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Current systems offer some degree of fault tolerance by including built-in-test (BIT)
circuitry in the interface modules which receive and signal condition the various sensor
signals for a tank and/or bay thereof. In addition, the sensors may be divided redundantly for
inputing to separate interface modules for added tolerance to a fault in an interface module,

25  for example. Still further, presently proposed systems offer sensor fusion techniques for
computing liquid quantity. Some sensor fusion techniques are considered to offer built-in
fault tolerance without explicit fault detection. Corﬁpetitive sensor fusion techniques, for
example, operate with physical sensor redundancy, whereby a number of homogeneous
sensors measure the same physical quantity, and simple algorithms, such as averaging,

30 trimmed averaging, rank selection filtering or other voting schemes may be used to provide
fault tolerance without explicit fault detection. In order for these systems to work, more than

half of the sensors must function properly so they can form a majority. For example, in order
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subset's emehkurdifidnd @d1€n comprises: a plurality of sensors for measuring parameters of a liquid in
20 a container; each sensor generating a measurement signal representative of the liquid
parameter measured thereby; means for grouping said sensors into a number of sets, each set

including some sensors of another set; and processing means for processing the measurement

signals of each set of sensors to determine for each set of sensors a first estimate signal
representative of a likelihood of measurement signal validity for the measurement signals of

25  the corresponding set, and a second estimate signal representative of liquid quantity in the
container based on the measurement signals of the corresponding set, said processing means

for determining a third estimate signal of liquid quantity in the container based on a function

of the first and second estimate signals.

More specifically, the fault tolerant liquid measurement system comprises: a number
30 M of sensors for measuring the parameters of the liquid; means for grouping the M sensors

into M+1 subsets, one subset including all M sensors and said other M subsets each including
2
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BRIEF DESCRIPTION OF THE DRAWINGS

Figure 1 is an illustration of an embodiment of the present invention in an exemplary

20  application.

Figures 2 and 2A are illustrations of the embodiment of Figure 1 shown in greater
detail.

Figure 3 is a block diagram schematic of a multiple model estimator embodiment

suitable for use in the embodiment of Figure 1.

25 Figure 4 is a diagram for showing the grouping of sensors into subsets suitable for use

in explaining the operation of the embodiment of Figure 3.

Figure 5 is a block diagram schematic of a simple multiple model state estimator

architecture suitable for use in the embodiment of Figure 3.



Figure 6 is a block diagram schematic of an alternate enbodinent to the
enbodi nent of Figure 3. Figures 7A and 7B in conbination illustrate a

sof t war e Woowshayst exenplifying an extended Kal man filt erpcalgmiistiam

sui table for e in the . enbodi nent .of Figure 3. Figure 8 is.a blogk

di agr am scherr;‘f i e?g lsaaewg%glla%t W{?agﬂgg?ﬁ ﬁlg‘?%?"%%ﬁ gg%qtortheﬁgg’oﬁﬂn%e
enbodi mengfmgukisgure 3. Figure 9 is a block diagram schematic of an
alternate neural network enbodi nent suwitable for use in the enbodi nent of

Figure 3. Figure 10 is a nore detajled functional schematic of the neural
networ k enbodi Figates 7o apd 7B gueemnatmmyijlustrate § sofpvaye flowsbarjoxempifiieg pdnal
schemati c e SBRE i 8 &R i 12 is a

bl ock di a%)génr%te g&%ﬁ%ﬁ ﬁgeﬁéﬁﬂfz@r%ﬂgﬁggr a;%;l)r% glfieﬁiabt%g{ngerng lefiggﬁjfe sui t abl e
for enbodying the nmultiple nodel architecture of the enbodi nent of Figure
3. 15 Fi gure 1Biguis &idh dbdckdliagammchahaindi & nedrabnependr ambadichent suitable for
psuedo- Bayesi an | rchitecture_suitable for enbodying the nultiple nodel
ar chi t ect e eean’@%é‘ﬁﬁ‘Ef(ﬂ% ©3f Figure 3. Figure 14 is a bl ock di agram
schematic of an interactive multiple nodels architecture suitable for
enmbodyi ng the F‘P%bfe' 9lie aMMEG¢ dREFIMN kO A anl AP Qi AR RbtwRirk Rhibetineht 20
Figure 15 is a block diagram schenatic of an alternate enbodiment to the
enmbodi mensuitebleFpryesean he DabOANEHD IDERORE PTI ON OF THE | NVENTI ON Wt h
reference to Fig. 1, an enbodinent of the invention is illustrated in an

| Fig. 1. an embodiment of the inventi trated i
A though t e i Fei (hls 4 ot SaE@ ine el ¥RemdB Bt AR RAR G R G Rt tineps,

of airyeradftFigmels. gauging, this is for purposes of illustration and

expl anati on and should not be construed in a limting sense. Those skilled
in the art wl]l apfr_eci ate that the present invention wll have : . ‘
appl i cation t ofFighate 1} i moradairiied fungimak sabewatic AT e nayral mefwork suyhodimaend
determ ne%xz@gbl%léanti ty of liquid in a container. 4 WO 02/35185

PCT/ US01/ I'n Fig. 1 an aircraft 10 is shown with an on-board fault
tolerant fuel neasurenent/gauging system 12 in accordance with the present
i nvention. |In Figuse &Xdsml Block diagram schematic of a zero order approximate architecture

suitable for embodying the multiple model architecture of the embodiment of Figure 3.

15 Figure 13 is a block diagram schematic of a generalized psuedo-Bayesian I
architecture suitable for embodying the multiple model architecture of the embodiment of

Figure 3.

Figure 14 is a block diagram schematic of an interactive multiple models architecture

suitable for embodying the multiple model architecture of the embodiment of Figure 3.

20 Figure 15 is a block diagram schematic of an alternate embodiment to the

embodiment of Figure 3.

DETAILED DESCRIPTION OF THE INVENTION

With reference to Fig. 1, an embodiment of the invention is illustrated in an

exemplary application, in this case for fuel gauging on an aircraft. Although the invention is

25  described herein specifically in the context of aircraft fuel gauging, this is for purposes of
illustration and explanation and should not be construed in a limiting sense. Those skilled in

the art will appreciate that the present invention will have application to any liquid gauging

application in which it is desired to determine the quantity of liquid in a container.
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t he gaugi ng system 12 is used to estimate the quantity of a fuel 13 in one
or nore fuel tanks or bays thereof 14. The term"quantity" as used herein,

ei t her aswiguplsstggantity or liquid 5 quantity, refers to ampectunoia2:8h
measure or quaptif.ication aof the Jiquid 13 that defings it val unme
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or WeMra The mass of the Tuel 13 in a tank or bay 14 is of particular
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power the ajrcraft . Dhrect quantity neasurenent,sensers in d .
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quantidy dqnéity abfets @ehmy afiitd 6OMeARAS Wi efilNkifcatibfl ofahe ligatd onshafdeBhbeits
paranmeters of the fuel 13 including density, acceleration and fuel height

in the tavumgheeight, sees ont deabipioatkereels Thedagr relationspigs aread by vari ous
sensors 16 (collectively designated in Fig. 1) including but not limted
to capacitive E§n§ors, pressure sensors, ultrasonic |evel sensors,

accel eroneters and tenperature sensors, or derived fromsuch neasurenents
and 20 other calculations. As used herein, a paraneter of the liquid in
the container, or a "liquid Massan®phmie * DenditydedVIaMypchar acteri stic of the
liquid that can be nmeasured, detected or derived by calculation or other
t echni que. re particularly, a neasured or detected |iquid paraneter

i ncl udes ﬂﬁ&bcharacteristic of the liquid (such as, for exanple, echo
travel tinme, tenperature, 25 pressure, capacitance and so on) and/or an
exterygal parangger that acts on the liquid, such as for exanple, force of
accel eration. These various paraneters are exenplary in nature and are not
intended to be exclusive or Iimting in any sense. A derived paraneter of
the liquid is any paranet dfeight cMapstteedlereiion or Wadierty of the |iquid
that is determ ned or calculated or otherw se derived fromone or nore of

the measurod pfARELEEERTHAYS SNEHCLPYRF TRY BRoAlo AN Bk febfist B 1ot

system such as, Tor exanp f'ue ei g ensity, ocity of
sound 5 K¥el GR24sS5dB&rnteds/ W0 dhetgy 8aildBlOSp. pdgai thet hieseftded.i vBirepaqaaeiter s
are exenplary in nature and shoul d not be construed in a limti n% s.?rgfe.
measurement sensors i a dynamic environment such as an airplane are not available.
15  Therefore, liquid quantity is a value derived from measurements and calculations of other
parameters of the fuel 13 including density, acceleration and fuel height in the tank. These
and other parameters are either measured by various sensors 16 (collectively designated in
Fig. 1) including but not limited to capacitive sensors, pressure sensors, ultrasonic level
sensors, accelerometers and temperature sensors, or derived from such measurements and

20 other calculations.

As used herein, a parameter of the liquid in the container, or a “liquid parameter”
includes any characteristic of the liquid that can be measured, detected or derived by
calculation or other technique. More particularly, a measured or detected liquid parameter
includes any qharacteristic of the liquid (such as, for example, echo travel time, temperature,

25  pressure, capacitance and so on) and/or an external parameter that acts on the liquid, such as
for example, force of acceleration. These various parameters are exemplary in nature and are
not intended to be exclusive or limiting in any sense. A derived parameter of the liquid is any
parameter or characteristic or property of the liquid that is determined or calculated or
otherwise derived from one or more of the measured parameters and/or other information

30  available to the system, such as, for example, fuel plane height, density, and velocity of sound
5



Some, one, or all of the sensors 16 can be disposed inside a tank or bay
thereof 14 if the sensor design so dictates. However, it is understood

that somewgyo@kissof the sensors 16 5 may be non- intrusivq, Riypgot hat a
sensor(s) .is (are) not exposed electrically to the fuel r ot her
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for purpﬁsaqﬁngﬁl tBis disclosure is a sensor that can be |nstal |l ed at and
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quantity of the fuel 13 in a tank 14 notw thstanding one or nore faulty

nmeasur emewithetgigaificanhlogzebivghfiem the tanklHavhanescsensayde senedvedhandiords asensor
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i |'I'ustratggt the 1ﬂﬂéhﬁoﬁle§1ﬁbé uged with alDir@@BivE 3énisort. suth aé Sapacitive ppdbrtsed pidsaire a
nunber of sensors 20 may be located in close proximty tg each other at
the fuel $eapRsdpr eeampia vafwubdeyiating e the hroghringiplewtheesef, an’ ul trasonic
| evel sensor 22, a tenperature sensor 24 and an accel erometer 21. These

sensors 20 ar é ée'n E il @ltp%hucg ofiptl %gﬁui’é?ﬁéﬁg ilg'hélg qgﬁ@ﬁllﬂﬁﬂﬂ?% of IR

(e.g. a C|rcle trasonl sensor uare for
t enper at ugsignseg wﬂmh 214; @nﬁleé ofr inpan ¢ e fidrgatigiag @mneimr & Betlopicaly, the processor

enphasj ze th t he present enbodi nent .con es t he use of a nupber, of
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and tenper at or exanple. Pressure Sensors 26 and be al so

di sposed wmnk didf ictwithstahdinglons axt moteefautn I{nazasuﬂeagenus,lgn'a‘lhenmces@am@ wihdbe s
26 and 30, 28 .are referabt di s osed at the maxi mum depth of the tank or
bay 14, alf§THGHSE |1?§rHrF’§P é‘ﬁf ‘a differential pressure sensor so that the
pressure neasurenent is inherently conpensated for ullage and anbient

pressures. Wi hZgihspasease déthavidgherandegcrihbashiasolsahs ind gugingdyk@am 15 WO
02/ 35185 PCT/ US01/ 42780
20  includes the sensors 16 which are in Figs. 2 and 2A illustrated in more detail as to
organization. It is contemplated that a number of sensors 20 may be located in close
proximity to each other at the fuel tank or bay 14 and may include, in one embodiment, an
ultrasonic level sensor 22, a temperature sensor 24 and an accelerometer 21. These sensors 20
are illustrated in Fig. 2A using different geometric shapes (e.g. a circle for the ultrasonic
25 sensor 22,a squére for the temperature sensor 24 and a triangle for the accelerometer 21) to
emphasize that the present embodiment contemplates the use of a number of different or
heterogeneous sensors that detect or measure different parameters of the fuel, such as echo
travel time, pressure, acceleration and temperature, for example. Pressure sensors 26 and 28
may be also disposed at different heights at the tank or bay 14. The pressure sensors 26 and
30 28 are preferably disposed at the maximum depth of the tank or bay 14, and conveniently can
be a differential pressure sensor so that the pressure measurement is inherently compensated
for ullage and ambient pressures. While sensors 16 have been described as sets of dissimilar
6



sensors for the present enbodinent, it is understood that sensors 16 may
al so include sets of simlar sensors as well w thout deviating fromthe
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t hese di ffosthmeconstics targety 80, thersby ohuirtiag apy nsed to efd ambatmcduren in thedary 4 of
t he fynda I‘”Hp]g-e i C scaf n j i 1], :be
descrllLUt:ed{Hsl’e c?r?'t I y.1 A%yu#a{}g%%;%&uﬁ%r agognﬁaéﬁggﬁ%g?%% g{gﬂﬁ{ @Q@E%Q‘QP ta ﬁ?\égi.t’ b i8
20182- 01 0dndeysasdddadhbicorier @nnosi thnm tvas nidy deiwsed jusfag welf Actoyly,ehs systent 12 can
suitabl e tenperature sensor 24 is a stangar 20 tenperature sensor such as
part no. BmsporayEhoulsny targeis, albsit gt arfomerhaisiserded periarmaance iyek pressure
sensor 26 and 28 is part no. 19C030A-4 available from SensymlInc. The
accel eromet er 24 i SPHEHE pAREY: Entldiifgnt 2k A€ SRMEEQRBsSbr bRALaQUEPbHySI4,
acceleration 1nfornation'as the aircraft maneuvers. The fault tolerant
gaugi ng syshemntdd dlwasoher senpark 2detwa acwiqrometerssYk ttem Wohpeifae sesocodpaner
syste

40 may be part of_the, airplane el mana nt tem co t er  (not
Shouns ‘oot Sinsol 2 8EL 2k GRE ATE the ot ettt HESPRde Tatd &
managenent; §¥s i3 ibtsid augs At ﬁp&ig%fthé‘q’lﬁldaﬂlreﬁfai af@erTyine EdiRBpHd 21 tHd Sresent

conputer system 40 includes a hardware and software architecture that
cont rol s inentmngasivill bpdesatibasishoftlyt he fuel gaugi ng system 12, including
control of the sensor 16 operation, executive nanagenent of the various

estimation 30 gl gorith and contr of .t interfa oWn:
processing f ungt g‘t‘)lﬁalsb.ie ﬁ?%sf)% B?H_sgr %guf?%llglh@e sp[)%tt War éﬁé%h??gca%%@% %he
conput er  SinshefisHedikdn PARMHES stcfs! M. ;CO el fghperfature sensor 24 is a standard
20  temperature sensor such as part no. 8752 available from Norwich Aerospace; and a suitable
pressure sensor 26 and 28 is part no. 19C030A-4 available from Sensym Inc. The

accelerometer 21 is preferably a three axis accelerometer that outputs acceleration

information as the aircraft maneuvers.

