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Low-rank Kalman filtering under model uncertainty

Shenglun Yi and Mattia Zorzi

Abstract— We consider a robust filtering problem where the
nominal state space model is not reachable and different from
the actual one. We propose a robust Kalman filter which solves a
dynamic game: one player selects the least-favorable model in a
given ambiguity set, while the other player designs the optimum
filter for the least-favorable model. It turns out that the robust
filter is governed by a low-rank risk sensitive-like Riccati
equation. Finally, simulation results show the effectiveness of
the proposed filter.

I. INTRODUCTION

Kalman filtering is widely used. However, it leads to poor
performances in some applications. This is because the filter
is based on a nominal model which is usually different than
the actual one. To address such a weakness, robust versions
based on the standard Kalman filter have been considered,
[1-[5].

Risk sensitive Kalman filters [6]-[9] address the model
uncertainty by replacing the standard quadratic loss func-
tion by an exponential quadratic loss function. The latter
severely penalizes large errors. Such severity is tuned by the
so called risk sensitivity parameter. Later on, it has been
proved that risk sensitive Kalman filtering is equivalent to a
minimax game, [10]-[12]: one player (called nature) selects
the least-favorable model in a given set (called ambiguity
set), while the other player designs the optimum filter for
the least-favorable model. Here, the ambiguity set is a ball,
in the Kullback-Leibler (KL) divergence topology, about the
nominal model. The radius of this ball depends on how much
uncertainty the nominal model contains.

A modern formulation of risk sensitive filters is repre-
sented by robust Kalman filters where the model uncertainty
is expressed incrementally, [13]-[18]. More precisely, the
ambiguity set is specified at each time step: in this way
the nature cannot concentrate all the uncertainty in one
specific time step. These filters are built from a robust
static estimation problem showing that the Bayes estimator is
optimal with respect to the ambiguity set formed by the KL
divergence, [19]. Interestingly, these results can be extended
to ambiguity sets formed by the 7-divergence, [20], [21].
These robust Kalman filters, however, are well defined only
in the case that the dynamic game involves non-degenerate
probability densities. Such a condition is guaranteed by
assuming that the nominal state space model is reachable
and observable.
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The contribution of this paper is to extend this robust
Kalman filtering approach in the case that reachability is
not assumed. In this case the dynamic game could involve
degenerate Gaussian probability densities, i.e. their covari-
ance matrices are low-rank. It turns out that the resulting
robust Kalman filter is governed by a low-rank risk sensitive-
like Riccati iteration. Although low-rank and singular Riccati
iterations have been studied in the literature, e.g. [22]-[24],
our iteration appears to be new.

The outline of the paper is as follows. Section [lI| regards
the low-rank robust static estimation problem showing the
optimality of the Bayes estimator. The latter is then used
to derive the low-rank robust Kalman filter in Section [II
Some simulations are presented in Section which show
that the proposed filter outperforms the Kalman filter in the
case of model uncertainty. Finally, the conclusions and the
future work are discussed in Section

We warn the reader that the present paper only reports
some preliminary result regarding the robust estimation under
model uncertainty in the case that reachability is not as-
sumed. In particular, all the proofs and most of the technical
assumptions needed therein are omitted and will be published
afterwards.

Notation: The image of matrix K is denoted by Im(K).
Given a symmetric matrix K: K > 0 () > 0) means that
K is positive (semi) definite; 0,4, (K) is the maximum
eigenvalue of K. The symbol diag (dy,--- ,d,) denotes the
diagonal matrix whose entries in the main diagonal are
dy...dy. © ~ N(m, K) means that x is a Gaussian random
variable with mean m and covariance matrix K.

II. LOW-RANK ROBUST STATIC ESTIMATION

We consider a robust static estimation problem where
we want to estimate a random vector z, taking values in
R™, given the observation vector y, taking values in RP,
and whose joint probability distribution is degenerate. More
precisely, let z := [ 2 y” ]T and f(z) ~ N (m., K,)
denote the nominal probability density function of z where
m, € R"P and K, € R*"P*X"+P are such that

mz_[my}’ KZ_{KW Ky }
We assume that K, is such that rank(K,) = r + p with
r < nand K, > 0. Moreover, let f(z) ~ N (1n,, K.) be the
actual probability density function where rank(f{ 2) =T+D.
Accordingly,

F(z) = [(2m) P det™ (K.)]/?

