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Abstract

The use of a mobile charger (MC) is a popular method to restore energy in wireless

rechargeable sensor networks(WRSN), whose effectiveness depends critically on the

recharging strategy employed by the MC. In this thesis, we propose a novel on-line

recharging mechanism strategy, called Continuous Local Learning (CLL ), which pre-

dicts the current energy level of the sensor nodes and dynamically updates the schedule

to visit the nodes before their batteries get depleted. The strategy is based on simple

computations done by the MC with little memory requirements, and the communica-

tion is strictly local (between the MC and neighbouring nodes).

In spite of its simplicity, this strategy was experimentally shown to be highly effec-

tive in keeping the network perpetually operating, ensuring that the number of sensing

holes (i.e., non-operational sensors due to battery depletion) and their duration are

very small at any time, and achieving immortality (i.e., no node ever becoming non-

operational) under many settings even in large networks.

We also studied the flexibility of CLL under a variety of network parameters, show-

ing its applicability in various contexts. We particularly focused on network size, data

rate, sensors’ battery-capacity, and speed of the MC, and studied their impact on op-

erational size and disconnection time under a wide range of values. The experiments

indicate the fact that the effectiveness of CLL holds under all considered settings.

We then compared the proposed solution with the popular class of static strate-

gies since they share with CLL the features of simplicity, strict local communication
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and small memory and computational requirements. Experimental results showed that

CLL outperforms these strategies in effectiveness. Not only is the number of sensors

that are operational at any time higher under CLL , but the average duration of a

sensing hole is also significantly lower.

Finally, we studied the adaptability of CLL to a network’s sudden changes, in par-

ticular changes in data rate, which we call spikes. We studied the impact of spikes

parameters on the performance of CLL . Experimental results showed that CLL is

capable of reacting and adapting to these sudden changes with only a slight increase

in non-operational size and disconnection time.
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Chapter 1

Introduction

1.1 Energy Restoration Problem

Wireless sensor networks (WSNs) consist of small devices, called nodes, deployed in

a targeted area to monitor, collect, and report information on the surrounding envi-

ronment. They have been used in a wide variety of industrial, military, and civilian

applications (e.g., see [1,2]). Due to their versatility and low cost, WSNs represent the

best candidate for many applications including smart-city applications [3–5], health

applications [6, 7], environment applications [8, 9], localization and target tracking ap-

plications [10,11], intruder tracking applications [12,13], and barrier monitoring appli-

cations [14, 15].

The main problem with WSNs is their limited lifetime. The network devices are

mainly powered by batteries of limited (usually small) capacity. As each (sensing and

communication) operation performed by a node consumes energy, its battery eventually

becomes depleted and the node stops being operational, creating a sensing hole in the

network and possibly a coverage hole in the monitored area. Thus, unless remedial

action is taken, the coverage decreases until the entire network ceases to function.

1
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This power consumption problem, whose existence is seen as a major obstacle to

the use of WSNs in a wide range of applications [16], has been long known in the sensor

network community, and many approaches have been studied and proposed to alleviate

it if not solve it.

The earliest approaches to extend the WSN lifetime focused on techniques aimed

at improving energy conservation and efficiency (e.g., duty cycling, low-cost commu-

nication, etc.) so as to reduce the energy consumption of the sensors and prolong the

network lifetime (e.g., [17, 18]); these approaches however only delay the inevitable

demise of the network.

To prolong the life of the network almost indefinitely it is indeed necessary to restore

the depleted energy in the network. Various approaches to energy restorations have

been considered in the literature.

The first type suggests the enhancement of each node with additional capabilities

so as to render it able to recharge its own battery. An example of such approach, which

we shall call endogenous, is the proposal to provide the sensors with energy harvesting

equipment, enabling them to collect energy from surrounding resources (e.g., [19,20]).

Another example of endogenous approach is the proposal to equip each node with

mobility and location capabilities so that it can move to a recharging station when

the battery level becomes too low (e.g., [21,22]). Both endogenous approaches require

sensor nodes of substantially increased complexity (and thus cost); this fact severely

limits their feasibility and applicability.

An important popular alternative is an approach that does not require more com-

plex sensors but rather relies on an exogenous (i.e., external) element. More precisely,

this approach proposes the use of a robot or vehicle to act as amobile charger (MC ) and

move around the WSN area to replenish the energy of sensors in need. This exogenous

approach, intensively studied from a theoretical point of view, is quite important also

from a practical point of view due to the recent developments in non-radiative wireless
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energy transfer technology (e.g., [23–26]); once this technology is fully developed, the

MC should be able to recharge a node battery without the need for wires and plugs,

with energy efficiently generated elsewhere. Not surprisingly, wireless rechargeable sen-

sor network (WRSN) represents the emerging technology of WSN (e.g., see [27]).

The idea behind this approach is simple: the mobile charger, provided with access

to an unlimited source of energy1, moves continuously through the network, wirelessly

recharging nodes if found to be in need.

This approach can provide perpetual operation of the WSN since even depleted

(non-operational) node will be operational again, after a time of disconnection. Clearly,

the goal of this approach is both to maintain a large number of the nodes operational

at any time and to ensure that, whenever a node becomes inactive because of battery

depletion, the state of inactivity (i.e., the sensing hole) lasts for a very short time. How

well this goal is achieved in a network can thus be measured in terms of the (average)

number of active nodes at a given time, called operational size, and the (average)

duration of a sensing hole, called disconnection time.

These two measures and, hence, the effectiveness of the approach, depend critically

on the recharging strategy employed to decide which node should be serviced next by

the MC and the amount and type of information required for making such decisions.

Indeed, with an appropriate strategy, it is possible to maintain a substantial part of

the network operational at all times, with possibly different nodes operational at each

time (e.g., [28–32]). Under some special conditions, it is even possible to totally remove

the occurrence of sensing holes: each node will always have an energy level above a

minimum threshold so that the network remains fully operational at all times; this

ideal or optimal level of effectiveness is also referred to as immortality [33, 34].

There is a large variety of recharging strategies proposed and investigated in the lit-

erature. Despite their differences, they can all be classified as either static or dynamic.
1e.g., though a recharging station, or provided with renewable energy resources, etc.
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In a static strategy, the recharging order is predetermined, typically pre-computed

at the base station, and the MC always visits the nodes (recharging the battery if

needed) periodically according to this order (e.g., [30, 33, 35, 36]). Because of their

nature, these strategies are also called periodic protocols. Except for the initial pre-

computation of this order, no other global computation is performed, hence these

strategies are simple, highly scalable, and require very limited (or no) global commu-

nication. Furthermore, the MC needs to have only very simple computational power

and memory; hence these strategies can be implemented using very weak (computa-

tion and communication wise) robots. On the other hand, the recharging order never

changes regardless of the energy consumption pattern; in other words, these strategies

are “blind" to future changes.

A dynamic strategy (e.g., [32, 37–47]), on the other hand, is one that continuously

modifies the recharging order to adapt to changes in the energy consumption of the

sensors. The clear advantages of dynamic strategies is their adaptability; the typical

disadvantage is the continuous intensive communication usually involved.

There exists a very extensive literature on energy restoration in WRSN proposing

both static and dynamic strategies developed under a wide variety of assumptions on

the network conditions.

The initial investigations have mainly been offline studies (e.g., [34, 48–52]); i.e.,

they investigate in a centralized way (TSP-like) optimization problems involving (and

hence requiring) global information about the network in its entire lifetime. These

investigations are mainly of mathematical interest. From a practical point of view, in

addition to requiring communication overhead and intensive computation capabilities,

their results on the performance of the proposed strategies are valid only if the assumed

system conditions persist in the future. In other words, they have a basic lack of

adaptability, and could suffer substantial performance degradation in case of changes

in the network conditions [53].

Of a different nature are on-line methods (e.g., [28, 32, 37–47, 54]), i.e., techniques
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that do not require complete global a-priori knowledge, and where decisions are made

based solely on the past and the current network status. Hence on-line strategies could

be potentially used in real systems. The on-line recharging strategies proposed and

examined in the literature typically fall into two classes.

In the strategies of the first class, the nodes report their energy levels periodically

(e.g., [32, 37, 39, 43]) or when the battery level reaches a certain threshold, as in the

case of on demand policies (e.g., [31,40,44,45,55–60]). This information is sent to the

base station which will compute the order in which nodes should be recharged and

communicate it to the mobile charger (e.g., [55,57]), or to the (moving) mobile charger

directly (e.g., [31,32,39,40,44,45,58,60,61]). The need to (periodically or on-demand)

report information to the base station noticeably increases the communication costs

[28]. These communication overheads may be even greater when the information has to

be sent directly to the mobile charger: since it is moving, this would require flooding or

tracking its location [62], the latter being a complex and expensive operation. We refer

to these strategies2 as global on-line protocols. Clearly, they require high amounts of

communication, making them quite unpractical even in medium-sized sensor networks

[29]. Also, they usually need to compute the solution of complex optimization problems

on an ongoing basis.

The other class of on-line strategies is the one where the decision requires only local

interaction between the MC and nodes in close proximity. These local (or, distributed

[63]) on-line protocols have been much less investigated. Moreover, the few existing

studies consider only specific network arrangements (e.g., linear [64] or circular [29,65])

or do not examine perpetual recharging (e.g., focus on the time elapsed until the first

node depletes its battery [54]).

The current state of research on on-line dynamic recharging strategies raises im-

portant questions.

Clearly, the acquisition of real-time energy data is extremely useful regarding the
2These strategies are called “global knowledge protocols" in [28].
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effectiveness of the recharging strategy. At the same time, the large communication

overhead incurred by global on-line protocols makes scalability impossible. Hence, a

natural research question is as follows: Can a highly effective strategy (e.g., leading

to immortality) be devised where the acquisition of energy data is done without long

distance communication, in a fully localized way? In other words, can a local (i.e.

distributed) on-line strategy achieve such a goal?

The extreme simplicity of static strategies offers a multitude of advantages, in-

cluding highly scalability, very limited (or no) communication, MC with very simple

computational power and memory. They also have been shown to be rather effective

in some settings. Hence, a natural research question: Is it possible to improve upon

the effectiveness of static strategies while keeping the advantages they offer?

In this thesis, we provide a positive answer to these questions.

1.2 Methodology

In this thesis we used the following methodology. First, we studied the literature related

to the problem and determined a gap in the proposed solutions. Second, we designed

an online strategy that would fill that gap. Third, we verified the effectiveness of the

proposed strategy using a discrete event simulator developed in MATLAB. Fourth,

we analyzed the results to show the effectiveness, flexibility and adaptability of CLL .

Finally, we assessed the advantages of CLL with respect to the class of static strategies

by comparing its effectiveness and adaptability with the static strategy of minimum

travel cost.
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1.3 Contributions

We propose a novel local on-line dynamic strategy for energy restoration, called Con-

tinuous Local Learning (CLL ); unlike the existing local on-line strategies, it provides

perennial functioning of a WRSN regardless of its topology. This strategy operates un-

der dynamic network conditions without any a-priori knowledge of the network, uses

low-complexity computations by the mobile charger with little memory requirements,

and requires only local communications between the MC and neighbouring nodes. In

other words, while not static, it shares all the advantages of the static strategies.

We experimentally studied the effectiveness, flexibility and adaptability of the pro-

posed recharging strategy. Our results show that this strategy is flexible, adaptive and

highly effective; it reaches immortality in a large variety of settings and outperforming

the static strategies in effectiveness.

In the proposed strategy, instead of letting the nodes request recharge when in

need or periodically report their energy levels (directly or through a base station), the

MC gathers the battery energy levels of the neighbouring nodes as it moves through

the network. This eliminates long distance communications between the MC and the

nodes, and works without the need for clustering, cluster management, and cluster-head

elections.

The collected data are used by the MC to determine online the dynamics of the net-

work nodes and to build a fully dynamic recharging schedule. More precisely, the data

are used by the MC to predict the time when a node’s battery would need recharging,

and this information is used to determine, with a simple heuristic, which node should

be recharged next. It is during the movement that the MC updates the data from the

nodes it comes in contact with. This mechanism provides a continuous local gathering

of energy information and, in turn, a dynamic energy depletion prediction.
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Our strategy does not require any a-priori knowledge of the network. Initially, the

MC explores the network in a preliminary phase, collecting data from the encountered

nodes and their neighbours, and servicing those that need recharging. At the end of

this phase, the MC prediction starts taking place.

This predictive strategy offers many advantages (fully distributed, local communi-

cation, local learning, simple heuristic). Our interest is obviously to determine how

effective this simple strategy is.

The main contributions include the following.

• We studied the effectiveness of CLL and showed that it is highly effective in

keeping the network perpetually operating, often achieving immortality or near-

immortality. In particular, the experimental results indicate that, under the

same parameter values where immortality has been examined in the literature,

the system becomes immortal even in networks of considerably larger size.

• We studied the flexibility of CLL under a variety of network parameters, showing

its applicability to various contexts. We particularly focused on four parameters,

network size, data rate, sensors’ battery-capacity, and speed of mobile charger,

and studied their impact on operational size and disconnection time under a wide

range of values. The experiments indicate the fact that the effectiveness of CLL

holds under all considered settings.

• We compared the effectiveness of our strategy with those of static strategies under

the same parameters. The comparison was performed by focusing on the static

strategy, denoted by H , that consumes the minimal amount of travelling energy.

In all settings, CLL outperforms H in effectiveness. Not only the number of

sensors that are operational at any time is higher under CLL , but also the

average duration of a sensing hole is also significantly lower.

Moreover, we performed the comparison of CLL and H in situations where, for
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a group of sensors located around the Base Station (BS), the energy consumption

rate is much higher than the rest. We showed that, in all cases, CLL outperforms

H , and it does so more and more significantly as the difference between the energy

consumption of the two groups grows.

• We examined the effectiveness and adaptiveness of CLL to situations when the

number of sensing, receiving and transmitting operations unexpectedly and sud-

denly increase, creating a spike in the network energy consumption. The exper-

iments have shown that CLL is able to cope with the sudden changes in data

rates with minimal loss of effectiveness (e.g., in the worst spike setting, only

0.76% more nodes might be non-operational). Moreover, we compared the im-

pact of the occurrence of spikes on CLL with respect to that it has on the static

recharging strategy H ; the experiments indicated that CLL outperforms H also

in presence of spikes.

1.4 Organization of the Thesis

The thesis is organized as follows:

• In Chapter 2, we present the literature review of the research efforts to solve the

energy restoration problem in WSN.

• In Chapter 3, we describe the energy restoration problem, the proposed system

model, the simulation environment and the performance metrics.

• In Chapter 4, we introduce the Continuous Local Learning Strategy, which is

online, fully distributed, uses only local communication between the MC and

neighbouring nodes, operates under dynamic network conditions without any a-

priori knowledge of the network, is based on simple computations by the MC

with little memory requirements, and is highly effective in keeping the network
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perpetually operating and achieving immortality even in large networks. A paper

containing part of these results appeared in [66].

• In Chapter 5, we study the flexibility of the Continuous Local Learning Strategy

under a wide variety of ranges of the network parameters, showing its applicability

to various contexts. The focus of the chapter is, in particular, on four parameters

that distinguish the applications, network size (number of sensors), data rate,

sensor’s battery-capacity, and speed of mobile charger used to replenish energy.

A paper containing part of these results appeared in [67].

• In Chapter 6, we compare the Continuous Local Learning Strategy and one of the

classical periodic recharging strategies, based on the Hamiltonian Cycle. The ef-

fectiveness of the Continuous Local Learning solution and that of the Hamiltonian

solution are analyzed under a range of settings, where we consider homogeneous

sensors that have the same range of data rates. In addition, we compare CLL

and H when the sensors have heterogeneous consumption, that is, the sensors

have variable data rates based on their location in the network. We study two

scenarios: The first scenario is when the data rate of the sensors around the BS

is double the data rate of the other sensors. The second scenario is when the

data rate of the sensors around the BS is 5 times higher than the data rate of

the others.

• In Chapter 7, we study the effectiveness and adaptiveness of the Continuous Local

Learning strategy to cope with sudden changes in the sensors’ data rates, spikes.

We describe the spike parameters (occurrence, intensity, spread, and duration)

and discuss the impact of each one of these parameters on the performance of

CLL . We also compare the performance of CLL with that of H in presence of

spikes.

• In Chapter 8, we summarize the thesis contributions and discuss the future di-

rections of this research.



Chapter 2

Related Work

In this chapter, we review the existing approaches to solving the energy problem in

wireless sensor networks. We start with a brief overview of earlier research on energy

saving and conservation. We then review the existing energy restoration techniques,

both endogenous (i.e., endowing each node with additional capabilities) and exogenous

(i.e., using an external element). In particular, we give a comprehensive overview of the

research on exogenous energy restoration by wireless recharging using a mobile charger

(MC). In Figure 2.1, the classification of energy restoration strategies is shown.

