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Abstract: This paper addresses the problem of controlling a linear time-invariant plant when
only its output is measured at discrete time instants, by using a self-triggered strategy. In a
self-triggered state feedback scenario, the controller is allowed to choose when the next sampling
time should occur and does so based on the current sampled state and on a priori knowledge
about the plant. The proposed solution extends previous results on state feedback stabilization
to the case of dynamic output feedback by using an observer based approach. It is shown that
two scheduling methods described in the literature are input-to-state stable with respect to
observations errors. Provided a suitable observer is available, the proposed control strategy
renders the closed loop system global asymptotical stable.
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1. INTRODUCTION

Modern day controllers are implemented in digital devices
and most of them work at a fixed sampling rate, thus
falling into the area of periodic control which has been
extensively studied in the literature. As an alternative to
traditional periodic digital control, event based control
strategies have been proposed in an attempt to reduce
the number of sampling actions required to accomplish
a certain task.

In an event-triggered control scenario (see Fig. 1), an
event detector is responsible for triggering a sampling
event, typically whenever some function of the plant’s state
or output exceeds a prescribed threshold. This generates
a sequence of sampling intervals that in general is not
periodic. Related work can be found in Åström (2008);
Donkers and Heemels (2010); Li and Lemmon (2010);
Lunze and Lehmann (2010); Molin and Hirche (2010);
Tabuada (2007); Yook et al. (2002). The advantage of this
approach versus a periodic sampling strategy is that the
control input is only changed when some relevant change
of the plant’s state or output occurs and this typically
leads to a reduction of the number of samples required.
Nonetheless, the plant’s state or output must be constantly
monitored. In order to avoid this, self-triggered strategies
have been proposed in Anta and Tabuada (2010); Mazo
Jr. et al. (2010); Velasco et al. (2003); Wang and Lemmon
(2010) where, instead of continuously testing a triggering
condition, an event scheduler (see Fig. 1) is responsible for
computing when the next sampling event should occur,
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based on the current sampled state or an estimate of it
and on knowledge about the plant dynamics.

Most of the work presented in the area of event based
control focuses on state feedback. Recent work on the sub-
ject can be found in Donkers and Heemels (2010); Li and
Lemmon (2010); Molin and Hirche (2010). In this paper
we are particularly interested in self-triggered output feed-
back. Namely, dynamic output feedback strategies that use
a state estimate produced by an observer to replace the ac-
tual state in the triggering conditions (see Fig. 1). We will
focus our attention on two self-triggered control strategies
designed for state feedback stabilization of linear plants
described next. In Wang and Lemmon (2010), the authors
propose a triggering mechanism for state feedback that
guarantees finite L2-gain. We will refer to this triggering
method as bound based scheduling as it involves bounding
the error associated with sampling. An alternative to this
method, proposed in Mazo Jr. et al. (2010), follows a
time based strategy and involves computing the solution
of a linear ODE; we refer to it as flow based scheduling.
The main contribution of this paper is to show that both
methods can be used for output feedback stabilization
provided a suitable observer is available. The idea is to
demonstrate that both methods are input-to-state stable
(ISS) with respect to observations errors. Because of the
cascade interconnection of the discrete time observer and
self-triggered controller, if one is able to find an observer
that drives the observation errors to zero, then the plant’s
state also converges to zero.

Unlike previous work reported in Almeida et al. (2011)
where the focus was on finding conditions that would guar-
antee asymptotic convergence of a discrete time observer,
here the search for an observer is left as a secondary issue
and the goal of the work is to show that other scheduling
methods reported in the literature, other than the flow
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Fig. 1. Output feedback control: event-triggered (block (a)
active); self-triggered (block (b) active). The state,
the control input and the output of the plant are
represented by x, u, and y, respectively. Solid lines
denote continuous time signals while dashed lines
denote sampled signals.

based one used in Almeida et al. (2011), can also be
incorporated in the observer based approach described in
this paper.

The paper is organized as follows. Section 2 introduces
the class of plants under consideration and formulates
the self-triggered output feedback control problem under
consideration. In Section 3, we start by briefly reviewing
the self-triggering mechanism proposed in Mazo Jr. et al.
(2010) under state feedback control. We then show that it
is ISS with respect to observation errors. The same is done
in Section 4 for the scheduling method presented in Wang
and Lemmon (2010). In Section 5, an illustrative example
is provided where simulation results for both scheduling
methods are presented and discussed. Finally, Section 6
contains concluding remarks. Due to space constraints,
only the sketch of some proofs is provided.

