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Abstract— In Wireless Sensor Networks (WSNs), energy-efficiency
and reliability are two critical requirements for attaining a long-
term stable communication performance. Using error control (EC)
methods is a promising technique to improve the reliability of
WSNs. EC methods are typically utilized at the network-level, where
all sensor nodes use the same EC method. However, improper
selection of EC methods on some nodes in the network-level strat-
egy can reduce the energy-efficiency, thus the lifetime of WSNs. In
this study, a node-level EC strategy is proposed via mixed-integer
programming (MIP) formulations. The MIP model determines the
optimum EC method (i.e., automatic repeat request (ARQ), forward
error correction (FEC), or hybrid ARQ (HARQ)) for each sensor
node to maximize the network lifetime while guaranteeing a pre-determined reliability requirement. Five meta-heuristic
approaches are developed to overcome the computational complexity of the MIP model. The performances of the MIP
model and meta-heuristic approaches are evaluated for a wide range of parameters such as the number of nodes, network
area, packet size, minimum desired reliability criterion, transmission power, and data rate. The results show that the node-
level EC strategy provides at least 4.4% prolonged lifetimes and 4.0% better energy-efficiency than the network-level EC
strategies. Furthermore, one of the developed meta-heuristic approaches (i.e., extended golden section search) provides
lifetimes within a 3.9% neighborhood of the optimal solutions, reducing the solution time of the MIP model by 89.6%.

Index Terms— network lifetime, error control, mixed-integer programming, meta-heuristics, wireless sensor networks.

I. INTRODUCTION

W IRELESS Sensor Networks (WSNs) are considered a
superior technology for industrial applications (e.g.,

condition monitoring, process automation, and environment
sensing [1]). The quality of the wireless channel is harsh and
non-stationary in the industrial environment due to different
types of interference sources available in these areas (e.g.,
metal objects, welding equipment, microwave ovens, etc. [2]).
These harsh environmental conditions cause WSN nodes to
dissipate their limited battery energy supplies rapidly, resulting
in a degraded network lifetime.

Although the energy-efficiency is critical for most WSNs
applications, reliability is also an essential issue in WSNs
such that the collected data should be conveyed at the sink
node reliably [3]. Error control (EC) is a crucial technique for
improving the reliability of the network. The two most popular
EC methods are the automatic repeat request (ARQ) and the
forward error correction (FEC) [4]. In ARQ, retransmissions
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are used to guarantee reliability. In FEC, redundant bits are
included before transmitting packets, eliminating the need for
retransmission. The advantages of both ARQ and FEC can be
exploited for further improvements in reliability (i.e., Hybrid
ARQ – HARQ).

The energy-efficiency of ARQ (or HARQ) is better than
the energy-efficiency of FEC while communicating over short
links. Short links have low bit error rates (BER) where the
network reliability can be guaranteed using ARQ with low
energy overhead since no extra retransmissions would be
required when the channel conditions are good. However, as
the communication distance gets large, the BER increases.
Therefore, retransmissions of ARQ become costly, which
diminishes the advantages of ARQ. In this case, FEC codes
provide better energy-efficiency than ARQ, although FEC
codes incur an extra energy overhead due to the transmission
of redundant bits and decoding packets [5].

EC methods are typically applied at the network-level,
where the same EC method is used throughout the nodes.
In our earlier work, [6], we investigate the performance of
ARQ, FEC, and HARQ methods applied at the network-level
on WSNs lifetime. Our motivation is to further prolong the
network lifetime by developing a node-level EC strategy such
that each node in the network utilizes an optimum EC method
(i.e., ARQ, FEC, or HARQ) for maximizing the network
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lifetime. Although the node-level EC strategy can be modeled
using a mixed-integer programming (MIP) framework, the
computational complexity arises from the nature of MIP
encourages us to develop meta-heuristic solutions for obtaining
reasonable suboptimal solutions in polynomial-time [7].

Our novel contributions are enumerated as follows:

1) We propose a novel network lifetime maximization
framework by performing an optimal assignment plan
of EC methods at the node-level, called the node-level
EC strategies, against the network-level EC strategies,
which is an important research topic that has not been
comprehensively investigated in the literature before.

2) We develop the node-level EC strategy using MIP for-
mulations for network lifetime maximization. The ma-
jor advantage of using MIP formulations is to abstract
the sub-optimal behaviors of routing protocols that are
not relevant to the research subject. In this way, the
MIP model enables us to focus on the main benefits
of using node-level EC strategy instead of network-
level EC strategies for WSNs. The proposed MIP model
incorporates the energy and the delay cost models of the
three favorite EC methods (i.e., ARQ, FEC, and HARQ)
at the link layer. Furthermore, the MIP model utilizes
the energy dissipation characteristics of the Mica2 node
platform, which is a widely used node platform in WSN
research. At the same time, the MIP model considers
the harsh channel conditions in industrial environments.
Nevertheless, the MIP model is a flexible framework,
which can be easily adapted for other application areas
by changing the node platform types and wireless channel
parameters.

3) Using the MIP model, we quantitatively compare the
lifetime performance and energy efficiency of the node-
level EC strategy against the network-level EC strategies
in WSNs for a wide range of parameter settings, such
as the number of nodes, network area, minimum desired
reliability criteria, transmission power, packet size, and
data rate. Indeed, we aim to determine the improvement
in the network lifetime and the energy efficiency of the
network-level EC strategies with the node-level EC strat-
egy for the parameter configurations mentioned above.

4) Solving the MIP model for large-scale WSNs, consisting
of hundreds of nodes, is time-consuming since MIP mod-
els fall into the class of NP-hard problems. To solve the
MIP model efficiently for large-scale WSNs without sig-
nificant deviations from the optimal solutions, we develop
five meta-heuristic approaches: Golden Section Search
(GSS), Extended GSS (E-GSS), Simulated Annealing
(SA), Extended SA (E-SA), and Genetic Algorithm (GA).
For each meta-heuristic algorithm, we provide a time
complexity analysis and investigate the near-optimal so-
lution performance.

The rest of the paper is organized as follows. Section II
provides a summary of previous works. Section III details
the channel model, energy & delay models of various EC
methods, network & MIP models, and proposed meta-heuristic
approaches. Section IV discusses performance evaluation. Fi-

nally, Section V concludes the paper.

II. RELATED WORK

In the last decade, EC methods in WSNs have attracted
much attention in the literature. A recent survey in [8] provides
a comprehensive overview of various EC methods used in
WSNs literature. Previous studies on the utilization of EC
methods in WSNs generally focus on evaluating the perfor-
mance of these methods in terms of the energy-efficiency.
In [5] and [9], cross-layer analyses of EC schemes are in-
vestigated for WSNs and underwater WSNs, respectively. In
[10], the energy-efficiency of ARQ is compared to the energy-
efficiency of FEC. Similarly, in [11], the energy-efficiency
of ARQ, FEC, and HARQ methods are studied for wire-
less multimedia sensor networks (WMSNs). In [12], several
EC methods (i.e., Cyclic Redundancy Check–4 (CRC–4),
Bose–Chaudhuri–Hocquenghem (BCH), Reed-Solomon (RS),
and convolutional codes (CC)) are compared to HARQ in
terms of BER and the energy-efficiency for code-division
multiple access (CDMA) WSNs.

