*166166* A Local Positioning System which operates—based—on—reftected
witeless signals Field of the invention 5 The p | tion relates to
a nmethod for detecting the position of an object [“m‘m@‘ﬂ‘%\gmm‘ for exanple
Wi thin an indoor environnent, and to a systemfo ng its own

posi tion. Background of Invention 10 Miny methods d&f%%Hhi ning the position
of an object using a transmtter/receiver device in conjunction with at

| east one AdidcakPosifibriti Systemwviieh siperates dased orpreflectet wireliessdignats t i on
as a point of reference. Frequently, a systemis provided which is capable
of nmonitoring its ow position relative to the active/reflective 15 device,
and this spRleBfihe iftémidied to the object. The best known of such systens

is the GPSTsystem 1n which the position of a GPS receiver |ocated on the
surface of the earth is determ ned using 27 Earth- orbiting satellites (of

which 24 a I n_operation a ny, ti i nces 20 .be n _the
recei vgq aﬁ;ﬁe & eﬁegﬁér?\}e[rﬁlpger%ﬁ?e%%a g’i%@f’ﬁ?&é&%%@"@&eeP%?'ﬁ%'ﬁj\éﬁgn Ohbeé:guri ng
t he travel WiraskiyMoraixandsie Qvithiy s iRddoreaiviroRfient Sams sl epsten fax 3D
trilateration nmethod can be applied to determ ne the receiver's |ocation on
the pl anefletestiag B OWBPPSIPRI n & Tom Harris, "How GPS receivers work",
http://el ectronics. howst uf fworks. com gps. ht M. The cal cul ations are
dependent 25 on an alnmanac in the receivers detailing the position of the
sat el | i t esBatkgmound @if ievertione. US pat ents 5977958 and 6054950 descri be

met hods_for nmeasuring tinme-of- arrival with ultrashort RF pul ses (UWB)
transn@ted fromthe transmtter to an 30 array of receivers. Despite the
di fferencegd ' i i ' | - known
posi t1 ons. ALY, eEieds B e RO APLIECPANND S GRIARR Redtier (s
pat ent 605degi0e i edsjuactivrenith at least @inecadtivefreflectivendevice situated at a pre-

determined position as a point of reference. Frequently, a system is provided

which is capable of monitoring its own position relative to the active/reflective

15  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-
orbiting satellites (of which 24 are in operation at any time). The distances

20 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",

http://electronics.howstuffworks.com/gps.htm). The calculations are dependent

25 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-

arrival with ultrashort RF pulses (UWB) transmitted from the transmitter to an
30 array of receivers. Despite the differences in technical details, both patents

require devices at pre-known positions. US patent 5977958 uses 4 receivers for

its 2D scenario and US patent 6054950 needs at least 4 receivers or beacons
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~lTHH FTHTEEEr reeer e 1ttt ~~~~ ~1~ *@0002* 2 for 3D applications
(these receivers or beacons are here terned "explicit references"). There
are other sinmlar technol ogies which are based on angles of arrival of
received signals instead of their times_of arrival. In such technol ogies,
multiple references are needed. The proBI emwith this type of systemis the
5 requirenent for references at pre-known positions. This increases the
nunber offod 3 appdicatiens: (thesel réceivers s deadons iace hege tenmedt “expliciup t he

tems in _certain, -situations or. suryoundings. Furthernore, such systens
ngui re :Zii rleg%rphs?%é. -grferes"’}rﬁrﬁtﬁ?rL@ab&%é‘qu?%WF@rﬁrﬁiqqsgﬁ oo{hﬁn&QEQi?ver s,
the perforawmingeoftecenad @ignaidistéad btHeletiraes abamival. 8n s0h tschMiogi¥ai | abl e.
10 Sel f-positioning nethods enployed in robotics often use a ring of

ul t r asoni cmuttiplheaierences @re ngeded Hhg)problaanawith this e of systemristhnt of the

; s j _ . . 0 h of
b | qpetirBiraRf for eRR ARG fiklicidtuf pRR R BN e T B b om t ne-
di st ances df-ddvidesemsedditantt irteiducegdiffioalty inysattin@ap she SYEtemisiAGRrigan be

conpared tq a. known floor plapn or trained database in order to find the
I ocr:rgt i on ottyaians ohsHMOUREiRGS eF Urthgraarensush g¥stemedeqeiradirerpiine ef r ect i onal

sensors ( esigl-ntg@;dé)rlgetﬂlfeenL{hé lrtl%ﬂgmit‘fersfﬁbs E&i@r?,@% é%@éﬁ\%ﬁé%l)dywea%%?n ni ng

mechani sm ( . a ’‘'scanni ng aser range finder conplex. 20
Carrer as arshaiplydndsedréay whess LOSns mpt puajales. Optical images of
surroundi ngs captured at a certain location wwth a certain orientation (or
inforrr&ion abstracted fromthese i nages subsequently) can be conpared to a

cljgt abase, 39|f@©§mbmdganbhﬁ>d%@mglaye@%ié&&fés%nb&%ré ﬁHngf Uit drRbot -
wever, 25 such systens can only work in special environments ere
speci fi ¢ viransslusers or laser range finders to get a measurement of the respective
distance from an object to a surrounding environment in each of a number of
directions. A sonar/laser range image can be formed from the distances
15  between the detector and nearby objects. This image can be compared to a
known floor plan or trained database in order to find the location of the robot.
However, these methods involve multiple directional sensors (e.g. a ring of
ultrasonic sensors around the robot) or scanning mechanism (e.g. a scanning
laser range finder) and are highly complex.
20
Cameras are also used for positioning purposes. Optical images of
surroundings captured at a certain location with a certain orientation (or
information abstracted from these images subsequently) can be compared to a
database, to determine the current position and bearing of the robot. However,
25 such systems can only work in special environments where specific visible
features (e.g. straight lines) are available. Another disadvantage is that daunting

computing resources are needed for image processing in these systems.

Another US patent, 6112095 proposes a method of location determination in
30  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

reflections (multipath signals). Different iocations of the transmitter cause the



features (e.g. straight lines) are avail able. Another disadvantage is that
daunting conputing resources are needed for inmage processing in these
systens. Another US patent, 6112095 proposes a nethod of |ocation
determnation in 30 which a transmtter transmts a radio signal and a
retei ver device uses an array of antensas to receive the signal both
directly and al ong paths which include reflections (nultipath signals).

Di fferent $elcefirebestedfpativeta baddferente sodhattbetrbeei8ed signats cordtitelstad pat hs

to be differen t hat e receiyved.signa nstltut nat ur e of
t he positiﬁ'ﬂnaﬁ"ﬂg O:j?él?eepﬂ?'hg?i@??g?tet"ﬂ"énqtg’@a?fstﬁﬁ at'PHé’fE{P%ﬁ ?f}fg M 1Ps
based on abagéd 6h alseét-cfPrekafbratedsighal cOmMRINCBRAEBS ChFesp Gﬁalhﬁwond' ng
to possible transmitter |ocations. However, the uniqueness of

si gnat ur e Passible teansMiger M@tloth@MﬁY%rnﬂlﬁedmahﬁn%mft'ﬂhmgm@atﬁISt in big

ot nor  1heap AaBie Hol bRERs < A sEheRind RauR R bl Erdisiude Shng bl °7 o,

out door apféaterisi afroneaodatiorbagssiftilat tothdse offatiaeti 1664tidre. Fldhermore, the
I mpl enent atlon 10 Summmary of the invention The Present invention aims to

provi de a KaghingintBisifatiopds means forqutdear appiigationcanshaibaserstatiomis obj ect .

15 The inv a new and useful system which determ nes
its own pos tlonfBF#%nﬁég?ﬁégﬁgﬁn@ be an object of which it is desired to

nonitor the position. O it my be an separate unit which is attached to
t he object .in order that the position of the object can be determ ned. 20
I n general f i nvention proposes that a positioning system
transmits wirel ess (normally RF) signals in all directions (e.g. all
directions_wthin a horizontal plane, or all directions in a

t hr ee- di medbe@iasenipaventionainis toreviderd eewehdhysefilenstioddfondetegminifig e

system rec&lqﬁ?ﬂ Qﬁggﬁﬁgg%!q%but wi t hout measuring which direction they

cone from transmtter and 25 receiver operate
"omi-directionally"). During a training node, the reflected

15 The invention further proposes a new and useful system which determines its
own position. The system may be an object of which it is desired to monitor the
position. Or it may be an separate unit which is attached to the object in order

that the position of the object can be determined.

20 In general terms, the present invention proposes that a positioning system
transmits wireless (normally RF) signals in all directions (e.g. all 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

25 receiver operate “omni-directionally”). During a training mode, the reflected
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

30 the system based on reflected signals.

In a first aspect, the invention proposes a system comprising:



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 nap the varying position of the systemto the characteristics
of the reflected signals. During a working node, the trained neural
network is to identify the position of 30 the system based on refl ected
signals. In a first aspect, the invention proposes a systemconprising: 4
a transmtter fartransmiﬁetiﬁdritnagsmﬂittiagemseleé;sgsighalsiindailldireﬂtiDFQWimm?Yw thin a
range of directions, the range of _directions includin | east a

di rgct i onsr?r?geaOfo‘ﬂf%ﬁﬂ'Q,”s-at PégB%é’F gerPt'?'b%'é‘PlHdH@ et:ﬁagggi)#'r?w@rwma ess
signals frgmmaay direction 5 in the range; a processor for processing the
recei ved echoes to derive echo data signals indicative of the distance of
the systemto aagegeider foy redeiviaglanhoesof theiniratass; sigmals dronadapdireetisry st em
for: 10 duriq t rai ning stage, learning at |east one association between
t he ec?‘no data @?5 % and the position of the system based on training

data conposed afproessyoliForproteSSind I rédei Eclivks RSEANIBEAH §y@at em
position data, and duri nal a working stage, using the echo data signals and

t he | ear nt Signglsidisativg obihe distancerafithe systenptesa plwaliyfoftrafiectivet em 1n a
second aspgpﬁa %Qeanidnvent I on proposes a nethod of determ ning the position
of an object, % et hod conprising: transmtting wireless signals fromthe
object in all dianedaptine systeli fora 20 range of directions which includes at
|l east all directiaons in a plane; receiving at the object echoes of the
wirel edd si gnal SUfipg & taipingrstage, leating ableagt pae @sspgiation between the

echo data signals and the position of the system based on training data
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

156 association to 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

20 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;

25 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 signals and the learnt
association to determine the position of the object.

30
In principle, certain adaptive systems are capable of learning any possible

association between echo data signals and positions. However, in practice the



processing the received echoes to derive echo data signals indicative of
the distance of the object to a plurality of reflective surfaces; 25 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 at ed system position data, duringSa working stage, using the echo
data signals and the learnt association to determ ne the position of the

obj ect. 30refiabifityl avd miristness afi the dddming \addsye tkings isdnprowdiiinl srefdrrédear ni ng
any possi bl e, association bet weeg ecr%%dat a signal s and positions. However,
in practi c&MPREIMeNts of the, invention by seleating:haw the,echodata sgnzls@rand wor ki ng

i s inprovegehdtatLr6mtRd ecpipedi ments of the invention by selecting how the
echo dat aegéj(iegngl S (Elre generated fromthe echoes. 5 Note that preferred

enbodi ments of the invention operate without using "explicit references”
as defined 0, | nst ead, these enmbodi nents.of the invention operate as a
"| ocal épq)osri\'ﬁ)eo%lgﬁBre;}%gr?arﬁm?%qe'g‘&n%ngﬁﬁei'HV?'PH&Q'] ?‘?%r?fjéﬁ Wl‘tEO‘éts”%ng " ’Q"&tti ve
systent') iefafenedstaedemsed bbbvé InSehdbiHesBUmbE4iAdn(S of hedntontisfli nate
system which is defined by the user when generating the position data. This

is 10 in corRTAtas aolanal pasidieningesysiaii (alemkngwsyis thanlitesatote as aGPS) i n

whi ch the « [ LI » | I . ' are.defined relative to a
uh oh e gBBRle sy PR e ol s kP BUVETS DS ARl
posi ti on) . syssemrwahithi is iefned by theiasert When generatiny BQSititt ddta. PR&IEI on

data to coincide with sonme absolute co- ordinate system but in general the
present® i nPERANLES EHRR “akgolkteq PrslioRing systerm (s8ck s GRS) inawhichdhe o- ordi nate
syst em may : l+Yeri ' LYsi r ' : c : i fically
cthocs 1 SRoTuol, WhiEBBHinahg ot joct are e 2Rl (5l FHfiTate SR
r el at i onshom whithwelknsetseagresi(t.e cas aml aiesolote” positionhj Nattratyathe eskrrtedsat i ve
' in th h

to a set O{hecc%tlto%séfa c?\o%)é?nsg f%r(]adpods(la'c%owgatlar}o co?nc?ge ev?tﬁ some absolute co-

ordinate system, but in general the present invention does not require him to do

15 so0, so that the co-ordinate system may actually be arbitrary.

For certain sorts of echoes, specifically echoes from reflective surfaces which
are planar, there is a linear relationship between the position values of the
object measured relative to a set of Cartesian axes and delays in the echoes
20 relative to the transmitted signals. Thus, if the echo data signals are generated
as a list of these delays, then they will be linearly related to the position of the
object as measured by the Cartesian axes. It has been found that this linear

property is desirable for improving the training and working stages.

25 For other sorts of echoes, specifically echoes from reflective surfaces which are
non-planar, no such linear relationship exists. In this cases, however, optionally
embodiments of the invention may include a step of processing the echo signals
to derive echo data signals including numerical values which are linearly related
to the position values of the object measured by Cartesian axes.

