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manipulated. Such transformations are conducted using a transform, made up of a

number of basis functions and coefficients. As such, basis functions are one of the most
20 -common and important tools in analysing audio, video and images in multimedia

processing systems, amongst others. The audio or video in an original domain is known

as “data”, while the data produced in the transformed domain is known as “coefficients”.

Both analogue and digital versions of transforms are available. For example, the
25  FFT (fast Fourier transform) and the DFT (discrete Fourier transform) are very often
used in audio/speech signal processing. The DCT (discrete cosine transform) and the

WT (wavelet transform) are widely used in image/video data processing.

With audio-visual data, the purpose of a transform is to convert the data into a
30 set of transformed data that is more amenable to further manipulations, such as
compression, noise removal, etc. The choice of basis function is important as the

properties of the basis function decide the characters of the coefficients.

The FFT or DFT is used to transform one-dimensional audio/speech signals from

35 the time domain into different frequency bands, where each frequency band usually
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basis function is only best fit to certain types of data.

A more-recently developed transform is the independent component analysis

(ICA) trénsform. The ICA technique uses a signal processing method that transforms a

25  signal to mufually independent components in the complete statistical sense. The ICA
transform is a transform to convert audio-visual data that is usually much correlated to
statistically independent coefficients. In image processing, the image coefficients
obtained from one ICA feature (transform) are statistically independent from those from
other ICA features. In other words, each ICA feature (transform), consisting of an

30 analysis filter and a synthesis filter, uniquely and accurately represents a particular
common shape in the image very well, and in a way which is very different from other
features. This kind of transform gives a set of features with the least representation

redundancy among them.

35 ICA originates from the criterion of statistical independence among signal

components, i.e. the coefficients, so the dominant factor in the ICA transform is the
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DCTs and WTs use only a single set of basis functions for all kinds of audio-

visual data representations, but they are easy and simple to manipulate. A set of

25  adaptive basis functions is generated for every particularly considered audio-visual
object, so that the coefficients have the required independent distribution and the basis
function preserves the detailed ICA features for each object. This overcomes the
limitations associated with DCT and WT of one basis function for all images, since the
ICA has an individual basis function for every image, that is adaptive basis functions for

30  each individual set of audio-visual data objects for its parﬁcular representation. On the
other hand, the ICA features are troublesome to learn and there are practical problems,
such as huge storage requirements, since ICA requires the storage of basis functions
for every object, and time-consuming computation. For each set of data, the generation
of basis functions has to be carried out before using them in analysing the data. The

35  basis functions can also be a burden to be transmitted or stored with audio-visual
objects for subsequent processihg.



35 basis functions can also be a burden to be transmtted or stored with
audi o-vi sual objects for subsequent processing. 4 Summary According to
one aspect of the invention, there is provided a method of 5 determning
basis functions for data objects in a s¥t of data objects. The net hod
conprises: generating a plurality of sets of common basis functions for
sai d objects and anal ysing and ‘grouping the objects. The objects are
grouped anong the sets of comon basis functions, with a plurality of

obj ects gsanmipegyto individual ones of the sets of common basis functions.
10 The various steps of generating basis functions, and anal ysing and
grouping the objects may be repeated in a plurality of iterations.
According to amtdsreihgasp&ehs;@éctbhthehmueaﬂbm cmereﬁdﬁerroeldied aphethbdetl a net hod of
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classifi edfl nto i mage Lﬂ\c? s associated with different sets of commobn basis
functi ons® %?JP"‘PEHF@ 5 sge group splits it into two or nore snaller

i mage 1groups. Merging two or nore image groups nerges themi nto a |l arger
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third aspebfectfmajibe rapeatediion,plirakity f asratigrisovi ded basi s functions

generated according to the nethod of either the first two aspects.
According to a fourth aspect of the invention, there is provided a
plurality of bagcerdindofanotier assect ofthenmsﬁm thetg is pragieed afmethod ohige
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of common basis functions, determining if the process is converging, and repeating
these steps if the process is determined to be converging or stopping, otherwise. The
20 images are classified into image groups associated with different sets of common basis
functions. Splitting an image group splits it into two or more smaller image groups.
Merging two or more image groups merges them into a larger image group. The revised
sets of common basis functions are learned based on the current groupings of images
in image groups.
25 )
According to a third aspect of the invention, there are provided basis functions

generated according to the method of either the first two aspects.

According to a fourth aspect of the invention, there is provided a plurality of basis

30  functions for transforming images of an image database. The plurality of basis functions
comprise a plurality of sets of common basis functions. Individual images of the image
database are associated with individual ones of the sets of common basis functions, a

plufality of images with each one of the sets of common basis functions. -



5 According to a fifth aspect of the invention, there is provided encoded
data conprising imge data transforned using one or nore transforns based
on basis functions according to the third or fourth aspect. 5 According to
a sixth aspect of the invention, theres s provided apparatus conprising a
processor and nenory neans and programmed to operate according to the
met hod of eith yeRtd aspect of
the invention, ’E‘fcﬁé‘{"ég fé’ aw}rbe?p(fc}{j\gfctﬁé%ﬁtgéﬁon ﬁ%gqsdb@g(rj%@ o%%et erm ni ng
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further upders g description of non-limtative
exanpl es, %th?(gf’f%{ WOF{P' e accorrdﬁ%nyl ng draw ngs, in which:- Figures
1A and 1 B are illustrations of certain known properties of |ICA basis
functions; F gyre & gﬁo 8 %9%&H‘é%bé3ct ot drd SV gﬁlbﬁ”}h% @Prdvf&%g%oﬁlﬁh@?ase Its
cl ustering groups 2 ATt hel correspondi ng set conmon basi s
f unct il@ns spftwate derdietaroimiog thIS furationsdabdrip wbiects dfiagipt 503ecteoTB® il lustrate
the iteratly &E\fa‘? Hbr Qch drfenkriiRg &l r}allt gures
4A and 4B° 3’?@“@ gus %t%%h dgﬁ%dﬁ'}é; ggggérﬂgncre r(r:eas[}}r:egrrenltg &u mut ual
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of variou N(ébje% HE3nd &ease% Bgé r'nBﬁlggsﬂé ﬂmcﬁ?rﬁsf HitR 3 pIGraOR obj@eksS functions
in a data ure 1S an | ustration of how confidence val ues can
vary bet vvcgecmpledngmdlwcmppammfltlye b@tsoﬁqu@oﬂ@aslﬁéu@éﬁ%sl nmage group; 35
Fi gur es 7A to 7Cillustrate various situations where a splitting process
may bé _

In the above aspects, the basis functions may be ICA basis functions.

Introduction to the Drawings

20 The invention will be further understood from the accompanying description of
non-limitative examples, with reference to the accompanying drawings, in which:-
Figures 1A and 1B are illustrations of certain known properties of ICA basis
functions; '
Figure 2 is a schematic illustration of an image database, its clustering groups
25 and their corresponding sets of common basis functions produced according to an

embodiment;
Figures 3A to 3D illustrate the iterative process employed in an embodiment of

the invention;
Figures 4A and 4B are illustrations of signal dependence measurements by

30  mutual information (M'I) between two signals;
Figure 5 is a schematic illustration of various Ml values of a single image to

different common basis functions in a database;
Figure 6 is an illustration of how confidence values can vary between images

apparently belonging to the same image group;
35 Figures 7A to 7C illustrate various situations where a splitting process may be

required;



required; 6 Figure 8 is a flowhart of an exenplary process for |earning
| CA features; Figure 9 is an overview flowhart of an exenpl ary approach
to generating a set of common | CA basis functions for a particular inmge
dat abase; Figures 1 OAto 10C are exen%)l ary inmages in a database; 5 Figure
11 are the final sets of I CA common basis functions for the inmages in
Figures 1 QA to on e ou and Figure S a schematic
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f unct i ons paiférmiy thenedhnitet desdrived witbrreferérivege Fitiiredage11{.€. g. an i mage

dat abase, such as for a novie). Such a technique keeps sone of the nerits
of both the adaptive basis features in ICA and the sinple basis function
of theoDCT and WI. 25 An exenpl ary enbodi nent of the invention uses an

evol ution [ Yol hnigue to generate one or nore sets of common inmage basis
functi onsggya—ﬁig—ﬁ%&i—ﬂut ual - information (M) based i mage cl assification
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or nore sets o
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for instance principal component analysis (PCA), factor analysis (FA), protection pursuit

analysis (PPA), etc.

20 A preferred embodiment of the present invention provides a semi-ICA basis
function technique, which generates a fixed set of ICA common basis functions with a
small set number for a large database (e.g. an image database, such as for a movie).
Such a technique keeps some of the merits of both the adaptive basis features in ICA
and the simple basis function of the DCT and WT. |

25 _

An exemplary embodiment of the invention uses an evolutionary technique to
generate one or more sets of common image basis functions by having a mutual-
information (Ml) based image classification and an ICA learning process. This
technique can be used for generating one or more sets of common basis functions,

30 especially suitable for a particular image database, e.g. a movie, or one or more sets of
general-used common basis functions for image representations for certain image

categories. The work domain of this technique can be generalised to audio data.

There are two basic components in this technique in the described exemplary -
35 embodiment: (1) image classification, (2) ICA learning, both of which occur in most or all

of a series of iterations. Image classification is used to cluster the images in a database.



35 enbodiment: (1) inmage classification, (2) ICA learning, both of which
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In classification, the measurement used for judging how to cluster images is
25 referred to herein as the mutual-information (MI) value, which is a dependence level
ameng ICA coefficients obtained from a data object, such as an audio-visual data
object, by a particular set of ICA basis functions. A smaller Ml value means that the
particular set of ICA basis functions is matched with the image to produce ICA
coefficients that are more independent. The smallest Ml value amongst ali the M|
30 values between an image and the different common basis functions indicates the

degree to which the image belongs to the relevant basis function (its belongingness).

