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Abstract

Broadcasting, which is an essential mode of operation in wireless sensor networks (WSNs), dissipates a non-negligible portion of
the energy budget of a sensor node. Broadcasting is achieved by the dissemination of broadcast packets (originated at the BS) by a
set of relay nodes, which constitute a backbone so that all sensor nodes receive broadcast packets. Utilization of multiple backbones
is necessary to achieve balanced energy dissipation of sensor nodes in broadcasting. In this study, we propose two mixed integer
programming (MIP) models (i.e., the flow-based model and the node-based model), which minimize the energy dissipation of
the highest energy-consuming node for broadcasting by utilizing multiple backbones. Balanced energy minimization and delay
minimization objectives are integrated through a goal programming (GP) framework built upon the foundation provided by the
scalable node-based model. Performance evaluations based on the optimal solutions of our models reveal that maximum energy
dissipation and delay in WSN broadcasting can be significantly reduced, simultaneously, by utilizing multiple backbones (e.g., with
two backbones maximum energy dissipation and delay can be, concurrently, reduced by more than 2% and 22%, respectively, in
comparison to the single backbone case, likewise, it is also possible to simultaneously reduce maximum energy dissipation and
delay more than 8% and 13%, respectively, depending on the priorities assigned to the objectives). Nevertheless, employing more
than two backbones does not provide any significant performance improvements.
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1. Introduction1

Wireless sensor networks (WSNs) are comprised of sensor2

nodes, which are, generally, small form factor devices with lim-3

ited computation and communication capabilities, and one or4

more base stations (BSs), which is/are responsible for orches-5

trating the whole network. Commonly, a WSN is utilized to6

acquire information on the environment it is deployed over [1].7

The first known use of WSNs was during the Vietnam con-8

flict (i.e., operation Igloo White) [2]. WSN applications have9

proliferated rapidly, especially in the last two decades, which10

include military (e.g., battlefield surveillance, tracking of en-11

emy forces), healthcare (e.g., continuous monitoring of high-12

risk cardiac/respiratory patients), smart homes/cities, transporta-13

tion systems, and environmental applications (e.g., seismic move-14

ments and forest fire detection) [3].15
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Although unicasting of data from sensor nodes to the BS16

(i.e., convergecast) is, mostly, considered as the only traffic17

regime for WSNs, as the orchestrator of WSN operations, the18

BS also disseminates information to the sensor nodes via broad-19

casting, which is a relatively overlooked traffic regime in WSN20

literature. In fact, broadcasting plays a vital role in distributing21

control, management, and update information for WSNs [4].22

Typically, broadcasting in a multi-hop network is done through23

a broadcast tree (i.e., a broadcast backbone) consisting of broad-24

cast relay nodes and the source node. Each broadcast packet25

is transmitted by the source node and forwarded by the relay26

nodes in such a way that all the leaf nodes (i.e., passive listen-27

ers in a broadcast session) receive a broadcast packet from, at28

least, one member of the broadcast backbone [5, 6]. Two refer-29

ence architectures showing sample broadcasting backbones in30

a 30-node WSN are presented in Figs. 1a and 1b. In these fig-31

ures, the nodes colored red and blue are depicting leaf and relay32

sensor nodes, respectively, while the central black node is the33

base station, and the red line shows the constructed broadcast34

backbones.35

Broadcasting is a non-negligible source of energy dissipa-36

tion in a WSN, which becomes more demanding with increas-37

ing broadcast packet generation rate. Therefore, minimizing38

the sum of the energy spent in a WSN for broadcasting (i.e., the39
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minimum energy broadcast problem) is an important considera-40

tion to achieve overall energy efficiency in a WSN [7, 8, 9, 10].41

However, minimizing the sum of the energy dissipation of all42

nodes does not necessarily result in the minimization of the43

maximum energy dissipating node’s energy dissipation. In-44

deed, minimizing the aggregate energy dissipation of all nodes45

can lead to an unbalanced energy dissipation pattern (i.e., en-46

ergy dissipation of certain nodes can become disproportion-47

ately higher than the others). In fact, this is similar to the48

WSN hotspot problem encountered in the convergecast traffic49

regime [11], which has a counterpart in the broadcast regime50

as well. Although there are alternative definitions of WSN life-51

time, the time until the first node depletes its battery energy is,52

arguably, the most widely employed lifetime definition in the53

literature [12]. Hence, premature death of the higher energy-54

consuming nodes due to imbalanced energy dissipation pat-55

terns can lead to significant WSN lifetime reduction. To mit-56

igate the unbalanced energy dissipation problem, minimizing57

the energy consumption of the maximum energy dissipating58

node (i.e., MinMax energy optimization) can be employed in59

WSN broadcasting, which results in the reduction of the ex-60

cessively higher energy dissipation of any sensor node acting61

as a broadcast relay in comparison to the other relay nodes by62

creating optimal data flow patterns in a WSN [13].63

The existing body of research on broadcasting in WSNs,64

mostly, considers a single broadcast backbone [5]. However,65

utilization of a single broadcast backbone results in consider-66

ably more energy dissipation of the relay nodes, constituting the67

backbone, than the leaf nodes in a WSN. Employing multiple68

broadcast backbones can, potentially, facilitate a more balanced69

energy dissipation strategy for broadcasting in comparison to a70

single broadcast backbone WSN scheme. Indeed, sensor nodes71

can be assigned varying roles in different broadcast backbones72

utilized in alternating time frames (e.g., a sensor node can act73

as a leaf node for a certain broadcast backbone while it acts as74

a relay node for another backbone), which enables the sharing75

of the energy cost of broadcast packet relaying among a wider76

set of nodes.77

Minimizing delay in broadcasting is also an important con-78

sideration in WSNs [14, 15]. Broadcast traffic carrying time-79

sensitive information (e.g., network management packets) should80

be delivered to the entire network in a timely manner. In uni-81

casting reducing the average path length results in lower delay.82

Likewise, reducing the broadcast backbone size leads to lower83

average broadcast packet delay [16, 17].84

Energy efficiency in broadcasting can be achieved by utiliz-85

ing the most energy-efficient backbones while not overburden-86

ing some nodes to create imbalanced energy dissipation pat-87

terns, however, such backbones do not, necessarily, include the88

shortest hop distance paths among the nodes. Delay minimiza-89

tion necessitates the average hop distance between the broad-90

cast source and other nodes to be minimized [16, 17, 14, 15].91

Therefore, minimizing delay and maximizing energy efficiency92

(i.e., minimizing the energy dissipation of the most energy-93

hungry node) are conflicting goals in WSN broadcasting (i.e.,94

it is necessary to compromise the energy efficiency to design95

a low latency broadcast backbone and vice versa) [17, 6]. Us-96

ing alternative backbones for broadcasting in WSNs adds flexi-97

bility in design for energy-efficient and delay-aware broadcast-98

ing. Goal programming (GP) is an effective approach for multi-99

objective optimization with conflicting objectives, which suits100

well in integrating the MinMax energy optimization and delay101

minimization objectives for the WSN broadcast problem allow-102

ing multiple backbones.103

Nevertheless, systematic analysis of the tradeoff between104

energy efficiency and delay minimization for multiple back-105

bone supporting broadcasting in WSNs under optimal operating106

conditions is an important research problem left unaddressed107

in the literature. To fill the aforementioned gap in the litera-108

ture, in this study, we investigate and characterize the interplay109

between conflicting objectives of energy efficiency (within the110

MinMax energy optimization perspective) and delay minimiza-111

tion for broadcasting in WSNs over multiple backbones through112

a novel GP framework.113

1.1. Major Contributions114

The major contributions of this study are enumerated as fol-115

lows:116

1. We create two mixed integer programming (MIP) based117

optimization models (one has a flow-based packet flow118

formulation while the other model has a node-based packet119

flow formulation) to minimize the energy dissipation of120

the highest energy-consuming node for broadcasting over121

multiple backbones in WSNs. We also establish a delay-122

aware node-based MIP model to minimize the average123

delay in all backbones.124

2. We construct a goal programming formulation built upon125

the scalable node-based MIP model, which minimizes the126

weighted relative deviations for the two conflicting ob-127

jectives of MinMax energy optimization and delay mini-128

mization.129

3. We integrate an empirically verified physical layer ab-130

straction, which encompasses the channel model as well131

as the energy dissipation characteristics of a widely used132

sensor node platform in WSN literature [18], into our op-133

timization framework.134

4. The optimization models are solved to optimality for a135

vast parameter space to characterize the tradeoff between136

energy dissipation, delay, and number of backbones for137

broadcasting in WSNs.138

5. Our results reveal that it is possible to decrease the maxi-139

mum energy dissipation by increasing the number of back-140

bones to two, yet, a further increase in the number of141

backbones does not bring any significant energy reduc-142

tion.143

The rest of the paper is organized as follows: Section 2 pro-144

vides an overview of the related work on broadcasting in WSNs.145

Section 3 presents the network and energy models as well as the146

optimization framework for the broadcasting problem. Evalua-147

tions and insights based on the results obtained by the solutions148

of the optimization framework are given in Section 4. The con-149

clusions of this study are drawn in Section 5.150
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2. Related Work151