30
For example, if the reflective surfaces occupy only a relatively small angular

range around the object, they may reflect like point reflectors. For example, a



20 relative to the transmtted signals. Thus, if the echo data signals are
generated as a list of these delays, then they will be linearly related to
the position of the object as neasured by the Cartesian axes. It has been
found that this linear property is desirable for inproving the training
and wor ki ng stages. 25 For other sorts &f echoes, specifically echoes from
reflective surfaces which are non-planar, no such linear relationship
exists. | nsmallpiems@snetai\maecaumuabnalreﬂectnbodia tanges object ibidhigertta on
may include a. st of p essrng t echo nal t derrve echo data

S nals | nSreaeSRRReY IR At as dafired ielov e 450 SPBFBAOT o | he

posi tion valuitgste 8lich ?@flé&br@%arf@@éé‘é@@o Eénéﬁté %éh@'@la?d(ﬁ?naQQnEﬂHl xanpl e,

if the reflective surfaces occu a relativel angul ar ~ range

ar ound then@EIP@tQ hayingya |HWFW@|EF@MO the(eogbontvahelslchtlneobjeormeaauaeq)l e, a
6 srralé pw&ea eﬂfé)?es may cause such a reflection, or a |larger object
which is a gre er distance. In this case, as d| scussed bel ow, the echo
signals from nultiple such reflectors can be used to generate echo data
signals including . nunbers havrng a linear relation to the position val ues
of the objE&S f Degeriptios Ve Cexi an axes. Brief Description of The

Fi gures Preferred features of the invention wll now be described, for the
sake of 10 illustration only, with reference to the foll ow ng figures in
whi ch: Fi gPﬂefewbddbaﬁuses:oﬁthesiademforF\ivgl ddvwapeadesciibed, for thaisakebbs a system
V\/mch f hernventr and_a situati nrn whi ch the
syste nH@"%@%ogﬁ’ gﬂ ferreaC%E%tS}edPﬂ@Wm figtges i W tq 15 Fig 2, which
is corrposed of Fig 2(a) and 2(b), illustrates a si rrpllfled version of the
situation of Fig 1(b) and the theory underlying it; Fig 3 is a block

di agr am of Fig 1. whichiecompesed of Fig gtailans tibpsustatesatsystern vehich is an

embodiment of the invention, and a situation in which the system may be used

in a method according to the invention;
15
Fig 2, which is composed of Fig 2(a) and 2(b), illustrates a simplified version of

the situation of Fig 1(b) and the theory underlying it;

Fig 3 is a block diagram of a first version of a signal processing unit of the
20 system of Fig 1;

Fig 4 is a block diagram of a second version of a signal processing unit of the
system of Fig 1;

25 Fig. 5, which is composed of Figs. 5(a) to 5(d), shows clustering techniques
which may be used in the system of Fig. 1;

Fig 6 is a block diagram of a third version of a signal processing unit of the
system of Fig 1;

30
Fig 7, which is composed of Fig 7(a) to 7(c), illustrates problems encountered in
certain applications of the system of Fig 1(a);



20 systemof Fig 1; Fig 4 is a block diagramof a second version of a
signal processing unit of the systemof Fig 1; 25 Fig. 5, which is
conposed of Figs. 5(a) to 5(d), shows clustering techniques which nay be
used in the systemof Fig. 1; Fig 6 is a block diagramof a third version
of* a signal processing unit of the sys?en1of Fig 1; 30 Fig 7, which is
conposed of Fig 7(a) to 7(c), illustrates problens encountered in certain
applications of the systemof Fig 1(a); 7 Fig. 8, which is conposed of

Fig. 8(a) and,Figa. 8(h il lystrat r,qbl addressed b further
erbodt went Bt 8, WEIGPTs ShimRssedY R Fial aRfitde il RS oBm o neur
net wor k engddrseded by taharthabefibaanhendf thegavétitiont 9. 10, which is conposed
of Fig. 10(a) and Fig. 10(b) illustrates a problem addressed by a further

enbodi nent of the invention; 10 Fig 11 illustrates a step of a proof

cont ai nod | 8- RERENS, el deg HEOHEPERyARUFbuE) B o mHBARHH

appl i cati oofsFigf 8a system as shown in Fig 1(a) in an environnment which has
symmetry in its shape; Fig 14 illustrates a limtation in the applications
of a systemas shown in Fig 1(b) in an environnent which has parall el

sides; 20 E~ 04n0lontdn “ﬂfﬁ% fdik s . i in
Appendi x Irlﬁ;g'gr(?d@h"—c:hd.g%% | Iégzotfrpé 'eio(é?ggg?}Il%qc(gfs)gm%ﬁg@%r%g#&g%mnt ained in
Appendi x | addrea5ed by a further embodiment of the invention;

10

Fig 11 illustrates a step of a proof contained in Appendix I;
Fig 12 illustrates another step of the proof contained in Appendix I;

15  Fig 13 illustrates a limitation in the applications of a system as shown in Fig 1(a)

in an environment which has symmetry in its shape;

Fig 14 illustrates a limitation in the applications of a system as shown in Fig 1(b)
in an environment which has parallel sides;
20

Fig. 15 illustrates a first case of a proof considered in Appendix Il; and

Fig. 16 illustrates a second case of a proof contained in Appendix .

25
Detailed Description of the embodiments

Fig 1(a) is a block diagram illustrating an embodiment of the invention which

comprises a wireless transceiver 11 and a signal-processing unit 12. The
30 transceiver 11 transmits short pulses, typically RF waves, via an omni-

directional antenna 16, and receives reflected signals (echoes) from the

surroundings.



Det ai |l ed Description of the enbodinents Fig 1(a) is a block diagram

I 14 ustrating an enbodi nent of the invention which conprises a wreless
transcei ver 11 and a signal -processing unit 12. The 30 transceiver 11
transmts short pulses, typically RF waves, via an omni directional antenna
16, and receives reflected signals (echBes) fromthe surroundings. 8 The
function of the transceiver 11 is to repeatedly transmt a short pul se and
then receive and digitise the echoes. The digitised echoes are then fed as

i nputs to the signal processing unit 12. 5 The antenna 16 is preferably an
omi -dir ecﬁi‘% Jﬁﬂgfm gﬁt,ng,t.rwﬁcgﬂ/qrgj dado Eﬁpqaée&&ié@'ﬁﬁ“i R &N0Y Pise:RRd onal
antenna, OmBAGEELY andldigiise tha BENbE TR UigiteBasthosBieRt B feignt enna 16,
the transceiver 11 may arso include a dupl &xer, a pul'sé generation unit
111, a ti nihpytsclorthe signahiprocessinghonith2A/ D converter 113. 10 The si gnal

proces%i ng unit 12 can be integrated to the transceiver 11, or it can be
renotel”y stationed. The processed result may be transmtted wirelessly to

ot her pr ocere aRtertaviErRpréfetablycanbii-afscidri aRtdrr, which fsi dhsldith shows
how t he enbodi nent 15 of Fig 1(a) is used in an environnent 15 which is a

t wo- di mensd@sian thama dirgstional @rignna, mspggielly far highdapdwjdfbiRA signals. Fi g 1( b)

ovat ad. - AReuHEs B ierhaci e PanSceidi P biiahd miitbdda DREHE The ar oa
14 (whi chpilse geoeratioh unit €€1 antiining Sortraranitor 22and ahgD &dimeakr HhBust rat es

a worki ngTarea wi thin which a user noves the system 15 (it could be of any
20 shalfe) . The&ianat pragessing:unihiX san e iptegrateg toithe yasseeiver 4 tariihicame

St 1y PR b Mg Bhea TR LSRRI KR SRR GBI oo o
anal ysi ng other peacsissing dendteseeia thb evirejedsetnamsrittet 41t he cal cul at ed positions
of the transceiver in real
Fig 1(b) shows how the embodiment 15 of Fig 1(a) is used in an environment
15 which is a two-dimensional space defined by a polygon 13. The polygon 13 in
Fig 1(b) may for example be the floor plan of an office in which the system 15 is
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
20 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
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.
25
Note that this situation makes the following assumptions:
e Only reflections from planar reflectors (such as walls and large items of
furniture) are considered. It is assumed that reflections from point
sources either do not exist or can be filtered out since their magnitude is

30 much smaller than those from planar reflectors.



time 121. 25 Note that this situation makes the follow ng assunptions:

Oy reflections fromplanar reflectors (such as walls and large itens of
furniture) are considered. It is assuned that reflections from point _
sources either do not exist or can be filtered out since their magnitude is
30 nuch smaller than those from planar feflectors. 9 Only direct echoes
are considered. Echoes arising fromnultiple reflections of the signal are

filtered out obeOrniyedrrém guhoee o8¢ ngnsmere@ Edﬁ@esfaiising figin rbripte anpl i tude is
much smal |l er tha ose of t eéi]recﬁ echoes specul ar reflection is

i ncl uded. Speculefiectiens gtthessan %rﬁ§t§f¢%ﬁ5t9§$f°59 E@T@meﬁ@ngnuana.tm use
reflection, andepg Qe tﬁé’iFBﬂﬂﬁ'mo%h@rrﬁuél’\ E[‘nﬁli‘épt%thogsf G hoes.

processing. Before considerin ener a con3| er-a
simplified versOnly spedutar re[ﬂeoﬂlrbremmd:!bdetirSped.llaﬂré’ﬂe@tl&ﬁ@s)thel strériyest

versi o the polygon 13 is r e a 10 triangle in a two-dinensional
space g%fl ned b9g'g’8°8?ﬂii R @Eﬁﬁe r?f?ecf'ﬁ’@ ?Pﬁaﬁ@rec%eowtﬁ@r%ﬂuerad Hsi tij on
0,0), B at pos %'g;h at position (xc,yc). The distances dAB,
éIAc and dBC, frgﬁﬁfﬁé&'ﬁ roc y§ to the three sides of the triangle 31,

are calculated fromthe TCFs (time of flight) of the reflected echoes

| oci t ht t. t t hosg sides te that
Syst om docBetse SRR, e\ sen Ao IO S e SERUEET YerRibpl e
cor r espondgrdferhilisiraied F@fZ(antthlbaféiél@n t?qevﬁ‘&%’én 189 reqﬁ by af €f erred
to here as a "vector of distances” Is formed by arranging the three

di st ant® viiangile ima iwe-dimengobakrnaceirfinedihyt co-ordidates xiy. Tbe tnan@len be
P oven L2 Tot SRR A LB G0 ST, ST o Sl
di stances @hd distancesdpnadi BOdRRS] fro@ntherpditteP ()20 Jhe tHBE sidetCofMRBPi Ng is
'n triangle 31, are calculated from the TOFs (time of flight) of the reflected echoes
(velocity of light x time-of-flight / 2) to those sides. Note that the system does
15 not know a priori which of the three echos it receives corresponds to which side

of the triangle. A vector, (d,,d,.d,), referred to here as a "vector of distances",

is formed by arranging the three distance values in ascending order, such that
d <d,<d,.

20 It can be proven (see Appendix | below) that provided the triangle 31 is not an
isosceles triangle, there is a one-to-one mapping between the vector of
distances and a corresponding position in the triangle ABC. The mapping is in
fact linear within each of the six sectors of the triangle ABC indicated by
hashing in Fig 2(b), where point O is the "inner centre" of the triangle, i.e. the

25 intersection of the lines which bisect each angle. In other words, in the three
dimensional space (d1, dz, d3), each of the six sectors corresponds to a different
plane within the space. Each point in a given sector has a one-to-one mapping
with a given point on the respective plane. In fact, these planes can be written
as lidi+ldi+lzdk=2(Area of the triangle), where Iy, I and |, are the respective

30 lengths of the sides of the triangle, and dj, d; and dy are different permutations of

dy, d2 and d3 (d,,d;,d,) depending on which of the six sectors of Fig 2(b) the



fact linear wwthin each of the six sectors of the triangle ABC i ndi cat ed by
hashing in Fig 2(b), where point 0 is the "inner centre" of the triangle,
i.e. the 25 intersection of the lines which bisect each angle. In other
words, in the three dinensional space %céil d2, d3), each of the six
sectors corresponds to a different pla within the space. Each point in a
gi ven sector  has a one-to-one mapping wth a given point on the respective
pl ane. In P@!ﬂtp is i skhesetonestheanappingr(and dts invarse} Uemezedllthe:hﬁsdurmfea of

the trian r 2 1 ether ct| 0 ths of the
si des of th rs\l@ﬁgﬁ é&%ﬂﬁe \égag'a?‘\g%%{?%ﬁsé’ia@ E’ﬁpﬁy Sﬁfons of di,
d2 and d3 (mendmsdk) dependi ng on which of the SIX sectors of Fig 2(b) the

10 point Pis in. Therefore, the mapping (and its inverse) between the
position of the system 14 and the vector of distances can be described by

vector or il BE drdeciated thatie odifteBREF e it S WbtahtEs SARERE. o or ' i g
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in general oﬁé-?&%ne]rﬂaﬁﬁhﬂ%%ﬂé@h Hls b%to‘?rg?%tﬁ'ﬁéﬁssalﬁi lg{/c%ﬁoh?!r?me' on include

atraining step in tral ning atals generate ocating the system
15 successpeokgoniholdsdirié & gemeral easeésng positions (x;,y;) by digitising
reflec,}qed signals (the variable i labels the itens of training data). The
dotted'1ines 14 of Fig 1(b) represent the 15 working space within which the

traini ng prrthoRWhtheareerab&difdetits by tHe R ERtiorPHRIudeCa ir Laﬁn nhon
illustrated in Fig 2(b) that the vector of distances s ont| nuous

changes at Whi¢h teaiging datade generated by locatingi thg syatem ws|s|uccessive|g ibe
Chmaocke” PR RhRS PrlRGeTR SR AL MR BRI S S a1 1
traini ng dabels thedtenps ef training data). The dotted lines 14 of Fig 1(b) represent the
15 working space within which the training positions are be arbitrarily chosen. Due
to the phenomenon 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
clustered, such that (in the case of the environment of Fig 2(a)) it is composed
of points on the six planes in the (d1, d2, d3) space. The training data, i.e. pre-
20  known coordinates (x;, y;) and the digitised echoes received at these positions,
is used to learn the mapping between the location of the system 15 and the
vector of distances. Then there is a working step in which the system 15 is
located in a unknown position (x;,y;), and its position is determined using the
vector of distances and the mapping.
25
Fig 3 shows the construction of the signal processing unit 12 in a first version of
the embodiment of Fig 1. The training mode workflow is represented by dotted
arrows and the working mode workflow is represented by solid arrows. The
system 15 includes a switch (not shown) for switching between these two
30 processing modes.



20 known coordinates (xi, y;) and the digitised echoes received at these
positions, is used to |learn the mapping between the |ocation of the system
15 and the vector of distances. Then there is a working step in which the
system 15 is located in a unknown position (xt,yt), and its position is
determ ned using the vector of di stanc¥s and the mappi ng. 25 Fig 3 shows
the construction of the signal processing unit 12 in a first version of
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of the neunedrahpetmmrks 22. The aesral djetwoddcqeafficientscafithe meucaialetwerk 22 net wor k
algorithnms) to.reduce the sum .over the trainin I nt,s, of .an error
functiGh vAeAdilsted fhsiod gpvaPioiRlnausal netwodkAloph R IdRdelts fieaim x; | v:
) and the oWsMiHE triiniAg polits BEHhArrdtFLUMBdh WRichWREAsUrRS tMe Yif<reAde 222 are
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15 When so trained, the system 15 in the working mode can determine its position
(x1,y1) based on echoes. Signals are again sent out by the system 15, and the
reflections are again picked up and fed as signals 21b into the pre-processing
unit 21. The pre-processed signal 22b is then fed into the neural network 22
which now determines the position (x;,y;) of the transmitter based on the

20 mapping and outputs a position signal 24.

