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Abstract
In recent years, research on wireless sensor nésvbas been
undergoing a revolution, promising to have sigrificimpact on
a broad range of applications from military to hémlcare to
food safety. An important problem in many sensomwork
applications is to decide the amount of computamrfiltering)
that needs to be done in the sensor nodes befereldata are
shifted to a central base station. Right amourdat filtering in
the sensor nodes can lead to large savings in m&twide
energy consumption. The main goal of this pap&s tdevelop an
automated strategy for data filtering in wirelessnsor nodes.
Assuming that one needs to reduce the overall
consumption (as opposed to reducing just computatigergy or
communication energy), the proposed strategy attetapstrike
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communication energy can be orders of magnitudadnighan
computation energy. Therefore, in most cases, canwating all
the data read (sensed) from the environment as (thiat is,
without any filtering) may not be acceptable. lastedata should
be filtered in the sensor node before it is beiagsed to the other
nodes in the wireless network or to the base statio

The main goal of this paper is to develop amomated
strategyfor data filtering in wireless sensor nodes. Asisignthat
one needs to reduce the overall energy consumfdmopposed
to reducing just computation energy or communicagoergy),
the proposed strategy attempts to strike a baldretgveen
computation energy consumption and communicatioarggn
consumption. In other words, the main idea in thigk is to
perform the right amount of data filtering in trensor node. Our

a balance between computation energy consumptiod an strategy is designed for wireless sensor networkr@mments

communication energy consumption. Our experimergallts
clearly indicate that the proposed data filteringrasegy
generates substantial energy savings in practice.

1. Introduction
Technological advances in low power wireless
communication protocols and sensor devices madstremtion
of large-scale sensor networks possible [9, 5,171,12, 15, 20,
4, 8]. Sensor nodes in these networks play two majes. First,
they read data from their environment and commueidato
other nodes and/or to a base station. Second, tékeypart in
high-level decision-making process that requiresigipation of
multiple sensors. An important question that needsbe
addressed is how much of the data they collect |dhbe
communicated to the other sensors in the netwod{oarto a
central base station, and how much of it shouldiltezed out in
the sensor nodes themselves. While it is possibléhéory to
communicate the entire data they collect (withopérating on
it), this will not be very efficient in practice bause of at least
two reasons. First, such an approach does not msd&eof the
existing processing capability in sensor nodes;smubnd, it may
lead to excessive energy consumption during comoatioi.
Since energy efficiency is crucial to achievingisattory
network lifetime, it is of utmost importance thatoth
computation and communication should be performeda
energy-efficient manner. In particular, prior resha [17]
indicates that, in a wireless sensor network envirent,
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where an end-user wants to remotely monitor/contiod
environment. In such a situation, the data from itidividual
sensor nodes must be sent to a central base stafien located
far from the sensor network, through which the asdr can
access the data.

In addition, we want the sensor network to be wgasil
reprogrammablewhen desired. In other words, we want to
automate our data filtering strategy within@ptimizing compiler
so that it can be reused across different appdinatmapped to
the wireless network. To do this, we make use diilable
optimizing compiler technology [13]. More specifiga the
compiler analyzes the application code to be mapjgedhe
sensor network and decides, for each sensor nbdeype and
amount of data filtering that needs to be accomiemtia

In order to demonstrate the viability of our apmimawe
implemented the necessary compiler algorithms witkain
experimental compiler [1], and performed extengxperiments
with several applications suitable for sensor emvinents using a
custom energy simulator. Our experimental resuéarty show
that the proposed data filtering strategy generatdsstantial
energy savings in practice. This, in turn, helpsqnryg lifetime of
a wireless sensor network. Moreover, our resulte atveal that
working with a less aggressive or a more aggrestitering
strategy (than the one determined by our compieset
approach) generates worse results across all afiphs tested.

The rest of this paper is organized as follows.tiSec2
presents our data filtering strategy in detail.t®ec3 introduces
our experimental platform (the simulation setup atite
benchmarks) and discusses experimental resultstioSed
concludes the paper with a summary of our majafifiigs.
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Figure 1. An example scenario (Li denotes input
data and Ki denotes resulting data).

2. Data filtering

2.1.Problem description

The problem that we attack in this paper can berde as
follows. Let us assume that, at processing &tegensor nod&

whereas some others may have low power mechangsnesltice
communication energy. Combined, these three factansmake
it very hard from the perspective of the applicatirogrammer
to decide an ideal data filtering strategy.

