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Abstract— This paper presents an enhanced robust predictor
for uncertain discrete-time systems. Besides uncertainties in
both state and output matrices, it is also permitted dynamic and
measurement noises to be correlated with unknown correlation
covariance. All uncertainties in the proposed model are time-
varying and supposed norm-bounded. The filter is obtained
minimizing an upper bound of the variance error estimation,
that is, the design leads to a guaranteed cost for all allowed
uncertainties. Simulation examples are provided to show the
performance of the enhanced estimator.

I. INTRODUCTION

One of the problems with the Kalman predictor is that
it may not be robust against modeling uncertainties. The
Kalman predictor algorithm is the optimal estimator for a
system without uncertainties. In the presence of uncertainties,
it is well known that the performance of the estimator is
degradated. If a estimator can handle with the uncertainty,
i.e., can be used with guaranteed performance for all possible
values for the uncertain parameter within a given set, it is
called robust estimator (see [1]-[4] and references therein).

The robust estimation problem has been subject of in-
tensive study and many uncertainty modeling and solution
directions have been considered along the literature for a
wide sort of systems. Robust filters for linear fractional
transformation (LFT) uncertain systems are proposed in [5].
A robust Kalman filter for descriptor systems using a deter-
ministic procedure is given in [6]. Robust filtering for bilinear
uncertain systems is developed in [7]. Filters for systems with
missing measurements are obtained in [8]. Another technique
used in robust estimation is the H,, estimation, where the
noise sources are signals with bounded energy or average
power. Although more robust than the Kalman estimator,
the H, estimator suffers from the same dependence on the
system matrices and therefore robust H, were also studied.
In the robust H, estimation is applied similar methodologies
used in robust Kalman estimation (see, e.g., [12] and [13]). In
[9], robust filtering is used for multisensor fusion estimation
for multisensor system with uncertain correlated noise using
H filtering. Other robust estimators can be found in the
references of the aforementioned papers.

The analysis and the design of robust finite horizon
Kalman-type estimators for linear dynamic systems with
uncertainties have received great attention in recent years.
Researchers have been focusing basically on two method-
ologies to the robust estimation: the linear matrix inequality
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(LMI) and the Riccati equation approaches. The design of
using LMIs is able to deal with norm-bounded or polytopic
parameter uncertainty. Current effort has been done to design
less conservative estimators, e.g., using parametric Lyapunov
functions [10]. Other results include design methods without
a limitation on the order of the estimator and the possibility
to certify the performance quality [11].

Alternatively, according to [4], a Riccati equation approach
can be used with the advantage that the effect of param-
eter uncertainty on the structure and gain of the estimator
is clearly demonstrated, providing useful insights on the
problem. One technique is based on the resolution of two
discrete Riccati equations ([4], [7], [14], and [15]). Another
possibility is the resolution based on one Riccati equation,
see [16] and [17]. In the finite horizon case, unlike the classic
Kalman predictor, the robust optimal predictor at £ may not
lead to an optimal state estimation at time k + 1, see [1]-[4].

The guaranteed cost prediction problem is to design a
linear filter to ensure an upper bound on the estimation error
variances for all admissible parameter uncertainties. One of
the earliest guaranteed cost filtering design was proposed by
[19] for continuous time-invariant systems with uncertainties
in the state matrix. In [3], it was developed a robust Kalman
design for discrete-time systems subject to time-varying
norm-bounded parameter uncertainties in both the state and
output matrices. A bounded-variance filtered state estimation
of linear continuous and discrete-time systems, with an
unknown norm-bounded parameter matrix, is considered in
[16] for uncertainties allowed in the state dynamics and the
output mapping matrices. Necessary and sufficient conditions
to the design of robust filters over finite and infinite horizon
are given in [14]. Recently, [17] provided a guaranteed cost
robust filter for a model with uncertainties in the state and
output system matrices and in the covariance noises. The
proposed filter, however, have a constraint that both noise
signals in state and output equations must be uncorrelated
and have the same dimension.

In this paper, we intend to enhance the predictor of [17] in
order to allow correlated noise signals with possibly differ-
ent dimensions and uncertain correlation. The enhancement
proposed changes the structure of the uncertainties and adds
one more scaling parameter in the filter design, providing a
less conservative predictor with better performance.

