;e3e:: | j&62T{[ Wreless Positioning System Wi ch Operates Wthout Using An
«xpl icit Reference Field of the invention 5 The present invention rel ates
to a nethod for detecting the position of an obj ect wirel eﬂllﬂmu"malmmm‘mw
i'ndoor environnent, and to a systemfor detecting its own

Background of Inventlon Many net hods detyerm ni ng the position efss obj ect
using a transmtter/receiver device in conjunction wth at |east one

act) vel ref| echir@iede Bosiohiriy 3y SEnPIvifciP DReAALE VRIS LRGR) WndBgfigina POl nt
of reference o of
monitoring its own position rel ativeReferemee acti ve/reflective device, and
this systemis attached to the object. The best known of such systens is
the GPS system in which the position of a GPS receiver |ocated on the
surface of Fidig of8Hd investistet er m ned using 27 Earth 20 orbiting satellites
(of which Z4 are 1n operation at any tine). The distances between the
receive? and at |least three of the satellites are deterni ned by neasuring

t he travel e

trilaterat :‘rhg%r{éjf%dﬂ r{rﬁ% r%!a\é%% ea?ﬁ%ﬁﬁé?ﬁ%&%tw@@% Fg&qﬁ/i& gﬁp@@c& on on
the pl anet wiretsssipwithial dn iBidabnedvifsiméiat, Bihd to aHystdirfor estetiey s vwnk”, 25
http://el ectroni cs. howst uf fworks. com gps. ht M. The cal cul ations are
dependent 8ASEANal manac in the receivers detailing the position of the
satellites at any given tine. US patents 5977958 and 6054950 descri be

met hods for neasuring tinme-of 30 arrival with ultrashort RF pul ses (UWB)

t ransn0t e@ackoroundeoftinwerdiont t er to an array of receivers. Despite the
differences in technical details, both patents require devices at pre-known
positions. US patent 5977958 uses 4 receivers for

Many methods determining the position of an object using a transmitter/receiver

device in conjunction with at least one active/reflective device situated at a pre-
determined position as a point of reference. Frequently, a system is provided

15  which is capable of monitoring its own position relative to the active/reflective
device, and this system is attached to the object.

The best known of such systems is the GPS system, in which the position of a
GPS receiver located on the surface of the earth is determined using 27 Earth-

20 orbiting satellites (of which 24 are in operation at any time). The distances
between the receiver and at least three of the satellites are determined by
measuring the travelling time of radio waves between them. Subsequently, a 3D
trilateration method can be applied to determine the receiver’s location on the
planet (see Marshall Brain & Tom Harris, "How GPS receivers work",

25  http:/lelectronics.howstuffworks.com/gps.htm). The calculations are dependent
on an almanac in the receivers detailing the position of the satellites at any

given time.

US patents 5977958 and 6054950 describe methods for measuring time-of-

30 arrival with ultrashort RF pulses (UWB) transmitted from the transmitter to an
array of receivers. Despite the differences in technical details, both patents
require devices at pre-known positions. US patent 5977958 uses 4 receivers for

R

*G00002*



2 it's 2D scenario and US pat ent 6054950 needs at |east 4 receivers or
heacons for 3D applications (these receivers or beacons are here terned
"explicit references"). There are other simlar technol ogies which are
Based on angles of reflected signals instead of their time of arrival. In
such technol ogies, multiple 5 referenceg are needed. The problemw th this
type of systemis the requirement for references at pre-known positions.

Thi s i ncr g op {had s usf éiéﬂﬂmgﬁ%er?é‘éasaé}qeéﬁw%%ﬁ% 8 bEhGtd Y 11

setting up the systens In certain situations or surroun er nor e,
such syst eftg 3> gqpplications thteskiraecivérssirdigacobe@re hetevermediexplicihsm tt er and

recei vers, the perfo nce decrease 0.t he ,areas wher

o Chval | aarerae . TRER Sie GihET SBTRs IRdas ek Aeseaion ArdEs o o
ring of ul Féfﬁe%%u §|ghéf%ﬂﬁ§'l@§8ro?tﬁ’élr hr’h%%f érﬁwelﬁédhﬂ%%hﬁ&ogﬁs fhufigae ur enment
of the respective distance froman object to a surrounding environnment in

each of5a refatencesfare hegdedcThe nsoblaamwﬂatm beper ofrsystamii egalireent or ned

be. corpar el RFB A T ROsIo BREBEAS ith e e B PR S, BBl ¢ he
| ocati on Oheéb@d éﬁb@rﬁtroddcw%\dm|cuw1ﬁﬁ§etﬂng bpdhe ispsteheinnadridipbitudtionecdri onal
sensors (e.g. a ring of ultrasonic sensors around the robot) or scanning

nmechani sm §érrgun@ng§aanthﬁjrrmeJ Sucdy systerys r?‘HWEFéF’Ve%Htﬂ'eeﬂfé'ghtdhpﬁ)conpl ex.
Al h
RSN e e e e

array of atiearses witeredd®@8venbhavaiiapieal both directly and al ong paths which

i nclude 25 reflections (nultipath signals). Different |ocations of the
transmtter cause the set of reflected paths to be different, so that the

recei ved siggfe &lt@{}ﬁdefﬁéfﬁ@d@e HLlﬁ‘?oIS’é cf%ﬂffté?Péééé‘? Jﬁﬁtré’sﬁirﬁé m nation

of the | ocati transmt based on a set o pre-ca at ed
si gnal covmanadmermﬂasmsangﬂ fledepnsrtdlgeg atroepsweirent of thenmaspettve | ocat i ons.
not

However , e uni gueness of e signature is., in 30.princi

guar ant eed e q‘r%r% ggjpgg@)a%ﬁ Bgﬁgygomgﬂpirﬁ%a‘?%f 9 BYUMREf Bht ur es of
one |0¢@t|@ﬂeéﬂ@s‘W&éﬁh’r/lééértrbﬁgénﬁég@bbﬁfbeli@ﬁﬂbd(ﬁféﬁn e dichficemre, the

3 teaching in this citation is neant for outdoor application, and a

base- st at i brtween thadeteetor gndinearbyrpbiestsnilhis mageszaﬁw’awomparﬂ@t@ Avention 5
The prese”‘im@ %to'rﬁfa |h8d% gé’da%% ﬁfﬁ%\‘ B Re"Y # Fle r8bot,

det er mi ni ng jith POS nvention pr oposes a new

and usef ul I-B))mﬁetv@mweselm@thbes mvnate inUkipléddissctionas sémsurs (J lgea&lﬁgt@frn nmay be
an object of which it is desired to nonitor the position. O it nmpy be an

separat e uit fasmiccwnsy%@f%%@etrebmg@5?@@99.memmt(ﬁ@t 2¥@NPEY ti on of
the obpgct |40 rBSgdfih@ErTaR8%re highly complex.

Another US patent, 6112095 proposes a method of location determination in
which a transmitter transmits a radio signal and a receiver device uses an array
of antennas to receive the signal both directly and along paths which include
25 reflections (multipath signals). Different locations of the transmitter cause the
set of reflected paths to be different, so that the received signals constitute a
signature of the position. The determination of the location of the transmitter is
based on a set of pre-calibrated signal covariance matrices corresponding to
possible transmitter locations. However, the uniqueness of the signature is, in
30 principle, not guaranteed and sometimes leads to big errors when the multipath

features of one location are similar to those of other locations. Furthermore, the



In gjeneral terms, the present invention proposes that a positioning system
J5 transmts wireless (normally RF) signals in all directions (e.g. all
directions within a horizontal plane, or all directions in a

t'hr ee- di nensi onal space) which are reflected by the surroundings. The
systemrecei ves the echoes, but w thout gmeasuring which direction they cone
from(in this sense the transmtter and receiver operate

omi - di refédd?ﬁh? iné’f stﬁBh’?& d%&o&’Pé’é‘p c'éﬁ?n "&id § Ta§9 statioH @“a' S are
used to trarn a aptive sys su a trans ormatlon ear ni ng
(TL) unitsrevqumeldfomtsnmbbméntatlm.set of neural networks, to map the varying
position of the systemto the characteristics of the reflected signals.
During a working node, the trained neural network is to identify the

posi tion okyhiiRafyStRRiRRSRionon reflected signals. 25 In a first aspect,

the invention proposes a systemconprising: a transmtter for transmtting
wirel ess si gnals in all directions within a range of directions, the range

of directiaqns includin atleatalldlrect|03| a phane. 30 a receiver
For 't ecei vil 5 REBRwaah it Bl (72X itoyog 4 b PRty SRR Sox e Pl
range; fhepBsifi6e of 8h ctprocessing the recei ved echoes to derive echo
data signals | ndi cati ve the distance of the systemto a plurality of

reflective surfaces; and an adaptive systemfor: 5 during a training stage,

| ear ni ng a;rhgﬁa\?éntfgﬁefuﬁgggg@tgi 20 AELYSER BRI SG0RIHReiagAhheRT t he

position o he System ra| ni ng nposed Of "t ecor of echo
dat a sngnabwmmhumdma;edemyﬁa)ebemmbjeobmfdmeh itds degdived ttgnmm‘mr teng

st age, u3|n L he 0 da a and the | ea ssoci at i Q determ ne the
Soal't1 on_ oPOEKENsDEAanAY PR 40 SeRARE WapHbich 1§ RESCHRLIR I oRIPEIDSEh et hod
of determ mdigné %si?iBﬁ'df'tl?é‘o fechEar?Bb%%tt%rrﬁlﬁéd met hod conpri sing:

transmtting wreless signals fromth ject 1n all directions wwthin a 15
range of directions which includes at least all directions in a plane;

recel ving % gbiSan B 15 PRsin? hvbhfor brepcsas RheNBbSbRRT St tne

15  transmits wireless (normally RF) signals in all directions (e.g. ali directions
within a horizontal plane, or all directions in a three-dimensional space) which
are reflected by the surroundings. The system receives the echoes, but without
measuring which direction they come from (in this sense the transmitter and
receiver operate “omni-directionally”). During a training mode, the reflected

20 signals are used to train an adaptive system, such as a set of transformation
learning (TL) units which is preferably a set of neural networks, to map the
varying position of the system to the characteristics of the reflected signals.
During a working mode, the trained neural network is to identify the position of

the system based on reflected signals.