2.1 Energy Saving

The study of the energy problem of sensors and its impact on sensor lifetime began

early after the introduction of Wireless Sensor Networks(WSNs). Earlier work focused

on saving energy by one of two approaches: scheduling operational times, and finding

efficient routing protocols and transmission mechanisms [68,69]. These approaches re-

duce the energy consumption and prolong WSN lifetime; however, they cannot save the

WSN from inevitable demise. We will briefly discuss those energy-saving approaches.

11
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The first approach in [70–73] suggested the activation and deactivation of the sen-

sors over time alternatively. In particular, [70] introduced dynamic sleep scheduling

based on Analytical Hierarchy Process (AHP) to improve the network’s lifetime; they

considered three factors, residual energy, coverage of sensing area, and distance to

cluster-head to decide which node is to sleep. Wu et al. [71] formulated a non-convex

optimization problem to reduce the expected energy consumption using sleep/wake

schedule. The authors proposed a sleep scheduling scheme based on a hierarchy pro-

cess to balance energy consumption in battery-powered nodes. In [72], the authors

proposed algorithm to find the number of sensors required to achieve the best cov-

erage; sensors uses the algorithm to alternate between sleep and active mode, thus

prolonging the sensor’s lifetime and preserving the coverage level.

In the second approach, the authors of [68, 69, 74–78] proposed hierarchy routing

protocols and communication mechanisms to reduce energy consumption in WSN. In

[68,69,74], they suggested the selection of a Cluster Head (CH) randomly in [68], based

on residual energy and transmission cost in [69], or in a centralized way at the Base

Station (BS) in [74]. The CH is an intermediary between the BS and the sensors in the

cluster, and it is responsible for transmitting data to the BS. The authors of [75, 76]

suggested the use of a structure for transmission routes between sensors and the BS, [75]

suggested a chain structure, while [76] proposed a tree structure where each node sends

only to its parent node.

In [79], the authors proposed the combination of sleep scheduling and tree based

clustering to save WSN energy. Each node sends only to one node, (the parent), toward

the cluster head. Nodes in this technique sleep for a time, and when they wake up,

they transmit only to the parent.
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Figure 2.1: Classification of energy restoration strategies.

2.2 Endogenous Restoration

This section describes the literature where the energy restoration problem is solved by

enhancing the capabilities of the sensors, which then become responsible for solving

the problem themselves. Those enhancements include energy harvesting equipment,

and mobility.

2.2.1 Restoration by Energy Harvesting

Many works in the literature address energy restoration problems in WSNs, either using

a single renewable energy resource or combining renewable energy resources with other

energy restoration methods. In this section, we introduce both strategies in different

subsections.
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2.2.1.1 Single Renewable Resource

Energy restoration using renewable resources has been studied in the literature inten-

sively. For example, in [80–85] the authors suggested the use of various renewable

resources to sustain the WSN with the required energy. In particular, the authors

of [83] proposed the use of solar energy to power the WSN in water surface monitoring

application.

In [80] various possible renewable energy resources were reviewed, particularly so-

lar energy, radio energy, thermal energy, and wind energy. The paper considers wind

energy as a potential candidate for full or partial powering of WSN applications to

monitor oil and gas lines, as well as bridges structural health. The author suggested

combining wind resources with solar or thermal resources to reduce resource fluctua-

tions.

Bai et al [81] proposed the use of vibration or thermoelectric energy resources to

power WSN. The WSN is installed in aircraft engines to collect information about the

aircraft engine’s health and performance. Their model involves four modules: a specific

routing module, a sensor positioning module, a network membership module, and a

media access module. Sensors in this model have the means to harvest energy from

vibration or thermoelectric resources in aircraft engines and communicate the collected

data to monitor the aircraft engine’s performance. Various resources of renewable

energy shown in Figure 2.2.

The authors of [82, 84–86] proposed prolonging the WSN lifetime using harvested

energy and introducing power-aware topology or rout construction, in other words to

route the packets based on the residual power of the neighbours.
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Figure 2.2: Renewable resources for WSN.

2.2.1.2 Multi-Sources Energy Harvesting

To create a sustainable system, several works in the literature proposed the combina-

tion of renewable resources with other recharging methods, since renewable resources

experience a fluctuation in energy quantity and require extra storage and hardware.

Zhou et al. [87] suggested the combination of wind, solar, and wireless charger to

power WSN. The authors proposed following the weather-cast to determine the loca-

tions of wind turbines and solar cells and the use of wireless chargers for the uncovered

area. They suggested deploying extra energy storage to restore energy from high peak

harvesting periods to be used in low harvesting periods to achieve sustainability.

Wang et al. [88] proposed combining solar energy and wireless recharging to guar-

antee network sustainability. They suggested using solar energy to power cluster-heads

and mobile chargers to provide energy for other nodes. For the purpose of data gath-

ering, they assumed that the mobile charger’s route is formulated as a disk, with

possible shortcuts to power cluster-heads if weather is not appropriate. Moreover, they

initially perform full recharging and if the energy demands are high they allow partial
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recharging. To simplify the problem, they divide it into three levels: how to deploy

solar-powered cluster-heads, maintain energy balance in wireless recharging nodes, and

combine wireless recharging with data collection.

2.2.2 Restoration via Sensor Mobility

Many authors [21, 22, 89, 90] proposed providing the sensors with a means to travel to

the recharging station, refill their batteries and return to their original positions. In

this section, we briefly discuss some ideas in this area.

The authors of [21] suggested proactive solutions based on local knowledge; the

mobile sensor decides to recharge its battery and whether to swap with a neighbour

or not. In this approach, mobile sensors monitor their energy levels; when the energy

level reaches a threshold, they explore the neighbour’s residual energy to find the best

candidates to swap with them to maximize the network coverage, moving toward the

recharging station in several swapping operations.

The authors of [89] proposed having mobile nodes that move in the field with

constant velocity, stop at predefined locations to compute residual energy and find

the closest recharging station (energy bank). In moving toward the charging station,

a node takes a random step and computes its residual energy again, if the residual

energy is enough the node continues communication, but if it is not enough the node

moves directly to the charging station.

In [22], the authors propose the use of fixed and mobile wireless chargers to recharge

mobile sensors. Fixed chargers invite the mobile sensors to travel to them to refill their

batteries, while mobile chargers are used in case of emergency to recharge critical

sensors. Moreover, reinforcement learning (RL) is used to optimize charging cost.

He et al. [91] proposed a mobile to mobile charging strategy. In this strategy,

mobile robots report their residual energy to a mobile charger. The mobile charger
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rendezvous with in-need robots to replenish their batteries. The authors proposed a

tree-based recharging schedule to minimize the charger’s travel distance. They looked

at the problem as a shortest-path problem and employed a queue-based solution based

on a predefined energy threshold for the sensors.

2.3 Exogenous Restoration

An important popular alternative to endogenous restoration is the use of an exogenous

(i.e., external) element. More precisely, rather than adding complexity to the senors,

this approach uses a mobile charger (MC) that moves around the WSN area to recharge

or replace the depleted batteries (or replace the sensors) in the field. (see Figure 2.3).

Figure 2.3: Mobile charger and wireless sensor network.

Although the means by which energy is restored to the nodes are very different, the

replacement and recharging strategies follow essentially the same principles, and are

practically interchangeable. In both replacement and recharging solutions, the mobile

charger is required to find the depleted sensors and replace/recharge their batteries.

This must be done according to some replacement/recharging schedule, whose goal is
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to maximize the network coverage at any point in time. Thus, the effectiveness of both

replacement and recharging strategies depend on finding an efficient schedule to visit

and replace or recharge the sensor while the network coverage is maximal.

Because of advances in wireless recharging technology, the recharging option has

become more attractive and more feasible, and most of the work focus on recharging

strategies.

In the following subsection, we review the existing work on replacement; we describe

an essential difference in the existing work on recharging, and provide a detailed review

of the existing recharging strategies.

2.4 Exogenous Restoration by Replacement

Most of the literature on replacement strategies were developed in the context of han-

dling failures; hence, most solutions use a mobile robot to replace the entire sensor (not

just its battery). In this context, the robot does not carry new sensors to replace faulty

ones, but rather finds a new “spare" sensor whenever needed from a set of redundant

sensors already deployed in the network.

In [92], the authors proposed the use of two types of robots in the system; the robots

might be a manager robot or a maintainer robot. Once a node fails, the neighbours

detect and report the failures to the manager robot, which issues a replacement order

to one of the maintainer robots. The authors proposed three algorithms to divide the

work between the robots: a centralized algorithm that has one manager robot and

multiple maintainer robots, one for each group of nodes; a fixed algorithm that divides

the network area into sub-regions with one robot serving the region as manager and

maintainer robot; a dynamic algorithm where nodes are dynamically divided among

the robots.
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A different approach is used in [93], where the mobile robot traverse the network

looking for low or depleted sensors, picks them up, replaces them with new ones, and

brings them to a recharging station.

The authors of [94] proposed the replacement of damaged sensors by spare passive

sensors gathered from the field. They proposed a Max-Min ant system trajectory since

the optimal reallocation trajectory is NP-hard. They studied the performance of six

heuristic functions based on Ant Colony Optimization.

In [63], the authors classified the literature into centralized and distributed so-

lutions. Next, they proposed centralized and distributed strategies and studied the

performance of two approaches, a battery recharging approach and a battery replac-

ing approach, before drawing the limitations and advantages of each approach. They

modelled a test-bed system to compare the approaches considering four metrics for

comparison purposes: sustainability ratio, the time during which all sensors are kept

alive; network lifetime, the time from the beginning until the battery depletion of the

first sensor; percentage of dead nodes; movement energy, the energy spent by the mobile

charger while moving.

2.5 Exogenous Restoration by Recharging

There exists a very extensive literature on energy restoration in WRSN proposing

recharging strategies developed under a wide variety of assumptions on the network

conditions.

The initial investigations have mainly been offline studies, investigating and solving

in a centralized way optimization (TSP-like) problems involving (and hence requiring)

global information about the network conditions in its lifetime.

Of a different nature are on-line studies where recharging decisions are made on an

ongoing basis relying solely on the past and the current network status; depending on
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how the needed information is acquired, they can be further classified as global or local.

We shall call the recharging strategies proposed in those studies offline and on-line

strategies (or protocols) accordingly.

Despite their differences, recharging strategies can all also be classified as either

static or dynamic.

In a static strategy, the recharging order is predetermined, and the MC visits the

nodes (recharging their batteries, if needed) periodically according to this order. Typ-

ically, the strategies developed by off-line studies are static. This class is particularly

relevant to our study due to the fact that, once the order is computed (on-line or of-

fline), they are simple and require minimal communication and computation.

A dynamic strategy is one that continuously modifies the recharging order to adapt

to changes in the energy consumption of the sensors. Typically, the strategies developed

by online studies are dynamic.

In the following subsections, we briefly review the offline strategies, and examine

both the global and local sub-classes of on-line strategies. Finally, we review the static

ones.

2.5.1 Offline Recharging Strategies

Obviously, all offline strategies are centralized, since the base station (or the MC)

computes the recharging order based on the full information about the system’s entire

life time. Those information include the location, the level of energy, and consumption

rate, required to compute the recharging order.

Offline strategies have many shortcomings; they require global knowledge about the

whole life of network and extra communication overhead. In addition, offline solutions

need extra computation capabilities and produce fixed recharging orders, making the

solutions not to be flexible [38]. Moreover, offline strategies are vulnerable to changes
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in the network conditions, show a lack of adaptability, and suffer from substantial

performance degradation [53].

In [34], the authors proposed a periodic recharging strategy. First, they partition the

network into subsets. Each subset will have a set of nodes that are selected randomly

for the first time and does not overlap with other sets. They aimed to maintain the

network operational by decreasing the node’s energy consumption. They formulated

the recharging schedule problem as TSP that connects each set of nodes in addition to

the BS. Moreover, they tested their strategy on a small network of 100 sensors.

In [48], sensors report their energy information to the BS, which computes the

recharging order. The authors aimed to find an optimal recharging schedule for a

small size network. They suggested two heuristics to prolong the WSN lifetime and

implemented their solution on a few sensors. They reported low efficiency in recharging

large scale networks and acceptable efficiency for small scale networks to prolong the

sensor’s lifetime.

Dai et al. [95] Proposed a recharging strategy for a Point of Interest (POI) oriented

WRSN, where multiple sensors monitor each POI; thus, an activation schedule that

coordinates the sensors’ active time is required. Moreover, they suggested optimizing

the charging order problem based on that activation schedule. To maximize WSN

services’ quality, the mobile charger periodically visits and recharges the sensors that

maximize the total network coverage of the POIs. The authors assumed that the mobile

charger travel time and its energy consumption are negligible to simplify the problem.

Furthermore, they assumed that the mobile charger uses a fixed recharging schedule.

In [49], the authors proposed a periodic recharging schedule based on the Hamil-

tonian cycle. They employed a dynamic optimization model to maximize the MC

vocational time. To do so, they divided the network area into clusters, periodically

visit each cluster, and recharge the cluster nodes simultaneously.

Authors of [50] looked at the problem in two points: they formulate the recharging
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path as TSP to minimize the MC travel time, and used the Lambert function to find

optimal charging time. Further, they adopted a multi-sensor charging scenario to

reduce total recharging time.

It is worth to mentioning that many offline strategies [96, 97] proposed the use

of multiple chargers. The authors of [96], for example, focusing on minimizing the

chargers’ travel-distances, formulated the problem as a travel salesman problem. To

solve the problem complexity, they suggested using fixed consumption rates. In [97],

the authors addressed the issue of finding the minimum number of chargers to satisfy

the energy requirements of the WSN.

2.5.2 Online Recharging Strategies

Online strategies in the literature can be classified based on real-time energy data ac-

quisition into global and local protocols. In global protocols, the MC or the BS decides

on the recharging order based on the node energy information that is continuously sent

to the mobile charger or base station. In local protocols, the MC interacts only with

nodes within its proximity to decide on recharging order.

2.5.2.1 Global Protocols

In [37], the authors proposed that the base station collects charging requests and gen-

erates a list of needy sensors and recharging schedule based on Simulated Annealing.

The authors used sensors’ demands, the distance between the charger and the sensors,

and the charger’s level of energy, to generate the recharging schedule. The recharging

path is updated every recharging round to reach the neediest sensors and to reduce

recharging time. The algorithm’s performance was evaluated in small area networks,

100m× 100m, and small network sizes (50 to 100 nodes).

The authors of [38] reformulate the problem as a reward collection problem. Sensor
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nodes report their energy consumption to the BS, which computes the recharging order

and communicates it to the mobile charger. The mobile charger follows this recharging

order, and all new recharging requests are queued for the next tour. The authors aimed

to maximize the collected reward in both full and partial recharging, and the mobile

charger gains more rewards once it visits the sensors in need.

In [39], the authors proposed the combination of an energy sensitive routing protocol

with the recharging process. They demanded the sensors to periodically send residual

energy information, which helps the mobile charger to maintain a map of the global

network energy. After that, the mobile charger chooses a set of nodes to recharge. On

the sensors side, they compute routing costs and choose the routes that minimize the

cost, which eventually reduces consumed energy significantly.

In [40], the authors divided needy sensors into primary and passer-by sensors. The

recharging schedule includes all primary (local and global) sensors in addition to local

passer-by sensors. Initially, sensors demand to be charged, and the mobile charger

collects the requests and sorts them into primary and passer-by requests. The mobile

charger charges the nearby needy sensors (local ones) and only charges the nearby non-

needy sensors if there are no requests from sensors further away (global ones). The

primary passer-by strategy achieved good coverage in terms of quality of monitoring

[95].

The authors of [32, 42–45] looked at the problem from the network utility point of

view. Once a sensor’s energy reaches a predefined threshold, it sends a charging request

to the mobile charger, which computes the route for the most in need sensors. The

authors assumed that the length of the recharging route is bounded by a predefined

quantity. In addition, they propose an algorithm to compute a set of anchor points

for data gathering. Those anchor points are sensors with the least residual energy.

They employed a vehicle to move around the network, recharge the selected sensors

and gather data from surrounding sensors in a multi-hop fashion before transmitting

the collected data to the base station.
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The authors of [41] proposed that the mobile charger receives and collects charging

requests and groups them into clusters based on spatial criteria; then it chooses one

of the clusters to serve a set of sensor nodes in that cluster. The authors proposed

the generation of a recharging schedule based on the travel salesman problem, which

minimizes the travel distance for each recharging trip.

In [59], the mobile charger waits for a specific time to receive, as much as possible,

charging requests from the sensors, having more requests from the same “cluster" of

the sensors making the recharging process performance better. The authors assumed

that the MC could charge multiple sensors once it stops at any location. The waiting

time before dispatching a new recharging tour is variable and depends on the received

charging requests. The mobile charger waits until the time is up, and if only one

sensor is listed for that recharging trip, the mobile charger starts the tour. Preemption

of recharging trips is not allowed to guarantee fairness among the sensors.

He et al. [46, 47] proposed an online strategy, Nearest-Job-Next with Preemption

(NJNP), where the mobile charger collects charging requests, stores them in a pool, and

computes a recharging schedule based on temporal and spatial properties of incoming

charging request. During the recharging tour, the mobile charger continue to receive

charging requests. If a sensor node is very close to the mobile charger’s position and its

energy level is very low, the mobile charger disrupts the current recharging operation

and moves to the new sensor node to charge it. However, the NJNP solution does not

guarantee recharging the nodes prior to their energy depletion [98].

