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Abstract—We investigate the design of a wireless sensor However most existing DSC schemes concern two correlated
network (WSN), where distributed source coding (DSC) for pairs  sources. First attempt to design codes for multiple (binary)
of nodes is used. More precisely, we minimize the compressiong, rces has been proposed in [14] but it suffers some loss

sum rate for noiseless channels and the sum power for noisy t to th timal . te. Theref it is al f
orthogonal channels in a context of pairwise DSC. In both cases, wri 1o theé opumal compression rate. ereiore It IS also o

the minimization can be separated into a matching problem and a interest to consider DSC coding for pairs of nodes. This
pairwise rate-power control problem (that admits a simple closed- strategy is referred tpairwise DSCin the following. Note
form solution). Using this separation, we obtain an optimization that pairwise DSC is close to the idea of clustering nodes as in
procedure of polynomial (in the number of nodes in the network) i, natwork aggregation [7]. There is however some difference
complexity. Finally, we show that the overall optimization can bet the t hes: in i twork fi d
be readily interpreted. For noiseless channels, the optimization etween the two gpproac _es. in in-ne W_Or a_ggrega Ion, noges
matches close nodes whereas, for noisy channels, there is d1€ed to communicate their data to their neighbors, and then
tradeoff between matching close nodes and matching nodes with a decision whether to compress or concatenate the data is
different distances to the sink. We provide examples of the taken, based on the correlation between the data. In contrast,
proposed optimization method based on empirical measures. We y5iyise DSC avoids transmission between nodes, correlation
show that the matching technique provides substantial gains in o '
either storage capacity or power consumption for the WSN. measurement and strategy optimization at the nodes. The only
l. INTRODUCTION information required at each node, is the power and rate at

which to compress the data but not the global strategy. Another

. we .COUS'der a wireless sensor netwark (WSN) where SR&ason for considering pairwise DSC is its flexibility. A system
tially distributed sensors (or sensor nodes) gather data and sga igned with DSC for two sources is more flexible than

them to a common center (or sink) in order to monitor so multiple source code, since the whole code may not be

physical or environmental phenomenon [1], [8]. A design iss%%anged if one node disappears. Therefore, we focus in this

for such a WSN is to maximize the network lifetime while aper on pairwise DSC coding. This raises a new question:

dealing with low-cost sensors exhibiting limited capabilitie w to optimally match the paired nodes. We address this
in terms of processing (computation capabilities, memory) a% oblem in two different communication scenari¢i¥.Perfect

co'rsmur_ncanon (povx;]er). ists in t it I the d node-sink channels. In that context, the goal is to maximize
nalv; baptparoac Cons:f S tlln tra?hsm| .'T(g 'I?h' € daighe storage capacityii) Orthogonal noisy channels. In that
measured by the sensors directly to the sink. 1his approaccgge’ source channel separation holds [2] and we optimize the

ts)uft'fers twt%sub-optlma(lj:njé‘él) Ft'r:St dufef_ 0 S?at'al co;rel:\go? compression rates and the node matching in order to minimize
etween the measured data, the sufficient amount of datgf ; i1\ \sed power.

transmit from the nodes to the sink can be reduced (fromMain contributions of the papefirst we model the de-

the sum of !nd|V|duaI entropies to th(_a joint entropy). Theres—ign of a pairwise DSC scheme in a WSN. Then we show
fore taking into account the correlation between the nod%ﬁ

L2 gt the optimization of the pairwise DSC strategy can be
communication power and spectral ressource can be save

(2) Second the Distributed source coding (DSC) (aka. Slepigﬁparated into a matching problem and a pairwise rate-power

Wolf coding) theorem [12] states, that this reduced amouc?r.mo' problem (that admits a simple closed-form solution).