25
In a first aspect, the invention proposes a system comprising:
a transmitter for transmitting wireless signals in all directions within a
range of directions, the range of directions including at least all directions in a
plane;
30 a receiver for receiving echoes of the wireless signals from any direction

in the range;



processing the recei ved echoes to derive echo data signals indicative of
the distance of the object to a plurality of reflective surfaces; 20 during
a training stage, learning at | east one association between the echo data
signals and the position of the object based on echo data signals and
associ ated system position data, duringga working stage, using the echo
data and the | earnt association to determ ne the position of the object. 25

now be.dascr | e PPReRA U EEAG Bl A eR 0 Yer Qe BUEA O ' e

fol I ow ng sigpalscindicativdiof the distance df the gystemtol & bluralitg ofipsthtivef Fig 1 (a)
and 1 (b), illustrates a systemwhich is an enbodi nent of the invention,
and a sit ui¥ifaees: @n@hi ch the system may be used in a method according to

the invention; [ ' 5. conposed of Fig 2(a) and 2(b), illustrates
a sinplified 1 oD Adbpfiye Yuklh fdh, BOTPOSEd g 1 (b) and the theory

underly$ng it; Hugng aitsaininglsiage deamirgrableast éne assacattrbetoieea thegnal
DCemavod st ol sbBAsTAY GRRbEir o b st BBk %G %
whi ch is cepRpoeed of réddids oPedho HatPSighals HHVEssciEtE@ 5 &8Nt S840 HER,
and
during a working stage, using the echo data and the learnt association to
10  determine the position of the system.

In a second aspect, the invention proposes a method of determining the
position of an object, the method comprising:
transmitting wireless signals from the object in all directions within a
15 range of directions which includes at least all directions in a plane;

receiving at the object echoes of the wireless signals from any of the range of
directions;

processing the received echoes to derive echo data signals indicative of
the distance of the object to a plurality of reflective surfaces;

20 during a training stage, learning at least one association between the
echo data signals and the position of the object based on echo data signals and
associated system position data,

during a working stage, using the echo data and the learnt association to
determine the position of the object.

25

Brief Description of The Figures

Preferred features of the invention will now be described, for the sake of
illustration only, with reference to the following figures in which:
30



15 whi ch may be used in the systemof Fig. 1; Fig 6 is a block diagramof a
third version of a signal processing unit of the systemof Fig 1; 20 Fig 7,

which is conposed of Fig 7(a) and 7(b), illustrates problenms encountered in
certain applications of the systemof Fig 1 (a); Fig 8 illustrates a step
of a proof contained in the Appendix; 25 Fig 9 illustrates another step of
the proof contained in Appendix; Fig 10 illustrates a limtation in the

applicatio iRy b B j i whi ch has
Symmet ry i oY FonfiehtE LoMoRSeq BEFT 1 iard Ko Hustuey S ¥len? WHFCH 131,

appl i cat i oembafdiracat/sfttaaimgertionyand a siuation (dwvhich the system onagebé usbdch has
paral |l el sides. 6 Detailed Description of the enbodinents Fig 1 (a) is a
bl ock di agirhﬁ]ni‘?th@gtatcﬁf’\'ﬁlp %th@rfﬂﬁ%ﬁ‘tﬁ%\it of the invention which 5 conprises
a wreless transceiver 11 and a signal-processing unit 12. The transceiver
11 transmts short pul ses, typically RF waves, via an omi directional

ant ennab 16 FigaBdwhisbds composet of Fégl2 &) gamall (b, dlbusiestes arsimplified sensiomuofdi ngs.
10 The funcgtion of the.transcejyer, 11 is to repeatedly transmt a short

pul se and ﬁ??eﬁ'?qag@é‘ics}j:'ﬁﬂ%o@rbd iﬁes ePWeu%‘iﬁmﬁféfﬁﬁ’rhe di giti sed echoes are
then fed as inputs to the signal processing unit 12. The antenna 16 is
preferably an omi-directional antenna, which is easier to 15 design than a
di r ect i onalFighdt isrtnblock siiaarae ofya fikst varsion oba signal praressingriylitof tBesi des t he
antenna 16 nsgeiver 11 may al so include a dupl exer, a pul se
generat i onsx%ilgﬁ] Q{@@Sg timng control unit 112 and an A/ D converter 113.
The si gpal processing unit 12 can be integrated to the transceiver 11, or
it can be remptely stationed. The processed result nay be transmtted

wi r el ess| y Ai$439adiog digaere of arigcapdiversion phasignalioresassing wnthehiher er  11.
Fig 1 (b) wwﬁpp{ tfre embodi nent 15 of Fig 1 (a) is used in an

envi r onnent IC |§ d two-di nensional space defined by a polygon 13. The
polygon 13 in Fig 1 (b) may for exanple be the floor plan of an office in

whi ch the stem 15 (s 25 | ocated. C.CD, DE and EA stand for the walls
of Lhe of f Fib.5 MICISeoRROTH P ERaR < SiahGhA s SHOWS ELSHRIING RRLRIHES Do any
ot her ﬁﬁap?)hiéﬂ Héﬁjﬁ%& ﬁ‘\fﬁ%régsfbﬂn%'ﬂf wi-thin which a user noves the
system 15 (i1t cou e of any sShape). e’'system 15 attenpts to identify

its position within the working space 14 by the antenna 16 transmtting
signal s ang.detectin ndidetib.in the 30 nunber of echoe om t he
o See of "8 Bif Btk BR8N 2 bty ViR of B SR BFosins K6 il 6801 o
out puts t hgysteheof Rigel positions of the transceiver in real tine 121.

20 Fig 7, which is composed of Fig 7(a) and 7(b), illustrates problems encountered
in certain applications of the system of Fig 1(a);

Fig 8 illustrates a step of a proof contained in the Appendix;
25  Fig 9 illustrates another step of the proof contained in Appendix;

Fig 10 illustrates a limitation in the applications of a system as shown in Fig 1(a)
in an environment which has symmetry in its shape; and

30 Fig 11 illustrates a limitation in the applications of a system as shown in Fig 1(b)

in an environment which has parallel sides.



4 7 Note that this situation nmakes the follow ng assunptions: Only
teflections fromplanar reflectors (such as walls and large itens of
furniture) are considered. It is assuned that reflections frompoint 5
sources either do not exist or can be filtered out since their magnitude is
much smal l er than those from planar refleectors. Only direct echoes are
consi dered. Echoes arising fromnultiple reflections of the signal are
filtered out before the processing, using the fact that their anplitude is
much small er than those of the direct echoes. 10 Only specular reflection
i s i ncl udedDetsiteet Deacriptioin efdthe embodimieatsst r ongest conponent in a diffuse
refl ection, and other conponents are filtered out before further
processing. Before considering this general case, we will consider a
simplifiedpygH (sa)qg aqiloémelab%rnrimmt@mrhgIdnvéhbaambnt of &indealion WhidHi s
version, the polygon 13 is replaced by a triangle in a two-dinensional
space d&f i @@mmgseé@wrrqteﬁattr@@sszelvgr 1Tpadia $|§hgll-rér°ﬁa§SlB@Mﬁér1Q AThg position
(0,0, c i st ances dAB,
dAC and dB&ﬁap‘g?%Me ?1 Qr’éﬁsﬁ%tsl:??\%ﬂﬁ%@%s {?ﬂo%%l eg SI M J{ﬁm‘i’}“ angl e 31,
are cal cul aﬁredﬂcbmalramérmﬂwsar(d reveivels reflectet )sigrialé l‘ecrroeé) frotretheechoes 20
(velocity of light x tinme-of-flight / 2) to those sides. Note that the
syst em doeSUAGUNAINGS: a priori which of the three echos it receives
corresponds to which side of the triangle. A vector, (d,,d2,d3) , referred
to here as a "vector of distances”, is fornmed by arranging the three

di st ande véﬂheemhomoasﬁelmeitragsmldarﬂ MOhepéaﬂedU/ltra:n_srdltaEsm pul@®ahtl can be

proven (se endi x b that rOV|ged the triangle is, no n i soscel es
triangl e, ?fﬁé?ge eéveaag h%@!%&?‘ﬁ@%?e%’?épe%} ‘ﬁ‘?%t ances and
a corresponRghig to & g,bﬁm b,@cggvgn$@hﬁqgl_e ABC. The mapping is in fact |inear
within each of the siX sectors the triangle ABC indicated by 30 hashing

in Fig 2(b), where point Ois the "inner centre" of the triangle, i.e. the

three - he g BIS PRIl Bh PRl oRM Bien . WHERGs $808I0, ¢ 1

corres IEPQndfiie@gnathdhfaic @irédtional amennht 8spgedidlly P ARM. bdrRIWIdIPORRAtsidrialg gi ven
sector has a one-to-one mappi ng with a given point on the respective plane.

