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ABSTRACT Network lifetime (NL) maximization techniques have attracted a lot of research attention
owing to their importance for extending the duration of the operations in the battery-constrained wireless
sensor networks (WSNs). In this paper, we consider a two-stage NL maximization technique conceived
for a fully-connected WSN, where the NL is strictly dependent on the source node’s (SN) battery level,
since we can transmit information generated at the SN to the destination node (DN) via alternative routes,
each having a specific route lifetime (RL) value. During the first stage, the RL of the alternative routes
spanning from the SN to the DN is evaluated, where the RL is defined as the earliest time, at which a sensor
node lying in the route fully drains its battery charge. The second stage involves the summation of these
RL values, until the SN’s battery is fully depleted, which constitutes the lifetime of the WSN considered.
Each alternative route is evaluated using cross-layer optimization of the power allocation, scheduling and
routing operations for the sake ofNLmaximization for a predetermined per-link target signal-to-interference-
plus-noise ratio values. Therefore, we propose the optimal but excessive-complexity algorithm, namely, the
exhaustive search algorithm (ESA) and a near-optimal single objective genetic algorithm (SOGA) exhibiting
a reduced complexity in a fully connectedWSN.We demonstrate that in a high-complexityWSN, the SOGA
is capable of approaching the ESA’s NL within a tiny margin of 3.02% at a 2.56 times reduced complexity.
We also show that our NL maximization approach is powerful in terms of prolonging the NL while striking
a tradeoff between the NL and the quality of service requirements.
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NOMENCLATURE19

AQ:1

AQ:2

AWGN Additive White Gaussian Noise
BER Bit Error Rate
BPSK Binary Phase-Shift Keying
BTS Binary Tournament Selection
CC Convolutional Code
CFEs Cost Function Evaluations
DN Destination Node
E2EB End-to-End BER
ED Energy Dissipation
ESA Exhaustive Search Algorithm
IoT Internet of Things
LNOH Least Number of Hops
LRBAT Largest Remaining SN Battery
LTED Least Total Energy Dissipation
LUT Look-Up Table
MCSs Modulation and Coding Schemes
NL Network Lifetime20

QoS Quality of Service
QPSK Quadrature Phase Shift Keying
RANR Random Route Selection
RBAT Remaining Battery
RL Route Lifetime
RSSs Route Selection Schemes
SINR Signal-to-Interference-plus-Noise Ratio
SN Source Node
SOGA Single Objective Genetic Algorithm
SPTS Spatially Periodic Time Sharing
TDMA Time-Division Multiple Access
TS Time Slot
WSNs Wireless Sensor Networks 21

I. INTRODUCTION 22

A wireless sensor network (WSN) is composed of spatially- 23

distributed autonomous devices communicating in a wireless 24

fashion and utilizing sensors in order to gather information 25
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or to detect certain events of significance in the physical26

and environmental conditions. These sensor devices are27

capable of simultaneously sensing, processing and com-28

municating, which offers a vast number of compelling29

applications [1]–[5], such as environmental monitoring,30

military battlefield observations, logistic management, health31

monitoring, industrial control and smart world applications.32

These applications have been designed for accomplishing33

a specific objective or a desired task. Therefore, there are34

several design criteria that necessitate careful consideration,35

as part of the WSN deployment depending on the application36

requirements and on the objectives to be achieved [1]–[3], [5].37

For example, the channel characteristics [6]–[8], network38

topology [9]–[12], resource limits, interference manage-39

ment [13]–[15], bit error ratio (BER) and other quality of40

service (QoS) requirements [15] play a significant role in41

determining the duration of the network’s adequate operation,42

which is termed as the network lifetime (NL). The lifetime of43

a WSN represents the total amount of time, over which the44

network remains operational and hence supports the applica-45

tion considered [14], [15]. Therefore, the network’s lifetime46

is one of the most important design factors in WSNs, since47

all the design objectives can only be met, if the network is48

operational. Explicitly, in this treatise we specifically focused49

our attention on the network lifetime (NL) as our main design50

objective and characterized the trade-off between the NL and51

the BER, with the BER being our salient QoS requirement.52

Furthermore, we considered the effect of different network53

sizes in the context of a specific network topology in order54

to illustrate the implementational complexity of a battery-55

constrained interference-limited WSN deployment.56

TheNL is a crucial metric of enabling the network designer57

to make informed decisions for the sake of maintaining the58

desired network performance andQoS inWSNs. TheNL usu-59

ally relies on the limited battery capacity of the sensor nodes60

within the WSN. Moreover, in realistic applications, such as61

for example in case of sensors embedded into the glaciers62

for measuring the climate changes, replenishing the battery63

energy of the sensors and/or replacing the sensors is usually64

impractical and/or costly. Therefore, the NL is constrained65

by the battery of the individual sensors in the WSN [1], [2].66

Hence, in [14] we proposed an adaptive scheme for striking67

a compelling trade-off between the attainable transmit rate68

and the power dissipated. In [15], we examined a fixed-69

rate system considering the impact of various physical layer70

parameters on the NL, including the signal processing power71

dissipated by each sensor. In such scenarios, only the source72

node (SN) was allowed to generate information, while the73

rest of the nodes acted as relays aligned in a string-topology74

for conveying the source data to the sink node, which is also75

referred to as the destination node (DN). Therefore, the data76

can only reach the sink node by guaranteeing the connectivity77

between the SN and the DN in order to maintain a longer NL.78

In this paper we consider routing optimization79

algorithms conceived for maximizing the NL. We invoke80

a high-complexity exhaustive search algorithm (ESA) for81

TABLE 1. List of symbols.

quantifying the upper bound on the NL achieved by a 82

reduced-complexity genetic routing algorithm operated in an 83

interference limited WSN. Moreover, since in [14] and [15] a

AQ:3

84

string-topology was considered, here we extend our network 85

topology to a WSN having random uniformly distributed 86

nodes that are fully connected, as described in [16] and [17], 87

so that the routing behavior of the algorithms can be inves- 88

tigated. In the literature, there is a paucity of contributions 89

on NL maximization relying on low-complexity routing opti- 90

mization in interference limited WSNs, when maintaining 91
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a target QoS for each transmission link and having sensors92

that are random uniformly distributed. For example, the93

authors of [13] considered the joint optimal design of the94

transmit rate and power, while in [18] scheduling and rout-95

ing was combined for the sake of maximizing the NL96

in an interference-limited WSN communicating over an97

additive white Gaussian noise (AWGN) channel. Similarly,98

Long et al. [19] proposed a data gathering scheme that accom-99

plishes several network performance metrics, including the100

NL maximization and the end-to-end reliability, while guar-101

anteeing the desired QoS. In [20] the aim of the authors was to102

minimize the ED, which is not the same objective as themaxi-103

mization of the NL, as discussed in [21]. However, [13], [18]104

simply considered a rhombus network topology1 for illus-105

trating the routing behavior of their proposed algorithm.106

Similarly, the authors of [20] also considered a simplified net-107

work topology, where a low-complexity distributed algorithm108

was developed for minimizing the ED. In [14], we formulated109

the NL maximization problem as a non-linear optimization110

problem encompassing the routing, scheduling, as well as111

the transmission rate and power allocation operations for112

transmission over both AWGN and Rayleigh block fading113

channels using the Lagrangian form and the Karush-Kuhn-114

Tucker (KKT) optimality conditions. However, in [14] we115

only considered a string topology, where the impact of the116

routing on the NL cannot be observed. Similarly, in [15] we117

optimized the NL of a string topology given the lower bound118

signal-to-interference-plus-noise ratio (SINR) values per link119

by analyzing the impact of the physical layer parameters120

along with the signal processing power dissipation on the NL,121

while operating both in AWGN and Rayleigh block-fading122

channels.123

The authors of [22] proposed a low-complexity near-124

optimal genetic algorithm for analyzing the joint link125

scheduling and routing strategies for the sake of maximiz-126

ing the traffic delivery from a SN to a specific DN within127

a given delay-deadline in the context of wireless mesh128

networks (WMNs). By contrast, in [23] a low-complexity129

genetic algorithm was advocated for jointly optimizing the130

channel assignment, power control and routing operations131

for the sake of throughput maximization in cognitive radio132

based WMNs. Even though both [22] and [23] proposed133

genetic algorithms for solving complex cross-layer opera-134

tion problems at a reduced complexity, neither the energy135

efficiency nor the NL were considered in the context of the136

low-complexity routing optimization of WSNs.137

The authors of [24] and [25] investigated beneficial uplink138

scheduling and transmit power control techniques for maxi-139

mizing the NL of battery driven machine to machine (M2M)140

devices deployed in long-term evolution (LTE) networks,141

where both an optimal solution as well as a low-142

complexity suboptimal solution were presented. To elaborate143

a little further, the suboptimal solution was capable of144

1A rhombus network topology is a diamond shaped network topology
retaining equal length for all four edges.

accomplishing a near-optimal NL performance at a 145

significantly reduced complexity than the optimal one. 146

In [26]–[28] the authors considered an optimal routing algo- 147

rithm as well as a reduced-complexity near-optimal routing 148

optimization algorithm designed for maximizing the NL, 149

while guaranteeing the end-to-end delivery-success proba- 150

bility of WSNs. However, they did not take the inter-node 151

interference into account. Similarly, the authors of [29] pre- 152

sented a utility-based nonlinear optimization problem formu- 153

lation for the sake of NL maximization and proposed a fully 154

distributed routing algorithm for solving the optimization 155

problem, which can of course only provide a near-optimal 156

solution compared to a centralized technique. Nonetheless, 157

the authors of [9] succeeded in conceiving a distributed 158

algorithm for maximizing the NL, which was capable of 159

approaching the performance of the optimal solution at a 160

lower computational complexity. But again, in [9] the impact 161

of the inter-node interference as well as that of the network 162

size was not considered. The authors of [30] proposed a 163

tree-cluster-based data-collection algorithm for WSNs in 164

conjunction with a mobile sink, where the traffic load of 165

the entire network was balanced, since the sink node was 166

able to move around the network for a certain period in 167

order to collect data and avoid the utilization of the same 168

hot-spots in order to prolong the NL. Similarly, in [31] the 169

authors advocated a low-complexity genetic algorithm for 170

achieving both an enhanced coverage and an improved NL 171

for multi-hop mobile WSNs, but their objective function was 172

to minimize the ED, which also improved the NL. However, 173

as discussed in [21], even though energy conservation is 174

beneficial in terms of extending the NL, it has subtle differ- 175

ences with respect to the NL maximization. This difference 176

is mainly due to the network topologies, which is strictly 177

dependent on the type of the applications considered. For 178

example, for the point to point communication of a single 179

source and a single destination, the NL is fully dependent 180

on the SN, assuming that the DN is plugged into the mains 181

power source. Hence, for this specific scenario, minimizing 182

the energy consumption only at the SN is adequate for max- 183

imizing the NL. However, in certain topologies minimizing 184

ED of each individual sensor node may not be sufficient for 185

maximizing the NL. Therefore, only minimizing the ED of 186

each node in the network may not be feasible for maximizing 187

the NL. However, the NL may be extended with the aid of 188

an energy minimization approach depending on the appli- 189

cations and the network topology considered. Furthermore, 190

Shi et al. in [35] proposed a low-complexity genetic algorithm 191

for jointly optimizing the power control, the scheduling 192

and the routing to maximize the end-to-end throughput in 193

cognitive radio networks. Moreover, Gu et al. [33] studied the 194

options for beneficial base station placement for extending 195

the NL based on a specific problem formulation, given the 196

flow routing and energy conservation constraints. Hence, the 197

authors of [33] developed a heuristic algorithm for solving 198

the NL maximization problem at a reduced complexity, but 199

at the cost of a small reduction in NL compared to the 200
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optimal NL solution. A multi-objective routing optimization201

approach was proposed in [34] for extending the lifetime of202

disaster response networks, where a low-complexity genetic203

algorithm was utilized for analyzing the trade-off between204

the ED and the packet delivery delay. Similarly, the authors205

of [36] formulated the maximum-NL routing challenge as206

a linear programming problem, where the optimal NL was207

obtained and compared to the near-optimal NL acquired by208

the proposed routing algorithm. However, the goal in [36]209

was to only find the specific flow that maximizes the NL210

relying on the flow conservation constraint. In [37], the211

authors considered a distributed ED balancing algorithm212

based on a game-theoretical approach for data gathering213

and routing in WSNs, where the inter-node interference was214

not taken into account. Our study shows some similarities215

with [22] and [35] in terms of the solution approaches216

applied to the problems considered, but our main objective217

is the NL maximization in WSNs, while the authors of [35]218

aimed for maximizing the end-to-end throughput of cognitive219

radio networks. By contrast, the authors of [22] focused220

their attention on the computational complexity of the traffic221

delivery maximization problem. However, compared to [35],222

our NL maximization algorithm is capable of achieving a223

longer NL. One interesting NL maximization technique was224

proposed by Long et al. in [38], where the authors aimed225

for preserving the source location privacy, which in return226

extended the NL by minimizing the energy consumption in227

hotspots. A cross-layer mathematical model was proposed228

in [39] for high data rate applications of WSNs that exceeds229

the capability of the low-power 802.15.4 radios, where the230

authors observed significant improvement in the NL by using231

twin-standard radios (802.15.4 and 802.11) compared to232

using only 802.15.4 radios. The major NL maximization233

techniques with reduced-complexity algorithm design are234

summarized in Table 2. The network model provided in the235

above contributions mostly considered simplified topologies236

of low-complexity networks. In this paper, we consider a237

WSN relying on randomly distributed and fully connected238

sensor nodes, which exponentially increases the computa-239

tional complexity required for the network design and opti-240

mization with the number of sensor nodes due to the fully241

connected nature of the WSN. Explicitly, a fully connected242

WSN is considered, where one sensor can communicate with243

any other sensor in the network. This paper considers a low-244

complexity algorithm designed for maximizing the NL, while245

guaranteeing a specific worst-case end-to-end BER (E2EB),246

which provides the BER upper bound of the interference247

limited WSN considered. We also characterize the trade-248

off between the proposed low-complexity algorithm and its249

optimal exhaustive search based benchmarker. Moreover, we250

compare the NL performance of the different WSN scenarios251

consisting of various numbers of sensors. Note that in the252

scenarios considered each transmission link has to satisfy a253

predefined target SINR, which determines the QoS of the254

WSN. For the sake of clarity, in the rest of the paper we255

consider the route lifetime (RL) as the lifetime of a single256

route spanning from a SN to a DN, which can be considered 257

as a string topology, whereas the NL is defined as the lifetime 258

of a WSN, consisting of many other routes. 259

This paper focuses on the cross-layer optimization of the 260

power allocation, scheduling and routing operations for the 261

sake of NL maximization for predetermined per-link target 262

SINR values. We propose an optimal algorithm, namely the 263

above-mentioned ESA at a high complexity for high num- 264

ber of nodes and a near-optimal single objective genetic 265

algorithm (SOGA) exhibiting a reduced complexity in fully 266

connectedWSNs. The contributions of this paper are summa- 267

rized as follows. 268

1) We propose an extended-NL algorithm capable of 269

exploiting alternative routes exhibiting the longest RL 270

for end-to-end transmission in a fully connected WSN, 271

where the aim is to carry the information generated 272

at the SN to the DN, until the SN’s battery becomes 273

completely depleted. More explicitly, the addition of 274

the maximum RL computed over the entire range of 275

alternative routes provides us with an extended NL, 276

since the NL is determined by the RL values, until the 277

SN’s battery becomes entirely depleted. Therefore, in 278

this paper the NL values are expected to be higher than 279

those in [14] and [15]. 280

2) We optimize the power, the scheduling and the rout- 281

ing for the sake of NL maximization, where we pro- 282

pose the above-mentioned ESA and SOGA algorithms 283

conceived for random network topologies relying on 284

fully connected nodes. Each SN-DN route is passed 285

to an optimization function, namely the so-called dual- 286

simplex function for finding the optimal RL for the cor- 287

responding route, where by definition the ESAfinds the 288

best route and its RL by searching through all the possi- 289

ble solutions provided by the given number of nodes in 290

the fully connectedWSN.On the other hand, the SOGA 291

finds the best solution, given a predetermined num- 292

ber of generations and GA individuals. We show that 293

the SOGA is capable of finding a near-optimal solu- 294

tion at a significantly reduced complexity compared to 295

ESA, specifically when the number of nodes is larger 296

than 7. 297

3) During the iterations of the ESA and SOGAalgorithms, 298

more than one maximum NL value may be returned. 299

Therefore, the selection of the best route is required, 300

where the selection process determines the best SN-DN 301

route for the end-to-end transmission. The selection 302

process also determines the battery drain of the sensors, 303

which has to be updated after each iteration for the 304

forthcoming RL computation relying on the residual 305

battery charges. Hence, we conceive beneficial route 306

selection schemes (RSSs) for finding the specific route 307

with the least total energy dissipation (LTED), the least 308

number of hops (LNOH), the largest remaining SN 309

battery (LRBAT) charge and the random route selec- 310

tion (RANR). For simplicity, we assume that each hop 311

introduces one unit of delay. 312
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TABLE 2. Milestones of NL maximization techniques with reduced-complexity algorithm design.
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4) We provide the E2EB as an upper bound on the313

