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Abstract—This work deals with distributed estimation problem in
hierarchical wireless sensor networks, where the network is divided
into spatially disjoint groups called clusters. The sensors in each cluster
observe a separate random source which is correlated with the sources
being observed by the other clusters. Each cluster has its designated
cluster head (CH). The sensors in the clusters forward their observations
to the CHs, which in turn communicate with a fusion center (FC).
The estimation at the CHs and the FC is done based on the minimum
mean square error estimation rule. To minimize the overall estimation
distortion, we propose a power scheduling scheme that allocates power to
the individual sensors and the CHs subject to constraints on the transmit
power of individual clusters and the overall network. The correlation
among the underlying sources leads to coupling of the optimization
variables and the power allocation solution requires centralized compu-
tation, which may be computationally expensive. To this end, we propose
an alternative formulation based on an upper-bound on the distortion
function, which leads to a solution that exhibits favorable characteristics
for distributed implementation. Simulation examples corroborate the
effectiveness of the proposed power scheduling scheme.

Index Terms—Hierarchical wireless sensor networks, parameter esti-
mation, power scheduling, resource management, spatial correlation.

1. INTRODUCTION

In recent years for wireless sensor networks (WSNs) several power-
aware and energy-efficient estimation algorithms have been proposed
under a wide variety of network models. The work of [1] considers
estimation based on quantized sensor observations. In [2], the focus
is on designing a power allocation scheme where sensors amplify and
transmit their analog observations. The estimation schemes in these
works target to estimate an unknown deterministic parameter. The
works of [3] and [4] studied power allocation in WSNs with spatially
correlated data. In all these aforementioned works, individual sensors
send their observations to a central unit, called fusion center (FC),
which forms estimate of the underlying source. In the realm of
energy-efficient estimation, this centralized WSN topology, where all
sensors directly transmit their observations to a central station, may
not be an optimum choice. To this end, [5] investigated the minimal
energy progressive estimation in sensor networks and [6] studied
estimation under different network topological settings. The authors
in [7] and [8] proposed power allocation schemes for estimation
in cluster based WSNs. All these works propose power allocation
schemes for estimation of a homogeneous unknown deterministic
parameter and do not consider the effect of data correlation.

While the existing energy-aware or power-constrained estimation
algorithms for WSNs ignore the effect of data correlation, in this
paper we consider a system where the network is divided into clusters,
where each cluster observes a separate source albeit correlated with
the sources being observed by the other clusters. The estimation of
underlying sources is performed in two time slots: In the first, the
sensors in each cluster amplify and forward their noisy measurements
to their respective CH that forms a preliminary estimate of the
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underlying source; and in the second, the CHs send a scaled version
of their partial estimates to a FC that forms the final estimate of the
sources. To this purpose, the CHs and the FC employ minimum mean
square error (MMSE) estimation rule.

In [9], we proposed a power scheduling scheme in the cluster-
based WSNs where we target to minimize the estimation distortion.
However, under the proposed scheme, power allocations need to be
computed numerically in a centralized fashion. For large networks,
the computational cost and the implementation overhead associated
with this centralized scheme may become prohibitive. To this end, in
this paper, first we develop an upper-bound on the distortion function
and subsequently we use that bound as a surrogate for the distortion
function in the optimization problem for power allocation. The result-
ing power scheduling scheme has favorable structure for distributed
implementation and gives distortion performance that matches quite
well with the scheme in [9], which is based on the exact distortion
function. Moreover, compared to a uniform power allocation scheme,
the proposed design gives better distortion performance.

The remainder of the paper is organized as follows: Section
IT presents the system model, Section III formulates the power
allocation problem and outlines its solution, Section IV presents some
simulation examples, and finally Section V gives concluding remarks.

II. SYSTEM MODEL AND PRELIMINARIES

Consider the cluster-based hierarchical sensor network shown in
Fig. 1 in which N{ spatially distributed sensor nodes are divided
into N. disjoint and non-overlapping clusters, indexed by J =
{1,..., N.}, such that Ny = > jeq Ni» Nj being the number of
sensors in cluster j indexed by Z; = {1,...,N;}. The clusters
observe zero-mean random Gaussian sources s; ~ N (0,0§j) for
j € J which are correlated such that Cov{s;, s, } = Ps;r550s; sy
where Psisk specifies the correlation between s; and s for all j
and k in J. The noisy observation at sensor ¢ in cluster j is given
by

Viel;, VjieJ, )

Tij = 85 + N,

where n;; ~ N(0,07. ;) denotes the observation noise, which is
independent of s;’s and the observation noise across sensors.

