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We consider monitoring applications in multihop wireless sensor networks (WSNs), where nodes rely on limited batteries so that
energy efficiency and reliability are of paramount importance. Typically, lossy compression is aimed at saving transmission energy,
yet affects the quality of transmitted data over lossy channels. Accordingly, using error correction coding (ECC) along with
compression is required to guarantee both energy efficiency and high-fidelity reconstruction. In this paper, we analyze the
energy efficiency of the joint use of lossy compression along with ECC, with the twofold objective of extending the network
lifetime and assuring reliability. Specifically, we consider an adaptive joint lossy source-channel coding (JLSCC) system, where
the energy efficiency and reliability performances depend on both the compression and the coding rates. Therein, we first carry
out a performance analysis of JLSCC, considering realistic models of communication and computational energies, when the
communication is performed over a Rayleigh fading channel. Then, we evaluate the performance of the JLSCC system
compared to lossy compression and ECC systems in both end-to-end and multihop communications. Our results reveal that an
adaptive JLSCC results in substantial energy saving while guaranteeing the required reliability performance, compared to both
lossy compression and channel coding systems, that cannot be efficient for both energy and reliability. Instead, the JLSCC
system is proved to be energy efficient for small distance end-to-end communication and large-scale multihop network, while
leading to satisfactory reliability performance.

1. Introduction

Wireless sensor networks (WSNs) and their progress into the
internet of things (IoT) have recently experienced a tremen-
dous upsurge. This recent paradigm has attracted significant
attention and extensively found applications in many fields,
e.g., smart cities, environment monitoring, health care, and
industry [1–3]. In WSN, nodes are mostly deployed in large
numbers to cooperatively and efficiently collect and dissem-
inate sensed data on a large scale. In most scenarios, sensor
nodes are likely going to be battery-powered and autono-
mously relying on limited energy supply. However, nodes
are expected to be stand-alone and able to run for many
years without human intervention as replacing depleted bat-
teries may be a costly and impractical, if not impossible in
hostile environment [4]. Thus, designing energy-aware algo-
rithms and protocols in order to prolong the network life-

time is the central challenge consideration in WSN and
IoT applications.

In monitoring applications, sensor nodes periodically
sense the surrounding environment and exchange depend-
ably the sensed information to the base station (BS), whose
direct communication would hastily consume the limited
batteries [5]. In large-scale WSNs, numerous nodes tend to
cooperate effectively and communicate the sensed measure-
ments to the BS, that is, by regularly switching the role of
sensing and relying operations. In this case, the sensed data
is likely going to be processed and forwarded through vari-
ous hops before reaching the BS according to suitable rout-
ing protocols, in order to reduce the required transmission
energy and extend the multihop network lifetime [6]. More-
over, in such networks, the amount of gathered data to be
managed by the network is expected to be prohibitive in
the one hand and highly correlated in time and space in
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the other hand, due to the fact that nodes are extensively and
densely deployed. Accordingly, reducing the size of the trans-
mitted data by applying signal processing techniques is a cru-
cial concern to save transmission energy. This is typically
carried out by using lossy data compression [7], in both time
and space [8], at source nodes, and data aggregation at
relay nodes [9], as the data is routed through the network.
Although lossy compression enables to discard more intrin-
sic data redundancy, it introduces a distortion into the orig-
inal signal, which is required to be transmitted reliably, and
successfully reconstructed at the receiver end [10]. This
allows to reduce the required transmitted energy, yet makes
the compressed signal more error-prone in a large-scale
and lossy environment. In this case, the reconstruction of
original data reliably by the decompressor at the BS is a chal-
lenging task, as the signal is supposed to cross a wide area
meeting various obstacles, interferences, and multipath fad-
ing through the network. Consequently, the use of joint lossy
source-channel coding (JLSCC) based on lossy compression
and error correction coding (ECC) is of paramount impor-
tance in multihop WSN to provide both energy saving and
reliable data reconstruction at the BS.

ECC approach has been recently deemed to be crucial for
both transmission energy saving and reliable communication
thanks to their coding gain [11, 12]. Ideally, coding schemes
enable to tackle various channel impairments and data loss
by using lower transmission energy compared to uncoded
scheme. The main rationale behind compression and ECC
techniques is their ability of trading some extra processing
energy of compression (i.e., encoding) and channel coding
(i.e., decoding) for eminent energy saving in the transmis-
sion energy [13]. However, using lossy compression along
with ECC raises various tradeoffs in energy-constrained
WSN. For instance, using higher compression ratios to save
supplementary transmission energy entails dissipating higher
processing energy for the compressor. For the ECC case,
the strongest coding schemes assure higher coding gain
(i.e., transmission energy saving) and improved reliability;
however, they require more processing energy consumption
for the channel decoder. Toward this end, if the extra pro-
cessing energy consumed at the compressor and the channel
decoder outweighs the transmission energy saving due to
compression and coding gains, then neither compression
nor ECC coding would be energy efficient, especially in mul-
tihop sensor networks where transmission hops are short,
which makes the processing energy as important as the trans-
mission energy.

In this paper, we thoroughly investigate and analyze the
energy efficiency and energy-reliability tradeoffs when using
jointly lossy compression schemes along with ECC tech-
niques in energy-constrained multihop WSN. The integrated
energy analysis is based on a framework that considers all
energy components of communication (i.e., transmission
and reception), processing (i.e., lossy compression and chan-
nel decoding), and transceiver circuitry, in order to efficiently
assess the energy gains/costs of using the JLSCC system in
WSN. Accordingly, we emphasize the impact of both com-
munication and processing costs of JLSCC on communica-
tion reliability. The main goal of this paper is to evaluate

the energy efficiency and reliability performances when using
jointly lossy compression along with ECC schemes in noisy
multihop WSN.

The remainder of this paper is organized as follows. Sec-
tion 2 discusses and analyzes the related works. The system
model of the joint lossy source-channel coding including
the compression, error control, and channel models is
described in Section 3. Section 4 discusses the energy con-
sumption and energy efficiency of the JLSCC system relying
on realistic models of communication and computational
energies. The simulation results and energy performance
analysis of the JLSCC, lossy compression, and ECC are
revealed and discussed in Section 5. Section 5.2 concludes
the paper.

