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Abstract

With the growing computing power of mobile devices and increasingly sophisticated ap-

plications, mobile computing and wireless communication are nowadays pervasive. How-

ever, since mobile devices have limited energy storage and sporadic energy supply, energy

management remains a critical issue in mobile networks. To address the problem, a few ap-

proaches have been introduced to develop intelligent and optimal energy management for

mobile networks. Firstly, wireless energy charging can be employed to replenish batteries

of mobile devices. The mobile devices can harvest or receive energy to charge its battery

without being physically connected to any power source. Alternatively, to control the en-

ergy consumption and resource usage, a mobile device can offload energy-intensive jobs to

other devices, e.g., cloudlets. This thesis aims to address some of the important issues of

energy management in mobile networks with wireless energy charging and job offloading.

Three major contributions are presented in this thesis. Firstly, with the wireless energy

transfer and harvesting technologies (e.g., radio frequency, or namely RF energy), mobile

devices are fully untethered as energy supply is more ubiquitous. The mobile devices can

receive energy from wireless chargers which can be static or mobile. We introduce the

use of a mobile energy gateway that can receive energy from a fixed charging facility,

move, and transfer the energy to other mobile users. The mobile energy gateway aims to

maximize the utility by taking energy charging/transferring actions optimally. We formulate

an optimal energy charging/transferring problem as a Markov decision process (MDP).

The MDP model is then solved to obtain an optimal energy management policy for the

mobile energy gateway. Furthermore, we prove that the optimal energy management policy

has a threshold structure. We conduct an extensive performance evaluation of the MDP-

based energy management scheme. The proposed MDP-based scheme outperforms several

conventional baseline schemes in terms of expected overall utility.

Secondly, we develop an optimal energy charging scheme for the mobile device, con-

sidering the states of location, energy storage, as well as stochastic traffic generation which

determines energy demand. In this case, energy management takes data flows in the form

of traffics (i.e., job processing and data transmission) into consideration. We formulate the
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energy charging problem as an MDP to obtain the mobile device’s optimal policy. The ob-

jective is to maximize the expected utility. Additionally, we prove that the optimal policy

of the proposed MDP has a threshold structure. The numerical results show the optimal-

ity of the proposed MDP-based wireless energy charging scheme compared with baseline

schemes under various scenarios and parameter setting.

With a different approach, the emergence of mobile cloud computing enables mobile

devices to offload applications to nearby mobile resource-rich devices (i.e., cloudlets) to

reduce energy consumption and improve performance. However, because of mobility and

limited cloudlet capacity, the connections between a mobile device and cloudlets can be

intermittent. Thus, offloading actions taken by the mobile device may fail. We therefore

develop an optimal offloading algorithm for the mobile device in the intermittently con-

nected cloudlet system, considering the local load on the mobile device and availability

of cloudlets. We examine mobility patterns of the mobile device and admission control

of cloudlets, and then derive the probability of successful offloading actions analytically.

We formulate and solve an MDP model to obtain an optimal policy for the mobile device

with the objective to minimize the computation and offloading costs in terms of energy and

resource consumption. We prove that the optimal policy has a threshold structure. Sub-

sequently, we also introduce a fast algorithm for an energy-constrained mobile device to

make offloading decisions.

In summary, this thesis investigates a few important energy management problems in

mobile networks. Wireless energy charging is employed to replenish the battery storage of

mobile devices. Moreover, mobile cloud computing is used for the mobile device to offload

jobs to control the energy and resource consumptions. MDP-based schemes are employed

as efficient energy managing approaches to obtain the optimal policies in the networks. The

obtained optimal policies are shown to outperform baseline schemes.
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Chapter 1

Introduction

In this chapter, we present an overview of mobile energy management through optimal

decision making of mobile devices, particularly, in wireless energy charging and mobile

cloudlet systems. The research objectives and contributions are presented.

1.1 Background of Research

1.1.1 Energy Management in Mobile Networks

Mobile computing has seen tremendous growth. Computing power and network traffic

in mobile networks increased significantly in recent years. Energy management becomes

important to improve the energy utilization efficiency of mobile networks while enhancing

users’ satisfaction from running applications.

Unlike in wired networks, energy management in mobile networks faces more chal-

lenges. Mobile devices, e.g., mobile nodes, smart phones and wireless sensors, are gener-

ally powered only by batteries with limited capacity, or even battery-less. Moreover, as the

mobile devices are frequently on the move, there is no constant energy supply for the de-

vices to replenish their energy storage directly, or continuously power the devices directly.

Several approaches are available for the efficient energy management in mobile networks

as follows:

• Improving hardware/software designs of network components: Energy can be effi-

ciently managed by improving hardware/software designs of mobile network compo-

nents. For example, mobile devices can be designed to adjust their operation modes

dynamically, such that they can reduce power output at idle time. Furthermore, with

1



the help of wireless energy transfer techniques, mobile devices equipped with en-

ergy harvesting facilities can utilize ambient and dedicated wireless energy sources

to obtain energy.

• Heterogeneous network deploying: For a macro cellular mobile network, base sta-

tions (BSs) are generally fixed and have large coverage areas. The long transmission

range may cause high communication overhead in terms of high energy consump-

tion and low data rates. By contrast, small cells such as micro and pico cells can

be promising solutions to improve the network energy management. Firstly, small

cell base stations (BSs) have much smaller coverage areas. Less energy is required

for shorter range communication. Secondly, small cell BSs may cooperatively help

macro cell BSs to support local mobile users, so that the load of macro cell BSs will

be reduced. Moreover, small cell BSs can be designed to be mobile which can move

and extend the effective coverage of the network.

• Energy-efficient mobile network resource management: Energy efficiency can be im-

proved by resource management of mobile networks. For example, relaying can be an

effective solution for radio resource allocation/re-allocation. Data could be relayed

by mobile relay nodes, aiming to reduce energy consumption and satisfy quality of

service (QoS) requirements. Moreover, considering an area covered by small cell

BSs, the BSs may share their resources for the mobile devices to offload part of their

jobs. Thus, network resources are efficiently utilized, with low energy consumption,

high transmission rates and small latency.

This thesis studies the efficient management issues in mobile networks based on the

aforementioned approaches. Firstly, with the development of wireless energy charging tech-

niques, components in mobile networks are able to obtain energy from external sources for

perpetual operations, with wireless charging interfaces equipped. In the mobile networks

with such wireless energy charging capability, the strategies of mobile devices to charge and

utilize energy are examined. We analyze an optimal decision of mobile devices to employ

accessible external resources (e.g., BSs) in small cell based networks to minimize energy

2



and resource consumption. Additionally, the randomness in the environment and mobile

networks are taken into account, for example, the number of available wireless chargers

and the energy level of the mobile device.

1.1.2 Wireless Energy Charging

Wireless energy charging is employed to power mobile devices in wireless systems without

wired connections. Wireless energy charging techniques can be classified into near-field

and far-field charging. Near-field energy charging includes inductive coupling and magnetic

resonance coupling. However, near-field charging techniques require the energy charging

and receiving devices to be close to each other. Otherwise, the coupling coefficient, which is

affected by the distance between the energy transmitter and receiver, attenuates in the order

of the reciprocal of the cube of distance [1]. Furthermore, inductive coupling and magnetic

resonance coupling require the energy transmitter and receiver to align in a proper position,

reducing the flexibility of wireless charging capability.

Radio frequency (RF) energy charging, as a far-field wireless energy charging tech-

nique, has attracted attentions recently. In mobile networks with RF energy charging, a mo-

bile device can harvest energy from RF sources. After receiving energy, the mobile device

may use the energy to process jobs or transmit data. As an extreme case, even battery-less

mobile devices can be adopted, e.g., wireless sensors, which are powered by RF energy

charging only. Thus, RF energy charging extends the applications of mobile networks.

1.1.2.1 Introduction to RF Energy Charging System Architectures

Three major components can be included in typical wireless systems with RF energy charg-

ing: energy sources, energy gateways and energy users.

An energy source has a constant power supply, e.g., from a power outlet, which enables

the energy source to charge any energy consumers and users. In practical systems, en-

ergy sources can be access points or dedicated energy sources, e.g., Powercast devices [2].

Energy users consume the energy charged from energy sources. Since RF signal transmis-

sions have limited ranges, in some scenarios, RF energy cannot be transferred to energy

users directly. Energy gateways are designed as mobile devices which have energy storage
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facilities, such as batteries. With the help of energy gateways, energy can be first transferred

to the energy gateway when the energy gateway moves close to the energy source. Then the

energy gateway transfers the energy to users when the energy gateway moves and contacts

the users.

1.1.3 Mobile Cloud Computing and Mobile Cloudlet Systems

Although recently mobile devices are becoming much more powerful, they are still con-

strained by the limited energy storage and computational capability. Data processing that

is not optimally managed on the mobile device easily leads to battery drain. From the en-

ergy management perspective, mobile devices may opt to send their jobs to other possible

resource-rich devices for execution to reduce the local resource usage.

1.1.3.1 Mobile Cloud Systems

Cloud computing becomes a well-recognized technique to deal with the constraints of com-

putational capacity and energy limitations of portable devices, e.g., smart mobile phones.

Cloud computing provides a whole set of solutions including infrastructures, platforms and

software applications, which can be utilized by cloud users as pay-as-you-go or reserved

services at low costs. In particular, for a mobile device, data processing jobs that consume

a large amount of computational resources and energy could be offloaded to the cloud to

avoid resource and energy drains at the mobile device.

However, general cloud computing services, e.g., Amazon AWS [3], are not specifically

tailored for mobile networks. The cloud services generally aim to provide services for reg-

ular non-mobile applications to extend their computational capacities, such as web services

and storage systems. Such services are normally requested by complex service protocols

and software. Therefore, only by requesting for such cloud services, tremendous resource

usage and energy consumption may be incurred to the local mobile devices. Moreover, sim-

ply applying regular cloud computing in mobile networks may cause other overhead due to

the long physical/topological distance between mobile devices and cloud providers at the

far end of the Internet. Such an issue may cause problems such as bandwidth limitation,

high latency and low QoS. Therefore, the concept of mobile cloud computing (MCC) has
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been introduced as a series of customized cloud solutions for low-cost and small-overhead

mobile applications, aiming for providing more “energy efficient” [4] cloud services.

1.1.3.2 Mobile Cloudlet

The concept of cloudlet gives rise to localized cloud-like services provided to local mobile

devices. A cloudlet is a local resource-rich computing unit which can process cloud service

requests from nearby mobile devices [5, 6]. For example, cloudlets can be base stations,

wireless access points and local servers/clusters equipped with wireless transceivers. With

the close physical proximity (e.g., one or a few hops away), a cloudlet overcomes the lim-

itations of general cloud services by providing high bandwidth and low latency cloud-like

services to local mobile devices as cloud service users.

With cloudlets deployed in the network, data processing jobs generated on or processed

by a mobile device can have different execution options: (1) when there is no accessible

cloudlet, a mobile device processes the jobs utilizing its own resources and energy, and (2)

when there is at least one cloudlet in the adjacent area, the mobile device may access the

cloudlet services.

For saving resource usage and energy consumption, it is possible for resource-limited

mobile devices to offload their compute- and data-intensive jobs to the cloudlets. The of-

floaded jobs are in the forms of data and codes. With such cloudlet services, mobile devices

can enhance the performance and expand their features when processing jobs, e.g., video

rendering and decoding. However, before offloading a job, the mobile device must balance

between saving cost of energy consumption and incurring communication overhead by job

offloading. Therefore, optimized offloading policies are necessary to utilize the limited

resources and energy efficiently.

1.2 Research Objective and Focus

In this thesis, we analyze mobile networks with wireless charging and job offloading, specif-

ically for a mobile device. In terms of energy transfer, the mobile device is able to receive

and transfer wireless energy. The mobile device may process data (i.e., jobs) locally or

offload data to cloudlets to save energy. The actions of charging and offloading data that the
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mobile device chooses to take will affect the system operations, as well as the overall utility

of the mobile device. Thus, modeling and analyzing such mobile networks can assist the

designs of intelligent mobile devices. MDP is a suitable approach to model and optimize

the systems with state evolution and decision-making.

1.2.1 Research Objective

This thesis mainly presents the optimization models for mobile devices to utilize energy

and resources efficiently. Specifically, three typical wireless system scenarios are studied.

• Firstly, a mobile device receives and transfers wireless energy. Such a mobile device

is defined to be a mobile energy gateway, which serves as an independent energy

carrier. Since the purchases and sales of energy cause negative utility (i.e., payment)

and positive utility (i.e., profit), respectively, we aim to maximize the overall utility

of the energy gateway.

• Secondly, we optimize the utility of a mobile device, given that it is aware of its traffic

state, i.e., the current job to be processed by the mobile device. In this case, optimal

decisions lead the mobile device to charge RF energy efficiently to avoid battery drain

when there is energy demand for processing data.

• Besides RF energy charging to sustain the operation of a mobile device, a mobile

device may offload local jobs to nearby cloudlets to reduce local energy consumption

and resource usage. The offloading decisions are optimized in terms of minimized

overall local execution/offloading cost.

Furthermore, by analyzing the structures of the decision-making policies, we aim to

identify and prove that threshold-type structures exist in the policies. With the existence of

threshold structures, the calculations or approximations of mobile devices’ decision-making

policies could be improved, which is practical for designing online optimization schemes.

1.2.2 Research Focus

Regarding to the aforementioned research objectives, in the following, three main issues

are focused.
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1.2.2.1 Mobile Energy Gateway - A Study on Optimal Wireless Energy Carrying

In RF-based wireless charging, an RF signal is used as a carrier to transfer energy from an

energy source, e.g., a wireless charger, to an energy consumer, e.g., an energy user. The

RF-based wireless charging can support mobile networks, which are composed of energy-

constrained mobile devices. This will help to improve not only energy efficiency, but also

performance of the networks. The efficiency of RF-based wireless charging depends largely

on the distance between the charger and the energy users. Traditionally, wireless charging

is deployed for systems only with fixed chargers and energy users. However, in many situ-

ations (e.g., sensor networks), wireless charging can be used for a mobile energy gateway

that moves and reaches other devices [7]. Such a mobile energy gateway improves en-

ergy replenishment processes for various mobile and wireless networks, especially when

the devices cannot or rarely visit the fixed wireless charging facilities. However, there are

a few issues when the mobile energy gateway is deployed, e.g., optimal deployment, path

planning, and energy management.
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Figure 1.1: RF Energy gateway in a mobile system.

We consider a mobile network with a mobile energy gateway, as shown in Fig. 1.1.

Unlike most of the existing works which assume that the mobility of the energy gateway

can be controlled, and its path can be optimized, we consider the energy gateway with

non-controllable mobility. For example, the energy gateway may be attached to other ve-

hicles (e.g., a bicycle or trolley) or carried by human. The energy gateway works as a

self-interested carrier (i.e., an agent) of energy between energy sources (i.e., chargers) and
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users. The energy gateway is equipped with RF charging capability, as well as an energy

storage, e.g., a battery. The fixed chargers and energy users are geographically distributed

at different locations in the network. The energy gateway moves among the locations ran-

domly. When the energy gateway encounters chargers, as shown by the left part of Fig. 1.1,

the energy gateway can be charged. By contrast, when the energy gateway moves to the

energy user, as shown by the right part of Fig. 1.1, energy could be transferred to the energy

users. The energy gateway pays for the energy received from the chargers and receives

payments from energy users when the energy is transferred. Therefore, the energy gateway

aims to maximize the profit from strategically charging and transferring energy at different

locations.

To address the problem of energy charging/transferring actions of the energy gateway,

we propose an action decision scheme based on a Markov decision process (MDP). By em-

ploying the MDP-based scheme, the energy gateway decides whether to pay and receive

energy from each fixed charger or not. By contrast, when the energy gateway meets with

energy users (i.e., the users are in the energy transfer range of the energy gateway), the

energy gateway decides whether to transfer energy to the users or not. The energy charg-

ing/transferring decision, which is referred to as a policy, is made based on the states of

the energy gateway. The states are defined as the location, energy level of the battery, the

energy users in the neighborhood, and the current prices of energy at the fixed chargers.

Further details on this issue are provided in Chapter 3.

1.2.2.2 Traffic-aware Optimal Wireless Energy Charging Policy

In mobile networks, particularly, a mobile ad hoc network, energy supply is a crucial issue

for mobile devices (i.e., mobile nodes in this scenario) to meet quality of service (QoS)

requirements of data transmission. A mobile node, e.g., a smart phone, relies on energy

storage (i.e., a battery), and needs to be charged frequently. However, the mobile node can

move among different locations, and hence the energy charging process becomes intermit-

tent and non-persistent. With the help of wireless energy harvesting and transfer techniques,

the mobile node has opportunities to charge and replenish the energy storage on the move,

as long as wireless energy sources exist at some certain locations.
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Figure 1.2: RF energy charging with traffic generating and processing.

As shown in Fig. 1.2, in the energy charging process, when the mobile node is at the

location with an energy source (e.g., a wireless charger), the mobile node can send a request

for wireless energy charging. The wireless charger collects a certain price from the mobile

node for transferring energy. This price can vary at different locations. For example, the

wireless chargers using renewable energy may charge lower price to the node than that using

power from electrical grid. The traffic loads on the mobile node are time-varying, which

can be mobile applications to be executed on the mobile node, communication overhead, as

well as data to be transmitted to other network users, as shown in Fig. 1.2. The mobile node

not only aims to retain sufficient energy to support the generated traffic by wireless energy

charging, but also has to minimize the cost paid to the wireless chargers.

To address the aforementioned challenges, we propose an MDP-based scheme for op-

timally deciding the mobile node’s charging policy in a system with wireless chargers. In

the system model under consideration, the mobile node moves among different locations,

generating different traffic loads. Some locations may have wireless chargers. The pay-

ment paid by the mobile node forms the immediate cost of the mobile node when an energy

charging decision is made. The mobile node employs the MDP-based scheme to make

every decision based on the system states of the current location, the traffic load, and the

units of energy remained as the energy state. The details on this issue will be presented in

Chapter 4.
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1.2.2.3 Optimal Offloading in Mobile Cloudlet Systems with Intermittent Connec-
tivity

A cloudlet is a special mobile cloud device, which can provide cloud-like services to nearby

mobile devices via Wi-Fi and cellular device-to-device (D2D) connections. Mobile devices

(namely mobile cloudlet users in the scenario) and cloudlets can form a small scale cloudlet-

based system. In such a cloudlet system, as shown in Fig. 1.3, a mobile cloudlet user has

opportunities to access and offload jobs to nearby cloudlets to improve the performance and

reduce local execution cost in terms of resource usage and energy consumption.
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Figure 1.3: Offloading in a cloudlet system.

However, there are some important challenges in offloading in mobile cloud environ-

ments. Firstly, offloading may not always achieve the lowest cost. For example, possible

high communication overhead may lead to substantial energy consumption. Therefore, a

mobile cloudlet user has to make a decision whether to execute a job locally on the mobile

device or offload it to nearby mobile cloudlets. Thus, a dynamic decision making algorithm

is necessary. Secondly, random unavailability of wireless connections in mobile cloud envi-

ronments can cause extra cost. The cloudlet users and cloudlets may move and change their

locations and become disconnected from each other. This will cause offloading failures.

Moreover, admission control policies adopted by the cloudlets may also cause rejections of

offloading requests from mobile cloudlet users. This intermittent wireless connection has

to be taken into account.
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We aim to address the above challenges. We propose an MDP-based offloading al-

gorithm for the mobile cloudlet users in a cloudlet system. The mobile cloudlet user has

an application to be executed. As the application is divided into code sections (denoted

as phases), during the execution, the user can dynamically decide to execute application

phases locally on the mobile device or offload to nearby cloudlets. We formulate and solve

the MDP model to obtain an optimal policy to minimize computation and communication

costs of the mobile cloudlet user. The MDP model incorporates the random mobility of

each mobile cloudlet user as well as a priority-based cloudlet admission control policy to

analyze the intermittent connections between the mobile cloudlet user and cloudlets. We

compare the MDP based algorithm with conventional static baseline offloading schemes

with fixed offloading decisions. The details are provided in Chapter 5.

1.2.3 Connections among Research Issues and Organization of the Chap-
ters

Mobile computing has seen great development as a promising technology applied to many

areas. With wireless energy charging and mobile device job offloading as energy manage-

ment approaches, mobile networks, which were constrained by the limited energy supply,

can be improved. The applications of mobile networks have been potentially extended.

Thus, to obtain and analyze policies for optimal wireless energy management becomes

necessary, which will be addressed in this thesis.

For the first issue in Chapter 3, we propose a mobile device named as energy gateway,

which receives energy from chargers, carries and transfers the energy to energy users, as in

Fig. 1.1. In this case, the deployment of energy charging facilities and the method for energy

dissemination in mobile networks are realized. Only energy flows are considered in the first

issue. After that, stochastic traffic (i.e., jobs to be processed and data to be transmitted) on

a mobile device is considered in Chapter 4. In this issue, data flows are also included

in deriving energy charging policies for mobile devices, as illustrated in Fig. 1.2. Then,

Chapter 5 specifically examines the energy management from the perspective of data flow

managing to minimize energy and resource consumption. In this issue, job processing of a

mobile device is examined. We apply cloudlets in the mobile network under consideration
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for any given mobile device to offload, as in Fig. 1.3, so that the performance of the mobile

device is optimized in terms of minimized cost of energy and resource consumption. The

connections among the three issues are shown in Fig. 1.4. For all the issues discussed in

this thesis, we find optimal energy charging/data offloading policies of mobile devices, and

examine the structures of the solved policies. Threshold structures are identified and proven

in the solved optimal policies.

The rest of this thesis is organized as follows:

• Chapter 2: Related literature and theoretical background on the issues discussed in

our research are presented in this chapter.

• Chapter 3: The concept of a self-interested mobile energy gateway is proposed, which

is a mobile device with wireless charging interfaces, carrying energy from energy

chargers to end users of energy. The mobile network with a mobile energy gateway

is modeled and studied in this chapter.

• Chapter 4: In this chapter, we model and study a mobile device which processes

traffics when operating. The mobile device is equipped with wireless energy charging

facilities.

• Chapter 5: In this chapter, we discuss the optimal policy to reduce local job process-

ing energy consumption by choosing to executing generated jobs locally in a mobile
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device itself, or offloading jobs to cloudlets.

• Chapter 6: The contributions of this thesis is summarized. Furthermore, future re-

search directions are discussed in this chapter.

1.3 Summary of Contributions

Chapter 3: The main contributions of this chapter are as follows:

• We propose the concept of a self-interested energy gateway, which is equipped with

RF charging capability. The energy gateway acts as an energy carrier to assist the

chargers to extend the energy transmission range to remote users.

• We design an MDP-based scheme for the energy gateway to obtain the energy man-

agement policy. The optimal performance is achieved in terms of maximized utility

of the energy gateway.

• We study the structure of the optimal energy charging/transferring policy. In partic-

ular, we prove that the optimal policy obtained from the MDP-based scheme has a

threshold structure with respect to the system states.

• We present extensive performance evaluation of the MDP-based scheme. We demon-

strate that the MDP-based scheme outperforms several baseline schemes for energy

management. This is due to the fact that the MDP-based scheme takes both the cur-

rent and the future system states into account.

Chapter 4: The main contributions of this chapter are as follows:

• We propose an MDP-based scheme for a mobile device (namely mobile 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 node’s expected utility.

• 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
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state and location state. That is, the mobile node’s charging action is monotonic in

terms of the two states.

• We perform extensive performance evaluation to analyze the behavior of the optimal

charging policy of the mobile node. We demonstrate that although a myopic greedy

scheme has the similar threshold structure, the MDP scheme still outperforms due to

that the myopic scheme does not take the system state into account.

Chapter 5: The main contributions of this chapter are as follows:

• We propose the MDP-based model for a mobile cloudlet user in an intermittently con-

nected cloudlet system to obtain an optimal offloading policy. The policy determines

offloading/local execution actions based on the state of the mobile cloudlet user to

achieve the minimum cost.

• We model a mobile cloudlet user distribution in an intermittent cloudlet system as a

Poisson point process (PPP). We then obtain success probabilities of offloading with

limited knowledge of network parameters. These probabilities are used in the MDP

model to obtain an optimal offloading policy.

• We prove that the optimal solution of the MDP is a threshold policy. We introduce an

algorithm with bounded errors for the mobile cloudlet user to make offloading/local

execution actions based on the threshold policy.
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Chapter 2

Literature Review

This chapter summarizes the literature on the topics of energy management. Firstly, we

present the existing works on energy management issues in mobile networks. Then the

techniques of wireless energy transfer are reviewed. Afterward, the works on Markov de-

cision process (MDP) as an optimization technique in mobile network energy management

are reviewed.

2.1 Energy Management in Wireless Systems

Energy efficiency in wireless systems, such as cellular networks and opportunistic ad hoc

networks, has been vastly concerned by the community [8, 9]. A few conceptual frame-

works have been proposed to address the issues of energy efficiency in wireless systems [10,

11, 12], employing techniques such as transmitter architecture updating and cooperative re-

laying. In a network with perpetual energy supplies, energy management aims to restrict

the wasted energy (e.g., in the form of heat emission) to achieve the “greenness” of the

network. On the other hand, in an energy-constrained wireless system, energy-efficient

designs contribute to the objective performances subject to limited energy. The trade-offs

between energy management and system performance metrics are discussed in [13].

2.1.1 Base Station Energy Management

In cellular networks, base stations (BSs) consume over 50% of energy [14, 15], and the

power amplifier component in a BS consumes up to 80% of the energy consumed by the

BS [15]. As a result, BS energy management plays an important role of wireless system en-
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ergy management. The critical approach to manage BS energy and improve the BS energy

efficiency is to update the protocol, hardware and architecture designs of the BS.

Sleep mode approaches could be adopted into the signal transmission protocols of BSs

to improve the energy efficiency in terms of decreased BS energy consumption. IEEE

802.16e [16] saves energy by allowing the BS to switch off the power supply for transceivers

when there is no data to transmit or receive. The work in [17] proposes a protocol where

a downlink discontinuous transmission can be conducted to temporarily switch off inactive

BS hardware when the load is low. Two sleep modes are discussed in [17]: A micro-sleep

mode turns off the BS power supply only for milliseconds, and a deep-sleep mode switches

off the BS hardware for an extended time period.

The protocols switching off BS energy deal with the fluctuations of data load with re-

spect to time. However, data loads may also vary in space, i.e., the data load at different

BSs may be different, depending on the local users and wireless environments. The stan-

dard 3GPP TS 32.521 [18] proposes the concept of self-organizing network (SON). The

SON concept allows BSs to rationally adjust their energy supply to reconfigure the size of

cells to improve the system energy efficiency. The reconfiguration of BS energy supply is

based on the number of current local network users. Reversely, by dynamically controlling

the energy level, a BS can restrict the amount of accessing users.

There are two implementations of cell reconfiguration to achieve different objectives.

Firstly, by lowering down or switching off a BS with heavy load, the cell size of the BS

zooms in or becomes zero. Therefore, a part of the load will be handed off to the neigh-

bouring BS cells [19, 20]. Similarly, by increasing the energy supply level at low load occa-

sions, the size of a cell increases to accept more load. However, in another implementation

of cell reconfiguration, BSs with low load can be switched off dynamically, handing the

residual load to the adjacent BSs. Numerical results examining such a cooperative BS en-

ergy management scheme [21, 22] show that energy saving by switching off “inactive” BSs

in terms of load can be remarkable, i.e., more than 20%. Cell reconfigurations by control-

ling energy supply of BSs require the cooperation of BSs in the network as a premise [19].

In [23, 24, 25], BSs cooperate and change their own information of the energy level to lower

or switch off energy supply in turns.
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2.1.2 Energy Management with Heterogeneous Network Techniques

Fine-grained cell deployments in existing macrocell BS networks [26] may increase energy

and data efficiency of wireless networks. With small-scaled cells, e.g., microcells, picocells

and femotocells, the energy and data transferring distance shortens. As a result, energy

consumptions decrease.

Given a series of system performance metrics, the authors in [27] study full load net-

work conditions with different numbers of micro BSs deployed in a system along with

macro BSs. It is shown in [27] that the deployment of micro BSs increases the performance

metrics. Simulations in [28] shows that, up to 60% of energy consumption will be reduced

by deploying picocells covering only 20% of network users.

However, deploying small-scaled cells may not always reduce energy consumption. Ex-

tra energy could be incurred by the increased number of micro-/pico-/femtocell BSs, as well

as communication overhead among those deployed BSs. [29] proposes a scheme to turn off

the inactive femtocell BSs, which saves 37.5% of energy consumption in average. As the

demand of wireless services is expected to grow in the future, the network paradigm may

evolute from the centralized macro BS patterns to the patterns only with self-organizing and

lower-power small-cell BSs, i.e., small-cell networks (SCNs) [30]. Considering the mobil-

ity and high density features, the substantial potential and challenges in energy efficiency

of SCNs are yet to be investigated [30].

2.1.3 Energy Management in Relay Networks

In the networks with BS energy reconfigurations as well as small-scaled cellular networks,

cooperative relay transmission may exist to extend the coverage of different types of BSs.

Relay nodes/BSs may also be deployed dedicatedly.

As discussed in [31, 32, 33, 34], energy efficiency can be achieved with cooperative

relaying, since the path loss caused by long distant transmission is reduced by adopting

multiple shorter transmissions [32]. According to [33], a two-hop relaying communica-

tion saves energy consumption comparing with direct transmission. [31] shows that, for

the transmitter (i.e., source) supported by battery-stored energy, single- or multi-hop relay
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transmission leads to slower battery drain. Energy consumption per call in CDMA net-

works [34] can be reduced with multi-hop relaying.

With regard to mobility patterns, a relay can be either fixed or mobile. The deployment

of fixed relays does not require complicated deploying and routing algorithms. Instead of

installing macrocell BSs for relaying, the deployment of fixed relay nodes is much cheaper

since the recent relay facilities, unlike conventional BSs, do not require major backhaul

infrastructure updating [35, 36]. It is shown in [36] that, to keep the same signal-to-noise

ratio (SNR) level in some particular system scenario, the transmission power consumption

is reduced by the factor of 5, as the number of deployed BSs in the system increases by 1.5

times. On the other hand, mobile relays can be adopted. Mobile relays are more flexible

than fixed relays, and can extend the coverage of the network. A critical issue with mobile

relays is that mobile relays may probably have non-persistent energy supply, e.g., battery

drain. Therefore, cooperative relaying may harm the energy efficiency [37] given the energy

management is not strategically performed. A game-theoretic approach is applied in [37] to

encourage idle network users to work as relay nodes. It is shown that an optimal cooperation

scheme is achievable in terms of energy efficiency. As a result, with well-designed energy

management schemes, non-BS relay nodes can still improve the energy efficiency.