. S . sing this separation, we obtain an optimization procedure
of data can be sent without explicit cooperation between t T )
of polynomial (in the number of nodes in the network)

nodes. Therefore using DSC techniques can save not on . . o

L mplexity. Finally, we show that the overall optimization can
some ressource (no communication between the nodes) put e : L
k%]e rteadlly interpreted. For noiseless channels, the optimization

also some processing (data of other nodes are not processe ; .
atches close nodes whereas for noisy channels, there is a

a node). More_ precisely, in DS.C' the_ only knowledge requ'r%radeoff between matching close nodes and matching nodes

at each node is the rate at which this node needs to compresﬂsq : . i

. . o w different distances to the sink.

its data. Note that all the processing complexity is transferre

to the sink, since to achieve optimal compression without

encoding cooperation, joint decoding has to be performed. !l SENSOR NETWORK MODEL AND PROBLEM STATEMENT
Therefore, in the context of WSN, optimal strategies has

been proposed in the literature based on DSC coding [{)

where an optimal DSC coding for all the nodes is assume,

We consider a network withlV nodes all communicating

' a single sink. LetN be the set of sensor indice® =

,...,N}. The data to be sent from node= N to the sink
1This work is supported by the Network of Excellence in Wireless conf'€ modeled a_s th_e rea“zat'ons of a discrete random variable

munications (NEWCOM), E. C. Contract no. 507325. denotedX; taking its value in the alphabéf. R; [resp., F;]



denotes the rate (in bits per source symbol) [resp., the power]
at which nodei sends data.
The data of all the nodes are compressed without loss

with a pairwise DSC scheme. More precisely the data are
gggarated source

encoded separately at each node but decoded (jointly) by ing region
pairs of nodes. This approach is suboptimal in comparison HX) |
to the joint decoding of the data of all nodes but is motivated —
by the availability of efficient DSC schemes for two sources ’
(see references in [6]). This raises the question of optimally H%%) [ ‘ -
partitioning the nodes into pairs, which can be modeled as the HX)  HX) B,
selection of an optima2-partition defined below.

Definition 1: A 2-partition P is a partition of N s.t. the Fig. 1. Slepian Wolf region
cardinality of each subset is 2, except for a set that contains
only one element ifN is odd. An element of 2-partition is
called a pair (even for the left alone node). Problem 1: The maximization of the storage capacity over
Let 8 denote the set of all possible 2-partitions. all individual rates and over all 2-partitions under the con-

Property 1: The total number of 2-partitions is: straint of lossless pairwise DSC coding reads:

18| = (N —D!" if Nis even {R L, P%) = arg {er}ni%es Z R, + R,
(N)!!' if N is odd YT e

where(N — 1)!! = (N — 1)(V —3)...5.3.1 [13]. subject to YV (i,5) € P, (Ri, R;) € SWy,

The problem we address in this paper is how to send thg first sight, this problem looks exponentially hard due to
data (measured by the sensors) to the sink without loss.the large number of possible 2-partitions (see Property 1).
a pairwise DSC scheme, the design parameters are: theHawever, Proposition 1 and its Corollary 1 show that in fact
partition, the compression rates and for noisy channels tidas polynomial complexity.
powers used to send the data. The cost function is applicatiorProposition 1: Separation of rate allocation and 2-partition
and communication dependent. In the following, we consideglection. The storage capacity maximization (Problem 1) can
different communication scenarios (noiseless and noisy) apd separated in a rate allocation over all possible distinct
define the related cost functions. unordered pairs and a selection of the best partition. First,

the rate allocationY (i,j) € N? s.t.i < j
[1l. PERFECT NODESINK CHANNELS

T*

i = arg min Ti‘(l) JFTij(Q) (2)

In this section, we assume that each node can communicate Ti;€5W,,
directly to the sink and that the channels between each node )

and the sink are perfect. In this context, we want to maximiZ4"eré 7i; = (i, R;) denotes a rate pair anfl;(1) = R;
the storage capacity of each node (sensors and sink) withBGSP: Zij(2) = ;] the first [resp., second] element of the
losing any information. Since pairwise DSC is used, the ratB&- Then, the 2-partition optimization:

of egch pair of node; are constrained to lie in the so-called P* — arg min Z T3 (1) + T55(2) ©)
Slepian and Wolf region [12]: two nodes;j can separately Pes (i9)eP

code their source symbols without loss of information if their  proof: See [11]. ™

