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Abstract nomena such as temperature, pressure, humidity, wind ve-

ocity etc. over a geographical area. Wireless sensor nodes

_Physical phenomena such as temperature, humidity, ar‘dlusually have low power RF transceivers that regularly trans
wind velocity often exhibit both spatial and temporal cerre it sensed data either directly or over multiple hops to the

lation. We consider the problem of tracking the extremum gqion center which supports user queries on gathered data
value of a spatio-temporally correlated field using a wire- samples.

less sensor network. If the extremum is determined at a par-
ticular instant of time, all sensor nodes could transmiirthe A major concern that plagues sensor networks researchers
measurements to the fusion center which, then evaluates thénd users alike is the limited battery life on sensor nodes
extremum. This is not energy-efficient because the spatio-since RF communication and also idle listening have a
temporal correlation of the field is not exploited. We présen significant drain on battery. Since sensors can rarely be
an optimal centralized algorithm that utilizes the aforame recharged once deployed in a remote environment, extending
tioned correlation to not only minimize the number of trans- battery life is of paramountimportance. Therefore, it is-pr
mitting sensors but also ensure low tracking error with re- dent to develop energy efficient mechanisms for using these
spect to the actual extremum. We use recent order statis-Sensors and thus increase the lifetime of the sensor network
tics bounds in the formulation of the cost function. Since In this paper we consider the problem of accurately monitor-
the centralized algorithm has high time complexity, we pro- ing a spatio-temporally correlated physical phenomenon in
pose a suboptimal distributed algorithm based on a similar an energy-efficient manner. We assume that there are a finite
cost function. Our simulations indicate that a small fracti  number of static sensor nodes that can sense the phenomenon
of sensors is often sufficient to track the extremum. Sim- at their locations — we refer to this discretized sampling of
ulations indicate that the centralized algorithm can aehie ~continuous phenomenon assansor field Specifically, we
about 70% energy savings with almost perfect tracking. Fur- are interested in tracking thmaximumvalue in the sensor
thermore, the performance of the distributed algorithm is field over time.

comparable to that of the centralized algorithm with up to

25% more energy expenditure. In this paper, we focus on the single hop network scenario

where all sensors and the fusion center are within transmis-
1 Introduction sion range of each other. This is interesting in monitoring
applications that involve sensors spread across a gedgraph

Recent advances in embedded sensing and wireless comeal area such as inside or on the rooftop of a building. Com-
munications and networking technologies has resultedan th mercial sensor networks such as Zigbee that target building
proliferation of low power sensor devices that are capable home or industrial automation often organize nodes into sin
of sharing sensed information with each other over a wire- gle hop “star” topologies [7]. In those scenario, most senso
less medium and thus forming a wireless sensor network. A are not multi-hop routers; instead they listen to the basest
common application of wireless sensor networks is in the tion (called the PAN coordinator) for data and transmission
domain of environmental monitoring; in particular, thegar schedule information, and transmit sensed data to the.latte
useful for sensing and tracking variations in physical phe- Typically, the coordinator node (in our case, the fusiorn-cen
ter) has much greater energy reserves than the sensor nodes.
Applications that require sensors to be spread acrossa larg
geographical area and require multi-hopping are not a focus
of this paper. Extremum tracking in multi-hop sensor net-
works is a topic of active research for us.
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spatio-temporal correlations in the sensed data, we shatw th sumed to be independent, and the algorithm terminates after

it is possible to exploit such correlations intelligentbr the it has computed the maximum value. On the other hand, our
purpose of saving energy while still accurately tracking th proposed approach exploits the spatio-temporal coroelati
maximum value. in the sensor field and continuously tracks the extremum.
1.1 Main Contributions Many researchers have investigated exploiting spatial cor

relation for wireless sensor network applications [13,.10]
We first propose a centralized algorithm that is executed Borrowing terminology of [4], these applications corresdo
at the fusion center. It determinefiichsensor nodes should  to “snapshot aggregation” and do not take into account the
be transmitting their sensed measurements in the next epochtemporal characteristics of the sensed data.
In this algorithm, the fusion center maintains recent misto
of readings from various sensors and attempts to minimize

an objective function that captures both energy consumptio ; X
and the expected value déviation from maximupif only less sensor networks [1]. But they consider the spatial and

a subset of nodes were transmitting. Minimization of this temporal'correlati.on independeljtly and not together. IVIo_re
objective function yields low tracking error even if only a overbthelr zr}aly'f/'lign hOtW Sﬁ’zt'al. and tempt?ral cclJ_rtrati_\atlo
small fraction of sensor nodes transmit their measurements €N P€ usedfor protocol design Is mostly qualitative.