Based on MI values, a confidence parameter is computed to define how close
and how important the image is to its classified basis group from other groups. The
35  bigger confidence value an image has, the more important and closer that image is to

the group’s common basis. The confidence parameter is adopted here as a condition to
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consi dered as changed i mages. The nunber of these changed images is a

par anet er Evalvingasure the stability of image group clustering in the

previ LS iteration. This paraneter can be used as a cost function for
measuring the convergence of the entire evolution. The evolution is

consi dered as Esdleiby esfers to tmyehgle dymsreit evbiutionpfomrast ieitial statedbaweadcert ai n
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classified images and common basis sets. Evolution occurs via a number of iterations
20 repeating the processes of image competing, group splitting and merging, and basis

learning.

These processes at each evolving step (iteration) may change the number of

classified groups and the images in the groups. Images that move between groups or

25  that are split or merged to another group are considered as changed images. The
number of these changed images is a parameter to measure the stability of image group
clustering in the previous iteration. This parameter can be used as a cost function for
measuring the convergence of the entire evolution. The evolution is considered as
stable or converged when this parameter is below a certain threshold. Figures 3A to 3D

30 illustrate the iterative process in a parallel learning scheme, in which common basis
functions are learnt for all the images in parallel. Figure 3A represents the initial
groupings at the beginning of the process. Figure 3B represents the groupings after
one iteration. Figure 3C represents the groupings at one iteration before the final stage.
Figure 3D represents the final groupings.

35



groupi ngs at the beginning of the process. Figure 3B represents the
groupings after one iteration. Figure 3C represents the groupings at one
iteration before the final stage. Figure 3D represents the final
groupings. 35 9 Wthin each evolutionary iteration, the approach as
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of nxn image patches froman image (where, for exanple, n = 8). The
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si gnal s arighe signal dependence measure, mutual information (MI), which is the ultimate goal of

achieving statistical independence in ICA.

In general, the MI measures the dependence (in the complete statistical sense)
20  between signals with the same dimensions. Inimage feature representation, the Ml is
defined as a measure of the dependence among all n? ICA coefficients, C, of a plurality
of nxn image patches from an image (where, for example, n = 8). The coefficients, C,
are the result of analysing the image patches, X, through ICA weight functions, W, that
is:
25 C =WwWX

The relation between the Ml and the signal dependence is illustrated in Figures
4A and 4B. Figure 4A and 4B show an example of obseNation data having two
components, as respective time series. Figure 4A shows two similar components.

30  Figure 4B shows two dissimilar components. Where the two signals are similar, as in
Figure 4A, they are more dependent, so the Ml is higher. Where the two signals are
dissimilar, as in Figure 4B, they are more independent, so the Ml is lower. images with
small M! values form an image group, and a unique ICA basis learnt from the group is
its common basis.
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dissimilar, as in Figure 4B, they are nore independent, so the M is |ower.
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on the k-nearest nei ghbqur, distance yre,to estimte the nutyal

Pt ormat i on  Sstemins S e aRe Rt a1 CA e REntR frh Feds bfteRar e on

24 Noventis ertiddinaert usesan lappioacti aéwsidssd t!iy_OAIbigleéﬁkbv atalMReferenteyf pBAL I ON
IS sultaple

Least-d dent Co Angl f t I Ni t h

e e TR 3B ey eSSl S P B AEAEF, v o

1(2) (X Y)Cswwwead@rabléaaéti"ngw'.fs}ja%s?.ﬁbmcsi/mﬁ_i@frer 6"11{2_3 r\&werinb?anpma)?i and % in

sectiaon on es and. ef.erenc . est| or N whose

dor 1 veb i chrie. R B SRSy B RfoBRaon TeabiipRaide e hpnstt Aodbe o

pages 4 adgﬁabbmsor?etenmeﬂwgﬂgeirrlaswmdm rﬁ?méer?@pg.papm&ay,ehda"eniiabyimbent |
porate - refere : er ways. of. et.ermn may al so, be used,

2. appr optSeatES SHBPRLE UiY)MieSP AR n e b6y iRedianhe {nb ARgfsgiar

% nbog |) rrenstl\(;,lctibﬂne, 0bb§%é§5 ahe Bﬁmg Rﬁfmmb )1.><rhé/;is5t'mﬁor21,“>(xxjg_() Mho¥e )ciZDi\g{aﬁoMisg ( >Z< _

, + (. Y),~that ig the et ween t hree, obj ects an i's
Sl o SHEMEHPREPRECRY . DARILUIRT T S0y BpPLLRFR? PR BERREBRUE G 1 e
conbi ned inbjeadt THeSe dppisachiebardvherebyinerpibeatodpg sefdrenoé 0OtHer evays ohi cal
| evel s. B(Y I terat il\@n one 5a_n d(fco gse (X1, X2, ... , Xn*[n-1], Xn2) for
any n2> 29eiREpigE Mliaxalse PEUSAT. A5 BPTIE S et of M (X1, X2, ... , Xn*[n-1],
Xn2) into the M between elenents within one cluster and the M between
clusters. 20 askoyv' s. h i.des t M ( X ‘wWh X Y b
scglsar zr vect QrSmQt;(J@ﬁ;Eﬁ{?@% '@’ﬁaq‘ﬁ@goé"?ls&%ﬂf‘zﬁe Eﬁﬁib%ﬂ‘%%‘eﬁ‘rsﬁée ?qi?rlgs can ve
de((:;)(rrposi béiﬁ@{igﬂﬁ%ﬂ@) KQYg@rITtBZ,ﬂVIEQXM E]Zﬁ: Mtl(_(x,.Y), Xh-_Q)VII(gQ( Yi) ehatris ithaalt/lybetw'ﬁelg
M (X Y). For 8x8 igage ches opt.i i.ghbaur, amet.er in
Ref er gceg‘ﬁe ‘?@e%%?g'i gt a'%?' ﬁ%uaéi?dﬁ%fais@g’ 5@‘%@@’%&%@8&%@#'%&5@ nce 1, 25
ijn t he inpét%emzaéridqn%sembinﬁd,ort:}_mthmgerhﬁg,thelvsebnaé déc@’nﬂos@,d it\t!oe nunber of

ata points set t (the higher, the nor | ons ng, iz
P gller%gtg}?a:l?%/ﬁés. ?%ggeéatboal:\r 8ﬂe can \(/:ime?%mposeﬂvllﬁ(lx{r%(ZC . Rm[P-ﬁ(]:m rb) ffé ar e

exponenti es vari ance greater
sel ect ed oy nTreasnd éoremy.pakiisnimg of therset af BI(X1i XRges Xnt{nd |, 0&i%hinées thedid

current| yb&wségg Séle%en?gmiﬂ ol%gscilusster and the M| between clusters.
20
Kraskov's approach provides the MI(X,Y), where X and Y can be scalar or vector

elements, so the preferred embodiment uses this decompos'ition rule to generate MI(X1,
..., Xn?) by recursively using MI(X,Y). For 8x8 image patches, the optimal neighbour
parameter (k in Reference 1) is set at 10, the additive noise (mentioned in Reference 1,

25  in the implementation section, on page 6) is set at 1e-10, the number of data points set
at 1000 (the higher, the more time consuming in exponential way), and image patches

with variance greater than 0.15 are selected for measurement.

Assume there are P images in a database and currently Q sets of common basis
30 functions. For an image p, Q sets of ICA coefficients can be generated from the image's
patches by using their common basis functions. Each set of coefficients can have .its Mi
value calculated. The relevant Ml of a set of coefficients is called Mipq, which is the
mutual information of ICA coefficients generated from image p by using the set of
common basis functions, g (g =1, 2, ..., Q). The degree to which image p belongs in all
35  Q common basis groups, that is the belongingness of image p to all Q common basis
functions, is determined by the smallest value among all Mipg (g =1, 2, ..., Q).



30 functions. For an image p, Q sets of I CA coefficients can be generated
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20
Parameter d defines how well the image p can be suitably represented by the
common basis set g, against other basis sets. A large confidence value d indicates a
strong belongingness of image p to the basis set g,, and a small belongingness to other
basis sets. A small confidence value d shows a weak belongingness of image p to the
25  basis set g;. The image p may, for instance, be at the boundary between the group g;
and g, or others, or it may belong to another new basis set. This parameter d is also
important for defining how well the entire image classification in this image database has
gone and how robust the belongingness of an image to a common basis in the future
application will be, through a convergence measure mentioned later.
30
Figure 6 is a schematic illustration helpful in understanding the effect of different
image-basis closeness relationships on the confidence value. As is indicated by the
boundary of common basis 1, all three images a, b and ¢ belong to a first common basis
42, and have their smallest Mi values as /.1, Iy, and I;;. For the adjacent group, with a
35  second common basis 44, the images a, b and ¢ have their second smallest Ml values,

as I, by and I,. Image a has a larger M! difference (/,; - /1) than image b's (2 - 1)



gone and how robust the bel ongi ngness of an inage to a common basis in the
future application will be, through a convergence neasure nentioned |ater.
30 Figure 6 is a schematic illustration hel pful in understanding the effect
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20 ~ Figure 6 further contains a threshold line 46 which is explained later in the

portion on learning.

The overall confidence measure, €.g. the average confidence value or the lowest
confidence value of all images in the database, is another parameter to be checked for
25  convergence of the evolution. The evolution can be considered converged when the
average confidence value or minimum confidence value is above a threshold value,'or
the average confidence value from one iteration to another changes within only a small

range.