compression rates (in bits per source symbol) belong to theCorollary 1: The storage capacity maximization under loss-
Slepian and Wolf regiorsW;; defined as: less pairwise DSC coding is polynomial in the number of
sensor nodes.
A . B, H(Xi1X;) Proof: From Proposition 1, the joint optimization sep-
SWi; =< (Ri, R;) : R; H(X;|X;) (D) . locati ith lexit0( N2 p
Ri+R, H(X,, X,) arates into a rate allocation with comp ex@(_ ) an
a partition optimization. The latest is a classical problem
Fig. 1 represents the set of rate paiB;, R;) for which in combinatorial optimization, where it is known under the
lossless compression is possible. The region in dark gmegime of weighted matching for non-bipartite graph [9]. Its
corresponds to separated source coding (separated encodorgplexity can be lowered t0(N?) [4]. |
and decoding). ThesW,; region corresponds to DSC (i.e.
separated encoding but joint decoding) and includes the dark
and light grey region. DSC allows smaller rates (shown in In this scenario, the channels between the nodes and the sink
light grey): this reduces the total amount of data to be seamte noisy. More precisely, we assume independent additive
or stored for the same amount of information captured by th¢hite Gaussian noise (AWGN) channels. We also assume
WSN. orthogonality in the channel access (no internode interference).
Hence, from the definition of the DSC rate region (1), th&his orthogonality can be achieved through protocols (CSMA)
sensor network pairwise optimization for noiseless channels multiple access techniques (such as TDMA, FDMA or
can be rewritten as Problem 1. orthogonal CDMA). The capacity of the Gaussian channel
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(between node and the sink) with transmit poweP; and Before we discuss the solution (see Section IV-B), let us first
channel gainy; is simplify the problem.

Ci(P;) 2 logy(1 + i Py)
where P; represents the cost of sendi bits (per transmis- - _ )
sion) over the channel with gain. Notice that the function ~ Proposition 2: Separation of rate-power allocation and 2-
Ci(z) = log,(1 + v;z) depends oni upon~;. We further Partition selection. The sum-power minimization (Problem 2)

assume that the channel gains}; are fixed quantities, known ¢an be separated in:

A. Optimization separation

by the sink. (i) a rate-power allocation over all possible distinct unordered
Due to power limitation at the sensors, the transmit powBairs:V (i, j) € N?sti<j

[ P, < «

is constrained by a so called peak power constraint:P; < Q; = argminQy(3)+ Qi;(4) (5)

P,.... In this context, a natural cost function is the sum
power that needs to be minimized. The constraints for this
minimization are: the above mentioned peak power constraintssubject to (Q;;(1),Q;(2)) € SW;; N C;;(Q4;(3), Qi5(4))
and the asymptotically (in the size of the data length) small Qij(3) < Prax
error probability. Qi5(4) < Prs

We now detail the vanishing error probability constraint. WA, = T ma
Under the assumption of orthogonal channels, DSC and charhere Q;; = (R;, R;j, P;, P;) denotes the four design para-
nel coding separation holds [2]. Therefore, the achievabieeters. The two first parameters of the quadruple are the rates
(for vanishing error probability) rate region for distributed);;(1) = R;, Q;;(2) = R,;, whereas the two last represent
separated or joint source-channel codingpincide. More the powersQ;;(3) = P;, Q;;(4) = P;.
precisely, for two sources, it is the set of ra{gd, R;) lying (i) a 2-partition optimization:
in the intersection of the Slepian Wolf regi&W;; (1) and

of the TDMA capacity regiorC;; defined as: P = argmin > QB3 +Q;(4) (6)
(4,)€P
Cii(P,P) 2 L (R, R;) - R < Ci(P) 4) Proof: Same proof as for Proposition 1. [ |
AN N R; < C;(P) Corollary 2: The sum power minimization under lossless

This achievable rate region (for distributed separated or joip@irwise-distributed separated source and channel coding is
source and channel coding) is the darker grey region &flynomial in the number of sensor nodes.
fig. 2. Hence, the sensor network pairwise optimization for ~Proof: Same proof as for Corollary 1). ]

B. Sum of 2 powers minimization

In this section, we solve problem (5), a convex optimization
problem of four variables. First, we show that the number
of variables can be reduced to two (Lemma 1) and then to
one (Lemma 2). In order to keep track of the meaning of
the variables (which simplifies the proofs of the two lemmas),
we shall use the notatioR;, R;, P;, P; instead of@);;. This
introduces no confusion, since the pé&irj) is fixed in (5).

