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Power Allocation of Sensor Transmission for Remote
Estimation Over an Unknown Gilbert-Elliott Channel

Tahmoores Farjam, Fatemeh Fardno, and Themistoklis Charalambous

Abstract— In this paper, we consider the problem of schedul-
ing the power of a sensor when transmitting over an unknown
Gilbert-Elliott (GE) channel for remote state estimation. The
sensor supports two power modes, namely low power and
high power, which are to be selected for transmission over
the channel in order to minimize a cost on the error co-
variance, while satisfying the energy constraints. The remote
estimator provides error-free acknowledgement/negative-ack-
nowledgement (ACK/NACK) messages to the sensor only when
low power is utilized. We first consider the Partially Observable
Markov Decision Process (POMDP) problem for the case of
known GE channels and derive conditions for optimality of a
stationary schedule. Next, a Bayesian inference approach is used
through which the channels statistics are approximately learned
when they are initially unknown. An algorithm is proposed in
which the sensor adjusts its scheduling policy based on the
energy constraint.

Index Terms— Power allocation, remote estimation, Gilbert-
Elliott channel, partially observable Markov decision process,
Bayesian inference.

I. INTRODUCTION

In modern control environments wireless technologies are
indispensable for communication to accomplish the control
tasks. Such systems are known as Wireless Networked
Control Systems (WNCSs); see, e.g., [1]. This is mainly
due to advancements in sensor technology, which facilitate
the use of small and low-cost sensors with sensing, actuat-
ing, communication and computing capabilities. Along with
these technological advancements come a plethora of new
and foreseeable applications with potentials to improve our
quality of life, such as, environmental monitoring, industrial
monitoring, health care, and intelligent transportations.

Recent research in WNCSs often concentrates on design-
ing estimators and controllers of process states without taking
into account the characteristics of the deployed battery-
operated sensors. On the one hand, low-power transmission
is desirable for sensors due to their energy limitations. On the
other hand, using high-power for transmission over a fading
channel increases the probability of successful reception of
the data packet, thus leading to better performance. This trade
off has lead to extensive research on energy-aware sensor
transmission scheduling policies; see [2] for a thorough
discussion on the topic. Several works considered Kalman
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filtering over packet dropping wireless links focusing on the
quality of estimation and control performance without taking
into consideration any energy constraints; see, for example,
[3]–[10] and references therein. Although fading plays a key
role in networked estimation and control, the implications
of energy limitations in scheduling and performance of
such systems have often been ignored, apart from a limited
number of works [11]–[14]. From, all these works, Qi et al.
[14] were the first to consider the power allocation problem
of sensor transmission for remote estimation, taking into
consideration both the energy constraint and the temporal
correlated variation of the wireless channel.

In this work, we study the setup in which a sensor is
sensing a dynamical system and transmits its state estimate
to a remote estimator. We assume that the sensor has two
power modes: low power and high power. Additionally, the
wireless channel is a GE channel with two states: good state
in which packets are successfully transmitted to the remote
estimator at any power level, and bad state in which packets
are successfully transmitted only if the sensor transmits at
high power level. The remote estimator provides feedback
to the sensor by transmitting error-free ACK/NACK mes-
sages to the sensor over a separate error-free narrow-band
channel. For this setup, [14] proposed the optimal dynamic
scheduling policy, provided that the channels state can be
determined even when using the high power mode in addition
to requiring a priori knowledge of the channel statistics. To
address more realistic scenarios, we lift these assumptions
which leads to a POMDP problem and make the following
contributions:
• First, we lift the assumption that the channel state can

be always inferred from the ACK/NACK messages from
the remote estimator. This is reasonable, since when low
power is selected for transmission the sensor can infer
the channel state from the ACK/NACK signal. However,
when high power is used the transmission is assumed
to be always successful and thus the underlying channel
state cannot be determined. For this reason, we model
this problem as a POMDP and solve it by exploiting
the structure of the optimal policy derived in [14] and
establish the conditions that guarantee its optimality in
this new setting.

• Next, we consider the scenario where no a priori knowl-
edge of the transition probabilities of the GE channel
exists and apply Bayesian inference for learning them
online and adopt a heuristic posterior sampling approach
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to ensure computational tractability. In addition, we pro-
pose a novel method for iteratively readjusting the policy
to meet the constraints despite possible inaccuracies of
the learned parameters.