In fact, tHesdesheanteana e, tneutfaraﬁﬁ:ea@r 11dnay alse inelkde @diriexsr, ehe
triangle), p%ﬁ%ﬁ%[atl&ﬁ uﬁﬁqéjl?’g%’ﬁnbgsp rSF@r’ﬁf’iW%néé CRE Qén\grtc?trhﬁ Sides of

the triangl'e eren ernutat’i ons and d3
(d,, d~, dk) Thepsignalngocessiig ahit P cfalmebezlrwegsretﬁd)rostheftrﬁsge%bMtbleut pahnt P is

in. Theref re, the nmappin its inverse) between the osl ion of the
system 14 %@dem@e eggtpbqneg# ﬁﬁeﬁfaﬁ%%‘sedc@ﬁuﬁé“%%Frﬁﬂﬁﬂ"tﬁﬁﬁpﬁ’ifﬁ gssiydar
functi gps. o%ﬁeﬂﬁro%éém%%e@i&@é%ﬁfee\ﬂwéll%@étr’a%mﬁ%}oﬁpt of the vector of

di stances can be generalised fromthe triangul ar space of Fig 2(a) to the
general polygonal space of Fig 1 (b), and it wll be denonstrated in the

di f hi f
o Stances. 4 NEICaREnERN e habedRah0 IORF RGNS Futed W labiigmigiLe’ °
Met hods whivgHiciista wbmhéﬁﬁbﬁapécréobeuéfm\éﬁrﬁy @Poly@@;hw@e The Sﬂ&ygumgsm ep in

whi ch traini nq data i s generate | ocat i nfg system 15 successively in

di fferent thiGilth)gap e examele be the: beObplan gfian gfﬁﬁg in afhichcthedsystemalSsis(t he
vari ablzg ' located. AB, BC,CD, DE and EA stand for the walls of the office. The area 14
(which is shown as a rectangle, but may be any other shape) illustrates a

working area within which a user moves the system 15 (it could be of any
shape). The system 15 attempts to identify its position within the working space
14 by the antenna 16 transmitting signals and detecting and identifying the

30 number of echoes from the sides of the polygon 13. By analysing the received
echoes, the system outputs the calculated positions of the transceiver in real
time 121.



20 |'abels the items of training data). The dotted lines 14 of Fig 1 (b)
represent the working space within which the training positions are be
arbitrarily chosen. Due to the phenonenon illustrated in Fig 2(b) that the
vector of distances shows discontinuous changes at the edges of sectors,
the training data will tend to be clustgred, such that (in the case of the
environnment of Fig 2(a)) it is conposed 25 of points on the six planes in
the (dl, d2, d3) space. The training data) i.e. pre known coordinates (Xx;,
y;) and the digitised echoes received at these positions, is used to |learn
t he mappi nijlotethatdhistsitaation atakes tbé fellwsvisy assumpborsid t he vect or of

di stances. Then _there is a rki ng st LN ich the system 15 is | pcated
& Unknown DoSITY Enechpsfipm Rl (<leskals (Fuan s Wads SPH e IEFng  ne 30
vector of di st aRgRfur)@ré '&SngiBBFéd?‘Jlt _saséuﬁueﬁ'tﬁa?re?@ett{?néi?ém%mﬁttfUCt' on of

a
the signal processing'unit 12 in a first version o e enbodi nent of Fig
1. The %rai ni ngsooeswithief dowmat exisépr ear bediltebsd dot since theiomagaitdde fse

wor ki ng node workflow is represented by soli rrows. The system 15
i ncl udes a swi tm%‘ﬂpaiﬂ(}aﬁ?%?ﬁe &%mt‘ﬁﬂ'i’?{greﬂga%%n these two 5 processing
nodes. | n the, t P drectBddesidt8 coRbIIBFEE EMREs Risiy fiém%ﬁﬁiﬁ@ ved by the

signal processing unit 12 are first pre-processed in pre-processing unit
21. The unit 21refectionawf thesignpl arediteredopt beforrithe proepss$ingngsisg & of

SarDl 19,2091l hal Rl d R UE s PSR A B ©
steps & 9. fd !l iCHIy Bpecilfr feflethien Lsr iﬂﬁfglggd[‘gt)é@ulﬁf reflestion id %Sstro-zl:{%@st

pre-processed wavetorns 22a are then f into a neural network 2Z2. The
trai ni ng data alcomponentitnes diffusezeflectinndiandatherosorapenents arefilleredouit (x, ,

y;), and these | are also fed into the 15 neural networks
22. The neural ﬁ%‘?&%&ﬁ%@@#@?‘é@ﬁ@s of the neural network 22 are adjusted
(using conventional neural network algorithms) to reduce the sum over the

training points of an error function which_neasures the difference between
t he known &%mw'ct%ng t?!s)g%ﬂﬂaltfP?éeoM{ep‘Mt” copsigter ermpéfiedversianet theo2
when t A ke ek r n.so

trai ne(h;;g rﬁg@‘ggﬁ@%&@egﬁﬁf mgﬁt%'r lbﬁrﬁ%“ﬁ%%@%?ﬁ @%@Qﬁ l?%i@ ﬁég%é(?!s]l Pon
(xt,yt) basgzhgia ireahweslimBngioabbspace defaied Heod-oodinateg %, lye Thgdtiamglé5, and

h fl i in.pi d fed i 21 b i h
L proces s done AStpaslon (E0) R abRSlSE piray a93% tbesition Peydnto ¢ he
neural net wiekdigdndes p’ﬁ%%%ﬁn‘ﬁ dlet #bH R IIMEPROPIth tRd tHrsk sidas &f

thghe
transmtter based on pi ng and out puts a position si 24. The

nal
wor kf | ow oftriangle SdndrevealsulatedfromitbesiQrs(tinpe of dight)raf thairef?emewmhw system

of Fig i ho in.Fig. 4, e. traini wor Kf | s represented by the

dot t eq?d0 JYFERL ahnE xtirde-ab Tk 205t s ides. Rife T FE S950H Hest ol 1
arrows. Dumob@néWes pfich Whith ofathe itfirdelsthoglitieeivel dofspbadsto Whithesige ng

unit 12 shown in Fig 3, the reflected signals 41 a are fed into the

pr e- pr ocessf the triangled A vector ), d,,iap) geferred tcohenedassa Jvadtonidfdistancesls. The
signals 42a output by the unit 41 are then fed into a unit 42 to calculate
vectors of igfaymeddasauangingibe three slistanee valies i ascersting pederhswch t@ti nt o a
neural net Q(d? along with the coordinates 44 of the present training
point (x,,VY,' ). T g"neural network coefficients of the neural network 43 are
5 adj u%ged (using conventional neural network algorithms) to reduce the sum
over the training points of an error function which neasures the difference
bet ween t hdt éarobe pposn (serApendiybéloan thatiprovided dhe fangie tsheotragur al

twork 43 when t t 43 i nput_to.t t 43. 10 |
he o ki ndsGRGRIes [iABOe ote (oA CEPgRATE MEPBIng SeRanIPe VEeRea i n the

pr epr ocessidiganddd afld a cUﬂl%sbSﬁb‘i:cnb HsittindRahe trity @B d. e idPpingtie ik he uni t

42 for calculating the vector of "distances 43b, Wwhich are subsequently fed
i nto the nédactdineaewiibirkeach ofthetsixiee@ors pfdbettriangleo ARSS indieatedtty, yt) of the
System,gs %Létsmﬁtg iﬁﬁ-‘ig 2(b), where point O is the "inner centre" of the triangle, i.e. the

intersection of the lines which bisect each angle. In other words, in the three



15 The neural networks of the first and second variants are preferably

mul tic-1ayer feed-forward (FF) or radial basis functions (RBF) networKks.
Wiereas the first and second variants of the signal processing do not take
any 20 account of the inportance of the sectors illustrated in Fig 2(b), a
third variant of the signal processing unit 12 of Fig 1 includes neans for
clustering the vectors of distances. Th8 clustering of the training data
into six different planes can be done by a 25 Hough transform (see Digital

| mge Proc Gﬁﬁéﬁ&onﬂ%@cé%&,@%#]@é@ﬁbf the sPPBEGbRY corspmad th-a J¥ferkntand
Addi son Wesley, 1993). A Hough ransformis frequently used in inmage

pr ocessi ngPlagel Within g space\Earkt RIIRT iNi shgivan Sertar hasa one-to-enednapping of
specified gk . Thi s r sGLint | e in the
Tage. spac it avef pRTRIE e ERaNE G I (8 FesR et e BEMIHE ! e
detail ed pastediderighs2rebafitie tranyls)rahereThgl apidds assthegrelspativeoks.

Experi nent has been fouynd that a Hough Transformis able very

I 1y, i ] _
accur at®l yiiqr@¥la§ ﬁé@?f%‘d%e thedrianglg; ane A Ssath duprredifferent permutationsigf as
shown Fig i e, 6,pl T f i however
ot coluerdt e (e d ARy Pa AR L bR RBERY BlEG 8P imone.
O her than : f O "
sel f-or ganpg?ﬁrtlg Iﬁ#%ﬁéwéeﬁk rﬁd?g@ﬁ?%ﬁg“ﬁé@dﬁ?@%}g’%gﬁ H?é’g’élt'gP ic{fi es and
correl ati otte systéinel4 apditise eectonotdistincgs yandepdesotibpdiyesix lindare are two
common structures of self-organising networks, conpetitive 10 networks and
sel f - or ganf¥1N§"Faps. These techni ques use entities referred to as
"neurofg", but these are not to be confused with the neurons used in the

neural networks 22, 43 used in Figs. 3 and 4. Conpetitive networks learn to
recogni se Ymdlipe apfpreciatadatihat theuconaept of the \Geitdr efrdjstansesmgambps | earn to

recogni se gqrou of (sim.l ar. i nput vectofs. | ch a wa hat neurons
bhystcal &y JeBeREPd sRofinsiahofiat sete 8t FigdleL e udiat P diaiPare: npu
vectors. | af BRf f(bfastbit willBe Yefichstatddm thetAppdndiaihat el preeenby of geur al
network coefficients". In a first formof |earning using self-organising
maps, the ABartaiongaNappighsiwees tkiavectar of distangasandlocationminstdegr oups of
sim |l argdi - j OF . A "distance-location vector" is nmade
up of E%e éé&pgﬁ H@?&%ﬁgﬁlhnégggrgg%%%%énat ed with the vector of the |ocation
(i.e. the training positions (x;,,y~)). This distance-location vector
provides npre information for the clustering of the training data. 25 Fig

