Newcastle
University

ePrints @

Zhang Y, Huang Y, Li N, Chambers JA.
A Robust Gaussian Approximate Fixed-Interval Smoother for Nonlinear
Systems with Heavy-Tailed Process and Measurement Noises.
IEEE Signal Processing Letters 2016, 23(4), 468-472

Copyright:

© 2016 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained for all
other uses, in any current or future media, including reprinting/republishing this material for advertising
or promotional purposes, creating new collective works, for resale or redistribution to servers or lists, or
reuse of any copyrighted component of this work in other works.

Link to article:

http://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=7416166

Date deposited:

30/03/2016

Newcastle University ePrints - eprint.ncl.ac.uk


http://eprint.ncl.ac.uk/
javascript:ViewPublication(219613);
javascript:ViewPublication(219613);
http://ieeexplore.ieee.org/stamp/stamp.jsp?tp=&arnumber=7416166

A robust Gaussian approximate fixed-interval
smoother for nonlinear systems with heavy-tailed
process and measurement noises

Yulong Huang, Yonggang Zhang, Member, IEEE, Ning Li, Jonathon Chambers, Fellow, IEEE

Abstract—In this letter, a robust Gaussian approximate fixed-
interval smoother for nonlinear systems with heavy-tailed process
and measurement noises is proposed. The process and measure-
ment noises are modelled as stationary Student’s t distributions
and the state trajectory and noise parameters are inferred
approximately based on the variational Bayesian approach.
Simulation results show the efficiency and superiority of the
proposed smoother as compared with existing smoothers.

Index Terms—Gaussian approximate smoother, Student’s t
distribution, variational Bayesian, heavy-tailed noise

I. INTRODUCTION

HE standard Gaussian approximate (GA) fixed-interval

smoothers introduced in [1]-[3] are sensitive to heavy-
tailed measurement noises induced by measurement outliers
from unreliable sensors [4]. To solve the state estimation
problem with heavy-tailed measurement noises, many robust
state estimators have therefore been derived [4]-[10]. How-
ever, these robust estimators may show poor performance for
heavy-tailed process noise [11].

To solve the filtering problem of linear systems with heavy-
tailed process and measurement noises, Roth et al. proposed
a robust Student’s t filter by approximating the posterior
probability density function (PDF) as Student’s t [11]. How-
ever, this filter requires the growth of the degree of freedom
(dof) parameters to be prevented and thereby maintain the
assumption that the estimated state and process/measurement
noise are jointly Student’s t with a common dof parameter
in the filter recursion [12]. An adaptive smoother based on a
variational Bayesian (VB) approach for a linear state space
model with Gaussian noises and unknown noise covariances
was proposed in [13], [14], but it is sensitive to heavy-tailed
process and measurement noises, as will be confirmed in
Section IV. An approach to estimate the unknown parameters
of a Student’s t distribution for an autoregressive model was
proposed in [15], however, this approach is not suitable for
the state space model in this work.
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In this letter, a robust GA fixed-interval smoother for a
nonlinear state space model with heavy-tailed process and
measurement noises is proposed, where the process and
measurement noises are modelled as stationary Student’s t
distributions and the state and noise parameters are inferred
approximately by using a VB approach. Simulation results
show the proposed smoother outperforms existing smoothers
for heavy-tailed process and measurement noises.

