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Abstract— In this paper, we propose a theoretical setup for
evaluation of energy efficiency of wireless sensor networks
(WSNs) with distributed source coding (DSC) algorithms and
packet aggregation (PA). We consider four topologies for DSC
and three alternatives for PA, and the system model includes
a realistic network architecture with multi-hop communication,
automatic repeat request protocol (ARQ), and packet losses. The
analysis is carried out in two steps. Firstly we derive the packet
loss probability, and then evaluate the average number of packets
transmitted throughout the network. This second performance
index can then be mapped onto an energy efficiency indicator.
The proposed model is specifically adopted for performance
comparison of the different coding strategies and aggregation
schemes in terms of energy efficiency. Numerical results show
that packet overheads have a relevant influence on performance,
while the ARQ protocol introduces negligible effects on the
energy consumption. Furthermore, DSC topologies with master-
slave approach and fragmentation of packets exhibit better
performance.

Keywords: Wireless Sensor Networks (WSNs), Distributed
Source Coding (DSC), Packet Aggregation (PA).

I. INTRODUCTION

Wireless sensor networks are often deployed with energy
constrained nodes, wherein recharging and maintenance is not
possible. Hence, the reduction of energy consumption is one
of the major constraints to embody in the design of protocols
and algorithms. Distributed source coding (see e.g. [1]- [2]) is
a promising technique for redundancy reduction in the infor-
mation flow generated by each node, thus enabling consistent
energy savings. In fact, since spatial and temporal characteris-
tics of the measured data usually exhibit significant correlation,
DSC exploits the correlation structure of measurements taken
by different sensors to compress data. However, DSC is only
one of the techniques employed for the reduction of energy
consumption, and acts above the protocol stack of a typical
sensor network platform. Its interaction with lower layers of
the stack (network, data link, and physical) deserves particular
attention to fully exploit the advantages that DSC techniques
promise. Moreover, DSC may impose some constraints to the
lower layers, as for instance a suitable packet loss probability.
At the same time, relevant characteristics of lower layers (e.g.
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packet dimension, ARQ behavior, etc.) should be accounted
for when designing DSC schemes. DSC is also strongly related
to the coding topology. In fact, DSC techniques show different
performance according to the position of the sink node, the
gathering nodes, and the field correlation structure of the data.
In this context, cross-layer approaches seem suitable to design
DSC scheme jointly with other traffic reduction methods.

A basic remark related to deployment of DSC in realistic
environments is that header overheads in assembled data units
may significantly reduce the advantages promised by DSC.
Indeed, in WSNs multi-hop routing is implemented, and each
node acts as a router that relays packets received from other
nodes. At the same time, a node acts as a source of information
that needs to transmit locally collected data. As proposed in
[3], a node could aggregate packets coming from other nodes
with its own data in order to reduce the impact of packet
overhead, thus decreasing the generated traffic. We believe that
in WSNs with multi-hop communication, DSC topologies and
packet aggregation (PA) should be simultaneously designed
under realistic assumptions.

Some recent contributions can be found in literature that
deal separately with either DSC or PA. In [4], four topologies
for DSC have been investigated with respect to packet losses
and energy efficiency. In [5], the authors have studied the
problem of finding the optimal aggregation alternative for a
WSN that implements DSC. In [6], the problem of optimizing
data gathering according to the data source correlation is
investigated. Sensor clustering with routing, DSC and data
source correlation was investigated in [7]. The idea of PA was
first introduced in [3], where the authors proposed a framework
for routing, data compression, and packet aggregation. In [8]
and [9], classifications of aggregation protocols for periodic
measures have been proposed.

Although the relevant existing contributions (e.g. [3]–[9])
have the merit to include detailed network scenarios in DSC,
they neglect some important aspects, namely PA and frag-
mentation, and overhead reduction. However, the aggregation
scheme without packet fragmentation is prohibitive for real
multi-hop sensor networks. Consequently, the main contribu-
tion of this paper consists in joint performance analysis of DSC
topologies and PA with fragmentation schemes. Specifically,
we consider four alternatives of coding topology as proposed
in [4], and their integration with three alternatives of aggre-
gation techniques. Performance analysis of DSC and PA are
derived in terms of the packet loss probability and average
number of transmitted bytes. The last measure is taken as an



indicator of the energy efficiency. We include accurate models
of the physical layer, whereas a common simplification in
literature is related to the packet loss probability, which is
assumed constant (as e.g. in [4]). However, the packet loss
probability is dependent on the distance from the nodes and,
in general, on the packet dimension. Another relevant aspect
we take into account is the presence of an ARQ protocol,
which increase the probability of successful packet delivery,
but also the energy consumption.