In a wireless network with relays, there are two important issues, including the spatial

distributions and the policy of the relays. The spatial distribution issue involves optimal

placement of relays to achieve energy efficiency objectives. A finite-state Markov approach

is applied in [38, 39] to perform the relay selections. The policy issue of a relay indicates

the operation strategies of the relay. That is, the relay node may decide whether to operate

or not, based on various system states to avoid too much energy consumption [40, 41].

2.1.4 Data Offloading to Manage Energy Consumption

The existing works on reducing energy and resource consumptions in mobile networks with

data offloading techniques are reviewed in the following.

2.1.4.1 The Definition of Mobile Cloudlet

Mobile cloud computing is referred to as a cloud system which enables mobile devices

(e.g., smartphones and tablets) to migrate their data storage and data processing to cloud
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providers. To fully exploit the potential of cloud computing, the concept of a cloudlet [5, 6]

is proposed to employ various local resource-rich devices (e.g., a mobile base station) as

cloud servers, instead of business cloud providers (e.g., Amazon) at the far end of the

Internet.

A comprehensive survey of mobile cloud and its applications has been presented in [42].

The work in [5] introduces an architecture of a cloudlet system to seamlessly handle mo-

bile users’ computation requests. Furthermore, a general architecture for ad hoc mobile

users to form an autonomous mobile cloud system is proposed in [43], where some mobile

users may act as cloudlets to provide cloud services to others when they have redundant

resources. The works [44, 45, 46] implement prototypes of program code partitioning and

offloading algorithms on the existing architectures. Additionally, [47] compares several

popular existing mobile cloud system models and implementations.

2.1.4.2 Execution, Partitioning, and Offloading of Data

As stated in [48], the modern resource-rich, energy-efficient mobile devices and high band-

width wireless connections enable mobile users to offload jobs to the cloudlet as a practical

paradigm. The authors in [49] point out that offloading part of mobile game codes can re-

duce energy consumption from mobile users’ perspective, such that the playing time of the

mobile game can be extended. The work presented in [50] shows that offloading can benefit

mobile users by reducing energy consumption when the jobs to be executed require large

amounts of computation resource and time (i.e., many instructions). However, [50] also

shows that offloading is not always beneficial to mobile users in terms of energy saving,

especially when the offloading process involves intensive communications. The offloading

decisions of applications and parts of applications should be balanced optimally.

2.2 Wireless Energy Transfer

Wireless energy transfer techniques include wireless energy charging and harvesting, which

have been increasingly applied to several areas, including wireless sensor networks (WSNs) [51],

wireless body networks [52] and cognitive radio systems [53]. The designs and implemen-

tations of various wireless energy transfer systems will be surveyed in this section.
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2.2.1 Near-field Energy Transfer

Mobile nodes carrying inductive coupling [54, 55] devices are able to be charged by the en-

ergy from chargers within tens of centimeters. Magnetic resonance coupling [56] technique

can transmit power within several meters. Electric power is transferred between coils and

magnetic resonators in inductive coupling and magnetic resonance coupling, respectively.

Resonance coupling can achieve 5% „ 52% charging efficiency [57]. An interface

standard for inductive energy charging named Qi [58] can regulate at least 5W energy input

in its design, which requires the energy source to be within 4cm, which confines its appli-

cations. By employing a novel wireless charging technique Witricity [59], 0.5W of input

energy can be supplied for the distance up to 0.2m.

However, the aforementioned energy transfer techniques require the coils and resonators

to be aligned with a short distance, which limits the applications of those techniques in

wireless energy transfer scenarios where mobile devices need to be charged from distance

away.

2.2.2 Far-field Radio Frequency Energy Transfer

Energy charging can be performed to wireless devices in the far-field area, which is defined

as the area with distance R ě 2D2{λ [60], where λ is the wavelength and D is the aperture

of the transmission antenna. As the result, far-field energy transfer includes energy replen-

ishments for wireless devices at various locations ranging from several meters [52, 61, 62],

a few kilometers [63] and to the near-earth orbit [64].

Recently, radio frequency (RF) energy harvesting has attracted attentions as a promis-

ing technique to sustain the operation of wireless devices in which their wired charging

or battery replacement are too costly or practically infeasible. For example, body area

wireless devices for human/animal health monitoring [52, 62], sensors inside civil infras-

tructures [65], and monitoring devices in airframes [66] can benefit from the RF energy har-

vesting techniques. Moreover, periodical battery replacement of wireless sensors is known

as prohibitively costly [67]. Numerous applications and research works related to RF en-

ergy harvesting are reviewed in [68] and [69].
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2.2.2.1 RF Energy Propagation Model

In an RF energy charging system, energy is carried by radio signals. Thus, the propagation

model of RF energy charging is based on the transmission of radio waves. The propagation

of RF energy in a free space can be calculated by the Friis formula [70, 68]

ER “ ζRF {DCGtGr

ˆ

λ

4πr

˙2

ET, (2.1)

where ET and ER are the transmitted energy and the received energy, respectively. ζRF {DC

is the RF-to-DC energy conversion efficiency [51]. Gt and Gr are the transmitting antenna

gain and the receiving antenna gain, respectively. λ is the wavelength of RF energy transfer

signal. r is the distance between the transmitter and the receiver. From (2.1), the amount of

energy received by any energy user is inversely proportional to the square of the distance to

the energy gateway, given fixed amount of transmitted energy ET.

The Friis’ transmission formula requires that the distance r between the transmitter and

the receiver holds for the inequality r ą Rf , whereRf is defined as the Fraunhofer distance

satisfying the following conditions:

Rf “
2D2

a

λ
, Rf " λ, and Rf " Da, (2.2)

where Da is the largest dimension of the receiver’s antenna. For the receivers in the near-

field of the transmitter, i.e., 0 ď Rn ď Rf , where Rn is the nth receiver’s distance to the

transmitter, the Friis’ formula is not applicable.

For multipath RF signals propagation, a receiver may receive energy from other re-

flected RF signals other than the line-of-sight (LOS) signal. For example, for a two-ray

ground reflection propagation model, the received RF energy can be calculated from

ER “ ζRF {DC
GtGrh

2
th

2
r

r4
ET, (2.3)

where ht and hr are respectively the antenna heights of the transmitter and receiver.

Furthermore, for more practical system, various RF propagation models [71], e.g., the

Rayleigh model [72], could also be applied.
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2.2.2.2 RF Energy Sources Classification

In the existing designs, RF energy may be harvested from two main types of sources, i.e.,

ambient sources and dedicated sources.

A dedicated RF source is designed and placed purposely to provide energy to energy

users in the system. For example, in [73] and [74], mobile chargers are deployed to power

wireless sensors. The Powercaster transmitters [2], which operate with the transmit power

of 1W/3W, and the Powerharvester receivers [2], which harvest ´6dBm/´11dBm, are also

developed as commercialized devices to utilize RF energy. For a dedicated transmitter, the

frequency usage and designed output power are regulated, e.g., by FCC regulations [75] on

low-power non-licensed transmitters (namely, “part 15” transmitters).

On the other hand, in some scenarios, ambient RF sources may provide wireless energy.

For example, TV towers [51, 76], GSM cellular base stations [77, 78, 79, 80], and WiFi

access points [81, 82] could be important sources to charge wireless energy users. The

problem with ambient RF sources is that the power density could be small that ambient RF

energy is more likely to be harvested in urban areas, such as a metropolitan city [51, 83].

Moreover, high gain antennas should be used.

2.2.2.3 Efficiency and Implementation Issues on Applying RF Energy Transfer

Practically, the efficiency of RF energy can support mobile networks, as discussed in ex-

isting studies. Far-field RF energy transfer can achieve over 50% energy efficiency [84],

depending on distance and frequency. The experiments in [51] and [85] show that with

particular antenna and circuit designs, the RF harvested power is able to support sensor

applications.

The work presented in [86] has implemented an experimental mobile device with di-

rectional antennas. The device can satisfy the 4.2mW minimum input power requirement

to charge the equipped lithium battery within the range of 1m from a 15W power source.

Based on experiments, wireless sensors can be charged with 20mW energy via VHF/UHF

channels [51], and up to 0.011µW via 2.4GHz ISM band from access points as chargers

located less than 10 meters [87]. The authors of [88] show that a mobile phone emitting

0.5W can charge the device at the distance of 1m and 10m with the power 40mW{m2
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Table 2.1: RF energy charging: experimental data [88].

Energy source Source power Distance Charging amount
AM radio station 50kW 5000m 159µW {m2

Mobile base station 100W 100m 800µW {m2

Mobile phone
0.5W 1m 40mW {m2

0.5W 5m 1.6mW {m2

0.5W 10m 400µW {m2

and 400µW{m2, respectively. As required by FCC [75], 4W is the limitation of a “part

15” transmitter. According to [89], 15m is the longest possible transmission distance if a

5.5µW (´26dBm) energy transmission rate is required. Other general experimental data

of RF energy harvesting from different wireless energy sources at different distances are

shown in Table 2.1. RF energy harvesting to support cognitive radio systems is discussed

in [53].

With multiple-antennas at the transmitter side, beamforming [90] can be adopted to

maximize the received signal, and thus improve the efficiency of EF energy transfer [91, 92,

93, 94]. An adaptive energy receiving scheme with beamforming is proposed in [92]. The

optimal channel estimation duration before energy transfer, as well as the optimal energy

beamformer are derived to maximize the received energy. [93] applies an iterative algorithm

similar to the Dinkelbach method [95] for joint optimization of both energy transfer duration

and power.

The work presented in [96] had overlaid an RF energy transfer function to the exist-

ing cellular uplink network architecture, enabling the network users to harvest wireless

energy. A harvest-then-transmit protocol for wireless energy transfer is designed in [91].

Simultaneous wireless information and power transfer is addressed in [90], which allows

the existing wireless network architecture to support RF energy transferring without much

modification.

2.2.2.4 Prototypes and Applications of RF Energy Transfer

RF energy harvesting in mobile networks has been studied and implemented in existing

literature.
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In wireless sensor networks, [51] develops a prototype of the wireless sensor network

with RF energy harvesting capability. The sensors harvest ambient RF energy from far-

field TV broadcast (6.6km) signals. The authors of [85] have also implemented and studied

the similar RF energy harvesting sensor networks. Since RF energy transfer technique

transmits energy using radioactive, it is suitable to be adopted to current architectures of

mobile networks, e.g., wireless sensor network [51]. [85, 97, 98, 99, 100, 101, 102, 103]

also propose various prototypes of RF energy charging in WSNs.

RFID systems supported by RF energy transfer [104] are also intensively studied. Power

harvesters are designed in [105, 106, 107], and particular energy transfer components in-

cluding rectinna and rectifier [108, 109, 110, 111, 112], and RF-to-DC converter [113, 114]

are discussed and implemented in existing literature.

For each RF energy user, there are two modes of utilizing the energy harvested from the

RF energy charger: harvest-store-use and harvest-use modes. Energy users with harvest-

store-use mode are generally equipped with energy storage devices such as battery, such

as [115, 116, 117, 118, 119] (sensors) and [120] (cognitive radio), energy will be stored for

future usage. In the harvest-store-use mode, the battery level state is critical to observe to

make optimal charging policies [119]. For the harvest-use mode, the harvested energy is

employed immediately by the energy user. Therefore, the energy users are designed in a

battery-free manner, e.g., [77, 78, 79, 80, 81, 82]. In the harvest-use mode, since there is

no energy accumulated, the energy user has to be aware of the energy density and energy

harvester designs to improve energy harvesting efficiency.

2.3 Energy Management: An RF Energy Charging User
Perspective

2.3.1 Combined Data Transfer and Energy Charging

RF signals transmitted to a receiver can be employed as energy or decoded as data, de-

pending on the circuit to process the received RF signals. To this end, various receiver

architectures and circuits [90, 121, 122, 123, 124] are designed. The RF signal received

will be handled in different manners by different receiver architectures [68]: Separated

receivers, time switching and power splitting:
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• Given the receiver with multiple antennas, the RF signal can be independently re-

ceived and processed into power and data. However, the architecture of separated

receivers requires multiple sets of antennas and circuits, which may not agree with

the design constraints of small devices, such as wireless body sensors.

• In a time switching architecture, in a time slot, the received RF signal is processed as

either energy signal or data signal. In this case, energy and data transmission works

in a half-duplex mode.

• Power splitting architecture could be applied by the receiver with a single antenna.

The RF signal is split into two arbitrary parts with weaker signal strength, which are

decoded respectively as energy and data.

2.3.1.1 Time Switching Energy Receiver

A time-switching energy receiver design is proposed in [90], where the information receiver

and energy receiver respectively have constraints on the maximum received power limit

(either fixed or felxible). The work [122] extends [90] that the received power can be

arbitrarily split with respect to time into different ratios of data and energy.

Two fine-grained time-switching policies are proposed in [125] for a MISO interference

channel with K energy users. For a time division mode switching (TDMS) scheme, each

transmission time slot is divided into two sub-time-slots. All the receivers perform energy

harvesting action in the first sub-time-slot, and information decoding in the subsequent sub-

time-slot. On the other hand, in a time division multiple access (TDMA) scheme, a time

slot is divided into K sub-time-slots. In each of K sub-time-slots, only one out of K users

performs energy harvesting, which the rest perform information decoding. Both the TDMS

and TDMA schemes in [125] are solvable as convex problems.

In [126], a fading channel with time-varying co-channel interference is taken into con-

sideration when making optimal time switching decisions, aiming to minimize the outage

probability. That is, the energy user decides whether to perform information decoding or

energy harvesting, depending on the channel information. Both stochastic and known chan-

nel state information cases are discussed in [126]. A threshold structure can be found in
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the optimal decision of the energy user that the RF signal should be taken as energy signal

whenever the channel gain is lower than a certain level. Based on the existence of threshold

of information decoding and energy harvesting, authors in [127] discuss an energy receiver

working at the time-switching mode receives energy from a random beamforming multi-

antenna transmitter. It is proved theoretically and by simulation that the optimal trade-off

between received information rate and energy can be achieved when the transmit power is

sufficiently large.

2.3.1.2 Power Splitting Energy Receiver

The work in [128] examines a power-splitting scheme of received RF signal, and found that

a threshold structure exists in the optimal policy with respect to the channel gain. That is,

when the channel gain is above a certain level, the received RF signal is split with a fixed

ratio, where a portion of signal is delivered to the energy receiver of the user. However,

when the channel gain is low, all portion of the received signal is allocated to the informa-

tion receiver. The reason to the existence of such a threshold is that signals from “good”

channels benefit both information and energy receiving. Similarly, [122] has proposed an

on-off power-splitting scheme, where on mode enables power-splitting while off mode al-

locates the received RF signal only to the energy receiver. The authors in [122] concludes

that the on-off power-splitting scheme is optimal in the practical cases that receiver circuit

power consumption is not negligible.

Adaptive power-splitting is discussed in [129]. The receiver starts every transmission

block with a training phase, following with a data transmission phase for the rest of the

transmission block. It is shown in [129] that the receiver should use most of the power in

the training phase only for channel estimation. Energy and data transmissions should be

done in the rest phase other than the training phase. The adaptive power-splitting scheme

in [129] is shown to outperform the non-adaptive design in terms of the ergodic capacity

performance.

An optimal power-splitting scheme to maximize the spectrum efficiency of information

transmission (i.e., bit/Hz) is proposed in [130]. The problem is solved as a convex optimiza-

tion which requires all the possible ratio of power-splitting to be searched. Two iterative
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algorithms are also applied as sub-optimal solving techniques in [130]. Similarly, power

efficiency of information transmission (i.e., bit/J) is considered in [131]. The optimal prob-

lem in [131] is not identified as a convex optimization. Simulation indicates that, iterative

algorithm with one dimensional search converges to the optimal solution.

2.3.2 Multi-hop Wireless Energy Transfer

In a multi-hop wireless system, relay nodes may be necessary to relay RF signals. The RF

signal relaying gives rise to energy consumption of the relay node itself. The critical issue

from the perspective of the relay node is the policy to charge from the received RF signal

or relay the data carried by the RF signal.

Two types of relay strategies from the perspective of the relay user exist, including

amplify-and-forward (AF) and decode-and-forward (DF). The work [132] addresses the

fact that AF may cause high peak power level of transferred energy, which is not suit-

able to charge device with input energy constraints, e.g., [90]. Moreover, AF may require

additional source of energy to amplify the signal received, which is not practical for energy-

constrained relays, e.g., wireless sensors.

2.3.2.1 Single Relay for Wireless Energy Transfer

A critical objective for a relay node in a wireless energy charging system is to balance

between energy charging and signal relaying. Similar to the single-hop scenarios, the de-

cisions are also made in a time-switching or power-splitting mode. For both AF and DF

relay strategies, [133] proposes time-switching protocols to make relay decisions, based on

the residual energy as well as the channel quality. Relay protocols operate in both time-

switching and power-splitting modes are proposed in [134]. Analytical expressions are

derived for ergodic capacity and outage probability given the perfect channel state infor-

mation known at the destination. The work presented in [135] considers the case that two

nodes exchange information via an energy harvesting relay, which employs the received

signal to charge and then relays the data. The upperbound and lowerbound of the ergodic

capacity and outage probability are derived with tight closed forms. Compared with a non-

cooperative relaying scheme, the protocol in [135] is reliable and does not require additional

resources to achieve higher transmission rate.
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2.3.2.2 Multiple Relay and Relay Selection

In [136], a critical issue of relay selection is addressed for SWIPT that the preferable relay

for data transmission may not coincide with the strongest energy harvesting channel, due

to that the channels fade independently. Therefore, a balance exists between information

transmission and energy charging. Two relay selection schemes are proposed in [136] in-

cluding time sharing and threshold-checking schemes to achieve Pareto efficiencies of the

trade-off between energy transfer and ergodic capacity, as well as the trade-off between

energy transfer and outage probability.

The works in [137] and [138] consider relay selection for SWIPT in generalized large-

scaled RF energy harvesting systems with multiple pairs of sources and destinations. The

cooperative protocol employing relays is shown to significantly improve the trade-off be-

tween outage probability and energy harvesting transfer. Similar to [139, 140, 141] which

considers different network topologies, [137] applies stochastic geometry to analyze the

RF energy relay system. The relays are assumed to randomly distributed following a Pois-

son point process (PPP). Given the spatial distributions of relays, [137] adopts a random

selection policy based on a sectorized selection area with central angle at the direction of

each receiver as the relay selection policy. The authors in [138] argue that the conventional

max-min relay selection potentially loses diversity gains, since the source-relay channels

and the relay-destination channels are heterogeneous and with different importance levels,

which are treated equally in max-min criterion.

2.3.3 Mobility and Intermittent Connections in Mobile Networks

In a wireless energy transfer system with mobile nodes, near-far phenomenon and intermit-

tent connections exist, which affect the performance of energy and data transfer.

A doubly near-far phenomenon has been studied in [142]. That is, for a receiver lo-

cated distance away from the energy and data transmitter, both energy/data signal receiving

and uplink data transmission (e.g., data offloading) are affected. As a result, for a fixed

transmitter, the coverage of signal is limited and the mobile users that the transmitter can

efficiently serve are constrained. Beamforming of energy can be employed to amplify and
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control the amount of energy received by different receivers (i.e., mobile users) by adjusting

the beamformer [91]. Moreover, mobile transmitters and energy/data relays [143, 144] may

also be adopted to move and cover more numbers of energy/data users.

Regarding to mobile cloud systems, most of the existing studies only considers the

cases with persistent connectivity (i.e., the connection between any mobile user and cloud

is guaranteed) [5, 6]. However, as stated in [145], intermittent connectivity issues may

exist due to mobility, heterogeneous network environment and smart devices’ connection

policies. According to [145], a non-persistent connection is a key feature distinguishing

mobile cloud with conventional cloud systems. Only the control signals in mobile cloud

systems have persistent connections, while regular mobile cloud requests are made via “on-

demand” intermittent connections. The existence of intermittent connections may fail the

offloading request from the user, which forces the user to execute or re-transmit the job

again.

Intermittent connectivity issues caused by the mobility feature of mobile nodes are stud-

ied in [6], [146] and [147]. A cloudlet may reject users’ offloading requests, e.g., due to

limited resources. Specifically, [146] and [147] jointly consider the cloud provider’s rev-

enue with mobile users’ QoS requirements, i.e., admission control and resource allocation,

respectively. The work [147] models the admission and resource allocation as a semi-

Markov decision process. The work presented in [146] solves the optimization analytically

by employing a queuing-based approach. An admission control mechanism with the objec-

tive to maximize the system throughput has been introduced in [6]. The authors in [148]

study the offloading problem in a mobile cloud system with such intermittent connections.

The offloading points of applications are set considering the vulnerability of connection,

but only the ideal case is discussed that the present and future intermittent connectivity pat-

terns are known. The work presented in [137] models the spatial distribution of relay nodes

in the system as a Poisson point process (PPP). Two different mobility patterns of mobile

RF energy source are examined in [143], i.e., center-to-center mobility (CM) and around

edges moving (EM) patterns. The simulation assessment concludes that the CM pattern has

better performance in small-sized networks with high density of sensors. Meanwhile, the
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EM pattern is more suitable for lower sensor density scenarios, which is typical in networks

of large size.

2.4 Optimization Approaches in Energy Management

2.4.1 Optimal Energy Management in Mobile Networks

With the nature of energy scarcity in mobile networks, literature has studied the energy

management to efficiently manage the mobile network to achieve the optimal energy uti-

lization.

2.4.1.1 Optimal Energy Storage Management

A few works studied the energy management problem of mobile networks.

The work presented in [117] considers a wireless sensor with finite battery capacity and

wireless charging facility. A certain number of packets need to be transmitted by the sensor.

The total transmission time is minimized by using cumulative curves method. Supported

by wireless charging, the objective is to maximize the transmission throughput in [149]. In

[150], a sensor processes self-generated data with energy charged from wireless channels.

Several power management policies including the Markov decision process (MDP) model

minimizing the mean delay are examined, which has shown that a greedy energy manage-

ment policy is proved to be optimal with both maximized throughput and minimized delay.

In [151]. throughput optimization over a finite horizon is also discussed, with time varying

energy charging channel between the sensor and energy sources. A relay node with energy

harvesting function in [115] applies a greedy policy that a relay action is taken whenever

the residual energy in the relay is sufficient to transmit information. An optimal policy

of switching between energy harvesting and relay is also proposed in [115] with a priori

complete knowledge of channel coefficients and energy transfer parameters of the whole

transmission period.

Since the wireless energy supply can be intermittent, users may be far away from RF

sources and cannot receive RF energy from the wireless charger [152, 153]. To overcome

the transmission range limitation, in the literature, a dedicated energy transmitter (e.g.,
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chargers and relays) is proposed to extend the area with RF energy supplies. For example,

to charge RFID tags with RF energy, the authors of [154] propose the optimal placement of

stationary RFID readers which also supply RF energy. The objective is to minimize number

of readers given QoS requirement requirements. The authors of [73] and [155] use mobile

chargers to travel to different locations and charge multiple sensors. The authors of [73]

propose an optimal path of mobile chargers which is based on the shortest Hamiltonian

cycle of the locations to visit. The authors of [74] extend the scheme in [73] by considering

priorities of different sensors. An integer linear programming (ILP) optimization model

is applied to maximize the power received by the prioritized sensors. [156] considers to

opportunistically use available spectrum to transfer wireless energy to sensor nodes. The

performance of a sensor with an integration of opportunistic spectrum access and wireless

energy transfer is analyzed. The power control scheme for the wireless charging unit is

proposed with the objective to minimize energy consumption.

2.4.1.2 Optimal Data Offloading

Optimal offloading decisions could be made either in a static manner or a dynamic manner

to reduce the cost of energy consumption in mobile networks.

The authors in [49] employ a cost graph approach to quantify an immediate cost of

each code section. Then the offloading scheme for each code section is decided statically

in an off-line manner, relying solely on the code section states. [44] proposes a static

and dynamic partitioning and offloading schemes. The scheme executes a graph cutting

algorithm to categorize code sections into different offloading decision set.

The work presented in [46] claims that mobile users may work in different external

environments and with changing workloads, such that static partitioning of jobs between

mobile devices and cloud may not achieve optimal results with such externalities. As a

result, a linear programming model for dynamically partitioning of an application is pro-

posed. [45], [157] and [158] provide a grand view of the whole optimization process of a

mobile user’s offloading decisions. [158] optimizes a mobile user’s energy cost with Lya-

punov optimization. Similar to [46], a linear optimization approach is adopted in [45] and
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[157] to find the optimal offloading decisions in various applications, such as face recogni-

tion and smartphone games. Furthermore, [45] and [157] develop automatic partitioning of

applications with minimal programmer’s involvement. As a result, this makes fine-grained

code section offloading possible. Based on [45] and [157], ThinkAir [159], on the other

hand, considers the scalability of a mobile cloud, i.e., the ability to handle multiple mobile

users instead of one user at the cloud side.

2.4.2 Optimizations Using Markov Decision Process

Markov decision process (MDP) [160, 161, 162] is a popular model to be applied in solving

stochastic optimization problems in decision making in energy management.

2.4.2.1 Markov Decision Process: Formal Definition

Markov decision process (MDP) [160, 161] is an optimization framework to model stochas-

tic decision making processes under uncertainties. In an MDP, the system works over finite

or infinite time periods. In each time period, namely a decision period, the system has a

certain state S, based on which the decision maker (e.g., a mobile device) makes a decision

to take an action A from the set of all the possible actions. By taking the action, an im-

mediate reward or utility is received by the decision maker. Additionally, after an action is

taken, the system state S will transit to the next state S 1. There could be multiple possible

state transitions with different probabilities, which are called transition probabilities. For

example, when an RF energy gateway decides to charge, the state of stored energy level

may remain the same or increase, depending on the probability of successful charging from

RF energy chargers.

A typical MDP is defined by a tuple ă S,A,P, U, T ą.

• S is the set of all the system states. The states in an MDP should be finite.

• A is the finite set of all actions that a decision maker can take.

• P is the matrix for transition probabilities of all the system states.

• U is the immediate utility function.
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• T is the set of all the decision period.

The goal of solving an MDP-based optimization problem is to find an optimal policy

π˚. Generally, a policy is defined as a strategy indicating an action that the decision maker

will take given the current system state. Classical methods to solve MDPs are value iter-

ation [163], linear programming (LP) [164, 165], learning [166, 167] and approximation

methods [168, 166, 169].

2.4.2.2 MDP Optimization in Wireless Sensor Networks

In [170], a sensor in wireless sensor networks (WSNs) can recharge from microwave energy

sources with directional antenna. However, each energy charging process has a delay, which

relies on the residual energy in the sensor, i.e., sensors with lower energy may take more

time. The sensor employs an MDP model to analyze and decides the charging policies to

minimize the charging delay, given the current residual energy level.

The authors of [171] introduce a body sensor network that a special device (e.g., a cell

phone) is placed as an access point to collect the data from body sensors. The MDP is

formulated for the sensors which have different transmission modes. These modes are the

actions associated with different energy consumption levels and date rates. RF Energy is

harvested from ambient sources. Energy in [171] is harvested objectively as a two state

process, that the sensor cannot make a decision on energy charging.

In [62], wireless rechargeable biosensors implanted inside human/animal body for data

sampling are applied. Since the data transmission and energy charging actions increase

the sensor temperature, which is harmful to human/animal. An MDP model is applied

to both obtain the maximum average sampled data and constrain the temperature below a

certain level. Likewise, [119] addresses the case where a mobile node in WSNs carries and

transmits data with a hard delay requirement. With limited energy stored and harvested,

the mobile node employs a constrained MDP (CMDP) based model to decide whether to

transmit the data or stay idle to achieve the delay requirement.

The ambient energy harvesting quality from the environment is included in the system

states of an MDP model in [118]. A wireless sensor may encounter two ambient energy
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harvesting mode: GOOD and BAD modes. Besides, the sensor collects a set of critical

environment event data with different importance. The MDP model aims for a balance

policy of an adapting transmission probability that optimally manages the sensor battery to

avoid neither battery drainage or overflow. [118] also discovered that, when the MDP model

is applied, the overall performance of the MDP-based transmission policy largely depends

on the average power that a fully-charged battery can supply over a BAD harvesting period.

Wireless sensors in [172] apply MDP-based model to decide different data compression

error levels in transmission as the actions. A sensor can harvest ambient RF energy, but

with various qualities. The MDP-based model balances between the data compression error

(where a low-error data compression consumes large amount of energy) and energy budget

in the sensor.

In [173], a mobile user equipped with both data storage (i.e., data queues) and energy

storage (e.g., batteries) is studied. In the proposed MDP model, energy charging is a possi-

ble action to be taken by the mobile user. To achieve the maximized throughput with QoS

requirements, the authors of [173] study a scheme based on CMDP for a mobile user to

balance between energy charging and different qualities of data transmissions. An MDP

model is developed in [150] to optimize the mean delay of data transmission of a sensor

node. [174] addresses data transmissions of a sensor node in WSNs could be prevented due

to unmanaged energy and data buffer in various energy harvesting and channel states, which

are assumed to be directly acquired by the node. An MDP model is applied to optimally

decide whether to transmit or to sense the energy allocation.

In [175], both MDP and partially observable Markov decision process (POMDP) mod-

els are proposed for rechargeable nodes in WSNs designed for event monitoring. Collected

events, such as the energy storage situation, the occurred events, and the node’s history of

activation, are included as the states of the MDP/POMDP model. If the collected informa-

tion is complete, the optimization is modeled as MDP. Otherwise, POMDP is applied when

only partial information can be collected.

2.4.2.3 MDP Optimization in Cognitive Radio Networks

An energy-constrained medium access control (MAC) protocol is studied in [120]. Since

the sensing and access actions of a secondary user consumes energy, the secondary user
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may not always sense the spectrum given the limited battery energy as the energy con-

straint. A POMDP-based model that only considers the primary user’s traffic in the state

space is proposed to maximize the throughput. No energy will be obtained to replenish the

secondary user’s battery in [120].

MDP-based models are employed in cognitive radio networks for energy management.

[176] formulates an MDP model to determine an action of sensing/being idle for an RF en-

ergy powered secondary user. Energy is randomly harvested by the secondary user, which

is not considered as a system state. [177] also studies the similar topic of channel selec-

tion in a time-varying wireless system. The energy level of the sensor and the channel

information are taken into account of the MDP model. However, in [176] and [177], the

reward to the secondary user (or sensor) does not include the harvested energy. Moreover,

energy harvesting is not treated as an action subjectively performed by the secondary user

(or sensor). [178] formulates and solves the POMDP to obtain an optimal mode selection

of a sensor node. The sensor operates in a half duplex manner, choosing the mode either

to harvest energy or transmit data. Both action decisions must be balanced to achieve an

optimal performance.

