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Ingenieŕıa y Arquitectura -Departamento de Ingenieŕıa Eléctrica,
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Abstract: This paper provides a literature review about estimation strategies for uncertain,
linear systems with emphasis on classic estimation strategies and strategies based on the moving
horizon estimation (MHE) setting. The aim of this paper is to show the lack of estimation
strategies handling hard constraints on the system variables. Although moving horizon schemes
are mainly designed to include hard constraints to improve the estimates, available strategies
for uncertain linear systems do not exploit this property. Finally, the game-theory approach to
the H∞ filtering is shown to be suitable to develop a MHE-based scheme for uncertain, linear
systems to address directly hard constraints.
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1. INTRODUCTION

As it is widely known, most industrial applications require
the measurement of a large number of physical variables to
monitor the variables/parameters indicating the product
quality, or generally speaking, the overall process perfor-
mance. However, the direct or on-line measurement of
some variables is not always possible either because there
is not a sensor for a specific variable, the sensor is not af-
fordable, or the maintenance of the sensor is cumbersome.
In some other cases, although the measurement of such
variables may be available through off-line procedures like
lab assays, it may prevent or difficult the opportune deci-
sion making. A reliable approach to overcome the above
issues is to implement soft sensors and state estimation
strategies to infer these inaccessible variables by using a
process model and a set of easy-to-measure variables.

Regarding to the state estimation theory, a large number of
contributions is available in the literature even if the search
is restricted to linear systems. These contributions range
from the Luenberger observer to the celebrated Kalman
filter, going through robust approaches and optimization-
based strategies. From the beginning of the 1980’s, the
attention of control theorists was focused on linear systems
subject to significant uncertainty in parameters as well
as on external inputs (Banavar and Speyer, 1991). The
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de Ciencia, Tecnoloǵıa e Innovación de Colombia-.

sensitivity of the Kalman-based filters to modeling errors
led several works on robust state-space filters. Robustness
is meant as the attempt to limit the effect of model
uncertainties on the overall filter performance.

Incipient attempts to summarize relevant results around
estimation of uncertain linear systems have been presented
in (Simon, 2006; Shaked and Theodor, 1992). However, to
the best of the authors’ knowledge, there is no a single con-
tribution describing the advantages and limitations of the
available estimation strategies for uncertain linear systems
in a systematic, ordered, and complete form. In this con-
text, the present contribution provides a literature revision
about estimation strategies for uncertain, linear systems
with emphasis on classical strategies and strategies based
on the moving horizon estimation (MHE) setting. With
classical approaches the authors are referred to estimation
schemes applied to uncertain linear systems in which an-
alytic solutions are provided. Moving horizon approaches,
on the other hand, state the estimation problem as an
open optimization problem to be solved at every time step.
The main aim of this paper is first to give a review on
state-estimation strategies for uncertain linear systems,
and consequently, to demonstrate the lack of estimation
strategies able to handle useful insight about a process in
the form of hard constraints.

2. PROBLEM STATEMENT

Consider the following uncertain discrete-time linear sys-
tem
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xk+1 = (A+ ∆Ak)xk +Gwk,

yk = (C + ∆Ck)xk + νk.
(1)

where k denotes the current discrete time and xk ∈ Rn is
the system state. x0, the initial state, is a random variable
with unknown statistics, wk ∈ Rm is the uncertainty
associated with the knowledge of the state equation, yk ∈
Rp is the output or measured variable, νk ∈ Rp is
the measurement uncertainty, A, G, and C are known
matrices, and ∆Ak and ∆Ck are the plant uncertainties
affecting the matrices A and C, respectively.

Using (1), three different state estimation problems are
posed as follows.

Problem 1. Systems with Unknown Inputs

Consider (1). Assume ∆Ak = 0 and ∆Ck = 0. Also,
assume both wk and νk as either deterministic variables
of an unknown type or noises belonging to the space
of square-summable sequences L2 on a specified time
interval. Therefore the problem consists of designing a
filter to produce x̂k, the estimate of xk, using a specified
performance criterion despite of the uncertainty from the
inputs.

Problem 2. Systems with Uncertainty in the Plant
Parameters

Consider (1). Assume wk and νk noises with known statis-
tics. Also, assume both ∆Ak and ∆Ck belonging either
to some defined compact sets or to a polytope. Therefore
the problem consists of designing a filter to produce x̂k,
the estimate of xk, using a specified performance criterion
despite of the uncertainty from the plant parameters.

