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Abstract—We consider a sensor scheduling and remote communication between the sensors and the estimator should
estimation problem with one sensor and one estimator. At ec  pe scheduled wisely, and the estimator should be designed

time step, the sensor makes an observation on the state of a ,5harly 5o that the state estimation error is minimized
source, and then decides whether to transmit its observatioto . L. .
subject to the communication constraints.

the estimator or not. The sensor is charged a cost for each tres- ) . .
mission. The remote estimator generates a real-time estirte The sensor scheduling and remote state estimation prob-

on the state of the source based on the messages received fromlem has been extensively studied in recent years. Imer and
the sensor. The estimator is charged for estimation error. &  Basar [3] considered the model where the sensor is allowed
compared with previous works from the literature, we further to communicate with the estimator only a limited number

assume that there is an additive communication channel naés f i Th fi i . f th bl .
As a consequence, the sensor needs to encode the messagasebefo0 Imes. € conunuous-ime version o € problem in

transmitting it to the estimator. For some specific distribuions ~ [3] has been studied by Rakt al. [4]. Xu and Hespanha
of the underlying random variables, we obtain the optimal [5] considered the networked control problem involving the

solution to the problem of minimizing the expected value of state estimation and communication scheduling, which can
the sum of communication cost and estimation cost over the be viewed as the sensor scheduling and remote estimation
time horizon. . .
problem. Wuet al. [6] considered the sensor scheduling
. INTRODUCTION and estimation problem subject to constraints on the aeerag
ommunication rate over the infinite-time horizon, which ca

The sensor scheduling and remote state estimation proi]éo be viewed as Kalman-filtering with scheduled obser-

lem arises in the applications of wireless sensor networl@ations' Lipsa and Martins [7] considered the setup where

such as environmental monitoring and networked contral SY$he sensor is not constrained by communication times but is

tems. As an example of environmental monitoring, people i o .
. ) L et harged a communication cost. Naytral. [8] considered
the National Aeronautics and Space Administration (NASAE sin%ilar problem with an energy h)a/\f/aestirgg] sensor

Earih Science group want to monitor the evolution of the In previous works, the communication between the sensor

soil mO'S“.”e' Wh'Ch is used in weather forec_ast, ecosyste d the estimator has been assumed to be perfect (no additive
process simulation, etc [1]. In order to achieve that goa h

th work built fint g annel noise), which may not be realistic, even though
€ Sensor Networks are bullt over an area of Interest. 1he, .o 5, important first step. This paper investigates the
sensors collect data on the soil moisture and send them

the decisi it at NASA via wirel ication. Th flect of communication channel noise on the design of
€ decision unit a via wiretess communication. EE)ptimal sensor scheduling and remote estimation stregegie

decision gmt ".ﬂ NASA forms estimates on the e.VOIUt'O e consider a discrete time sensor scheduling and remote
of the soil m0|s_tu_re ba;ed on the messages received froégtimation problem over a finite-time horizon, where there

tth SENSors. Similarly, in networked control systems, thg one sensor and one remote estimator. We assume that at
objective is to control some remote plants. Sensor networ ich time step, the sensor makes a perfect observation on the

are built to measure the states of the remote plants, Wh'% ate of an independent identically distributed (i.i.ch)ice.

th.enl transmit the_|r Teasurtemel?tsﬂt]o the tco|r|1tr0|letr_ V'? ﬂext, the sensor decides whether to transmit its observatio
wireless communication network. € controller estimales, 1ho remote estimator or not. The sensor is charged a

the state of the remote plant and generates the Coer”Sig.%st for each transmission (communication cost). Since the

b?;ed on tTat te?tlma:_e [2t] Intbothlscifna?oi,] the q.,lual'%mmunication channel is noisy, the sensor encodes the
of the remote state estimation strongly affects the quakity message before transmitting it to the estimator. The remote

decision making at the remote site, that is, weather priedict estimator generates real-time estimate on the state of the

or control signal generation. The networked sensors aBurce based on the noise corrupted messages received from