(D

mz)T K'(z—m.)

1
X exp _Q(Z_ ]



and

f(z) = {(27r)7’+:0 dett (Kz)] —1/2

X exp {; (z—m.)" K (2 — mz)}

2

where K and f(j are the pseudo-inverse of K. and K.,
respectively, and det™ is the pseudo-determinant. Notice
that the supports of f, and f, are, respectively, the r 4 p-
dimensional affine subspaces

A={m, +v,
A= {m. +u,

velm(K,)}

v e Im(K,)}.

To measure the mismatch between f(z) and f(z) we intro-
duce the KL-divergence between these degenerate probabil-
ity density functions. In order to do that, we have to impose
A = A, indeed such divergence is not able to measure
“deterministic” discrepancies between the nominal and the
actual model. The latter condition is equivalent to impose
that

Im(K,) =Im(K,), Am, € Im(K,)

where Am, = m, —m,. Under the aforementioned assump-
tion, the KL-divergence is defined as

D(f,f) = / In (f (2) ) f(z)dz. 3)

a \J(?)
Substituting (1) and @) in @), it is not difficult to see that

D(f, f) =% [AmI K Am, +Indet*(K.) “
—Indet™(K.) + tr (K:'I}'z) —(r —l—p)} .

Lemma 1. Let f(2) ~ N (m., K.) and f(z) ~ N (1., K.)
be degenerate Gaussian probability density functions with the
same 1 + p-dimensional support A. Let

U= {m, eR"P st m, —m, € Im(K,)}
V={K, cR""P*"P g1 K, = KT Im(K.) = Im(K_)}.

Then, D( £, f) is strictly convex with respect to m. € U and
K. € V. Moreover, D(f, f) > 0 and equality hold if and

only if f = f.

Assume that the nominal density f is known while the
actual one f , having the same support of f, is not. Next, we
design a robust estimator # = ¢%(y) of z according to the
worst probability density f (z) belonging to the ambiguity
set which is a ball

B={f~N(n.,K.) st D(f,f) <c}

where c is the mismodeling budget hereafter called tolerance.
More precisely, we aim to solve the following minimax
problem

(f°,¢°) = argminmax J(f, g) (5)
9€9 feB

where

J(f,9) = SE7 [IH(z — g(y)]?]

H € R?*™ with ¢ < r and full row rank; G is the set of
estimators for which E [||H (z — g(y))||*] is bounded with
respect to all the Gaussian densities in B.

Theorem 1. Let f be a Gaussian (possibly degenerate)
density defined as in @) with K, > 0. Assume that
Im(HT) C Im(P) with

P:=K, — Koy K, ' Ky,. (©6)

Then, the least favorable Gaussian density f° is with mean
vector and covariance matrix

~0 _ _ | Mg 0
mz_mz_|: :|7 KZ_|:

kx K:vy
My

K,, K,
so that, only the covariance of x is perturbed. Then, the
optimal robust estimator is the Bayes estimator

°(y) = Go (y — my) + m, (7)

with Go = Ky K, L. The nominal posterior covariance
matrix of x given y is given by (6], while the least favorable
one is:

P:=K, - K;yK;'Ky,.
Then, we have
P= (Pt - X'HTH)*.

Moreover, there exists a unique Lagrangian multiplier X\ >
Omaz(Q) > 0, such that c = D(f°, f) where

Q:=HH'(HP*HT)'HHT.

Remark: In the case that P > 0 then f is a non-degenerate
density. In such a case, Theorem [l| still holds and: the
pseudo-inverse is replaced by the inverse; moreover, H' H
can be chosen as the identity matrix. In the latter case, we
recover the robust static estimation problem proposed in [19].

