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ABSTRACT known from Kalman filtering (KF) theory [3]. The notation
Linear state-space model with uniformly distributed innova-*t € %":4: € R, u, € 1, follows traditional conventions
unobserved state, output and input vectors respectively.

tions is considered. Its state and parameters are estimat > o :
under hard physical bounds. Off-line maximum a posteriorf \\S0: the identifiersi, 3, C, D of the involved parameter ma-
trices of appropriate dimensions are standard in linear filter-

probability estimation reduces to linear programming. No ap- ) .
proximation is required for sole estimation of either model"9 @S well as common notatidh for unknown elements in

parameters or states. The noise bounds are estimated in bgih: C: D- Unlike in the KF case, the distributions of vector
andv, are assumed to be uniform

cases. The algorithm is extended to (i) on-line mode by ednnovationsw;
timating W|th|n a_slldmg _vvmdow, and (i) joint state and pa- Flw) =U(0,r,), f(v)=U(0,r,). )
rameter estimation. This approach may be used as a start-
ing point for full Bayesian treatment of distributions with re- U (11, 7,) denotes uniform pdf on the box with the center
stricted support. and half-width of the support interval..
Equations|[(]l) together with the assumptidris (2) define the
1. INTRODUCTION linear u_niform s_tate-space_ model (LU). This model comple-
ments its classical Gaussian counterpart (LG) and provides

Statistically inclined research concentrates naturally on stoct§- following advantages: (i) it respects natural bounds on

tic features of the modelled systems and evaluated estimaté§ochastic disturbances, (i) it allows estimation of the innova-

However, practically oriented engineers are more concerndPn range (unlike KF), and (iii) it allows—without excessive

with bounds on parameters and states. Respecting physi(gﬂmputational demands—to respect hard, physically justified,

bounds is a challenging problem especially when the boundior bounds on model parameters and states. Moreover, the

are uncertain. A range of approaches to this problem ha'esence of_finite_harq bounds.makes the app.ro.ximate exten-

been published, including unknown-but-bounded methodoiSions of basic estimation algorithms (such as joint parameter

ogy [1] or elliptical approximations [2] to name a few. They and state estimation) more robust.

often intentionally avoid statistical aspects in order to focus

on bounds. This dominating focus restricts their use. Here, 3. OFF-LINE ESTIMATION

we respect both uncertainty and physical bounds by exploit-

ing Bayesian approach. Hard physical bounds are modelled¢/e assume that the generator of the inpdts = (u4, ..., u)

by restricted support of the corresponding joint probabilitymeets natural conditions of controll [4]. They formalize as-

density function (pdf). sumption that information about unknown guantities for gen-
We show that off-line evaluation of maximum a posteri- eratingu, can only be extracted from the observed dété ',

ori probability (MAP) estimate of linear state-space modewhered; = (y:,u;). Then, for a given initial state,, half-

with uniform distributions of innovations is equivalent to lin- widthsr,, r, and parameter®, the joint pdf of data and the

ear programming (LP). This observation is a starting poinstate trajectory:'** of the LU model is

for extensions of the approach for more complex models. As n m

a fi_rst sFep, we propose the use of sliding-window.for on-line (d1:t7 $1:t| L0, Ty Ty @) o H r;g H T;§X(5)~ )

estimation. Moreover, the use of Taylor expansion for ap- =1 =1

proximation of non-linear models yields algorithm for joint

parameter and state estimation. x(S8) is the indicator of the suppof. « denotes equality up

to a constant factor. The convex sets defined by inequali-

ties,
2. LINEAR UNIFORM STATE-SPACE MODEL

—Tz é $T—A(ET,1—B'LLT S Tey, =Ty S yT_CxT_DuT S Ty-
We consider the standard linear model ) o
wherer = 1,2,...,t. Bayesian estimation afg, 7, r, re-

zy = Azy_1 + Buy +wy,  yr = Cxy + Dug+v¢, (1)  quires to complement the conditional pff (3) bywor pdf



f (xo,rz,my|©). For knowno, it can be chosen as uniform in the final paper. For illustration, estimates of lower bounds
pdf on supportS, defined by inequalities on interval of innovations,, r, for a simple LU model with
two-dimensional state and one-dimensional observations is
So=A{zy <wo<To, 0<ry <Ts, 0<7ry<Ty}. (4) presented in Figufg 1.

Here, Ty denotes a prior upper bound on the initial state. The half—range of state innovations
meaning of other bounds is similar. For unkno@nthe uni- 01F .

form prior pdf f (zo, 74,7y, ©) can be chosen on the s@ (4) =~ o.05 ]
extended by condition® < © < ©. )

For fixed observationg':* and uniform prior), the ex-
pression[(B)—on suppofnSy—is proportional tgposterior =
pdf. Due to the power?, it is sharply peaked at lower bounds ~ O'Oi e S
onr, andr,. Moreover, the number of vertices of the sup- half-range of output innovations
portis proportional to the number of data. The proportionality oM ]
factor may be large for realistic systems. Consequently, eval~= o0.05 | M
uation of moments of this pdf is computationaly demanding. g 25 s o s o0
This motivates our focus on MAP estimation of all unknowns. time

Without loss of generality, we assume that elements of
. andr, are (significantly) smaller than 1. Under this as-Fig. 1. lllustration of performance of the algorithm for es-
sumption, the negative logarithm of the posterior pdf can b&imation of half-range of innovations. Dashed line denotes
approximated by sum of elementsrgfandr, on the convex, simulated and full-lines estimated values.
linearly restricted sef N Sy. Thus, MAP estimate of states
and r;,r,, for a given®, is found by linear programming
(LP). Efficient algorithms for solution of high-dimensional 5. CONCLUDING REMARKS
LP problems are widely available.

o T T i

The proposed approach opens a way for on-line parameter
4. ON-LINE ESTIMATION and state estimation for a class of non-uniform distributions
with restricted support as well as for Bayesian filtering of
Standard Bayesiafiltering and smoothing with a fixed lag non-linear systems. The directly feasible cases are those in
d > 0 integrates out from the posterior pdf the superfluougvhich linear programming is replaced by convex program-
statex;__; in each time step, However, with increasing ~ ming. Moreover, the outer approximation of the support by
this operation yields increasingly complex support of the posellipsoids or by union of boxes is a good preliminary step
terior pdf and soon becomes intractable. The unknown-bufor an efficient application of sampling-based estimation al-
bounded approaches! [1, 2] face this problem by a recursiv@orithms.
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