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Statistical Normalization for a Guided Clustering
Type-2 Fuzzy System for WSN
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Abstract—One of the main concerns in Wireless Sensor
Networks is the efficient energy management of the nodes.
Hierarchical techniques such as clustering have been devel-
oped in an effort to solve this problem. In this paper we present
a smart evolution of a distributed clustering method that
uses a turn-based scheduling cluster head selection process
based on an interval Type-2 fuzzy system. The method we
propose offers four main improvements. First, the setup
process guided by the Base Station is adapted to tune the
skip parameter during the network lifetime, which controls
how many rounds the clusters are not updated. Second, the
normalization of the fuzzy system input variables is carefully
performed based on a statistical analysis to reduce the effect
of fluctuations in edge values. Third, the value of the coefficient applied to the output of the inner Type-2 fuzzy system
is updated to balance the number of cluster heads at early stages. Finally, only the strongest candidate nodes, those
with the highest probability, are selected to become cluster heads. The proposed design and scheduling aim to achieve
low-energy processing in the nodes. When our proposed techniques are applied, they give better results compared with
other similar approaches.

19 Index Terms— Wireless sensor networks, clustering, dynamic, normalization, Type-2 fuzzy systems.

I. INTRODUCTION20

W IRELESS sensor networks (WSNs) are now present in21

multiple applications linked to environmental monitor-22

ing, health monitoring, forest fire prevention, urban applica-23

tions and military surveillance [1]. Wireless sensor networks24

are made up of numerous electronic devices known as nodes,25

which are connected solely by a wireless channel. In the26

interest area, nodes are used to sense certain magnitudes (e.g.27

temperature or humidity). These measurements are gathered by28

the nodes and sent to a special node, called the Base Station29

(BS), which processes the information received. In most WSN30

applications, the main problem is the energy consumption and31

lifespan of the nodes caused by finite power resources (mainly32

batteries), which are usually very difficult, or even impossible,33

to recharge or replace. These energy constraints require tech-34

niques that reduce power consumption in the nodes. Efficient35

communications management is the most important technique36
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because the transmission and reception of data consume the 37

most energy in a node. Several strategies have been proposed 38

to cope with this. Clustering, resource allocation, opportunis- 39

tic transmission, sleep-wake scheduling, routing, hierarchical 40

formation, data gathering and optimal node deployment are 41

the main approaches [2]. Clustering is based on a hierarchical 42

structure in which some nodes, referred to as the Cluster Heads 43

(CH), gather data from the nodes in their group or cluster. The 44

CH sends only one aggregated message per cluster to the BS. 45

By gathering data into a single message, the mean distance 46

that the transmissions must cover is reduced. In turn, their 47

associated energy consumption also decreases. 48

To increase the lifespan of the whole network, nodes that 49

act as CHs must change during the network lifetime [3], 50

because if the same nodes carry out this function for a long 51

time they will deplete their batteries much faster than other 52

nodes. Selecting active CHs in a WSN is therefore extremely 53

important, as it can impact the network’s reliability. CHs 54

can be selected according to a centralized or a distributed 55

approach. To select the CHs, the BS (in a centralized mode) or 56

the nodes (in a distributed mode) can execute different types of 57

algorithms: using turn-based approaches; randomly; based on 58

a mathematical formulation; by a computational intelligence 59

technique; or using any combination of these. Some of the 60

best techniques to select the active CHs are those based 61

on Fuzzy Rule Based Systems (FRBS) [4], [5] because of 62

the complex mathematical models that govern these types of 63
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systems. In particular, Interval Type-2 Fuzzy Systems (IT2FS)64