30 2. Splitting and Merging

Splitting is where a single image group is split into two or more smaller image
groups. Splitting is performed when the number of image groups is too few to represent
the image clustering in the database well. There are a number of possible situations

35 where splitting may be useful or necessary. Several examples of such situations are
shown in Figures 7A, 7B and 7C:



aver age confidence value or mninum confidence value is above a threshold
value, or the average confidence value fromone iteration to another
changes within only a small range. 30 2. Splitting and Merging Splitting
is where a single image group is splitl'nto two or nore smaller inage
groups. Splitting is perfornmed when the nunber of inmage groups is too few
to represent the inmage clustering in the database well. There are a nunber
_of possi bl e situations 35 where splitting may be useful or necessary.
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58, 68, 78, whereas images with high confidence values are always close to the basis.
So, a simple criterion to choose the images to split from the current group is the
20 confidence value. Those images with a confidence value d lower than a threshold, f
are split-away. As the split could be into more than two groups, the images with the

same second closest group g. in a split image group form a new same image group.

The frequency with which to execute such group splitting can be adjusted. The

25  time for splitting should ideally be set when the evolution is locally stable, e.g. (1) every
a few iterations after a splitting, (2) when the change of image-group belongingness is

very small, or (3) when the average confidence value change from step to step is very

small.

30 Merging: refers to reducing the number of clustering groups during evolution. it
can happen implicitly or explicitly. There are several situations where the merging
process tends to happen:

(1) During the competing process, it may implicitly happen that all images in
a group fall into other one or several groups after calculating and comparing their Ml

35  values, so the unused groups vanish.



very small, or (3) when the average confidence val ue change fromstep to
step is very small. 30 Merging: refers to reducing the nunber of
clustering groups during evolution. It can happen inplicitly or
explicitly. There are several situations where the nmerging process tends
to happen: (1) During the conpeting process, it may inplicitly happen that
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woul d t ensuiiset foeleaminge, preferably a | arge nunber, such as thousands of 8 x
8 i mage patches randomy selected fromthe image. The patches 102 are
selected randomy in order to cover all

An exemplary procedure of adaptive ICA feature learning is illustrated in the

flowchart of Figure 8, where the left side of the figure gives the process steps and
20 elements on the right side of the figure illustrate typical results of those steps.

3.1. Imaqge Patches Pre-processing

In step 21, An image, such as image 100, is used to generate patches 102, at

25 step S202. These patches are 8x8 pixel arrays randomly selected from the image 100.
Twelve such patches 102 are shown in Figure 8, but in practice, there would tend to be
more, preferably a large number, such as thousands of 8 x 8 image patches randomly
selected from the image. The patches 102 are selected randomly in order to cover all
kinds of image shapes in the image. For patches with an 8x8 size, each group has a

30 set of 64 common basis functions. An alternative to generating the patches randomly is
to obtain the patches regularly block-by-block, e.g. by selecting blocks in turn adjacently
from left to right and top to bottom, one by one without overlap. This alternative way is
to avoid learning the blocky effect caused by JPEG/MPEG compression in the learnt
basis functions.

35



ki nds of image shapes in the image. For patches with an 8x8 size, each
group has a 30 set of 64 conmopn basis functions. An alternative to
generating the patches randomy is to obtain the patches regularly

bl ock- by-bl ock, e.g. by selecting blocks in turn adjacently fromleft to
right and top to bottom one by one w thout over| ap. This alternative way
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resultts in a matrix of 15 "pre-processed i mage patches” in which each of
the rows or cobiums, - . Pr.e- Vi hAg . PCA
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data matrix X is processed using Vto forma new matrix X given by

X =VxX. 3.3. "LOA | 68 RiePwhitening”

“PCA pre-whitening” is carried out, at step S208, in which the data matrix X of
20 "pre-processed image patches" is pre-whitened by performing a principal component
analysis (PCA) to remove any row-wise correlation. Specifically, the covariance matrix
Cov=X x X', which is a 64x64 matrix, is obtained, and from this the 64 eigenvectors of
the covariance matrix. The eigenvectors form a whitening matrix V with the
eigenvectors as respective rows. |n statistics this procéss is called 2nd-order de-
25  correlation. The data matrix X is processed using V to form a new matrix X’ given by
X'=VxX.

3.3. “ICA learning”

30 “ICA learning” is carried out, at step S210, e.g. by the algorithm called fastICA by
Aapo Hyvarinen [4]. This ICA learning uses the dafa matrix X’ to form a demixing
matrix, dW. The rows of an output matrix Y given by Y= dW x X’ are as independent as
possible when the system is convergent. The matrix dW is orthogonal because the
input is 2nd-order uncorrelated.

35
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30 "ICA learning"” is carried out, at step S210, e.g. by the algorithm
called fastl CA by Aapo Hyvarinen [4]. This I CA |l earning uses the data
matrix X to forma demixing matrix, dW The rows of an output matrix Y
given by Y= dWx X are as independent;as possible when the systemis
convergent. The matrix dWis orthogona1 because the input is 2nd-order
uncorrelated. 35 3.4. "ICA feature formng" 16 "ICA feature formng" is
carried out, at step S212, to produce a matrix W (the "I CA transforni) and
a matrix A (tHCA feature Sarmtinglis Caried put, Matep R2VR.ite ppdusa agpatix W (e x V. The
rows of t, X r n " i NG T i 100.
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A determ t\jvqglaisﬁxé’%\ Srixdt step S302, of what the initial condition of the
i mge database’is, e choi ce bei ng between having sone existing sets of
common basis 15 functions avail abl e, and not having them (although the
choice could set a mninum threshold for existing sets of conmmobn basis
functions). Assuming there are sonme existing sets of common basis functions
avai | mbl e, a FEigued isrfigvabeddiiusiratingthe entirecevolutionans gpeagh. ipgudingiiet e and
conpare t | : chd - iof Yt into groups
accor di ngtrﬂfeoel\%%o\g?r#%ﬁ'ﬁf]%%f)ﬁ%%s%[ g%ﬁwsaa%g“sﬁg%tgﬁt@@?#p%r{c# Iﬁgqgﬁép (S304),
confidence values for the inmages are al so conputed. A determination is

made of whethep dtena?mﬂéﬁgr‘f? g h?dé%ﬁlaegéﬁ)ba&l vﬂ\at%%ﬂt%pc&'ﬁﬂ@n dr b imlage

whet her the group classification ew or no changes between conSecutive
i t er at i ondatabasegs, théehoigerbeing betwrenayingsorentxisting setigf comamatRasih t he
definitio C i S i ki e system
o 1 otk PSR aR e, ShoRE Radha hef AR b Thoe CHak <8 My S Yo
S308, to theesholifgeetisting sedgyef @prunpsbasiztindiong)t o confi dence val ues. In
this way image groups are determ ned. After the inmage groups are determ ned
the 1CA | earning process is perforned, at 30 step S310, on those inmage
groups that hadhesuiiing dreseard seme e&iéﬁmgesﬂt%o&mm@mga$la§tncﬂons available, a

competing process is performed, at step S304, to compute and compare the Ml values

20 for each image, and classify images into groups according to their minimal Ml values.
During the competing step (8304), confidence values for the images are also computed.
A determination is made of whether the system is locally stable, at step S306, that is
whether the group classification has few or no changes between consecutive iterations
(e.g. the nurﬁber of groups is kept the same — although the definition may change

25  according to the actual situation). If the system is locally stable, the splitting / merging
process is performed, at step S308, to rearrange the image groups according to

confidence values. In this way image groups are determined.

After the image groups are determined the ICA learning process is performed, at
30  step S310, on those image groups that have different image contents from the last

iteration to compute a new common basis set for each such group.

If there were no (or insufficient) existing sets of common basis functions
available at set S302, some image groups are initiated, at step $312, containing a part
35 of or all the images in the database. Initialisation can occur in various ways. One option

is to generate initial groupings randomly, for example by deciding on a number of



iteration to conpute a new conmon basis set for each such group. If there
were no (or insufficient) existing sets of comon basis functions

avail abl e at set S302, sone inmmge groups are initiated, at step S312,
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In this embodiment, two threshold parameters, t; and t, are the keys to
controlling the image clustering. All images with a confidence value d < t;, need to be
considered for splitting. All images with a confidence value d > {,, are used for basis

25  learning. The larger the splitting threshold value, t,, that is set, the more images with
small confidence values can be split from the current group; thus, more image groups
will be created. The larger the learning threshold value, {, that is set, the fewer images
in the group can be used for basis learning. This results in the difference between basis
sets being wider, and thus image groups are less likely to be merged. So, larger t; and

30t may result in more different image groups and common basis sets, and the
classification is diverged. On the other hand, smaller t; and t, may cause classifications

to converge and to have less different image groups and common basis sets.

If the splitting threshold t; is larger than the learning threshold t, there will be a
35  gap between t; and t, within which some images may fall, meaning they will be mis-

classified into requiring both splitting and learning processes. This would be a



30 t, may result in nore different inage groups and conmon basis sets, and
the classification is diverged. On the other hand, smaller is and t, may
cause classifications to converge and to have |less different inage groups
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As an example, images can be correctly classified into the same basis sets when they

are compressed by JPEG with quality between 50 and 100 (quality less than 50 causes

large distortion in image quality).

25 For an image with a high confidence value, a single correspo'nding basis set is
good enough. However, a low confidence value indicates that the image can be
represented using more than one basis set. The confidence value formula can be
extended to compute the closeness between the second and the third minimal M|
values, the third and the fourth, and so on: d; = (Mlpg. - Mlpg,) / Mipg,, d> = (Mipgs-

- 30  Mipgy) / Mipg,, d; = (Mipgs— Mlpgs) / Mipgs, etc. The thresholds {; and ¢, can be used to
judge confidence values to determine which other basis sets can also be treated as

suitable for ICA representation for different images.

