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Abstract:
(UMVRHF) smoothers in batch and recursive forms for linear discrete time-varying state space

This paper proposes novel unbiased minimum-variance receding-horizon fixed-lag

models in order to improve the computational efficiency and the estimation performance of receding-
horizon fixed-lag (RHF) smoothers. First, an UMVRHF smoother in batch form is proposed by
combining independent receding-horizon local estimators for two separated sub-horizons. The local
estimates and their error covariance matrices are obtained based on an optimal receding horizon filter
and the smoother in terms of the unbiased minimum variance; they are then optimally combined
using Millman’s theorem. Next, the recursive form of the proposed UMVRHF smoother is derived
to improve its computational efficiency and extendibility. Additionally, we introduce a method for
extending the proposed recursive smoothing algorithm to a posteriori state estimations and propose
the Rauch-Tung-Striebel receding-horizon fixed-lag smoother in recursive form. Furthermore, a
computational complexity reduction technique that periodically switches the two proposed recursive
smoothing algorithms is proposed. The performance and effectiveness of the proposed smoothers are
demonstrated by comparing their estimation results with those of previous algorithms for Kalman

and receding-horizon fixed-lag smoothers via numerical experiments.

Keywords: fixed-lag smoothing; receding-horizon estimation; minimum variance; unbiased estimation;
Millman’s theorem; Rauch-Tung-Striebel smoothing

1. Introduction

Fixed-lag smoothers have been widely investigated because they provide optimal esti-
mates, unlike filters and predictors [1-4]. In practice, smoothers are often used to improve
the performance of filters, provided delays can be tolerated. In smoothing problems, the
objective is to estimate past or delayed states using past measurements up to the current
time. Three types of smoothers exist: fixed-point, fixed-lag, and fixed-interval smoothers.
The fixed-lag smoother is the most useful type because it offers more accurate and general
solutions than filters. Thus, smoothers have been considered as a suitable choice in many
applications where a short time delay is acceptable, such as denoising ECG signals [5],
image processing [6], target tracking [7-9], system-on-chip testing [10], structural dynamics
estimation [11,12], and vibration analysis [13].

The structures of fixed-lag smoothers can be categorized as infinite impulse response
(IIR) and finite impulse response (FIR) structures, based on the duration of the impulse
responses. Owing to the IIR structure, the fixed-lag Kalman (FK) smoother has been widely
used considering its optimality [1,4,14,15]. However, certain potential problems may arise
due to this IR structure. Because the FK smoother is designed under the assumption of
an accurate system model, optimality cannot be guaranteed when there exists a model
mismatch. Moreover, because it uses all the information from initiation to the current
time, undesirable errors can accumulate in the state due to modeling and numerical errors,
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such that the estimates might oscillate or diverge. To overcome the shortcomings of the
IIR structure, receding-horizon fixed-lag (RHF) smoothers have been proposed for linear
systems [5,16-21] and non-linear systems [22] as alternatives to FK smoothers. Because RHF
smoothers estimate the state by using the most recent finite measurements, they exhibit
good properties such as bounded-input bounded-output (BIBO) stability, fast tracking
ability, and robustness against modeling uncertainties and numerical errors.

However, previous RHF smoothers require vast amounts of computational power and
memory, thereby preventing efficient implementations in real-time applications. Moreover,
their complicated batch-form derivation is difficult to understand, and thus prevents further
developments. Because these disadvantages are mainly caused by the high-dimensional
matrix multiplications involved in batch calculations, one possible approach to solving this
problem is to consider the RHF smoother. In [17], a guideline for choosing the appropriate
horizon length of an RHF smoother is introduced for linear time-invariant systems; however,
the structure of the proposed smoothing algorithm has a complicated batch form, making
it difficult for application to large dimensional systems. In fact, the adjustment of horizon
length is not a fundamental solution to the problem of reducing the computational cost
because the horizon length is an important design parameter of RHF smoothers that can
significantly affect the estimation performance.

An alternative approach to reducing computational complexity and memory size
involves separating the estimation horizon by changing the high-dimensional matrix
multiplication into the sum of reduced-dimensional matrix multiplications. If the estimates
are obtained from two separated and independent estimators, the computational cost
can be reduced by parallel computing. Because RHF smoothers estimate the state at a
fixed lag time, finite measurements on the overall horizon can be partitioned into two
independent subsets of measurements based on the estimation time. For the separated
two subsets of measurements, different receding horizon estimators can be implemented
independently, and their estimates can be combined in an optimal manner using Millman'’s
theorem [1]. A recursive RHF smoothing algorithm can provide a method for overcoming
the disadvantages of computational complexity and memory size.

To the best of the authors” knowledge, there are few results on the recursive RHF
smoothing problem. In [19], an unbiased recursive RHF smoother based on receding
horizon filtering was proposed for discrete time-invariant systems. Because the proposed
unbiased RHF smoother is designed to ignore the statistical information of processes
and measurement noise, it affords a more robust estimate than the FK smoother when
the horizon length is selected appropriately. However, the proposed recursive unbiased
RHF smoother requires a heavy computational load to find the optimal horizon length,
in addition to obtaining the initial conditions and smoothed estimates from the filtering
results via batch calculations. Moreover, because the inverse of the state transition matrix
is required to establish the estimator gain matrix, it cannot be applied to systems with a
singular state transition matrix, making the estimation problem unfeasible.

A different type of recursive RHF smoother, finite-memory structure (FMS) smoother,
was proposed in [21]. In the derivation of the RHF smoother, smoothed estimates are ob-
tained from a one-step-ahead estimate, which affords a fast estimation ability. Although the
structure of recursive estimation seems appropriate, the performance might be degraded
by the system and measurement noises because the noise information is not considered
in the derivation. Owing to its IIR iteration structure, the estimation stability cannot be
guaranteed, resulting in the divergence of the estimation result due to accumulated errors
such as estimation and numerical errors in the processing. Furthermore, a batch calculation
is required during the estimate update and it also makes the matrix assumption of an invert-
ible state transition matrix. Additionally, although the recursive RHF smoothing algorithm
provides computational efficiency for time-varying systems, the previous recursive RHF
smoothing algorithms were solely proposed for time-invariant systems.
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Therefore, in this study, we propose a UMVRHEF smoother in batch and recursive
forms involving separated sub-horizons for time-varying systems. The proposed UMVRHF
smoother is designed by combining two independent receding-horizon local estimators
for separated sub-horizons. The local estimates are obtained based on optimal receding
horizon filtering and smoothing in terms of the unbiased minimum variance; they are
then optimally combined using Millman’s theorem to obtain an overall unbiased optimal
estimate. We also propose a recursive algorithm for the proposed UMVRHF smoother
based on the one-step predicted finite horizon Kalman filter. The proposed UMVRHF
smoothers provide unbiased optimal estimates of the state on the finite estimation horizon.
In addition, the proposed smoothers do not require any assumptions about the a priori
information of the horizon initial conditions and inverse of the state transition matrix.
Moreover, because the recursive form of the proposed UMVRHEF smoother is derived using
the Kalman filtering algorithm, it is easy to understand and extend. Thus, as extensions
of the proposed recursive UMVRHF (RUMVRHF) smoother, we introduce a method for
a posteriori state estimation. We also propose an additional recursive RHF smoother
based on the Rauch-Tung-Striebel smoothing algorithm and computational complexity
reduction strategy.

The main contributions of this study are as follows:

*  Novel optimal unbiased RHF smoothers are proposed in batch and recursive forms
for linear discrete time-varying state-space models.

¢ The proposed RHF smoothers are obtained by optimally combining two local optimal
receding horizon filters for the separated sub-horizons.

¢ The Rauch-Tung-Striebel-type RHF smoother and reduced computational complexity
RHF smoother are proposed to improve the computational efficiency.

¢  The proposed RHF smoothers exhibit good properties, such as computational effi-
ciency, optimality, unbiasedness, robustness against temporary modeling uncertainty,
bounded-input and bounded-output stability, and fast convergence speed.

*  The proposed RHF smoothers do not require any a priori information of the initial
state or any assumption of the invertible state transition matrix.

¢ Through the numerical experiments, it is shown that the proposed RHF smoothers
have advantages over the existing RHF smoothers and fixed-lag Kalman smoother
and are applicable for practical application.

