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[0003] A goal is therefore to identify the components of each pixel in the
hyperspectral image. This can be done by comparison with a library of spectra of “pure”
materials. “Pure” materials in a hyperspectral image are often termed endmembers.

[0004] Depending on the resolution of the image obtained from the spectral scanner,
an individual pixel may represent an area ranging in size from 5 to 10 meters across in
images from an aircraft scan or 10 to 30 meters across from a satellite scan. Each pixel
therefore will relate to a portion of a scene which will usually include a mixture of
material components. It is not uncommon to find that not all of the pure spectral

representations of endmembers are present in a scene.

[0005] Images are also subject to distortion due to noise from various sources
including instruments, atmospheric interference, viewing geometry and topography of
the area scanned. Corrections for these distortions are still not sufficiently accurate to
allow for reliable comparisons to reference libraries. Also, many remotely sensed scenes
contain materials not in libraries. Therefore, there are problems with matching spectra
with ground-based libraries. There is consequently interest in identifying the component
materials represented in a scanned scene, without reference to a library.

[0006] Similar problems occur in other fields where it is desired to determine



wi th ground-based libraries. There is consequently interest in identifying
the conponent materials represented in a scanned scene, w thout reference
to a |ibrwoyws3/opae@®6] Simlar problenms occur in other fiel @dgTiti®seo40d i s
desired to determ ne WO 03/088130 PCT/ AUO3/ 00409 -2 endnmenbers from

mul ti spectral, hyperspectral or other data where a signal is detected on a
nunber of channels or bands. For exanple a2simlar problemoccurs in the
anal ysis of proteom cs and genomics array data where the Si gnal represents
cell or organism response across a_ range of praoteins,

ol i gonucl eot i@é@empgrsiipm mpdiispestral, BxparsPestralio ofher QW}@Fe %?lg% mdetested de
i s regarded am D@iniker 80UhanAkIe Bk bhkisa FoRELIngs18h Rirdilar peshle ioBeurhifh the analysis

h tral | t tral. te m,.| bl I

F1 Cor eocence A RERIFHBICS AT EHET P BT BGHU BT BET AP Pbo g Of PRI art ¢ he
terms nulti spesponsd achesd alryeerofpectting) c;DNa!lk br dligoansleotides. Iarthlis context, each

hyper di -menS| Ospr} mS [EISN aér olfé?)ﬁﬁ]cl (feq %X@a 23 gglpg e&hb&ieﬂﬁé'&'@e{éﬁgg Og_han

"mul ti" 0ses
i nvention. Fdmand onﬂleﬂnmeleectraltmdghlmtralt dontexs SHmaar prhglegp@&ﬂowceminon t he

term"nultis Trés@énc_?_‘#nh%] ggu&%qlﬁo?esﬁéicghlkﬁsc%h mul tispectral and

hyper spect raI ata mul t 1 di mensi onal d other "multi" terns
will |ikewi se be used to nean nore than one di nension. [0008] Current

sol utions of [bomnql Hﬁtﬁé‘&ﬂﬂﬁh&&@s lﬁﬁ&@ﬁedtﬂamid&gzp f«@be&ﬁnlmhdﬁ{ensfbﬁmﬁal ng"
the data and .t flttlnptot gﬁ ti di nensi onal Ie‘x@wd@g
nunber of - verpe ImsieReT ¢t B T B e dpeant e e, d a
nul ti spect r aldistinetien Brmet neieraht for theghirposes of thlisiheehtiohWiiot estivegiencd, nvol ves

transforning, mﬁéﬁoqltt ﬁlﬁartgset{?o?ﬂﬁ%‘rb%ﬁgﬁﬁrfr e r{nlh prigtlits &%&Qﬂ“’mﬂ% lu@élﬁ@ r?f%fito

preferably an appr erro
desirable to bo(dompltlés@tltahendjhmrs@c@méﬂmay The tqmb“ld'dtlélmwsmdu@éd edecul ati on

time. [0010] ﬁam%hmw&%%mh@%& 2K Jr6 than dnBQiH&sfon, S t O conpress
the information into a smaller nunber of bands by use of the M ni mum Noi se

Fraction (M\F) transform This is disclosed in Green, A, Berman, M,
Swi tzer, P., [6008]Cr@irgent bblutions of finding endmembers often involve “whitening” or

“sphering” the data and then fitting to the data a multidimensional simplex having a
number of vertices equal to the number of endmembers.