In [13], a magnetic induction-based channel coding strategy
via BCH is proposed for the optimal energy planning in linear
oil sensor networks. In [14], the effects of error-correcting ca-
pabilities of BCH and RS codes on the characteristic distance
(i.e., the single-hop distance where the energy consumption
is minimized) of WSNs are investigated. In [15], a novel
EC method, based on RS codes, CCs, and their concatenated
codes, is introduced for attaining the energy-efficiency in
cyber-physical systems-based smart buildings. In [16], an
adaptive FEC scheme based on RS codes is proposed for solar-
powered WSNs. In [17], a cognitive radio sensor networks-
assisted HARQ method is developed for solving the inefficient
utilization of the primary user channel. In [18], a design
methodology of a reliable low-power WSNs is presented,
where FEC, blind retransmissions, and ARQ are utilized to
target a predetermined reliability criterion.

Sarvi et al. [19] develop an adaptive cross-layer EC pro-
tocol, which uses erasure coding as the FEC code at the
application layer and the hybrid RS/ARQ method at the link
layer for reliable energy-efficient multimedia streaming over
WSNs. Another adaptive cross-layer EC method is introduced
in [20] for distributed video coding over WMSNs. The erasure
coding with RS and hybrid RS/ARQ methods are utilized at
the application and the link layers. In [21], an EC framework
that exploits the features of BCH and low-density parity-
check (LDPC) codes is proposed for software-defined WSNs.
This framework allows different types of FEC methods to
be deployed in various links or clusters of WSNs to reduce
the energy consumption of the sensor nodes. In [22], the
advantages of turbo codes, a class of high-performance FEC
codes, over ARQ are discussed for WSNs having a multi-hop
extended star topology. In [23], a comparative study is carried
out for determining the most suitable EC method among
convolutional, turbo, and LDPC codes for industrial WSNs.
In [24], a dynamic EC method is proposed that estimates the
channel conditions and controls the errors. For low BERs, a
simple EC method is used without transmissions, while for
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high BERs, retransmissions are considered. In [25], a flexible
EC protocol that adaptively changes the utilized EC code
depending on the wireless channel conditions is developed for
WSN-based smart grid applications. The performance of this
adaptive EC protocol is compared to static RS and without-
FEC mechanisms. In [26], the capabilities of HARQ are
extended via estimating the network conditions for optimizing
the energy-efficiency of CDMA-based WSNs. In [27], a two-
dimensional single error correction and double error detection
(2D SEC-DED) FEC method is introduced, which provides
good performance when BER is high, and most of the errors
are single-/double-bit.

Ez-Zazi et al. [28] propose two energy-efficient coding
frameworks for clustered WSNs. In the first approach, the
cluster head decides to correct the packets using an LDPC-
based FEC code. In the second method, the cluster head
decides to decode the received packets or verify the integrity
of the packets using ARQ. The first and the second approaches
are suitable when BER is low and high, respectively. In [29],
an energy-efficient coding framework is developed for multi-
hop WSNs. The developed method decides when to use FEC
decoding or retransmissions by considering the propagation
characteristics of the wireless channel.

The problem of maximizing the WSN lifetime can be
formulated as an optimization problem [30]. One of the most
popular optimization models to maximize the WSN lifetime is
network flow programming. In network flow programming, the
aim is to find an optimum data-routing plan for sensor nodes
to deliver their collected data to the sink node in a manner
that maximizes the network lifetime [31]. This problem can
be formulated as a linear program (LP) where the objective
function is defined as the maximization of WSN lifetime
while constraints ensure both the flow balance and the en-
ergy balance [32]. Although these LP models usually assume
fractional flows (splitting of packets into fractional portions)
as decision variables, in practice, these models require flow
decision variables to have integer values since flow variables
are typically defined as the number of packets to be transmitted
over links [33]. Network flow programming models are treated
as either integer programs (IP) or MIP (depending on the
usage of another binary variable or continuous variable) and
no longer have a polynomial-time solution.

There has been little quantitative analysis on WSNs lifetime
maximization via MIP formulations by utilizing EC methods
in the literature. In [38], an MIP formulation is proposed to
optimize the network lifetime and the video encoding rate for
wireless video sensor networks. A hybrid EC scheme that
integrates network coding and ARQ is employed to combat
packet losses over wireless channels. In [39], a hybrid ARQ
protocol is developed via an MIP model that maximizes WSN
lifetime while the MIP model has a constraint to satisfy a pre-
determined reliability criterion. In [40], a green WSN lifetime
is maximized using MIP formulations incorporating a novel
redundant residue number system-based EC method.

The computational complexity of MIP models can be re-
duced by heuristic methods that can find near-optimal solu-
tions in a reasonable amount of time. A particular class of
heuristics is called meta-heuristics, which are nature-inspired

(based on some principles adopted from physics, biology,
etc.) and problem-independent algorithms to approximately
solve a wide range of challenging optimization problems
[41]. Golden section search (GSS), genetic algorithm (GA),
and simulated annealing (SA) are three widespread instances
of meta-heuristics algorithms. Recent surveys in [42], [43]
study the techniques for improving the network lifetime while
attaining the energy-efficiency using meta-heuristics in WSNs.
The most similar work to our study is performed by Xenakis et
al. [36], where the authors jointly optimize the transmit power,
packet transmission through EC methods, and topology control
in WSNs for the energy-efficiency. The optimization problem
is solved using SA meta-heuristic. However, EC methods are
applied at the network-level rather than at the node-level.
Moreover, the MIP model minimizes the energy consumption
of the network instead of directly maximizing the network
lifetime, as we aim in this study.

To the best of our knowledge, a study that solves WSNs
lifetime maximization problem for the node-level EC strategy
(which is modeled as MIP) via meta-heuristic methods has not
been encountered in the literature yet. Moreover, the existing
body of research on the utilization of EC methods for the
WSN lifetime maximization (i.e., [38]–[40]) generally adopt
network-level strategies and provide comparative analyses on
the energy-efficiency for various EC methods. Therefore, this
study makes two major contributions to research on the uti-
lization of EC methods in WSNs. First, a novel node-level EC
strategy is formulated as an MIP model such that each node in
the network can adopt an optimum EC method for maximizing
the network lifetime. Second, several meta-heuristic methods
are developed to solve this MIP model (i.e., node-level EC
strategy) to get near-optimal solutions in polynomial-time.

III. SYSTEM MODEL

In this section, we first introduce the channel model. Then,
energy and delay cost models of various EC methods are
detailed where these models are adopted from [6] that are
derived from the analyses provided in [5], [36]. Afterward,
we present our network model and the node-level EC strategy.
Finally, we describe our meta-heuristic approaches. Table I
provides the terminology used in this paper.

A. Channel Model

We utilize the log-normal shadowing channel model detailed
in [34]. The path loss over the link-(i, j) is defined as

PLij = PL0 + 10η log10(dij/d0) +Xσ, (1)

where dij and d0 refer to the distance of link-(i, j) and the
reference distance, respectively. PL0 is the path loss at d0.
η is the path loss exponent and Xσ models the shadowing
phenomena, which is defined as a zero-mean Normal random
variable with the standard deviation σ.