The remainder of this paper is organized as follows. In Sections 2 and 3, UMVRHF
smoothers in the batch and recursive forms are proposed, based on two independent
optimal estimators for separated sub-horizons and Millman’s theorem. Thereafter, the ex-
tension method to estimate a posteriori states is introduced. The Rauch-Tung-Striebel RHF
smoother and the computational complexity reduction method based on the smoothing
algorithm are presented in Section 4. In Section 5, the performance and effectiveness of
the proposed RHF smoothers are demonstrated via numerical experiments. Finally, the
conclusions of this study are presented in Section 6.

2. Unbiased Minimum Variance Receding-Horizon Fixed-Lag Smoother in Batch Form

Consider the discrete time-varying state-space model as

Xep1 = Arxg + Gewy, 1)
vk = Cexp+ o, ()

where x; and yj are the state vector and output vector, respectively. The process noise
vector wy and output noise vector vy are assumed as zero-mean white Gaussian noises,
where the covariance matrices are denoted as Qy and Ry, respectively. It is assumed that
the process and output noises are mutually uncorrelated with each other and are also
uncorrelated with the initial state x,. The pair (A, Ci) is also assumed to be observable.
For the system model (1) and (2), the conventional RHF smoother for estimating the h
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lag state x;_j, is expressed as a linear function of the finite measurements on the overall
horizon [k — N k — 1] as follows [20]:

k-1

Be_pr—1 = Y, Hiyi = Heop Y- 3)
i—k—N

where £_j,;_ is the overall estimate, N is receding horizon length, Hy_; and H; are the
gain matrix and its i-th row vector of RHF smoother, and Yj_y x_1 is the finite number of
measurements expressed as follows:

T
T T T T
Yeeik—j = | V=i Yiirr 7 Ye—j1 yk—j} , 4)

respectively.

To reduce the computational complexity and memory size, the proposed UMVRHF
smoother in this study is designed to be a weighted linear combination of two optimal and
independent local RH estimators as

Benp—1 = Uik—n®ix—np—1 + Uok—nor—nk-1, ®)

where £ ;_j,x_1 and £; ;_jx1 are defined as the local unbiased minimum variance estimates
on the sub-horizons [k — N k—h —1] and [k —h k — 1], and Uy 4_j, and U, y_j, are constant
weighting matrices for each local estimate, respectively.

Because two local RH estimators are implemented independently for the two separated
subsets of measurements, their estimates can be combined in an optimal manner using
Millman’s theorem. By using Millman’s theorem, constant weighting matrices U; and U,
can be determined from the following mean-squared criterion [23]:

. N N T
min E [(xk—h — Xp—n) (xk—p — Zx—p) ] (6)
Uy e—n U j—p

with unbiased constraints
Upj—n + Upj—pp = L. @)
From (7), the overall estimate (5) can be rewritten as

k-1 = Unen®oenp—1 + (= Urg—n) R p—njk—1- 8

Then, the overall state error covariance matrix P;_j can be represented as

o o AT
Pep = E [(xk—h = Rpe—n) (X—n — Li—n) }
T T
= Uk n(Pr—n+ Pog—n)U gy + Popn — Urk—nPoi—n — PopnUip_p, 9
where Py, and P, are local error covariance matrices of £ ;1 and %5 x_p—1,

respectively.
By differentiating P_j, with respect to U x_j, as

2 = 2{Unk-n(Prj—n + Pojg—n) = Pogn} =0, 10
ol g, {Us j—n(Prj—n + Pog—p) — Pox—n} (10)

/!

we obtain the solution of the optimal problem (6) as follows:
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Uik = Porn(Pogn+Pogn) (11)
Usgr = Py pn(Pogn+Pogn) (12)

where the inverse of (P; x_j, + P, x_j) always exists, since P; x_j, and P, _j, are positive
definite.
By substituting (11) into (9), we can find the overall error covariance matrix as follows:

-1 -1
Py = Pogp(Pix—n+Poi—n) (Pix—n + Poj—n)(Prk—n + Pox—n) Pog—pn+ Pri—p
-1 -1
—Po iy (Pr—n + Pog—n)" Pog—n — Pog—n(Pry—p + Pog—pn) Poj_p
-1 -1
= (Pl,kfhpzjkl,h + I) (Pij—n + Poj_p) (P{,kl,hth + 1) + Py
-1
~2(P Pyl +1) Pai (13)
-1 -1 -1 1 \!
= Pon(PnPty+1) = Poen+2(Pl, + 550 ,)
-1
_ -1 -1
= (Pl,k—h + P2,k—h> /
If we assume that unbiased minimum variance estimators for each sub-horizon are
expressed as linear functions of the finite measurements, that is
Bop-nk-1 = Hig-nYe-Nk-n-1, (14)
Boknk-1 = Hok—nYe-nk-1, (15)

where H ;_j, and H, ;_j, are the optimal gain matrices of each estimator, the UMVRHF
smoother can be expressed in batch form, as follows:

Bnp—1 = HenYe-ng—1
= Upp—nHip—nYe-Nj—n-1+ Upp—nHop—p Y1, (16)
= [ UypnHijon UpjnHoj—n | YioNjg—1- (17)

Because local estimates %1 ;_x_1 and £,_;_1 are unbiased, i.e., E[%; _p_1] =
E[x;_p) and E[£) x_px—1] = E[xx_4], the overall estimate £; _j ;1 is also unbiased as follows:

E [fkfh\kfl] = E [Pz,kfh(Pl,kfh + Pz,kfh)ilfl,kfh\kfl} +E [Pkah(Pkah + Py )"
XJ?Z,k—h|k—1}
1 1
= [Pz,k—h(Pl,k—h +Pojpn) + Pri—p(Prg—p + Pog—p) }E[xk—h]
= E[xk_h]. (18)

Now, the final objective is to obtain the optimal estimators in terms of unbiased
minimum variance for each sub-horizon.

2.1. Unbiased Minimum Variance Estimation on the Sub-Horizon [k — N k —h — 1]

In this section, we derive an unbiased minimum variance estimator to estimate the
state at time k — h using given finite measurements on the sub-horizon [k — N k —h —1].
Before we derive the optimal estimator, we define the following matrices:

Ai,j = Ak*j s Ak*iJrlAkfi (] < Z) (19)
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Cr—i
Cr—it1Aii
Ci_janAji_
~ A k—i+2410,i—1
Cij= ) , (20)
Ck—j—lfli,jJrz
Crk—jAij+1
Mij=[ Aij1Gi—i Aii1j1Gioisn - Ajr1jGiojo1 Grj |, (21)
0 0 0 0 |
Cr—i+1Gr—i+1 0 0 0
Cr—i+24i-1,i-1Gk—it1 Cr—i+2Gk—i+2 0 0
Gl-]»é Cr-it3Ai-1i2Gk-it1  Crit3Ai2i2Gk-iy2 - 0 01, @
Ck—j—lflifl,jJrZGk—i—&-l Ck—j—lfqi72,j+2Gk—i+2 0 0
Cr-jAi1,j+16k-i+1 Ck—jAi2j+1Gh—ir2 - C—jGr—j 0 |
i
Qij = diag | Qx—i, Qi1+ » Qu—j | (23)
i
Ri,j = diag | Re—iy Re—iv1,- Ri—j |, (24)
1:[1‘,]‘ = GI,]QI,]GZ; + Ri,]', (25)
T
Wi—ij—j = [ Wi Wi wlzqu wl{fj ] , (26)
T
T T T T
Viik—j = [ k=i Uk—it1 7 Uk—j Uk—j} : (27)

On the sub-horizon [k — N k —h — 1], an optimal estimator in terms of unbiased
minimum variance with batch form for the state at k — I can be expressed as a linear
function of the finite measurements, as follows:

o k-nk—1 = Hik—nYk-Njk—n-1- (28)
where the optimal gain matrix H; ;_, is determined by following lemma.