2. Related Works

Over the last decade, a tremendous literature has been deal-
ing with the energy efficiency for IoT and WSN [14, 15]. In
energy-constrained WSN, nodes are either powered by lim-
ited batteries, which embody the only source of energy [16],
or equipped with energy-harvesting (EH) system to provide
energy neutrality [17]. In this work, we consider battery-
powered devices without energy-harvesting capabilities and
we investigate energy efficiency in multihop WSN. In this
context, many works have been devoted to various network-
ing approaches at all layers of the protocol stack such as rout-
ing [18, 19], channel access [20, 21], data gathering and
dissemination [9], systematic compression and control
mechanisms [22, 23], and cross-layer optimization [24].
However, most of these works have been neglecting some
critical and paramount concern parameters, such as the effect
of channel distortions on energy and reliability perfor-
mances, the impact of processing energy of both compression
and channel coding, and the resulting energy-reliability tra-
deoffs for battery-powered WSN.

Among prior works, lossy compression has been deemed
a pivotal energy-efficient technique for energy-constrained
WSN [25]. In this regard, a considerable literature has been
emerged on lossy compression for the sake of minimizing
energy and prolonging the battery’s lifetime [26, 27]. For
instance, in [7], the authors have investigated energy saving
and computational energy tradeoffs of various temporal lossy
compression schemes based on linear approximation and
Fourier transforms. It has been proven that Lightweight
Temporal Compression (LTC) scheme [28] is the most
energy efficient in terms of both compression performance
and computational energy. However, these works have
neglected the effect of packet loss on the compressed and
transmitted readings, by assuming that the data is correctly
received by the BS. Moreover, direct communication
between sensor nodes and the BS has been the most adopted
scenario, yet multihop transmission, where both communi-
cation and processing energies as well as the distortions
extensively impact the WSN system, has not been consid-
ered. In recent works, communication reliability has been
considered as important as energy efficiency in WSN and
IoT applications [29]. For this reason, providing energy effi-
ciency and reliability is a high demand issue in recent and
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next IoT paradigms [30]. In this context, the joint use of lossy
compression and error correction coding is a key approach to
deal with the twofold requirements, i.e., energy and reliabil-
ity. However, few works have been dealing with the JLSCC
optimization in WSN [31, 32], limiting their study on
single-hop communication systems. In [31], the authors have
studied the use of JLSCC in a point-to-point channel with an
energy-harvesting transmitter, yet they have centered their
work on the distortion performance without considering
the energy efficiency. That is by neglecting both the transmis-
sion energy saving of JLSCC systems and the effect of pro-
cessing energy of lossy compression and channel coding
systems on node energy. Similarly, in [32], the authors have
investigated the energy-neutral source-channel coding sys-
tem in end-to-end scenario, by optimally allocating the
energy oversource acquisition, compression, and transmis-
sion. However, computational energy of channel coding
and lossy compression and their effect on energy efficiency
of battery-powered nodes have not been taken into account.
In [33], a source and channel coding for energy-limited wire-
less sensor node has been examined, where a Gaussian source
is transmitted over a flat fading channel and the offline min-
imization of the total distortion over a finite-time horizon is
considered. Therein, the optimal distortion and transmission
energy are obtained; yet like many other works [34, 35], they
limit their studies to Gaussian data sources and the process-
ing energy is neglected. In our previous work [36], an analysis
of joint lossy compression and channel coding in end-to-end
communication is carried out. This work has investigated the
impact of compression and coding rate allocation on the per-
formance of both data reconstruction fidelity and communi-
cation reliability. However, the energy performance of JLSCC
in constrained sensor nodes has not been considered. Thus,
both transmission energy efficiency and effect of the extra
computational costs of JLSCC have not been studied. Besides,
the presented system has focused on single-hop communica-
tions, where data reconstruction and recovery are performed
at the BS.

Our work bears similarities with [37], where nodes are
equipped with a lossy compression and channel coding
systems with energy-harvesting capability, yet we consider
battery powered devices. This work has proposed an
energy-aware joint source-channel coding approach that
minimizes the expected distortion at the receiver, under the
constraints imposed by the EH system. Nevertheless, it has
supposedly neglected the computational energy of both
channel coding and decoding processes, the extra transmis-
sion costs of coding redundancy, and the energy saving
stemmed from the ECC gain. In addition, they have assumed
a direct transmission, where data reconstruction and decod-
ing are carried out at the BS, thus without excessive decoding
energy. We note that when transmission takes place over
small distances, the processing energy cost of running data
acquisition systems (e.g., compression and decoding) may
be comparable if not exceeding that of radio transmission
[13]. Several previous papers have addressed the tradeoff
between the processing energy of error-correcting codes
and their transmission energy saving in the one hand and
between reliability and total energy consumption in the other

hand [38, 39]. These works have commonly underscored the
impact of the computational energy of error correction cod-
ing and decoding on the performance of both energy effi-
ciency and reliability in WSN. In this case, performing lossy
compression at transmitter nodes and channel decoding at
intermediate nodes or cluster heads (CH) could worsen the
energy efficiency of sensor nodes, yet this issue has been
widely neglected, focusing separately on either compression
or channel coding processing. In return, this work is aimed
at investigating the energy efficiency of joint lossy source-
channel coding by considering communication and process-
ing energies for both lossy compression at transmitter and
channel decoding at intermediate nodes in a multihop archi-
tecture. We notably emphasize the tradeoffs between the
computational costs and the energy gains of JLSCC and their
impact on energy efficiency. Therein, we study both energy
efficiency and distortion performances of the JLSCC system
for nodes and for network lifetime and the effect of packet
loss and coding on data distortion.