III. LOW-RANK ROBUST KALMAN FILTER

We consider a nominal Gauss-Markov state space model
of the form:

{ Ti41 = At.I‘t + Bﬂ]t (8)

Yyt = Crxy + Dyvy

where A; € R™" B, € R™"tP (, € RP*" D, €
RPXn+P; g, and 7, are the state vector and the observation
vector, respectively. v; is normalized white Gaussian noise.
We assume that D; D] > 0 that is all the components of the
observation process are affected by a full rank p-dimensional
noise. Let z; := [ o\, y/ }T, so the nominal conditional
transition probability density function of the nominal state
space model is ¢¢(z¢|xy) ~ N (m,|q,, K., |z, ) With

A, B,BY B,DT
May|z, = Ct Tt, Kzt\a:t = DtB;T Dth“



Notice that K., |,, is not necessarily positive, i.e. ¢;(z|xs)
could be degenerate. Indeed no assumption on B; has been
made. Then, we assume at time ¢ the a priori conditional
density of x; given Y;_1 := {yo...y:} is

ft (It\Yt—l) NN(i’t,pt) &)

with rank(ﬁt) = 7
nominal density

Therefore, we obtain the pseudo-

£ (Vi) = /A 61 (zolee) F, (@1 Vi )das

where A, denotes the support of f;. Then, it is not difficult
to see that f; (2|Yi—1) ~ N (m,,, K.,) with

m,, = A z K.
zZt Ct ty

— Tt41

g
YtTt41

where the conditional covariance matrix K, takes the para-

metric form

A ~ B
o= &) miar arye | o o
(10)
Notice that the support of f; (z;|Y;—1) is the affine subspace

KIt+1yt
K

Yt

Ay i={m,, + wy, w; €Im(K,,)}.

Let ét(ztm) be the actual least favorable density of z;
given ;. Then, the marginal density is

(ﬂwﬂnfnzi/_@<amnﬁ«%n@JMm.

In what follows, we assume ¢; is Gaussian, accordingly the
pseudo-actual density f; (z¢|Yi—1) ~ N (mzt,KZt) is Gaus-
sian. In order to measure the mismatch between f;(z:|Y;—1)
and f;(z|Y;_1) using the KL-divergence we impose that
ft(ztDQ,l) has the same support of fi(z|Y;—1). Accord-
ingly, Im(K,) = Im(K.,) and Am., = 7., — m., €
Im(K,,). Under the above assumptions, we assume that the
actual density belongs the following ambiguity set

Bt:{ftNN(mzt’K%) s.t. D(ft,ft)SCt}. (11)

It is worth noting that the model uncertainty in (II) is
expressed incrementally. In plain words, the tolerance c;
represents the mismodeling budget allowed at time ¢. Then,
we consider as robust one step-ahead predictor ;1 of x4

given Y, the solution to the following minimax game
41 = argmin max jt(ft,gt) 12)
9t€Gr  ft€B:

where

L@#QZ/\WN%H—%@MWﬁ@MLﬁ@u

t

H; € R7*™ with ¢ < r is a square root of the projection
matrix having the same image of Py, i.e. HI Hy is the
projection matrix such that Im(H H;) = Im(P; 1), where

Pt+1 = Kwt+1 - K$z+1,yt (13)

KK

Yt, Tt41°

In the case that P4
matrix and thus || H (2441 —ge ()| = ||(93t+1 —gt(yt))
Accordingly, the minimax problem in (12) boils down to the
one in [13].

Remark: Condition (9) means that, using the terminology
coined by Hansen and Sargent [25], the maximizer in (12) is
operating under commitment, i.e. the maximizer is required
to commit all the least favorable model components at early
stages with the estimating player.

To solve Problem we use Theorem [T Indeed, replac-
ing f, f, g, H by fi, fi, g1, Hy, respectively, it is not difficult
to see that all the assumptions are satisfied. In particular the
condition on H,; is satisfied and we have

> 0, then H; is an orthogonal
2.

Ky, = CBCl + D:D! > DD > 0.

Then, the least favorable density is fo(z|Viiy) ~
N(m.,, K,) where

Rop= [ oo

Yt ,Te+1 Kyt

K

Tt4+1,Yt

Then, the nominal posterior covariance of z;4; given Y; has
been defined in (T3) and the the least favorable one is
5 ° -1
Pt+1 = Kwt+1 - K$t+1,ytKyt Kyt’thrl'
Moreover,
Py =

( t+1 At+1I{TI{t)

where Ny > Opao(HiH (H,PY HE) P HHE) is the
unique solution of the following equation