Problem 3. State Estimation in Systems with Un-
known Inputs and Uncertain Plant Parameters

Consider (1). Problem 3 combines both Problems 1 and 2.
In this way, assume both wk and νk as either deterministic
variables of an unknown type or noises belonging to the
space of square-summable sequences L2 on a specified time
interval. Also, assume both ∆Ak and ∆Ck belonging either
to some defined compact sets or to a polytope. Therefore
the problem consists of designing a filter to produce x̂k,
the estimate of xk, using a specified performance criterion
despite of the uncertainty from the inputs and the plant
parameters.

In what follows, several state estimation schemes for un-
certain linear systems are reviewed. A distinction between
state-estimation strategies from a classical approach and
strategies in a moving horizon approach is made.

3. STATE ESTIMATION FOR UNCERTAIN LINEAR
SYSTEMS: THE CLASSICAL APPROACH

As it is well known, the solution to the optimal filtering
problem for linear systems with known Gaussian inputs
were first addressed by Kalman and coworkers for both
discrete-time and continuous-time systems (Kalman, 1960;
Kalman and Bucy, 1961). Since then, the Kalman filter
turned out to be a valuable tool for monitoring a wide
range of engineering systems from aerospace to industrial
processes. Recent reviews on aerospace and industrial

applications of the Kalman filter are found in (Grewal and
Andrews, 2010) and (Auger et al., 2013), respectively.

There are many cases where the assumptions made by the
Kalman filter cannot be fulfilled, i.e., the noises cannot
be modeled by white-noises with known statistics and/or
there are plant uncertainties. Studies to circumvent the
above problem started in the 80’s of the last century where
significant effort has been spent.

For the sake of clearness, when an estimator is designed to
face both unknown inputs and plant parameters, the filter
is said to be robust. Otherwise the filter is named according
to the used estimation approach: H∞ filtering, set-valued
approach, cost-guaranteed paradigm, mixed H2/H∞ fil-
tering, unknown input observers (UIO), etc., (Sayed, 2001;
Xie et al., 1991). In the remainder of the Section, contri-
butions tackling Problems 1-3 are particularly discussed.

3.1 Systems with Unknown Inputs

Consider the framework where the plant model is known
but the inputs entering the system wk and νk, i.e., Problem
1. To solve the above problem, three main approaches were
identified:

• The inputs are assumed to be “Gaussian” noises with
unknown covariances.

• Each input is determined as a sum of an unknown
disturbance and a “white” noise.

• The inputs are assumed to be completely unknown
and noisy, with a bounded feature, e.g., bounded
energy or maximal amplitude.

When Gaussian inputs with unknown statistics are as-
sumed, the adaptive Kalman-based filters and the M -
estimators are well-accepted choices (Darouach et al.,
1995; Durovic and Kovacevic, 1999; Liang et al., 2004).
There also exist covariance estimation approaches to deter-
mine the true covariances of the noises before the Kalman
filter design (Odelson et al., 2006). Useful contributions
from the fault diagnosis theory allowed the use of unknown
input observers (UIO) as an possibility when the nature of
the input is unknown (Hsu et al., 2001). These observers
assume that the state and measurement uncertainties are
each the sum of a “white” noise and an unknown distur-
bance.

If non-white noises are assumed, two subdivisions for
designing estimators were recognized:

• The set-valued approach.
• The H∞ filtering theory

The main objective in the set-valued approach is to con-
struct ellipsoids around the estimates that are consistent
with observations and with certain norm constraints on
the disturbances (Sayed, 2001). Contributions in this field
are presented in (Becis-Aubry et al., 2008; Ra et al., 2004;
Yang and Li, 2009). On the other hand, the H∞ filtering
theory looks for guaranteeing a bound over the H∞-norm
of the transfer function from the unknown inputs to the
estimation error. In this context, the options to guarantee
such a norm are:

• The polynomial approach (Grimble, 2006).
• The interpolation theory (Fu, 1991).
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• The Riccati-based approach.