Lemma 1. On the horizon [k — N k — h — 1], for the system models (1) and (2) and the following
unbiased minimum variance estimation problem:

in E|el 2
I_fllllﬂ {61,1(_;1@1,1(7;1}, (29)
subject to
E[Jﬁ,k—h\k—l] = E[xx4], (30)

where the local estimation error eq x_y, is defined as

e1k—h = X1 k—nk—1 — Xk—h- (31)

The optimal gain matrix Hy j_j, of the optimal estimator (28) is given by [24]
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Hin = [ Avpsr My ] CN nRy h+1CN h+1 CN h+1RN h+1GN h+1 (32)
' ' Gl Nh+1CN 1 GupiRy, iGN + QN h+1

X

cT

J%T,thl Rflh
N,h+1°

GN,h+1

Proof of Lemma 1. For a proof of Lemma 1, we refer the reader to [24]. O

Because the optimal estimator (28) on the sub-horizon [k — N k — h — 1] is satisfied
the unbiased condition (30), we can determine the unbiased constraint as [24]

Anpe1 = Hy e nCnpnsr- (33)

With the unbiased constraint and following relations [24]

Xeen = ANpi1%—N + MN AWk N g—n-1, (34)

Yeenk-n-1 = Cnpy1%k-N+ GNpriWioNg—n1 + VieNk—h-1, (35)
the estimation error e; _j (31) can be expressed as follows:
e1k—h = Xk pjk—1— Xk—n
= HignYe-Nik—n-1— ANp+1%-N — MN i Wk-Nk—h-1
= (HinCnpt1 — Anpsr) X-n + (Hig—nGnoner — MNis1) Wee N e—n—1 (36)
+Hy - nVk-Ngx—h-1
= (Hig—n — Mn 1) Wi Nk—h—1 + Hi i Vi N k—n—1-

Thus, the local estimate £; ;_;_ and its error covariance matrix Py ;_j, on the sub-horizon
[k — N k —h — 1] can be obtained as follows:

Bp-nr-1 = Hig-nYe-Nk—n-1
~ . -1
T —
_ [A N ] CN,h+1RN, CNh+1 CNh+1RNh+1GNh+1 (37)
B R R v e GL, Ry Gnpr + Oy
Nh+1 N h+1-Nh+1 N+1"Nh+1 P Nh+1 N,h+1
cT
N h+1 -
X G’T * RNh+]Yk N,k—h—1,
N,h+1
P, = Ele el
1k—h 1k—h€1 k—n

(Huj—nGn 1 — My jis1)ON it (Hi g nGansr = Mgisa) " + HijonRyper H _pr (38)
respectively.

2.2. Unbiased Minimum Variance Estimation on Sub-Horizon [k —h k — 1]

In this section, the optimal estimator in terms of unbiased minimum variance is
derived to estimate the state at time k — 1 on the sub-horizon [k — h k1].

An unbiased minimum variance estimator to estimate the state at time k — & for the
finite measurements on the sub-horizon [k — h k — 1] can be expressed as follows:

2ok nk—1 = Hok—nYk—ni-1- (39)

The finite number of measurements Y;_j, 1 can be expressed in terms of the horizon
initial state xj_j, as follows:

Yienk-1 = Cnaxe—n + GuaWioni—1 + Vicni—1, (40)
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and the following constraint is required to satisfy the unbiased condition, i.e., E [Xy_p] =
E {Xz,kfh\kfl} [20]:
Hy o nCpy = L. (41)

From (40) and (41), the local estimation error e, ;_j, can be expressed as

ek—n = KXok pk—1— Xk—h

Hy e nYk—nk—1 — Xk—n (42)
(Ho—nCpa — I)xk—p + Hop—nGnaWi—nj—1 + Hoj—n Vi k-1

= HynGuaWienj—1 + Hojin Vi nje—1-

Thereafter, the objective is to determine the optimal gain matrix Hj ;_j, subject to the
unbiased constraint (41), which can be obtained from the following theorem:

Theorem 1. On the horizon [k — h k — 1], for the following unbiased minimum variance estimation

problem,
min E {eszfhez k—h} , (43)
Hy je—p ’ ’
subject to
E[fz,k—h\kq] = E[xx4], (44)

the optimal gain matrix Hy y_y, of the optimal estimator (39) is given by
O
Hyp p = (c,{ 1Hh,}Ch/1> T\, (45)
Proof of Theorem 1. For convenience, the gain matrix Hj j_j, in (39) is partitioned as follows:

Hlp=1[ higen hogon -+ hygen ) (46)

where hiTk_ , is the i-th row vector of the gain matrix H y_p,.

By denting the i] as the i-th row vectors of identity matrix I, then the i-th unbiased
constraint of (41) can be expressed as follows:

T gy = i, (47)

for 1 <i < h. Moreover, by denoting ¢(;) x_j, as the i-th row vectors of the estimation error

ey k—p, calculating e%(i) «_p, and taking expectation, we obtain
E [eg(i),k—h] = (kG0 Qu(hi_pGn1) " + iy Ry ahip—p. (48)

Note that the i-th component of the estimation error only depends on k; ;_j,. Hence,
the following performance criterion is established:

2 T ~ ~ =T ) T ~T .
E [ez(i),kfh} = Ny (Gh,l QniGp + Rh,l) Big—n+Ajgp (Ch,1hi,k—h - li) (49)
= hiT,k_hﬁh,lhi,k—h + )\iT,k_h (ChT,lhi,k—h - ii) ,

where A; ., is i-th row vectors of the Lagrange multiplier, which is associated with the i-th
unbiased constraint.
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To minimize (49) with respect to h; and A;, the following necessary conditions should
be satisfied:

2 2
JE {EZ(i),kfh} 0 JE {ez(i),kfh} 0 (50)
ok SR Py '
Then, we have
1o 1~
hij—n = _Enm CraAij—n- (51)
Substituting (51) into (47) yields
i e 1 N1
Aigon = —=2(CLIM1Ch) s (52)
hzk—h can be obtained as
T T (AT 711~ lar =1
hije—n = ij (Ch,lnh,l Ch,l) Cina 115 (53)

By reconstructing h; ;_;, according to (46), the optimal gain matrix Hy_j can be
obtained as follows:

I
Hogn = (GG, 1Cn ) Gl (54)
This completes the proof. [

Thus, on the sub-horizon [k —h k — 1], the local estimate £, ;_jx_1 and its error
covariance matrix P, y_j can be obtained as follows:

Bok-nk—1 = Hog—nYe—nk-1
P
= (C;{,lnhjcm) Cr Ty Yo k-1, (55)
Pogn = E{ez,k—hezT,k_h}
= Ho3Gu1Qn1Gy1Hay_p + Hojn Ry H
AT P17 -1
= (ChmiGu) (56)

3. Unbiased Minimum Variance Receding-Horizon Fixed-Lag Smoother in
Recursive Form
In this section, we derive the recursive form of optimal estimators for each sub-horizon.
For the optimal estimator on the sub-horizon [k —N k—h-— 1}, we introduce the
one-step predicted Kalman filter and its batch form. The dynamic equation of the one-step
predicted Kalman filter in recursive form is expressed as [1]

RpoNtitife1 = AN N1 — AN+ PL— N+ O N (CkaJriPl,kaJrz’
1
xClnai + Rk7N+i) (yk7N+i - Cka+if1,ka+i\kf1>/ (57)
Pre-Ntitt = Ak-N+iPir-NtiAL Ny — Ak7N+ipl,k7N+iCkT_N+i(CkaJri
1
<P niChonsi kaNJri) Cr-N+iPrp-N1iAF_ N4 (58)

T
+Gr N4+ Qk-N+iGr_Nir
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= Anps1 Mypsa ]

for0 <i < N—h—1,where £ ;)1 and Py N+ denote the i-th estimate and its error
covariance matrix on the sub-horizon [k — N k — h — 1], respectively. The batch form of the
one-step predicted Kalman filter (57) and (58) for the finite subhorizon [k — N k —h — 1]
can be represented as follows:

Lemma 2. [24] For the system model (1) and (2), the finite horizon one-step predicted Kalman
filter in batch form can be represented on the horizon [k — N k — h — 1] as follows:

X1k hlk—1
-1
_ [ A M ] CN h+1RN h+1CN h1 T+ Pk N CN h+1RN h+1GN h+1 (59)
- N,h+1 N,h+1 G R 1 C G R 1 G + Q
N,i+1N,h+1-N,h+1 Ni+1" N, h+17 N h+1 N,h+1
P! Chni | 5-
k6N Xk—N T cT N RN h+1Yk7N,kfh+1 ’
N,hi+1

where xy_ N and Py_y are the horizon initial state and its error covariance matrix, respectively, and
the solution of the Riccati equation for the Kalman filter is given as follows:

Piy—n =Py

e, h+1RN h+11CN 1+ Py cy hJilRN hi1CN (60)
Gl RN Cnnt Gl R i1 Onn + QN B+l

x| Anppr My ]T~

With the following initial conditions,

_ s _(¢T  f-l & AT el

%N = Frpongp-1= CnprlIn 1 Cnnet) T Cnpa iy Ye-Ng—n-1,  (61)
5 AT el A 1

Pen = Pri-n= (Cypprllyp1Cnps1) (62)

the finite horizon one-step predicted Kalman filter (59) is equivalent to the optimal estimator (28)
involving the optimal gain matrix (32).