3. System Model

We consider a multihop sensor network comprised of N sen-
sor nodes that constantly monitor a phenomena of interest
and communicate data cooperatively to a distant BS. Each
sensor node in the network is assumed to be battery-
powered with a limited energy supply of a size B. The com-
munication between source nodes (Si) and intermediate
nodes (Ri) is carried out by a lossy source-channel coding
system, where in each communication block, a source
sequence of fixed length is mapped into a channel codeword
whose length depends on the available battery charge and
channel condition. We assume a Temporal-Division Multi-
ple Access (TDMA) for transmission scheduling, where time
is partitioned into slots denoted by t ∈ ð0, 1,⋯Þ. Accordingly,
at each time slot t, nodes decide whether to compress data for
source coding, to encode data for channel coding, and finally
to convey data to the BS where it will be reconstructed,
decoded, and correctly retrieved. Figure 1 describes the sys-
tem model of a node communication system.

3.1. Lossy Compression. Each node in the network com-
presses its sensed data using a lossy compression scheme
to squeeze the data size and save transmission energy. Nodes
compress data blocks by selecting a compression ratio ρi ∈
½0, 1� and generate a compressed data block of size L given
that each block has an initial constant size of L0 [36].

Given an original block of sensed data L0 and and its
compressed version L, the compression ratio ρ is defined as
the ratio between the size of compressed block and that of
the original one:

ρ
tð Þ
i = L tð Þ

i

L tð Þ
i,0
: ð1Þ

The compression ratio ðρ = 0Þ indicates that no packet is
transmitted (L = 0), while ðρ = 1Þ refers to no compression
takes place ðL = L0Þ.
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In this work, we consider the LTC scheme that has been
proven to provide excellent performance in terms of energy
consumption and distortion tradeoff, which lead to be a ref-
erence scheme for energy-constrained sensor networks.
LTC is a low complexity algorithm that compresses a time
series by creating an approximate representation through
line segments according to a predefined error tolerance ε >
0. The algorithm consists of approximating multiple readings
through a single segment, so that the segment is within the
preset error tolerance for all point. LTC transmits the end
point of line segments instead of the original data. This tem-
poral lossy scheme yields excellent performance when the
signal is highly correlated in time as the case in most WSN
application that constantly report data to the BS. Depending
on the lossy compression level (i.e., compression ratio)
selected by nodes, a distortion DiðρÞ is introduced within
the transmitted data which can be mathematically modeled
as follows:

D tð Þ
i ρð Þ = bi

1
ρ

tð Þ
i

� �ai − 1

0B@
1CA

264
375
+

, ð2Þ

where b > 0 , 0 < a < 1, and ½:�+≅ max ð:,0Þ. These param-
eters have been derived empirically fitting the realistic
rate-distortion curves of lossy compression ða1 = 0:35, bi =
19:8Þ [7].

The distortion is null when the packet is not compressed

(i.e., ρðtÞi = 1). However, the distortion increases as much as
we compress the data (i.e., decreasing the compression ratio).
Although decreasing the compression ratio brings about sav-
ing more transmission energy, it increases the distortion that
complicate the data reconstruction at the destination, espe-
cially in highly noisy environments.

3.2. Error Correction Coding.Depending on the channel stats,
the transmission medium introduces a channel distortion Dc
into the transmitted signal that refers to channel impair-
ments. In this case, the data is received with a total distortion

including the source and channel distortions ðDtot =Ds +DcÞ
at both intermediate nodes and the BS, which complicate
data reconstruction and retrieving [36]. Consequently, ECC
is mandatory for lossy compressed data to guarantee trans-
mission reliability through lossy channels and assure energy
efficiency. After compressing the data blocks at the compres-
sor, the channel encoder encodes the data using suitable lin-
ear block codes due to their performance and low complexity
[40]. ECC has been mainly used to handle the problem of
channel impairments and energy saving in WSN [41]. Nodes
encode the data blocks by selecting an adequate coding rate
r ∈ ½0, 1� that decides the quantity of redundancy to be added
to the compressed block before transmission and allows the
decoder to decode and retrieve the original data. The encoder
receives the compressed blocks of size L and produces
encoded blocks (i.e., codewords) of size ðn = L + τÞ, where τ
is the adaptive number of redundancies.

Let ðL ≤ L0Þ be the compressed packet from the lossy
source coding and ðn ≥ LÞ is the transmitted codeword; the
coding rate is defined as the ratio between the size of the
compressed block and that of the encoded one:

r tð Þ
i = L tð Þ

i

n tð Þ
i

, ð3Þ

where n = ðL/rÞ = ðρL0/rÞ is the resulting codeword to be
transmitted over the channel at a time slot t.

The coding rate of transmission is selected according to
the implemented error correction scheme. In this work, we
consider the link-layer Reed-Solomon (RS) codes as ECC
schemes due to their performance and reasonable decoding
complexity [42]. An RSðL, nÞ channel code with a coding rate
r allows to convert every L-compressed information symbols
into n symbol block by including ðn − LÞ parity symbols. This
enables the decoder to correct any combination of errors
less than the correction capacity ωRS = ððn − LÞ/2Þ. At the
receiver ends, L-original packets can be reconstructed by
receiving any L out of n packets ðn > LÞ.

Sensor node 1 Sensor node 2 

…….
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Transmission
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Transmission
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Battery Battery

X Ds
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Dc: channel distortion 
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Figure 1: Block diagram of sensor nodes: sensors composed of a source encoder, channel encoder, decompressor, and channel decoder,
powered by a limited battery.
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3.3. Channel Model. We consider a none-selective block
Rayleigh fading channel, where the channel gain H keeps
constant during a time slot. Accordingly, depending on
the selected coding rate r and channel conditions, the
packet may not be correctly received with an outage prob-
ability PoutðrÞ. In this case, when the channel is in a deep
fade, the packet is lost and an outage occurs. Therein, the
results of finite-length information theory that adapt the
classical concepts of channel capacity to the case of short
data packets is considered in this work [43], due to the fact
that packets sent by sensor nodes are likely to be short. In
particular, the results of [44] legitimate the use of the quan-
tity log ð1 + γÞ to represent the maximum coding rate even
in the finite-length regime, where γ is the SNR at the
receiver, given by

γ = Hj j2P tð Þ
tx

A2 d/d0ð ÞαN = Hj j2bγ , ð4Þ

where H is the channel gain coefficient that represents fad-
ing and bγ is the expected SNR at the receiver that depends
on the transmission power Ptx , the noise power spectral
density N , and the path-loss expression A2ðd/d0Þα. The
path loss is expressed as the path-loss exponent α, the dis-
tance between transmitter and receiver d, and the path-loss
coefficient 4πd0 f0/c, where f0 is the transmission frequency,
c is the speed of light, and d0 is a reference distance for the
antenna far field [45].

