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Abstract—We consider the optimal power scheduling problem network lifespan [4]. A main objective of current sensor
for the decentralized estimation of a noise-corrupted deter- network research is to design energy-ef cient devices and
ministic signal in an inhomogeneous sensor network. Sensor algorithms to support all aspects of network operations Th

observations are rst quantized into discrete messages, then . . . .
transmitted to a fusion center where a nal estimate is generated AMPs project [5] at MIT and the PicoRadio project [6] at

Supposing that the sensors use a universal decentralized quant Berkeley focus on energy-constrained radios and their anpa
zation/estimation scheme and an uncoded Quadrature Amplitude on ultra-low power sensor nodes and networking. Various
Modulated (QAM) transmission strategy, we determine the op- energy-ef cient algorithms have been proposed for network
timal quantization and transmit power levels at local sensors so coverage [7], data gathering [8], and protocols of medium

as to minimize the total transmit power, while ensuring a given .
Mean Squared Error (MSE) performance. The proposed power access control [9] and routing [10] (see also the survey pape

scheduling scheme suggests that the sensors with bad channel§l] and the rEferen?eS therein). These reference$ _fOCUS on
or poor observation qualities should decrease their quantization collaborative strategies and cross-layer designs foribliged
resolutions or simply become inactive in order to save power. data collection, processing and communication in an erergy
For the remaining active sensors, their optimal quantization ef cient manner

and transmit power levels are determined jointly by individual A WSN hitect ists of a fusi t
channel path losses, local observation noise variance, and the COmon arcnitéciure consists ol a fusion center

targeted MSE performance. Numerical examples show that in @1d a number of geographically distributed sensors. Such

inhomogeneous sensing environment, signi cant energy savings network architecture can be used to accomplish a joint signa
is possible when compared to the uniform quantization strategy. processing task such as decentralized estimation andidetec

In this paper, we consider decentralized estimation of an

Index Terms— Power scheduling, inhomogeneous quantization, unknown by a set of distributed sensor nodes and a fusion

distributed estimation, sensor networks. center. The sensors collect real-valued data, perform a loc
data compression and send the resulting discrete messages t
|. INTRODUCTION the fusion center, while the latter combines the received-me

Recent technological advances in Wireless Sensor Netwo
(WSN) have led to the emergence of small, inexpensive, aE
low-power sensor devices with limited on-board processi
and communication capabilities. When suitably programm
and deployed in large scale, such networked sensors can cdﬁ
erate to accomplish various high-level tasks. Sensor mesvo!
of this type are well-suited for situation awareness apgibns
such as environmental monitoring (air, water, and soil)agm
factory instrumentation, military surveillance, preoisiagri-
culture, intelligent transportation and space exploratjd],
[2], [3], to name a few.

Since sensors have only small-size batteries whose

es to produce a nal estimate of the observed signal [11].
ﬁ%‘i problem of decentralized estimation has been extdgsive
udied, rst in the context of distributed control [12], &n
er in tracking [13] and data fusion [14]; see [15] for a

re complete reference list. Most of these work assume that
e joint distribution of sensor observations is known ameat t
real-valued messages can be sent from sensors to the fusion
center without distortion. These assumptions are unteaia
practical sensor networks since the wireless links betviieen
sensors and the fusion center invariably suffer from advers
channel effects such as attenuation and fading. Moredver, t
Fg_aracterization of probability distributions of sensbserva-

placement can be costly if not impossible, sensor netwoﬁ’ﬁ’nS can be dif cult for a large scale sensor network opegt

operations must be energy efcient in order to maximizlﬂ anme—vgrymg enwronment. In an effort to remove some of
these restrictive assumptions, several recent work [11H], [
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assumes that the wireless channels between sensors and tleippose sensors and the fusion center wish to jointly

fusion center are ideal, and all messages are received by ¢ésémate based on the sensor observatidngg. We will

fusion center without any distortion. use MSE to measure the quality of an estimator. If the fusion
In this paper, we model the wireless links between sensaanter has the knowledge of sensor noise variances and the

and the fusion center as Additive White Gaussian Noisensors can send the observatidng : k = 1;2:::;;Kg to

