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METHOD FOR ADAPTI VE KALMAN FI LTERI NG | N DYNAM C SYSTEMS Technical Field
This -invention relates generally to all practical applications of
Kalman filtering and nore particularly to controlling dynam-c nms. W th
a:need for fasYOLA¥442|iable adaptation to circunstances. Bacﬁéillg{?ﬁﬁmﬂrt
Prior to explaining the invention, it is helpful to understand first the
prior art of conventional Kalnan recursions as well as the Fast Kal nan
Filtering (FKF) met hod METHOD FORl ADAPTIVE KAENAN FHSTERINECT/ FI 90/ 00122
(WD 90/13794) and controlling a ) tem PCT/FI93/00192 (WO
93/ 22625). The underlyi ng Markov Iﬁ%@@e@ngwgcess I s described by
the equations from (1) to (3). The first equation tells how a nmeasurenent
vector y[err] depends on a state vector s[err] at tinme point t,
(t=0, 1, 2...) .TephnicalsFielk | i neari zed Measurenent (or observation) equation:
y[err] = Herr] s[err] + e[err] (1) Matrix
Herr] is the desrigs (ideshidhaneldtsd r igéneraiipt 6t e4F fprafical happRdations of
Kalman filtering and more particularly to controlling dymamic systems

with a need for fast and reliable adaptation to circumstances.

Background Art

Prior to cxplaining the invention, it is helpful to understand first
the prior art of conventional Kalman recursions as well as the Fast Kalman
Filtering (FKF) method for both calibrating a semsor system PCT/FI90/00122
(WO 90/13794) and comtrolling a large dynamic system PCT/FI93/00192
(WO 93/22625). '

The underlying Markov (finite memory) process is described by the
equations from (1) to (3). The first equation tells how a measurement
vector y, depends om a srate vector s, at time point t, (t=0,1,2...).
This is the linearized Measurement (or observation) equation:

. Y = H 5 + ¢ M
Matrix Ht is the design (Jacobian) matrix that stems from the partial
derivatives of actual physical dependencies. The second equation describes
the time evolution of the overall system and it is known as the linearized

System (or state) equation:
S, = A 8. + B, u_, + a @)

Matrix At is the state transition (Jacobian) matrix and B, is the control
gain (Jacobian) matrix. Equation (2) tells how present state s, of the
overall system develops from previous state S,.1» control/external forcing
W,y and random error &, effects. When measurement errors e, and system

errors a, are neither auto- (i.e. white noise) mor cross-correlated and

are given by the following covariance matrices:

L Rel = Cov(e) = E(ee,)
e Bt K and ©)
This Shect as Been Roplaced R, = Covia) = E@aa,)
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derivatives of actual physical dependencies. The second equation descri bes
the tinme evolution of the overall system and it is known as the |inearized.
System (or state) equation: s[err] = Aler] s[err] + Blerr] u[err] + aJerr]
(2) Matrix At is the state transition (Jacobian) matrix and Bt is the
control gain wokaaszan) matri x. Equation (2) tells how pr &CEiKI646e631 e
s[err] of the overall system develops from previous state s [err]
control /external forcing u[err] and random error at effects. Wen
measurenent errors e[err] and systemerrors a[err] are neither auto- (i.e.
white noise) nor cross-correlated and are given by the follomﬁng

covari ance natrlces C{erKL va(a[err]) = E(a[err]aferr]")

(3) Rerr] Zhem the famops Eormagg crecyrsjon formprge- | fomn ot 2to i6)c rsew e
fanous Kal mesest dﬁmwﬁﬁﬁwﬂSEﬁﬁmﬁw BLUE) §[ @mpré&)n stuté §) agifolows:

S = A sy + Bu + Kt{yt HyA, 5,1 + By u, 1)} “@
and the covariance matrix of its estimation errors as follows:
P, = C°"(st) = E{(st t)(s t)} Pi- K H P S)
where the Kalman gain matrix K, is defined by
K, = (AP 4 + R B (HAP A + ROE +R T @

This recursive linear solution is (locally) optimal. The stability of
the Kalman Filter (KF) requires that the observability and controlability
conditions must also be satisfied (Kalman, 1960). However, equation (6)
too often requires an overly large matrix to be inverted. Number n of the
rows (and columns) of the matrix is as large as there are eclements in
measurement vector y,. A large n is needed for making the observability
and controlability conditions satisfied. This is the problem sorted out by
the discoveries reported here and in PCT/FI90/00122 and PCT/FI93/00192.

The following modified form of the Stare equation has been introduced
ApSpy T Bou g = I5 + Afsy g5y - 8 D

and combined with the Measurement equation (1) in order to obtain the
so-called Augmented Model: '

It H, €t

. = . @)
As. 1By I Als 175p1)8¢
ie. z, = Zt s, + g

The state parimeters can be estimated by using the well-known solution of
a Regression Analysis problem as follows:

» "1 '1 L] ’1
ZNVZ) )V, 7, ©)
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Best Linear Unbiased Estimate (BLUE) s[err] of present state s[err] as
follows: [err] and the covariance matrix of its estimation errors as
follows: [err] where the Kalman gain matrix Klerr] is defined by [err] Thi s
recursive linear solution is (locally) optimal. The stability th

Kal man Filter WREY'$#quires that the observability and cont rP&Tgﬂ?ﬁ’q"W
condi tions nust al so be satisfied (Kal man, 1960). However, equation (6) too
often requires an overly large matrix to Be i nverted. Number n of the rows
(and columms) of the matrix is as large as there are elenents in

measur enent vector y[err]. A Iarge n is needed for making the observability

the di scover RE5 Sok8 %?F*difﬁ Briedly, vt 18, b ot 1B KR 38ERs OBl
fol | owi ng noB8P% |”§H‘°F’61'1|1H eq [fa8-SHeYe qlRRLF onlimes Serieh, MadelequPbilip eMldan and
conbi ned wi t Publisheid: d3dy ©Onfotd, eUKat pron101-119)0  OThke rditensidyi afNtieh gatlix cR) | ed
Augnment ed Mogelinyékdd lin equation (9) is now the number (=m) of elements in state
vector s,. Harvey’s approach is fundamental to all different variations
of the Fast Kalman Filtering (FKF) method.

An initialization or temporary training of any large Kalman Filter
(KF), in order to make the observability condition satisfied, can be done
by Lange’s High-pass Filter (Lange, 1988). It exploits an analytical
sparse-matrix inversion formula for solving regression models with the
following so-called Canonical Block-angular matrix structure:

Y1]=[*1 Gi1P1] +[eq
Y2 Xz. ‘?2 by e, (10)
K XgOglle ek |

This is the matrix representation of the Measurement equation of e.g. an
entire windfinding intercomparison experiment. The vectors bl’b2""’bK
typically refer to consecutive position coordinates e.g. of a weather
balloon but may also contain those calibration parameters that have a
significant time or space variation. The vector c¢ refers to the other
calibration parameters that are constant over the sampling period.

For all large multiple sensor systems their design matrices H, are
sparse. Thus, one can do in one way or another the same sort of

X G

’t, 1 It.1 t,1 t,1
Partitioning: s =y y, = yt 2 H = Xt,2 Gt 2
t |b t .
ctK X o G
t t,K t.K “t,K
_ 11
A, . 03]
A = . AK _ and, B = . BK
4, Bc

where C, typically represents calibration parameters at time t
bt,k all other state parameters in the time and/or space volume
A state transition matrix (bock-diagonal) at time t
B matrix (bock-diagonal) for state-independent effects u, at time t.



The state paranmeters can be estimated by using the well-known solution of a
Regression Anal ysis problemas follows: [err] WO 97/ 18442
PCT/ FI 96/ 00621 3 The result is algebraically equivalent to use of the
Kat man recursions but not nunmerically (see e.g. Harvey, 1981: "Tinme Series
Model s", Phil wo #biseaa Publishers Ltd, Oxford, UK, pp. 101-11PCT/FTdes0621
di nension of the matrix to be inverted in equation (9) is now the nunber
(=m) of elements in state vector s[err]. Haryey's approach is fundanental
to all different variations of the Fast Kalman Filtering (FKF) nethod. An
initialization or tenporary training of any large Kalman Filter (KF), in
~order to make the observability condition satisfied, can be done by Lange's
Hi gh- pass Filtdif (hmrme‘;ltio_ﬁ&S) Is |not eebNio#s Sonen maYaltyy i toaldos jtr asematicdlly by
| nver si on fcgr Milsin oxBI s&msm %Bﬁiﬁ-,'rfs Vdvery tdpardeO! lifddk NGystem into
so-calle no%caCanogl%lél aﬂﬂ)c G a.:t'r &(rn?tf ¢i1"'ana Kettler, 1971: “Rearranging
: Matrices to Block-angular Form for Decomposition (and other) Algorithms”,
Management Science, Vol. 18, No. 1, Semptember 1971, pages 98-107). The
covariance matrix of random errors €, may, bowever, loosc somcthing of its
original and simple diagonality.

