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Abstract: Many control applications, such as vision-based control, require data-processing
methods to distill sensor information. This data-processing introduces several undesired effects in
the control loop, such as delays, the probability of not acquiring information, and measurement
inaccuracies. Often, these effects obey a trade-off. For example, the probability of acquiring
control-relevant information, related to the probability of data-loss, is typically higher if a
larger delay is allowed. While a single processing method with a reasonable trade-off is typically
selected, we propose instead a solution to switch between data-processing methods with different
delays and corresponding data-loss probabilities. We prove that the proposed method achieves
a better LQG-type performance when compared to the individual methods. A simulation
considering a second-order system illustrates the advantages of the proposed method.
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1. INTRODUCTION

There is nowadays a growing industrial interest in mod-
eling data-processing units in the control loop, rather
than assuming that these are ideal or account for the
worst case. This is especially relevant in high-end applica-
tions and in data-intensive applications, such as big data
and image- /vision-based control. In such applications, the
data-processing element is a non-trivial component that
converts large quantities of measurement data to control-
relevant information. Typically, data-processing units are
not limited to only one processing method, but many
are available. Several characteristics can be included in
the models of those processing methods, such as delay,
accuracy of information, and the probability of acquiring
information, often obeying trade-offs between the charac-
teristics. Typically, once the characteristics of the process-
ing methods have been identified, a single method with
reasonable trade-offs is selected for implementation.

Recently, in van Horssen et al. (2015), we proposed to
switch between data-processing algorithms on-line to im-
prove closed-loop performance. In van Horssen et al.
(2015), we have considered the trade-off between speed,
modeled by the processing rate at which a given method
can run, and accuracy, modeled by the noise characteristics
(covariance matrix) of the processed data. In this paper,
we tackle another important trade-off present in selecting
data-processing algorithms, namely the trade-off between
processing delay and probability of data-loss, i.e. the prob-
ability of acquiring control-relevant information from the
data. In fact, if more processing time is allowed, the
probability that useful information is obtained typically
becomes higher, at the cost of a larger delay. Compared to
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Fig. 1. Control loop with two data-processing algorithms

the previous work, several new challenges are addressed in
the design of the switching policy for this new trade-off,
which are described shortly.

We consider the interconnection of a physical system with
sensors and actuators, a data-processing unit consisting of
several data-processing methods, and a digital controller
in a feedback structure, as depicted in Fig. 1. The data-
processing algorithms, or methods, acquire the data from
the same sensors, but the way they produce control-
relevant output varies. Each data-processing method is
characterized by the incurred processing delay and the
probability of having a correctly processed measurement.
Only one processing method is allowed to be active at any
given time, which is consistent with typical limitations on
processing power. The goal is to design a switching and
control policy to achieve a better closed-loop performance
than the typical approach of selecting and implementing
only the fixed method with best performance. Although
only two methods are depicted, the results presented in
this paper are valid for a higher number of processing
methods.
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Building upon available results in optimal control theory
(Astrom (1970); Schenato et al. (2007)) and ideas from
(approximate) dynamic programming (Bertsekas (2005);
van Horssen et al. (2015); Antunes et al. (2012)), we
establish a switching and actuation policy that achieves
improved closed-loop performance compared to the typical
non-switching approach. To guarantee this improvement,
a condition is used to establish the best non-switching
policy, which is different from the assumption made in
van Horssen et al. (2015) (see Remark 2). Since high-
tech systems are typically resource-constrained, several
suggestions are made towards efficient implementation of
the method. Monte Carlo simulations for a second-order
system illustrate the effectiveness of the method and the
achievable performance improvement.