usually c_onstraiped by Iim_its on energy. They are not able t&e sensor. The estimator is charged for estimation error
communicate with the estimator at every time step and thu gstimation cost). Our goal is to design the communication

thet_eslt_m;ator Pt1_as to pr_od(tju;e s tEeSt estlmatihbas?gr on ‘f’leduling strategy and encoding strategy for the sensadr, a
partial information received from the Sensors. Theretile, e estimation strategy (decoding strategy) for the estima
This research was supported in part by NSF, and in part by tge Alr [0 Minimize the e>_(pected value of thg sum of communication
Force Office of Scientific Research (AFOSR) MURI grant FA98801- cost and estimation cost over the time horizon. Our solu-
0573. . . . o tion consists of a threshold-based communication schegluli
All authors are with the Coordinated Science Laboratoryiversity of . . . . . .
strategy, and a pair of piecewise linear encoding/decoding

lllinois at Urbana-Champaign, Urbana, IL 61801; emaflsgaol6, akyol, ) ) i )
basarl @illinois.edu strategies. We show that the proposed solution is optimal
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when the random variables have some specific distributiondoes not receive any message from the sensor. Assume that
the side channel is noise-free; then
Il. PROBLEM FORMULATION
A. System Model sgn(X,;), if X, #e

€, if X;=c¢

After receivingfft and.S;, the decoder produces an estimate
on X,, denoted bet. The estimator will be charged for
distortion in estimation. Assume that the distortion fimct
p(X,, X,) is the squared errarX; — X;)2, and the encoder
has average power constraint:

X
Sensor O

Side channel

Fig. 1. System model
E[Y?|U; = 1] < Pr,
Consider a discrete time sensor scheduling and remote
estimation problem over a finite-time horizon, thatdis= where Pr is known. The cost at time s
1,2,...,T. In the problem, there isne sensorpne encoder o
and one remote estimator (which is also called “decoder”). U+ (X — Xi), ¢>0,
The sensor observes an independent identically distdbute
(i.i.d.) stochastic proces$X;}, X, € R, which has Laplace whereclU, is the communication cost arid; — X,)? is the
density,px, with parameterg0, A\—1). Hence, estimation cost.

FAe M if x>0 . :
px(z)=14" co Rr= B. Decision Strategies

a 1y Az i
gre™”, iz <0 Assume that at time, the sensor has memory on all its

Assume that at time the sensor has perfect observatiorpbservations up te, denoted byX;.;, and all the decisions
on X,. Then the sensor decides whether to transmit thé has made up ta — 1, denoted byU;.; ;. The sensor
measurement to the encoder or not. Lete {0,1} be the determines whether to communicate or not at tineased
sensor’s decision at time, whereU; = 0 stands for no on its current informatiod X.;, Ur.,—1), namely
communication and/; = 1 stands for communication. If

the sensor communicates at tirhat will be charged a cost Up = fi(X1:4, Ure—1),

c. “No communication” results in zero communication cost.

Assume that the communication between the sensor and tigere f; is the scheduling policy of the sensor at timand

encoder is perfect. Denote hy, the message received byf = {f1, f2,..., fr} is the scheduling strategy of the sensor.
the encoder, that is Similarly, at timet, the encoder has memory on all the
) messages received from the sensor up tenoted byX .,
- X, U =1 and all the encoded messages it has sent to the decoder
t= . if U, =0 up tot — 1, denoted byY;.;, 1. The encoder generates the

encoded message at timéased on its current information
wheree is a free symbol standing for no message is transmit-X1.;, ¥Y1..—1), namely

ted. Once the encoder receives the message from the sensor, ~

it sends an encoded message to the decoder, denot&d by Y = g1(X1at, Yi—1),

The encoder will not send any message to the decoder if

it does not receive any message from the sensor, whichWhereg; is the encoding policy of the encoder at tihand
denoted byY; = e. Assume that the encoded message i§ = {91,92,...,9r} is the encoding strategy.