Consequently, gigantic Regression Analysis problems were faced as follows:

Augmented model for a sgpace volume case: ec.g. for the data of a balloon
trachng experiment thh K consecutive balioon posmons.

. T, %¢,1; :Ce,1] [Py, 1] ©,1 ’
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Augmented Model for a moving time volume: (¢.g. for "whitening” an observed
*innovations” sequence of residuals e, for a moving sample of length L):

[ . ¥, ] "Htg _ ?F‘ 1[s, 17 . e,
As, +Bu, , =] 1: P By (A 8) -8y
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[err] This is the matrix representation of the Measurenent equation of e.g.
an.entire windfinding interconparison experinent. The vectors
b[err],b[err],...,b[err] typically refer to consecutive position
coordinates e.g. of a weather balloon but may also contain_ _thos
calibration pYPaAHEMErs that have a significant tine or spacPeC%?ﬁ’@ﬂ‘on.
The vector c refers to the other calibration paraneters that are constant

over the sanpling period. For all large midltiple sensor systens their
design matrices Herr] are sparse. Thus, one can do in one way or another
the sane sort of Partitioning: [err] where c[err] typically represents

(e and/ or TRast o8k o v alee? airty vl thas® £ Ff? HhaCAbuile"
t B matrix (BUBKBER.adBeRg BTG Fwos types- Ohdcqedintaion” e prrameters| ¢y randaC,t iThe t |
WO 97/ 18442 first set of these parameters, ¢,, can vary from ome time RCTddoting/ OffR21 4
second type, Ct, of these parameters have constant values (approximately
at least) over long moving time windows of lemgth L. The latter ones, Ct,
make the Kalman filtering process an adaptive ome. The solving of the
latter parameters with the conventional Kalman recursions from (4) to (6)
-causes an observability problem as for computational reasons length L must
be short. But with the FKF formulaec of PCT/FI90/00122, the sample size can
be so large that no initialization (or training) may be needed at all.

Prior to explaining the method of PCT/FI93/00192, it will be helpful
to first understand some prior art of the Kalman Filtering (KF) theory
exploited in experimental Numerical Weather Prediction (NWP) systems. As
previously, they also make use of equation (1):

Measurement Equation: Yy = I-It s, + e ...(linearized regression)

where state vector S, describes the state of the atmosphere at time t.
Now, s, usuvally represents all gridpoint values of atmospheric variables
e.g. the geopotential heights (actually, their departure values from the
actual values estimated by some means) of different pressure levels.

The dynamics of the atmosphere is governed by a well-known set of
partial differential equations ("primitive” equations). By wusing e.g. the
tangent linear approximation of the NWP model the following expression of
equation (2) is obtained for the time evolution of state parameters S,
(actoally, their departure values from a “trajectory” in the space of

state parameters generated with the nonlinear NWP model) at a time step:

State Equation: s, =As_; +Bwu_, +a .(the discretized

_ dyn-stoch.model)
The four-dimensional data assimilation results (;t) and the NWP forecasts
(?s't), respectively, are obtained from the Kalman Filter system as follows:

;t"gt"'Kt("t'Htgt) _
~ (12)

s, =As ,+Bu,



| f. the partitioning is not obvious one may try to do it automatically by
usi=ng a specific algorithm that converts every sparse |inear system into
t he Canoni cal Bl ock-angular form (Wil and Kettler, 1971: "Rearrangi ng
Mat ri ces to Bl ock-angular Form for Deconposition (and other) Algorithmns",
Management Sowglessesdol . 18, No. 1, Senptenber 1971, pages 9BetHidyeosIne
covariance matri x of randomerrors e[err] may, however, |oose sonething of
its original and sinple diagonality. Consgquently, gigantic Regression

Anal ysis problens were faced as foll ows: Augnmented nodel for a space vol une
~case: e.g. for the data of a balloon tracking experinment with K consecutive
bal | oon positions: [err] Augnented Mddel for a noving tinme volune: (e.g.
for "whiteniwhgte an dﬁaser@ad(ﬁ'ithm\ﬁaﬂw " )shquer@e of.(predictiomlascurhey)r] for

a moving sanpl e of lggngd I@30‘vla)[£r13]a a; VO 97/ 18442 (system noise)
PCT/ FI1 96/ 00621 5 .
Rt = Cov(e ) €, t ...(measurement noise)

and the crucial Updating computations are performed with the following
Kalman Recursion:

X, = P, H (H, P, H + R)" ..(Kalman Gain matrix)
Cov(st) = Pt - Kt Ht Pt ..(estimation accuracy).

The matrix inversion needed here for the computation of the Kalman Gain
matrix is overwhelmingly difficult to compute for a recal NWP system
because the data assimilation system must be be able to digest several
million data elements at a time. Dr. T. Gal-Chen reported on this problem
in 1988 as follows: "There is hope that the developments of massively
parallel supercomputers (e.g., 1000 desktop CRAYs working in tandem) could
result in algorithms much closer to optimal...”, see "Report of the
Critical Review Pane! - Lower Tropospheric Profiling Symposium: Needs and
Technologies”, Bulletin of the American Meteorological Society, Vol. 71,
No. 5, May 1990, page 684.

The method of PCT/FI93/00192 exploits the Augmented Model approach
from equation (8):

Y H, €
A = st -+ A
ie. z, = Zt S, + n,

The following two sets of equations are obtained for Updating purposes:

5, = @Vv;lzylzv iy ' ...(optimal estima tion,
by Gauss - Markov)

— 9 'l "'l > "1 'l ~n
= {Ht Ry, + Pt} @Ry + P! 3 13)

n ~n

or, =5, + K (yt -H §5) ...(alternatively)



Pl ease note that the latter matri x equation has a "nested" Bl ock-Angul ar
structure. There are two types of "calibration" paraneters c[err] and
Cerr]. The first set of these paraneters, c[err], can vary fromone tine
to another. The second type, (err], of these paraneters hav ;

val ues (appr o184 at | east) over long noving tine mﬁndomgcggﬂﬁéﬂ%{h L
The latter ones, CJerr] make the Kalman filtering process an adaptive one.
The solving of the latter paraneters wi th7the conventional Kal man
recursions from(4) to (6) causes an observability problemas for
conput ati onal reasons length L nmust be short. But with the FKF fornul ae of
PCT/ FI 90/ 00 , the sanple size can be so large that no initialization (or
training) nay be needed at all. Prior to explaining the nethod of

PCT/ FI 93/ 00192, it w,ll ~he h ful ~ato first, st and sone prior ar f
the Kal man Filteri n\g,]\é?‘f{PB t—‘hg@)‘ tkﬁﬁft&i t"ezktwgﬁperi nmental Nuneri cal b“?
Weat her Prediction (NW) systens. _sAs preyy elsly, they al so make use of
equation (1): Measurenment EqddkiRBpH; {8 rfl = H err]--dpstimation agcypacy) |
(l'ineari zed regression) where state vector s[err] describes the state of
the atnosphere at tinme t. Now, s[err] usually represents all gridpoint
val ues of atwbergheric variables e.g. the geopotential heights (actually,
their departure valugs fromethe actual val ues esti nat one nepaps) of
di fferent pressure | &geTs® Sp.q +°8 LS| ?W¥ "forecasting”)

P, = Cow(§,) = A Cov(s, ;) A" + Q (15)

but instead of

K, = P, B, (&, P, H, + R)’! ...(Kalman Gain matrix)

the FKF method of PCT/FI93/00192 takes
A . _1
Kt = Cov(st) Ht Rt (16)

The Augmented Model approach is superior to the use of the
conventional Kalman recursions for a large vector of inmput data ¥y, because
the computation of tlxe Kalman Gain matrix K, requires the huge matrix
inversion when Cov(st) is unknown. Both methods arc algebraically and
statistically equivalent but certainly not numerically.