can cope with the high level of uncertainty in their inputs [6].65

The inputs of these systems must be in the [0-1] interval to66

be properly combined, so they are usually pre-processed with67

a normalization.68

The contributions of this paper are a set of four improve-69

ments to the formerly proposed Distributed Clustering Algo-70

rithm Guided by Base Station (DCAGBS) [7]. The first71

modification relies on an optimized normalization of the72

input variables of the IT2FS that is run by each node in73

DCAGBS. In particular, we perform a statistical and local74

analysis for this task, but using information inferred from the75

other nodes’ state. We have designed the statistical functions76

to achieve more effective nodes that consume less energy.77

Also, in DCAGBS the CHs are selected in a distributed mode,78

but the same selected CHs are used for a number of rounds79

defined by the ski p, which is dynamically set and announced80

by the guiding BS. Building on this, we will improve the81

network performance by judiciously setting the ski p parameter82

in some important moments of the network lifespan. The third83

contribution is the addition of a competition phase to select84

only the best CHs among those candidate nodes that are most85

likely to become a CH which avoids definitively the selection86

of bad CHs that could reduce the network lifetime. The fourth87

update is the new value for the coefficient that is applied to88

the output of the IT2FS that each node runs. This update89

reduces the probability of a node becoming a candidate at90

early stages when most nodes have full batteries and achieve91

high outputs for the IT2FS. Thus, less node become CHs92

and the energy spent in the process is balanced in a better93

way. These four actions define the contributions of this paper94

and enable the WSN to extend its operative lifetime from the95

initial version. Indeed, these changes significantly improve96

the lifespan of the whole WSN compared with DCAGBS,97

as we shall demonstrate. We apply the proposed techniques98

to a smart evolution of DCAGBS referred to as Statistically99

Adaptive with Enhanced normaliZation (SAEZ), but these100

techniques may also be valid for other similar clustering101

algorithms.102

The rest of the paper is organized as follows: the next103

section gives details of related work, followed by a description104

of the proposed clustering algorithm in Section III. Simulation105

results are analyzed in Section IV. Finally, Section V con-106

cludes.107

II. RELATED WORK108

Clustering methods for WSNs can be divided into two109

categories according to the procedure by which the CH110

is selected: stochastic, and computational intelligence-based.111

In stochastic methods, the CHs are selected based on a112

mathematical function that computes the probability of a node113

becoming a CH. That probability is then compared with a114

random number in order to make a final decision on whether115

or not the node is a new CH. Alternatively, those based on116

computational intelligence [8] use intelligent systems such117

as FRBS, evolutionary systems (e.g. genetic algorithms) or118

particle swarm optimization systems to determine whether a119

node is suitable to become a CH. It is also common for120

the output of those intelligent systems to correspond to the 121

probability of a node becoming a CH [4], [5] [9]. 122

One of the most important clustering methods is the 123

Low-energy adaptive clustering hierarchy (LEACH) [3], which 124

has been analyzed and improved by a wide variety of other 125

approaches. LEACH is a stochastic method in which each node 126

n becomes a CH in a round r , if a self-generated random 127

number is lower than a threshold T (n). One of the most 128

recent versions of LEACH is presented in [10], where the 129

original threshold T (n) can be set to nine different values. 130

The selected value for the threshold depends on the node’s 131

energy, its distance to the BS and on two scattered parameters 132

that are related to the average energy of all the nodes in the 133

network and their mean distance to the BS. Another recent 134

modification to the centralized version of LEACH (LEACH- 135

C [3]) is Hybrid approach of Firefly Algorithm with Particle 136

Swarm Optimization (HFAPSO) [11], which tries to find the 137

optimal cluster head selection using the firefly algorithm and 138

particle swarm optimization. 139

Fuzzy systems are also used for clustering. In [12] the 140

authors present a distributed fuzzy system with two outputs. 141

The first one sets the maximum distance that an announcement 142

can travel when a node announces that it has become a CH. 143

The second output is the threshold used in the algorithm to 144

decide whether the node has to become a new CH. A similar 145

approach is presented in [13] where the output radius of the 146

fuzzy system is used to reduce the transmission range of the 147

announcements made by CHs close to the BS. The exact 148

calculation of all the input variables is not described. In [14] 149

the deployment field is divided into sensing zones in order to 150

separate the possible CHs. In the BS a centralized algorithm 151

based on a fuzzy system then chooses the CH for each zone. 152

The benefits of IT2FS for clustering in WSNs derive from 153

the high level of uncertainty in these systems. Considering 154

these advantages in centralized approaches, in [15] the authors 155

present a Type-2 fuzzy system to select the nodes best suited 156

to becoming CHs. They then define a communication chain 157

with multiple CHs based on an ant colony optimization (ACO) 158

algorithm. However, it is not clear how this affects the com- 159

munication cost of the pheromone in the whole system, which 160

could lead to worse results. Another approach based on an 161

IT2FS is Unequal Clustering algorithm based on interval type- 162

2 TSK fuzzy logic theory (UCT2TSK) [16], which defines an 163

unequal clustering algorithm. The values of the output interval 164

of the Type-2 fuzzy system are used firstly to get a rank 165

value used to compete between nodes that are candidates to 166

become a CH, and secondly to set the transmission distance 167

for the announcements. Nevertheless, it is possible that with a 168

transmission distance that does not cover the deployment area, 169

a CH may not reach any node to announce that most nodes are 170

dead. In [9] the authors propose a distributed IT2FS clustering 171

algorithm, similar to [16], which selects the best CHs among 172

the candidates within the competition radius inferred by the 173

IT2FS. Nevertheless, the results obtained seem poor compared 174

with other methods. 175

With regard to normalization, we should point out that the 176

previous works on clustering methods do not cover the effects 177

of the input variable normalization in the resulting algorithm. 178
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In [12] and [13], the authors do not study normalization,179