The fault tolerant gauging system 12 further includes a computer system 40. The

25  computer system 40 may be part of the airplane fuel management system computer (not
shown), or a separate processing unit that interfaces with the fuel management system
through an appropriate interface function 42. The computer system 40 includes a hardware

and software architecture that controls the overall operation of the fuel gauging system 12,
including control of the sensor 16 operation, executive management of the various estimation

30  algorithms, and control of the interface with down stream processing functions. Details of a

suitable software architecture for the computer system 40 are provided in the co-pending
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WO 02/ 35185 PCT/ US01/ 42780 patent application bearing application no.
08/ 997, 137, entitled " Blackboard Centric Layered Software Architecture
For an Emedgedisdi r borne Fuel Gaugi ng Subsystem and assipgnagkol@27sh he sane

nerern bybaritBpiAeR SraREpaiEb i e BRI T EC, Bl R ERAET

nor does §éftwaeWrtkitdchge FoLa®EmbeddedWigicthd Fex €auisinges db@y”@éth’eran&ﬁﬁgﬁéﬂ‘%& as
part of the fault tolerant fuel gauging system 12.  'Rather, the present

i n\éent i onthesage resigras asdhe instang dpplisgiiony whirh goplicatien bwggoncorrmra&ed theredtt Byt
and stat e§§aéﬁ&a%h%}r9§%ﬂF Eg?ﬁgbr]‘?l ﬁ&%&éi’tédes !ng'ﬁ (Ee%émﬁ 8% Phodli ng?eﬁ {TQEH% useof

execut ed f oce can ’be i 'n Co ron wt

overald faebvaaligidrgtice spup@er Schen a§pbﬁ’hoﬁﬁletﬂilﬂt G tnfuélOgaughgAysemsi.
interface_section 44 that may .include one or nore universal, sensor

i nt er f aceRathersithe prsgentdsvenkign %gre%%d fpatiqui fmanging MSWE R BierEys ol fauligolegant
h
Shoun O RS AbuSPIRG: ohASaHLIASHEEAR!or AbgunkBoRAS 8RR Mkssor

coupl ed t48,ahat ddﬁlbenmblémemadi 1mbd5tﬁbma1mmwﬁhlm| @crdlb fieh ghinging aotipster systen n
order to provide tolerance with respect to USI nodule failures. Moreover,

the USI ndtfdIegserys be 1 ocated close to their respective sensor
gr oupi ngs and function as renpte sensor concentrators, for exanple. In the

preseny enbodi RBRRhsor§AteFabdNecHBRNA Gl B¥y iRQhdIShe Mﬁ&%ﬂhﬁ@?@aﬂ s&itbt ntdrihct est
(BIT) circuitry for each of the sensors 16 coupled to the nodule to detect

a sensor ﬂé‘ﬂl) maglulasabat m@ berpelth [of thesf anmM systens4Q v$ slrowin) of dispesedas rangote

i ndepende ntr activate us different ,sensar
coupl ed. t Repians TRtEety G1ife s eish ol S5nat5hF B Geftrn i Tk BN AL xided
signals f ﬁﬂéﬂchhﬁat‘é@ﬁﬂe%coﬁ@![bﬁ% oné OIST AivRuldDind ekt 8% bipleBYo MoAdrdad khen
sensor 16 neasurenent signals and indications of faulty sensors,

i f
avai | abl ein qrdertth@rcfx@demodffra@et\ﬁflﬂ‘eresm\vbwefdshapéulg tfarlbmﬁ Mpreayer, ﬁh@H&mﬂuE& A
det ai Jed descriptio itable USI nodu vided in
panai Ity piesit ol elose g “BekAPaGols, RS elyoihss Soll 8550+ aldf o
" Uni ver sagondemebrs2For Bk&fiplac d By petemnembbdibes!, , eadh dUSE siddiiRd nia§ ifnbﬁldé ame
assignee as the i nst ant application, which application being incorporated

her ei n bycqléfﬁ@tﬁ@%buﬂmvtéiﬁéBIT)t%uﬁWe@é atch ofibpsensars Ifoeaspig:to tagymofdele do
di |
ot s on A B AT Byl VAL LR 3! O3 BeEN

but rat hegort@b ancahétﬁfalwthevxelh}éuslﬁiffdrﬂﬁ sarrsysrsofé soupledbthieredd asd Ry sotivenetbcess
circuits well known to those skilled in 30 the art that process the raw
sensof? 16anflsntidhe Measrgnansignls e fierionesansersdot i e sanpl ed data
format that is conpatible as an input to the processor 48.

The USI modules 44 may provide the sensor 16 measurement signals and
indications of faulty sensors, if available, in the form of a time sampled data stream 46 to
processor 48. A detailed description of a suitable USI module 44 is provided in the co-
pending patent application bearing application no. 08/997,271, entitled “Universal Sensor

25  Interface System and Method”, and assigned to the same assignee as the instant application,
which application being incorporated herein by reference. However, the present invention
does not require a division of the measurement signals into different USI modules nor even
the use of the USI modules or any built in test circuitry for that matter, but rather can
alternatively utilize any of a number of conventional circuits well known to those skilled in

30 the art that process the raw sensor 16 measurement signals and present them in a time

sampled data format that is compatible as an input to the processor 48.



8 WD 02/ 35185 PCT/ US01/ 42780 The processor 48 carries out the functional
and conput ati onal aspects of the present invention based on the tine
sanpl ed datoasiggam recei ved fromthe sensors 16. The progegsgo/4%8o may be

and | of twar o 15 BAFRDObA Soe® PukF T Eonl S ot oo e B AL T

pr ocessor ingentoh Hagedd theFintsanPdBlutPstRnasRosivayfbmaht Senk618m6) Mhe processor
Corporation. Thus, the present invention, in ternms of a fuel glau%;‘ﬁr;g
axdkyege and 6

syst em 1248 Bhitheripe aait PIPsessEig Witios dresespputer syRtem 4@ cwitly #s own
measur ene i.gha | Sy f I i | nks
or bays TR Ao o BLERE U ted WA hir. LK RGO broleS dld BEpldl
The process 0488 peaBssoe avsiblezfesin Thiel Cogpokaiion ofa, thePredenD@essivh, irmiteRhSC
processor, DSP or conbinations thereof, for 10 exanple. The processor 48
provi des @i Hipl gaesing sysiem 12aponsamplates sise phA pEQCCsWRatth#) taciyasithe pensor 16

overal | f F%mgg il L use f IS
and di spl ]gl%s I S%fé@gfﬁtagﬁ%%tgr%gbﬁ%ﬁﬁﬁ@” [ﬁ)lr %%gcgr Sr%@%(;%&t%%‘;{%&%yf q?ﬁelc‘:l?lade
val ues t hatthée pehsemdeafGumant imoye Giulth uedasiiBmennsigwats Thamko@ssdvdP chd be aealmed

cumul ative quantity _for .all the tank r bays 14) expressed jn 15 te of
mass and/ B teofiRe0he PUGGPTOSEFSOMmt Bﬁséu%rHP%/W: ﬁ%ég SfvRbigtns dfergpt Tor

cal cypt ed.,ffjom one or nore algorithns representative of a multiple-nodel
state estimator architecture. |In accordance with the present invention, a

mul ti pl e-nodel state estimator architecture suitable for use in progranm ng
one or nore al §os prohessordpuoviales en bytptthg0 that candssiorang Soingat shippatible withghe

bl ock di agram schematic of Fiqure 3.. Referri to.Figure.3, the. 20 sensor
measur erre%ferazﬂ 5’?‘?2@@%%%%%&83}1%%9%% %i%dagg éorp@ﬁb ARl aéllaf%f?ﬁﬂ' oﬁdf
stage 60 idnipplafedting t@é/@b &Bbr U S0 11 3hAuae £h4¥ thadndiase duaiity Befuepl 3ies
of the sensor measurenent signals and fault indicators, if available, and
are gr oupiadeachttankaonbarhé4 (of 2 senslatve quandisy foraaitithettaksneraeays d i Gxpressgdan s

of e set _or .subset .s1 2. ..., S | ). are provided to.respectiyvel

corr (aag])on RL of AR aggjt%if Pfaf“&?e %nggé%/rwlilgliélgatggyfv USR Y ARY goracq\f&é]é&fe%
quantity gheile odnthréaBbrithinkalepiagaghtive oft aatllipl¥-rHSRS taRrBiinakl grthltedt@ie. each
nodel as will becone nore evident from the description found herein bel ow
More specifically, the operation of stage 6Q of grouping the available
sensors into Bulaseerdanes jwithysthe apregensy mveation.agr aayEplepnedpl o stater gstimptor
exenpl ary_ca ) J . r.st o : I i of
Figure 4 aﬁ%@ﬁ%é a% estu? (5;6 18#?%1%%%% rﬂr(B) alz%lﬁ}sf%%s,e %u?‘%&%ﬁfgf?“?%g%g%%ﬁ%? W?‘@& t
to read fprocendoi4s & showatiethd tlack diagrm fhemutiéc afFigared3. Rufaridg te Eippes 3,Shbset

20  sensor measurement signals generated by sensors 16 are provided to a functional stage 60 in

which the available sensors are determined based on the values of the sensor measurement
signals and fault indicators, if available, and are grouped into a number of sets or subsets and
the measurement signals of each set or subset sl, s2, . . ., s(M+1) are provided to respectively
corresponding state estimator models of stage 62 for estimating a liquid quantity signal and a
25  likelihood of a faulty measurement signal for each model as will become more evident from

the description found herein below.

More specifically, the operation of stage 60 of grouping the available sensors into
subsets is illustrated by the diagram of Figure 4 for an exemplary case of four sensors. It is
understood that the illustration of Figure 4 may scale to any number of sensors, but would

30 become difficult to read for numbers greater than four. Referring to Figure 4, sensor Subset
#1 includes all of the sensors S2, S3 and S4, but does not include sensor S1. Similarly, Subset
#2 includes all of the sensors except sensor S2, Subset #3 includes all of the sensors except
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#1 includes all of the sensors S2, S3 and S4, but does not include sensor
S1. Simlarly, Subset #2 includes all of the sensors except sensor S2,
Subset #3wimgyygms all of the sensors except 9 WO 02/ 35187 1TR{shi5ed/ 42780
sensor ubse. I f € S t n
goneral . ieBRo S SBRC e SETORES L OF M, SR SRR ST S 1L RAGH. JHe M
sensors eseﬁecﬂ*s &l dnble Meumessswng inch@tesall of meeé?dﬁborS Wae@it otlel dndbie anissing
different sensor of the Msensors. In the present enbodi nent, an additional
subset Mﬁenﬁ%fynﬁ?ﬂ@%@f“ﬁgbéﬁt@ﬂ@e%@@nw05? Mseposensor s whi ch can be used
to calculate a "global"” liquid quantity estimte for the case when no
sensor fault of n : a
sensor, say om Rl EASMERERYn SAGAGI ki HAUET LA AP ARGARRY Ok
faul ty Thesensads|wlgciann t‘t}e estlitrabksalatobh ‘ghnéal’hjﬁquiqblqeamttyteetimsibifnnﬂm s | |

be affecte except f.o t #1, which does not u nmeasyur ement
si gnal s oY %H%S?I%?r qﬂi)tr E@WJP%E@@%‘f Sltgﬁf‘]slsgi@?&eﬁp?"ilﬂﬂ?se PAY| thet Fensgly| ¢y

10 neasureg%n falgro@ s enakeemest sl ?stdePéi'ﬁu&rd gt 'b%%xﬁﬁﬁ'i‘ﬁér?%ﬂ @@resﬁﬁaﬂas
what is specifie operating nmanual s and the |ik fromthe normal
behavi or ofithe nfuliéple gaatepestigiabyrs mlﬂrbe affpﬂori;@ssept dor $ubsef§é1n sdnch @md nabusedhat ed

instrunentation and.si gha roc For exa . se ul t be
consi der CAHFIHEY séﬁ[}agsn Is f(]?f’/ BEPOGEE tﬁéS ﬁﬁ%’s’lﬁ?ﬁ% %H Sé’étﬂy
val ueg) of pbhgrdudhy h&u@nsfdeféd Wioﬂg oP i RRRaREiSs, IBdbr ifanl Whatels dpBaifiediat

is being specified in 15 the worst case. Becausé the state estimation
process ofperdtmgroatsials afl thhlskep frosethe nenhaldicherior insa fusbgduiginesy; stetm@rmﬁ:ezss no

h fail f
21T St at et bR GRSt B menBlon ol iy BeEmei S0 eythblee Fob o

quantity gl ARy & &ans1d§f% r@Dd@hz&ld’mMr ﬂ{k@fega&g/ biveke 1R Aeasure@\andemnease,
making it difficult to detect the outlier the only unaffected nodel