2.4.3 Summary

To the best of our knowledge, the works in the literature do not consider the following

several aspects:

• The works in the literature related to RF energy harvesting in mobile networks did

not consider from the perspective of a mobile energy transmitter (i.e., a mobile energy

gateway), which is designed to carry energy from sources to energy users, aiming at

maximizing the profit in terms of utility or monetary reward.

• The works in the literature did not study a general mobile node facilitated with wire-

less energy charging functions. A full-functional mobile node differs from a sensor

or a mesh node in several aspects. Firstly, the mobile node handles various types of

traffic load, which may generate different levels of satisfaction to a user and consume

different amount of energy. Secondly, the mobile node may move among different
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locations, and wireless charging becomes intermittent. Thirdly, wireless charging can

incur different cost to the mobile node. Therefore, there is a need to develop a novel

optimization problem considering these issues and study the structure of the optimal

energy charging policy.

• The works in the literature related to intermittent connections of cloudlets did not

develop the optimal offloading algorithm of the mobile user to reduce the cost of

energy. Moreover, intermittent connectivity issues caused by the mobility of mobile

nodes and the impacts to the energy cost management are not studied.

The aforementioned issues will be focused in this thesis.
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Chapter 3

Mobile Energy Gateway - A Study on
Optimal Wireless Energy Carrying

Radio frequency (RF) energy is one of the wireless energy harvesting and transfer tech-

niques that supports far-field wireless charging services. The other techniques are inductive

coupling and magnetic resonance coupling, which are near-field charging techniques. RF

energy charging devices can be deployed to send energy in mobile networks, supporting

energy-constrained mobile devices to operate perpetually. Due to the fading property of RF

signals, RF energy charging is only effective within a limited range. Considering the mobil-

ity feature of mobile networks, mobile devices with energy storage facilities may work as

energy carriers, namely mobile energy gateways. An energy gateway can charge from RF

energy chargers (i.e., energy sources), store the charged energy, and move to other locations

to transfer energy to other devices which are not covered by RF energy chargers.

We consider a network with fixed RF energy chargers geographically distributed. There

are also mobile energy users in the network who are not always covered by the energy

chargers. Mobile energy gateways moves to different locations to charge, carry and trans-

fer energy, are deployed in the network. Each energy gateway operates as a self-interested

carrier. When the energy gateway takes an action to charge at the RF energy charger side,

a payment has to be made to the charger (i.e., the price of energy charging). In the same

manner, energy users have to pay the energy gateway for the energy carried and trans-

ferred. We propose a Markov decision process (MDP)-based scheme to address the energy

charging/transferring actions of the energy gateway at different system states. The energy

gateway aims to optimize the charging/transferring action policy to maximize the profit.
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Table 3.1: Notation descriptions.

Notation Definition

S “

pL, E ,N ,Pq

Composite state of the mobile node, including location
state, energy state, end user number state, state of market
prices of energy charging

L,G,N,P State sets of location state, energy state, end user number
state, and energy price state

A A P t0, 1, 2u, The action of being idle, charging, and trans-
ferring energy taken by the energy gateway

WpS,S 1|Aq Overall transition matrix of the composite state S, given the
action A is taken

γ Discount factor in the Bellman equation

Hp¨q, Up¨q
Overall utility function, expected optimal utility function in
the Bellman equation

EB
The amount of energy transferred from charger side to the
energy gateway

ES , eRn
Energy send by the energy gateway, energy received by the
nth end user covered by the energy gateway

RpN,ESq
Total amount of payments paid byN end users to the energy
gateway, given the energy sent to be ES

F pEq The holding cost of energy

E1´0
THRESOLD

Threshold energy state, where the action A “ 1 is taken
when energy state E ď E1´0

THRESOLD, and A “ 0 otherwise

The rest of this chapter is organized as follows. In Section 3.1, we describe the mobile

network with energy sources (i.e., fixed chargers), an energy gateway to carry and transfer

energy to users. The RF energy propagation model is presented, and a payment scheme of

users is described. Section 3.2 formulates a Markov decision process (MDP) to maximize

the energy gateway’s expected utility. The solution method and the existence of thresh-

old policies of the MDP are presented in Section 3.3. Numerical results are provided in

Section 3.4. Finally, Section 3.5 concludes the chapter.

For convenience, some major mathematical notations in this chapter are listed in Ta-

ble 3.1.

3.1 System Model

We consider the mobile network with fixed wireless chargers (i.e., energy suppliers), an

energy gateway (i.e., an energy messenger), and users (i.e., energy consumers), as shown

in Figure 3.1. There are multiple fixed chargers at different locations in the network. The
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Figure 3.1: System description.

energy gateway moves among locations, visiting chargers and users. The energy gateway

is equipped with a battery and energy transfer interfaces. When the energy gateway is

at a charger, a certain amount of energy can be transferred to the battery of the energy

gateway. Then, a certain price has to be paid by the energy gateway to the charger. The

energy price of different chargers can be different and time-varying. We assume that the

energy gateway visits only one charger at a time, and thus it receives energy only from

the corresponding charger. By contrast, when the energy gateway is at the users, a certain

amount of energy may be transferred to the nearby users. The energy transfer to the users is

performed in a broadcast manner (i.e., multiple users can receive energy simultaneously),

which is a typical nature of RF energy transfer. The users are assumed to be geographically

distributed following a Poisson spatial distribution [179]. The user receives RF energy from

the energy gateway, and pays a retail energy price to the energy gateway. We assume that,

once an energy user requests energy transfer from the energy gateway, it accepts all the

energy transferred, e.g., the energy user could be a battery-less device which employs the

received energy immediately. Note that the amount of energy transferred from the charger

to the energy gateway can be different and usually higher than that transferred from the

energy gateway to the users.

Based on the above system model, we aim to design an energy management scheme for

the energy gateway. The scheme assists the energy gateway to decide whether to receive

energy from the charger and whether to transfer energy to the users or not. The decision is
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based on the system states, which are defined based on location, energy prices at chargers,

and the number of users which are able to receive energy from the energy gateway. To

make the model tractable, we assume that the decision making by the energy gateway is

time-slotted, and each time slot is called a decision period. Only one decision is made in

one decision period.

Note that the energy pricing (i.e., from chargers to the energy gateway and from the

energy gateway to users) is beyond the scope of the chapter. We assume that the set of

prices are predetermined. Finding optimal prices is a separate issue that could be studied in

the future work.

3.1.1 RF Energy Propagation Model and User Payment

The energy gateway transfers energy to users by RF energy transfer technique. With the

energy successfully received, the user makes payment to the energy gateway (e.g., in the

form of real money transaction or fictitious token). Due to path loss, an amount of energy

received by different users may vary. We assume that if the received energy does not exceed

the demand of a user, the payment of the user will be based on the actual energy received.

We assume that the energy transferring time is fixed and less than a time slot, depending

on the property of the energy gateway. Signals will be sent to the end users by the energy

gateway to start and terminate the energy transfer. As a result, the durations of all the end

users receiving energy are identical. As introduced in Section 2.2.2.1, the amount of energy

(i.e., in Joule) received by user n during the energy transfer duration can be expressed using

the Friis’ formula [68], as follows:

eR
n “ ζRF {DCGtGr,n

ˆ

λ

4πRn

˙2

ES, (3.1)

where ζRF {DC is the RF-to-DC energy conversion efficiency [51]. Gt and Gr,n are the en-

ergy transmitting antenna gain of the energy gateway and the receiving antenna gain of the

user n, respectively. λ is the wavelength of energy transfer signal. Rn is the distance from

the energy gateway to the user n. For simplicity of notation, we let ζRF {DCGtGr,n

`

λ
4π

˘2
“

g where g is a constant. From (3.1), the amount of energy received by any user is inversely
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proportional to the square of the distance to the energy gateway, given fixed amount of

transmitted energy ES.

By Section 2.2.2.1, the Friis’ transmission formula only applies when the distance Rn

between the user n and the energy gateway satisfies Rn ą Rf , where Rf is the Fraunhofer

distance satisfying:

Rf “
2D2

a

λ
, Rf " λ, and Rf " Da, (3.2)

where Da is the largest dimension of the user’s antenna. For the users in the near-field of

the energy gateway, i.e., 0 ď Rn ď Rf , the distance is short such that we assume that the

energy can be transferred without loss. Let the maximum energy demand of user n be eD
n ,

the distance

RD
n “

d

g
ES

eD
n

, (3.3)

is a boundary distance. The demand of the user will not be satisfied for Rn ą RD
n , and the

demand will be fully met otherwise.

We consider that the energy transfer is performed in a spherical spatial area (e.g., a

circle area in 2-dimension space). The area is centered at the energy gateway with radius

R, where R is the longest distance that the user can receive any energy. The area is divided

into the following subareas:

• When user n has the distance 0 ď Rn ă maxtRf , R
D
n u, the demand of the user will

be fully met.

• For maxtRf , R
D
n u ď Rn ď R, the amount of energy eR

n will be received by the user,

with demand not fully being satisfied.

• For Rn ą R, the user cannot receive any energy. The user is defined to be in the

energy outage zone of the energy gateway.

The distance R is treated as a cut-off distance. All the users located at the energy outage

zone will not be considered as valid users for the energy gateway.

After receiving the energy with amount eR
n , the user n will inform the mobile energy

gateway this information with the payment of energy price. We assume that the user always
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reports truthful information. As we assume, the users are geographically distributed fol-

lowing a Poisson spatial distribution. The probability density function (pdf) of the distance

l between the user n (out of maximum N users) and the energy gateway (i.e., an origin) is

expressed as follows [179]:

fpn, l|Nq “
3

R

Bpn` 2
3
, N ´ n` 1q

BpN ´ n` 1, nq
β

ˆ

l3

R3
;n`

2

3
, N ´ n` 1

˙

, (3.4)

where Bpa, bq “ ΓpaqΓpbq{Γpa ` bq, and Γp¨q is the Gamma function. βpx; y, zq “

xy´1p1´xqz´1

Bpy,zq
is the Beta density function [179].

The expected payment Φpn,ESq made by user n to the energy gateway is obtained as

follows:

Φpn,ESq “

ż R˝

0

fpn, l|NqrpeD
n qdl `

ż R

R˝
fpn, l|Nqrpg

ES

l2
qdl, (3.5)

where R˝ “ min
!

R,maxtRf , R
D
n u

)

. The first term in (3.5) indicates the total payment of

the users, whose demands are all fully satisfied. The second term in (3.5) indicates the total

payment of users whose demends are partly satisfied, calculated from (3.1), due to path loss

and RF-to-DC energy conversion efficiency. The functions rpeD
n q and rpgES

l2
q indicate the

energy price of the amount of received energy to be eD
n and eR

n “ gES

l2
, respectively.

The total average payment received by the energy gateway is obtained from

RpN,ESq “

N
ÿ

n“1

Φpn,ESq. (3.6)

3.1.2 Uniform Payment for Energy Transfer

With large enough energy ES transferred by the energy gateway, the demands of all the

users are satisfied, i.e., eR
n ě eD

n @n P t1, 2, . . . , Nu. This is the case when R˝ “ R,

@n P t1, 2, . . . , Nu. The payment from user n to the energy gateway becomes

Φpn,ESq “ rpeD
n q, (3.7)

since
şR

0
fpn, l|Nqdl “ 1. Thus, the total average payment from all the users to the energy

gateway is

RpN,ESq “

N
ÿ

n“1

Φpn,ESq “

N
ÿ

n“1

rpeD
n q, (3.8)

which can be simplified asRpN,ESq “ NrpeDq for the case that all the users have the same

energy demand denoted by eD.
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3.2 Optimization Problem Formulation

We formulate an MDP model to obtain the optimal energy management policy for the en-

ergy gateway. The MDP model consists of the system states, transition matrices among the

states, the actions and corresponding reward of the energy gateway.

3.2.1 State Space and Action Space

The state space of the mobile energy gateway is defined as follows:

S “
!

S “ pL, E ,N ,Pq|L P L, E P G,N P N,P P P
)

, (3.9)

where S is a composite state consisting of all the system state variables L, E , N , and P .

• There are totally L locations. The location state is denoted by L P L “ t1, 2, . . . , Lu,

where L is the set of all locations that the energy gateway can visit.

• Energy state E P G “ t0, 1, . . . , Eu is the current amount of energy in the energy

gateway’s battery. The capacity of the battery is E units of energy.

• User state N P t0, 1, . . . , Nu denotes the number of users that the energy gateway

can transfer energy to at the current location. We assume that the maximum number

of users that the mobile energy gateway can transfer energy to is finite and denoted

by N .

• Price state P is a composite state for the energy prices at all the chargers. P is denoted

by P “ pP1,P2, . . . ,PM ), where Pi, i “ 1, 2, . . . ,M , is the energy price at location i

with a charger. M is the total number of locations with chargers. We assume that the

price state Pi of each charger takes a value from a finite discrete set of energy price,

i.e., Pi P PY “ tρ1, ρ2, . . . , ρKu, where PY is the set of all the K possible prices.

This assumption is widely adopted in the literature [180].

The action of the energy gateway is denoted by A P A “ t0, 1, 2u, where A is the action

space. The action A “ 1 indicates that the energy gateway requests for charging from the

charger at the current location. The action A “ 2 indicates that the energy gateway transfers

energy to the users. The action A “ 0 indicates that the energy gateway is idle (i.e., doing

nothing).
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3.2.2 Transition Matrices of System States

The current state S “ pL, E ,N ,Pq transits to the next state S 1 “ pL1, E 1,N 1,P 1q. In the

following, we derive the probability matrices for the state transition.

3.2.2.1 Price State Transitions

The price state transition matrix for the charger at location i is expressed as follows:

Pi “

»

—

–

ψpi1,1 . . . ψpi1,K
... . . . ...

ψpiK,1 . . . ψpiK,K

fi

ffi

fl

, (3.10)

where ψpik,k1 indicates the probability that state Pi changes from Pi “ k to Pi “ k1, where

k, k1 P PY. Thus, the transition matrix for the composite price state P is obtained from

WP “ P1

â

P2

â

¨ ¨ ¨
â

PM , (3.11)

where
Â

is the Kronecker product. We denote the element in WP with row k and column

k1 to be ψpk,k1 , which is the transition probability of the composite price state P .

3.2.2.2 Location State Transitions

We divide the set of locations L into three subsets, i.e., LB, LS and LNC based on the

attributes of the locations, where L “ LB Y LS Y LNC . The subset LB includes all the

locations with chargers. LS includes all the locations where there are users but no chargers.

LNC is the subset where the energy gateway has contact to neither chargers nor users. We

simply assume LB X LS “ ∅, LB X LNC “ ∅, and LS X LNC “ ∅. We denote the total

number of locations in the subset LB to be LB (i.e., LB “ |LB|). Likewise, LS “ |LS| and

LNC “ |LNC |. Clearly, L “ LB ` LS ` LNC .

The transition of the location state L of the energy gateway can be expressed by the

following transition matrix:

WL “

»

–

LNC,NC LNC,B LNC,S

LB,NC LB,B LB,S

LS,NC LS,B LS,S

fi

fl , (3.12)

the elements of which denote the transition matrices among the three subsets. Lk,k1 contains

the transition probabilities when the current location is in subset k, and the next location
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is in subset k1. For example, LS,B means the current location of the energy gateway is in

subset LS , and the next location is in subset LB. Each element ψlm,m1 in Lk,k1 denotes the

transition probability from a current locationm in subset k, to the next locationm1 in subset

k1.

3.2.2.3 Energy State Transitions

Next, we derive the energy state transition matrix of the energy gateway. Energy state

transitions can be divided into three cases:

• Firstly, the energy state may increase. This occurs when the energy gateway receives

EB units of energy from a charger. Recall that E is the capacity of the energy gate-

way’s battery. The transition matrix for this case is given as follows:

E`pE , E 1|Lq “

»

—

—

—

—

—

—

—

—

—

–

1´ ηL 0pEB´1qˆ1 ηL
. . . . . .

1´ ηL 0pEB´1qˆ1 ηL
. . . ...

1´ ηL 0 ηL
1´ ηL ηL

1

fi

ffi

ffi

ffi

ffi

ffi

ffi

ffi

ffi

ffi

fl

pE`1qˆpE`1q

,

(3.13)

where each row of the matrix denotes the current energy state E , and each column

denotes the energy state of the next decision period E 1. ηL is the efficiency of energy

charging at location L, i.e., the probability of successful charging. 0pEB´1qˆ1 is a row

vector, which is composed of EB ´ 1 zeros.

• Secondly, the energy state may decrease. This can happen when the energy gateway

transfers ES units of energy to users. In this case, the energy state may decrease by

ES, except that when there is lees than ES units of energy in the battery, we assume

the energy gateway still transfers energy, so that the energy state decreases to E 1 “ 0.
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The transition matrix is as follows:

E´pE , E 1|Lq “

»

—

—

—

—

—

—

—

—

—

–

1
1 0
1 0 0
... . . .
1 0pES´1qˆ1 0

. . . . . .
1 0pES´1qˆ1 0

fi

ffi

ffi

ffi

ffi

ffi

ffi

ffi

ffi

ffi

fl

pE`1qˆpE`1q

(3.14)

0pES´1qˆ1 is a row vector, which is composed of ES ´ 1 zeros.

• The energy state can remain the same. For example, when the energy gateway does

not receive or transfer any energy. In this case, we have the transition matrix E0 “

IE`1, where IE`1 is an pE ` 1q ˆ pE ` 1q identity matrix.

The changing of energy state depends on the current location, as well as the action of

the energy gateway. Let WL,EppL, Eq, pL1, E 1q|Aq denote the transition matrix from the

current composite state pL, Eq to the next state pL1, E 1q. When action A “ 0 is taken, the

corresponding transition matrix is expressed as follows:

WL,EppL, Eq, pL1, E 1q|A “ 0q “ WL

â

E0, (3.15)

where E0 indicates that the energy state E remains the same (i.e., E “ E 1) regardless of the

location state of the energy gateway.

When action A “ 1 is taken, i.e., the energy gateway requests for energy charging, the

corresponding transition matrix is expressed as follows:

WL,EppL, Eq, pL1, E 1q|A “ 1q “

»

–

LNC,NC

Â

E0 LNC,B

Â

E0 LNC,S

Â

E0

LB,NC

Â

E` LB,B

Â

E` LB,S

Â

E`

LS,NC

Â

E0 LS,B

Â

E0 LS,S

Â

E0

fi

fl .

(3.16)

The matrix on the right hand side of (3.16) has the dimension of pE ` 1qL ˆ pE ` 1qL.

As shown in Fig. 3.2, in this case, when the energy gateway is not at any charger (i.e., the

current location state L belongs to subset LS or LNC) the energy gateway cannot receive

any energy. Consequently, E0 is applied to the row corresponding to the location states

L P LS and L P LNC . Otherwise, the energy gateway will receive energy, and the matrix

E` is applied for the location state L P LB.
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Figure 3.2: Energy charging action: (a) with a charger, and (b) without any charger at the current
location.

When the action A “ 2 is taken, the energy gateway transfers energy to users. The

corresponding transition matrix is expressed as follows:

WL,EppL, Eq, pL1, E 1q|A “ 2q “ WL

â

E´. (3.17)

In this case, the energy state of the battery decreases. Note that the energy transferring

action can be taken at all the locations. For the locations without energy users (i.e., L P

LNC
Ť

LB), the energy gateway can still transfer energy, although no users will pay for and

receive the transferred energy so that the transferred energy could be wasted, as shown in

Fig. 3.3.
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Figure 3.3: Energy transferring action: (a) with users, and (b) without any user at the current
location.
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3.2.2.4 User State Transitions

Here, the user state is the number of users that the energy gateway can transfer energy to.

The transitions of the user state depend on the location of the energy gateway. For the

energy gateway moving from the current location L to the next location L1, the transition

of the user state from N to N 1 has the following three cases:

• The energy gateway moves to the location with users (i.e., L1 P LS). Thus, there will

be some users that can receive energy from the energy gateway, and the user state is

N P N “ t0, 1, . . . , Nu.

• However, when the energy gateway moves to the location with a charger (i.e., L1 P

LB), there will be no users receiving energy from the energy gateway (e.g., the users

may receive energy directly from the charger). Consequently, the user state of the

energy gateway is N ” 0.

• When the energy gateway moves to the location with neither chargers nor users (i.e.,

L1 P LNC), similar to the previous case, the user state is N ” 0.

For ease of presentation, we define the following matrices:

WL,E|L1PLB
Ť

LNC “ WL,EppL, Eq, pL1, E 1q|Aq

ˆ

ˆ„

IpLNC`LBqˆpLNC`LBq 0
0 0



LˆL

Â

IpE`1qˆpE`1q

˙

,

(3.18)
WL,E|L1PLS “ WL,EppL, Eq, pL1, E 1q|Aq

ˆ

ˆ„

0 0
0 ILSˆLS



LˆL

Â

IpE`1qˆpE`1q

˙

,
(3.19)

where the matrix IYˆY is a Y ˆ Y identity matrix. WL,E|L1PLS is a matrix with rLpE `

1qs ˆ rLpE ` 1qs dimensions, which has the physical meaning that the it represents the

part of transitions in matrix WL,EppL, Eq, pL1, E 1q|Aq where the next location L1 of the

energy gateway is in subset LS (i.e., with users), and masks the rest with zeros. Similarly,

WL,E|L1PLB
Ť

LNC represents the part of transitions in WL,EppL, Eq, pL1, E 1q|Aq where L1

belongs to subset LB (i.e., with a charger) and subset LNC .

For L1 P LB
Ť

LNC , we have N ” 0. By contrast, for L1 P LS , ψuk,k1 denotes the

probability that the user state changes from k to k1. The transition matrix of user state N
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considering states L and E is derived as follows:

WL,E,N |L1PLS “

»

—

–

ψu0,0 ¨ ¨ ¨ ψu0,N
... . . . ...

ψuN,0 ¨ ¨ ¨ ψuN,N

fi

ffi

fl

â

WL,E|L1PLS , (3.20)

where ψui,j is the transition probability of an event that the user state changes from i P N

(for the current state) to j P N (for the next decision period). Given the case that users are

distributed spatially in Poisson distribution with the spatial density α, and the maximum

number of users is finite and known (i.e., N ă `8), ψui,j is in the form of a truncated

Poisson process defined as follows:

ψui,j “

#

e´πR
2α pπR

2αqj

j!
, @i P t1, . . . , Nu, @j P t1, . . . , N ´ 1u,

ř`8

k“N e
´πR2α pπR

2αqk

k!
, @i P t1, . . . , Nu, j “ N,

(3.21)

Note that other spatial distributions and user state transition processes can be applied with-

out affecting the optimization model. WL,E,N |L1PLS is the transition matrix of pL, E ,N q

when the next location L1 is in subset LS . Similarly, WL,E,N |L1PLB
Ť

LNC is the transition

matrix of pL, E ,N qwhen the next location L1 is in subset LNC or LB, expressed as follows:

WL,E,N |L1PLB
Ť

LNC “
“

1pN`1qˆ1 0pN`1qˆN

‰
â

WL,E|L1PLB
Ť

LNC , (3.22)

where 1pN`1qˆ1 is a pN ` 1q ˆ 1 matrix of ones.

Then, the transition matrix of the current composite state pL, E ,N q to the next compos-

ite state pL1, E 1,N 1q is given as follows:

WL,E,NppL, E ,N q, pL1, E 1,N 1
q|Aq “ WL,E,N |L1PLS `WL,E,N |L1PLB

Ť

LNC . (3.23)

3.2.2.5 Overall Transition Matrix

The transition matrix of the entire state space is denoted by WpS,S 1|Aq, where the current

composite state is S “ pL, E ,N ,Pq, and the next composite state is S 1 “ pL1, E 1,N 1,P 1q,

given action A which is taken by the energy gateway, as follows:

WpS,S 1|Aq “ WL,E,NppL, E ,N q, pL1, E 1,N 1
q|Aq

â

WP pP ,P 1q. (3.24)

3.3 Solving the MDP Optimization Model

In this section, we first define an immediate utility function of the energy gateway. Then,

we present the MDP model. Next, we define the threshold structure of the optimal policy

obtained from the MDP model.
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3.3.1 Immediate Utility Function

An immediate utility function upS,Aq is defined as the reward of the energy gateway in

the current decision period, given the composite state S “ pL, E ,N ,Pq. Without loss of

generality, we adopt the following function of upS,Aq, which has different forms given

different locations L and actions A of the energy gateway, i.e.,

upS|Aq “

$

&

%

uBpSq, L P LB and A “ 1,
uSpSq, L P LS and A “ 2,
u0pSq, otherwise,

(3.25)

where uBpSq denotes the reward, which is obtained when the energy gateway is at the

location with a charger (i.e., L P LB), and the charging action A “ 1 is taken. uSpSq

denotes the reward when the energy gateway is at the location with users, and the action

energy transfer A “ 2 is taken. u0pSq is the reward of the energy gateway being idle.

uBpSq, uSpSq and u0pSq are defined as follows:

uBpSq “ ´EBPpLq ´ F pEq, (3.26)

where EB is the amount of energy transferred from the charger to the energy gateway,

PpLq P tP1,P2, . . . ,PMu is the current price state at the location L, and F pEq is the

holding cost of the current energy state. This cost, for example, could be due to the com-

pensation to the self-discharging effect [181, 182].

uSpSq “ RpN , ESq ´ F pEq, (3.27)

where ES denotes the amount of energy transmitted at the energy gateway to the users.

RpN , ESq is the function indicating the payment from all N users at the current location.

This function is defined as in (3.6) and (3.8).

u0pSq “ ´F pEq, (3.28)

where only the holding cost of energy is applied.

Note that the immediate utility function u0pSq is used for the following cases. Firstly,

the energy gateway takes the idle action A “ 0 regardless of the current location. Secondly,

the charging action A “ 1 is taken when the current location has no charger (i.e., L R

LB). Thirdly, the energy transferring action is taken when the energy gateway is not at the

location with users (i.e., L R LS).
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3.3.2 Solving the MDP Optimization Model

The objective of the MDP model is to obtain an optimal energy management policy for the

energy gateway. A policy φpA|Sq is defined as a mapping of state S to action A to be taken

by the energy gateway. The optimal policy, denoted by φ˚pA|Sq, aims to maximize the

overall utility of the energy gateway.

The following Bellman equation [183] is applied to obtain the optimal policy, i.e.,

UpSq “ max
φpA|Sq

HpS|Aq (3.29)

φ˚pA|Sq “ arg max
φpA|Sq

HpS|Aq (3.30)

HpS|Aq “ upS|Aq ` γ
ÿ

S1PS
W pS,S 1|AqUpS 1q (3.31)

where S “ pL, E ,N ,Pq is the current state. The Bellman equation can be numerically

solved by the value iteration algorithm [163]. Hp¨q denotes the overall utility of the energy

gateway, including the immediate utility of the current state as well as that of all the possible

future states. UpSq is the achieved optimal overall utility. φ˚pA|Sq is the optimal policy.

γ P r0, 1q is a discount factor of possible future states. upS|Aq and
ř

S1PSW pS,S 1|AqUpS 1q

are the current immediate utility and the expected future utility of the energy gateway,

respectively. W pS,S 1|Aq is the transition probability from the current state S to the next

state S 1, which can be obtained from the transition matrix as given in (3.24). The complexity

of solving the Bellman equation by the value iteration algorithm is Op|A|¨|S|2q [184], where

|A| is the number of actions, and |S| is the total number of states.

3.3.3 Threshold Structure of MDP Solutions

Next, we introduce the concept of a threshold policy, and prove the existence of the thresh-

old policy in the optimal energy management policy obtained from solving the proposed

MDP model.

3.3.3.1 The Concept of Threshold Policy

The optimal policy φ˚pA|Sq of the MDP model is defined to be a threshold policy, if the

following condition holds:

φ˚pA|Θ,S´Θq “

$

&

%

A1, for min Θ ĺ Θ ă Θthr,1,
Ai, for Θthr,i´1 ĺ Θ ă Θthr,i @i P t2, 3, . . . , |A| ´ 1u,
A|A|, for Θ|A|´1 ĺ Θ ĺ max Θ,

(3.32)
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where Θ is a state or composite state variable. S´Θ denotes the composite state of other

states except Θ. φ˚pA|Θ,S´Θq is the optimal action solved by the Bellman equation in

(3.29)-(3.31) given the current state S “ pΘ,S´Θq. Θthr,i is called the ith threshold of the

state Θ. In other words, the action A is monotonic as the state Θ increases.

To prove that the optimal policy φ˚pA|Sq in (3.30) is a threshold policy, the concept of

supermodularity/submodularity [185] is applied.

Definition 3.1 For x P X Ď R, y P Y Ď R, a function fpx, yq P R is supermodular in px, yq

if fpx1, y1q´ fpx1, y2q ě fpx2, y1q´ fpx2, y2q, @x1, x2 P X, @y1, y2 P Y, x1 ą x2, y1 ą y2.

Similarly, fpx, yq is submodular in px, yq if fpx1, y1q ´ fpx1, y2q ď fpx2, y1q ´ fpx2, y2q,

@x1, x2 P X, @y1, y2 P Y, x1 ą x2, y1 ą y2.

The supermodularity/submodularity property of fpx, yq is a sufficient condition of the

non-decreasing/non-increasing monotonicity of y “ arg max
y

fpx, yq [183, 185]. Specifi-

cally, in the proposed MDP model and Bellman equation given in (3.29)-(3.31), for a given

state θ P tE ,L,Wu, the fact that HpS|Aq is supermodular/submodular in pθ,Aq indicates

that φ˚pA|θq is non-decreasing/non-increasing in θ P tE ,L,Wu. In particular, when θ in-

creases, 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 (3.32), the threshold policy holds.

3.3.3.2 Threshold Policy

Firstly, when the energy gateway is at the location with a charger, the threshold policy exists

with respect to the energy state E .

We first remove the action of energy transfer A “ 2 (i.e., the energy gateway never

transfers energy when it is at the location with a charger). The proof is direct that A “ 2 is

always dominated by the idle action A “ 0 in this case since the following condition holds:

HpS|A “ 0q ě HpS|A “ 2q, @S P S. (3.33)

Thus, we have the following theorem when the energy gateway is at the location with a

charger.
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Theorem 3.1 Given any user state N , price state P , and the location state L P LB, the

optimal action policy of the energy gateway is a threshold policy in the energy state E , if

the holding cost F pEq is a linear function in E . The action of the energy gateway is A “ 1

if E ď E1´0
THRESHOLD, and A “ 0 otherwise.