Akyildiz et al. emphasize the importance of spatial and
temporal correlation in designing MAC protocols for wire-

We also propose a distributed algorithm in which the __L1k€ our proposed schemes, Mergen et. al. [9] have also
transceivers of sensor nodes are in either ON or OFF state cOnsidered the case where the sensors communicate directly
When in ON state, they overhear measurements reported by he fusion center. Their analysis shows that the cost of
a subset of other transmitting nodes and then make a deJistening can be a dominant factor in a dense network_. They
cision about whether to transmit their measurements in the 1ave Proposed wake up schemes and have determined the
next epoch or to sleep. In OFF state, the nodes do not sensec2Pacity of such systems from an information theoretic per-
transmit, or receive. Every node independently attempts to spective.
minimize an objective function that is similar to the onedise The rest of the paper is organized as follows. Section 2
in the centralized algorithm. describes the data collection experiments that we conducte

To summarize, the main contributions of this paper are: on our wgather sensor testbed. Th? data that was collected

) _ i exhibits different degrees of correlation for a variety bep

1. We give a novel analytical formulation of the problem nomena. We use these correlation values to drive our sim-
of energy-efficient extremum tracking while exploit- y|ations that are presented later in this paper. In Section 3
ing the inherent spatio-temporal correlation in the sen- e introduce the optimization problem. An optimal central-
sor field. The spatio-temporal correlation structure is jzed algorithm and a distributed algorithm are presented in
computed for the data collected from a weather sensor sections 4 and 5, respectively. Section 6 concludes the pape
testbed in our institution. and presents some directions of future research.

2. In the formulation of the cost function, we use recent ) .
order statistics bounds to compute the expected value of2  Spatio-temporal Correlation in Sensor Data

the maximum of a given number of random variables. . L .
In order to verify our intuition about spatio-temporal cor-

3. We derive an optimal policy for the selection of sensors relation in physical phenomena, we gathered weather data
that should transmit in every epoch while minimizing from a sensor network testbed recently deployed on the
energy consumption as well as tracking error. We use rooftops of various buildings in our institutibn Each node
this policy in a centralized algorithm. consists of an embedded PC, a 802.11a/b/g interface, and

4. We propose a suboptimal distributed algorithm where Various sensors for monitoring weather conditions as veell a
each sensor determines whether to transmit or sleep by@ir pollutants. The sensors can detect weather measurgment
optimizing a local cost function. such as wind speed and direction, temperature, air prgssure

relative humidity, and rainfall.

1.2 Related Work We collected pressure, temperature, humidity, wind speed
Boulis et al. propose a heuristic mechanism for perform- @nd direction data for two sensors in the testbed over agerio
ing energy-efficient aggregation in sensor networks [4JeOn 0f 12 hours. The pressure, temperature and humidity mea-
of the applications of their algorithm is to determine thexma ~ Surements are spaced a minute apart. The wind speed and
imum in a sensor field. Unlike our proposed technique, their direction measurements are spaced 30 seconds apart. The
scheme does not take into account the spatio-temporakcorre W0 sensor nodes are located approximately 85 meters apart.
lations of the phenomenon. These sensors currently transmit the monitored data to the
) ~ fusion center periodically. Since they are connected to AC
Fuhrmann and Widmer address the problem of determin- power outlets, these sensors have abundant energy respurce

ing the maximum (or minimum) in a network with large  and energy efficiency is currently not an issue in the testbed
multicast groups [14, 6]. Their objective is to minimize the

number of transmissions for determining the maximum us-  1The details about the location of the testbed have been sup-
ing multicast feedback. The data measured at nodes is aspressed to meet the double-blind review requirement.
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Figure 1. Variation of pressure, temperature, and humidity at two sensorsover 12 hours

However, in the foreseeable future, some of these nodes may

be operating on battery while monitoring physical phenom-

ena such as maximum temperature or maximum wind ve- X1[n] = @roXa[n— 1] + @r1Xo[n — 1] +€[n|

locity. Therefore, if all sensors transmit their sensedhdiat

would result in unnecessary energy expenditure and would

reduce the lifetime of the sensor network significantly. If where@io and@; are called the space-time partial autocor-
however, the sensors could learn the spatio-temporatstati relation functions.@;p measures the extent of temporal cor-
tics of the sensed data and adapt themselves such that onlyelation whereag;1 measures spatial correlatio§/n] is the
certain sensors transmit, then we can determine and track th measured value at sensat timen. More details about the
extremum values of the underlying fields with high accuracy. STAR model have been presented in Appendix A.

