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SUMMARY

This paper combines the finite impulse response filtering with the Kalman structure (predictor/corrector)
and proposes a fast iterative bias-constrained optimal finite impulse response filtering algorithm for linear
discrete time-invariant models. In order to provide filtering without any requirement of the initial state, the
property of unbiasedness is employed. We first derive the optimal finite impulse response filter constrained
by unbiasedness in the batch form and then find its fast iterative form for finite-horizon and full-horizon
computations. The corresponding mean square error is also given in the batch and iterative forms. Extensive
simulations are provided to investigate the trade-off with the Kalman filter. We show that the proposed
algorithm has much higher immunity against errors in the noise covariances and better robustness against
temporary model uncertainties. The full-horizon filter operates almost as fast as the Kalman filter, and its
estimate converges with time to the Kalman estimate.

KEY WORDS: state estimation; finite impulse response filter; Kalman filter; unbiasedness; optimal estimate

1. INTRODUCTION

After more than four decades of developments, the finite impulse response (FIR) filtering is still
out of the traditional scope of control and state estimation [1-6]. The computational burden associ-
ated with large dimensions of vectors and matrices [7, 8], which cause slow operation, makes the
batch FIR estimator highly unattractive for engineering applications, that is, in spite of its inher-
ent bounded input/bounded output stability [9], better robustness [7, 10], and lower sensitivity to
noise [11] against the Kalman filter (KF). The tremendous progress in the computational resources
did not bring about essential change, and the batch FIR estimators [12-21] still remain mostly on a
theoretical level.

Beginning with the work by Kwon, Kwon, and Lee [20], in which recursive forms were shown
for FIR filters, there has been some recovery in fast FIR filtering. A receding horizon Kalman FIR
filter was designed by Kwon, Kim, and Park in [21]. In [22], Han, Kwon, and Kim have suggested a
relevant algorithm for deterministic time-invariant control systems, and Shmaliy derived an iterative
algorithm [11] for the p-shift time-invariant unbiased FIR (UFIR) estimator. The latter was further
extended in [23] to time-variant models. A distinctive advantage of the iterative UFIR algorithm [24]
is that it completely ignores the noise statistics and the initial error statistics, thus, leading to many
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applications in diverse areas [25-27]. However, it does not guarantee optimality in the mean square
error (MSE) sense, although its output becomes statistically consistent to the optimal estimate when
an averaging horizon of N points occurs to be large, N > 1.

An in-between solution is the minimum variance unbiased (MVU) FIR filter [7, 16, 28, 29]. It
has been shown in [29] that the MVU FIR filter can be obtained by minimizing the variance in
the UFIR estimate and that it is equivalent to the optimal FIR (OFIR) filter with the embedded
unbiasedness (OFIR-EU). Compared with KF, their filters inherit the aforementioned advantages of
the FIR-type methods and do not require initial conditions. All these properties are useful in practical
applications, and it is thus highly desirable to have fast and computationally efficient algorithms of
the OFIR-EU and MVU FIR methods. This motivated our work presented later.

In this paper, we derive iterative algorithms for the OFIR-EU filter and its MSE and show that the
OFIR-EU (or the MVU FIR filter) is full-horizon and Kalman-like. The rest of the paper is organized
as follows. In Section 2, we describe the model and formulate the problem. The derivation of the
OFIR-EU filter is given in Section 3. The full-horizon form and convergence to the KF are shown in
Section 4. Estimation errors are discussed in Section 5. Simulations are provided in Section 6, and
conclusions are drawn in Section 7.

2. PROBLEM FORMULATION AND PRELIMINARIES

Consider a discrete time-invariant linear model represented in state space with

Xp = Axp—1 + Bw, , @Y

Yn=Cxp+ vy, 2)

where 7 is a discrete time index, x, € RX is the state, Yn € RM is the measurement, and A €
RE*K B e RE*P and C € RM*K are some identifiable [30, 31] time-invariant matrices. The
process noise w, € R¥ and measurement noise v, € RM are zero mean, E{w,} = 0and E{v,} =
0, and white sequences with the covariances Q = E{w,w[ } and R = E{v,v]}, respectively. The
property E{w; va} = 0 holds for all i and j, and (A4, C) is assumed to be observable.