BER of the interference-limited fully connected WSN314

using both uncoded binary phase-shift keying (BPSK),315

as well as 1/2-rate convolutional coded (CC) hard-316

decoded and soft-decoded quadrature phase shift key-317

ing (QPSK) modulation and coding schemes (MCSs)318

for the proposed RSSs. We will demonstrate that the319

1/2-rate CC soft-decoded QPSK MCS has a higher320

NL than the other MCSs in all scenarios of the321

ESA and SOGA.322

5) We also demonstrate that the RSS-LRBAT and323

RSS-LTED outperforms other RSSs in terms of their324

NL, since they are the most NL-aware RSSs. The E2EB325

of the RSS-LNOH exhibits a slightly better E2EB ver-326

sus SINR performance, which is due to its reduced bit327

error accumulation over the associated lower number328

of hops.329

6) Since we assume that the ED of any operation is neg-330

ligible, compared to the transmit power, introducing331

an additional sensor into the WSN extends the NL,332

since this creates more opportunities for relaying the333

information over alternative routes. We observe that334

the NL gain achieved by an additional sensor, when335

for example the 5th sensor enters the WSN having336

4 sensors, provides an approximately 5500 extra hours337

of NL, when the WSN operates at SINR = 10dB.338

7) For a network size given by V = 7 the computational339

complexity is similar for both the ESA and SOGA.340

However, for larger networks the complexity starts to341

increase exponentially for the ESA, while it is only 342

increased modestly for the SOGA at the cost of a small 343

NL-reduction compared to the optimal NL for WSNs 344

composed of V > 7 nodes. 345

8) The fully connected network model considered can 346

also be applied to any distributed network having more 347

nodes but less distinct routes. We opted for a fully 348

connected WSNs due to the exponentially increased 349

number of the distinct routes, which provides us with a 350

complex network yet tractable even for a low number 351

of nodes to characterize the capability of our SOGA. 352

Therefore, in our scenarios the performance analysis 353

of the SOGA and ESA is based on the total number 354

of distinct routes. 355

The rest of this paper is organized as follows. Our system 356

model is described in Section II, which is characterized by 357

its network topology, transmission scheme, physical layer, 358

BER and NL. We also provide an example of the interference 359

model and define the integration of the specificMCSs consid- 360

ered into our system model. Then, our problem formulation 361

and the ESA as well as SOGA are presented in Section III, 362

while our experimental results are provided in Section IV. 363

Finally, we summarize our findings in Section VI. 364

II. SYSTEM MODEL 365

We consider a fully connected stationary WSN, where the 366

sensors are randomly and uniformly distributed over the sen- 367

sor field, as illustrated in Fig. 1, which also portrays how the 368

sensor nodes may join the WSN. Once a pending sensor node 369

FIGURE 1. Distributed fully connected WSN illustrating the node admission and awaiting sensor nodes.
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becomes capable of initiating a communication session with370

a sensor node in the network, we assume that the pending371

sensor node can also communicate with any other sensor node372

in the WSN. Furthermore, we also assume that a sensor node373

stores the distance information (d1, d2, d3, . . .) with respect374

to any other node in theWSN and any changes in the distance375

information is relayed to the control center, which maintains376

all the global knowledge concerning the WSN considered at377

the DN. A communication link can be established between378

nodes i and j, when node i ∈ {1, . . . ,V }, (i 6= j) transmits at379

its optimum transmit power and node j ∈ {1, . . . ,V } receives380

a signal with a power higher than a predetermined threshold,381

where V denotes the number of nodes in the fully connected382

WSN. We consider a low threshold for guaranteeing that383

the WSN remains fully connected, as illustrated in Fig. 1,384

where each sensor is capable of communicating with any385

other sensor in the network. A fully connected WSN has386

an exponentially increased complexity upon increasing the387

number of nodes V . Again, our goal is to study the behavior388

of our algorithms in a high-complexity fully connected WSN389

composed of a large number of distinct non-looping routes.2390

Note that the SN and the destination node, which is termed391

as the DN in the rest of the paper, are located at the opposite392

corners for ensuring that the geographic distance between the393

SN and the DN is the longest. The rest of the (V−2) nodes are394

randomly distributed according to the uniform distribution.395

Additionally, we assume that only the SN generates informa-396

tion to be transmitted to its neighboring nodes with the aid of397

a multi hop relaying scheme through to the DN. Therefore,398

apart from the SN, all nodes in the network act as a relay,399

which carries information to the DN, as illustrated in Fig. 1.400

We note that the SN is also capable of directly transmitting401

to the DN, without the need of a relay node, due to the fully402

connected nature of the WSN.403

Since we assume that only the SN generates information404

and all the other sensor nodes share a single frequency band,405

carrying data to the DN requires careful consideration due406

to the interference. Considering a fully connected network,407

the SN may have numerous alternative routes for delivering408

the data to the DN. However, relying on the constrained409

lifetime of the sensors, choosing the best-lifetime route plays410

a significant role in keeping the network operational, whilst411

efficiently utilizing the limited resources of the WSN. Owing412

to the full connectivity of the WSN, the data generated at the413

SN can be transmitted until the SN fully drains its battery.414

We assume that as long as at least one SN-DN route exists in415

2The term ‘‘non-looping route’’ defines the route with the dissimilar
sensor nodes lying in, where one sensor node can only transmit once on the
same route, i.e. SN−1−2−3−DN is non-looping, but SN−1−2−3−1−DN
is looping, since node-1 repeats in the same route. The term ‘‘distinct route’’
indicates different routes having dissimilar sensor nodes in the same WSN.
For example, suppose we can only generate SN − 1 − 2 − 3 − DN and
SN−1−2−3−4−DN routes in the sameWSN. Then, SN−1−2−3−DN
and SN−1−2−3−4−DN are distinct routes, since the second route obtains
node-4, which the first route does not have. Therefore, the term ‘‘distinct non-
looping routes’’ indicates the routes with non-repeating or dissimilar sensor
nodes within the same route and this route differs from another route due to
its dissimilar sensor nodes within the same WSN.

FIGURE 2. A simple WSN having 4 sensor nodes, which exemplifies the
RL and NL computation.

the WSN and the battery of the SN is not fully drained, the 416

data transmission from the SN to the DN continues. This pro- 417

cess requires the addition of the computed RL values, until the 418

source battery is fully drained. In our system model, at most 419

one SN-DN route can be activated at a time for delivering 420

data to the DN, i.e. we consider a unicast network, and each 421

route is associated with a specific RL value calculated based 422

on the optimization problem to be described in Section III-A. 423

Hence, the maximum RL pair is selected for the transmission 424

of data to the DN. More explicitly, observe in Fig. 2 that 425

there are five distinct non-looping routes, namely Route-1, 426

Route-2, Route-3, Route-4 and Route-5. The term RL refers 427

to the lifetime of any route based on the minimum lifetime 428

of nodes forming part of that particular route, as illustrated 429

in Fig. 2. Additionally, the NL is calculated by the summation 430

of the longest RL values, until the SN’s battery is completely 431

drained. For example, we start computing the lifetime of all 432

the routes in the network and assuming that in the first itera- 433

tion we obtain Route-1=1000 hours (hrs), Route-2=2000hrs, 434

Route-3=3000hrs, Route-4=4000hrs, Route-5=5000hrs of 435

RL values for each of those specific routes. During this itera- 436

tion, Route-5 will be selected for the end-to-end transmission, 437

since it is the highest RL value computed and hence using 438

that particular route is beneficial for extending the duration 439

of the network’s operation. Since our NL model is strictly 440

constrained by the SN’s battery energy capacity, we have to 441

check the battery level of the SN after eachRL calculation and 442

sum up the longest RL values computed after each iteration. 443

Let us assume for a moment that after the first iteration we 444

still conserved some energy in the SN’s battery, therefore the 445

network is still capable of transmitting its information to the 446

DN via alternative routes, which do not rely on the specific 447

sensor node that ran out of battery. Hence, we compute the 448

lifetime of all routes in the current WSN by avoiding the 449

drained sensor node. Let us assume for example that node-1 450

was the one that completely drained its battery. Then, in 451

the second iteration we assume that we have the following 452

RL values: Route-1=2000hrs and Route-2=4000hrs, which 453

requires Route-2 to be utilized for the next end-to-end trans- 454

mission. At this stage, if there is no energy left in the SN’s 455

battery, then the NL is defined by the summation of the 456

RL values of Route-5 in the first iteration and of Route-2 457
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in the second iteration, which results in (5000 + 4000 =458

9000)hrs of NL.459

A. TRANSMISSION SCHEME460

Again, in a fully connected WSN there are numerous alterna-461

tive routes for the end-to-end transmission. However, select-462

ing the highest-NL route for end-to-end transmission is463

crucial. Therefore, lifetime of every possible SN-DN route464

is considered as the RL, which is defined as the time instant465

at which the first node lying on a given route fully drains466

its battery. The specific route having the best RL is selected467

for the final end-to-end transmission, as explained in Fig. 2468

of Section II. Moreover, the battery-information of the sen-469

sor nodes actually utilized for the end-to-end transmission470

is updated. After each end-to-end transmission, the battery471

level of the SN is checked and if the SN battery is not472

fully depleted, RL computation is updated with the remain-473

ing battery power. Here, each maximum RL computation474

corresponds to one iteration of the algorithm considered.475

On the other hand, the NL is a function of the RL, until476

the SN fully depletes its battery. Therefore, the computation477

of the resultant NL may require a few iterations of the RL478

computations. Once again, the RL corresponds to the com-479

putation of any SN-DN route. Hence, the NL is dependent480

on the lifetime of the routes of the WSN considered. A uni-481

directionally communicating route extracted from the omni-482

directionally communicating network of Fig. 1 is illustrated483

in Fig. 3. More explicitly, NL computation relies on the484

unidirectional links of the available routes extracted from the485

WSN of Fig. 1, despite the fact that the communication of486

the WSN is omni-directional. In Fig. 3 the nodes are only487

capable of transmitting unidirectionally to their consecutive488

neighboring nodes. We note that a specific SN-DN route489

of Fig. 3 extracted from the WSN of Fig. 1 can be considered490

as a single string-topology. Each string-topology extracted491

from Fig. 1 is utilized for the RL computation by exploiting492

their distance values, which are correspondingly assigned to493

the extracted route in Fig. 3, and illustrated as the distances494

of (d1, d2, d3, d4, d5) in Fig. 1.495

FIGURE 3. A random example of the route extracted from Fig. 1.

The computation of the RL for each extracted route relies496

on the spatially periodic time sharing (SPTS) technique497

of [13] for modeling the periodic time slot (TS) activation498

scheduling used, where we consider a distance of T hops499

between the pairs of nodes, which are transmitting in the same500

time TS. The same TSs are reactivated after every T TSs.501

Fig 4 illustrates the SPTS for T = 3, where [n = 1,502

n = 2, n = 3, . . . , n = N ] describes each TS n for a503

givenN -TS time-division multiple access (TDMA) frame per504

link and ‘‘+’’ denotes the active links. Therefore, a link l,505

spanning from node i to node j, scheduled for TS n, is denoted506

by (li,j, n). For example, during the first TS (n = 1), the 507

links (l1,2, 1), (l4,5, 1), (l7,8, 1) are activated for simultane- 508

ous transmissions, which only moderately interfere with each 509

other and each link is activated only once during the whole 510

TDMA frame. For the simplicity of our system model, we 511

use T = 3 in our SPTS-aided interference-limited scenario 512

and the total number of TSs per link frame is assumed to be 513

N = 3 due to its low computational complexity. This means 514

that each link can be scheduled for one of N = 3 TSs and 515

in each TS the distance between the scheduled links has to 516

be T = 3 hops. We assume that an ongoing transmission 517

is capable of interfering with any other transmission in the 518

extracted route, if they are scheduled during the same TS, as 519

shown in Fig. 5. Naturally, the analysis presented here applies 520

to any arbitrary T value. 521

For the sake of simplicity, we provide two different illustra- 522

tions of the same transmission scheme seen in Fig. 3, which 523

allows the reader to readily observe which specific links are 524

activated in a particular TS, giving us a TS-centric view, as 525

illustrated in Fig 5 andwhich TSs are activated for a particular 526

link, providing us with a link-centric view, as illustrated 527

in Fig. 6. More explicitly, we illustrate the TS-centric view 528

of the SPTS strategy for the route illustrated in Fig. 3 in the 529

context of the topology seen in Fig. 1, where we can observe 530

how many links are activated per TS in Fig 5. Due to the 531

periodic nature of the SPTS for T = 3, the third TS (n = 3) 532

contains only a single active link for the 6-node scenario 533

of Fig. 5. If a 7-node route were to be considered, another 534

link would have appeared in the third TS obeying the T = 3 535

scheduling scheme, which can be clearly inferred from the 536

10-node scenario of Fig. 4. 537

As a further insight, we provide the link-centric view of the 538

SPTS strategy in Fig. 6, so that we can clearly observe how 539

many times a specific link is activated in each TS. Since this 540

specific scenario is proposed for N = 3 TDMA frames and 541

T = 3, observe in Fig. 6 each link only has been activated 542

once in different TSs. When the first TS (n = 1) is activated 543

obeying the SPTS of T = 3, the links lS,1 and l3,4 start 544

their actual transmission actions Act1 and Act2 over their 545

arbitrary link-distances d1 and d4, respectively in Fig. 7. How- 546

ever, during Act1, node-3 initiates an interfering transmission 547

to node-1 denoted by Int1. In the mean time, during Act2, 548

SN concurrently initiates an interfering transmission to 549

node-4, which is denoted by Int2. Therefore, we can read- 550

ily see that the interferers (interfering nodes) of the link 551

lS,1 and l3,4 are node-3 and node-SN, respectively. Since there 552

are only 2 scheduled links in the same TS, one link interferes 553

with another one. If there were 3 links scheduled in the same 554

TS obeying the SPTS of T = 3, one link would have been 555

concurrently interfered with the other two. More explicitly, 556

a receiving node would have been exposed to more interfer- 557

ence emanating from additional interferers. 558

B. PHYSICAL LAYER 559

The sensor nodes of the fully connected WSN rely on using 560

omni-directional antennas. This implies that a SN-DN route 561
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FIGURE 4. SPTS with time sharing parameters of T = 3 and N = 3 for V = 10 nodes.

