face that yields the largest
distance to the nearest neighbour is selected and the sampie seieciion method is
referred fo as Furthest Mearest Neighbour (FNN). This means all the unlabelled or
unceriain data ars tested and for each data, its nearest neighbour is found using the
incremental 2DLDA projections as described above and the one which has the -

30 furthest nearest nelghbour is’ chosen. This data is deemed to have the highest
prapability of uncertainty. If the furthest nearest neighbour turns out fo be incorrectly
classified, this may imply a significant step forward in tearning. If it is assumed thal
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  being correctly classified. It is desirable to learn this sample.

Figure 7 shows a diagram illustrating the Furthest Nearest Neighbour method
according to an exampie 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
projecied o 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 selecied by the FNN selection method because it
is the furthest nearest neighbour. o

45 '

The new classifier is incrementally learned using the added samples, and
uncertainty scores are produced for the uniabeled 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



536.09 0.20 XM2VTS (295 subjects, 8 images/ each subject) 50x80 160 subjects, 6 jec
images/subject 5041.1 1.24 9771.02.11 5 The method and system of the example embodiments
have also. been applied to face age recognition. In such application, the Incremental 2DLDA method
according toitheexanipie embodiments can combine the tasks of active BatitgeaHePeEJuential
learning for classifying a face image into one of several age 10categories. The following description
provides an example implementation in face age recognition. Pool-based active learning It will be
appreciated by a person skilled in the relevant &t that pool-based 15 learning is a setup for active
Iearn.ing. !eQ/ aﬁ&ti%(gnleg%rp. tQ%%%&fé’é’%ﬁfe”%Q@'ﬁq g@n@g aggg@aa mt&&laﬁ@@g points L.. The
goal is to gratively Rickdhe posidnieEativennainisaniitor dabetings ehitaitothedabeis from some
oracle or jgagheradehthedabmledspaistada b, decrenrentdiiytivgdate dreptladsifierasing the newly
added samptes fromd RRiddithe aitdieddcaid seleirdRdragiate %ﬁﬁéﬁ%r%?%‘gt%?ﬁo the final

solutidn. Are astivdsfelivifesr pRUdRPHHE e %@@ﬂ%ﬁggg&ﬁ%ﬁ% ﬁgﬁarig %EEE.Q current set of

i i 1 5 = istanece _
abeled daeg €2} 7EHICAT ng@fd%c@js@?eé%ﬁﬁ\&b&@e@ Ge 10, \Lle Auent b b next round; and
(3) An UP@@% Fgéé' & tE%?.QPﬁQ‘]’&%HéB B sxamR eerlodimentna glagsilier sdrained using a
small numbet.gfdandamly seleciediabrlederamplesalletkthe sedesébelpaddiidnisthe process is
25 repeatgehpintibeitbesthe weaimtidmraterarives 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 Iearn'n%, 88;‘%5“ S)rle_rssgglect'ed for
labeling. This is FrerdmeeRsea ® A& ey rﬁ?ﬁg%?iégﬁ TOREICNGEE i Active learners is
asile o . Rese BL K —«W .

how one dg %@@ﬁ%@ﬂgﬁggm&ﬁﬁ Re-isfQemalive Lincartainin 20 Inthe
example empodiment, anyn ty sampbRg-appeashisaseshiepaiformactieeNearning.
Uncertainhsgamuling dypicallyovorkacby iassigninorartlnoeriantsy stbretpeaehaidint!ih U and picking
the n poinksaite the higlkest tntertdirmystoroesThisse recharty Lo iesede baed'on the predictions
of the subjects. Each subject has about 3 aging images. In the examplg embodiment, four

age groups are defined as: children, teen age, adult and senior adull. The age

20 ranges of the four groups in the example embodiment are 0-11, 12-21, ZQTGO, and

61 and above respectively. In the exampie embodiment, a database which :nc;lude§

the face images from both the FG-NET and Morph aging databases is used since i

is preferably to have a database which has enough face images for each age rangs

menitionad above. The face images are manually grouped into the four classes

25  defined above according to their ground truth, giving a total Cff 2726 images. Figures
g(a)-9(d) show sample images of the four age groups respeciively.

