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Abstract—This paper considers an energy harvesting
communication system consisting of a communication link
powered by the energy harvested from the natural
environment and the energy wirelessly transferred from a
remote dedicated energy source. We study three
optimization approaches for this system: transmit power
scheduling which allows the transmitter to sequentially
optimize its transmit power, energy requesting which lets the
transmitter to sequentially decide the amount of energy to
be requested from the dedicated energy source, and a joint
optimization approach for the transmitter to jointly decide
the transmit power scheduling and energy requesting. We
derive the optimal policy for each of the above approaches
that can maximize the long-term average payoff of the
communication link. We present numerical results to
compare the performances of different optimizations under
different settings and conditions.

Index Terms—Energy harvesting, communication
networks, transmit power scheduling, wireless power
transfer, simultaneous wireless information and power
transfer.

I. INTRODUCTION

Energy harvesting has the potential to provide a
ubiquitously available power supply for mobile devices
from environmental energy sources such as sunlight,
wind, radio wave, vibration, etc.

Although energy harvesting provides communication
devices with “free” energy, the uncertainty of the natural
environment makes it difficult to provide a reliably
guaranteed power supply. One potential solution is to
allow the communication devices to control their energy
usage by capitalizing on the knowledge about the future
evolution of the harvestable energy. For instance, by
assuming the statistics of the future evolution of the
energy harvesting process can be known by the
transmitter, a power control policy for ARQ-based energy
harvesting communication with packet retransmissions has
been derived in [1]. An energy harvesting communication
system which can transmit data packets according to their
pre-assigned importance values is studied in [2] where a
simple threshold policy has been derived to decide
whether to transmit or discard the data packets according
to a threshold. If the transmitter cannot know the statistics
of the future progression of the energy harvesting process,
it can learn this information from its previous experience.
In this case, a fundamental tradeoff between how to

utilize the knowledge the transmitter has already learned
to maximize its performance (exploitation) and how to
explore the new knowledge to further improve the energy
scheduling gain (exploration) arises. It has been shown in
[3] that by applying Bayesian reinforcement learning for
each transmitter to sequentially learn the statistics of the
energy harvesting process, the above tradeoff can be
solved by letting each transmitter sequentially optimize
the energy scheduling policy and maximize its long-term
performance. A detailed survey of existing works in
energy scheduling for energy harvesting communication
systems is given in [4]. The transmit power scheduling
approach incurs a relatively high implementation
complexity at transmitters and it is still difficult to
guarantee a reliable energy supply during the entire
communication process, especially when the energy
available for harvesting is low for a relatively long period
of time.

Recently, the concept of hybrid communication
networks consisting of cellular communication networks
overlaid with wireless power transfer networks has
attracted significant research interest [5], [6]. In this
system, multiple dedicated energy sources can be
deployed by wireless power network operators. Each
dedicated energy source can wirelessly transfer power to
its closest transmitters to support the communication
services. It has been observed that in some wireless power
transfer systems such as the RF power transfer-based
systems, the information signal can be embedded into the
wireless power transfer signal to achieve simultaneous
wireless information and power transfer (SWIPT) [7], [8].
However, in practice, the wireless power transfer will
cause intolerable interference to the transmission of the
information signal, which reveals a tradeoff between
wireless power transfer and information transmission [9].

In this paper, we consider optimization approaches for
energy harvesting communication in a hybrid
communication network. We consider three approaches.
The first one is referred to as transmit power scheduling,
in which the transmitter can sequentially optimize its
transmit power according to the statistics of the evolution
of the energy harvesting process. In the second approach,
called power requesting, the transmitter can sequentially
optimize the amount of energy requested from the
dedicated energy source. The third approach is a joint
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Fig. 1. Network model for a single-user energy harvesting communication
system.