In this section, we present a concise overview of the liter-152

ature, related to our study, on broadcasting in WSNs. A com-153

prehensive literature review on WSN broadcasting is provided154

in [33]. A classification of broadcasting schemes, related to155

our work, according to objectives, utilized approaches, and the156

number of backbones is summarized in Table 1.157

Much of the research on broadcasting is focused on the158

minimum energy broadcast problem to minimize the total en-159

ergy consumed by the nodes during broadcasting [9, 19, 20,160

8, 21, 7, 22, 16, 17, 6, 15, 23, 24, 4, 25]. In [20], the mini-161

mum energy broadcast problem is shown to be NP-complete.162

Wieselthier et al. [9, 19] introduce the broadcast incremental163

power (BIP) algorithm for constructing the minimum energy164

broadcast backbone for wireless networks. Several approaches165

are proposed to improve the BIP algorithm. Embedded wire-166

less multicast advantage (EWMA) [8] and relative neighbor-167

hood graph broadcast oriented protocol (RBOP) [21] are two168

examples of such algorithms. In [4, 25], the minimum con-169

nected dominating set (MCDS) of nodes is utilized to gener-170

ate energy-efficient broadcast backbones (i.e., minimizing the171

number of nodes in MCDS leads to the minimization of the to-172

tal energy consumption).173

There are several studies in the literature that investigate174

minimization of the energy dissipation of the maximum energy-175

consuming node (i.e., MinMax energy optimization) instead of176

minimizing the total energy consumption of the nodes in the177

network (as in the minimum energy broadcast problem) [26,178

13, 27, 28, 29, 30]. In these studies, solving the MinMax en-179

ergy optimization problem is shown to be equivalent to maxi-180

mizing the WSN lifetime (i.e., the time until the first sensor dies181

– FSD) [28] under the condition that WSN nodes have equally182

distributed initial energies [13]. In [26, 28, 29, 30], the MinMax183

energy optimization problem is, explicitly, reformulated as the184

maximization of the FSD.185

The issue of bounding delay in broadcasting has received186

considerable attention in the literature [16, 17, 6, 15, 31, 23, 32].187

Reducing delay in broadcasting without considering energy ef-188

ficiency is studied in [31, 32]. In [23], reducing delay in broad-189

casting is achieved by opportunistically selecting extra concur-190

rent senders. Delay bounding constraints are incorporated into191

the minimum energy broadcast problem in [16, 17, 6]. Delay192

constraints enforce that the time required to propagate a broad-193

cast packet to all nodes from the BS (i.e., the maximum delay194

observed in the network during broadcasting) is bounded by a195

certain threshold value, where the hop count metric is used for196

limiting broadcast latency. There are also several alternative197

definitions of delay in broadcasting such as the number of slots198

between sending a code from the sink node and reception of the199

code by leaf nodes [15], and the time between the first broad-200

cast packet generated and the first given number of packets that201

are successfully delivered to the receiver within a certain time202

interval [31].203

The research to date has tended to focus on the generation204

of a single rather than multiple backbones for energy-efficient205

and/or delay-aware broadcasting. To the best of our knowl-206

edge, a concurrent broadcast scheduling algorithm is proposed207

for lowering delay without relying on a predetermined broad-208

cast backbone only in [32]. The two-step algorithm is designed209

to create a minimum-delay backbone structure and a receiver-210

based transmission schedule simultaneously. The multiplicity211

of backbones is obtained via dynamic role assignment to sen-212

sors. Indeed, the number of allowed backbones is not a con-213

trollable parameter in the model given in [32]. Therefore, the214

tradeoff between energy dissipation, delay, and the number of215

backbones is not explored systematically in [32]. On the other216

hand, the mathematical models in our study optimally decide217

on role assignments (e.g., relay or leaf node), number of back-218

bones, and backbone structure. In our study, we investigate both219

delay and energy dissipation in WSN broadcasting unlike [32],220

which investigates only delay in broadcasting. Furthermore, we221

explore the impact of the number of backbones utilized, which222

has never been analyzed, systematically, under optimal opera-223

tion conditions in the literature to the best of our knowledge.224

The vast majority of the relevant literature considers al-225

gorithmic approaches (i.e., approaches apart from mathemat-226

ical programming-based optimization). However, MIP-based227

optimization models, which are mostly cast as network flow228

problems, are developed to obtain energy-efficient broadcast-229

ing backbones in [22, 17, 24, 4, 29, 30]. Node-based [17, 4]230

or flow/link-based [22, 24, 29, 30] variables/constraints are em-231

ployed in these models. Utilizing MIP models has the invalu-232

able advantage that their optimal solutions provide theoretical233

best performances as target values for evaluating algorithmic234

solutions. While the solutions from different broadcast algo-235

rithms can be compared among themselves, the solution qual-236

ity becomes hard to be judged without comparing to optimal237

solutions [24].238

There are various studies in the literature, which utilize multi-239

objective optimization (MOO) models for investigating differ-240

ent goals in WSN broadcasting [16, 17, 6, 15, 31, 23]. In [15,241

31, 23], algorithmic solutions are proposed to address MOO242

problems pertaining to WSN broadcasting. In [15], an algorith-243

mic solution (i.e., proportion to duty cycle length based broad-244

cast – PDLB) is presented for reducing delay in an energy-245

efficient manner. In [31], an adaptive multi-objective optimiza-246

tion model, which maximizes total transmission capacity and247

minimizes delay simultaneously, is proposed for vehicular ad248

hoc networks. In [23], an algorithmic solution based on adap-249

tively selecting a set of concurrent senders is created for de-250

creasing the broadcast delay while keeping the energy consump-251

tion at low levels. Total energy consumption and delay metrics252

are jointly minimized within MOO frameworks in [16, 17, 6],253

however, these studies do consider MinMax energy optimiza-254

tion. The ε-constraint method is utilized in [16, 17, 6], where255

the minimization of the total energy consumed by the nodes256

is kept as the single objective, while the minimization of de-257

lay is imposed as a constraint such that delay is bounded by258

some constant. However, limiting delay by a constant value259

is a serious drawback for obtaining all of the Pareto optimal260

solutions [34, 35]. To overcome the difficulties in generating261

the Pareto front when using the ε-constraint method, we pro-262

pose an alternative technique for solving the MinMax energy263
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Table 1: Classification of studies on WSN broadcasting according to objectives, used approaches, and number of backbones.