An example of the process of grouping is now discussed with reference to
35  Figures 10A to 10C and Figure 11. Figures 10A to 10C together show twenty images in

an image database.



values, the third and the fourth, and so on: d, = (Mpg2- Mpq,) / Mpq,,
d2 = (Mpg3 30 Mpg2) / Mpg2, d3 = (Mpg4- Mpq3) / Mpq3, etc. The
thresholds is and t, can be used to judge confidence values to determ ne
whi ch other basis sets can also be treated as suitable for |ICA
representation for different inages. An exanple of the process of grouping
is now discussed with reference to 35 Figures 1 CAto 1 OC and Figure 11.
Figures 1 QA to 10C together show twenty inmages in an inmge database. 19
The i mages in Theintgealrathe databasetare ngtdmpantdnt to tHehwropessc betan thisiexammplé hi s
exanpl e ti}he Lmages are: image 1 - a nosaic of stars and regul ar pol ygons
on the i nSFJ828%° Y°done; 5 image 2 - a wall nosaic of ancient Arabic
characters w timageaw angoséic pattaer argd iegulal polggonssautae éssidecofosd@se; ci rcl es,
et al.; imge i sce a .cl ose up

3 - pai nting_of .an .l ndian court e. lmge 4 -
mosai & of patt R 3 1 Bl el APae M ABe EBY RS B PR pesrhd
i r][fagyl arlirms?smmrw,trqséesa,tajrcles,mglraapters i nsi de;_610 i mge f5 - a painting of
a flying avatar_caryying | otu ssons;, i e - view of an American
foot,b?!l tg_roun@:ﬁig;a%%nh%%saonggjjBﬁifc%? fllhétzi angl edanddI ot
magni f1 cati on;im clos& upwashi p B raspifep eg) , tcapeaoids, airdleg a rom
one corner atrea | secongl atﬁgslﬁebiang rfi rst. magni fication; 15 inmage 8 - view
of an AnePTELITERYAE BRAF é’)vt’ anae's s aag ® P one corner, at a third angl e
and fig st nmagniniagesd { @ paintimpofea ying avatar cdrryang 1dtos blassomEpot bal | ground and
gane from one corne

, .at fourth angle and first nmagnification; jimge 10
- view of an AF9EC ‘nV"FV(‘S(S’? Bgﬁmedpaﬂﬁ%?%aﬁl&raﬁaqf%w%ﬂ mc%r}en%nln',\era?t 4 20
second anfilseargiel ane omgdifioatgom f i cati on; inmage 11 - a sil houette of sone
nmount ai n peaks;

T P b gt LSk R o] BBl G G, B
nount ai n peadng;angdfe andegst dgnificatieny al ong a snow covered nountain ridge with
two Cllg nbers i nn::[:ghee8 - view of an American football ground and game from one corner, at a
third angle and first magnification;
image 9 - view of an American football ground and game from one corner, at a
fourth angle and first magnification;
image 10 - view of an American football ground and game from one corner, at a
"20  second angle and second magnification;
image 11 - a silhouette of some mountain peaks;
image 12 - view along the side of a snow-covered mountain ridge, with peaks in
the distance;
image 13 - view of snow covered mountain peaks;
25 image 14 - view along a snow-covered mountain ridge with two climbers in the
fore-ground;
image 15 - view along a snow-covered mountain ridge, with peaks in the
distance and two climbers in the middle distance;
image 16 - view over a calm sea towards shore;,
30 image 17 - view over a calm sea over a reef;
image 18 - view over a lake with a single bird swimming in the middle distance;
image 19 - view over a calm sea over a reef; and
| image 20 - view over a lake with a group of birds swimming in the middie
distance.
35
Initial stage:



fore-ground; inmage 15 - view along a snowcovered nountain ridge, with
peaks in the distance and two clinbers in the mddle distance; inmge 16 -
view over a cal msea towards shore; 30 inmage 17 - view over a cal m sea
over a reef; image 18 - view over a lake with a single bird swinming in the
m ddl e di stance image 19 - view over a cal msea over a reef; and i mage 20

- view over Wi i .n st ance.
o) S OveT 2 RsBiblh PP Ml PR S e i
randonly sel ecéadhg;ralrpa |mage for each group. Goup 1l: inmage 6; Group 2:

i mge 15; 5 Goup ; G oup 4: imge 13. Learning: |CA basis
functions are | earn ?u(? ea@ﬁ %Pbup Bases 1, 2, 3 and 4 are the four sets
of common basi s f unGtoupra amagéem nitial stage (one for each group).

Conver gence: Not co§\r/oer i‘% é% grouping is at its initial stage. 10 1st
iteration: Conpetin Yor B¢ image, four sets of |ICA coefficients are
conput ed, using thérdupt: SetagedB. cormon basis functions. Their respective

M values are E%@irﬁ?ﬁ&%&%g B LR B regérh pﬁougeéggé@ﬁ%sgnmle{?@ge s

bel ongi ngness. Froups are re- mages' are ordered
accordi ng to ttheifourcsets ofdwmueon b@mwcwsgat\ﬂwmltnl gag@mﬂeégesach@rwm 1:

(0:30), 2 (0. 167Mvaepgagt obydiipe f%"ﬂ%?é*&ﬁﬁ Bl 3 0 omy 4
(0.04)020 Goup 3: inmge 18 (0.10), 20 (0.09), 8 (0.04)
1% Iteration:
Competing: For each image, four sets of ICA coefficients are computed, using
the four sets of common basis functions. Their respective Ml values are then
computed. The minimum M| value determines the image’s belongingness. The
15 image groups are re-classified. Images are ordered according to their confidence
values as given in parentheses.
Group 1: image 6 (0.16), 7 (0.11), 9 (0.09), 10 (0.05), 16 (0.02)
Group 2: ifnage 17 (0.20), 2 (0.19), 15 (0.19), 19 (0.16), 1 (0.11), 5
(0.09), 3 (0.07), 4 (0.04)
20 Group 3: image 18 (0.10), 20 (0.09), 8 (0.04)
Group 4: image 13 (0.25), 14 (0.10), 11 (0.09), 12 (0.02)
Locally stablé: the number of images that change their belongingness is 16,
and the system has just begun to keep track of the number of groups. It is not
locally stable.
25 Learning: t,is set at 0.1. New sets of ICA common basis functions are learnt by
using images with confidence value greater than t,.
Convergence: the number of images that change their belongingness is 16. It is

not converged

30 2" Iteration:
Competing: The ICA coefficients, MI values and confidence values are
computed for each image. The new image groups are re-classified as:
Group 1: image 16 (0.10), 6 (0.04), 10 (0.07)
Group 2: image 1(0.19), 4 (0.17)
35 Group 3: image 8 (0.72), 18 (0.07), 9 (0.07), 20 (0.05), 7 (0.07)
Group 4: image 13 (0.64), 12 (0.54), 15 (0.31), 14 (0.25), 11 (0.23),



G oup 4: imge 13 (0.25), 14 (0.10), 11 (0.09), 12 (0.02) Locally stable:
the nunber of images that change their bel ongingness is 16, and the system
has just begun to keep track of the nunber of groups. It is not locally
stable. 25 Learning: t, is set at 0.1.,New sets of |ICA common basis
functions are learnt by wusing inmages wth confidence value greater than

tlfl3 _ ICt(:)nvergence: t he nunberé (ghgs{gﬁgf%gt%@%@f?%h@ O.@ﬂl ongi ngness i s

is not converged 3 at’i on: g: The I CA coefficients,
M val ues and |csuaiiydeasie: welnuebeaotimagespbanging beloraiednessifg®.anfHBe new i nage

-cl ified as: D] 0.04), 10 (0.01
o 2 | mmgems o g5oues ey 754 B yerARAC iehotbocl) sieBid ) O 5000y %)
(0.07), 20 (0. 08rning: (Newddsts oBCAUMMoN hagie furgti¢ny. e jearmbvaqegrdingly. 15

0.31), 14 (0.25), 11 (0.23 1 0.03),
(19 ( 0?501) Lgcaﬁ"'? V?B&B?%::t%?ﬁgmﬁﬁ%@wgg?&@ﬁ’é‘g‘;’g‘s@(@a gr}gr?ézsb(esl%d(rﬁg% Raﬁegs is)8,

and the nunbegorverggidoups is kept at 4 for 1 iteration. It is not locally
stable. Learning: New sets of | CA comon basis functions are |earnt
accordingly. 5 Convergence: the nunber of inmages changi ng bel ongi ngness is
8. It is potterstivnierged 3rd Iteration: Conpeting: The new i mage groups are:

(0.02), 16 (0" beebmgbTOS eWiml SOUPRAC s (0 32). 3 (021 10 (0 00)
Goup@: image 20 (@rdd) 1: Sinae0B)(0GEHEN0414)i mekt3) 110 (W1A27 (0-94). (0. 19), 2
urber of i mmges. changi ng b8 ShEPNIREEZA LA, (il Himber of “oroups | s
kept at 4 for 2 itemabupas. imdgeids(Om), 1 6al) §9 €180 e.
Group 3: image 20 (0.10), 8 (0.06)
Group 4: image 12 (0.22), 13 (0.19), 2 (0.16), 15 (0.16), 14 (0.15),
5 C3(0.14),17 (0.17) |
Locally stable: the number of images changing belongingness is 6, and the
number of groups is kept at 4 for 2 iterations. it is not locally stable.

Learning: New sets of ICA common basis functions are learnt accordingly.

Convergence: the number of images changing belongingness is 6. It is not

20 converged.