As an example application of the sensor network, we can view
that the network is deployed to observe a Gaussian spatial random
field. We assume that inter-sensor distances within each cluster are
small compared to the inter-cluster distances. The sensors in each
cluster being close to each other have strong internal correlation and
therefore we can model the field within each cluster as homogeneous.
Whereas long inter-cluster distances suggest heterogeneous field
values in different clusters.

The estimation of the sources is done in two phases. In the first
phase, the sensors in each cluster amplify their observations and then
transmit to their respective CH over orthogonal channels such that
the received observations are

Yij =\ $4,jCi,j(sj +nij) +wiy, VieZ;, VjeT, (2

where Z; = Z; — {N;}. In (2) ¢s; € [0,00) is a scaling or an
amplifying factor, ¢; ; is channel gain between the sensor and the
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Fig. 1. A cluster-based hierarchical wireless sensor network.

CH, and w;,; ~ N(0,0%, ;) is receiver noise which is assumed to
be independent of s; and n, 4 for all 4 and 7. Moreover, the receiver
noise is assumed to be independent (of the receiver noises) across
sensors in all clusters. Note that without any loss of generality we
have assumed that the sensor NV, is designated as CH of cluster j.
The designated CH for each cluster can be a fixed sensor or it can
be dynamically selected from among the sensors in that cluster; for
example, it could be a sensor with maximum remaining energy or
better channel gain to the FC.

Employing the MMSE estimation rule [10], the CH j forms an
estimate §; of the source s; based on the received observations from
the sensors in the cluster. We can write the estimate §; as

gszj(JQNJ Ly YOl ) 3)
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where D; is estimation MSE that can be given by

$i,jCig

1 1 -1
D; = (72 5+ P 1) : )

o
53 Ni ez

2 _ 2 . _ 2 _ 2 :
where o7 ; = Tn; ; for i+ € Z; and ON; = Onn,j for j € J.
Moreover ¢; j = &,; /00, ; for all 4 and j.

By defining &]2- as
- 1 Di,§Cij )1
2 0,5 Cirj
o;=|—5+ —_— (5)
! <Uz2vj ZEXI:J ijcijoi; +1
we can write v; = Dj&?é]‘, a scaled version of §;, as follows:
vied, (©6)

vj = 85 + 1y,

where
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We can show that ¥; ~ A(0,57), which is independent of s; and
9y, for all j # k. We can view v; as an equivalent observation at the
CH with ¥, representing the equivalent observation noise.

In the second phase of an estimation cycle, the CHs amplify and
transmit the observations (6) to the FC over orthogonal channels such

that the received observations are

zj = \/¥;gi(s; +95) +w;, VjET, ®)

where 1); € [0, 00) is an amplifying factor, g; is gain of the channel
between CH j and the FC, and w; ~ N(0, U,QU].) is receiver noise at
the FC which is independent of s;, 9;, and wy, for all j and k£ with
k # j. Using matrix—vector notation, (8) can be written in a compact
form as follows:

z=Hs+r, 9
where
z=|z1,...,2n.7, s=ls1,...,sn.]%,
I:I:diag(m,...,\/M),
r= [\/ngﬁl + wi, ..., mﬁz\zc + wNC]T.
Now based on (9) and employing MMSE estimation rule, the FC

forms an estimate of the underlying source vector s that can be given
by

s =R.H” (HR.H” + R) 'z, (10)

where R := E [ss”] and R := E [rr”]. By defining ¢ := s — § as
the estimation error vector, we can write the covariance of the error

vector, denoted by R., as follows [9]:
R. =R, - R:H" (HR;H” + R) 'HRY
= ARH" + R L 11
III. ITERATIVE POWER SCHEDULING SCHEME
We base our power scheduling scheme on the following optimiza-
tion problem:

minimize
Y20, ¢, 20, Vi,

subject to Z (wj (ij + &?) + Z i,j (azj + 01-2,]-)) < P,
JjeT i€Z;
Z ¥; (Ugj + 5'72) < Pmax,
JET