2. SELF-TRIGGERED CONTROL

We begin by describing the class of plants under consider-
ation, the control architecture proposed for self-triggered
control and state the problem addressed in this paper.

2.1 Problem statement

Consider a linear time-invariant plant with state x ∈ Rn
and initial state x(t0) = x0 that satisfies, for all t ≥ t0,

ẋ(t) = Ax(t) +Bu(t) (1a)
y(t) = Cx(t) (1b)

where A ∈ Rn×n, B ∈ Rn×m and C ∈ Rp×n are the
state, input and output matrices, respectively, u ∈ Rm
is the control input and y ∈ Rp is the plant output. The
pairs (A,B) and (A,C) are assumed to be controllable and
observable, respectively.

In this paper we focus on sampled data control strategies
that can be described by the block diagram of Fig. 1.
In this setup, the plant’s output y is sampled whenever
t = tk and this information is sent to the discrete time
observer on the controller side. The observer computes

an estimate of the plant’s state at the current sampling
time x̂k and feeds this estimate to the matrix gain and
the event scheduler. The control input is kept constant
and equal to Kx̂k between sampling times, where the gain
matrix K is chosen so that a desired stability criterion is
satisfied assuming continuous state feedback. Based on the
current estimated state and on knowledge about the plant
dynamics, the event scheduler computes when the next
sampling instant tk+1 should occur and communicates
this information to the sampler. It is the goal of the
scheduler to guarantee that certain stability conditions
are verified by appropriately selecting the sequence of
sampling intervals (τk)+∞

k=0 where τk = tk+1−tk denote the
kth sampling interval. This is done by defining a function
τ : Rn → R≥0 that maps states to time intervals so that
τk = τ(x̂k). The image of the function τ is denoted by
T ⊂ R≥0 and represents the set of admissible sampling
intervals that is different depending on the scheduling
method used. Formally, the problem addressed in this
paper is the following.
Problem 1. Given a linear plant (1) and the ability to
sample its output at will, find a self-triggered dynamic
output feedback controller that renders the closed loop
system of Fig. 1 globally asymptotically stable (GAS)
while trying to keep sampling events to a minimum.

Ideally the last the part of the problem formulation should
read “while minimizing the number of samples over some
time interval”. This harder problem is not addressed in
this paper but provides fertile ground for future research.
Note also that the problem formulation does not rule out
periodic sampling since by increasing the sampling period
the number of samples is reduced. However, with a fixedK,
this leads to instability. In this paper we pursue a different
strategy in order to reduce the sampling rate.

As mentioned in the introduction, two types of scheduling
will be considered: the first one based on work presented
in Mazo Jr. et al. (2010) and that we will refer to as
flow based scheduling ; and the second one borrowed from
Wang and Lemmon (2010) (see also Mazo Jr. and Tabuada
(2008)) that we refer to as bound based scheduling. Both
will be explain in greater detail in the following sections;
the goal of the paper is to show that both can be used for
output feedback stabilization provided a suitable observer
is available. The focus of this work is on establishing
stability properties of the above mentioned scheduling
methods, while the search for an asymptotic observer is
for now handled by our main assumption.
Assumption 2. There exists a discrete time observer that
is GAS for all sequences of sampling intervals (τk)+∞

k=0 with
elements in T .

In Almeida et al. (2011), conditions under which Assump-
tion 2 is satisfied are discussed for the case when flow based
scheduling is used.

3. FLOW BASED SCHEDULING

The purpose of this section is to show that the scheduling
mechanism proposed in Mazo Jr. et al. (2010) for the case
of state feedback stabilization, that is briefly presented
next, can be extend to the output feedback case. Although
the work in Mazo Jr. et al. (2010) considered disturbances
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affecting the plant dynamics, here we assume that no
disturbances are present since our key goal is to extend
the results to output feedback.