The threshold policy is binary that only the action A P t0, 1u will be taken. The in-

tuition is that when the energy gateway has less energy in its battery, it is more likely to

receive energy from the charger. By the definition of submodularity as in Definition 3.1,

Theorem 3.1 can be proven as in Section 3.6.1.

Similarly, when the energy gateway is at the location with users, the charging action

A “ 1 is eliminated. We have the following theorem for the threshold policy with respect

to the energy state E .

Theorem 3.2 Given any user state N , price state P , and the location state L P LS , the

optimal action policy of the energy gateway is a threshold policy in the energy state E , given

that the holding cost F pEq is a linear function in E . The action of the energy gateway is

A “ 0 when E ď E0´2
THRESHOLD, and A “ 2 otherwise.

Again, the intuition is that when the energy gateway has more energy in its battery, it is

more likely to transfer energy to the users. The proof of Theorem 3.2 is similar to that of

Theorem 3.1, and therefore we omit it for brevity.

Finally, for the energy gateway at the location without any charger or users (i.e., the

location state is in the subset LNC), the idle action A “ 0 is always taken, and a threshold

policy with respect to the energy state E exists trivially. Therefore, the existence of thresh-

old policy with respect to the energy state E in the optimal policy is completely proven.

In the similar spirit, when the energy gateway is at the location with a charger, a thresh-

old policy with respect to the energy price of a particular charger Pi, @i P t1, 2, . . . ,Mu

exists as stated in the following theorem.

Theorem 3.3 Given any user state N , price state P´i “ pP1, . . . ,Pi´1,Pi`1, . . . ,PMq

(except the ith price component), and the location state L P LB, the optimal action policy

of the energy gateway is a threshold policy in the ith price state component Pi.
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The intuition is that if the energy price is higher, the energy gateway is less likely to

receive energy from the charger since it incurs smaller reward.

When the energy gateway is at the location with users, we have the following theorem

for a threshold policy with respect to the user state N .

Theorem 3.4 Given any price state P , energy state E , and the location state L P LS , the

optimal action policy of an energy gateway is a threshold policy in the user state N .

The intuition is that when there are more number of users that can receive energy from

the energy gateway, the energy gateway is likely to take the action to transfer energy due to

higher reward. The proofs of Theorems 3.3 and 3.4 are similar to that of Theorem 3.1, and

therefore we omit it for brevity.

3.4 Numerical Results

3.4.1 System Settings

3.4.1.1 System Parameters

Unless otherwise stated, we use the following parameter setting to evaluate and compare

the performance of different schemes.

• There are three locations in the network: Location L “ 1 has neither charger nor

user, i.e., L “ 1 is in the subset LNC . Location L “ 2 belongs to LB where the

charger exists. At location L “ 3, the energy gateway can transfer energy to users,

i.e., L “ 3 P LS . The transition matrix of location state L is

WL “

»

–

0.02 0.29 0.69
0.02 0.29 0.69
0.02 0.29 0.69

fi

fl , (3.34)

which indicates that the energy gateway has the probability of 0.29 to be with the

charger, and the probability of 0.69 to be with users.

• The battery of the energy gateway has the capacity of 5 units of energy, i.e., E “ 5.

• The charger provides the energy charging service at three different prices, denoted by

P “ t0.1, 1.0, 5.0u. The price state changes among the three prices uniformly, i.e.,

WP “ P1 “ r
1
3
s3ˆ3, as in (3.11).
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• The spatial density of users is α “ 0.005 per unit of area. The energy transferring

range is set as R “ 10m.

• The energy gateway receives one unit of energy from the charger, and transfers one

unit of energy to users, i.e., EB “ ES “ 1. The probability of successfully receiving

energy from the charger is 0.85.

• For the immediate utility function given in (3.25), we assume that the cost of holding

energy is negligible, i.e., HpEq ” 0. The utility function of charging is expressed

as uBpSq “ ´EBP . For transferring energy to users, we consider the case where

the energy demands of all users are met, as in (3.8). We set the uniform payment as

follows: rpedq ” 1.0. Therefore, in (3.25), uSpSq “ RpN , ESq “ 1.0N , where 1.0

indicates the payment from a user to the energy gateway.

• The discount factor in the Bellman equation is γ “ 0.95.

3.4.1.2 Baseline Schemes and Evaluation Criteria

We compare the proposed MDP-based scheme with four baseline energy management

schemes. These schemes are as follows:

(i) A greedy scheme (GRDY): The energy gateway always takes the action to maximize

the immediate utility function (i.e., a myopic strategy).

(ii) A location-aware scheme (LOCA): The energy gateway always takes charging (A “

1), transferring (A “ 2), and idle (A “ 0) actions at the locations with a charger (i.e.,

subset LB), with users (subset LS), and with neither charger nor users (subset LNC),

respectively.

(iii) A random scheme (RND): The action taken by the energy gateway is randomly se-

lected from A “ t0, 1, 2u, with the probability of 1
3

for each action.

(iv) A location-aware random scheme (LRND): The energy gateway takes actions A “ 0

and A “ 1 when it is at the location in subset LB. It takes actions A “ 0 and A “ 2

when it is at the location in subset LS . Finally, it takes action A ” 0 at the location

in subset LNC .
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We assume that the energy gateway is initialized at any state S P S with the probability

pent “ 1{|S|. By adopting different energy management schemes, we evaluate the expected

utility of the energy gateway, energy charging (or transferring) rate, average energy level,

and successful energy transferring rate. Here, the successful energy transferring rate is the

probability of the states at which the energy gateway receives and stores enough energy to

be transferred.

3.4.1.3 Threshold Policy

Figure 3.4 shows that an optimal energy management policy obtained from the proposed

MDP-based scheme is a threshold policy. In particular, the threshold policy with respect to

the price state P is shown in Figures 3.4(a) to (d). Figures 3.4(a) and (c) show the policies

for the location state L “ 1, i.e., the energy gateway is at the location with a charger. In

this case, the action taken by the energy gateway changes from A “ 1 (i.e., charging) to

A “ 0 (i.e., idle) as the price state P increases. For example, in Figure 3.4(a), at the energy

state E “ 2, the action A “ 1 is taken when P “ 1 as well as P “ 2, and A changes to 0

when P increases to 3. However, when the energy gateway is at the location with users, i.e.,

L “ 2, as shown in Figures 3.4(b) and (d), no threshold policy exists with respect to P since

the energy gateway cannot request and receive energy from the charger. Consequently, the

actions are not affected by the price state P .

From Figures 3.4(d) and (f), when the energy gateway is at the location with users, i.e.,

L “ 2, the threshold policy exists with respect to N . As N increases, the action of the

energy gateway changes from A “ 0 to A “ 2 (i.e., an energy transferring action). This

is due to the fact that the energy gateway gains higher utility by transferring energy when

more users can receive energy. By contrast, as depicted in Figures 3.4(c) and (e) where the

location state is fixed as L “ 1 (i.e., at the location with a charger), there is no threshold

policy with respect to N since the number of users does not affect the charging decision of

the energy gateway.

The energy state E affects the action of the energy gateway when it is at the location

with either the charger or user, as shown in Figures 3.4(a), (b), (e) and (f). When the energy

gateway is at the location L “ 1 where the charger exists, as shown in Figures 3.4(a) and
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Figure 3.4: Threshold in actions for different (a) price state P and energy state E (when L “ 1 and
N “ 2), (b) price state P and energy state E (when L “ 2 and N “ 2), (c) price state P and user
state N (when L “ 1 and E “ 2), (d) price state P and user state N (when L “ 2 and E “ 2), (e)
user state N and energy state E (when L “ 1 and P “ 1), and (f) user state N and energy state E
(when L “ 2 and P “ 1).
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(e), the action changes from A “ 1 to A “ 0 as E increases. This is because the energy

gateway tends to request and receive energy when its battery (energy) level is low (e.g.,

E ď 3 in Figure 3.4(e)). The energy gateway stops charging when its energy level is high

enough (e.g., E ą 3 in Figure 3.4(e)) to avoid the cost from charging. By contrast, when

the energy gateway is at the location with users (i.e., L “ 2), the energy transferring action

A “ 2 is preferred as E becomes larger (e.g., E ě 2 in Figure 3.4(b)). Specifically, the

energy gateway is more likely to transfer energy to the users when it has sufficient energy

in its battery.

3.4.2 Maximum Energy Capacity of Mobile Energy Gateway: Im-
pacts to Optimality

We evaluate different performance measures and compare the proposed MDP-based scheme

with the other baseline schemes. The results are shown in Figures 3.5 and 3.6, when the

maximum capacity E of the energy gateway’s battery changes from 0 to 9.
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Figure 3.5: Impacts of maximum energy capacity E to (a) expected utility, (b) energy charging
rate, and (c) energy transferring rate.

Figure 3.5(a) shows the expected utilities of the energy gateway by adopting different

energy management schemes. The proposed MDP-based scheme achieves optimal per-

formance in terms of utility, compared with all the baseline schemes. From Fig. 3.5(a), al-

though the computational complexity of solving the MDP-based scheme is Op|A|¨|S|2q,which

is larger than Op1q of the baseline schemes, the expected utility obtained increases signif-

icantly compared with other baseline schemes. As the maximum capacity E of the en-
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ergy gateway’s battery increases, the utilities obtained from the MDP-based and baselines

schemes increase. This is because that, when E becomes large, the energy gateway can

store more energy to be transferred to users, and thus gain more utility.

Figures 3.5(b) and (c) show the energy charging (A “ 1) rate from the chargers and en-

ergy transferring (A “ 2) rate to users, respectively. Both Figures 3.5(b) and (c) highlight

that the energy charging and transferring rates first increase, and then become stable at a cer-

tain level as the maximum capacityE increases. In this case, whenE is relatively small, the

increased capacity E allows the energy gateway to receive and store more energy (i.e., tak-

ing action A “ 1). Thus, the energy gateway has more opportunity to transfer energy (i.e.,

A “ 2) to the users. Consequently, both the energy charging/transferring rates increase.

However, as E continues to increase, the cost (i.e., negative utility) of charging uBpSq pre-

vents the energy gateway from charging, and thus curtails the energy transfer. Therefore,

both the curves of energy charging/transferring rates plateau asE is large enough, i.e., when

E ě 4 in Figures 3.5(b) and (c).

Observed from the curves of GRDY in Figures 3.5(a) and (b), the greedy scheme is not

practical, even though it yields acceptable utility as shown in Figure 3.5(a). As the system

operates, the energy gateway tends not to charge from the chargers, since the value of uBpSq

(as in (3.26)) is always not more than 0. Therefore, the energy charging/transferring rates

are both zero. The energy gateway will only exhaust the energy stored in its battery by

transferring to the users, and never recharge again.

In Figure 3.6(a), the proposed MDP-based scheme has the higher average energy level

for the energy gateway (i.e., more amount of energy stored in its battery) than that of the

location-aware scheme. However, as shown in Figure 3.6(b), the location-aware scheme has

the highest successful energy transferring rate. Thus, Figures 3.6(a) and (b) indicate that,

although outperformed by the proposed MDP-based scheme in terms of expected utility as

shown in Figure 3.5(a), the location-aware scheme can have higher efficiency in utilizing

the energy stored in the battery. In particular, the location-aware scheme achieves higher

successful energy transferring rate with lower energy state of the energy gateway, compared

to the other schemes.
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Figure 3.6: Impacts of maximum energy capacity E to (a) average energy level, and (b) Successful
energy transferring rate.

Figure 3.6 can assist to design the hardware infrastructure of the energy gateway adopt-

ing the proposed MDP-based scheme. As shown in Figure 3.6(a), the average energy level

stops increasing when E ą 5. Moreover, simply increasing the maximum capacity E does

not stimulate the energy gateway to charge, as shown by the results when E ą 4 in Fig-

ures 3.5(b) and (c). In this case, the battery is not efficiently utilized when E ą 5. As a

result, although larger energy capacity leads to higher expected utility (as in Figure 3.5(a)),

such a benefit diminishes after reaching a certain value (e.g., E “ 5) to balance between

the utility and the design and implementation cost of the energy gateway.

3.4.3 Impacts of User Spatial Density

Figure 3.7 shows and compares the performance when the spatial distribution density α of

users increases from 1.0ˆ 10´3 to 1.0ˆ 10´2.

As the user density increases, the users at location L “ 3 (i.e., in subset LS) becomes

denser. The energy gateway can reach and supply energy to more users. In particular,

the maximum number of users N increases, and the user state N tends to be larger. Conse-

quently, the energy transferring action is preferred since it generates more reward from more

users. Subsequently, to have sufficient energy in the battery, the energy gateway has to take

the charging action more frequently. The increases of the expected utility, energy charging

and transferring rates, and successful energy transferring rate of the proposed MDP-based
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Figure 3.7: Impacts of spatial density α of users to (a) expected utility, (b) energy charging rate,
and (c) energy transferring rate.

scheme are shown in Figures 3.7(a), (b) and (c), respectively. The similar explanations to

those in Section 3.4.2 apply.

3.4.4 Impacts of Energy Gateway Location and Energy Price

Next, we evaluate the impacts of the location states of the energy gateway, as well as the

energy price of the charger on the performance and energy management policy. We will

show that the performance of the MDP-based scheme is more stable comparing with the

baseline schemes.
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Figure 3.8: Impacts of location transmission matrix to (a) expected utility, (b) energy charging rate,
and (c) energy transferring rate.

Apart from the default setting of the transition matrix of the location state L given in

Section 3.4.2, we examine three different mobility patterns of the energy gateway. They
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are based on three different location state transition matrices WL1, WL2 and WL3, with all

the row vectors to be r0.7, 0.15, 0.15s, r0.15, 0.7, 0.15s and r0.15, 0.15, 0.7s, respectively.

Thus, WL1, WL2 and WL3 represent the cases that the energy gateway most frequently

visits the locations in “no contact” subset (LNC), with a charger (LB) and with users (LS),

respectively.

From Figure 3.8, the two location-aware baseline schemes (i.e., LOCA and LRND)

and the random scheme (i.e., RND) are sensitively affected by the mobility variations. For

example, as shown in Figure 3.8(a), when the energy gateway visits the location with the

charger frequently (i.e., WL2 is applied), the utility of the location-aware scheme plunges

sharply. This is because that the energy gateway loses much utility by taking the charging

action (A “ 1) frequently, as shown in Figure 3.8(b). Similarly, the location-aware and

location-aware random schemes require the energy gateway to increase the energy transfer-

ring (A “ 2) rate when WL3 is applied, as shown in Figure 3.8(c). This is due to the high

probability that the energy gateway can transfer energy to users. We can conclude from the

above results that with the proposed MDP-based scheme which incorporates the location as

a state when making management (i.e., charging/transferring) decisions, the energy gate-

way will have more stable performance in terms of utility even with dramatically different

mobility patterns.
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Figure 3.9: Impacts of price state transition matrix to (a) expected utility, (b) energy charging rate,
and (c) energy transferring rate.

Similarly, we examine different price variations of the chargers. For any charger i, the

price state transition matrix Pi has all the row vectors to be r0.7, 0.15, 0.15s, r0.15, 0.7, 0.15s
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and r0.15, 0.15, 0.7s, which, respectively, represent the cases that the charger has 70% of

applying the prices of 0.1, 1.0 and 5.0 to the energy gateway, respectively (i.e., the energy

gateway will experience low, medium, and high prices more frequently).

The performance measures of the MDP-based and baseline schemes in these three cases

are depicted in Figure 3.9. When the charger is likely to apply a high price, the utilities

obtained from LOCA, RND and LRND schemes fall because those schemes may not avoid

charging when energy price is high, as shown in Figure 3.9(a). The proposed MDP-based

scheme maintains utility at a high level by reducing the energy charging (A “ 1) rate when

the price is high, as shown in Figure 3.9(b). However, the reduced charging rate from the

proposed the MDP-based scheme causes a lower energy supply (i.e., lower average energy

level of the battery).

3.5 Summary

This chapter has proposed a mobile energy gateway which carries RF energy from charg-

ers, and transfers energy to end energy users. A Markov decision process (MDP) based

model has been proposed for the energy gateway to achieve the optimal energy manage-

ment policy, i.e., deciding whether the action of energy charge or transfer should be taken.

The mobile energy gateway is a self-interested component. By adopting the MDP-based

optimal policy, the energy gateway maximizes the overall utility. We have proven that the

obtained optimal energy management policy has a threshold-type structure, which can be

further used for efficient algorithm design to obtain the optimal policy given the system pa-

rameters alter. In the end, numerical results have been presented to show that the proposed

MDP-based scheme outperforms other baseline schemes.
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3.6 Appendix

3.6.1 Proof of Threshold Policy in the Energy State E

Proof To prove the threshold policy, we examine the submodularity property of the overall

utility function HpS|Aq with respect to the energy state E , i.e.,

rHpE`1,S´E |A “ 1q´HpE ,S´E |A “ 1qs´HpE`1,S´E |A “ 0q´HpE ,S´E |A “ 0q ď 0.

(3.35)

With the definition of the overall utility function HpS|Aq given in (3.31), we have the

following derivations:

HpE ` 1,S´E |A “ 1q ´HpE ,S´E |A “ 1q
“ upE ` 1,S´E |A “ 1q ´ upE ,S´E |A “ 1q

`γηLΨcoef rUpL1, E ` 1` EB,N 1,P 1q ´ UpL1, E ` EB,N 1,P 1qs
`γp1´ ηLqΨcoef rUpL1, E ` 1,N 1,P 1q ´ UpL1, E ,N 1,P 1qs ,

(3.36)

and
HpE ` 1,S´E |A “ 0q ´HpE ,S´E |A “ 0q

“ upE ` 1,S´E |A “ 0q ´ upE ,S´E |A “ 0q
`γΨcoef rUpL1, E ` 1,N 1,P 1q ´ UpL1, E ,N 1,P 1qs ,

(3.37)

where

Ψcoef “
ÿ

L1PLBYLNC

ψlL,L1
ÿ

P 1PP
ψpP,P 1IN 1“0 `

ÿ

L1PLS

ψlL,L1
ÿ

P 1PP
ψpP,P 1

ÿ

N 1PN

ψuN ,N 1 . (3.38)

The coefficient Ψcoef includes the transition probabilities from the current state S to the

next state S 1. The first term of (3.38) represents the transition probability of the case that

the location L1 is in the subset LB or LNC , such that N 1 ” 0. The indicator function IN 1“0

in (3.38) is defined as follows:

IN 1“0 “

"

1, for N 1 “ 0,
0, otherwise. (3.39)

The second term of (3.38) represents the case that the location L1 is in the subset LS with

users. Ψcoef ě 0 holds by definition.

From (3.36) and (3.37), the following inequality holds:

rHpE ` 1,S´E |A “ 1q ´HpE ,S´E |A “ 1qs
´rHpE ` 1,S´E |A “ 0q ´HpE ,S´E |A “ 0qs

“ γηLΨcoef trUpL1, E ` 1` EB,N 1,P 1q ´ UpL1, E ` EB,N 1,P 1qs
´ rUpL1, E ` 1,N 1,P 1q ´ UpL1, E ,N 1,P 1qsu

ď 0.

(3.40)
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It holds because ηL ě 0, Ψcoef ě 0 and Lemma 3.1 in Section 3.6.2 holds. Consequently,

the submodularity ofHpS|Aq is proven as in (3.40). According to Definition 3.1, the 1-to-0

threshold policy with respect to the energy state E exist.

3.6.2 Proof of Concavity of the Overall Utility Function UpSq

We prove the discrete concavity of the optimal overall utility function UpSq given in (3.29)

with respect to E , given that L P LB, i.e., the energy gateway is at the location with a

charger.

Lemma 3.1 For any positive integer EB, i.e., EB P N`, the optimal utility function holds

for

rUpE ` 1` EB,S´Eq ´ UpE ` EB,S´Eqs ´ rUpE ` 1,S´Eq ´ UpE ,S´Eqs ď 0, (3.41)

given the discrete concavity of the immediate utility function upS|Aq with respect to E ,

which is defined as follows:

upE ` 2,S´E |Aq ´ upE ` 1,S´E |Aq ď upE ` 1,S´E |Aq ´ upE ,S´E |Aq, (3.42)

regardless of S´E and A.

Proof To solve the Bellman equation in (3.29)-(3.31), the value iteration algorithm [163]

is applied to obtain the optimal overall utility UpSq. We denote the kth iteration of UpSq

and HpS|Aq to be UkpSq and HkpS|Aq.

Let

UkpE ` 1` EB,S´Eq “ HkpE ` 1` EB,S´E |A “ a3q, (3.43)

UkpE ` EB,S´Eq “ HkpE ` EB,S´E |A “ a2q, (3.44)

UkpE ` 1,S´Eq “ HkpE ` 1,S´E |A “ a1q, (3.45)

UkpE ,S´Eq “ HkpE ,S´E |A “ a0q. (3.46)
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By optimality, either of the following two inequalities holds:

rUkpE ` 1` EB,S´Eq ´ UkpE ` EB,S´Eqs ´ rUkpE ` 1,S´Eq ´ UkpE ,S´Eqs
ď rHkpE ` 1` EB,S´E |A “ a3q ´HkpE ` EB,S´E |A “ a3qs

loooooooooooooooooooooooooooooooooooooomoooooooooooooooooooooooooooooooooooooon

Term A
´ rHkpE ` 1,S´E |A “ a0q ´HkpE ,S´E |A “ a0qs
loooooooooooooooooooooooooooooomoooooooooooooooooooooooooooooon

Term B

,

(3.47)

or

rUkpE ` 1` EB,S´Eq ´ UkpE ` EB,S´Eqs ´ rUkpE ` 1,S´Eq ´ UkpE ,S´Eqs
ě rHkpE ` 1` EB,S´E |A “ a2q ´HkpE ` EB,S´E |A “ a2qs

´rHkpE ` 1,S´E |A “ a1q ´HkpE ,S´E |A “ a1qs.
(3.48)

Induction is employed to prove the discrete concavity of UpSq with respect to E , given

the discrete concavity of the immediate utility function upS|Aq in E , as follows:

Case I: When (3.47) holds. For Term A:

HkpE ` 1` EB,S´E |A “ a3q ´HkpE ` EB,S´E |A “ a3q

“ Ia3“1

!

upE ` 1` EB,S´E |A “ 1q ´ upE ` EB,S´E |A “ 1q

`γηLΨcoef ¨ rUk´1pE ` 1` 2EB,S 1´Eq ´ Uk´1pE ` 2EB,S 1´Eqs
`γp1´ ηLqΨcoef ¨ rUk´1pE ` 1` EB,S 1´Eq ´ Uk´1pE ` EB,S 1´Eqs

)

`Ia3“0

!

CpE ` 1` EB,S´E |A “ 0q ´ CpE ` EB,S´E |A “ 0q

`γΨcoef ¨ rUk´1pE ` 1` EB,S 1´Eq ´ Uk´1pE ` EB,S 1´Eqs
)

.

(3.49)

Term B:

HkpE ` 1,S´E |A “ a0q ´HkpE ,S´E |A “ a0q

“ Ia0“1

!

upE ` 1,S´E |A “ 1q ´ upE ,S´E |A “ 1q

`γηLΨcoef ¨ rUk´1pE ` 1` EB,S 1´Eq ´ Uk´1pE ` EB,S 1´Eqs
`γp1´ ηLqΨcoef ¨ rUk´1pE ` 1,S 1´Eq ´ Uk´1pE ,S 1´Eqs

)

`Ia0“0

!

CpE ` 1,S´E |A “ 0q ´ CpE ,S´E |A “ 0q

`γΨcoef ¨ rUk´1pE ` 1,S 1´Eq ´ Uk´1pE ,S 1´Eqs
)

(3.50)

Initial step: For the initial step k “ 0, we let U0pSq ” 0, @S P S. The discrete concavity

of UpSq holds since

H1pE ` 1` EB,S´E |A “ a3q ´H1pE ` EB,S´E |A “ a3q

“ upE ` 1` EB,S´Eq ´ upE ` EB,S´Eq
ď upE ` 1,S´Eq ´ upE ,S´Eq
“ H1pE ` 1,S´E |A “ a0q ´ U1pE ,S´E |A “ a0q,

(3.51)

That is, ∆2UEB
1 ď 0.
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Inductive step: For the pk ´ 1qth step, suppose that ∆2UEB
k´1 ď 0 holds, the following

inequalities hold:

HkpE ` 1` EB,S´E |A “ a3q ´HkpE ` EB,S´E |A “ a3q,
ď upE ` 1` EB,S´Eq ´ upE ` EB,S´Eq

`γΨcoef ¨ rUk´1pE ` 1` EB,S 1´Eq ´ Uk´1pE ` EB,S 1´Eqs,
ď upE ` 1,S´Eq ´ upE ,S´Eq

`γΨcoef ¨ rUk´1pE ` 1` EB,S 1´Eq ´ Uk´1pE ` EB,S 1´Eqs,
ď HkpE ` 1,S´E |A “ a0q ´HkpE ,S´E |A “ a0q.

(3.52)

As a result, ∆2UEB
k ď 0 holds, the kth step is proven that UkpSq holds for the discrete

concavity. Based on the uniqueness and convergence of the value iteration algorithm [186],

the optimal overall utility function UpSq holds for Lemma 3.1 in Case I.

Case II: (3.48) may hold when the cost of holding energy is ignored, i.e., HpEq ” 0.

Similar to Case I, the inequality ∆2UEB
k´1 ě 0 can be proven using induction. We use

contradiction to prove that the strict inequality relation does not hold in ∆2UEB
k´1 ě 0.

Specifically, only ∆2UEB
k´1 “ 0 holds in this case.

Given that ∆2UEB
k´1 ą 0 holds, HpE ,S´Eq is submodular with respect to E when L P

LB. That is, the action A only changes from 0 to 1 when E increases, given other states fixed

and L P LB. By definition, when E “ E, it is clear that HpE “ E,S´E |A “ 0q ą HpE “

E,S´E |A “ 1q. Then A “ 0 will be taken when E “ E. Consequently, @E P G, A ” 0

due to the submodularity with respect to E , which contradicts the assumption ∆2UEB
k´1 ą 0.

Therefore, only ∆2UEB
k´1 “ 0 holds, which also belongs to Case I where ∆2UEB

k´1 ď 0 holds.
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Chapter 4

Traffic-aware Optimal Wireless Energy
Charging Policy

With the development of mobile devices, such as hand-held smart phones, many complex

jobs can be processed on the mobile devices. However, due to the mobility feature and

limited size, a mobile device is energy-constrained when processing jobs. We discuss a

mobile network with RF energy charging techniques.

A mobile device named mobile node in the network moves among different locations.

Only some of those locations contain RF energy chargers. Different jobs could be generated

in the mobile node, causing different levels of traffic loads. The mobile node may request

energy when the current location contains an RF energy charger, and process the traffic

load when the stored energy is enough. An RF energy charger will charge a certain fee

(i.e., price) to the mobile node for the energy charged. Different chargers have different RF

energy prices.

To efficiently utilize the battery energy and charge from RF energy chargers, the mobile

node aims to minimize the cost, which considers the payment paid to RF energy sources for

energy charging, as well as the penalty incurred when the energy stored in the battery is not

enough for job processing. As a result, the mobile node only charges whenever necessary.

For instance, when the energy price is low, or when the mobile node needs to process jobs

with high traffic, it is intuitive that the node is more likely to charge RF energy. To this

end, a Markov decision process (MDP) based scheme is proposed for the mobile node to

optimally decide its RF energy charging policy based on the current location, traffic load,

and the units of energy remained as the energy state.
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The works in the current literature did not study a general mobile node facilitated with

wireless energy charging functions. A full-functional mobile node differs from a sensor or

a mesh node in several aspects. Firstly, the mobile node handles various types of traffic

load, which may generate different levels of satisfaction to a user and consume different

amount of energy. Secondly, the mobile node may move among different locations, and

wireless charging becomes intermittent. Thirdly, wireless charging can incur different cost

to the mobile node. Therefore, there is a need to develop a novel optimization problem

considering these issues and study the structure of the optimal energy charging policy.

The rest of this chapter is organized as follows. Section 4.1 describes a mobile net-

work with energy sources. In Section 4.2, an MDP model is formulated with the solution

to maximize a mobile node’s expected utility, considering the location, energy and traffic

generation states of the mobile node. Performance metrics are defined to measure the mo-

bile network with energy sources. Section 4.3 proves the existence of threshold policies of

the energy state and location states. Numerical results are provided in Section 4.4. Finally,

Section 4.5 concludes the chapter.

Some important mathematical notations in this chapter are listed in Table 4.1 for con-

venience.

4.1 System Model

In this section, we first describe the system model of a mobile node with wireless energy

charging. The assumptions of the system are also stated.

4.1.1 General System Model

We consider a mobile node equipped with an energy storage (e.g., a battery) and wireless

energy charging facility. The mobile node moves among different locations, as shown in

Fig. 4.1(a). The mobile node works as follows (Fig. 4.1(b)). The mobile application running

on the mobile node generates traffic load (e.g., voice or video). This traffic load can refer

to the data that will be transmitted by the mobile node to a base station or relay node via

a single-hop or multi-hop communications, respectively. The data transmission requires

certain units of energy from the energy storage of the mobile node. Different traffic load can
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Table 4.1: Notation descriptions.

Notation Definition

S “ pE ,L,Wq Composite state of the mobile node, including energy state,
location state, and the traffic state

G,L,W State sets of energy state, location state, and traffic state

A A P t0, 1u, The action of being idle and charging of the
mobile node

EpAq, L, W
Transition matrices for energy states, location states and
traffic states

P
Overall transition matrix of the composite state S , i.e., P “

rP pS,S 1|Aqs
γ Discount factor in the Bellman equation

Hp¨q, V p¨q
Overall utility function, expected optimal utility function in
the Bellman equation

F pE ,L,W |Aq Immediate utility utility function of the mobile node

FEpEq, FLpL|Aq,
FW pE ,W |Aq

Utilities by storing energy, purchasing energy from the
charger at location L, and the utility of processing a traf-
fic load

βpLq Price of charging energy at the location L

b, B
Number of energy units received, the maximum number of
units could be requested by the mobile node

A
The maximum of the energy that can be consumed by the
current traffic
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Location 1Loc. 2
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Mobile node

Base station 
with charger
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Mobile node

Energy storage
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Traffic generation

state

Get state(s)

Location state

Internal states

External state(s)

(b)

Figure 4.1: System model: (a) mobility and energy charging of a mobile node, and (b) the state of
the mobile node.
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be generated by the application at different state, and we refer to this state as the traffic state.