The workflow of a second version of the signal processing unit 12 of the system
of Fig 1 is shown in Fig 4. The training workflow is represented by the dotted
arrows while the working workflow is represented by the solid arrows. During

25 the training, as in the version of the signal processing unit 12 shown in Fig 3,
the reflected signals 41a are fed into the pre-processing unit 41 to remove noise
and signal distortions. The signals 42a output by the unit 41 are then fed into a
unit 42 to calculate vectors of distances 43a. The vectors of distances 43a are
then fed into a neural network 43, along with the coordinates 44 of the present

30 training point (xyi). The neural network coefficients of the neural network 43 are
adjusted (using conventional neural network aigorithms) to reduce the sum over

the training points of an error function which measures the difference between



unit 21. The pre-processed signal 22b is then fed into the neural network
22> which now determ nes the position (xt,yt) of the transmtter based on
the 20 mapping and outputs a position signal 24. The workflow of a second
version of the signal processing unit of the system of Fig 1 is shown
in Fig 4. The training workflow is représented by the dotted arrows while

the working workflow_is represented by the solid arrows. During 25 the
training, B8 knewmrosiigns Gn Ydfarldr@esql{iﬁ'd‘l 4% phthesreyrgl Uﬂwor‘lﬂ39’h|3ﬁﬁ1thﬂ1 Fig

3, the refd&6ie %as%%ﬁgt)atéjt Lﬁalfr?é:l\?)ﬁm%t he pre-processing unit 41 to

renove noi se dIS 1 'ons e srgnals 42a output by the unit 41
are then fed |nto a unit 42 to calculate vectors of distances 43a. The
vectors of a{_Jbstan es 433 are hen fe |nt%ha neural network 43, along with
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when t he '\'}%lér? {W gﬂ?‘&')‘(?h;ﬁ’égfﬂ?ﬂ“‘%% %@ p&FSL{ (%@ryik)quﬁe H'é Wor ki ng
node, the 6@tfpbe45ed signals 41b are pre-processed in the pre- 5 processing

unit 41. The resultant signals 42b are then fed into the unit 42 for
cal culating the vector of distances 43b, which are subsequently fed into

h [ ' | it , ).0f th
systenttho TR PRI fefiqRich ine s RER b RarEn by fe n efuupblmitbater
variants afeedpfoskamda(FiFy omvhdiat bagie fundtend-(RBF)aietwbiks) or radial basis
functions (RBF) networks. Whereas the first and second variants of the

si gnal processing do not take any account of the inportance of the sectors

illustrat ' . t
LU Qb 8L and o B NRER 1Y gL SR RlCRE S0 U
account of the importance of the sectors illustrated in Fig 2(b), a third variant of

16  the signal processing unit 12 of Fig 1 includes means for clustering the vectors
of distances.

The clustering of the training data into six different planes can be done by a
Hough transform (see Digital Image Processing, page 432-438, Rafael C.

20 Gonzalez, Richard E. Woods and Addison Wesley, 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
computation load. The detailed procedure can be found in normal image

25 processing textbooks. Experimentally, it has been found that a Hough
Transform is able very accurately to classify vectors of distances obtained in a
set-up as shown Fig 2(a) into the 6 planes. The Hough Transformation method,
however, may not converge if requires the surroundings are not closed
polygons.
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The clustering of the training data into six different planes can be done
by. a Hough transform (see Digital |nmage Processing, page 432-438, Rafael

C. 20 Gonzal ez, Richard E. Wods and Addi son Wesley, 1993). A Hough
Transform is frequently used in inmage processing to |link points by

determ ning whether they lie on a curve of specified shape. This nethod
transforns the description of the curve in the inmage space into the
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pl anes. The Hough Transformation nethod, however, nay not converge if
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sim | ar i npecbgrisetgroaps 8ékimitar geput vieotprerPslfloeganising mMébg Bapyto se gr oups of
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t
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the state QbaldleHGhepilthedureR y&qlegyoﬁdﬁfdléimnapﬁip\ﬁ?ggcﬁ?&tfm'b%tﬁntS"- In

a first formof |earning using self-organising nmaps, e neural network 15
coef fi ci entases; theasfats pbthe netwocksyaiesdefivesiipys “refursl metvark doefficieats’| ocat i on
vectors. A "distance-location vector" is nade up of the vector of distances
In a first form of learning using self-organising maps, the neural network
15 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.
20
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 correspdnding vector of location 46b. The unit 47
concatenates the vectors of distances and the 2D coordinates into the distance-
25 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
in the range 1 to N indicative of which group the vector of distances

30 corresponds to.



concatenated with the vector of the location (i.e. the training positions
(»,,y;)). This distance-location vector provides nore information for the
clustering of the training data. 20 Fig 5(a) illustrates a process of
clustering based on distance-location vectors. Vectors of distances 46a
are extracted fromtraining data, and at%e fed into a unit 47 along with
the corresponding vector of |ocation 46b. The unit 47 concatenates the
vect ors oflnd trizngiesucinés that i Big2othei seif-eganising hbvarks Y8neam Absfepcat i on
vectors. The .di stan

-l.ocat i thep fed i sel f- organisin
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sel f-organi sing the input vectors into 6 groups
corresponding to 6 sectors of the triangle divided by the bi-sectors.
Unlike a clusﬁering met hod using the Hough transform this nethod does not
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the same section in the enclosed area, the linear transformation for the section

15 can be correctly estimated. The linear transformations between the distance
vector and the 2D coordinates are estimated for every N neighbouring training
points (the selection of the points affects the success of the estimations). The
estimation of 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

20  vectors and the 2D coordinates of the darkened point and the 4 points nearest
to it are used to estimate a linear transforfnation. This localised transformation

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
25 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

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
30 s inputto itis a the number in the range 1 to N indicative of which group the

vector of distances corresponds to.



15 can be correctly estimated. The |inear transformati ons between the
distance vector and the 2D coordinates are estimated for every N

nei ghbouring training points (the selection of the points affects the
success of the estimations). The esti ion of the linear transformation
may be done by the | east-square nethod'” Fig 5(b) shows a lattice-Ilike
group of training points where the distance 20 vectors and the 2D
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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

20 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
distance 495a and the corresponding indices 49, 494 obtained from the
clustering units (these indices are shown as 497 in Fig. 5(d)).

25 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
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.
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them The output of the self-organising networks is useful because it can
train another unit, a "classifying unit", to recogni se associ ations
between the training 15 data and these clusters. This process is shown in
Fig. 5(d), in which, during the training phase, an adaptive nodel 496
known as an LVQ (| earning vector quantiZation) network is taught to
classify input vectors of distance 495a into the clusters derived by the 20
cl ust eri ngRefierting BeWrPJdg 65adhird vagaet of thesignal tiiecessiichunit 1314&dg Ttise LQV

vectors ofstork HeWbHEASTING BT oBsdanRini Rl owe 85T ' nea
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25 During the working phase, the unit 496 is receives only the vectors of
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5(a) or clustering unit 731 during the learning phase receives both the location data
15  (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

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

20 clustering unit 731.

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,

25  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
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.

30 In the training mode, the output 78 of the clustering unit 731 is also fed to two
selection units 75a and 733. The selection unit 733 passes the vector of

distances (which it receives from the classification unit 731) to the one of the TL



5(c) (inmplenmenting a clustering algorithm such as those described above)
ard a classification unit 732 (as shown in Fig. 5(d)). As nentioned above,
the clustering unit 731 during the | earning phase receives both the

| ocation data 15 (from database 75) and the vector of distances, and it
out puts an index representing a clustéf. This is used during the training
phase to train the clustering unit 732 to recognise clusters based on
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uni t i dentdibiapdebYNERE titd dSctbr dbdistHiees o€ fdd ﬁh't@fHéleétethiclJéswmgLurﬁf e

adj ust ed (u5| ng conventional al gorithms) to reduce the sum over
trai ni ng 5/ panaisclgssifind@srhalonging te enewfitae clusterar by thenelagsificatiamurit

CoLueen PPy, 0BRBIS 4005 2. e sdBeh e 138 e R bl T O
refl ected distamebs 725 (Whicleit bbtained froatthentlassdificationeunit P8Btaithe TL unit
156 741,742, 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
distances belongs to. The unit 76 outputs a signal 77 which is the output of the

TL unit associated with that cluster.

20 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
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

25 AB, BC and AC are:

dAB =)y
d,. = Ox= (e = %)y~ Xpyc)
\/yé+(xc—x,,)2
(Yex—xcy)
dy = F <

2 2
VXc + ¢




10 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 73 and is classified as bel onging to one of
the clusters, by the classification unlt 732 which outputs a result 76b.
ThHe selectlon unit 733 feds the vector 18 distances 74a (which it obtained
fromthe classification unit 732) to the TL unit 15 741, 742, 743.

i denti f i edNetg thabmany variantsof tiasyaienn of Big & eee vessibleew'tbluin;ihe scope ofl | t he

TL i h f

oot s B RSBkl 6RLkPReY abE0e S Untd s bLbe R pu
of the Tmmbtksawomaq:tmgltewtﬂe mh\mwﬁldhs;safomﬂ@léafs,t%baafe%s@sttnhmtontdsfe TL
units 741, 742, 743 are neural networks, Q@fé[{nng very sinple

pr ef er abl yinéARYRESEIMaliPB(41i Abar /43cthe a ombetww the ecterstafo
'ayer gt r;ﬁﬁgféheembrfﬁeap éaa}utna{tgysg P e8ithBHEN 'baxsgo kL& no hidden
e I st anc

| a I's I'S sinply because roma pornt toalineis a
| i near f ursgjuanes f represented neithematicalobelewaifithe mappind eetwedn the at i on of

TS Y astast)ot fRGoes nd Ty 2B oqdaatestonpne ahibe siuptersd kS 15 Not e
t hat many ﬁ’cﬂﬁfsqgmltféfn égﬁ?rséfr?é B]n?(Nllfl @leGm‘?i gosm ble within the scope of

t he invent'ion oned “5bo the TL units need not be
neural networks, but may instead be units which performa | east squares

estimation of linear transfor t_ on 741, 742, 743. The transformation
between the vectors of 5 distapcés a a; he 2D coor di nat es obt ai ned by
esti ion based on |east squpfes$_i o present ed mat hemtl cally below. |If

t he mappi ng between the |
dy,;

1

Then for all the training data with sub-index =1 to M within this same cluster:

dn dlz dlM £ X, e x
d d d 1 2 M
A L BT (2)
: : . 11 e 1
le sz dNM
15 :
As long as M 23 and not all the points fall on one straight fine, the
transformation matrix 4 can be estimated in least-square sense as:
A= D- pseudo —inverse(X) (3)
20
dn d12 dlM x x x
d d d 1 2 M
where D=| :22 N Mland X=|y, » - y,
: : .o {1 e 1
le sz dNM

The various embodiments of the invention have been described above with

25 reference to the situation of Fig. 2, but their implementation in the situation of
Fig. 1(b) is straightforward. Although the input from a polygonal environment to
the neural networks will comprise more than three elements making up a vector



vectors of distances and the 2D coordi nates for one of the clustered
training points is witten as (for one point with sub-index 1): dl, x. 10
dz; = Ayl (1) dN Then for all the training data with sub-index i =1 to M
within this same cluster: dl11 di12 .. dim X1l X2 XM d21 d22 ... d2M = A (2)
YI'Y2 YM1 1 1 dNL dN2 . . .dNM15A1\§Iongas M- 3 and not all the
points fall on one straight line, the transformation matrix A can be

esti mat ed 9fflistanses fy@alde. deshse ha: theclustering yéll then be to/ind @Dxplanes IR0 d11

[ = 2 =Yl Y2 - YM 11 1
AN e | N dRfetibndlSHE &t dikEnPes, HEAHPAMh 3 ehdlomn St et
descri bed latheyaumbehof ifles éf thecamdrdnnéritas sihkb@ivh0a ppé-skt Bumber BRIt thei r

i mpl enentation in the situation of Fig. 1(b) is straightforward. Although
tﬂﬁ i nput R'?Bﬁ%&aﬁbﬁﬁiﬁme her srieiire qfdhe nedralaatwprkiemaing thevsame

conpri se Qi DabuUroh fife s REBIbAVATRRtRIEILIR. RultfiGifbre, 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 (Xp, ¥ps2p) to

a plane Ax+By+Cz+ D=0 is

|4x, + By, +Cz, + D|

VA + B* +C?

10
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
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,

15 however,' will have 3 neurons instead of 2.

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

20 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
time when the system 15 is in one of the shaded areas of Fig 7(a), and contains
only two peaks. For this reason, the embodiments do not work within the
shaded areas of the obtuse triangle in Fig 7(a) because the one-to-one mapping

25  pre-requisite is not valid. In those regions, any pair of points that are symmetric
to the bisector of ZA or B give the same vector of distances. However, this will
not influence the validity of the method within the un-shaded area of the triangle
where reflections from all three sides of the triangle can be obtained. This
situation also can be generalised to a more complex space defined by more

30 than three sides. Whether the work area 14 chosen by the user of the system is



19 of distances, e.g. (di,d2,d3..... dN), the clustering will then be to
fi-nd 2D planes in the N-dinensional space of distances. The Hough
Transformis still applicable. 1f the nunber of sides in the environment
i s unknown, a pre-set nunber of planes, can be assuned. The structure of
t he neural network renmmins the same 5 s%orrpl e 2-neuron linear feed-forward
structure. Furthernore, the situations of Fig 1(b) and Fig 2(a) are

t wo- di mensWei@ble epnelean be frunshewdinekinglios chaages in thexnuslderoft o r eal
life, 3D sj [ i ] Lstance froma point (xr,yr,zP) to a plane
Ax + By + %éﬁb%tstgﬂ]:}ﬁ@ tﬁ?%ﬁ&%ﬁ%ﬁ%&@z’ , ¥D  A2+B2+C2 10 which is again

linear. The linear mapping will be the sane within 3D sections divided by

the bisector planes in 3D spaces. The clustering step will then be to find
a 3D " hypelt Waste @:bpM?r‘ih%F tag ane-terong mapping rropesyfer mesewmmﬁmgﬁ
Transf gy m pgt il M id e , 15
howeve(r)j, wpﬁlﬂﬁg{/se&g?kéﬁ? gﬁgé F{r@gégf @?@é}‘ %’tﬁ gpeis ﬁﬁ?ﬁqlﬁé%%ggﬁ%e@psﬁabove
do have sotine surraundingsnaf. thesystenantplare a polggod evithmgotéhthamnthreesidest(as hown

[ ig 7 [ [ t tri I t her e, be | ti ons where not
ever y el enbrtS 1D Gethsritspia pLeRaibe e MBRsDe TRYRGER bs cpboRIothe
di rect spegyspnidhy RGhbPblyddro@nB@anbleldia SRR g{atygohﬁs aRcel ved. Fig

7(b) is a gra_f)h of the intensity of the recei'ved signal “agai nst tine when
t he syst entawlateral peniagon), fonexamnpledtiitdhasaio paratlietsides jike arréctamgiani ns  onl y

. [ di . d Kk hi h haded
o oan B HeRewbt, ebehiR Mk, ta5ep MIRH AFRRIE Sl odh Tl Metteifind nappi ng 25
pre-requi smappirgy m@peptglnhgl] sfilnbé hak® regi ons, any pair of points that are

symetric to the bisector of LA or LB give the same vector of distances.
However, this will not influence the validity of the nethod within the

un-shaded ppeaShplNfefbfi'@ the rectangular area shown in Fig. 7(c), within any one

of the eight small triangles defined by the dashed lines the one-to-one property

15 still holds and the present embodiment can be applied.