_ Lemma 1 The minimum power is achieved on the bound-
. -1 [resp., P; = 2 1;1]

SWy

HX1X%) ca pauty region CU

X\X) H()g) C; R ary P; =
Proof: (5) is a convex optimization problem. The opti-
Fig. 2. Slepian Wolf and capacity regions mum occurs either at a stationary point or on the boundaries.
Since there is no stationary point (linear function), the opti-

orthogonal noisy channels can be stated as follows. mum occurs on a boundary sR; is minimum. It follows that

Problem 2: The minimization of the transmit sum- powerp:x — 2% =1 similarly, we can show thaP; = 2 J*—l, n
that achieves rates with vanishing error probability in ﬁrom Lemma 1, the rate-power opt|m|zat|(1|) in Proposi-
pairwise-distributed separated source and channel codi¥h 2 can be rewritten as:
schemé can be written as: -

2@ (1) 1 9Q5(2) _ 1

PR Pr) — Qj; = argmin + (7)
(B} AR}, 77) TRy }m{P}z,fPeS Z Pt By ’ Qis i 7

Subject to v (’L,j) c :‘P, (R“ RJ) c SWU ) CIJ (Piv Pj) SUbJECt to (Qij(l)v Qu(z)) € SWU N CLJ( maxs Pmax)

vV oieN, P, < Proos The following lemma allows to further reduce the number
of variables.

1separatedrefers to separation of source and channel coding, wheroszasl_emma 2:The minimum power is achieved on the lifle+
distributedrefers to separation of the processing between the sensor nodes. ’
2Recall that for orthogonal channels, this scheme has same achievable éje: H(Xiv Xj)'
region as the pairwise-distributed joint source and channel coding scheme  Proof. By contradiction. See [11]. |



Finally, the rate-power allocation can be reformulated as a V. A SENSOR NETWORK EXAMPLE
convex optimization problem of one variable:
oR: _ 1 9H(XyX;)—Ri _ 1 In order to illustrate, the gain achieved by a pairwise sensor
(1) = argmin——— + : (8) network optimization, we consider a WSN in a bounded
sub'eét tolgt< R < b i square area where sensors are randomly placed. A sink is
) - = placed at the center. We consider AWGN channels between

where the nodes and the sink and assume that the channel gain is
w 2 min (H(Xl-), Ci(Pmax)) inversely.prqportional to the square distance between the nodes
A communicating together.

Ib max (H(Xi‘XJ')7 H(Xi, X;) = CJ‘(PWI)) We consider the entropy model of [10] based on empirical

From Q:;(1), all other variables can be deduced: measure of daily rainfall precipitation. All individual entropies
! are assumed equal. The joint entropy of two sources is a

(2 = I{gﬁﬁl’; Xj) — Q1) function of the individual entropy, of a coefficient that
5(3) % captures the correlation, and of the distanégsbetween the
H4) = 295>y sources:

Vi
Moreover, (8) admits a closed form explicit solution:

H(X;, X;) = H(X;) + <1 - )H(Xi) (13)

b if r<Ib 14 du
@)= ¢ if b<r<lb 9) ‘
ub if - <ub The sensors lie in a bounded area such that the coordinates
where of each sensor are ift), 1]>. The coefficientc captures the
r2 1 (H(Xi, X;) + log, %‘) correlation. We choose= 1, such that if 2 sensors are distant
2 Vi by 1 (2 corners of the area), then the joint entropy%ishe

a) Case without peak power constrainttotice that the individual entropy. We therefore consider a highly correlated
solution detailed above encompasses the case without peaksor network.
power constraint by Iettlngj_mam. tends to+oo. . . Reduction of compression sum rate and sum padiigure 3
. b) Solution interpretation.: This results admits a nice shows the optimization results for 200 sensors and a sink
interpretation. If we don’t take into account the rate constrainf$aced at the center of the area. The numerical results (in
(Slepian Wolf and capacity region) and peak power constrainigyms of rate or power) are given in the title of each figure. For