While the ideas of the present paper and of van Horssen
et al. (2015) are, to our best knowledge, novel, there
is some related work available in literature. Switching
approaches to schedule measurements from different sen-
sors have been considered previously, e.g. for sensor data
scheduling (Wu et al. (2013); Kouchiyama and Ohmori
(2010); Molin and Hirche (2009); Leong et al. (2015)). The
recent self-triggered (Aratjo et al. (2011); Antunes et al.
(2012); Gommans et al. (2014)) and event-triggered (Wu
et al. (2013); Rabi et al. (2008); Molin and Hirche (2010))
approaches to schedule transmissions in a control loop
also exploit switching to improve the control performance.
The relation between delay and information loss was ad-
dressed using a different approach in Demirel et al. (2015).
Dropouts in the optimal control context are addressed in
Schenato et al. (2007). The problem of selecting which
part of the data is most relevant is considered in sensor
management Hero and Cochran (2011), sensor fusion, and
sensor selection literature. An alternative tool to construct
switching and control policies is the embedding method
(Bengea and DeCarlo (2005); Vasudevan et al. (2013)).

Besides tackling a different trade-off with respect to van
Horssen et al. (2015), the present paper addresses the
following challenges. No restricting relation is assumed
between the delays of the different processing methods,
leading to aperiodic sampling (see Remark 1). The new
result allows asynchronous decision intervals, i.e. future
decisions instances are not fixed in time (see Remark 3).
Uncertainty of acquiring useful processing results inhibits
regular innovation of the state information.

The problem formulation is given in Section 2. Section 3
explains the proposed methodology, provides the main
result, and gives details on the implementation. A numer-
ical example in Section 4 illustrates the benefits of the
proposed method for a second-order system.

2. PROBLEM FORMULATION

This section describes the plant, the cost criterion, and the
measurement and actuation methods used, leading to the
problem formulation.

2.1 Plant and performance criterion

Let a linear stochastic system be described by the differ-
ential equation

%xc(t) = Acirc(t) + Bcuc(t) + Bw%, (1)
where z¢(t) € R" is the state and uc(t) € R™ is
the control input at time ¢ € R>g, and w is an n,,-
dimensional Wiener process with incremental covariance
I, dt (cf. Astrom (1970)). We assume that (Ac, Be) is
controllable and B¢ has full rank. The initial condition is
a Gaussian random vector z¢(0) ~ N (Zg, D).

Performance of the system is measured by the average
cost function, as in the linear quadratic Gaussian (LQG)
framework, and is described by

1 /7

T =tmswE | = [ gotactuc)d|, @)
T— o0 T 0

where go(z,u) := 2TQcx + uT Rou, with positive semi-

definite and positive definite matrices Q¢ and R¢, respec-

tively. Additionally, we assume that the pair (Ac, Q) is
observable.

2.2 Measurements from data-processing

At sampling times ty, ¢ € N, with ty = 0, a new sample of
raw data pertaining to the plant is taken. At this time,
a data-processing method o, € M is activated to distill
information that is relevant for feedback control. In this
section, we assume, for simplicity, that M = {Mj, Ms}
and we will refer to the processing methods by their indices
{1,2}. Furthermore, only one method may be active at a
given time.

After a certain method-dependent delay incurred by the
choice of processing method

Ty =T, = .
L -— o, — _ .
¢ Ty, ifop=2,

if op =1
ot ’ 710'@ S RZ(), (3)

the system provides new information y, to the controller.

The new information, which arrives at the controller at
ty 4+ 74, contains either information about the full state of
the system at the sampling time, or no information at all,
depending on an indicator v, € {0,1}, i.e.

_ Jrelty), iy =1, (4)
0, if v, =0.
Upon information arrival, a new sample is taken, i.e.
toy1 =te + 70

Apart from the delay, the processing methods are distin-
guished by the probability that they will provide informa-
tion. This property is modeled by the Bernoulli distribu-
tion of ~y, for each method. In particular, we have that

_ '713
P =1 =Yy, = .
(e | o) Voo {W27 if oy = 2.

ifop=1, _
‘ Yoo € Reo,115

(5)

Typically, when the processing methods are given a shorter
processing time to compute the output, they have also a
higher probability of not producing an output. For two
methods, this can be captured by the properties 7y > 7
and 41 > 79, which can be generalized to several processing
methods by a proper ordering.

Remark 1. An important challenge introduced in this set-
ting with respect to van Horssen et al. (2015) is that, by
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selecting different delays immediately after the previous
delay, the intervals between scheduling decisions become
time-varying.