However, the Augmented Model formulae are still too difficult to be
bandled numerically. This is, firstly, because szare vector s, consists a
large amount (=m) of gridpoint data for a realistic representation of the
atmosphere. Secondly, there are many other state parameters that must be
included in the state vector for a realistic NWP system. These are first
of all related to systematic (calibration) errors of observing systems as
well as to the so-called physical parameterization schemes of small scale

atmospheric processes.

The calibration problems are overcome in PCT/FI93/00192 by using the
method of decoupling states. It is done by performing the following
Partitioning:



The dynami cs of the atnosphere is governed by a well-known set of parti al
differential equations ("primtive" equations). By using e.g. the tangent

| i near approxi mati on of the NWP nodel the foll owing expression of equation
(*2) is obtained for the time evolution of state paraneters s[err]

(actually, twopwmheparture values from a "trajectory" RCT/RINO6Hpace
of state paraneters generated with the nonlinear NW nodel) at a tinme step:
St at e Equati on: s[err] = A s[erg] + Bu[err] + a[err] ..(the

di scretized dyn-stoch. nodel) The four-dinensional data assimlation results
(s[err]) and the NWP forecasts [err] respectively, are obtained fromthe
Kal man Filter systemas follows: [err] (12) [err] WO 97/ 18442

PCT/ FI 96/ 00621 6 where _t,[l rr] Vi1 Xt,l X gt,l
s=lp | »=[ft2| H= t,2 71,2
. ct’K . ’ ‘X (.;
t t,K t. KX t.K
and (17
A1 *t.1
=1, and, B =y
A ALk S
t,c t,C

where c, typically represents “calibration” parameters at time t
bt,k values of atmospheric palfameters at gridpoint k (k=1,...X)
A state transition matrix at time t (submatrices Al,...,AK,Ac)
B control gain matrix (submatrices Bl""’BK’Bc)’

Consequently, the following gigantic Regression Analysis problem was faced:

~ Yt ,1 X 1 ;Gt,l~ LT ]
A TByU =) T bia|¥|A1(5015e1) 8 |UB)

A Yt,2 X2 EGt,z : A St,2
A8y +Byu P T bx| |A205t15c1) ,

| R o i

~“Jt,xX gXt,K;Gt,K ~ %K
AgSy.1+Bgu P AR (S-175¢-1)Bp, o
4eSi-1TBe®g] | P _Ac(st-l'st-l)"‘ct

The Fast Kalman Filter (FKF) formulac for the recursion step at any
time point t were as follows:

o A |
> — ? -1 ? V'l . =
"t,k"{ t,k t,kxt,k} ex¥e,k OrxrOupt)  for k=12..K

. X ., 1 K .,
% ={k£ oGt,th,th,k} ki oGt,th,kyt,k

(19)



[err] [err] and the crucial Updating conmputations are perfornmed with the
fall ow ng Kal man Recursion: [err] [err] The matrix inversion needed here
for the conputation of the Kalman Gain matrix is overwhelmngly difficult
t-0 conmpute for _a real NWP system because the data assimlation _system nust
be be able to WPed#44Zeveral nillion data el ements at a tine. PEFFI9§/00621
Gal - Chen reported on this problemin 1988 as follows: "There is hope that
t he devel opnents of massively parallel sugtrconputers (e.g., 1000 desktop
CRAYs working in tandem could result in algorithms nmuch «closer to
optimal ...", see "Report of the Critical Review Panel - Lower
Tropospher i C yhepl | forNE=PYHNPOgI UM Needs and Technol ogi es”, Bulletin of the
Anmerican Meteorol ogi cal “Syci’efy, Vol. 71, No. 5, May 1990, page 684. The
met hod of PCT/ 3/0 2 plgi t he gRenNt &)fb -1approach from
equation (8): I[:grk]_%e,k&' xt,kixt,k t,k ,kF t,lc{ig} F

t,k

Vt - Cov(et,k) X
* COV{Ak(St_l-St_l)-ab

y
yt,k'_‘[ A ok ]

Ays, g + Byu g

t,k

Xl = -ﬁ.’.!‘-
’k | I -I

[ G,y

Gt,k= — t_ ?_-I

and, i.e. for k=0,
R,o= V!
,0 t,0
Vt ’0= COV Ac(st_rst_l)-act}
yt,0= Acst-1+B cUt-1
G

t,0= I

The data assimilation accuracies were obtained from equation (20) as

follows:
Cov(s) = c«:v(ﬁt’l,.-..,ﬁtx,ét) (20)
= |C;+D,SD} D;SD; .. D;SDy  -D;S
D,SDj  C,+D,SD; D,SD;  -D,S
DI:(SDi Dy SD;, Cy +DySDy DKS
-SD; -sD; .. -SDg s




I.e. The following two sets of equations are obtained for Updating

pw poses: ‘[err] [err] or, [err] WO 97/ 18442

PCT/ F 96/ 00621 7 and, [err] where, [err] but instead of [err] the FKF
net hod of PCT/FI93/00192 takes [err] The Augnmented Model approach is
superior towddassgdse of the PCT/Fi96/00621

10

-1
- > -1 -
where Ck = {Xt,k t,kXt,k} for k=1,2,...K

1
_ [ V- > -1 _
D, = {Xt, Vt,kXt,k} 1 Vi Gy for k=12,...%

X ., -1
§ = {kioGt,th,th,k}

Kalman Filter (KF) studies have also been reported c.g. by Stephen E.
Cohn and David F. Parrish (1991): "The Behavior of Forecast Error
Covariances for a Xalman Filter in Two Dimensions”, Monthly Weather Review
of the American Meteorological Society, Vol. 119, pp. 1757-1785. However,
the ideal Kalman Filter systems described in all such reports is still out
of reach for Four Dimensions (i.e. space and time). A reliable estimation
and inversion of the error covariance matrix of the state parameters is
required as Dr. Heikki Jarvinen of the Buropean Centre for Medivm-range
Weather Forecasts (ECMWF) states: "In meteorology, the dimension (=m) of
the state parameter vector s, may be 100,000 - 10,000,000. This makes it
impossible in practice to exactly handle the error covariance matrix.”,
see "Meteorological Data Assimilation as a Variational Problem”, Report
No. 43 (1995), Department of Meteorology, University of Helsinki, page 10.
Dr. Adrian Simmons of ECMWF confirmes that “the basic approach of Kalman
Filtering is well established theoreticaily, but. the computational
requirement remders a full implementation intractable.”, see ECMWF
Newsletter Number 69 (Spring 1995), page 12.

The Fast Kalman Filtering (FKF) formulas known from PCT/FI90/00122
and PCT/FI93/00192 make use of the assumption that error covariance matrix
v, in equations (9) and (13), respectively, is block-diagonal. Please see
the FKF formula (19) where these diagonal blocks are written out as:

V - Cov(et’k)
t P
? Cov{A (s, _{-5,_1)-8
It is clear especially for the case of adaptive Kalman Filtering (and the
4-dimensional data-assimilation) that the estimates of consecutive state
parameter vectors S, ;. 5, » S;_3, ... are cross- and auto-correlated.



conventional Kalman recursions for a large vector of input data y[err]
because the conputation of the Kalman Gain matrix Klerr] requires the huge
matri x inversion when Cov([err]) is unknown. Both nethods are al gebraically
and statistically equivalent but certainly not nunerically. However, the
Augnent ed Modavo 92l ae are still too difficult to be handl XETAReOLE2Eal | y.
This is, firstly, because state vector s[err] consists a |arge. anount (=m
of gridpoint data for a realistic represeptation of the atnosphere. :
Secondly, there are nmany other state paraneters that nust be included in
the state vectolTRGf Sxk@h! fldd MYFericiling” thEh‘iS%ﬁci?ie% bF" e as@!Kathifahat ed
to systenati .é@gll |on2épg‘£ra€)rs?£ observi ng ﬁaﬁs ens as wel|l as to the
so-cal | ed ph\g’é $ f ofdaptivg nBalman” Fijtenng (S el or
processes. Thettecalcomputationalpr spebd,srediability.cr sczoracy) B6dI/ B33/ EHMeAB behatsi ng
the method cfngieqiiiah " iiiRieChothdds' Safl 00 Phe PRVEAEE Ridetiod® 16°'dn0 kil

Partiti ' : / 1844
pac-rr/ ;:| Igg?loggvfiy of \ﬁgn ¢ g the error covariances will be disclosed herein.