5(a) il | usMetheds whishareambedimeants ef thegn ippludea HARNG $eRtin on

t . Vegt j i LA : d
fed into anii GaBindudaionBhertha By Toctgito S Cho M sLBb sl M 50, The
uni t 47 codifferentdraisingrpositionsdxsy;oby digitsing refleated! siprald Dtheowariibiat es i nto

t he di | ti, . Th LSt - . i fed
nto w2 fabsis e fetng B Blne, dhe) St APEen S 14 28 Fid 2 e seat fenat | on
vectors i n%rlﬂn?%ﬁaé@?vil’hwmiqh(% tefinifly PéRRionBAFE BeldtbitRRily 868eH. iDuees 1N

them The output 49 of the unit 48 whenever a given distance-|ocation
vector is tnthephenannenonsillastratedrindiig:2(b) that the veistorrefdigtancesshowsdi cat i ve

as that i ROl o iCetdHoes ot 3he SBHRE 31 SPERI 2hG A erfhufurhaRgbE, Lot
vect or s i ntlustergd osyrsh ihat (intne odse of the énvipingerit ofFig D)) itiioamposdedi ded by
the bi-sectors, Unlike a clusteri nﬂgmat hod usi ng the Hough transform this

s r ! oug !
met hod2®o0e8f RBiNts ap dhe sixyranes intbaddl (dd 43 spaca. EhelathingAgohei Preshape
and can be i : r , cenari . i 1.
clusteri ngkﬁg‘{ehé’% tg ﬁ%ﬂaﬁt(g'ﬁgg% ﬁggg ?jﬁ |VéJC?€r}osejs?rseé§Wg§mta‘??ﬁr;@% %&Ig(?ﬁ and
Fi g. 5(c). isTised toelebouthef mappingdratwgen shé isation of Hre sysstempt5 and theat , wit hin
sections of an egél ?sed aﬁga, there is .Iir}ear, transformati on between the
Vector of uPSesREAStaNGES; fBohHeIBds aiwiing siap in g the Sslar 1§ 1s
nei ghbouri (U } AR I Bt HhR: | i near
t ransf or ma'ﬁb gtrt]édligﬂ%g? mﬁ hgltng[ﬂ) (gtgyéggpﬁg{se%dsﬁt#&glsgjgzﬁﬁﬁgﬁaaLﬁg gtaﬂﬂ\%ect or of
di st and@s wsectonef gistandesrarsbihebvapgingmat ed. | f these three nei ghbouring
poi nts happen to all lie in the sane section in the enclosed area, the
| inear transfornmation for the section can be correctly estimated. The

| i near transformati ons between the di stance vector and the 2D coordi nat es
are estimated for every N nei ghbouring training



20 points (the selection of the points affects the success of the
estimations). The estimation of the linear transformati on may be done by
the | east-square nethod. Fig 5(b) shows a lattice-like group of training
poi nts where the distance vectors and the 2D coordi nates of the darkened
point and the 4 points nearest to it are used to estimate a |inear
transformation. This localised transformation 25 is assigned to the point
of interest, i.e. the darkened center point. Fig 5(c) is a block diagram of
a clustering process based on locally estimated |inear transformtion.
Vectors of distances 491 a extracted fromthe training data are fed,

t oget her i i t he
oget her VG LABRI RSt r g sidrdd BrekedSing TS M a Rirson et ¢
vect or andthehembbdinenttas Fig deThe drairzsing shade wetkflomkis4epresentethby Hottédy ar e

I t dint Th { t 4 th 1.t i
i near ¢ 1 aRGPUeiAY B workinggoBe warkfiod s febresditeaity Salliiiows, Thed' ' ange 1
to N indicgpdtem 96 indhidds ﬂémtehf(ﬁ@t M@rfopiw%rﬁﬁ@Bé%érpﬁe%éﬂﬂBds to.

Concei vably, if the points shown in Fig. 5(b) do not all lie within a sane
sectiond 5proagssinggnodes.not all belong to one cluster, so an inaccurate
estimation of the linear transformation will result. Hovvever, if the

training data is well distributed, such that there are many nore correct

estimationgn tHWamrr@cmudetmeqeﬁécteufveamd)rfmsnzmame@m bgthwsigndP3 can be
used to accurately cluster the linear transformations into_a pre-set nunber

of groups PERGESSnG: it tasredistprerpranessed 'nﬁ)pfﬁnp@cﬁé$'ﬁgdlndi(?e1s Thetumiive t he

uni Tke o g B Bl prdoR S R BU LG i ity HBE Of pBRAGRRY " <"ere

net wor k& 48|g|t4§|iﬁ’g tlwretei\@ddoslgmls awer?gmglamon@ sighialscofodevarallemissionwhenever
an approprlate pro sse ortiron o t I Nl N ata.(e.g. a

st P oP Esantion yaieedp Tarliss uias. apdaBienalt oBR) S (e teitiiem The
OUt PUL Of §l1inci bl AL RIS LIS The SrolSBLLPRAVSRrint 208LrbltALA

anot her unit, FT]a55| ying unit”™, to recogni se assocl ations between the
training dmcmrmma nehsglenativost BZSThQUaMmg;dphacMwmqltw&shtbwﬁD gogidinatesd) , in

whi ch, d k
(e oo oRgabh Talilif PoRE oB/¥: foadfef 2D cofa Bt 227 dreid fod S Wl or s
of di sggnceaehfidqetnbkstaze T%Lrﬁlﬁépné{%rweeemmhfseofqhaﬁe@fammtwarkt 3p of Figs.

5(a) or 5(c). During the training phase, the L%)O network 4 IS
si mul t aneo@&e 9d111§t>9c%J wsinghospvenjionakneisat retwork algorifims) horr@dug@tthﬁ 8UBf 25

ol ust or i ng AT 116 (P HRSETHE 2 4PE ABlT B SheHRu RS R difrheE) | 0y (e
wor Ki ng ph@eﬂueémmwmdwmaﬁsmns OGS )vmd the dutthZAV@CthH sewhl Aetwak 0es
(shown by a solid arraqw), operates based only on themto identify the

30 group, Wrﬁﬁ?r}’!ﬁ\{qfﬂrﬁnﬁ B%aﬁmrﬂwt@@q Reyrabnetwase 22. t o N i ndi cati ve of
whi ch ggoup the vector of distances corresponds to. Again, this nethod does
not require the surrounding to be a closed pol ygon. 14 Referri ng now to
Fig 6, a tMheh sartizimad,diie shstem Hbi trmwomkmg mg:den:iam déter.rhlnla itp dositsorb
shown. The work flow in the in tte arro andthe
vork 71 o (hIORESN A oRRSSAs AtkASA R st BUFBY tsharetatsefs, Hnd e

training Wéﬁect@hgfﬁé%géfrﬁplbk@d‘ﬁﬁ‘atnﬁquta% élé‘r‘i’al§‘2ﬁbC?Ht%Qhé$?elﬁ|‘oéé§%l St em 15
and signals reflected | anar surfaces are received by the transcelver 11
of the systsih2is Thwmecmopessemslgnaif&bhe themfestinta the neurabaetwearlk 22

P ¥t or 28-Sy BB aetamhiRer dhé BERNER 1SS vb e BB Vector o
di st ances, n@ﬁmbm@endlduvpmsﬁﬁomﬁoﬁ ggnam.p a clusteringlclassifying unit 73
to be clustered 1nto planes. The clustering/classifying unit 73 may enpl oy

t he Hough Transformation. Alternatively, it may include a clustering unit

731 such a i :%rf?i) I

al gorithm Sl-sutz\ﬁés\@(flb hdgszgse escr |%§|8%5%g'\‘}%§5 angBtl i g@?l I Caﬂ)tﬁﬁeu#spﬂgsz (as

shown i n Fiof Figd6dg showa imEig 4 oTtealtraimingeworkflowcisuepresentediby the/8dttetlir i ng t he
es both the | ocation data, (from daf abase 75). and the

| ear ni ng phase re
veot or 381 " s uBte Hiworing ORI BePrRASRIS BY SR AT arrans) Ustiad Thi <
i's used durh@ealify, [dsfinth8 Yersies of i diRAIprbBEssing unit 12 shown in Fig 3,

the reflected signals 41a are fed into the pre-processing unit 41 to remove noise



20 clustering unit 732 to recogni se clusters based on vectors of distances
only. During the working phase, the clustering unit 732 is not used, and
the classification unit recognises vectors of distances w thout any input
fromthe clustering unit 731. 25 The system further includes a number of
neural networks 741, 742, 743. Note thaipthe neural networks 741, 742, 743
may be replaced by any other form of adaptive transformation unit (an
exanple is e are
chonn, -t he e S Bl on T R o2 PR Bl LR T o s o)
Accor di ng unitYleorahhrateciectdra of distandasodBa. Ttheddzatdrswif elistagcesd 8a a8l

dentif nb f the, TL | t ed d
TL T ear ni ndSIneE 140 STEEALREHOH #7. BbH WEsPecaerinafd £l o TrESeR  ha
Lrai ning myding BEir® (%A1 THE nehrch PRebIcRAAchY B thel Adulet nalvistk4aro t wo

sel ection units 33. The selection unit 733 Passes t he vector of
di st ances @dhisted (Ltsmgec@'nmlohabm@urabnemmlsafgousmmeh ouieduice the ;umwehie one

of the TL yni 741, 742 . 743 identified. t he si ously,
Che. el ect Hntrainfit poibtEor A Suer Hekbh Sud miraSi TR et Bany e

from the d#iekasewn positions ltg, yil-anditie bdpit l45'o¢thé>l9ieﬂﬂ3#nétv%“rﬂ|437\ﬁheﬂ' Iﬂee
coefficients of that TL unit are ad* usted (using conventional algorithns)

to reduce vRetossiAda@Ee inpvé te the Rewgl peiwearkk 48f an error function which
measures the difference between the known positions (x;, y;) and the output
76a of that TL unit when the signal 74a is input 10 to the TL unit. In the
wor ki ngo nodiethe wblieeg atbde, yieateﬂeiﬂedas@nalsfti1rbsar‘e3préqﬂobessredt|h6the pre-

pre-processing upnit 71. The filtered sign 72b is then fed intg the unit
72 to obt aPROFasENgeRibt1 o %ﬁ@ﬁﬁ%%’gnﬂgﬁzb @rﬁeth%é%tm%ith%ll@tté%d‘@% is fed

into the cly I f @@@3 I | ongi ng
to one of t gﬂngghgs\éé rotflﬁem%'?ggsstsﬁw(gﬁ?@%peu%?b 2 \A};if%ﬂlrgléjtﬂgfts a
resul t 76bnemhsd rmeweltkt43)whwh\| detéBBinkesdke 2Bepasitiaro (x,0f;) ofitbesystesn ada (whi ch
it obtained F (% m.t he classification unit 732) to the TL unit 741, 742,