(AWGN) channels under suitable channel path loss. We addbpé fusion center without distortion, then the fusion cetn

a universal decentralized quantization/estimation sehamd simply perform the linear combination of sensor observeio

an uncoded Quadrature Amplitude Modulated (QAM) trange recover . This is the concept of the centralized BLUE [21]:

mission strategy for each sensor node. We derive an upper

bound on the MSE distortion of the universal DESs, and = Tk (XXg X ) = x 1 x Xk @)
the target MSE performance is then ensured by imposing ey - 2 - 2

the deduced upper bound to be within the desired distortign . . . .
level. To minimize the total energy consumption under sudh simple calculation shows that this estimator has an MSE of

a proposed distortion constraint, we optimally choose the X 1! 1
number of quantization levels and transmit power for all Deve = E j« j2 = — : 3)
sensors by taking into account both their local SNRs and k=1 K
individual channel path losses. Our approach is based on

combining the recently proposed universal DESs [11], [16], .

[17], [15] with the energy models for the coded and uncoded (lel — MLy T

M -QAM transmissions [18], [19], [20] so as to minimize e L9 ] P

the total sensor transmission power. We formulate this powe

scheduling problem as a convex program and derive its optima N2 T oL
solution analytically. The analytical form of the optimadvper H@L X2 @ ma{x2i L2) <
scheduling scheme suggests that the sensors with bad d$|a

or poor observation qualities should decrease their qeenti

tion resolutions or simply become inactive in order to save <
energy. For the active sensors, their quantization andrnén ne *
power levels are determined jointly by individual channel H(L Xk — mK(XK:LK)T

path losses, local observation noise variance, and thetéatg L

MSE performance. Computer simulations show that for %—rlb 1. A decentralized estimation scheme by a WSN with a fusemes.
inhomogeneous sensing environment our power scheduling
scheme can save substantial amount of sensor energy abhe above scheme is only applicable in a centralized esti-
compared to the simple uniform power scheduling strategpation situation where observatiorg's are either centrally
thus dramatically increasing the sensor network lifespan. located, or can be transmitted to a central location without
Our paper is organized as follows. Section Il describes théstortion. Neither of these requirements is realistic W&N
power scheduling problem based on a universal DES and thikere the data are spatially distributed and the commuioitat
QAM transmission strategy. In Section lll, we optimize théinks between the fusion center and sensor nodes are power
number of quantization bits and the local transmit poweellevconstrained and subject to the usual pathloss. As a reselt, w
for local sensors based on their local SNRs and channel patipose the following decentralized estimation scheme (se
losses. Section IV shows some numerical results illusigati Figure 1). First, each sensor performs a local quantization
the energy savings when compared to the uniform powef xx and generates a discrete messaygXk;Lk) of Li
scheduling scheme, and Section V gives some concludibigs, where the quantizeQx : xx 7! my(xx;Lk) is to be
remarks. designed. Each discrete message is then transmitted to the
fusion center through a separate AWGN channel with a known
Il. DECENTRALIZED ESTIMATION IN WSNs pathloss coef cient, and the fusion center generates the n
) .y ) estimate based on the received signals. The independent
Consider a set ok distributed sensors, each making obselyyGN channels between sensors and the fusion center can
vations on a determ|n!st|c source signal The opservatlons be realized by any of the well-known multi-access techrsque
are corrupted by additive noises and are described by such as TDMA, FDMA or CDMA.
Xe = o+ k=1:200K: @ The_ mgin purpose of this paper is to _inv:_astigate adaptive
guantization of sensor observations and its impact on gnerg
We assume noisebny : k = 1;2;::;;Kg are zero mean, saving. More speci cally, we will adopt certain speci ¢ goa
spatially uncorrelated with variance?, but otherwise un- tization and transmission strategies for each sensor, ecidel
known. By a suitable linear scaling, the above data modgle optimal message lengthg and its corresponding transmit
(1) is equivalent to the one where sensors obserwgith power levels. Due to the lack of noise pdf knowledge, we
different attenuation, namely, = hx + ng. Indeed, if we let take Qx : xx 7! mg(Xk;Lk) to be a uniform randomized
xP(t) = xx=hx andnf = ny=hy, thenx? = + n? which is quantizer [15]. This quantization scheme works univeysait
identical to (1) with equivalent noise variance%2 = 2=h2. all noise pdf, and it generates unbiased message functions.
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addition, we adopt uncoded QAM transmission [19], [20jvhere the expectation is taken with respect to both the senso
of the quantized bits. The estimator at the fusion center isohservation noise and quantization noise.
generalized version of the BLUE estimator (2) which weighs Now suppose the bit budget for sendoris Ly for 1
the message functions linearly with weights decided by bokh K. With the strategy described above, we design local
the observation noise and the quantization noise. We wiitidependent quantizer®x : Xk 7! mg(xx;Lk), where
optimally choose quantization and transmit power levels aty(Xx;Lk) is a discrete message bf; bits. According to
local sensors so as to minimize the total transmit powerlevhi{4), my can be represented as
ensuring a targeted MSE performance.