The remainder of the paper is organized as follows: in
Section II, the system model is described; in Section III
the packet loss probability is characterized; in Section IV
the average number of packets transmitted by the network
is derived; in Section V, numerical results for performance
evaluation are provided; finally, in Section VI, conclusions
and future perspectives are given.

II. SYSTEM MODEL

Let us consider an area over which N nodes are uniformly
deployed and transmit towards a sink that acts as a gathering
node. As assumed e.g in [4], the network topology is organized
in a tree, where nodes belong to a level i, being i the distance
of a node from the sink, in terms of number of hops (see Fig.
1). Let us denote the number of nodes at the level i with li, so
obviously holds that

∑L
i=1 li = N . Each node is connected to

a parent node and produces nMis measurements per snapshot.
Each node performs the following tasks: it encodes measured

Fig. 1. Network topology with L levels.

data according to a DSC algorithm, receives packets from
the child nodes and then transmits packets towards the parent
node.

Throughout the paper, the packet frame specified for the
Berkeley motes [10] [11] will be adopted. Therefore, a packet
is composed as follows: a preamble and a synchronization
symbol of P bits; a data link header of O bits, a network
header of Q bits; a payload of payi bits that incorporates
measurements performed by the generic node of the level i,
and where the payload may have variable length according to
the DSC topology and aggregation mechanism; CRC bits for
the forward error detection; ID bits for node identification. A
Manchester coding technique is employed.

A. DSC Topology
Let us denote with Yi,j , for i = 1 . . . L, and for j =

1 . . . li, the data measured by the node j of the level i. We
assume a static environment, i.e., the correlation properties
of the data source do not change. As studied in [6], we
consider four DSC coding schemes: No-Slepian-Wolf Scheme
(NOSW), Sequential Slepian-Wolf scheme (SEQ), Slepian-
Wolf Clustered (CL), and Slepian-Wolf Master Slave (MS).

In the NOSW topology, each sensor encodes the measures
independently from the other N − 1 nodes, and we assume

that the number of bits for coding is given by the entropy of
the source (see, e.g., [6]) which we denote with H(Yij), i.e
each sensor does not perform any coding.

In the SEQ scheme, node 1, 1 performs encoding of Y1,1

with H(Y1,1) bits; node 1, 2 encodes Y1,2 with H(Y1,2|Y1,1)
bits under the assumption that the decoder knows Y1,1;
the node 1, j encodes Y1,j with H(Y1,j |Y1,1 . . . Y1,j−1)
bits under the assumption that the decoder knows
Y1,1 . . . Y1,j−1; in general, the node i, j encodes Yi,j

with H(Yi,j |Y1,1 . . . Y1,l1Y2,1 . . . Y2,l2 . . . Yi,1 . . . Yi,j−1)
bits, under the assumption that it knows
Y1,1 . . . Y1,l1Y2,1 . . . Y2,l2 . . . Yi,1 . . . Yi,j−1. According to
the SEQ scheme, the nodes being at a larger distance from
the sink encode data with respect to those closer to the sink.
This can be obviously explained considering that the packets
generated by the nodes closer to the sink are more likely to
be received then those farther.

In the CL case, nodes are grouped in K = l1 clusters,
where each cluster consists of a sub-tree having as root a node
of level 1. Hence, each cluster includes the same number of
nodes, which is given by N/K. For each node of a cluster, a
SEQ coding topology is adopted independently from the other
clusters and starting from the root node 1, k, for k = 1 . . . l1,
of the clusters k.

In the MS, nodes are grouped in clusters as in the case
of CL, but each root 1, k, for k = 1 . . . l1, of a sub-tree is
elected as master node. Moreover, for each node of a cluster
k, the DSC is performed only with respect to the master 1, k
of the cluster the node belongs to, and not with respect to
other nodes.