In Figures 1 and 2, we plot all measured data from the  We used techniques in [11] for estimating the parameters
two sensors over the entire time period of 12 hours. We ob- for the spatio-temporal process measured from the testbed.
serve from Figure 1(a) that, to determine the maximum value Specifically for the wind speed data,
of pressure over this period of time, sensor 1 need not have
transmitted at all, and the maximum could have been deter-

mined if only sensor 2 were transmitting. Similarly conside
Figure 2(a) and Figure 2(b); the maximum values could be [ @10 } - [ 0~6305]
determined with sensor 2 transmitting most of the time and P11 0.2568

sensor 1 transmitting at certain times. Therefore, it makes

sense to use the spatio-temporal correlation charadtsrist and for the wind direction data

of the sensor field in order to make decisions about which

sensors should transmit with the objective of saving energy ¢10 0.9535
while not sacrificing accuracy significantly. { Q11 } = [ 0.0260}

Stochastic modeling of weather data is a reasonably ma-
ture discipline. In particular, modelling wind velocity @

great importance in civil engineering from a structuralieng From the above correlation coefficients, we observe that
neering point of view [12, 2]. Itis used to forecast maximum wind speed has both spatial and temporal correlation but
wind speed to determine the worst case wind load for a struc-wind direction is mostly temporally correlated with litgpa-
ture. It is also required in wind energy production systems tja| correlation.
for forecasts of power which are generally derived from fore ) o
casts of speed. Researchers have explored the possibfites 1 he basic tradeoff here that should be exploited is the fol-
modelling wind speed data with a first order Markov chain !owing: if more sensors transmit, the tracking error would
model [12]. Others have proposed techniques for forecast-P€ minimized but the energy consumption would be high.
ing wind speed, based on cross correlation at neighboring©On the contrary if too few sensors transmit, the energy con-
sites [2]. Accurate modeling of wind direction is important Sumed would be low, but we would run the risk of erroneous
in coastal applications for determining worst case dicetl ~ tracking. Therefore, we want to develop an algorithm that
load on the structure. minimizes both the tracking error and the energy using the
~measured spatio-temporal characteristics of the senddd fie
We modeled the data collected from our testbed as a f|r5t|f we know the spatio_tempora| correlation structure, eatr
order Spatio Temporal Auto Regressive (STAR) model. In measurements can be used to predict future values and then a
particular, the first order spatio temporal process can lite wr  decision can be made by the algorithm about which sensors
ten as: should transmit. We use this observation in Sections 4.5 and
5.1 for driving the simulations of our algorithms.
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Figure 2. Wind velocity measurements at two sensor s for one hour: (a) Wind Speed; (b) Wind Direction

3 Extremum Tracking Problem under Spatio-
temporal Correlation

We consider the scenario in whidd sensors are dis-
tributed randomly over an area. The sensors are attempt-
ing to sense a spatio-temporal field denotedViy,y, n)?.

The field is sensed at discrete time instantg 3,....n,...

by each sensor and the results are transmitted to the fusion
center. The fusion center then determines the extremum
value maxv(xlaylan)av(XZayZan)a"'aV(XNayNan)) for
eachn.

In this paper we consider both centralized and distributed
versions of the problem. In the centralized version of the
problem, the fusion center keeps history of all measuresnent
from all sensors that it has received so far. At time instant
n, the fusion center decides which of tNesensors need to
transmit after examining the previously received data, and
tasks those selected sensors to transmit in the next epoch.
Upon receiving the measurements from the chosen sensors
in the next epoch, the fusion center determines the maximum
and repeats the process. In the distributed version of the
problem, the fusion center does not make a decision about
which sensor should transmit; instead the sensor nodes them
selves make a decision about whether to transmit after over-
hearing transmissions from other nodes and exploiting the
spatio-temporal correlations in the sensed field.

3.1 Mathematical Notation

We introduce some useful notation for the description of
our algorithms. Uppercase characters indicate random vari
ables and lowercase characters indicate a realizationeof th
corresponding random variable, exjis a realization of ran-
dom variableX. Vectors of random variables are denoted by
bold characters.