Summary of the Invention

These needs are substantially met by provision of the adaptive Fast
Kalman Filtering (FKF) method for calibrating/adjusting various parameters
of the dynamic system in real-time or in near real-time. Both the
measurement and the system errors are whitened and partially orthogonalized
as described in this specification. The FKF computations are made as close
to the optimal Kalman Filter as needed under the observability and
controllability conditions. The estimated error variances and covariances
provide a tool for monitoring the filter stability.

Best Mode for Carrying out the Invention

We rewrite the linearized Measurement (or observation) equation:
Y = ]-It 5, +F3tr Ct + e - @2)

where e, now represents “white” mnoise that correlates with neither ST
€p>-- WOT 8 4, S 5s... WOr R, B _;, 8 5,.... Matrix H is still the
same design matrix as before that stemms from the partial derivatives of
the physical dependencies between measurements y, and state parameters S;>
please see Partitioning (11) on page 3 (the old block-diagonality
assumption for matrices A and B is no lomger valid). Matrix F)t' describes
how the systematic errors of the measurements depend on the calibration or
“calibration type” parameters, vector Ct, that are constants in time or
vary only slowly. The columns of matrices F¥’ F¥-1’ F¥_2,... represent

partial derivatives, wave forms like sinusoids, square waves, “hat”
functions, etc. and empirical orthogonal functions (EOF) depending on what
is known about physical dependencies, regression and autoregression (AR)
the systematic errors of the measurements. Elements of estimated vector ét
will then determine amplitades of the “red” noise factors. Let us refer to
quite similar Augmented Model for a moving time volume for ”whitening”
observed "innovations” sequences of measurements, on the bottom of page 4.



g [err] and (17) [err] where clerr]
typically represents "calibration" paraneters at time t b[err] val ues of

at nospheric paraneters at gridpoint k (k= 1,...K) A state transition matrix
ai time t (submatrices Alerr],....,Alerr],Alerr]) B control gain matrix
(submatricesyR) @iilgdaz- - - . Blerr],Blerr]). Consequently, the fdQrdA6Hg621
giganti c Regression Analysis problemwas faced: [err] The Fast Kal man
Filter (FKF) formulae for the recursion ghep at any tine point t were as
follows: [err] [err] [err] WO 97/ 18442

PCT/ FI 96/ 00621

Similarly, we rewrite the linearized System (or state) equation:
= $
s, = (A, +dA)s,_; +B u_ +FC +a 22)

where a8, DOW represents "white” mnoise that correlates with neither €,
€.1> €.2»-- BOT S 4, 5y 5. WOT & ;, By ,,.... Matrix A is still
the same state transition matrix that stemms from the partial derivatives
of the physical dependencies between states s, and previous states S¢.1°
Matrix Ff describes how the systematic errors of the dynamical model (e.g.
NWP) depend on the calibration or “calibration type” parameters, vector
Ct, that are constants in time or vary only slowly. The columms of
matrices F:, F:-l’ F:_z,... represent partial derivatives, wave forms

like sinusoids, square waves, “hat” functions, etc. and empirical
orthogonal functions (EOF) depending on what is known about physical
dependencies, regression and autoregression (AR) of the systematic errors
of the model. Elements of estimated vector ét will then determine

amplitudes of the "red” noise factors.

Matrix dA, tells how systematic state transition errors of the
dynamical (NWP) model depend on prevailing (weather) conditions. If they
arc unknown but vary only slowly an adjustment is done by moving averaging
(MA) in conjunction with the FKF method as described next. The impact is
obtained from System equation (22) and is rewritten as follows:

dA, s, =

= [sll(mxm),szl(mxm)',...,sml(mm)] [dan,dam,...,daml,dalz, ...,damm]

=M, @3)

where M, ; is a matrix composed of m diagonal matrices of size mxm,
§1» 895 ... 8, are the m scalar elements of state vector 5.1
r is the column vector of all the mxm elements of matrix dAt.

Please note that equation (23) reverses the order of multiplication which
now makes it possible to estimate elements of matrix dA; as ordinary
regression parameters.



9 where, for k=1,2,...,K [err] [err] [err] [err] and, i.e. for k=0, [err]
[err] [err] [err] The data assimlation accuracies were obtained from
equation (20) as follows: [err] [err] WO 97/ 18442

PCT/ F1 96/ 00621

WO 97/18442 | PCT/F196/00621

13

Consequently, the following gigantic Regression Analysis problem is faced:
Augmented Model for a moving time volume: (i.e. for whitening innovations
sequences of residuals e, and a, for a moving sample of length L):

- y - - -

~ T “’t; ;F§ 1[3¢ - &

As, ;+Bu,  [=] T Fr  Megfisea |t éfs...t:!:.?.!.'?._).'_."..
: M y :

- Te-1 ;“t-l; ;Fg-l - €-.1
Asgg¥Buy 1 | i T R ‘“’t-2"t-2..’_..‘. 81

. . —m . amae . -_._ o . oae aan Lct 4 i ot v o e ¢ e em e m———

y
. Yt-L+) ;“t-L+tgF§-L+1 : , S -L+1

As tBu, Sl R aMy AGy-8,1) "8 4
AC, | +Bu : 1 ' AC, C. ;)-8
L -1 €yl { ] [ €i.1Ce.1? < ]

(24)
Please note that the matrix equation above has a “nested” Block-Angular
structure. There can be three types of different “calibration” parameters.
The first type, Cpr is imbedded in the data of each time step t. Two other
types are represented by vector Ct. The first set of thesc parameters, i.e.
r,, is used for correcting gross errors in the state tranmsition matrices.
The second set is used for the whitening and the partial ortogonalization
of the errors of the measurements anmd the system (i.e. for block-
diagonalization of covariance matrices). The last two sets of parameters
have more or less constant values over the long moving time window and make
the Kalman filtering process an adaptive one.

It should also be noted that matrix M canpot take its full size (mxm)
as indicated in equation (23). This is because .the observability condition
will become unsatisfied as there would too many unknowm quantities. Thus,
matrix M must be effectively “compressed” to represent omly those elements
of matrix A, which relate to serious tramsition errors only. Such
transitions arc found by e.g. using so-called maximum correlation methods.
In fact, sporadic and slowly migrating patterns may develop in the space of
state parameter vectors. These are small-scale phenomena, typically, and
they cannot be adequately described by the state transition matrices
derived from the model cquations only. In order to maintain the filter
stability, all the estimated elements of matrix dA are kept observable in
the moving averaging (MA) of measurements e.g. by monitoring their

estimated covariances in equation (20).

is Sheet Has Been Reraoed

sussrirure szt cuezs) [T




10 where [err] ' for k=1,2,...,K

[err] [err] Kalman Filter (KF) studies have al so been reported e.g. by

St ephen E. Cohn and David F. Parrish (1991): "The Behavi or of Forecast

Error Covariances for a Kalman Filter in Two Di nensions”, Monthly Wat her

Revi ew of thgy @g:ﬁf gagAn Meteorol ogi cal Society, Vol. 119, pp.PCIBTA0¢AS5,

However, the 1deal Kalman Filter systens descri bed in all such reports is

still out of reach for Four Dinensions (i,e. space and tine). Areliable

estimati on and inversion of the error cob"arlance matrix of the state

paranmeters is required as Dr. Hei kki Jarvinen of the European Centre for

Medi um range \\egih t (m findes Wifddve Yof length L

di mension (=m t aéﬁfo{{a e pg%lgér?e er vgéﬁ)lg&s fglt ?‘] may be 100, ooogt-

10, 000, 000. atTkime peoiRed ?11° ﬁhﬁb allo®s; , practice to exactly handl e the

error covari ance tI;IX )%/gz ologl al nData Assimlation as a

Variational Prh IX _h@taﬁﬁl El-o g:ri m)r ar t denf=8i1.%et-derlol ogy,

Unl versity of FHel I, Adrian Si mmns of ECMAF confi r% t hat
"the basic appr oagq of Kal man Fi I}.@rlng [ s wel | established

t heoretically,¢ tx C at iBn&3’ Y.
I=OIG§-IRt-ﬁPl1I il R, -

where, for {=0,1,2,...,L-1,
-1 '
-1 ’ -1 3 -1
R~ Vt-l{I - Xt-l{Xt-I t-lXt-l} Xt-IVt-l}