Our compiler-based approach to this problem works a
follows. First, the compiler analyzes the code neppo each
sensor node, and for each statement in the codafifies the
amount of maximum beneficial filtering possible.tBldhat, if a
statement does not perform any data filtering,e&hgemo point in
executing it in the sensor node since doing somtlreduce the
data to be communicated (and will eat up batteryvero
unnecessarily). Instead, such a statement is aqieréindidate to
be executed on the central base station, where thero energy
constraint. On the other hand, if a statement éehdpme data
filtering, then the compiler should determine wiestto execute
it on the sensor node or on the base station bid®ur approach,
the compiler makes this decision by analyzing hbev esult of
this statement is later used in the application,(how it will be
consumed). The next subsection gives the detailsowf

reads (sensesy; bytes of data from the environment, and wants compiler-based approach.

to perform some computation on it and subsequepdlss the
result to the central base station. Assume furthat the node
(after operating on the data) filters the data meuhlices it td\’;
bytes and spends aBcomp, amount of computation energy in
doing so. After that, it passes the data to thee lsiation by
expending arEcomm), amount of communication energy. Our
objective then is to determine the right amountlafa filtering
such that the total energy consumption (consideaihgensors
and all processing steps),

Eall = %; £, Ecompy + Ecomm,
is minimized. It should be noted that there areesz\factors that
make this problem very difficult to solve in praeti First,
depending on the application mapping employederfit sensor
nodes in the network can execute different codgniemts. In the
worst case, each sensor may need to employ aatiffdiftering
strategy (customized to its portion of the codepltain the best
energy consumption behavior network-wide. Seconeéneone
considers a single sensor node, it may be diffitulestablish a
relationship between the amount of data filtered #re overall
energy consumed. This is because filtering a giaemunt of
data may require different amount of computatiorergn
depending on where it takes place during the coofregecution.
For example, filtering the first 10 bytes of a datamay be fast
(and energy efficient), whereas the second 10 bysesbe very
costly as far as filtering is concerned (e.g., ttueariances in the
control flow of the application in question). Thirthe sensor
nodes might be different from each other in ternfistheir
physical properties. That is, some of them may hand
computation very efficiently (conserving computatienergy),

2.2.Compiler analysis for data filtering and our
algorithm

We define our problem as @mputation-mapping problem
that is, for each sensor node in the wireless miwgiven a
fixed amount computation to be performed (whosaltegeds to
be communicated to the base station),divéde the computation
between the sensor node and the base stationhén wbrds, we
decide what parts of the computation should be magp the
base station and what parts of it to the sensoe.nodormally, in
order for a computation to be mapped to the sensae, it
should contain some amount of data filter{og data reduction)
type of computation. A code fragment can be comsitleas
filtering if the size of the output data generated by itmisch
lower than the size of the input data. As an exammnsider the
following code fragment that consists of two sepemfaop nests
(written in a C-like language):

for(i=2;i<n;i++)
for(j=2;j<n;j++)
L{I0] =asM[i-1][+1] + B M[i+1][-1];
for(i=2;i<n;i++)
for(j=2;j<n;j++)
for(k=1;ken;k++)
K[i][] = 6N[i-1][j+1][k] + o= N[i+1][-1][K];

In this code fragment, M, L, N, and K are arrayd anp, 6,
and o are scalar variables. Assuming that arrays M and N
represent the data sensed (read) from the envinanriree first
loop nest above does not have any filtering typaabivity since

Table 1. Computations and communications due to three different execution strategies for the scenario in Figure 1.

Naive Mapping Step 1 Step1l + Step 2
Computation Communication Computation Communication Computation Communication
Base Sensor Base Sensor Base Sensor

H1 - L1 H1 L1 H1 L1

H2 - L2 H2 K2 H2 K2

H3 - L3 H3 K3 H3 -

H4 - L4 H4 L4 H4 L4

H5 - - H5 K5 H5 K5




it takes a two-dimensional array (M) as input, aygherates a
two-dimensional array (L) as output. In contralse second loop
nest exhibits filtering; that is, it takes a thisensional array
(N) and generates a two-dimensional array (K). &foee, it is a
better candidate to be executed in the sensor ¢asdepposed to
the central base station). This is because if waat@xecute it in
the sensor node, we need to execute it in the dtatien. But, to
do this, we need to transfer an entire array Nofal tof r?

elements) from the sensor node to the base stagsolting in

tremendous network traffic, thereby consumimptentially

intolerable amount of communication energystead, if we can
execute the nest in the sensor node, we needrtsfeéreonly the
resulting array (K) to the base station (a tothlnd array

elements). In this way, the sensor node filtersa dsfore it is
shifted to the base station. As a simple rule, ehmemputations
that result in filtering and data reduction, whikgjuiring small

amount of computation (or energy) per unit of datee most
suitable for being mapped to the sensor node; Isecathey
would exploit relatively less powerful processonsthe sensor
nodes, while tremendously reducing the data comcatioh

volume between the wireless sensor network antidke station.