2Note that we follow the convention of usimgo denote discrete
time instants.

n represents a discrete instant (or epoch) of time. We
use this convention instead of the ustiddecause the
latter is typically used for modeling continuous time.

Xi(n) =V (x,Yi,n) is the random variable that indicates
the value of the field being measured at no@¢ time
instantn. (x;,y;) is the location of sensar

X[n] = [X1(n),X2(n),...Xn(n)] is the vector of mea-
surements at the sensors at time

e Uj is arandom variable associated with sengbat in-

dicates sensor selectiok); = 1 if sensori transmits;
otherwisel; = 0.

Define U = [U1,U,,...Uy] to be a vector of random
variables.u = [u1, Uy, ... uN] is @ specific realization of
U that represents a transmission policy.

H[n]. This is the historical information available at the
fusion center F at time instamt This includes infor-
mation received by Fbeforetime n. H[n] = [H[n—
1, % [n] s.t.uy = 1].

oy = Pr(U = uJH|[n]) is the conditional probability of a
particular transmission policy being selected by the
algorithm given the historical measurements. The opti-
mal policy could be randomized, which is given &y
Note thaty , &y = 1.

M[n] = max(X1[n],X2[n],...Xn[N]) is the maximum
value of the measurements from all sensoks[n| is
a function ofX[n] and is the best possible tracking.

F[n] = max(X[n] s.t.U; = 1). F[n] denotes the maxi-
mum value of the measurements received from the sen-
sors who were tasked to transmit by the algorithm and
is a function ofX[n] andU. F,[n] denotes the measured
maximum value if the sensors were following transmis-
sion policyu.

e £ isthe energy consumed by a sensor when it transmits.

For the sake of simplicity we assume equal transmission



power. It would be straightforward to extend it to a case
where the transmission power depends on the distance
to the fusion center.

e Definek(u) as the number of ones in the vectoand +(1=A) x Eyx(M[n] = F[n][H[n])} ey
denotes the number of sensors transmitting.

méin{)\ x Eu x (Etotal|H[N])

. . ) subject to constraint:
4 Centralized Algorithm for Tracking the
Maximum -1

. . . u
We assume that each sensor can transmit once in an infor-

mation gathering epoch. The epochs are assumed to be equgjhere 5 denotes the total energy consumed by all sen-

in time duration. At the beginning of each information gath- sors andi x denotes the expectation over all possible real-
ering epoch, the fusion center uses the previously received jzations ofU andX given the historyH [n].

measurements (in the— 15t epoch) to make a decision about _ _
which sensors should transmit their measurementsin the cur4.2 - Optimal Policy
rent epoch. Upon receiving this information, the requisite

sensors transmit to the fusion center. THEOREM 1. The cost function given in Equation 1 is min-

imized by a deterministic policy given by

We assume a slotted TDMA style MAC protocol in opera-
tion. The fusion center uses a broadcast slot to communicate
the information about “which sensors transmit next” to all & = 1 if u=ugp
sensors listening in that slot. Along with this informatjtme 0. otherwise @)
fusion center also specifies a slot schedule for “which ssnso ’
transmits when” in the current epoch. Such a contentioa-fre
scheme allows sensors to put their transceivers to sledp at a
times except when it is their turn to transmit. In addition to
mitigation of packet losses due to collisions, this gengral
results in tremendous energy savings because of the reduc-
tion in idle listening. The fusion center, however, listeéas +(1—\) x Eyx(M[n] = Ra[n][H[N)}  (3)
all ongoing transmissions in the network.

For this analysis we assume a perfect channel with no _ Fu[n] is the maximum among the readings of the sensors
transmission errors or data loss due to fading or time asyn-Which transmit as indicated hy.
chrony due to clock skews. The fusion center chooses theproor Consider the first term
maximum among the received values and denotes it as the
maximum of the entire field. The fusion center also updates A X Bux (Ecotarl H[N]) = A x % &y x k(u) x £
its historyH[n] with the received values. .

where

Uopt = arg nl]in{)\ x k(u) x £

4.1 Objective Function Euyxd(MrEg] [H[n]) is independent df) and hence does not de-
end ondy.
At the beginning of every epoch, the fusion center, de- P
pending on the history gathered so far, chooses the sensors
that ensure minimum deviation from an estimate of the ac- ux (F[[H[N)
tual maximum in the epoch. If all sensors transmit, the track ’
ing error would be zero but we should choose the minimum
number of sensors possible for reducing energy consump-
tion. We capture the competing goals of minimizing both
energy consumption and the tracking accuracy by using the
following linear cost function as the objective functiornr fo
the optimization problemA(is a multiplier that weighs the

relative importance of energy efficiency and tracking error ~ We can now formulate this optimization as a linear program-
ming problem of the form