[0009] The bands of a multispectral image are usually highly correlated. “Whitening”
involves transforming the data to be uncorrelated with a constant variance and
preferably an approximately Normal distribution of errors. It is also desirable to
compress the dimensionality of the data to reduce calculation time.

[0010] A widely used algorithm to “whiten” the data is to compress the information
into a smaller number of bands by use of the Minimum Noise Fraction (MNF)
transform. This is disclosed in Green, A., Berman, M., Switzer, P., and Craig, M.
(1988). A transformation for ordering multispectral data in terms of image quality with
implications for noise removal. IEEE Transactions on Geoscience and Remote Sensing,
26:65-74.

[0011] Simplex fitting using the pixel purity index (PPI) method is disclosed in
Boardman, J. Kruse, F., and Green, R. (1995) Mapping target signatures via partial
unmixing of AVIRIS data. In Green, R. (editor), Summaries of the Fifth Annual JPL
Airborne Earth Science Workshop, volume 1, AVIRIS Workshop, pp 23-26. JPL Publ.
95-1, NASA, Pasadena, CA.
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[0014] These solutions cannot satisfactorily deal with the common situation where
pure or almost pure endmembers are absent from the scene. Furthermore, they do not
deal well with noise in the data.

SUMMARY OF THE PRESENT INVENTION
[0015] Itis an object of the present invention to provide an improved method of

identifying endmembers spectral values from multispectral data.

[0016] According to the present invention there is provided a method of identifying
endmember spectral values from multispectral image data, where each multispectral
data value is equal to a sum of mixing proportions of each endmember spectrum, said
method including the steps of:

processing the data to obtain a multidimensional simplex having a
number of vertices equal to the number of endmembers, the position of each vertex
representing a spectrum of one of the endmembers,

wherein processing the data includes:

providing starting estimates of each endmember spectrum for each image
data value;

estimating the mixing proportions for each data value from estimates of
the spectra of all the endmembers;

estimating the spectrum of each endmember from estimates of the mixing
proportions of the spectra of all the endmembers for each image data value;



endnenber spectral values frommultispectral inmge data, where each

mul tispectral data value is equal to a sumof m xing proportions of each
endnenberwopamssiagon said nethod including the steps of prPecreg®Bsngphe data
to obtain a nultidinmensional sinplex having a nunber of vertices equal to
t he nunber of endnenbers, the position of each vertex representing a
spectrum of one of the endnenbers, whereiry processing the data includes:
providing starting esti mtes of each endnenber spectrum for each inage
data value; estimating the m xing proportions for each data val ue from
estimates of the spectapeatofg estinatibestepcienditibeelstiveshtangain thg ragnkarisgkct r um of

each endnenber. i : X1 i tra of
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resi dual sum of squares is sufficiently small, the regularised residual sum
of squares | ding. a, termwhich |s._a neasure of the size of the sinplex.
[0017] Prof et@ﬁw PrideRbbiihe e vsRd e resylanapd wsuploSmefaaaignisdhe Symar s
is the sum of theRguelidistd calitetwemnesl dfetowiamlel ertidest he sinpl ex vertices.
[0018] Preferably the step of providing the starting estimtes includes

choosing starting points with a high pixel purity index score. Mre
preferably t 9181 aPréfagblydhe stapoEproaidinghk Istastpaestitnates ifdaded chdusifger abl y
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regul ari sed pEBRHefAre vellpeparatéduares is | ess than a tol erance. Preferably
the tolerance is 0.99999. [0020] Preferably processing the data includes

whi t eni th a.. Preferably . whiteni.ng the data inc¢ludes nducting a
' anet or m of LG8 G RreferhBih el Erhimgedn Mroguiabed restdual St of he sqhared

regarded as sufficiently small when the ratio of successive values of regularised residual

sum of squares is less than a tolerance. Preferably the tolerance is 0.99999.

[0020] Preferably processing the data includes whitening the data. Preferably
whitening the data includes conducting a transform of the data into data that is not band
correlated. Preferably processing the data includes removing bands that do not have a
high signal to noise ratio.

[0021] Preferably the step of estimating the spectrum of each endmember is conducted
using a linear estimation technique.

[0022] Preferably the step of estimating the mixing proportions is conducted using a
quadratic programming minimisation technique.