3.1 State feedback

In this case C = I, the discrete time observer in Fig. 1 is
omitted, and x̂k = yk = xk where xk denotes x(tk). Let
the matrix gain K be such that A+BK is Hurwitz. This
is possible because the pair (A,B) is assumed controllable.
Given a positive definite matrix W , let P be the positive
definite solution of the Lyapunov equation

(A+BK)>P + P (A+BK) +W = 0. (2)
Such a P always exists because A + BK is Hurwitz.
Consider the function Vf : Rn → R defined as

Vf (x) = (x>Px)
1
2 ,

where P is given by (2). Let λ0 = λmin(W )
2λmax(P ) where λmax(X)

and λmin(X) denote the largest and the smallest eigenvalue
of a symmetric matrix X, respectively. Under continuous
feedback of the form u(t) = Kx(t), we have that, for all
x0 ∈ Rn and all t ≥ t0,

Vf (x(t)) ≤ Vf (x0)e−λ0(t−t0),

that is, the closed loop system with continuous state
feedback is globally exponentially stable (GES). We shall
refer to λ0 as the (continuous time) decay rate of Vf .

Consider now the case where the control input is kept
constant between sampling times, that is,

u(t) = Kxk (3)
for all t ∈ [tk, tk+1) and all k ≥ 0. Let λ ∈ R be a desired
decay rate for Vf such that 0 < λ < λ0. If the sequence of
sampling times (tk)+∞

k=0 is such that

Vf (x(t)) ≤ Vf (xk)e−λ(t−tk) (4)
holds for all t ∈ [tk, tk+1) and all k ≥ 0, then the function
Vf will satisfy

Vf (x(t)) ≤ Vf (x0)e−λ(t−t0)

for all t ≥ t0. To compute (tk)+∞
k=0 such that (4) holds, the

event scheduler simulates the evolution of x(t) by using a
copy of the plant’s dynamics (1) with the control input as
in (3). Given x ∈ Rn, let ξx ∈ Rn satisfy

ξ̇x(t) = Aξx(t) +BKx, ξx(0) = x (5)
for all t ≥ 0. Consider the function h : R≥0 × Rn → R
defined as

h(s, x) = Vf (ξx(s))− Vf (x)e−λs.
With ideal scheduling, the next sampling time is given by

tk+1 = tk + τideal(xk) (6)
where the function τideal : Rn → R≥0 is defined as

τideal(x) = max{0 ≤ τ2 ≤ τmax : h(τ1, x) ≤ 0,
for all 0 ≤ τ1 ≤ τ2 ≤ τmax}. (7)

Here, τmax is a design parameter. This means that tk+1

is such that the interval [tk, tk+1) where (4) holds is of
maximal length. It is shown in Mazo Jr. et al. (2010) that
there exists a minimum time interval between consecutive
sampling times, that is, for all x ∈ Rn there exists a
positive constant τ∗min such that τideal(x) ≥ τ∗min. An
implicit formula for the computation of τ∗min is given in
(Mazo Jr. et al., 2010, Lemma 4.1).

To evaluate (7), the solution or flow of (5) has to be
computed, and this has to be done every time a sam-
pling action is carried out. Hence, determining tk+1 can
become computationally intensive. To mitigate this issue
a gridding approach is employed. The gridded event sched-
uler computes the next sampling interval according to
(6) where the function τideal is replaced by the function
τgrid : Rn → R≥0 defined as

τgrid(x) = τmin + ∆ max{0 ≤ d2 ≤ Jmax :
h(τmin + d1∆, x) ≤ 0 for all 0 ≤ d1 ≤ d2 ≤ Jmax}. (8)

Here, ∆ > 0 and τmin ≤ τ∗min are design parameters and
Jmax =

⌊
τmax−τmin

∆

⌋
. In Mazo Jr. et al. (2010) it is shown

that if the sampling intervals are selected using either
(7) or (8), then closed loop is GES and (τk)+∞

k=0 is lower
bounded by a positive constant.

3.2 Output feedback

When only the sampled output of the plant is available, we
use the estimated state provide by the observer to replace
the plant’s actual state, that is,

u(t) = Kx̂k,∀t ∈ [tk, tk+1) (9a)
tk+1 = tk + τgrid(x̂k). (9b)

Let x̃k = xk−x̂k denote observation errors for k ≥ 0. With
the above changes, we have the following lemma. For the
definition of ISS and related results the reader is referred
to Khalil (2002); Sontag and Wang (1995).
Lemma 3. The self-triggered controller defined by (9) ren-
ders the plant (1) input-to-state stable (ISS) with respect
to observation errors.