while other approaches such as [15], [16] [9] merely divide180

the crisp value into the maximum reference value, without181

any justification. Alternatively, in [14] the authors design a182

normalization that uses the range of possible values of the183

variable as a denominator instead of just its maximum value.184

DCAGBS [7] is a distributed BS-guided clustering algo-185

rithm, in which each node runs a Tagaki–Sugeno–Kang IT2FS186

in order to determine whether to become a CH or not. The187

Type-2 fuzzy system used to obtain the output interval in each188

node is based on these four input variables:189

• Er : residual energy of the node in round r .190

• NC Hr : number of times that a node has been selected191

as a CH out of the total number of announcements from192

surrounding CHs in round r .193

• ErC H : average energy of all the nodes that were CHs in194

the previous selection round.195

• RnoC H : the relation between the number of rounds since196

the last round in which the node was selected as a CH,197

and the total number of nodes in the network.198

Selecting these variables in DCAGBS means that it can199

be implemented in very simple devices because it only relies200

on historical information instead of geolocalization hardware,201

estimation of Received Signal Strength Indicator (RSSI) from202

input messages, or the extra communications required to203

estimate a node’s degree of centrality. The input variables are204

normalized taking into account only the highest possible crisp205

value of the magnitude. The IT2FS in each node then obtains206

an output interval (ol , oh), where ol < oh , in a round-based207

schedule. From that interval a threshold T (n) is derived, which208

is used later to decide locally whether or not to become a209

CH. Once each node has inferred its interval and selected the210

threshold T (n), it generates a random number and becomes a211

CH if that number is lower than the inferred threshold. Normal212

nodes then send an ascription message to the closest CH with213

their measurements.214

To avoid excessive ascription messages from normal nodes,215

we do not repeat the process of selecting CHs for each round;216

instead we maintain the selected CHs for a number of rounds.217

That number is a setup parameter known as ski p. The ski p218

value must be carefully set because if its value is too low then219

the selected CHs may be very similar or even the same as the220

previous set of CHs. However, if the ski p value is too high,221

the nodes that act as CHs will use up too much energy because222

they will not change for that period of time [17].223

Taking into account the fact that the number of active224

nodes decreases during the network lifetime, in DCAGBS the225

BS sends two setup messages to change the ski p parameter.226

Adjusting the network behavior in this way optimizes the227

power consumption. At the beginning, the ski p is set to 5%228

of the number of nodes. When the first node dies, it adjusts to229

2.5% and when half of the nodes have died, it changes to 2.230

For message scheduling, most approaches rely on the MAC231

layer, particularly if it is similar to IEEE 802.15.4 as it232

can be adapted to use a TDMA-based scheduling to avoid233

synchronization messages in the upper layers [18]. In the234

event of asynchronous messaging, it may be necessary to235

retransmit lost packets in networks with a low number of 236

nodes, whereas in networks with a high node redundancy, 237

one packet loss can be ignored to avoid the extra cost of 238

the new message. Nevertheless, the decision of whether or 239

not to use retransmissions is the result of a trade-off between 240

reliability and redundancy [19]. The cost of synchronization or 241

retransmission messages is not usually included in clustering 242

approaches. For synchronous messages, MAC layer is usually 243

responsible for this synchronization [3]. For asynchronous 244

messages, retransmissions depend on random losses, which are 245

not taken into account either. In DCAGBS, the synchronization 246

is achieved through the advice messages that CHs send per 247

round, in collaboration with the messages that the BS sends 248

to the whole network. 249

In the algorithm we propose in this paper – SAEZ – we 250

apply four statistically based techniques used in DCAGBS 251

in order to achieve a better performance by adding more 252

significant information to properly select the CH. 253

III. PROPOSED CLUSTERING ALGORITHM 254

The method we propose (SAEZ) employs an IT2FS in each 255

node to obtain the probability threshold T (n) of becoming 256

a CH. As mentioned previously, using an IT2FS helps us 257

to deal with uncertainties from input variables. For instance, 258