2.3 Duigital control

The digital control platform applies a zero-order-hold
actuation signal to the system, i.e. the signal

uc(t) = uc(te) = up, forall t € [te, tey1), (6)
is constant between samples. Then, the system (1) can be
represented at the sampling times ¢, by

x€+1 = Aa’gxf + Bagué + W[, C(J[ ~ N(O’ @‘:@)’ (7)

w={4" ®

where xp := xz¢(ty) € R™ and uy € R™ are the state
and control input in discrete time for ¢ € N, respectively
(c.f Astrom and Wittenmark (2013) and Astrém (1970)).
Moreover,

ifye =1,
ifﬁ/g =0.

Tm
A,, =™ B ::/ e Beds, m e M.
0

The disturbance w is a sequence of zero-mean independent
Gaussian random vectors wy € R™ with covariances
Elwe(we)T] = @2, for all £ € N, with

Tm
.
o ;:/ e B, BTec%ds, m € M.
0

The cost function can be written in terms of the discrete-
time system as

-1 -1
1
a _ 1 2 —
J& _h?iing T, E gz, u, )|, for Ty := E I,
1=0 1=0

zvvﬁgig g(x,u,7) == 2TQ(T)x + 227 S(T)u + uTR(T)u, ar(l?i),
e A A R

R, := R(Tm), Sm:=S5Tm), me M.

2.4 Problem statement

The objective is to find the best oy and wu, for each £ € N
such that (2) is minimal. Thus, we can formulate the
problem as follows. Find a switching and actuation policy
(co-design problem), i.e., a sequence ® = (g, 41,-..)
of multivariate functions that provide the switching and
actuation inputs at sampling times t,

(o0, ue) = pe(Ze), € €N, (10)
based on the information vector available at the controller
IE = {Ié—lvUZ—huf—layf—l?’yﬁ—l}7 €€N7
with initial information Zy := {Zo, ®*°}. Note that at ¢,

the information y,_; has just arrived at the controller.

Formally, we can write the control design objective as
finding a policy 7 to minimize the expected cost

Jw = {J& | (3) = (6),7}. (11)

We first observe that finding optimal switching and actua-
tion policies, i.e. finding 7* = arg min, J;, is a hard prob-
lem in general (see, e.g., Antunes and Heemels (2014)).
Here, we take a sub-optimal approach for which we will
guarantee improvement over non-switching policies where
oy is constant (i.e. only one switching method is selected).

Let J, denote J, for a non-switching policy, i.e. where
o¢ =b € M for all £ € N and an optimal policy for the
control input is selected. This optimal control input policy
will be discussed in the sequel. In what follows, we address
such policies as base policies. Furthermore, we denote one
optimal choice of b by b*, i.e. Jp« < Jp, for all b € M.
Definition 1. A proposed policy 7 for the system (1)-(6) is
said to expectedly improve over any non-switching policy
if it achieves

Jr < Jpe < Jp, for all b e M. (12)

To achieve our results, we need the following assumption.

Assumption 1. Ay = Apy/ (1 — ) is Schur for all b € M.

Assumption 1 guarantees that solutions of the base policies
remain bounded, i.e. J, < 0o, and is satisfied if 7, satisfies
the critical observation arrival probability condition in
Sinopoli et al. (2003); Schenato et al. (2007) for all b € M.

Remark 2. Note that it is not specified which policy
b € M corresponds to b*, which is different from the as-
sumption made in van Horssen et al. (2015).

3. PROPOSED SWITCHING AND CONTROL
POLICY

In this section, we describe the proposed control policy
for the system leading to our main result. Details on
implementation are given subsequently.

3.1 Switching policy

The switching policy we propose is based on stochastic
approximate dynamic programming and is known as a
rollout method (see Bertsekas (2005)). In the policy, a
switching decision is made at ¢, on which algorithm to
choose next, assuming that afterwards the optimal base
policy b* is always used, as it is illustrated in the following
diagram.

te 7 tot1 toyo - toys
b
| |

I £ I

Tpx Ty
>

This is then repeated in a receding horizon fashion, i.e., the
same procedure is repeated at times typy1,ts12,.... Our
actuation policy is based on the standard optimal LQG
controller design (see Astrom (1970)).

