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Abstract—With the advancement of wireless energy harvesting
and transfer techniques, an Internet of Things (IoT) node
equipped with a wireless charging facility can request and receive
energy from wireless chargers deployed at different locations.
This provides more opportunity for the mobile IoT node to
replenish its battery and be able to operate without interrup-
tion due to shortage of energy supply. In this paper, we develop
an optimal energy charging scheme for the mobile IoT node,
considering the states of location, traffic generation, and energy
storage. We formulate the problem of energy charging as a
Markov decision process (MDP) to obtain the mobile IoT node’s
optimal policy. The objective is to maximize the expected utility.
Furthermore, we prove that the optimal policy of the proposed
MDP has a threshold structure. The numerical results show the
performances of the mobile IoT node under various scenarios and
parameter setting. Furthermore, the proposed MDP-based wire-
less energy charging scheme outperforms conventional baseline
schemes.

Index Terms—Markov decision process (MDP), mobile Internet
of Things (IoT) node, threshold policy, wireless energy charging.

I. INTRODUCTION

INTERNET of Things (IoT) can potentially enable a con-
nected smart world with IoT devices (e.g., sensors) attached

to everything. The number of connected devices has reached 9
billion by the year 2016 [1], where IoT energy consumptions
become a significant issue. As a result, energy sustainability
for IoT applications becomes a critical concern [2]. The green
IoT paradigm has been proposed, aiming to reduce greenhouse
effect in the entire design, manufacturing and deployment life
cycle of IoT devices by efficiently utilizing and recycling
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energy [1], [3]. An ecosystem of green IoT involves a variety
of IoT networking and communications technologies, namely
green IoT enablers [3], such as RFID tags, sensors, as well
as advanced communication (e.g., 5G) and Internet systems
(e.g., edge and cloud services). By combining such green
IoT enablers, available system resources can be efficiently
allocated to IoT system components.

Energy supply is a crucial issue for green IoT nodes to meet
quality of service and high availability requirement for infor-
mation sensing and data processing. The mobile IoT nodes,
e.g., sensors and smart phones, rely on energy storage (i.e.,
a battery) and they need to be charged or battery replaced
frequently. However, the mobile IoT nodes can move among
different locations and hence their charging become inter-
mittent and nonpersistent. With the help of wireless energy
harvesting and transfer techniques [4], [5], each IoT node has
opportunity to charge and replenish the energy storage on the
move, as long as wireless energy sources exist in some certain
locations.

In the energy charging process, when a mobile IoT node
is at the location with an energy source (e.g., a wire-
less charger), the mobile IoT node can send a request for
energy transfer (i.e., wireless charging). The wireless charger
charges a price to the mobile IoT node for transferring
energy. This price can vary at different locations. For exam-
ple, the wireless chargers using renewable energy may charge
lower price than that using power from electrical grid. The
mobile IoT node not only aims to minimize the cost paid
to the wireless chargers, but also has to ensure that the
interruption due to insufficient energy to support their oper-
ations (e.g., running sensing tasks and transmitting data) is
minimized.

In this paper, we aim to address the aforementioned chal-
lenges. We propose a Markov decision process (MDP) [6]
based scheme for optimally deciding the mobile IoT node’s
charging policy in a system with wireless chargers. In the sys-
tem model under consideration, the mobile IoT node moves
among different locations, generating different traffic loads
(i.e., different sensing tasks to be processed and data to be
transmitted). Some locations may have wireless chargers. The
mobile IoT node has to make a payment to the charger, if the
mobile IoT node decides to request and receive energy from
the charger. This payment is the cost of the mobile IoT node.
The mobile IoT node makes this decision based on the current
location, traffic load, and the units of energy remained as the
energy state.
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The contributions of this paper are summarized as follows.
1) We propose an MDP-based scheme for the mobile IoT

node equipped with a wireless charging facility to obtain
an optimal charging policy, taking a set of system states
into consideration. The optimality is achieved by means
of maximizing the mobile IoT node’s expected utility.

2) We study the structure of the optimal charging policy
obtained from the proposed MDP scheme. We prove that
the optimal policy is a threshold policy in the energy
state and location state. That is, the mobile IoT node’s
charging action is monotonic in terms of the two states.

3) We perform extensive performance evaluation to ana-
lyze the behavior of the optimal charging policy of
the mobile IoT node. We demonstrate that although a
myopic greedy scheme has the similar threshold struc-
ture, the MDP scheme still outperforms due to that
the myopic scheme does not take the system state into
account.

The rest of this paper is organized as follows. In Section II,
we review related work. Section III describes a mobile system
with energy sources. In Section IV, an MDP model is for-
mulated with the solution to maximize a mobile IoT node’s
expected utility, considering the location, energy and traffic
generation states of the mobile IoT node. Performance met-
rics are defined to measure the mobile system with energy
sources. Section V proves the existence of threshold policies
of the energy state and location states. Numerical results are
provided in Section VI. Finally, Section VII concludes this
paper.

II. RELATED WORK

A. Green Internet of Things

Recent studies on green IoT mainly include optimizations
of IoT device deployment and mobility, data sensing and
routing, energy management, and renewable energy provision-
ing. Comparing with conventional wireless sensor systems,
energy-aware approaches are required for the deployment of
IoT devices [7], as well as data routing [8]. For example,
an extensible hierarchical communications architecture and a
minimal energy consumption algorithm were proposed in [7],
where a longer network lifetime can be achieved since energy
consumption is considered to be weight factors when estab-
lish the communication graph, compared with conventional
approaches in wireless sensor networks. A path selection
framework was proposed in [8] to reduce the overall number of
links on each communication path to save energy for IoT sys-
tems. In the 5G networks, data sensing and processing can be
performed with edge and cloud computing facilities in green
IoT approaches cloud [9]. For example, mobile edge comput-
ing is employed for IoT devices to offload computing tasks to
edge servers in proximity to reduce computational costs and
energy consumption [10]. A local content cache is deployed to
serve the requests of IoT user tasks in [11], where the objec-
tive of being green is to improve the quality of experience of
IoT devices.

Energy management, including reducing energy consump-
tion and exploiting external energy, is one of the key

considerations in green IoT. Both hardware and software-based
energy optimizations are surveyed in [1]. For example, green
sensors on chip [12] integrates necessary sensors together on a
single chip to reduce energy waste during data transmissions.
As a software-oriented design, medium access control algo-
rithms are designed to limit the communication overhead [13].
The importance of energy efficiency in industrial IoT (IIoT)
is emphasized in [14], where a layered IIoT architecture
framework and a “sleep scheduling and wake up” protocol
is introduced. Similar to the system architecture design in [7],
battery powered sensors do not directly communicate. Instead,
relay nodes at the upper layer facilitate communication man-
agement for the sensor nodes to reduce energy comsumptions.
Energy harvesting, as a promising approach to exploit external
energy sources, has also been studied extensively recently. For
example, a graphene shaped grid deployment of IoT device is
proposed in [15] to guarantee energy coverage for wireless
energy transmission and harvesting.

B. Wireless Energy Charging

Several energy transfer techniques may be applied to the
mobile system. For example, mobile nodes carrying inductive
coupling [17] devices are able to be charged by the energy
from chargers within tens of centimeters. Resonance cou-
pling [18] technique transmits power within several meters.
Microwave power transfer [19] can be applied for energy
charging in kilometers. Moreover, mobile nodes can also be
charged by radio frequency (RF) energy transfer technique in a
far-field manner [20]–[22]. Since RF energy transfer technique
transmits energy using radioactive, it is suitable to be adopted
to current mobile systems, e.g., wireless sensor networks [21]
and cell networks [20], without too much modification to the
current architectures. In industrial and consumer market, radio
regulators have already approved RF wireless energy charg-
ing systems. For example, WattUp1 offers a set of RF energy
transmitter and receiver for home and office solutions for
powering user devices ranging from sensors to laptops. For
product developments, Powercast2 provides small sized wire-
less power receiver (e.g., P2110B), RF-to-DC chipset modules
(e.g., PCC210), as well as development and evaluation kits
at reasonable retail prices. Chipset modules of the wireless
energy products can be integrated with computing units, mem-
ory and storage to implement optimal energy management and
resource allocation algorithms.