measuring the exact residual energy relies on node electronics, 259

which has intrinsic tolerance. Moreover, the other three vari- 260

ables depend on the correct reception of messages that could 261

be missed or corrupt. Therefore, defining intervals in IT2FS 262

allows us to deal better with tolerances in probes or electronics, 263

and with errors in wireless communications. Because it takes 264

these inaccuracies into account, IT2FS makes it easier to 265

design the knowledge base. 266

A. Interval Type-2 Fuzzy System 267

Fuzzy logic, originally proposed by Zadeh [20], [21] is a 268

computational intelligence technique that is applied to a wide 269

range of applications in industry, economics and telecom- 270

munications. It is used when it is not possible to find a 271

mathematical relationship between the inputs and the outputs 272

of a system, or to process a studied system, particularly 273

when all the data needing to be manipulated is affected by 274

uncertainty and imprecision. Therefore, in fuzzy logic, that 275

uncertainty or vagueness with regard to linguistic issues is 276

replaced by mathematical expressions modeled by a set of 277

IF-THEN rules and fuzzy sets. This was originally presented 278

by Zadeh [22] as a membership function. Thus, Type-2 fuzzy 279

sets are presumed to model that uncertainty in a better way [6]. 280

Those Type-2 fuzzy sets define an upper membership function 281

and a lower membership function, which can each be seen as 282

a Type-1 fuzzy set. The interval between each membership 283

function, which represents the uncertainty in that variable, 284

is known as the footprint of uncertainty (FOU). In turn, this 285

uncertainty depicts the difficulties to model or to know exactly 286

how a process will behave. Therefore, the sources of that 287

uncertainty can come from inaccurate measurements, random 288

process dynamics, erroneous model specification, imprecision, 289

etc. Thus, the larger the FOU, the higher the uncertainty in 290

the system. 291
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Fig. 1. System diagram of IT2FS.

The block diagram of an Interval Type-2 Fuzzy System is292

depicted in Fig. 1. Its operation mode is detailed as follows:293

A The crisp values of the input variables are fuzzified with294

Type-2 fuzzy sets. Additionally, prior to fuzzification,295

input values must be normalized, i.e. their values must296

range from 0 to 1. The normalization should depend on297

the range of the variable.298

B The IF-THEN rules in the Knowledge Base (KB) bind299

together the fuzzified inputs to obtain an output.300

C The inference process binds the inputs, the rules and the301

outputs.302

D The type-reducer block reduces an interval Type-2 fuzzy303

to a Type-1 set.304

E The last block of the system obtains the output crisp305

values as an interval. In our case this interval is named306

(ol , oh), as mentioned earlier. This output interval will307

be used to compute the probability of a node becoming308

a CH.309

The Type-2 fuzzy sets employed in the present approach are310

shown in Fig. 2 where L stands for Low, M for Medium and311

H for High. The complete KB is composed of 81 rules that312

can be found in [7].313

In addition, to increase the node performance and avoid314

running an IT2FS in each node for every round, the results315

of the IT2FS are obtained previously in an external machine316

and stored in the local memory of each node. Specifically, the317

IT2FS algorithm is executed for a combination of potential318

input data before the WSN is deployed. The nodes’ memory is319

then updated with these results for their future use. Admittedly,320

the results do not cover all the possible solutions because321

they are obtained from a quantified set of values of the input322

variables, but we work with the approximated value in order323

to reduce the energy and the computational resources used324

for the complete IT2FS operation. In this way, the process325

of obtaining an output of the IT2FS can be accomplished326

exclusively by a memory access, which is a simpler operation327

in terms of energy and computational consumption. Moreover,328

our tests have demonstrated that the error produced in the329

output due to the quantification of the input variables is330

negligible.331

Taking into account the main features of DCAGBS, the332

enhancements we propose in SAEZ affect the following333

aspects:334

• Normalization of the input variables of the IT2FS.335

• Tuning of the ski p parameter.336

• Setup of the output of the IT2FS.337

• Competition process to select final CHs.338

Fig. 2. Fuzzy sets for input variables of the IT2FS of DCAGBS.