The KF estimate referred to (1) and (2) can be given, for our further purposes, in the
following form:

Fn = AXy_1 + P,CT(R+CP,CT)™!

X (i — CAin_1) ©)

Pui1 = AP, AT + BOBT — AT p,CT

4
x(R+ CP,cT)'cP,AT , @

where the initial state xo and error Py are assumed to be known and X, 2 Xppn is the estimate
obtained via measurements from O to 7.

To estimate x, on a horizon of N points from m = n— N + 1 to n using FIR filtering, the models
(1) and (2) need to be represented on an interval [m, n] as follows [11]:

Xn,m = An—mXm + Bn—m Wn,m s (5)

Yn,m =Ch_mXm + Hp—m Wn,m + Vn,m , 6)

c RNPXI’

where x,, is the initial state at m and X, , € RV&X1y, . e RVNMx1 W and

NMx1 - — T T T — 1T T T _

Va.m € RY¥>% are specified as Xy m = [X, X1 - Xpu) s Yoom = [V Vo1 -+ Yl s Wam =
[wlwl o w7 and Vg = [T oI ... oI]T, respectively.

Extended matrices A,_, € RVEXK B e RNKXNP c — c RNM*K and H,_,, €

RNM*NP are represented as respectively:
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A = [(ADHT(AHT AT 0T
B AB --- Ai"1B A'B
0 B --- A"2B Ai"1B

7
Bi = : ... : : ) ( )
o 0 --- B AB
o 0 --- 0 B
Ci =G4 =[ca)’ ¢ ", ®)
A, _|CBcCAB;i_,
Hl - ClBl - [ 0 Hl—l ] il (9)

with C; = diag(C C ---C ), where B;_; denotes the first row vector of B;_;. Note that x,, in (@)

i+1
and (6) is assumed to be known and wy, is thus zero valued.
The convolution-based FIR estimate of x,, is given by the following:

)’en = KN—IYH,M7 (10)

where K _; is the FIR filter gain determined by a given cost function or specific constraints. In the
minimum MSE sense, the OFIR was derived in [11] for the purposes of system identification [32,
33] (both w, and v, are filtered out) and in [23] as a regular filter (only v,, is filtered out). In turn,
the UFIR filter shown in [24] satisfies only the unbiasedness constraint:

ANV = Ky Cy_y (11)

We now formulate the problem. Given the models (1) and (2), we would like to find a fast iter-
ative Kalman-like form for the batch OFIR-EU, which gain Ky _; is defined by the minimization
problem:

Ky = argmin E{(xy — %) (xn — £)7} (12)

Kn—1

subject to the constraint (11), where E{-} means averaging. We also wish to investigate properties
of this filter and compare it to the UFIR filter [24] and the KF under diverse operation conditions.

3. OPTIMAL FINITE IMPULSE RESPONSE FILTER WITH
THE EMBEDDED UNBIASEDNESS

Following the derivation procedure given in [34], we substitute x, in (12) with the first row of (5)
and x, as (10), use the trace operator, and embed (11) to get the following:

I%N_l = argmin E{tr[(Ky—1Hy-1 — BN_I)Wn,m
Kn—1 (13)
+ KN—] Vn,m)(' : )T]} P

where (---) denotes the term that is the same as the previous term. For uncorrelated noise sources,
(13) becomes

Ky—1 = argmin t[(Ky—1Hy—; — By—1)On-1(---)T

Kn—1

+ Kn—1Ry—1 K% ],
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where the matrices with respect to the noises are given by Qny—; = diag(Q Q--- Q) and

N
Ry_1 = diag( R R --- R), respectively. Following [7], a solution to (13) can be found as follows:
N

Ky-y = AN"1Cch_, ;}l-v,N—ICN—l)_lclz;—l
X Zw+,, No1 T BN—lQN—1H§—1ZEErv,N—1
x (I —Cn- 1(C1€ Z ko no1Cn-) 7!