B. Packet Aggregation
We consider three alternatives for aggregation: the classic

multihop (CMH), where the nodes relay packets without any
aggregation; the aggregated multihop (AMH) , where the
nodes collect the received packets, aggregate them at the MAC
layer into a single frame and forward it; the Fragmented
Aggregated Multihop (FAMH) , which is similar to AMH but
with the difference that, when an aggregated packet reaches a
dimension larger than a maximum threshold, it is fragmented
in multiple packets.

C. Performance index
We consider as a performance parameter the average num-

ber of bits per snapshot transmitted by the network and we
denote this by EN . In the computation of EN , we will neglect
the impact of acknowledgement packets, which is a rather
common assumption in literature, and is motivated by the
fact that they have marginal impact on overall performance.
Nevertheless, computation of EN requires the characterization
of packet error probability under different assumptions for
DSC and PA. We approach this task in the next Section.

III. PERFORMANCE ANALYSIS: PACKET ERROR
PROBABILITY

We consider a wireless channel which exhibits non-selective
behavior both in frequency and in time, and a binary FSK
modulation scheme. These assumptions are representative of
actual transceivers working in the ISM frequency band and are



basically the same assumptions adopted e.g. in [12]. Therefore,
the bit error probability is expressed as follows [13]:

Pe(d) =
1

2 + γ0(d)
, (1)

where γ0(d) is the average value of the Signal to Noise Ratio
(SNR) computed at the distance d from the signal source. We
adopt the following model for γ0(d) in dB [14]:

γ0(d)dB = Pt dBm − P (d)dB − Pn dBm , (2)

where Pt is the transmitted power, P (d) is the path loss at the
distance d from the transmitter, and Pn is the noise floor at
the receiver. The path loss is expressed as follows:

P (d) = P (d0) + 10α log10(
d

d0
) , (3)

where P (d0) is the path loss computed at the reference
distance d0 (see e.g. [15]); α is the path-loss decay constant,
and lays in the interval (2 . . . 4). The noise floor is assumed
to be expressed as Pn = (F + 1)kT0B, where F is the noise
figure of the receiver, k is the Boltzmann constant, T0 is the
room temperature and B is the equivalent noise bandwidth of
the receiver.

Under the assumptions that the CRC code is always able
to detect perfectly erroneous packets (see e.g. [16] for an
experimental support to this assumption), the packet loss
probability turns out to be expressed as follows:

PSH(d, payi) = 1− [1− Pe(d)]2(P+O+Q+CRC+payi) .(4)

where payi is the average payload length from the nodes of
level i.

We define the average packet loss probability along one
hop of the level i as the average of (4) with respect to the hop
length:

PSH(payi) =
∫ dmax

dmin

PSH(d, payi)
dmax − dmin

dd , (5)

where dmin and dmax are, respectively, the minimum and
maximum possible distances between any pair of nodes child-
parent.

When an ARQ protocol is implemented at the level i,
with Mi maximum retransmissions, we can easily express the
packet loss probability as follows:

PSH(payi, Mi) = PSH(payi)Mi . (6)

We evidence that in (6) the dependence of the multi-hop
packet loss probability on the aggregation scheme is included
in PSH(payi,Mj), which will be characterized in the next
subsections for the cases of aggregation scheme CMH, AMH,
and FAMH.

Some definitions will be useful to study the packet loss
probability. We define the average connectivity Ci of a node
of the level i as the average number of children of the node,
and is expressed as

Ci =
li+1

li
i = 0, . . . , L− 1 , (7)

Note that l0 = 1 is the number of nodes of the level 0 (only
the sink), while CL = 0.

A. CMH
The payload length for the CMH scheme at the level i, for

readings generated by a node of the level j, can be expressed
as follows:

payi = nMisHj i = 1, . . . , L and j ≥ i , (8)

where Hj is the coding rate at the level j as it is determined
by the one of DSC topology.

The single-hop packet loss probability is therefore given by
(5), plugging into (8).