II. PROBLEM FORMULATION

Consider the following discrete-time nonlinear system

{Xk =1 (Xp—1) + Wi—1 (1
Zi = hk(Xk) + Vi

where k is the discrete time index, f;_1(-) and hy(-) are
known process and measurement functions, Xg.7 e {x1 €
R"|0 < k < T} is the set of state vectors, and z;.7 = {z; €
R™|1 < k < T} is the set of measurement vectors. The sets
{wp, e R"0 < k <T—1} and {v; € R"|1 < k < T}
contain respectively heavy-tailed process and measurement
noise vectors, and they are modelled as stationary Student’s t
distributions as follows

p(wi) = St(w;0,Q,w)
= [7°° N(wk; 0, Q/&)G(Ex; &, £)dEs

p(vk) = St(vg; 0, R, v) @)
= 0+°° N(ve; 0, R/Ae)G(Ar; 5, 5 )dA

where St(wy; 0, Q,w) and St(vg; 0, R, v) denote the Studen-
t’s t PDFs of wy and v with mean vector 0, scale matrices
Q and R, and dof parameters w and v respectively, and
N(-; pt, X) denotes the Gaussian PDF with mean vector p and
covariance matrix X, and G(+; «, ) denotes the Gamma PDF
with shape parameter « and rate parameter /3, and & and A
are auxiliary random variables. The initial state vector xg, Wy
and vy, are assumed to be mutually independent, and the initial
joint PDF p(xg, Q,w, R, v) is given as follows,

p(x0, Q,w, R, v) = N(x0; Xoj0, P0jo) IW(Q; to, To) x
G(w; co, do)IW(R; ug, Ug)G(v; ao, bo) 3)

where IW(-; lp, Lo) denotes the inverse Wishart PDF with dof
parameter [y and inverse scale matrix Lo, and X9 and Pg)g
denote respectively the initial state estimation and correspond-
ing estimation error covariance matrix, and ty, Tg, cg, do,
ug, Up, ag and by denote respectively the prior distribution
parameters of Q, w, R and v.



III. ROBUST GA FIXED-INTERVAL SMOOTHER

To estimate the state trajectory Xo.7 of a system formulated
as in (1)-(2), we need to compute the joint posterior PDF
p(x0.7, Q, &0.7—1,w, R, A1, v|2z1.7), where o017 = {& €
RO<k<T—1}and \i.yr 2 {\x € R|1 <k < T}. For a
general nonlinear system, there is not an analytical solution for
this posterior PDF. Thus, to obtain an approximate solution,
the VB approach [16] is used to look for a free form factored
approximate PDF for p(xo.r, Q,&o0.r—1,w, R, A\1.1, V|Z1.7),
ie.

p(XO:T; Q> gO:T—lv W, Rv )\1:Ta VlzlzT) ~ q(XO:T)q(Q) X
q(o:r-1)a(w)q(R)g(Ar.1)q(v) 4)

where ¢(-) is the approximate posterior PDF. Accord-
ing to the VB approach, these approximate posteri-
or PDFs can be obtained by minimizing the Kullback-
Leibler divergence between the approximate posterior PDF
q(%0.7)q(Q)q(&0:7-1)q(w)q(R)q(A1:7)q(v) and the true pos-
terior PDF p(xo.7, Q, &o:7—1,w, R, Ai.7, v|z1.7) [17], [18],
and the optimal solution satisfies the following equations

log ¢(¢) = Egw [logp(©,z1.7)] + ¢4 (5)
© £ {x0.7,Q,é.17-1,w, R, A\1.7, v} (6)

where ¢ is an arbitrary element of ®, and O is the set
of all elements in ©® except for ¢, and E[] denotes the
expectation operation, and c4 denotes the constant with respect
to variable ¢. Since the variational parameters of ¢(xo.7),
Q(Q), q(&O:T71>» Q(w), q<R)’ q()‘l:T) and Q(V) are Coupled,
we need to utilize fixed-point iterations to solve equation (5),
where only one factor in (4) is updated while keeping other
factors fixed [17].