When the channel is in a deep fade (i.e., jHj is small), the
packet is lost and a packet erasure (i.e., channel outage)
occurs. The corresponding outage probability at the receiver
is expressed as

Pout rð Þ = Pr log2 1 + γð Þ < rð Þ: ð5Þ

The channel gainH follows a complex Gaussian distribu-
tion with zero mean and unit variance, as the channel is con-
sidered to be Rayleigh fading. Therefore, the outage
probability can be defined as

Pout rð Þ = 1 − e− 2r−1ð Þ/γ̂: ð6Þ

4. Energy Analysis of JLSCC

The sensor network lifetime is determined by the lifetime
of all deployed node batteries. Note that all nodes in the

network are energy neutral such that BðtÞ
i denotes the bat-

tery level of the sensor node i at a time slot t. In each
period of communication, a nonnegative amount of energy

EðtÞ
i ∈ ½0, BðtÞ

i � is consumed by nodes for communication,
processing, and circuitry operations. However, we consider
that the energy spent in sensing process is negligible with
respect to that spent for compression, error correction
decoding, and transmission.

To fully assess the total energy consumption at the trans-
mitter and the receiver, all signal processing operations at the
transmitter and the receiver are considered in the energy

model. The total power consumption at the transmitter and
receiver at a time t are, respectively, given by

E tð Þ
Ti

= E tð Þ
tx + E tð Þ

c + E tð Þ
P Tð Þ,

E tð Þ
Ri

= E tð Þ
c + E tð Þ

P Rð Þ,

8<: ð7Þ

where EðtÞ
tx is the transmission energy at a time slot t and EðtÞ

c
denotes the static energy consumption of the circuit blocks at
the transmitter and receiver. EPðTÞ and EPðRÞ are the pro-
cessing energies (i.e., lossy source-channel coding) at the
transmitter and receiver, respectively. The total processing
energy at a time slot t is the sum of both processing energies
at the transmitter (i.e., compression and encoding) and
receiver (i.e., reconstruction and decoding):

E tð Þ
P = EP Tð Þ + EP Rð Þ: ð8Þ

The total energy consumption of a transceiver equipped
with a lossy source-channel coding is obtained as the sum
of energies consumed at the transmitter EðtÞ

Ti
and next

receiver EðtÞ
Ri+1

, where we refer to EðtÞ
i as the average energy

expenditure per time slot.

E tð Þ
i = E tð Þ

Ti
+ E tð Þ

Ri+1
: ð9Þ

For N nodes distributed in a multihop network, the
energy consumed in transmission and transmitter processing
is considered for all nodes. However, the energy consumed in
receiving and relay processing is counted for all nodes except
source nodes. Thus, the total energy of a multihop network
over x hops of transmission is given as

E tð Þ
tot = 〠

x

i=1
E tð Þ

Ti
+ 〠

x−1

i=1
E tð Þ

Ri+1
: ð10Þ

4.1. Transmission Energy. The transmission energy depends
on the compression and coding rates of the lossy source
and channel coding, while the reception energy is considered
to be relied on the circuitry costs. Thus, the transmission
energy cost given a transmit power Ptx and period of length
T is expressed as

E tð Þ
tx = TP tð Þ

tx

ηA
, ð11Þ

where ηA ∈ ð0, 1� is the efficiency of the antenna’s power
amplifier.

The use of ECC schemes enables to operate at signifi-
cantly lower Signal to Noise Ratio (SNR) than an uncoded
system, for the same Bit Error Rate (BER). This provides suf-
ficient energy savings (i.e., lowered minimum transmitted
power requirement) due to the coding gain ðCgain=γu−γECCÞ
acquired by the ECC scheme. For instance, the minimum
required transmit power Ptx,U for an uncoded system at the
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SNR required to achieve a desired packet error rate (PER) is
given as follows:

P tð Þ
tx,U = A2 d

d0

� �α

N:B10 γ
tð Þ
u +F

� �
/10, ð12Þ

where γðtÞu is the required SNR for uncoded block at a time
slot t, B is the signal bandwidth, and F is the receiver
noise figure.

For a coded system, the minimum required transmit
power Ptx,ECC given the required SNR of coded data γECC <
γU is expressed as

P tð Þ
tx,ECC = A2 d

d0

� �α

N:B10 γ
tð Þ
ECC+F

� �
/10 = P tð Þ

tx,U

10 Cgain/10ð Þ : ð13Þ

The transmission energy of compressed data blocks at a
time slot t depends on the minimum transmission power
and compression ratio, which is expressed as

e tð Þ
tx ρð Þ = TU

P tð Þ
tx,U
ηA

= ρ tð ÞL0 · Tb
P tð Þ
tx,U
ηA

, ð14Þ

where the duration TU (= L · Tb = ρtL0 · Tb) defines the
number of compressed bits to be transmitted, with Tb being
the fix bit duration that depends on the adopted modula-
tion scheme.

When the data is compressed and coded with an ECC
scheme, the transmission energy is expressed as function of
both compression ratio and coding rate, as follows:

ê tð Þ
tx ρ, rð Þ = TECC

P tð Þ
tx,ECC
ηA

= ρ

r

� � tð Þ
L0 · Tb

P tð Þ
tx,ECC
ηA

= n tð Þ · Tb
P tð Þ
tx,ECC
ηA

,
ð15Þ

where TECC is the length of the channel codewords to be

transmitted ðTECC = n · Tb = ðρ/rÞðtÞL0 · TbÞ. The codeword
of the channel coding scheme n to be transmitted at a time
slot t rests on both coding and compression rates. Sensor
nodes are supposed to tune both compression ratio and cod-
ing rate according to the battery level and channel state. Note
that when the compression ratio ðρ = 1Þ, the data is transmit-
ted without compression, if the coding rate ðr = 1Þ, the data is
transmitted uncoded, and when ðr, ρ = 0Þ, the data is not
transmitted at the current time slot.