FIGURE 5. TS-centric view of the SPTS for the 6-node route
string-topology of Fig. 1, which is illustrated in Fig. 3, when T = 3
and N = 3.

FIGURE 6. Link-centric view of the SPTS for the 6-node route
string-topology of Fig. 1, which is illustrated in Fig. 3, when T = 3
and N = 3.

FIGURE 7. Interference model for the extracted 6-node route
string-topology of Fig. 1, when T = 3.

selection process takes place with the aid of omni-directional562

communication. Once a route is selected, the communication563

is handed over to uni-directional links, because informa-564

tion can only flow from a SN to a DN along the selected565

route. Additionally, the nodes use half-duplex communica-566

tions, where each node can either transmit or receive in the567

same TS n. We note that the sensor nodes communicate via568

the same shared wireless channel. The channel gain of a569

link between the transmitter i and the receiver j is given by570

Gi,j, i 6=j = 1/(di,j)m, which encapsulates the path loss, where571

the power diminishes with dmi,j as a function of the distance di,j572

between the transmitter i and receiver j, with the path loss 573

exponent denoted by m. In addition, each node is capable 574

of transmitting at an adjustable transmit power between the 575

no-transmission state and the maximum affordable transmit 576

power assigned to that node, given by 0 ≤ Pli,j ≤ (Pi)max . 577

Each node has an initial battery capacity that cannot be 578

exceeded by the total ED of the node. 579

The AWGN channel is defined by a certain propagation 580

path-loss model and a fixed noise power at the receiver. The 581

link quality is defined in terms of the SINR, which is denoted 582

by 0l for the AWGN channel model and it is given by [40] 583

0li,j,n =
Gi,jPli,j,n∑

i′ 6=i,li′,j′∈Ln
Gi′,jPli′,j′ ,n + N0

, 584

for a specific link l, where Pli,j,n denotes the transmit power 585

of link l spanning from node i to node j in TS n and N0 is 586

the noise power at the receiver. Note that the SINR of each 587

link in the extracted route cannot be lower than the target 588

SINR γ given by 0li,j,n ≥ γ, ∀n, li,j ∈ Ln, where li,j denotes 589

the link between transmitter i and receiver j, while Ln is the 590

set of links activated in the same TS n. On the other hand, 591

Gi′,j denotes the channel gain of a link between the interfering 592

node and the receiving node of the desired communication, 593

while Pli′,j′ ,n is the transmit power of the interfering link l 594

spanning from node i′ to node j′ in TS n, where i′ is the 595

transmitter and j′ is the receiver of the link interfering with 596

the desired communication. 597

In our system model, we rely on a BER-SINR look-up 598

table (LUT) for characterizing the upper layers, which spec- 599

ifies the particular SINR value to be satisfied for the sake 600

of maintaining a given target BER. Note that we consider 601

the interference to be noise-like in the SINR calculation.3 602

Upon knowing the SINR constraint and our deterministic path 603

loss model, we can calculate the interference imposed on 604

the intended receivers, depending on which TS is activated, 605

as shown in Fig. 7, assuming that the actual communica- 606

tion occurs between the SN and node-1 during the first TS. 607

Then, the interference power at the receiving node-1 can 608

be expressed as Int1 = G3,1Pl3,4,1 = Pl3,4,1/(d2 + d3)m 609

and the power received at node-1 can be formulated as 610

Act1 = GS,1PlS,1,1 = PlS,1,1/(d1)
m. Note that if we consider 611

a fixed noise power at the receiver, then we can compute the 612

3Since in practice theWSNs rarely encounter a single dominant interferer,
the interference is typically constituted by the sum of several interfering
components, which allows us to approximate the interference by noise.
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SINR of link lS,1 during the first TS as in (1),613

0lS,1,1=
GS,1PlS,1,1

G3,1Pl3,4,1+N0
=
PlS,1,1
(d1)m

·
(d2 + d3)m

Pl3,4,1 + (d2 + d3)mN0
614

=

(
d2 + d3
d1

)m PlS,1,1
Pl3,4,1 + (d2 + d3)mN0

(1)615

where only a single node interferes with node-1. However,616

in a scenario, where more than two links are activated during617

the same TS, we have to sum up the interferences imposed on618

the corresponding receiver node, along with the fixed noise619

power. Now Eq. (1) invoked for calculating the SINR of any620

link in any TS can be generalized for any given route as621

0li,j,n =
Gi,jPli,j,n∑

i′ 6=i,li′,j′∈Ln
Gi′,jPli′,j′ ,n + N0

,622

which defines the quality of the corresponding link.623

Therefore, we set 0li,j,n ≥ γ , which can be rewritten as624

follows,625

γ ·

 ∑
i′ 6=i,li′,j′∈Ln

Gi′,jPli′,j′ ,n + N0

− Gi,jPli,j,n ≤ 0. (2)626

Let us consider a communication session taking place627

between node i and j separated by a distance of di,j, where628

the BER of the link li,j is denoted by BERli,j . This error629

probability, plausibly depends on the SINR experienced at the630

receiver node j of the link li,j, on the modulation scheme, on631

the channel coding and on the characteristics of the channel.632

Considering amulti hop scenario, consisting ofmore than one633

link, we can derive an expression for the E2EB defined by the634

BER accumulated along the route spanning from the SN to635

the DN given by [41], [42],636

E2EBroute = 1−
V−1∏
l=1

(1− BERl), (3)637

whereBERl is a function of the SINR (BERl = fMCS [SINRl]),638

which can be fetched from the LUT selected for the specific639

MCS employed and (V − 1) is the number of links along640

the route. In this contribution, we consider an uncoded BPSK641

modulated system and a 1/2-rate CC hard-decoded as well as642

soft-decoded QPSK scheme communicating over an AWGN643

channel. We can compute the NL of any of the different644

MCSs by relying on their BER-SINR LUT for the system645

considered. Note that since we can estimate the BER at the646

relay nodes, we invoke a decode and forward scheme in647

our scenarios, where we neglect the ED of the coding and648

decoding operations. At the DN, all ED is ignored, since we649

assume that the DN is plugged into the mains power source.650

The BER-SINR relationship of the system model considered651

for transmission over the AWGN can be observed in Fig. 8,652

where for SINRs in excess of 4dB, CC soft QPSK outper-653

forms both CC hard QPSK and uncoded BPSK. Moreover, to654

guarantee a BER of 10−2 or lower, CC soft QPSK requires655

the lowest SINR, which is the most energy-efficient MCS656

amongst our MCSs considered. The CC hard QPSK is the657

FIGURE 8. BER versus SINR performance of the MCSs considered for an
AWGN channel.

secondmost energy-efficientMCS. Therefore, we also expect 658

to see a similar pattern in terms of the NL for the system 659

model considered, which will indeed be confirmed by the 660

results of Section IV. 661

C. LIFETIME MODEL 662

In our model, we consider a novel two-stage lifetime evalua- 663

tion process, as exemplified by a simplified scenario in Fig. 2 664

of Section II. The first stage is related to the RL, which is 665

based on the maximization of the minimum node lifetime 666

given by TR = mini 6=DN, i∈VTi, where Ti denotes the lifetime 667

of node i lying on the route R. This lifetime definition is 668

realistic, especially if the failure of any node in the route 669

disconnects the SN and the DN. More explicitly, in a route, 670

where the information generated at the SN has to be relayed 671

to the DN via multiple hops, this NL definition is feasible, 672

since a node in the route cannot communicate with the node 673

that is two hops away. 674

The second stage of the lifetime computation is strictly 675

dependent on the RL computation of the first stage, where 676

each computed maximum RL is summed up, until the SN 677

battery is fully depleted. More explicitly, the best route asso- 678

ciated with each maximum RL computation is relied upon 679

for the end-to-end transmission and the sensor nodes lying 680

on those best routes are updated with the remaining battery- 681

levels for the next RL computation. Each maximum RL is 682

summed up in order to calculate the NL, until the SN battery 683

is fully depleted. Since our only concern is that of carrying 684

the SN’s information to the DN with the aid of alternative 685

routes, the NL is strictly dependent on the SN’s battery level. 686

Therefore, until the SN fully depletes its battery, the maxi- 687

mumRLvalues are added for calculating theNL in the second 688

stage, as exemplified in Fig. 2 of Section II. Note finally that 689

there are also other alternative NL definitions, which were 690

discussed in [3], [12], [15], and [43]–[45]. In summary, the 691

NL models considered in the literature are as follows. 692

1) The most commonly used NL model is defined by the 693

earliest time instant at which any of the sensor nodes in 694

the network fully depletes its battery energy. 695

2) The time instant, until a certain fraction of operational 696

nodes exists in the network. 697
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3) The time, at which the first cluster head fully discharges698

its battery energy.699

4) The time, when all the sensor nodes in the network fully700

deplete their battery energy.701

5) The duration, when the target area is covered by at702

least k number of nodes, which was termed as the703

k-coverage.704

6) The time, until a specific target area or whole area is705

covered by at least a single sensor node.706

7) The time duration, in which a certain fraction of a707

region is covered by at least one node.708

8) The time duration, in which the coverage falls below a709

predefined threshold.710

9) The total amount of time, until either the coverage or711

the packet delivery ratio falls below a certain threshold.712

10) The time, until a certain amount of information is713

transmitted.714

11) The time, until a percentage of sensors in the network715

maintains a specific path to the base station.716

12) The time, when either the connectivity or the coverage717

is lost.718

13) The duration, until the network becomes incapable of719

maintaining a reasonable event detection ratio.720

14) The duration, until the concurrent analysis of721

connectivity probability and k-coverage stays above a722

predefined threshold.723

15) In [46], a parameterized NL definition, including the724

above common definitions, such as node availability,725

coverage, connectivity, service disruption tolerance and726

so on, is provided. This NL definition can be used727

for most of the applications, since the required objec-728

tive can be incorporated into or discarded from the729

formulation of the NL definition.730

III. PROBLEM FORMULATION731

Our NL maximization problem is divided into two stages.732

The first stage considers the formulation of the system model733

described in the context of the route extracted, which forms734

a string topology, followed by the selection of the best735

RL-aware route. The second stage includes the specific736

design of the algorithm conceived for maximizing the NL737

by summing up the RL values, until the SN battery becomes738

entirely depleted in the WSN considered. We detail the739

RL computation in Section III-A, followed by the maximum740

NL computation in Section III-B, where the complexity of a741

fully connectedWSN is also characterized as a function of V .742

Furthermore, we study the details of both the ESA and SOGA743

of Section III-B followed by the run-time simulation analysis744

of both algorithms in Section III-B.745

A. ROUTE LIFETIME COMPUTATION746

Let us first discuss the problem formulation regarding the747

routes extracted, which are the SN-DN routes obtained from748

the fully connected WSN illustrated in Fig. 1, for a given749

number of nodes per network. Having discussed the system750

model in Section II, we focused our attention on the general751

optimization problem formulation for the first stage of 752

maximizing the NL in (4) subject to the constraints 753

of (5)–(7). 754

max. TR (4) 755

s.t. 0li,j,n ≥ γ, ∀n, li,j ∈ Ln (5) 756

TR
N

N∑
n=1

( ∑
l∈O(i)∩Ln

(
(1+ (1− α)) · Pli,j,n + Psp

))
757

� Ei, ∀i (6) 758

0 � Pli,j,n � (Pi)max , ∀n, i, li,j ∈ Ln (7) 759

min. z (8) 760

s.t. γ (
∑

i′ 6=i,li′,j′∈Ln

Gi′,jPli′,j′ ,n + N0)− Gi,jPli,j,n ≤ 0, 761

∀n, {i : i ∈ O−1(l), l ∈ Ln}, (9) 762

N∑
n=1

( ∑
l∈O(i)∩Ln

(
(1+ (1− α)) · Pli,j,n + Psp

))
763

− z · Ei · N ≤ 0, ∀i, (10) 764

0 ≤ Pli,j,n ≤ (Pi)max , ∀n, i, li,j ∈ Ln. (11) 765

We maximize TR in (4) in order to maximize the mini- 766

mum lifetime of nodes lying on the route extracted, while 767

obeying the constraints mentioned in our system model. For 768

example, (2) formulates the link quality, given the relation- 769

ship between the attainable rate, the signal power and the 770

interference imposed as well as the noise power encoun- 771

tered at the receiver, which can be associated with the QoS. 772

Therefore, (5) may be formulated as a constraint to be sat- 773

isfied for guaranteeing the QoS at a specific predetermined 774

target SINR value. Additionally, each sensor node relies on 775

limited batteries, which cannot be replenished. Therefore, the 776

ED of a single sensor cannot exceed its initial battery charge 777

level Ei, which can be readily written as
∑U

ui fED(xui ) ≤ Ei, 778

where ui = {1, . . . ,U} characterizes the sensor opera- 779

tions imposing a specific ED and fED(x) is the ED function. 780

We assume that any operation other than the transmission 781

of information across the network incurs a negligible ED. 782

Therefore, the signal processing power dissipation Psp is set 783

to 0 and ui can be set to 1, since the transmit power is the only 784

reason for dissipating energy in the sensor. Then, fED(x) can 785

be characterized by (6), representing how the initial battery 786

energy is dissipated as a function of both the system parame- 787

ters and of the transmit powerPli,j , where α denotes the power 788

amplifier’s efficiency and N corresponds to the total number 789

of TSs per link, n = {1, . . . ,N }. 790

For simplicity, in our scenarios we consider N = 3. For 791

example, for the topology defined in Fig. 5, links lS,1 and l3,4 792

are activated in the first TS (n = 1), links l1,2 and l4,D are 793

activated in the second TS (n = 2), and link l2,3 is activated 794

in the third TS (n = 3). Moreover, (7) indicates that the 795

transmit power can be adjusted to the no-transmission state of 796

Pli,j = 0 or to the maximum affordable transmit power at any 797

sensor Pli,j = (Pi)max or to any value between 0 and (Pi)max , 798

depending on the SPTS parameter of T = 3 and on the 799
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other optimization variables. Explicitly, the variables of the800

optimization problem are the RL TR and the transmit power801

Pli,j,n of the link spanning from sensor node i to node j in TS n.802

It is clear that (4)–(7) is non-convex owing to their reliance of803

the product of two optimization variables, which is generally804

non-convex [47].805

We can readily transform the non-convex4 NL maximiza-806

tion problem into a convex5 one by minimizing the reciprocal807

of the RL, which is formulated as z = 1
TR

in (8) by using808

a change of variable in order to avoid the product of the809

two variables. In fact, the optimization problem is converted810

into a linear programming problem, which is also a special811

case of convex optimization problems. Note that TR cannot812

be zero in the reciprocal domain, since the SN has a battery813

capacity of Ei > 0 and a positive lifetime, implying that the814

SN definitely transmits information for a non-zero amount of815

time. This is also applicable to any other sensor nodes in the816

WSN considered. Additionally, Eq. (5) is rearranged into (9).817

Most importantly, the optimization variables contained in the818

product are appropriately separated so that (6) becomes linear819

in (10), which is a special case of convex problems, where820

l ∈ O(i) represents the transmit link of node i. Furthermore,821

{i : i ∈ O−1(l), l ∈ Ln} in (9) represents the set of822

nodes, which the transmit links are connected to and that are823

activated in the same TS.824

We compute the maximum RL of the routes obtained from825

the fully connected WSN using the dual simplex method of826

the CPLEX library [48], which is a powerful solution method827

conceived for linear programming problems, as a special828

case of convex problems. Therefore, the first phase of the829

NL maximization problem is based on the computation of830

the RL and on the selection of the best RL-aware route. Gen-831

erally speaking, based on the transmission scheme proposed832

in Section II-A, we maximize the NL of an arbitrarily cre-833

ated and uniformly distributed WSN composed of V nodes,834

where the SN and the DN have their positions fixed at the835

opposite corners of the sensor field, while the nodes lying on836

a route adjust their transmit powers for a predetermined target837

SINR γ for guaranteeing at least the minimum signal quality838

required for each link, until the NL of the WSN is exhausted839

due to the depleted SN battery.840

B. MAXIMUM NETWORK LIFETIME841

In this section, we propose a pair of algorithms for max-842

imizing the NL of our fully connected WSNs. The first843

technique considered is the so-called exhaustive search algo-844

rithm (ESA), which searches for all the possible distinct845

routes in the given network. The second algorithm, which we846

refer to as the single-objective genetic algorithm (SOGA),847

intelligently searches through a fraction of the potentially848

excessive solution space for finding the optimum at a low849

4Non-convex optimization problems may have local optimal points.
However, these local optimal points mostly will not be the global optimal
solutions. Additionally, proving that there is no feasible solution can be time
consuming and is not guaranteed.