The signal-to-noise ratio (SNR) at the receiver node-j
(where the transmitter node is defined as node-i) is [34]

γij = Pt − PLij − Pn, (2)
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TABLE I: Terminology used in this paper.
Symbol Description Unit Value Symbol Description Unit Value
BERij Bit error rate observed over link-(i, j) – – BLERij Block error rate observed over link-(i, j) – –
BN Noise bandwidth [34] kHz 30 c Speed of light in vacuum m/s 3 × 108

d0 Reference distance [35] m 15 dij Distance between node-i and node-j m –
Ẽ Avg. energy consumption per node per round J – Eacq Data acquisition energy [6] µJ 600
Edec Energy cost of decoding a FEC code J – Eelec Energy consumed by the tx. electronics [6] nJ/bit 50
Eenc Energy cost of encoding [36] J ≈ 0 Ei Total energy consumed by node-i J –

Eini Initial battery energy of sensor nodes [6] KJ 25 Ekrx,ji
Reception energy cost for
k ={ARQ, FEC, HARQ} J –

Ektx,ij
Transmission energy cost for
k ={ARQ, FEC, HARQ} J – Erx(q) Energy required to receive q bit-packet J –

Etx(q) Energy required to transmit q bit-packet J – Etoij Energy consumed before timeout J –
H Network lifetime rounds – K Set of EC methods – –

`
Number of bits transmitted after a NACK packet has been received
in HARQ bits – la(lna) ACK (NACK) packet size [6] bytes 20

lkpck Packet size for k ={ARQ, FEC} bytes – lh Header size [6] bytes 12
lpl Payload size bytes 32–128 nkret,ij Expected number of retransmissions for k ={ARQ, FEC, HARQ} – –

P Transmission power level – 1–26 PERkij(q)
Packet (of q bits) error rate
for k ={ARQ, FEC} – –

PLij Path loss over the link-(i, j) dB – PL0 Reference path loss [35] dB 61.65
Pn Noise floor [34] dBm –115 Pproc Processing power [5] mW 24
Pslp Sleep power [37] µW 3 Pstd Standby power [37] mW 35.4
Prx Reception power [37] mW 35.4 Pt Output antenna power [37] dBm (–20)–(+5)
Ptx Transmission power [37] mW 25.8–76.2 R Data rate [34] kbps 19.2–38.4
Rcom Max. transmission range [37] m 19.3–82.92 Rnet Network radius m 10–40
si Number of packets generated by node-i in each round – 1 Tacq Time required for data acquisition [6] ms 20
Tadd Time required to perform addition in the CPU of the microcontroller s – T blckdec Time required to decode a FEC block-(n, k, t) s –
T bsyi Total busy time of sensor node-i s – tcyc Cycle duration [5] ns 250
Tdec Decoding time of a FEC code s – Tgrd Guard time s –

Tmult
Time required to perform multiplication in the CPU of the micro-
controller s – T pij Round-trip propagation delay over link-(i, j) s –

Trnd Round duration s 100 T krx,ji Reception time for k ={ARQ, FEC, HARQ} s –

T ktx,ij
Transmission time for
k ={ARQ, FEC, HARQ} s – V Set of all nodes (including the sink node) – –

|V | Number of all nodes (incl. the sink node) – 101–221 W Set of all sensor nodes (excl. the sink node) – –

|W | Number of sensor nodes – 100–220 xkij
Number of packets flowing over the link-(i, j) using type-k EC
method – –

Xσ
Zero-mean Gaussian random variable with std. deviation, σ, to
represent shadowing [35] dB 7.35 γij SNR at the receiver node-j dB –

η Path loss exponent [35] – 2.49 φkji
Loss rate of the received packets for
k ={ARQ, FEC, HARQ} – –

ψ Minimum desired packet delivery ratio – 0.5–0.999 (n, k, t)
Block length, payload length, and error correction capability for
FEC codes bits –

where Pt and Pn are the output antenna power and the
noise floor (both in dB), respectively. For the non-coherent
frequency-shift keying (FSK) modulation scheme (which is
the modulation used in Mica2 platforms), the BER is [34]

BERij = 0.5 exp
(
−0.5× 100.1×γij × (BN/R)

)
, (3)

where BN is the noise bandwidth and R denotes the data rate.
The packet error rate (PER) for ARQ is defined as [5]

PERARQ
ij (q) = 1− (1− BERij)q, (4)

where q is the size of the packet (in bits). For a FEC block-
(n, k, t), the block error rate is calculated as [5]

BLERij =

n∑
l=t+1

(
n

l

)
(BERij)l(1− BERij)n−l, (5)

where n, k, and t denote the block length, the payload length,
and the capability of error correction (all in bits), respectively.
For a packet of size q bits (assuming that q > n), the PER of
FEC can be estimated as [5]

PERFEC
ij (q) = 1− (1− BLERij)d

q
k e, (6)

where d qk e is the number of blocks required to send q bits and
d·e is the ceil function.

B. Energy Cost Models

1) ARQ: In ARQ, we consider a two-way handshake mech-
anism where the receiver node-j sends an acknowledgment
(ACK) packet as soon as this node correctly receives the data

packet transmitted by node-i [9]. The energy consumed for
transmitting a data packet of size lARQ

pck = lpl + lh (where lpl
and lh are the payload and the header sizes, respectively) and
receiving an ACK packet of size la is [6]

EARQ
tx,ij = Eenc+n

ARQ
ret,ij×

[
Etx

(
lARQ
pck

)
+ Erx(la) + Etoij

]
, (7)

where Eenc, Etx
(
lARQ
pck

)
, Erx(la), Etoij , and nARQ

ret,ij are the en-
coding energy cost, the data transmission energy cost, the ACK
reception energy cost, the energy required before timeout, and
the expected number of retransmissions, respectively. Since
Eenc is negligible small, we neglect this term [36]. For a
packet of size q bits, the transmission and the reception energy
costs are expressed as [9]

Etx(q) = qEelec + Ptx (q/R) ,

Erx(q) = qEelec + Prx (q/R) ,
(8)

respectively, where Eelec, Ptx, and Prx denote the energy
consumed by the transmitter electronics, the transmission
power, and the reception power, respectively. The Mica2 node
platform has 26 discrete power levels (i.e., P), where Pt, Ptx,
and the corresponding maximum transmission range values
(i.e., Rcom) for each power level are reported in Table II
[37]. The energy required before timeout, Etoij , is formulated
as Etoij = Pstd × (T pij + Tgrd) [6]. In this equation, Pstd,
T pij = 2 × dij/c, and Tgrd = 2 × max

i,j
T pij are the standby

power, the round-trip propagation delay, and the guard time,
respectively. Note that, the guard time is as twice as the
maximum value of round-trip propagation delay [44]. c is the
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TABLE II: Output antenna power (Pt in dBm), transmission
power (Ptx in mW), and max. transmission range (Rcom in m)
for each power level (P) for the Mica2 node platforms [37].