Proof (sketch). The proof follows similar arguments to
ones used in (Mazo Jr. et al., 2010, Proof of Theorem 4.2).
Using the fact that Vf is a Lipschitz function, that there
exists L1 > 0 such that ‖x(t) − ξx̂k

(t − tk)‖ ≤ L1‖x̃k‖
for all t ≥ tk, and that tk+1 satisfies (4), it can be shown
that V (xk+1) ≤ V (xk)e−λτk + L̃‖x̃k‖. This implies that
‖xk‖ ≤ σd‖x0‖e−λ(tk−t0)+γd maxj∈{0,1,...,k} ‖x̃j‖ for some
σd, γd > 0. From here, the result will follow regardless of
what kind of scheduling is used, ideal or gridded. However,
the constants σ and γ are larger when a gridded strategy
is used. 2

It is now straightforward to prove the following theorem.
Theorem 4. Under Assumption 2, the closed loop system
formed by (1), (9) and (20) is GAS.

Proof. Assumption 2 implies that limk→+∞ x̃k = 0. By
Lemma 3, (1) together with (9) form a subsystem that is
ISS with respect to x̃k. Since the closed loop system is
a cascade interconnection of the observer error dynamics
(21) and this subsystem, it follows from (Khalil, 2002,
Lemma 4.7) that limt→+∞ x(t) = 0, that is, the closed
loop system is GAS. 2

4. BOUND BASED SCHEDULING

In this section we present an alternative way of trig-
gering sampling events that is based on bounding the
error associated with sampling. We begin by reviewing
the scheduling mechanism proposed in Wang and Lem-
mon (2008, 2010) (ignoring disturbances and delays) and
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also used in Mazo Jr. and Tabuada (2008) (without any
decentralization constraints). Our goal is to extend this
kind of scheduling to an output feedback scenario.

4.1 State feedback

Let P be the positive definite solution of the Riccati
equation

A>P + PA− PBB>P + L = 0 (10)
for some L � 0. The control input is defined as

u(t) = Kxk

for t ∈ [tk, tk+1) where K = −B>P . Consider the function
Vb : Rn → R, Vb(x) = x>Px

where P is obtained from (10). It can be shown that
V̇b = −x>Lx+ e>Qe− x>k Qxk,

where Q = K>K and e(t) = x(t) − xk for t ∈ [tk, tk+1).
The sampling times are generated in order to guarantee
that for all t ≥ t0

V̇b ≤ −x>Sx (11)
for a given matrix S that satisfies 0 ≺ S ≺ L. Therefore,

−x>(L− S)x+ e>Qe− x>k Qxk ≤ 0 (12)
must hold for all t ∈ [tk, tk+1). Instead of (12), a slightly
stronger condition is enforced. Let R = L − S and note
that R � 0. Hence,

x>Rx ≥ 1
2
x>k Rxk − e>Re.

Thus, a sufficient condition for (12) to hold is to ensure
that, for all t ∈ [tk, tk+1),

e>Me ≤ x>k Nxk, (13)
where M = Q+R and N = Q+ 1

2R. To determine tk+1 >
tk such that (13) is satisfied, it is necessary to bound
the evolution of e(t)>Me(t), hence the name bound based
scheduling. Since M � N � 0, we may write e>Me =
‖M 1

2 e‖2 = ‖e‖2M and x>k Nxk = ‖xk‖2N , where X
1
2 denotes

the matrix square root of a positive definite matrix X.
We are thus looking for a time instant tk+1 > tk such
that ‖e(tk+1)‖M = ‖xk‖N . This equation does not have in
general a closed form solution. Nonetheless, exploiting the
fact that e(tk) = 0 and bounding the dynamics of e, it is
possible to arrive at the following expression for the next
sampling time:

tk+1 = tk + τbound(xk), (14)
where

τbound(x) =
1

µM (A)
ln
(

1 +
µM (A)‖x‖N
‖Aclx‖M

)
(15)

with µM (A) = µ(M
1
2AM−

1
2 ). Here µ(X) = 1

2λmax(X +
X>) denotes the log norm of a matrix X with respect
to the 2-norm (see, e.g, Van Loan (1977)). By scheduling
sampling times according to (14), we are guaranteed to
satisfy (13). This implies that (11) is satisfied from which
we can conclude that the closed loop system is GES.
Moreover, (15) satisfies τmin ≤ τbound(x) ≤ τmax for all
x ∈ Rn where