743. .. i deRUtRY&d by the signal 76b. The unit 76 receives the outputs of
all thesTL units and the signal 76b indicating which cluster the vector of
20 di stances belongs to. The unit 76 outputs a signal 77 which is the

out put of tlie neurahnetwasksoef thediistandchsecand varianteare prefenablycavlli-layat t he TL

or el or abl y SRR D, IR paSAGRns, BB Rl ex (6. “a two 25

| ayer structure having an input |ayer and an output layer, with no hidden

llayer). This is sinply because the distance froma point toalineis a
| i near func\!t/herﬁaéfth&flgﬁt@@@lrsgcﬁaﬂé@rlaptﬁofé!aa&tgr@l pmpetsrﬁ@gc%ﬂptg@kata% of

'(:;(g _2( gg ) %‘&?o@ﬁﬁf@&fﬁ{)&ﬁaﬁ& oﬁgﬁg%% @gllﬂfsﬁateﬂ 316F§ ﬁ‘ﬁ) 2 tﬁlrﬁc\faﬂa@g 6f\(lgt(e-

XC - Xe
t hat nany \tke Brgtmtai;pm‘cesblag&ysttmbﬁlgli‘l g\cmdesenemssfdmlomstemmg thet Vexctersope of
t he |nvent 19?\%&1 rti cular, as nentioned above, the TL units need not be
neur al Sout may instead be units which performa |east squares

esti rratl on of i near transformati on 741, 742, 743. The transformation

between the vectors of distances and the 2D coordi nates obtai ned by
estimati on Theseldstering e the trginingdatadntocgix diftanertchlaneh cambecdnebipal ow. | f

of the28) LHRRIFERHT (S BB Roadt raRShe, Mot (Re el W™ O
sub- i ndex BGornizalbz, RighardZ. Wodd$ and AddidorfiWesley, 1993). A Hough Transform

is frequently used in image processing to link points by determining whether

they lie on a curve of specified shape. This method transforms the description of

the curve in the image space into the parameter space to reduce the

30 computation load. The detailed procedure can be found in normal image
processing textbooks. Experimentally, it has been found that a Hough
Transform is able very accurately to classify vectors of distances obtained in a
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Al t hough the, i nput froma pol ygonal environnent to the neural networks wll
conpri se nﬂpygf’ﬁﬁh three el ements nmaking up a vector of distances, e.g.
(d~,d2,d3..... dN), the clustering will then be to find 2D planes in the
N- di mensi onal space of distances. The Hough Transformis still applicable.
10 1 f the Riherthapfbysa b@yghﬁraméorah\the@m&nng may hendane by seif-erganisingnber
of pl anes T f . r. | ns the
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imfut§aad botbidirgiy abbapt Rspbnees t wo- di mensi onal . However, the

s are readily extended to real |ife, 3D situations, since the

roma point ~x~~ ~YY ~ zp ~ to 15 a plane Ax+By+Cz+D=~ is Ax,) +
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networks epdvadifforgaaisingemiaps. These techniques use entities referred to

as “neurons”, but these are not to be confused with the neurons used in the
neural networks 22, 43 used in Figs. 3 and 4. Competitive networks learn to
recognise groups of similar input vectors. Self-organising maps learn to
recognise groups of similar input vectors in such a way that neurons physically
near each other in the neuron layer respond to similar input vectors. In both
cases, the state of the networks are defined by “neural network coefficients”.

In a first form of learning using self-organising maps, the neural network
coefficients are adjusted to recognise groups of similar distance-location
vectors. A “distance-location vector” is made up of the vector of distances
concatenated with the vector of the location (i.e. the training positions (x;,yi)).
This distance-location vector provides more information for the clustering of the

training data.

Fig 5(a) illustrates a process of clustering based on distance-location vectors.
Vectors of distances 46a are extracted from training data, and are fed into a unit
47 along with the corresponding vector of location 46b. The unit 47
concatenates the vectors of distances and the 2D coordinates into the distance-
location vectors. The distance-location vectors are then fed into a self-
organising network 48 which clusters the distance-location vectors into a pre-set
number (N) of groups, based on the regularities in them. The output 49 of the

unit 48 whenever a given distance-location vector is input to it, is a the number

Thér%ﬁ{%ﬁt%@&mﬁ}o(ﬁzstméﬁ%sgoz é@ﬁi&@ﬁ@%@@aﬁeth% lcbﬁﬁ?‘:iti@ppi ng will

in 3D spaces.



20 find a 3D "hyper plane" within a space of at |east 4 dinensions (the
Hough Transform nmethod is al so applicable in 3D space). The neural

net wor ks, however, will have 3 neurons instead of 2. Note that the

enbodi ments above do have sone linmitations. For exanple, 25 considering the
environment shown in Fig 7(a) which is #n obtuse triangle, there may be

| ocati ons where not every elenent in a vector of di stances can be neasured,
because th bl I F)me f s cannot be
recei ved. El‘gb{?ﬁ?qugwgﬁ% RI%f&’t Hleﬁl r&jsm ed?}ﬁgéte:%ed si gnal

agai nst g¢8rrespandstten t he system 15 |s I n one of the shaded areas of Fig
7(a), and contains only two peaks. For this reason, the enbodi nents do not
work within the shaded areas of the obtuse triangle in Fig 7(a) because the
one- t 0- one|akparle BLEh B8 AHAh Mg QSthpéelftar‘gaihasuhgnémﬁﬂsme%amUsteﬁy pai r
of points that are synmetric 5 to the bisector LA or I ve the sane
vect or Df thesinputvectorsonta,/8 groups eorgsponding tofh sa@tﬁé%otnh@tvangléldwdad t he

hr ce.si el e PResio ke B (i0y8roh Methbl Tete ool fanSeiioMisn o ©
gener al i seghgtRodtdBBS ot AUirethe Ratuddingsad beya Blesed pdiyyonlih ehape derd
Whet her the work area 14 chosen by the user of the systemis 10 workable or

not can becﬁﬁ@ﬁdﬂRﬂJ?dW MeyelgangralsiceppBdyes i n the nunber of echoes during
the training session. It was noted above that the one-to-one mapping
property for the environment of Fig 2(a) is only valid if the triangle is
not an1d someilmnamieamgilastehbg asmgrtbeajlstancé-iochﬁomvecms isosimalvm@sFigf t he

t 15 | th d Fig 1 , th
one- Lo oneODaR £ Sfo) FhisTagibiR s chibens BiAseanan pstwapdon el "
symet ry i Qith{tPsdQiohs Ut andhsstiiPargalthete $§’§T\’ﬁéé# ﬁéﬁszﬁhé!ﬁkSH‘béﬁvéﬂh the

equi | ateral pentagon), for exanple if 1t has no parallel sides |ike a
rect angl e. vébtmewédl,stameus and thed> coarslinates B)hualng atdeasdidnaighbeuring thi s

one one, 20 .M 0 may still Flnall | though it is
theoretlcafrﬂp'ﬂﬁgs 't"ﬁ%{?ﬁgﬂ of JEn A sAWS pﬂf?gp%%ﬁ{t %Q?aﬁl[o by a neural
net vwor k5 ( e bgtwdsthel ZD ltbBRIih§168 07 aQi osHSTUARS B .vetoriT disthdédiCofthgugh nunber
of neurons and training data, in reality there is always a limt on 25 the

conpl exi t y Positioh@andier estimatedo fithesrithre@ naighbeurng @ointe happen tc@ abjigiimg

data. Thes g. 5,
but the en@b‘%%ﬁt&gﬂ%%{@éqégﬁoﬁg m‘%rq{ Iﬂﬁl S prgfg %t'to ough
t he i nvent can beacoriety edtintatéd cCthealmoes tmrfsfnrnm‘tlehem@twem tﬁwdstzmoe 30
enbodi nent s, rrany ot her errbodl ments are possible within the scope of the

i nvent i on, vastorand the 20 eegrdingtes aie estispted fakeverydy neighhpbdng fraiNipg | be
oD 23010 pBits eI ot b AHEBTHS SLoCRISHSS ouBRbfol Mhe
| ear ni ng t estimatiogiof the linear transformation may be done by the least-square
method. Fig 5(b) shows a lattice-like group of training points where the distance
vectors and the 2D coordinates of the darkened point and the 4 points nearest
to it are used to estimate a linear transformation. This localised transformation

25 is assigned to the point of interest, i.e. the darkened center point.

Fig 5(c) is a block diagram of a clustering process based on locally estimated
linear transformation. Vectors of distances 491a extracted from the training data
are fed, together with location vectors 491b, into a unit 492 for working out the
30 linear transformation. The resultant matrix is then converted into a vector and
then fed into a self-organising network 493, by which they are clustered into
groups. The output 494 of the unit 493 whenever a given linear transformation



20 Appendix | Statement: "G ven an arbitrary acute triangle which is not
isosceles and a point within the 5 triangle, the distance vector is defined
as the distances fromthe point to the three sides of the triangle in
ascending order, there is a one-to-one mappi ng between the point position
and the dlstance vector” (1 ) It is obvimus that given a point, there is
only one vector of distances. 10 (2) Suppose that there I s a distance

vector (d, |s |ﬂ wﬁ')ﬁ?]ls"% tHe fumbe ﬁ\ztg%mﬂg e 1 tthnﬂﬁ Qﬁvﬂﬂ@l’(@e J\;J; there s

only one Ina tri ang ch gives i stan ctor.