A. Computations of approximate posterior PDFs

Using the conditional independence properties of the model
(1)-(3), the joint PDF p(@®,z1.7) can be factored as

p(©,z1.7) = N(x0; X0, PO\O)IW(Q; to, To)G(w; co, do)

I/ ao,bo H

IW(R; up, Ug)G (xk; Tt (xk—1), Q/Ek—1)

k=1
XN (s b (1), R/ G (15 5, 2)G s 5, 5)] (D)

Let ¢ = x¢.7 and using (7) in (5), we can obtain

)G(Akv

= log N(xo; ®oj0, Pojo) — 0.5 »

k=1
{Ixk — oot (- )] "ED[QED (€41 ][xh — Fr1(x5-1)]
+z1, — hyp(xp)] "EQORED [N [z — hy(x)]} + ex (8)

where (-)T denotes the transpose operation, and ¢(+1) () is
the approximation of PDF ¢(-) at the ¢ + 1th iteration, and
E(@[p] is the expectation of variable p at the ith iteration.
Define the modified noise covariance matrices Q| | and R”
as follows

(i+1)(

log ¢ XO:T)

{EO[Q 1}
E0[&_4]

= (i) {EOR}!
@ EO[A]

— R@ _
k-1 = R)’ =

€))

Algorithm T: Standard GA fixed-interval smoother with modified
transition and likelihood PDFs [2]

Inputs: z1.7, Xg)0, Po\o Qk 1’ Rm

Initialization: xélg + Koo Pé‘0 )<—PO‘0
Forward pass.
oy ! (1) pli+D
~ (7 1
Xlk—1 ffk 1(xk—1)N(xp— LiXp 1 k— 17P —1k— 1)dxk 1
+1 1 +1
P,(;‘k )1*ffk 1 (k)BT (ke 1)N (13 % <Z 1‘)k 1,P(1 1‘)k V)
dxc - 1—x;ﬁ:”1<x&:”1> +Q,
(i4+1) o (i+1) (i+1)
P, 1,k|k— ( )ka 1( )1 (- 1)N(xp—13 %, 1|k— P 1|k— 1)
+1 i1
dxp—1 =Xy e k|k— Dt
S(i+1) 1 1
z,(;‘: = [ hy(xk N(xk,xkllz )I,PEJ‘Z )1)dxk
T1 +1 +1
Szk\)kf = [ hy(xi)hy (x)N (xk7xl(:\k )17P1(:\k )1)dxk_
S(i+1) s4(i+1 = (i
STRICURS 12
i+1 S(iF1 1
petios = J e G N o %313 D) PG Y, e
L(i+D) (A(z‘+1) )T
Xhelk—1\Zg|k—1
L(iF1 +1 +1) +1) (i1
x;{”c >)— <z )>+P({z k\l; [P % k\k) 7 e — ( Zl(cz)\k >1}
i4+1) i+1 i+1 1+1 i+1 T
Pkk *Pk\k 1_sz K| k— I(Pzz,k|k71) (sz k|k— 1)
%I;lckward pass
or ]il) i) (i+1)
7 3 3
G( ) P(k 1)Mk 1[Pk(lk ;}( ) _ G+
A(i+41 _ ale+1 z+1 7.+1 ~(i+1
L e A
1+1 _ 1+1 'L+1 1+1 1+1 i+1)\T
L 1T = P, 1|k— 1+ G [Pk|T Pk\k (G2
end for L L
Outputs: {xg‘; ),PECTT' )\0 <k<T}

Exploiting (8)-(9), ¢"t1)(x¢.7) can be computed as

¢ (xp.7) N(x0;%0)0, Pojo) x
T

H IN(xp; fr—1(xx—1), Q;(Ql)N(Zk; hy(xz), R
k=1

R (10)

It can be seen from (10) that ¢“**1) (x¢.7) has the same form as
the posterior PDF of the state in a standard nonlinear system
with modified transition PDF N(x; f—1(xx—1), lel) and
likelihood PDF N(zy; hy(xx), R{"”). Thus, ¢+ (xp.7) can
be approximated as a Gaussian PDF by using the standard GA
smoother [2]. The details of the standard GA fixed-interval
smoother with modified transition and likelihood PDFs are
summarized in Algorithm 1 [2].
Let ¢ = &p.r—1 and using (7) in (5), we have