P Pt Ptx Rcom P Pt Ptx Rcom

1 –20 25.8 19.30 14 –7 32.4 41.19
2 –19 26.4 20.46 15 –6 33.3 43.67
3 –18 27.0 21.69 16 –5 41.4 46.29
4 –17 27.0 22.99 17 –4 43.5 49.07
5 –16 27.3 24.38 18 –3 43.5 52.01
6 –15 27.9 25.84 19 –2 45.3 55.13
7 –14 27.9 27.39 20 –1 47.4 58.44
8 –13 28.5 29.03 21 0 50.4 61.95
9 –12 29.1 30.78 22 1 51.6 65.67

10 –11 29.7 32.62 23 2 55.5 69.61
11 –10 30.3 34.58 24 3 57.6 73.79
12 –9 31.2 36.66 25 4 63.9 78.22
13 –8 31.8 38.86 26 5 76.2 82.92

speed of light in vacuum. nARQ
ret,ij is calculated as [6]

nARQ
ret,ij =

[(
1− PERARQ

ij

(
lARQ
pck

))
×
(

1− PERARQ
ji (la)

)]−1

.

(9)
The energy cost for the reception in ARQ is defined as [6]

EARQ
rx,ji = nARQ

ret,ji ×
[
Erx

(
lARQ
pck

)
+ Etx(la)

]
. (10)

2) FEC: Redundancy bits are added before the transmission
in FEC methods. Since FEC methods do not require retrans-
missions, ACK packets are not required. The size of a FEC
packet is calculated as lFEC

pck = d lplk en + lh [9]. Energy costs
for transmission and reception for FEC are [6]

EFEC
tx = Eenc + Etx

(
lFEC
pck

)
,

EFEC
rx = Erx

(
lFEC
pck

)
+ Edec,

(11)

respectively, where Edec = Pproc × Tdec is the energy
consumption for decoding a FEC packet [36]. In this equation,
Pproc is the processing power and Tdec is the decoding time
for a FEC packet, which is calculated in Section III-C.2.

3) HARQ: A data packet of size lARQ
pck is sent with ARQ, and

if this packet is replied with a negative ACK packet (NACK)
of size lna = la, then the transmitter re-sends the data encoded
by FEC (i.e., HARQ-I) or the redundant bits (i.e., HARQ-II).
From a general perspective, we define ` to be the number of
bits transmitted after a NACK packet has been received [5].
Therefore, ` = lFEC

pck for HARQ-I and ` = d lplk e(n − k) + lh
for HARQ-II. As in [5], we choose BCH as the FEC code
utilized for both HARQ-I and HARQ-II. The transmission and
the reception energy costs for HARQ are calculated as [6]

EHARQ
tx,ij = Eenc + Etx

(
lARQ
pck

)
+ PERARQ

ij

(
lARQ
pck

)
× [Erx(lna) + Etx(`)] ,

EHARQ
rx,ji = Erx

(
lARQ
pck

)
+ PERARQ

ji

(
lARQ
pck

)
× [Etx(lna) + Erx(`) + Edec] .

(12)

C. Delay Cost Models

1) ARQ: Since ARQ employs a two-way handshake mecha-
nism, the transmission time includes the time spent for sending

a data packet of size lARQ
pck (i.e., lARQ

pck /R) plus the round-trip
propagation delay (T pij) and the guard time (Tgrd) that is the
time spent for waiting for an ACK packet. On the other hand,
the reception time includes the time spent for receiving the
data packet of size lARQ

pck . Hence, the transmission and the
reception times for ARQ are calculated as [6]

TARQ
tx,ij =

(
lARQ
pck /R

)
+ T pij + Tgrd,

TARQ
rx =

(
lARQ
pck /R

)
.

(13)

2) FEC: Due to the lack of ACK packets in FEC, the
transmission and the reception times are expressed as [6]

T FEC
tx,ij =

(
lFEC
pck /R

)
+ T pij ,

T FEC
rx =

(
lFEC
pck /R

)
+ Tdec,

(14)

respectively. The decoding time for a FEC block-(n, k, t) is
calculated as T blckdec = (2nt+2t2)× (Tadd+Tmult) [5], where
Tadd and Tmult stand for the times required to perform ad-
dition and multiplication in the central processing unit (CPU)
of the microcontroller, respectively. Note that, Mica2 sensor
node platform with 8-bit microcontroller operates addition and
multiplication of 8 bits in 3 cycles where m = blog2 n+ 1c
[5]. Therefore, Tadd + Tmult = 3× dm/8e × tcyc, where tcyc
is the one cycle period [5]. Since dlpl/ke number of FEC
blocks are received, the total decoding time for a FEC packet
is calculated as Tdec = T blckdec × dlpl/ke [6].

3) HARQ: In HARQ, the first transmission is performed
using ARQ, while the second transmission is achieved using
a BCH FEC code. Thus, the transmission and reception times
are defined as [6]

THARQ
tx,ij = TARQ

tx,ij + PERARQ
ij

(
lARQ
pck

)
× T FEC

tx,ij ,

THARQ
rx,ji = TARQ

rx + PERARQ
ji

(
lARQ
pck

)
× T FEC

rx .
(15)

D. Network Model & The Node-Level EC Strategy

1) Network Model: We consider a disk-shaped network of
radius Rnet m. The network consists of a single sink node
(i.e., node-1), which is located in the middle of the network.
The sets V and W are defined to represent sets of all nodes
(including the sink node) and all sensor nodes, respectively.
|W | sensor nodes are uniformly distributed within the network.
We define the network lifetime as the time until the first node
exhausts its battery [30]. The network lifetime is organized as
rounds, where Trnd and H are defined as the round duration
and the network lifetime (in rounds), respectively. si is defined
as the number of packets generated by node-i at each round.
Generated data are collected at the sink node at the end of
each round.

2) MIP Formulation for the Node-Level EC Strategy: The
node-level EC strategy is developed as a network flow program
using MIP formulations in (16). The objective function of the
MIP model is defined as the maximization of the network
lifetime (i.e., H) in (16a). The set K consists of the EC
methods used throughout this work, where K = {ARQ,
BCH(31,11,5), BCH(31,21,5), RS(15,11,2), HARQ-I, HARQ-
II}. As in [6], we choose BCH(31,11,5), BCH(31,21,5), and
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RS(15,11,2) as FEC codes. xkij , T
bsy
i , and Ei are the decision

variables of the MIP model, where xkij is an integer variable
that denotes the number of packets flowing over link-(i, j)
using type-k EC method through the network lifetime. T bsyi

is a continuous variable that represents the total busy time
of sensor node-i during the network lifetime. Ei is the total
energy consumed by node-i throughout the network lifetime.
The constraints of the MIP model are defined in (16b)–(16k).