> bus0?, + ) < o

€T,

tr (Re)

vied. (12

Where the first constraint limits the total network transmit power,
which makes sense from the view point of global energy efficiency
and to realize green ICT [11]. Moreover, this constraint enables a
fair comparison between networks of different sizes. The second and
third constraints limit inter-cluster interference and interference with
any neighboring network, which is important from the perspective of
spatial reuse of spectrum resources. Depending on the application of
the WSN, some clusters may be located in critical areas and it may
be required to keep those clusters alive for sufficiently long time; this
observation gives another motivation for putting cap on total transmit
power of individual clusters.

Note that the optimization variables 1); and ¢; ; are coupled in the
constraints. This coupling of the variables, and the reason that the
optimization problem (12) is jointly non-convex over the optimization
variables make the problem difficult to solve. To this end, in Prop.
1 (due to space constraints, the proof of which is given in [12]) we
reformulate the problem in an equivalent form that bears favorable
characteristics as shall be seen in the ensuing development.

Proposition 1: Let « € [0,1) such that aP; power is expended in
all clusters on forwarding observations from the sensors to the CHs
and (1 — a) P; power is expended on forwarding observations from
the CHs to the FC. Moreover, assuming &; > 0,y; > 0,and §;; > 0



such that >0, ;& < 1,37, ;7 <1, and Ziezj Bi; <1, we

can write for all 4 € Z; and j € J as follows:

(1—a)P&;
02 +67

aPyy;Bi;

- = . 13
w] ) ¢ »J a_gj +Uij ( )

With this we can write the problem (12) in the following equivalent
form:

minimize tr (Re)
a,£;2>0,v;>0,84,;>0,Vi,j
subject to aeT,Zgjgl,nyjgl,
Jje€T JjET
> B <Ly < ViET. (14)
=

Where 7 = [ao,1), ap = max{0,1 — Ymax/Pi}, WELX =
min{1, d)ﬁ]ax/Pt}, and R, is given as

—1
R. = R. — R.H” (HRSHT + R) HR”

= (HR’lHTJrR;l)_I, (15)
with
H = diag (\/(1 —a)P:tigi, ..., \/(1 — Oé)Pthcch),
R = diag ((1 — a)P&igioi + 07 +0%,,...,
(1 - @)Pén.gn.on, + 0N, + 05y ). (16)

. L 2
In (16), for all j, g; = g; /o, and

1 APy, Bi.¢i )1
2 tVjii,5C,5

o =\|—+ E . (17)
’ (012vj iz aPy;Bici 0} + 07, + 03,

Proof: For proof see [12]. (|

The equivalent formulation in (14) has linear constraints and the
constraints are independent in the sense that each constraint function
depends on a separate set of optimization variables (i.e., o, &;’s, 7;’s,
or (3;;’s). This independence of the constraints is a nice property
that allows us to solve the problem using the block-coordinate
descent method (BCoDM) [13]: Whereby we divide the problem
into subproblems and in each subproblem we can optimize over a
separate set of optimization variables. This approach is used in [9]
where the solution of each subproblem relies on centralized numerical
methods, because the optimization variables are nonlinearly coupled
in the objective function due to the correlation of the underlying
sources. The centralized numerical solution may be computationally
expensive and may incur high overhead in implementation. To this
end, in the ensuing development, to solve the problem (14), first we
develop an upper-bound for the objective function and subsequently
we use this upper-bound as a surrogate for the objective function and
solve the optimization problem. The resulting solution is amenable
for distributed implementation as we shall see in the ensuing devel-
opment.