τmin =
1

µM (A)
ln
(

1 + µM (A)λ
1
2
min(M̄NM̄)

)
(16)

τmax =
1

µM (A)
ln
(

1 + µM (A)λ
1
2
max(M̄NM̄)

)
, (17)

with M̄ =
(
A>clMAcl

)− 1
2 .

4.2 Output feedback

When only output measurements are available we proceed,
the estimated state provide by the observer is used to
replace the plant’s actual state, that is,

u(t) = Kx̂k,∀t ∈ [tk, tk+1) (18a)
tk+1 = tk + τbound(x̂k), (18b)

where the gain matrix K is design in the same way as in
the state feedback case but the matrices M and N in (15)
are redefined as M = 2Q + R and N = Q + 1

4R. Similar
to Lemma 3, we have the following lemma.
Lemma 5. The self-triggered controller defined by (18)
renders the plant (1) ISS with respect to observation
errors.

Proof (sketch). For t ∈ [tk, tk+1) let ê(t) = ξx̂k
(t− tk)−

x̂k and x̃(t) = x(t)−x̂k−ê(t). Using the fact that 2ê>Qx̃ ≤
ê>Qê+ x̃>Qx̃, it can be shown that V̇b ≤ −x>Sx+ x̃>Zx̃,
for Z = 2Q + 1

2R provided ‖ê(t)‖M ≤ ‖x̂k‖N for all
t ∈ [tk, tk+1). This shows ISS with respect to x̃. It is then
just a matter of applying bounds to ê as in the case of
state feedback to arrive at (18b). 2

Like in the previous scheduling strategy, we have the
following stability result.
Theorem 6. Under Assumption 2, the closed loop system
formed by (1), (18) and (20) is GAS.

Proof. Follows by applying the same reasoning used in
the proof of Theorem 4. 2

5. AN ILLUSTRATIVE EXAMPLE

To compare both types of scheduling discussed, we shall
use a linearized model of an unstable batch reactor process
presented in Walsh and Ye (2001). The plant is modeled
as a linear system as in (1) where

A =

 1.38 −0.2077 6.715 −5.676
−0.5814 −4.29 0 0.675

1.067 4.273 −6.654 5.893
0.048 4.273 1.343 −2.104

 ,

B =

 0 0
5.679 0
1.136 −3.146
1.136 0

 , and C = [1 0 1 −1] .

The proposed control strategy rests on the existence of an
observer that fulfills Assumption 2. In what follows, we
present a type of observer that is suitable for the plant
under consideration.

5.1 Discrete time observer

The discrete time equivalent of (1) is
xk+1 = Fkxk +Gkuk (19a)
yk = Cxk (19b)

where Fk = eAτk and Gk =
∫ τk

0
eAsdsB. We consider full

order discrete time observers with dynamics of the form
x̂k+1 = Fkx̂k +Gkuk −Hk(yk − Cx̂k) (20)

where Hk ∈ Rn×p are gain matrices to be selected. From
(19) and (20), we derive the following observation error
dynamics:
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x̃k+1 = (Fk +HkC)x̃k. (21)
To simplify matters, consider the following ad hoc method
of finding a constant gain observer that fulfills Assump-
tion 2.

(1) Find a positive definite matrix X ∈ R4×4 and a
matrix Y ∈ R4×1 such that the trace of X is
minimized subject to[
X − F>i XFi − C>Y >Fi − F>i Y C − I4 (Y C)>

Y C X

]
� 0.

for i = 1, 2 where F1 = eAτmin and F2 = eAτmax with
τmin = min T and τmax = max T .

(2) If such X and Y do not exist, reduce τmax and return
to step 1. Otherwise, set H = X−1Y . At this point we
have an observer that is GES for τk ∈ {τmin, τmax}.