optimization approach which allows the transmitter to
jointly optimize the scheduling of its transmit power as
well as the amount of energy requested from the
dedicated energy source. We derive optimal policies that
can maximize the long-term average payoff of the
communication link for all three approaches. We present
numerical results to compare the performance of the
different approaches. We observe that the transmit power
scheduling and joint optimization can achieve higher
average payoffs than the energy requesting when the
transmitter and the dedicated energy source are located far
from each other. However, their performance
improvements heavily rely on the energy storage capacity
of the transmitter. By contrast, although power requesting
suffers from a high propagation loss during wireless
power transfer, it can be easily implemented in portable
devices such as RFID tags and security-enhanced credit
cards which cannot afford batteries. To the best of our
knowledge, this is the first work that considers the joint
optimization of transmit power scheduling and energy
requesting for energy harvesting communication systems.

The remainder of this paper is organized as follows. The
system model and problem formulation are introduced in
Section II. In Section III, we derive the optimal policies
for three optimizations. We present the numerical results
and compare the performance of different optimizations in
Section IV. We discuss the future works and conclude the
paper in Section V.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

We consider a single-user communication link with an
energy harvesting transmitter as shown in Figure 1. The
energy harvesting communication process is assumed to
be slotted. Let et be the amount of energy that can be
harvested by the transmitter from its ambient environment
during the tth time slot. The transmitter has a battery that
can store up to b̄ units of energy. We assume that a
dedicated energy source has been successfully discovered
by the transmitter. The energy source can transfer the
amount of energy requested by the transmitter at the
beginning of each time slot. Let qt be the number of
energy units requested by the transmitter to be transferred
from the energy source in time slot t. Note that due to the
power transfer loss, if qt units of energy have been

transferred from the dedicated source to the transmitter,
only λtqt energy units can be successfully received by the
transmitter, where λt is the power transfer efficiency, for
0 ≤ λt < 1. The energy source charges a price β for each
unit of power transferred to the transmitter. In many
practical systems, an energy source cannot know the
instantaneous power transfer efficiency from itself to the
transmitter and hence will charge a price according to the
total units of energy sent to the transmitter, i.e., the price
paid by the transmitter for requesting qt units of energy
from the energy source is given by βqt.

At the beginning of each time slot t, the transmitter first
sends a request signal to the energy source asking for qt
units of energy. The transmitter will decide the transmit
power wt and start the data communication after it receives
the requested energy from the energy source. We assume
that the transmitter cannot change its decisions about wt

or qt during the rest of time slot t. We consider an energy
harvesting communication system with causal constraints.
In particular, the transmitter cannot use the energy that will
only be harvested in the future and the energy harvested in
the current time slot can only be used in the next time slot.
Thus, we can express the battery level of the transmitter at
the beginning of time slot t as follows:

bt = min{b̄, (bt−1 + et−1 + λtqt − wt−1)}, (1)

where 0 ≤ wt ≤ bt. Let ϖt be the instantaneous payoff
obtained by the transmitter during time slot t. We follow the
same line as [10], [11] and assume that the benefit obtained
by the transmitter is a linear function of its transmission
rate. In particular, we can write the instantaneous payoff of
the transmitter obtained during time slot t as follows:

ϖt (wl, ql) = αB log2 (1 + hwt)− βqt, (2)

where α is the benefit (with unit of price) of the
transmitter by sending each data bit per second, B is the
bandwidth of the communication channel and h is the
channel gain between the transmitter and receiver. Note
that in this paper we focus on the performance
improvement brought by optimizing transmit power and/or
amounts of energy requested from the energy source
according to the time-varying energy harvesting process.
Therefore, to simplify our presentation, we assume that
the channel gain h can be regarded as a constant during
the entire energy harvesting communication process.

One possible application of the above payoff function in
(2) is a telecommunication system overlayed with wireless
power transfer facilities established by utility companies.
In this system, the telecommunication operator will charge
its subscribers according to their data transmission rate and
pay a price to the utility company for the power being
wirelessly sent to the transmitter.

