METHOD AND SYSTEM FOR MEASURI NG A COVPOSI TION |IN A BLOOD FLUI D FI ELD
OF THE | NVENTI ON The present invention relates to a nethod and system
for measuring a conposition in 5 the blood fluid. The invention is
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A traditional way of measuring a person’s blood glucose level is to use a fine needle
15  to prick the finger of a person. This invasive technique then allows blood from the
person’s veins to be drawn through the incision caused by the needle. This blood is
then placed on a strip containing reagents that react with giucose to form a
chromophor. The strip is subsequently read by a reflectance colorimeter with an

analyser (e.g. a glucose meter) to determine the level of glucose present in the blood.

20  Such invasive approaches are undesirable in situations where the person is required to
monitor his/her blood glucose level several times a day. This is due to the fact that

taking multiple measurements in this manner:
- can cause unnecessary pain and hassle;

- increases the risk of contamination in situations where needles are re-used.

25 Conversely, if needles are not reused, the cost of needle disposal is increased



inline with the nunber of neasurenents required to be taken on a
daily basis; AND Bio-waste products are increased in line with the
nunber of nmeasurenents required to be taken on a daily basis which
must then be apjtopith dicedumbte alf meaSireintits réfuirsé tpbotakemsn widatly basis;
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15  Thus, as the infrared radiation is directed through the measurement site, part of the
radiation will be absorbed or reflected by glucose in the blood fluid to an optic fibre
sensor. The amount of infrared radiation measured by the sensor is then used to
compute a glicose level. To eliminate error in this process, additional optic fibre
sensors may swrround the sensor and communicate the level of infrared radiation each

20  receives to the main sensor for inclusion in its computations.

The problems introduced by non-invasive blood glucose measurement systems are
many. In the case of the optical absorption technique described above, the problems

include:

- differences in the pressure applied by the optical fibres affect the blood

25 glicose measurement obtained. Accordingly, it is possible to obtain differing
blood glucose level measurements from the same measurement site at different

times. It is also pbssible for variations in sequential blood glucose
measurements to arise as a result of variations in pressure between the two

measurements;



times. It is also possible for variations in sequential blood glucose
measurenents to arise as a result of variations in pressure between
the two neasurenents; 2 The wavel engths used can be prone to soft
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determ ning blood fluid conposition such as glucose, while
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measurement is reliant on the number of differing wavelengths used to take the
measurement. While greater numbers of differing wavelengths improve such
15  accuracy, they do so at increased cost. The end result has seen a situation where
accuracy corresponding to that of invasive techniques has not been able to be obtained
through non-invasive measurement techniques based on the optical absorption

principle at a cost effective level.

It is thus an object of the present invention to develop a system capable of measuring
20 and determining blood fluid composition such as glucose, while ameliorating the
above-mentioned problems thereby attempting to achieve a balance between cost and

accuracy.
SUMMARY OF THE INVENTION

Throughout this document, unless otherwise indicated to the contrary, the phrase
25  “comprising”, “consisting of”, and the like, are to be construed as inclusive and not

~ exhaustive.
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15 Preferably, the at least one neural network implements a back propagation algorithm.

The number of nodes in the input layer preferably matches the number of
measurements in the plurality of measurements taken by the non-invasive measuring

unit. Further, preferably the hidden layer comprises at least four nodes.

A linear equation associated with each output node may be determined from a
20  controlled source prior to training of the at least one neural network. The linear
equation associated with each hidden node may be determined through automated

processes.

The output value for the hidden node can be a summation of weighted measurements.
The output value for the output node also can be a summation of weighted normalised

25  hidden node output values.

The adjustment to the weightings for each link between a hidden node and an output
node may be calculated with reference to an output gradient error. The output

grédient error can be calculated as follows:

4



processes. The output value for the hidden node can be a sumation of
wei ght ed neasurenents. The output value for the output node al so can
be a sunmmation of weighted normalised 25 hidden node output val ues.
The adjustnent to the weigh(dngs)ddr—mach |ink between a hi dden node
and an output node may be calculated with reference to an out put
gradient error. The output gradient error can be cal cul ated as
follows: 4 W&k = (tk - nk).nk. (1- nk) where: nk is the nornalised
out put value for output node k. tk is the target output value for

out put node k as determ ned by the linear 5 equation associated with
out put node k7 TrBe BB prb APl AlUelORRTIFHERME L f or each |ink bet ween
a hi dden node and an output node are cal cul ated according to the

the Tear ni ng. fiata el ReE Bt vk b ARREE AbE I st Rt g o Tk

out pus gr adi erRfuBioh@ksocheiDWith Bt ijkyiesent s the updated change in
wei ght. Awhoii, (p) represents the previous change in weight. 15

f(net) is the nonnalised output value for hidden node j. The

adj ust nedthetadjustreenid et weightidgsrioraash linknbettvetnwe biddan npdpend adetpaind

a hidden_ node a&g refer%%#% g@lgula ed with reference to a hidden
Bt ' ddeh

| ayer grZafefHE ed agfigr W gradient error is calcul ated
as foll ows:

Awho , (p+1) =1+ 6 f(nety) + m- Awho ;. (p)

where:
10 1 denotes the learning rate.
m denotes the momentum composition.
Or 1s the output gradient error.
Awhoj(p+1) represents the updated change in weight.
Awhoj(p) represents the previéus change in weight.
15 [f(nety) is the normalised output value for hidden node;.

The adjustment to the weightings for each link between an input node and a hidden
node are preferably calculated with reference to a hidden layer gradient error. The

hidden layer gradient error is calculated as follows:
Y

8 =(f(net).(L~ f (ner)))> &e.whow(p)
k=1

20 where:



YS = (f (neti).(1- f (neti)))E& .whoi k(p) k=1 20 where: 5 Y is the
total nunber of neurons in the output |ayer of the neural network
concerned. f(netj) is the normalised output value for hidden node 1]
5k is the out plits gieaigta Arumber @ﬁ.negrqmdplzcg@)oumbrl@@émféhq reural petarprk
wei ght for the Li (Petmeen t he hidden node j and the output node K.

The adj ust ment t6 the wei ghtings for each |link between an input node

and a hidden node nmay be calculated as follows: 4wih 1(p +1) =

gA . xi +1r AW hufsp) iskRe MhiedaBised dbutgBnRRSTHoE ARdELASAY;Ng rate. in denotes
t he momentum conposition. § is the hidden |ayer "gradient error. xi

is the value of input node i. 15 wi h,J(p+1l) represents the updated
change in wei ghts the wuipuygradliene@r@sent s t he previ ous change in wei ght.
The learning rate (q) and the nonentum paraneter (na) nay be
automatically adjusted during training. Preferably, the |earni ng .
eJ

rate q) is a WG jepres¢iss thengyarent oreight Ty, the dinly betvrenriberbiddgmno

paraneter (in)_li val ue Jin the range 0.8 to 0.9. 20 ldeally, the at
| east one neur%ﬁdsthe:?l\li\tg?%ogg%bri ses at | east one bias. The out put

val ue for the hidden node may be a summati on of wei ghted neasurenents
The adjustment to the weightings for each link between an input node and a hidden

node may be calculated as follows:
Awihi(p +1) = n.§.x: + mAwihi(p)
10 where:
1] denotes the learning rate.
m denotes the momentum composition.
0;1s the hidden layer gradient error.
x; is the value of input node i.
15 wihy(p+1) represents the updated change in weight.
wih;j(p) represents the previous change in weight.

The learning rate (1) and the momentum parameter (#) may be automatically adjusted
during training. Preferably, the learning rate (n) is a value in the range 0.01 to 0.1 and

the momentum parameter (m) is a value in the range 0.8 to 0.9.
20  Ideally, the at least one neural network comprises at least one bias.

The output value for the hidden node may be a summation of weighted measurements

-and at least one weighted input bias,



and at | east one weighted input bias. 6 The output value for the
out put node may al so be a summati on of weighted nornmalised hidden
node output values and at |east one weighted output bias. The

adj ust neThs &@pitheaei fhtthagsutmft eadch nayn klsb ebevee suemetion utfpueighieds

and an output node may_be cal cul ate ith referenge to,the output
gr adi ent Nefradised higidgn pgde ougpytypies an Wrwﬁﬁﬁnﬁgélggﬁ‘eﬁt%@q &ﬂals'owi ng
equation: Awhook=ri 6k where: Tj is the learning rate. Sk is the

out put gradi ent  error. 10 Th t t;. t t.put
val ue foﬁﬁ? TEHPBR R d e“’ﬁ§¥%g%%2§h]gémkg%?g?%fggﬁ'@&b?ﬁgﬁgéﬁFéﬁﬁng
equat i onpufpet akdeWhg HdKcaldatol widh. @fidteridertotthy oudfut Brllienivene: Ideally,
the total nunber of nodes in the hidden |ayer of the neural network
15 cohcetltiets itk useof the follovgng PAAEBDI i ed to the output bias for
out put node Jr. bok is the output bias for output node k. whojk is
the weighting applied to the |ink between hidden node j and out put
node k. 20 f(netj) &hﬂhﬁnngknalised out put val ue for hidden node j.
| deal ly, the at |east one neural network conprises a first neural
net wor k and second neural network, the first neural network
configured'g “Ss to pre-process the plurality

7 is the learning rate.
1 is the output gradient error.

10  The adjustment to be made to the output value for the output node (nefor) can be

determined by the following equation:

X
neto, = who yi - bor + Z who ;, -f (net ;)
=1

where:

X is the total number of nodes in the hidden layer of the neural network

15 concerned
whog is the weighting applied to the output bias for output node £.
boy is the output bias for output node £.

whoy is the weighting applied to the link between hidden node j and output
node k.

20 f{net;) is the normalised output value for hidden node ;.

Ideally, the at least one neural network comprises a first neural network and a second

neural network, the first neural network configured so as to pre-process the plurality

7



7 of neasurenents before passing the pre-processed neasurenents to
the second neural network for determ nation of an overall

measur enent of the conposition. The first and second neural networks
may bot h qumaéwﬁ@menbép@ﬁorp p@qsmgathc pre-priogesséd ingasireréngs tothe kecond neural
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measur eneitisn alpre@bteinlifie® virpbaHeemeR! 8haes ohrbF QY& th AR MEInTHRARY 4 Ng
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light emtted by each of the plurality of |aser diodes falls within
the range 1600nm to_1800nm Alternatively, the non-invasive
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The non-invasive measuring unit may comprise a plurality of laser diodes each
emitting light at a unique wavelength absorbable by the composition, the

measurements taken by each laser diode forming the plurality of measurements.

The composition to be measured is preferably blood glucose and the wavelength of
20  the light emitted by each of the plurality of laser diodes falls within the range 1600nm
to 1800nm.

Alternatively, the non-invasive measuring unit comprises at least one laser diode able
to emit light at varying wavelengths absorbable by the composition, the measurements
taken by the at least one laser diode at each of these varying wavelengths forming the

25  plurality of measurements.