Proposition 2: The trace of R. can be upper bounded as

tr (Re) < (Zafj) -, (18)
JjET
where
. (Zjej fjgj‘lfj)z

(I—a)Py
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Uy => Riju=_ Cov{s;s}’, Q=Rso(R;Rs)
keJ keJ
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with Rs o (RIRs) denoting the Hadamard or Schur product of
matrices Rs and (RTR.,).
Proof: The proof is given in [12]. O
Now we consider the optimization problem (14) where, instead of
the actual distortion function, we target to minimize the upper-bound

on the distortion. For this purpose, it is sufficient to consider the
following optimization problem:

minimize -7
o, £;2>0,v;>0, 34,20, Vi,j
subject to aeT, ij <1, Z v <1,
JjeET JjeT
S B <Ly < Vi€, (19)
€L

The power allocation problem (19) can be solved using the BCoDM,
which cyclically/iteratively minimizes the cost function with respect
to each set of optimization variables subject to the associated
constraints while the other optimization variables are held fixed.
Specifically to solve the problem do the following.

Initialize o, €;’s, y;°s, and 3; ;’s in their respective feasible region,
and repeat step 1 to step 4 until there is no appreciable decrease
in the objective function.

1: For given &;’s, v;’s, and f3; ;’s, find o by solving

minimize — Y. (20)
acT
2: For given «, 7;’s, and (3; ;’s, find £;’s by solving
minimize — Y subject to Z & <1. 1)

£;2>0,Vj -
J jeT

3: For given «, &;’s, and 3; ;’s, find ;’s by solving

minimize — Y

bject t C< 1,y <AL YL (22
ninimiz subject to > y; < 1, 75 < Yhe, Vi (22)

JET

4: For given «, §;’s, and ~;’s, find 3; ;’s for each j € J by solving

subject to Z Bi; < 1.

=

minimize — 1 (23)

Bi,;20,Vi

Where the solution of problem (20) to problem (23) is outlined in
Section III-A to Section III-D, respectively.

A. Optimization of o
2 (GJQ' +g§j)
Let fij(o) = &9;¥; (fjgjaj + m) such that f(a) =
. i(a). Now to solve the optimization problem (20) for «,
jeg JI
it is sufficient to consider the following problem:

minimize fla), 24)
where an explicit solution for « is intractable. However, to find «,
we may resort to numerical methods such as line search methods
for one-dimensional minimization (e.g., the Golden Section method
[13]). Note that f(a) = >°, ; fj(a), where f;(c) depends on the
parameters concerning the cluster j, has separable structure along the
clusters. From the implementation perspective, the FC broadcasts an
initial value of @ € 7 to all CHs. Then each CH computes f;(«)
and/or 9 f;(c)/Oc (as required by the numerical method) and sends
to the FC. The FC then updates the value of o and broadcasts it to
the CHs. This procedure is repeated until a stopping criterion for the
numerical method is satisfied.



B. Optimization of &;’s

For optimization of &;’s, we proceed as follows. By defining

52 [617"'15Nc]T7
Q = dlag (g%\plo—%y s 7912VC‘IINCO—]2VC) )
T
|91 (of +02) gn YN (0%, +02y.)
=" a-apr 1— )P, ’
u=[gV,....9nn]", g=lo,...,9n]",
U=uu’, G=gg’,
Q=R:o(R{Rs)oG+Q,
we can write T as follows:
T
U
§r'QE+q’¢

Now by defining 1 := [1,...,1]", the optimization problem (21)

can be written as

ma>gi>r(r)1ize Y subject to 17¢ =1, (26)
where we have replaced the inequality constraint with equality to
exclude the case where the denominator of Y is zero over the feasible
region.

Let F = {{ € RY|¢ > 0, 17¢ = 1} denote the feasible region
of the problem (26). Note that F is a compact convex set in RVe
(the set of Nc.-dimensional real numbers). It is easy to show that
U and Q are positive semidefinite matrices, which means that
the numerator and denominator of Y are convex functions of &.
Thus, the problem (26) is a convex—convex type quadratic fractional
programming problem. To solve (26), in what follows, we develop
an algorithm based on the parametric programming approach, which
is a powerful scheme for solving fractional programs.

For 6 > 0, let

1(6:0) = €"Ue 0 (£"Qe +q"¢)

be a parametrized function associated with the problem (26). We have
the following proposition, which is based on the well-known result
by Dinkelbach [15].