Z{ n+E n+EWw]

0.5[E)[w] + tr(D ;””E@ [Q D1} +ce

log ¢+ (€0.7—1) —1)log&k_1 —

(1)

where tr(-) denotes the trace operation and D,(jﬂ) is given
by

DY = BUD [ — £ ()] [k — f (xe-1)] 7}
(12)
Employing (11), ¢®"t1)(£,_1) can be updated as
¢ (&1) = G&G—nin 001 )) (13)
where n,(gifll) and 9,(;:1) are given by
moy) =0, 5<n+E< W "
00 = 0.5{EO W] + x(DFTVED [Q])}



Let ¢ = Q and using (7) in (5), log ¢+ (Q) obeys
log q(i+1)(Q) =—0.5(to + T+ n+1)log|Q| — 0.5tr[(Ty

_|_ ZE(Z-'rl) D(Z+1))Q—1] + CQ (15)
Using (15), ¢“tY(Q) can be updated as
¢"t(Q) = TW(Q: i+, T+D) (16)
where £(t1) and T+ are given by
T
P+ — g 4T T+ — g+ ZE(i+1)[£k71]D](€i+1)
k=1
(17)
Let ¢ = w and using (7) in (5), log "+ (w) is updated as
T
log ¢ (w) = (¢g — 1) logw — dow + Z{O.Sw log(0.5w)
k=1
—log I'(0.5w) + (0.5w — 1)EV(log &, 1] —
0.5wE Ve 1]} + e (18)

where I'(+) is the Gamma function. Using Stirling’s approxi-
mation: log I'(0.5w) =~ (0.5w — 0.5) log(0.5w) — 0.5w in (18)
[71, [15], log ¢t 1) (w) obeys

log q<i+1>( ) = (co+0.5T — 1) logw — {doy — 0.5T —

0. 52 B+ log &x1] — BTV [6 1)) (19)
According to (19), ¢V (w) can be updated as
¢ (W) = Gw; e, d0Y) (20)

where ¢(i+1) and d(+1) are given by

et = oo 4+ 0.5T
EC+Dlog &,_1] —

. T
dtY) =dy — 0.5T — 0.5 3 {
_ k=1
ECHD g 4]}
(21)
Similar to the computation of ¢V (&,_1), let ¢ = Ay
and using (7) in (5), ¢@+1)(\) can be updated as

¢ ) = GOusal ™ BITY) (22)
where a,(jﬂ) and ﬂ,(jﬂ) are given by
ol = 0.5(m + EO [V])
{ (4 _ 0 5(EO] 1 e(BAHEO R}
where E( s given by
BV = U [z — e ()] [z — hi(x)]"} 24)

Similar to the computation of ¢(*1(Q), let # = R and
using (7) in (5), ¢ (R) can be updated as

q(i+1)(R) — IW(R; ,&(i—i-l)’ 'U’(i-i—l)) (25)
where 41 and UG+ are given by

T
U+ = Uy + 3 ECFD N JELY
k=1

ﬂ(i—H) =wug+T

(26)

Likewise, for the computation of ¢(“+1)(v), let ¢ = v and
using (7) in (5), ¢tV (v) can be updated as

¢V (1) = G(u; 60D H6HD) @7)
where a(t1) and b(+1) are given by
al*h = ag 4+ 0.5T
b+ = by — 0.57 — 0.5 i {EE D log A] — BEFD AL}
= (28)

B. Computation of expectations

Using (13), (16), (20), (22), (25) and (27), we can compute
the required expectations as follows.