Assune that/ecﬂmebédistmdesmqnmspbad$m., y, ) and (x2, y2 ) which give the
sane di stance vector (d,,d2,d3) . If the distance to the three sides AB, BC
and ACto the first point are |abelled dAB, , dA~, and dB~, respectively,

and the di %@E%b%lfftﬁé”ﬁbﬂi@ sF\B\WﬁGFn ?ﬁgj%(b)t do hB?aﬁﬁéW?ﬂanQ's@Fn@éé‘ctioﬂbm | ed

dABZ , d Ac2 and hout | oss "of generality, there are only three
POSSi b|$| tlEsthedNH not ajmom\m one@mmrdsslan-lnama@oeqtmam@f thedACZ ~ (b)
dAClI =

onse (a1 Ined udiiofiitar iyl BRuf i Rusmiring Faining o TR o ot

Fig 8. If &ueh Vchdﬂﬁen@@re%ﬁhﬂ@rrﬂﬁé@oh@bt EStiMBiothaR indédutald Griedneife dABI =
dABZ and dACI - dAC2 to themrespectively, both points nust lie on these

two |ines ssifesgrnisingmetyorkstdt ean herused tplacsarately\clester thetlinveaéct i on for

b
e 51 t aat ronetRieha it Ao ke B ks AR Sobp.of #EORI T 0
PE - 116C Znis MK toePsFve tho disddvantaddiof reBDIig the mbURBIRGE 15 . and

therefore FP PD P D CfP . Since FP' =FP+PP" an
be closed- polygon in shape, unlike the Hough transtorm.

As described above, the self-organising networks 48, 493 learn to output a
signal indicative of a cluster whenever an appropriately processed portion of the
15  training data (e.g. a distance-location vector or linear transformation) is input to
them. The output of the self-organising networks is useful because it can train
another unit, a “classifying unit”, to recognise associations between the training

data and these clusters.

20 This process is shown in Fig. 5(d), in which, during the training phase, an
adaptive model 496 known as an LVQ (learning vector quantization) network is
taught to classify input vectors of distance 495a into the clusters derived by the
clustering units of Figs. 5(a) or 5(c). During the training phase, the LQV network
496 is simultaneously fed (as shown by the dotted lines) with the vectors of

25 distance 495a and the corresponding indices 49, 494 obtained from the

clustering units (these indices are shown as 497 in Fig. 5(d)).

During the working phase, the unit 496 is receives only the vectors of distances
(shown by a solid arrow), and operates based only on them to identify the

30 group, and outputting the number 498 in the range 1 to N indicative of which
group the vector of distances corresponds to. Again, this method does not
require the surrounding to be a closed polygon.



FP* P E PE GP GP=G> +PP', it can be further deduced that FP=GP'. Then
together wwth 5 PD=P'D, we obtain O PFD - 0 P A& . As aresult L DFP=L
DG . Since FG/AB, LDFP= L Aand L DG =L B, it is shown that the two
points do not coincide only when the triangle is an isosceles one. On the
other hand, if this condition is satisfjed, it nmeans that there is existing
symmetry in the geonetry of the triangl4 and there are at least two
different points with sanme vector of 10 di stances. Case (c) can be proven
by cal cul ation of the three distances. Wthout | oss of generality, the
triangle and the coordinate systens is aligned as shown in Fig. 9 . Then
the distance froma point (x~Y) to the three sides AB, BC and AC, 15

respect i Vehléf Hﬂg\e‘am l-:g% L@ytﬁﬁd'vaffiéﬁ G t?ﬁ@ s)ig]ﬁ'al'é) u@eggélr%sﬁﬁlt 1?%hf-‘|g%)f(fs(

)z | ycx-X For

(x1,y1 3§ XQwCSw:YCThe Worleldwﬁﬁltﬁe Béimng(lﬁo’ﬂe(lsshown)iRdbttedmrows and tie Yc * (xa
+ BO - ~ 20 BCz AC-Y' BCz ﬁ (11) For (x2,¥2): 22 Yc *
X~ - (XcC _wggk 5Iow wﬁhewggqmg modeis_shgwn\ig solid artows. Agayy, in tRe trainigy (2)

e cnus U SRS kel iaind Kinadnd g ol detiuah o 4ad ipty (),
can be provefi¢cted hygptar@elsuefacd!mare' tecevedripothei trarsceiver Hdtdf thespstent o be
e hr AU ouEY . SER flecabitk 9 0 agl oo dBET Dl P21 ™ e
|to; gsggi@ | feri@Ve hoReEHESigndiisterttinal 'Tﬁe(fﬂte}eoaﬁgnélg)ﬁah@resthéh%@THto I2S
unit 72 to calculate the vector of distances, and the output 73a is fed into a
clustering/classifying unit 73 to be clustered into planes. The
clustering/classifying unit 73 may employ the Hough Transformation.
Alternatively, it may include a clustering unit 731 such as shown in Fig. 5(a) or
15  5(c) (implementing a clustering algorithm, such as those described above) and
a classification unit 732 (as shown in Fig. 5(d)). As mentioned above, the
clustering unit 731 during the learning phase receives both the location data
(from database 75) and the vector of distances, and it outputs an index
representing a cluster. This is used during the training phase to train the
20 clustering unit 732 to recognise clusters based on vectors of distances only.
During the working phase, the clustering unit 732 is not used, and the
classification unit recognises vectors of distances without any input from the

clustering unit 731.

25 The system further includes a number of neural networks 741, 742, 743. Note
that the neural networks 741, 742, 743 may be replaced by any other form of
adaptive transformation unit (an example is given below). Furthermore,
although three neural networks are shown, the number is not limited to three
(and is in general many more). According to the number of clusters which the

30 clustering unit 731 identifies, an equal number of the TL learning units are

activated and one TL learning unit is associated with each respective cluster.



For the polygon with 4 sides, simlar reasoning can divide the possibility
of follow ng cases (where AB, BC, CD and DA are the four sides): a) At

| east two distances to two respective sides are equal) such as dAB~ = dAB2
15 dBC~ -dBCZ . dcm = dn,az dnA~ = dcoz b) Only one distance to a side are
equal , including dABI -dAB2 | dABI -dAB®% dBC~ = dcDZ and dBC~ - doAz dcni -
dDA2 dcoi = decz dDAlI = dBCZ doA~ = dcDz 23 c¢) Two vector-of-di stances'

el emrents a feds I [ [ oo hNg. = dABI =
doczaner Pl hbag) i gk REb b dlng Aot 818 st BTt oy
dg\BZdBC:j- dagzti@DuSitﬂDga a'nd(730?|3.-T rﬂ?wemdamnigmmaassth?AvBefmAg ' gCDI |_3 | dAB2
"dUAI - dA112dDAl- DAl - dC D2dpAl - C2dDAI - | - -
dDA2 dABI é'smsdﬁgﬁ%%‘- it gegves i the clpssificglian ugnt%tfamq oaeeg%eﬁ d dncl
= dcDz dcDyn Z ida T iHiion= dABZ
| dDAl = d([:)HQHT ZII?)%I 7i2§%§ I(zjerlg%'cﬂ By:fhdﬂgghl%gééga{géjltgg)g)ttlﬂé’qﬁ%squenggs of the
vect or Bf dhiéi7aaqasses thecomresponding tdcationdatarbnngrfrem the databaseatfgloe. 10

For cases (b nd..(. L to.can be prayen, by cal.cul ati t there is at
st on y bEF idinies S Peato e fyRkastr e et EC bels e unen o

sol ution f gfjustesd disidgEe@ientivhal Sigenthiisy to ré@sR thatupe bResther teaifingher

i dentical (in case b) or cannot be within the Pfol ygon at the sane tinme (as

in case c) potjitsy eham gaor fungtien;whiglh measwes the differancedigiyean the knowng 10,

parail o opaetofa B MM theoubl PoR L AR i SfthBeiIng PRl EA L AnBu'
poi nt s10 Feg the Polupigon with nore than 4 sides, i.e. N>4, the condition for

two points in the polygon corresponding to the same vector of distance can
be witten as: x x' 20 Mdx3 Y MNx3 Y 1 1 where Mstands for the matrix

e e P o Bleclisbh R Pl A= % M hebcglost o
unit 71. The filtered signal 72b is then fed into the unit 72 to obtain the vector of
distances. Next, the vector of distances is fed into the clustering/classifying unit

15 73 and is classified as belonging to one of the clusters, by the classification unit
732 which outputs a result 76b. The selection unit 733 feds the vector of
distances 74a (which it obtained from the classification unit 732) to the TL unit
741,742, 743... identified by the signal 76b. The unit 76 receives the outputs of
all the TL units and the signal 76b indicating which cluster the vector of

20 distances belongs to. The unit 76 outputs a signal 77 which is the output of the

TL unit associated with that cluster.