The remainder of the paper is organized as follows. In
Section II, we provide the system model and preliminaries
necessary for the development of our results. In Section III,
we describe the scheduling policy and derive optimality
conditions for the case of known channel parameters. In
Section IV, a learning method based on Bayesian inference is
proposed for near-optimal scheduling with respect to energy
constraints. In Section V we demonstrate its performance
and discuss its limitations and finally we draw conclusions
and discuss future directions in Section VI.

Notation: Vectors and matrices are denoted by lowercase
and uppercase letters, respectively. Real and nonnegative real
numbers sets are denoted by R and R+, respectively. Sn+
is the set of n by n positive semi-definite matrices. The
transpose matrix of matrix A is denoted with AT and its
inverse with A−1. The notation A � 0 (A � 0) means
that matrix A is semi-positive (positive) definite. The n by
n identity matrix is represented by In. E{·} represents the
expectation of its argument. For functions f1, f2 : Sn+ → Sn+,
f1 ◦ f2 is defined as f1 ◦ f2(X) , f1(f2(X)).

II. PROBLEM FORMULATION

A. System model

The dynamics of the system is modeled by a linear
time-invariant stochastic process governed by the following
discrete-time state-space representation:

xk+1 = Axk + wk, (1a)
yk = Cxk + vk, (1b)

where xk ∈ Rn is the system state, yk ∈ Rm is the
measurement taken by the sensor, A and C are known time-
invariant real matrices of appropriate dimensions, and wk ∈
Rn and vk ∈ Rm are Gaussian random noise modeled as
wk ∼ N (0,W ) and vk ∼ N (0, V ), where W and V denote
the respective covariances. Similarly, the initial state x0 is
a zero-mean Gaussian random vector which is uncorrelated
with wk and vk and has a positive semi-definite covariance,
P0 � 0. We assume the pairs (A,W 1/2) and (A,C) are
controllable and observable, respectively.

The sensor is capable of running a Kalman filter which
provides the minimum mean squared error (MMSE) estimate
of the state of the system as x̂sk , E{xk|Ysk}, where Ysk is
a set of all measurement data collected by the sensor up
to and including time k. The corresponding estimation error
covariance is defined as P sk , E{(xk− x̂sk)(xk− x̂sk)T |Ysk}.

Define functions h, g : Sn+ → Sn+ as

h(X) , AXAT +W,

g(X) , X −XCT [CXCT + V ]
−1
CX.

The sensor has access to the entire measurement history and
thus a unique positive semi-definite solution of g◦h(P ) = P
exists, which is the steady-state error covariance, denoted

by P . By initiating from P0 � 0, P sk converges to P
exponentially fast. Consequently, without loss of generality,
we assume that the Kalman filter has already entered steady-
state at the sensor side.

We assume that the sensor supports two transmission
power levels, namely δ and ∆, where δ < ∆. At every time
step k, it needs to decide the power level for transmission
of the latest state estimate, x̂sk, to the estimator over a time-
varying channel.

B. Communication Channel

We model the communication channel connecting the
sensor to the estimator as a two-state Markov chain depicted
in Fig 1. This model is in accordance with most industrial ap-
plications, since it captures the temporal correlation between
the variation of channel states due to presence of shadow
fading and burst error [15]. The channel can be either in the
good (G) or bad state (B) where the failure rate (transition
from G to B) and recovery rate (transition from B to G) are
denoted by p and q, respectively, where 0 ≤ p, q ≤ 1. We
consider the case of positively correlated channels in this
work, i.e., q ≤ 1− p.

G B

p

1− p

q

1− q

Fig. 1. The GE channel model where the communication channel is
modeled as a two-state Markov chain.

When the channel is in G, data transmission is successful
regardless of the selected power level. However, when the
channel is in B, in case the data packet is transmitted with
high energy level, ∆, it is successfully received by the remote
estimator while the packet is dropped low energy, δ, is
used for transmission. This scenario is in accordance with
the reliable data flow offered by commercial sensors when
using their highest energy level [16]. Since a sufficiently high
transmission power would result in a high Signal to Noise
Ratio (SNR) regardless of the channel condition, the energy
level ∆ can be determined such that this assumption holds.