Our compiler algorithm for detecting the computatido be
performed in the sensor nodes (and those to berpeetl in the
base station) operates on loop nest granularityf, @msists of
two steps. In the first step, the compiler consideach nest in
turn and marks the nests that should be executéheirsensor
node since they contain some sort of data filteringhe second
step, we try to reduce the data that needs to bencmicated to
the base station further by checking whether tiseiltieg data
sets (from the loop nests selected in the firgd)stwe actually
needed in the base station. If not, these data aetsnot
transmitted to the base station, thereby furtheducing
communication volume. Therefore, in the second siEpur
algorithm, the compiler performs a data-flow anislyat the loop
nest granularity. In the following paragraphs, eiscuss these
two steps in more detail, and make a case thatdardo obtain
the best energy consumption behavior, both of tlesps are
necessary.

To explain the first step of our algorithm, let emnsider the
following generic loop nest and the assignmenestant shown,
assuming that this loop nest is to be executeddmnaor node:

for (i1=L1; i1<Uq; i1++)
for (i2=L2; i<Uy; i2++)
for (is=Ls; i<Us; ist+)
KIfal[f2]...[f] = ... Lgullg2]-..[04] -

We assume that,ff,, ..., §, ¢, O, ..., g are the subscript
expressions (array index functions), and eadik i< 1) and g
(1 <£j <x) is an affine function of loop indices, iy, ..., kand
loop-independent variables. We also assume thaysarK (-
dimensional) and L x-dimensional) are declared agype
KIN1][N2]...[N{], LM {][M J]...[M,], wheretypecan be any (data)
type of interest such as integer or float. The dtenplecides that
the assignment statement in this loop nest exhiitidtering if
and only if:

¢+ G{K[f a][f 2]....[f]} < G{LIg al[g2]...[9x]}

Here, c is a constant to make sure that the diftardetween
the two sides is large enough so that executingctimeputation
(the statement) in the sensor node will be readiydficial. Also,
G{E} gives the number of distinct array elements asee by

array reference E (which is either K[f,]...[f;]} or L[g4][92]..
[0,]} for the assignment statement above). In otherdspthis
constraint checks whether the size of the outpta denerated
(K) is sufficiently smaller than the input data (IQne problem
with this constraint is that determining the numbérelements
accessed by an affine expression is in generak#yomperation
[16][14]. In checking this constraint, we represém set to be
counted using the Presburger formulas and use dtienique
proposed in [6].

It should be observed that in most of the caseh waitay-
dominated applications encountered in practicés fiossible to
check the above condition statically (at compifed) using a
polyhedral tool such as the Omega Library [10]céses where
this is not possible, we have two options. First, @an collect
profile data (e.g., by instrumenting the code) ¢e svhether the
condition above holds for typical input data. Setowe can
insert a conditional statement (if-statement) ithe code that
chooses between performing computation in the bag®n and
performing it in the sensor node, depending onahiome of
the condition. It should be noted that selectirgyitable c value
is critical. This is because a small ¢ value camcdoaggressive
computation mapping to the sensor node. This,rim, ttan result
in some unsuitable computation being mapped tcethbedded
processor in the sensor node (which is typicallycimuess
powerful than the one in the central base statidhgreby
reducing overall performance (i.e., increasing &agibn
execution time) and impacting energy consumptiohabir
negatively. On the other hand, a very large ¢ vahre be overly
conservative and can result in a code mappingdib@s not make
use of the processor in the sensor node at glin H given loop
nest, there exists at least one statement thabiexlfiitering, our
current implementation marks the entire loop toelecuted in
the sensor node. As an example, let us considext@ple code
fragment given at the beginning of Section 2.2 @ihgonsists of
two separate nests). Assuming that all array dilessare of the
same size (extent), using the approach summarinedhé
previous paragraph, one can easily see that oelgdicond nest
is identified to be executed in the sensor nodsufaig c = 1).
While it might be possible to have more elaboratatsgies for
identifying the loop nests that need to be executetthe sensor
node (instead of the base station), as the expetaheesults
presented later show, our approach performs veril ime
practice.