T —_
xCy_ 1Z o, N—1) >

(14)

in which Zy 4y, N-1 = Zy,Nn—1 + Rv—1and Zyy, y—1 = Hy_4 QN_IH}Z;_I. Provided (14), the
batch OFIR-EU is summarized by the following theorem.

Theorem 1
Given models (1) and (2) with zero mean white Gaussian and mutually uncorrelated noise
components, the batch OFUR-EU estimate is as follows:

R0 = ANTNCE_ Z7h N Cn—) T CE
X Z;},_U,N_lyn,m + BN—IQN—IHIzIw—lzlz}H),N—l
X (I = Cn-1(C{ 1 Z 3y noa CN-1) T Oy

X Z_+v N1 Ynm.

(15)

As can be deduced, the batch form (15) is complex and computationally inefficient from the
engineering perspective. Fast Kalman-like computation is thus required.

3.1. Iterative form

In order to avoid matrices of large dimensions, later, we find for (15) an iterative form that involves
original matrices of small dimensions.
If to introduce an iterative variable [/ and define

NY=clzh, G (16)

w+v

F = B;QH, (17)

then (15) can equivalently be rewritten at m + [ as follows:

myl = )Ac;ln+l + fffn+1 - )Acrcn+l ) (18)
where
m+l =4 NlCl w+v,lYm+l,m’ 19)
+1 — Flzw+lem+l,m’ (20)
St = FIZy 0 N 20 Yt 1)

Employing the decomposition of H; specified by (9) and taking into account that

B;QBl = BOB" + AB/_,0,,B]_ A", (22)
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we further provide

7 [ CB 0Bl CT CA311Q11H1 }
v = Hy- 01 BL,ATCT Hi Qi HE | |7

R O
w20 ).

Now, Z, 1,1 can be decomposed as Zy, 4, = A; + ©; to have the components

A= | R 0 O = CUCT CAF_,
P70 Zugoam [T LEEATCT 0 |0

where U; = B; Q; BIT. By the matrix inversion lemma [35]

X+ =x"—x " (T+yx ) yx !, (23)
we represent the inverse of Z, ., ; as follows:
Zohos = A7+ 60,077 24)

Later, we derive iterative algorithms for all of the functions involved in (18) and come up with
the iterative form for (15).

3.1.1. Iterations for (16). Using (24), referring to (8), and doing some arrangements, we first
transform (16) to

Ny [AITC R7' L IZw+vl 1] (1 +®lAf1)_l Ci
(25)

[4"cTR ¢z}

—1
w+v,l— l:I Sl G,

where S; = I + ®1A71 = | Sn1 Sz has components S;;; = I + CU;CTR™Y, §)p, =
Si21 Si22

CAF, 1 Z,L , 1> Szt = FE,ATCTR™, and Sjp, = I. With the Schur complement of Sj1
[36] descrlbed by the followmg,

Smi=1+Cg,CTR™, (26)
B =U—AF1Z,,,, F A", Q27
the inverse matrix ;" ! can be computed using
1
Sfl — |: S 11 -1 SlnSllZSlzz ) :|
512251215111 S +512151115112S122)
= |: Sll1 5111S112 ]
—512151_1} 1 +512151115112

At this point, (25) reduces to

=L ¢, Zoh i — LiSn2lC
= Zh 11 Cimt + Li(CAD = 5115Cy) (28)
=N\ +LiX,
where

Ly =X/CTR'S; 1, (29)
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X =A —AF 2, Ci, (30)
X, =CX;. 31

Using (23), we provide
Ny =Ny = Ni-y(I + LiX;Ni—y) 'L XNy . (32)

3.1.2. Iterations for X, 47+ Reasoning similarly, (19) can be decomposed as follows:
R = ANCE Z Yoot + ATN L Tt (33)
with
Ym+l = Ym+l — CAFl—lz;iv,l_lYmH—l,m . (34)
Next, substituting the first N; on the right-hand side of (33) with (32) yields