4.2. Computational Energy. The processing energy Eproc
dissipated due to the lossy source-channel coding concerns
the energies consumed on the compressor, the channel
encoder, and the channel decoder as data reconstruction
and decompression are supposed to be carried out at the
BS. However, the lossy compression and channel decoding

are the most energy demanding compared to channel encod-
ing operations.

Eproc = EPcomp
+ EPenc

+ EPdec

� �
: ð16Þ

For both lossy compression and channel coding, we com-
puted the number of additions, multiplications, divisions,
and comparisons executed at sensor nodes. Accordingly,
these operations are efficiently translated into the corre-
sponding number of clock cycles according to the considered
sensor hardware. Therein, the associated energy dissipation
is derived, similarly to [46]. In this regard, the MSP430
Microcontroller Unit (MCU) from Texas Instruments is con-
sidered, in which the number of clock cycles for each opera-
tion is detailed in [47]. Moreover, the energy consumption
per clock cycle, Ecc, is determined by taking into account
the MSP430F1612. This microcontroller family consumes
330μA in active mode when the MCU operates at 1MHz,
and the supply voltage is +2.2V. Thus, the energy consump-
tion per clock cycle is given as

Ecc = 330 μA × 2:2V
1MHz = 7:26 · 10−10 J: ð17Þ

4.2.1. Lossy Compression. The energy consumed by the lossy
compression algorithms is estimated by mapping the number
of arithmetic instructions required to process the signal into
the corresponding energy demand:

E tð Þ
Pcomp

=
EccL0Ncc ρð Þ, 0 < ρti < 1,
0, ρti ∈ 0, 1f g,

(
ð18Þ

where Ecc is the energy consumption of the microcontroller
in one clock cycle, L0 is the number of bits to be compressed,
and Ncc is the number of clock cycles required by the lossy
compression algorithm per uncompressed bit. By leveraging
on the results of [7], Ncc is expressed as a function of the
compression ratio and given as follows:

Ncc ρð Þ = σρti + β
� �

, ð19Þ

where ðσ, β > 0Þ are two fitting coefficients.
Note that when at ρti = f0/1g, the node does not perform

any compression; thus, we have EðtÞ
Pcomp

ðρÞ = 0. The data

reconstruction and decompression are assumed to be carried
out at the BS. Consequently, no additional cost of decom-
pression is computed at intermediate nodes.

4.2.2. Error Correction Coding. ECC based on linear block
codes have typically simple encoding process with insignifi-
cant computational energy that can be tackled by the energy
resources of nodes [22]. However, decoding is a complex pro-
cess which requires significant energy expenditure. In multi-
hop architecture, the decoding energy cost is likely going to
be considered repetitively at several intermediate nodes which
results in eminent energy consumption and network drain.
Accordingly, decoding energy of ECC schemes is required to
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be accounted along with compression cost in the JLSCC sys-
tem. The computational complexity of ECC decoding grows
exponentially by increasing the error correction capability
and decoding performance. Leveraging on [48], the decoding
latency of linear coding schemes is expressed as a function of
the coding length n and correction capacity tc as follows:

Tdec = 2n · tc + 2t2c
� �

Tadd + Tmultð Þ, ð20Þ

where Tadd and Tmult are the latencies associated with the
addition and multiplication operations, respectively. More-
over, a 16-bit MSP430 microcontroller requires 184 and 395
clock cycles to perform additions and multiplications, respec-
tively. Therefore,

Tadd + Tmult = 579 · m
16
h i

Tcc, ð21Þ

where Tcc indicates the one cycle duration of processor and
m = ½log2n + 1�, respectively. Based on the decoding latency,
the total energy of the decoding process can be calculated as
follows:

Edec = VIprocTdec: ð22Þ

The decoding energy (Equation (22)) can be reformulated
as function of the energy clock cycles Ecc of theMSP430 as fol-
lows:

E tð Þ
Pdec

nð Þ =
36 2ntc + 2t2c
� �

⋅mEcc, n ≥ L,
0, n = 0, Lf g:

(
ð23Þ

When the codeword length n = f0, Lg, the node does not
carry out any coding and (i.e., no redundancy overhead is
added L = n or no transmission takes place n = 0.

4.2.3. Circuitry Energy. The static circuitry power consump-
tion at the transmitter node is the sum of the power con-
sumption for the block diagrams including the Digital-to-
Analog Converter (DAC), the active filter (AF) at the trans-
mitter side, and the frequency synthesizer (FS). Similarly,
the circuit energy consumption at the receiver node is the
sum of the power consumption values for the Low Noise
Amplifier (LNA), the Intermediate Frequency Amplifier
(IFA), the AF, the Analog-to-Digital Converter (ADC), and
the FS. Thus, the circuitry power consumed by the trans-
ceiver is expressed as

Pc = PDAC + 2PAF + 2PFS + PLNA + PIFA + PADC: ð24Þ

The circuitry energy of the transceiver given the power
consumption Pc and a period of time T is given as follows:

Ec = PC · T: ð25Þ

4.3. Energy Efficiency of JLSCC. In multihop WSN, sensor
nodes sense and transmit their own readings as well as they
process and forward their attached node data according to
the multihop algorithm. In this work, we consider that sensed

data is compressed at source nodes, while data reconstruction
and decompression are carried out at the BS. In return, chan-
nel encoding and decoding are performed at source nodes
and relay nodes (e.g., intermediate nodes and cluster heads),
respectively, until the data is correctly received by the BS. In
this case, the total energy cost or gain when using a lossy
source-channel coding system with a particular temporal
compression scheme and channel encoder/decoder imple-
mentation, at a given frequency, distance, throughput, and
required BER, can be expressed as the combination of its
energy savings due to compression and coding gain, plus
the energy cost due to compressor and encoder/decoder
power consumptions. However, a lossy source-channel cod-
ing system is deemed to be energy efficient when the overall
transmission energy saving due to compression and coding
is strictly smaller than the cost associated with data process-
ing at both transmitter and receiver.