Proof of Lemma 2. We refer the reader to [24] for the proof of Lemma 2. O

The recursive form of the optimal estimator for the sub-horizon [k — N k —h — 1] can
be obtained if the initial conditions (61) and (62) are calculated recursively. Moreover, the
local estimate (55) and its error covariance matrix (56) for the sub-horizon [k — h k — 1] have
the same equation structure because they are also the initial conditions of the sub-horizon.
The following theorem proves that the initial estimate and its error covariance matrix on
the finite horizon can be obtained recursively.

Theorem 2. On the horizon [k —n k — m — 1|, the optimal estimate of the horizon initial state
Xk n|k—m—1 and its error covariance Py_y in batch form are given as follows:

o T —1A~/T Fr—1
X—nlk—m—-1 = (Cn m+lHn m+1Cn,m+1) Cn,m+1nn,m+1yk7n,k7mflr (63)
Py = pkfn = (Cr]z-,erlH;,}n-H Cn,m+1)_1r (64)
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where the initial conditions are obtained from

J?k—n\k—m—l = S];}nwk—n|k—m—1/ (65)
P, = S} (66)

k—n’

where the priori information matrix Sy_,, and the priori information estimate Wy_,\x_,,—1 are
calculated from the following recursive equations:

Skem—t = Clpm iRy Comat + S5t (67)
Simia = Alzfmflflsk*m*lAk*m*lfl_Alzlmflflsk*m*lck*ml(le—lm—l
T -1
+Gk7m715k—m—le—m—z) G m—1Sk—m—1A%—m—1-1, (68)
and
N T 1 N
Dmtfk-m1 = Commat R Ykom—t T O gy (69)
At _ T A T -1
Cem—1-1k—m-1 = Ak—m—l—lwk—m—l|k—m—1_Ak_m_l_lskfmflefmfl(Qk,m,l
T 17 N
+kam715kfmflckfmfl) Gie—m—1®k—m—1lk—m—1- (70)

respectively, for 0 < I < n —m — 1, with the initial conditions S;” | = 0and wlj—m—l\k—m—l =
0, where S,j_ o and zblj are the posteriori information matrix and the posteriori information
_n‘

estimate, respectively.

k—m—1

Proof of Theorem 2. With the definition of C; ;, G; j, I; j, Sk—u—1, and Dk 1]—m—1 aS

Cri+14i,
Cr—iv14ii Cr_
_ g | Cr—ita
ij = : —[ Ci—ll,j ]Ak—ir (71)
Cr—jAijr1
[ G-ir1Gr—in 0 e 0
Cik—i+2Ai-1,i-1Gk—i+1 Cr—i+2Gk—it2 e 0
ij = ) .
L G jAi1jiGiinn G jAiajiGiiva - GG
[ Ci_ir1Gr_; 0
_ _k i+1Yk—i+1 ‘ § ], (72)
| Cii1jGi—it1 | Gi1j
I, = Gi,jQifl,jGjTj‘*'Rifl,j/ (73)
Skem-1 = C11T1+l,m+1ﬁr;}+l,m+1Cm+l,m+1r (74)
Zbk—m—l|k—m—1 = C£+l,m+1ﬁ;il,m+1ykfmfl+l,k7m—lr (75)

for 2 < I < n —m, respectively, Cy, ,y+1 and I, ,, 11 can be rewritten as follows:
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Cn,erl = C_Cnl,{r;-tl :|/ (76)
fIn,m-i—l = Gn,m-&-lQn,m-ﬁ-lGr{m_}_l"’an-&-l
0 |o]. o Jo]" |
= _ %O]Qn,m+l Cmo + Rym+1
_ (R 0 ] 77)
L 0 ‘ﬁn,m-&-l '

respectively.
From (76) and (77), the estimated horizon initial error covariance P;_,, (64) and state
J?k_n‘ k—m—1 (63) can be represented as follows:

P = (CLRCn+S,) =51, (78)
B nk-m-1 = Pr-n (Clzlan__lnykfn + Cr]z",m+11=[;}n+1yk7n+1,k7mfl>r
= (O RGeS (O R i + )
= S Dk ne—m1s (79)

where S, and @y_,x_,,—1 are denoted as

T p-1
Sten = G, R Cen+S (80)
p _ T p-1 o+
Dk—nk—m—1 = CoonReYhn + O 1 (81)
respectively.
To obtain the recursive form of P, and £;_,x_,_1, we must know the recursive

+
k—nlk—m—1"
Before deriving the recursive form, we introduce the useful equality as follows:

calculations of Sg_, S;_,,, Wk_y[k—p—1, and @

-1
_ < 3
5, = (Gi+1foirfGi+1,j+Ri,j)
] . T -1
Cr—iGi—i | 0] . [CeiGk—i| O .
| CijGr—i | Gij | CijGe—i | Gij
— - T T 1
Cr—iGr—i Cx—iGr—i 0 | 0 _
= - | 7= — 1 Qij| = +Ri;
| CijGr—i | CijGri Gij Gij
[ C i 17 [Rei| 0T\
k—i ki k—i
N | Gr-iQi-iGei | 2 A 82
| Gy klklkzci,j] loni/j] )
Rei| 077" [Rei| 077" Gy o
- - - - — | Gk-i | Qi T Gis
0 ‘ Hi,j 0 ‘ Hi,]' Ci,j
T -1 -1 T
Cr—i Rei| 0 Ci—i | Cr—i
X = = = Gk—i kai —
Ci,j 0 ‘ Hi,]' Ci,j Ci,j
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Using (82), the recursive equations of St and uAJJ‘r can be obtained as follows:

+ _ AT =1 -
Sk—m—l—l - Cm+l+1,m+lnm+l+1,m+1Cm+l+1,m+1
_ AT Cr—m—1 - = T
= Akmll[ Cm+lm+1:| (Gm+l+l,m+1Qm+l,m+1Gm+l+1,m+1
_1 C
) k—m—1
+Rm+l,m+1) [C_ :|Ak—m—l—1
m+1,m+1

= A;f_m_l_l (Cg_m_lejm,le—m—l + Sk—m—l-'_)Ak—m—l—l
~Al (CkT_m_zR;;lm,ICk—m—l + Sk—m—l+) Grk—m—1 {Qk_,lm,l (83)
-1
+Gg,m,l (C}zlm,lei_lm_lefmfl + Skfmfle) kamfl} Glzlmfl
X (R Gt + S5y Akt 1,
= Ag—m—l—lsk—m—lAk—m—l—l - AIZ—m—l—lsk—m—le—m—l (Q]?,lm,l
T “1or
+Gk7m715kfmflckfmfl) Gim—1Sk—m—1A—m—-1-1,
and

A _ AT -1
wkfmflfukfmfl - Cm+l+1,m+lHm+l+1,m+1Yk*mfl,k7m71/

Crk—m—1 = S =

— AT [ o (G 0 GI
k—m—I—1 m+1+1,m+1<m+1,m+1 1,m+1
m=l Cont1,m+1 mel L my

Ykm—1 ]

_ -1
+Rm+l,m+1) [ y
k—m—I4+1,k—m—1

_ T T -1 T At
= A1 G R Yk-m—1 + Ak—m—l—lwk_m_l|k—m—1

AL (G iR Comt + Skomt™ ) i {Q,:lm, (84)

-1
T T -1 4 T
+Gi_ i (Ck_m_le,m,lefmfl + Sk—m—1 )kal} Gi—m—1
T -1 At
X (Ck—m—lefmflyk—m—l + wkfmfl|kfm71)
_ T A T 1
= A1 mtk—m-1 — A—m—1-15k—m—1Gk—m-1 (Qk,m,l
T 17 A
+Gk*m*15k*m*lck*m*l) kamflwk—m—”k—m—lr

where
Skem-t = Cl_u R Cooma1+S, p (85)

N _ T -1 ~t
Dkmm—tfk-m-1 = Ceom 1R Ykm—1 + O 1 (86)

This completes the proof. [
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Thus, the recursive form of the proposed UMVRHF smoother can be represented and
summarized by the following Algorithm 1.
The overview of the proposed RUMVRHF smoother is shown in Figure 1.