" For the unlabeled face data in the pool B06 (Figure 8), a datat?ase is
coliected from three sources: (1) a lab using a web camera; (2) frontal face images
30 in pubfic databases including the Facial Recognition Technology (F{ERET), the
Pose, Expression, Accessories, and Lighting (PEAL) and the Posa, Hlumination, and
Expression (PIE) databases; and (3} the intermnsl There_.are iotal of 4000 fa_qe
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 o BBx88

35 image. Figure 10 shows sample unlabeled images in the paol,

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 sel. The remainder half is used as the evaluation set. For each round of
the active learning, 4 sampies from the uniabeled pool with the furthest nearest
neighours which are at the top of the peol are selected and _igbe}t_ed by the user.
They are then added to the training set and the 2DLDA classifier is updated using

the newly added samples.
e Figure 11 shows a graph of classification accuracy versus the number of ’ghe
selected sampies according to an example embodiment. As can be seen from line
1102, the error rate can be much lower when only a subset of U has been labelad as
opposed to when all of U has been labelec. This phenomenan has been obsarved in
50 other works on active learning as well. Thus, stopping the labeling process early can



5 classifier currently trained on L. The uncertainty sampling method usually relies on probability
estimates of class membership for all the examples in the active pool. Margin-based classifiers, e.g.
SVM, have been used as a notion of uncertainty in prior art methods where class membership
probabilitiesve® Beasistatieled examples are first estimated using the distafc& o8 berplane for
classifiers. The 10uncertatinty score is inversely proportional to the absolute value of the distance from
the hyperplane, where points closer to the hyperplane are more uncertain. A main difference
between an active learner and a passive learne4s the querying element, i.e. to choose the next
U”'abe'e%@%@@%é%%%tta%e e axeampsrakAdimantcine auBuliofdaeineemental 2DLDA
classifier igdheistancecitheayenssarple theslassinstaadraihprobabiliticselacremental 2DLDA
with nearestz-neighhousctassifie madtordingolotsreesarpl demiodiitefitmay BEOGRETSs the simplest
classificatioimschiernesethét classifies a data point based on the labels of its neighbors, and can

naturélly handle muIt| class roble gwyoweevg{ Wcrem{;‘ntgl 0. r[% 901;%% it a natural
nofion of yncertyh oy Ee%omﬂrtd;ﬁ s plete theBrababilty of

misclassifics [eJa ol = ReT\V/=I0N BPIMe WY t@xa;mdei em&QﬁmeetséI@e fistarigarin the subspace is
chosen agihendnagriainh: measpie vebb@5Entheniartes exarnpfisembodithergntendata face that