The aforementioned wireless charging techniques may
have different energy charging efficiency. For example, near-
field resonance coupling may have 5%–52% charging effi-
ciency [23]. However, far-field RF energy transfer can achieve
over 50% energy efficiency [22], depending on distance and
frequency. Based on experiments, wireless sensors can be
charged with 20 μW energy via VHF/UHF channels [21], and
up to 0.011 μW via 2.4 GHz ISM band from access points
as chargers located less than 10 m [24]. An interface standard
for inductive energy charging named Qi [25] can regulate at
least 5 W energy input in its design. However, Qi requires

1http://www.energous.com/
2http://www.powercastco.com/
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TABLE I
RF ENERGY CHARGING: EXPERIMENTAL DATA [16]

the energy source to be within 4 cm, which confines its appli-
cations. By employing a novel wireless charging technique
Witricity [26], 0.5 W of input energy can be supplied for the
distance up to 0.2 m. Some general experimental data of RF
energy harvesting from different wireless energy sources at
different distances are shown in Table I. It is possible for small
devices which do not require too much power to operate with
RF energy harvesting techniques. Several battery-free devices
are presented by existing literature, as surveyed in [4].

C. Energy Efficiency in Wireless Charging

Recently, a wireless charging problem has been studied in
several works. Lu et al. [4] and Sample et al. [5] presented an
overview of a wireless charging technique that a mobile node
can receive energy wirelessly prolonging its operation without
interruption. The technique can be one form of energy harvest-
ing adopted in sensor networks [27]. For example, [21], [28],
and [29] provided the designs and implementations of sensors
with wireless charging functions. Li et al. [30] introduced the
idea that a mobile node can carry energy and move among
different locations to charge sensor nodes. Kim and Lee [31]
proposed an MAC protocol for sensors to perform RF energy
charging. The MAC protocol ensures the fairness of wireless
charging among sensors. However, the mobile node discussed
in [31] only relies on wireless energy to operate, without con-
sidering the utilization of battery power. Watfa et al. [32]
investigated wireless charging over multiple hops of sensors,
instead of a direct sensor and energy source charging model.
It was shown that the sensor can be charged wirelessly from
the energy source up to 20 hops away. A wireless energy
supported mobile network for publish-subscribe content dis-
tribution was discussed in [33]. Limited energy storage and
unstable intermittent wireless energy supply may affect the
performance of IoT systems, e.g., the impacts of a single node
failure to the whole network topology was stated in [34]. In
the future 5G IoT systems, energy usage need to be significant
reduced [35]. However, current energy management designs
for sensor networks may not be migrated to 5G IoT scenarios
without modifications, due to the reasons such as mobility and
cost-aware features of the IoT system [36].

Energy supply and energy storage are critical but random
factors in mobile systems that affect energy efficiency metrics.
To model a mobile IoT system considering energy efficiency,
existing studies on energy efficiency management need to take
the factors and features of mobile systems into account, such
as mobile application functions, mobility of mobile nodes, and
instability of wireless charging technologies, which lead to
uncertainties of the systems. Particularly, a full-functional IoT

system differs from conventional sensor systems in terms of
complexity. IoT nodes in the IoT system need to manage var-
ious types of applications and tasks to execute. Behaviors of
mobile IoT nodes can be more “social,” indicating that mobile
IoT participants (including mobile nodes) become highly intel-
ligent, and need to be incentivized to serve in the IoT system.
In this case, wireless charging and IoT task processing can
incur costs and profits in the system. Therefore, there is a need
to formulate optimization problems considering these issues
and study the structure of the optimal energy charging policy.

D. Performance Optimization

Optimization approaches have been studied for energy
efficiency designs in various mobile and IoT systems. For
example, [37] considered a wireless sensor with finite bat-
tery capacity and wireless charging facility. A certain number
of packets need to be transmitted by the sensor. The total
transmission time was minimized by using cumulative curves
method. Supported by wireless charging, the objective is to
maximize the transmission throughput in [38]. In [39], a sensor
processes self-generated data with wirelessly charged energy.
Several power management policies including the MDP model
minimizing the mean delay are examined, which has shown
that a greedy energy management policy is proved to be opti-
mal with both maximized throughput and minimized delay.
Seyedi and Sikdar [40] discussed a body area network where
MDP is employed by optimally decide the data transmis-
sion mode of a sensor in each decision period. However,
energy in [40] is harvested objectively as a two state process,
that the sensor cannot make a decision on energy charging.
Ho and Zhang [41] discussed throughput optimization over
a finite horizon, with time varying energy charging channel
between the sensor and energy sources. In cognitive radio
network, wireless energy harvesting was adopted. For exam-
ple, [42] formulated and solved the partially observable MDP
to obtain an optimal mode selection of a sensor node. The sen-
sor chooses the mode to harvest energy or transmit data, both
of which must be balanced to achieve an optimal performance.
Bicen and Akan [43] considered to opportunistically use avail-
able spectrum to transfer wireless energy to sensor nodes. The
performance of a sensor with an integration of opportunistic
spectrum access and wireless energy transfer was analyzed.
The power control scheme for the wireless charging unit was
proposed with the objective to minimize energy consumption.

In the proposed wireless energy charging system, system
states and transitions are random, which can be affected by
the system parameters and the decisions made by mobile
nodes. The objective of each mobile node (i.e., to maxi-
mize utility) is achieved by optimally choosing the decision
policies. Stochastic optimization including MDP can be a
viable choice of the problem formulation. An MDP-based opti-
mization can provide a more flexible model to describe and
analyze mobile IoT systems, whose system states are directly
affected by actions of system components. Moreover, compar-
ing with other optimization methods, MDP has a formal model
description. Changes in system parameters when implementing
mobile IoT systems do not affect the fundamental architecture
of the model.
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(a)

(b)

Fig. 1. (a) System model: mobility, energy charging, and traffic of a mobile IoT node and (b) system operation diagram.

III. SYSTEM MODEL

In this section, we first describe the system model of a
mobile IoT node with wireless energy charging. The assump-
tions of the system are also stated.

A. General System Model

We consider a mobile IoT node equipped with an energy
storage (e.g., a battery) and wireless energy charging facil-
ity. The mobile IoT node moves among different locations, as
shown in Fig. 1. We assume that the mobility of IoT node is
driven by external objects, which does not consume energy
from the node energy storage. For example, a smartphone as
an IoT node carried by a human user, and IoT nodes attached
to vehicles (e.g., cars and bicycles).

As shown in Fig. 1(a), the mobile IoT node works as fol-
lows. The sensing and data processing applications running
on the IoT node generates traffic load (e.g., sensed data). This
traffic load can refer to the sensed data that will be transmit-
ted by the mobile IoT node to a base station or relay node via
a single-hop or multihop communications, respectively. The
data sensing and transmission requires certain units of energy
from the energy storage of the mobile IoT node. Different traf-
fics can be generated by the node at different state, and we
refer to this state as the traffic state. Depending on this traffic
state, the mobile IoT node consumes certain units of energy
to process the generated traffic. With the wireless charging
facility installed, the mobile IoT node can charge energy from
accessible energy sources (i.e., wireless chargers). To receive
energy, the IoT node must make a payment to the wireless

charger for the requested energy. We assume that the charging
price of different wireless chargers at different locations can
be different.

Given above system model for the mobile IoT node with
wireless energy charging capability, we design an energy
charging scheme for the mobile IoT node to decide whether
to perform energy charging or not. The energy charging
scheme is based on an optimization formulation of an MDP.
The optimal energy charging policy is obtained from solv-
ing the MDP. We consider a time slot-based operation for
the IoT node. Here, the time slot is a logical time reference
for the IoT node to transmit data and receive the energy.
The decision of the mobile IoT node is to charge wire-
less energy (i.e., make a request to a wireless charger and
buy wireless energy) or not. This decision is made at the
beginning of the time slot based on the current state. The
state is a composite state defined as the location, energy
state of the energy storage, and the traffic state, as shown
in Fig. 1(a).

With the proposed MDP-based energy charging scheme, the
mobile IoT system operation diagram is shown in Fig. 1(b).
A mobile node takes a preprocessing step to collect system
information and forms a state space and state transitions as
the input of MDP. Thereafter, the MDP model is solved either
by the mobile node or external computing units, such as cloud
servers. The solved optimal charging policy is stored in the
mobile node as a look-up table. During the operation of the
system, the mobile node senses the current system state, and
makes a decision based on the stored look-up table of optimal
policy. The system state space and transitions can change. In
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this case, the mobile node needs to obtain the optimal policy
in an online manner.

B. Definitions and Assumptions

To develop the optimal energy charging scheme for a
mobile IoT node, we first introduce the following settings and
assumptions.

1) IoT Node Mobility: In the proposed system, a location is
defined as an area covered by a wireless energy charger, e.g.,
a base station. A mobile IoT node accesses different locations
when moving in the system. For a mobile node in a bounded
area, the number of locations is decided by the number of
chargers, which is generally finite. The location variable is
denoted as L ∈ L = {1, 2, . . . , L}, where L is the set of
all locations and L is the maximum number of locations. In
every location L, there is a particular price β(L) ≥ 0 for
energy charging. Without loss of generality, we assume that
the location is only covered by one wireless energy charger,
since the node will intuitively choose the charger with the
lowest price even if the location is covered by more than one
overlapped wireless energy charger transmission area.