Polynomial and interpolation approaches are mainly de-
rived in the frequency domain. In the polynomial ap-
proach, the estimator is obtained from the solution of a
linear equation and a spectral factorization calculation
(Grimble, 2006). To solve the optimal estimation in the
polynomial approach, the original problem is transformed
to the H2 setting. The objective is to determine a weight-
ing function such that, when substituted into a given H2

estimation problem satisfies an equivalence with the H∞-
filtering problem. The interpolation approach was found
after writing the filtering problem as the so-called optimal
loop transfer recovery problem (Fu, 1991). The idea be-
hind the above approach is mainly focused on finding an
estimator as a function of the output instead of the state.

Pole-zero properties of the optimal estimators are more
easily handled in the set-valued and interpolation ap-
proaches since the analysis is made in the frequency do-
main. Among the advantages of such filters are: more
direct and simpler solutions for optimal estimators if com-
pared to the Riccati-based approach, easy adding and
removing of frequency weights on the estimation error and
disturbances, and the fact of avoiding unnecessary high
observer gains (Fu, 1991).

A Riccati-based approach is a filter involving two Riccati
equations used to guarantee the H∞ condition. It is worth
to mention that the number of contributions using a
Riccati-based filter is considerably big if compared with
the polynomial and interpolation approaches. This is due
to the multiple design approaches making use of Riccati
equations. Linear Matrix Inequalities (LMI), the game-
theory, and frequency-domain tools are design approaches
to design H∞ filters by means of a Riccati-based approach
(Banavar and Speyer, 1991; Simon, 2006; Sayed, 2001; Lu
and Yang, 2009). More details on this H∞ filters using the
Riccati-based approach will be discussed later since they
also give solution to the Problem 3.

3.2 Systems with Uncertainty in the Plant Parameters

The second framework is about models with uncertain
or unknown plant parameters and known inputs entering
the system dynamics, i.e., Problem 2. Particular solutions
depend on the assumptions made over the nature of the
uncertainty. For instance, if uncertainties on the param-
eters of the plant are modeled as non-Gaussian random
variables, two approaches arise:

• The mixed H2/H∞ filtering.
• The cost-guaranteed approach.

The H2/H∞ filter takes advantage of both H2 and H∞
filtering paradigms. The filters are designed to minimize
the variance of the estimation error while respecting an
upper bound over the frequency response of the transfer
function from the estimation error to the unknowns (Wang
and Unbehauen, 1999; Yang and Hung, 2000). The cost-
guaranteed approach, on the other hand, is known to be
similar to the mixed H2/H∞ filtering approach. However,
there is a slight difference: the filter design is based
on guaranteeing an upper bound over the steady-state
variance of the estimation error, despite the variance itself,

for all admissible uncertainties in the model (Milocco and
Muravchik, 2005; Xie et al., 2003).

Robust Kalman filters (RKF) are used when the uncer-
tainties over the plant parameters are modeled by random
variables with Gaussian distributions. Given that the plant
parameters are assumed to be unknown, the problem is
addressed by designing a linear filter such that the variance
of the estimation error is guaranteed to be within a certain
bound for all admissible uncertainties (Zhu et al., 2002).
When no information about the uncertain parameters is
given, deterministic solutions are found to be useful (Mu-
ramatsu and Ikeda, 2011).

3.3 State Estimation in Systems with Unknown Inputs and
Uncertain Plant Parameters

A more challenging problem comes up when combining
Problems 1 and 2, i.e., uncertainty from some parameters
of the plant model and the inputs need to be addressed in
the filter design. As evidenced previously, the strategies re-
vised here differ each other in the way the authors assume
the nature of the uncertainty. For instance, the RKF and
the mixed H2/H∞ filters are useful when uncertainties are
modeled as random variables with Gaussian distributions.
On the other hand, the set-valued approach and the H∞
theory are used when there is no assumption over the
nature of the uncertainties.

As discussed before, the RKF arose as an extension of the
Kalman filter to tackle the uncertain parameters and in-
puts (Simon, 2006). Recent contributions on RKF solving
Problem 3 were found in (Simon, 2006; Xu and Mannor,
2009). According to Simon, the RKF have been tested
in different scenarios showing an acceptable performance:
measurements consisting entirely of noise, uncertainty in
the measurement and transition matrices, and uncertainty
due to unknown covariances in the inputs (Simon, 2006).