yield&lthe dargeishdistaneehto the nearest neighbour is selected and the sample selection method is
referred to as Furthest Nearest Nelghbour (F f%ﬂ Thi s eans a ép%%t{;a%elled org,iulncertaln data are
tested and for.e or 'i‘%; N t mjg@%? :]' L@tdth@%%?n @gg@gﬂ@@%prmectmns as
desc”bedzg;%yﬁa% d,the epewh ?hf&aé 5&&@6@@%@8@@%@6 Aedhis data is
deemed toRavelthe Q&ﬁ ﬂfﬁ@béﬂduﬁé@n@@f@Iﬁtysetfrﬂ’mﬁmttxes‘emeeﬁ mgigkingus turns out to be
incorrectlyglassifieddbis angy 3mphna Sigrbaniv stepiifermsmten ¢éa¥nn@@ nedcieddestirmed that the
nearer a seNiplenis teraleintaciretiviger gwlipeolebaity ' Hathe %rﬁgy %ﬁ%d‘"%‘rrectly then one
that is furtﬁé?tea%vgg%ﬁ?\%‘\‘f@th%qeQsﬁﬁ%ﬂ%ﬁﬁfﬁﬁ‘ﬁ%‘%w&d&ﬁ% HssUREE S Hesirable to learn
this s % plEVerage Fayd e O §RE'R agram illustrating the Furthest Nearest Neighbour method
according to an example embodiment. Assumgghete 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, "Ss
represent four unlabtammamm*mthaﬁm@wmt@pﬁb}mtédmm mﬁatfe The nearest neighbours
(A, B, C and D) of the_four samples are connected with fHE ] R, ased on the approach
described above, "A'li&the first. sampRPto-be-selected by method because it is the
furthest nearest neig 2'5}5," The l?lﬁuaoollltl 1S ulugl_;_[ig‘ﬂtdliy tearnedysing the added samples,
and uncertainty scor e-produced- e untabeted @ BT the poot. Figure 8 shows a flow chart
800 illustrating a me ror active Teggning according to @a.gxample embodjment. At the start, a seed
set 802, an evaluation Set 804, a pool 806 and a 502DLDP2classifvers8@8 are provided. The samples in
the seed set 802 and the 21 evaluation set 804 are labelled Whl|e those |n the pooI data 806 are

|n|t|ally unIabeIIe(ﬂ‘!gNt‘%té% 8&@“%@ éﬁ‘@sﬁt@tﬁ i% %?9 21804, At step

812, e potih 908 el S ﬁd ERipty Tﬁti o%%ergi%rihe 2DLDA is

applied to f@%ﬂﬁ@%gt %&* f‘i %@ﬁeéfgét’ s@ttért%ﬂg?ﬂ@ tﬁé%§§ﬁé@@§gﬁﬂé%rﬁ%t§@6 are sorted
g Q4

according {p the sespestvenenest neigh ovegeAteiep BE8 thetsamiples with the
furthest dls;tanaag@reﬁtab@ﬂed:@mthawmawmtz 82| theeglas $ifier8a8dsoaptthted ising new
labellzdl sasapips imtuepot] 866. 70Rep BMEa-RARE | EeREEMPRIS A IR YeRRRAR8376MThe pool 806. On
the other heRcsariPlR TE@emiftb 18P tha 8na My GBS LPRATRE D So BERTE RBRFARY, at step 824,

the algorltﬁﬁ?ﬁi‘fﬁgie IMa%%He inventors have evaluated the method of the example embodiments using
the Face and Gegjyre Rocagnition RReseaieh Metwaskdr@-NEtiaaddQRBIAQ L&@E{Morph)
databgsessthe B g\g,EEEaﬁngﬁg)ladataEa@esMaw&beed mside amaltaihlmfoﬁateswrch in areas
related to age«puogressian. ammbmsé\tmtmns@aozf&di Wohﬁi@ﬂ subjects, with
approximatsrAoinmaiges étsa EBAIFae R0 ‘dat‘ét eﬂt@?@“ﬁ Q@‘Qﬁ‘a“: es from 515

subjects. EALIFSEaLJEEn8%BH ?@@'ﬂ?ﬁaﬁeh 8@%5‘0@ Eg"cordmggﬁ g groups are
Q] |

defineg as éﬁﬁ“‘?ﬁﬁéﬁs@ﬁﬁ% Al 04ROt (35 100, Boups in the
example eraug § @ dzgagg{;@g,tﬁ@ @éuea{ga e respectlvely In the example
embodiment, a database WhICh includes the face images from both the PG-NET and Morph aging

databases is used since it is preferably to have a database which has enough face images for each
age range mentioned above. The face images are manually grouped into the four classes 25defined
above according to their ground truth, giving a total of 2726 images. Figures 9(a)-9(d) show sample
images of the four age groups respectively. For the unlabeled face data in the pool 806 (Figure 8),
a database is collected from three sources: (1) a lab using a web camera; (2) frontal face images 30 in
public databases including the Facial Recognition Technology (FERET), the Rose, Expression,
Accessories, and Lighting (PEAL) and the Pose, lllumination, 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
naormalized to Qv 2K imane Eidiire 10 chowe eamnle 1inlaheled imanec in the nnnl In the