Those four improvements are described in the next four 339

subsections. 340

B. Normalization of the Input Variables of the IT2FS 341

This modification affects the normalization of three of the 342

input variables of the IT2FS that runs in each node: Er , NC Hr , 343

and RnoC H , but it does not affect ErC H variable because it is 344

already a global average value that is calculated by the BS and 345

delivered to all nodes. Considering the reviewed bibliography, 346

clustering algorithms that employ fuzzy systems do not detail 347

the normalization of their input variables, as mentioned pre- 348

viously. Moreover, the implemented normalization in revised 349

bibliography is just a linear function whose output ranges 350

from 0 to 1 in most cases. In contrast, SAEZ takes into account 351

crisp values of local input variables and other information 352

gathered from announcement messages that a candidate CH 353

sends when trying to become a CH. Thus, the information 354

from other nodes is used to define the 10% percentile and the 355

90% percentile for each of those three variables. These new 356

fields in the announcement message, which do not significantly 357

increase its size, are: 358

• Residual energy Er of the sending node (already included 359

in DCAGBS). 360

• Total number of times that the node was selected as a 361

CH. 362

• Number of rounds since the last time the node was 363

selected as a CH. 364

Consequently, each node computes for NC Hr , ErC H , and 365

RnoC H the 10% percentile p10 and the 90% percentile p90 366

having gathered all these new values from the announcements. 367

The percentile function used is defined in (2), but it previously 368

needs the calculation in (1). 369

x = m · i

100
(1) 370

where m stands for the total number of values, or elements, 371

gathered from the received announcement messages for that 372

variable and i is the desired percentile, e.g. 10 or 90. Thus, 373

the percentile i or pi for an ordered list of elements is the 374

element whose value is the boundary for the (i − 1)th lower 375
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elements. The exact value of pi is obtained as follows:376

pi =

⎧⎪⎨
⎪⎩

element (E + 1) i f D �= 0

element (E) + element (E + 1)

2
i f D = 0

(2)377

where E is the integer part of the previously calculated x and378

D is the decimal part of x .379

Then a crisp value v is normalized in a new value z for380

each of those three variables as follows:381

z =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

0 i f v < p10

v − p10

p90 − p10
i f p10 ≥ v ≤ p90

1 i f v > p90

(3)382

We selected this type of normalization to avoid fluctuations383

in edge values. Therefore, crisp values for a variable under384

10% percentile are considered as bad values. In the other hand,385

values over 90% percentile are all considered good values.386

Moreover, this method has low computational time required387

to execute it. In fact, it is implemented in two stages:388

1) The received values for the announcement messages are389

inserted in an ordered array.390

2) A division and a multiplication are applied to identify391

the positions of the element in the 10% position and in392

the 90% position.393

With a counting sort algorithm, the computational cost is394

�(n), with n being the number of data associated with the395

variable.396

Following the normalization presented in (3), we have397

to remark that the information used for the normalization398

comes for nodes that participated previously in the CH selec-399

tion process. Consequently, input variables of the IT2FS are400

adapted to the current network status which is expected to be401

better than if a local data-driven linear function was used.402

The 10% and 90% percentiles were selected because of the403

requirement that the normalization should only affect a limited404

range of the crisp value of each variable. This limitation is405

due to the fact that normalization is computed with values406

gathered from other nodes, which are prone to error. As a407

consequence, the filtered data should not be extensive. For the408

precise values of these lower and upper limits, we carried out409

a set of experiments with WSNs similar to those shown in the410

Results section for different percentile ranges. The selected411

thresholds led to the best performance. As was previously412

commented, those values beneath the 10% threshold that413

usually come from nodes with ’poor’ probability of become414

CH will be considered too low, and with the 90% percentile415

it allows nodes closer to the BS, which usually have a strong416

chance of becoming CHs and whose batteries deplete faster,417

to now compete with other nodes in the top 10% with a418

similar probability.This will result in a better balance among419

the CH candidates because the energy spent on performing420

as a CH is divided by more nodes. Consequently, this will421

delay the instant at which the first node completely depletes422

its battery. The flowchart depicted in Fig. 3 illustrates for423

DCAGBS how this process is executed in each node in a424

round basis scheduling. As we can observe, the probability of425

Fig. 3. Flowchart for the operation of each node in the network in
DCAGBS.