B. AMH
In the AMH scenario, the following relations hold true:

payi =





ID + nMis(Hi+∑L−i
j=1 Hi+j

∏j
k=1 ni+k) i = 1, . . . , L− 1

ID + nMisHL i = L ,

(9)

ni = [1− PSH(payi,Mi)]Ci−1, i = 2, . . . , L , (10)

where ni is the average number of packets of the level i that
are successfully received by the parent node of the level i−1.

In order to prove (9) and (10), let us first consider the
average number of packets that are successfully transmitted
to each parent-node of the level L− 1:

nL = [1− PSH(payL,ML)]CL−1 . (11)

At the level L− 1, each node aggregates the received packets
and relays a unique packet having a payload as follows:

payL−1 = ID + nMisHL−1 + payLnL

= ID + nMis(HL−1 + HLnL) . (12)

At the level L−2, the average number of received packets is
nL−1 = [1−PSH(payL−1,ML−1)]CL−2. Hence, the payload
and average number of packets coming to such a level are:

payL−2 = ID + nMis(HL−2 + HL−1nL−1 +
HLnLnL−1) , (13)

nL−2 = [1− PSH(payL−2,ML−2)]CL−3 . (14)

The generalization of (13) and (14) to obtain (9) and (10) is
straightforward.

Finally, the single-hop packet loss probability is given by
(5), using (9).

C. FAMH
In the FAMH case, the payload dimension is upper bounded

by a maximum dimension MAXPAY . When an aggregated
packet would exceed this bound, it is split into Fi fragments,
with Fi = d payi

MAXP AY
e, where d·e denotes the upper integer

(ceiling). Each fragment will carry a payload of the level 2
protocol stack whose length is

payFi = (Q + payi)/Fi . (15)

The fragmented packet loss probability averaged over a
single hop is given as follows:

PSH Fi(payFi) =
∫ dmax

dmin

PSH(d, payFi)
dmax − dmin

dd , (16)



where

PSH Fi
(d, payFi) = 1− [1− Pe(d)]2(P+M+CRC+payFi) .

(17)

The packet loss probability over a single hop can be
expressed as

PSH(payi) = 1− [1− PSH Fi(payFi)]
Fi , (18)

Finally, (18) can be used in (6) replacing PSH(payi) to
obtain the single-hop packet loss probability.

IV. PERFORMANCE ANALYSIS: AVERAGE NUMBER OF
TRANSMITTED BITS

The derivation of the average number of bits transmitted by
the networks requires the computation of the average number
of transmitted packets at the generic level i. With this goal
in mind, let us denote with desci the average number of
descendants of the generic node of the level i whose packets
are successfully received at that node, whereas let us indicate
with desci,j the average number of descendants at the level j
whose packets are successfully received at the generic node of
the level i (obviously, i < j). In the following subsections, we
derive desci and, thus, EN for the CMH, AMH and FAMH
scenarios.

A. CMH
At the level i of the network, the following expression holds

true:

desci =
L∑

j=i+1

desci,j , i = 0, . . . , (L− 1) , (19)

where:

desci,j =
j∏

k=i+1

[1− PSH(payj ,Mk)]Ck−1 . (20)

We can proof the validity of (19) and (20) as follows. At the
level L − 1, descL−1 is easily obtained by the subsequent
expression:

descL−1 = descL−1,L = [1− PSH(payL,ML)]CL−1 . (21)

At level L−2, descL−2 depends on the number of packets that
are generated from level L and level L−1 (where the number
of nodes of such levels are obviously taken into account) and
are correctly received at level L− 2:

descL−2 = descL−2,L−1 + descL−2,L =
= [1− PSH(payL−1,ML−1)]CL−2 +

[1− PSH(payL, ML−1)] ·
[1− PSH(payL, ML)]CL−2CL−1 . (22)

For the generic level i, the expression (22) can be extended
in a straightforward way.

The number of retransmissions of a packet sent from the
node of level i over the hop between the level i and i− 1 is
denoted as TxARQi, and can be expressed as

TxARQi =
1 + MiPSH(payi)Mi+1 − (Mi + 1)PSH(payi)Mi

1− PSH(payi)
.