Mk(Xk;Lk) =+ N+ v (5)
where the quantization noisg = vk(Xk;Lk) across sensors
are independent because quantizations are performedylocal

Suppose[ W, W] is the signal range that sensors Cagt each sensor without coordination. By Lemma 1, we have
observe, thatisx = +n2[ W;W], whereW is a known E(my) = and

parameter decided by the sensors' dynamic range, aisl

the unknown signal to be estimated. The noisédas zero Var(my) w2 + 2

A. Probabilistic Quantization of a Bounded Random Variab

= 2+ (6)

mean and variance?, but is otherwise unknown. Suppose (-« 1)

we want to quantize into L bits regardless of the probability yhere

distribution ofx. This can be achieved by uniformly dividing 5 w2

[ W;W] into intervals of length = 2%, and rounding kK™ (20 1)2

X to the neighboring endpoints of these small intervals in
probabilistic manner (see Figure 2). More speci cally, gape

i x< (i+1) where 28 * i 2% 1 thenxis
guantized tam(x; L) according to

denotes an upper bound of the quantization noise variance.
These message functions are then transmitted to the fusion
center where they are combined to generate a nal estimate

of
Pfm(x;L)=1i g=1
Pfm(x;L)=(i+1) g=r; B. Fusion Function: Quasi-BLUE
. i . . Our goal is to construct a linear estimator of from
X 1 . .
with 2 [0;1]: Notice thatr is chosen so that thefml;mg; i1, mg g such that the MSE is minimized. Recall
from the property of BLUE (2) that the optimal weight wiy
S is proportional to Vafmy) *. Therefore, according to (6) we
| LTy | | | ;o tional to Vagmy) . Theref ding to (6)
w i x (i+1) w w can set the weight fomy as1=( 2+ 2), giving rise to the

following estimator
Fig. 2. A probabilistic uniform guantization scheme.

kK= k(mymziiimy)
quantizationm(x; L) is unbiased, namely,g{x) = x, where NS 1 B m
Eqo denotes expectation taken with respect to the probabilisti = — 5 K 5 )
guantization noise. It is easy to see thaassumeg" discrete ka1 koK =1 kT ok

valuesfi : i= (21 1);:::; 1,001,281 1g . - . . . .
) . o .__Notice that ¢ is an unbiased estimator ofsince everymy
which can be represented In bits. The quantization noise. . L .
R ] ! . is an unbiased quantization gf. Moreover, it has an MSE
v(x;L) = m(x;L) x can be viewed as a Bernoulli random

variable taking values at and(r 1) ,i.e, D EZj*K j2
Pfv(x; L) 1 0 b 122
v(x;L)=r g= r, X X
- _ = ej@ 1 M A {
Pfv(x;L)=(r 1) g=r 24 2 24 2
k=1 k= Kk k=1 k= k
In terms of the quantization noisgx;L), m(x;L) can be [ _
written as X 1 X Ejme 2
= 245 2 24 2)2
mx;L)= +n+ v(xL); 4) =1 kK ! G v
wheren and v(x;L) are independent. Next lemma, whose 5 1 5 :
proof can be found in [15], shows that this message function =1 kT ok
is an unbiased .elstlmatg—rs pfwnh a variance approaching? where the third step follows from the fact tha, = N+ v
at an exponential rate ds increases. andm; = nj +v; (see (5)) are uncorrelated fp6 k, and

Lemma 1:Let m(x;L) be anL-bit quantization ofx 2 E(my) =
[ W;W] as de ned above. Them is an unbiased estimator
of and

for all k as shown in Lemma 1, while the nal
inequality results from the application @) to each term in
the sum.
W2 So far we have assumed that the sensor mes S:
2 + 2 forall L 1 sage

Ejmi;L) | (2t 1) k=1;2;:::;Kqg are perfectly received by the fusion center.
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When eachmy is transmitted to the fusion center through #Minimizing the total power consumption implies minimizing

non-perfect channel with nite power, bit error occurs, ai the L1-norm of P, while minimizing the maximum of the

further impacts on the estimation accuracy at the fusiotezen individual power values implies minimizing the! -norm of