(z+1)[ ] ( (1+1) n— 1)(T(i+1))—1
EOD[g ] = gD /00D EGD[] = a6+ /gD
EG+D[] (i+1) 1 9(“‘1)
[log &k—1] = ¥(n ) 08Uy _1
E(z+1)[R ] _ (u(erl) _ 1)(ﬁ(i+1))—1
E(z+1)[>\k] (z+1)/ﬂ(1+1 E(i+1)[V] _ d(¢+1)/3(i+1)
EG+D [log \] = (o ,<;+1>> log AL
(29)
DY = f{xk):—fk 1(X1(<: 1))][ (fk—)l(xkfl)}TN(
1 +1 i+1
|:Xk—1:| . [Xk: 1|)T 1(31; )1|T Pk}l,k%T Ydx,_1dx;,
i+1 ’ i+1 i+1 -
Xk X P )t Prr _
E{ Y = [z, — by (xi)]f2x — by ()] "N (e 5 1
i+1
- (30)
where t(-) denotes the digamma function [10] and P,(jjll’)le
is given by [19]
(i+1) (z+1 (i+1)
P, Lk|IT = Gy Pk|T GD

where G,(;jll) denotes the smoothing gain at the ¢ 4 1th
iteration and it is given in the fifth line from the bottom
of Algorithm 1. The Gaussian weighted integrals formulated
in (30) can be approximated using a sigma-point scheme,
such as the third-degree spherical radial cubature rule [3].
The implementation pseudocode for the proposed robust GA
fixed-interval smoother is shown in Algorithm 2, where 1741
denotes the 7" dimensional column vector of ones.

IV. SIMULATION

In this section, the proposed smoother is applied to the
problem of tracking an agile target which is observed by
radar in clutter. The process and measurement outliers may
be induced respectively by rapid motion and unreliable radar
in clutter. The state-space model can be formulated as [20]

I AtI
xp= |3 o1 + Wi (32)
0 I
PR
_ | VTR Ty
2k = [atanQ(ymxk)} VR (33)

where x;, = [zr yr Tk Uk, and xg, Yy, T and g denote
the cartesian coordinates and corresponding velocities. The
parameter At = 0.5 is the sampling interval and I is the two



Algorithm 2

Tnputs: z1.7, Xo|0- Pojo- to. Lo, co. do, uo, Uo, ao, bo, N

1. Initialization: #(0) « ¢y, T(0) « TQ, )+ ¢o, dO) « dy

@9 — ug, UO « Ug, a® «— ag, b « by, 77(()?T71 — 1ryi,
0 0 (0)

9( ) _1 ¢ 1rxa, Oég% — 17k, ,31 o 1rxa

2 Compute initial expectations using (29).
fori=0: N —

3. Compute Q( Y and R( ) using (9).
4. Run Standard GA fixed- 1nterval smoother with modified noise
covariance matrices Q kl , and R in Algorithm 1.

5. Compute DY) and E{"™) using (30)-(31)

6. Compute n(l"'l) 9,(;"'11), a(,H'l) B(H'l) using (14) and (23).
7. Compute expectations E(”l)[logﬁk_l} B+ [gp_1],
ECG+Dlog A, EGTD[)\;] using (29).

8. Compute £(+1D) | T+ ale+1) Jii+1) g+ {l+l),
ale+D) | pl+1) ysing (17), (21), (26), (28)

9. Compute expectations ECGTD[Q 1], E(+D[w], ECHD[R~1],
ECG+D (1] using (29).

end for

10. {Zgj7 < X{)7, Prjr < P20 <k < T}

OlltplltSZ {Xk\T:Pk|T|0 S k < T}

dimensional identity matrix and atan2 is the four-quadrant
inverse tangent function. Similar to [11], outlier corrupted
process and measurement noises are generated according to

w N(0,%,) w.p. 0.8
FAN(0,10008,)  w.p. 0.2 34)
Vi~ N(0,X%,) w.p. 0.8
FTAN(0,100%,)  w.p. 0.2
where w.p. denotes “with probability” and 3, and 3, are