R = AN Z Y Yo
— A'Ni_1(I + L X;Ny2) 7 L X Ny

_ _ 35)
xCl w}kv,l—IYm-i-l—l,m + ANy Ly G
=A%, — AINILVA‘Z;CI—l + AN Ly Gy
in which
Knp1—1 = CA ()efrH»lfl - )ercnﬂ—l) : (36)

b

1> We first define Fj recursively

3.1.3. Iterations for )%fn 4+ Inorder to find a similar form for X
by the following:

F =[ucCT AF_]. 37)

Accordingly, by referring to (25), fc,bn 4 becomes

fo,,H = [Al AFI—IZH_)}H),]_l - AISIIZ] Yintim

(38)
= A)erl;z+l—1 + Arym+i s
where
A; =8 CTRT'SL. (39)
3.1.4. Iterations for fcfn e By combining (21) and (34), fcfn 47 can be rewritten as follows:
X =(AFZ, G+ M XN
X (Cy Z ko 11 Ymti—tm + LiTm+1)
and further transformed to
Re = AR Z)N CaNIClL Z Y Ygim
+ AIXINICZT—lzz;iLv,l—lYm+l—1,m (40)

+ AR 1 Zy  CloaNI Ly s
+ AN XN Liymar .



FAST BIAS-CONSTRAINED OPTIMAL FIR FILTERING

Finally, substituting N; with (32), taking into account (27) and (30), and doing some rearrange-
ments, we have

)ercnﬂ = A)ercnﬂ—l - AFl—lZ;Erv,lflcl—lNlLlfcfn;clfl
+AF 12, Cloa N L Gy .
+ ANy XiNiLiymyr + A%y, 5y

— N Xy N L%y 5

where £579_, is specified by (36).

3.1.5. An iterative form for (15). Recursions (33), (38), and (41) can now be combined in (18)
along with y,,1; — ifnjfl_l = Yma1 — CAX,;17—1, in order to compute (18) iteratively as follows:

Emt1 = AXmgi—1 + A (Yma1 — CAZpg1—1)
+ (A —AF 2, Cioi— A XN
X (Vm+1 — )Acfn:.cl_l) (42)
= A%mt1-1 + A (Ym+1 — CARmt1-1)
+ (= NC)Xy N Li(ym+1 — CASmy1-1) -

By (29) and (39), the estimate (42) attains the Kalman form of
Smet = AXpgi—1 + Y (v — CASpy1-1) (43)
in which

v =[8 + XN X[ -g,cT(R+CE,CT)!

44
x CX;N; X[ 1ICT(R+Cg,CT)™!. “)

Note that ¥; depends on E;, X; and N; and is still given in the batch form. To find an iterative
form for (44), later, we first represent N; given by (32) as follows:

Ny =Nj_y =N [I + X CT(R+CE,CT)!

45
x CX;Ni— )] ' X CT(R+CE,CT)'CX; N1, “3)

and then derive similar relations for E; and X;.
Transforming (27) with respect to [ + 1 by opening the aforementioned defined functions leads
to the iterative form of the following:

Ei41 = AU AT + BOBT
—A [Al AF,_lz,;ﬂrv’,_l - AISIIZ]

= AE;AT + BOBT — AN, CE AT,
which, using (39), can further be represented at / as follows:

B, =A8;,,AT + BOBT —AE,_,CT

47
x(R+CE;,, ¢y lcg,_ AT . “n
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In a similar manner, we represent X; 4 as follows:

Xipr = AT — AR Z)L G

=(A-ANC) X;,
and transform it to
X, =[A—AE,_,CT(R+CE;_,,CTY ' CIX)_, .
Finally, by introducing an auxiliary variable Yy,
Y, =CT(R+CE;CT)!,
the iterative OFIR-EU is stated by the following theorem.