(in this mimsl oftheiindivadenl fenl ggeging pyrantpiays thaf is lajegethan gvhet ishaing spegidiedde a
fallq% SQr %ng or faulty neasurenent signal, each state estinmation

al gorit n%Sf R I¥ %e 62 may internally assess consistency of its measurenent
signal inputs and conpare the assessnent to consistency reported by the
remai ni ng nmodeBealgorthé biate edfiintitidgeprbékss il madelk Ui the psésagieernbodimiest rig
nodul es 64 and 66 conbi nes outqgts of the state estimation nodels éfgg
stage 62 NORBCY, gkt 10 Farankes Nakes sensthiaureor faubrmeriHarent SgPA Al idesit

embodi meniy ?:Xte eQﬁﬁ%\.!Lﬁ&H RId8 GRS NEL \%ﬂfaﬂ?gc&?seg&gﬁ% ﬁ*%tlfgtﬁﬁf é&ﬁufy)éé Elaﬁte%@se

neasurenen i nput vaf ues,, en-co
better c oscmeé mbddm mmymhnrms,twlmaeacﬂhere mrmytdesregma makiregl 1Ué1§ﬁaﬂdt0\detdqt the@utlicat e

| h
esti t | °on Irltcogr?ly unaftlectecli So%ef %m tﬁlstpa%w% egrc%gg nStIl set %H) pfl%l%elsﬂsbl’der to properly

detect a failed sensor and/or faulty measurement signal, each state estimation algorithm of

stage 62 may internally assess consistency of its measurement signal inputs and compare the
assessment to consistency reported by the remaining model algorithms of stage 62. Then, a
fusion stage comprising modules 64 and 66 combines outputs of the state estimation models
25  of stage 62 into a fused final estimate. This is accomplished in the present embodiment by
providing higher weighting to those estimation models whose measurement signal input
values, when compared with others, yield a better correlation with past measurement signal
values and with the state estimation model. With respect to the aforementioned process, it is
preferable that each of the liquid quantity estimation models or algorithms be able to assess
30  goodness of its own measurement signal inputs, and output to the fusion stage this assessment
| or likelihood in a form of a value. For example, a high likelihood value may be indicative of

all sensor measurement signals used by a model being valid, and a low likelihood value may
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preferable that each of the liquid quantity estimati on nodels or algorithns
be able to assess 30 goodness of its own neasurenent signal inputs, and

out put towrd@stfbgi on stage this assessnent or l'i kel i hood gy @ @578) Of @
val ue. For exa a high likelihood val ue be indicatiye of .all
sensor ek mdévggﬁ? of |°§ﬁé’|f§n‘tr§e98n§9§ e ATGEEIT e em&@ Reglty ol 1S further

l'i keliho or
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pr ef er abl 18 stéreds irammisistncy hetwsaip Sexiser mememmnt mgn&]salldes: nternal r edundancy,
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signal val ues. A .si |f| rrult | e- nodel, sta r archlt

Sulrabl ot or s udbsi et o RamodsPeehis BRagel it a bt 68bhfe 6.
i s shown {he obb@itibh Bf&e%ﬁ&{oﬁﬁ] & fsisBowh 1ftfﬁlﬁl@ck5dlagrmescﬁé<rﬁ£\fm 6 Thulei Yur e
5 illustrates a nmultiple nodel structure for onl ree sensor measurenent

si gnal s zThe zxamnlg o8 Rmﬁrch5 rllissjtattqs R mfisipte mgtsﬁum (f@vr Péb’p@ﬁ@l@ WQH%I ate

estimati on m)delsther rstodhvve t ha

exanpl e nRGAHETIAY SLENG d WSH?% §e§H§0tﬂ§? TPPER d CO %S neg;?' o t h
Figure 2 @ytnﬁa@lbntlhaaelmﬁér@for Enﬁé aamewweueho%v@emﬁplﬂﬁs slnﬁpleh@zsan{mmw@eus
or heterogeneous, by nerely adding_ the additi onal Sensor neasur enent

si gnal s agrpandad fos W@Bhfgﬁeﬁﬁ%fb‘ dessgibpdrin fomepiinevghibigue eordantet watter, anke

grou g of F| rr| I Ll 0O r nt
3 anel & ARl b s, BE LAl Rols Y esogeoons by til§ SP0L F ARUEGR
No- f aul t §dn§csreme§shtdmén® rs1gnalsgmal @rizdpoadihgz Saterstit@tiph athdely i@ actSrdamadelwit 2
referred to as State estimator for fault #1; signals z1 and z3 are coupl ed
to a rmodethezpoupsigefiliguied. as State estimator for fault #2; and signals zl
and z2 are coupled to a nodel 74 referred to as State estlmator for fault
#3. Fach of tNRoARAR ® Mbre 50all SP1RNENSE nREAGERSAS Ll 21095 BRERS B! dApleAPLL
sensor measurenen gnafs to generate a signal represenfative o Pl quid
guantity maammdeln@ﬂtef&rcghwl asXhe No-fauliestate estimato eigndis redt andge3t dre csu[idscélto of

sensofs, an a_si naI resentat f..a likelihood,val ue . In
general , gﬁ%f&%@ fip Gf‘ng ff &t lm‘?&t%flm ?ﬁ ¥ ?‘lrgln 1le e ﬁé?érepgﬂupgﬁiz’ arfaoss! e
may now a*?@%éf&?emvas §§ 8 9§t1rﬁé’f811 tos eafif q@_c tandl B8n88 I ][53&1 9 ar@éda@réa&o gfm&&w 74

state estimation no for the exenplary case of Figure 5. there is no
sensor f awsfdrredetblas State estemtolnﬁlr tfatét B Eam of e modktly 43,50 1R @ng ﬁé@mp@sss:m |

prediction errors and relative keI i hood va ues 1%\?. tati c
Consequentirrspaiding Gt dpios Beraias Spals G 1y ey Shgmigtve of 2
contributgy dl@ qhﬁlﬁltff inftaburesbht sl KO, | i s dardl 4Bk dbNotidl théSutisbtsd fenstra@ad

Next, sup pos e
20 a s1gnal representatlve of a likelihood value P®. In general, i may range from 0 to M resulting

in M+1 signal pairs X and P.

We may now analyze how sensor faults affect the estimation process of the state
estimation models for the exemplary case of Figure 5. If there is no sensor fault, all four
estimators 68, 70, 72 and 74 should produce small prediction errors and relatively high

25  likelihood values P®. Consequently, all four state estimates of liquid quantity XO will
contribute to the final estimate of liquid quantity at the fusion stage. Next, suppose that
sensor #1 fails and/or produces erroneous or faulty measurement signals. This sensor
measurement signal z1 is utilized by estimator models 68, 72 and 74. Since the measurement
signals z1 are inconsistent with the remaining sensor signals, estimator models 68, 72 and 74

30  will produce large prediction errors, and consequently low likelihood values P. On the other
hand, estimator model 70 does not utilize the faulty sensor, and its prediction error and
likelihood values P will remain unaffected by the sensor failure. Consequently, the final
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sensor #1 fails and/or produces erroneous or faulty neasurenent signals.
This sensor neasurenent signal z1 is utilized by estimtor nodels 68, 72

and 74. Siee®sshg neasurenment  signals zl are inconsi Stentpdﬁi/lﬁ%%lhﬁ‘ﬁo
remai ni ng sensor_signals,. estj rrglléor nodel.s 68, 72 and 74 30 wl | produce
Y

d
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estimator 72 or 74, respectively, will remain unaffected by the failure
and doym nat e’ fiheintdis@mgtd Nade 1RSIrdBviR @schib AUirchiRBRRS istil a38nsWialrbverQ® 6pHE
more evident fromthe description found herein below. 5 It is interesting
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traditional fault .detector ,.scherme., Usually, .it.is desir that on on
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under each state estimation nodel, and the nodel wth the highest
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generating low likelihood values, and only gne continues to_operate

nor mal | y, generating hew dikelihaedtvalugscmdpnty epeccontBugs 49 ppgrateadpsmplbyrd gt the gne that
generate | | i kel f 1:1Ng: i mul ti pl e-nodel state
estimati ozrlfgeg%gﬁ%%%fa%ﬁg@ggggmgﬁﬁof&ﬁgrgérgil{égggﬁg%{dtﬁg%éurrpti ons . First, it
may be assuned that the systemrenains observable for any specific subset
of M -1 sensorThe Téregoing desqitefiemabipte-modeli stato nestionation regibedinaant tis thaber amce,
i.e. wth any single sensor renoved fromthe gvail able sensars,. the

mul i o HEHbe SISO - i F T bfsumgd BYSeph FEnaiRs PRREEYABIFSTOF r om
the remai G eSERSMbseBAIM LS RAbors SIHENR! Sprefthib1S EHRNTHADS YiBlel @il klerhhd,
when the 1-th sensor fails, all estimators should 20 regi ster an increasSe

i n predi cté.ovitlermpsinglexeeptr rtmoved&om-thh avsildbimsansonspdbe muktiplematick systam
utilize th i i'-ttt] sgnsor. | n ot h%r wg'rd i% anﬁ&zeduced subset of M -1,[
sensors t Waf &tiflsbes eble) o SomPiE; Siaif &8 E'Iaé?l?sc P S¥U FELHEYE STTBHP + fragsuremen
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preferable for the systemto renmain observable for any two sensor
f ai | Wks. register an increase in prediction error, except for the i-th estimator model, which does not

utilize that i-th sensor. In other words, in any reduced subset of M —1 sensors there is still
sufficient analytical redundancy such that inconsistencies between sensor signals are
detected. In effect, it is preferable for the system to remain observable for any two sensor

failures.

25 An important feature of the multiple model estimator is that it does not perform hard
switching towards any particular model. Instead, the liquid quantity estimates X® of the
multiple estimators are weighted at the fusion stage based on their respectivély corresponding
likelihood values P®. This approach may be referred to as soft switching. Herein below is
found a detailed description for three main variants of the multiple model estimation, namely

30 the ZOA, GPBI and IMM algorithms. A particular advantage of this multiple-model
architecture is its great robustness with respect to false fault detection — a paramount
consideration in any kind of failure diagnosis scheme. Suppose that the fusion stage of

12



25 An inportant feature of the nmultiple nodel estimator is that it does not
performhard swi tching towards any particular nodel. Instead, the liquid
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the state estimation process. A preferre ment for eac
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ond- {efirs' iR (AP ithE CEMGOR T oD dh BBt B BPIgh CmEon T he
mul ti g {%Qﬁé its S §¥Bde! QAnAIIOF 11§1HH'%1uQﬁt§t9rX(b€t9gét'ﬁ‘€r%ﬂ‘h b8! 1inddl eaaemie,
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quantity Whl)chtnm@emme thevag:rd:ametm (cbn ‘tcetrsllab@d )\batvte@n Fvl(le aensommsztshrenms smga@ls tOﬁe

agreemnent, -7( ‘corr.el at gﬁb bet V\ﬁﬁn the mea ure %}5
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esti mati ofodSP AR exe P12y RhAK Yilikesuiablef fol L&Y asSH bthﬁ:bésﬁnfa%r HEE] ﬁl§1lﬁtsﬁf£t@& e
estimator nodel is illustrated by the flowhart of Figures 7A-7B. 15 In

t hi s enbobly therdtowchart of Fegueksd/ A<@Bran filter (EKF) is used for each nodel
because of various non-linear relationships between the sensor neasurenent

Signajs zm ( 16), A hiiGimbliol S OHANias SRLE el TRULOR, ShaNBhad becd e

subsc 1 pt ers estimation o

cor r esponglf "gidi® @eh-lakartreRionthipbétivesn the, sesor mlmummeﬁt $1§nde & S1 @t ﬂld the
estimation before it is propagated by a pr opagatl Qn equation to th
state est ligidiasantity stamewt@awwl Bt Res subsenptic kT refers g ehe slater %Stl@tatl% °£

Dr e o o Gy 87 nd Pt A5 SAE LRl o TRRURSTRE 00 50l Sy |
is the pr mhlm:etued befaat ét mfprbmaﬂedqul aipmpagmmhwqeaionnmtme mewkstdte leatimaticmnxy.

20  The subscript notation k+1 is used to refer to a predicted state, either in the samples of
measurement signals of the corresponding subset or the state estimation. Thus, as an
example, X is the predicted state of the liquid quantity estimation xii; based on
measurement sampled data processed by the model up to time k. The state estimation xy is
propagated in time (at each At) along with its error covariance matrix and updated for each

25  measurement by operation of the Kalman gain K and the predicted measurement error. The

updated state xy is the state estimation output for each model in this embodiment.

In general , the system model used for an EKF algorithm is non-linear and the

function f is a non-linear transformation, but it may be linearized as follows:
Xiern = f(xi ) Wi = Ogexpe + Wi
30 Yk = g(Xk) + Vi
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measur enent sanpl ed data processed by the nodel up to tinme k. The state
estimation xk is propagated in tinme (at each At) along with its error
covari ancegg@izsigs and updat ed for each 25 neasurenent by q:;@qr/@oil/ajms@f t he

Kal man gai n K d the r a t k
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f is a non-linear transformation, but it may be linearized as
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where xk+1 is fhe stat obee he state transgition
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measur ene cess noise and vk
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vector redab eeﬁﬁé}b l@xk?( This cdRAhtibA rﬁa@%e?@ﬁﬁﬁnecp@ue?}% atdycioAdet ermi ne the
predi ct ed neasurene vector (i.e. yk+1l is based on the last state
estimate (xk). This cal cul ati on may be erformed every update cycle At. In
the exenpl ary lsnthe dixemplary embodinress O?EIQJES T A& Byrthel pradéicied statcevesttxam Mi+1
&%assurred be eﬂﬁﬁl to thet urrent. state plus noise, or, Xk+1 = f
(xk 9 FHUBL RPe RBFES St LPA%StIfOC]ﬁ‘F PLi s equi val ent to
mul tiplication by the identity matrix (as such, xk+1 - Xk = 0). This
assunption is based on the At ingy Eegmk,vtq( |=ng+swpll conpared to dynam c
changes in the system 12 so that the estimted state estimation Xk is the

sane as the preceding 15 state estimation xk_1 plus process noise. This
non- dy naninoothgrsyeds, dusetinst f xsrequfvalmt/@rmulntlphcarﬁm byt iictentityt ma@vca(@s Pech, Khe

i nvention but sed as ven arify the t.he
preferred @ﬁ’ﬁ&é r#?ﬁ ass‘ﬁ’?Bg arSF %ﬁe %ﬁﬂl"é e%ﬁqngasﬁ’baﬁlz CFPPa&yr{aﬁec bk
transfor naiahg in AR §yse&ns: 02 h&t}ﬁ?th@%@@lnat@d g@fe éaanﬂﬁ&m fs tBY S4B PidckAng
using the of T diagonal values. For purposes of the disclosed enbodi nent,

noi selseqsiataceimatien anss1311:1@qbrf@Q@S&lo@Ols@oTJO s dopedydentic mwneawmmnnwﬁlqvvﬁmaﬁs
of E(vk)=0, E ri.an e
Var | ance TIERIEEo prgine 6 R ERER i vie? SR RRShiah i B T skl o
the procems pRses&l enhbédifed| Tisse Skille® th the AEtWilNgpedcidi) ehas Wt BMradséirBition

and/ or the
matrix could be used to define dynamic system conditions using the off diagonal values.