The non-invasive measuring unit may further include a control laser diode which

emits light at a wavelength not absorbable by the composition.



The non-invasive neasuring unit may further include a control |aser
di ode which emts light at a wavel ength not absorbabl e by the
conposi tion. 8 In accordance with a further aspect of the invention,
there is Ia asoondetasr Wﬁéaﬁdﬁbﬂ@r aspati @rﬁmt}namwgtmedbm@a a h@npmnr-maddém

for receiy g Quraléd nmeasur e nts of. 05|t|on a
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overal | 5 measurenent of the conposition in the blood fluid

det er mi nedf. MBRIVEFMEESCH HR ONNOPSITIME abRkier Nogd THuid oiuchvihay annv‘eawli on
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conposition in the 10 blood fluid Figure 2 is a schematic of a first
neur al neﬁmﬂ(m@mmwfrﬁmw@sﬂm in Figure 1. Figure
3 is a series of glucose concentration graphs from which |inear
equations are nmanually determ ned for the purposes of training the
first neurtel follelingrikvasioahalirbel descrided kigiteteréhceld gl B11dwirgs drawings of
schematic of a second neural network formng part of the system shown
in Fi gur "MYFigure 5 is an isometric view of one version of a

non-i nvasi ve bl ood gl ucose neasurenent setup. 20 DETAI LED

emboal rerk 4P 1 iné SYRYER ‘70t pap sEth PRE RE SR Bhsioningpe o

fl ui do42.viddieflsiist em 10 conpri ses a non-invasi ve bl ood gl ucose
measurenent setup 12, a data collection nodule 14, a first neural

network 16 and a ) ) )
Figure 2 is a schematic of a first neural network forming part of the system shown in

Figure 1.

Figure 3 is a series of glucose concentration graphs from which linear equations are
manually determined for the purposes of training the first neural network as shown in

15  Figure 2.

Figure 4 is a schematic of a second neural network forming part of the system shown

m Figure 1.

Figure 5 is an isometric view of one version of a non-invasive blood glucose

measurement setup.
20 DETAILED DESCRIPTION OF THE INVENTION

Figure 1 illustrates the first embodiment of the system 10 for measuring blood glucose
in the blood fluid 42. The system 10 comprises a non-invasive blood glucose
measurement sefup 12, a data collection module 14, a first neural network 16 and a
second neural network 18. In the context of the invention blood fluid is composed of
25  blood cells suspended in a liquid called blood plasma. Plasma, which comprises 55%
of blood fluid, is mostly water (about 90%), and contains dissolved proteins, glucose,
mineral jons, hormones, carbon dioxide, platelets and blood cells themselves. The

9



second neural network 18. In the context of the invention blood fluid
is conposed of 25 blood cells suspended in a liquid called bl ood

pl asma. Plasma, which conprises 55% of blood fluid, is nostly water
(about 99Gd celird pessattaimdlatids sod wednlyr mleblosd ¢llac@dw, calidgdn@B&ls Pons,

h , b di oxi de,. .pl d bl ood | o
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| eukocytes an ets (also called thronmbocytés). Blood fluid is
t he mai nwitlsidivertetrates gxarae tTheyplgrdotiuid mayr enspaontedtin oy thipegh gnail or it

vertsbrates in vivqg. The bl ogd qui.ﬂ ma% e neasured in situ through
a naPl dPay pe eHTage] and MERRTEL I CUNGAMEAY

ed in a capillary in
vitro. The non-invasive bl ood glucose neasurenent setup 12 conprises

a sourcep fo(h-i%iasi@e LISGA ?ﬁﬂ:%e leSGirafle@ignd 196l8GirREs disstcdBisc Phea

sel ect or 'di'sc I's” posi i oned between the” source disc 22 and the
det ect orsethcas d26.24 Ehe ardetecionvisi 2 Theretbciiruiiodd inpasitipesddrtwessdhep
12 is shown in Figure 5. 10 Sour jsc 22 has sjx.laser diodes
at t achedSOURErdIc2 apddhe stegigidise ggoﬂhgn%ngflagve ﬁjr‘?f’fitgi“?ﬂc’?e %%Sgé%neégout
the ci rgg.éfqr?efzﬁgggo‘%i&ﬁgu&cggrce disc 22. Each laser diode 28 s

I the

oriente sane direction as each other |aser diode 28. Each
| aser diode 28 is configured to enmt a single infrared wavel ength in
t he ranggowte dit6Q0 Mas kix 1282ATHMdesNiS dttehed therle IReesin taseradiodesfiBaared

wavel ength _identical to that 15 of any_ other l|lasef diode 28..

Sel ect or Ulﬁf%’%? spaced F@“éf%?‘?uﬁwc%ﬁ{@e §gu cggf‘s&?tzo ?é?fgg%seﬁimﬁ%sz 8an
apertureis%%ieﬁtfefi%ﬁhes Q%R A%ach BitePiaSer@oiers. When rotated, the
aperture In the selector disc 24 allows the infrared beamenmtted

by each of the laser diodes 28 to pass therethrough. The aperture 32
i s si zedEsdiclhser ldatdeds! iy comfgrirad taemi atvirgle erfiaredevatslength iste reigsdd 28

20 th t t tine. . i y t
"n the [ 1ot (Hobia e BeratiegPs i on ievaet SruE e aragtaab g
secuf4 NgofRAbihdradeh iR d87ROdI ment .

Selector disc 24 is rotatable about axle 38. Selector disc 24 has an aperture 32 offset
from axle 38. In this manner, when rotated, the aperture 32 in the selector disc 24
allows the infrared beam emitted by each of the laser diodes 28 to pass therethrough.
The aperture 32 is sized such that only one infrared beam emitted by a laser diode 28
20  can pass therethrough at any one time. A securing means (not shown in the figure)
maintains the position of the selector disc 24. The securing means in this embodiment
takes the form of a releasable clip. Thus when the clip engages the selector disc 24,
the selector disc 24 can not rotate, but when the clip is released from the selector disc

24, the selector disc 24 is free to rotate about axle 38.

25  The detector disc 26 has six fibre optic heads 34 mounted thereon. The fibre optic
heads 34 are arranged in an identical fashion to the laser diodes 28. This allows for
axial alignment between each fibre optic head 34 with its corresponding laser diode
28 To elaborate, fibre optic head 34a is axially aligned to laser diode 28a, fibre optic
head 34b is axially aligned to laser diode 28b, and so on.
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takes the formof a releasable clip. Thus when the clip engages the
selector disc 24, the selector disc 24 can not rotate, but when the
clipis released fromthe selector disc 24, the selector disc 24 is
free to Foerhfibreapsisgtheak B4 is38 dasconreuniestent with thesleta2®llhatsonsinadle bt.e

tic h 4 ted t . .The fib tic. ds.
arr anged 7% Bt FUERETCRPOTRIR M Fm e B o GE b RSt A e
for axi abtvalrkgngentrigefieeuedachetidk e10nt i & ReadiB4matBetidngl data
correspondi ng | aser diode 28 To el aborate, fibre optic head 34a is

axi al |y apingiadration mideihe deead 128l metviorrls I8ptlinchisiesanipB4the Srshxewh] y

aligned to | aser. di ode 28h d s n,,. ch fi,bre optic head i's
M data ComAReDrBl S Rit e d OoonPaei RS Thaureehaibunfls 438,
col | ect i amermsiitligyet4 00ohslst WTRIK Mpdeheur6AMOH) EadH PPutvhdRod 66 fid nst
neural network 16. The first neural network 16 is in turn_in

uni - di r eSPTEHEECAHAR Fithcepsknividdeatnegroil 04 in He hiddeanlayerel2al Eadt hiddsa

18. In thi . i I # onpri i pput
Fayer 1007 g PR B phl G 8l (L Eh B AR b BRI 3% e

| ayer 10@ddioins| thete Bfa Biax iripm_utlzriﬁwheriﬁplﬁﬂﬁyerﬁjﬁomnﬁrtﬁﬁg i Ulllq)m o i s
102, TRacH e by Fun it potedieSirie Shhdanae BibkeR Sutpyt
neuron 110 in the output layer 104. In addition, there is a bias

i nput 112+ ' r ' j t 4 .hi .t [ n
| ayer 1031 TR AR wplsBHE R 8 (i BEs B} ol BBHY 20b) & pilae ekl SEE S

at +1. The csemoigyen@odal Theehpoy lkydB8200 kphsitest 8k inpituiedranse206208acta
hi dden | ayer 202, and. an output |ayer_ 204. The input |ayer 200
consi st s Tt ey g fogHaueRionEwEh earh Fifdendigienm 2961 the pidden

COMMUNI C@yiePROM ERHERG MR IRMNR Rurd UnhddtddNS Y %gfgutgh@ﬂ&&o@%

L
Each hiddén neuron 208 is in turn connected to the ut put neuron
210 1% | in theeowpueipayer| 2¢e rin2@ditiolnn thzedelist 4 bias ingve 282iis tlee mipat layep0

205 T SAPI8Lrh P T BE iadt Rl 20 SRS b it % M Ge

+1. initially set at +1.

The connections between each input neuron 206 and each hidden neuron 208 is
weighted . As shown in the accompanying figures and equations, this weighting is
20  designated wih; with i representative of the input neuron 206 connected and j

representative of the hidden neuron 208 connected.

The invention will now be described in the context of its operation. Additional
features necessary to the operation of the system 10 may also be introduced in the

context of the following example.