On the other hand, the H∞ theory has shown to be
suitable when unknown inputs and uncertain parameters
in the plant model arise. As stated before, there are
multiple ways to design a filter in the H∞ setting. As
stated earlier, there is a prevalence on the Riccati-based
approaches to design filters when models are uncertain.

In any Riccati-based approach, the existence and design
of the filter depend on the stabilizing solutions of a par-
ticular Riccati equation. The use of the Bounded Real
Lemma (BRL) provides a link between the original robust
filtering problem with the solution of an optimal estima-
tion problem with unknown inputs, i.e., a link between
Problem 3 and Problem 1, respectively, which in turn is
easier to solve (de Souza and Xie, 1992; Vaidyanathan,
1985). Nevertheless, it is difficult to explain all Riccati-
based approaches with a single methodology. In fact, as
stated before, there are multiple ways to obtain a filter
with the H∞ performance under the Riccati approach: the
game-theory approach (de Souza et al., 1995; Mangoubi,
1995), the robust filtering using the LMI theory (Xie et al.,
2003), the robust filtering using frequency domain tools
(Marquez, 2003), and others (Xie et al., 1991; Fu, 1991;
Zhou, 2010).

The game-theory approach to the H∞ filtering gives a for-
mulation of the problem oriented to the explicit statement
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of a minimax optimization. The minimax optimization is
analytically solved under specific conditions, avoiding the
solution of a complex online optimization problem. Nev-
ertheless, providing an analytic solution to the minimax
optimization problem prevents the use of constraints. Fur-
ther details about this approach are given in the following.

3.4 The Game-Theory Approach to the H∞ Filtering

The game-theory addresses strategic interactions among
multiple decision makers, called players and in some con-
texts agents (Başar and Bernhard, 1995). Each player has
a preference among some alternatives. The set of players
must bargain among themselves to achieve the purpose
required by an objective function. In this context, the
game-theory fits quite well to the time-domain formulation
of the H∞ filtering because the estimation problem can
be posed as a bargain among the state estimation error
and the worst-case disturbances of the dynamic system.
Although the game-theory is quite vast, the zero-sum
dynamical (differential) games provides the starting point
to develop an estimation strategy based on the H∞ the-
ory. Formulations of H∞ filtering under the game-theory
approach are found in (Banavar and Speyer, 1991; Simon,
2006; Mangoubi, 1995) and references therein.

The best known formulation of the filtering problem under
the game-theory approach is on Problem 1 (Simon, 2006).
In this formulation, the estimate is made over a finite-
horizon time window T ; measurements up to and including
the time T − 1 are used to project the estimate at time
T . In order to show this formulation, consider a dynamic
system like (1) with ∆Ak = 0 and ∆Ck = 0. Assume that
a linear combination of the state, e.g., zk = Lkxk is to be
estimated. To obtain the H∞ performance, an objective
function in form of a disturbance attenuation function is
used:

J =

∑T−1
k=0 ‖zk − ẑk‖2MT

k
Mk

‖x0 − x̂0‖2Π−1
0

+
∑T−1
k=0

(
‖wk‖2Q−1

k

+ ‖νk‖2R−1
k

) (2)

where J = J(ẑk, x0, wk, νk) expresses the dependency of
the cost function with respect to the optimization param-
eters, i.e., the estimate of zk, the initial state, the model
uncertainty, and measurement uncertainty, respectively.
Mk, Qk, Rk, and Π0 are used-defined knobs to change
the filter performance. The goal behind (2) is to find an
estimate ẑk minimizing J at the same time that other
player, let us say nature, is trying to find the worst wk,
νk, and x0 to maximize J . As the direct optimization of
J in (2) is not tractable, a performance bound γ is used.
The estimation problem is then transformed to fulfil the
following condition:

J < γ, γ > 0 (3)

which is rewritten as:

Ja =− γ‖x0 − x̂0‖2Π−1
0

+
T−1∑
k=0

[
‖zk − ẑk‖2MT

k
Mk
− γ

(
‖wk‖2Q−1

k

+ ‖νk‖2R−1
k

)]
< 0

(4)

Then, the optimal point, i.e., the saddle-point, is found by
solving the following minimax optimization program:

J∗a = min
zk

max
x0,wk,νk

Ja (5)

The specific solution to (5) is omitted due to the space
limitations.