Note that, in most practical systems, the energy
harvested by the transmitter in each time slot is limited.
Let ē be the maximum units of energy that can be
harvested by the transmitter in each time slot.
Additionally, due to the limited accuracy of the digital
communication devices, it can be assumed that the there
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is also a smallest unit of energy that can be harvested and
used by the transmitter as well as obtained from the
dedicated energy source. This makes it reasonable to
assume wt, et and qt can only take values from finite
sets, i.e., we have wt ∈ W , et ∈ E , qt ∈ Q amd bt ∈ B
for all t where W, E , Q and B are sets of the possible
values of transmit power, harvested energy, requested
energy and battery levels, respectively, in each time slot.
We also assume that the value of λt can only be taken
from a finite set Λ for all λt ∈ Λ.

We assume that at the beginning of each time slot t, the
transmitter cannot know the amount of harvested energy of
the current time slot, but can know the amount of harvested
energy in the past time slots.

B. Problem Formulation

The transmitter aims to maximize its long-term average
performance, given by

E

(
lim
t→∞

t∑
l=0

γlϖl (wl, ql)

)
, (3)

where E(·) denotes the expectation and γ is the discount
coefficient satisfying 0 < γ < 1. This assumption is
reasonable because most communication systems can
tolerate a short period of “bad” performance as long as
the performance is “good” enough for most of the time.

It can be observed from (3) that, to maximize the
long-term average payoff, the transmitter not only needs
to estimate the current battery level, the harvested energy,
and power transfer efficiency, but should also take in
consideration the future evolution of the energy harvesting
communication process. However, the future change of
the natural environment can be affected by many factors
most of which are unpredictable and uncontrollable by the
transmitter. Fortunately, it has been observed in that if the
duration of each time slot is short enough, it is reasonable
to assume that the evolution of the natural environment
satisfies the Markov property. That is, the environment in
the current time slot only depends on environment of the
previous time slot. In this paper, we follow the same line
and assume that the time-varying characteristics of the
harvested energy and the power transfer efficiency possess
the Markov property and can be characterized by the
following two transition functions

Γe (e′, e) = Pr (e′|e) , (4)
Γλ (λ′, λ) = Pr (λ′|λ) . (5)

where Γe (e′, e) is the probability distribution of harvested
energy e′ during the current time slot when the energy
harvested during the previous time slot is given by e, for
e, e′ ∈ E , and Γλ (λ′, λ) is the probability distribution of
the power transfer efficiency in the current time slot, λ′,
given that the power transfer efficiency of the previous
time slot is λ, for λ, λ′ ∈ Λ. Since energy harvesting and
transfer are affected by different environmental factors, we
can assume that et and λt are statistically independent.

We assume that Γe and Γλ are stationary and can be
known by the transmitter. One way to achieve this is to
allow the transmitter to learn these probability distributions
from past observations [3].

III. OPTIMIZATION FOR ENERGY HARVESTING
COMMUNICATION SYSTEMS

In this section, we consider three different optimization
approaches to maximize the long-term average payoff of the
transmitter. The first one lets the transmitter optimize the
scheduling of its transmit power, which will be discussed in
Section III-A. In the second approach, the transmitter can
sequentially optimize the amount of energy requested from
the energy source, which will be discussed in Section III-B.
Finally, we consider the joint optimization of the transmit
power scheduling and energy requesting in Section III-C.
We will evaluate and compare the performance of these
three optimizations in Section IV.

A. Optimal Policy for Transmit Power Scheduling

To evaluate the performance achieved by optimal
transmit power scheduling, in this subsection, we assume
that the transmitter cannot request any energy to be
transferred from the energy source, i.e., qt = 0 ∀t.

We formulate the power scheduling problem as a
Markov decision process (MDP) with infinite horizon
which consists of the following elements:

• State space S = B: is a finite set of all the possible
battery levels in each time slot. We write the state of
the transmitter in time slot t as st ∈ S for all t.