Proposition 3: For given 0, define

27

p(0) = maximize f(&0) (28)

with the corresponding optimal & vector as
0) = m ;0). 29
£(0) = arg hax f(&0) 29

If there exists some #* > 0 such that p(#*) = 0 then £ = £(67)
is an optimal solution of the problem (26) and the corresponding
optimal value is % = T(&").

Proof: For a detailed proof see [12]. O

Based on Prop. 3, the optimization problem (26) can be solved
using the following iterative procedure.
i: Set ¢ = 0 and initialize £ € F.
ii: Compute 6+ = 1 (¢1)).
iii: Solve the following optimization problem to obtain the global
optimal solution for £*+1):

; 9<L+1)).

ma?eig_lize e (30)

iv: If [f(£4FD;90FD)| < § for some § > O then terminate; else
set ¢« = ¢+ 1 and go to step ii.

The preceding algorithm is guaranteed to converge to the optimal

solution of the problem (26) provided that the problem (30) can be

solved [15]. To this end, note that although the feasible region F
is a convex set, the function f(&;0) is not concave. Therefore
the problem (30) is a non-concave maximization problem wherein
many different local maxima may exist, which are different from the
globally optimal solution. To this end, by introducing a slack variable
7 = £TUE¢ we can reformulate the problem (30) in the following
equivalent form:
minimize
Tmin ST <7Tmax; §20

0 (€'Qe+a"c+¢) -7

subject to  1Te =1, £TUE — 7 <0, 31)

which is a convex quadratically constrained quadratic programming
(QCQP) problem that can be efficiently solved by numerical methods,
for example, the interior point method [14]. In (31), the Tmin and Tmax
are given as follows:

2

L T L T
o= U¢ = 32
Tmin mlrﬁlgglzeg 13 mlrglg;__uze (u §) , (32)
.. T .. T ~\2
= U¢ = 33
Tmax ma%(ér}uzeé~ I3 mag(elrjr__uze (u 5) , (33)

where we can show that Tmin = (min{uj,...,un,})? and Tmax =

(max{u;, ... ,un,})>

C. Optimization of ;s

For optimization over «y;’s we have problem (22) to solve wherein
it is sufficient to consider the following problem:

minimize Z ajgfjgj‘llj (1 +(1- oa)Pt{jgj)

v520,Vj icr

subject to Z v <1, 95 < L,
JjeT

vjedJ. (34)

We can prove that the objective function is decreasing with respect
to 7;’s and the problem is jointly convex over «;’s. Note that the
objective function and the constraints are separable along clusters,
consequently the Lagrange dual-decomposition method can be used
to solve the problem [13].

In the optimization problem (34), as we are minimizing a decreas-
ing function, therefore the optimum is always at the boundary of
the constraints set. In the optimization, one of the following three
scenarios may arise. First, if Z jeg %[f]]ax < 1 then the sum-constraint
(e, > jeg Vi < 1) is inactive and all individual-constraints (i.e.,
i < Yaax for all j) are active. In this particular case, the optimiza-
tion problem is trivial and all clusters simply transmit with ~; = ’yr[f]LX
for all j. Second, if 3=, - Yihx = 1 then the sum- and all individual-
constraints are active, and we simply have v; = 'ylﬂlax for all j.
Finally, if Zj 7 fyr[,]]]ax > 1 then the sum-constraint is always active
and some of the individual-constraints may be active while others
remain inactive. To solve the optimization problem in this later case,
we proceed as follows. First we ignore the individual constraints and
solve the problem with only the sum-constraint; then later on in this
section we shall show how to incorporate the individual-constraints
into the solution.

For solution to the problem (34) without considering the constraints
on individual ~;’s, that is, to solve the problem

minimize Z 07¢;9;%;(1+ (1 — a)P&;g5)

v 20,Vj ier
subject to Z v <1, (35)
jeT

we propose a primal—dual algorithm based on the Lagrange dual-
decomposition approach. For this purpose, we can write the Lagrange



function associated with the problem as follows:

Ay, - = Ay, ) — m
JjET

s YNe; 1) (36)

where p is a Lagrange multiplier (also called dual variable or price
value) associated with the constraint jes Vi <1and

Nj(vi, 1) = 07€9;9;5 (1 + (1 — a)Pi&g;) + ;.- (37)
The corresponding dual objective function can be given by

Qp) = minimize Ay, yNe; 1)

= Z mlmmlze Ay, ) — s (38)
JET iz

and the dual optimization problem can be written as

maximize Q(u). (39)
n=>0

For the dual objective ©(p), we need to find ~y;’s that minimize
A1, ..., yne; p). To this end, for given p, () can be obtained
by solving NN, separate problems as follows:

i () = arg min A;(yj,p), j€JT. (40)
75 =0

Note that, (40) corresponds to cluster j that can be solved by
the corresponding CH using simple line search algorithm for one-
dimensional minimization.