This paper is organized as follows: in section II, we
describe the model and the structure of the uncertainties.
The enhanced predictor is obtained in section III. Numerical
examples are given in section IV. One comparing the perfor-
mance of the proposed predictor with the standard Kalman
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predictor for the system with correlated noises and another
simulation comparing with the robust predictor of [17] for
uncorrelated noises. Conclusions are drawn in section V.

Notation: R™ represents the n-dimensional Euclidean
space, J*"*™ is the set of real n x m matrices, E {#} denotes
the expectation operator, cov {e} indicates the covariance op-
erator, diag {e} stands for a block-diagonal matrix, Z~'and
Z7T are the inverse and the transpose of the matrix Z,
respectively, Z > 0 means that Z is positive-definite, £ 1
denotes the estimated vector x4 at the time k given the
measurements {yo, y1, ..- yx} and Z* indicates a matrix Z
that minimizes a cost functional.

II. PROBLEM FORMULATION

Consider the following class of uncertain systems

Tht+1 = (Ak + AAk) T + @k, (1)

yr = (Cr + ACy) x5 + Vg, (2

where x € R™ is the state vector, iy, € R™ is the output

vector and wy € RP and v € N7 are noise zero mean

signals. The noise signals wy and v are allowed to be

correlated with uncertain covariance and correlation. We
suppose that the noise signals can be written as following

{Ek = (Bw,k + ABw,k) wy, + (B'u,k + ABv,k) Vk, (3)

Uk = (D + ADy ) Wy + (Dy i + ADy i) v (4)

We assume that the initial conditions {xo} and the noises

{wg, vx} are uncorrelated with the statistical properties

E{[wl of «f]"} = [0075]", )
cov{xg — To} = Xo, 6)
T .

E { [wkT U,ﬁﬂ [w;‘r v;‘r]} = diag {Wi0x;, Vi.di; },(7)
where Wy, Vi and Xy denotes the noises and initial state
covariance matrices and dj; is the Kronecker delta function,
ie, 0y =1if k=3 and é;; = 0, otherwise.

Using the definitions (3) and (4), the system (1)-(2) can
be rewritten as

Tht1 = (Ak + AAk) Tr + (Bw,k + ABu,yk) W

+ (B’U)k + ABUJC) Vs (8)
Yk = (Ck + ACk) Tp + (Dw,k + ADw,k) Wk
+ (Dv,k + ADv,k) Vk- (9)

Although wy, and vy are independent, the model (8)-(9)
with direct feedthrough is equivalent to one with only one
noise vector at the state and output equations with explicit
correlation [21]. The predictor proposed in [17] is restricted
to the case where p = ¢. In this paper this restriction is
relaxed, allowing different dimensions for wy and wvg. The
nominal matrices Ay, By i, Byk, Cks Dy, and D, are
known, time-varying and with appropriate dimensions. The
matrices AAy, ABy, k, AByk, ACk, AD, and AD,, 4
represent the associated uncertainties and have the following
structure

AAp ABy i ABu,k] _ [Huc

Ack ADw,k ADv,k H27k:| Fk [sz Gu},k Gv,k] )
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with Hl,k € RxT, H2,k € RmMxT, Gz_’k S %an, Gw,k S
R**P and G, € R**? are known. This structure allows
us to use p # ¢. The matrix Fj, € R"** is unknown, time-
varying and norm-bounded, i.e.,

FI'F, <1, Vkelo,N]. (10)

This paper proposes an enhanced design of a finite horizon
robust predictor for state estimation of the uncertain system
described by (8)-(9). The predictor has the following struc-
ture

Y
12)

x0|—1 = 507
Tip1pk = PuTrpp—1 + Ki (v — Crppp—) -

The predictor is intended to ensure an upper limit in the
variance error estimation. In other words, there is a sequence
of positive-definite matrices ﬁk‘k_l that, for all allowed
uncertainties in k € [0, N], satisfy

cov {xy — Tpp-1} < Prjp—1. (13)

The matrices ®; and K} are time-varying and can be
determined to minimize the ﬁk‘k_l, resulting in a minimal
upper bound to the error variance on the state estimation
predictor.

ITII. ROBUST PREDICTOR DESIGN

In this section, a solution to the robust prediction problem
over a finite-horizon [0, N] will be given using the Riccati
equation approach. Theorem 1 presents the robust predictor
with one more scaling parameter than usually found in
literature. The proposed predictor is also a generalization for
correlated noise systems.