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

20 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.

As noted above, Fig. 1(b) shows how the embodiment of Fig. 1(a) is used in a
25 situation in which the environment is defined by a polygon. However, the uses
of the embodiment of Fig. 1(a) are not limited to such an environment. In certain
environments, reflective surfaces exist which may be treated as point source
reflectors. Such reflective surfaces may include a small piece of metal material
(e.g. having a reflective surface for which the average radius of curvature is
30 smaller than the tolerance in resolving the distance to the object). Alternatively,
it may include an object which may have a substantially flat reflective surface

but which is in the far distance. In certain situations, such reflective surfaces



where reflections fromall three sides of the triangle can be obtained.
This situation also can be generalised to a nore conpl ex space defined by
nore 30 than three sides. Wiether the work area 14 chosen by the user of
the systemis 20 workable or not can be found out by | ooking for changes
in the nunber of echoes during the trani ng session. It was noted above
that the one-to-one nmapping property for the environnment of 5 Fig 2(a) is
only val i ¢ontripute sighdieght powenoin he ienhoes! Althoughndgise supyestedenboed,| y, i f

t he surroundi ngs, of the system 15 are a pol n wth nore than three . sides
(as in FY f{ag)ff‘?mt gsgr‘fé—ﬁ?gty@nﬁuﬁ?%ﬁﬁv ﬁgﬁ?ﬁynﬂﬁdgﬂ%repe&a ngﬁ?rﬂje only
i f there igut), neternyBigionsd foft e REhNEdImdNofXEFP! £ Mby aintiideetd | Sighal
polygon is an equil ateral pentagon), for exanple if it has no parall el

si des | i kdPracessdngiiiite12 wiichHisvayanges, enemplayhsueh cefieationgi Thenurit d@rt ai n
sub-arega, LA Ee%gmpgr% ?pg%rgf@ glgly%’n%oleé’ﬂte&l fr3n Jellgllegﬁveg%’lééfgc%':@h‘cn any

exarrpl e, reterrin angurar area shown | n

one of t lereaffgutivelyaddinttreflactors; ordefopeesteton e combiverdioni dfesuchhechoes
one-t o-one Hgg ert 15 still holds and the present enbodi ment can be

applied. A E%e%frpwanai%urf%cq%eor etically proven that any one-to-one
mappi ng can be learnt by a neural network (e.g. RBF) to high | evels of
accuracy, given a large enough nunber of neurons and training data, in
real ity t Heitially,swal wily sonsitdenthe first2of tHesecposdigilifies; infwhich akkdhelechet wor k

and t accept.abl e amount of trainin data..These factors |pmt the
perfogﬁancség Ist%@'@%’oﬁy ﬁgqnmg@,a'lpir es§ing, ypit @reeﬁﬁﬂbpﬂ'@ﬁﬁ%freh?ﬁl"% i's
nore resi Yyfcek0 this problem As noted above, Fig. 1(b) shows how the

enbodi ment of Fig. 1(a) is used in a 25 situation in which the environnent
is defined by a polygon. However, the uses of the enbodi ment of Fig. 1(a)

are not |il. C nviraonment. In certain vironnents, .
reflective '%sﬂgé@%ﬁgﬁ%ﬁ{ﬁll%dnmﬁﬁﬁ Bng W@Xt%sdf)%gab@%%#cgﬁ&egéus?éf VEct ors.
Such ref | agtifevibepusitareh thayx- drd Yitare dFal trandedds R (GELA!yrIRY) &iridedhe
15  position of the point-like reflector as (Xret.p, Yret.p), then the distance from point-
like reflector to the transceiver (Tx/Rx) is different and non-linear in nature.
Specifically, it is given by the equation:

d= \/(xrx/Rx _xref—P)2 + (Vs ke _yref—P)2
20

Although in principle a neural network can learn such a non-linear relationship,
this is harder.

However, if there are two point source reflectors, at respective positions (Xet.p1,
25  Yretp1) and (Xerp2, Yretp2), We can formulate a linear relationship between the
respective distances di, d; of these point-like reflectors to the transceiver, by

squaring the two distance equations and subtracting one from the other, as:

2 2, 2 2 2 2
d’"-d,")= 2(xrzj—P2 - xref—Pl)xTx/Rx + 2(yn:j—PZ - yrtf—Pl)yTx/Rx +('xref—Pl t Vst T Xpepp2 T Veerom )

30



(e.g. having a reflective surface for which the average radius of curvature
Is 30 smaller than the tolerance in resolving the distance to the object).
Alternatively, it my include an object which my have a substantially
flat reflective surface but which is ir}the far distance. In certain
si‘tuations, such reflective surfaces 222 contribute si gni ficant power in

t he echoes., Al though, as suggested above, echoes fromthese ref|ective
surfaces reifnilagyi ﬁmeﬁ; e Ngrispedhar. hreq ipointr seurceuteflectaraeat diffeserins of

t he enbodi (A ' | r i | ol ch is
arranged 1oraeit, sedngendiert HicdE Galaibil Ban 1B BFRES Bt el 2DAR 1o
oper at e ordrdinates (efkecyivaiswith aistanté deformation wicke cantbe kxtracted from
effectively point .reflectors, or to erate on any conbi nati on of such

echoes . witliR SHRGTS o e res seflerdtats. Wi these two aguaans. in3Pa-  he
first of thapmeospl] HX{R‘,?F-cémb\%ﬁ\hrﬁﬂ]u%lglaﬁ&‘%agy“r&g}#%téa.ggﬁl?n%”@érg:?d by

the signal processing 'u 12 are fro int-11 ctrve "surfac
Thi s sit uasimdar iwayhée theneinbddinmentkedisenssedapredoyslpnathe glkiionobsyRgcause,

if we wite the positign i e x- _and y-plane of a tranceiver a

I(xTX/ RX, , XT’F’S%’I)RQ?Raﬁ% ?ﬂgulageﬁ B?ysiqqagﬁ"ﬁ tﬁﬁeeﬁla‘? nP9NASe QRG] éé?oﬁn%?é
(xref- P, waristbhmatidehdvecostr leaneSrdrarimAg Hatd | ke reflector to the
transceiver (Tx/Rx) is different and non-lihear in nature. Specifically,

it is given by the equation: d - (zTx/Rx -Xref-P)Z +(YTxIRx Yref-P)Z 20

Al th h i L QCi I h,. - |

el at 11ons i i oBSE o dhelsia PeiekBhrs S eidfdl HEBk, Saees Bt we
ref | ect or sexamhineethpegiigienguzsot trenmappiref bBiweer?they dittamde vasdr @ntetheP2,
yref-P2), we can fornul ate _a |inear relationship between the respective

di st ances WANSGEVESS RATQN. Jdlinis aidiiterest geemtréc%_tl dreblem framsthei pieviousy
squaring tdesel WRddh HigsidivRtit R givedins ApbeAGi N9 sUMnbily? The NRaBhiAg’ - 2s:
between the distance vector and the values (Xturx, YTwrx) Must be examined

15  closely, in order to formulate practical algorithms.

To start with, we still study the triangle case, with three point sources residing at
the three vertices. Figure 8, which is composed of Figs. 8(a) and 8(b),
demonstrates the problem. Fig. 8(a) shows the distances from the three
20 vertices, da, dg and dc respectively. Writing the position of the transceiver now
as (xp, Yp) and the positions of the three vertices respectively as (xa, ys), (X8, Ys)

and (Xc, Yc), the three distances can be written as:

25 dy =G =x) +(p -, (4)
dg =\/(xP—xB)2+(yP—yB)2 (%)
dc = \/(xp —xc ) +(p - ¥e)’ (6)

Using the formulation introduced before, from (4)*-(5)% and (4)%-(6)? we have:



(d12 - d22) = 2(xref-P2 - xref-Pl )x7'x/Rx + 2(YJ-P2 -YreJ-Pl )YTx/Rx +
(xref-Pl 2 +YreJ-P12 -xref-P22 - Yref-P12~ 30 =22 Simlarly, if there
are no less than three point source reflectors at different |ocations, two
i ndependent |inear equations can be fornmed relating the 2D co- ordinates
(XTX/ RX,, YTX/ Rx) with distance inform@3i on which can be extracted from
the echo signals fromthe three reflectors. Wth these two equations, the

2D co 5 ordin $ _(XEXI B, ,  YTX/ can ke i quel y> anck easi\ly cal cul at ed.
So, in a very ag’grri Br way tZ‘thhél?%ﬁbocﬁ‘ﬁ%h%xdziJéé’mzsséelz previ ousl g7) the
position (xTx/ R —dyT Rk xam, b (zaroudat edxpy+ apatyzi Ag.Hhe echo
signals, once the linear transformations have been learnt fromtraining

data. 10 As in the case of analysing reflections fromplanar reflective

surtaces. ()15 s PABNE oS HILEH RS AbubARAFRRHTS MEHE M B8

di st ance veCtor an ranscel ver' s positi S

geonet ri calistanoblirforrhation thd the @D cotrdinatssobMRX phsiivissi on of it is given
in Appendix |I1. Secondly, the mapping between the distance vector and the
val ues 5(xTx/ Rx,, YTx/Rx) nust be examined 15 closely, in order to

fornul ate ghafHel bilerahdRd, HESisthRcs ! {dtotM(hpe tﬁfibnlllofsgiu,dﬁ tgﬁdtai)angl €
case, with three point sources residing at tRe threa var tfces. i git’e 8,
whi ch i s oaxiracdedifrom thegchogsd$ defided@b), denonstrates the problem Fig.

8(a) shows the distances fromthe three 20 vertices, dA, dB and dc
respectively. Wididg = @ENibsryidn BIA(Ehe i dahses(ded ) as (xp(8lyp) and
the positi O"Edz Qf tg;\a tht{oﬁe ver ice%é.respectively as (xA, YB), (xB, yB) and
(xc, yc), PHEVEHPI ' ESPARVEY 'OIRURORr i t ten as: 25 dA = (XP -XA)2 +(YP
YA)2 (4) dB = (XP - XB)2 + (YP - YB %P 5) do _ (XP - Xc) 2 + (YP - Yc) 2
(6) Using the fornul ati oy ?ntydduced| before, from(4)2-(5)2 and (4)2-(6)2
we havi@ 23 [ylz 22T=A2x3 Vp (9)

d’” —d, 1

which is actually linear but with different values of 4,., at different areas

illustrated in Fig. 8(b). The areas are divided by perpendicular bisectors of each

side and O is the so-called “circumcenter”. In each of these area, the distance
vector will be a different permutation of da, ds and dc thus the value of 4, , is

15  different. This property of “clustered linearity” is quite similar to what we
observed in the planar reflector case.

As in the planar reflector case, if these different linear transformations and the
way of clustering the received echoes into one of the six different areas can be
20 learned, the 2D coordinate can be calculated from the echoes readily. In the
applications of the embodiment described above, the clustering of training data
and classifying of received echoes into one of the clusters is done by Hough
Transform based on the observation of a linear separable relationship in di-do-
ds space. However, this technique is not valid here.
25
However, for the clustering part of the task, the embodiment utilizes self
organizing neural networks based on estimated linear transformations, as in the

planar reflector case. With at least a group of three points in the training data



JdA2 -dB2 =2(xB - XxA)xP + 2(YB -YA) YP +(XA2 +YA2 -XB2 -YB2) (7) dA2 -dc2 =
2(3xc -xA)xP +2(yc -YA) YP +(xA2 +YA2 -XC2 -Yc2) (7) is actually a one-to-one
| i near transformation between a function of the distance informtion and

t he 2D coordi nates of Tx/Rx position. 5 01 t he ot her hand, the distance
vector (a pernutation of dA, dB and dc)24extracted fromthe echoes is
defined as: (di,d2,d3) (m n(dA, dB, do), m d(dA, dB, dc), max(dA, dB, dc)) (8)
and we canthatdeet oot bwidmgorie)hmmlaajbbarestznatud'QOfZA (P chi ik estimatbdkand’thd 9)

ld: - d3 1 which is actually linear but with different values of A2x3 at

di fferent elustesingi off tu@mmt @atai ganFbey dlr@(cﬁy bathd ar ﬂmseaesmnmatmmtea’ heye is

et Foumvenpaptost B el G 7 ibeddpdhe Halung o i5ake s anomratgeand
di ff erent RﬂfdthWeOlBoRfcl&%ly Qﬁu@g Fﬂﬁerbhwalhﬁe of erﬂfcfﬁ%ﬁ%tél%alvé 36

different. This property of 'inearity” 1% q Imlar to

we obser velkments hactphiyn ahly @fdf ekémr areaslly Addéperidest. p’rma&fanr Bé Iseehby Case
if these different linear transformations and the way of clustering the

recei ved eB¥yBiingthe elemests phall §|matﬂﬁ0ﬁséh@hﬂredts%b@aw be 20 |earned, the
2D coordi nate can be calculated fromthe echoes readily. In the
applications of the enbodi ment described above, the clustering of training
data and cl as fxyl r}% of 5/ ﬁeq ech?es into o of the clusters is done
by Hough Tr an% 3 ohser v tlé{l SWhe@a(ldAsandapl e

rel ationship i (ef&—d’%) d’-:ﬁmpat:«é (Hovdeyer—xt; i9ctechnique is not valid here.
25 However, for the clustering part of the task, the enbodi nent utilizes
sel f organi zi pyxpeur gl 21eL wor ks (b;fssg}AbnxgéLb,gﬁ} ed |inear transfornatlons

as in the where (da dc dg)
2xy-x,) 2005 -vy) G +yS—x5 =y

-2 3 5 _ 2 222y
0 (k4=x2) 204=3s) o 495 =% =V | yhore (ds da do)
[ 2(xc = x5) 200 ~yp) (x5 +y5" —xc" =y )
— 2 2 2 247]
2xc —xp) 20c—yp) (x5 +yg —xc"=y)

where (dg d¢ dA)
| 2(x,—x5) 2(V,—V¥3) (xAZ +y,12 _xAz _yAZ)_

_2(x -x:) 2(y,-y xSyl xS -y}
4~ Xc a=Ye) (c2 y02 A2 J’Az) where (dc da dg)
| 2(xp —xc) 25 —Ye) (" +yc —x5 -y, )_

2xy —xc) 205 —ye) (5 +yet=x =)

where (d¢ dg da)
_2(xA -x:) 200,-Yc) (xc2 +yc2 _xA2 _yAz)_

15 Fig 9 illustrates one typical structure which may be used in the embodiment as
a possible implementation (a “competitive network”) of the element 493 in Fig.