(23)

Therefore, the average number of transmitted bits from the
generic node of level i, when an ARQ protocol is employed,
is given by the following expression:

BTX i = (P + O + Q + payi + CRC)TxARQi +
L∑

j=i+1

(P + O + Q + payj + CRC) ·

desci,jTxARQj . (24)

Finally, the average number of transmitted bits is:

EN =
L∑

i=1

BTX ili . (25)

B. AMH

In this scenario, each node of the level i transmits only
one packet containing both the measurements taken from local
sensing and the measurements coming from lower levels and
encapsulated therein. Therefore, EN is readily expressed as
follows:

EN =
L∑

i=1

(P + O + Q + payi + CRC)TxARQili . (26)

C. FAMH

In the fragmented aggregated multi-hop scenario, it is easy
to see that the average number of transmitted bits is expressed
as

EN =
L∑

i=1

(P + O + payFi + CRC) Fi TxARQi li , (27)

where TxARQi is computed using payFi defined in (15).

V. NUMERICAL RESULTS

We consider a network deployed over a squared area having
facet `. The area is divided in S × S equal dimension sub-
squares, having facet `/S. The sink node is located in the
middle of the area. We include in the network N = 64 nodes,
thus S = 8, where a node is located according to a uniform
distribution within each sub-square. To avoid a superposition
among sensors of adjacent sub-squares, each node is located
inside a cell centered in the sub-square, but having dimension
ε`/N with ε < 1. The association node-level is based on the
position of the node inside the squared area. Those nodes that
are located in the first squared tier around the sink, belong to
level 1. The nodes located in the second squared tier around
the sink belong to level 2, and so on. Therefore, there are
L = 4 levels in the network. Moreover, each node is supposed
to sense nMis = 8 measurements per snapshot.

The values of dmin and dmax for the not-border cells can
be computed as follows (see Fig. 2): dmax =

√
2(1 + ε) `

N

dmin = (1 − ε) `
N , while for the nodes across the borders,

they are dmax = 1+ε√
2

`
N and dmin = 1−ε√

2
`
N . The ε factor is

set to 0.9. dmax is set to 7m and hence ` = 20.84m. The
values set for the number of nodes for each level and average
connectivity are reported in Tab. I, whereas the values of the
packet format are reported in Tab. II.



The transmission power has been set to 5dBm. The receiver
is assumed to work at a room temperature of 300 K, with a
noise figure of 13dB, an equivalent bandwidth of 30 KHz.
Hence, the noise floor is Pn = −115 dBm. Without loss
of generality, we set the maximum retransmission iterations
of the ARQ protocol for the levels 1, ..., L, respectively, as
3, 3, 1, 1.

Fig. 2. dmin and dmax for the nodes of level i < L (left) and i = L
(right).

We compute the entropy of the source by modelling the
spatial correlation among sensed data according to a Gaussian
random field (see e.g. [6] and [17]). Adopting this model, the
measures are characterized with a N dimensional multi-variate
normal distribution GN (µ,K) having average µ and covari-
ance matrix K = [Ki,j ], where Kii = σi and Ki,j = σ2

i e−adij

for i 6= j, where a is the spatial correlation coefficient, and
dij is the distance between the nodes i and j. Note that
the correlation coefficient tends to 1 for highly correlated
sources, whereas tends to zero for scarcely correlated sources.
The entropies Hi for each level in the network can thus be
computed by resorting to the well known conditional entropy
of Gaussian sources (see e.g. [6] and [18]). In Tab. III, the
values of the entropies are reported for each level and coding
topology, with σi = a = 1. It is relevant to observe that the
SEQ topology exhibits the lower values of entropies, while the
MS a larger one. Consequently, the SEQ topology seems the
most attractive in terms of bit and energy consumption.

i li Ci

1 4 4
2 12 3
3 20 20/12
4 28 28/20

TABLE I
NUMBER OF NODES FOR EACH LEVEL AND AVERAGE CONNECTIVITY.

P O Q MAXPAY ID CRC
80 40 56 176 8 16

TABLE II
PACKET FORMAT.

H1 H2 H3 H4

SEQ 5.7833 4.1389 4.0167 4.0238
CL 10 4.4778 4.1667 4.1333
MS 10 4.75 5 5.2810

TABLE III
AVERAGE ENTORPY PER LEVEL.