Let

1 t+T
Fepern =7 [ Elsctactuc(®)d

be the cost incurred after some time ¢ and up to time
t + T. The switching criterion is defined as the choice of
the method m € M that minimizes (13) when that method
is first selected assuming that afterwards methods b* is
always selected. Formally,

(13)

(14)

oy := arg min J;"
ng/\/[ ¢
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where
Jgn = {Jg,[te,tg+T] | I[,Ue =meE M,
o, ="b", foralll>(}. (15)
While this defines a family of policies parameterized by T',
later, we will let 7' — oo and consider the unique resulting
policy. Note that taking the limit in (13) directly would

leave (14) ill-defined. For now, we assume that 7" is a large
number.

The derivation of J;" is detailed in the next sections,
leading to the switching condition (32), provided below.

Remark 3. An important challenge introduced with re-
spect to van Horssen et al. (2015) is that the future
decision moments become decision-dependent and are not
aligned in time for all m € M.

8.2 Optimal estimation of the current state

In this section, the optimal estimation of the current state
is detailed when the Kalman filter is used.

Since the system is linear and time-varying, the time-
varying Kalman filter provides optimal state estimates in
the least-squares sense. Due to the processing delay, an
additional prediction step is needed to acquire an estimate
of the current state. The best estimate of the current state
is given by the estimator-predictor

T¢:=E [xg ‘ Ig]
= Ao, To—1+ Bo, ywe—1+ Le—1(Ye—1 — Te—1). (16)
with Zo as initial estimate (see Astrém (1970)). The time-
varying Kalman gain L,_; and the covariance ©, :=
E[(z¢ — Z¢)(x¢ — T¢)T | Zy] are given by recursions of the
Riccati equation
Loy =146, ,
Op= (Ao, —Le-1)0r1(As,, — Le—1)T + 05, ,
where Oy = d¥o.
We can distinguish two cases for (16) and (18) according to

whether the last measurement was successfully processed
or not. Specifically,

Au, Yoor+ Bor g1, ey =1,
T = {A 2—12{@ 1+ 1 We—1 lf Ye—1 B (19)
0'47137@—1 + Bo‘gfluf—la I Yo—1 = Oa
0, = LI if y-1 =1, (20)
A0271@Z—1A;(,1 + (I)(;Jzil, if vo—1 =0,

where we see that © resets to ®“ after a measurement
is correctly processed within the available time. We note
here that (Z,,©,) is a sufficient statistic for x, at time t;
Astrém (1970). Furthermore, the conditioning of ¢, on Z,
guarantees the optimality of the Kalman filter.

3.8 Control policy

The proposed switching policy (14) compares different
scheduling options where the future choices of o are
assumed to be known. Hence, for each of these options,
Ay, By, for [ > £ are assumed to be known and we denote
them by A,, and B,,, respectively. The optimal actuation
policy is then known to satisfy the separation principle,
and is given by the time-varying LQG controller (see e.g.
Astrom (1970)), which consists of a time-varying Kalman

filter and a time-varying LQR controller. The time-varying
Kalman filter is given by (17),(18). We detail now the time-
varying LQR.

At times ty, actuation updates take place according to

up = — Ko, 2y, (21)
where the control gains K,,, m € M, are given by
Gm = Ry + B} Py By, (22)
Km = (Gm)_l(B;zpb*Am + (Sm)T) (23)
Py = AT Py Ay + Q. — K1,Grn Ko, (24)

solved backward, where P, = P, is the stationary
solution to the infinite horizon LQR problem when using
only base policy b*. Additionally, we define G+ = G+ and
Kb* = Kb* .

3.4 FExpected cost

To establish an estimate for the cost incurred after the
decision moment, predictions of the future state and co-
variance are needed.

Let

E&h =E [Lf-i-h | Id = :YUH}LAUH}L (25)

We can make predictions of the future state estimates and
their variance according to
To g1 = E[Topng1 | e
= Ao'z+hj:€7h + B(fprhuf-i-h (26)
with initial condition &,¢ = Z¢, and
Ornt1 :=E[(@ornt1 — Tonr1) @ernir — o)™ | T

=¢2 +|A ée,hA;Hh} (1= Toy)  (27)

O¢+h

with initial condition @g}o = Oy. Note that (27) follows
directly when taking the expected value over (20).