5(c). It is a variety of self-organising neural network which is well known in the

literature of adaptive systems. The box |dist| in Fig. 9 receives an input vector p

and the input weight matrix IWI,l, and produces a vector having S' elements.
20 The elements are the negative of the distances between the input vector and
the vectors IWI,| formed from the rows of the input weight matrix. The net input
nl of a competitive layer in computer by finding the negative distance between

input vector p and the weight vectors and adding the biases b. If all biases are



planar reflector case. Wth at least a group of three points in the
training data = 24 that does not lie on one line, a |ocal estimtion of
A2x3 can be estimated and the clustering of training data can be directly
based on these estinations. There is another clue that can be used in the
cllustering to make it nore accurate and® robust. If we look closely at the
6 different values of A2X3 which in total have 36 5 elenents, actually only
9 of themzgre, rtiafalmq'ximwepehdtmut a Trewon aranbbaee é3) ObyThie>amours mdhenhthe

I f 6 t ted | X8 - XA YB - YA (xA2
o2 o velilrh ddifis Rl n2ukn s Sheiant Sietltr. TxE° catipenbie trandgdr (o
2(xc -XA) fin¥toryAccé t@%h@fﬁﬂ'\fu*%&()@&br\ﬂﬂlgyér aAd erLﬁng'?Deuré)r( >6§'t&5ut§<@f 02(YB
YA (xA2 R ONEsNES Mo S RA XB) 2(YA-YB) (XB 2 4V 2)

where (dB @A aibyeurm@x@(cepkme Jeimer’, Yig} meeaeummzassmatedon}th zthgcmosia)

2 - B, d

%;: ()ﬁ) +’$§§ﬁ‘5&g%l @‘iﬁ)?&}(@”é 2{‘%&%" Pw‘%e'rs( %@“Wg'z %l'A'i'a "ﬁ\f}’e@mg}e (dc
dA dB) 2(th& nEolon2(Whidse Wiighk G2ctorGa cl¥Bas -t¥Bhke mipuB veetdr RaYBhe Yiehsf XC2
+Yc2 - XB2 YBZE where (dc dB dA), 2(xA - xc) 2(YA -Yc) ngZ +YC2 - XA2 - YA2)

15 Fig 9 iN¢Qativesnelsingl angtherfors wins the competitionjo Butrida .| Basad on )
r t he
o et 4% gafelsrs° iR eV TR 8. {rafhydd’ of EFbahizkfy BELAA deroks

net wor K V\hsmhelm‘thelellerhenim'ofltheummt weigbt edatrie IWl,| ealapki foecery/ &t ﬁ@Equihe box
Il di st rece| nput vect or and the input weight matrix
W, | mandgp%b‘?}ﬁﬁ(eg"% Qh fd {3 Repved t Qlt@g\é?fyssucgﬁssf%meﬁ'@h'ﬁp@sare t he
negatlve of the di stances bet ween the input vector and the vectors IW, |

formed fromthe rows of the input weight matrix. The net input nl of a
conpet i t i visingy selfiarganizalinrebasgd onrektimatelddineag sransforaiatioas dmshariotken

advantage that optionally at the same time of clustering, the corresponding
linear transformation for each cluster may be estimated. This is because the
15 working principle of the self-organising network is such that after training the
vectors formed from the rows of the input weight matrix IWI,| will be the
“average” of those inputs of one cluster. In this method, the input vectors are
the estimated linear transformations, so that the result IWI,I after training will
contain the six linear transformations we want to estimate. Thus, optionally, the
20 vectors formed from the rows of the result input weight matrix IWI,| can be re-
arranged into matrix form and used to replace the results of the TL units(e.g. the
units 741, 742, 743 of Fig. 6), making those units unnecessary. However, the
embodiment is not limited to this possibility, and in other realisations of the
embodiment clustering and transformation learning are treated as two different
25 functions which may be done by different methods.

For the classifying, another metric is used. In (9), actually the information of
three distances was not fully utilized since only two equations are included. We
can actually take the advantage of the third one in the clustering as:

30 d12 =(xp—x1)2+(yp—yl)2 (10)



i nput vector p and the weight vectors and adding the biases b. If all
bi-ases are = 25 zero, the maxi num net input a neuron can have is 0. This
occurs when the input vector p equals that neuron's weight vector. The
conpetitive transfer function accepts a net input vector for a |ayer and
returns neuron outputs of 0 for all nelfrons except the "winner", i.e. the
neuron associated with the nost 5 positive elenment of net input nl. The

wi nner's out pwhere Il carl bead) obBase< depefidinghem wHitte aneal tigs traheseivaeisght
vector is cJ oses to the i t vector has the | east negative net input, and
t her ef or e WitHS-: ﬁ'ﬁge@@ﬁﬁ@f‘l(gydﬂepénéﬁ’ft @f9¢l' | . Based on the equations given
above, in the training of self-ofgani zj n 2nguralr networks sone of the

el enents of the input weight mat|rix dan be forced to be equal 10 to
anot her one. This nethod is proved t@l’oedyq%y successful in sinulations.

Usi ng sel f-organi zati on based on tlg&h@jz Iﬂz% ar transformati ons has

anot her advantage that ogﬁlgm}g I(gﬁat the'isa FFE tli me of clustering(1fhe
correspondi ng |inear t ransf or mat i on(déHgé):h clluster may be esti nmated.

This is because the 15 working princ )the sel f-organi sing network is
such that after training the vector 1forr’hed fragmthe rows of the input

wei ght matrix IW,| will be the [ "averade" of those inputs of one cluster.
In this nethod, the |nput vectors are the estimated |inear

t r ansf or maf NSNS, begauseyt rqrﬂe(gr)eg’ﬁl knovyy that ghee 2D: caprdingteniXa.yp) ceait &1eh t he
six linear tra rrratl toegl f e. Thus, tionally,. the 20
vect or foh?@él'%%&ﬁ% ﬁe ra% r;a ght- pl#&tl’l qﬁerﬁnkan be

i oo g vaHeS & CBFC"%W%&WH%S%P % g % B TR e Ver
unnecessar gnd togeghtionstip witith e Wstandes vectbr canidecdsddfdrithe chisseriny bf ty,
and in other realisations of the enbodinent clustering and transf ormation

| ear ni ng alrainingdatajtfuthes ¢lassity a distapee vgstar; ipies t%ﬁ@ﬁeﬁh?r% B by

actual y « ROPAFIAE of e SrERRludin $ach g thE st RE5SPIR FolEE e Buct® nee
only t4#P efldfl! titnates Usitd RT sqlbre method based on the training data of one

group obtained from clustering. Then in the working mode, the metric of:

(dl2 _d22)2
(d12 _d32)2
2 2 2 2
abs(dlz _le6,1 (dl _d22 )(dl 2_d3 )
(dl _dz )
(dl2 _d32)
1

N’

15 is used to select the one that minimize this value as the group that current input

distance vector belongs to. In this metric, B, is one of the six values

estimated in training and [=1, 2, 3, 4, 5, 6. With classifying done, the according
linear transformation obtained in the clustering phase can be applied to get the
2D coordinate of the transceiver. The same idea also works for scenarios where
20 more than three point source reflectors exist. Suppose there are N point

sources present, there will be N-1 linear constraints between the 2D



can actually take the advantage of the third one in the clustering as: 30
di2 =(XP -X1)2 +(YP -YJ)Z (10) 26 where | can be A or B, or C depending
on which area the transceiver is within. Together with (9), we can further
get: (d 12 -d2 2)2 (dl1 2 -d3 2)2 2 2 d 2 =B 1x6 -d2)(d12 -d32) (11) 1
1X6 (d1 2 - d2 2 (d 12-d3 2) 1 This i £/because from (9) we know that the
2D coordinate (xp,yp) can be 5 fornmulated as a linear transformof dl2 -d2
2 and dl12 - d32 . Blx6 has differe tdzvgbuze according to which of fthe ar eas
of Fig. 8(b) contains the transceiyel, "anf this relationship within the

di stance v, .Birnaféén()é?g) URGYnd Ybciohs %l udie ,i\Dﬂilé){hel rte'ié"[idgiisﬂﬁan ] en0gur t her

classify a distance vector 1nto the correct area. In on rrpnta‘tion of
t he enbodi nent, each of the six po %izbl yal ues of B1x6 are 10 firstly
estimated using | east square nethod“based on the training data of one

group obt aj . I ri SThen.dn the working node, the nmetric of:
(dl 2 -dza%lgg"%g‘%@QF?g%tb%‘?%i"f'afsﬂ'”&bs(d 12 - BIx6./ (dl (di d2 - d22 3
) ) 2 (dl 2-d3 2) 1 15 is used to select the one that mnimze this value
as the group that current input distance vector belongs to. In this

netric, Blk$ qomplatesdhetdiscussion gf thes use &fithe esabedimenhimtheycasei when 2,
3 4 % GheWWdiBcfidds Hrd it Ciife 16 BoidSHiQ Ailitive surfaces (e.g. because
echoes from other reflective surfaces are not significant). However, the
embodiment of Fig. 1 can also be used in the “combined” case, where both
planar and point source reflectors exist. If by some means (e.g. the “signature”
or unique pulse shape of any of these two), we can separate the echoes from
10 the planar sources and those from point sources, we could just use only one
kind of the information, e.g. only distance information from planar reflectors and
discarding the information from point sources, to perform the positioning task as
long as the information is enough (e.g. more than three planar reflectors exist).
It is also straight forward to combine these two information using algorithms

15  similar to what is introduced before for the two individual cases.

If, however, the separation of echoes from two kind of sources by the waveform
is impossible, , the embodiment is arranged to 1) first identify the number of
planar reflectors and point reflectors respectively; 2) separate the components

20 of distance vector into these two groups; 3) finally combine this two kinds of
information in positioning.

The first task is done by utilizing the different linear transformations of the
mapping between the distance vector and the 2D coordinates of the
25 transceiver's position. With one group of the training data (e.g. for the case in

which there N point sources, at least N data points that do not fall in a line), we

can first estimate the matrix of transformation As, . between distance

vector(d,;,d,;,"--,d,;) and co-ordinate vector (x,,y,,])using a least squares



| i near transformati on obtained in the clustering phase can be applied to
get the 2D coordinate of the transceiver. The sane idea al so works for
scenari os where 20 nore than three point source reflectors exist. Suppose
there are N point sources present, there will be N1 |inear constraints
bétween the 2D 27 d2-d 2 i z coordinat®s (x, y) and the vector d'2 - d32 ,
while the relationship between d,2 d2-d 2 1 N and this vector can be used
in classi fmeﬁmd asssmigpll theeeefleictordiare danamondds. {Tihenuse cah daieulatedthei ment

in the ca 5 the re tlos ire due tpo point-like
reflecti vzﬁgﬁp‘%ﬁ@ (ét}r%f { C@?ﬂ@@ﬁe‘i r%'ﬁ’%‘f:ﬁer E’F e YurtSces
are not S'éﬁilrﬁéﬁ‘cﬂﬂéﬁtalH@’erthlsté&unﬂmlg%mcmﬁtin@9- 1 can al so be used
in the "conbi ned" case, where both planar and point source reflectors
exist. |If by some neans (e.g. the|'gipnature”_ or unique pul se shape of any
of these twd), we can separate th choes flom 10 t he pl anar sources and

t hose from poi nt sources, we cgul= Ju MISE 30 ly one kind of the
information, e.g. only di stance’ i ff or pat i'61 f f om pl anar reflectors and

di scardi ng the information from pgint| sour k] to perform the positioning
task as long as the information i‘s™hough (e.g. nore than three planar

orml o8 )&bﬁ{rﬁ ann 'éadhsﬂéln%?\i@{ ARB IS B0 %Otﬁfééhmiggé%gbor e for

|nfornat|on usi ng afgori sim’lar to what 'is’in

the two i nghevhdibler GRI6K - thisf thrEshEideds th&hursHerT 8f pRimaPTreREQRRS andOfRet WO

ki nd of sources by the waveform is inpossible, , the enbodinent is
arranged tBumper |e'x§eedl69rmsr {hreshold 28 dhe crmmtpﬁranfapomtafreﬁ@cttom Avrsimitari nt
reflectors, respectively; separate the canmpongnts 20,of distangce vector
into theseldeRoCH dlﬁp@;opb? ftPnB]el yeetort®hnéds hr €.t o kidnds of;” + &for rad on i n

pOSItIOﬂIn?
X

.»¥;,1) . However, the analysis is more complex and not included here.
10

After determining the number of these two kinds of reflectors, the combined

information of distances from the transceiver to them can be used in positioning,

as the next two steps defined previously. To illustrate the ideas and methods,

we study a simple case of two point source reflector and one planar reflector, as
15 depicted in Fig. 10, which is composed on Fig. 10(a) and Fig. 10o(b).