• Action space A = W: is a finite set of all the
possible transmit powers decided by the transmitter
at the beginning of each time slot. We write the
action decided by the transmitter in time slot t as
at ∈ A for all t.

• State transition function T : S × A × S → [0, 1]:
specifies the probability distribution that, starting at
state st and action at, the state ends in st+1. Let us
now describe how to estimate the state transition
function from the statistics of the environment. From
(1), it can be observed that the battery level of the
transmitter at the beginning of time slot t is fully
determined by the battery level, transmit power and
the harvested energy in the previous time slot. Due
to the limited capacity of the battery, there are two
possible cases for the battery level in the next time
slot t+ 1:

– If bt+1 < b̄: it means that the battery level in
the next time slot t+ 1 is lower than the battery
capacity. We can then write the probability of this
state transition as follows:

Pr (st+1|st, at) = Pr (bt+1|bt, wt)

= Pr (et = bt+1 − bt + wt|et−1)

= Γe (bt+1 − bt + wt, et−1) , (6)
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where Γe (et, et−1) is the transition probability of
the energy harvested by the transmitter defined in
(4).

– If bt+1 = b̄: it means that the transmitter can
harvest more energy than its battery can store in
time slot t + 1. We can write the probability of
the state transition for this case as follows:

Pr (st+1|st, at) = Pr
(
b̄|bt, wt

)
=

∑
et∈Φ

Γe (et, et−1) , (7)

where Φ = {et : b̄− bt + wt ≤ et ≤ ē,∀et ∈ E}
and Pr (et|et−1) is the transition probability of
the energy harvested by the transmitter.

The state transition probability of the transmitter can
be full specified by combining equations (6) and (7).

To maximize the long-term average payoff, the
transmitter needs to evaluate both the current and future
payoffs that can be obtained by each of its possible
actions. We define the value function V (st, at) as the
sum of the current and future expected rewards when the
current state and action are given by st and at,
respectively. Suppose the current state is given by st. We
can write the current expected payoff ϖt when the
transmitter decides for action at in the current time slot
as follows:

ϖ̄t =
∑
st∈S

Pr (st|st−1, at−1)ϖt (at, qt = 0) , (8)

where ϖt (at, qt) is defined in (2) for qt = 0 and at = wt.
The transmitter should also be able to estimate the future

expected reward using the state transition function. We can
hence write V (s, a) as follows:

V (st, at) = ϖ̄t

+ γ
∑

st+1∈S

Pr (st+1|st, at)V ∗(st+1, at+1). (9)

And we can write the optimal value function for the
transmitter under state st as follows:

V ∗(st) = max
at∈A

V (st, at). (10)

Therefore, the optimal policy π∗ is given by

a∗t = arg max
at∈A

V (st, at). (11)

(11) means that the transmitter should always choose action
a∗t when the current state is given by st.

B. Optimal Strategy for Power Requesting

We now consider the case that the transmitter can
optimize the amount of energy requested from the
dedicated source in each time slot to maximize its
long-term payoff. To focus only on the performance
improvement brought by optimizing the energy
requesting, we assume that the transmitter cannot
schedule its transmit power and has to always use all its

stored and obtained energy to transmit signals, i.e., we
assume bt = et−1 and wt = bt + λqt, ∀t.

The transmitter needs to decide the value of qt at the
beginning of each time slot t. In this case, the payoff of
the transmitter in each time slot t is not related to transmit
power or requested power in the previous time slot, but only
decided by the action in the current time slot. Therefore, the
optimal strategy that can maximize the long-term average
payoff of the transmitter is equivalent to the optimal energy
request that can maximize the instantaneous payoff in each
time slot, i.e., we can write the optimization problem of
energy requesting as follows:

max
qt

ϖt (qt) ,

s.t. qt ≥ 0. (12)

It can be observed that by substituting wt = et + λtqt
into (2), we can rewrite the payoff of the transmitter in (2)
as follows:

ϖ′
t (qt) = αB log2 (1 + hbt + hλtqt)− βqt. (13)

