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Abstract— Emerging cyber-physical systems impel the devel-
opment of advanced network scheduling schemes to utilize
communication and computation resources efficiently. This
paper investigates the event-based schedule for remote state
estimation in networked control systems (NCSs) subject to delay
and packet dropouts. The scheduler decides whether or not to
send out a local estimate according to the Value of Information
(VolI) metric, which measures the relative importance of an
information update. In addition, we model the triggering
intervals as a Markov chain and analyze the tradeoff between
the estimation performance and communication cost under the
proposed Vol-based scheduling for the first-order system.

I. INTRODUCTION

In networked control systems (NCSs), the concept of
remote state estimation over a communication network has
been widely utilized in fields such as robotics [1], bio-
inspired Vision [2] and autonomous driving [3]. With the
increasing number of wireless sensors and estimators in
cyber-physical systems, communication resource usage has
become a significant issue. Meanwhile, due to the limited
communication bandwidth, the data transmission collision
leads to network-induced delay and packet dropouts. Thus,
reducing unnecessary transmission or prioritizing more valu-
able packets in NCSs subject to network effects becomes
relevant in remote estimation.

It is widely known that event trigger achieves better per-
formance than periodic sampling while consuming the same
resources [4]. A classic problem of event-based estimation is
to find the optimal scheduling approach to maximize the es-
timation performance with limited communication resources
[5]. For example, [6] restricts the signal to be a Wiener
process or an Ornstein-Uhlenbeck process and demonstrates
that the level-triggered sampling is almost optimal with the
stable signal. Moreover, compared with the widely used
emulation-based approach, which designs the event trigger
and the remote estimator separately, [7] formulates the design
of event-triggered estimation as a team-optimal decision
problem by regarding the event trigger and estimator as two
individual distributed decision makers. Generally, the dual
effect exists in event-triggered control or estimation prob-
lems due to the potential non-classical information pattern
between the event trigger and the remote estimator [8]. To
address this issue, [9] identifies a dominating policy pair
in which the scheduling policy depends only on primitive
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random variables. In this case, the design of the event trigger
and estimator has no dual effect, and therefore the original
optimal co-design becomes separable.

The concept of Vol is first proposed in [10], which denotes
a metric encoding our knowledge within the considered
problem context. On the basis of separation techniques, [11]
decomposes the optimal co-design of control and commu-
nication in a feedback control system into two subprob-
lems, which are optimal control and optimal scheduling,
respectively. When designing the optimal scheduling, the Vol
metric is utilized to quantify the importance of transmitting
certain information. More spcifically, the information will be
transmitted to the controller only if the benefit of this infor-
mation update surpasses its transmission cost. Furthermore,
the optimal scheduling policy based on the Vol is further
proved to be globally optimal in [12].

In addition, network-induced delay and packet dropouts
widely exist in wireless NCSs due to network coupling
and data collisions [13]. The existing papers on event-
triggered estimation subject to networked effects, such as
[14], mainly focus on finding the maximum sampling interval
guaranteeing the system stability within the emulation-based
approach framework. When speaking of maximizing remote
estimation performance with limited information updates, it
turns out to be an optimization problem, where the scheduler
is required to determine which packet is more valuable for
remote estimation. This is generally difficult, especially in
the presence of network effects such as delay and random
packet dropouts. With only a few exceptions, for example, in
[15], the authors investigate the suboptimal scheduling con-
sidering the effects of delay and packet dropouts while does
not provide an explicit solution. In [16], the authors design
the optimization-oriented event-triggered control for NCSs
subject to delay. To author’s knowledge, there is no study
taking both communication delay and packet dropouts into
consideration when designing the optimal event triggering
and it lacks the performance analysis of network-effect-aware
Vol-based scheduling.

Based on the above observation, we propose a Vol-based
optimal scheduling scheme for the remote state estimation
subject to delay and packet dropouts. In this study, the
transmission delay is assumed to be known and constant,
and the dropouts are assumed to be Bernoulli-distributed.
The design objective is to minimize the long-term cost
penalizing the communication rate and the estimation per-
formance measured by the estimation error mean square.
We employ the dynamic programming approach to solve
the formulated sequential decision optimization problem and
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obtain the metric representing the importance of the remote
information update. As the resulting Vol metric is computa-
tionally expensive, a rollout algorithm is utilized to obtain
its approximation. To further simplify the tradeoff analysis
between estimation performance and communication rate, we
employ the waiting strategy, which enables the scheduler to
be aware of the remote status after a one-step delay. Then,
by formulating the triggering intervals as an ergodic Markov
chain on the finite space, the theoretical communication rate
is calculated from their probability mass function. Finally,
we provide the upper bound of the estimation performance
under the designed Vol-based scheduling.