Fig. 10(a) shows the three components of a distance vector. With -
J - |4x, + By, +C|

a2+ B

de =y(ep = %) +(p - ye)

20 dp =5 =%p)* +(Vp — ¥p)’
where Ax+ By+C=0 is the equation of the line ¢ standing for the planar

reflector. Again we can form a linear transformation between the distance

information and the 2D coordinate as:

d, *r
dcz _dDz = 4,5 ylP (12)



The first task is done by utilizing the different |inear transfornmations of
the mappi ng bet ween the di stance vector and the 2D coordinates of the 25
transceiver's position. Wth one group of the training data (e.g. for the
case in which there N point sources, at |least N data points that do not
fall inaline), we can first estimate2@ he matrix of transformation M3
bet ween di stance vector(dl;,d20,dN;) and co-ordi nate vector (Xx,,Y;,1)using
a | east sgHewesveRdhe distévck vetotinangs eblaiidiefrorafthe@chbesar e pl anar ones.
Then we can cal cul ate the Mean-Square-Error (MSE) of cal cul ated di stance
vect or based o, tdhed; )es(mmédll,da dhimid{dd di.v &), bk @l ads P} i on Vi a

cal cul ati ng; du E; -MN.3Y; 1 dN, 5 By conparing each el enent
MSE; whi chWillsbgy o<f d;lffer@tapwmtetgh@m ®f dpdeaty U8 Iffeteé\trﬂm’en{e)rswrbvm ijth y
threshol d r. of reflectors and the nunber exceeding this
t hr eshol d i‘z(bb h'g '%aﬁ“é#t @ffOB’BP%?e adineat tenstorn such As(12) Begaussn Fﬁsn‘atppl i ed
to the gvec ,

Hovever thenanoff distandedmponeny & Yrdm e gfan s P chiafg e s it 2

det er m ni ngoinheowigeb&o solvet thissproblem kihedsllawingahethodds propdsed: ombi ned

i nformati on of distances fromthe transceiver to themcan be used in
positioning, as the next two steps defined previously. To illustrate the

| deas and EtH $iningkmede!dthrée ifferet @aRfbiINAtidnaCoPRLEN r8eslEE Vetdest o
and one pl anar reflector as 15 depicted in Fig. 10, ich I's conposed

Fi 10(a) ,and b d d d
'g. 10(a) ())can bearrangedas | ., ' ,|.|., >.,land| , > ,|.
dz _da dl _ds dl _dz

dlstance d,.d,,
10  For each group of training data, with index from 1 to K (K 3), fronm which we
are going

in

on

to estimate the linear transformation, three matrices of

transformation A/,, M, and M, are obtained according to these three possible

combinations of distance vector. Then by comparing the total error of respective
estimation, we can find the correct combination by choosing the one that gives
15  the least error by assuming a linear transformation property. At the same time,
the corresponding estimated matrix is used as the linear transformation for this
group of data. In this way, we can successfully separate the components in

distance vectors into planar source and point sources. However, there will still

be two possible values of the matrix estimated depending on whether d,. >4,

20 ord.<d,:
4 B C i
JA*+B® J4*+B? JA? + B? and
1 2(xc =xp) 2(vc —¥p) (x02 +y02 _xcz _ycz)_ _
[ 4 B C i
VA2 +B* 4>+ B? JA4? + B?
2
20xp —xc) 200, —Ye) (e +ye —xp = y,7))

where Ax+By+C =0 is the equation of the line ¢ standing for the planar

reflector. The clustering of these two different cases can be done by self-

25 organizng neural networks again. Using the matrix values (re-arranged in vector



Fig. 10(a) shows the three conponents of a distance vector. Wth

| Axp+By, +C d~ Az + Bz do = (XP -XC)Z +(YP -Yc)Z 20 dD = (xP - XD)Z +(YP
-YD )2 where AX + By + C= 0 is the equation of the line f standing for the
planar reflector. Again we can forma |inear transformation between the
distance information and the 2D coordifate as: di 2 z = A xP zx3 YP (12)
1dC -dD 1 29 However, the distance vector that is obtained fromthe
echoes: (d@rmapagdnputs thengelf-oranitig medralnaetwodDis able(todedm twDjlustariall be of
di fferent iR@ﬂi{thbt. nclﬁ% g ,dc,dD in different areas shown in Fig. 10(b).
It is difficul't to ftor He%e a linear transformsuch as (12) because it is
not 5 clear which distance conponent is fromthe planar object and which

is froma point source. To solve this problem the following nmethod is
proposed. Inrhishway rtherflvRieriaof tiaiiiag data fnlp Sndiffessi araups iss aghicwad thy
recei ved wegt i (s TR "
[ di 2d3%] atﬁg fé@%@gg?h %fi@%%rﬂ’g%ﬁ%é)f oup op?et ?Qléﬁf%%ﬂég’?%‘[aﬂém“&ﬁ} iena&gx from
1 to K (K @pupfof dmertraiminddata carebgeasily obtairsdd using d least sqeaes method.
transformation, three matrices of transformation M, M2 and M3 are
obt ai ned according to these three possible conbinations of distance
vector. T i Ji fay e ' \i Wolal can
ind the coroun HRBKIAG mhe, 4R RosSing i dohe IROELN holfis RS A oflc,
error by dsfimatigneagdimelite theana$eimmthicn thereparet gnlyAoinheosmes. Thiseis t he
corresponding estimated matrix i s used the |Ijnear transformation for
this 10 T 1 j‘

2

2 2

3

because for example in the case where is the correct combination of

distance components from planar source and point sources, d,* can again be

formulated by a linear transformation of
d’.(d," -d,*),d,(d," ~d,*),d,,(d,> —d,}))since d,and (d,’ -d,*)are both a
Iineaf transformation of x,y and

15 dy" =(xp =xc) +(yp = yc)? or

dy* = (xp = x,) + (0 — ¥p)’.
There are only two different possible values of this linear transformation and
they can also be estimated using the clustering results on the training data.
When classifying a distance vector obtained from the echoes in working mode,
20 firstly the distance vector is tried with all the three possible combinations:

% d and 4 In each combination, the additional
d22__d32 ’ dl2 —'d32 d]Z _d22 . ]

information of distance, i.e. the relationship between d,’, d,*, d,* respectively

and these vectors is tested by those two values estimated in the training mode.
From all the six cases (three different combinations of distance vector
25 components and two different quadrature formulations), the distance vector can
be classified into the correct group and be applied with the corresponding linear
transformation learned in the training mode. The full positioning problem is then

solved. The whole procedure has been verified in simulations.



group of data. In this way, we can successfully separate the conponents in
disst ance vectors into planar source and point sources. However, there wll
still be two possible values of the matrix estimated dependi ng on whet her
do dD 20 ordcdD: A B C VA2 + BZ A2 + A2 + B2 and 2(xc -xD) 2(Yc -YD)

. (XD2 +YD2 -xC2 YC2) AB C VA2 +BZ A2 +BZ A2 +B2 2(xD -xc) 2(YD -Yc) (XC2
+Yc2 -XD 2 -YD 2) where Ax + By + C= 0 is the equation of the line f
standing for the planar reflector. The clustering of these two different
cases can Qe flonasBy Sidle, the Qér%afHeZd"%frlﬁHrﬁ%oﬁb%ﬂ%@ti&ﬂﬁ%%e%d‘,gtot he
matri x values (re-arranged in vector 30 or as I nputs, the

sel f - or garéxpilaiy thee infafmatemof lgeiomattic ecanstriadrividden dh ube eachakels reflepieds i nt o

o oups 1< Tn eVt SRR e mar SR PH1EEHSY o reiofcoeReet RAlR *
- linear st r apiressTEThe mAjRF 2654 clOSRWAGOSF traming aidth Hhdd Rlanip@nttRe iRas | Y
obtai ned using a | east squares nmethod. VWile in the working node, the

cl assi fyi feanséormafionsnincdigininenaode; cliissiyisgon real-timefeshaeandapplyiinthd i ke

et o 1 reiRRg IR BaRsRrBhin R e Wb TRttt Fo S BB & ance

conponent sthérepnbgdinent dispussed abdvgoi nt sources, d22 can again be
formul ated by a linear transformation of (d,2,(d22 -d32)2,d, (d22
-d32),d,,(d22 -d32),1)since d, and (d22 -d32)are both a I|inear

tr a”Sf@rD;T?Iitrﬂfhg‘?\fthé’iné’rﬂfi)rfLﬁaQBtgerwz de&EribatfhBovd Wih référénds to fliefabodeP ~XD) 2

+(YP -
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
skilled man that the neural networks used in the embodiments are only
~ examples of the broader scope of transformation learning technologies.
15



There are only two different possible values of this linear transformation
and they can also be estimated using the clustering results on the
training data. Wen classifying a distance vector obtained fromthe echoes
in working node, 20 firstly the di stance vector is tried with all the three
possi bl e combi nations: d 2dld 2 d 2d2#% and d 2d3d 2 . In each

conbi nation, the additional 2 3 1 3 1 2 information of distance, i.e. the
rel ati onsiﬂmﬂmﬂﬂen d22 , d,2 , d,2 respectively and these vectors is
tested by those two values estimated in the training node. Fromall the
six cases (three different conbinations of distance vector 25 conponents
and two digthesrasnt: quadrature fornul ati ons), the di stance vector can be

classified into the correct grou and be ap{)l ied with the correspondi ng
ati

linear tr&isenAR@APHATY asrigdtanglewrichisinal isgsealae andisepeint withissthei oni ng
probl e i I e Vier |

Gl o oriiongf. 12 Ree IR o AREd R HE Ricta oo i e R o e

posi ti oni nthreeesided, oftthne tranglevint agdending ordenf there 3fa grest®ionecmappidigr ai nt
hi dden in the ectlﬁ er Ied%; omseveral tatic objects, is the sane
when exte é’°c°‘ opang thedigiancedecifes. The maj or st eps,
clustering of training data and learning the linear transformations in
training node; classifying a real-tinme echo and applying the according
| i near trdd3itds ebvions that ginen wardint) gherede onbypphe vectonbf distaridesat i ons of

t he en@odi ment di scussed above. 10 Al though the invention has been
descri bed above with reference to the above enbodi nents, many ot her

embodi ment ) @ﬁﬁ,p@@éf’th dtﬁei"é i Hlsfenﬁ:esvcéb?@r ] t? Wt G @< 43S 'tVH"’le tf’| ed

clear to a skilled rea For exanple, It e obvi'ous’ To’a

nman that thepraidhathahiiend®ikenlyo@ pdint wﬂhmrﬁ)ﬁmn@wmcwglv@@tms d@fé’f‘i’ﬁ?—:‘ es of

t he broader scope of transformation |earning technol ogies.
vector.

15 Assume that there are two points (x,,,) and (x,,y,) which give the same
distance vector (d,,d,,d,) . If the distance to the three sides AB, BC and AC to
the first point are labelled 4 ,,, d,,, and d,., respectively, and the distances to
from the three sides to the second point are labelled 4 ,,, d,., and d,.,,

without loss of generality, there are only three possibilities:

dABl = a_'ABz dABl = dABZ dABl = dBC2
20 (a) dACl =dAC2 ; (b) dACl =dBC2 and (C) dACl :dABZ .
dBC] = dBCZ dBCl = dAC2 dBCl = dAC2

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

11. If two lines are drawn parallel to AB and AC, with distance d ap1 = an and

dyer = 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 11).



Appendi x | Statenment: "Gven an arbitrary acute triangle which is not

i sosceles 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 mapping between the point
position and the distance vector." (1) 3% is obvious that gi ven a poi nt,
there is only one vector of distances. 10 (2) Suppose that there is a

di st ance vieer ease( (b) the sdaation isrshbwrcin By 12, witerei EGHAB, PO LAE, oL BTt hat

there is ogl LN i thi t Lianghbe_Wwhi ch giyves thi ' ce

vect or. 15’9gstﬂ$:€' Bﬂgtl er%n&;rlsebt_&ﬁpo‘)ﬁt'g%l('x}t, q?“‘i“’%n@’a?xgb%)%l RRAch
give the same distance vector ggl,, ¢gpd3)p p | fgphe distance to the three
si des AB, BE/RHY, rand otherefore i ﬁ;w=a};ﬁ-# .| &inepaBFR'=fFR31PRin@ndBCl
respectively, and the distances‘to “from‘ithe tfiree sides to the second

poi nt are GpaeipepPdAB2carilde? fanHef Beducedl tHRUEPLCTE. ThefiefRjetthért Witht her e
are only three [BOSSI bilities: dABI = dAB2 dABI = dAB2 dABl1 = dBC2 20 (a)

SACI = dAdQDFP( ) wWacrbtaing 2FBn & Ad) GBACAs=adrgsult oBBIFP= 4BUGPYBBInce dAC?
5a - dA a5 , _ . ;
i denti cal (?agsalfs rBO\(/:\%ﬂFril:{ -_I%%g']d Etl]qséﬁégbv\%)% @nglsegbé\ﬁaﬁtﬁgm}ﬁ%aﬁécﬁ PW’E% ﬁi@tand

AC, with dtsiheidecorth\Blhen theBRtiamgie islARliscsadlés2ohe. Omether ethee tlandelfithisbot h
poi nts nust rlgi'e' opn these two lines 25 concurrently. Since there will be
only one | FRRGItRR{S salisfied, it meansithatinere iss@disting,symmatoiaribs geomginodied

bl s ap, SponE SRt ohe Bl eckt! i dffbrblit BORS ity St 4t 0
foll o0 t hdistdrioesP' EE and PE/ /P D, and therefore FP = PD =P D = G
Si nce FP' =FP+PFP'" and

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.

12 . Then the distance from a point (*:) to the three sides AB, BC and AC,
15  respectively, is:

dy =y

dy = Wex —(xc = %5)y = x|
\[yé +(x¢ _x3)2

d. = |ycx - xc)’l

ac =
2 2
VXc + V¢

and following equations must hold.

() For (x1,y1) :

AC*BC —xp *(x, —x53)
BC?

x, * X X, *y.*(x, +BC
[_ﬂ_ +A2]yl_ g ¥ Ve ¥ (xp )=

20 BC
(1

0

Ye
—1x, +
AC] v BC? -

(if) For (x2,y2):



FP P E PE GP GP=G' +PP', it can be further deduced that FP=G> . Then
tegether with 5 PD=P'D, we obtain APFD - AP @ . As aresult L DFP=L
DG. Since FG/AB, L DFP= L Aand L DG =L B, it is showm that the two
points do not coincide only when the triangle is an isosceles one. On the
otther hand, if this condition is satisf4ed, it nmeans that there is
existing symmetry in the geonetry of the triangle and there are at |east
two different points with (sane e/eg]tg(xcoixﬂ)]aq,ldjﬁBtaﬁCces. Case (c) can be
proven by cal cul ation of t/he= W t..loss of __generality,
the triangle and the coor inat; S)_gst_gcrr&)Js:QIai/g@ed as shown in Fig. 12 .
Then the distance froma point”fx,¥y) fo the three sides AB, BC and AC, 15
respectived , is: dAB =Y lYcx - (xc - xB)Y - XBYc | dac Yc + (xc - xB )2
_IYex - xeYl dAC= V z z xc + Yc and follow ng equations nust hold. (i)
For (xl,yl) : xB* Yc - Yc + [AC* BC- xB * (xc - XB) + xc HYxB * Yc * (xB

T( E(C::) _;ng * Oug%Agifldgg%bég a % t\h(ai)z(x&'y% r:(Fl?Jrgh(fé(l?’c%z)give%lcasYez (E) Ecncf( !
5 equation (2) describes (x2,y2) if (x1,y1) is given in case (c). It can be proved

using algebra that it is impossible for both points to be within the triangle.