The first constraint, (16b), ensures the flow balance at
each sensor node-i, which states that the number of outgoing
packets (i.e.,

∑
k∈K

∑
j∈V x

k
ij) is the summation of incoming

packets (i.e.,
∑
k∈K

∑
j∈W xkjiφ

k
ji) and the generated packets

during the network lifetime (i.e., H × si).
Maximize H (16a)

subject to:∑
k∈K

∑
j∈V

xkij −
∑
k∈K

∑
j∈W

xkjiφ
k
ji = H × si,∀i ∈W (16b)

∑
k∈K

∑
j∈W

xkj1φ
k
j1 ≥

(∑
i∈W

si

)
×H × ψ, (16c)

T bsyi =
∑
k∈K

∑
j∈V

nkret,ijT
k
tx,ijx

k
ij +

∑
j∈W

nkret,jiT
k
rx,jix

k
ji


+H × Tacq,∀i ∈W

(16d)

T bsyi ≤ H × Trnd,∀i ∈W (16e)

∑
k∈K

∑
j∈V

Ektx,ijx
k
ij +

∑
j∈W

Ekrx,jix
k
ji

+H × Eacq

+Pslp ×
(
H × Trnd − T bsyi

)
= Ei,∀i ∈W

(16f)

Ei ≤ Eini,∀i ∈W (16g)

xkij = 0 if dij > Rcom,∀i ∈W, ∀j ∈ V,∀k ∈ K (16h)

xkij ≥ 0,∀i ∈W, ∀j ∈ V,∀k ∈ K (16i)

T bsyi ≥ 0,∀i ∈W (16j)

Ei ≥ 0,∀i ∈W (16k)

The term, φkji, refers to the loss rate of the received packets,
and calculated as [6]

φARQ
ji = 1−

[
PERARQ

ji

(
lARQ
pck

)
× PERARQ

ji (la)
](nARQ

ret,ji+1)
,

φFEC
ji = 1− PERFEC

ji

(
lFEC
pck

)
,

φHARQ
ji = 1−

[
PERARQ

ji

(
lARQ
pck

)
× PERFEC

ji

(
lFEC
pck

)]
,

(17)
for ARQ, FEC, and HARQ, respectively. (16c) is the reliability
requirement constraint, which states at least ψ ratio of the
generated packets from all sensor nodes during the network
lifetime (i.e., (

∑
i∈W si)×H ×ψ) should be received by the

sink node (node-1). Indeed, this constraint ensures that the
desired packet delivery ratio (PDR) of the network should
be at least ψ. (16d) calculates the total time required for
the transmission, the reception, and the data acquisition (i.e.,

H × Tacq) of node-i during the network lifetime (busy time),
where Tacq is the time required for data acquisition at each
round. For FEC and HARQ, we set nFEC

ret,ij = nHARQ
ret,ij = 1

[36]. On the other hand, for ARQ, nARQ
ret,ij has already been

derived in Eq. (9). The parameters, T ktx,ij and T krx,ji, are
calculated for ARQ, FEC, and HARQ in Section III-C. (16e)
states that the busy time of each sensor node cannot exceed the
network lifetime in terms of seconds. (16f) calculates the total
energy dissipated of node-i for the communication, the data
acquisition (i.e., H×Eacq), and staying in the sleep mode (i.e.,
Pslp ×

(
H × Trnd − T bsyi

)
. In this constraint, Eacq and Pslp

are the energy consumption of data acquisition at each round
and the sleep power, respectively. The parameters, Ektx,ij and
Ekrx,ji, are defined for ARQ, FEC, and HARQ in Section III-B.
(16g) limits the total energy consumed by node-i to the initial
battery capacity of sensor nodes (Eini). (16h) enforces the
maximum transmission range constraint. Finally, (16i)–(16k)
define the boundaries of the decision variables.

E. Meta-Heuristic Approaches
We solved the MIP model in (16) to optimality for small-

sized randomly generated WSNs. We observe that sensor
nodes mostly utilize HARQ-II, HARQ-I, and BCH(31,21,5)
to maximize lifetime. Since HARQ-II has better energy-
efficiency than HARQ-I, and BCH(31,21,5) is chosen as the
FEC method for HARQ, our problem has turned into a binary
selection problem [45] (i.e., which nodes should use HARQ-II
or BCH(31,21,5) to maximize the network lifetime). We define
a binary solution vector S = [S2,S3, . . . ,S|V |] that is used as
a baseline throughout this section. Note that, Si = 1, if node-
i uses HARQ-II, and Si = 0, if node-i uses BCH(31,21,5).
In the remaining part of this subsection, we detail our five
meta-heuristic approaches.

1) Golden Section Search (GSS): The pseudo-code for the
GSS algorithm is presented in Alg. 1. The inputs are |V |,
lb, ub, and Φ, which denote the number of all nodes in the
network, the lower & upper bounds of the search interval,
and the golden ratio, respectively. Initially, we set lb = 0
and ub = |V | − 1. We define two interior points, λ1 and
λ2 (i.e., lb < (λ1, λ2) < ub), as boundaries for the nodes,
which are using HARQ-II and BCH(31,21,5) (line 1). In other
words, from node-2 up to node-(λ1 + 1), HARQ-II is utilized
(i.e., Si = 1, ∀i ∈ {2, 3, . . . , λ1 + 1}), while the rest of
the sensor nodes use BCH(31,21,5) (i.e., Si = 0, ∀i ∈
{λ1 + 2, . . . , |V |}). The same procedure is also applied for
λ2. Then, the network lifetime is computed according to λ1

as follows. In (16), we manually set xkij = 0, ∀i, ∀j, ∀k ∈
{ARQ, BCH(31,11,5), RS(15,11,2), HARQ-I} since ARQ,
BCH(31,11,5), RS(15,11,2), and HARQ-I are not preferred by
the sensor nodes. Moreover, we set xHARQ-II

ij = 0, ∀i ∈ {λ1 +

2, . . . , |V |}, ∀j and xBCH(31,21,5)
ij = 0,∀i ∈ {2, . . . , λ1+1}, ∀j.

Since the search space of xkij is reduced by this manual
operation, we can solve (16) in a reasonable time, and the
lifetime is obtained as H1 (line 3). A similar procedure is
also applied for λ2, where the lifetime obtained for this case
is denoted as H2 (line 4). While searching for the maximum
lifetime, the GSS algorithm updates the interval according to
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Algorithm 1 Pseudo-code for the GSS algorithm.

Input: Number of all nodes (|V |), Lower bound (lb ← 0),
Upper bound (ub← |V | − 1), Golden ratio (Φ← (−1 +√

5)/2).
Output: Lifetime, nodes using HARQ-II or BCH(31,21,5).

1: Compute λ1 ← d(ub−Φ×(ub−lb)e and λ2 ← b(lb+
Φ× (ub− lb)c;

2: while | ub− lb |≥ 1 do
3: Apply first λ1 + 1 nodes to HARQ-II and remaining

nodes to BCH(31,21,5). Compute the lifetime as H1;
4: Apply first λ2 + 1 nodes to HARQ-II and remaining

nodes to BCH(31,21,5). Compute the lifetime as H2;
5: if H1 < H2 then
6: Narrow the interval from the right (i.e., [lb,ub]

to [lb,ub = λ2]) and set λ2 = λ1:
ub← λ2; λ2 ← λ1;

7: Update the intermediate point, λ1, according to the
new upper bound as:
λ1 ← dub− Φ× (ub− lb)e;

8: else
9: Narrow the interval from the left (i.e., [lb,ub] to

[lb = λ1,ub]) and set λ1 = λ2:
lb← λ1; λ1 ← λ2;

10: Update the intermediate point, λ2, according to the
new lower bound as:
λ2 ← blb + Φ× (ub− lb)c;

11: end if
12: end while
13: Result:

H1 (or H2); . Network lifetime
Si = 1, i ∈ [2,lb]; . Nodes using HARQ-II
Si = 0, i ∈ [lb + 1, |V |]; . Nodes using BCH(31,21,5)

H1 and H2. If H1 < H2, the upper bound of the interval
is updated to ub = λ2 (lines 5–7). On the other hand, if
H1 ≥ H2, the lower bound is updated to lb = λ1 (lines 8–
11). This narrowing process is repeated until |ub − lb| < 1
(i.e., ub = lb). H1 (or H2) is returned as the best lifetime.
Furthermore, the GSS algorithm returns lb that indicates the
threshold value for the number of sensor nodes that should use
HARQ-II. In other words, from node-2 to node-lb, HARQ-II
is used; while from node-(lb+1) to node-|V |, BCH(31,21,5)
is used (line 13).