Reference
Objective Approach # of Backbones

Total Energy
Consumption

MinMax
Energy

Delay Algorithmic MIP Multi-Obj. GP Single Multiple

[9, 19] X X X
[20] X X X
[8] X X X

[21] X X X
[7] X X X

[22] X X X X
[16] X X X X X
[17] X X X X X X
[6] X X X X X

[15] X X X X X
[23] X X X X X
[24] X X X
[4] X X X X

[25] X X X
[26] X X X
[13] X X X
[27] X X X
[28] X X X
[29] X X X
[30] X X X X
[31] X X X X
[32] X X X

Our Work X X X X X X X

optimization and minimum delay MOO problem in an efficient264

way using the GP approach. Indeed, one of the main objectives265

of this study is to contribute to the literature by constructing a266

GP model for minimizing energy consumption as well as delay267

for WSN broadcasting.268

GP is one of the most commonly used MOO approaches,269

which is a generalization of linear programming to address mul-270

tiple conflicting objectives simultaneously [36, 37]. The moti-271

vation is to find a solution that minimizes the goal deviation,272

which is defined as a function of the difference between the de-273

sired value specified by the decision-maker and what can be274

achieved for each objective. The most commonly employed275

deviation functions are weighted sum, lexicographic, and Min-276

Max [37]. Preferences of decision-makers among these objec-277

tives can be articulated via value functions or weights [36, 38].278

It is shown in [39] that all MOO and GP approaches are ac-279

tually special cases of the general weighted p-norm-based dis-280

tance function. To this end, GP is a popular approach since281

it is relatively uncomplicated and easy to implement [36, 38,282

40, 41]. However, applications of GP in WSNs are fairly lim-283

ited [42, 41]), and we are not aware of any study that utilizes284

GP for analysis of broadcasting in WSNs. Hence, the creation285

of a GP-based MOO framework is one of our technique-wise286

contributions to the field as well.287

In summary, to the best of our knowledge, there are no con-288

trolled studies in the literature on the joint optimization of the289

two conflicting objectives of MinMax energy optimization and290

delay minimization through GP in WSN broadcasting over mul-291

tiple backbones, which can also be clearly observed by exam-292

ining Table 1.293

3. System Model294

In this section, we present our system model organized un-295

der six subsections. In subsection 3.1, we introduce the network296

model we employ. In subsection 3.2, we outline our energy297

dissipation and path loss models. In subsections 3.3 and 3.4,298

we provide two MIP models for minimizing the energy dissi-299

pation of the maximum energy-consuming node with multiple300

backbones. The reason for creating two optimization models301

is two-fold. The first goal is to achieve independent confirma-302

tions of two independently constructed models for the optimal303

solution of exactly the same problem. The second goal is to304

benchmark the solutions times of flow-based and node-based305

models against each other so that we can pursue further analysis306

via the approach with lower solution times. In subsection 3.5,307

we present the optimization model, based on the node-based308

approach, with the objective of delay minimization. Subsec-309

tion 3.6 elaborates on our novel GP model.310

3.1. Network Model311

We assume a static two-dimensional network topology con-312

sisting of a single base station (BS) and multiple sensor nodes.313

The deployment area is disk-shaped with radius 170 m and the314

BS is located at its center. Sensor nodes are deployed using a315

uniform distribution over the disk-shaped region. The network316

topology is modeled as a directed graph, G = (V, A), where V317

is the set of all nodes including the BS (denoted by node-1) and318

A is the set of all arcs. The total number of sensor nodes (i.e.,319

|V |) is varied between 20 and 70, where we use Mica2 motes320

as the sensor node platform. The operational time of the net-321

work is discretized into rounds of 60 seconds (i.e., Trnd = 60322
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Table 2: Energy Consumption Characteristics of the Mica2 mote platforms.
Pc

tx(l) and Po
tx(l) are the transmission power and the antenna output power (in

mW) for the power level-l, respectively.

l Pc
tx(l) Po

tx(l) l Pc
tx(l) Po

tx(l)

1 (lmin) 25.8 0.0100 14 32.4 0.1995
2 26.4 0.0126 15 33.3 0.2512
3 27.0 0.0158 16 41.4 0.3162
4 27.1 0.0200 17 43.5 0.3981
5 27.3 0.0251 18 43.6 0.5012
6 27.8 0.0316 19 45.3 0.6310
7 27.9 0.0398 20 47.4 0.7943
8 28.5 0.0501 21 50.4 1.0000
9 29.1 0.0631 22 51.6 1.2589
10 29.7 0.0794 23 55.5 1.5849
11 30.3 0.1000 24 57.6 1.9953
12 31.2 0.1259 25 63.9 2.5119
13 31.8 0.1585 26 (lmax) 76.2 3.1623

s). In each round, the BS broadcasts a packet of size λP = 256323

Bytes to all nodes in the network periodically. We consider a324

24-hour operation time for the WSN. Hence, the total number325

of broadcast packets generated is M = 24 × 60 = 1440.326

A node can either be a relay node that transmits the incom-327

ing packet or a leaf node that only receives but does not trans-328

mit it. The resulting backbone comprises the BS, relay nodes,329

and active links between them. Even a single change in sets of330

nodes or links leads to an alternative backbone, as we exem-331

plify in Figs 1a and 1b. In this paper, we allow using multiple332

backbones for broadcasting to achieve both energy efficiency333

and delay minimization.334

The overall energy consumption of each node is due to trans-335

mission, reception, and sleep mode. We assume that all nodes336

have omnidirectional antennas (i.e., all nodes within the com-337

munication range of a relay node can receive its transmissions).338

Therefore, the corresponding energy consumption of the trans-339

mitter is equal to the energy required to reach the farthest node340

by the wireless multicast advantage [9]. We provide further ex-341

planation about our energy model in Section 3.2. In addition,342

we adopt a log-normal shadowing path loss model to incorpo-343

rate realistic communication characteristics in our optimization344

framework. Energy efficiency is achieved by employing Min-345

Max energy optimization (i.e., minimizing the energy required346

by the most energy-consuming node). In fact, for a homoge-347

neous WSN, lifetime maximization (i.e., according to the FSD348

metric) can, equivalently, be realized by MinMax energy opti-349

mization [13]. Furthermore, average total delay minimization350

can be garnered by minimizing the total number of hops from351

the BS to all nodes on the backbone [16, 17, 6], which is the352

definition we utilize in this study.353

3.2. Energy Dissipation Model354

We adopt the energy consumption model presented in [11]355

and employ the energy dissipation characteristics of the Mica2356

sensor node platform [18]. Table 2 provides the energy con-357

sumption characteristics of the Mica2 motes for each discrete358

power level. Herein, for each power level l ∈ L, Pc
tx(l) is the359

power consumption of the transceiver, and Po
tx(l) is the cor-360

responding output antenna power. Moreover, the power con-361

sumption for reception (i.e., Pc
rx) is denoted as 35.4 mW.362

Each transmitter conveys a broadcast packet at a single time363

slot, which accounts for λP-Byte of a broadcast packet trans-364

mission, Ttx(λP) s, propagation delay, Trsp =250 µs, and guard365

times, 2×Tgrd =200 µs, applied both at the beginning and at the366

end of the active slot to avoid synchronization errors. Conse-367

quently, the slot time of each round isTslot = 2×Tgrd+Ttx(λP)+368

Trsp = 107 ms, where Ttx(λP) is computed as Ttx(λP) = 8 ×369

λP/Rb, where Rb = 19.2 kbps is the data rate.370

According to the log-normal shadowing path loss model,
the path loss, Li j in dB, over the link-(i, j) is defined as

Li j = L0 + 10 × η × log10

(
di j

d0

)
+Lσ, (1)

where di j is the link distance (in meters), d0 = 1 m is the ref-
erence distance, L0 = 55 dB is the path loss at the reference
distance, η = 4 is the path loss exponent, and Lσ is a zero mean
Gaussian random variable with standard deviation σ = 4 dB to
capture the shadowing effect. The received signal power due to
transmission at power level-l over the link-(i, j) is expressed as

Po
rx,i j(l) = Po

tx(l) − Li j, (2)

where the units of Po
rx,i j(l) and Po

tx(l) are dBm. Considering the

noise power as Pn =-115 dBm, the received Signal-to-Noise
Ratio (SNR) at power level-l over the link-(i, j) is computed as
(in dBm)

φi j(l) = Po
rx,i j(l) − Pn. (3)

Since Mica2 motes use non-coherent frequency- shift key-
ing as the modulation scheme, on the average, a λP-Byte packet
is successfully received with probability

ρs
i j(l) =

1 − 0.5 exp

−100.1×φi j(l)

1.28

8×λP

. (4)

To avoid retransmissions in case of packet failures, only the371

links with ρs
i j(l) ≥ 0.999 are utilized (i.e., links with ρs

i j(l) <372

0.999 are treated as unreliable and no broadcast packet trans-373

missions are performed over such links).374

Transmitting a λP-Byte broadcast packet using discrete power
level-l over link-(i, j) dissipates Pc

tx(l)Ttx(λP) energy. A node
stays in reception mode after transmitting its packet. During re-
ception, a node consumes Pc

rx(Tslot −Ttx(λP)) energy. The total
energy dissipated by a transmitter with packet processing cost
(i.e., EPP = 120 µJ) is defined as

El
tx = EPP +

(
Pc

tx(l)Ttx(λP) + Pc
rx(Tslot − Ttx(λP))

)
. (5)

The total energy dissipation for receiving a λP-Bytes of a
broadcast packet is expressed as

Erx = EPP + Pc
rxTslot. (6)
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(a) 1st backbone structure
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(b) 2nd backbone structure

Figure 1: Two example broadcast backbones on a 30-node sample network topology.