4™ |teration:
Competing: The new image groups are: _
Group 1: image 16 (0.28), 11 (0.24), 5(0.20), 8 (0.15), 9 (0.15),
25 6 (0.10), 7 (0.10), 10 (0.08), 20 (0.07), 18 (0.06)
Group 2: image 1(0.13), 4 (0.10)
Group 3:
Group 4: image 14 (0.11), 13 (0.10), 17 (0.09), 19 (0.09), 2 (0.08),
15 (0.06), 12 (0.04), 3 (0.03)
30 Locally stable: the number of images changing belongingness is 3, the number
of groups is reduced to 3. It is not locally stable.
Learning: New sets of ICA common basis functions are learnt accordingly.
Convergence: the number of images changing belongingness is 3. It is not
converged. '
35 _
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Learning: New sets of | CA common basis functions are |earnt accordingly.
Convergence: the nunber of inages changi ng bel ongi ngness is 6. It is not
20 converged. 4th Iteration: Conpeting: The new i mage groups are: Goup 1:
i mge 16 (0.28), 11 (0.24), 5 (0.20), §,(0.15), 9 (0.15), 25 6 (0.10), 7
(0.10), 10 (0.08), 20 (0.07), 18 (O. 06)° Goup 2: image 1 (0.13), 4 (0.10)

Group 3: G oups 0.1 Q. 10), 17 (0.09), 19 (0.09), 2
(0.08), 15 (0. B'g)oe{rﬁg(i{%e%%'méye’(%%%% %0 Local | y stable: the nunber of

i mges changi ng beIGrchpmgnemage $630 8416 (0.68%Han (0.67),Fr(0g23, 9 ©.4%9duced to 3.
It is not |locally stabl e. 6@9 I\ge%?/ﬁp@szrgﬁ '@Aﬂﬁo gs)basi s functions
are |l earnt accordingly. he f wrggﬂé changi ng

bel ongi ngness is 3.GtaupiZ rlmage éd)@t\?é) ddé. 1635!95(016)2bterati on: 22 Conpeting:
The new i mage group . L (Q. 6,~(3.5 (0.57), 7
(0.5 9 (0 41) . .éfﬁ’.%(’g?'3%‘,3351%69@???%@%95@@*fl(o(@.)’z%6,0@9'(o. 18)
Goup 2: imge 4 (0.16), 1160018),,1719.030.02) 5 G oup 3: image 13 (0.17), 14

(0.14), 3 (0.1p all% %(Qb%l?h’e n%ée@oP%aggsjcﬁar(gé?n%&lm&ﬁgrﬁ%sqg)l I%Q lah%

stable: the nu mages chan nes ess an 3. It
is considered It @ctadnbgdemdabd:eély stide. Iphkei sptifting ppceseissactivatadt | vat ed.

Splitting: i mgghiol b aR0lifERYRURR LTSS HARD S AR, 30 tinabds = O 1
| mages 10 spl | romthe sanme group form a new group an mages ﬁlt from
di fferent grosgi fromrthe damé greup formew rgavognosp amth irsagdsespdit fremaliffeperstl of 5

roups 111 he Blios YA ALAHPGout HHRis therb PR br 6 Bilds nid o)+ 10
classification.
Group 1: image 16 (0.84), 6 (0.59), 10 (0.57), 7 (0.52), 9 (0.41),
' 18 (0.39), 8 (0.33), 20 (0.26), 11 (0.20), 5 (0.18)
15 Group 2: image 4 (0.16), 1 (0.16)
Group 3: image 13 (0.17), 14 (0.14), 3 (0.12), 2 (0.11)
Group 4: image 19 (0.02)
Group 5: image 12 (0.10), 15 (0.07), 17 (0.03)
Learning: New sets of ICA common basis functions are learnt accordingly.

20 Convergence: Because of splitting, it is not converged.

6" Iteration:
Competing: The new image groups are:
Group 1: image 7 (0.51), 10 (0.48), 6 (0.46), 9 (0.32), 18 (0.31),
25 16 (0.30), 20 (0.29), 8 (0.26), 5 (0.08), 11 (0.06)
' Group 2: image 4 (0.28), 1 (0.17)
Group 3: image 2 (0.24), 3 (0.09), 15 (0.03)
Group 4: image 19 (0.32), 17 (0.18)
Group 5: image 12 (0.11), 13 (0.11), 14 (0.04)
30 Locally stable: the number of images changing belongingness is 4, the number
of groups is kept at 5 for 1 iteration. It is not locally stable.
Learning: New sets of ICA common basis functions are learnt accordingly.
Convergence: the number of images changing belongingness is 4. it is not
converged.
35
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18 (0.39), 8 (0.33), 20 (0.26), 11 (0.20), 5 (0.18) 15 Goup 2: imge 4
(0.16), 1 (0.16) G oup 3: image 13 (0.17), 14 (0.14), 3 (0.12), 2 (0.11)
G oup 4: image 19 (0.02) Goup 5: inmage 12 (0.10), 15 (0.07), 17 (0.03)
Learning: New sets of | CA conmmon basi 52{ unctions are | earnt accordingly.
20 Convergence: Because of splitting, it is not converged. 6th Iteration:

Conpet The i | 7 (0.51), 10 (0.48), 6
(0”22)' ng (0.39 %WEQW@W%&@OE%% 20I ?3929),(8 (0?26), g (0.2)8),
11 (0.06) Goup 2:Giawade 4méage 88). 5on1o(ooa;3) 7G0 @6 B(0. 33’}1&1;[33(028()0. 24), 3

0.09), 15 (0.03) G oup 4: 7 (0.18) Goup 5: inmage 12
go 11% 13 go 11% 14 (0. 08 g%gﬁocj?g(P 1Kl e onber by |mageg

changi ng bel ongi ngn@wpll’s 4magelé &Bﬂrbér(OZOi groups is kept at 5 for 1
iteration. It is no Learning: New sets of | CA common basis
functlslons are |learn rd g’cor %a %%%?@onvergence: t he nunber of inmages

changi ng bel ongi ngn@swipi4 4:nage 17 $0.82). 19¢0@A0erged. 35 7th Iteration 23

(0.56). 5 (0,33 18T 8B 8 Go0l) PRe2) 422899 45§80 983> e
4 (0.21), 1 (0.20) 5 Goup @2HKEOR (0. 14) Group 4: image 17 (0.22), 19

(0.20) Goup 5 -
(023), 5 o oA eates e g B mbegichendidy blofdhondss i o ighumee
bel ontfl ngness ¢f5grqupsuhgepmtﬂég‘pr 2 lterat|ons It is not locally stable.
Learning: New sets of ICA common basis functions are learnt accordingly.
Convergence: the number of images changing belongingness is 4. It is not

converged.

15 8" Iteration
Competing: The new image groups are:
Group 1: image 10 (0.48), 7 (0.46), 6 (0.40), 18 (0.34), 20 (0.29),
9 (0.28), 16 (0.27), 8 (0.17)
Group 2: image 1 (0.31), 4 (0.26)
20 Group 3: image 2 (0.18)
Group 4: image 17 (0.15), 19 (0.14)
Group 5: image 13 (0.70), 12 (0.48), 11 (0.41), 15 (0.34), 5 (0.23),
14 (0.20), 3 (0.12)
Learning: New sets of ICA common basis functions are learnt accordingly.
25 Convergence: the number of images changing belongingness is 0. It is
converged.

The final sets of ICA common basis functions for these twenty images of Figures
10A to 10C, once grouped using an embodiment of the invention, are shown in Figure
30 11.

If an image database is large enough for certain image categories, the set of
semi-ICA common basis functions may be good enough for general use in applications
for such an image category, or its use may even be widened to more general usage, for

35 instance to any image application.



10 of groups is kept at 5 for 2 iterations. It is not |locally stable.

Learning: New sets of | CA comon basis functions are | earnt accordingly.
Convergence: the number of images changi ng bel ongingness is 4. It is not
converged. 15 8th Iteration Conpeting:,,The new i rage groups are: Goup 1:
i mge 10 (0.48), 7 (0.46), 6 (0.40), 18 (0.34), 20 (0.29), 9 (0.28), 16

(0. 16) or oup AP LR uol AR sbold il bttty usil SOyl 0,
(0.48), ]c]rc(n& detjcateidsfof thed4yvires! grocess)ng, oddy & @o@®inatiGn pOhar@Wwalesandni ng: New
sets of %%%’%B&‘ul?é‘iénén HR&B@%Q%re%ﬁuét%t%a%gﬁx‘?{r}%ﬂa'c%mgu?é g&géﬁergence

t he nunbet I mages el 'ongrngness nver
final sets of | CA common ba5|s functions for these twenty |nages of Figures

1 OA to 10G OA%%dﬁr;eOHRc?ﬁu n%!ﬁ{eél%gﬁg%%%ﬂ' Hét.o%ntghc%n'dé" fiibdrighted'n®. shown

in Flgure ase |s aln 1 mge
cat egori eesthet hardwete @fsoftwarﬁ - IntiAe sofiwene sbass, @ mmme |scmgrona§s peogg@odorenough

for gene v&ad e#e%f Eﬂpzp(ldsﬁgl H}e&r}fbrmgg gﬁ%@@r%ﬂ%gﬁgﬁreﬁ:ﬁ&@ dfons(.)rlnitflieS use may

even be to'nore usa nstance to any | nage

appl i cat mamdwae selb qormod@smflmtjmal batiwab® veit designss formpseewitmoiber usi ng
just har qy@t; 't It t r or by a
conbi nati on @Peﬁfér \A”/gdr‘{é‘%éénﬁ gﬁ%‘ gkiq}?& | %be%\ﬁﬂﬁé&g Httelaelgﬁlgsog%/\d/;%e IS just
that ©of ecelecironeompeaientsonpitican fosypsk parion Gfam enide Electremicl cireuitpmichias@har t he

modul e’ s A['trﬁfggtio% écfi’é Int‘éﬁf}b&gfdr{m ?@F@)t qgur’n@roﬁ'stoh'ﬁsrr %B§§|8Ws%xﬁﬁ sof twar e.