5Convex optimization problems can only have one global optimal solution
and one can easily prove if there is no feasible solution to the convex problem.

FIGURE 9. A single trial of the general NL computation framework for
ESA and GA.

complexity. The general structure of our algorithms can be 850

seen in Fig. 9, where each algorithm starts with a fully 851

connected network-creation. Then, beneficial route discovery 852

and route evaluation processes are provided by the proposed 853

algorithms. The route information obtained is utilized for 854

RL computation for each route selection scheme. Since the 855

NL is strictly dependent on the SN, the battery level of the 856

SN is updated by both algorithms. Having a large number of 857

nodes in a fully connected network leads to an exponential 858

increase of the number of routes, which imposes an expo- 859

nentially increasing complexity. Therefore, we first provide 860

the complexity analysis of the fully connected network before 861

describing our proposed algorithms. 862

1) FULLY CONNECTED WSN AND COMPLEXITY ANALYSIS 863

Short-range densely deployed sensor networks can be used 864

for numerous realistic applications [1], [2], where any sensor 865

between the SN and DN may act as a relay to forward the 866

information of the SN. For example, in battle fields non- 867

rechargeable sensors can be densely deployed formaintaining 868

the lowest battery consumption and for keeping the network 869

operative as long as possible. Another example of densely 870

deployed short-range networks can be found in a football 871

stadium, where each person carries a sensor for health and 872

security reasons. Finally, earth quake monitoring requires a 873

dense sensor deployment for measuring the backscattered 874

wave fields [49]. Therefore, all of these applications may 875

necessitate communication of a node with any other node in 876

the network, which leads to a fully connected WSN. More 877

explicitly, a WSN associated with numerous communication 878

links can be represented by a tractable fully connected WSN. 879

However, the complexity is an important issue in fully con- 880

nected networks, since the number of distinct non-looping 881

routes increases exponentially upon increasing V . The term 882

‘‘distinct non-looping routes’’ indicates the routes associated 883

with distinct sensor nodes within the same route and this route 884

differs from any other route due to its unique sensor nodes 885

within the same WSN. The total number of distinct and non- 886

looping routes is given by 887

RV =
V−2∑
h=0

(V − 2)!
(V − 2− h)!

, (12) 888
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FIGURE 10. An example of distinct route permutations for a 4-node fully
connected WSN.

which is basically the aggregation of all the route889

permutations for each route having (h+1) links or hops, given890

the total number of V nodes in the network. As an example,891

we provide the route permutations of a 4-node fully connected892

WSN in Fig. 10, where Eq. (12) constructed for a scenario893

associated with V = 4 leads to:894

RV=4 =
4−2∑
h=0

(4− 2)
(4− 2− h)

=

2∑
h=0

2!
(2− h)!

895

=
2

(2− 0)!
+

2
(2− 1)!

+
2

(2− 2)!
896

= 1+ 2+ 2 = 5, (13)897

which can also be verified with the aid of Fig. 10. It is clear898

from the equation that the permutation is calculated in a899

hop-by-hop manner. We know that the values of 0, 1 and 2900

are denoted by h in the denominator of 2
(2−0)! ,

2
(2−1)! ,

2
(2−2)!901

and (h + 1), i.e. 1, 2 and 3, represents the number of hops.902

Therefore, Eqs. (12) and (13) indicate that {1, 2, 2} number903

of distinct route permutations are calculated for the corre-904

sponding number of hops {1, 2, 3}, respectively. This can905

also be confirmed using Fig. 10, which is illustrated by the906

blue solid lines for the 3-hop, by the red dotted lines for the907

2-hop, by the green dashed line for the 1-hop communication908

scenarios, respectively. It is observed that there are two 3-hop,909

two 2-hop and one 1-hop distinct routes, which is summed910

up to 5, as seen in Eq. (13) using Fig. 10. Naturally, we911

can also say that any route constructed for a given network912

can have a maximum of (V − 1) hops starting from 1-hop913

communication.914

We provide Table 3 for V nodes as a reference for915

evaluating the associated complexity trade-offs, represent-916

ing how the total number of distinct non-looping routes917

changes as a function of the number of nodes using (12).918

Table 3 also portrays that the complexity increases expo-919

nentially as a function of V . Since we quantify the com-920

plexity of the algorithms in terms of the total number of921

function calls to the RL evaluation, i.e. by the number of922

cost function evaluations (CFEs), the complexity is lin-923

early proportional to the number of distinct non-looping924

routes.925

TABLE 3. Total number of distinct non-looping routes as a
function of V .

2) EXHAUSTIVE SEARCH ALGORITHM 926

Algorithm 1 shows the exhaustive search algorithm (ESA) 927

used for maximizing the NL, which can be summarized as 928

follows. 929

We initialize the parameters in the ‘‘input’’ section of 930

Algorithm 1 for V , such as the target SINR γ , number of 931

trials τ and the initial battery capacity Ei of each sensor. Note 932

that the SN is always considered to be the first node and the 933

DN is always set as the last node. Let us assume that a fully 934

connected WSN is composed of 10 sensor nodes. Then the 935

SN has the unique identifier of 0, while the DN has the unique 936

index of 9. 937

Then, a fully connected network conceived for a given 938

number of V nodes is created at line 3 of Algorithm 1. 939

We consider a single SN, which is fixed at a coordinate 940

of (0, 0), and a single DN is located at the coordinate of 941

(xmax , ymax), where (xmax × ymax)m2 describes the size of the 942

sensor field, guaranteeing that SN andDN are far apart having 943

the longest distance in between. All the other sensors are 944

stationary and randomly distributed according to a uniform 945

distribution. Therefore, the distance of a node from any other 946

node in the network can be readily recorded with the aid of a 947

distance matrix. This scenario may correspond to a network 948

illustrated in Fig. 1, where the Euclidean distance between 949

the SN and the DN is given by dS,D =
√
(xmax)2 + (ymax)2, 950

which coincides with the diagonal of the sensor field. 951

We rely on the same distance matrix, until we compute the 952

accumulated NL. More explicitly, since the WSN considered 953

is stationary, once the network is created, the distances of all 954

sensors are fixed for a given NL computation. 955

The SN can transmit the information to the DN along 956

with all possible distinct routes given by Eq. (12). Therefore, 957

all possible SN-DN routes, which can be seen from Table 3 958

for V number of nodes, are passed on to an optimiza- 959

tion function, one at a time. On line 8, the optimization 960

function, namely the so-called dual-simplex, computes the 961
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Algorithm 1 ESA for Maximizing the NL Based on the Battery Level of the SN
Input: γ (target SINR)

τ (number of trials)
Einit (initial battery of each sensor in the WSN)
V (number of nodes)
(xmax × ymax)m2 (size of the sensor field starting from (0, 0) to (xmax , ymax))
κ (total number of RSS, while i indicates each of the RSS)
Tnet (network lifetime)

1: for i from 0 until κ do
2: for j from 1 until τ do
3: Create a fully connected, randomly and uniformly distributed network for V
4: dall ← Get distance matrix using coordinates of sensors lying on (xmax × ymax)m2

5: Tnet = 0← Set initial value of NL to zero per created network
6: R← Discover all possible non-looping routes using (12)
7: function ESA(Einit , Tnet , γ )
8: dual-simplex(R, dall, Einit , γ )→ Pass R to the dual-simplex function
9: if infeasible
10: eliminate Rinfeasible
11: else
12: TR← Return the route lifetime of R
13: ER← Return the energy usage per node of R
14: PR← Return the transmit power per link of R
15: end if
16: TR← Obtain maximum TR
17: Rbest ← Reserve the best RL aware routes with TR
18: do while ESN > 0← NL strictly depends on the SN battery level
19: Tnet = Tnet + TR← Accumulate each RL value for building the NL
20: Rbest ← Select the best route using RSSi from Rbest for end-to-end transmission
21: Rfinal ← Copy Rbest to a final array for each iteration of RL.
22: Update the batteries of all sensors with ERbest to obtain Eresidual
23: return ESA(Eresidual, Tnet , γ )
24: end do
25: return each Tnet to an array for averaging NL τ times for given RSSi
26: hRfinal← size(Rfinal) Gather the hop length of each final route
27: SINRlink ← Compute SINR of each link using (9) of γ for Rfinal with PRfinal
28: BERlink ← Obtain BERlink of SINRlink with the aid of LUT for considered MCSs
29: E2EBRfinal ← Compute E2EB of each final route using (3) of BERlink with hRfinal
30: E2EBworst−case← Attain the highest E2EB of Rfinal
31: return each E2EBworst−case to an array for averaging E2EB τ times for given RSSi
32: end for
33: end for
34: return averaged Tnet and worst case E2EB over τ trials for each RSS

RL according to (8)–(11). Each route associated with a differ-962

ent number of hops in the fully connected network is automat-963

ically and appropriately arranged according to it scheduling964

matrix for RL computation. For example, the active links965

are determined for each TS n corresponding to the SPTS966

parameter T , discussed in Section II-A, so that we are capable967

of identifying the interfering nodes and their gain matrices968

Gi,j in the same TS to compute the interference terms, as969

shown in (1). Since our objective is to maximize the RL for970

all possible routes identified by the ESA, each optimization971

function call returns a RL value as its output, as indicated972

in Algorithm 1 on line 12. This implies that we obtain 973

RL values for all the distinct routes in the fully connected 974

WSN considered. 975

Then, we choose the route associated with the highest RL 976

on line 17. Additionally, since there may be more than one 977

route having the same maximum RL value, we have intro- 978

duced the RSSs. Four different RSSs are introduced for their 979

appropriate employment in different application scenarios. 980

The first one is based on the total energy usage of the routes 981

having the maximum RL. We basically select the specific 982

route having the least total ED. In the second RSS, the route 983
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associated with the least number of hops is chosen, since here984

we assume that each sensor incurs a delay of a single time unit985

due to queuing delays both at the SN and intermediate nodes.986

The third RSS relies on the SN battery level. The route associ-987

atedwith the largest remaining SN battery is selected. The last988

RSS is based on a random route selection strategy. A random989

route is selected amongst all the routes having the maximum990

RL value. Note that the selection process exclusively relies on991

the specific routes having the maximumRL value. Therefore,992

we expect the NL results of these various RSSs to be similar,993

which will indeed be confirmed in Section IV. For each of994

the RSS, we run τ number of trials for averaging the NL995

results, as indicated on line 25 of Algorithm 1. Moreover,996

for convenience we term the four route selection schemes997

mentioned above as RSS-LTED, RSS-LNOH, RSS-LRBAT998

and RSS-RANR, respectively.999

The best selected RL route, based on its RSS, is used1000

for the end-to-end transmission as indicated on line 20 of1001

Algorithm 1. Let us refer to this end-to-end transmission as1002

the ‘‘transmission phase’’. Therefore, a single evaluation of1003

the best RL-aware route indicates that a transmission phase1004

will take place over the reference route, which is the best1005

RL-aware route. During the transmission phase, the battery1006

level of the sensor nodes utilized during this transmission is1007

reduced. Therefore, on line 22 of Algorithm 1, those battery1008

levels have to be updated relying on their appropriately1009

adjusted transmit power conforming to (8)–(11), respectively.1010

Since we consider a scenario, where the NL is strictly1011

dependent on the SN battery level considered on line 18 of1012

Algorithm 1, the SN battery level has to be checked after1013

every transmission phase. If the SN battery is not fully1014

depleted, the ESA continues searching for the next best1015

RL-aware route in the fully connected WSN with its residual1016

(updated) batteries, commencing from the previous transmis-1017

sion phase. Basically, if there is sufficient battery charge at the1018

SN,Algorithm 1 recursively searches for the next best route in1019

the next iteration on line 23. If the SN battery is fully depleted,1020

then the NL is determined by the summation of the maximum1021

RL values gleaned from the previous iterative transmission1022

phases, as indicated on line 19 of Algorithm 1. Note that each1023

NL computationmay require a few iterations of the RL-aware1024

route computation or transmission phase, depending on the1025

SN battery status after each iterative transmission phase.1026

Since we know what the best RL-aware routes are from1027

the various iterations of this specific transmission phase, on1028

line 29 of Algorithm 1 we can invoke (3) for the E2EB1029

calculation of the best RL-aware routes. Note that we assume1030

the best RL-aware routes are indeed reserved by the SN1031

after each transmission phase, as indicated on line 20 and 211032

of Algorithm 1. We aim for finding the highest E2EB in1033

the network to determine the upper bound of the BER in1034

our WSN. Therefore, the route associated with the largest1035

E2EB amongst the best RL routes is utilized on line 301036

of Algorithm 1. More explicitly, the best RL-aware routes1037

possibly carry the highest E2EB, because these routes are the1038

most power-efficient routes, since the only objective of the1039

optimization problem is to maximize the NL, while 1040

maintaining a required QoS. Therefore, finding the high- 1041

est E2EB amongst these best RL-aware routes is adequate 1042

for determining the upper bound of the E2EB in the WSN 1043

considered. Additionally, Eq. (9) guarantees maintaining the 1044

required signal quality of each link, which has to maintain the 1045

predefined target SINR. However, in our results we will con- 1046

firm that each link attains the exact target SINR values, so that 1047

the transmit power per link can beminimized.Minimizing the 1048

transmit power can only be achieved by keeping the SINR per 1049

link as close as possible to the target SINR, which is given by 1050

the Eq. (9) and shown on line 27 of Algorithm 1. Therefore, 1051

it is demonstrated on line 28 of Algorithm 1 that the BER 1052

per link can be obtained from the LUT of the corresponding 1053

SINR, which can then be utilized for the E2EB computation 1054

using (3). Therefore, we conclude that for a given MCS and 1055

for a specific target SINR per link, the E2EB can be readily 1056

determined using (3) along the best RL routes and the route 1057

associated with the largest E2EB is used as the upper bound 1058

of the BER for the WSN considered, which describes the 1059

worst-case E2EB performance of the network, as indicated 1060

on line 30 of Algorithm 1. 1061

3) RUN-TIME EXAMPLE OF THE ESA 1062

We consider a 6-node fully connected network, where the SN 1063

has the unique identifier of 0 and the DN has the unique index 1064

of 5. In order to exemplify the NL computation, we select a 1065

target SINR of γ = 0 dB, where the discrete-input continuous 1066

output memoryless channel (DCMC) [50] capacity of QPSK 1067

is about 0.5 bit/symbol. The battery capacity per sensor is 1068

initialized to 5000 Joule. This simulation example only covers 1069

a single trial6 (τ = 1) of the NL computation for a path loss 1070

exponent of m = 3 and for the system model considered 1071

in Section II. 1072

The size of the sensor field is given by 40 × 40m2, 1073

where the sensors are randomly and uniformly deployed over 1074

the sensor field. However, the SN is fixed at a coordinate 1075

of (0, 0), while the DN is placed at the other corner of the sen- 1076

sor field associatedwith the coordinate of (40, 40). Therefore, 1077

the distance between the SN and the DN corresponds 1078

to the largest possible distance in the network, which is 1079

approximately dSN ,DN ≈ 56.57m, as illustrated in Fig. 11. 1080

We can readily observe from Table 3 that the SN has 1081

65 alternative routes for transmitting its data to the DN 1082

for V = 6. Therefore, the ESA looks for all those pos- 1083

sible routes and computes their RL by passing the route 1084

information to the optimization function. For this specific 1085

scenario, the symmetric distance matrix of the fully con- 1086

nected WSN seen in Fig. 11 can be exported, as observed 1087

in Table 4, where we can look up all the distance informa- 1088

tion of any relevant sensor node. For the sake of clarity, we 1089

present the distance conversion matrix of a single actual route 1090

Ract = [0− 4− 1− 2− 3− 5] out of the 65 possible routes. 1091

6A NL computation trial may be constituted by several RL computation
iterations.
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FIGURE 11. Example of a fully connected WSN consisting of 6 nodes
(not to scale).