25 A set of forty (40) glucose solutions each having a known concentration of gluéose n
water are prepared. The glucose concentration between each solution differs. Each
glucose solution, in turn, is irradiated by each of the laser diodes 28. This creates a

set of laser diode measurements for each glucose solution.
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The connections between each i nput neuron 206 and each hi dden neuron
208 is weighted . As shown in the acconpanying figures and
equations, this weighting is 20 designated wild with i

r epr esenpaté ERediold erchfiptihemie Ui bedf Galcmnioe all ek gindoge solutions, the set
representative of the_hidden neuron 208 connected. The inventi ?rtlt ﬁ" |
now be dekBeppmEemens taken by atleser digfle farceagh glusepeosprcapfERtion shizen plotte
feat ures_nec ' ; ; 0 8RYretlesP BEth

i nt roducg{g%i %gﬁkﬁéygfgg%%eexﬁl 9%}?{&?%%9%8?{ })a\%\n&ﬁ%lﬁgignp gé:- 125 E\ seet of ©
forty (46)ntgtiucdies sginuile,orpreeatitiveagraplys arckprodncedomdesrtangidsort sfch

gl ucose in ter are prepared, The gl ucose concentration between
each %ol ETaPBﬁm?QIifP‘Frelﬁ%e.r d%ﬁﬂeéb‘m‘%%ﬁ%ﬁﬁ'i on, in turn, is irradiated
by each of the |l aser diodes 28. This creates a set of |aser diode

f h_gl ion. .1 e »
roasur onent et e Bl dn Bt R ARh h ke GRG0 £ R Lhest 1,

of neasupgeBMdnt adden Dhe Bndadegiiatidinodprekaited dg thgl linos€ beshrfteris thani on
is then plotted on a graph of glucose concentration versus | aser
di ode voFtlggatede®s reehreiaph. | Ahe Hesulc npeset obSit hngare gyifHpRs which are

represe n}&fo%ﬁfeg ag%ﬁ&'é%a@a[]c%\ll\lg&?ﬁ 1804 gﬁ%@% E5inRl A Al néng{rﬁigxﬂ&ﬂ or

four | aser s are s I gure manual “review i s

undei® aké6. i n respect of each graph and a "line of best fit"
assessnment made. The |inear equation represented by the "line of best
fit" is then_ calculated for each graph. The result is, a set qf siXx
li near eduarienty WaincHheap@raly eiwptkdd anwPerFon He atequestid é‘bﬁ’faﬁﬁ%wg?f e

14 for U?ﬁﬁéﬁaﬁ riﬁ‘itgeif \?\%}c}(ﬂs‘ﬁelﬂeﬁéﬁ b@ﬁtﬂ%%kle%& Walckog %@d e adr&btOF @8¢ 260

train the fieural n a pers I'S request to place his/her
f i nger naidnce nhé fiegeragil dnsadplacets anapetnjort (net skadvert wieastissbe 2Up dredn thee

e et O ot 20 A I P SH B PP T R
t henis ot &t 8§-ake aBehREH GFitifine Wedifed! B hbinkiiéh 8PREEUIBdS848 lagid fibre optic
head 34. Once properly aligned, the laser diode 28 is activated so as to emit an
infrared beam at the fingernail. The portion of the infrared beam not absorbed by
glucose in the person’s blood fluid is subsequently detected by the co-axially aligned
~ fibre optic head 34. The fibre optic head 34 then provides a measurement reflective

20  ofthe amount of infrared light received by it to the data collection module 14.

Once an infrared light measurement has been received by the data collection module
14 for the particular laser diode 28, the selector disc 24 is manipulated such that
infrared light measurement for another laser diode 28 can be received. This process

repeats until infrared light measurements have been received for each laser diode 28.

25  The whole process is repeated on the person at regular intervals a further fifty-nine
times until a training set of sixty measurements are obtained. Each element of the
training set comprises a set of six infrared light measurements. Each such infrared
light measurement relates to a laser diode 28. To ensure that the training set does not
include elements having substantially identical infrared light measurements, the

30 person is required to consume a liquid that raises the blood glucose level over time

prior to initiating the process that establishes the training set.
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15 in co-axial alignment wth the desired conbination of |aser diode
28 and fibre optic head 34. Once properly aligned, the |aser diode
28 is activated so as to emt an infrared beamat the fingernail.
The port Bons of sdt héencimak dibddegmase meabgembridfobyachgdlemas e f il trdising
person's bl ooglfl uid is subsequently detected bégt he co-axi al l% :

al i gned 5% B ESofAMG tHa Hhas feapppments, @reolaiet UBgdiIs ArEasYoblegds a
reasur e”@ﬁ"cokeiﬂeﬁﬁir&lﬁl@nt g&ulﬁfl% Qﬁ?%{ﬁ‘%zﬁh%‘iw Bisb aagh hbi&l@lt arl ﬁz%bﬂr%d

by it to"the data collectio ce an infrared | ght

measur entashnifjas  betbis endeclimed, thy ittesivddechnipiel ivadlvesrpriviichg the fifigerfodt
the parti.cul ar | aser diode 28, the selector disc i.s manj pul at ed
SUch S hat!® PFPL ARG Teg iR UP e R ADUTIGHS P8V IaE P250Ean
be recei ygfed iR R.0088S sik§PERISpIHAG ivRsiy@ bR dl d188sc TRASHERRBRL S
have been received for each l'aser diode 28. 25 The Wwhol e process is
r epeat edfom thhwepleation sett regul ar intervals a further fifty-nine
times until a training set of sixty neasurenents are obtained. Each
element of the, trajning set conprises a set of six infrared |ight
measur er entiened Abayion i tiped 8ot BRASURERGT Bk R BpdTauung getand
llaser di gdgrzBon TRt &S Ll:ro?mlfiﬁlﬁéat%@@o _ttﬁ@:d‘étapgoﬁ&ttioﬁloﬁx%%ﬂgt 14.1 NEhdIg8ta

el ements having substantially identical infrared |ight neasurenents,
the 30 peoliastion snadatpul4 sunipolatenthe mistascont ayedddint brdh theairsismgtsebaiyl thed

gl ucose | evel ..over, .tine prior i nitjati th r.ocess .t.hat
Ostabl | sHEL R e tp iy BanMedsiagsle dd (e bal S BB e Pt R gagoese
gl ucose e aspasENt for each elenent of the training set, at the
sanme tinme that nmeasurenents are taken using the non-invasive bl ood
gl ucose neasurenment setup 12, neasurenents are al so taken using an

i nvasi ve t@chnidmelenent fringhetrhiotigrentAndt he i nvasi ve techni que
i nvol ves pricking the finger of 5 the person and neasuring the bl ood

so obtained.as would be known to a person. skilled in the art. These
sixty corr e(élgon tﬁw‘é’qeﬁ%@%ﬁﬂp%dn %‘@Bgéa%ég%’r ements formthe
verification set. As nentioned above, the blood glucose neasurenents
that 1§ or @ {i\€edahH& By P&brdMS of the training database 44 are chosen at random and

marked as training samples. The remaining twenty records are marked as testing

samples.

The records 46 marked as training samples are then used to train the first neural
network 16. Training of the first neural network 16 will be described with reference

20  to Figure 2, where:
x; Tepresents the light measurement value representative of the i nput node.

wihy; represents the weight of the relationship between input node i and hidden
node j. The weighting of the relationship between the bias node bl and each
hidden node is designated wihy;.

25 bh; represents the bias of hidden node ;.
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verification set are communicated to the data collection nodul e 14.
The data 10 collection nodule 14 mani pul ates the data contained in
both the training set and the verification set to forma training

dat abase 44 whBackpresuty thet@veight tafehe relativnshipdhetaives didded mwolkpr askes”
(i) An elenen romthe,trai.ning set. And (ii), lts correspondi.ng

6l brront 1 - CREG BROR o e oReiEi S8he sRfbhinaPu B CRRRE D and a6
of the trai RhdlowpitaRas R itdestiRitcdnPgRN at random and marked as

trai ning sanples. The remaining twenty records are marked as testing
sanpl es. The records 46 nmarked as training sanples are then used to
train the fibosteprsentathe hist witthé k4 6utplirmideing of the first neural
network 16 will be described with reference 20 to Figure 2, where:

X; represents the |ight measurenment value representative of the nth

i nput 2node. Yviichjesepiieguneessadiishimeghuementivabierreprasantaiyiiop thet st

i nput node i and hidden node j. The weighting of the relationship
bet ween t he Bi ds node bhj and each hidden node j is designated

wi hoj. 25 bhj represents the bias of hidden node j. 13 who k

r epr esent Bhdsh AoteEbHYenin ERistéh &t ihe &@1&3%?%&3@@ RicEEeDr HRGRst nednd
W  output node n. The weighting of the re atlonsﬁlp bet ween the bias
node bok Rahdorkeslkinh syepiss thro@dowingsstepssi gnat ed whool, bok represents
the bias of the kmoutput node n. 5 yl represents the processed |ight

measur enent .val ue representative of the ith out.put node. These ..
not ati ons réngﬁﬁl &6 ]ltSYlaﬁﬁ:t g?ﬂwﬁﬁ’ea’?d([ﬂvﬁm Kg Wgﬁ&imeﬁgqﬂli‘eocé%@alfﬁm? he
firstioneural  REEWS idkoMUs@RsiEANE |la88ddrh @uinBkd BVWh8 9arpeeDS: to +0.5 to each

weight value.

For this example, the weight values after initialization are as follows:

wihg; =-0.1954 wihp; =-0.2278 wihsy = 0.3462 wihg; = 0.3318
Wihoz =-0.3103 Wihzz =-0.3012 Wﬂ')42 =(,0252 Wihsz =(),0028
wihps =-0.3066 wihys =-0.4847 wihysz =-0.2974 wihgz =0.2095
Wiho4 =0.1822 Wﬂ’l_7_4 =(),2468 W1h44 =(.1721 Wﬂil64 =-0.0711
Wihu =.0.3611 Wih31 =-(0,0549 Wih51 =0.3381

wihyp =-0.2972 wihzy =0.4318 wihsy =-0.4804

wih;3=-0.3013 wihs3=-0.0340 wihs3=0.1813

wih;4=0.1038 wihs4=-0.0814 wihss=-0.1205

whog1 =0.0466

Wh021 =0.3537

whog; = 0.2271

whogz =-0.0551

WhOzz =0.0936

who4z =-0.1907

WhOog =(.1946

who,3=-0.0034

who43 =0.3385

whog4=0.1213

whoo4=0.3998

Wh044 =0.0681

WhOos =0.2948

whozs=0.3216

who4s5=-0.1296

whogs=-0.4568

Wh025 =(),1449

Wh045 =0.2027

who11=-0.1972

Wh031 =(.3180

who 12 =(,0417

Wh032 =(},1602

whoi3 =-0.3491

Wh033 =-0.1580

who 14 =(,1979

whos34=-0.2103

who15=-0.1216

who35=-0,1588

WhO 16 =0.3600

who36=0.0341
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1. Each weight value (ie. wihj, and who k) is initialized. The
initialization 10 process involves assigning a random nunber in the
range -0.5 to +0.5 to each weight value. For this exanple, the

wei ght val ueEashbes valne bhandzdet, acrseatoel.as fol | ows: w hol =-0.1954

wi h21=-0. 2278 wi h41= 0.3462 wi 1161= 0.3318 w ho2 =-0.3103 wi h22
=-0.3012 wi 1142 =0. 0252 wi h62 =0.0028 w h03 =-0.3066 w h23 =-0.4847
wi h43 =- 0. JBrigexdngewilbnow gentinetiviteiasne nishwiew 334680 h44=0. 1721
wlh64=-0.0711 w hil =-0.3611 wi h31=-0.0549 | w h51=0.3381 wi h12
=-0.2972 wi h3z =0.4318 2 =-0.4804, Wi, h13 =-0. 301 33 =-0.0340
wi h53 =0. 1813 wi h¥4~z %\é\ti 8 wi h32-20818814 wi n&a~= Jﬁﬁﬁg

who01=0. 0466 Who2130-3§8720\041= Q.22bgs9h002=- . QS@ngMoZz 0. 0936
who4z=-0.1907 who03=0.1946 who23=-0.0034 -who43 =0.338 who04=0.1213
who24=0. 3998 who44=0. 0681 who05=0.2948 who25= 0. 3216 who45=-0.1296
who065- 0. 45p%sehaRes Bavlet §&nbintdied. o’fﬂaﬁaermmm;g (o1 12 4% ghﬂqwllt@elmo