In the software sense, I'S a process, progra or portion thereof,
that usually perforns a particular function or related functions. In the

e e S rBSTAeAantee poR b AR O ot Lo
usi ng di smﬁrﬁnrmalng the techniques described with reference to Figures 1to 11. A computer 402
15 is loaded with suitable software in a memory, which software can be used to perform
steps in a process that implement the techniques described herein. Simulation
programs can be executed, and simulation results obtained using such a computer
system 400. This computer software executes under a suitable operating system
installed on the computer system 400.
20 )

The computer software involves a set of programmed logic instructions that are
able to be interpreted by a processor, such as a CPU, for instructing the computer
system 400 to perform predetermined functions specified by those instructions. The
computer software can be an expression recorded in any language, code or notation,

25  comprising a set of instructions intended to cause-a compatible information processing
system to perform particular functions, either directly or after conversion to another

language, code or notation.

The computer software is programmed by a computer program comprising
30 statements in an appropriate computer language. The computer program is processed
using a compiler into computer software that has a binary format suitable for execution
by the operating system. The computer software is programmed in a manner that
involves various software components, or code means, that perform particular steps in
the process of the described techniques.

35



1o el ectronic conponents, or it can forma portion of an entire electronic
circuit such as an Application Specific Integrated Circuit (ASIC).
Nunerous other possibilities exist. Figure 12 is a schematic
representation of a conputer system 40Q. suitable for performng the

t echni ques described with reference to Fi gures 1 to 11. A conputer 402 15

is |loaded with_suitable software in a L ¥e ARIEN NinB& used to
per form stepsTrlerlcoénRﬂ“@E?%s%ft"?%%ﬁm‘?lﬂﬁrl %V%gérﬁ?“p%‘ dgghtrq?%f&gﬁﬁgégs‘@?i Itr)‘gd her ei n.
Si mul at i oghd QEEGRIRES BiicHEs £ Kehoaatid04rimeusaA Gl drshan edamesMeBeal ned usi ng
such a conputer.  system 400. Thi t SO R Usg

sui t abl e RYEEAN8{§% P8 BWOf%gdqaaﬁ?@grmg% (ffLVg’ cfi:)orrput\le\%i Ssyst 2%4%*8@520 The
conput er fght-wRhfry 0ial)\eed acdisedy 410, ps ogllasmetvors goenexirtsrfae eereestingat  ar e
able to be interpreted by a pro r UC , | HehiaBg t he
conput®er th§>’%‘?@‘?\%§% ?Be %%TP@?%%)?@%‘@P 8?’% ﬁgg%uhﬁgnfg%?g@?ﬁ ed l?y t hose
i nstructi poM 43he secomp tieetorg sichias @ RAM4DE aametestirielespem42%t6r ded in any

| anguage, Eﬁ)cﬁoﬂd;f: ing n%%h%l%%ﬁs,ﬁa?ﬁﬁé&t%%t%é@@bte?ffacé #86 fdt CohRétting i waded to

cause a c g 0§ cessi emto performparticular
f unct i onsinpgi ddtesutplitrdauicky, Dvided interfacerdderfei aamnedingrio thfedisplRuBYURFHES code

or notatiogn. The, co ter.so re. i regr anmmed by a conputer program
conpri si nae‘éﬁﬁ §‘f9§‘taesgﬁ?r§’ q'?f%%f'\{\%rﬁ%ra(?%rs?‘ggé conput er | anguage. The conputer
prograg is processed using a conpiler into conmputer software that has a

bi nary for mat 35%5?9%35&0‘{236%%% R{Lh%ﬁfyaérﬁ\%ﬁ%% ahd g C%}gﬁ;ﬁé‘ﬂSoﬁ,m,grecorrput er

software is pr n nner ves various software
conponent gxed@iting @ddermaanperatingsygienf dinerpadant acdess mareqy (RAM)A4RR. theocess of

the descr  bef iechn Gesoni 52250 TenSATRANAD' S Ghod RN oS om 400

i ncl ude: and output devices such as a keyboard 404,
a nouse 4Qfoceasorasr2ext ernal nmenory device 408 (e.g. one or nore of a

fl oppy disc drive, a CD drive, a DVD drive and a USB flash -nenory drive)
and a ldi splay 410, as well as network connexions for connecting to 5 the
Internet 412. Tie Wdumibterfacd 822 ismonuedetsd tatherdispiaysth0 argbprowides Video nenor y

such as a s&?}%gefgfzéiﬁalgy %ﬁ?r?.{‘gisﬁgﬁﬁd %!8@;8-&&% SAMARG canpabiskisi nt er face

428' for ext er net wor n i nput/output (1/0 interface
430 for cqroaddd fagmitiee kéydoard 404 and the mouse 406.

20 The internal storage device is exemplified here by a hard disc 434 but can

include any other suitable non-volatile storage medium.

Each of the components of the computer 402 is connected to the bus 436 that

includes data, address, and control buses, to allow these components to communicate

25  with each other.

The computer system 400 can be connected to one or more other similar

computers via the internet, LANs or other networks.

30 The computer software program may be provided as a computer program
product. Durin.g normal use, the program may be stored on the hard disc 434.
However, the computer software program may be provided recorded on a portable
storage medium, e.g. a CD-ROM read by the external memory device 408.

Alternatively, the computer software can be accessed directly from the network 412.

35



i nput and out put devices, a video interface 432 for connecting to the
di splay, a storage device such as a hard disc 434, and a bus 436. 10 The
processor 422 executes the operating systemand the conputer software
executing under the operating system %gﬂe random access nenory (RAM 426,
the read-only nenory. (ROVM 424 and the hard disc 434 are used under

direction of the., processor 422. .15 Th id i nt e ] onnected to
t he di spl ay 418 e CSPBV? ged C\?Pdfét‘aracg‘fv@hﬁ\es&& (?rUPediG\S&%%%y‘ldob:@%'ﬁth i spl ay 410.
User i npWeybbard@pémati¢hd meusodDitocopeti2 thes progranwihele dopuoter sdfewdceyboar d 404

and the mouse, 406.t 20 The irah rnal storage device is exenplified here by a
hard di scESANGRN PEFOMPHE 308 any ot her suitable non-vol atile storage
medi um Each of the conponents of the conputer 402 is connected to the bus

436 that inclydes data [ , al | t hese
corrponsent s to t‘b%"ﬂﬁué%qsé’%%ggg%ﬁshﬁgg% e%g%'gtrjsf %ggﬁgr@tr?%ﬁ 'é)rﬂ%gyst em 400 can
be connectmfigtratiarscordypesofeootpbter sgsteimk &an be @apaltyers)! wded tofireplemestthet , LANs

or other petworks., 30 Th r r r ided as a

comput or RSP T eat g oS Sl R b U p R B o e on
t he hard cinsputér3ystenteviblerfor intperoentingttee desifribed techpicogs.am may be provi ded
recorded on a portable storage nedium e.g. a CD-ROMread by the external

menory device 408. Alternatively, the conputer software can be accessed
di rectd y from Tiepresentomientddr® can BS ugéd td achesive Imeanycatyentageagseanceegefulnt er act

with the cier%ugﬁeg%%%@gﬁggﬁé&g @gPFQ:e keyboard 404 and the nouse 406 to

operate th ater Ware executing on the conputer 402. 5
The conput er s{i3t enyditdating alfbsxt sdb otliGAocorminba basiafunctiopaetsdroasa ot her

o bone el Ry AT Y b WAL S0l e R bl ot ne0 1
particul ar type)of gemarptinges fisgdsnenbesof {GA|w@rinoen bagid tametiarisifgr imMeg@edescri bed
t echnil ueghalysis and synthesis in aimost any image application;
(3) classifying an image database into image groups based on dependence
measure among ICA coefficients;

(4) changing the one-to-one relation in the pure ICA transform to a one-to-
many relation between basis and image in this semi-ICA transform;

20 (5) reducing the storage space and computational expense required for the
fixed number of common ICA basis sets;

(6) allowing the common ICA basis sets need to be transferred or shared
once between two sides of communication channels for further image analysis and
synthesis;

25 (7) providing an evolutionary approach to classifying images and learning
ICA basis functions in a parallel manner is a dynamic process for a large image
database;

(8) the evolutionary approach has fewer local minima by using the evolving
process and splitting/merging process;

30 (9) the competing process classifies images into groups by using the
dependence measure — mutual information (Ml);

(10)  the splitting and merging processes help to grow and shrink the image
groups dynamically;

(11)  defining a confidence parameter to measure the closeness between the

35 image and the basis set, to be used in splitting and learning processes for image

selection;