In [99], the authors studied the optimistic and pessimistic options of finding a

periodic recharging schedule for WSN. They assumed that the mobile charger has an

Oracle of all the sensors’ energy consumption rates. Based on those consumption rates,

a mobile charger determines a set of sensor nodes to be charged in a fixed charging

scheme based on Hamiltonian cycle. The optimistic scenario comes if the predictions

match the real consumption; if not, the pessimistic scenario occurs.
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The authors of [100] employed charging drones, and suggested using machine learn-

ing (ESN-ANN)to predict the consumption of the sensors and the best stop positions

for the drone to charge the sensors in the range. The authors combined two energy

sources: the drone charger and static tower charger. Drones moves in periodic way to

charge sensors far away from the towers, while towers provide energy to charge all sen-

sors in the range. To cluster the sensors, they suggested using the k-means algorithm.

Drone and towers replenished energy using radio frequencies. The authors proposed

the use of Mean-field Approximation to reduce the interference between the various

frequencies. They tested their proposal in a very dense network made of 400 sensors

deployed in an area of 50m× 50m.

In [101], the authors used ARIMA (Autoregressive Integrated Moving Average

Model) and GRNN (Generalized Regression Neural Network) hybrid model to predict

the remaining life time of the sensors. The remaining life time and distance between

the MC and the sensors were used to determine the set of nodes to be recharged. Next,

they computed the Hamiltonian path that connects the selected nodes. The MC starts

the charging tour from the BS and return back to the BS to recharge its battery.

2.5.2.2 Local Protocols

The authors of [65,102] considered a ring network and proposed that the MC traverses

it in the counter-clockwise direction (when aware of an existing need) to recharge

depleted sensors. Every node is allowed to communicate locally with its clock-wise

neighbour. If in need, it will send a recharge request to that neighbour; the request

will be forwarded along the ring until it reaches either the MC or a node that already

sent the request. Note that this mechanism ensures that there is no need to send nodes’

locations or IDs.

In [64], the authors considered a linear sensor network. Sensors in need send a

recharging request to the next neighbour; the request will be forwarded along the line
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until reaching either the MC or a node that already sent the request.

In [63], the authors assumed that the MC uses past information to decide the

recharging schedule. The MC traverses the nodes in three methods: randomly, based

on minimum energy, and based on minimum expected life-time. They did not report

how they collected the past information initially to use it later when determining the

scheduling.

These strategies are designed to compute and modify recharging order for each

recharging cycle. In [29, 54], the authors tested many routing protocols and trajecto-

ries to maximize the network lifetime. In [54], the authors examined the impact of

different routing protocols on sensors’ residual-energy. They proposed a limited re-

porting protocol, where one of the nodes is elected in each neighbourhood to collect

energy information from neighbours and report those numbers to the mobile charger.

In [29], the authors proposed that the network has limited energy and investigated the

optimal ratio of energy assigned to the mobile charger relative to energy assigned to the

sensors. Also, they tested full recharging versus partial recharging. Finally, they tested

their hypothesis under several trajectories. In one of those trajectories, the authors

assumed that the MC traverse the nodes in a circular trajectory around the sink, this

trajectory consists of concentric circles. They assumed that the MC changes the radii

of the circle based on the energy level of the sensors. However, they did not report

how the energy information of the outer circle that the MC has not traversed yet was

acquired.

2.5.3 Static Strategies

The authors of [30,33,36] aimed to maximize theMC’s inactive time over the active time

(i.e., the recharging time). Thus, they propose a periodic recharging schedule based

on a Hamiltonian cycle computed with a-priori global knowledge of the network. They

employed a mobile charger that processes the received charging requests from small
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scale network (50 sensors in [30] and 100 sensors in [33]), and generates a recharging

schedule based on Hamiltonian cycle. The mobile charger periodically visits the sensors,

in the same order, to fully recharge them. The proposed solution shows that the

network might reach immortal level using a single charger for small WSNs. However,

the study did not considers network scalability and the impact of network changes on

the performance of the proposed strategy.

The authors of [35] proposed two static energy restoration strategies based on a

fixed circular and linear order of the nodes employing multiple chargers.

In [103, 104], the authors considered a charger with a global knowledge of the net-

work and proposed dividing the network area into adjacent hexagonal cells. The mobile

charger stops at the center of each cell to charge all node in the cell. The distance be-

tween the charger and the sensors is controlled and the energy reception rate for every

sensor is calculated. They optimized the problem to find the best path to visit all cells.

The authors suggested using the Reformulation-Linearization Technique (RLT). They

tested the proposal for networks of 100 sensors, and found that good results might

be achieved in terms of travel distance and working time to vacation time. Visiting

the cell’s center rather than visiting its nodes reduces the travelling distance, which

explains their results.

2.6 Additional Issues and Extensions

2.6.1 Charging Multiple Sensors

The idea of this approach is that all sensors around the wireless charger and within the

electromagnetic field can harvest energy in different quantities. Many proposals in the

literature suggest using this idea to decrease the network’s recharging time. Further,

clustering the nodes reduces the communication overhead significantly. Thus, several
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studies propose the division of the network area into clusters, and all the sensors in

a cluster harvest energy simultaneously, despite the fact that the distance between

the charger’s coil and the sensor’s coil significantly impacts the amount of energy

replenished to the remote sensors. In the following paragraphs, we will discuss those

techniques and algorithms. Although communication overhead reduces noticeably in

cluster-based energy restoration strategies, recharging efficiency decreases significantly

because of the increase in the distance between the charger and sensors, which clearly

reduces the recharging efficiency and the recharging time in the suggested works.

Wang et al. [105] proposed a greedy algorithm to divide the network area into several

clusters. The authors optimize another algorithm for travelling and recharging costs

based on TSP. Thus, the mobile charger stops at different locations every recharging

round. The mobile charger stops only once for each cluster and stays until all sensors

in the cluster are fully charged. Since they proposed charging all the sensors in the

cluster fully, the time might be longer than usual.

In [106], the authors aimed to maximize the sensors’ lifetime by minimizing the

recharging tour length and maximizing the recharging utility gain; at the same time,

the mobile charger receives a reward for every successful recharging process. They

assumed that the mobile charger has finite energy and the maximum number of served

requests are limited.

The authors of [107, 108] aimed to minimize the number of the MC stops and the

recharging duration in the network. Thus, they divided the network area, using the

k-means clustering algorithm, into clusters. They found that to reduce the recharging

delay, the charger needs to stop in more locations. For example, in a network of 200

sensors deployed in an area of 100m× 100m, which is considered a dense network, the

mobile charger should stop 159 times to minimize the recharging delay. Thus, they

demanded that system users suggest a performance degradation ratio to reduce the

number of stops.
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Lai et al. [109] also aimed to minimize the recharging time by reducing the number

of recharging stops. They use an integer linear programming model to achieve this

goal. After dividing the network area into cliques, each clique will have a number of

the recharging stops relative to the number of sensors: at least three recharging stops

are required. Again, the authors use the sensors’ locations and recharging time to

schedule the recharging round.

Fu et al. [110] suggested the use of the k-Vertex Disjoint Path to let the sensors

join one of the clusters based on the residual energy in its neighbours, which lead to

one of the cluster-heads in the network area. They used the same principle to connect

the cluster-heads with the base-station. This algorithm aims to maximize the network

coverage by minimizing the nodes’ failure in the network. The authors reported a

significant decrease in communication overhead.

The authors of [111] looked at the problem from the coverage point of view; they

aim to maximize the network coverage by giving each sensor a weight. First, they

divide the network into clusters; each sensor in a cluster was assigned a colour (Red,

Yellow, Green) based on its residual energy. Second, each colour zone follows a different

recharging strategy. Sensors with higher coverage contribution toward their cluster are

in the red zone and are charged more frequently.

2.6.2 Partial Recharging vs Full Recharging

The recharging process takes a long time, especially if the charger has a long list of

sensors to charge. Most of the works in literature adopts full recharging (i.e., when

the charger reaches a node in need, it fully replenishes its battery before proceeding to

the next). In some strategies, the authors introduced predefined recharging thresholds

and once the mobile charger reaches the threshold (which could be partial), it moves

to the next sensors on the list. This is the case for [29,38,112–114].
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The authors of [112, 113] studied a partial recharging strategy to maximize the

network lifetime. The mobile charger replenishes a sufficient amount of energy to a

sensor to keep it alive until the next visit. In the meantime, it visits other nodes on

the list providing them with enough energy to power themselves. Then, the mobile

charger revisits the partially recharged nodes to recharge them fully. Finally, the

mobile charger generates a new list of to-be charged nodes using the same technique.

The authors of [113] reported longer travelling distances commuted by the charger.

To solve the problem, they proposed another strategy that minimize travel distance

reducing network coverage.

In [114], the authors proposed recharging the nodes partially to reduce non-operational

time, and they selected a set of nodes to be charged based on their residual energy.

Meanwhile, they proposed removing nodes that are not directly influencing the net-

work coverage from the selected set of nodes. For every cycle, they chose different set

of sensors, which makes it a dynamic strategy.

In [29], the authors tested partial and full recharging from another aspect. They

considered that the network energy is one unit, and they studied how to divide the

network energy between nodes and the mobile charger.

Both [29, 113] reported longer travel distances for the charger, thus introducing

wasted energy and wasted time, which imply long waiting time for other nodes in the

network and vulnerability to functionality loss.

Liang et al. [38] examined partial recharging versus full recharging strategies and

concluded that partial recharging causes more wasted energy on travelling, which is

obvious since the mobile charger travels forward and backward between nodes, which

causes more energy to be consumed.
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2.6.3 Multiple Chargers

Several authors [98, 115–119] proposed the idea of using multiple chargers to charge

a large number of sensors or to charge sensors in a large area. Sensors send a charg-

ing request to the base station, and the base station forwards the request to one of

the chargers based on spatial and temporal criteria. Thus, all the works are consid-

ered on-demand and centralized strategies, which require additional coordination and

communications.

In [115, 116], the authors found that one charger is not sufficient to cover a vast

area network or a dynamic one. They proposed employing Named Data Networking

(NDN) for real-time energy information gathering, coordination between chargers, and

efficient energy replenishment, which eventually reduced the communication overhead

in the network. Authors of [98,117] proposed an algorithm to find the minimum number

of chargers needed to cover vast area networks.

Lin et al. [118] suggested the designation of a charger for each sub-area based on the

temporal and spatial correlation of charging requests. The authors of [119] proposed

to having one mobile vehicle loaded with multiple static chargers. The vehicle visits

the sensors in need and leaves one of the chargers to charge that node. After sufficient

time, the vehicle comes back to collect the chargers.

The authors of [120] aimed to minimize the wasted energy used in travelling. They

proposed dividing the network area using the k-means algorithm and employing a

mobile charger for each partition. They formulated the problem of having multiple

chargers to find the minimum number of chargers that maximizes the network lifetime

and minimize the wasted energy for long-distance travelling. They did not study the

coordination between various chargers.

The authors of [121] proposed using two types of chargers: those that recharge the

sensors and those that recharge the first type of chargers. The goal is to have the first
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type work without interruptions. The only problem is the coordination between the

two types of chargers.

A multiple charger approach has several problems because of its nature, such as

the coordination between various chargers and the communication overhead for coor-

dination purposes. Moreover, using multiple chargers is expensive in terms of cost and

communication overhead, especially in the case of vast networks.



Chapter 3

Model

In this chapter, we introduce the basic definitions and terminology.

3.1 The Sensors

Let S = {s1 . . . , sn} be a set of n sensor nodes (or, simply nodes), randomly dis-

tributed over a square two-dimensional area of size A × A. Each node has sensory

equipment that allows it to monitor its surroundings; it also has provision for wireless

communication. The purpose of a sensor node is to sense its surrounding and, when

needed, communicate the results to a fixed base station (BS), located within the area.

Multi-hop data routing is employed for forwarding data by the sensor nodes to the base

station, which is the sink node for all data generated by all sensor nodes.

The nodes are homogeneous (i.e., with the same capabilities), and each is powered

by a wirelessly-rechargeable on-board battery. All batteries have the same capacity,

Emax.

All sensing, processing and communication activities of a node consume energy.

33
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Energy consumption for sensing and processing data is considered negligible compared

with the power consumed for communication (e.g., [33,34,122–124]). As for communi-

cation, including both reception and transmission of data, we assumed that the power

consumption of node s ∈ S at time t is

P (s, t) = ε× λ(s, t) (3.1)

where ε is a factor that depends on the radio communication model; λ(s, t), called

data rate of s at time t, is the total amount of received and transmitted data by s at

time t. Such a data rate λ(s, t) is a random value following a Poisson distribution.

Subsequently, we will denote the average power consumption per time unit by P .

Depending on the frequency and type of activities, nodes might consume energy

differently, thus depleting their batteries at different rates.

For a node s, we denote the energy level of the battery of node s at time t by S(s, t),

and refer to it as its state of charge; when no ambiguity arises, we denote the current

state of charge by S(s).

If the state of charge of a node’s battery falls below a predefined threshold τ ,

the sensor becomes non-operational : it stops its sensing activities, thus creating a

sensing hole in the network, and it uses its remaining energy only for the limited local

communication required for recharge.

3.2 The Mobile Charger

The Mobile charger MC is a special mobile entity, a robot or a vehicle, deployed in the

system to recharge sensors in need. The MC is equipped with wireless power transfer

technology, and it can recharge a single sensor at a time when in its proximity. The

time spent by the MC to recharge a battery is proportional to the level of residual
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energy of the battery to be charged: when recharging a node with k% residual energy

in its battery, the MC will spend

(1− k)× Emax

∆
× 1

η

seconds, where ∆ is the recharging rate in Watts, (i.e., the energy radiation rate with

which the MC is capable to recharge a sensor’s battery without any losses); η is the

recharging efficiency: a battery dependent constant describing the percentage of trans-

mitted energy that is actually delivered to the sensor’s battery. For simplicity1, we

assumed that a non-full battery can always be recharged (as in [33,127]).

The mobile charger is equipped with a large battery of capacity EMC (initially fully

charged); this capacity is used for moving and recharging purposes and it is assumed

to be sufficient to charge all the nodes at least once. When the battery reaches a

given threshold (5% of EMC), the MC travels to a Service Station (SS) to recharge (or

replace) its battery. The service station has fast recharging (or battery replacement)

equipment to guarantee fast service time; e.g., it might be connected to the electricity

grid or might have large energy storage that stores energy from various renewable

or nonrenewable energy sources. After its battery is recharged or replaced, the MC

resumes its operations.

The mobile charger moves at a constant velocity v, consuming a constant amount

of energy Emove for every meter it travels. Moving from location x to location y, the

MC consumes d(x, y)×Emove amount of energy and takes d(x, y)/v time where d(x, y)

denotes the distance (in meters) between x and y.

The mobile charger can communicate with the sensors within its communication

range, which we assume not to be less than that of the sensors (for our purposes,

no stronger capability is required). The MC has enough local memory to store basic
1With the current technology, a battery can be used and recharged 500 times ( [125,126]), a large

but still limited number.
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information about the nodes (e.g., ID, location, energy level, and distance between

nodes); for our purposes, four vectors of size O(n) suffice. The information contained

in these structures might not be current; initially, no information is available to the

MC. As for computational power, we only require the MC to be able to perform simple

arithmetic operations.

3.3 Recharging Strategies

The recharging strategy is the set of procedures that the system entities ( i.e., mobile

charger, sensors, BS, and SS) follow to determine which node should be recharged

next. It is perhaps the most crucial element for successfully maintaining operation of

the system at the highest level of coverage. For a given recharging strategy, the order

that the mobile charger actually follows in visiting nodes to recharge their batteries is

called the recharging schedule.

There are many classes of recharging strategies, depending on how the decision is

made, the type of information on which the decision is based, and how the information

is acquired.

At one end of the spectrum are the global strategies; they are characterized by

the concept that, at any given time, the decision of the node to be visited next is

made taking into account the current status of the entire network and continuously

solving (approximately) the corresponding TSP-like optimization problem (e.g., [61]).

As discussed in the previous chapters, the knowledge required by these strategies is

either assumed to be available a-priori (and typically includes the energy consumption

rate of each node), as in the case of offline solutions (and, thus, mainly of mathematical

interest), or is to be acquired through immediate communication to theMC or BS (and,

thus, hardly scalable), as in the case of on-line on-demand solutions. Furthermore,

substantial computational capabilities are required by the MC (or BS).
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At the opposite end of the spectrum, and of particular interest here, are the static

or periodic strategies. Clearly, the simplest among all strategies, they are characterized

by having a fixed circular order X =< x0, x1, ..., xn−1 > of the sensors. Starting from

x0, the MC moves (recharging if needed) from xi to xi+1, where all operations on

the indices are modulo n. In other words, a periodic strategy consists of an infinite

sequence of identical rounds, where all nodes are visited in each round in the same

order (e.g., [33, 35, 127, 128]). Hence, these strategies are simple, highly scalable, and

require very limited (or no) global communication. Furthermore, the MC needs to

have only very simple computational power and memory; hence these strategies can be

implemented using very weak (computation and communication wise) robots.