Let Etx and Êtx the energies of transmitting uncompressed-
uncoded packet and compressed-coded packet, respectively.
The transmission energy gain ΔEStx

of transmitting a com-

pressed and coded packet L̂ with respect to an uncompressed
and uncoded packet L0 is expressed as

ΔE tð Þ
Stx

= Etx − Êtx

� �
≥ 0: ð26Þ

A lossy source-coding system is considered to be energy
efficient if and only if the total transmission energy saving
ΔEStx

is larger than the total processing energy Eproc. The per-
centage of the energy efficiency θ is approximated as

θ tð Þ =
ΔE tð Þ

Stx

Eproc
× 100: ð27Þ

where Eproc = Ecomp + Edec.
The transmission energy saving of channel coding

depends mainly on the coding gain Cgain of the used coding
scheme and thus on the SNR of uncoded γU and coded
γECC packets. Accordingly, the SNR γU of compressed, yet
uncoded packet can be expressed as a function of the com-
pression ratio. The packet error rate of a compressed packet
given a certain SNR and compression ratio is given as

ϵL γ, ρð Þ = 1 − 1 − ϵb γð Þð ÞL ρð Þ, ð28Þ

where LðρÞ is the compressed packet size expressed in bits
and ϵbðγÞ is the BER formula. The packet size depends on the
compression ratio in the current time slot, i.e., LðρÞ = ρ · L0.

The SNR γU of uncoded data is determined according to
the selected modulation. Assuming an Offset Quadrature
Phase Shift Keying (OQPSK) modulation, the BER is approx-
imated as

ϵb γð Þ = 1
2 erfc √γð Þ, ð29Þ
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where erfc is the complementary error function. From Equa-
tion (29), the SNR threshold γU corresponding to the target
packet error probability is given by

γU = erfc−1 2 1 − 1 − ϵLð Þ1/L ρð Þ
� �� �� �2

: ð30Þ

The SNR γECC of compressed and coded packet can be
expressed as a function of the coding rate and error probabil-
ity of the implemented ECC coding scheme. Leveraging on
[49], the SNR γECC of OQPSK modulated and coded packet
is expressed as

γECC =
1
r
erfc−1 2ϵsð Þ
2 sin π/4ð Þ2 , ð31Þ

where ϵs is the channel symbol error probability correspond-
ing to the desired coded symbol error probability ϵcs of the
implemented ECC coding scheme. For RS coding schemes,
ϵs is approximated as

ϵs RSð Þ = 1
n
〠
n

i=t+1

k

n

 !
i ϵcsð Þi 1 − ϵcsð Þn−1: ð32Þ

From Equations (30) and (31), the coding gain of coded
information can be expressed as

Cgain = γU − γECC = erfc−1 2 1 − 1 − ϵLð Þ1/L ρð Þ
� �� �� �2

−
1
r
erfc−1 2ϵsð Þ
2 sin π/4ð Þ2 :

ð33Þ

The transmission energy saving due to channel coding

stems from the achieved coding gain ðΔEðtÞ
Stx

≈ CgainÞ. How-
ever, the extra energy costs of coding redundancies may
restrain the energy saving. Therefore, the coding gain of
channel coding scheme results in transmission energy saving
if it matches the following condition:

Cgain ≥ 10 log 1
r

� �
: ð34Þ

5. Results and Discussion

In this section, we evaluate the energy efficiency of the joint
lossy source-channel coding compared to lossy compression
and channel coding systems for energy-constrained sensor
networking. In this context, we show how the source and
channel coding parameters affects the energy efficiency and
data reliability in end-to-end and multihop scenarios.

In this work, the transmission parameters are taken from
the datasheet of a real device, namely, RC2400HP RF Trans-
ceiver Module (an RF module based on ZigBee and IEEE
802.15.4). This model used a central frequency and band-
width of 2.441GHz and B = 5MHz, respectively, while ηA is
computed to be ðηA = 0:23Þ. The channel gains are computed
using the standard path-loss model with a path-loss expo-

nent equal to 3.5 (e.g., urban scenario) and are affected by
Rayleigh fading. The overall noise power spectral density
is −167 dBm/Hz, and the slot duration T is determined
as T = n · Tb, with Tb = 1 μs given an OQPSK modulation.
The parameters of the distortion curves are ai = 0:35, bi =
19:9, which have been derived empirically fitting the realistic
rate-distortion curves. The energies associated with circuitry
parameters are PADC = 4:1mW, PDAC = 55mW, PFS = 13:7
mW, PAF = 6:49mW, PLNA = 0:55mW, and PIFA = 0:2mW.
The transmission energy at the current time slot is computed
according to the adopted compression ratios ðρ ∈ f0, 1gÞ,
the coding rates ðρ ∈ f0, 1gÞ, the required ðBER ≅ 10−4Þ,
the transmission distance, the channel gains, and the original
packet size ðL0 = 50 bitsÞ. Besides, sensor nodes can decide
among 10 compression ratios and coding rates according to
10 levels of compression and coding.

5.1. Energy Analysis of JLSCC. In Figure 2, we plot the trans-
mission energy consumed during a time slot t in function
of both compression ratio (Figure 2(a)) and coding rate
(Figure 2(b)) with a lossy compression, a channel coding,
and JLSCC systems. In the first case (Figure 2(a)), the simu-
lation results show that the transmission energy of a com-
pressed packet with lossy compression decreases linearly
with decreasing the compression ratio (i.e., reducing the
packet size). When using the JLSCC system, the transmission
energy is affected according to the used coding rate. Therein,
three levels of coding rates r ∈ f0:3, 0:5, 0:8g (i.e., high,
medium, and low) are selected to be used in the JLSCC sys-
tem, respectively. The JLSCC system may result in better per-
formance than lossy compression as it benefits from both
energy saving due to compression and coding gains. How-
ever, the quantity of channel coding redundancy can restrain
the efficiency of the JLSCC system, yet enhances data reliabil-
ity. For instance, using a JLSCC system with a coding rate of
ðr = 0:8Þ allows to outperform the lossy compression perfor-
mance for all compression levels. This is because of the addi-
tional gain stemmed from the channel coding scheme that is
not impacted by the small overhead of coding redundancy.
In the other case, when the JLSCC system relies on higher
levels of redundancy by using lower coding rates r ∈ f0:5,
0:3g, the transmission energy remarkably increases and
may even exceed the uncompressed and uncoded system
when using compression ratios ρ ∈ ½0:88, 1� and ρ ∈ ½0:65, 1�,
respectively. In this case, the extra cost of the coding redun-
dancy outweighs the energy saved by both compression and
coding gains.