Table 3: Sets, parameters, and decision variables.

Sets

V All nodes including the BS (V ∈ {20, 30, . . . , 70})
W All sensor nodes (W = V \ {BS })
B Backbones (B ∈ {1, . . . ,Nb})
L Power levels

Parameters

Nb The maximum number of backbones allowed (Nb = {1, 2, . . . , 6})
Pslp Power consumption in the sleep mode (3 µW)
Trnd Duration of a round (60 s)
Tslot Active slot time (107 ms)
El

tx Energy dissipation of the transmitter at power level-l ∀l ∈ L
Erx Energy dissipation of the receiver
M The number of broadcast packets to be sent by the BS (1440)
a j

il 1 if j ∈ V can receive the packet sent by i ∈ V \ { j} at power level l ∈ L, 0 otherwise

Variables

xb
il 1 if i ∈ V transmits a packet at power level-l ∈ L on backbone-b ∈ B, 0 otherwise

f b
i j 1 if i ∈ V transmits a packet to j ∈ W \ {i} on backbone-b ∈ B, 0 otherwise

gb
i j 1 if j ∈ W receives its first packet from i ∈ V \ { j} on backbone-b ∈ B, 0 otherwise

rb
il The total number of broadcast packets sent by i ∈ V at power level-l ∈ L on backbone-b ∈ B

mb
i j The total number of broadcast packets sent by i ∈ V to j ∈ W \ {i} on backbone-b ∈ B

ub
i The order of i ∈ V receiving its first broadcast packet on backbone-b ∈ B
T b

bsy,i The total busy time of i ∈ V on backbone-b ∈ B
Ei The total amount of energy consumed by i ∈ V
Emax The amount of energy dissipated by the most energy-consuming node
sb The total number of broadcast packets distributed on backbone-b ∈ B

3.3. The Flow-Based MIP (FB-MIP) Model for Minimizing the375

Maximum Energy Consumption376

In this subsection, we present the Flow-Based MIP model
(FB-MIP) that can reconfigure WSN broadcast backbones. The
aim is to minimize the energy dissipation of the highest energy-
consuming node (MinMax energy optimization). The param-
eters, sets, and decision variables of FB-MIP are provided in
Table 3. FB-MIP is presented in (7)–(45).

Minimize Emax (7)

s.t. T b
bsy,i = Tslot

∑
l∈L

rb
il +

∑
j∈V\{i}

mb
ji

 , ∀i ∈ W, b ∈ B

(8)

T b
bsy,BS = Tslot

∑
l∈L

rb
BS l, ∀b ∈ B (9)

Ei =
∑
b∈B

∑
l∈L

rb
ilE

l
tx + Erx

∑
b∈B

∑
j∈V\{i}

mb
ji

+ Pslp

∑
b∈B

sbTrnd −
∑
b∈B

T b
bsy,i

 , ∀i ∈ W
(10)

EBS =
∑
b∈B

∑
l∈L

rb
BS lE

l
tx+

+ Pslp

∑
b∈B

sbTrnd −
∑
b∈B

T b
bsy,BS

 (11)

Emax ≥ Ei, ∀i ∈ V (12)∑
b∈B

sb = M (13)

rb
il ≤ Mxb

il, ∀i ∈ V, l ∈ L, b ∈ B (14)

rb
il ≤ sb, ∀i ∈ V, l ∈ L, b ∈ B (15)

rb
il ≥ sb − M(1 − xb

il), ∀i ∈ V, l ∈ L, b ∈ B (16)

mb
i j ≤ Mgb

i j, ∀i ∈ V, j ∈ V \ {i}, b ∈ B (17)

mb
i j ≤ sb, ∀i ∈ V, j ∈ V \ {i}, b ∈ B (18)

mb
i j ≥ sb − M(1 − gb

i j), ∀i ∈ V, j ∈ V \ {i}, b ∈ B
(19)∑

l∈L

xb
il ≤ 1, ∀i ∈ V, b ∈ B (20)∑

l∈L

xb
il ≤ sb, ∀i ∈ V, b ∈ B (21)

sb ≤ M
∑
l∈L

xb
BS l, ∀b ∈ B (22)

xb
ila

j
il ≤ f b

i j, ∀i ∈ V, j ∈ W \ {i}, l ∈ L, b ∈ B (23)

f b
i j ≤

∑
l∈L

xb
ila

j
il, ∀i ∈ V, j ∈ W \ {i}, b ∈ B (24)

xb
jl ≤

∑
i∈V\{ j}

f b
i j, ∀ j ∈ W, l ∈ L, b ∈ B (25)
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sb ≥ sb+1, ∀b ∈ B, b ≤ |B| (26)∑
i∈V\{ j}

f b
i j ≤ sb, ∀ j ∈ W, b ∈ B (27)

M
∑

i∈V\{ j}

f b
i j ≥ sb, ∀ j ∈ W, b ∈ B (28)

ub
i ≤ ub

j − 1 + (|V | − 1)(1 − gb
i j),

∀i ∈ V, j ∈ W \ {i}, b ∈ B
(29)

ub
i ≥ ub

j − 1 − (|V | − 1)(1 − gb
i j),

∀i ∈ V, j ∈ W \ {i}, b ∈ B
(30)

ub
i ≤ ub

k + (|V | − 1)(2 − gb
i j − f b

k j),

∀i ∈ V, j ∈ W \ {i}, b ∈ B, k ∈ V \ {i, j}
(31)

gb
i j ≤ f b

i j, ∀i ∈ V, j ∈ W \ {i}, b ∈ B (32)∑
i∈V\{ j}

gb
i j = 1, ∀ j ∈ W, b ∈ B (33)

ub
BS = 1, ∀b ∈ B (34)

ub
j ≥ 2, ∀ j ∈ W, b ∈ B (35)

ub
j ≤

∑
i∈V

∑
l∈L

xb
il + 1, ∀ j ∈ W, b ∈ B (36)

Emax ≥ 0 (37)

f b
i j, gb

i j ∈ {0, 1}, ∀b ∈ B, i ∈ V, j ∈ V (38)

Ei ≥ 0, ∀i ∈ V (39)

T b
bsy,i ≥ 0, ∀b ∈ B, i ∈ V (40)

sb ≥ 0, ∀b ∈ B (41)

rb
il ≥ 0, ∀b ∈ B, i ∈ V, l ∈ L (42)

mb
i j ≥ 0, ∀b ∈ B, i ∈ V, j ∈ V (43)

xb
il ∈ {0, 1}, ∀b ∈ B, i ∈ V, l ∈ L (44)

ub
i ∈ {0, 1}, ∀b ∈ B, i ∈ V (45)