It can be observed that ϖ′
t (qt) is a quasi-concave function

of qt and hence the optimal energy units q∗t requested by
the transmitter at time slot t can be calculated by setting
∂ϖ′

t(qt)
∂qt

= 0 which results in the following optimal solution:

q∗t =

(
αB

β
− 1

hλt
− bt

λt

)+

. (14)

It can be observed from (14) that the optimal number
of requesting energy units in each time slot t decreases
with the energy harvested in the previous time slot and
increases with the current power transfer efficiency λt.
This means that the transmitter will only request energy
from the dedicated energy source if it cannot harvest
enough energy from the environment. Since the energy
source charges the price based on its transferred energy, if
λt is low, the transmitter needs to request more energy
from the energy source and at the same time pay a
relatively high price to the energy source.

C. A Joint Optimization for Transmit Power Scheduling
and Requesting

Let us now consider the joint optimization of the
energy scheduling and energy requesting. In this case, the
transmitter needs to jointly decide both transmit power wt

and the amount of requested energy qt at the beginning of
each time slot t. We can again formulate this problem as
an MDP with infinite horizon with the following
elements:

• State space S ′ = B × Λ: is now a finite set of all
the possible combinations of battery levels and power
transfer efficiencies, i.e., we have s′t = ⟨bt, λt⟩ and
s′t ∈ S ′ for all t.

• Action space A′ = W × Q: is a finite set of all the
possible combinations of transmit powers and the
amount of energy requested by the transmitter at the
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beginning of each time slot, i.e., we have
at = ⟨wt, qt⟩ and at ∈ A′ for all t.

• State transition function T ′ : S × A × S → [0, 1]:
similar to Section III-A, we also need to consider
two cases for the state transition probability due to
the limited capacity of the battery:

– If bt+1 < b̄: the battery level of the transmitter is
lower than its battery capacity. The probability of
the state transition is given by

Pr
(
s′t+1|s′t, a′t

)
= Pr (⟨bt+1, λt+1⟩|⟨bt, λt⟩, ⟨wt, qt⟩)
=

∑
λt+1∈Λ

∑
et+1∈E

Γe (bt+1 − bt + wt

−λt+1qt+1, et) · Γλ (λt+1, λt) . (15)

– If bt+1 = b̄: it means that the transmitter obtains
more energy than that it can store in its battery.
In this case, we can write the state transition
probability as follows:

Pr
(
s′t+1|s′t, a′t

)
= Pr

(
⟨b̄, λt+1⟩|⟨bt, λt⟩, ⟨wt, qt⟩

)
=

∑
⟨et+1,λt+1⟩∈Ξ

Γe
(
b̄− bt + wt

−λtqt, et) · Γλ (λt+1, λt) , (16)

where Ξ is the feasible region including all the
possible combinations of et+1 and λt+1 when they
satisfy bt+1 ≥ b̄, i.e., Ξ = {⟨et+1, λt+1⟩ :
et + λt+1qt+1 ≥ b̄+ wt − bt, ∀et ∈ E , λt+1 ∈ Λ}.

We can derive the optimal policy for the transmitter by
following the same line as Section III-A. Specifically, we
can define the value function including both current and
future expected payoff as

V (s′t, a
′
t) =

∑
s′t∈S′

Pr
(
s′t|s′t−1, a

′
t−1

)
ϖt (at) (17)

+γ
∑

s′t+1∈S′

Pr
(
s′t+1|s′t, a′t

)
V ∗ (s′t+1, a

′
t+1

)
.

where ϖt (at) = ϖt (wt, qt) is given in (2) and the
optimal value function V ∗ (s′t, a

′
t) is given by

V ∗ (s′t, a
′
t) = maxa′

t
V (s′t, a

′
t).