who 12 =0.0417 who32 =0. 1602 \/¥10 13 =- o3g§:-0 %29 vx/no 14
=0. 1979 who335=Furthergthe qquations 1op sqtéing t%ﬁets 5. (585 eah &1 udee 4
who36= 0.03%11%3:2. Each bi as val ue bh and bok are set to 1.
t; =-0.0129x%; + 0.3996
10 ty = -0.0130x, + 0.5072
t3 = -0.0380%; + 0.8920

t4 =-0.0159x4 + 0.4271

15
ts = -0.0079x5 + 0.5377
te =-0.0264x¢ + 0.6863
Using these equations the target values t; for each x; value in this iteration of the
first neural network is as follows:
20 t;=0.410 t,=0.510 t3; =0.920
ty = 0.440 ts = 0.540 t¢=0.700
3. The output value net; for each hidden neuron j is calculated according to the
following equation:
6
net; =wihy; - by +Zwihijxi
i=1
25 In this example, the resulting net; values are as follows:

net;=-0.3646 net,= -0.2075 net;=0.1466 nety~0.0371
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This exanple will now continue with reference to x1 val ues as
follows: x1= -0.8096 2(2 = -0.2140 x3 = -0.7366 x4 = -0.8120 x5 =
-0.2866 x6 = -0.5204 5 These val ues have been obtained off a person
having a bUoae Bl tueoaemativel toodbtain. aYfuerfFuntie Theftres oot iscaigired fin
setting target val ues %télfoﬁ each x; .value are as follows: t1 =
-0.0129x1 + oacgoyuceryth shefollovipmgustion g 5072 t3 = -0.0380x3 +
0.8920 t4 = -0.0159%x4 + 0.4271 15 t5 = -0.0079x5 + 0.5377 t6 =
-0.0264x6 + 0.6863 Using these equgtions the target values t; for
each x; value in this itfe¢tai-op—ef—the- first neural network is as
follows: 20 ti=0.410 t2=0.510 tB=0(¥FH) t4 = 0.440 t5 = 0.540 t6 =
0.700 3. The output value nctj for each hidden neuron j is calcul ated
according to the follow ng equation: nett =w hpj bh, +w h, 11x; In
I

2
this exanpl e, Thare@stlucs fapsrescomed pusiicndhazangs O ws: 1 il ?@1’%??%646 |
net 2= '0'2075?%2@§§9$§¢%§?Q%%§ﬁ$?9971 15 4. netj is then nornalised

to obstainaf netj) value is attained in
accordance with the follow ng equation: f(net) _ 1

[net)=0.4099 fnety)=0.4483
Anet;)=0.5366 Anety)=0.5093

5. The output value neto; for output neuron 1y is then computed according to the

following equation:

4
10 neto, = who yk - bor + Z who , -f (net ;)
, =

This produces the following neto; values:

neto; = 0.4106 netoy = -0.0072 netos = 0.1376
netoys = 0.3035 netos = 0.2379 netog = -0.1288

6. The value of netoy, is thereafter normalised to obtain a n; value. Ng is computed

15 to a value between 0 and 1 according to the following equation:

1
= 1+ exp(—neto,,)

The resulting values are thus:
n; = 0.6012 ny = 0.4982 nz = 0.5343

ne= 0.5753 ns = 0.5592 ng = 0.4693
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l+exp(-nett) The f(netj) values thus becones a value in the range 0O
to 1. In this exanple, 5 thef(netj) values are as follows:
f(netj)=0.4099 f(net2)=0.4483 f(net3)=0.5366 f(net4)=0.5093 5. The
out put  val e Orebdke hewrabudtpotk orgputon inkbiagethdie cibmmb erastieni 6EOF 8t 5 t o

the following eguation: 4 10 netok = who Ok Bok+E whoj k.- f )

i | This pr odﬂl‘?eig PEU %?W?R/\Amn%&ﬂ]étt %KefxﬂﬁlCBE&’Pteﬁe%CS‘lrd?co{.°4T8§°1ﬁnd§f%g =
-0. 0072 net 03quMioa376 net04 = 0.3035 net05 = 0.2379 neto6 = -0.1288
6. The val ue o?u netok is thereafter normalised to obtain a nk val ue.
Nk is computed 15 to a value between 0 and 1 according to the
follow ng equation: 1+expf@anehdl).(1-Im@ resulting values are thus: of
= 0.6012 n2 = 0.4982 n3 = 0.5343 n4 = 0.5753 n5 = 0.5592 n6 = 0.4693
16 7. Once the neural network output nk is obtained, the out put

gr adignt er r oThikrefudts in theelh ke Wing output radént emoi @yowlysst | ayer is
conput ed according to the followng equation: Sk = (tk - nk).77k. (1
-77k) 5 This results in the foll ow n% out put gradi ent egror (8k)

val ues: 81 = -0.04%8=59.045%. 0030 83=H.¢03§960 03 =0.0960

04=-0.0331 05 =-0.0047 6s=0.0574

8. The output gradient error & is also required to compute the hidden layer
gradient error 8; to be used in the current iteration of the first neural network.

10 ‘This is calculated by the following equation:

5j= (f (ne).A—f (l’letj)))z Oe.who(p)

where:

whoj(p) represents the whoy, value used in the current iteration of the

15 first neural network.
This produces the following set of values:
61 =-0.0023
6, =-0.0056
63 =-0.0049

20 6 4=0.0079
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S4=-0.0331 S.5=-0.0047 S6=0.0574 8. The output gradient error 5k is
al so required to conpute the hidden |ayer gradient error Si to be
used in the current iteration of the first neural network. 10 This
i s cal cul at®dThy oubm:t fgrhdiomi agorefuat feqnired to ' djnpste tHengahye (d weight
-f(netj))) & %o} k(E)) k=1 where: whojk(p) represents the whoJL val ue
used in the cutWet 19 berused dn the neeiteratort pof she fusireguralatohwetk. Thiss

produces the ' ; = -0.0023 S 2 =-0.0056 S
3 = -0.0049 %@Aﬂg@% ghq%ﬁ%%‘}ggi%a‘%ﬂg‘%lﬁlg egé?%ourf' gradient error 5k is
required to conpute the change in weight AwhoJk to be used in the

next iteration of the fiﬁﬁﬁoj/%ﬂg?!=ofﬂ?&v\?(fﬁﬁ)Imﬁkwhg?k@?e S

cal cul ated by the follow ng
Aw7zoJdr (p+1)=r1l.f(neti)+nzAwho, x(P) 5 where: il denotes the | earning
rate.sin deno o4 he monentum conposi tion. Awhoj k(p+1) represents the

updated change i n weight. Aw zoJk(p) represents the previous change

in weight. 10 This produces the follow ng set of values:
n denotes the learning rate.
m denotes the momentum composition.
Awhoj(p+1) represents the updated change in weight.
Awhoj(p) represents the previous change in weight.
10 This produces the following set of values:
Awho1:=-0.0019 | Awho,;=-0.0021 | Awho3;=-0.0025 | Awho4;=-0.0023
AW11012=0.0001 AWh022=0.0001 AWhOs_'z:0.000Z AWhO42=0.0002
Awho13=0.0039 Awho,3=0.0043 Awho33=0.0051 Awho43=0.0049
Awho14=-0.0014 | Awho24=-0.0015 | Awho34=-0.0018 | Awhos=-0.0017
Awho5=-0.0002 | Awho25=-0.0002 | Awho3s=-0.0003 | Awho4s=-0.0002
Awho16=0.0024 | Awho6=0.0026 | Awho36=0.0031 Awho46=0.0029
It is noted that this formula is a recursive function. In order to facilitate this
recursive function, each whoy value is stored in an array for reference by
future iterations of the first neural network.
The terms 1 and m, will be used throughout the remainder of this specification
15 to denote the learning rate and momentum composition, respectively.

10. The weightings of the output bias values whop are then revised by first

determining the correction values according to the following formula:
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Awhoi m=- 0. 0019 Awho021=0. 0021 Awho31=-0. 0025 Awho41=-0.0023
Awho12=0. 0001 Awho22=0. 0001 Awh032=0. 0002 Awho42=0. 0002
Awho013=0, 0039 Awh023=0. 0043 Awl11033=0. 0051 Awho43=0. 0049
Awhol14=-0. 0014 Amh@%;o-okQ_.TgngS Awho34=-0. 0018 1 Awho44=-0 0017
Awhoi 5=0. 0002 Awho25- 0. 0002 Awh035=- 0. 0003 Awho045=0. 0002
Awho016=0. 0024 Awh026=0. 0026 Awh036=0. 0031 Awho046=0. 0029 It
that this forTh sesilsing coeectioni wabuek arect i on.
this recursive function, each whofk value is stored in an array for
reference by future iterations of the first neural network. The
terms 11 and in, wAWhdoe=u8846 hr dughrout G0R93r e} wiltess =009 s
specification 15 to denote the |earning rate and nonentum

conposi tion, respeatjyugl %0033 The\ wej,ghto.oass of Akope@OO5STI as

val ues whook are then revised by first determning the correction
val ues according to the followi ng formula: 18 Awhook=nl . Sk The
resul3ing clr Heeipaalouddtetes; arietheAvtoegble=o -@lddl46 thnnor2tion Falpen Hr
Awhoo3 = 0. 0096 AwlZgo? = -0. ?033 Awhog5 =-0.0005 Awhoo6 = 0.0057 5
11. Having cat¥uitsingdhsfollowing il nossibl e to cal cul ate the
correction values for whl using the following fornmula: Aw hu(p + 1)

= r7.& . x, +mAwi ng(p), .Aw h1d=0_@aQe i 123=0. 0005 Awi h41=0. 0004
Awi h53=- 0. 0006 Aw@ﬁf’@gé’.hléoo”%%ﬁﬁé\%%g& Awi h42=0. 0001
Awi h54=-0. 0002 Awi h13=0. 0002 Awi h31=0. 0004 Awi h43=0. 0004

i s noted
In order to facilitate

Awi h61=-0. 0006 Awr tT114=00p02_ AW M32=0.0005_ Aw h44=0. 0004

AW h62=- 0. 0008 wilaw20008. 0pOWilawrhAN50. 0dorhaT 8940, (Ayihs:=-0.0006

Awi h63=- 0. 0062 :
Awihp=0.0000 | Awihp=0.0001 | Awihg=0.0001 | Awihss=-0.0002
Awih;z=0.0002 | Awihs;=0.0004 | Awihg;=0.0004 | Awihg=-0.0006
Awih=0.0002 | Awihs;=0.0005 | Awihss=0.0004 | Awihg=-0.0006
Awihy=0.0001 | Awihs3=0.0002 | Awihs;=0.0001 | Awihgs=-0.0002
Awihy=0.0001 | Awihss=0.0003 | Awihs;=0.0003 | Awihe=-0.0004

As this is also a recursive function, each wih; value is stored in an array for

reference by future iterations of the first neural network 16.