The remainder of this paper is structured as follows:
Section II introduces the system model and problem state-
ment. Section III presents the Vol-based scheduling policy
and analyzes its performance. Section IV demonstrates the
efficacy of the proposed scheduling policy by numerical sim-
ulations. Section V draws conclusions. Section VI provides
supplementary proof.

Notations: In this study, let R and R™ denote the one-
dimension and n-dimension real value sets, respectively. Let
E[| and E[-|-] denote the expected value and the conditional
expectation, respectively. Let x ~ N (u, C;) denote Gaussian
random variable x with mean p and covariance matrix Cj.
Let [a] denote the ceiling function on a € R. Let w.p.
denote the abbreviation of with probability.

II. PRELIMINARIES

We consider a resource-constrained system closed over
the communication network as illustrated in Fig. 1. The
event-based scheduler determines whether or not to send out
the estimate produced by a local Kalman filter. Transmitted
packets experience a T-step delay and might be dropped with
some probability. In addition, we assume that the remote
receiver’s status will be feedbacked to the scheduler side
with a unit delay.

A. System model

Consider a discrete-time stochastic dynamical system:

Tpt1 = Azp + wi
yr = Cxg + v, (1

where x; € R™, yp € RP are the state vector and the
measurement, respectively. The system matrices are given
by A € R™" C € RP*™, in which the pair (A,C) is
observable. The process noise w, € R™ ~ N(0,W) and
the measurement noise vy € RP? ~ A(0,V) are assumed
to be independent identically distributed (i.i.d.) Gaussian
noises with zero mean and positive semi-definite variances
W € R™ and V € RP. The initial state zo ~ N (Zg, Ro) is a
random vector with the initial mean value Z, and the semi-
definite covariance Ry, which is assumed to be statistically
independent of the process noise wjy, for all k.
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Fig. 1. NCS architecture

B. Network model

Generally, sending the estimate rather than the measure-
ment enables the remote estimator encode more informa-
tion [17]. Therefore, we assume that the local scheduler
periodically accesses the local estimate generated by the
Kalman filter and raw measurements (see Fig 1). The event-
based scheduler decides whether or not to transmit the state
estimate Z7, through the communication network. Denote dy,,
ur € {0,1} as the transmission decision variable and the
packet dropouts index at time k, respectively. To simplify
notations, we denote the packet arrival index as v, = kg,
which takes value from {0,1}. Let 7, = 1 denote that
the packet triggered at time k£ will arrive after 7-step delay
successfully, otherwise ~y; = 0.

The scheduler makes transmission decisions according to
the locally available information as follows:

b =n(zp) = {

1 transmission occurs
0 otherwise,

2

where 7 = 77| | U{yk, &}, 0k—1,Yk—r—1} denotes the local
information set with the initial value Z§ = {yo,&§, o}
Specifically, at time k, the Kalman filter accesses to the
transmission decision by time k and the packet arrival status
by time k — 7 — 1 due to the round trip time 7 + 1. The
function 7 is the scheduling law. The local Kalman filter
processes as follows:

1) prediction step:

-5 _ s
Trlk—1 = AE[z)1|Z;; 4]
S _ ~8 _ S
€hlk—1 = Tk — Ty = Ay + W1
s _ AS S _ AT ps
Pluq =covleqq|Tia] = A Pl A+ W

with the initial value %o, Poj—1 = Xo € R"*",

ii) update step:

Ty, = Blzp| 7] = 2351 + Ki(ye — Cijpp_q)

é}i =T — .fz = (I — KkC)(Aéz_l + w;.c_l) — K, (3

Pi = covl[ep|Z;_ ] = (I — KxC) Py )
with K, = P,j‘kflCT(CP,j‘kflCT + V)7L As the pair

(A, C) is assumed to be observable, the covariance matrices
P,f,l w_1» D and K} will converge to constant values ]55, P®
and K, respectively.