By cases (a), (b) and (c), the uniqueness of a point corresponding to a vector of
distances (d,,d,,d,) is proved, given that the ftriangle 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 = dABZ
15 dBCl = dBCZ
dcm = dDAZ
dDAl = dcm

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

dAB] = dABZ dABl = dABZ
dBCl = dcoz and dBCl = dDA2
dcm = dDAZ dcm = dBCZ

dDAl = dBCZ dDAl = dcoz



(2) Equation (1) describes a line that (xl,yl) nust fall on given case (c)
and 5 equation (2) describes (x2,y2) if (xl,yl) is given in case (c). It
can be proved wusing algebra that it is inpossible for both points to be
within the triangle. By cases (a), (b) and (c), the uniqueness of a point
cdrresponding to a vector of distances3Xd,,d2,d3) is proved, given that
the triangle is not isosceles. 10 Conbining (1) and (2) the statenent is
proved. For the polygon with 4 sides, simlar reasoning can divide the

possibility of | follow.n ses (where AB, BC, nd. DA are the four
sides): a) At p)eggqoy%tog]og—?gﬁ%%éest S[W%F@gﬁé’é%?@@ygi Eé%r%aﬂeé %N, such
as dABlI = dAB2 Jfcidéifay: =dBC2 dCDI = dDA2 dDAI = dCD2 b) Only one distance
to a side are equal, including dAB1 = dAB2 dABI = dAB2 dBCI = dCD2 and dBCl

= dDA2 dCDI = (dDAZ dgD a,,ga%czd%uw,—f_d

=4,
vect or - of - di st es' ;ele ts gre af,tot y di,Tfergent
' nel udi ng.  dABl e it aAde = Qmen JGael - Doebc anBl e d

dBCl = dcD2 d8Q¥ 5 wde2  degh =dgpA2 dIRGH d;,gdA Dgg@,),g:’
dCDI = dDA2 ' | =;,dAB2 ; dcpl = |dDA2_'; dCD| ;= d

dCD2 dDAlI = d gl’:’)ﬂDA(li”B% Ses dgﬁz =9§Ecz Deg e @? d
dDA2 dABlI = dD

=d ,d4CDl = dDA2
@Ql _=; dAB2 dDAI =
= "dBA2 dABlI =

am =Aepy |y =dpy ’dABl =dpy d 51 =dpy

5 dyer = d 45 ’ dycy =d 5y |dpc) =dep and dycr =dep,
depy =dpe;  |depr =dpe; depy = d 5 depy =dgey

dpy =d g, |dpy =deps (dpg =dpc, Aoy =d 45,

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 13, shows an example of a pair of

15  problematic points) and there are no parallel sides (e.g. Fig 14 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 Mys|y | =Myl 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.



5 d8Cl = dAB2 dBCl = dAB2 dBCl = dcD2 and dBC dCD2 dcDl = dBC2 dcD =
dBC2 dcDI = dAB2 dcDI = dBC2 dDAI = dAB2 dDAI dCD2 dDAI = dBC2 dDAI =
dAB2 For case (a) the uniqueness of the vector of distance can be proven in
the sane nmanner as for a triangle. 10 For cases (b) and (c), it can be
prroven by cal culation that there is at Host only a pair of vectors that
satisfy any of the cases. Even when a solution for two different points
exi sts, thédd andoMpareivgittencasi {jppr deMZr}pahd( M'ca e Mv r theaequstionbe

wi thin the polygon at the sanme i e &a,s 1“1 case' C) Mzwen hat there is no

symetry in t shows an exanple of a pair of 15
pr obl enatl‘ia’bﬁ'ler‘i‘tpgﬁﬁgﬁ'@éﬁé’%@ no paral l el sides (e.g. Fig 14 shows an

exanpl e of pair of problenmatic poi . For a pol ygon vvlth nore than 4
sides, i.e. N>4, the condition for t poi nt's |n t he polygon correspondi ng
to the same vector of digtanc ﬁgg M‘te xx y PO MX3 Y = M Nx3
Y 1 1 where Mstands foftth i e & Tfiction of the

| ine of each side wth coordinate 9 x and y normal sed; M is made up of
rows of Mwith a certain pernutatindn/ 36 If Mand Yare witten as: (M
I M) and (M1 1 M2)' the equation Nx2 I NxI Nx2 I NxI can then be
further re-witten as: 11 x x (M - M I)Nx4 x = (M - ' )NxI or A=B.
Y'Y 5 1k NS® theRewh! bé hb dotutith &°tH# e80afiéh URicBs@REAdCORIiHG Ir&Ws if 2e

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.



and B are proportional. This is inpossible based on the definition of M and
M: and the assunption that there is no symmetry in the polygon and no
parallel sides. 37 Appendix Il Appendix Il is a discussion of the

uni queness problemin a point source scenario. 5 Problem "G ven an
arbitrary triangle (having three verti c¥s which are not on one line) which
IS not isosceles and a point wthin the plane of the triangle (not

necessari | Appentixllt he triangle), the distance vector is defined as
aligning the 10 values of distance fromthe point to the three vertices of
the triangle in ascending order. D scuss the uni queness of mappi ng between
the point pppéndignl agd tdisculisidrnf etheeGhiguen&ss tpiebleth S6 Us Spdifte sBifc@nsi on
of this hypothesis to polygons with nore than 3 sides. Further discuss the
case with ¥|MA™®L anar and point reflection sources. 15 Discussion: 1) It

i s obvigous that given a point, there is only one distance vector. 2)
Suppose we have a di stance vector (d,,d2,d3) with d, < d2 < d3, we need
to 20 proPeoHlémt there's only one point within the triangle that gives
this distapce vector. Assune there are two points (x,, vy,) and (x2, Y2)
give the sinien;a grrikary langle (baving, thrge VPB'% WRICR ngenel 9B Mt liRg) t he
three vert| a : ctiv J s of
general i ty\fv‘:'t e/r?se %teg§ﬁ%|@§h?§§ apggsn?mé‘tﬁﬁi ggép@illt,é :Sid%ae \(%!%Hg}étjéb&(sml =
dB2 25 a)ne@issariyB@ithinb}hed Blangl®)? thedistandd,vestatG8 defined as aligning the

10 values of distance from the point to the three vertices of the triangle in
ascending order. Discuss the uniqueness of mapping between the point position
and the distance vector. Further discuss the extension of this hypothesis to
polygons with more than 3 sides. Further discuss the case with both planar and
point reflection sources.

15

Discussion:

1) It is obvious that given a point, there is only one distance vector.

2) Suppose we have a distance vector (d,,d,,d,) with d, <d, <d,, we need to
20 prove that there’'s only one point within the triangle that gives this distance

vector. Assume there are two points (x;,y,) and (x,,y,) give the same distance

vector (d,.d,.d,). If we mark the distance to the three vertices A, B and C as

d,, d; and d_. respectively. Without loss of generality, there are only three

possibilities:
dy=d, dgy=dg, dy=dy,
25 a) \dp =dy, ; b) {dy =dy, and c) {dy =d, .
dey =dg, dey=d dey=d

For case a) it's easy to prove the two points will be identical, as shown in Fig

15. If we draw two circles with center at A and B, with radius d, =d,, and

dg =dg, to them respectively, both points must lie on these two circles



dcl = dc2 dcl = dA2 dcl = dA2 For case a) it's easy to prove the two points
w: | be identical, as shown in Fig 15. If we draw two circles with center
at Aand B, with radius dA, = dA2 and dB, = dB2 to themrespectively, both
paoints nmust lie on these two circles 38 concurrently. Since there are at

most two intersections of two circles, 3he two points are either identical
or just the two intersections Pand Q If it is the latter case, since dc,

= dC2 , potomncutrentlyt Sieceo thérbearpeatpmogt twib dntelbsestionerofaivoPErcl€d, thehiveot her
hand, A and B ,are aJ so both cin t.he Eegt&en_di cul ar bisector of PQand 5 this
means A, BPAIE arepiheridgniicaliqrdustthedwosintygestionscl and Qo lfgtiis Weslatiet i ons

h IS i [ Th he . ' ' Lcal. fath
| nter sect | SASE NG, ey adces BahEE MESCHE ot s BEpRABRLE Hised: FEFER O Fi
16, si thel t ' ' i
contre at BaoqiefRand; ACandiB & 458 bofton the peipBRarlliar Birers forRlan
have PA:=QCthisitheaDs@d BiandeCde on o linedThis is codikadiciing to our aesEmptiomon

side of AC, we.have L C =, AAQC, a _conseguence,., LPAC = APQC
is an i sostH%S t"F‘QB@?@Ed.Tm%?h@&bé?od@ﬁdnﬂ{ﬁ?ape ifea 'OPSO%QC&Q&’%G des
wi th that giteRechetoheXtivd dirleymmetry of isoscel es 15 trapezoi d. However,
t he perpendi cul ar bisector of PQ goes through point B since P and Q are

two points on a circle centered at B. Then we have the conclusion that B

| soscel s [P Engt DyaWciis dRFAGH It ich 16 S5 dacarlpt | DR, werBaink Bt o

georet 19 aft Pk E0dns el il 2efingle B el 88 2% T VRS e 1, i)

ang A2, Rk QSN e PRtQE Hhe PRICA SR df XanR), 2 (Y rret) 2 =
with a common side of AC, we have AA4PC =AAQC. As a consequence,

£ZPAC = £QCA and APQC is an isosceles trapezoid. Then the perpendicular
bisector of AC coincides with that of PQ because of the symmetry of isosceles
15  trapezoid. However, the perpendicular bisector of PQ goes through point B
since P and Q are two points on a circle centered at B. Then we have the
conclusion that B lies on the perpendicular bisector of AC, which means that

ABC is an isosceles triangle and this is opposite to our assumption. Thus P and
Q must be identical.

20
For case c), calculations based on analytical geometry are needed for the
analysis. Suppose we have two points P(xs, y1) and Q(x,, y2) satisfying this
constraint, we have.
G =% ) + (=2, =0 = %5)" + (1, — yp)° (i)
25 G =x5)" + (0 =) = (x5, =) + (0, — ¥c)’ (ii)
(5 =x) + (= ye) = (=%, + (1, —y,)’ (i)

By subtracting (ii) and (iii) from (i) respectively, we can obtain:
Axy =x, 5 +Ayp =y, 0, +(xA2 +yA2 __sz _J’BZ) =2xe —x5)% + 20 — Vg, +(sz +J’BZ _sz _}’cz) (W)

Axe=x )% +20 =y N +(‘xA2 +yA2 "xcz _YCZ) =Ax, —x)%,+ 200, = Vp)¥ +(sz +y52 —xAz _.VAZ) (V)
30



25 (X, -XB)2 +(yl -YB)2 = (x2 -XC)2 +y2 YO 2 (ii) (x1 -XO2 +Y. -YO2 =
(X2 -XA)2 +(y2 -YA)2 (iii) By subtracting (ii) and (iii) from (i)
respectively, we can obtain: 22(X8 -XA) +20/B -YA) YY +(XA2 +YA2 - XBZ - YBZ)
_ 2/ XC X "X +2(yC -YB) Y2 +(x62 +YBZ -x.2 -Yc2) (iv) 2(XC-XA)) +2(C

“YA) Y1 +(XA2 +YAZ xC2 -YC2) = 2(xA -XB)3 +2( YA -YB) Y2 +(xB2 +YBZ - XA2 - YAZ)
(v) 30 39 From¢(iv) and (v), we can see that there is a linear

t r ansf or nelftioom (W anddn), twe caomeedinab thereos { lineantransiomngtich bgeenthecan

Cubst: tut et of thoRtand besaloflle sPAHPrt el B Fradeauhbr ing

coor di nat egamdfolmafdn caf Yl afi) 0and iSubsttuteeings oy to tékhin® aAGkeahlbriermust
lie on a hyperbola with the paraneters determ ned by the coordi nates of

the t hree @@iaticd mgapdingdthe, coprdipatasngl ¥ By calsslationaitozarebe proped ?b“f"
. : ) | P. Se.0 anar
obj oot & | (AGUEI'P fliche dIF d Hibendla ot e pRRle/s qRimiREE o, 1

wi t hi n t hecdordimagés offth@BBred Ipointsea| 1B/ anbdeCe Avtordin l?@@die@soﬁfandil‘?ér = dc2
hyper bol a | ocus (since there is _another case where d = d,42) , where for
each dc1 PRyRasbolsefinearfransfermaation el thedecwsPbP- there is a counterpart on
the other hyperbola of the pair that gives the exact sane di stance vector.
However, since this only happen for extrene cases, our nmethod may still be
valid for lpecentedst ciacthe. cabel of plasahalsiebtse theraris inal way po timétctherpasition of

simulagjon results. Wth four point sources, it can pe simlarly induced
that t Her efNgr BABPCERY WBWB‘ H}?a&ﬁaé‘giﬁ ngeﬂ}s’éi rrﬂagy\ﬁﬁ?rﬁ gyist MPd?ﬁ'rSdP%t ance
vector (since there is one nore degree of constrr()nt:) While with no |ess
than five point sources, the mapping of 20 2D coofdl né{cés of a point and
t he di st ankyperbetadocus (sincethereds asathengase ivherpcldigend § dr miheréd Jort émchi | ve
points are with parallel sides and of any symret r%zc] =d,,

point on one of the hyperbola, there is a counterpart on the other hyperbola of

the pair that gives the exact same distance vector. However, since this only

happen for extreme cases, our method may still be valid for general cases. This

15 has been partially proved in our simulation results.

With four point sources, it can be similarly induced that there are at most two
pairs of single points with equivalent distance vector (since there is one more
degree of constraint). While with no less than five point sources, the mapping of
20 2D coordinates of a point and the distance vector is unique, given that the

polygon formed by the five points are with parallel sides and of any symmetry.