The optimal dual variable p can be obtained by finding p such that
> ez vi(n) = 1. This can be done by a one-dimensional numerical
search, for example, using bi-sectional search method or can be done

using gradient-ascent method that leads to the following updation rule

[13]:
+
=)

where k is an iteration-index, § is a positive step-size parameter, and
~; (1) is solution of (40) for given p(*). Because the underly-
ing primal optimization problem is convex and satisfies the Slater
constraint qualification conditions, therefore the primal variables
Y5 (,u,(“)) ’s and the dual variable u(") converge to their optimal values
as k — oo and at convergence there is zero-duality gap [13].

To solve the problem (34) including the constraints on individual
v;°s, we adopt the following iterative procedure.

i Assume 'y( ) —
Zje T v < 'Yt( )

ii: Solve the optimization problem as outlined in (36)—(41) ignoring
the individual constraints.

iii: Construct the index-set £ = { je Tl > 'yr[ﬁLx}, and for all

jeLsety; = Wr[fle

(41)

D) { 0 4 50 ( S (u

jeT

= 1 such that the sum-constraint can be written as

. . t—1 j

iv: Recalculate the sum-constraint as 'yt[ d - 'yt[ I_ Zj cr 'y,[rJ,Lx,
where ¢ is an iteration-index.

v: Recalculate vy, for all r € R, where RM = R\ 7 with

RO = 7, as in step ii with the sum-constraint ZTGR T <
%[L]. Note that R\ £ means all elements of R~ that are
not in L.

vi: Repeat step ii to step v until all constraints are satisfied.

As the given optimization problem is jointly convex over -;’s
and the objective function is a decreasing function of ;’s, thus the
solution given in (36)—(41) with the sum-constraint and the solution
obtained by the preceding iterative procedure incorporating both the
sum- and the individual-constraints are optimal.

From the viewpoint of implementation, the solution to given
optimization problem based on the primal-dual approach as outlined

in this section can be obtained in a distributed fashion with the
assistance of the CHs. Specifically, the FC first broadcasts an initial
price value, that is, the value of y. This value is used by the CHs
to calculate ~y;’s by solving (40). Note that for CH j, the problem
(40) entirely depends on the local information concerning that cluster.
The new +;’s are then sent to the FC so that to update the price /.
This updated value is then broadcasted to the CHs. This procedure
is repeated until ;’s and j converge to their optimal value.

D. Optimization of (3;,;’s

For optimization of 3; ;s, it is sufficient to consider the following
optimization problem for j € J:

2 .
minimize o; subject to i <1 42
minimize o subject to > _ fi; < 1, 42)
zel'j
which is equivalent to
. —aPv;iBiici
minimize WJQBW Z’; 5
Bi,j>0,Vi = abPyy;Bijci 07+ 075+ 03,
subject to > f;; < 1, 43)

=
where we can show that the objective function is a decreasing
function of 3;; and the problem is jointly convex over (3; ;’s. The
optimal solution for f3; ;’s is outlined in the following, which is
obtained by solving the Karush—-Kuhn—Tucker optimality conditions
[14] associated with the problem (43).