Theorem 1: A robust predictor with guaranteed cost for
the error variance on the state estimation of the model subject
to the uncertainties (8)-(9) and to conditions (10)-(7) is given
by the recursive in Table 1.

We start the proof considering the system (8)-(9) and
the struture of the predictor in (12). Then, we define an

augmented state as
~ Tk
Tk = | ~ .
ka—l}

As a result, the augmented system with the state Zj is
given by

(14)

Tht1 = (/Tk + ﬁkaém,k) Tk

+ (Ek + ﬁkaGw_’k) W

+ (Dr+ HeFrG) v (1)
where
] A 0
P KWC @ — Ky Gy |
> S [ Bw-,k n o Bv,k
Bi = _Kka.,k:|  Di = |:Kva,k:| ’
Hy = | Hix ,Gogi=[Gux 0] (16)
| KxHa g ' '
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TABLE I
ENHANCED ROBUST PREDICTOR ALGORITHM.

Step O (Initial conditions):

Zo|-1 = %o,
Poj—1 = Xo.

Step 1: Obtain scalar parameters that satisfy

05;1] - Gac,kﬁk\kfle’k > 0,
BT - G xWiGT | >0,
S Gy ViGT, > 0.

Step 2: Calculate the corrections due to the presence of uncertainties

P k-1 = Prjp—1 +Fk\k71G£k

X (%;1[ - Gz,kﬁk\k—lcgk)il Gk Prji—1,
Acp = A + (A — chk)ﬁk\k71G£k

x (04,1 = Gy ik PryerGT )~ G

Vi = Vi + ViGT, (v = GuiViGT,) " GuiVi,
Wep = Wi + WiGZ (BT = GusWiGT ) ™ G W,
Arg = (o' + 8+ ) HukHYT,,
Agi= (ot + 8, +7; 1) HonHY
Agp= (ot + 8"+ ") HykHE,

Step 3: Define augmented matrices

By =
Dk =

Bw,k Bv,k )
Dw,k D'U,k )

. Wc,k 0

Step 4: Calculate the parameters of the predictor
P = Acks
Ky = (Akpc,k\k—lcg + BpU. kDT + Al,k)
— -1
X (Cch,k\k—lcg+Dk:Uc,kD1{+A2,k:) .

Step 5: Update {Zv\kJrl‘k,karl‘k} as

/x_\k+1\k = ‘Pk%\k—l + Ky (yk - Ck/w\k\k—l) ;
Pii1ik = AkPe k-1 AF + BeUc kBT + Ag
- (Akﬁc,k\chg + A1,19)
X (Ckﬁc,k\kACkT + DpUc,k DY + Az,k) -
X (AkPe k-1 CF +A1,k)T-

Consider Py_y = I {(m _E{#)) G- E m})T}
and that zj, wy and vy are independent zero mean vectors,
such as

Tk Tk ﬁk“@—l 0 0
E Wi W = 0 Wyo0 (17
Vg Vk 0 0 Vg

The next lemma give us an upper bound for the covariance
matrix of the augmented system (15) and the necessary
conditions to its existence.

Lemma 1: An upper limit for the covariance matrix of the
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augmented system (15) is given by
| Xo0
P0|—1 - |: 0 O:| ) (18)

Piyijp = ArPyp1 AL + ByWiBF + DyVi, DY
+ /lepk\k—lég,k (04;;11 - ém,kpkm—léf,k)_l
X Go i Prp—1 AL + BWiGL .
X (B = G pWiGL ) ™ G kWi BY
+ DVAGT (v T = GuaViGT) ™ GurVie Dy

+ (gt + B+ ) HeHE (19)
where o !, 3, ' and v, ! satisfy

a 'l — ém,kpk\k—léf,k >0, (20)

B — Gu WGl > 0, (21)

Yo ' — Gy VG ) > 0. (22)

_Proof: Given the initial condition (6) and the definition
of Pyjr_1, it is straightforward that

Xo O} , (23)

Po1 = { 00
ﬁk+1\k =
(A + BiFiGios) P (A + BiFiGr)

t (But BFiGos) We (Bi+ HiFiGui)

+ (De+ HiFiGu) Vi (Di + ﬁkaGU,k)T T

Consider the following result defined in Lemma 2 of [18].