Theorem 2

Given the batch OFIR-EU estimate (15), then its iterative algorithm is the following:

St = Amyi—1 + B + (I — E, 0OV XN X1
X (Ymt1 — CAXpy1-1)

where Y is given by (48), and

B, =A8; AT + BOBT — A8, Y;_,C8;_1 AT,
Xy =AU — E;-11110) X1,

N = Ni—i — N (I + X[ CX N ™!
x XIY,CX; N, -y,

with initial states
- D nT
Ea—1 = By Qoz—lBafl
—1 T T
- AFO(—ZZw+v,a72Fa72A ’

Xo1 = A" = AFy 273 4 2Ca2.

w—+v,o

_ -1
Nog—1 = (Cg—lzw:—u,a—lca—l) >

)em+oc—1 = (Aa_lNa—ICJ_l + Ba—l Qa—ng_l
- Bot—lro—ng_lz_l 1Co¢—l

w+v,0—

T -1
XNa_lca_l) Zytva—1Ymta—1,m,

(48)

(49)

(50)

(1)

(52)

(53)

(54)

(55)

(56)

where Fj is specified by (17), « = max{K,2} (K is the number of the states) guarantees the

invertibility of the matrix Ny—_1, and / ranges froma to N — 1.

Proof
Proof is provided by (16)—(48).

As aresult, instead of the slow and computationally inefficient batch form (15), we now have a fast
iterative one (49)—(56) stated by Theorem 2. The question then arises whether further algorithmic

progress is possible in OFIR-EU filtering or not, which is the subject of the next section.

O
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4. FULL-HORIZON FORM AND CONVERGENCE TO KALMAN FILTER

As the OFIR-EU minimizes the MSE and the variance of the white Gaussian noise is reduced by
averaging as a reciprocal of N, one may suppose that the optimal horizon Ny for the OFIR-EU lies
at infinity. If that is the case, the OFIR-EU filter is full-horizon. This section analyzes this, and we
show that the OFIR-EU estimate becomes exactly the Kalman one when N reaches infinity.

To state that the OFIR-EU is full-horizon, one needs to show that its estimate converges to the KF
estimate by putting N to infinity. We prove it with a theorem.

Theorem 3
The iterative OFIR-EU given by (49)—(56) is full-horizon; that is, its Ny lies at infinity.

Proof
The full-horizon iterative OFIR-EU algorithm appears from (49) to (56) by substituting N = n + 1
and [ = n [24]:

$n = A%uy + [En + (I — B0 C) Xy Ny X, | Yo

. (57)
X (yn —CAX,—1),
where T, is given by (48), and

By =AB,_1AT + BOBT — AE,_Y,_1CE,_AT, (58)
Xy =AI — E,;,-1Vn-1C)Xp—1, 59)
Nn = Np—1 — Nn—l(l + X;ZTTnCXrt]Vn—l)_1 (60)

x X0, CXp Ny .

The initial conditions are specified with (53)—(56).

By introducing G,—1 = E,-11,-1C, (59) becomes

Xn = Al — Gp—1)Xp-1. (61)

Considering the fact that the spectral radius p(G,—1) of G,—; does not exceed unity in stable
filtering, p (G,—1) < 1, and using the Lyapunov property [37], we have 11m X, = 0, which

transforms the full-horizon OFIR-EU estimate (57) at n = oo to the Kalman estlmate given by (3),

Xp = AXp—1 + EnVn(yn — CAXp—1)
= A%p_1 + E,CT(R+CE,CT)! (62)
X (yn — CAZy—1) .

The proof is complete.

The convergence of OFIR-EU estimate to KF estimate is also supported by the fact that the KF
has infinite impulse response (IIR) and the full-horizon OFIR-EU with # = oo turns to the optimal
IIR filter with EU filter. On the other hand, a complete convergence of the OFIR-EU with N = oo
to KF means that the unbiasedness no longer affects the estimate. Thus, the full-horizon OFIR-EU
with n > 1 is essentially the OFIR filter. It can also be shown that this filter combines the properties
of the UFIR filter with n < N,y and of the OFIR filter with n > N.