The objective function (7) minimizes the energy consump-377

tion of the highest energy dissipating node in the network. We378

assume that all nodes except the BS are in sleep mode if they379

do not send or receive a broadcast packet. The total busy time380

of sensor node-i on the broadcast backbone-b ∈ B (i.e., T b
bsy,i),381

which are the time slots required for both transmission and re-382

ception, is calculated in (8). The BS is busy only during trans-383

mission since it cannot be a receiver. Hence, the total busy time384

of the BS (i.e., T b
bsy,BS ) is expressed in (9). The total energy dis-385

sipation of each node-i (i.e., Ei) is equal to the sum of the energy386

consumed during transmission, reception, and sleep modes in387

all backbones as stated in (10). Note that El
tx and Erx values are388

computed according to Equations (5) and (6), respectively. The389

total energy consumption of the BS during its busy time in all390

backbones (i.e., EBS ) is defined in (11). The MinMax Energy391

objective is achieved with the help of Constraint (12). We in-392

clude (13) to ensure that the BS delivers the required broadcast393

packets for a predetermined duration among all backbones (i.e.,394 ∑
b∈B sb). The motivation for fixing M a priori is to observe and395

evaluate the energy consumption behavior with different mod-396

els for the same total traffic load of M = 1440 packets.397

Constraints (14)–(16) equate the number of broadcast pack-398

ets transmitted by a relay node in any backbone to the number399

of packets distributed in that backbone. On the other hand,400

(17)–(19) ensure that the number of packets received in any401

backbone by any leaf node is equal to the number of pack-402

ets the BS injects in that backbone. Constraint (20) implies403

that not every node has to be a transmitter. If that is the case,404

each node must convey broadcast packets using a single power405

level in each backbone. Moreover, (21) and (22) together pre-406

vent role assignment to nodes in an unused backbone. Con-407

straints (23) and (24) define the available transmission range,408

and hence the set of single-hop connections from each sensor409

based on its power level. In these constraints, we ensure that410

the relay node transmits broadcast packets to all nodes within411

its communication range but not beyond. Furthermore, if no412

other node transmits a packet to a node j ∈ W, then the node- j413

cannot be a relay node in that backbone as (25) states. Given414

Nb as the maximum number of useable backbones, we guaran-415

tee that utilized backbones are numbered consecutively in (26).416

Constraints (27) and (28) define the lower and upper bounds on417

the number of packets to be distributed on each backbone used418

as 1 and M, respectively.419

The Miller-Tucker-Zemlin (MTZ) sub-tour elimination con-420

straints adapted for broadcasting are given by (29) and (30). In421

our scheme, a sensor can get the broadcast packet from different422

sensors. Herein, for each backbone, (31) and (32) determine the423

first relay node from which a sensor receives a packet, whereas424

(33) ensures that this first node is unique for each sensor. More-425

over, (34) initializes the BS as the first node in any backbone,426

and all other sensors come after the BS in the sequence as (35)427

guarantees. Similarly, (36) bounds the order of each node in428

the sequence by one more than the total number of transmitter429

nodes in the backbone. Finally, (37)–(45) are sign restrictions430

for the decision variables.431

3.4. The Node-Based MIP Model (NB-MIP) for Minimizing the432

Maximum Energy Consumption433

In this subsection, we introduce the Node-Based MIP model434

(NB-MIP) as an alternative to FB-MIP. The two models are dif-435

ferent in several respects. FB-MIP is based on an arc-based436

disaggregation of the packet transmission, however, in the NB-437

MIP, we have node-based flow control. Moreover, FB-MIP438

traces the relay nodes from which each leaf node receives the439

transmission, whereas NB-MIP is concerned with whether all440

leaf nodes receive the transmission.441

In Fig. 2, we present the optimal solutions for FB-MIP (in442

Fig. 2a) and NB-MIP (in Fig. 2b) for a WSN consisting of |V | =443

30 nodes. Fig. 2a shows all flows that occur during packet trans-444

mission, while in Fig. 2b only flows between relay sensors are445

displayed. The representation in Fig. 2a is denser since the con-446

cern is on the path to each leaf node. However, Fig. 2b includes447

the paths to relay nodes. In NB-MIP, relay nodes are deter-448

mined to ensure that all nodes in the WSN get the transmission449

from at least one of these relay nodes.450

The sets, parameters, and some variables (e.g., Emax, Ei,
T b

bsy,i, sb, rb
il, and xb

il) are common in both FB-MIP and NB-
MIP. Additional variables introduced for NB-MIP are listed in
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(a) FB-MIP
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(b) NB-MIP

Figure 2: Optimal solutions of (a) FB-MIP and (b) NB-MIP for a network consisting of 30 nodes (i.e., |V | = 30).

Table 4: The list of additional variables used in NB-MIP.

Variables

hb
i j the number of relay nodes, which receive broadcast packets from i ∈ V via j ∈ V in backbone-b ∈ B (including j)

cb
i the total number of broadcast packets received by i ∈ V in backbone-b ∈ B

yb
i 1 if i ∈ V receives broadcast packet in backbone-b ∈ B, 0 otherwise.

Table 4. In this model, we use cb
i decision variables rather than

mb
i j to determine the aggregate flow incoming to each node i ∈

V . Similarly, variables, yb
i , replace f b

i j to keep track of the nodes
in the backbone rather than the node pairs. Accordingly, gb

i j
variables do not exist in NB-MIP, either. Consequently, NB-
MIP is defined in (46)–(67).

Minimize Emax (46)

s.t. T b
bsy,i = Tslot

∑
l∈L

rb
il + cb

i

 , ∀i ∈ W, b ∈ B (47)

Ei =
∑
b∈B

∑
l∈L

rb
ilE

l
tx + Erx

∑
b∈B

cb
i

+ Pslp

∑
b∈B

sbTrnd −
∑
b∈B

T b
bsy,i

 , ∀i ∈ W
(48)

yb
i ≤ sb, ∀i ∈ V, b ∈ B (49)

Myb
i ≥ sb, ∀i ∈ V, b ∈ B (50)

cb
i ≤ Myb

i , ∀i ∈ V, b ∈ B (51)

cb
i ≤ sb, ∀i ∈ V, b ∈ B (52)

cb
i ≥ sb − M(1 − yb

i ), ∀i ∈ V, b ∈ B (53)∑
l∈L

xb
ila

j
il ≤ yb

j , ∀i ∈ V, j ∈ V, b ∈ B (54)

yb
j ≤

∑
i∈V

∑
l∈L

xb
ila

j
il, ∀ j ∈ V, b ∈ B (55)∑

l∈L

xb
il ≤ yb

i , ∀i ∈ V, b ∈ B (56)

hb
i j ≤ M

∑
l∈L

xb
ila

j
il, ∀i ∈ V, j ∈ V, b ∈ B (57)

hb
ii = 0, ∀i ∈ V, b ∈ B (58)∑

i∈V

hb
iBS = 0, ∀b ∈ B (59)∑

j∈V\{BS }

hb
BS j =

∑
i∈V\{BS }

∑
l∈L

xb
il, ∀i ∈ V, b ∈ B (60)∑

j∈V

hb
ji −

∑
j∈V

hb
i j =

∑
l∈L

xb
il, ∀i ∈ V \ {BS }, b ∈ B (61)∑

j∈V

hb
i j ≤ |V |

∑
l∈L

xb
il, ∀i ∈ V, b ∈ B (62)∑

i∈V

hb
i j ≤ |V |

∑
l∈L

xb
jl, ∀ j ∈ V, b ∈ B (63)∑

i∈V

hb
i j ≥

∑
l∈L

xb
jl, ∀ j ∈ V \ {BS }, b ∈ B (64)

(9), (11) − (16), (20) − (22), (26), (37),
(39) − (42), (44)

cb
i ≥ 0, ∀b ∈ B, i ∈ V (65)

hb
i j ∈ {0, 1}, ∀b ∈ B, i ∈ V, j ∈ V (66)

yb
i ∈ {0, 1}, ∀b ∈ B, i ∈ V (67)

Constraints (47) and (48) are analogous to (8) and (10) pre-451

sented in FB-MIP. A similar analogy exists between (49) & (50)452

and (21) & (22). Constraints (51)–(53) guarantee that all sen-453

sors in a backbone b ∈ B receive sb packets, whereas (54)–(56)454

define the set of nodes in each backbone. The admissible trans-455

missions are defined with (57)-(59). In NB-MIP, we eliminate456

the MTZ constraints. To this end, (60) and (61) are the flow457

constraints where each node in the backbone is assigned a unit458

of inflow. Consequently, (62)–(64) ensure that hb
i j values are459

determined properly considering only the relay nodes in back-460

bone b ∈ B. Finally, (65)–(67) are sign constraints for the new461
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Table 5: The list of additional variables defined for DA-NB-MIP.