For purposes of the disclosed embodiment, noise sequences are assumed to be

20  independent and Gaussian with means of E(vx)=0, E(wi)=0 and variances E(vy vi)=Ry and
E(wi wi)=Qx. Ry is the variance matrix of the measurement noise, and Qy is the variance
matrix of the process noise. These values can be functions of the system states and/or the
measurement input. Ry is estimated for each system 12 based on empirical knowledge. For
example, in the described embodiment, the measurement noise is fairly predictable because

25  the sensors 16 including the accelerometers, temperature sensors and pressure sensors, for
example, tend to have identifiable output accuracy or tolerances. Thus it is straightforward to
assign empirically a value in Ry for each of the measurements in the measurement vector yi.

For the described embodiment, Ry is a diagonal matrix, meaning that each measurement is
considered to be independent of the other measurements, although this assumption is not

30 required for the invention. The system process noise variance Q is based on empirically

estimated or predicted variability of the state variables induced by external environmental
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measurenent input. R, is estimated for each system 12 based on enpirical
know edge. For exanple, in the described enbodi nent, the neasurenent noise
is fairl yweoredsggsabl e because 25 the sensors 16 i ncl udi ng gd1®uso1/42780
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i nduced by external environnmental 14 WO 02/35185 PCT/US01/42780 factors
or model i fitheemeayused pr aspignehbBestERiion t hat both Qk and Rk are estinated as
best as the available know edge of the system12 will allow, and the
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of Kal man-type filters.. Notw thstanding the_foregoing, .the val ues qf and
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the initial ass state, h can sinply be an assunmed initial state
estimat e il stato estithate, Xob 6t xo-heAlbn for de buiiali eanditions of the Kelmeanfilfer] feris wk

is 1 d t he . Kal filter will adj f .
duri g SUbSEEbAe B3 FaPathodea iy Y Fat for S LBby off ahife Hiiiel
be esti mag@gkidns). =Fimall{,t the initidl i @lvarigRy ahi@ngdeo &st éstiated AT S Hpl(thebmitil

guess, because the Kalman filter will operate to  recalculate it at each At
i nt er val ) covAfiaraeepstBpate HancEwRk &8 ce syesst hecgse dhe themanafiler Wikt Aretatated
by addin t. it i . | 3 i N

he al gorHA e LG eah By TN 2 RFE. B pobdsighe BOME Rr@hortdlinelt ERalNBE

formto shpuddihe Qg ad ehd iaitlad osvariaate DL Ttk nbed ae ddd tinteathatrthe algorithed dlustrated

(propagation and update). .The initial cycle uses_ initial estimated _val ues
for 20 in Figures 7A- 7B is written in its generic form to show the calculations that occur for each

recursion cycle (propagation and update). The initial cycle uses initial estimated values for

the covariance values and state estimation xy as noted above.

At step 84, the predicted measurement vector yi+1 is calculated (in accordance with

the g(xx) function ) using the initial state vector estimate xo (i.e. yi+ix = g(Xop))- The

25  function g(xy) is calculated using the estimated initial values (xg) for the state elements in the
state vector xi. The non-linear output transformation g describes the nominal behavior of the
sensors as a function of state x. Function g includes physical properties of the sensors and of

the tank. In the case of height sensors, for example, calculation of function g may involve
interpolation of height-volume tables, which relates fuel surface height to fuel volume and

30  aircraft’s attitude. At step 86, the covariance X7 is calculated. Because the relationships
between the state vector xi and the measurement vector g(xi) are non-linear, the covariance
calculation is based on a linearization at point Xy using the partial derivative of the g(xy)
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the covariance values and state estimati on Xk as noted above. At step 84,
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Gaussian variables with zero mean and covariance S,, =X, +R,, in step 92. This
method assesses model validity using innovations based on multi-dimensional distribution
of the innovation. If the model is correct, measurement y,,, has Gaussian distribution with
mean j,,, and covariance S,,,, or equivalently, innovation e,,; has Gaussian distribution
25 with zero mean and covariance S,,,. Accordingly, the likelihood that only valid
measurements are present in the current measurement vector y,,,, conditioned on the

previous measurements, is based on the value of the corresponding probability density

function calculated at point e,,,
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20 errors calculated at step 90 and referred to as innovations, forma
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in the art will appreciate_that the exenplary EKF al gorithm of Fi gures
from the desrc):lpipt?on found Elere}n below. rrp y J J

Those skilled in the art will appreciate that the exemplary EKF algorithm of Figures

20  7A-7B is but one example of a recursive Kalman filter type algorithm that can be used for
state estimation. Other forms could be used including forms of Kalman filter algorithms with

other methods of predicting future measurements and calculating cross-covariance matrices,
including linear state transition and covariance intersection method, to name just a few
examples. In some systems 12, alternatives to the Kalman type filter may be available, such

25 as those using Monte Carlo-type randomized approximation of non-linearly transformed

probability distributions, for example.

In the alternative, instead of EKF-type estimators, artificial neural networks may be
used as the state estimation models. In this case, the likelihood values PO (i.e. each model’s
level of confidence, or likelihood factor) may be provided as an additional output of the same

30 neural network as shown in the block diagram of Figure 9, or as an output of a separate,
auxiliary neural network as shown in the block diagram of Figure 8. Accordingly, as shown

in figure 8, each estimator model may consist of two neural nets — one outputting the fuel
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20 7A-7B is but one exanple of a recursive Kalman filter type algorithm
that can be used for state estinmation. O her forns could be used including
forms of K@) (3R8.dsi | ter al gorithms with other nmethods of pradiisg,future

measurenments and cal culatin ss covari i ncl udi | i near
Ctate. £ aRETEROSFUATE Sy AP0 B Rihet AR (18 BN AP D ReThaing t G
exanpl es g@‘tel e A L8l be
avai | abl ethgbagﬁ rmté%i&vt%ﬁgg%%oﬁ n%l egléﬁlgl tﬁ&greajf;ﬁg %Bi@gt giﬁﬁfvnglaﬁl on
of non- | | K®aaridyP®.r Breslilcelifreod valnebabildi tieyussil sis mdnglttlrxgrﬁctofsouo camiqmeb the fimalt he
alternatiyve,. instead of .EKF-ty t or artlflc net wor ks may
e Cused LR RYae TN A et ke 2 adt the BEEH AR hood

val uess P() (i . ®her236ealR 4608 sullsBlY & mBisuf@idnt IRAGRK, th@rtrahmhglsétfrepéacfhm)
may be provided as an additional out put of the sane neural network as
shown i n ndiwoik m@ﬂeldwalgdamlode Frngrslrté t@yjning pamtsamrmapmng)fo Bo $ayilagandigions
auxi liary ngur al kD t.he. bl ock d| ramo Fi

Accor di oty oadel Bt o isgint Sl g sPramp i SRR ny St Refd: e o
neural negsen n1pl eh AR \OF Fighge § NBisiwitild mbdn Wat 0dindRdSRo&ET0Whaitid B¢ #8fed on
guantity estima él and the ot her produci ng the |ikelihood value P(")
corres pondﬂtmgoﬂﬁﬁpph ng t@glmfmltSe ang\kq Euits oif wenspr z2sorsigasar 43randi nplr waige an

si ngl ral net t wo_.val ues The |ikel]i

val veld notiih cpfipolithe 38\ Btk o abdtoat Bty itlod e ek s oot R
quantity M%hzﬂ%f isBnsePdu h@lt@ﬂlpﬁf A BEnifad SEOST t8diiglg polniSivoalsl b delectddefortdodels
nodel s. hen, for each sensor subset of neasurenent Sflzsf%nal s, the training

set for eé%Wanr%ﬂ i.eneacho Khovesaraining gnegelsref| thel @udtiplpmastel pichitertig gbstase s

corresponding to no fault conditions and to single faults of each sensor

utilized by the correspondi ng neural network nodel. In the exenplary

di agram of Fi gure 5Thé hesravaethvdrirefate édtiaiat@Sinodels of fignes| 8 d0d Boark dhb®n in

trained on data corresponding to no faults, and.to faults of sensor‘é)frz%,E or
I

sensol® z3merrisnesificidetailiadigres b0 ard Al.asmesiysbndVith refsrenag fo Kig o0, sadhs ,
b o I it
because | b Qg0 Uo el s 82301 INASH STE8ksuist 8l USRI e thocttg |
72 and 7448 inag beadedd oiwiddehiree imjicnpergepimtheind thdt rédeévestihd mpseramohe kignals z,

architecture of stage 62. The neural petwork state estinmator npde|s
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48 me30 beccmsfdemdl frefevabialintthe pesérd pevbopimnang Jior thre @msknt babodiecei asatestrited in

reasur eneggnnseg;tgor}la\!vﬁh lélrgure 2, the number of sensors M is eight (8) and therefore, a subset of M-1

sensors would be seven (7). Each neural network of the model 62(i) may include one hidden
layer 112 in this embodiment, with a plurality of nodes, say, for example, thirty-five (35).
Each of the input nodes in the input layer 110 is connected to each of the nodes in the hidden
25  layer (in Fig. 10 most of the hidden layer connections have been omitted for clarity). Each of
the connections between the nodes is weighted, as is shown (again, most of the weight
designations in Fig. 10 are omitted for clarity). Thus, an input to each of the nodes in the
hidden layer 112 is a sum of all the weighted outputs from the nodes in the input layer 110. If
weights should be used for the input nodes, they may be included in the weights of the hidden

30 layer, for example.

Each neural network of the model 62(i) also includes, in this embodiment, a single
node output layer 114. Each of the nodes in the hidden layer 112 are connected by weights to
the output node layer 114. Thus, the input to the single node in the output layer 114 is the
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of the subset i at respective input nodes of an input |ayer 110 of the
neural network. Each input value may be weighted by a respective wei ght
WL, W2, .woo23¥¥8s however, this is not 20 consi dered pref aicaniasrsh he

present enbodi t. Fo he, present enmbodi nent .as, d ribed i connect.i on
Wi th Fi gurgt 2t A8 s Weiahief Cohscheeatips e P tbg DRE (et of s S0PY Tl st
of M1 senspfocduddtihg d8ir&E¥aindtd X Baghamiy odlfuslehWas kardf 14 e i HRAIHB3E 1 )
may i ncl ude og& hi dden layer 112 in this enbodinent, with a plurality of

nodes, sa alug BY, basadpnadts respeetive raiviag( ues nrwetin dhe forwaidrdirection gaky inrhis he
nodes or > e . .
(o ot S AR AR AREE RS Ielubdi a8 iEs bbbl nO Gl 3Re pREh

clarity) . lagachi 20fValubemooa fioal évis nbéd iteBe hidien oded 12 o el gk thodasi4 sy
shown (again, nost of the weight  designations_in Fig. 10 are omtted for
clarity).onsgiion gh 4 mentiney aglevption fupeiofodes. I thisecxemplaanephodipeny Ahps g

i gt s siesnr oL EESEE M ke ERRATDAHRR AR 1T i B o’

wei ght s ofunttien:hi dden 30 | ayer, for exanple. Each neural network of the
nodel 62(i) also includes, in this enbodi nent, a single node output |ayer
114. Each of the nodes in the hi dd&&( l‘ﬁ { 11% are connected by weights to
t he out put node | ayer 114. Thus, t )T % *olthe si ngl e node in the output
| ayer 114 is the 18 WD 02/35185 PCT/ US01/ 42780 sum of all the weighted

out puf from epchief wdig, %&?%iddi@ntlg'ferhlilqd@d?lé AP call HEXOW BtsuRPEE a1l 1ihd

produces the desired estimate X(i) of quantity of fuel in the tank 14 or
t he |i kel whighted inpitsdro®f pll thasedeson the snpué dgyer i 1 & eandr&ach ihidglen Vafendd 2 mode i n

the f di recti Ly, i.n t.hi | . 62(i : i nput .
the out purtRBE 1% FHRDHEh FEIEoRCes | (R ety Aiten HicHigh ol 157 sRRfiEd
nove fromysiepiatd fFe paridlle dppHefibnl apRrachitadionOfihftfonOstitRs buipefodelid shivply

operation of a non-linear activation %)UI’ICE)I on f(x). In this exenplary
enmbodi ment lingdgeumgfgnéticat SoghatitherevtpehnXt ox P of theheutputriodp d 14 ésmphiobie sim of he

ot her or S ae gAY il P B S e B MmN Y2 £ 18 Sl of a1

the weighted inputs fromall the nodes in the input |ayer 110, and each

hi dden | ayer 1ARemateelyOiftdesired, Shé betpaisgkBi dhdl PP woald b détexhineblyethe same
activation functions can be selected if appropriate for a partjcular

appl i cat i Betrameaverk: as\showaAn Aigee ild Hyoay 19é cxamplar Thsdwurad nsiwpsk gxampleiofear

sum f unct 'Fi%ﬂres P1 i @fbstalBaRH bitfar X br@SturE (And Ypetdion W iR 43R4 1A Fighes 16P! Y

the sumo
except that, in this embodiment, instead of a single node output layer 114, there are two

20  output nodes 116 and 118 for generating the estimation signals X® and PO, respectively.
Accordingly, each of the nodes in the hidden layer 112 are connected 'by weights to both of
the output nodes 116 and 118. Thus, the input to the single node in the output layer 114 is the
sum of all the weighted outputs from each of the nodes in the hidden layer and the output
nodes 116 and 118 respectively produce the desired outputs X of quantity of fuel in the tank

25 14 and the likelihood value P®, based on its respective training.

While the neural networks have been described herein above in connection with the
processing of the measurement signal subsets of each, it should be clarified that in some, or
even moét, cases the measurement signals of the subsets will include both current and past
measurement samples. This will not affect the overall use of the neural network other than to

30 increase the number of input nodes. For example, if the network is expected to process the

current and one set of past measurement samples, then the number of input nodes will double
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15 all the weighted inputs received fromeach node in the hidden |ayer 112.
Alternatively, if desired, the outputs X() and P() could be determ ned by
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B

Usi ng?t Teiven tel epenled opprabips weyatone efnibie airsiagincbhene farrack spubistipy Réthege
the inst W§lu%9%e'e%8édt8@thﬁ9 measurement values of the sensor outputs are calculated using

tank geometry and known nominal physical properties of the sensors, possibly including

random measurement errors of the sensors. The calculated values of the sensor outputs of a
subset for a single combination of the operating and fault conditions form training data

25  points for the neural networks of stage 62.