Given matrices A, H, G and F with compatible dimen-
sions and that exists F satisfying FTF < I. In addition,
consider P a symmetric positive-definite matrix and € > 0 a
positive scalar. If e 11 — GPGT > 0, then

(A+ HFG)P (A+ HFG)" < APAT
+ APG" (¢ 'T— GPG") " GPA” + ¢ 'HH".
Choose scaling parameters a; ', 3, ' and 7, !
(20)-(22). Therefore, we have that

satisfying

ﬁk+1|k < ﬁkﬁk,\kqﬁﬁf + gkﬁk\kqéik
-1 .
Gm,kPkUc—lAg

X (0‘1;11 - éz,kﬁk\k—lég,k)
+ oy "HyH + ByWi Bl + EkaG;C’k
X (B = GuaWi Gl ) Gu Wi BY
+ B 'HyHY + DyViDF + DyViGT,

X (%—1] - Gv,kaGZ,k)_l Gv,kaﬁk

+ v HyHY. (25)

If there is a sequence {Pk+1| k} given by (19) with initial
conditions (18), where a,;l, B, and vy, 1~ satisfying (20)-
(22), then Py is an upper bound of P, such that
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ﬁkﬂ‘ k < Ppyq)p for all instants k. The result of the lemma
follows applying the Lemma 3.2 of [16]:

For 0 < k < N, suppose X = XT > 0, and s; (X) =
sE(X) € RV, hy (X) = hi(X) € R™". If there
exists Y = YT > X such that s, (Y) > s, (X) and
hi (Y) > hi (X), then the solutions My and Ny to the
following difference equations

M1 =85 (Mi), Nigg1=hi (Ng), Mo=Ny>0

satisfy My < Ni. |

Consider W, ;. and V. j, as the corrected variance matrices
for the uncertain system (8)-(9). Replacing the augmented
matrices (16) into (19), the upper bound in (19) can be
partitioned as

P N Pukre Pr2gsak
k+1lk — PT

) (26)
12,k+1|k P227k+1|/€

where

Pk = Ae (Pry -1 + Progps—1 Me P gpr—1) Af

+ Bw,ch,kBZ,k + Bv,ch,kB;F,k + Az, (27)
Pio g1k = APy -1 CL KL

+ AkPu,k,k—lePll,k\k—lCkTKkT

+ (BusWer Dy .+ Bo Ve DLy + Ar ) K

+ ApMy (9 — KyCr) " (28)
Pao 1k = KpCrPro—1Cp K + @1, Pag -1 P,

+ KCx (P gji—1 — Poogji—1) @F

+ @y, (Plg,k\k—l - P22,k|k—1) Cr K

+ A MiAf + KDy g We Dy (K

+ Kva,ch,kDg,ng

+ (o' + 8+ ) KeHa h HY  KE,(29)

with

Prjr—1 = P11 gj—1 — Progjr—1 — Png,k\k_l
+ Poaklk—1s
M g = Piogj—1 + Progip—1Me Pro gjr—1,
M, = Gf)k (a,jll - Gm,kPn.,k\quf,k)_l Gk,

A = @kP£7k|k,1 + K. Cy (Pll,k|k—1 - qu;,k|kfl) .

Given Py > ﬁk‘k_l > 0,Vk, if we define ﬁk‘k_l as

T

Pyj—1 =1 —I| Py [I —I]", (30)

thus we have that Fk“c,l is an upper bound of the error
variance on the state estimation.
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Using the definitions (26) and (30), the matrix ﬁk+1| 1 can
be written as

?0|_1 = _XQ, (31)
Piiijk = (RePos k-1 — TrPro 1) RE
— @kaT + @kMk@g

+ (Bug — KD k) Wer, (Buwk — KxDuw )"

+ (Bup — KDy i) Ve, (Bug — KDy i)"
+ (o B )
x (Hyj — KpHay) (Hip — KeHo )", (32)
where
O = Rkag,k\k_l — Tk P11 g—1, (33)
Ry = & — K. Cy, (34)
Ty, := Ay — K1,C). (35)

We note that (32) is valid for any ®;, and K. Calculating
the first and second order partial derivatives of (32) with
respect to P, and K and making

0 Prip =0, (36)

0Py,

B—Kkﬁkﬂ‘k =0, (37)

then we find the expressions ®;, = ®; and K, = Kj
that minimize the upper bound error variance on the state
estimation, Py 1, as