BRIEF DESCRIPTION OF THE DRAWINGS
[0023] In order to provide a better understanding a preferred embodiment of the

present invention will now be described in detail, by way of example only, in relation to
Figure 1 which is a diagrammatic representation of a simple example of the use of the
method of the present invention.

DETAILED DESCRIPTION OF PREFERRED EMBODIMENTS
[0024] Multispectral image data is obtained from a multispectral scanner, such as the

AVIRIS airborne scanner. A typical scan for mineral applications includes a short wave
infra red scan with wavelengths in the region of 2,000 to 2,500 nanometers. This



correlated. Preferably processing the data includes renoving bands that do
not have a high signal to noise ratio. [0021] Preferably the step of
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estimation technique. [0022] Preferably the step of estimating the m xing
proportions is conducted using a quadratic progranmm ng m nim sation
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1 which is aspkcighanpeisivseliub firesbibitiatg distinefivasimpapfoe irepentgut elapinihéralsuse of
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(assuned to be less than or equal to d+l). [0027] It is convenient to think

of the M\F dﬁii)%ﬁs anNx d matri x, whose ith rowis witten as X1, and
whose jth co &t i popyeatenlo think ofjthg MIVE data ps angVix d BREE, HEOHRVENY nt

to think of tifietet akXQ\wid e/ eslamass aitlvh 4s €. BBhildrks, itWidSsEokieltonPatide
witten as Eko think of the unknown endmembers as an M x d matrix, whose kth row is written as Ex
and whose jth column is written as ¢;.

[0028] The MNF transformed data can be represented by the following formula:

M
X,=Y puE,+&,i=1..,N. )

k=1

[0029] Here & is an error vector, and the pi; are mixing proportions that satisfy the
constraints of:

M
Pe20,k=1...,M, > p,=Li=l..,N. )

k=1

[0030] Ifthe error term is ignored then (1) and (2) tell us that the data lie inside a
simplex in (M-1) dimensional space, and the MNF representations of the M
endmembers are at the vertices of the simplex.

[0031] A least squares minimisation of equation (1) is conducted subject to the
constraints (2) and a term that constrains the size of the simplex, while being faithful to
the model. It can be shown that without the constraints the solution converges to a
simplex that is too large. This problem may be solved iteratively: given estimates of the



and whose jth colum is witten as ee. [0028] The M\F transformed data can

be represented by the followng formula: M X1=E PtkEk+SI,i=1,...,N (1)
k=1 [ 0029WvOHames1d0 i s an error vector, and the pik are m XiPQg/AL060010Pi ONs
that satisfy the constraints of MPrk?0,k=1,..., M E P1lk =1,i=1,...,N (2)

k=1 [0030] If the error termis ignored then (1) and (2) tell us that the
data lie inside a sinplex in (M1) dinensgonal space, and the M\F
representations of the M endnenbers are at the vertices of the sinplex.
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R=)" {(xi—Pe) (x;—Pe)+he/Dej}, 3)

j=1
where , is small, and where D=Iy — 11"/M.

[0033] R is the regularised residual sum of squares; P is a N x M matrix of proportions
of M endmembers for all N pixels; Im is the M x M identity matrix and 1 is the vector of
length M, where every entry equals 1.

[0034] Formula (3) is minimised iteratively.

[0035] In what follows, P; will denote the estimated value of P after the /th iteration,
and either ejy, j=1,...,d or Ex; k=1,...,M will denote the estimated endmembers after the
lth iteration.

1. Letejo, j=1,...,d denote the starting values for the algorithm and let /=1.
2. Let P;denote the value of P minimising

d
R,=Y" {(x-Pejr1) (x-Pejr1)+he;rs” Dejr} )
j=l

subject to (2). This is done using a quadratic programming algorithm.

There are two things to note here. First, the second term in (4) is independent of
P, and so only the first term needs to be minimised in this step. Second, we can



d, {(X - Pej)T(X} -Pej) +a ejTDej}, (3) R =Y j=1 where ? is small, and
where D=IM- | IT/M [0033] Ris the regularised residual sum of squares;
Pi sa Nx Mveatomsiogsied proportions of M endnenbers for all NPgirxdaios/oodoM i s the
MK Midentity matrix and 1 is the vector of Ilength M where every entry
equals 1. [0034] Formula (3) is mnimsed iteratively. [0035] In what

follows, Pi will denote the estimated valye of P after the ith iteration,
and either ej,l, j=1, ...,d or Ek,t, k=1,...,MdM Il denote the estimated
endnenbers after the Ith iteration. 1. Let €j,0, j=1,...,d denote the