We will model each sensor's channel to the fusion centé. In our work we make a design compramise by choosing
i i i inimi 2 . — K

as a memoryless binary symmetric channel, the following minimize thel 2-norm of P - kPk, = K, P2 In

lemma (whose proof is given in Appendix A) analyzes thg,is way, we can penalize the large terms in the power vector

contribution of Bit Error Rate (BER) to the MSE performanceyhjje still keeping the total power consumption reasonably
Lemma 2 (MSE due to BERBuppose the probability of |5 The L2-norm also allows an easier analytical treatment

bit error achieved by senséris ps, andmy is the decoded o e power scheduling problem, and helps us to obtain a
version of my at the receiver. LetD? denote the MSE closed form solution.

achieved by the estimatg¥) based on the received messages \with the goal of minimizing theL 2-norm of the sensor

S0 K :
fm®;md; i mp g If fprbg satisfy (for somepo > 0) power vector, we obtain the following formulation of the

W Kpk power scheduling problem

Po W ﬁ; for all k; (8) )

k 3 min  kPky (11)

then Loy s.t. D° Dg
D® (1+ po)? . 1 . where D% and D are the achieved and target MSE perfor-
2+ 2 ' mance respectively.

Lemma 2 shows that the aéﬁ}al achieved MSE is at most aAssume that the constants,g (cf. (10)) andBs are the
constant factor away from what is achievable with perfesime for all nodes, and that the same target BER is chosen for
sensor channels, provided that each sensor's BER is boundédsensors. To ensure thBt® Dy, we use the upper bound
above (8). of D%deduced in Lemma 2. In addition, applyi(@), we can

reformulate the problem (11) as
[1l. POWER SCHEDULING

We assume that the channel between each sensor and the .., X 2 ok 12
fusion center is corrupted with additive white Gaussiarseoi L2z
whose double-sided power spectrum density is giveM py2. Y
In addition, the channel between senk@nd the fusion center s.t. D% (1+ po)?
experiences a pathloss proportionalaip= d, , wheredy is
the transmission distance andis the passloss exponent. We
further assume that sensors follow a time division multiple 2= m:
access scheme to send data to the fusion center. If sensor i o
k sendsLy bits with quadrature amplitude modulation with Le 0 k=1, K
constellation size-« at a bit error probabilityp‘g, then the where 2 is the quantization noise varianc®V is the range
total amount of required transmission energy [19], [20] ifor the sensed signal,y is an integer signifying the number

7. 2
k=1 kT ok

2
w k=1; K

given by of quantized bits per sample at sendor To facilitate the
E. = cae In ik ol 1 9) subsequent analysis, we will relax the integer conditign2
Py Z to Lk 2 R. However, even with this relaxation, the above
with problem remains nonconvex . Fortunately, we show next
_ ) that the problem (12) can be reformulated as a convex one by
G = 2NiNoGa; (10) performing a change of variables.
whereN; is the receiver noise gurelNg is the single-sided Let us denery = 1=( 2+ 2); k=1; ;K. We see
thermal noise spectral density, a®} is a system constantthatLy and 2 can both be replaced by functions gf as
de ned in the same way as in [19], [20]. 1
In addition, we suppose that sendor rst samples the 5 = e E;

observed signal at rat®s, and then quantizes each sample to 2 2 2
. .. . . L 2 _ w _ W _ W erg .
Lk bits. The transmission symbol rate is equal to the sampling (-« 1 = — =4 5 = 5
rate Bs, and we take the QAM constellation size to Ple k ook 1ok
in order to minimize the delay. Neglecting circuit powere thTherefore, the problem (12) can be transformed into a proble
average transmit power consumption of néds Px = BsEx.  with variablesr = (ry;r»;:::rx ) shown as follows
Our primary goal is to minimize the total power consumption

while meeting a target overall MSE performance. A secondary min X a2 W?2ry
goal is to maintain fairness in the power scheduling among re2R ko1 K1y 2
sensors. For any 1, the L%norm of the power vector ¥
P =(Py;P,;:::;Pk) is de ned as ot e 1 13)