When 4, = 1, the packet dropouts is modeled as a
Bernoulli process {uy}r with the dropout probability 8 =
Plur, = 0|0 = 1]. It implies that a transmitted packet
will be dropped with a probability of 5. To facilitate further
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analysis, define the elapsed time of the information update at
the remote estimator by time k as n;, = k—max{l—7|y,—, =
1,1 < k}. It evolves as

Mir = (L= V) Migr—1 + 1) + W7

with n, = 0 for k € [0, 7 — 1].
At the remote side, a linear estimator predicts the state xj
based on the received information as follows:

T A8
A Tr_r

€ € if —7 = 1
i = Elu|Zf] { ait " othe )

otherwise,

where Z; = I; | {25, 2}, Vk—r} is the information
set at the remote side, with the initial value {f,_, }. Accord-
ingly, we denote the remote estimation error as é;, = xj—27,
which is utilized to describe the estimation performance in
the following sections.

C. Problem statement

In this study, we are interested in searching for the
optimal scheduling policy 7* for the resource-aware remote
estimation subject to delay and packet dropouts, which is
mathematically described as

min ¥(7) = J(m) + R(nm), (6)

s
where J() is the estimation performance measured by

N

1
J(7) = limsu E ee)Tres 7
(m) msup v [kzzo(k) A (7

with T" being a positive definite matrix. The function R ()
penalizes the average communication cost, is described by
R(r) = 11@ SUDN 00 ﬁE[Zk:O 05)] with the positive
scalar 6 being the unit transmission cost.

III. MAIN RESULTS

In this section, we are going to construct a Vol metric to ef-
ficiently schedule the data transmission for remote estimation
subject to delay and packet dropouts. To reduce the compu-
tation burden when using dynamic programming approach
to solve the sequential decision problem, a rollout algorithm
will be used to obtain the Vol proxy (VoIP) function. In
addition, we analytically characterize the performance of the
VoIP-based scheduling policy with the waiting strategy.

A. Vol-based optimal scheduling

As the transmitted packets drop off with probability 3,
the packet arrival status {yx—r,...,Vx—1} are unknown for
the local Kalman filter by time k. Therefore, we provide the
expected value of 7x4-—1 from the perspective of the local
estimator in the following lemma.

Lemma 1: Incorporating with the triggering decisions

{0k—ry.--,0k_1}, the value of np4,_7 is given as
Me—1+7 wW.p. Fr
_ T+ W.p. 5k—i—1(1 - ﬁ)]:z
Mher—1 = ie{l,...,7—1} ®
T w.p. 0k—1(1 — 3)

with F; = [Xr=1%-r denoting the probability that no
packet arrived at the remote side during t € [k — 4,k — 1].

Proof: The potential value set of 74— is categorized
into the following three classes. For the third line of (8), it
occurs only when §;_1; = 1, and this transmitted packet
arrives at the remote side with the probability of 1 — f.
Therefore, we have P(y, = 1|0x = 1) = d—1(1 — B).
Second, for the case of ng,—1 = 7+1, it occurs only when
Ye—i—1 = 1 and vg—; = --- = Yyx—1 = 0. Incorporate the
transmission decisions {dx—;—1,...,d5—1} to represent the
information freshness at the remote estimator by time k£ — 1,
we obtain the second line of (8). Taking ¢ = 1 as an example,
in this case, F; = (3%-1. According to (8), the occurrence
probability of 1,1 =7+ 11is

0 if 0,_o =0
Pppr—1=74+1)=< (1=p8)8 if fp_1=0—2=1
B2 otherwise.

Finally, for the case of ng+r—1 = nx—1 + 7, it implies that
no information update arrives during time [k, k + 7 — 1], and
the remote side keeps the previous data packet. As a result,
we obtain F’. as its occurrence probability. [ ]
In the following, we are going to parameterize the error func-
tion under the network-induced delay and packet dropouts.
The innovation é;, in (3) evolves as

éz + &1 = Aéz_l + Wg_1 9)

with the random variable &, = KC(Aé; + wy) + Kvgg1 €
R™. Note that the estimate £7_ _ is available for the scheduler
with the feedback signal v;_,_1, thus we can obtain & with-
out the access to process and measurement noise realizations
wy, and vg. The remote estimation error depending on the
transmission arrival status y;_, is written as

e = (1 —vh—r)(Aé5_1 + wg—1)

e (ATE L+ > AT ).

r=1

(10)

Denote ey, as the mismatch between the local estimate &7
and the remote estimate £, i.e.,

Y

Substituting the local (9) and remote estimation error (10)
into the the random process ey, we have

e =35 — 45 = e — el

ex = (1= Yhor)Aer1 +e—r Y A+ s
r=2
Nk++

= Z Ar_lglc-l-‘r—r
r=1

We are going to present the main result on the network-
effect-aware Vol-based scheduling for the remote estimation.