C. Remote State Estimation

Let A , {0, 1} denote the action space and ak ∈ A de-
note the energy level selected by the sensor for transmission
at time k, which is defined as

ak =

{
1, x̂sk is transmitted with energy ∆,

0, otherwise.
(2)

We assume perfect feedback channel is available from the
estimator to the sensor and define a binary variable γk as the
indicator of packet reception at k such that γk = 1 if x̂sk is
received and γk = 0, otherwise. Let θ denote the scheduling
scheme that determines ak at each k. Then, the information
available at the estimator side can then be described by

Yk(θ) = {x̂s1γ1, . . . , x̂
s
kγk},

. 



The estimator computes the MMSE state estimate, x̂k(θ) ,
E{xk|Yk(θ)}, and the corresponding error covariance,
Pk(θ) , E{(xk − x̂k)(xk − x̂k)T |Yk(θ)}, recursively:

x̂k(θ) = Atk x̂sk−tk , Pk(θ) = htk(P ),

where tk , k − max1≤t≤k{t : γt = 1} denotes the time
elapsed since the last successful packet reception.

D. Problem of interest

In this work, we use the trace of the error covariance
matrix as the performance metric. By considering the perfor-
mance over the infinite horizon, the average expected value
of this metric for a given schedule θ is considered as the
objective

Pa(θ) = lim sup
T→∞

1

T
E

{
T∑
k=1

tr (Pk(θ))

}
. (3)

Furthermore, the average energy cost incurred by θ is given
by

Ja(θ) = lim sup
T→∞

1

T
E

{
T∑
k=1

(1− ak)δ + ak∆

}
.

We intend to find θ which minimizes (3) such that Ja(θ) ≤
L, where δ ≤ L ≤ ∆ is a given energy budget. This problem
is formally formulated as

min
θ

Pa(θ), s.t. Ja(θ) ≤ L. (4)

III. SCHEDULING OVER KNOWN GE CHANNELS

Assuming that the transition probabilities of the GE model
are known and the state of the channel is observed at every
time step, problem (4) can be solved by considering the
equivalent constrained MDP formulation [14]. It is reason-
able to assume that the channel state is observed when low
power is selected for transmission since the sensor can infer
this from the ACK/NACK signal. However, using high power
will always result in successful transmission and thus the un-
derlying channel state cannot be determined, unless Channel
State Information (CSI) acquisition is available. Nonetheless,
due to the dynamic nature of the considered process and the
changing environment, the coherence time of the channel
is relatively small and thus fast fading occurs, rendering
it impossible to have instantaneous CSI acquisition. In this
section, we first present the structure of the optimal policy
derived for the constrained MDP problem. Then, we consider
the realistic scenario of partial observations and exploit the
existing results for solving the POMDP problem and derive
conditions that guarantee optimality of this policy.

A. Optimal schedule for fully observable channels

By considering the case where state of the channel is
observable regardless of the selected energy level by the
sensor, problem (4) can be transformed into a constrained
MDP. The state space of this MDP is given by S =
{G,B} × {P , h(P ), h2(P ), . . .}. The data packet is guar-
anteed to be successfully transmitted in case the channel

is in G and thus the states {G, hi(P )} are non-existent for
i ≥ 1. As a result, the state space can be defined as S =
{h−1(P ), h0(P ), h(P ), . . .}, where h−1(P ) corresponds to
the case where the channel is in state G and h−1(P ) = P ,
whereas hi(P ) for i ≥ 0 refers to i consecutive packet
dropouts while the channel is in state B.

It has been proven in [14] that a stationary schedule exists
which solves (4) and by investigating the stationary distri-
bution of the induced Markov chain, the optimal schedule is
derived. By adopting this schedule, denoted by θ∗, the sensor
continuously transmits with low power until the Markov
chain reaches state i∗. Then, the sensor switches to high
power with probability µi∗ . If the Markov chain hits state
i∗+ 1, however, ∆ is used for transmission with probability
one, which ensures successful packet reception. Under this
schedule, the decision variable (2), i.e., action, is given by

P{ai(θ∗(i∗)) = 1} =


0, if i < i∗,

µi∗ , if i = i∗,

1, otherwise,
(5)

where µi∗ is computed as

µi∗ =



E −
[
1 + E(1− q)2

]
(1− q)i∗

[1 + E(1− q)2] q(1− q)i∗−1
, if i∗ > 0,

E
[
1− (1− q)2

]
− 1

Eq(1− q)
, if i∗ = 0,

p(E − 1/q), if i∗ = −1,
(6)

where E = [(p+ q)(L− δ)]/[pq(∆− δ)].