To demonstrate the full-horizon form more clearly, a code of the full-horizon OFIR-EU filtering
algorithm is given in Table L.
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Table I. Full-horizon OFIR-EU algorithm code

Input: y,, O, R, a=max{K,2}

Initialization:
Fy—2 = Ba—Z Qot—ZHoZLz
Ba—1 = Ba-1 Q“*IBZ—I - AF“*ZZEL—U,a—ZFaT—Z

1
2

3: AT
4: Xgo1 =AYV —AF, »7 1 Can

5

6

7

w+v,a—2

No-1 = (Cg—lzaiv,a—lca_l)_l

Yo1 =CT(R+CEqCT)™!

Ra—1 = (A% "Nog1 CI_| + By—1Qa—1HI |
~Bo—1Qa—1Hg 1 ZL, o1 Cam1Na—1Cy_ )
XZI;LFU,&—IYO‘_LO

8: for n=a: o0 do
9: Ep=A8,_14T + BOBT —AE,_1Y1y_1CEp_1 AT
10: Xn=A(I = Bp_1Yn-1C)Xn_1
1: Ny =N + X 1,0x,) 7!
12: Y, =CT(R+CE,CT)™!
13: Uy =8, Ty + (I = EnTnC) Xy Ny X, Yy
14: Xn = AXp—1 + ¥Yn(yn — CAXp—1)
15: and for
Output: X,

5. ESTIMATION ERRORS

We finish our investigations with an analysis of the MSEs in the OFIR-EU. Most generally, the
instantaneous MSE in the OFIR-EU estimate can be defined at time index n by the following:

Iy = Elene). (63)

where e, = x, — X, is the estimation error, X, is given by (10), and x, can be expressed with the
first vector row of (5) as follows:

xp = AV Yxp + BN Wy - (64)

With (10) and (64), invoke the orthogonality condition, and provide the averaging, then (63) can
be written as follows:

Jn = Jn,x + Jn,w + Jn,v s (65)

where Jy x, Juw, and J,, are given by Jyx = (Kn—1Cn—1 — AV DD, ()T, Ty =
(Kn—1Hn—1 — By—1)On—-1(--)T and J,, = Ky—1Ry—1KJ%_,, respectively, and &, =
E{xmxI}.

5.1. Batch form

Due to (11), prior knowledge of the initial state is not required by the OFIR-EU. This means that
the OFIR-EU estimate does not depend on the mean square initial state ®,, and we thus can let
Jnx = 0. By virtue of this, the MSE can be found in the batch form using (65) with Ky_; (14)
as follows:
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Jo = (Kn—1HNn-1 — BN-1)On-1(-)T

A X (66)
+ Kn—1Rv—1 Ky

5.2. Iterative form

Similarly to the batch estimate, the batch MSE can also be represented with an iterative form.
Towards this end, by changing a variable to m + [ and substituting (43) into (63), we get

Im+1 = E{[Aemti-1 + Bwmti

0y Ot = CAS ] 1T @
Next, express y,4; in terms of x,,, 47— as follows:
Ym+1 = CAxXpi1—1 + CBWmt1 + Ui (68)
combine (67) with (68), and arrive at
I = E{[(A=¥CA) epyi—1 + (B =V CB)wpyy )

Y17}

Assuming white Gaussian components, (69) can further be transformed to the iterative form of
the following:

I+t = (A= ¥ CA) Jpyy1—1 ()" + (B —¥,CB)
x O(-)T + ¥ RWS
= — ¥ C)(ATmy1—1AT + BOBT)(--)T
+ W RV,

(70)

where [ ranges from « to N — 1, W is the /-variant filter gain (44), and the MSE at n corresponds
to/ = N — 1. Using (66), the initial MSE J,, 44— can be found as follows:

Jm+a—1 = (I%a—lHa—l - Ba—l) Qa—l ()T
+ Iea—lRa—lleg_l ’

where K,_1 is the batch filter gain at m + o — 1 specified by

% _ qa—1 T -1
Ky—1 = A Na—lca—lzw+v,a—l

+ Bt)t—l Qa—lHoT—IZ;}Fv,a—l Y]
x (I = Cy—1Ng—1 CJ—IZ;}FU,O(—I) .