corrupted by an additive channel noigg V; € R. {V;} is Finally, assume that at time the decoder has memory on
an i.i.d. random process, which is independen{ & }. We all the messages received from the encoder up tenoted
take V;, to have gamma distributiolr (%, 6). Denoting the by YM,SM. The decoder generates the estimate at ttme

message received by the decoder}bywe have based on its current informatic(ﬁ’lm Si.t), namely
~ Y, +V, ifY, #e¢ thht(f/l;usl;t)
t =
€, if Y; =¢

where h, is the policy of the decoder at timeandh =
When sending the encoded message to the decoder, ffa,h,...,hr} is the decoding strategy.
encoder will transmit the sign ok, to the decoder via a Remark 1: Although we do not assume that the encoder
side channel, denoted hy;. Again, the encoder will not has memory oti/;.;, Sy.¢, yet it can deduce them froty.,.
send any message to the decoder via the side channel ifSiimilarly, the decoder can obtalrh.; from Y.t



C. Assumptions on the Parameters The encoder is constrained by average powersuch that

Denote byo—%, the variance ofl;, and recall thatl; has IE[YZ] < Py
gamma distributior’(k, 6). Then,o? = k62. Definea =: -
M/ Pr, andy := ££. Assume that The decoder receives the noise corrupted messageV/,
v denoted byY’, and generates an estimate %f denoted by
0 =+/Pr. X, according to some decoding polidy
Then, we have . X = h(Y).
a=2A, 7= @) Problem 1: Given zero-mean random variablésandV/,

and the power constraint of the encodeyr, find ¢ and i

Remark 2: These parameters as well as the form of sourddat minimize
and channel noise distributions, even though they might 59
seem arbitrary at first sight, are carefully chosen to ren- J(g, h) = E[(X = X)7,
der the affine encoding and decoding strategies optimaubject toE[¢?(X)] < Pr.
as demonstrated later in Lemma 3. In practice, such aWe reproduce the following theorem from [10].
coincidence could be a deliberate objective of an adver- Theorem 1 ([10]): In Problem 1, the optimal encoder and
sarial agent that controls the channel noise density, sindecoder are both linear if and only if the characteristic
affine encoding/decoding strategies are worst-case optinfanctions of X and V' satisfy
encoding/decoding policies under second order statistica

— Y
constraints (such as encoding power) and distortion measur Fx(aw) = Fy(w),

(such as mean squared error), as studied in [9]. wherea = ./Pr and 4 = Z£. Moreover, the linear

D. Optimization Problem encoding/decodir)fg policieg*, h*§ are as follows:
Consider the system described above, given the time hori- Y = ¢*(X)=aX

zon T, the statistics of X;} and {V;}, the communication . . T (2)

costc, and the power constraidt;. Determine the schedul- X = nY)=45H7Y

ing strategy, encoding strategy, and decoding strategyh) _ _
for the sensor, the encoder, and the decoder, respectivaty, We apply Theorerfil1 to obtain the following lemma.

minimize the expected value of the sum of communication Lemma 1: Consider the communication problem de-
and estimation costs ovét, namely, scribed above, assume th&tand V' can be written as

T } X=X - \NXLV=V,~-ko

J(f,gh) =E{S U+ (X, - X0)’ o
where X, has exponential distribution with parameterand

Vy has gamma distribution with parametefs #). Further-
more, letd and Pr satisfy § = \/Pr. Then the optimal
Il. PRIOR WORK encoding/decoding policieg*, h*) are as described if](2)

We review some results of a communication problem studwith o = A\\/Pr andy = .

ied in [10]. Consider the communication system described Proof: From the definitions ofX and V/, we have

in Figld. The encoder wants to transmit an input sigial E[X],E[V] = 0, 0% = A% ando? = k6. Thena =
}1/% = \/Pr andy = f—g = 17 By the assumptions on

the parameter$}(1)

X Y Y X . - . -
& Fy(aw) = E[egaw(Xe A 1>} = | [efowXe] gmdown!

= (1 —jwh)te w0,

t=1
subject to the power constraint of the encoder.