B. Scheduling with partial observations

In the scenario considered here, if ak = 1, i.e., the
sensor transmits the data packet with high energy ∆ at time
k, the channel could either be in G or B. By exploiting
the knowledge of the exact values of p and q, however,
the probability of the channel being in each state can be
determined. We define belief as the probability of the channel
being in G and at a given time k denote it by bk. If ak = 0,
the state of the channel is observed and the belief is updated
as

bk+1 =

{
1− p, if sk = G,

q, if sk = B,

where sk ∈ {G,B} denotes the state of channel at time k.
In case high energy is used for transmission, however, the
belief at the next step is a function of belief at the current
step as well,

bk+1 = bk(1− p) + (1− bk)q.

It has been shown that POMDP can be converted to a
corresponding MDP with the belief as a state, since b is a
sufficient statistic for decision making given the past action
history and observation history [17]. In this work, however,
due to the specific structure of our problem, the optimal
policy for MDP can be applied in this new setting and is
optimal under stricter energy constraints.



Adopting any stationary scheduling policy of the form

P{ai(θ) = 1} =


0, if i < 1,

µi, if 1 ≤ i ≤ j,
1, if i > j,

(7)

where µi ∈ [0, 1] and j ∈ N, for this POMDP will lead to the
same results as the fully observable scenario. The sensor will
eventually transmit with high power at some time k when
i ≥ 1. As a result, at k + 1, it can be deduced that i ∈
{−1, 0}, since successful packet transmission is guaranteed
and the error covariance is reset to P . Although the exact
state of the Markov chain is unknown due to transmission
with high energy, the sensor will definitely use low energy
for transmission at k+ 1 according to (7). Consequently, the
missing observations when i ∈ {−1, 0} have no effect on
the performance of this policy and it leads to the same result
as the MDP counterpart.

Since for i∗ ≥ 1 the optimal policy in (5) has the same
structure as (7), θ∗(i∗) will be optimal for the POMDP
considered here as well. To derive the optimality condition,
we use the result of the following lemma [14, Lemma 4.1]:

Lemma 1. Define a schedule θ(i) such that

ai(θ(i)) =

{
0, if i < i,

1, if i ≥ i.
(8)

Under this schedule, Ja(θ(i)) is a monotonically decreasing
function of i and for i ≥ 1

Ja(θ(i)) = δ +
pq(∆− δ)

(p+ q) [(1− q)1−m − (1− q)2]
(9)

By comparing θ(i) with the schedule in (5), it is easy to
verify that Ja(θ(i)) ≥ Ja(θ∗(i∗)) for all i = i∗. Hence, if
the energy budget is such that

δ ≤ L ≤ δ +
pq(∆− δ)

(p+ q) [1− (1− q)2]
, (10)

then i∗ ≥ 1 and thus θ∗(i∗) is the optimal for the POMDP.

Remark 1. Despite the fact that the proposed optimal
schedule is only applicable when the the energy budget
satisfies (10), for larger L, the policy θ(1) can be adopted.
Although this results in suboptimal performance due to lower
energy consumption than the given budget, it will guarantee
satisfaction of the energy constraint.

IV. SCHEDULING OVER UNKNOWN GE CHANNELS

The policy given in (5) is optimal for the POMDP so long
as the energy budget satisfies (10). Calculation of (6) for
implementing this policy requires a priori knowledge of the
exact values of recovery and failure rate of the channel. This
is, however, a very strong assumption which restricts imple-
mentation in practical scenarios. In this section, we consider
the case where the transition probabilities are unknown and
adopt a Bayesian framework for learning them. We then
adopt a heuristic posterior sampling algorithm to ensure
computational tractability, and extract the optimal policy

from the learning outcome. Since the system is partially
observable, the learned transition probabilities are (possibly)
inaccurate and the policy is no longer optimal, leading
either to violation of the energy constraint or to underuse of
the available energy resources. Hence, we propose a novel
method, with which we adapt the policy accordingly to meet
the energy constraints and achieve near-optimal performance.