In the present embodiment, the weights of the neural network may be all randomly
assigned prior to training, and the training is achieved using the back propagation algorithm
as taught in PARALLEL DISTRIBUTED PROCESSING, Rumelhart, et al.,, The MIT Press,
Cambridge, MA (1988), or other suitable training algorithms. Another suitable training

30  algorithm is taught by FUNDAMENTALS OF ARTIFICIAL NEURAL NETWORKS, Hassoun,
The MIT Press, Cambridge, MA (1995), for example. After training, the weights are stored

and remain fixed. Each neural net model then operates in real time using data from its
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20  separate state estimator is included for each of possible M sensor faults. In addition, one

model assumes no sensor failure (all sensors fully operational). This results in a total of
K =M +1 estimation models. Since the specific way each sensor is going to fail is not
known, there is no attempt to model the failures exactly. Instead, the model for the i-th failure
mode does not use the i-th measurement at all. The additional no-fault model uses all
25  available M sensor signals. Thus, for the present embodiment, the only difference between
different models is the subset of the sensors used for the correction step. Each of the M
models associated with different failure modes uses A —1 sensors, and the no-fault model

uses all M sensors. If the measurement prediction for the no-fault model is

~0) __ ,(0) 2@
Vin=8 (xk+1|k)
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entirely desirable to have a recurrent neural net performng this function.
As an alternative, however, the tine delay neural network referred to

herei n ab@\%afksbe used to provide the desired estimti %Ty@dolcllﬂzﬁﬁ val ues
ize, the concept of nultiple-nodel liquid

as the case may be. 15 Tg su
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25 avail able M sensor signals. Thus, for the present enbodi ment, the only
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Then, the three reduced measurement signals for each of the three possible failure modes are
y(l) — [22523]T
15 y(z) =[zl,z3]T
y(3) — [21222]T
Sensor selection matrices for the four models may be:

1 00
010 1 00 1 00
®=l0 1 0|, GV= , G®= ,and G = .
¢ 0 01 0 01 010
0 01
20 Now, let us refer back to the fusion stage comprising modules 64 and 66 of Figure 3.

Suppose that there are K competing state estimators in the multiple-model stage 62 which

are all of the Kalman filter type, each utilizing a different model of the system. Suppose that
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10 To clarify the above, let us consider the exanple of Figure 5 wwth M= 3
sensors. In this case, the full neasurement vector consists of three
signal s 3w o2Bk#E, z2,2z3] T. Then, the three reduced neasurmmsoshmal s for
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10 At this point, the Bayes formula which will be better understood from the following
paragraphs may be used to update the probabilities of the competing models according to the

following formula:

@ p®
PO pk+1Pk+1|k
E+ilk+l T 3D pl)

_1pk11P il]k

With the posterior probabilities calculated, the fused final estimate of module 64 and its
15  approximate covariance is calculated using formula for approximation of mixture of Gaussian

densities as follows:

"(l)
xk+1 Z +1|k+1 k+1|k+1 > and

® p® 4, @
L= Z k+l|k+1( k+l|k+l Vi Ves ):

where terms v\, represent the spread of means of all estimators around the weighted average

20 ot
@ -2 ~(0)
Virr = Xpap — %

E+l|k+1
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10 At this point, the Bayes formula which will be better understood from
the follow ng paragraphs may be used to update the probabilities of the

conpet i ngwmmiglsﬁgsaccordi ng to the following fornula: P(i )pcﬁkﬁs'blﬂﬁnhdk

k+l | k+1 K U) +| ost.er.i or robab
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64, as described in the previous section. The prediction of the next state and measurement in

each filter model is based only on its own previous estimate:

"() @
kl-t-1|k f(xkik)
Q) ( i) £.(0) (UPWFN())
ykl+1|k l (xkl-!-l]k) GYg(x kl+1|k)

15 For calculation of appropriate covariance matrices, separate Jacobian matrices A%
and B are obtained for each filter by linearizing function f around the posterior estimates

,ﬁ’li from the previous moment %, and Jacobians C; are found by linearizing g around the

predicted estimates £(};, . As a starting condition, the algorithm needs initial state estimates

®

£ for each of the competing models, as well as prior probabilities PI .

*glo

20 In our three-sensor example of figure 5, the flow of information in the ZOA algorithm
would be as shown in the block diagram schematic of Figure 12. Validity of this ZOA
algorithm is based on the assumption that one of the competing models 68, 70, 72 or 74 is
correct at all times — in our context either the same single sensor is faulty all the time, or all
sensors are operational. Because of this, the a priori probability at the beginning of step & +1

25  is the same as the a posteriori probability at the end of step &
PY P(t)

k| k Kk -

Thus, prior to a fault, all models are expected to produce predictions consistent with

observations, and therefore their probabilities should remain positive. Only after a fault has
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10 state. The only m xing of the estimates is the cal culation of the fused
state estimate in nodule 64, as described in the previous section. The
predi cti ofygfys® next state and rreasurerrent |n each fil tlir, vRd84shS based
only on its own preV|ous estimte: JV)+ % k ~k+1lk - qg(~)
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t he previmutbatrtherens nk mtauacholmdmbzvmsn@e} bstanz&orfsewmd additibnah ek of instabglitgoound

oo ﬁﬁéq%&g&g&?w%? e ALy PN
model sg d, 1S MM%dgqe%aRIrédlﬁgl@éeﬁmat&s Re.g ZJ@KF@) Alhiddh §arabeN&ey be
exanple o i gure 5, ow of information in"the ZOA al gorithm would be

as shown pmogtanendsl with egkicdgranlgodtiemexdcotable Wi thapeocesor Y&l i dity of this ZOA
algorithmis based on the assurrpti on that one of the conpeting nodels 68,
70, 72 or 74 i correct. a - our ..cont e t he s

Single sensor Rs<PRU i it Ffaecps Dher HouEREeL, Hehliipe PR o
Because Ofpprbitimatiém@f Fnd bpt@hhl Bﬁ}%@ﬁﬁldshﬁ]ﬁh@i férhe sheeh r’tﬁatnmajafsw&bl@‘lfrdm bna,
25 is the Sanme as the a posteriori probability at_the end of ste =

P(7) k+1¢peraionalmegine @ran@mer,&uhbercb@enerahzqd meeel-Baypsiandx g 6P B 1ph;s Wl’éﬁdkﬁce
D oball | | RCTOREE &Y e, SRERR SRRy AMghiSIE iich I Bhdeppa grer the

02/ 35185 HﬁiﬂéJ§Osbh§&7&@asuMﬁéiﬁ reecdm 3 aa:saﬂb@i i dehnastibh sitlarte bmbddxmenatoé
the fused estimate, and praobabil.i t| es of others wll start convergin

zero. AccBigtrenyl anﬂﬁ@themwem@actm@ tq&hmﬂu@ublsma@ an heasamplimndbedhe sy o
that th K
B S e P

consi der efliof¢led @s at Mail@ivt cl‘faﬁf wahat. is [ppotiabilitgliofizoswitdthfrotd regimé (atemedelptio
recursive estimators (e.g. EKF's) running in may bhe r ogr anmed

L1 el
with Basergimes dapenge ionbhpn dhe curap tesipp, apbi %ﬁ%@@gﬁﬁm&@n RSty B BIFSY M ant
sui tabl e %V%'ich% eflﬁ%nfaﬁgs i %sﬁt@ayefgag@elr Iﬁ'ﬁ'rﬁﬁ&%@r?&emub@r t@'@leteﬁt fom o;ary

approxi mat1on of the opti st an estimation system t
swi tch fremsanfeilures.
A design parameter of the GPBI algorithm is the matrix of transition probabilities P,
whose elements p, ; are a priori probabilities that a switch from model i to model j may
20  occur at any given iteration. The transition probabilities are used to calculate the prior

probability of model i at the start of iteration k +1 as a function of all posterior probabilities

at the end of iteration %

Pk(-{l)lk _Zptj (l) :
i=1
Because of this, model jmay be still a viable option at iteration k£ +1 even if it was unlikely

25  atiteration k, provided that a switch from some other, more likely model is possible.

Another significant difference between the GPBI and ZOA approach is that at each
iteration all estimators make their temporal predictions using as a starting condition the same

fused (weighted) estimate fckl , from the previous iteration. In addition, for the temporal

update they all use the same fused covariance X i This is visible in Figure 13, which shows
25



operational reginme to another, dubbed "generalized pseudo-Bayesian |I" or
GPBlI. This variant 10 is exenplified by the bl ock diagram schematic of

Figure 13wW\%R1dsS patterned after the sinple 3 sensor nqqgslw MRig, eXanpl e
described in connection wth the enbodinent of Figure 5.  Unl| |%e t he

non- i nt er et Berprale shnstaige of | BBPE Basewr Jhrepiienses sexdgtnlon [ nits dpt dplsrak,
. . S ol . _ the . i
cyet em | codrthyton "B RGNS o ABIHRorlERh H47 B0 SisnBIEATY iRV BLeiEe 10

regi me (omodeid@B)70i72t md1B! usegherdae dafreinasitonl andanedstienent fiswtion, dhismeeanand
is not dependent on history of previous switches. This nmakes it possible
to recovethat themagrivrsestimprs st wallbe eaval e theeemetvatienhnrar sploukaseds Gpm X, .
failures. A design paraneter of the GPBI algorithmis the matrix of

transii i oBinglaclyabil lestimatersAitilize thesee edenentesmpirix, &, ar eakuptddofrom the fused

probabilities that a swtch fromnodel i to nodel j may 20 occur at any
gi ven it egdfarigice Xhe transition probabilities are used to calculate the
prior probability i model i at the start of iteration k + 1 as a function

of all posterior probabilities atot h_eﬁend=gf(;ci teration k x kUkEpijklk i=1
Because of this, nodel j may be st4I” &% a Ief"kgpti on at iteration k + 1
even if it was unlikely 25 at iteration k, provided that a swwtch from
sonme other, nore likely nodelsds _pgssi bl > AQI@t+h rQB$zi gnificant difference
bet ween the GPBlI and ZOA app%alb}h_l &1t hat* gt "éach<i%t eration all estimators
make their tenporal predictions using as a starting condition the sane

f d ' ed iyl | f t h ' iteration. .| ddi.tion,

For the. t LRABR ™S b ity A PrOGo LS. e o (B (B0 i o
[ isible in Fi whj ch.sh 256 WO 02/35185 PCT/.US0.1/ 42780 th
gener <o RTSH SHC AR PR un P u . Bl S g e oy

t ol t fi t , tati i | al i t .

1 gni 11 ol S Ty PHb iR BUEREReYaS dErenBIORBls 13 Tah Ay, S5psien oo

state traglﬁ'%lge%@l@ measur ement function, this means that their a priori
estimtes zk+l~k wll be equal to the same val ue zk~k+l , calculated from
xklk 5 Simlarly, all estinmators utilize the sane covariance matrix Ek+l |k

cal culated fromthe fused covafjanc® Fkl *GKYAL, k)= xkl k+l = f (" xkl k)

All other computations are performed as described herein above for the general multiple-
15  model approach.

Using an EKF as the model, evaluation of nonlinear functions f, g, and calculation

of their Jacobian matrices may take most of the computation time of the processor 48.

Therefore, the execution time of GBPI algorithm may be much better than that of ZOA. On

the other hand, the fused covariance matrix X i is not used in ZOA algorithm, and its
20  computation may be omitted, while in GPBI X, is calculated. If a factorized

implementation of covariance matrices is used for numerical stability purposes,
refactorization of ., from all Z;’fk may constitute a significant additional effort. However,
the GPBI approach is considered advantageous because the computational load significantly

is smaller than in ZOA, i.e. nonlinear prediction and temporal update performed once per

25  iteration, and detection of temporary faults and recovery from misdiagnosis are possible.

A third variant known as the interactive multiple models (IMM) approach is shown in

the block diagram schematic of Figure 14 which is also patterned after the simple 3 sensor
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Ek+1l k F' k+11k " 4kF' kl kAk T +@BT Jacobi an matrices Ak and Bk are al so
cal cul ated once per iteration -= linearization is 10 performed around the

si ngl e powgtoxskids . Prediction of neasurenent val ues is pediarded2gol vy
once as well, .sipce measurenment vectors,of .different .nmodel.s dif.fer, only by
excl us oneYPIE RN dfdiis approsgi. siieal Booligof Sovlepit £imyics for ql BPoss
k Al'l ot hgrreslafaaE RIdcAINSI@AE o PE pHiefi BEnaRs ARSGHER Hﬁfﬂlemb;ﬁ)@ta%‘elﬁb&é/ﬁl GeBIthe
general nultiple- "15 nodel approach. Using an EKF as the nodel, eval uation
of nonl i néssignf paremetenss fhe tgnsHiod wababilitytmatnix B . fthelomehtic ghj are needrdtabs
may take nost of the conputation tine of the processor 48. Therefore, the
execut i onbdgdimEn®bf GBI itatagon itd kalcuBle héxingiebeffieichsr uf-hawhichadre dfiterpidted @
t he ot her hand, the fused covariance matrix EklIk is not used in ZOA
al gor i% hnproaalliti¢ssth20modeipi tras imefferh dutieg previone deratibin bed that GeBtl jEk ik efifect
calculated. . If a factorjzed, inplenentation of coyariance nmatrices is .used
for numer$¥HIS SHTERL ITFer3hgRy isSeich & BpaRit hanpiRSiPrOPraERPILY Ram H19 MEKDg
may constitute a significant ditional effort. However, the GPBI approach
i's consi dml%\?é’ﬁt%&@%‘%‘{]ﬁé%ﬁ%‘% the conputational load significantly is
smaller than in ZOA, i.e. nonlinear prediction and tenporal update
performed once per 25 iteration, and de efotij on of tenporary faults and
recovery from m sdi agnosis are posp?'ijb; e. A Hhird variant known as the
interactive nultiple nodels (1MV) ‘dppr 2’6!}, i poshown in the bl ock diagram
schematic of Figure 14 which is also p rerhéll after the si npl e 3 sensor
26 WD 02/ 35185 PCT/ US01/ 42780 exanple of Figure 5. In this approach,
gl obal poRbicNgaiGhe B ROSIE! ihthd dEDIHRSES i fiot fkla pHRGIrSbabiftytRA AR RYn
|l ocal mxing of a priori estimates for each nodel separately. As in GPBI,
the Hesi effieopdnampetwrent spérhigor, calnslated@n ipGBBabigotithm mat ri x PT . Its
elenments p, ,j are used at the beginning of each iteration to calcul ate
m xing coefficients P'', which are interpreted as 5 probabilities that
nodel i was in effect during previ qus iztglﬁ}t,pﬁm and that nodel j is in
effect during current iteration. Sfiite SuUch 4 transition has a priori
probability p, the mxing coefficients are calculated as follows P(i) -~k
pij klk K P(1) , : :

Then for each model, prior to the temporal update step, state estimates and covariance are

mixed:

0)) SY 0]
=() _ j 20
Xk _Z/"k Xk

i=1
v () N (@ ')( @) (.0)55G ')T)
J) — iJ i I UV ) g UUN
15 Lk = ZPch e TV Vi

i=1

where terms ¥/ represent the spread of non-mixed estimates around the mixed j-th estimate

=~ ()
Xk

G i @)
Ve = X ~ X

The prediction step is performed for each estimator separately, using the mixed values J?,fl’k)
$ )
20 and X
2D = RV
xlgi)llk = (%)
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11=1 pl>j k1 k Note that the expression in the denomnator is in fact the a
priori probability that nodel j is in 10 effect during current operation,

cal cul at egdyap/35185GPBlI  al gorithm K k+1k -Lpl.| klk 1=1 Ther/diwiseseh
nodel, prior to the tenporal update step, 'Et ate estimates and covariance
are mixed: K (j) _i,] N1)EDkEABE AR RACE” K 15 kjk YPi,j) (Eklk
+Vk j)vklj)T i=1 where terns vkl'j) represent the spread of non-m xed
estimates around the mixed j-th estimate (§j) xklI k (i,j) i (i,j) Wk
-xkl'k -xkl'k The prediction step i%;(ﬁlgrégirf@wqigr each estimator separately,
using the mxed values xkjk 20 and k~k . k+il’k f(ykl,k ) 27 WO 02/ 35185
PCT/US01/ 42780 J'(.1) A(J)j(DHAINT +B(j)PB(j)T k+1lik k klk k k k U' @)

(x(>) )| Chitilako®6f Jatbbikh nfaaicey irfINBhis pbrfdmeciicparatel for e8sh éstimlaldy] disice the
performed separately for each estimator, since the correspondi ng ngnli near
f unct i onscaFeEsPINdiERingarfaetiras a7 inopdzad s different priatselmens prapediment, ¢ he

funct i50 n n‘{h)e(: irﬂg%ctg% }‘dl%% Ibte ){denttilg}?, rtﬁérgfo?e ittdogg @5t HzR)te tg ao\éeliﬁegriggd, lah@ il fn%ﬁﬂg

and tHe
step may in fact be performed after the temporal update of state covariance matrix. Still,

measurement prediction and linearization of function g is performed with a different

argument £}, for every model, as in the ZOA architecture. Thus, in a general case IMM has

computational complexity greater than the non-interacting ZOA algorithm. The additional

10 cost comes from the mixing operation — in particular from calculation of mixed covariance

ices L)
matrices Xy .

The final estimate output to the outside world is calculated in block 64 as in GPBI and
ZOA algorithms — through a weighted sum using probabilities Pk(lf . Unlike in GPBI, though,

the fused estimate JEM .1 1s not used internally within the estimator. The IMM approach is

15  considered advantageous because each hypothetical model “lives” its own life, i.e. less likely
hypotheses are not lost, it has an easy recovery from misdiagnosis and a better

approximation of optimal Bayesian estimator.

While the multiple model estimator architecture of the preferred embodiment has been
described herein above in connection with the three foregoing described variants, there are

20 clearly other possible variants that may be used just as well. Accordingly, the present
invention should not be limited to the particular multiple model architecture being used, but
rather construed in its broadest scope regardless of how the final mixing and likelihood

computation is being performed.

Referring back to the embodiment of Figure 3, the likelihood values of the competing

25 multiple models of stage 62 may be processed by a fault detection module 66 in order to
detect and isolate a faulty measurement, if one is present. In one embodiment, the fault
detector 66 first normalizes the likelihood values of the competing models and then compares

them to a predetermined threshold to provide an indication of the failed sensor or faulty
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step may in fact be perfornmed after the tenporal update of state covariance
matrix. Still, nmeasurenent prediction and linearization of function g is
per f or medywy fl3sgssdi fferent  argument xk+l 1k for every modglop@sijssvshhe ZOA

architecture. Thus,.in geperal case 11\ 4 S ,copputatiopal c | exit
greater t MATUHRER SienpheRac s lﬁﬁrefﬁf’dat%\@t&#? Blopd S8 RrErcriar teshebipr 2

conmes fro 196k ti 5 ioGidl LR GAL Calialioan Iied
covari anc o‘@g?%%ggg~%p§h%h{ecp%rer¥§? 82??%%% S%r%ut to thetgéltjl!togi %fe)fami?#lfig S
cal cul at echeasurdvhent leighdl. For ithis GRBON, ¢hdl thr&Baldagystep niaysbe bashd onghma statisttel ed

sum usi ng .prqbabi li.ti PJlk) . Unlike jin GPBl, though t.he fuse tipate
el Sk el aaeesig T i AU EHEoRS velut 7 clry D BROReRT: <
15 congi dgpefs syRNRAARPUShREaRMECWRRIBR YR, et dxatpl iRl eve, iR Iindérk®o@WN
life, i.e. less likely hypotheses are not |lost, it has an easy recovery

from mi sdihatfihéssic butent poskibtlite for fagpdesitiontand wthst apgroprieie sBaglesatistics may be
esti mat or, I l.e..the multipl | esti or..architecture of .the ferpred
enboar menisehas oot P dn o ik 0b HoiHEH bl Bhforen by nSluls 88
f or egoi ngmde 6 hkdiad ﬂ@rth@ah?e 60 BEL BaiRH Rensd of FRRK InYeadlileBlenPESS] DinGredpRnsNt S
that may be used just as well. Accordingly, the present invention should

not be | iiithedeuliondisatignarthe sfageat0 may eepoe e gelrespoading seRser dopethase tpHeers

but t her nst.ru Ln iLkts_ broa r f f i.nal

i xi nf angP PR Bt dpl i dtRan TR e sERPE S eRer L REh B B oy

t he enmbodiumess. Atcdriliaglye the niuligpltinkslel betticataleue]l bé altbrdconpedma®daidSthe

mul tiple nodels of stage 62 may be processed by a fault detection nodul e 66

in order BV syseRbsdhd i solate a faulty nmeasurenent, if one is present. In

der 1O et Lty ren s present
val ues of e Simiaidlie sRo EhaRRCu St DRGRRY, s O, ok

t hr eshol dirkcudpd Gy ieep@sent Relibodinent sadh ahthat shdwedirs thessloclodiagen sghen2éic \GD
02/ 35185 PCT/ USO01/ 42780 neasurenent signal thereof. It is prefer t hat
the | Hxel Figgesaovhptheecvewd hemowﬁ?imglat%r@atg POIBrRES et i UgFbase
Lo prevenprpreilthii0ahe BE SRk Uidedhosr ARIER k8Mn0thd dhalkidon ERASULPARS!
signal. For this reason, the thresholding step may be based on sdne

st at i st i cahbodiingniakhedUSEbasil daylt détéaionicireuisnyemag eitiger tildependeatly lvo adrespdnse s

of current gnd oot kel hond & o el o corh Todel ok hiShaR o
one possi lfibbi sbor fdiktire ARhESEAAS i1aNRLs R NG RPRE ARk A0S itk @RApreSEREMIBET CS
may be used as indicators as Well. I'n addition, the fauft indication
si gna20 gefiersetsed fdmts nDlis Ipge-6@eening will reduce the amount of down stream post processing
in processor 48 and may permit for a liquid gauging system that is tolerant of more than just a
single fault.
A still further embodiment of the present invention is shown in the functional block
diagram schematic of Figure 15. This embodiment includes several levels of fault
25  identification and isolation as part of an overall fault tolerant liquid gauging system similar to
that described herein above. Referring to Figure 15, at stage 1, which may include a sensor
interface, like one or more of the USI modules 44, for example, raw or relatively
unprocessed sensor measurement signals from sensors 16 are analyzed by traditional BIT
circuits using conventional fault detection techniques. The USI modules 44 allows the system
30 12 to use a variety of signals to stimulate the individual sensors 16 and facilitate analysis of
their response to these stimuli for fault detection. The USI modules 44 may also sample the
time varying measurement signals at predetermined intervals in time for providing current

and past samples thereof. For more details of a suitable USI module reference is made to the

above referenced patent application bearing application number 08/997,271.
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may be used to flag the stage 60 of a failed sensor or faulty neasurenent
signal. In response, to the fault indication, the stage 60 may renove the
correspongig\@,saRsor fromthose sensors 10 consi dered avaig@bi®ardo

re-partition the renpjnjng, sensor ur.e t,signal.s into sets or .
subsets. Accor fi St‘?’éﬁ’@%aflhég’ml?li‘ plpge 8 1n§$1§1:ﬂ f‘gg’tﬁﬁmngviﬁﬁ? eﬁ)@ %eQF sApRlE
acconmmodap £, {i@ividiark &EBﬁﬁéasﬁfég%E Signab! pdsbed BY 48 1 cditelReSRR CtrrédtsGhpRE €
with BIT circuitry, fl e the USlI, for exanpleé, i's included in the present
enmbodi nenof theaieaswretnient sigiedswromrpthéreeitooc ko Giragrsanadetrsseor exaofple, 1drwilur e
6, then there wo 'dfbﬁ provi ded two di.stiln t faultt detection.stages, i.e.
the US! - bBEEFUBPIFS QfrERSEPY BHRIUERETT Sght! 16 CO T Yo httAmRS 65155H SEHET
data fasi gBnat AR do!ddt kbirslateetbAdiHFERta pleiSieldRhed a8 RMal A LonHRF QT fau R and
circuitry may either independently or in response to the fault indication
si gnal prootimhestdt dretoethe 1wt stegescaft andn@2. eexé.dhe garasingmentisigadls efl ther pailetle

avai l abl e_sensaqr asurenent. signals it sseg along to a .
Cherehy. s dioaningsgoraing of S3ed Lind 25 inde SPRobthadfrbo0R: Pled tce
t he amounprodficid Wl hRasirfAstt PERECIEd Pdcedstd PYABESHGEs 48 BN G2NRYa Piediltr t
for a liquid gauging systemthat is tolerant of nore than just a single
faul t. A swhndr af dhat idescribed deni the smbedintenbobFigyeent - Anliand qutity staiepHmpte 16 he
¢ ti L bl ock. . di ) . ) . .

sover 7 SrRigy v A% YEAC IR Br laeb B ichriusfdbs SIOGR G fHe pagmees

overal | f gdpkérst@bpusmient istibialts Belblg ipctessedt thoneby Mhayrint fact, et fadkgchi befdult

herein above. Referring to Figure 15, at stage. 1, which ma%/ i ncl ude a

sensor i petetioactage i2Raclsed it anirge Hall phibe Ugpidmunfivsesiimates gre Wsehbased ar aw

or relati npk o MegsHr SR 1ighan £1 QI e

anal yzed %%h%(tre%%ﬂt&;i o(glangqﬁﬁqqﬁ%gﬁﬁ:o& ts ﬁ’m ng cgﬁ{\l/%nta%ll%l#g}( %giéﬁlﬁ%§$é)t§r§?:flt§el ga?\

t echni quedeterhfiaedJ)sy thedkeisienalt Bloak 104sthehthespitetes A6 dinthinedisiefuaed/tr pretviyle of
sensars 16.and facilitate

signals to stimulate the individual d nal ysi s of
thei 15 esB@ntlkI@l F%H{tl%s]g the F1A eSS Pl qutty dgrmol el in ﬂ?&?& 122, ey
al so sanpkgylh ?aultt@gﬁrsiéﬁ%%(){ gﬁg%&?&ﬁféaml&k%ge NRlstig8l. I §98 £rilfR@Gtion may

intervals In tine g current and past “sanpl es thereof. For nore
det ai | s obe ascdufidnabtler kiSircesdd ubeelniefveitiethe statsestmthdestio ordes to alentity andfisnlagnced

pat ent applicati bearing, applicati on ,nunher .08/ 997, 271. .2 /35
bCT/ USoL/ 42780 ASont At gRTEReio #cgi%@biazﬁ i &i?%i%a/\f%_e;?b%eéﬂ ﬁ?é i ng
that each,G{de8 At SR MRt tioR] it %ldété@é%;dtl%l:k s.@?%ﬁrﬁcﬁmaﬁﬂﬁ,ef@atm@vgnﬁiodﬁ&gsed

by stage R correlates with current sarples of the neasurenment signals from
ot her 2@ endéteinhitf fortherprocassib ofithegneasaemenizsigiads ofithe setisphconsidered faulty.

While the present invention has been described herein above in connection with one
or more specific embodiments, it is understood that it should not be limited in any way, shape
or form to any single embodiment, but rather construed in broad scope and breadth in

accordance with the recitation of the appended claims.
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past sanples of the same neasurenent signal for consistency, for exanple.
Those sensor 5 signals that do not correlate according to a predeterm ned
criteria g8 dered faulty and not passed on to the nextusiaggs 60 and
62. Next, the gigé ment signals of the available sensors fromthe
pre-screeni ng #@ges 1 and 2, i.e. those sensors not identified as
failed orwegugguci ng faulty nmeasurenent signals, are processed by the
stages 60 and 62 in a simlar manner as that described for the enbodi nent
of Figure 3. Aliquid quantity state estimate is 10 determ ned by each of
t he nodel § of gt i sﬁﬂ%ﬁ -0f -t he avail able sensors
measureme%t siéntg‘flgtog%laﬁg&%ar%%gise ét}ﬁtsa%%%{}cnagfﬁ%  fact, be faulty. In a
fault detection stage 122 referred to as stage 3 all of the liquid

quant ity esti napbsalityeffsaswds fagechsuringpadestrnvheadiqust i 4 ositanerf gadt $aith.