=+ Priori -;| Posteriors.

D H: pt :
Piy_n Py g—h-1 Prjen i Prin

X1 k-N X1 k—n-1  X1k-h
Pag-n
: X2k—h i|; 5
= I ................. ! > t
k—N k—h-1 k-1
! + ¥ _ +
Sk-N | Sk-n Sk—n-1 Sk-h-1=0  Sk-n Sk-1 Sk-1=0
P ~+ °ee ~ ~+ _ ~ cee ~ ~+
Wyg-N | Dg—n Wg-—p-1 Dg—p—1=0 Wg—p W1 Wp—1=0

Figure 1. Concept and timing diagram of the RUMVRHF smoother.

Algorithm 1 Recursion of UMVRHF smoother on the horizon [k — N k —1].

Sub-horizon [k — N k—h—1]:
1: Initialization : 51:}171 + 0and wl—:—hnk—h—l 0
2: forl <~ 1to N —hdo

T -1 +
Sk—n-t = G Ry Cromn—1 + S5y
+ T T
Siin_i—1 ¢ Apen1-1Sk—n—1A—n—1-1 — Ak—p—1-15k—h—1
X Gr—p-1 (Qk—h—l + kah—lskfhflckfh—l)
T
X Gp_p—1Sk—n—1Ak—n—1-1
w «— cL, R1! bt
k—h—I|k—h—1 k—h—1"k—p—1Yk—h—1 k—h—1k—h—1
Nt T A~ T
Dt Akeno1-1@k—n—tlk—n—1 — Ak—p—1-15k—h-1
-1 T -1
X Gr—p1 (Qkfhf, + Gk—h_lsk—h—le—h—l)
T N
X Gpe_p— Wk p—1jk—n-1

3: end for

A 1 5 -1
4 R Nk-1 < S oNDk-Nk-n-1and Py <= Sy
5. fori+ 0toN—h—1do

. . 5 T
Bl h-Ntivik-1 < A-N+i®k-Ntik-1 = A= N+iPLe- N+ G N
_ T -1
X (Ck7N+iP1,k7N+iCk7N+i + Rk7N+i)

X (]/k—N—&-z‘ - Ck—N+if1,k—N+i|k—1)
5 5 T 5 T
Piy_nyit1 < Ar-NtiPi-N+iAr Ny — Ak N+iP-N+iCro Ny

1
5 T
X (Cka+iP1,ka+iCk7N+i + Rk7N+i) Cr-N+i
5 T T
XPy g NyiAr N TGN Qr-N+iGr N

6: end for
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Algorithm 1 Cont.

Sub-horizon [k —h k—1]:
7. Initialization: S;” | <- 0and wktuk—l 0
8: for!/ <~ 1tohdo

T -1 +
+ T T -1
Sioicr ¢ ArcioaSk-1Ak—1-1 — Ap_y1S5k—-1Gk-1 (Qk—l
T 1o
+Gk—15k—le—l) Gie—1Sk—14k—1-1,
o T -1 A+
Wi—tk—1 & GRSk + 0
At T A T -1
D a1 & Ak 1®r—tjk—1 — Ag-1-15k-1Gk1 (Qk_l
-1
T T .
+Gk715k—le71) G 1@y —1jk—1

9: end for
R 1 A 1
10: xZ,kfh‘kfl — Skfhwkfh‘kfl and PZ,k*h — Sk*h

Overall horizon [k — h k — 1] (optimal smoothed estimate) :
—1 -1
1 Uy gy <= Poje—p(Pri—n + Pog—p)  and Upp—p <= Pri—pn(Pri—n + Poj—n)

-1
N ~ N -1 -1
120 Rp_pp—1 < Uk p—nik—1 + Uz k—n®os—pk—1 and Py (Pl,k—h + Pz,k_h>

4. Extensions of RUMVRHF Smoother

In this section, we introduce a method for extending the proposed RUMVRHF
smoother to a posteriori state estimation. In addition, additional RHF smoothers are
proposed based on the Rauch-Tung-Striebel smoothing algorithm and computational
complexity reduction strategy.

4.1. Extension to Posteriori State Estimation

We first introduce an approach for extending the proposed recursive algorithm to a
posteriori state estimation. By denoting the a posteriori estimates for the overall horizon
[k — N k]|, sub-horizon [k — N k — h] and separated sub-horizon [k —h +1 k] as £_p,
ot ot
X e and £y
at time k — h can be represented as follows [1]:

respectively, the a posteriori overall estimate and its error covariance

ot _ ot ot
Yme = Uptkn® e ppe + Upzk-nt iy (87)
+ + - + -

Ry = (Pl,k—h> + (Pz,k—h) (88)
where Pl+ «_, and P2+ «_p are denoted as the state error covariance matrices of the estimates
321+ ¢ and 3?2+ ¢ respectively, and Uy and Uy ., are oli)tained from

R + + B
Upte-n = Py, (Pl,kfh + Pz,kfh) ’ (89)
-1
_  p+t + +
Upk-n = Py (P Lk—n TP 2,k7h> . (90)

For the sub-horizon [k — N k — h], the a posteriori local estimate 3?;“ K—hlk and its error

covariance matrix Pl+ x_p, can be updated from the predicted local estimates £ ;_j; and its
error covariance matrix Py j_j as [1]
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s+ N T T -1
Leone = Fk-nk + PrenCeop (Ckfhpl,kfhck—h + Rkw)
X (yk—h - Ck—hfl,kfh\k)/ (91)
1
Picn = Pin— Py wCL, (Ck—hpl,k—thT_h + Rk—h) Cr—nP1x—n, (92)
respectively.

Because the recursive equations in Theorem 2 are equivalent to the conventional

information filter formulation in [1], the posteriori information estimate wkth and its

. . . . . + . A+ _ + _1 AJ'_
posteriori information matrix S,” , can be obtained as D = (Py_n) 2 ik and

+

2kl and its error

S&, = (P2+ )L respectively. Thus, the a posteriori local estimate #

covariance matrix P;, «_p, €an be computed from the predicted zbkt i and S, , as follows:
ot + ot + ) o
Benk = Porn®pp = (Sk—h> Wik (93)
-1
+ — +
Povw = (skfh) : (94)

where S,: p and ZD;’_ |k Are calculated from (83) and (84) with boundary conditions Slf =0

At
and wk\k =0.

4.2. Extension to Receding-Horizon Rauch-Tung-Striebel Fixed-Lag Smoother

Because the proposed RUMVRHF smoother is established based on two local optimal
estimators, three steps are required to obtain the overall estimate and its error covariance
matrix. Using the Rauch-Tung-Striebel (RTS) smoothing algorithm [25,26], the proposed
recursive smoothing process can be implemented in two steps: filtering for the current state
and smoothing for the fixed-lag state estimations. Although the estimation structure of RTS
smoothing is different from that of the proposed smoother, it can provide computational
efficiency and reliable results [27]. Thus, in this subsection, we propose a receding-horizon
Rauch-Tung-Striebel fixed-lag (RHRTSF) smoother as an extension and application of the
proposed recursive method.

First, the backward recursion of the overall posteriori covariance matrix P,” ; on the
time-interval [k — I k] can be represented in terms of posteriori local covariance matrices
15141r ;. and PZJ’r ,_; as follows:

-1
+ _ pr 5+ (p+ + 5+
ko, = Pl,k—l_Pl,k—l(Pl,k—I+P2,k—l> Py
-1
pt+ pt+ T D. pt+
k-t~ Pl 1Ak (Pl,k—l+1 + P2,k—l+1> A1 P
p+ 5+ AT 5 + -1 St -1
= Pl Pl A [P + (Pz,k—l+l) +<P1,k—1+1)

-1
b+
Ak—l+1P1,k,1

p+ p+ T P + 154 -7
= P =P A [P + {(Pk—Hl) - Pl,k—l+1} (95)

p+
X Ak—l+1P1,k,]

-1
_  pt  _pt AT p-1 51 51 +
= Py =P AP |:P1, it Pl,k—l+l{ (Pk—l+1>
-1

Ap_111 P

-1
p—1 p—1
7P1,k—l+1} pl,kfl+1 1,k—1

B+ 5 + T
L1~ Kit (Pl,k—l+1 - Pk—1+1> K1/
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for1 <1 < h,where Ky_; = 1k ZAZ l+1P1k1 11
Involving the same derivation as (95), the backward recursion of the overall smoothed

estimates can be written as follows:

At st At s
Yk = xl,k—l\k+Kk*l(xk—l+l|k xl,kfl\k>' (96)

forl1 <Il<h.