Several factors may affect the price β(L), and the price
depends on the properties of the current location that the
mobile IoT node is in. For example, the path loss exponent
of each base station may vary, multiantenna technique might
be deployed to enhance the energy charging efficiency [e.g.,
location 4 in Fig. 1(a)], some cells may not be covered by any
base station [location 2 in Fig. 1(a)], also the power of each
base station may affect its charging price. The mobile IoT node
will pay this price to the wireless charger if the node decides
to buy wireless energy. Without loss of generality, we assume
that the set of locations is sorted according to their price, i.e.,
β(L1) ≤ β(L2) ⇐⇒ L1 < L2. Note that if a location does
not have a charger, the price will be β(L) = ∞, therefore
the mobile IoT node will rationally not take the action to buy
wireless energy.

2) Energy Storage: G = {0, 1, . . . , E} denotes the set of
possible energy units (i.e., energy level) of the energy storage
of the mobile IoT node, where E is the maximum capacity.
The mobile IoT node only utilizes the stored energy units to
transmit. The energy level can increase from charging and
decrease when the mobile IoT node transmits the generated
traffic.

3) Wireless Energy Charging: When a mobile IoT node is
at the location with a charger, the node can send a request
to buy wireless energy from the charger. We assume that the
node’s wireless charging facility can receive the maximum
energy of B units, where B < E, in one time slot. However,
only b units are successfully charged with the probability σb,
where b ∈ {0, 1, . . . , B, W}. σb depends on the property of
energy charging interface of the IoT node, e.g., the RF to DC
energy conversion efficiency. To generalize the system model,
here we also consider an extreme case of energy charging
when the IoT node is directly connected to a power source in
the current time slot, denoted as W. This special case occurs
with the probability σW. When connected to the power source
directly, the mobile IoT node is able to process any traffic W

without consuming energy storage, i.e., the energy storage in
the node is always full, regardless of the energy level in the
last time slot. Practically, this case can happen when the node
is wired to a high power source, or at a wireless high powered
charger. For example, when the charger is an implementation
of the 120W medium-power specification of Qi [25].

4) Traffic Load: For a mobile IoT node, the traffic state
W ∈ W is defined as the current task that the node is process-
ing. Tasks can include energy consuming operations that the
mobile node is currently executing, e.g., data sensing, data pro-
cessing, and wireless data transmission, depending on the type
and current application of the mobile node. Each traffic state
indicates a strength of load that the mobile IoT node is operat-
ing at. The traffic state is denoted as W ∈ W = {0, 1, . . . , A},
where A < E is assumed. Without loss of generality, at the
traffic state W , the mobile IoT node will consume W units of
energy in one time slot.

One of examples of the traffic load is voice collection and
communication, which can be modeled as an on-off source.
In this case, the traffic state is defined as W ∈ W = {0, 1}.
The traffic state is W = 0 for an off period. That is, the IoT
node does not consume energy. Similarly, the traffic state is
W = 1 for an on period, where the IoT node consumes one
unit of energy to collect the environment voice information
and transmit a voice packet.

IV. OPTIMIZATION PROBLEM FORMATION

In this section, we formulate the energy charging problem of
a mobile IoT node as an MDP by defining the state and action
spaces, and deriving the transition probability matrix. Then, we
define the utility function and present the MDP optimization
formulation and its solving method. The performance metrics
of the mobile IoT node for evaluating the MDP scheme are
defined afterward.

A. State Space and Action Space

The state space of the mobile IoT node is defined as follows:

S = {(E,L, W )|E ∈ G,L ∈ L, W ∈ W
}

(1)

where S ∈ S is a composite state variable. E , L, and W
are the energy state (i.e., current energy level of the energy
storage), the location state and the traffic state of the IoT node,
respectively.

The action space of the mobile IoT node is defined as
A = {0, 1}, where the action A = 1 indicates that the node
requests to buy wireless energy from a charger. The action
A = 0 indicates that the node does not request for energy
charging.

B. Transition Probability Matrix

1) Location State and Mobility: Fig. 2 shows an example
of the state transition diagram of the mobile IoT node when its
location states belong to the set L = {1, 2}, where the node
moves between two locations. The mobile IoT node moves
based on its own mobility pattern only, regardless of the node’s
energy state E , and traffic state W . We denote μL,L′ as the
probability that the mobile IoT node is at location L in the
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Fig. 2. Transition diagram of location state L ∈ L = {1, 2}.

current time slot and moves to location L′ in the next time
slot.

The movement pattern of the mobile IoT node can be arbi-
trary in the model. Generally, the node could have two mobility
patterns: 1) correlated and 2) uncorrelated mobility patterns.
In the correlated mobility pattern case, the location in the next
time slot L′ depends on the current location L of the node.
For example, the node will only move to the adjacent locations
with a high probability, such as Brownian motion. Therefore,
the transition probability μL,L′ is a function of both L and L′,
denoted as μL,L′ = PL(L,L′). With the uncorrelated mobility
pattern, the mobile IoT node will choose the next location L′
regardless of the current location L, i.e., independent identi-
cally distributed location distribution. In this case, μL,L′ is
only a function of L′, i.e., μL,L′ = PL(L′). The location
transition matrix is expressed as follows:

L =
⎡

⎢
⎣

μ0,0 · · · μ0,L
...

. . .
...

μL,0 · · · μL,L

⎤

⎥
⎦. (2)

2) Traffic State Transition: The traffic state of the mobile
IoT node changes from time to time, as different sensing,
processing, and data transmission tasks will be incurred in
different time slots. In that case, different traffic states incur
different costs in terms of energy consumption to the mobile
node, e.g., video data compression may require more energy
than text processing. Fig. 3(a) and (b) show an example of the
state transition diagram of the traffic state W ∈ W.

The transition probability matrix of traffic state is expressed
as follows:

W =
⎡

⎢
⎣

ω0,0 · · · ω0,A
...

. . .
...

ωA,0 · · · ωA,A

⎤

⎥
⎦ (3)

where the notation ωW ,W ′ means the probability that the traffic
state transits from W to W ′.

To facilitate the derivation in later Section IV-B3, we denote
Wi as follows:

Wi =

⎡

⎢⎢⎢⎢⎢⎢
⎣

...
...

0 · · · 0
ωi,0 · · · ωi,A

0 · · · 0
...

...

⎤

⎥⎥⎥⎥⎥⎥
⎦

. (4)

Basically, Wi has all zero elements, except in row i whose
elements are the same as those in W, which indicates the
situation that the current traffic is i.

(a)

(b)

Fig. 3. (a) Transition diagram of traffic and energy states when A = 0 (i.e.,
not charge) and (b) for the action A = 1 (i.e., charge).

3) Energy State Transition: The transitions of the energy
states depend on the current location, traffic state, as well as
the action taken. Fig. 3(a) shows the transitions of energy
state when action A = 0. In this case, the energy state only
decreases depending on the traffic state. For example, for the
traffic state W = 1, one unit of energy is consumed. As a
result, the energy state transits from E to E − 1. Fig. 3(b)
is for the action A = 1 when the mobile IoT node is at a
location L with a wireless energy charger. Energy units are
utilized by the node to transmit. Therefore, the amount of
energy consumed is the traffic state W . The energy charg-
ing and transmission processes can be performed at the same
time, i.e., in a full-duplexing manner. Without loss of gen-
erality, we assume the charged energy can be immediately
used for transmission in the current time slot. Practically, the
mobile IoT node can repeatedly try to transmit until the end
of the current time slot. In this case, the mobile IoT node
can at most consume the stored energy units plus the charged
energy units during the current time slot. For the convenience
of explanation, the charging and transmission process can be
equivalently expressed as a two-step subtransitions, e.g., as
shown in Fig. 3(b), where the energy state transits from E to
E +b−A if b units of energy are charged with the probability
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σb and A energy units are consumed to transmit the traffic
W = A.

We define the matrix as follows:

EW = [σWJ(A+1,A+1), . . . , σWJ(A+1,A+1)]

 × [0, . . . , 0, 1]

(5)

where J(A+1,A+1) is a matrix of ones with the size of (A +
1) × (A + 1). EW is the transition matrix for the case that the
mobile IoT node is directly connected to a power source in a
time slot.

For A = 0, there is no charge. E(A = 0) is the energy
transition matrix. E(A = 0) is expressed as follows:

E(A = 0) =

⎡

⎢⎢⎢⎢⎢⎢⎢⎢
⎣

∑A
i=0 Wi∑A
i=1 Wi W0

...
. . .