We now discuss the second step of our compilerebase
approach. It is to be noted that mapping large doagments to
the sensor node is preferred to mapping smalles @ the
former implies less communication between the Istaton and
the sensor node. In the second step of our algoyith order to
minimize communication between the sensor nodestandase
station further, we use data-flow analysis. Datavfhinalysis is a
program analysis technique that is mainly used tdect
information about how data flows through program
statements/blocks [13]. To explain our approachute assume
that in the first step we have decided that twgloests, named
&, and&,, have been decided to be executed in the sensor Hode
the output of; is used only by, (as input), then the mentioned
output does not need to be communicated to the S@éion
(following the execution of;,). Instead, we can communicate the
output of&, after the execution of both and&,. In this way, we



Table 2. Benchmark codes used in the experiments.
The last column shows the energy consumption
(computation plus communication) when no data
filtering is performed in the sensor nodes.

Benchmark Input Arrays Energy
3-step-log 295.08KB 3 230.4mJ
adi 271.09KB 6 408.6mJ
full-search 98.77KB 3 316.6mJ
hier 97.77KB 7 228.5mJ
mxm 464.84KB 3 838.7mJ
parallel-hier 295.08KB 3 220.6mJ
tomcatv 174.22KB 9 910.0mJ
jacobi 312.00KB 4 661.9mJ
red-black SOR 156.00KB 4 892.2mJ

can reduce communication volume beyond what coutd b
achieved by using only step 1.

To illustrate the importance of these two steps oofr
optimization algorithm, we now consider the examgtenario
depicted in Figure 1. In this figure, we have fiseparate loop
nests (shown on the left side of the figure) and fhnction
performed by each nest is shown on the right hade. She
arrow in the figure indicates that the output af third loop nest
is used as input to the fifth loop nest. As cansben from the
first three columns of Table 1, in a naive executiall data
sensed from the environment are communicated tocéiméral
base station, which in turn executes all functidrre middle part
of Table 2 shows the computations and communicstishen
only the first step of our approach is used, uriderassumption
that the second, third, and fifth nests contaireffihg. In
comparison, the last portion of the table shows dihgation if
both of the steps of our algorithm are applied. @arimng this
with the middle part of the same table, one cantlsee@dvantage
of employing both the steps. If we use only steptlthe end of
the third nest, the sensor node communicates Kthédobase
station. On the other hand, if we use both thesstdpe sensor
node does not perform this communication. Instesince K3
itself is not required by the base station, thessemode keeps it
and uses it in the fifth nest. In other words, gdimth the steps
of our approach reduces communication beyond wbaldcbe
possible had we used only the first step of theritlgm.

3. Experimental setup and evaluation

3.1.Benchmark codes

We use a set of array-intensive benchmark progrianaur
experiments. The salient characteristics of thecherark codes
in our experimental suite are summarized in Tabl&f® first,
third, fourth, and sixth benchmarks are motionnesation codes.
The second one is an alternate direction integrdecmxm and
tomcatv are an integer matrix multiplication codedaa mesh
generation code, respectively. The last two codéms;obi
relaxation and red-black successive over-relaxat{@OR),
contain stencil-like computations and reductionsicte array
element is assumed to be 4-bit wide. The third roolun this
table gives the number of arrays (including theperary ones)
in each benchmark code. The last column shows tieegg
consumption (computation plus communication) wimendata
filtering is performed in the sensor nodes. The rgne

consumption values reported in the rest of thistisecare
normalized with respect to this last column of Eal@ (our
energy modeling will be discussed shortly).

3.2. Application parallelization over sensor nodes

In this work, we focus on applications where arr@ykich
represent the sensed data) are processed by mdépkor nodes
in parallel. In such applications, given an arrggpically, each
processor is responsible from processing a podfon Note that
this operation style matches directly to an enviment where
each sensor node is collecting some data from dhgop of an
area covered by it, and processing the collectéal [d&].