4

Fig. 2. Communication system considered in earlier work
Similarly,

to the decoder via a communication chang€lis a random _ ok
variable,X € R. The communication channel has an additve £V (w) =E {ejw(vgfke)} = [(1 = jwo)~te 0]
channel noisd/. V is also a random variablé/ € R. As-
sume thatX andV are independent, and have characteristic
functions Fx (w) and Fy (w), respectively. Denote by%
and 0%, the variances of{ and V, respectively. Since the Applying Theorenfll, we obtain the desired result.
communication channel is noisy, the encoder encodes the |
message before sending it to the decoder. Assume that e next extend Theorei 1 to variables with non-zero means.
encoder generates the messageaccording to an encoding
policy g: Lemma 2: Let the optimal encoding/decoding policies to

Y = g(X). Problem 1 be(¢*, h*). Consider the communication problem

Fl(w) = [Fy ()] = Fx (aw).



with non-zero mean random variablé§’ and V’; call it
Problem 2. Assume thatX’ and V"’ are affine transforms of
X andV:

X' =aX by, V' =V + b,

wherea, by, by are known constants, € {—1,+1}, by,bs €
R. Then, the optimal encoding/decoding policiesFooblem
2, denoted by(¢’*, h'*), are

g (
B (Y7 a-h*(Y' —by) +by.

Moreover, the costs of the two problems are equivalent.
Proof: For any encoding/decoding polici¢g, i) satis-
fying the power constraint ifProblem 1, we have

Y =g(X),E[Y?] < Ppr, X =h(Y)=h(Y +V).

X/—bl
a

gl* (X/)

Define the encoding/decoding policiég, »’') in Problem 2
as follows:

Y =g'(X) —g( _bl)
X' =h(Y')=a- h(Y —by)+b.

where Y’ is the output of the encodel’ is the noise
corrupted message received by the decoder, Ehds the
output of the decoder ifroblem 2. Furthermore,

V=Y +V/,
Y’zg( )=g<X>=Y.

Hence, E[Y’*] = E[Y?] < Pr, which implies that the

and
X' —b

a

pair (¢’, h') satisfies the power constraint of the encoder in

Problem 2. Moreover,
X' =a-h(Y —by)+b =a-h(Y' +V' —by)+by,
=a-h(Y+V)+b =aX +b.

Let Ji(g, h) be the cost corresponding g, /) in Problem
1, and J2(¢’,h') be the cost corresponding 1@, 2’) in

Problem 2. Then,
By W) = E[(X' = X)7]

E {(aX + b, — aX — bl)ﬂ

0 E {(X - X)ﬂ = Ji(g, h).

Conversely, for any encoding/decoding policigs, »’) sat-
isfying the power constraint iRroblem 2, define the encod-
ing/decoding policiegg, #) in Problem 1 as follows:

Y =g(X)=yg'(aX +b1),
X =h(Y) = L[ (Y +by) — bi].

By the same procedure it can be shown that the @aih)
satisfies the power constraint of the encodeiPhoblem 1
andJi (g, h) = Ja(g’, 1’). Therefore, the costs ¢froblem 1
and Problem 2 are equivalent. Moreover, if the optimal cost

of Problem 1 is achieved by(g*, h*), then the optimal cost
of Problem 2 can be achieved bgg’™*, h'*).
[ |

Lemma 3: Consider the communication problem de-
scribed above, assume that the input sigfidlas exponential
distribution with parameter\, and channel noisé’ has
gamma distribution with paramete(s, 0). Furthermore, let
6, Pr satisfyd = +/Pr. Then the optimal encoding/decoding
policies (¢*, h*) are as follows:

Y g*(X):ozX—ou\’1
X hH(Y) =
wherea = \y/Pr. Moreover, the optimal cost is

J(g*’h*) — L% =
Proof: Applying Lemmal2 to Lemmdll, by letting
a=1,b; =\' by = k6, one should obtain optimal encod-
ing/decoding policiegg*, h*) described above. Furthermore,

_ 1 1 _ 1 1
X = ETY+’Y+1A E’YT(Y+V) 'Y+1A
- V11X+a7+lv

Using [3), the cost ofg*, h*) is computed as follows:

J(g*.h*) = E[(X - X)?
= E[(X- 55X -125V)]]
= oFp {E[XQ] + LE[V? - %E[XV]]
~ 11
= L4

IV. MAIN RESULTS

Theorem 2: Consider the problem in Sectigg II-D.