O¢+h

We do not have measurement noise, hence the minimal
and maximal bounds of the predictions (as e.g. detailed in
Schenato et al. (2007)) coincide. Assumption 1 guarantees
that for the base policies the expected covariance converges
to some O, that satisfies

éb = (I)‘{,J + [Ab(:)bA;] . (1 — 'S’b)
for any initial value of ©y.

Using (Astrém (1970); Schenato et al. (2007)) and in
accordance with our switching policy, we can establish for
each m € M the expected future cost (15) up to time
te+ T, for T = NTps + Ty, N € N, as

[2] Pue + Xm (00, N)],  (29)

(28)

Jt = limsup — -
Nooo NTp + T

for with
Xm(@E,N) = t’r’(ég,opm +éZ,OKJLGme) (30)
+ tr(D% Py 4+ Op 1 KT Gy Kipr)
N
+ 3 tr(®f. Py + O 1 K] Gy Ky
=2

where él,l are forward predictions of the variance accord-
ing to (27), starting with ©,, while assuming that oy = m,
and o, = b* for all { > /.
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It is known from optimal control theory (Astrom (1970);
Schenato et al. (2007)) that the cost for a non-switching
policy, in which always method b is chosen, is given by

1 —1
H ;g(ﬂjh U, Tb)]

1 _ o
= Ttr((bz)Pb + QbKl;erKb)
Th

Jp = J&|o=p = limsupE
£L—o00

(31)

where the matrices follow from the stationary solutions to
the Riccati equations in Section 3.3.

Observe that limsup;_, ., @g’l = O+ by the proposed
switching policy and Assumption 1. Hence, we can deduce
that, for some large N, the matrix norm ||©, n — Op+]| <
e for some arbitrarily small e. Thus, the term in the
summation in (30) converges to

Cpx 1= t'l"(@zj* Pb* + éb* [_(J*Gb* I_(b*)
which is equal to the numerator part of the cost (31) when
b* is used every instance.

We can now establish a computable switching condition.
8.5 Switching condition and main result

The next proposition provides the proposed policy (14)
with (29) when T' — oo, i.e. when N — oo.

Proposition 1. For T — oo, the switching condition (14)
is equivalent to
L = . T,
o¢ = arg min ] P2 + m (00) + (1 — =) epe
meM Tp*

(32)

where
Nm (Op) := t’l“(@epm + @gf(;rnémkm)
+ tr(DY, Py ) + tr(Fm (00) KL Goe Kp+ ), (33)
where §,,(0;) is the solution Y to the Lyapunov equation
Ap YA, =Y = — [@% + A,,0,AT - (1 - 7,)], (34)
which always has a solution by Assumption 1. O

Proof. For brevity, only a sketch of the proof is provided.
In the summation in (30), tr(®§. Py ) and parts of O, for
[ > 1, are not dependent on m. The remainder of éé,l can
be replaced by Aé:l(;)g_rl(A’déjl)T, leading to the solution of
the Lyapunov equation.

Here, 7,,(©) is defined as the method-dependent part
(the terms that depend on a particular choice of m) of
Xm(O¢, N) for N — oco. The last term in (32) corrects for
the misalignment of the expected sampling times such that
the term N%b*l—s-?m in (29) equals to the same value of T in
(15) for each m € M. Hence, the divisor can be eliminated
from the arg min.

We can compute the right-hand side of (32) explicitly for
each m € M and thus our switching condition has become
explicit. We can now state our main result.
Theorem 1. Under Assumption 1, the following holds
Jr < Jps < Jp, for all b e M, (35)
i(f the control policy functions (10) are given by (14) and
21). O

Proof. For brevity, only a sketch of the proof is pro-
vided. Each decision incurs a cost increment of ;b—":cb* —

Running ”average cost”, averaged over 100 Monte-Carlo simulations

e ——— e
1000
2
L 800
o
& 600
<
=
£ 400 fixed b =2
s switched
200 fixed theoretical
0 L L I )
0 0.5 1 1.5 2 2.5

time [t (s)] «10%

Fig. 2. Running average cost, averaged over all Monte
Carlo simulations. Comparison to using only Ma.