The game-theory approach to the H∞-filtering is consid-
ered to be a reliable strategy solving the state-estimation
problem for uncertain linear systems. However, constraints
handling is prevented since a closed analytic solution is
given. In order to provide an optimization-based strategy
able to address constraints, the game-theory approach to
the H∞-filtering should be manipulated in order to let the
minimax optimization be open to be solved at each time
step. In this way, hard constraints may be addressed.

4. STATE ESTIMATION FOR UNCERTAIN LINEAR
SYSTEMS: THE MOVING HORIZON APPROACH

The moving horizon estimator (MHE) reformulates the
H2-optimal state estimation as a moving, fixed-size,
quadratic program (Rao et al., 2001). The success of the
receding horizon estimation schemes is mainly focused
on the statement of the estimation problem as an opti-
mization program, allowing the direct handling of hard
constraints of the variables involved in the system dynam-
ics. The original work assumes the complete knowledge
of the statistics of the noisy inputs affecting the system
dynamics. Nevertheless, knowledge of the uncertainty is
not always possible.

Few contributions have been reported about robust ver-
sions of the MHE to estimate the state of a system modeled
by an uncertain linear system (Alessandri et al., 2003,
2004, 2005a,b, 2012). In (Alessandri et al., 2003, 2004),
a robust receding horizon estimator is presented in the
discrete-time linear framework. The filter design is ad-
dressed for time-invariant uncertainties on the transition
and measurement matrices. Stability results are presented
considering zero-input noises. The estimation problem is
stated as an open minimax optimization:

min
x̂k−N,k

max
∆A∈A,∆C∈C

Jk(x̄k−N,k,∆A,∆C) (6)

where x̄k−N,k is a predicted (a priori) value of the state
at the beginning of the time window, x̂k−N,k is the
parameter to be minimized, ∆A ∈ A and ∆C ∈ A are the
uncertainties over the state and measurement matrices,
respectively that are to be maximized, and A and C are
assumed to be compact sets where ∆A and ∆C belong,
respectively. The cost function is defined by

Jk = ‖ x̂k−N,k − x̄k−N ‖2M

+

k∑
i=k−N

‖ yi − (C + ∆C)x̄i,k ‖2
(7)

where Jk = Jk(x̂kk−N ,∆A,∆C) expresses the dependency
of the cost function with respect to the optimization pa-
rameters, yi is the i− th measurement and N is the size of
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the estimation window. As noticed, there is a penalization
term associated with the knowledge of the state at the
beginning of the time window and a penalization associ-
ated with the difference between the real and the estimated
measurements. As problem (7) is not directly solvable with
known mathematical tools, the authors reformulated it as
a regularized least-squares problem with uncertain data.
This lead to a semi-explicit solution of the state estimate,
i.e., an explicit solution of the estimate as a function of
a new parameter λok that needs to be found by means
of a new optimization problem. As a consequence, this
new problem makes the filter nonlinear and time-variant
because of the dependence on this new parameter.

In (Alessandri et al., 2005a), Alessandri and co-workers
improved the results presented in (Alessandri et al., 2003,
2004). The alternative description of uncertainty allowed
a robust estimation technique to address time-varying
uncertainties,

[ ∆Ak ∆Bk ] = D∆k [E F ] ,

∆Ck = G∆̄kH.
(8)

where D, E, F , G, and H are known matrices, and ∆k

and ∆̄k are arbitrary contractions:

‖ ∆k ‖≤ 1, ‖ ∆̄k ‖≤ 1 (9)

x0, wk, and νk are assumed to be unknown deterministic
variables. The following cost function is proposed:

Jk =‖ x̂k−N,k − x̄k−N ‖2M +

k−1∑
i=k−N

‖ yi − (C + ∆Ci)x̄i,k ‖2R

+

k−1∑
i=k−N

‖ x̂i+1,k − (A+ ∆Ai)x̄i,k − (B + ∆Bi)ūi ‖2Q

(10)

where Jk = Jk(x̂kk−N ,∆A,∆B,∆C) expresses the depen-
dency of the cost function with respect to the optimization
parameters, and the remainder parameters are as defined
in (7). Matrices M , Q, and R are assumed to be definite
positive. Unlike previous contributions from the same au-
thors, there is a new term penalizing the distance from the
estimate to the state projection at each sample in the time
window. The problem is then posed to find the optimal
estimates x̂ok−N,k, ..., x̂

o
k,k minimizing the maximum of cost

(10) over all the possible uncertainties, i.e., the solutions
of the minimax optimization problem:

min
x̂k
k−N

max
∆k−1

k−N
;∆̂k

k−N

Jk(x̂kk−N ,∆
k−1
k−N , ∆̄

k
k−N ) (11)

fulfilling (9) for i = k − N, ..., k − 1 and i = k − N, ..., k,
respectively.