> | Finl p(u.xH[n]) ox
S [ F i pOHIn) S(ulH ) dx

> SuEx (Fun][H[n])

A x Energy consumed (1 — A) x Tracking Error
] ] Minimize z oCu
Since the fusion center may not have access to the mea- T
surementsX) before making a decision, we attempt to min-
imize the expected value of the deviation to account for all subject tOZ du=1
possible realizations of. Also the optimal policy may be T
probabilistic. So we take the expectation oMeais well. Our
optimization problem then becomes the following: whereCy = A x k(u) x £ + (1 —A) x E(M[n] — Ry[n][H[n]).



By the Fundamental Theorem of Linear Programming, conditioned on the history. The bound on the expected or-
the solution to this optimization problem is attained at the der statistic can then be evaluated by calculating the con-

end points of the ¥ — 1 simplex formed by th&,’s [8]. ditional mean and conditional variance of the random vari-

Hence the optimal solution is given by Equation Z1 ables, conditioned on the history. We can determine this by
using Equations 5 and 6, wheYe= H|[n] andX = X;[n] for

4.3 TheAlgorithm alli.

In this section, we propose the following algorithm to ~ We use order statistics bounds given by Equations 16 and
track the maximum of a spatio-temporally correlated sensor 17 in Appendix B to compute the expected value of the max-
field. Algorithm can broken down into the start-up phase Imum.

(n=0) and subsequent phasesx0). If the measured data like wind direction is spatially un-

Initialization phaser{= 0): correlated, i.e.,
1. All the sensors transmit their measurements to the fu-
sion center E(X (n)X: (n2)) 26 Aol g @)
i(Ny)Xj(nNg)) =0"¢e i
2. F(0) = max(Xq[n], Xz[n], ... Xn[N]) ) .
3. H[0] = [X1[0],X2[0], ... Xn[0]] wheredj; is the kronecker delta, then it is sufficient to keep
Subsequent phases¥ 0): the most recent received values in the history.
1. The fusion center determines which sensors have toCLaim 1. The set of most recently received values is suffi-
transmit based on the algorithm cient as history for the correlation structure of Equation 7
2. F[n]=maxX[n] s.t.uj =1) PROOF For the correlation structure of Equation 7, the mea-
3. Hn+1] = [H[n], X[n] s.t.u; = 1] sured data at each sensor forms a one-dimensional Gauss-
Markov process. We use history information to estimate
4.4 Exploiting the Correlation Model the conditional mean and the variance of the next measure-

ment. Without loss of generality, consider sensor 1. Since
We assume that the measured data are jointly zero-meanhe measurements are spatially uncorrelated, any measure-
gaussian random variables with the following correlation ments from other sensors do not affect the conditional mean
structure: or the variance at this sensor. Let us assume that we are
using all received readings of sensor 1 as the history i.e.
Xq[ng],X1[n2],... X1[nn] @andng > np > ...y

E(Xi[n]Xj[n2]) = g2e Bln—nzg—Ad; (4)
wheren; andn, denote discrete instants of time; is the [E(Xy[n]|all history from all sensojs
distance between sensoand j, ando? is the variance A = E(X[n][Xe[na], Xa[ng], ... Xa[nn]) (8)
andB control the degree of correlation between the measured —  E([n][Xa[n]) ©)

data samples — high&ximplies low spatial correlation and

vice-versa. SimilarlyB controls temporal correlation. We Equation 8 follows because the measurements are spatially
now explain how we use historical information to affect the uncorrelated. Equation 9 follows due to the fact that for
expected value of the highest order statistic. each sensor, the temporal measurements form a 1-D Gauss

. - . . Markov Random ProcessO
Given two jointly gaussian random variablésandY we

have, Note that for the case where the measured data is spatio-
temporally correlated, from a theoretical point of view|yon
the most recently received data is not sufficient for the his-
X 0 Sxx  Exy tory. However, from a practical point of view, we observed
( Y ) ~ N (( 0 ) ( Svx  Zyy )) from our simulation experiments (presented in Section 4.5)
that using most recent history alone yields good tracking pe