Theorem 1: Consider the optimization problem (6) for
system dynamics (1). The optimal scheduling policy min-
imizing the optimization problem (6) is given by

e e [ 1 i Vol >0
O =m"(If) = { 0 otherwise,

(12)

(13)
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where Vol is the Vol at time k, expressed as
Volj, = —0 + (1 — B)e Tey + pi

with €, = Z?’“’: 11“ A"=1¢& ., and the residual term

(14)

Pr = [Vk+1|Ik>5k = 0] — E[Vk+1|I;75k = 1], where the
expression of the cost-to-go function Vi is
N—T1
Vigr =E[ Y glersr, )T (15)
t=k+1

with the stage cost g(egy,,0:) = 00; + e;rJrTI‘eHT, for t €
[0,N —T].

Proof: By the tower property of the conditional expec-
tation, we have

E[(éier)TFéiﬂl] = E[E[(éim)TFéHdﬁz]]

= Elefqlexral +tr(T P ).

The second equality establishes as E[éf  ;|Z7] = extq and
cov[éq 4l Zi] = Pg,4 Note that the term tr(T'Pg, ;) are
independent of decision variables &, for k € [0, N — 7].
Moreover, for k € [0,7), the error e, is independent of the
triggering policy as no packet arrives at the remote estimator
before time instant 7 due to the transmission delay. Thus, the
original optimization objective (6) is reduced to (15).

Expand (15) and apply the minimization operator to it, we
have

Vi=_min {00 + el Lersr + EVira|T] | 7]}
Ok Okt1seee
= min{00% + e, Ters- + BV T T (16)
k
Invoking of the error mismatch expression (12),

Ele), Tepir|Z;, 61 is further written as
Eley ey ir|T7, 6]
= E[(1 - (1 — B))(Aertr—1 +Erir) T
(Aek+7 1 +§k+7’ 1)

+6k: 1- ZAT 1§k+‘r r FZAT 1£k+‘r T}
r=1 r=1
= E[(Aek’—‘rT—l + gk—Q—T—l)TF(Aek-&-‘r—l + €k+r—1)
- (Sk(l - 5)6;—1—‘6]@] (17)

with €, defined in (14). The first equality establishes as the
packet dropout status is independent of the random variable
&k Inserting (17) into (16), the cost-to-go function (16) under
the minimizer ¢} is obtained as (13). |

Remark 1: The classic Vol expression is Vol = ell"ek —
0+ pr. [11], where the error variable e, is as in (12). It can be
observed that the network-effect-aware Vol in (14) contains
Gaussian noise realizations since the latest triggering, which
is more informative than the classic one. Additionally, a
larger communication delay leads to increasing information
freshness and more frequent triggering, while the awareness
of packet dropouts probability will make the packet less
valuable.

Remark 2: By leveraging the structural analysis of event-
triggered control subject to delay and packet dropouts in [15],

the optimal scheduling-based remote estimation can be easily
extended to the optimal event-triggered control problem.

The residual term py, is interpreted as the deviation of the
cost-to-go under different scheduling decisions J;. To reduce
the computation burden and facilitate the implementation of
the Vol metric, we will eliminate the pj using a rollout
algorithm. In the following, we use a rollout algorithm as
the baseline policy and evaluate the cost-to-go under the
designed scheduling policy.

Lemma 2: Consider the optimization problem (6) for sys-
tem dynamics (1), the rollout-based scheduling policy 7

&c:fr(L‘:‘):{ 1 if VoIP), > 0

0 otherwise, (18)

where VoIP; = —0 + (1 — 8)¢;] I'ex, denotes the approxima-
tion of the Vol at time k, is suboptimal, and outperforms a
periodic triggering policy.