fn(Ze, ©0), where f(z,0) := 2T (Pye — Pp)x + iy« (©) —
m(0)—(1 — %—’j)cb*. If m is chosen according to (32), then
fm(Ze, Op) > 0, leading to the guarantee that

L-1
1 1
Jr = —cpr — limsup —E o0 (T2, O0) | Zy] < Jpe.
o s B3 S (7,00 |

Theorem 1 means that our proposed policy achieves the
improvement conditions in Definition 1. The effectiveness
of the method is illustrated in the next section.

The following remark is relevant for implementation of the
policy for resource-constrained systems such as embedded
systems.

Remark 4. Since ©,p will reset regularly, it can be ben-
eficial to precompute values of §,,(0,) for evolutions of
©, according to (20) with initial condition ®¥,. Using the
precomputed values may provide a significant reduction
in on-line computational effort, at the cost of memory to
store the values.

4. SIMULATION

We simulate our method for the following second-order
system

0 1 0 0.8
Ac = l:_]_ 08:| , Bo = |:1:| , By, = |:01:| ) (36)
and a cost
100 0
Qc = [ 0 100] , Rc = 100. (37)
We take two  processing methods, given by

Ml(’l_'l = 18,’71 = 09) and Mg(’T_'Q = 06287’72 = 055) The
expected average costs (31) of the fixed policies are found
to be J; = 1156.6 and Jy = 1140.9, i.e. My performs 1.3%
worse and thus b* = 2.

We run 100 Monte Carlo simulations of the system. We use
a small initial condition near the origin xy ~ [0,0]T, and
small initial covariance ®*° << ®¥  for all m € M. We
take t € Rjg 24000 such that the cost has approximately
converged. We observed that near the origin the slow
method was often selected and further away the fast
method was selected increasingly often.

The running average cost when averaged over all Monte
Carlo simulations is depicted in Fig. 2. It also shows the
cost of the base policy b* = 2 and its theoretical value. We
see that our switched policy (red) performs better, i.e. it
has lower average cost, than using M« all the time (blue).
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Cost Theoretical value
Only My 1156.1 1156.6
Only Mas 1139.9 1140.9
Switched | 1026.5 n.a.

Table 1. Average cost

The approximately stabilized values are given in Table 1.
When the number of Monte Carlo simulations is increased,
the averages converge to the theoretical values. The cost
difference with the theoretical value Jp» is &~ 114.3, which
amounts to an expected cost improvement of ~ 10.03%
when using our switched policy.

We observed also that at the end of the simulations the
variance of the final costs over the Monte Carlo simulations
was small for M7, slightly larger for the switched approach,
and much larger (one order of magnitude) for the system
when only M> was used. This can be explained by the
fact that, within the same time span, the fast method has
more instances where a dropout can occur. Increasing the
number of Monte Carlo simulations or the simulation time
reduces the variance, as expected.

5. CONCLUSION

In this paper, we proposed a switching and control policy
that provides a solution to the design trade-off encountered
in applications having multiple processing methods that
provide information with different probability, depending
on the elapsed processing time. Our policy achieves an im-
provement in expected cost by switching between methods
on-line. In simulations, a simple example with only two
processing methods showed a significant 10% performance
gain. It is expected that the methods are even more ben-
eficial for more complex systems. Connections with our
previous work van Horssen et al. (2015), i.e. the interplay
between (stochastic) delay, accuracy and loss probability
are currently under investigation.

ACKNOWLEDGEMENTS

This work is supported by the Dutch Technology Foun-
dation (STW) grant number 12697 ”Control based on
Data-Intensive Sensing,” and by the Innovational Research
Incentives Scheme under the VICI grant ”Wireless con-
trol systems: A new frontier in automation” (No. 11382)
awarded by NWO (The Netherlands Organisation for Sci-
entific Research) and STW (Dutch Technology Founda-
tion).
REFERENCES

Antunes, D. and Heemels, W.P.M.H. (2014). Rollout
event-triggered control: Beyond periodic control per-
formance. Automatic Control, IEEE Transactions on,
59(12), 3296-3311.