the optimal rate allocation reads perfect channels, Fig. 3(a) shows that the pairwise optimization
R; = 1 (H(X, X;)+1log, 2 helps to reduce by half the sum rate: 104 instgad of 2_00, for
. L 3’ (10) the naive case (all nodes communicate to the sink). This result
R} = 3 (H(X; X;)+logy 22 is independent of the individual entrop¥(X;), since H (X;)
Moreover, if these rates are feasible, the optimal sum pow&ra scaling factor in the model (13) of the joint entropy. For
is noisy channels (Fig. 3(b) (c)), the reduction of sum power
9H(X:,X;) 1 1 is even more important than the reduction of rate due to the
2 o wm (11)  exponential behavior of the power wrt to the rate (from 36727
LY oY to 1261 forH (X;) = 10 (b), and from 36 to 13 foH (X;) = 1

Therefore the 2-partition optimization matches pairs in ordeg)). The effect of the peak power constraint is illustrated in

to minimize: (d) (compare (b) with (d)). In this case, the constraint is so
. 9H(X;,X;) low that no communication is possible between some nodes
P* = argmin > B (12)  and the sink: more precisely, for some nodes, there exists no
(4,4)€P ©Y other node s.t. the achievable region (see Fig. 2) is non-empty.

In general, the joint entropy (X;, X ;) decreases with the in- Therefore, these nodes are not connected in (d).

ternode distance. Therefore, the minimization of an increasingMatching result.For perfect channels, the minimization of
function of joint entropies would rather match close pairs. Qhe compression sum rate rather matches closest neighbors
the other_han_d, th_e minimization of; .\, ﬁ tends to (see Fig. 3(a)), which is' very iqtuitive sincc_e the joint entropy
match pairs with differeny, where the channel gamdepends H(X;, X;) decreases with the internode distance.

on the distance between a node and the sink. It follows thHeatr noisy channels, due to the tradeoff between matching close
this would rather match nodes that have different distancesnodes and matching nodes with different distances to the sink,
the sink. the matched pairs are located on a radius emanating from
The overall optimization (12) is therefore a tradeoff betweedhe sink, as explained in section 1V-B.b). Fig. 3 (b) and (c)
matching close nodes and matching nodes with differehighlight this observation. In these figures, we decrease the
distances to the sink. A way to achieve this is to place nodesaalue of the entropyd (X,), s.t. the matching is more due to

a radius emanating from the sink. This fact is fully illustratethe influence of they (in (c) than in (b)) and therefore distant
by our experiment later. nodes are matched together in (c).



VI. CONCLUSION

We investigated the design of a wireless sensor network,
where distributed source coding (DSC) is used in order to
compress the data. Since most existing DSC schemes concern
two correlated sources, we focused on pairwise DSC, where
the compression is performed for pairs of nodes. This raised a
new problem: the optimal matching of nodes in order to save
the resources of the network. More precisely, we minimized
the compression sum rate for noiseless channels and the sum
power for noisy orthogonal channels in a context of pairwise
DSC and obtained an optimization procedure of polynomial (in
the number of nodes in the network) complexity. Finally, we
showed that for noiseless channels, the optimization matches
close nodes whereas, for noisy channels, there is a tradeoff
between matching close nodes and matching nodes with
different distances to the sink. Numerical results showed that
the pairwise strategy can save about half the amount of data
to be sent.
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Total sum power=1260.7358 vs individual= 36727.1896
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Total sum power=12.9669 vs individual= 35.9015
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Total sum power=NaN vs individual= 36727.1896, Power constraint P=10
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WSN with 200 sensors (x) and 1 sink (0) placed at the center. 2
matched nodes are linked by a line. Matching results for (a) perfect channel.
Then, noisy channel without peak power constraint, and individual entropy is
10 in (b), and 1 in (c). Then, noisy channel with peak power constraint 10,

and individual entropy 10, in (d).