Our parallelization strategy works on a single loggst at a
time; that is, each loop nest in the applicatiordecdeing
optimized is parallelized independently of the otloep nests. In
order to parallelize a given loop nest over semgates, we need
to perform two main tasks: (1) decomposing arrafysignals
across the memories of the sensor nodes, andq@ijpdiing the
loop iterations across the sensor nodes. Note Hraay
decomposition and loop iteration distribution, tthge, achieve
some sort oflata parallelismacross sensor nodes. In this work,
we adopt an array decomposition oriented paradibn strategy
based on the owner-computes rule used by statecedit
optimizing compilers [13]. In this strategy, anarelement is
updated (written) by only the node that owns it.

3.3.Energy modeling

In this study, we focus only on dynamic energy. &wic
energy consumption is due to switching of hardwamaponents
is dependent strongly on how different componeiiita sensor
node are exercised by a given application [2]. s¥parate the
overall energy consumption into two componemismputation
energy and communication energyComputation energy is the
energy consumed in processor core (datapath), uatstn
memory, data memory, and clock network. In thiskyere focus
on a simple, single-issue, five-stage pipelined esdied (and
low-power) processor core that is suitable to bgleyed in a
sensor node. This core has instruction fetch (IR$truction
decode/operand fetch (ID), execution/address caion (EXE),
memory access (MEM), and write-back (WB) stages. Wse
SimplePower [18], a publicly-available cycle-acdara&nergy
simulator, to model the energy consumption in thiscessor
core. The modeling approach used in SimplePower Heesn
validated to be accurate (with an average err@ ¢dit8.98%)

Table 3. The default parameters used in our base
configuration. Some of these parameters are later
modified to conduct a sensitivity analysis.

Parameter Value
[P| 120
Instruction Memory 8 KB
Data Memory 16 KB
Pix 80 mwW
Prx 200 mw
Tet 450 msec
Pout 1mw
| 250 bits
b 1 Mb/sec
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Figure 2. Energy breakdown between communication
and computation. For each benchmark, the first bar
corresponds to the default case (without any filtering)
and the second one corresponds to the optimized case
when both steps of our algorithm are used.

using actual current measurements of a commeraihitacture
[3].

We assume that each sensor node has an instructomry
and a data memory (both are SRAM). The energyuwuosed in
these memories is dependent primarily on the nurmbaccesses
and memory configuration (e.g., capacity, the numio¢
read/write ports, and whether it is banked or nétg modified
the Shade simulation environment [7] to capture rthenber of
references to instruction and data memories, aed tiee CACTI
tool [19] to calculate the per access energy co$he data
collected from Shade and CACTI are then combinecotapute
the overall energy consumption due to memory aesessThe
clock generation circuit (PLL), the clock distribant buffers and
wires, and the clock-load on the clock network pnéed by the
clocked components are the main energy consumetkdalock
network in our sensor node. We enhanced SimplePdwer
estimate the clock network energy consumption theacle by
determining which parts of clock network are actigad using
the corresponding energy models for active compisnen

As our communication energy component, we consiter
energy expended for sending/receiving data. Théorad the
sensor nodes is capable of both sending data arttie ssame
time, sensing incoming data. We assume that ifréltéo is not
sending any data, it does not spend any energytt{ogithe
energy expended due to sensing). After packing ,dtta
processor sends the data to the other processomadio. The
radio needs a specific startup time to start seyidineiving a
message. In this study, we used the radio enengyel
presented by [17] to account for communication gynem this
model, the power equation of the radio is expressed

Pradio = Ntx[Ptx(Ton-tx"'Tst)"'PoutTon-UJ

+ NI’X[PI'X(TOH-TX+T51)];
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Figure 3. Energy breakdown between communication
and computation. For each benchmark, the first bar
corresponds to the default case (without any filtering)
and the second one corresponds to the optimized case
when only the first step of our algorithm is used.

3.4.Results

We start our discussion of experimental resultsgbyng
energy breakdown for each application in our berarknsuite.
In Figure 2, for each benchmark, the first bar esponds to the
energy breakdown between computation and commumicat
when no filtering is performed. The second bar,toa other
hand, shows the breakdown when our filtering bagtestegy is
employed. We see from these results that, on teeage, when
no filtering is used communication energy constisu®3.62% of
the overall energy budget. When we use filterinowéver, the
contribution drops to 59.68% (at the expense ofesorarease in
computation energy). In other words, filtering ery effective in
practice, giving 31.44% saving in overall energpsiemption. In
order to illustrate the contribution of the secostgp of our
algorithm, in Figure 2, the last bar for each &gapion gives the
energy when only the first step of our approachused. We
observe that the average energy savings is arou@@d%, much
lower than the case when we used both the steghe @lgorithm.
These results emphasize the importance of usirtythetsteps of
our algorithm. In the remainder of this section, aays use
both the steps of our algorithm.