Depending on this traffic state, the mobile node consumes certain units of energy to transmit

the generated traffic. With the wireless charging facility installed, the mobile node can

charge energy from accessible energy sources (i.e., wireless chargers). To receive energy,

the mobile 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 node with wireless energy charging capabil-

ity, we design an energy charging scheme for the mobile node to decide whether to perform

energy charging or not. The energy charging scheme is based on an optimization formula-

tion of a Markov decision process (MDP). The optimal energy charging policy is obtained

from solving the MDP. We consider a time slot based operation for the mobile node. Here

the time slot is a logical time reference for the mobile node to transmit data and receive the

energy. The decision of the mobile node is to charge wireless 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.

4.1.2 Definitions and Assumptions

To develop the optimal energy charging scheme for a mobile node, we first introduce the

following settings and assumptions.

4.1.2.1 Node’s Mobility

The mobile node can move among different locations. The location variable is denoted as

L P L “ t1, 2, . . . , Lu, where L is a set of all locations and L is the maximum number

of locations. In every location L, there is a particular price βpLq ě 0 for energy charging.

Several factors may affect the price βpLq, and the price depends on the properties of the

current location that the mobile node is in. For example, the path loss exponent of each

base station may vary, multi-antenna technique might be deployed to enhance the energy

charging efficiency (e.g., location 4 in Fig. 4.1(a)), some cells may not be covered by any
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base station (location 2 in Fig. 4.1(a)), also the power of each base station may affect its

charging price. The mobile node will pay this price to the wireless charger if the mobile

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., βpL1q ď βpL2q ðñ L1 ă L2. Note that

if a location does not have a charger, the price will be βpLq “ 8, therefore the mobile node

will rationally not take the action to buy wireless energy.

4.1.2.2 Energy Storage

G “ t0, 1, . . . , Eu denotes the set of possible energy units (i.e., energy level) of the energy

storage of the mobile node, where E is the maximum capacity. The mobile node only

utilizes the stored energy units to transmit. The energy level can increase from charging

and decrease when the mobile node transmits the generated traffic.

4.1.2.3 Wireless Energy Charging

When a mobile node is at the location with a charger, the mobile 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 ď E, in one time slot. However,

only b units are successfully charged with the probability σb, where b P t0, 1, . . . , B,Wu.

σb depends on the property of energy charging interface of the mobile user, 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 mobile 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 node is able to process any

traffic W without consuming energy storage, i.e., the energy storage in the mobile node is

always full, regardless of the the energy level in the last time slot. Practically, this case can

happen when the mobile 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 [58].
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4.1.2.4 Traffic load

In each time slot, the mobile node may generate different traffic. The traffic state is denoted

as W P W “ t0, 1, . . . , Au, where A ă E is assumed. Without loss of generality, at the

traffic state W , the mobile node will consume W units of energy in one time slot. One of

examples of the traffic load is voice communication, which can be modeled as an on-off

source. In this case, the traffic state is defined as W P W “ t0, 1u. The traffic state is

W “ 0 for an off period. That is, the mobile node does not consume energy. Similarly, the

traffic state is W “ 1 for an on period, where the mobile node consumes one unit of energy

to transmit a voice packet.

4.2 Optimization Problem Formation

In this section, we formulate the energy charging problem of a mobile node as a Markov

decision process (MDP) by defining the state and action spaces, and deriving the transition

probability matrix. Then, we define the utility function and present the MDP optimiza-

tion formulation and its solving method. The performance metrics of the mobile node for

evaluating the MDP scheme are defined afterward.

4.2.1 State Space and Action Space

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

S “
 

pE ,L,Wq|E P G,L P L,W PW
(

(4.1)

where S P 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 mobile

node, respectively.

The action space of the mobile node is defined as A “ t0, 1u, where the action A “ 1

indicates that the mobile node requests to buy wireless energy from a charger. The action

A “ 0 indicates that the mobile node does not request for energy charging.
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Figure 4.2: Transition diagram of location state L P L “ t1, 2u.

4.2.2 Transition Probability Matrix

4.2.2.1 Location State and Mobility

Figure 4.2 shows an example of the state transition diagram of the mobile node when its

location states belong to the set L “ t1, 2u, where the mobile node moves between two

locations. The mobile node moves based on its own mobility pattern only, regardless of the

mobile node’s energy state E and traffic state W . We denote µL,L1 as the probability that

the mobile node is at location L in the current time slot and moves to location L1 in the next

time slot.

The movement pattern of the mobile node can be arbitrary in the model. Generally, the

node could have two mobility patterns: correlated and uncorrelated mobility patterns. In

the correlated mobility pattern case, the location in the next time slot L1 depends on the

current location L of the mobile node. For example, the mobile node will only move to

the adjacent locations with a high probability, such as Brownian motion. Therefore, the

transition probability µL,L1 is a function of both L and L1, denoted as µL,L1 “ PLpL,L1q.

With the uncorrelated mobility pattern, the mobile node will choose the next location L1

regardless of the current location L, i.e., i.i.d. location distribution. In this case, µL,L1 is

only a function of L1, i.e., µL,L1 “ PLpL1q. The location transition matrix is expressed as

follows:

L “

»

—

–

µ0,0 ¨ ¨ ¨ µ0,L
... . . . ...

µL,0 ¨ ¨ ¨ µL,L

fi

ffi

fl

(4.2)

4.2.2.2 Traffic State Transition

Figures 4.3(a) and (b) show an example of the state transition diagram of the traffic state

W P W. Each traffic state indicates a mode that the mobile node is operating at, or a job
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being executed at the mobile node. The traffic state of the mobile node changes from time

to time, as different traffic will be incurred in different time slots.

  =0

E

...
...

  -1

  =0

E

...
...

  =0

E

...
...

  -A

......

   =0    =1    =A...

...

,      ω

(a)

  =0

  +b

...
...

...

  =0

  +b

...
...

...σ b σ b

  +b
-A

... ...
Step 1:

Charging

Step 2:
Energy consuming

... ...   = A

,      ω ,      ω

(b)

Figure 4.3: (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).

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

W “

»

—

–

ω0,0 ¨ ¨ ¨ ω0,A
... . . . ...

ωA,0 ¨ ¨ ¨ ωA,A

fi

ffi

fl

(4.3)

where the notation ωW,W 1 means the probability that the traffic state transits from W to W 1.

To facilitate the derivation in later Section 4.2.2.3, we denote Wi as follows:

Wi “

»

—

—

—

—

—

–

...
...

0 ¨ ¨ ¨ 0
ωi,0 ¨ ¨ ¨ ωi,A
0 ¨ ¨ ¨ 0
...

...

fi

ffi

ffi

ffi

ffi

ffi

fl

. (4.4)

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.

4.2.2.3 Energy State Transition

The transitions of the energy states depend on the current location, traffic state, as well as

the action taken. Figure 4.3(a) shows the transitions of energy state when action A “ 0.
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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. Figure 4.3(b) is for the action A “ 1 when the mobile node

is at a location L with a wireless energy charger. Energy units are utilized by the mobile

node to transmit. Therefore, the amount of energy consumed is the traffic state W . The

energy charging and transmission processes can be performed at the same time, i.e., in a

full-duplexing manner. Without loss of generality, we assume the charged energy can be

immediately used for transmission in the current time slot. Practically, the mobile node can

repeatedly try to transmit until the end of the current time slot. In this case, the mobile 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 sub-transitions, e.g., as shown in Fig. 4.3(b), where the

energy state transits from E to E`b´A if b units of energy are charged with the probability

σb and A energy units are consumed to transmit the traffic W “ A.

We define the matrix as follows:

EW
“ rσWJpA`1,A`1q, . . . , σWJpA`1,A`1qs

J
ˆ r0, . . . , 0, 1s (4.5)

where JpA`1,A`1q is a matrix of ones with the size of pA`1qˆpA`1q. EW is the transition

matrix for the case that the mobile node is directly connected to a power source in a time

slot.

For A “ 0, there is no charge. EpA “ 0q is the energy transition matrix. EpA “ 0q is

expressed as follows:

EpA “ 0q “

»

—

—

—

—

—

—

—

—

–

řA
i“0 Wi

řA
i“1 Wi W0

... . . . . . .
WA ¨ ¨ ¨ W1 W0

. . . . . . . . . . . .
WA ¨ ¨ ¨ W1 W0

fi

ffi

ffi

ffi

ffi

ffi

ffi

ffi

ffi

fl

(4.6)

In the energy transition matrix, the element pi, jq indicates the probability that the energy

state transits from i to j. For example, the element WA at pA, 0q in the matrix (4.6) indicates
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that the energy level falls from A to 0, when the mobile node has a traffic A, i.e., A units of

energy will be consumed by handling the traffic.

Similarly, ẼpbqpA “ 1q 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

Ẽp0qpA “ 1q “ EpA “ 0q. (4.7)

For the case of b P t1, . . . , A´ 1u units of energy charging, we have

ẼpbqpA “ 1q “

»

—

—

—

—

—

—

—

—

—

—

—

—

–

řA
i“b Wi Wb´1 ¨ ¨ ¨ W0

řA
i“b`1 Wi Wb ¨ ¨ ¨ W1 W0

... . . .
WA WA´1 ¨ ¨ ¨ W1 W0

. . . . . . . . . . . .
WA WA´1 ¨ ¨ ¨ W1 W0

...
...

...
...

WA WA´1 ¨ ¨ ¨ W1 W0

fi

ffi

ffi

ffi

ffi

ffi

ffi

ffi

ffi

ffi

ffi

ffi

ffi

fl

.

(4.8)

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 sufficient to support all cases of energy consump-

tion. Therefore, the probability that the energy storage is empty is the summation of the

probabilities of all such cases. However, for the case of b P tA, . . . , Eu (i.e., the amount

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

matrix becomes

ẼpbqpA “ 1q “

»

—

—

—

—

—

–

0pb´Aq WA ¨ ¨ ¨ W1 W0

. . . . . .
WA ¨ ¨ ¨ W1 W0

...
...

...
WA ¨ ¨ ¨ W1 W0

fi

ffi

ffi

ffi

ffi

ffi

fl

(4.9)

where 0pb´Aq “ r0, . . . , 0s (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:

EpA “ 1q “
B
ÿ

k“0

σkẼ
pkq
pA “ 1q ` σWEW. (4.10)

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

P “ rP pS,S 1|Aqs “ EpAq
â

L (4.11)
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where
Â

is the Kronecker product. With the overall state transition matrix P derived, the

probability of all the possible transitions of the mobile node is obtained to fulfill the MDP.

4.2.3 Immediate Utility Function

Given that the mobile node transits amongst different states, and different actions are taken

accordingly, for the current state, an immediate utility is incurred to the mobile node, de-

noted as the immediate utility function F pE ,L,W |Aq, which only consider the current state

while ignoring all the past and future states.

The proposed MDP model does not require the immediate utility function to have a

particular form. We assume that F pE ,L,W |Aq is comprised of three components, denoted

as FEpEq, FLpL|Aq, and FW pE ,W |Aq. FEpEq is for the energy storage, FLpL|Aq is for

location-price, and FW pE ,W |Aq is for the traffic generation. We consider the weighted

sum of these components, i.e., F pE ,L,W |Aq “ cEFEpEq`cLFLpL|Aq`cWFW pE ,W |Aq,

where cE , cL, and cW are weight coefficients.

FEpEq could be the cost of storing energy in the battery. FLpL|Aq is the cost of pur-

chasing energy from the charger at the location L, and it is defined as follows:

FLpL|Aq “ ´A ¨ βpLq (4.12)

where βpLq is the charging price paid by the mobile node to the charger, as defined in

Section 4.1.2. Note that if A “ 0, then there is no energy transferred and hence the cost is

zero.

Similarly, FW pE ,W |Aq is expressed as follows:

FW pE ,W |Aq “
"

χpWq, pA “ 0 and E ěWq or pA “ 1 and E ´ 1 ěWq
ρpWq, otherwise (4.13)

where χpWq ě 0 is the utility that the mobile node is able to successfully transmit the traffic

W . That is, there is enough energy in the storage (i.e., E ě W when A “ 0). However, if

there is not enough energy, the cost ρpWq ď 0 is incurred to the mobile node if the traffic

state is W .
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4.2.4 Solving the MDP Optimization Formulation

As the MDP problem formulation is fulfilled with the transition matrices, actions and im-

mediate utility functions proposed, the MDP optimization formulation can be solved by

employing the Bellman equation [163, 183], as follows:

V pSq “ max
πpA|Sq

HpS|Aq (4.14)

φ˚pA|Sq “ arg max
πpA|Sq

HpS|Aq (4.15)

HpS|Aq “ F pS|Aq ` γ
ÿ

S1
P pS,S 1|AqV pS 1q (4.16)

The solutions of (4.14)-(4.16) are obtained by value iteration algorithm [163]. A policy

function πpA|Sq in (4.14)-(4.16) is defined as the node’s action A taken in the current state

S. The function F pS|Aq is the immediate utility function given in Section 4.2.3. HpS|Aq

is the utility when the action A is taken given the state S. Moreover, γ P p0, 1q is a discount

factor for the value functions of all future states. The solutions include the utility V pSq

of the mobile node considering all the possible future states, given any current state S, as

well as the optimal policy denoted as φ˚pA|Sq. Therefore, we obtain the optimal action for

the mobile 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 pSq as the value function and

HpS|Aq as the utility function. Moreover, we interchangeably use the notations V pSq and

V pE ,L,Wq, HpS|Aq and HpE ,L,W |Aq, as well as F pS|Aq and F pE ,L,W |Aq.

4.2.5 Performance Metrics

Based on the optimal charging policy of the mobile node, we can obtain the following

performance metrics.

4.2.5.1 Expected Utility

The mobile node can have any arbitrary initial state Sinit. We denote the probability that

the node has the initial state S to be pinitpSq, @S P S. We define the expected utility V of

the node as follows:

V “
ÿ

SinitPS
pinitpSq ¨ V pSq. (4.17)
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In this case, if the charging policy adopted by the mobile node maximizes the expected

utility V , the policy will maximize the mobile node’s expected utility starting from any

possible initial state.

4.2.5.2 Charging Rate

We define the steady state probability of taking action A “ 1 to be the charging rate. It is

calculated as follows:

ηcr “
ÿ

SPS
pstpSq ¨ ΛpA “ 1|Sq (4.18)

where pstpSq is the steady state probability of the state S when the optimal charging policy

is applied. The indicator function is ΛpA “ 1|Sq “ 1 when action A “ 1 is taken, and

ΛpA “ 1|Sq “ 0 otherwise.

4.2.5.3 Insufficient Energy Probability and Average Energy Level

When the traffic generated by the mobile node requires more energy units than the current

energy level, i.e., W ą E , the insufficient energy situation happens. Similar to the charg-

ing rate obtained in (4.18), the definition of insufficient energy probability metric ηie is as

follows:

ηie “
ÿ

SPS
pstpSq ¨ ΛpW ą E |Sq (4.19)

where ΛpW ą E |Sq “ 1 when W ą E , i.e., the available energy in the storage is not

enough to transmit the traffic generated at the state W , and ΛpW ą E |Sq “ 0 otherwise.

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

E “
ÿ

SPS
pstpSq ¨ E . (4.20)

4.2.5.4 Throughput

For the wireless transmission of the traffic, the throughput of the mobile node is defined as

follows:

T “
ÿ

SPS
pstpSq ¨ T pS|Aq (4.21)
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where T pS|Aq is the immediate throughput at the state S, defined as follows:

T pS|Aq “
"

p1´ εpSqq ¨KpWq, pA “ 0 and E ěWq or pA “ 1 and E ´ 1 ěWq
0, otherwise

(4.22)

where εpSq is the error rate of transmission in the state S, and KpWq denotes the number

of packets generated corresponding to the traffic state W .

4.3 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.

4.3.1 The Concept of Threshold Policy

The optimal policy of an MDP model with binary actions (i.e., A P tA1,A2u) is threshold-

type, defined as follows:

φ˚pA|Θ,S´Θq “

"

A1, for Θ ľ Θthresh

A2, otherwise (4.23)

where Θ is a state variable or a set of states, and S´Θ indicates the set of the rest of states.

Θthresh denotes the threshold value of the state Θ. The function φ˚pA|Θ,S´Θq is the opti-

mal action policy solved by the MDP model and Bellman equation, as given in (4.15). In

other words, whenever Θ ľ Θthresh, the action A1 will always be taken. Otherwise, the

action A2 will be taken.

The concept of supermodularity/submodularity [183, 185] is employed to prove the

existence of a threshold policy given as follows.

Definition 4.2 For x P X Ď R, y P Y Ď R, a function fpx, yq P R is supermodular in px, yq

if fpx1, y1q´ fpx1, y2q ě fpx2, y1q´ fpx2, y2q, @x1, x2 P X, @y1, y2 P Y, x1 ą x2, y1 ą y2.

Similarly, fpx, yq is submodular in px, yq if fpx1, y1q ´ fpx1, y2q ď fpx2, y1q ´ fpx2, y2q,

@x1, x2 P X, @y1, y2 P Y, x1 ą x2, y1 ą y2.

The supermodularity/submodularity property of fpx, yq is a sufficient condition of the

non-decreasing/non-increasing monotonicity of y “ arg max
y

fpx, yq [185]. Specifically,
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in the proposed MDP model and Bellman equation given in (4.14)-(4.16), for a given state

θ P tE ,L,Wu, the fact that HpS|Aq is supermodular/submodular in pθ,Aq indicates that

φ˚pA|Sq is non-decreasing/non-increasing in θ P tE ,L,Wu. In particular, when θ in-

creases, 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 (4.23), the threshold policy holds.

4.3.2 Threshold Policy in Location State

In this section, we prove the existence of a threshold policy in the optimal charging policy

of the mobile node with respect to location state L.

Lemma 4.2 Uniqueness and convergence: The value iteration algorithm to solve the

Bellman equation as in (4.14)-(4.16) will always converge to a unique optimal result [186].

Definition 4.3 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 Apθ2q ą Apθ1q (or Apθ2q ă Apθ1q), given that θ2 ě θthresh and

θ1 ă θthresh.

Theorem 4.5 Threshold policy in location state: 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:

(i) Transition probability µL,L1 is only a function of L1;

(ii) F pE ,L,W |Aq is non-increasing (or non-decreasing) with respect to location L, given

that action A “ 1 is taken;

(iii) F pE ,L1,W |Aq “ F pE ,L2,W |Aq, @L1,L2 P L, given that action A “ 0 is taken.

The first condition indicates that the mobile node moves to any location L1 with a certain

probability, regardless of the current location state L. That is, all the rows in the transition

matrix defined (4.2) are identical. The second condition indicates 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 independent to the location state L, if
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the action A “ 0 is taken. That is, when the mobile node does not take a charging action, the

current location state L does not affect the node’s immediate utility of the current decision

period, i.e., F pE ,L,W |A “ 0q ” F pE ,Wq.

For the physical meaning of Theorem 4.5, let us consider the following example. Given

any energy state E and traffic state W , the mobile node’s action monotonically decreases

from 1 to 0, if F pE ,L,W |A “ 1q is non-decreasing 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 4.5 is in Section 4.6.1.

4.3.3 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 4.6 Threshold policy in energy state: 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:

(i) The node charges one unit of energy at most, i.e., B “ 1.

(ii) F pE ,L1,W |Aq “ F pE ,L2,W |Aq, @L1,L2 P L, given that action A “ 0 is taken;

(iii) F pE ,L,W |Aq is non-decreasing (or non-increasing) and convex (or concave) with

respect to E .

The exception E “ E exists in Theorem 4.6 since the mobile 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 4.5 and 4.6 show that the properties (i.e., monotonicity and discrete convex-

ity/concavity) of the immediate utility function directly decide the existence and type of the

threshold policy. The proof of 1-to-0 threshold policy in Theorem 4.6 is in Section 4.6.2.

0-to-1 threshold policy case can be proven similarly.
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4.3.4 Threshold Policy in Traffic State

We can establish a similar theorem for the threshold policy with respect to traffic state W ,

as follows. However, due to space limit, we omit its proof.

Theorem 4.7 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:

(i) Transition probability ωW,W 1 is only a function of W 1;

(ii) The immediate utility function has the following property: rF pE ,L,W ` 1|A “

1q ´ F pE ,L,W |A “ 1qs ´ rF pE ,L,W ` 1|A “ 0q ´ F pE ,L,W |A “ 0qs ď 0 (or

ě for the 0-to-1 threshold policy).

4.3.5 Policy Space Complexity Analysis

A threshold policy can assist the mobile node to make energy charging decisions in the

following aspects:

• Algorithm improvement: Once the structure of an optimal charging policy is proven

to have a threshold policy, the algorithms (e.g., offline search) can be developed to

directly obtain the threshold value, i.e, Θthresh in (4.23), instead of solving for the

optimal actions at all the states.

• Approximation algorithm design: As shown in (4.23), with the binary structure of the

solution space of the optimal actions, we can develop simple algorithms to determine

the node’s actions in every state. Similarly as discussed in [187] and [188], we can

approximate an imprecise threshold Θ̃thresh. This imprecise threshold may be accept-

able because it is close to the exact optimal policy. However, obtaining the imprecise

threshold does not incur large complexity as that of obtaining the exact optimal pol-

icy. In this case, we can adopt the approximation algorithm similar to that in [187]

and [188].
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Next, we analyze how the existence of the threshold policy can lower down the com-

plexity of optimization problem in terms of the reduced space of possible policies. The

cardinality of a set is denoted as | ¨ |. In the proposed MDP model, |A| is the total number

of possible actions, |L| denotes the number of locations, |W| is the total number of traffic

states, and |G| denotes the number of energy states.

Suppose that no threshold structure exists in the optimal policy, all the possible actions

in A might be taken in every state S P S. We define the number of possible policies of the

optimization problem as follows:

NPnon´threshp|G|, |L|, |W|, |A|q “ |A||G||L||W|. (4.24)

When the action space is binary (i.e., A “ t0, 1u), NPnon´threshp|G|, |L|, |W|, |A|q “

2|G||L||W|.

The existence of the optimal threshold policy can reduce the number of possible actions.

Once the threshold states are decided, all the actions are already fixed due to the monotonic-

ity in action A P A. We take the threshold policy in energy state E P G as an example. The

number of total policies given the existence of threshold policy is:

NPthreshp|G|, |L|, |W|, |A|q “

˜

|A| `
|A|´1
ÿ

k“1

ˆ

|G|
k

˙ˆ

|A|
k ` 1

˙

¸|L||W|

. (4.25)

The term |A| `
|A|´1
ř

k“1

ˆ

|G|
k

˙ˆ

|A|
k ` 1

˙

consists of two parts. |A| is the policy number

when the actions taken in all the energy states are identical, e.g., A “ A, @E P G, as

shown in Fig. 4.4(a).
|A|´1
ř

k“1

ˆ

|G|
k

˙ˆ

|A|
k ` 1

˙

denotes the policy number when k ` 1 P

t2, 3, . . . , |A|u different possible actions are taken in all the energy states, as shown in

Fig. 4.4(b). Based on the definition of threshold policy, the actions are monotonic with

respect to the states. Given that there are k ` 1 possible actions, all the actions can be

decided in all the energy states when k thresholds are determined. Therefore, the policy

number
|A|´1
ř

k“1

ˆ

|G|
k

˙ˆ

|A|
k ` 1

˙

relies solely on the enumeration of all the possible ac-

tions and thresholds. As shown in Fig. 4.4(b),
ˆ

|G|
k

˙

indicates that k out of all the |G|

energy states are selected to be the thresholds, while
ˆ

|A|
k ` 1

˙

denotes that k ` 1 actions
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Figure 4.4: Possible thresholds: (a) when only one action A “ 1 is taken in all the states, and (b)
k ` 1 possible actions with k thresholds in all the states.

out of the action set A are selected to be the k ` 1 possible actions, given every possible

combination of k thresholds.

The model that we propose has a binary action states, as a result, |A| “ 2, (4.25) can be

simplified as follows:

NPthreshp|G|, |L|, |W|, |A|q “ p2` |G|q|L||W| . (4.26)

Figure 4.5 compares the policy number functions NPnon´threshp|G|, |L|, |W|, |A|q and

NPthreshp|G|, |L|, |W|, |A|q given in (4.24) and (4.25), respectively. The parameters are set

to be |W| “ 2, |L| “ 2, and |A| “ 2. From Fig. 4.5, the existence of the threshold policy

clearly reduces the complexity of searching for optimal actions because of the reduced size

of policy space. As the number of energy state |G| increases from 10 to 50, the policy

number function of the non-threshold policy rapidly increases to the order of 1059, while

the threshold policy achieves that the number of possible policies increases much slower

and below the order of 109.

4.4 Numerical Results

4.4.1 System Parameters and Performance Criteria

Unless otherwise stated, we use the following scenarios and parameters in the performance

evaluation.

• The mobile node moves among 11 locations, i.e., L “ 11. We consider two cases of

the mobile node’s location distribution: uniform and non-uniform. The mobile node
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Figure 4.5: The number of possible policies of non-threshold policy and threshold policy.

moves amongst different locations uniformly when the uniform distribution case is

adopted. In the non-uniform distribution case, the node moves amongst different

locations with different probabilities. In this case, regardless of the current location,

the mobile node moves to a location Lh P L with a probability of 50%, and moves to

each of other 10 locations except Lh with a probability of 5%. Here, the location Lh

is denoted as the highest probability location of the mobile node.

• The maximum energy storage capacity of each node is E “ 10. After taking a charg-

ing action, the node may receive b P t0, 1, . . . , Bu units of energy with a uniform

probability. We set B “ 5. The case that the mobile node is directly connected to a

power source, i.e., W, is not considered in the performance evaluation.

• The traffic state is W P W “ t0, 1, . . . , 5u (i.e., the maximum energy consumption

is A “ 5). Uniform and non-uniform distributions of the traffic state are considered.

The traffic state W is uniformly distributed in the uniform distribution case. In the

non-uniform distribution case, we adopt a truncated Poisson distribution, where the

traffic state transition probability ωW,W 1 is defined as follows:

ωW,W 1 “ PoispW 1
“ νq “

"

e´λ λ
ν

ν!
, for ν P t0, . . . , A´ 1u

ř`8

k“A e
´λ λk

k!
, for ν “ A

(4.27)

where λ is a traffic generating parameter of the mobile node.

• The discount factor in the Bellman equation (4.16) is γ “ 0.9.

The mobile node’s immediate utility function over state S “ tE ,L,Wu and action A

is set to be FEpEq ” 0, and F pE ,L,W |Aq “ cLFLpL|Aq ` cWFW pE ,W |Aq, where the
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weight coefficients are cL “ 0.7 and cW “ 0.3. The following form of FW pE ,W |Aq is

applied:

FW pE ,W |Aq “
" a

W{A, pA “ 0 and E ěWq or pA “ 1 and E ´ 1 ěWq
´pW ´ Eq{A, otherwise

(4.28)

where
a

W{A indicates an increasing utility of W with decreasing marginal utility, when

the current traffic W is successfully processed. ´pW ´ Eq{A means that the mobile 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 FLpL|Aq “ ´A ¨ βpLq, where

all the L charging prices follow a log-normal distribution, which is generally employed to

model price distribution in real world markets [189].

We evaluate the proposed MDP scheme as defined in Section 4.2.5 by comparing the

performance with other four baseline schemes, including an always charging scheme (namely

A “ 1 scheme) where the node always takes a charging action except for when the battery

is full (i.e., E “ E), an idle scheme (A “ 0 scheme) where A “ 0 is always taken ex-

cept for when the battery is empty (i.e., E “ 0), a random scheme (RND) that randomly

decides whether to charge or not, and a myopic scheme (MYO). By adopting the myopic

scheme, the mobile node makes short-sighted greedy charging decisions only to maximize

the immediate utility F pS|Aq of the current state.

4.4.2 Threshold Policy

Figure 4.6 shows the optimal threshold policy of the proposed MDP scheme, given that the

defined immediate utility function holds for the conditions in Theorem 4.5. In this case,

we fix the location state L. The non-uniform truncated Poisson distribution of traffic state

is adopted, since we will show the threshold variation for different traffic state patterns

(i.e., different values of traffic generating parameter λ) in Figs. 4.6(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.

Figure 4.6(a) shows the threshold policy when λ “ 0.5, namely a low traffic generation

pattern. On the contrary, Fig. 4.6(b) shows a high traffic generation pattern with λ “ 3.0.

For both Figs. 4.6(a) and (b), a 1-to-0 threshold policy always exists with respect to the

89



1 2 3 4 5 6 7 8 9 10 11

0
1

2
3

4
5

6
7

8
9

10

0

1

Ene
rg

y s
ta

te

Location state

A
ct

io
n

(a)

1 2 3 4 5 6 7 8 9 10 11

0
1

2
3

4
5

6
7

8
9

10

0

1

Ene
rg

y s
ta

te

Location state

A
ct

io
n

(b)

Figure 4.6: Threshold in location state L in the case of (a) low traffic generation, and (b) high traffic
generation. (W “ 1 in both figures.)

location state L. For example, as shown in Fig. 4.6(a), when E “ 2, the mobile 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 mobile node from taking a charging action.

Note that the setting of the immediate function of the mobile node with respect to E does

not meet the conditions of threshold policy Theorem 4.6. Therefore, an optimal threshold

policy does not exist for the energy state E . For example, as shown in Fig. 4.6(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 mobile 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 mobile node, the charging action is

unnecessary.

4.4.3 Impacts of Location to Optimality

We adopt the non-uniform distribution case of the location of a mobile node. As assumed

in Section 4.1.2, each location L corresponds to a charging price βpLq ě 0, where βpLq ą

βpL1q for L ą L1. The horizontal axes of Figs. 4.7(a) and (b) denote the highest probability

location Lh. Intuitively, when the mobile node is at the locations with high charging prices
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Figure 4.7: Impacts of the distribution of location state to (a) expected utility, and (b) charging rate.

more frequently, the utility of the mobile node will decrease. As shown in Fig. 4.7(a),

the expected utility of the mobile node decreases as the highest probability location Lh

increases. Moreover, Fig. 4.7(a) shows that the proposed MDP scheme outperforms the

other baseline schemes. Specifically, when action A “ 1 is always taken, the mobile node

suffers from sharp utility decrease when Lh becomes too high, e.g., Lh “ 11, due to the

higher chance of the high energy charging price. When the A “ 0 scheme is applied, the

mobile node suffers from lacking of enough energy, even when the charging price is low

in some locations. The myopic scheme underperforms the proposed MDP scheme since it

ignores the future utility gain.

Figure 4.7(b) shows the charging rate. We observe that the charging rate is higher

when the mobile node is frequently at the locations with lower prices, which is expected.

Fig. 4.7(b) also shows that, the proposed MDP scheme, which makes charging 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 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. How-

ever, 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
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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.

4.4.4 Impacts of Energy Storage Capacity

In this section, we discuss how the maximum energy storage capacity E of a mobile node

can affect performance.
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Figure 4.8: Impacts of energy storage capacity E to (a) expected utility, and (b) charging rate.