COV(et_ l)

t- Cov{At_z(St-;-1'st-l-l)°at-l}

_ Ye-1
Jerm ly & 4B, u
t-d St1-1 T Bt B

X ”';":'l ]

- Fy
G = t-1
t-l 4 F:_l Mt‘l‘

and, i.e. for I=1L,
Rt~L= Vt-L
VL= Cov Ac(ct-l'ct-l)'act}
yt-L= Acct + Bc“ct 1
G =1

It may sometimes be nccessary to Shape Filter some of the error terms
for the sake of optimality. If this is dome then the idgntity (I) matrices
would disappear from the FKF formulas and have to be properly replaced

accordingly.



requirenent renders a full inplenentation intractable."” see ECM\F

News| etter Nunmber 69 (Spring 1995), page 12. The Fast Kalman Filtering
(FKF)- formul as known from PCT/ FI 90/ 00122 and PCT/ FI 93/ 00192 nake use of the
assunption that error covariance matrix V[err] in equations (9) and (13),
respectively, WQ9HI8ek- di agonal . Pl ease see the FKF fornul a (BOYFI§6H

t hese di agonal blocks are witten out as: [err] It is clear especially for

the case of adaptive Kalman Filtering (ant$ t he 4-di mensi onal
data-assimlation) that the estimates of consecutive state paraneter

vectors sferr], ,ﬂlerm& sl[lgrr ..., are cross-_and auto-correlated. WO
97/ 18442 F ulas ’ glven here and in PCT/FI90/00122F@ﬂ/ E@Emmp_@l

There exi stsare rbmsed f on akel rasdummohhethprl efop| eovadiantd) e nlatbiéesKadrg block-

E:altzgl ggm()tljfha ."[3% a;bd%ﬁ abi cécihlrgg;/‘?vﬂg QIAKFOIS‘Y“&T'@H@@““? han

ot her Kal man® oty GXn Q%nedTHB fail, cdtiee do nparinyy  pbservabilitya end
controlabﬂ:ty problems as computational restrictions prohibit window
length L from being taken long enough. Fortunately, by using the FKF
formulas, the time window can be taken so long that am imitialization or
temporal training sequences of the filter may become completely redundant.

Various formulas for fast adaptive Kalman Filtering can derived from
the Normal Equation system of the gigantic linearized regression equation
(24) by different recursive uses of Frobenius’® formula:

[A B]'l _ [A'+A"'BHICA! _A-1BH?! 26
C D _HICA-! H! @0
where H = D - CA'IB. The formulas (20) and (25) as well as any other FKF

type of formulas obtained from Frobenius® formula (26) are pursuant to the
invented method.

For example, there are effective computational methods for inverting
symmetric  band-diagonal matrices. The error covariance matrices of
numerical weather forecasts are typically band-diaﬁonal. We can proceed
directly from equation system (8) without merging = state parameters s into
the observational blocks of the gigantic Regression Analysis problem (18).
Their error covariance matrix can then be inverted as one large biock and a
recursive use of Frobenius’ formula leads to FKF formulas similar to
formulas (25). '

All the matrices to be inverted for solution of the gigantic
Regression Analysis models are kept small emough by exploiting the reported
semi-analytical computational methods. The preferred embodiment of the
invention is shown in Fig. 1 and will be described below:



way of handling the error covariances will be disclosed herein. Sunmary of
the I nvention These needs are substantially net by provision of the
adaptive Fast Kalman Filtering (FKF) nmethod for calibrating/adjusting
various paraneters of the dynamic systemin real-tinme or in near real-tine.
Both t he nmeaswysémigliqzand the systemerrors are whitened and parrridsiopss:
orthogonal i zed as described in this specification. The FKF conputations are
made as close to the optimal Kal man Fil teg as needed under the
observability and controllability conditi % The estimated error variances
and covariances provide a tool for nmonitoring the filter stability. Best
Mode for Carrying out the Invention W rewite the |inearized Measurenent
(or observati on)Aequrcrnawgau[uerha};ed/vlmra abmbodpk rm/ ﬂﬂprmﬂmns tMlM&hMl se

that correl gfgesy | EREfin r [,Lg rg]ml alized"O"
alerr], a[e;glt % égl d nmatrlx
as before t f i‘%‘?ﬂ‘lﬂw Hn& t"l"%’ W’c"ﬁ'é ‘iﬂ%c prises
dependenci esambeintegratede asenserye remote] esen]snrgnd dataat propessinget and ﬁfansmissxon
D e o (A ol “>sag_j;;§9ﬁ§w; AP s i
descri bes ©ptionally, an o e~ e database wnmit
on the notebook PC contains updated information on control (4) and
performance aspects of the various subsystems as well as auxiliary
information such as geographical maps. Based upon all these inputs, the
logic unit (1) provides real-time 3-dimensional visvalizations (5) on what
is going on by using the FKF recursions for equation system (24) and om
what will take place in the nearest future by using the predictions from
equations (15). Dependable accuracy information is also provided when the
well-known stability conditions of optimal Kalman filtering are be met by
the observing system (3). These ecrror variances and covariamces are
computed by using equations (15) and (20). The centralized data processing
system (3) provides estimates of State Transition Matrix A for each time
step t. These matrices are then adjusted locally (1) to take imto account
all observed small-scale transitions that occur in the atmospheric/oceanic
environment (see for example Cotton, Thompson & Mielke, 1994: "Real-Time
Mesoscale Prediction on  Workstations”, Bulletin of the American
Meteorological Society, Vol. 75, Number 3, March 1994, pp. 349-362).

Those skilled in the art will appreciate that many variations could
be practiced with respect to the above described invention without
departing from the spirit of the invention. Therefore, it should be
understood that the scope of the invention should not be considered as
limited to the specific embodiment described, except in so far as the
claims may specifically include such limitations.



how the systematic errors of the neasurenments depend on the calibration or
"calibration type" paraneters, vector (CJerr], that are constants in tinme or
vary only slowy. The colums of matrices Flerr], Flerr], Flerr]

represent partial derivatives, wave fornms |ike sinusoids, square waves,
"hat" functi oM¥OY%t8842 and enpirical orthogonal functions (ECPCTAABOMRE ng on
what is known about physical dependencies, regression and autoregression
(AR) the systematic errors of the neasurelients. Elenents of estinated
vector CJerr] will then determ ne anplitudes of the "red" noise factors.

Let us refer tg guite sim | ar Augnented Model for a nmoving tinme volune for
"whi t eni ng" "I nnovations" sequences of neasurenents, on the bottom

of page 4. WO 97/ 18442
PCT/ FI 96/ 006@} 1RalntgH, ! Qi' VE1960) | 18 Tplw |i15i‘>?@ichzqg Sl Melifkin Cg

Wth nelt horPEpiHpy piobler ?T“@qserf{fﬂﬁef of Bpsie finer 8245487 . o s
alerr] - aerr], : Matrlx is still
2) Lange, A, A. (1982). "Multipath propagation of VLF Omega signals”.
IEEE PLANS °’82 - Position Location and Navigation Symposium Record,
December 1982, 302-309.

(3) Lange, A. A. (1984): "Integration, calibration and intercomparison of
windfinding devices”. WMO Instruments and Observing Methods Report No. 15.

(4) Lange, A. A. (1988a): "A high-pass filter for optimum calibration of
observing systems with applications”. Simulation and Optimization of Large
Systems, edited by A. J. Osiadacz, Oxford University Press/Clarendon
Press, Oxford, 1988, 311-327.

(5) Lange, A. A. (1988b): "Determination of the radiosonde biases by
using satellite radiance measurements”. WMO Instruments and Observing
Methods Report No. 33, 201-206.

(6) Lange, A. A. (1990): "Apparatus and method for calibrating a sensor
system”. Intermational Application Published under the Patent Cooperation
Treaty (PCT), World Intellectnal Property Organization, Internatiomal
Bureau, WO 90/13794, PCT/FI90/00122, 15 November 1990.