. . o formance.
whereZxx,2xy, andZyy are covariance matrices. This im-
plies: 45 Simulation Results
In the simulations of the centralized algorithms, 15 sen-
E(X|Y) = SxySyy Y (5) sors are distributed rgmdomly in ar@k 80msquare. They
1 sense a zero-mean jointly Gaussian field with the correla-
Var(X[Y) = Zxx —ZxyZyy Zvx (6)  tion structure of Equation 4. We assume that each sensor

requires unit energy to transmit to the fusion center. The
The determination of the optimal policy requires the eval- energy consumed in every epoch is therefore the number of
uation of the expected value of the highest order statistic sensors transmitting in that epoch.
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In our simulations, we used the partial space time autocor-
relation functions determined by the experimental data pre
sented in Section 2@ is the correlation coefficient for a
temporal lag of one unit and no spatial lag is the corre-
lation coefficient for a temporal lag of one unit and a spatial
lag of one. Hence, from Equation 7, we have:

e BANn

e BAn

®o

—Adlz (Pll

e

whereAn is the time difference between the samples did
is the distance between the two sensors.

Wind speed data has both spatial and temporal correla-
tion; we have determined th@ = 0.0107 and 0922 re-
spectively. We sek = 0.5 ando? = 5 for these simulations
since we wanted to put equal imporance on energy conserva-
tion and tracking accuracy. In Figure 3(a), the actual maxi-
mum,M[n], and the maximum determined by the centralized
algorithm,F [n], is plotted against time. The centralized al-
gorithm tracks the maximum with very little deviation. Our
simulations showed energy savings of®26 over the time
period of 200s in comparison with the policy of all sensors



tranmesitting in every time epoch. We define:

For less spatially correlated data like wind directiérs M[n] = max{X¢[n], Xo[n], ..., Xn[N]} (10)
0.044 andB = 0.0095 were respectively derived from the
space-time partial autocorrelation functions. In thisidin The sensors overhear transmissions and update their local

tion we chose\ = 0.45 ando? = 5. We plotted the actual  history. We assume that the time is slotted as in Section 4
maximum and the maximum as determined by the central- and the fusion center distributes transmission slot-salesd
ized algorithm in Figure 3(b). For this 200s simulation run, a priori to all nodes. Each node knows which slot (in each
we achieved an energy savings of nearly 79%. epoch) to transmit its measurements in.

Higher energy savings can be expected when sensing At every time step, each sensor tries to locally minimize
highly temporally correlated data — if a sensor has sensedthe cost function according to the policy defined by Equation
the maximum at a particular instant of time, it is likely that 3. Each sensd follows the following rule: if last-received
in the next epoch the same sensor would continue to reportvalues from certain other sensdgs, ..., S, in S’s history
the maximum value. This is because the measurement of thisare greater tha's value, thenS assumes tha,, ..., S,
sensor is unlikely to be affected by that of the neighbor due will transmit. If the decision is to transmi§ senses and
to low spatial correlation. transmits its measurement to the fusion center.

We now analyze the ability of the algorithm to select the In this distributed algorithm, each sensor node keeps
appropriate sensors to transmit. We have used the simulatio awake in other slots as well in order to overhear the transmis
data of the parameters obtained for the wind direction data. sions from other sensors. If the decision is not to transmit,
In Figures 4(a-c), the circles representsensors in thelaaéa  that sensor sleeps for that time epoch. However, if the senso
are not transmitting and the diamonds represent sensdrs thasleeps for a long period, it may lose track of the state of the
are transmitting. Nodes with juxtaposed real numbers @enot field. Hence, we propose that all sensors wake up, listen, and
the sensor that had measured the maximum value in that timetransmit ata priori fixed periodic intervals of duratiof.
epoch. At time=50s, the status of the sensors is illustiayed )
Figure 4(a). More formally, whem =0 ornmodT = O:
Sensor status at times 55s and 60s has been shown in Fig- 1+ All sensors transmit to the fusion center
ures 4(b) and 4(c), respectively. The sensor reporting the 2. Each sensor updates its history about other sensors after
maximum value at time 60s was not transmitting at times 50 hearing their transmissions to the fusion center
and 55s. This demor}str_ates' that the algorithm is ]ntelt|gen 3. The fusion center determines the maximum according
enough to adapt to this situation and query the particutar se to Equation 10
sor at time=60s which did not transmit in the previous three
epochs. In subsequent phasas}$ 0 andn modT # 0 ), for every