In the second case (Figure 2(b)), we assess the transmis-
sion energy of a channel coding system instead of lossy com-
pression system, along with JLSCC systems, for various
channel coding rates. The results show that when using the
channel coding system, the transmission energy increases
exponentially with decreasing the coding rates (i.e., increas-
ing redundancies). However, it is noticed that when the cod-
ing rate is approximately less than ðr ≤ 0:5Þ, the channel
coding system is energy efficient compared to the uncoded
system. This refers to the energy saving of the coding gain
(SNRECC < SNRU ) on the one hand and due to the fact that
the extra energy of redundancy is less than the energy saving
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on the other hand. When using JLSCC systems, the trans-
mission energy per time slot performs efficiently compared
to the channel coding system for various coding rate
levels. In addition, the transmission energy efficiency of the
JLSCC system increases by lowering the compression ratio
from ρ ∈ f 0:8,0:5,0:3g, respectively. This is explained by
the fact that lowering the compression ratio brings about
smaller channel codeword to be transmitted over the com-
munication channel. Although reducing the compression
ratio leads to increased source distortion, the data can be
optimally reconstructed and decoded due to the channel cod-
ing system. It is however noticed that the JLSCC systems can
be uneconomical at several coding rate levels, which is
referred to the extra size of transmitted codeword settled by
both compression and coding rates. In this case, both the
codeword size and the transmission energy outweigh the
original packet size and energy saving, respectively.

In sensor nodes, energy is affected by both transmission
and processing energy. Accordingly, using lossy compression
and channel coding schemes engenders the consideration of
both extra computational energy of source compression
and channel decoding at the transmitter and receiver, respec-
tively. Although lossy compression and channel error correc-
tion allow to save transmission energy and provide reliability,
their processing energy often restricts the energy saving and
thus the energy efficiency of the source-channel coding sys-
tem. In Figure 3, we plot both compression and channel
decoding energy expenditure as function of compression
ratio and codeword length, respectively. The processing ener-
gies are computed according to the low power MSP430F16
MCU. It can be noticed that the compression energy of the
lossy compression scheme increases linearly with decreasing
the compression ratio (i.e., compressing more the data). Con-
sequently, the transmission energy saved by the compression
may likely be constrained by the computational energy of

compression. Similarly, the decoding energy of ECC grows
with increasing the coding length n (i.e., decreasing the cod-
ing rate) of the transmitted codewords, which inversely
affects the transmission energy saving. However, the compu-
tational process of ECC decoding is more energy demanding
than compression process. Therefore, both source and chan-
nel coding processing energies must not be neglected in sen-
sor nodes at both transmitters and receivers. This is due to
the main tradeoff between transmission and processing ener-
gies on the one hand and between communication reliability
performance and energy saving on the other hand, when
using a JLSCC system.

In Figure 4, the transmission energy saving of lossy
compression and JLSCC systems is plotted in function of
various compression ratios and several selected coding
rates. In this case, we only consider the transmission energy
consumption without including the processing energy bur-
dens of compression and coding. The results exhibit that
the energy saving of lossy compression system is linearly
dependent on the compression ratio, so that the percentage
of energy saving increases from 0% to 100% with decreas-
ing the compression ratio from 1 to 0. Accordingly, the
lossy compression system is always energy efficient unless
the data is not compressed ðρ = 1Þ. When using a JLSCC
system to overcome the channel impairments, sensor nodes
are expected to gain extra energy saving due to channel
coding gain. However, the quantity of redundancy may
impact the energy saved by coding gain and compression.
For instance, when using a coding rate of ðr = 0:8Þ, it can
be noticed that the JLSCC system outperforms completely
the lossy compression system at all compression levels by
saving more energy, which can be deemed crucial for both
energy and reliability requirements. In contrast, when using
lower coding rates ðr = 0:5,0:3Þ, the JLSCC systems save less
transmission energy than the lossy compression system and
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can even consume more energy than the uncoded scheme for
several compression levels ρ ∈ ½0:87, 1� and ρ ∈ ½0:62, 1�,
respectively. This is explained by the sizable length of
the transmitted codeword that can exceed the original
packet size when using lower coding rates, in order to
meet data fidelity requirements. Therefore, JLSCC systems
can guarantee more transmission energy saving than lossy
compression if a suitable allocation between source and
channel coding is acquired.

In Figure 5, the energy efficiency of compression and
JLSCC systems is shown as function of compression ratio
considering two cases: computational energy of compression
is considered at transmitter nodes, yet decoding is performed