Then, if the liquid.quantity estimtes correlate etermned by the
oot i onalHBTToERIGSHTE | arealHET L THA SRt L LR 1Ba TGKY EBRCFL AuPhe
15 the fiﬂ@}ebgstinate. If the state estinmates of |iquid quantity do not
correlate in block 124, then further fault analysis may be performed in
bl ock 126 or stage 4. In stage 4, information may be used from ot her
sources to cormeinst Brwigronping saie fessoss inNtoe Bember of ey, qash sglemcluding peme
isolate a_senser failur r faulty neasurenment. Accordingly, if either
bl ock 120°% ?‘“BP@% °t%€%£%1r“§vi des a fault indication, it is detected by

bl ock 128 which, in turn, flags the USI nodules 20 44 to inhibit further
processi ng of ploecRB@smeanedr piicgRilgssadf nichairaragaigmmbnet eheh adt dfsentors to
Wil e the present invention has been described herein above in connec i?n
with one deeTIHBe &orsprcki ot OF SPHSOE Frilittcstimpte Yeual JepstataiiverRfta | ikelihged @t not

be limted . r gl i : t her
constr uedgﬁe%ﬁgeﬁg%lévgg%g %) Zglgtﬁgy Bdr?esgég ﬁl%?%l\l?etgég%:f os?%{aaﬁcgf %@Bﬁgﬁeﬁﬁe‘&ﬁigg g'Egzti’t al{rgingof
t he appenstednd leatimmste SEnA\NReP2sQB4RS FHCHWE0qUAARBM sGlAddERivgE todsed ron daid A
fault tolerant liquid surenment system copprising: 5 a plurality of, .
sensor s T BPHERRTIH R4 Ao ERFSPRIAE oo LPToR S B gPT g e dot R 3 hird

, SENSPY JEMGIAL éiglgal%f ﬁg@iﬁ G in 419 BAtainEPEREHh & HinttioR bf 5A€ fikst Gd Skecond
par anmet er nmeasur t hereby; means for grouping said sensors into a nunber

of sets, esmmtssgndlncl uding sone sensors of another set; and 10 processing
means for processing said neasurenent signals of each set of sensors to

2. The system of claim 1 wherein the grouping means includes means for grouping all of

the sensors of the plurality into one of said number of sets.

3. The system of claim 1 wherein the grouping means includes means for grouping
20  sensors into a corresponding plurality of sets that each include all of said plurality of sensors

except one and said missing sensor in each said set is a different sensor of said plurality.

4. The system of claim 1 wherein the processing means includes means for processing
the measurement signals of each set using an algorithm based on a state estimation model to

determine the first and second estimate signals.

25 5. The system of claim 4 wherein the algorithm comprises a state estimation model for
each set of sensor measurement signals to represent a multiple-model estimation

computational structure.

6. The system of claim 5 wherein the multiple-model structure comprises a non-

interactive multiple-model structure.
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determ ne for each set of sensors a first estimate signal representative of
a |likelihood of neasurenent signal validity for said neasurenent signals

of the cowpappsd Nng set, and a second estimate signal rguas@sig)ve of

1 U Ul B e S 8 08 RIBE e RSB g0ttt e

estinat e pdugdeBa9ésidn Muitiglcmatdlistrycture. sai d cont ai ner based on a function of
said first and second estimate signals. 2..The systemof claim1l wherein

t he groupi ng neans includes neans for grouping all of the sensors of the
pl ural i t y8i nt o'Bnaystm ehrkaim grplgreigrthe Budtiplg-morgbstaiedire GPPTisdsANIIEIAGHEE i n

t he group - e | s neans for grouping 20 sensors into a
correspongﬁﬂ%ﬁﬁj&rgﬁﬁﬁg%g’ sets that each include all of said plurality of

sensors except one and said mssing sensor in each said set is a different
sensor5 of 9.sai dTh¢ sysadm tof .cladm SThvbesyrs bteleasifonel ofi the Statshestimation podmrlomeststhag
nmeans incglﬁ]g%% ans for processing the neasurenent signals of each set
usi ng an Hht¥¥sed on a state estimation model to deternine the
first and second estinmate signals. 25 5. The system of claim4 wherein the
al gor i t hm@onprhé §gstdin i 3lfmES twhBRid ANlehRAPle JfAhe sORCEtZEHI0RTMSRISRI of the
measurenent signals to represent a nmultiple-nodel estinmation conputational
st r uct ur eneugal iEfRorkgIeem of claim5 wherein the nultiple-nodel structure
conprises a non- interactive multiple-nodel structure. 31 WO 02/ 35185

PCT/ USO1/ 7807y, sgi%@msgf%l%@ b \ghéﬂeﬂ% ﬁl&‘“ﬂe{eﬁét”oﬁehﬁe@fﬂ'[ hétlwoﬁ& G’.‘P‘?{ained with
structure conprises a generalize psuedo-Bayesi an nultiple-node

st ructQur eiraiing Iftgs sy@pAsmemedsademedt whpaileiplebatarivet 6phefaaddend singlc tidnlke
conprises an_interactive nultiple-nodel structure. 5 9. The system of
clai m 5 weM#igsat | east one of the state estimation nodels is of the

Kal man filter type. 10. The systemof claimb5 wherein at | east one of the
state estiqmti LS 0f . . f
ol ai m 20 iier ot o FRas f RizR 1 WiGein Ry bletlatdhs tRies Mo AT, ANGHRAME
trai ni ng tetthird espmnats isigpahbasd oarefusioai afrtht secon reetimat aignats wéighted fogutheir and

single -fault . conditions, . .
respectively corresponding first estimate signals.

15 13.  The system of claim 1 wherein the processing means includes means for detecting a

faulty measurement signal based on a function of said first estimate signals.

14.  The system of claim 1 wherein each sensor of the plurality for generating a time
varying measurement signal, including means for providing current and past measurement
samples of each measurement signal; and wherein the processing means includes means for
20  processing said current and past measurement samples of the measurement signals of each set
of sensors to determine for each set of sensors a current first estimate signal representative of
a current likelihood that all of the measurement signals of the corresponding set are valid
measurement signals, and a current second estimate signal representative of current liquid
quantity in said container based on said current and past samples of the measurement signals

25  of the corresponding set.

15.  The system of claim 14 wherein the processing means includes means for detecting a

faulty measurement signal based on a function of the current first estimate signals.
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12. The systemof claim 1l wherein the processing neans includes neans for
determining the third estimte signal based on a fusion of the second

esti mat e @iggnp@kswswei ghted by their respectively corresporndtagsoluigd
estimate sjignal.s. 15 13. The .system claim1 wherei he processi ng. neans
"ncl des Moane TRk SelHG 11 HeEh e Fiodelib e Shdnd p BB 0T phnrheiE
function gtinftdvdrdgbd shrr@ftfirsBdstnitcdfighA forléhch EBEOSUBEREN Al 18éank Forldstddingi n
each sensor of the plurality for generating.a tine varying nmeasurenent

si gnal ; i ad iselielag Adaty messupmmesiit dignal kased eme farrdiopadt s limeraveeaged camen| es
of each urement. si.gnal ; and wherein the processi ng neans i ncl udes neans
for 20 ppﬁgszg%]m]mageélgﬁ%}gcurrent and past neasurenent sanples of the

measur enent signals of each set of sensors to determ ne for each set of
sensor® alzurr&hé sjstdrs lof eBimnBd whedetnthe preqissfg Mcahs itelnfes nteaas foreddtecting

i kelihood that all of the neasurenent signals of the correspondi ng set are
valid nediiselbRg afaygHy measyrrmnent signplpgscd cwon qowparisey of sjaghbime averaged
represent at | . QUi i j j 10 tai ner based on said
current an e\élggggt segt?rﬁp tggfgglﬂs?ﬁ{ehdar@lgg%?}éﬁ%ﬁ {hg?sgﬁféi%é@ QSS of the

correspondi ng set. 15. The system of claim 14 wherein the processi ng neans
i ncl udes h&ansThosystien ef tlang 14 wleeihtthe pwasssingmeedns sidwdds rheeme dorgproeessing
function gQf the current first estimate signals. 32 02/ 35185

P/ Uso s PG e epleB ol Bie TorRpRmIonT DIRBRS PHEIchSetY 5k B SR e seSatwan

i ncl upes RARa&NSodrRhmoeNerating a tinme averaged current first estimte
signal for eac% set of sensors, and neans for detecting and isolating a
faul ty neasurement signal based on a function of said tine averaged current
first esti9mt eTh¢ gysidng of §laim 14 meerein sheprogessiiganeans nclidasanenns Her proerseigsi ng

nmeans i ncl,udes neans for detectin nd isolating a.faylt. suy enen

si gnal bagjgc‘fugﬁnta”@dor?ﬁ%sr 32?15 %th% gTeaﬁFlerH%Iﬁasﬁ%]laﬁg & ac%geﬁ r“@ﬁ’f gﬁ?lresc[e a%’sl%elturna‘?sltt e
si gnal s wWhétlogk slgeataher m ned threshold signal. 18. The system of claim 14
wherein the processing neans includes neans for processing the current and
past sanples of the neasurenent signals of each set with an extended Kal man
10 filter2@l godhe isMsternoof qlpn Jywheteith thec grouping AngansBrlydes, 81685 £ SoHpng

j . i . . t
Toasubbnertioas B Ay fly B SEARR BB, il S A DA Rt Une' a6
al gori t | ugaid Zdssinh&nsytsiheariotaid keti isna diffkrentedensdr lvé saidqilydatity; arditis procdssidgs

means for groupin _ . . .
m%ans i%cluges means for isolating a faulty measurement signal by detecting a set of sensors

not including a faulty measurement signal based on a function of said first estimate signals.

21.  The system of claim 20 wherein the isolating means includes means for detecting the
20  set of sensors not including a faulty measurement signal based on a comparison of said first

estimate signals with a predetermined threshold signal.

22.  The system of claim 1 including sensor interface means coupled to the plurality of
sensors for pre-testing the measurement signals thereof for a measurement signal considered
faulty based on said testing; and wherein the grouping means includes means for grouping
25  only those sensors not associated with the measurement signal considered faulty by said

sensor interface means into the number of sets .

23.  The system of claim 1 wherein each sensor of the plurality for generating a time
varying measurement signal; including a correlating means for providing current and past
measurement samples of each measurement signal, and for correlating said current and past

30 measurement samples of each measurement signal to determine a faulty measurement signal;
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15 sensors into a plurality of sets that each include all of said plurality
of sensors except one and said mssing sensor in each said set is a

di f f er ent wean®sissof said plurality; and the processing nmaggasudonadgees
means for isolating a faulty neasur nt signal by detecting a set of
Sensors 5L WHGKEE P GO, ST PSS R 0 FOWHE P TS RRETS b
sai d firshssEGhledRith Sk IHsSremertlsigdd) %oﬁs\lééré‘d“ffa‘i’ﬂty@gaslaiﬁ 8 rMra1einBarshBto the

i solating neans includes nmeans for detecting the 20 set of sensors not

i ncl udi ngnember@fssts.neasur enent si gnal based on a conparison of said first
estimate signals with a predeterm ned threshold signal. 22. The system of
claim1 iggludi SEensQF i {. I ;
censors {55 pr SECRBFREE okl TR FEAPScer a8 Bolhls Pehd ddecig and,
si gnal5 copsiafias adaulfyapbhsnrdaar diganl Sascd dres finegon andaidtfizstedstiniatecsi giaty) phd g
means i ncl udes neans for grouping 25 only those sensors not associated with
t he nmeasuwessh ths ig@wm&mgmsw@%ges @Giﬂtsyﬁ;bygf@‘a?lﬁg onlyr{bpse seRpQEP nakessoalRd

into th oo |,ai . in. f
e pl ur o it ke sidhdl cHRfRUCRER B) SO BIEAARE RERR 00

a correl aggtag neans for providing current and past neasurenent sanples of
each neasurenent signal, and for correlating said current and past 30

nmeasur ene sanpl es of each nmeasurenent signal to determne a fault :
Teasur oot ot GBS ST RISTES) SROG BERrORSHE S80S TR T e OB ng
Means; d NCiHqRs sHRARS %i@ﬁal@ bPURINNGt BPLAsERAS ARANSR Or BR 5B QGlseks @Rk Mhst h

t he measurenent signal “considered faulty by said correlating neans into the
nunber of etitate @ghal Tivpresyttem of z| alikeliboodhethei rallt mecapuromestsisigpalse afisthe

i ncludes neans for detecting and 5 isolating a faulty neasurenent signal
based on STFFRTIGYRS f”es‘éﬁhg'fi rst estimate signals; and wherein the
groupi ng neans includes neans for grouping only those sensors not

associ at eds, W The §{€rBaslAlE TeNherSindh@proeeRfigdasfd ihcitddsyméins 6 dbtermining
processing neans into the nunber of sets. 25. The systemof claiml

wherei n t e thildc egimaig signahs Hhepmbing thsapesopdrespmstcesignaly weightedeby their
measuyenment signal s.o ac : f sensors to determne for each set of
senso{s tﬁ(g@}j&gﬁng ggs} F%%?giele%%%l% representative of a |likelihood that all
measurenent signals of the corresponding set are valid. 26. The system of
claim1l wherei In lifeidpfessandy dppantisi cehpridess agdmslifyoof detsersrior mgasuting

third estimate signal_ by conbing the second esti mate signals wei ghted ba){
t heir parameters of a liquid in a container; each said sensor generating a measurement sign

representative of the liquid parameter measured thereby, a system for detecting a faulty

.measurement signal comprising:

20 means for grouping said sensors into a number of sets, each set including some

sensors of another set; and

processing means for processing said measurement signals of each set of sensors to

determine for each set of sensors a signal representative of a likelihood that at least one of

said measurement signals of the corresponding set is a faulty measurement signal, said

25  processing means for detecting a faulty measurement signal of liquid quantity in said

container based on a function of said likelihood signals.

28.  The system of claim 27 wherein the grouping means includes means for grouping all

of the sensors of the plurality into one of said number of sets.
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15 corresponding first estimate signals. 27. In |liquid nmeasurenent
apparatus conprising a plurality of sensors for neasuring paraneters of a

liquid inyg @RRjadi ner,; each said sensor generating a neasyangl sisenal
representative of the liquid paraneter neasured thereby, a systemfor

qul, [
det ect i ng?% f alita §ystenped Clainghivhsreyn fic SORPINBINeRPS peludesamsansofor FraRIHhg
sai d sens I . L I r
anot hor - aapiors M sBLBUNH <ol 3 aoh (B, SFbE LAEbHENTS o7 SlRors SRR Re A1
of each seaid missgremsos it eachdeidaenis neiffaentsandor sftaidplusaitgor s a si gnal
representative of a likelihood that at |east one of said neasurenent

signals of the_correspopdin et is faul ty nmeasure t signal., said.25
processi n%o'nea}:l}ée ?YSTBHEQF glé’crﬁ?ﬁz “alef%f' %Prﬂ%eﬁéﬂg SNt ¢ nf arms S_%qré’ﬁ‘?‘i?_ssmg
quantisy B nf@kdemedighAEsf RA 16k RhParf HBEAthANbREd 8Rlattdié k&I ARANSIY B! S.
28. The systemof claim 27 wherein the groupi ng nmeans includes neans for

groupi ng ddtérmined the hiselaomsloignatst the plurality into one of said nunber of
sets. 34 WD 02/ 35185 PCT/ US01/ 42780 29. The system of claim27 wherein the

et t nar Eaon TRl SRR 0o Herth A RGeS et ool Ao i i dhe

sai d m ssKkfghapeEPtypen €ach said set is a different sensor of said
plurality. 30. The system of claim 27 wherein the processing nmeans includes

nmeans for processin 5 the neasurenent signals of each set usin
X fera p

€ an
al gor i t hmi%bas eBheosysiens ofelain S0; Wagreip it gsledne of the stals ptimeation anedaisetsi afdbg
signals. Z;gm of claim30 wherein at |east one of the state
esti n%qsl O%e%rn%ggﬁgosrg of the Kalnman filter type. 32. The system of claim 30
wherein at | east one of the state estimtion nodels is of the 10 neural
network t3je. B sidemsofstleim 32 whatm B2 athleasti onet hairalt nétewask i treinaé uvidh

network is trained with training sets conprising. nmeasur nt signal

repr esent BHNRE fS AYTPAHRS I%Fr?ﬂ“@i%ﬁ@‘i Sg0313 Ereseé‘%?ﬁ‘(’ﬂat(?fso]?&'?a 4?n‘ﬁ'ﬁﬂg‘g§y§f“é% of
claim 27 whangi,@ each sensor of the plurality for generating a tine 15
varyi ng neasurenent signal; including nmeans for providing current and past
nmeasur enment sanpl es of each neasurenent signal; and wherein the processing
means i nc3udesTinesystéenh of claim 27 wherein each sensor of the plurality for generating a time

15  varying measurement signal; including means for providing current and past measurement
samples of each measurement signal; and wherein the processing means includes means for
processing said current and past measurement samples of the measurement signals of each set
of sensors to determine for each set of sensors a signal representative of a current likelihood
that at least one of said measurement signals of the corresponding set is a faulty

20  measurement signal.