(7) Lange, A. A. (1993): "Method for Fast Kalman Filtering in large
dynamic systems”. International Application Published under the Patent
Cooperation  Treaty (PCT), World Intellectnal Property Organization,
International Bureau, WO 93/22625, PCT/FI193/00192, 11 November 1993,

(8) Lange, A. A. (1994): “"A surface-based hybrid upper-air sounding
system”. WMO Instruments and Observing Methods Report No. 57, 175-177.



the sane state transition matrix that stenms from the partial derivatives

of .t he physi cal dependenci es bet and previous states
s[err]. Matrix F[err] describes mmmllﬂnE mnc errors of the dynam cal
model (e.g. NWP) depend on the cali btatfor! or® "¢alibration type"
paranmeters, vector Clerr], that are constants in tine or vary only slowy.

 The col unms O¥ORUts#dces F[err], Flerr], Flerr],... represeifil/iioeez|
derivatives, wave fornms |like si nufﬁl ds, square waves, "hat"
functions, etc. and enpirical ogonal functions (EOF) depending on

what is known about physical dependencies, regression and autoregression
(AR) of the systematic errors of the . Elenents of estimated

vect or err] wll _then determne 5‘% udes of the "red" noise factors.
Matrix dyfhat geclaimedidsy systemmtic state transition errors of the
dynani cal 1.( I\MR) migtkibdl fare pdjusting) modey dindi cibruan pargmetersdof iz0Barge | densdiey

(T o uncﬁ@% B vk il aﬂ"‘%?éh“ﬁé%gi"cﬂs g @ﬁ%‘%’%‘%@%ﬁg' "
obt ai ned m $H8eF; | SHPRL 2 PRits | Broviding, ; & aé“f JPSPonRe & SEid[ of ]
(23) external events and where the number of s:mlﬂtaneously processed semsor output
signal values is in excess of 50, the method comprising the steps of:
a) providing a data base unit for storing information on:
- a plurality of test point semsor output signal values for some of
said sensors and a plurality of values for said externmal events
corresponding to said test point sensor output signal values, or
simultaneous time series of said output signal values from adjacent
sensors for comparison;
- said semsor output signal values accompanied with values for said
model and calibration paramecters and values for said extcrmal cvents
corresponding to a situation; and,
- controls of said sensors and changes in said external events
corresponding to a mew situation;
b) providing a logic unit for accessing said sensor signal output
values with said model and calibration parameters, said logic wunit
having a two-way communications link to said data base umit, and
computing initial values for unknown model and calibration parameters
with accuracy estimates by using Lange’s High-pass Filter as required;
¢) providing said semsor output signal values from said semsors, as
available, to said logic unit;
d) providing information on said controls and changes to said
data base unit;
€) accessing current values of said model and calibration parameters
and eclements of a state transition matrix, and computing by using the
Fast Kalman Filter (FKF) formulas obtained from Lange’s sparse-matrix
inversion formula, in said logic umit, updates of said model and
calibration - parameters, values of said extermal events and their
accuracies corresponding to said mew situation;
) controlling stability of said Kalman filtering by monitoring said
accuracy ecstimates, in said logic wnit, and by indicating need for new
test point data, comparisons or system reconfiguration;
g) adjusting those of said model and calibration parameter values for
which stable updates are available. e

“‘i?li‘iiﬁ e




where Merr] is a matri x conposed of m diagonal matrices of size nxm
s[err], s[err],.... s[err] are the mscalar elenents of state vector
s[err}, r[err] is the colum vector of all the mkxmelenents of matrix dAt.
Pl-ease note that equation (23) reverses the order of nulplication which now
makes it possi stimate elenments of matrix dAt as ordin si on
par anet erg. R'k)§7é84r'1"§equent ly, the follow ng gigantic Regresglaé'ﬁ{g%ﬁéf?isi S
problemis faced: Augnmented Model for a noving tine volune: (i.e. for
whi t eni ng i nnovati ons sequences of residlial s e[err] and af[err] for a noving
sanple of length L): [err] (24) Please note that the matri x equati on above
has a "nested" Bl ock-Angular structure. There can be three types of
different "calibration" paranmeters. The first type, c[err], is inbedded in

- the data of each tine step t. Two other types are represebdled by vector
Clerr]. Thegfy.rst set of these parameters is [CONTROL INPUT]

erE— : (2):
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uged for the whitening and the partial ortogonali zation of the errors gi*ag
t he measurenents and of the system (i.e. for bl ock-di agonal | Zat gl of the
error:covariance matri x). The second set, i.e. r[err], is usedEnBg> PER

chrrecti Ng grossPETors in wirbemrdisdtude rRoPERTSORCAAZATIONBL I'| CESK e Al.é&éxes
twd sets of paraneters have nore or ™FRELH BEASt ant val ues over cerere
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(mxnferf]) qds |lgﬁbcated in equation 2%) I's 1's because the observability
conditipn w IP econme unsati sfied as |t her«s) ivetphtibndd Bubliaion Waery U N koD BW1997 (22.05.97)
quantit[es— Thus, nmarrix MerT] most pe-effectivery“conpressed —to .

r epr esen@n brgnatiink] dgelicadncNvmbirs  Of  ROAIFII6/00624\] elmes‘é?h}ﬁggﬁa grer;. %r%l?atﬂd A%g&sgg ﬁﬁé’
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{57) Abstract

The invention is based on the use of the principles of Lange’s Fast Kalman Filtering (FKF™) for large process control, prediction
or waming systems where other computing methods are ejther too slow or fail because of truncation errors. The invented method makes it
possible to exploit the FKF method for adaptive Kalman Filtering of dynamic multiparameter systems with large moving data-windows,




V\l) 97/ 18442 o ' se ecee ‘) . . oo'.
P(";T/ FI 96/ 00621 14 The F Kal man Flj t'e|: (FKF_) fo-rm.ll aewPorsa tI'fIQ‘V\A mdow
of. length L-at time point t are therg as3fol |pyse,Jerr] M‘legg‘ for,,* ¢
=0, 1, 2, ,L-1, [err] and, i.e. for |I=L, Rerr] -V[err] [err] 1"t may

sonet i rres“p? 9@/:1? %\ry to Shape Filter some of the error terl’ﬁ:-fﬁflgém6§ilke

of optimall IS 1S donetheniheldentlty(l) matrices woul d
di sappear fromthe FKE fornul as_ and haveto be roperly re ced
accofﬁ, ngly. . METHOD FOR ADAPITVE KAL IAN FIDTERING

IN DYNAMIC SYSTEMS

Technical Field

This invention relates generally to .a11 practical applications - of
Kalman filtering and more particularly to controlling dynamic systems
with a need for fast and reliable adaptation to circumstances.

_Backg_roimd Art

Prior to. explaining the invention, it is helpful to understand  first
. the pr'ior' art of conventional Kalman recursions as well as the Fast Kalman
Filtering (FKF) method for both calibrating a semsor system PCT/FI90/00122
- (WO 90/13794) and controllmg a large dynamic system PCT/FI93/00192
(WO 93/22625).

The underlying Markov (finite memory) process is described by the
-equations from (1) to (3). The first equation ‘tells how a measurement
vector y, depends on a state vector s, ‘at time point t, (t=0,1,2...).
This is the linearized Measurement (or observation) equation:
oy, =Hs +e | (1)
Matrix H, is the des1gn (Jacoblan) matnx that stems from the partial
derivatives of actual physical dependencies. The second equation- describes
the time evolution of the overall system and it is known as the linearized
. ' System- (or statg) equation:
+ B u_ +a )

Sp = A Sty

Matrix A, is the state tramsition (Jacobian) matrix and B, is the control
gain (Jacobian) matrix. Equation (2) tells how present state S of the
overall system develops _from _previous state S 1 control/external forcing

W,y and random error -at"' ‘effects. When measurement errors e, and system

errors a, are neither auto- -(i.e. white' noise) nor cross-correlated and

are given by the following covariance matrices:

Qt = COV(at = -E(atat,)
' " and _ - 3)
wieer - - R = Cov(e,) = E(ee,’ i -
AMENDED SHEET v € €t REPLACEMENT SHEET
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T'he FKF formul as given re and in PG‘I’/-I5F90/D0322 «and / FF93/ 0192 are
based ‘on the assunption that error cqvarl-ance ‘mad riscds ale bfock- 'd:agonal
Ai],-terrpts to solve all parameters Clerr] with %"fe ‘Convent!bnat® Kal man *
fecursions from(4) to (6) doomed to fail, due to serious obsBFVEBPIGRY and
controlability problens as conputati or?’a restrictions prohibit w ndow
l.ength L from being taken | ong enough. Fortunately, by using the FKF
fornul as, the tinme wi ndow can be taken so long that an initialization or

tenporal i HhBOrSROC KRR Srard! HcatsiRY fRRRASE £6RP k) abY (6) e

Various fornul as ast adapt lve li%!ﬁ? ter| ng can der| ¥ fr

Nor mal Eqipgst é-r%ngay"sp a3ed EiIgRte (R |5ne PLesEnt st¥e i Hh ‘@gﬂ’iﬁ i on (24)
by different recutrsive, uses qf Frobeniu fo Ia* e wherg H =D -
CX\[err] B. The forfmlad Sex g’dﬁ(‘éﬁl as% y-[lot PKE?} ype of @

formul as obtai ned from Frobeni-us' formula (26) are pursuant to the invent ed
met hod. Fand ahan@\@namnermamxe oéfltSeestumetmmrqurat aa)ﬁelﬂowm hods for -

i nverting .
P Cov(st) E{(st st)(st 5,) } AtPt 1A QK H (At t-1 AL+Q) (5)
where the Kalman gam matrix X, is defined by - |
. — ’ s ’ ) -1 . .
K, = (AP, 1A} + Qt) H, {HAP, 1A + QE; + R} ©)

This recursive linear solution is (locally) optimal. The stability of
the Kalman Filter (KF) requires that the observability and controlability'
conditions must also be satisfied (Kalman, 1960). However, equation '(6)
too often requires an overly large matrix to be inverted. ‘Number n of the
rows (and columns) of the matrix is as large as there are eclements in
maasurement' vector y.. A large n is needed for making the observability
and controlability conditions satisfied. This is the problem sorted out by
the discoveries reported here and in PCT/FI90/00122 and PCT/FI93/00192.

The following modified form of the State equation has been introduced
Ay s,y +Bou = Is + A(s. -89 -3, .- (D

. and combined with the Measurement equation (1) in order to obtain the
so-called - ‘Augmented Model:- : :

Y H, : €
= s+ | o~ ] ®)
Atst 1By | [T A8 18¢.1)-8;
ez = Zys My

The &tate parameters can be estimatéd by using the 'well-known. solution of |
a Regression Analysis problem as follows: _ o
) — * "1 ’ 1 . . .

¢ = (ZV Z) ZV, 'z, ] | ) |

K
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sydmret ki ¢ band- di-agonal trices. The error covariggse matrices of
nuaeri ¢cal weat her foreca g; E;e cally band- di agonal . can proceed
directly. fromequation sygte 8¥¥yWThout mergi ng state paraneters s into

t e observational bl ocks of the_glgantlc Regr ession Anal ysis problem (18).
Their error covariance matrix can then be_inverted as one.large block and a
recursive use of Frobenius' fornula | ead$”to FKF fornulas simlar to

formulas (25). Al the nmatrices to be inverted for solution of the gigantic
Regr essi on Cans¢quentlymhe followingk gighntéeriR dgressiong A nalysis prelilémniy faoed:r eport ed

vent 1o ignefSd Miadel 15 s Mbvtiy g Gobis) béégﬂéﬁ‘gﬁm*%*@%?"f@ﬁ’ﬁ

PCT/ F1.96/ 04¢AREDEEs R sfeﬁéP#ﬁvﬂg%H%Ptlfa%é\jﬂ!ﬂY% saEPlo sk lergtbnkt perforns the

“functions of a Kalman filtering Ioglc unit (1) through exploiting the
general i zed Fagt, Kal mah —ﬂitberl ng (FKE)Feret hod. 1fMe oJefal] reteiver
concept conpsjgeBu, ¢ |=| 1 R, Mt-l 8,9 |* A(s! 18¢1) =8¢

R AT :Ht 1 ; {-1 '. : - %-1
As te2 +B“‘ -2 E 1 i ;Fl_] M‘.z ] !-L*l A(st.z" t.z) - 't'l
, I :
o TtoLa4t Heps: "; L+1 %L+
As, +Bu, 1 IF, 1.+|M -1 Ay g -8, ) -3y, L+1
LAct'! +38u c t_l‘ ! . f I . td(ct'l-ct'l) d 'C‘ J

(24)
Please note that the matrix equation above has a ”"mested” Block-Angular
structure. There can be three types of differeat “calibration” parameters.

The first type, Cys is imbedded in the data of sach time step t. Two other
types are represented by vector Ct. The first set of these parameters is
used for the whitening and the partial ortogonalization of the errors of
the measurements and of the system (i.e. for block-diagonalization of the
error covariance matrix). The second set, i.c. LY is used for cqrrecting
gross errors in the state transition matrices. The last two sets of
parameters have more or less constant values over the lomg moving time
window and make the Kalman filtering process an adaptive one.

It should also be noted that matrix M 1 . cannot take its full size
(mxm®) as indicated in ecquation (23). This is because the observability
condition will become unsatisfied as there would be too many unknown
quantities. Thus, matrix M' .y must be cffectively “compressed” to represent
only those eclements of matnx which are related to serious state
transition errors. Such transitions are found by e.g. using so-called
maximum correlation methods. In fact, sporadic and slowly migrating
patterns may develop im the space of state parameter vectors. These are
small-scale phenomena, typicaily, and they canpot be adequately described
by the state transition matrices derived from the modei equations only. In
order to maintain the filter stability, all the estimated elements of
matrix dA, are kept observable in the moving averaging (MA) of measurements

¢.g. by monitoring their estimated covariances in equation (20).
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an I ng egrat ed sensor, rermt e sen5| ng,s dat-a proces.s.l.ng i transm ggi Q..

system nati onal ' "at m)sp'her.l c/dcean Sprvi ge sands
tlonal I y tl cumumalll ml‘ GPS rece:| vef. The datdbdse lnit:(2) rapnigng on
* C

e not eboo contmi ns uwpdat ed i nformation Of c¢Sntrol® 14)*ehd perfornmance
aspects of the various subsystens as:)

& ;J:-,;I:- as auxiliary inf or?ﬁﬁff/ﬂéﬂooé@ch as-
dgeographi cal maps. Based upon al#4 (EBE : @EAIM he logic unit (1) provides
real -time Spdi ﬁ%maalfo&‘laﬂjﬁé thédel 4R calbven p%rmewrsqsf fléeﬂ%xngt the
recursi e . Pl & he
hear est futﬁ@% § #ﬁgi%h i odft sk 81M lepts SRR
accuracy | el’lglga SEROFi umhtstm) m S 41 365] ‘?I%SF to
condi tions s:ﬁdoextenmal Kabmsnandlwhermgharszrh&s mé'tmhyﬂtdmemiﬂyrpnmgsmcbt em

(3). These Qs UESH ﬁl%ﬁﬁ Qa‘fé'lbﬁ%?ﬂ‘& ﬁfe%né@% ngﬁsﬁwg ﬂ&%‘ﬁ@g@ﬁf‘at'ons

(ei-'[SI) rr:tngs(o §{§ ?gahf?{a f?}pé ﬁ}gsﬁ'ggﬁﬁlﬁ 3) provides

ep t. These matrices
are then adj ust@uraiyiq ;te(stwom SERSQT O%Wtaﬁé%@ﬂn‘%’a ues fopsemeeef sl | - scal e

tr ans: ti (c):gs t rmldcsensors and helatalityifevalués fensaid extermairemms ( IsD eedf or
exanpl e Cotto rediction
.on rrpW)r kst at 2%%13 %ﬁ ?:\gr?% l&%t pjtﬁﬂflsens%?fé%nhw% or oh (I:lﬂ 8l SO%I ety,
Vol . 75, Nunb 3¢ %ﬁu Signal values rom adjacen
sensors for companson -
- said sensor output signal values accompanied w1th values for sa1d
model and calibration parameters and values for said external events
. : corresponding to a situation; and,
- controls of said sensors and changes in sa1d external events
corresponding to a new situation;

b) providing a logic unit for accessing said sensor signal output
values with said model and calibration parameters, said logic unit
having a two-way communications link to said data base unit, and
computing initial values for unknown model and calibration parameters
with accuracy estimates by using Lange's High-pass Filter if required;

c¢) providing said sensor output signal values from said sensors, as
available, to said logic unit; '

d) providing information on said controls and changes to said data base

© unit; |

e) accessing current values of said model and calibration parameters

and elements of a state transition matrix, and computing by using the
@ Fast Kalman Filter (FKF) formulas obtained from Frobenius' inversion

formula (26) wherein the improvement comprises a diagonalization of

the error covariance matrix to be obtained by applying factors

F,F or M to Augmented Model (8), in said logic unit,

updates of said model and calibration parameters, values of said

external events and their accuracies correspondmg to sa1d new

_ situation;

f) controlling stability of said Kalman filtering by momtormg said
accuracy estimates, in said logic unit, and by indicating when there is
need for some of the following: more sensor output signal values,
test point data, sensor comparison or system reconfiguration;