Variables

pb
i j 1 if flow-(i, j) is used in backbone-b ∈ B ∀i, j ∈ V : i , j, 0 otherwise
τ delay in terms of hops
di 1 if i ∈ V is the most energy-consuming node, 0 otherwise

variables.462

3.5. Delay-Aware NB-MIP (DA-NB-MIP)463

Both FB-MIP and NP-MIP aim to minimize the energy dis-464

sipation of the most energy-hungry node. In this subsection, we465

present the delay-aware counterpart of NB-MIP, which mini-466

mizes delay among all backbones. Indeed, minimizing the total467

number of hops within a backbone results in the minimization468

of the average broadcast delay for the whole network, there-469

fore, we express delay in a backbone b ∈ B in terms of the total470

number of hops in it. We establish the delay-aware model (i.e.,471

DA-NB-MIP) based on the foundations provided by the NB-472

MIP model since it is more compact and scalable than FB-MIP.473

The additonal variables required for DA-NB-MIP are shown in474

Table 5 and the model is detailed in (68)–(76).475

Minimize τ (68)

s.t. τ ≥
∑

(i, j)∈A

pb
i j, ∀b ∈ B (69)

|V |pb
i j ≥ hb

i j, ∀i, j ∈ V, b ∈ B (70)

hb
i j ≥ pb

i j, ∀i, j ∈ V, b ∈ B (71)

Emax ≤ Ei + M(1 − di), ∀i ∈ V (72)∑
i∈V

di = 1 (73)

(9), (11) − (16), (20) − (22), (26), (37),
(39) − (42), (44), (47) − (67)

pb
i j ∈ {0, 1}, ∀b ∈ B, i ∈ V, j ∈ V (74)

τ ≥ 0 (75)
di ∈ {0, 1}, ∀i ∈ V (76)

The objective function (68) minimizes delay (τ), which is476

related to the total number of hops in a broadcast backbone,477

over all backbones defined in (69). Constraints (70) and (71)478

ensure that pb
i j is 1 when the flow-(i, j) is used in backbone b ∈479

B. In addition to (12), we include (72) and (73) to calculate480

the amount of highest energy consumption among all nodes.481

Finally (74)–(76) are the sign restrictions for the new decision482

variables.483

3.6. The Goal Programming (GP) Model484

In this section, we define the GP model for WSN broad-
casting supporting multiple backbones, which we utilize to an-
alyze the tradeoff between minimizing delay and minimizing

the maximum energy consumption. The mathematical expres-
sions of these two conflicting objectives are

G1 = min
{
max
i∈V
Ei

}
= minEmax, (77)

G2 = min

max
b∈B

∑
(i, j)∈A

pb
i j

 = min τ. (78)

The motivation of our GP model is to find a solution that min-
imizes the weighted maximum relative deviation from the op-
timal value of each objective. We denote the optimal values of
the objectives G1 and G2 as G∗1 and G∗2, respectively. Note that
G∗1 is the optimal solution of NB-MIP defined in Section 3.4
and G∗2 is the optimal solution of DA-NB-MIP defined in Sec-
tion 3.5. Consequently, the GP model is presented in (79)–(82)

Minimize z (79)
s.t. (9), (11) − (16), (20) − (22), (26), (37),
(39) − (42), (44), (47) − (67), (69) − (76)

z ≥ γi
Gi −G∗i

G∗i
, ∀i ∈ {1, 2} (80)

G1 ≥ G∗1 (81)
G2 ≥ G∗2 (82)

where γi is the weight associated with the relative deviation485

from the optimal value for each objective Gi, ∀i ∈ {1, 2} to486

indicate its importance (i.e., 0 ≤ γi ≤ 1, ∀i ∈ {1, 2}). For nor-487

malization, we make sure that γ1 + γ2 = 1. Moreover, z is the488

maximum weighted relative deviation value for the two objec-489

tives. The motivation of the GP model is to balance the tradeoff490

between G1 and G2 by minimizing z. For example, if γ1 = γ2,491

then G1 and G2 are equally important. If γ1 > γ2, then G1 be-492

comes more important than G2, and vice versa. The steps of GP493

for a given topology and weight vector (γ1, γ2) are as shown in494

the flowchart in Fig. 3.495

4. Analysis496

In this section, we analyze the results of the optimal solu-497

tions of the MIP models, which are presented in Section 3, by498

exploring a fairly large parameter space. For statistical signif-499

icance, the data points are obtained by averaging the results of500

50 randomly generated instances. We use Python 3.8 to im-501

plement our models, which are solved with the CPLEX 20.1.0502

solver on a computer with 64 GB of RAM, an Intel(R) Xeon(R)503

E7-4870 v2 @ 2.30 GHz CPU with 12 cores, and 100 GB of504

disk space.505

In this study, we do not propose a new broadcasting algo-506

rithm for WSNs. Instead our main contribution is to character-507

ize network lifetime for various operation strategies and param-508

eter sets under optimal conditions (i.e., all our data points rep-509

resent the maximum lifetime obtainable with the specified pa-510

rameter and strategy configuration) without contaminating our511

results by incorporating implementation details that can lead to512

suboptimal behavior. By definition, there cannot be any algo-513

rithms which can surpass the optimal results we provide. As514
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Start

network topology, G(V, A);
NB-MIP, DA-NB-MIP, GP model;

(γ1, γ2) weight pair

Solve NB-MIP to find G1 = minEmax

Solve DA-NB-MIP to find G2 = min τ

Output the optimal values of
NB-MIP and DA-NB-MIP
as G∗1 and G∗2, respectively

Solve GP model to find z∗

Stop

Figure 3: The Goal Programming flowchart.

such, providing comparisons with the suboptimal solution ap-515

proaches proposed in the literature is not meaningful for char-516

acterizing network lifetime in WSN broadcasting under optimal517

conditions.518

4.1. Solution Times for FB-MIP and NB-MIP519

The solutions obtained with FB-MIP and NB-MIP are ex-520

actly the same for all problem instances we solved, which is im-521

portant for functional verification of the optimization models.522

However, the most important difference between the models is523

that the solution times for FB-MIP and NB-MIP vary signifi-524

cantly. Given a solution time limit of three hours, the commer-525

cial solver (i.e., CPLEX) can solve FB-MIP to optimality only526

for the single backbone case (i.e., Nb = 1) where both FB-MIP527

and NB-MIP find the same optimal solutions. Besides, the aver-528

age solution times (ASTs) for FB-MIP and NB-MIP are below529

30 s and 1 s in all problem instances, respectively. Nevertheless,530

CPLEX can solve NB-MIP models to optimality for 2 ≤ Nb ≤ 6531

in reasonable solution times (i.e., ASTs of NP-MIP are less than532

11 minutes in our scenarios), as shown in Table 6. Therefore,533

in the rest of the paper we opt to utilize the NB-MIP approach,534

which is shown to facilitate significantly lower solution times535

in comparison to the FB-MIP approach.

Table 6: ASTs of NB-MIP for |V | = 60.