The specific solutions to (6) and (11) are omitted due to
the space limitations.

5. CONCLUDING REMARKS AND FUTURE
PROSPECTS

In this document, a synthesis about the main state-
estimation schemes for uncertain linear systems is pro-
vided. From the classic point of view, the reviewed strate-
gies were classified with respect to the faced problem, i.e.,
Problems 1-3. A prevalence of Riccati-based approaches
using the game-theory and LMI’s was evidenced and com-
mented. Although some MHE-based schemes for uncertain
linear systems were reviewed, little attention about con-
straint handling was evidenced. Therefore, efforts should
be directed to develop an estimation strategy able to
handle hard constraints over the system variables.

In order to provide an estimation strategy for uncertain
linear systems with constraints, a game-theory H∞ filter
based on the solution of an open optimization problem
is foreseen. Regarding to the numerical solutions of such a
moving horizon estimation scheme, it is evident that a high
computational burden arises even if known uncertainties
are considered. When uncertainties arise, the optimization
problem turns to be a minimax optimization with con-
straints which is far away harder to solve than the usual
quadratic programming problem. To give a solution to the
aforementioned problem, suitable solutions to the posed
minimax optimization should be found or developed.
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Game Approach. Birkhäuser Basel, second edition.

CLCA 2014
Octubre 14-17, 2014. Cancún, Quintana Roo, México

1200



Banavar, R.N. and Speyer, J.L. (1991). A linear-quadratic
game approach to estimation and smoothing. In Amer-
ican Control Conference, 1991, 2818–2822.

Becis-Aubry, Y., Boutayeb, M., and Darouach, M. (2008).
State estimation in the presence of bounded distur-
bances. Automatica, 44(7), 1867–1873.

Darouach, M., Zasadzinski, M., Onana, A.B., and
Nowakowski, S. (1995). Kalman filtering with unknown
inputs via optimal state estimation of singular systems.
International Journal of Systems Science, 26(10), 2015–
2028.

de Souza, C.E., Shaked, U., and Fu, M. (1995). RobustH∞
filtering for continuous time varying uncertain systems
with deterministic input signals. Signal Processing,
IEEE Transactions on, 43(3), 709–719.

de Souza, C.E. and Xie, L. (1992). On the discrete-time
bounded real lemma with application in the characteri-
zation of static state feedback H∞ controllers. Systems
& Control Letters, 18(1), 61 – 71.

Durovic, Z.M. and Kovacevic, B.D. (1999). Robust estima-
tion with unknown noise statistics. IEEE Transactions
on Automatic Control, 44(6), 1292–1296.

Fu, M. (1991). Interpolation approach to H∞ estimation
and its interconnection to loop transfer recovery. Sys-
tems & Control Letters, 17, 29–36.

Grewal, M. and Andrews, A. (2010). Applications of
kalman filtering in aerospace 1960 to the present [histor-
ical perspectives]. Control Systems, IEEE, 30(3), 69–78.
doi:10.1109/MCS.2010.936465.

Grimble, M.J. (2006). Robust Industrial Control Systems:
Optimal Design Approach for Polynomial Systems. John
Wiley & Sons, Ltd.

Hsu, P., Houng, Y.C., and Yeh, S. (2001). Design of an
optimal unknown input observer for load compensation
in motion systems. Asian Journal of Control, 3(3), 204–
215.

Kalman, R.E. (1960). A new approach to linear filtering
and prediction problems. Transactions of the ASME–
Journal of Basic Engineering, 82(Series D), 35–45.

Kalman, R.E. and Bucy, R.S. (1961). New results in
linear filtering and prediction theory. Journal Of Basic
Engineering, 83(1), 95–108.