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 unlabeled 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 wmlatedoosisk) the newly added samples. Figure 11 show&@lgiagiéidsification
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 labeled. ThiEphenomenon has been observed in 50other works on
active learning as well, Thus, stoppi Ing brogess early. can 22 be verydseiul in reducing
overall C'gsgéﬂ@gs%@ﬁ%é@éﬁ %ﬁﬁ@%&%@%@m@mm th@rﬂ'@@@%ﬁ;ﬁéﬂwﬂ?@y help to avoid
outliers inthe dtainiag sely & the-expuatemasinaseagesnsensadditionatgointsaresadded, for
example,sf£reisy GO0 UHying peitisatecadded el systerm @dditio ot pelfermaitee 6f the method
accoidinghte ¢heregamplecaimbbdiments is compared with the approach where the query sample is

randomly selected, as represented by line 1104 in Figure e 1 Eigure 11, the
method OHQ&U?S;SQS&IU@;%;E%@% @%%@%ﬁi@ﬁ%bﬁ%ﬁ%ﬁ%%@%ﬁ%@gm approach.
As a furthgl gomnpasispay ekedHetisR thepumber of training examples required for FNN to obtain a
similgr accuracy as the random selection approach is quantified. From Figure 11, for each round of
active learning, memb@eo%ﬁmwwsé ;ifrg]w 'H‘ @éﬁééﬁié\f@ﬁlﬁgﬂ%ﬁ\&%@t@ﬂ%jﬂg efther method is
determinewitgpiixingraceaiae dvweaxis fafle &8 B ounds needed
for the FNNFAIRECBARITHT SHRGERHIGH é‘gﬁﬁaﬁ%ogﬁ% Or%@ Ak eﬁy@@%ﬁ

ilar accurgacy.rﬁs can be seen from Table 3, FNN

selegtion can obfain similar AceuraGy WillbrapdQMselastiomssing on pverags: 72580 fewer samples:
20 Tabel REigure A2-sBOwsAdp rehart 320 Qiltustraingcsmetbed fo(RpuatitEpa 226 dimensional
linear disciimipaet analysis (2D EBA)classifier engive firifeatiPetretdgRitivrieaeesrdiify to an example
embodimenamgistéls 1pB2ione1GEMireBaNIE R 4§88 78D rdvidee e e S fidPengine, the
classifier YR EoMPfising a plurality of classes derived.from a plurality of training images and a

meafff matrix of all images. At step 4204, hemean matrioofalimpases-is urdaiedibased on the 30
sample images, ALSien 2 DR hiaseSaalial nalsxissdpdaibsihased ertbatsample images.
At step 1298, a within-class scatter matrix is updated based on the sample images. Figure 14 shows a

flow chart 1400 illustrating a method for select_in? samples 35 from a pool comprising a plurality of
unlaB@led sampIEBﬁ(ﬁ%ﬂ%@F@ﬁﬁﬁf@%&%&V&i’ ‘Yo%ﬁ?&&@@é?%@@ﬁ@ﬁég ?rr?l% 171402, a 2
o T e RS EE i aglien o fhe Grilabeled samples
At step 14?%%%%@@ @sqg@@‘f’ewﬂjﬁ)gﬁoﬁ e SeHerhasCRIsNG o taelrslisiances to a respective
nearest neighhaid, Al step dd0ksdhe samplavatimtirdOtuctbagst sleprestineightaouridbselected for
labeling. Ajciepida8q thend IR elzssifier engine is updated based on the labeled sample. 23

The method and system of the example embodiment can be implerpented on a com uter system