TABLE 4. Distance matrix di,j of a 6-node fully connected WSN.

For the sake of computing the RL in dual-simplex optimiza-1092

tion function, arranging the corresponding matrix elements1093

of the distance and Gi,j of the WSN is one of the challenging1094

parts of the problem due to the presence of the interference1095

terms. Therefore, in our approach we utilize the distance1096

conversion matrix, where each sensor along the route having1097

a unique identifier is reordered. Let us clarify this with the1098

aid of an example by referencing it to the original distance1099

matrix of Table 4. Firstly, a distance matrix is extracted from1100

Table 4, which is only specified for the routeRact . In the mean1101

time, the actual route Ract associated with the actual distance1102

matrix dact in Table 5 is converted to the ordered route1103

Rord = [0− 1− 2− 3− 4− 5] having the distance dord1104

in Table 6. This approach provides us with the converted1105

route Rord along with the actual distance matrix dact of1106

the route Ract . The ordered route Rord exploits the sim-1107

plified indices of the corresponding sensors, while reserv-1108

ing the required distance values of the actual route Ract .1109

TABLE 5. Distance matrix dact of Ract including the distance information
of the interferers extracted from di,j .

TABLE 6. Distance matrix dord of Rord , including the distance
information of interferers converted from dact using
distance conversion matrix.

Basically, each time when a route Ract is passed to the opti- 1110

mization function, its distance information is assigned to the 1111

converted route Rord . Note that the reordered routes can be 1112

in the range of {0 − 1, 0 − 1 − 2, 0 − 1 − 2 − 3, . . . , 1113

0 − 1 − 2 − 3 − 4 − 5 − 6 − 7, . . .}, depending on the 1114

size of the actual route Ract . Additionally, a zero is placed 1115

in Table 5 and Table 6, if there are no direct communication 1116

links between the nodes lying on the route. 1117

Then, we estimate the gain matrix seen in Table 7 of the 1118

reordered route using the distance matrix of Table 6, which is 1119

calculated using Gi,j = 1/dmi,j, as discussed in Section II-B. 1120

Given the gain matrix of Table 7 and using an optimization 1121

tool, referred to as the dual simplex function of the CPLEX 1122

library [48], we obtain the optimal values of the transmit 1123

power and the RL variables. 1124

4) NL COMPUTATION AND BATTERY STATE UPDATE 1125

In the first step of the NL computation, the ESA searches 1126

for the best RL-aware routes. For the 6-node fully connected 1127

scenario of Fig. 11, ESA finds four different routes having 1128

the same maximum RL. These four routes of Fig. 11 are 1129

[0 − 1 − 2 − 5], [0 − 1 − 2 − 3 − 5], [0 − 4 − 1− 1130

2 − 5], [0 − 4 − 1 − 2 − 3 − 5] with a RL of 1131

81,292.4 hours (hrs) for a predefined target SINR value 1132

of γ = 0 dB, as evaluated by the optimization tool. 1133

To further elaborate on this specific example, we consider 1134
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TABLE 7. Gain matrix Gi, j of the route Rord , which is transformed from Ract .

a target SINR value of γ = 0 dB.7 However, this1135

can be extended for any of the target SINR values of1136

γ = {0, 0.5, 1, 1.5, . . . , 9, 9.5, 10} dB. In Section III-B2,1137

we introduced four RSSs to deal with the route selection1138

process, which we referred to as RSS-LTED, RSS-LNOH,1139

RSS-LRBAT and RSS-RANR. However, for this specific1140

example we will only consider RSS-LTED, which reserves1141

the route associated with the least total ED. Therefore, we can1142

identify the best RL-aware route by checking the total ED of1143

each route.1144

From Table 8, we can observe 3 iterations (iters) of the1145

RL computation, which constitutes one trial NL computation1146

for the V = 6-node fully connected WSN. Each iteration of1147

the RL computation evaluates how much of the SN battery1148

(initialized to 5000J) has been dissipated by the route that1149

is selected as the best RL-aware route after each iteration.1150

For example, route [0 − 1 − 2 − 3 − 5] is selected with1151

the aid of RSS-LTED, since it consumes a total of 5733.57J1152

energy, which is the least amount of ED among all the routes.1153

7We compute the NL for the target SINR values of γ =

{0, 0.5, 1, 1.5, . . . , 9, 9.5, 10} dB. However, as an example here we
use only 0 dB SINR to present the routing information, the remaining
battery charge and other related operations during the NL computation.
We note that for a target SINR value of 0dB, the discrete-input
continuous output memoryless channel (DCMC) [50] capacity of QPSK is
about 0.5 bit/symbol.

Moreover, since the NL is strictly dependent on the level of 1154

the SN battery, the remaining battery (RBAT) of the SN after 1155

each iteration of the RL computation is provided in Table 8. 1156

During the first iteration, 112.699J of energy is utilized at 1157

the SN, while in the second iteration, an amount of 1731.86J 1158

is depleted from the SN, which had an instantaneous RBAT 1159

of 4887.3J. The RBAT of the SN is reduced to 3155.44J. 1160

Finally, in the third iteration an amount of 3155.44J energy 1161

is consumed from the RBAT of 3155.44J. Since there is no 1162

more energy left in the SN battery, the information cannot 1163

be generated and transmitted to the DN. Therefore, the net- 1164

work becomes inoperative and hence the NL is determined 1165

and accumulated to arrive at 81, 292.4 + 77, 985.3 + 25, 1166

595.2 ≈ 184, 873hrs after terminating the RL computation. 1167

Note that a single trial of the NL computation may be com- 1168

posed of a few iterations of the RL computations and it is not 1169

fixed to three iterations. It can vary depending on how much 1170

energy is utilized at the SN after each RL computation. 1171

To elaborate further on how the sensor batteries are 1172

depleted after each iteration using the best route shown in 1173

Table 8, in Table 9 we provide the battery states for all 1174

sensors lying in the best route. We consider three states 1175

for the battery of sensor nodes lying on the best route. 1176

The ‘‘After’’ and ‘‘Before’’ states represent the level of 1177

all the sensor batteries in the network, except for the DN. 1178

TABLE 8. One trial of NL computation is composed of three dependent steps of RL computation, while illustrating the level of SN battery after
each iteration.
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TABLE 9. The battery state of all the sensor nodes after each iteration of RL computation in the WSN of Fig. 11.

The ‘‘Used’’ state represents the amount of battery dissipation1179

for the sensors lying on the best route utilized for the end-to-1180

end transmission. Recall that node-0 is the SN and node-51181

is the DN in Fig. 11. Since we assume that the ED at the1182

DN is unimportant, because it is plugged into the mains1183

power supply, the DN is removed from the battery charge1184

update list. Therefore, only the first 5 nodes of the 6-node1185

fully connected WSN of Fig. 11 is reserved for the battery1186

charge update list. For example, each battery of the sensor1187

nodes, in the order of [0− 1− 2− 3− 4] is initialized with1188

[5000−5000−5000−5000−5000] Joules battery capacity,1189

respectively and these nodes are always reserved in order and1190

are updated, when a node is on the route utilized for the end-1191

to-end transmission. Explicitly, depending on which route is1192

used for an end-to-end transmission after each iteration of1193

the RL computation, the corresponding battery of the sensor1194

node is depleted in the WSN. For example, assuming that1195

the sensors [0 − 1 − 2 − 3 − 5] are utilized for the end-1196

to-end transmission, only the actively utilized sensor battery1197

charges are reduced by the amount of [112.699 − 5000 −1198

14.821 − 606.048], respectively, as illustrated in Table 9.1199

The battery of node-4 is never utilized in the first iteration,1200

therefore in the state ‘‘After’’ of the first iteration it remains1201

5000J, while the residual battery charge of the other nodes1202

becomes [4887.3− 0− 4985.18− 4393.95− 5000].1203

Furthermore, for the sake of clarity we provide1204

Fig. 12a, 12b, 12c, and 12d for illustrating which particular1205

routes are utilized for end-to-end transmission, and hence1206

which sensor batteries are updated after each iteration of1207

the RL computation. Note that the hollow batteries represent1208

the fully-depleted batteries after each iteration. Surprisingly,1209

node-2 and node-3 were capable of preserving their battery1210

levels as close as possible to their initial battery levels. This is1211

due to the smaller distance between the transmitting node-21212

and its receiver for the routes selected as the best RL-aware1213

ones in each iteration. A similar trend is observed for node-3.1214

For example, for the first iteration the distance between1215

node-2 and node-3, as well as node-3 and node-5 is lower1216

than those of others on the same route. Similar trends can be1217

observed during the second and third iterations. Additionally, 1218

in the first iteration node-1, in the second iteration node-4 and 1219

in the third iteration SN (node-0) communicates over longer 1220

distances with their receivers compared to that of node-2 and 1221

node-3, respectively. Therefore, those sensor nodes depleted 1222

their batteries earlier than the other nodes lying on their 1223

respective routes, which are illustrated by the hollow batteries 1224

in Fig. 12b, 12c, and 12d, respectively. 1225

5) SINGLE OBJECTIVE GENETIC ALGORITHM 1226

The above run-time simulation analysis of ESA is based on 1227

V = 6 nodes, but it can be readily generalized for any 1228

arbitrary number of nodes. However, the computation of the 1229

NL strictly depends on the specific route’s complexity in 1230

the WSN considered. For example, the V = 6 scenario 1231

of Fig. 11 examines 65 distinct non-looping alternative 1232

routes, whilst according to Table 3 V = 10 introduces 1233

109,601 distinct routes for the NL computation using ESA. 1234

Therefore, the exponential increase in the number of dis- 1235

tinct routes from 65 to 109,601 may impose an excessive 1236

complexity, especially when each NL computation requires 1237

more than a few RL computation iterations, which invokes 1238

a full search of the fully connected WSN during each itera- 1239

tion. This large number of distinct routes may correspond to 1240

a larger partially connected distributed network with many 1241

more sensor nodes. Therefore, our fully connected WSN 1242

approach can also be applied to any other realistic network 1243

without being limited to fully connected networks. 1244

In order to circumvent the computational complexity of 1245

ESA encountered in realistic WSNs composed of a vast 1246

number of distinct routes we invoke a single-objective 1247

genetic algorithm (SOGA), which relies on genetic opera- 1248

tions inspired by evolutionary biology, such as inheritance, 1249

selection, crossover, mutation and recombination. Before 1250

moving on to the intricate details of the SOGA considered, 1251

let us familiarize ourselves with the terms of evolutionary 1252

biology and its exploitation in our context. For example, 1253

a chromosome of the SOGA is composed of sequences of 1254
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FIGURE 12. Illustration of the changes in the level of the battery-energy. (a) Initial battery level of all sensors in the WSN. (b) The battery levels after
the first iteration of RL computation. (c) The battery levels after the second iteration of RL computation. (d) The battery levels after the third iteration
of RL computation.

integers, which represent a specific route consisting of a1255

unique sensor node index. Hence we refer to a sensor node as1256

a gene, each of which belongs to the chromosome. We also1257

refer to a chromosome as an individual of the SOGA having1258

a specific route’s path (chromosome) information. Moreover,1259

a fitness function evaluates the quality of a chromosome in1260

terms of achieving the desired objective. In our scenarios,1261

we evaluate the route information of each individual using1262

a fitness function or objective function to acquire the RL1263

fitness value. Therefore, we can say that the fitness function1264

quantifies the quality of a chromosome (individual), where 1265

the fitness function is expected to have a higher fitness value 1266

in maximization problems for a better solution, i.e. route. 1267

A general overview of how our SOGA operates is outlined 1268

in Fig. 13. The process commences with the initialization 1269

of a population, which is constituted by the individuals that 1270

are evaluated in terms of their specific fitness functions in 1271

order to identify the quality of the corresponding solutions. 1272

Note that we deploy a regular genetic algorithm, including 1273

some modifications of its operators. In a GA, a termination 1274
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FIGURE 13. A flowchart presenting the general overview of the SOGA
adopted for our NL maximization technique, which the flow of the
genetic operations can also be followed for more details in Fig. 17.