Proof: Let © = {60,01,...} be a periodic schedul-
ing policy with a period of p. We choose 7 =
{0k,0k+1,0k42,-..} as the baseline policy for the roll-
out algorithm to deal with p;. Under the same com-
munication delay and packet dropouts probability, we
ha\_/e E[Vk+1|l-]§, 6k = O7 5k+1, .. ] = E[Vk+1|12, 51¢ =
1,0k41,...]. Thus, it results in pr = 0 using the rollout
algorithm, and the VoIP function is obtained as (18).

The next is to prove that the obtained VoIP-based schedul-
ing policy outperforms a periodic triggering policy. Let the
cost-to-go function under VoIP-based and periodic triggering
policies be Vi and V%, respectively. We need to prove Vj, <
Vi, which enables ¥(5) < W(7) establish. Assume that the
claim holds for k£ + 1, we have

Vi, = E[GSk + 62+TF€]€+T + Vk:Jrl | I]i]
E[@S;c + €;—+TF€]€+T + Vk:Jrl | Iiz]

E[ng + eg+7—rek+7' + Vk+1 | IZ] = Vk,

INIA

The first inequality follows from the induction hypothesis,
and the second inequality follows from the definition of the
sub-optimal triggering policy 7. [ |

B. Performance characterization

Consider for the special case {Sk_T == 5k—1 = 0},
we have 7;4-—1 = nx—1+7. In this case, the local scheduler
has full knowledge of the remote estimation. In order to sim-
plify the tradeoff analysis, we implement a waiting strategy
to further simplify performance characterization. To achieve
it, we introduce a variable s; to denote the availability of
a communication network. The communication channel is

available when s, = 0, otherwise s = 1. The network
availability status is denoted as
T if 0 =1& s, =0
Sk41 = s — 1 iqu:0&8k>0 (19)
0 if 9, =0& s, =0

with sg = 0. Specifically, the waiting strategy (19) implies
that the local scheduler has received feedback from the
remote estimator about transmitted packets status before
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making decisions.

To simplify notations, we define the elapsed time since the
last triggering by time k as ¢, = k — max{l|0; = 1,1 < k}.
Impose a time-out interval 7" on the triggering policy (18), we
obtain the scheduling policy with waiting strategy as follows:

1 ifty=T
O =7(Zy,sk) = § O elseif sp =0
0 otherwise.

(20)

Therefore, the triggering intervals {¢j }x is restricted within
a finite state space S := {1,...,T}. Note that the inter-event
intervals will be not less than the round trip time 7 + 1, we
require 7' > 7 + 1 to guarantee that the time-out restriction
will not conflict with the waiting strategy.

In the following, we prove that the scheduling policy (20)
outperforms a periodic triggering policy.

Lemma 3: Consider the optimization problem (6) for
system dynamics (1), the scheduling policy 7 with waiting
strategy as in (20) is suboptimal, and outperforms a periodic
triggering policy.

Proof: Let the cost-to-go function under triggeing
pohcy (20) be Vk The same as Lemma 2, we need to prove
Vk < V4. Assume that the claim holds for k + 1, we have

Vk = E[@Sk + 6Z+TF6;€+T + Vk-ﬁ-l | Z7]
< E[00k +efTepir + Vigr | Zi]
< E[00; +ep Teprr + Viyr | ) = Vi,
The remaining proof is the same as in Lemma 2. [ ]

In this section, we are going to characterize the performance
of the VoIP-based scheduling policy (20) for remote estima-
tion subject to delay and packet dropouts. Before presenting
the main result, we have the following lemmas.

Lemma 4: The sequence of random variables {¢; } is an
ergodic Markov chain on the state space S. Its transition
probability P € RT*7T is given as

1 if j=i+1,i={1,...,7},
ori=T,7=1
Py =< pia iftj=1i={r+1,...,T -1}
1—pip fj=i+li={r+1,...,7 -1}
0 otherwise,

where its components are P;; = P(tx41 = j|tx = ¢) for
some instants k, and p; ; € (0,1) are some positive scalars.
Proof: Firstly, we prove that the random variable {¢ }

is a Markov chain. According to the triggering law (20)
and VoIP expression given in (18), we define the admissible

region of e; as M := {e € R"|||ex|| < 0}. We have
P (trtr | thyte—1,- - to)