To see what would happen if we perform all compoiet in
the sensor nodes, we computed another set of expas. The
results are given in Figure 3 as fraction of thiies represented
by the first bar in Figure 2. One can clearly seenfthese results
aggressive in-sensor computation is not a good @pecifically,
it generates worse results that the base caserée thf our
benchmarks. Even for the remaining benchmarks,eitsrgy
behavior is very close to that of the base caserefbre, careful
tuning the aggressiveness of data filtering isazrit

where Ny, is the average number of times per second that the3.5.Sensitivity analysis

transmitter/receiver is usedyf is the power consumption of

transmitter/receiver; Jg; is the output transmit power that drives

In this section, we study the behavior of our alhon when

the antenna; Jh.won-x IS the time interval required to send/receive several experimental parameters are modified. Tamrpeters

data; and ¥ is the startup time of the transceiver. Also, rtbsg
Tontonn=l/b, where | is packet size (message length is) bind
b is the data transmit/receive rate in bits peosdc

Our base configuration uses the values given ineTabThe
power values in this table are similar to thosedusg17, 12]. In
all our experiments we maintain that B equal to 2.5 (since
the receiver has more circuitry than transmittéFhat is,
whenever B is modified, B is also modified accordingly to

modified here are J(startup time), R (transmitter power), and b
(data rate). Note that some of these variations &lslp us
(indirectly) evaluate the impact of different commuation
protocols. For example, increasing the number ofrezontrol
bits added by a protocol can be thought of as asing R. In
this subsection, using the base configuration, weo a
experimented with different network sizes. In mokthe results
presented in this section, we focus on two apptioat only

satisfy R=2.5R,. In Table 3, |P| denotes the total number of (tomcatv and red-black-SOR) due to lack of spaaevéver, our

sensor nodes that participate in the executiohefpplication.

observations hold for other applications as well.
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Figure 4. Communication energy consumption due
to our approach with different startup latencies.
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Figure 5. Communication energy consumption due to
our approach with different transceiver power values.

First, in Figure 4, we show the influence of stprtatency on
communication energy consumption. We observe thetup
latency has a great impact on energy behavior e$ethtwo
applications. In our second experiment, we meathgeffect of
transceiver power on communication energy. As canséen
clearly from Figure 5, the communication energy réases
almost linearly with the transceiver powerJPThis is because
the transceiver power is very large as comparethdotransmit

power of the antenna (B, and is the main factor that determines

the overall trend in communication energy. The affef data
transmit/receive rate on energy behavior of theseltenchmarks
is given in Figure 6. Since an increase in transedeive rate
reduces transmit/receive time, the radio will neethe active for
a smaller period of time to send/receive the messagnd
consequently, communication energy is reduced. ,Alste that,
for very high rates, the startup time balances @nidates the
transmit/receive time, so energy overhead due ddugt time
plays a very critical role in total communicatioimé. As a
consequence, the number of messages (rather trersize of
messages) determines the communication energy.

4. Concluding remarks

Wireless, microsensor networks have potential fabéing a
myriad of applications for sensing and controllitihg physical
world. Recent years have witnessed several effattsthe
architectural and circuit level for designing amdplementing
microsensor-based networks. While architecturakidirevel
techniques are extremely critical for the succe$sthese
networks, software optimizations are also expedtedecome
instrumental in extracting the maximum benefits nfrahe
performance and energy behavior angles. The maah @fothis
paper is to develop an automated strategy for fikéaing in
wireless sensor nodes. Data filtering performs sose&ect
computation at the sensor nodes and shifts to éméral base
station only the results. Assuming that one needeetluce the
overall energy consumption (as opposed to redugumg
computation energy or communication energy), theppsed
strategy attempts to strike a balance between ctatipn energy

_5 400

g 3 300 =

£ § 2001 tomcatv

é g 100 - DOred-black-SOR
3 0 - -

0.1Mb 1Mb 10Mb

Figure 6. Communication energy consumption due
to our approach with different transmit/receive rates.

consumption and communication energy consumptionr O
experimental results clearly indicate that the pemul data
filtering strategy generates substantial energingavn practice.
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