Thus, the RHRTSF smoother can be obtained by combining the receding horizon
optimal filter on the overall horizon [k — N k| and backward recursions (95) and (96) by
the following algorithm:

The concept of the proposed RHRTSF smoother is depicted in Figure 2.

D, Pt p 5 5+ 5 5+
Piy-n Pl—n | Prk-n+1 Pig-y Piy-a| Py Py
£ o+ z P o+ a o+
X1,k-N X1 k—h | *1k-h+1 Rie-1 Xip—1| R Xk
] t !
+ + o +
Pi, Pr_h+1 Pi_1 Py
+ + +
ot o 5 -
Xk-h Ke~h+1 Xe-1 Xk
f ; | } f t
k=N k—h k—h+1 k—1 k
+
Sk-n  Sk-n Sk Sk=0
~+
Dp-y  Dp-p W Op=0

Figure 2. Concept of the RHRTSF smoother.

4.3. Extension to Reduced Computational Complexity Receding Horizon Fixed-Lag Smoother

Although the proposed RUMVRHF and RTSRHF smoothers can provide more compu-
tational efficiency than RH smoothers in batch form, the computational complexity can be
further improved by combining and sharing their estimates. In this section, we proposed
the reduced computational complexity RHF (RCCRHF) smoother that periodically switches
between RTSRHF and RUMVRHEF smoothers to reduce the computational complexity of
the proposed recursive smoothing algorithms.

The concept of RCCRHF smoothing algorithm is shown in Figure 3. As can be seen in
the figure, the basic concept of the RCCRHF smoothing algorithm is a periodical switching
RTSRHF and RUMVRHF smoothing algorithms and sharing their estimates.

To illustrate the proposed RCCRHF smoothing algorithm, let us suppose that the
RTSRHF smoother is selected at time k — h and it estimates the lag state x;_,;, by using
measurements in the horizon [k — N k — h]. The RCCRHF smoothing algorithm is started

from the RTSRHF smoother. The horizon initial state x1 k- NJk—h and its error covariance

P1 (N are estimated through steps 1—4 of Algorithm 2. If we define the mid estimate

2+ P+ ;
and its error covariance as xk hl k= = F1 ke nlk—n and P, = Pl el respectwely, these are

obtained through the steps 5-9 in Algorithm 2. Thereafter, the final estimate £;" and

k—2h|k—"
its error covariance P, 20, are finally obtained through the steps 10-13 in Algorithm 2), with
boundary conditions xk h\ _p and P . Itis noted that this process is exactly same as the

RHRTS smoothing algorithm except that the overall horizon length is taken as N — ki, not N.
Moreover, it is also noted that the mid estimate xk h| i and its error covariance Pkt *h are

the same as the estimation results of minimum variance RH (MVRH) filter for the horizon
[k—N k—h].
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1
£
2
RHRTSF L 2" 1
smoother
(at time k-h)
Piyen | Pt,, | Midestimate of RHRTSF smoother
o i Q;r . h)ﬂ/ at time k-h
[ — I
: P}, 1 | Local estimate of RUMVRHF smoother
RUMVRHF |’ P2y k| at time k (sub-horizon [k-h kj)
| | smoother . )
T - T 1 > Time
(at time k)
k—N k—2h k—h k
Sk Sk =0
O B =0
Sk-n  Si_n Sin Sin=0
Dp-y  Di_y @pen D=0

Figure 3. The concept of RCCRHF smoothing.

Now, suppose that the smoothing mode is changed to RUMVRHEF smoother at time k
and it estimates the lag state x;_j, by using measurements on the horizon [k — N k|. In the
RUMVRHF smoothing process, the local estimate x1 k—hlk and its error covariance P, , for

the sub-horizon [k — N k — h] should be obtained through the MVRH filter. This estimation
process is equivalent to obtain the mid estimate and its error covariance of RTSRHF
smoother. This means that the mid estimate and its error covariance of RTSRHF smoother
at time k — /1 can be used as the local estimate and error covariance of RUMVRHF smoother
at time k for the sub-horizon [k — N k — K], i.e,, x1 k e = kt*h|k—h and P}, n = =P,
respectively. Thus, the overall smoothed estimate xk i and its error covariance P, , of
RUMYVRHEF smoother are obtained as follows:

st _ st st

B = Uptk=n® e + Upzk—nta e pp ©7)
+ o -1 + -n !
Py = {(Pk—h> + (Pz,k—h> } / (98)
-1
_ pt + +
Uptk-n = Pypy, (pkf*h + Py h) : (99)
-1

Upjn = P, (P T Pk h) , (100)
where J?;r k—hlk and P _, are the local estimate and its error covariance matrix for the

sub-horizon [k — I k], respectwely, and xk h| i and P, are obtained from the RTSRHF

smoother on the overall horizon [k — N —h k —h],not [k — N k— h].

Therefore, RCCRHF smoother can be designed by switching the roles of RTSRHF
and RUMVRHF smoothers in every & time step periodically. The concept of periodical
switching scheme for RCCRHF smoother is depicted in Figure 4.

The process for obtaining the local estimate and its error covariance of RUMVRHF
smoother can be eliminated by sharing the mid estimate and its error covariance of RTSRHF
smoother at the & lag time. Thus, the RCCRHF smoother could have less computation time
than the proposed recursive RHF smoothers.
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Algorithm 2 RHRTSF smoothing algorithm on the horizon [k — N k].

Finite horizon Kalman filtering with estimated initial state
1: Initialization: S < 0and z?)]:r‘k +0
2: for]/ <~ 0to N do

T -1 +
Sk-1 Ck—leflefl +Skfl
T T
Sl—ci_—l—l = AkflflskflAkflfl *Ak,l,lsk,le,l
1 T -1 T
X (Qk—l + kalsk*lefl> kalsk*lAkfl—l
A T -1 A
L & ) S e A T
A+ T N T
W < Ak—1—1wk—l\k—Ak_,_lsk,le,,
-1
-1 T T A
X<Qkfl+Gk—lSk—le—l) Gr_1Di—1jk
3: end for

o -1 p -1
4: xl/k,NU( — Skawka\k and Pl,k—N — Ska
5. fori <+ 0toN —h—2do

. . 5 T
BNtk < AN+ Ntik-1 — Ak-N+iPLe NG N
_ T -1
X (Ck7N+iP1,k7N+iCk7N+i + kaNﬂ')

X (yk—N+i - Ck—N—&-i?el,kaJri\kfl)

) D T D T
Pie-nyivt < ArN+iPreNviAr Ny — Ak-N1iPLe-NiCro N

1
D T
X (Ck—N+iP1,k—N+iCk_N+i + Rk—N+i) Ck-N+i

. T T
X Py NtiAr_N4i T Gr=N+iQk—N+iGr_ N4

6: end for
7

ot " T T
Moo < Sken—ak t Preen1Ceop (Ck—h—lpl,k—h_lck,hq
71 .
+Rk—h—1> (]/k—h—l - Ck—h—lxl,k—h—1|k)f
P, «~ P —P cl C P cl
kb1 1k—h—1— Prk—n-1Cep_1( Co—n—1Prxk—n-1Ce_p_1
-1
+Rk—h—1> Ck—n—1Pri—n-1,
8 fori<+ Otohdo
£ w — A e .
1,k—h+ilk k=h+i*q k—nyi—1k
5 5+ T T
Pri—nti ¢ Ak—ntiP pgio1 Aconri T Okonti Qk—n+iGr i
At o ) T 5 T
Mionvie © Tronsik T PrkonyiCoopy (Ckfh+ipl,k7h+ickfh+i
1
+Rk7h+i) (ykfhﬂ' - Ckfh+ixl,kfh+i\kl>
Pt «~ P — P .Cl . (CeppiP .cr, ..
1k—h+i 1k—h+i Lk—h+i“k—h+i\ “k—h+it1k—h+i“k—h+i
-1 _
+Rk7h+i> Chk—n+iP1k—n+is

9: end for




Appl. Sci. 2022,12,7832 20 of 29

Backward recursion:

. Initialization : P+ < P+ ot ot
10: Initialization: P < Pl,k and xk\k — 2 ki
11: forl < 1toh do

5+ 4T  p-1
Ker = Pl AP
ot ot ot P
Y et K (xk—l+1\k xl,kfllk)

+ p+ p + T
Pz, Pl,kfl — Kyt (Pl,k—l+1 - Pkfl+1)Kk—l

4

12: end for
. . ot +
13: Return: B and P,

However, if the lag size h is greater than half of the horizon length N — h, the RSTRHF
smoother cannot be defined. In this situation, the overall horizon lengths of the RSTRHF
and RUMVRHF smoothers are taken as N and N + &, respectively. Although the horizon
length of the RTSRHF smoother is increased by h, the RCCRHF smoother has less computa-
tion time of other proposed recursive RHF smoothers because 2N iterations to obtain local
estimate and its covariance of RUMVRHF smoother is omitted.