Nb 2 3 4 5 6
AST (in s) 20 47 85 152 613

536

4.2. Minimization of Maximum Energy Consumption versus To-537

tal Energy Consumption538

In this subsection, we present a comparative evaluation of539

the optimal solutions of two energy minimization approaches,540

which are both based on the NB-MIP model. The first approach541

is, actually, the one elaborated in subsection 3.4, which mini-542

mizes the energy dissipation of the maximum energy-consuming543

node (i.e., NBmax model). The second approach is also based on544

the MIP model given in subsection 3.4, however, the objective545

is the minimization of the total energy consumption (i.e., NBsum
546

model). In other words, the objective of NBmax is to minimize547

Emax = {maxi∈V Ei}, whereas, in NBsum, Esum =
∑

i∈V Ei is min-548

imized. The comparison is for the single backbone case (i.e.,549

Nb = 1). We investigate how the optimal backbone for each550

model performs in terms of average Emax (i.e., Emax) and Esum
551

(i.e., Esum) metrics. More specifically, in Fig. 4a, we show the552

comparison with respect to average maximum energy consump-553

tion values whereas Fig. 4b presents the comparison of total554

energy consumption.555

Emax values for both approaches are presented in Fig. 4a.556

Emax values obtained for NBsum is relatively insensitive to the557

variation of the number of nodes in network size (i.e., Emax val-558

ues vary within 16.99–17.25 J band) because minimization of559

Emax is not enforced in NBsum approach. Emax values obtained560

with NBmax are always lower than those of NBsum for all |V |. For561

example, Emax values with NBmax for |V | = 30 and |V | = 70 are562

7.63% and 18.04% lower than those of NBsum, respectively. On563

the average, Emax with NBmax is, approximately, 12.93% less564

than Emax with NBsum. Emax obtained with NBmax decreases565

monotonically with increasing |V | (i.e., Emax decreases from566

15.92 J to 14.08 J as |V | increases from 30 to 70) because with567

increasing |V | the network has more options to balance energy568

dissipation. Fig. 4b reveals that Esum values for both NBmax and569

NBsum increase monotonically with increasing |V | because total570

energy dissipation increases with the number of nodes in the571

network. Furthermore, Esum values of NBsum are, on the aver-572

age, approximately 23.05% lower than those of NBmax. It is573

natural that each model yields superior solutions according to574

the metric it optimizes (i.e., lower Emax with NBmax and lower575

Esum with NBsum). Nevertheless, our results confirm that mini-576

mizing the aggregate energy dissipation of the nodes does not,577

necessarily, lead to the minimization of the energy dissipation578

of the highest energy-consuming node.579

Fig. 5 illustrates sample optimal backbones obtained with580

NBmax (Fig. 5a) and NBsum (Fig. 5b) for a 30-node network.581

Each broadcast backbone is a tree rooted at the BS and contains582

all relay nodes through which all sensor nodes receive broad-583

cast packets. The number of relay nodes is higher in Fig. 5a584

than the number of relay nodes in Fig. 5b. The reason behind585

this behavior is that balancing the energy dissipation among the586

nodes for reducing the energy dissipation of the highest energy-587

consuming node, which in turn results in higher network life-588

time, requires more sensor nodes to become relay nodes in com-589

parison to the aggregate energy minimization case.590
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Figure 4: Comparison of two average energy consumption objective values obtained from NBmax and NBsum models for different values of |V |.
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(b) NBsum

Figure 5: Backbones obtained with the optimal solutions of NBmax and NBsum models in a 30-node sample network topology.
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Figure 6: Emax as a function of Nb with four |V | values.

4.3. The Impact of the Number of Backbones591

In this subsection, we explore the impact of utilizing mul-592

tiple backbones on the MinMax energy optimization objective593

(i.e., Emax) using the optimal solutions of the NB-MIP model.594

Fig. 6 presents Emax as a function of Nb for |V | ∈ {20, 30, 40, 50}.595

For constant Nb, Emax values decrease as |V | increases (e.g.,596

for Nb = 4, Emax =16.54 J, 15.66 J, 14.68 J, and 14.05 J for597

|V | = 20, 30, 40, and 50, respectively) because higher node den-598

sities facilitate better opportunities for load balancing among599

the sensor nodes. As a general trend, Emax decreases as Nb in-600

creases (e.g., for |V | = 50, Emax =15.29 J, 14.08 J, and 14.05 J601

for Nb = 1, 2, and 3, respectively) because the burden of relay-602

ing can be shared by a larger set of nodes with the availability603

of more broadcast backbones. However, the only significant604

decrease in Emax occurs when Nb is increased from one to two605

(e.g., Emax decreases by 1.25%, 3.39%, 5.99%, and 7.91% for606

|V | = 20, 30, 40, and 50, respectively). The decrease in Emax607

when Nb is increased from two to three is insignificant (e.g., the608
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(a) Nb = 1: single backbone, s1 = 1440
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(b) Nb = 2: 1st backbone, s1 = 733
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(c) Nb = 2: 2nd backbone, s2 = 707

Figure 7: Backbones obtained with the optimal solutions of the MinMax energy objective in a 50-node sample network topology.
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Figure 8: Energy vs. delay tradeoff with (a) |V | = 20, (b) |V | = 30, (c) |V | = 40, and (d) |V | = 50.

decrease in Emax is, at most, 0.35%, for all cases). Increasing Nb609

beyond three does not result in any reduction in Emax. Indeed,610

the relation between Emax and Nb is a typical case of the con-611

cept of diminishing marginal utilities. Nevertheless, Nb = 2 is612

sufficient to achieve the optimal or, at least, near-optimal Emax613

values in broadcasting.614
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(a) (γ1, γ2) = (1, 0)
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(b) (γ1, γ2) = (0.75, 0.25)
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(c) (γ1, γ2) = (0.50, 0.50)
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(d) (γ1, γ2) = (0.25, 0.75)
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(e) (γ1, γ2) = (0, 1)

Figure 9: Backbones obtained with the optimal solutions of the GP model with a 40-node network topology.

To better illustrate the energy dissipation characteristics of615

broadcasting with Nb = 1 and Nb = 2, we present Fig. 7, where616

si denotes the number of broadcast packets transmitted on the617

backbone-i. Nb = 1 for Fig. 7a and Nb = 2 for Figs. 7b and 7c.618

For all Nb values, the BS transmits M = 1440 broadcast packets619

during an operational time of 24 hours in total (a single packet620

is generated at each round of duration 60 s). All sensor nodes621

receive all broadcast packets, yet only the relay nodes consume622

energy for broadcast packet transmissions. For the single back-623

bone case depicted in Fig. 7a, all relay nodes participate in624

the transmission of all 1440 broadcast packets from the BS.625

The hotspot nodes (i.e., the nodes which consume the highest626

amount of energy) are node-1, node-2, and node-3, which are627

marked with circles. Energy consumption of these nodes is ob-628

tained as 14.59 J (i.e., E1 = E2 = E3 = 14.59 J). However, when629

Nb = 2, aforementioned hotspot nodes transmit only 733 broad-630

cast packets since they are relay nodes only in the first back-631

bone (Fig. 7b) but not in the second one (Fig. 7c). In this case,632

E1 = 9.39 J and E2 = E3 = 10.32 J. Hence, the total energy633

consumption of node-1, node-2, and node-3 reduce by 35.64%,634

29.26%, and 29.26%, respectively, as Nb increases from 1 to 2.635

Hence, by allowing multiple backbones in broadcasting, we can636

mitigate the overburdening of nodes acting as broadcast relays.637

4.4. Energy minimization vs. Delay Minimization Tradeoff638

In this subsection, we analyze the tradeoff between mini-639

mizing Emax (energy dissipation of the highest energy-consuming640

node) and minimizing τ (delay, which is represented by the ag-641

gregate broadcast backbone size in terms of hops) objectives,642

which are integrated via the GP model presented in Section 3.6.643

Since Nb ≥ 3 does not provide any significant reduction in644

Emax, we set Nb ∈ {1, 2}. We choose |V | ∈ {20, 30, 40, 50}.645

The weights associated with goals G1 (i.e., Emax minimization)646

and G2 (i.e., τ minimization) are denoted by γ1 and γ2, re-647

spectively. We utilize five pairs of (γ1, γ2) values, which are648

(0, 1), (0.25, 0.75), (0.50, 0.50), (0.75, 0.25), and (1, 0).649

Fig. 8 presents the Pareto front curves of the two conflicting650

objectives of Emax (y-axes) and τ (x-axes) for |V | = 20 (Fig. 8a),651

|V | = 30 (Fig. 8b), |V | = 40 (Fig. 8c), and |V | = 50 (Fig. 8d).652

In each sub-figure, Pareto frontiers are provided for both Nb =653

1 and Nb = 2. The leftmost data point in each sub-figure cor-654

responds to the case of (γ1, γ2) = (0, 1), where minimization655

of τ has the utmost importance. On the other hand, the right-656

most data point in each sub-figure has (γ1, γ2) = (1, 0), where657

minimization of Emax has the highest importance. As we move658

from left to right along the x-axis, γ1 values increase by 0.25659

and γ2 values decrease by 0.25. For example, in Fig. 8a, for660

(γ1, γ2) = (0, 1) and Nb = 1, the average delay is 7.06 (i.e., τ =661

7.06), and Emax = 17.73 J, whereas, for (γ1, γ2) = (1, 0) and662

Nb = 1, τ = 10.70, and Emax = 16.75 J.663

As the weight of Emax decreases from γ1 = 1 to γ1 = 0, its664

value increases by 5.85% with Nb = 1 and 7.17% with Nb = 2665

for |V | = 20, 9.29% with Nb = 1 and 13.37% with Nb = 2 for666

|V | = 30, 13.64% with Nb = 1 and 25.38% with Nb = 2 for667
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|V | = 40, and 11.00% with Nb = 1 and 14.31% with Nb = 2668