L D§

© 1=q k=1

kPkq = pJ L
q k 0 rk < 72, k - l, ,K
k=1 k
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whereDJ = Do=(1+ po)2. The upper limit orry is given by By de nition, we have

the fact thar, =1=( 2+ 2Z)and 2 0. Itis easy to check 1
that the optimization problem (13) is convex with respect to Ne = >
the new variables = (rq;rp;:::rg) 2 4 w

=l r2,..:rg ). k w

Though the convex problem (13) is ef ciently solvable by
numerical methods, we show below that it can actually Behus (19) implies that the optimal value bf is
solved analytically. In particular, we can write the Lagyam 0 v 1

. u—,
W2
function G as Lo = log, @1+ H ) 2A ;
G(r; o; )= | 8 [
X ,  W2ry N 1 X . X ; <0 " fork Ki+1
Fam— 0 =9 k klk - W .

k=1 1ok Do o k=1 : log 1+ — a—o 1 fork K; '
which gives the following Karush-Kuhn-Tucker (KKT) condi- “ « (20)
tions [22]:

Wzaﬁ where
—_— =0; k=1;2:::K; (14 !
@ e E)z 0 lk (14) pi0 X1 1 1, a
0 g i = 0; W k=1 Kk DO k=1 K
_ DJ . .
k=1 The transmission power for nodeis given as
X L (15) T
% - (0 15 2 W
k=1 Dg Pk = &«Bs In— & o1
Po k ax
o G
klk =0; k=1;2:::K; (16) Notice thatwhena—0 1, orag 0, we haveL =0, and
k0 k=1;2;:::K; thereforeP, = 0. Sinkceak is the channel loss factor (inverse
0 rg< 1. K=1:2 K- of the channel gain), this implies that when the channeliyual
K E T for sensoik is worse than the threshol@, we should discard

its observation in order to save energy. In the simulations,
we can see that in some cases, a large number of sensors
violates the cop,ditiorQlS). Thus, we must haveo > 0, which vv_ith bad chann.el gualities or poor observations shut ofé (se
further implies E—l r = 616. Flgurg 3 and Flgur_e 4), T_hg message length formulé2D)

We proceed to solve theabove KKT system. Without |Oé§h|ntumvely appegllng as it mdma@es that the messagetie
of generality, we assume that  a, ::: ax,and de ne should be propor'tlonal 'to th logarithm of Iopgl SNR scalgd b
Iy channel path gain. This is in the same spirit as the message

ay X 1 length formula when the channel is distortionless; see.[17]

We notice that, if o = 0, then (14) would implyuyx > 0 for
all k; Combining this with(16) showsry, = 0 for all k, which

f(M)= ay

— 2 Do ; For example, if the channel quality is very poor (indicatgd b
k=1 K k=1 K 0 ax > o), the message length formula (20) may still assign
forl M K- (17) Lk =0, even if the sensor has good quality observation (i.e.,
Let K, be such that small 2). This again conforms with intuition.
To implement the described power scheduling scheme, the
f(Ki)<1 and f(Ki+1) L (18)  central node(fusion center needs to broadcast the threshold

f(M) < 1foralll M K, in which case we take Local sensors then decide the quantization message lepgth

K1 = K. Simple manipulations of the KKT system lead to according to its own local informatiof x anday) and ¢ (c.f.
0 1, (20)). In particular, sensors withy o should be inactive.

i IV. NUMERICAL RESULTS

X1 1 ' According to (18), the number of active sensiirsdepends
5 on the target MSED , the distribution of channel path losses
as well as sensor noise variances. This dependence will be il
and lustrated by numerical results in this section. In all siatialns,
1 w " the total number of sensoks = 1000. We generate sensor
redt = = 1 % cok=1:2000K: (19) noise variances? according to the distributiof:1+a? 2(1),
k 0 where 2(1) is the Chi-square distribution of degrée Also,
where(x)* equalsO whenx < 0, and otherwise is equal tothe channel path loss coef cient = d, are generated by
X. a uniformly distributeddy 2 [1;10] (the distance between
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sensok and the fusion center), and some passloss exponenbf channel path losses is plotted by keeping distribution of
With different choices ol and , we can generaté Z;k = local sensor noise variances xed choosiag= 1, and the
target MSEDg = 2Dgye WhereDgye is the MSE of
the centralized BLUE de ned in (3). Similar curve can be
obtained if we plot the percentage of active sensors velsus t
p— normalized deviation of sensor noise variances by keefiag t
M; targetDo and channel path losses xed.