The distributions of location L and traffic state W of the mobile node are both set to

be uniform. We vary the maximum energy storage capacity E of the mobile node. As

shown in Fig. 4.8(a), 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 node to store more energy for future

use, reducing the chance of insufficient energy. Fig. 4.8(a) also shows that the proposed

scheme outperforms other baseline schemes in different cases of energy storage capacity

E.

Figure 4.8(b) shows the charging rate of the mobile node with different maximum en-

ergy 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 node tends to charge
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to reduce the chance of insufficient energy in the future state. Figure 4.8(b) also shows

that the proposed MDP scheme has higher charging rate than that of the myopic scheme.

Similar to the explanation of Fig. 4.7(b), this is because MDP scheme considers the future

utility.

4.4.5 Impacts of Traffic Generation to Optimality

In this section, the impacts of the mobile node’s traffic generation state to performance

metrics are discussed.

0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0

Traffic generating parameter λ

2
.5

2
.0

1
.5

1
.0

0
.5

0
.0

0
.5

E
x
p
e
ct

e
d
 u

ti
lit

y

MDP
A=0

A=1

MYO

RND

(a)

0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0

Traffic generating parameter λ

0
.0

0
.2

0
.4

0
.6

0
.8

1
.0

C
h
a
rg

in
g
 r

a
te

MDP
A=0

A=1

MYO

RND

(b)

Figure 4.9: Impacts of traffic generating parameter λ to (a) expected utility, and (b) charging rate.

The non-uniform distribution of the traffic state is adopted. We examine the perfor-

mance for different traffic state patterns. As shown in Fig. 4.9(a), the expected utility of

the mobile node is high when the traffic generating parameter λ is relatively small. This

is because the chance of insufficient energy is low, due to the lower energy consumption.

Non-positive utility ρpWq of insufficient energy in (4.13) is seldom 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. 4.9(a).

Note that, as shown in Fig. 4.9(a), the utility of the proposed MDP scheme at λ “ 0.5

is lower than that of λ “ 1.0. This is because the mobile node is at the traffic state W “ 0

with high probability of 0.6 for λ “ 0.5. That means the mobile node gains no reward at the

traffic state W “ 0 most of the time. As a result, the expected utility is adversely affected.
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The impact of traffic state to the action of the mobile node is shown in Fig. 4.9(b).

When λ is small, the energy consumption of the mobile node is small. When λ increases,

the energy consumption increases. However, as λ continues to increase, the mobile node

consumes more energy. At the same time, the marginal utility decreases due to the concavity

of the immediate utility function with respect to the traffic state W . Moreover, even if action

A “ 1 is taken, the charged energy still may not be enough to support the high traffic states.

Therefore, the utility gained by taking the charging action cannot compensate the price paid

to the charger. Consequently, the charging rate decreases as λ keeps increasing, as shown

in Fig. 4.9(b).

4.4.6 Insufficient Energy Probability and Average Energy Level

In this section, we will examine the probability of insufficient energy of the node. Further-

more, we examine the average level of energy storage of the node.
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Figure 4.10: Insufficient energy probability under different (a) highest probability location, (b)
maximum energy storage capacity, and (c) traffic generating parameter.

Figures 4.10(a), (b), and (c) show the insufficient energy probability under the node’s

location distribution, maximum energy storage capacity, and traffic generating parameter,

respectively. In Fig. 4.10(a), as the location with the highest probability increases, the

insufficient energy probability increases. This is due to the fact that the mobile node does

not want to take a charging action at the location with high price. Similarly, Fig. 4.10(b)

shows that, as the maximum energy storage capacityE increases, the mobile node can store
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more energy. As a result, the insufficient energy probability decreases. In Fig. 4.10(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 node does not nec-

essarily result in a minimum insufficient energy probability, as shown in Figs. 4.10(a), (b),

and (c). The always charging scheme (i.e., A “ 1) leads to the lowest insufficient energy

probabilities in all the scenarios. The reason 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 node, lowering the overall utility.

4.5 Summary

In this chapter, we discussed the scenario that a mobile node moves to different locations

and has time-varying traffic to process. RF energy chargers are deployed for the mobile

node to replenish its battery energy storage. However, as the price of energy charging

differs in different locations, it is not always profitable to charge. This chapter has proposed

a Markov decision process (MDP) based scheme to obatain the optimal energy management

policy of energy charging actions, considering system states including the current location,

the battery energy storage and the traffic generation situations of the mobile node. The

proposed MDP-based energy management scheme has been shown to outperform several

typical baseline schemes in the numerical results.

4.6 Appendix

4.6.1 Threshold Policy in Location State L

Proof The case that the mobile node is directly connected 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 maximum charged energy is B as in

(4.8). There are four cases in the transition matrices defined in (4.6) and (4.8) with respect

to the energy state E :
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• Case 1: For 0 ď E ă A ´ B, the mobile node will have insufficient energy (i.e.,

W ą 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.

• Case 2: For A ´ B ď E ă A, the mobile 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 P

tA´ E , . . . , Au.

• Case 3: ForA ď E ă E´B, the energy storage always has enough energy to support

all traffic states. Additionally, after charging, the energy storage is not full.

• Case 4: ForE´B ď E ď 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.

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 HpE ,L,W |Aq with respect to location state L, i.e.,:

rHpE ,L`1,W |A “ 1q´HpE ,L,W |A “ 1qs´rHpE ,L`1,W |A “ 0q´HpE ,L,W |A “ 0qs

(4.29)

In Case 3, the first term HpE ,L` 1,W |A “ 1q ´HpE ,L,W |A “ 1q in (4.29) can be

expanded as follows:

HpE ,L` 1,W |A “ 1q ´HpE ,L,W |A “ 1q
“ F pE ,L` 1,W |A “ 1q ´ F pE ,L,W |A “ 1q

`
B
ř

b“0

σb
L
ř

L1“0

pµL`1,L1 ´ µL,L1q
E`i
ř

W 1“0

ωW,W 1V pE ` i´W ,L1,W 1q

“ F pE ,L` 1,W |A “ 1q ´ F pE ,L,W |A “ 1q

(4.30)

since µL`1,L1 “ µL,L1 due to the first condition in Theorem 4.5.

Similarly, the second term of the expression in (4.29) can be expanded as follows:

HpE ,L` 1,W |A “ 0q ´HpE ,L,W |A “ 0q
“ F pE ,L` 1,W |A “ 0q ´ F pE ,L,W |A “ 0q “ 0.

(4.31)
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The derivation in (4.31) is the result of the third condition in Theorem 4.5.

As a result, we substitute (4.30) and (4.31) into (4.29) as follows:

rHpE ,L` 1,W |A “ 1q ´HpE ,L,W |A “ 1qs
´rHpE ,L` 1,W |A “ 0q ´HpE ,L,W |A “ 0qs

“ F pE ,L` 1,W |A “ 1q ´ F pE ,L,W |A “ 1q.
(4.32)

That is, when F pE ,L,W |A “ 1q is non-decreasing, HpE ,L,W |Aq is supermodular in L.

By contrast, when F pE ,L,W |A “ 1q is non-increasing, HpE ,L,W |Aq is submodular in

L.

4.6.2 1-to-0 Threshold Policy in Energy State E

Given the conditions in Theorem 4.6, the following lemmas hold:

Lemma 4.3 The monotonicity of the value function V pE ,L,Wq is consistent with the im-

mediate utility function F pE ,L,W |Aq with respect to energy state E .

Lemma 4.4 The value function is convex (or concave) in energy state E , i.e., rV pE `

2,L,Wq ´ V pE ` 1,L,Wqs ´ rV pE ` 1,L,Wq ´ V pE ,L,Wqs ě 0 (or ď 0), given the

discrete convexity (or concavity) of the immediate utility function F pE ,L,W |Aq in energy

state E .

Lemmas 4.3 and 4.4 are proven in Section 4.6.3 and Section 4.6.4, respectively.

In the following, we prove the 1-to-0 threshold policy in E as an example. That is,

given the non-increasing monotonicity of F pE ,L,W |Aq in E , as well as the concavity of

V pE ,L,Wq in E , we will prove that the utility function HpS|Aq is submodular in E . The

0-to-1 threshold policy in E given a non-decreasing F pE ,L,W |Aq and convex V pE ,L,Wq

in E can be proven similarly. Note that for presentation simplicity, the W notations in the

proof is omitted.

Proof The submodularity property should be proven respectively when the energy state E

falls in Cases 1 to 4 as defined in Section 4.6.1. For simplicity, we prove for Case 1 as an

example, i.e., 0 ď E ă A ´ B and B “ 1 (the first condition in Theorem 4.6). The rest

could be proven in a similar way.
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We expand the expression of submodularity as the derivation given in (4.39), as follows:

rHpE ` 1,L,W |A “ 1q ´HpE ,L,W |A “ 1qs
´rHpE ` 1,L,W |A “ 0q ´HpE ,L,W |A “ 0qs

ď rF pE ` 1,L,W |A “ 1q ´ F pE ,L,W |A “ 1qs
´rF pE ` 1,L,W |A “ 0q ´ F pE ,L,W |A “ 0qs

`σ1

L
ř

L1“0

µL,L1
E
ř

W 1“0

ωW,W 1

!

“

V pE ` 2´W ,L1,W 1q ´ V pE ` 1´W ,L1,W 1q
‰

´rV pE ` 1´W ,L1,W 1q ´ V pE ´W ,L1,W 1qs `
“

V p1,L1,W 1q ´ V p0,L1,W 1q
‰

)

ď 0.
(4.33)

The term rF pE ` 1,L,W |A “ 1q ´ F pE ,L,W |A “ 1qs ´ rF pE ` 1,L,W |A “ 0q ´

F pE ,L,W |A “ 0qs in (4.33) is zero because of the second and third conditions in Theo-

rem 4.6. (4.33) holds due to the convexity and non-increasing monotonicity properties of

V pE ,L,Wq as stated in Lemmas 4.3 and 4.4.

Submodularity of HpS|Aq in E holds. Consequently, the threshold policy of E exists in

the optimal policy obtained by solving the proposed MDP formulation.

4.6.3 Proof of Lemma 4.3

Proof The value iteration algorithm [163] is employed when solving the Bellman equa-

tion (4.14)-(4.16). We denote the nth iteration of V pSq and HpSq as VnpSq and HnpSq,

respectively.

Let A0 and A1 be the optimal action of the mobile node at the states S0 “ tE ,L,Wu

and S1 “ tE ` 1,L,Wu, respectively. According to the definition given in (4.14), and by

optimality, the following inequalities hold:

VnpE ` 1,L,Wq ´ VnpE ,L,Wq ě HnpE ` 1,L,W |A0q ´HnpE ,L,W |A0q

VnpE ` 1,L,Wq ´ VnpE ,L,Wq ě HnpE ` 1,L,W |A1q ´HnpE ,L,W |A1q
(4.34)

where

HnpE ` 1,L,W |Axq ´HnpE ,L,W |Axq

“ F pE ` 1,L,W |Axq ´ F pE ,L,W |Axq`

γ

„

ÿ

S11
P pS1,S 11|AxqVn´1pS 11q ´

ÿ

S12
P pS2,S 12|AxqVn´1pS 12q



loooooooooooooooooooooooooooooooooooooooomoooooooooooooooooooooooooooooooooooooooon

Term ∆PV

. (4.35)

and Ax “ A0 or A1.
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From the transition matrices given in (4.6), (4.8) and (4.9), the state transition term

∆PV in (4.35) can be expanded to be a linear combination of the following difference of

adjacent value functions:

Vn´1pre` 1´Ws`,L,Wq ´ Vn´1pre´Ws`,L,Wq, @L P L, @W PW (4.36)

where re ´Ws` “ maxte ´W , 0u. As a result, the monotonicity of V pE ,L,Wq in E

can be proven by induction as follows, given that the monotonicity of the immediate utility

function F pE ,L,W |Aq in E is known:

(i) Initial step: For n “ 0, we let V0pE ` 1,L,Wq “ V0pE ,L,Wq “ 0, and hence

Lemma 4.3 holds

(ii) Inductive step: If Lemma 4.3 holds for n “ k, i.e., the monotonicity of VkpE ,L,Wq is

consistent with F pE ,L,W |Aq in E , then according to the linear combination structure

of (4.36), as well as the inequalities in (4.34), the monotonicity property addressed

by Lemma 4.3 also holds for the case when n “ k ` 1.

Based on the uniqueness and convergence in Lemma 4.2, the consistency property of

monotonicity of V pE ,L,Wq and V pE ,L,W |Aq with respect to E in Lemma 4.3 is proven.

4.6.4 Proof of Lemma 4.4

Proof Let A0, A1 and A2 be the optimal actions in the states S2 “ pE ` 2,L,Wq, S1 “

pE ` 1,L,Wq and S0 “ pE ,L,Wq, respectively. By optimality, the following inequality

holds:
rVnpE ` 2,L,Wq ´ VnpE ` 1,L,Wqs
´rVnpE ` 1,L,Wq ´ VnpE ,L,Wqs

ď rHnpE ` 2,L,W |A2q ´HnpE ` 1,L,W |A2qs
loooooooooooooooooooooooooooomoooooooooooooooooooooooooooon

Term ∆2
1Hpnq

´ rHnpE ` 1,L,W |A0q ´HnpE ,L,W |A0qs
loooooooooooooooooooooooooomoooooooooooooooooooooooooon

Term ∆1
0Hpnq

.

(4.37)

We discuss the case where E ` 2, E ` 1, E P t0, 1, . . . , A ´ 2u, i.e., Case 1 defined in

Section 4.6.1. Note that for the special case of Case 4, where E ` 2 “ E so that only action
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A2 “ 0 can be taken, the following proof still holds for both A1 “ 0 and A1 “ 1:

∆2
1Hpnq

“ F pE ` 2,L,W |A2q ´ F pE ` 1,L,W |A2q

`IA2

1
ř

b“0

σb
L
ř

L1“0

µL,L1

"

E`1`i
ř

W 1“0

ωW,W 1

“

Vn´1pE ` 2` i´W ,L1,W 1q ´ Vn´1pE ` 1` i´W ,L1,W 1q
‰

`
A
ř

W 1“E`2`i

“

Vn´1p0,L1,W 1q ´ Vn´1p0,L1,W 1q
‰

*

`p1´ IA2q
L
ř

L1“0

µL,L1

"

E`1
ř

W 1“0

ωW,W 1

“

Vn´1pE ` 2´W ,L1,W 1q ´ Vn´1pE ` 1´W ,L1,W 1q
‰

`
A
ř

W 1“E`2

“

Vn´1p0,L1,W 1q ´ Vn´1p0,L1,W 1q
‰

*

(4.38)

and

∆1
0Hpnq

“ F pE ` 1,L,W |A0q ´ F pE ,L,W |A0q

`IA1

1
ř

b“0

σb
L
ř

L1“0

µL,L1

"

E`i
ř

W 1“0

ωW,W 1

“

Vn´1pE ` 1` i´W ,L1,W 1q ´ Vn´1pE ` i´W ,L1,W 1q
‰

`
A
ř

W 1“E`1`i

“

Vn´1p0,L1,W 1q ´ Vn´1p0,L1,W 1q
‰

*

`p1´ IA1q
L
ř

L1“0

µL,L1

"

E
ř

W 1“0

ωW,W 1

“

Vn´1pE ` 1´W ,L1,W 1q ´ Vn´1pE ´W ,L1,W 1q
‰

`
A
ř

W 1“E`1

“

Vn´1p0,L1,W 1q ´ Vn´1p0,L1,W 1q
‰

*

(4.39)

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 pE ,L,Wq in E . For the initial step n “ 1,

based on Lemma 4.2, we might as well let V0pSq ” 0. It is clear that ∆2
1Hpnq ď ∆1

0Hpnq

given that F pE ,L,W |Aq is concave in E .

For the inductive step n “ k ´ 1, suppose the concavity and non-increasing properties

(i.e., Lemma 4.3) of V pE ,L,Wq in E hold, the following inequalities can be derived from

(4.38) and (4.39):

∆2
1Hpkq ´ rF pE ` 2,L,W |A2q ´ F pE ` 1,L,W |A2qs

ď
L
ř

L1“0

µL,L1

"

E`1
ř

W 1“0

ωW,W 1

“

Vk´1pE ` 2´W ,L1,W 1q ´ Vk´1pE ` 1´W ,L1,W 1q
‰

`
A
ř

W 1“E`2

“

Vk´1p0,L1,W 1q ´ Vk´1p0,L1,W 1q
‰

*

ď ∆1
0Hpkq ´ rF pE ` 1,L,W |A0q ´ F pE ,L,W |A0qs.

(4.40)
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Consequently, we have

rVkpE ` 2,L,Wq ´ VkpE ` 1,L,Wqs ´ rVkpE ` 1,L,Wq ´ VkpE ,L,Wqs
ď rF pE ` 2,L,W |A2q ´ F pE ` 1,L,W |A2qs ´ rF pE ` 1,L,W |A0q ´ F pE ,L,W |A0qs

ď 0.
(4.41)

Lemma 4.4 holds when n “ k. It is proven that the value function V pE ,L,Wq is concave

in E when the immediate utility function F pE ,L,W |Aq is concave in E .
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Chapter 5

Optimal Offloading in Mobile Cloudlet
Systems with Intermittent Connectivity

The concept of cloud computing has been extended to a mobile paradigm. Cloud providers

are not necessarily to be business-level providers such as Amazon. Instead, resource-rich

and trusted devices connected to the Internet, e.g., a cluster or a vehicular base station,

namely a cloudlet, can also provide cloud-like services to nearby mobile devices via WiFi

and cellular connections. Cloudlets provide high bandwidth and low latency local cloud

services to cloudlet users. In such cloudlet network, a mobile device as a cloudlet user may

offload jobs to cloudlets to reduce the cost in terms of local execution energy and resource

consumptions.

However, due to the mobility feature of mobile cloudlet users (i.e., mobile devices),

offloading actions should be strategically taken to achieve optimized performance. Firstly,

communication overhead and remote execution costs (e.g., payments to cloudlets for of-

floaded job executions) may exceed local execution costs. Secondly, the mobility feature

gives rise to intermittent connections between the cloudlet users and cloudlets. For a given

cloudlet user, the offloaded job may fail because the connection is interrupted since the user

moves out of the transmission range of the cloudlet to which the job is offloaded. As a

result, the abovementioned issues should be considered in minimizing the cost of any given

cloudlet in terms of energy and resource consumptions. To this end, a Markov decision

process (MDP) based offloading algorithm is proposed for the mobile devices (i.e., cloudlet

users) in a cloudlet system. Numerical results show the optimality of the proposed MDP

offloading algorithm comparing with conventional baseline schemes in terms of expected
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Table 5.1: Notation descriptions.

Notation Definition

S “ pG,Q,N q Composite state of a mobile user, including application
phase, queue state, and the number of cloudlets

A Offloading action of a mobile user

N, G, Q
Transition matrices for the number of cloudlets, application
phase, and queue states

PSpS,S 1q Transition probability from composite state S to state S 1
γ Discount factor in the Bellman equation

Hp¨q, V p¨q
Overall cost function, expected optimal cost function in the
Bellman equation

GEP Set for exit phases
λc, λu Spatial density of cloudlets and mobile users, respectively
λq Job arrival rate to the queue

R
Bidirectional communication distance between a mobile
user and a cloudlet

ε
Cloudlet’s probability to accept a mobile user’s offloading
requests.

ηa Probability of successful offloading to a single cloudlet

pηpN , ηa|Aq
Probability that the current phase is successfully executed
(locally or remotely)

CpS,Aq Immediate cost of a mobile user taking action A at state S

cost. To the best of our knowledge, there is no existing work on stochastic modeling and

dynamic optimization of a fine-grained code-level offloading decision, which considers of-

floading failures caused by the mobility of mobile users and admission control policy of

cloudlets in an intermittently connected cloudlet system.

The rest of this chapter is organized as follows. Section 5.1 describes the system model

for a mobile cloudlet environment. In Section 5.2, the MDP model is formulated and solved

to minimize the computation and offloading costs from a user’s perspective, considering the

user’s local load and the availability of cloudlets in the surrounding area. Furthermore, the

existence of threshold policy is proven in MDP in Section 5.2. Section 5.3 studies the

mobility feature of mobile users, and derives a set of analytical expressions for mobile

users to estimate the probability of successful offloading actions. The numerical results are

provided in Section 5.4. Finally, Section 5.5 concludes the chapter.

For convenience, Table 5.1 lists some important mathematical notations involved in the

chapter.
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5.1 System Model

In this section, we describe a general model of the cloudlet system under our consideration.

5.1.1 System Description

Cloudlet
Cloudlet

Cloudlet
Mobile 

user

Cloudlet

(location 2)

(loc. 3)

Move

(a)

Cloudlet
Job queue

Incoming 
jobs

Wireless 
interface

Processor
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O
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a
d
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CloudletMobile user (architecture)
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Figure 5.1: (a) A cloudlet system with a mobile user offloading jobs, and (b) architecture for the
moblie user.

In a cloudlet system, we consider a particular mobile user which can be served by

multiple mobile cloudlets, as shown in Fig. 5.1(a). Figure 5.1(b) shows the architecture

of the mobile user, where the mobile device of the user contains a processor, data storage

components such as memory and cache, a single-server FIFO queue to store arriving jobs

pending for execution, and a wireless interface.

The job being retrieved from the queue and processed is divided into a sequence of

fine-grained code sections [158], defined as application phases. The code sections can

be either pre-determined or decided by the mobile user dynamically (e.g., setting break

points). Processing a job means executing application phases in a certain sequence. The

job processing is finished when the application transits to an exit phase, which is defined as

the last phase of the job to process. Fig. 5.2 shows a typical diagram of application phases

of a face recognition application (similar to [45, 190]), where phases 3 and 4 are exit phases.

Conventionally, without cloud or cloudlets, the user has to execute all the application

phases on the mobile device, using local execution components, i.e., processor, memory

and cache. However, in the mobile cloudlet system, the user has an option to offload parts
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Application phases

1 2

4
Face 

detection
Eye 

detection

Feature extraction
& classification

Exception handling

Job queue
Offloading

Local execution

3

or
?

Current phase 3

~0.1MB ~0.1MB

~10MB

~0.01MB

Figure 5.2: Application phases: The code sections of a typical mobile phone program for a face
recognition application. In the figure, 0.01MB, 0.1MB, or 10MB on each phase indicates the
data/code size δpG) involved to process the phase.

of the application (i.e., an application phase) to the cloudlets nearby, which may potentially

offer higher computing power, and thus, lower execution cost. In this section, we design

a dynamic algorithm for the mobile user to decide whether to offload or not. The main

procedures of the decision process are as follows:

(i) During the application execution, we assume a time interval t which is long enough

for the user to finish executing any application phase locally or remotely on cloudlets.

Each of such time intervals is defined as a decision period. During a period, once an

application phase is successfully executed or failed, the user starts the next decision

period immediately. For simplicity of notation, t ´ 1 and t ` 1 indicate the previous

and next decision periods, respectively.

(ii) At the beginning of each decision period, the user observes the current system states,

i.e., the number of jobs Q in the queue, the application phase G that the user is

executing, and the number of accessible cloudlets N .

(iii) Based on the observed composite state S “ pG,Q,N q of the system, the user com-

putes the immediate costs of local execution and offloading. Based on these imme-

diate costs of the current state S, the user takes an action decision ApSq (or A for

short) of either executing the application phase locally on the mobile device (denoted

as A “ 0) or offloading to the cloudlets (denoted as A “ 1).
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(iv) However, an offloading action is not always successful, due to the user mobility as

well as the admission control policy of the cloudlets. An offloaded application phase

may fail. As a result, the user has to restore and execute the failed application phase

again (either locally or remotely) in the next decision period.

Figure 5.3 shows the flow and interaction among different parts of the chapter.

OBJ-1: Optimal offloading algorithm 

SYS-1: System 
States & actions

SYS-2: Immediate 
costs
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algorithm
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Figure 5.3: Structured view of components and methodology used in the chapter.

In the system model, a Markov decision process (MDP) is employed as an optimiza-

tion method, with the aim to derive a cost-effective optimal offloading algorithm from the

perspective of a mobile user (i.e., OBJ-1 in Fig. 5.3). To formulate the MDP, the system is

required to have a set of states and actions, describing the operating statuses and offload-

ing decisions of the mobile user (SYS-1 in Fig. 5.3), which is discussed in Sections 5.2.1

and 5.2.2. Moreover, an immediate cost (SYS-2 in Fig. 5.3) will be incurred to the mobile

user in every system state. The immediate cost function is defined in Section 5.1.3.2 and

applied in Section 5.2.3. The mobility feature (MAT-1 in Fig. 5.3) of each user has to be

considered in the state transitions (SYS-1) and immediate cost function (SYS-2), which is

modeled using a spatial Poisson process as defined in Section 5.1.3.1 and discussed in detail

in Section 5.3.

The MDP optimization is expressed as a Bellman equation, and solved using a value it-

eration algorithm (MAT-2 in Fig. 5.3). The MDP solving process is shown in Section 5.2.3.

Furthermore, we prove in Section 5.2.4 that the optimal policy of the MDP has a threshold

structure (MAT-3 in Fig. 5.3). Based on the threshold structure, we propose a fast ap-

proximation algorithm (OBJ-2 in Fig. 5.3) to efficiently achieve offloading decisions with
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bounded performance. Although OBJ-2 is not optimal compared with OBJ-1, the algorithm

complexity is significantly lower.

5.1.2 Definitions and Assumptions for Optimization Model

To develop the optimal offloading algorithm for the mobile user in such a cloudlet sys-

tem, we formulate and solve an MDP model. The optimization model has the following

definitions and assumptions.

5.1.2.1 Jobs and Application Phases

The queue is used to store incoming jobs from the user. The queue length (i.e., the number

of jobs in the queue) is denoted by Q. Without loss of generality, we assume that the job

arrival is a Poisson process. Other job arrival patterns could also be applied in the MDP

model. Once a job is retrieved from the queue by the mobile user, the job will be divided

into application phases, as shown in Fig. 5.2. Each phase is labeled as G. For example,

G “ 1 indicates the face detection phase in Fig. 5.2. In this model, a phase is an atomic unit

processed by the mobile user.

An application phase G involves codes and data to be processed in the current decision

period. The codes are generated by applications, while the data are produced by input,

output, and temporary stored files. In this section, we consider the case that the codes and

data are fully portable, which means that both the codes and data can be either executed

locally or offloaded to the cloudlet. We denote δpGq as the size of codes and data of an

application phase G (i.e., size of G for short). For example, when the mobile user is at the

feature extraction & classification phase, the size of the phase includes input data passed

from the previous phase, a photo taken, and related codes to process the photo. The mobile

user chooses either to locally execute the feature extraction and classification algorithms

to process the photo or to offload the codes and data to the cloudlets to execute. Fig. 5.2

shows the data of each application phase of the face recognition application, obtained by

experiments in [190].
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5.1.3 Intermittent Connections in Mobile Networks

Due to the mobility of devices in mobile networks, connections between mobile devices

(e.g., mobile devices, RF energy sources and cloudlets) are not always available. For ex-

ample, in a mobile cloudlet system, the following situations may happen when a mobile

device (i.e., a cloudlet user) offloads its jobs to cloudlets. At the moment that the cloudlet

user makes an offloading decision, the cloudlet is within the accessible range. However,

as illustrated in Fig. 5.4(a), before the cloudlet transmits back the results of the offloaded

jobs, the cloudlet user or the cloudlet has moved to other locations, and the distance be-

tween them becomes larger than the cloudlet coverage. Consequently, the result cannot be

returned and reach the user, and the offloading ends up in failure.

MovementMovement
Offload

Return

Cloudlet

Cloudlet 
user

Cloudlet 
user

(a)

Offloading 
begins

Results 
return

τ 

τ 

τ 

T – User s average worst case staying time

Safe offloading Unsafe

Offloading case 1

Case 2

Case 3

(b)

Figure 5.4: (a) Intermittent connection, and (b) cloudlet user’s staying time and success/failure of
receiving the returned execution results from the cloudlet.

As shown in Fig. 5.4(b), T is the time interval that the cloudlet user stays in the acces-

sible range of the cloudlet. τ is the execution time of the offloaded job. For the offloading

cases 1 and 2 as shown in Fig. 5.4(b), both the offloading action and the results receiving

event are in the duration of T . In these two cases, the cloudlet is available to the user,

and the offloading process succeeds. However, for the case 3 as shown in Fig. 5.4(b), soon

after the offloading action is taken, the user no longer stays in the coverage. Therefore,

the user cannot receive the results, and the offloading process fails. Consequently, in the

optimal offloading design to manage the resources and energy of mobile devices efficiently,

the intermittent connection features must be taken into consideration.
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5.1.3.1 Mobility and Cloudlet Availability

We assume that the geographical distributions of both cloudlets and mobile users follow an

independent Homogeneous Poisson Point Process (HPPP) [179, 191].

At the beginning of a decision period, a mobile user may observe N nearby cloudlets.

This number N is referred to as number of cloudlets, indicating the current number of

cloudlets in the adjacent area that the user can offload application phases to. A cloudlet

is only accessible to the mobile user if a wireless connection can be established. Let R

denote the bidirectional communication distance between the cloudlet and the mobile user.

The user can offload an application phase to and receive the result from the cloudlet, if the

distance between them is less than or equal to R.

Based on the HPPP assumption for the geographical distribution of cloudlets, the prob-

ability that the user can access k cloudlets in the current decision period can be calculated

by the probability mass function (PMF) of HPPP as follows:

PrtK “ ku “ e´πR
2λc
pπR2λcq

k

k!
, k “ 0, 1, 2, . . . (5.1)

where λc is the distribution density of cloudlets in the system.

The following conditions must hold for the user to offload and obtain the result from

executing an application phase.

• At the beginning of a decision period, the user has at least one cloudlet in the com-

munication range to offload an application phase to.

• The user is able to receive the result of the application phase or the failure signal

before the end of the decision period.

However, due to the mobility of the mobile user or the cloudlets, offloading actions may

not be always successful even if there are accessible cloudlets close to the mobile user. The

following situations may happen. At the beginning of a decision period, the user is within

the bidirectional communication distance R of a cloudlet. However, before the cloudlet

transmits back the result, the user moves out of the communication range of the cloudlet.