Uz' + Uiz,j OéPt’YjCi j ’ .
ﬁi,j = - P} 2 2 : -1 ) Vi e Ij7 (44)
aPyyjcijof; (03, + 03 ;)M
02 402 .
1 55 %%,
ZK,G.AJ o—i i aPJt'yjcK’j
0 = | 43)
1 + ZNE»AJ aPt'\/Jc,{ jo H i
. aPyyjc
Ay ={ieq| 500 sal (46)
! ! (Ugj +Uz‘2,j)771

For P, — o0, the solution for 3; ;’s given in (44)—(46) converges to

-1
05 —|—O’ 02 +o?

lim Bi; = (ST ) Ve, @)
Py—o0 cma c ot
€T, 7L

From the implementation point of view, the CH j determines the
Lagrange multiplier 7; and broadcasts its value to all sensors in the
cluster. After knowing 7;, the sensors in the cluster j can calculate
Bi,;’s by (44).

IV. PERFORMANCE EVALUATION

In this section, we corroborate the performance of the proposed
power scheduling scheme with some simulation examples. For this
purpose, we consider a WSN comprising N. = 16 clusters with
sizes Nj = Nj_1 +4 forall j € J and No = 0. In each cluster,
the sensors are randomly and uniformly distributed as in [9]. The
correlation between the underlying sources of clusters j and k is
modeled as ps;,s, = e~ %5.k/% for all J and k, where dj ; denotes
the CH-to-CH distance between cluster j and k; and 6 > 0 is a
scale parameter that controls how fast the correlation decays with
distance. We assume crfj = 1 for all j. The CH selection criterion
and the values of other system parameters (namely af,j’s, ci,j’s, and
g;’s) are same as in [9].

We compare the distortion performance of the proposed adaptive
power allocation (APA) design with a uniform power allocation
(UPA) scheme. In the UPA scheme we have @ = a, = 0.5,

§ =& =1/Ne, 75 = yu = 1/Ne, and B ; = Bu; = 1/(N; — 1)
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6 = 5el, (Case-2) 6 = 5e2, (Case-3) 0 = 5e3, and (Case-4) 6 = 5e4.

for all ¢+ € Z; and j € J. We also compare the performance of
the proposed power scheduling scheme with the the scheme given
in [9]. The results are averaged over 10° random deployment of the
sensors in each cluster. Here in all simulations, we assume ag = 0
and v2l. =1 for all j in J.

Fig. 2 plots and compares the estimation distortion of the APA and
UPA schemes as a function of P; for different level of correlation
between the underlying sources. The correlation increases with in-
creasing value of @. The figure shows that the distortion performance
of the proposed APA scheme is considerably better than that of
the UPA scheme and difference in performance of the two schemes
increases as the level of correlation increases. Moreover, we can see
that the performance of the APA scheme monotonically converges
to the UPA scheme as P; increases, which is typical of the power-
constrained estimation schemes.

Next we compare the distortion achieved by the APA scheme
proposed in this paper, which is based on an approximation of the
distortion function by an upper bound, with the APA scheme we
proposed in [9], which is based on the exact distortion function; here,
the two schemes are denoted as CAS and CES, respectively. The
results are plotted in Fig. 3 for different level of correlation between
the sources. The figure shows that the CAS achieves distortion
which is quite close to that achieved by the CES for a wide
range of network transmit power and the correlation values. This
observation illustrates the effectiveness of the APA scheme based
on the distortion approximation vis-a-vis the scheme based on exact
distortion function.

V. CONCLUDING REMARKS

In this work we derived an adaptive power scheduling strategy
for distributed estimation of underlying correlated sources in cluster-
based hierarchical WSNs. The proposed power scheduling scheme is
based on the optimization problem where we target to minimize the
estimation distortion subject to constraints on transmit power of the
clusters as well as the network as a whole. Due to the correlation of
the sources, the solution based on exact distortion function requires
centralized scheduler. To this end, based on an upper-bound on the
estimation distortion, we proposed an alternative solution, which
bears favorable characteristics for distributed implementation and
gives distortion performance that matches quite closely with the
solution that relies on the exact formulation of estimation distortion.

Estimation distortion [tr (Re)/Nc]

0 5 10 15 20 25 30 35 40
Network transmit power [10 log;q(F;)]

Fig. 3. Estimation Distortion comparison for correlated sources: (Case-1)
6 = 5el, (Case-2) 6 = 5e2, (Case-3) 8 = 5e3, and (Case-4) 6 = 5e4.

We also showed that compared to a uniform power allocation scheme,
the proposed adaptive power allocation design gives better distortion

performance.
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