The time spent by the MC in a round is composed of the time it spends recharging

the nodes in need plus the time spent travelling from one node to the next. The

latter cost is v−1
∑

0≤i≤n−1 d(xi, xi+1), where v is the speed of the MC; this cost clearly

depends on the chosen order X . This cost is minimized if X is an optimal Hamiltonian

cycle; because of the computational costs, an approximate solution is usually employed

(e.g., [128]). We shall denote by H a periodic recharging strategy that uses such an

order.

In this thesis, we considered a new strategy, which belongs to neither of the classes

mentioned above. Described in Chapter 4 and analyzed in the subsequent chapters, this

on-line strategy as we will show, has all the practical advantages of the periodic ones:

it is simple, highly scalable, has very little communication requirements (and all local).

Furthermore, the MC needs to have only very basic computational power and memory;

hence, it can be implemented using a very weak (computation and communication

wise) robot. At the same time, it outperforms the periodic strategies (including H) in

terms of number of sensing holes and their duration. As will be shown experimentally,

in comparison to periodic strategies, it is immortal or near-immortal for even larger

networks, it causes fewer sensing holes to exist at any time; and, more importantly, the

duration of a sensing hole is significantly lower.
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3.4 Performance Metrics

The effectiveness of any strategy reflects the degree to which the strategy is successful

in producing a desired results or in achieving pre-planned goals. In our context, the

goal is to have most of (possibly all) the network nodes operational at all times and

to ensure that whenever a node stops operating, its battery will be recharged within a

small amount of time.

The effectiveness of a recharging strategy is, thus, evaluated in terms of two mea-

sures: operational size and disconnection time.

The operational size Size(t) at time t is the number of sensors that is operational

at that time. Note that the quantity Hole(t) = n − Size(t) measures the number of

sensing holes at time t.

The disconnection time for a node s is the amount of time from the moment s

becomes inactive to the time when the MC arrives to recharge it. Disconnection time

is, of course, zero if the node is charged before it becomes inactive. More precisely, the

disconnection time for node s at time t (denoted by Dis(s, t)) is the amount of time

s has been non-operational since last serviced by the MC before or at time t. This

measure indicates how long a sensing hole lasts.

The highest level of effectiveness is achieved in the ideal situation when no sensing

holes are created. We say that the recharging strategy allows the sensor network to

achieve immortality (e.g., [33, 128]) if within finite time (i.e., after a transient), all

nodes are always operational from that time on; that is, there exists a time t such that

Size(t′) = n for all t′ ≥ t; in such a case, clearly, Dis(s, t′) = 0 for all s ∈ S.

The next highest level of effectiveness is when the recharging strategy allows the

sensor network to achieve near-immortality, defined below. When a node’s battery

is depleted and the node becomes inactive, we measure the loss of active time in the
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network due to the node’s inactivity in terms of (by comparing it with) the node’s

active lifetime. Clearly, in the absence of recharging, the average node lifetime is

TEmax=Emax/P , where P is the average power consumption. Let Dis denote the av-

erage duration of a sensing hole, and h the average number of simultaneous sensing

holes. We say that the recharging strategy allows the sensor network to achieve near-

immortality if, within finite time (i.e., after a transient),

h/n ≤ 0.05 and Dis× TEmax ≤ 0.05.

That is, in a near-immortal system, at least 95% of sensors are operational at any

time, and the average disconnection time of a sensor does not last more than 5% of the

battery’s lifetime.

3.5 Network Parameters and Simulation Environment

The sensors and the mobile charger’s characteristics depend on a variety of parame-

ters that regulate the sensors’ consumption, the charger’s recharging rate, etc. Such

parameters have clearly a great impact on the performance of a given recharging strat-

egy. In the following part, we indicate the choices made in the thesis when conducting

simulations to determine the performance of the system. Some parameters are fixed,

while others are varied to test the flexibility of a given algorithm in different settings

or when faced with changing environments.

In the thesis, the sensors are always deployed in a square area of 1000m×1000m,

with the Base Station at the origin and the Service Station at the center (500m, 500m)

[33]. The mobile charger (MC) is equipped with a battery of capacity EMC = 770KJ .

The MC radiated power with efficiency η = 95% [68]. The initial state of charge of each

sensor is a random ratio (90% -100%) of Emax; a sensor is consider non-operational

if the state of charge is below 5% of Emax. The list of parameters that are fixed
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throughout the thesis is given in Table 3.1.

Table 3.1: Fixed simulation parameters.

Parameter value

Network Area 1000× 1000

MC battery capacity (EMC) 770KJ

Non-Operational threshold (τ) 5% of Emax

Charging efficiency (η) 95%

Several parameters are instead varied throughout the thesis to test their impact on

the network performance when executing a given recharging algorithm.

In the thesis, we considered networks composed of n sensors with n varying between

100 and 500 (n = 100, 200, 300, 400, 500). We considered two types of sensor batteries:

NiMH batteries with maximum capacity Emax = 10.8KJ [33] and Li-Ion batteries with

maximum capacity Emax = 15.98KJ [87]. Consequently, the non-operational threshold

τ = 5% × Emax is τ = 540J or τ = 799J. As commonly done in the literature, the

sensors’ data rate is randomly generated following a Poisson distribution [88] within

the range of [1-5]kbps or [1-10]kbps.

The mobile charger (MC) travels with a speed v = 2m/s (e.g., [45,59]), or v = 5m/s

(e.g., [33, 34]), consuming 5 J/meter (e.g., [87, 88]).

In the thesis, we considered the recharging rate ∆ = 5W [24], which is the de facto

standard in the literature (e.g., [33,34,52,129]). For comparison purposes, in the thesis

we also sometimes consider the less efficient ∆ = 3.4W [130].
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Table 3.2: Variable simulation parameters.

Parameters value

Sensors’ battery-capacity (Emax) 10.8KJ, 15.98KJ

MC Speed (v) 2m/s, 5m/s

Data Rate (λ) [1-5]kbps, [1-10]kbps

Recharging Rate (∆) 3.4 W, 5 W

Network Size (n) 100, 200, 300, 400, 500

A summary of the variable parameters is given in Table 3.2.

For our experimental evaluations, we used a discrete event simulator developed

in MATLAB. In each experiment, for each combination of the values of the consid-

ered parameters, we executed 50 runs and computed the average operational size and

disconnection time. All results are computed with confidence level of 95%.



Chapter 4

Continuous Local Learning Strategy

4.1 Introduction

In this chapter, we investigate the energy restoration problem and propose an efficient

distributed recharging strategy to be used by the mobile charger (MC ) to restore the

energy supply to nodes in need.

Our recharging strategy, based on Local Learning, operates under dynamic network

conditions without any a-priori knowledge of the network. It is based on simple compu-

tations by the MC with little memory requirements and is highly effective, keeping the

network perpetually operating and achieving near-immortality even in large networks.

This chapter is organized as follows. The proposed strategy is described in the next

section, and the experimental results and discussions are presented in Section 4.3. In

Section 4.4, we summarize the chapter results and findings.
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4.2 The Strategy

4.2.1 Overview

Recall that, as described in Chapter 3, the sensors are homogeneous but, depending

on their activities, nodes might consume energy at different rates. We assumed that

the MC has no prior information about the sensors’ locations, their number, and their

state of charge.

The proposed strategy employed by the MC is composed of two phases: an Initial-

ization phase, followed by an endless Learning and Charging phase.

The goal of the Initialization phase is to determine information on the sensors’

locations (discovery round) and to make an initial estimate of the current charging needs

of the sensors (base-estimation round). Should this information be already available to

the MC, the entire phase can be skipped.

Once the initialization is completed, the MC has sufficient data to determine a base

recharging order, and starts the endless execution of the Learning and Charging phase.

In this phase, the MC charges the sensors starting with the base recharging order

while continuously collecting local data when servicing nodes, updating its estimate

accordingly, and dynamically revising the recharging order.

4.2.2 Initialization Phase

The initialization phase is composed of two rounds: the discovery round and the base-

estimation round.

In the discovery round, the MC moves around the network in a depth-first search

fashion (DF) to collect the information necessary for the base-estimation round; while
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doing so, if it encounters a sensor in need of charge, it recharges it. More precisely, the

general idea of the discovery round is for the robot to visit the sensors greedily moving

for each new visit to the closest among its unvisited neighbours, and backtracking when

all the neighbours of the node under visit have been already visited.

When reaching node s (for the first time) during this traversal at time t, the MC

stores the node’s location, its state of charge S1(s) := S(s, t) and the current timestamp

T1(s) := t; in case S1(s) < Emax, the MC charges s.

The goal of the base-estimation round is to determine a first estimate of the con-

sumption rate of each sensor and, thus, their future needs. To do so, the MC performs

another DF traversal (possibly using the same route); when reaching node s during

the second traversal, at time t′, it collects the current state of charge and information,

S2(s) := S(s, t′) and T2(s) := t′. Once this information is collected, the MC estimates

the consumption rate δ(s) of node s as follows:

δ(s) =
S2(s)− S1(s)

T2(s)− T1(s)
(4.1)

Using this information, the MC estimates the sensors’ battery remaining lifetime.

4.2.3 Learning and Charging Phase

After the Initialization phase, the MC knows the location of the sensors and has an

estimate of their consumption rate. It then starts the endless process of the Learning

and Charging phase (shown in Algorithm 2). In each step of the process, the MC

moves to recharge the sensor deemed to be most in need, according to the selection

process described below.

Let t be the current time and d(s, t) the distance from the MC to node s at time

t. Then, the time that it would be required for the MC to reach s starting to move at
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time t is T (s, t) = d(s, t)/v, where v m/s is the speed of the MC.

The expected energy SExp(s, t
′) of sensor s at time t′ = t + T (s, t) is calculated as

follows:

SExp(s, t
′) = S2(s)− δ(s)× (t− T2(s) + T (s, t)) (4.2)

Let us point out that this measure of expected energy encompasses simultaneously all

three metrics considered separately in [131]: the distance to the sensor, its state of

charge, and its remaining lifetime.

At any point in time t, the next sensor to be charged is chosen to be the one with

the lowest expected energy, mins{SExp(s, t)}, with ties broken arbitrarily.

Once the selection has been made, the MC moves to charge the selected node and,

after completing the recharge, it updates the records of time stamps and consumption

rate for this node before determining the next node to charge and moving there.

During each subsequent recharging step, the MC keeps recording the current state

of charge values, updating the expected energy values of each sensor it charges, so that

the charging schedule is always based on the most up-to-date information.

4.2.4 Algorithm Details

The details of the Initialization phase of CLL are shown in Algorithm 1. The details

of the Learning and Charging phase are shown in Algorithm 2. Observe that for both

the Initialization and the endless Learning and Charging phases, the storage space

needed by the MC consists only of four vectors of size n.
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Algorithm 1 Initialization
Input: S = {s1 . . . , sn}, BS, SS,MC, v,
Output: FL, Told, Sold, δ.
/* t denotes the current time; MCloc denotes the current position of the MC */

First Round (Discovery):
L := neighbours(BS);
V isited := ∅;
D := {distance(MCloc, `)|` ∈ L};
while L 6= ∅ do

target := ` ∈ L : D(`) = Mins∈L{D(s)}; . /* Closest node in the list */
move to target
if S(target) < Emax then

charge target← Emax . /* Charge the sensor until full*/
end if
S1(target) := S(target); . /* Save current charge S*/
T1(target) := t; . /* Save current time t*/
V isited := V isited ∪ {target};
L := L ∪ (neighbours(target) \ V isited);
D := {distance(MCloc, `)|` ∈ L};

end while
Second Round (Base-Estimation):
L := V isited;
D := {distance(MCloc, `)|` ∈ L};
while L 6= ∅ do

target := ` ∈ L : D(`) = Mins∈L{D(s)};
move to target

/* estimate power consumption rate */
δ(target) := (S1(target)− S(target))/(t− T1(target))
if S(target) < Emax then

charge target← Emax . /* Charge the sensor until full*/
end if
S2(target) := S(target); . /* Save current charge S*/
T2(target) := t; . /* Save current time t*/
L := L \ {target};

end while
Told :=T2; Sold := S2; FL := V isited;
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Algorithm 2 Learning and charging
Input S, δ, FL, Told, Sold, v

/* t denotes the current time; MCLoc denotes the current position of the MC */

repeat

D := {distance(MCloc, `)|` ∈ L};

SExp := Sold − δ × (t− Told +D/v);

target := ` ∈ FL : SExp(`) = Mins∈FL{SExp(s)};

move to target;

δ(target) := (S(target)− Sold(target))/(t− Told(target));

Sold(target) := S(target);

Told(target) := t;

if S(target) < Emax then

charge target← Emax;

Sold(target) := Emax;

end if

until Forever

4.3 Experimental Analysis

In this section, we describe the experimental evaluation of the effectiveness of the pro-

posed algorithm. Recall that effectiveness is evaluated in terms of operational size and

disconnection time (see Section 3.4), where the operational size is the number of sensors

the strategy is able to maintain operational at any given time, and the disconnection

time of a sensor is the time from the moment the sensor becomes inoperative to the

time when the MC arrives to recharge it. In particular, we present and discuss the re-

sults of the experiments focusing on the settings where immortality has been described

in the literature (e.g., [33]). In the rest of the thesis we will sometime refer to the

settings indicated in Table 4.1 as the default settings.
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Parameter values

Network Size (n) 100, 200, 300, 400, 500

Sensors’ battery-capacity (Emax) 10.8KJ

MC Speed (v) 5m/s

Data Rate (λ) [1-5]kbps

Recharging Rate (∆) 3.4 W, 5 W

Table 4.1: Simulation parameters.

4.3.1 Operational Size

We first consider the standard recharging rate for non-radioactive wireless energy trans-

fer technology, ∆ = 5W [24].

The results show that our strategy enables the network to be immortal (i.e., all

sensors are always operational at all times) for all considered network sizes, even for

n = 500 (see Figure 4.1). In the literature, immortality for such value of ∆ were

reported only for n ≤ 100.

Summarizing, under the considered parameters no other recharging strategy can

do better, regardless of the amount of communication and complex computations it

employs.

Since with ∆ = 5W our strategy achieves optimal performance, to further analyze

the effectiveness of our algorithm we studied its performance under the significantly

lower recharging rate of ∆ = 3.4W [130].

Also in these conditions, our CLL strategy maintains a high operational size. In

particular, it achieves immortality with up to n = 300 sensors, and near immortality

with n = 400.
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Figure 4.1: Average non-operational size with various ∆.

By increasing the number of sensors, the number of non-operational nodes clearly

increases (and the operational size decreases); however, only about 5 sensors become

non-operational in average for n = 400, and about 22 sensors for n = 500. In other

words, with n = 400, at least 98.8% of the sensors are operational at any point in time

and more than 95% of the sensors are always operational for n = 500.

4.3.2 Disconnection time

We now turn to disconnection time to evaluate the duration of a sensing hole (see

Figure 4.2).

As discussed in the previous section, under CLL the network is immortal regardless

of the network size when ∆ = 5W , and for n ≤ 300 when ∆ = 3.4W . Thus, in all

these cases, no sensor is ever disconnected.

In the case of ∆ = 3.4W , for n = 400, the average disconnection time is about 7.46

hours, which is 4.35% of TEmax . For n = 500, the average disconnection time is less
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Figure 4.2: Average disconnection time with various ∆.

than 24 hours, that is, 13.8% TEmax .

4.3.3 On Partial Recharging

In our strategy and in all our experiments, the MC always fully recharges a battery. In

some studies, however, it has been suggested that a predefined bound on the amount

of energy be imposed, expressed as a percentage, θ, of the sensors’ battery-capacity,

Emax; that is, when recharging, the MC does not provide more than θ × Emax energy

to the node [54,112,113].

In this section, we considered this idea of using partial recharging for our strat-

egy, and investigated the effectiveness of the system for a large range of values of the

recharging percentage θ (20%, 40%, 60%, 80%, 100%) of Emax.

The results clearly indicate that partial recharging is not convenient; indeed, both

the average number of non-operational sensors and the disconnection time are inversely

proportional to θ.
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Figure 4.3: Average non-operational size for n = {400, 500} with ∆ = 3.4W .

In Figure 4.3 (resp. 4.5), we show the average number of non-operational sensors

for n = {400, 500} with recharging rate ∆ = 3.4W (resp. ∆ = 5W ), and in Figure 4.4

(resp. 4.6), we show the average disconnection time for n = {400, 500} with recharging

rate ∆ = 3.4W (resp. ∆ = 5W ).