E(R) SinceLy can only take integer values, the original problem
which will be used as a measure of the absolute heterogendit@) is actually a non-convex integer programming problem.
of R. The purpose of our simulations is to observe how th&e have relaxed ¢ to take real values to make the problem
percentage of active sensors, and amount of energy saving \epnvex. Therefore, the optimal power consumption obtained
over the heterogeneity of sensor noise variances or chanpgl allowing Ly to take on real values is a lower bound

sensing environments.
For a positive random variablR, we de ne

normalized deviation oR =

path losses. (denoted a® ) of the actual power consumption. If we round
the L™ up to the closest integery™ that is larger thar. ;™
100 == : we can obtain an upper bound (denotedPag of the actual
‘s power consumption.
o 90r C
o A
(=) 1
) . T T T T T
& 8oy \ 0f -m- Compared to uniform quantization f
g " -¢- Compared to uniform power allocation ,
S 70¢ . L g0t . ool 4
8 . £ 4
60
s Rl g sof A |
S sof u g -
9 -N < 401 ,X B
QC_, .‘l. (o)) e
o 40 "a_ < .l - |
&) et .'I-. % /’f
3ot oa 2 o
..'I-ll.ﬂ 3 20¢ e J
20 i i i i i [J] s
0.5 1 15 2 25 5 ol e . |
Target MSE x10° f'/ -
Fig. 3. Number of active sensors decreases as the target MB&ages. %02 03 0.4 0.5 0.6 0.7
Normalized deviation of sensor noise variances
Fig. 5. Percentage of energy saving increases when senisar variances
00— become more heterogeneous.
o 9o B
o “
2 sor \ : : — — :
g 4 70/{ =@~ Compared to uniform quantization - J
o 70l Y =4~ Compared to uniform power scheduling | g
= A ) T
5 2 60 A ]
g ol b g .-
= . b I g
] .
° SR © 50- a’ .
& 50 o, L L
% ‘o £ 40f '¢' .
40t N -
o a g ," i 4 4
& “B.g S 301 e e 4 |
30+ "ﬂ.nn- g ", - »°
nﬂ“‘ Bg s 20+ ;‘ nt ¢ E
2 01 02 03 04 05 06 2 ot Pt
Normalized deviation of channel path losses Yo, SR )
Fig. 4. Number of active sensors decreases as the channdbpséls become 0; 02 03 04 05 06 0.7

more heterogeneous. Normalized deviation of channel pass losses

According to (17), when targeDo increases or when Fig. 6. Percentage of energy saving increases when chaatiellpsses
channel path losses become more diverse, more sensors fiPme more heterogeneous.
become inactive. Such inactive sensors neither perform-qua _ oot _
tization nor transmit any messages to the fusion center inHowever, even the approximate 50"_Jt'h'ﬁ can achieve
order to conserve energy. Fig. 3 plots the percentage ofeactfigni cant energy saving compared with the following two
sensors versus some target M$k Daue When the Strategies:
distribution of channel path losses and sensor noise vaian  Uniform quantizationeach sensor quantizes the observa-
are kept xed by choosing = 3:5, a = 1. In Fig. 4, the tion into the minimal same number of bits to achieve the
percentage of active sensors versus the normalized dmviati  target MSE distortiorD;
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Uniform power schedulingeach sensor schedules theéhe vector of unknown parametens; is the vector of sensor
minimal identical amount of power to achieve the targeibservations. Our initial investigation shows the coroesb
MSE distortionDy. ing energy minimization problem becomes nonconvex, which
Notice that the uniform power scheduling can also baakes the optimal power scheduling dif cult to compute. We
obtained by solving (11) with objective function replaced balso plan to explore tighter universal source coding bounds
JiPji1 = maxfPgg. and other energy-ef cient coded transmission schemes for
The comparison is shown in Fig. 5 and Fig. 6. In Fig. 5, wdecentralized estimation in wireless sensor networkss It i
suppose there is no fading and all channel path logsagg likely that joint source and channel coding approaches can
take the same valuk and observe how the percentage of erachieve higher energy ef ciency than the strategy consider
ergy savings varies over the standard deviation of obdervatin this paper. Moreover, designing a completely distridute
noise varianceé Zg. In such a case, the uniform quantizatiomlgorithms for optimal power scheduling which does not
strategy coincides with the uniform power scheduling sgrat require local sensor informatici( ;ax): k=1;2;:::;Kg
due to the same path losses. In Fig. 6,falfg take the same at the fusion center is also part of our future work.
value 0:1 as the normalized deviation éfy g increases. We
conclude that when compared to either uniform power schedul
ing or uniform quantization scheme, the amount of energy APPENDIX
savings of our proposed strategy becomes more signi cant
when either the local noise variances or channel path 10S$€Sprgof of Lemma 2
become more heterogeneous.
The quantized messagex hasLy bits and can be written