. . .

WA · · · W1 W0
. . .

. . .
. . .

. . .

WA · · · W1 W0

⎤

⎥⎥⎥⎥⎥⎥⎥⎥
⎦

.

(6)

In the energy transition matrix, the element (i, j) indicates the
probability that the energy state transits from i to j. For exam-
ple, the element WA at (A, 0) in the matrix (6) indicates that
the energy level falls from A to 0, when the mobile IoT node
has a traffic A, i.e., A units of energy will be consumed by
handling the traffic.

Similarly, Ẽ(b)(A = 1) is the transition matrix of action
A = 1 (i.e., an energy charging action) if b units of energy
are successfully charged. We first omit the case of b = W.
For b = 0, we have

Ẽ(0)(A = 1) = E(A = 0). (7)

For the case of b ∈ {1, . . . , A−1} units of energy charging,
we have the matrix (8) as shown at the bottom of this page. In
the first part of the matrix (i.e., from row 1 to row A − b − 1),
there is the case that the amount of charging energy is not suf-
ficient to support all cases of energy consumption. Therefore,
the probability that the energy storage is empty is the sum-
mation of the probabilities of all such cases. However, for the
case of b ∈ {A, . . . , E} (i.e., the amount of charging energy

is sufficient to support all cases of energy consumption), the
transition matrix becomes

Ẽ(b)(A = 1)

=

⎡

⎢⎢⎢⎢⎢⎢
⎣

0(b−A) WA · · · W1 W0
. . .

. . .

WA · · · W1 W0
...

...
...

WA · · · W1 W0

⎤

⎥⎥⎥⎥⎥⎥
⎦

(9)

where 0(b−A) = [0, . . . , 0] (i.e., a zero row vector with b − A
zero elements). Then the overall energy state transition matrix
for action A = 1 with b = W can be expressed as follows:

E(A = 1) =
B∑

k=0

σkẼ(k)(A = 1) + σWEW. (10)

The overall state transition matrix of the mobile IoT node
is as follows:

P = [P(S,S ′|A)] = E(A)
⊗

L (11)

where
⊗

is the Kronecker product. With the overall state
transition matrix P derived, the probability of all the possible
transitions of the mobile IoT node is obtained to fulfill the
MDP.

C. Immediate Utility Function

Given that the mobile IoT node transits amongst different
states, and different actions are taken accordingly, for the cur-
rent state, an immediate utility is incurred to the node, denoted
as the immediate utility function F(E,L, W |A), which only
consider the current state while ignoring all the past and future
states.

The proposed MDP model does not require the immedi-
ate utility function to have a particular form. In this paper,
we assume that F(E,L, W |A) is comprised of three compo-
nents, denoted as FE(E), FL(L|A), and FW(E, W |A). FE(E)

is for the energy storage, FL(L|A) is for location-price, and
FW(E, W |A) is for the traffic generation. We consider the
weighted sum of these components, i.e., F(E,L, W |A) =
cEFE(E) + cLFL(L|A) + cWFW(E, W |A), where cE, cL, and
cW are weight coefficients.

FE(E) could be the cost of storing energy in the battery.
FL(L|A) is the cost of purchasing energy from the charger at

Ẽ(b)(A = 1) =

⎡

⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢
⎣

∑A
i=b Wi Wb−1 · · · W0∑A

i=b+1 Wi Wb · · · W1 W0
...

. . .

WA WA−1 · · · W1 W0
. . .

. . .
. . .

. . .

WA WA−1 · · · W1 W0
...

...
...

...

WA WA−1 · · · W1 W0

⎤

⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥
⎦

(8)
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the location L, and it is defined as follows:

FL(L|A) = −A · β(L) (12)

where β(L) is the charging price paid by the mobile IoT node
to the charger, as defined in Section III-B. Note that if A = 0,
then there is no energy transferred and hence the cost is zero.

Similarly, FW(E, W |A) is expressed as follows:

FW(E, W |A) =
⎧
⎨

⎩

χ(W ), (A = 0 and E ≥ W )

or (A = 1 and E − 1 ≥ W )

ρ(W ), otherwise
(13)

where χ(W ) ≥ 0 is the utility that the mobile IoT node is able
to successfully transmit the traffic W . That is, there is enough
energy in the storage (i.e., E ≥ W when A = 0). However, if
there is not enough energy, the cost ρ(W ) ≤ 0 is incurred to
the mobile IoT node if the traffic state is W .

D. Solving the MDP Optimization Formulation

1) Value Iteration and the Bellman Equation: As the MDP
problem formulation is fulfilled with the transition matrices,
actions, and immediate utility functions proposed, the MDP
optimization formulation can be solved by employing the
Bellman equation [44], [45], as follows:

V(S) = max
π(A|S)

H(S|A) (14)

φ∗(A|S) = arg max
π(A|S)

H(S|A) (15)

H(S|A) = F(S|A) + γ
∑

S ′
P
(S,S ′|A)V(S ′) (16)

The solutions of (14)–(16) are obtained by value iteration algo-
rithm [44]. A policy function π(A|S) in (14)–(16) is defined as
the node’s action A taken in the current state S . The function
F(S|A) is the immediate utility function given in Section IV-C.
H(S|A) is the utility when the action A is taken given the state
S . Moreover, γ ∈ (0, 1) is a discount factor for the value
functions of all future states. The solutions include the util-
ity V(S) of the mobile IoT node considering all the possible
future states, given any current state S , as well as the optimal
policy denoted as φ∗(A|S). Therefore, we obtain the optimal
action for the mobile IoT node to take given any state S , as
well as the overall utility that the node gains accordingly.

In order to facilitate the explanation later, we refer to V(S)

as the value function and H(S|A) as the utility function.
Moreover, we interchangeably use the notations V(S) and
V(E,L, W ), H(S|A) and H(E,L, W |A), as well as F(S|A)

and F(E,L, W |A).
2) Complexity Analysis and Implementation

Considerations: Based on the Bellman equation (14)–
(16), the complexity of value iteration algorithm to solve for
the optimal energy charging policy is O(|S|2|A|), where |S| is
the number of all the states, including location states, energy
level states, as well as traffic states in the proposed model. |A|
is the number of all the actions. From the complexity notation,
the increase of the number of system states can significantly
affect the solving process of the Bellman equation.

When implementing the MDP-based model and obtaining
the optimization solution, a mobile IoT node is required to
obtain all the possible system states. Since some system states
involve external environment factors, e.g., node locations may
be determined both by actions of the node as well as the mobil-
ity pattern of the node carrier. In this case, a mobile node may
not have complete information of all the possible system states
and the state transitions. Practically, a distributed exploratory
method can be employed to establish the state sets and tran-
sitions to complete the MDP-based model: a mobile node can
operate in the system for a period of time before “taking
optimal actions” to collect possible system states and tran-
sitions, e.g., locations that the node can potentially visit. After
that, the MDP-based model can be solved with the collected
information.

The number of system states can be too large. A mobile
node may not have enough computing capability to solve the
MDP model. However, as MDP can provide a full set of
optimal actions in response of all the system states, solving
the MDP can be performed in an offline manner in a pre-
processing step before the system starts operating, as show in
Fig. 1(b). Since the solving process of MDP with the Bellman
equation does not couple to local computing resources of
mobile nodes, external computing units, e.g., cloud and edge
servers, can be utilized to solve the MDP for the optimal
charging policy. The solving process can be fully (or par-
tially) offloaded [10], [46], [47] to edge servers in proximity,
or cloud servers on Internet. A look-up table mapping from
each state to the corresponding optimal action T : S �→ A∗
can be solved and stored in the mobile node. As the action
of the mobile node in each decision period is binary (i.e.,
A ∈ {0, 1}), the look-up table stored in the mobile node take
up |S| bits of the storage. For example, a mobile node which
traverses 8000 locations roughly employs 1MB storage space
to store the preprocessed look-up table. When the system is
in operation, the mobile node directly searches the table for
the optimal action at the current state. Furthermore, with the
existance of threshold structure in the optimal policy of each
mobile node, as in Section V, reinforcement learning and deep
reinforcement learning techniques [48] can be employed to
approximate the optimal look-up table without actually solving
the MDP.

In practical systems, whether the MDP-based optimization
needs to be executed by the mobile node or offloaded to
servers requires case-by-case studies, depending on the com-
puting capability of the mobile node and the existance of
accessible cloud or edge servers. Furthermore, as solving the
Bellman equation mainly involves matrix manipulations, par-
allel computing approaches, if available, can be employed
to accelerate the solving process. For example, GPU and
embedded system algorithms implemented in [49] can pro-
vide 90x and 30x speedup comparing with baseline CPU-based
implementations, respectively.