1) The optimal sensor scheduling, encoding and decoding
strategies are in the forms of:

Up = f(Xe), Ve = t(X2), Xi =

2) The optimal decision strategies are stationary, i.ergth
exists(f*, g*, h*) minimizing

ht(i};hst)-

T
J(f,g,h)—E{ZcUtJr(Xt_Xt)Q},
t=1
where
f*:{fik’f;”f;—‘}’ ff::f;::f*7
g ={95.95,....9%}, gf=-=gr:=g",
h* ={hj,hs,....h%}, hi=---=hk =h"

Proof: At time ¢t = T, we want to desigrt f, g7, hr)
to minimize

L2
J1,(fr.97,hr) = E{ U + (X7 - X1)" },



subject to the power constraint of the encoder, caflieablem Since (fr,gr,hr) does not takel; as a parameter,
T1. Let Iyp, I.r, Igr be the information about the pastthe design of( fr, gr, hr) is independent of the design of
system states available to the sensor, the encoder, anéthe d1.7-1,91.7—1, h1.7—1). Hence the problem can be viewed
coder, respectively, at tinig, i.e., Iy = {){1:T71, Ui.r-1}, as aT — 1 stages problem and a one stage problem.
Ier = { X171, Yira}, and Iy = {Yi.r—1,Si7-1}- By induction, we can show that the design(¢f, g1, h1),
Recall that the decisions at tini€ are generated by/r = (fa,92,h2), ..., (fr,97,hr) are mutually independent,
fr(Xr, Isr), Yr = g7( X7, Ie7), X7 = he (Y7, ST, Lat). where(f, g+, hi) is designed to minimize

Let I be the information set about the past system states o,
at timeT" J(fr, gt he) :E{CUt+(Xt_Xt) },

It = {X1.r—1,Unr—1, X1r—1, Yier—1, Yir—1, Str—1}. subject to the power constraint of the encoder. Furthermore
since X; andV; are i.i.d. random processes. The optimal

Then Iup, Ly, Lur € Ir. Consid ther problem, called .
O o, fers a1 € L1 LONSIGET @NOMET Probiem, caed - 4 v ohoid be the same for all= 1,2, ..., T, which

Problem T2, wherel is available to the sensor, the encoder

and the decoder, and we want to desigft., ¢/, h’.) to proves (2). .
minimize
o By Theoreni2, the problem can be reduced to the “one-
Jr, (fr, g, hp) =E {cUT + (X7 — X7) } . stage” problem and the objective is to determifie, g*, h*).

. . Therefore for simplicity we suppress the subscript for time
subject to the power constraint of the encoder, whére=  , 5| the expressions for the rest of the paper.
I _ / _ li
fr(Xr, I), Yr = 9p(Xr, Ir), Xr = hy(Yr, St 7). Theorem 3. Consider the problem formulated in Sec-

Since the sensor, the encoder, and the decoder can aWwgyg [p. If the sensor applies symmetric threshold-based
ignore the redundant information and behave as if they Onglcheduling policyf as follows:

know I,r, I, I;1, respectively, the performance of system

in Problem T2 is no worse than that of thieroblem T1, i.e., 1, if | X|>5
JT2(.f7/“7.g’,/Ta h/T) < min JT1 (.fTagTv hT) v= f(X) N 0 if |X| < ﬁ
(frg:h) (fr.g7,hr) ’ -