10 12. The bias weighting correction values wikg are then determined using the

following formula:
Awihgi=m . §;
The resulting correction values are:

Awihg;=-0.0006
A wihp,=0.0008

Awihg;=-0.0002
15 ’ ) A Wl'h03=-0.0005

13. With the correction values determined, the weightings whoy are updated

according to the following formula:
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Awi h22=0. 0001 Awi h34=0. 0003 Awi hs2=0. 0003 Awi h64=-0.0004 As this is
al so a recursive function, each wiht~ value is stored in an array for
reference by future iterations of the first neural network 16. 10 12.
The bias wei ghting cdioréetHlbn whak (@s+ divkd parld t hen det er ni ned usi ng
the followng formula: Aw hol =l bi The resulting correction val ues
are: Aw hol =-0.0002 Aw ho2=-0.0006 15 Aw ho3=-0.0005 Awi ho4=0. 0008
13. Wth the cdhiscarpianm alsp eppdicgéa tebiasarkizhting wedyeghthupmesuliingfin 2 aew

updat ed accor gj J lawi.ng forrmula: 19 whojk(p +1) = WQg k
(p) +Awholk(p g"it)q’qi‘he?%&lggﬁéﬁ%lﬁw& so applies to the bias weighting
val ues, thus resulting in a new set of weightings as foll ows:
Wwho01=0. 0420 who2 T5{35b040004 1 wilo £ 48 518002, 75,0= 978 g Wi 1022 =0.
9937 WL1049=0. 1905 ALl mgguz}z ' o"é@" CQ%‘Z 0609 dlmgf‘b?lgos. 3434
-WL1004 =0- 1180 whHoZ#=¢ 3 wh%”:_ OB e A—whoos—=0-2043-who25 =
0.3214 who45 =0. 12880uFLIE o1bex =000 " | Whems=QA4%E —q. 2056
wholl=-0.1991 who3P9oiEl R o1 bwhop AR A8A 032 -whonend. 066013 =- 0. 3452
Ww11033 =-0.1529 whtpas=tP.AYE5 whoBass=00.321  |wikp415-0-12981218 wh035
=-0. 1591 whogs=-0.4511 who26=0.1475 whoae =0.2056
who1;=-0.1991 whos; =0.3155
Wholz =0.0418 Wh032 =(,1604
whoi3 =-0.3452 who33=-0.1529
who14=0.1965 whos;=-0.2121
Wh015 =-0,1218 Wh035 =.0.1591
who16=0.3624 who36=0.0372
14.In an almost identical manner, the weightings wihy are updated according to
5 the following formula:
wihi(p +1) = wihy (p) + Awikip +1)
This equation also applies to the bias weighting values, thus resulting in a new
set of weightings as follows:
10
wihp; =-0.1956 wihp =-0.2278 wihyg; = 0.3464 wihg; = 0.3319
wihgp =-0.3109 wihy, =-0.3011 wihgz =0.0257 wihg; =0.0031
Wiho3 =-0.3071 Wﬂ’lzg, %—0.4846 Wih43 =-(0.2970 Wih53 =(.2098
wihps =0.1830 wihps =0.2466 wihys =0.1715 wihgs =-0.0715
Wihu =-0.3609 Wih31 =-0.0547 Wihsl =0.3382
wihy, =-0.2967 wihsy =0.4322 wihsy =-0.4802
Wihlg =-0.3009 Wih33 =-0.0336 Wih53 =0.1814
wih;4=0.1032 wihzs =-0.0820 wihss =-0.1207

Processing then commences again at step 3 with a new set of x; values taken from the

training set.
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WL1016=0. 3624 who36 =0.0372 14. In an al nost identical manner, the
wei ghtings wi hu are updated according to 5 the follow ng fornul a:
1446(p +1) = n hsu (p) +(c)tviha(p +1) This equation also applies to
t he bi asThiebaittisn@nitaddgesih 4 vakies exkish tiiongthie mra?mhlr@wt bsiag uetd ewtegised ngs
as follows: 10 wi h01=-0.1956 WI é@ =-0.2278 wi h41l = 0. 3464. 'th%:
0.3310 A isdccunfilangh e ohe @yl ToH SR GIO5 S e ALY, (Soaran

w ho3 —'(ng(gg lr)ﬁﬁé%g&ofh% iggégnﬁ Qﬁgt se &alztﬁg 2N E8teriod098

wi bo4=0.1 15 w h64=-0.0715 w h11=-0.3609
wi h31=-0. 0547 wi h51=0. 3382 wi h12= 0. 2967 w h32=0.4322 w h52=-0. 4802

Wi h13=- 003808 e \Hrit 3B mralnélR36c WisBeda Gradfdd dihe Weddhd netkallfd@ot is31thined in
=-0. 0820 w hs4 =0. 1207 Processing _then comences agai n at ep 3 vmth

a new sean tsfentical \fashiess Witk ie $5cgRtiem Ehat thep A ﬁ@lys@’te OlﬁBUtT‘Pﬁ Bro
t t I
(r:gnu!sggessu%\n %ggsc%ﬁ)ﬁgn L(’)??he S@%ﬁ&tsﬁr Oﬂ@eﬁ&fﬁ) &91}1'1169 ?ec%ﬁ& RGN el VHH

unt mean square error of
t he systgmbeSrdpesisd thbn Oﬁc@ﬁ@&edTml @ﬁj)\htylayetrmaéuels scahtudzed byl thé et
several thousands of iterations. eur al , net wor k has

e the fi
been t r aheved nepwiarkgaevied ap Hisraralngs g%lﬂp@ﬁ%mf‘{ X5 an i denti cal
fashi on with the exception that there is only one output node nl. As

such, esc ion,of, t e
our al - ndns PRl Sl BRETER R AATEREIRE Balfil Pod i 5REORTs o
| ayero vakue® isabsied atieg thyvilhes Eontsined fe theaverifettion Isetarh“ ths egsteim 4she

Xx; values for the_second neural_ networ
tested using the verification set shows \s,\f)gml%cant error, then the system is retrained

using a new training set more representative of the verification set.

A second embodiment of the system 10 for analysing measurements of a composition

" of a blood fluid, where like numerals reference like parts, will now be described. The

15  system 10 comprises a data collection module 14, a first neural network 16 and a
second neural network 18. The invention will now be described in the context of
analysing measurements of blood glucose level in the blood fluid with the objective of
determining an overall measurement of the composition in the blood fluid. Additional
features necessary to the operation of the system 10 may also be introduced in the

20  context of the following example.
The data collection module 14 is configured to receive the following information.

a. A set of sixty non-invasive blood glucose measurements obtainable via any non-
invasive blood glucose measurements means. The set of sixty non-invasive blood

glucose measurements forms the training sef.

25  b. A set of linear equations. Fach linear equation depicts the relationship between
varying level of blood glucose solutions and the unit of measurement of the non-
invasive blood glucose measurements means. In the context of this embodiment, the

non-invasive blood glucose measurements means is the blood measurement setup 12
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Once bot h neural networks have been trained using the training sets,
the systemas a 10 whole is tested using the values contained in the
verification set. If the systemas_ tested using the verification set

shows si g 4gseibrd iatheyrst emberimgad, S8 sEninesr eqrHonyrearespiiding o thesix
training ﬁg&xﬂgkga&gaﬁgﬁgﬁtative of the verification set. A second
stem

enbodi nment  of e sy 0 for anal ysing neasurenents of a
conposition of a blood fluid, where like nunerals reference |ike

parts, wiél Aewr&BoAESE beR@tharl BB odludks bk BneRNRY 8@SclRnRat 8f the
collection nodule 14, a first neural network 16 and a second neural

net wor k 18ainifigesat niheh ticesurewérts peswtalen deingr drbexvasine térbniguatsagh agfthat

anal ysi n surenent s.of bl aod glycose level in the blood.fluid.w.th
the o5} ecr PyL VR Tudhe Rr S0 b S Bfoh EE, meBminE By Bpna so dblat
conposi ti gwbilldtfeendheod of dddod. skAlkdiih enat. TheRtu e IoReHRasRAE ntRivehe
operation of the system 10 may al so be introduced in the 20 context
of the fo‘PIPGQAgW@O%fX@ﬁW@m@Fﬁe%GQﬁ%PWﬁCéE@mM- nodul e 14 is configured
to receive the following information. a. A set of sixty non-invasive

bl ood gl ucpse neasurenent s.obtai nabl e via .any non- .i.nyasive bl.aod
ol ucose nLBS AP EraNFS oRa LS ThEBRers P R oBfiedva SP Bt Bt st
gl ucose NRASUESREAESRINWelR 0RE altbAhiRk AdtabSle 442 B &h rbect8U6Gh thd REaMg
equations. Each |inear equation depicCts the relationship between

varyi Wy | éatebasef4 gpeptisest ucose sol utions and the unit of measurenent
of the non- invasive blood glucose neasurenments neans. In the context

of this enbadinen t he on-Ji nvasi ve bloqd gl ucose neasurenents
neans is thg(uBI od%dﬁlgﬁﬁtrg?@ﬁf?e%‘%ﬁ SitZAngl as described in the first
enbodi ment, thus six |inear equations corresponding to the six |aser

di odes are qgg?iQ%meﬁ?%ﬁkﬁ£¥&§ﬁ§gg@ﬁﬁﬁeﬁﬁE&ﬂHH&£ bl ood gl ucose

nmeasur enent each el’enent” o training set’, that neasurenents
are taken using an invasive technique such as that 5 which involves
pri cki ng Ihhif exagmeie, dbrty feeorie Us of tandainibgstatdbag 4 @e lehowd a$ cardbtrednded

marked as training samples. The remaining twenty records are marked as testing

15  samples.

The records 46 marked as training samples are then used to train the first neural
network 16. Training of the first neural network 16 will be described with reference

to Figure 2, where:
x; represents the light measurement value representative of the i input node.