becoming a CH T (n) determines the behavior of the node as 426

either a CH or a normal node (this process is also modified, 427

as will be discussed later in Section III-E). We should also 428

note that when a node receives an announcement message 429

from a CH, it records the values that the message conveys 430

to make the percentile calculation and normalization feasible 431

in the next round. In addition, this process is modified in the 432

SAEZ method as we will see in the fourth improvement to 433

DCAGBS later in the paper. 434

C. Tuning the skip Parameter 435

We detected that there are periods in which nodes can 436

frequently alternate as CHs, as they have similar amount of 437

battery left. In contrast, there are other time intervals in which 438

CHs do not need to change so frequently because some nodes 439

have very low battery levels and therefore cannot take on 440

this role. With this feature in mind, the second improvement 441

involves tuning the ski p parameter differently during the 442

network lifetime. Thus, the schedule and values of the ski p 443

parameter, which continues to be announced by the BS, are 444

updated more times than in DCAGBS. The new instants at 445

which the BS sends the messages are carefully selected, and 446

represent important changes in the network, as detailed below: 447

• The initial value of ski p is set to 5% of the nodes, as in 448

DCAGBS, to allow CHs to be selected more frequently, 449

which should balance the network’s energy consumption 450

because all the nodes are still alive. 451

• When the first node depletes its battery (dies), the value 452

of ski p is set to 20% of the nodes (2.5% in DCAGBS). 453

In the early stages, when most of the nodes are full 454

of energy, a lower value of ski p is used to select CHs 455

frequently and to balance the energy cost of becoming 456

a CH. However, when the first node dies, there is a 457

chance that several other nodes are also close to depleting 458

their batteries. Thus, the skip value is increased to delay 459

the selection of CHs, which helps to save the energy 460

cost of sending and receiving unnecessary announcement 461
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messages. Preventing these messages would effectively462

increase the network lifespan.463

• When 75% of the nodes have died, the value of ski p is set464

to 2 because in this situation, in which most of the nodes465

are working on very low power and dying frequently, the466

rotation of CHs has to be updated more quickly in order467

to find the best CH among the survivors. This instant468

is delayed from the original DCAGBS, which sets the469

ski p to 2 when 50% of the nodes are dead. We made470

this change after observing that the redundancy of WSN471

allows for a higher ski p for a longer period.472

D. Setting up the Output of the IT2FS473

The third modification is the update of the coefficient474

applied to the output interval(ol, oh) in order to obtain the final475

threshold T (n). In DCAGBS, the value of T (n) is calculated476

as follows:477

• if the node was selected as a CH in the previous round478

T (n) = ol /cl ,479

• in other cases T (n) = oh/ch480

where cl = 3 and ch = 2.481

Thus, if the value of cl or ch increases, the probability of482

becoming a CH decreases. Consequently, we have conducted483

an empirical study to determine which values would be the484

best for cl and ch . After analyzing the results, we have485

observed that with the same value is set for both coefficients486

and in particular with cl = 4 and ch = 4, the lifetime of the487

network increases.488

E. Competition Process to Select the Final CHs489

The fourth change to DCAGBS affects the process depicted490

in Fig. 3 by introducing an intermediate state after a node491

selects itself as a potential CH (once they have generated a492

random value which is lower than T (n)) and before it actually493

becomes a CH. In that new state, nodes consider themselves to494

be candidate nodes, not real CHs, because only those with the495

best T (n) will be finally selected as CHs. As can be seen in the496

new scheduling in Fig. 4, when a node sends its announcement497

message it listens to the announcement messages of the other498

candidates. Then it compares its T (n) with the other T (n)499

values received in the announcement messages from other500

candidate nodes. Finally, each candidate node checks if its501

T (n) value is in the top 5% and, if so, it becomes a CH.502

Candidate nodes that fall under the top 5% become normal503

nodes and consequently have to join the closest CH. The504

top 5% of nodes is chosen according to Heinzelman et al.505

in [3], which calculates that the optimum number of CHs for506

a network of randomly deployed sensors is 5%.507

The results obtained through these four modifications are508

shown in the next section.509

IV. SIMULATION AND RESULTS510

Although they can be included in other clustering tech-511

niques, for evaluation purposes the four improvements are512

incorporated into DCAGBS leading to the SAEZ algorithm.513

SAEZ is compared with DCAGBS and three other distributed514

approaches: LEACH [3], a classical distributed stochastic515

Fig. 4. Flowchart for the operation of each node in the network in SAEZ.