A. A Bayesian framework

The underlying channel parameters, p and q, are on the
interval [0, 1]. As a result, since Beta distribution is the
conjugate prior for Bernoulli distributions, we assume the
prior distribution of the channel parameters follow the Beta
distribution parameterized by Φ , [φ1 φ2 φ3 φ4] ∈ Z4

+ and
due to their independence we derive

P(p, q; Φ) = P(p;φ1, φ2)P(q;φ3, φ4),

where

P(p;φ1, φ2) =
pφ1−1(1− p)φ2−1

B(φ1, φ2)
, (11)

P(q;φ3, φ4) =
qφ3−1(1− q)φ4−1

B(φ3, φ4)
, (12)

where B denotes the Beta function. As a result of this
particular choice of prior distribution which is parametrized
by posterior counts (φ1, φ2) for p and similarly, (φ3, φ4) for
the unknown recovery rate q, the posterior update is easily
computed after obtaining new observations; see [18].

Without loss of generality, we assume that each posterior
count is initially set to 1, i.e., Φ = [1 1 1 1]. The channel
parameters are estimated as the mean of the respective
distribution, i.e., p = φ1/(φ1+φ2) and q = φ3/(φ3+φ4). Let
zk ∈ {G,B, V } denote the observation at time k and denote
the observation history as zk = {z1, . . . , zk}. Similarly, the
channel state history is denoted as sk = {s1, . . . , sk}. No
observation of the channel state is represented by zk = V
which corresponds to ak = 1. Moreover, zk ∈ {G,B} cor-
responds to observing the channel state due to transmission
with low energy, i.e., ak = 0. Hence, the action history can
be inferred from the observation history.

When zk = V the channel state can be either G or B, i.e.,
sk ∈ {G,B}. We denote the set of all state histories that
can lead to the same observation history by S(zk−1) which
is defined as

S(zk−1) ,
{
sk−1|st = zt,∀t ∈ {τ |zτ 6= V }

}
.

Multiple state histories can lead to the same posterior count.
For instance, assume at k a state history consists of c1, c2,
c3, and c4 number of transitions from G to B, G to G, B
to G, and B to B, respectively, which yields

P(sk|p, q)P(p, q) = P(sk|p, q) = pc1(1− p)c2qc3(1− q)c4 .

Consequently, since the posterior count is independent of the
order of occurrence of the state transitions, multiple state
histories can induce the same probability distribution on p
and q. In this regard, we define appearance count, denoted

. 



G, [3, 1, 2, 3], 1

B, [4, 1, 2, 3], 1

zk = {V }

G, [3, 2, 2, 3], 1

G, [4, 1, 3, 2], 1

B, [4, 1, 2, 3], 2

zk+1 = {G}

G, [3, 3, 2, 3], 1

G, [4, 2, 3, 2], 1

B, [4, 2, 2, 3], 1

B, [5, 1, 3, 2], 1

Fig. 2. Graphical representation of Bayesian inference where the contents
of each rectangle denote the channel state, posterior count and appearance
count, respectively. Due to transmission with high energy at k, the channel
state is not observed which leads to an increase in the number of possible
posteriors as captured in (14).

by Ψ(Φ, S(zk−1), sk), as the total number of state histories
up to k which lead to the same posterior count Φ.

We consider the joint probability distribution of the state
and transition probabilities given the observation history,
i.e., P(sk, p, q|zt−1), which can be fully described by the
posterior count and appearance count as [19]

P(sk, p, q|zk−1)P(zk−1) = (13)∑
Φ

Ψ(Φ, S(zk−1), sk)pφ1−1(1− p)φ2−1qφ3−1(1− q)φ4−1,

where P(zk−1) is the normalization term. Similarly, as a new
observation is obtained, the posterior is updated recursively
as

P(sk+1, p, q|zk) (14)

=
∑
sk

P(sk, p, q|zk−1)P(sk+1, zk|sk, p, q)/P(zk|zk−1).