Figure 4.4: Average disconnection time for n = {400, 500} with ∆ = 3.4W .
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For instance, as shown in Figure 4.3, the number of non-operational sensors for

a network of size n = 500 with ∆ = 3.4W , which is around 22 sensors in case of

full recharging (i.e., θ = 100%), gradually increases when decreasing the recharging

percentage, until reaching about 54 non-operational sensors when θ = 20%. As shown

in Figure 4.4, the average disconnection time follows the same behaviour and increases

from 23.65 hours when θ = 100% to 62.24 hours when θ = 20%

Figure 4.5: Average non-operational size for n = {400, 500} with ∆ = 5W .

Analogous observations can be made for the case of ∆ = 5W , when the decrease

of the recharging percentage gradually increases both non-operational size and discon-

nection time.

These results reveal that partial recharging is not the best option for our strategy.

This is likely due to the fact that, with partial recharging, the mobile charger needs to

travel more, and during this extra time more sensors get depleted and wait for longer

time for the mobile charger to reach them.
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Figure 4.6: Average disconnection time for n = {400, 500} with ∆ = 5W .

4.4 Conclusion

In this chapter, we introduced a new on-line recharging strategy for sensor networks

(CLL ), and we analyzed its performance in terms of the number of non-operational

sensors and the disconnection time under both the commonly used recharging rate and

a lower one.

We observed that CLL achieves immortality (all sensors are always operational at

all times) with ∆ = 5W for all networks. This includes the settings where immortality

had been reported in the literature (but only for n ≤ 100).

With the significantly smaller ∆ = 3.4W , CLL achieves immortality with up to

n = 300 sensors, and near immortality with n = 400 (at any time at most 4.71 sensors

are non-operational, for less than 4.4% of TEmax); for even larger networks (n = 500)

the number of non-operational sensors never exceeds 4.4 % of their total number.

Unlike previous studies, our technique is distributed and uses only local communi-

cation between the MC and its neighbouring nodes without any a-priori knowledge of
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the network. Moreover, in the proposed solution, the sensors do not need to request

recharging when they are in need. Using only local communication between the mobile

charger and nearby sensors highly reduces the consumed energy and obviously helps to

prolong the sensor’s lifetime. Additionally, this approach has the advantage of reducing

the possibility of transmission errors.

In the next chapter, we study the performance of CLL under changes in various

network parameters to assess its flexibility.



Chapter 5

Flexibility of Continuous Local

Learning Strategy

5.1 Introduction

WSNs are used in a wide range of applications. Each application has its own charac-

teristics and requirements, including the number of sensors, sensors’ battery-capacity,

the size of the sensing area, and the power of the MC (e.g., speed, recharging distance,

recharging rate).

Those parameters may have an impact on both coverage and disconnection time,

which means that the effectiveness of a recharging strategies may vary greatly in differ-

ent application settings. Hence, another important measure of a restoration strategy

is its flexibility: its capacity to be effective over a wide range of values of different

parameters, i.e., in several different applications.

We have already seen how the Continuous Local Learning Strategy, introduced in

Chapter 4, is highly effective in settings where immortality has been studied in the

55
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literature. This leads us to the question of whether this simple and efficient energy

restoration strategy would still be effective under quite different settings.

In this chapter, we study the flexibility of the Continuous Local Learning strategy

in two ways. First we study the impact of each single system parameter with respect

to the performance of the system under the default settings of Chapter 4, and then

with respect to the worst case combination of the other parameters. More precisely,

in Section 5.2.1, we start from the default parameters studied in Chapter 4 of battery-

capacity Emax = 10.8KJ , speed of the mobile charger v = 5m/s, data rate λ =

[1−5]kbps and, to study the impact of Emax, v, and λ, we vary each of these parameters,

maintaining the others to their default values. This study is done for the two recharging

rates considered in Chapter 4 (∆ = 3.4W and ∆ = 5W ), always varying the network

size from 100 to 500, shown in table 5.1. In Section 5.2.2, we analyze the impact of

Emax, v, and λ varying each of these parameters, maintaining all the others to their

worst possible values.

5.2 Experimental Analysis

Parameter value

Network Size (n) 100, 200, 300, 400, 500

Sensors’ battery-capacity (Emax) 10.8KJ, 15.98KJ

MC Speed (v) 2 m/s, 5m/s

Data Rate (λ) [1-5]kbps, [1-10]kbps

Recharging Rate (∆) 3.4W, 5W

Table 5.1: Variable simulation parameters.
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5.2.1 Impact on Default Setting

5.2.1.1 Impact of Emax

The first parameter that we studied to assess the flexibility of the CLL strategy was

the sensors’ battery-capacity (Emax). To test the influence of Emax, we conducted

experiments for two sensor battery-capacities Emax = {10.8, 15.98}KJ, maintaining

the default parameters of v = 5m/s, and data rate λ = [1 − 5]kbps. We discuss

separately the case of ∆ = 5W and the one of ∆ = 3.4W .

Recharging rate ∆ = 5W .

With ∆ = 5W , for all choices of the other parameters the network always maintains

immortality for all network sizes.

Recharging rate ∆ = 3.4W .

We then turn our attention to the case of ∆ = 3.4W . Figure 5.1 shows the influence

of Emax on the number of non-operational sensors.

Regardless of Emax, all networks with n ≤ 300 are immortal, and those of size

n = 400 are near-immortal also for all Emax values.

For larger networks of size n = 500, we observed that with the larger Emax, the

number of non-operational sensors slightly increased from 22.14 to 23.05.

Turning to the average disconnection time, we observed that by increasing Emax,

the average disconnection time increased from about 7.46 hours to about 8 hours in a

network of n = 400, and from about 24 hours to about 25 hours in a network of size

n = 500 (see Figure 5.2).

In conclusion, the experiments show that the increases of non-operational size and

disconnection time, due to the fact that larger batteries require longer recharging time,
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Figure 5.1: Average non-operational size with various Emax, and (v = 5m/s, λ =
[1− 5]kbps).

are rather small.

Figure 5.2: Average disconnection time with various Emax, and (v = 5m/s, λ = [1 −
5]kbps).
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5.2.1.2 Impact of v

We turn to study the impact of speed of the MC on operational size and disconnection

time. If the MC has a higher speed, the performance of the system would obviously

improve. To test the impact of this parameter, we fixed the default values of Emax =

10.8KJ and λ = [1−5]kbps, and varied the speed and the network size (v = 2m/s and

v = 5m/s). We discuss separately the case of ∆ = 5W and the one of ∆ = 3.4W

Recharging rate ∆ = 5W .

With ∆ = 5W , for all choices of the other parameters the network always maintains

immortality.

Recharging rate ∆ = 3.4W .

We now turn to the case of ∆ = 3.4W .

Figure 5.3: Average non-operational size with various MC speeds(v)
.

We noticed that higher MC speed slightly decreased the non-operational size (see

Figure 5.3). Considering a network of size n = 400, we noticed that increasing the speed
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from v = 2m/s to v = 5m/s the number of non-operational sensors decreased from

about 5.57 sensors (1.4% of network size)to about 4.71 (1.18% of network size)sensors,

while for a network size of n = 500, the change was from 23.23 (4.65% of network

size)to 22.14 sensors (4.4% of network size).

Figure 5.4: Average disconnection time with various MC speeds(v).

Looking at the average disconnection time, shown in Figure 5.4, we observed that

the MC speed had a higher influence on this metric. In fact, the average disconnection

time slightly decreased from 8.49 hours to 7.46 hours in the case of n = 400, and from

25.92 to 23.65 hours in the case of n = 500.

5.2.1.3 Impact of λ

We also studied the influence of changing the sensors’ data rate (λ). In this subsection,

we investigated the performance of the CLL strategy by increasing the sensors’ data

rate from the default λ = [1 − 5]kbps to λ = [1 − 10]kbps, maintaining the default

parameters of v = 5m/s, and Emax = 10.8KJ . We discuss separately the case of

∆ = 5W and the one of ∆ = 3.4W
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Recharging rate ∆ = 5W .

As already seen in Chapter 4, with ∆ = 5W and λ = [1−5]kbps the network always

maintains immortality regardless of its size.

On the other hand, with the larger data rate (λ = [1 − 10]kbps), CLL achieved

immortality for all settings only when n ≤ 300. For n = 400, the number of non-

operational sensors became 8.22 (2% of network size), and the disconnection time

became 21.34 hours. Finally, for n = 500, the number of non-operational sensors

became to 14.66 (2.9% of network size), while the disconnection time became 29.3

hours . See Figures 5.5 and 5.6.

Figure 5.5: Average non-operational size for various λ with ∆ = 5W .

Recharging rate ∆ = 3.4W .

In Figure 5.7, we present the impact of λ on the number of non-operational sensors.

From the experiments, we noticed that the number of non-operational sensors increased

with the increase of the network size. In the case of n = 300, the number of non-

operational sensors increased from null to 2.74 sensors (an increase of 0.9% of the

network size). For n = 400, the number of non-operational sensors noticeably increased
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Figure 5.6: Average disconnection time for various λ with ∆ = 5W .

from 4.71 to 22.28 (an increase of 4.4% of the network size). For n = 500, the non-

operational size increased from 22.14 sensors to 46.37 sensors (an increase of 4.8% of

the network size).

Considering the average disconnection time, we noticed that for n = 300, the aver-

age disconnection time increased from null to about 9.24 hours. In the case of n = 400,

the average disconnection time increased from 7.46 hours to reach 52.88 hours. Finally,

for network of size n = 500, the disconnection time increased from 23.65 hours to 82.12

hours.

The results show that λ = [1− 10]kbps has the highest impact on operational size

and disconnection time, and becomes critical in combination with the slower recharging

rate (3.4W ).
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Figure 5.7: Average non-operational size varying λ with ∆ = 3.4W .

Figure 5.8: Average disconnection time varying λ with ∆ = 3.4W .

5.2.2 Impact on Worst Case Settings

To further examine the impact of the various parameters and their relative importance,

we also observed the changes in non-operational size and disconnection time, when
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varying one parameter fixing the others to the worst possible values.

Figure 5.9: Average non-operational size varying ∆ with the worst setting.

Figure 5.10: Average disconnection time varying ∆ with the worst setting.

• Varying ∆: n = 500, v = 2m/s, λ = [1− 10]kbps, Emax = 15.98KJ .

The highest effect on the operational size and disconnection time comes from the

recharging rate ∆. As shown in Figure 5.9, when ∆ decreased from 5W to 3.4W ,
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the operational size increased from 17.11 sensors to 49.72 sensors (an increase of

6.5% of the network size), and the disconnection time increased from 32.2 hours

to 88.16 hours.

• Varying λ: n = 500, v = 2m/s, Emax = 15.98KJ , ∆ = 3.4W .

The second most influential factor on both metrics is the data rate of the sensors

λ. By varying λ in the setting considered above with the worst choice of ∆

(∆ = 3.4W ), the number of non-operational sensors went from 49.72 (9.94% of

network size) to 24.90 sensor (4.98% of network size) (see Figure 5.11), while the

disconnection time changed from 88.16 to 27.35 hours (see Figure 5.12).

Figure 5.11: Average non-operational size for various λ with v = 2m/s.

• Varying v: n = 500, ∆ = 3.4W , λ = [1− 10]kbps, Emax = 15.98KJ .

By varying v and maintaining the setting considered above with the worst values

for ∆, λ, and Emax, we observed that the number of non-operational sensors

increased slightly from 46.54 (9.31% of network size) to 49.72 sensors (9.94% of

network size) and the disconnection time varied from 84.2 hours to 88.16 hours

(see Figure 5.13 and Figure 5.14).
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Figure 5.12: Average disconnection time for various λ with v = 2m/s.

• Varying Emax: n = 500, v = 2m/s, ∆ = 3.4W , λ = [1− 10]kbps.

Figure 5.13: Average non-operational size for various v and λ = [1 − 10]kbps with
∆ = 3.4W .

Finally, the sensor’s battery-capacity (Emax) seem to have the lowest impact.

In fact, by varying Emax and maintaining the setting considered above with the

worst values for ∆ and λ, we observed that the number of non-operational sensors
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Figure 5.14: Average disconnection time for various v and λ = [1 − 10]kbps with
∆ = 3.4W .

varied from 49.72 to 46.37, while the disconnection time varied slightly from 88.16

to 85.26 hours (see Figure 5.15 and Figure 5.16).

Figure 5.15: Average non-operational size for various Emax, λ = [1 − 10]Kbps with
∆ = 3.4W .
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Figure 5.16: Average disconnection time for various Emax, λ = [1 − 10]kbps with
∆ = 3.4W .

The same type of impact can be observed for the four parameters for n = 300, 400

(for smaller values of n, the system is always immortal), confirming the importance of

the choice of ∆ and λ over those of Emax and v.

5.3 Conclusions

In this chapter, we considered the flexibility of the Continuous Local Learning Strategy

proposed in the previous chapter to solve the problem of recharging WSN using a mobile

charger. In particular, we studied its flexibility and applicability under a wide range of

values of different parameters: number of sensors, MC speed, sensor’s battery-capacity,

sensor’s data rate, and recharging rate.

We found that with λ = [1 − 5] under all choices of the other parameters, the

strategy achieved immortality for small network sizes of n ≤ 300 sensors, that is,

no sensor became non-operational even for a small time. Moreover, networks of size

n = 400 achieved immortality or near-immortality. With n = 500, CLL achieved
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immortality only with ∆ = 5W , while with ∆ = 3.4W 95.2% of the sensors were

always operational (see Table 5.2).

Furthermore, with λ = [1 − 10], networks of size n ≤ 200 continued to achieve

immortality in all settings. Networks of size n = 300 achieved immortality with small

Emax and large ∆, while they were not immortal in other settings but still reaching

excellent performances: in fact, at least 98.5% of sensors were always operational in

the most undesirable scenario, and their average disconnection time was at most 18.2

hours.

Large networks of size n = 400 and n = 500 reached immortality only with the

combination of (∆ = 5W and λ = [1 − 5]), and networks of size n = 400 reached

near-immortality with the combination (∆ = 3.4W and λ = [1 − 5]) while those of

size n = 500 remained 95.2% operational under the most unfavorable conditions of the

other parameters. With λ = [1− 10], large networks of size n = 400 and n = 500 did

not reach immortality nor near-immortality, but their performance was still very good.

In fact, at least 93.8% (resp. 90%) of the sensors were always operational in the most

undesirable scenario in networks of size n = 400 (resp. n = 500).

Setting
λ = [1− 5]kbps λ = [1− 10]kbps

∆ = 5W ∆ = 3.4W ∆ = 5W ∆ = 3.4W

n ≤ 200 100% 100% 100% 100%

n = 300 100% 100% 98.96% 98.5%

n = 400 100% 98.47% 97.26% 93.8%

n = 500 100% 95.2% 96.6% 90%

Table 5.2: Chapter Summary: operational size under the worst combination of the
parameters not shown.

Moreover, we found that the highest impact on the operational size and the dis-

connection time comes from the recharging rate, followed by the data rate, the MC
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velocity and the sensor’s battery-capacity.

The results showed the flexibility of this strategy as it adapts well to changes in

the system parameters. The success of the method is due to the ability of the mobile

charger to “learn" the global distribution of battery discharges.



Chapter 6

Continuous Local Learning vs Periodic

Strategies

6.1 Introduction

In the previous chapters, we introduced the new Continuous Local Learning recharging

strategy and experimentally analyzed its effectiveness in a variety of contexts. The

results have shown that the strategy is highly effective, with the system achieving

immortality or near-immortality even for rather large network sizes.

The important attractive feature of CLL is that it achieves these results while being

simple, highly scalable, and requiring very limited communication and computational

capabilities.

As mentioned in Section 3.3, these qualities of simplicity and limited communication

are shared also by the class of periodic (or static) recharging strategies. Recall that,

in these strategies, the MC always visits the nodes (recharging the battery if needed)

periodically according to a predetermined order X (e.g., [30, 33, 35]); except for the

71
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initial pre-computation of X , no other global computation is performed. Hence, the

visits by the MC proceed in an endless sequence of identical rounds; the time spent

by the MC in a round is composed of the time it spends recharging the nodes in need

plus the time spent travelling from one node to the next. The latter quantity clearly

depends on the chosen order, and it is minimized if X is an optimal Hamiltonian cycle.

We shall denote by H a periodic recharging strategy that uses1 such an order.

While sharing the same features of simplicity, scalability, and minimal communica-

tion and computation costs, the class of periodic strategies and CLL have a fundamen-

tal structural difference: periodic strategies are, by definition, static (the recharging

order remains unchanged regardless of the current conditions of the network); on the

other hand, CLL is inherently adaptive (the recharging order changes based on the

discovered conditions of the network).

The goal of this chapter is to examine the advantages that this difference brings to

the effectiveness of CLL with respect to the periodic strategies, focusing on the one,

H , with the minimum amount of travel time.

This chapter is composed of two distinct, but interrelated parts. In the first part

(Section 6.2), we show that CLL outperforms H in terms of number of sensing holes

and their duration. We show experimentally that it causes fewer sensing holes to exist

at any time; and, more importantly, the duration of a sensing hole is significantly (up

to 11 times) lower.