starting val ues f osepatate thiegaininilatioaridtol é sepierate quadradic iPpgrdemung t he val ue of
P mni msi ng_d RULsgbfioRelorknd dold 8 nBEbe by ke specifaffpliod 13} () ] =1
subject to (2). Th| S 1{Hﬁg%‘él(())ne Oirjs}ilna e&a raghlec I?)iro r cl aﬁ? 0olr %’th There
are two things to Wetdiwdel, FiMeth Chmémgéé%nd termin (4) i s i ndependent
of P, and so only the first term needs to be minimsed in this step.
Second we can WO 03/088130, PCT/ AUQ3/,004Q0D -7 sgparate the mnimsation
into N separate quadra o] atijon for the data at ;gach of
the N pixels. Specific Fﬁcyz g‘F él hgz; %‘(EF’"‘} Qvtwm
Xi -YPikEk,i-lXi-PlkF'kI-l 5) k=1

, M which mnim

subject to (2).
Let Ry 1,min denote the minimum value of R;1 achieved.
3. Let &1 j=1,...,d denote the value of ¢;minimising

Ra=Y {(o-Pe)(s-Pre) + a7 Do} ©)

Jj=

This minimisation can be separated into d separate minimisations, and
straightforward matrix algebra can be used to show that

&= (P PAAD) P %), j=1,....d %)
Let Ry2,min denote the minimum value of R;2 achieved. It can also be shown that

d
Rigmin =Y, %/ {Iv-PiPPAAD) P 3%, ®

J=

where Iy is the N x N identity matrix.

4. Let

#1= R12 min/ Ri, 1, min’ : ®
Because each step in the iteration reduces R, we must have R;2 min < Ri1,min, OF
r<1. When r; gets very close to 1, the algorithm stops. More specifically:

If ri<tol, let I=1+1 and go to 2. Otherwise, stop and let €4, 7=1,...,d, or
equivalently Eg;, £=1,...,M, be the final estimates of the endmembers, and let



subject to (2). Let R, r,mn denote the m ninum value of RI,1 achieved.

3. Let ej,l,j=1,...,d denote the value of egjmnimsingd R 2 =~

{(xj - Pl ejwo(oxjossBej ) + a,ej TDej} (6) j=1 This m nim sati @CTCAN30&09
separated into d separate mnimsations, and straightforward matri x

al gebra can be used to showthat T ej,i = (PITPr+-a,D)-1Pl xj, j=1,...,d.
(7) Let RI2,mn denote the m ninumval uggf R1,2 achieved. It can also be
shown that d R, 2,mn =E xj T{IN PI (P1TPr1-XD) - 1PI T} xj , (8) j =1 where IN
is the Nx Nidentity matrix. 4. Let ri = R1,2, mn/Rl, m n ((ﬁ)I Because
each step in the i theritajosrofiR divedlse final wetimmates oﬁ’dne@rﬁmt?qnmorﬁeach th¢ , ntin,

or ri<<l. Wen ri_g ﬁf&’&f%eﬁi@iﬁ%&ﬁmﬁﬁ%h%@f' thm stops. Mire
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this val ue i AFAGFiS9RS exanpl es, 20 to 100 iterations are required until the

[0037] Using this method the projections of all the data onto this hyperplane need not
lie inside the simplex.

[0038] Figure 1 shows a simulated toy example with a true simplex as a solid line, an
(unregularised) least squares solution as a dotted line and a regularised least squares
solution as a broken line. The regularised least squares solution provides much better
estimates of the true endmembers.

[0039] Most of the information about the simplex is contained in data on or near
boundaries of the data cloud. So if only data nearest the convex hull of the data cloud is
used computation becomes quicker. In high dimensional problems, points at or near the
ends of random one dimensional projections of the data can be used. Alternatively
points only on or near two dimensional convex hulls of all  d(d-1)/2 MNF band pairs

are used.

[0040] The starting points for the iterative process can determine the outcome of the
iterative process. Good starting points should be well separated in MNF space. Points
with high PPI scores can be useful. The PPI scores are the number of times the data at
each pixel are at or near one of the ends of these projections.