20 wihy; represents the weight of the relationship between input node i and hidden
node j. The weighting of the relationship between the bias node bh; and each
hidden node  is designated wihy;.

bh; represents the bias of hidden node ;.

whoy represents the weight of the relationship between hidden node j and i*
25 output node n. The weighting of the relationship between the bias node bo; and

each output node # is designated whogy.
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as would be Inown to a person skilled in the art. These sixty
correspondi ng i nvasive blood glucose neasurenents formthe
verification set. The data collection nodule 14 mani pul ates the data
cont ai ned bay rﬁm‘ekerﬁhhebiaaioﬁﬂwg]c‘"mltputande the verification set to form
a training database 44. Each record 46 in the training 10 database

44 conprises: (iii) An elenent fromthe trajining set,. An V) ot

cor r espondy: AgPreseaifehe Pravessie gkl measuiamesh Vg@? }'eﬂgﬁe’fﬁﬁf%e %ﬂ@%rﬁl ?tth(S)r ty
records 46 e the trai ning database 44 are chosen at random and
marked as Ttaini ng sanples. The remaining twenty records are marked
as testing 15 sanples. The records 46 marked as training sanples are
then usgetondihdddd rbRginf dobsibteREMRd follOEMS trkiindify; procak Mimtbe Gfst heral

first neural network 16 will be described with referenc to Figure
2, wher astwqrkrdpcl deieleestthe stepgyhtto féaasudaspihad Wéb?x%f%ea%et@é%?%t ?t’;“e of
the nth ., input node. .20 W hg r [ ) f4 hi p
bt ween THBHE EROGS 0 e SRS S il Aot bFE, g takee

rel ati orﬁ‘diﬁgl&eﬁmgrgeﬂ he bi as node bhh and each hidden node j is
desi gnated w h0l1. bhj represents the bias of hidden node j. whofk
represents the weight of the relationship between hidden node j .and
|z2'J' ZFhipptquess hedes and Thetiwes grith mgvabkest taker &pat thef&nipe 5t {%%%&

t he bias node bok and_ _each t put d ' ' whok. bok
r epr esert8¢ R B a?)fne?cﬂeﬁ ‘tlﬁﬁos@ b eng%ighén%b%,gﬂx%%?tes ent's theOth%e

pr oq@essagstehOit 1cRB A 810608, VBijpitallye piesenttankd efief sereali thousands odt
node. These notations renmain consistent in the follow ng training
process #&#tiake first neural

Once the first neural network has been trained, the second neural network is trained in
an identical fashion, with the exception that there is only one output node ;. As
such, a description of the processing needed to train the second neural network will
15  not be repeated here. Once trained, the output layer values calculated by the first

neural network are used as the x; values for the second neural network.

Once both neural networks have been trained using the training sets, the system as a
whole is tested using the values contained in the verification set. If the system as
tested using the verification set shows significant error, then the system is retrained

20 using a new training set more representative of the verification set. The trained neural
networks verified by the verification set provide an overall measurement of the
composition of blood glucose representative of the blood glucose level in the blood
fluid.

Tt should be appreciated by the person skilled in the art that the invention is not
25  limited to the examples described. In particular, the following additions and/or

modifications can be made without departing from the scope of the invention:

e At least one control laser diode(s) may be added to the wavelength source disc

22. The control laser diodes(s) may also replace either one of the six laser
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5 network which involves the steps 1 to 14 as described in the first
enbodi ment. The training process then comences again at step 3 with
a new set of x; values taken fromthe training set. This process

iterates and dmstes Afes Thet hontrolviasanediodefieds coafigured to renihiangingared
bei d - d . ded i h ti t h |
Square orror S ERHERIBA pORE ARt by Bt Bed ok Jir g diEe,

is attained afhef waeMefighs i RsERHEn Ghe ranger800@A%e 200N b Ebsoiable
neural network has been trai ned, the second neural network is trained

in an identi ®dlgl¥eeshi on, with the exception that there is only one
out put node nl. As such, a description of the processing needed to

train_the second neural network will_ 15 not be repeated here. Once
raindd, thb. JRCHATIOREET VAdGEs T BEVAFLM B TR Tatass fagrdy of

netvork are Usetli@s thevdendRl USSRl tHBeRCCA fRlial dtet Wkibofnce

bot h neural networks have been trained using the Training sets, the
system as a Wurtesporslingdgt econigoingetthiealvedltags readit@imeydbe mbtameed and
verification set. If the s%qs?i]em as sted using the verification set
shows si gni fi FEMESIHIUSIIE SHBLPIOGESSYE /S em i s retrai ned 20 using a new
training set nore representative of the verification set. The trained

i pr the ver . n
roasar emont o TeRSC g e dnt Feb el RGP <B4 08ky BE DU A RNRIS,

t he bbood gl uceseayl evaktorhited henpfedamplepa dteppdr rsdtoril d be appreci at ed
by the person skilled in the art that the invention is not 25

limted to the exanpl es described. In particular, the follow ng

addi ti ons amd/Iosteachobiising sixilews diodes D% vithleach leses diodgeiSar 25bag8¢.r5h

t he scope of e bnvention: . At.least on tr | i

maybe added t ?%F ’n%ﬁve T\}%ﬁ’%%lﬁﬁe‘i %)nufrreageedt Véff“ééée&%. 4 %h%le?%% rd 0 dgggé%)rle of
di odes(s) may ealiigrLphatiey f taging afferaf whitderdths hagbé used3 di odes 28.
The control |aser diode(s) is configured to emt an infrared

e Either more or less laser diode(s) may be added or removed from the

15 wavelength source disc.

e Instead of the fingernail bed, the region of diagnosis may be any part of the
person 42 known to be suitable for diagnosis by a person skilled in the art.

e The system 10 may be used for the measurement of other compositions in the
blood fluid besides glucose. In such alternative setup, the infrared
20 wavelengths emitted by six laser diodes 28 is required to be re-calibrated and

optimized to the composition’s peak absorption wavelength.

e The non-invasive blood glucose measurement setup 12 may be replaced by
any alternative configuration for non-invasive blood glucose measurement as

is known to a person skilled in the art.

25 o The stopping criteria for stopping the training process of the neural networks
16, 18 may be any which is known to the person skilled in the art. Some

examples include the consideration of absolute rate of change in mean squared
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wavel ength that is not absorbable by glucose. Based on current

know edge, such wavelengths that fall within the range 1600nmto
2200m as absorbable by glucose. 5 The control |aser diode(s) may
be used to detwpripse traiEngase staitikiysof yymﬂptlmwﬁughtse@lndmémél lergjt Anean

Cloctri cal voPte VESISG ey DA OBt a P ar b ot deeia® R,

signal processor 48. The rotation of the wavel ength selector disc 24
may be perfor t 1 | e,
3t oppor ot ort SRR (e o, b BonlR BoRLATR B0 30 o)t SHETR

| aser di ode 28ateridBlod b2ed,on28¢ set c8eales Riidwe and dhvigusetofthxskdllddfersaned
wavel ength, a single |aser diode capable of emtting a plurality of
varying i nfrared wavel engths may be used. Either nore or |ess |aser
di odefs) may Kétcadtizd a@tlvattmmoﬁmtlcbn(@)rmteﬂelmojyﬁl watve Iskitigd tpeswor wey diesc.

part of the  ARTEEH SRS e BHPIGE TEP Or Agitde Ao B & HEPson

skilled in tth@grattmn filltiosy Sioam ddaimesenbgsigsed for the neasurenent of
ot her conpositions in the blood fluid besides glucose. In such

alternative setup, the infrared 20 wavelengths emtted by six |aser
di odes 28 is Neljils rtled leannihg rate @ad i hoaksitiardmpopitions zex teo athevalue

conposition's_ peak ti on wavel ength O The non-jnvasi ve b].ood.
gl ucose neasuP PR L3R ds TP RggopRiert %mq*%%cwebfgﬁen P o 1 i

confhgurati onhQe thaB dff“ﬁé’t%}elé@ th &Q:Hm% BEO 984 TEARMIEREHmRSitiohS THROWN
to a person skilled in the art. 25 he stopping criteria for
st oppi ng the bestiresulig hpYQ)mglcbﬁVQdﬁ‘@hﬁé theleamingwatads a vale begvara Y. Pe
any which is kng EH? ers @gﬁ%hékﬁgotht ant . %%qﬁquf@nples

t I

i nclude the c Fom of ange mean ‘squar ed

5

o The learning rate and momentum composition may be manually adjusted at
any stage during training of either the first or second neural network.
15 Typically, the learning rate is adjusted in situations where the error is

oscillating.

e To ensure the greatest accuracy in training of the neural networks, the training
set should provide representative samples from varying ranges of blood
glucose measurements. In order to do this, some manual intervention may be

20 required.

e The number of nodes in the hidden layer included in either neural network

may be any number in excess of four.

o The number of decimal places used for determining the weightings of each
link in the neural networks may vary. However, for accuracy reasons, it has

25 been determined that a minimum of three decimal places should be used.
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24 error per training set; stability of synaptic weights and bias

| evel ; nmean squared error over the entire training set, fixed nunber
of iterations, etc. The learning rate g and nmonentum constant in for
each epoch ep TRybiae andlbiae wdigieihgh ase tie ehimamayeds etlowbvaerylt ds bidieyah thehd

obvious to the skilled person. 5  Alterpative. activation function(s)
vel | known byddng e 'y msen $B3 theyike nﬁ@ggttgér@ﬁ o PPl SRR ?{%ﬂ ? %e
si gnoi dal actjiyvatign function. However, these activation functions

shoul d be differentiable. Wile the |learning rate and nonment um
conpositions can be any value between 0 and 1, nore accurate results

have been achigyeshivheics hierfelli withihOothermeargeagtes dbJordethweens tthe0.S
| earning rate and nbnent um conposition. The best results have begn

achi eéved wher mentimnel @hpys. nigprriagtandesa weight welvpenge eh-B2otp 0-2n8may 2450
whil e the rmrrgntu[y conposition is within the range 0.8 to 0.9. The
| earning rate S noment um conposition may be manual | y adjusted at
any stage during training of either the first or second neural

network. 15 ¥iRjeGAlL kpxnem]ti(fd‘ga% @ééEﬁf)é?iginr’cﬁfs%Piecﬁﬁ@éﬂo‘zﬁ{ag@e&ﬂ‘ilﬁbﬁr@té& RS

where the error 1's o0Scl ting. To ensure the greatest accuracg} in
trai ni ng of truferancer ab owet Viorksof tehdack girmpapgtion ealgetibo dit prhowidide

representative sanpl es fr.om varyi ng_ranges, of. bl 0o I .
measur enent s. a}?gge%?ta fhat gnedIBV‘:frﬁfé ,Igg%ﬂggﬁ@ntﬁé?e P??togrt?/lg R?lﬁ %ﬁ&ngil/m%%
20 regquired. offae vagResacRipropaRsoh Aldobithrd 8¢ el @@ rand Rath teldwithin
ei ther neural network may be any nunmber in excess of four. The
nunber of decihesicops el present wntigRt er m ni ng t he wei ghtings of each
link in the neural networks may vary. However, for accuracy reasons,

LLOB?Z b§5u€ g _nis da stoe}r)ggsﬁ]a?edtg ngt ot%erméé)t}va 1oR %Enctcigrrxse?o eo%fia ﬁ%écﬁ%le@%ggve
without departing from the scope of the present invention. It is understood
that any activation function that limits the resulting values to the range -1 to 1

15 may be used.

o Training of the systems described above are examples of a sequential training
mode. However, it is equally as possible to undertake training in batch mode.
In such a situation, weightings are adjusted after the entire training set has

been presented to the neural network being trained.