In the second part of the chapter (Sections 6.3-6.3.2), we continue the comparative

analysis of CLL and the periodic strategies focusing on two settings where the sensors

are heterogeneous in the sense that, for a group of nodes located around BS, the energy

consumption rate is much higher than the rest. We show that CLL outperforms H in

all cases.
1In reality, because of the high computational costs involved, only an approximate solution is

employed (e.g., [128]).
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Conclusions and discussion on all the results of both parts are in Section 6.4.

6.2 Homogeneous Consumption: Experimental Re-

sults

In the experimental analysis, we used the parameters indicated in Table 6.1.

Parameter value

Network Size (n) 100, 200, 300, 400, 500

Sensors’ battery-capacity (Emax) 10.8KJ, 15.98KJ

MC Speed (v) 2m/s, 5m/s

Data Rate (λ) [1-5]kbps

Recharging Rate (∆) 3.4W, 5W

Table 6.1: Simulation parameters.

We now consider separately the operational size and the disconnection time using

the two strategies.

6.2.1 Operational Size

First, we consider the case of ∆ = 5W . We observed that CLL achieves immortality

for all network sizes, while H achieves immortality for n ≤ 400 only and for n = 500

has about 4 non-operational sensors in all settings (see Figure 6.1).

We consider next the case of ∆ = 3.4W .
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(a) Emax = 10.8KJ, v = 2m/s. (b) Emax = 10.8KJ, v = 5m/s.

(c) Emax = 15.98KJ, v = 2m/s. (d) Emax = 15.98KJ, v = 5m/s.

Figure 6.1: Average non-operational size for n = 500 and ∆ = 5W .

Settings(Emax|v)((KJ |m/s))

10.8|2 10.8|5 15.98|2 15.98|5Strategy n
CLL 500 23.23 22.14 24.90 23.05
H 500 28.32 27.16 30.17 28.34

CLL 400 5.57 4.71 6.42 5.56
H 400 7.09 6.67 8.28 7.79

CLL 300 0.0 0.0 0.0 0.0
H 300 1.29 0.88 1.5 1.03

Table 6.2: Average non-operational size for ∆ = 3.4W .

Both strategies reach immortality under ∆ = 3.4W for n ≤ 200. We then concen-

trate on larger networks (n ≥ 300).

Figure 6.2 and Table 6.2 show the operational size under the four combinations of
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(a) Emax = 10.8KJ, v = 2m/s. (b) Emax = 10.8KJ, v = 5m/s.

(c) Emax = 15.98KJ, v = 2m/s. (d) Emax = 15.98KJ, v = 5m/s.

Figure 6.2: Average non-operational size for ∆ = 3.4W .

Emax and v for n ≥ 300. Let us first observe the impact of the sensors’ battery-capacity

Emax on the performance of both strategies, when the mobile charger speed is fixed.

Figure 6.2 (b) and (d) illustrate the impact of Emax when v = 5m/s. For n = 300,

with both battery-capacities Emax = {10.8KJ, 15.98KJ}, CLL achieves immortality,

while H has a small but not null number of non-operational sensors (around 1 sensor).

For network size of n = 400 and n = 500, the difference between the performance of

CLL and that of H becomes more noticeable. In the case of Emax = 15.98KJ , CLL

is 1.40 times better than H with n = 400 and 1.23 times better than H with n = 500.

A similar behaviour is observable in Figure 6.2 (a) and (c), when v = 2m/s. CLL

reaches immortality for n = 300, while H has about 1.5 non-operational sensors. For

larger networks, considering large Emax = 15.98KJ CLL outperforms H by 1.29 times

for n = 400 and by 1.21 times for n = 500. Looking at the small Emax = 10.8KJ ,

we can see that CLL is better than H by 1.27, and 1.22 times for networks sizes of

n = 400, and n = 500 respectively.
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The influence of the MC speed (v = 2m/s versus v = 5m/s) on the performance

of CLL and H can be observed in Figure 6.2 (a) and (b) for (Emax = 10.8KJ) and

(c) and (d) (for Emax = 15.98KJ). Not surprisingly, a higher MC speed increases

the operational size for both strategies, and they both perform well. Indeed, when

v = 5m/s, the operational size increases by at least 4.3%.

In conclusion, as expected, the coverage of both CLL and H deteriorates with

the increase of the network size for higher capacity and lower speed; both strategies,

however, maintain a good operational size, with CLL always outperforming H .

6.2.2 Disconnection time

With respect to the average disconnection time, the difference between the two strate-

gies becomes more evident.

For ∆ = 5W , as mentioned, CLL is immortal for all n. As for H , we observe that

the disconnection time increased from 9.67 hours for Emax = 10.8KJ and v = 5m/s

reaching 11.91 hours in case of Emax = 15.98KJ and v = 2m/s (see Figure 6.3).

We now consider the influence of the lower recharging rate of ∆ = 3.4W on discon-

nection time. As mentioned, for n ≤ 200 both strategies reach immortality. We then

concentrate on n ≥ 300.

Settings(Emax|v)((KJ |m/s))

10.8|2 10.8|5 15.98|2 15.98|5Strategy n
CLL 500 25.92 23.65 27.35 24.67
H 500 40.19 38.66 43.79 40.94

CLL 400 8.49 7.46 11.76 8.2
H 400 22.87 22.16 24.9 23.83

CLL 300 0.0 0.0 0.0 0.0
H 300 2.48 1.25 2.82 1.65

Table 6.3: Average disconnection time for ∆ = 3.4W .
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(a) Emax = 10.8KJ, v = 2m/s. (b) Emax = 10.8KJ, v = 5m/s.

(c) Emax = 15.98KJ, v = 2m/s. (d) Emax = 15.98KJ, v = 5m/s.

Figure 6.3: Average disconnection time for ∆ = 5W .

(a) Emax = 10.8KJ, v = 2m/s. (b) Emax = 10.8KJ, v = 5m/s.

(c) Emax = 15.98KJ, v = 2m/s. (d) Emax = 15.98KJ, v = 5m/s.

Figure 6.4: Average disconnection time for ∆ = 3.4W .

Figure 6.4 and Table 6.3 show the disconnection time under the four combinations
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of Emax and v for n ≥ 300, and we can clearly notice a significant difference between

the two strategies.

The influence of the sensors’ battery-capacity for both CLL and H is shown in Fig-

ure 6.4 (a) and (c) (when v = 2m/s) and in Figure 6.4 (b) and (d) (when v = 5m/s).

Consider first the case of Emax = 15.98KJ and v = 5m/s. For a network of size

n = 300, CLL achieves immortality and zero disconnection time, while with H , sen-

sors disconnects on average for 1.65 hours. For n = 400, CLL has an average discon-

nection time of 8.2 hours (or 4.8% of TEmax), while H has an average disconnection

time of around 23.83 hours, which makes CLL 2.9 times more efficient than H . This

disconnection time ratio decreases for n = 500 sensors, where CLL is 1.66 times better

than H (24.67 hours versus 40.94 hours). Considering the disconnection time for the

smaller Emax = 10.8KJ and v = 5m/s, naturally, the performance increases compared

with the Emax = 15.98KJ case. For instance, for n = 500, CLL leads to 23.65 hours

of disconnection time, while H reaches 38.66 hours, which means that CLL is still

1.65 times more efficient than H . The gap between CLL and H increases for n = 400,

where in the case of the small Emax and high v, the performance of CLL is about 2.97

times better than that of H (CLL has an average disconnection time of about 7.46

hours, while H has about 22.16 hours average disconnection time).

The influence of the speed of the MC for both CLL and H is shown in Figure 6.4

(a) and (b) (for Emax = 10.8KJ) and Figure 6.4 (c) and (d) (for Emax = 15.98KJ).

In particular, when Emax = 10.8KJ , we noticed that CLL achieves at least 1.55 times

better results than H for all settings. For instance, in a network size of n = 500 with

Emax = 10.8KJ and v = 2m/s, CLL has an average disconnection time of 25.92 hours

in comparison to 40.19 hours in the case of H for the same setting. In a network size

of n = 400 with Emax = 10.8KJ and v = 2m/s, the difference is even more noticeable

because CLL has almost three times the average disconnection time of H for the same

setting (8.49 hours versus 22.49 hours).



CHAPTER 6 . Continuous Local Learning vs Periodic Strategies 79

6.2.3 Summary

With the standard ∆ = 5W , CLL achieves immortality for all values of the other

parameters; on the other hand, H achieves immortality only for the networks of size

n ≤ 400, and it is near-immortal for n = 500.

The difference between the performance of the two strategies appears more clearly

when using the smaller recharging rate of ∆ = 3.4W . In fact, smaller networks (n = 100

and n = 200) remain immortal with both strategies, and CLL continues to achieve im-

mortality even for n = 300; moreover, for larger networks (n ≥ 400) CLL outperforms

H under all the different scenarios.

6.3 Heterogeneous Energy Consumption

In all preceding chapters and sections, we considered sensor nodes with homogeneous

consumption behaviour; that is, as usually done in the literature, we considered that

the energy consumption rates of all nodes follow the same Poisson distribution.

In the rest of this chapter, we explore the case when there might be more than

one consumption behaviour among the nodes. More precisely, we study sensor net-

works where there are two different energy consumption rates, with some of the nodes

following one range while the rest follows the other range.

We analyze how this heterogeneous consumption behaviour impacts the efficiency

of our strategy, CLL , in comparison with the periodic strategy H .

We first consider the situation (Scenario A), where for one group of nodes, the

energy consumption rate is as studied in the previous sections while, for the second

group, located2 around the BS, the consumption rate is double. We then investigate
2It is realistic to assume that nodes around the BS consume energy at a higher rate than the other
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the situation (Scenario B) where the consumption rate of the second group is even

higher: five times that of the first group.

6.3.1 Heterogeneous Consumption: Scenario A

In this section, the data rate of the sensors, within 300 meters from the BS is doubled;

all the other parameters are as shown in Table 6.1. We study both CLL and H under

this new setting.

6.3.1.1 Operational Size

The experimental results show that, with the standard ∆ = 5W , CLL continues to

achieve immortality for networks of size n ≤ 400, and near-immortality for those of

size n = 500 (with 4.36 non-operational sensors in the most undesirable setting). On

the other hand, H achieves immortality for networks of size n ≤ 300, it has a very

small non-operational size for networks of size n = 400. For networks of size n = 500,

it has a double non-operational size in comparison to CLL (See Table 6.4 and Figure

6.5).

Settings(Emax|v)((KJ |m/s))

10.8|2 10.8|5 15.98|2 15.98|5Strategy n
CLL 500 4.17 4.02 4.36 4.21
H 500 8.62 8.49 8.92 8.78

CLL 400 0.0 0.0 0.0 0.0
H 400 0.25 0.19 0.45 0.38

Table 6.4: Average non-operational size in scenario A, ∆ = 5W .

In the rest of this section we focus on the case of ∆ = 3.4W . For n = 100 and

sensors in the network because they relay more packets toward the BS [96,132].
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(a) Scenario A - Emax = 10.8KJ, v =
2m/s.

(b) Scenario A - Emax = 10.8KJ, v =
5m/s.

(c) Scenario A - Emax = 15.98KJ, v =
2m/s.

(d) Scenario A - Emax = 15.98KJ, v =
5m/s.

Figure 6.5: Average non-operational size for scenario A with ∆ = 5W .

n = 200, both strategies reach immortality. We then concentrate on larger networks

(n ≥ 300).

Settings(Emax|v)((KJ |m/s))

10.8|2 10.8|5 15.98|2 15.98|5Strategy n
CLL 500 24.46 23.06 25.20 23.25
H 500 30.24 28.78 30.97 29.14

CLL 400 6.32 5.66 7.13 5.72
H 400 8.54 8.12 9.53 8.58

CLL 300 0.0 0.0 0.0 0.0
H 300 2.14 1.82 2.58 2.12

Table 6.5: Average non-operational size in scenario A with ∆ = 3.4W .

Figure 6.6 shows the non-operational size under the four combinations of Emax and

v for n ≥ 300. By using a fixed v = 5m/s and varying Emax, we noticed that for
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(a) Scenario A - Emax = 10.8KJ, v =
2m/s.

(b) Scenario A - Emax = 10.8KJ, v =
5m/s.

(c) Scenario A - Emax = 15.98KJ, v =
2m/s.

(d) Scenario A - Emax = 15.98KJ, v =
5m/s.

Figure 6.6: Average non-operational size for scenario A with ∆ = 3.4W .

n = 500 and the large Emax = 15.98KJ , CLL performs 1.25 times better than H .

For a network size of n = 400 and with large Emax = 15.98KJ , the number of non-

operational sensors increases using both strategies: with CLL , 5.72 sensors become

non-operational, in average, while with H , the number of non-operational sensors

reaches 8.58. Also, as expected, the coverage of both CLL and H decreases with the

increase of the network size; both strategies maintain a good operational size, but CLL

always outperforms H .

By using a fixed Emax = 10.8KJ and varying the MC speed, we noticed that higher

speed achieves better results for both strategies, and CLL continues to outperform H .
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6.3.1.2 Disconnection Time

Like in the homogeneous case, in this setting, we also observed that the disconnection

time reveals a more significant difference between the two strategies, with CLL always

maintaining a significantly lower disconnection time.

Settings(Emax|v)((KJ |m/s))

10.8|2 10.8|5 15.98|2 15.98|5Strategy n
CLL 500 6.86 6.32 7.46 7.10
H 500 16.84 16.23 17.52 17.26

CLL 400 0.0 0.0 0.0 0.0
H 400 1.45 1.12 2.23 1.86

Table 6.6: Average disconnection time in scenario A with ∆ = 5W .

In case of ∆ = 5W , we observe that CLL has null disconnection time for networks

of size n ≤ 400 while H has small disconnection time (i.e., less than 2 hours). Moreover

CLL achieves around 2.5 times better than H in terms of disconnection time for

networks of size n = 500 (see Table 6.6 and Figure 6.7).

Consider now the case of ∆ = 3.4W (see Table 6.7 and Figure 6.8).

The influence of Emax on the disconnection time for both strategies is shown in

Figures 6.8 (a) and (c) as well as in (b) and (d), while the impact of the MC speed on

the performance of both strategies is shown in Figures 6.8 (a) and (b), as well as in (c)

and (d).
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(a) Scenario A - Emax = 10.8KJ, v =
2m/s.

(b) Scenario A - Emax = 10.8KJ, v =
5m/s.

(c) Scenario A - Emax = 15.98KJ, v =
2m/s.

(d) Scenario A - Emax = 15.98KJ, v =
5m/s.

Figure 6.7: Average disconnection time in scenario A with ∆ = 5W .

Settings(Emax|v)(KJ |m/s)

10.8|2 10.8|5 15.98|2 15.98|5Strategy n
CLL 500 27.28 24.12 28.35 24.73
H 500 42.88 39.89 44.39 41.64

CLL 400 11.22 8.64 13.12 8.98
H 400 26.24 25.06 28.24 27.05

CLL 300 0.0 0.0 0.0 0.0
H 300 3.86 3.54 4.22 3.88

Table 6.7: Average disconnection time in scenario A with ∆ = 3.4W .

We noticed that in a network size of n = 500 sensors, for v = 5m/s and Emax =

15.98KJ , CLL induces a disconnection time that is 1.68 times lower than that induced

by H (24.73 hours versus 41.64 hours), while for Emax = 10.8KJ with the same speed,

the disconnection time created by CLL is 1.65 lower than that induced by H . More
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(a) Scenario A - Emax = 10.8KJ, v =
2m/s.

(b) Scenario A - Emax = 10.8KJ, v =
5m/s.

(c) Scenario A - Emax = 15.98KJ, v =
2m/s.

(d) Scenario A - Emax = 15.98KJ, v =
5m/s.

Figure 6.8: Average disconnection time in scenario A with ∆ = 3.4W .

significant difference between the performance of the two strategies was observed in the

case of n = 400, with v = 5m/s and Emax = 15.98KJ : in this case, the disconnection

time induced by H (27.05 hours) is more than 3 times higher than that of CLL (8.98

hours). Similarly, still with v = 5m/s but with the lower Emax = 10.8KJ , CLL

performs 2.9 times better than H (8.64 hours versus 25.06 hours).

6.3.2 Heterogeneous Consumption: Scenario B

In this section, the data rate of the sensors, within 300 meters from the BS is 5 times

that of the others; all the other parameters are as in Table 6.1. We studied both CLL

and H under this new setting.
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6.3.2.1 Operational Size

Let us first study the non-operational size in case of ∆ = 5W under scenario B. As

expected, the new setting increases the non-operational size for both strategies. We

observed that both strategies continue to achieve immortality for networks of size

n ≤ 300. For those of size n = 400, CLL is at least 7 times better than H (0.46

sensors versus 3.39 sensors). CLL is around 1.68 better than H for networks of size

n = 500 (see Table 6.8 and Figure 6.9).

Settings(Emax|v)(KJ |m/s)

10.8|2 10.8|5 15.98|2 15.98|5Strategy n
CLL 500 8.56 8.36 8.72 8.57
H 500 14.36 14.08 14.79 14.43

CLL 400 0.32 0.28 0.46 0.41
H 400 3.13 2.98 3.39 3.29

Table 6.8: Average disconnection time in scenario B with ∆ = 5W .