We extend our GSS algorithm (i.e., extended GSS – E-GSS)
such that HARQ-II is set to the sensor nodes close to the sink
node and BCH(31,21,5) is set to the sensor nodes far away
from the sink node.

2) Simulated Annealing (SA): The SA algorithm is pre-
sented in Alg. 2. The inputs are |V |, the temperature (tmp),
the cooling parameter (α), and the maximum cycle number
(maxCycle). Initially, we set Si = 1, ∀i ∈

{
2, . . . ,

⌈
|V |
2

⌉}
and Si = 0, ∀i ∈

{⌈
|V |
2

⌉
+ 1, . . . , |V |

}
, in the current

solution vector S (i.e., the first half of the sensor nodes
use HARQ-II, and the remaining ones use BCH(31,21,5)).
The current lifetime (curLT) is obtained from this current

Algorithm 2 Pseudo-code for the SA algorithm.

Input: Number of all nodes (|V |), Initial temperature (tmp←
0), Cooling parameter (α ← 0.95), and Maximum cycle
number (maxCycle← 50).

Output: Lifetime, nodes using HARQ-II or BCH(31,21,5).
1: Initialize the parameters: Count (count ← 0), and Best

Lifetime (bestLT← 0);
2: Find an initial solution vector and set it as the initial

temperature (tmp), the current solution vector (curSol),
and the best solution vector (bestSol);

3: Compute the lifetime for the current solution vector and
set as the current lifetime (curLT) and the best lifetime
(bestLT);

4: while count ≤ maxCycle do
5: Assign the temperature (tmp ← tmp × α). Find a

candidate solution vector (candSol) by taking the
complement of one element in the current solution
vector. Compute its lifetime as the candidate lifetime
(candLT);

6: if candLT > curLT then
7: Update the current lifetime (curLT) as the candi-

date lifetime (candLT):
curLT← candLT;

8: Update the current solution vector (curSol) as
the candidate solution vector (candSol):
curSol← candSol;

9: if candLT > bestLT then
10: Update the best lifetime (bestLT) as the

candidate lifetime (candLT):
bestLT← candLT;

11: Update the best solution vector (bestSol)
as the candidate solution vector (candSol):
bestSol← candSol;

12: count← 0;
13: end if
14: else
15: count← count + 1;
16: ∆Obj ← curLT − bestLT. Assign candSol

as curSol with probability: e−(∆Obj/tmp).
17: end if
18: end while
19: Result: bestLT and bestSol

solution vector (curSol) by manually setting xkij = 0 for
the corresponding i and k values. Moreover, we store the
current lifetime value as tmp (lines 1–3). Then, we find a
candidate solution vector (candSol) by complementing the
EC methods (i.e., HARQ-II, or BCH(31,21,5)) of a randomly
selected neighbor node. For instance, if a randomly selected
neighbor node uses HARQ-II, it switches to use BCH(31,21,5)
or vice versa. The candidate lifetime (candLT) is calculated
using this candidate solution (line 5). If the candidate lifetime
is greater than the current lifetime, we update the current solu-
tion vector and the current lifetime with the candidate solution
vector and the candidate lifetime (lines 6–8). Moreover, if the
candidate lifetime is greater than the best lifetime obtained
so far (bestLT), the candidate lifetime and the candidate
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Algorithm 3 Pseudo-code for the GA algorithm.

Input: Population size (popSize← 10), Maximum genera-
tion (maxGen← 50), Mutation probability (mutProb←
0.15).

Output: Lifetime, nodes using HARQ-II or BCH(31,21,5).
1: Initialize the parameters: Generation (gen ← 0), Gen-

erate population with random chromosomes (P ←
{C1, . . . , CpopSize}),

2: Calculate the best lifetime of the population (bestLT←
bestLT(P )).

3: while gen ≤ maxGen do
4: Select two chromosomes having the highest two life-

times via the Roulette Wheel Selection algorithm:
{CS1, CS2} ← RoulettteWheel(P );

5: Crossover the selected chromosomes:
Cnew ← CrossOver(CS1, CS2);

6: Mutate a random gene of the chromosome with prob-
ability, mutProb:
Cmut ← Mutation(Cnew);

7: Calculate the lifetime of the new chromosome (Cnew):
newLT← CalculateLifetime(Cnew);

8: if newLT > bestLT then
9: Update the bestLT with the newLT:

bestLT← newLT;
10: Select the worst chromosome yielding the lowest

lifetime from the population:
Cworst ← SelectWorseChromosome(P );

11: Remove it from the population:
P.remove(Cworst);

12: Add new chromosome to the population:
P.add(Cnew);

13: end if
14: gen← gen + 1 ;
15: end while
16: Result: bestLT and P

solution vector are set as the best lifetime and the best
solution vector (bestSol) (lines 9–13). Otherwise, we update
the current solution vector and the current lifetime with the
probability e−(∆Obj/tmp), where ∆Obj = curLT− bestLT
(lines 14–17). The algorithm continues until the maximum
number of cycle limit has been reached. The SA algorithm
returns the best lifetime and the corresponding best solution
vector, containing the information on which nodes are using
HARQ-II or BCH(31,21,5) (line 19).

We extend the SA algorithm by checking the distance of
a random neighbor node to the sink node (i.e., E-SA). This
time, the initial solution vector is defined as half of the sensor
nodes closest to the sink node are using HARQ-II while the
other nodes are using BCH(31,21,5).

3) Genetic Algorithm (GA): The outline for the GA algo-
rithm is provided in Alg. 3. In this algorithm, the input
parameters are the population size (popSize), the max-
imum generation (maxGen), and the mutation probability
(mutProb). Initially, the population (P ) contains random
solution vectors, which are called the chromosomes (i.e.,