method; LBFBUC [13], a fuzzy logic based on an unequal 516

clustering algorithm for WSN; and UCT2TSK [16]. To achieve 517

a valid comparison, a series of simulations was carried out in 518

Matlab with all the algorithms. 519

A. Energy Model 520

The experiments we carried out to compare the proposed 521

SAEZ method with the methods listed previously use the first 522

order radio model detailed in [3]. This model simulates data 523

communications by radio devices, which is widely used in 524

the related literature. It is described in equations (4)-(6). This 525

energy model assumes that the energy spent in the transmitter 526

and receiver can be calculated based on the length in bit of 527

the message and the distance to the destination, taking into 528

account free space and multipath fading channels. Thus, the 529

energy spent in transmitting information is detailed in (4) 530

whereas the energy consumed in receiving data is shown in (6). 531

ET x (l, d) = f (x) =
{

l · (Eelec + E f s · d2), d ≤ d0

l · (Eelec + Emp · d4), d > d0
(4) 532

d0 =
√

E f s

Emp
(5) 533

ERx(l) = Eelec · l (6) 534

where: 535

• l is the number of bits of the message. 536

• Eelec is the energy in Joules that the transmitter or the 537

receiver circuitry consumes for each bit sent or received 538

respectively. 539

• d is the distance in meters between the sender and the 540

receiver of the message. 541

• E f s is the energy in Joules consumed by the amplifier to 542

obtain an acceptable bit error rate according to the free 543

space model (d ≤ d0). 544

• Emp stands for the energy in Joules consumed by the 545

amplifier to obtain an acceptable bit error rate in the 546

multi-path (mp) model (d ≤ d0). 547
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Fig. 5. Diagram for the different BS locations for the experiment.