E. Performance Metrics

Based on the optimal charging policy of the mobile IoT
node, we can obtain the following performance metrics.
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1) Expected Utility: The mobile IoT node can have any
arbitrary initial state Sinit. We denote the probability that the
node has the initial state S to be pinit(S), ∀S ∈ S. We define
the expected utility V of the node as follows:

V =
∑

Sinit∈S
pinit(S) · V(S). (17)

In this case, if the charging policy adopted by the mobile
IoT node maximizes the expected utility V , the policy will
maximize the node’s expected utility starting from any possible
initial state.

2) Charging Rate: We define the steady state probability
of taking action A = 1 to be the charging rate. It is calculated
as follows:

ηcr =
∑

S∈S
pst(S) · �(A = 1|S) (18)

where pst(S) is the steady state probability of the state S when
the optimal charging policy is applied. The indicator function
is �(A = 1|S) = 1 when action A = 1 is taken, and �(A =
1|S) = 0 otherwise.

3) Insufficient Energy Probability and Average Energy
Level: When the traffic generated by the mobile IoT node
requires more energy units than the current energy level, i.e.,
W > E , the insufficient energy situation happens. Similar to
the charging rate obtained in (18), the definition of insufficient
energy probability metric ηie is as follows:

ηie =
∑

S∈S
pst(S) · �(W > E |S) (19)

where �(W > E |S) = 1 when W > E (i.e., the available
energy in the storage is not enough to transmit the traffic
generated at the state W , and �(W > E |S) = 0 otherwise.

Moreover, average energy level of the mobile IoT node is
defined as follows:

E =
∑

S∈S
pst(S) · E . (20)

V. THRESHOLD POLICY

In this section, we introduce the concept of a threshold
policy and show that the optimal policy obtained from the
proposed MDP has the threshold policy in certain conditions.

A. Concept of Threshold Policy

The optimal policy of an MDP model with binary actions
(i.e., A ∈ {A1, A2}) is threshold-type, defined as follows:

φ∗(A|�,S−�) =
{

A1, for � � �thresh
A2, otherwise

(21)

where � is a state variable or a set of states, and S−� indicates
the set of the rest of states. �thresh denotes the threshold value
of the state �. The function φ∗(A|�,S−�) is the optimal
action policy solved by the MDP model and Bellman equation,
as given in (15). In other words, whenever � � �thresh, the
action A1 will always be taken. Otherwise, the action A2 will
be taken.

The concept of supermodularity/submodularity [45], [50] is
employed to prove the existence of a threshold policy given
as follows.

Definition 1: For x ∈ X ⊆ R, y ∈ Y ⊆ R, a func-
tion f (x, y) ∈ R is supermodular in (x, y) if f (x1, y1) −
f (x1, y2) ≥ f (x2, y1) − f (x2, y2), ∀x1, x2 ∈ X,∀y1, y2 ∈
Y, x1 > x2, y1 > y2. Similarly, f (x, y) is submodular in (x, y)
if f (x1, y1) − f (x1, y2) ≤ f (x2, y1) − f (x2, y2), ∀x1, x2 ∈ X,
∀y1, y2 ∈ Y, x1 > x2, y1 > y2.

The supermodularity/submodularity property of f (x, y) is a
sufficient condition of the nondecreasing/nonincreasing mono-
tonicity of y = arg maxy f (x, y) [50]. Specifically, in the pro-
posed MDP model and Bellman equation given in (14)–(16),
for a given state θ ∈ {E,L, W }, the fact that H(S|A) is
supermodular/submodular in (θ, A) indicates that φ∗(A|S) is
nondecreasing/nonincreasing in θ ∈ {E,L, W }. In particular,
when θ increases, the optimal action only changes from 0 to 1
for the supermodularity case (or 1 to 0 for the submodularity
case). Then from the definition in (21), the threshold policy
holds.

B. Threshold Policy in Location State

In this section, we prove the existence of a threshold policy
in the optimal charging policy of the mobile IoT node with
respect to location state L.

Lemma 1 [Uniqueness and Convergence (See Proof
in [51])]: The value iteration algorithm to solve the Bellman
equation as in (14)–(16) will always converge to a unique
optimal result.

Definition 2 (0-to-1/1-to-0 Threshold): A threshold policy
in state θ is defined as a 0-to-1 (or 1-to-0) if the action A(θ2) >

A(θ1) (or A(θ2) < A(θ1)), given that θ2 ≥ θthresh and θ1 <

θthresh.
Theorem 1 [Threshold Policy in Location State (See Proof

in Appendix A)]: Given any energy state E and traffic
state W , the optimal charging policy is a 1-to-0 (or 0-
to-1) threshold policy in location state L, if the following
conditions hold.

1) Transition probability μL,L′ is only a function of L′.
2) F(E,L, W |A) is nonincreasing (or nondecreasing) with

respect to location L, given that action A = 1 is taken.
3) F(E,L1, W |A) = F(E,L2, W |A), ∀L1,L2 ∈ L, given

that action A = 0 is taken.
The first condition indicates that the mobile IoT node moves

to any location L′ with a certain probability, regardless of the
current location state L. That is, all the rows in the transition
matrix defined (2) are identical. The second condition indi-
cates that the immediate utility function is monotonic in the
charging price corresponding to the current location L. The
third condition means that the immediate function is indepen-
dent to the location state L, if the action A = 0 is taken.
That is, when the mobile IoT node does not take a charg-
ing action, the current location state L does not affect the
node’s immediate utility of the current decision period, i.e.,
F(E,L, W |A = 0) ≡ F(E, W ).
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For the physical meaning of Theorem 1, let us consider
the following example. Given any energy state E and traf-
fic state W , the mobile IoT node’s action monotonically
decreases from 1 to 0, if F(E,L, W |A = 1) is nondecreas-
ing in location state L. The node tends not to take a charging
action if the energy sources at the current location has too
high price for energy charging. The proof of Theorem 1 is
in Appendix A.

C. Threshold Policy in Energy State

Next, we prove that a threshold policy exists in the optimal
MDP solution with respect to energy state E .

Theorem 2 [Threshold Policy in Energy State (See Proof in
Appendix B)]: Given any location state L and traffic state W ,
an optimal solution of energy charging actions is a 0-to-1 (or
1-to-0) threshold policy in the energy state E , except for when
E = E, if the following conditions hold.

1) The node charges one unit of energy at most, i.e., B = 1.
2) F(E,L1, W |A) = F(E,L2, W |A), ∀L1,L2 ∈ L, given

that action A = 0 is taken.
3) F(E,L, W |A) is nondecreasing (or nonincreasing) and

convex (or concave) with respect to E .
The exception E = E exists in Theorem 2 since the mobile

IoT node cannot charge in the case of full energy stored, i.e.,
E = E. In this case, A = 0 is always taken, and the 0-to-1
threshold policy does not exist.

Theorems 1 and 2 show that the properties (i.e., monotonic-
ity and discrete convexity/concavity) of the immediate utility
function directly decide the existence and type of the thresh-
old policy. The proof of 1-to-0 threshold policy in Theorem 2
is in Appendix B. 0-to-1 threshold policy case can be proved
similarly.

D. Threshold Policy in Traffic State

We can establish a similar theorem for the threshold policy
with respect to traffic state W , as follows. We omit its proof
for brevity.

Theorem 3 (Threshold Policy in Traffic State): Given any
energy state E and location state L, the optimal charging policy
is a 1-to-0 (or 0-to-1) threshold policy in traffic state W , if
the following conditions hold.

1) Transition probability ωW ,W ′ is only a function of W ′.
2) The immediate utility function has the following prop-

erty: [F(E,L, W + 1|A = 1) − F(E,L, W |A = 1)] −
[F(E,L, W + 1|A = 0) − F(E,L, W |A = 0)] ≤ 0 (or
≥ for the 0-to-1 threshold policy).

VI. NUMERICAL RESULTS

A. System Parameters and Performance Criteria

Unless otherwise stated, we use the following scenarios
and parameters in the performance evaluation. The parame-
ters are used as an example to explain the model performances.
Changing the parameter setting will not generally affect the
overall trends in the numerical results.

1) The mobile IoT node moves among 11 locations, i.e.,
L = 11. We consider two cases of the location dis-
tribution: a) uniform and b) nonuniform. The mobile

IoT node moves amongst different locations uniformly
when the uniform distribution case is adopted. In the
nonuniform distribution case, the node moves amongst
different locations with different probabilities. In this
case, regardless of the current location, the node moves
to a location Lh ∈ L with a probability of 50%, and
moves to each of other ten locations except Lh with a
probability of 5%. Here, the location Lh is denoted as
the highest probability location of the mobile IoT node.