P ← {C1, C2, ..., CpopSize}). Each chromosome contains sen-
sor nodes, called genes (i.e., Cj = [G2,G3, . . . ,G|V |]ᵀ,∀j ∈
{1, 2, . . . ,popSize}). When Gi = 1, HARQ-II is used in
node-i. On the other hand, when Gi = 0, BCH(31,21,5) is used
(line 1). The lifetime of each chromosome, Cj , is evaluated,
and the best lifetime (bestLT) is declared (line 2). Using
the roulette wheel selection (RWS), the chromosomes, having
the highest two lifetimes, from the population are selected
(i.e., CS1 and CS2) (line 4). In RWS, the selection process
is done randomly according to the lifetime values where the
chromosomes with better lifetimes have higher chances to be
selected for the crossover. The parent chromosomes, CS1 and
CS2, go through the crossover and the mutation stages. In
the crossover stage, a new child chromosome is produced by
swapping the genes of two parents after a random cut point
(e.g., CS1 = [0 0 1 | 0 1 . . . 0] and CS2 = [1 0 1 | 0 1 . . . 1]→
Cnew = [0 0 1 | 0 1 . . . 1]) (line 5). The mutation stage occurs
at the randomly selected gene with a pre-defined probability
(mutProb). If the value of the selected gene is 1, it changes
to 0, or vice versa (e.g., Cnew = [0 0 1 0 1 1 . . . 1]→ Cmut =
[0 0 1 1 1 1 . . . 1]) (line 6). The new lifetime (newLT) is
calculated from the new child chromosome, Cnew (line 7). If
the new lifetime is greater than the best lifetime (bestLT),
the new child chromosome is added to the population (i.e.,
P ∪{Cnew}) and the worst chromosome, which has the lowest
lifetime, is removed from the population (i.e., P \ {Cworst})
(lines 8–13). These stages are continued until the termination
criterion is met, and the best lifetime obtained so far (bestLT)
with the population (P ) are returned (lines 16).

IV. PERFORMANCE RESULTS

In this section, we discuss the results of our numerical
analysis. The MIP model and the meta-heuristic approaches
are solved using the General Algebraic Modeling System
(GAMS)1. The network-level (NeL) EC strategies are modeled
by predefining xkij = 0 for the undesired EC methods in
(16). For example, the “NeL: ARQ” strategy is developed
by forcing xkij = 0 for k = {BCH(31,11,5), BCH(31,21,5),
RS(15,11,2), HARQ-I, HARQ-II}. A similar interpretation can
be applied to other NeL EC strategies. We randomly generate
20 network topologies and provide the average solutions
throughout our analysis. The simulations are performed on
HP Z640 Workstation with 16GB RAM and Intel(R) Xeon(R)
E5-2620 v3 processor.

In Figs. 1–4, we choose |W | = 100, Rnet = 40 m, ψ =
0.999, P = 1, lpl = 128 bytes, and R = 19.2 kbps. We
investigate the effects of varying the number of nodes (|W |),
the network radius (Rnet), the minimum desired reliability
criterion – minimum PDR (ψ), the transmission power level
(P), the packet size (lpl), and the data rate (R) throughout
the analysis. For this purpose, we vary one of the mentioned
parameters (i.e., |W |, Rnet, ψ, P , lpl, or R), while the other
parameters are kept constant.

Figs. 1a–1f provides normalized lifetimes of both the NoL
EC and the NeL EC strategies as |W |, Rnet, ψ, P , lpl, or R

1GAMS Development Corporation, Washington, DC, USA. General Alge-
braic Modeling System (GAMS) Release 25.0.3. (2018). [Online]. Available:
http://www.gams.com/.
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Fig. 1: Comparison of normalized lifetimes of the NoL EC
strategy against the NeL EC strategies.

changes in each sub-figure. Normalized lifetimes are obtained
by dividing each data point to the maximum data point in each
sub-figure. Normalized lifetimes increase as |W | increases
for all EC strategies (in Fig. 1a) due to the decrement of
the hop distance as the network becomes dense, resulting
in nodes dissipating less energy for communication, thus
improving lifetimes. On the other hand, normalized lifetimes
drop as the network radius (Rnet) increases (in Fig. 1b) since
the energy required for communication increases in sparse
networks. Moreover, as the minimum desired PDR (ψ) grows
(in Fig. 1c), normalized lifetimes decrease since nodes need
to dissipate more energy to satisfy the minimum required
reliability criterion. We observe an interesting trend as the
transmission power level (P) changes. Our outcomes show
that normalized lifetimes increase up to a specific power level
(i.e., P = 17) and fall after P = 17, regardless of the EC
strategies (in Fig. 1d). The reason behind this trend is that
we have high BERs on links for P ≤ 17. Although the BERs
decrease as P is further increased, nodes start to waste energy,
yielding short lifetimes. Normalized lifetimes reduce as the
payload size (lpl) increases (in Fig. 1e) since high lpl values
result in low BERs, where nodes should consume excessive
energy to ensure reliable communication performance. Finally,
normalized lifetimes increase as the data rate (R) is raised (in
Fig. 1f) since the communication-related energies reduce as R
increases.

The NoL EC strategy has the highest normalized lifetimes
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Fig. 2: Normalized average energy consumption per node per
round (Ẽ) of the NoL EC and the NeL EC strategies.

than all the NeL EC strategies such that NoL EC lifetimes are
4.4%–175.4% greater than the NeL EC strategies. In general,
NeL: HARQ-II and NeL: HARQ-I strategies are the best
two NeL EC strategies (in terms of lifetimes) after the NoL
EC strategy such that these EC strategies have 4.2%–9.6%
and 6.1%–19.7% shorter lifetimes than the NoL EC strategy,
respectively. NeL: BCH(31,11,5) is the worst NeL EC strategy
for all the parameter configurations. NeL: ARQ gives mediocre
lifetimes after NeL: HARQ-II and NeL: HARQ-I strategies
if the network radius is small (i.e., Rnet = 10 m), or the
transmission power level is high (i.e., P ≥ 17). However, for
Rnet 6= 10 m and P < 17, NeL: BCH(31,21,5) is the most
suitable option instead of NeL: ARQ after NeL: HARQ-II and
NeL: HARQ-I strategies. For higher power levels (i.e., P ≥
17), NeL: RS(15,11,2) slightly provides prolonged lifetimes
than NeL: BCH(31,21,5).

Figs. 2a–2f compare the average energy consumption per
node per round (AEC) of the NoL EC and the NeL EC
strategies. The AEC values (i.e., Ẽ) are calculated as

Ẽ =

∑
i∈W Ei

|W | ×H
. (18)

In each sub-figure, we provide normalized AEC values such
that Ẽ values obtained for each EC strategy are divided
by the maximum Ẽ value attained. A high normalized Ẽ
value indicates poor energy-efficiency and vice versa. Re-
gardless of the parameter configuration, NeL: BCH(31,11,5)
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Fig. 3: Distribution of flows according to the EC method usage
(%) in the NoL EC strategy.

has the worst energy-efficiency among the NeL EC strate-
gies, such that normalized Ẽ values are between 0.17 and
1.00. Our results show that NeL: BCH(31,11,5) has a mean
energy-efficiency of 0.71 when the normalized Ẽ values
obtained in all the parameter configurations are averaged. NeL:
BCH(31,11,5) strategy is typically followed by NeL: ARQ
strategy, where the normalized Ẽ values are in the 0.09–0.86
interval (NeL: BCH(31,11,5) has the mean energy-efficiency
of 0.57). However, in Fig. 2d as P ≥ 17, NeL: RS(15,11,2) and
NeL: BCH(31,21,5) have worse energy-efficiency performance
than NeL: ARQ. For P ≥ 17, NeL: RS(15,11,2), NeL:
BCH(31,21,5), and NeL: ARQ have mean energy-efficiency
values of 0.19, 0.18, 0.15, respectively. On the other hand,
NeL: HARQ-II yields the best energy-efficiency among the
NeL EC strategies, having normalized Ẽ values in the 0.07–
0.42 interval (the mean energy-efficiency of 0.30). The NoL
EC strategy can further provide up to 4.0% lower normalized
Ẽ values than NeL: HARQ-II (the NoL EC strategy has a
mean energy-efficiency of 0.29). Hence, the NoL EC strategy
has a better energy-efficiency than the NeL EC strategies.