20 e In a further variation of the above embodhnenf, the glucose solutions may be
omitted. In its place a linear equation set is established out of the training set
of blood glucose measurements. Ideally, this linear equation set has forty
elements. The linear equations are then determined manually by plotting a
graph for each laser diode of the signal voltage reading against the known

25 blood ghicose level (as determined by the invasive blood glucose

measurement system). A “line of best” fit is then determined from the plotted

graph.
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25 The bias and bias weightings can be elimnated. However, it is
believed that doing so may nean that the time needed to train a

neural network will be increased. The weightings may fall within
ot her r ahigshoskl be feylumdppresiat@] by tthe @eton Skittedt inoedarhiben deatpgp and

i nstance, a.wej.ght..valu ange -0.25 to 0.25 al s

i | ot RO es AR el e e B Lo liR
i 11 ust r afe@hriviehothbedgbments eha® Rl & RRMBE scdpba¢ kelhpidioadeasibed.
algorithm it "should be appreciated that the invention is not

limted to the use of this particular variant. 10 O her variant back
propagation algorithnms may be used and such fall within the scope of
the present invention. It is also possible to use other activation
functions to those described above w thout departing fromthe scope
of the present invention. It is understood that any activation
function that limts the resulting values to the range -1 to 1 15
may be used. Training of the systens described above are exanpl es of
a sequential training node. However, it is equally as possible to
undertake training in batch node. 1In such a situation, weightings
are adjusted after the entire training set has been presented to the
neural network being trained. 20 In a further variation of the above
enbodi ment, the glucose solutions nay be omtted. Inits place a

| i near equation set is established out of the training set of blood
gl ucose neasurenents. ldeally, this |inear equation set has forty

el enents. The |inear equations are then determ ned manual |y by
plotting a graph for each | aser diode of the signal voltage reading
agai nst the known 25 bl ood gl ucose level (as determ ned by the

i nvasi ve bl ood gl ucose
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measurenent system). A "line of best"” fit is then determined fromthe
plotted graph. 26 It should be fiuther appreciated by the person
skilled in the art that features and nodifications discussed above,
not being alternatives or substitutes, can be conbined to formyet
ot her enmbodinents that fall within the scope of the invention
described. 27 CLAIMS 1. A systemfor neasuring a conposition of a

bl ood quid‘@éﬁHﬂﬁsing: at | east one neural -network for processing a
plurality of measurenents taken by a non-invasive neasuring unit to

P oer o DX b RASMREIE ondb o0 of 21 ROMPAN GhRah. | e B00C

fluid, wherein a’linear equ SsocCl a each 0 ut node of
the at | east one neural network is determned froma controll ed

source prior te lkdsabid N@rdlpevaik e @sdcesitgy Nelufdity HEh¥Rhkemerts tdked p§laem
for measuring a conposition of a blood fluid conprising. a
non-i nvasi ve nEdSEVIRY GRBEUIESr Uk alu ARREIIRR e e OYpiadi Prewremey ofo thet

| east ong neur dmRRkWArK hObloBH TRES SINGeiR PlitkaRleltaioR fasTRARK SR RIS,
taken by the non-invasive nmeasuring unit to determne an overal

measur enent of Othe naderpidld eti lorst ione wherabheswigle Isudetrminted riesion azconirplésdr
equation ass Océo%h?e‘rj%?g& %ohtraq{fﬁﬁg the Qi fel %{tong Hgﬁalq{et&cnﬁ. at |east one neural

network is determ roma-controlled source prior to training the
at | east one neural network. 15 3. A nethod of neasuring a

conposi ti on 2. nAayibadsk thidsginthgCOemiipositiog o f Obload Muldtomppkipal ity of
measurenents froma non-invasive neasuring unit, and processing the
plurality of measurenents by at | east one neural network to

det erm ne an o¥%BPHIVasiEaEeasEighinioPr meesusiBaPis<ompestion apthe bl ood
fluid, wherein a linear equation associated with each output node of

the at last op&.AeUh&heural network for processing a plurality of measurements taken by

the non-invasive measuring unit to determine an overall measurement of the
composition in the blood fluid, wherein a linear equation associated with each
output node of the at least one neural network is determined from a controlled

source prior to training the at least one neural network.
15 3. A method of measuring a composition in a blood fluid comprising:
Obtaining a plurality of measurements from a non-invasive measuring unit, and

processing the plurality of measurements by at least one neural network to
determine an overall measurement of the composition in the blood fluid, wherein
a linear equation associated with each output node of the at least one neural
20 network is determined from a controlled source prior to training the at least one

neural network.

4. A system or method for measuring a composition in the blood fluid according to
any of claim 1 to 3, wherein the linear equation associated with each output node

is obtained based on a line of best fit.
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20 network is determned froma controlled source prior to training
the at |east one neural network. 4. A systemor nethod for measuring
a. conposition in the blood fluid according to any of claiml to 3,
wherein the |inear equation associated with each output node is

obt af ned based . @l R0l AEkalile o Bmios /b PYAhETIO0 AR OGO,

measuring a conpos on |'urd " according to
1 to 4, where tutyeoﬂctamﬁarto dguwatie ol lassogjuati@dases didtedeath edmhdnk&ienrmodi@isi S

determ ned thr mat.ed processes. 6. A systemor nethod for
measuring a coﬁ%%?@ﬁﬁéﬁT @' gﬁﬁcﬁﬁﬁld according to 5 any one of
claims 1 to 5 where the at Ieast one neural network inplenments a
back prOpagﬁtk%gaé&gﬂﬁﬁ&ﬁﬂﬁm?nmém é%ﬁﬂh@Bmﬁ@ﬁHpﬂe%ﬁkdqﬁﬁ§kaﬂﬂgﬂo

conposition in the blood fluid accordi claimb5b, where

nunber of node&ianea clamgul td aydereghe tatHeasat)nd sl nefweorinmaplemhentnabasr k
mat ches the nu rements in the plurality of neasurenents
10 taken by th@gﬁ%ﬁPlnv %?@L nmeasuring unit. 8. A system or nethod
for neasuring a conposition in the blood fluid according to any one

of claim5 to X, sywb@r® nidiiedafor hRasking A&oPusitbn mwtd@dqmﬁfpadcsﬁﬁqgatb a
hi dden | ayer of at |east four nodes. 9. A systemor nethod for
measuring a cofpdsPt VBFe ithe RHEDe |08 Gadss| injag la@etdﬂﬁrﬁé thepat lgast gpg neyysal

of claims 6 tongwoMhghendsnee 9&'1319&'[otvlﬁéa‘éﬁ"re;ngﬁtstlﬁ'%hé"'bQF@@ @pﬁlﬁas'm%rr%nts
sumat i on of wei ghted nmeasurenents. . A system or net'hod for

measuring a cotteshi thenon-mvasiee mb@@ung 111ui d according to any one of
claims 6 to 9, where the output value for the output node is a
sumat i on of nor sed dden node,.ou A
Syotem or ek hBATNER oraSuliR i B DR RoRRET PR PRE iR etk o
according to any one of claim 5 to 7, where the at least one neural network comprises at a

hidden layer of at least four nodes.

9. A system or method for measuring a composition in the blood fluid according to
15 any one of claims 6 to 8, where the output value for the hidden node is a

summation of weighted measurements.

10. A system or method for measuring a composition in the blood fluid according to
any one of claims 6 to 9, where the output value for the output node is a

summation of weighted normalised hidden node output values.

20 11. A system or method for measuring a composition in the blood fluid according to
any one of claims 6 to 10, where the adjustments to the weightings for each link
between a hidden node and an output node are calculated with reference to an

output gradient error.

12. A system or method for measuring a composition in the blood fluid according to

25 claim 11, where the output gradient error is calculated as follows:

O & = (tk — k). (1 — nk)
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any one of clainms 6 to 10, where the adjustnents to the weightings
for each link between a hidden node and an output node are
calculated with reference to an output gradient error. 12. A system
or nethod for neasuring a conposition in the blood fluid according to
25 claim 11, where the output gradient error is calculated as
follows: (5 k ¥tx - ni,).nro. (1- nk) 29 where: Sk is the output
gradient error nk is the normalised output value for output node Kk,

tk is the target5gyhquiwggggmgggcgutput node k as determ ned by the
| inear 5 equation assogia ed mﬁrk out put node k. 13. A system or

met hod for neasuring a conposition in the blood fluid according to
claim 12, where uhs tladjonstlivedbutpot tahe foeoghttinodgski.f or each |ink

bet ween a hidden node and an output node are cal cul ated according to
t he fornul a: AMhoJk(E+I)=%.& f netJ)+nrAMhoj;%£% 10 where: r|
denotes the | ear fi Bgh &rget QUi entbiee®dr PHEuHH @ndeGHpBEd Oy dhe linex

i's the oytput gragieph .8b&iRkd WwiiQLiuPAddk 47 epresent s the updated
change in weight. 15 whoj k(p) represents the previous change in

weight. f(netj) is the normalised output value for hidden node_j.
14. A syst erBoh sps¢thod nfetod feaseasingg a cooppddintin de blood fied bicoadidfg tai d
according to |l ains 6 10 nt s t he

wei ghti ngs forggéh ’%ﬁ%%”%889W§gﬁn%Wt%%gﬁﬁﬁ'reeog%ﬁgj&%ﬁ%ggﬁnﬁ t.deﬁre
cal cul ated wi tivdeah@tengputindd@amicaidelated according to the formula:
Awho , (p+1) =n- 8- f(net) + m- Awho , (p)
10 where:
n denotes the learning rate.
m denotes the momentum composition.
O 1s the output gradient error.
who(p+1) represents the updated change in weight.
15 whoj(p) represents th; previous change in weight.

f(nety) is the normalised output value for hidden node ;.

14. A system or method for measuring a composition in the blood fluid according to
any one of claims 6 to 13, where the adjustments to the weightings for each link
between an input node and a hidden node are calculated with reference to a hidden

20 layer gradient error.

15. A system or method for measuring a composition in the blood fluid according to

claim 14, where the hidden layer gradient error is calculated as follows:
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20 layer gradient error. 15. A systemor nethod for nmeasuring a
conposition in the blood fluid according to claim 14, where the

hi dden | ayer gradient error is calculated as follows: 30 Y ,5) =
(f(netj).(l- f(etj))) & who, k(p) k=1 where: Y is the total nunber of
neurons in the output |ayer of the neural ngtwork concerned. 5

f(net& is the nornmalised oyt pyk valye ARem)vdden.node j. Sk is the
PAT GBS A Qe PRBSRoR0Y

out put gradient error, whoj, represents e current weight for the
| i nk between the hidden node j and the output node k. 16. A system
or nethod for neasuring a conposition in the blood fluid according to
10 clai m 15, whk¥e the adjustnents to the weightings for each link
between an input node and a hi dden node are cal cul ated as foll ows:
AW h (p+l) =r7. Sj, Xist h_j where: .f|, denotes the ] earni.ng, rate.
15 1" Gonbt os 1 nd BReiEarinbRh oo PRRGR i le R} e da e Ay dftev
gradi ent error. xondetetihe val ue of input node i. w hij(p+l)
represents the updated change in weight. wh;t(p) represents the
previ ous change in mei%ht. 31 ,

5 f(net)) is the normalised output value for hidden node ;.

O 1s the output gradient error.

whoj(p) represents the current weight for the link between the hidden node j
and the output node £.