. i ¢ i i arols vapation
1500 schemalc AV e SRR TR SR Wl compuer
program b%%ﬁ%@w%ﬁ}% h r&@n@%@@@%m é&ﬁn IRSIrYGUNgJhe:SamRMIer system 1300
to Col%jucgag‘&:ﬂfﬂgﬁqqeoé sxpEyteabedimastore, tolhe RPRIpHRY isyatessdiflicomprises a
computer mogluie %38 2nipstt-gaerules such as a keyboard 1304 and mouse 1306 and a plurality of
output devices such as a display 1308, and printer 1310. The computer module 1302 is connected
to a computer network 1312 via a suitable transceiver device 1314, to enable access to e.g. the
Internet or other network systems such as Local Area Network (LAN) or Wide Area Network (WAN).
15The computer module 1302 in the example includes a processor 1318, a Random Access Memory
(RAM) 1320 and a Read Only Memory (ROM) 1322. The computer module 1302 also includes a
number of Input/Output (I/O) interfaces, for example 1/O interface 1324 to the display 1308, and I/O
iriterFace 1326 to the keyboard 1304. 20



The components of the computer module 1302 typically communicate via an interconnected bus 1328
and in a manner known to the person skilled in the relevant art. 25The application program is typically
supplied to the user of the 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 controlled in its execution by the
processor 1318. Intermediate storage of program data maybe 30accomplished 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 sgécific embodiments without departing from the
spirit or scopéét;N invention as broadly 35described. The present embodiments are, therefore, to be
conS|dered in ects to be |Ilustrat|ve and not restrlctlve 24 CLAIMS 1. A method for
‘ {idtalb3Ag ghriedat mmrecognmon
glepngine, the

es and a
2 mages;

a ﬁﬁ%n classs er

updating a b&WENE 8
matrix based%?ﬁw '

the sample |mages ;-.s m@nmeammm;mmegﬁT method as
claimed in claims 1 or 2, wherein updating the Wlthln class scatter matrlx comprises updatlng a mean

matrix of each clas€to whles éﬁ@@’&ﬁ @Seeéﬁgm%ﬁs %Tﬂn qeEae) i %y lhe
within-class HHEF %e @ e N .
%ﬁ'&ﬁ% %omprlgﬁ

feature recojﬁﬁﬁﬁ“ﬁwﬁﬁg?sﬁw S d erlvA%froma plurallty of

training images; a mean matrix of all images; means for receiving one or more sample images;

means for updatingghe megs mmatks ekalldmages: kesed dnah, sdepie. ipdajes; the withins for
updating a bemMMSMm@maﬁmmmtﬁem@%@éﬁ@H&ia%nﬁ%ﬁﬁﬁ%ﬁﬁpdatlng a

within-class Mte@wmmm@ﬂmw@&nmw%@@f fo updafiriy the within-class scafter
matmc _ _

4, A2 dimenseonai linear discriminant anaiysrs {2DLDA) classrﬁer engme
for feature recognition, the classifier engine comprising:
' a pluralily of classes derived from a plurality of fraining images;
 amean mairix of all images;
means for receiving one or more sample images;
means for updafing the mean matrix of all images based on the samp%ew
images;
. means for updating a between-class scatter matrix based on the sarmnple
images; and
means for updatmg a within-class scatier matrix based on the sample o
images.



25 S.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 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.
25

5. A compiter siorage medium havin
] _ : ‘ wWing siored thereon compuier o
?oans _fmr ms;%;ruc‘cmg’a f::@mpuﬁng device fo execuie 3 methadifor upzaﬁﬂgcgd;
rmengipnal linear discriminant analysis (2DLDA) classifier enaine for featurs
recognition, the method comprising the steps of: - s
providing one or more sample images to the classifi j
. g ) ssifer engine, the classifi
sngine comprrsm.g a plurality of classes derived from a plurality i‘f trainin ﬁfsmer
and a msan matrix of all images: “ v fmages
updating the mean malrix of ail images based on th i
| : ne sample images:
updating a betwean-class scatter matrix based on he san?pie ima?ggé and