5.3. Full-horizon form

Because the OFIR-EU is full-horizon, its MSE can also be represented in a fast full-horizon form.
To get the relevant algorithm, we first specify the initial MSE J,_; at time o — 1 using Table I
as follows:

Jo—1 = (ka—lHa—l - Ba—l)Qa—l("')T
+ Ka—lRa—lKgfl ’

where Kq_p is given by (71). The MSE for the full-horizon OFIR-EU can then be found by
transforming (70) to the following:

Jo = (I = ¥,C)(AJp—1 AT + BOBT)(--)T

72
+ W, RYT 72)

where n ranges starting with o and ¥,, is given by (44).
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B Let us finally show that, if n — oo, the MSE (72) converts to the a posteriori estimate covariance
J,, of the KF, which can be written as follows:

Jp=P,— P,CT(R+cCP,CT)"'CP,. (73)

With n — oo, we have hm v, = E,Y,, and (72) transforms to J, = &, — E,Y,CE, —

E,CTYTET + E,Tu(R + C E,CT)YTET. By (48), the last two terms become identically 0,
and we get

Jo=EB,—2,CT(R+CE,cT)CT,, (74)

which is the a posteriori estimate covariance (73) of KF.
6. SIMULATIONS

In this section, we test the batch and iterative OFIR-EU algorithms by a two-state polynomial model
in different environments. The UFIR filter [24] and KF are chosen as benchmarks. Towards this end,
(1) and (2) are specified with B = I, C = [1 0], and

1t
=[o1]

where 7 is a constant in unit of time. Note that this model is used in moving target tracking [38] and
some related results can be found in [7, 21, 24].

6.1. Estimation accuracy

To learn a trade-off in the estimation accuracy, we let T = 0.1s, 02, = 0.1, 02, = 0.1/s?

ov 10. The initial values are set as x;9 = 1 and xp9 = 0.01/s. The model and noise statlstlcs
are assumed to be known exactly. The process was simulated at 400 points, and the optimal horizon
for the UFIR filter found to be Ny = 60. Typical instantaneous estimation errors are given in
Figure 1. What can be concluded from this figure is that the OFIR-EU and KF estimates are very
consistent and almost indistinguishable. The UFIR filter also produces good estimates, but with a bit
larger MSE.

We further learn effect of N on the FIR estimates for 2 = 10?. The root square of tr (J,,) for
three filters is given in Figure 2 as a function of N. We first notice that the KF has IIR and is thus
N -invariant, whereas the UFIR filter minimizes MSE at Ny, = 35. As has been shown before,
the OFIR-EU is essentially the UFIR filter with N < Ny, and it approaches the KF estimate with
N > Nypy. By virtue of this, we have another proof that the OFIR-EU is full-horizon.

First state - . = = = OFIR-EU =sreees UFIR

KF

()]

Estimation errors Estimation errors

Figure 1. Typical estimation errors in the unbiased finite impulse response (UFIR), optimal finite impulse
response filter with the embedded unbiasedness (OFIR-EU), and Kalman filter (KF) estimates: (a) first state
and (b) second state.
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10 N f
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— = T
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e .
KF Optimal estimates
converge
with N > N opt
10° 0 1 2
10 10 10
N

Figure 2. Root mean square errors computed by +/tr (J;;) as functions of N. OFIR-EU, optimal finite
impulse response filter with the embedded unbiasedness; UFIR, unbiased finite impulse response; KF,
Kalman filter.
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Figure 3. Typical computational time consumed by different optimal finite impulse response filter with the
embedded unbiasedness (OFIR-EU) algorithms applied to the two-state polynomial model.

6.2. Computation time

Any batch FIR algorithm consumes more computation time than KF because of larger order and
matrix complexity. The iterative algorithm operates faster and the full-horizon one much faster.
Later, we give an evidence to this preliminary analysis by measuring the computation time in the
FIR and KF algorithms. The process was simulated at 200 points. Figure 3 sketches the computa-
tion time consumed by the batch OFIR-EU algorithm, iterative OFIR-EU algorithm, full-horizon
OFIR-EU algorithm, and KF. As expected, the batch algorithm demonstrates low efficiency, because
its complexity grows with N. Iterations allow the OFIR-EU filter to operate much faster, although
its computation time still grows with N. A dramatic progress is achieved in the full-horizon algo-
rithm (Table I), which estimate becomes N -invariant and the computation time almost as large as in
the KF.