nominal process and measurement noise covariance matrices

5. _ [M’Iz A;?IQ] 5, = {IOOmZ 0

ART AL 0 16mrad?| @

In this simulation, the standard cubature Kalman smoother
(CKS) [2], outlier robust CKS [4], CKS with unknown noise
covariances (CKSWUNC) [13], [14], the proposed robust CKS
with fixed noise parameters (the proposed CKS-fixed), the
proposed robust CKS with estimated Q and R and fixed w
and v (the proposed CKS-QR), the proposed robust CKS with
estimated w and v and fixed Q and R (the proposed CKS-wv),
and the proposed robust CKS with estimated Q, R, w and v
(the proposed CKS-QRwv) are tested. Note that CKSWUNC
is obtained by using the Rauch-Tung-Striebel smoother in
[13] combined with the third degree spherical radial cubature
rule [3] based statistical linearization of the nonlinear system.
The scale matrix and dof parameter of the existing outlier
robust CKS are set as 3, and 5. The parameters of existing
CKSWUNC are set as: 19y = 6, Vg = X, po = 4,
M, = 3,. In the proposed robust CKS, the initial parameters
of estimated noise parameters are set as: to = 6, Tg = X,
U0:4,U0:EU,GQ:C0:5,b0:d0:1,and
the fixed noise parameters Q, R, w and v are respective-
ly set as X, 3,, 5, and 5. The initial true state vector
xo = [10000,1000, 300, —40]7, and the initial estimation
error covariance matrix Pgo = diag([100 100 100 100]),
and the initial state estimation X|o is chosen randomly from
N (Xo,PO‘O). The number of measurements is chosen as
T = 200, and the number of variational iteration is chosen
as N = 10, and 1000 independent Monte Carlo runs are

= = = Standard CKS

250 trevoon Outlier robust CKS

CKSWUNC
200 The proposed CKS—fixed 3
150 The proposed CKS-QR -

The proposed CKS-wv R
The proposed CKS—QRuw| S

L
2 9 20 40 60 80 100
e Clan m, "N, PR ,’\a~.“\‘l“\
", - - \
20
0 . 60
Time (s)
Fig. 1: RMSE of position.
= = = Standard CKS
'+ Outlier robust CKS
CKSWUNC
60 The proposed CKS—fixed
The proposed CKS-QR 2
40+ The proposed CKS—uv S
L The proposed CKS—-QRuwv| o~
DO R v T T T T T T
0 . . .
20 40 60 80 100
' ‘ raghn ol T .
1 . P8 b T 2N R URW WS 'l
14|y pe vt Jfey \'lv“l MY
— . ~
<@ ve
£
3 12 u
W
%}
=
T 19 4
8

9 éO 4‘0 66 8‘0 100
Fig. 2: RMSE of velocity.
performed. The root-mean square errors (RMSEs) of position

and velocity are chosen as performance metrics, which are
defined as

RMSEpos = | 77 Z 2+ (s

where (z,y;) and (27,95 ,) are the true and estimated
positions at the s-th Monte Carlo run and M denotes the
number of Monte Carlo runs. Similar to the RMSE in position,
we can also write formula for the RMSE in velocity.
Fig.1-Fig. 2 respectively show the RMSEs of position and
velocity from the proposed CKSs and existing CKSs. It can be
seen from Fig.1-Fig. 2 that RMSEs from the proposed CKSs
are smaller than that from existing CKSs. We can also see from
Fig.1-Fig. 2 that both the proposed CKS-QR and the proposed
CKS-wr have smaller RMSEs than the proposed CKS-fixed,
and the proposed CKS-QRwv has the smallest RMSEs. Thus,
the estimation accuracy of the proposed smoother is further
improved by learning noise parameters adaptively from data.

“Bk|k 7@}‘;]@)2] (36)

V. CONCLUSION

In this letter, a robust GA fixed-interval smoother for
nonlinear systems with heavy-tailed process and measurement
noises was derived based on the VB approach. The simulation
results of radar tracking with process and measurement outliers
showed the proposed smoother has better estimation accuracy
than existing GA fixed-interval smoothers.
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