(I);; :Ak—l—(Ak—Kka) (Zk —I) (38)
and
K; = ((Akl“k — (I)]t@k) Cg + \11171@)
_ _ -1

X (Ck (Prjg—1 +Z0) CL+Way) 1, (39)

where
Zy == My My, (40)
Mo = Poy pjp—1 + P£7k|k71MkP12,k\k717 41
U1k o= BupWerDy )+ BosVer DIy + A, (42)

ok = Doy pWer Dby + DoiVer Do + Do, (43)
Ty = Prige—1 + Pragpp—1 MpPry -1 — M1 x(44)

O = 1T2,k\k71 (I+ P11,k\k71) — My g, (45)
By = (Pll,k\k—l - P1T2,k|k—1) My,
X (Pi1kjk—1 — Progip—1) - (46)

Replacing (38) and (39) in (28), (29) and P1T2,k+1\k’ and
after some algebra, it is straightforward that

P pyk = P1T2,k+1\k = Poo ky1ik
— (ARSKCE + W1 4) (CRSKCF + W)~
x (ApSkCF + ‘I’l,k)T + Ale,kM;,iMlT,kA? (47)
where

.f 1T
Sk = Pi1 k-1 + Progje—1 MiPra gjg—1 — MMy My ..
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: T
Slpce P127k+%|k = P12,k+1_|k = P227.k+1|k, for any sym-
metric Py, if we start with a matrix P,,_; satisfying
Pispin—1 = P1T2,n\n_1 = Py pjn—1 for some n > 0, then
we can conclude that P12'7k+1|'k = P12 Jrlk = = Py pt1)k 18
valid for any k£ > n. At this point, we can conclude that o j

shall now satisfy

O‘;}cI — Go i Prjp—1Gop > 0. (48)

Using Pio i1 = Pl = Pozpy1pn and (48), we

12,k+1] @
can simplify the expressions for ®;, K and Py ;. Using
this simplification, we can define A.j given in Table I:
Ac 1 := ®F. The simplified expression for the predictor gain
is given by
5 T 5 T -1

Kjy = (AkPeji-1Cx + ¥1k) (CrPepp—1Ci + Vo)

The matrix ?Q k|k—1 can be interpreted as a correction of
the variance matrix due to the presence of uncertainties in
the model. The expression for the Riccati equation is

P, = (Ar — KZCk)Fc kk—1 (Ar — K;Cr)"

+ (Buk — KiDuw i) Wer (Bwk — KiDwi)"

+ (Bok — K Dyit) Ve, (Bow — Ky Doii)"

+ (e + 8 %)

X (Hyp — KfHoy) (Hyp — KfHop)" (49)

Replacing K
given in Table 1.

Remark 1: The expression (27) gives the covariance ma-
trix recursion of the state vector.

Remark 2: Considering the model (8)-(9) without uncer-
tainties, the parameters of the predictor and the Riccati
equation present at Table I are the same as those presented

in [21].

into (49) we obtain the Riccati equation

IV. NUMERICAL EXAMPLES

In this section, we provide two numerical examples. In the
first simulation, the system presents correlated noises in the
dymanic and output equation. The simulation compares the
results using the enhanced predictor and the usual Kalman
predictor for systems with correlated noise described in
[21]. The other simulation compares the performance of
the enhanced design with another robust predictor proposed
recently in [17] using a system with uncorrelated noises.

A. Correlated Noise Simulation

Consider the following model with correlated noise and
subject to uncertainties in every matrices

. . -0.01517]@ —0.54—0.003527]@ .
k1 = _1 + 537]@ 1+ 0.3547]@ k

[—6 — 0.0265 x
+ i 1 — 266 :| Wk
[—2 —0.0107 5 —1 — 0.0389
Tl 16 —01-380, % O
ye = [—100 — 0.1611,, 10 — 0.03012, |
+ (1 + 0-2513,k) Wi
+ [05+0.1014% 024030155 ] v,  (51)
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where d,, ;; varies randomly at each step and |d,, x| < 1, for
n=1,..,15. We also use W, = 1 and V;, = I with initial
conditions Tp = 0 and Xy = I. Moreover,

Hyp =

)

10
Gur=2, Gup=[-01 -03].

{0'1} , Hyp=-1, Gup=1[0.1 0.03],
(52)