6.3. Sensitivity to errors in noise covariances

An important issue in optimal estimation is a typically insufficient knowledge about the noise
statistics. Referring to the worst case of errors in the noise covariances, we introduce a correction



S.ZHAO ET AL.

coefficient p as p?Q and R/ p?. The root MSEs computed by tr(J,,) are sketched in Figure 4 for
0.1 < p < 10. Inherently, the UFIR filter ignoring the noise statistics is p-invariant, although it
produces a bit larger errors with p = 1 than in optimal filters. The KF is most sensitive to p,
and the OFIR-EU filter occupies an intermediate position: It is almost insensitive to p with p < 1
and is as sensitive to p as the KF when p > 1. We consider it as an important advantage of the

OFIR-EU filter.

—N=60

OFIR-EU

UFIR]

1.0
p

Figure 4. Typical mean square errors in the unbiased finite impulse response (UFIR), optimal finite impulse
response filter with the embedded unbiasedness (OFIR-EU), and Kalman filter (KF) estimates caused by the
correction coefficient p.

Estimation error, x 10

Estimation error,x 10°

I
First state
><Z
0 / o~ I
0
3} \ J/
|/
. VI
-3 0.2 KF
—— UFR \ N4
—4f— == OFIR-EU (p=0.2)
_50 40 80 120 160 200 240 280 320 360 400
Time
(a)
15 T T
OFIR-EU with p<1
1
0.5 // \ —
0 o~
-05 -
-1 v -
s N ‘
~o 40 80 120 160 200 240 280 320 360 400
Time
(b)

Figure 5. Robustness against temporary model uncertainties in a gap of 160 < n < 180: (a) first state and
(b) errors in optimal finite impulse response filter with the embedded unbiasedness (OFIR-EU) with p < 1.
UFIR, unbiased finite impulse response.
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Figure 6. Basic operation diagrams of the Kalman-like unbiased finite impulse response (UFIR) filter and
Kalman filter (KF). OFIR-EU, optimal finite impulse response filter with the embedded unbiasedness.

6.4. Robustness against model uncertainness

Robustness against temporary model uncertainties is often required from optimal estimators. We
simulate an uncertainty by setting t = 55 from 160 < n < 180 and 7 = 0.1 s otherwise for
02 = 10% and N = 40. The process is generated at 400 points. Typical responses in the estimates
of the first state with p < 1 are shown in Figure 5a. It is seen that the OFIR-EU and UFIR estimates
converge with p = 0.2 that is in agreement with our early inference. In contrast, KF demonstrates
worst robustness for any p < 1. Figure 5b gives a more precise picture of what goes on with the
OFIR-EU estimates when p < 1. One infers here that errors in the noise covariances do not affect
the OFIR-EU estimates essentially. The estimation errors in the second state are sketched in Figure 6
for p > 1. As can be seen, the OFIR-EU is a bit more successful in accuracy than KF when p = 1.
However, this advantage vanishes with an increase in p that is also in agreement with the early
results shown in Figure 4.

7. CONCLUSIONS

The iterative OFIR-EU algorithm developed in this paper has several useful engineering properties.
For practical use, it offers two options. The basic algorithm relying on the horizon length N > Ny,
where N,y refers to the optimal horizon of the UFIR filter, can be used whenever the bounded
input/bounded output stability, robustness against uncertainties, and low sensitivity to errors in the
noise covariances are required. It performs almost as the UFIR filter when p < 1; however, its
computation time increases with N. The full-horizon algorithm has the KF structure and consumes
almost as much computation time as the KF. But, unlike the KF, it ignores the initial conditions. An
overall conclusion that can be made is that the iterative computation of OFIR-EU estimates is the
next breakthrough solution in FIR filtering. We now work on its practical applications and hope to
present the results in the near future.
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