↑ EN (ARQ) CMH AMH FAMH
NO SW 203.3054 165.4234 225.5351

SEQ 141.8292 64.1911 66.6674
CL 143.5914 66.9636 68.9328
MS 151.8241 79.3944 148.0798

TABLE IV
INCREASING OF EN AFTER THE ARQ PROTOCOL.

In Fig. 3, the average number of bytes transmitted by the
generic node of level i is reported. Each level is subject to a
different traffic load, especially in the case of CMH. In the
presence of aggregation schemes, the difference between the
first level and the last level in terms of transmitted bytes is
seen to decrease. This behavior results in evident advantages
for the nodes closer to the sink, which are typically exposed
to faster energy depletion.

Fig. 3. Average number of byte, BTX i, transmitted per node of the level
i.

In Fig. 4, the values of EN for the different DSC topologies
and aggregation algorithms are reported. The right column is
referred to the ARQ protocol, while the left column is referred
to the case where ARQ is not adopted. From Fig. 4, it is evi-
dent that CMH exhibits the worst performance, whatever DSC
scheme is adopted. Similarly, the NOSW topology exhibits the
worst performance, while better performance can be achieved,
respectively, with CL, MS, and SEQ. In the last three cases,
there are not relevant differences, and this can be mainly due
to the large spatial correlation. By the contrary, aggregation
algorithms provide significant performance improvement. The
difference between AMH and FAMH is more evident in the
NOSW topology, where a number of packets transmitted over
the network are observed.

In Tab. IV, the increase of EN that is induced by the ARQ
protocol is reported for the different aggregation schemes.
Although ARQ introduces a larger number of packets per
node to be relayed, we can observe that it leads to negligible
decreasing of performance in terms of percentage values of
EN .

For a better understanding of EN behavior, let us define the



Fig. 4. Average number of byte transmitted by the network. The right bars are
referred to ARQ case, whereas the left ones are referred to the case without
ARQ.

Fig. 5. Coding Efficiency for CMH, AMH, and FAMH with and without
ARQ. On the abscissa are reported the cases SEQ, CL, and MS.

following coding efficiency metric:

ηCT = 1− EN,CT

EN,NOSW
, (28)

where the subscript CT denotes one of the coding topologies
SEQ, CL, or MS. In Fig. V, the coding efficiency is reported
for the different coding topologies (x axis) and aggregation
algorithm. The coding efficiency increases remarkably when
we move from CMH to FAMH, with AMH providing interme-
diate performance. Once again, it is evident that efficiency is
slightly improved by the use of ARQ protocol. Finally, we can
observe that the performance provided by the three topologies
SEQ, CL and MS are slightly different for the cases of CMH
and AMH, while more they are more evident in FAMH.

VI. CONCLUSIONS AND FUTURE PERSPECTIVES

In this paper, performance analysis of distributed source
coding and packet aggregation have been considered for a

multi-hop single sink wireless sensor network. Specifically,
we provided expressions for coding efficiency and packet loss
for three cases of packet aggregation mechanisms (classic
multi-hop, aggregate multi-hop and aggregated and fragmented
multi-hop) and four cases of distributed source coding topol-
ogy (no Slepian-Wolf coding, sequential, cluster and master-
slave).

Numerical results show that packet overheads and packet
loss probability may play a significant role in network energy
consumption. Better performance in term of efficiency are
obtained with the sequential coding topology and fragmented
aggregated mechanism. The lowest absolute energy consump-
tion is obtained with the sequential scheme with aggregation
without fragmentation. Finally, the introduction of an ARQ
protocol, while decreasing the probability of discarding pack-
ets, does not affect significantly the energy consumption index.

Besides the results presented in this paper, further work is in
progress and is focused on the characterization of performance
in term of multi-hop packet loss probability. We are also
interested on development of our framework in order to
include further cross-layer constraints, e.g. effects of time-
delay sensitive applications, time variant wireless propagation
scenario, and non stationary data source. Furthermore, the
analytical framework addressed in this paper will be developed
to include cross layer optimization of clustering, coding and
power control.
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