The parameters oz,zl, ﬁk_l and vy, ! are calculated as
alzl = Omax {Gw,kﬁmk—ng’k} + €z, (53)
ﬁk_l = Omax {Gw,kaGgyk} + €w, (54)
"Y]C_l = Omaxz {Gv,kaGZ’k} + €v, (55)

where 0,4, {®} indicates the maximum singular value of a
matrix. Numerical simulations show that, in general, smaller
values of €, €, and ¢, result in lower upper bounds. How-
ever, too small values can lead to ill conditioned inverses. In
this example, we have chosen €, = €,, = €, = 0.1. Also, the
upper bounds are sensitive to the values of the uncertainty
model matrices H and G. If we consider all parameters
constant but use cH;j and %Gzﬂk (or likewise, %HQ_’]C,
c¢Gy  and cG,, 1), then in general, lower bounds are obtained
with smaller values of the adjustment constant c. The state
estimation errors, over N = 500 finite horizon experiments,
of the proposed predictor and the classic predictor using the
nominal model are shown at Table II.

TABLE II
APPROXIMATED ACTUAL ERROR VARIANCES.
Predictors State 1 State 2
Enhanced Predictor 19.13dB  22.68dB
Kalman 19.56dB  24.21dB

The actual error variances were approximated using the
ensemble-average, used in [6] and [22]. The ensemble-
average is defined as

N
~ (3)y2
var {e; } ~ N Z(eifk) ,

j=1

(56)

where 6(312 is the i-th component of the estimation error

()

vector e’ at the experiment j defined as

e =) -3 . (57)

The performance of the proposed predictor in this paper
is better than the usual Kalman predictor in the presence of
modeling errors. The actual estimation error variances for
the states of the proposed predictor are always below their

upper bounds, i.e., 21.60dB and 27.20dB, respectively.

B. Uncorrelated Noise Simulation

The next simulation compares the performance of the
enhanced predictor with another robust predictor recently
proposed in [17]. Since the predictor in [17] is used for
uncorrelated systems and is restricted to dim{wg} =
dim {vy}, we consider the following uncertain model

0 —0.5 —6
Tp+1 = |:1 1+ 0.361,}’@] T [1 + 0.0162)]§:| Wi, (58)
yr = [~1 1415635 ] x5 + 1006, yo, (59)
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Actual Error Variance - State 1

40+ Enhanced Upper Bound

- - B >

201
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Actual Error Variance — State 2

% 40+ Enhanced Upper Bound ~ Upper Bound in [17] 1
® i~ -
Bl -
S 20r 1
550 —
5, v Filter in [17] Enhanced Filter |
m L L
10° 10’ 10° 10°
k
Fig. 1. Actual error variances for uncorrelated noise simulation.

where d,, ;; varies randomly at each step and |d,, x| < 1, for
n=1,...,4. We also use Wj, = 0.01 and V}, = 1 with initial
conditions Top = 0 and Xy = I. The matrices associated to
the uncertainties are given by

10
Guwr =0.001, Gy =2.

Hy = { 0 } , Hap =50, Gup=1[0 0.03],
(60)

Fig. 1 presents the actual error variances for the two states
using the proposed predictor and the predictor developed in
[17]. Fig. 1 also shows that the actual error variance of the
enhanced predictor is lower for both states. The enhanced
predictor provided a less conservative design, mainly due to
the presence of an additional scalar parameter in the predictor
design. Tables III and IV summarize these results.

TABLE III
PREDICTORS PERFOMANCE FOR STATE 1.

Predictors Actual Error Variance  Upper Bound

Enhanced Predictor 17.02dB 23.40dB

Predictors in [17] 22.76dB 30.57dB
TABLE IV

PREDICTORS PERFOMANCE FOR STATE 2.

Predictors Actual Error Variance = Upper Bound
Enhanced Predictor 18.56dB 27.95dB
Predictor in [17] 24.04dB 34.01dB

V. CONCLUSIONS

This paper has developed a robust Kalman predictor for
finite horizon state-space estimation with correlated noises
and subject to norm-bounded and time-varying uncertain-
ties in every system matrices. The paper provides an en-
hancement over a recent guaranteed cost predictor by using
an additional scaling parameter. The proposed predictor is
suited for systems with unknown correlated dynamical and
measurement noises, which is a very common situation in
practice. Numerical simulations confirm the performance
enhancement.
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