[0041] Apart from the estimates of the endmembers an intermediate product of the
algorithm is the endmember proportions in each pixel. The proportions give a
meaningful idea of how much each endmember is represented in each pixel (assuming
that mixing is proportional to area). This can be represented as images/maps. A
particularly useful diagnostic is the maximum proportion of each estimated endmember
in the scene. The lower the maximum prbportions for each endmember spectrum the
further the estimated endmember is from the data cloud and the confidence in the
estimate will be correspondingly smaller. For endmember estimates having a maximum



process stops. [0037] Using this nmethod the projections of all the data
onto this hyperplane need not |ie inside the sinplex. [0038] Figure 1
shows a swouwBA8HE0 t oy exanple with a true sinplex as a solPCa/AGBE)400N
(unregul ari sed) |east squares solution as a dotted |line and a regul ari sed
| east squares solution as a broken line. The regul arised | east squares
solution provides nmuch better estimtes @f the true endnenbers. [0039]
Most of the information about the sinplex is contained in data on or near
boundaries of the data cloud. So if only data nearest the convex hull of
t he data cl opmpbsiondssdhaohpiittecomes diftontes egtimetedhe trigertingimbei sEacsimnal
probl enms, points at or near the ends of random one di nensi onal projections
of the data can be used. Alternatively points only on or near two

di mensi onal EQbeAmthesusﬁfuléwrpraéWme Jegritharig apimass shayvimgibed. [ 0040]

The starti ngccﬁﬁhmtﬁ)nfdlfea&mﬁxbltt@rtﬁé ifeéﬁlaﬁéé?l%ﬁﬁuﬁ%ﬁm‘iﬁfsaﬁﬁb@?f hbe apdidgnedTe of
t he |terat|ve progess ﬁ&z?rt poi ntf ated in

M\F space. PBrgrigsidygls HH%FS@’FICI 1£3hesr 256 S 115@{] geéﬁfdur is @H@dlmsﬁ% ndbaiths are
t][1et Rurrber OﬁoﬁblﬁEﬁoﬁﬁlﬁn%ﬂieadazdp adetqafcbl yPeifek bé&faﬁs@ﬂle‘éhos%?aftﬁlrl{ﬁ@ﬂ\@fs ttr)ge ends
o ese projections. r e_endnmenbers an
i nt er medi gt eénglLauanB%tg?a%t]aoal%gpqrtﬁ?ﬁ@% %éﬁg%éﬁﬁé ufl A %F@ fis in each
pi xel . The pinymotant cserglives may hearbeeg bulittédiftandhe a’rlgwﬂﬂmn Izhddﬂmha]endnenber
I's represent Gl NyEAC RlXRlIed ASEY Hlat‘a%sec; Mth@ago f RindB 9{& Jvﬂ&ﬁl«%

area). This can be represented as I na cular use
di agnostic |§ﬁtnlg@aﬁhﬁilmnlmvp¢oportl on of each esti mat ed endrrenber in the
scene. The | ower the nmaxi num proportions for each endrrenber spectrumt he

further th pat
furt her L e, RRMAT™! P SRR FRER? ot 98 LAk 10 el B RP AR
havi ng a maxivatuey WénGaamisEtaal T /ﬁz&kﬂoalﬁﬁé@%f so9rdes, cmohtas@and)tessnmﬂ@dat@, 5

it becones difficult to estimate the true endnenber spectrum
array data, etc.

[0044] Obvious adaptions of the preset invention to make the hereindescribed method
suitable to identify endmembers from a nominated source are intended to fall within the

scope of the preset invention.



[ 0042] Anot her useful by-product of the algorithmis an i nage show ng the
contribution of each pixel to the regul arised residual sum of squares. |If
t here ar eweoma®ssiB@r ge resi dual s and especially if they ar@cIpdatiosaddoy
clustered it is an indication that the nodel is not fitting the data
adequately, either because the chosen value of Mis too small or if only
the data on or near the boundaries of thejgata cloud are used then

i nportant observations may have been onmtted fromthe al gorithm Additiona
observations can be added to the data used and the algorithmre-run to see
whether fitting can be inproved. [0043] The present invention may be
readi | y adapQAlivs DERINING TERIREHNEITOMNARE A6 FOYROWS:-f rom mul ti spectral
data froma variety of sources, such as renoie sensing data, array data,
etc. [0044] Obvious adaptions of the preset invention to nmake the

her ei ndescri bed nethod suitable to identify endnenbers froma nom nated

source are i at endégmethod of [depfifyingendmembse sppstra valupe frpmanultispestraliniaga. WO