Liang, Y., An, D., Zhou, D., and Pan, Q. (2004). A finite-
horizon adaptive kalman filter for linear systems with
unknown disturbances. Signal Processing, 84(11), 2175–
2194.

Lu, P. and Yang, Y. (2009). A new method for robust
H∞ filtering of uncertain discrete-time systems. In
Proceedings of the 48h IEEE Conference on Decision
and Control (CDC) held jointly with 2009 28th Chinese
Control Conference, 2825–2829. Shanghai, China.

Mangoubi, R.S. (1995). Robust Estimation and Failure De-
tection for Linear Systems. Ph.D. thesis, Massachusetts
Institute of Technology.

Marquez, H.J. (2003). A frequency domain approach
to state estimation. Journal of the Franklin Institute,
340(2), 147 – 157.

Milocco, R.H. and Muravchik, C.H. (2005). Cost guar-
anteed robust sampled-data parallel model design using
polynomial approach. Signal Processing, 85, 751–765.

Muramatsu, E. and Ikeda, M. (2011). Parameter and
state estimation for uncertain linear systems by multiple
observers. International Journal of Control, Automation

and Systems, 9(4), 617–626.
Odelson, B.J., Rajamani, M.R., and Rawlings, J.B. (2006).

A new autocovariance least-squares method for estimat-
ing noise covariances. Automatica, 42(2), 303–308.

Ra, W.S., Jin, S.H., and Park, J.B. (2004). Set-valued
estimation approach to recursive robust H∞ filtering.
IEEE Proceedings - Control Theory and Applications,
151(6), 773.

Rao, C.V., Rawlings, J.B., and Lee, J.H. (2001). Con-
strained linear state estimation–a moving horizon ap-
proach. Automatica, 37(10), 1619–1628.

Sayed, A.H. (2001). A framework for state-space esti-
mation with uncertain models. IEEE Transactions on
Automatic Control, 46(7), 998–1013.

Shaked, U. and Theodor, Y. (1992). H∞-optimal esti-
mation: a tutorial. In [1992] Proceedings of the 31st
IEEE Conference on Decision and Control, 2278–2286.
Tucson, AZ, USA.

Simon, D. (2006). Optimal State Estimation: Kalman,
H∞, and Nonlinear Approaches. Wiley - interscience,
2 edition.

Vaidyanathan, P. (1985). The discrete-time bounded-real
lemma in digital filtering. Circuits and Systems, IEEE
Transactions on, 32(9), 918 – 924.

Wang, Z. and Unbehauen, H. (1999). Robust H2/H∞-
state estimation for systems with error variance con-
straints: The continuous-time case. IEEE Transactions
on Automatic Control, 44(5), 1061–1065.

Xie, L., de Souza, C.E., and Fu, M. (1991). H∞ estimation
for discrete-time linear uncertain systems. International
Journal of Robust and Nonlinear Control, 1(2), 111–123.

Xie, L., Lu, L., Zhang, D., and Zhang, H. (2003). Ro-
bust filtering for uncertain discrete-time systems: an
improved LMI approach. In Decision and Control, 2003.
Proceedings. 42nd IEEE Conference on, volume 1, 906
– 911 Vol.1.

Xu, H. and Mannor, S. (2009). A kalman filter design
based on the performance/robustness tradeoff. Auto-
matic Control, IEEE Transactions on, 54(5), 1171–1175.
doi:10.1109/TAC.2009.2017816.

Yang, F. and Hung, Y.S. (2000). Robust H∞ filtering
with error variance constraints for uncertain discrete-
time systems. In Proceedings of the 2000. IEEE Interna-
tional Conference on Control Applications. Conference
Proceedings, 635–640. Anchorage, AK, USA.

Yang, F. and Li, Y. (2009). Set-membership filtering
for discrete-time systems with nonlinear equality con-
straints. IEEE Transactions on Automatic Control,
54(10), 2480–2486.

Zhou, T. (2010). Sensitivity penalization based robust
state estimation for uncertain linear systems. IEEE
Trans. Automat. Contr., 55(4), 1018–1024.

Zhu, X., Soh, Y.C., and Xie, L. (2002). Design and analysis
of discrete-time robust kalman filters. Automatica,
38(6), 1069 – 1077.

CLCA 2014
Octubre 14-17, 2014. Cancún, Quintana Roo, México

1201