2) The maximum energy storage capacity of each node is
E = 10. After taking a charging action, the node may
receive b ∈ {0, 1, . . . , B} units of energy with a uniform
probability. We set B = 5. The case that the mobile IoT
node is directly connected to a power source, i.e., W, is
not considered in the performance evaluation.

3) The traffic state is W ∈ W = {0, 1, . . . , 5} (i.e., the
maximum energy consumption is A = 5). Uniform and
nonuniform distributions of the traffic state are consid-
ered. The traffic state W is uniformly distributed in the
uniform distribution case. In the nonuniform distribution
case, we adopt a truncated Poisson distribution, where
the traffic state transition probability ωW ,W ′ is defined
as follows:

ωW ,W ′ = Pois(W ′ = ν)

=
{

e−λ λν

ν! , for ν ∈ {0, . . . , A − 1}
∑+∞

k=A e−λ λk

k! , for ν = A
(22)

where λ is a traffic generating parameter of the node.
4) The discount factor is γ = 0.9.
The mobile IoT node’s immediate utility function over state

S = {E,L, W } and action A is set to be FE(E) ≡ 0, and
F(E,L, W |A) = cLFL(L|A) + cWFW(E, W |A), where the
weight coefficients are cL = 0.7 and cW = 0.3. The following
form of FW(E, W |A) is applied:

FW(E, W |A) =
⎧
⎨

⎩

√
W /A, (A = 0 and E ≥ W )

or (A = 1 and E − 1 ≥ W )

−(W − E)/A, otherwise
(23)

where
√

W /A indicates an increasing utility of W with
decreasing marginal utility, when the current traffic W is suc-
cessfully processed. −(W − E)/A means that the mobile IoT
node’s loss is linear to the amount of insufficient energy units,
i.e., W − E , when there are not enough energy units in the
storage. Furthermore, we use FL(L|A) = −A ·β(L), where all
the L charging prices follow a log-normal distribution, which
is generally employed to model price distribution in real world
markets [52].

We evaluate the proposed MDP scheme as defined in
Section IV-E by comparing the performance with other
four baseline schemes, including an always charging scheme
(namely A = 1 scheme) where the node always takes a charg-
ing action except for when the battery is full (i.e., E = E),
an idle scheme (A = 0 scheme) where A = 0 is always taken
except for when the battery is empty (i.e., E = 0), a random
scheme that randomly decides whether to charge or not, and a
myopic scheme. By adopting the myopic scheme, the mobile
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TABLE II
PARAMETERS AND SCENARIOS FOR NUMERICAL STUDIES

(a) (b)

Fig. 4. Threshold in location state L in the case of (a) low traffic generation
and (b) high traffic generation. (W = 1 in both figures.)

IoT node makes short-sighted greedy charging decisions only
to maximize the immediate utility F(S|A) of the current
state. Main parameters and benchmarks are summarized as
in Table II.

B. Threshold Policy

Fig. 4 shows the optimal threshold policy of the proposed
MDP scheme, given that the defined immediate utility function
holds for the conditions in Theorem 1. In this case, we fix the
location state L. The nonuniform truncated Poisson distribu-
tion of traffic state is adopted, since we will show the threshold
variation for different traffic state patterns (i.e., different val-
ues of traffic generating parameter λ) in Fig. 4(a) and (b). The
node is mostly in the low traffic states when λ is small, and
in the high traffic states when λ is large. Fig. 4(a) shows the
threshold policy when λ = 0.5, namely a low traffic gener-
ation pattern. On the contrary, Fig. 4(b) shows a high traffic
generation pattern with λ = 3.0. For both Fig. 4(a) and (b), a
1-to-0 threshold policy always exists with respect to the loca-
tion state L. For example, as shown in Fig. 4(a), when E = 2,
the mobile IoT node’s action A changes from 1 to 0 at the
location state L = 6. This indicates that higher prices of the
location state L discourages the node from taking a charging
action.

Note that the setting of the immediate function of the mobile
IoT node with respect to E does not meet the conditions of
threshold policy Theorem 2. Therefore, an optimal threshold
policy does not exist for the energy state E . For example,
as shown in Fig. 4(b), when L = 9, the action changes from
A = 0 to A = 1 and from A = 1 to A = 0 again, as the energy
state E increases from 0 to 10. The reason for this result is
that the node has to weigh between the potential future utility
brought by charging (i.e., A = 1) and the price of charging.
When E is small, the charged energy units cannot gain enough
future profit to compensate the charging price. Consequently,

the action A = 1 is not taken. When E is large, since there
is already enough energy for the node, the charging action is
unnecessary.

C. Impacts of Location to Optimality

We adopt the nonuniform distribution case of the location of
a mobile IoT node. As assumed in Section III-B, each location
L corresponds to a charging price β(L) ≥ 0, where β(L) >

β(L′) for L > L′. The horizontal axes of Fig. 5(a) and (b)
denote the highest probability location Lh. For example, when
the highest probability Lh location is 10, the mobile node visits
L = 10 with the highest probability. Practically, this highest
probability location could be a location that the user stays
most of the time. Intuitively, when the mobile IoT node is
at the locations with high charging prices more frequently,
the utility of the node will decrease. As shown in Fig. 5(a),
the expected utility of the mobile IoT node decreases as the
highest probability location Lh increases.

Fig. 5(b) shows the charging rate. We observe that the charg-
ing rate is higher when the mobile IoT node is frequently at the
locations with lower prices, which is expected. Fig. 5(b) also
shows that, the proposed MDP scheme, which makes charg-
ing decisions considering future state transitions, has a higher
charging rate than that of the myopic scheme. This can be
explained as follows. For the mobile IoT node in the location
with a high charging price, the myopic scheme may refuse
to charge from a short-sighted perspective, because of the low
immediate utility (i.e., high charging price) of the current state.
However, the proposed MDP scheme considers the fact that
the action A = 1 will increase the energy storage of the node,
which may potentially increase the utility at the future states.
By weighing the tradeoff between current price and potential
future utility, the MDP scheme may still decide to charge to
maximize the expected utility. As a result, the MDP scheme
has a higher charging rate compared with that of the myopic
scheme.

Moreover, Fig. 5(a) and (b) show that the proposed MDP
scheme stabilizes the utility of the mobile node because of the
“future vision,” compared with the other baseline schemes. For
example, when action A = 1 is always taken, the mobile IoT
node suffers from the sharp utility decrease when Lh becomes
too high, e.g., Lh = 11, due to the higher chance of the high
energy charging price. However, when the MDP scheme is
applied in this case, the mobile user will refrain from charg-
ing and bearing the “overpriced” energy cost. As shown in
Fig. 5(b), when the highest probability location Lh > 7, the
charging rate drops to keep the utility relatively stable, as
shown in Fig. 5(a).
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(a) (b) (c)

(d) (e) (f)

Fig. 5. Impacts of the distribution of location state to (a) expected utility and (b) charging rate. Impacts of energy storage capacity E to (c) expected utility
and (d) charging rate. Impacts of traffic generating parameter λ to (e) expected utility and (f) charging rate.

D. Impacts of Energy Storage Capacity

The distributions of location L and traffic state W of the
mobile IoT node are both set to be uniform. We vary the
maximum energy storage capacity E of the node. As shown
in Fig. 5(c), when the maximum energy storage capacity
increases from E = 6 to E = 15, the expected utilities of all
the schemes increase. This is because the increased maximum
energy storage capacity allows the mobile IoT node to store
more energy for future use, reducing the chance of insufficient
energy. Fig. 5(c) also shows that the proposed scheme out-
performs other baseline schemes in different cases of energy
storage capacity E.

Fig. 5(d) shows the charging rate of the mobile IoT node
with different maximum energy storage capacity E. For the
proposed MDP scheme, the charging rate increases when
the energy storage capacity E increases. This is because when
the energy storage capacity is low, the chance that there is
not enough energy when the traffic state is high becomes
higher. By contrast, for a larger energy storage capacity E,
the mobile IoT node tends to charge to reduce the chance of
insufficient energy in the future state. Fig. 5(d) also shows
that the proposed MDP scheme has higher charging rate than
that of the myopic scheme. Similar to the explanation of
Fig. 5(b), this is because MDP scheme considers the future
utility.

E. Impacts of Traffic Generation to Optimality

The nonuniform distribution of the traffic state is adopted.
We examine the performance for different traffic state patterns.