at the BS (Figure 5(a)); both computation costs of compres-
sion and decoding are counted at the transmitter and inter-
mediate node (Figure 5(b)), respectively. Therein, both
transmission and processing energies of lossy compression
and coding systems are taken into account for the energy effi-
ciency of sensor nodes. In this case, extra compression and
channel decoding processing dissipation are considered at
the transmitter and receiver nodes, respectively. Accordingly,
nodes are expected to consume more energy with JLSCC sys-
tems, as providing energy efficiency requires that the trans-
mission energy saving must exceed the related processing
energy. To this end, we plot first the energy efficiency of lossy
compression and JLSCC systems considering exclusively the
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computational costs of compression in Figure 5(a). The
results reveal that for both lossy compression and JLSCC sys-
tems, the energy efficiency is achieved for most compression
ratios; yet if achieved, the percentage of energy saving
decreases remarkably compared to Figure 4 when only
communication energy is considered. For instance, in lossy
compression system, the percentage of energy efficiency var-
ies from 0 to 76%, when the compression ratio varies from
∈½0:77, 0�, respectively. In the other case, when ρ ∈ ½0:77, 1�,
the lossy compression system becomes energy inefficient by
consuming more energy than the uncompressed system.
Similarly, by using the JLSCC systems, the energy efficiency
decreases as much as we decrease the coding ratio. However,
the JLSCC system with a coding rate of ðr = 0:8Þ maintains
the best performance in terms of energy efficiency at all com-
pression levels in spite of including compression cost. Nota-
bly, the JLSCC systems turn out to drain more energy by
lowering the coding rate from =0.5 to 0.3. In the second sce-
nario (Figure 5(b)), we plot the energy efficiency of commu-
nication systems taking into account the computational costs
of both compression and error control decoding at the trans-
mitter and receiver, respectively. In this case, the energy effi-
ciency of JLSCC systems significantly decreased and even
crossed the uncoded system energy threshold at certain com-
pression levels, yet the JLSCC system with ðr = 0:3Þ turns out
to be completely energy inefficient. This can be justified by
the inherent impact of the additional processing cost of error
control decoding at the receiver that, plus the transmission
energy, can exhaust the energy resources of the transceiver.
Instead, the JLSCC system with ðr = 0:8Þ can lead to satis-
factory performance in terms of energy efficiency, in spite
of the lightweight decrease for compression ratios ðρ ≥ 0:8Þ.
Consequently, the energy efficiency of the JLSCC system is
solely dependent on the desired level of reliability expected

by using the ECC scheme. Note that using lower coding rate
(i.e., more redundancy) enables to provide enhanced reliabil-
ity than using higher rates. This is, however, guaranteed at
the cost of higher computational energy at both transmitter
and receiver.

5.2. Multihop Performance of JLSCC. In multihop networks,
nodes are likely going to process the received data before
transmission in order to assure the required reconstruction
and reliability performance. In this case, compressing the
sensed data at source nodes as well as decoding the data at
several intermediate nodes is extremely requisite in highly
lossy environment. Therein, we assess the energy efficiency
of the adaptive JLSCC systems in a multihop fashion.

In Figure 6, we focus on multihop communications and
evaluate whether further gains are possible when the com-
pressed and coded information has to travel multiple hops
to reach the base station. In this case, both transmission
and reception energies are counted at each intermediate node
in the network. In Figure 6(a), we neglect the processing
energy of decoding at intermediate nodes by assuming that
decoding is carried out at the BS, and we assess the possible
energy gains of both lossy compression and JLSCC systems.
We set the compression ratio ρ = 0:5 and the coding rate
on r ∈ f0:3, 0:5, 0:8g. As shown in this figure, the energy effi-
ciency of the network increases with the number of hopes for
both lossy compression and JLSCC systems. This is due to the
fact that, although the energy spent for the compression and
coding at the source nodes is comparable to that spent for the
transmission, these computational energies are only consid-
ered at source nodes, while other relay nodes are only for-
warding the received data. This leads to extra energy gains
(i.e., of compression and ECC), which are accumulated with
the number of transmission hopes. In the other case, we
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evaluate the energy efficiency when several nodes in the net-
work are expected to process the data before transmission
(e.g., relay nodes and cluster heads). Therein, the decoding
energy is considered for the elected relay nodes in the net-
work. In Figure 6(b), 50% of nodes in the network are
assumed to carry out decoding before forwarding data to
the BS. The results show that the energy efficiency of JLSCC
systems decreases with the number of hopes, especially with
a coding rate of ðr = 0:3Þ that requires higher computational
energy. This is because of the additional cost of the decoding
at intermediate nodes, that is, plus the compression energy,
allows to impact extensively the energy saved in transmis-
sion. However, it is noticed that in spite of the lightweight
energy efficiency decrease of JLSCC systems with ðr =

0:5,0:8Þ, that is, traded offwith enhanced data reliability, they
can also guarantee more than 10% and 40% of energy effi-
ciency, respectively. We note that when using higher redun-
dancy in the JLSCC systems, the processing energy of ECC
increases, which leads to reduce the energy efficiency at the
cost of more data reliability.

In Figure 7, we show the energy efficiency versus the
distance between hops of lossy compression (LC) and JLSCC
systems. Given the distance, the transmission power is
selected according to the Friis path-loss formula (with path-
loss exponent α = 3:5). For each value of the distance, we
evaluated the energy efficiency using the minimum trans-
mission power level that leads to the required BER for each
coding rate. As shown in Figure 7, the energy efficiency
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increases remarkably with the distance for both LC and
JLSCC systems, even when considering both computational
costs of compression and ECC. This is due to the fact that
the transmission energy becomes progressively higher than
that needed for compression and ECC processing. This effect
becomes more pronounced when the number of hops is
increased, as the relay nodes are benefiting from higher energy
gains (i.e., correspond to compression and coding gains).
Accordingly, when the transmission distances are long, the
adaptive JLSCC system can guarantee both energy efficiency
and high data reliability, by relying on compression and cod-
ing for both transmitters and intermediate nodes.

6. Conclusion

In this work, we have systematically analyzed the perfor-
mance of joint lossy source-channel coding for constrained
sensor networking by investigating whether both energy effi-
ciency and reliability are possible, depending on lossy com-
pression and channel coding performance and hardware
characteristics. Both the communication and the processing
costs have been taken into account in end-to-end and multi-
hop architectures. Our results reveal that the consideration of
JLSCC in end-to-end transmission scenario, where compres-
sion is carried out at the transmitter, and ECC decoding at
the BS, results in substantial energy efficiency compared to
lossy compression while maintaining the required reliability.
However, the computational energy of compression at the
transmitters and decoding at intermediate nodes can out-
weigh that spent for transmission at the physical layer, in
multihop wireless communication. In this context, using
JLSCC can lead to significant energy efficiency when the
channel decoding is only performed at the BS, by taking
advantage of both compression and coding gains. However,
when decoding is executed at several intermediate nodes or

cluster heads in order to guarantee more reliability, the
energy efficiency is impacted by the computation cost, espe-
cially in small transmission distances, yet can lead to satisfac-
tory energy saving in large transmission distances.
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