This model also includes the energy spent on receiving and548

aggregating the data in a CH [23]. Aggregation is needed to549

avoid sending the measured data for each node independently.550

Thus, only a summary of those values, which is usually the551

result of a statistical operation, is sent to the BS. However,552

this process also consumes energy per bit of the message to553

be aggregated, which is defined in (7):554

ERx−D A = (Eelec + ED A) · l (7)555

where:556

• ED A is the energy in Joules spent by the processing unit557

of a CH when it aggregates the data received from a558

contributing node.559

• l is the number of bits of the aggregated message.560

B. Experiment Setup561

The scenario for all the simulations is a 100 m × 100 m562

square area where 250 homogeneous nodes were randomly563

deployed and all the nodes after deployment are stationary564

and have the same initial energy. In addition, the simulations565

were run with five different BS locations from the centre to566

outside of the deployment area as seen in Fig. 5. The BS is567

also stationary once it is deployed and is supplied with an568

unlimited power source. The exact locations of the tested BS569

positions are the following:570

• BS located at coordinates (50,50) m.571

• BS located at coordinates (75,50) m.572

• BS located at coordinates (100,50) m.573

• BS located at coordinates (125,50) m.574

• BS located at coordinates (150,50) m.575

The network model used supposes that each node can trans-576

mit and receive through a symmetric communication channel577

with no interference. Normal nodes, CHs and BSs send their578

messages in a single hop transmission using TDMA. The579

transmission power used by announcement messages is fixed580

and set to the minimum transmission power needed to reach581

the furthest part of the deployment field. The transmission582

power for messages with information from normal nodes to583

CHs, and from CHs to the BS, is set to the minimum power584

needed to reach the destination. That can be achieved because585

normal nodes can estimate the power needed to reach a CH586

TABLE I
EXPERIMENT SETUP PARAMETERS

TABLE II
FND FOR DIFFERENT BS LOCATIONS

TABLE III
HND FOR DIFFERENT BS LOCATIONS

by obtaining the RSSI of the announcement messages, which 587

are always transmitted with the same transmission power. The 588

same estimation can be accomplished by the BS, which sends 589

a start up message to allow that calculation. 590

The parameters for the experiments and for the first order 591

radio model detailed in Section IV-A are shown in Table I. 592

For all the tested methods, the communications between the 593

nodes and the BS are assumed to operate over a TDMA-based 594

MAC layer protocol that allows a round based scheduling with 595

full duplex communication channels. Communications are also 596

supposed to be free from error and interference so as to allow 597

a fair comparison with all the methods. 598

The performance parameters used to compare each method, 599

which are commonly used in the bibliography, are the follow- 600

ing: 601

• The round when the first node dies or F N D (First Node 602

Dies) 603

• The round when half of the nodes have died or H N D 604

(Half of Nodes Die) 605

• The round when only 10% of the nodes are alive or L N D 606

(Last Node Dies) 607

To run the simulations and obtain the results, we created a 608

set of 30 different node locations, called maps. As described 609

earlier, in each map 250 nodes are randomly deployed within 610

the deployment area. Thus, each method is run 5 times for the 611

30 different maps (once for each BS location). For each BS 612

location, the mean values of the results of the 30 simulations 613

are analyzed to obtain the three performance parameters: 614

F N D, H N D and L N D. In Tables II-IV we include the 615

results for the average values of those 30 simulations for each 616

method and each different location of the BS. 617

As can be observed in the simulation results (Tables II-IV), 618

the proposed SAEZ method performs better overall than 619

any other algorithm, achieving a good trade-off between the 620

three parameters. Consequently, the four modifications help 621
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TABLE IV
LND FOR DIFFERENT BS LOCATIONS

Fig. 6. Number of alive nodes per round for BS at (150,50).

TABLE V
AVERAGE SIMULATION TIME FOR BS LOCATED AT (150,50) m

SAEZ to achieve more balanced results for the three parame-622

ters. As an illustrative example, those results are graphically623

depicted in Fig. 6 and Fig. 7 for the BS located at coordinates624

(150,50), which is the worst case in terms of distance and625

energy consumption, although the graphs for other locations626

are similar. Thus, Fig. 6 shows the average number of alive627

nodes per round for the five compared algorithms for all628

the simulations, while Fig. 7 shows the average total energy629

in the network per round. Both figures indicate that the630

SAEZ algorithm performs significantly better than the other631

methods, delaying the instant of the first death considerably632

and keeping almost a vertical gradient (Fig. 6) that confirms a633

good energy balance among the network nodes. To illustrate634

the CH selection process of SAEZ, Fig. 8 depicts alive nodes635

and selected CHs in a round at early stages for one map with636

the base station located at (150,50) m.637

In addition, Table V shows the average time spent from638

the instant when the first data packet is sent to the moment639

when the last sensor node is dead for the 30 maps with the640

BS located at (150,50) m. As can be seen in the Table V,641

the SAEZ method achieves the best results among Type-2642

fuzzy methods whereas LBFUC gets the best trade-off for643

performance-time.644

We can conclude that statistical normalization is only effec-645

tive when a significant amount of data is considered, i.e. when646

a relevant number of candidate nodes exchange information.647

As nodes die, these circumstances do not materialize and,648

in turn, normalization is not practical. Alternatively, the new649

Fig. 7. Average total energy in the network per round.

Fig. 8. Alive nodes and selected CHs in a round for BS at (150,50) m.

adjustment of the ski p parameter has proven convenient for the 650

middle and final periods of the network’s lifetime. Selecting 651

the best candidate nodes allows SAEZ to avoid CHs with low 652

T (n) (poor potential CHs) when there are enough candidates. 653

However, when the number of nodes decreases, the selection 654

could also include those candidates with poor T (n) and thus 655

balance the energy consumption among all the nodes. Finally, 656

tuning the c coefficients reduces the number of potential can- 657

didate nodes at early stages, avoiding announcement messages 658

that represent the main energy cost for a candidate node. 659

As a result, SAEZ gives a more balanced performance that 660

improves on the other methods in almost all the parameters 661

and scenarios. As for normalization, other ranges for the 662

percentiles have been tested but yield worse results. 663

V. CONCLUSION 664

As described, clustering is one of the main techniques used 665

to improve the lifespan of WSNs by achieving more efficient 666

energy use. In this field, artificial intelligence techniques are 667

well suited due to the uncertainties of the problem. Therefore, 668

Type-1 and Type-2 fuzzy systems have been applied in numer- 669

ous clustering approaches. However, little attention has been 670

paid to the normalization of the input values needed for those 671

fuzzy systems. In addition, the processing complexity of fuzzy 672

systems must be taken into consideration due to the additional 673

energy cost that their execution incurs in a node. In this 674
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paper, we first present a new normalization method based on a675

statistical analysis adapted for low-energy processing. Second,676

we propose a dynamic setup of the ski p parameter to adapt the677

validity time (number of rounds) of the state data exchanged678

among the nodes. For illustrative purposes, we incorporate679

the two techniques into DCAGBS, an unequal clustering680

algorithm based on an IT2FS. The final protocol, referred to as681

SAEZ, achieves better results than the other methods, but with682

a very low increase in the complexity of the tasks performed by683

the nodes. The suitability of the statistical function is related684

to the amount of data analyzed, and an initial collection time685

is required to operate the system correctly.686
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