rule has to be set, so that it can terminate when a certain1275

condition is satisfied, i.e. a sufficiently high quality solution1276

has been found or the affordable number of generations has1277

been exhausted. Specifically, in the SOGA we can adjust the1278

number of generations ℵgen, as illustrated in Fig. 13, which1279

allows us to strike a performance versus complexity trade-off.1280

Additionally, since there are numerous individuals in a popu-1281

lation, the specific selection amongst the candidate solutions1282

(individuals) plays a significant role in terms of converging1283

to an improved solution. Basically, the selection operator is1284

invoked for improving the quality of the population by giving1285

the high-quality individuals a higher chance of passing on1286

their fitness characteristics to the next generations, as seen 1287

in Fig. 13. Consequently, we obtain the population Gk con- 1288

taining ℵgen high-quality individuals, as illustrated in Fig. 13. 1289

Following the inclusion of these high-quality individuals 1290

in the current population, we invoke the binary tournament 1291

selection (BTS) of Fig. 13, where the individuals of the 1292

current population are divided into two sets Gk/2. Then, 1293

a specific individual is randomly selected from each of the 1294

two sets for a competition in terms of their fitness values. 1295

Finally, the particular individual having a better fitness value 1296

is selected as a parent individual for creating the next gen- 1297

eration, which forms the populations Fk and F′k . Then, as 1298

seen in Fig. 13, the crossover operation is applied to each 1299

of these populations Fk and F′k containing the parent indi- 1300

viduals, respectively, for examining the current solutions in 1301

order to find more fit individuals, which may also introduce a 1302

certain grade of solution diversity for the current population. 1303

We use the single-point cross-over method, where a common 1304

gene (sensor node) is used for dividing the chromosomes 1305

into two parts for merging a certain fraction of the individual 1306

constituted by a route with the other half of the other indi- 1307

vidual and vice versa. These newly created individuals are 1308

termed as child individuals, which are expected to inherit the 1309

beneficial characteristics of the parent individuals. We note 1310

that as illustrated in Fig. 13, the BTS and crossover operations 1311

are applied twice for increasing the solution diversity as well 1312

as for acquiring a sufficient number of individuals. Then, the 1313

populations Ck andC′k , which are subjected to both the BTS 1314

and crossover operations, are combined in order to create 1315

the population Ck + C′k = Ik , which is then subjected to 1316

mutation, as seen in Fig. 13. 1317

Finally, as seen in Fig. 13, a mutation operation is applied 1318

to the child individuals constituting the population Ik , where 1319

each one of the genes of each child individual is mutated with 1320

a certainmutation probability, so that entirely new individuals 1321

constituting the population Mk can be introduced into the 1322

next generation. When the mutation operation is applied to 1323

a particular gene, we opt for one of three different mutation 1324

operations in our scenarios with equal probability, namely 1325

for node replacement, for node removal and for node inser- 1326

tion. Their specific details will be provided along with our 1327

more elaborate explanations of SOGA later in this section. 1328

Basically, the mutation operation further increases the diver- 1329

sity of the population by examining the fitness of new 1330

candidate solutions. Therefore, we may conclude that a pop- 1331

ulation is created in the first generation (iteration) consisting 1332

of several individuals (candidate solutions) and throughout 1333

the successive generations by using the genetic operations 1334

described above. As a benefit, the individuals are expected to 1335

gradually create better solutions [51]–[53]. After themutation 1336

operation, any potential node repetitions are removed from 1337

the routes, which leads to the population Lk , as illustrated in 1338

Fig. 13. Then, the fitness of the individuals in population Lk 1339

is evaluated before proceeding to the forthcoming generation. 1340

Ultimately, as seen in Fig. 13, the newly created popula- 1341

tionLk and the current populationGk are combined, since we 1342

20 VOLUME 3, 2015



H. Yetgin et al.: NL Maximization of WSNs

do not want to lose any of the current high-quality solutions.1343

The specific process of combining the new and current pop-1344

ulations as well as the technique of selecting the high-quality1345

individuals from this combined population is referred to as1346

elitism, which will be discussed later. Having summarized1347

the general structure of a genetic algorithm and the SOGA1348

considered, the diverse terminologies concerning the above1349

genetic operations, including the individuals, populations,1350

fitness values, binary tournament selection, crossover and1351

mutation operations will be exemplified later in this section.1352

We simplified the multi-objective genetic algorithm1353

described in [51] so that it can be utilized for single-objective1354

optimization. We further modified the genetic operations1355

in a manner similar to our work in [16]. One of the main1356

differences between the SOGA and ESA is that SOGA1357

intelligently searches through the solution space relying on1358

the above-mentioned genetic operators, while ESA performs1359

a brute-force full search by means of looking for all possible1360

permutations in the solution space. As illustrated in Fig. 14,1361

SOGA is capable of arriving at the best solution (marked by1362

the largest dot filled with black color) after 5 generations,1363

whereas ESA has to search though the entire solution1364

space constituted by each dot for finding the best solution.1365

However, the reduced-complexity SOGA may produce sub-1366

optimal results for large networks. Nonetheless, it may be1367

configured to strike the required performance versus com-1368

plexity trade-offs approaching the optimal NL. Let us now1369

discuss the SOGA as described in Algorithm 2, where we1370

mostly focus our attention on the genetic operators of the1371

algorithm.1372

FIGURE 14. Solution search strategy of ESA and SOGA within the feasible
solution space.

At the ‘‘input’’ section of Algorithm 2, we define the1373

simulation parameters as well as the genetic operation con-1374

stants, such as ℵind , ℵgen, Prc, Prm denoting the number of1375

individuals, number of generations, the crossover probability1376

and the mutation probability, respectively. In each generation1377

of a population, ℵind individuals are created, each of which1378

TABLE 10. Random route initialization of the 48 individuals in the
first iteration of the first trial of the SOGA.

represents a candidate solution, which is randomly initialized 1379

with feasible values during the initial population. After each 1380

iteration of ℵgen, these initialized individuals are expected to 1381

converge to superior fitness values by applying the genetic 1382

operators of inheritance, selection, crossover, mutation and 1383

recombination, which also assist us in increasing the diversity 1384

of the solutions, so that the algorithm would not miss the 1385

improved solutions. Firstly, we create a fully connected, 1386

randomly and uniformly distributed WSN and obtain the 1387

distance matrix of it with the aid of coordinates of the sensors, 1388

as indicated on line 3 and 4 of Algorithm 2. Then, an initial 1389

population associated with ℵind = 48 individuals is created 1390

and each individual is associated with a route randomly 1391

selected from the fully connectedWSN, as shown on line 7–9 1392

of Algorithm 2 and in Table 10. Here, we only gather the 1393

route information of the individuals, but the RL objective 1394

function or synonymously the fitness function, is not eval- 1395

uated. Hence we have no knowledge of the fitness values 1396

for the corresponding individuals. Therefore, on line 10 of 1397

Algorithm 2 these routes are passed to the dual-simplex 1398

optimization function in conjunction with their respective 1399

distance matrices for the RL evaluation, where each RL eval- 1400

uation is characterized in terms of its fitness value. Hence, in 1401

our case each function call to the dual-simplex optimization 1402

function produces a fitness array consisting of the RL, the 1403

energy used per node and the transmit power per link utilized. 1404

The ℵind number of individuals (candidate solutions) are 1405

selected from population ϒk as the set of strongest individ- 1406

uals denoted by Gk . As the iterations (generations) progress, 1407

ϒ ′ is returned in conjunction with (2×ℵind ) individuals at the 1408

end of each generation. Therefore, the selection process8 of 1409

the strongest individuals guarantees having ℵind individuals 1410

8This selection process introduces elitism to SOGA, where the better
individuals from previous generations are carried over the next generations,
unchanged. Therefore, the solution quality will never decrease from one
generation to the next, since the best solution from previous generations is
kept throughout the next generations. This selection strategy is known as
elitist selection, which is not to be confused with the BTS.
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Algorithm 2 SOGA for Maximizing the NL Based on the Battery Level of the SN
Input: γ (target SINR)

τ (number of trials)
Einit (initial battery of each sensor in the WSN)
V (number of nodes)
(xmax × ymax)m2 (size of the sensor field starting from (0, 0) to (xmax , ymax))
κ (total number of RSS, while i indicates each of the RSS)
Tnet (network lifetime)
ℵgen (number of generations)
ℵind (number of individuals)
Prc (probability of crossover)
Prm (probability of mutation)

1: for i from 0 until κ do
2: for j from 1 until τ do
3: Create a fully connected, randomly and uniformly distributed network for V
4: dall ← Get distance matrix using coordinates of sensors lying on (xmax × ymax)m2

5: Tnet = 0← Set initial value of NL to zero per created network
6: function run(Einit , Tnet , γ )→ Start SOGA
7: create(ϒ0)← Create an initial population
8: ϒ0→ R← Create ℵind random routes for setting up the population
9: ϒ0→ TR = 0← Initialize the RL of each individuals in the population
10: dual-simplex(ϒ0→ R, dall, Einit , γ )→ Evaluate RL of ϒ0→ R
11: for k from 0 until ℵgen do
12: Gk ← get-strongest-ℵind (ϒk )
13: Fk ← get-ℵind/2-parents(Gk ), binary tournament selection
14: Ck ← get-ℵind/2-crossover-ℵind/4-by-ℵind/4(Fk ) using Prc
15: F′k ← get-ℵind/2-parents(Gk ), binary tournament selection
16: C′k ← get-ℵind/2-crossover-ℵind/4-by-ℵind/4(F′k ) using Prc
17: Ik ← complete-individuals-to-ℵind (Ck + C′k )
18: Mk ← mutate-individuals-get-ℵind (Ik ) using Prm
19: Lk ← remove-loops-of-ℵind (Mk )
20: dual-simplex(Lk → R, dall, Einit , γ )
21: ϒk+1← combine-populations-get-2× ℵind (Lk ,Gk )
22: end for
23: TR← Return the route lifetime of ϒ ′

ℵgen
→ R

24: ER← Return the energy usage per node of ϒ ′
ℵgen
→ R

25: PR← Return the transmit power per link of ϒ ′
ℵgen
→ R

26: TR← Obtain maximum TR
27: Rbest ← Reserve the best RL aware routes with TR
28: do while ESN > 0← NL strictly depends on the SN battery level
29: Tnet = Tnet + TR← Accumulate each RL value for building the NL
30: Rbest ← Select the best route using RSSi from Rbest for end-to-end transmission
31: Rfinal ← Copy Rbest to a final array for each iteration of RL.
32: Update the batteries of all sensors with ERbest to obtain Eresidual
33: return run(Eresidual, Tnet , γ )
34: end do
35: E2EB computation as between line 26 and 31 of the Algorithm 1
36: end for
37: end for
38: return averaged Tnet and worst case E2EB over τ trials for each RSS

for the current population associated with the strongest1411

attributes. The population Gk having ℵind individuals is ran-1412

domly divided into two halves each havingℵind/2 individuals1413

of the population Fk in order to find the parents based on 1414

the BTS, as illustrated in Table 11 for crossover operation 1415

on line 13. We note that in Table 11 each index value 1416
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TABLE 11. The indices of the selected parents after BTS operation of Pair1 and Pair2 in the first iteration of the first trial of the SOGA.

represents an individual. Despite the fact that the index of1417

48 individuals is uniquely divided into two pairs of Pair1 and1418

Pair2, the route information these individuals refer to can be1419

exactly the same. For example, in Fig. XI, the individuals 241420

and 30 are supposed to be different individuals due to their1421

unique index values. However, the route information of the1422

individuals 24 and 30 can be exactly the same. Nonetheless,1423

the genetic operations can be extended to a strategy for1424

creating arbitrary non-replicative individuals in the genetic1425

algorithm considered, which provides us with a potentially1426

faster convergence, since the algorithm is naturally forced1427

to provide a higher grade of diversity of solutions at the1428

initial stage. Note that BTS assists us in obtaining mod-1429

erately stronger parent individuals associated with better1430

fitness values for crossover operation. However, the BTS1431

cannot guarantee that the selected individuals will always be1432

stronger. More explicitly, in Table 11, Pair1 and Pair2 are1433

compared in terms of their fitnesses and the better individuals1434

are listed as ‘‘Parents’’. For example, individuals 24 and 301435

are compared in terms of their fitnesses and 24 is selected as1436

a better individual, since its RL evaluation produced a better1437

fitness value for its route information. However, the fitness1438

value of eliminated individual 30 for its route could have1439

been better than that of the next elected individual, namely 121440

in the current population Fk . Therefore, BTS can only1441

advocate the selection of fairly stronger individuals, while1442

maintaining a beneficial solution diversity, which prevents1443

early convergence by exploring much of the search-space.1444

On line 14 of Algorithm 2 (ℵind/2) individuals of1445

the population Fk are consecutively divided into two 1446

halves, each of which now contains ℵind/4 parent 1447

individuals. The pair sets of parent individuals, i.e. 1448

{(24, 12), (23, 3), (18, 8), . . . , (13, 34)} of Table 11, are then 1449

mated with the aid of the crossover operation as exemplified 1450

in Fig. 15 using Prc in order to create two child individuals, 1451

which may inherit attributes of both fairly strong parents 1452

selected by the BTS. Explicitly, assume that two consecutive 1453

arbitrary parents {. . . (1, 35) . . .} selected from Table 10 exist 1454

in the population Fk for the sake of illustrating the crossover 1455

operation in Fig. 15. At the instant of the crossover operation, 1456

we use a similar strategy to that of our work in [16], where a 1457

common sensor node is chosen for the crossover point in our 1458

scenarios considered. We assume that the parents Parent1 and 1459

Parent2 represent the individuals 1 and 35 of Fk , respectively. 1460

In this particular scenario, as illustrated in Fig. 15 the com- 1461

mon node is selected as 3 for both Parent1 and Parent2. Then, 1462

Child1 is created by the concatenation of the specific parts 1463

of the individuals representing the nodes leading up to and 1464

including the common node 3 from Parent1 with the nodes 1465

following 3 in Parent2 and similarly for Child2. Then, the 1466

newly created two sets of child individuals are merged to 1467

a total number of ℵind/4 + ℵind/4 = ℵind/2 individuals. 1468

However, to obtain the original population size of ℵind , 1469

lines 15 and 16 of Algorithm 2 are applied again as the 1470

operations on lines 13 and 14 of Algorithm 2.More explicitly, 1471

both BTS and the crossover operations are applied twice to 1472

the current population in order to obtain ℵind individuals of 1473

the population Ik , as indicated on line 17 of Algorithm 2. 1474

FIGURE 15. Crossover operation of parent individuals (1,35), where Parent1 and Parent2 represent individual
1 and 35 of Fk , respectively.
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FIGURE 16. Mutation operations of Child2, which is created by the
crossover operation of the parent individuals (1,35) of Fk .

Further clarifications concerning the changes of the popula-1475

tion size are provided in Fig. 17, while the genetic operators1476

continue to iterate from the initial population ϒ0 to the final1477

population ϒ′
k throughout k generations. Moreover, in our1478

scenarios a similar mutation method to that of our work1479

in [16] is applied to each sensor node (gene) lying on a route1480

of an individual (candidate solution, chromosome or route)1481

with the probability of Prm. In the implementation of the1482

mutation operator, three possible modifications are invoked1483

with equal probability, such as the node replacement, node1484

removal and node insertion. In case of node replacement,1485

the current node is replaced with a randomly selected node,1486

as shown in Fig. 16. In node removal, the current node is1487

removed from its route and the previous node is linked with1488

the latter node. In case of node insertion, a randomly selected1489

new node is inserted before the current node. After mutation1490

is applied to each individuals, any potential node repetitions1491

imposed are removed from each route in the interest of1492

improving the population-diversity.1493

IV. EXPERIMENTAL RESULTS1494

We consider a fully connected network associated with1495

V = {4, 5, 6, 7, 8, 10, 15, 20} nodes, where for example1496

V = 7 is composed of 326 and V = 10 is composed of1497

109, 601 distinct non-looping routes, as indicated in Table 3.1498

A fully connected network is considered, because it may have1499

an excessive number of links upon increasing the number of1500

sensor nodes, when we aim for investigating the complexity1501

of the distinct routes for a given WSN. Therefore, our imple-1502

mentation of a fully connected network may be applied to any1503

distributed network having more nodes, but with less number1504

of communicating links. Specifically, we consider a sensor1505

field of 40 × 40m2 for a WSN having V sensor nodes. The1506

SN and the DN are placed at the opposite corners of the sensor1507

field, where the SN is placed at the coordinate of (0, 0) and the1508

DN is located at the coordinate of (40, 40), which guarantees1509

having the longest distance between the SN and the DN at 1510

all time. This specific SN and DN placement is important, 1511

because a single-hop transmission from SN to DN is not a 1512

favorable option due to its highest transmit power required 1513

over the longest distance amongst all the other distinct routes. 1514

Therefore, the end-to-end transmission across the network is 1515

designed for the sake of NL maximization by the evaluation 1516

of the various routes across theWSN considered.We note that 1517

the experimental results of the NL are obtained for a continu- 1518

ous transmission scenario, termed as ‘continuous-time NL’. 1519

For brevity, we simply use the term ‘NL’ for ‘continuous- 1520

time NL’. On the other hand, in this paper the NL values 1521

are expected to be much higher than those of our previous 1522

papers [14] and [15] owing to the specific NL definition 1523

considered. Explicitly, in our previous papers [14] and [15] 1524

the NL was computed for a string topology, where the dis- 1525

tances are fixed, hence a sensor does not have the option of 1526

transmitting over another lower-dissipation route. However, 1527

in our scenario the SN is capable of exploiting alternative 1528

routes with the aid of a greedy-ED approach, by selecting the 1529

maximum RL-aware route for the end-to-end transmission 1530

in a fully connected WSN, where the aim is to carry the 1531

information generated at the SN to the DN until the SN 1532

battery is fully depleted. More explicitly, the accumulation 1533

of the maximum RL computed over the alternative routes 1534

provides us with a substantially extended NL, since the NL 1535

computation is composed of the summation of the several 1536

RL values, until the SN battery is fully depleted. Moreover, 1537

the maximum affordable transmit power of each node is set 1538

to (Pi)max = 0.01W, as in the IEEE Standard 802.15.4 [54]. 1539

We consider an AWGN channel, which is defined by a certain 1540

propagation path loss model having the path loss exponent 1541

of m = 3 and a fixed noise power of N0 = −60dBm at 1542

the receiver. Since the sensors communicate over the same 1543

shared channel, we utilize a TDMA based scheduling scheme 1544

we defined in Section II-A, namely the SPTS with T = 3, 1545

where each link relies on a TDMA frame consisting of 1546

N = 3 TSs. The target SINR thresholds per link are defined 1547

as γ = {0, 0.5, 1, . . . , 9, 9.5, 10}dB in order to investigate 1548

the NL performance of the WSN considered, where each link 1549

operates over different sets of target SINR values. Each sensor 1550

is equipped with an AAA long-life alkaline battery having 1551

the capacity of 5000J. For convenience, we summarize the 1552

system parameters used in our simulations in Table 12. In all 1553

scenarios of the SOGA, we set ℵind = 48. These parameters 1554

are utilized in each iteration of the RL computation for each 1555

NL trial and the NL is averaged over τ = 5000 trials. 1556

We use the number of CFEs to measure the complexity by 1557

accumulating each fitness evaluation call to the dual-simplex 1558

function, until a NL value is calculated by the ESA and SOGA 1559

described in Algorithm 1 and Algorithm 2, respectively. 1560

In some of our analysis, the target SINR value or RSS is not 1561

specified, because we only compare the complexity of the 1562

algorithms. Therefore, as an example we choose the results 1563

of γ = 0dB and/or RSS-LTED, unless stated otherwise. 1564

For example, for any SINR value other than γ = 0dB, 1565
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FIGURE 17. Illustration of the changes in the population size, while the genetic operations iterate.