Similarly, consider a third problem, callfiroblen T3, where whereg is called the threshold, then the encoding/decoding
I,r, 1.7, Iyr are not available to the sensor, the encoder, arblicies (g, h) described below are jointly optimal corre-
the decoder, respectively. We want to desigfi, ¢/, h;.) to  sponding tof:

minimize - o
o . alX|—aB—ar7t, if X #e
I, (f1: 9 17) = E{eUr + (X — Xz) |, 9(X) = .
€, if X =¢
subject to the power constraint of the encoder, whére= . .
#(X7), Yr = ¢4(Xr), Xz = W4(Yr,Sr). By a similar ~_ S (257 +50 1+ 8) i V.5 £ e
argument as above, the systenPioblem T1 cannot perform h(Y,S) = s
worse than the system roblem T3, namely, 0, ifY,S=e
min Jp, (fr,gr,hr) < min  Jn(f7, 97, h7). wherea = \/Pr, v = %'
(fr,97,hr) (f.9% R

Proof: Case I.U = 0, X,Y,S = e. The optimal
Let us come back t&roblem T2. Since the communication estimator should be the conditional mean:

coste, the distortion function(-, -), and the power constraint .

of the encoder do not depend 6, and since{ X;} and{V;} X =E[X|U = 0] = E[X[|X] < 8] =0,

are i.i.d. random processesy andVr are also independent

of I, and there is no loss of optimality by restricting where the third equality is due to the fact thtis symmet-

rically distributed.
Ur = fn(Xr), Yr = ¢p(Xr), X1 = Wy (Y7, Sr), Case Il.U = 1, S = +. The problem collapses to Problem
2. Conditioned onX = X > f (which is equivalent to

and U=1,5=+), X is distributed (has density) as follows:
: J /’ /,h,/ — . J //’ N,h” .
(P eohi) v, (fr.gr.h7) (F1gon) v, (fr. 97 hr) Ae @B if ¢ > B
The equality above indicates irroblem T1 the sensor, the px(@) = 0, if 2 < f

encoder and the decoder can ignore their information about
Fhe past, namel){sT,_IeT, and L;T,_ respectively, and there Hence, X can be written as¥ = X, + B where X, has
is no loss of optimality by restricting exponential distribution with parametér Since X and V'
Up = fr(X7), Yo = gp(Xp), Xg = hy (V. S are independenfy > ﬁdoe; n_ot affect t_he distribution &f.
r = fr(Xr), Yo = gr(Xr), X1 r(¥r, Sr), ThereforeV has gamma distribution with parametéksé).
which proves (1). Moreover, the power constraift satisfie®) = +/ Pr. Hence



by applying Lemmak]2 arid 3, we have the following optimaTaking derivative ofJ(f, g, h) with respect to3,

encoding/decoding policies and cost

Y = aX—af —ar!,
% _ 1 \ —1
X = oshqY+ 52 +56
- 1 1
E[(X — X)?|X = = 3
(X = XPIX > B = — 33 ®)
Case LU = 1, S = —. Again, the problem collapses to
Problem 2.U =1, S = — is equivalent toX = X < —f.
Conditioned on thatX can be written as
X = _Xe - Ba

where X. has exponential distribution with parameter
Following the steps in Case I, we have

Y = —aX—af—a\!
9% _ 1 \/ —1
X = —aya¥—smA - F
. 1 1
E[(X - X)X < -8= —— =m. 4
(X =XPIX <=fl= —qqm=m @

[ |
Theorem 4: Consider the problem formulated in Section

[MD. Suppose that the sensor is restricted to apply the syrﬁﬂ-mmer’

metric threshold-based scheduling politwith thresholds,
B e (0,+00)
ing optimal encoding/decoding policigg, 2) in Theorem
3. Then, there exists a unique thresh@d minimizing

the cost function among all the thresholds. Furthermore

1

f*=Ve+m, m=—55.
Proof: The cost function subject tf with thresholds,
g, andh can be written as

J(f.9:h) =E [eU + (X - £)°]

E [V + (X = X)"||X] < 8] - B(X| < )

1

Epﬂux—xﬁx>@-mx>m

A 2
+ EMLHX—XHX<—Q-MX<—Q
Consider the expectation in the first term:
E[eU+(X-X)|IX] <],
B
= E[X?X]| <] = f—B IQPX(I)WCL’C-
Next, consider the expectation in the second term:

E[cU+(X - X)X > 4]

c+E{(X—X)2|X >ﬁ} =c+m,

where the last equality is due tol (3). Similarly, By (4), the

expectation in the third term is+ m. Hence,
J(faga h) = f,ﬁﬁ $2PX($)d$

+(c+m) fgopx(:zr)d:r—i- (c+m) f—ﬁ

- bx (x)dw

=2 foﬁ 2?px (z)dx + 2(c + m) f;o px (x)dz.

d
Sincepx(8) > 0, we have
0, if 8=+c+m:=p3*
d . %
%J(f,g,h)= <0, i pe(0,5)
>0, if Be(B,00)

Hence,5* is the unique global minimizer.

V. CONCLUSIONS

In this paper, we considered a sensor scheduling and re-
mote estimation problem with noisy communication channel
between the sensor and the estimator. By making specific
assumptions on the distributions of source and noise, we
have obtained a solution which consists of a symmetric
threshold-based sensor scheduling strategy and a pair of
piecewise linear encoding/decoding strategies. The study
the notion of optimality of our approach in the practical,
adversarial settings where channel noise is generated by a
is left to an extended version of this paper due
to space constraints. Future directions for research declu

and the encoder/decoder apply the Correspongxtensions to hard communication cost constraints and-mult

dimensional settings.

REFERENCES

[1] D. Shuman, A. Nayyar, A. Mahajan, Y. Goykhman, K. Li, M.u,i

D. Teneketzis, M. Moghaddam, and D. Entekhabi. Measurement
scheduling for soil moisture sensing: From physical mottelsptimal
control. Proceedings of the IEEE, 98(11):1918-1933, 2010.

J. P. Hespanha, P. Naghshtabrizi, and Y. Xu. A survey cémeresults

in networked control systemsProceedings of the |IEEE, 95(1):138—
162, 2007.

O. C. Imer and T. Basar. Optimal estimation with limitetkasure-
ments.International Journal of Systems Control and Communications,
2(1-3):5-29, 2010.

M. Rabi, G. V. Moustakides, and J. S. Baras. Multiple shngpfor
real-time estimation on a finite horizon. Froceedings of the 45th
|EEE Conference on Decision and Control, pages 1351-1357, 2006.

Y. Xu and J. Hespanha. Optimal communication logics fetworked
control systems. IProceedings of the IEEE 43rd Annual Conference

on Decision and Control (CDC), pages 3527-3532. |IEEE, 2004.

J. Wu, Q. Jia, K. H. Johansson, and L. Shi. Event-basedosen
data scheduling: Trade-off between communication rateeatichation
quality. |EEE Transactions on Automatic Control, 58(4):1041-1046,
2013.

G. M. Lipsa and N. C. Martins. Remote state estimationhwit
communication costs for first-order LTI systemi€EE Transactions
on Automatic Control, 56(9):2013-2025, 2011.

A. Nayyar, T. Basar, D. Teneketzis, and V. V. VeeravalliOpti-
mal strategies for communication and remote estimatiorh vaih
energy harvesting sensolEEE Transactions on Automatic Control,
58(9):2246-2260, 2013.

E. Akyol, K. Rose, and T. Basar. On optimal jamming overaalditive
noise channel. IiProceedings of the IEEE 52nd Annual Conference
on Decision and Control (CDC), pages 3079-3084. |IEEE, 2013.
E. Akyol, K. B. Viswanatha, K. Rose, and T. A. Ramstad.
zero-delay source-channel codingEE Transactions on Information
Theory, 60(12):7473-7489, 2014.

(2]

(3]

(4

(5]

(6]

(7]

(8]

El

[10] Oon



	I Introduction
	II Problem Formulation
	II-A System Model
	II-B Decision Strategies
	II-C Assumptions on the Parameters
	II-D Optimization Problem

	III Prior Work
	IV Main Results
	V Conclusions
	References