V. CONCLUDING REMARKS as
In this paper we have derived a power scheduling strat- Xk !
egy for decentralized estimation in wireless sensor neksyor my = potx I otk 1 K.
whereby sensor nodes are assumed to adopt a uniform ran- i=1

domized quantization scheme as well as an uncoded QAM

transmission scheme. Our design minimizes the total ener W . - .
consumption subject to the consq[raint that the worst distor \%ere k= 2L 17 by is the rstmost signi cant bit (MSB)
is within a given level. We show that the optimal quantizatio® Mk, andb; is the second MSB, etc.

level and transmission power for each sensor can be deterSuppose the BER of sensbiis p§, andmg are the decoded
mined jointly in terms of the channel path losses and tiersion ofmy at the fusion center. Let? = 2=4, then the
local observation noise levels. When the channel quality @stimator based on the received messdgeg m9;:::;mg g
below a (computable) threshold, the corresponding sensor Vs

be completely shut off to save energy. In contrast, when the

channel quality is good and the observation noise is low, the o= pmimdiiml)
corresponding sensor will be active: it will rst quantizes i X 1 ! Ly 0
observation to a speci ¢ (computable) number of bits andhthe = s ka 5
transmit them to the fusion center using an appropriate amou ka1 koK a1 koK

of transmission power. Numerical examples show that in an
inhomogeneous sensing environment, our design can achifMgice that we may haviey = 0 for somek. In this case, 2 =
a signi cant amount of energy saving when compared to th% =+ 1 , indicating that the corresponding weight of
uniform quantization strategy in which each sensor geasra ; -

q rategy : 9eB8Iak, ch message is,2— = 0. Therefore, such sensors do not
the same number of bits regardless of its channel quality.

k k
. X o . rtici h imation in order ve ener nd will
To obtain the desired quantization and transmit powermveﬁa ticipate t € e;t gto order to save energy, and
. k . ave no contribution in the nal MSE.
we have assumed in this paper that the fusion center knows

We now analyze the MSE 07,2 by taking into account the

f( 2;a) : k =1;2;:::;Kg. This assumption is reasonable . 4 by the ch | i the bi
in cases where the network condition and the signal bei@(ﬁ error caused by the channel. To transmi, the binary

estimated change slowly in a quasi-static manner. Thus o ,
9 y g % OT the fusion center ared; );:::; b g. Let A denote the

f( 2;a) : k = 1;2:::;Kg are acquired by the fusion ) ) S
cenkter, they can be used for a reasonably long period ent that the rst b|t_dec\oded incorrectly s, i.e., b’ 6 b,
time. Also, our approach can be generalized to the estinnati%Ut qo =hioralll i 1, andB denote the event that
of a memoryless discrete-time random procef3. Due to all bits are decoded correctly. Then for ahy Lk, we
the temporal memoryless property of the source and senQS‘Ve
observations, we can impose sample-by-sample estimation
without signi cant estimation performance loss, but obtai P(A*) ;i P =b ;0’6 by
important features such as easy implementation and nogodin = 1 pf 1 plg; (1)
and estimation delay. P(B) lff - b? -

For future work, we wish to extend the current work to the ko1 LY <9
vector signal modelxy = Hyx + ng, for all k, where is = 1 pj