Following the same line as Section III-A, we can write
the optimal policy for the transmit power scheduling and
requesting as follows:

⟨w∗
t , q

∗
t ⟩ = max

a′
t∈A′

V (s′t, a
′
t) (18)

IV. NUMERICAL RESULTS

We follow a similar setting as [5] to evaluate the
performance of the proposed optimization approaches in a
micro-cellular network. We consider a transmitter that can
harvest up to 50 mW of power from the environment and
request up to 20 W of power from the dedicated source
during each time slot. The battery of the transmitter can
store up to 50 mW of energy. We assume that the power
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transfer efficiency from the energy source to the
transmitter follows the Friis equation λt =

GTGRν2

(4πd)2
where

GT and GR are the antenna gains of the energy source
and the transmitter, respectively and d is the distance
between the transmitter and energy source. ν is the
wavelength and d is the distance between the energy
source and the transmitter [12]. We assume that the
minimum unit of energy harvesting and requesting as well
as transmitting is 1 mW.
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We first compare the average payoff achieved by three
optimization approaches discussed in Section III under
different iterations in Figure 2. We observe that the
energy requesting achieves the worst performance among
all three approaches considered in Section III. This is
because, in energy requesting, the transmitter has no
control over the amount of energy spent in transmission,
and therefore cannot save some battery life to meet future
needs. We also observe that jointly optimizing the
transmit power scheduling and energy requesting can
further improve the performance compared with the
optimal transmit power scheduling. This verifies our
previous observation that by only optimizing the
scheduling of transmit power it is difficult to always
achieve the guaranteed performance due to the uncertainty
about the energy harvesting environment. Therefore,
jointly optimizing both the transmit power scheduling and
energy requesting is necessary to further improve the
performance of the energy harvesting communication
system.

In Figure 3, we compare the average battery levels of
three approaches under different iterations. We observe
that the transmit power scheduling results in a much
higher average battery level than that of the energy
requesting. This is because when using the optimal
transmit power scheduling, the transmitter can
intentionally delay the use of the energy harvested in the
current time slot for future use. In comparison, the
transmitter using energy requesting only stores the energy
harvested in the previous time slot in its battery and
always uses all the stored and requested energy in each
time slot, which always results in the lowest battery level
among all three approaches. We also observe that the
joint optimization of transmit power scheduling and
energy requesting results in the highest average battery
level. This is because the optimal transmit power
scheduling only relies on the harvested energy. The joint
optimization on the other hand can schedule both the
harvested energy and the energy requested from the
dedicated energy source. We note that both the transmit
power scheduling and joint optimization are difficult to be
applied to applications that cannot afford batteries, such
as smart card applications (e.g., RFID tags,
security-enhanced credit/bus/metro cards [13]) or systems
with energy storage loss [14].

In our simulation setup, we assume that energy units
that can be harvested by the transmitter can be modeled
as a discrete uniformly distributed random variable
between 0 and ē. In Figure 4, we compare the average
payoff under different values of ē. We observe that, if the
amount of energy harvested by the transmitter is limited,
simply optimizing the power scheduling for the
transmitter cannot provide better payoff than that of the
energy requesting. However, with the increase of the
maximum number of harvested energy units, the payoff
achieved by the transmit power scheduling increases
much faster than that achieved by the energy requesting
and can approach that of the joint optimization when the

maximum level of harvested energy units is large enough.

V. CONCLUSION

In this paper, we consider an energy harvesting
communication system in which the transmitter is able to
harvest energy from the natural environment and at the
same time request a certain amount of energy to be
transferred from a nearby dedicated energy source. We
introduce three optimizations: transmit power scheduling,
energy requesting and a joint optimization which allows
the transmitter to simultaneously optimize its transmit
power scheduling and energy requesting. We present
optimization policies that can maximize the long-term
average payoff of the communication link for all three
optimizations. Finally, we present numerical results to
compare the performance of these optimizations. We
observe that although the joint optimization achieves the
highest average payoff, it also results in the highest
average battery level, which may not be suitable for
applications with energy storage losses or communication
devices without batteries.
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