10 The present invention can be used to achi eve nmany advant ageous and
useful effects. These exenplary effects include: (1) generating a fixed
set of I CA common basis function sets froma particular inage database for
anal ysi ng and synthesising i mages in the database; (2) generating a fixed
nunber of | CA common basis functions for inmage 15 analysis and synthesis in

al nost any i a L i i mage
groups basedng(ﬁghe&gh\ﬂgl twg’rtrrgg%%?rléeé 83 “ftt}ﬂg%oﬁg%ﬁ‘n%%ﬁeg%%gpq@ﬁ Hﬁérﬁgl ng

t he one- teasiyeontel tiei convengentaddipengendeOX image stassificationandrb@sisdearnmgy
relation ween basis and image in this sem-1CA transform 20 (5)

reduci ng e storage space and conputational expense required for the
fixed nunber oft 3¢ orprovidinGAaniensge ckesificatios paaed oniMignedsareroentovinidnd® basi s

sets 9 it AR SR Fle SBREGBEPED, EHR S8R Gy

conmuni ca\fe Ranne i mge ana

provi di ngmmgee:mnipc&ssedlay)JP&@p\mdaclhalrt)oBQ:I assi fyl ng i mages and I ear ning |CA
basis functions in a parallel manner is a dynamc process for a large image
dat abase; (8) the evolutionary approach has fewer |ocal mninma by using the
evol ving procEs thadesgibettenmudimeendioh thegnendion cagde (U8d thgensoaip seisry

Ut sl 1 T aD IERopdlE U s B BAAYT, i HEHERoAE o) ARARRIEERTARETLI 1
gr ow and s:htabade tHeehisehgfeconymaon pasisliunativrsas byed {oldovetia subsat gf nageafn dence
P be uecieuctEase! Fno gggghﬂftﬁ&?ééts o M‘(Eﬁ-‘rggsu‘iéh%d frimn LEBOSNANA hd1e basi s set,

to be used’in's earnin ses I'mage selection; 27
(12) pr ovpmd:pagles wblGAhieatines’ dxcafiom, czslphtatlom agd étﬁqluere:ar Ahagumbeteisass, which

o S LR A L ol BRGNS ARE BAIKRLORNER aRlcohfife AR daSihdion A

basi s | earning; g an 1 nage classi ation based on M
nmeasur eneand wdasomablesvalue. A group of several sets of common ICA basis functions are more

15  versatile than classical DCT or Wavelet with only one set of basis functions. Common
ICA basis functions require much less computation and storage than pure adaptive ICA

basis functions in practical image applications.

While the preferred embodiments of the invention have been described in detail
20 above, it will be understood that various new constrained parity-check codes fitting to
different data storage systems can be designed by those skilled in the art based on the

techniques described herein.

While the invention has been particularly shown and described with reference to
25  the preferred embodiments, it will be understood by those skilled-in the art that various
changes and modifications in form and detail may be made therein without departing

from the scope of the invention.
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5 very robust to sone snmall distortions. The sane basis set can be
associated with an image conpressed by JPEG wth quality 50. Thus the
descri bed enbodi nent of the invention can be used to generate sets of
common | CA basis functions for analysigg and representing all imges in an
i mage 1o database. Each set of commobn basis functions is used to cover a

subset of_,j mag in. the_data . The basis,functi [
distinguﬂéLed'&jaﬁ?ag% % éWQ?ﬁﬁPﬁ%ﬂx%$8%8¢%$8@%5Pq$k@§%§g}Sﬁ%s- | ocati on
ori entati on antbripawmeAaglysidh¢EEE Temsactionsasi Seurbiudetivoks, $@B5626-684nt rol | ed
by sone para ter? €UCh as confidence, tolimt at a small and reasonabl e
val ue. A grozﬁwﬁx %% eral sets of common | CA basis functions are nore 15
versatile than classical DCT or Wavelet with only one set of basis
functions. Common | CA basis functions require nmuch | ess conputation and
storage than pure adaptive ICA basis functions in practical inage
applications. Wile the preferred enbodi nents of the invention have been
described in detail 20 above, it will be understood that various new
constrai ned parity-check codes fitting to different data storage systens
can be designed by those skilled in the art based on the techniques

descri bed herein. Wiile the invention has been particularly shown and
described with reference to 25 the preferred enbodinents, it will be
understood by those skilled in the art that various changes and

nodi fications in formand detail may be nade therein w thout departing
fromthe scope of the invention. References 30 [1] A Kraskov, H.

St ogbauer, and P. Grassberger, "Estimating nmutual information”, Phys. Rev.
E 2003. [2] A Kraskov, H Stogbauer, R G Andrzejak, and P. G assberger,
"Hi erarchical clustering based on nmutual information", Bioinformatics,
2003 35 [3] A Kraskov, H Stogbauer, R G Andrzejak, and P. G assberger,
"Hi erarchical clustering using nutual information", Phys. Rev. Lett.,
2003. 28 [4] A Hyvarinen, "Fast and Robust Fi xed-point Al gorithnms for

| ndependent Conponent Anal ysis", |EEE Transactions on Neural Networks,
10(3):626-634, My 1999.



LLOYD WSE 29 CLAIMS 1. A nethod of determ ning basis functions for data
objects in a set of data objects, conprising: 5 a) generating a plurality
of sets of common basis functions for said objects; b) anaILy@Ylh@P%%l d

obj ects; and c) grouping the objects appng the sets of compn basis
functions, with a plurality of obj ects grouped to individual ones of the

sets of common basis functions. thod accordin

g to claim1,
wherein the objects conprise inmages éﬁégﬁgelnage dat abase. 3. A nethod
according to claim1 or 2, wherein generating a plurality of sets of

comon basis functions co rlse l.ear t.
formed 35 or ch ot EREnaS Do BrGEBr g chifRRh & et Plard oBlegs Bust Y
;gg{e):;f:g%ng@gﬁ@tl ng steps a) to c) a pl urallty of tinmnes, with the
common basi s

i teratyons dep@n@ERerayRg ?l?é“r@ 68 ?Grqao,f @@8@8 %slslﬂfnnc‘is{i‘r% folrgglld\ﬂbﬂn}rﬁé;pr ecedi ng
ﬁgs: ;e][ 3';];;):1 5) aﬁamerbcsd{daﬂq@tﬁ:‘amg to claim4, wherein generating common

ons in ite ons of st
basis function® f%?“ﬂ"l’ﬂ)&@ 7 %mo?%ﬁ%% ozféa{§wﬁg{'§%cgvﬂtﬁgﬁ??rwom
the pr eV:NﬁlU%hﬁI(ﬁR)b}ﬁcts @rﬁuﬁed ) lmambml cmesofﬁhersgetstmf carryanbaSﬁ fungonsr ecedi ng

cl ai ns erein analysing said objects in step b) conprises determ ning
dependence neasurenents for individual objects relative to a plurality of

the sgfs of commasnbasteorfinges tiams 1, Beréin the pbiebiscormprioe iMagestio a8l ai m 6,
wherein grouplnq the objects in step c) is based on the dependence
rreasurerreﬁt‘%g%@l% ®ned in the analysing step. 8. A nmethod according to

claim7, wherein an object is grouped with the set of comopn basis

ngg;hgzié\/\h:jh pr&%ﬁ%%g%rtgﬂg JEREN9EN ewﬁ%r%?nuéeq{é?&hg'§&h%{9 HeeRfof 35 | east

common basis functions comprises learning basis functions for a previously formed

15  group of objects.

4, A method according to claim 3, further comprising repeating steps a)toc)a
plurality of times, with the generation of common basis functions in step a) of the
individual iterations dependent on the grouping of objects in step c) of the preceding

20 iteration.

5. A method according to claim 4, wherein generating common basis functions in
iterations of step a) comprises revising the common basis functions for those groups

that have different image contents from the previous step a).

25
6. A method according to any one of the preceding claims, wherein analysing said
objects in step b) comprises determining dependence measurements for individual
objects relative to a plurality of the sets of common basis functions.

30 7. A method according to claim 6, wherein grouping the objects in step c) is based

on the dependence measurements determined in the analysing step.

8. A method according to claim 7, wherein an object is grouped with the set of
common basis functions which produces the dependence measurement indicative of

35 least dependence.



9. A nethod according to claim@8, wherein an object is grouped with the set
of common basis functions which produces the | owest dependenté@YRd¥SEr enent
for that object. 5 10. A nethod according to any one of clains 6 to 9,
wherei n the dependence neasurenent cogprises a nutual information val ue.
11. A nmethod according to any one of the preceding clains, wher ei n

anal ysi ng, sai dy m%mo%%tc% ﬂdfng(sjiﬁecf)a @08 {UhetdieLn 68 gp{l%??&]pgﬁtvﬁ Hthdk

confi dence val ue IVI ua object s, repre entin ow we

obj ect i scosrundzralmsys ﬁueptrmemddprloyucmsethequst depgn@ence b@@ﬁ@refrmt:torm% with
whi ch it zcgr ouped. 12. A nethod according to claim11l, wherein

determ ning a confidence value for an object conprises conparing a first
dependence neasurenent bei ng the dependence 15 neasurenent for the object

with the g¢ BRficto %%'e%%la‘%é@t%g'\ﬁﬁeéﬂ hQBkB&idehte 91 ouped,

and a second epen ence nedsure being t depen ence measur enent for
t he obj ecmeaawwnantm@ﬁmﬂb@ua|ﬂnguaief!f0rdil1iat©0rvﬁblﬁ basis functions to the set
with which the object is grouped. 20 13. A nethod according to claim12,
wherein determ ning a confidence value for an object further conprises

di vi di ng the i nfethashansotstingvecanytane of ithespregeding eletng Wheegie Aballigieg said

measur emegy; cftgw tﬁeﬁ Qﬁffthérséongfvg V\ﬁ@@féﬁ%mﬁ%@&?}rﬁﬂ@ﬂée vaide P ifdRldRA according

to any one 0 reln a confidence 25 val ue
r epr elent @bjgcrteareenesemnglf@enwe" thepbiachis %lﬁ?fé)tfenreswq Bpthe setpt €s@RPRd by

the set of .iER msml%lﬁ A& §rB0SedM th which it is grouped. 15. A nethod

accordi ng to any one of e preceding clainms, wherein generating a
plurality of sets of common basis functions in step a) is based upon a

subset of 44 he A%Qetﬁ’éd%c?doirdlbf%ﬁ;acl&im ?F'vm] réﬁdet%rrﬁﬂdboéic@fﬁﬁi‘éhéé Pdlud fbr%ha' m 15

when dependent on a I'm erein generating a plurality of
sets of cobjegfreohweibes ¢cummrlngrmﬁrstrﬂmeege@9e raeaﬁwwgeet beinp 49 ¢rpenderce

det er geg‘egg%h‘éﬁﬁ%ﬁh\éad 'r@'qgv&%ftﬁb ?eo nﬁhrb‘gg.lgqhﬁct@ Q“}Rﬁwmﬁ, thear ni ng

basi s’ unc I’'ONS on the ects he confl ence value is a first
si de of t bijettiis gmoupecmra@s!mwonddemdmnseme@ﬁummemx beinchibe dgpensiedicag t o

claim 16, wherhRnt f3PtHe dbjdct Withe RigHbdGrifd §&tlof EBMARIAB s fnctions to the

set with which the object is grouped.