1
3
5
I
=

[
3
5
I
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When the evenA- happens, it holds that whenLy = 0 because the corresponding terms vanish in both
estimators:
X o K .
ime mljo= k2 T e Ew ki
i=1 i=1 0 1
¥« Jh ho] 2|_k i 0 % . 1 1 v . mEgZ
. = E%@ 2+ 7 A 24 2
= . k=1L, 1 K Kk k=1L, 1 Kk Kk
‘ ol i —oli X o i 0 1,
= ‘ ‘ i=0 @ X 1 A X KE jme  mij?
L ‘41 2 + 2 ( 2 + 2)2
2=« K (22) 0k=1;Lk 1 kK k=1L, 1 k™ ok
2 +,
where the second and the third steps follow fridmn  Kj = 0 X 1 Xk 22”; Ph 2
forl i ° 1landjn Hj 1for' i L. Thus, we @ 2 (s 27
can obtain from (21) and (22) that o bk ! ko Kk g et koK
2 2
. 0; : Xk . 0: : @ >{( l A ){( K?ZZLK+2 plé(zf':/v*l)z
E(me mgjjmy) = P(AE(Imc mejjAY) = 24 2 (2+ 2)2
o1 k=1L, 1 K k k=1:Ly 1 k k
X« 0 ¥ 2 X 64K k\\/2
_— i
S 3 @ 1 A 3 PW
_— k=1L, 1 K k k=l:Ly, 1% K k
k 1 k
= 2h« p'é K pr In the above derivation, we have used (23) in step 3. A factor
=1 of K is introduced in step 2 since error temmy mE does
< gk 1 ’ not have zero mean in general.
°1 % Choosepp > 0 such that for an,
< 2bk+l pk K 64K
’ 3 PWE Bkt & (25)
Similarly, we have
then
; 0i2 X ; 0;2 0 1
E jme mgj® me = P(AY)E jme myj© A o -, a X 1
=1 E jk K po@ 2+ zA
X - i k=1iLy 0 Kk = K
1ops e T x o,
_— o 1
= ot pn P o
=1 4 Let D be the MSE offﬁ . Then we can combine the above
2Ly K 2 bound with (24) to obtain
< 27Fpy 1 pf K S P - -
2242 pf ‘ D° = Ejx ®* =Ejx «k+*+ «k [
< = i =0 = i 2
3 Elkw «I”" *Ejk ]
Since the above bounds are independemhpf we obtain the r o — _ .
following estimates for the unconditioned means: +2 Ejx k2 Ejxk 2
EGme md) < 2b«pk (P3+2po+1)D;
2Lk +2 K
Ejme md2 < 27y 2. (23) Where the third term in the second line does not vanish
3 because E( ¢ k) K ) 6 0 due to the possible
Let D be the MSE of the centralized BLUE (de ned in pias caused by BER. We bound this term byjé G
(7): | Ej«k j? using the Cauchy-Schwartz inequality. Accord-
B NS 1 1 ing to (25), the constanpy can be chosen as
D=Ejk = . : (24) r -
k=1 k= Kk P = max 8W  Kpg.
T KKk 3

Now we calculate the part of MSE due to the cﬂ)annel
distortion. We ignore the terms in the estimatoks and This completes the proof of Lemmam@.
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B. Uniqueness oK ;
Lemma 3:Forf (M) de nedI in (17), i.e.,

a L L
" i kDS
f(M)= = ; forl M K;
X a
2
k=1 k
wherea; ap : ax - Supposd (M) 1for somel
M K, then there exists a uniqu€; such thatf (K;) < 1
andf (Ky+1) 1, wherel K; K.
Proof: It is easy to see that
a; a;
2 po
fm= da0<t
2
1

We nd the smallestk ® K such thatf (K9 1 (the

existence of suck ° follows from the assumption). We claim
K% This can be proved by

that f (M) 1 for any M
showing that iff (M) 1, thenf (M +1) 1. Speci cally,
suppose (M) 1for someK® M K, Ithen we have

M(*’l 1 1
am +1 2 o
D
- k 0
f(M+1) = =
l\y(+l ay
2
k=1 k
X 1 am +1
am —Z2 po T2
_ k=1 Kk 0 M +1
X oa awa
2 2
k=1 K M +1 \
Xoqo1
(am+1  am) 2 po
k=1 K 0
+
X a awa
k=1 K : l%/|+1
| 1 am +1
am —Z pi T2
k=1 Kk 0 M +1
X oa aua
2 2
k=1 K M +1
1
where the last inequality is due to the fact that
a+b .
—— 1, iffa c;a>0;b>0;c> 0g.
c+b
Speci cally, we can makle the following identi cation
¥ 11 a X
azaw 5 oo 5 b= o= &
k=1 Kk DO M +1 k=1 Kk
a
and use the fact thdt(M)= — 1.
Sincef (M) 1 for anyM > K 9 it follows that there is

a uniqueK ; satisfyingf (K1) < 1 andf (K, +1)
Ki= K% 1. The proof is completem

1, and
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