03/ 088130 PCiAAURREE 489 multikPedHalIAYEvAEE INQYE thHFsulNYEDK] 6 5L LONE:
1. A nethod of .1dentifying endngg?er spectra val ues from tispectral
p

i mge data, © membr SReCt gAY pgthoddpcludine the steps@dual to a sum of
m Xi ng proporti ongroebssirgothb detadoreblagl a MpRdimeEi ot bichpled vehd dntskirog t he
nunber of * verTreeeralBhehinbR et thiirPaR bhanuitR bt e HORP SRR cach
vert ex repr espaetrumpfaneopdetendmentesne of the endnenbers, wherein

rocessi ng the data. ik : Mo arting estimtes of each
: ’ ke P A e S L

endrmenber spectrumtor, i a value; estimating the m xi 219
proportions for eREVidiag stagizsstippishpbeacheadasmber speetrums fercsaghinadgeadata t he
endnenbers; value;

estimating the mixing proportions for each data value from estimates of the
spectra of all the endmembers;

estimating the spectrum of each endmember from estimates of the mixing
proportions of the spectra of all the endmembers for each image data value;

repeating estimation steps until a relative change in the regularised residual sum
of squares is sufficiently small, the regularised residual sum of squares including a term
which is a measure of the size of the simplex.

2. A method according to claim 1, wherein the term used in the regularised residual
sum of squares is the sum of the squared distances between all of the simplex vertices.

3. A method according to claim 1, wherein the step of providin;g the starting
estimates includes choosing starting points with a high pixel purity index score.

4. A method according to claim 1, wherein more preferably the starting estimates
are well separated.

5. A method according to claim 1, wherein the relative change in the regularised
residual sum of the squares is regarded as sufficiently small when the ratio of successive

values of regularised residual sum of squares is less than a tolerance.

6. A method according to claim 1, wherein the tolerance is 0.99999.



estimating the spectrum of each endnenber fromestimates of the m xing
proportions of the spectra of all the endnenbers for each i mage data val ue;
r epeat i ngwesBiossto on steps until a relative change in thepcaguloanised
residual sum of squares is sufficiently small, the regul ari sed residual
sum of squares including a term which is a neasure of the size of the
simplex. 2. A nmethod according to claimljiwherein the termused in the
regul ari sed residual sumof squares is the sumof the squared distances
between all of the sinplex vertices. 3. A nethod according to claim]l,
wherein the dtep éfmpihodiaetondjng kreclgimad { Whereingso¢assing theidatdl indudescwlnibaingy
starting poi gedad.th a high pixel purity index score. 4. A nmethod according
to claim1, wherein nore preferably the starting estimates are well
separated. 5. A nethod according to claim1l, wherein the relative change in

theI Ire\%l ar It ﬁ.ed neskiivahcsordhgto Elhign S,lckk}ﬁér@ﬁfviflﬁtdhﬁ%&hl Q@ﬂg%&hﬂég belﬁiu@ﬁﬁé yf
sna en ratio successive. valu re ri sed residual sumo
squares is | & nﬁlﬂ oglhteé#‘ 1 f?cia¥a%‘?tﬁ“ﬁgﬁwgl§°§8%§dsi ng to claim1, wherein
the tolerance is 0.99999. WD 03/088130 PCT/ AUO3/00409 -11 7. A nethod
accordi ng togcl ai i 0 I h 1 ngl s whi;teni ng. the
data. 8. A mgt hodma%%%%%ch@gg E:q (gl?ﬁnﬁ ;’?‘9}\}\%{8@&)?%&6\%%’% éﬁ:‘lﬁg& 1{1#81‘1%?5?‘5“’?#?§| udes
conducting handsalmtfdomet bivetahiglh sighalitanoisdsatm. t hat i s not band correl at ed.
9. A nethod according to claim1, wherein processing the data includes
removi ng bands that do_not have a high signal to noise ratio. 10. A nethod
accordi ng t ol aj Mmrethad apcording feclaie b, Wherggthesiep apestimatiag taspesiuse of each
endnenber i seadnadsicpBetizicofdittdd BaR a Bsdat BRInhAontiehajuaue. 11. A net hod
according to claim1, wherein the step of estimating the m xing

proportions is conducted using a quadratic progranm ng mnimsation
techni que. 11. A method according to claim 1, wherein the step of estimating the mixing

proportions is conducted using a quadratic programming minimisation technique.