When ak = 0, the sensor transmits with low energy δ and
the state of the channel is observed, i.e., sk = zk. As a
result, the number of posteriors remains constant according
to (14). However, using ∆ will lead to zk = V and thus
the summation in (14) is taken over both possibilities, i.e.,
sk ∈ {G,B}. Fig. 2 provides a graphical representation of
the update procedure as well as the effect of ak = 1 on the
growth of the number of possible posteriors.

B. Learning the channel parameters for scheduling

The aforementioned method enables incorporating the
uncertainty in the transition probabilities in the decision
making process in a recursive manner. At any given time, the
underlying channel parameters are learned with respect to the
available state and observation history. These parameters are
then adopted in (6) to determine the corresponding optimal
schedule. By enforcing the determined policy for power man-
agement in the current step, a new observation is obtained
which is used for learning the parameters more accurately
and readjusting the policy accordingly. However, since with
each transmission with high energy the number of posterior
counts grows, the number of possible posteriors can grow
to infinity over time rendering the problem intractable. To
address this issue, we adopt an approach based on the idea of
approximate belief monitoring [20, Section 5.1]. In essence,
this method ensures feasibility of computations by keeping
only K number of posteriors during the Bayesian update by
randomly drawing them with respect to the appearance count

Algorithm 1: Joint learning and scheduling design
Input: posterior sampling parameter K, initial state

of the Markov chain i = −1, energy states δ
and ∆, average energy constraint L,
ξG = {[1, 1, 1, 1], 1, 0.5} and
ξB = {[1, 1, 1, 1], 1, 0.5}

1 for k ← 1 to ∞ do
2 determine the average consumed energy so far

J = E{(1− ak)δ + ak∆}
3 determine the average energy of the new policy

L̂← L− (J − L)
4 estimate p, q w.r.t. probability of each posterior Π

5 determine i∗ and µi∗ using L̂ and estimated p, q
6 apply ai determined by the policy
7 if ai = 0 and zk = G then
8 G Update() and i← −1
9 else if ai = 0 and zk = B then

10 B Update() and i← i+ 1
11 else
12 G Update() and B Update() and

i← −1
13 end
14 ξG ← ξG2G ∪ ξB2G and ξB ← ξG2B ∪ ξB2B

15 keep K number of posteriors of ξG and ξB by
randomly drawing w.r.t.

16 end
17 Procedure G Update()
18 ξG2B ← ξG and ξG2G ← ξG

19 ξG2B(φ1)← ξG(φ1) + 1 and
ξG2B(Π)← pξB(Π)

20 ξG2G(φ2)← ξB(φ2) + 1 and
ξG2G(Π)← (1− p)ξB(Π)

21 Procedure B Update()
22 ξB2G ← ξB and ξB2B ← ξB

23 ξB2G(φ3)← ξB(φ3) + 1 and
ξB2G(Π)← qξB(Π)

24 ξB2B(φ4)← ξB(φ4) + 1 and
ξB2B(Π)← (1− q)ξB(Π)

ψ. The implementation of this heuristic approach in parallel
with scheduling design and power allocation is presented in
Algorithm 1.

We define ξG , {[φ1, φ2, φ3, φ4], ψ,Π} as the set of
information on the posteriors of the channel being in G and
let Π denote the joint probability distribution (13), which
is set to 0.5 initially. Each posterior in ξG can transition
into G or B with probability of 1 − p and p, respectively,
where p is the mean of the corresponding Beta distribution.
Similarly, we define ξB for the posteriors of being in the bad
state. These operations are shown by the two procedures on
Line 17 and Line 21. After the update, these sets are merged,
shown by the operator ∪, such that ψ and Π of the items
with identical posterior counts are summed and then only
K posteriors are kept as shown in Line 14 and Line 15,
respectively.



Despite the possible inaccuracy of the learned parameters
due to partial observations, we can exploit the structure of
optimal policy (5) by ensuring that the energy constraint is
satisfied. In this regard,
• First, the average energy consumed in previous steps is

computed in Line 2.
• The average energy constraint for the new policy, denoted

by Ĵ is then determined according to Line 3.
• New policy is determined based on Ĵ and the estimated

values for p and q which are the outcome of the posterior
sampling.

This ensures that the energy consumed satisfies the actual
energy constraint regardless of the accuracy of the learned
parameters. Adopting the novel policy for the readjusted
energy constraint results in near-optimal performance as
shown in Section V.