We now focus on the impact of ∆ = 3.4W in Scenario B (see Table 6.9 and Figure

6.10 where the results of the experimental study for both strategies are shown for the

four combinations of Emax and v). In particular, we concentrated on the results for

n ≥ 300 since smaller networks continue to achieve immortality with both strategies.

Settings(Emax|v)(KJ |m/s)

10.8|2 10.8|5 15.98|2 15.98|5Strategy n
CLL 500 28.68 25.78 29.53 26.12
H 500 36.46 35.14 39.12 35.90

CLL 400 8.62 6.98 9.17 7.32
H 400 13.27 12.46 14.44 13.40

CLL 300 0.55 0.48 0.66 0.59
H 300 3.08 2.92 3.57 3.39

Table 6.9: Average non-operational size in scenario B with ∆ = 3.4W .
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(a) Scenario B - Emax = 10.8KJ, v =
2m/s.

(b) Scenario B - Emax = 10.8KJ, v =
5m/s.

(c) Scenario B - Emax = 15.98KJ, v =
2m/s.

(d) Scenario B -Emax = 15.98KJ, v =
5m/s.

Figure 6.9: Average non-operational size in scenario B with ∆ = 5W .

For n = 500, Emax = 15.98KJ and v = 5m/s, CLL performs 1.37 times better

than H (26.12 non-operational sensors versus 35.9). Similar rates of improvements are

observed with the other combinations of Emax and v. For networks of size n = 400, with

Emax = 15.98KJ and v = 5m/s, the number of non-operational sensors is 1.83 times

larger with H ; also, using the smaller Emax = 10.8KJ maintaining the same v, CLL

is 1.79 times better than H . Similar ratios were observed for the other combinations

of parameters. In the case of n = 300, the difference between CLL and H in terms

of operational size is more noticeable; in all settings, CLL is between 5 and 6 times

better than H .
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(a) Scenario B - Emax = 10.8KJ, v =
2m/s.

(b) Scenario B - Emax = 10.8KJ, v =
5m/s.

(c) Scenario B - Emax = 15.98KJ, v =
2m/s.

(d) Scenario B -Emax = 15.98KJ, v =
5m/s.

Figure 6.10: Average non-operational size in scenario B with ∆ = 3.4W .

6.3.2.2 Disconnection time

Similarly to what happened in Scenario A, we observed that the disconnection time

shows a more significant difference between the two strategies.

Observing the impact of Scenario B on the disconnection time with ∆ = 5W

(see Table 6.10 and Figure 6.11), we notice that disconnection time is clearly null for

immortal networks of size n ≤ 300 for both strategies. With networks of size n = 400,

CLL is 10 times better than H in the most undesirable setting (Emax = 15.98KJ and

v = 2m/s) where the disconnection time is equal to 0.87 hours for CLL while it is

equal to 9.19 hours in the case of H . For networks of size n = 500, CLL is better than

H by 2 to 2.8 times.
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Settings(Emax|v)(KJ |m/s)

10.8|2 10.8|5 15.98|2 15.98|5Strategy n
CLL 500 14.39 13.96 14.88 14.42
H 500 30.15 29.22 31.02 30.58

CLL 400 0.74 0.68 0.87 0.78
H 400 8.16 7.76 9.19 8.84

Table 6.10: Average disconnection time in scenario B with ∆ = 5W .

(a) Scenario B - Emax = 10.8KJ, v =
2m/s.

(b) Scenario B - Emax = 10.8KJ, v =
5m/s.

(c) Scenario B - Emax = 15.98KJ, v =
2m/s.

(d) Scenario B - Emax = 15.98KJ, v =
5m/s.

Figure 6.11: Average disconnection time in scenario B with ∆ = 5W .

Table 6.11 shows the disconnection time numerical results for large networks n ≥

300 with ∆ = 3.4W .
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Settings(Emax|v)(KJ |m/s)

10.8|2 10.8|5 15.98|2 15.98|5Strategy n
CLL 500 32.56 28.98 36.18 33.49
H 500 56.88 55.24 59.64 57.62

CLL 400 14.76 10.56 15.96 11.19
H 400 35.34 34.52 36.98 34.47

CLL 300 1.06 0.92 1.23 1.08
H 300 7.58 6.33 7.98 6.88

Table 6.11: Average disconnection time in scenario B with ∆ = 3.4W .

(a) Scenario B - Emax = 10.8KJ, v =
2m/s.

(b) Scenario B - Emax = 10.8KJ, v =
5m/s.

(c) Scenario B - Emax = 15.98KJ, v =
2m/s.

(d) Scenario B - Emax = 15.98KJ, v =
5m/s.

Figure 6.12: Average disconnection time in scenario B with ∆ = 3.4W .

Figure 6.12 shows the results under the four combinations of parameters for n ≥

300. Like in the homogeneous case and in Scenario A, the network size of n = 300

reveals the highest difference between the performance of CLL and that of H . For

Emax = 15.98KJ , CLL performs 6.5 and 6.4 times better than H with v = 5m/s

and v = 2m/s respectively. Considering Emax = 10.8KJ , the disconnection time
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with H is about 7 times larger than the one of CLL . Also in the case of n = 400,

Emax = 15.98KJ and v = 5m/s, the discrepancy between the two strategies is very

noticeable. The disconnection time induced by CLL is 11.19 hours, which is 3 times

better than that of H (34.47 hours), while it performs 3.27 times better than H with

the same speed but lower Emax = 10.8KJ (10.56 hours versus 34.52 hours). Finally,

looking at the results of the low MC speed, v = 2m/s, and Emax = 10.8KJ , we

observed that the disconnection time for a network size of n = 500 is 32.56 hours for

CLL , while it is 55.24 hours for H , which means that CLL is 1.75 times better than

H . In networks of size n = 400, the ratio between the two strategies increases to 2.39

(14.76 hours in the case of CLL and 35.34 hours in the case of H ).

6.4 Discussion and Conclusions

In all considered scenarios, CLL outperforms H under all settings.

Tables (6.12 and 6.13) show the comparison between the two strategies under ∆ =

5W in the worst case setting for each scenario. In the Homogeneous scenario, CLL

always achieves immortality, for any network size, while in networks of size n = 500

H has at any time about 4 non-operational sensors, each disconnected for about 11

hours. In scenario A, CLL achieves immortality for networks of size n ≤ 400 where

H is near-immortal; with n = 500, CLL is almost 2 times better than H in non-

operational size and disconnection time. In scenario B, for n = 400 both strategies

become near-immortal but CLL is at least 7 times better in terms of operational size

(0.46 non-operational sensor versus 3.39); for n = 500 CLL is almost twice as good as

H .
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Scenarios

Homogeneous ScenarioA ScenarioBStrategy n
CLL 500 0.0 4.36 8.72
H 500 4.47 8.92 14.79

CLL 400 0.0 0.0 0.46
H 400 0.0 0.45 3.39

Table 6.12: Average non-operational size of worst case settings with ∆ = 5W .

Scenarios

Homogeneous ScenarioA ScenarioBStrategy n
CLL 500 0.0 9.46 14.88
H 500 11.91 17.52 31.02

CLL 400 0.0 0.0 0.87
H 400 0.0 2.23 9.19

Table 6.13: Average disconnection time of worst case settings with ∆ = 5W .

In the case of ∆ = 3.4W , the impact of the variable settings on the efficiency of the

strategies as well as the difference between the performance of CLL and that of H are

particularly evident when observing the disconnection time. In particular, we observe

the following:

• In all settings, CLL always outperforms H . See Figures 6.13, 6.14, 6.15, which

show the disconnection time of the three settings (Homogeneous, Scenario A and

Scenario B) under the four combinations of Emax and v for both CLL and H

for n = 300, n = 400 and n = 500 respectively.

• From all the experiments, it is evident that both the sensors’ battery-capacity

Emax and the MC speed v influence the performance of both strategies. Clearly,

the combination of Emax = 10.8KJ and v = 5m/s is the most advantageous,

while the combination of Emax = 15.98KJ and v = 2m/s is the worst. On
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(a) Emax = 10.8KJ, v = 2m/s. (b) Emax = 10.8KJ, v = 5m/s.

(c) Emax = 15.98KJ, v = 2m/s. (d) Emax = 15.98KJ, v = 5m/s.

Figure 6.13: Average disconnection time for various settings and scenarios for n=300
with ∆ = 3.4W .

the other hand, all the results for all network sizes show that the combination

of Emax = 15.98KJ and v = 5m/s leads to better performance than the com-

bination of Emax = 10.8KJ and v = 2m/s (see Figures 6.13, 6.14, and 6.15).

This indicates that, with the considered values of the various parameters, the

MC speed has a stronger impact on both operational size and disconnection time

than the sensors’ battery-capacity; this is particularly evident when observing

the disconnection time.

• As we already observed, CLL always outperforms H . Interestingly, the differ-

ence in the disconnection time between CLL and H grows when moving from

the Homogeneous setting to Scenario A to Scenario B, indicating a higher adapt-

ability of CLL to changes in the sensors’ consumption rate (see Figure 6.16).

This occurs in all four combinations of Emax and v.

The last observation hints at the adaptiveness of CLL to changes in the sensors’
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(a) Emax = 10.8KJ, v = 2m/s. (b) Emax = 10.8KJ, v = 5m/s.

(c) Emax = 15.98KJ, v = 2m/s. (d) Emax = 15.98KJ, v = 5m/s.

Figure 6.14: Average disconnection time for various settings and scenarios for n=400
with ∆ = 3.4W .

consumption, further considered in the next chapter.
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(a) Emax = 10.8KJ, v = 2m/s. (b) Emax = 10.8KJ, v = 5m/s.

(c) Emax = 15.98KJ, v = 2m/s. (d) Emax = 15.98KJ, v = 5m/s.

Figure 6.15: Average disconnection time for various settings and scenarios for n=500
with ∆ = 3.4W .

Figure 6.16: Numerical difference between disconnection time of H and CLL in the 3
scenarios, with ∆ = 3.4W , and n = 400.



Chapter 7

Adaptiveness of Continuous Local

Learning Strategy

7.1 Introduction

Although the WRSN that we considered is composed of static nodes (i.e., they do

not move), a network is typically dynamic in other ways with many changes expected

to occur during its operations. Indeed, the amount of transmission and reception

operations performed by a node (and thus its battery consumption) may change in time

(possibly in dramatic ways), depending on the changes in the monitored environment.

In particular, sudden changes in data rate (spikes ) may severely impact the nodes, in

terms of energy consumption, and thus network performance. Thus, it is important

for the recharging strategy to adapt to these changes, modifying its behaviour in an

automatic and seamless way; ideally, its overall effectiveness should persist, except

possibly for a very limited amount of time.

In this chapter, we study the effectiveness of the Continuous Local Learning Strat-

egy, under the system settings of Chapter 4, in presence of sudden changes in data

96
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Figure 7.1: Illustration of spikes characteristics.

rate, called spikes.

Spikes have four characteristics: Spread, Intensity, Duration, and Occurrence. We

define below each one of these terms.

• Spike Spread (S): refers to the percentage of the number of sensors (out of n)

that are affected by the spikes. For example, in Figure 7.1, the spikes spread is

50% (3 out of 6 sensors are affected by spikes).

• Spike Occurrence (O) : refers to the number of spikes experienced by the

affected sensor. For example, in Figure 7.1, O = 5 (each affected sensor is

affected by five spikes).

• Spike Duration (D) : refers to the duration of each spike. In the illustration

figure and in the rest of the chapter, each spike lasts for one day.

• Spike Intensity (I) : In previous chapters, we used data rates generated using

a Poisson distribution range of [1− 5]kbps. In this chapter, we will use the same

rate λ ∈ [1 − 5] kbps for normal sensors and a multiple of λ for the spikes.
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The spike intensity refers to the multiplicative factor of the spike data rate in

comparison with the normal data rate.

The effectiveness and adaptiveness of CLL in presence of spikes under the above

spike parameters is examined in the next section; the experimental results indicate that

CLL is capable of adapting and coping with the sudden presence of spikes with little

impact on operational size and disconnection time.

We also examine, in Section 7.3, the different impact the presence of spikes has on

CLL with respect to that it has on the static recharging strategy H , examined in the

previous Chapter. The experimental results indicate that CLL outperforms H also in

presence of spikes.

7.2 Experimental Analysis

In this section we discuss the effectiveness and adaptiveness of CLL to the presence

of spikes under various spike parameters.

We first study the effectiveness of CLL when varying Spread and Occurrence while

fixing the Intensity of the spikes to the worst case. We then observe the performances

when considering the worst case condition for the Occurrence parameter while varying

Spread and Intensity.

7.2.1 Simulation Environment

In the experimental analysis, we used the system parameters employed in Chapter 4,

and summarized in Table 7.1.

To study the performance of the spikes, and in particular the impact of each pa-

rameter of the spikes, we consider a range of spike parameters. Specifically, we consider
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Parameter Default setting

n 100, 200, 300,400, 500

Emax 10.8 KJ

v 5m/s

∆ 3.4 W , 5 W

λ [1-5]kbps

Table 7.1: Simulation parameters.

Parameter Values

Duration 1 Day

Occurrence O 3, 5

Intensity I 1.5, 2, 3

Spread S 10%, 20%, 30%, 50%

Table 7.2: Spikes settings

that an intensity I of the spikes 1.5, 2, and 3 times the default data rate. Another

important variable is the occurrence of the spike O, and we consider the cases of 3 and

5 occurrences. The sensors affected by spikes are randomly chosen with a spread S

being a ratio of the network size that varies from 10% to 50%. Finally, every time a

spike occurs, we assume it lasts for 24 hours, which is the spike duration D. All the

considered values of the spike parameters are shown in Table 7.2.

In the following, when we refer to the default setting, we mean the setting where

no spikes are present (i.e., I = 1 O = 0, S = 0%).
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7.2.2 Varying O and S

In this subsection, we present and discuss the results on the impact of the spike occur-

rence, O, under various spikes spreads, fixing the intensity to I = 3.

7.2.2.1 Recharging rate ∆ = 5W

Investigating the influence of the spikes occurrence in the case of ∆ = 5W , we observe

that networks of size n ≤ 400 maintain their immortal status regardless of the choice of

the other parameters. In networks of size n = 500, CLL achieves immortality in most

of settings, and near-immortality in the others. In particular, CLL is near-immortal

with 4.49 non-operational sensors when O = 3, and with 4.87 non-operational sensors

when O = 5 (see Figure 7.2). In this case, the disconnection time increases from 7.23

hours with O = 3 to 7.88 hours with O = 5 (see Figure 7.3).

Figure 7.2: Average non-operational size with ∆ = 5W .
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Figure 7.3: Average disconnection time with ∆ = 5W and I = 3.

7.2.2.2 Recharging rate ∆ = 3.4W : Operational Size

The experimental results, shown in Figure 7.4(a-d), indicate that small networks of

size n ≤ 200 continue to achieve immortality in all settings. For n = 300, the network

achieves immortality in most of the settings, and is near-immortal in the others, where

the impact of O and S is negligible. For n = 400, the number of additional sensors that

become non-operational in presence of spikes is very small and never reaches 0.5% of

the network size. For n = 500, it grows slightly, but the difference remains very small

reaching 0.76% of the network size in the most unfavorable condition of 50% spread.

Observe that the difference between the results of the default setting and O = 3,

as well as those between O = 3 and O = 5 increases when the spread ratio increases,

which is expected due to the larger portion of the network impacted by the spikes.

The increase is however always slight. For example, if we focus on the worst scenario

of S = 50% (Figure 7.4(d)), we observe that the number of non-operational sensors

increases from 22.14 sensors in the case of the default setting to 25.62 sensors for

O = 3 and reaches 25.93 sensors for O = 5, with only 3.79 extra sensors becoming non-
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(a) S=10%. (b) S=20%.

(c) S=30%. (d) S=50%.

Figure 7.4: Impact of spike occurrence (O) on operational size

operational when the default setting is compared to the worst setting, which constitutes

about 0.76% of the network size.

Also focusing on the increase of non-operational size with the increase of spread

(under the most unfavorable conditions for O and I), we observe a very small growth

for all network sizes (see Figure 7.5).

We can conclude that CLL continues to keep the number of non-operational sensors

below 5.2% of the network size even in the most undesirable setting (O = 5, S =

50%, I = 3, n = 500), which constitutes only a (0.76 % of network size) increase from

the results observed in the absence of spikes.

7.2.2.3 Recharging rate ∆ = 3.4W : Disconnection Time

We now discuss the impact of O on the disconnection time of the network under various

spike spreads and network sizes (see Figure 7.6(a-d)).
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Figure 7.5: Impact of Spike spreads on the operational size with I = 3, O = 5.

(a) S=10%. (b) S=20%.

(c) S=30%. (d) S=50%.

Figure 7.6: Impact of spike occurrence (O) on disconnection time.