20 13. A method according to claim 12, wherein determining a confidence value for an
object further comprises dividing the difference between the first and second

dependence measurements with the first dependence measurement.

14. A method according to any one of claims 11 to 13, wherein a higher confidence
25  value represents greater confidence that the object is suitably represented by the set of

common basis functions with which it is grouped.

15. A method according to any one of the preceding claims, wherein generating a
plurality of sets of common basis functions in step a) is based upon a subset of the

30  plurality of objects.

16. A method according to claim 15 when dependent on at least claim 11, wherein
generating a plurality of sets of common basis functions in step a) comprises comparing '
the determined confidence values with a first threshold and basing learning basis

35  functions on the objects for which the confidence value is a first side of the first
threshold.



greater than the first threshold. 5 18. A nethod according to claim4 or 5
or according to any one of clains 6 to 17 when dependent on at |east claim

4, further conprising determ ning an overall confidence val ue fayp Wesset
of objects and stopping repeating steps,a) toc) if the overall confidence
value is a first side of a second threslhol d. 10 19. A nethod according to

claim 18, wherein the first side of the second threshold is greater than
t he second threshold. 20. A nethod according to claim 18 or 19 when
dependent17on oA mMedaxsh aacheding tiglaimvilte mbierein the fosteside of tbefifst theesbeldvial ue f or

the set o J I n average of the 15 confidence values of a
ycj rg?tgt figh he RSP

pluralit | ects € current groupings. 21. A nethod according to
cl aim 20, wherein the overall confidence value for the set of objects

ol ural’ ty'5r ohy e gty A ERee o Biindlo B g orcingPhe g  hpen
dependentWwien dapenderitoncitagast tiajm 4nhugher eomprisingwiateriniogah iodemte val ue for
the our r enTOeRERRNENBPEENSEof Siectt s uopHEbTEANARTE SN ) REOT g Refan’ ©"

pr ecedi ngeanfidenne, vatugris adirstsidepefiassasgnd theeshald.ni ng whet her t he groupings are
stable. 24. A nethod according to any one of the preceding clains, further
conprising splitting each of one or nore existing first groups into a

pl urald t y1Sf skowthbdrenepdingiedclaigol &, adpecaip thedfirsteidenty tbe secqnddknieshait ys

gr ouped %QfPﬁ%n%@sé’éon‘&qgr%sﬁ&BSt groups with the plurality of second
e ; .

gr oups. net hod according to claim24 when dependent on at |east claim
11, wherein splitting occurs based on the confidence values of the objects

of the ongyor ARdindiPacbidhd Recibi 7 oOfchRs: obde R fiy 14, et hod
according to p'f‘rg? m 24 or é@d %CenI dep%ndq;\gt on%daﬁ 8as ﬁcl?%?r%% ,14\' wherein
spl i tti ngworreurtse akerall corfidgnoe palkg fordhe selef objectsedmmsiseeas audrhge obhe A
met h_ogg ac&f?ﬁigé% Ve a%?@raﬁt& of B@e@tg‘?&qqé Ber&rkt?rS@pin surt her conprising 5
merging two or nore existing third groups into singlé fourth group and
regroupi ng the _

21. A method according to claim 20, wherein the overall confidence value for the set

of objects comprises an average of the confidence values of all of the objects of the

~plurality of objects.
20
22. A method according to claim 18 or 19 when dependent on at least claim 11,
wherein the overall confidence value for the set of objects comprises the lowest

determined confidence value for the current groupings.

25 23. A method according to any one of the preceding claims, further comprising

determining whether the groupings are stable.

24, A method according to any one of the preceding claims, further comprising
splitting each of one or more existing first groups into a plurality of second groups and

30  regrouping the objects previously grouped with the one or more first groups with the
plurality of second groups.

25. A method according to claim 24 when dependent on at least claim 11, wherein
splitting occurs based on the confidence values of the objects of the one or more
35  existing first groups.



obj ects previously grouped with the two or nore third groups with the
single fourth group. 28. A nethod according to claim27 when dependent on
at least claim11l, wherein 1o nerging occurs based on the corfLiQYérwiSE

val ues of the objects of the two or nore existing third groups. 29. A

met hod according to claim27 or 28 mheﬁzdependent on at |east claim 23,
wherein nergi ng occurs when the groupings are determned to be stable. 15
30. A met Kod of TRIES APSITIE EORATHED AP S WhemEERIENt 8 ot eYCiB Bet s | n an
i mge daiABRFEspliGPERICCSsVehe thé ?fo@mg@fa're dstemhingstd bvé B@blehe i mages into

i mge groups associated with difrerent sets of comon basis functions; 20
b) determ ning whether to at |east one of: split an inmge group into two or
nore snabyer pragAodE6ecHEINgiSlafEsELofttne piicediBl @ldirB Jartidradhtrisiigo a | ar ger
i mage group; . c) learning.revised sets of common basis functions based on
the currefte" ?%%Wﬂ AJBOErEATIAG UG GovRRIGE 3 FRaIsIoUr) ITRHP PRSI RYPING thene
process i gbjeol\pesvIdbURY; granpedhitiedhe(tivd of @idis Hirdtyro@osSwiepthe)sindie fdu@hpr ocess i s
determ ned to be converging; or e) (ii) stopping, otherwise. 31. A nethod
accor di ng9t%Pany one of the preceding clains, wherein the basis functions
are transforns for encoding the objects into nutually independent 30

conmponent 32.. A met hod accordin o, claim3l, wherein the pasis functions
compr 1 6. Piabhdnetion Biertado e ek wnandeBidint £1 ah Eadinut G #rBr di g

t o t hgo nenlegingbcaury bassd of thelenfdereedalgs of thel dfiectd SFAN&WE SEmors3 34. A
plurality of ba functions for transform ng i mages of an inage database,

. | !
conpri si n§¥gin @F&grwsof sets of common basis functions; wherein
i ndi vi dual imges of the inage database are associated wi th individual

ones of the sets of common basis 5 _functions, a ural i of i, es with
Ohch one. 4B & nd mehe SRR Yinan RS 7€ Of oD idepeRaent on at tead cisi 5

wherein merging occurs when the groupings are determined to be stable.

15
30. A method of determining common basis functions for image objects in an image
database, comprising a process of:
a) classifying the images into image groups associated with different sets of
common basis functions;
20 b) determining whether to at least one of: split an image group into two or more
smaller image groups and merge two or more image groups into a larger image group;
c) learning revised sets of common basis functions based on the current
groupings of images in image groups;
d) determining if the process is converging; and
25 e) (i) returning to step a) if the process is determined to be converging; or

e) (ii) stopping, otherwise.

31. A method according to any one of the preceding claims, wherein the basis
functions are transforms for encoding the objects into mutually independent

30 components.

32. A method according to claim 31, wherein the basis functions comprise ICA basis

functions.

35 33. Basis functions generated according to the method of any one of the preceding

claims.



35. Aplurality of basis functions according to claim 34, generated
according to the nethod of any one of clains 1 to. 32. 10 36. Encoded data
conprising i mage data transformed using one or nore transfornsLLOASBESHN
basi s functions according to any one of clains 33 to 35. 37. Apparatus
conprising a processor and nenory neans 3hd programmed to operate
according to the method of any one.of clainms 1 to 32. 15 38. Conputer
software for determ ning basis functions for a set of a plurality of

' isi g . t. de ns for. generating a plurality of sets
o common' b s * RereURERESE breBa 0E Bastetnndimeumm it MeBe deRsaRd. {or
anal ysi ng samgrisibg a@waiitandsmgmmoﬁmisrfeaaﬁ)né;efr/rluegéiﬂl%tgmeuél%g@éﬂd ctS?Ct S

. : ; ; oy
arouped o e TEER £ B Ce Rt PRctes ofiaS pesra rermandissis 3o
Conput ers sdématans, samomalifioh gndges aithi eacBlon@rahaBEE cResARdh MasiGubdenget hod
of any one of clains 1 to 32. :

35. A plurality of basis functions according to claim 34, generated according to the
method of any one of claims 1 to 32.

10 36. Encoded data comprising image data transformed using one or more-transforms

based on basis functions according to any one of claims 33 to 35.

37. Apparatus comprising a processor and memory means and programmed to
operate according to the method of any one of ctaims 1 to 32.

38. Computer software for determining basis functions for a set of a plurality of
objects, comprising:

computer code means for generating a plurality of sets of common basis
functions for said objects; )
20 computer code means for analysing said objects; and

computer code means for grouping the objects among the sets of common basis

functions, with a plurality of objects grouped to individual ones of the sets of common
basis functions.

2
w

39. Computer software according to claim 38, operable according to the method of
any one of claims 1 to 32. '