. . . sensol, the following steps are taken:
Figure 5 illustrates how the energy consumption of the gstep

centralized algorithm varies over time for tracking botimaki 1. Hi[n] is the vector denoting history available at sensor
speed and direction. We observe that, on average, only 6 sen- i at timen. In formal termsH;[n] = [H2,HZ,... . HN],
sors (out of 15) need to transmit for tracking the maximum whereHij is the last received value from sengat sen-

wind speed and even fewer number of sensors are needed  gqyj.

to track maximum wind direction. This is because the latter e i

phenomenon has a very high degree of temporal correlation 2. Letuj =1if H > H,

(¢10) whereas the former phenomenon has much less tempo- 3. Define

ral correlation although it does have some spatial coicglat 1

(@11). Ui = [ug,...,Ui—1,1,Ui11,...,UN]

Uio = [u]_7...,uifl,o,uiJr]_’...,uN]
4. Every sensoircalculates:
5 Distributed Algorithm for Tracking the A< k(UP) x £ + (1=A) x E(M[n] — FoHi[n]) (11)

Maximum A x k(ud) x £ + (1—A) x E(M[n] — FalHiln])  (12)
The centralized algorithm presented in Section 4 suffers '

from the problem of exponential time complexity since it 5. If Equation 11> Equation 12, then sensbtransmits.
uses a brute force approach to optimization oVeiransmis-
sion policies. Hence, we propose a suboptimal distributed
algorithm which is a simple extension of our centralized al-
gorithm. In the distributed algorithm, the fusion centeeslo
not make a decision about the sensors that should be trans- The above distributed algorithm involves computation of
mitting. Instead, each sensor node makes that decision lo-only two values (Equations 11 and 12) at each sensor; there-
cally. fore, it is much more computationally efficient in compari-

6. If it transmits, it also listens to the transmissions & th
other sensors and updatdgn -+ 1], else it sleeps until
the beginning of the next time epoch.
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Figure 6. Tracking the Maximum with the Distributed Algorithm

sion with its centralized counterpart which has to make 2 Number of sensors that ransmit ,
computations at each time epoch. In Section 5.1 we observe o Conuased Al
that the tracking and energy-efficiency of the distributed a  **f o Dt e e e Y20 1

gorithm is comparable to that of the centralized algorithm,
hence it is a good candidate for energy-efficient tracking of
extrema in sensor networks. 14

= -9
Y
= -9

N
T

5.1 Simulation Results

We simulated the distributed algorithm with the same data
that was used in the simulation of the centralized algorjthm
and compared their performance. The simulation was carried
out on the wind direction data. From Figure 6, we can ob-
serve that the distributed algorithm performs almost as wel 4t

Number pf sensqrs
© o
T T

‘x & + *

+ 4+ ¢0-Q'o-‘+, + +@9+

as the centralized algorithm although the total energy con- o e

sumed is< 25% more than the latter (for periodic wakeup of | i

T = 25s). The mean squared error isl026 which is lower e
in comparison with Q773 for the centralized algorithm be- Time

cause more sensors transmit in the case of the former, thud=igure 7. Distributed Algorithms: Energy Consumption
resulting in the reduction of the error. Over Time (Number of Transmissions)

The distributed algorithm is efficientin its operation @nc
it just involves the computation of two values before making ] ] ]
a decision about whether to transmit. With minimal extra en- temporal correlation of varying degrees. In this paper we

ergy expenditure, we obtain very good tracking performance Show that a single hop wireless sensor network that is track-
ing the extrema of such fields can intelligently exploit the

_ Figure 7 illustrates how the energy consumption of the ynderlying spatio-temporal correlations of the field inard
distributed algorithm varies over time for tracking wind di  tg save precious battery energy and thus extend the lifetime
rection. We observe that the distributed algorithm is able gf the sensor network. In particular, we proposed both cen-
to conserve energy almost as significantly as its centdlize trajized and distributed versions of an optimization aion
counterpart. However, the exact energy efficiency dependsthat simultaneously attempt to minimize the energy con-
on the value of the periodic wakeup interdial For the case  symption as well as the tracking error. We showed that both
where there is no wakeup at all, the energy consumption isthe centralized and the distributed algorithms could tthek
quite low (lower than centralized) at the cost of moderate maximum of a spatio-temporally correlated field remarkably
tracking error. For the case where sensors wake up periodyel| over varying degrees of correlation while spendintigit

ically with a certain frequency,T(= 50s) we observe that  energy. The algorithms were also adaptive to detect sudden
energy consumption rate occasionally shoots up but it is low changes in the phenomena.