(Pt ) ::% {1ndet+(Pt+1) ~Indet™ (Pyy)
ttr [P Py = Iy, | | =
Moreover, the robust estimator is
Aty + Gy (yr — Cry) -
where G; = K,

Te1,y Ky:1 and by equation , we get the
parametric form of G and P

Gt = (AtptCtT + BtD?)(CtﬁtC? + Dth')_l
= AP AT -G (CiP,C] + D, D] GY + BB (14)

Ti41 =

Py

Algorithm 1 Low-rank robust Kalman filter at time ¢

Require: y,, i;, P,, ¢
1: Gy = (A P.C, + B,DT(C,P,CT + D,DT)~!
2 Bpp1 = Ay + Gy (ye — CiZy)
3 Py = ABAT — Gy (CtPtC;f + DtDtT) GT + BB
4: Select HI' H; as projection matrix with image Im(P; 1)
5: Find A¢ s.t. v (Prg1, At) = ¢t

6

Py = (P — N\ YHTH,) T

Algorithm [T] summarizes the robust Kalman filter that we
obtain. It is worth noting that steps [3] and [6] represent a risk
sensitive-like Riccati iteration which is well defined also in



the case that Pt is low-rank. Notice that §; := A\, 1 represents
the time-varying risk sensitivity parameter. In the situation
that ¢; = 0, i.e. the actual model corresponds to the nominal
model, then we have 6; = 0 and thus P, = 15t; in particular,
(T4) become the usual Riccati equation and thus we obtain
the standard Kalman filter.

IV. SIMULATION RESULTS

We consider the linear time-invariant model

Ti41 = A.’Et + BUt
1
where
1.1 0.1 0.1 1 0
A= 0 06364 —-06364 |, B=]0 0|,
0 0.6364 0.6364 0 0

C=[100], D=[0 1],

and g ~ N (0, PO) with

~ 1
=10
0

Notice that the pair (A, B) is stabilizable, but not reachable.
Finally, the pair (A, C) is observable.

First, we compare P; and P, by using the robust Kalman
filter (RKF) of section [l and the Kalman filter (KF).
More precisely, we consider two values of the tolerance for
RKF: ¢; = 5-1072, ¢o = 8-10"2 and we denote the
corresponding robust filters as RKF1 and RKF2, respectively.
Figure (1| shows the trace of P; over the time horizon [0, 90].
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Fig. 1. Trace of P; for KF, RKF1 with ¢ = 5 - 102, and RKF2 with
¢ =8-1072. Recall that P; = P; for KF.

Clearly tr(P;) of KF converges to a constant value because
the nominal model is stabilizable and observable, indeed
it is well known that the corresponding Riccati equation
converges to a unique solution. In regard to RKFI1 and
RKF2, tr(P;) converges for both. Moreover, the larger ¢
is, the more tr(F;) is different from the one of KF. It is

worth noticing that rank(P;) = 2 for KF, RKF1 and RKF2.
Figure [2] shows the minimum nonnull eigenvalue of P;: we

Minimum nonnull eigenvalue of P,

0 10 20 30 40 50 60 70 80 90

Fig. 2. Minimum nonnull eigenvalue of P; as a function of ¢ for KF,
RKF1 with ¢ = 5- 1072, and RKF2 with ¢ = 8 - 1072,

notice that rank(P;) — 1 as ¢ — oo for all the filters.
This is clearly expected from KF because the corresponding
algebraic Riccati equation admits a unique solution with
rank equal to one. It is also worth noting that the highest
convergence rate to the rank one solution is given by KF,
while the larger c is, the slower the convergence rate is.
Figures [3| and 4| show the trace of P, and its minimum
nonnull eigenvalue as a function of . Similar observations
can be made also in this case. Finally, Figure [5] shows the
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Fig. 3. Trace of Pt for KF, RKF1 with ¢ = 5 - 102, and RKF2 with
¢ = 8-1072. Recall that P, = P; for KF.

risk sensitivity parameter 6; as a function of ¢. As expected,
it converges to a constant value and the larger c is, the larger
0, is.