Consequently, the result of the offloading request will fail to reach the user. Besides the
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mobility issue, the cloudlet availability also depends on the cloudlet’s admission control

decision [147]. That is, the cloudlet may refuse a request from a user with a certain proba-

bility. We define a probability ηa of successfully offloading to a cloudlet and receiving the

results, namely cloudlet availability. It is defined as follows:

ηa “ E
"

ε ¨
T ´ τ

T

*

(5.2)

where ε is the probability that the cloudlet accepts the user’s offloading request (i.e., 1´ε is

the cloudlet outage probability). T is the user’s dwell time inside the communication range

R of the cloudlet. τ is the execution time of the offloaded application phase on the cloudlet,

plus round-trip time (RTT) of the wireless transmission. Therefore, the physical meaning

of T´τ
T

is the probability of successful offloading given that the cloudlet always accepts

offloaded jobs. We derive an estimation of ηa of a mobile user in the proposed system in

Section 5.3.

In practice, the execution time τ of a program without human-computer interaction is

approximately 10´4 „ 10´2s [192]. The RTT of Wi-Fi networks is in the order of tens to

hundreds of ms [45], and the communication range of any cloudlet device is measured in

meters [148]. Therefore, it is reasonable to presume T ´ τ ą 0 in the definition of ηa.

5.1.3.2 Immediate Cost

For the current decision period, an immediate cost CpS,Aq will be incurred to the mobile

user given the current composite state S “ pG,Q,N q. Similar to [157], as the mobile user

may execute jobs locally (i.e., A “ 0) or remotely (i.e., A “ 1), the immediate cost is

denoted as follows:

CpS,Aq “
"

CLpSq, A “ 0
CRpSq, A “ 1

(5.3)

where CLpSq is the immediate local execution cost, and CRpSq is the immediate offloading

cost. In the following, we present general definitions of CLpSq and CRpSq.

The immediate local execution cost function CLpSq is the overall cost incurred when

the mobile user executes the application phase locally, defined as follows:

CLpSq “ wL1ECPUpGq ` wL2CschpG,Qq ` wL3DusrpQq (5.4)
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where ECPUpGq denotes the processor energy consumption of the mobile user for pro-

cessing the application phase G. According to [157], ECPUpGq “ PCPU ¨ TCPUpGq “

PCPUpGq ¨ δpGq
sCPU

, where PCPU is the processor power, TCPUpGq is the execution time of G

on the processor, and sCPU is the CPU processing speed. CschpG,Qq denotes the scheduling

overhead caused by the pending jobs of the mobile user for executing the phase G locally.

The scheduling cost CschpG,Qq is positively correlated to the queue size Q, since the pend-

ing jobs have occupied local computational resources such as memory (e.g., memory stack

occupation [193]), cache and flash storage, which affects the efficiency of employing those

resources for local execution of the application phase G. DusrpQq denotes the current delay

of all the Q jobs which are stored in the mobile user’s queue. The delay of a job is defined

as the period of time from when the job is generated to when the job is successfully com-

pleted (i.e., removed from the queue). Therefore, one unit of delay per job is incurred when

the job remains in the queue for the current decision period. The immediate cost of delay

DusrpQq “ Q given there are Q jobs remained in the queue for the current decision period.

Since the functions ECPUpGq, CschpG,Qq and DusrpQq represent different types of cost

with different units. Therefore, we applywL1, wL2 andwL3 as the weight factors to combine

different types of costs into a universal cost function CLpSq. This cost function quantifies

the immediate cost incurred when local execution happens. The weight factors can be set

based on the mobile user’s preference to different types of costs in practical systems.

By contrast, the immediate offloading cost CRpSq is incurred when the mobile user

offloads the application phase to the cloudlet. This cose is expressed as follows:

CRpSq “ wR1CpaypGq ` wR2ETxpG, rchq ` wR3CpenpG,N q ` wR4DusrpQq. (5.5)

Similarly, wR1 to wR4 are the weight factors. CpaypGq “ Cbw ` CcloudpGq is the payment

for bandwidth usage Cbw and cloudlet resources usage CcloudpGq. Only the first cloudlet

response to the cloudlet user receives the payment. ETxpG, rchq is the energy consumption

when offloading the application phase G via a wireless connection with the transmission rate

rch. According to [194], ETxpG, rchq “ Pcir ¨
δpGq
rch

, where Pcir is the power consumption

of the transmitter circuit. CpenpG,N q is the penalty cost (e.g., the dissatisfaction level

of the user) if the offloaded phase G fails, i.e., no result returns to the mobile user. The
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exact form of CpenpG,N q depends on the pattern of offloading. For example, when G is

sent to N cloudlets simultaneously, failure happens only when all the N cloudlets refuse

or fail to execute the offloaded phase G. In this case, the penalty cost can be defined as

CpenpG,N q “ p1 ´ ηaq
N cpen, where p1 ´ ηaq

N is the probability that offloading fails, and

cpen is a constant. Other forms of offloading patterns and penalty functions may also apply

without altering the model. When the mobile user only has a single queue, the jobs will be

blocked in the queue even when the current phase is offloaded to the remote cloudlets. In

this case, the job delay DusrpQq also exists.

5.2 Optimization Formulation

In this section, we propose an MDP model to describe the optimal offloading problem of a

mobile user. Firstly, we define the state and action spaces of the mobile user. State transition

matrices are then derived. Afterwards, the MDP optimization problem is expressed by

a Bellman equation, and solved by employing a value iteration algorithm. Additionally,

threshold policies are found in the solutions of the MDP, based on which an approximation

offloading decision algorithm is proposed.

5.2.1 State Space and Action Space

The state space of the mobile user in the cloudlet system is defined as follows:

Θ “

!

S “ pG,Q,N q P S|G P G,Q P Q “ t0, 1, . . . , |Q|u,N P N “ t0, 1, . . . , |N |u
)

(5.6)

where G is the application phase to be executed (either locally or remotely) by the mobile

user, Q is the queue state (i.e., the number of jobs in the queue), and N is the number of

cloudlets. G “ t0u Y t1, . . . , |G|u is the set of application phases, where G “ 0 if the user

is idle. GEP Ď G is the set of exit phases (e.g., GEP “ t3, 4u in Fig. 5.2), which are the

final phases of the application. |G|, |Q| and |N | are the maximum values of states G, Q and

N , respectively.

The action space is A “ tA “ 0,A “ 1u, denoting that a mobile user can make a

decision to execute an application phase locally on a mobile device (i.e., A “ 0), or offload

to the accessible cloudlet(s) (i.e., A “ 1).
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5.2.2 Transition Matrices

In the following, we derive the transition matrices for the states of the mobile user.

5.2.2.1 The Number of Cloudlet Transitions

The number of cloudlets N of the mobile user is distributed as an HPPP, independent of

the application phase G and the queue state Q. The transition probability of the number of

cloudlets N is expressed as follows:

PNpN ,N 1q “ PrtK “ N 1u “ e´πR
2λc pπR

2λcqN
1

N 1!
,

@N P t0, 1, . . . , |N |u, @N 1 P t0, 1, . . . , |N | ´ 1u.
(5.7)

We assume that the maximum number of cloudlets is finite and known (i.e., |N | ă 8).

Therefore, the probability that the mobile user has |N | accessible cloudlets within the com-

munication rage R is truncated as follows:

PNpN , |N |q “
8
ÿ

k“|N |

PrtK “ ku “
8
ÿ

k“|N |

e´πR
2λc
pπR2λcq

k

k!
. (5.8)

The transition matrix for the number of cloudlets N is denoted by PN . It is expressed

as follows:

N “

»

—

—

–

e´πR
2λc pπR

2λcq1

1!
¨ ¨ ¨ e´πR

2λc pπR
2λcq|N |´1

p|N |´1q!

ř8

k“|N | e
´πR2λc pπR

2λcqk

k!
... . . . ...

...
e´πR

2λc pπR
2λcq1

1!
¨ ¨ ¨ e´πR

2λc pπR
2λcq|N |´1

p|N |´1q!

ř`8

k“|N | e
´πR2λc pπR

2λcqk

k!

fi

ffi

ffi

fl

p|N |`1qˆp|N |`1q

(5.9)

where a row in the transition matrix (5.9) of the number of cloudlets N indicates the current

number of cloudlets N , while a column indicates the number of cloudlets N 1 of the next

decision period. Each element is a probability of state transition.

5.2.2.2 Application Phase Transitions

We first consider the application phase transitions without offloading failures. pGpi, jq is

the transition probability that the application phase j will be executed in the next decision

period after the current phase i, where i, j P t1, . . . , |G|u. As in [44], we assume that there

is no cyclic self-transition from phase i to i (i.e., pii “ 0) in a mobile application. Note that

typical applications suitable for offloading should have a finite loop. The finite loop can be

divided into a sequence of phases without self-transition.
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Figure 5.5: (a) Transitions of application phase G “ 1 and G “ 2 given action A “ 1 is taken, and
(b) transitions when action A “ 0.

However, application phase transitions also depend on the action taken by the user (i.e.,

offloading or executing locally). If the action is to offload (i.e., A “ 1), offloading failures

may happen with the probability 1´ηa. In this case, the user has to restore the failed phase.

This is illustrated in Fig. 5.5(a) for phases G “ 1 and G “ 2. By contrast, if the action is to

execute an application phase locally (i.e., A “ 0), the phase will deterministically transit to

the next phase (i.e., without failure), as shown in Fig. 5.5(b). We define pηpN , ηa|Aq as the

probability that the current application phase is successfully executed locally or remotely by

taking action A, so that the mobile user is allowed to transit to the next phase. pηpN , ηa|Aq

is defined as follows:

pηpN , ηa|Aq “
"

1´ p1´ ηaq
N , A “ 1

1, A “ 0
(5.10)

where the term 1 ´ p1 ´ ηaq
N indicates that all the N cloudlets fail to return the result of

the offloaded application phase to the mobile user.

Given an action A taken by the mobile user as well as the probability pηpN , ηa|Aq that

the current phase can be successfully executed locally or remotely, the transition probability

of the application phase from G to G 1 is then expressed as follows:

PGpG,G 1|Aq “
"

1´ pηpN , ηa|Aq, G “ G 1
pGpG,G 1q ¨ pηpN , ηa|Aq, G ‰ G 1. (5.11)

In the following, we construct the overall transition matrix G for the application phase

G, given the transition probabilities derived.

114



Firstly, G0 denotes the part of the transition matrix when the mobile user is currently

idle, i.e., there is no job in the queue and the current application phase G “ 0. The matrix

is expressed as follows:

G0 “

„

IQ“0,Q1“0 ¨N IQ“0,Q1ě1 ¨N 0 ¨ ¨ ¨ 0
0|G|ˆp|G|`1q



p|G|`1qˆp|G|`1q

. (5.12)

The condition function Iconditions in (5.12) returns 1 if the conditions hold. Otherwise, the

function returns 0. For example, IQ“1,Q1“0 “ 1 when the current queue state is Q “ 1 and

the next queue state is Q1 “ 0. Otherwise, IQ“1,Q1“0 “ 0. G0 describes the transitions of

the application phase in the following conditions: (1) IQ“0,Q1“0 ¨N is for the case that given

the current queue state Q “ 0, which indicates the initial state of pG,Qq “ p0, 0q as shown

in Fig. 5.6, the application phase G transits from the initial state G “ 0 to the first phase

G “ 1 if new jobs arrive at the mobile user, i.e., Q1 ě 1. One example of such a transition is

shown as p0, 0q to p1, 1q in Fig. 5.6; (2) By contrast, IQ“0,Q1ě1 ¨N is for the case that, given

the current queue state Q “ 0, the application phase G remains at the initial state G “ 0 if

no new job arrives at the queue, i.e., Q1 “ 0. The transition is thus p0, 0q to p0, 0q.

Gsucc is the part of the transition matrix for the cases when the mobile user is at non-exit

application phases (e.g., G “ 2 in Fig. 5.2), and has a successful offloading. Without loss

of generality, we denote the number of exit application phases to be |GEP |, and exit phases

are labeled from G “ |G| ` 2 ´ |GEP | to G “ |G| ` 1. The application phase G transits

from the current state to the next state. The transition is defined as follows:

Gsucc “

»

—

—

—

—

—

—

—

–

0 0 0 ¨ ¨ ¨ ¨ ¨ ¨ 0
0 0 FGp1, 2q ¨N FGp1, 3q ¨N ¨ ¨ ¨ FGp1, |G| ` 1q ¨N
0 FGp2, 1q ¨N 0 FGp2, 3q ¨N ¨ ¨ ¨ FGp2, |G| ` 1q ¨N
...

... . . . ...
0 FGpk, 1q ¨N FGpk, 2q ¨N ¨ ¨ ¨ ¨ ¨ ¨ FGpk, |G| ` 1q ¨N

0|GEP |ˆp|G|`1q

fi

ffi

ffi

ffi

ffi

ffi

ffi

ffi

fl

(5.13)

where the matrix of Gsucc in (5.13) has the dimension of p|G| ` 1q ˆ p|G| ` 1q. FGpi, jq

is short for pGpi, jq ¨ pηpN , ηa|Aq, as in (5.11). The element FGpi, jq in (5.11) is for the

case that the application phase state G transits from G “ i to G “ j. For example, as shown

in Fig. 5.6, given Q “ 2, FGp1, 2q indicates the transition from the composite state p1, 2q

to p2,Q1q, where the value Q1 P t2, 3, . . . , Qu depends on the transition of the queue state.
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Gexit denotes part of transition matrix for the case when the mobile user is at exit phases

(e.g., G “ 4 in Fig. 5.2), and has a successful offloading action. It is defined as follows:

Gexit “

»

—

—

—

–

0p|G|`1´|GEP |qˆp|G|`1q

pηIQ“1,Q1“0 ¨N pηIQě1,Q1“Q´1 ¨N 0 ¨ ¨ ¨ 0
...

...
...

...
pηIQ“1,Q1“0 ¨N pηIQě1,Q1“Q´1 ¨N 0 ¨ ¨ ¨ 0

fi

ffi

ffi

ffi

fl

p|G|`1qˆp|G|`1q

. (5.14)

As shown in Fig. 5.6, pηIQ“1,Q1“0 ¨N describes the transition from p3, 1q or p4, 1q (i.e., with

G to be exit phases) to the initial idle state p0, 0q. This happens when the last job in the

queue is completed. pηIQě1,Q1“Q´1 ¨N describes the transitions from exit phases to G “ 1

given there is still at least one job remained in or arrived at the queue, e.g., from p3, 2q to

p1, 1q, and from p3, 2q to p1, Q´ 1q as shown in Fig. 5.6.

Gfail is part of the transition matrix for the unsuccessful offloading case. The applica-

tion G has to be processed again with probability 1´ pηpN , ηa|Aq, e.g., the transition from

G “ 1 to G “ 1 in Fig. 5.5(a). Gfail is defined as follows:

Gfail “

»

—

—

—

–

0
p1´ pηpN , ηa|Aqq ¨N

. . .
p1´ pηpN , ηa|Aqq ¨N

fi

ffi

ffi

ffi

fl

p|G|`1qˆp|G|`1q

.

(5.15)

The overall transition matrix for the application phase G denoted as PG “ tPGpG,G 1|N ,Aqu,

which includes the aforementioned parts of application phase transition matrices, shown as

follows:

G “ G0 `Gsucc `Gexit `Gfail. (5.16)

5.2.2.3 Queue State Transition

The job arrival follows the Poisson process, with arrival rate λq. In every decision period,

the probability of k new arriving jobs at the local queue is Popkq “ P rNpt` 1q ´Nptq “

ks “
e´λqλkq
k!

for k “ 0, 1, . . ., where Nptq is the number of jobs arrived up to time t.

Fig. 5.6 shows an example transition diagram of queue state and application phase,

without showing offloading failure. In each decision period, the number of jobs in the

queue can increase until the queue is full (i.e., Q “ |Q|). In particular, the queue state
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Figure 5.6: Transition of the composite state (G,Qq.

transition probability is obtained as follows, given G R GEP :

PQpQ,Q1
q “

$

’

’

’

’

&

’

’

’

’

%

0, Q ą Q1

PopQ1 ´Qq, Q ď Q1 and Q1 ă |Q|

1´
řQ1´Q´1
k“0 Popkq, Q ă |Q| and Q1 “ |Q|

1, Q “ Q1 “ |Q|
0, otherwise.

(5.17)

For simplicity, the conditional parameters G (which is R GEP or P GEP ) and A “ 0 are

omitted in the function of PQpQ,Q1|G,Aq in (5.17) and (5.18).

Only after the current application has finished exit phases (e.g., phases G “ 3 and

G “ 4 in Fig. 5.2), the queue state may decrease by one, if there is no new job arrival, e.g.,

pG “ 4,Q “ 2q to pG “ 1,Q “ 1q in Fig. 5.6. The queue size may also increase, as shown

by state pG “ 3,Q “ 2q in Fig. 5.6. Given the current phase is an exit phase, i.e., G P GEP ,

the queue state transition probability is

PQpQ,Q1
q “

$

’

’

&

’

’

%

Pop0q, Q1 “ Q´ 1
PopQ1 ´ pQ´ 1qq, Q ď Q1 ă Q

1´
řQ1´Q
k“0 Popkq, Q1 “ |Q|

0, otherwise.

(5.18)

The transition matrix of a queue state Q is defined as follows. Qincr denotes the part of

transition matrix for the case that the queue size does not decrease, which is the expression

for the case of Q ď Q1 ă Q in (5.18). This case occurs when the current application phase
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is not an exit phase.

Qincr “

»

—

—

—

—

—

–

Pop0q ¨G0 Pop1q ¨G0 ¨ ¨ ¨ Pop|Q| ´ 1q ¨G0

ř8

k“|Q| Popkq ¨G0

FQp1, 1q ¨ ¨ ¨ FQp1, |Q| ´ 1q FQ
truncp1q

. . . . . . ...
FQp|Q| ´ 1, |Q| ´ 1q FQ

truncp|Q| ´ 1q

FQ
truncp|Q|q

fi

ffi

ffi

ffi

ffi

ffi

fl

(5.19)

where the matrix Qincr has the dimension of p|Q| ` 1q ˆ p|Q| ` 1q. FQpi, jq “ Popj´ i`

1q ¨Gexit ` Popj ´ iq ¨ pGsucc `Gfailq. The first term Popj ´ i ` 1q ¨Gexit in FQpi, jq

indicates the situation that the current application phase is an exit phase, i.e., queue length

firstly decreases by one and then increases by j ´ i ` 1. The second term indicates the

situation that the current application phase is not an exit phase, i.e., queue length does

not decrease and then increases by j ´ 1. Similarly, FQ
truncpiq “ Gexit

8
ř

k“|Q|´i`1

Popkq `

pGsucc `Gfailq
8
ř

k“|Q|´i

Popkq.

Qdecr is part of the transition matrix for the case that the queue size in the mobile user

decreases by one in the next decision period, which describes the first expression for the

case of Q1 “ Q´ 1 in (5.18). It is defined as follows:

Qdecr “

»

—

—

—

–

0
Pop0q ¨Gexit 0

. . . . . .
Pop0q ¨Gexit 0

fi

ffi

ffi

ffi

fl

p|Q|`1qˆp|Q|`1q

. (5.20)

In this case, Pop0q ¨Gexit indicates that the current application phase is an exit phase, and

no new job arrives at the queue.

The overall transition matrix for a queue state is defined as follows:

Q “ Qincr `Qdecr. (5.21)

The complexity of constructing the state transition matrices (5.9), (5.16) and (5.21 is

Op|S|2q, where |S| is the total number of all the states.

5.2.3 Solving the Optimal Policy for the MDP

Given the proposed MDP, a policy for the MDP is denoted as ΦpS,Aq, which is the prob-

ability of taking an action A at state S . An optimal policy for the proposed MDP aims to

optimize the offloading actions of the mobile user to minimize cost.
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To obtain the optimal policy, the following Bellman equation [183] based on the defined

state space and derived transition matrices has to be solved:

V pSq “ min
ΦpS,Aq

HpS,Aq (5.22)

φ˚pSq “ arg min
ΦpS,Aq

HpS,Aq

HpS,Aq “ CpS,Aq ` γ
ÿ

S1PS
PSpS,S 1|AqV pS 1q.

where S “ pG,Q,N q. V pSq is a value function of the mobile user. φ˚pSq denotes the

optimal policy (i.e., the function that returns an optimal action for the user). Hp¨q is a cost

function of MDP. γ P p0, 1q is a discount factor of future states. CpS,Aq is the immediate

cost with respect to the state S of the current decision period, as defined in Section 5.1.3.2.

PSpS,S 1|Aq is the transition probability of the mobile user from the current state S to the

next state S 1, which can be obtained from the transition matrices (5.9), (5.16) and (5.21).

The Bellman equation can be solved numerically by employing the value iteration algo-

rithm [163].

5.2.4 Threshold Policy in Offloading Decision Making

In this section, we introduce the concept of threshold policy and show its existence in the

optimal policy obtained from the proposed MDP.

In an MDP model with binary choice of actions (i.e., A “ a1 or a2), a threshold policy

is in the following form

φ˚pθ, ¨q “

"

a1, for θ ą θthresh
a2, otherwise (5.23)

where φ˚p¨q is the optimal policy function. It is defined that a state θ has a threshold policy,

and the threshold is θthresh. The optimal action scheme φ˚pθ, ¨q is defined to have a threshold

type.

Once the MDP is proven to have a threshold policy and the threshold θthresh is obtained,

the user only needs to determine the threshold, and compare the current state θ with the

threshold θthresh. Whenever the current state θ ą θthresh, the action A “ a1 should be

taken. Otherwise, the action A “ a0 should be taken.
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To prove the existence of the threshold policy, we employ the method in [185, 183],

i.e., to prove the supermodularity (submodularity) [185] feature of the cost function in the

Bellman equation (5.22). That is, the cost function HpS,Aq has to be supermodular (or

submodular) with respect to pQ,Aq and pN ,Aq, so that the states Q and N have threshold

policies, and the optimal policy solved by MDP has a threshold type.

Definition 5.4 A function fpx, yq : px P X Ď Rq ˆ py P Y Ď Rq P R is supermodular

in px, yq if fpx1, y1q ´ fpx1, y2q ě fpx2, y1q ´ fpx2, y2q, @x1, x2 P X, @y1, y2 P Y, x1 ą

x2, y1 ą y2. Similarly, fpx, yq is submodular in px, yq if fpx1, y1q´fpx1, y2q ď fpx2, y1q´

fpx2, y2q, @y1, y2 P Y, x1 ą x2, y1 ą y2.

Theorem 5.8 (Threshold in the Number of Cloudlets) Given any fixed queue state Q and

application state G, the optimal offloading decision is a threshold policy in the number of

cloudlets N , i.e.,

φ˚t pSq “
"

1, for N ą Nthresh

0, otherwise (5.24)

given the immediate cost function CpS,Aq is monotonic in N . The function φ˚t pSq is the

optimal policy of offloading actions, and Nthresh is the threshold in the number of cloudlets

N .

The proof of Theorem 5.8 is given in Appendix 5.6.1.

Theorem 5.9 (Threshold in queue state) Given any number of cloudlets N and applica-

tion state G, the optimal offloading decision is a threshold policy in the queue state Q, given

any of the following conditions of immediate cost function Cp¨q.

• Condition 1: Second order cross difference of the immediate cost functionCppG,Q,N q,Aq

in G and Q is greater than or equal to 0, i.e., ∆2CppG,Q,N q,Aq
∆G∆Q ě 0, regardless of which

action is taken, i.e., ∆2CppG,Q,N q,Aq
∆G∆Q |A1 “

∆2CppG,Q,N q,Aq
∆G∆Q |A2 , @A1,A2 P A, the cross

difference is not a function of action A.

• Condition 2: All the application phases executed by the user are with the same

size, which cause the same base cost, i.e., CppG1,Q,N q,Aq “ CppG2,Q,N q,Aq,

@G1,G2 P G, given the same Q, N and action A.
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The proof of Theorem 5.9 is given in Appendix 5.6.2.

The threshold policy could assist a mobile user to make offloading decisions in the

following aspects:

• Simplifying device’s design: For a user device executing a simple application (i.e.,

sensors), the control logic of optimal offloading decision making could be preset

when manufacturing. That is, the threshold values of all the possible states of the de-

vice (i.e., potential mobile cloudlet user) are calculated in advance (e.g., employing

the value iteration algorithm) and implanted into the device as sole discrete values

or functions. As a result, the device simply compares its current state with the pre-

set threshold and makes an offloading decision, instead of calculating or storing the

action for every state. Thus, the hardware logic design will be simplified, since the

decision logic is binary.

• Fast threshold algorithm: For resource-limited mobile users making dynamic of-

floading decisions, fast decision algorithms could also be designed to make use of the

advantages of threshold policy without solving the MDP model. The idea is similar

to the simple threshold activation policy in [187]. In the following, we propose a

fast approximation algorithm, which has the complexity of Op1q compared with the

complexity Op|A| ¨ |S|2q [195] of the value iteration algorithm, where |A| and |S| are

the number of actions and states, respectively. The proposed fast algorithm does not

yield worst decisions under any circumstances compared with the baseline offloading

schemes. In other words, the fast algorithm leads to acceptable error-bounded results

without complicated and time-consuming calculation process.

We propose an equal-division decision making algorithm based on the threshold policy.

The idea of the equal-division algorithm is simple, as follows:

(i) Suppose the state space Sthresh contains all the states that have a threshold type. The

user divides the state space Sthresh equally into two sides, e.g., drawing a line when

the Sthresh is two-dimensional, as shown in the example in Fig. 5.7. The higher

dimensional state space partition is done in the same manner.
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(ii) The user takes action 0 when the current state is on one side, and takes action 1 when

the state is on the other side. To decide the action to be taken on each side, the

supermoduality (or submodularity) feature of the immediate cost function Cp¨q has

to be known, as discussed in Appendices 5.6.1 and 5.6.2.

(iii) For the boundary states (e.g., the states on the line in Fig. 5.7), they are divided

equally in the similar manner.

For example, if only the state N is considered (i.e., one dimensional threshold), where

|N | “ 5, the user will take action A “ 0 when N P t0, 1, 2u, and action A “ 1 when

N P t3, 4, 5u.

Q

N

MDP algorithm results

(a)

Q

N

Line to divide states drawn 
by the fast algorithm

(b)

Q

N

Random offloading actions

(c)

Figure 5.7: (a) Optimal results calculated from an MDP algorithm for comparison, (b) fast equal-
division algorithm, and (c) random action decision scheme

It is clear that when the equal-division algorithm is employed, the user will at most have

|S|
2

suboptimal decisions, compared with the optimal actions derived by the MDP algorithm,

where |S| is the maximum number of composite states. That is, the upper bound of sub-

optimal decisions is |S|
2

compared with the random action decision making scheme and all

local/remote action schemes (introduced as baseline offloading schemes in Section 5.4.1),

which have up to |S| suboptimal actions in the extreme cases. For example, with the param-

eter settings used in Section 5.4, Fig. 5.7(a) shows the optimal actions derived by the MDP

algorithm, where the filled boxes in the figure indicate A “ 1 at the corresponding system
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states, and A “ 0 otherwise. Compared to Fig. 5.7(a), the fast algorithm yields only 7 sub-

optimal actions, indicated by the crossed boxes shown in Fig. 5.7(b). The random action

decision case is shown in Fig. 5.7(c), where there are 19 suboptimal actions compared with

that of the MDP optimal actions.

5.3 Mobility of Mobile Users: Cloudlet Availability Esti-
mation

The optimization formulation in Section 5.2 requires the cloudlet availability ηa. In this

section, we estimate the value of ηa based on some assumptions of mobile user’s distribution

and mobility.

5.3.1 Distance Priority-based Cloudlet Admission Control

The cloudlet may refuse to accept the offloading requests from the mobile users. Conse-

quently, cloudlet admission control is an important factor which affects the cloudlet avail-

ability. The admission control policy may vary. We design a priority-based admission

control policy similar to that in [147]. That is, users in the same cloudlet coverage area

have different priorities according to their distances to the cloudlet when they offload si-

multaneously. Nevertheless, other admission control policies can also be adopted into the

proposed model.

We assume that the capacity of a cloudlet is limited. Rationally, the cloudlet has to

execute its own jobs first, and shares the rest of resources to serve offloading users. We

define a concept named External Service Ratio (ESR) metric, which is similar to Signal to

Interference plus Noise Ratio (SINR), as follows. Only active users who are in the coverage

area and currently offloading to the cloudlet are considered. Let us focus on user u. Note

that there could be other users ui, i P t1, 2, . . .u in the coverage area of the same cloudlet.

The definition of ESR is given as follows:

βESRprq “
gr´c

Es `
ř

gir
´c
i

(5.25)

where we further assume all gi ” g to be the energy consumption (e.g., transmission power)

by the cloudlet to process a job offloaded by any user. Es is the reserved energy to process
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the cloudlet’s own jobs. r is the user u’s distance to the cloudlet. Although the exact

distance of a user to the cloudlet may not be known, the cloudlet can estimate it indirectly,

e.g., by measuring the user’s signal strength. c is a positive constant (e.g., c “ 1) indicating

the sensitivity of r (as well as ri) to the function βESRprq. By adopting ESR, a user located

closer to the cloudlet has relatively larger ESR and will be possibly served with higher

probability. We also assume that the cloudlet has a pre-determined constant β̂, only above

of which the user’s offloading request will be accepted by that cloudlet (i.e., βESR ě β̂).

In the following, we derive the probability that the cloudlet accepts an offloading re-

quest. With the help of guard zone concept [196], from the perspective of user u located

at a distance r from the cloudlet, we define the corresponding virtual zone centered at the

cloudlet with radius Rgprq. Once an active user who also offloads appears in the virtual

zone Rgprq, the user u’s ESR drops below β̂ (i.e., βESR ă β̂). As a result, any offloading

request from the user u will be rejected. The virtual zone radius Rgprq is calculated as

follows [197]:

Rgprq “

ˆ

r´c

β̂
´
Es
g

˙´ 1
c

(5.26)

where Es
g

indicates the cloudlet’s own jobs. When the cloudlet’s own job is relatively less

energy-consuming or negligible, Es
g
“ 0, such that Rgprq “ β̂

1
c r. Then the failure rate (i.e.,

ESR outage) 1´ εprq can be expressed as follows [197]:

1´ εprq “ 1´ e´2πλaurRgprqs2 (5.27)

which yields the admission probability εprq “ e´2πλaurRgprqs2 . In the expression, λau is the

density of active users. In practice, λau ď λu since only some of existing users will be

active. We denote λau “ caλu, where ca is a constant. The expression of εprq indicates that

the probability that the user can be accepted by a cloudlet depends on the density of active

users in the system.

5.3.2 Dwell Time and Cloudlet Availability Estimation

In this section, we determine the dwell time of a user in a cloudlet coverage, and then derive

the estimated cloudlet availability.
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Assuming that the users are distributed in HPPP, the probability density that the user is

located at a distance r from the cloudlet in the center of the circle is derived as follows:

ψprq “
2πλue

´πλur2

1´ e´πλuR2 r (5.28)

where λu is mobile users’ density, r is the user’s distance to the cloudlet, and R is the

coverage radius of the cloudlet, where r ď R.