we observe the same complexity for the same algorithm,1566

hence the number of CFEs is independent of both the target1567

SINR value and of the RSS.1568

A. DIFFERENCE WITH RESPECT TO THE1569

OPTIMAL NL VERSUS COMPLEXITY1570

The optimality analysis of the SOGA is provided in1571

Fig. 18 for the sake of NL maximization, while considering1572

ℵgen = {3, 12} generations for V = {4, 6} sensor nodes,1573

as well as ℵgen = {3, 15, 18} generations for V = 81574

sensor nodes, and ℵgen = {9, 21, 24} generations for1575

V = 10 sensor nodes. The target SINRs are set to1576

γ = {0, 0.5, 1, . . . , 9, 9.5, 10}. Note that here we consider1577

the NL achieved by the RSS-LTED, but the other RSSs also1578

exhibit similar trends. It is observed that for a lower number1579

of nodes the convergence to the optimal NL can be readily1580

obtained with the aid of a lower number of generations. 1581

For example, in Fig. 18 we can see for V = 4 that the 1582

NL results always match the optimal NL values after a few 1583

generations. Therefore, for V = 4 this emphasizes that 1584

there is no further improvement in the NL results upon 1585

increasing Ngen, which would introduce unnecessary addi- 1586

tional complexity. However, upon increasing V , increasing 1587

the complexity becomes inevitable for the sake of attaining 1588

the optimal NL. For instance, for V = 6 there is a slight 1589

reduction in the performance of the SOGA for ℵgen = 3, 1590

when aiming for attaining the optimal NL obtained using the 1591

ESA. For a fixed number of generations, such as ℵgen = 3, 1592

the gap between the optimal and the suboptimal NL values 1593

further increases upon increasing V . This is because the num- 1594

ber of distinct non-looping routes exponentially increases, 1595

as indicated in Table 3. Hence obtaining a near-optimal NL 1596

necessitates investing a higher computational complexity, 1597
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TABLE 12. System parameters utilized in our simulations.

where a higher ℵgen is required. For example, for V = 10 the1598

difference between the NL solutions for various ℵgen values1599

is significant, especially for ℵgen = {9, 21}. This is because1600

the SOGA leads to a suboptimal NL at a reduced complexity,1601

i.e. for V = 10 and ℵgen = 9, whereas the SOGA is capable1602

of approaching the optimal NL value, which is only possible1603

at the cost of a higher complexity, i.e. for V = 10 and1604

ℵgen = 21. Therefore, the complexity versus the discrepancy1605

with respect to the optimal NL plays a significant role in1606

characterizing the system model considered, which will be1607

discussed later in this section. Nonetheless, when the WSN1608

operates at SINR = 2dB, a NL improvement of approxi-1609

mately 45,000hrs is achieved with the aid of an additional1610

sensor node, for example when a 5th sensor is admitted to1611

the 4-node fully connected WSN or a 6th sensor node is1612

admitted to the 5-node fully connected WSN and so on.1613

However, the NL improvement is reduced to about 5,500hrs,1614

when the WSN operates at SINR = 10dB for the system1615

model considered. Another significant finding is that to 1616

obtain a near-optimal NL when V increases, we have to 1617

increaseℵgen, which in turn increases the computational com- 1618

plexity imposed. The ESA is considered as the best possible 1619

solution for the NL evaluation, which is an upper bound to 1620

the true NL attained by the SOGA. In Fig. 19, the SOGA is 1621

seen to be capable of achieving the optimal NLwith the aid of 1622

ℵgen = 3 for V = {4, 5}. However, the V = {6, 7, 8, 10} sce- 1623

narios require a larger ℵgen for approaching the optimal NL. 1624

For example, when consideringV = {6, 7}, the SOGA is only 1625

capable of achieving suboptimal NL solutions for ℵgen = 3, 1626

but when we have ℵgen = 6, the NL becomes near-optimal 1627

for V = 6 and for ℵgen = 9 the NL gap with respect to 1628

the ESA benchmark becomes extremely small for V = 7. 1629

Therefore, in the following investigations, we consider that 1630

for V = {4, 5} using ℵgen = 3, for V = 6 using ℵgen = 6, for 1631

V = 7 using ℵgen = 9, for V = 8 using ℵgen = 15 and for 1632

V = 10 using ℵgen = 21 constitute an attractive compromise, 1633
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FIGURE 18. The NL of the SOGA invoked for the sake of NL maximization
considering various parameter values of ℵgen, γ and V .

FIGURE 19. ESA as an upper bound for the true NL compared to the NL of
SOGA for various ℵgen and V values.

when aiming for obtaining a near-optimal NL value at the cost1634

of a reasonable complexity.1635

B. NL PERFORMANCE OF VARIOUS RSSs1636

USING THE ESA AND SOGA1637

Fig. 20 characterizes the NL of the RSSs of ESA considering1638

various V and γ values. As mentioned in Section III-B2,1639

RSSs are introduced due to multiple routes having the same1640

FIGURE 20. NL of different RSSs in the ESA for various V and γ values.

maximum RL. Therefore, the selection of the route in this 1641

stage plays a significant role in determining the NL, because 1642

the best route selected will be utilized for the end-to-end 1643

transmission and therefore the battery of the sensors utilized 1644

is correspondingly drained and updated for the next iteration. 1645

For a lower V , such as for example V = 4, the differences 1646

between the RSSs are negligible. However, for V = 7 we 1647

only have small differences in the NL of the RSSs considered. 1648

This is because there are many distinct non-looping routes for 1649

the fully connected network composed of a higher number of 1650

nodes V , and hence the probability of having a variety of best 1651

routes in each iteration of RL computations is high in terms 1652

of the LTED, LNOH, LRBAT and RANR. For example, for 1653

V = 7 at SINR of 2dB the optimal NL for RSS-LTED is 1654

the highest, followed by RSS-LRBAT, then RSS-RANR and 1655

finally, RSS-LNOH. We expect that the NL of RSS-LRBAT 1656

and RSS-LTED becomes moderately better than the other 1657

two RSSs owing to their energy awareness. More explicitly, 1658

RSS-LTED is based on the least total ED of the route, while 1659

RSS-LRBAT relies on the SN’s battery level. Therefore, we 1660

observe that in our scenarios RSS-LRBAT and RSS-LTED 1661

typically outperform RSS-RANR and RSS-LNOH in terms 1662

of their NL, which can be readily seen in Fig. 20 and Fig. 21. 1663

Specifically, when a higher number of nodes V is considered, 1664

the difference in NL can be readily observed. 1665

Rather than providing the NL results associated with all 1666

ℵgen values for different WSNs composed of V sensor nodes, 1667

as previously mentioned, we only consider the near-optimal 1668

NL characteristics of SOGA associated with their near- 1669

optimal ℵgen choices, as indicated in Fig. 21. It becomes clear 1670

in Fig. 21 that for the near-optimal ℵgen choices and for their 1671

respectiveWSNs composed of V sensor nodes, the maximum 1672
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FIGURE 21. NL of different RSSs in the SOGA for various V and γ values.

NL attained by SOGA approaches that of its benchmark1673

NL values, as illustrated in Fig. 19. We observe that similar to1674

Fig. 20 a near-optimal NL is obtained for the corresponding1675

RSSs by SOGA in Fig. 21.1676

C. THE NL VERSUS COMPLEXITY TRADE-OFF1677

The NL versus routing complexity trade-off plays a signif-1678

icant role in characterizing the system model considered.1679

It will be demonstrated that SOGA is capable of achieving1680

a near-optimal NL in conjunction with ℵgen = 15 at a1681

much lower complexity for a WSN having V = 8 nodes,1682

as illustrated in Fig. 19. Furthermore, SOGA is capable of1683

finding route resulting in a near-optimal NL value for a1684

WSN consisting of V = 10 nodes. Here, due to the high1685

computational complexity of ESA, the optimal NL achieved1686

by the ESA is not provided for WSNs having V > 8 nodes,1687

which consist of more than 1,957 distinct non-looping routes.1688

One may think that increasing V from 8 to 10 imposes an1689

insignificant change in complexity. However, in our scenar-1690

ios we consider the distinct non-looping routes of a fully1691

connected WSN, which leads to an exponential increase1692

in the computational complexity. Correspondingly, increas-1693

ing V from 8 to 10 increases the number of distinct non-1694

looping routes from 1,957 to 109,601, which is a substantial1695

escalation of the computational complexity, and whilst the1696

SOGA can cope with it, the ESA cannot. The computational1697

complexity of both the ESA and SOGA is proportional to the1698

average number of CFEs required for the computation of a1699

specific NL value. Therefore, the attainable NL associated1700

with their required number of CFEs is illustrated in Fig. 22.1701

More explicitly, the convergence of the computed NL to the1702

optimal achieved at the cost of the complexity required by the1703

FIGURE 22. The NL versus complexity of SOGA for a WSN composed
of V sensor nodes.

SOGA can be readily seen from Fig 22, which also explains 1704

the optimal choices of ℵgen provided in Fig. 21. Note that 1705

in Fig 22, the vertical points of the different markers represent 1706

the computed NL value for each ℵgen, which is incremented 1707

by 3 from left to the right for each fully connected WSN 1708

composed of V nodes. In terms of the attainable NL, increas- 1709

ing ℵgen from 3 to 12 with intervals of 3 for V = {4, 5} does 1710

not improve the NL, but imposes unnecessary complexity, 1711

while the NL of the V = {6, 7} scenarios barely improves 1712

upon increasing ℵgen from 3 to 12. However, the V = 10 1713

scenario results in a significant NL improvement for each 1714

increase of ℵgen from ℵgen = 3 to ℵgen = 21, when it is 1715

seen to converge to its optimal NL value at ℵgen = 21. 1716

The number of CFEs required for the NL computation by 1717

the ESA and SOGA for V number of nodes is illustrated 1718

in Fig. 23, where the NL of SOGA is computed for each of 1719

the ℵgen values considered. For each fully connected WSN 1720

composed of V nodes, the number of CFEs required for 1721

achieving the optimal NL can be compared to that of ESA 1722

as an upper bound to the true NL. We also illustrated in 1723

Fig. 23 number of the CFEs required for attaining the near- 1724

optimal NL for each WSN composed of V sensor nodes. 1725

Moreover, Fig. 23 illustrates that the ESA outperforms the 1726

SOGA for V ≤ 7, when aiming for near-optimal NL values. 1727

This is a benefit of the higher number of individuals 1728

ℵind = 48 evaluated in each iteration of ℵgen. Therefore, in 1729

each iteration of the RL computation, the routes represented 1730

by the ℵind = 48 individuals are evaluated and this requires 1731

at least 48 CFEs. Note that a single NL computation may 1732

require a few RL computation iterations, hence it may lead 1733

to a higher number of CFEs. However, in the least complex 1734
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FIGURE 23. Complexity analysis of the ESA and the SOGA for V nodes,
given ℵgen for the SOGA.

scenario, where a single iteration of RL computation fully1735

drains the SN battery and produces the NL value, 48 CFEs1736

will be required, which already necessitates a larger number1737

of CFEs than in the scenarios of V ≤ 7 for the ESA.1738

In Fig. 23, we can observe that V = 7 is the point, where1739

the computational complexity of the ESA is similar to that1740

of the SOGA and increases exponentially, when V > 7.1741

Therefore, we may conclude that the SOGA imposes a lower1742

complexity than the ESA for WSN having V > 7 nodes.1743

For example, observe in Fig. 23 that the SOGA is capable1744

of finding a near-optimal NL for V = 8 at a 2.56 times1745

lower complexity than the ESA. Another important conclu-1746

sion is that the complexity imposed by finding the near-1747

optimal NL values in SOGA increases near-linearly upon1748

increasing V , whereas the complexity of spotting the optimal1749

NL values in the ESA increases exponentially. For exam-1750

ple, the complexity of the optimal NL, when moving from1751

V = 6 to V = 7 in the SOGA is provided in Fig. 23, where1752

the number of CFEs is increased 1.58 times. Similarly, the1753

complexity of the optimal NL upon extending the network1754

from V = 7 to V = 8 in the SOGA is increased 1.70 times.1755

We expect this gap to be much larger for the ESA due to1756

its exponentially increasing complexity. For example, upon1757

extending the network from V = 6 to V = 7 the complexity1758

is increased by a factor of 5.46, whereas the complexity of1759

obtaining the optimal NL for V = 8 is increased 6.46 times1760

compared to V = 7. The scenario of V = 10 characterized1761

in Fig. 23 and associated with different vertically stacked1762

markers representing the ℵgen = {3, 6, 9, 12, 15, 18, 21}1763

generations incremented by 3 from bottom to the top cor-1764

responds to the line associated with the star marker at the1765

top in Fig. 22, which commences from 40 × 104hrs of NL1766

with ℵgen = 3 and converges to 55× 104hrs of near-optimal 1767

NL in conjunction with ℵgen = 21. Therefore, one can read- 1768

ily observe that the ‘‘Near-optimal NL’’ points are selected 1769

in Fig. 23 based on their convergence to the near-optimal 1770

NL values extracted from Fig. 22. For example, convergence 1771

to the optimal NL at ℵgen = 21 for the V = 10 scenario can 1772

be clearly seen from Fig. 22, which is explicitly marked as the 1773

‘‘Near-optimal NL’’ point in Fig. 23 by a diamond-marker. 1774

D. E2EB VERSUS SINR PERFORMANCE PER WSN 1775

In this section, we provide the E2EB versus SINR per- 1776

formance analysis of the WSNs operated with the aid of 1777

uncoded BPSK and a 1/2-rate CC hard-decoded as well as 1778

soft-decoded QPSK scheme communicating over an AWGN 1779

channel. Fully connected WSNs consisting of V = 1780

{4, 10} nodes for the SOGA are considered for various RSSs 1781

in Figs. 24a–24b, respectively. In all scenarios of SOGA, the 1782

E2EB is the lowest for 1/2-rate-CC soft-decoded QPSK at a 1783

given SINR value, which can be seen from Figs. 24a–24b. 1784

The E2EB of the system model considered slightly decreases 1785

upon increasing V , which is due to the higher chances of 1786

selecting a longer hop for the end-to-end transmission, yield- 1787

ing more accumulated bit errors during the passage of the 1788

message through to the DN. Furthermore, in most of the sce- 1789

narios, especially for lower V values, RSS-LNOH performs 1790

slightly better in terms of its E2EB performance compared 1791

to the other RSSs. The main reason behind this is a natural 1792

consequence of using RSS-LNOH as a delay-aware scheme, 1793

which relies on the route having the lowest number of hops. 1794

Consequently, on the routes, where each link operates at the 1795

same SINR, less bit errors are accumulated over less hops. 1796

Another important point is that for a higher V , e.g. V = 10 1797

the E2EB curves overlap in Fig. 24b, which means that the 1798

difference between the E2EB performances of the RSSs is 1799

barely noticeable. The fundamental reason behind this is that 1800

for a higher V having a larger number of distinct routes, the 1801

probability of requiring a RSS is low, because the chance of 1802

having only a single route associated with the maximum NL 1803

is extremely high. More explicitly, there may only be a single 1804

route having the maximum NL or routes having the same 1805

number of hops. Therefore, RSSs will always provide the 1806

same E2EB due to the selection of the specific route having 1807

the same number of hops in each RL iteration. Consequently, 1808

the E2EB performancewill be similar, regardless of the RSSs. 1809

In Figs. 24a–24b, we note that ESA and SOGA perform 1810

identically within the measurement error of each other. 1811

E. E2EB VERSUS SINR PERFORMANCE FOR RSS-LTED 1812

Here, we consider the E2EB versus SINR performance anal- 1813

ysis of various WSNs composed of V sensor nodes operating 1814

with the aid of uncoded BPSK, a 1/2-rate CC hard-decoded 1815

as well as soft-decoded QPSK MCSs communicating over 1816

an AWGN channel. Fully connected WSNs consisting of 1817

V = {4, 6, 8, 10} nodes in the SOGA are considered for 1818

only RSS-LTED in Fig. 25. Explicitly, Fig. 25 illustrates the 1819

E2EB performance upon increasing the number of nodes. 1820
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FIGURE 24. E2EB versus SINR performance of MCSs for each RSSs of SOGA using ℵgen generations specifically chosen for the corresponding
WSN having V nodes. (a) For ℵgen = 3 and V = 4. (b) For ℵgen = 21 and V = 10.