As shown in Fig. 5(e), the expected utility of the mobile
IoT node is high when the traffic generating parameter λ

is relatively small. This is because the chance of insuffi-
cient energy is low, due to the lower energy consumption.
Nonpositive utility ρ(W ) of insufficient energy in (13) is sel-
dom incurred. By contrast, as λ increases, the node will be
in the higher traffic state with higher probability. In this case,
insufficient energy could frequently happen, causing a penalty.
Consequently, the utility of the node decreases as λ increases,
as shown in Fig. 5(e).

Note that, as shown in Fig. 5(e), the utility of the proposed
MDP scheme at λ = 0.5 is lower than that of λ = 1.0. This is
because the mobile IoT node is at the traffic state W = 0 with
high probability of 0.6 for λ = 0.5. That means the mobile
IoT node gains no reward at the traffic state W = 0 most of
the time. As a result, the expected utility is adversely affected.

As shown in Fig. 5(f), the impact of traffic state to the
optimal action of the mobile IoT node has two stages, analyzed
as follows.

1) According to the traffic generation function (22), when
λ is small, e.g., when λ ≤ 2.5 in Fig. 5(f), the traf-
fic loads being executed in the mobile node is relatively
small in average. The mobile node can successfully pro-
cess the traffics since energy consumed by the mobile
node to process the traffic loads is relatively small. As λ

increases, the mobile node needs more energy to process
the traffics. As a result, the charging rate of the mobile
node increases to obtain more energy from wireless
energy chargers.
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(a) (b) (c)

Fig. 6. Insufficient energy probability under different (a) highest probability location, (b) maximum energy storage capacity, and (c) traffic generating
parameter.

2) When λ increases, e.g., when λ > 2.5 in Fig. 5(f), traffic
loads generated in the system become too high. That is,
large energy consumption is required when the mobile
node processes the traffic loads. However, as the num-
ber and charging capability of wireless energy chargers
remain the same in this case, the mobile node is not
able to obtain energy fast enough to process the heavy
traffic loads. Energy provisioning becomes the bottle-
neck of the system. Under such circumstance, the mobile
node can rarely obtain profits by processing traffic loads.
As a result, the node tends to choose action A = 0 to
avoid extra costs of energy charging. The charging rate
of MDP scheme decreases, as shown in Fig. 5(f).

F. Insufficient Energy Probability and Average Energy Level

Fig. 6(a)–(c) show the insufficient energy probability under
the node’s location distribution, maximum energy storage
capacity, and traffic generating parameter, respectively. In
Fig. 6(a), as the location with the highest probability increases,
the insufficient energy probability increases. This is due to
the fact that the mobile IoT node does not want to take a
charging action at the location with high price. Similarly,
Fig. 6(b) shows that, as the maximum energy storage capac-
ity E increases, the mobile IoT node can store more energy.
As a result, the insufficient energy probability decreases. In
Fig. 6(c), as the traffic generating parameter λ increases, the
node will consume more energy. Therefore, the insufficient
energy probability increases as λ increases.

Note that the optimal policy to maximize the utility of the
mobile IoT node does not necessarily result in a minimum
insufficient energy probability, as shown in Fig. 6(a)–(c). The
always charging scheme (i.e., A = 1) leads to the lowest
insufficient energy probabilities in all the scenarios. The rea-
son is that the always charging scheme increases the energy
level of the node without concerning about the charging price.
However, this scheme can incur too much cost to the mobile
IoT node, lowering the overall utility.

VII. SUMMARY

In this paper, we have proposed an MDP-based scheme
for a mobile IoT node to make wireless energy charging

actions from energy sources. We have considered the mobil-
ity, energy storage, and traffic generation processes and model
them as the states of the mobile IoT node. We have obtained
an optimal charging policy, in which the node makes a deci-
sion to charge its energy storage or not based on these
states. The objective is to maximize the node’s expected
utility. We also have proved the existence of the optimal
threshold policies of the proposed MDP model. The perfor-
mance evaluation has shown that the optimal policy obtained
from the proposed MDP scheme outperforms typical baseline
schemes.

APPENDIX A
THRESHOLD POLICY IN LOCATION STATE L

Proof: The case that the mobile IoT node is directly con-
nected to a power source, i.e., W, can be canceled during the
derivation of proof. As a result, to simplify the process of
proof, with a slight abuse of notation, we omit the notations
of W in the proof.

Suppose the highest traffic state is W = A, and the maxi-
mum charged energy is B as in (8). There are four cases in
the transition matrices defined in (6) and (8) with respect to
the energy state E .

1) Case 1: For 0 ≤ E < A − B, the mobile IoT node will
have insufficient energy (i.e., W > E + B) when W
becomes too high, e.g., W = A, even if the charging
action A = 1 is taken and the maximum units of energy
B is successfully charged at the same time.

2) Case 2: For A − B ≤ E < A, the mobile IoT node will
possibly have sufficient energy to support high traffic
(e.g., at W = A), if action A = 1 is taken. Otherwise,
if A = 0, insufficient energy will always happen when
W is too high, i.e., when W ∈ {A − E, . . . , A}.

3) Case 3: For A ≤ E < E − B, the energy storage
always has enough energy to support all traffic states.
Additionally, after charging, the energy storage is not
full.

4) Case 4: For E − B ≤ E ≤ E, the energy storage always
has enough energy to support all traffic states. However,
after a charging action A = 1 is taken, the energy storage
could be full.
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As an example, we prove the existence of the threshold
policy for case 3. Similar procedures can be applied to other
cases. We examine if supermodularity/submodularity holds for
H(E,L, W |A) with respect to location state L, i.e.,

[
H(E,L + 1, W |A = 1) − H(E,L, W |A = 1)

]

− [
H(E,L + 1, W |A = 0) − H(E,L, W |A = 0)

]
. (24)

In case 3, the first term H(E,L + 1, W |A = 1) −
H(E,L, W |A = 1) in (24) can be expanded as follows:

H(E,L + 1, W |A = 1) − H(E,L, W |A = 1)

= F(E,L + 1, W |A = 1) − F(E,L, W |A = 1)

+
B∑

b=0

σb

L∑

L′=0

(
μL+1,L′ − μL,L′

)

×
E+i∑

W ′=0

ωW ,W ′V
(E + i − W ,L′, W ′)

= F(E,L + 1, W |A = 1) − F(E,L, W |A = 1) (25)

since μL+1,L′ = μL,L′ due to the first condition in Theorem 1.
Similarly, the second term of the expression in (24) can be

expanded as follows:

H(E,L + 1, W |A = 0) − H(E,L, W |A = 0)

= F(E,L + 1, W |A = 0) − F(E,L, W |A = 0) = 0.

(26)

The derivation in (26) is the result of the third condition in
Theorem 1.

As a result, we substitute (25) and (26) into (24) as follows:

[H(E,L + 1, W |A = 1) − H(E,L, W |A = 1)]

− [
H(E,L + 1, W |A = 0) − H(E,L, W |A = 0)

]

= F(E,L + 1, W |A = 1) − F(E,L, W |A = 1). (27)

That is, when F(E,L, W |A = 1) is nondecreasing,
H(E,L, W |A) is supermodular in L. By contrast, when
F(E,L, W |A = 1) is nonincreasing, H(E,L, W |A) is sub-
modular in L.

APPENDIX B
1-TO-0 THRESHOLD POLICY IN ENERGY STATE E

Given the conditions in Theorem 2, the following lemmas
hold.

Lemma 2: The monotonicity of the value function
V(E,L, W ) is consistent with the immediate utility function
F(E,L, W |A) with respect to energy state E .

Lemma 3: The value function is convex (or concave) in
energy state E , i.e., [V(E + 2,L, W ) − V(E + 1,L, W )] −
[V(E + 1,L, W ) − V(E,L, W )] ≥ 0 (or ≤ 0), given the dis-
crete convexity (or concavity) of the immediate utility function
F(E,L, W |A) in energy state E .

Lemmas 2 and 3 are proved in Appendixes C and D,
respectively.

In the following, we prove the 1-to-0 threshold policy in E
as an example. That is, given the nonincreasing monotonicity
of F(E,L, W |A) in E , as well as the concavity of V(E,L, W )

in E , we will prove that the utility function H(S|A) is sub-
modular in E . The 0-to-1 threshold policy in E given a
nondecreasing F(E,L, W |A) and convex V(E,L, W ) in E can
be proved similarly. Note that for presentation simplicity, the
W notations in the proof is omitted.

Proof: The submodularity property should be proved,
respectively, when the energy state E falls in cases 1–4 as
defined in Appendix A. For simplicity, we prove for case 1 as
an example, i.e., 0 ≤ E < A−B and B = 1 (the first condition
in Theorem 2). The rest could be proved in a similar way.