16. A system or method for measuring a compositioﬁ in the blood fluid according to
10 claim 15, where the adjustments to the weightings for each link between an input

node and a hidden node are calculated as follows:
Awihi(p +1) =n.¢ .xi + mAwihi(p)
where:
1 denotes the learning rate.
15 m denotes the momentum composition.
0;1s the hidden layer gradient error.
x; is the value of input node .
wihy(p+1) represents the updated change in weight.

wih(p) represents the previous change in weight.
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17, A systemor nethod for nmeasuring a conmposition in the blood fluid
according to claim113 or claim 16, where the learning rate (r]) and
the nonmentum paraneter (rn) are automatically adjusted during
training. 18. A system or nethod for neasuring a conposition.in the
bl ood fluid aim 13, claim.16 or. claim.17, where the
|l earning r at@c%L Py elins ré”‘i)?ﬂ ufc r nﬁasflﬁgg P &RYGROSIEPR tlﬁeob]ﬁoqh‘é’lqda‘fcﬂ@rnlg to
nmonment um par anghied 1§ o} clafin a6y #héte thé lehftghg ARYE,) And tHeOmOmBntuhFpardineter
system or nethod for neasuring a conposition in the blood fluid

according to ghArefdoBtti@|lapdisted dyingdrainipere the at | east one
neural network conprises at |east one bias. 10 20. A system or

nmet hod for a i 1ot -00d. f rding.:to
Claim 19, a0 Gapenan R RS HBhnhb a Ofp RSl ht o BES, Bl
hi dden ndde i sclaim islgrcﬂmml mmr@ianmﬁ'ﬁghhad tirelesuingrewet(s) andahk ih érstngene

wei ghted input_ hias..21, A'S mor met hod .f or neas n
conposition i no'ﬂ]g O B %%thﬂiﬂﬁy R BYERRG g’% 15 & Ve pernyt eraé‘ge @éﬁ%ﬂ'aent
on claim 1.0, where the output value for the output node is 15 a

sumat i on ofonai ghted: ekl foﬁﬁféamﬁg%oﬂ@slﬁn&yﬁm b¥Ed HeR adrdlg to

| east one weighted output bias. 22. A syStemor nethod for rreasurl ng
a conposi tion My ke TBlasey6 fd i, twhatedbe dilergt ens negtahhetwork compridessé ideint
on claim1l, whene the adjustnents to the weightings of each |ink
bet ween each output bias and an output node is calculated with
reference 20 to the output gradient error. 23. A system or nethod
for measudri mg. a s&ﬁ:ﬂi}ﬁ&ﬁhﬁdtm ﬁ)ﬂni’eMrihg a@dmbbsitich AaBOBbKEbM Guido accotdihgno
19, as depende al cul at ed

according to tgl@m?g? aﬂf’f’é‘ %Pﬂﬁfa ?92"%6?96'&%‘5&’%%’%% Iog %H%‘f DO 18jag

the | earning rafn@mation of weighted measurements and at least one weighted input bias.

21. A system or method for measuring a composition in the blood fluid according to
claim 19, as dependent on claim 10, where the output value for the output node is
15 a summation of weighted normalised hidden node output values and at least one

weighted output bias.

22. A system or method for measuring a composition in the blood fluid according to
claim 19, as dependent on claim 11, where the adjustments to the weightings of
each link between each output bias and an output node is calculated with reference

20 to the output gradient error.

23. A system or method for measuring a composition in the blood fluid according to
claim 19, as dependent on claim 12, where each link weighting is calculated

according to the following formula:
A WhOok—_- n. 5k
25 where:

7 is the learning rate.
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32 5k is the output gradient enror. 24. A systemor nethod for

measuring a conposition in the blood fluid according to claim 23,

where the adjustnent to be nade to the output value for the output

- node (netok) is determ ned by the followi ng equation: 5 netok
=whook- bok+: Who K . netl}%lé X.where: X is the total nunber of nodes

in the hidden Iaéé? RsouL SdisPRI™ et wor k. concer ned whook is the

wei ghting applied to the output bias for output node k. 10 bok is

the out put hiyag sg&ém(b'f'tnwﬁ;odnﬁgﬁlegsuﬁﬁ@‘a' cjémlpgsﬁl&?m"\ﬁb gtbtoﬁ Qﬁu@ﬁb@bfd@% o0

the |link between hi dden node j and ouUtput node k. et) 1s the

nor mal i sed out@@ﬂlﬁhmwemﬂb¢whuﬁd@wiﬂbdéR@GHQ@ﬂOﬁnmygﬁénﬁoﬂwNBHWDkaor
nmeasuring a co t b d.fl ccording to 15 any

pr ecedi ng c|a|Q?PaH§5§&F5%ﬁ*gﬁP%gs Wnﬁé%n%ﬂghl network conprises a

first neural network and a second neural network, the first neural

network configured so as to pre-process the plurallty of

measur enént s bef ore passi ngetche Cleﬁvdéggééd e r ements to the

second neural network for determ nation dff an overall neasurenent of

the conposition. 20 26. A systemor nethod for nmeasuring a

conposi tion i”ng@ bl ood fluid according to claim25, where the

first and second neural networks inplenent back propagation

al gorithnms. 33 27. A systemor nmethod for measuring a conposition in

the bl ood fluid acsothditoigl hdmber of nodes in the hidden layer of the neural network

concerned
whoyy is the weighting applied to the output bias for output node £.
10 boy is the output bias for output node .

whoy, is the weighting applied to the link between hidden node j and output
node k.

J(net) is the normalised output value for hidden node ;.

25. A system or method for measuring a composition in the blood fluid according to

15 any preceding claim, where the at least one neural network comprises a first
neural network and a second neural network, the first neural network configured

so as to pre-process the plurality of measurements before passing the pre-
processed measuremenfs to the second neural network for determination of an

overall measurement of the composition.

20 26. A system or method for measuring a composition in the blood fluid according to
claim 25, where the first and second neural networks implement back propagation

algorithms.
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claim 26 where the first and second neural networks inplenent the
sanme back propagation algorithm 28. A systemor nethod for
nmeasuring a conposition in the blood fluid according to 5 any one of
clains 6 to 27, where the at | east one neural network is trained
Until one he fol |l ow,n ccurs:. the nearn.square.en-gr..per .

raf ni ng st & Nateios BARg 5B s qoPangion Tt Al WAL BbE hardme
stabi i se; thecihinags vead thetfifi dnk S@&dndt v@ral Me@RrIGIMA ] EnE Y sdbe bR
systemis within a predeternm ned range; the mean square error over

the entire traPAPGIQRLEPENR t hin a predetermi ned range; a
predeterm ned 10 nunber of training iterations have been perforned.

29. A systemo jgg it I . -b . id
accordi ng t?g ' }élsg?%nlg%g,de Og;%?l?l%{es a ?ecglgﬁgfr’% ﬂﬁlg%rlgﬁoigﬁl%o%ﬁ%ggg{ gj td
trained dntil ddyeorgl dlxddimeréan 27sqbarehentrledst ofie hdvealyest@inis srained sntil

t han 0. 0008. 30. stem.or nethod for measuring a conposition_.in .
the bl ood £ ui teat b db 0 ok ay TR SRR B SRRESE B a
training of thgreddtednBaslt ra0Re tRenadtic@EWRE kiabllRE the 814k abveD elaWBEdS tHRr €
verified by comparing the results of the trained neural network

agai nst measur BREMQAGCTORR! e Betan Bevighe airrdaterminedieribarypsquare
measuring t eChitGURSy thd bntirf 3%l Qv iRk tgggedfe@fmﬁ@@%%é;l Iﬁ]deé?mﬁned

conposition in the blood fluid according 20 any of “cla 30,
wher e t HE non-iumtes oy aineg sterationy hame beanqaeploitesds a plurality of | aser
di odes each emtting |light at a uni que wavel ength absorbabl e by the

conposi tion,,.the asurenents taken by each J.aser  diod orm ng.t he
Ut ty 0P ReySERaitaRiod 5 it lpe b SREPs iRl Roné it il Hiprins
conposi tion i ncliie2$)| e tHeltit deadCER GHuRg nkBvorR % Ghiddd il thavBRbE h@
conposition to be neasumﬁd is blood glucose and the wavel ength of

the |ight emniti@gesyroeatthe systerhs s %08 of | aser diodes falls
within the range 1600nmto 1800nm

30. A system or method for measuring a composition in the blood fluid according to

15 any preceding claim, where after training of the at least one neural network, the
neural networks are verified by comparing the results of the trained neural

network against measurements of the substance obtained through invasive

measuring techniques.

31. A system or method for measuring a composition in the blood fluid according to

20 any of claim 2-30 , where the non-invasive measuring unit comprises a plurality of
laser diodes each emitting light at a unique wavelength absorbable by the
composition, the measurements taken by each laser diode forming the plurality of

measurements.

32. A system or method for measuring a composition in the blood fluid according to
25 claim 31, where the composition to be measured is blood glucose and the
wavelength of the light emitted by each of the plurality of laser diodes falls within

the range 1600nm to 1800nm.

33. A system or method for measuring a composition in the blood fluid according to

any one of claims 2 to 30, where the non-invasive measuring unit comprises at
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33. A systemor nethod for measuring a conposition in the blood fluid
according to any one of clains 2 to 30, where the non-invasive
measuring unit conprises at 34 |least one | aser diode able to emt

| i ght at varying wavel engt hs absorbable by the conposition, the
nmeasurenents taken by the at | east one | aser di ode at each of these
varyi ng wavel efgt RE 3/35?%%6 Pifptopiii Hehtta) varyingeRasiasdn pasortaple by the

system or net hQehdoSikioABRS Wida BB erBeRO PRES ibgitﬁ)é1 afl Radi RBe MsLOGiohd W Ghch of
according to 5 any one of clains 30 to 32, where the non-invasive

measuri ng uni tthesgreners westpeihs dymangbaphodlity eSweasdieogatswhi ch emits
i ght at a wavel ength not absorbable by the conposition. 35. A

conput er - readapl e _nmedi um.havi ng recorded t her.eon: ns for receiving
oot ur a1 1y et S b e EER GSPep BT Bhp PRGY Mughackriy o
and at | east ong aeubalclangs Ord 8D RHEEEES dohenpkie ahédsirid unit further
measurenents of the conposition of the blood fluid, such that an

overal | neasur©mEkEeHE SRl Lserriede Wigh prits Hahtpit ggwrvelepgtl npgabsorbable
determ ned, whgr@k BoBpdsic@ar equation associated with each output
node of the at = 15 | east one neural network is determned froma
controlled source prior to training the at |east one neural network.
35 35. A computer-readable medium having recorded thereon:

Means for receiving a plurality of measurements of a composition of a blood
10 fluid, and

at least one neural network to process the plurality of measurements of the

composition of the blood fluid,

such that an overall measurement of the composition in the blood fluid is
determined, wherein a linear equation associated with each output node of the at
15 least one neural network is determined from a controlled source prior to training

the at least one neural network.
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