In the case that the TL units 741, 742, 743 are neural networks, they may be
very simple: preferably simple 2-neuron linear feed-forward structures (i.e. a two

25 layer structure having an input layer and an output layer, with no hidden layer).
This is simply because the distance from a point to a line is a linear function of
x-y coordinates. For example, in the configuration of Fig 2(a), the distances to
AB, BC and AC are:



24 1f Mand M are witten as: ~M~- 1 M) and ~M-~ | M2~, the equation Nx2
~ NxI Nx2 ~ NxI can then be further re-witten as: x x \// Y, Y - M /N&#
X. _ ~M - MZ ~Nx, or Ax~=B. YYG5 If N5 there will be no solution to
this equation unless the according rows in A and B are proportional. This
is inmpossible based on the definition of Mand M and the assunption that
there is no symmetry in the polygon and no parallel sides. 10 25 d ains
1. A systemconprising: a tragnsmiter for transmtting wireless signals in
all directions within a 5 randé of directions, the range of directions
including at least all directjonsUichi dxprandy —awetei ver for receiving
echoes of the wirel ess signal g’from@p +q5cr_ggg on in the range; a processor
for processing the received echoes t %erl‘ve égho data 10 signals

i ndi cative of the distance of, t heQgystemto a plurality of reflective
surfaces; and an adaptive systA'"erﬁfg)gz: guri ng a training stage, |earning at

| east one associ ation between the ¥c¢ho”'fata signals and the position of the
system based on training data 15 conposed of records of echo data signals
and associ ated system position data, and during a working stage, using the
echo dat a bogthat nany variante of the systeicftRigh are possiblerivitbin the ssopetdfon of

the syst ®Mhe invention. In particular, as mentioned above, the TL units need not be neural

5 networks, but may instead be units which perform a least squares estimation of
linear transformation 741, 742, 743. The transformation between the vectors of
distances and the 2D coordinates obtained by estimation based on least
squares is represented mathematically below. If the mapping between the

vectors of distances and the 2D coordinates for one of the clustered training

10  points is written as (for one point with sub-index 7):

d]l
xl
d2I
=Aly, N
1
le
Then for all the training data with sub-index =1 to M within this same cluster:
15
dn d12 dlM X x. e x
d d d 1 2 M
S = o e  da (2)
) ) ' ) 1 1 - 1
dyy dyy,  dyy
As long as M 23 and not all the points fall on one straight line, the
transformation matrix 4 can be estimated in least-square sense as:
20

A= D pseudo — inverse(X) 3



20 2. A systemaccording to claim1 in which the processor includes a
di stance vector determ nation unit which provides the echo data signals as
a series of nunbers which indicate the distances fromthe systemto each of
a nunber of respective reflective surfaces. 25 3. A system according to
claim1 or claim2 which includes a clustering and classifying unit, the
clustering and classifying unit being arranged: during the training stage,
to partition the eeho data sigpals of the training data into clusters, the
adaptive system | eprti ng?an assi¥cj ation flgf each.clgster between the echo
data si gnal Oflib tcl dst er- adg, | he %g§_0|ated positlions of 30 the system
and 26 dW%PHﬁ fie wor ki ng. st age| 3% & & e WheH| cluster the echo data
signal s bel ong to, [whereby the adpptive g)ist dm det et ni nes the position of
the systemusing t @vil edwant”as ation of the corresponding cluster. 5 4.
A system according to claim3 in which the clustering and cl assifying unit
includes a clustering unit adapted during the training stage to derive a
cl uster inTag vandus embaliments of the tiventiondravatsénddderibbd abobe witt a
si gnal and a classifying, unif_arran eg during the training stage to |learn
ian, diihe

associ Zsi ofeferancgdaiihe giu offiga2sh ig implementation it e shyatieB of and

duri th L - i p h

dat o o gnal B SPVR RARRHGRL AoRh te PR i LI AGIT BV 87 0
unit is arthegedrat petvgrkowilbcoraprise mpre dcamthrqe @emeatsi roakiab g a veotor 15 6.
A t i t | ai [ i,ch the cl i it [ th
oo 2EEA s, el A U ol BiarBe Kot S ABAL TS
dat a si gnakfe RMMIndn8iones 8FacH 8CdiBRNCES OTRe Hough THHASMAs SAll dpplitabie.cl ai m 5
in which the clustering unit during the 20 training stage is arranged to

t ake a$0i njfibe aumasrof sigasgnitee egvisonmantis unkagwnoamieisehndeierefl from t he

or coedi ng_ Bl aRR P ERTA ARG e dtre) SRLACI AR Rt 2

net wor k. 28imple 2-neuron linear feed-forward structure. Furthermore, the situations of Fig

1(b) and Fig 2(a) are two-dimensional. However, the embodiments are readily

extended to real life, 3D situations, since the distance from a point *»>¥327) o

15  aplane Ax+By+Cz+D=0iS

Ax, + By, +Cz, + D
I

VA® + B + C?

which is again linear. The linear mapping will be the same within 3D sections
divided by the bisector planes in 3D spaces. The clustering step will then be to

20 find a 3D “hyper plane” within a space of at least 4 dimensions (the Hough
Transform method is also applicable in 3D space). The neural networks,
however, will have 3 neurons instead of 2.

Note that the embodiments above do have some limitations. For example,

25 considering the environment shown in Fig 7(a) which is an obtuse triangle, there
may be locations where not every element in a vector of distances can be
measured, because the direct specular reflections from one of the sides cannot
be received. Fig 7(b) is a graph of the intensity of the received signal against



9. A systemaccording to claim8 when dependent upon claim3 in which the
adaptive systemincludes a neural network for each cluster, the neural
network being trained using training data for the corresponding cluster to
'earn the association for echo data signals of the corresponding cluster.
30 10. A systemaccording to claim9 in which each neural network is a

t wol ayer networKk. 27 11. A systemaccggding to claim10 in which each
neural network perforns a linear function of its inputs. 5 12. A system
according .o cl

a respecti @etv?@mn}rlﬁﬁﬁt?@n ﬁltla%g%gcﬁ%%sﬁaa%ita?q%o '8%2?%5%@ S h Cl uster

derive a rgARaiol peaKsi fﬁﬁﬁh%rréaﬁr?rtﬁ@‘éh%bd%ehissdé RBtABrk \Jaﬁhmﬂhéystem
according to claim12 in which the transfornation units derive 10 the

| i near tr afBadgdraraasmfite abtusestrianglednddg {(ydracanse iae eneda- O(ne)magpl.ncrs of

i gnal s as Pl skl b 5 techblis, 7Y R iy lletiet R SRR Ui ch
the signal o teehifectdbbofi/AbesB giveg i Samé Yector By Slistamcest Blolever Htaisoviti m 14
in which the transmtter is an otmmi directional antenna. 20 16. A net hod of

det er ni ni ngot wﬂug@@e theovaligity f thehnethod withinnbensushasast arsaref the tréiangie t t i ng

i et ons WiRT FerlectPhe Bonfh ke stueh of b LgiidiR 8an el sficbal THEC0L o o
t he obj ect sitwdtivesaled chhdegeraralisedsioon Mare iconipl@ngpade ddfnetbby anrge of
di rectlonsthﬁ%tﬁcesm ng the received echoes to derive echo data signals

i ndi cati ve ideB aYithetlgr thewvekjasea 1dshgsgn @Nathewebpfﬂ@f%&mv%
surfaces; didkikdifle dr hoREaH BE fSEAPEut b oRingoRthhfigsd indtRE RFSH&! &t | on

bet ween t he
echoes during the training session.

It was noted above that the one-to-one mapping property for the environment of
Fig 2(a) is only valid if the triangle is not an isosceles triangle. More generally, if

156  the surroundings of the system 15 are a polygon with more than three sides (as
in Fig 1(b)), the one-to-one property of the mapping remains true only if there is
no symmetry in the polygon (an example of a symmetrical polygon is an
equilateral pentagon), for example if it has no parallel sides like a rectangle.
However, even in these cases, within a certain sub-area, this one-to-one

20 mapping property may still be valid.

Finally, although it is theoretically proven that any one-to-one mapping can be
learnt by a neural network (e.g. RBF) to high levels of accuracy, given a large
enough number of neurons and training data, in reality there is always a limit on

25 the complexity of the neural network and the acceptable amount of training
data. These factors may limit the performance of the embodiment of Fig. 5, but
the embodiment of Fig. 6 is more resistant to this problem.

Although the invention has been described above with reference to the above
30 embodiments, many other embodiments are possible within the scope of the

invention, as will be clear to a skilled reader. For example, it will be obvious to a



echo data signals and the position of the system based on echo data signals
30 and associ ated object position data, during a working stage, using the
echo data and the | earnt association to determi ne the position of the

obj ect . 28 17. A nethod according to claim 16 in which the echo data
signals indicate the distances fromthe object to each of a nunber of
reflective surfaces. 5 18. A nethod according to claim16 or claim 17
further including: during the training 8 age, partitioning echo data
signals of the training data into clusters, the adaptive systemlearning an

associ at i oskifled neatinat theshetrabacRRs UBEd #Ethe eabadmaralase ehiyt hat cluster
and t he aSSOCIateleOSItlonS of the object; and 10 during the working

stage, det BxampiasEithe bioaderscepeaidr @éf%”@&@ﬁ learging @Cb@N@E{?St 0, whereby
the adaptive system determ nes the position of the object using the |earnt
associ ation of the corresponding cluster. 19. A nethod according to claim
18 in which: 15 during the training stage a clustering unit derives a
cluster index indicative of a cluster associated with the echo data
signals, and a classifying unit |earns associations between the echo data
signals and the cluster indices, and during the working phase to output a
cluster index based on the echo 20 data signals. 20. A nethod according to
claim19 in which the classifying unit enploys a | earning vector

guanti zation algorithm 25 21. A method according to claim20 in which the
clustering unit takes as input a vector conprising the echo data signals
and the associated positions. 22. A nethod according to claim 20 in which
the clustering unit takes as



i nput a vector conprising a linear transformation derived fromthe echo
data 30 signals and associ ated positions. 29 23. A nethod according to
any of clainms 16 to 22 in which the learning is at |east partly perforned
by at |east one neural network. 24. A method according to claim23 when
dependent upon claim 18 which 5 enpl oys2;a neural network for each cluster,
the neural network being trained using training data for the correspondi ng
cluster togal e association for echo data signals of the corresponding
cluster. Z%Qod according to claim24 in which each neural network is
a two 10 | ayer network. 26. A nethod according to claim25 in which each
neur al netggarkrr%erform; a linear function of its inputs. 15 27. A nethod
accordi ng N 18 in which the adaptive systemincludes for each
cluster a rGRBAMEHN aitFdrpelf fMhgRIwHRhlis Wbt %Bsé'éléé%dtd”'ﬁohf Pthin@est age
derives a respective |linear transformation of its inputs. 28. A system
accordihg trangieithe gistancewedtar isiaefinedrast iberdistaoees fipisthgapaintdodbet he

di ot ances. 1Re8 TR At E i dIE T Badetiie Srde Biehd 10 SRR Fiod b Ear =
si gnal s asbetwesi the ptiinfpssitidreanddeodidtargetvectary of clains 16 to 28 in
whi ch the range of 25 directions is all directions vm'thin a

t hr ee- di nensi onal space. 30 . Af. A@® A. A Ay. A A?. Ar. Al .. . A@ . Ayl .
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the first point are labelled 4 ,,, 4, and d,., respectively, and the distances to

from the three sides to the second point are labelled d ;,, d,., and d.,,

without loss of generality, there are only three possibilities:

dAm = dABZ dABl = dABZ dABl = dBCZ
20 (@) 3dy0) =dyey s (b) <d 1 =dyes and (€) Yd o) =d 457 -
dum = dBcz dB(l = dA('2 dl)‘Cl = dAC2

For case (a) it is easy to prove the two points will be identical as shown in Fig 8.