At the same SINR value, the highest E2EB belongs to the1821

WSN composed of V = 10 nodes in the SOGA compared1822

to the WSNs consisting of a lower number of nodes. One1823

of the main reasons behind this is that the WSNs com-1824

posed of larger number of nodes have a higher chance of1825

achieving the maximum RL with the aid of the best route1826

FIGURE 25. E2EB versus SINR performance of MCSs for each WSNs
composed of V sensor nodes considering RSS-LTED in SOGA.

having longer hops in each iteration of the RL computation. 1827

The other main reason is that of relying on the worst-case 1828

E2EB computation strategy.We select the final route amongst 1829

the best routes obtained by each RL computation providing 1830

the longest hop. More explicitly, let us assume that the NL 1831

computation requires three iterations for RL computation. 1832

Then, each iteration provides us both with its best route and 1833

with the associated RL value, depending on the RSS. Once 1834

three iterations have been completed, the E2EB of these 1835

three best routes is calculated, respectively and the route that 1836

provides us with the worst E2EB value is selected, since we 1837

aim for finding the upper bound of the E2EB for the WSN 1838

considered. Here, the selection of theworst E2EB requires the 1839

selection of the route associated with the longest hop due to 1840

the specific nature of the E2EB computation. Therefore, the 1841

selection of the route having the worst-case E2EB requires 1842

longer hops, which in return yields higher E2EB for larger 1843

networks, as illustrated in Fig. 25. We note in the context of 1844

Fig. 25 that ESA and SOGA perform identically within the 1845

measurement error. 1846

F. AVERAGE NL VERSUS E2EB PERFORMANCE PER WSN 1847

The average NL versus E2EB trade-off is of salient impor- 1848

tance, since it characterizes the QoS of the system model 1849

considered. In this section, we provide the average NL 1850

versus E2EB performance analysis of the WSNs operated 1851

with the aid of uncoded BPSK, a 1/2-rate CC hard-decoded 1852

as well as soft-decoded QPSK MCSs communicating over 1853

an AWGN channel. The fully connected WSNs composed 1854

of V = {4, 5, 6, 7} nodes for the ESA and V = 10 nodes 1855
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FIGURE 26. Average NL versus E2EB performance of MCSs for each RSSs of ESA in a fully connected WSN having V = {4,5,6,7} nodes. (a) For V = 4.
(b) For V = 5. (c) For V = 6. (d) For V = 7.

for the SOGA are considered for various RSSs1856

in Figs. 26a–26d and Fig. 27, respectively. The E2EB per-1857

formance of the 1/2-rate CC soft-decoded QPSK MCS1858

is better than any of the other MCSs in all scenarios1859

of both the ESA and the SOGA. For example, in the1860

V = 4 scenarioof ESA, at the same E2EB of 10−3,1861

approximately 4 × 104hrs of NL gain is achieved by the1862

1/2-rate CC soft-decoded QPSK MCS compared to uncoded 1863

BPSK and nearly 2.4 × 104hrs of NL gain compared to 1864

the 1/2-rate CC hard-decoded QPSK MCS. For an E2EB 1865

of 10−3, the NL gain of 1/2-rate CC soft-decoded QPSK 1866

MCS for the V = 5 scenario is increased to approxi- 1867

mately 6× 104hrs compared to uncoded BPSK and to about 1868

4 × 104hrs compared to 1/2-rate CC hard-decoded 1869
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FIGURE 27. Average NL versus E2EB performance of MCSs for each
RSSs of SOGA using ℵgen generations specifically chosen for the
corresponding WSN having V = 10 nodes.

QPSKMCS. The NL gain further increases upon introducing1870

additional sensor nodes, namely for a V = 6 scenario1871

approximately to 8 × 104hrs of NL compared to uncoded1872

BPSK and to about 5×104hrs compared to 1/2-rate CC hard-1873

decoded QPSKMCS. Similarly, for V = 7 this gain increases1874

to about 10 × 104hrs of NL compared to uncoded BPSK1875

and to about 7 × 104hrs of NL compared to the 1/2-rate CC1876

hard-decoded QPSKMCS. Since the NL results converged to1877

their optimal values under the SOGA, the E2EB performance1878

of the ESA seen in Figs. 26a–26d and that of the SOGA1879

recorded for the scenarios having the same number of nodes1880

perform identically within the measurement error. Therefore,1881

the E2EB performance analysis of ESA provided for1882

V = {4, 5, 6, 7} nodes is also carried out for the1883

corresponding SOGA scenarios. Finally, for the V = 101884

scenario of the SOGA, as illustrated in Fig. 27, a NL gain 1885

of 17 × 104hrs is attained compared to uncoded BPSK and 1886

10 × 104hrs compared to 1/2-rate CC hard-decoded QPSK 1887

MCS at the same E2EB of 10−3. Note that wewere not able to 1888

generate the NL versus E2EB performance curves forV = 10 1889

for the ESA due to its excessive computational complexity. 1890

We may conclude that the average NL versus E2EB trade- 1891

off for the various RSSs and MCSs in the considered fully 1892

connected WSNs composed of V sensor nodes provides 1893

the network designer with insights concerning the interplay 1894

between the NL and E2EB, depending on the application 1895

considered. 1896

V. APPLICATION SCENARIOS 1897

Our NL maximization approach significantly extends the 1898

lifetime of the WSN considered, compared to our previous 1899

studies in [14] and [15]. Therefore, our NL maximization 1900

approach is particularly well-suited for the applications 1901

that require longer network connectivity and operations in 1902

military battlefields, inmonitoring climate changes and so on. 1903

For instance, the longevity of network operations in the 1904

military battlefield is crucial, since the hostile territory may 1905

become inaccessible and thus the battery of the sensors 1906

cannot be replaced. Therefore, a significant piece of infor- 1907

mation may be captured by a specific sensor and relaying its 1908

information to the base station is vital. More particularly, a 1909

specific sensor or a group of sensors that are located closer 1910

to the hostile targets may in fact carry the most significant 1911

information. Therefore, using these sensor(s) as the more 1912

significant sensor(s) and assuming that the rest of the sensors 1913

relay these significant pieces of information can conserve 1914

more energy and this can assist us in extending the NL, 1915

as described in our NL maximization technique. 1916

Another example of densely deployedWSNsmay be found 1917

in a football stadium, where each user carries a RFID sensor 1918

for health and safety reasons. Whenever a predefined thresh- 1919

old is exceeded, as exemplified by a high temperature, the 1920

information is relayed to the base station by hundreds of sen- 1921

sors. Again, only the most crucial information is transmitted 1922

TABLE 13. The number of CFEs required for the convergence of the ESA and SOGA for different V values and for the RSS-LTED only.
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FIGURE 28. Discrepancy from the ESA as a benchmark of the NL, upon increasing V .

to the base station by selecting the most lifetime-efficient1923

route amongst thousands of potential alternative routes.1924

Nonetheless, there are numerous other applications [3], [4]1925

for the employment of our NL maximization framework,1926

including environmental monitoring [56], surveillance [57],1927

smart water quality monitoring, smart environment sens-1928

ing, smart metering, smart agricultural applications, health1929

monitoring and smart cities [58], just to name a few.1930

VI. SUMMARY AND CONCLUSIONS1931

In this paper, the NL maximization of interference-limited1932

fully connected WSNs composed of V nodes associated with1933

a single source and destination is considered, where the SN1934

and the DN are located at the opposite corners of the sensor1935

field of Fig. 11 to ascertain the longest distance between1936

them, so that the system model guarantees the utilization1937

of alternative routes for the end-to-end transmission. The1938

information to be transmitted is only generated at the SN and1939

the aim of the system model considered is to carry the SN’s1940

information to the DN via the relays, which are also capable1941

of decoding and forwarding the information relayed. For the1942

sake of mitigating the interference, we use the SPTS TDMA1943

scheduling method, where on each route a node can only1944

interfere with another node at the distance of T , if they are1945

scheduled during the same TS. Moreover, each sensor node is1946

equippedwith a limited battery capacity andwe only consider1947

the transmit power as the main ED factor. Moreover, the1948

E2EB constituting the worst-case BER of the fully connected1949

WSN considered is formulated in (3) for uncoded BPSK,1950

1/2-rate CC hard-decoded and soft-decoded QPSK MCSs,1951

as described in Section II-B. Naturally, the NL versus E2EB1952

performance can be obtained for any arbitrary MCSs. In the1953

system model described in Section II, we proposed the ESA1954

and the SOGA for solving the linear optimization problem 1955

formulated for each route given by (8)–(11) in Section III-A. 1956

Note that the ESA finds the optimal NL, where the best possi- 1957

ble NL can be achieved by checking all the possible solution 1958

candidates of the entire solution search space, which the NL 1959

performance of the SOGA is benchmarked against. However, 1960

the SOGA is designed in a way that it can intelligently search 1961

through a limited fraction of the solution space using genetic 1962

operators. Since the NL is strictly dependent on the battery 1963

level of the SN, it is described in two stages; first stage is 1964

responsible for the computation of the RL, until the SN fully 1965

drains its battery, because the system model is only subjected 1966

to the end-to-end transmission of the information generated 1967

at the SN with the aid of the maximum-RL-aware routes. The 1968

second stage is involved in the accumulation of RLs during 1969

the iterations of the RL computation, until the SN battery 1970

is fully depleted. Thus, the NL computation may consist of 1971

a few RL computation iterations, where in each iteration 1972

the best route is selected from the set of routes having the 1973

maximum RL for end-to-end transmission. This selection 1974

process may rely on several criteria, which are described 1975

as the set of RSSs methods constituted by the RSS-LTED, 1976

RSS-LNOH, RSS-LRBAT, RSS-RANR of Section III-B2. 1977

The computation of the NL in such networks may be 1978

challenging due to its computational complexity for a largeV , 1979

which might result in numerous alternative routes that have 1980

to be evaluated in terms of their RL. Moreover, considering 1981

the exponential increase of the number of distinct routes upon 1982

increasing the number of nodes, an algorithm associated with 1983

a much reduced complexity is required for NL maximiza- 1984

tion. Therefore, the SOGA of Section III-B5 was introduced 1985

for circumventing the shortcomings of the ESA for larger 1986

network sizes. Upon using the parameter values of Table 12 1987
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discussed in Section IV, an approximately 45,000hrs of1988

NL gain is attained for the WSN considered, when operating1989

at SINR = 2dB by inserting an additional sensor node into1990

a WSN having an arbitrary size. This NL gain is reduced to1991

about 5,500hrs, when the WSN operates at SINR = 10dB.1992

We also observed that for V ≤ 7 using the ESA is a better1993

option due to its lower computational complexity at a specific1994

target-performance. Observe fromTable 13 that forV = 7 the1995

computational complexity of the ESA and SOGA is similar.1996

As illustrated in Fig. 28, the NL discrepancy of the SOGA1997

with respect to the optimal NL value of the ESA is as low1998

as 3.17%, which corresponds to 1.07 × 104hrs of NL.1999

We say that the NL is converged to its optimal NL value,2000

if the NL discrepancy is less than 3.5%. For example, in the2001

V = 8 scenario the NL gap of the SOGA with respect to the2002

upper bound ESA is 3.02%. Hence, in the V = 8 scenario2003

of Fig. 19 the NL computed by the SOGA becomes near-2004

optimal at a 2.56 times lower complexity compared to the2005

ESA. Nonetheless, observe in Fig. 23 that the SOGA imposed2006

a lower complexity than the ESA for anyWSN havingV > 7.2007

For convenience, Table 13 summarizes the computational2008

complexity of both the ESA and SOGA imposed for different2009

V values, when relying on the RSS-LTED. Again, the conver-2010

gence of SOGA to a near-optimal NL value is achieved at a2011

much reduced complexity.2012

Furthermore, observe in Figs. 20 and 21 that both2013

RSS-LTED and RSS-LRBAT have a higher NL owing to their2014

energy-awareness compared to the other RSSs. Additionally,2015

as illustrated in Figs. 24a–24d, RSS-LNOH tends to exhibit2016

a better E2EB performance than the other RSSs due to its2017

delay-awareness, which naturally results in the accumulation2018

of less bit errors as a benefit of selecting the route hav-2019

ing the least number of hops. However, one can conclude2020

that since the objective function is formulated for achieving2021

RL maximization, the RSSs presented attain a similar NL.2022

More explicitly, as long as the RL is maximized, any route2023

associated with the maximum RL amongst the routes having2024

the same maximum RL can be selected for the end-to-end2025

transmission. On the other hand, the decision concerning the2026

route selection significantly affects the E2EB performance,2027

since the computation of the E2EB strictly relies on the2028

number of hops and the MCSs considered.2029

Nonetheless, the 1/2-rate CC soft-decoded QPSK MCS2030

outperforms the other MCSs in all scenarios for the ESA2031

and SOGA. For example, in the V = 4 scenario of the2032

ESA, at the same E2EB of 10−3 the 1/2-rate CC soft-decoded2033

QPSKMCS achieves an approximately 4×104hrs of NL gain2034

compared to uncoded BPSK and nearly 2.4 × 104hrs of NL2035

gain compared to the 1/2-rate CC hard-decoded QPSKMCS.2036

This gain is further increased upon increasing the number of2037

nodes.Moreover,WSNs composed of larger number of nodes2038

result in higher E2EB. The main reason for this is that the2039

route selection strategy associated with the worst-case E2EB2040

requires longer hops, which in return yields a higher E2EB2041

for larger networks. Another reason is that WSNs composed2042

of larger number of nodes have a higher chance of achieving2043

the maximum RL with the aid of the best route having longer 2044

hops in each iteration of the RL computation. 2045
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