Antunes, D.J., Heemels, W.P.M.H., Hespanha, J.P., and
Silvestre, C.J. (2012). Scheduling measurements and
controls over networks - part i: Rollout strategies for pro-
tocol design. In American Control Conference (ACC),
2012, 2036-2041.

Aratjo, J., Anta, A., Mazo, M., Faria, J., Hernandez, A.,
Tabuada, P., and Johansson, K.H. (2011). Self-triggered
control over wireless sensor and actuator networks. In
Distributed Computing in Sensor Systems and Work-
shops (DCOSS), 2011 International Conf. on, 1-9.

Astrom, K.J. (1970). Introduction to stochastic control
theory. Elsevier.

Astrom, K.J. and Wittenmark, B. (2013). Computer-
controlled systems: theory and design. Courier Corpora-
tion.

Bengea, S.C. and DeCarlo, R.A. (2005). Optimal control
of switching systems. Automatica, 41(1), 11 — 27.

Bertsekas, D.P. (2005). Dynamic Programming and Opti-
mal Control. Athena Scientific. 3rd Edit. Vol. 1 and 2.

Demirel, B., Aytekin, A., Quevedo, D.E., and Johansson,
M. (2015). To wait or to drop: On the optimal num-
ber of retransmissions in wireless control. In Control
Conference (ECC), 2015 European, 962-968.

Gommans, T.M.P., Antunes, D.J., Donkers, M.C.F.,
Tabuada, P., and Heemels, W.P.M.H. (2014). Self-
triggered linear quadratic control. Automatica, 50(4),
1279 — 1287.

Hero, A.O. and Cochran, D. (2011). Sensor management:
Past, present, and future. IEEE Sensors Journal,
11(12), 3064-3075.

Kouchiyama, Y. and Ohmori, H. (2010). Switching con-
trol algorithm for sensor scheduling. In SICE Annual
Conference 2010, Proceedings of, 652—656.

Leong, A.S., Dey, S., and Quevedo, D.E. (2015). On
the optimality of threshold policies in event triggered
estimation with packet drops. In Control Conference
(ECC), 2015 European, 927-933.

Molin, A. and Hirche, S. (2009). On LQG joint opti-
mal scheduling and control under communication con-
straints. In Decision and Control, 2009 and 2009 28th
Chinese Control Conf. CDC/CCC 2009. Proc. of the
48th IEEE Conf. on, 5832—-5838.

Molin, A. and Hirche, S. (2010). Optimal event-triggered
control under costly observations. Proceedings of the
19th international symposium on mathematical theory
of networks and systems.

Rabi, M., Johansson, K.H., and Johansson, M. (2008).
Optimal stopping for event-triggered sensing and actu-
ation. In Decision and Control, 2008. CDC 2008. }7th
IEEE Conference on, 3607-3612.

Schenato, L., Sinopoli, B., Franceschetti, M., Poolla, K.,
and Sastry, S.S. (2007). Foundations of control and
estimation over lossy networks. Proceedings of the IEEE,
95(1), 163-187.

Sinopoli, B., Schenato, L., Franceschetti, M., Poolla, K.,
Jordan, M.I., and Sastry, S.S. (2003). Kalman filtering
with intermittent observations. In Decision and Control,
2003. Proceedings. 42nd IEEE Conference on, volume 1,
701-708 Vol.1.

van Horssen, E.P., Antunes, D., and Heemels, W.P.M.H.
(2015). Switching data-processing methods for feedback
control: Breaking the speed versus accuracy trade-off. In
Decision and Control (CDC), 2015 IEEE 54th Annual
Conference on, 2313-2318.

Vasudevan, R., Gonzalez, H., Bajcsy, R., and Sastry,
S.S. (2013). Consistent approximations for the optimal
control of constrained switched systems. SIAM Journal
on Control and Optimization, 51(6), 4463-4483.

Wu, J., Jia, Q.S., Johansson, K., and Shi, L. (2013).
Event-based sensor data scheduling: Trade-off between
communication rate and estimation quality. Automatic
Control, IEEE Transactions on, 58(4), 1041-1046.