(3) Check if the matrix

X − F̄ (s)>XF̄ (s) (22)

is positive definite for all s ∈ T where F̄ (s) = F (s) +
HC. If it does not, reduce τmax and return to step 1.
Otherwise, Hk = H renders the observer GES for
τk ∈ T .

More elaborate design methods are possible but the above
procedure will suffice for illustration purposes. If gridded
flow based scheduling is used, then (22) only needs to be
checked for all s ∈ Tgrid where

Tgrid = {τmin + j∆ : j = 0, 1, . . . , Jmax}. (23)
If bound based scheduling is used, then (22) needs to be
checked over the interval

Tbound = [τmin, τmax] (24)
where τmin and τmax are given by (16) and (17), respec-
tively. In practice, over a sufficiently fine grid covering this
interval.

5.2 Flow based scheduling

The gain matrix K is designed to place the continuous
time closed loop poles at {−3± i1.2,−3.6,−3.9}, yielding

K =
[
0.1006 −0.2469 −0.0952 −0.2447
1.4099 −0.1966 0.0139 0.0823

]
.

Selecting W = I4 and computing P according to (2), a
(continuous time) rate of decay of λ0 = 0.8253 is obtained.
Setting λ = 0.4042 yields τ∗min = 24 ms. The grid spacing
is ∆ = 20 ms and the minimum and maximum sampling
intervals allowed are τmin = 20 ms and τmax = 400 ms,
respectively, so that Jmax = 19. Following the steps
described in Section 5.1, we arrive at the observer gain
matrix H = [−1.5117 0.0083 −0.5094 −0.2684]>.

Shown in Fig. 2(a) are the time evolution of the observa-
tion error’s norm at sampling times ‖x̃k‖ and the plant’s
state norm ‖x(t)‖, when the plant and the observer are
initialized with x0 = [−1 1 1 −1]> and x̂0 = [0 0 0 0]>,
respectively. It is clear that both the observation error
and the plant’s state converge to zero as times grows.
Plotted in Fig. 3(a) is the sequence of sampling intervals
generated by this scheduling method. We see that most
of the sampling intervals generated are equal to the max-
imum sampling interval allowed and that some variability
is present throughout the whole simulation.
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Fig. 2. Time evolution of the observation error’s norm at
sampling times and of the plant’s state norm.
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Fig. 3. Sampling intervals generated with both scheduling
methods. The red dashed line near the top of the plot
represents τmax while the green dashed line near the
bottom represents τmin, both of which depend on the
scheduling method used.

5.3 Bound based scheduling

For the same plant, we now apply the bound based
scheduling method. We let L = I4 and compute matrix
P by solving (10). Selecting S = 0.9I4, yields µM (A) =
2.6584, τmin = 46.5 ms and τmax = 183.8 ms. The value of
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Table 1. Minimum, maximum and average
values of (τk)k≥0 (values in ms) and number

of samples taken over the interval [0, 20] s.

Scheduling Min Max Avg Nr. samples

flow based 80 400 271.1 75
bound based 61.1 171.8 153.0 132

S is such that the decay rate of bound based scheduling
with state feedback matches the value of the parameter
λ used in flow based scheduling. Following the steps
described in Section 5.1, we arrive at the observer gain
matrix H = [−0.9414 −0.1052 −0.7520 −0.4370]>.

Shown in Fig. 2(b) are the time evolution of the observa-
tion error’s norm at sampling times ‖x̃k‖ and the plant’s
state norm ‖x(t)‖ when the plant and the observer are
initialized with the same initial conditions of the previous
method. Similar to the case with flow based scheduling,
both the observation error and the plant’s state converge
to zero. Plotted in Fig. 3(b) is the sequence of sampling
intervals generated by this scheduling method.

5.4 Discussion

Table 1 shows, for both scheduling methods, the values
of the minimum, maximum and average of the sequence
of sampling intervals and number of samples taken in the
interval [0, 20] s. One can immediately notice that, in this
simulation, the average sampling interval of the flow based
method is larger than the bound based one. Nonetheless,
one must take into account that the flow based method is
more computationally intensive as it requires the solution
of (5) along several grid points in order to determine the
next sampling time, implicit. The bound based method is
much simpler in this respect, as the next sampling interval
is an explicit function of the current estimated state.