35.  The system of claim 34 wherein the processing means includes means for detecting a

faulty measurement signal based on a function of the current likelihood signals.

36.  The system of claim 34 wherein the processing means includes means for generating
a time averaged current likelihood signal for each set of sensors, and means for detecting and
25 isolating a faulty measurement signal based on a function of said time averaged current

likelihood signals.

37.  The system of claim 36 ‘wherein the processing means includes means for detecting
and isolating a faulty measurement signal based on a comparison of said time averaged

current likelihood signals with a predetermined threshold signal.
35



processing said current and past neasurenent sanples of the neasurenent
signals of each set of sensors to determ ne for each set of sensors a

si gnal rewmg@i@ti ve of a current likelihood that at | eaQtT/mq:ijfsosai d

measur ene asof .crrsonin set.is a fau

S onal ol THEREY R ph iy 38 ISR doRSbing TP Btides el I HERTRAG
means ford @hﬁéﬁt'aﬁﬂ plst shitlel ¥f IRAS4HERBIRN SEENObT KRB S6 With an ExBRddiXnIRknt he
current |ikelihood signals. 36. The system of claim 34 wherein the

pr ocessi n@ltﬁr@égm‘lﬂillncl udes means for generating a time averaged current
|'i keli hood signal for each set of sensors, and neans for detecting and 25

sol atingya fayly MeasrAIRal SlcanAkd3364s08 b AIRR Rl b B

aver aged Turren sign em o claim erel

t he prsoceds icigenad pabiaiplis o Mpamsasuesmete sipohls g cacinstt inwith @timegleyfrutal y
measur enent signal based on a conparison of said tinme averaged current
li kel i hooRPtePgnaleitiix h a predeternined threshol d signal. 35 WO 02/ 35185
PCT/ US01/ 42780 38. The system of claim 34 wherein the processing neans

i ncl udes ,m?anSTﬁé)F &R FS34iR927 Rth‘creqﬂrﬂ‘ieeglt gﬁ% I(Ej’k@ﬁ{s ﬁl@lﬁﬁb?ﬁleﬁs td¥egroup 1n%m

measur enent si gna s of each set wth an Kal man Ilter algorit
39. The sgeat@mimd aglhanbhity3f sets dhad icact 1Inelupie olt e said gplurelai]y@f |smsbtscmtseptmn snfior

processin 5.the current ast, s es of th i gnal s .of
Droh sot | $id RS SPECTn S9 T S 15 ROIIBFR Srsb ot ROy A By diameRe
clai M@ 7 WaslGheuldem g4t ﬂglaﬁﬁgﬁ?adl%h%ﬁﬁen{%@@@nﬁl by ORI Aot SERBEHS
into a plurality of sets that each inc¢lude all of said plurality of sensors

except oneotamdudisghdautiysseasgresenbegndl hassda shindtieeel ad dikdilfoodistgnelssensor
of said plurality; and the processing 10 neans i ncI udes neans for isolating

Faur ty mebEur otBhDrbRar i at o ErE Yo et SEROR herfbr oG AE °

41. The sysptEBefors hatl Mchlivherfeilty hleesursbrat difithl MassiSon RCEdMRSIsO® @S sdidr
detecting the set of sensors not including a faulty neasurenent signal

based on Bkalibepdrigaels vth aspiedpterniined thirsbeldsiggabl s with a predetermi ned

threshold signal. 15 42. The system of claim 27 including sensor interface
means; Soup) ed fe el il Y Bluaf8NARLG HRILA! AickfSld &-dtg RSNt
Si gna s théreof Tor a urement signal considered f on Said
testing; @mdomﬁf@xr}ﬁbnest.timg tbé olepsuiemere aighalsrthéredefor maamulfenrengslgmjmgsidered
faulty based on said testing; and wherein the grouping means includes means for grouping
only those sensors not associated with the measurement signal considered faulty by said

sensor interface means into the number of sets .

20 43, The system of claim 27 wherein each sensor of the plurality for generating a time
varying measurement signal; including a correlating means for providing current and past
measurement samples of each measurement signal, and for correlating said current and past
measurement samples of each measurement signals to determine a faulty measurement
signal; and wherein the grouping means includes means for grouping only those sensors not

25  associated with the measurement signal considered faulty by said correlating means into the

number of sets.

44,  The system of claim 27 wherein the processing means includes means for detecting
and isolating a faulty measurement signal based on a function of said likelihood signals; and

wherein the grouping means includes means for grouping only those sensors not associated

36



only those sensors not associated with the neasurenent signal considered
faulty by said sensor interface neans into the nunber of sets . 20 43. The

syst em of we) @i381887 wherei n each sensor of the plurality fgcriaseeasig)ng a
neasur enent . Si

time varyi nal ;. inc [ a .correl.ati ng neans for

bt ovi i ngveB e RE e sl fetos BR3P0 Ste repR T it gl
and for cgggelating said current and past neasurenent sanples of each
measurenment signals to determne a faulty nmeasurement signal; and wherein
t he groupi ng neans includes nmeans for grouping only those sensors not 25
associ at efd-wi t H ferbtolerariliquikmeassigment SY6em compEdngaul ty by said
correlating neans into the nunber of sets. 44. The system of claim 27
wherein the processi i pcl . -] i a
Faul Ty measur chonp e o ArARRr B sHESRE ARl G0 Gk R0l L8
and viher egnsort hengtinpi 0 gmemarsndnh slgudlesprasanstiveosf e diguid garamieter tnias@red
sensors not associated 36 WO 02/35185 PCT/US01/42780 with the neasurenent
signal co&fe#¥red faulty by said processing neans into the number of sets.
45. A fault tolerant |iquid neasurenment system conprising: a nunber M of
sensors for megglild fg BRLBIR! g Mfsefobd Bt SN sdbseRNbAL Bfset ﬁ@ﬁﬂi%ahlﬂM5
sensor generating a neasurerent signal representative of the |iqui

par anet er samsers land daidt dthereldly subsetaresclf mchgingugi of sadiM skhsensxrept pm andveaid
subsets, one.subset .including all sensors..and sai d of he subset § each
i ncl udi ngnlﬁs’rngosfan%oéi“?jeﬁ?gﬁ%‘aPg’eéﬁ/lé‘&setﬁﬁ%aa T%FWSOW%M?B?%@% each
of said other Msubsets is a different sensor of said Msensors; and 10

procefpi Ng MeapscERmghhOaRIs! PlbcsRind JARPHYARIPEMNt $iAR! T ath easbr SURHEIrs Of
sensors wth a respectively corresponding al gorithm based on a state

est i mat i owithwdesspectivelgtcerrrspeadingadgasitln bostsken astate esieptionamedel 4o defermingt e
signal representat,ive of a |ikeldhood.of neasurenent. signal_vali i for
sai d neast e?‘ﬁfﬁt subsgt, 9F <SBFOTY 1k flgf)tr rel l%tﬁdsll%'basls{fggeg?r,natévrleg Og a se%:kg%&yd of
estimat e fiesHiddmé RIgRsEvHlidity \fer 6did nheabirdmebtangralyof the 8adrébpoRdih@bitet, baded
on said 15 neasurenent signals of the correspondi ng subset; sald processing
nmeans f or sesené retimpiggsignal iepyegendaiivenel Bquidgaiantibr in saidi epngaingit baspdjon saifld

do. Tho yRRIf R el GG RofnRRle SpRe BBY pr R piEhe BT e

conpri se third estimate signal of liquid quantity in said container based on a function of said first and

-
et

second estimate signals.

46.  The system of claim 45 wherein the M algorithms of the processing means comprise a

multiple-model estimation computational structure.

20 47. The system of claim 46 wherein the multiple-model structure comprises a non-

interactive multiple-model structure.

48.  The system of claim 46 wherein the multiple-model structure comprises a generalized

psuedo-Bayesian multiple-model structure.

49.  The system of claim 46 wherein the multiple-model structure comprises an interactive

25  multiple-model structure.
50.  The system of claim 45 wherein state estimation model is of the Kalman filter type.

51. The system of claim 45 wherein the state estimation model is of the neural network

type.
37



mul ti pl e-nodel estimation conputational structure. 20 47. The system of
claim46 wherein the nultiple-nodel structure conprises a non- interactive,
rru: ti p: e-mﬂglhsﬁsr ucture. 48. The system of I cl ai m 46 V\gerq:i(mlt]g@emmo
mul ti pl e- e tructurge .co ises.a.generalize edo- Bayesian. .

Tl L bl 6 el T8¢ PP ERREBT SRERu R aRmsT e B LT BBy R Rining ets
mul tiple- fmgﬁﬁsir%]ﬁléﬁtwrﬁerﬁ @igﬂélb s&tesditatiné 6f @-Fautend 2melailfiilpdoaditide!
structure. 50. e systemof claim45 wherein state estimation nodel is of
the Kalman filter t%/pe. 51. The system of claim45 wherein the state .
esti mat i of3-nmod&he systest of HainhdhFapreethapracessiygaeans iAo Inems foy determining
PCT/ USD1 (21804 i H0S, SXPLEN O ChAl Fn 08 Lo IBHER HEHURYY dIB0e
is trained w raini set's conprising neasurenment signals

r epr esent skspacgivelly ¢erebpoddingfint sstinghtessighadul t conditions. 53. The system of
cl ai m 45 wherein the processing neans includes neans for determning the

third estimate_signal based on_a _fusion_of the cond esti.nate si.gnal s
vei ght ed BY th@ﬁ"r _gy%enﬁ @35@% $2 heredh F%%Wrn%fs&ﬁerpg‘t‘ragg‘; fWEe@P’g%&I %m? 54,
The syst e%r?{nt%%@dsﬁ}eﬁ?:n‘(‘@%ﬁh Ny Hl ﬁﬁrﬁgéesﬁhﬁtrﬂ@anﬁ’lih'ﬂﬁﬂéstﬂed}@ ol §RFAGAE N9

a tinme varylfig neasurene signal; wherein the processing neans includes
means f or cyran ol payt measurementamuplea sf eavhaseaserwment sgmg) and modane dartprocessing

measur enent. . si gnal, .and neans for, processi said current. a st

nmeasur ems_?ﬂld §38Ff)§ea§do?asf FREasEgOg e ess?flgﬁ’_gl Igea(?flreé[heélﬁ S%Bge({%d?fgﬁfﬁb%% REor s
to defer mdigokah RAGMIRUREHacRlsuSLRNSPL8nsdrsl & Mt &ﬁhia'f@_’si%n&l' @Prkentative of a
representative of a current likelihood that all of said neasurenent

si gnal s ofurrdmé likelthoed glaatdillraf said sesrswementizigndls ofdhe oeerpanding gihskisare yald a
second estimate signal. representative. of. current | i.gui uant.ity in ..said
cont ai ner nﬁﬁ%ﬂn%glﬂﬁlﬁ’ %@rar %eﬁ?ncger’f e 71 ﬁ?ﬁrgssen%’%lg? Rgc‘%%e %Llﬂélﬁéﬁlfﬁntétyé%al s
of the celid @sReneh BesedUds &lid chfredSandThit sMEpleeo0fthe | Bbifubeiend 81gahld dfitBe
processi ng neans_includes neans for processing the current and past

sanpl es oforrdspondiaginbeetent signal s of each subset with an extended Kal man
filter algoritlun. 56. The system of claim54 wherein the processing nmeans

moasufoment- o1 RGPS SESRRAZARFaf e koAl AR SSATRS Ball riocsyne

al gori t hnthe current and past samples of the measurement signals of each subset with an extended

Kalman filter algorithm.

56.  The system of claim 54 wherein the processing means includes means for processing
the current and past samples of the measurement signals of each subset with a time delay

20  neural network algorithm.

57.  The system of claim 45 including means for isolating a faulty measurement signal by
detecting a faulty measurement signal and a subset of sensors not including the faulty
measurement signal based on a function of the first estimate signals and a predetermined

threshold signal.

25 58.  The system of claim 45 wherein the processing means includes means for processing
the measurement signals of each set of sensors to determine for each set of sensors the first
estimate signal representative of a  likelihood that all measurement signals of the

corresponding set are valid.
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57. The system of claim45 including neans for isolating a faulty
nmeasurenment signal by detecting a faulty neasurenent signal and a subset
of sensorwmgmis_gcl udi ng the faulty neasurenent signal bmg@m/mmf)uncti on

of the figst estimate signal s.and a predeterm ned .threshold si | . .25 58.
The syst engor - SRS PP REBRELRIE Metrah IR e FudhBrmyfite
processi nfhe thitd BRASHE GHBAl WydBambinef (RaASdoBElesBinakeBEALIS WeigHRHEh Y their f Or
each set of sensors the first estimate signal representative of a

| i kel i hoogPrraspending fiysbestimateraignalsi gnal s of the corresponding set are
valid. 38 WD 02/ 35185 PCT/US01/ 42780 59. The system of claim45 wherein the

processi ng neans includes neans for determning the third estimte signal

by conbing the second estimate signals weighted by their corresponding
first estimate signals. ti 39
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