For the scenarios where both planar sources and point sources exist, similar
discussion can be made. The key point is the number of total reflection sources.
25  With more reflectors, the constraint on the distance vector will be stricter. With
no less than five reflectors (no matter from planar source, or point source), there
is a one-to-one mapping between the 2D coordinates and the distance vector.
With a number of three to four reflectors, there is possibility of two different

points giving the same distance vector in theory. However, even in this case, as



For the scenarios where both planar sources and point sources exist,

sism | ar di scussion can be nmade. The key point is the nunber of total
reflection sources. 25 Wth nore reflectors, the constraint on the distance
vector will be stricter. Wth no less than five reflectors (no matter from
pl*anar source, or point source), there 4s a one-to-one mappi ng between the
2D coordi nates and the distance vector. Wth a nunber of three to four

ref | ect or swethaveeshewpqyeviouslyt jt aily thappensfar ertremeocases ofjisingle cuheessane

di stance v jn theory. er., even in this case, as 40 we. have shown
pr evi ousl ytgﬁﬁg %%’n’l‘?ﬁ ﬁ%%é?stﬁg%w%ﬂ%ssc%#s@e(ﬂmgc?cﬁ@eéﬂ%Bﬁli’«?s'n"%'mp'hay not

i nfluence the effectiveness of the enbodinents of the invention. 5 LLOYD
WSE 41 Clains 1. A systemconprising a transmtter for transmtting
wireless signals in all directions within a 5 range of directions, the
range of directions including at least all directions in a plane; a

recei ver for receiving echoes of the wireless signals fromany direction

in the range; a processor for processing the received echoes to derive echo
data 10 signals indicative of the distance of the systemto a plurality of
reflective surfaces; and an adaptive systemfor: during a training stage,

| earning at | east one associ ation between the echo data 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 data signals and the | earnt
association to determ ne the position of the system 20 2. A system
according to claim1 in which the processor includes a distant@YD WSk or
determ nation unit for providing the echo data signals conprising nunbers
whi ch indicate the distances fromthe §Vsten1to each of a nunber of
respective reflective surfaces. 25 3. A systemaccording to claim1 in

whi ch the @laimessor in includes a distance vector determination unit for
provi ding the echo data signals conprising nunbers which indicate the
difference of the squares of the distances of the systemto a respective

pair of the refA\%zgfewec@mpﬁgp@s. 30 4. A systemaccording to claiml, claim
2 or claim3 in ich the processor is arranged to nodify the relationship

bet ween the echad&angmdftarfer tansmitting wWinetess sigSals in 21l glirgatiors wihigedier at e

ho d : ‘ - . ; _
el at i anani g HsElBe ThOFa e bt s tiohsdhe IR Es G AR AN WrectolEH 5
Cartesian plaee;, 5. A systemaccording to any preceding clai mwhich includes

a clustering 5 and.clgssifying unjt, t clusterin ngd cl assifying unit
e g ar r anged:2 KAV 10 ECEMIARRR0SS Bbhe WHSleas ha ToRESBEFbS el
signal s ofsthe (hhgéning data into clusters, the adaptive system | earning
an associ ation for 'each cluster between the echo data signals of that
cluster and theapseaassat tar proséssing theofeceived aghmesp derveldthdudatag t he

10K o 885 P S B B8 e R S PR L Dol ona to

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 for providing the echo data signals comprising
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 in which the processor in includes a
distance vector determination unit for providing the echo data signals
comprising numbers which indicate the difference of the squares of the
distances of the system to a respective pair of the reflective surfaces.

30
4. A system according to claim 1, claim 2 or claim 3 in which the processor

is arranged to modify the relationship between the echoes and the echo data



system using the | earnt association of the corresponding cluster

system according to claim5 in which the clustering and C|aSSIf %Hg

15 includes a clustering unit adapted during the training sta ive a
cluster index indicative of a cluster associated with the echo data
si(gnal s, and a <classifying unit arrand@h during the training stage to

| earn associ ations between the echo data signals and the cluster indices
and duri n@lgmatsmgﬁnﬁ@tpmbedaéasamalmorapdslogtaepluratttte@f nambersohaving echo
data sign tent ccor ch the cl assi fying
ani t 1 s anrerpbelafonthift i 6EUTEE SoflebruBe SyFtei Mty GetieSisr Chm 5. A
systentacqgaﬂgggn@geglalnt? I n which the clustering unit durlng the 25

training stage is arranged to take as input a vector conprising the echo
data sigral s ahgystea aseerding eamorieceding claim whisfsinsludes @oelesiegingo cl ai m

7 gl Sl RasLHahe RS NbeiHAY B el IR BeRb WRrigbat r 295 1O

take as inpu I near rans derived from

t he egho data sdwgirg megminﬂt@lsstage,tteq)mm ttﬁﬁéct&dﬂﬁ‘é&@fﬁﬂ&ofﬂﬁe tkﬁmlldgdsyStem
accor di ng receding clajmin which the adaptive system_ includes at
| east one ra%‘ﬁ'éfitﬁfﬁli 3@9‘«]%&/%&@% '5@6’8?8|aﬁgast38°@F'SFryﬁ?rl%a%@Hst?épendent

upon cl ai ”BeEMe H%é%ho%ét@%ug&%@f&f that E%E&@d%b%%%c%té’t?ﬂéé ioREbyvor k for

each cluster, e neur al berng trained using tralihing data for the
correspondﬂmgsystamtmndto Iearn the association for echo data signals of
t he correspondl im11 in which each

neur al 1%et wor k ¢ @r H\ﬁo qu ﬁ?@?sﬁ%‘%%nf'%?nceﬁ‘rg ﬁ@@?%&hea%%%tﬁg to claim
12 in whi céigRAsbeleny B, Wiirsby heP8ddmivsystem R8amihe8 ¢hé BBsifibnidf $hd Nput s.

system using the learnt association of the corresponding cluster.

6. A system according to claim 5 in which the clustering and classifying unit
15 includes a clustering unit adapted during the training stage to derive a cluster
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.
20
7. A system according to claim 6 in which the classifying unit is arranged to

employ a learning vector quantization algorithm.

8. A system according to claim 7 in which the clustering unit during the
25 training stage is arranged to take as input a vector comprising the echo data

~ signals and the associated positions.

9. A system according to claim 7 in which the clustering unit during the
training stage is arranged to take as input a vector comprising a linear

30 transformation derived from the echo data signals and associated positions.



15 14. A systemaccording to claim5 in which the adaptive systemincludes
fer each cluster a respective transformation unit adapted during the
training stage to derive a respective |linear transformation of LLOWD jmgpits.
15. A systemaccording to claim14 in which the transformation units derive
20 the linear transformation by a | east43squares al gorithm based on (i)
vectors of distances as an input and (ii) positions associated wth the

echo dat a §).gnaA Sysem abédrding toldhy preerain@MeIARE R Which the aARptivE SF&aNg
claimin which the signals are RF™ 25 wireless signals. 17. A syStem

accor di ng inelugeaiatierst pnewieusdl netwotk. ansnitter is an omi- directional
antenna. 30 18. A systemaccording to claim17 in which the

omi -directional antenna serves also as the receiver. LLOYD WSE 44 19. A

met hod of tkt erAispstegn hbeordirg) to clainofl 0 avherbiemsndenit apor tdiith 5 iPWhIchsi Ng:
transm tti ng wireless signals fromthe object in all directions within a
range & dhFAdaPHME sypieahinchdess seyral petyarkder eagh elustesntheineutap) ane; 5

recei vi ng oY) ; : 1 i bl he
ange. of diueieoeRLttingd N Rlinhodta i B TorapBhaIng RIEN Barl 17
si gnal s i nbecssooiation fort éehaldatasigrals of theecarbgsponding eluptenr al ity of
reflective surfaces; during a training stage, |learning at |east one
associ ati on between the 10 echo data signals and the position of the

system basgzl ona egrenslateordird R daintN 4 iRWARH S4@inebiat AELRARI$ BAwodat a,
during a working Stage, using the echo data signals and the | earnt

associ® i dayeonefwost.n ne the position of the object.

13. A system according to claim 12 in which each neural network performs a

linear function of its inputs.

15 14. A system according to claim 5 in which the adaptive system includes for
each cluster a respective transformation unit adapted during the training stage

to derive a respective linear transformation of its inputs.

16. A system according to claim 14 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.

16. A system according to any preceding claim in which the signals are RF
25 wireless signals.

17. A system according to claim 16 in which the transmitter is an omni-

directional antenna.

30 18. A system according to claim 17 in which the omni-directional antenna
serves also as the receiver.



15 20. A nethod according to claim19 in which the echo data signals
canpri se nunbers having linear relationships to position valuegL@§Dyﬂ§E

obj ect nmeasured relative to Cartesian axes. 21. A nethod according t
claim19 or claim20 in which the echo data 20 conprise signals indicate

t fe di stances fromthe object to each a4 a nunber of respective reflective
surfaces. 22. A nethod according to claim 21 when dependent on claim20 in

whi ch the1gesn@%émsawﬁb&qm.magwébagﬁaén%ﬁ%n%b?éétamé MetiodP! anar. 25 23.
A met hod according to claim19 of claim20 in which' the echo data signals

conpri se reampisinghi ch i ndi cate the difference of the squares of the

24 Aot hod adliT oG bteRsb SIS ik BE g b 2B HBetFR: WiRITE i ch the
respect i veranhgélof direeorsdwhitheifclages Roledst hil darettdneLit Hpranet LOYD W SE - 45
25. A nethod according to any of clainms 20 to 23 including a step of

det er nidni ng a tlespling ah theqthiestechors of theywiraless signata frans agy af theaccordl ng
to the na'% E,EP@ ol flectlve surfaces. 5 26. A nmethod according to any
of clains 0 g urt i ncluding: during the training stage,
partitioni ng egbtrocesding $hegrmieweﬁ ethues toaderivegchdad ataisigrals indidative, oft he

dapt i t I 'n an ssoc ation. fq ach cluster between the echo
Sa?g Is?lgnz&l‘s cﬁﬁmapj?,%%) h]g t?JéF hﬁ%“%@éb%f[e&&% SHE@F®$:0ns of the object:
and 10 during td@inePs fiaiing s, Iéiﬂhfﬁ'grﬁtﬂéé'ﬁd%ﬁk&id!@h%etﬁ@@n?ﬁé‘o dat a

signal s belong to, Wwhereby the adaptive system determ nes e position of
the difj ecechosdaig sugmlseadrthemsttlonazfltbe]smstenhbamoeepbodian@sxglnaist er. 27.

A method ageoLdlidaibg dbjéitPostionnath! ¢

during a working stage, using the echo data signals and the learnt

association to determine the position of the object.

15 20. A method according to claim 19 in which the echo data signals comprise
numbers having linear relationships to position values of the object measured

relative to Cartesian axes.

21. A method according to claim 19 or claim 20 in which the echo data
20 comprise signals indicate the distances from the object to each of a number of
respective reflective surfaces.

22. A method according to claim 21 when dependent on claim 20 in which
the respective reflective surfaces are substantially planar.

25
23. A method according to claim 19 or claim 20 in which the echo data
signals comprise numbers which indicate the difference of the squares of the

distances of the system to a respective pair of the reflective surfaces.

30 24. A method according to claim 23 when dependent on claim 20 in which

the respective reflective surfaces are point-like reflectors.



15 during the training stage a clustering unit derives a cluster index

I adi cative of a cluster associated with the echo data signals, and a
classifying unit |earns associations between the echo data si gp@qu Wﬂ@&t he
cluster indices, and during the working phase to output a cluste

based on the echo 20 data signals. 28.45A nmethod according to claim27 in
whi ch the classifying unit enploys a |earning vector quantization

al gorithmo25 2 ‘ ' | | ustering
uni t takeszis gr%ﬁpag%g{%ﬁggﬁg??&%gﬁ%%gqgc%%o'hggwgglgswﬁspand t he
associ at eddgtesninings trartsfnrrmfrom thecechoes tditheyecho data sig8lsiaccanding té he
clustering,unit takfﬁ ledt vector conprising a |inear transformation
derived fromnnaiue ed'g{%m aé:ﬁal s and associ ated positions. LLOYD W SE
46 31. A nethod according to any of claims 19 to 30 in which the | earning
Is at least partly perforned by at | east one neural network. 32. A nethod
accor ding 2® clAimetbedassardiegthaenof gb@ﬁSddera%grbnﬁr geludingnpl oys a

neur al network t usi ng
trai ning data f%@{qgﬁ@%&g@be pon%erﬁ%ﬁﬁg‘bgrecps ear rg?'?Le Jbégtﬁiﬂgon for
echo data Gatgnnﬂoscloétetd]eheadaps\rmeyhtem lebtritgan associatiorfivoshctcelasieérng to

claim32 in which eac ura Is atw 10 |layer network. 34. A
met hod acctb?téﬂ’eﬁﬁ thg &g queﬁt%§'9nﬁ t@ﬁt elster apdrthe §$§99\!@F%’ B@$'¥'@J’F$’f§f
| i near fungkl &f ahdgs inputs. 15 35. A nethod according to claim26 in

whi ch the adaptive systemincludes for each cluster a respective
t ransfi mat i on duning thiei working staget determining mipicht clgster diee eclks data espect i ve
linear tr as“.SF\a srBatic'Jr(u)gntoOfvaetrgby m)e agaptlve system determines the position of the

object using the learnt association of the corresponding cluster.

27. A method according to claim 26 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.

28. A method according to claim 27 in which the classifying unit employs a
learning vector quantization algorithm.

25 29. A method according to claim 28 in which the clustering unit takes as

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

30. A method according to claim 28 in which the clustering unit takes as
input a vector comprising a linear transformation derived from the echo data

30 signals and associated positions.



36. A nethod according to claim35 in which the transformation units derive
28 the linear transformation by a | east squares al gorithm based on (i)
vectors of distances as an input and (ii) positions associated lWiOtYDWﬁSS
echo data signals as outputs. 37 A nethod according to any of clains 19 to
36 in which the range of 25 directionsteis all directions within a

t hr ee- di nensi onal space. 38. A nethod according to any of clainms 18 to 37

I n which sg d SA%ﬁb%heg ackb 'csshgafwarrﬁéqg%o%bqnwﬁcﬁﬂ% [e2Ffih iigg}

wirel ess signals are both perTorne usi ng the same ommi-directlfona
ant enna. least partly performed by at least one neural network.

32. A method according to claim 31 when dependent upon claim 26 which

5 employs 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.

33. A method according to claim 32 in which each neural network is a two
10 layer network.

34. A method according to claim 33 in which each neural network performs a

linear function of its inputs.

15 35. A method according to claim 26 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.

36. A method according to claim 35 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.

37 A method according to any of claims 19 to 36 in which the range of

25 directions is all directions within a three-dimensional space.

38. A method according to any of claims 18 to 37 in which said steps of
transmitting wireless signals and receiving wireless signals are both performed

using the same omni-directional antenna.