We expand the expression of submodularity as the derivation
given in (34), as follows:

[
H(E + 1,L, W |A = 1) − H(E,L, W |A = 1)

]

− [
H(E + 1,L, W |A = 0) − H(E,L, W |A = 0)

]

≤ [F(E + 1,L, W |A = 1) − F(E,L, W |A = 1)
]

− [
F(E + 1,L, W |A = 0) − F(E,L, W |A = 0)

]

+ σ1

L∑

L′=0

μL,L′
E∑

W ′=0

ωW ,W ′

×
{[

V
(E + 2 − W ,L′, W ′)− V

(E + 1 − W ,L′, W ′)]

− [
V
(E + 1 − W ,L′, W ′)− V

(E − W ,L′, W ′)]

+ [
V
(
1,L′, W ′)− V

(
0,L′, W ′)]}

≤ 0. (28)

The term [F(E + 1,L, W |A = 1) − F(E,L, W |A = 1)] −
[F(E + 1,L, W |A = 0) − F(E,L, W |A = 0)] in (28) is zero
because of the second and third conditions in Theorem 2.
Equation (28) holds due to the convexity and nonincreas-
ing monotonicity properties of V(E,L, W ) as stated in
Lemmas 2 and 3.

Submodularity of H(S|A) in E holds. Consequently, the
threshold policy of E exists in the optimal policy obtained
by solving the proposed MDP formulation.

APPENDIX C
PROOF OF LEMMA 2

Proof: The value iteration algorithm [44] is employed
when solving the Bellman equation (14)–(16). We denote
the nth iteration of V(S) and H(S) as Vn(S) and Hn(S),
respectively.

Let A0 and A1 be the optimal action of the mobile IoT
node at the states S0 = {E,L, W } and S1 = {E + 1,L, W },
respectively. According to the definition given in (14), and by
optimality, the following inequalities hold:

Vn(E + 1,L, W ) − Vn(E,L, W )

≥ Hn(E + 1,L, W |A0) − Hn(E,L, W |A0)

Vn(E + 1,L, W ) − Vn(E,L, W )

≥ Hn(E + 1,L, W |A1) − Hn(E,L, W |A1) (29)
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where

Hn(E + 1,L, W |Ax) − Hn(E,L, W |Ax)

= F(E + 1,L, W |Ax) − F(E,L, W |Ax)

+ γ

⎡

⎣
∑

S ′
1

P
(S1,S ′

1|Ax
)
Vn−1

(S ′
1

)−
∑

S ′
2

P
(S2,S ′

2|Ax
)
Vn−1

(S ′
2

)
⎤

⎦

︸ ︷︷ ︸
Term �PV

.

(30)

and Ax = A0 or A1.
From the transition matrices given in (6), (8), and (9), the

state transition term �PV in (30) can be expanded to be
a linear combination of the following difference of adjacent
value functions:

Vn−1
(
[e + 1 − W ]+,L, W

)− Vn−1
(
[e − W ]+,L, W

)
,

∀L ∈ L,∀W ∈ W (31)

where [e−W ]+ = max{e−W , 0}. As a result, the monotonic-
ity of V(E,L, W ) in E can be proved by induction as follows,
given that the monotonicity of the immediate utility function
F(E,L, W |A) in E is known.

1) Initial Step: For n = 0, we let V0(E + 1,L, W ) =
V0(E,L, W ) = 0, and hence Lemma 2 holds.

2) Inductive Step: If Lemma 2 holds for n = k, i.e.,
the monotonicity of Vk(E,L, W ) is consistent with

F(E,L, W |A) in E , then according to the linear com-
bination structure of (31), as well as the inequali-
ties in (29), the monotonicity property addressed by
Lemma 2 also holds for the case when n = k + 1.

Based on the uniqueness and convergence in Lemma 1,
the consistency property of monotonicity of V(E,L, W ) and
V(E,L, W |A) with respect to E in Lemma 2 is proved.

APPENDIX D
PROOF OF LEMMA 3

Proof: Let A0, A1, and A2 be the optimal actions in
the states S2 = (E + 2,L, W ), S1 = (E + 1,L, W ) and
S0 = (E,L, W ), respectively. By optimality, the following
inequality holds:

[
Vn(E + 2,L, W ) − Vn(E + 1,L, W )

]

− [
Vn(E + 1,L, W ) − Vn(E,L, W )

]

≤ [Hn(E + 2,L, W |A2) − Hn(E + 1,L, W |A2)]︸ ︷︷ ︸
Term �2

1H(n)

− [Hn(E + 1,L, W |A0) − Hn(E,L, W |A0)]︸ ︷︷ ︸
Term �1

0H(n)

. (32)

We discuss the case where E+2, E+1, E ∈ {0, 1, . . . , A−2},
i.e., case 1 defined in Appendix A. Note that for the special
case of case 4, where E + 2 = E so that only action A2 = 0

�2
1H(n) = F(E + 2,L, W |A2) − F(E + 1,L, W |A2)

+ IA2

1∑

b=0

σb

L∑

L′=0

μL,L′

⎧
⎨

⎩

E+1+i∑

W ′=0

ωW ,W ′
[
Vn−1

(E + 2 + i − W ,L′, W ′)− Vn−1
(E + 1 + i − W ,L′, W ′)]

+
A∑

W ′=E+2+i

[
Vn−1(0,L′, W ′) − Vn−1

(
0,L′, W ′)]

⎫
⎬

⎭

+ (1 − IA2) ·
L∑

L′=0

μL,L′

⎧
⎨

⎩

E+1∑

W ′=0

ωW ,W ′
[
Vn−1

(E + 2 − W ,L′, W ′)− Vn−1
(E + 1 − W ,L′, W ′)]

+
A∑

W ′=E+2

[
Vn−1

(
0,L′, W ′)− Vn−1

(
0,L′, W ′)]

⎫
⎬

⎭
(33)

�1
0H(n) = F(E + 1,L, W |A0) − F(E,L, W |A0)

+ IA1

1∑

b=0

σb

L∑

L′=0

μL,L′

⎧
⎨

⎩

E+i∑

W ′=0

ωW ,W ′
[
Vn−1(E + 1 + i − W ,L′, W ′) − Vn−1(E + i − W ,L′, W ′)

]

+
A∑

W ′=E+1+i

[
Vn−1(0,L′, W ′) − Vn−1(0,L′, W ′)

]
⎫
⎬

⎭

+ (1 − IA1) ·
L∑

L′=0

μL,L′

⎧
⎨

⎩

E∑

W ′=0

ωW ,W ′
[
Vn−1(E + 1 − W ,L′, W ′) − Vn−1(E − W ,L′, W ′)

]

+
A∑

W ′=E+1

[
Vn−1(0,L′, W ′) − Vn−1(0,L′, W ′)

]
⎫
⎬

⎭
(34)
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can be taken, the following proof still holds for both A1 = 0
and A1 = 1.

Denote �2
1H(n) and �1

0H(n) as in (33) and (34) as shown
at the bottom of the previous page, respectively, where IA = 1
if and only if the action decision A = 1, and otherwise IA = 0.

We use induction to prove the concavity of V(E,L, W ) in
E . For the initial step n = 1, based on Lemma 1, we might as
well let V0(S) ≡ 0. It is clear that �2

1H(n) ≤ �1
0H(n) given

that F(E,L, W |A) is concave in E .
For the inductive step n = k − 1, suppose the con-

cavity and nonincreasing properties (i.e., Lemma 2) of
V(E,L, W ) in E hold, the following inequalities can be
derived from (33) and (34):

�2
1H(k) − [F(E + 2,L, W |A2) − F(E + 1,L, W |A2)

]

≤
L∑

L′=0

μL,L′

{
E+1∑

W ′=0

ωW ,W ′
[
Vk−1(E + 2 − W ,L′, W ′)

− Vk−1(E + 1 − W ,L′, W ′)
]

+
A∑

W ′=E+2

[
Vk−1(0,L′, W ′) − Vk−1(0,L′, W ′)

]
⎫
⎬

⎭

≤ �1
0H(k) − [F(E + 1,L, W |A0) − F(E,L, W |A0)

]
.

(35)

Consequently, we have

[Vk(E + 2,L, W ) − Vk(E + 1,L, W )]

− [Vk(E + 1,L, W ) − Vk(E,L, W )]

≤ [F(E + 2,L, W |A2) − F(E + 1,L, W |A2)]

− [F(E + 1,L, W |A0) − F(E,L, W |A0)]

≤ 0. (36)

Lemma 3 holds when n = k. It is proved that the value func-
tion V(E,L, W ) is concave in E when the immediate utility
function F(E,L, W |A) is concave in E .
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