/ P(thrlaEk |tk7tk717"' 7t0)d€k
M

/ P(tk+1 | 6k7tk7tk—la"' 7t0)
M
XP(Gk | tk,tkfl,--- ,to) dek

/ P (teq1 | exste) P (er | tr) dex
M

= / P (tkt1,€rv1 | te) derr = P (Tt | )
M

The third equality establishes as tj; is determined by trig-
gering policy (20) based on € and ty, the random variable €
depends on ng4,—1 as in (14), and ngy,—1 =t +7—1. In
addition, as the probability density function of the random
variable &, in the triggering condition (13) is continuous,
one can easily verify that the Markov chain {t;}; € S is
irreducible, aperiodic, with all states being positive recurrent,
and thus ergodic. According to the scheduling policy (20),
the scheduler will not transmit the data before receiving feed-
back signal y;_,, we have p; ;41 = 1, for i = {1,...,7}.
In addition, pr; = 1 as T is the time-out interval. The
computation of components p; 1, fori = {r+1,...,T—1},
is presented in the Appendix. [ ]
The following lemma calculates the occurrence probability
of the triggering intervals in the long run.

Lemma 5: Consider the system dynamics (1) under the
VoIP-based triggering policy (20) with the time-out interval
T. Denote ¢; = P(t; = i) as the stationary distribution of
ty =1, for some k and all ¢ € S, which is given as

{ ifi={1,...,7+1}
T’H] T+1( —pj1) i={r+2,...,T}
(21

where r denotes the average triggering rate is as follows:
1

T+1+Zz T+2]._.[] T+1( pj71)
Proof:  Give the waiting strategy (19), we have

Ni+r—1 = tgx—1 + 7 — 1 for some k. The random variable
ek in the scheduling policy (18) is therefore simplified as

= Yt ATHTlE . We use the notation e(ty = 1)
to hlghhght that the random variable ¢, is a function of .
Let I denotes the indicator function. By Birkhoff’s Ergodic
Theorem [18], the equality

(22)

T =

r= lim L1-g)(ATe(r4+1)) TT AT e(r+1)26)
establishes almost surely. Stack the stationary distribution g;
into a vector ¢ = [g1,- - , gr]- The stationary distribution g;
is calculated with ¢ = ¢P and ¢17 = 1, where 17 denotes
the T-dimension vector with all entries being 1. [ ]
In the following, we are going to compute the expected
average cost of the optimization objective defined in (6).
Random packet dropouts make it difficult for the local
scheduler to predict the information freshness at the remote
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estimator. Therefore, we provide the upper bound of the
expected estimation performance. Define a function h(X) =
AT XA+ W and denote h' as the i-th function composition
of h. The covariance of the remote estimation error at time
k is h"™ (P*®), where the matrix P* is the covariance of the
local estimation error é; as in (4).

Theorem 2: Consider the optimization objective (6) for
the system dynamics (1). Under the scheduling policy (20),
the upper bound of the expected average cost is given by

1 T]&Ve .
Vup(7) = — p_tr(Th'(P?)) + 70, (23)
Nave 7
where 1ayve = [ﬁ] + 7 represents the upper bound of

the average information freshness of the remote estimator.
Proof: First, taking the expectation of the expected cost
(6), we have

T

N
1 .
U (%) = limsu 7E§ é Tréf+§ 06
( ) N_>OOPN+1 [k:O( k) k s k]

N
+ ) tr(TR(PY)). (24)

k=71+1

The first term limsupy_, . ﬁE[Z;:o(éi)TFéi] con-
verges to zero when the time horizon T approaches
infinity. The average communication cost is given as
lim sup y_, o ﬁE[Zg:O 00y] = 76, where r is calculated
from Lemma 5.

The event-based scheduling policy (20) outperforms a
pure offline policy, e.g., the periodic triggering policy, as
proved in Lemma 3. Thus, we upperbound the estimation
performance under the scheduling policy (20) by the cost
under the periodic triggering policy with the same average
communication rate. The average arrival rate between the
local scheduler and the remote estimator is 7(1 — ). Adding
up the network-induced delay, we obtain 7,y as the average
information freshness at the remote estimator. The expected
estimation performance under the periodic triggering policy
is give as ﬁ Sl tr(Dh*(P#)). In combination of (24),
we obtain (23). [ |

IV. SIMULATION RESULT

In this section, we will illustrate the effectiveness of our
proposed Vol-based scheduling approach through a numer-
ical simulation. The stability analysis is provided in [15],
which requires 8 < W. Thus, we select a scalar linear
system with system matrices A = 0.9 and C' = 1. The
covariance matrices of process noise and measurement noise
are W = 0.01 and V = 0.01, respectively. The weighting
factor in the estimation performance penalty function (6) is
chosen as I' = 1. The time horizon is chosen as N = 500.