We would like to point out that the flow based method
with a gridding strategy needs an observer that is asymp-
totically stable for all sequences of sampling intervals in
(23), while the bound based method needs an asymptotic
observer for all sequences of sampling intervals in (24). The
second case is harder since there are an infinite number of
constraints that must be satisfied.

6. CONCLUSION

This paper addressed the problem of controlling a linear
time-invariant plant when only discrete measurements of
its outputs are allowed, by using two different self-triggered
control strategies. Two previous results on self-triggered
state feedback stabilization namely those in Wang and
Lemmon (2010) and Mazo Jr. et al. (2010) where shown to
be input-to-state stable with respect to observation errors,
provided some modifications are made. This together with
a suitable observer design, was shown to yield global
asymptotic stability of the closed loop system. Simulation
results suggest that the scheduling method of Mazo Jr.
et al. (2010) requires less samples for the same desired rate
of decay although being more computationally expensive
than the method of Wang and Lemmon (2010).
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Åström, K.J. (2008). Event based control. In A. Astolfi
and L. Marconi (eds.), Analysis and Design of Nonlinear
Control Systems, 127–147. Springer.

Donkers, M.C.F. and Heemels, W.P.M.H. (2010). Output-
based event-triggered control with guaranteed L∞-gain
and improved event-triggering. In Proc. of the 49th
Conf. on Decision and Control, 3246–3251. Atlanta, GA,
USA.

Khalil, H.K. (2002). Nonlinear Systems. Prentice Hall,
Upper Saddle River, New Jersey, USA, 3rd edition.

Li, L. and Lemmon, M. (2010). Event-triggered output
feedback control of finite horizon discrete-time multi-
dimensional linear processes. In Proc. of the 49th
Conf. on Decision and Control, 3221–3226. Atlanta, GA,
USA.

Lunze, J. and Lehmann, D. (2010). A state-feedback
approach to event-based control. Automatica, 46(1),
211–215.

Mazo Jr., M., Anta, A., and Tabuada, P. (2010). An
ISS self-triggered implementation of linear controllers.
Automatica, 46(8), 1310–1314.

Mazo Jr., M. and Tabuada, P. (2008). On event-triggered
and self-triggered control over sensor/actuator net-
works. In Proc. of the 47th Conf. on Decision and
Control, 435–440. Cancun, Mexico.

Molin, A. and Hirche, S. (2010). Structural charac-
terization of optimal event-based controllers for linear
stochastic systems. In Proc. of the 49th Conf. on Deci-
sion and Control, 3227–3233. Atlanta, GA, USA.

Sontag, E.D. and Wang, Y. (1995). On characterizations
of the input-to-state stability property. System and
Control Letters, 24(5), 351–359.

Tabuada, P. (2007). Event-triggered real-time scheduling
of stabilizing control tasks. IEEE Transactions on
Automatic Control, 52(9), 1680–1685.

Van Loan, C. (1977). The sensitivity of the matrix
exponential. SIAM Journal on Numerical Analysis,
14(6), 971–981.

Velasco, M., Mart́ı, P., and Fuertes, J.M. (2003). The
self triggered task model for real-time control systems.
In Work in Progress Proc. of the 24th IEEE Real-Time
Systems Symp., 67–70. Cancun, Mexico.

Walsh, C.G. and Ye, H. (2001). Scheduling of networked
control systems. IEEE Control Systems Magazine,
21(1), 57–65.

Wang, X. and Lemmon, M.D. (2008). Event-triggered
broadcasting across distributed networked control sys-
tems. In Proc. of the 2008 American Control Conf.,
3139–3144. Seattle, Washington, USA.

Wang, X. and Lemmon, M.D. (2010). Self-triggering under
state-independent disturbances. IEEE Transactions on
Automatic Control, 55(6), 1494–1500.

Yook, K.J., Tilbury, D.M., and Soparkar, N.R. (2002).
Trading computation for bandwidth: Reducing com-
munication in distributed control systems using state
estimators. IEEE Transactions on Automatic Control,
10(4), 503–518.

Preprints of the 18th IFAC World Congress
Milano (Italy) August 28 - September 2, 2011

10079