As already mentioned, network sizes of n ≤ 200 remain immortal and those of size

n = 300 stay immortal or near-immortal also under the least favorable circumstances.
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Not surprisingly, the impact of O grows with the increase in spread. For example,

consider the largest network size of n = 500 and the worst case of O = 5; in this case,

the disconnection time with the default setting is 23.65 hours, and it grows by roughly

0.5 hour for each 10% increase in spread, finally reaching an increase of 3.23 hours in

the least favorable circumstance (n = 500, S = 50%, I = 3).

The disconnection time clearly grows also with the network size, the largest differ-

ence being the one between the default setting and O = 3. With the maximum spread

of 50%, for example, the disconnection time for n = 500 goes from 23.65 hours in the

default case, to 26.58 hours for O = 3 and to 27.18 for O = 5. A smaller increase is

observed in the case of n = 400, when the disconnection time goes from 7.46 hours to

9.85 hours and then to 10.15 hours. A much smaller increase can be observed for the

network size of n = 300 (only 4 min between O = 3 and O = 5).

Figure 7.7: Impact of spike spreads on the disconnection time with I = 3 and O = 5.

The disconnection time increases only slightly also with the increase of the spread,

under the most unfavorable conditions for O and I (see Figure 7.5).

Summarizing, we observe that the spike occurrence and their spread cause only

slight increases also on disconnection time, showing that CLL adapts well to their
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presence.

7.2.3 Varying I and S

In this subsection, we present and discuss the results on the impact of the spike inten-

sity, I, under various spikes spreads, fixing the occurrence to O = 5.

7.2.3.1 Recharging rate ∆ = 5W

We observe that CLL achieves near-immortality even under the most unfavourable

setting (S = 50%, O = 5, n = 500). In this setting, CLL increased from null in the

default setting to 3.81 non-operational sensors with I = 1.5, the difference between

I = 1.5 and I = 2, as well as the one between I = 2 and I = 3 are very small (0.43,

and 0.63 sensors, respectively) (see Figure 7.8).

Figure 7.8: Average non-operational size with ∆ = 5W .

Also the disconnection time is affected very slightly; in fact, under the most un-

favourable setting (S = 50%, O = 5, n = 500), it increased from null in the default
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setting to 6.19 hours with I = 1.5, the difference in disconnection time between I = 1.5

and I = 2 is about 0.57 hour and about 1.12 hours between I = 2 and I = 3 (see Figure

7.9).

Figure 7.9: Average disconnection time with ∆ = 5W .

7.2.3.2 Recharging rate ∆ = 3.4W : Operational Size

Networks of size n ≤ 200 continue to achieve immortality (see Figure 7.10), and those

of size n = 300 are immortal or near-immortal. For larger networks, we observed slight

changes in the operational size, which are larger than what we observed when varying

O, but the changes are still very small, indicating the good adaptability of the strategy

to spike intensity.

Investigating the results (shown in Figures 7.10(a-d)), we observed that for the

worst possible setting (S = 50%, O = 5, n = 500), the number of non-operational

sensors increased from 22.14 in the absence of spikes to 24.46 with I = 1.5, 24.95 with

I = 2, reaching about 25.93 sensors with I = 3. Each increase in intensity corresponds

to a slight increase in non-operational size: An increase from I = 1.5 to I = 2 affects



CHAPTER 7 . Adaptiveness of Continuous Local Learning Strategy 107

0.1% of the network size (0.49 sensors), and from I = 2 to I = 3 affects 0.2% of the

network size (0.98 sensors).

The impact of larger intensities is even smaller with n = 400, where the number

of non-operational sensors in the default setting is 4.71, grows to 5.31 with I = 1.5,

to 5.82 with I = 2 and to 6.65 with I = 3; overall, an increase of 1.94 sensors from

the default to the worst intensity is observed here, which corresponds to 0.49 % of the

network size. When considering a smaller network size of n = 300, the impact of the

growing intensity becomes negligible (the network stays immortal or near-immortal).

(a) S=10%. (b) S=20%.

(c) S=30%. (d) S=50%.

Figure 7.10: Impact of spike intensity I on operational size.

Summarizing, we observe that the spike intensity and their spread cause only slight

increases on the operational size, showing that CLL adapts well to their presence for

all I and S.
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7.2.3.3 Recharging rate ∆ = 3.4W : Disconnection Time

We now focus on the impact of the spike intensity on disconnection time (see Figure

7.11). We discuss these results in particular under the worst settings (S = 50%, O = 5).

(a) S=10%. (b) S=20%.

(c) S=30%. (d) S=50%.

Figure 7.11: Impact of spike intensity I on disconnection time.

Observing the results shown in Figure 7.11 with n = 500, we noticed that the

disconnection time for I = 2 increases by 0.43 hour from I = 1.5 (i.e., 25.22 hours

versus 25.65 hours); also, it increases by about 1.5 hour from I = 2 to I = 3 (i.e.,

25.65 hours versus 27.18 hours). With n = 400, the disconnection time for I = 3

increases by 1.39 hours, from I = 1.5, and for the same network, it increases by 1.1

hours from I = 2 to I = 3 (9.05 hours versus 10.15 hours). Finally, with n = 300,

the disconnection time increases almost negligibly, and for all choices of I, the network

remains near-immortal.

Summarizing, the spike intensity and their spread cause only slight increases also
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on disconnection time, showing that CLL adapts well to their presence for all I and

S.

7.2.4 Concluding Remarks

In this section, we studied the impact of various spikes parameters on operational size

and disconnection time; summarizing our results, we reach the following conclusions:

• All spike parameters increase the non-operational size and the disconnection time

of the system, by varying ratios. The difference between the result in the absence

of spikes (default setting) and those in the worst setting (I = 3, O = 5, S = 50%,

and n = 500) is 3.79 sensors, which represent only 0.76% of the network size.

Moreover, the difference in disconnection time between the default setting and

the worst setting is about 3.53 hours (i.e., less than 2.06% of TEmax).

• In general, CLL continues to achieve immortality for small networks (n ≤ 200);

no sensor ever becomes non-operational. Moreover, CLL achieves immortality or

near-immortality for n = 300 in all cases (the number of non-operational sensors

is at most 0.11% of the network size and the average disconnection time is always

less than 0.34% of TEmax).

• For all networks, the operational size decreases by at most 0.76% of the net-

work size in comparison to the setting without spikes, while disconnection time

increases by at most 2.06% of TEmax .

Summarizing, the experimental results indicate that the CLL strategy is capable of

adapting and coping with the sudden presence of spikes with little impact on opera-

tional size and disconnection time.
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7.3 Impact of Spikes: CLL vs H

In this section, we compare the impact of the spikes on CLL and H . Experimental

results show that, while both strategies continue to achieve immortality for small net-

works (n ≤ 200), CLL outperforms H under all spikes settings for large networks

(n ≥ 300).

The analysis has been done using the default setting of the previous section (and

of Chapter 4), under the worst condition of recharging rate ∆ = 3.4W .

7.3.1 Impact of Intensity

We first analyze the performance of both strategies fixing the intensity of the spikes

under the worst conditions of the other parameters (O = 5, S = 50%). See Figures

7.12 and 7.13.

We observe that the operational size decreases and the disconnection time increases

with both strategies by increasing the network size and the spike intensity. Moreover,

for all values of I and n, CLL outperforms H and, for each network size, the higher

I the more significant is the advantage of CLL over H .

More precisely, for n = 300 CLL is up to 8 times better in terms of non-operational

size (0.34 sensors vs. 2.68 when I = 3) and about 9 times in terms of disconnection

time (35 min vs. 5.58 hours when I = 3). Looking at n = 400 CLL is up to 1.54

times better in terms of non-operational size (6.65 sensors vs. 10.26 when I = 3) and

up to 2.8 times better than H in terms of disconnection time (10.15 hours versus 28.86

when I = 3). Finally, for n = 500, CLL is up to 1.25 times better than H in terms of

non-operational size and 1.7 times in terms of disconnection time (25.93 versus 32.38

sensors are non operational, and they stay disconnected for an average of 27.18 hours

versus 46.52 when I = 3).
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(a) n=300. (b) n=400. (c) n=500.

Figure 7.12: Impact of spike intensity (I) on operational size with O = 5, S = 50%
and ∆ = 3.4W

(a) n=300. (b) n=400. (c) n=500.

Figure 7.13: Impact of spike intensity (I) disconnection time with O = 5, S = 50%
and ∆ = 3.4W

With lower intensities the impact is a bit lower; for instance, CLL in a network

of n = 500 sensors with I = 2 outperforms H by 1.21 times in contrast to 1.25 times

with I = 3, and for I = 1.5 CLL is better than H by 1.18 times. For n = 400 CLL

is better than H by 1.51 times with I = 2 and 1.54 times with I = 3. In other words,

increasing the intensity of the spikes, the discrepancy between the two strategies grows.
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7.3.2 Impact of Occurrence

We now turn to study the impact of spike occurrence on both strategies, varying I and

fixing S = 50% and O = 5. Again, CLL continues to outperform H under various

spike occurrences.

Looking at the non-operational size of both strategies with n = 300, we observe

that CLL outperforms H by about 8 times with O = 3 (0.24 versus 1.98 sensor), and

by 7.9 times with O = 5. For n = 400 with O = 3, CLL is better than H by 1.47

times, while with O = 5 CLL outperforms H by 1.54 times (6.65 versus 10.26 sensors).

For networks of size n = 500 with O = 3, the non-operational size with CLL is

25.62 sensors and with H is about 31.45 sensors (i.e., CLL is 1.23 better), with O = 5

CLL has about 25.93 non-operational sensors, which is 1.25 better than H (32.38

sensors).

(a) n=300. (b) n=400. (c) n=500.

Figure 7.14: Impact of spike Occurrence (O) on operational size with I = 3, S = 50%
and ∆ = 3.4W .

Also in this case, disconnection time makes more evident the advantage of CLL

over H (see Figure 7.15). With O = 3, for example, CLL is 10 times (resp., 2.76, and

1.66 times) better than H with n = 300 (resp., n = 400, and n = 500). In particular,
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(a) n=300. (b) n=400. (c) n=500.

Figure 7.15: Impact of spike Occurrence (O) on disconnection time with I = 3, S =
50% and ∆ = 3.4W .

for the highest O = 5, CLL outperforms H by 10 times, (resp., 2.84, and 1.71 times)

with n = 300 (resp., n = 400 and n = 500).

7.3.3 Impact of Spread

In this section, we studied the impact of the spikes’ spread S on the operational size

and disconnection time for CLL and H . We studied this parameter while we fixing

the I = 3 and O = 5.

Smaller networks of size n ≤ 200 continue to achieve immortality for both strategies.

For networks of all sizes CLL outperforms H in all settings (see Figures 7.16-7.17).

For n = 300, CLL is immortal up to spread S = 30%. For S = 50% CLL

has only 0.34 non-operational sensors while H has 2.6 non-operational sensors, and its

disconnection time is 10 times better than the one of H . For n = 400, CLL is up to

1.5 better than H (when the spread is maximum) in terms of operational size, and it

is almost 3 times better than H under all values of S in terms of disconnection time.

Finally, for n = 500, CLL is up to 1.25 times better than H (in correspondence of



CHAPTER 7 . Adaptiveness of Continuous Local Learning Strategy 114

(a) n=300. (b) n=400. (c) n=500.

Figure 7.16: Impact of spike spread on operational size with I = 3, O = 5 and
∆ = 3.4W .

S = 50%) when its average disconnection time is about half the one of H .

(a) n=300. (b) n=400. (c) n=500.

Figure 7.17: Impact of spike Spread on disconnection time with I = 3, O = 5 and
∆ = 3.4W

7.3.4 Concluding Remarks

We observed that CLL continue to outperform H under all spike settings which reflects

its adaptiveness. Increasing the values of the spike parameters both non-operational
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size and disconnection time increase; however, the increase with CLL is always signif-

icantly less than that with H .

Both strategies achieve immortality for small networks of size n ≤ 200. With

networks of size n = 300, CLL achieves immortality for spreads up to 30% and near-

immortality for S = 50% with 0.34 non-operational sensors that disconnected for about

34 min, while H achieves near-immortality for all spread values. For n=400, CLL

achieves near-immortality for spread up to 20%, while for larger spreads the operational

size is 98.3% and the non-operational sensors disconnected for less than 6% of TEmax .

While H is outperformed in operational size by at least 1.34 times and disconnected

for 16.8% of TEmax . For n = 500, CLL outperforms H by at least 1.23 times in

operational size and 1.59 times in disconnection time.

Moreover, increasing the intensity, the occurrence and the spread of the spikes, the

difference between CLL and H in terms of non-operational size and disconnection

time increases.

Furthermore, the operational size with CLL under the worse setting never goes

below 94.8% of network size and the disconnection time never exceeds 16% of TEmax .

On the other hand, the operational size with H is about 93.4% and more importantly,

the disconnection time is about 27% of TEmax .



Chapter 8

Conclusions and Future Directions

8.1 Conclusions

In this thesis, we have shown that it is possible to devise a highly effective local strat-

egy (e.g., leading to immortality) without the large communication overhead incurred

by global protocols, thus making scalability possible. In the proposed online strategy,

CLL , the mobile charger decides the charging schedule on-line, communicates locally

only with the node it is servicing, constantly adjust its estimates and updates its sched-

ule while charging sensors in need. CLL is distributed, simple, uses small memory,

and performs simple computation; at the same time, it is highly effective in maintain-

ing the network perpetually operating, and achieves immortality or near-immortality

under a large number of settings.

Furthermore, we have also shown that with CLL it is possible to improve upon the

effectiveness of static strategies while keeping the advantages they offer. Remarkably,

CLL outperforms the static strategies in terms of both operating size and disconnec-

tion time while still sharing the same advantages of simplicity and low communication

and computations.

116
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CLL shows high flexibility to changes in the system parameters. The success of

the method is due to the ability of the mobile charger to “locally learn" the global

distribution of battery discharges, which reflects the applicability of a such simple

distributed strategy on a wide range of application parameters: number of sensors,

sensors’ battery-capacity, and mobile charger characteristics (speed, charging time,

etc). The results also reveal the effectiveness and adaptiveness of CLL to cope with

sudden changes in data rates that influence a set of sensors in the system.

8.2 Future Directions

The results of this thesis can be extended in many ways, including the following direc-

tions.

• Multi-Distribution: In the thesis, we studied various scenarios and settings, and

for all of them, we had the sensors follow a Poisson distribution to generate their

data rate. Thus, an open research direction is to extend the results of Chapters 6

and 7 considering different distributions and studying the influence of spikes on

the performance of the system under such scenarios.

• Lifting of Assumptions: Like in most theoretical studies, the investigations car-

ried out in this thesis have been done under several simplifying assumptions. For

example, like in most literature, we did not consider the presence of obstacles in

the network area, we assumed that the speed of the MC is constant, and we as-

sumed that sensing and processing costs are negligible. Lifting these assumptions

(e.g., studying the performance of the proposed strategy in presence of obstacles,

testing the acceleration of the MC, considering sensing and processing costs) is a

clear important direction for future research.

• Multiple Chargers: In the case of extremely large networks, to maintain the

operational size at a desirable level, it is necessary to employ multiple chargers
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(e.g., [98,115–119]). The quest for effective on-line recharging strategies for such

a case opens promising future research directions, requiring the consideration

of additional important factors, especially the coordination between the mobile

chargers and the variety of related concerns (e.g., dividing the network area into

clusters, fixed and non-fixed borders of the sub-areas, etc.)

• Charging multiple sensors: In this thesis, we analysed our solution assuming that

the MC would only charge one node at a time. In reality, wireless charging occurs

to all nodes within the proximity of the mobile charger at different rates. In other

words, while the MC stands at minimal distance from a node, it might be close

enough to other nodes that they can receive energy, albeit at lower recharging

efficiency [105, 108–111]. Thus, an important extension of our work would be to

take this factor explicitly into account; this would clearly produce a more accurate

measure of the effectiveness of our strategy, showing that its performance is even

better than that indicated in this thesis.

• Self-charging mobile charger: In the thesis, we made the realistic assumption

that the capacity of the battery of the mobile charger is limited; thus, in order to

fulfill its mission, the MC needs occasionally to travel back to the Service Station

for battery replacement or recharging. A future research direction is to consider

providing the MC with energy harvesting capability so to drastically reduce the

time spent travelling to the service station (and being serviced there), or even to

become totally self-sufficient. Since the first steps for the development of such a

technology are being taken (e.g., [133–135]), it is important to start investigating

how such a capability would further benefit effective strategies like CLL .

• Data Collection, Aggregation and Relaying: Observe that the mobile charger

spends a significant amount of time near the sensor it is recharging, and that

sending data over short distances consumes less energy than long distance com-

munication. This means that, should the mobile charger have stronger equipment

(i.e., larger memory, longer communication range, etc.) that we required, the MC
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could collect and relay data burst from nearby sensors to the BS, reducing in this

way the overall communication overhead and the data loss (e.g., [42,44,136,137].

Studying this issue in the context of the proposed distributed solution is an open

direction, which promises to effectively increase the performance of the system.
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