RHRTSF smoother RHRTSF smoother
p p
RHRTSF smoother RUMVRH RHRTSF smoother RUMVRH
smoother : smoother
RUMVRH RUMVRH
N smoother . smoother
RHRTSF smoother RHRTSF smoother
RUMVRH | RUMVRH
smoother| _ smoother
RHRTSF smoother RHRTSF smoother
RUMVRH | RUMVRH
smoother smoother
| ) oo | coe cee ) e I > Time
k —nh k—(Mm—-1h k—(m-2h k—(@-3)h k — 4h k —3h k —2h k—h k
RHRTSF RUMVRH RHRTSF RUMVRH RHRTSF RUMVRH RHRTSF RUMVRH
smoother smoother  smoother = smoother smoother | smoother smoother | smoother
switching switching switching switching switching switching switching switching

Figure 4. Concept of periodical swithcing scheme for RHCCRHF smoother.

5. Numerical Experiments and Discussion

In this section, numerical experimental results present the performance and effective-
ness of the proposed RHF smoothing algorithms.
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5.1. F-404 Gas Turbine Aircraft Engine System

We consider the following discrete time F-404 gas turbine aircraft engine model [21].

0.9305 + 6 0 0.1107 1
Xeaq = 00077  09802+6, —00173 |xe+ | 1 |w,  (101)
0.0142 0 0.8953 + 5, 1
140.15 0 o0
y = 0 1to1s 0 %t (102)

where the initial state xg = [0 0 0] T, initial error covariance matrix Py = 1031343, and the
actual process and measurement noise covariance matrices are considered as Q = 0.2% and
R = 0.012I,, respectively.

To demonstrate the robustness against temporary modeling uncertainty of the pro-
posed smoothers upon the occurrence of a model mismatch, the model uncertain parameter
Oy is considered as follows:

5 — 0.1, 200 <k <250,
k= 0, otherwise.

Smoothers are designed for the nominal state space models (101) and (102), considering
Ox = 0; therefore, they are applied to the temporarily uncertain system. We set the process
covariance and measurement noise covariance matrices for smoothers as Q = 0.19% and
R = 0.018%I,47, respectively. Because the estimates of the nominal FMS smoother, i.e.,
forgetting factor A = 1, diverge for the system model, the forgetting factor is considered as
A =09

First, to verify the performance of the proposed algorithms, the proposed RHF
smoothers are compared with the Rauch-Tung-Striebel fixed-lag (RTSF) Kalman [1], the
previous optimal RHF [20], and the FMS smoothers [21]. The second state estimation errors
and time averaged values of the root-mean square estimation (RMSE) errors are shown for
various horizon lengths in Figure 5 and Tables 1-3, respectively.

As observed in these results, the proposed RHF smoothers successfully estimate
the real state and have better estimation performance than others. In comparison to the
RTSF Kalman smoother, the RMSE errors of the proposed smoothers with small horizon
lengths are a little bigger than that of the RTSF Kalman smoother when there are no
modeling uncertainties.

However, in the case of large horizon lengths, the RMSE errors of the proposed
smoothers are smaller than that of the RTSF Kalman smoother. Moreover, the estimation
errors of the proposed RHF smoothers are remarkably smaller than that of the RTSF
Kalman smoother for the cases of model mismatches. Furthermore, the estimated states
of the proposed RHF smoothers rapidly converge to the real state after the modeling
uncertainty disappears, whereas those of the RTSF Kalman smoother take a long time to
converge. Hence, it can be deduced that the proposed RHF smoothers are more robust
against temporary modeling uncertainty than the RTSF Kalman smoother.

In contrast to the previous optimal RHF smoother, the RMSE errors of the proposed
RHF smoothers are slightly larger; however, they are similar to those of the previous
optimal RHF smoother in the absence of modeling uncertainties. However, the estimation
performance of the proposed RCCRHF and RTSRHF smoothers is better than that of
the previous optimal RHF smoother when modeling uncertainties exist. Moreover, the
estimation errors of the proposed RCCRHF and RTSRHF smoothers are getting smaller
than that of the previous optimal RHF smoother, as well as increasing the horizon length
of RHF smoothers. Furthermore, we can observe that the RMS errors of the RUMVRHEF
smoothers (a priori and a posteriori) are still slightly larger than those of the previous
optimal RHF smoother, although the horizon length is increased.
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By comparing the results for the RTSRHF and RUMVRHF smoothers, it can be stated
that the estimation performance is affected, albeit not severely, by the information state,
information matrix, and their initial conditions. Moreover, the structure of the RTSRHF
smoother is better than that of the RUMVRHF smoother.
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Figure 5. Estimation errors with respect to various horizon lengths (h = 5).
Table 1. RMSE errors for the time interval [50 500].
Horizon Length and Lag Size N=20,h=5 N=30,h=5 N=40,h =5
RTSF Kalman smoother 1.386 1.386 1.386
Prev. optimal RHF smoother 0.135 0.437 0.709
RUMVRHF smoother (Priori) 0.186 0.482 0.740
RUMVRHF smoother (Posteriori) 0.166 0.469 0.735
RTSRHF smoother 0.140 0.417 0.661
RCCRHF smoother 0.113 0.384 0.647
FMS smoother 0.674 0.977 1.125
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Table 2. RMSE errors for the time interval [50 200] (x1073).
Horizon Length and Lag Size N=20,h=5 N=30,h=5 N=40,h =5
RTSF Kalman smoother 7.386 7.386 7.386
Prev. optimal RHF smoother 7.848 7.321 7.341
RUMVRHF smoother (Priori) 8.031 7.355 7.357
RUMVRHF smoother (Posteriori) 7.968 7.345 7.352
RTSRHF smoother 7.892 7.323 7.345
RCCRHF smoother 7.956 7.393 7.378
FMS smoother 324.983 342.122 343.178
Table 3. RMSE errors for the time interval [201 350].
Horizon Length and Lag Size N=20,h=5 N=30,h=5 N=40,h=5
RTSF Kalman smoother 2.312 2.312 2.312
Prev. optimal RHF smoother 0.225 0.729 1.184
RUMVRHF smoother (Priori) 0.310 0.805 1.235
RUMVRHF smoother (Posteriori) 0.276 0.784 1.228
RTSRHF smoother 0.233 0.695 1.104
RCCRHF smoother 0.189 0.642 1.080
FMS smoother 1.051 15.677 1.817

Second, to highlight the effects of the horizon length and delay size on the proposed
RHF smoothers, we compare the RMSE errors of the smoothers with respect to various
horizon lengths and lag sizes, as shown in Figure 6.

In contrast to all RMSE errors, it can be observed that the proposed RCCRHF and
RTSRHF smoothers and the previous optimal RHF smoother can be optimal choices for
short lag sizes. In particular, in Figure 6c,e, it can be observed that RHF smoothers with
long horizon lengths and short delay sizes perform better than RTSF Kalman smoother,
even in the absence of modeling uncertainties. In addition, the RHF smoothers with large
horizon lengths yield better estimation results than those with small horizon lengths in the
case of an accurate system model.