for |V | = 50. The variation in τ is higher with change in its669

weight in comparison to Emax. As the weight of τ decreases670

from γ2 = 1 to γ2 = 0, its value increases by 51.56% with671

Nb = 1 and 60.06% with Nb = 2 for |V | = 20, 114.04% with672

Nb = 1 and 89.59% with Nb = 2 for |V | = 30, 152.88% with673

Nb = 1 and 118.03% with Nb = 2 for |V | = 40, and 204.94%674

with Nb = 1 and 136.24% with Nb = 2 for |V | = 50. Therefore,675

zeroing the weight of any objective leads to significant deterio-676

ration in the other one, which is especially destructive for τ. As677

the number of nodes increases, vulnerability of the delay ob-678

jective also increases because to minimize Emax higher number679

of nodes are included in the backbone, which inflates the delay680

significantly.681

Prioritization of the WSN operation characteristics depends682

on application specific requirements, which can be tuned by uti-683

lizing proper weights (i.e., γ1 and γ2). The equal priority oper-684

ating point (i.e., γ1 = γ2 = 0.5) facilitates a fair balance for both685

objectives for all |V | values (i.e., neither of the objectives dete-686

riorate significantly when compared to their highest priority op-687

erating points). For example, the percentage increase in τ/Emax688

values with γ1 = γ2 = 0.5 and Nb = 1 in comparison to the689

corresponding highest priority cases, i.e., (γ1, γ2) = (1, 0) for690

Emax and (γ1, γ2) = (0, 1) for τ, are 3.69%/4.18% for |V | = 20,691

6.91%/8.01% for |V | = 30, 8.03%/10.68% for |V | = 40, and692

6.39%/7.68% for |V | = 50.693

As a general trend in Fig. 8 for all node densities, utilization694

of multiple backbones (i.e., Nb = 2) results in lower Emax and695

τ values in comparison to the single backbone case (Nb = 1).696

For example, with (γ1, γ2) = (0.75, 0.25) the percentage de-697

crease obtained in τ/Emax values with Nb = 2 with respect to698

the values obtained with Nb = 1 are 0.94%/1.56% for |V | = 20,699

3.91%/4.70% for |V | = 30, and 4.15%/8.62% for |V | = 40. In700

fact, our results reveal that the flexibility of employing multiple701

backbones is necessary for improving both of the optimization702

objectives (delay and energy) in comparison to the single back-703

bone case.704

Fig. 9 illustrates broadcast backbones, obtained by the opti-705

mal solutions of the GP model, on a sample network topology706

consisting of 40 nodes. More specifically, Figs. 9a, 9b, 9c, 9d,707

and 9e are obtained with (γ1, γ2) values of (1, 0), (0.75, 0.25),708

(0.50, 0.50), (0.25, 0.75), and (0, 1), respectively. For the ease709

of exposition, we provide the single backbone case (i.e., Nb =710

1) in all sub-figures. τ/Emax values in Figs. 9a, 9b, 9c, 9d, and 9e711

are 18/14.91 J, 10/14.91 J, 9/15.88 J, 9/15.88 J, and 9/17.77 J,712

respectively. As γ1 decreases from one to zero and γ2 increases713

from zero to one, Emax increases by 19.16% and τ decreases by714

50.00%. Maximum delay (in terms of the length of the longest715

BS-to-relay hop distance) also decreases in parallel with our de-716

lay metric from 6 (Fig. 9a) to 3 (Fig. 9e), which corresponds to717

a 50.00% reduction. It is possible to maintain the lowest Emax
718

value (14.91 J) while achieving a reasonably low τ value (10) by719

choosing (γ1, γ2) = (0.75, 0.25) in this scenario. On the other720

hand, it is also possible to maintain the lowest τ value (9) while721

mildly sacrificing from the Emax value (15.88 J) by choosing722

(γ1, γ2) = (0.5, 0.5).723

5. Conclusion724

Network lifetime is, arguably, the most crucial performance725

metric for WSNs [11, 12, 43, 44, 45]. In this study, we in-726

vestigate energy dissipation and delay characteristics of broad-727

casting in WSNs. Utilizing multiple backbones facilitates en-728

ergy dissipation balancing in broadcasting, which is a research729

problem that has never been investigated systematically within730

a mathematical programming-based optimization framework.731

Minimizing delay is also essential for the timely distribution of732

control/coordination information to the whole network, yet en-733

ergy minimization and delay minimization are conflicting goals.734

We create a goal programming-based optimization framework735

to analyze the tradeoffs between energy minimization and de-736

lay minimization for broadcasting in WSNs with multiple back-737

bones. Our novel optimization framework enables us to per-738

form comprehensive and holistic characterization of energy dis-739

sipation and delay aspects of broadcasting in WSNs under ideal740

yet realistic operating conditions. We explore a wide parame-741

ter space through the optimal solutions of our models, which742

outline the boundaries of achievable performance bounds. The743

main novel contributions of this study are enumerated as fol-744

lows:745

1. We construct two alternative optimization models for the746

minimization of the energy dissipation of the maximum747

energy-consuming node supporting multiple backbones748

in WSN broadcasting, which are the node-based model749

(NB-MIP) and the flow-based model (FB-MIP). Optimal750

solutions of both models give exactly the same results,751

which is invaluable for verification. However, the solu-752

tion times of the node-based model are, at least, an order753

of magnitude lower than those of the flow-based model.754

2. We performed a comparative analysis of minimizing the755

aggregate energy dissipation and minimizing the energy756

dissipation of the highest energy-consuming node for WSN757

broadcasting to determine the energy balancing aspects758

of each approach, which reveals that the latter approach759

results in up to more than 9% lower maximum energy760

dissipation than the former approach.761

3. Our results show that utilizing multiple backbones re-762

duces the maximum energy dissipation significantly (i.e.,763

more than 8%) when compared to the single backbone764

case. However, employing more than two backbones does765

not result in any significant decrease in maximum energy766

dissipation beyond that can be achieved by two back-767

bones.768

4. GP-based joint optimization of energy dissipation and de-769

lay with multiple backbones results in more than 8% re-770

duction in maximum energy dissipation in comparison771

to the single backbone case without sacrificing the de-772

lay performance, likewise, delay can be reduced by more773

than 20% without deteriorating the energy dissipation.774

5. It is also possible to improve both delay and energy dis-775

sipation characteristics significantly with multiple back-776

bones in comparison to the single backbone case by as-777

signing proper priorities to both delay and energy dissipa-778
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tion objectives via GP. Actually, delay and energy dissi-779

pation values with two backbones are more than 4% and780

7% lower than those obtained with the single backbone781

case, respectively, when both objectives are assigned the782

same weights to facilitate equal priorities.783

There are various future research avenues to be explored784

based on the results of our study, which can be enumerated as785

follows:786

1. We build an exact optimization model and resort to com-787

mercial solvers to obtain optimal results. However, our788

model cannot be solved to optimality for extremely large789

problem instances. Therefore, it is necessary to develop790

efficient solution approaches to be able to solve larger791

problem instances.792

2. Design and analysis of distributed broadcast algorithms793

supporting multiple backbones for concurrently minimiz-794

ing delay and maximizing network lifetime in WSNs is a795

promising research problem.796

3. Investigation of the tradeoff between network lifetime,797

delay, and the number of backbones for broadcasting in798

WSNs by utilizing experimental testbeds is also an im-799

portant research topic.800
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