In Figs. 3a–3f, we present the distribution of flows (packets)
traversing over the network according to the EC method used
for the NoL EC strategy. The flow distribution (i.e., x̃k) is
calculated using the optimal solutions of the xkij variables
defined in (16) while considering all the generated network
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Fig. 4: Comparison of normalized lifetimes of the NoL EC
strategy against the meta-heuristic approaches.

topologies as

x̃k =

∑
i∈W

∑
j∈V x

k
ij∑

l∈K
∑
i∈W

∑
j∈V x

l
ij

, ∀k ∈ K. (19)

In each subplot, we provide stacked bar plots for each pa-
rameter in the x-axes such that the flow distribution sums
up to 100%. For example, in Fig. 3a, when |W | = 100,
our results show that 59.8%, 15.5%, 9.1%, 11.6%, 4.0%,
0.0% of the total flows are utilizing HARQ-II, HARQ-I,
RS(15,11,2), BCH(31,21,5), BCH(31,11,5), and ARQ, respec-
tively. Mathematically, x̃HARQ-II = 59.8%, x̃HARQ-I = 15.5%,
. . . , x̃ARQ = 0.0%. Hence,

∑
k∈K x̃k = 100%. Regardless of

the parameter configuration, the results show that at least half
of the nodes are utilizing HARQ-II (i.e., x̃HARQ-II ≥ 50.2%).
On the average, majority of the nodes (86.8%) are utilizing
HARQ-II (i.e., x̃HARQ-II = 63.2%), HARQ-I (i.e., x̃HARQ-I =
13.2%), and BCH(31,21,5) (i.e., x̃HARQ-I = 10.4%), while
RS(15,11,2), BCH(31,11,5), ARQ are the least preferred EC
methods in the NoL EC strategy. In Figs. 3a, 3e, and 3f,
changing the parameters, |W |, lpl, or R, has an insignificant
effect on the flow distribution. On the other hand, as the
network radii increase in Fig. 3b, the utilization of HARQ-
II is reduced from 89.1% to 60.0% since the retransmission
of redundant bits in HARQ-II is costly (in terms of energy)
when the network becomes sparse. However, as ψ increases
in Fig. 3c, the utilization percentage of HARQ-II increases
from 51.6% to 60.0% as the retransmission of redundant
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TABLE III: Average solution times (ASTs – s) for the NoL
EC strategy and the meta-heuristic approaches wrt. |W |.

|W | NoL GSS E-GSS SA E-SA GA
100 15 12 15 71 66 74
140 125 30 37 180 164 190
180 538 56 87 350 297 359
220 1114 121 116 588 496 619

bits can be considered as a feasible choice to satisfy the
tight reliability criterion. Similarly, as P increases in Fig. 3d,
HARQ-II becomes the dominant method since BERs reduce
as P grows; thus, the retransmission of redundant bits is
minimized, where HARQ-II yields a high energy-efficiency.

Figs. 4a–4f show normalized lifetimes of both the NoL
EC strategy and the meta-heuristic approaches (i.e., GSS, E-
GSS, SA, E-SA, and GA). As a general trend, E-SA has
the highest normalized lifetimes among the meta-heuristic
approaches, yielding 3.4%–10.0% lesser lifetimes than the
NoL EC strategy. E-SA is followed by E-GSS, GA, SA, and
GSS algorithms, respectively. GSS has the lowest normalized
lifetimes, providing 18.2%–26.9% shorter lifetimes than the
NoL EC strategy. Extended versions of GSS and SA algo-
rithms (i.e., E-GSS & E-SA) offer longer lifetimes than their
unextended versions. E-GSS and E-SA have 13.0%–25.0% and
8.3%–23.8% higher lifetimes than GSS and SA, respectively.
Finally, GA has mediocre lifetime performance.

Table III provides the average solution times (ASTs – in
seconds) for the NoL EC strategy and the meta-heuristic
approaches with respect to |W |. As |W | increases, ASTs of
all EC strategies significantly increase due to the increment in
the search space of the optimization problems. When |W | ≤
140, only the ASTs of GSS (i.e., 12–121 seconds) and E-GSS
(i.e., 15–116 seconds) are lower than the ASTs of the NoL
EC strategy while the remaining algorithms (i.e., SA, E-SA,
and GA) have higher ASTs than the NoL EC strategy. On
the other hand, as |W | > 140, ASTs of all the meta-heuristic
approaches are shorter than the ASTs of the NoL EC strategy.
Although E-SA produces the greatest lifetimes among the
meta-heuristic approaches (i.e., 3.4%–10.0% reduced lifetimes
than the NoL EC strategy), it has a poor AST performance
(i.e., ASTs are between 66 and 496 seconds). On the other
hand, E-GSS is a decent alternative for the E-SA, which can
deliver 3.9%–13.6% lower lifetimes than the NoL EC strategy
while reducing the ASTs of E-SA by 75.5% on the average.
Besides, E-GSS decreases the AST of the NoL EC strategy
by 89.6% while giving lifetimes within a 3.9% neighborhood
of the NoL EC lifetimes.

V. CONCLUSION

In this work, we develop a node-level error control (NoL
EC) strategy, which allows each node to utilize an optimum
EC method (ARQ, FEC, or Hybrid ARQ) to maximize WSNs
lifetime satisfying a pre-determined reliability requirement.
The NoL EC strategy is constructed using MIP formulations
that consider the energy dissipation characteristics of both
the Mica2 WSN node platform and the three mentioned EC

methods. We compare the lifetimes and the energy-efficiency
of the NoL EC strategy against the network-level EC (NeL EC)
strategies. We propose five meta-heuristic approaches to obtain
near-optimal solutions for the MIP model in polynomial-time.

Our main conclusions are enumerated as follows:
1) The NoL EC strategy outperforms all the NeL EC strate-

gies in terms of the network lifetimes. Our results show
that the lifetimes obtained with the NeL EC strategies can
be improved by at least 4.4% using the NoL EC strategy
with the cost of extra computation time. For the NeL EC
strategies, HARQ-II yields the highest lifetimes, while
BCH(31,11,5) has the lowest lifetimes.

2) Among the NeL EC strategies, HARQ-II has the best
efficiency, while BCH(31,11,5) has the worst energy-
efficiency. Nevertheless, the NoL EC strategy can im-
prove the energy-efficiency of NeL: HARQ-II strategy
by at most 4.0%.

3) For the NoL EC strategy, HARQ-II is the preferred EC
method for the nodes close to the sink node. On the other
hand, BCH(31,21,5) is the favorite EC method for the
nodes away from the sink node. Furthermore, in the NoL
EC strategy, at least half of the nodes prefer to use the
HARQ-II method.

4) The E-GSS algorithm can reduce the solution times of
the NoL EC strategy by 89.6% while providing lifetimes
within a 3.9% neighborhood of the NoL EC lifetimes.
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