overall. From Figures 6 and 7 we conclude that a distributed . .
scheme with a low frequency periodic wakeup has decent Future work: In this paper we focused on single hop

energy efficiency and good extremum tracking performance. Sensor networks where all sensor nodes can directly commu-
nicate with the fusion center and can also hear each other’s

6 Conclusion transmissions. While we were able to perform systematic

analysis for this case, the more general case of multihop sen

Many natural weather phenomena such as tempera-sor networks is more interesting. We believe that a similar
ture, humidity, pressure, and wind velocity exhibit spatio optimization framework is a good starting point for the mul-



tihop scenario. In particular the cost function should aept
both the energy consumption and the tracking error compo-
nents. The biggest challenge in this case is that we will need
to worry about how the data i®utedfrom any given sen-
sor node to the fusion center. The choice of routes is highly
likely to impact the tracking error as well as the energy ef-
ficiency. Some proposals in the literature address thistopi
heuristically. We believe that the objective function ppepd

in this paper can be adapted to incorporate the routing enetri
and is promising for future analysis.

Also, our centralized algorithm is brute force in nature
with exponential time complexity. It is worthwhile to inves
tigate approximation algorithms that run faster and preduc
nearly optimal results.
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locations in spacéi = 1,2,...,N) overT time periods of
t=1212...,T).

The dependance af(t) on past observations and errors
at sitei can be expressed by the following equation.

>

o
=

QL7 (t—k)
0

Mk
%GHL(')ei (t—k)+&l(t) (13)

z(t)
k=1l

q
-2

k=11l

wherep is the autoregressive orderjs the moving average
order\ is the spatial order of tHé" autoregressive term,

is the spatial order of the" moving average termyp, and
Bx are parameters, and tlagt) are random normal errors
with

El&(t)]=0
E0e+9={ 3 b
and
N
Lzt = 3 wi'z(t)

wherew| j are a set of weights with

N
sl -1
=1



for all i andwi(j') nonzero only if sites and j arel™ order Let X ~ 8™ denote the set of feasible distributiobishat
neighbors. satisfies the given momentsfor the random variables.
THEOREM 2. [3] The tight upper bound on the exg«_acted
We have used the first order spatio temporal autoregres-value of the highest-order statistf; given X ~ 8(p,0%)is
sive (STAR) model. It is obtained by substitutipg= 1,9 = obtained by solving the strictly convex univariate miniaziz
0,A\1 = 1 in Equation 13, which then can be written as tion problem.

Z4(t) = @uoz(t— 1) + mzwfj”za(t ~1) (14)  Zn=minfa(2) = min <Z+ iZ%[ui —Z+ /(i — Z)2+0i2]>
: =

@10 andy; are called the space time partial autocorrelation  [3] also proposes the following closed form bounds:
function. @10 represents correlation for no spatial lag and
unit time lag.q11 represents correlation for a spatial lag of 1
(immediate neighbors) and a time lag of 1. These parameters 1( N 2

can be solved by solving the space time analog of Yule -  Zn < > (Zi {M‘ + \/(M —{Qi@;{\ﬁ}) +0i2]
Walker equations i= ==

58 ]-[50 2 ]e] we-n|pm]) oo

whereyik(s) denotes the covariance between the weighted and

Ith order neighbors of any site and the weight& order

neighbors of the same site at a time lags.of 1 (o
2 |

o

s2-m|mn o] ) an

N | (Do 1)) (K)o
V”‘(S)ZE{;L Z.(t)LN z(t+8)} (15)

B Using Expected Order Statistics

If random variables, Xy, ... X, are arranged in order of
magnitude and written as

whereY; = i + %oi.

X(l) <...< X(n)

We callX;) as theith order statistici(= 1,2,...,N). X
denotes the maximum among the random variables. Itis a
central problem in statistics to evaluate, bound or approxi
mate the moments of the highest order statistic under vary-
ing assumptions on the distribution of the underlying rando
variables. For a more detailed review on this subject see [5]

We use bounds developed in [3] for evaluating the ex-
pected highest order statistic, i.e. the maximum. The astho
of [3] derive bounds under moment information of the ran-
dom variables, in particular the first and second moments.
No assumptions are made about the independence or distri-
bution of random variables.

DEFINITION 1. Z is a tight upper bound on thh-order
statistic if

Z; = sup Eg[X)]
X~6m

that is, there exists a feasible distribution or a limit of a
sequence of feasible distributions that achieves the upper
bound.