If two lines are drawn parallel to AB and AC, with distance d 4 =42 and

d i1 =d 42 to them respectively, both points must lie on these two lines

25 concurrently. Since there will be only one intersection for two straight lines, the
uniqueness is proved (see Fig 8).
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|.| w mhc”YS] e~ YTI gV] ca] ca] ca] ca] ca] ca] ca] caV] ca] caV] ca] caV] ca] caV] ca] caV] ca]
calcaV]calca UV caV]ca W]ca]caV]ca W]caV]ca]caV]ca]ca |#|.];

| > U Dbl|}O}}~\~~~HK *5e~yrmhc”Xl gV] caVdra] ca] ca] ca] ca
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;/%!C_?l/tcﬁi\/]c g’%ﬁb @E}%%}hgg]lﬁg ‘é"é‘]'QaF] 9 Wh re F /éé ca A]C R la% caV] ca]
ca] caV] ca] EéD}]_LcB]anl]”&NZ]A&] and cBP=f0a) EEVP&] dia foIIows that PD//P'E' and
s<>CERZ\ aei krw=~ytoj e [ U c”YTI géi ca ca]ﬂﬁ ca a] ca] ca] caV] ca]caV]ca]caV]c
a] caV] ca] cpEgmpfhcahpad Vikerbigy] wﬁﬂéﬂ Ka' since FP'=FP+PP' and
V] c*aV] ca] ca] ca] ca) 1: U r vyKVzupRe" [WPEe [PEV] c@Pca] ca] caV] ca] ca] ca] caV] ca

ag/(\ﬂa{:/]ac;?gfp ?ﬂ”%—gﬁa\ﬂ %gnvﬂ)e fa \r{"w d\gdcucegl& t\/Il:IS é]PCa\Iq'\ ]fogeYAer with
Vlc”a] caaOﬁQﬁE Dewd-ybizb\ NRFY CcéIXIFEG\Zﬂ’Cas]sC@V}és’ﬂltC%/bFiPﬂzﬁ)\ﬂ;PaVBﬁ%]eca] ca]
ca] caV] caj ca ca] caV]ca W] ca caV] ca] caV] caV] ca] caV] ca] cal ad
{toi b\ WQ av]QﬁPchf% aad] e& ‘r‘M]B mﬁ] shayodhatiihec tvwg points dloanet
coincide only when the triangle is an isosceles one. On the other hand, if this
condition is satisfied, it means that there is existing symmetry in the geometry of
the triangle and there are at least two different points with same vector of

10 distances.

Case (c) can be proven by calculation of the three distances. Without loss of
generality, the triangle and the coordinate systems is aligned as shown in Fig. 9

. Then the distance from a point (*:) to the three sides AB, BC and AC,
15  respectively, is:
dp=y
do. = |J’cx —(x¢ —xB)y_xByC|
BC — 2 2
\/yc + (X —xp)
lycx_xcyl

2 2
\]x(. + Ve

dAC =

and following equations must hold.
(i) For (x1,y1) :

(Fat¥e Vo, (ACTBC-X*(@e=Xy) | Yo, Xty " (4 +BO)
20 BC ac ™’ BC? ac™ BC?

(1)

(i) For (x2,y2):
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distances’ (d,,d,,d,) is proved, given that the triangle is not isosceles.

10  Combining (1) and (2) the statement is proved.

For the polygon with 4 sides, similar reasoning can divide the possibility of
following cases (where AB, BC, CD and DA are the four sides):

a) At least two distances to two respective sides are equal, such as

dABl = dAB2
15 dBCl =duc2_

d(‘m = dDA2

dm] = dcoz

b) Only one distance to a side are equal, including

dABl = dABZ dABI = dABZ
dBCl =dcm and dBCI =dDA2
dcm = dDAZ dCDl = dacz

dDAl = dscz dDAl = dcm
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For case (a) the uniqueness of the vector of distance can be proven in the same
manner as for a triangle.

10  For cases (b) and (c), it can be proven by calculation that there is at most only a
pair of vectors that satisfy any of the cases. Even when a solution for two
different points exists, these two points are either identical (in case b) or cannot
be within the polygon at the same time (as in case c), given that there is no
symmetry in the polygon (e.g. Fig 10, shows an example of a pair of

15  problematic points) and there are no parallel sides (e.g. Fig 11 shows an
example of pair of problematic points).

For a polygon with more than 4 sides, i.e. N>4, the condition for two points in

the polygon corresponding to the same vector of distance can be written as:

X X
20 MNxS y =Af'NxC«l y'
1 1
where M stands for the matrix with each row the function of the line of each side
with coordinates of x and y normalised; M’ is made up of rows of M with a
certain permutation.
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5 If N>5, there will be no solution to this equation unless the according rows in A
and B are proportional. This is impossible based on the definition of M and M’
and the assumption that there is no symmetry in the polygon and no parallel
sides.

10
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10  signals indicative of the distance of the system to a plurality of reflective
surfaces; and
an adaptive system for:
during a training stage, learning at least one association between the
echo data signals and the position of the system based on training data
15  composed of records of echo data signals and associated system position data,
and
during a working stage, using the echo data signals and the learnt
association to determine the position of the system.

20 2. A system according to claim 1 in which the processor includes a distance
vector determination unit which provides the echo data signals as a series of
numbers which indicate the distances from the system to each of a number of

respective reflective surfaces.

25 3. A system according to claim 1 or claim 2 which includes a clustering and
classifying unit, the clustering and classifying unit being arranged:
during the training stage, to partition the echo data signals of the training
data into clusters, the adaptive system learning an association for each cluster
between the echo data signals of that cluster and the associated positions of
30 the system; and
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index indicative of a cluster associated with the echo data signals, and a
classifying unit arranged during the training stage to learn associations between
the echo data signals and the cluster indices and during the working phase to
output a cluster index based on the echo data signals.

5. A system according to claim 4 in which the classifying unit is arranged to
employ a learning vector quantization algorithm.

6. A system according to claim 5 in which the clustering unit during the
training stage is arranged to take as input a vector comprising the echo data
signals and the associated positions.

7. A system according to claim 5 in which the clustering unit during the
training stage is arranged to take as input a vector comprising a linear
transformation derived from the echo data signals and associated positions.

8. A system according to any preceding claim in which the adaptive system
includes at least one neural network.

9. A system according to claim 8 when dependent upon claim 3 in which
the adaptive system includes a neural network for each cluster, the neural
network being trained using training data for the corresponding cluster to learn
the association for echo data signals of the corresponding cluster.

10. A system according to claim 9 in which each neural network is a two-
layer network.
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to derive a respective linear transformation of its inputs.

13. A system according to claim 12 in which the transformation units derive
10  the linear transformation by a least squares algorithm based on (i) vectors of
distances as an input and (ii) positions associated with the echo data signals as

outputs.

14. A system according to any preceding claim in which the signals are RF
15  wireless signals.

15. A system according to claim 14 in which the transmitter is an omni-
directional antenna.

20 16. A method of determining the position of an object, the method
comprising:
transmitting wireless signals from the object in all directions within a
range of directions which includes at least all directions in a plane;
receiving at the object echoes of the wireless signals from any of the
25 range of directions;
processing the received echoes to derive echo data signals indicative of
the distance of the object to a plurality of reflective surfaces;
during a training stage, learning at least one association between the
echo data signals and the position of the system based on echo data signals
30 and associated object position data,
during a working stage, using the echo data and the learnt association to

determine the position of the object.
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the object; and

10 during the working stage, determining which cluster the echo data
signals belong to, whereby the adaptive system determines the position of the
object using the learnt association of the corresponding cluster.

19. A method according to claim 18 in which:

15 during the training stage a clustering unit derives a cluster index
indicative of a cluster associated with the echo data signals, and a classifying
unit learns associations between the echo data signals and the cluster indices,
and

during the working phase to output a cluster index based on the echo
20 data signals.

20. A method according to claim 19 in which the classifying unit employs a

learning vector quantization algorithm.

25 21. A method according to claim 20 in which the clustering unit takes as

input a vector comprising the echo data signals and the associated positions.

22. A method according to claim 20 in which the clustering unit takes as
input a vector comprising a linear transformation derived from the echo data

30 signals and associated positions.
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linear function of its inputs.

15  27. A method according to claim 18 in which the adaptive system includes
for each cluster a respective transformation unit which during the training stage
derives a respective linear transformation of its inputs.

28. A system according to claim 27 in which the transformation units derive

20 the linear transformation by a least squares algorithm based on (i) vectors of
distances as an input and (ii) positions associated with the echo data signals as
outputs.

29 A system according to any of claims 16 to 28 in which the range of
25 directions is all directions within a three-dimensional space.

30