However, other proposed smoothers are also acceptable for use. From Figure 6b,d.{, it
is observed that the proposed RCCRHF smoother with a short delay size provides better
estimation performance than others in the case of a model mismatch because its averaged
horizon length is shorter than other RHF smoothers. However, the RCCRHF smoother with
a long delay size (longer than half of the horizon length) demonstrates poor estimation
results owing to its increased horizon length. Thus, it can be stated, in the case of a model
mismatch, a short lag size should be adopted for the proposed RCCRHF smoother.

As observed in Figure 6a,c,e, the estimation performance of the previous optimal RHF
smoother is better than the other proposed RHF smoothers. On the contrary, observing
the results in Figure 6b,d f, it can easily noticed that the proposed smoothers demonstrate
better estimation performance than the previous optimal RHF smoother except for small
lag size intervals. In particular, the proposed RTSRHF smoother guarantees its estimation
performance for most lag sizes. Thus, we can infer that the proposed smoothers are robust
and provide more exact estimate than the previous optimal RHF smoother. Furthermore,
we can observe that there is best lag size, and it is close to half of the horizon length.

Third, to demonstrate the computational efficiency of the proposed approaches, the
time-averaged computation times of RHF smoothers are compared, as presented in Table 4
and Figure 7. For fair comparisons, the matrix gains of the batch RHF smoothers are calcu-
lated at every iteration, although the smoothers are designed for time-invariant systems.
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Table 4. Average computation time of RHF smoothers (msec).

Horizon Length and Lag Size N =20,h=5 N=30,h=5 N=40,h=5 N=50h=5

Prev. optimal RHF smoother 1.548 2.257 3.611 6.026
UMVRHF smoother (Batch) 1.426 2.196 3.367 5.425
RUMVRHF smoother (Posteriori) 0.596 0.631 0.821 1.037
RTSRHF smoother 0.532 0.587 0.777 0.992
RCCRHF smoother 0.325 0.341 0.458 0.552

FMS smoother 0.452 0.523 0.764 1.095

As observed from these results, the proposed UMVRHF smoothers in a separated batch-
form have better computational performance than the previous optimal RHF smoothers in
batch form. In Figure 7, we can observe that the computational efficiency of the proposed
UMVRHF smoothers in a separated batch form can be improved by selecting the lag
size near the half of the horizon length. Moreover, the proposed RHF smoothers in a
recursive-form have much smaller computation times than RHF smoothers in a batch-form.
It is clearly noticeable that the proposed RCCRHF smoothers involving short lag sizes
(shorter than half of horizon length) have much smaller averaged computation times than
other smoothers.

In addition, for a long lag size (larger than the half of the horizon length), the compu-
tation time is still smaller than that of the other proposed RHF smoothers, although their
horizon sizes are longer than the others. Furthermore, the proposed RTSRHF smoothers
have better computational performance than the proposed RUMVRHEF smoothers.

5.2. Direct Current Motor System

In this subsection, numerical experiment results are given for direct current (DC) motor
system to verify the applicability of the proposed methods for more practical application.
The discrete-time DC motor model with model uncertainty is given as follows [28,29]:

N _ [o08178+4 00011 | 00006 0 ] 103)
k+1 0.0563  0.3678 +48; | * 0  0.0057 | K
ve = [ 14016 0 Jxx+oy (104)

where the DC motor is assumed to be operated without any payload and drive voltage is
assumed to be encountered as an external unit step source. Covariances for system and
measurement noises are taken as Q = 0.01?I and R = 0.01?, respectively, and the system
parameters of DC motor system are shown in Table 5.

Table 5. Parameters of DC motor.

Description Units Value
Armature Current A state variable (x7)
Rotational Speed rad/s state variable (x;)
Armature Resistance Q 1
Armature Inductance H 0.5
Motor Torque Constant Nm/A 0.01
Motor Inertial Coefficient Nm/(rad/s?) 0.01
Motor Viscous Friction Coefficient Nm/(rad/s) 0.1

The model uncertain parameter & for model mismatch is considered as

5 — 0.05, 200 < k < 350,
k= 0, otherwise.
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For RH smoothers, the horizon length and fixed-lag size are taken as N = 35 and
h = 3, respectively. As shown in the previous experiment, the estimation performance
of RUMVRHEF smoother for posteriori priori state and batch form are similar to that of
the RUMVRHF smoother for posteriori. Thus, in this section, we compare the estimation
results of the RUMVRHF smoother (posteriori), RCCRHF smoother, RTSRHF smoother,
FMS smoother, and RTSF Kalman smoother.
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Figure 6. RMSE errors with respect to the various horizon lengths and lag sizes.
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Figure 7. Time-averaged computation time with respect to the horizon lengths and lag sizes.

Figure 8 and Table 6 present estimation errors and time averaged values of RMSE
errors of smoothers for 200 < k < 350. In addition, the average computation times of RHF
smoothers are presented in Table 7.

As shown in these results, the proposed RHF smoothers estimate the real state well and
provide more exact estimates than RTSF Kalman smoother for the modeling uncertainty.
Moreover, the proposed RHF smoothers have faster convergence speed than RTSF Kalman
smoother as we expected. Furthermore, the proposed RCCRHF smoother has better
computational performance than other compared RHF smoothers. These observations show
that the proposed RHF smoothers can work well and have robustness against temporarily
modeling uncertainty for practical application.

Table 6. RMSE errors of smoothers for the time interval [200 350].

Smoothers RMSE Error (x7) RMSE Error (x7)
RTSF Kalman smoother 0.0540 6.3353
Prev. optimal RHF smoother 0.0044 3.1536
RUMVRHF smoother (Posteriori) 0.0051 3.2190
RTSRHF smoother 0.0034 3.0504
RCCRHF smoother 0.0040 3.0770

FMS smoother 0.0282 4.8560
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Figure 8. Estimation errors of smoothers.

Table 7. Average computation times of RHF smoothers.

Smoothers Average Computation Time (msec)
Prev. optimal RHF smoother 3.0829
RUMVRHF smoother (Posteriori) 1.1896
RTSRHF smoother 1.0909
RCCRHF smoother 0.4852
FMS smoother 0.6780

6. Conclusions

In this paper, novel optimal RHF smoothers have been proposed in batch and recursive
forms for linear discrete time-varying state space models. The proposed RHF smoothers
were obtained by optimally combining local optimal receding horizon filters and smoothers
for the separated sub-horizons. The proposed recursive RHF smoothing algorithm was
formulated as a finite horizon Kalman filtering and information smoothing. Additionally, as
an extension of the proposed recursive RHF smoothing algorithm, a Rauch-Tung-Striebel
type RHF smoothing algorithm and reduced computational complexity RHF smoother
were also proposed to improve the computational efficiency. The proposed RHF smoothers
could provide optimality, unbiasedness, and bounded-input bounded-output stability.
Moreover, the proposed RHF smoothers are independent of any a priori information of the
initial state and assumption of a non-singular transition system matrix. Furthermore, the
proposed RHF smoothers could significantly improve the computational efficiency, which
is major disadvantage of RHF smoothers. Finally, it has been demonstrated via numerical
experiments that the RHF smoothers proposed in this paper can provide better estimation
results than fixed-lag Kalman smoothers in the case of a model mismatch. Furthermore,
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it was also shown that the proposed methods are more computational efficient than the
existing RHF smoothers and applicable for practical application.

However, it is possible to improve the estimation perforamance of the RH smoothing
algorithms by choosing the appropriate fixed lag size and horizon length. Thus, we plan
to investigate the horizon length adjustment method and how to find optimal fixed-lag
size for further improvement of the proposed RH smoothers as future work. Moreover, in
the future, it would be meaningful to extend and evaluate the proposed RH smoothing
algorithms for more practical applications.
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Abbreviations

The following abbreviations are used in this manuscript:

RHF Receding Horizon Fixed-lag

FK Fixed-lag Kalman

BIBO Bounded Input Bounded Output
FIR Finite Impulse Response

IIR Infinite Impulse Response

UMVRHF Unbiased Minimum Variance Receding Horizon Fixed-lag
RUMVRHF  Recursive Unbiased Minimum Variance Receding Horizon Fixed-lag
RTS Rauch-Tung-Striebel

RTSF Rauch-Tung-Striebel Fixed-lag

RTSRHF Rauch-Tung-Striebel Receding Horizon Fixed-lag

RCCRHF Reduced Computational Complexity Receding Horizon Fixed-lag

FMS Finite Memory Structure
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