Next, we evaluate the performance of RKF2 and KF
assuming that the actual model corresponds to (I3). Let
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Fig. 4.  Minimum nonnull eigenvalue of }St as a function of t for KF,
RKFI with ¢ = 5- 1072, and RKF2 with ¢ = 8 - 1072,
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Fig. 5. Risk sensitivity parameter 0; as a function of ¢ for RKF1 with
¢=5-1072, and RKF2 with ¢ =8 - 1072

€41 ‘= Ty41— T4 be the prediction error using a predictor
of the form

= Ak + Gi(ye — Ciy).

Then, it is not difficult to see that e;11 = (A — G.C)es +
(B — GD)v,. Thus, e, is a process with zero mean and
with covariance matrix V; := E[e;el]. The latter is given by
solving the following Lyapunov equation

Vie1 = (A-GiOVi(A~G,0)T +(B~G,D)(B~G,D)".

Figure [6] shows tr(V;) for RKF2 and KF. As expected, KF
performs better than RKF2. Indeed, the former has been
designed to be optimal for (T3).

Finally, we compare the performance of RKF2 and KF
using the actual model

Ty (16)

= Agt =+ Bft
= égt + D5t

€t+1 (17)

2.5

KF
24 H RKF| |
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2.2

21rf
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18
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t
Fig. 6. Scalar variance of the prediction error for KF and RKF2 with

¢ = 81072 under the assumption that the actual model coincides with
the nominal model.

where
[ 1.1 0.1 0.1 0.1033 0.0663  0.0295
0 0.6364 —0.6364 0 0 0
A 0 0.6364 0.6364 0 0 0
o 0 0 0.4365 0.2131 0.1503
0 0 0 0 0.6364 —0.6364
| 0 0 0 0 0.6364 0.6364
[ 1.182 0
0 0
~ 0 0
B = 1.4188 —0.92
0 0
| 0 0
C = [1 0 0 —0.0868 —0.0557 —0.0247 |
D= -02821 1.0956 |,
& = [ zl nt ]T, and &; is normalized white Gaussian

noise. Note that z; is the actual state, while 7; is a per-
turbation process. Model is a perturbed version of (I3).
Indeed, the green parts in A, B,C,D correspond to the non-
perturbed parts of matrices A, B, C' and D; the red parts in
A, B, C, D correspond to the perturbed parts of matrices A,
B, C and D; the blue parts are the terms coupling z; and
y¢ with the perturbation process 7);. Consider a predictor of
the form @) Let e, = x4 — &+ denote the prediction error
of such a predictor under the actual model in (T7). Since the
submatrices in A and C corresponding to A and C' are not
perturbed, then it is not difficult to see that

Eip1 = (A G/ )é} (B—C}Qb)at

where & = [e] o7 |7, G} = [(G;)T 0]T. Thus, e
is a process with zero mean and with covariance matrix
V; := Elesel']. The latter is given by solving the following
Lyapunov equation

Mys1 = (A= GOV (A—GlC)T
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tr(V;)

Fig. 7.  Scalar variance of the prediction error for KF and RKF2 with
¢ = 81072 under the assumption that the actual model is different from
the nominal one.

and

I, = [ Viox } .

* ok
Figure [7| shows tr(V;) for RKF2 and KF. In this case the
former performs better than the latter.

V. CONCLUSIONS

In this paper, we consider a robust static estimation
problem in the case that the nominal density is Gaussian
and possibly degenerate. We apply such a result to design a
robust Kalman filter which can be used also in the case that
the reachability assumption does not hold. Of course, there
are many aspects that have not taken into account yet. More
precisely, in our research agenda now there are the following
questions that we are addressing:

e The least favorable model has been assumed to be
Gaussian. However, in view of the results in [19], we
believe our conclusions also holds in the case that
the ambiguity set contains non-Gaussian probability
densities.

o The minimax problem also provides the least favorable
density f;. Under the assumption that f; and f; are non-
degenerate, Levy & Nikoukhah showed that it is possi-
ble to characterize the corresponding dynamic model in
a finite simulation horizon, [13]. Our conjecture is that
it is possible to adapt these arguments to our case.

e The simulation results show that the robust Kalman
filter seems to converge in the case of constant parame-
ters. Drawing inspiration from the non-degenerate case
in [26], [27], we believe it is possible to prove that
the risk sensitive-like Riccati iteration in Algorithm [T]
(steps [3] and [6) converges provided that the tolerance
is sufficiently small and the system is stabilizable and
detectable.
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