In Fig. 2, we compare tradeoffs between estimation per-
formance and transmission rate of the system (1) under the
classic VolIP-based scheduling policy, the network effect-
aware VolP-based scheduling policies (18) and (20), and
periodic scheduling policies, respectively. The empirical av-
erage triggering rate is defined as ﬁ Zi\’:o dr and the
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Fig. 2. Tradeoffs between estimation performance and communication rate.
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Fig. 3. From top to button: Tradeoffs between estimation performance
and communication rate w.r.t different network effects; empirical estimation
performance of scheduling policy (20) and its upper bound.

estimation performance is measured by the average mean
square error ﬁ ZkN:O llé<||?. Monte Carlo simulations run
2000 trials. It can be observed that the network-effect-
aware VolP-based scheduling policy (18) outperforms the
remaining scheduling policies, including the classic Vol-
based scheduling and periodic scheduling policies.

In the top subfirgure of Fig. 3, we depict the tradeoff be-
tween estimation performance and communication rate with
VoIP-based scheduling policy (18) under different network
effects. It can be observed that the performance decreases
with the increasing network effects. The button subfigure
of Fig. 3 shows that the derived theoretical value (23)
successfully bounds the simulated average cost.

V. CONCLUSIONS

In this paper, we investigated the online scheduling for
resource-aware remote state estimation in the presence of
network-induced delay and packet dropouts. A network-
effect-aware Vol metric is constructed to facilitate efficient
communication between the sensor and the remote estimator.
We prove that the designed scheduling outperforms other
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scheduling policies, including the scheduling based on the
classic Vol unaware of the network effects. We implement
and analyze the performance of scheduling based on this
network-effect-aware Vol metric. The communication rate
and the upper bound of the estimation performance are char-
acterized analytically under the designed scheduling policy.
Finally, numerical simulations demonstrate the efficacy of
the metric-based scheduling policy.

VI. APPENDIX

Given the inter-event time ¢, the variable ¢ in
the scheduling policy (18) is simplified as ¢ =
S ATTTLE L where cov([€g|Ti] = KCP* with P*
being the covariance of prediction error éZ\ w_1- Denote I :=

KCP* and II; = h'~'(II). Consider the error vector €(l) =
e(r+1)T - e(r+D"T eRL forl e {1,...,T — 7},
which is a random vector having the multivariate normal
distribution with zero mean and the covariance matrix (1)

with components ¥;;({) as follows: for i, € {1,...,1},
AL, (A7) T if i = j,
Si(l) = § AT (AT T f j >,
E;ri () otherwise.

Note that the negative information effect is not explored
in this study, which generally leads to significantly more
involved filtering algorithms, see [19]. Define the admission
region of &) as U; := {&(l) € R (._, e(r+1) T Te(r+1) <
ﬁ}, forl={1,..., T —7}.

Lemma 6: The components p;i,1, for I € {1,...,T —
7 — 1} of the transition matrix P are given as

=1

Pi
p“”’l{ 1-Pw jef2..., T—7-1}

P
with P, = \/ﬁ i exp(=35" (2(1)"'ar)ds; and ¢ €
RY, for i€ {1,...,T —7—1}.

Proof: The transition probability p;, . is calculated
based on the VoIP-based scheduling polic, as in (18). We
classify the calculation into the following two categories.

1) The event {6p_j41 = -+ = dp_1 = 0,0p_; = 1} is
equivalent to {t;_1 = 4}, for some k. For | = 1, p;41.1
implies that the event {5k = 1,t,_1 = 7}, for some k occurs
with the probability p,;111 = Pr(e(r + 1) € Ur41) = P1.
2) For | = {2,...,T — 7 — 1}, the conditional transition
probability p; 1 refers that the event {Sk =1,tp1 =1+
7 — 1} occurs with the probability

Prirg =P =1ty =1+7—1)
P(Op = 1,tp_1 =1+7—1)
P(tp_1 =1+7-1)
P(ty =1+7)
CP(tpy =147 1)

The event t, =1+ 7, for { = {1,...,7 — 7} and some k,
occurs with the probability P(t, = 1 4+ 7) = P(e(l) € Uy).
|
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