V. NUMERICAL RESULTS

In this section, we evaluate the performance of our pro-
posed scheduling methods by numerical simulations for a
system described by

A =

[
1.4 0
0 1

]
, C = I2, Q = 0.5I2, R = 0.3I2.

The energy consumed by the sensor when transmitting with
low and high power are assumed to be δ = 1 and ∆ =
10, respectively. Moreover, the GE channel parameters are
assumed to be p = 0.2 and q = 0.4. For these values,
it follows from (10) that the schedule given in (5) will
be optimal for both MDP and POMDP scenarios if the
1 ≤ L ≤ 2.875.

Fig. 3 and 4 depict the average energy consumption
and average trace of the error covariance, respectively, for
various scenarios when the energy constraint is chosen as
L = 2. Since this constraint is within the bounds derived
in (10), when channel parameters are known, the optimal
schedule proposed for MDP is expected to lead to optimal
performance for the POMDP as well. This is in agreement
with the obtained numerical results since the average cost for
all scenarios converge to the one obtained for θ∗(i∗) without
violating the constraint. For the scenario considered here the
parameters of the optimal schedule are given by i∗ = 1 and
µi∗ = 0.1026.

It should be noted the scheduling policy is time-varying
when the channel parameters are unknown since the learned
parameters, denoted by p̂ and q̂, are time-varying. Nonethe-
less, the average of µi∗ for the last 10000 steps is µi∗ =
0.1065 with i∗ = 1. Although the deviation of the probability
of switching to high energy is 4% higher for the POMDP
case with unknown parameters, its performance is similar to
the optimal case over time. Due to the partial observations of
the channel states, the parameters are not learned accurately
over time as depicted in Fig. 5. However, by readjusting
the average energy consumption of the policy through the
feedback mechanism proposed in Algorithm 1, the cost
converges to the one obtained by the optimal setup while
ensuring that the average energy constraint is not violated.
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Fig. 3. Average energy consumption of the sensor for both fully observable
and partially observable scenarios when L = 2.
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Fig. 4. Performance of the proposed policies in terms of cost (3) for L = 2.

For the considered setup, if the energy budget violates
constraint (10), POMDP cannot be treated as MDP since i∗

will be smaller than 1 in the optimal policy. This scenario
is investigated for L = 3 and Fig. 6 and 7 illustrate the
results. The optimal solution of the MDP problem is given
by a scheduling policy of the form (5) with i∗ = 0 and
µi∗ = 0.1667. To be able to treat the POMDP as the MDP
counterpart, we use the policy defined in (8) with i = 1
which guarantees satisfying the average energy constraint
despite suboptimality in terms of average cost. This is in
agreement with the numerical results. The average energy
consumption for the POMDP converges to 2.875 which leads
to higher cost in terms of the estimation quality. This is
expected since due to lower average transmission power, the
probability of packet loss is higher.
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Fig. 5. Value of the learned channel parameters over time in comparison
with the actual values p = 0.2 and q = 0.4.
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Fig. 6. Average transmission energy used by the sensor when L = 3 for
both fully observable and partially observable scenarios.
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Fig. 7. Average of the trace of the error covariance matrix when the energy
budget is L = 3.

VI. CONCLUSIONS AND FUTURE DIRECTIONS

A. Conclusions

We considered the problem of power allocation of a sensor
with two power modes and with an energy constraint when
transmitting over a GE channel for remote state estimation.
We considered the scenario where the channel state is not
observed when using high transmission power and derived
conditions which preserve optimality of a given stationary
schedule for the resulting POMDP problem. We then ex-
tended the results to the case of unknown GE channels and
proposed a novel method for learning the channel statistics
online while ensuring the resulting scheduling policy satisfies
the energy constraint.

B. Future Directions

Part of ongoing work is to investigate how the learning ap-
proach should be modified when the ACK/NACK mechanism
is not error-free, thus resulting in more unobservable states.
In addition, we intend to find the optimal scheduling policy
for POMDP when the optimality of the results obtained for
MDP is not preserved under less strict energy constraints.

In [21] the problem of orchestrating the scheduling of a
group of wireless sensors subject to energy constraints was
considered, but without considering fading channels. We plan
to study scheduling policies for networks of wireless sensors
under known and unknown GE channels.
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