‘g) adjusting those of said model and calibration parameter values for
which stable updates are available. THIS SHEET HAS BEEN

— — -3 REPLACED
This Sheet Has Been Reﬂ AMENDED SHEET '
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Those skil FedTmthe art—wit—appreciate that many vari ations coul d be

practiced w above descgi bed i nvent i QP r@j ;
fromthe splﬁllmﬁm;mmgﬂmil on. There %re, it shoulﬁ%&%mmg $L.§ET
t he scope of & | mvemtl oul d not be considered as limted to the

specific enbodi ment described, cAMENDEDCLAIMS the clains may
specifically include such limtdatrons. WO 977 18442

PCT/ FI 96/ 00621 17 (1) Kalman, R E. (1960): "A new approach to linear
filtering and prediction problens”. Trans. ASME J. of Basic Eng. 82: 35-45.

(2) Lange, A AAmdthedlior adijustimgtrhoded mridicalibratiorn pafiimusters ©fad SenddiEE
PLANS ' 82 - Position Location and Navi gation Synposi um Record, Decenber

1982, 308ystefn Gecompanied. with ($8itH)madelt dy agxternaltaévents iby addptive

i nt erconpari son of w ndfinding devices". WMO I'nstrunents and Qbservi ng
Met hods Rejman fitteririg, (e semger cutpat (RS Spnovidingisignats infrésponserto
optimum cal i bration of _ )
said external events and where the series of simultaneously processed
sensor output signal values are longer than 50 in total, the method

comprising the steps of:

a) providing a data base unit for storing information on:
- a plurality of test point sensor o'utput signal values for some of said |
sensors and a "p'lura!ity of values for said external events corresponding to
said test poi'nt sensor output signal values, or simultaneous time series of
- said output signal values from adjacent sensors for comparison; _ |
- said sensor output signal values accbmpanied with values for said model
and calibration parameters and values for said external events
corresponding to a situation; and, .
- controls of saiq_ sensors and changes in said external everité
corresponding to "a new situation, -
b) providing a logic unit for accessing said sensor signal output values with
said model and calibration parameters, said logic unit having a two-way
communications link to said data base unit, and computing initial values for
unknown model and calibration parameters with accuracy estimates by
using Lange's High-pass Filter of réference (4) of the description if required,
c) providing said sensor output signal values from ‘said sensors, as

available, to said logic unit,
d) providing information on said controls and changes to said data base unit,
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observi ng syﬁm m l" , gpations”. Simulation F?ﬁfd'\ L.zation of Large
Syst ens, editlt m " W"ﬂl adacz,19xford Uni VZR& éﬁdENjTBSHEET
Press, Oxford, 1988, #11$32%. (5) Lange, A. A (1988b): "Det erm nation of
t he radi-osonde bi ases by using satellite radi ance neasurenents”. WD

| nstrUnegy s cand b < )irBAt e 1SS0 RRY mitel EncBAIBRRod HardthEferdart

‘Appar at us¥an or calipbrating

(Pon " oifigntProf i stafle "HansHiGH & &gmiﬁﬁ*@uﬁ?ﬁféﬁéﬁmﬁhﬁf%s&
s R , Al . :
V\ll\ale'i9 gé?'ﬁ%ﬁngggﬂ%f%%piﬁﬁ@?h%u%%'thé Clﬁ imhag'? 2ms". Intfarnati)onal

Appl i catyher8ifpltheh aiprovement dithpiises> e ialgdtibljsalicr of theFhvariice’ |
. i‘* 0

I nt er nat’l on

Intellectual Property gani zat | ur eau,

) theh desdristforn e d

Report Napplying1fdetdrs -FY, F* or M to said augmented Model, in said logic unit,
updates of said model and calibration parameters, values of said external

events and their accuracies corresponding to said new situation,

controlling the stability of said Kalman filtering by monitoring said accuracy
estimates in said logic unit, and by indicating when there is need for some of
the following: more sensor output signal values, test point' data, sensor
comparison or system reconfiguration, and_

adjusting those of said model and -calibration parameter values for which
stable updates are available.

2. A method for adjusting model and calibration parameters of a sensor
system accompanied with said model by external events by adaptive

Kalman filtering, the sensor output units providing signals in response to

said external events and where the series of simultaneously processed
sensor output signal values are longer than 50 in-total, the method
" comprising the steps of:

) providing a data base unit for storing information on:

- a plurality of test point sensor output signal values for some of said

sensors and a plurality of values for said external events corresponding to

said test point sensor output signal values, or simultaneous time series of

said output signal values from adjacent sensors for comparison;
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18 AMENDED CLAI NS 1. A nmet hod for agé usting rmdeIj ang%Ecal i bration

f aA¥ed with sai d moREPHA :
gsrez;{n:t g;sagapﬂllwlﬂm”ruuﬁuﬂmm?ﬁgp t he sensor output units ?IEOW%SHEET
signals-in response to sai d®ext er nal events and where the ferl es of _
Coral, 1 oSt SRPSSCe0M ol V4GS SCe0Ripafie R, bal i Ror SR pidael

[or otor g | RoratioR paramachl . ahid Y yiubge (9! Nojaeplertt) P bvents

I AV anglir : 'd t oin ensar out put si gnal
S);It 5;2? COMESporidh aitugtion, 8id f sai dpout put signal values from
adj acent seqasitrolsor of 0SB | SeMsorsSAAdS EARgRY! Pt ShRIMext@in4S ey
val ues T ' i I it S [ dintsiuaio and
I f dinigel respon ; y o
\égn'ltj(razl Mi ppsai d external events correspondi ng
to a nevbyi t uproviding)a Hogic dinit for laRdessing! sid serEtSsighat BGpRvalues
si gnal output varoes wth :
with said model and calibration parameters, said logic unit having a two-way

ents

communications link to said data base unit, and computing initial values for
unknown model and calibration parameters with accuracy estimates by
using Lange's High-pass Filter of reference (4) of the description if required;
c) providing said sensor output signal values from said .sensors, as
available, to said logic unit;

d) providing information on said controls and changes to said data base
unit; o

e) accessing current values of said model and calibration parameteré and
elements of a state transition matrix, and computing by using the Fast
Kalman Filter (FKF) formulas obtained from Frobenius’ inversion Formula
(26):

P

A B]" [a'+ A'BH'CA! -A'BH]

= | - where H=D - CA"'B

C D | -H'CA" H'
wherein the improvement comprises a diagonalisation of the covariance

matrix of the residual errors of Augmented Model (8) of the description by
applying factors F?, F* or M to said Augmented Model , in said logic unit,

updates of said model and calibration parameters, values of said external

events and their accuracies corresponding to said new situatIon;
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sai d nodel and ca mm [) Bmers said logic unit having a two-way
communi cations |i ase unit, and co

for unknown nodel aﬁl %a' parameters with %PMQWENIGS%ET
u3|ng‘Lange s H gh-pass Filter of reference (4) of the description if

" equi T ecoorobirRy | stabRlityabf Sales Kalmanu I by SiEHonng said eenear .

as avai leb —sat-d

and changelimatesaindsatet I@éﬂ@%ﬁhlv Erd by mdlcatmg when there is need for some of
the following: more sensor output signal values, test point data, sensor

comparison or system reconfiguration; and

adjusting those of said model and calibration parameter values for which
stable updates are availabie.
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