For example, we assume that the user moves straight in the cloudlet coverage. When the

user moves in the centrifugal direction to leave the cloudlet coverage area (i.e., along the

fastest path) with radius R, the dwell time is T prq “ R´r
v

, where v is the relative velocity

of the user to the cloudlet. We define this to be the worst case path. By contrast, when

the user moves in the centripetal direction, defined as the best case path, the dwell time is

T prq “ R`r
v

.

Considering the cloudlet admission control policy and the mobility of mobile users, the

cloudlet availability is obtained as follows:

• Worst case:
ηa,we “ Er

”

εprqT prq´τ
T prq

ı

“
şR´vτ

0
ψprq ¨ εprq ¨ T prq´τ

T prq
dr

“ 2πλu
1´e´πλuR2

R´vτ
ş

0

`

1´ vτ
R´r

˘

eΛprqrdr

(5.29)

where Λprq “ ´πλur
2 ´ 2πλaurRgprqs

2. The upper bound R ´ vτ of an integral

has the physical meaning that a user located at radius R ´ vτ to R cannot offload

jobs, since the dwell time T prq of the user is less than τ . As a result, ηa,we “ 0 when

R ´ vτ ă r ď R.

• Best case:

ηa,be “
2πλu

1´ e´πλuR2

R
ż

0

ˆ

1´
vτ

R ` r

˙

eΛprqrdr (5.30)

which is derived similarly to (5.29) by using best case dwell time. Note that the upper

bound of integral is R instead of R ´ vτ .

• Average case: A conservative way for the user to estimate the cloudlet availability is

to use a weighted average of best and worst case, i.e.,

ηa,avg “ αηa,we ` p1´ αqηa,be (5.31)
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where α P p0, 1q is the weight, e.g., α “ 1
2
.

5.4 Numerical Results

In this section, the numerical results of mobile user’s offloading decisions in the environ-

ment with mobile cloudlets are presented and explained.

5.4.1 Parameter Setting and Performance Metrics

We use the linear structured face recognition program [45, 190] as an example to illustrate

the numerical results.

Unless otherwise stated, the following scenario and parameter settings are employed in

the performance evaluation. The application phases of the face recognition in our discussed

system are shown in Fig. 5.2. The queue can store 6 jobs (i.e., |Q| “ 6). The rate of

generating new job of the mobile user is λq “ 0.25 jobs per minute. For the mobility

parameters of the system: The density of mobile users is λu “ 0.0001 per m2. The mobile

user has the velocity of 5.0m{s. The cloudlets have the coverage radius of R “ 10 meters.

The density of cloudlets is λc “ 0.0005 per m2. For the admission control parameters as

discussed in Section 5.3: The density of active mobile users is λau “ 10% ¨ λu. The ESR

constant is β̂ “ 0.5 and the sensitivity constant of a cloudlet is c “ 2. The execution

time of the offloaded application phase on the cloudlet is τ “ 0.5s. For the value iteration

algorithm, the discount factor is γ “ 0.8.

Various customized forms of cost function CpSq can be adopted in the MDP model. As

an example, the immediate cost function CpSq defined in Section 5.1.3.2 is set as follows:

• In the immediate local execution cost CLpSq in (5.4), we set PCPU pGq
sCPU

“ 1.0 for all

the application phases G P G. The scheduling overhead is set to be CschpG,Qq “
Q
|Q|
¨ δpGq. The delay is set as DpQq “ Q.

• For the immediate offloading cost CRpSq in (5.5), CpaypGq is set to be 0, i.e., band-

width usage and cloudlet resources are free. Without loss of generality, Pcir
rch

is set to

be 1.0. That is, the wireless transmission rate is fixed, and the transmission energy

consumption ECPUpGq is only proportional to the size of phase δpGq. The penalty
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function is CpenpG,N q “ p1´ ηaqN cpen, where the coefficient cpen “ 2.5 by default,

and ηa is derived in Section 5.3. The delay of job is also set to be DpQq “ Q.

• All the weight factors in the immediate cost function are set to be 1
3
.

We evaluate the performance of the proposed MDP optimization model (Section 5.4.3)

in terms of expected cost and offloading rate. We denote the probability that the mobile

user starts to operate at the state S to be pinipSq. The expected cost C of the user is defined

as C “
ř

SPS pinipSq ¨ V pSq. The offloading rate R is defined as the proportion of the

user’s offloading decisions made at all the states, i.e., R “ 1
|S|
ř

SPS ApSq, where |S| is the

number of all the states.

We compare the performances of the proposed MDP offloading algorithm with other

four baseline schemes:

• Always executing locally scheme (LOC): The mobile user always executes application

phases locally on the mobile device, i.e., A ” 0;

• Always offloading scheme (OFF): The mobile user always offloads to cloudlets, i.e.,

A ” 1 (except when N “ 0);

• Random scheme (RND): The user randomly chooses local execution or offloading

action in each decision period;

• Myopic scheme (MYO): The mobile user makes a short-sighted decision only based

on immediate costs of the current decision period. The decision is defined as follows:

A “
"

0, for CLpS,Aq ă CRpS,Aq
1, for CLpS,Aq ě CRpS,Aq

(5.32)

which indicates that a local execution action will be taken if the immediate cost of lo-

cal execution is lower than that of offloading, i.e., CLpS,Aq ă CRpS,Aq. Otherwise,

the mobile user takes an offloading action.
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5.4.2 Evaluation of Cloudlet Availability Model

In Section 5.1.3.1, we present the mobility model to estimate the cloudlet availability (Sec-

tion 5.4.2) in an intermittently connected cloudlet system. To verify the proposed mobility

model, we simulate three general cases with different user mobility patterns, as shown in

Fig. 5.8(a).

In the simulation, the user is located at a random location in the cloudlet coverage area at

the beginning of a decision period, following the spatial distribution of HPPP. As Fig. 5.8(a)

shows, the user has different options when choosing a mobility path: centrifugal, centripetal

and random direction.

At any time before the user moves out of the cloudlet coverage area, the user may start to

offload a job and receive the result. We record the probability that the offloaded job is suc-

cessfully executed. For each mobility pattern, 4000 sample users are tested independently,

with the cloudlet coverage radius ranging from 5m to 70m.

In Fig. 5.8(b), the lines are the analytical results, while the points are the simulation

results of user’s average cloudlet availability, with 95% confidence interval. As the results

shown from Fig. 5.8(b), for both centrifugal (i.e., the worst case) and centripetal (i.e., the

best case) mobility paths, the analytical results match closely with the simulation results.

Therefore, the proposed estimations given in (5.29) and (5.30) are validated.

We also consider random mobility of the user. As Fig. 5.8(c) shows, compared with

simulation results with 95% confidence interval, the analytical cloudlet availability obtained

from (5.31) is acceptably accurate for when the user moves with random paths.

5.4.3 Impacts of Cloudlet to Optimization

In this section, we discuss how the parameters of mobile cloudlets affect the offloading

decision and performance.

5.4.3.1 Number of Cloudlets - Coverage Radius and Density

We examine the impacts of cloudlets’ coverage radius R and density λc to the offloading

decision rate and cost. From Fig. 5.9(a) and Fig. 5.10(a), as R or λc increases, the user’s

offloading rate increases. This is because with a larger cloudlet radius R or higher cloudlet
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Figure 5.8: Effect of mobility for (a) centrifugal, centripetal and random movement, (b) simulation
results for centrifugal (worst-case) and centripetal (best-case) movements, and (c) simulation results
for random direction movement.
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Figure 5.9: (a) User’s offloading rate to cloudlet radius R, and (b) user’s expected cost to R.

0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6 1.8 2.0
Cloudlet density λc  (×103 )

0.
15

0.
20

0.
25

0.
30

0.
35

0.
40

Of
flo

ad
in

g 
ra

te MDP
MYO
RND

(a)

0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6 1.8 2.0
Cloudlet density λc  (×103 )

7.
5

7.
6

7.
7

7.
8

7.
9

Us
er

's
 e

xp
ec

te
d 

co
st

MDP
MYO
RND

LOC
OFF

(b)

Figure 5.10: (a) User’s offloading rate to cloudlet density λc, and (b) user’s expected cost to λc.
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density λc, the user has an access to more cloudlets. Consequently, as shown in Fig. 5.9(b)

and Fig. 5.10(b), the user’s offloading cost decreases as R or λc increases. Furthermore,

as shown in Fig. 5.9(b) and Fig. 5.10(b), with the proposed MDP offloading algorithm, the

user achieves lower expected cost that those of other schemes. Note that the expected cost

of always executing locally remains constant, since the user in this case is not affected by

cloudlets.

5.4.3.2 Cloudlet Availability

Fig. 5.11 shows the relationship between performances and cloudlet availability ηa, under

different penalty coefficient cpen of offloading failure. As expected, when there is no penalty

in the cost function of offloading, the user just executes the application phase again if the

offloaded phase fails. If the cost of local execution is more than that of offloading, the user

still wants to offload even if ηa is small. This is observed for cpen “ 0 in Fig. 5.11(a), where

the offloading rate is higher than 0.3 for ηa “ 0.1.
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Figure 5.11: (a) User’s offloading rate to cloudlet availability ηa, and (b) user’s expected cost to
ηa.

When the penalty in the cost function is significant, offloading is no longer an optimal

action to the user. For cpen “ 2.5 and For cpen “ 5.0, the offloading rates are lower than

that of cpen “ 0, as in Fig. 5.11(a), since the possibility of offloading failure is high. As

ηa increases, the penalty term has less effects to the decisions. Therefore, the immediate

offloading cost CRpSq becomes low, as shown by the sharply increasing MYO curve in
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Fig. 5.11(a) when ηa ą 0.6. The decreased effect of offloading failure penalty can also be

observed from Fig. 5.11(b), where we compare the MDP-based offloading algorithm with

parameters cpen “ 0, 2.5 and 5.0. The higher penalty leads to higher user’s expected cost.

Furthermore, the cost gaps among MDP-based schemes with different penalties (solid lines

in 5.11(b)) are smaller as ηa increases since the probability of offloading failure decreases.

Additionally, Fig. 5.11(b) shows that, when ηa is low, the proposed MDP algorithm achieves

the lower cost than those of myopic and always offloading schemes. When ηa is high

(e.g., ηa ě 0.8), the probability of successful offloading is high enough. As a result, the

performances of MDP, OFF and MYO schemes become close to each other. Moreover, the

costs for different values of cpen tend to converge.

5.4.4 Threshold Policy
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Figure 5.12: A threshold policy in queue state Q and number of cloudlets state N when R “ 15m:
(a) The application phase G “ 1, and (b) G “ 3.

The threshold policy in the optimal solution of the proposed MDP algorithm is shown

in Fig. 5.12. Given the application phase G “ 2 (in Fig. 5.12(a)) or G “ 3 (Fig. 5.12(b))

fixed, the two-dimensional threshold in pQ,N q can be observed, where the horizontal axes

denote the queue state Q and the number of cloudlets state N , respectively, and the vertical

axis denotes the action (i.e., A “ 0 and A “ 1) taken by the mobile user. Given a certain

N (or Q), we increase Q (or N ) from 0 to |Q| (or |N |), the action A taken by the user will

monotonically change from 0 (i.e., local execution) to 1 (i.e., offloading). Consequently, a
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threshold policy in pQ,N q exists. For example, in Fig. 5.12(a), the state pQ “ 2,N “ 4q

is a threshold in N such that A “ 1 when N ě 4, given the queue state Q “ 2.
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Figure 5.13: User’s relative expected cost (MDP cost is set as 100%): (a) with different cloudlet
coverage radius R, and (b) with different offloading penalty coefficients.

Fig. 5.13 shows the suboptimality of the fast equal-division algorithm (labeled FAST)

proposed in Section 5.2.4 in terms of user’s expected cost. The optimal results obtained

from MDP algorithm is set to be 1. Fig. 5.13 shows the relative expected cost compared

with the MDP algorithm. In Fig. 5.13(a), we vary the offloading penalty coefficient cpen

from 0 to 8. We also vary the cloudlet coverage radius R from 8 to 15 in Fig. 5.13(b).

As shown in Fig. 5.13, when R ă 9m or cpen ě 3, the always offloading scheme

(i.e., OFF) has the most unacceptable results (e.g., ą 103% of optimal results when cpen ě

4). When R ě 9m or cpen ă 3, the always executing locally scheme (i.e., LOC) yields

the most unsatisfactory results. Similarly, the random scheme (i.e., RND) could result in

highly unsatisfactory cost if the offloading decisions in all or most of the states are made

wrongly, e.g., the random result when R “ 10 in Fig. 5.13(a) almost yields the worst

cost. In summary, as shown in Fig. 5.13, compared with the always executing locally,

always offloading and random schemes, the equal-division algorithm achieves acceptable

performance in terms of the expected cost.
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5.5 Summary

In this chapter, we consider offloading to cloudlet as an alternative method for the en-

ergy and resource management issues of mobile devices, which differs from the aforemen-

tioned wireless energy charging techniques. A job being processed on a mobile device (i.e.,

cloudlet user) can be divided into a few phases to execute. For every phase, the mobile

device may decide whether to offload it to the cloudlets nearby, or to execute the phase by

the mobile device locally. In some cases, offloading costs less to the mobile device, and

thus reduces the energy and resource consumptions of the mobile device. This chapter pro-

posed a Markov decision process (MDP) based scheme to model and determine the optimal

offloading/local execution policy of the mobile device, considering the intermittent connec-

tion issues caused by the mobility feature in mobile networks. This chapter has also proven

the existence of threshold structure in the obtained optimal policy of offloading/local execu-

tion. Moreover, a fast algorithm to obtain an approximated policy is also designed. Finally,

the chapter has shown in the numerical results that the analytical model of mobility and in-

termittent connection proposed in this chapter is relatively accurate to describe the mobile

cloudlet systems. Furthermore, the MDP-based offloading scheme has shown to efficiently

reduce the overall cost of mobile devices in terms of energy and resource consumptions,

comparing with some typical baseline schemes.

5.6 Appendix

5.6.1 Proof of Threshold Policy in the Number of Cloudlets N

Proof The proof of submodularity of cost function HtpS,Aq in N is expressed as follows,

given N1,N2 P N, N2 ě N1

pHtppS´N ,N2q, 1q ´HtppS´N ,N2q, 0qq ´ pHtppS´N ,N1q, 1q ´HtppS´N ,N1q, 0qq
“ pCRpS´N ,N2, 1q ´ CRpS´N ,N1, 1qq ´ pCRpS´N ,N2, 0q ´ CRpS´N ,N1, 0qq

` pCLpS´N ,N2, 1q ´ CLpS´N ,N1, 1qq ´ pCLpS´N ,N2, 0q ´ CLpS´N ,N1, 0qq
`∆PV pN2q `∆PV pN1q

“ CRpS´N ,N2, 1q ´ CRpS´N ,N1, 1q ď 0.
(5.33)
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where

∆PV pN q “

„

ř

N 1PN
PSppS´N ,N q, pS´N ,N 1q|A “ 1qVt`1pS´N ,N 1q

´
ř

N 1PN
PSppS´N ,N q, pS´N ,N 1q|A “ 0qVt`1pS´N ,N 1q



and S´N “ tG,Qu indicates the tuple of state excluding the number of cloudlets N . The

terms ∆PV pN2q ” 0 and ∆PV pN1q ” 0 since PNpN ,N 1q is irrelevant to N in a Pois-

son Point distribution. As a result, given any action A, submodularity of HtpS,Aq holds

whenever the monotonicity property of the summation of cost functions Csump¨q holds.

5.6.2 Proof of Threshold Policy in Queue State Q

Proof Lemma 5.5 The second order cross difference rVtpG ` 1,Q ` 1,N q ´ VtpG,Q `

1,N qs ´ rVtpG ` 1,Q,N q ´ VtpG,Q,N qs ě 0, which is denoted as ∆2Vt
∆G∆Q ě 0, given any

of the conditions of Cp¨q in Theorem 5.9.

Lemma 5.5 is proven in Appendix 5.6.3.

To prove the threshold policy in Q, the submodularity property of cost functionHtpS,Aq

in pQ,Aq is proven by the definition given in the following. N is omitted from notations.

HtpG,Q,Aq is employed to indicate the cost function in state pG,Qq while action A is

taken. The submodularity condition is expressed as follows:

rHtpG,Qx ` 1, 1q ´HtpG,Qx ` 1, 0qs ´ rHtpG,Qx, 1q ´HtpG,Qx, 0qs

“ rpCRpG,N q ` γ
ÿ

Q1
PSppS´Q,Qx ` 1q, pS´Q,Q1

q|A “ 1qVt`1pS´Q,Q1
q

loooooooooooooooooooooooooooooooooomoooooooooooooooooooooooooooooooooon

(S1)

q

´pCLpG,Qx ` 1q ` γ
ÿ

Q1
PS
ppS´Q,Qx ` 1q, pS´Q,Q1

q|A “ 0qVt`1pS´Q,Q1
q

loooooooooooooooooooooooooooooooooomoooooooooooooooooooooooooooooooooon

(S2)

qs

´rpCRpG,N q ` γ
ÿ

Q2
PS
ppS´Q,Qxq, pS´Q,Q2

q|A “ 1qVt`1pS´Q,Q2
q

looooooooooooooooooooooooooooooomooooooooooooooooooooooooooooooon

(S3)

q

´pCLpG,Qxq ` γ
ÿ

Q2
PS
ppS´Q,Qxq, pS´Q,Q2

q|A “ 0qVt`1pS´Q,Q2
q

looooooooooooooooooooooooooooooomooooooooooooooooooooooooooooooon

(S4)

qs

(5.34)

where Qx is any queue state, and G R GEP . When G P GEP , the proof can be conducted in

the same manner.

The Terms (S1) to (S4) in (5.34) are expanded as follows:
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Term (S1):
ř

Q1
PSppS´Q,Qx ` 1q, pS´Q,Q1q|A “ 1qVt`1pS´Q,Q1q

“ pηpN , ηa|A “ 1q ¨Po`pQ` 1qJ ¨Vt´1pG ` 1,Q` 1q
`p1´ pηpN , ηa|A “ 1qq ¨Po`pQ` 1qJ ¨Vt´1pG,Q` 1q.

(5.35)

Term (S3) can be expanded similarly to Term (S1).

Term (S2):
ř

Q1
PSppS´Q,Qx ` 1q, pS´Q,Q1q|A “ 1qVt`1pS´Q,Q1q

“ Po`pQ` 1qJ ¨Vt´1pG ` 1,Q` 1q.
(5.36)

The expansion of Term (S4) is similar to that of (S2).

(5.34) becomes

rHtpG,Qx ` 1, 1q ´HtpG,Qx ` 1, 0qs ´ rHtpG,Qx, 1q ´HtpG,Qx, 0qs
“ ´ pCLpG,Qx ` 1q ´ CLpG,Qxqq

`γp1´ pηpN , ηa|A “ 1qq
|Q|´1
ř

q“Qx
Popqq rpV pG, q ` 1,N q ´ VtpG ` 1, q ` 1,N qq

´ pVtpG, q,N q ´ VtpG ` 1, q,N qqs

“ ´ pCLpG,Qx ` 1q ´ CLpG,Qxqq ´ γp1´ p
ηpN , ηa|A “ 1qq

|Q|´1
ř

q“Qx
Popqq ∆2Vt

∆G∆Q

ď 0.
(5.37)

The submodularity feature of HtpS,Aq in terms of Q is thus proven. As a result, VtpSq

has a threshold policy in Q.

5.6.3 Proof of Lemma 5.5

Proof According to the definition (5.22),

VtpG ` 1,Q` 1,N q “ HtppG ` 1,Q` 1,N q,A1q

VtpG ` 1,Q,N q “ HtppG ` 1,Q,N q,A2q

VtpG,Q` 1,N q “ HtppG,Q` 1,N q,A3q

VtpG,Q,N q “ HtppG,Q,N q,A4q

(5.38)

where A1 to A4 are actions to optimize the corresponding Vtp¨q, respectively. By optimality,

we have VtpG ` 1,Q,N q ď HtppG ` 1,Q,N q,A1q and VtpG,Q ` 1,N q ď HtppG,Q `

1,N q,A4q.

In the following, PopQq, Po`pQq, VtpG,Qq, ∆GVtpG,Qq, and ∆QVtpG,Qq are de-

fined in Appendix 5.7.
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We will have the following inequalities:
VtpG ` 1,Q` 1,N q ´ VtpG ` 1,Q,N q

ě CppG ` 1,Q` 1,N q,A1q ´ CppG ` 1,Q,N q,A1q

` pηpN , ηa|A1q ¨PopQqJ ¨∆QVt´1pG ` 2,Q` 1q ` p1´ pηpN , ηa|A1qq ¨PopQqJ ¨∆QVt´1pG ` 1,Q` 1q
loooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooomoooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooon

(Term A)
(5.39)

and
VtpG,Q` 1,N q ´ VtpG,Q,N q

ď CppG,Q` 1,N q,A4q ´ CppG,Q,N q,A4q

` pηpN , ηa|A1q ¨PopQqJ ¨∆QVt´1pG ` 1,Q` 1q ` p1´ pηpN , ηa|A1qq ¨PopQqJ ¨∆QVt´1pG,Q` 1q
loooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooomoooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooooon

(Term B)

.

(5.40)

Lemma 5.6 Uniqueness and convergence [186]: the Bellman equation in (5.22) will al-

ways converge to a unique optimal result.

When Condition 1 in Lemma 5.5 holds, we let V0pG,Q,N q “ 0 for all states S “

pG,Q,N q. This will not affect the final optimal results since the convergence and unique-

ness of the Bellman equation. rV0pG`1,Q`1,N q´V0pG,Q`1,N qs´rV0pG`1,Q,N q´

V0pG,Q,N qs ě 0 holds.

For t “ 1, i.e., the first pass iteration, rV1pG ` 1,Q ` 1,N q ´ V1pG,Q ` 1,N qs ě

rV1pG`1,Q,N q´V1pG,Q,N qs, since V0p¨q “ 0 and the two properties of Cp¨q hold, as in

the statement of Lemma 5.5, i.e., ∆Vt´1pGq “ 0 and CppG ` 1,Q` 1,N q,A1q ´CppG `

1,Q,N q,A1q ě CppG,Q` 1,N q,A4q ´ CppG,Q,N q,A4q.

For the iteration step t “ k ´ 1, rVk´1pG ` 1,Q ` 1,N q ´ Vk´1pG,Q ` 1,N qs ě

rVk´1pG ` 1,Q,N q ´ Vk´1pG,Q,N qs and the properties of Cp¨q lead to that (Term A) ě

PoJ ¨∆VpG`1q ě (Term B) in (5.39) and (5.40). As a result, when t “ k, rVkpG`1,Q`

1,N q ´ VkpG,Q` 1,N qs ě rVkpG ` 1,Q,N q ´ VkpG,Q,N qs.

By contrast, when Condition 2 in Lemma 5.5 holds, we can prove using the super-

modularity (submodularity) feature of pG,Aq that different actions taken are only based on

different Q and N , and consequently A1 “ A3 and A2 “ A4 in (5.38). The following

equations hold:

VtpG ` 1,Q` 1,N q ´ VtpG,Q` 1,N q
“ pηpN , ηa|A1q ¨Po`pQ` 1qJ ¨∆GVt´1pG ` 2,Q` 1q

`p1´ pηpN , ηa|A1qq ¨Po`pQ` 1qJ ¨∆GVt´1pG ` 1,Q` 1q
“ Po`pQ` 1qJ ` ¨∆GVt´1pG ` 1,Q` 1q

(5.41)
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and
VtpG,Q` 1,N q ´ VtpG,Q,N q

“ pηpN , ηa|A2q ¨Po`pQqJ ¨∆GVt´1pG ` 2,Qq
`p1´ pηpN , ηa|A2qq ¨Po`pQqJ ¨∆GVt´1pG ` 1,Qq

“ Po`pQqJ ¨∆GVt´1pG ` 1,Qq.

(5.42)

By employing induction as abovementioned, the equation VtpG`1,Q`1,N q´VtpG,Q`

1,N q “ VtpG,Q` 1,N q ´ VtpG,Q,N q can be proven.

Consequently, Lemma 5.5 holds when the Bellman equation (5.22) converges.

5.7 Notations

Vtp¨q and Htp¨q are the value function V p¨q and the cost function Hp¨q at the tth iteration

when we use the value iteration algorithm to solve the Bellman equation.

Notations PopQq, Po`pQq, VtpG,Qq, ∆GVtpG,Qq, and ∆QVtpG,Qq are defined as

follows:

PopQq “

»

—

—

—

–

Pop0q
Pop1q

...
Pop|Q| ´Q´ 1q

fi

ffi

ffi

ffi

fl

,

Po`pQq “

»

–

PopQq

1´
|Q|´Q´1
ř

k“0

Popkq

fi

fl ,

VtpG,Qq “

»

—

—

—

–

VpG,Qq
VpG,Q` 1q

...
VpG, |Q|q

fi

ffi

ffi

ffi

fl

,

∆GVtpG,Qq “

»

—

—

—

–

VtpG,Q,N q ´ VtpG ´ 1,Q,N q
VtpG,Q` 1,N q ´ VtpG ´ 1,Q` 1,N q

...
VtpG, |Q|,N q ´ VtpG ´ 1, |Q|,N q

fi

ffi

ffi

ffi

fl

,

and

∆QVtpG,Qq “

»

—

—

—

–

VtpG,Q,N q ´ VtpG,Q´ 1,N q
VtpG,Q` 1,N q ´ VtpG,Q,N q

...
VtpG, |Q|,N q ´ VtpGx, |Q| ´ 1,N q

fi

ffi

ffi

ffi

fl

.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

Energy management methods to make full use of battery as well as wireless charging have

been developed for energy devices to operate efficiently in wireless systems. The main

research contributions presented in this thesis can be summarized as follows:

• Chapter 3: Mobile Energy Gateway - A Study on Optimal Wireless Energy Carrying:

This chapter has proposed the use of a mobile energy gateway to carry and trans-

fer energy from energy chargers to energy users, which is based on wireless energy

charging technique. To obtain the optimal energy management policy (i.e., to charge

or transfer) of the energy gateway, we have formulated and solved a Markov decision

process (MDP) model. The optimal policy determines the action to be taken given

the system states sensed by the energy gateway, including location, energy level of

battery, the number of energy users, and the energy price. The optimal policy aims at

maximizing the overall utility of the energy gateway. Moreover, we have proven the

existence of a threshold structure in the optimal policy derived by the MDP model.

The numerical results have clearly shown that the proposed MDP-based scheme for

energy management of the mobile energy gateway outperforms conventional baseline

schemes.

• Chapter 4: Traffic-aware Optimal Wireless Energy Charging Policy: We have pro-

posed a Markov decision process (MDP) based scheme for a mobile device (i.e., a

mobile node) to make wireless energy charging actions from energy sources. We
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have considered the mobility, energy storage, and traffic generation processes and

model them as the states of the mobile node. We have obtained an optimal charging

policy, in which the mobile node makes a decision to charge its energy storage or

not based on these states. The objective is to maximize the node’s expected overall

utility. We have also proven the existence of threshold policy of the proposed MDP

model. The performance evaluation has shown that the optimal policy obtained from

the proposed MDP scheme outperforms typical baseline schemes.

• Chapter 5: Optimal Offloading in Mobile Cloudlet Systems with Intermittent Con-

nectivity: We have proposed the Markov decision process (MDP) based dynamic of-

floading algorithm for a mobile cloudlet user in a mobile cloudlet system. Consider

that a mobile application can be divided into multiple phases, the cloudlet user can

make a decision to execute each phase locally or offload it to nearby cloudlets. More-

over, offloading failures caused by both mobile cloudlet user mobility and cloudlet

admission control have been considered. The offloading decision policy is optimized

to achieve the lowest cost (e.g., computation and communication costs) by solving

the MDP model using the value iteration algorithm. For the proposed MDP model,

we have shown the existence of a threshold policy. A fast decision algorithm has

also been introduced for the mobile cloudlet user to make effective and acceptable

performance. The numerical results have shown that the analytical estimations of

cloudlet availability is relatively accurate for various mobility patterns. Furthermore,

the proposed MDP-based dynamic offloading algorithm outperforms other baseline

schemes that do not take the state of the system into account.

6.2 Future Work

In the following, we discuss some possible issues to be addressed in the future studies.

6.2.1 Optimizing Multi-hop RF Energy Charging and Cloudlet Sys-
tems

In Chapters 3-5, both RF energy and data transmission are performed on a single-hop basis.

However, some wireless networks may have multi-hop transmission structures, e.g., mobile
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ad hoc networks and sensor networks. As aforementioned in Section 1.1.3.2, when a job is

offloaded to a cloudlet which is connected to the Internet, the job could also be offloaded

to typical cloud computing services. Multi-hop offloading can be performed in such a sce-

nario. However, there are some issues to be addressed for offloading in multi-hop network

structures.

• Firstly, network uncertainty becomes more complicated as there are more random

factors in the system. Several system states may not be directly obtained or sensed.

For example, the channel qualities and the job offloading payments of the connec-

tions further than the second hop are not exposed directly to the local mobile device.

In this case, MDP models can be extended, considering the uncertainties of state

observations.

• Secondly, wireless energy depletion becomes more critical in multi-hop structured

networks. As introduced in Section 2.2.2.1, due to the broadcast nature of the RF

signal transmission, multi-hop RF energy charging may not applicable given the only

energy source is at the transmitter of the first hop. To deal with this issue, techniques

such as directional antenna and beamforming could be applied.

6.2.2 Combined Energy and Data Transfer

In Chapter 4, for every decision period, energy charging and traffic transmission are in-

dependent. However, as surveyed in Section 2.3.1, both data and energy can be carried

simultaneously by the same RF signals, depending on how the receiver decode the sig-

nal received. In the case of a single receiver antenna, the more portion that the signal is

decoded as data, the less portion that the signal can be utilized as energy. In the future

research, optimizations models can be proposed to address the trade-off between data re-

ceiving and energy charging from the same signals. Moreover, optimizations methods for

different receiver architectures, e.g., multiple antennas, could also be studied.

6.2.3 Alternative Mobility Models of Mobile Devices

In Chapter 4, a mobility model of mobile devices (i.e., cloudlet users) is proposed to de-

scribe the intermittent connection feature of mobile networks. In this chapter, mobile de-
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vices moves in straight lines to different locations. However, mobility of mobile devices

can be complex for mathematically modeling, especially for human. In some scenarios,

MDP-based models are not applicable, since the mobility considered as a system state may

not have the Markovian property. Therefore, extensive studies are required to address the

complex mobility models.
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